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ABSTRACT

Multidisciplinary Design Optimization (MDO) has emerged as a new technology dealing

with the design of complex systems. This thesis focuses on development of an effective

and efficient collaboration mechanism for coordinating coupled disciplines, as couplings

are dominant issues in MDO. In this thesis, an innovative collaboration model is

developed to handle these couplings. Based on this newly proposed collaboration model,

two novel methods are developed for solving MDO problems. The first method is named

the Boundary Search and Simplex Decomposition Method (BSSDM). It proposes a new

methodology to geometrically depict the coupling information. Difficulties encountered

with the couplings are alleviated through the obtained geometric information by the

BSSDM. The second method is named the Collaboration Pursuing Method (CPM). It is a

sampling-based MDO method, which aims to deal with relatively large-scale MDO

problems. Both new methods are successfully tested. A conceptual aircraft design is

implemented with the CPM and the results show that the CPM is competitively efficient

as compared with other MDO methods. Limitations of the newly proposed MDO methods

are discussed, along with suggestions for future work.



ACKNOWLEDGEMENT'S

The author would like to thank his co-supervisors, Dr. Greg F. Naterer and Dr. G. Gary

Wang for their encouragement, advice and friendship, as well as f,rnancial support from

the Natural Sciences and Engineering Research Council of Canada (NSERC). Moreover,

I would like to thank the Department of Mechanical and Manufacturing Engineering for

providing teaching assistantships, as well as a sessional instructorship.

The author also thanks his committee members, Dr. Robert A. Canfield, Dr. Robert W.

Derksen, and Dr. Xikui Wang for their respective inputs to this dissertation.

I would like further acknowledge Dr. Evin J. Cramer for reminding me to apply a

conceptual aircraft design in my thesis, and Dr. S. Balakrishnan, Dr. N. Popplewell, Dr.

Myron G. Britton, Mr. John M. Symonds and my colleagues, Mr. Darryl K. Stoyko, Mr.

Songqing Shan, Mr. Olusola Adeyinka, Mr. Mike Fagundes, Mr. Peter S, Glockner, Mr.

Lee Ming Wong, Mr. Fang Li, Mr. Maikel Sianturi, Mr. Emmanuel Ogedengbe, and Mr.

Qin Sun for their help and friendship.

I am extremely grateful to my wife, Lin, who shares the excitement and hard work of my

research with me the most. Without her love and support, all of this would be impossible.

The support and love from my parents are also essential.

Dapeng Wang

Iï/innípeg, April 2005

ii



TABLE OF CONTENTS

iii



4.3 BOUNDARY SEARCH STRATEGY ........................41

4.3.1 Stair-climbing Strategy .................41

4.3.2 Strip-measure Strategy..... .............43

4.3.3 Explosion Strategy....... .................45

4.4 SIMPLEX DECOMPOSITION METHOD.... .............47

4,5 BOUNDARY SEARCH AND SIMPLEX DECOMPOSITION METHOD..............................51

4.6 TEST PROBLEMS AND DISCUSSION ................. .......................s7

4.6.1 Test Case 1................... .................51

4.6.2 Test Case 2................... .................62

4 .6.3 Discussion . .. . .. .. .. .. ... . 68

4.1 OVERVTEW ......................70

CHAPTER 5 COLLABORATION PURSUING METHOD .......,71

5.1 INTRODUCTION........... .......................71

5.2 REVIEW OF THE MODE-PURSUING SAMPLING METHOD.... ....................72

5.3 COLLABORATTON PURSUING METHOD................. ................77

s.4 TEST CASES AND DISCUSSrON.................. ..........89

5.4.1 Test Case 1................... .................90

5.4.2 Test Case 2................... .................93

5.4.3 Test Case 3................... .................96

5 .4 .4 Test Case 4 ... .. ... .. .. ....... ...... ..... .. .. I 00

5.4.5 Discussion ..............107

5.5 OVERVIEW ....................108

CHAPTER 6 CONCEPTUAL AIRCRAFT DESIGN ................ I10

6.t INTRODUCTION........... ..................... 110

6.2 PROBLEM FORMULATION............. .....................111

6.3 APPLICATION OF THE CPM TO CONCEPTUAL AIRCRAFT DESIGN .....111

6.3.1 Numerical Studies of the Conceptual Aircraft Design Problem ................121

6.3.2 Parameter Studies in the CPM .........................121

6.3.3 Optimization Using the CPM subject to the Modified Constraints................... ..............129

6.3.4 Optimization Using the CPM subject to the Original Constraints ................... ...............142

6.4 OVERVIEW ....................145

CHAPTER 7 CLOSURE ...................147

7.1 CONCLUDING REMARKS .................. ..................t47

7.2 RECOMMENDATIONS FOR FUTURE RESEARCH ......,.......... 150

APPENDIX I AIRCRAFT COMPONENT DESIGN ...-............. 161

1V



AI.3 OPTIMIZATIONMETHOD.................
168AI.4 A]R COOLING INTAKE SCOOP DESiGN...... ......1104r.4.1 problem Description 

...................11l-
Ar'4'2 objective Function""" 

................rr2
4I.4.3 Geometry Generation...

117A1.4.4 physical Aralyses and Boundary Conditions.... .................... l7gAI.5 RESULTS AND DISCUSSION......... 
.......................186

Ar'6 sLll\4MARY 
....................1r,2

APPENDIX T CONSTANTS OF POWER CONVERTER PROBLEM ......... Ig4
APPENDIX III ORIGINAL DATA OF CONCEPTUAL AJRCRAFT DESIGN....... ..,.......196



Figure 2-l

Figure 2-2

Figure 2-3

Figure 3-1

Figure 3-2

Figure 3-3

Figure 4-1

Figure 4-2

Figure 4-3

Figure 4-4

Figure 4-5

Figure 4-6

Figure 4-7

Figure 4-8

Figure 4-9

Figure 4-10

Case I

Figure 4-l I

Figure 4-12

Figure 4-13

BSSDM

Figure 4-14

Figure 4-15

Figure 5-l

Figure 5-2

Figure 5-3

Figure 5-4

Figure 5-5

Figure 5-6

Case I

Figure 5-7

I

Figure 5-8

I,IST OF FIGURES

Hierarchic Decomposition[21............. ...............14

Non-Hierarchic Decomposition [2]........ ............ 16

The basic Collaborative Optimization architecture [38] .. ..... . . ................22

Distribution of D - interdisciplinary consistency / discrepancy of 100 random samples..3l

Distribution of D - interdisciplinary consistency / discrepancy of 500 random samples .. 32

Distribution of D - interdisciplinary consistency / discrepancy of 1000 random samples 33

Stair-climbing Strategy implemented in a2-D state parameter region ........43

Strip-measure Strategy applied in a2-D state parameter region...... ............44

Explosion Strategy applied ín a 2-D state parameter region ........................47

Convex simplex decomposition method for a2-D state parameter case.......... .................49

Illustration of the convex-like decomposition algorithm for a 2-D state parameter case .. 50

Architecture of the Boundary Search and Simplex Decomposition Method ....................55

Flow chart of the Boundary Search and Simplex Decomposition Method.......................56

Complete information of the results of Run No. 1 in Test Case I given by the BSSDM .60

Cumulative number of the SA/MDA over 16 BS iterations of RunNo. I in Test Case 1 6l

History of the convergence criterion value over 16 BS iterations of Run No. I in Test

62

Full solution ofy given by an exhaustive enumeration.............. ..................64

Complete information of the results of Test Case 2 given by the 8SSDM.......................65

Zoomed-in figure of the complete information of the results of Test Case 2 given by the

............66

Cumulative number of the SA,TMDA over 14 BS iterations of Test Case 2......................61

History of the convergence criterion value over 14 BS iterations of Test Case 2.............68

Construction of the Sampling Guidance Function ..................16

A¡chitecture of the Collaboration Pursuing Method ...............78

Flowchart of the Collaboration Pursuing Method........ ...........19

Description of Adaptive Sampling for a minimization problem ..................83

Optimizationprocessof TestCase I solvedwiththeCPM............ .............91

Intermediate best objective function value over 32 CPM iterations of Run No. l0 in Test

""""""92
Cumulative number of the SA/MDA over 32 CPll;4 iterations of Run No. 10 in Test Case

;;; ;J, ;;"";;;" ;;;" ;,; ;;;;; ;il; ; ;;:,1

VI



Case 2

Figure 5-9

Figure 5-10

Case 3

Figure 5-11

Figure 5-12

Figure 5-13

Figure 5-14

Case 4

Figure 5-15

Figure 6-1

Figure 6-2

Figure 6-3

Figure 6-4

Figure 6-5

Figure 6-6

Figure 6-7

Figure 6-8

Figure 6-9

Figure 6-10

Figure 6-l I

Figure 6-12

Figure 6-13

Figure 6-14

Figure 6-15

Figure 6-16

Figure 6-17

Figure 6-18

Figure 6-19

Figure 6-20

Figure 6-21

Figure 6-22

Figure 6-23

List of Figures

Cumulative number of the SA/I\4DA over 37 CPM iterations of Run No. 9 in Test Case 2.

Intermediate best objective function value over 12 CPM iterations of Run No. 8 in Test

........................ 99

Cumulative number of the SA.TMDA over 12 CPM iterations of Run No. 8

A schematic of the power stage of the power converter [58] ...... ...... ....... 100

The geometry of the transfoÍner core t58] ..... ........ ............. 101

Intermediate best objective function value over l8 CPM iterations of Run No.4 in Test

..........106

Cumulative number of the SA,/MDA over 18 CPM iterations of Run No. 4 in Test Case 4.

....................... 106

Data dependencies for Range optimization t33l .. . .. .. ... ..... I I I

Planform geometry of a typical wing............. ....................... 114

Thickness / chord ratio definition .................. ....................... I 14

Feasible samples of Run No. 2 in Table 6-9 .........................123

Infeasible samples of Run No. 2 in Table 6-9 ..... ..................124

Distribution of experimental points over 35 CPM iterations with lOa random samples. 125

Trend of Range over 35 CPM iterations with 104 random samples ...........126

Cumulative # of the SA/MDA over 35 CPM iterations with l0a random samples.........126

Distribution of experimental points over 35 CPM iterations of Case 1 in Table 6-16....133

Trend of Range over 35 CPM iterations of Case 1 in Table 6-16...................................134

Cumulative # of the S,ÄvMDA over 35 CPM iterations of Case I in Table 6-16............134

Distribution of experimental points over 35 CPM iterations of Case 2 in Table 6- l6 .... 13 5

Trend of Range over 35 CPM iterations of Case 2 in Table 6-16................................... 135

Cumulative # of the SA/MDA over 35 CPM iterations of Case 2 in Table 6-16............136

Distribution of experimental points over 35 CPM iterations of Case 3 in Table 6-16.... 136

Trend of Range over 3 5 CPM iterations of Case 3 in Table 6-16 ...................................137

Cumulative # of the SA/lvfDA over 35 CPM iterations of Case 3 in Table 6-16............137

Distribution of experimental points over 35 CPM iterations of Case 4 in Table 6-16....138

Trend of Range over 35 CPM iterations of Case 4 in Table 6-16................................... 138

Cumulative # of the SA/MDA over 35 CPM iterations of Case 4 in Table 6-16............139

Distribution of experimental points over 35 CPM iterations of Case 5 in Table 6-16....139

Trend of Range over 3 5 CPM iterations of Case 5 in Table 6-16 ...................................140

Cumulative # of the SA^4DA over 35 CPM iterations of Case 5 in Table 6-16............140

95

96

3-

99

in Test Case

v1r



Figure 6-24

Figure 6-25

Figure 6-26

Figure I-l

Figure I-2

Figure I-3

Figure I-4

Figure I-5

Figure I-6

Figure I-7

Figure I-8

Figure I-9

Figure I-10

Figure I-11

Figure I-12

Figure I-13

Figure I-14

Figure I-15

Figure I-16

Figure I-17

Figure I-1 8

List of Figures

Distribution of experimental points over 35 CPM iterations of Case 6 in Table 6-21 ....144

Trend of Range over 35 CPM iterations of Case 6 in Table 6-21 ...................................144

Cumulative # of the SA/MDA over 35 CPM iterations of Case 6 in Table 6-21............145

Schematic of finite element and control volume in the CVFEM ...............165

Flowchart of the Adaptive Response Surface Method........ .......................169

Schematic of engine intake flow... ................... 170

Depth of cooling (0) as a function of relative cooling air flow, m,1601..........................172

Intake scoop shape created with a cubic B-spline curve............ ................176

Schematic of heat transfer problem........ ..........111

Schematic of external flowproblem ................ 180

Air mass flow rates with different domain heights and top boundary conditions .......... 184

Strategy of flow simulation for optimization .............. ......... 185

Temperature distribution within the intake scoop. ................ 188

Contours of velocity potential in the flow field ............. ....... 188

Optimal cooling intake scoop shape........... ..... 189

Smallest cooling intake scoop shape............ ......................... 189

Biggest cooling intake scoop shape ........... ...... 189

Objective function versus Aspect Ratio, AR, and air mass flow rate, tix ..................... 190

Numerical solutions of the objective function over 1780K (view 1) ........ 190

Numerical solutions of the objective function over 1780K (view 2) ......... 191

Numerical solutions of the objective function over 1780K (view 3) .........191

vt11



X-IST OF'TABLES

Table 3-1 Experimental points for the RBF approximation.......... ...............31

Table 4-1 Results of Test Case 1.......... ..............59

Table 5-l Results of Test Case 1.......... ..............92

Tab\e 5-2 Results of Test Case2.......... ..............95

Table 5-3 Accuracy comparison between the CPM and the CSSO applied in Ref. l49l ....... .. ............97

Table 5-4 Results of Test Case 3.......... ..............98

Table 5-5 Design variables of the power converter problem ..................... 104

Table 5-6 Explicit dependency matrix of the power converter problem....... ..................104

Table 5-7 Accuracy comparison between the CPM and the CSSO applied in Ref. [57] ... . . .. ..........104

Table 5-8 Results of Test Case 4 given by the CPM....... ...... 105

Table 6-1 Formulation of the conceptual aircraft design [33]. ..... ...... .....112

Table 6-2 Design variables of the conceptual aircraft design .................... I 13

Table 6-3 Dependencies of state parameters ........................ I 16

Table 6-4 Coefficients for the polynomial functions ............117

Table 6-5 Discretized design variables ............ I l8

Table 6-6 Explicit dependency matrix between state parameters and their variabIes.......................... I l9

Table 6-7 Implicit dependency matrix between state parameters and their variables ................... .......120

Table 6-8 Results of cases from the reference t33] ........ ... ......................121

Table 6-9 Results subject to the modified constraints given by exhaustive enumerations...................122

Table 6-10 Results subject to the original constraints given by exhaustive enumerations .....................123

Table 6-l I Effectiveness of applying the Adaptive Sampling in the CPM .......................I25

Table 6-12 Initial infeasible experimental points for the parameter studies in the CPM.. ......................127

Table 6-13 Results of the study of na............ .....128

Table 6-14 Results of the study of A¡ and I ................... ..........129

Table 6-15 Results of the conceptual aircraft design from references [4] and [35]..............................130

Table 6-16 Results given by the CPM subject to the modified constraints ......................132

Table 6-17 Constraint values of optimum solutions of the 5 cases in Table 6-16..................................132

Table 6-18 Results of multiple runs of the 5 cases in Table 6-16.............. ........................ 133

Table 6-19 Computational cost for generating initial feasible experimental points subject to constraints

through a random sampling....... .....................141

Table 6-20 Results of Case 4 in Table 6-16 based on continuous sampling.... ..................142

Table 6-21 Results given by the CPM subject to original constraints ..........143

1X



NOMENCI,ATURE

AR Aspect ratio

C¡ Skin friction coefficient

cp Specific heat

D Drag

ESF Engine scale factor

f System objective function, e.g., the range of an aircraft design

g Vector of constraints

G Vector of constraint functions associated with g

gc Vector of constraints for subsystems

G. Vector of constraint functions associated with g"

8s Vector of system constraints

G, Vector of constraint functions associated with g"

GF Guidance function

h Convection coefficient in aircraft component design / Altitude in conceptual

aircraft design

I Integer value to specify the size of a local region around the current best solution

for Adaptive Sampling in the CPM

ip Integration point

k Thermal conductivity

K Kelvin units of temperature

L Lift



Nomenclature

LID Lift to drag ratio

M Number of specified strips in the Strip-measure Strategy

M Mach number

n Number of state parameters

¡/ Interpolation (shape) function

ns Number of discretized values of a design variable

na Number of reactivated design variables for Active Design Variable Control

ng Number of constraints

nm Nautical mile

N2 Maximum load factor

P Number of samples

Pq Number of samples in quadrant q inthe Explosion Strategy

A Number of quadrants in the Explosion Strategy

r Fraction ofuniced surface aÍea

R Range

s, t Local coordinates within elements

Sn¡r Wing surface area

SFC Specific fuel consumption

,SP Speed factor of Guidance Functions

T Temperature

T Throttle setting

tlc Thickness / chord ratio

u, v Velocity components

f/ Velocity

XI



Nomenclature

Wee Baseline engine weight

Wp Engine weight

Wp Fuel weight

Wro Miscellaneous fuel weight

We Miscellaneous weight

Wr Total weight

x Wingbox x-sectional area

x, ! Cartesian coordinates

x¡ Vector of disciplinary I local design variables and interdisciplinary design

variables of y¡; x¡ À x¡ (i 17) does not have to be empty

xL¡ Vector of local design variables in subsystem t; xt¡ n xri: Ø (i + j)

xcsi Vector of system-subsystem design variables in subsystem i; xr,¡ ) xcsi (i 17) does

not have to be empty

x Union of disciplinary design variables and system-subsystem design variables,

{tt, .- -,xí, -..,xn,xrr}

xcs Union of system-subsystem design variables, {x"rt, ...,xcsi, ...,xrr,.,}

.rs Vector of system design variables; x, O x: Ø

y Union of state parameters , {yt, ..., !i, . .., !n}

lci Sub-set ofy in subsystem i (excludingy¡)

!¡ State párameter given by subsystem i, e.g.,lift output from aerodlmamic analysis

Y¡ State parameter function associated withy¡

Z Vector of interdisciplinary design variables in the BLISS

A¡ Percentage value to specifo the size of a local region around the current best

solution for Adaptive Sampling in the CPM

x11



Nomenclature

Greek

p Regression coefficient

p Density

ø Velocity potential

)" Wing taper ratio

A Wing sweep

Superscripts

* Optimum value

Subscripts

a Air

c Contributing analysis or subsystem

ce Geometric center of the feasible state parameter region

d Discrete variables

f Fluid

g Gas

L Local

Lb Lowerbound of design variables

q Sample index / ranking number

s System

Ub Upper bound of design variables

w Wall

xlll



Overheads

Implicit approximation

Explicit approximation

Nomenclature

xiv



LIST OF ABBREVIATIONS

Adaptive Response Surface Method

Black Box

Bi-level Integrated System Synthesis

Boundary Search

Boundary Search Process

Boundary Search and Simplex Decomposition Method

B o ender-Timmer-Rinnoy-Kan

Contributing Analysis

Concurrent Engineering

Collaboration Model

Computational Fluid Dynamics

Collaborative Optimization

Coordination Procedure

Collaboration Pursuing Method

Concurrent Subspace Optimization

Control Volume-based Finite Element Method

Disciplinary Analysis

Design of Experiments

Finite Difference Method

Finite Element Analysis

Global Sensitivity Equations



List of Abbreviations

LHD: Latin Hypercube Design

MDA: Multidisciplinary Analysis

MDO: Multidisciplinary Design Optimization

MPS: Mode-pursuing Sampling

RBF: Radial-basis Function

RSM: Response Surface Method

SA: System Analysis

SCV: Sub-control Volume

SS: Sub-surface

SO: System Optimization

xvl



CHAPTER 1

INTRODUCTION TO MULTIDISCIPLIN,A.RY DESIGN

OPTIMIZATION

1.1 BACKGROUND

According to the website of the AIAA Multidisciplinary Design Optimization

Technical Committee [1], Multidisciplinary Design Optimization (MDO), (or

Multidisciplinary Design Synthesis), is "a methodology for the desígn of complex

engineering systems and subsystems that coherently exploits the synergism of mutually

interacting phenomena". In other words, MDO seeks the "optimal design of complex

engineering systems which requires analysis that accounts for interactions amongst the

dísciplines (or parts of the system) and which seel<s to synergistically exploít these

interactíons" [1].



Chapter I - Introduction to Multidisciplinary Design Optimization

MDO is an important design strategy in industry today. In the increasingly competitive

global marketplace, its motivation and importance arise through requirements from a

design process. A design process generally consists of conceptual design, preliminary

design, detailed design, production and support. As a design procedure evolves over time

and covers more information, designers lose certain design freedom due to sequentially

casting decisions "in concrete". As a result, a sub-optimal design occurs at the end.

Moreover, due to the sequential characteristics of a conventional design method, certain

changes may require designers to re-work the entire design analysis. MDO allows the

design process to shift from the conventional means of sequentially handling a design

procedure, by only focusing on the performance, to concurrently considering all aspects

of design over the product life cycle from the Concurrent Engineering (CE) point of view

[2]. Some typical elements of design aspects include performance, maintainability, life-

cycle cost, reliability, vulnerability and so forth. MDO is a broad area that includes design

synthesis, sensitivity analysis, approximation concepts and optimization methods and

strategies. Also, it involves artificial intelligence, rule-based design, physical

programming, parallel computing, variable-fidelity models, human interfaces, and so

forth. Hence MDO is a highly complex subject involving many subsystems. I

An engineering system often entails several complex and coupled physical disciplines.

For example, a helicopfer air-intake scoop design involves couplings amongst de-icing,

aerodynamic performance and engine performance [3], [4] (see Appendix I). These

disciplines usually rely on computationally intensive processes, e.9., Finite Element

IA subsystem usually designates a physical discipline, and is interchangeable with "contributing analysis"

in this thesis.
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Analysis (FEA) and Computational Fluid Dynamics (CFD). Optimizing such a design

problem is difficult due to interactions amongst coupled disciplines. MDO aims to solve

such complex problems.

A classical example to illustrate the practical application of MDO is known as the

aeroelastic problem. Considering the wing as a flexible beam, the aeroelasticity problem

is constrained by couplings between a structural analysis and an aerodynamic analysis.

The structural analysis needs the input of a pressure distribution from the aerodynamic

analysis. Similarly, the aerodynamic analysis requires the deformed wing shape from the

structural analysis. Traditionally, an aircraft design is initiated with aerodynamic analysis,

treating the structure as rigid. Structural analysis is commenced once air loads are

available. This practice takes many design iterations and could lead to a sub-optimal

solution of the whole design system, since the system performance should be

simultaneousiy determined by all contributing disciplines / subsystems.

The mathematical formulation of a general MDO problem is defined by

Tt: /(¿'t' 
' 
Y)

subject to y, =I (r,, xo,, !",), i :1,..., n

g: G (x"rx,/)< 0

(1 .1)

where:

/is the system objective function,
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/¡ denotes a state parameter / vanable2 given by its corresponding subsystem or

discipline, e.g., Lift given by aerodynamic analysis,

Y¡ denotes the function associated withy¡,

z denotes the number of state parameters,

x¡ denotes a vector of disciplinary I local design variables and interdisciplinary

design variables of y,;3 (x¡ ) x¡ (i + j) does not have to be Ø),

x.r¡ denotes a vector of system-subsystem design variables shared by y¡ andf ; (x"r¡

) xcsi Q + j) does not have to be Ø),

x : {xt, ..., xi, ..., xn, x"r\, ã union of the disciplinary I local design variables,

interdisciplinary desi gn variabl es, and system-subsystem desi gn variables,

x, denotes a vector of system design variables of f (x, ) x: Ø),

r", : { xcsr, ..., xcsi,..., xrrn}, a union of the system-subsystem design variables,

!: Ut, "',Yi, ...,lnj, a union of state parameters,

!,¡ : Uj\, j * t, a vector of state parameters output from other subsystems to

subsystem i,

g denotes a vector of inequality constraints,

G denotes a vector of inequality constraint functions associated with g.

For illustration convenience, a simplified conceptual airqaft design problem is defined

below to facilitate the interpretation of equation (1.1).

2 Hereafler, y is called state parameter.

3 Interdisciplinary design variables are only shared by subsystems, rather than the system objective function,

and are different from local design variables, x¡¡, which only appear in subsystem i.
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rnax R(M, h, W' WF, L/D, SFC)

subject to: W, :Yr(I,x,1/c, AR, 
^, 

S,"r, Vy'r, L, %)
D: Yr(tr, M,C1., t/c, AR, x, Â, S,"¡, Wr, @, ESF)

ESF : Y, (T, D)

@ : % (1, *,4R, S,"r, L)

L: y, (q)
Wo :{(t/c, Æ, S,"r) Q'2)

LID:Y, (h, M, C/, t/c, AR, A, S,"r, Wr, @, ESF)

% : v, (nsr)

sFC:%(h,M,T)
@: G, (1, *,4R, S,"r, L)

o : Gr(t/c,x, Sref, AR, 2, L)

where

R - Range

AR - aspect ratio

C¡- skin friction coeff,rcient

D - drag

ESF - engine scale factor

h - altitude

L-lift

M - Mach number

SFC - specific fuel consumption

Sne¡ - wing surface area

t/c - thickness/chord

Ws - engine weight
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We - fuel weight

Wr - total weight

x - wingbox cross section

z\ -wing sweep

)" - taper ratio

LID - lift to drag ratio

@ - wing twist

o - stress

According to the general MDO formulation defined in equation (1.1), x consists of

h,M,1,x,tlc, AR, 
^, 

S,.¡,T, and C' and is the vector of independent design variables.

x., consists of M and h. x, is empty. Equation (i.2) is dominated by couplings amongst

Wr, @, D, and ESF. Given values of x, W1, @, D, and ESF, the other state parameters,

such as L, Wr, L/D, W¡, and SFC, can be directly calculated. In the expression of W1,

xcst is empty, x1 is composed of ).,x,tlc, AR, 
^, 

and S."¡, , and lcr includes

WF, L, and W, . In the function of D, x.,2 includes M and h, xz is composed of

C , , tlc, AR, x, r\, and S,", , and y.2 includes wr , @, and ESF . In the expression of ESF,

x."3 is empty, x3 is T, and y6 is D. More detailed information of the conceptual aircraft

design is introduced in Chapter 6.

Physically, a discipline could output more than one state parameter. Disciplinary

Analysis (DA) is a process to calculate all state parameters in a discipline based on inputs.

In equation (1.1),y is governed by
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h:Yt@ot,\,!a)

!, : Y,(x^,, x,, !",)
"r,, 

:",,(xor, x,, !"u)

(1.3)

Equation (1.3) describes the System Analysis (SA) or the Multidisciplinary Analysis

(MDA). The solution of equation (1.3) is calculated by an iterative procedure (such as the

Gauss iterative method), when given a set of x, the initial guess of y, convergence

criterion determined by a specified accuracy tolerance, and maximum number of

iterations. The standard MDO formulation in equation (1.1) is also called the

Multidisciplinary Feasible (MDF) method t5l t6l in the nonlinear programming

community, or the All-in-One method in the engineering community l7l.It can be solved

by conventional optimization algorithms, such as gradient-based methods. The main

difficulty of applying the All-in-One method in practice is that the computational cost

could be prohibitive since the SA/MDA is called at each iteration during the optimization

process. Therefore, reducing the number of calls to the SA/MDA can improve the

performance on an MDO algorithm.

OBJECTIVES

Traditional optimization methods, such as the All-in-One method, need frequently call

the SA/MDA for any increment of design variables, x, during the optimization process. It

is generally cost-prohibitive to apply traditional optimization methodologies for pursuing

the global optimal solution of MDO problems in practice if disciplinary analyses involve

1.2
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computationally intensive processes, such as CFD. Reducing the number of calls to the

SA/MDA is a major challenge to develop new MDO methods. Also, since MDO focuses

on the system design, another challenge is successfully and efficiently handling a large-

scale design problem, such as an aircraft design involving many design variables,

constraints and subsystems. In general, the MDO methodology is dedicated to reducing

the total tum-around time for pursuing an optimal system solution by efficiently

collaborating coupled disciplines.

The basic idea of sampling-based MDO methods is to have alarge number of samples,

from which some desirable samples are selected for optimization. In doing so, an obvious

question is how the feasibility of samples with subject to the SA/MDA can be determined

and maintained. In this regard, the first objective of this thesis is to develop a new

collaboration model for selecting feasible samples.

Since MDO is dominated by the SA/MDA, intuitively, it is believed that more

understanding of the SA/MDA can benefit the process of solving MDO problems. Based

on the collaboration model, the second objective of this thesis is focused on exploring the

essence of the SA/MDA in a different approach, which allows designers to capture the

relation between coupled state parameters explicitly. Given the relation between coupled

state parameters, optimizing the system objective function can be implemented easily.

New boundary search and domain decomposition strategies will be developed for

geometrically depicting the relation between coupled state parameters. Eventually, a new

MDO methodology will be developed and tested.
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The third objective of this thesis is to develop a sampling-based MDO methodology,

which is capable of solving general and relatively large-scale MDO problems. The

collaboration model described previously will be applied for selecting the feasible sample

candidates from sampling processes. For achieving the global optimum of an MDO

problem, a sampling-based optimization method, named the Mode-pursuing Sampling

(MPS) method [8], will be applied as a global optimizer in the new MDO method. Also,

strategies for solving large-scale MDO problems will be developed. At the end, some

benchmark test cases and a conceptual aircraft. design problem will be solved for

validation of this new MDO method.

The objectives of this thesis can be summarized as follows:

i. To be able to efficiently coordinate coupled subsystems of MDO problems in a

sampling process, a new collaboration model will be developed.

2. To describe the couplings explicitly when optimizing MDO problems, a new

MDO methodology will be developed based on the collaboration model, boundary

search strategies, and decomposition methods.

3. For optimizing general and relatively large-scale MDO problems, a new

sampling-based MDO methodology will be developed based on the collaboration

model.

THESIS OUTLINE1.3

Chapter 2 gives an extensive literature review of MDO.
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Chapter 3 introduces a newly proposed collaboration model for effectively

coordinating coupled disciplines in MDO problems.

Chapter 4 elaborates a newly proposed MDO method, named the Boundary Search and

Simplex Decomposition Method (BSSDM).

Chapter 5 presents a newly proposed MDO method, called the Collaboration Pursuing

Method (CPM), as well as results of benchmark MDO problems solved by the CPM.

Chapter 6 shows the application of the Collaboration Pursuing Method to a conceptual

aircraft design.

Chapter 7 concludes the thesis and makes recommendations for future research and

development of the proposed MDO methodologies.

10



CHAPTER 2

LITERATURE REVIEW

2.7 INTRODUCTION

In 1991, AIAA (American Institute of Aeronautics and Astronautics) established a

Technical Committee for Multidisciplinary Design Optimization (TC-MDO) to advance

MDO technology [1]. The National Aeronautics and Space Administration (NASA)

Langley Research Center has established a leading role in this area. References t9l-t121

provide extensive reviews on the current development of MDO. Many currently available

MDO methods have been systematically tested and compared in references [13] and [1a].

Formulations of MDO can be categorized into decomposition-based and non-

decomposition methods. Under the decomposition-based category, the methods include

Optimization by Linear Decomposition (OLD) and Collaborative Optimization (CO)

methods. The MDF method (mentioned in Chapter 1), All-at-Once method, and

1t
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Individual Discipline Feasible method belong to the non-decomposition category. The

Response Surface Method (RSM) works as a nested technique in almost all of the

currently available MDO methods.

)) OPTIMIZATION BY LINEAR DECOMPOSITION

The sensitivity analysis is a basic tool for Optimization by Linear Decomposition

(OLD). OLD methods were motivated by personnel organization in the workplace, e.g.)

design teams consisting of different mission departments and concurrently dealing with

all subsystems. The OLD methods decompose a large design into subsystems (or

disciplines) with effective collaboration, and they drive all subsystems to concurrently

contribute the system objective. In this way, the turn-around time is expected to be

shortened. Three representative decomposition infrastructures are the Hierarchic

Decomposition, Non-hierarchic Decomposition, and Bi-level Integrated System Synthesis

(BLrss).

2.2.1, Sensitivity Analysis

In the area of Operations Research or Linear ProgrammiflB, a sensitivity analysis,

which is also called the post-optimality analysis, is used to explore "ltow a Linear

Programming's optimal solutíon depends on its parameters" 115]. For the standard MDO

problem in equation (1.1), a difficulty is the costly SA/MDA involving interdisciplinary

couplings amongst disciplines. Intuitively, if there is a way to relax or decouple the

t2
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couplings to achieve certain disciplinary autonomy, the process of repeatedly evaluating

the SA/MDA could be avoided during the optimization. The sensitivity analysis was

applied into engineering applications by Sobieszczanski-Sobieski and Riley in 1981 [16],

[17]. According to references [16] and 1171, an "optimum sensitivity analysis is a

technique which permits investigation of the sensitivity of an optimization problem's

solution to variatíons of the problem's parameters". Details regarding the optimum

sensitivity analysis can be found in references [16]-[19].

A straightforward method to perform the sensitivity analysis is the Finite Difference

Method (FDM) 1201. But the FDM is costly since it needs to repeat the SA/MDA for

every perburbed design variable. It was reported that the sensitivity analysis accounts for

more than 90% of the total computational cost in the OLD methods [21]. Some work has

been done for investigating other efficient ways of performing the sensitivity analysis,

such as the direct method, adjoint method, and linear approximate method 1191,1201,1221.

Analytical methods are always preferred due to high efficiency. The optimum sensitivity

analysis is usually applied to link two adjacent levels of the decomposed system.

Due to its nature, the sensitivity analysis can be used for extrapolation [16], 1171,1231.

The increment of a parameter can vary up to 20Yo, or at least 70Yo, and. still satisfy

engineering accuracy requirements, provided the change of the parameter will not

influence the set of binding constraints. The other potential application of the sensitivity

analysis is to determine weighting factors in a composite objective function in the

multiple-objective optimization I I 6], [1 7].

13
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2.2.2 Hierarchic Decomposition

In 1982, the NASA Langley Research Center published a formal generic

decomposition method called the Hierarchic Decomposition L241. Literally, the

Hierarchic Decomposition method decomposes a design problem into subsystems

corresponding to 'parent' and 'daughter' levels. There is no interaction between parents

or daughters at the same level, as shown in Figure 2-7. In other words, a daughter

problem only talks to its own parent problem, while one parent could have more than one

daughter. Also, the whole system has only one parent at the top, which is in charge of the

entire system optimization.

The Hierarchic Decomposition method has been successfully applied in structural

analysis with a large number of design variables and degrees of freedom [25], 1261. In

hierarchic decomposition, all subsystems can not concurrently pursue the system

objective during the optimization procedure. Also, due to its nature of no connection

between subsystems, the Hierarchic Decomposition method has difficulties to organize

more coupled disciplines.

Hierarchic Decomposition [2]

14
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2.2.3 Non-Hierarchic Decomposition

Non-hierarchic Decomposition methods were motivated from the observation that

most design problems are non-hierarchical in nature. Solving an MDO problem is like

answering "v¿hat if' questions during a design procedure. However, for a large-scale,

coupled system, it is difficult to answer the "what if' questions because everything

influences everything else in an extreme situation. The sensitivity analysis herein is

implemented with the Global Sensitivity Equations (GSE), which lineanze nonlinear

couplings amongst subsystems and serve an important role in the Non-hierarchic

Decomposition metho ds 127 I.

A non-hierarchic system, as an example, involving structural, aerodynamic, and

control subsystems in an aircraft. design is depicted in Figure 2-2. The couplings are

governed by the SA/MDA in equation (2.1).

4),t")=o
,lr),lp)=o

tp),y)=o

o(('''o

þ(('''"

,((*',"

(2.r)

where a, þ, and 7 represent structural, aerodynamic, and control analyses, resþectively. x

is the design variable vector. !a, !Ê, and y, are three behavior variables or state parameters

output from their respective subsystem, and are coupled to each other by input-output

relations.

15
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Figure2-2

Hinge moment

Non-Hierarchic Decomposition

The GSE is the sensitivity derivative of state parameters, y, with respect to design

on state parameters. Two different ways of deriving the GSE are introduced in reference

127).Two representative GSE-based MDO methods are briefly reviewed in Sections 2.2.3

and2.2.4.

2.2.4 Concurrent Subspace Optimization

The first representative algorithm of Non-hierarchic Decomposition methods is the

Concurrent Subspace Optimization (CSSO) [28]. The CSSO needs to uniquely allocate all

independent design variables into separate subsystems / Contributing Analyses (CA). In

other words, one design variable only appears in one subsystem. The SA/MDA of an

MDO problem involving three coupled state parameters is formulated in the CSSO

fashion by

l2l

variables x, i.e., tgl It reflects the influence of the change from local design variables' 'La*)

Deformalions

Bending stress
at wing root

t6
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(2.2)

The optimizatton process of the CSSO includes two steps. First, during the subspace

optimization, the system objective function is optimized concurrently in each subsystem

with respect to local (disciplinary) design variables. The GSE is applied to approximate

interdisciplinary relations between the local design variables in one subsystem and state

parameters output from other subsystems , Ê.8.,1%lin subsyste m a inequation (2.2).
lô*" )

Cumulative constraints are carried out with the Kreisselmeier-Steinhauser (KS) function,

which is similar to the quadratic exterior penalty function [29]. Non-local constraints are

approximated using a first-order Taylor series.

Then, in the system Coordination Procedure (COP), constraint responsibility and

tradeoff factors are used to coordinate the subspace optimization [28]. It was reported

from reference [28] that a linear approximation based on the GSE can be used to replace

the factors for coordinating the subspace optimization. Similarly, first-order and second-

order accumulated approximations are used to coordinate the subspace optimization [30],

[31]. Neural network approximations are also applied in this regard[32].

o((*",t0,t,),r"):o

Þ((*o,t",h),tp)= o

r((*,,t",t0),rr)=o

17
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2.2.5 Bi-level Integrated System Synthesis

The Bi-level Integrated System Synthesis (BLISS) is a two-level decomposition

infrastructure consisting of the Black Box (BB) level and the System Optimization (SO)

level [33], [3a]. The BB corresponds to a CA or subsystem, while the system objective

value is an output value from one of the subsystems. The BLISS focuses on MDO

problems that have a large number of local design variables, x¡, but a small number of

interdisciplinary design variables, Z, existing in at least two subsystems. All constraints

are preferred to be local constraints, which are only functions of the local design variables,

xy, ãfidstate parameters,y. If constraints are functions of Z and y, they can be handled in

the System Optimization. Rewrite the original formulation of the MDO problem in the

BLISS fashion by

Yr,2f@''z'Y)
subject to: g = G(r' Z, y) <0

(2.3)

In the level of the BB optimization, given a feasible design, fs, the BLISS linearizes

the system objective function with respect to local design variables, x¡, based on the GSE

by freezing the state parameters and interdisciplinary design variables, as shown in the

following equation

7 : u)¡(#)' ax,, +,,.(#,)' *u,

18
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¡xT

where t :[-l i, 
",rulrruted 

by the GSE. Thus, all BBs can concurïently and explicitlylôx. l
\ L¡¡l

contribute to the system objective by optimizing its o\¡/n objective as

(2.s)

In the level of the SO, the interdisciplinary design variables, Z, become active to

further improve the entire system objective. The system level optimization can be

formulated by

(2.6)

Two different ways of calculating ôf I ôZ in equation (2.6) are introduced in references

[33] and [34]. Compared with the CSSO, each BB (or subsystem) concurrently works on

its own contributingpart to optimize the system objective rather than the whole system

objective.

The Response Surface Method (RSM) is also applied to the BLISS for approximatingf

and g in Z space [35], [36]. One way of building up the RSM is based on data from the

SA/MDA, and the other way is to obtainingdata from the BB optimization.

t x7'

min þ,=[+ ì *.,.rL tt [ôr'J
subject to:g =C(x,r)<O

i =I, ..., n

^inf = fo+(#)' *
subject to: Z ru < Z + LZ < Zub; AZ Lb 

< M 3 Muu

t9
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2.3 COLLABORATIVE OPTIMIZATION

The Collaborative Optimization (CO) is also a bi-level decomposition algorithm [37]-

1391. In the CO, the interdisciplinary consistency is pursued by the match between the

targets issued from the system level and the feedback returned from subsystems. For a

two state-parameter MDO problem including a system-subsystem variable, x"r, shared by

both subsystems, the SA/MDA is formulated by

lt :Yt(xrr, xrr, !z)
lz:Yz(x"r,xn,h)

(2.1)

(2.8)

where x¡¡ and xy2 àÍa local design variable vectors in subsystems. Then the two state-

parameter MDO problem can be re-formulated in the CO fashion by

System-level optimization :

^]\, f (',,' r,'!,)

subject to: c, (x",, !r,lr): å[p, -

c z (x,,, ! r, ! r) = )lllu, -
".,ll' 

* ll", tø , xyr, !z) - -r,l'] = o

".,11' 
* ll", (r-, ,iuz, tt)- -u, f'] = o

where q and o, indicate the copies of x." in subsystems. Also, ot, xLt, o, and xu are

constants values retumed from solving the subsystem optimization, given target variables

of (x."*, yt*, yz*) from the system level.

20



Subsystem-level problem:

Chapter 2 -Literature Review

are constants given from the system level

By the end of the subsystem optimization,

Subsystem t,fllî å[n -".".11'*llv, (", ,*,,,!,.)-r,.ll']

subject to: gr, (or,*r,I (o,, xyy,lz ))a O

subsystem ,, i.ii,ill",- ".,.11' 
* 

llv, (',, *u, y:)- r,.ll']

subject to: gu(or, *u,Yr(or, rrr,.y,. )) 
. 0

(2.e)

and q is the duplicate

o, and x' ate outputs

where y2* , yt* , and x"r*

of x., in Subsystem 1.

from Subsystem 1.

where, y2*, yr*, and x",

of x., in Subsystem 2.

from Subsystem 2.

(2.10)

* 
are constants given from the system level and o, is the duplicate

By the end of the subsystem optimization, o, and i' are outputs

According to the above CO formulation, the system level and the subsystem level are

linked by introducing extra variables, like ø, and o, as local copies of the system design

variable, x"r, in subsystems. The couplings amongst subsystems are relaxed by issuing

target values of (x",*, yt*, yz*) from the system level to the subsystem level. Therefore,

each subsystem has its own autonomy and works independently of each other. The

interdisciplinary consistency is maintained by pursuing the match between the issued

21
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targets and the targets' copy in the subsystem

used to adjust the value of the issued targets

level optimization minimizes the objective

inconsistencies. The basic structure of the CO

level. Feedback from the subsystem level is

in the system level. Iteratively, the system-

function and reduces the interdisciplinary

is shown in Figure 2-3.

System-Level Optimizer

Goal: Designolrjective

s.t. lnterdisciplinary
compatibility
constràints

Subspace Optimizer 1

Goal: lnterdisciplinary
compatitlility

s.t. Analysis 1

constraínts

Subspace Optimizer ?

Goal: lnterdisciplinary
compatibility

s.t. Anal5t5ls 2
constraints

Subspace Optimizer N

Goal: lnterdisciptinary
conrpatibility

s.t. Analysis N
constraints

Analysis 1 Analysis 2 Analysis N

Figure 2-3 The basic Collaborative Optimization architecture [38]

The basic idea of the CO fits well in industry settings. The chief designer assigns

design requirements (targets) into each disciplinary analysis team to ask if they can

implement it. Then, the design is re-adjusted based on the feedback from all design teams

until all teams agree. However, it was reported that the CO has some serious

computational diffi culties [40] -[42f , i.e.,

22
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(1) the CO leads to system level optimization problems that fail to satisfy the

standard Karush-Kuhn-Tucker condition, and

(2) the CO leads to system level optimization problems that are more nonlinear than

the original problem.

The Response Surface Method has been applied in the CO to approximate either the

system objective function or subsystem objective function 143]. Nonetheless, the RSM

cannot completely alleviate the problern raised from the CO's nature [a1].

2.4 ALL-AT-ONCE METHOD

If state parameters are considered as variables for optirnization, and the SA/MDA is

viewed as equality constraints, the formulation of the All-at-Once method (without

considering the system design variables, x,) of a two state-parameter MDO problem is

givenby (references [7], [9], and [10])

min f (x",,!,,!,\
x,-1,

subject to'. lt-Y, (r.", ,x1,yr)=0

!r-yr(*ur,*r,y,):0 
Q'LI)

s(x,v)< o

At each optimization iteration, there is no feasibility maintained. The optimality is

achieved together with feasibility only at solutions.
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2.5 INDIVIDUAL DISCIPLINE FEASIBLE METHOD

The Individual Discipline Feasible (IDF) method (or called "in-between" approach)

uses auxiliary variables and consistency constraints in MDO problems so that the

SA/MDA can be decoupled l5l, [7]. A two state-parameter MDO problem (without

considering the system design variables, x,) can be formulated in the IDF fashion by

ryi1 f (x,,,t,,tr)

subject to;t,: y, 
e.12)

tz=lz

s(x,r) < o

where /1 and t2 are the auxiliary variables ofyl and y2, respectively, and t: {tt, /2}. When

given x and t, y1 and yz are evaluated by

lt :Yt(x,,r, x,tr)

lz =Yz(x,,2, xz,tt) Q'13)

The individual discipline feasibility is always maintained during the optimization process,

while the multidisciplinary feasibility is only guaranteed at optimization convergence.

2.6 OVERVIEW

Based on the GSE, the OLD methods linearize the coupled state parameters in the
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neighborhood of a feasible design, and search for the optimum solution along a piecewise

path in the design variable space. Therefore, the global optimum solution is not assured.

The efficiency is expected to be high, since they are gradient-based methods, while

confined by the move limit. The infrastructure of the CO fits well in the framework of an

engineering organization. However, the convergence is not guaranteed and it has

diffrculties when incorporating conventional optimization techniques due to its nature.

The non-decomposition methods are not as efficient as the decomposition-based methods,

while working well with conventional optimization techniques.

Like most currently available MDO methods, new MDO methods should be capable of

effectively coordinating couplings among subsystems. It would be advantageous if new

methods were capable of searching for the global optimum solution of an MDO problem

with a short tum-around time. Since the SA/MDA is the biggest hurdle in complex MDO

problems, a better design could result from more information about the SA/MDA.
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COLLABORATION MODEL

3.1 INTRODUCTION

MDO problems are dominated by couplings amongst state parameters. Effective and

efficient collaboration between subsystems is always desirable when solving MDO

problems. This chapter introduces a new Collaboration Model (CM) a for selecting

feasible samples (generated in the design variable space) subject to the SA/MDA in a

sampling process. A feasible sample subject to the SA/MDA means that the sample

satisfies the simultaneous equations defined in equation (1.3). Aforementioned in Chapter

1, equation (1.3) is usually solved by an iterative procedure (such as the Gauss iterative

method), when given a set ofx, the initial guess ofy, convergence criterion determined by

a specified accuracy tolerance, and maximum number of iterations. The Collaboration

a Hereafter, 'Collaboration Model' refers to the proposed collaboration model.
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Model is constructed by two mutually dependent approximations, which reflect the

physical characteristics and mathematical dependency of the SA/MDA. A feasibility

distribution for samples subject to the SA/MDA is plotted in terms of the interdisciplinary

discrepancy / consistency value of samples based on the Collaboration Model. Given the

feasibility distribution, samples are distinguished and feasible samples are chosen

accordingly. The Collaboration Model serves a key role for sampling-based MDO

methods. A Radial-basis Function, briefly reviewed in Section 3.3, is applied to

implement the Collaboration Model.

3.2 COLLABORATION MODEL

Collaboration amongst subsystems (i.e., interdisciplinary consistency) in Linear

Decomposition methods is maintained by the GSE. In the CO, coupled subsystems are

relaxed by issuing some slack-variables from the system level to subsystems. Then the

interdisciplinary consistency is pursued in the system level by extra equality constraints,

which are the match between the targets issued from the system level and their

corresponding values returned from subsystems.

In a sampling process, it is not certain if any set of design variables, x, is feasible in

terms of values of its state parameters governed by equation (1.3). The new Collaboration

Model, which is expected to maintain the interdisciplinary consistency between coupled

state parameters, is built for selecting feasible candidates from a sample pool, so as to

optimize the system objective effectively. These selected samples are expected to produce

feasible solutions of state parameters subject to the SA/MDA. So, the Collaboration
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Model can be viewed as a filter for a sampling process. The new Collaboration Model is

formulated incorporating equations (1.1) and (1.3), and elaborated using a general two-

state-parameter SA/MDA problem defined in equation (3.1) according to equation (1.1).

In equation (3.1).yt is explicitly a function of x",¡, x¡, âfld y2.The explicit expression

reflects the physical relation between )t1 and its variables, i.e., xcst, xt, and y2. Meanwhile,

y1 is implicitly a function of x, which is the union of x1, x2, xcst and x"r2. The situation is

similar for y2. Intrinsically, all state parameters ) y, aÍe only implicitly affected by their

associated design variables. The implicit function of state parameters uncovers

mathematical dependencies between state parameters, y, and design variables, x61, x1, xç52,

andx2.

Recall equation (1.3). The proposed Collaboration Model is built based on two

dependent approxirnations of coupled state parameters. One is the approximation of the

implicit function and the other is for the explicit function. A Radial-basis Function (RBF)

is applied to modeling the implicit and explicit approximations as follows:

lt =Yt(x, x*1, !z)

lz =Yz(*r, *^r, !r)

!, =i,(*,),¡ =1,...,tr

!,=Y,(x,, xo,, !r,), i:1 , .'., fr

(3.1)

(3.2)

(3.3)

where, Í, includes all associated design variables of the state parameter y¡ evaluated by
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the approximate implicit function. In MDO problems where all state parameters are

coupled with each other (in other words, values ofy are evaluated simultaneously with a

SA/MDA), Í, is same as x defined in equation (1.1). For example, Í, is the union of x¡,

x2, xcst, and xr,2 in equation (3.1). In other situations where, at least, one state parameter is

not coupled with any of other state parameters (e.9., y,t is empty in the y; function in

equation (1.1)), and some or all of its design variables do not exist in other coupled state

parameters' function as well, x, is a sub-set ofx (Suppose that the formulation of MDO

problems in equation (1.1) onlyhas a set of nonlinear couplings, i.e., equation (1.3)). In

general, the dependency analysis of state parameters is necessary to determine which state

parameter should be in equation (1.3) and which design variable should be considered in

the Collaboration Model. The value ofy¡ calculated by the approxirnate implicit function,

i.e., equation (3.2), is represented by y,, and, sequentially, the approximate value of y¡

marked as y¡ can be explicitly evaluated in equation (3.3) given xi, xcsi and y",. For a set

of design variables, x, the interdisciplinary consistency / discrepancy of state parameters

can be determined by

n

D=Ilu -îlLtlJr Jrl
i=l

(3.4)

The Collaboration Model defined in equations (3.2)-(3.4) gives a distribution of the

interdisciplinary discrepancy / consistency to a group of samples subject to the SA/MDA.

It means that samples with a smaller value of D are more likely feasible subject to the

SA/MDA than those with a larger value of D. In other words, samples with a smaller
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value of the interdisciplinary discrepancy more accurately rnaintain the nonlinear

couplings amongst state parameters than those with alarger value of the interdisciplinary

discrepancy.

The effectiveness of the Collaboration Model is shown by applying the Collaboration

Model to a problem, which is the SA/MDA of Test Case 1 (in Section 4.6.1) defined by

lt:xt*xz-2+(yrlI.Ð4
lz = xz r xq -2+ (!t lI.8)4

subjec to: 1 < x1,x2,x3,xo <7.9

(3.5)

In total, 100 samples generated through a random sampling in the design variable space,

(xt, xz, xt, xq), were applied for studying the effectiveness of the proposed Collaboration

Model. Five experimental points, listed in Table 3-1, were randomly generated and used

for the RBF approximations defined in equations (3.2) and (3.3). After applyrng the

Collaboration Model for calculating the interdisciplinary discrepancy / consistency value,

D, of the 100 random samples, the distribution of D over the 100 samples is depicted in

an ascending order in terms of the value of D in Figure 3-1. The real feasibility of the 100

samples subject to the SA/MDA in Figure 3-1 was determined based on evaluations ofy

of the 100 samples by-calling the SA/MDA. Samples marked with 'red dot' signs are

feasible, and samples plotted with "blue plus" signs are infeasible. As expected, the

samples with a small value of D in Figure 3-1 are more possibly feasible subject to the

SA/MDA than other samples with a large value of D. The same study was also applied to

cases with 500 and 1000 random samples, as shown in Figure 3-2, and Figure 3-3.
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3.3 REVIEW OF RADIAL-BASIS FUNCTION

A Radial-basis Function can implement aî Rn'- Rl nonlinear mapping from a design

variable space, x,to a state parameter yi, where m isthe dimensionality of design variables,

r. s Radial-basis Functions were initially introduced in the solution of the real multiv aiate

interpolation problern. From the perspective of neural networks, it involves three layers,

which are the input layer corresponding to design variables, x, the hidden layer executing

a nonlinear mapping, and the linear output layer corresponding to state parameters y. The

nonlinear mapping becomes more accurate with a higher dimension of the hidden space

[a5]. In general, given a set of ðdifferent design variables {r(") € R"',e:7,2,...,8} and

a corresponding set of E real numbers {yí .n'le:|, 2, ..., f} , ttre RBF can be

expressed in the following form

,, (*) -- 
Z ",, ll,-',", ll )

(3.6)

where Í,('("r) = r: ,{v(ll*-'t'll),e:1,2,...,8} isasetofEtunctions,knownasradial-

basis functions, ll.ll denotes a norïn, which is usually Euclidean, and a, are unknown

coefficients (weights) calculated by a set of Simultaneous linear equations. The input data

points, *G) .R"' , € : 7, 2, ..., E, are used as centers of the radial-basis functions.

According to Micchelli's Theorem [45], as long u, {r(')}o, is a set of distinct points,

5 x represents variables of a state parameter, such as y¡.
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equation (3.6) is not singular in the solution for a,. There is a large class of radial-basis

functions including the multiquadrics, inverse multiquadrics, Gaussian functions, thin-

plate spline, biharmonic spline, etc.. For simplicity, the biharmonic spline Radial-basis

Function is chosen in this thesis as follows:

(3.7)

The reason to choose the RBF is because the RBF approximation passes through all

experimental points and gives a good accuracy around the experimental points. Also, it is

easy to implement. The biharmonic spline Radial-basis Function is applied to equations

(3.2) and (3.3) for implementing the Collaboration Model.

SUMMARY

The Collaboration Model constructed by two mutually dependent approximations

reflects both physical and mathematical characteristics of nonlinear couplings. It gives a

reasonable distribution (interdisciplinary discrepancy / consistency distribution - D) over

samples in terms of their feasibility subject to the SA/MDA. This feature distinguishes

samples from the point of view of the SA/MDA. The Collaboration Moãel works

effectively to filter out infeasible samples subject to the SA/MDA, and in turn, efficiently

coordinate coupled disciplines. Given the D distribution, feasible samples subject to the

SA/MDA can be selected. For example, a sampling-based global optimizer, called the

i,(*) =Lo,llr - "'''ll

3.4
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Mode-pursuing Sarnpling (MPS) method [8], is used to select feasible samples based on

the D distribution for optimization. More details about using the MPS in new MDO

methodology developments are introduced in Chapter 5. In general, the Collaboration

Model serves as a key role for checking the feasibility of samples subject to the SA/MDA

in a sampling-based optimization process when solving MDO problems. Its application is

elaborated in the following newly developed MDO methods.
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CHAPTER 4

BOUNDARY SEARCH AND SIMPI-,EX DECOMPOSITION

METHOD

4.7 INTRODUCTION

This chapter presents a new methodology to MDO problems based on the

Collaboration Model proposed in Chapter 3. The author's proposed method, named the

Boundary Search and Simplex Decomposition Method (BSSDM), geometrically depicts

the relation between coupled state parameters by exploring the region formed by state

parameters, which is called the feasible state parameter region in this thesis [a6]. The

state parameter region can be further decomposed into simplexes. Given the decomposed

state parameter region, the relation between coupled state parameters becomes explicit

when optimizing the system objective function. Geometrically, the feasible state

parameter region can be classified into a convex region or a non-convex region. Three
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boundary search strategies were developed to search for boundary points of the feasible

state parameter region. Given the boundary points, a robust simplex decornposition

algorithm for convex regions is applied and was tested by a numerical case. A

decomposition algorithm for convex-like regions was also proposed and tested by a

numerical case. All results were validated with exhaustive enumerations and show

promising capabilities of the BSSDM for solving MDO problems. The BSSDM was

implemented using MATLAB@ 6.0 (referencel47l. Section 4.2 addresses the motivation

of the BSSDM. Sections 4.3 - 4.5 explain the boundary search strategies, decomposition

methods, and the framework of the BSSDM, respectively. Test cases and discussion are

reported in Section 4.6 at the end of Chapter 4.

MOTIVATION

The Boundary Search and Simplex Decomposition Method (BSSDM) was motivated

by the nafure of MDO problems, which is the dominant couplings between state

parameters. The relation between coupled state parameters is not a one-to-one mapping.

Re-write the formulation of the two-state-parameter SA/MDA problem defined in

equation (3.1) as follows:

4.2

: Y, (x, , xot, !z)
: Yr(x2, xo2, !r)

Given the value of y1 in equation (4.1), the value of y2 can vary

to many feasible combinations of x2 and x"r2. This reality

!t
l.

(4.r)

within a certain range due

indicates that one state
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parameter cannot be approximated with a simple fitting function (such as quadratic fitting)

of its own variables. In other words, such a fitting function only partly captures the whole

relation between state parameters. The relation between n coupled state parameters can be

described with an n-D feasible state parameter region. Geometrically, the feasible state

parameter region can be further classified into convex and non-convex types.

Correspondingly, the SA/MDA can be divided into convex and non-convex problems.

The SA/MDA can be also viewed as possessing difficult constraints. The optimal

solution is usually located at the constraint boundary for constrained optimization

problems. Therefore, it would be beneficial to know the feasible boundary of state

parameters for solving MDO problems.

The above analyses would provide useful new insights, particularly in regards to a

better understanding of the solution of the SA/MDA represented by a feasible state

parameter region. In the BSSDM, the feasible state parameter region is approximated

based on boundary points, which are iteratively explored by a boundary search strategy

through a sampling process based on the Collaboration Model. The approximated feasible

state parameter region can be further decomposed into simplexes to show the relation

between state parameters explicitly and geometrically. The BSSDM gives a different

approach of depicting and obtaining the solution of the SA/MDA.

The BSSDM focuses on certain MDO problems, in which the system objective

function,f is a function of only state parameters,y, and its own system design variables,

x,. The MDO formulation required by the BSSDM is defìned by
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min f (x,, y)
t, -r.

subject to: y, = I (r,, y,,), i =1, ..., tr
(4.2)

g. : G. (r,y)< o

g, = G, (r,, "u) < O

where g" is a vector of disciplinary constraints; g" is a vector of system constraints; G. is

a vector of disciplinary constraint functions associated with g"; G" is a vector of system

constraint functions associated with gr; and x is the union of x¡ (i: 1, ..., n). The only

difference between equation (4.2) and equation (1.1) is that the MDO formulation defined

in equation (4.2) does not involve the system-subsystern variables, xc,. The specified

formulation defined in equation 9.2) might not work with some MDO problems. Thus, it

is a limitation of the BSSDM in terms of the applicability to MDO problems. 'When 
the

relation between coupled state parameters is explicitly available, optimizing the system

objective function does not need to call disciplinary analyses based on the formulation

defined in equation (a.2). This formulation sub-divides an MDO problem into three levels,

which are the system optimization level, the state parameter level, and the disciplinary

analysis level. In equation (4.2),havins understood the relation between state parameters

can eliminate the burden of calling the SA/MDA in the system optimization level. Also,

the problem given by equation @.2) is assumed to have a convex or convex-like state

parameter region in the current development stage -of the BSSDM. In general, it is

difficult to define a convex-like region in a mathematical way.Some features of a

convex-like region is discussed in Section 4.4.In this thesis, the term, 'convex region', is

equivalent to the term, 'convex set.' Boundary search strategies are introduced in the next

section.
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BOUNDARY SEARCH STRATEGY

The boundary search strategy is to find some boundary points of a feasible state

parameter region, based on which the real state parameter region can be approximated.

Three boundary search strategies, which are the Stair-climbing Strategy, Strip-measure

Strategy, and Explosion Strategy, \¡/ere developed and discussed. After comparing their

efficiency and applicability, the Explosion Strategy is applied in the framework of the

BSSDM. For illustration convenience, the SA/MDA in equation (4.2) can be expressed

by

lt:yt(*r,y^)

Y, :Y,(x,, !.,)
"!,, 

:Y,r@,r, !",r)

(4.3)

Equation (4.3) is used for elaborating the proposed search strategies.

4.3.1 Stair-climbing Strategy

Assume that subsystems do not share common design variables, i.e., x¡ ) *j: ø (¡ I j);

and do not have system-subsystem design variables, x"", either. Given a feasible design of

state parameters, yd, by calling the SA/MDA, boundary points of a convex state parameter

region can be obtained along each state parameter direction by fixing values of the

remaining state parameters at the feasible design point, yd. A two-state-parameter case is
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shown in Figure 4-l.In each subsystem defined in equation (4.3), one state parameteÍ,yi,

can be maximized and minimized when given the other state parameters by

whereyt means the optimum value ofy¡ output from subsystemj, l[ is a sub-set of the

union of y,¡ andy; (excludin g y) at the feasible design point, yd, and gc¡ is a sub-set of g".

The feasible range of y¡ is determined by the intersection of the ranges of y¡ evaluated

from all subsystems as follows:

^l* ru =Y,(*,,4!) and 4,n ,u :v,(*,, ú¡)

subject to: g", : G,, (x,, lr, fi) < O

maxþ,) : min(max(l,r), ..., maxþ,r,))

minþ, ) : max(min(l u), ..., minþ,,, ))

(4.4)

(4.s)

Besides the limitation of the design variable allocation, i.e., x1 I xz: Ø, the Stair-

climbing Strategy also requires that each subsystem should be formulated explicitly. This

sifuation rarely exists in engineering problems. Solving equation (4.4) for all state

parameters could be very time-consuming when MDO problems involve computationally

expensive processes. Each subsystem has to run 2n¡ optimization processes, where n¡ is

the number of state parameters involved in subsystem i. For high dimensional problems,

the search proc€ss becomes very complicated. Therefore, the Stair-climbing Strategy is

not suited in practice.
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iLegend
:

:.sf ^1" Search: ¡
2nd Search:a

Figure 4-1 Stair-climbing Strategy implemented in az-D state parameter region

4.3.2 Strip-measure Strategy

Imagine that a feasible convex state parameter region can be enclosed by a hyper-

rectangle based on a rough guess of the range of state parameters. Then the shape of the

feasible convex state parameter region can be determined by measuring the length of

strips (analogous to scales), which are positioned along one state parameter direction, y¡,

and specified with a preset width of y¡ (i: 1, .., n, j + ì) on the hyper-rectangle. The search

process for a two-state-parameter case is shown in Figure 4-2. Using approximation

techniques, such as the RBF, the value of the state parameters of a large $oup of samples

(generated by a random sampling) can be approximated. Then, the samples are allocated

into positioned strips based on approximated state parameters' value. The length of a

positioned strip can be determined in equation $.6) by choosing samples (in the strip)

having the maximum and minimum values ofy¡.

H

D
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frãx !¡,,, and mìny,,,,

subject totlu¡r,,,3!¡

ffi=1r,.,,

=1,"',n,j+i< !¡u., i
M

(4.6)

where M is the number of positioned strips, !jr* and ljunt àre the lower and upper bounds

of/7, respectively.

In the Strip-measure Strategy, the range of state parameters could be difficult to guess

before starting. Strips could be positioned outside the feasible region. The number of

applied strips, M, is not certain and could be problem-dependent. Also, this strategy is

difficult to organize for high dimensional cases.

Figore 4-2 Strip-measure Strategy applied tn a2-D state parameter region

t?i¡5ië

| -Yz iFi,üì
I ¡ti;:t¡iI ;iiêi;ìLJ llu¡n - llL,n
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4.3.3 Explosion Strategy

Literally, the Explosion Strategy is analogous to an explosion process. The search

procedure is to explore the furthest point with respect to the geometric center along

different directions based on some initial feasible experimental points in the state

parameter space.

Given K feasible state parameter points in the state parameter space, e.g., points

marked with 'r' signs in a two state-parameter case in Figure 4-3, the geometric center ce

is defined by

max(!,r, k =1,..., K)+min(;r* , k =7,..., K)
, í =7, ..., n (4.1)! ¡."

First, the state parameter space can be divided into quadrants with respect to the

geometric center, ce.For example, four quadrants, in aZ-D space, can be defined by

Quadrant 1: y,

Quadrant 2: y,

Quadrant 3: y,

Quadrant 4: y,

2 !t"" andy, 2 !2""

3 !t"" and y, 2 !2,"
3 !r"" and y, S !r.""
2 !t,, and y, 3 !z"u

(4.8)

The number of quadrants, Q, is equal to 2n. Samples (generated in the design variable

space based on a random sampling) can be allocated into their corresponding quadrants

based on their approximated state parameters' value by equation (3.2). Then, in each
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quadrant, the feasible boundary is pursued by searching for a sample, from samples in the

quadrant, with the longest Euclidean distance with respect to the geometric center, ce.

Therefore, the objective function implemented with the RBF approximation is defined by

-u* (1, ,..., L,,..., Lr,) (4.e)

(4.10)

where Pn is the number of samples in quadrant q, and I, denotes the Euclidean distance

between sample s and ce, and is defined by

L_
s

where y,o is the approximate value of y¡ calculated by equation (3.2). Meanwhile, the

center ce is dlnamically refreshed in the next iteration with more feasible state parameter

points. Finally, the furthest vertex in each quadrant is found, e.g. points marked with 'o'

signs in Figure 4-3. These vertices and some other feasible design points are considered to

be boundary point candidates and connected by facets to build up a convex hull for

domain decomposition. Compared with the other two strategies, the Explosion Strategy is

more robust and applicable for high dimensional problems. Also, it is easy to implement.

Having boundary points given by the Explosion Strategy, the domain decomposition

process is carried out in the next section.
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Legend:

Initial point: I
Intermediate point:

Boundary point: .

Figure 4-3 Explosion Strategy applied in a2-D state parameter region

4.4 SIMPLEX DECOMPOSITION METHOD

Suppose that equation (4.2) has a feasible convex state parameter region. Given

boundary points of the feasible convex state parameter region, the boundary of the

feasible region can be tessellated into facets. Each facet consists of n slate parameter

points. ln a 2-D state parameter space (n : 2 in equation (4.2)), a facet is a straight line

segment, while in a 3-D space, it is a triangle. A facet and an interior point in the feasible

region construct a simplex, which is a triangle in the 2-D space and a tetrahedron in the 3-

D space. In this way, a convex region can be uniquely decomposed into simplexes

centered about a common interior point in the feasible region. Geometrically, each

simplex is confined by its facets. ln an n-D space, a facet can be described by

V'¡

Î

I4y,
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where a¡ (i: 7, ..., n + l) can be uniquely determined by n state parameter points. For

example, in Figure 4-4, facetAB can be defined by state parameter points A and B. For

defining a simplex, the equal sign in equation (4.11) is replaced by either'('or')' when

substituting one remaining vertex in the simplex into a facet, which does not pass through

the remaining vertex, e.g., substitution of Point C into facet AB in Figure 4-4. Eventually,

in the n-D stateparameter space, a simplex can be def,rned with z+1 linear constraints by

Chapter 4 - Boundary Search and Simplex Decomposition Method

atlt*--.ria,,!u:ar+t

attlt r aztlz I ...r au.t!, 1 or ) a,,.r1,1

at,r¡lt*az,n*tlz +...+ãn,n+t/n ( or ) ãn+t,n+l

(4.11)

(4.12)

The boundary points can be found by the Quickhull algorithm from all real state

parameter points prepared by the Explosion Strategy. The Quickhull algorithm also

connects all boundary points to generate facets enclosing the smallest convex region that

contains all real state parameter points [a8]. This process was implemented using a

function named convhulln in MATLAB@ 6.0 (reference l47l). The convhulln function

retums the indices of the boundary points in a data set that comprises of the facets of the

convex hull for the set.
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Figtre 4-4 Convex simplex decomposition method for a 2-D state parameter case

Due to the complexity of a general non-convex region, this thesis has no intention to

handle a general non-convex region. For certain situations, namely convex-like regions, a

convex-like decomposition algorithm was proposed and studied in Test Case 2 in Section

4.6.2. A general convex-like region should have the following features:

1) There are no other enclosed sub-regions within the feasible region.

2) Most boundary segments should be convex with respect to the center of the

feasible region defined in equation (4.7).

3) The center of the convex-like region should be located inside the feasible region.

Other suff,rcient conditions need to be developed to rigorously define a convex-like region

in the future. A convex-like region case is shown in Figure 4-5. The pseudo-code of the

proposed convex-like decomposition algorithm is elaborated incorporating Figure 4-5 as

follows:
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Given all current available boundary points, e.g., Points A, B, C, D, E and F, apply

the Quickhull algorithm to construct a convex hull and decompose the region into

simplexes, such as 51.

Find a boundary point not listed on any facet given by step 1), e.g., Point C.

Locate this point in one of the current simplexes based on equation (4.12), i.e., 
^S1.

Break up this simplex and reconstruct it with new facets consisting of any n-7

vertices of ,S¡ (excluding the interior vertex), i.e., Point B or D, and this boundary

point, i.e., Point C. This process can be easily implemented by the Quickhull

algorithm when given Points B, C, and D and the interior point. Update all

simplexes and repeat step 2) until all boundary points are listed on one of the

facets.

By now, with all required techniques in the BSSDM, the architecture of the BSSDM

is introduced in the next section.

Legend

Boundary Points: A
Real Boundary: 

-Initial Convex Decomposition:- - - -
l" Non-convex Decomposition: -,-
Simplex l, S¡: fl"ffi,/\/\/\

Feasible Region Infeasible Region

l .tA
f.---

Illustration of the convex-like decomposition algorithm for a2-D state

parameter case
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4.5 BOUNDARY SEARCH AND SIMPLEX DECOMPOSITION METHOD

As shown in Figure 4-6, the BSSDM consists of 4 parts, which are the Boundary

Search Process (BSP), Domain Decomposition, System Optimization and Boundary

Refining.

The BSSDM starts with the Boundary Search Process (BSP). In the BSP, first, an

initialization procedure creates some initial experimental points through a random

sampling process, based on which the RBF approximation can be implemented in each

discipline. Then a larger number of samples , a.8., p : 704, are randomly generated in the

design variable space, lxLt, xut).The RBF is applied to fit samples in both explicit and

implicit ways based on the Collaboration Model defined in equations (3.2) and (3.3) as

follows:

!0,, :Í,(rn,,), i :r,.-., n, Q :1,..., P

!r.,:Y,(*n,,, !r,",),r:r,...,h, Q =I,..., P

The interdisciplinary discrepancy / consistency for each sample is evaluated by

D, :flr,,, -in,,1,8 =r,..., p
i=l

Based on the RBF approximation models, the constraint check is implemented by

(4.13)

(4.r4)

(4.15)
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oõc,q

=(,
e' c,q

= õ (ro , yn), Q :7,..., p

:õ(ro ,nn),a =1,..., p

(4.16)

(4.r7)

Samples violating constraints based on equations (4.16) and (4.17) are identified by

adding a big penalty value, such as 105, to their D values so that they can be judged as

infeasible points, regardless if they are infeasible subject to the SA/MDA. This is a

conservative way to ensure that selected samples are feasible. Consequently, the

discrepancy check takes place to filter out 'bad' samples according to a preset threshold 6

of the interdisciplinary discrepancy, D, a.8., 1000. The remaining samples, e.8., pl

samples, are allocated into each quadrant defined by equations (4.7) and (4.8). Finally, a

sample with the biggest Euclidean distance defined in equation (4.9) amongst samples

allocated in each quadrant is chosen as one of experimental points for the next Boundary

Search (BS) iteration, as shown in Figure 4-6. These chosen points are evaluated by

calling the SA/MDA to verify their feasibility (therefore, one experimental point refers to

one call to the SA/MDA), and saved, as state parameter points, in the database of

experiments (if feasible subject to the SA/MDA). Given all currently available feasible

state parameter points (or experimental points), the Boundary Search Process stops if the

position of the geometric center of the explored state parameter region -stays stationary

according to a movement criterion over a certain number of consecutive BS iterations,

e.9.,2. The movement criterion of ce is defined by

6 The value of a th¡eshold depends on the range of D of solved problems. In general, a small threshold

results in a conservative filtering process; alarge one could have more infeasible samples selected.
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<Ie-3

lceal - "n\.')l!re-3

(4.18)

(4.te)

where / indicates the rth BS iteration.

Given the vertices representing the longest Euclidean distance in each quadrant and all

other real experimental points over one BSP, a convex hull can be constructed by

applying the Quickhull method in the Domain Decomposition module. Also a non-convex

region check follows. As a result, geometrically, the feasible state parameter region is

decomposed into simplexes confined by linear constraints defined by equation (4.12).

Since the relation between the state parameters can be explicitly described by the

simplexes, the optimization of the system objective function,f within each simplex, can

be easily implemented in the System Optimization module by

Ti" /(¿,Y)
subject to: ar,ry, t az,tlz + ... + au.t!, 3ot> a,+t.l

Qt,r*tltr az,r*tlz +... + 4,t,n+rIn (or) Qn+r,n+r

g, : G" (+,,u; 
= 

o

{r+r I 

)2
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As a result, the System Optimizarion module outputs optimum values, i."., y" ,-f*, and x"*

The best value of the system objective function can be improved by continually

exploring unknown regions between current facets and the real boundary. The Boundary

Refining module geometrically defines the unknown regions based on all current facets so

as to allocate random samples into the unknown regions in terms of their approximated

state parameters in the next BSP. In the BSSDM, it is suggested that the unknown region,

as shown by the cross-hatched area in Figure 4-4, enclosed by a facet belonging to the

simplex owing the current best value of f and its corresponding real boundary segment, is

worthy of further investigation. This is because that the real optimum solution might be in

the small neighborhood of the current best solution in the state parameter space for some

continuum problems. Generally, all unknown regions should be further explored by

applying the Boundary Refining module to run another BSP, as shown in Figure 4-6,unt1l

a satisfactory solution is found.

urven y andï ,

back by running an

follows:

the optimum value of disciplinary design variables, r*, ca.r be traced

optimization process in the Disciplinary Optimization module as

mrin,S:

subject t

Ë(r,. - r,)'

ot !¡ =I (r,, i,), i :7,..., il

8, = G. (t,r.)= o
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Eventually, the optimum solution is given u, y*, t*,

BSSDM is shown in Figure 4-7.

Decomposition Method

xr*, and ¡". The flow chart of the

Design Space, x il+

Yes -----i Continue? i

Generate Cheap Random Samples

Domain Decomposition

Collaboration Model

B oundary Search Proces s

Êù

N
Þ

no

I
¡l

I cir Er
iói
,0<lti 1,r
¡l

rrT| ,) I System Optimization 
I

t

-.--*@

Figure 4-6 Architecture of the Boundary Search and Simplex Decomposition Method
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Computationally
Intensive Process 1

Computationally
Intensive Process r

Figure 4-7 Flow chart of the Boundary Search and Simplex Decomposition Method

l. Initial Experimental Points

2. Calculate the Center of the State Parameter Region, ce

Feasible
Experimental

Point Database

3. Fit State Parameters with the RBF, Generatep
Samples, and Evaluate Constraints

4. Discrepancy and Constraint Check ofp Fitted Samples, Filter out
Infeasible Samples, and Remainp¡ Samples

5. Allocatep¡ Samples into Quadrants

6. Select a Sample with the Longest Euclidean Distance in Each Quadrant

7. Call the SA/MDA to Update the Feasible Experimental Point Database

8. Update the Center of the Explored State Parameter Region, ce

9. Check If the Center of the Explored State Parameter Space Doesn't
Further Change over 2 Consecutive BS lterations

10. Build up a Convex Hull with the Quickhull Method

I l. Calculate Linear Constraints of Each Simplex

13. Convex-like
Decomposition

12. Check if the Convex-like Region Exists

16. Calculate Optimal Disciplinary
and Interdisciplinary Design

Variables, x-, Giveny-
14. Optimizefwithin Each Simplex

15. Continually Explore Unknown Regions between All Current Facets and
the Real Boundary by Running another BSP
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4.6 TEST PROBLEMS AND DISCUSSION

The BSSDM was tested by two cases. The author formulated the first numerical test

case by placing two coupled state parameters, as variables, into the well-known six-hump

camel-back problem. Two BSPs were implemented in Test Case 1. Test Case 2 is a

problem of the SA/MDA cited from reference l49l to demonstrate the ability of the

BSSDM in dealing with a convex-like state parameter region. One BSP was implemented

in this problem. Both cases were validated by exhaustive enumerations. The convergence

tolerance applied in a function named 'ßolve' in MATLAB@ 6.0 (reference l47l) for

solving the SA/MDA is a default value set to 10-4.

4.6.1 Test Case 1

min f - 4yt2

subject to: y,

V.

!t
!z
1

6

- 2.7y,0 + \ + ytz - 4yr2 + 4yro/t 
3 

rrr.

:x, + x, - 2+ U2/1.5)4
:xz*xo - 2+(yt/1.8)4
< 1.0

< 1.0

1 x, x2, xr, xo 1 1.9

(4.22)

The BSSDM started with 5 initial feasible experimental points through a random

sampling process by calling the SA/MDA. In total, 10 runs were carried out for Test Case

I to show the robustness of the BSSDM. Results of Test Case 1 given by the BSSDM are

shown in Table 4-1. According to the convergence criterion of the BSSDM, Runs 1-5, 6-7,
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and 8-10 were stopped over 2,3, and 4 consecutive BS iterations, respectively, without

further movement of the geometric center, ce, during the 2nd BSP. All runs applied 2

consecutive BS iterations as the convergence criterion during the l't BSP. In Table 4-1,

each BSP output one solution based on the best experiment; one intermediate solution was

calculated by optimizing/in simplexes at the end of the 1't BSP; and the final optimum

solution was evaluated by atrace-back process given y* after 2 BSPs. For Run 1, the

complete process information of solving Test Case 1 is depicted in Figure 4-8, which

shows all experimental points for exploring the boundary, the real state parameter region

given from an exhaustive enumeration, the boundary of the feasible state parameter region

approximated by the BSSDM, and the contour off Also, the cumulative number of the

SA/MDA and the convergence curve of each BSP are shown in Figure 4-9 and Figure

4-10, respectively. The optimal value given by the BSSDM is very close to the real

optimum according to the contour of/ Besides the optimum solution of f, the BSSDM

almost gives a full geometric description of the relation between coupled state parameters

rather than some experimental points. Understanding the relation between state

parameters can help robust design.
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Table 4-l Results of Test Case 1

# of SA/MDA Solutions
No.
of

Run

Infeasible Itt Boundary Search Process 2nd Boundary Search Process
F7

rniriat 
1ft.er

Best Experiment Intermediate Best Experiment Optimum Solution

r055

y1 :0.194433y2=0.934829 ,,.:n r¿<1oR y1:0.069245y2:0.678303 y1 :0.069245y2:0.678303

t f=-0.t10784 x1:1.02s010 ',::;2;;;;if:-0927s30 x1:1.025179 f:-0.e27s30;;¡:1.013715
r': = 1.018s66 xt= 1.436627 'l: õ.;;0;íí x2:1.002251 x¡ = 1.010931 xt= 1.013715 ¡¡ = 1.339150

xa:1.498066 x4-- 1.667369 xa: 1.339150

a Áa

y:0.184069 y2:0.918080 ,,.:n r<rorn /r :0.080887y2:0.739779 h=0.069443y2:0.685478
r f:-0.227642x,: r.0282s8 :l:;:;íío; f=-0.905142xr:1.0063s0 f:-0.92e529xr:l.0l29ls

1.0t547e4:1.4078s7 'i: ö.;;¿;;; xz= 1.015375 4:1.406123 x2:1.012e154:1.342738
;ra:1.510113 x¿:1.333652 x^:1.342738

36016
y1:0.190143y2:0.699300 ,,.:nrn?<ro lt:0.111801y2:0147984 yr:0.089601 y2:0.681040

s f:012!6q3_r,=lOj-r^q0g ;::0:¿ä¿¿¿;f:-0.8s2ss3x¡:1.021e80 f:-0.e01163x1:t.023553' ,r: Ll0l305;r3:1.060560 i:_r.;;ä;;; xz=1.0279914:1.097539 x2:1.0235534:1.340517
.r¿=1.638615 xa=1.650430 x¿=1.340517

y1 :0.160730y2:0.921624 ,, :n r?o2rìÁ yy:0.095167 y2=0.673956 y¡ :0.095530 y2=0.675328

4 s0 r0 s f= -0.261631 x, = 1.694504 

"1":;:¿:8;;i; 

f: -0.8e1423 xr = 1.048804 f= -0.8e1437 xt= 1.027222
1.0137144= 1.585420 i: ;;;;;;; -r'2:1.005610 xt=1.415693 x2:1.027222x:= 1.337660

xa:1.336140 r "'"" '-"" xa= 1.258255 xa:1.337660
y1:0.010465 yr:0i

s 47 rs ll f:-0.177382xr:1.002001 ';:;;¿;i;r¿l=-0.601868 x1:1.012382 /:-0.88s187 x::1.029356
;r2:i.008023;ca:1.104855';:;;;;i;Xxz=1.0149874:1.402943 x2:1.029356x3:1.336688

x¿:1.112532 r "''" "'' xq:1.035864 xq:1.336688
y1:0.068446y2:0.249638 ,,.:n r2(),r t tt:0.072176y2=0.648805 y1 =0.079895yr=g.67gnD

6 3s t7 o f:-0.197962x1:1.011269 /' =0:à;;;;rf:-0.90739sx¡:1.001643 f=-0.911030x,=1.019928
x2 : 1.05641 0 4 : 1.162730 i= ; ;;;;;; x2 : I .03553 I xs = 1.420962 xz = 1.019928 xt = 1.335487

xq:1.086906 J "'""""' x.= 1.227841 x.:1.335487
y¡=0.386583 y2=0.723602 ,, :,^, rÃ,r"o2 y¡ :0.056208 y2:0.703156 y¡:0.055455 y2--0.695945

7 48 1 4 f=-0.166042xt=1.267575 ',::;';;;;;; f:-0.e47736xr= 1.002180 f:-0.e4814sx,= 1.004558
xz=1.0648544= 1.281192 /f__;;;;;;; x2:1.005140xt=1.479164 x2:1.004558 4:1.347972

x4= 1.440282 r "'' '"'"" x4:1.223990 x¿= 1.3479"12
y¡ :0.185760y2:0.425766 ,,:nrr?erz y=0.059706y2:0.i05744 y1:0.058771y2:0.696113

Ã f: -0.31e029 x,:1.11832ó :,' _;;1;;;; f= -0.94361s x¡ : 1.000716 f: -0.e44346 x1:1.006194" 
"r= 

1.0609444:1.27376s ';=;.;;;,;;i -,u2:1.00ee87¡¡=1.238280 x2:1.0061e4¡¡=1.348056
xq: 1.151887 x¿-- 1.467463 xo:1.348056

882

yt= 0.121406 y2:0.589304 ,,. : n rnao<fì y¡ : 0.093389 y2= 0.766968 y¡ :0.083716 y2= 0.690573

s 66 14 s f:-0.77665ex' = 1.08110s '"::(,;à;,;;;, f:-0.862502xr = 1.015831 f=-}.etztzz¡rr= 1.019396
x2:1.0164784--1.220964';_;';;;;;í xz=1.0092074:1.135758 x2:1.0193964:1.345284

x¿, = I .368320 r -"'" '- '" ' xa: 1.631203 xq = 1 .345284
y¡:0.151832 y2:0.745251 ,, :^ r tçç.tz lt=0-086392y2:0.654171 y¡:0.065365 y2:0.671718
f=-0.7834'71xt=r.Q22522 :',"^)):::: f:-0.8929j1xt=1.024698 f:-0.9295t7x,=t.0t251.S, Í= -0.78347t xy:1.Q22s22 ',,' :;;;;;;; f: -0.892977 xt= 1.024698 f: -0.929st7 xt= 1.012575- ,r= 1.068378 x¡ = 1.335046 ': ::::::: x1:1.025519 ¡¡ = 1.480990 b= 1.0125'/5 r¡: 1.33585i';: _;;;;;;; x2: 1.025519 ¡¡ = 1.480990 xz= 1.0125't5 13: 1.335858

- 
1 lna1-¿

0.lsl83

l0 65

xa: 1.410154 x¿:1.173176 ¿: 1.335858

7 F represents 'Feasible'
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Figure 4-9 Cumulative number of the SA/MDA over 16 BS iterations of Run No. 1 in

Test Case 1
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Test Case 2 is part of a problem solved in referenc e þ91. The complete solution of y,

which is given by an exhaustive enumeration and depicted by a feasible convex-like state

parameter region, is shown in Figure 4-11. The solution of Test Case 2 given by the

BSSDM, depicted in Figure 4-12 and Figure 4-13, takes 46 feasible experimental points

and 2l infeasible experimental points including 11 infeasible experimental points for

initialization. The number of initial feasible experimental points is 5. The BSSDM

stopped after 2 consecutive BS iterations without further movement of the geometric

center, ce. Only one BSP was implemented. The cumulative number of the SA/MDA and

the convergence curve are shown in Figure 4-14 and Figure 4-15, respectively. The result

showed a good approximation of the feasible convex-like state parameter region.
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Figure 4-11 Full solution ofy given by an exhaustive enumeration
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Figore 4-72 Complete information of the results of Test Case2 given by the BSSDM
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Figure 4-15 History of the convergence criterion value over 14 BS iterations of Test

Case2

4.6.3 Discussion

The BSSDM can robustly solve MDO problems with a feasible convex state parameter

region. When the feasible state parameter region is known, the rest of the work is

inexpensive. The optimization process can be readily implemented by conventional

optimization techniques, such as a gradient-based algorithm. Also, the feasible state

parameter region shows a 'global' picture of the relation between state parameters. This

selectable and preserved information gives designers the freedom to choose a robust
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design. However, it currently can not deal with a generic non-convex region. The

proposed convex-like decomposition shows possibilities that a generic non-convex region

can be further decomposed into local convex sub-regions. Yet this still relies on future

research.

It was observed that the Collaboration Model was effective for coordinating coupled

subsystems. The infrastructure of the BSSDM is inheritable since all experimental points

are used to improve the accuracy of the Collaboration Model implemented with the RBF.

Each call to the SA/MDA regardless of its feasibility subject to constraints benefits the

RBF approximation.

For a pure convex state parameter region problem, a global optimization method is not

necessary to explore the boundary in terms of the Euclidean distance. On the other hand,

the Boundary Search Process can quickly converge. This reality could compensate the

total computational cost for boundary exploration, which exponentially increases when

the dimensionality of state parameters increases. However, compared with the number of

disciplinary design variables, x, the number of state parameters, n, could be relatively

small.

As reliability assessment also involves identifìcation of complex integration regions

[50]-[52], the BSSDM has potential to be applied to reliability assessment problems to

depict a safe region corresponding to a specified performance function.
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OVERVIEW

This chapter has shown new developments of the concept of a feasible state parameter

region (further classified into the convex and non-convex regions), which geometrically

depicts the complex couplings between subsystems (state parameters). Having the

information of the feasible state parameter region benefit the design process. The BSSDM

developed based on the Collaboration Model shows a different approach to analyze MDO

problems, particularly for the SA/MDA. To the best of the author's knowledge, it is the

first time that MDO problems have been classified and solved in the context of the

convex and non-convex state parameter regions in the MDO community. Due to its

region exploration, the BSSDM has potential to be applied in other areas, such as

reliability engineering. At the current stage, the BSSDM requires a specifìed MDO

formation and is constrained by solving MDO problems with a convex or convex-like

state parameter region. The newly developed BSSDM is considered to provide a solid

basis for fuither research dealing with more generic MDO problems. In the next chapter,

a new MDO method named the Collaboration Pursuing Method for solving a general

MDO problem is introduced.
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CHAPTER 5

COLLABORATION PURSUING METHOÐ

5.1 INTRODUCTION

This chapter introduces a new sampling-based MDO method called the Collaboration

Pursuing Method (CPM) (reference [53]) to solve a general MDO problem defined in

equation (1.1).8 The Collaboration Model developed in Chapter 3 is used in the CPM to

coordinate coupled disciplines. Motivated by the Mode-pursuing Sampling (MPS)

method [8], the CPM treats an MDO problem as a black-box function, instead of

decoupling the SA/MDA explicitly. The MPS is used as a global optimizer in the CPM.

An adaptive sampling method was developed and applied in the CPM to speed up the

optimization process and enhance the solution accuracy for local optimum solutions. A

I x" is not considered in the framework of the CPM since all test cases and applications do not involve x,.

However, xs can be included easily in practice because it is independent of ¡ and not shared by any

subsystem.
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strategy was developed for controlling the number of active design variables when

solving large-scale MDO problems. A discrete sampling method was developed for

allowing the CPM to solve MDO problems with continuous design variables, discrete

design variables, or hybrid design variables. The proposed CPM was implemented using

MATLAB@ 6.0 (reference l47l) and successfully applied to solve four test problems,

including an engineering design application. Section 5.2 first reviews the MPS method;

then the CPM is elaborated in Section 5.3; finally, Section 5.4 shows the result of test

cases and discussions.

REVIEW OF THE MODE-PURSUING SAMPLING METHOD

In the Collaboration Pursuing Method (CPM), the Mode-pursuing Sampling (MPS)

method is applied as a global optimizer module. The MPS method was developed as a

method to search for the global optimum of a black-box function. It is a discriminative

sampling method that generates more sample points around the current rninimum than

other areas in the design space, while statistically covering the entire design space [8].

The main procedure of the MPS can be elaborated when solving equation (5.1) (the

general formulation of an optirnizationproblem) as follows:

5.2

m,in /(x)
subject to:g(x)< 0

(5.1)

1. Generate ki initial experimental points through a
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design variable space: xo), xQ), ..., *(o'), and evaluate their corresponding objective

function values of f.flxo)),fl*(')),...,fl*(où). The objective function,f,inequation (5.1)

is approximated with a Radial-basis Function in equation (5.2) based on all curently

available function values, i.e., ¡1xQ)¡, ¡1x(t)), ..., fl*(où).

(s.2)

such that Ì@*') = .f (x@), €: L,2, ..., ki.

2. Randomly create a large number of samples , p, ê.8., p : 104, in the design variable

space, lxLn, xutf. All samples' approximated objective function values, î,,{*) {ø :

1, ..., p), are evaluated in equation (5.2). A distribution, GF, as shown in Figure 5-l-

(a), is defined by ranking p samples in an ascending order in terms of the value of

"\, - o

J@).'

3. Define a Guidance Function based on the GF distribution generated in Step

2, Cr (*r) = ,o - î (tr), Q =7, ..., p, where cs is a constant such that

,o> f (*n),n:7,..., p, as shown in Figure 5-1-(b).

n Figure 5-l was plotted with the CPM for solving Test Case 1 in Section 5.4.1, and is used, as an example,

for illustrating the general process of the MPS when optimizing equation (5.1).

l(")=fo,ll'-''"'ll
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4. Cumulatively sum up GF(x) over p samples to build up a new function CG(x)by

f,¿, (",)
CG(x,,) = i _-, 8 =1, ..., p

\cr (x,)
(s.3)

CC(x) is plotted in Figure 5-1-(c). This new function reflects a cerlain 'bias' to a

random selection from the set of I ("r) (q : I, ..., p) due to its upper convex shape.

In other words, the possibility of being selected for each sample in the space of

l(*r) (q: l, ...,p) is not equal. Instead, samples with a small value of CG(x)

have a higher possibility to be selected than other design samples with a large value of

cc(x).

5. Furthermore, applying a speed factor .SP, 
to the intensity of preference of CG(x) to

samples whose value of / is small can be increased by

Ccþ) =(cc(*,,))'" , o <,sP < r, q :r,..., p (s.4)

As a result, a certain number of samples can be selected randomly by a one-to-one

mapping between a series of random values generated within [0, 1] and samples'

r0 The value of ,SP is up to designers. In general, a small SP could result in a local optimum, and a large SP
costs more computational efforts in searching for the global optimum.
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ranking number based on the distribution of CC(x), as shown in Figure 5-1-(d). For

example, a random value is given as 0.4899. Its corresponding sample ranking

number is 600 in Figure 5-1-(d). Then the sample with the ranking number of 600 in

CG(x) is chosen as one of the new experiments, In this way, more samples with low

ranking number values are selected than those with high ranking number values for

the next sampling iteration. The total number of chosen samples is usually between

three and five. ll

6. Use all experiments including the initial experiments to form equation (5.2). Then,

repeat steps 2-6 until a certain convergence criterion is satisfied.

In reference l8], constraints, g, üe considered to be inexpensive functions of design

variables, x. Therefore, samples violating g were discarded in the random sampling

process in step 2 before approximatingl This situation rarely happens in MDO problems

since g involves state parameters, which are usually evaluated by computationally

expensive processes. It was noted that the MPS gradually refines the RBF approximation

of solved problems as the number of experiments increases. At each iteration, most new

experiments are selected from samples where a small value of / exists. Meanwhile,

samples are also chosen from other potential areas, even though these samples have a

large value of î .The MPS is thus, in essence, a discriminative sampling method.

Compared with other optimization methods applying approximation techniques, the MPS

llThe number of new experiments depends on designers. The more experiments chosen, the more
computational cost needed.
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retains the possibility to pursue the optimum solution, not only along the direction with a

high gradient value, but also statistically in other potential directions. The way that MPS

works is reasonable since the accuracy of approximations is unceftain and depends on

many factors. It can be proved that the MPS converges to the global optimum offx), as

long as f,x) is continuous in the neighborhood of the global optimum [8]. Based on the

idea of building a Guidance Function, the MPS can be customized and applied to other

problems, such as multi-obj ective optimi zation 1541.
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Figure 5-1 Construction of the Sampling Guidance Function
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COLLABORATION PURSUING METHOD

The Collaboration Pursing Method (CPM) is a sampling-based method. The idea of the

CPM is to select some sample candidates from a sample pool. These selected samples are

preferred to be feasible subject to the SA/MDA and constraints. Having the selected

samples, the CPM should be able to do the following things:

1) achieve the global optimum iteratively,

2) and solve relatively large-scale design problems 12 effectively and

efficiently.

The architecture of the CPM is shown in Figure 5-2. The feasibility of selected

samples subject to the SA/MDA is ensured by the Collaboration Model introduced in

Chapter 3. The global optimum solution is achieved through the MPS method. Since the

efficiency and effectiveness of sampling-based methods are related to the number of

design variables as well as the range of design variables, an Adaptive Sampling process is

applied within a small local area around the current best solutiorr, r*. Th" small local area,

which is similar to a trust region [55], makes a limited number of samples effective within

it. Similar work has been done in reference [56], while the Adaptive Sampling in this

thesis is much simpler. Also, the number of active design variables is controlled by an

Active Ðesign Variable Control process based on the sensitivity information of the

intermediate best solution with respect to design variables, i.e., ôf. I õx. The Adaptive

Sampling and Active Design Variable Control can effectively help the CPM pursue local

12 In this thesis, a relatively large-scale problem has about 10 design variables.
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optima and speed up the optimization process as well. The sampling process is capable of

doing continuous sampling or discrete sampling. Discretizing continuous variables also

can partly alleviate difficulties caused by a large number of design variables since the

number of possible solutions becomes finite. On the other hand, only certain accuracy of

design variables is meaningful in a real situation.

Design Space, x lnitialization --->

Global Sampling

Active Design
Variable Control

RBF Approximation

-L
{r" t *r"r-"-

--rüW
Collaboration Model

Figure 5-2 Architecture of the Collaboration Pursuing Method

Local Design Space around x.

Current Best
Solution, x-
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Computationally
Intensive Process I

Computationally
Intensive Process n

l. Discretize Design
Variables, x 2. Initial Random Samples in fL6, x u6]

3. Evaluation of/of Experiments

10. Evaluate I of prandpa Samples

11. Choose the Sample with the Smallest Value of ;f

4. GIobaI Sampliug:
Randomly Generatep
Samples infx¿,,xu6]

7. Fit State Parameters Using
RBF, and Evaluate Constraints

9.1. Build up the Guidance
Function I in Terms of the

Discrepancy Distribution of State
Parameters ofpl Samples.

8. Calculate the Discrepancy and Constraint of Samples
and Discard Infeasible Samples

9.2.Draw p2 Samples frompl Samples

9.3. Evaluate ofp2 Selected Samples

9.4. Build up the Guidance Function II
inTermsoftheValue of / ofp,

Samples

12. Optimal Seed

9.5. Select /r Samples as Global
Seeds fromp2 Samples

Figure 5-3 Flowchart of the Collaboration Pursuing Method

The detailed process of the CPM is elaborated incorporating Figure 5-3 as follows:
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(1) Discrete Samplingl3 - step 1 : For continuous design variables, a random sampling

procedure is employed in the original range of design variables, lxm, xurl, where x¿¿

and xy6 are the lower and upper bound of design variables, respectively. To make

samples meaningful to engineering applications as well as effectively deal with large-

scale design problems, a discrete sampling is implemented by a one-to-one mapping

process between continuous samples and discretized design variables. For example,

given the range of x¡, e.g., 2 3 x, < 3, and the meaningful accuracy of x1, a.8., ad:

0.1, xl can be discretized by

x.,o = {2.0 z.t 2.2 2.3 2.4 2.5 2.6 2.7 2.8 2.9 3.0} (s.s)

For a continuous random sample of q, e.g.,2.435677, its corresponding discrete value

is determined by

xt = xt,dr, {for V dz - 1, ..., ns, I x, - xr¿, l3l x, - xro, l} (s.6)

where ns is the number of discrete values of x¡. According to x¿ defined in equation

(5.5), the discrete value of 2.435677 should be 2.4. The discrete sampling helps the

optimization process reduce the number of possible combinations of design variables.

Therefore the efficiency and capability of the CPM can be improved with a limited

number of random samples. The discrete sampling extends the applicability of the

CPM to MDO problems with hybrid design variables.

'' Step numbers correspond to box numbers in Figure 5-3.
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(2) Initializatioru - steps 2 and 3: The CPM starts with several initial experiments, 'o ".g.,

4, by calling the SA/MDA. This procedure is based on a random sampling process in

the design variable space. In this process, experiments are saved in the database of

experiments regardless of their feasibilities subject to constraints, while the

experiments which do not satisfy the SA/MDA are discarded and marked to avoid

future repeating. In the following CPM iterations, the initial infeasible experiments

will be replaced by feasible experiments.

(3) From the 1" CPM iteration on, three sampling processes take place in the beginning

of each CPM iteration. All sampling processes work with both discrete and continuous

design variables according to the Discrete Sampling explained above.

a) Global Sampling - step 4: A random sampling process employed in the

original design space, lxm, xuøf, is called the Global Sampling. The Global

Sampling generates p random samples, tt 
".g., 

iOa, which are processed by the

MPS to search for the global optimum solution in Step 9.

b) Adaptíve Samplíng - step 5: A random sampling process for generating p3

random samples in the neighborhood of the current best solution, r*, is called the

Adaptive Sampling. The idea of the Adaptive Sampling is to have more samples

in a small local region around the current best solution. If the Adaptive Sampling

la The number of initial experiments is not fixed.
ls The number of random samples depends on
affordable), better result and efficiency.

It's up to designers' choice. It could be from 4 to 6.
the computational capacity. Generally, more samples (if
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still cannot improve the objective function value with a certain number of random

samples, the size of the small region should be decreased to increase the

effectiveness of the Adaptive Sampling. As expected, the best sample in the small

local region is more likely covered by a limited number of samples. The center of

the small region is being continually updated until the optimization process

reaches a local optimum, as shown in Figure 5-4. For continuous design variables,

the range of design variables for Adaptive Sampling is determined by

[('. - A,(*uu - *r)), (x- + a, (*ro -r. )) ] (s.7)

where A1 is a preset ratio between l5o/o and30Yo. 'u For discretized variables, the

range of variables for Adaptive Sampling can be assigned by

[(r. - Ioo), (*. + n)f (s.8)

suchwhere a¿ is the accuracy or

ãs a¿:0.1 in equation (5.5),

interval used to discretize continuous variables,

and 1is an integer, 17 such as 4.

16The value of A¡ depends on the number of random samples, þ, and the number of design variables.
Generally, more samples can cover a wider range of design variables. For different problems, more design
variables, more samples are needed to cover the same range of design variables effectively.
tt Si*ilar to A¡, the value ofldepends on the value of p andthe number of design variables.
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Figure 5-4

X1

Description of Adaptive Sampling for a minimization problem

c) Active Design Variable Control l8 - step 6: The number of active design

variables is controlled to create a limited number of random samples that can

effectively cover desired samples where a better objective value exists. The value

of a design variable of all samples (duplicated from the Adaptive Sampling, 'n i...,

p3 random samples) is fixed at the current best solution, if this design variable

value of the current best solution does not further change after two consecutive

CPM iterations. In doing so, each variable has a register to record the CPM

iteration number when the f value does not fuither change. Then all design

variables can be sorted in an ascending order in terms of the value of their

registers. As all design variables are frozen at the current best solution, a certain

l8 The Active Design Variable Control process can be applied either in the original design variable space, x,

or in the neighborhood around the current best solution, r*. Ir, this work, it is only used in the latter situation,

as shown in Figure 5-2.

re As mentioned in Footnote 18, the Active Design Variable Control process is currently applied in the local

region defined by the Active Sampling process. So, p3 samples from the Adaptive Sampling are simply

duplicated for the Active Design Variable Control process.
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number of design variables, which have a larger value of the register than the

remaining design variables, will be reactivated. The number of reactivated design

variables is represented by na in fhe CPM. '0 Th" rational of reactivating design

variables is that those reactivated design variables could be pre-mature when

frozen. As a result, the Active Design Variable Control process reduces the

dimensionality of the original problem for sampling. Since the CPM is

fundamentally built on experiments, all sensitivity information is given by two

adjacent intermediate best solutions over the past optimization process. Utilizing

the given sensitivity information can determine the importance of the influence of

design variables to the objective function in a local area. Intrinsically, the

mechanism of the Active Design Variable Control reflects the sensitivity

information , i.e., ôf. I dx .

The accuracy and capability of the CPM in searching for a local optimum is

significantly enhanced by the Active Design Variable Control and the Adaptive

Sampling. This advantage of applying the Adaptive Sampling is shown in Test Case 4

in this chapter.

20 The number of reactivated design variables depends on the random sample size, í.e., p, and the sampling

region for Active Design Variable Control dehned in equation (5.7) or (5.8). In general, a large number of

random samples (large value of p3) and a small sampling region (defined by Â¡ or 1) allow more active

design variables. In practice, the value of ¡¿a should be assigned by users manually, e.9., nø specified in a

conceptual aircraft design problem on Pages 130 and 142 in Chapter 6. Feedback from previous CPM

iterations in the optimization process also can be used for specifying the value of na. For example, if the /
value does not improve over a certain number of consecutive CPM iterations (other parameters, e.g., A¡ and

{ kept fixed), the value of ra should be reduced to make the Acitve Design Variable Control effective.
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(4) Collaboration Model and Feasibility Check- steps 7 and 8: Like the BSSDM, p

samples from the Global Sampling, p3 samples from the Adaptive Sampling, and p3

samples from the Active Design Variable Control process are separately approximated

with the RBF approximations based on the database of experimental points by

Then the interdisciplinary discrepancy / consistency of each sample is calculated by

,, :tlrr,, - yn,,l, Q :1,..., p or pz or pt
i=l

!r,, =1,(0n,,),í =r,...,n,(q:1,..., p or p, or pr)

Vo,, =ç,(*n.,, *n,o,, !n,",), i =1, -.., n, (q =7,..., P or p, or pr)

En =G(*r, nn), n :1,..., p or p3 or p3

E, = c(*n, yr), q :r, ..., p or p3 or p3

(5.e)

(5.10)

(s.11)

(s.12)

(5.1"3)

The Collaboration Model shows the distribution of the interdisciplinary discrepancy /

consistency subject to the SA/MDA over all samples by equation (5.11). Based on the

RBF approximation models, the constraint check is implemented by

Similar to the BSSDM, infeasible samples subject to the constraint check are identified

by adding a big positive value, such as 10s, to their discrepancy values, and are in turn

discarded. This is a conservative way to make sure that selected samples are feasible.
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The numbers of remaining samples aÍe pt, pq, and p5 inherited from the Global

Sampling, the Adaptive Sampling, and the Active Design Variable Control,

respectively.

(5) In steps 10 - 13, from

experiments or seeds for

remaining samples, two samples are chosen as new

next CPM iteration. For a minimization problem, a

the

the

sample with the smallest value of f (approximate l) selected by the Adaptive

Sampling from pa samples is called aLocal Seed, and a sample with the smallest value

of / chosen by the Active Design Variable Control from p5 samples is called an

Optimal Seed.

(6) Global Optimizer - MPS - step 9: Global Seeds chosen from p¡ samples are

determined by the MPS method. Two guidance functions are built for this process.

a) In steps 9.1 and 9.2, pt samples are sorted in an ascending order in terms of the

value of the interdisciplinary discrepancy / consistency given by equation (5.11).

Guidance Function I is formed by

GD(xo):tl¡,,
i=l

Then the equation (5.14) is cumulated overpr samples to have

-rr,,1,8 :1,--., Pt (s. l4)
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(t

lcn(x,)
CD(xr)= jt,Q=1,...,pt (5.15)

f cl(x,)
j=l

Finally, p2 samples 2l are statistically selected from a modified Guidance Function I

given by

Cn(*,,) = (ro(', ))'n , Q =t, ..., pt (s.16)

The purpose of the Guidance Function I is to select p2 feaslble samples subject to

the SA/MDA and constraints.

b) In steps 9.3 - 9.5, the approximate objective value, î@) , of all p2 samples is

calculated. pz samples are sorted in an ascending order in terms of /çx¡. Guidance

Function II is constructed by

GF(x,,)=-* (ît-)1,=,, 
,n, )-¡þ,),n=1,..., 

pz (s.17)

Then equation (5.17) is cumulated overp2 samples by

2r The value ofp2 is set to 200 in the thesis with respect to lea random samples for each sampling. It could

vary according to problems and be adjusted by users.
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(l

lcr (*,)
CF (xn) = i-, I =1, ..., pz

lcr (x,)
j=l

(s. 1 8)

Finally, Æ samples, such as 4, are selected as the new experiments (Global Seeds)

randomly from a modified guidance function defined by

Cr (*,) = (t" (r, ))"' , I =r, ..., pz (5.1e)

The sample with the smallest value of f (x) in p2 samples should be included in É

selected samples since this one is very promising.

(7) All selected samples are passed to the SA/MDA to calculate the state parameters, y,

as well as the objective function,l in step 3. Samples which satisfy the SA/MDA are

saved into the database of experiments to improve the quality of the RBF

approximation. The CPM will be stopped if there is no further improvement of f after a

certain number of consecutive CPM iterations, such as 6 iterations.

In summary, the Collaboration Model allows the CPM to extract useful information in

compliance with the SA/MDA. Based on the Collaboration Model, the CPM selects

desired samples to tune the RBF approximation, and consequently the RBF

approximation model expands itself towards the optimum solution of an MDO problem.

The discrete sampling, Adaptive Sampling, and Active Design Variable Control make
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samples effective in dealing with large-scale design problems. The MPS retains the

possibility to pursue the global optimum solution of MDO problerns.

TEST CASES AND DISCUSSION

Three numerical test cases and one engineering application were solved with the CPM.

Test Case I was also solved with the BSSDM in Chapter 4. Test Cases 2 and 3 were

obtained from reference 149]. Finally, a power converter problem was solved as a

benchmark MDO problem [57], 1581. According to Figure 5-2 and Figure 5-3, the CPM

started with initial feasible experiments for solving all test cases, used a random sampling

for continuous design variables, and did not apply the Active Design Variable Control

module. Only in Test Case 2 was the Adaptive Sampling module applied. To observe the

robustness and consistency of the CPM, 10 independent runs have been carried out for

each test case. The convergence tolerance applied in a function named 'ßolve' in

MATLAB@ 6.0 (reference ft71) for solving the SA/MDA is set to 10-a in Test Cases 1, 2,

atd 4, and set to 1 0-7 in Test Case 3 . For each test case, one of the 1 0 independent runs is

randomly chosen for plotting the convergence history and the cumulative number of the

SA/MDA evaluations.
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minimize f :4y,' -2.7y: *t* !Jz-4yr2 + 4yra

subject to : y, : xt + x2 - 2 + (y, I 1.Ð4

lz=xtrxo-2+(!t/1.8)4
yr.l.2
Y"7'0
1 I 

",, 
x27x3>xo <7 .9

(s.20)

Based on an exhaustive enumeration by calling the SA/MDA, a feasible region,

subject to the SA/MDA and constraints in the design space of the six-camel hump-back

problem, is shown in Figure 5-5. Also, Figure 5-5 shows the optimization process of the

CPM by experimental points marked with different signs. The optimum solution of Test

Case 1 should be located in the feasible region in compliance with its SA/MDA and

constraints, and it should be as close as possible to f : - 0. 1 according to the contour of f.

Speed factors of the first and the second Guidance Functions were fixed as 0.51 and 0.07,

respectively. At the end of each CPM iteration, 4 samples (Global Seeds) were selected.

Results of Test Case 1 are shown in Table 5-1. All runs started with 5 feasible

experiments. Runs from 1 to 9 were stopped if the value of /is less than -0.9. In

particular, the optimization process of Run No. 10 was terminated when no further

improvement of f occurred after 10 consecutive CPM iterations. Run No. 10 is also

selected for generating the convergence history plot, as shown in Figure 5-6. Figure 5-7

shows the cumulative number of the SA/MDA at each CMP iteration step. According to

the objective function contour of the six-camel hurnp-back problem in Figure 5-5, the
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global optimum was reached successfully.

a..
X . i". -..

iLegend

i I't Iteration's Point: A
2nd Iteration's Point: o
3'd Iteration's Point: *

4th Iteration's Point: V
5th Iteration's Point: x

6th Iteration's Point: o
7th Iteration's Point: +
Infeasible Point: {
Real Boundary Point: .

0.8

Figure 5-5

lt Feasible Border

Optimization process of Test Case 1 solved with the CPM
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Table 5-l Results of Test Case 1

No.

of

Run

# of SA/MDA

Infeasible Optimum

After Value of/
Initial

Ini.

Optimum Value ofx Optimum Value ofy

X1 X2 X3 It
I

2

3

4

5

6

7

8

9

10

55

28

20

36

57

26

35

58

29

79

2

4

J

I

9

6

t2

4

2

6

0 -9.010515e-l

0 -9.lll3lle-r
0 -9.0935 I 1e-l

0 -9.343211e-l

0 -9.154225e-l

0 -9.014565er

0 -9.322473e-l

0 -9.409803e-l

0 -9.198739e-l

0 -9.411366e1

1 .001 897

1 .00213 1

1.0088s2

1 .01 1585

1.000354

1.001388

1.016s60

1 .000501

1.012159

1 .0021 80

1.035303

1.012684

1.008468

|.009s76

1.036599

1.0427 61

1.005368

1.004792

1.021370

1.005140

1.526232

1.355314

1.078122

1.594216

1.312874

1.296005

1.489481

t.451814

1.506066

r.479164

1.18449s 0.081604 0.7 10132

1.264251 0.043922 0.619511

1.542181 0.046s66 0.620309

1.0994s2 0.066896 0.69361|

1.370380 0.080004 0.683258

1.3s9486 0.080624 0.6ss49s

l.209tss 0.068987 0.698638

1.194624 0.039787 0.646438

1 .r17 620 0.07 6689 0.683689

1.223990 0.056208 0.703155

-0.55

-0.6
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CPM Iteration #

Figure 5-6 Intermediate best objective function value over 32 CPM iterations of Run

No. 10 in Test Case 1
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ts 20

CPM Iteration #

Figure 5-7 Cumulative number of the SA/MDA over 32 CPM iterations of Run No.

10 in Test Case l

5.4.2 Test Case 2

min f = !, *(x, -Z)' * x, - 2 + s-tz

subject to y, : t * t, t xz - 4 - 0.2y,

ô
=, '10
¿
v)

-g 60
Ðqr

*
o50
(d

840
O

lz = xt* r, - Z* 
^[l0<\<7

2< x, <7

2< xr 37
y, /8 -1> 0

l-yr/70>0
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Speed factors of the f,rrst and the second Guidance Functions were fixed as 1 and 0.41,

respectively. At the end of each CPM iteration, 3 samples (1 Local Seed and 2 Global

Seeds) were selected. Results are listed in Table 5-2. Runs from 1 to 3 were stopped if the

value of/is less than 8.08; Runs from 4to 6 were stopped if the value of/is less than

8.04; and Runs from 7 to 9 were terminated aft.er 6 CPM iterations with no further

improvement of the value ofl All runs started with 5 random feasible experiments. The

Adaptive Sampling module is applied in Runs 1-9 by setting Lt:syo.It was observed

that the Adaptive Sampling can efficiently solve MDO problems in which the system

objective function/is sensitive to the variation of its design variables. Comparisons are

given between Runs 1-9 and Run No. 10, which does not apply the Adaptive Sampling

and was stopped if the value of/is less than 8.08. Apparently, Run No. 10 has the worst

optimum value with the highest number of calls to the SA/MDA. For Run No. 9, the

intermediate best objective function and the cumulative number of the SA/MDA at each

CMP iteration step are shown in Figure 5-8 and Figure 5-9, respectively. The value of/

equals 8.0337 at the 16th CPM iteration with a total of 64 calls to the SA,/MDA, in which

14 calls were spent on generating 5 initial feasible experimental points.
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Table 5-2 Results of Test Case 2

No.

of

Run
Feasible

# of SA/MDA

Infeasible Optimum Optimum Value ofx Optimum Value ofy

After Value of/
Inirial

Initialization !tX2X1

8

9

18

10

10

14

l8

l6

11

l

I

2

J

4

5

6

1

8

9

t0

21 25

23 20

38 t7

33 34

195
68 36

52 24

495
93 14

161 21

8.061338

8.066126

8.030440

8.021729

8.028838

8.034520

8.014ss9

8.013545

8.008876

8.015582

3.016s62

3.004791

3.020825

3.020842

3.013692

3.020517

3.024412

3.022309

3.026192

3.011512

2.042900

2.157212

2.036224

2.048715

2.093780

2.011583

2.021236

2.029848

2.014285

2.118991

2.046421

2.011495

2.019330

2.006903

2.005488

2.000919

2.001s86

2.008712

2.000111

2.02204s

8.0 103 I 8

8.021615

8.006974

8.009s90

8.0r 1675

8.025550

8.003674

8.00 103 I

8.005100

8.036551

s.893234

5.849s90

5.869815

5.851867

s.849671

s.8s4496

s.861014

5.8s9690

5.8s6832

5.868438
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Figure 5-8 Intermediate best objective function value over 37 CPM iterations of Run

No. 9 in Test Case2

r0 t5 20

CPM Iter¿

95



Chapter 5 - Collaboration Pursuing Method
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Figure 5-9 Cumulative number of the SA/MDA over 37 CPM iterations of Run No. 9

in Test Case2

5.4.3 Test Case 3

â
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mlnlmlze J -!-r-* lz'-xz
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2

subject to : y, = \lzlz
xz!+

,, - l\!zJ2 ^tvx,
-. _ lJq

2rry,

x,i^2
J4 )

x2

4:yo - y, - 2:
2?t:!z'+ 1 - ",

0<x, 11, i:I,2

(s.22)
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Speed factors of the first and the second Guidance Functions were set to 0.51 and 0.81,

respectively. At the end of each CPM iteration, 5 samples (Global Seeds) were selected. It

is very difficult to maintain the feasibility of samples subject to the SA/MDA, since the

SA/MDA is over constrained by an equality constraint in Test Case 3. Upper bounds of

the design variables were assigned by the author. The SA/MDA solver within the CPM

was applied to evaluate the optimal solution given by reference l49l for verifying its

accùracy. For the given design variable set, the optimal objective function value is same

as that in reference 1491, which is 2.984 as shown in Table 5-3. All runs were terminated

after 6 consecutive CPM iterations without further improvement of f. All of the 10 runs

started with 3 random feasible experiments. Results by running the CPM are shown in

Table 5-4. The optimal function values obtained are in the neighborhood of 1.0, which is

much better than2.984, given by the CSSO in referencelagl. The difficulty of achieving

feasible samples, raised by the equality constraint, resulted in a large amount of

computational effort for initialization. For Run No. 8, the intermediate best objective

function value and the cumulative number of the SA/MDA at each CMP iteration step are

shown in Figure 5-10 and Figure 5-11, respectively.

Table 5-3 Accuracy comparison between the CPM and the CSSO applied in Ref. [49]

Method optimum value of/- u","" "fjl,î#î ef.l49l optimum Varue ofy

CPM 2.984
x¡ : 0.998
x2:0.996

y1: 1.4071 y2:1.4128
yz: 1.9920 y¿:3.9919

CSSO used in Ref.

L4el
2.984
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Table 5-4 Results of Test Case 3

# of SA/MDA

No. ofRun Infeasible
Feasible -... Afterlnlttal -....lnlttahzatlon

optimum optimum Value of 
optimum value ofyValue of/ x

40
xt:0.522049
xz:0.012530

yr : 0.073801
yz: 1.028952
y:0.147079tlt 21 0.996646

Y¿: 2.146718

0.938502

yt:0.014464
y2:0.976560
y¡ :0.033348
vo:2.033509

21835
xt:0.441010
xz:0.015635

xr :0.398669
xz:0.005149

y:0.004404
yz:0.946309
y: 0.011567

2 0.890401

Y¿:2.011850

1.007t49

yt:0.020914
yz:1.013332
y:0.040829
v¿:2.040768

18043
xt:0.516492
xz:0.020540

35 44 1.031431
xt:0.562961
xz:0.121428

y¡:0.128897
y2: 1.059881
yt:0.242341
Y¿:2.242294

0.966130

yt:0.023621
y2:0.994687
y:0.050652
vr: 2.050567

264t8 xt:0.417408
xz:0'024440

295 25 0.983913
xt:0.499534
xz:0'036815

y1 : 0.036586
yz : 1.009014
y¡: 0.075030

vq: 2.074819

69 30 0.973106
r¡ : 0.488703
rz: 0.034050

y1: 0.033357
y2:1.002736
y:0.070074
v¿:2.069790

15 20 0.991809
x¡:0.515382
x2:0.062673

y1: 0.063319
y2:1.023085
y:0.127323
v¿:2.121136

4546t610 1.129521
xt: 0.628626
xz:0.252015

y1 : 0.2827 56
y2:1.119979
yt:0.502852
Y¿:2.502753
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6

CPM Iteration #

Figure 5-i0 Intennediate best objective function value over 12 CPM iterations of Run

No. 8 in Test Case 3

CPM Iteration #

Figure 5-11 Cumulative number of the SA/MDA over 12 CPM iterations of Run No. 8

in Test Case 3
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5.4.4 Test Case 4

The power converter problem comprises a coupling between an electrical subsystem

and a loss subsystem. An optimal po\Ã/er stage design is essential to the development of a

quality power converter. The power stage design dominates the overall efficiency, size,

and weight of the power converter. The objective of the power converter problem is to

minimize the weight. The problem consists of six design variables and twelve state

variables, of which four define constraints. All constant values given from reference [58]

are listed in Appendix II. A schematic of the power converter problem is shown in Figure

5-12, and the geometry of the transformer core is shown in Figure 5-13.

Figure 5-12 A schematic of the power stage of the power converter [58]

Er
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ßru

Figure 5-13 The geometry of the transformer core [58]

V4la*

The formulation of the power converter problem is defined by

minimize !, = -f (x) =W" *W,, *W"no *W,,, (s.23)

subject to: Electricql Design State AnalysÌs

dutv cvcle: v. : , EO 
,13 (yru\

\@)
minimum duty cycle: lq =

101

( y,EIMAX\

lrxN )
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inductor resistance: ,, = \A!T*-'(R?)
x3

where XMLT:2x(l + KI)FC

core cross-sectional area: yu = Kllxrlx,

magnetic path length: y, =Tx,

inducror value: ,. -(no 
+r2ft 

, Y.)
r 8 yurr(rn)

Loss Design State Analysis

circuit efficiencv: u. : PO
' PS + PQ+ PD + POF + pXFR

Fíll Window Constraint

g, =WA-++(-waoa)*uKr) 0, where WA: K2x6lx6le¡ FW \ --/'-o--

Rìpple Specification

s, :Yry#þ@ro, where DEL, =@#ù
Core Saturation

Et = BSp-'o(xtu¿x) r-r,
! sxz

where QIMAX :'o *(¿o +rtnì/\t- vr)
EO 2xoFR

Minimum Inductor Sizefor Continuous Mode øt EIMAX and POMIN

8+:xq-'n'CzuT>0,

where xLCRrr _ (no lttnYl -_y^)ao
z(rourw)nn
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where W, =l Dlyu(zn,+ y)1, ZP,:z(t+ x,

2x(7 + K)FC, W,nr:l(O*r)x,l, and W,,, =

l, xMLr:

The power converter problem has 6 design variables, as shown in Table 5-5. Relatively

large upper bounds of all design variables and the lower bound of x4 were assigned by the

author, by referring to the optimum solution and the lower bounds of design variables

from references [57] and [58]. The problem is mainly dominated by the couplings

amongst y2, y3 and ys, and the explicit dependency matrix is shown in Table 5-6. Speed

factors of the first and the second Guidance Functions were fìxed as 1 and 0.00011,

respectively. At the end of each CPM iteration, 2 samples (Global Seeds) were selected.

Similar to Test Case 3, the SA/MDA solver within the CPM was applied to evaluate the

optimum solution in reference l57l for verifying its accuracy. As shown in Table 5-7, the

CPM has the same accuracy as the CSSO in reference [571. 10 independent runs solved

with the CPM, as shown in Table 5-8, were stopped without further improvement of f
after 6 consecutive CPM iterations. All runs started with 4 random feasible experiments.

For Run No. 4 (with the highest number of calls to the SA/MDA in Table 5-8), the

intermediate best objective function value and the cumulative number of the SA/MDA at

each CMP iteration step are shown in Figure 5-I4 and Figure 5-15, respectively.

According to reference [57], the optimum solution (f :1.48) was given by the CSSO

with 54 'Design Point System Iterations', and a 'Design Point System Iteration' refers to

a call to the SA/MDA. Based on the results in Table 5-l and Table 5-8, the CPM is more

)ru, w* :l (xurr)(oc) xrx,

l:g( :_,1 
I

I Kn \v, )l
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efficient than the CSSO for solving the power converter problem.

Table 5-5 Design variables of the power converter problem

Variable Name Description
Lower Bound Upper Bound

X7

X2

X3

X4

X5

X6

c,,
Turns

Acp

¿// PINDUC
C¡
w*

Core center leg width
Inductor turns
Copper size
Inductance

Capacitance
Core window width

0.001
1.0

1.29e-8

L0e-6
1.e-5

0.001

0.1
10.

l.0e-s
1.0e-5

0.01
0.01

Table 5-6 Explicit dependency matrix of the power converter problem

Table 5-l Accuracy comparison between the CPM and the CSSO applied in Ref. [57]

Method optimum value ofl Desisn 
"?ltiäi**"r. ort optimum Design ofv

CPM 1.4856

y2:0.8302 y3:0.5929
ya:0.4535 y5:0.0018

yo : 0.0003648 yr:0.0300
ys : 0.0128

y2-- 0.830 y: 0.593
CSSO used in Ref.

[57]
1.48

12: v.óJU !3
'¿:0.453 ys:tq:0.453 y5 : 0.00182

y6: 0.000367 y7 -- 0.0301
Yn :0'0128

rr : 0.0191 x2:4.91
x3: 0.00000677
x¿: 0.00000524

xs: 0.00263
xo:0.00759

lt V) Vz l¿ Vs fu, lt Ve. x X2 X1 X4 x< Xr,

v'lf X X X X x X X X

Ytl ::.:.t{;:.+ laa;.tlx:,.:i:) lyx; x xrtÌ ',X,!'
'.1j);::ti:a, *::1,þi;¡ 'i..1:'a::t:/.:!i:,

.:,

V¿ X

Vs x X

le

lt x
tl.2 'al!:w!:,ti li..:::Ìti.t: i:ü,¡iilii. t.:l:!.lt:l::i::

ia::::::r:; .i ,.:l).tta:t ï9,1,!ìi!:a1::

Et X x X
ø^ X x
o^ X X X X

P¿ X X
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Table 5-8 Results of Test Case 4 given by the CPM

# of SA/MDA
No.
of

Run

Infeasible Optimum
Value of/

Optimum
Value ofx Optimum Value ofyFeasible -... Afterlnrtlal - . . ..

lnrtrallzatlon

35
xr : 0.0i 1965 xr: 5.1t'rOjt

1.40026 x¡ : 0.000008 xa : 0.000002
xs :0.008793 x6: 0.008656

y2:0.841751 y3 : 0.584688
y a 

: 0.03209 6 y 5 -- 0.447 247
y6 : 0.001006 y7 : 0.000143

:0.018794

2 30 3 , ,46s60 
îi=s,ss:s3Tî1=s,ssisi2 *=i¡äiäii::s'tt1,\2i
¡r : 0.015288 x2:4.819028

1.46435 ¡¡ : 0.000007 x¿ : 0.000003
xs : 0'001 675 x6 : 0.007685

y2 : 0.836584 y : 0.588444
ya: 0.020638 y5 : 0.450009
y6 : 0.001384 yt:0.000234

:0.024015

4 33 6 2 
'482'8 I=S,SSïSííÍ=S,SSSSíI ii-i¡irrii2t:=z'tt¿äz

3l22
xt : 0.011046 xz : 3.37ttT

1.44344 ¡¡ : 0.000008 x¿ : 0.000003
xs : 0.007254 x6 : 0.008487

y2: 0.843580 73 : 0.583488
ya : 0.0239 68 y 5 

: 0.446277
y6 : 0.000903 y1:0.000291

:0.026716

6 25 o 4 14s4's 
l=s,síiíí :i-t,àízgit íi=ililiil 

ai:=s'rã¿äi

1 2s 2 3 144614 
îi:s,ssíleíi=s,sl;s:3 i:-i¡iriiZi.i:s'l¿à:i1

xr : 0.012810 xz : 5.561491
1.39168 r¡:0.000008xa:6.66000,

xs:0.006761 x6 : 0.009895

y2 : 0.840247 y : 0.585794
ya : 0.0257 61 y5 : 0.448048
yo : 0.001 109 yt : 0.000164

:0.020122

s 2j s 0 t43t6j îl:33å3331tr='r;irlrtï,Å ';::'y;i¡'11ú'oi,::oo\l]'11
xs : 0.005366 *,: 0.00éé;ó i::3 33å3Íev7:0 

000r68

2910
x¡ : 0.015761 x2-- 3.054849

1.396361 x¡ = 0.000007 ;ra : 0.000002
x5 : 0.007356 x6 : 0.007650

y2 : 0.843796 y : 0.583243
yq : 0.031227 y5 : 0.446163
y6 : 0.000866 y7 : 0.000248

:0.024751
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6 I 10 12

CPM Iteration #

Figure 5-14 Intermediate best objective function value over 18 CPM iterations of Run

No. 4 in Test Case 4

681012

CPM Iteration #

Figure 5-15 Cumulative number of the SA/MDA over 18 CPM iterations of Run No. 4

in Test Case 4
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5.4.5 Discussion

It was observed that the Collaboration Model was effective. For the implementation of

the MPS, if the Guidance Function I is sped up intensively by applying a small value of

,SP1, e.g.,,SPl :0.01, new samples given from the current CPM iteration to the next one

are most likely feasible. The speed factor value influences the eff,rciency of the MPS. An

aggressive speed factor could lead to a local optimum and a large speed factor value

could slow down the optimization procedure. Based on the feedback from the last CPM

iteration, the speed factor could be dynamically adjusted by designers' intervention. For

example, the value of the speed factor should be reduced if the value of/is not improved

after several consecutive CPM iterations and the number of feasible experiments is larger

than that of infeasible experiments at each CPM iteration. In this thesis for fair

comparison, the speed factors are fixed throughout one optimization process and fixed for

a number of independent runs. The efficiency of the CPM can be potentially fuither

improved, however, by dynamically tuning the speed factors.

A common problem from all results was that the CPM spends a lot of efforts to

generate initial feasible experiments. As the number of state parameters and design

variables increase, the initialization procedure could become a serious problem.

Intuitively, a good initialization procedure can be helpful. In this thesis, a strategy to

generate feasible experiments was tested by giving a small offset to the design variables

of the last feasible experimental point. However, this strategy does not guarantee that

feasible experiments are generated. As mentioned previously, the CPM can start with

either feasible or infeasible experiments as long as these experimental points are feasible

r07
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subject to the SA/MDA. More feasible experiments are expected to be created after the

inilialization step to replace the infeasible experiments in the database of experiments.

This is much better than randomly generating a certain number of initial feasible

experiments subject to both the SA/MDA and constraints. The advantage of

implementing the initialization with infeasible experiments, subject to constraints, is

shown in Chapter 6 in a conceptual atrcraft design problem. Also, for engineering

problems, experimental data and other related experience can partly alleviate the

diffi culty for initialization.

The efficiency and capability of sampling-based optimization methods are always

related to the range and number of design variables. As the range and number of design

variables become large, the CPM encounters difficulties caused by a limited number of

samples, which can not effectively cover the design space. The Adaptive Sampling

showed its advantage in this regard when solving Test Case 2. For large-scale design

problems, the key to the sampling-based optimizationmethods is to effectively reduce the

number and range of the design variables, while maintaining the optimization progress.

Due to the nature of sampling, the capability and efficiency of the CPM can be improved

by applying parallel computing for generating a very large number of samples.

OVERVIEW

This chapter introduced the Collaboration Pursuing Method (CPM). The fundamental

idea of the CPM is to handle an MDO problem as a black-box function, based on the

5.5
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Collaboration Model developed in Chapter 3, rather than explicitly depicting the

couplings amongst subsystems. In the CPM, the Collaboration Model effectively

coordinates coupled subsystems; the MPS method aims to search for the global optimum;

the discrete sampling approach makes the CPM flexible in dealing with hybrid design

variables; and the Adaptive Sampling and Active Design Variable Control modules

enhance the CPM's capability to solve large-scale MDO problems. Four test cases,

including a power converter design problem, have been solved with the CPM successfully

and efficiently. In the next chapter, a conceptual aircraft design problem is applied for

further testing the CPM in solving a relatively large-scale MDO problem.
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CHAPTER 6

C ONCBPTUAL AIRCRAFT DESIGN

6.I INTRODUCTION

In this chapter, a conceptual aircraft. design problem from reference [33] was solved

with the CPM. 22 This design problem consists of i0 design variables, 3 nonlinear

coupled disciplines (structures, aerodynamics, and propulsion), and 12 constraints. The

goal is to maximize the range of the conceptual atrc'lraft. Section 6.2 introduces the

conceptual aircraft design problem. Section 6.3 presents solutions given by the CPM as

well as discussions.

t'This problem also can be found in references pfl and,ftal.
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PROBLEM FORMULATION

The data dependencies of the conceptual aircraft design problem are shown in Figure

6- 1 . The aircraft design problem is to maximize the range computed through the Breguet

Íange equation, as shown in Table 6-1. The disciplines are coupled by the output-to-input

data transfers (design structure matrix) depicted in Figure 6-1. Note that the module

calculating Range does not output data to other disciplines. All design variables are listed

inTable 6-2.

ESF-Engine Scale Factor
h-alrirude
L-Lift

R-Range
SFC-Specifi c Fuel Consumption
SsBp-wing surface area
T-Th¡ottle
t/c-thickness / chord
WsB-baseline engine weight
W¡-engine weight
W¡-fuel weight
W¡g-miscellaneous fu el weight
We-miscellaneous weight
Wrtotal weight
x-wingbox cross section
A -wing sweep

)" -taper raïio
L/D-Lifr to Drag ratio

iO-wing twist

Data dependencies for Range optimization [33]

111

tlc,h, M, AR, Â, Sner

t/c, M, A
AR, h, Sp6p

Aerodynamics

CnH¿n,r,¿ < 1

tlc,h, M, AR, Â, Sn¡¡

iAR-Aspect Ratio
j C¡skin friction coefficient
i ñ Tl-^^D-Drag

Figure 6-l
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Table 6-i Formulation of the conceptual aircraft design [33]

Sub-
problem

Input Internal Output

(t)
ol

O

¡.
V)

AR,

A, t/c,

Snrp,

Wno,

wo,

Vy'¡,

L, Nz,

)",x

t^
"REFt::=; b/z:/S**RWZ; R,

JSREFAR

@:pf (x,b/2,R,,L) ; Fot:pf (x) ;

w* : 
fo.oor, 

(wrN, )0 "' sounou4eARos (:)"'
(t + z)o' (0. t azss*uo)o' /cos(Â)]nort

w,* : ( s s*,,r rc)(J r)or.tt wo :w,* +woo l

%:Wo+&+V/o+Wr; ot -) os =pf (/",f,x,fi,n ,)

l+u":---l
3(1+),)'

'Wr,

'Wr,

@

Constraints ol-+o5 <1.09; 0.96 < @ < 1.04

U)
O

d

q)

M, h,

AR,

tJc,

Sn¡R,

wr,

o,
ESF,

Corin,

M<lr

C¡

if h < 36089 ft, V:l116.39MJ1-(6.875e{)h,

e = (z.ztt"., Xl - (o.szs"-un))o "u',

if, h>36089, v: g6g.lM, p =(Z.zll"-t )"-(t'-:eoar)rzosoe 
z'

CL: 
- -S^ 

;FoZ:pr(esE, Cr);' O.5pV'Sooo'

CD,nin : Co,nin,r,¿.rFo 2 + 3.05(/")% 
"or(n)% ;k:l/ (nO.LaR);

Fo3:pf (@); co:(c".,n * kcr')ro:; L: %; D:coO.5pv2sREF;

dptdxnf (%)

L,D,

L
D

Constraints dp/dx < 7.04

o
(t)

È
L

Êr

M, h,

D,

Vy'np,

T

T:16168.6T;Temp:pf (M, h, T); ESF:("Á)¡t

sFC:1 .1324+ 1.s344M- (z.zOSø"')Tr - (S.sz+e-,')rr,

+(r.so+ze' )Trt+(r .06e-8)T" *, : 3'w"eESF, o,;

lìn : 11484+ 10856M - 0.50802h + 3200.2}/12

- 0.2s326uh + (6.8s72e-u)tf

SFC,

W¡,

ESF

Constraints 0.5 < ESF S 1.5; T STuo; Ternp < 1.02
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Table 6-2 Design variables of the conceptual aircraft design

q)
ê0

d
ú

M, h,

L
D,
wr,

wn,

SFC

ifh < 36089ft, 0 : | - 6.g75e6h; ifh > 360g9ft, 0 : 0.751g;

M(L/pxoilo hl *, ìmaximize*:-,oa r.*, w,l

R

Constants Wpo:20001b; Wo:250001b; Nz:69; WsE: 43601b;
CD-in.M.r :0.01375

Variables Description Unit UB
I 1, Wing taper ratio
2 x Wingbox x-sectional area as

polynomial function
3 C¡ Skin friction coefficient as

polynomial function
4 T Th¡ottle setting
5 tlc
6h
1M
8AR
9^

N/A
p.f.

p.f.

N/A
N/A

ft
N/A
N/A

degree
^att-

Thickness / chord ratio
Altitude

MachNumber
Aspect Ratio
Wing sweep

0.r 0.4
0.75 1.25

0.75 1.25

0.1 I
0.01 0.09
30000 60000
r.4 1.8

2.5 8.5
40 70
500 150010 Sn¡p Wing surface area

The detailed description of design variables and some parameters are elaborated as

follows [59]:

1. Wing taper ratio, 1,, is the ratio between the tip chord and the centerline root chord,

i.e., c¡;p./c.oo1, as shown in Figure 6-2.

2. Wingbox x-sectional aÍea) x, determines if the fuel and other internal components

will fit within the wing. It can be easily developed once airfoils are chosen.
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:

I

i

Planform geometry of a typical wing

3. Skin friction coefnìcient, C¡is used to calculate the drag that is not related to lift.

such drag, called the "zero-Lift", or "parasite" drag, is directly proportional to the

total surface area of the aircraft. exposed (wetted) to the air.

4. Throttle setting, T, is to control the mass flow ratio through the inlet.

5. Thickness / chord ratio, tlc, refers to the maximum thickness of the airfoil divided

by its chord, as shown in Figure 6-3.

Figure 6-3 Thickness / chord ratio definition

Ä-
I
I

I

I
C.oot I

I

I

I

I

I

V

c)
(D

õ'ä
Ë'o

Figure 6-2
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6. Mach number, M, is the ratio between the aircraft speed and the sound speed.

7 . Aspect ratio, AR, is def,rned as the square of the wing span, (b/2)2, divided by the

wing reference ate1 SnEr./2, as shown in Figure 6-2.

8. Wing s\¡/eep, z\, is used primarily to reduce the adverse effects of transonic and

supersonic flow, as shown in Figure 6-2.

9. Specific Fuel Consumption (SFC) is the rate of fuel consumption divided by the

resulting thrust.

10. Wing twist, @, is used to prevent tip stall and to revise the lift distribution to

approximate an ellipse.

I 1. Engine Scale Factor (ESF) is the ratio between the required thrust and the actual

thrust of the nominal engine. The engine typical geometries, such as length, height

and diameter,vary with ESF.

l2.Maximum Load Factor, N", is the acceleration during a turn divided by g,

gravitation at constant.

The dependencies of state parameters are listed in Table 6-3. The coupled subsystems

are defined by their input and output state parameters, and by the functions that link these

state parameters in Table 6-1. Also, constraints and constants are listed in Table 6-1.
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State Parameters w Wo @ L D w SFC ESF

S

Wt Fuel Weieht
w TotalWeisht x x
@ Wine Twist X

A L Lift X

D Drag X X X

P
W" Ensine Weieht X
SFC Specific Fuel Consumption
ESF Ensine Scale Factor X

R R Range X X x X x

Chapter 6 - Conceptual Aircraft Design

Table 6-3 Dependencies of state parameters 23

According to reference [33], some functional relationships are supplied to reflect some

commonly known relationships involved in design. For example, stress is expected to fall

as the skin thickness in a wing box increases. Such relationships are represented by

polynomial functions. In Table 6-1, 'p(.)' denotes a polynomial function of independent

variables in the parentheses. Each polynomial function is of the form

pf (s)= Ao * A,^sr + (t7z)sa,,s' (6.1)

where S is the vector of independent variables, and Ao, Ai, and A¡ are coefficient terms.

In calculating the polynomial functions defined in equation (6.1), terms in the S vectors

are in the same order as they appear in p(.) in Table 6-1. The off diagonal terms of A¡

were generated randomly between 0 and 1. For this model, they are

" S, A, P and R represent Structures,

same fashion is applied in the thesis.

Aerodlmamics, Propulsion, and Range, respectively. Hereafter, the
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0.3910 0.81s2 0.9230 0.1108

0.42s2 0.63s1 0.143s 0.1138

0.0329 0.88s6 0.3657 0.0019

0.0878 0.7248 0.1978 0.0169

0.895s 0.4568 0.807s 0.9239

(6.2)

The remaining coefficients are listed in Table 6-4.

Table 6-4 Coefficients for the polynomial functions

A" Ai;A,

@ tl.Ol [0.3 -0.3 -0.3 -0.2]
Fol [1.0] 16.2s)

ot tt.0l [-0.7s 0.5 -0.7s 0.5 0.5]

[0.4 -0.4 -0.4 0]

t0l

l-2.s 0 -2.5 0 0l

02 tl.Ol [-0.s 0.333 -0.s 0.333 0.333] [-1.111 0 _1.1110 0]

o3 11.01 [-0.37s 0.2s -0.3]s 0.2s 0.2s1 [-0.62s 0 _{.62s 0 0]

o4 tl.Ol l-0.3 0.2 -0.3 0.2 0.21 [-0.40-0.400]
õs 11 0l F0.2s 0.1667 4.25 0.1667 0.16671 [-0.2718 0 4.2118 0 0l
Fo2 [ 0]
Fo3 tl.Ol
dp/dx 11.01
Temp [l.0l

ï0.2 0.21

t0l
10.21

f0.3 -0.3 0.31

l0 0l
t0.041

l0l
10.4 -0.4 0.41

6.3 APPLICATION OF THE CPM TO CONCEPTUAL AIRCRAFT DESIGN

According to the framework of the CPM, as shown in Figure 5-2, the CPM used the

Hybrid (both continuous and discrete) Sampling, Adaptive Sampling, and Active Design

Variable Control modules to maximize the range of the conceptual aircraft design defined

in Section 6.2.X and T are kept as continuous variables and the remaining variables listed

in Table 6-5 are discretized.
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Table 6-5 Discretized design variables

Variables Discretized Values Accuracy

0.75 0.8 0.85 0.9 0.95 1. 1.05 1.1 1.151.21.25 0.05

C¡ 0.75 0.8 0.85 0.9 0.95 l. 1.05 Lt 1.15 1.21.25 0.05

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.01

30000 31000 32000 33000 34000 35000 36000 37000 38000 39000 40000

h (fr) 41000 42000 43000 44000 45000 46000 47000 48000 49000 s0000 s1000 1000

s2000 s3000 54000 55000 s6000 s7000 58000 59000 60000

1.41.51.6 1.7 1.8

2.5 2.6 2.7 2.8 2.9 3.0 3.1 3.2 3.3 3.4 3.5 3.6 3.1 3.8 3.9 4.0 4.1 4.2 4.3 4.4 4.5

AR 4.6 4.7 4.8 4.9 5.0 5.1 5.2 5.3 5.4 5.5 5.6 5.7 5.8 5.9 6.6.1 6.2 6.3 6.4 6.5 6.6 0.1

6.1 6.8 6.9 1.01.t 7.2 7.3 7.4 7.s 7.6 7.1 7.81.9 8.0 8.1 8.2 8.3 8.4 8.5

0.1

40 41 42 43 44 45 46 47 48 49 50 5t 52 53 54 55 56 51 58 59 60 61 62 63 64

^ 
(")

6s 66 6"t 68 69 70

500 510 520 530 540 550 560 510 580 590 600 610 620 630 640 650 660 610

680 690 100110720730140150760770780790 800 810 820 830 840 850

860 870 880 890 900 910 920 930 940 9s0 960 970 980 990 1000 1010 1020

s*o(ftt) 1030 1040 1050 1060 1070 1080 1090 1100 t1r0 ll20 lr30 n40 1150 1160 t0

I 170 I 180 1 190 1200 1210 1220 1230 1240 1250 1260 1270 1280 1290 1300

l3l0 1320 1330 1340 1350 1360 1370 r380 1390 1400 1410t42014301440

1450 1460 1470 1480 1490 1500

The MPS is not utilized in the CPM for solving the conceptual aircraft design.2a

Instead, a sample (Global Seed) with the smallest approximate value of Range from the

Global Sampling is selected. For the internal control of the CPM, the Global Seed will be

eliminated if its value of Range is smaller than that of the Optimal Seed or Local Seed. To

use the Collaboration Model in the CPM, the explicit relations between state parameters

and their corresponding design variables are shown in Table 6-6 according to the

2aIn Section 6.3.1, ít shows that 3x10a random samples are not enough to effectively cover the whole

design variable space. Consequently, Global Seeds selected by the MPS f¡om samples given by the Global

Sampling can not effectively improve the optimization process. Therefore, the MPS is not used for solving

the conceptual aircraft design problem, while it could be used in a sub-design variable region.
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formulation in Table 6-1. For example, W1 is an explicit function of W¡, L, WE, 2 , x, tlc,

AR, A and Sppp in the structure subsystem. Also, it is observed that I, x, and C¡arelocal

variables in structures, aerodynamics and propulsion, respectively, and the couplings

amongst Wr, D, and ESF dominate the whole system. The implicit relations between the

state parameters, W1, D, and ESF, and their associated design variables are listed in Table

6-7 , where'o' signs indicate dependencies added by the implicit relations.

Table 6-6 Explicit dependency matrix between state parameters and their variables

State Parameters
Local Variables

Interdisciplinary Variables
itructures Aerodynamics Propulsion

s A P

wF wr o L D LID WF SFC SI R 1, x c1 T t/c h M AR S*¡t

S

w x x
llM;i :rxr':¡ lxl:l X X x X X

o X X x X

o1 x x x x x X

o2 X X x
o3 x X X

o4 x X X x X

o5 X x X X X

A

L X

ù!::, ta
:ë

,;i x X X X X X X

LID x X X X x x x
dp/dx X

P

w
SFC X x X

iÞ31q, ,ìXl:t
'lli:::l¡¡iillîn

.
iil X

T K

Temp x X X

R R x X X x x

1t9
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Table 6-7 Implicit dependency matrix between state parameters and their variables

For optimizing the conceptual aircraft design with the CPM, the subroutine codes of

the SA/MDA, disciplinary analyses (structures, aerodlmamics, and propulsion) and Range

calculation were directly applied from reference [33]. To be able to compare the results

given by the CPM and the results from reference [33], some baseline cases were tested

based on intermediate and optimum solutions from the literature, as shown in Table 6-8.

Results in CPM column in Table 6-8 were given by running the SA/MDA embedded in

the CPM rather than the whole CPM optimization process. Since the values of Range

calculated with the CPM are very close to the values from reference [33], we can

conclude that the CPM has a comparable accuracy with the BLISS in reference [33] in

terms of the SA/MDA. However, one of the constraints, @, of the optimum solution from

reference [33] is violated. Therefore, in the optimization process of the conceptual aircr:aft

State Parameters Local Variables
lnterdisciplinary Variables

Structures Aerodynamics Propulsion S A P
w w o L D LID w SFC ESF R À X cl T üc h M AR So"o

S

w x X
:ìr\Ã/l:,: x X o o U o X X X

o X o o o o o X o X

ol x x o o x o o X o
o2 X o o X o o X o X

o3 x x o o x o o o x
o4 x x o o x o o x o X

o5 x o o o o x o x

A

L X

;: o o o X x x

LID X x x x X X x X x

do/dx X

P

w
SFC X x X

::: :; o o o X o o o o o o

T
Ternp x K x

R R X X X
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design with the cPM, two types of @ are applied, i.e., 0.96 < @ < 1.04 defined in Table

6-1, and 0.9049 < @ < 1.04 based on the optimum solution in reference 1331.

Table 6-8 Results of cases from the reference [33]

6.3.1 Numerical Studies of the Conceptual Aircraft Design Problem

The complexity of the conceptual aircraft design problem is uncovered by exhaustive

enumerations through the SA/MDA subject to the original constraints and modified

constraints, while the number of random samples is fixed. 104 random samples were

implemented 4 times subject to the modified constraints (0.9049 < O < 1.04), as shown in

Table 6-9. The distributions of feasible and infeasible samples of Run No. 2 in Table 6-9

?5 ^-' Case 5 is the optimum solution given by the BLISS in reference [33].

121

Case I 2 3 4 :;.:5:ä;:::,'i;;li;:¡11

o

d
L
6l

Þo

o

1. 25 0.1495 I 0.17476 0.25775 Ã38lL5i1l!l:lll;¡:
x 0.75 0.75 0.75 t¡ lfi:7,5íii:!i:þ
Cr I 0.75 0."t5 0.75
T .5 0.1676 0.20703 0.15624 ,i:|:L 

;,[5 6t4:,il!l:t
tlc .05 0.06 0.06 0.06

h (ft) 4s000 s4000 60000 60000 ;l!:;;fi :A0}At:;ifílÉ'
M 1.6 1.4 1.4 t.4 :.a;l:l;:;il¡;1:i{,:,::i!

AR 5.5 4.4 3.3 2.5 ),:::':),:Llit¡tl'5:!i,l;

^ 
(.) 55 66 70 70

Soor (ft') r 000 1200 r400 r 500

Method BLISS

izffie
CPM BLISS CPM BLISS CPM BLISS CPM BLISS I CPM

Range 535.7894 \:5&ll:-67i 581.3 g42S:35 3424.7 :9961t:A:l: 3961.1 3963198 3963.2

L

U

ol < 1.09 1-1250 0553 1.0453 0419 1.0696
o2l1.09 1.0833 .0s20 t.0422 0358 1.0550
o3 < 1.09 1.062s 0446 t.0362 0298 1.0445
o4 11.09 I -0500 .0384 1.03 r 1 0253 1.037r
o5 < 1.09 1.0417 0335 t.0271 0219 1.0318

0.96<O.< 1.04 0.9s00 0.8961 0.9142 0.9290 0.9049
0.5<dp/dx<1.04 1.000 1.0400 r.0400 t.0400 r.0400

ESF < 1.05 0.5028 0.8023 0.s 160 0.'7328 0.7328
T-TUA < 0 0.162t -0. r 905 0.3250 -3.04e-5 3.04e-j

Temn < 1.02 1.000 0.8541 0.8367 0.8367 0.8367
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are depicted in Figure 6-4 and Figure 6-5. Random samples of 104, 2xI0a, and 3x10a were

executed 4 times subject to the original constraints (0.96 < @ < 1.04), as shown in Table

6-10. All Range values are much less than the optimum solution from the literature. A

clear conclusion based on the above studies is that 3x104 random samples are not enough

to effectively cover the design variable space of the conceptual aircraft design problem.

This fact exactly reflects the real challenge of sampling-based optimization methods

when faced with large-scale design problems. The optimization ability of the sampling-

based optimization methods is constrained by the sample size, which is related to the

number and range of design variables. Also, based on the difference between the results

of 104 random samples in Table 6-9 and the results of 10a random samples in Table 6-10,

the feasible region, represented by a feasible-to-infeasible ratio, is narrowed down and the

feasible optimum solution decreases due to the tightened constraint of @.

Table 6-9 Results subject to the modified constraints given by exhaustive

enumerations

# ofRandom
Samples

(0.9049<Os1.04)

# of Feasible
Samples

# of Infeasible
Samples

Maximum Range (nm)Run

1x 104

258
219
218
2't9

273.5

91 42
91 2r
91 22
91 27

9126.s

1564
2248
2147
l 698

1914.25

1

2

J

4
Avera

Average Feasíble-to-infeasible Ratio 0.02812
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Results subject to the original constraints given by exhaustive

enumerations

# of Random
Samples Run

(0.96<@<1.04)

# of Feasible
Samples

# of Infeasible
Samples

Maximum Range (nm)

I
2

234
¿zo
224
198

220.5

91 66
911 4

91't 6
9802

9779.5

1545
1426
1647
1442
l5l5

1x104 3

4

Average
Average Feasible-to-infeasible Ratio 0.022ss

5

6

421
418
462
456

440.75

1 9573
r9582
19538
1954 4

19559.2s

1473
2014
2104
t645
t9s9

2x104 j
8

Average
Average Feasible-to-infeasible Ratio 0.02253

3x104

9

10

l1
12

Average

653
689
c,6z
659

665.7 5

29341
29317
29338
2934r

29334.25

1637
2221
1772
2310
1 985

Average Feasible-to-infeasible Ratio 0.02270

Feasible samples of Run No. 2 in Table 6-9Figure 6-4
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3000 4000 5000 6000

Sample Index

Figure 6-5 Infeasible samples of Run No. 2 in Table 6-9

Subject to the original constraints, the effectiveness of applying the Adaptive

Sampling in the CPM is shown by 10 runs with random initial experiments 26 over 35

CPMiterations,asshowninTable 6-17.27 Thesizeofrandomsamplesis 10a, L¡:0.2,

and I:4. In each run, only a Local Seed and a Global Seed were selected. As mentioned

before, the Global Seed will be eliminated if its Range value is less than the Range value

of the Local Seed over 2 consecutive CPM iterations. The distribution of experiments, the

trend of Range, and the cumulative # of the SA/MDA (or experimental points) of Run No.

1 are depicted in Figure 6-6, Figure 6-7, and Figure 6-8, respectively. In comparison with

the results in Table 6-10, the Adaptive Sampling effectively lifted up the value of Range

)6- . - -'" Initial experiments could be either feasible or infeasible to the constraints. This feature will be discussed

in Section 6.3.3.

27 In this study, the Active Design Variable Control module is not applied.

E
O
bo

oüú

2000

1500

l¿
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from about 1500 to 3500. Based on the author's observation, the value of Range given by

new experiments is repeated between 2500 and 3500 over many CPM iterations when

applying the Adaptive Sampling in the CPM.

Table 6-11 Effectiveness of applying the Adaptive Sampling in the CpM

R"" Mâ.t*"- R"rg"
t5
l5
15

l5
9

15

9
l5
15

9
:!;:a.,1.:a:l':r,:.;aa.;.;'..',:t:,,.:.|::li".t.:,',',,,1.',',.,'1,"' ,,':"il;,;;;;;:,,1

I
2
J

4
5

6

l

3480.071
3480.071
3480.071
3480.071
3756 .942
3480.071
3756.942
3480.071
3480.071
3r56 .942

8

9
t0

Legend

V : Infeasible Experiment
A: Initial Feasible Experiment
*: Global Seed/Experiment
n: Local Seed/Experiment

l0 15 20 25

CPM Iteration #

Figure 6-6 Distribution of experimental points over 35 CPM iterations with 104

random samples

'8 Th" ind"x number of the CPM iteration indicates when the optimum solution occur¡ed ove¡ a total of 35

CPM iterations.

I

F

c.)
ôo

CÉ
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_É.rf :*+*-*-ú-*].-*+:H+-H+:ÊX-JX:FT-+

o
b0

cúú

2500

2000

I

I 000

500

0
15 20 25

CPM Iteration #

Figare 6-7 Trend of Range over 35 CPM iterations with 104 random samples

15 20 25

CPM Iteration #

Figure 6-8 Cumulative # of the SA/MDA over 35 CPM iterations with 104 random

samples
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6.3.2 Parameter Studies in the CPM

In this conceptual aircraft design problem, the CPM involves 3 parameters, which are

41, d and na introduced in Section 5.3 - (3). A1 and l determine the size of a local area

around the current best solution, and na is the number of active design variables. Based

on the same initial experiments, studies of how these parameters influence the CPM's

performance were implemented. The number of random samples is still 104. Four Initial

experiments listed in Table 6-12 arc infeasible subject to the modified constraints. Also,

the maximum number of the CPM iteration is set to 35.

Table 6-12 Initial infeasible experimental points for the parameter studies in the CPM

Variables
x
x
CÍ
T
tlc

h (ft)
M
AR

^ 
(")

SREF (ft2)

Range (nrn)

0.312689
l.l5
1.05

0.6024ss
0.05

52000
1.4

6.1

45
1010

640.061194

0.3461 80
1.05
t.2

0.80s926
0.07

46000
1.6

8.0
53

660
337.649591

0.192150
1.05
1.0

0.611939
0.03

3 1000
1.1

6.6
56

1110
254.079841

0.318284
1.10
0.9s

0.478591
0.09

57000
1.5

3.4
61

t290
1634.393249

(1) Studyof na: This study was implemented by changing the value of na with

respect to two settings of A1 and L In the first setting, Al : 0.4 and I : 5.In the

second setting, A¡ : 0.3 and I : 5. According to results listed in Table 6-13, we can

roughly conclude that a small na, such as na: 7, results in a good accuracy of the

optimum solution, and a relatively large na, e.g., na:2 or 3, gives a good efficiency

to converge to the optimum solution. As expected, the Active Design Variable
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Control is less effective (the optimum solution is low) when naisverylarge, such as

4. As a suggestion in this problem, the value of na is between I and 3 subject to 104

random samples for the conceptual akcraft design problem.

Table 6-13 Results of the sfidy of na

Case I (na: 1) 2 (na:2) 3 (na: 3) 4 (na -- 4)

Maximum
Range

Index Index
Number Maximum Number
ofCPM Range ofCPM
Iteration Iteration

Index
Maximum Number

Range ofCPM
Iteration

Index
Maximum Number
Range ofCPM

Iteration
L1-: o-'4 

3960.907
.1:-5

o'-: 9'3 3gsl.ss3
_1 :)

26 3961.011 21 3944.355 26 3821.855 34

26 3834.720 22 3930.220 16 3849js7

(2) Studyof A1 andl: Similarly, the value of na is fixed to be 2 and the study of

the influence of A1 and I on the CPM's performance was implemented, as shown in

Table 6-14. Large values of A1 and 1 correspond to a large local area around the

current best solution, and vice versa. Consequently, a small local area results in

achieving a local optimum solution early, such as case 1, and a large local area

causes the Adaptive Sampling to be less effective, such as case 5. In this problem,

the value of A¡ is suggested between 0.2 and 0.4, and the value of 1 is recommended

between 3 and 4 subject to 104 random samples.
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Table 6-14 Results of the study of A1 and 1

t2
Case (Ar : 0.1 (Lt: 0.2

r: t) r:2)

34
(Al : 0.3 (^r : 0.4
r:3) r:4)

5
(^r : 0.5
/: 5)

Index Index
Max. Number Max. Number Max.

Range ofCPM Range ofCPM Range
Iteration Iteration

Index Index Index
Number Max. Number Max. Number
ofCPM Range ofCPM Range ofCPM
Iteration Iteration Iteration

na:2 3559.96 19 3528.280 23 3835.590 28 3835.977 21 3123.022 15

6.3.3 optimizafion using the cPM subject to the Modified constraints

This conceptual aircraft design problem was solved with the All-in-One and BLISS

methods in reference Ii4], and the BLISS method with Response Surface in references

[35] and [36]. The results reported in references [14], [35], and [36] are shown in Table

6-15. Based on the value of the Number of Subsystem Analyses in the All-in-One, it

seems that each SA takes 4 iterations and one iteration costs 3 subsystem analyses, i.e.,

structural, aerodynamic and propulsion analyses. Since the subroutine codes of the SA

and subsystem analyses applied in the CPM are exactly same as the codes used in

references [33] and [i4], the way of calculating the number of subsystem analyses in the

reference is applied in the CPM for solving the conceptual aircraft design problem.

According to Table 6-8, the constraint of @ is modifìed to be 0.9049 I @ < 1.04 based

on the optimum solution fiom leference 133]. The remaining constraints are still same as

the original. Based on the parameter studies of 41, I, and na, the values of these

parameters are specified as follows:
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Ar = 0'3

I:4
na =2

(6.3)

Table 6-15 Results of the conceptual aircraft design from references [14] and [35]

Method
Initial

Objective

Initial Max.
Constraint

Value

Final
Objective

Final Max.
Constraint

Value

Computational Effort

Number of Number of
SAA{DA S

All-in-One
All-in-One,¡RS 2e

BLISS
BLISS/RS1 30

BLISS/RS2 3I

s35.19
535.79
535.79
535.79
53s.19

-0.162
-0.162
-0.162
-0.162
-0.162

3964.19
3914.84
3964.07
3961.50
3964.12

0.0013
l92e-s

0.0
0.0

l19x4x3
864
491
3s4
1097

l.0e
72
7

1l
12

The optimization process of the CPM was implemented based on 5 cases, each of

which started with 4 different initial infeasible experiments, as shown in Table 6-16.

Constraint values at the optimum solutions of 5 cases are listed in Table 6-17. Each case

in Table 6-16 was executed 6 times with same initial experiments (listed in Table 6-16),

and the results are shown in Table 6-18. Due to the statistic feature of the random

sampling, the CPM could have different converged solutions with the same initial

experiments. Based on the average computational cost of each case in Table 6-18 and the

costs listed in Table 6-15, the CPM is more effrcient than the All-in-One method and All-

2e The All-in-One/RS is a sequential approximation-based All-in-One optimization strategy that involves

the use of the response surface model for approximation evaluations of the design objective and constraint

tunctions [35].
30The BLISSIRSI buitds up a response surface to approximate the objective function and constraintsinZ

space based on the data from the SA/MDA.
3r The BLISS/RS2 builds up a response surface to approximate the objective function and constraints ìn Z
space based on the data from the BB optimization.
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in-One/RS in solving this problem. The CPM is also competitively effìcient against the

BLISS, BLISS/RS 1, and BLISS/RS2 in solving the conceptual aircraft design problem.

The distributions of experiments of Cases 1 - 5 in Table 6-16 are plotted in Figure 6-9,

Figure 6-72,Fig;ire 6-75, Figure 6-18, and Figure 6-21, respectively. From these figures,

we can see that all Cases started with 4 initial infeasible experiments, as shown in 'V'

signs, with a very poor Range. At the very beginning of the optimization process, the

Global Seeds, marked with 'x' signs, led the optimization process. Then the Local Seeds,

marked by 'tr' signs, took over the leading role, while they are under about 3500 nm.

Finally, the Optimal Seeds, marked in '0' signs, led the optimization process towards the

optimum solution. Based on the above observations and the results listed in Table 6-11,

the Active Design Variable Control process worked effectively in the CPM to improve

the CPM's ability in solving the conceptual aircraft design problem. The trends of Range

of cases 1 - 5 are depicted in Figure 6-10, Figure 6-13, Figure 6-16, Figure 6-19, and

Figure 6-22, respectively, and the computational costs, represented by the cumulative # of

the SA/MDA (experimental points), of Cases 1 - 5 are shownFigure 6-11, Figure6-14,

Figure 6-lT,Figure 6-20, and Figure 6-23, respectively.
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Results given by the CPM subject to the modified constraints 32

Case
Design Variables

# of the
SA/MDA

When
Range-

Occurred

# of CPM
Iterations

When
Range-

Occurred

I of Sub.
system

4,nalyses¡" x ct T tJc h M AR Sn¡r Range

I

Initial
Design

Variables

1.38503ç ).85 1.05 ).537384 ).08 53000 I 2.6 65 940 I 384

45 2t
s40

(45x4x3

\ )QAÃ7.1 1 I5 t.2c ).764381 J.02 42000 I 8.0 52 I 390 244
).11736i ].9s 1.15 . I 08875 ).02 36000 1.5 6.1 48 'Ì00 t96
). r 04582 l.l0 t.95 1.938633 1.05 43000 t.1 5.7 46 1170 286

ãöiiiíriä Í'âiosr:,lon! il-.1. '62:àÁ ó0000: tt+ 2;.5 ',ã0.: [490i 1946,9

2

Initial
Design

Variablel

).24124 t.2( I.10 ).1 17881 l.0t 44000 t.5 t-3 63 060 419

40 l8
480

i40x4x3)

.t43925 t.2( 1.0t ).10618t ).04 57000 t.4 7.1 52 290 911
).38981! 1.8( ).8s ).4s3t2t ).02 47000 1.1 5.9 50 460 433
.19696t ìer l.0c 0.719631 ).03 53000 L'7 7.8 60 070 523

)iííïihiììí a'ãl t! '.1íiíilii t'60000i Íí4 Ìi5, t7,tl. r,5001: 39s8:6

3

Initial
Design

y'ariables

).106628 0.9c 1.00 0-96289i ).04 44000 t.5 4.1 67 530 437

JO t7 432
36x4x3)

).142364 0.85 1.15 1.9828 l5 ).05 3s000 1.5 4.7 58 700 270
).300s68 l l5 1.00 ).932244 ).06 43000 1.7 3.8 67 1480 529
).259309 t.1 1.80 ).68714( l.0r 41000 1.5 3.2 55 880 1.1 I

ITJTUII lllta599a!ít T;LS6740 lI1n; 'ik¡l¡înn'! f:4 :.t:* 70 rÌI500 3961;

4

Initial
Design

Variables

].1 9980t 1.8( l.l ).79093 ).0i 47000 r.8 2.8 54 r r00 602

26 13
312

26x4x3)

J.36446¿ r.0( ìRr ). I I 3399 ì lra 48000 4.0 58 I 280 451
).17447: 1.2( 1.2( ).19479( ).01 39000 r.t 4.5 52 940 155

).353401 l.l c.95 ).705562 ).03 53000 I 7.4 48 700 554
ilßzsiÉel¡lnÁ t,156231 t:nÀ 60no0]: 'a:s 1$;, i1500.:: ûÃa:

5

Initial
Design

Variabler

).241s1C 1.00 1.2t, ).746822 t.06 33000 I 6.8 48 s90 24s

42 21
504

(42x4x3

).276891 1.20 l,25 ).9s9758 ).04 50000 1.4 7.3 55 I 160 347
17196( 1.95 l.l )-995564 1.03 3s000 I 3.9 65 720 269

1.23303c) 1.8( 1.80 l.8 r 43l 0 1.09 44000 1.4 4.0 64 I 000 677
l::35. 41n$|t l:15621i L::fl :60000; i.4 2:5 7I. ,lsoo, t96r:6

Table 6-17 Constraint values of optimum solutions of the 5 cases in Table 6-16

Case or oz o3 04 os 
1>0.éo+e

dp/dx ESF Temp
(s 1.04) (0.s r r.5) (s 1.02)

T-Tuo

l< 0.0)(s 1.0e) (r 1.0e) (s l.0e) (< 1.0e) (r 1.0e) à :l.o¿
I
2

3

4
5

1.065504 1.05 2061 1.042199 1.03 521 1 1.030232 0.9089
1.008025 1.0 1 23 t7 1.011 85 I 1 .0 I 073 5 1.009 642 0.9 5 631 4
1 .0 4 49 2 5 I .037 9 1 5 I .03 | 423 I .026 51 2 1 .0229 40 0.9 26441
1.057090 1 . 04 63 53 1.037 81 5 1 .03 17 93 I .021 323 0. 9 1 59 8 0
1 .062408 I .05 0043 t.040696 I .034075 1 .0 29240 0.9 7 t3 1 1

t.04
1.04
1.04
1.04
1.04

0.721916 0.836745
0.732871 0.836745
0.732114 0.836745
0.132842 0.83674s
0.732936 0.83614s

-0.000004
-0.00022s
-0.000028
-0.000089
-0.000202

32 All initial experiments are infeasible subject to constraints, and Range. denotes the optimum solution.
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Results of rnultiple runs of the 5 cases in Table 6-16

Casel Case2 Case3 Case5
3946.9 39s8.6 3961.3 3962.2

| # of SA/MDA 45 40 36 26

Range 3962.6
42

3958. I
62

NurnberofSubsystemAnalyses 540(45x4x3) 480(40x4x3) 432(36x4x3) 312(26x4x3) 504(42x4x3)
Range

2 # of SA/MDA
3946.9

45
3958.6 3914.4 3962.2
40 27 26

NumberofSubsystemA¡alyses 540(45x4x3) 480(40x4x3) 324(27x4x3) 312(26x4x3) 744(62x4x3)
æg 3960.i 3863.s 3s62.2 3836.13 # of SA,¡MDA 4s 58 46 26 46

NumberofSubsystemAnalyses 540(45x4x3) 696(8x4x3) 552(46x4x3) 312(26x4x3) 552(46x4x3)
g 3g4s.g 3898.8 3944.7 3835.04 # of SA/MDA 45 34 60 43 36

NumberofSubsysternAnalyses 540(45x4x3) 408(34x4x3) 720(60x4x3) 516(43x4x3) 432(36x4x3)
.s 3963.1 3930.s 3960.1 3sss.45 # of SA/MDA 45 33 28 55 39

NumberofSubsystemAnalyses 540(45x4x3) 396(33x4x3) 336(28x4x3) 660(55x4x3) 468(39x4x3)
æ9 3883.3 363e.8 3960.3 3s13.3

00ôó0
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Â: Initial Feasible Experiment
*: Global Seed/Experiment
a: Local Seed/Experiment
0: Optimal Seed/Experiment
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Figure 6-9 Distribution of experimental points over 35 CPM iterations of Case 1 in

Table 6-16
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Figure 6-10 Trend of Range over 35 cPM iterations of case 1 in Table 6-16
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Figure 6-11 Cumulative # of the SA/MDA over 35 CPM iterations of Case 1 in Table

6-16
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Figure 6-14 Cumulative # of the SA/MDA over 35 CPM iterations of Case2 inTable

6-16

4000

J

:

:

^o9..:..
:

:

:Ë. ..û:-
'-En

â
à
(n
o

qi

+t
()

c'3

ã

O

,o
:

9ö
i¡
'OvÈ
:tr

:0
o
q

:

:tr
:tr

()
bo

H

3000

2500

2000

l 500

n..:..o.

;Legend

V : Infeasible Experiment
Â: Initial Feasible Experiment
*: Global Seed/Experiment
n: Local Seed/Experiment¡ û: Local ¡ieecl/b,xpenment

i 0: Optimal Seed./Experiment

15 20 25

CPM Iteration #

Figure 6-15 Distribution of experimental points over 35 CPM iterations of Case 3 in

Table 6-16
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Figure 6-16 Trend of Range over 35 cPM iterations of case 3 in Table 6-16
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Figure 6-20 Cumulative # of the SA/MDA over 35 CPM iterations of Cas e 4 inTable
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In Chapter 5, all test cases were optimized with initial feasible experiments subject to

the SA/MDA and constraints. Apparently, it takes a long time to get initial feasible

experiments required through a random sampling. In doing this in the conceptual aircraft

design problem, the computational costs are listed in Table 6-19 based on 10 independent

runs subject to the original constraints and the modifìed constraints, respectively. Based

on the results in Table 6-79, initialization with feasible experiments subject to the

constraints is too costly through random sampling. Aforementioned in Section 5.3, the

CPM can start with infeasible experiments subject to constraints to generate feasible

experiments over CPM iterations following the initialization process. By comparing the

average computational cost in Table 6-i8 with the costs in Table 6-19, the initialjzation

strategy applied in the CPM is very efficient. The reason to initialize the CPM with

infeasible experiments subject to the constraints is that these experiments still reflect the

mathematical relation of the problern. In other words, they are mathematically valid, but

not physically feasible. Thus, the infeasible experiments can be used for initialization to

improve the RBF approximation model.

Table 6-19 Computational cost for generating initial feasible experimental points

subject to constraints through a random sampling

Constraint # of SA/IMDA'",."...',.. 1 
'0.9049<@<1.04 116 1Os 239 267 61 15 10

0.961@s1.04 431 331 108 192 101 203 101 266 117 288 213.8

Also, Case 4 in Table 6-16 was optimized with the CPM based on a continuous

sampling, as shown in Table 6-20.The average value of Range is less than that of Case 4
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listed in Table 6-18. This study shows that the discrete sampling effectively facilitates the

optimization process in coping with the diff,rculties arising from a large-scale problem.

Table 6-20 Results of Case 4 in Table 6- l6 based on continuous sampling

Case

Range
# of experiments when Range* occurred

# of CPM iterations when Range* occurred

_t_
2966

JÒ

17

_l-
3497

54
25

_2_
2966

Jò

l7

__t_
3497

54
25

Aver
3231.5

46
21

6.3.4 Optimization Using the CPM subject to the Original Constraints

The parameters in the CPM are set by

At =0'2
I =4
na=4

(6.4)

The reason that na is increased is because more active design variables could increase the

diversity of samples so that more feasible samples could survive subject to the tightened

constraint of @. As a result, the chance to reach the real optimum is expected to be high.

The constraint of @ is set to 0.96 < @ < 1.04. The optimization process was randomly

executed 8 times with different initial infeasible experiments. The optimum solution and

the computational cost of each Case are reported in Table 6-2I. All original data are

available in Appendix IiL For Case 6, the distribution of experiments is depicted in

Figure 6-24; rhe trend of Range is plotted in Figure 6-25; and the cumulative number of

the SA/MDA is shown in Figure 6-26. By referring to the constraint value of the optimum
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solution of each case, as shown in Appendix III, the conceptual aircraft design problem is

a constrained optimization problem subject to @. Clearly, the computational cost is

increased in Table 6-21 compared with the cost required by the CPM subject to the

modified constraints in Table 6-18. This is because the constraint of @ is tightened and

active at the optimum solution, and in turn the feasible region in the design space is

narrowed down. Consequently, the number of feasible samples is less than that subject to

the modified constraints. According to references [33], [34], and [14], optimal values of

the design variables reflect many tradeofß typical for aircraft design. For instance,

optimal t/c resulted , inpart, from a trade-off between the wave drag and structural weight.

Table 6-21 Results given by the CPM subject to original constraints

Ranse Values of Initialcase ï-P"¡-*t;- -- Range (nm)

# of the
SA {DA # of CPM Iterations
When When Range.
Range- Occurred

Occurred

# of Subsystem
Analyses

1 313.8, 800.2, 380.9,452.2 3910.6 66
2 1005.6, 438;7,186.3, 155.5 3.830.3 33
3 166.1,223.5,682.8,262.7 3.806.2 66
4 530.6, 1015.9, 348.6,445.1 3834.5 6l
5 196.5, 140.8,383.6,1060.5 3942.5 62
6 391 .9, 800.6, 314.1,300.t 3924.4 39
7 873.1,814.0,472.3,5'71.9 3958.4 48

33 792(66x4x3)
16 396(33x4x3)
34 792(66x4x3)
29 732(6tx4x3)
31 744(62x4x3)
18 468(39x4x3)
24 576(48x4x3)
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Figore 6-26 Cumulative # of the SA/MDA over 35 CPM iterations of Case 6 in Table

6-21

OVERVIEW

The CPM successfully solved the conceptual aircraft design problem. The discrete

sampling, Adaptive Sampling, initialization strategy, and Active Design Variable Control

functioned effectively in the CPM in coping with difficulties arising from large-scale

design problems. The initialization strategy increases the efficiency dramatically. The

Adaptive Sampling ensures a local optimum solution. The discrete sampling allows the

CPM to solve problems with hybrid design variables. The Active Design Variable

Control effectively controls the number of active design variables so as to reduce the

dimensionality of the solved problem. The idea behind the Active Design Variable
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Control is to utilize the sensitivity information, which is a byproduct from the past

optimization process. In solving the conceptual aircraft design problem, the CpM is

competitively efficient and easily deals with constraints in comparison with the BLISS.

Due to its statistic characteristics, the CPM may have different converged solutions

with the same initial experiments. As the number of design variable is large, more random

samples are required to cover the design variable space effectively. High computational

capacity, such as parallel computing, can facilitate the CPM for solving large-scale MDO

problems.
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CHAPTER 7

CLOSURE

7.1 CONCLUDING REMARKS

This thesis has developed new methodologies for coordination of coupled disciplines

in problems of MDO (Multidisciplinary Design Optimization). These developments

involve an innovative Collaboration Model, as well as new methods called BSSDM

(Boundary Search and Simplex Decomposition Method) and CPM (Collaboration

Pursuing Method). In Chapter 3, the newly proposed Collaboration Model (CM) was

formulated based on two mutually dependent approximations from the perspective of

physical and mathematical dependencies in couplings. The Collaboration Model plays a

key role in selecting feasible sample candidates during the optimization process by giving

an interdisciplinary discrepancy / consistency distribution of coupled state parameters

subject to the SA/MDA (System Analysis / Multidisciplinary Analysis). The RBF

(Radial-basis Function) was chosen, as approximation technique, for implementing the
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Collaboration Model.

In Chapter 4, based on the Collaboration Model, the BSSDM (Boundary Search and

Simplex Decomposition Method) presented a different perspective and solution to MDO

problems with both convex and non-convex state parameter regions. A novel and robust

boundary search strategy was developed for exploring convex state parameter regions. A

robust decomposition algorithm (called Quicklull) was applied for convex decomposition.

Some features of a convex-like region were extracted and a convex-like decomposition

algorithm was proposed. The BSSDM successfully depicted the feasible state parameter

region for test cases with convex or convex-like state parameter regions, and yielded

successful designs with rich information of the SA/MDA.

In Chapter 5, the CPM (Collaboration Pursuing Method) was developed based on the

Collaboration Model and was shown to effectively and efficiently solve general MDO

problems in comparison with the CSSO method. Features, as the discrete sampling,

Adaptive Sampling, and Active Design Variable Control, effectively enhanced the CPM's

capability of solving relatively large-scale MDO problems. The discrete sampling also

extended the CPM's applicability to MDO problem with hybrid design variables. The

adoption of the MPS (Mode-pursuing Sampling) ensured the global optimum solution.

In Chapter 6, a conceptual aircraft design solved with the CPM was demonstrated, as

well as a comparison amongst the CPM, BLISS and All-in-One. Challenges of the

conceptual aircraft design with sampling-based optimization methods were addressed and

elucidated. It was shown that the CPM is efficient and capable of dealing with general
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and relatively large-scale MDO problems, by solving various example problems and

applications.

Contributions that distinguish this thesis from other researchers' work are summarized

as follows:

1. A novel Collaboration Model (CM) reflecting both the physical and mathematical

characteristics of couplings was developed for effectively and effìciently

coordinating coupled disciplines / subsystems in a sampling process.

2. New concepts of feasible convex and non-convex state parameter regions were

introduced and applied to solve MDO problems.

3. A robust boundary search strategy for convex regions and a decomposition

strategy for convex-like regions were developed.

4. A new MDO method named the Boundary Search and Simplex Decomposition

Method (BSSDM) was developed and tested.

5. Strategies of discrete sampling, Adaptive Sampling, and Active Design Variable

Control were developed for handling large-scale MDO problems.

6. Globally optimum solutions were sought in solving MDO problems by applying

the Mode-pursuing Sampling (MPS) method to the MDO framework.

7. A new MDO method named the Collaboration Pursuing Method (CPM) was

developed and tested.
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RECOMMENDATIONS FOR FUTURE RESEARCH

The BSSDM requires a specified MDO formulation, one without system-subsystem

design variables. Introducing auxiliary variables may extend the BSSDM's applicability

to more general MDO problems. Also, the BSSDM is not sufficiently mature yet to solve

MDO problems with non-convex or convex-like state parameter regions. The algorithm

should be further developed. A suggestion for future research is improving the BSSDM's

applicability in handling non-convex state parameter regions, by decomposing a non-

convex region into multiple local convex sub-regions.

Both the BSSDM and CPM rely on the Collaboration Model. The Collaboration Model

fits state parameters implicitly and explicitly; itmay have difficulties with a large number

of disciplinary / local design variables. Also, similar difficulties arise in the sampling

process (as observed in the conceptual aircraft. design). Effectively dealing with large-

scale MDO problems is a major challenge for the CPM. The Active Design Variable

Control shows an advantage of utilizing the sensitivity information generated during the

optimization process. Future integration between the sensitivity analysis and sampling is

suggested to possibly alleviate difficulties with a large number of interdisciplinary and

local design variables. On the other hand, the sampling itself has parallel characteristics,

so future research could utilize parallel computing to overcome the large-scale issues.
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APPENDIX I

AIRCR.AFT COMPONENT DESIGN

AI.I INTRODUCTION

Appendix I presents a specific application problem regarding thermofluid optimization

of a helicopter's air cooling intake scoop design [a]. This work was done by the author in

his Ph.D. study to gain appreciation of the complexity of an MDO problem, which also

involves computationally intensive processes, such as FEA (Finite Element Analysis).

This work is thus included in the thesis to help readers for the same purpose.

In the design of external aircraft surfaces, shape is an important factor, but various

trade-offs involving other factors must be considered. For example, the engine intake

scoop of a helicopter's coolingbay can be ice prone under certain atmospheric conditions.

Its effective shape design involves a complicated trade-off between aerodynamic drag, ice

protection and other factors (such as cost, manufacturing, and efficiency). In particular,
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Appendix I - Aircraft Component Design

shape optimization could be applied in a way to reduce droplet capturing and ice buildup

on an aircraft surface. For example, various modifications of the surface profile could be

used for passive shedding of runback water before it refreezes near the engine intake. In

this way, an optimized geometrical configuration can lead to improvements in engine

efficiency and aircraft controllability. Better ice-protected designs would improve the

commercial viability, safety and endurance of flight in winter weather conditions.

This example represents a problem of optimizing the shape of a heated intake scoop

under a certain range of air flow rates and ambient temperatures. It considers heat transfer

inside the scoop and an external flow process around the scoop. A simplified objective

function was motivated based on a curve-fitted cooling efficiency, as described by Hewitt

et al. 1601. This objective function integrates the heat transfer process and the extemal

flow process. Therefore, the interaction (coupling) between the two processes is

simplified. However, the design problem itself is a multidisciplinary design problem. A

heat conduction model and a potential flow model were selected for this problem. Then, a

control volume-based Finite Element Merhod (cvFEM) 16rl, 162l was applied to

simulate heat conduction and potential flow. A cubic B-spline curve was used to plot the

shape of the scoop for mesh generation.

An Adaptive Response Surface Method (ARSM) 1631, L64l was modified and used to

optimize the air cooling intake scoop problem. The ARSM is a global optimization

method. It fits a quadratic approximation model (called a response surface or surrogate) to

the design objective function with a group of real experimental points by calling the

simulations of heat transfer and fluid flow. The design variable space is gradually reduced
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according to a specified threshold of the objective function, and the surrogate is gradually

refined with more experimental points until the optimum point converges within a desired

small design space. Then the final optimal value of the objective function is calculated

based on the design variable values of the optimum point of the surrogate by calling a

CVFEM solver. The ARSM can find the global or close-to-global optimum solution. In

this thesis, numerical formulations of heat conduction and potential flow are integrated

with the ARSM. Section AI.2 introduces the CVFEM; Section AI.3 elaborates the ARSM;

Section AI.4 shows the air cooling intake scoop design; and Section AI.5 discusses some

related issues.

AI.2 NUMERICAL FORMULATION

Both heat conduction

equation as follows:

and potential flow problems can be described in Laplace,s

In equation (LI), q represents either temperature,

conduction without internal heat sources, or the

potential flow. In particular, the goveming equation

is given by

(r.1)

T, for two-dimensional, steady, heat

velocity potential, þ , for extemal

for two-dimensional heat conduction

o(D' ôa'
' -L ' -lìôxt ôyt
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and the governing equation for two-dimensional potential flow is given by
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/ ¡2- atf\kl 
=*---: 

t: o
( ô"' ôy' )

q:*uÓ| 
=oôx' ôy'

(r.2)

(r.3 )

where þ = þ(t,y). fhe velocity components are u :

Although detailed flow predictions often require the full Navier-Stokes equations (i.e.,

see reference [65]), rather than the simplified potential flow equations, a low fidelity

model can reduce the total computational cost, from the point of view of a Variable-

Fidelity Model [66]. In other words, as long as the low fidelity model produces the same

trends as a high fìdelity model for optimization, the optimal solution given by the low

fidelity model should be close to the real answer. In this problem, it is assumed that a

potential flow model is reasonably adequate for predicting certain flow trends in the

overall optimization problem. The solution of equation (I.1) is obtained using the

CVFEM.

In the CVFEM, the two-dimensional solution domain is subdivided into an assembly

of linear, quadrilateral, isoparametric finite elements and control volumes, as shown in

Figure I-1. A control volume consists of four Sub-control Volumes (SCV) from elements

4 un¿u: ôÓ

ôxù
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surrounding a particular global node that uniquely identifies the control volume. Since

equation (I.1) is discretized within each element, the discrete equations are formed locally

and independently of the overall mesh configuration. Assembly rules are carried out by

conventional finite element procedures [67].

Figure I-1 schematic of finite element and control volume in the cvFEM

The transformation between local variables and global variables, as well as the

interpolation of scalar values within an elemenl, are performed through bilinear shape

functions. These shape functions are denoted by ,n{(s, /), where the subscript i refers to

local nodes, and s and / refer to local coordinates, as shown in Figure I-1. The value of rp

and global coordinates corresponding to a local coordinate, (s, t), can then be

approximated by

control
volume

AXiS

element

16s
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4

eG,t) =lN,g,t)rp,
i=1

4

x(s,t) = I{(",¡)¿ (I.4)
¡=l

4

y(s,t) =lN,g,t)y,

where

4(s,/) =irt+s)(1+r)

l/,(",r) :)O-s)(1+r)

ÀL(",r) =)o-s)(l-r) 
(I's)

No(r, ù :IQ+ s)(1 - r)

The subscripts are i:7,2,3 and 4 for the four local nodes within a linear, quadrilateral

element.

Based on these definitions, the numerical solution can be obtained by spatial

integration of equation (I.1) over a control volume yielding

2Q".,:o
e,j

(r.6)

where the summation refers to the elements surrounding the global nodes (i.e., e : 1,2,3,

4 for internal nodes). Also, the summation overJr denotes the two surfaces of the Sub-
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control Volume within an element (note: not common edges of the Sub-control Volumes

within a control volume shown in Figure I-1). The heat flow (or flow rate for a potential

flow problem) across a surface is represented by

Q:

where dn is the surface normal and the heat flux vector (or flow rate per unit area),

given by

çI:

IA 7"
s

-k 
gg-k y i
Ox 0V

-o#1,,: h(r¡

+

4,is

(r.7)

(r.8)

where Æ represents either the thermal conductivity for heat conduction, or the air density

for potential flow. Boundary conditions are applied along the external boundaries of the

problem domain. In particular, for the heat conduction problem, convective boundary

conditions are applied as follows:

0: -T',) (r.e)

where the subscripts w and f refer to wall and freestream fluid, respectively. Each

boundary element contains 2 global nodes along the external boundary, except corners

with 3 global nodes on the boundary. Heat flows are supplied through the boundary
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surfaces to complete the heat balances in the boundary control volumes. For example, the

convective heat flow supplied at the boundary, based on equation (I.9), is given by

Q: -T*)lrrr,
.s

(r.10)

where the latter term (within the square root) represents the surface length of the

boundary surface in that element. The values of Ax and Ly are determined from the shape

functions, equations (I.4) and (I.5), and the local coordinates at each boundary node. The

boundary heat flows from equation (I.10) are added to equation (I.6). In this way, the T,

portion becomes an active term on the left side of the global system of equations, whereas

the T¡ component is moved to the right side of the global system (i.e., constant; not

multiplying any active temperature variables). In the following section, the

implementation of an opfimization method (ASRM) with the finite element solver is

described.

AI.3 OPTIMIZATIONMETHOD

The Adaptive Response Surface Method (ARSM) is a global optimization method, as

shown in Figure I-2. The ARSM uses a second-order polynomial function as the response

surface model based on experimental designs given by a Latin Hypercube Sampling

process l68l-t721. Given the threshold of the surrogate, the design variable space is

reduced by maximizing and minimizing a design variable's bound, subject to other design

variables. Two global optimization algorithms, the Simulated Annealing (SA) and the

+ Ly'
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Boender-Timmer-Rinnoy-Kan (BTRK) clustering algorithm by Tibor Csendes 17 31, ll 4l,

are applied to search for the minimum of the surrogate and the reduced design variable

space. The real value of the optimum point of the surrogate is evaluated by calling a

computationally intensive process and is used as an experimental design. The ARSM

updates new response according to the reduced design variable space, and converges until

the design variable space can not reduced significantly.
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AI.4 AIR COOLING INTAKE SCOOP DESIGN

This section consists of the following four main parts: (1) problem description, (2)

objective function, (3) geometry generation, and (4) physical analyses and boundary

conditions for heat transfer and potential flow.

AI.4.l Problem Description

In a helicopter, outside air is forced into the engine cooling bay through a separate

intake (see Figure I-3). Under certain atmospheric conditions, the intake scoop is often ice

prone, and so it can be heated to reduce or prevent ice buildup on the intake scoop. As the

air flows into the intake and over various engine components, it experiences considerable

drag forces (often up to 25 - 30 % of the total drag) due to pressure, frictional and ice

blockage effects. Also the cooling intake scoop should allow enough airflow to satisfli the

engine performance requirements. As a result, it is desirable to obtain an optimized shape

design of the air cooling intake scoop to reduce the drag and increase the engine

efÍiciency, while preventing the ice buildup through surface heating.

turbulent flow
into aircraft engine

o ¡ 
---*-1.-+ll

aaa__+at

impinging dropleb leading
to undesirable ice accretion

.'3
l t ao

ao
al

aa
a

surface heating engine bay
cooling inlet

Figure I-3 Schematic of engine intake flow
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In this thesis, the combined problem of icing and engine efficiency is considered.

Since many complex parameters describe how engine systems actually operate, the

intention here is to formulate the overall problem with simple model coefficients that

identifi certain overall trends (see Section AI.4.2). A closed form expression for the

objective function is given and the ARSM can be applied for optimization. The

coefficients in this objective function are not intended to represent a particular aircraft or

engine, but rather, they are selected to yield certain expected physical trends. In this way,

the suitability of the newly combined CVFEM-ARSM can be assessed.

In practical terms, ice on the helicopter intake scoop surface can be melted in two main

ways. One way is to use bleed-air from a compressor to heat the scoop, while the other

way uses electrical resistance heating. Generally, based on the material's thermal limit,

the efficiency of the engine depends on the temperature difference between engine

burning gas and component (LT : Te - T.), where a higher Al is considered to yield a

better efficiency. This means that the temperature difference, LT, should be maximized.

From the point of view of thermod¡mamics, reducing the amount of compressed air to

heat the air-intake scoop sufficiently is a way to improve the performance of the engine.

Similarly, reducing the heat input of electrical resistance heating can also improve

efficiency, since the power required in such heating must be generated locally. On the

other hand, less heating may cause more ice buildup on the intake scoop surface, which

may break off (damaging downstream hardware), reduce the air inflow, and/or increase

friction drag. Thus, these processes involve certain trade-offs in the aircraft design,

thereby requiring an effective optimization.
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^I.4.2 
Objective Function

For aircraft, gas turbines need cooling. Practically the whole turbine flow passage is air

cooled. The cooling should be intensive because the thermal resistance of metal alloys is

limited. The general trend of research and development is to increase the turbine blade

cooling efficiency which is determined by the depth of cooling, 0, as follows:

0: (7, - T-)l(Ts - T,) (r.1 1 )

where

Z" is the temperature of the gas flowing over the blade.

7} is the coolant temperature.

Z, is the temperature of the blade extemal surface.

The cooling eff,rciency can be evaluated based on Figure I-4.

0 0.01 0.02 0.03 0.04 0.05

mr

Figure I-4 Depth of cooling (0) as a function of relative cooling air flow, m,160)
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In Figure I-4, the higher 0 is, the better is the cooling efficiency. m, is the relative cooling

air flow rate, which is determined as the ratio of the flow rate of the air used for cooling

to the flow rate of the air at the compressor inlet. Curve 7 represents the cooling

efficiency of the blade with a porous sheath; Curve 6 shows the cooling efficiency of

blades with film cooling have several hundreds of small diameter holes (0.4 to 0.6 mm) in

the thin-walled sheath; Curves 1 through 5 illustrate the cooling efficiency of blades

cooled using different methods of convective cooling. According to reference [60],

intensification of heat transfer in the intemal passages of cooled blades and reduction of

additional losses due to cooling may increase the efficiency of gas-turbine units with

cooled furbines.

The following parameters are used in the helicopter's air cooling intake scoop

design.

rho: reference air mass flow rate, 5.6 kg/s (ùo:v*w,np, where w¡n indicates the

width of the air-intake port),

ù: air mass flow rate (as determined by the CVFEM simulation) through intake

port (without considering ice prone on the intake surface) calculated by

potential flow, with respect to different values of xl, x2, yI and y2,

Zr: gas temperature past engine component,

To, T*: free stream air temperature (253 K),

fi": engine component temperature,

AR: aspect ratio (intake scoop height, H:ylt-yL, divided by W:0.1 m),

V-: air velocity (40 m/s),
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h: air convection coefficient (160 Wm2K),

r: r(xl, yl, x2, !2, 4ò is the fraction of the un-iced area (above 273 K) to the

total area of the intake scoop exposed to air (as determined from the

CVFEM simulation),

To¿: 1900 K,

p: air density (1.4 kg/m3),

Æ: thermal conductivity (177 WmK),

W: width of intake scoop at the base (0.1m).

The general functional form of the objective function was motivated based on a curve-

fitted cooling efficiency, as described by Hewitt et al. (1996) t601. Other coefficients may

be approximated to represent the physical trends and dependencies on the aspect ratio,

AR, and un-iced ratio, r. Such values could include other factors, such as incoming

turbulence level, or pressure gradient. However, as discussed earlier, the coefficients were

selected to represent certain expected trends, rather than the actual and detailed processes

of the internal engine dynamics. The objective function is derived next.

According to Figure r-4, the relation between 0 and lrz, is defined as follows:

0: cl m"2r (r.r2)

where c1 and c2 are constant. Based on Cuwe 5, we have
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e(0.02) : cl(0.02)"' :0.42

e(0.06): c1(0.06)"' :0.61 0'13)

By solving equation (I.13), we have

0 : 1.59 m,o3o (r.r4)

Continually, we have

(7, - 7,"): (7, - T^) Ø : (T, - T,) 1.59 m,,03a (I.15)

Two parameters, Aspect Ratio, AR, and Un-iced Ratio, r, ate used to complete the

formulation of the objective function. Deicing needs part of bleed air right after

compressor or electrically generated heat. To increase the engine efficiency, the

temperature of burning gas, that is (Ts - T*), needs to be increased. The following

physical analyses show interactions amongst engine performance, deicing, and

aerodynamics.

(i) When r decreases:

Intake port reduced; flow rate reduced; cooling efficiency worse; Z" reduced;

andalargerpreferred.

Required heat for dicing small; and Tr increased.

(2) When AR increases:

More heat for deicing required; Zrreduced; and aerodynamic drag increased.
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Air flow rate increased; better cooling efficiency; and Trincreased.

Based on the above analyses, the objective function is formulated, subject to the spans of

design variables (see Figure I-5), as follows:

AT : | .sglT.,t (l - ro ¡ s- 
un r rc

(r.1 6)

Coefficient values of 4 and 10 in equation (I.16) were assigned by the author artificially

to reflect the above physical analyses.

Unit:m

Figure I-5 Intake scoop shape created with a cubic B-spline curve

The spans of design variables are specified as follows:

-'"1(T,)"^

t_.
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5500 Wm2 1Q* <7500 Wlmz

0.012m<xl<0.029m
0.017m<yl<0.039m
0.007 m<x2<0.024m
0.007 m <y2 < 0.029 m

(r.17)

In these inequalities, xl, yl, x2 and y2 are the coordinate values of control point 1 (CPl)

and control point 2 (CP2), respectively, as shown in Figure I-5, and q, is the heat flux

across the bottom of the cooling intake scoop, as shown in Figure I-6.

Figure I-6 Schematic of heat transfer problem

4I.4.3 Geometry Generation

The geometry of the cooling intake scoop was created using Pro/ENGINEER 2000i

[75]. A cubic B-spline curve, as shown in Figure I-5, was used to plot the top surface of

the intake scoop, since it has local properties. The whole B-spline curve is plotted based
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on seven control points (CP 1, CP2 . . ., CP7), in which only two points (CP 1 and CP2)

were chosen as design points for the optimization process. The geometric dimensions of

CPI and CPZ are set in relative coordinates. This simplifies geometric constraints for the

optimization process, as shown in Figure I-5. The reason to choose CPl and CP2 as

design points is that both of them can change the height and width of the scoop. Also, the

left segment of the scoop surface is more influential than other sections of the scoop

surface on the incoming air through the intake port. Two explicit relationships are defined

by

y3 : y4: 1.1(y1 + y2)

y5:0.65(y1 + y2)
(r.1 8)

where y3, y4 and y5 are respective dimensions of CP3, CP4 and CP5 along the y

coordinate direction. Equation (I.18) keeps the shape of the intake scoop consistent with

variations of xl, yl, x2 andy2.

^1.4.4 
Physical Analyses and Boundary Conditions

The air mass flow Íate, ti't,,,, depends significantly on the width and the height of the

intake scoop, as shown in Figure I-7. Abigger width and a larger height can allow greater

air mass inflow. The fraction of the un-iced scoop area to the total area, r, is determined

by both geometry of the intake scoop and the heat flux value, Qw. A smaller size of scoop

needs less heat to deliver the same value of r. Several trends indicate that an optimum
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exists. For example, if yl , y2 become large and xl , x2 remain constant, then th,,, increases,

and so AZ increases (per kg of fuel burned). On the other hand, the system will use more

air (more heat) to melt the ice on the scoop surface. This is not desirable since excessive

energy is extracted from the system for de-icing and AZ likely decreases. A similar

situation occurs with different values of xl and x2, with yl and y2 held constant. It is

shown that the maximum of the objective function occurs when r:0.51. This result is

given by an exhaustive numerical enumeration of equation (I.16), which output the value

of AZ by changing r, while fixing the values of AR and ù. It shows that LT has its

biggest value, when r equals 0.51, for a set of AR and h (regardless of the values of AR

and ù ). More details about this study are discussed in Section 4I.5.

In order to find r and fu for optimizing equation (I.16), aheat transfer process and a

potential flow simulation are respectively defined, as shown in Figure I-6 and Figure I-7.

All meshes for the CVFEM simulations were created with ANSYS 6.0 176l after

importing a geometry file from Pro/ENGINEER in IGES format to ANSYS. For the heat

transfer problem, the value of q* is given as a uniform surface heat flux applied at the

base of the intake scoop. The finite element solution of heat conduction with the CVFEM

in the intake scoop evaluates the temperature distribution therein. Given the temperature

distribution of the intake scoop, r canbe calculated based on its definition. In this analysis,

it is assumed that ice can accumulate on the intake surface when the surface temperature

falls below zero degrees Celsius in the presence of incoming supercooled droplets.

Convective boundary conditions are applied along all surfaces except the base of the

intake scoop.
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Vncoming aii

outlet

Figure I-7 Schematic of extemal flow problem

The potential flow solution with the CVFEM gives the velocity field around the intake

scoop. In Figure I-7, the velocity of the incoming (freestream) aft, V-, which is parallel to

the -r direction, is specified at the left inlet. It is known that þ = þ(x,y). At the right outlet,

x is constant along the outlet boundaries. Thus, / is only functionally dependent on y

there. Also, the cross-stream velocity component, v, is assumed to be zero at the right

outlet, which means thatþ is constant atthat location. The velocity potential is a relative

value in the potential flow field. Thus, þ is arbitrarily set as 100 at the right outlet.

Consider the same value of þ at the bottom outlet, as the potential flow simulation only

focuses on how the geometry of the intake scoop influences the air mass inflow rate. In

other words, the influences from other factors, such as boundary conditions, should be

S/dn=0

Hp.2nt)

L1p.am)
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eliminated. This hypothesis was tested by running the potential flow simulations on a

fixed intake scoop geometry with different values of þ , whlle keeping the same value of

þ atboth outlets for each simulation. As a result, the same air mass flow was obtained.

The boundary condition at the top of the computational domain is specified by

ôø

ôx

ôó'-v-0
ôy

=u=V- (r.1e)

(r.20)

It means that no air flow is perpendicular to the top boundary, provided that the height of

the computational domain is sufficiently large. In this thesis, the boundary condition of

! : u = V- is called the Free Boundary Condition and the other cond ition, != v = 0:
ôx 

vJ J -^".-, 
ôy

is called the Zero Gradient Boundary Condition.

other boundaries, i."., Ø- = g .'ôn

Zero flux conditions are specifìed at the

Under the case of a uniforrn þ at both outlets, the air mass flow rate becomes

independent of the length of both outlets, Ll and L2, provided that both lengths can

enclose the intake scoop. The lengths of Ll andL2 are respectively set as 0.4m and 0.14m,

as shown in Figure I-7.

For the potential flow, the streamlines are parallel to each other. Thus, the amount of
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air flowing through each outlet depends on where the stagnation point on the intake scoop

is located. Physically, the position of the stagnation point should be located at the leading

edge of the intake scoop. When the height of the computational domain exceeds a certain

value with the Free Boundary Condition at the top, the position of the stagnation point

only depends on the geometry of the intake scoop.

On the other hand, according to the specified boundary conditions of potential flow,

we can interpret the external flow case as a duct or channel type flow. These flows

(applied potential flow and duct flow) have an analogous type of boundary conditions, as

the height of the computational domain is big enough, so that there is no air mass flux

across the top boundary (or the n component of air velocity is equal to the free-stream air

component at the top of the computational domain). In turn, the role of the intake scoop

resembles a valve in pipe flows, as the computational domain resembles a tee junction

with one inlet and two outlets. It means that some geometry of the scoop (according to a

certain position of the valve) can generate a high flow rate, regardless of the height of the

domain (according to the diameter of the pipe). In this thesis, the purpose of the potential

flow simulation is to find how the geometry of the scoop influences the air mass flow

rates. The above analyses appear to be acceptable if all duct flow simulations maintain the

same general trend as the potential flow. 33

To prove the above analyses, we can apply the Zero Gradient Boundary Condition,

33 The trend shows the sequence of different geometries of the intake scoop from the biggest air mass flow

rate to the smallest rate-
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aó

=L = v = 0, at the top of the computational domain to simulate the duct flow, and the Free
ø,

Boundary Condition for the potential flow simulation. Two study cases were

implemented with the duct and potential flow simulations based on different geometrical

confìgurations, as shown in Figure I-8. The results in Figure I-8 show that the pipe flow

with the Zero Gradient Boundary Condition has the same trend of air mass flow rate, with

respect to the scoop geometry, as the potential flow with the Free Boundary Condition.

Eventually, a value of 0.2m was set as the height of the computational domain and the

Zero Gradient Boundary Condition was applied during the optimization process, as

shown in Figure I-7 . In this way, the number of elements for the CVFEM simulation and

computational time were reduced significantly during the optimization process. After

finishing the optimization process, a big height of the computational domain (0.5mhlgh)

is used to calculate ù for the optimum case. This optimization strategy is summari zed, in

Figure I-9.

Based on the optimization strategy of the ARSM, many experimental points 34 are

needed to fit the surrogate for reducing the design variable space during the optimization

process. Thus, the above simplification with the use of the low fidelity external flow

model significantly reduces the total cost of. The total computational time of the external

flow simulations with a height of 0.5m and Free Top Boundary Condit ion, ! = u = V- ,
ox.

is 9738 seconds, while the reduced computational domain with a height of 0.2m and the

3a Experimental points are given by doing computationally intensive simulations, i.e., CVFEM.
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with Zero Gradient Boundary:

ôþ/ôy=g

Condition, !=u=0, requires 1628 seconds (Pentium iII
ôy

550

l

l

Case 1 with Free Boundarv:
ôó
---L1¡11/
^Øox

lr
Optirnum Case with Zero Gradient Boundary:

ôþ/ôY=g
i

0.2/492 0.3t834 0.4n079 05ñ29s
Height of computational domain(m) / approximate number of mesh elements

Figure I-8 Air mass flow rates with different domain heights and top boundary

conditions 3s

" Case I and optirnurn case are based on different geometric conhgurations according to the values of xl,
x2,yl and¡2.
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Figure I-9 Strategy of flow simulation for optimization 36

Actual aircraft icing processes involve viscous effects, phase change heat transfer,

impinging droplets and other complex thermofluid processes 1651, 1771. However, the

main purpose of the cooling intake scoop design is to test the integration of the ARSM

and the CVFEM. Despite the idealization of a potential flow solution, it is expected to

provide reasonable trends for a main parameter of interest, namely the intake flow rate.

Also, few or no previous studies have attempted to combine three parts of such problems

Adaptive
Response
Surface
Method
(ARSM)

36 * indicates optimum values.
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(heat transfer, fluid flow and optimization with an ARSM) simultaneously. Once

validated, the combined framework will serye as a solid basis, from which future

extensions involving droplet dynamics, etc., can be incorporated.

AI.5 RESULTS AND DISCUSSION

During the optimization process, the ARSM called the CVFEM solver 37 times in 4

iteration steps. One call includes both the heat transfer and potential flow simulations.

Each iteration step corresponds to one response surface constructed by the ARSM. An

example plot of the spatial temperature distribution (subject to values of xl, !1, Ð, y2 and

ø*) is shown in Figure I-10. An example of the extemal potential flow field (subject to

values of xl, y7, x2 and y2) is depicted in Figure I-1 1. Aforementioned, the heat transfer

simulation yields the value of r, the flow simulation determines the value of rit, and AR

is calculated based on yI and y2.

The optimum value was obtained during the 22"d call to the CVFEM in the first

iteration step of the whole optimization process, while retaining this same value in the

rest of 3 iteration steps. The final optimum, AZ*, is lïgg.37K,when

xI" :0.015m, yI" : 0.025m, x2* : 0.007nx, !2* : 0.022m, q,* : 570IWlm2

AR* : 0.47, r* :0.5002, ñf : 6.399kgls

The optimal intake scoop is shown in Figure I-12 with a view scale of 2.0.
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smallest and the biggest intake scoops are also shown in Figure I-13 and Figure I-14,

respectively, with the same view scale of 2.0. As mentioned previously, rz. was

eventually calculated based on a domain height of 0.5m with the Free Boundary

Condition.

The optimization results were validated by an exhaustive numerical enumeration of

equation (I.16) with respect to AR, r and ù. Based on the computational domain height

of 0.2m with the Zerc Gradient Condition at the top, and the ranges of the geometric

design variables, reasonable spans of these three parameters are given as follows:

0<r<1

5.0 kgls < ñx < 5.5 kgls

0.24<AR<0.68

After finishing the above exhaust enumeration subject to the above spans of r, rh and

AR, it was found that the objective function reaches the maximum value when r equals

0.51 for a set of AR and ù. ln Figure I-15, the objective function, 47, is proportional to

the air mass flow rate, rit, which suggests a relatively large size of the intake scoop,

thereby causing extra aerodynamic friction and heating. Furthermore, as the value of AR

increases, the objective function value decreases at the same ñt. Using LT: 1780K 37 
as

athreshold with a given r of 0.51, all solutions are depicted in Figure I-16, Figurel-Il

" This value is a moderate value chosen from all available experimental points over the optimization

process, subject to the computational domain of 0.2m with the Zero Gradient Boundary Condition at the top.
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and Figure I-18, based on all combinations of AR and th.

v (m)o.ta

0.17

0.16

0.15

0.14

0.13

0.350.3

x (m)

Figure I-10 Temperature distribution within the intake scoop

v (m)

Contours of velocity potential in the flow fieldFigure I-11
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Figure I-12 Optimal cooling intake scoop shape

Figure I-13 Smallest cooling intake scoop shape

Figure I-14 Biggest cooling intake scoop shape
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Figure I-15 Objective function versus Aspect Ratio, AR, and air mass flow rate, ñt 38
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Figure I-16 Numerical solutions of the objective function over 1780K (view 1) 3e

'8 Th" figur" is subject to r: 0.51.

3e The results are subject to r:0.51.
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at a low AR area with a high ù. However, as expected in the real situation, the higher

intake scoop and wider intake port lead to a high air mass flow rate, rn . Thus, a low AR

implies that both the size of the intake scoop and the air mass flow, rit, are small. In other

words, it suggests that this ideal maximum value of the objective function would not

likely exist in practice. Based on the above analyses, in Figure I-16, Figure I-17 and

Figure I-18, the corner with a minimum AR and maximum th and the comer with

maximum AR and minimum th are impossible. Thus, the theoretical optimum value

could be close to the range defined by the other two comers, which is roughly from

1782K to 1788K. During the optimization process of the ARSM, the maximum value of

the objective function is 1810K with the computational domain height of 0.2m, subject to

the Zero Gradient Boundary Condition. Since the theoretical optimum value (from T182K

to 1788K) is very close to the maximum value of 1810K from the optimization, the

optimum solution given by the ARSM is viewed to be reasonably accurate and acceptable.

AI.6 SUMMARY

This chapter has demonstrated a detailed example with thermofluid optimization in

aircraft component design (helicopter air cooling intake scoop design). The use of a

variable-fidelity model for potential flow simulations has shown a significant

improvement in computational efficiency. It is believed that the variable-fidelity model is

an effective strategy for MDO problerns [66]. Design of Experiment-based optimizers,

such as the ARSM, can easily implement parallel computing. For large-scale design

problems, parallel computing can speed up the design process.
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The design problem involves couplings between the external flow, de-icing, and

engine efficiency. The framework based on the simplified formulation of the cooling

intake scoop design provides a basis for future development by considering more realistic

interactions between disciplines.
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APPENDIX II

CONSTA¡{TS OF' PO\MER CONVERTER PROBLEVI

Constants of the Power Converter problem [58]
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APPENDIX III

ORIGINAL DATA OF CONCEPTUALAIRCRAFT DESIGN

Results of the conceptual aircraft optimization in Table 6-2140

a0 All coresponding values of Rangex are listed in Table 6-21.

a I In the column of 'Initial Infeasible Experimental Points', each column from x I to x I 0 represents an initial

experimental point.

x1 - ì"; x2 -x x3 - C¡;x4 -T;x5 -t/c; x6 - h; x7 -M; x8 - AR; x9 - A; xl0 - SpEp;

yi - Wr; y2 -D; y3 - ESF; y5 - We; y6 - @; y7 -L; yB -LlD; y9 - SFC; yl0 - V/6

cl - o, ;c2- o,;c3 - ot)c4- oo; c5 - 65;c6-@;c7 -dp/dx; c8 -ESF; c9-Temp;

cl0 - T-\^

Initial Infeasible Experimental Points al Optimal State
Parameters

onstraints
the Optimum

Solution

1 = 0.234500 xl : 0.355195 xl : 0.254663 x1 = 0.155419
2 : 1.000000 x2 : 1.000000 x2: L000000 x2 = 0.950000
3 : 0.800000 x3 :0.900000 x3 = 0.900000 x3 : 1.000000
4 = 0.763701x4 :0.318047 x4:0.446012 x4 = 0.900598
5 : 0.040000 x5 = 0.070000 x5 : 0.010000 x5 :0.070000
6 :46000. x6:56000. x6 = 46000. x6:42000.
7 : 1.600 x7 = 1.800 x7 = 1.500 x7 : 1.500
: 7 .300 x8 : 6.400 x8 = 4. 10 x8 : 2.500
= 42.00 x9 : 57.00 x9: 49.00 x9 = 46.000

| = 0.12044
2:0.75
3 :0.75
4 = 0.156201
5 :0.06000c

| = 44403.824060
2: 5442.048306

:0.718264
5 = 18832.647098
6 = 0.960814
7 :44403.824060
: 8. I 59395
= 0.923953

t0:9240.'721209

I : 1.003528
: 1.008828
= 1.009050

4: r.008405
5 = 1.0076s2

:0.960814
:1.040000
:0.718264
:0.836745

196



Appendix III - Original Data of Conceptual Aircraft Design

I0:1500. xl}:1240. xlO= 1330 xt0:1140.00
t1 : 373.7 56197 n : 800.160567
ß = 380.861400f4= 452.226646

t0: 1470.

1 :0.287451 xl :0.124758 xl = 0.282065 xl : 0.361815
2: 1.050 x2: 1.000000x2= 1.150000x2:0.850000
3 = i.050000 x3 : 1.000000 x3 : 0.850000 x3 = 0.800000
4 : 0.342438 x4 = 0. I 19520 x4 : 0.36293 | x4 = 0.1 47 002
5 : 0.090000 x5:0.040000 x5: 0.020000 x5 = 0.080000: 58000.00 x6 = 48000.00 x6 = 30000.00 x6 = 32000.00
7 = I .500000 x7 : 1.700000 x7: L600000 x7 : t.700000

= 5.300000 x8 :4.000000 x8: 8.200000 x8 = 7.300000
9 = 50.00000 x9 : 50.00000 x9: 54.00000 x9 = 55.00000
l0: 910.000 xl0:560.000 xl0:880.000 xl0 = 1200.00

= 60000.

10: 1500.

4:0.rs4891
s :0.060000

| :49693.232404
= 5554.706172

3:0.739335
s: 193s0.552345

:0.96000s
:49693.232404

= 8.946150
:0.924571

10:9525.s70215

r :0.998161
: L002569
= 1.003350
= 1.003363
= 1.003182
= 0.96000s

7 = 1.040000
= 0.739335
= 0.836745

10 = -.8664g2ft : 1005.622323 f2 = 438.708252
f3 = 186.349524 f4: 155.519235

1 : 0.280412 xl = 0.345357 x I = 0. 152 1 64 x1 : 0.286179
2 : l-100000 x2 : 0.800000 x2 = 0.850000 x2 : 0.950000
3 = 1.000000 x3 : l. I 00000 x3 : 0.850000 x3 : 0.900000

= 0.550635 x4 : 0.910018 x4: 0.321407 x4 = 0.840457
s : 0.020000 x5 :0.060000 x5 = 0.020000 x5 :0.080000

= 53000.00 x6 = 3 I 000.00 x6 = 53000.00 x6 : 34000.000
7: L600000 x7: 1.700000 x7: 1.600000 x7: 1.400000
8:3.500000 x8:6.800000 x8 = 5.200000 x8:7.100000
9 :42.00000 x9 = 50.00000 x9: 43.00000 x9 = 50.000000
l0 : 530.000 xl0 : 1140.00 x10 : 770.000x10 = 1220.000

1 = 0.15

4 = 0.1561

6 = 60000.
7 = 1.4000

| = 49202.'759320
2: s480.668670
3 = 0.723381
5: 19004.700s8s

= 0.964877
7 = 49202j759320

= 8.977510
= 0.92395s

t0:9309.8s4407

I :0.992851
2: 0.998576

= 1.000186
: 1.000750

5 : 1.0009s9
:0.964877

7 : 1.040000
:0.723381
= 0.836745

10 : -0.305e 3fl = 766.017219 n= 223.514664
ß : 682.839907 14:262.71'7500

| : 0.126724 xl : 0.204810 xl : 0.250837 x1 : 0.260782
2 : 0.950000 x2 : 1.250000 x2 = 1.150000 x2 : 0.900000: 1.000000 x3 : 0.850000 x3 = 0.850000 x3 :0.750000
4 = 0.2348'7 6 x4 : 0.17 461 9 x4 : 0. I 75360 x4 = 0.289290
5 = 0.020000 x5 : 0.060000 x5: 0.040000 x5 : 0.050000

= 48000.00 x6: 54000.00 x6:41000.00 x6:45000.00
7 : 1.500000 x7 : 1.500000 x7 = 1.500000 x7 : 1.600000: 4. I 00000 x8 : 4.700000 x8 : 6.000000 x8 = 6.900000: 5 1.00000 x9 = 60.00000 x9 : 43.00000 x9 = 52.000000
l0 = I 160.00 xl0 = 1230.00 x10:520.000 x10: 890.0000

I = 0.1333

4 = 0.15621

= 60000

r0: 1500.

| = 49625.267200
= 5554.617762
:0.733044
: 19350.552345
:0.967819
:49625.267200

= 8.934056
:0.923946

t0:9440.483839

l :0.987758
:0.99s352
:0.997831
= 0.998897
= 0.999432
= 0.967819

7 : 1.040000
= 0.733044
= 0.83674s

l0 = -0.173of1 : 530.s57297 f2 : 101 5.889269
f3 = 348.634034 f4:44s.10697s

I = 0.326506 xl = 0.370768xl : 0.108218 xl = 0.213221
2 = 1.000000 x2 : 0.900000 x2 : 1.200000 x2 = 0.750000
3 : 0.900000 x3 = 0.800000 x3 = 0.750000 x3 :0.750000
4 : 0.57 3440 x4 -- 0.480827 x4 = 0.7 64863 x4 : 0.6 1 869 1

5 : 0.090000 x5 = 0.030000 x5 = 0.030000 x5 :0.040000
x6 : 30000.00 x6 : 54000.00 x6: 33000.00 x6: 58000.00
7 : 1.700000 x7 : L600000 x7 = 1.600000 x7 : L500000
8 = 7.500000 x8 :5.400000 x8:4.300000 x8 = 4.400000

= 43.00000 x9 :48.00000 x9: 67.00000 x9 = 57.00000
I0 = 1330.00 x10 = I 150.00 xl0: 550.000 xl0 : 670.000

I :0.1 14

= 60000

3 :0.7500
4 = 0.1562

t0: 1490.

| :44756.107036
: 5516.007425

3 = 0.727879
5 = 19177.336319

= 0.960301
7 = 44756.107036

= 8.1 13859
:0.923939

10:9370.6592s6

I = 1.00334s
: 1.008948
:1.009230
: r.008593
:1.007833
:0.960301

7 : 1.040000
= 0.727879
= 0.836145

10 = -0.78g3il = 196.460454 f2 : 740.7 s2732
f3 : 383.635843 f4: 1060.499087
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Appendix III - OriginalData of Conceptual Aircraft Design

1 : 0.223930 xl : 0.214867 xl : 0.253804 xl : 0.192584
2 = 0.900000 x2: 1.050000 x2: L100000 x2 = 1.100000
3 = l. I 00000 x3 : l. I 50000 x3 : 1.250000 x3 = 1.000000: 0.519545 x4 : 0.498969 x4 = 0.868203 x4 : 0.56it49
5 :0.090000 x5 :0.040000 x5 = 0.070000 x5 :0.060000
6 : 43000.00 x6 : 49000.00 x6 : 4 I 000.00 x6 : 37000.00
7: 1.800000 x7: 1.600000 x7: 1.800000 x7: 1.500000

= 3.800000 x8 = 2.800000 x8 = 2.900000 x8 : 8.000000
9 :49.00000 x9 : 57.00000 x9: 40.00000 x9 :45.000000
l0: 750.000 xl0: 940.000 xl0: 1410.00 xl0 = 1410.00

= 0.1556

r :0.1I
2:0.7s

6 = 60000
7 : 1.400(

10: r480

| :44613.13s730
= 5479.032162

3:0.725604
:19004.700585
:0.96r383
:44613.13s730
:8.142521
= 0.924202

l0:9339.8984't3

1 = 1.002356
2 : r.008139

= 1.008567
= 1.008036
: L007353

6 : 0.961383
7: 1.040000

:0.72s604
:0.836'74s

l0 : -.3665e 2

f1 :391.865281 fl2 : 800.618592
f3 = 374.696788 f4 = 300.014226

I :0.186602 xl = 0.300930 xl = 0.248547 xl :0.16ii53
: 0.900000 x2 : 0.950000 x2 = 1.050000 x2 : 1.200000: 0.850000 x3 : 0.800000 x3 : 0.850000 x3 = t. I 00000
= 0.117502 x4 = 0.473359 x4 = 0.859795 x4:0.502709
= 0.060000 x5 = 0.070000 x5: 0.040000 x5 :0.020000
= 53000.00 x6 = 57000.00 x6 = 49000.00 x6 :45000.00

7 : 1.500000 x7 = L500000 x7 = 1.400000 x7 : 1.500000
8 = 2.800000 x8 : 6.200000 x8 : 4.000000 x8 = 2.500000
9 = 48.00000 x9 :44.00000 x9 = 42.00000 x9 : 58.00000
l0 = 960.000 xl0 = I 170.00 x10: I 130.00 x10 : 960.000

| :0.112264

:0.156241

l0:1500.

1 = 44933.291470
2 = 5552.987948
3 = 0.'132720
: 19350.5s2345
= 0.960004

7 :44933.291470

= 8.091732
= 0.92393s

r0:9436.104076

1 = 1.003305
= L009043
= 1.009347
: 1.008709
= 1.007941

6 = 0.960004
7 = 1.040000

:0.732720
:0.836745

10: -0.24e4
f1 : 873.73s778 f2: 874.042044
ß : 412.332724 f4: 511.864600

I :0.309000 xl :0.135044 xl = 0.290600 xt = 0.281596
2: L100000 x2:0.800000 x2:0.950000 x2 = 0.800000
3 = 1.100000 x3 : 1.250000 x3 : 1.150000 x3 : 1.100000

= 0.600457 x4:0.195630 x4: 0.585490 x4:0.933800
5 :0.080000 x5 :0.040000 x5: 0.020000 x5 = 0.020000

:31000.00 x6:55000.00 x6:42000.00 x6 = 31000.00
7 = 1.600000 x7 = 1.800000 x7 : 1.800000 x7 : 1.700000

= 7.200000 x8 : 8.200000 x8: 7.800000 x8 :3.300000
= 57.00000 x9 : 5 1.00000 x9 : 59.00000 x9 : 70.000000

l0 = 1400.00 xl0: I 120.00 x10: 540.000 xt0 : I260.000

1 :0.16s94

3 :0.7s
:0.1s622

= 60000.

10: 1470.

| :48989.982126
2: 5443.692360
3 : 0.7183s9
5: 18832.647098

:0.963637
:48989.982126

= 8.999403
= 0.923941

10:9242.005348

| :0995067
2:0.9999s9
3= 1.001187

= 1.001534
5: 1.001603

= 0.963637
= 1.040000
= 0.718359
= 0.83674s

10:-0.108e3f1 : 290.s748s0 f2 : 508. 1271 00
f3 : 40s.687 547 f4 : 2s0.6s3220
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