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Chapter 1

Introduction

With the development of computer hardware and the avaitialoil parallel computers, compu-
tational simulation is playing an ever important role in gagly phase of the product develop-
ment process. The first area of research for computer-aiggidrdoptimization of a particular
shape was the field of structure analysis applications [8454]. In the last decade, compu-
tational fluid dynamic (CFD) has also been successfully dnatbwith modern optimization
tools for a variety of engineering design applications,,drgthe fields of aerospace, auto-
motive, turbomachinery and heat transfer. The simulatesed optimization is able to fulfill
design demands with much less investment on time and monewever, for models with
large and complex geometries, a single flow simulation cke tkays or weeks. There is an
ever increasing demand for high performance computerse eficient flow solvers and opti-
mization methods. This work will address itself to develageéicient optimization framework
that is particularly appropriate for solving CFD-basedmhdesign optimization problems.

1.1 Motivation

CFD based shape design is a highly multidisciplinary problBased on an exact examination
of the component or system that is to be optimized, one mwstderive a CFD model and

set up an optimization problem including the design vadapbptimization objectives and rea-
sonable constraints. Then appropriate methods shouldidéetesd to perform numerical sim-

ulation, shape variation and finally optimization to cont@lthe whole computational design
process. Therefore, one requires of knowledge of varioldsfieuch as mathematics, com-
puter science and engineering. Among all of these factbescorrect choice of optimization

method is especially important because it often influenfbepérformance of the optimization
strongly.

The selection of the appropriate optimization method isedepnt on the specific problem.
In fundamental research or engineering applications, the $hape optimization problems
usually involve multiple and concurrent objectives. Withoesignating a desired result, the
optimization results will yield a set of solutions insteddacsingle one. Another property of
flow shape optimization problems is that there is usually mectly available derivative in-
formation and the approximation of these derivatives candog time consuming. Moreover,
the optimization problems are usually nonlinear and candmeaonvex or have multiple local



optima. Out of all these considerations, the evolutiondggr@thm (EA), employing the prin-
ciple of natural evolution, seems to be a promising choitevorks on a set of solutions in
the design space, which enables the calculations to lecallzof the optimal solutions in a
single optimization run. As the optimization is conductédjtilizes stochastic operators to
guide the optimization process. Therefore it does not reqay derivative information and
verifies the process with a global search at the same timehelfast few decades EAs have
been successfully applied to various design optimizatimblpms. However, when compared
to deterministic optimization methods, the populatiosdzh EAs require a much larger num-
ber of function evaluations, especially when the desigrtsma the objective space is high
dimensional. Usually, they have a poor convergence rateeatdgions close to the optima.
This limits the application of EA in the CFD field because thenflsimulations are usually
computationally expensive.

The analysis of pros and cons of the evolutionary optindrathethod motives the present
work, which will focus on the investigation of different isilities to improve the optimiza-
tion efficiency. Moreover, based on the proposed efficientutonary optimization method-
ology, a complete optimization process that will enablesthiation of the complex CFD-based
shape optimization problems is developed.

1.2 State of the Art

EA belongs to the stochastic optimization method and ireua variety of algorithms based
on the mechanisms of nature evolution, i.e., reproductienpmbination, mutation and se-
lection. The main representatives are evolutionary prograng (EP), genetic algorithm (GA)
and evolutionary strategy (ES), which were first introdulbgdrogel[39] in the 1960s, and Hol-
land 58] and Rechenberg [94] in the 1970s. Now they have Heeeloped successfully to the
practical search and optimization processes for more tll@ecade. The first real application of
EA for solving multiobjective optimization problems (MOGFcan be found ir [98]. In 1989,
Goldberg [45] proposed a multiobjective evolutionary aidpon (MOEA) based on the Pareto
dominance concept. After that, different EA schemes haea loeveloped by introducing the
non-dominated concept to maintain the diversity. An owvasvdf these methods is given in
[2Z]. Later on, elitism is added in MOEA as another importamiction. The well-known
methods are non-dominated sorting genetic algorithm-8@a-11) [2€], Pareto-archived evo-
lutionary strategy (PAES) [59] and strength Pareto evohaiy algorithm 2 (SPEA2) [117],
etc.. The convergence properties of EAs are investigatgtifiy 42, 53, 95], different selec-
tion schemes are compared in [46] and a new adaptive mutstiiategy is suggested by Blum
in [10]. Furthermore, instead of traditional binary GA, eml real-coded GA operators have
been proposed to provide a better way to explore the coni;design spaces. The commonly
used are the parent-centric recombination operators, smgulated binary crossover (SBX)
[25], parent-centric recombination (PCX) [24], and the meantric recombination operators,
e.g., unimodal normal distribution crossover (UNDX) [98implex crossover (SPX) [108], as
well as a number of real-coded mutation operators. An ogerdnd a performance study of
the real-coded operators can be found in [25, 93]. In [21]a& been argued that choosing
parent-centric recombination is better than mean-cergédombination for a steady and reli-
able search. Besides, the issues about controlling vaBduparameters are studied in [32].



Analytical benchmark test cases for the evaluation of difie EAs are designed by Deb [20]
and a systematic comparison of several MOEAs is performeditaier [116]. The applica-
tions combining EAs and CFD solver for solving the shapegiteeptimization problems can
be found in[5] 36, £, 56, 32, 107].

The limitation of the EA's applications lies in the experstomputational cost due to the
large number of required flow simulations for objective fiime evaluations. A great deal of
research has been conducted in the interest of overconmiggrttblem; using cheap and low-
fidelity models to substitute the costly high-fidelity flowrsilations required by EAs is quite
recent and has been receiving increasing interest. In {&y,ihodels with different discretiza-
tion levels are utilized as the approximate and high-figetibdels by a GA optimization. In
[31, 33], a multilevel shape parameterization is suggestéth is inspired by the multigrid
method and varies the number of design variables to redeceatimputational cost during the
optimization process. Another type of low-fidelity modedstive approximation model con-
structed on a set of database containing the informatiomefelations between the design
variables and optimization objectives. The commonly uggazr@imation techniques are re-
sponse surface models (RSM), artificial neural networksNABIhd Gaussian process (kriging
models). These models are globally or locally constructed @sed to substitute whole or
parts of the expensive high-fidelity function evaluatiom$e overview of the models and the
data sampling methods are given in [35, 103]. The most pofoten of RSM is the second
order polynomial models. In [78] a strategy for coupling EAdaquadratic response surface
is proposed. However, when working on the problems with gelanumber of variables, the
accuracy of quadratic models may become questionable. \amgved the state of art by
creating an adaptive quadratic model which approximatesotijective function in a gradu-
ally reduced design space [L10]. Another pseudo respomsesumodel is suggested recently
in [85], which deals with each objective independently amdiésigned so that accuracy is
only critical in the optimal regions. Besides, differentigions of ANN have been applied
to approximate objective functions in evolutionary optiations, examples can be found in
[44, 57, 67, 83]. In[66] a criterion was proposed to decide firquency at which the ap-
proximation models should be used when coupling multilgggceptron (MLP) network and
ES. The applications of employing kriging models with diffiet EA schemes can be found in
[11,34, 35 105], where the proposed optimization procesitnave been applied on standard
test functions as well as on the applications such as thenigatiion of stationary gas turbine
compressor profiles, the multipoint airfoil design in agnmoaimics and turbine blade firtrees,
etc..

Furthermore, the existing strategies for improving EA éficy also include the hybridiza-
tion of local search methods. Inh [88] a GA is combined with gdwinistic hill-climbing
method to optimize the rear of a simplified car shape. Sirstladies are presented n [28. 30].
However, these works only concentrate on solving the siobjective optimization problem
(SOOP). When solving MOOPs, there are more challenges. ntgctne issues with respect
to MOOP are considered in 162, 71, 102], but these studiesemteicted to solving mathe-
matical optimization functions. Moreover, most of the camelol local searches are dependent
on the gradient information of first or second order, and gtar@tion of the information re-
quires additional computational cost that should be avbideeomputationally expensive flow
optimization problems.



1.3 Scope of the Work

This work is dedicated to provide an efficient optimizatioathodology based on EA. Without
sacrificing the optimization accuracy, it attempts to inyeréhe optimization efficiency from
different aspects, such as reducing the number of requinectibn evaluations, the compu-
tational cost for a single evaluation or shortening the cataijional time. The principle idea
consists of utilizing parallel function evaluations, ewmyhg approximation models and com-
bining the deterministic methods to accelerate the locaicke Various issues on the selection
of approximation models and deterministic methods, thdrobf approximation accuracy,
and the multiobjective local search are considered andiigated.

The complete optimization framework, which combines thr@ppsed hybrid optimization
methodology with the CFD solver and a shape variation teglii.e., free form deformation
(FFD), is designed to solve the flow shape optimization mwisl. The fluid model is restricted
to steady flow and the optimization problem can be multidbjecnonlinear, nonconvex with
local optima and continuous design variables. The flow sdMe&STEST, an in-house devel-
oped, high performance software to simulate 3D complex flsvemployed to perform the
objective function evaluation and calculate sampling {®o#ms the database for the training
of approximation models. FFD provides a way to change thpestacally and efficiently by
moving a limited number of control points. The proposedmjation framework is applied to
different test cases. The influences of using different@gpration models, different approx-
imation control parameters as well as different local deagtimization methods are studied.
The optimization performance is investigated through thragarisons of the results obtained
by employing approximation models, the final results after hybridization of local search
with the reference results.

Another contribution of the present work is to provide a moelblogy to construct the
approximation model by combining the interpolation meth¢sbline interpolation or radial
basis function interpolation) with the proper orthogonetamposition (POD) technique with
the purpose to approximate the complete flow region in aniefienanner. Applied in the op-
timization process, this kind of surrogate model has thktybiot only to predict the objective
functions but also to provide a detailed estimation of théeulying flow region. Also, other
design objectives of solutions (both intermediate and faadlitions) can be easily accessed
during or after the optimization process.

1.4 Overview of the Work
The remainder of the thesis is organized as follows.

Chapter 2 gives the theoretical basis relative to solving fihape optimization prob-
lems. Section 2.1 introduces the governing equations of $iowulation and the flow solver
FASTEST. Section 2.2 gives an overview of shape variatiothotks and details the one applied
in this work, i.e., FFD methods. Then Section 2.3 introdutesoptimization fundamentals
including the optimization problems and methods. Finallgemeral automated shape opti-
mization process, which employs flow solver FASTEST, FFD @dvative free optimization
methods, is presented in Section 2.4.

Chapter 3 first introduces some special properties of nijéiaive optimization problems
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and gives an overview of the classical and evolutionarynoigition methods (Section 3.1).
Then it focuses on the employed GA in Section 3.2.

In Chapter 4, the employed approximation model RBFN is priesk which includes a
general introduction of the network structure (Section) 41id the detailed network training
methods (Section 4.2). The last section summaries the giepand applications of RBFN in
this work.

Chapter 5 presents the efficient hybrid optimization methagly (Section 5.1 and 5.2),
which includes global search and local search for the perpbsxploring the design space as
well as accelerating the optimization convergence. IniSe&.3 two analytical optimization
test cases and two numerical shape optimization problemsaved and the optimization
results are quantitatively compared.

The construction of the reduced-order model based on PODRhendorresponding inter-
polation methods are detailed in the first two sections ofpf#1a6. Then the evolutionary
optimization procedure employing this reduced-order rhiglgiven in Section 6.3. The is-
sues concerning the efficiency and accuracy of the appraéiximeodels as well as the quality
of the optimization results are investigated by two shap@ropation test cases in the last
section.

Finally, Chapter 7 summarizes the main results and cotimifsi of the thesis. Meanwhile,
some remarks and prospects for further research are cauatclud



Chapter 2

Foundations of Flow Shape
Optimization

Due to the high computational expense required for flow satiris around realistic 3D con-
figurations and the improvement of computational fluid dyitaf@FD) techniques, CFD tools
are increasingly applied for the shape design and optimizan industry. Flow shape opti-
mization is an interdisciplinary task which requires a gaaderstanding of physics governing
each problem. It also involves mathematical knowledge ssctihe theory of partial differen-
tial equations (PDESs), numerical approximation methods s1$ finite volume method (FVM)
and finite element method (FEM), as well as the optimizatiwoty. Basically, as shown in
Figure 2.1, the simulation-based flow shape optimizatioa é@mbination of three major as-
pects: the shape parameterization and variation, theesffieind accurate flow solver and a
suitable optimization strategy.

In the following sections, introductions of the numericaWllsimulation and shape varia-
tion as well as an overview of optimization problems androptation methods are presented.
Furthermore, Secticn 2.4 illustrates a general automaditaplesoptimization procedure.

Optimization
strategy
Shape
variation

Figure 2.1: Methodology of numerical flow shape optimization




2.1 Numerical Flow Simulation

Fundamental Equations

The motion of a fluid in three dimensions is described by aesysif partial differential equa-
tions: continuity equatior: (2.1), momentum equation (2/2) energy equation (2..3).

dp  d(py))
7 ZAFE 2.1
ot + 0Xj 0 ( )
d(pu) d(puyj)  JTi .
ot * an N an +pf| (2'2)
d(pe) , d(puie) _ - duj ohi
gt ax gx ax TPY (2:3)

In the above equationp,t,q,e,u;, fi, Tij, h denotes the density, the time, the scalar heat source,
the internal energy, the components of velogifythe components of volume force per mass
unit f, the components of th€auchy stress tensdr and the components of the heat fllax

in Cartesian coordinateg, respectively. For a more detailed description and dednatf the
equations one is referred (o 7, 8. 38, 97]

This work mainly restricts the optimization model to a stedadcompressible, isotropic
Newtonian flow with or without heat transfer. In a Newtoniamdlthe viscous stresses are
proportional to the rates of deformation. The material lawthe Cauchy stress tensoris

defined as 5 5 ”5
U; Uj Uk

with the pressurgp and the dynamic viscosity. & is the Kronecker delta operator. For a
steady and incompressible fluid, time dependence is novieipthe density is constant and
equation (2.1) becomes:

0Ui

2o 2.5

I (2.5)
Thus, the last divergence term in equation (2.4) vanishelsst8uting the Cauchy stress tensor
into equations (2:2) and (2.3) and omitting the time derreatierms yields the new momentum
and energy equations:
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Equations/(2.5- 2/7) can be written into a general form
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by setting a general variable to 1, u;, e and selecting appropriate values for the diffusion
coefficientl'y and the source term.

For heat transfer problems in an incompressible fluid, dineee is no density variation, the
energy equation can be solved separately to the mass catiserand momentum equation.
Employing the Fourier’s law (for isotropic material)

hi= —k>— (2.9)

with the heat conductivitk and the temperatur€, neglecting the work performed by pres-
sure and friction forces and assuming further that the pdwatc, is constant, the energy
conservation equation (2.7) can be simplified to a transpguiation for the temperature as
follows:

d(pcpuiT) 0 ( 0T
ox 0%

— . 2.1
Kam>+pq (2.10)

Flow Solver FASTEST

The flow solver FASTEST (Flow Analysis Solving Transport Btions with Simulated Turbu-
lence) based on the FVM is employed in this work for the nuoatflow simulation. It works
on 3D block-structured, boundary-fitted hexahedral gridk mon-staggered cell-centered grid
arrangement [77]. The pressure-velocity coupling is distadd by using a special variant of
the SIMPLE algorithm [76, 91]. Within the pressure-cori@etscheme, the linear equation
system is solved by an ILU method [Z.06]. FASTEST also pravidenonlinear multigrid
scheme [€0] and the possibility of parallelization for tlewergence acceleration. A detailed
description about the solver can be found in [1].

2.2 Shape Variation

2.2.1 General Aspects

One of the important issues of the CFD-based shape optianiziat shape altering. A simple
and straightforward method is called the direct discreferdeation, which deforms the grids
directly and defines the deformation on each grid point asdéwsgn variable (DV) of the
optimization problem. For a given meshrafgrid points, the shape of the model is defined by
a 3n-dimensional vectos, which contains the coordinates vecdir, j=1,....,m, of all grid
points, i.e.,s= [d*,d? ....d™". Denoting the vector of initial grid points witd" and the
vector of deformed grid points witsf®", this process can be summarized by

slef—ghi 4 g, (2.11)

whereg is the deformation vector consisting ofomponents and defines the deformation
of all grid points. Obviously, when employing this deforioatmethod the number of design
variables is dependent on the number of grid points, whichlavbe very computationally
expensive for problems requiring a large number of grid {gogince the optimization cost is



highly dependent on the number of design variables. Furtber, although it has an efficient
grid deformation process, it cannot ensure a smoothly defdrgeometry and there is no
direct connection to the computer-aided design (CAD) modékrefore, the selection of an
appropriate shape parameterization method is quite impbriA good one is usually able to
use as few design variables as possible to represent andrdéfe shape while maintaining
the smoothness of the resulting shapes.

The parameterization can be basically divided into two sy @@AD-based parameterization
and CAD-free parameterization. A CAD-based parameteoizahethod defines the shape by
the geometry parameters in a CAD-system such as ProEn@n€&TIA. It is usually applied
followed along an automated parametric grid generatiorciviyienerates the initial grids by
a set of CAD-related parameters. During the optimizatierations, the grids are completely
regenerated every time when the geometry is modified and dbigm variables are usually
the CAD parameters. The CAD-free parameterization gelyezatploys Bezier or B-spline
surfaces to represent the geometry and parameterizediylitee discrete surface. The shape
is deformed by modifying the position of the control points the discrete surfaces, whose
displacements are employed as the design variables. Ttiectliadvantage of CAD-free pa-
rameterization is that the computational grids are defdrsienultaneously with the shape
variation and therefore the costly remeshing procedurenited. CAD-free parameterization
method also guarantees a smooth grid deformation and atlongucting only a local shape
modification. A disadvantage lies in the difficulty of tramsfng the optimized shape back
into a CAD environment. On the contrary, when using a CADebagarameterization the
computational grids need to be totally regenerated, whichbe time consuming for complex
geometries and may cause failure by the automated grid @meprocess. But it provides all
the CAD parameters of the deformed shape and is convenieahfpneering applications. A
summary of the shape variation techniques can be found |nd@é in 4:1] the CAD-free and
CAD-based methods are compared in details regarding aspach as methodology, param-
eterization, geometry generation, design variables sefeand grid deformation. Generally
speaking, the parameterization method defines the forionlaf the optimization problem as
well as the deformed region and therefore has a major effetie optimization results. The
choice of a proper shape parameterization method is depeadehe individual problem. The
decision should be made by taking all the positive and negaspects into account.

2.2.2 Free Form Deformation

In the present work, the free form deformation (FFD) techeica CAD-free parameterization
technique, is selected to represent and deform the flow shdgeD was initially conceived
by Sederberg and Parry [1.01] and has been extended and lgestetzy Coquillart [13]. It is

a powerful tool for a high-level grid deformation known frdow-level geometric parameter
manipulation. It embeds the object to be deformed into ampatiac shape box and instead of
modifying the object directly, modifies the shape box base&8ézier or B-spline polynomial
parameterization. A set of control points defined on thenspdurfaces determine the degree of
deformation, namely the deformation flexibility. FFD is sassfully implemented combining
with the flow solver FASTEST by Harth [51]. It makes a changetm computational grids
by working directly on the mesh file generated by FASTEST. fdilewing gives an short
overview on its working principle.



In FFD the shape deformation is accomplished by
=6+ § xt', (2.12)
2

wherex; determinates the displacement of the control point andaacésdesign variable of the
optimization problemt' is the shape basis vector (SBV) giving the deformation tivacand
the default magnitude of all related grids caused by a Irdiisplacement of thé-th control
point. The shape box is first transformed into a unit cube iogachl coordinate system.
Before the optimization process begins, the SBVs will beegated once for all by deforming
the unit cube. In the logical domain, each pajit’ within the cube corresponding to a point
d™ = [dM,din' d]T in the physical domains is denoted by

[ i o a)
A= | nganandt) | i g nf e 0.1 213)
r,lgl'll (d:ILnI , d|2n| , dl3n|)

The control pointgT™

apy are generated by equidistantly dividing the unit cube imlméctions:

a/an
aﬁy |:B/Bn:|, =0,....0n, B=0,....60, ¥=0,..., ¥, (2.14)
7a%

where ay, Bn, Va represent the total number of control points in three dioest The points
inside the cube are deformed through the movements of theotqoints from their initial

positions, i.e. Ty, — ngeé The deformed points in cubg®’, are defined in this work by

the product of three Bernstein polynomiaf¥ (ni"), a (n'Z”') andalf (nim:

o Bk a, |n| |n| ini ef
> Za n( a Maf (ng") apy- (2.15)
a=0B=0y=0

A general form for the Bernstein polynomil'(n) is

ml!
n'(m—n)!

m

' (=™ " (2.16)

aq(n) = < )(1—n)m‘”n” =
After the deformation, the grid poimy%f is mapped back to the physical domain and the
corresponding poinﬂdef is obtained. This inverse transformation is carried ouhwlie help

of the coordinates of the fixed shape box corners in both tiedband the physical domains.
The coordinate difference between the deformed pafftsand the initial pointd™ gives the

shape basis vector

An example of 3D shape deformation using FFD is given in Fgar’. In this figure,
the original geometry is surrounded by a cubic shape boxgiwikiuniformly discretized using
three points irx, y, z-direction, respectively. Moving 8 control points yieltietdeformed shape
on the right side.

10



|

|1 70

|

a
[
jrir.m

PR
AN

3

S

AL

N
[T

| B O |

(a2 i maaas aaaa: ez

Figure 2.2: lllustration of original (left) and deformed shape (righ§ing FFD

FFD enables a highly flexible deformation by using fewer narstof design variables and
the deformation is independent on shape complexity andukiriies. It also provides the
possibility of local shape madification since only the grants inside the shape box needs to
be calculated. The successful applications can be four@bipg2, 84].

2.3 Optimization Fundamentals

2.3.1 Optimization Problem

The purpose of engineering optimization is to seek the lmdstisn or solutions for a product

or process design according to certain measurement antgttiin a given set of requirements.
The solution is defined by a set of design variables. Theserieriand requirements are the
objectives and constraints in the optimization problemsmathematical formulation of the

optimization problem is

min fi(X), [ :1,...,N0bj,

with X = [X1,%X2, -, Xng, | T
_ | o ] (2.17)
subjectto  ¢i(x) <0, i=1,...,Ncon,

X <x<x’, i=1,...,Ngy.

In the above formulationf; are Nop; functions that should be minimized amxds the design
vector with Ngy components.¢; are Ncon, equality and inequality constraints that restrict the
choice of design vectot. x- andx" define the lower and upper bound for each design variable
X and constitute the design variable sp&ee The solutions that satisfy all of the inequality,
equality and bound constraints are known as the feasihl¢i@a$, which constitute the feasible
region and also the search spagein this work. A maximization problem or great-than-
equal-toconstraint can be considered by multiplying the objectivecfion f; and constraing;

by -1.

According to the properties of design variables, objestiared constraints, an optimization
problem can be classified into different categories.
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Single-objective and Multiobjective

If there is only one objective function, the problem is a &rgbjective optimization problem
(SOOP); if there are more than one objective function, théna multiobjective optimization
problem (MOOP). The objective functions form the objectiypmce?’. Each solution in the
design space corresponds to one point in the objective spacenultiobjective optimization
problems, there is usually no solution that is optimal fdrohljective functions at the same
time. The properties and solution methods of MOOPs will ithier explained in Secticn 3.1.

Constrained and Unconstrained

Most of the real-life optimization problems have one or mastrictions, i.e., equal and in-
equal as well as the bound constraints. Absolutely uncaingtdl optimization problems occur
often in theoretical and mathematical models, or they anplsi the reformulation of the con-
strained problems, in which the constraints are neglecte@maced by penalization terms
added to the objective functions.

Linear and Nonlinear

In linear optimization problem, all objective functionsdaoonstraint functions are linear; a
non-linear optimization problem is the one that has at least nonlinear objective function
or constraint function. The special difficulties that ocaunonlinear optimization problems
include numerical instability, convergence to spuriousima, and slow convergence.

Discrete and Continuous

Discrete or continuous optimization problems are deteedhiny the type of design variables.
Discrete problems only contain integers, binary desigmatégs or an ordered set. The set
of design variables is finite. However, the design varialiethe continuous optimization
problem are real numbers and the set of design variablesualysnfinite. Another type is
the mixed integer programming problem that have both therelie and continuous design
variables.

Convex and Non-convex

The convex function and convex optimization problems afedd in Definition 2.1 and Defi-
nition 2.2, respectively.

Definition 2.1 (Convex Function) A function f: RNev — R is a convex function if for any two
pair of solutionsx®, x° € RNov, the following condition is true:

FAXH (1—A)X) < AF(x®) + (1—A)F(X0), (2.18)
forall 0< A < 1.

Definition 2.2 (Convex Optimization Problem) A multiobjective optimization problem is con-
vex if all objective functions are convex and the feasibigore is convex (or all the inequality
constraints in equatior) (2..17) are convex and the equabtystraints are linear).
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A convex function has a positive definite Hessian matrix fbdasign variables and the local
optimum is always the global optimum. A functidnthat doesn’t satisfy equation (2 18) is
called a non-convex function. Many optimization algorighoan handle convex MOOPs well,
but face difficulties when solving non-convex MOOPSs.

Generally, engineering optimization tasks are mostly iljiective, constrained, nonlinear
problems with continuous or discrete design variables.

2.3.2 Optimization Methods

The optimization methods provide an iterative process frave the solutions by generating
new design variables based on the evaluations of the ol@saind constraints of one or more
previous design variables. A considerable number of optition algorithms have been devel-
oped, which can be divided into two basic categories acogrti the nature of search process
namely deterministic method and stochastic method.

Deterministic methods generate new designs based coitypdetehe previous results by
interpolation, extrapolation or gradient information.cén be further divided into derivative-
based methods and derivative-free method. Derivativeebasethods such as the Newton
method or sequential quadratic programming (SQP) rego@®bjective and constraint func-
tions to be continuously differentiable. The first and somes the second derivative are em-
ployed to determine the search direction. The newly obths@ution is usually better than
the previous one, but this kind of methods cannot be appbeddlving discrete or combi-
natorial problems. A main class of derivative-free detaistic methods consisting in mod-
elling the objective functions is embedded in a trust-regdramework. It constructs a linear
or quadratic model of the objective functions minimize tmsdel inside a trust-region. Other
derivative-free methods include the simplex-reflectiortirod of Nelder and Mead, pattern-
search method, conjugate-direction method, etc. A brigbduction can be found in [39].
Most of the deterministic methods cannot guarantee a glmitaha except for the Branch and
bound method [72] which is especially used in discrete amabioatorial optimization.

In contrast to deterministic methods that determine thedesigns basically from previous
results, stochastic methods introduce the randomnesthmgearching mechanism, which can
register as a complete random search process or a randoenicdlon the selected parameters
for the applied heuristic strategies. Only after the evi#dueof new solutions can it be assessed
if the new solutions are the improvement over the old ones stbchastic methods that are
employed most often can be found in [94], which include randearch, simulated annealing
(SA), stochastic hill climbing, particle swarm optimizaii (PSO) and evolutionary algorithms
(EASs), differential evolution, graduated optimization.cAdmmon property of these methods is
the global search ability since the randomness providesgbessary impetus to move away
from a local solution. Consequently a relatively large nemdf function evaluations are nec-
essary. But as population-based optimization stratetfiey, are particularly appropriate for
solving multiobjective optimization problems.

The performance of the optimization method can be evaluagdtiree main properties as
follows:

e Robustness. Robustness means the capability of reachihgpal @ptimum without
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trapping into a local optimum when starting from any initildsign. Robustness can be
computationally expensive to achieve.

e Efficiency. Efficiency is measured by the number of iteragiothe number of function
evaluations inside one iteration, the computational timevell as the storage required
before the optimal solutions are achieved. An efficient oéthas a faster convergence
rate.

e Accuracy. Accuracy is the ability to converge to the precisghematical optimum.

There is no optimization method that is superior in all thibsee aspects. Deterministic meth-
ods converge much faster than stochastic methods but theyttia risk of trapping in a local
optimum when solving non-convex problems, whereas théagiic methods are more robust
but consequently they need higher computational cost. @vee/a needs to make a trade-off
between the robustness and efficiency or between the efficemd accuracy. Furthermore,
the properties of the optimization problem itself shoulsbabe considered when selecting an
optimization approach, such as if the problem is a linearamlinear problem, with single
or multiobjective, discrete or continuous design spaceyeo or non-convex regions, with or
without constraints as well as if the derivative informatie available, etc..

2.4 Automated Shape Optimization Loop

Solving a shape optimization problem includes three mapeets: flow simulation, shape
variation and optimization algorithm. As mentioned abdv&STEST is chosen as the flow
solver in this work. FFD is coupled to directly modify the dydata required by FASTEST.
Regarding the optimization method, since for flow shapenpgttion problems the derivative
information is usually expensive to calculate and the amuis hard verify, the derivative-
free optimization method is preferred. The whole procednotudes grid preparation and
optimization loop as illustrated in Figure 2.3.

The grid generation only needs to be conducted once befem@ptimization process starts.
After the FFD set-up, the data including grid informationpber and position of the control
points as well as the SBVs are prepared for the later shajegivarduring the iterative opti-
mization process. An automated optimization loop can beraptished using the optimizer
to manage the entire process and integrating the shapendgfon and the flow simulation
process.
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Figure 2.3: A general flowchart of CFD-based shape optimization
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Chapter 3

Multiobjective Optimization Methods

Real optimization problems in engineering as well as in &amdntal research usually involve
more than one objective. The special features of MOOPSs raletraditional solution ap-
proaches as well as some general aspects of the evolutiorethod are given first in Section
3.1. For the consideration that the evolutionary optiniiraimethod is particular advantage
in solving MOORPs, it is adopted in this work as the global eskanethod in the proposed
optimization strategy. Section 3.2 details the appliedwianary method.

3.1 Multiobjective Optimization Problem

3.1.1 Pareto-optimal Concepts

In this work, only the MOOPs with conflicting objectives amnsidered, which is also true in
most of practical cases. For these kinds of problems, thmge dot exist one solution which is
the optimum of all objectives simultaneously. A MOOP alwags a set of optimal solutions,
for which there is no way to improve one objective value withdeterioration of at least one
of the other objective values. Definition 3.1 - 3.4 give aes®af general concepts varying from
the criterion to measure the solutions to the Pareto front.

Definition 3.1 (Dominance) A design vectokXe . is said to dominate a design vectdt ®
. (denoted& < xP) if:

1. The design vectox®is not worse tharxkin all objectives, i.e., ifx?) < fi(x?),Vi =
1, ey NObj

2. The design vectois strictly better tharxXin at least one objective, i.e.;(%%) < f;(x°)
for at least one i= 1,...,Nop;.

A design vectoxke .7 strongly dominatesec .7 (denotedx® < xP) if the design vectorX
is strictly better tharxXin all objectives, i.e.,fx?) < fi(x®),Vi = 1,...,Nop;.
A design vectorke . is different toxR € .7 (denoted® ~ X°) if x® £ x° A XP £ x4,

Definition 3.2 (Nondominated Set) Among a set of solutions?, the nondominated set of
solutions#?’ contains those solutions that are not dominated by any meafltee set#.
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Definition 3.3 (Pareto-optimal Solution) A design vectokXe . is called Pareto-optimal if
there is no othexX € .~ that dominates it. An objective vectb? is call Pareto-optimal if the
corresponding design vecta? is Pareto-optimal.

Definition 3.4 (Pareto-optimal Set) The nondominated set of the entire feasible search space
., is called the Pareto-optimal set. The Pareto-optimal sehe objective spacg” is called
Pareto-optimal front or simply Pareto front, denoted .y

For a better understanding of these definitions, FigurelBidtriates a bi-objective minimiza-
tion problem in the objective spacg. In this figure, the solutio® dominates both solutions
D andE and strongly dominates solutidghsince it has smaller objective values thafor both
objectives. Besides, the solutith G andC are different to each other. The solutions in set
' construct the nondominated set of solution $&t Furthermore( is strongly dominated
by A andB, which are not dominated by any other solutions in the efgasible search space,
therefore they are Pareto-optimal solutions. It is cleasde that actually all the solutions lie
on the red curves are Pareto-optimal solutions and theytiaaiesthe Pareto front. As shown
in the figure the Pareto front can be non-convex and also mbincws.

Af2 Feasible objective space

:fl

Figure 3.1: lllustration of dominance concept, Pareto-optimal andnezice vectors

To solve a MOOP, some special solution vectors relative earaimge of Pareto front may
be required as reference solutions. As indicated in FiguietBey are ideal vecta, utopian
vectorz” and nadir vectoe" , respectively. The ideal solution vector is constructedhigybest
values of each objective in the entire search space. Onlyaf ¢he optimization objectives
are not conflicting, does a feasible ideal solution thatrojzés all the objectives at the same
time exit.

Definition 3.5 (Ideal Objective Vector) The componentg bf the ideal objective vecta z
RNevi gre obtained by minimizing each of the objective functiowividually subject to the
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constraints, i.e., by solving the following problem:

min fi(X) i = l,...,Nobj,

. (3.1)
with Xe.7.

On the contrary, the nadir vect@ is composed of the upper bound of each objective in
the entire Pareto front. Whether it is a feasible solutiomairdepends on the convexity and
continuity of the Pareto front. The exact nadir point is difft to obtain therefore in practice

it is usually approximated using thpayoff tablemethod [87]. It selects the components of the
nadir vector from the vector§?®, f2,.... fN°Y whose components are used to construct the
ideal vector, by taking the maximum value of each correspmndomponent, i.e.,

N— max (f)), i=1,...,Nop. 3.2

Z|N J-:]--,--wNobj( i )7 3 ; Nobj ( )
Another useful reference vector, the utopian vector, isdeffito strictly dominate every solu-
tion in Pareto front.

Definition 3.6 (Utopia Objective Vector) A utopian objective vectaze R\ is an infeasible
objective vector whose components are formulated by

z’=7-B,i=1,...,Nop (3.3)

wheref3; is a positive parameter.

3.1.2 Classical Methods

An overview of usually used classical methods can be fouf2ih Most algorithms con-
vert the MOOP into a SOOP by using different assumptions. niim restriction of classical
methods in solving MOORP is that in each optimization proeedy one optimal solution can
be found and even different initial solutions cannot gusramifferent optimal solutions. Fur-
thermore, all the methods depend highly on the selectedredeas and require the prior in-
formation. Besides, some of the methods have limitatiorisding the non-convex solutions.
Despite these drawbacks, the key advantage of these elassthods is the fast convergence
rate and high efficiency. For this reason, classical mettikdsthe weighting method and
g-constraint method are employed in this work in conjunctigth evolutionary optimization
process.

Weighted Sum Method

The weighted sum method is a direct way to convert multipleaives into a single one.
When using the weighted sum method, it is advisable to nazen#the objectives first so that
the objective values are approximately the same magnitlile.normalization is performed
in a region defined by the ideal solution and the nadir satutio

— I.,
2 -7
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The optimization objective is then simply a linear combination of all scaled objectifgs

which is formulized as
Nob;

min z= 3 w;fj, (3.5
=1

wherew; € [0,1] is the weighting factor of thg-th objective, and it is usually chosen such
thatz'j\'ib{ w; = 1. An example employing weighted sum method is shown in EiRIE (a),
where the isolines of objective values are plotted, whoaedignt is the ratio of the weighting
factorsw;, andw,. Obviously, the obtained optimal values are highly depahda the choice
of weighting factors. As illustrated in Figure 3.2 (b), famconvex problems the real Pareto-
optimal solutionC will never be found by using the weighted sum method.

Feasible objective space

Feasible objective space

Pareto-optimal front

(a) convex Pareto front (b) non-convex Pareto front

Figure 3.2: lllustration of weighted sum method

Weighted Metric Method

The weighted sum method can be easily extended to higher-andthods, i.e., the weighted
metric method by minimizingdy, metrics:

min 1o = (5} ey (1)?) " (36)

herep can be any value between 1 ard The weighted metric problem is calledreighted
Tchebychefproblem if p is oo, which is formulated as

min |, = J'Emﬁal(obj (OOJ' fj) . (3.7)
The increase of valu@ also increases the difficulty to calculate the gradient,ciWwhirings
the difficulty to the application of the gradient-based noeth But the great benefit is the
enlarged explore region, e.g., Figure 3.3 (a) and (b) coetier unreachable Pareto front that

lies between solutioB andC. Obviously more solutions are obtained by the cpse 2.
Moreover, thewveighted Tchebycheffiethod is supposed to be able to find any Pareto solution
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even the non-convex solutiors [87].

f f . o
2 Feasible objective space 2 Feasible objective space fu

Feasible objective space

f;

................

@p=1 " (b)p=2 (c)p=w

Figure 3.3: lllustration of weighted metric method

e-constraint Method

The g-constraint method is first introduced by Haimetsal [4S]. It selects one objective
function to optimize and all the other objective functions aonverted into constraints by
setting an upper bound to each of them. The optimizationlenolis formulized as

min fi(x),
_ _ o (3.8)
subject to fj(x)<¢gj, j=1,...,Nopj, J#I.

Using e-constraint method, the non-convex solutions can also badio An illustration is
given in Figure 3.4, where A, C, B are three optimal solutiastisch were achieved when the
objective functionf; is under the constrairg;, & andes, respectively. It has been proved in
[87] that the unique solution of the-constraint method is Pareto-optimal for any given upper
bound vector = [e1,...,& 1,81, -, Engy -

Furthermore, Miettinen summarized the work of Wendell ard [111] and Corley [7.9] in
presenting a hybrid method that combines the advantagestiotiee weighting method ared
constraint method. Instead of one selected objective, thadimethod optimizes a weighted
sum objective and all the objective functions are employsedoastraints. The hybrid problem
to be solved is formulated as

Nobj
min 3 @k, (3.9)

subject to fj(x) <¢&j, j=1,...,Nopj

Using the hybrid method, the achieved Pareto solution isasiticted by the problem convex-
ity and one does not need to solve several problems or thiolktamiqueness to guarantee the
Pareto optimality of the solutions.
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Feasible objective space

Pareto-optimal fropt

& [ &

Figure 3.4: lllustration of e-constraint method

3.1.3 Evolutionary Algorithms

Evolutionary algorithms (EAS) cover a group of search antdmpation algorithms based upon
the natural evolution. The following details the workingnaiple and properties of EA using
genetic algorithm (GA) as an example.

Working Principles

The working principle of GA is to spread a set of solutionshia potential design space in a
randomized manner. Each solution, also known as the indijidan be represented by a vec-
tor of binary or real-coded parameters. Itis then assigrgdess value related to the objective
function in the optimization problem. Thereafter, the siolus are varied iteratively by the se-
lection, recombination and mutation process, which amaétized by mimicking the evolution
phenomena in nature, towards an optimal state. The seiempierator decides which solutions
are maintained and used as parents to produce new solutiotigeffollowing generation. A
solution with a high fitness value has more chance to be selext one of the parents than a
solution with a low fitness value. New solutions are the caration of existing good solutions
with some occasional variations. They are created by regw@tibn and mutation operators.
Recombination operator defines the way to create new spfubig combining and varying the
selected parent operators. Whereas the mutation opedatsmperturbations to the individuals
with a probability. It ensures sufficient population to beesal in the decision space, therefore
GAs have a global search ability after an infinite computatime. The recombination and
mutation operator are actually the exploitation and exgtion operator, respectively. The pur-
pose of the recombination operator is to pass the best iafitsmof the parent solutions to the
child solutions. While the purpose of the mutation oper#&dp find a better solution which
owns completely different characteristics from its pasent

Advantages and Disadvantages

Although conceptually simple, EAs are sufficiently comptexprovide robust and powerful
search mechanisms for solving MOOPs. The main advantageasére listed as follows:
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e EAs work on a set of candidate solutions, therefore unlikedlassical methods, they
are able to approximate the Pareto solutions in one compjeieization run.

e As stochastic methods, EAs are designed to have the aloilitpd both global and local
optima.

e They are derivative-free optimization methods, which nsakem attractive for solving
fluid flow optimization problems, for which it is usually nobgsible to get easy access
to the derivative information. Consequently, EAs can bdiagpo solving the problems
with either discrete or discontinuous design spaces.

e Another key advantage of EAs is that they are easy to implemih parallel comput-
ing, which greatly improves the optimization efficiency bylizing the fast progress in
computer technology and hardware.

e EAs work as black-box optimizers and are not problem-depend

Considering these advantages, the fact that EA as a papadised method require a large
number of function evaluations is less important and canveecome by employing the parallel
scheme or surrogated models instead of expensive exatidievaluations.

3.2 Modified NSGA-II

The applied evolutionary method is based on the nondomdnsdeting genetic algorithm |l
(NSGA-II) with several maodifications with regard to the ialization method, an external pop-
ulation, an additional selection process as well as thdlpbstructure, which are detailed in
the following sections. NSGA-Il is proposed by Debal. and has demonstrated its perfor-
mance on a number of multiobjective optimization probleus 1165, 118]. It belongs to the
catalog of elitist strategy, which means the best solut@arsbe directly passed on to the next
generation without having to survive the stochastic ojpesat The population size is set to
be Npop. In each generatiog, parent populatiorPy produces the child populatioQy with
size Npop by using appropriate selection, recombination and mutatigerators. Selection is
performed by crowded tournament selection operator. Itgayes two randomly selection so-
lutions and returns the one that dominates the other onesarta that has a larger crowding
distance than the other one if these two solutions are diffeo each other. The calculation of
the crowding distance will be detailed later. This proceggpeated as often as solutions must
be chosen. The selected parents then generate the chilthpop®@q by using recombination
and mutation operators. Since the algorithm is designeé tbke to deal with continuous and
discrete design spaces, both binary and real-coded gepetiators are included, where binary
operators can be used to handle the discrete design parajaetd the real-coded operators
are used for their superior ability to handle continuousdeapace optimization problems.
The recombination and mutation operators in NSGA-II arebihary operators like two-point
binary crossover, bit-wise mutation and read-coded opesdike simulated binary crossover
(SBX) and polynomial mutation. The NSGA-II works on the canda parent-child popula-
tion Ry with the size Ry TheNyop best solutions are chosen frdRg as the parent population
of the next generation with the help of Pareto front iderdtfimn and crowding sort procedures.
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Pareto Front Identification

Using Pareto front identification, the solutions are orderging the Pareto dominance concept.
All the Pareto nondominated solutions are denoted as thdfareto front%#; and copied into

the next parent populatioy ;. The remainder solutions then undergo the nondominated sor
again and the Pareto front is denoted#s j = 2,3,..., and filled intoPy, 1 successively as
long as the number of solutions Hy, 1 is less thaNyqp.

Crowding Sort

The Pareto front identification is repeated until the Pafietot .%; which cannot be fully ac-
commodated by, 1. Crowding sort is performed by using a crowding distanceet@anine
which solution in.#; should be selected to complete the populafgn. For each solution, it
first calculates the distances between this solution antkitghboring solutions in each objec-
tive dimension, then adds them together to get a sum disté&scustrated in Figure 3'5, the
crowding distance df-th solution is the average side-length of the cuboid. Thendary solu-
tions are assigned an infinite distance. These crowdingrdiss are then sorted in descending
order. The solution corresponding to a largest crowdintadie is least crowded and goes into
the populatiorPy; first. The crowding sort algorithm is given below, whéigis the number
of solutions in Pareto fron#}, the indexl" denotes the solution index of tiketh member in
the list sorted according to thre-th objective. Besidesfymax and fmmin are used to express
the maximum and minimum values of theth objective, respectively.

Af2

* [fl,min ’f2,ma><]

[fl,max ’fz,min ]
[}

=f1

Figure 3.5: lllustration of crowding distance

Algorithm 3.1 Crowding Sort
1. Set crowding distance.d- 0 for each ke {1,...,N;}.

2. for m=1,...,Nop; do
sort the Pareto sef#; to obtain the sorted indices vectbt = sort( fr, >).

3. for m=1,...,Nop; do

d|f]:d|“3 = 0
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for k=2,...,N;_; do
|m I
dip = dllr(n—l + ( mt— fnlfl) /(fm,max— fm,min)-

After this process is completed, the parent population ispietely updated and the whole
procedure is repeated until the stopping criterion is Batls

3.2.1 Initialization

Two options are provided in the modified NSGA-II to generéte initial population. One is
random initialization method, where the population is pret at random. This is also the
employed initialization method which is used more often.e goal is to include as much
information on the design spaces as possible in the inibalufation using same number of
individuals. To this end, Latin hypercube sampling (LHS}]jéan efficient multidimensional
sampling method for design of experiments (DOE), has beariamd as the other option to
explore the initial design spaces.

Using LHS, each design variable in a Ng,-dimensional design space has an individual
distribution functionD; in the given design region. The first step of the sampling tsaijen-
eration is to divide the range of each design variable Myg, intervals on the basis of equal
probability. Then in each interval, one value on the distiin function will be determined
randomly and these variables are combined in a random marith&ut repetition to generate
a sampling point. This process continues until all sampfioonts are generated. LHS offers
an efficient method of exploring the design region with a iexisample size. In Figure 3.6,
the generation of four sampling points by LHS is illustratdd this example, the sampling
points are generated in a 2D design spageandx, are associated with uniform and normal
distribution, respectively. The rangexafandx, are subdivided into 4 intervals of equal prob-
ability. The subdivisions are represented by the linesdhiginate at 0.25, 0.5, and 0.75 on the
ordinates of Figurz 3.6 (a) and 3.6 (b). Then the lines areneled horizontally to the cumu-
lative distribution functions, and dropped vertically taguce the four indicated intervals of
design region. Figure 2.6 (c) and Figure 3.6 (d) show twoiptessampling results by pairing
the randomly chosen values from each interval.

3.2.2 External Population and Final Selection

Although the crowding sort provides a way to select the smhgtfor next generation accord-
ing to the diversity, there is still a chance of losing thel feareto solutions, which happens
especially in the latter generations when the combined latipn contains more thalKyo, non-
dominated solutions. In that case, the real Pareto-optiolations may be removed and the
dominated solutions are preserved according to their drayvdistances. If the optimization
runs for infinity generations eventually all the final sabms will be Pareto optimal solutions.
However in practice, especially in engineering applicati\s usually run a limited number of
generations based on the available computer resource gittbering expectations. Therefore,
the goal is to keep as many nondominated solutions as pes$hlt of this reason, an exter-
nal archive is suggested for the storage of all the newly ig¢@eé Pareto solutions obtained
in every generation and it is updated during the whole pmac€ggure 3.7 explains this idea

24



o
~
2l

e
3
o

o
o

Uniform cumulative distribution
Normal cumulative distribution
o
o

1 1
1 1
1 1
1 1
1 : 1 :
i | U |xoep17 | Xe=287
1 1
i | xe=foq1 | |
025F - == --- | X1=2.51 ! X1=3.30 ] 025 ————==——==—== : I
| oX1=169 \ [
! 1 | Xx2=1.52] ' ! |
=0.89 | ! ! ] ‘ ! !
1 | | ! ! |
0 | I 0 n ! i . .
0 1 2 3 4 0 1 2 3 4
X1 X2
(a) uniform distribution (b) normal distribution
4 ; ‘ ; ¢ ; , '
l 1 1 l ! !
l 1 1 l : :
l | | l ' !
& o! | | i | e
[0.89,2.87]; i | i 251287 !
77777777
I 1 1 1
Rr--=---- ST 2 ] R 2r- osotea®, Tt T TR0 A ]
e s Bl i B ittt A P Y T--=-=-=-=-- - - — === = e - -
l 1 1 e l ® ! !
! ! | [3:30,152] . [1.69,1.52] | i
1| 1 1 1 ] 1t 1 : :
| | | | | |
| | | | ' !
1 l l 1 ! !
0 I I L 0 I | !
0 1 2 3 4 0 1 2 3 4
X1 X1
(c) 1st example (d) 2nd example

Figure 3.6: Generation of four sampling points in 2D design space usii§ L

well, where the red points, black points denote the solstionthe parent and child popula-
tion, respectively. In the combined populatiBg the Pareto front identification is performed
and the nondominated solutions are determined, which gresented by the blue squares in
the figure. Apparently in this generation the number of nomdated solutions is larger than
the population sizeNyqp Of them are selected to go into the next parent populd@gn and
meanwhile, the four newly generated nondominated solsitiocluding the ones that are not
accommodated iRy 1 are stored into the archive populatidg. At last a nondominated search
is performed on the whole archive population to get the fimab front.

3.2.3 Parallel Structure

The employed NSGA-Il is implemented in a parallel schemetiuce the computational time.
A summary of the available parallel evolutionary optimiaatmodels is given in [64]. For

example, the island model divides the population into ssv@&rbpopulations and runs a par-
allel EA, while using the master-slave model only the fumetévaluations are run in parallel.
Considering that for most of the shape optimization prolsi¢ne cost of function evaluations
is computationally much expensive compared to the comnatinit time, and all the func-

tion evaluations inside one generation are independengstemslave model is employed. In
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[ nondominated solution

Figure 3.7: Archive populationAg

a master-slave model, one master processor controls thie whtimization process by con-
ducting the genetic operators such as selection, recotitnin@nd mutation operators. All the
function evaluations are executed on several parallekgtsacessors. In each evolutionary
generation, all function evaluations are submitted to theesprocessors at once. It is a syn-
chronized process, which means that only after the funai@buations of all the individuals
on slave processors have finished, will the master processinue conducting genetic oper-
ations and the optimization process proceeds onto the readrgtion. Figura 3.8 shows this
working principle.

Master Processor

sojqeLieA ugiso(q
Objective values

O
Slave Processor

@)

Figure 3.8: Master-slave model for parallel function evaluations

In the test cases of this work, the parallel algorithm wonk$h® Hessian high performance
computer (HHLR) that is a cluster of 15 symmetric multipresar (SMP)-nodes with a total
number of 452 processors. Loadleveler is the employedIphjab scheduling system that
allows users to run more jobs in less time by matching each pbcessing needs and priority
with the available resources, thereby maximizing resoutidigation. It is important to empha-
size that the master-slave parallelization model does ffedttahe behavior of the algorithm;
the same optimal results can be expected when using a serethe. Sending jobs at one
time, the computational timigaraie can ideally be reduced tg/fh Of tseriqy Where it is assumed
that there are enough free processors so that all the joksnmediately after being sent and
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the communication time is also neglected.

3.2.4 Optimization Procedure

The complete optimization procedure of the modified NSGAalh be summarized in Figure

3.C.

10.
11.

DD @) s
No
O,

g=g+l 10

Figure 3.9: Flowchart of modified NSGA-I

. Initialize parent populatioRy and child populatiorQg.

. Evaluate the populatioQq at generatiorg by submitting function evaluations topar-

allel processors.

. Check if the function evaluation (flow simulation) is cenyed. If it is not converged,

then check if the maximum allowed times of design vector meg&tionsNmax iS €x-
ceeded.

. Regenerate the design vector using the mutation operator
. Merge populatior?y andQq into a combined generatidr.

. Conduct Pareto front identification Ry and apply crowding sort on Pareto froffy; to

generatePy, ;.

. Copy all the newly generated Pareto solutionBgto the external archiveg and update

Ag.

. Determine if the stopping criterion is satisfied.

. Perform crowded tournament selection®yn; and recombination operator on the se-

lected parent solutions.
Perform mutation operator to generate child populafgn.

Perform Pareto front identification on the current exdéarchiveAq to determine the
final Pareto-optimal solutions and terminate.
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Chapter 4

RBFN-Based Approximation Model

When solving a CFD-based optimization problem, the fumcégaluations can sometimes be
quite time consuming. Thus, one usually needs to make a-tfidetween the optimization
efficiency and evaluation accuracy, i.e., using the appmakion models to substitute parts or
all of the computational expensive CFD simulations requlvg the optimizer. These approx-
imation models are mostly constructed based on the priorrimdtion relative to the relation-
ship between the design variables and objective valuesdsinra database. In this chapter the
approximation model based on radial basis function netwWE&FN) is introduced, which is
incorporated in the proposed efficient optimization stypteSection 4.1 gives a general intro-
duction about the network structure and the commonly usdidirbasis functions (RBFs). The
emphasis lies on the network training and the methods ofrd@iang the important parameters
which are presented in Section 4.2. The last part of thistelhap a summary of the applied
models as well as their properties.

4.1 Introduction

4.1.1 Network Structure

Radial basis function approximations were firstly introgididoy Hardy in 1971 to represent
topographical surfaces given by sets of sparse scatterasurements; [10]. As a technique for
multivariant interpolation in a high-dimensional spat¢égas been found to be an effective tool
for function approximations. A well-trained RBFN model bdson a given input and output
data set can be used for predicting the unknown values.

A fully connected and feed-forward network RBFN is composédhree layers: input
layer x € RN, output layerf(x) € R and intermediate hidden layére RM, as illustrated
in Figure'4.1. Each neuron of the hidden layer correspondsgointc™ in the spaceRMv,
m=1,...,M. These points are referred to as network centersMmtknotes the number of
selected RBF centers. The output layer defined in this woeksesalar and only corresponds
to one objective. RBFN performs a non-linear mappgmgom the input layer to the hidden
layer, followed by a linear mapping to the output layer. The term 'feed-forward’ refers to the
forward direction of computing the output for a given inpiihe value of the hidden neuron
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Figure 4.1: RBFN architecture

hn, m=1,...,M is calculated by

whereg are usually nonlinear functions, known as RBEsdenotes the distance between the
input x and the network cent&™, which is calculated by

Nav _ A2
w0 = 2,V “2

where tha ' is the scaling factor and also called RBF radius. The scéédicmrs are employed
for the consideration that if the components of the inpuialde x have widely different scales,
without scaling some components may have little influencéhemetwork. Furthermore, the
scaling factor combined with a coefficieat, also determines the sharpness of the function.
For each dimension of the input vector and each RBF thereeparate scaling factaf' . It

is usually calculated by

m=q, : (4.3)

K\ : k
e (4) = min, (<)
wherexk denotes the-th design variable of thk-th point in the training set ani is the size

of the training set. Once the network centers and the cosifiod are determined, the output
f(x) of an arbitrary input can be calculated through the follaylinear relation:

M M
f(x) = lemhm: lemw(zm(X))- (4.4)

4.1.2 Radial Basis Functions

A RBF is defined as a real-value function whose value depenlysonm the distance from the
network center. Some of the most commonly used RBFs ard list€able 4.1. Each of these
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functions has its own properties. The Gaussian functionimretse multiquadric function are
locally response functions. They only give significant tesge in the near-center points; the
function values decrease with the distance from the cemgergp(z) — 0 asz — «. All the
other functions in Tablz 4.1 are global response functitims;function values increase with
the distance from the center, i.(z) — o asz— oo.

Table 4.1: Radial Basis Functions

Name ®(2)
Thin plate spline function ZIn(2)
Piecewise smooth Linear function z
Cubic function z

Multiquadric function (1+2)F,0<B<1
Infinity smooth | Inverse multiquadric function (1+2%)7Y,y>0

Gaussian function exp—22)
Cauchy function 1/V1+ 22

4.2 Network Training

The purpose of network training is to determine the coeffiicée = [w;, wy, ..., wv] and net-
work centerc™, m=1,...,M according to the selected set of poir{néﬂyk}E:l, which are
already known as the database. For an exact interpolatiemetwork centers are defined to
be all the points in the training set. Thus, there are as mangtibns as data points. The
coefficientw is easily obtained by the network training:

K .

S @@(z(X)) =y, i=1.. K. (4.5)

K=1

It can be written in a matrix form as

Pw=y (4.6)
with
p(x")  ez(xh) - ez (xh) W Y1
o | A #z00) N daL N R S e
§n(E) Pz - @z () x e

where ® is the interpolation matrix. According to Micchelli’s thesm 86], the infinitely
smooth RBFs listed in Table 4.1 will give a nonsingular co#fit matrix®, i.e., there is a
unique interpolation no matter how the data points are exeattin any number of space di-
mensions. While for the piecewise smooth functions, irgkxjion can become singular in the
multi-dimensional case. The proof and further discussitars be found in [12, 112]. This
work will restrict itself with infinitely smooth RBFs. Besd, Gaussian function and inverse
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multiquadric function have special properties, i.e., taey both strictly positive definite func-
tions 37], which ensures a positive definite interpolatinatrix ®. Using the above infinity
smooth RBFs, the matrig is invertible and the coefficient® can be simply calculated by

w=0oly (4.8)

However, using all points in the training set as network eenis computationally ineffi-
cient to calculate the inverse matrix. On the other side,nathe training data is noisy, the
function passing through all the data points will be ostifliggand unsmooth (overfitting). It
means that the network is too sensitive to the details of tcpdar training set and loses the
generalization ability. There are basically two ways toidvaverfitting. One is to use the
regularization technique to control the network smootlndisintroduces an extra term in the
network training with the purpose to penalize the unsmoatippmgs [92]. The other possi-
bility to avoid overfitting is to reduce the number of netwarnters. Besides, the network
centers must not coincide with the training points.

There are mainly two kinds of training proceduras [61]. Thstfapproach is a two-step
training, which determines the number and position of thevakk centers in the first step and
obtains the output coefficients based on the previously fieddork centers in the second. The
other approach performs a gradient-decent optimizatioth@sum-squared-error (SSE) of the
approximated output values and updates the network ceartdrsutput coefficients simultane-
ously using the gradient information. Since the latter apph requires a large computational
cost, it is not considered in this work. The following sen8@resents the methods applied to
determine the training set, network centers as well as ttmubuaoefficients.

4.2.1 Determination of Training Size

The approximation performance of a RBFN model is dependarthe training set, which
should be carefully selected because either a too large 0o arhall training set can lead
to bad approximations. When RBFN is employed as a local appaiion model, for each
unknown input, not all the members in the database but onrakadjacent points are selected
for model training. The first advantage of a local model isltveer computational cost for
training. The second is the alleged ability to produce betpproximations than a globally
built model, especially in the case of high-dimensionaluingpace. Algorithm 4.1 defines a
way to select the training set for a to be approximated ingatorx* [43], whereS denotes
the size of the database.

Algorithm 4.1 Training Set Selection
1. Define the upper and lower bounds of the size of trainind{ggt and Knin.

2. Calculate the distancg,zi = 1,...,S, betweenxxand all the points in the database
individually using equation 4.2, wherg is selected by

s <X:‘> a ie{Ti?S} <X:‘> ‘ ' (4.9)

3. Sort the distance ,z = 1,...,S and obtain the sorted indices vectosIsort(z, <).

=
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4. Calculate the average distancgzby

Kmin

Zave = Z 4, /Kmin. (4.10)
=1

5. for  Kmin < j <Knax do
if  2,/zae<15 then
(@) Add the j-th number into the current training set, set j + 1.
(b) Recalculate the average distangg.by
i-1, 3

Zave = Zave J +T- (4.11)

else  The training set collection stops and the training &izguals to j.

4.2.2 Determination of Output Coefficients

Using the two-step training approach, after the networkarsrare fixed, the coefficient®
will be obtained by minimizing the cost functi@using the regularization technique:

K

M
C=3 (= f(X)?+ 3 Amay, (4.12)
k=1 m=1

where the first part on the right hand side is the SSE betweempproximated output of
the network and the exact value in the database, the secohds @ added penalty term.
The fundamental idea of using the penalty term is to stabilie solution in order to prevent
overfitting. A is a positive number that is called the regularization p&tem which controls
the trade-off between reducing error and increasing theofimm. A larger value of, leads
to a smoother function. The minimization ©fis achieved by differentiating the cost function
C and set the derivative to be zero:

a1 (xK)

= =25 (F(X) =Y ) ——L + 2Amm =0, m=1,....M, 4.13
dor k;(( ) =Y I mWn (4.13)

where the derivative of the approximation functibfx*) can be obtained from equaticn (4.4):

k
a;g‘n) = ¢(zn(x). (4.14)

Substituting equation (4.14) into equation (£.13) leads to
K K
S 1099 (2 ) + Amcon = 3 o (7m(%)) . (4.15)
k=1 k=1

Thus, minimization of the cost functidd equals to solve a linear equation system:

O fAw=0>"y, (4.16)

32



where

AL O 0 o(z(x)  @(z(xh) o(zm (X))
A 0 A 0 e fP(Zl'(XZ)) 0(22(x%)) @(zm (X)) 4.17)
0 0 Ay §B(E) Pz(x) - glan(xK)
and
Y1 f1
y= y:z f= ff . (4.18)
v f

Substituting equation 4.4 ino 4.16, the coefficianthen can be obtained by

w=(PTO+A) Ty (4.19)

4.2.3 Determination of Network Centers

As previously mentioned, using all the points as centerd@étl to a minimum SSE. However,
it pays too much attention to the specifics of the training Eberefore when the data is noisy,
an overfitting of the data occurs that may not provide a googbigdization. The best model
is not the one with the least training error but the one withldast estimated prediction error.
To measure the prediction error, different model selectinteria (MSC) involving various
adjustments to the SSE have been proposed. Two of them greeddo this work: generalized
cross-validation criterion (GCV) [47] and Bayesian infatmon criterion (BIC) [100]. They
are defined as

T P2
GCV = LP);
(K—v)
(4.20)
sic _ K(n(K) —1)yyTP?%y
(K=vy) K~
with the projection matri¥P and effective parametegs, which are defined by
P=lk—®@O+A) 0", (4.21)
and
y =K —tracdP), (4.22)

respectivelylk is the identity matrix of siz«.

The center determination is accomplished in this work usivigrepresentative methods,
i.e., regularized forward selectior [2] and regressioa trethod [3] developed by Orr. Instead
of fixing the number of network centers in advance, both nugtselect the centers iteratively
from the training set according to the given rules. The adllgors are detailed in the following
paragraphs.
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Regularized Forward Selection Method

Forward selection has been used by Chkeal. to choose RBFN centers [16]. Afterwards,
Orr combined the regularization technique with forwaresgbn to improve its generalization
performance, i.e., to prevent overfitting. The selectiamcpdure starts from an empty center
set{c™M .. It goes through the whole training set and recursively aites point into the
center set. The chosen point should be the one that mostiynim&s the cost functiof. The
matrix form of the cost function in equation (4.12) is writtas

C=(Pw-y) (Pw—y)+w Aw. (4.23)

Equation (4.23) it can be further transformed as follows éfjring A = ®T® + A and substi-
tuting equation(4.19) and (4.21) into it:
C = Yy (PA LD~ I) (PA LD 1) y+Y DA IAA1OTY
— yTPyyT ¢A—1AA_1¢T) y
= Yy'Py+y"(®A? (A — ¢T¢> A*1¢T) y
= Y'PYy+yT (0A 10T (PA 10T 2) y

= Yy'Py+y' (P-P)y
= y'Py

(4.24)

According to Orr, in each iteration, as a new pahis added into the center set, the projection
matrix is updated by o

P | | TP
P (@) P (4.25)

)\i + ((P )TPm(p
wheretpi denotes thé-th column of the matrix® in equation (4.17) ané, is the projection
matrix obtained by projecting the training set mmetwork centers. Thus, the search for the
next center point is equal to maximizing the difference eftbst function&m.; andC, after
adding one more poirdt into the center sefc! }T ;:

I:>m+l =Pm—

_Pn@)? (4.26)
Ai+ (@) TPm@

Besides, the corresponding MSC is also calculated in eachtibn. The whole selection
procedure will stop when the MSC starts increasing due toéteork overfitting.

max Cyn—Cpi1=

Regression Tree Method

Combining regression trees and RBFN is first proposed by Kjntd and improved by Orr.
The basic idea is to recursively partition the input spate fiyperrectangles that correspond to
the nodes of a binary tree. Both the RBFN centers and raddetermined by the tree nodes.
The advantage of using a regression tree is that the infaymptovided in the split statistics
about the relevance of each input variable is utilized. Trecqedure using the regression
tree method to decide the network centers consists of these steps: the generation of the
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regression tree, the transformation from the tree nodesnietwork centers and the selection
of network centers.

The process of generating the regression tree is illustiat€igure 4.2. The root node of
the tree is defined as the smallest hyperrectangle inclualirthe training points{x"}ﬁzl. It
is shown in the figure with the nanidy. The root node is then split along a bound&yn
directionn,n=1,...,Ngy into two subset§ andSg, which is defined as

§ = {k:x§ <B},
S ={k:x>Bl.

The mean value of each subset is calculated by

(4.27)

1
yL - K_ z yk7

g (4.28)
1 :

YR=— Yk,
Kr ke

whereK| andKg denote the number of data points in the sutlgeand <, respectively. The
splitting is performed by varying the choice of bound&gnd dimensiom and the one which
has the least residual square error between approximatpdtcand exact value should be
selected as the way to split the root node. The residual equaror is calculated by

E(n,B) = % ( Y k=Y2+ 5 (yk—)7R)2>« (4.29)

keS. keSk

As shown in Figure 4.2 the initial splitting boundary is detened asBy, which splitsNg into
two child nodedN; andN,. Each child node is split again along the bound@yyandB,. The
splitting is repeated until the child nodes contain feweantsothan a predefined number. The
corresponding tree structure is given in Figure 4.3.

Bo
N ! v — — — = — = = - -
@ ° ‘::' ] Na1y
® .9 e
oL@t %
Bl 1: l" ‘
EpEp———
' ‘0 ®9 ¢ ™
1 1
'® @ |L_MN_______ o
! N> @ L No

Figure 4.2: Generation of regression tree

After splitting, network centers and radii can be obtainexhf the child nodes, the trans-
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Figure 4.3: Structure of regression tree

formation from thd-th child node to the corresponding center and radius cataledsas

c = % (rlll%x(x,'ﬁ) + E;lsn (xﬁ)) (4.30)
and
=3 (pe4) -po (%)) 3

where§ denotes the points set corresponding toitttechild node.

The next step is to select the RBFN centers from all of theezerdalculated using final
child nodes. The selection is accomplished with the help sfarch list and consists of the
following steps:

1. Initialize the search list and network with a root node.
2. Modify the network by removing the current node, adding onboth of the child nodes.

3. Choose one of the modifications which mostly decreasesstimated prediction error
using MSC, update the network accordingly and remove theotinode from the search
list and add its child nodes to the search list.

4. Repeat the process until the search list contains onlietn@nal nodes.

4.3 RBFN Summary

Obviously the accuracy of RBFN approximation models depantthe type of applied RBFs,
the selected training set as well as the training approalké.réduced center RBFN model has
the following properties:

¢ Not all the points in the database are used as the training set
¢ Not all the points in the training set are selected as netweriters.

e The network centers may be different from the points in tlaéning (regression tree
method).
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e Each RBF has its own adjustable scaling factor.

In this work the models will be constructed using two differ&inds of center determi-
nation methods, i.e., the regularized forward selectiah r@gression tree method, and incor-
porated into the evolutionary optimization process to apipnate the objective function. The
methodology and application results will be presented étixt chapter. Also, a comparative
study of the model accuracy using these two center seleat@ihods combined with different
RBFs and MSC is conducted. Furthermore, the exact RBF iolatipn model is combined
with proper orthogonal decomposition (POD) to approxintagewhole flow region, which is
shown in detail in Chapter 6.
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Chapter 5

Hybrid Optimization Technique

Evolutionary algorithms have been receiving increasingrast in solving CFD-based shape
optimization problems because of their derivative-freepprty and the capability of dealing
with global and multiobjective optimization problems. Assential challenge for the applica-
tion is the huge time consumption since EAs usually requlegge number of function evalu-
ations, which is especially true when the optimization peobhas a high-dimensional design
space, and the flow analysis may be computationally expensivthis chapter, an efficient
optimization methodology for solving flow shape optimipatiproblems is proposed, which is
based on EA for its attractive properties and meanwhile avgs optimization efficiency of
EA by adopting the following approaches:

e Combine a derivative-free deterministic optimization huet with EA to accelerate the
local convergence.

e Parallelize the function evaluations in EA to reduce the gotational time.

e Construct approximation models to substitute the exaattion evaluations to reduce
the computational cost.

e Employ a promising control procedure during the evolutigraptimization to improve
the approximation accuracy.

The proposed optimization methodology consists of two sdpgarts: the global search
using EA and the local search using deterministic methoae dpproximation models are in-
corporated into the global part. The complete optimizafioocedure is detailed in Section
5.1 anc 5.2 together with some special considerations oagheximation control, multiob-
jective local search and the employed deterministic methéd Section 5.3, the efficiency of
the optimization method, the accuracy of the approximatiwdel as well as the quality of
the optimization results are studied and presented by tatytical optimization problems and
two flow design test cases.
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5.1 Global Search

5.1.1 Global Search Procedure

The global search is the metamodel-assisted evolutior@aignization process. The modified
parallel NSGA-II is carried out using both an exact functitigh-fidelity flow solver) and
RBFN models for function evaluations. This optimizationgadure is illustrated in Figure 5.1.
The initial population is generated either randomly or gdiiS. In the firstpy generations the
objective functions are exactly evaluated. All the designters as well as the corresponding
objective values are saved into the database for the lat€&iNRBaining. Thereafter, in every
p generations there aggenerations that are exactly evaluated &pé- q) generations that
are evaluated using RBFN models. In evgrgenerations the last generation is defined as
the control generation, which is used to supervise thevditlg optimization process through
the evaluation of the approximation quality. RBFN is empgldyere as a local approximation
model, which means the training set is individually detexadi for each design vector and a
local model is trained afterwards. It is more likely to obtai better accuracy than the global
models when the optimization problem has high-dimensioleaign spaces. Besides, RBFN
works as an online approximation model. The database iscolestly updated and the value
of g in the nextp generation is adaptively changed. Parallel optimizaticmeme is only
activated for solving engineering optimization problerasd only the high-fidelity function
evaluations are performed in parallel inside a single gdimr. The global search stops after
a predefined number of generations.

Py p p

T 1

= =

| I

ql q2

| I |

. Generations conducting exact function evaluations
|:| Generations conducting approximate function evaluations

(] cControl generation

Figure 5.1: Evolutionary optimization procedure

5.1.2 Control Generation

The main function of the control generation is to improve #pproximation quality during
the optimization process and to ensure the accuracy ofi@atustaying in the optimization
direction, i.e., a correct convergence. In the control gatien, the Pareto-front identification
and crowding sort selection are performed on the combinedrgéionR, which is evaluated
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using both high-fidelity and approximation models. The naméf generations conducting
high-fidelity function evaluations in the next generation is determined by calculating the
approximation errors. This approach combines the ideadiigtual control and generation
control methods proposed by Jin [66]. Supposing the cumpenént population i$, the
control procedure is shown in FigLre 5.2 and summarized|ksvia

@ @ Exact evaluation
®0® Q @A imate eval uati
Q, @ ® ® g pproximate evaluation
@ Without evaluation

©9®e
“(Ges) + 00000
@ ® @

®)

Figure 5.2: Working procedures in the control generation

1. Choose the solutions from parent populatnusing tournament crowded selection,
then create offspring populatid@y by crossover and mutation operators.

2. EvaluateQg using RBFN models.

3. Conduct high-fidelity function evaluations on the sedddt, individuals, substitute the
inexact function values, update the database and calctlataverage percentage ap-
proximation error for each optimization objective by

~ . 2
1% (i —fix) .
ej"ave: J N—ei: (71:]'()() X 100% ] = l,...,Nobj, (51)

where f}(x) and f}(x) are the exactly and approximately evaluated function \safee
spectively. According to the approximation errors, the benof exactly evaluated gen-
erationsqg, 1 in the nextp generations is the determined by

e.
Qj.g+1 = Omin + {max< -J,ave 7 1) (G — qmin)J |
J,;max (5.2)
= max .
ot = (Aj.g+1) »
whereq; g1 is the value ofyy, 1 calculated according to thieth objective gmin anddni

are the minimum and initial value @f €j max is the allowed maximum error of thieth
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objective given by the user, and| represents the maximum integer. It is defined that if
one of the current average err@save is greater than the allowed maximum error, the
number of exactly evaluated generations in the megénerations is equal to the initial
one.

CombineRy andQq into Ry.
Perform Pareto front identification and crowding sortitam Py 1.

Select the Pareto solutions frdg, ;.

S L

Evaluate the solutions in the current Pareto set exaetlich were obtained by approx-
imation models, and include the newly generated ones irgatbhive populatiomy.
Then update parent populatiéy; ; as well as the database.

The global search is designed so that it runs fully autorabiyiavithout any manual in-
terventions. All the required parameters should be giveredar all before the optimization
starts. These parameters control the optimization preamedsapproximation accuracy. They
have significant influence on the optimization results amilikhbe chosen carefully. Tahle 5.1
gives a list of the necessary parameters for the global lsgattich can be basically divided
into four classes: optimization control parameters, gerpgrameters, approximation control
parameters and RBFN parameters.

5.2 Local Search

If the optimization problem has only one objective, the losarch will start from the best
solution obtained from the above global search. Applicatibthe local optimization method
is also straightforward. However, for MOOPSs the issues ssdmow to select initial points for
the local search from the current Pareto solutions and h@elte MOOPSs using deterministic
methods should be considered.

5.2.1 Starting Points of Local Search

In MOOPs, a large number of Pareto-optimal solutions wilbb&ained after the global opti-
mization run. Since it is inefficient and also unnecessanyswall of them for local search in
practice, it is recommended to divide the current Parettingeseveral subregions and choose
one solution from each subregion as the starting point feddbal search. The diversity is a
crucial issue for the selected points. Out of this constitarathe clustering method proposed
by Zitzler [113] is applied. Actually the clustering methoan be carried out on the complete
Pareto set or only on a part of it according to the design peafe. It divides the selected set
into several clusters according to their distances betweeh other and chooses one solution
that is closest to the cluster’s centroid in each clustehaws in Figure: 5.3. The algorithm is
detailed as follows:

Algorithm 5.1 Clustering Method

1. Initially, each Pareto solution belongs to a distinctstier G, i = 1,...,Np, where N
denotes the number of Pareto solutions.
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Table 5.1: Global optimization parameters

Optimization | Population size Npop
control Number of generations Ngen
parameters | Number of real DVs Nay,
Number of binary DVs Nav,
Number of objectives Nob;
Number of constraints Neon
Lower boundary of binary DVs X (i=1,...,Nay)
Upper boundary of binary DVs x,-Ub (i=1,...,Nay,)
Lower boundary of real DVs X" (i=1,...,Ngy)
Upper boundary of real DVs x (i=1,...,Nay,)
Function type 0 - analytical problem
1 - engineering problem
Number of parallel runs Np
Maximum number of DV regenerations
(if flow solver does not converge) Nrmax
Initialization type 0 - random
1-LHS
Genetic Recombination probability Pc
parameters | Mutation probability Pm
Approximation | Number of initial generations Po
control Generation control frequency p
parameters | Initial exactly evaluated
generations (irp generations) Qini
Minimum number of exactly evaluated
generations (irp generations) Omin
Number of to be recalculated
solutions in the control generation Ne
Maximum allowed approximation errarej max (j =1,...,Nop))
RBFN Type of RBFs 0 - Gaussian function
parameters 1 - multiquadric function

2 - inverse multiquadric function
3 - Cauchy function

Type of MSC

0-GCV
1-BIC

Center selection methods

0 - Regularized forward selectio

1 - Regression tree method
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. If the current number of clusters is equal to the expectadyer of local search starting
points Nocal, go to step 6.

. Calculate the cluster distanceg tbr each pair of clusters £and G, by

1

dc (C5,Cp) = CalGol

d(, j), (5.3)
i€Cq,)€Ch

where_: d is the normalized Euclidean distance between theisolof ¥ in cluster G
and X in cluster G,, and |C| denotes the number of solutions in the cluster C.

. Find the pair G and G, that corresponds to the minimum cluster distance.
. Merge these two clusters, go to step 2.
. Choose one solution from each cluster and remove thesthiée chosen solution is the

one with the minimum average distance from the other solstio the cluster.

f2

A
@ Selected starting point

cluster 1

chuster 2
cluster 3 %
cluster 4

Figure 5.3: Clustering method

5.2.2 Multiobjective Problems

As deterministic methods are not supposed to be used for MQIDECtly, when performing
local searches, the multiple objectives are converteddrgimgle objective first. The methods
utilizing weighting factors, which include weighted sum thred, weighted metric method,
and hybride-constraint method, are provided in these optimizatiom&aork. To ensure a
fast convergence of the local search, each starting poessigned with a particular weight
vectorw, which is called pseudo-weight vector [22]. The pseudogiveassigned for th¢-th
objective of then-th starting point is calculated by

(qn — Nob(j i,max |( ))/( i,max |,m|n) , h= 1?"‘5N|0Ca|7 (5_4)
21( fj,max— fj(xn))/(fj,max_ fj,min)
=
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where fi max and fi min are the maximum and minimum values of objectifferespectively.
A bi-objective optimization example is illustrated in Frgu5.4, where three Pareto-optimal
solutions, A/, B', C' are obtained by local searches starting from three initdhts A, B, C
and employing three different weight vectapd', w® and w®, respectively. For the function
normalization, the ideal point and nadir point need to bemeined first. In this case, they
are achieved by conducting local searches on each initiat gmat has the optimal value in
one of the dimensions in the objective space. It is assunadhhb obtained optimal solutions
after the local searches define the Pareto region. The paihhas all of the best solutions in
each dimension is considered as the ideal point. Simildre/point that has all of the worst
solutions in each dimension is treated as the nadir poigurgi5.5 gives an example, where
two objective functions vary in quite different ranges. tgsiocal search, the utmost initial
solutionsA andE are first optimized t@\ andE’ with the weighting factorg»® = [1,0]" and
wF = [0,1]". The ideal poinZ' and nadir poinZN are composed of the best and worst values
of solutionsA’ andE/, i.e.,Z' = [f' fF]T andzN = [fF | £4]T. Afterwards the objectives of
all the remaining starting solutions are scaled in the regiside the dotted lines.

f,

A

Feasible objective space

Pareto-optimal front

Figure 5.4: Local search using pseudo-weights

The selection of the appropriate method to convert a MOOPS@®P is dependent on
the individual problem. It can be decided by observing theet@aset after the global search.
For example, Figurz 5.6 illustrates a scenario where traarrepresent the calculated local
search directions. Obviously the optimal solutions lyimgloe Pareto regioA’'B’ andC'D’ can
hardly be found by using the weighted sum method. In this,caszcan consider the hybréd
constraint method by choosing a proper constraint for eacdd Eearch. If the current solutions
show an apparent non-convex Pareto front, then solvingvisighted Tchebychefiroblem
should be a good choice.
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Figure 5.5: Determination of nadir point, ideal point and scale region
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Figure 5.6: lllustration of a local search case

5.2.3 Deterministic Optimization Methods

Two optimization tools are suggested for the local searche © DFO (Derivative Free Op-
timization) developed by IBM T. J. WATSON Research Cent&f,[Bhnd the other is CON-
DOR (COnstrained Non-linear, Direct, parallel, multiatijee Optimization using trust-region
method for high-computing load, noisy objective functipdeveloped by Frank Vanden Berghen
[€]. DFO and CONDOR have the similar working principle andtbof them employ the
derivative-free trust-region method with the idea of comnj a trust-region framework with

a local approximation model built via polynomial interpida. In each iteration, instead of
optimizing the objective functioffi, the interpolation modef is optimized within the 'trusted’
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region, i.e.,
~ K

min  f(X) ~ f(X) = k;ork(n((x), (5.5)

where g is the fundamental polynomials amg is a nonzero coefficient. The trust radifis
defines 'trusted’ region around the current optimal soluémd should be carefully selected.
On one hand, it should be as large as possible to achieve #ategt improvement of the
optimization objective. However it must be sufficiently &d¢o provide good approximations.
Whether an optimization iteration is successful or not igeeined by evaluating the real
function valuef at the new obtained point and comparing the improvementizéd using
the real function value and the approximate value. If it iscessful, the new point is accepted
and used as the center point in the next iteration. The taditis in the next iteration is
enlarged if the improvement is really good. Otherwise the peint is rejected and the size of
trust radius should be reduced.

The decision of using DFO and CONDOR as a supplementary kmaich method is
guided by the following considerations:

e They are derivative-free methods. Although in each iterathe optimization of the
trust-region subproblem is derivative-dependent, thévaidres of the objective func-
tions with respect to the design variables (DVs) must notrogiged by the flow solver
because they can be extracted from the interpolation potjagidnside the trust-region.

e As deterministic optimization methods, they have a fastewerge rate to the local op-
timum than EAs. Also, several test cases have shown that RE&eidorms derivative-
based methods like the Quasi-Newton method concerningotineeoyence and accuracy
[109].

e Both DFO and CONDOR are designed for solving the optimiraficoblems with box
constraints, linear constraints as well as non-linear tcaimss.

e Both DFO and CONDOR are specially designed for problems aiihensive objective
function evaluations, which makes them suitable for sgilow shape optimization
problems.

e Both DFO and CONDOR require a continuous design region amdithensions of the
design space should not more than 50 due to the applied ahign technique. The
optimization problems considered in this work satisfy the=quirements.

Though they are implemented based on the same idea, theyrtiaoedifferences in sev-
eral aspects such as the way to conduct optimization inkil&raist-region , the determination
of the trust-region, and the criteria to update the trusiusad They are also different in the
way they build interpolation models. CONDOR uses Lagramggrmmials as basis functions
and always constructs a full quadratical model, which nexguat leastn+ 1)(n+ 2)/2 points
when the design spacetisdimensional. DFO employs Newton fundamental polynoméeals
the basis functions. Different to CONDOR, DFO does not neadly require a full quadratic
model. Especially at the beginning, DFO prefers performaptimization on the incomplete
interpolation set than evaluating new random points to detaghe interpolation set. Hence,
DFO is actually oscillate between using a first and secondrgydlynomial.
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Comparisons between DFO and CONDOR have been carried ouetgh®&n concerning
the number of function evaluations and the achieved optima set of benchmark problems
[2]. According to Berghen, in most cases when the dimensibtige design space is larger than
two, CONDOR outperforms DFO because CONDOR employs a maneraie interpolation
model (full quadratic) to guide the search, which is esplgcéalvantage in higher dimensions.
Meanwhile, it is also pointed out that if the dimension of gearch space is greater than
25, DFO may becomes attractive because CONDOR needs marofuevaluations at the
beginning of the optimization process to build the full gt approximation model, and the
cost of this part will increase quadratically when the nunddelesign variables increases. The
performance of these two optimization tools are also coswthéy Harth in [51], where the
shape optimization of a pipe conjunction is considered wapect to the pressure drop. The
comparisons are performed by using 6 and 14 design variéblésfine the shape variation,
respectively. A remarkably similar optimal pressure dmpéhieved by DFO and CONDOR.
In case of 6 design variables, the result obtained by DFQghts} better than CONDOR. The
number of function evaluations required by DFO and CONDQ&RI418 and 100, respectively.
However when the design variables are 14, DFO requires @f8atless function evaluations
than CONDOR to achieve the optimum. It is can also be obsettvadonce the model is
built, the convergence of CONDOR is very fast. The resultsHayth are not completely
consistent with those obtained by Berghen. However, batlliest have verified that DFO
has a shorter initialization phase but a relative long nefephase compared to CONDOR.
As to the optimization results, neither DFO nor CONDOR carsdid to be absolutely better
than the other. Regarding the required number of functicaluetions, it is agreed that for
a higher dimension design space CONDOR requires a largebewaf function evaluations,
but it seems possible that the definition of higher or lowenatisions is dependent on the
optimization problems and there is not a uniform boundary.

5.2.4 Local Optimization Procedure

The local optimization consists of four main steps. A flowtlsgiven in Figure 5.7. In the
first step, the algorithm reads all the Pareto-optimal gmigt obtained by the global search,
from which the starting points of the local search are setkeising the clustering method.
Then the maximum and minimum values of each objective arelsed to calculate the pseudo-
weight vectors for all starting points. In the second stég, local searches are performed
separately using the selected local optimization methad, DFO or CONDOR. For each
local optimization only one of the objectives is consideradd the starting point should be
the point with the current optimal value of the correspogdatbjective. Step three sorts all
the objective values of the solutions obtained by localrojations in step two. The best and
worst values of each objective are selected as the commoaktite ideal and nadir points. In
the last step, the remainir{®oca — Nobj) points are locally optimized. Each process involves
the normalization of the objective functions using the gkted nadir and ideal points, the
formulation of the optimization objective, and the conduetof the local optimization. The
local searches in the second and the fourth step are indepefrdm each other and can be
performed in parallel.
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Figure 5.7: Local search procedure

5.3 Test Cases

In this section, two analytical optimization problems, @fhcorrespond to a convex and a non-
convex Pareto front respectively, are solved. Besidesfitsteone investigates the influence
of the RBFN parameters and approximation control parametsrd the second one verifies
the ability of the hybrid optimization method for solvingetbptimization problem with a non-
convex Pareto front. Afterwards, two numerical shape agtition problems are considered,
which are a single-objective pipe shape optimization andabjective heat exchanger shape
optimization, to illustrate the performance of the hybratimization method in engineering
applications. In all of the test cases, a set of referenagienk are calculated by the NSGA-I
runs, which only employ the exact mathematical functionightidelity flow solver to calcu-
late the objective values. The performance of the propogbddoptimization methodology
is evaluated by comparing the obtained solutions with tFereace solutions after both global
and local optmizations. In the global part, the comparisooairried out based on the results
using same number of exact function evaluations. In thel lpa#, the final solutions using
the hybrid method are compared with the reference solutimaisare obtained after a relative
large number of generations, which will be individually deiil for each test case. Besides,

48



for all of the test cases in this chapter, crowded tournarseleiction, SBX crossover and real
polynomial mutation are employed as the genetic operators.

The optimization performance is evaluated concerningehaired computational cost and
the quality of obtained optimal values. Because the prapbsrid optimization method is
specifically designed for the engineering shape optindnagiroblems, where the computa-
tional cost required by optimization algorithm itself ame tapproximate function evaluations
is negligible compared to the high-fidelity flow simulatidhe computational cost is measured
based on the number of evaluations conducted by using thestitwgr. Also in analytical test
cases, it is assumed that the exact function evaluationsiace more expensive than the con-
struction of RBFN models, although this is not exactly theecaAs to the quality comparison
between the optimal solutions, it is simple and straightvfod for SOOPs. For MOOPs, since
the results are usually a set of nondominated solutionsquladity evaluation considers both
the distance of the obtained solutions to the true Paretd &nod their distribution. According
to [73], a comprehensive quality comparison is mainly basedhree criteria: hypervolume
[11<4], spacing [99] and set coverage metric [115]. They afendd in detail as follows:

Hypervolume

HypervolumeHV provides a way to measure the distance of the Pareto sddutiothe true
Pareto front. By introducing a reference pdiythe hypervolume is defined as the union of all
the hypercubes constructed using the Pareto p8iats” and the reference poifRin the ob-
jective spaceZ” represents the current Pareto set , and the nadir point caselefor example
as the reference point. Figure 5.8 illustrates the hyparaelin a bi-objective problem. It is
believed that a Pareto front that is closer to the true Pdiretd or more uniformly distributed
more likely corresponds to a larger hypervolume.

Hypervolume

fZA

Pareto-optimal front

Figure 5.8: lllustration of hypervolume of a bi-objective optimizatigproblem
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Spacing
The spacingSPof a Pareto front is calculated by

SP= (. min —d , 5.6
\/NP 21 | mln avemln) ( )

whered; min anddavemin are the minimum distance of theh Pareto solution to all the other
solutions in the Pareto front and the average value af alh, i = 1,...,Np, respectively. The
mathematical expressions are as follows:

dimin = fl — fK
i,min ke(L mldg/\k#l ( g | T m|> 5.7)

Np
c‘ave,min = (dl mln/NP)

SpacingSPis used to measure the Pareto front distribution. A smakbdwes corresponds to
a more uniformly distributed Pareto front. It should be nmmd that the spacing is not a
judgment of the spread extent of Pareto solutions. Bothisgand hypervolume are sensitive
to the scaling and should be calculated after the normadizadf the objective values in the
objective space.

Set Coverage Metric

Set coverage metric compares two Pareto solutions dirbgtiyjeans of dominance concept.
The percentage of solutions in the Pareto$&tthat are weakly dominated by the solutions
in Pareto set?! is defined as the set coverage me®CM 221, 22). In the same way,
SCM 22, 221) represents the percentage of solutions in the Paretc”3ethat are weakly
dominated by the solutions in Pareto set.

5.3.1 Analytical Test Case 1 - ZDT1

The first analytical test case ZDT1 is one of the ZDT test motsd taken from a series of
test problems designed by Debal. as benchmark tests of MOEASs [20]. They are scalable,
algebraic and bi-objective optimization problems. Therdeaomplexity can be varied by
changing the number of design variables. The problem stitis given by

min  f1(X),

(5.8)
f2(x) = g(x)h(f1(x),9(x)).
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In ZDT1, f1(X), g, h and the design variabbeare defined as follows:

f]_(X) =X1

9 Nav

Xi
Nay — 122

g(x) =1+

(5.9)

Global Optimization

In the global search, the modified NSGA-II is applied, anceotiye functions are evaluated
by using both exact function calculation and RBFN models ifiitial parent population with
a size of 100 is generated using LHS. The recombination pitifyapm, is 0.9 and mutation
probability p. is defined as ANy, = 0.033.

The results of the global search obtained by employing diffeRBFN models and various
size of initial database are compared in this test case.aksemed that the mathematical for-
mulations of the objective functions are not available. @pproximation control parameters
are listed in Table 52. To investigate the influence of RBRxameters, the RBFN models
are constructed using two center selection methods, eégujarized forward selection and re-
gression tree method, combined with four different RBFs @ model selection criterion
(MSC). The employed RBFs are Gaussian function, Cauchytitmcmultiquadric function
and inverse multiquadric function, and the combined MS@areeralized cross-validation cri-
terion (GCV) and Bayesian information criterion (BIC). Al the 16 RBFN models are used
to evaluate 100 randomly selected solutions. Figurz 5.9gute 5.10 plot the comparison
of average percentage approximation errors of these méatettmth optimization objectives.
It can be observed that for the first objective, generallngisegression tree leads to much
better approximation results than using regularized fodvélection. The minimum average
approximation error is achieved when using Gaussian foneid BIC as the RBF and MSC
respectively, which is 0.14%. As to the second objective niinimum average approximation
error is 4.09%, which is achieved by using regularized fodrselection to determine the cen-
ters, multiquadric function as RBF and BIC as MSC. Besidesjwo comparison plots reveal
that a good choice of RBFs is very important when using theleeized forward selection
method since except for the multiquadric function, all thieeo RBFs fail to provide a good
approximation; while, when using regression tree methioel,selection RBFs and MSC has
minor influence on the approximation accuracy. Based ondhgarison, the best model for
each objective is selected for the later approximation.

The global optimization run 100 generations, which requB6 exactly evaluated gener-
ations and 6325 exactly evaluated functions. The averagemage approximation error in
each control generation and the number of exactly evaluggedrationg in the next round
are shown in Figure 5.11. Because the approximation erfdh&dirst objective are negligible
compared to those of the second objective, the valugisfonly dependent on the approxi-
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Table 5.2: Approximation control parameters (ZDT1)

Parameten| Value
Po 22
p 6
Qini 5
Omin 1
Ne 25
€max 6%

36
g T T T

—@— Regularized forward selection 4
—— Regression tree

30

241

18

12

6F

i il n
[M,GCV]

[G,GCV] [G,BIC] [C,GCV] [M,BIC] [,GCV] [1,BIC]

05 T T T T T T
0.4
0.3

[
0.2

Average percentage approximation error (%)

0.1F -1

[G?GCV] [G.BIC] [C.GCV] [C.BIC] M,GCV] [M,BIC] [.GCV] [L,BIC]

Radial basis function (RBF) and model selection criterion (MSC)

Figure 5.9: Approximation error of the 1st objective against RBFN med@DT1)

mation error of the second objective. An adaptive adjustroém according to the error in
the prior control generation can be observed. An increaspwifl lead to a reduction of the
approximation error in the following control generationheTapproximation models tend to
be more accurate as the optimization proceeds. In Tablehe uality of obtained nondomi-
nated solutions is compared with that of the reference isoisiobtained using also 6325 exact
function evaluations. Meanwhile, both solution sets addtetl in Figure: 5.12. Obviously, the
solutions obtained by employing approximation models #&ser to the true Pareto front and
have a better distribution, which can also be verified by fgbdr hypervolume and the lower
spacing value. Beside, Tahle 5.3 shows that 96.67% of tleeeede solutions are dominated
by those obtained using both exact evaluations and RBFN Isode

Furthermore, the influence of the approximation controlapaaterspg is investigated.
Three optimization runs are conducted by varying the vafugyoFigure 5.13 plots the aver-
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Figure 5.10: Approximation error of the 2nd objective against RBFN med&DT1)

Table 5.3: Performance comparison of the optimal solutions afterglsbarch (ZDT1)

No. of Run 1 2
Optimizer NSGA-II (exact) NSGA-II (exact + RBFN)
Hypervolume HV) 0.8361 0.8808
Spacing &P 0.0089 0.0058
Set Coverage metriSCM) | (2?2, 21) = 96.67% (21, 2%)=0

age approximation errors of both objectives in every corgemeration as well as the value of
gin the next round. Table £.4 compares the number of exacéluated generatior¥yene and
number of required exact function evaluatidsgn ¢ of three optimization runs as well as their
performance with respect to the hypervoluM¥, spacingSPand set coverage metr&CM
Besidesgave, the average value af calculated in all the control generations is also listed for
each case in Table 5.4. It can be observed from the figure thiae deginning of the opti-
mization the approximation error corresponding to a lamggis smaller. Consequently, when
the approximation error is larger, a larger valueqab required to supplement the database
in the subsequent generations. After about 6 control géorsa since the database includes
more and more points, there is no longer a distinct diffeedmetween the approximation er-
rors of three optimization runs. In Takle 5.4 the averageevalf g in the control generation
indicates again that when the initial valuemfis smaller, more exactly evaluated generations
will be required in the following generations. Regarding tiptimization performance, when
comparing the hypervolume and spacing, the solutions o$éigend run are the best and the
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|:| g-value in the next p generations

Average percentage approximation error (%)
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Control generation

Figure 5.11: Average percentage approximation error gadhlue in control generations
(zDT1)

solutions of the first run are better than those of the thirdweler, the largest percentage of
the solutions from the second run is dominated by the salstfoom other two runs. Also a
larger percentage of solutions from the first run is domithdte the solutions from the third
one than reversed one. A comparison of the results showsa taegerpg is not a prerequisite
for the better solutions. Actually this exactly verified thdvantage of utilizing control gener-
ations, i.e., an adaptively changed number of exactly etatligenerationg according to the
approximation error.

Table 5.4: Performance comparison of Pareto solutions with diffegn@ZDT1)

No. of | po NSGA-II (exact + RBFN)
run Ngene | Nune HV SP SCM Oave
1 22| 60 6325 | 0.9770| 0.0056 (932,931):29.10% 2.75
(23, 21) = 40.29%
2 16| 58 6150 | 0.9819| 0.0050 ((@{(@2):4399% 2.84
(23, 2?) = 48.32%
3 10| 56 5975 | 0.9702| 0.0058 (ﬂl,ﬂ3):38.19% 2.92
(22, 23) = 37.50%

Local Optimization

Using the clustering method, 14 solutions are selected tfrmmondominated solutions ob-
tained by the global search as the starting points of the ss@ch. They are plotted in Figure
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Figure 5.12: Optimization results comparison after global search (ZPpT1

5.14. The weight vectors are calculated and assigned thailly to each local search. A
hybrid method that combines the weighted sum arxbnstraint method is applied, which
optimizes the weighted sum of both objectives and meanwisiés bothf; and f, as the con-
straint functions. For theth local searchg] ande) are set to be the objective values of the
corresponding starting point, i.ef.i and fé, respectively. DFO is employed as the local op-
timizer. For these 14 local optimizations, only 1134 exaciction evaluations are required,
even when the number of design variables is 30. Includingthtuations in the global search,
the hybrid method needs a total number of 7459 exact funet@tuations. Figure 5..14 plots
both the final solutions and the reference solutions thabhir@ined by running 200 NSGA-II
generations (20000 exact function evaluations). Reshtw ghat the solutions obtained after
local searches have a good diversity and 13 of them domionate sf the reference solutions.

5.3.2 Analytical Test Case 2 - FON

The second analytical test case FON is built by Fonseca ardifd) [40]. It is a bi-objective
nonlinear minimization problem with a non-convex Paretfr and the two objectives are
symmetric and conflicting. The problem statement is given by

min fl(x):l—exp(—dev(Xi— L )2>7

i1 VNy
fo(X) =1— exp(— :\I_Zdi(xi + %dv)2> , (5.10)

—4<X= [X]_,...,XNdV]T <4,
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Figure 5.13: Comparison of average approximation error gaehlue in control genera-
tions with differentpy (ZDT1)
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Figure 5.14: Comparison of final optimization results (ZDT1)

The search complexity varies with the number of design éegaand\y, is set to 10 in this
test case.

56



Global Optimization

Using the hybrid optimization method, NSGA-II first runs 5&ngrations with a population
size of 60. The recombination probabilipt is 0.9 and mutation probabilitpy, is 0.1. RBFN
models are constructed using regularized forward selettialetermine the network centers.
Besides, multiquadric function is employed as the RBF an/@&Qised as the MSC. The ap-
proximation control parameters are listed in Teble 5.5. 8lerage percentage approximation
errors and the values gfin all control generations are plotted in Figure 5.15. A ltotamber
of 2210 exact function evaluations are performed in thealsbarch. Like the prior test case,
the Pareto solutions and the reference solutions obtaisiad same number of exact function
evaluations are plotted in Figure 5.16. Table 5.6 gives &m@ta quantitative comparison of
both Pareto sets, which verifies again that employing appration models leads to a faster
converge and yields a Pareto front with larger extent.

Table 5.5: Approximation control parameters (FON)

Parameten| Value

Po 15
p 6

Gini 4

Omin 1
Ne 25

€max 8%

9 T T T T T
E —&— Objective 1

81 —®— Objective 2 4

|:| g-value in the next p generations

Average percentage approximation error (%)

21 27 33 39 45 51 57
Control generation

Figure 5.15: Average percentage approximation error gagalue in control generations
(FON)
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Figure 5.16: Optimization results comparison after global search (FON)

Table 5.6: Performance comparison of the optimal solutions afteralsbarch (FON)

No. of Run 1 2
Optimizer NSGA-Il (exact) | NSGA-II (exact + RBFN)
Hypervolume HV) 0.2235 0.2731
Spacing 6P 0.0235 0.0119
Set Coverage metriSCM) | (2?2, #1) =8214% (21, 2?) =8.82%

Local Optimization

The local search starts from 15 solutions selected from thmeeot Pareto front, as shown
in Figure'5.15. Since it is observed from the current sohgithat the Pareto front is more
likely to be non-convex, theveighted Tchebychefihethod is applied for the local search.
Pseudo-weights of the optimization objectives are caledland assigned to different local
searches. DFO is employed as the local optimizer and the d&8 tans need 3376 exact
function evaluations, which means overall 5586 exact fonatvaluations are required by the
hybrid method. The final solutions are well distributed astel in Figure 5.17. Compared to
the reference solutions after 200 generations (12000 éxaction evaluations), they spread
in a larger range and 14 solutions dominate part of the neéersolutions.

5.3.3 Numerical Test Case 1 - Pipe Junction

To illustrate the efficiency of the proposed optimizationtimoglology in engineering applica-
tions, the shape optimization of a 3D pipe conjunction ig fimnsidered as a numerical test
case. Comparisons using different optimization scheme<arried out with respect to the
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Figure 5.17: Comparison of final optimization results (FON)

quality of the achieved optimal values and the required adatfpnal cost.

Optimization Problem Definition

An initial sketch of the investigated geometry is shown igufe 5.13. The optimization ob-
jective is to find the optimal shape of the conjunction @2tin order to obtain a minimum
pressure dropj\p between the inlet and the outlet of the pipe. The flow mediuasgimed to

be water with constant density and viscosity= 1000kg/m3, u = 10-3Pa). The characteris-
tic Reynold number is 200 based on the diametéradd the inlet velocity. In the numerical
design optimization process, the shape deformation idrauteby using free form deforma-
tion (FFD) on a shape box aroum®. As shown in Figure 5.2.9, the shape box is discretized
equidistantly using 4 points ir-direction, 3 points iry-direction and 3 points iz-direction,
which yields 32 control points on the shape box surface. Dméral points on the corners can
not be moved in order to assure the connection to the garisndB3. 8 control points that
directly intersect with the pipe surface, are selected tonbged perpendicularly to the pipe
surface with an initial amount d¢ /20 and generate 8 shape basis vectors (SBVs) correspond-
ingly. The deformation directions of the selected contmhfs and the corresponding design
variables are given in Figure 5.20. The deformations arathed iny-direction between 0 and
20H, which means that the maximum total amount of the controhtpdisplacement in the
y-direction isH /20% 20H = H?2. Different constraints are also given in tkeplane.

The flow model is considered to be a steady, laminar, incossfe Newtonian fluid flow
governed by the Navier-Stokes equations with necessarpdaoy conditions. The spatial
discretization employs 32768 control volumes and FASTES@mployed as the flow solver.
The pressure distribution of the initial configuration igagi in Figure: 5.21. The initial pressure
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B3 Outlet

Figure 5.18: Sketch of the initial geometry configuration (pipe - 8 DVSs)

- :

Figure 5.19: Shape box discretization and the selected control poiijie 8 DVSs)

(a) y-direction (b) xzdirection

Figure 5.20: Deformation directions and the corresponding DVs (pipe V@D

drop Apini = 0.5385Pa. The optimization objective is to achieve the marinedficiency of
pressure drop reduction, which is defined to be the ratio e$qure drop reduction to the



pressure drop of the initial configuration:

(Apini —Ap(X))

x 100% 511
Apini ° (.11)

Np(X) =
where the pressure drdyp is defined by
AP(X) = Pin — Pout. (5.12)
The mean pressure of the inlet and outlet section is

ffAC pdAc
S Ja 0AC

whereA: is the cross-sectional area of the inlet or outlet.

p= (5.13)

MM I T

PRES: -0.55-0.50 -0.46 -0.41 -0.36 -0.32 -0.27 -0.23 -0.18 -0.13 -0.09 -0.04 0.01

Figure 5.21: Pressure contour of the initial configuration (pipe - 8 DVs)

In summary, the optimization problem is formulated as

max Np(X),
with X=[xg,...,%g]",
subject to O< Xg,...,Xq < 20H, (5.14)
0<Xs5,Xg <8H,
0 < Xg,X7 < 15H.
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Optimization Runs

To compare the optimization performance, five optimizatiams are carried out with different
optimization schemes.

The first optimization run only employs the modified NSGA-H the optimizer. When
solving the single optimization problem, the optimizatimmcedures of Pareto front identifi-
cation and crowding sort selection can be simplified by jhstosing the bed,q, solutions
from the combined populatioR into the next generation. Also, it is not necessary to use
the external archivé and conduct final nondominated sort. In this optimization, rail the
objective functions are evaluated by flow solver FASTEST.a#afiel scheme is used so that
in each generation, the function evaluations are sent mmebusly to different processors.
The population size is 20. The initial population is genedatandomly in the feasible region.
The recombination probability and mutation probabilite pr = 0.9 andp,, = 0.125, respec-
tively. The stopping criterion is defined so that the optienigtops automatically if there is no
improvement in the objective function for 10 continuous g@ations. The achieved optimal
solution by this optimization run is used as the referendatisn for the later comparison.

The second optimization run also only employs the modifiedGNSI as the optimizer.
The difference is that both a high-fidelity flow solver and foest RBFN models are used for
the function evaluations. The approximation control patars are given in Tabe 5.7. The
Gaussian function and GCV are chosen as RBF and MSC resglgdiiv RBFN construc-
tion. The network centers are determined using the regeldtfiorward selection method. The
stopping criterion is defined in the same way as that in thedpmization run.

Table 5.7: Approximation control parameters (pipe - 8 DVS)

Parameterl Value
Po 2
p 3
Qini 1
Omin 0
Ne 4
€max 0.15%

The third and fourth run combine both global and local seafidie global search is con-
ducted by choosing the same parameters as those in the ssgtimization run. The differ-
ence is that the optimization stops before the stoppingrait is satisfied. Then the local
search starts from the current optimal solution and emp@PINDOR in the third run and
DFO in the fourth. For both DONDOR and DFO, the initial trusgion radii are equal tél
and optimization process will be stopped automaticallyé sampling distance of CONDOR
or the trust radius of DFO falls below 0.0001.

The last run is only performed by CONDOR with the same optatiin parameters as
those in the hybrid optimization run. The initial shape iedigs the starting point for this
optimization run.
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Results and Comparisons

The RBFN approximation error of each control generationagigd in Figure 5.22. An adap-
tive adjust of the approximation accuracy can be observed,if the average percentage ap-
proximation error in the control generation is greater thatallowed maximum error, there
is one generation conducting high-fidelity flow simulationtihe next five generations, which
leads to a reduction of approximation error in the next acdrgeneration.
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Figure 5.22: Average percentage approximation error gadhlue in control generations
(pipe - 8 DVs)

Since the computational cost of RBFN can be negligible caethbéo FASTEST evalua-
tion, only the number of FASTEST evaluations is considemdlie evaluate of optimization
efficiency. The optimization history of the five optimizatiouns is plotted in Figura 5.23.
Besides, the optimization performance concerning the mawi efficiency of pressure drop
reduction, the number of function evaluations requireddaieve the optimum as well as the
total number of FASTEST evaluations required by the optti@n run is compared and sum-
marized in Table 5.8. It can be observed that the first opétigna run obviously has a slow
convergence rate in the near optimum region. It took 780 HASI evaluations to get the
optimal solution and a total of 980 FASTEST evaluations toog@vergence. It improves the
pressure drop reduction efficiency t0.@4%. All the other runs involving the evolutionary
global search find the optimal solutions with the same qual# the reference solution. In
the second run, when the approximation model is employethgltine optimization process,
the required number of FASTEST evaluations to achieve thienom is reduced drastically
to 356. A further improvement of the optimization efficier@an be achieved by applying the
hybrid optimization method. The local search starts frotatsmn S, which corresponds to 100
FASTEST evaluations. The working principle of the two losakrch algorithms that were
employed can be verified through the observation of theivemence behaviors. CONDOR
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needs 45 FASTEST evaluations at the beginning to constfutitquadratic model. Thereafter,
it converges quite fast to the optimum. While DFO starts hystaucting only an incomplete
model, but updates the model as well as the optimal solusospan as it is available, and it
takes longer than CONDOR to get convergence. Even thoudh,lbcal searches accelerate
the optimization process, which demonstrates the exddtbeal search ability of CONDOR
and DFO. Furthermore, the comparison to the result obtdigdtie fifth run shows that start-
ing CONDOR from the point in the near optimum region is mokelly to find the global
optimum. Apparently, CONDOR fell into a local optimum whearsing from the initial point.

25 ;

24.1 T T T
20 24 4
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B Starting point (local search)
NSGA-II (FASTEST)
—— NSGA-II (FASTEST+RBFN)
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—— NSGA-II+DFO (FASTEST+RBFN)

'—,—) —— CONDOR (FASTEST)
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Number of FASTEST evaluations

Figure 5.23: Convergence history of all optimization runs (pipe - 8 DVs)

Table 5.8: Optimization performance comparison (pipe - 8 DVs)

Optimizer Optimal Np | NFasTEST Total NpasTeST
NSGA-II (FASTEST) ~24.09% 780 980
NSGA-II (FASTEST+RBFN) ~24.09% 356 392
NSGA-II+CONDOR (FASTEST+RBFN]} ~24.09% 153 175
NSGA-II+DFO (FASTEST+RBFN) ~24.09% 206 246
CONDOR (FASTEST) ~23.19% 153 191

Quite similar design variables corresponding to all thénoak solutions are obtained. The
optimal configuration achieved by the hybrid method (NSGA-CONDOR) is used here for
an illustration, which is given in Tabe 5.9. In Figure £.2¢8dib.25 the pressure distributions
of the initial configuration and optimal configurations ammpared in thexy- and xzplane,
respectively. Symmetry deformations in bgthandxzdirections can be observed and there
is almost no deformation caused by the shape basis vett@sdt’. It is also shown in
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Figure 5.2 that the recirculation regions before and dfterconjunction in the initial pipe
configuration disappear in the optimal configuration, ancew recirculation appears in the
middle part of the pipe conjunction. On one hand, recirdoatan bring an increase of the
pressure drop due to the additional energy dissipation. h@rother hand, recirculation can
reduce the energy loss, which can be explained by the facththavall friction, another factor
leading to energy loss, is proportional to the wall she@sstrwhich is correlated to the normal
gradient of the tangential velocity component at the wail] ¢he recirculation reduces the
gradient. Apparently the achieved best configurationzedithe recirculation mostly to reduce
the energy loss.

Table 5.9: Optimal solution obtained by NSGA-1I+CONDOR (pipe - 8 DVs)

DV X1 Xo X3 X4 X5 X6 X7 X8
Value | 7.70H | 8.89H | 7.71H | 8.86H | 8.00H | 0.68H| O | 8.00H

Y
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Figure 5.24: Pressure contour of initial configuration (left) and optincanfiguration
(right) in xy-plane (pipe - 8 DVs)

5.3.4 Numerical Test Case 2 - Heat Exchanger

Optimization Problem Definition

The optimization task is to seek a geometry design of a hehiager to maximize the Nusselt
numberNuand minimize the pressure dréyp, i.e., to achieve the maximum heat transfer and
the minimum cooling power. The heat exchanger consistswftiot pipes passed by a fluid
within a rectangular box with inlet and outlet channels. &imenters with an inlet temperature
Tin = 300K and a uniform velocityyj, = 2m/s. The pipes have a constant temperature of
800K and the walls are assumed to be adiabatic. There is alewingeraction between these
two objectives. They are strongly dependent on the shapt®gfipe cross sections and the
exchanger itself, which have direct influences on the amofim¢at dissipation, the regions of
recirculation as well as the wall friction. For example, @8y recirculation of the flow may
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Figure 5.25: Pressure contour of initial configuration (left) and optincanfiguration
(right) in xzplane (pipe - 8 DVs)

Figure 5.26: Recirculation of initial configuration (left) and optimabefiguration (right)
in xz-plane (pipe - 8 DVS)

cause a better heat transfer, but due to the large energpaties the pressure drop may also
be large.

FFD technique is applied on 8 shape boRes . ., Bg, which are defined around four pipes
and also at the four cornerB; — B4 andBs — Bg are discretized equidistantly by 4,4,2 points
and 3,3,2 points irx, Yy, z-direction, respectively. The deformations are perforraadhe xy-
plane with an initial amount off /5 and generate a total number of 40 SBVs. Since the de-
formations inz-directions are defined to be symmetric, 20 design variadnlesised to control
the magnitude of the deformations. For each design vareblex constraint is defined. The
initial geometry sketch of the heat exchanger, the shapedydke deformation directions of
the selected control points as well as the correspondingrieariables are shown in Figure
5.27.

The fluid is assumed to be incompressible with constant ptiege The characteristic
Reynolds number is 3333 based on the inlet velocity and aiameight. Non-slip condi-
tions are specified on the walls and pipes. The flow solver s&dban the numerical solu-
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Figure 5.27: Sketch of the initial geometry with shape boxes, defornmatoection of
the control points and the corresponding DVs (heat exchrargjpipes)

tion of Navier-Stokes equation for an incompressible Newetio fluid. Assuming a turbulent,
steady flow and neglecting buoyancy effects, the flow soISTFEST is employed to solve
the Reynolds averaged equations together withkthes turbulence model. Three grid lev-

els are used in the multigrid method. The spatial discriétimeemploys 120832 hexahedral
block-structured grids on the finest grid level.

In summary, the following optimization problem is solved:

min Ap(X) = Pin — Pout;

_ QDn
max Nu= ATAK
with X= [X]_,.. . ,X20]T, (515)

subject to —2H < Xg,...,X16 < 2H,

_H S Xl77 X187 X197 X20 S H )

whereDy, is the hydraulic diametek is the thermal conductivityds is the temperature surface
area,pin and poy: are the mean pressure at inlet and outlet, respectivelghndme defined in

Equation (5.13). The total heat transf@rand the log-mean temperature differentc@ are
expressed as

Q = me(fn - -FOUt)v

_ (Twall - -Fm) — (Twan — -Fout) (5.16)
AT= In[(Twat — Tin)/(Twan — Tout)]
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where the mean temperature of the inlet and outlet cros@eeare defined by

J Ja, UTdA
S S UxdAC

whereuy is thex-component of velocity andA. is the cross-sectional area of the inlet or the
outlet.

T= (5.17)

Optimization Runs

Two optimization runs are performed in this test case forgarison. The first one runs NSGA-
Il and only uses FASTEST for function evaluations. The rssale used as reference solutions.
The second one uses a hybrid method that combines the glptiaizer NSGA-II and the lo-
cal optimizer DFO; it also employs RBFN models during thebglosearch. For both runs, the
population size of NSGA-Il is 60 and the initial populati@generated using LHS. The recom-
bination probabilityp; is 0.9 and mutation probabilitg, is 0.05. The first run is performed for
120 generations, the second one runs NSGA-II for 81 geoesatiThe approximation control
parameters are listed in Table 5.10. In the second run, thiteglobal search, the optimizer
selects 8 points from the current Pareto solutions ands9bdfO for the local search. Both ob-
jectives are normalized then DFO is performed to optimizevilkeighted sum objective value.
The initial trust radius is @H and the stopping trust radius is defined to be 0.001.

Table 5.10: Approximation control parameters (heat exchanger - 4 pipes

Parameter] Value
Po 15
p 6
Qini 5
Omin 1
Ne 25
€max 1.6%

Results and Comparisons

Using the hybrid optimization method, parallel NSGA-II issfirun for 15 generations using
the flow solver FASTEST for function evaluations. After 15geations, RBFN models sub-
stitute part of the evaluations using the flow solver. Appration models that are constructed
using different center selection methods, RBFs, and MSGiiateemployed to approximate

the objective values of 60 different design vectors for arueacy evaluation. The comparison
of the average percentage approximation error of both tigscare plotted in Figure 5.28 and
Figure 5.29, respectively. It can be observed that for bbjeatives the best approximations
are achieved by using regularized forward selection tagethith the multiquadric function

and the model selection criterion BIC. The errors are 0.32% @13%, respectively. Also,

when using the regularized forward selection, the choicRBIFs has a significant influence

68



on the approximation accuracy, especially for the presdtwp. When using the regression
tree method, all the average approximation errors are egsd.5%. Also, the RBF types and
the MSC have a minor influence on the approximation resultes# findings are consistent
with those of the first analytical test case. Based on thispaoison, the forward selection
method is preferred to construct RBFN models with the muédyic function and the model
selection criterion BIC for later approximations.

—@— Regularized forward selection
—— Regression tree

o " i " ! —¥ N
[G.GCV] [G.BIC] [C.GCV] [C.BIC] M.GCV] [M,BIC] [.GCV] [1.BIC]

Average percentage approximation error (%)

! ! ! ! ! !
[%?GCV] [G.BIC] [C.Gev] [C.BIC] [M,GCV] [M,BIC] [.GCV] [1.BIC]

Radial basis function (RBF) and model selection criterion (MSC)

Figure 5.28: Average percentage approximation error of pressure dranstyRBFN
models (heat exchanger - 4 pipes)

The global search runs for 81 generations using FASTEST @feNRevaluations. The
average approximation error in each control generatiortlemdonsequently calculategli.e.,
the number of generations conducting FASTEST evaluatiotisei next 6 generation, are plot-
ted in Figure 5.30. In total, 2607 FASTEST evaluations ageired by the optimization run.
In Figure 5.31, results of two optimization runs achieveihgishe same number of FASTEST
evaluations are plotted since the computational cost oRBEN evaluations is comparatively
negligible. A quantitative comparison is also given in EbI1.L. Obviously, the Pareto solu-
tions obtained by using FASTEST and RBFN evaluations shbeldloser to the true Pareto
front. Most of them dominate the solutions obtained usinly HASTEST. They also have a
better diversity and spread a larger extent in the objesiaze. The comparisons verify again
that, with the same computational cost, a better perform@achieved by the incorporation
of approximation models.

In the local search, the selected starting points obtaigagsing the clustering method are
plotted in Figure: 5.31. In total, 694 FASTEST evaluatiorsraquired by the 8 DFO runs, i.e.,
3301 FASTEST evaluations for the whole optimization precédter the local search, the final
optimal solutions are given in Takle 5.12. The values in loid denote those that are better
than the initial solution, which has a pressure drop.8@6@Pa and a Nusselt number of 28.820.
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Figure 5.29: Average percentage approximation error of Nusselt numgainat RBFN
models (heat exchanger - 4 pipes)
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Figure 5.30: Average percentage approximation error gadhlue in control generations
(heat exchanger - 4 pipes)

Obviously the initial design is dominated by most of the Ras®lutions, which indicates that
both optimization objectives, heat transfer and cooling/gro can be improved by choosing
appropriate solutions, e.g., the soluti& improves the initial Nusselt number by 8.95% and
reduces the pressure drop by 19.39%. The Pareto solutioaslersufficient compromises to
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Figure 5.31: Optimization results comparison after global search (le@hanger - 4
pipes)

Table 5.11: Performance comparison of the optimal solutions after gjl@earch (heat
exchanger - 4 pipes)

No. of Run 1 2
Optimizer NSGA-II (FASTEST)| NSGA-Il (FASTEST + RBFN)
Hypervolume HV) 0.7105 0.7417
Spacing &P 0.0148 0.0096

Set Coverage metriSCM) | (£2?, 1) = 88.16% (21, 2?) = 6.52%

meet different design preferences. The maximal improveémiNusselt number and pressure
drop are achieved b$8 andS3, which are 12.64% and 26.49%, respectively. Figure 5.82 an
Figure 5.33 illustrate the temperature and pressure contogether with stream lines of the

original shape and three calculated optimal shapes.

Table 5.12: Final Pareto-optimal solutions (heat exchanger - 4 pipes)

Objectives| S1 S2 S3 S4 S5 S6 S7 S8
AP(Pa 4.689 | 5.048 | 4.603 | 5.392 | 4956 | 6.875 | 5.716 | 7.504
Nu 30.020| 31.398| 28.810| 31.488| 31.163| 32.252| 31.739| 32.464

To verify the efficiency and performance of the hybrid op#ation method, the results
are compared with reference solutions obtained by the firsiafter 120 generations, which
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corresponds to 7200 FASTEST evaluations. Both Pareto setpleited in Figure 5.34. It
can be observed that most Pareto solutions obtained by tigrigybrid method dominate the
reference Pareto solutions. They also detect a betteri@olfdr each single objective. The
results demonstrate that the proposed optimization mdghalle to provide a set of optimal
solutions with a better convergence and a good diversitly mitich less computational cost.

Y

E_ X TEMP: 300 350.505 401.01 451515 502.02 552525 603.03 653.535 704.04 754.545

Figure 5.32: Temperature contour of the original and three optimal shapeat ex-
changer - 4 pipes)
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Figure 5.33: Pressure contour and recirculation of the original andetlmgtimal shapes
(heat exchanger - 4 pipes)
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Figure 5.34: Comparison of final optimization results (heat exchangepip4s)
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Chapter 6

Proper Orthogonal Decomposition
(POD)-Based Reduced-Order Model

POD was originally introduced by Loeve in 1945 and by Karhuimel1946. It is also known
as the Karhunen-Loeve decomposition, principal compoaealysis, or single value decom-
position. POD is a powerful technique to capture the optibaais from a certain number of
snapshots, which are collected from experiments or nurdesimulations varying spatial or
temporal parameters. Each basis represents a charactefitie snapshots set. With these
optimal bases, the solutions for the new parameters cartizpelated. POD has been success-
fully utilized in a variety of applications. One importampication area is fluid turbulence,
where it has been used for the attraction of spatial scalenargd motions [81], the identi-
fication of coherent structures 59, 79, 104], as well as fivisg optimal control problems
[4, 68, 80]. Besides, POD is also widely used in non-fluid Seddich as signal processing,
pattern recognition, and other industrial applicationsor#recently, POD has been used to
develop reduced-order models to capture the parametiiatiosns for the purpose of design
optimization. LeGresley integrated POD models into a gmaidbased optimization procedure
for the inverse design of a 2D inviscid airfoil surface [74].7In [13], Bui-Thanh proposed
a gappy POD method for the reconstruction of flow field fromomgplete aerodynamic data
sets, then it was extended for inverse shape design.

In this work, POD is combined with the efficient interpolatitechnique to approximate
the objective functions required by the evolutionary shaypimization. The key advantage of
this POD-based reduced-order model is that instead of joksick box response, it carries out
the model approximation on the entire flow field (pressuréoity, temperature, etc.), and it
is able to reflect the real physical behavior of the flow regiader consideration. This work
is restricted to steady fluid flow optimization and the POD sisderve to capture the spatial
information of the system. The snapshots are the flow fieldstiave been calculated with
respect to various shape configurations by the high-fidetityputational flow solver. POD
provides a methodology for extracting the basis vectons fitee snapshots and reconstructing
the snapshots approximately by the linear combination afralrer of selected optimal basis
vectors. In the same way, the arbitrary unknown configunatian be predicted by utilizing
these optimal basis vectors combined with empirical cdefits extrapolated by an interpola-
tion method.
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The construction of the reduced-order model can be dividamtivo main parts: the cal-
culation of the POD optimal basis vectors and the interpmiabf the empirical coefficients,
which will be detailed in Section 6.1 and Secton 6.2. Secéd¢: introduces the evolutionary
optimization procedure when utilizing POD models. Two epéary shape optimization test
cases are given in 6.4.1 and 6 4.2, which employ the modestrtmted by combining POD
with the cubic spline interpolation and the RBF interpaatirespectively.

6.1 Proper Orthogonal Decomposition

The first step in the POD model construction is the collectibappropriate snapshots. Sup-
pose that the POD model is constructedrosnapshotsf', i = 1,2,....n. Each snapshof!'

is a vector and defined in this work as the CFD evaluation fei-th shape design vectot.
Using a solution method such as FVM for the discretizatiothefgoverning equations, each
snhapshot is calculated an nodes. The snapshot can represent the velocity, temperatur
pressure field of the flow. The expressibjndenotes the value of the snapshaglculated at

nodej, j =1,2,...,m. The whole snhapshots ensemble is denoted as:am matrix F:
fl 2 ... f]
- f'z1 f'z2 f'2” . (6.1)
oo

The aim of POD is to extract a set of characteristic vecto@Rptimal basis vectorgyX,
k=1,...,q,(g < n) from the snapshot matri%, so that the snapshdt can be approximated
in the best way as a finite sum of the vectgfdy

) a
f':zel'(gk, i=1,...,n, (6.2)
k=1

with the empirical coefficient vectod' = [6‘1,...,921]T corresponding to théth snapshot.
Since the representation of equation (6.2) is not unique,P®D is concerned with the se-
lection of the vectog®. One criterion is that these basis vectors should be orthuipi.e.,

. 1 for i=j

I .ql —
9-9={0o for izj" ©3)
The notation denotes the inner product. For orthonormal basis vectoesempirical coeffi-
cient6, can be obtained by projecting the solution fiéldnto each POD basis vectgf:

6 = f.g~ (6.4)

Another objective is to find, a sequence of the orthonormatoreg®, k= 1,...,n, such that
the firstk basis vectors give the best possiklgerm approximation. This is done once and
applied to the whole model construction. An efficient metbatledthe method of snapshots
[10<4] allows the solution of this problem be equal to solvargeigenvalue problem with the
sizen. This method assumes that the POD basis vectors can benvagte linear combination
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of the snapshots:
n .
gh:zquka:L“w” (6.5)
i=

The coefficientss are the components of eigenvectar§of the eigenvalue problem:
Ack= 0%, k=1,...,n, (6.6)

whereA is thek-th eigenvalue, ané is an autocorrelation matrix which is defined by

A= %FTF. (6.7)
Solving equation/(6/6) yields the eigenvectar§ which should be normalized to satisfy the
imposed condition so th@f, k=1,...,n, are ensured to be orthonormal, i.e.,

= for i=j
.o/ ={ n\ = (6.8)
0 for i+# |

. Then the POD basis vectag$ is calculated by using equation (5.5) and the snapshotsiset ¢
be reconstructed by the obtained POD basis vectors as fllow

. n .
fl = Zel'(gk, i=1,....n (6.9)
r=

Thek-th eigenvalue\y is supposed to be a measure of the system information tragdfeithin

the k-th POD basis vectog¥. Therefore, by ordering thesePOD basis vectors according to
the magnitude of their corresponding eigenvalues in deogrsequencel; > Ay > --- > Ay,

most of the system information concentrates only on thedifstv basis vectors. The snapshots
reconstruction in equation (6.9) can be approximatelydated by just employing the first

g POD basis vectors. Thesgbasis vectors are called POD optimal basis vectors and the
truncation degreéM equals tog. They are later used to construct the POD approximation
model for the prediction of an arbitrary function fiefd within the design region by

q
f*~ Y 6:g< (6.10)
2

The unknown empirical coefficient vectéf = [6;, ..., Bg]T can be determined by employing

an appropriate interpolation method on the empirical cciefiit vectors@' of the snapshots
withi=1,...,n.

6.2 Combined Interpolation Approach

Obviously, the quality of the POD-based reduced-order mdédpends on the employed in-
terpolation technique, which is used to obtain the unknouwaffient8*. Both cubic spline
interpolation and radial basis function (RBF) interpaatiare employed in this work. This
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section concentrates on the procedure combining RBF wiipn and POD, which is very
promising methodology since as presented before that RiBFpmlation is an effective method
in the interpolation of high-dimensional data with a smalinber of sampling data.

Applying RBF interpolation, the current design vectdrand the design vectors in the
snapshots set!,...,x" are treated as the input layer and the hidden layer of a RB&N, r
spectively. The vectof* = 6(x*) in equation [(6.10) is calculated as the output nodes of
the network. It is expressed as a linear combination of tleelgfined radial basis function

@(zj(x*)), i=1,...,n:
O = Z(Lﬁ(p(zj(x*))’ k=1,...,q, (6.11)
=1

wherezj(x*) denotes the distance between the inputand network centex!, which was
defined before in equation (4.2). The coefﬁciem;’tc,can be determined by the RBF network
training of the snapshots set, which is

6= 6(X) = Y @lo(z(X)), i=1....nk=1...q (6.12)
=1

Equation (6.11) and (6.12) can also be written in the matnirifas
axl = Qqxn : =Qqun® .1 (6.13)

and
eqxn — qun¢n><n. (614)

In equation(6.14), the coefficient mati®.,, is already evaluated by equation (6.4) and the
radial basis function matri®,.n is defined in the same way as in equati@?)( Solving

a linear equation system in equation (6.15), which is a pasifion of equation (6.1.4), the
unknown matrixQq.n can be obtained.

q)-rgxng;l;xq - e-rgxq- (6-15)

After the training process, the coefficient vec#t is calculated by equatiori (6.11), and
thereby the flow problem corresponding to an arbitrary desigctor can be approximated
by POD model using equation (6 10).

The above methodology is an illustration of combining eXRBF interpolation with POD,
which is the most efficient way, but in case of a very large neindd snapshots, the two-step
network training introduced in Section 4.2 can be used tadaweerfitting.

77



6.3 Optimization Procedure

The POD-based model is tested as a global approximation Inrottés work, which means
that it is constructed using all of the snapshots. The PO ha&stors are generated once
for all at the beginning of the optimization process. Wheneassary, it can also be easily
developed into a local and online learning approximatiordehoA good choice of snapshots
directly influences the quality of the POD-based approxiomatnodel. Both uniform sampling
and LHS are applied in this work. The uniform sampling getesanapshots by calculating
all the possible combinations of parameters selected fiarh design space. Considering that
it will lead to a quick increase of the required number of shagts with the increasing of the
dimension of the design space and the collection of snapstiat computationally expensive
process, for the problems with high-dimensional desigreapa more efficient data sampling
approach, LHS is suggested. An attractive aspect of LHSighie number of sampling points
is independent of the dimension of the design space, eigndtt necessary to be a multiple of
powers of the dimension of the design space.

The complete working procedure of coupling a POD-based hraaeNSGA-II to solve a
flow shape optimization problem is summarized as follows:

1.
2.

10.

Generate snapshots using appropriate sampling mettibd @esign region.

Calculate the flow region of the snapshots using high#id€IFD solver and save the
results in POD matrices.

. For each POD matrix, perform the POD procedure to obta@nR@®D optimal basis

vectorsgX, i = 1,...,q, as well as the empirical coefficient vec®, i = 1,...,n.

. Start optimization: Initialize the parent populatiBnandQyp.

. Evaluate the objective functions of the solution§jnat generatiory, which includes:

e For each solutiox* calculate the empirical coefficient vect8f using the chosen
interpolation method.

e Approximated the flow fields using POD models.

e Calculate the objective functions based on the approxidnstéutions in the flow
region.

. Merge populatior?y andQq into a combined generatidr.

. Conduct Pareto front identification &, and fill By, ; with full Pareto front.7j, | =

1,...,J—1, whereZ,_ is the last full Pareto front that can be accommodate®,in.

. Apply crowding sort on; and fufill Py, 1 with the selected solutions.

. Copy all the newly generated Pareto solutionBgto the external archiveg and update

Ag.

Termination: if the stopping criterion is satisfied,rthperform Pareto front identification
on the current external archivg to determine the final Pareto-optimal solutions and
terminate.
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11. Perform crowded tournament selectionRyn; and recombination operator on the se-
lected parent solutions.

12. Perform mutation operator to generate child populagm, go to step 5.

6.4 Testcases

6.4.1 Test Case 1 - Pipe Junction

The same pipe shape optimization problem as that in Sect®E B used to verify the POD-

based approximation models. In this test case, the snapshetgenerated using uniform
sampling and cubic spline interpolation is employed to Wake the POD coefficients. The
POD-based models are constructed using different numibenstional basis vectors and dif-

ferent number of snapshots. A comparative study is cartédrmd the approximation accuracy
as well as optimization performance are investigated.

Optimization Problem Definition

The geometry of the pipe is given in Figure £.18. The fluid nhathe geometry discretization
as well as the optimization objective, i.e., the maximuncadficy of pressure drop reduction,
are all same as those defined in the previous test case. Theedde is that the shape box
around B2, on which the deformation is applied, is discestin this case equidistantly by
three points in each direction. The shape box discretizadintd four selected moving points
are shown in Figur2 6.1. The deformations are performedepelipularly to the pipe surface
with an initial amount oH /20, which are given in Figure 6.2 together with the corresiyum
design variables. The displacements of the control porgdaunded betweertBand 15.
The optimization problem is formulated as follows:

minimize  np(X),
with X=[Xg,..., %", (6.16)
subject to ®H <Xxp,...,Xs < 15H,

POD Model Construction and Validation

Considering this optimization problem has only four designables, uniform sampling is em-
ployed for the snapshots generation. To investigate tHeqeance of the POD-based approx-
imation, the POD models are constructed by using 256 sné&psaind 625 snapshots, respec-
tively. Snapshot is defined as the pressure field and cadcltatthe flow solver FASTEST. The
total number of the calculated grid points is 57352. Therimi@tion of 256 snapshots is stored
ina 57352x 256 snapshot matrik,. Another snapshot matrix with a size of 5736825 saves
the information of 625 snapshots. From these two snapshices 256 and 625 POD basis
vectors are extracted and ordered according to the magnitiheir corresponding eigenval-
ues by the POD procedure, respectively.
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Figure 6.1: Shape box discretization and the selected control poiipe (4 DVS)

(a) y-direction (b) xzdirection

Figure 6.2: Deformation directions and the corresponding DVs (pipe V4D

A general survey on how much information of the snapshotgj$uced by the POD basis
vectors is first carried out. All of the snapshots are recanttd using a different number
of POD basis vectors (truncation degidg. The optimization objectiveg pop of the snap-
shots that are reconstructed using POD models are caldul&igure 6.3 plots the average
percentage reconstruction erey e of all of the snapshots against the number of employed
POD basis vectors. This figure shows that the approximatiam eeduces when increasing the
number of employed POD basis vectors for the reconstructiototh cases, errors obtained
using same truncation degréé are close to each other. The error of the models with 100
basis vectors can even reach about®0. From another point of view, it reflects that about
99.99999% of the system energy are captured by 100 baswrsect

To determine the number of optimal POD basis vectors thatldhoe involved in con-
structing the approximation models for the later predictid the unknown solutions, both the
model accuracy and the computational time should be takematount. The model prediction
accuracy is evaluated by approximating the pressure fieh@rbitrary design vector using
10 and 100 POD basis vectors extracted from 256 and 625 sutapslrices, respectively. The
pressure contours obtained with= 10 andM = 100 are compared to those obtained using
FASTEST simulations in Figure .4 (256 snapshots) and E 6u5 (625 snapshots). Table 6.1
also gives the comparison of CPU time. Obviously, the PODeatwahich were constructed
using more basis vectors can provide more accurate resBtigh figures show that in the
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case ofM = 100 the pressure distribution agrees very well with thatioled by FASTEST
simulation, while comparable results cannot be achievéddrtase oM = 10. Moreover, the
calculation time when using 100 basis vectors is only abmut imes that required when using
10 basis vectors with respect to the time cost required bildiesolver FASTEST. Therefore,
100 basis vectors were decided to be employed for the PODIroodstruction. Furthermore,
to verify the prediction performance of the constructed P@arels, 20 models of the pipes
with arbitrarily deformed shapes are calculated using B8 TEST and the POD-based mod-
els constructed by 256 and 625 snapshots, respectivelycarhesponding average percentage
errors of 20 POD approximation areD086% (256 snapshots) and038% (625 shapshots).
This result shows that both POD models are able to providsfayg approximation results,
but obviously the model based on 625 snapshots behaves bette

o

-
o

(%)

—&— 256 snapshots
—&— 625 snapshots

n, ave

B =
o, o,

Average percentage POD approximation error e
.
o

0 10 20 30 40 50 60 70 80 920 100

Number of POD basis vectors

Figure 6.3: Average reconstruction errors of 256 and 625 snapshots (ghDVs)

(@M =10 (b) M = 100

Figure 6.4: Comparison exact pressure contour (solid) and POD appeigipressure
contour (dash) using 256 snapshots (pipe - 4 DVS)
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(@M =10 (b) M =100

Figure 6.5: Comparison exact pressure contour (solid) and POD appaigipressure
contour (dash) using 625 snapshots (pipe - 4 DVs)

Table 6.1: Comparison of CPU time (pipe - 4 DVs)

Evaluation method CPU (s)
FASTEST 144
POD (256 snapshotd] = 10) 0.277
POD (625 snapshot$A=10) | 0.281
POD (256 snapshot®)] = 100) | 1.246
POD (625 snapshot$) = 100) | 1.682

Optimization Results

Optimization is performed by employing the modified NSGAThe population size is 20
and initial population is generated randomly in the box tm@ist of the optimization problem.
Crowded tournament selection, SBX crossover and real paijed mutation are employed as
the genetic operators. The recombination probabpifyand mutation probabilityp,, are 0.9
and 0.25, respectively. Stopping criterion is defined shahthe optimizer stops automatically
if the optimal pressure drop doesn’t improve after 20 geii@ra. Three optimization runs are
carried out using the flow solver FASTEST, POD models contiusing 256 and 625 snap-
shots for function evaluations, and the optimal solutiorsachieved at the generation 66, 49
and 55, respectively. The corresponding numbers of funai@luations are 1320, 980 and
1100. Figure 6.6 plots the optimization history. The objecwvalues obtained by the POD
approximations are recalculated using the flow solver FAST.Hable 6.2 gives an overview
of the optimal design variables and the achieved optimaitiewis in three optimization runs.
A symmetric deformation can be observedyidirection, this result coincides with the results
obtained using 8 design variables in the previous test dasacerning the optimization per-
formance, the same optimal efficiency of 23.2949% is obthimeemploying FASTEST and
the POD-based model (625 snapshots), which is slightleb#tan that obtained by using the
POD-based model (256 snapshots). The results concerraradgsign variables are all similar,
and on three control points the values obtained using FAST&® using POD model (625
shapshots) are even the same. From the above comparisanliea@ncluded that the POD
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models based on 625 snapshots perform better than thos# tra256 snapshots in approx-
imating the function values. However, constructing the P@&uels using 256 snapshots is
computationally cheaper and the optimization result is atdequate.

23.35

233

23.25F

23.2F

23.15F

Np (%)

23.1F

23.05F —e— FASTEST
—&— POD (256 snapshots)
—— POD (625 snapshots)

231

22,05 L L L L L L L L
0 6 12 18 24 30 36 42 48 54 60 66
Generation number

Figure 6.6: Comparison of optimization history (pipe - 4 DVS)

Table 6.2: Comparison of optimization results (pipe - 4 DVs)

FASTEST| POD model (625)] POD model (256)
DVs | 12.54H 12.53H 12.53H
12.53H 15.53H 12.51H
11.98H 11.98H 11.91H
15H 15H 15H
Np | 23.2949% 23.2949% 23.2948%

6.4.2 Test Case 2 - Heat Exchanger

In the second test case, the optimization is performed on &r3idbe heat exchanger to ex-
amine the effects of the fin shapes on both the heat transfiarp@nce and cooling power. In
this case, the snapshots for constructing the POD modetgearrated using LHS. RBF inter-
polation is combined with POD procedure to calculate the RO&Ificients. The comparisons
of POD-based models constructed using different numbeBOd optimal basis vectors are
conducted. The approximation accuracy and optimizatidicieficy using POD models are
investigated.
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Problem Definition

The tube arrangement of the heat exchanger is staggeredharfithis are of wave type. The
flow model is laminar forced convection. The air enters ardet temperaturd;, = 300K and
velocity uyjn = 0.3m/s. The fluid is assumed to be incompressible with constaipepty The
Reynolds number based on the fin pitclRis= 285 and the Prandtl numberfs = 0.71. Non-
slip conditions and a constant temperature of 700K are fipeéan the walls and tubes. Only
the entrance region of the heat exchanger is consideretidadtimization. The length of the
hydrodynamic entrance regio@y and thermal entrance regio@; are 244mm and 173mm,
respectively, which are calculated by

Xeh = 0.05DpRe

6.17
Xet = 0.05DpPrRe ( )

with the hydraulic diameteby,. The optimization model is chosen between two fins in the
entrance region with a length of 150mm including two halfesib A top view of the fin-
tube heat exchanger and the selected optimization domaigieen in Figures 67 ard 6.8,
respectively.

Yy X
Tube T=700K
I LA L Lo I
A e e S i
0 r 0 0
. m\ . !\ﬁlo: Lo
Inlet 20mm; 30mm ;20mm; 30mm ;2%n<m; 30mm ! E E O E E
BRI
0 0 20
R O EEEE SR L e e PO EEEE LR EEE A

Figure 6.7: Top view of a fin-tube heat exchanger

Wall T=700K

Outlet

Figure 6.8: Selected optimization domain (fin-tube heat exchanger)

The shape deformation is applied on 6 shape boxes using FidapeShoxe81 andB2
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are used for illustration. As shown in Figure 6.9, they aseditized equidistantly by 4, 2, 2
points and 5, 2, 2 points i y andz-direction, respectively. Deformation will be accompbsh
by moving 20 selected control points in thgplane. Using the symmetry property of the
problem, it is defined that displacements of the control {gomith samex coordinates are
same. Therefore, the number of design variables is redodigt The deformation directions
of the control points and the corresponding design varsadte illustrated ixy-plane in Figure
6.10. The deformations have an initial amount @&rm. The control points and the design
variables on the other four shape boxes are chosen in thevgayne

2 >

z

Figure 6.9: Shape boxes and selected control points (fin-tube heat egeha

X1 X ™ Pl
I 1
Figure 6.10: Deformation directions and the corresponding DVs (fin-tuieat ex-

changer)

The optimization task consists of achieving the maximunt teasfer coefficienh and
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minimum pressure drofdp between inlet and outlet:

minimize  Ap(X) = Pin — Pouts

_ . Q
maximize h_ATAS’
with — X=[xq,...,xs]", (6.18)

subject to —10< X1,X%2,%4 < 10,
—20< X3, %5 < 25,

whereAs is the surface area. The total heat tran€eand the log-mean temperature differ-
enceAT are defined previously in equation (5.16). FASTEST is emgoio calculate the
shapshots. The flow model is assumed to be laminar, steadyfldwhe buoyancy effects are
neglected.

POD Model Construction and Validation

The POD models are applied to the pressyregmponent of velocity and temperature fields.
Using LHS, 200 snapshots are generated. In this case, tlymaegion of each design variable
is divided into 200 intervals using uniform distribution.ofn each interval one value is selected
randomly, which means 200 values are prepared for eachrdeartpble. These values are
then randomly permuted in order to maximize the minimumattiseé between the sampling
points. The number of the calculated grid points is 13825te Simulation results of these
200 snapshots using FASTEST are stored in three 1382810 snapshots matricés, Fy,
and Fr, respectively. Conducting the POD procedure, 200 POD hesitors are extracted
from the snapshots for each physical field and ordered aicgptd the magnitude of their
corresponding eigenvalues.

Like in the previous test case, the accuracy of the snapsbmisstruction and the unknown
solution prediction with different truncation degrbkare investigated. Figure 6.11 plots the
average percentage reconstruction error of the 200 recoteti snapshots for pressure drop
eap,ave aNd heat transfer coefficiea ave against the number of employed POD optimal basis
vectors. It can be observed that using 20 basis vectorsetomstruction errors for both objec-
tives are already less than 0.1%. In other words, more tha89®9f the system information
is captured by the first 20 POD basis vectors. When employd@gbhsis vectors, the average
error of pressure drop is below 0.001%. To quantify the PCdalistion performance, the ob-
jectives of 30 deformed shapes that are arbitrarily safieiatéhe design region but not included
in the snapshots set, are calculated by FASTEST and POD mwaitelM = 20, M = 60 and
M = 100, respectively. The empirical coefficient vecgt of each unknown shape is inter-
polated using RBF interpolation. The inverse multiquaduiection is employed as RBF in
this case. Table 6.3 shows the comparison of required CP&dimd average percentage error
of 30 POD approximations. One can observe that the CPU timerdis almost linearly on
the number of employed POD optimal basis vectors. Compardaetapproximation results
obtained by using 20 POD basis vectors, the results by u€ing@D basis vectors are ap-
parently more accurate for both objectives. The accuraggmlbimprove much when using
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100 POD basis vectors. Therefore, 60 POD basis vectors asegho be employed for the
POD model construction for the later optimization. For thedel validation, the contour plot
of pressure, x-component of velocity and temperatureiddigton for an arbitrary deformed
shape obtained by using FASTEST and POD models with M=60armpared in Figurz2 6.2,
6.13 and 6.14. One can see that the contour plots obtaine@byrfodels agree very closely
with the FASTEST solutions.
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Figure 6.11: Average reconstruction error of 200 snapshots (fin-tubédyezanger)

Table 6.3: Comparison of CPU time (fin-tube heat exchanger)

Evaluation method CPU (S) | expave(%) | €nave(%)
FASTEST 622 - -
POD M = 20) 1.99 0.0739 0.113
POD M = 60) 5.82 0.0705 0.039
POD M = 100) 9.85 0.0703 0.030

Optimization Results

The optimization runs 60 generations with a population sizd0, i.e., a total number of
2400 function evaluations using selected POD models aferpeed for both optimization
objectives. Crowded tournament selection, SBX crossondrraal polynomial mutation are
employed as the genetic operators with a recombinationapibity p. = 0.9 and a mutation
probability p, = 0.2. The objective values of the obtained optimal solutioresracalculated
by FASTEST and plotted in Figue 6.15. Furthermore, two @ihsolutions and two trade-off
solutions are chosen from the Pareto front. Their corredipgnfin shapes and the objective
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(@)z=0.012 (b) x=0.0375 andk = 0.0825

Figure 6.12: Comparison of exact (solid) and POD (dash) pressure coffiottube heat

exchanger)

(@)z=0.012 (b) x=0.0375 andk = 0.0825

Figure 6.13: Comparison of exact (solid) and POD (dastyelocity contour (fin-tube
heat exchanger)

(@)z=0.012 (b) x=0.0375 andk = 0.0825

Figure 6.14: Comparison of exact (solid) and POD (dash) temperatureoooifin-tube
heat exchanger)

values are illustrated in Figure 616 and Teble 6.4, regmygt Both optimization objectives,
the heat transfer and fan power, could be improved by chgagipropriate design variables,
e.g., the solutiorS3 improves the initial heat transfer coefficient by¢® and reduces the
pressure drop by.9%. The optimal Pareto front also provides sufficient compse solutions
to meet different design preferences. The greatest imprewmés for pressure drop and the

heat transfer coefficient are 39.42% and 17.41%, that atie\athby the solutiors2 andSi,
respectively.
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Figure 6.15: Pareto-optimal solutions achieved by POD function evauat (fin-tube
heat exchanger)
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Figure 6.16: Four exemplary optimal shapes (fin-tube heat exchanger)

Only using FASTEST for function evaluations, the optimiaatis conducted again with
the same genetic operators and optimization parameteesadiieved Pareto front is compared
with that achieved by POD models in Figure €.17. It can be meskthat two runs yield
a similar Pareto front. The Pareto solutions obtained bypgusiOD models spread a larger
extent than those obtained by FASTEST. A quantitative caisga of the performance of both
optimization results and computational cost is given inl@#t. Regarding the computational
cost, in the first run it means a sum of the cost required byribpshots collection, POD basis
vector construction, POD-based function approximatiars] the recalculation of obtained
Pareto-optimal solutions, in the second run only the casEASTEST evaluations are taken
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Table 6.4: Objective values of 4 exemplary optimal solutions (fin-tileat exchanger)

Sl V) 3 A
Ap(Pa | 1.083 | 0.262 | 0.394 | 0.625
h 17.402| 13.219| 15.208| 16.514

into account. One can find that the Pareto solutions obtdgdOD models are actually even
better than the solutions obtained using FASTEST. They lasecto the true Pareto front,
have a better diversity, and also dominate 27.5% of theisokibbtained by using FASTEST,
while only 12.5% of them are dominated by the solutions oletdiby FASTEST. Moreover,

the computational cost is dramatically reduced by using P@idels (about 11% of the cost
required by using FASTEST).
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Figure 6.17: Comparison of Pareto fronts obtained using FASTEST and P@Deia
(fin-tube heat exchanger)

Table 6.5: Performance comparison of two optimization runs (fin-tubatlexchanger)

No. of Run 1 2
Function evaluation FASTEST POD
Hypervolume AV) 0.7061 0.7066

Spacing §P 0.0247 0.0207
Set Coverage metriSCM) | (2?2, 21) =27.50% | (21, 2?) = 1250%
Computational costh) 414.67 45.3
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Chapter 7

Conclusions

This dissertation provides an efficient optimization methlogy for the purpose of solving
multiobjective flow shape optimization problems. Due toftets that for the CFD-based opti-
mization problems there is no easy access to the derivatiseniation and the flow simulation
is usually time consuming, gradient-independent and caatipnally efficient are two impor-
tant factors that should be taken into account. The propogthization methodology is based
on the evolutionary optimization method for its well-knoderivative-free property as well as
the advantages in dealing with MOOPs and providing glob#éihag solutions. Meanwhile,
the approximation models and the deterministic optimiratnhethods are combined with the
evolutionary optimization to improve the optimization eifincy and local convergence. The
optimization process consists of two parts: the designespaploration using EA (global
search) and the convergence acceleration using the datstimmethod (local search).

For the global search, a high performance, elitist evohaig method NSGA-II is em-
ployed with several modifications that include a parallefimjzation scheme based on the
master-slave model to save the computational time, anaffidampling method to explore
the initial design space, an additional archive populatisnvell as a final selection procedure
to avoid the lost of true Pareto solutions. Moreover, thénenind locally trained RBFN is
used as an approximation model to replace the expensive flimerdor function evaluations
in some generations. The adaptive exchange between thityextad approximately evaluated
generations is accomplished through an approximationraoptocedure. Once the global
search is completed, the obtained result(s) is(are) seppmsnear to the optima and treated
as the starting point(s) for the local improvement. Wheridgavith MOOPs, the starting
points are selected using the clustering from the entire paraof the Pareto front method
according to different design preferences. Several mstlenabloying the weighting factors
are provided to convert the MOOP into a SOOP, and the sefecfi@an appropriate one is
problem-dependent. Besides, to ensure a fast local camweeg different pseudo-weights are
assigned to the corresponding starting points. Two opéititia tools DFO and CONDOR are
chosen to perform the local search. Both of them employ tm-tegion framework in the
derivative-free case. Inside the trust-region, insteatth@fbbjective functions, the constructed
approximation models are optimized. Hence, no derivatiferination of the objective func-
tion with respect to the design variables is required.

For solving flow shape optimization problems a completerjatition framework is de-
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veloped. The optimizer manages and controls the whole ogtion process. The shape
variation and flow simulation are incorporated for the estitn of objective functions and the
construction of the database. FFD is selected for the shanetion because it directly mod-
ifies the computational grids required by the flow solver araliges a flexible deformation
through the movement of only a small number of points, whichgpecially advantage since
the number of design variables is an important factor thegrdenes the optimization cost and
also influence the accuracy of the approximation model. Tdw fimulation is performed
using the in-house developed finite-volume flow solver FASTE

In order to evaluate the performance of the proposed opmiiniz methodology, it is ap-
plied to two analytical benchmark optimization problems &vo numerical shape optimiza-
tion problems. The influence of RBFN construction methods thie number of solutions in
the initial database on the approximation accuracy is tiy&t®d. The comparisons of the
optimal solution(s) achieved using different optimizatischemes are carried out. The main
conclusions are summarized as follows:

e The incorporation of approximation models overcomes tlggiirement of large num-
bers of computationally expensive function evaluationke ®nline and locally trained
RBFN approximation model and the error control procedur&easat possible to keep
the approximation error under a very small value even in #se ©f a high-dimensional
design space.

e A larger initial database will not necessarily yield befeareto solutions at last. This is
because the required number of exact function evaluatfoaddptively updated accord-
ing to the approximation error calculated in the controlegation. Even the approxima-
tion at beginning may be not good enough; it will be improvétdraseveral generations
by adding more solutions into the database.

e When using the regularized forward selection method torgete the network centers,
the choice of RBFs has a significant influence on the accur&dlyeoapproximation
model, and this selection method fails to provide a good @ppration using all the
tested RBFs except for the multiquadric function. When gisggression tree method,
the influence of RBF types on the approximation accuracy imthe model accuracy
obtained by all RBFs is quite satisfying.

e For multiobjective optimization test cases, using the psagl optimization methodol-
ogy, a set of optimal solutions with good diversity have bebtained with much less
computational cost, and most of them dominate the refersolcgions that achieved by
only running evolutionary optimization for a large numbérgenerations. Besides, it
works well for both convex and nonconvex objective spaces.

e In the numerical test case with respect to the shape optiimizaf a pipe conjunction,
two local search tools DFO and CONDOR are compared. ThougNIBQR requires
more function evaluations for the model construction atgteious stage, it converged
much faster to the optimum afterwards than DFO. Furtherptbecomparison to an-
other CONDOR run, which started from the initial point, Vies the fact that if the
starting point is in the near optimal region it is more likébyfind the global optimum,
otherwise the optimization process may get struck into alloptimum.
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Furthermore, this work proposed an advanced metamodetngefvork based on the POD
technique. POD provides a way to represent the flow field effity using the linear combi-
nation of a set of basis vectors. Combining POD with an apjatgp interpolation method,
not only the objective functions but also the entire flow oegtan be approximated efficiently.
This kind of approximation model is superior to other modsige the physical behavior of
the flow region as well as the other design objectives of thatisas (both intermediate and
final solutions) can be easily accessed during or after them@ation process. The POD-based
approximation models are applied to two shape optimizadshcases with different sampling
and interpolation techniques. The approximated flow figidkide velocity, pressure and tem-
perature. The comparison of POD models constructed witardifit truncation degrel as
well as the numbers of snapshots are carried out. The igegisth on the POD approximation
accuracy and optimization performance leads to the fotligvgionclusions:

e The POD models constructed by larger number of snapshote@eeaccurate.

e The more optimal basis vectors are involved in the modeltcocton, the more accurate
POD models are obtained.

e The selection of appropriate number of snapshots and PODaldtasis vectors for the
model construction is problem-dependent.

e With a drastic reduction of the computational cost, optis@ltions obtained by using
POD models may achieve similar quality compared to thosaidd by just using flow
solver for function evaluations.

The efficiency of the proposed optimization strategy has tsecessfully validated by
several test cases. It also should be applied to real engigeshape optimization problems in
the future to prove its robustness. Also the constructioaroéccurate approximation model,
especially in the high-dimensional space, is always a ehglhg task and needs further in-
vestigation. Although a lot of issues have been consideredis work, there is no guarantee
that the best approximation is provided. Besides, this vak shown the promising proper-
ties of the POD-based reduced-order models. An especialyesting aspect of the ongoing
research is to develop an online updated or(and) locallpgdaPOD-based model. For an
online trained POD-based model, the major difficulty cassis how to effectively and effi-
ciently update the database because the POD procedufenigglinvolve the calculation of
large-dimensional matrix. Furthermore, it is desired tteasl the application of POD to the
approximation of structure fields or the time-dependentet®fbr solving shape optimization
problems involving fluid-structure interaction or unstgdldw simulations.
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