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ABSTRACT

Improvements in industrial productivity require the creation of a reliable design in the

shortest possible time.  This is especially significant for designs that involve computer

intensive analyses.  The Robust Concept Exploration Method (RCEM) embodies a

systematic approach to configuring complex engineering systems in the early stages of

product design by introducing quality considerations based on the robust design principle.

Approximation techniques are employed in the RCEM to replace intensive analysis

programs for saving the computational time and cost, thereby increasing the efficiency of a

design process.  In this paper, the applicability of the RCEM for multiobjective complex

systems design is examined by applying it to the propulsion system conceptual design

process at Pratt & Whitney.  Various approximation techniques are studied and a new

strategy is proposed to enhance the existing model approximation techniques embodied in

the RCEM.

Key Words:  Concept Evaluation, Model Approximations, Propulsion Systems Design,

Robust Design, Top-Level Design Specifications.

NOMENCLATURE

ANN Artificial Neural Networks

CET Combustor Exit Temperature

CCD Central Composite Design

DOE Design of Experiments

DSP Decision Support Problem
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FANDIA Fan Diameter

FBURN Fuel Burnt

FPR Fan Pressure Ratio

HPCPR High Pressure Compressor Pressure Ratio

LPCPR Low Pressure Compressor Pressure Ratio

LSE Least Squared Error

OPR Overall Pressure Ratio

RANGE Aircraft Range

RSM Response Surface Methodology

SESDP Simplified Engine Systems Design Problem

SFCISO Isolated Pod TSFC

SFCWIL Streamtube TSFC

SOAPP State of the Art Performance Program

TSFC Thrust Specific Fuel Consumption

VJR Exhaust Jet Velocity Ratio

1  INTRODUCTION

The major portion of the life cycle cost of today’s common complex engineering systems

such as aircraft, propulsion systems, and automobiles, is determined during the conceptual

phase of the design.  It is in this phase that the design concepts are evaluated and the top-

level specifications  (design variables used to describe the system at the early stages of

design) are determined.  To make rational decisions in the early stages of designing

complex engineering systems, a great deal of concurrent systems analysis is required.  To

facilitate multiobjective and often multidisciplinary complex systems design, a departure
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from the traditional design analysis and the single objective optimization approach is

essential in the conceptual stage of design.

The Robust Concept Exploration Method (RCEM) [1-3] is one such approach that can be

used to quickly evaluate the design alternatives and to develop top-level specifications

with quality considerations based on the robust design principle.  In particular, the RCEM

can be used to determine top-level specifications that are robust, insensitive to adjustments

in later stages of design or during operation, and flexible, allowed to vary within a range.

The RCEM approach has been tested for various engineering design problems [3-8].

These preliminary studies of the RCEM illustrated that the RCEM can be used to integrate

multi-functional attributes across disciplines with an improved computational efficiency, to

permit the introduction of downstream design considerations in the early stages of design,

and to provide flexibility in a design process.

The primary objective of this work is to further verify the validity of the RCEM by

applying it to a Pratt & Whitney (P&W) propulsion system conceptual design.

Specifically, the applicability of the RCEM for designs that involve complicated

thermodynamic cycle behaviors is tested.  Our special focus is on enhancing the model

approximation capabilities of the RCEM.  Through previous applications, it is observed

that the Response Surface Methodology (RSM) [9] used in RCEM may not be accurate

enough in modeling highly nonlinear behaviors and the improvements to the accuracy of

the response surface models are limited.  In this work, we investigate other existing

approximation techniques such as the Artificial Neural Networks (ANN) [10] and study
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how they could be used to complement the RSM.  A new strategy for model formation is

proposed to enhance the current model approximation capabilities of RCEM.  In

particular, we try to address the following two major research issues in this work:

• How can the existing approximation algorithms be integrated to achieve a better

trade-off of accuracy and cost, so that different techniques can take

complementary roles in model approximations?

• Why is it important to develop robust and flexible top-level design specifications in

the early stages of designing complex systems?  Are these specifications superior

to the results obtained from the conventional optimization model?

The paper is organized as follows.  In Section 2, the RCEM approach is presented as a

step-by-step procedure.  This introduction is followed by a review of the two types of

robust design for developing robust and flexible design specifications.  A review of the

two fundamental approximation techniques used in this work, namely the Design of

Experiments (DOE) and the ANN techniques, is presented in Section 3.  A new model

formation technique is proposed at the end of this Section.  In Section 4, the applicability

of the RCEM with the enhanced model approximation capabilities is tested for the

propulsion system conceptual design process through applications and verifications.

Section 5 is the closure of this paper.

2 THE ROBUST CONCEPT EXPLORATION METHOD (RCEM)
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The RCEM is a step-by-step approach for quickly evaluating different design alternatives

and generating top-level design specifications with quality considerations.  Central to the

RCEM is the integration of robust design techniques, the Design of Experiments (DOE)

techniques [11], and the Response Surface Methodology (RSM) [12] within the

framework of the compromise Decision Support Problem (DSP) [13] for multiobjective

design problems.  The criteria used in quality engineering to measure the quality of a

product are modified to measure the robustness and flexibility of a design decision.

The computer infrastructure of the RCEM is shown in Figure 1.  The major components

of the RCEM infrastructure include four processors (modules B, D, E and F) and a

simulator (module C).   The central slot, module C, is the integrated sophisticated

concurrent analysis program, which is surrounded by several processors corresponding to

the different steps in RCEM.  Module A is related to the task of classifying the design

parameters.  Based on the principles of quality engineering, the design parameters are

classified as the control factors (design variables), the noise factors (uncontrollable

variables), and the responses (performance).  The second step of the RCEM is to perform

a small number of “screening experiments” to identify the least significant factors among

all the control and noise factors.  Module B, along with the simulator C, perform the

screening experiments, which are implemented in the form of computer experiments.  This

reduces the size of the problem and provides information for organizing the secondary

experiments.  The third step of the RCEM is to build the response surface models that can

be used to replace the original, computationally expensive analysis programs with the fast

analysis modules (using Modules B, D and E).  Higher order experiments, such as the



 7

Central Composite Design (CCD), the full-factorial design, the fractional factorial design,

etc., are used to generate the secondary experiments.  Based on the response surface

models of the original design performance, the mean and the variance of the performance

can be derived for robust design.  In the final step of the RCEM, “determine top-level

design specifications with quality considerations”, the compromise DSP (module F)

provides a generic approach to attain robust and flexible top-level specifications by

enabling a designer to find values of control factors, to achieve a performance which is as

close as possible to the target value and to minimize variations around the target.  This is

further explained in the next paragraph.

Insert  Figure 1.  Computer infrastructure of the RCEM [3]

The adaptation of Taguchi’s robust design principle [14] in the final step of the RCEM

relies on a general robust design procedure developed by Chen et. al. [15] for solving two

broad categories of robust design problems.  These are, Type I–robust design associated

with the minimization of variations in performance caused by variations in noise

(uncontrollable) factors and Type II–robust design associated with the minimization of

variations in performance caused by variations in control factors (design variables).  When

used for concept exploration, Type I applications are applied to determine robust early

design decisions that are insensitive to small design adjustments in later design stages;

Type II applications extend to finding flexible early design decisions that are allowed to

vary within a range, which is modeled as the mean of control factors x with it deviation

(? x).  The word formulations of the compromise DSPs for the Type I and Type II robust
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design are provided in Figure 2.  In the figure, x is used to represent the control factors

and z stands for the noise factors.  Though the “given” and “find” portions are different, in

each type, robustness or flexibility is achieved by minimizing the deviation of performance

σy, in addition to bringing the mean of performance µy to the desired target.  These

objectives are modeled as separate goals in a compromise DSP. Different from the

conventional optimization approach, in compromise DSP, objectives are achieved by

minimizing the difference between the achievable and the desired values of the design

objectives.  Based on the preference, goals may be either weighted or rank-ordered into

priority levels, called Archimedean and Preempetive formulations, respectively [13].

Insert  Figure 2. Two Types of Robust Design

3  ENHANCEMENT OF THE APPROXIMATION TECHNIQUES

In RCEM, approximation techniques are used to replace expensive analysis programs by

simplified fast analysis modules.  There are various forms of approximation techniques in

the existing literature, ranging from the approximation of derivatives [16-18] to the

approximation of design space [19-21].  The latter is the focus of this study.  A

comprehensive review of the existing approximation techniques that encompass the DOE

[9,11] including the Response Surface Methodology (RSM), the ANN [10], the kriging

method [22], and the AI-based inductive learning methods is available in [23], and will not

repeated here.  Our primary interests in this work are the two most widely used

techniques, the RSM and the ANN.  In this section, we examine the advantages and the
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limitations associated with these two techniques.  A new strategy, which combines both

methods to build a single model, is proposed.

3.1  Design of Experiments and Artificial Neural Networks

The Design of Experiments techniques are formal techniques which support the design

and analysis of experiments [11].  Among the various DOE techniques, the Response

Surface Methodology (RSM) [12, 24] is a collection of statistical techniques that support

the design of experiments and fitting response surface models. The Artificial Neural

Networks (ANN) technique is inspired by the cognitive and data processing capabilities

that are characteristic of biological neural networks.  A basic network (Figure 3(B))

comprises three layers: the input, the hidden and the output layers.  It is common to

process the weighted sum of the inputs by an activation (sigmoid) function to obtain an

output signal Y.  Back propagation is a commonly used training process that propagates

the error information backward from the output nodes to the hidden nodes.  The

applications of RSM or ANN for model approximations can be found in many engineering

problems [20, 25-27].

Insert  Figure 3.  RSM and ANN

Through authors’ previous studies [1, 2, 28, 29], some insight has been gained on using

the DOE and ANN techniques.  We note that the ANN perform better than the RSM in

modeling the highly nonlinear behavior, while the response surface models have the edge

when a large number of experiments are not affordable and the performance is low-order
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nonlinear [28].  It is also observed that due to the form of the sigmoid transformation

function used in the ANN, the ANN model itself provides little information about the

design factors and their contributions to the response without any further analyses.  The

response surface model, on the other hand, is “transparent”, clearly showing the factor

contributions from the coefficients in the regression equation. This knowledge is helpful in

identifying the insignificant factors and thereby reducing the size of a complex problem.

3.2  The Combined RSM+ANN approach

In this work, a new approach that combines both the ANN and the RSM techniques to

build a single model is proposed as an alternative to the existing techniques.  This

approach is referred to as the Combined RSM+ANN technique, under which RSM is used

to fit the polynomial model and the ANN is used to model the “departure”.

It is known that when using polynomial response surface models, there exists an error,

which is the difference between the predicted and the true values of the performance.  In

detail, given that x = (x1,..,xk) are the independent variables, or factors, y is the true value

of the response, then the relationship between y and x can be written as:

y = f(x) +  ε

where ε represents the noise or error observed in the response y and f(x) is the response

surface model which is often expressed as a polynomial function.  It is observed that this

error  ε is often highly nonlinear in nature even though y may be low-order nonlinear.   An

example of such an error function under a set of data points is shown below in Figure 4
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based on the 121 confirmation tests for the performance “fuel burned” in the HSCT

problem presented in [28].  It is observed that while the performance itself is moderately

nonlinear, the error ε fluctuates and results a highly nonlinear function for the error

function itself.

Insert  Figure 4.  A Typical Error Function, ε, between the Actual Model and the

Predicted RSM (121 Sample Points)

Since the ANN is found to be effective in modeling highly nonlinear behaviors, it is

proposed to combine a response surface model, f(x) modeled by the RSM, plus an error

term, modeled by the ANN technique.  Hence, the response y is a function of both RSM

and ANN,

y = f(x)[RSM] + ε [ANN].

It may be argued that the model could be built completely based on the ANN technique

alone, instead of combining the ANN-based error model with the response surface model.

However, it is with our observations that many engineering behaviors are moderately

nonlinear, with the form of a polynomial function plus an irregular error term.  In such

cases, it is recommended to use the ANN+RSM model over the ANN model even in the

situation where the accuracy of these two methods is close.  This is because when using

the combined ANN+RSM approach, the RSM part (polynomial function) shows clearly

the contributions of different factors such as main factor effects and interaction effects.
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These information provide more knowledge of the system behavior as well as assistance in

robust design formulation.  On the other hand, the ANN model provides little knowledge

of the system without any further analyses.  While the actual behavior of the function to be

approximated is critical in determining which model is the better of the two, the data

necessary for training the network is readily available for both cases.   The ANN and our

proposed RSM+ANN approaches are therefore included in the RCEM, in addition to the

RSM, to enhance the model approximation capability.  This is tested and verified for the

conceptual propulsion system design provided by Pratt & Whitney.

4  CONCEPT EXPLORATION OF PROPULSION SYSTEM

The design of an aircraft propulsion system is an example of the complex system design

processes that are required for today’s high technology systems. Since the characteristics

of the propulsion system determine approximately 1/3 of the aircraft system direct

operating cost and 1/5 of the total operating cost, it is desirable to select the combination

of design parameters which produce the lowest reasonable level of cost.  There are several

dozen fundamental design parameters for the overall system configuration and for the

components which make up the system.  External requirements and criteria exist from

both the airframe manufacturer and from the airline who will operate the aircraft.  For

example, functional items such as thrust, acoustics and emissions address the suitability to

power a particular aircraft; performance items such as fuel efficiency, reliability, and cost

are critical to the operating cost for the airline.  In addition, internal company
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requirements must be met.  These can include technology and manufacturing capability,

manufacturing cost and other profitability parameters, and the potential for adapting

existing products to new applications.

The traditional approach to propulsion system design used by Pratt and Whitney, in the

conceptual stage is shown in Figure 5.  It is a top-down layered approach.  In other words,

the user has to determine and fix the concepts of one layer before moving to the next one.

Starting from the brainstorming procedure in which the scope and objectives of the

problem are identified, the thermodynamic cycle design module is then performed to

determine the primary cycle parameters.  The output from this module is stored in a

Performance Table database.  The aerodynamics design and the mechanical design

modules then use the data from the Performance Table.  The results from the aerodynamic

design are used in determining the “gaspath” and the “airfoil” geometry.  This information

flows to the mechanical design module, from which the engine cross-section is determined

at the end.

Insert  Figure 5.  Traditional Top-down Approach to Engine Design

It is obvious that, with this top-down approach, the designer has very limited freedom

towards the final stages of the design process, since most of the parameters are fixed

before moving to the next level of detail.  Hence, an integrated analysis is required at the

system level of the design process with a concept exploration in the preliminary stages to

determine the best top-level design specifications.  The results presented in this paper are
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based on the studies only using the cycle module SOAPP (State of the Art Performance

Program), with additional weight and drag correlation, as the engine simulation program

(Module C in Figure 1).  SOAPP is a performance simulation system for modeling the

thermodynamic and the chemical processes of gas turbines and other fluid-flow systems.

Though one simulation of SOAPP program takes close to one minute on a SUN Ultra 1

workstation and could not be considered as computationally expensive, the

thermodynamic behavior modeled is the most nonlinear among all the analysis modules for

engine conceptual design.  Therefore, when tested only for the SOAPP program, the

applicability of our approach could be extended to the integrated design and analysis

incorporating various behavior models.  The conceptual design of a 30,000 lb. thrust

propulsion system for a twin-engine commercial transport is selected for this phase of the

study.

4.1   Problem Identification and Classification of  Parameters

In step 1 of the RCEM, the parameters are classified based on the problem identification.

A total of five control factors are considered as the design variables, which are modeled as

the to-be-determined top-level design specifications.  The upper and the lower bounds of

these variables are specified in Table 1a.  The three constraints, i.e., Overall Pressure Ratio

(OPR), the Fan Diameter (FANDIA), and the High Pressure Turbine Pressure ratio

(HPTPR); and four objectives, i.e., streamtube TSFC (SFCWIL), isolated pod TSFC

(SFCISO), fuel burned (FBURN), and range (RANGE) are specified in Table 1b.
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Six noise parameters are also introduced. The majority of the noise factors considered in

this study belong to the efficiency of the propulsion system components, such as the fan,

the compressors, etc.  The nominal values for each of them, along with the variation, are

shown in Table 2.  These ranges are determined based on experience in past propulsion

system design and development programs.  They represent the variations in the final

component characteristics after the product design and development.

Insert  Table 1.  Problem Identification and Classification of Parameters

Insert  Table 2. Noise Parameters for the Engine Design

4.1 Screening Experiments

In Step 2, a screening procedure is carried out to understand the significance of the five

control factors and the six noise factors (11 factors in total).  This is done by using a small

number of simulations (17) referred to as experiments (Plackett-Burman design for this

case).  The effects of the five control factors and the six noise factors on the seven

performance parameters are obtained through the statistical analysis.  In Figure 6, all the

seven responses corresponding to the constraint and objective parameters are listed along

the horizontal axis, while the heights of the vertical bars illustrate the percentage

contributions of different factors shown in different patterns.  The vertical sequence of the

factors follows the same order of the parameters listed on the legend.  It is noted that

compared to the effects of noise factors (prduct, ehpt, elpt, ehpc, elpc, efnod), those of the
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control factors (FPR, LPCPR, HPCPR, CET, VJR) are much more significant.  It is

therefore decided to keep all the six control factors as variables in the further study.

Among the six noise factors, efnod (fan efficiency), elpc (low compressor efficiency), and

prduct (fan duct loss) are consistently less significant than ehpc (high compressor

efficiency), elpt (low turbine efficiency), and ehpt (high turbine efficiency) for all the seven

responses.  Hence, enod, elpc, and prduct are fixed at their nominal values (0.927, 0.90,

and 0.0075 respectively) for further simulations, while the rest are treated as noise

variables with deviations.

Insert Figure 6. Main Factor Effects Including Noise Factors

4.3  Elaborating the Fast Analysis Models

The next step is to build the second-order response surface models for each of the seven

engine performance parameters as functions of the eight most significant factors (five

control factors and the three noise parameters). The mathematical expression of the

second-order response surface models is of the following form:

f(x1,...xn) = β0 + β1x1+ ...+βnxn+ γ1x12 + ...+γnxn2

+ β12x1,x2 + ... + βn,n-1xn-1,xn. (1)

The Central Composite Design (CCD) is used to generate the experiments for building the

response surface models.  For eight factors, the CCD generates 273 experiments.  The
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quadratic response surface models (RSMs) are first obtained and their accuracy values are

checked before proceeding to robust design.  The values of the R-coefficients for the

seven RSMs are given in Table 3.  The closer the R-coefficients are to unity, the better the

approximation is.  It is observed that the RSMs are good only for the responses FANDIA,

HPTPR and OPR, which, incidentally are the three constraints.  For the other four

performance (the four objectives), the RSMs are not accurate enough.

Insert  Table 3.  R-coefficients of the Response Surface Models

4.4  Improving the Approximations

As enhancements to the RCEM approximation capability,  the Artificial Neural Networks

(ANN) and the combined RSM+ANN approach proposed in Section 3 are applied to the

responses for which the RSM is not sufficient.   A comparison of the accuracy for models

created by different methods are provided in Table 4.  The least squared error (LSE), an

overall average variation of the estimated values from the actual values, is the metric for

this comparison.  It is observed that the LSEs are much less for the improved

approximation models (either the ANN or the combined RSM+ANN model) compared to

that of the RSM.

Insert Table 4.  Comparison of the Least Squared Errors
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 The improvement in the approximations when using the combined RSM+ANN techniques

is graphically illustrated in Figure 7.  These plots (A, B, C) are based on the output values

from the SOAPP, the RSM, and the combined RSM+ANN models, respectively, taking

the grid design as the inputs.  The X-axis represents the Combustor Exit Temperature

(CET) and the Y-axis represents the Fan Pressure Ratio (FPR), the two important design

parameters.  The other six factors are at their middle values.  It is seen that the

approximation using the combined RSM+ANN model (Figure 7(C)) is much better than

the RSM based approximation (Figure 7(B)) when compared to the actual behavior

(Figure 7(A)) of the performance SFCISO.   Based on the LSEs, we decide to use RSMs

for the performances FANDIA, HPTPR and OPR; use ANN models for FBURN, RANGE

and SFCWIL; and use combined RSM+ANN model for the performance SFCISO. The

implementation of the robust designs using the compromise DSP is explained in the

following section.

 

 Insert  Figure 7.  Grid Plots for SFCISO

4.5 Generation of Top-level Design Specifications with Quality Considerations

In this step of the RCEM, the selected approximation models are used as fast analysis

modules for the multiobjective optimization for developing robust and flexible top-level

design specifications (Module F).  As explained in Section 2, the main objectives of robust

design is “to bring the mean µ on target” and “to minimize the variations σ in the
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performances” due to the deviations in a design system.  Both robust design Type I and

Type II are applied to the conceptual propulsion system design problem.

4.5.1  Results for Robust Design Type I

In  Type I robust design, the values of engine design variables which optimize the engine

performance as well as minimize the impact of the deviations of engine components’

efficiencies are identified.  Using the mathematical construct of the compromise Decision

Support Problem [13], there are two sub-objectives (to bring µ on target and to minimize

σ) for each of the four objectives, namely, to minimize the FBURN, the SFCWIL, and the

SFCISO and to maximize the RANGE.  To consider the variability of the constraints

caused by the noise factors, the worst case scenario (µ + 3σ) is used for the three

constraints, namely, FANDIA, HPTPR, and OPR.  The mathematical formulation of the

compromise DSP for Type I robust design is given below.  To calculate the performance

deviations (*_DEV) at each optimization iteration, for each setting (design values) of the

five control factors, the three noise factors are varied over a Central Composite Design of

27 experiments.  The mean µf and variance of the performance parameters σf are

calculated for this distribution of 27 experiments.  In this formulation, the target values for

the standard deviations are taken as zero.

 Insert  Figure 8.  Compromise DSP for Type I Robust Design

When considering multiple aspects of quality, designers may have different preferences for

whether it is more important to bring the mean on target or to reduce variation.  In the
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compromise DSP, different design scenarios can be modeled by assigning goals at

different priority levels (preempetive formulation) or at the same level with different

weights (Archimedean formulation).  In Table 5, the results of three different formulations

of deviation function are given.  The results are compared among each other and with the

one without robust design considerations.

A general observation from Table 5 is that the values of design solutions vary among

different scenarios, with the changes of the HPCPR and LPCPR (high and low compressor

pressure ratios) being the most significant.  This is consistent with our previous

observation that these two are significant design factors.  In terms of design performance,

Scenario II, under which achieving the mean performance is placed at the first priority

level and minimizing the variance is placed at the second level, attains the best mean

performance for SFCWIL, SFCISO, FBURN, and RANGE.  On the other hand, Scenario

III (preemptive formulation with level  for variance and Level 2 for mean performance)

attains the minimum variance of SFCWIL, SFCISO, FBURN, and RANGE.  The solutions

of Scenario I (mean and variance at the same level) illustrate a tradeoff between the two

aspects of robust design.  In all the cases, the variance of the performance are reduced

close to zero. Compared to the results from the conventional optimization without robust

design considerations, the sacrifice of the design performance under all the three robust

design scenarios is reasonable.  Note tradeoffs also exist among the multiple design

performance parameters.
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Insert  Table 5.  Engine Design Optimization Results Using Type I Robust Design

4.5.2  Results for Robust Design Type II

Type II robust design is performed to find flexible engine design specifications that are

allowed to vary within a range.  As outlined in Figure 2, the constraints and the objectives

are the same as in Type I.  However, there are five more design variables in this case,

representing the deviations of each of the five control factors as a part of the solutions.

Similar to Type I, three different optimization scenarios are considered.  In Table 6, the

results for this type of robust design are shown for all the three scenarios.  In “design

solutions”, the ranges of the design variables ? x are also generated as a part of the

solutions.  The corresponding variations of the goal performance parameters are provided.

It is noted that the locations of the flexible design solutions for HPCPR and LPCPR are

significantly different from those without robust design considerations.  The tradeoffs

between achieving the mean performance and minimizing the variance are also observed

throughout the three different scenarios.

Insert  Table 6.  Optimization Results Using Type II Robust Design

4.6  Verification Issues

Approximation Techniques
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Corresponding to the research questions posed in Section 1, two verification issues are

addressed here.  The first issue is to verify whether the approximation models are

enhanced using the ANN and the combined RSM+ANN techniques.  The results shown in

Table 4 and the graphs in Figure 7 prove that there is indeed an improvement in the

approximation.   Further verifications of this approach are done in this section.  The first

issue is whether the combined RSM+ANN technique is better than the actual RSM.  In

Table 7, the least squared errors (LSEs) for the two models are compared for various

responses from the P&W propulsion system design problem.  The grid design for 121

experiments is used as the input to test the LSEs.  It is noted that the combined

RSM+ANN models are better than the original RSM for all the cases.  These results can

be logically explained.  The RSM has an error associated with it.  The ANN-based error

model “corrects” this error to a certain extent.  This makes the model more accurate,

which is a good reason to use this technique.

Insert  Table 7.   Least Squared Errors for RSM and the Combined RSM+ANN

The second part of verification of the combined RSM+ANN model is see how efficient

this approach is compared to using the pure ANN models.  It is found that the combined

RSM+ANN approach is less sensitive to the number of nodes chosen than the pure ANN

approach.  This is evident in the comparisons of LSEs made in Table 8.  The number of

hidden layers is taken as one for all the networks.
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Insert  Table 8. Least Squared Errors for Varying Number of Hidden Nodes

We have also confirmed the optimization results obtained from the approximation models

by verifying them using the real engine analysis program SOAPP.  It is found that the error

varis from 1%-10% among the different design scenarios tested.

Applications of Robust Design Concept

The second issue is to verify whether the robust and flexible top-level design specifications

are better than those results obtained from the conventional optimization model without

robustness considerations.  As the verification tests, the minimized variations through

robust design, either Type I or Type II, are compared with the performance variations of

the conventional optimization solutions (without robust design considerations) assuming

that the deviations of noise or control factors do exist.  The comparison for the Type I

robust design is provided in Table 9, while the comparison for Type II robust design is

graphically illustrated in Figure 12.  In Table 9, the variation under “without robust

design” is larger than the one under “with robust design” for each performance.  The

variations are obtained by exercising the full range of noise factors (see Table 2).  Figure

12 illustrates the tradeoff between achieving the mean performance and minimizing its

variance under Type II robust design.  It is observed that, with the robust design

considerations, the performance variations are reduced for both RANGE and SFEWIL

(22.373 vs. 33.586 nmi and 0.0047 vs. 0.0059 lb/hr/lb), under the deviations of the range

of solutions (see Table 6).  The robustness is achieved with reasonable sacrifice in the

mean performance.
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In the case of “without robust design considerations”, the full range of noise factors and

the same range of deviations of design variables are used to simulate the performance

variations for Type I and Type II, respectively, under the scenarios of “what if” the

deviations exist.  It is noted from both types that the variations in the four objectives for

the case when robust design is used are much less than the other case.  This indicates that

robustness is achieved.  Meanwhile, a reasonable tradeoff between the performance and its

variance is also observed.

Insert Table 9.   Comparison of the Variations - Type I

Insert  Figure 9.  Comparison of the variations - Type II

5  CLOSURE

In this paper, the applicability of the Robust Concept Exploration Method (RCEM) to

engineering design at a complex domain is examined.  By applying the RCEM approach to

the thermodynamic engine cycle design during the conceptual stage at Pratt & Whitney, it

is illustrated that the RCEM can be used to improve the computational efficiency in

concept exploration through building surrogate models for replacing the expensive

simulation programs.  By introducing the robust design concept, the possible design

adjustments (or uncertainties) can be modeled explicitly and a robust design solution can

be obtained to reduce the impact of these potential changes in a design process (Type I
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robust design).  The extension of the robust design for designing a range of solutions

(Type II robust design) is applied to achieve the improved design freedom and ultimately

the reduced amount of design iterations.

The model approximation capability of the RCEM is enhanced by utilizing various existing

approximation techniques and developing new ones.  The original RCEM features only the

DOE techniques with the Response Surface Methodology (RSM) to build the

approximation models (response surface models).  It is observed that the response surface

models are not very accurate in modeling highly nonlinear behaviors, such as the

thermodynamic cycle behavior being studied.  The proposed approach, referred to as the

combined RSM+ANN model, combines both the RSM and the ANN techniques to build a

single model.  It is observed through the example problem and the verification studies that

the RSM approach is more powerful for approximating low-order nonlinear behavior such

as quadratic and linear functions, while the ANN is more appropriate for highly nonlinear

functions and the combined RSM+ANN technique is good for moderate nonlinear

functions.  One important benefit of using the combined RSM+ANN method is the

absence of the “black-box” effect.  The pure ANN model provides little information on the

actual system behavior without any further analysis.  On the other hand, the RSM part of

the combined RSM+ANN model provides clear information on the contributions of

different factors towards the response.

Although the computational demand of the P&W thermodynamic engine cycle design

module (SOAPP) is less significant compared to the integrated cycle, flowpath, and
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mechanical design modules, the results from the example problem demonstrate the

capabilities of the RCEM and its potential for concurrent propulsion system analysis at a

larger scale.  Future research in this area will be towards the development of a hybrid

concept exploration methodology that combines the DOE techniques, the ANN methods,

and the probabilistic search algorithms.  The focus will be on examining the methods of

constructing mappings for highly nonlinear functional relationships, with a large number of

design variables.  It is also desired to capture the multiple modeling objectives in concept

exploration with the development of a generic methodology that recommends the “best”

model formation technique based on the users’ specified modeling criteria.

ACKNOWLEDGMENTS

The support from NSF through grant DMI 9624363 is gratefully acknowledged. We are

grateful for Pratt & Whitney’s contract on propulsion systems design and their support for

Sriram Varadarajan’s summer internship.  We thank LMS International, Belgium for the

use of OPTIMUS® in creating response surface models.  The contributions from graduate

student Atul Sahai at Clemson University to the verification of robust design solutions are

also acknowledged.



 27

REFERENCES

1. Chen, W. (1995) "Robust Conceptual Exploration for Configuring Complex

Engineering Systems", Ph.D.  Dissertation, G.W. Woodruff School of Mechanical

Engineering, Georgia Institute of Technology, Atlanta, Georgia.

2. Chen, W., Allen, J.  K., Mavris, D., and Mistree, F. (1996a) "A Concept Exploration

Method for Determining Robust Top-Level Specifications" Engineering Optimization,

26, 137-158.

3. Chen, W., Allen, J.K., and Mistree, F. (1997) “The Robust Concept Exploration

Method for Enhancing Concurrent Systems Design", Journal of Concurrent

Engineering: Research and Applications, 5(3), 203–217.

4. Simpson, T.W., Chen, W., Allen, J.K., and Mistree, F. (1996) "Conceptual Design of a

Family of Products Through the Use of the Robust Concept Exploration Method",

AIAA/NASA/USAF/ISSMO Symposium on Multidisciplinary Analysis and

Optimization, Bellevue, Washington, September 4-6.

5. Koch, P.N., Barlow, A., Allen, J.K.  and Mistree F. (1996) "Configuring Turbine

Propulsion Systems using Robust Concept Exploration,"  1996 ASME Design

Automation, Conference,  Irvine, California, August. Paper Number 96-DETC/DAC-

1285.

6. Peplinski, J.D., Allen, J.K. and Mistree F. (1996) “Integrating Product Design with

Manufacturing Process Design using the Robust Concept Exploration Method,"  1996

ASME Design Automation, Conference,  Irvine, California, August 1996.  Paper

Number 96-DETC/DTM-1502.

7. Lautenschlager, U., Eschenauer, H., and Mistree, F. (1996) "Components of Turbo

Systems – A Proposal for Finding Better Layouts", AIAA/NASA/USAF/ISSMO

Symposium on Multidisciplinary Analysis and Optimization, Bellevue, Washington,

September 4-6, 1025-1035.

8. Bailey, R., Allen, J.K., Bras, B., and Mistree, F. (1997) “A System Level Approach to

the Design of an Industrial Ecosystem,” 1997 ASME Design Engineering Technical

Conference, Sacramento, September, 1997, Paper no. DETC97DAC3962.



 28

9. Box, G.E.P., Hunter, W.G.  and Hunter, J.S. (1978) Statistics for Experiments, John

Wiley & Sons, New York.

10.Smith, M. (1993) “Neural Networks for Statistical Modeling”, Von Nostrand

Reinhold, New York.

11. Montgomery, D.  C. (1991) Introduction to Statistical Quality Control, John Wiley &

Sons, New York.

12. Box, G.E.P.  and Draper, N.R. (1987) Empirical Model-building and Response

Surfaces, John Wiley & Sons, New York.

13. Mistree, F., Hughes, O.F.  and Bras, B.A. (1993) "The Compromise Decision Support

Problem and the Adaptive Linear Programming Algorithm," Structural Optimization:

Status and Promise, AIAA, Washington, D.C., pp.  247-286.

14. Taguchi, G., Yokoyama, Y., and Wu, Y. (1994) Taguchi Methods: On-Line

Production, ASI Press, 1994.

15. Chen, W., Allen, J.  K., Tsui, K-L., and Mistree, F. (1996c) "A Procedure for Robust

Design" Transaction of the ASME Journal, Journal of Mechanical Design, 118, pp.

478-485.

16. Renaud, J.E.  and Gabriele, G.A. (1994) “Approximation in Non-Hierarchic System

Optimization”, AIAA Journal, Vol.32, No.1, pp.  198-205.

17. Bloebum, C.L., Hajela, P.  and Sobieski, J. (1992) “Non-Hierarchic System

Decomposition in Structural Optimization”, Engineering Optimization, Vol.  19, No.

pp.  171-186.

18. Barthelemy, J.F and Sobieszczanski-Sobieski, J. (1983) “Optimum Sensitivity

Derivatives of Objective Functions in Nonlinear Programming”, AIAA Journal,

Vol.21, No.  6, pp.  913-915.

19. Chen, W., Allen, J.  K., Schrage, D.P., and Mistree, F. (1996d) "Statistical

Experimentation Methods for Achieving Affordable Concurrent Design", AIAA

Journal of Aircraft Design.

20. Engelund, W.C., Douglas, O.S., Lepsch, R.A. and McMillian, M.M. (1993)

“Aerodynamic Configuration Design using Response Surface Methodology Analysis”,



 29

AIAA Aircraft Design, Systems and Operations Meeting, Monterey, CA, pp.  Paper

Number AIAA 93-3967.

21. Malone, B. and Mason, W.H. (1991) “Multidisciplinary Optimization in Aircraft

Design Using Analytic Technology Models”, AIAA/AHS/ASEE Aircraft Design

Systems and Operations Meeting, Baltimore, MD, AIAA-91-3187.

22. Matheron, G. (1963) “Principles of Geostatistics,” Economic Geology, Vol.  58, pp

1246-1266.

23. Simpson, T.W., Peplinski, J., Koch, P.N., and Allen, J.K. (1997) “On the Use of

Statistics in Design and the Implications for Deterministic Computer Experiments,"

1997 ASME Design Engineering Technical Conference, Sacramento, September,

August 1997.  Paper Number DETC-97/DTM3881.

24. Khuri, A.  and Cornell, J.A. (1987) Response Surfaces: Designs and Analysis, Marcel

Dekker Inc., New York.

25. Sellar, R.S., Batill, S.M., and Renaud, J.E. (1994) “Optimization of Mixed

Discrete/Continuous Design Variable Systems Using Neural Networks.” 5th

AIAA/USAF/NASA/ISSMO Symposium on Multidisciplinary Analysis and

Optimization, Panama City, Florida, AIAA paper no.  94-4348, pp.  910-921.

26. Gangadharan, S.N., Haftka, R. T., and Fiocca, Y.I. (1995) "Variable-Complexity-

Modeling Structural Optimization Using Response Surface Methodology," AIAA

paper 95-1164, 36th AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics

and Materials Conference, April 1995, New Orleans, LA.

27. Hajela, P., and Berke, L. (1992) “Neural Networks in Structural Analysis and Design:

An Overview”, International Journal for Computing Systems in Engineering, Vol.  3,

No.  1-4, pp.  525-539.

28. Chen W.  and Varadarajan S. (1997) "Integration of Design of Experiments and

Artificial Neural Networks for Achieving Affordable Concurrent Design", 38th

AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics and Materials

Conference, Kissimee, FL, AIAA paper No.  97-1230, April, pp.  1316-1324,

29. Chen, W., Simpson, T.W., Allen, J. K., and Mistree, F., (1996b) "Using Design

Capability Index for Satisfying a Ranged Set of Specifications," 1996 ASME Design



 30

Automation, Conference,  Irvine, California, August 1996.   Paper Number 96-

DETC/DAC-1090.

List of Figures

Figure 1.  Computer Infrastructure of the RCEM [3]

Figure 2. Two Types of Robust Design

Figure 3.  RSM and ANN

Figure 4.  A Typical Error Function, ε, between the Actual Model and the Predicted RSM

Figure 5.  Traditional Top-down Approach to Engine Design (Conceptual Stage)

Figure 6. Main Factor Effects Including Noise Factors

Figure 7.  Grid Plots for SFCISO

 Figure 8.  Compromise DSP for Type I Robust Design

Figure 9.  Comparison of the variations - Type II

List of Tables

Table 1.  Problem Identification and Classification of Parameters

Table 2.  Noise Parameters for the Engine Design

Table 3.  R-coefficients of the Response Surface Models

Table 4.  Comparison of the Least Squared Errors

Table 5.  Engine Design Optimization Results Using Type I Robust Design

Table 6.  Optimization Results Using Type II Robust Design

Table 7.  Least Squared Errors for RSM and the Combined RSM+ANN

Table 8.  Least Squared Errors for Varying Number of Hidden Nodes

Table 9.  Comparison of the Variations - Type I



 31

      Robust, Flexible, 
Modifiable Top-Level 
Design Specifications

Input / Output

Processor

Simulation Program

Response Surface ModelE.

µy = f (x , µz )

A  Factors and Ranges

Product/
Process

Control Factors

Noise Factors

 Response

Z

X Y

Design of Experiments

 Plackett-Burman 
 Full Factorial Design

Fractional Factorial Design
Taguchi Orthogonal Array
Central Composite Design

etc.

B.   Point Generator

F actor A

Factor B

Factor C
A1 A2 A 3

B1

B2

B3

C 1

C2

C 3

C.

Simulation   
Program

D.   Experiments Analyzer

Fix insignificant factors
Reduce design space to region 
of interest
Plan additional experiments

 Find     
Control Variables
Satisfy     
Constraints     Goals       
"Mean on Target"      
"Minimize Deviation"      
“Maximize the independence”     
Bounds
Minimize    
Deviation Function

F. The Compromise DSP

Overall
Design

Requirements

σ
∂
∂ σ

∂
∂ σy

i

k

i
z

ii

l

x

f
z

f
xi i

2

1

2

2

1

2

2=






 +









= =
∑ ∑

x1

x2

y

 

Figure 1.  Computer Infrastructure of the RCEM [3]



 32

Type I Robust Design
(Robust Specifications)

Given
  Model f(x, z)
  Noise factors (µz, σz)
Find

Control factors x (top-level
specifications)

Satisfy
   System constraints
   Goals
       Bring the mean µy on target

       Minimize the variance σy
Minimize
    Deviation Functions

Type II Robust Design
(Flexible Specifications)

Given
  Model f(x)
Find

A range of control factors x,
∆x (top-level specifications)

Satisfy
   System constraints
   Goals

Bring the mean µy on target

 Minimize the variance σy
Minimize
    Deviation Functions

Figure 2. Two Types of Robust Design

x1

x2

y

J
I Ky1

yj

z1

zk

Wij

Wjk

x1

x i

Input Layer Output LayerHidden  Layer

y  = β0 + Σβixi + Σβiixi
2+ Σβijxixji i

(A) 2nd Order Response Surface Model                (B) ANN Architecture

 Figure 3.  RSM and ANN



 33

-0.1

-0.06

0

0.06

0.1

0.2

0.25

1 9 17 25 33 41 49 57 65 73 81 89 97 10
5

11
3

12
1

12
9

13
7

14
5

15
3

16
1

error

Figure 4.  A Typical Error Function, ε, between the Actual Model and the Predicted

RSM (121 Sample Points)

 Figure 5.  Traditional Top-down Approach to Engine Design (Conceptual Stage)

Brainstorming 
SOAPP model-
Cycle/Thermodynamics
design

Performance Table System
ORACLE data base

FLOWPATH model - 
Aerodynamics design

•  Gaspath geometry
•  Airfoil geometry
•  Gaspath “data”

RBD model - 
Mechanical design 

Engine Cross Section



 34

0%

20%

40%

60%

80%

100%

FANDIA FBURN HPTPR OPR RANGE SFCISO SFCWIL

Percentage

prduct

ehpt
elpt

ehpc
elpc
efnod
FPR

LPCPR
HPCPR

CET
VJR

Figure 6. Main Factor Effects Including Noise Factors

240
0 300

0

1.25

1.6

0.4

0.5

0.6

0.7

SFCISO

CET

FPR

 Actual

(A) SFCISO -  Based on the Actual Model

 

240
0 300

0

1.25

1.6

0.4

0.5

0.6

0.7

SFCISO

CET

FPR

RSM

 

240
0 300

0

1.25

1.6

0.4

0.5

0.6

0.7
SFCISO

CET

FPR

RSM + ANN

 (B) SFCISO - Based on RSM            (C) SFCISO - Based on ANN+RSM

 Figure 7.  Grid Plots for SFCISO



 35

Given:
• Approximation Models of OPR, FANDIA, HPTPR, RANGE, SFCWIL, SFCISO, and FBURN
• Engine type (ADP)
• Engine Cycle module configuration
• Noise Factors fan efficiency, low pressure compressor efficiency, and fan duct loss at their mid

levels
Find: Robust Engine Design Specifications:

•  Exhaust Jet Velocity Ratio, VJR
•      Fan Pressure Ratio, FPR
•      Turbine Inlet Temperature, CET
•      High Compressor Pressure Ratio, HPCPR
•      Low Compressor Pressure Ratio, LPCPR

Satisfy:
• The system constraints

Overall Pressure Ratio, OPR_M + (3*OPR_DEV)  ≤  50
Fan Diameter, FANDIA_M + (3*FANDIA_DEV)  ≤  90 inches
High Turbine Pressure Ratio, HPTPR_M + (3*HPTPR_DEV)  ≤  6

• The system goals for bringing mean on target
Minimize the mean of:
Streamtube TSFC:  SFCWIL_M/0.45 + d1- - d1+ = 1.0

Isolated Pod TSFC:  SFCISO_M/0.45 + d2- - d2+ = 1.0

Fuel Burnt:  FBURN/7500 + d3- - d3+ = 1.0
Maximize the mean of:
Aircraft Range:  RANGE/3000 + d4- - d4+ = 1.0

• The system goals for minimizing standard deviation
Streamtube TSFC: SFCWIL_DEV + d5- - d5+ = 0

       Isolated Pod TSFC: SFCISO_DEV + d6- - d6+ = 0

Fuel Burnt:  FBURN_DEV + d7- - d7+ = 0

Aircraft Range:  RANGE_DEV + d8- - d8+ = 0
• The bounds on the system variables (unnormalized):

1.25  ≤  FPR  ≤  1.6
0.6  ≤  VJR  ≤  0.9
2400  ≤  CET  ≤  3000
10.2  ≤  HPCPR  ≤  25
1.15  ≤  LPCPR  ≤  4.9

Minimize:
• The sum of the deviation variables associated with the mean and std.  Deviation of each response

Streamtube TSFC, SFCWIL: d1+ and  d5+

Isolated Pod TSFC, SFCISO: d2+ and  d6+

Fuel Burnt, FBURN: d3+ and  d7+

Aircraft Range, RANGE: d4- and  d8+

 Figure 8.  Compromise DSP for Type I Robust Design
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Table 1.  Problem Identification and Classification of Parameters

Table 1a    Top-Level Design Specifications of the Propulsion System Design

Design Parameters Lower Bound Upper Bound Baseline
Fan Pressure Ratio (FPR) 1.25 1.6 1.32
Exhaust Jet Velocity Ratio (VJR) 0.6 0.9 0.85
Turbine Inlet Temperature (CET) [R] 2400 3000 2750
High Compressor Pr. Ratio (HPCPR) 10.2 25 10.2
Low Compressor +
       Fan Root Pressure Ratio (LPCPR) 1.15 4.9 2.14
Engine Type TurboFan, Geared TurboFan and

ADP
GTF

Table 1b    Engine Design – Constraints and Objectives

Constraints Limits Baseline
Overall Pressure Ratio (OPR) =50 21.8

Fan Diameter (FANDIA) =  90 in. 84.3
HP Turbine Pressure Ratio (HPTPR) = 6.0 3.156

Objectives Targets Baseline
MIN Streamtube TSFC (SFCWIL) 0.45 lb/hr/lb 0.533
MIN Isolated Pod TSFC (SFCISO) 0.45 lb/hr/lb 0.585

MIN Fuel Burn (FBURN) 7500 lbs 8248.1
MAX Aircraft Range (RANGE) 3000 nmi 2300.5

Table 2. Noise Parameters for the Engine Design

Noise Parameters Minimum Nominal Maximum
Fan Efficiency, efnod 0.917 0.927 0.937

Low Compressor Efficiency, elpc 0.89 0.90 0.91
High Compressor Efficiency, ehpc 0.881 0.891 0.901

Low Turbine Efficiency, elpt 0.923 0.933 0.943
High Turbine Efficiency, ehpt 0.89 0.90 0.91

Fan Duct Loss, prduct 0.007 0.0075 0.008
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Table 3.  R-coefficients of the Response Surface Models

Response R^2 R^ADJ R^PRESS
FANDIA 0.99794 0.99716 0.99625
FBURN 0.92694 0.89923 0.67434
HPTPR 0.99011 0.98636 0.95881

OPR 1.00000 1.00000 1.00000
RANGE 0.93023 0.90376 0.68791
SFCISO 0.92911 0.91255 0.68456
SFCWIL 0.93660 0.91255 0.71996

Table 4.  Comparison of the Least Squared Errors

Response RSM ANN RSM+ANN
FBURN 430.818 261.33 311.788
RANGE 184.47 90.81 119.249
SFCWIL 0.02924 0.0154 0.02064
SFCISO 0.03058 0.0243 0.01743

Table 5.  Engine Design Optimization Results Using Type I Robust Design

Scenario I
(same level)

Scenario II
Level 1- Mean

Level 2 – Std.Dev.

Scenario III
Level 1 – Std. Dev.

Level 2 –Mean.

Without
Robust Design

DESIGN
VARIABLES

VJR 0.9000 0.9000 0.8087 0.744
CET 2963.3 3000.0 2817.33 2964.0

HPCPR 10.200 10.200 18.973 11.088
LPCPR 4.850 4.900 2.4610 4.1302

FPR 1.600 1.5702 1.56278 1.44257
GOALS
SFCWIL 0.5143 ± 0.000 0.5093 ± 0.000 0.5426 ± 9.542E-08 0.49638

SFCISO 0.450 ± 6.188E-04 0.4499 ± 7.032E-03 0.5743 ± 4.387E-03 0.53135

FBURN 7447.01 ± 6.06E-04 7368.05 ± 0.000 6791.92 ± 0.000 7422.7

RANGE 2541.62 ± 4.14E-04 2524.45 ± 2.28EE-04 2619.49 ± 4.535-04 2749.52
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Table 6.  Optimization Results Using Type II Robust Design

Scenario I
(same level)

Scenario II
Level 1- Mean

Level 2 – Std.Dev.

Scenario III
Level 1 – Std. Dev.

Level 2 –Mean.

Without
Robust Design

DESIGN
VARIABLES

VJR 0.6995 ± 2.193E-02 0.857 ± 2.662E-02 0.860 ± 2.987E-02 0.744
CET 2970.93 ± 90.54 3000.00 ±117.59 2597.97 ± 93.135 2964.0

HPCPR 22.18 ± 0.792 23.035 ±0.882 11.516 ± 0.362 11.088
LPCPR 1.589 ± 5.60E-02 1.459 ±9.624E-02 1.241 ± 3.996E-02 4.1302

FPR 1.380 ± 4.35E-02 1.539 ±7.036E-02 1.369 ± 4.112E-02 1.44257
GOALS
SFCWIL 0.504 ± 4.72E-03 0.527 ± 1.918E-02 0.582 ± 5.35E-03 0.49638

SFCISO 0.585 ± 9.802E-03 0.543 ± 2.946E-02 0.655 ± 8.772E-03 0.53135

FBURN 7963.91 ± 96.86 7411.33 ± 295.397 8791.73 ± 233.288 7422.7

RANGE 2536.30 ± 22.3731 2566.88 ± 123.189 1891.6 ± 36.842 2749.52

Table 7.   Least Squared Errors for RSM and the Combined RSM+ANN

Response RSM Combined RSM+ANN ANN
P&W Propulsion System
 (based on CCD 273 exp.)

SFCWIL [lbf/hr/lbm] 0.02924 0.02064 0.0154
SFCISO [lbf/hr/lbm] 0.03058 0.01743 0.0243

FBURN [lbs] 430.818 311.788 261.33
RANGE [nmi] 184.47 119.249 90.81
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Table 8. Least Squared Errors for Varying Number of Hidden Nodes

Response - RANGE [nmi]
Nodes pure ANN Combined RSM+ANN

40 90.81 109.021
60 131.97 105.8104
90 223.77 100.066
100 167.122 119.25
150 96.6 112.51

Table 9.   Comparison of the Variations - Type I

GOAL VARIATION
Without Robust Design With Robust Design

SFCWIL 1.2399E-04 0.0000

SFCISO 1.17445E-04 6.188E-04

FBURN 1.78386 6.06E-04

RANGE 0.74516 4.14E-04


