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Abstract
Concurrent engineering and virtual prototyping are two emerging techniques that are 

bringing considerable economical benefits to the manufacturing industry. This work 

proposes the use o f virtual prototyping to produce quantitative measures o f product life

cycle performances to facilitate the implementation o f concurrent engineering A multi

objective, virtual prototyping-based global optimization problem is formulated to close 

the open loop o f  present virtual prototyping methods and to allow concurrent engineering 

design to be carried out systematically and automatically

Virtual prototyping-based design optimization faces several technical challenges. First, 

virtual prototyping is usually computationally intensive; relations between design 

variables and product life-cycle performances are often implicit. Secondly, the 

optimization problem usually consists of multi-modal design (objective and constraint) 

functions. The complexity and multi-modal nature o f the optimization problem preclude 

the direct use o f conventional local and global optimization methods. In this work, a new 

and efficient search method for virtual prototyping-based global design optimization is 

introduced. The method, called Adaptive Response Surface Method (ARSM), carries out 

systematic “design experiments” through virtual prototyping to build second-order 

regression models to approximate the design functions. Through an iterative process, the 

regression models are improved and the global design optimum is obtained. The ARSM 

search scheme requires only a modest number o f  design function evaluations, making 

virtual prototyping-based global design optimization feasible.

The proposed quantitative concurrent design method is then applied to the components, 

stack and system design o f  a transportation fuel cell. The approach led to an optimized 

multi-functional component, a reduction o f the system cost, and an improvement o f  the 

system performance. The approach can be applied to the concurrent design and design 

optimization o f other complex mechanical components, assemblies and systems
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Glossary

Axiomatic Design Approach

The axiomatic approach was introduced by N. P. Suh at Massachusetts Institute of 

Technology. This approach assumes that the engineering design can be 

performed following certain rules, or axioms Suh developed a series o f design 

axioms and applied these axioms in design practice. The two well-known axioms 

are the independence axiom and the minimum information axiom (Suh, 1990).

Concurrent Engineering

Concurrent Engineering, also called “Simultaneous Engineering,” has many 

definitions. The widely accepted one is given by the Institute for Defense 

Analysis, U .S.A (Winner et. al. 1988):

Concurrent engineering is a  system atic approach to the integrated, concurrent 

design o f products and their reUned processes, including manufacture and  

support. This approach is intended to cause the developers, from  the outset, to 

consider a ll elem ents o f the product life cycle from  conception through disposal, 

including quality, cost, schedule, and user requirements.

Concurrent Engineering Design/Concurrent Design

Concurrent engineering design, in short, concurrent design, is the application of 

concurrent engineering principle to the early product design stage to reduce 

design iterations, shorten the design lead-time, and lower the product 

development costs.

Design Functions

The design function refers to functions for evaluating various product life-cycle 

performances o f  a design, for instance, functional performances, cost, 

manufacturability, assemblability serviceability, maintainability, and so on. 

Design functions, in design optimization, also refer to objective and/or constraint 

functions.
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Design of Experiments

Design o f  Experiments (DOE) consists o f  a series o f  statistical methods that 

deliberately plan and analyze experiments to explore an unknown system.

Design Space

A design space is a conceptual space formed by the variations o f each design 

variable. If  the number o f  design variables is N, then the design space is N- 

dimensional. The range, along each dimension in this N-dimensional design 

space, is determined by the lower and upper bounds o f  the corresponding design 

variable.

Design Synthesis

Design synthesis is to integrate design considerations from two or more 

perspectives into one design.

Fuel Cell

Fuel cell refers to a device where a fuel reacts with an oxidant to generate

electricity.

Functional Requirem ent

The functional requirement represents the design requirement from the product 

functionality/performance concern.

Global Optimization

Global optimization, as distinctive from local optimization, can secure the 

optimum o f  the optimization objective within the entire design space from many 

local optima. That is to say, the optimum obtained by the global optimization is 

less/larger than any other possible design objective values within the design 

space.
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ni structured Design Problem

An ill-structured design problem refers to a design problem in which either the 

fundamental mechanism o f product behaviour is not adequately understood or is 

too difficult to be described mathematically. Ill-structured problems are often 

loosely referred as complex design problems.

NGFT

NGFT stands for “Next Generation Fuel rell for Transportation Application.” 

NGFT is a collaborative research program at the University o f Victoria. The 

research described in this dissertation is part o f the NGFT program.

Product Development Process

The product development process entails the procedure from the initiation of a 

product concept, detail design, prototyping, mass production, till the product 

being brought to market.

Product Life-cycle Performances

Product life-cycle performances entail the evaluations of a product from its 

initiation to disposal, including functional performances, cost, manufacturability, 

assemblability, maintainability, serviceability, custom satisfaction, as well as 

disposal and recycle. Product life-cycle performances differ from the product 

functional performances, which refer to product’s functions such as power output, 

power density, efficiency, kinematic accuracy, and so on.

Q uantitative Concurrent Engineering Design

Quantitative concurrent engineering design, in contrast to the present qualitative 

concurrent design, quantifies product life-cycle considerations and integrates the 

product life-cycle performances for the identification o f the global design 

optimum. Quantitative concurrent design reduces the uncertainty, unnecessary 

simultaneity, and information chaos in present concurrent design practice, and 

turns the “philosophy” o f concurrent engineering into tractable design techniques.
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Response Surface M ethod

The Response surface method is based on techniques o f design o f experiments. It 

systematically plans experiments to explore the unknown relation between 

variables and the system output, the response. It then fits the experimental 

designs with polynomial functions, which are called response surfaces. 

Optimization is often performed over the response surface to identify the optimal 

group of variables.

TERS

TERS stands for Tri-stream, External manifolding. Radiator Stack. It is a novel 

fuel cell stack configuration, which integrates the radiator into the stack and 

delivers fuel and oxidant gases through external stack manifolding.

Virtual Prototyping

Virtual prototyping employs computer model data, usually in 3-D and solid form, 

o f a designed product on which various analyses, simulations, and heuristic 

reasoning can be performed electronically for design evaluation.

X-ability

X-ability is an acronym for some o f the product life-cycle performances, such as 

manufacturability, assemblability, maintainability, serviceability, and so on.
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Chapter 1 Introduction

1.1 Concurrent Engineering Design end its Probiems

In today’s highly competitive global market, product design becomes more and more 

important in the entire product development process It is estimated that 65-80 percent of 

a product’s life-cycle cost is determined by the decisions made in the first 20 percent of 

the product development efforts, primarily at the design stage (O'Grady and Young, 

1991). Also, design lead-time contributes heavily to the final costs o f  the product. For 

instance, each additional day o f  lead-time in introducing a new automobile model costs 

the manufacturer about SI00,000 in lost profit (Crabb 1998).

Conventionally, design is an isolated stage in the product development process. A design 

is first initiated in the design department and then passed to the manufacturing 

department in a manner that is often referred as ‘Hhrow-over-the-wall.” In most cases, re

designs are needed to eliminate design flaws from the manufacturing perspective. A 

lengthy process with many design iterations is unavoidable. Computer-aided design and 

analysis software tools can partially automate some o f the modeling and analysis tasks, 

and shorten the design lead-time to some extent. However, the conventional product 

development, as shown in Figure 1-1, remains sequential, leading to a slow, trial-and- 

error process.

The concept o f concurrent engineering design, or current design, was introduced in the 

late 80’s as a key element o f concurrent engineering (CE). Since then concurrent design
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and its related methodologies have been intensively studied to improve product quality 
and reduce the lead-time of mechanical design

Customer

Suppliers

Marketing
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Production

Design

ManuÜKturing

Figure 1-1: Conveatioaal Scqucatlal Product Development Process
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Figure 1-2: Am Dlustratioa of Concurrent Design
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Concurrent design intends to incorporate various life-cycle considerations o f  a product 

into the early design phase. These considerations include the functional performances, 

manufacturability, product costs, assemblability, serviceability, customers' satisfaction, 

environmental impacts, and so on. The approach resolves potential conflicts between 

design, manufiicturing and other product development aspects at the far front, rather than 

falling into the mistake making and correction loop. This method thus can reduce the 

number o f re-designs and the product development lead times. The concurrent design 

approach can be illustrated by Figure 1-2 (Prasad 1996). Where, X-ability represents 

assemblability, maintainability, serviceability, and so on. Concurrent design converts the 

inefficient sequential design process into a number o f simultaneous activities. Customers 

and suppliers are also part o f the design team. Information from various sources is 

processed simultaneously to ensure a better performing design from a global point of 

view. Though the definition is simple, the accomplishment of concurrent design is 

challenging and demanding.

Concurrent design was initially understood as a new design “philosophy.” Companies 

carried it out by enhancing the design team to include specialists from manufacturing, 

marketing, and other areas The merging o f diversified experts led to better overall 

performance. Many companies saw an increased profit due to the implementation o f this 

“philosophy,” including Boeing, Chrysler, and McDoimell-Douglas (Nevins and Whitney 

1989). The approach is more management oriented and meanwhile, many problems, as 

stated by Prasad, “Pit&lls,” have shown up (Prasad 1996).

• Urmecessary Simultaneity

The flexibility o f the management can make engineers easily go overboard and 

engage more simultaneity than necessary. This behaviour increases the risks of 

wasting efforts and committing errors.

• Information chaos

When information is collected from various design aspects, especially when the 

information is often o f  different formats and conflict with each other, information 

chaos may be caused and become unmanageable.
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• Technology obstacles

Some product design perspectives, such as serviceability, are hard to evaluate unless a 

prototype is built. These technical barriers make considerations o f those perspectives 

difficult, or impossible, at the early design stage

• Lack of optimum

Product design could be improved through CE at the management level. But the lack 

o f sufficient quantitative metrics makes the optimum design impossible. Engineers 

can only find a better design through qualitative evaluations.

The above stated problems in the application o f concurrent design demand that the 

following research issues are to be addressed:

• Various design issues need to be quantified, such as functional performances and 

their co-relations, manufacturability, production costs, and so on. The quantification 

can help to accurately record design information, quantitatively evaluate and integrate 

design considerations, as well as reduce information chaos and clarify the boundary 

between team members.

• The method for describing some difficult-to-evaluate product life-cycle performances 

needs to be studied. For instance, the product maintainability and serviceability are to 

be described and quantified for the design evaluation at the early stage.

• An effective and efficient method for integrating concurrent design activities needs to 

be developed. An engineering design involves various technical areas and both 

heuristic and numeric information. The integration o f technology and information in 

concurrent design, leading to the global design optimum, is to be studied.

In academia, researchers focus on the quantification and optimization o f  concurrent 

design. A mathematical model or a heuristic model is usually formed to describe various 

product life-cycle performances (Suh 1978, Dong and Soom 1990, Dowlatshahi 1992, 

Kusiak 1993, Xue 1996). Heuristic modeling applies domain expertise and experience in 

evaluating product manufacturability, costs, and so on. Because the knowledge is 

domain dependent, this approach is often inefficient beyond its narrow application. In
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addition, knowledge acquisition remains a bottleneck. Mathematical models, though 

effective in describing some well-defined problems, often fail to reflect a complex design 

problem. An over-simplified mathematical model might undermine the credibility of the 

obtained result. It will also influence the design optimization that is based on such 

simplified design evaluations.

t.2 Virtual Prototyping

The virtual prototyping technique arose from the advance o f Computer-Aided Design 

(CAD) and Computer-Aided Engineering (CAE) software tools and virtual reality 

techniques. It employs CAD models o f a designed product, upon which various analyses, 

simulations, and heuristic evaluations are performed as if on a physical prototype 

Virtual prototyping includes conventional CAE techniques for design analysis and 

simulation and also incorporates human perceptions o f  a design. For instance, a designer 

or customer can become immersed in a 3-D computer-synthesized environment to “feel” 

the car interior or “perform” a test drive. Virtual prototyping supports a more accurate 

and realistic estimation o f  product performances compared to simplified mathematical 

models. Product maintainability, serviceability, and assemblability, which are difficult to 

evaluate before, can be assessed through the tests by professionals on the virtual product. 

This technique also supports heuristic design evaluation through virtual human 

perceptions. Virtual prototyping thus becomes an ideal technique to quantify various 

design considerations. In addition, with virtual prototyping, numerous design tests can be 

quickly made for various product configurations without the lengthy and costly physical 

prototyping process. Provided that virtual prototyping is accurate enough, physical 

prototypes can be radically reduced (Angster et al. 1996, Gupta 1996).

1.3 Virtual Prototyping-based Global Optimization

In concurrent design, a product design is evaluated from the functional performances, 

cost, and other product life-cycle perspectives. Though the virtual prototyping technique 

can yield an accurate prediction o f product life-cycle performances, a designer has to 

manually go through the design-evaluation-redesign process for various design aspects
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many times before a satisfactory solution is achieved. The optimal design solution is 

often beyond reach.

An ideal approach is to utilize virtual prototyping as the evaluation tool for product life

cycle performances, and to optimize the design based upon the evaluation readings.

Numerical optimization is a powerful tool in the search o f the best design solution, given 

certain design objectives and constraints (Arora 1989). A large number o f optimization 

algorithms were developed to search the optimum of a single-modal function. When the 

design objective is a multi-modal function, i.e., multiple local minimums exist, these 

algorithms may stop at different local optima, depending on the starting point. As 

concurrent design is usually a complex problem, multiple local minima often exist. 

Therefore, a global optimization method is to be used for the search of the design 

optimum. Global optimization algorithms include deterministic methods and 

probabilistic methods. Most current deterministic global optimization algorithms require 

the knowledge o f the function form o f  the design objective and constraints (Grossmaiui 

1996). A virtual prototyping process, for instance, a finite element analysis (FEA), may 

involve thousands o f simultaneous equations. The relation between a geometric 

dimension and the product strength is hidden in these simultaneous equations. The 

function form o f such a relation is thus unknown to the designer. Two probabilistic 

global optimization algorithms. Sim ulated Armecding (SA) and Genetic Algorithms (GA), 

are widely used in engineering practice because o f  their reliability. These two methods, 

however, need a large number o f function evaluations and design iterations. Virtual 

prototyping processes, such as finite element analysis, are usually computationally 

intensive. SA and GA require numerous such computationally expensive procedures and 

make their direct application in concurrent design prohibitive.

Consequently, a new design optimization method is needed to efficiently search for the 

global design optimum while fully utilizes the advantages o f virtual prototyping as the 

evaluation tool for product life-cycle performances.
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1.4 Research Overview

1.4.1 Objective

This research intends to provide a quantitative methodology for concurrent engineering 

design, in which various design considerations can be quantified and integrated, leading 

to the global design optimum. The developed method will be tested and applied in the 

component, stack and system design o f  a Proton Exchange Membrane (PEM) 

Transportation Fuel Cell

1.4.2 An Overview of the Proposed Approach

In this work, a parametric 3-D solid model functions as a virtual geometric prototype. 

Based on the geometric model, virtual prototyping techniques, along with conventional 

mathematical modeling, are identified as evaluation methods for product life-cycle 

performances. An extended Design o f Experiments method. Adaptive Response Surface 

Method (ARSM), is developed to integrate the information from various design 

perspectives and to efficiently identify the global design optimum The ARSM carries 

out systematic design experiments through virtual prototyping to build second-order 

regression models to approximate design functions. Through an iterative process, the 

regression models can be gradually improved, leading to the design optimum. The 

ARSM does not require a priori knowledge o f design functions; the total number o f 

function evaluations is limited; and a global design optimum can be obtained. Given the 

ARSM, virtual prototyping-based global design optimization becomes feasible.

The proposed quantitative concurrent design strategy can be outlined in Figure 1-3 and 

compared to the present low-level CE design method. For simplicity, “MM” stands for 

mathematical modeling; “VP” stands for virtual prototyping; and the arrow indicates data 

exchange.

1.5 Organization of the Dissertation

This dissertation is divided into four parts. Part I includes three chapters. Chapter I 

introduces the research topic. Chapter 2 focuses on the discussion o f related work in
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Figure 1-3: Proposed Quantitative CE Design Method Compared to the Present Practice

concurrent design, design methodologies, virtual prototyping, optimization techniques, 

and fuel cells. Chapter 3 will introduce some basic concepts and techniques of 

quantitative concurrent design. Part II details the development and tests o f the proposed 

virtual prototyping-based global optimization method. Adaptive Response Surface 

Method (ARSM). Specifically, Chapter 4 deals with the development o f the ARSM, and 

Chapter S presents an application o f the ARSM to a complex fuel cell component design 

o f multiple functions. Then the proposed quantitative concurrent design method is 

applied to a fuel cell stack and system design, which is illustrated in Chapter 6. The 

contributions o f  the research and potential future work will be given in Chapter 7. The 

organization o f  the dissertation is illustrated in Figure 1-4.
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Chapter 2 Related Work

2 .1 Concumnt Engineering Design

Concurrent Engineering, is also called “Simultaneous Engineering.” Its widely accepted 

definition is given by the Institute for Defense Analysis, U.S.A. (Winner et al. 1988):

Concurrent engineering is a  system atic approach to the integrated, concurrent design o f 

products and their related processes, including manufacture and support. This approach 

is in te n d ^  to cause the developers, from  the outset, to consider a ll elem ents o f the 

product life cycle from  conception through disposal, including quality, cost, schedule, 
and user requirements.

Concurrent engineering design, or concurrent design, as a key element o f concurrent 

engineering, is to  incorporate various product life-cycle considerations into the early 

design stage, such as functional performances, cost, manufacturability, assemblability, 

serviceability, and disposal. The present industrial practice o f concurrent design is to 

carry out design by a team o f  experts from different product development perspectives. 

This approach has considerably improved the product quality and reduced the design 

lead-time. However, this qualitative method has problems including information chaos, 

unnecessary simultaneity, and wasted effort. The method is also limited by technical 

difficulties in evaluating some aspects o f product life-cycle performance and the global 

design optimum is often beyond reach.



CHAPTER 2 RELATED WORK 11

As the technical embryos o f concurrent engineering design, design fo r  assem bly (DFA) 

and design fo r  manufacturing ÇfiYYX) are the two subjects that were intensively studied in 

the past decade The study on DFA reviews a candidate design from the assembly point 

o f view (Ishii 1993). For each new design, a series o f questions are asked on the 

assembly procedure. The assembly process is evaluated in terms o f  assembly time, sub

task breakdown, and assembly efficiency. Poli developed a DFA methodology for 

evaluating a design from the perspective o f tooling and molding (Poli 1988). Most DFA 

methods are based upon the evaluation o f a well-developed design. Today, the DFA 

approach has been accepted in industry. Similarly, advances were made in DFM 

(Gershenson and Stauffer 1996).

Recent concurrent design research aims at developing a general process or method to 

support concurrent design. These include the axiom and guideline approach (Suh 1978, 

1990, 1995), feature extraction and evaluation approach (Shah 1991), knowledge-based 

reasoning approach (AI Ida 1997, Lambright and Ume 1996, Yang and Nezu 1997, 

McVea and Haghighi 1997, Allada 1997), constraint network approach (Kusiak e t al. 

1996, Beihe and Kusiak 1996), design decomposition approach (Sobieszczanski-Sobieski 

1989, 1990, Kusiak 1993, Tappeta and Renaud 1997), and optimization approach (Dong 

and Soom 1990, Dowlatshahi 1992, Xue et al. 1996). These methods could be roughly 

classified to qualitative and quantitative design methods. The qualitative methods, 

represented by rule-based or case-based reasoning, are domain dependent. In addition, 

knowledge acquisition remains a bottleneck. Most existing quantitative methods are 

based on simplified mathematical models o f product life-cycle performances. A new 

method that can accurately quantify product life-cycle performances and support design 

synthesis needs to be developed.

2.2 Design Methodologies

2.2.1 Axiomatic Design Approaches

The axiomatic design approaches assume the existence o f  some fundamental principles 

that can be generalized and applied to all designs regardless o f the origin o f  the problem.
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The representative o f axiomatic design approaches is Suh’s axiomatic design approach 

(Suh 1990). In Suh’s method, a series o f  proposed design principles were centered on 

two design axioms; i) design variables can be adjusted to satisfy its corresponding 

functional requirements without affecting other fiinctional requirements, and ii) the best 

design is a functionally uncoupled design that has the minimum information content. 

Although widely accepted and applied (Marston e t aL 1997). this method was also 

considered as being “intractable” and hard to implement technically. The work carried 

out in the dissertation intends to utilize the main idea o f Suh’s design axioms, which will 

be further discussed in Section 6.2.2.

2.2.2 Formal Design Methods

Formal design methods, whose axiom is to treat the design as a process that can be 

formalized (Gero 1996). Both heuristic and mathematical means are used to describe the 

design activities, such as the design evolution (Maher et al 1996), generative search 

(Brown and Cagan 1996, Rao and Gu 1997), design evaluation (Kalay and Carrara 1996), 

and design process description (Brazier 1996). These formal methods, as stated by Gero, 

are “still in its early stage and more needs to be done to derive all the benefits from such 

formalizing. ”

2.2.3 Design of Experiments

Design o f  Experiments (DOE) includes a series of statistical means to systematically plan 

physical experiments to explore an unknown relationship or system (Box and Hunter 

1957, Montgomery 1991). This approach was first introduced in 1935 by Sir Ronald A. 

Fisher. Design o f Experiments is a considerably mature method in modeling unknown 

systems. The method has found many applications in project planning, quality control 

and assurance, waste management, sampling, safety assurance, and search for optimum. 

Among a diversity o f  DOE techniques, Taguchi method and Response Surface Method 

(RSM) are o f most interest in the design research community (Kota and Chiou 1993, 

Komgold and Gabriele 1997, Lautenschlager e/a/. 1997).
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Taguchi Methods
Gcnichi Taguchi built quality control methods into the entire engineering process, 

especially in design. He proposed sooie important concepts, which are used in system 

design, variable design, and tolerance design.

The heart o f Taguchi method is his definition o f the nebulous and elusive term “quality” 

as the characteristic that avoids loss to society from the time the product is shipped 

(Barker 1989). The loss function, jZ., which is expressed in dollars, is defined as

SL = k (y -m Ÿ

Equatkw 2*1

where, k  is the loss constant, y  is the actual function value, and m  is the mean target 

value. Even though it is still difficult to quantify the parameters of a particular loss 

function, this definition makes the quality tractable.

Taguchi applies an objective measure that combines the mean and the variation around 

the mean to evaluate design performance. Its elemental form, the signal-to-noise (S/N) 

ratio, is simply the ratio o f the mean to the standard deviation.

Based on the two definitions, Taguchi employed DOE methods to search the best variable 

values and tolerances to achieve the targeted product performance. He used an 

experiment planning method, called orthogonal arrays (GA), to determine initial 

experiments. By intuitively tightening the variable tolerance, the quality loss can be 

reduced and the S/N index can be controlled (Taguchi e t al. 1993).

Taguchi’s contributions, in summary, include:

• Introduction o f the idea that products and processes should be designed so that they 

are robust to external sources o f variability,

•  Bringing sensitivity analysis into the formulation o f a design problem, and

• Promotion o f the DOE techniques for the identification of the design optimum.

His theory, however, is undermined by the following limitations (Montgomery 1997).
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His orthogonal arrays cannot adequately deal with potential interactions between 

controllable variables.

The crossed array structure usually leads to a very large number o f experiments. 

Montgomery proposed a com bined design that incorporates both controllable 

variables and noise variables. The combined design can adequately estimate the 

interaction between controllable variables with a reduced number o f  experiments.

His “marginal means” plots and the associated “pick the winner^ optimization cannot 

guarantee the optimum. For example, suppose we have two design variable A and B, 

and each variable has three values, named as A l, A2, A3, B l, B2, and B3. Each 

combination o f variable A and B will yield a system output, y . The experiment data 

is tabulated as follows.

Table 2-1 Data for the "Marginal Means" Plots for the Example

A Average for B
I 2 3

B
1 10 10 13 11.00
2 8 10 14 9.67
3 6 9 10 8.33

Average for A 8.00 9.67 11.67

>2 T

*o

I
10 -  -

A

12 T

*o 10 -  -

B

Figure 2-1: "Marginal Means" Plots of the Example

The “marginal means” plots are given in Figure 2-1 and the system outputs for each 

AB combination are plotted in

Figure 2-2. According to Taguchi, the optimum is the combination of A3 and B l, 

because A3 and B 1 give the highest marginal means individually. But from
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Figure 2-2, the combination o f  A3 and B2 yields the maximum^ Thus, Montgomery 

states that playing “pick the winner” with marginal averages can never be guaranteed 

to produce the optimum (Montgomery 1997).

B l
B2
B3

I 2 3

Figure 2-2: The iatcractiou Plot of Factors A & B

From the perspective o f concurrent engineering, Taguchi methods have the following 

pros and cons;

•  It performs variable and tolerance design considering the entire production process. 

This method could be viewed as an inherent concurrent design method

•  It applies techniques o f  Design o f Experiments to approximate an unknown system in 

engineering design.

•  The method fails to describe the collective influence o f  design variables to the system 

output. Only a simple, linear relation between variables and system output is 

revealed. The optimization scheme neglects the correlation among variables and thus 

cannot correctly identify the optimum.

Response Surface M ethod

The Response surface m ethod (RSM) is a collection o f statistical means in Design of 

Experiments domain (Myers 1971, Khuri and Cornell 1987, Montgomery 1991). RSM 

performs a series o f pre-planned experiments to fit a linear or second-order polynomial 

function on which optimization is often carried out to identify the system minimum or 

maximum. The linear model could be used to roughly explore the design space. If the 

true response surface can be represented by a Taylor’s series over the region o f 

experimentation, the second-order model utilizes terms up to second-order partial 

derivatives. For the special case where this series exactly describes the response, the
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coefficients o f the second-order model represent the partial derivatives o f  the response 

function evaluated at the origin (Mendenhall 1968). The fundamental difference between 

the Response Sur&ce Method and the conventional regression aiudysis is that the 

experimental designs are systematically plarmed The experimental designs usually 

satisfy some balancing properties, such as orthogonality and rotatability. These 

properties can minimize the bias between design variables and provide a better 

approximation across the entire design space

Based on the fitted response sur&ce model, arudysis and optimization can be performed. 

All variables can be normalized to the same order o f magnitude and made comparable. 

The fitted coefficients then represent the relative significance o f  each term o f the model. 

The fitted model coefficients, thereby, act as a measure o f  variable sensitivity with 

respect to the response. The fitted response surftce provides a simplified approximation 

to any complex or ill-structured problem. This simplified function makes the solution o f 

optimization feasible. One can thus apply mature optimization methods to identify the 

optimum. The response surface method requires only a small number o f experiments and 

often yields high approximation accuracy in a sufficiently small design region. When the 

unknown system is a second-order polynomial, RSM can accurately fit the system.

For a complex concurrent design problem, a simple and accurate mathematical model o f 

product life-cycle performances is usually difficult to obtain. Finite element analysis, for 

example, involves numerous linear or nonlinear equations that result in a complex model. 

The complexity o f  the design not only makes the problem description difficult, it also 

requires intensive computational effort to evaluate the problem. Manufacturability 

assessment may involve a complex simulation process as well as intuitive evaluations. 

Those functions are either too complicated to model explicitly or ill-structured for design 

optimization. Furthermore, when various functions are integrated, the relation between 

design variables and the final performance metric will become even more complicated. 

Therefore, system approximation becomes an option for complex design problems, such 

as a concurrent design (Powell 1981).
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Besides RSM, aitificial neural network (ANN) methods may be well suited for the 

approximation of complex systems. ANN methods learn the system structure from either 

supervised or unsupervised training. Neural network models with supervised learning 

include m ulti-layered networks, radio basis Junction networks, and higher order 

networks. Unsupervised networks consist o f Kohonen network, adaptive resonance 

theory, and the neocognitron (Abe 1997). The ANN method, however, has a few 

shortcomings:

• The training data is not deliberately planned. That may result in over-fitting in one 

part o f the design space and insufHciency in another.

• The amount of training data depends on the specific problem. It can only be 

determined through a trial-and-error process. If the number of training data is not 

sufficient, the fitting may lead to erroneous results. If more than enough data are 

given, the training cost will be high. Thus it is difficult to apply this method as a 

general tool.

• The convergence of neural networks is usually not guaranteed.

The RSM, on the other hand, systematically explores the unknown complex system with 

a fixed number of experiments Once a response surface is obtained, usually a second- 

order polynomial function, the optimum o f the response surface can be found by directly 

applying conventional optimization methods. The response surface, however, may fail to 

represent the real function in a large design space, and thus makes the optimization 

invalid.

Comparison between Com puter Experiments and Physical Experiments

Simulations, or computer experiments, differ from physical experiments in many ways. 

The lack o f  random error leads to an important distinction between the computer and 

physical experiments. Specifically,



CHAPTER 2 RELATED WORK 18

• For computer experiments, the adequacy o f a response surface model fitted to the 

observed data is determined solely by the systematic bias when the assumed response 

model differs significantly from the real fiinction.

• Various test statistics, such as z-test, t-test and lack-of-fit test, become irrelevant to 

computer experiments, since those statistics are based on certain random error 

assumptions. Therefore, the conventional aiudysis o f variance (ANOVA) is o f  less 

importance to computer experiments.

•  Statistical notions derived for physical experiments, such as unit, block, replication, 

and randomization, are irrelevant to computer experiments.

Nevertheless, conventional DOE methods are still o f  value to computer experiments in 

the following ways (Welch, eta /., 1990):

• The selection o f design variables at which to run computer codes is still an 

experimental design problem.

•  Statistical principles and attitude towards data analysis are still helpful no matter how 

the data are generated.

• Quantification of the uncertainty associated with predictions from the fitted model is 

still a statistical problem.

Needed Improvements of DOE Methods
Design o f Experiments allows one to systematically generate a limited number o f  design 

alternatives. Based on the experimental results, one can explore an unknown system to 

obtain useful information, including the significance o f  each design variable and the 

correlation o f design variables. DOE, as one of the simulation-based methods, requires a 

modest number of simulations compared to the random and Monte Carlo simulation 

techniques. To effectively apply the DOE in concurrent design, the following 

improvements need to be made:

•  The selection o f appropriate experim ental technique, to reduce the total num ber o f 

experim ents while m aintaining the same level o f problem  understanding
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The approach o f  Orthogonal Arrays, used in the Taguchi method, is found not the 

most efficient scheme for the experimental design A better experimental planning 

scheme needs to be identified.

• An im proved response surface m ethod to  increase the m odeling accuracy over the 

design space.

The current response surface method may fail to give acceptable approximation over 

a large design space An improved method is to be developed to increase the 

modeling accuracy.

2.3 Virtual Prototyping

In developing a new product, prototypes are needed to identify the flaws and weakness of 

a new design, to find possible design alternatives, to test the manufacturability o f the 

product, to realistically predict the manufacturing costs, and to get user’s feedback (Dai 

and Gobel 1994). However, the process o f  making a physical prototype is rather costly 

and lengthy. In the automotive industry, more than 30 percent o f the new product 

development budget goes to physical prototypes Major physical prototypes were at an 

average cost o f US$500,000 and it usually took more than 6 months to build, test and 

analyze a prototype in 1995 (Crabb 1998). Rapid prototyping techniques allowed 

prototypes o f certain parts to be fabricated in a shorter time. These techniques, 

unfortunately, have limited geometric accuracy, require special materials, have 

limitations on part size, shape, and sophistication, as well as need costly equipment. 

Moreover, prototypes made by these techniques represent only a very limited portion of 

the product’s functionality (Dai and Gobel 1994).

Virtual prototyping is an alternative to physical prototyping technologies. Virtual 

prototyping employs CAD models o f a designed product, upon which various analyses, 

simulations, and heuristic evaluation are performed as if on a physical prototype. Recent 

development in CAD/CAE and virtual reality (VR) techniques facilitated the realization 

o f virtual prototyping. Normally, virtual prototypes can be categorized into three types, 

as shown in Figure 2-3.
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• Geometrical virtual prototypes

Geometrical prototypes represent the form, color, and other geometrical and visual 

properties c f  the product and provide the foundation for virtual testing. Currently, 

most commercial CAD packages have the capability o f 3-D solid modeling and 

rendering. Well-rendered solid models could have very realistic visual effects. A 

designer or customer can visualize the product on the computer for the geometric 

configuration. VR techniques might even eruble one to actually feel the product and 

its spatial configuration.

•  Functiorud virtual prototypes

Functional prototypes are primarily for engineering analysis and tests One can 

manipulate the core product data, provided by the geometric virtual prototype, for 

analysis and test purposes. For example, a finite element model, or a kinematics 

simulation model, is a functional virtual prototype. A variety o f analysis and 

simulation packages commercially available today provide a large scope o f product 

analysis and simulation capabilities, such as ANSYS, PATRAN, CFX, COSMOS/M, 

SEMULINK, and so on. A designer can also build his/her own functional virtual 

prototypes based on the product model.

• Other technical virtual prototypes

Concurrent engineering design incorporates manufacturability, assemblability, 

serviceability, and maintainability into the design stage. Those so-called X-abilities 

product life-cycle aspects are hard to describe and evaluate unless experiments are 

performed on a physical prototype. In a virtual environment, one can simulate the 

manufacturing, assembly, service, and maintenance process as if  an experiment is 

performed on a physical prototype. Thus useful information can be collected to 

evaluate the X-abilities o f the product. In addition, some design aspects, for instance, 

custom satisfaction, may include heuristic processes. If  these heuristic processes are 

modeled with respect to product data, these nxxlels form another category of 

technical virtual prototypes.
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The activities involved in a typical virtual prototyping process are illustrated in Figure 

2-3 (Siddique and Rosen 1996).

Geometric PratoCype Famcdamal Prototypes 
^ •  Anmlyses —  

•  Simiilations ----

Other Tcchakal 
Prototypes

Maniifartimbility
AssembabUity

Design
Evaluations

Results

Figure 2-3: Aioctioool Compooeats of Virtual Prototypiog

As stated in Chapter 1, virtual prototyping enables a designer to accurately predict 

product functional performances, incorporate heuristic judgement, and predict the X- 

abilities o f a product at the early design stage. Virtual prototyping possesses great 

advantages over physical prototyping. First, because prototypes are built electronically, 

the prototype cost could be greatly reduced. A virtual geometric prototype can be easily 

varied to generate a new product configuration. Analyses and tests can be performed 

over a much shorter time than the physical testing. Consequently, virtual prototyping can 

reduce the product development cost and greatly shorten the design cycle time. A 

comparison between the current practice and envisioned practice due to the use o f virtual 

prototyping is given in Table 2-2 (based on the automotive industry) (Crabb 1998).

Although recently emerged, virtual prototyping techniques have attracted considerable 

attention. Massachusetts Institute o f Technology has developed a virtual workshop for 

mechanical design, and a virtual assembly environment. The goal is to provide designers 

with early manufacturing and assembly information (Gupta 1996). Georgia Institute o f 

Technology is developing a virtual design studio for virtual prototyping, product de

manufacturing and service. The initiative has also developed a conceptual design space 

to allow the user to design and modify building plans (Siddique and Rosen 1996). 

Washington State University at NIST is working on a virtual assembly environment to 

allow users to test the assemblability o f  designs that were created in a CAD system



CHAPTER 2 RELATED WORK 22

(Connacher and Jayaram 1995). At the University o f Wisconsin-Madison, woric is being 

done in the area o f  mechanical conceptual design with a virtual environment (Dani and 

Gadh 1997). Engineers at Caterpillar, along with the staff o f  the National Center for 

Supercomputing Applications have developed a system for heavy moving equipment, in 

which engineers and designers can perform visualization studies and dynamic analyses 

on virtual prototypes (Angster e t aL 1996). General Motors, Ford, and Daimler Benz are 

putting efforts into virtual prototyping as well (Gupta 1996).

TaMc 2-2 Csaparisoa e f Pfcyrical Frsttyp iag mad VUtnat Prototypiag

1995 Practice Envisioned
Practice

Proportion o f  Physical Prototypes 95% <25%

Proportion o f Virtual Prototypes 5% >75%

Average Cost of Major Prototypes
$500,000 

(Physical )

$1,000

(Virtual)

Proportion o f  Prototype Cost in Total 
Product Development Budget

30% <10%

Time to Build, Test, and Analyze a Prototype >6 months <1 day

Further Research on Virtual Prototyping
Virtual prototyping, as an emerging technique, presents a great application potential in 

concurrent design. The following research issues need to be addressed before it can 

become a more usefol design tool:

Utilization o f virtual prototyping in evaluating product X -abilities and other product 

life-cycle perform ances

The method o f verifying virtual prototypes through physical testing, and

The strategy o f efficiently incorporating virtual prototyping into concurrent

engineering design.
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This work focuses on the development o f a method that can efficiently integrate virtual

prototyping in quantitative concurrent design.

2.4 Mathematical Modeling

The function o f mathematical modeling is to mathematically describe the relations

between design variables and design functions This method is generally effective in

dealing with

• Well-understood physical problems and processes such as the dynamics and 

kinematics o f simple mechanisms.

• Simple design functions such as the material cost of a part.

• Design properties or physical processes that can be sufficiently simplified. This 

includes two cases.

First, high evaluation accuracy for a design property or process is not demanded by 

the design requirement and a simple mathematical model is enough. In Chapter S, a 

fuel cell component, the multiple functional panel, is to be designed. One design 

perspective, heat transfer property, is modeled using simple mathematical formulas 

because heat transfer is not o f major concern as perceived by engineers. In that case, 

an accurate and complex com putational flu id  tfynam ics (CFD) model becomes 

unnecessary.

Secondly, a physical process might be too complicated to describe accurately, if not 

impossible. For instance, in fuel cell stack design, the stack performance cannot be 

accurately modeled because too many uncontrollable variables are involved and some 

o f the phenomena are not well understood. A mathematical model can be built based 

on certain assumptions and simplifications to study the general stack performance 
with adequate accuracy.

• Empirical data correlation and approximation

During concurrent engineering design, a massive amount o f data is collected from 

plants in forms o f  table, curve, points, spreadsheet, and so on. Those data are to be 

modeled in a way that can be used for design optimization. Secondly, according to
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the theory o f Response Sur&ce Method, probe design points can be generated 

through virtual prototyping to explore the entire design space. A mathematical model 

is then employed to fit those probe points as an approximation o f  the unknown

system.

•  Simplification o f virtual prototyping

The accuracy requirement o f design evaluation is primarily determined by each 

design problem. A virtual prototype might be simplified to a mathematical model if 

the mathematical model is accurate enough fisr studying a design problem.

Although virtual prototyping is a versatile and powerful tool to accurately predict product 

life-cycle performances, the choice between mathematical modeling and virtual 

prototyping for a particular design function is dependent on the complexity o f the 

problem and the extent of accuracy required. This research uses virtual prototyping, as 

well as mathematical modeling, as design evaluation methods.

2.5 Global Optimization Metitods

Global optimization methods can be classified into deterministic methods and 

probabilistic methods. Two widely used probabilistic methods are simulated annealing 

and genetic algorithms.

Deterministic Global Optimization Methods

Recent deterministic approaches in solving global nonlinear optimization problems are 

along one of two lines. The first splits the variables into two sets such that fixing one set 

of variables causes the problem to be convex in the other set to facilitate the search. The 

second line o f the approaches involves various branch and bound algorithms. These 

algorithms are distinguished by how they obtain bounds and how they partition the 

variable domain. Bounding approaches fall into interval mathematics or convex 

underestimating programs (Pardolas and Rosen 1987, Epperly and Swaney 1996, Lo and 

Paralambros 1996 (a) (b). Grossmann 1996). These deterministic algorithms bear the 

following drawbacks when applied to virtual prototyping-based concurrent engineering 

design.
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• Knowledge requirement on design functions

Deterministic methods for constrained optimization problems require the knowledge 

on the shape of design objective and constraint functions, for instance, being convex 

or non-convex. Virtual prototyping evaluates product life-cycle performances by 

directly using CAD/CAE packages or through other complex computation processes. 

The relation o f design variables with the design objective/constraints is often 

unknown to the designer. A designer has to try various deterministic global 

optimization methods for different design problems. As a virtual prototyping-based 

global optimization method requires many computationally intensive processes, an 

unsuitable global optimization scheme leads to waste o f  computation time. 

Therefore, the trial-and-error method for algorithm selection is unacceptable in 

engineering practice.

• Immature nonlinear constrained global optimization methods

Design optimization problems are mostly nonlinear and constrained. Though many 

effective methods were developed for unconstrained optimization (Tom and Zilinskas 

1987, Jones et ctl. 1993), deterministic global optimization methods for nonlinear, 

constrained problems are still under study (Grossmann 1996).

Genetic Algorithms (GA)

The philosophy o f genetic algorithms is originated from Darwin’s natural selection and 

evolution. The basic idea of GA is that an initial population o f design candidates is 

selected at random and each candidate is evaluated according to the design objective. A 

small set o f  elite individuals is then chosen to reproduce the new generation o f  design 

candidates. Poor ones o f the population are culled out. After propagating operations 

such as mutation and crossover, good features of the designs combine to generate new 

supreme features as nature combines favorable genes to form a more adaptive organism. 

The test, select, and reproduce operations are applied at each iteration (generation) and 

the optimum might come up. The original concepts o f GA were developed by Holland 

(Holland 1975) and furthered at the University o f  Michigan, by demonstrating its
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superior performance in solving nonlinear, high dimensional, discrete, multi-modal or 

noisy functions over the deterministic methods

Simulated Annealing (SA)

Simulated annealing is rooted in a heat treatment method, annealing, or controlled 

cooling, o f  a crystal forming material. In the physical process o f  annealing, a material is 

heated and allowed to cool slowly at incremental decreasing temperatures, so that it 

reaches thermal equilibrium at each temperature Consequently, its atoms will reach a 

state o f global minimum energy, despite any local minimum o f  energy level This 

method allows more design points accepted at “high temperature” and converges to fewer 

points at “low temperature,” simulating the physical annealing process SA is based on 

statistical mechanics (Metropolis e/ al. 1953, Kirkpatrick e t al. 1983, Corona e t al. 1987, 

Hsueh 1991). The criterion to accept or forsake a point o f high function value is 

according to a probability metric. Given an objective function and an initial state, 

iterative improvement seeks to generate a new state by randomly perturbing the current 

state. If  the new state yields a lower function value, then it replaces the current state 

generating a new state. If the perturbed state produces a higher function value than the 

original, this state is not simply rejected as in the conventional optimization schemes 

This higher function value state is accepted with a probability based on a  key control 

parameter -  the current temperature. The probability o f  accepting a higher function value 

decreases with temperature and thus the process will eventually “cool down” to a global 

minimum. SA was first introduced by Kirkpatrick et al. (Kirkpatrick et al. 1983) as a 

probabilistic combinatorial optimization technique and its algorithm was improved by 

Corana and Hsueh (Corana 1987, Hsueh 1991). This approach has been successfully 

applied to a variety o f problems, such as VLSI circuit design (Devadas and Newton 

1987), structural truss design (Elperin 1988), robotic path planning, and automated 

generation o f  sculptured surface models (Oliver and Theruvakatti 1994).

Both GA and SA share some common advantages and disadvantages. They do not need 

gradient information or a Hessian matrix for the optimum search. In addition, both 

methods do not require a priori knowledge o f the design objective and have few
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constraints on the type o f  design functions. These two methods are widely accepted in 

engineering practice due to their reliability. The disadvantage is that both GA and SA 
require an excessive number o f function evaluations. This disadvantage hinders their 

applications in design, where design analyses are usually complicated and time- 

consuming.

Needed Extension to Global Design Optimization
Because concurrent design involves either complicated or ill-stnictured functions 

(objective and constraint), the design optimization strat%y would not be straightforward. 

Current global optimization methods need to be extended to handle this challenge. The 

needed improvements on global optimal design methods include:

• To develop a design optim ization scheme that can utilize current global optim ization 

methods, and

• To develop an a j^o p ria te  global optim ization algorithm fo r  virtual prototyping- 

based design (^tim ization

A method that can approximate the complex design functions through Design of 

Experiments is proposed in this work Based on the approximated fiinctions, 

conventional optimization methods can be applied to identify the optimum. Detailed 

discussion is given in Chapter 4.

2.6 Fuel Cell Technology

A fuel cell is a power generator based on the controlled reaction o f fuel and oxidant. The 

operation o f a Fuel Cell can be illustrated by Figure 2-4, in which hydrogen is chosen as 

the fuel and oxygen as the oxidant for the ease o f  illustration.

The reaction equations include:

Anode side: H j 2H* + 2e~

Cathode side; —G, + 2H* + 2e~ —> H f)  
2 " "

Equation 2-2
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Solution

Ha Oa
Rfiire 2-4: Dliutratioa «T m IM  G d

The resultant reaction equation then becomes:

^ 2  + -> H jO  + H eat + Electrical Potential

Equatioa 2-3

In principle, hiel cells are capable o f higher efficiency than internal combustion engines. 

Only reversible heat engines operating under the maximum temperature, allowed by a 

perfect combustion o f a fuel/oxidant mixture, have the same efficiency as that o f  a 

reversible isothermal fuel cell using the same fiiel/oxidant and operating at the lower 

temperature of the heat engine (Li 1996). The combustion o f any heat engine, however, 

cannot be perfect and thus yields lower efficiency than that of fuel cells. Another 

important property o f fuel cells is that fuel cells yield zero emissions and thus greatly 

benefit the environment. As environment protection becomes a major concern of 

mankind, fuel cell research, as a result, has taken on more importance in this decade.

Research on fuel cell started back in 1890s. The research then stagnated until the 1960s 

when alkaline fuel cells (AFC) were used in space applications. In 1990s, due to the 

increasing environment concern and some technology breakthroughs, fuel cells became a 

focus o f research and development, especially in the transportation area. It is believed 

that the proton exchange membrane fuel cell (PEMFC) is o f  great potential to be applied 

in the transportation application, in comparison to the various other types o f fuel cells, 

such as Alkaline Fuel Cell (AFC), Phosphoric Acid Fuel Cell (PAFC), Solid Oxide Fuel 

Cell (SOFC), and Molten Carbonate Fuel Cell (MCFC).
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The PEMFC, also called the solid polymer fiiel cell (SPEC) or ion-exchange membrane 

fuel cell (lEMFC), was first developed by General Electric (GE) in the 1960s. It consists 

o f two catalyzed porous electrodes, bonded on either side o f a thin sheet o f a hydrogen 

ion-conducting polymer, the solid polymer electrolyte. Fuel and oxidant delivery 

channels are attached on both sides o f  electrodes, through which fuel and oxidant gases 

are supplied to the electrodes The technology initially suffered from a limited operating 

time, mainly due to the degradation o f  the membrane electrolyte. In the mid-1960s, the 

invention ofNafion™  by DuPont Chemical Company made it possible to greatly enhance 

the stability, conductivity, and oxygen reduction kinetics o f  the electrolyte. This fully 

fluorinated material exhibited a substantially improved operating lifetime in excess o f 

57,000 hours. Since the mid-1980s the enthusiasm for developing PEMFC has grown 

very rapidly because o f  the prospects for attaining high power densities and high 

efficiencies. Ballard Power Systems, Inc. is currently in the leading position of PEMFC 

development. All major automotive companies, including Daimler Benz, General 

Motors, Ford, and Toyota, have investments in the research and development of fuel cell 

driven vehicles.

The reason that PEMFC has received increasing attentions is that PEMFC has following 

attractive features (Conway 1969);

• Simplicity and compact cell structure,

• Low operational temperature, thus, a very short start-up time o f the system,

• Potential to achieve high energy efficiency and high power density,

• Less corrosion to the stack materials, thus longer lifetime due to the use of a solid

electrolyte instead o f  mobile electrolyte,

•  Tolerance to CO2 in operation, and

• Potential to be used as the power plant for an electric vehicle.

Among these features, it is the feasibility to be used in an electric vehicle that have 

stimulated extensive research and development on PEMFC technology. The 

performance, as claimed by fuel cell researchers, is not the main task o f fuel cell research
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and development any more. A number o f technical challenges block the 

commercialization o f the PEMFC technology. These include:

• Reduction in costs and w eights o f m ulti-cell stack components —  electrodes, 

membranes, and bipolar plates

The most expensive component o f  a PEMFC is the Membrane Electrode Assembly 

(MEA). The second costly component is the fuel and oxidant delivery plate The 

reason for the high cost o f the delivery plate is that it currently has to be either 
molded or machined.

• Low cost fu e l cell stack and system  design

Fuel cell developers are putting great efforts in the development o f more compact fuel 

cell stack with higher power density. The stack design is always entangled with the 

configuration design o f  a fuel cell system. A better system configuration can reduce 

the power loss and thus can reduce the fuel cell system cost.

• F uel Infrastructure

Hydrogen, as an ideal fuel for PEMFC, does not have an established infrastructure. 

One solution is to carry compressed or liquefied hydrogen on board. But both pure 

hydrogen and liquefaction are costly. The other is to have a hydrogen generator on 

board to produce hydrogen from alternative fuels, such as methanol, ethanol, natural 

gas, and petroleum gas. The latter is also under intense study.

The Radiator Stack Architecture (RSA) research group at the University o f  Victoria has 

conducted studies on the first two technical challenges. Research tasks o f  the RSA 

include developing a low-cost manufacturing method for delivery plates, and designing a 

low-cost stack structure and system configuration. The design o f PEM Fuel cell stack 

and system involves complicated electrochemical phenomena and heat and mass transfer 

processes. The main objective o f  the design is to lower the system cost while 

maintaining the high performance. Therefore, the design should consider various 

functional performances, such as power density, efficiency, and net power output. It 

should also consider costs o f material, manufacturing and stack assembly. Structural 

integrity o f  the stack needs to be ensured. The size o f the foel cell system is limited to
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the space constraint o f a passenger car. All o f  these diverse design considerations need to 

be taken into account at the design stage. This makes the fuel cell system design a very 

challenging concurrent engineering design problem. A new stack architecture invented in 

RSA has a great potential leading to higher system efficiency and lower cost. A key 

stack component, the multiple function panel, makes this stack architecture feasible. The 

virtual prototyping-based, quantitative concurrent design method proposed in this work 

allowed the designs o f this complex multiple function panel and the fuel cell system to be 

optimized. Detailed design is to be discussed in Chapter 5 and Chapter 6.

2.7 Summary

This chapter has discussed in detail research in related fields. These research fields 

include concurrent design and design methodologies, virtual prototyping, mathematical 

modeling, global optimization methods, and fuel cell technology. Research opportunities 

are also identified for the development o f a quantitative concurrent design method. The 

next chapter will talk about fundamental concepts and mathematics for quantitative 

concurrent design.



Chapter 3 Quantitative Concurrent Engineering Design
through Multi-Objective Optimization

Instead o f  a sequentially arranged product development process, concurrent engineering 

design incorporates considerations from all important product life-cycle performances 

into the early design stage and executes them simultaneously. It is thus necessary to 

characterize the interactions and trade-offs between various design considerations, or 

objectives. A natural means to quantify these trade-ofUs is through multi-objective design 

optimization (Rao et al. 1992, Renaud 1993, Altus et al. 1996, Komgold and Gabriele 

1997, Dong 1997).

3 .1 General Formulation o f Concurrent Design

When considering various design aspects, the relative importance o f each design function 

is an important Actor for the overall design evaluation. The weighted-sum method 

assigns a weight to each design function, and the sum o f  weighted design functions is the 

overall design evaluation index (Mistree et aL 1994). Other methods include the utility 

analysis and the Dominic method (Dixon and Poli 1995). All o f  these methods require 

human interaction to specify the relative importance o f  each design aspect before forming 

the optimization problem. This work utilizes the weighted-sum method.

The concurrent engineering design can be represented as the global optimization of 

product life-cycle performances.

1(d) = X ^ r(d )  -  Xcl^'id) + X^l’̂ id) + V ^ (J )  - ^ X j \ d ) ^ --------

d  = [x ,, Xj, , x . f
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X f  +  X ç  +  X j f  +  X j  +  X g  — 1 
X ^, Xf,, Xg, Xg, Xg ^  0

Equatioa 3-1

where, /  represents the product life-cycle performance; </ is a vector o f design variables;

and are dimensionless measures o f the product functional performance and the 

production cost, respectively; I ^ , and / 'a r e  dimensionless measures o f  product X 

abilities, customer satisfaction, and environment amenability, respectively X is the 

application dependent weighting factor for corresponding measures.

Some researchers transfer the X-ability considerations into part o f  the product life-cycle 

cost for the ease o f integration (Xue ei al. 1996). This work emphasizes on the concept 

clarity o f  implementing quantitative concurrent design through multi-objective 

optimization, by expressing each o f the product life-cycle performance in the formula. 

Equation 3-1 can be extended to  incorporate more design considerations using the same 

method.

3.2 Concurrent Design Considering both Functional Performance and 
Production Costs

Functional performance and production costs are the two most representative and often 

conflicting aspects in concurrent design (Xue ei al. 1996). For instance, a stronger 

material usually brings higher product strength but at a higher cost. A loose dimension 

tolerance requires less manufacturing efforts (cost), but it may undermine the precision o f 

the product, leading to poor performance or shorter product lifetime. To achieve a design 

with high functional performances and low cost is the task o f concurrent design and 

design optimization.

In the synthesis o f various functional performances and the cost, design functions tend to 

have different units and variation ranges. A common comparable form should be 

generated for design synthesis. One can use the relative gain or loss comparing to a 

reference design (Xue and Dong 1994), apply fuzzy numbers for each o f  the design 

functions (Shih and Lai 1994), o r simply proportionate all the other design functions to a
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chosen one According to (Xue and Dong 1994), considering functional performance

measures and cost are the major two product life-cycle performances, a dimensionless

index is calculated for each design aspect

Given a reference design at =[x,o, •••, the overall cost index can be

calculated by

C(tfo)

EqaaChMi3-2

where, I ^ i d )  is the production cost index, C is the production cost function, and C(</q) 

is the cost o f the reference design. The production cost, C{d) , is the summation of all 

contributing costs Cj{d) ,  including the material cost, manufacturing cost, assembly cost, 

overhead cost, and so on

c (d) =
/=«

Equatioa 3-3

Similarly, assuming in total m  product functional performances are considered in 

concurrent design, the performance increase in the Ah functional performance aspect,

I, '^(d), and the overall performance increase o f the design are defined and measured by

1=1
a , ,  «2 , ' , ^ 0

Equatioa 3-4

where, F,(d^) is the functional performance o f  a reference design, F,(d^) and F,(d)are 

calculated using the Ah functional performance model, and are coefficients for
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weighting the inputs from all related functional performance aspects (Dong 1997). The 

modeling o f the cost and functional performance is case dependent. The cost index, 

I ^ ( d ) ,  and the overall performance index, I ^ ( d ) ,  are dimensionless values and thus 

comparable. A reference design is usually an existing design or one generated from 

experience.

Three types o f design optimization are considered: functional performance priority 

design, production cost priority design, and balanced functional performance and cost 
design (Xue er oA 1996)

3.2.1 Functional Performance Priority Design

Functional performance priority design is carried out by maximizing the overall 

functional performance, subject to given production cost constraints. The optimization 

problem is formulated as

nun - I ' ' ( d )

Equatioa 3-5

subject to
C(d)  < C(d ,)

Equation 3-6

Functional performance priority design is frequently or mostly used when the 

performance is considered priority. For instance, in the design o f mechanical 

components for spacecraft, the weight and thermal stability are overriding considerations 

over costs. Similarly, in the design o f artificial human organs, reliability is more critical 

than cost.

3.2.2 Production Cost Priority Design

Production cost priority design is carried out by minimizing the total production costs, 

subject to all given functional performance constraints. The design optimization problem 

is formulated as

nun C{d)

Equation 3-7
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subject to
F , ( J ) ^ F , ( J o ) . /  = U - .m

EqumtiomM

Because the production cost is a critical index for product competitiveness, most 

companies are seeking low-cost products, satisfying function performance requirements. 

The transportation fuel cells, today, have competitive performances, but the high cost 

hinders the commercialization. In this case, the production cost priority design should be 

carried out.

3.2.3 Balanced Performance and Cost Design

Balanced functional performance and production cost design is aimed at identifying the 

best trade-off between functional performance and production costs, subject to all 

functional and cost constraints.

A design with balanced functional performance and production costs can be 

accomplished by

njn - I i d )  = - X p I ' ' ( d ) ^ X c I ^ ( d )  J  = [x„ Xj, ••• , x , f

l ' ' i d ) < C ,
= I. > 0

Equatioa 3-9

where I (d ) \ s  the overall rating o f product life-cycle performances; and Xc are

application dependent weighting factors; I ’' {d )  and I ^ ( d )  are the functional

performance index and the cost index, respectively; and Q  are pre-spedfied

constants. The formulation is a short form o f Equation 3-1, considering only functional 

performances and production costs. An ideal design can be obtained by improving the 

design functional performances while reducing the production costs.
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The proposed quantitative concurrent design method implements concurrent design

through multi-objective optimization The method introduced in this chapter is used in

the optimal design o f  a transportation fuel cell system, detailed in Chapter 1.



Chapter 4 Adaptive Response Surface Method (ARSM)

Virtual prototyping allows the accurate prediction o f various life-cycle performances of a 

design, including functional performances, X-abilities, manufacturing costs, and so on. 

This technique also supports heuristics-based evaluations o f  product appearance and 

ergonomic features In combination o f mathematical modeling, virtual prototyping can 

overcome the limitations o f present qualitative concurrent design methods, and form the 

foundation o f  quantitative concurrent design.

To carry out global optimization for virtual prototyping-based concurrent design, one 

faces a very large and complex design optimization problem. As stated in Section 1.3, no 

existing optimization method is readily applicable to this problem. An effective search 

algorithm, which can quickly identify the global optimum for a virtual prototyping-based 

design optimization problem, needs to be developed.

Design of Experiment (DOE) is a means used to explore unknown systems and implicit 

design objectives. The Response surface method (RSM) is one o f the DOE methods to 

approximate and simplify the design optimization problem. In this chapter, the Adaptive 

Response Sur&ce Method (ARSM) is introduced to satisfy the stated need in complex 

optimal designs driven by virtual prototyping. This method extends the current one-time 

response sur&ce method (RSM) with better search efficiency and yields more accurate 

results in the optimization o f a complex design problem. A two-bar design example is 

used to demonstrate the introduced method. A comparison between ARSM and the 

conventional one-time RSM is also given. Further application o f ARSM will be
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illustrated in following chapters in conjunction with the component and system design of 

a PEMFC system.

4.1 Introduction

The R e^xm se Surface M ethod (RSM) consists o f a series o f mature modeling and 

analysis methods in DOE for approximating an unknown system (Box and Draper 1957, 

Khuri and Cornell 1987, Montgomery 1991). The method is suitable for problems in 

which the system output o f interest is influenced by several variables and the objective is 

to optimize this output, the response. Recently, RSM drew considerable attentions in 

approximation o f complex design functions, i.e., design objective or constraint functions 

(Chen 1995, Lautenschlager 1997, Renaud and Watson 1998, Haftka et a l 1998).

The RSM is based on a series o f planned experiments. A first or second-order regression 

model is used to fit the experimental points to approximate the unknown relationship 

between design variables and design functions. This approach approximates the 

unknown system through only one pass. It is thus regarded as one-time RSM  in this 

dissertation to distinguish it from the new approach proposed in this work.

The two commonly used models, the first-order model and the second-order model, have 

the general forms as given in Equation 4-1 and Equation 4-2,

i=l

Equation 4-1

1=1 <=i M</ i

Equatioa 4-2

Where P  represents regression coefficients; r ,,( i  = l-*-Ar) are design variables and y is

the response.

One-time RSM  usually consists of two steps. The first-order model is first used to study 

the unknown system and the influence o f design variables to form a “screening” step.
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Some important variables will then be picked up for the second-order model fitting. An 

experimental strategy for fitting a second-order model must have a t least three levels o f 

each variable. Many experimental methods, including Full and Fractional Factorial 

Designs (Montgomery 1991), Taguchi method (Taguchi 1993), and Central Composite 

Designs (CCD) (Montgomery 1991), can be used for fitting a second-order nmodel The 

CCD method is probably by far the most widely used experimentation method for the 

second-order model fitting. CCD consists o f  a 2*̂  firctorial design with 2 levels for each 

o f k  variables, augmented 2k  axial points, and a certain number o f  central points. For 

example, the experimental points for two variables, k=2, are shown in Figure 4-1. 

Variables are normalized to [-1, 1] according to each variable range. This feature is 

particularly useful for multi-objective designs with objectives and design variables of 

different units and ranges. In the proposed ARSM method, CCD is adopted as the 

experimentation method.

M .414,0'!

(-1.1) (1.1)

0.01

(-1,-1) ( l .- l)

(1.414,0)

t (0,-1.414)

Figure 4-1: The Ceutrai Composite Ocsigu Scheme

Response Surface Method bears a number o f  appealing features for virtual prototyping- 

based global optimization (Montgomery 1991, Haftka et al. 1998). These include

RSM allows both continuous and discrete design variables. Discrete design variables, 

such as materials and manufacturing methods, can be integrated in the virtual 

prototyping processes for design evaluation.

RSM facilitates the distributed computation. Computationally expensive virtual 

prototyping processes can be carried out simultaneously in a distributed 

computational environment, following a predetermined experiment plan 

Optimization methods based on the response surface could utilize this advantage to
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avoid the sequential process o f  function evaluation one at a time, which is required by 

conventional optimization methods. The total optimization time o f  virtual 

prototyping-based optimization could then be significantly reduced.

- RSM provides a designer with insights to the design problem. If  the objective 

function is implicit and unknown to the designer, conventioiud optimization methods 

give little insight to the characteristics of the function. RSM, instead, can supply the 

designer with a global approximation of the unknown function. From the fitted 

function, the sensitivity o f design variables becomes apparent. Optimization based on 

RSM can provide knowledge on the unknown system and on sensitivities of 

variables.

However, the present one-tim e RSM  has two major limitations:

• It is difficult to determine the number o f experimental designs for the response 

surface fitting.

In most cases, the functions o f  design optimization are not in a simple form. If the 

number and/or distribution of the experimental designs are different, the method will 

lead to different design approximations. Since the shape o f a design function over the 

design space is unknown in most cases, no matter what experimental design strategy 

is used, the adequate number o f  experimental designs varies from case to case. For 

one-time RSM, one experimental design strategy is used for all designs, and only one

time regression fitting is performed over the entire design space. An insufficient 

number o f design experiments will produce a response surface model significantly 

different from the design function. The optimization process based on such a 

response surface may terminate with no acceptable result obtained. On the other 

hand, an unnecessarily large number o f experimental designs increase the 

computation time.

• The proposed response surface model cannot adequately represent the complex 

design function in a high order form.

The one-time RSM  uses a first-order or second-order regression model to fit the 

complex design function, which is often in a higher order form. The approximation
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introduces significant modeling errors since it is carried out over the entire design 

space, rather than in the close neighborhood o f the design optimum. The method thus 

cannot lead to a trustworthy design optimum.

4.2 Motivation of this Work

In this work, an improved RSM search scheme, called Adaptive R e^xm se Surface 

M ethod (ARSM), is introduced. This proposed method is based on an iterative second- 

order approximation. This process includes the following steps:

1. Carrying out design experiments systematically on the design function to produce a 

design experiment data set;

2. Building a second-order approximation model o f the design function using the data in 

the design experiment data set;

3. Calculating the optimum o f the fitted response surface, evaluating the design function 

at the model optimum, and adding the real function value at the obtained model 

optimum to the next design experiment data set, if  the value is better than all 

experiment points in the set;

4. Reducing the design space using a given threshold according to the function value of 

experimental designs in the data set and the correlation o f  design variables;

5. Stop if design criteria satisfied. Otherwise, go to Step 1 with the reduced design 

space.

The approach q>plies an iterative process to progressively improve the approximation, 

thus not relying on the initial number of experimental designs. As the design space is 

continuously reduced, the second-order polynomial response surface can accurately 

approximate any high-order function in a sufficiently small region based on Taylor’s 

equation. This iterative process starts from a global approximation in the entire design 

space, and systematically converges to a local region in which the approximation is 

adequate and the optimum can be obtained. ARSM takes the advantages o f the response 

surface m ethod for virtual prototyping-based design optimization, and overcomes the 

limits of the one-tim e RSM. In the following sections, the proposed ARSM is presented
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and tested using a benchmark problem. A two-bar structure design problem is used as an 

example to demonstrate the method.

4.3 Adapthf9 Response Surface Method

4.3.1 Strategy of ARSM

In this section, a single variable cubic function, / ( x )  = 2 r ’ -3 2 x  + I, is used as the 

‘‘unknown’̂  design function to illustrate the proposed Adaptive Response Surface Method 

(ARSM). In the interested design space [-3,5], two local minima o f  the function exist, 

namely, (-3, 43) and (2.31, -48.3). Based upon the CCD method, five experiments are 

made to approximate the “unknown” curve, as illustrated in Figure 4-2. These 

experiment points are (-3, 43), (-1, 3 1), (I, -29), (3, -41), and (5, 91).

If one applies the one-tim e RSM  and a second-order model to carry out the 

approximation, the first fitted function is / ( x )  = -24.2 -  10.8x + 6x^. The minimum of 

this fitted model is at x = 0.9 while the real global optimum o f the design function is at 

X = 2.31, as shown in Figure 4-2. This is a rather inaccurate solution due to the intrinsic 

model difference and the limitation of the one-tim e RSM  scheme. To improve the 

approximation accuracy, the conventional one-tim e RSM  scheme has to go back to reduce 

the design space through a trial and error method. This approach will result in a lengthy 

design process and continuously suffer from the drawback o f search-in-blind. The 

method will also need human intervention, which hampers the facilitation o f  design 

automation.

The proposed ARSM introduces a scheme that automatically narrows down the design 

space and accurately identifies the design optimum. In this method, a second-order 

model is used in all model-improving iterations to approximate the design function within 

the design space. According to the Taylor’s Series, a second-order model provides a very 

good approximation to any unknown function at the close neighborhood o f the design 

optimum. The approach applies the response surface method iteratively with a
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progressively reduced design space that is determined by a varying design threshold, until 

the design optimum is located

120

100 Reduced Design Space

ao

Design Function

Second Fitted Model

Cutting
Plane

-20

First Fitted Mode!-40 -

-60 -2 - 1
X -  d#Wgm

Figure 4-2: A Conceptual Illustration of the ARSM

This approach can also be illustrated using the same example shown in Figure 4-2. The 

method starts with a very large design threshold for the first approximation using a 

quadratic function just as the ordinary CCD method. After the first iteration, the ARSM 

method uses a reduced threshold on the design function. For the ease o f illustration, in 

this example 20 is used and the design space corresponding to the design function value 

o f above 20 is discarded. The cutting plane /  = 20 intersects with the first fitted model. 

The two intersections are (-1.96, 20) and (3.76, 20). The ARSM method then applies the 

CCD method again over the reduced design space [-1.96, 3.76], and produces a second 

fitted model / (x) = -10.06 -  22.95% + 5.40%', also shown in Figure 4-2. This second 

fitted model yields a much better approximated optimum at x = 2.13 in comparison to 

the true design optimum at x = 2 31. By continuing this process, the approach can 

quickly locate the true global optimum of the design. The concept of the proposed 

Adaptive Response Surface Method is summarized in Figure 4-3.
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As shown in Figure 4-3, a formal experimental design method, e.g. CCD, is first applied 

to explore the unknown design space. All variables used for the model fitting are 

normalized. The global optimum o f the fitted model is obtained using conventional 

global optimization algorithms, such as the sim ulated cmnealing method. The real value 

o f the design function at this obtained model optimum is calculated through another 

evaluation o f  the design function. If this estimated optimum presents a better solution 

than all other probe points in the design experiments, the point is added to the set of 

experimental designs for the following design experiment iteration. All experimental 

designs and the accepted model optimum are recorded in the design library. After each 

design iteration, a threshold, or cutting plane, is used to reduce the design space. In this 

algorithm, the second highest value o f  experimental designs is chosen as the cutting plane 

to progressively reduce the design space. If this second highest value o f the design 

function carmot help to reduce the design space, the next highest value o f  the design 

function will be chosen, and so on. Each design iteration provides an improved fit 

between the second-order approximation model and the unknown design function over 

the reduced design space. A designer could terminate the search process as soon as a 

satisfactory design shows up in the design library. Otherwise, the iterative process stops 

when the design space cannot be further reduced, i.e., when the lower bound and the 

upper bound for each variable converges to a certain value or the difference o f the two is 

negligible.

The proposed ARSM method is introduced for solving complex optimal design problems 

that involve time-consuming design function evaluations. The main purpose o f ARSM is 

to reduce the search time and number o f function evaluations for those computationally 

intensive procedures as well as to obtain the global design optimum. In later sections, 

two examples will be given to demonstrate the much reduced search time through the 

reduction o f  the computationally intensive design evaluations. The following sub

sections deal with some key technical issues in the application o f  ARSM.
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Figure 4-3: The Algorithm of the ARSM

4.3.2 Identification of the Reduced Design Space

The calculation o f the reduced design space through the intersections between the cutting 

plane and the fitted function is straightforward for a single variable function. Identifying 

the reduced design space for a multiple-variable design task is more challenging. The 

proposed method applies a global optimization method to solve this problem.

Assume the design problem has a total of n design variables, the range o f variable Xk. 

when a design threshold, yo, is chosen, can be obtained by optimizing x t with respect to
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all other design variables. Rearranging the response surface model given in Equation 

4-2, one gets

+ [ É  Z  -  A'o] = 0
1=1.»* <=!.«* <=l,»* /=!.»*

•<i
Equation 4-3

where, are the coefficients o f the response surface, and their subscripts are named 

according to the statistics convention.

Since a second-order model is used to fit the unknown design function, one can always 

get a quadratic function o f x*, with respect to other design variables as in Equation 4-3.

Let

^  = A*

^ = A  + Z A * j .̂
i=l.»*

c = Z  + A ^ .)+  Z  Z A ^ '^ v  + A -P o

Equation 4-4

*=!.»* (=1. »*>=!,»* 
'</

Given x,, • • • x^_,, x* ,̂, • • •, x , , the two solutions o f  x* can be expressed as:

-b±-Jb^  —4ac _
^*.1(2)-----------—  . a  ^  0

Equation 4-S

The task o f  determining the reduced range o f  xt is then transformed into the task of 

finding the minimum and maximum of x* in variation with respect to other design 

variables within their constraints. The two optimization problems are formulated as

follows.

For the lower limit ofx*.

Minimize tnin {x^,, x* %}

Equation 4-6
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subject to

Equatioa 4-7

For the upper limit o f

Minimize -m ax{x^ ,.x^ j}

Equatioa 4-8

subject to

Equation 4-9

For these optimization problems, conventional optimization algorithms are often trapped 

into some local optima. A widely used global optimization method, and by far one o f  the 

most advanced algorithms, sim ulated annealing (SA), is applied to ensure that the 

reduced design space is correct.

4.3.3 Modeling Accuracy Evaluation

To judge the accuracy o f  the obtained design optimum, certain accuracy measures are 

needed. Since no a  priori knowledge on the exact shape o f  the unknown design function 

is available in optimizing a complex and implicit design problem, the modeling accuracy 

is only a reflection o f how well the model explains the experiment points. All the 

statistical measures cannot explain how the model interprets the unknown surface beyond 

those experiment points. Therefore, conventional approximation evaluation means 

cannot be used as a strict metric to evaluate how the fitted model approximates the design 

function. Those measures can only be used as a reference for the designer. Secondly, 

computer experiments differ from physical experiments as they have no random error and 

much less system errors, thus many conventional DOE concepts no longer apply. These 

include unit, blocking and residual. Some statistical methods, however, can still be used 

as a reference o f  the approximation accuracy th ro u ^  the modeling o f  given experiment
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points. In the proposed method, the coefficient o f determination, /^ , is used to evaluate 

the adequacy o f a regression model for a designer’s reference.

The coefficient is defined as below;

2 _  J= !_____________

<=i

Equmtiom 4-10

Where y, are the approximated hinction values; y , are the experimental values; y  is the 

mean o f y, ; and 0</?* <1 (Myer 1971). The larger the value o f the better the

model fitting. Based on R \  the designer can have a certain degree o f confidence about 

the optimized result. Especially when the design space is small enough, a large 

implies a very good approximation to the real function. Thus the optimum obtained in 

the small region will be close to the real optimum In addition, for physical experiments, 

the addition o f extra design points might introduce more error into the model and thus 

reduce the R  ̂ value. But when applying computer experimentation, or virtual 

prototyping, one can increase the R  ̂ value by doing more experiments (simulations) at 

the expense o f computing time. Thus in the ARSM, the number o f design points remains 

the same for each experimental design for a better comparison.

Another measure o f modeling accuracy, the average fittin g  difference. A, is also used as a 

designer’s reference. The measure is defined as

"  1=1

Equatioa 4-11

The value o f  “A” can tell the designer the possible maximum deviation o f  the obtained 

“optimum” to the real function value at that design point.
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4.3.4 Calculation of Regression Coefficients

In conventional regression analysis, the least square method is normally used to 

determine regression coefficients. Assume a set o f  experiment data is to be fitted by a
m

first-order model y  = where are variables; m is the
<=i

number o f  base functions; and the regression coefficients to be

calculated. The f i  vector is usually obtained through the equation -  (% '%) ' % 'f  in 

the Design o f Experiments method (Montgomery 1991). The equation can also be 

rewritten in a matrix form as f  = X p  , where Y is the vector o f responses; X is the matrix 

o f base function values at variable levels; and >9 is the vector o f  regression coefficients. 

This expression, however, cannot avoid the singularity o f the matrix X (Press 1992). In 

this work, a more reliable approach, the singular value decomposition (SVD) method, is 

used instead. The method decomposes matrix X to X  = U^W V  . U and V are orthogonal 

matrices and W only has nonzero diagonal values. The regression coefficients can be 

calculated by P  = V[diag(l/w.)YJ^y. This method has been proven to be able to give

the exact solution or the closest approximation in the least square sense to the regression 

coefficients reliably (Press 1992). The SVD method is more suitable for design 

automation due to its better reliability.

4.3.5 Termination Criteria

In ARSM, the design process would terminate when the design space cannot be further 

reduced or the difference between the upper bound and lower bound for all variables is 

negligible. That is to say, the range along all the directions in a N-dimensional design 

space is close to zero and the design space converges to one point.

Also, the designer has the authority to terminate the iterative design process as illustrated 

in Figure 4-3. More often, the designer faces a time constraint and desires to have control 

over the design procedure. A designer (normally an engineer) often does not want to be 

left idle by computer programs. Thus ARSM has to give control to engineers for a wider 

application. On the other hand, the intelligence o f  the engineer can be o f help for the best
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application o f the ARSM. An experienced designer can choose the right time to stop the 

design process and thus avoid more iterations, while may be expensive and yield trivial 

design improvements.

It is worth noting that neither nor the difference A can be used as an ideal termination 

criteria. Intuitively, a large R^ number may imply a good approximation to the real 

function. The optimization based on this kind o f  approximated function might give one 

the global optimum. But as indicated before, a large R ' does not necessarily mean a good 

approximation to the real function. One might observe in the next section, the R^ value 

varies randomly, depending on the distribution of fiinction values o f the experimental 

designs. The maximum fitting difference A will decrease each time when the design 

iteration approaches to the global optimum. But the absolute value o f A in each fitting is 

also a random number. Thus it cannot be used as a reliable termination criterion either.

4.3.6 Feedback of the Last Optimum

In the iterative process, the optimization is based on an approximation function. The real 

design function value at the obtained model optimum is to be evaluated through 

mathematical modeling or virtual prototyping. Due to the difference between the real 

function and the approximation model, the obtained model optimum may not be the real 

design optimum. It may not even be the optimum among those experimental designs. 

Two scenarios were explored to better utilize the obtained model optimum for the next 

design iteration. The first was to always pass or inherit the best design from the last 

iteration to the next iteration. This best design from the last iteration is the optimum 

among the experimental designs and the last model optimum. It was found through 

testing problems, however, the inherited design tended to lead the search process to the 

solution in its neighborhood. The best design from the last iteration may be a local 

optimum and the design iteration becomes trapped into a local optimum. To avoid this 

from happening, the second scenario, as shown in Figure 4-3, involves discarding the last 

model optimum i f  it yields a higher function value than any experimental designs in the 

minimization, and keeping it for the next iteration only if it yields a lower value than all 

the experimental designs. A model optimum is meaningful only when the optimum
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represents a better function value than all experimental designs. Thus only this type of 

optimum is kept in the proposed algorithm to direct the next design iteration.

4.4 T9StsonARSM

The proposed ARSM method was tested using a number o f well-known benchmark 

optimization problems. Among those, the Goldstein and Price Function is a high-order 

polynomial function with a very unusual shape, and is frequently used to test new 

optimization algorithms for their convergence characteristics (Dixon and Szego 1978). 

As one can see, the Goldstein and Price function can rise up to higher than lO’ in as small 

o f a region as [-2 2]. Tests of the proposed ARSM method using the Goldstein and Price 

Function is presented in this section. The Goldstein and Price Function has the following 

form:

/ ( 4 .^ z ) = [ l  + (4  +*2 4-l)*(19-l4x, +3x* -1 4 x j +6x,x, +3Xj)]*[30 +
(2x, -3x j)^(18 -32x , +12x,' +48x, -3 6 x ,x , +27x|>]

Equatkw 4-12

where, x,, x , e  [-2  2]. The mesh and contour plots o f the Goldstein and Price function 

are shown in Figure 4-4.

(a) Surface aMsh
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Figure 4-4: Mesh aud Coatour Plots of the Goldstein and Price Function 

We assume that the Goldstein and Price Function acts as a complex design function with 

an unknown shape and requires intensive computation for each function evaluation. In 

mechanical design and virtual prototyping, good examples of these design functions 

include structure, dynamic, and heat transfer analyses using finite element analysis (FEA) 

software. From mesh generation to numerical calculation through all FEA nodes, each 

computation pass o f FEA often requires minutes o f computation time on a high-end PC. 

These design functions are in an implicit form o f unknown shape Their values can only 

be accessed through computationally intensive function evaluations. The tests on the 

ARSM method include two aspects;

Whether the approach can converge to the global optimum of the test function?

How many function evaluations are needed for the algorithm to converge, comparing 

with other existing global optimization methods?
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The comparison was made to one-tim e RSM  and sim ulated annealing. In these tests, the 

proposed ARSM method outperfonned the former by a more accurately identified global 

optimum and outperformed the latter by a much higher computational efficiency (much 

fewer required function evaluations). The one-time RSM method failed to identify the 

exact design optimum. The single model fitting generated the fitted function as plotted in 

Figure 4-5 (a), where design variables are normalized to [-1, 1]. This function is 

considerably different from the given Goldstein and Price Function as shown in Figure 

4-4 (b), thus leading to a wrong result. Human intervention has to be introduced to find a 

more appropriate design space. The trial and error approach or exhaustive search 

requires a very large number o f design function evaluations before the global optimum 

can be identified. On the other hand, the ARSM method produced a fitted model that 

looks similar to the given Goldstein and Price Function over the reduced design space 

after the second iteration (Figure 4-5 (b) and Figure 4-4 (b)). The cutting plane and the 

reduced design space o f the second design iteration are illustrated in Figure 4-6. 

Calculation results after each design iteration are listed in Table 4-1.

At the seventh iteration, the ARSM reached to a solution very close to the design 

optimum. The search could be terminated as a satisfactory result was obtained. 

Calculation results from additional iterations are listed in Table 4-2 to illustrate the 

potential improvement on the accuracy o f the design optimum.

In this searching process, the average fittin g  difference, A, as a measure o f  modeling 

accuracy, gradually decreases as the value o f the cutting plane decreases and the optimum 

o f the fitted model approaches the design optimum. While the other measure o f  

modeling accuracy, the coefficient o f determ ination, J^, has a vague connection to the 

change o f  both.
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Figure 4-6 : Orttiag Plane and the Reduced Deaign Space after the Second Design Iteration

The search efficiency (in terms o f required number o f function evaluations) and the 

accuracy o f  the optimization are compared between the two iterative algorithms: the 

widely used sim ulated annealing approach and the proposed ARSM method. Two 

implementation methods o f the proposed ARSM algorithm were applied. In addition to 

the previously discussed CCD approach, an alternative experimental design method. 

Central Composite Inscribe (CCI), was also used in the tests. A detailed discussion o f the 

CCI design experiment method can be found in (Chen 1995). Results o f the comparison 

are given in Table 4-2.

If we assume 5 minutes o f computation time is needed to carry out one design function 

evaluation using the computationally intensive virtual prototyping design tool, the total 
computation time required by the simulated annealing will be forty days, in comparison 

to twelve hours required by the ARSM with CCD and five hours by the ARSM with CCI 

The computation time associated with the design space reduction at each design iteration 

in ARSM is very short on a Sparc Ultra SUN workstation and can be neglected. In 

addition, for the ARSM with CCD, the optimization could stop after the seventh or eighth
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iteration with an obtained design minimum at 3.21, very close to the real minimum. The 

corresponding computation time will be comparable to that required by using the ARSM 

with CCI method. Thus the time needed to acquire the design optimum using the 

proposed ARSM method is more acceptable for a design task and can be further reduced 

by parallel computation. The simulated annealing method, on the other hand, is 

infeasible to be used as a design tool, or a very costly powerful computer has to be used.

Table 4-1 Opdmbado# of the GoldSCeia aad Price Vbactioa Uaiat ARSM

Design
Iteration Design Space Average

Fitting D iff
Cutting
Value R*

Optimum 
Design @

Design
Func.
Value

*1 Xl:l-2 21 
X2:[-22] 422977.25 316600 0.51 [2.0.531 425.66

#2 XI:(-I.24 2) 
X2:[-l.50 2J 96507.42 211478 0.92 [2.0.531 425.66

#3 Xl:[-I.24 2| 
X2:I-1.50 1.761 34068.30 211478 0.96 [2.0.531 425.66

#4 XI [-124 21 
X2:[-1.50 1.391 16396.05 -4000.00 0.96 [2.0.531 425.66

#5 Xl:(-1.24 21 
X2:(-l.50 -0.721 18823.08 41444.9 0.94 [0.012 0.72) 63.20

#6 Xl:[-1.24 1.661 
X2:[-1.50-0.491 10758.20 8855.98 0.93 [0.21 -0.99] 26.88

#7 XI [-1.24 1.181 
X2:[-1.50 -0.491

4490.96 5177.48 0.86 [-0.03 -0.99] 3.21

#8 XI [-1.24 0.881 
X2:[-1.50 -0.341 2613.20 2224.69 0.67 [-0.03 -0.991 3.21

#9 XI [-1.24 0.741 
X2:[-1.2I -0.341 659.73 287.420 0.92 [-0.03 -0.99] 3.21

#10 XI [-0.68 0.511 
X2:[-1.2I -0.341 102.88 200.00 0.80 [-0.03 -0.991 3.21

#11 Xl:[-0.64 0.291 
X2:[-1.02 -0.341 85.13 80.36 0.79 [-0.03 -0.99] 3.21

#12 XI [-0.33 0.291 
X2:[-1.02 -0.531 36.86 34.38 0.76 [-0.03 -0.991 3.21

#13 XI [-0.28 0.291 
X2:[-1.02 -0.771 17.73 28.01 0.70 [-0.03 -0.991 3.21

#14 XI [-0.23 0.201 
X2:[-1.02 -0.77]

8.41 10.00 0.66 [-0.03 -0.991 3.21

#15 XI [-0.10 0.141 
X2:[-1.02 -0.87] 1.19 n/a 0.87 [-0.009 -0.991 3.11
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Table 4-2 A Perfor— ce C èw pariw  kelweem the S i«— li*fd Ammemlimg mmd the Propotcd ARSM 
Uiiac the Geidalcia aa4 Prkc Fkactioa Teal Prabicai

Global 
Optimizati 
on Method

Obtained
Design

Optimum

Optimal 
Design 

Func. Value

Minimum 
Obtained at 
Iteration #

Number of 
Function 

Evaluations
ARSM 

with CCD [-0.01 -0.99] 3.11 15 150

ARSM 
with CCI

[-0.09 -0.97] 6.10 6 60

Simulated
Annealing [0 .00-1 .00] 3.00 11,276 11,276

4.5 A Design Example

A two-bar structure design example, as shown in Figure 4-7, is used to further illustrate 

the proposed ARSM scheme. This design example was previously used by Geilen 

(Geilen 1986). Chen has also used this design example to demonstrate the robust concept 

exploraticm m ethod (RCEM) (Chen 1995). As a typical mechanical design problem, the 

example consists o f  several design constraints and a design objective. In this example, 

the formulas for the constraints and the objective can be derived explicitly. The fit o f  the 

estimation model and the numerically calculated design optimum can be easily verified.

Section C-C

d=X,

11

Figure 4-7: The Two-bar Structure
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The objective o f  the design is to produce a functional structure with certain material 

volume in variation to two design variables, i.e., x i, nominal diameter o f the bar cross 

section, and x j, the height o f the two-bar structure. The design subjects to both normal 

stress and buckling stress constraints. A brief description of the design problem is given 

as follows. Detailed formulation o f  the design problem can be found in (Chen 1995).

A Brief Description o f the Two-bar Structure Design Problem:
Given

Externalforce 

Norm a! stress lim it

Thickness o f the cross section 

W idth o f the structure 

E lastic modulus

F  =150 K N

=400N/mm^

T  =2.5 mm

B  =750 mm

E  =2I0KN/mm^

M inim ize

subject to

Norm al stress constraint

Buckling stress constraint

Variable range constraints

I Volume~500000\

where.

Volume = lnTx^ -^B^ +Xj

<T =
IxTXfX^

<r„,
8 B ' + x l

cr < a  _

Equation 4-13

Equation 4-14

Equation 4-15

1 < X, < 100mm, 10 ̂  Xj ^  1000mm
Equation 4-16

Equation 4-17

Equation 4-18

Equation 4-19
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This design problem, at the present state, can be solved using conventional analytical or 

numerical optimization methods. Since the problem can be expressed explicitly, a 

closed-form design optimum could be obtained. However, if the bars have a non

constant cross-section, or if  additional bars are introduced in the structure, the explicit 

formulation and closed-form solution would become difficult or impossible. A finite 

element analysis tool for virtual prototyping would then have to be used to assess the 

stresses o f the bars, and a  geometric modeling package would have to be used to calculate 

the exact volume o f the bars. The proposed ARSM can be used to solve the virtual 

prototyping-based design optimization problem.

This explicitly formulated and solvable problem is chosen to illustrate the newly 

introduced ARSM algorithm and to verify the calculated design optimum. The ARSM is 

used to reduce the design space and to find the design optimum.

4.5.1 Design Space Reduction

The ARSM applies non-linear approximation to the entire design space. The reduced 

design space is based on the consideration of the correlation among the design variables 

Therefore, ARSM provides a more reliable reduced design space. For the two-bar 

system, initial designs are performed to approximate the two constraints (CCI method is 

used with the normalized variable range o f [-1 1]).

In global optimization, most search algorithms first reduce the design space Chen 

introduced an intuitive linear method to reduce the design space (Chen 1995) This linear 

method did not consider the correlation between design variables. When strong 

correlation exists between the design variables, the linear method may result in erroneous 

design space reduction. This intuitive method also has some limitations due to its 

simplicity.

The proposed ARSM applies a second-order approximation to the design function over 

the entire design space. Reduction on the design space is based on the correlation among 

all design variables. These improvements considerably increase the reliability o f  design
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space reduction. For the two-bar structure, a number o f initial designs are introduced to 

approximate the two design constraints (CCI method is used).

Table 4-3 CCI D cd fu  for the Coastraials

Xl
(mm)

xa
(mm)

a
(normal, N/nun^) (buckling, N/mm^)

85.507 855.071 148.550813 -251.449187
85.507 154.929 552.040580 152.040580
15.493 855.071 819.867308 419.867308
15.493 154.929 3046.769090 2646.769090

100.000 505.000 170.974181 -229.025819
1.000 505.000 17097.418116 16697.418116

50.500 1000.000 236.368731 -163.631269
50.500 10.000 14183.384461 13783 384461
50.500 505.000 338.562735 -61.437265

Based on the experimental designs (Table 4-3), the normal stress o f the structure bars is 

approximated by the following model with normalized variables;

cr(x,,Xj) = 342.658936-3388.014893X, -2794.354248Xj + 2450.878662xf 
+1738.505371 X* +455.853363 x,x%

Equation 4-20

The difference between the normal stress and buckling stress with normalized variables is 

approximated by

< r ( x , , x j - ( x , , Xj) = -57.341064-3388.014648x, -2794.354248xj + 2450.878418xf

+ 1738.505249x^ +455.853302x,x,
Equatioa 4-21

The value for both functions is 0.49. The second largest normal stress function value 

o f all the experiments, 3046.77, is chosen as the cutting value and the design space is 

reduced to x, € [23.25 85.50]; x , e  [174.32 855.00]. Similarly, the cutting value, 

2646.77, is chosen for the function in Equation 4-21 and the same reduced design space

is obtained.

4.5.2 Design Optimization

In the reduced space, the CCI is performed and all the constraints and objective are fitted 

according to the designed experiments, as shown in Table 4-4.
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Table4-4 CCI D eiicu ia the Reduced DciicB Span

X,

(mm)
X,

(mm)
a

(N/mm*) (N/nun*)
Volume
(mm^)

76.386 755.354 176 169650 -223 830350 777210.302335
76.386 273.970 364.344338 -35.655662 458068.516528
32.360 755.354 415.857652 15.857652 41064.209307
32.360 273.970 860.053824 460.053824 94133.727695
85.500 514.662 197.394427 -202.605573 721624.403008
23.246 514.662 726.026993 326.026993 167861.042429
54.373 855.000 233.619663 -166.380337 471383.178770
54.373 174.324 775.742446 375.742446 157642.405606
54.373 514.662 310.397136 -89.602864 276881 680289

The fitting results are given in Table 4-5.

Table 4-5 Fittiag Reauits for the Two-bar Structure

Function (with normalized variables) R ' Value

<T
310.414795-185.388443X, -174.892853Xj + 
68.383217xf +89.874916x^ + 64.005356x,Xj

0.992951

-89.585281 -185 388458x, - 174.892883Xj + 
68.383209xf +89.874893x| +64.005333x,Xj

0.992952

Volume
276904.093750 + 235423.343750X, +88726.062500x% + 
74681.945312x2 +9547.354492x2 + 93052.890625x,Xj

0.967032

As values in Table 4-5 are close to one, it suggests that these second-order 

approximation models well represent the original design constraints in the reduced design 

space. The optimization problem is thus transformed to the following formulations and 

the global optimum is then obtained.

Minimize

I 276904.l + 235423.3Xi +88726.1x2 +74681.9xf +9547.4x^ +93052.9x,X2 -5000001
Equatioa 4-22

subject to:

310.41-185.39X, -174.89x2 +68.38xf +89.87x* +64.00x,X2 < 400
Equation 4-23
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-8 9 .5 9 -185.39X, -174.89X, +68.38x,* +89.87x* +64.0lx,Xj £ 0
Equatioa 4-24

— l ^ x ,  ^1; —
Equatioa 4-25

The two-bar structure design optimization was solved using three global optimization 

methods: the arudytical method, Chen’s one-time RSM (Chen 1995) and the proposed 

ARSM. Their results are listed in Table 4-6 for comparison.

Table 4-4 A Coaipariaou of Dcriga Optiaiiaatioa Readts for the Two-bar Structure

Using Analytical 
Functions

One-time RSM 
(Chen’s Result) ARSM

X| (mm) 37.88 40.33 33.71
X2 (mm) 609.89 560.96 753.79

Normal Stress (N/mm*) 400.08 395.33 399.64
Normal Stress -  
Buckling Stress (N/mm^) -0.03 -86.89 -0.36

1 Volume-5000001 (mm^) 74,694.08 93,315.62 63,020.40

The newly introduced Adaptive Response Surface Method (ARSM) yields a much less 

volume difference than the one-time Response Surface Method (RSM) within the normal 

and buckling stress constraints. In addition, Chen made the mesh plots for the objective 

and the constraints and found the abrupt function value change for this simple two- 

variable design problem. Then the decision o f design space reduction was made. In real 

design practice, one carmot make such mesh plots due to the complexity o f  design 

problem and time and cost constraints. The purpose of the design optimization is to 

efficiently identify the design optimum to avoid performing excessive function 

evaluations. Therefore the one-time RSM would likely not able to notice the abrupt 

function value change in real design practice and would yield unacceptable solutions. 

The ARSM, on the other hand, will automatically perform the space reduction to search 

the global optimum unless satisfactory design solutions are obtained at the first design 

iteration. The reason that the ARSM gives even better results than the analytical 

optimization is likely due to the limitation o f  the analytical optimization algorithm used. 

In addition, the result obtained from an analytical optimization algorithm is often 

influenced by the choice o f its controlling variables. With a comparable computation
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time for the two-bar structure design optimization, the ARSM yields a much better global 

design optimum.

4.6 Limitations and Advantagas of the ARSM

The ARSM applies second-order approximation to the complex, unknown design 

functions, gradually modifies the approximation model in a smaller design space, and 

approaches the design optimum. To better illustrate the ARSM as a global optimization 

strategy, we consider the situation o f only one design variable. For one variable k= i, the 

number o f experiments is five according to CCD. These are represented by black dots 

shown in Figure 4-8.

Cutting Plane

The Unknown Function 
The First Fitted Function

Figure 4-8: Conceptual Plots for the Application of the ARSM to Non-convex Functions

Figure 4-8 describes a non-convex function that has multiple local minima. If the cutting 

plane is chosen as shown in the figure after the first function approximation, one can see 

that the design space is reduced to the convex part o f the function and the global optimum 

can be obtained.

As one might have noticed, there exists one situation that the ARSM might miss the 

optimum. That is when the real global optimum is between two experimental designs 

that are of comparatively high function value. The real optimum could be ruled out in the 

next design iteration. This situation is illustrated in Figure 4-9.

If the cutting plane is chosen as shown in the figure, the global optimum point 2 will be 

ruled out and point I will be identified as the global optimum. Unless an experiment had



CHAPTER 4 ADAPTIVE RESPONSE SURFACE M ETHOD (ARSM) 65

been performed in the neighborhood o f point 2, the real global optimum would be 

missed. In the application o f  the ARSM, one has to choose a reasonably small initial 

design space and be conservative in choosing the threshold function value. That is also 

the reason why the second highest function value in the previous design experiments is 

chosen as the threshold value in the algorithm o f  ARSM.

i i
Cutting Plane

2
The Unknown Function 

The First Fitted Function

Figure 4-9: The Situatiou that the ARSM Misses the Global Optimum

The ARSM works well when the overall function shape is convex. For example, even 

though the function illustrated in Figure 4-8 is non-convex in the design space, the 

overall shape o f  the function is regarded as being convex. As a result, the approximation 

Ainction is convex. In this case, the ARSM can continuously obtain a reduced design 

space based on the given threshold value and the last approximation function. If  the 

overall function shape is concave, the approximation function will be concave. The 

ARSM will lead to an enlarged design space and the optimization will not converge. 

Further work is required to improve the ARSM to handle overall concave objective 

functions and to overcome the situation shown in Figure 4-9.

Nevertheless, the ARSM inherits many advantages from the response surface method, 
and also bears its own merits. Those advantages make the ARSM suitable for complex 

design synthesis, especially for concurrent design optimization. In detail.

The ARSM is a rapid global design optimization scheme. A significantly fewer 

number o f function evaluations are required for the convergence o f  the optimization, 

compared to probabilistic global optimization algorithms. In this sense, the ARSM 

makes the global design optimization for complex problems feasible and practical.
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The ARSM is independent o f any conunercial CAD/CAE packages. Instead, it can 

communicate with these packages or programs through a data exchange mechanism. 

Thus, various modeling, analysis, simulation, virtual prototyping processes can be 

utilized to support ARSM and be in t^rated  through ARSM. This fea&uie will solve 

the problem o f companies becoming CAD/CAE platform dependent. As the 

optimization can be carried out independently to the function evaluations, the coding 

task for optimization becomes easier and simpler.

- The Design o f Experiments nature o f  ARSM facilitates distributed computation. 

Computationally expensive virtual prototyping processes can be carried 

simultaneously in a distributed computation environment, according to the 

experiment plan. Thus, the optimization time could be further reduced by changing 

the sequential process o f  conventional optimization methods to a parallel mechanism. 

The nature o f the response surface method allows any type o f  design variables in the 

design optimization, such as geometric variables, operational variables, material, 

tolerances, and so on. The variables could be either continuous or discrete.

- The ARSM provides the designer with insights to the design problem and provides 

many solutions rather than one optimum. For conventional optimizations, if the 

optimization process has been led astray, the designer has little insight to judge the 

obtained “optimum” through the optimization process. The ARSM instead can 

supply the designer with a series o f designs. Also from the fitted function, the 

sensitivity o f  design variables becomes obvious to the designer.

The ARSM facilitates the automation o f  the concurrent design process. The ARSM 

could automatically generate experimental designs and reduce the design space. 

Given proper interface between various function evaluation modules and the ARSM 

unit, the entire quantitative concurrent design process could be automated.

It is to be noted that some commercial packages for finite element analysis are equipped 

with optimization functions, for example, Pro/Engineer. These packages allow the 

designer to change geometric variables to achieve certain structural or thermal function 

goals within given constraints. This type o f  optimization is based on the simultaneous 

equations for finite elements. The simultaneous equations are used as either the design
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objective or constraints. This capability provided by the packages can help the designer 

analyze the design from a structural or a thermal perspective. But this optimization 

scheme is limited in following aspects;

•  The design functions can only be structural or thermal, which is determined by the 

function o f  finite element analysis. It is very difficult, if not impossible, to integrate 

other product life-cycle performances into the optimization.

• Because the optimization is performed through conventional local optimization 

methods, the global design optimum is often out o f  reach.

• As the optimization is based on numerous simultaneous equations, the optimization 

process is very computationally expensive.

• This finite element analysis based optimization only takes geometry related design 

variables, and

• The design optimization is dependent on individual CAD/CAE package.

4 .7  S u m m a ry

This chapter discusses in detail a new design optimization approach, the Adaptive 

Response Sur&ce Method (ARSM), for complex design problems with implicit 

parametric models and virtual prototypes. The ARSM requires a modest number of 

function evaluations and aims at seeking the global design optimum, thus making the 

virtual prototyping-based design optimization feasible. The ARSM is tested by a 

benchmaric problem and applied to the design o f  a two-bar structure. Limitations and 

advantages o f  the ARSM are also presented. The next chapter will apply the proposed 

quantitative concurrent design method to the design o f  a critical fuel cell component —  

the multiple function panel. Both virtual prototyping and mathematical modeling 

methods are used to evaluate design performances. The ARSM is then used to carry out 

the design optimization. The obtained design optimum satisfies the multiple function 

requirements, leading to a better performing PEMFC stack.



Chapter 5 Optimal Design of Multiple Function Panels for 
TERS

As discussed previously, the optimal design o f a complex mechanical component, 

assembly and system is a challenging task due to many influencing variables involved 

and the complex relation among these variables Conventionally the design is 

dramatically simplified through mathematical modeling, on which design optimization is 

carried out. This method suffers from its simplicity, since the behavior o f most industrial 

designs cannot be sufficiently represented by an explicit and simple mathematical model. 

The functional performance o f  a complex design often can only be reliably assessed 

through the time-consuming and costly physical prototyping process.

In this work, virtual prototyping is used as a functional performance evaluation tool in the 

global optimization o f a complex design. The adaptive response surface method 

(ARSM), introduced previously, can converge to a global optimum with a limited number 

o f objective ftmction evaluations through the parametric virtual prototypes o f a design.

In this chapter, the proposed new design method is illustrated through the optimal design 

o f multiple function panels for an air-cooled Proton Exchange Membrane (PEM) fuel cell 

stack with external manifolds. This multiple-ftinction panel provides several key 

functions to the new PEM fuel cell stack. The performance o f  these functions cannot be 

adequately modeled using mathematical modeling. The optimization o f  major panel 

design variables allows us to efficiently carry out a systematic search through all feasible 

designs to identify the optimal design solution.
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5.1 The Tri-stream, Extemat-manlfotding, and Radiator Stack (TERS) 
Design

To produce a more efficient and low-cost stack design, the Tri-stream, External- 

manifolding, and Radiator Stack (TERS) architecture was introduced in our Next 

Generation Fuel Cell for Transportation (N (3 T ) research program. This work is jointly 

supported by British Gas pic, Ballard Power Systems, Inc., and the Natural Science and 

Engineering Research Council o f  Canada (NSERC).

The patented TERS design was introduced to  reduce cost, ease manufacturing, arid 

improve system performance. System performance and costs are two main design 

objectives and evaluation metrics.

A PEM fuel cell operates around SO-SS^C. The massive amount o f low-grade heat 

generated during the cell operation has to be removed to maintain the desired operating 

temperature. For a high power fuel cell (more than 30 kW), a large radiator for internal 

cooling is normally used (Blomen and Mugerwa 1993). This configuration, however, 

suffers from a bulky radiator and a large circulation pump that dissipates about 10% gross 

power o f the stack. In addition, to avoid corrosion, the radiator is made o f  relatively 

expensive fuel cell fnendly material that further increases the cost.

The TERS design integrates the radiator into the fuel cell stack to reduce cost and 

increase system power density by eliminating the coolant circulation pump, as shown in 

Figure 5-1. In TERS, fuel and air flow from the two sides, respectively, and the cooling 

air goes through the multiple-function panels. The TERS consists o f  a number of cell 

units. A cell unit includes a membrane electrode assembly (MEA), hydrogen and oxidant 

delivery plates, and a multiple-function panel (Figure 5-2). The multiple-function panel 

consists o f two flat planes with a corrugated metal sheet (or fin) sandwiched in-between 

(Figure 5-3).
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End Plate
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Air Flow
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Plate Multiple Function Panel

Figure 5-1: The Stack Coufignratioa of TERS

A Cell Unit

Another
CeU

■  ̂

Figure 5-2: Cdi UuiUiaTERS

Hj Delivery Plate 

MEA
Oxidant Delivery Plate 

Multiple Function Panel

Figure 5-3: The Exploded View of the Multipie-fuactioa Panel

The novelty of TERS lies on following aspects:
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• Integration o f a. radiator and the fuel cell stack. This feature eliminates the parasitic 

power consumption for the radiator; reduces the fiiel cell system size; and lowers the 

system cost

• Introduction o f  the multiple-function panel to act as a distributed spring system to 

compensate the theimal and hydraulic expansions o f stack components, which 

facilitates the external manifolding for fuel cells. External nuuiifolding can reduce 

the system sealing and assembly cost compared to the current internal manifolding 

method.

In the TERS design, the key components, the multiple-function panels function as a  heat 

radiator to remove heat from the stack. They also act as a spring system to compensate 

the internal expansions o f the stack. In addition, the panels serve as current collectors to 

form a current pass through the stack Minimum internal resistance is desired.

5.2 Design Problem Formulation

The panel properties are determined by six design variables as shown in Figure 5-4. 

These include such qualitative design variables as panel material and surface texture of 

the fin surface, quantitative variables as geometric variables as panel height (h), Jin 

thickness (t), fin  wavelength (w), and one configuration variable, the f in  shape.

* Various Hq Shape

*h/bÊBnà
*SuâœTedu«

Figure 5-4: Design Variables of the Multiple-fnactiou Panel
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In this work, the proposed optimal design method is demonstrated through the 

optimization o f three o f the six design variables: panel height, A, fin thickness, /, and fin 

wavelength, w, for the ease o f  discussion. The heat transfer capability o f  the panel is 

calculated using a mathematical model The panel stiffiiess is calculated using a virtual 

prototype. Experiments were carried out to validate the models in both cases.

5.3 Heat Transfer Analysis and Verification

The amount o f heat conducted from the cathode to the panels is calculated by the TERS

system performance model (Pastula 1997). The heat transfer rate, Q , can be calculated

by:

Q — (Toadtt ~ )
Equatioa 5-1

where, Cp is the specific heat ct^>acity o f air, m is the cooling air mass flow rate, AeooUng is 

the total heat transfer surface area, AT. is the temperature difference between the fin wall

and the channel air, and the and T^.u, are the inlet and outlet air temperature, 

respectively. The outlet air temperature is determined using the logarithmic mean 

temperature difference (LMTD) (Amphlett 1995 (a)).

-)H

Equation 5-1 and Equation 5-2 can be used to calculate T^fu.:
Equatioa 5-2

TamdH ~ Mêt

m e .

Equatioa S-3

Assume that the panels maintain a constant T^au o f  85*’C, and the ambient temperature is 

25°C. The average heat transfer coefficient, is calculated from the Nusselt number
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(AmD/%). Z) is the hydraulic diameter and k  is the conductivity o f  surrounding fluid. The 

Nusselt number is calculated using various correlation equations depending on the 

Reynolds number and fin cross section.

If we assume laminar flow along smooth triangular ducts, a constant Nusselt number will 

be expected (Kahac et oL 1987). I f  h  is turbulent flow, the following relation results;

log Mr = 0.755 log R e - 1.434

Equation 5-4

This model presents conservative results compared with other heat transfer correlation 

equations based on turbulent flow. The relation needs to be correlated with empirical 

parameters for a turbulent flow (Kahac e t cd. 1987). To test the flow assumption and 

verify the turbulent flow correlation, a number o f experiments were performed. The 

tested panel configuration is h=8.7 mm. w=5.0 mm, and t=0.076 mm. The test apparatus 

is shown in Figure 5-5 and the test results are given in Table 5-1.

Ambient Air Flow

Cooling Panel 
Insulated Aluminum Plates with Ifcaters

Insulation

Fan Speed Control

Figure 5-S: Schematic of the Heat Transfer Test Apparatus for the Multiple*fuactloa Panel

Nusselt and Reynolds numbers were calculated based on the experiment data and plotted 

in Figure 5-6. Since the Nusselt number was not constant, these experiment data were 

used to improve the turbulent flow model given in Equation 5-4. The model has the form:

logMf = 0.559logRe -  0.85

Equation 5-5



CHAPTER 5 OPTIMAL DESIGN O F MULTIPLE FUNCTION PANELS FOR TERS 74

Table 5-1 Paad T ot Roahs

0 ( W ) T * a C C ) T io - rC ) ToudrtExp.CC) Air Flow Rate (g/s)
58.7 72.0 23.8 67.6 1.34
58.7 55.6 23.6 52.6 2.02
58.7 37.8 23.5 34.7 5.22
96.8 66.2 23.7 61.3 2.57
96.8 48.3 23.9 43.5 4.92
169.4 95.4 24.2 87.3 2.67
169.4 65.7 23.7 57.5 4.99
169.4 52.9 23.6 44.4 8.11
249.7 86.9 24.0 75.3 4.85
249.7 66.4 23.2 53.1 8.32
353.3 85.3 24.0 69.6 7.72
353.3 83.5 24.4 67.2 8.22
397.1 93.5 23.8 75.8 7.61
397.1 91.3 24.5 73.2 8.12

The plots o f empirical data and the revised model are given in Figure S-6. The heat 

transfer capability of the panel can be accurately calculated using the resulting model.

9

8

h
Z4

3

2

♦ revised model 
□ experimental

□-r—
0 200 400 600 800 1000 1200 1400

Inlet Reynolds Naaiber

Fignre 5-6: Heat Transfer Model Vcrificntioa

If heat transfer is the only design criteria, the design problem can be simply formulated
as;
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Maximize F = T ^  -
w .rJ. k .w j

« p ( ^ ^ = ï= ^ )
m e.

subject to:

Equatioa 5-6

=
m < A Given Value

Nuk
D

D  =

Equatioa 5-7

Equatioa 5-8

Equatioa 5-9

P

log Nu = 0.559 log R e- 0.85

Equatioa 5-10

Equatioa 5-11

where, {/mar is the maximum volumetric flow rate, p  is the air density, p  is the absolute 

viscosity o f air, Aa, Pc» are the area and perimeter o f  the fin cross-section respectively. 

The maximum value for the flow rate is given according to the chosen air blower.

5.4 Stiffness Analysis and Verification

The conventional method to calculate the stiffness o f  an object is to form a simple, ideal 

model, and to derive a closed-form solution. However, due to the complex relations 

between the design variables and the panel deformation, a simple mathematical model 

cannot accurately predict the stiffness o f  the panel. Finite element analysis is then
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applied to the solid model o f the panel to accurately calculate the sdffiiess. A number o f  

experiments were carried out on a physical prototype to validate the calculated results.

The thermal expansion o f the stack can be accounted for by adding the thermal 

expansions o f  all stack components The hydraulic expansion o f  membrane is obtained 

from the experimental data of Nafron™ 117. The panel is to be designed to yield 

deformation close to stack expansion.

5.4.1 Virtual prototyping Method

The Pro/Engineer CAD system was chosen as the parametric design-modeling tool. The 

three design variables, h. w, and / were defined to control the variation o f  the design. 

Figure 5-7 shows various panel configurations by varying the three design variables. The 

finite element mesh models were also generated in Pro/Engineer as shown in Figure 

5-8. ANSYS 5.3 was chosen as the analysis tool to  calculate the panel deformation under 

a certain load condition as shown in Figure 5-9. The analysis result was then fed 

back as a performance measure to adjust the design variables for design improvement.

Figure 5-7: Parametric Geometric Solid Modela of the Muitlpie-fuoctioa Panel (aegmemt)
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Figure 5-8: Finite Element Mesh Generated in Pro/Engineer

ANSYS 5.3AUG 10 199814:57:23NODAL SOLUTIONSTEP=1
SUB =1TIME=1UY
TOPRSYS=0DMX =.806842 SEPC=84.564 
SMN =-.588084 SMX =,228036I 1 -.588084
a  -.497404 -.406724 -.316044 -.225364 
^ 5  -.134684-.044004 .046676 .137356 .228036

Figure 5-9: Analysis Results Obtained through ANSYS

5.4.2 Verification of the Virtual prototyping method.

In this work, the results from virtual prototyping were verified using experiments on a 

few physical prototypes. The verification was used to confirm the predicted panel



CHAPTER 5 OPTIMAL DESIGN O F M ULTIPLE FUNCTION PANELS FOR TERS 78

stiffness, and to ensure the defonnation o f  the panel is within the elastic range. The 

physical prototypes were tested on a Material Test System (MTS) machine through 

standard compression tests.

The virtual prototyping and the physical experiments led to very similar results, as 

illustrated in Figure 5-10. The panel stiffness results measured from the tests were used 

to compare with the calculated stiffiiess values from virtual prototyping and to verify the 

virtual prototype.

Test Value

Model 
Value \ /

/ Operating CcndiUoo

« 150 @h=10, w=4, 
t=0.063S, unit: mm 
triangular, pure capper 
8 slots/cm

0.2 0.4 0.6 0.8 1
Deformation (mm)

1.2 1.4

Figure 5-10: Stiffiiess Coaparisoa between the Virtual-protoCyped Result and Tested Result 

5.5 Design Synthesis

The optimal design o f  the multiple function panel involves multiple design objectives. 

The design synthesis forms a global optimization problem that can be expressed as:
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\Designed StiffiteB '-ldeat M œtimm

subject to:
[Designed Defonnation -  Ideal Defonuatioi{

\Idkal D^omalkm\ ^

*i If 2,3

£qwttlMS>12

where, x/, x* Xi leprcienti  nonnalixed Ak w, mmd f, respectively; represents the outlet 
sir temperature. 3̂ 0 K is eftimated' as the nüiiimum lequiremem for heat transfer 
capability. The maximum panel defonnation difTcienoe from the ideal value is set to be 
10%. Prior to the design, the theoreticmlly ideal deformation of each panel in the present 
TERS stack is found to be 0.034 asm. As discussed before, virtual prototyping-based 
design optimisation imposes major challenges to the solution of the optimization 
problem. The developed new search scheme, ARSM, was used in this design.

5.6 Smorch torUm 0%9lgn

5.6.1 Boundary or Ooaign Variables
Based on the design problem, a broad initial design space is first selected as:

TaMe S>2 D oi|^ Variable ftaafea far the DcaisB Syalhcria with ARSM

Design Variables Range (mm)
H (3 10]
W [3 10]
T [0.01,0.26]

5.6.2 Design Experiments

The design experiments are first generated according tô the centrai composite inscribed 
(CCI) method (Chen 1995) The design function values are calculated through the 
mathematical model and virtual prototyping process as described in the previous section.
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Under a given load condition, the panel deformation, instead o f stiffness, is used for the 

ease o f calculation. The experimental designs are listed in Table 5-3.

The relative difference in Table 5-3 reflects the relative difference between the actual 

panel defonnation and the ideal design deformation (see Equation 5-12). Applying the 

least square regression analysis, the function o f  panel deformation can be modeled by;

/(A ')  = 96 .6 2 5 4 -0 .3 5 5 Ix, -0 .6 7 3 3 x , +9.I998x, +3 1469x; +3.0320x; 

- 9 .0777x3- -0 .1788x ,x , +0.2087x,X3 +0.4987x^X3

Equation 5-13

where, x,. x;. x.? represents normalized h, w, and / in [-1, 1], respectively. The average 

fitting difference o f the function is 8.87 and the coefficient of determination, R*, is 0.61.

Table 5-3 Experimental Design Results for the First Design Iteration

H W T Deformation Relative Outlet
(mm) Difference (%) Temperature

8.581 8.581 0.209 4.1346e-4 98.78 328.9524
8.581 8.581 0.061 1.6298e-3 95.21 328.2812
8.581 4.419 0.209 1 7600e-4 99.48 331.8398
8.581 4.419 0.061 5.9600e-4 98.25 330.9882
4.419 8.581 0.209 2.0700e-4 99.39 340.9334
4.419 8.581 0.061 1.0200e-3 97.00 339.7804
4.419 4.419 0.209 9.4800e-5 99.72 348.0824
4.419 4.419 0.061 3.4500e-4 98.98 347.0977
10.000 6.500 0.135 4.9200e-4 98.55 323.0283
3.000 6.500 0.135 1 9400e-4 99.43 349.8393
6.500 10.000 0.135 7.7100e-4 97.73 329.2246
6.500 3.000 0.135 1.3700e-4 99.60 341.8836
6.500 6.500 0.260 1.9500e-4 99.40 337.9127
6.500 6.500 0.010 24.000e-3 29.41 336.4322
6.500 6.500 0.135 3.8600e-4 98.86 337.1589

The fitted heat transfer function is:

/ ( % )  = 337.0391 - 7.3896X, - 3 .0277x, +0.4513x3 -0 .0 8 4 Ix,- - 0.395Ix; 

+ 0 . 1759X3- + 1.1089x,x, —0.0772x,X3 -0.0016x,X3

Equation 5-14

for which the average fitting difference is 0.67 and the value is 0.989.
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One can notice that the variation of the heat transfer function is very small and the fitted 
model provides sufficient modeling accuracy. On the other hand, the panel deformation 

function values are still far from the ideal deformation value. The following design 
iterations are then carried out to improve the defonnation function.

From the fitting result listed in Table 5-3, one can see that the initial design space is too 
broad. The new design space is then modified to center on the best design point in the 
last experimental design set, which is at (6.5 6.5 0.01). and is reduced to 
h €[3,10], w € [3,10],and t  e  [0.005,0.05]. Repeat the design experiment process in the 

reduced design space. The obtained results are listed in Table 5-4. The fitted 
deformation function becomes:

/ ( J O - 105.5909 -  3.890Z, -11.2089z, -27.4858r, -18.3877%: .iQgipgx* 
+37.4052%^ -1.4488%,X, +4.141%,%, +12.836*-,%,

Eqaatiea 5-lS

Table S4 CxpcrisMatil Remits far the Secead Dctifa Itcratioa

H w T Deformation
(mm)

Percent 
Difference (%)

8.581 8.581 0.041 2.90e-3 91.47
8.581 8.581 0.014 2.7le-2 20.26
8 581 4.419 0.041 1.06e-4 96.89
8.581 4.419 0.014 6.26e-3 81.59
4 419 8.581 0.041 l.88e-3 94.49
4.419 8.581 0.014 l.89e-2 44.41
4.419 4.419 0.041 4.49e-4 98.68
4.419 4.419 0.014 l.57e-3 95.38
10.000 6.500 0.028 3.81e-3 88.79
3.000 6.500 0.028 l.72e-3 94.96
6.500 10.000 0.028 7.IOe-3 79.12
6.500 3.000 0.028 7.96C-4 97.66
6.500 6.500 0.050 1.18e-3 96.54
6.500 6.500 0.005 1.7le-I 402.9
6.500 6.500 0.028 2.55e-3 92.5
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When 79.12% is chosen as the cutting value for the function of the relative defonnation 
difference, the design space is reduced to A c [4 .9 ] ,ire [4 ,9], and r e [0.011,0.044]. 

The obtained experiment results are in Table S>5.

The fitting yields the fimetion

/(% ) = I27J86I - 1J393X, -7.6855%^ -5S.I28lx, -33.2113x* -34.8213%^
♦ 60.211 Ix* -8.1863x,x, -4.5032x,x, ♦S.299x,x,

EgaatiaaS-K

Based on the fitted fimetion, one obtains the optimum at (4,9,0.0336) with the function 
value 33.6%. The optimization baaed on the fitted model takes 1.28 seconds on a SUN 
Ultra Spare worfcstatioft

Tebk&dEspeHmeatsl D eelf EesaksSsf the Third Deslge Heratlen

H tr t Deformation
(mm)

Percent 
Difference (%)

9.000 9.000 0.044 2.920-3 91.4
9.000 9.000 0.011 6.050-2 77.94
9.000 4.000 0.044 8.880-4 97.39
9.000 4.000 0.011 l.COo-2 70.56
4.000 9.000 0.044 1.900-3 94.41
4.000 9.000 0.011 4.360-2 28.09
4.000 4.000 0.044 4.900-4 98.56
4.000 4.000 0.011 4.070-3 88.04
10.705 6.500 0.027 4.340-3 87.23
2.295 6.500 0.027 2.50e-0 92.66
6.500 10.705 0.027 9.330-3 72.56
6.500 2.295 0.027 6.040-4 98.22
6.500 6.500 0.055 I.040-3 96.93
6.500 6.500 0.001 2 06e+l 605.47
6.500 6.500 0.027 2.85e-3 91.61

5.6.3 Sensitivity Analysis and Final Result
One advantage o^ normalizing design variables over an identical range is that one can 
analyze the variable sensitivity through the coefficients o f each function term. If  the 
absolute value of each coefficient in Equation 5-15 (except the constant item) is divided 
by the smallest absolute vslue of the coefficients, one can reveal the relative importance
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of each fimetion term, as shown in Figure 5-11. The thickness is over forty times more 
important than the panel height and eight times more important than the panel 

wavelength in terms o f  the first-order terms. Equation 5-13 illustrâtes that the smaller the 
panel height, the higher the outlet temperature that indicates a better heat transfer 
capability. Therefore; in this design the thickness is varied alone to achieve the desired 
panel stiffness. Three trial experiments were performed at (4 9 0.008), (4 9 0.01), and (4 
9 0.012). The design optimum was identified to be at (4, 9, 0.012), which yields a 
relative difference 0.44% with the panel deformation at 0.0341 mm. The outlet 
temperature at the optimum is calculated using the heat transfer mathematical model to 
be 331.287 V:.

X|: PatMi naigre ( i> j 
x^FlnWavrteoorhtwf)
Xy Fin TWd awat  ( f)

4 S 6 

Function Items

5.7

Figvre S>l I: Scuaitivily Aulyiia rarowgk Coefficieatf of the Normalized Model

Result Discussion
The optinul design of the multiple fimetion panel is challenging due to the multiple 
design objectives involved and the complexity o f its fiinctional performance measures, 
namely the heat transfer capability and the composite stiffness. The ARSM progressively
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reduces the design space and leads to a r ^ o n  in which an x^proximation model well 

represents the unknown relationship between the design variables and the panel stiffness. 

From the improved nmodel, high fidelity variable sensitivities can be obtained and the 

design optimum achieved.

The traditional, trial-and-error design process might be able to produce a good design, 

rather than a global optimum, at the cost o f intensive experiments. The one-time RSM  

will stop after the first nradeling fitting and has no effective means to improve the 

approximation model and obtain the design optimum. I f  the simulated annealing method 

is used to solve this virtual prototyping-based design optimization problem, the total 

optimization time would be unbearable, as simulated annealing often requires thousands 

o f design function evaluations. The presented approach only needs SO function 

evaluations in total. Also, the globally optimized design is far superior than the result 

produced through an experience-based process, as shown in Table 5-6. The experience- 

based design approach can hardly guarantee the expected design function. The resulting 

composite panel stiffness is far away from the ideal value. The heat transfer capability is 

also inferior to the design optimum.

Table 5-6 Dcsicn Result Coaiparisoa

Design by Experience Optimal Design
Design w. t) (10, 6.5, 0.135) (4, 9, 0.012)
Difference to Ideal Panel Deformation 98.55% 0.44%
Outlet Air Temperature (°K) 323.028 331.287

5.8 Summary
To carry out the optimization o f a complex design problem, such as the multiple-function 

panel for a PEM fuel cell, virtual prototyping is needed to accurately predict the 

functional performance o f the design. The adaptive response surface method (ARSM) 

can effectively identify the virtual prototyping-based global design optimum through a 

limited number of design function evaluations. The computation time can be 

significantly reduced due to the reduction o f the number o f computationally intensive 

virtual prototyping processes. The presented design method can also be applied to other
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complex design problems involving virtual prototyping and global optimization. This 

multiple function panel design testified that virtual prototyping can accurately predict 

design performances and the virtual prototyping-based design optimization is feasible 

through the ARSM. The following chapter will focus on the quantitative concurrent 

design o f  the TERS fuel cell stack and system.



Chapter 6 Optimal Design of TERS Fuel Cell Stack and 
System

A PEM fuel cell is a basic element o f  the fuel cell system. Dozens o f fuel cells are 

bundled together to form a modular power unit, the fuel cell stack. To satisfy the need o f 

a stationary power plant or to serve as the power source o f a vehicle, multiple PEM fuel 

cells are connected. Together with ancillary components, these fuel cell stacks form a 

fuel cell system.

The operation o f a fuel cell involves very complex mass transfer processes. The 

performance of a fuel cell cannot be considered in isolation of the stack and the system. 

Design optimization, if  conducted, has to be carried out at a stack and system level to 

optimize the performance and minimize the costs o f fuel cells as an “engine” or 

“generator.” In addition, the fuel cell stacks have to satisfy structural integrity 

requirements and the fuel cell system has to satisfy the space constraint o f a vehicle for 

the transportation application.

As the high cost of transportation fuel cells hampers its commercialization, the task of 

fuel cell system design is thus to lower the cost while maintaining high functional 

performances. While the fuel cell system cost is highly interlaced with the system 

performance, this design problem represents a real challenge to quantitative concurrent 

design and global optimization. This chapter will illustrate how the proposed quantitative 

concurrent design method is applied to perform the design optimization o f the Tri-stream, 

External Manifolding, and Radiator Stack (TERS) and the TERS fuel cell system.
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6.1 A Combined Model of System Performance and Costs

The TERS fuel cell system configuration is illustrated in Figure 6-1. The fuel cell system 

model is based on the work o f (Pastula 1997). Modifications upon his model include

• Extension from a pure empirical TERS system performance model to a combination 

o f theoretical and empirical model. Because the cell performance model is the most 

important element o f the system model, the internal relations among design variables 

and system performance have to be revealed for the system optimization. A pure 

empirical model is rigid by nature. It carmot provide insights to the system 

performance rather than a fixed performance reading for a given design.

• Development o f a cost model for the TERS fuel cell system,

• Integration o f performance and cost models, and

• Revision o f the codes o f Pastula’s TERS system performance model to suit the need 

o f design optimization.

The central components o f  the TERS fuel cell system are the TERS stacks. The function 

and configuration o f the stacks determine ancillary components. The configuration of the 

stack is illustrated in Figure 5-1.

6.1.1 Modeling of TERS Fuel Cell System Performance

The cell performance is evaluated based on a few widely accepted assumptions (Nguyen 

and White 1993, Springer et al. 1993, Brighton et al. 1994, Kim and Sirinivasan 1995). 

These include

• The membrane used in TERS is Nation 117™. Nation 117™ was developed by 

Dupont, Inc. and was used in Ballard Mark V fuel cell stack, which was installed in 

the first fuel-cell powered BC transit bus. Nation 117™ was chosen because o f its 

reliability and the availability o f its property data.

• The fuel cell operates at a temperature around 85"C This is the temperature that 

Nafion 117™ gives the best performance.



CHAPTER 6 OPTIMAL D ESIGN O F  TERS FUEL CELL STACK AND SYSTEM 88

H% Storage Tank

Water
Stonge
Tank

Air, 25®C. 101.3 kPa

Cooling Fan

Air to
Environment

H; Humidifier

Hi Ejector

Hi-Water
KnockoutAir-Water

Knockout

Air Hunudifier 

304 kPa

De-ionizing 
Filter Air, 25“C 

101.3 kPa

Compressor Filtering 
System

Silencer

Figure 6*1: Schematic Layout of TERS Fuel Ceii System
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• The reactant pressure, P, is 3 bar for both hydrogen and air. This value is given by 

Amphlett based on experiments on Nafion 117™ (Ballard 1992). B is found that the 

cell performance increases significantly as the gas pressure increases from 1 bar to 3 

bar. But the performance increases little if  the pressure continues to rise above 3 

bars. On the other hand, the increase in reactant pressure makes it more difficult for 

sealing and increases the power consumption and cost o f  the air compressor.

• The membrane is fully hydrated to maintain a normal performance (Mosdale and 

Sirinivasan 1995). The assumption is given to ensure the design and optimization is 

based on a normal cell performance situation.

As the cell conditions used in the model are close to those of Ballard Mark IV, the 

thermodynamic potential of the fuel cell reaction thus can be described using the 

mechanistic formula developed for Ballard Mark IV (Amphlett 1995 (a)):

= 1 229 -  0.00085(r -  298.15)+0 .0 0 0 0 4 3 0 8 5 7 T ln (^ r^  ) + 0.5 l n ( P ^ ; ^  )]

Equation 6-1

where, are the partial pressures for hydrogen and oxygen along the

channel, respectively. T  is the fuel cell operating temperature.

Amphlett also gave formulas for the activation potential and ohmic potential losses. But 

the coefficients in these expressions are obtained by fitting the empirical data of fuel cells 

using pure oxygen. Since the formulas are developed based on a mechanistic model, the 

basic form o f these expressions will apply to the ambient air system. The difference may 

be coefficients for individual terms.

Pastula used testing data obtained from the Ballard for an ambient air fuel cell and 

obtained a simplified empirical equation for the cell voltage (Pastula 1997). His model is 

a rigid model based on the given operational conditions and design geometry. For the 

optimization purpose, relations between design variables and the performance have to be 

understood. Therefore, Pastula’s performance model is no longer applicable. In this 

work, the basic formulas of Amphlett’s model is fitted with data gven  by Pastula and
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used as the fuel cell model. The fitted equation is then compared to Pastula’s model at 

the given operating conditions.

The fitted voltage loss and the resultant cell voltage formulas are as follows.

E ^ ^ „  = -0.944 + 0.00354r+0.0000785rin(c;^)-0.000l96rin(/)
Equation 6-2

E ^  = -7(0.0033 -  0.00000755T+0.00000117)
Equation 6-3 

Equation 6-4

where, 7 is the total current and theC ^Js the oxygen concentration, calculated by 

(Amphlett 1995 (a)).
pin

c :  = — ^
5.08*10‘e ^

Equation 6-S

Equation 6-6

Equation 6-7

where, are the mole fiaction of water and nitrogen among the gas stream,

respectively. For the water vapor, its saturation pressure is only a function o f the cell 

temperature. It can be defined using the empirical equation (Doolittle 1984) 

ln(7^ ) = 70.434643 -  7362.6981/  T + 0.0069520857 -  9.0000In T

Equation 6-S

where, T  is temperature in Kelvin and /*«« is the saturation pressure in atmosphere. With 

the water saturation pressure known, the mole fiaction o f water along the flow channel 

can be obtained as
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EqHatioaé-9
The nitrogen mole fraction is the log mean average mole firaction in the humidified gas at 

the inlet and the outlet o f the gas flow channel.

< * " = 0 - * r ^ ) * 0 . 7 9

Eqmadoa 6-10

 ̂  ̂ stoiA ir~  \ 0 21 
stoiAir 0.79

Equatioa 6-11

The model result is compared in Figure 6-2, in which ASF stands for ampere per square

foot.

In Figure 6-2, the two curves are very close to each other except at high current densities 

above 800 ASF. Amphlett’s model intrinsically did not include the cell behavior at those 

high current densities. However, this model gives both mechanistic understandings and 

empirical equations, based on fuel cell testing results. Besides, the normal cell 

operational current density is at 600 ASF, at which the Amphlett model explains the cell 

well. Therefore, the Amphlett model is still used.

6.1.2 System Cost Modeling

The total fuel cells system cost o f the TERS, C is calculated by:

^  ~ ^ tutck̂ mæà ^Air ^owf êoMrol
Equation 6-12

where, N ^ ,  C„^, and Ceontni are the number of stacks and the cost of

each stack, of the hydrogen supply module, the air supply module, the cooling module, 

and the control module, respectively.
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Figure 6-2: CcH Modd Couipariaou

The costs of the hydrogen and air supply modules are calculated based upon the sum of 

fixed costs for each system and the cost o f  gas consumption. The control unit cost is a 

fixed value given in (Ronne and Podhorodeski 1996). The cooling module cost includes 

costs o f  the cooling fan and accessories. It is also chosen as a fixed value. Due to the 

embedment of a radiator in the stack, the cost of cooling panels is taken into account in 

the stack cost. The number o f  stacks is determined by the gross power output divided by 

the gross power output per stack. The stack cost is calculated by

^eoinm ^  fami
Equation 6-13

where, N e^ is the number o f  fuel cells per stack; Ce«a is the fuel cell cost; CeoUmm, Cmamt, 

and Cpanti are the material and manufacturing cost for the supporting columns, manifolds, 

and the cooling panels, respectively (See Figure 6-1). Cumm is the stack assembly cost.

= C ^  + 2 C ^  + C,

Equation 6-14
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where, C.m* C**, and CtrmHmod are the cost for MEA, delivery plates, and overheads, 

respectively. The cell cost is a function o f  geometric variables such as the stack width, 

column width, and so on. The cost for delivery plates is estimated based on the screen 

printing technique developed within the RSA research group (Perry 1996), considering 

the cost for graphite, ink, and the manufacturing. Material cost for MEA and delivery 

plates is proportional to their volume.

6.2 Design Intégration and Optimization

6.2.1 Design Specifications 

Optimization Objectives

The objectives o f design optimization include performances and costs o f  the fuel cell 

system. Performance measurements for a fuel cell system consist o f  United States 

Advanced Battery Consortium Dynamic Stress Test (USABC DST) efficiency (Ronne 

and Podhorodeski 1996, Xue and Dong 1997), net power output, volumetric power 

density, and gravitational power density. The system costs include the operational cost, 

material cost, manufacturing cost and assembly cost.

Design Constraints

The fuel cell, as an engine for transportation vehicles, has to fit within the space o f a 

passenger car. According to (Steinbugler and Ugden 1994), the space is limited in 0 5 m

* 1 m .̂ In addition, the stack structural integrity is to be ensured. The optimal system 

design should yield lower overall cost and equivalent performances, compared to the 

heuristics-based design given by Pastula (Pastula 1997) Pastula’s design is used as the 

base case design in this work.

Design Variables

The design optimization is carried out based on following conditions:

• The total system gross power output is 64 kw (Pastula 1997), which is often the

needed power for a compact passenger car. The number is used in Pastulas's base 

case study (See 6.2.3).
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• The operating current density is 600 ASF to maintain a high cell performance and 

avoid the potential flooding problem. This number is also used in the base case. The 

cell operates at 8S**C and the reactant pressure is three bar.

The optimization result is strongly related to these design conditions. Any change of 

these conditions will result in a different design optimum. Based on these design 

conditions, a group o f  design variables are chosen as below:

Operational variable: the air stoichiometry, denoted by airSt;

Geometric dimensions o f the stack and number ofcells per stack.

•  Stack width (assumed square cross-section), denoted by stackW^

•  Supporting column width (assumed square cross-section), denoted by colW,

•  Number o f  cells per stack, denoted by nCell,

• Height o f  the panel (fin), denoted by finH ,

• Thickness o f  the stack end plate, denoted by tEnd, and

• Thickness o f manifold covers, denoted by tMani.

6.2.2 Design Space Decomposition

Design space decomposition divides the design problem to several independent sub

system design problems and thus simplifies the complex design task. Suh’s axiomatic

design method is employed in this work (Suh 1990). The relations between design

variables and the design functions are summarized in Table 6-1, in which ^X' indicates a 

strong relationship between a design variable and the corresponding design fimetion; ‘0’ 

implies a weak and negligible relationship.

Table 6-1 Aaalysla of TERS Syateai DcaigB Variable aad Dcaga Fumcdoma

Performance Cost Space
Constraint

Structure
Constraint

AirSt X X 0 0
StackW X X X X
ColW X X X X
NCell X X X 0
FinH X X X 0
TEnd 0 0 0 X

TMani 0 X 0 0
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tEnd

finH

tMan

StackW
•  nCeli
•  airSt

flp ire W : Chowa Dcsifa Variables

One can conceptually transform Table 6-1 into the following equation:

'curSt

X  X  X  X  X  0 0 
X X X X X  O X  
0 X X X X 0 0  
0 X X  0 0 X 0

StackW  
colW  
nCeU 
fin H  
tEnd  

jM ani ^

^Performance^
Cost
Space

fitructure

Rewriting Equation 6-15, one gets

^Performance^
Cost
Space
Structure

X  X  X X X  
X  X  X X X  
0 X X  X X  
0 %% 0 0

^0^  
0 
0 
X )

{tEnd)-

^ 0 ^
X
0

10 J

Equation 6-15

(tMani)

'airSt 
StackW  
colW  
nCell 

{fin H  )

Equation 6-16

From the relation analysis one can see that the structural integrity is influenced by only 

three variables, the stack width (stackW), the supporting column width (colW), and the
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^Performance' ~X X  X  X  X '
Cost = X  X X  X  X

^Space , 9 X  X  X  X

thickness o f  the endplate {tEnd). The former two have a strong relation to the 

performance and the cost, while the thickness o f  the endplate relates to the structure 

alone. Thus we can consider the structure constraint as a sub-problem with respect to the 

thickness o f  the end plate The thickness o f the nuuiifolding cover relates to the cost 

alone, thus this variable can be ruled out from the set o f  design variables and can be 

assigned later. Therefore, by eliminating the structure concern and the two design 

variables tEnd  and iM ani at the top-level design. Equation 6-16 can be simplified to 

Equation 6-17.

^airSt ^
StackW  
colW  
nCell 

iJ inH  ^

Equatioa 6-17

The structural integrity will be verified through the design o f the endplate thickness as a 

sub-problem. It is to be noted that the variable JinH  is related to the wavelength and the 

thickness o f the fin, as illustrated in Chapter S. The multiple function panel design is to 

satisfy the panel stiffness and the heat transfer constraint, the design itself is a sub

problem as well. The panel is to be re-designed according to the variable^ n H  through 

the system design.

6.2.3 Selection of the Base Case

To choose a design reference, one could apply the case-based method, the first order 

response surface fitting (Chen 1995), or an existing design. In the TERS system design, 

an existing design was chosen as the base case. This base case provides a feasible design 

with moderate system performance. The target o f the optimization is to find the best 

operation condition as well as the best configuration o f  the fuel cell system, leading to the 

best performance and minimum system cost. The base case design variables are
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a rS t = 2;
StackW  = 177.8 mm; 
co/FT = 19.05 mm 
nCell -  24; 
fin H  = 9mm.

The corresponding design performance measures are list in Table 6-2.

Table 4-2 Dciica Petfonuace Mcamres «f the Bam Case Dcsisa

System 
EfFi. C/o)

Net 
Power (kW)

Power 
Density (W/1)

Power 
Density (W/kg)

System
Cost($) Space (m^)

46.3 51.0 121.2 100.1 159,583 0.33 *0.84

6.2.4 Exploration of the Design Space

The variation range for each design variable is unknown. Some exercises need to be 

performed to better understand the design problem, and to test the foundation o f the 

optimization — the combined performance and cost model —  before the optimization is 

carried out. The influences o f each design variable to system performance are plotted. 

Interpretations o f those influences are also given. It is to be noted that in engineering 

design, some testing points instead o f a detailed plot may be obtained to first intuitively 

determine the variable range. This work gives such detailed plots to prove the 

correctness of the combined performance and cost model, as well as gain understanding 

o f the problem at a high computational cost.

Air Stoichiometry

The increase of the Air Stoichiometry will

Increase the voltage output at certain current density due to the increased ease o f 

oxygen access and the oxygen partial pressure, but the air compressor consumes more 

power and thus decreases the system efficiency (Figure 6-4 and Figure 6-S).
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Increase the compressor power consumption, which is more than the gain o f the 

improved cell performance, thus the net power output decreases (Figure 6-6).
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Figure 6-6: The EfTect of Air Stoichioiuctry om the System Net Power Output

Increase the stack gross power and power densities. The power densities are the 

system gross power divided by the total system volume or weight. When the stack 

gross power increases, the number o f stacks decreases, and thus total volume and 

weight decrease. Therefore, both power density measures increase (Figure 6-7, 

Figure 6-8, and Figure 6-9).
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Figure 6-7: The EffTcct of Air Stoichioaictry cm the Gross Power of a Stack
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Figure 6-9: The EfTect of Air Stoichiometry ou the System Gravitatioaal Power Density

Increase the stack gross power and thus reduce the total number o f stacks, for a given 

system gross power. As the stack cost is the major source o f  the system cost, the 

reduction on the total number o f stacks brings down the system cost. As the total 

gross power remains constant, the air unit cost will not change. The stack cost is also 

independent of the air stoichiometry (Figure 6-10).
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Figure 6-10: The EfTect of Air Stoichiooietry oa the System Cost

Stack Width

As shown in Figure 6-11, when the stack width is increased to 240 mm, the cell voltage 

drops to zero at current density o f 1000 ASF. If  one further increases the stack width, 

negative potential will appear which indicates that electrolysis occurs. Therefore, 240 

mm is chosen as the maximum limit for the variable stackW. On the other hand, the 

lowest limit, 100 mm, is chosen intuitively considering the decrease o f  the total activation 

area will result in decreased gross power output and thus more stacks and a higher cost. 

Specifically,

• The increase o f the stack width will increase the active area and the total current. The 

increase o f the total current, however, will increase the activation potential and the 

ohmic potential, thus result in lower voltage output. While the gross power is 

assumed invariant, the total power loss increases thus the system efficiency decreases 

(Figure 6-12). The net power output also decreases (Figure 6-13).
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Figure 6-11: The Influence of the Stack Width on the Cell Voltage

The flat part of the efficiency curve indicates a slower efficiency decrease. As the 

stack width increases to about 170 mm, the corresponding current density at which 

the maximum net power output occurs shifts to the lower current density area. That is 

to say, at stackW =I80 mm, the maximum net power output is at the current density o f 

980 ASF; while at stackW=200 mm, the maximum net power output occurs at current 

density of 700 ASF. Thus the total current at the maximum power output decreases. 

This translates to a decreased airflow and less compressor power consumed. The 

reduced compressor power consumption increases the system efficiency at the 

maximum net power output and hence increases the average US ABC efficiency. 

Thus the efficiency curve is flattened (Figure 6-12). Though the performance model 

used in the work cannot accurately predict the magnitude o f the voltage drop at high 

current densities greater than 800 ASF, the model still reflects the tendency of voltage 

drop at high current densities. If  the behaviour o f fuel cells at high current densities 

is better modeled, the efficiency will decrease more than that shown in the figure, as 

increasing the current density.
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As the stack width increases, the cell voltage at certain current density decreases but 

the total current increases. Those two counteractive trends make the gross power per 

stack increases first and decreases after a  turning point at stackW  around 230 nun. 

Therefore at the gross power increasing stage, the number o f stacks decreases and at 

the Ailing stage, the number o f  stacks increases In addition, the increase o f the stack 

width increases the volume, weight and cost per stack. The decrease o f the number of 

stacks and increase o f  the cost, volume and weight per stack counteract with each 

other and result in the curves shown in Figure 6-14 through Figure 6-17.
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Figure 6-14: The lafluciicc of the Stack Width oa the System Volumetric Power Density
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Figure 6-15: The Influence of the Stack Width on the Symtem Gravitational Power Density
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Figure 6-16: The Influence of the Stack Width on the System Cost
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Column Width

The lower limit o f  the column width is chosen considering the structural integrity. 

The major function o f the columns is to support the stack structure and thus they 

should be strong enough to sustain the high gas pressure within the stack. Intuitively, 

the wider the column, the more material cost and less active area. Thus the upper 

limit is chosen as 30 mm.

The increase o f the column width leads to a slightly increase o f system efficiency. 

The increase of the column width decreases the active area per cell, thus reduces the 

total current, the activation potential and the ohmic losses. The increased cell voltage 

leads to the improved system efficiency (Figure 6-18).
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Following the same principle as for the stack width, the increase o f the column width 

decreases the total current while obtaining higher efficiency. The decrease o f the 

current counteracts with the increase o f the cell voltage and results in the decreased 

stack gross power. The decreased gross power output per stack translates to the 

increased stack number. Furthermore, the increase o f  the column width increases the 

stack size, weight, and cost as well (Figure 6-20 to Figure 6-23).

2600 -I
2550 
2500 

% 2450 
I  2400 
a 2350 I 2300
a  2250

c/3
2200

2150
2100

12 18 20 22 24 26 28 3010 14 16
Supporting Colunn Width (mtn)

Figure 6-19: The Effect of the Supporting Columa Width on the Gron Power Output of a Stack
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Figure 6-22: The Effect of the Supporting Column Width on the System Gravitational Power Density
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Figure 6-23: The Effect of the Supporting Column Width on the System Cost

Number o f Cells per Stack

•  The upper limit o f the number o f cells is chosen so that the length o f the stack is 

within the space limit.
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• The increase o f  the number o f  cells in one stack will increase the stack gross power 

linearly, and reduce the number o f stacks.
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Figure 6-24: The EfTcct of the Number of CdU per Stack oa the Crow Power Output of a Stack

• The increase o f  the number o f cells in one stack will reduce the parasitic power load, 

such as the fan and water pump, thus increase the system efficiency (Figure 6-25).
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• The reduced number o f  stacks brings down the system cost and increases power 

densities (Figure 6-26 to Figure 6-29).
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Figure 6-26: The Effect of the Number of Cells per Stack oa the System Net Power Output
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Figure 6-27: The Effect of the Number of Cells per Stack oa the System Volumetric Power Density
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Figure 6-28: The Effect of the Number of Cdb per Stack oa the System Gravitational Power Density
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Figure 6-29: The Effect of the Number of CeOs per Stack on the System Cost
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Panel Height

• The lower limit of the panel height is chosen according to the heat transfer concern. 

The shorter the panel, the smaller the total cooling surface. The heat transfer capacity 

is to be verified by the sub-system design -  component design. The upper limit is 

chosen intuitively. It is easy to understand that the bigger the fin, the bigger the 

stack. Thus the cost will be higher for a higher panel

• The increase o f  panel height increases the internal resistance o f the stack, thus the 

stack gross power and the system efficiency decreases (Figure 6-30 and Figure 6-31).
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Figure 6-30: The Effect of the Paad Height ou the Groot Power Output of a Stack

A lower fin height results in a considerable pressure drop o f the cooling air along the 

panel. This causes the increased fan power consumption, and thus the reduced the net 

power output. With the increase o f  the height from 3 mm to 6 mm, the fan power 

drops down and results in a maximum o f net power output (Figure 6-32).
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The bigger the fin, the thicker the multiple function panels, and the heavier and the 

more expensive the stack. In addition, a decrease o f the gross power results that the
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system power densities decrease and the cost goes higher (Figure 6-33 to Figure
6-35).
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Figure 6-33: The Effect of the Panel Height on the System Votumetric Power Density
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Figure 6-34: The Effect of the Panel Height on the System Gravitational Power Density
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6.2.5 Design Optimization

Five variables; airSt, stackW, colW , nCell, and fin H  were chosen as the top-level 

optimization design variables, denoted as r ,, Xj, x ,, and Xj, respectively. The base 

case is chosen from (Pastula 1997), x =[2,177.8,19.05, 24, 9]. The optimization 

objectives include performances and the system cost. This concurrent design problem is 

solved using multiple objective design optimization, as outlined in Chapter 3. A 

balanced functional performance and cost model was used first.

/ ( ^ )  = fio
)  <=i

Equation 6-18

where, f t  stands for function values o f a given design, including the system USABC 

efficiency, net power output, two power densities, and the system cost; fto  represents the 

function values for the base case. Equal weights were assigned for each o f the design 

objectives. The resultant function value is a non-dimensional evaluation index 

considering all the design functions.
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Based on the insights gained from the design exercises, the range limits for the five 

variables are set as in Table 6-3, where the limits fr>r the number o f  cells per stack are 

dependent on the system layout, which is discussed in the following section.

Table 6-3 Variabk Raages for TEKS Systeai Desico

Range

Air Stoichiometry (airSt) 1 .3 -2 .5
Stack Width (stackW) 100 — 240 mm
Column Width fcolW) 1 0 -3 0  mm

Number o f  Cells per Stack (nCell) 10 — 130 mm (Layout (b)) 
or 10 -  60 mm (Layout (a))

Fin Height (finH) 4 - 1 5  mm

6.2.6 System Layout Comparison

The number o f cells per stack is a function o f  the stack layout on site. Two stack layouts 

are possible. As shown in Figure 6-36, within the available space, the stacks are arranged 

differently. Design studies are done to compare those two layouts. Intuitively, layout (b) 

can reduce the total number o f  stacks and would give us better solution. This is to be 

verified through the design optimization.

f -

(a) (b)

Figure 6-36: Two Possible Spatial Layouts of Stacks

The experimental data are sorted in Appendix A.1. The optimal results o f both Layout 

(a) and (b) are compared as in Table 6-4.
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Table (-4: CoaipariMa af tbe Syatcai Layouts

Layout EÆ

(•/.)
Net

Power
(lew)

Power
Density

(w/1)

Power
Density
(w/kg)

System
Cost

Lower
(•/.)

Length

(m)
Space
(m*)

Func.
Index

(a) 53.345 57.249 171.427 137.323 7.172 0.499 0.27 -0.231
(b) 54.163 57.453 173.328 143.051 11.527 0.998 0.14 -0.254

The optimum of Layout (b) is superior to that of Layout (a). The result verified the 

intuitive expectation. The following design optimization will use (b) as the basic layout.

6.2.7 Variable Sensitivity Analysis

As noted before, one o f the advantages o f  the RSM is that one can analyze the relative 

importance and interrelation between the design variables, by comparing to the 

coefficients o f  each term in the function expression. Based on Layout (b), the variable 

analysis was performed in the design space: ( ‘xlv’ denotes the lower bound and the ‘xuv’ 

denotes the upper bound; airSt, stackW , colW , nCell, and fin H  are denoted by x/, x ,̂ xj. 

X4 , and xs respectively.)

xlv=[1.3 100 10 42 4]; xuv=[2.5 240 30 130 15];

With the normalized function in [-1 1] for all the variables, the approximation function is 

/  = 3.1 4 1 6 9 2 - 0 .0 1 0 4 9 1 X , + 0 .2 2 5 7 8 2 X ;  + 0 .1 7 7 2 2 5 x ,  -1 .5 0 2 8 1 4 x ^  + 0 .0 6 8 9 3 6 % ;  

- 0 .4 5 2 0 3 4 x f  -  0 .6 8 9 5 3  Ix* - 0 .5 2 8 7 0 5 x |  + 0 .3 8 2 2 2 7 x *  - 0 .5 3 8 7 1 2 x |

-0.006670x,Xj +0.000717x,Xj +0.011240x,x, -0.000009x,Xj -0  198845X;X,
+  0 .2 0 2 0 8 6 x j X ,  + 0 .0 0 0 2 5 2 X jX j  - 0 .1 2 9 7 6 1 x ,x ^  -  0 .0 0 0 0 9 4 % ,Xj +  0.00375% ^x ,

Equatioa 6-19

The normalized relative importance of each term is illustrated as in Figure 6-37. The 

horizontal coordinate indicates the sequence o f terms in the function expression. Some 

terms o f negligible value are not shown in the figure. The normalization is done with 

respect to the smallest coefficient.

From the figure, one can notice that the variable air stoichiometry is less important than 

others. Also, the optimum occurs at the smallest feasible air stoichiometry, 1.3. The 

combined performance and cost model, however, is based on the assumption that the 

membrane is fully hydrated and no flooding occurs. The reality is that if the air
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stoichiometry number is too small, say less than 1.8 (see reference Ballard 710.742.010), 

the produced water cannot be removed efficiently and the flooding might occur. On the 

other hand, if the stoichiometry number is too high, say larger than 2.5, too much water 

will be taken away by the sir stream and the membrane dehydration will result in. 

Therefore, since this variable is less sensitive to the model result and is sensitive to the 

physical implementation, the air stoichiometry number, 2 , is chosen instead o f  the 

obtained optimum 1.3.
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Figure 6-37: Scuithrity of Each Tern

From Figure 6-37, one also notices the correlation between variable x;. the fln height, and 

other design variables are very small, but the variable itself is relatively important. It is 

easy to understand that the smaller the fin height, the better the optimization result will 

be. Therefore, the minimum fin height, 4 mm, is chosen as for the further optimization.

6.2.8 Further Design Optimization

The further optimization will focus on three variables, i.e., panel height (h), number o f 

cells per stack (nCell), and the stack width {stackW ) due to their importance. Two design
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scenarios were employed to implement the design. The first design scenario remains the 

same as the previous design, using the balanced performance and cost model. The 

weighted sum function index in Equation 6-18 was still used as the design objective. The 

second design scenario employs the cost priority model with functional performance 
constraints. The optimal results for the two design scenarios are compared later. 

Detailed design information is in Appendix A.2.

For Design Scenario I, it took only two iterations for design convergence. The design 

procedure can be summarized in Table 6 5.

Table 6-5 The Design Summary for Balanced Design (Scenario I)
Design

Iteration Design Space Obtained
Optimum

Function
Index

1 Xlv=[100 10 10] 
xuv=f240 30 114] [140 10 114] -0.210

2 Xlv=[100 10 10] 
xuv=ri98 30 114] [100 10 114] -0.235

The process for Design Scenario H is also summarized in Table 6-7.

The optima of the two design scenarios are compared in Table 6-6 .

Table 6-6 Comparison of the Optimal Results for the Two Design Scenarios
Designs Eff

(•/.)
Net

Power
(lew)

Power
Density

(w/l)

Power
Density
(w/kg)

Length
(m)

Space
(m')

Percent Cost 
Lowered 

(•/.)
Scenario I 

(Balanced Model)
51.90 54.13 173.91 143.58 0.998 0.135 12.07

Scenario II 
(Cost Priority)

49.15 52.92 170.39 140.83 0.998 0.143 16.12

Base Case 46.33 50.97 121.20 100.06 0.325 0.842 0

The optimal designs from the two design scenarios are compared with the base case for 

the percentage difference as tabulated in Table 6-8 .
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Table é-7 n e  S«MMary for Coit Priarity DoiCB (Sccaario n)
Design

Iteration
Design
Space

R* Obtained
Optimum

Percent Cost 
Lowered (%)

1 x!v=(100  10 10) 
xuv=f240 30 114)

0.8600 [156 10 114] 14.978

2 xlv=[100  10 10] 
xuv=f235 30 1!41 0.8636 [154 10 114] 15.180

3 x lv = [lll 10 10] 
xuv=f209 30 114]

0.7654 [111 10 114] 14.406

4 x lv = [lll 10 60] 
xuv=f209 30 1141 0.9847 [147 10 114] 15.733

5 x lv = [lll 10 60] 
xuv=ri93 22 1141 0.9883 [142 10 114] 15.982

6 x lv = [lll 10 60] 
xuv=ri81 17 1141 0.9899 [139 10 114] 16.071

7 x lv = [lll 10 60] 
xuv=ri72 17 1141 0.9928 [138 10 114] 16.091

8 x lv = [lll 10 60] 
xuv=fl70 15 114] 0.9921 [137 10 114] 16.105

9 xlv=[130 10 105] 
xuv=fl46 15 114]

1.0000 [135 10 114] 16.120

Table 6-8 Perceat DilTereacca of Optioial Deaifa Fuactioaa to n o ae  of tbe Base Caae Deaiga

Designs
Efficiency
Increase

(%)

Net
Power

Increase

(•/.)

Volumetric
Power

Density
Increase

(•/.)

Gravi
metric
Power

Density
Increase

(•/.)

System
Cost

Lowered

(•/.)

Scenario I 12.02 6.20 43.49 43.49 12.07
Scenario II 6.09 3.83 40.59 40.75 16.12

As one can see, within the constrained design space, the Scenario I achieved a balanced 

performance and cost indices opposed to Scenario n, in which the cost was minimized at 

the sacrifice o f performances. Both obtained design optima are superior to the base case 

design. 43 percent increase in power density and 16 percent decrease in system cost 

could be achieved.

The state-of-the-art fuel cell system is represented by NECARII debuted in 1996, which 

was powered by MK-7 stack developed jointly by the Ballard and Daimler Benz. The
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optimized TERS fuel cell system oompaies with the NECARRII system as illustrated in 
Table 6-9. NECARlTs data is from (Pastula 1997).

Table (-9 CMipaitae «riTRS Fbd CcB System with the Scalr-er-the-art NECARn Sysleai

Volume (L) Mass (kg) W/L W/kg
TERS Base Design S28 640 121 100
Optimized TERS 

System fScenario I) 368 444 174 144
Ballard-Daimlcr 

Benz (MK-7) 406 450 158 142

It can be seem fiom Table 6-9 that the optimized TERS system gives comparable 
gravimetric power density and higher volumetric power density. This is due to the 
integration of the bulky radiator into the stack, which greatly lowered the system volume. 
Thus far, the system derign optimization is accomplished. The next step is to verify that 
the design can satisfy the structural requirement and to design TERS components.

9.9 Stack S^ueWrm ¥§rMeatlon mnd Compoifnt Design
For the structure concern, as stated in Section 6.2.2, three variables are of concern, i.e., 

the stack width ÇrtackW), the column width (eolW), and the thickness of the end plate 

(tEnd). The first two variables are determined by the system design optimization without 
the consideration for the structure. Thus the structural integrity is to be verified, along 
with the specification of the thickness of the endplate. The key component, the multiple 

function panel, is also to be designed according to the designed height. Coincidentally, 
the optimal panel configuration designed in Chapter 5 has the panel height exactly equal 
to the value specified in the system design o f 4 nun. Hence the panel does not need to be 
re-designed.

To verify the structural integrity of the stack, a solid model o f the stack was built and 
tested using Pro/Engineer. Two types of material are evaluated for the end plates. These 
are Ultem 2200 and Wrought Aluminum Alloy 6061-T6. For Ultem 2200, to control the 
maximum deformation of the end plate to be within 0.1 mm. the minimum thickness of 
the plate will be 20 rnm, which is too big from the power density concern. For Wrought 
Aluminum Alloy 6061-T6. when the thickness of the endplates is larger than 7.4 mm, the
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maximum plate defonnation is less than 0.1 mm. Thus the thickness of the plate is 
designed as 7.5 nun and W ro u ^  Aluminum Alloy 6061-T6 is used as the endplate 
material Stress anatysis was also petfbnned to ensure the stnictural integrity. As shown 
in Figure 6-38, the maximum stress o f the plate, 8.46MPa, is far less than the yield stress 
of Aluminum 6061-T6, whidi b  255 MPa.

Figure Wa: S lim  AaaljrUs for tbe TSRS Stmcture

6.4 Summary
This chapter discussed the design optimization of TERS fuel cell stack and system, using 
the proposed quantitative concurrent design method. The TERS system design involves 
complex electrochemical phenomena and heat/mass transfer processes. Severn design 
variables, including continuous and discrete ones, were chosen to optimize the system 
configuration. The obtained optimum yields much better power density and lower cost 
than the base TERS system design. The optimized TERS system is commensurate with 
the current state-of-the-art fuel ceil system and yields even higher volumetric power 
density due to the elimination o f the bulky radiator. This TERS stack and system design 
not only generated a considerably improved fuel cell system configuration, but also
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proved that the proposed quantitative concurrent design method could be efliciently 

applied to complex system designs.



Chapter 7 Contributions and Future Work

7-1 Contributions

T he in creasin g  com petitiveness o f  to d ay ’s g lobal m arket dem ands qu ick  product 

developm ent, low  product life-cycle costs, and high design quality. D esign, w hich 

determ ines 65-80 percent o f  product life-cycle cost, is crucially im portant in the product 

developm ent process (O 'G rady and Y oung 1991). D ue to its long lead-tim e and high 

cost, the conventional sequentially  arranged p roduct developm ent process no longer 

satisfies the m arket need. Concurrent engineering design considers various product life

cycle perform ances at the early  design stage to shorten the design lead-tim e and reduce 

product costs. Present concurrent design practice, how ever, is lim ited by problem s as 

in form ation  chaos, effort-w aste, technical b arrie rs , and search-in-b lind , due to  its 

q ualita tive  nature. This w ork proposed a quan tita tive  concurrent design m ethod to 

overcom e the stated lim itations and to further reduce design costs and shorten the design 

lead-tim e.

To quantify  various p roduct life-cycle perform ances, the conventional m athem atical 

m odeling  m ethod usually suffers from  its sim plicity . K now ledge-based m ethods are 

often dom ain dependent and the know ledge is unavailable. In this work, the em erging 

technology, virtual prototyping, is used as the tool to  accurately quantify product life

cycle  p erfo rm an ces. A long  w ith  co n v en tio n a l m athem atical m odeling , v irtual 

p rototyping form s the foundation for quantitative concurrent design. W hen in tegrating 

p ro d u c t life -cy c le  perform ances, ev a lu a ted  by  v irtu a l p ro to typ ing , one faces  a 

com putationally  intensive, com plex design optim ization  problem . Conventional local
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knowledge o f  design functions. In addition to the often multi-modal nature o f 

concurrent design problem, virtual prototyping prohibits the direct use o f 

conventional local and global optimization techniques in design optimization. The 

proposed ARSM takes the advantages o f  both existing global optimization methods 

and the concept o f  Design o f  Experiments, to efficiently identify the global design 

optimum. The method extends the one-time RSM scheme o f the DOE method to 

progressively improve the approximation accuracy o f the modeling, thus leading to 

better models o f  the design functions and more accurate design optimum. The ARSM 

was carefully tested using benchmaric problems, and applied to the two-bar design, 

the multiple function panel design, and the fuel cell stack and system design. The 

obtained global optima in these cases lead to much improved design performance or 

less cost, compared to the existing designs.

• The global optim ization o f a  transportation fu e l cell system

The proposed quantitative concurrent design method originated from and was applied 

to a new transportation fuel cell component, stack and system design. The obtained 

design optimum greatly improves the TERS fuel cell system performance and lowers 

the system cost. The combined fuel cell system performance and cost model, 

introduced in this work, can be used as a generic tool to guide other PEM fuel cell 

designs. The developed optimization method could be used in the development of 

other complex mechanical systems.

7.2 Potetttial Future Research

The methods proposed in this dissertation formed a foundation for quantitative

concurrent engineering design. As a new approach, it can be extended in many aspects.

1. A strategy o f virtual prototype verification is to be developed. Virtual prototypes are 

to be verified to accurately reflect the behavior o f  a mechanical system Although 

some preliminary work was carried out in this study, much more needs to be done 

Major concerns are how to effectively and efficiently verify those virtual prototypes.
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how to determine the model accuracy, and how to incorporate the model accuracy in 

the design optimization.

2. A new experimental design method for response sur&ce fitting should be identified 

For the central composite design (CCD) method used in this woric, the number of 

design experiments increases exponentially with the number o f  design variables. A 

better design scheme to handle a large number o f  design variables needs to be 

developed. The fiactional factorial erq>erimental method could be an alternative to 

CCD, if  the demgner has enough insights to the design problem (Mendenhall 1968, 

Montgomery 1991).

3. As an engineering method, ARSM was tested to be efficient and effective. Further 

study might be needed to overcome its limitations and improve it to a strict 

mathematical optimization method.

4. A software tool supporting virtual prototyping-based design optimization is to be 

developed. This tool should be based on the proposed quantitative concurrent design 

method for industrial concurrent design or other complex design problems.
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Appendix A Data Records for the TERS Fuel Cell Stack and 
System Design

A.1 Comparisom o f the Layoittg 

For Layout (a)
The design q)ace is chosen as follows as a start (‘xlv* denotes the lower bound and the 

‘xuv’ denotes the upper bound; airSt, stackW^ colW^ rtCell̂  and fin H  are denoted by r /, x ,̂ 

xj, X4 , and xs respectively.)

Iteration  # /

xlv=(1.3 100 iO iO 4j; xuv=(2.5 240 30 60 15];

Constraints: Length < 0.5 m; Surface area < 1 m .̂

Experiment design results are listed in Table A-1.
Fitted length function:

/  =  0 . 4 9 3 2 3 6 +  0 .3 5 6 2 4 9 x ^  + 0 . l 8 7 0 0 3 x j  + 0 .1 3 7 5 x ^ X ;

The average fitting difference is 0.000005, R* = 1.000000.

Fitted surface area function:

/  = 3.131477-0.012101x, +0.195693x^ +0.188978Xj -1.412263%^ +0.061926x, 
-0.404372x^ -0.743658x^ -0.466359x* +0.410274xJ - 0.483183x|
-0.007225x,Xj +0.000777x,x, +0.010147x,x^ -0.00001Ox,x, -0.215415XjXj 
- 0.182438X1X4 +0.000273XjX5 - 0 .117145X3X4 - 0 .000102x 3X5 - 0.000339X4X5

The average fitting difference is 0.521073, = 0.735151.

Fitted function index:

/  = 0.214433+0.019826X, -0 .01266lx% +0.061297x3-0.111109x4 +0.077123x5 
-0.035949x,=' +0.057545X* -0.037877x^ +0.014829xJ -0.044182x|
+  0 . 0 0 5 9 7 7 x , X j  - 0 .001463x , X 3 + 0 .001388x , X 4 + 0 .000225x , X 5 - 0 . 0 8 5 0 3 1 X2 X 3  

+ 0.05078bCjX4 -0.004670xjX5 -O.OO857IX3X4 +O.OOO878X3X5 +O.OI2979X4X5

The average fitting difference is 0.050238, R  ̂= 0.836810.

Global optimization result:
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Boltzman constant: 0.500000 learning ratezO.500000

Table A-1 E ipcriieet DcWpw for Layeat (a) (Itcratioa #1)

Exp. No. airSt sttckW colW nCeU finH Length Surf. Area Func. Index
1 2.5 240 30 60 15 1.174 0.492568 0.231409
2 2.5 240 30 60 4 0.525 0.492256 0.061096
3 2.5 240 30 10 15 0.1865 2.95541 0.303783
4 2.5 240 30 10 4 0.0875 2.953535 0.187443
5 2.5 240 10 60 15 1.174 0.520135 0.276194
6 2.5 240 10 60 4 0.525 0.519615 0.118938
7 2.5 240 10 10 15 0.1865 3.120812 0.350572
8 2.5 240 10 10 4 0.0875 3.11769 0.243666
9 2.5 100 30 60 15 1.174 0.472266 0.241862
10 2.5 100 30 60 4 0.525 0.472161 0.061328
11 2.5 100 30 10 15 0.1865 2.833595 0.544989
12 2.5 100 30 10 4 0.0875 2.832966 0.417784
13 2.5 100 10 60 15 1.174 0.256492 -0.01424
14 2.5 100 10 60 4 0.525 0.256368 -0.197356
15 2.5 100 10 10 15 0.1865 1.53895 0.223336
16 2.5 100 10 10 4 0.0875 1.538209 0.090404
17 1.3 240 30 60 15 1.174 0.502906 0.182315
18 1.3 240 30 60 4 0.525 0.502581 0.013212
19 1.3 240 30 10 15 0.1865 3.017438 0.253597
20 1.3 240 30 10 4 0.0875 3.015484 0.13838
21 1.3 240 10 60 15 1.174 0.534311 0.218451
22 1.3 240 10 60 4 0.525 0.533762 0.062846
23 1.3 240 10 10 15 0.1865 3.205865 0.292513
24 1.3 240 10 10 4 0.0875 3.202571 0.186963
25 1.3 100 30 60 15 1.174 0.477283 0.207158
26 1.3 100 30 60 4 0.525 0.477176 0.027383
27 1.3 100 30 10 15 0.1865 2.863696 0.524217
28 1.3 100 30 10 4 0.0875 2.863055 0.397656
29 1.3 100 10 60 15 1.174 0.259454 -0.050281
30 1.3 100 10 60 4 0.525 0.259328 -0.233248
31 1.3 100 10 10 15 0.1865 1.556725 0.19715
32 1.3 too 10 10 4 0.0875 1.555966 0.064515
33 3.327 170 20 35 9.5 0.49325 0.566072 0.03359
34 0.473 170 20 35 9.5 0.49325 0.595305 -0.050628
35 1.9 336.46 20 35 9.5 0.49325 -1.249231 0.310548
36 1.9 55 20 35 9.5 0.49325 1.038245 0.725443
37 1.9 170 43.782 35 9.5 0.49325 0.799298 0.123829
38 1.9 170 1 35 9.5 0.49325 0.487566 -0.065638
39 1.9 170 20 94 9.5 1.334 0.212295 -0.043329
40 1.9 170 20 2 9.5 0.023 9.977843 0.509048
41 1.9 170 20 35 22.579 0.937936 0.570497 0.146265
42 1.9 170 20 35 0.5 0.18725 0.569985 -0.109459
43 1.9 170 20 35 9.5 0.49325 0.570162 -0.018076

Initial values:-0.142114 -0.0356277 0.608141 -0.168655 -0  808672
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Best minimum at;-0.99967S 4) 576101 -0.99999 0.885564-0.999968

realX[i]= 1.30019 129.673 10.0001 57.1391 4.00018

fOpt=-0.170167 

Iteration = 110239

Total CPU time: 2.36u 0.03s 2.40 (sec)

The optimum is chosen at x = [1.3 130 10 57 4].

The chosen cutting value is -0.014240; the new design space is
xlv=[1.3 100 10 24 4]; 

xuv=[2.5 240 30 60 15];

Itération U2
xlv=[1.3 100 10 24 4];

xuv=[2.5 240 30 60 15];

For the second iteration, only the function index is fitted for the reduced design space for 

simplicity. The optimum is to be verified for the space constraint. The experiment 

designs are recorded in Table A-2.

The fitted function is

/  = 0.181141+ 0.020478X, +0.016576x2 + 0.06678Ix, -0.057579x, +0.085376x, 
-0.035782xf +0.048714x1 -0.039652x^ +0.07595xJ -0.047755x|
+ 0.004999x,X2 -  0.001793x,x, +0.000497x,x^ +0.000236x,x, -0.091213x2X,
+  0 .020585X 2X 4  -0 .0 0 4 7 2 7 X 2 X 5  -0 .0 1 4 9 2 1 X 3 X 4  + 0 .0 0 1 1 2 6 X 3 X 5  + 0 .0 0 4 6 3 6 X 4 X 5

The average fitting difference is 0.052302, R* = 0.778801.

Global optimization result:

Boltzman constant: 0.500000 learning rate O.500000

Initial values:-0.142114 -0.0356277 0.608141 -0.168655 -0.808672

Best minimum a t : -0.99966 -0.998487 -0.99986 0.885089 -0.999923

realX[i]= 1.3002 100.106 10.0014 57.9316 4.00042

fOpt=-0.215683 

Iteration = 110233
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Total CPU time: 2 .16u 0.03s 2.19 (sec)

Table A-2 Ezperiawat DcaigM for Lajoet (a) (Ileratioa #2)
Exp. No. airSt stackW ColW nCeU finH Func. Index

1 2.5 240 30 60 IS 0.231409
2 2.5 240 30 60 4 0.061096
3 2.5 240 30 24 IS 0.254165
4 2.5 240 30 24 4 0.103445
5 2.5 240 10 60 15 0.276194
6 2.5 240 10 60 4 0.118938
7 2.5 240 10 24 15 0.299393
8 2.5 240 10 24 4 0.160412
9 2.5 100 30 60 15 0.241862
10 2.5 100 30 60 4 0.061328
11 2.5 100 30 24 15 0.402196
12 2.5 100 30 24 4 0.240562
13 2.5 100 10 60 15 -0.01424
14 2.5 100 10 60 4 -0.197356
IS 2.5 100 10 24 15 0.031963
16 2.5 100 10 24 4 -0.133744
17 1.3 240 30 60 15 0.182315
18 1.3 240 30 60 4 0.013212
19 1.3 240 30 24 15 0.204552
20 1.3 240 30 24 4 0.055031
21 1.3 240 10 60 15 0.218451
22 1.3 240 10 60 4 0.062846
23 1.3 240 10 24 15 0.241285
24 1.3 240 10 24 4 0.103927
25 1.3 100 30 60 15 0.207158
26 1.3 100 30 60 4 0.027383
27 1.3 100 30 24 15 0.376278
28 1.3 100 30 24 4 0.215375
29 1.3 100 10 60 15 -0.050281
30 1.3 100 10 60 4 4)233248
31 1.3 100 10 24 15 -0.004039
32 1.3 100 10 24 4 -0.169524
33 3.327 170 20 42 9.5 0.02686
34 0.473 170 20 42 9.5 -0.05724
35 1.9 336.46 20 42 9.5 0.321933
36 1.9 55 20 42 9.5 0.675288
37 1.9 170 43.782 42 9.5 0.116904
38 1.9 170 1 42 9.5 -0.071922
39 1.9 170 20 85 9.5 -0.041711
40 1.9 170 20 2 9.5 0.509048
41 1.9 170 20 42 22.579 0.142328
42 1.9 170 20 42 0.5 -0.120565
43 1.9 1 170 1 20 42 9.5 -0.024678

The optimum is determined at xl=[1.3 

are listed in Table A-3.

100 10 57 4], The performances at the optimum
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Table A-J OptiM i Peifo laf Lmy*W(a)

Efficiency
(%)

Net
Power
(lew)

Power
Density
(w/1)

Power
Density
(w/kg)

System
Cost
Lower
(•/.)

Length
(meter)

Space
(m*)

Function
Index

53.345 57.249 171.427 137.523 7.172 0.499 0.273 -0.231

For Layout (b)

Itération Ul

The design space is as follows;
xlv=[1.3 100 10 10 4]; xuv=[2.5 240 30 130 15];

Constraints: length < 1 m; sur&ce area < 0.5 m .̂

Experimental data is listed in Table A-4.

The fitted length function is:

/  = 0.991859+0.855013x4 +0.855013x, + 0.33X4X5

The average fitting difference is 0.000024, = 1.000000.

The fitted surface area function is:

/  = 3.141692-0.010491xj +0.225782Xj + 0.177225x, -1.5028MX4  +0.068936x, 
-0.452034xf -0.689531x| -0  528705x^ +0.382227xJ -0.538712xf 
-0.006670x,Xj +0.000717x,Xj +0.011240x,X4 -  0.000009x,X5 - 0.198845XjX3 
+ 0.202086X3X4 + 0 .000252X3X5 -O.I2976IX5X4 - 0 .000094X5X5 - 0 .000375X4X5

The average fitting difference is 0.518418, = 0.725399.

The fitted function o f function index is:

/  = 0.183982+0.019791X, -0.002059x3 +0.059832x, -0.121425x4 +0.079123x5 
-0.033372xf +0.058593X* -0.034456x| +0.024076xJ -0.040939x*
+ 0.005953x,X3 -0.001463x,X5 +0.001370x,X4 +0.000224x,X5 -O.O8 3 8 4 OX3 X5 

+ 0 .0 5 4 0 3 5 X3X4 -O.OO4 6 OQX3X5 - 0 .0 0 9 7 8 6 X5X4 + 0 .0 0 0 9 5 2 X5X5 + 0 .0 1 4 8 5 3 X4X5

The average fitting difference is 0.044205, R* = 0.877899.

Global optimization result:

Best minimum at: -0.99997 -0.66059 -0.999879 0.737906 -0.999664

realX[i]= 1.30002 123.759 10.0012 114.274 4.00185
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Table A-4 EsperiaMat Dealpu for Layaal (b) (Itcratioa #1)
Exp. No. airSt StackW cdW nCeU finH Length Suiûœ Func. Index

1 2.5 240 30 130 15 2.5565 0.227339 0.223066
2 2.5 240 30 130 4 1.1375 0.227195 0.044686
3 2.5 240 30 10 15 0.1865 2.95541 0.303783
4 2.5 240 30 10 4 0.0875 2.953535 0.187443
5 2.5 240 10 130 15 2.5565 0.240062 0.267683
6 2.5 240 10 130 4 1.1375 0.239822 0.102936
7 2.5 240 10 10 15 0.1865 3.120812 0.350572
8 2.5 240 10 10 4 0.0875 3.11769 0.243666
9 2.5 100 30 130 15 2.5565 0.217969 0.215591
10 2.5 100 30 130 4 1.1375 0.21792 0.027531
11 2.5 100 30 10 15 0.1865 2.833595 0.544989
12 2.5 100 30 10 4 0.0875 2.832966 0.417784
13 2.5 100 10 130 15 2.5565 0.118381 -0.031227
14 2.5 100 10 130 4 1.1375 0.118324 -0.221236
15 2.5 100 10 10 15 0.1865 1.53895 0.223336
16 2.5 100 10 10 4 0.0875 1.538209 0.090404
17 1.3 240 30 130 15 2.5565 0.232111 0.174169
18 1.3 240 30 130 4 1.1375 0.23196 -0.003004
19 1.3 240 30 10 15 0.1865 3.017438 0.253597
20 1.3 240 30 10 4 0.0875 3.015484 0.13838
21 1.3 240 10 130 15 2.5565 0.246605 0.210079
22 1.3 240 10 130 4 1.1375 0.246352 0 046991
23 1.3 240 10 10 15 0.1865 3.205865 0.292513
24 1.3 240 10 10 4 0.0875 3.202571 0.186963
25 1.3 100 30 130 15 2.5565 0.220284 0.180833
26 1.3 100 30 130 4 1.1375 0.220235 -0.006468
27 1.3 100 30 10 15 0.1865 2.863696 0.524217
28 1.3 100 30 10 4 0.0875 2.863055 0.397656
29 1.3 100 10 130 15 2.5565 0.119748 -0.067251
30 1.3 100 10 130 4 1.1375 0.11969 -0.257143
31 1.3 100 10 10 15 0.1865 1.556725 0.19715
32 1.3 100 10 10 4 0.0875 1.555966 0.064515
33 3.327 170 20 70 9.5 0.992 0.283036 0.013141
34 0.473 170 20 70 9.5 0.992 0.297652 -0.070686
35 1.9 336.46 20 70 9.5 0.992 -0.624615 0.346457
36 1.9 55 20 70 9.5 0.992 0.519122 0.588284
37 1.9 170 43.782 70 9.5 0.992 0.399649 0.102877
38 1.9 170 1 70 9.5 0.992 0.243783 -0.084702
39 1.9 170 20 213 9.5 3.02975 0.093689 -0.051928
40 1.9 170 20 2 9.5 0.023 9.977843 0.509048
41 1.9 170 20 70 22.579 1.894451 0.285249 0.134417
42 1.9 170 20 70 0.5 0.371 0.284993 -0.143491
43 1.9 170 20 70 9.5 0.992 0.285081 -0.038105

fOpt=-0.186715 

Iteration = 110358

Total CPU time: 2 .19u 0.01s 2.20 (sec)
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The chosen cutting value is -0.031227, the reduced q>ace is 

xlv=[1.3 100 10 42 4]; 

xuv=[2.5 240 30 130 15];

IteradoH U2

xlv=[1.3 100 10 42 4];

xuv=[2.5 240 30 130 15];

The experiment designs are listed in 
Table A-6.

The index function is fitted as the following:

/  = 3 .141692-0.010491X, +0.225782Xj +0.177225x, -1.502814x^ -f0.068936x, 

-0.452034x1' -0 .6 8 9 5 3 Ix^ -0.528705xf +0.382227x* -0.538712x* 
-0.006670x,Xj +0.000717x,x, +0.011240x,x^ -0 .0 0 0 0 0 9 x ,x , -0.198845x2Xj 
+ 0.202086x2X  ̂ +0.000252X jXj - 0  129761x,x^ -0 .0 0 0 0 9 4 x ,x , +0.00375x^x.

The average fitting difference is 0.518418, R* = 0.725399

Global optimization result:

Boltzman constant: 0.500000 learning rate O.500000

Initial values:-0.142114 -0.0356277 0.608141 -0.168655 -0.808672

Best minimum a t . -0.999936 -0.999908 -0.999952 0.639649 -0.999616

realX[i]= 1.30004 100.006 10.0005 114.145 4.00211

fOpt=-0.517075 

Iteration = 110429

Total CPU time: 2.2lu 0.02s 2.23 (sec)

The optimum is obtained at x=[1.3 100 10 114 4]. The function values at the optimum 

are listed in Table A-5.

Table A S Optimal Performaaccs of Layout (b)

Efficiency
(%)

Net
Power
(kw)

Power
Density
(w/1)

Power
Density
(w/kg)

System
Cost
Lower
(•/.)

Length
(meter)

Space
(m^)

Function
Index

54.163 57.453 173.328 143.051 11.527 0.998 0.14 -0.254
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Table A-< EzpcriaMat Demlgaalbr Layeat (b) (Berade# #2)
Exp. No. airSt StackW colW nCeU finH Func. Index

1 2.5 240 30 130 15 0.223066
2 2.5 240 30 130 4 0.044686
3 2.5 240 30 42 15 0.23801
4 2.5 240 30 42 4 0.073675
5 2.5 240 10 130 15 0.267683
6 2.5 240 10 130 4 0.102936
7 2.5 240 10 42 15 0.28288
8 2.5 240 10 42 4 0.131231
9 2.5 100 30 130 15 0.215591
10 2.5 100 30 130 4 0.027531
11 2.5 100 30 42 15 0.262503
12 2.5 100 30 42 4 0.087649
13 2.5 100 10 130 15 -0.031227
14 2.5 100 10 130 4 •0.221236
15 2.5 100 10 42 15 -0.000874
16 2.5 100 10 42 4 ■0.178762
17 1.3 240 30 130 15 0.174169
18 1.3 240 30 130 4 -0.003004
19 1.3 240 30 42 15 0.188763
20 1.3 240 30 42 4 0.025638
21 1.3 240 10 130 15 0 210079
22 1.3 240 10 130 4 0.046991
23 1.3 240 10 42 15 0.225029
24 1.3 240 10 42 4 0.075023
25 1.3 100 30 130 15 0.180833
26 1.3 100 30 130 4 -0.006468
27 1.3 100 30 42 15 0.227863
28 1.3 100 30 42 4 0.053766
29 1.3 100 10 130 15 -0.067251
30 1.3 100 10 130 4 -0.257143
31 1.3 100 10 42 15 -0.036918
32 1.3 100 10 42 4 -0.214634
33 3.327 170 20 86 9.5 0.009251
34 0.473 170 20 86 9.5 -0.074493
35 1.9 336.46 20 86 9.5 0.353763
36 1.9 55 20 86 9.5 0.562046
37 1.9 170 43.782 86 9.5 0.098919
38 1.9 170 1 86 9.5 -0.088301
39 1.9 170 20 191 9.5 -0.051147
40 1.9 170 20 2 9.5 0.509048
41 1.9 170 20 86 22.579 0.132199
42 1.9 170 20 86 0.5 -0.150038
43 1.9 170 20 86 9.5 -0.041907

Thus, one can conclude that the configuration (b) can yield better optimum results than 

the configuration (a).
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A .2 F urtker Design OptimizntioH

Only three variables are considered, i e , stackW, colW , and nC ell, which are denoted by 

X/, X2 , and xj, respectively.

Design Scenario I:

The design objective is still the balanced function index as before. The design space is

then

xlv=[IOO 10 10]; 

xuv=[240 30 114];

Itération  # i
Table A-7 ExperuDcat Designs for Balanced System Optimization (Iteration #1)

Exp. No. StackW cdW nCeU Func. Index.
1 240 30 114 0.024743
2 240 30 10 0.164596
3 240 10 114 0.078908
4 240 10 10 0.216837
5 100 30 114 0.01611
6 100 30 10 0.407634
7 100 10 114 •0.234505
8 100 10 10 0.077525
9 287.74 20 62 0.820285
10 52.26 20 62 0.650685
11 170 36.82 62 -0.049968
12 170 3.18 62 -0.166974
13 170 20 149 -0.14934
14 170 20 2 0.49612
IS 170 20 62 -0.131189

The fitted function is

/  = 0.05092 + 0.03687Ix, +0.049137x2 -0.149603x, +0.207683xf
-0.090627X * -0 .004828X * -  0 .08589 Ix.x, + 0 .053222x ,x , -0 .010177x2X ,

The average fitting difference is 0.097667, R* = 0.855379.

Global optimization results:

Boltzman constant: 0.5(XXXX) learning rate:0.500000 

Initial values:-0.142114 -0.0356277 0.608141
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Best minimum a t ; -0.422104 -0.999993 0.999996

realX[i]= 140.453 10.0001 114

£0pt=-0.270704 

Iteration =  110080

Total CPU time: 1.25u 0.01s 1.26 (sec)

Optimum chosen at x=[140 10 114], the real function index is -0.2097.

The chosen cutting value is -0.131189, the reduced design space is then
xlv=[100 10 10]; 

xuv=[198 30 114];

IteraAoH #2

xlv=[100 10 10]; 

xuv=[198 30 114];

Table A-S Ezpcrimcat Designs for Balanced System Optimization (Iteration #2)
Exp. No. StackW CdW nCeU Func. Index.

1 198 30 114 -0.080577
2 198 30 10 0.067378
3 198 10 114 •0.111316
4 198 10 10 0.030313
5 100 30 114 0.01611
6 100 30 10 0.407634
7 100 10 114 -0.234505
8 100 10 10 0.077525
9 231.418 20 62 0.013131
10 66.382 20 62 0.093419
11 149 36.82 62 -0.031711
12 149 3.18 62 -0.201101
13 149 20 149 -0.167613
14 149 20 2 0.543329
IS 149 20 62 -0.148126

The fitted function is

/  = -0.010142 -  0.036316%, +0.068343%% -0.17601 I x ,+0.015072%,'
-G.044904%* +0.076238%* -0.064115%,%, +0.051746%,%, -0.010727%,%,
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The average fitting difTerence is 0.065370, -  0.817767.

Global optimization results:

Boltzman constant: 0.500000 learning rate O.500000 

Initial values:-0.142114 -0.0356277 0.608141

Best minimum at; -0.999912 -0.999952 0.99992

realX[i]= 100.004 10.0005 113.996

fOpt=-0.276888 

Iteration = 110240

Total CPU time: 1.25u 0.02s 1.27 (sec)

The optimum is chosen at x=[100 10 114], the function evaluations are listed below. 

Table A-9 Obtaiaed Optimum for Baiaacrd Performaacc aad Cbat System Dcsiga

Eff.
(%)

Net
Power
(kw)

Power
Density
(w/I)

Power
Density
(w/kg)

System
Cost
Lower
(•/.)

Length
(m)

Space
(m*)

Func.
Index

51.899 54.125 173.907 143.578 12.07 0.998 0.135 -0.235

Design Scenario I I

The Design Scenario II is carried along cost prority optimization scheme. The 

starting design space is as before: 

xlv=[100 10 10]; 

xuv=[240 30 114];

Iteration UI

The experiment designs are recorded in Table A-10.

The fitted function is

/  = 0.334890 -  0.087452%, +0.120513%: -0.223552%, + 0.565171%f
-0.221501%* -0.112162%* -0.189989%,%, +0.120358%,%, -0.046137%,%,

The average fitting difference is 0.254994, R* = 0.860025.

Global optimization results:
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Boltzman constant: 0.500000 learning rate O 500000 

Initial values:-0.142114 -0.0356277 0.608141

Best minimum a t : -0.196633 -0.999994 0.999997

realX[i]= 156.236 10.0001 114

£Opt=-0.318673 

Iteration = 110117

Total CPU time: 1.25u 0.01s 1.26 (sec)

The optimum is at x=[156 10 114], which lowers the cost by 14.978%.

Table A-10 Ezpcriawat Dcflgas for Coat Priority System Optiarizatioa (Iteratkm #1)

Exp. No. StackW CdW nCdl Cost Index.
1 240 30 114 0.193612
2 240 30 10 0.345743
3 240 10 114 0.257875
4 240 10 10 0 418686
5 100 30 114 0.381725
6 100 30 10 1.208513
7 100 10 114 -0.120739
8 100 10 10 0.328275
9 287.74 20 62 2.019921
10 52.26 20 62 2.38412
i l 170 36.82 62 0.095485
12 170 3.18 62 -0.142625
13 170 20 149 -0.080911
14 170 20 2 1.011052
15 170 20 62 -0.060064

The chosen cutting value is 0.193612; the reduced design space is;

xlv=[100  10 10]; 

xuv=[235 30 114];

Iteration U2

xlv=[100  10 10]; 

xuv=[235 30 114];

The last optimum x=[156 10 114] is added to the experiments. 

Experiments are recorded in Table A-11.
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The fitted fimction is

/  = 0.305750 -  0.140362%, +0120026%, -0.234992%, +0.415920%,*
-0.182244%! -0.044951%! -0.180544%,%, +0.119012%,%, -0.057244%,%,

The average fitting difTerence is 0.193024, R* = 0.863647.

Table A -ll EapcriaMet PcaipM for Coat Priarity Syatei Optii hatioa (Iteratkw#2)
Exp.
No. StackW colW nCeU Cost

Index.
1 235 30 114 0.160012
2 235 30 10 OJ12536
3 235 10 114 0.19587
4 235 10 10 0.352693
5 100 30 114 0.381725
6 100 30 10 1.208513
7 100 10 114 -0.120739
8 100 10 10 0.328275
9 281.035 20 62 1.348194
10 53.965 20 62 2.017681
i l 167.5 36.82 62 0.100157
12 167.5 3.18 62 -0.14784
13 167.5 20 149 -0083222
14 167.5 20 2 1.034161
15 167.5 20 62 -0.061889
16 156 10 114 -0.149784

Global optimization results;

Boltzman constant: 0.500000 learning rate:0.500000 

Initial values:-0.142114 -0.0356277 0.608141

Best minimum a t : -0.190178 -1 1

realX[i]= 154.663 10 114

fOpt=-0.23445 

Iteration = 110121

Total CPU time: 1.22u 0.02s 1.24 (sec)

The optimum is at x=[154 10 114], which lowers the cost by 15.180%.

The chosen cutting value is -0.061889, and the design space is reduced to:

x lv = [lll 10 10];
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xuv=[209 30 114];

Iteration U3

x lv = (lll 10 10]; 

xuv=[209 30 114];

Add the last optimum x=[154 10 114].

Table A-12 E ipcriM ft DcaifM far Coat Priority Syatca Optiarizatico (Itcratioa #3)
Exp. No. StackW CdW nCell Cost Index.

1 209 30 114 0.048227
2 209 30 10 0.214206
3 209 10 114 -0.0046
4 209 10 10 0.148354
5 111 30 114 0.22652
6 111 30 10 0.833996
7 111 10 114 -0.144063
8 111 10 10 0.224408
9 242.418 20 62 0.247724
10 77.582 20 62 0.404127
11 160 36.82 62 0.118546
12 160 3.18 62 -0.161352
13 160 20 149 -0 087986
14 160 20 2 1.115533
15 160 20 62 -0.065009
16 154 10 114 -0.151803

The fitted function is

/  = 0.206461-0.073052X, +0.114912Xj -0.258617x, +0.024635x,^
-0 .098125x | +0.09561 Ix* -0.107684x,x% +0.082125x,x, -0 .031 521X2X3

The average fitting difference is 0.117526, = 0.765368.

Global optimization results:

Boltzman constant: 0.500000 learning rate:0.5(XXXX)

Initial values:-0.142114 -0.0356277 0 608141

Best minimum at: -0.999903 -0.999999 0.999997

realX[i]= 111.005 10 114

fOpt=-0.230176
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Iteration = 110112

Total CPU time: 1.24u 0.02s 1.26 (sec)

The optimum is at x=[l 1110 114], which lowers the cost by 14.406%.

The chosen cutting value is -0.004600, and the design q>ace is reduced to: 

Iteration U4

x lv = [lll 10 60]; 

xuv=[209 30 114];

Table A 13 ExperiaMat Dcsiciu for Coat Priority Systcai Optiaiaatioa (Itcratioa #4)
Exp. Mb. StackW coJW nCeU Cost Index.

1 209 30 114 0.048227
2 209 30 60 0.062591
3 209 10 114 -0.0046
4 209 10 60 0.008637
5 III 30 114 0.22652
6 III 30 60 0.27909
7 III 10 114 -0.144063
8 111 10 60 -0.112176
9 242.418 20 87 0.239842
10 77.582 20 87 0.348347
II 160 36.82 87 0.104011
12 160 3.18 87 -0.170917
13 160 20 132 -0.085877
14 160 20 42 ■0.04627
IS 160 20 87 -0.076316

The fitted function is

/  = -0.070473 -  0.02321 Ix, +0.097455xj -  0.013135x, +0.123397x,^
+ 0.007620x^ -0 .00408Ix^ -0.081883x,Xj +0.007107x,x, -0.002726xjXj

The average fitting difference is 0.015665, R* = 0.984742.

Global optimization results:

Boltzman constant: 0.500000 learning rate:0.5(XXX)0 

Initial values:-0.142114 -0.0356277 0.608141

Best minimum a t:-0.265109 -0.999997 0.999908

realX[i]= 147.01 10 113.998
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fDpt=-0.183562 

Iteration = 110244

Total CPU time; 1.22u 0.02s 1.24 (sec)

The optimum is at )F=[147 10 114], which lowers the cost by 15.733%.

The chosen cutting value is -0.076316, the design space is reduced to:

x lv = [lll 10 60]; 

xuv=[193 22 114];

Iteration  #5

x lv = (lll 10 60]; 

xuv=[193 22 114);

Add x=[147 10 114] to the experiments 

Table A-14 Experhneat Designs for Cost Priority System Optimszation (Iteratkm #5)
Exp. No. stackW oolW nCeU Cost Index.

I 193 22 114 -0.028822
2 193 22 60 -0.013899
3 193 10 114 -0.071835
4 193 10 60 -0.05793
5 111 22 114 0.025631
6 111 22 60 0.067042
7 111 10 114 -0.144063
8 111 10 60 -0.112176
9 220.962 16 87 0.071066
10 83.038 16 87 0.110138
11 152 26.092 87 -0.018516
12 152 5.908 87 -0.169506
13 152 16 132 -0.117967
14 152 16 42 -0.076881
15 152 16 87 -0.10805
16 147 10 114 -0.157333

The fitted function is

/  = -0.102999 -  0.005533%, +0.049950%% -0.012018%, +0.065738%*
+ 0.000956%* -0.000296%* -0.032616%,%% +0.005442%,%, -0.002278%%%,
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The average fitting difference is 0.007502, = 0.988272.

Global optimization results;

Boltzman constant: 0.500000 learning rate O.500000 

Initial values:-0.142114 -0.0356277 0.608141

Best minimum at: -0.249165 -0.999993 0.999952

reaIX[i]= 141.784 10 113.999

f0pt=-0.166051 

Iteration = 110122

Total CPU time: 1.22u 0.01s 1.23 (sec)

The optimum is at x=[142 10 114], which lowers the cost by 15.982%.

The chosen cutting value is -0.108050, and the reduced design space is:
x lv = [lll 10 60]; 

xuv=[181 17 114];

Total CPU time: 8.17u 0.03s 8.20 (sec)

Iteration #6

x lv = [lll 10 60]; 

xuv=[181 17 114];

Add x=[142 10 14].
The apcrincat deaigas are recorded ia

Table A -15.

The fitted function is

/  = -0.124820 -  0.003416x, +0.027594xj - 0  012264x, +0.042302xj'
-0.000492X* +0.001767X* -0.014663x,Xj +0.00473Cx,x, -  0.001163x%x,

The average fitting difference is 0.004172, R* = 0.989853.

Global optimization results:

Boltzman constant: 0.500000 learning rate O 500000 

Initial values: -0.142114 -0.0356277 0.608141
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Best minimum a t ; -0.189072 -0.999978 0.999975

realX[i]= 139.382 10.0001 113.999

fOpt=-0.163748 

Iteration = 110124

Total CPU time: 1.23u 0.01s 1.24 (sec)

The optimum is at x=[!39 10 114], which lowers the cost by 16.071%.

The chosen cutting value is -0.127411, and the reduced design ^>ace is:

x lv = [lll  10 60]; 

xuv=[172 17 114];

Total CPU time: 8.59u 0.02s 8.62 (sec)

Table A-IS Eiperineat Dengaa for Cost Priority System Optimkatioo (Iteratkm #6)
Exp. No. StackW cdW NCeU Cost Index.

1 181 17 114 -0.077379
2 181 17 60 •0.061816
3 181 10 114 -0.106674
4 181 10 60 -0.091874
5 111 17 114 -0.057948
6 111 17 60 -0.02121
7 111 10 114 -0.144063
8 111 10 60 -0.112176
9 204.87 13.5 87 -0.014099
10 87.13 13.5 87 0.011998
11 146 19.387 87 -0.079914
12 146 7.613 87 -0.165615
13 146 13.5 132 -0.137688
14 146 13.5 42 -0.095111
IS 146 13.5 87 -0.127411
16 142 10 114 -0.159818

Iteration  #7

x lv= [lll 10 60]; 

xuv=[172 17 114]; 

Add x=[139 10 114].
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Table A 16 Eipcrit r t  D c r if i  tor Coat Priority SyMem Optimtn tiam (Bermdo# #7)

Exp. No. StackW OOlW oCdl Cost Index.
1 172 17 114 -0.091947
2 172 17 60 -0.075269
3 172 10 114 -0.126258
4 172 10 60 -0.110547
5 111 17 114 -0.057948
6 111 17 60 -0.02121
7 111 10 114 -0.144063
8 111 10 60 -0.112176
9 192.801 13.5 87 -0.057407
10 90.199 13.5 87 -0.00834
11 141.5 19.387 87 -0.076879
12 141.5 7.613 87 -0.168234
13 141.5 13.5 132 -0.138447
14 141.5 13.5 42 -0.093572
15 141.5 13.5 87 -0.127615
16 139 10 114 -0.160712

The fitted function is

/  = -0.125813 -  0.011085X, +0.029093Xj -0.012750x, +0.031954xf
+ 0.000438x^ +0.002789X* -0.013406x,Xj +0.004499x,x, - 0  001098X]X,

The average fitting difference is 0.003201, = 0.992750.

Global optimization results;

Boltzman constant: 0.500000 learning rate O.500000 

Initial values:-0.142114 -0.0356277 0.608141

Best minimum a t: -0.1085 -0.999991 1

realX[i]= 138.191 10 114

fOpt=-0.163695 

Iteration = 110115

Total CPU time: 1.22u 0.03s 1.25 (sec)

The optimum is at x=[138 10 114], which lowers the cost by 16.091%

The chosen cutting value is -0.127615, and the design space is reduced to:

x lv= [lll 10 60];
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xuv=[170 15 114];

Total CPU time: 8.16u 0.02s 8.18 (sec)

Iteration US

x lv = [lll  10 60]; 

xuv=(170 15 114];

Add x=[138 10 114].

Experiments are recorded in Table A-17.

The fitted function is

/  = -0 .1 3 3 3 6 3 2 -0 .007994X , +0 .020059x , -0 .012692% , +0.028777%,'

-  0.000317%| +0.00294%,' -0.008821%,%, +0.004286%,%, -0.000786%,%,

The average fitting difference is 0.002622, R ' = 0.992129.

Global optimization results:

Boltzman constant: 0.500000 learning rate:0.500000 

Initial values:-0.142114 -0.0356277 0.608141

Best minimum at: -0.0866856 -1 0.999982

realX[i]= 137.943 10 114

fDpt=-0.163201 

Iteration = 110133

Total CPU time: 1.25u 0.01s 1.27 (sec)

The optimum is at x=[137 10 114], which lowers the cost by 16.105%.

The chosen cutting value is -0.160910, and the reduced design space is:

xlv=[130 10 105]; 

xuv=[146 15 114];

Iteration U9
xlv=[130 10 105]; 

xuv=[146 15 114];

Add x=[137 10 114].

Experiments are recorded in Table A-19. The fitted finction is
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/  = - 0  141580 -  0.000933%, +0.019341%, -0.001073%, +0.001808%f
+ 0.000908%^ +0.000039%,* -0.002176%,%, +0.000108%,%, -0.000052%,%,

The avenge fitting difiference is 0.000045, =  0.999992.

Table A-1? Ezpcrbacat Dealgaa for Cost Priority System Optimiaatioo (Iteratkm M)
Exp. No. StackW colW nCeU Cost Index.

1 170 15 114 •0.105582
2 170 15 60 •0.088937
3 170 10 114 •0.129949
4 170 10 60 •0.114005
5 111 15 114 •0.085612
6 111 15 60 -0.050428
7 111 10 114 -0.144063
8 111 10 60 •0.112176
9 190.119 12.5 87 -0.068609
10 90.881 12.5 87 -0.031276
11 140.5 16.705 87 -0.100956
12 140.5 8.295 87 -0.164351
13 140.5 12.5 132 -0.145962
14 140.5 12.5 42 •0.101146
15 140.5 12.5 87 -0.135144
16 138 10 114 •0.16091

Table A-18 Ezperkneat Desigma for Cèst Priority System Optmmizatiom (Iteratkm #9)
Exp. No. StackW colW nCeU Cost Index.

1 146 15 114 -0.123575
2 146 15 105 -0.121565
3 146 10 114 -0.15793
4 146 10 105 -0.156039
5 130 15 114 -0.117552
6 130 15 105 -0.115082
7 130 10 114 -0.160584
8 130 10 105 -0.158295
9 151.456 12.5 110 -0.138086
10 124.544 12.5 110 -0.135073
11 138 16.705 110 •0.106696
12 138 8.295 110 -0.171583
13 138 12.5 117 -0.143272
14 138 12.5 102 -0.139695
15 138 12.5 110 -0.141724
16 137 10 114 -0.161053

Global optimization results:
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Boltzman constant: 0  500000 learning rate 0.500000 

Initial values: -0.142114 -0.0356277 0.608141

Best minimum at: -0.369806 -0.999994 0.999958

realX[i]= 135.042 10 114

f0pt=-0.161247 

Iteration = 110115

Total CPU time: 1.22u 0.01s 1.23 (sec)

The final optimum is at x=[135 10 114], the cost along with the function evaluations are 

tabulated below.

Table A-19 Obtaiacd Optimum for Cost Priority System Deslgu

Eflf.
(%)

Net
Power
(kw)

Power
Densit
y(w/l)

Power
Density
(w/kg)

Length
(m)

Space
(m*)

System
Cost

Lower
(•/.)

49.15 52.92 170.39 140.83 0.998 0.143 16.12




