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Chapter 1: Introduction

In this chapter, first, the motivation behind tldsssertation, the research
objectives, and the underlying assumptions areodiuiced. Afterwards, a brief
description of the research thrusts is presentdthwied by the organization of the

dissertation.

1.1 Motivation

Coupling a CFD simulation of a new heat exchanget)(with an optimizer
makes the design of an optimum HX considerably lehglng from the
computational cost point of view. Figure 1.1 shoavéew examples (from left to
right: A-Colil air-cooled HX, new generation of aooled HX, coldplate used in
electronic cooling, and Chevron type plate HX) trequire CFD simulations during
the process of finding optimum design solutionsisTgroblem with computational
cost can be addressed by the use of approximatiomioed with optimization, also
called as Approximation Assisted Optimization (AAQ)pproximation involves
three main phases: (i) design of experiments (DOE)a sampling phase, (ii)
metamodel development phase, and (ii) metamodsfication phase. The DOE
phase involves systematic probing of the desigrcesppa generate a set of sample
points for which the response from the computemtation is evaluated. The results
are then used to build a metamodel. A metamodebeagvaluated much more (often
orders of magnitude) faster than an actual (hid&liiy) simulation. Finally, there is a
verification phase in which a set of points is @dm$o evaluate the goodness of the

metamodel in terms of its accuracy.
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Figure 1.1 Heat exchanger examples

AAO can be carried out online or offline. In onliAdO, the metamodels for
objective and constraint functions (or optimizatimodel) are adaptively updated in
concert with optimization (Nair and Keane, 1998sif&@ 2001, 2002; Jin et al., 2001,
2002; Hong et al., 2003; Nain and Deb, 2003). @ninetamodeling can gradually
improve the metamodel accuracy (Jin, 2005) whilénwigation is ongoing. In offline
AAO, optimization is performed after the metamodais constructed (Papadrakakis
et al., 1999; Wilson et al., 2001; Koch et al., 20Dian and Liou, 2004, Fang et al.,

2004).

1.2 Dissertation Objective

The overall objective of this dissertation is (a)develop and verify a new
online approximation assisted multiobjective opaation approach that updates the

metamodels based on an estimate of optimum sotutiokcluding improving



closeness to target solutions and diversity of tswis, (b) to develop a new
approximation assisted multiobjective optimizatiapmproach with global and local
metamodeling by producing optimum solutions basedhe samples observed using
the actual simulation which provide always feasibtdutions and eliminate the
verification step of the obtained optimum solutior{s) to develop an online

approximation assisted multiobjective optimizatibamework for problems with

multiscale simulation such as heat exchanger desmimization, (d) to use the
developed AAO method for optimization of headerigiegor novel air-cooled heat
exchangers using Non-Uniform Rational Basis SplifdSRBS) in order to reduce
the header volume while reducing the pressure drsyle the headers, and (e) to
apply the online approximation assisted multiobyectoptimization approaches
developed in this dissertation to optimize the giesof different types of heat
exchangers such as coldplate and plate heat exetsaagd many numerical test

problems.

1.3 Assumptions
The following main assumptions are made in the kbgwveent of the methods
and models of this dissertation:
(&) The simulation models are deterministic. No matteww many times the
simulation is invoked for the same input, the sasimaulation output is

produced.

(b) The simulation responses are continuous and theesmonding simulation

models are considered as z black-box.

(c) All design variables while building metamodels aeoatinuous.

3



(d) The computational resources available to exec@esithulation for numerous
design alternatives, as required by the optimiaeg, limited. Therefore, the

number of available simulation calls is fixed arsed as a stopping criterion.

(e) The computational time for performing a single daion is much higher
than that required for building a metamodel (whlan approximation to the

simulation model).

1.4Research Thrusts

A brief overview of the main research thrusts igsented in the following
subsections.
1.4.1 Research Thrust-1: Online Approximation Assisted Mitiobjective

Optimization (OAAMO)

The focus of this research thrust is on developimgw online approximation
assisted multiobjective optimization. In additianreducing the computational cost,
several issues are considered as part of this radsdhrust. These include: (1)
improving iteratively the metamodels’ performanoethie expected optimum region
by adding samples with high predicted Kriging vada which helps to improve the
metamodels’ accuracy in the expected optimum regi@®) improving the accuracy
of the predicted optimum solutions by adding iterdy samples with high accuracy
(low Kriging uncertainty) in the expected Paratantier, (3) handling multiobjective
optimization problems with constraints while impiroy the accuracy of constraints’
metamodels iteratively, (4) improving the qualifytee optimum solutions by adding
samplers that can improve both the closeness gettaptimum solutions and the
diversity of the solution points. The current lgimre in the area of online

4



approximation assisted multiobjective optimizatr@ports progress in some but not
all of the above mentioned aspects. The propoggdoach uses multiobjective
genetic algorithm as the optimization algorithm &omed with a Kriging

metamodeling technique (Cressie, 1993; Armstror@§81 Bakker, 2000). Several
numerical test problems are used to investigatendve approach in addition to an

engineering test problem and compare to previoublads.

1.4.2 Research Thrust-2: Approximation Assisted Optimizaton with
Combined Global and Local Metamodeling

This research thrust proposes a new and novelealproximation assisted
multiobjective optimization approach. The approdehatively uses and updates both
global and local metamodels for the objective aodstraint functions in its pursuit
for Pareto optimum solutions. The global metamodé#tsv the approach to explore
the entire design space while a number of locabmetlels with a higher accuracy
focus on promising regions of the design space.s&hgromising regions are
determined based on a number of clusters usingvwadyndeveloped clustering
scheme. This scheme is adaptive and dynamicalbrm@ies the number of clusters,
their size and location in the design space. Tlmpgsed approach considers both
objective and constraint functions as being contmrially expensive and as such it
can be used in a wide range of engineering despgmization applications.
Compared to OAAMO of Research Thrust 1, all optimsmiutions in the approach
of this thrust are observed which ensure the fdagibf all optimum solutions and

reduce the computational cost by eliminating thefication step of final solutions. A



numerical and an engineering test problem are tsddmonstrate the new approach

developed of this research thrust.

1.4.3 Research Thrust-3: Online Approximation Assisted Mitiobjective
Optimization for Problems with Multiscale Simulation

In the third research thrust, a new framework @ppsed for optimizing new
generations of heat exchangers. In these heat egets the CFD simulations are
used to predict thermal and hydraulic performarfdb®enhanced surfaces including
the heat transfer coefficient and pressure dropeglat the segment level. The
segment level performance model is coupled withmssged -NTU solver to
simulate the entire heat exchanger performancedBpling the OAAMO developed
in Research Thrust-1 with the multiscale simulatithre computational time required
to find optimum heat exchanger design solutions banreduced significantly
compared to offline based approximation assistedltiobjective mulstiscale

simulation approach.

1.4.4 Research Thrust-4: Header Optimization of New Genetion of Air-
Cooled Heat Exchangers using NURBS

With reducing the tubes and channels diametersngusnini and micro
channels) in heat exchangers, it is necessarysigrérger heat exchangers inlet and
outlet distribution manifolds (headers) with theygase of reducing the pressure drop.
Consequently, there is a tradeoff between incrgagie header size to reduce the
refrigerant pressure drop and adding volume thatrobts the airside free flow area.
In this part of the proposed dissertation, the OA@Mpproach is used to find

optimum header design solutions for a new generatfair cooled heat exchangers.



A three-dimensional CFD model is developed usingRBS to represent and
optimize the outer shape of a header for a new rggor of air-cooled heat

exchangers.

1.4.5 Applications: Coldplate, Chevron Plate Heat Exchangr, and Rollbond
Plate Heat Exchanger

Additional applications for using online approxinoat assisted optimization
for the design of different heat exchangers andithkdevices are presented. These
include: a coldplate used for electronic coolingd &awo different types of plate heat
exchangers. A summary of the lessons learned frpplyimg online and offline
approximation assisted multiobjective optimizatepproaches to these types of heat

exchangers is briefly discussed.

1.5 Organization of The Dissertation

The dissertation is organized as shown in FiguBe The background and
terminology used in this dissertation are provide@€hapter 2, followed by the four
research thrusts in Chapter 3 to 6, and examptessiog the developed approaches
for different heat exchangers applications in Clap?. The conclusions,
contributions and recommendations for future dicext are presented in Chapter 8.

In the next Chapter, the main definitions andniaplogies used in this

dissertation are briefly discussed.
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Chapter 2: Definitions and Terminology

2.1 Introduction

The concept of a deterministic computer simulatisnexplained first,
followed by the definition of a multiobjective optization problem. Then, the multi-
objective genetic algorithm is described. Aftervgrdapproximation assisted
optimization is elaborated with its different stepgch as design of experiment,
metamodeling, and verification. Three types of agpnation assisted optimization
techniques from the previous work are briefly dssmad (ParEGO, PSP, and
Forrester’s) since they are the state-of-the-att @ame used for comparison with the
AAO methods developed in this dissertation. HMnpalrinciples of heat exchanger

design and CFD simulations are briefly discussed.

2.2 Deterministic Computer Simulation

A deterministic computer simulation can be schecadlli represented by
Figure 2.1. The simulation takes the value fromeator of design variables and
produces the corresponding value for a vector aputs or responses fdrand g
(objectives and constraints, respectively) as showiigure 2.1. The term function
call denotes the process of invoking the simulatdth a given value of input. In
this dissertation, CFD models for different typdsheat exchanger are treated as a

black-box simulation.



Input vector utput vectors
put vecto Black-Box Outp

X _, hg

Computer Simulation

Figure 2.1 Schematic of a deterministic simulation

2.3 Multiobjective Optimization

A Multiobjective optimization formulation is usedrf many engineering
design problems. For such problems, design obgstare considered to be at least
partly conflicting with each other. An optimizati@pproach that is used to solve a
multiobjective optimization problem obtains a seésolutions called Pareto optimum
solutions (Deb, 2001). A multiobjective optimizatiqoroblem can be presented
mathematically as follows:

minimize f., (x) m=1,...M
subject to: g, k£ 0 j=1,.J (2.1)
Xlower £XE Xupper

wherex is a vector of design variablesi(x) is the m™ objective function to be
minimized, gi(x) is thej™ constraint, and&®**" and x'***" are the lower and upper

bounds ofx.

2.3.1 Methods for Solving Multiobjective Optimizaton Problems

Generally speaking, two classes of methods are tesedlve multiobjective
optimization problems; (a) classical methods andnn-classical methods (Deb,
2001). Classical methods are generally gradies¢theor direct search methods.
Examples for classical methods include: weightad-suethod (Cohon, 1978)-

constraint method (Haimes, 1971), value functionhoé (Keeny and Raiffa, 1976),
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Schaffler's stochastic method (Schaffler et al.020 normal boundary intersection
method (Das and Dennis, 1998), goal programmin@i(i@s et al., 1955) and others.
Gradient based methods are deterministic in natandeyield locally Pareto optimum

solutions one point at a time.

Many of the non-classical methods are nature bafkedse methods are
population based such as evolutionary algorithmseld@erg, 1989; Deb, 2001),
particle swarm optimizers (Coello et,a2004), multiobjective simulated annealing
(Serafini, 1992; Nam and Park, 2000) to name a fsveral variations of population
based multiobjective optimization based evolutignalgorithms have been reported
in the literature (Fonseca and Fleming, 1993; 8awmiand Deb, 1994; Horn et al.,
1994; Zitzler and Thiele, 1998; Deb, 2001; Coell@ale 2007). These methods try to
assign fitness to a design point based on its tbwgeand constraint values. It is also
important to note that population-based methodsireqnumerous function calls, at
times several thousand or more depending on theerdilan of the optimization
problem, to evaluate the objectives and constraidtsvever, these methods can
obtain globally Pareto optimum solutions althoulgéré is no guarantee that they can

converge to such solutions.

In this dissertation, Multi-Objective Genetic Algbim (MOGA) (Deb, 2001)
is used for solving multiobjective optimization ptems. However, the approaches
proposed in this dissertation are not limited to GO Any other multiobjective

optimization technique can be used as well.

11



2.3.2 Dominance and Pareto Set

Most multiobjective optimization methods use theaept of domination to
arrive at solutions. In any multiobjective optimtina problem, there are two or more
conflicting objectives. For these problems, twausohs are compared on the basis of
whether or not one solution dominates the otheed@s multiple objectives. In the

next paragraph the concept of domination is desdrib

Considering Eg. (2.1), a solutioi\*™ is said to dominate (Goldberg, 1989; Deb,

2001) a solutionsB”, if both conditions 1 and 2 are satisfied:

1. Solution “A” is better than or equal td" in terms of all the objectives

and
2. Solution “A” is strictly better thanB” in at least one of the objectives.

When comparing two solutions, when the first canditis not satisfied, the
two solutions are said to be non-dominated witlp@esto each other. In other words,

if a point is not dominated by any other pointsisaid to be non-dominated.

As shown in Figure 2.2, amongst a set of solutiBnghe non-dominated
subset of solutionB’ are those that are not dominated by any othett poia. When
P is the entire search space, then the resultingdoomnated seP’ is termed as the
Pareto optimal set and the solutions are saidrta o Pareto frontier in the objective

space (i.ef-space).

12
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Figure 2.2 Feasible domain, dominated, non-dominatl, and Pareto solutions in
the objective space

2.3.3 Quality Metrics

After solving Eq. (2.1) a set of solutions is oh&d. In order to evaluate the
guality (goodness) of the solution set obtainedy guality metrics (Wu and Azarm,
2001) are used. These metrics are Hyperarea DifferédHD) and Overall Pareto
Spread (OS).

Hyperarea Difference (HD): HD gives a measure of closeness of a set of points
to a target (good) point. Geometrical interpretafior HD is presented in Figure 2.3.
For a non-dominated set in the objective space{®bsc,d,e} and Rgand Rooq the
“good” and “bad” points, respectively, HD is defthéy the shaded area in Figure
3.2. This area is the difference between the rgctan area bounded betweep,

and Rooq and the area betweep.fand the set P (formed by a staircase):

HD(P) :HA(FE;ad ’Fg)Jood )_ HA(Pbad ’a’b'd”e) (22)
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where HA denotes the (hyper) area. For a mininopgproblem, a non-dominated set
with a lower HD value is considered to be bettantthat with a higher value.

Overall Pareto Spread (OS):The overall Pareto spread is used to measure
diversity of a set of solutions. OS, as shown iguFe 2.3, is defined as the ratio
between the area bounded by the two extreme poietsa and e, in P and the area
bounded by Rqand Beogas given in Eq. (2.3). When comparing two non-daated

sets based on OS, the set with a higher OS vakmnsidered to be better.

S - HA[extreme(P)] (2.3)
B HA(Pbad’Pgom)

I * Non-dominated points

o Pbad

Attainment
surface

Hyperarea
difference

Figure 2.3 The attainment surface and quality mefics for a set of
non- dominated points (Hu et al., 2012)

Attainment Surface: The attainment surface is a way to visualize a non-

dominated set in the case of two objectives. ttasstructed based on a union of the
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non-dominated points (Voutchkov and Kean, 2010 &tiainment surface can show
how close a set of solutions is to another seba true Pareto set of solutions. The

attainment surface can also represent the spreaoheflominated points.

2.4 Multi-Objective Genetic AlgorithiMOGA)

Genetic Algorithms (GAs) as defined by Goldberg 89P are: “search
algorithms based on natural selection and natweaétics”. GA’s maintain a pool of
candidate points each of which is assigned a sthesed on its ‘payoff’. Fitness is a
scalar measure of how well a particular candidatmtpsatisfies a given problem
objective. At each iteration or generation of GAndidate points are selected for
reproduction based on their fithess to form nevsmihg points. The reproduction
process is carried out by the use of genetic opexrauch as selection, crossover and
mutation. A set of probabilistic rules determinesvha candidate solution undergoes
crossover or mutation. A powerful feature of GAtlmat it is a population based,
searches along multiple directions simultaneouslges not require derivative
information and can obtain a global optimum solutidhis makes the GA an ideal
tool for optimization of highly non-linear (or evediscontinuous or black-box)
functions involving a combination of continuous atisicrete design variables.

GA is extended to solve multiobjective optimizatiproblems, as in Multi-
Objective Genetic Algorithm (MOGA). MOGA is based asing a non-dominated
sorting GA proposed by Srinivas and Deb (1995)this scheme, non-dominated
sorting is performed and the solutions are rankezh ghat all the solutions in the
same non-dominated set have the same fithess wdligh guarantees every non-

dominated individual equal reproduction opportunititus the points in the first non-
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dominated set/front have the maximum fitness valughe flowchart of MOGA,
which follows the NSGA approach (Srinivas and DE®95)as implemented in this

dissertation is shown in Figure 2.4 using MATLABOZ@.

Initialize Population

A

-~

Evaluate Population

v

Fitness Assignment Create New Population
Perform Non-dominated Sorting

Assign Ranks
Calculate Fitness (scalar)

-~

Genetic Operations
Selection, Mutation, Crossove

Stopping
Criteria

Figure 2.4 MOGA flowchart

2.5 Approximation Assisted Optimization

In this section, the main steps in approximaticgisted optimization (AAO)

are discussed in addition to a discussion for gifietypes of AAO methods.

2.5.1 Overview

Computer simulations used for engineering desigm lma computationally
intensive as in the case of Computational Fluid &gits (CFD) and aerodynamic

shape design (e.g., Obayashi et al., 2005; Pinedh, 010; Sakata et al., 2011; Su
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et al.,, 2011). The computational intensity carekacerbated when such simulations
are combined directly with an optimization approdoh engineering design. This
limitation can be overcome by the use of an Appration Assisted Optimization
(AAO) technique. Typically, AAO starts with Desigif Experiments (DOE) or an
initial set of sample points in the design spadeesE points are used to construct
metamodels for the objective and constraint fumgiof an optimization problem.
Some popular metamodeling methods in AAO includgoese surface techniques
(Otto et al., 1996; Sobieski et al., 1998) sucly@adratic polynomial (Ratle, 1998),
multi-layer neural network (Hong et al., 2003), ieddbasis function (Karakasis et al.,
2001), support vector machine (Nakayama et al.3RGthd Gaussian based methods
(Buche et al., 2005) including Kriging (Jones et 4P98). Adaptive use of various
fidelity metamodels (Markine and Toropov, 2002) aadgregation of several
metamodels have also been reported (Viana et @09;2Pilat and Neruda, 2012).
Several comprehensive literature reviews of metaaiogl approaches in engineering
optimization have been reported as well (Simpsaad.e2001; Jin et al., 2002; Wang
and Shah, 2007).

Most AAO approaches can be classified into two ngnoups: offline and
online as shown in Figure 2.5. The main differebhetveen these two groups is that
offine metamodels are not updated during AAO wloldine metamodels are. In
offline AAO, the metamodels are built, verified,daif they are not accurate enough
then more samples are added to improve the accubdteywards, the optimization is
performed with this global metamodel (Myers, 19%gpadrakakis et al., 1999;

Wilson et al., 2001; Koch et al., 2002; Lian andu;i2004; Fang et al., 2004; Fang et
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al., 2005; Georgopolou and Giannakoglou, 2009; Adxie et al., 2010). The offline
approach can be computationally expensive as it meguire many function
evaluations to build a globally accurate metamoddbreover, additional and

separate function evaluations are needed to vigrefypffline metamodel.

f— —_—

Analyzer .
Analyzer Obtimi CFD/FEM Optimizer
CFD/FEM ptimizer

Xpected
Optimum

(@) ) (b
Figure 2.5 Comparison between approximation assisteoptimization approaches
(a) offline and (b) online

On the other hand, in the online AAO there is adbeek loop from the
optimizer for updating the metamodel using addaioand carefully chosen sample
points Farina, 2001; Farina, 2002; Hong et al.,2@ et al., 2001; Jin et al., 2002;
Nain and Deb, 2003; Nair and Kean, 1998; Pilat Beduda, 2011; Hu et al., 2011;
Hu et al., 2012). One significant advantage ofdhéne AAO is that the predictive
capabilities of the metamodel is progressively iowed in the area where the
optimum is expected to be, as more and more sapgahs are evaluated and added
to the sample set. However, one limitation of aal®AO is that in the initial stage a
poorly estimated metamodel for objective and/orsti@int functions can mislead the

optimization process into sub-optimum or infeasibdgion of the design space.
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Depending upon how frequent the metamodels (foreatlje and constraint
functions) are updated, some online AAO approacipeiate the metamodels only
after a certain number of iterations (Hacker, 2002gt al., 2008), while others
update the metamodels at each optimization itergiigrierso and Pak, 1993). One
group of online AAO approaches, called Inexact Pvaluation (IPE), uses
metamodels to estimate a majority of intermedi&ggh points, but only observe the
best intermediate points (Nair et al., 1998; Kasikeet al., 2001; Praveen and
Duvigneau, 2009).

In the next section, the DOE methods used in tasis are briefly described.

2.5.2 Design of Experiment (DOE)

The DOE methods reported in the literature can lbssdied as classical,
space filling, and sequential or adaptive meth&impson et al., 2001; Wang and
Shah, 2007). In this thesis, the space filling glamg techniques, i.e., the Maximum
Entropy Design (MED) and Latin Hypercube Samplibél$) methods are used to
generate initial set of samples to represent th@eenesign space. In the next
paragraph the MED method is described followed B L

Maximum Entropy Design (MED): EntropyH is used as a measure of
information (Shannon, 1948). Lindley (1956) intej@d Shannon’s entropy as the
amount of information retrieved from an experimehie concept of entropy has
been used to select the new sample point in ordemaximize the retrieved
information due to the new sample (Shewry and Wyi®87; Currin et al., 1988). In
order to maximize the entropy as a measure of information by adding a new sample

Xn+1 10 @ set of n current samples, (»,..., X,) the following equation is applied:
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Xn+1 = argmaxt (X, Xz,..., Xa: X) (2.4)
where “argmax” denotes the optimal solution of thaximum entropy optimization

problems.

Further, under the assumption of normal priors {8fieand Wynn, 1987;
Koehler and Owen, 1996), it can be shown that tagimum of the entropy criterion
is the same as maximizing the determinant of the@ povariance matriR, i.e.,

Xn+1= argmax defR) (2.5)

where det indicates a determinant &g an ((n+1) x (n+1)) covariance matrix>of
Each element oR is calculated using the augmented design ... Xn,Xn+1), Where
there are n existing designs axg; is the new candidate design. The details of the

covariance matrix based on the normal priors arergin Section 2.5.3.

Latin Hypercube Sampling (LHS): Latin hypercube was among the early
DOE methods proposed specifically for computer erpents (McKay et al., 1979).
A Latin hypercube is a matrix of n rows and k cohsnwhere n is the number of
levels being examined and k is the number of degagiables. Each of the k column
contains the levels 1, 2,..., n, randomly permuted e k column are matched at
random to form the Latin hypercube. Latin hyperca@mpling offers flexible sample
sizes while ensuring stratified sampling, i.e.,heatthe input variables is sampled at
n levels (Sacks et al., 1989). Figure 2.6 showstaos20 samples generated in two
design variables domain using MED and LHS methédsit is shown in Figure 2.6,
MED can give better spread near the boundaries.edery MED is computationally
more expensive than LHS especially with an incre@sehe number of design

variables.
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After generating the initial samples using of th®B methods described
earlier, metamodels are built for all responsegef@lves and constraints). In the next

subsection, the metamodeling technique used in dtgsertation is discussed in

details.
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Figure 2.6 Design of experiment samples using (MED and (b) LHS

2.5.3 Kriging Metamodeling

Kriging is an interpolative metamodeling method fesponse approximation
from a simulation (Sacks et al., 1989; Jones, 200tl}s widely used in the field of
Geostatistics (Cressie, 1993; Armstrong, 1998)ianthmed after the South African
mining engineer D. G. Krige. Kriging metamodelingncbe viewed as a linear
predictor that estimates an unknown value of aaesp for an input sample point
based on the known values of the response andistende of the sample from the
known design points, as shown in Figure 2.7. Kggireats the response from a

deterministic simulation as a realization of a kstic process as follows:
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y(x) = f(x)+Y(3 (2.6)
wherey(x) is the unknown function thas being modeled andl(x) is a normally

distributed Gaussian process.

A

y Observed
points

Un-observed

points
| / |

Kriging |
prediction !

\/

X

Figure 2.7 Kriging metamodeling technique

Several functional forms fd(x) andY(x) are available in the literature (Jones,
2001; Martin and Simpson, 2005). The first termBEqg. (2.6),f(x), represents a
polynomial model in a response surface method amdjuivalent to a global mean
for the model. This global meanis the mean of all responses in the current design.
However,Y(x) term represents the local deviation from the globhean obtained by
interpolating the available data based on distéeteeen the available data based on
distance between the unobserved painand the sampled points. The teMtx) is
represented through the use of one of many cowel&tinctions. One of the widely
used correlation functions (Sacks et al., 1989e3pR001) is:

] ; 2.7)
Corr[Y(x), Y( x)] =exp(- -~ Q{‘ X- ﬁ(‘
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whered is the dimension of vectot x; andx; are thd™ components of the vectoxs
andx, | is the degree of correlation between the respainste|™ coordinate and

is termed as the correlation parameter in Kfedirection, andp controls the
smoothness of the function in thedirection. The terms, andp, provide a means for
adjusting the relative importance in each dimensmnthe input space. For
simplification, a single value of is used and the distance term is replaced by the
Euclidean distance between andx. When one value of is used, the model is
termed as an isotropic model, which treats all disn@ens equally. In Eq. (2.7) when
p=1, the correlation is known as the exponentiatedation. As fom responses in the
current design, then lgtrepresent the set afobserved true responses as given in Eq.
(2.8):

y(%)
(2.8)

y:
y(x,)
The uncertainty in the function values (local déwias) at then points can be

represented by a vector of random variabes as:

Y(%)
()= (2.9)
Y(.Xq)
This vector has a covariance mat@rv given by:
Co(Y)=5s°F (2.10)
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whereR is ann x n correlation matrix with the (i,j) element given Eyg. (2.7). The
diagonal elements d® are always of the forr@orr[Y (x), Y ()] and thus are always
equal to 1. Let denote am x 1 vector of ones anddenote the correlation &(x),

the unobserved point, witf(x;), the current designs, as

Corr[Y( ), Y( ¥)]
(2.11)

Corr[Y( %), Y( x)]

The values of the correlation parameters, such,as andp need to be
estimated. They are obtained by maximizing thelibkb®d function or in other
words, to model the functions behavior so thatasely represents the observed data.
Maximizing the likelihood function provides an estte of the optimal values ¢@f

2 as functions oR as follows

- TRty (2.12)
| "R
g2 (Y- IRy 1y (2.13)
n

Then the estimated response for an unobserved Rgiist given using the

Kriging predictor as:
Y0x) = I RY(y- 17 (2.14)
In addition to the above predictor, the Kriging e of uncertainty in the

estimated response can be calculated as follows:

- r'R*r)? (2.15)

F(x)=$? 1- 'R+
()%) IR-ll
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The derivation for this standard error is providedSacks et al. (1989) and
Jones (2001). It can be seen that the vari@hde zero for an observed point. In
utilizing Kriging predictor in approximation assst optimization (Bakker, 2000;
Jones, 2001), this standard error can serve asis foa making the decision between
using the predicted response and invoking the aealfunctions to obtain a true
response as it will be presented in chapter 3 is tiesis. The prediction of the
standard error is a main advantage of Kriging @teer metamodeling methods since
the metamodel can then be dynamically updated basethe responses during a
given optimization procedure. Furthermore, as nometil, Kriging does not require a
functional form, though the choice of the corraatfunction is problem dependent.
Simpson et al. (2001) found that Kriging is extrgméexible and suitable for
deterministic computer experiments and recommegrdutie of Kriging metamodels

when the number of input variables is less than 50.

After building the metamodels, there is a need &asare the accuracy of
these metamodels. In the next subsection, metanpediirmance verification step is

discussed.

2.5.4 Metamodel Performance Verification

In offline AAO, after creating the metamodel, a sétrandom samples is
generates and the responses are predicted usingetaenodels and compared with

the true simulation responses. yx) be the true response from the simulation and

Y(%) be the predicted response from the metamodel feetaof samples withm
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individuals. Several errors can be reported sucleres for each samplegrror;,

relative absolute erroRError;, maximum absolute erroMAE, as follows:

Error, =y(x )- ¥(x) (2.16)

RErTOF YOO-YO0). g 2.17)
y(%)

MAE = max( Erroff ) ,i=1,..,r (2.18)

The root mean square error and relative root megaars error for a set of samples

are defined as:

2

1n .
RMSE= = Errof  ,i=1,..r (2.19)
Ni=1
1n 1/2
RRMSE= =  RErrof % ,¥1 ..., (2.20)
Ni=1

RMSEand MAE consider only the numerical magnitude of the atrdie relative
RMSE metric is useful when the numerical range of tesponse i.e., difference
between the minimum and the maximum values diffeys several orders of
magnitude.RRMSEis useful in practical engineering examples as alestrated in

this dissertation.

In the next subsection, the different AAO methodsdifor comparison in this

dissertation are briefly discussed.

2.5.5 Overview of ParEGO, PSP, and Forrester’'s Methds

Numerous AAO approaches have been developed fortiabpctive

optimization with computationally expensive functso A few leading approaches
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among these that are: ParEGO (Knowles, 2006), BBBn(and Wang, 2005), and
Forrester’s (Forrester et al., 2008). For examgueimportant strategy in PSP is that a
large number of random points are generated irdésggn space and based on their
objective function values obtained from the metaei®dnew sample points are
selected. In the PSP approach, a sampling guidénusgtion is used to directly
sample as many points as possible in order to asirthe entire Pareto optimal
frontier. Essentially, PSP uses a version of thgative function as a probability
distribution function for guidance in the sampliddore sample points are collected
in the areas having lower objective function valudsle fewer sample points are
selected in other areas. PSP employs a global neinto estimate the objective
function values for the random points and then mlbmoed sorting of the random
points and previous sample points is performed. Tba-dominated points are
observed and used to further improve the metamitetaltively. In its current form,
PSP does not provide a provision for handling aaist functions.

Both ParEGO and Forrester's approaches are basethenconcept of
Expected Improvement (El) of the objective funciipm which EI represents the
probability that a new design point is better thia@ current best design points. Using
El, a new design point is located both in the pging areas (where the optimum is
expected to be) in the design space and also imrdses with a limited number of
sample points and high metamodeling uncertainty. PearEGO, the expected
improvement of multiple objective functions is cemed into a single value using
randomly generated weighting coefficients. A newngke point is chosen based on

maximizing the expected improvement function. ddime random weights, ParEGO
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may fail to predict the entire Pareto frontier padarly with a limited number of
sample points. Also, ParEGO can only be used fdvirgp unconstraint multi-
objective optimization problems. On the other haRdrrester et al. developed a
function for the multi-objective expected improverhéased on the multivariate
integration of the probability function. The samleints are selected to maximize
the multi-objective expected improvement functiddompared to ParEGO, one
advantage of Forrester’s approach is that it inetua constraint handling technique.
Heat exchanger design optimization problems are meles for
computationally expensive engineering problems teqtire efficient approximation
assisted optimization approaches. In the next stibse different methods used to

design heat exchangers are discussed briefly.

2.6 Heat Exchanger Design Methods

Heat exchangers (HXs) are widely used in the pgingsheat and power, air-
conditioning and refrigeration, heat recovery, $ortation and manufacturing
industries. Such equipment is also used in eleiromoling and for environmental
issues such as thermal pollution, waste dispogshkastainable development. Various
types of heat exchangers exist such as coil HXapldotube HXs, shell and tube
HXs, plate HXs, and others. A more detailed classiion of heat exchangers can be
made based on their construction features, moddseaf transfer, and heat duty
specifications (Sukhatme and Devotta, 1998; Walk880; Shah and Sekuli1998;
Kuppan, 2000; Wang et al., 2007). In this sectitwe, basic equations for thermal

design of heat exchangers are presented.
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There are several techniques for heat exchangégndebwo main methods
are: the Logarithmic Mean Temperature Different®TD) method and -NTU
method. In both methods, energy balance equaticesepted in Eq. (2.21) and Egq.
(2.22) are used to represent heat transfer betiveeand cold streams. In thé1TD
method, total heat transfeQ, is calculated using Eqg. (2.23), overall heat gfan

coefficient, U, is defined in Eq. (2.23) based on the convectiwat transfer

) . 1 .
resistance in both hot and cold streaﬁzqs— where h is the heat transfer
nhA)

coefficient, A is total contact area between the solid the flad , , is the fin
efficiency, Reontact define contact resistand®y, isconduction resistance in the wall,
Reou is the fouling resistance: is a temperature correction factor that dependken

HX configuration. LMTD is calculated from Eqg. (2 2fr counter flow HX.

Q:m%,h(-lr-‘;in_ -l;oug (2.21)
Q: rQCp,c(-Igout_ an) (222)
Q=UA(F" LMTD) (2.23)
1 .1 1
m\ - [m + Rfoul,c + I%ontact c + RWaII + |:iontact h+ Rfoul h+m] (224)
LMTD — (Th,in - Tc,out)- (Th out Tq in)
T T .29
Th,out - Tc, in

In the -NTU method, the heat transfer rate from the hot floithe cold fluid

is expressed as:

Q: ecmin(-l;nin - -I;in) Where q’nin: mln(m g,h ’ rp Ec (226)
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NTU = A

(mcp) | (2.27)
CR=% (2.28)

The HX effectiveness, is function of number of transfer uniléTU, heat
capacity ratioCR, and HX configuration. Effectivenessis a measure of thermal
performance of a heat exchanger. It is definedafgiven heat exchanger of any flow
arrangement as a ratio of the actual heat tramaferfrom the hot fluid to the cold
fluid to the maximum possible heat transfer rategaen in Eq. (2.26). The heat
capacity ratiocCRis defined as the ratio of smaller to larger hegtacity for the two
fluid streams. Number of transfer unidéTU is defined as a ratio of the overall
thermal conductanceJ@) to the smaller heat capacity rate as given in BR7).
NTU provides a provides a compound measure of thedxeaianger size through the
product of heat transfer surface areand the overall heat transfer coefficidnt
Hence, in generalNTU does not necessarily indicate the physical sizethef
exchanger (Shah and Sekull998).

For enhanced heat exchanger surfaces there isdamese CFD simulations
to determine the thermal and hydraulic performawicthe enhanced surfaces. In the

next section, the main governing equations us€tHD simulation are discussed.

2.7 CED Simulation

Conventionally, extensive experimental investigatie used to find the heat
transfer and fluid flow performance for differegpes of heat exchangers. Recently,

with the development in computational capabiliti€$;D simulations are used to
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predict the thermal and hydraulic performance funanced heat exchangers designs

(Bergles, 2002). In CFD simulations, the main flgioverning equations are solved

numerically. The main governing equations are tloatiouity, the momentum

(Navier-Stokes equations), and the energy as listdely. (2.29) to Eq. (2.31) based

on the assumptions used in this thesis as follows:

1.

2.

Incompressible and steady state flow

Single phase flow, no gravity or any other bodyémvolved
Constant wall temperature

No fouling of any kind exists in the computatiodaimain
Periodicity is established perpendicular to tleevfdirection

Viscous dissipation is negligible in the energy atpn

. All walls are rigid

R ru) =0 (2.29)
Ry ruu) =-Rp+Rxm  Fi +l é Rix (2.30)
~ u® . -
Nx ru h = =Nk N) (2.31)

where r is the fluid density,u the velocity vectorp the pressureh the specific

enthalpy,k the thermal conductivity, and the temperature. In this dissertation, the

available CFD commercial package, Flferis used with the aforementioned

assumptions. The fluid characteristics used in dmésertation are mainly calculated

based on default models in FIuBnBy choosing different models, the results may
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change based on the fluid used, viscosity modedd,UReynolds number, temperature
range and wall roughness. For rapid CFD evaluaifatifferent CFD models used in
this dissertation, the process of geometry ger@ratheshing and simulation need to
be automated. An automated too, (Abdelaziz, 20@8ned as Parameterized Parallel
Computational Fluid Dynamics (PPCFD) is used torycaout CFD analysis
automatically in batch mode. More details about PPGre discussed in the next
section.

For all CFD based examples in this dissertatior, sblver was allowed to
iterate until convergence or up to a maximum nundfeterations. The convergence
criteria were based on maximum acceptable nornhliesiduals defined for each
CFD example. Figures 2.8-2.12 present the resifluraldifferent CFD cases for

different examples presented in this dissertation.

Residuals
— continuity
— w-velocity
y-velocity
——eneray

1e+02

1e+00 E
1e-02 3
1e-04 E
1e-06 E
1e-08 E

1e-10 —

1e-12

1] a 10 18 20 25 30
lterations

Mormalized Scaled Residuals Jul 24,2012
FLUENTB.3 (2d, dp, pbns, lam)

Figure 2.8 Residuals for new generation of air-coetl heat exchanger segment
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Residuals
— continuity
— x-velocity 1e+02 —
y-velocity 3
— z-velocity
energy 1e+00
1e-02
1e-04
1e-06
1e-08
1e-10
1e-12
Te-14
1e-16
1e-18 T T T T T T T 1
50 100 150 200 250 300 350 400
lterations
Mormalized Scaled Residuals Jul 24,2012

FLUENT B.3 (3d, dp, pbns, lam)

Figure 2.9 Residuals for coldplate model used in@ttronic cooling

Residuals
— continuity
— w-velocity 1e+01
y-velocity ]
— z-velocity 16+00
— epsilon |
B Te-M
1e-02 5
1e-03 5
1e-04 5
1e-05 5
1e-06
1e-07 5
1e-08
1e-09 T T T T T 1
100 200 300 400 500 600
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Mormalized Scaled Residuals Jul 24,2012

FLUENT 6.3 (3d, dp, pbns, rke)

Figure 2.10 Residuals for header used in new gengi@n of air-cooled heat

exchanger
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Residuals
— continuity
— w-velocity
y-velocity
— z-velocity
k

— omega
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1e-08 3
Te-10 E
le-12

1e-14
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Jul 24,2012
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Figure 2.11 Residuals for chevron plate heat exchger example
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Figure 2.12 Residuals for rollbond plate heat exchrger example
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2.8 Parallel Parameterized CFD

Any approximation assisted optimization of a conapiohally expensive
model especially for CFD-based requires a large barmof CFD simulations to be
executed. In this dissertation, a parallel paranw#d CFD (PPCFD) approach
(Abdelaziz, 2009) to automatically read the normedi design variables and then
generate the corresponding Garfifjiturnal files. In this step, it is very importatot
correlate the Gambit journal files to corresponding design variableseskl
refinement near the boundaries (boundary layeatioih) applied based on the design
dimensions. Also, a finer mesh is applied in lawagi where higher temperature
gradients are expected, such as near the wallghantiermal and hydraulic entrance
regions.

After generating the mesh, the PPCFD program auioally generates
Fluenf journal files to read the specified mesh, set #mpropriate boundary
conditions, model parameters, and material progertiThe materials and boundary
conditions are defined in the Flu&journal files.

The main steps in PPCFD can be summarized asvi&llo

Step 1: reading of the parametric values of allG@f® cases,

Step 2: automatic generation of Gambit® scriggsfihnd Fluent® script files,

Step 3: running the scripts and performing postessing to summarize the results
in terms of relevant thermal and hydraulic perfongc®indicators.

PPCFD is used in this dissertation for all CFD nisdmcluding new
generation of air-cooled HX segment, coldplate,dees for new generation of air-

cooled HX, Chevron plate HX, and Rollbond plate HX.
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2.9 Summary
In this chapter, the main terminologies and coreeed in this dissertation

are briefly discussed. The definitions definedhis chapter can be categorized into
two groups: approximation assisted optimizationrfartiobjective optimization and
heat exchanger design for enhanced surfaces udiiyy <dmulations. In the first
group, several methods to solve multiobjective rapgtation problems are discussed
followed by dominance concept and quality metriasnmeasure the quality of the
optimum solutions. Then, the multiobjective geneiligorithm is discussed in details
as it is used as the optimization approach indissertation. Finally, approximation
assisted optimization is briefly described with itsain steps, e.g., design of
experiment, metamodeling, and metamodeling vetibcametrics followed by a
description for three methods from the literatParEGO, PSP, and Forrester’s). In
the second group, different heat exchanger desgghads are described followed by
the CFD simulation. Finally, PPCFD, a method topteuthe CFD simulations with
an optimizer is described.

In the next chapter, a new method for online apipnakon assisted

multiobjective optimization is introduced.
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Chapter 3: Online Approximation Assisted Multiolijee
Optimization (OAAMO)

3.1 Introduction

The material for this chapter is borrowed in paoini the papers Saleh et al.
(2010b}. In this chapter a new approach for Online Appmadion Assisted Multi-
objective Optimization, OAAMO, is presented. OAAMSDarts with an initial set of
sample points to build a metamodel for each objecéind constraint function of a
multi-objective optimization problem. This metambtased optimization problem is
solved by a Multi-Objective Genetic Algorithm (MOGAO obtain a set of points.
From this set, a few points are selected and atwé#te current sampled points. The
points selected are aimed to (i) sample the regibere the multi-objective solutions
are expected to be, and (ii) diversify the solupmints. OAAMO is compared with
(i) AAMO, an offline Approximation Assisted Multifgective Optimization
technique, (i) ParEGO, an online approximation istied multi-objective
optimization approach from the literature, and) (& conventional MOGA. The
applicability of OAAMO is also demonstrated with angineering example for an
air-to-refrigerant heat exchanger segment desighitivolves CFD calculations. The
results show that, for the same number of sampietgoOAAMO vyields a better
estimate of the Pareto solutions for most of thengaes compared to AAMO and
ParEGO. Moreover, compared with MOGA, OAAMO obtamesisonable solutions

while reducing significantly the number of functganalls. The goodness of solutions

! saleh, K., Aute, V., Azarm, S., and Radermacher,2R10b, “Online Approximation Assisted Multiobject
Optimization with Space Filling, Variance and Pardteasures,” 13" AIAA/ISSMO Multidisciplinary Analysis
and Optimization Conference, AIAA-20E@rt Worth, TX, USA
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obtained from OAAMO is evaluated using two qualmetrics from the literature:
hyperarea difference and overall Pareto spreadessibed chapter 2.

The rest of this chapter is organized as followsct®n 3.2 summarizes the
related work from the literature in the area of r@pmation assisted optimization.
An overview of the new approach is provided in #ec3.3. Sections 3.4 and 3.5
introduce numerical examples and results in additm comparison with ParEGO
approach respectively. Section 3.6 presents ameeagng example for optimizing
air-cooled heat exchanger segment. Section 3.7ige@svconclusions and closing

remarks.

3.2 Related Work

Most of the existing AAO methods focus on singlgeative optimization. A
number of methods are reported for multi-objectve). Examples of these methods
are the Pareto Set Pursuing (Wang and Shan, 2604i;criteria sampling (Sasena
et al.,, 2002; Turner et al., 2003) and methods Wwhie based on Efficient Global
Optimization (EGO) for single (Jones et al., 19881 multi-objective optimization
(Emmerich et al.,, 2006; Kean, 2006; Knowles, 20B&pwles, 2006; Jeong and
Obayashi, 2005; Ponweiser et al., 2008). Amongethesme methods use a measure
like generalized probability of improvement or egfeel improvement for multi-
objective optimization (Emmerich et al., 2006; Ked006). Some of these methods
use a single-objective optimization method to mazathe measure of improvement
and obtain a sample point. However, such a point nw reflect the best candidate
point for the original multi-objective optimizatioproblem (Liu et al., 2008). For

instance, ParEGO uses weighting vectors to itexBticonvert multiple objective

38



functions to a single objective function and théases the next sample based on
maximizing an expected improvement function (Knayl2005; Knowles, 2006).
ParEGO is computationally expensive for optimizatpyoblems with more than ten
design variables (Knowles, 2005) and is applicaloely to unconstrained
optimization problems.

A similar observation can be made in another EG&efapproach by Joeng
and Obayashi (2005) where NSGA-II (Deb et al.,, 30B2used to optimize an
expected improvement of all individual objectivenétions. However, applying
NSGA-II requires thousands of function calls. Sarly, Li et al., (2008) developed a
Kriging-based MOGA approach which can require astartial number of function
calls.

One can also find methods in the literature thatausality metrics for guiding
the selection of the sample point(s) (e.g., Nauikal., 2005; Emmerich et al., 2006;
Ponweiser et al., 2008). For instance, a S-Metele@ion based EGO (SMS-EGO)
method is reported (Ponweiser et al., 2008) thahopes the S-metric to select a new
sample point. Although SMS-EGO can produce seveaahple points at every
iteration it does not make use of the uncertaintyhe metamodel prediction as part
of an updating strategy. Accordingly, SMS-EGO may perform well in predicting
optimum solutions (Ponweiser et al., 2008).

The proposed OAAMO has two aims: (i) improving firedictive capability
of metamodeling in the region where the optimunusohs are expected to be, and
(i) producing globally accurate and well spreadlusons. A few distinct

characteristics of OAAMO compared to the relatedQAAethods are as following:

39



(1) A significant number of the previous AAO metlkashly uses a globally accurate
metamodel to find optimum solutions (e.g., Koclalet2002; Fang et al., 2004; Lian
and Liou, 2004; Abdelaziz et al., 2010) which candomputationally expensive. In
the proposed approach, online AAO is used to imitre metamodels’ performance
in the expected optimum region. (2) Some prevapoaches (e.g., Knowels, 2006,
Wang and Shan, 2004) try to approximate the optinftantier using an expected
improvement measure. Using such a scalar measwedban an aggregate of
multiple objectives can change the nature of thgirmal multi-objective optimization
problem. However, OAAMO uses the information froime testimated optimum
solutions directly and does not use any scalar ureag3) OAAMO aims at
improving the spread, closeness, and accuracyeokotution points while avoiding
clustering of the points.

In the next section, the proposed OAAMO approaatescribed in details.

3.3 Proposed OAAMO

In this section, an overview for OAAMO is presentédorder to update the
metamodels and based on intermediate OAAMO runsAI@A selects samples with
higher Kriging uncertainty to improve the metamadpérformance in the expected
optimum region. In addition, selecting the sampighvminimum variance helps to
improve the accuracy in the final optimum solutiods for the spread and the
closeness, selecting the two extreme optimum swigtat each iteration improves the
spread while selecting the closest point the igeaht in the objective space helps to
improve the closeness. Besides, a space fillitigrfiio avoid samples clustering is

considered and to reduce the computational coQAAMO approach by avoiding
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adding unnecessarily samples. Obviously, eachtiberaan lead to select several
samples. This is suitable for parallel computingiemment which can lead to reduce
the overall computation time especially with usimeyvly developed workstations.

Furthermore, OAAMO can handle constrained multiestiye problems with
taking into account the feasibility of the approzited Pareto solutions. The approach
was tested comprehensively for 10 numerical tesblpms with different number of
design variables and constraints and also diffelRameto frontier shapes. It resulted
in more accurate results compared with ParEGO.addition, the approach was
applied to 2 computationally expensive engineetesj problems and the resulting
solutions were found to be more accurate comparedfline approximation assisted
optimization.

OAAMO is based on an iterative scheme: It starth \an initial set of design
points to build metamodels for objectives and c@msts of an optimization problem.
This metamodel based optimization problem is solvgad Multi-Objective Genetic
Algorithm (MOGA) to obtain a set of approximatedréta solution points. From
these Pareto points, five points are selected: dlbhsest point to an ideal point
together with the two extreme points in the objeespace. In addition the points that
have the highest and lowest predicted variancesa@excted. A space filling filtering
scheme is then used to prevent clustering. Theeaah of points obtained is then
used to build and solve the next metamodel basdinization problem and the
iterative scheme is repeated until a stopping reoiteis met. A limit on the total

number of available function calls is used as thpgEng criterion.
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3.3.1 Overview of Proposed Approach

OAAMO works as follows. It starts with an initialkedign (a set of points).
Next, the Kriging based metamodels are built far tbjectives and constraints to
create a metamodel assisted multi-objective op#tion problem. This problem is
solved by MOGA to obtain an estimate of Paretoroptipoints. These points with
their corresponding predicted variance from thegkig metamodels are used to
select the next sample points. [Although, for siipl, the description that follows is
given based on the objective functions, the effethe constraints have also been
accounted for by using a penalty approach, see &grpati et al., 2002).] The
predicted variance is obtained and normalized kswWe:

(1) Obtain the variance for the objective functiong; & the case of

two-objective functions afs andf,, for all estimated Pareto points.

(i) Determine the maximum and minimum values for theavae for
f]_ andfz.
(i) Calculate the normalized objective variance, var; and vag for

f, and f,, respectively. For example, wvar= (vary - varimin/
(Varimax- Varmmin), Wherevary is the raw value of the variance for
f1. Also, varymin andvargmaxare the minimum and maximum of the
variance forf;. A similar equation is used to obtain the normedi
var,. Also, a similar procedure is used for normalizitige

variance for constraints.

Then the normalized varianoear; and var, are calculated (see EQ.(3.2))
considering the variance in the objectives and traimgs.
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The normalized objectivie; (and similarlyf,) is also obtained as follows:
(1) From all the estimated Pareto points obtained sadantify those

with the maximum and minimum &f.

(i) Calculate the normalized objectivie; = (f1 - fimin)/ (fimax- fimin)- A

similar equation is used to obtain the normalizad-b.

Five points from the current estimated Pareto goané selected as follows. In
the normalized variance space of objectives, as/shn Figure 3.1(a), a point with
the lowest normalized variance farandf,, i.e., the closest point to the origin, is
selected. An additional point is selected, as shomwrkigure 3.1(a), where the
normalized variance (e.g., bothar; and vary) is large in order to improve the
performance of the metamodels globally. Also, ie tlormalized objective space for
the current estimated Pareto points, Figure 3.1(lg) closest point to the ideal point
is selected which may be considered as the best pothe objective space. Finally,
the two extreme points shown in Figure 3.1(b) i@ tiormalized objective space are
selected to improve the diversity of the estimaRadeto frontier. The five points
obtained are checked (filtered) with respect t@acs filling criterion (described in
Section 3.3.3) to prevent clustering. The true oesps are then evaluated for the
fillered points, these points are added to the ecurrsample points and the

metamodels for the objectives and constraints pdated.
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Figure 3.1 (a) Normalized objective variance spacend (b) normalized objective
space
The following sub-sections provide more details each of the steps

summarized above in this section.

3.3.2 Choice of Initial Design

The proposed approach starts with an initial desiging maximum entropy
design (Shewry and Wynn, 1987). The initial desgnsed to obtain a representation
of the response space and chosen to be a spacg-fiksign with a pre-specified
number of points. The initial design is a functiohthe problem dimension and as

such is problem dependent.

3.3.3 Space Filling Metric

In order to avoid the clustering of sample poimtghe design space, a space
filling metric is used (Aute et al., 2008). Thisase filling metric is based on the
Euclidean distance in the design space. The sjiiing metric used is the maximin

distance in the design space as follows. For eapkrgnent in an existing desid,
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the minimum non-zero distance of this point frothather points inD is computed.
The maximum of these distances is computed andttieespace filling metric is set
to be equal to one-half of this maximum value. Wit ensure that the new sample
points will not be placed too close to the existomynts. This space filling metrigis
independent of the metamodeling technique used.hé&madtically, S can be

represented as given in Eq. (3.1).

ds() =min (| x- )" & © i )

. - (3.1)
S=0.5 max@ds(x)), x D

3.3.4 Choosing Next Sample Points

Once the optimization problem (with the current ameddels for
objectives/constraints) is solved using MOGA, a skeestimated Pareto points is
generated. From this set of Pareto points one ekettsfive sample points according
to Eq. (3.2), which as mentioned before are fillet@ avoid clustering. As mentioned
before, pointsx; and x; are points in the normalized variance space withlthvest
and highest variance respectively andis a point closest to the ideal point in the
normalized objective space in addition to the twdraame pointsx, and xs in the
normalized objective space wherar; and var, are the normalized objectives
variances respectively arfe, andF, are the normalized objectives aRgey is the
ideal point. Although Eq. (3.4) is shown for a ljective optimization problem, it

can be readily extended to any number of objectives
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m

var, =var, + _ vay
i=
m
var, =var,_+ vay,

i=1
X, =arg minar, ,var, )
X, =arg mxax(/aq ,vag ) (3.2)
X, =argmin|F -Fg,,| where F= (E, §)
X, =argminF,
X = arg minF,

stx-x[,°> s ¥k D

3.3.5 Design Update

For the design update, the simulation is invokedte new samples obtained
in the last step and then the points are addédetourrent desigh. The metamodels
are updated and then MOGA solves the correspondigtgmodel based optimization
problem, producing a new set of Pareto points wkidhthen be sampled according

to EqQ. (3.2).

3.3.6 Step-by-Step Description of Proposed Approach

Figure 3.2 shows a flowchart for the proposed apgno The stopping
criterion used is the maximum number of functiollsca he steps in OAAMO are as
follows:

Step-1: Generate an initial set of design points usingrtfaimum entropy design
method and observe the corresponding responses, iabtain the

objectives/constraints values.
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Step-2: Develop a metamodel for each objective and comsthanction. So, several
metamodels are developed in this step.

Step-3: Formulate a multiobjective optimization problemsed on the metamodels
and solve this problem using MOGA.

Step-4: Obtain Pareto points from Step-3.

Step-5: For all Pareto points calculate the objectives emaistraints’ variance from
Kriging metamodels and select the best point andstvpoint in the normalized
objective variance space. In the normalized objectpace, select the point which is
closest to the ideal point in addition to the twéreme points.

Step-6: Filter the newly selected points using the spdted filtering scheme as in
Eq. (3.1).

Step-7: Evaluate the true response (i.e., run the simaratfor the newly chosen
points and then go to Step-2.

Step-8: Repeat Step-2 to Step-7 until a limit on the numdiefunction calls is

achieved.
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Step-1
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Maximum Entropy Design and
run simulation

Step-7
Run actual simulation for new | iter =0
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meta-models — s
f Step-6 Develop Kriging based
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Filter new points with space objectives/constraints
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samples l Step-3 and 4
* Step-5 Solve metamodel based
Select points with max and min multiobjective optimization
variance and closest to ideal point | Problem /obtain Pareto solutions
in objective space in addition tg
the two extreme points

T

iter = iter +1

Convergence?

Pareto optimum solutions

Figure 3.2 Flowchart of OAAMO approach

3.4 Numerical Examples and Results

In this section, the proposed approach is appliedseveral numerical

examples selected from the literature and compavid offline approximation

assisted multiobjective optimization approach.
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3.4.1 Numerical Examples

The proposed approach is applied to several nualeexkamples selected
from the literature, namely, TNK, CTP, ZDT1,ZDT2DZ3 (Deb, 2001), and SR
(Azarm and Li, 1989)The formulations of all numerical test problems bseed in
Eq. (3.3) to Eg. (3.8). Among others, these examplave different Pareto frontier
shapes: concave, convex, and discontinuous. Thé@uof design variables ranges
from 2 to 30. Table 3.1 shows the specificationshef test problems including their
names as referred to in the literature, problers,sie., number of variables, number
of points in the initial design, number of new saaap points and number of
optimization runs due to stochastic nature of MOGMTLAB ® 2007a) For the
numerical examples, OAAMO is compared with offlia@proximation assisted
optimization, AAMO, and a conventional MOGA. In AAD the maximum entropy
design method is used to select initial designsthed Multi-response Space Filling
Cross Validation Tradeoff (MSFCVT) method (Aute adt, 2008) is used to add
sample points until the available number of functicalls are exhausted. Then
metamodels are built all-at-once (using MSFCVT) ddirobjectives and constraints
and thus an offline metamodel assisted optimizagwoblem is obtained. This

problem is then solved with MOGA.
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TNK Test Problem

minimize f, k)= X
minimize f, k)= X,

Where g, k)= -X -X + I+ 0.1cos(arcta§i( 2]

0,(X) =2(x -0.5F + 2(x, -0.5§ -1£ 0
0EX E£p, OEX E£p

SR Test Problem

minimize f, &)= 0.7854 xX - b+ & d
minimize f, (x)= max {f,,f,,}

2
where a= iLOTXH 14.933 43.0934)

b=1.508¢ (¢ + X ),
C=T7.477(¢ + %)
d=0. 7854Q<4>§+ % %)

13975
3
3(():19:« £ o0g 1.93x5_ a
X X X X % %
0, KRz~ £ O 2. g o0
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Xs b%£ _
Gy )= 119 1.9 Go &F 1800

22 _ g 0,26 x£ 3.6, E7TXE
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CTP Test Problem

minimize f, &)= X

minimize f, k)=g(x) 1- LA
\ 9(x)

10 0.25

fag X

i=2

Where g &)=

d

a‘sin(tyy[sin@)(fz (x)-e)+ cosg )f (><])°) _

% ) s 0T, 6)d - sing ) ©)

g=-0.2p,a= 0.2,b= 10,c= 1d= 61
O£x £1,- £ x£ 5, i= 2,...,10

ZDT1 Test Problem

minimize f, &)= X
minimize f, &)=g )* h(x)

n

9 X

i=2

n-1

f,(X)
h 1|2
¢ Vg (¥

0£x £1, i=1,...,3(

where g X¥Fr 1t

ZTD2 Test Problem

minimize f, &)=x
minimize f, &)=g(X)* h(X
9 n X
Where g kKF #+—2 —
n-1

ACE
h 17
tF g (x)

0Ex £1, i=1...,3(
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ZDT3 Test Problem

minimize f, &)= x
minimize f, &)=g x)* h(x)

n

9 X
Where g X ¥ 1% (3.8)
f,(X) f.(X) . ,
h 1422 . f
N G e

0E£x £1, i=1,..,30

Table 3.1 Test problems data

# of # of # of # of # of # of
Design Objective Constraints Samples New Repeat
Variables s in Initial Samples Runs
Design
TNK 2 2 2 10 10 10
SR 7 2 11 35 35 10
CTP 10 2 1 50 50 10
ZDT1 30 2 0 150 150 10
ZDT2 30 2 0 150 150 10
ZDT3 30 2 0 150 150 10

For all test problems the initial metamodels ardthising a set of initial

sample points equal to: 5xd, where d is the nunabedesign variables. The total

number of available function calls is set to (10x@he summary of the results

including the number of function calls, average atehdard deviation for both HD

and OS for the six test problems is presented bieTa.2. For all these test problems,

for each generation of MOGA, 100 points (or indivédk) are used in the population.

For the TNK, SR, and CTP problems, MOGA was runZ00@ generations. However

for the ZDT1, ZDT2, and ZDT3 problems the numbeggeherations is increased to

500 because there are 30 design variables.
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3.4.2 Numerical Results

For all test problems, in order to apply OAAMO, &t ef initial design points
were generated using MED. This is followed by tktual simulation runs for these
design points. After that the Kriging metamodelsrevbuilt for all objectives and
constraints. Next, MOGA was used to solve a coordmg metamodel based multi-
objective optimization problem. The obtained Pagaimts were tested to select next
sample points according to the measures describbegection 3.3. Finally a space
filling filtering scheme was applied to the selettpoints. This procedure was
repeated and continued until the stopping critevias met. The same procedure was

used for the other numerical examples: SR, CTP,Z@ZDT2, and ZDT3 as well.

As shown in Tables 3.2-3.4, based on the qualityrioseHD and OS, the
solutions obtained from OAAMO is comparable with M® and MOGA. And, as
expected, the total number of function calls isuesEtl significantly using OAAMO
and AAMO compared to MOGA. However, for most of tlkemerical examples (5
out of 6 examples), the Standard Deviations (STDEAAMO are less than those of
AAMO which means solutions obtained from OAAMO am®re robust than those
obtained from AAMO. In order to compare the perfarmoe of OAAMO and AAMO,

the errors for the obtained solutions are calcdlategiven in Egs. (2.16) — (2.20).
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Figure 3.3 Optimal solutions for numerical examples(a) TNK, (b) SR, (c) CTP,
(d) zDT1, (e) ZDT2, and (f) ZDT3
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Table 3.2 OAAMO results for test problems
OAAMO

Test # Fn HD OS
Problem Calls Average STD Average STD
TNK 20 0.22 0.04 0.83 0.17
SR 70 0.77 0.15 0.52 0.65
CTP 100 0.66 0.03 0.78 0.09
ZDT1 300 0.74 0.04 0.91 0.09
ZDT2 300 0.33 0.06 0.72 0.14
ZDT3 300 0.58 0.03 0.85 0.31

Table 3.3 AAMO results for test problems

AAMO

Test # Fn HD 0S
Problem Calls Average STD Average STD
TNK 20 0.23 0.07 0.54 0.23
SR 70 0.74 0.21 0.98 0.86
CTP 100 0.66 0.03 0.65 0.06
ZDT1 300 0.66 0.05 0.87 0.15
ZDT2 300 0.45 0.07 0.89 0.12
ZDT3 300 0.59 0.05 0.93 0.32

Table 3.4 Conventional MOGA results for test problens
Conventional MOGA

Test # Fn HD (O)
Problem Calls Average STD Average STD
TNK 2100 0.21 0.06 0.78 0.13
SR 2100 0.79 0.17 0.80 0.98
CTP 2100 0.63 0.04 0.76 0.01
ZDT1 5100 0.66 0.01 0.64 0.02
ZDT2 5100 0.32 0.02 0.79 0.09
ZDT3 5100 0.57 0.05 0.81 0.09

A summary of the error results for the numerical fgoblems is reported in
Table 3.5 and Table 3.6. Based on RldSEand RRMSE OAAMO outperforms
AAMO for all test problems except TNK. Also, OAAMEsults in a smaller STDs
compared with AAMO, which again means that OAAMQrisre robust and predicts

more accurate and consistent results comparedAMMO.
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Table 3.5 Pareto verification for OAAMO and AAMO (RMSE)

OAAMO AAMO
Test f2 fl f2
Problem  Mean STD Mean STD Mean STD Mean STD
TNK 1.9x10° 0.1x10° 1.2x10° 0.2x10° 1.3x10° 0.3x10° 9.6x10° 0.4x10°
SR 2.0537 1.82 0.515 0.329 397.48 365.28 210.46 189.12
CTP 0.00 0.00 0.229 0.128 0.00 0.00 0.575 0.339
ZDT1 0.00 0.00 0.012 0.045 0.00 0.00 0.014 0.015
ZDT2 0.00 0.00 0.004  0.0024 0.00 0.00 0.026 0.0173
ZDT3 0.00 0.00 0.049 0.035 0.453 1.8%100.672 0.04

Table 3.6 Pareto verification for OAAMO and AAMO (RRMSE)

OAAMO AAMO

Test f2 f]_ fg
Problem  Mean STD  Mean STD Mean STD Mean STD
TNK 0.002 2x1d 0.0019 0.4x18 0.0014 4x18 0.0015 0.4x1®
SR 0.065 0.012 0.059 0.019 13.204 48.23 22.378 28.89
CTP 0.00 0.00 23.043 2.949 0.00 0.00 37.694 12.78
ZDT1 0.00 0.00 2.842 0.128 0.00 0.00 2.842 0.043
ZDT2 0.00 0.00 0.719 0.001 0.00 0.00 6.475 0.112
ZDT3 0.00 0.00 0.824  0.0288 0.00 0.00 37.529 1.50
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3.5 Comparison with ParEGO

In this section, the proposed method OAAMO is coragawith ParEGO
(Knowels, 2005) for four test problems, all uncoasted, as listed in Eq (3.9) to Eq.
(3.12). These test problems have different degoédsficulty and characteristics. As
shown in Figure 3.4, and Table 3.7 and Table 3BAKO outperforms ParEGO in
terms of the averagdD metric for OKAL1, KNO1 and VLMOP?2 test problems. In
terms of the averag@S metric, OAAMO performs significantly better thaarEGO

for OKA2 and KNOL1 problems.

Table 3.9 reports thRMSEandRRMSEresults for OAAMO solutions only.
The errors are reported for OAAMO because its gmhst are obtained based on
metamodels. On the other hand, while ParEGO usdammogleling internally, the
final solutions are obtained based on the obsepeéuts and thus no error is reported
for its solutions. From these results, it can bacteded that for almost all test
problems the accuracy of the OAAMO solutions isceeble.
OKAL1 Test Problem
minimize f; =x¢
minimize f, =20 M + 2 x¢-3cosf §-B
Where  x@= cos¢ /12} -sip{ /13)
x¢=sin(p /12)x + cosp /12,

x 1 [6sin(p /12),6sinp /12) 2 cop( /12
x,1 [-22psin(p /12),6cos¢ /12)]

(3.9)
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OKA2 Test Problem

minimize f, =x

minimize f,=1- 4—12 (a+ p ¥+ |%- 5cosk |3/3+
¥
|X3 ) SSin(le:L/S (310)

Where  x1-[p p1% k- [ 5,5]

KNO1 Test Problem

minimize f; &)= 20 -r cosf )
minimize f, &)= 20 -r sin{ )
Where r=9-[3sin(5/2( +x, ) ¥ 3sin(4 +x, B
5sin(26 + %, )+ 2)] (3.11)
f=pl12(x -X%, +3)
%, %1 [0,3]

VLMOP2 Test Problem

minimize f,=1- exp- = & 1A/n 3
i=1

minimize f,=1+ exp-  &- 1A/n (3.12)

i=1

Where  x x1-[ 2,2]a 2
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Figure 3.4 Optimum solution for numerical examplesusing OAAMO and
ParEGO
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Table 3.7 OAAMO results

Test OAAMO
Problem  #Fn HD oS
Calls Average STD Average STD
OKAl 20 0.49 0.07 0.35 0.28
OKA2 20 0.61 0.05 0.58 0.29
KNO1 20 0.39 0.13 0.70 0.50
VLMOP2 20 0.61 0.07 0.32 0.11

Table 3.8 ParEGO results

Test ParEGO
Problem  #Fn HD oS
Calls Average STD Average STD
OKAl 20 0.60 0.08 0.44 0.14
OKA2 20 0.59 0.05 0.38 0.17
KNO1 20 0.59 0.09 0.13 0.09
VLMOP2 20 0.68 0.05 0.36 0.18

Table 3.9 Pareto verification for OAAMO
RMSE RRMSE %

Test fy f, fy fy
Problem “viean STD Mean STD Mean STD Mean STD

OKA1 0.05 0.08 023 012 274 381 794 3.33
OKA2  0.02 0.02 030 0.10 1.22 1.08 10.12 4.35
KNO1  0.03 0.04 0.04 006 019 025 035 042
VLMOP2 0.02 0.01 0.01 0.01 13.17 21.08 3.78 3.99

3.6 Engineering Example

The OAAMO approach was also applied to optimizetairefrigerant heat
exchanger segment with six design variables as sumed in Table 3.10. A
commercially available CFD simulation tool (FlueB07) was used to evaluate the

actual values of objectives and constraints.

The initial metamodels are built using an initigsegn with 30 samples. 100
individuals in the population in each generationM®GA are used with the total
number of generations is set equal to 500. Foetiggneering example, OAAMO is
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just compared against AAMO since the computatidimak for solving these two
examples was prohibitively large to solve them aigewith MOGA. Only 60 actual

simulations were used with OAAMO or AAMO.

3.6.1 Air Cooled Heat Exchanger Segment Model

A schematic of a cross-flow air-to-refrigerant heacthanger (Abdelaziz et
al., 2010) is shown in Figure 3.5(a) and correspundheat exchanger segment in
Figure 3.5(b). The performance measures for th& Bxchanger element are the air
side heat transfer coefficient and the air sidssuwee drop. The overall goal is to find
via optimization the best segment design that plesvia heat exchanger segment with

higher air side heat transfer coefficient and lopssure drop.

The different dimensions or design variables wiidtate the air side performance of
the element are marked in Figure 5(c). The cormediog temperature distribution is
shown in Figure 5(d) for inline arrangement wheer¢his no offset. The air side heat
transfer and pressure drop are obtained by solthegcontinuity and momentum

equations using CFD.

Overall, this air to refrigerant heat exchangerpem has six input variables
and two responses. For the purpose of this stuthividual metamodels are
developed for each response. The six design vasadike as follows (see Figure 3.5):
Tube internal diameter, center to center vertioal laorizontal spacing, the number of
ports, offset, and the inlet air velocity. The timequired for each simulation is

approximately 5 minutes on a Dual 2 GHz Xeon watish.
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Table 3.10 Test problems data

Test # of Design Initial New Repeat
Problem Variables Design Samples Runs
HXSegment 6 30 30 10

Symmelry Planes

%
<

(@)

Constant wall
temperature

Outflow

Velocity inlet Offset \
o ol
|

W N g>
-  —— N
D L*H yzontalg’j

Spacing

S
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Buped

Constant wall
temperature

(©) (d)

Figure 3.5 (a) Air to refrigerant heat exchanger, If) heat exchanger segment
Schematic, (c) computational domain and (d) samplesults (Abdelaziz et al., 2010)
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3.6.2 Air Cooled Heat Exchanger Segment OptimizatioProblem Definition

The input variables used to build the metamodel thed limits are given in

Table 3.11. The outer diameter, the tube thickiaeskthe horizontal and the vertical
spacing are a function of the inner diameter. Téesounting for inner diameter also
accounts for outer diameter, thickness and spaclig vertical and horizontal

spacing needs to be accounted for, since it haseat dnfluence on the air-side heat
transfer and pressure drop. Since the limits imgpasethe inner diameter differ by an

order of magnitude, it is imperative to have thmité on the other design variables

scale accordingly. The velocity limit was chosersdzh on the velocity limits for

conventional air-conditioning applications. All dgs variables are normalized within
the interval [0, 1] when used in the DOE and metd@hodevelopment. The

optimization problem for the heat exchanger segroantbe summarized as shown in

Eqg. (3.13).

Table 3.11 Design Variables for Heat Exchanger Segmt Optimization

Design Variable Lower Limit Upper Limit
Inner diameterDi, 0.1mm Imm
Horizontal spacingis [mm] 1.5 XDy 6.0 XDoy
Vertical spacingys[mm] 2 XDout 4 X Doyt
Depth,w [mm] Function ofDj, Function ofDj,
Offset,| [mm] Function ofHs Function ofHs
Air velocity, v [m/s] 1.0 3.0

minimize f( ¥= AIrHTC

minimize §( = DPR

subject ta D P £50 kPa
AIrHTC?2 100W /nf K
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3.6.3 Results

Two different metamodels were built for the twopesses or objectives, one
for Air pressure drop (Par) and the other for Air Heat Transfer Coefficient
(AIrHTC). Kriging with logarithmic response (to avoid negat values during
prediction) was used to develop the metamodels. AAMO, a non-adaptive
approach was used and 60 samples were generatepthisiMED method.

Figure 3.6 shows the obtained Pareto sets for OAAM@ AAMO. As
observed from Figure 3.6, OAAMO resulted in an ioyad Pareto set such that it
obtains solutions with higher heat transfer coefic and lower pressure drop than
AAMO. CFD verification for the Pareto set also sksowmaller errors for the
OAAMO compared to AAMO, see Table 3.12.

Table 3.12 Relative Errors in Pareto Solutions frorDAAMO and AAMO for
Heat Exchanger Segment

OAAMO AAMO
RError
Pair % ATHTC % P,y % AIrHTC %
Average 1.20 0.30 4.62 2.34
Max 6.30 1.70 8.94 4.89
Min 0.02 0.01 0.06 0.16
STD 1.99 0.54 1.52 2.63
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Figure 3.6 Comparison between OAAMO and AAMO for hat exchanger
segment optimization

3.7 Summary

In this chapter, a new online approximation asdist@ultiobjective
optimization approach called OAAMO is presented. tie proposed approach,
metamodels of objectives and constraints are it@igt developed and updated in
concert with an optimizer. This updating of the amebdels is based on selecting a
few (five) sample points from an estimated set afeo solutions obtained in each
iteration of the approach. An accumulation of theample points together with an
initial design form a set of samples for buildingtaimodels. The five selected points

include: (i) two points with the lowest and highéstrmalized) predicted variance in
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the normalized objective functions’ variance spdigthree points from the current
estimated Pareto points (two end points and ortearmiddle). A space filling filter
is applied to prevent any clustering of the samplée proposed approach is applied
to a total of 10 numerical and an engineering pesblems with different degrees of
difficulty. The OAAMO solutions are compared withAMO, ParEGO and MOGA.
Based on the results obtained, it is concluded @AMO obtains a better estimate
of the Pareto solutions for most of the examplesmared to AAMO and ParEGO.
Moreover, compared with MOGA, OAAMO obtains readdeasolutions while
reducing significantly the number of functions sall

In the next chapter, a new global and local sebasded approach is proposed
for multiobjective optimization. The new approachmainly developed to reduce
further the computational cost by eliminating therification of final optimum

solutions. In addition, the new approach alwaysvded feasible solutions.
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Chapter 4: Approximation Assisted Multiobjective tibmzation
with Combined Global and Local Metamodeling

4.1 Introduction

The approximation assisted multiobjective optimaatwith global and local

metamodeling approach of this chapter is presdntetii et al., (2012

In this chapter, a new approximation assisted winjkictive optimization
approach is developed. Both global and local methatsafor objective and constraint
functions are used. Numerical example is used tapewe the proposed approach
with previous approaches in the literature. Addislhy, the proposed approach is
applied to a CFD-based engineering design exantiple.found that the proposed
approach is able to estimate Pareto optimum pone@sonably well while

significantly reducing the number of function e\ations.

The rest of this chapter is organized as followgct®dn Section 4.2
summaries the related work from the literature.cAmrrview of the new approach is
provided in Section 4.3. Sections 4.4 introduce eweal example and results in
addition to comparison with approaches from therditure. Section 4.5 presents an
engineering example for optimizing coldplate devibtat is used for electronic

cooling. Section 4.6 provides conclusions and olgsemarks.

2Hu W., Saleh, K., and Azarm, S., 2012a, “ApproximatAssisted Optimization with Combined Global and
Local Metamodeling,” ASME2012 International Design Engineering Technicaln@wence, IDETC 2012
August 12-12, 2012, Chicago, IL, USA.

3 Hu W., Saleh, K., Azarm, S., and Mosier, G., 201Zpproximation Assisted Optimization with Combined
Global and Local MetamodelingManuscript Submitted tdournal of Mechanical Desigdune 5, 2012.
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4.2 Related Work

As introduced early in Chapter 3, Approximation i&tsd Optimization
(AAO) is widely used in engineering design probletosreplace computationally
intensive simulations with metamodeling. Traditibnr®AO approaches employ
global metamodeling for exploring an entire dessgace. Recent research works in
AAO report on using local metamodeling to focusppomising regions of the design
space. However, very limited works have been regatttat combine local and global
metamodeling within AAO. A summary of the relatedriv in the area of using
global and local metamodeling in approximation stesi optimization is provided in
the this section.

According to the coverage of design space by a madal, AAO can be
categorized as either a global or local approacplobal AAO uses a metamodel to
estimate each objective and constraint functiortierentire design space (Sasena et
al., 2002; Huang et al., 2006). A local AAO appio&acuses on certain local regions
in the design space and constructs the metamaodelsse focused regions for the
objective and constraint functions (Fonseca et2410; Picheny et al., 2010; Pilat
and Neruda, 2011). For example, local approximatuith a Taylor expansion has
been used based on a coarsely sampled global @paftka, 1991). Also, work has
been reported with only one cluster to focus oneapected optimum region for
single-objective optimization (Wang and Simpson040 Both global and local
AAOs have their advantages and limitations. A glab&O is useful in exploring the
entire design space and obtaining a global optsoaition. While for local AAO,

since the focus is on a relatively small regiortha design space, a higher accuracy
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of solutions can be achieved. But AAO with localtamodeling alone is not capable
of exploring the entire design space and may bekstat a local optimum or
suboptimal solutions.

In this chapter, a newly developed online approxioma assisted
multiobjective optimization approach is presentEde proposed approach combines
global and local metamodels to significantly impganetamodeling accuracy while
using fewer sample points during AAO. The basiaideto screen a set of randomly
generated points by using metamodels and selecingimedominated ones. The
observed non-dominated points are grouped in nieltgustered regions in the
design space and then local metamodels of objéctimstraint functions are
constructed in each region. The observed points adse used to update the
metamodels and this procedure is repeated untresspecified number of sample
points is exhausted. One numerical and one engngeekamples are tested with this
approach. The results from the numerical exampecampared with several well-
known previous approaches, namely ParEGO (Know2&§6), PSP (Shan and
Wang, 2005) and Forrester’s approach (Forrestair,62008).

A few distinct characteristics of the proposed apph compared to the
related AAO methods in the literature are: (1) Tin@jority of previous AAO
methods focus either on global or local metamodeéind very few consider using
both global and local metamodel with multiobjectmgtimization. In the proposed
approach, online sample points are iteratively gdaim both global and local design
spaces and consequently used to construct muftiptamodels to explore the design

space. Combining global and local metamodels wi#hOAallows the proposed
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approach to explore the entire design space bettele focusing on promising local
regions. (2) While a previous approach (WilsonlgtZz®01) uses a clustering method
to support the refinement of a local optimum redmnsingle-objective optimization,
the proposed approach identifies a number of alsistethe promising local design
spaces for a multiobjective optimization problerhisTmultiple clustered regions are
helpful for the proposed approach to estimate batteider range of Pareto solutions.
(3) An adaptive procedure is developed in the psedoapproach to determine the
number and location of clusters according to a éagdr distance” of the non-
dominated points. Since the spread distance ibresdid in both design variable and
objective space, the clusters are able to quiakéntify the most promising region
and further improve the non-dominated points iteedy. (4) The clusters in the
proposed approach are located around the currshtdlesign points. In this way, the
local metamodels significantly enhance the accucdayetamodeling and predictive
capability of the approach. In addition, the besgign point is always observed and is
feasible. As such, there is no need to verify thalfsolutions separately. In the next

section, the details of the proposed approachrasepted.

4.3 Proposed Approximation Assisted Multiobjec@mimization with Combined

Global and Local Approach

The following sub-sections provide details on thebgl and local search
methodology, the adaptive clustering technique &mel steps in the proposed

approach.
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4.3.1 Overview of Proposed Approach

The approach starts with global metamodels for aiivje and constraint
functions and using them it selects the most primmipoints from a large number of
randomly generated points. The actual simulatieritfe selected points is run, which
means their actual objective/constraint functioluga are computed. Based on these
values, the “best” points are grouped in multiglestered regions in the design space
and then local metamodels of objective/constraimicions are constructed in each
region. All observed points are also used to iteeit update the metamodels. In this
way, the predictive capabilities of the metamodeks progressively improved as the
optimizer approaches the Pareto optimum frontier. adlvantage of the proposed
approach is that the most promising points arerobsgeand that there is no need to

verify the final solutions separately.

4.3.2 Global and Local Search

The main goal of the proposed approach is to fingbad estimate of the
global Pareto optimum design points while redudhg total number of function
calls. In order to achieve this, both global anchlonetamodeling and search of the
design space are considered. Iteratively, globabmedels are built for the entire
design space while a large number of random panésgenerated and evaluated
using the global metamodels. The global metamaalelsteratively updated to better
estimate global optimum design points and to awatting stuck at local optimum
solutions. Additionally, after non-dominated poiai® obtained, clusters are defined
and local metamodels are built in each cluster. damh cluster, random points are

also generated and evaluated (according to thectblgéconstraint functions) based
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on the local metamodels. The method for creatingstels and iteratively and

adaptively updating them is described next.

4.3.3 K-Means Clustering

In the proposed approach, the purpose of clustesing divide a population
of non-dominated points into a few groups or sulyaions (Seber, 1984; Hastie et
al., 2001). Each of these groups consists of nanktiated points which are close to
each other in the design space. When using metdstudestimate the objective and
constraint functions, the response over the entégign space can be highly non-
linear and multi-modal. However, the non-dominapents in one cluster can be
selected to have more similar responses for thenastd objective and constraint
functions. Therefore, using a clustering method tides the non-dominated points
into different clusters and constructing local medaels for each cluster can
significantly improve the accuracy of the metamedel

In this approach, a standard K-means clusterindnoge(Seber, 1984) is used
to divide a set oN non-dominated pointg (j = 1, 2, ...N) and determine the location
of cluster centers. In K-means clustering, the mene of theK cluster centersy
(k=1, 2,...K) are determined so that the within-cluster sunthefdistances between
the non-dominated points and center of the clutminimized, as expressed in Eq.

(4.2):

K N
min
k=1j=1

I[x; - ¢ |l (4.1)

where the quantity ||¢|]] computes the Euclideatawii® for the inside term. Since the

K-means cluster method minimizes the Euclidearadsts of the elements within the
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same cluster, different clustering results candeatified with different values df.
In the next section, an adaptive method is develepeetermine the value &t

After the non-dominated points are clustered, @aregle (or a hyper-box in
multiple dimensions) is formed around each clustaclosing all the non-dominated
points within the cluster. The boundary of the aegle is extended by adding a small
margin around the rectangle. This will allow theprsed approach to better explore
the design space adjacent to the current cludtdithkin the rectangle for each cluster,
a local metamodel for the objective and constrainttions is constructed using the
non-dominated points (which are all observed). Hetails of the cluster-based

metamodeling are discussed in the next section.

4.3.4 Adaptive Clustering

The number of clusters is mainly identified basedtbe number of non-
dominated points and the distance between the oorrdited points in the design
space. The number of clusters helps to improvestgiread of the final optimum
designs while avoiding sample crowding in the desigace. The steps to determine
the number of clusters are listed below:

Step 1 Start with one clustek=1.

Step 2 Use the K-means clustering approach (Seber, 1@Bdgtermine k clusters
and the centers of these clustersieKl( 2, ...,K)

Step 3 Calculate the maximum in-cluster distamkgg,. First, the maximum in cluster

distance for clustek, dy, is computed:

d. = max|k;- ¢ | (4.2)

76



where g represent the center (or centroid) for clustendt 8k represents the set of all
the points; inside the clustek. Among all the maximum in-cluster distanckgk=1,

2, ...,K), the maximum in-cluster distance for differentstersdmay iS Obtained:
dmax = mkax(dk ) (43)

Step 4 Check the stopping condition, wilbn.x being a user specified maximum

acceptable in-cluster distance:

d_£D (4.4)

max max
If this condition is not satisfied, increase thenter of clusters by ond =k+1, and
return to Step 2. Otherwise, the number of clusgrsals tk.

The quantityDmax iS @ problem dependent parameter. It representgopar
bound for an acceptable distance between any samopieand centroid of a cluster.
Typically, a smallerDnax results in more clusters and thus better accucdcthe
metamodels and solutions. However, this smallenevalso increases the number of

function calls needed in the proposed approach.

4.3.5 Sample Selection

The initial samples are generated using a spaliegfisampling technique
such as the Maximum Entropy Design (MED) or LatippErcube Sampling (LHS)
method (Koehler and Owen, 1996). After the non-dated random points are
identified, one new sample from the non-dominatet is selected based on the
spread distance. The spread distance is computegl aiguclidean distance between
a non-dominated (candidate) point and the exissiagple points considering both

design and objective space. In calculating theagpiistance, the design variables
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and objectives are scaled between 0 and 1. Thadplistance in the design space is

given by the following equation:

d, = max|x-x | (4.5)

ihs
wherex andx' represent a candidate point and a sample posyeotively. The max
in Eg. (4.5) is over all existing sample points veh& refers to the sample set.

Similarly, the distance in the objective functigrase is expressed as:

d = max|f-f' | (4.6)

il's
A weighted sum of both distances Egs. (4.6) and) (% used to account for the

closeness (or spread distance) in both spaces:
g=1Ad +1/2, 4.7)
A non-dominated random point with the largestalue is selected as a new sample

point in every iteration of the proposed approach.

4.3.6 Step-by-Step Description of Proposed Approach

Figure 4.1 shows a flowchart for the proposed apgiio The steps are
described as in the following.
Step I Initialize
Create an initial set of sample points (or samples) the simulation and calculate
the responses (for objectives and constraints).
Step 2 Build Global Metamodels
Build a global metamodel for each objective andst@int function.

Step 3 Generate Global Random Points
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Generate random samples in the entire design spatestimate the responses using
the global metamodels obtained in Step 2; comhiiteali samples and the random
points into a universal sample set.
Step 4 Identify Global Non-Dominated (ND) Points
Identify the ND points from the universal set ofiqge from Step 3 and observe (or
compute the objectives/constraints for) the nonddated points that are not
observed yet.
Step 5 Create Clusters and Local Metamodels
Create a few clusters based on the non-dominatedspas described in Section
4.3.3; place additional samples (if necessary)achecluster to build locally accurate
metamodels for objectives and constraints.
Step 6 Generate Local Random Points in Clusters
Generate random points in each cluster and estirtietie response using local
metamodels; again combine existing samples andath@om points in the clusters
into a universal sample set.
Step 7 Identify Local Non-Dominated (ND) Points
Identify the non-dominated points from the univérset in Step 6 and observe the
non-dominated points that are not observed before.
Step 8 Repeat and Stop
Repeat steps 2-7 until a certain stopping criteisosatisfied.

The stopping criterion can be based on one or rabtike following criteria:

(i) No change in clusters (location and size) fresal iterations. (ii) Total number of
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available function calls is exhausted. (iii)) No obe to the non-dominated points for

a number of iterations.

e N
—» Step 1: Create initial set of sample points
v
Step 2: Build global metamodels
. J
v

4 N\
Step 3: Generate random points in the global
space and estimate points’ responses

v

4 N\
Step 4: Run Non-Dominated (ND) sorting and
observe new sample points

v
Step 5: Create clusters based on ND points
and build local metamodels

v

P
Step 6: Generate random points in each
cluster and estimate points’ responses

v

e N
Step 7: Run Non-Dominated (ND) sorting and
observe new sample points

Step 8: Stop?

J

Figure 4.1 Flowchart of the proposed approach

4.4 Numerical Examples and Results

In this section, the two-variable two-objective ZBlexample from the
literature (Shan and Wang, 2005) is chosen to dstrete the approach. The

formulation of the optimization problem is:

80



min f, =X
min f,=ufl- {x /u- (% /u)sin(d® x)]

st: x,x1 [0, 1]
whereu= H# &,

(4.8)

As summarized in Table 4.1, a response surfacemoekaling technique is
used in this example. The values of initial an@ltoumber sample points are 6 and
20 respectively. The maximum in-cluster distabggx which adaptively determines

the number of clusters, is 0.07.

Table 4.1. Number of samples and maximum in-clustattistance for ZDT3

example
oftotal #ofinial X in-
Metamodel samples  samples clluster
dist.
ZDT3 Kriging 20 6 0.07
Coldplate Kriging 30 10 0.09
1 . .
"
# Non-dominated points
0.8r 1
X
0.6r
X
X5
0.4} x
X
.25
#*
00 0.2 014 0.8 0.8 1
X
(@)
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Figure 4.2 Number of sample points (N) and Non-Domated (ND) points
with clusters (a) N=7 ND=2, (b) N=13 ND=5, and (¢y=20 ND=9

Following the steps of the proposed approach, Bainsample points are
placed in the global design space in the beginfdaged on these sample points, a
global metamodel for each objective function isstarcted. Next, 200 random points
are generated in the global design space and Hg#cttive function values are
estimated using their global metamodels. The glomdom points are then
combined with the current sample points, and the-dmminated points are

identified. Among the non-dominated points, somégsomight have already been
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observed from the existing sample set. For the seiied non-dominated points, one
point is selected based on the spread distancetindesign and objective space as
discussed earlier in Section 4.3.5. Consequeti#yselected point is observed.

In Figure 4.2 (a), the initial 6 sample points ahé newly observed non-
dominated point are shown in the design variabbeges. As can be seen, only two
non-dominated points are identified. The non-donedapoints are clustered
adaptively based on the maximum in-cluster distamtere the rectangle represents
the boundary of the clusters. As shown in Figu& (4), two clusters are identified
and the local metamodel is constructed for eactetwsing the sample points within
the clusters. In the following, 100 random points generated in each cluster and
their objective function values are estimated usirglocal metamodels. Finally, the
local random points are combined with the samplesé¢osed) points, and the non-
dominated points are identified. Again one samplesalected based on the spread
distance and if a selected non-dominated randomt p®inot observed, it should be
observed. After that, the iteration counter is @ased by one and the previous steps
are repeated. Figure 4.2 (b) and (c) shows thergssiye improvement of the sample
points and non-dominated points from an intermediatration and the final iteration
for the illustrative example. It can be seen frdme figure that both the area and
location of the rectangles (or clusters) changgatiteely. Because only a limited
number of sample points are used, the optimizat@topped when the total number
of sample points (i.e., 20) is exhausted. One é@starg observation is the overlapping
of clusters in Figures 4.2. This happens becausmall Dnax value is used which

allow more clusters to be adaptively created, dsd laecause the area of each cluster
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is extended with a margin. However, this overlafeaf does not degrade the

performance of the proposed approach.

7 X ‘ ‘
X Sample points
6 3% Non-dominated points | |
X
X
5,
4,
n X x
X
2 * %
1 % X " % X X X
. \ * X
o T~ > X
True Pareto ::ﬁ;;;::::j:::l&“ \
o 0.2 0.4 0.6 0.8 1
fi

Figure 4.3 Optimal solution for ZDT3 test problem

The final non-dominated points based on 20 samgietp are shown in the
design variable space in Figure 4.2(c). The sameoksesample points and non-
dominated points are also plotted in the objectipace in Figure 4.3. The true Pareto
frontier is also shown in the same figure for cormgmm. It can be seen that the
majority of the sample points are located arourel tthe Pareto and the proposed
approach identified a reasonable set of optimumtsols in terms of closeness as
well as the spread in the objective function space.

Then the results obtained from the proposed appr@se compared with
three approaches from the literature, PSP (ShaM&n, 2005), Forrester (Forrester
et al., 2008), and ParEGO (Knowles, 2006). The sargnof the comparison is

presented in Table 4.2. and Figure 4.4. Considaghrgandomness of initial sample
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points generated by the LHS, all compared appr@aeahe run for 10 times for with
the same number of initial and total number of danpoints as shown in Table 4.1.
HD, and overall spread, OS in addition to the numbke non-dominated points
obtained from each approach are used in the cosgparihe attainment surfaces for
the best and worst non-dominated solutions basedhenHD value from each
approach are shown in the objective function spaxce-igure 4.4. Table 4.2
summarizes the mean and standard deviation ofuh#er of non-dominated points,

HD and OS.

Table 4.2 Number ND points and quality metrics fomumerical and engineering

examples
Approach #ND pts. HD oS
Mean/std. Mean/std. Mean/std.
Proposed 7/1 0.19/0.02 0.37/0.15
ZDT3 PSP 7/1 0.21/0.02 0.36/0.27
Forrester 6/2 0.22/0.02 0.87/0.37
ParEGO 6/2 0.20/0.06 0.22/0.16
Coldplate Proposed 11/1 0.43/0.01 0.36/0.13
Forrester 9/1 0.42/0.01 0.65/0.08
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Proposed approach
PSP

Forrester

ParEGO

Figure 4.4 Optimal solutions for numerical exampleZDT3

4.5 Engineering Example

The proposed approach is applied to optimize trségdeof a microchannel

coldplate. The coldplate schematic is shown in Fegu5(a) (Saleh et al., 2010). The

objectives considered are: minimizing the maximumarmel temperaturénax while

minimizing the refrigerant pressure drop inside the channel as formulated in Eq.

(4.9).
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min f, =T,_,

X

minf, = DP
s.tT, < 600K (4.9)
DP <4 10 P:
To - Tn< 14K
Table 4.3 Design Variables for Coldplate Optimizatn
Design Variable Lower Limit Upper Limit
Channel height, H [mm] 0.8 2.0
Channel width, W [mm] 5.0 70.0
Refrigerant velocityy [m/s] 0.5 3.0

In this example, three design variables are consitlas shown in Table 4.3:
channel height H, channel width W, and refrigeragibcity . The constraints are the
allowed refrigerant pressure drop inside the chiaané limitation on both maximum
channel wall temperature (material constraint) temperature difference between
outlet and inlet of the channel. Only half of thennel, as shown in Figure 4.5(b), is
simulated as there is symmetry at the center ofcttannel. Parallel parameterized
CFD (PPCFD) approach (Abdelaziz et al., 2010) isdu® automatically read the
normalized design variables and then generate treesponding Gambit and
Fluenf journal files (Fluent, 2007).

Because all constraint functions in the coldplat@neple are obtained from an
expensive CFD simulation, the PSP and ParEGO aplpesaare not applied to this
example since both approaches cannot handle constrélowever, the Forrester’s
approach is applied and the results of both thgoggeed approach and Forester’s
approach are given in Figure 7 where the non-dot@éhsolutions from the best and
worst runs from both approaches are shown. The esurmbnon-dominated points

and the quality of the non-dominated solutions sitewn in the last two rows of
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Table 4.2. Note that the proposed obtains slighttre number of non-dominated
points compared with the Forrester's approach. @a other hand Forrester's
diversity is slightly better than the proposed apggh. In terms of the attainments

surfaces, the two approaches are comparable.

Maximum
coldplate
temperature ?

Uniform
_—surface Heat
Flux

Uniform
coolant flow
rate

(@)

Constant Heat Flux, q

\\\\v‘v¢;i v l l l l l l l l

L — Channel

Base Plate

la—\/\//2— /]

| -
l

| __— Insulated Surface

e
—
—
—

Computational Domain

(b)
Figure 4.5 Coldplate (a) Schematic (b) Computatiodadomain
(Saleh et al., 2010)
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Figure 4.6 Optimal solution for coldplate example

In terms of the coldplate design itself, it candspicted from the results in
Table 4.4 that for a smaller channel width and hefinigerant velocity the pressure
drop constraint tends to approach the upper bounkwhe maximum temperature is
significantly reduced. This trend can be seen & upper left corner in Figure 4.6.
However for the maximum channel width and interragzlrefrigerant velocities the
pressure drop is significantly reduced while thmgerature increased as the surface

is subjected to the constant heat flux.
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Table 4.4 Optimum solutions for coldplate example
w H Tma P
mm mm m/s K Pa
520 1.04 2.57 388.2134344.28
588 1.12 2.69 390.0531629.56
533 1.11 2.31 393.4827373.30
5.12 1.80 2.65 395.6816341.62
5890 1.67 2.30 403.6814450.23
6.65 1.78 2.37 407.1213429.33
6.51 184 210 411.7211169.17
593 1.83 1.55 421.387999.49
534 185 1.41 422.537281.43
509 197 1.29 426.016090.60
9.61 199 1.29 449.775155.07

46.33 1.98 1.25 550.26 4384.63

4.6 Summary

A new and novel online approximation assisted rabjéctive optimization
approach is developed and presented in this chapier approach iteratively uses
and updates both global and local metamodels fer dhjective and constraint
functions in its pursuit for Pareto optimum solaso The global metamodels allow
the approach to explore the entire design spackahmumber of local metamodels
focus on promising regions with higher accuracyeséh promising regions are
determined based on a number of clusters usingvayndeveloped clustering
scheme. This scheme is adaptive and dynamicalrmé@ies the number of clusters,
their size and location in the design space.

The proposed approach considers both objectivecandtraint functions as
being computationally expensive and as such it lmanused in a wide range of
engineering design optimization applications. Bathmerical and engineering

examples are tested using the proposed approaCirDAcoldplate design example is
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demonstrated with the proposed approach as wedl.fttund that a reasonable set of
optimum design solutions are obtained with a fember of CFD simulations.
In the next chapter, a new framework for applying MO to heat exchanger

design problems with multiscale simulations is preed.
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Chapter 5: Online Approximation Assisted Multiolijee
Optimization for Problems with Multiscale Simulatio
(OAAMOMS)

5.1 Introduction

In this chapter, an online multiobjective approxiioa assisted optimization
approach is used to design a novel air-cooled bgehanger using a multiscale
simulation. The material of this chapter is essdlgtthe same as that given in the
paper by Saleh et al. (2011a)

In OAAMOMS, design optimization is performed usingultiobjective
genetic algorithm while the computational costaduced significantly by applying
an online approximation technique. Higher modegliigt is achieved by applying the
multiscale heat exchanger simulation method. Thigr@ach uses a CFD technique
on the segment level coupled withiNTU solver for the entire heat exchanger
performance evaluation.

The rest of this chapter is organized as followsct®®n 5.2 summaries the
related work from the literature. An overview ofetimew approach is provided in
Section 5.3. Sections 5.4 presents an engineenag@e for applying the new
approach to optimize a new generation of air-cobleat exchanger with comparison
with offline approximation assisted multiobjectivaptimization based approach.

Section 5.5 provides conclusions and closing remark

4Saleh, K., Radermacher, R., Aute, V., and Azarm2&l1a, “Online Approximation Assisted Optimizatiof a
Novel Air-Cooled Heat Exchangerl’0th IEA Heat Pump Conferenceokyo, Japan, Paper No. 00272.

92



5.2 Related Work

Conventional heat transfer and pressure drop @tiwek for air side in air-
cooled heat exchangers (HXs) cannot be used for rmat exchangers
configurations. In addition, experimental investigas require developing several
prototype designs which can be expensive, timewuairgy and do not ensure finding
optimum design solutions. Consequently, numericati@s using CFD simulations
are considered to predict amount of heat trangidr@essure drop of the new HX
configuration (Sunden, 2007). Computationallyande difficult to build an accurate
CFD model for the entire heat exchanger. Theretbere is a need to use multiscale
simulation to overcome this problem. Multiscale me¢hat the CFD simulation used
at the heat exchanger segment level, to predict tttermal and hydraulic
performance, is coupled with the entire heat exghasimulation tool such asNTU

method.

Previously, experimental results have been useprédict the hydraulic and
thermal performance in the area of HX design (Kayd London, 1998). Recently,
many works reported using CFD simulations to pitettie heat transfer and hydraulic
performance. Bergles (2002) recommended using noabetechniques for the
prediction of thermal performance for new HXs getmas. According to Sunden
(2007), there are two different ways to use CFheat exchangers simulation. The
first approach uses large scale or coarse-mesimssheith local averaging or porous
medium to predict the flow distribution within theat exchanger by the method of
flow and thermal resistance. In the second apprgaetiodic modules with the heat

exchanger are used with fine meshes to predict hisat transfer and friction
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coefficients with high accuracy (Romero-MendezlgtZz000; Li et al., 2006; Wu and
Tao, 2007; De Losier et al., 2007; Abdelaziz et2010). In the next sub-section, the

work reported in the literature for heat exchangapsimization is discussed.

5.2.1 Heat Exchanger Optimization

In the area of heat exchanger optimization, modD Gkidies have focused on
segment level optimization. Few studies used appraton assisted optimization for
the entire heat exchanger design (Lee et al., 2@He existing methods have used
curve fitting to correlate the response from CFIxwations inside the optimization
step. Other methods use DOE, metamodeling, andnizatiion in heat exchanger
design applications (Jing et al., 2005; Park anaM®005; Park et al., 2006). The
most recent work in the area of heat exchangermagdition using multiscale
simulation was based on adaptive DOE which was tséulild offline metamodels
for both air heat transfer coefficient and air gregs drop (Aute et al., 2008 and
Abdelaziz et al., 2010). The main advantage ofgisiifline metamodels is the ability
to work with different optimization objectives, dexd from the same metamodel. In
other words, based on offline metamodels, differ@ptimization problems can be
solved with the same metamodels. However, the nwdale used for offline
metamodel assisted optimization should be globatiyurate. This means additional

CFD simulations will be required to achieve a rewdie level of global accuracy.

However, in many instances, an optimization taskely narrowly defined. For
instance, manufacturer aims at reducing the heatagmger weight and reducing the
pumping power for aerospace applications. Therentrtig many constraints on the

heat exchanger dimensions, aspect ratios, as weéheapumping power, the weight
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and so on. This means, in terms of optimizationthbthe objectives and the
constraints are well known. In such cases, werjastl to improve the performance of
metamodels near the expected optimum region. Tdwxenline approximation

assisted multiobjective optimization is a bettevich for such cases.

In the proposed approach, the online approximatssisted optimization
presented in chapter 3 is applied to heat exchadgsign. More specifically, the
proposed approach in chapter 3 is used to integinatese of CFD for segment level
simulation with the -NTU model (Shah and Sekuli2003) to evaluate the
performance of the entire heat exchanger. Metamsaalel used for the optimization
to replace the computationally expensive CFD sithutg. The metamodels are
updated in the direction of improving their perfemee in the region where the
optimum heat exchanger design solutions are exghetdebe. In addition, the
solutions from online approximation are comparedhwsolutions from offline
approach (Abdelaziz et al., 2010). As will be shdwnthe case studies considered,
the current results show that the online approxmnatpproach outperforms the
offline approximation approach in terms of reducitige computational time

significantly and obtaining more accurate solutions

5.2.2 CoilDesigner Solver

CoilDesigner is a control volume based simulatiool tthat can simulate the
performance of air-to-refrigerant and refrigeram¢frigerant heat exchangers (Jiang
et al.,, 2006). The solver discretizes the individiudes in a heat exchanger into
smaller heat exchanger elements termed as segm@uitDesigner internally uses

this discretization on the segment level along vitth -NTU method (Shah and
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Sekulic, 2003) of heat transfer calculations whelps to account for the changes in
transport properties (density and viscosity) dureapporation and condensation
processes resulting in accurate prediction of titeéeeheat exchanger performance.
CoilDesigner is described in more details with expental validation in Jiang et al.
(2006) and more recently in Singh et al. (2008)ti@gation of heat exchangers
using MOGA with CoilDesigner has been described daachonstrated in Aute et al.
(2004), Abdelaziz et al. (2010). It is important tote that CoilDesigner uses
correlations for air and refrigerant side heat 4fanand pressure drop calculations.
This makes CoilDesigner very flexible, because am@®rrelation is available for a
given geometry, CoilDesigner can be used to siraula coil performance using the
particular tube/fin geometry. Correlations are geltg based on experimental data
sets, but in cases where experimental data isvalable for new heat exchangers,
the heat transfer and pressure drop characterisaos be obtained using CFD
simulation. That can help to use CoilDesigner tplere the performance of new heat

exchangers without significant change in the soitgeif.

CoilDesigner requires detailed geometrical and gitesnformation to evaluate
performance of heat exchangers. This informati@tugtes tube diameters, thickness,
fin thickness, tube horizontal and vertical spacitupe length, number of parallel
tubes. The results predicted by CoilDesigner idelthe overall heat load, refrigerant
side heat transfer coefficients, refrigerant sicespure drop, outlet refrigerant and air

conditions, the volume of heat exchanger, mataraght.
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5.2.3 Multiscale Simulation

In order to reduce the time associated with sinmdathe new heat exchanger
designs, multiscale simulation concept is introdubg Abdelaziz et al. (2010) as
shown in Figure 5.1. In multiscale simulation, CBDnulations are performed in
heat exchanger (HX) segment level to predict tleential and hydraulic performance
of the new enhanced HX surfaces whereas a segmbasad -NTU solver such as
CoilDesigner is used to predict the performancthefentire heat exchanger. In order
to apply the multiscale simulation approach, thkoteng assumptions should be

satisfied (Abdelaziz et al., 2010):
1- Heat Exchangers are periodic in nature
2- Symmetry planes should be identified
3- Neglecting the side wall effects

4- The overall heat transfer coefficient is mainly eeging on the airside

performance
5- Constant wall temperature for liquid inside thegsib

6- Constant air properties and constant liquid in tplmperties
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Figure 5.1 Multiscale simulation for heat exchanges (HXs)

5.3 Proposed Online Approximation Assisted Optitromafor Problems with

Multiscale Simulation (OAAMOMS)

5.3.1 Overview

The OAAMO approach presented in chapter 3 is coetbiwith a multiscale
simulation technique (Abdelaziz et al., 2010) imlearto reduce the computational
time and improve the accuracy of the predict optmmesults. The new approach,
OAAMOMS, integrates CFD simulations on the segniemel with a conventional
segmented heat exchanger simulation tool to redueecomputational time while

improving the accuracy of the optimum designs. Thenmercial CFD package,
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Fluenf (Fluent 6.3.26) is used and integrated with segeten-NTU solver,
CoilDesigner (Jiang et al., 2006) to simulate therall heat exchanger performance.
CFD is used to calculate the segment air heat feam®efficient and air pressure
drop which are used later inNTU solver to predict the entire heat exchanger

performance.

5.3.2 Step-by-Step Description of Proposed Approach

The flowchart for the overall approach is presentefligure 5.2. The air-cooled
HX segment model used in this section is describ&kction 3.6. After developing a
robust CFD model that is valid for the entire ranfeesign variables, a set of initial
designs is selected based on the maximum entropy D@thod. Afterwards, CFD
runs using Parallel Parameterized CFD (PPCFD) et Section 2.8 is used.

Based on PPCFD results, metamodels are built fon lair heat transfer
coefficient QAirHTC) and air pressure drop R,y using the Kriging metamodeling
method. Having the metamodels, CoilDesigner candeel to predict thAirHTC and

P.ir based on the metamodels. After that, MOGA is usedptimize two design
objectives: to minimize HX volume and minimize th& side total pressure drop
based on CoilDesigner simulations. Subsequentlg, dhtained optimum design
solutions are filtered using OAAMO approach presdnin chapter 3 to select the
new set of to update the metamodels. CFD simulateme performed for the new
selected candidates using PPCFD. Thereafter, memare updated. The previous
steps are repeated several times until a certappstg criterion is met. In this study,
a limit on total number of CFD runs is used as stapping criterion. Finally, the

optimum solutions are verified using CFD simulation
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The prescribed approach is generic. It can be usdd any online
approximation assisted optimization technique.dditon, it can be applied for any
HX type with any segmented based solver such-ld$U or LMTD solver with a
great reduction in the computational time requidedthe next section an example is
used to demonstrate an application of the appréactinding optimum designs of a

new generation of air-cooled HXs including a conmgaar with an offline approach.

5.4 New Generation of Air-Cooled Heat Exchangerarile

In this section, the online approximation assistedtiobjective optimization
for problems multiscale simulation approach (OAAMSMdescribed earlier in this

chapter is used to design a novel air-cooled HX.

5.4.1 Problem Definition

The optimization problem objectives for this desigre to minimize HX
volume and to minimize the air side pressure dropese two objectives are
conflicting. The HX design is based on segment igoination shown in Figure 3.5

(Abdelaziz et al., 2010). There are six designaladds as shown in Table 5.1.

Table 5.1 Design Variables for Heat Exchanger SegmeOptimization

Design Variable Lower Limit Upper Limit
Inner diameterD;,[mm] 0.2 0.7
Horizontal spacingis [mm] 1.5 XDy 6.0 XDoy
Vertical spacingygdmm] 2 X Doyt 4 X Doyt
Number of Ports 3 19

Offset,| [mm] 0 xHs 1 xHs

Air velocity, v [m/s] 0.5 3.0
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The optimization problem can be summarized as shiowag. (5.1)3. The
main objectives are to minimize both the HX voluaral the air side pressure drop.
This is subjected to certain constraints on thesgauree drop for air side. Also, the
aspect ratio which is the ratio between the tulbbgtle ) and the coil height (\Nx

V9 is constrained. There is one more limitation loa X volume.

min HX Volume
min HX DP.

air

s.t.. HX DR, <100Pa

0.25< Aspect Rati& 4
1000< Q < 1050V

HX Volumk 240 cm

(5.1)

5.4.2 Solution Procedure

The solution starts with CFD model development ikatalid for the entire
design space. Then MED method is used to generagt af initial designs. In this
particular problem, 65 samples are used in orddilltthe design space boundaries
with initial designs. Then, PPCFD runs. The resalts used to build a metamodels
for both Py and AirHTC. Afterward, MOGA runs with a population of 150 it
200 generations to find the optimum designs. Theatives/constraints evaluations
are based on CoilDesigner to evaluate the perfocenanh the entire HX. In lieu of
CoilDesigner runs, metamodels are used to predith bP,; and AirHTC on the
segment level. After obtaining some intermediatdinmpm solutions, OAAMO
approach is applied to filter some of the optimwtusons and select the next set of
samples to update the metamodels in the expectiéthop region. The results are

presented at intermediate iterations in the netice
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5.4.3 Results and Comparison with Offline Multisca¢ Simulation

In this section, the results obtained from apply®§AMOMS approach are
presented. Firstly, after running MOGA based ors@iples, the optimum solutions,
i.e., the approximated Pareto solutions, are ptedeas Iteration #1 as shown in
Figure 5.3. Next, after different updates of thetanedels based on intermediate
MOGA runs, the results are presented for a totahlmer of samples of 95 and 120
respectively.

As it is apparent from the results, better solwgioan be obtained using fewer
number of CFD simulations. To compare the resulith woffline multiscale
approximation approach, an offline metamodels ai# for both P, and AirHTC
using 500 samples based on MED method. As it cadepicted from the results,
OAAMOMS approach resulted in better optimum designgerms of closeness and
spread compared with offline approach based on ME§igns. Approximately 76%
CFD simulations are saved when using the OAAMOM@aach.

In addition, OAAMOMS approach is compared with il approach based
on adaptive sampling. The adaptive sampling tecleigsed in this comparison is
MSFCVT (Aute, 2009). As it can be illustrated froRigure 5.4, the results are
comparable. However using OAAMOMS, we can save Gfi%the computational

simulations in addition to obtaining better optiménontier in terms of spread.

103



X OAAMOMS-65Samples
40 COOAAMOMS-95 Samples
OAAMOMS-120Samples
35 2 0 Offline-MED-500Samples
30 + =)
DA X
25 % x
= %
g 20 ¢ O
FT %ﬂ X
10 +
X
T @%
5 @
O 1 1 1 )
5E-05 0.0001 0.00015 0.0002 0.00025

HX Volume ( md)

Figure 5.3 Online multiscale approximation resultsat different iterations and

35

30

25 |

[EEN
a1
T

HX I:)air (Pa)
=
o

comparison with Offline results using MED

OAAMOMS-120Samples
%% & Offline-MSFCVT-300Samples

&

D

0
0.00005

0.00010 0.00015 0.00020 0.00025
HX Volume (m3)

Figure 5.4 Online multiscale approximation results/s. Adaptive Offline

results using MSFCVT method

104



5.4 .4 Pareto Solutions Verification

In order to verify the accuracy of the obtaineduhess all Pareto solutions are
verified using CFD runs. The errors in predictimgside pressure drop Pa;) and air
heat transfer coefficientAirHTC) are summarized in Table 5.2. The definition of
error metrics used is given in Section 2.5.2. Bgmeking the results, it is clear that
the performance of the metamodels is improved byingd more samples in the
expected optimum region using OAAMOMS approach. @armg with offline line
based multiscale simulation using both adaptive pliawgn, MSFCVT, with 300
samples, and space filling sampling technique, Mizith 500 samples, OAAMOMS
gives acceptable and comparable accurate resulte waducing significantly the
computational cost. This is the main advantagasaig OAAMOMS approach. In
case of limitation in the computational resourc@AAMOMS gives reasonably
accurate results in shorter time. By adding morepdes the accuracy of the obtained
results is improved.

Table 5.2 Optimum solution verification

RMSE RRMSE
Method _
e () (wmw Pt AWTO
OA?i\/lz(g)MS 3.80 18.32 16.7 14.82
Offli?seo-(l;/I)ED 8.78 2.56 20.78 2.698
Oﬁ'i“e(':g'\gg;: VT g8 15.51 30.41 12.75

105



5.5 Summary

A new approach for online multiscale approximatssisted optimization for
problems with multiscale simulations such as heathanger is presented in this
chapter. The approach combines adaptive updateetdmwodels for air heat transfer
coefficient and air pressure drop on the segmest Mith the entire heat exchanger
simulation for new generation of air-cooled heatt@ngers. The approach resulted in
a significant reduction of computational cost comedawith offline approximation
techniques. The accuracy of the results is comparaith offline approximation
results. The online multiscale approximation apphoaan save more than 60 % of
the computational time required to obtain similasults as the offline multiscale
approximation techniques. The approach is genericature and can be applied to
any similar heat exchanger optimization.

In the next chapter, online approximation assistptimization is used to

optimize headers for a new generation of air-coblkeat exchangers.
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Chapter 6: Header Optimization for New GeneratbAir-
Cooled Heat Exchangers using NURBS

6.1 Introduction

The material presented in this chapter is presentddslight modification in
Saleh et al., (2012%jor the header optimization and in Saleh et &1gbf for the 1
kW integrated heat exchanger module optimizati@s@nted in Section 6.7.

In this chapter, an online multiobjective approxiioa assisted optimization
approach is used to design optimum headers for aotgr cooled heat exchangers.
A CFD model is developed to predict single-phasgfflow in headers with multiple
parallel ports. This CFD model applies the porausp interior condition in order to
reduce the computational domain. In addition, Noniftwm Rational B-Splines
(NURBS) are used to define and manipulate the heauter shape with the purpose
of reducing the mass flow rate maldistribution. iDasoptimization is performed
using a multiobjective genetic algorithm while tbemputational cost due to CFD
analysis is reduced significantly by applying aniren approximation technique.
Optimization is performed to reduce both the mdes frate maldistribution in
different ports and the header frontal area wittpeet to the total heat exchanger
frontal area. The optimization results predictenhrfrmetamodels are verified using
CFD runs with high accuracy of prediction. Finatlgsign guidelines are provided

based on the optimization results and the effetieader shape is presented.

5Saleh, K., Abdelaziz, O., Aute, V., Radermacher, Bad Azarm, S., 2012a, “Approximation Assisted
Optimization of Headers for New Generation of Amaled Heat Exchangers,Applied Thermal Engineering
Journal (2012)http://dx.doi.org/10.1016/j.applthermaleng.2012006.

6Saleh, K., Abdelaziz, O., Aute, V., Radermacher, &d Azarm, S., 2012b, “New Generation of Air Gabl
Heat Exchanger 1 kW Module Design Optimization14th International Refrigeration and Air-Conditiomgy
Conference at PurdydéN, USA, Paper No. 2178
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The rest of this chapter is organized as followsct®n 6.2 provides
introduction and motivation for using online approg&tion assisted multiobjective
optimization for header optimization and summarike related work from the
literature. In Section 6.3, the details of the néwWD model developed for header
simulation is presented. Section 6.4 describesetaidthe online approximation
assisted multiobjective header design optimizaéipproach. Section 6.5 summarizes
the results obtained with CFD verification and meg@s some design guidelines for
headers. Section 6.6 discusses the effect of NURBfally, Section 6.7 presents the
efforts to optimize 1 kW integrated heat exchangerdule based on the header

optimization results.

6.2 Related Work

Headers play an important role in the refrigerdawfdistribution in heat
exchangers in addition to providing structural st and stability to the tubes and
fins. Properly designed headers strive to achiemifoum flow distribution with
minimum additional volume, material and pressurepdin the case of novel Heat
Exchanger (HX) designs such as those with a laogeber of parallel flow channels,
header design becomes an important challengerdcoaled heat exchangers, large
headers also reduce the effective frontal face afethe heat exchanger thereby
reducing heat transfer.

Current development in the area of air-cooled H3uhled in using channels
in the range of micro or mini scale. As a reswdtjucing the maldistribution of mass
flow rate entering different channels is an importégssue in order to reduce the

deterioration in heat transfer while reducing tihesgure drop on the refrigerant side.

108



Remarkable attention has been paid to designingerbeiX headers to reduce the
mass flow rate maldistribution.

However, most of work in the literature used tradial header design
approaches and parametric studies to find a ba¢tgign. In this way, such a design
may not be an optimum solution to header designaddition, the technique of
approximation assisted optimization has not beepliep to find optimum header
designs.

Generally speaking, current industrial practicemainly focused on CFD
simulations to predict the flow maldistributiontime headers of heat exchangers with
high agreement with experimental results (Shahg20®Recent research in the area
of HX header design can be classified into two gates, viz., (1) numerical
analysis, and (2) experimental work. Researchecsisied mainly on plate heat
exchangers to minimize the variance in velocitytrdbation at each channel or to
reduce the mass flow rate maldistribution factoyselxperimental and numerical
approaches (Jiao et al., 2003; Zhang and Li, 200, and Li, 2004; Jiao and Baek,
2005; Wen et al., 2007 ). The effect of varyingmetry and operating conditions on
refrigerant distribution in minichannel evaporatmanifolds were experimentally
explored to provide design guidelines (Hwang et a007). CFD models were
developed to take into account the effect of flowldrstribution on plate HX, e.g.,
(Galeazzo et al., 2006). Few efforts were focusedimding optimum HX header
designs for other types of HXs. For instance, £fsw microchannel evaporator
was analyzed to minimize the flow maldistributiam two phase fluid and resulted in

novel radial header design instead of conventidmagitudinal header (Kulkarni et
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al., 2004). Constructal Theory (Bejan, 1997; Be®00; Bejan and Lorente, 2006)
was used to design new fluid distributions in ortkereduce the pressure drop by
minimizing the viscous dissipation and the resigetime simultaneously (Tondeur
and Luo, 2004; Luo and Tondeur, 2005). Howevernfori and micro channels, it is
unclear whether using the traditional round tubar®10mm diameter) correlations
for pressure drop would yield adequate resultsobr For example, maldistribution in
air-cooled HX was studied for 32 tubes of diam&®Br65 mm and different flow
velocities between 1 and 2.5 m/s to decrease #melatd deviation of mass flow rate
in tubes (Habib et al., 2008). However, the resaftthat research cannot be applied
to mini (10 m ~200 m) or micro (200 m~3 mm) scale tubes (Kandlikar et al.,
2006). Therefore there is a need for more accuregthod to predict the pressure
drop and flow maldistribution inside headers usedd& HX with mini and micro
channels.

In order to optimize the header design such thatréfrigerant pressure drop
will decrease while decreasing the header sizg mportant to have the flexibility to
change the header shape. Non Uniform Rational B&pl (NURBS) are
mathematical models commonly used for generating) @presenting curves and
surfaces and can offer great flexibility and prexisfor handling both analytic and
freeform shapes (Piegl and Tiller, 1997). NURBS barused to define the shape of
the heat exchanger inlet and outlet manifolds oadees. This flexibility of
numerically representing header shapes can gr&satijtate optimization of header

designs.
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The research described in this chapter has twoctgs. The first is to
develop a new CFD model for fluid flow inside headfor compact heat exchangers
using NURBS to represent the header geometry. €bensl objective is to develop
an approach to optimize header designs so as tamme the refrigerant
maldistribution inside the tubes and at the samme tieduce the frontal area of the
header. The header frontal area is considered atadé to the air flow for new

generations of air-cooled HX that use mini and mgxale tubes.

6.3 Proposed Approach

In this section, the proposed approach to optirhzaders for new generation
of air-cooled heat exchangers is presented. EivetCFD model is presented. Then
the application problem is elaborated. Finally, tbptimization procedure is

discussed.

6.3.1 Header CFD Model with NURBS

Traditional CFD simulations of HX including headevsuld suggest that the
entire HX shown in Figure 6.1 (Abdelaziz, 2009)ibeluded in the computational
domain. A common simplification would be to modes$tj a periodic section of the
HX assuming symmetry planes as denoted in Figute Bhis would result in a
significant reduction in the computational domalte HX shown in Figure 6.1 is
modeled by considering 1 port per tube as showfigare 6.1. This assumption is
valid only in the case of neglected side wall éSece. the shear at the side walls is
neglected such as in tubes with larger number ofspdhe approach used here

suggests the use of the porous jump interior bayndanditions to represent the
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tubes. Hence, the computational domain can futteereduced as shown in Figure
6.2. In this case, the CFD solver artificially de=saa pressure jump across the faces
representing the tubes. This modeling approachmilbe able to capture the vena
contracta and the flow dynamics in the tubes; hamew will be able to account for
the effect of overall pressure drop in each flovaraiel on the mass flow rate

distribution (Abdelaziz, 2009).

Figure 6.1 Computational domain for a compact heaéxchanger
Made of 10 x 10 ports (Abdelaziz, 2009)
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Figure 6.2 Conventional computational domain simpfication
(Abdelaziz, 2009)

The aforementioned CFD model was modified by addNtiRBS to change
the surface of the header as shown in Figure 6aB-iiform rational basis spline
(NURBS) is a mathematical model commonly used immater graphics for
generating and representing curves and surfaceshwdffers great flexibility and
precision for handling both analytic (surfaces wedi by common mathematical
formulae) and modeled shapes. NURBS is commonlg irseomputer-aided design
(CAD), manufacturing (CAM), and engineering (CAE)daare part of numerous
industry wide used standards. The shape of theasairfs determined by control
points. In Fluent (2007), there is an option tcateecurves based on NURBS. In the
current CFD model, NURBS is used to change theeslophe header outer surface

by connecting control points as defined in Figu® 6
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Figure 6.3 New header geometry represented with NUBS

According to Fluent (2007), the porous jump caoditis capable of
modeling a thin porous media based on the velqeiggsure-drop characteristics. The
pressure drop across the porous jump conditiomrielated to the average velocity
through the cell faces as shown in Eg. (6.1) whrigethe laminar fluid viscosity, is
the permeability of the mediung; is the pressure-jump coefficiemjs the velocity
normal to the porous face, andh is the thickness of the medium which equal to the
tube length,L, in the current simulation. The first term in H§.1) represents an
inertial loss term that is required for actual paonedia; and can be neglected in HX
header simulations. The second term representsréssure drop due to skin friction

which is fundamental to finding the accurate méss fate distributions.
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In order to find the value fo€,, the pressure drop correlation of interest
should be considered. An investigation of singleggh water flow in microtubes
(Abdelaziz, 2009) suggests the use of (Shah andidrpnl1978) correlation. Solving
Eqg. (6.1) along with the pressure drop correlagoren in Eqg.(6.2) and EqQ.(6.4), the
value ofC, can be evaluated as shown in Eq.(6.5). This shberslependence &>
on X" and the tube length. The quantityx” is a dimensionless number representing
the ratio betweenL{(D) and Re as given in Eq.(6.3). Hen€®, varies as the flow
conditions change. Accordingly, it is required fadate the value of, for each port
periodically while the solver is iterating. The siwbn procedure used is as follows:

1. Set the solver controls, boundary conditions, athiize the flow.

2. Use average mass flow rate per port assuming umiftsw distribution to

calculateC,, initial according to Eq.(6.5) to set all porousips in the header.

3. Set the solver to iterate for 100 iterations.

115



4. Re-calculate theC, coefficient for each port based on the currentueabf
mass flow rate pert porous jump, refine the mesetban pressure gradients
and let the solver run for 20 iterations and reg&attimes (400 iterations

total).
5. Set the solver to run for 100 iterations.

6. Re-calculate theC, coefficient for each port based on the currentueabf
mass flow rate, refine the mesh based on pressadiegts and let the solver

run for 100 iterations and repeat 5 times (50@ttens total).

The procedure listed above provides a means foerfluto update the
pressure drop coefficient of the porous jump. Tikischieved through the use of
Scheme programming language (Dybvig, 2003) whichsupported within the
Fluenf text interface.

The CFD simulations were automated using the PP@pidoach (Abdelaziz
et al., 2010). The mesh was generated using diisaahedral or tetrahedral elements
based on the design complexity. In the case ofdsepect ratio headers, hexahedral
mesh elements were used and the boundary layercara$ully accounted for by
ensuring that enough elements covered the bourldgey. On the other hand, for
large aspect ratios, tetrahedral mesh was easggrerate. In the case of tetrahedral
mesh generation, the mesh was further refined ulerifl using the adapt boundary
tool to split the elements near the walls. An addal mesh adaptation step was
introduced to the solving procedure listed abovallmw Fluenf to refine the grid in

areas of high pressure gradient before Step-4.
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The CFD simulations resulted in a distribution cdss flow rates across the
different tubes. The relative standard deviatiomass flow rate per tube was used as
a measure of flow uniformity. As for the CFD siratbns, PPCFD automatically
generates Fluefitscript files to define the problem and the appiaipr solver
settings. The CFD simulations did not consider gyeequation. The no-slip
boundary conditions were set for all walls and espure outlet condition was used
for the water outlet port. Inlet velocity boundasgndition was used for the water
inlet header. Symmetry planes were identified aswshin Figure 6.2. The flow
channels were simulated using the porous jump iortdroundary conditions with
updated pressure loss coefficient using Schemergmoging language as discussed
earlier. Second order upwind discretization schemese used for the governing
equations and SIMPLEC algorithm (Van Doormaal amdthdy, 1984) was used for
the pressure coupling. The convergence criterios based on maximum acceptable

normalized residuals of TOfor all equations (Abdelaziz, 2009).

6.3.2 Problem Definition

In optimizing the header shape, the header toighhé_; + Ly o), the header
size ration i/ Ly o), and the location of the NURBS control poin} &re defined as
the three design variables as shown in Table 6.tfhd current study a particular heat
exchanger is considered with different parameterduding tube length, tube
diameter, horizontal spacing and vertical spacimgg average water velocity as
presented in Table 6.2. Two objectives are comsdje(a) minimizing refrigerant

mass flow rate relative standard deviatiomyeg), and (b) minimizing the header
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frontal area with respect to the total heat exckarigpntal area (Area Ratio). The
first objective addresses the reduction of pressimmg and better heat transfer
distribution along the tubes which is necessaryavtoid the deterioration in heat
transfer inside the HX. The second objective redube obstruction in the air flow
direction which enables more compact HX design. Tdmimization problem

definition is given in Eq. (6.6).

min MFR

min  Area Ratio

subject to: (6.6)
DP__ £1000Pa

total

Area RaticE 0.0t

Table 6.1 Air-cooled heat exchanger design varialddor header optimization

Design Variables Lower limit Upper Limit
(Lhi + Lno) 0.002 m 0.01m
(Lni/Lho) 1 16
0 1
where = 0 at control point height equal to 05, while = 1 at control point

height equal to 1.5y

Table 6.2 Design parameters for header optimization

Design parameter Value
Tube length 0.1m
Tube inner diameter 0.4 mm
Horizontal spacing 0.8 mm
Vertical spacing 0.8 mm

Average water velocity per port 0.5m/s
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6.3.3 Proposed Optimization Approach

The overall approach for online approximation assisoptimization of
headers using NURBS is summarized in the flowcbéarFigure 6.4. A 3D CFD
model is first established for a header; NURBSsisduto represent the outer shape of
the header as shown in Figure 6.3. Several CFDscase generated and tested to
study the applicability of Gamfitand Fluerit journals for the entire design space.
Next, initial samples are selected using Maximuntré@py Design (MED) method.
CFD analysis is conducted using PPCFD (Abdelazialet2010) for the selected

initial samples.

Afterwards, metamodels are built for refrigerantssydlow rates and total
pressure drop. Then the optimization is carriedoased on the metamodels. Next, a
previously developed Online Approximation Assistédltiobjective Optimization
(OAAMO) approach presented in chapter 3 is usesketect new samples among the
current optimum designs in order to update the metkels with the purpose of
improving the accuracy in the expected optimumaegi Finally the metamodels are
updated by adding new samples to improve the pedoce in the expected optimum
region and then optimization is carried out basedre updated metamodels. The

summary of optimum header design is presentedeiméixt section.
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6.4 Results and Discussion

The results from solving the optimization problera ahown in Figure 6.5 in
the form of a Pareto set. As expected, there iadebff between the two objectives.
In order to minimize the pressure drop, the mass flate standard deviation should
be minimized. To achieve this target, both thedeeaeight and the header size ratio

should be increased. On the other hand, by inergdsith the header height and the
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header size ratio, the area ratio will increaseaddition, the position of the control

point varies significantly amongst the differensidms in the Pareto set.

A comparison of three optimum designs (Case-1, Qassand Case-3), as
shown in Figure 6.5 is presented in Table 6.3. Asnsfrom Table 6.3, when
decreasing both the header total sizg; ¢ Ly,) and the control point height ratio (
=0.1), the area ratio decreases while the preskogeincreases significantly as it can
be seen in Case-1. Whereas increasing the headésie and shifting the position
of the control point up (= 0.24), the pressure drop decreases while thee rate
increases as shown in Case-2. For higher headdrsiae and higher control point
height ratio ( = 0.68), the pressure drop reduces significantiyienthe area ratio
increases to the upper limit as noticed in Cas&Hg CFD verifications for these
cases are presented in Table 6.4. During veriboatfull 3D CFD simulations are
performed for the three cases and the output igpeoed to the results predicted by
the metamodels used in optimization. The relatisr@rein predicting the pressure
drop and the mass flow rate standard deviationcte@able and less than 7.5%
which proves the accuracy of the online approxioraassisted optimization as it is

shown in Table 6.4.
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Figure 6.5 Header optimum designs, refrigerant mass flow rateelative
standard deviation ( mer) VS. Area Ratio

Table 6.3 Design data and objectives for verificain Pareto designs

I—H,i + I—H,o I—H,i/LH,o Area Ratio MER %0
(m)
Case-1 0.00201 6.21 0.1 0.0107 18.89
Case-2 0.00301 7.95 0.24 0.0232 4.61
Case-3 0.00669 7.96 0.68 0.0598 1.32

Table 6.4 CFD verification for of selected Pareto esigns
Relative Error %

Poota MFR
Case-1 3.45 6.74
Case-2 5.47 3.52
Case-3 4.32 7.21
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6.5 Header Design Guidelines

The optimum frontier can be divided into three ae shown in Figure 6.5.
Selected optimum designs representing differenegare given in Table 6.5. For
Zone 1, the header total side,( + Luo) is minimum however the header size ratio
(Ln,i/Ln,o) is very large and the control point height rgtio= 0). That leads to reduce
significantly the area ratio. On the other han& thass flow rate relative standard
division is very large as well as the pressure didps zone is recommended if the
designer mainly needs to reduce the total voluntkethe pressure drop is not a solid
constraint. Zone 2 represents very well the retati@tween the header size ratio
(Ln,i/Lno) and the height of the control point)(For approximately the same header
total size, with increasing both the header siz® rand the height of the control
point, the area ratio increases from 1% to 2 % Wwhielps to reduce the
maldistribution inside the header and the pressnop by more than 60 %. As for
Zone 3, increasing the header total size and radusdth the header size ratio and
the height of the control point result in reducsignificantly the maldistribution and
total pressure drop by approximately 67 %. Howeter area ratio increases by
approximately 78%.

In summary, for reducing the pressure drop insidehteaders while reducing
the header area ratio with respect to the entieg Bechanger frontal area, one can
find two different scenarios. First scenario, inseaof limited total header size,
designer should increase the header size ratiaremelase the height of the control
point in order to reduce the maldistribution assishown in Zone 2 in Figure 6.5.

Second scenario, if there is no limitation on tleader total size, it is recommended
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to use larger header size which will help to redineerefrigerant pressure drop but it
should be considered that the larger header sidehance the larger area ratio will
result in increasing the obstacles and the preshorein the air side.

Table 6.5 Design data and objectives for selecte@ieto designs

Lhi+Lho  Lui/Lho Area MFR%  Poal
(m) Ratio (Pa)
Zone 1l 0.00200 13.038 0 0.011 0.19 18.90
Zone 2 0.00200 9.384 0.006 0.011 0.13 13.38
0.00200 8.551 0.033 0.012 0.12 11.54
0.00201 8.542 0.061 0.013 0.11 10.76
0.00201 8.534 0.151 0.015 0.09 9.26
0.00206 10.642 0.277 0.017 0.09 8.65
0.00201 14.010 0.402 0.020 0.08 7.60
0.00201 14.846 0.451 0.021 0.06 6.39
0.00203 15.746 0.486 0.022 0.05 5.03
Zone 3 0.00208 15.853 0.995 0.033 0.04 4,22
0.00508 10.845 0.500 0.040 0.04 3.92
0.00574 9.973 0.495 0.047 0.03 2.90
0.00589 9.079 0.498 0.050 0.02 2.24
0.00598 8.488 0.496 0.053 0.02 1.78
0.00989 3.877 0.137 0.059 0.01 1.39

6.6 Effect of Control Point Height Ratio

For Case-2, the effect of the control point heigitiito (NURBS) is predicted
from the metamodels as shown in Figure 6.6. Byghmy the control point position,
the area ratio changes and the pressure drop chasgeell. As shown in Figure 6.6,
with increasing value of , the pressure drop will decrease to a certain mum
value at ( = 0.24) beyond which flow separation occurs atsvals a result, eddies
are formed resulting in a slightly increased insgtge drop. With further increasing
in the value of , the pressure drop decreases because of the seciredhe header

area.
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Figure 6.€ Effect of changing control point position on the aea ratio and total
pressure drop for Case-2

In order to further understand the effect of theatoml point position,

otal (Pa)

t

o

a

separate 3D CFD parametric study was conducted fogat exchanger with only 5

tubes. The header design parameters are the sathe ases listed in Table 6.2

and

the design variables are given in Table 6.6. Bvglent from Figure 6.7 and Figure

6.8 that beyond the control point position valu®d, there is a slightly small change

in both the mass flow rate relative standard demiaand the pressure drop. This

approximately corresponds to the case of a stréimghti.e., the header surface is

flat.

Therefore using headers with a flat surface is @dgaption if both the header total

height and the header size ratio are optimized el§ \eading to reduced pressure

drop and mass flow maldistribution. As it can bersé&rom the results, there is a

tradeoff between the location of the control pothie header total height and
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header size ratio. One should consider the effécthese three variables while

optimization the header shape in order to redueddtal pressure drop and to reduce

the header area ratio.

Table 6.6 Header design variables for control poinposition parametric study

Design
Variables value
(L, +Lyo) 0.002 m
(Ln,i/Lh,o) 4
0,0.1, .,1

Figure 6.7 Effect of changing control point position on the mas flow rate
relative standard deviation
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Figure 6.8 Effect of changing control point positia on pressure drop

6.7 1 kW integrated Heat Exchanger Module

In this section we will introduce the efforts tdegrate 1 kW heat exchanger
module with headers based on the previous headeningtion results presented in
this chapter. The schematic of the integrated nedupresented in Figure 6.1. The
number of tubes on the flow direction is calleg,§l however the number of tubes in
the perpendicular direction is calleg,Nas shown in Figure 6.1. The header total
height Cni + Luo) and the header size ratioy( /L) are two important variables

that can affect the refrigerant distribution insible tubes.

6.7.1 Integrated Heat Exchanger Module and Results

In the current header simulation, blocked geomé&tghnique is used with
hexahedral mesh to simulate the flow distributioside the inlet and outlet headers.
The main advantage of using the blocked geometity heéxahedral mesh is to reduce

the number of cells significantly. This reductiomables solving the header
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simulation problem in shorter time compared to ¢haventional meshing strategies.
The heat exchanger considered in this study igifexed the characteristics presented
in Table 6.7. The selected header in this studypasly based on the optimization
results presented early in this chapter. Some teedal header simulations with
different header size ratiod,; /Ly o), as defined in ranged from 1 to 8 as shown in

Figure 6.9 The results show improved performandk ieader size ratios of 4 and 5.

Table 6.7 Heat exchanger design data

Design parameter value
Number of tubes (M) 69

Number of ports ( bbn) 17

Horizontal spacing (H.S.) 0.875 mm
Vertical spacing (V.S.) 1.24 mm
Refrigerant MFR 0.025 kg /s
Tube length (L) 120.073 mm
Tube inner diameter (f) 0.467 mm
Air Pressure Drop(Pgi) 52.88 Pa

In this section SR is referring to size ratibg /Ly o), where SR1, SR2, SR4,
SR5, SR8 are referring to headers with size raéiqeal to 1, 2 4 ,5 ,and 8
respectively. H1, H2, and HS3 refer to three différkeaders design as it is presented
in Table 6.8. Integrated module results for thee¢hheaders (H1, H2, and H3) are

presented in Table 6.8.
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Figure 6.8 Mass flow rate (MFR) distribution for different header configurations

Table 6.8 Integrated module results

Heat Total Material P Header Area
Design Load  Volume Volume (P:Sf Height SR  Ratio wer%
(W) (co) (cc) (mm)

H1 1000.08 185.87 23.02 422.4316.21 5.00 0.119 122
H2 999.56 184.01 22.89 432.314.86 10.00 0.110 14.4
H3 1001.21 174.72 22.2 481.918.11 5.00 0.063 7.06

As observed from Figure 6.9 and Figure 6.10, tlieie tradeoff between the
total volume and the refrigerant pressure drog-1n the refrigerant pressure drop is
minimum however the total volume is maximum. Theirmeeason behind the
reduction of the pressure drop is the large heatierh also causes the increase in the
total volume. On the other hand, H3 has the sndtlegder height with the minimum
total volume however the refrigerant pressure dsomaximized. As for the air side
pressure drop and heat transfer coefficient, thes same for all cases as the heat
exchanger configuration is fixed as given in Tablé. The effect of changing the

header size ratio (SR) is presented in the nexiosec
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Figure 6.10 Refrigerant pressure drop versus areaatio
6.7.2 Header Size Ratio Parametric Study
Additional investigation for header size ratio effeis performed for H1, H2
and H3 are shown in Figures 6.11-6.16 and Tabl@4d.1 respectively. 3D-CFD
simulations are performed for different header s&®s. Then heat exchanger solver
for each case was run. Finally overall integrateatinfe solver used to obtain the
integrated heat exchanger module performance. €kalts show the impact of

header size ratio on the module performance. Forthé&lresults are shown in Table
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6.9. and Figures 6.11 and 6.12. It can be coedutiat an optimum header size
ratio of 2 is obtained for H1 design. At this optim value the refrigerant pressure

drop is minimum at 400.266 Pa with total moduleuwoé of 185.874 cc.

16.0C 435.00 [
14.00 + e 430.00 | _
12.00 + gt 425.00 | pa
< 10.00 | Ve 42000 I
£ 8.00 ’ 5 415.00 | /!
, 5
6.00 ¢ s/ ® 41000%, ad
- .7
4.00 | o 405.00 | ' -~
N/ SNy o7
2.00 | 400.00 - 1T
0.00 1 1 1 L 1 ) 39500 1 I 1 I 1 1
1 2 3 4.5 6 7 8 1 2 3 4 5 6 7
SR SR

Figure 6.11 Refrigerant MFR standard Figure 6.12 Refrigerant pressure
deviation versus header size ratio for H1 drop versus header size ratio for H1

Table 6.9 Parametric study results for header H1

SR Heat Total P Header Area

Load Volume (Psz Height o o MR %

(W) (cc) (mm)
1 1001.202 185.874 411.350 16.210 0.119 6.260
2 1001.624 185.874 400.266 16.210 0.119 3.680
4 1000.480 185.874 411.350 16.210 0.119 11.060
5 1000.080 185.874 422.430 16.210 0.119 12.200
8 999.682 185.874 430.045 16.210 0.119 13.751

Similarly, the results for H2 are presented in Ea®l10 and Figures 6.13 and
6.14. However, the optimum header size ratio is\ghd to be 5 as it can be depicted
from the figures. Likewise, H3 parametric studyufes are presented in Table 6.11

and Figures 6.15 and 6.16. where the optimum meszke ratio is equal to 5 too.
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Figure 6.13 Refrigerant MFR standard Figure 6.14 Refrigerant pressure
deviation versus header size ratio for H2 drop versus header size ratio for H2

Table 6.10 Parametric study results for header H2

SR Heat Total P Header Area

Load Volume (P:Sf Height Ratio )

(W) (cc) (mm)
1 991.395 174.721 22.193 1116.122 8.110 0.063
2 1000.197 174.721 22.194 544,780 8.110 0.063
4 999.820 174.721 22.195 472.837 8.110 0.063
5 1001.210 174.720 22.200 481.910 8.110 0.063
8 999.817 174.721 22.197 442.827 8.110 0.063
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\ \
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Figure 6.15 Refrigerant MFR standard Figure 6.16 Refrigerant pressure
deviation versus header size ratio for H2 drop versus header size ratio for H2
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Table 6.11 Parametric study results for header H3

SR Heat Total P Header Area
Load Volume (P‘,Sf Height Ratio MER %0
(W) (cc) (mm)
1 991.395 174.721 1116.122 8.11 0.063 30.725
2 1000.197 174.721 544.78 8.11 0.063 12.143
5 1001.21 174.72 481.91 8.11 0.063 7.06
8 999.817 174.721 442827 8.11 0.063 13.622

In summary, an optimized 1 kW air-cooled heat ergea module is
presented in this section. Two different desigas be considered; the first design
leads to minimize the header frontal area howekier refrigerant mass flow rate
maldistribution will increase. The alternative dgshas a low refrigerant mass flow
rate maldistribution while increasing the headenfal area. Optimum designs with
area ratio between 1 % and 12 % are presentedcdrnesponding refrigerant mass
flow rate relative standard deviation is betwee® and 14 %. The heat exchanger
solver accounts for the variation in refrigerantssidlow rates inside the tubes
calculated based on the header 3D-CFD simulatidre fesults confirmed the
importance of header total height and header safie pn the final design. Using
headers with larger height and low header siz® natproves the refrigerant mass
flow rate distribution and reduces the refrigerpréssure drop while increasing the
total module volume. On the other hand, headetk winaller height need larger
header size ratio and lead to increased pressapevdile reducing the module total

volume.

6.8 Summary
In this chapter, 3D-CFD model is used and modifedcheaders used in next

generation of air-cooled heat exchangers basedionamd micro tubes. The model
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uses porous jump condition to represent the pressnap inside the tubes in order to
reduce the computational domain. The porous-jumamaters are updated during
the CFD solver iterations using Scheme programranguage. In addition, NURBS
are used to represent and manipulate the headpe shaorder to reduce the mass
flow rate maldistribution inside the header. Thegyatematic and generic approach
for header optimization is developed using onlinppraximation assisted
multiobjective optimization that enables to find mmoaccurate optimum header
designs while significantly reducing the computaéibcost. Based on the results
obtained, there is a tradeoff between header atéaand refrigerant mass flow rate
relative standard deviation. Increasing the mass felative standard deviation also
results in increased pressure drop and vice-vésproper header design can be
selected to optimize the header total size, theldresize ratio, and the header outer
shape. For instance, some of the optimum desigi¢ained had mass flow rate
standard deviations of less than 2% and other dedigd headers area ratio less than
2%. The three extreme designs were validated USKIJ simulations. The error in
the predicted total pressure drop was less tharaB@othat for the mass flow rate
relative standard deviation was less than 8%, Wleudying the acceptable accuracy
of the metamodels. In addition, design guidelinespresented to reduce the pressure
drop and the header area ratio based on the optimasults. Using online
approximation assisted optimization enables to fihe optimum solutions while
significantly reducing the computational cost. O CFD simulations were
required for building the metamodels, comparedeteeral thousands of actual CFD

simulations that would be required when convenlidd@GA is used. In addition,
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several CFD simulations were needed to verify thtnuzed results. The approach
proposed in this chapter is generic and can be tesédd optimum headers designs
for other types of heat exchangers and to studgffieet of changing the header outer
surface on both the total pressure drop and hetmtat volume. In addition,
parametric studies are accomplished to optimiz&Vliktegrated heat exchanger and
header module.

In the next section, more applications are presente demonstrate the
advantage of using online approximation assistedtiobjective optimization

(OAAMO) for optimization of several types of heacbhangers and thermal devices.
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Chapter 7. Applications: Coldplate, Chevron Pldéat
Exchanger, and Rollbond Plate Heat Exchanger

7.1 Introduction

In this chapter additional applications of OAAMOdanffline AAMO for
design of different heat exchangers and thermalicdsvare presented. These
applications include: design of a coldplate usedetectronic cooling and design of
two different types of plate heat exchangers.

This is chapter is divided into three sections egsponding to the
aforementioned applications. In Section 7.2, ca@tipbptimization using OAAMO is
presented including a comparison with offline AAMEsults. The material in Section
7.2 was published in Saleh et al (20Zpand Saleh et al. (201fb)n Section 7.3,
Chevron type plate heat exchanger is presented las¢he materials published in
Han et al (201f) and Saleh et al. (20128) Rollbond plate heat exchanger
optimization is presented in Section 7.4 basedhermtaterial published in Lee et al.
(2012)*. Finally, in Section 7.5, a summary of the lesstesned from using
OAAMO and offline AAMO for optimization of differentypes of heat exchangers is

briefly discussed.

7Saleh, K., Abdelaziz, O., Aute, V., Radermacher, &d Azarm, S., 2010a, “Microchannel Approximation
Assisted Design Optimization and CFD Verificatior{,3th International Refrigeration and Air-Conditiowg
Conference at PurdyéN, USA, Paper No. 2312.
8Saleh, K., Aute, V., Radermacher, R., and Azarm2811b, “Online Approximation Assisted Optimizatiand
CFD verification of Microchannel Designs,;Thermal &Fluid Analysis Workshop (TFAWSewport News, VA,
USA, Paper No. TFAWS2011-AT-007

Han, W., Saleh, K., Aute, V., Ding, G., Hwang, ¥nd Radermacher, R., 2011, “Numerical Simulatiod an
Optimization of Single Phase Turbulent Flow in Ctmewtype Plate Heat Exchanger with Sinusoidal
Corrugations,HVAC & R Researchvol. 17, No. 2, pp.186-197.
Ysaleh, K., Aute, V., Radermacher, R., and Azarm,2812c, “Plate Heat Exchanger Optimization Using
Different Approximation Assisted Multiobjective Omiization Techniques,14™ International Refrigeration and
Air-Conditioning Conference at PurduiN, USA, p.2188.
Y ee, H., Saleh, K., Hwang Y., and Radermacher2&12, “Optimization of Novel Heat Exchanger Desfgn
the Application of Low Temperature Lift Heat Pumpgriergy JournalVol. 42, pp.204-212
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7.2 Coldplate Optimization

Developing an optimized compact heat exchanger rigia for many
applications. In general, two objectives mainly epasidered while designing a heat
exchanger for naval and aeronautics applicatiotes@& two objectives focus on
minimizing heat exchanger volume as well as miningzthe total pressure drop.
Conventionally, designers used exhaustive seardtoter trial-and-error methods to
find the best heat exchanger design. However,very difficult to apply exhaustive
search if the heat exchanger model is computatpeapensive, i.e., it takes several
hours or even days to run one single simulationsoAlit is computationally
prohibitive in cases of dealing with large numbérdesign variables and design
objectives. In addition, using some conventionalimization approaches such as
multiobjective genetic algorithms and other hetgigiptimization techniques can
help reduce the total number of simulations neduédstill it is not feasible to apply
these techniques for large scale design problerhserefore, using approximation
assisted optimization techniques can help to rethieeeomputational time associated
with the optimization process.

This section considers a microchannel design opétidn problem with the
objective of minimizing the maximum channel tempeara while minimizing the
refrigerant pressure drop inside the channels. &hia two-objective optimization
problem resulting in a tradeoff between the afonaioeed two conflicting
objectives. In order to find optimally compact heatchanger designs, mini and
microchannel geometries are being considered. Dlaé ig this study is to evaluate

the potential in designing high heat density mibemels for a given application and
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at the same time reduce the computational effoquired to do so. Online
approximation assisted optimization technique, dieed in chapter 3, OAAMO, is
applied to optimally design a microchannel withgnphase flow and constant heat
flux. A comparison with offine AAMO built using sge filling sampling technique
(MED) described in chapter 2, and a Kriging metaetiod method are used to build
metamodels for the maximum temperature, fluid éutdenperature, and pressure
drop inside the channels based on CFD analysisuli-objective genetic algorithm
(MOGA) is used as the optimizer. The solutions enéshe effect of changing the
channel dimensions and the coolant flow rate ontroimg both the channel
maximum temperature and pressure drop. The optisnlations are verified using
CFD simulations. It is observed that online appmation assisted optimization
obtains reasonably accurate optimum design sokitighile reducing significantly

the computational time.

7.2.1 Related Work

Optimum microchannel heat sink design can leadgtificant improvements
in the performance and heat density. In most elaitrcooling devices there is high
heat flux as it can be seen in many industrial iappbns such as high heat load
optical components, power electronics, plasma faciamponents, X-ray medical
devices and hybrid vehicle power electronics. Mitlnnel structures have been
shown to generate significant heat transfer ratem fextremely small volumes
(Tuckerman and Pease, 1981; Sobhan and Garimé04a).2

Microchannel optimization studies can be found I trecent literature

reflecting the increasing interest in the practicaplementation of such systems
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(Chong et al., 2002; Liu and Garimella, 2005; Gaglinet al, 2005; Cetegen et al.,
2009). Previous work has used Multi-Objective Giendlgorithm (MOGA) to
optimize the selection of a heat sink (Gopinathale2005; Foli et al., 2006; Cetegen
et al., 2009), including combining CFD analysishngin analytical method and multi-
objective genetic algorithm were described (Foliakt 2006). Simple duct flow
correlations were used to predict the heat trarsdefficient and friction coefficients
(Gopinath et al., 2005). In the next section, tHeDCmodel for the coldplate is

presented.

7.2.2 CFD Model

An essential step to optimize any heat exchangethemmal device using
approximation assisted optimization technique isawtomatically generate all CFD
cases. In this study, parallel parameterized CHBCHD) approach (Abdelaziz et al.,
2010), described in chapter 2 is used to autonipticead the normalized design
variables and then generate the corresponding Gamjburnal files. The
microchannel model is presented in Figure 7.1. hvfeinement near the boundaries
(boundary layer inflation) is applied. Also, a fimaesh is applied in locations where
higher temperature gradients are expected, sudeasthe channel walls, as shown

in Figure 7.2.
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After generating the mesh, the PPCFD program autoatly generates
Fluenf journal files to read the specified mesh, set #mpropriate boundary
conditions, model parameters, and material proggriihe inlet velocity is read from
a text file. The boundary conditions are fixed & designs. The materials and
boundary conditions are defined in the Flfefaurnal files and are fixed for the
microchannel. For the case study, the temperaistaldition at the channel exit and
along the channel is shown in Figure 7.3(a) andifei¢y.3(b) respectively. By using
Fluenf for solving the flow field, we take into considéoa the effect of entrance
length. The accuracy for the case shown in FiGusedetermined by monitoring the
energy balance error of 0.00037.

293.8 3001 054 3125 389 352 315 337 231 25 58 22 186 350 W4 3BT

(a) (b)
Figure 7.3 Temperature contours (a) at channel exitand (b) along the channel
7.2.3 Problem Definition

The goal is to find optimized designs that havestieaaximum temperature
and minimum pressure drop. The different designiabées that define the

microchannel performance are shown in Figure 7.1{h¥ six design variables are
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defined in Table 7.1. The corresponding computali@omain is shown in Figure
7.1(b). The maximum plate temperature and the dafgmmessure drop are obtained
by solving the continuity and the momentum equatiarsing a commercially
available CFD tool. For different designs, the sohs are obtained for a fixed

uniform heat flux at the top of the microchannethmariable coolant flow rate.

Table 7.1 Design Variables for Coldplate Optimizatn

Design Variable Lower Limit Upper Limit
Channel height.n Ho 2.5%xH,
Channel widthW;n Ho 75%x Hg
Channel lengthl, c 300%xH, 80000xH,
Side wall thicknesSI g 0.1xW; 0.5x W
Top and bottom thicknes$op, Tootton  0.1XHen 0.5%Hgp
Coolant velocityy [m/s] 0.2 12

In this approximation assisted optimization prohlendividual metamodels
are developed for each response and also for thé futlet temperature. The
optimization problem can be summarized as showiqin(7.1). The first objective is
to minimize the maximum temperature at the top am@&fof the channel that is
subjected to the heat flux. The second objectivi® ieduce the refrigerant pressure

drop thus reducing the pumping power required.

minimize  f, (X)=T.
minimize  f, (x)=DP
subject to:
1kPa£ DP£400kPe
2K £DT; £14K

T £ 600K

(7.1)
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7.2.4 Online Approximation Assisted Optimization fo Coldplate

Figure 7.4 shows the flowchart for coldplate onlag@proximation assisted
optimization approach. The stopping criterion is thaximum number of available
simulations. The steps in OAMAO are as followsslhaswn in Figure 7.4:

Step-1: Generate an initial set of design points usingrtfaimum entropy design
method and observe the corresponding responsefdamaximum temperature on
the microchannel surfac@ (s, and the fluid pressure drop inside the microclkeann
( P).

Step-2: Develop a metamodel for each objective; iTgaxand P.

Step-3: Formulate a multiobjective optimization problemséd on the metamodels
and solve it using MOGA.

Step-4: From all Pareto points, select five points to ioya the metamodel accuracy
in the expected optimum region and to improve tiverdity of the optimum designs
according to OAAMO approach described in chapterTBe two extreme points in
the objective space are selected to improve thersity. In addition, the closest point
to the ideal point is selected in the objectivecepia selected as well. However, the
points with minimum and maximum Kriging predicte@riance are selected to
improve the metamodels performance in the nedtitan.

Step-5: Filter the new selected points to avoid samplilgter in the design space.
Step-6: Evaluate the true response (i.e., run the sinmratfor the newly chosen
points and then go to Step-2.

Step-7: Repeat Step-2 to Step-6 until a limit on the numdiefunction calls is

achieved.
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Figure 7.4 Coldplate online approximation assisteoptimization flowchart

7.2.5 Results and Discussion

Two different metamodels were built for the two passes viz.,Tnax and
coolant P. The initial design comprising of 30 points is geted using the MED
method and then OAAMO method developed in chaptés 8sed to sample 30
additional points. Kriging with logarithmic resp@o avoid negative values during
prediction) was used to develop the metamodel.dfiine AAMO, 60 samples are

generated using MED, a space filling sampling meétho

144



25000 r

©OAAMO
20000 OAAMO
g‘“_i 15000
o
10000
5000
0 1 J
300 380 400

Figure 7.5 Comparison of OAAMO with AAMO optimum re sults for Coldplate
optimization

As it can be seen from Figure 7.5, the performarfddae OAAMO is better
than offine AAMO. OAAMO can add more samples nds Pareto frontier. As a
result Pareto obtained from OAAMO is better thaflired AAMO as shown in Table
7.2 in terms of closeness. Generally speaking, Ngamore sample points should
improve the performance of both methods. However ¢lror measures, for the
Pareto points obtained using OAAMO are lower thaosé from offine AAMO

given that the same number of sample points are fasdoth methods.

Table 7.2 Errors in optimum designs when using OAAND vs. offline AAMO

OAAMO Offline AAMO
RError Error RError Error
(P%) (Tmax K) (P %) (Tmax K)
Average 3.59 0.508 4.16 1.293
Max 15.80 1.828 16.31 3.684
Min 0.016 0.043 0.013 0.035
STD 4.3 0.365 5.24 0.612
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7.2.6 Summary of Coldplate optimization

In this section, online approximation assisted mbjective optimization
method developed in chapter 3, OAAMO, is used ttaioboptimum coldplate
designs based on single phase liquid flow insigectrannel. Kriging metamodels are
built for maximum surface temperature and for thespure drop inside the channel.
These metamodels are used to predict the objectimdsconstraints within multi-
objective genetic algorithm. Then the optimum sohs are filtered in order to select
best samples to update the metamodels. The saraggeselected in the expected
optimum region with a space-filling constraint t@yent clustering of samples in the
design space. This procedure is iterative in nadnckis carried out until a predefined
stopping criterion is met. This online optimizatiapproach, OAAMO, predicted
better optimum designs with high accuracy compat@doffline approximation
assisted optimization approach. The final resuksvearified using CFD simulations.
The errors are small which indicates that the amuof the online approximation
assisted optimization method is acceptable. Theoappation technique resulted in a
significant reduction in computational time compmhte conventional optimization
technique. Only 60 CFD simulations are required Wboilding the metamodels,
compared to several thousands of actual simulatregsired when conventional
MOGA is used (5100 simulations). The approach psedan this section is generic
and can be applied for any heat exchanger or eldctcooling device optimization.

In the next exaction, another application for oftation Chevron plate heat
exchanger is presented based on online approximadsgsisted multiobjective

optimization.
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7.3 Chevron Plate Heat Exchanger

This section presents a comparison between OAAM@ a@ifline AAMO
techniques to optimize chevron-type plate heat amnghr. The thermal-
hydrodynamic characteristics of single phase twtiuflow in chevron-type plate
heat exchangers with sinusoidal-shaped corrugatians been used in this section.
The computational domain contains a corrugationnobh and the simulations
adopted the shear-stress transport (SST) model as the turbulence model. Two
different approximation assisted optimization aptees are tested. Offline
approximation assisted optimization (AAMO), and inal approximation assisted
optimization (OAAMO) are compared to optimize pl&ieat exchanger design. For
both approximation techniques (offline and onlirdgsign optimization is performed
using multiobjective genetic algorithm based on ameidels that are built to
represent the entire design space. In offline appration, globally accurate
metamodels are built which requires adding more psasn However in online
approximation assisted optimization, samples areeddjust to improve the
metamodels performance in the expected optimunomeghpproximated optimum
designs are validated using computationally expensictual CFD simulations.
Finally, a comparison between offline and onlinpragimation assisted optimization
is presented with guidelines to apply both appreadh the area of heat exchanger

design optimization.

7.3.1 Related Work

Plate heat exchangers (PHXs) are widely used it of refrigeration, heat

pumping, food industry and chemical processing.hHlgermal performance, ease of
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maintenaunous, compactness and the ability to weith small temperature
differences are the main advantages of using PHXan@ et al., 2007). Recently
CFD models are being used to optimize differenetgpheat exchangers (Abdelaziz
et al., 2010).

PHXs optimization studies can be found in the red&srature reflecting the
increasing interest in the practical implementatidnsuch systems (Kanaris et al.,
2009; Han et al., 2011). Kanaris et al. (2009) d&=at the optimal design of PHXs
with undulated surfaces using CFD techniques. Areative function that combines
heat transfer together with friction losses accmgntfor the energy costs was
employed in the optimization procedure using resporsurface methodology.
However, the optimal designs of their study carv@hecessarily extrapolated to the
cases of PHXs with sinusoidal-shaped corrugatid®scently AAMO technique was
used to optimize single phase turbulent flow inwvthe-type PHX with sinusoidal
corrugations (Han et al., 2011). However, AAMO @snputationally expensive as it
requires building globally accurate metamodels.

The objective of this section is to present thehmétand results of a study on
the optimal design of PHX using a multi-objectivengtic algorithm based online
approximation assisted multiobjective optimizatimethod developed in chapter 3
(OAAMO) and compare the results with offine AAMOThe results are verified
using CFD simulations. In the next section, théC@kodel for chevron-type PHX is

presented.
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7.3.2 CFD Model

An essential step in AAMO is using a parallel pagtanzed CFD (PPCFD)
approach (Abdelaziz et al.,, 2010) to automaticalyad the normalized design
variables and then generate the corresponding Ganihirnal files. The PHX
segment model is presented in Figure 7.6. Meshemient near the boundaries
(boundary layer inflation) is applied. Also, a fimaesh is applied in locations where
higher temperature gradients are expected, sucteasthe plate walls, as shown in

Figure 7.7. More details about the model can bedan Han et al. (2011).
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Figure 7.6 (a) Schematic diagram of corrugation plee; (b) Calculation domain;
(c) Sinusoidal shape (Han et al., 2011)
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Figure 7.7 Mesh refinement near the boundaries

A small segment of the PHX is simulated to calailadth the pressure drop
per unit length and the heat transfer coefficiSteady state, 3-D model with pressure
based solver and implicit scheme is used to sdleecomputational domain. In this
case, the shear-stress transport (SST)model is chosen as the turbulence model
because of its robustness and the capability ofoc@ng both - model and -
model, which makes it more accurate and reliable gowide range of flow
applications. It should be noted that in orderdaectly utilize the SST - model,
the mesh quality near the wall boundary must bdicsemitly fine so that the
dimensionless wall distancé ypresented in Eq.( 7.2) is of the order of 1 agdsed
by the turbulent model (Kanaris et al. 2009; ANSMISJENT 12.0 Documentation,
2009).

The governing equations of continuity, momentum (BaStokes) and

energy are solved in Cartesian coordinates basédgeossssumptions as follows:
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Three-dimensional, incompressible and steady fitate

Single phase flow, no gravity or any other bodyéinvolved

Constant wall temperature with water as the worlinigl

No fouling of any kind exists in the computatiodaimain

The computational domain is located in the cenpaatt of the novel heat
exchanger and the periodicity is established peligafar to the flow
direction

Viscous dissipation is negligible in the energy a&ton

The PHX segment thermal and hydraulic performaacesvaluated in terms
of heat transfer coefficienh) as given in Eq.(7.3) and pressure drop per emijth
( P/L) wherelL is the segment length andP is reported directly from CFD

simulation as given in Eq. (7.4).

h=— Q
AXLMTD
Q=mxC, €T, -T) (7:3)
o= (o~ Ty Tz T)
IN[(Ty - T)/(Tour To)]
DP :Fi)n - Pout (74)

From the CFD simulation mass flow rate () and outlet temperatur@y,) is
calculated for a given inlet temperatufig, & 295 K) and wall temperaturé,{ = 300

K) and inlet design variables.
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7.3.3 Problem Definition

The schematic of the PHX segment is shown in Figuse The goal is to find
optimized designs that have maximum heat transtefficient h and minimum
pressure drop per unit lengtP/L.  The different design variables that define the
PHX segment performance are shown in Figure 7.@. folr design variables are
defined in Table 7.3. The corresponding computali@omain is shown in Figure
7.7. The heat transfer coefficient and the PHX sagrpressure drop are obtained by
solving the continuity, the momentum, and the epemguations using a
commercially available CFD tool such as Flferitor different designs, the solutions
are obtained for a fixed wall temperatuilg, = 300 K, and constant coolant inlet
temperaturd;, = 295 K with variable coolant flow rate. Watelused in this study as

the working fluid.

Table 7.3 Design variables for plate heat exchangeegment optimization

Design Variable Lower limit Upper limit
b [mm] 3.18 6.35
22° 68
p [mm] 9.50 38.00
u [m/s] 0.10 1.20

Individual metamodels are developed for each respoie., for heat transfer
coefficienth and pressure drop per unit lengtR/L. The optimization problem can
be summarized as shown in Equation 7.5. The flogabive is to maximize the heat
transfer coefficient. The second objective is wuee the pressure drop thus reducing

the pumping power required.
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max h [W/n? K]
min DP/L [Pa/m]
subject to: (7.5)

h 3 5000 W/nt K
DP/L £100 kPa/m

7.3.4 Online Approximation Assisted Optimization

The same steps described in Figure 7.4 are applezd with building
metamodels for heat transfer coefficient and presslrop per unit length. For
OAAMO, the stopping criterion is the maximum numizéravailable simulations.
The steps in OAAMO are as follows:

Step-1: Generate an initial set of design points usingrtfaimum entropy design
method and observe the corresponding responsdkefdreat transfer coefficient)(
and the fluid pressure drop per unit length insidePHX segment P/L).

Step-2: Develop a metamodel for each objective; heand P/L.

Step-3: Formulate a multiobjective optimization problemgagen in Eq. (7.5) based
on the metamodels and solve it using MOGA.

Step-4: From all Pareto points, select points to imprdve metamodel accuracy in
the expected optimum region and to improve therditye of the optimum designs
both in the design space and objective space ba8RAAMO approach developed in
chapter 3.

Step-5: Evaluate the true response (i.e., run the sinmratfor the newly chosen
points and then go to Step-2.

Step-6: Repeat Step-2 to Step-5 until a limit on the numdiefunction calls is

achieved.
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7.3.5 Results and Discussion

Two different metamodels are built for the two @sges viz.h and P/L.
The initial design comprising of 50 points is geated using the MED method and
then OAAMO method is used to sample additional @diteonal points in several
runs as presented in Figure 7.8. In each run, noetals are built then optimizer is
run based on these metamodels and finally Parétticsts are filtered to select the
next samples to update the current metamodels. offlare AAMO, a set of 200

samples is generated before building the metamadaly MED method.

120000 [ < Runl-50 Samples
O Run2-64 Samples
100000 +  ARun3-73 Samples
X Run4-84 Samples
80000 K Run5-98 Samples
'g‘ ©® Run6-112 Samples
= Offline-200 Samples
& 60000 | P
3
40000
20000
0 A0 :
5000 7000 9000 11000 13000 15000 17000

h [W/m2K]

Figure 7.8 Comparison between online and offline ggoximation assisted
optimization results

As it can be seen from Figure 7.8, the performaotdhe OAAMO s
improved gradually by adding more samples in th@eeted optimum region.
Compared with offline AAMO, OAAMO can add more sdewp near the Pareto

frontier and can find better designs while reducimpre than 40 % of the
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computational cost. Consequently, Pareto obtaineth OAAMO appears to be
better than offline AAMO especially in the rightpgr corner as shown in Figure 7.8.
Generally speaking, having more sample points @ eékcepted optimum region
assistance to improve the performance of both ndsthd®he relative error in the
prediction is reported in Table 7.4. As it candaen, OAAMO is performing much
better in pressure drop prediction however off®MO is better in predicting heat
transfer coefficient. The main advantage in uSd/AMO as described earlier is the

saving in the computational cost.

Table 7.4 Relative absolute error in Pareto set wireusing AAMO and OAAMO

RError in h % RError in P/L %
AAMO OAAMO AAMO OAAMO
Average 1.16 2.08 10.50 3.29
Maximum 6.12 4.56 41.82 6.43
Minimum 0.03 0.83 3.41 0.64
STD 1.31 1.15 7.89 2.10

It can be seen from the results that OAAMO is peniag better while
reducing significantly the computational cost,,ireducing the total number of CFD
simulation required. These are the main advantafjasing online approximation
assisted optimization. However, offline approxiroatassisted optimization requires
more samples to build a globally accurate metansogthich means more samples are
wasted in the entire design space without affeet glerformance in the expected
optimum region. Although the previous conclusion tisie for a particular
optimization problem, it is important as well to mien that offline approximation
assisted optimization is more efficient if the gitih accurate metamodels will be

used later to optimize other products with différebjectives based on the same
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design space. In this case, no more CFD simulatiahsbe needed. On the other
hand, using online approximation assisted optinonatvith new objectives requires
more runs as a result of changing the exceptedhopti region.

In the next section, another example for rollboridtg heat exchanger

optimization using simplified online approximatiassisted is presented.

7.4 Rollbond Plate Heat Exchanger

As presented in the previous section, plate heahangers (PHXs) are the
most widely used compact heat exchanger, due thigts thermal efficiency, and
ease of manufacture. For application with low terapee lift heat pump, there is a
need to improve the plate heat exchanger thermal hylraulic performance. A
modified rollbond PHX model is developed (Lee et, &012) to minimize the
pumping power per unit length and to improve thatheansfer coefficient using an
online approximation assisted optimization approathe thermal-hydrodynamic
characteristics of single phase turbulent flowatibond type plate heat exchangers
with adapted wavy curve configuration have beenduse this section. The
computational domain contains a wavy curve conéigan and the simulations
adopted the shear-stress transport (SST) model as the turbulence model. An
online approximation assisted optimization approaaised to optimize the rollbond
plate heat exchanger in order to maximize the heatfer coefficientl) and the
pumping power per unit lengtiP@wer/L). Design optimization is performed using
multiobjective genetic algorithm based on metamedeat are built to represent the
entire design space. An online approximation asgisptimization approach based

on space filling filter is used to add more sampiesimprove the metamodels
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performance in the expected optimum region. Apprated optimum designs are
validated using computationally expensive actuaDGimulations. The majority of

the material presented in this section is presentéde et al. (2012).

7.4.1 CFD Model

A new heat exchanger is developed to improve thopeance of PHX for
the application of the low temperature lift heatryuu Two fluids are used: refrigerant
and water. The refrigerant undergoes phase chanmb#e the water undergoes
temperature change only in single phase. By adgptwavy curve configuration, the
pressure drop on the single phase side is desigmetécrease. In addition, heat
transfer performance design enhancement is achieydzhlancing the heat transfer
coefficients of the two fluids, through regulatitite flow area ratio between single
phase flow and working fluid. The overall schematidhe novel heat exchanger is
shown in Figure 7.9. Water flows over the outsifiéhe plates, and refrigerant flows
through the inside of the plates, perpendiculath® water flow, as shown with
arrows in the figure. The refrigerant side inlatiautlet ports are connected to the
header. Single phase side flow is designed to beaway curve by offsetting the
refrigerant flow channel to single phase flow dir@e, thus reducing the pressure
drop of water side. By adjusting the gap betweenpilates and the channel width or
height, the flow area ratio of two fluids can begukated. Design variables of the
novel heat exchanger channel are defined as showigure 7.10. A channel width
(a), channel distance (b), plate width, plate leanghannel number, summit width (a),
channel height (h), plate gap (d), and thicknesplatie (t) are defined in the novel

heat exchanger.
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Water in

Refrigerant ont
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®  Refrigerant flows out
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- Water flows

Figure 7.10 Parameters of novel heat exchanger amael

The calculation domain is presented in Figure Awllich simulates a section
of the single phase flow side of the novel heatherger. The mesh of the plate and

inner space are generated using Gafbin unstructured mesh system with a
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tetrahedral type mesh is created for the innerespand a structured mesh system
with a hex type mesh is used for the wall spacecréate a small viscous sub-layer, a
boundary layer function is used with a 1.26 grofeittor.

The governing equations of continuity, momentumavidr-Stokes) and
energy are solved in Cartesian coordinates baséideosssumptions as follows:

Three-dimensional, incompressible and steady ftate

Single phase flow, no gravity or any other bodyéinvolved

Constant wall temperature with water as the worlinig

No fouling of any kind exists in the computatiodaimain

The computational domain is located in the cenpaatt of the novel heat

exchanger and the periodicity is established peligafar to the flow

direction

Viscous dissipation is negligible in the energy a&ttn

The thermal and hydraulic performances of numenmcatleling are evaluated in
terms of heat transfer coefficiertt)(and the pumping poweP¢wer/L), which are
calculated using Eq. (7.3) and Eq. (7.6) whereis the volume flow rate in (ifs),
and DP/ L is the pressure drop per unit length in (Pa/me $hear-stress transport
(SST) k- model is chosen as the turbulence model becausts agbbust and
accurate formation of combining both the kand k- models, which makes it more
precise and reliable for a wider class of flows @S FLUENT 12.0

Documentation).

Power/ L=V'D P/ L (7.6)
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Figure 7.11 Computational domain and mesh refinemamear the boundaries
Fig. 7.12 shows the contours of water temperatigtiloution in the rollbond
heat exchanger segment for a certain operatingittomsl Water flows along the X-
axis from the left to right side. Water temperatdezreases as the flow approaches
near the wall. Fig. 7.13 shows velocity vectors/blocity magnitude. It can be found
that high velocity developed near refrigerant cleinThe wave shaped pattern

enhanced the heat transfer between the wall anftuibe

293.15
293.10
293.07
293.04
293.00

292,17 ..
29214 —  Flow direction
l—x

Figure 7.12 Temperature distribution in (K) for rolIbond heat exchanger
segment (Lee et al., 2012)
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Figure 7.13 Velocity vectors in (m/s) inside the tbond heat exchanger segment
(Lee et al., 2012)
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7.4.2 Problem Definition

For the rollbond heat exchanger optimization desithe objectives are to
maximize the heat transfer coefficieh) (vhile minimizing the unit pump power per
unit length Power/L, along the HX flow direction) as given in Eq. (X.Because
CFD simulation is conducted on a section of thet b&ahanger, pumping power per
unit length is used instead of pumping power. Thaalf formulation of the

optimization problem is given in Eq. (7.7).

max h [WIn? K]
min  Power/ L [W/m]
subject to: (7.7)

h 3 8000 W/nt K
2kPa/m£DP /L £ 100 kPa/m

The different design variables that define theballd segment performance
are shown in Figure 7.10. The four design varialales defined in Table 7.5. The

corresponding computational domain is shown in fEgd.11. The heat transfer
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coefficient and the segment pressure drop arergddddy solving the continuity, the
momentum, and the energy equations using a comatigravailable CFD tool such
as Fluerft. For different designs, the solutions are obtaired a fixed wall
temperatureT,, = 291 K, and constant coolant inlet temperaflire= 293K with
variable coolant flow rate. Water is used in thigdy as the working fluid. Individual
metamodels are developed for heat transfer coefiti and pressure drop per unit

length P/L.

Table 7.5 Normalized design variables for rollboncheat exchanger
segment optimization

Normalized Design Variable | gwer limit Upper limit

X1, gap between the plates 0 1
X2, channel height
X3, channel width
X4, SUMmMIt width

Xs, water velocity

1
1
1
1

OOOO

7.4.4 Online Approximation Assisted Optimization

Initially, MED sampling approach described in Claap is used to generate
150 designs. The responses of heat transfer ceeffib, and the pumping pressure
drop per unit lengtiPower/Lare obtained from these 150 numerical simulatiorsy
and then correlated into the metamodel using Kgigimmetamodel technique. After
obtaining some intermediate optimum solutions datedl by the multiobjective
genetic algorithm (MOGA), a simple online approxieth assisted optimization
approach based on space filling filter method gliad to filter some of the optimum
solutions and select the next set of samples toawgpthe metamodels’ performance

in the excepted optimum region.
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The metamodels have been built based on the 2@ cdsCFD simulation
with the aforementioned approach. Thdseand Power/L metamodels are then
verified using a set of 20 random samples. Theilddtaalidation of various building
methods is shown in Table 7.6 using different datren function and regression
models in Kriging. It could be seen that the fiostler polynomial Gauss model has
the best accuracy among these methods. The detalegarisons oh and P/L
between the CFD and metamodel are shown in TalleThe relative root mean
squared errorRRMSE between the CFD and current metamodel is 1.15%hie
heat transfer coefficient and 4.24% for the pumpogver per unit length, which is

good enough for further optimization.

Table 7.6 Validation of different metamodel building methods

. , RMSE RRMSE%)
Correlation Regression
functions models h 2 Power/L h Power/L
(W/m°K) (W/m)
PolyO 138.85 0.03 1.38 5.29
Gauss Polyl 120.58 0.03 1.15 4.24
Poly?2 105.46 0.05 1.02 10.49
PolyO 142.04 0.07 1.38 9.51
Exponential Polyl 105.32 0.06 1.09 12.41
Poly2 112.05 0.07 1.26 29.91

7.4.5 Results and Discussion

The Pareto set solutions are obtained from thréferent runs of MOGA.
Figure 7.14 shows the Pareto solutions as welhasDXOE samples. It should be
noted that the Pareto solutions are not obtaindgtlerhighlighted region A, because
the constraints would have been violated.

The optimum designs selected from the Pareto solwet are shown in Table

7.7. Design variables in the optimum design ard distributed, except for summit
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width (x4) and channel widthx§). A large summit width increased bothand
Power/L The effect of increasduis higher than that of an increagedwer/L, so the
optimum designs are developed at a relatively lagamit width that ranged from
0.552 to 0.942. Furthermore, it can be seen thahro#l width X3) exhibited low
value ranges in optimum designs. A small channdtiwcreates more periodic wavy
curves per unit length. This can increase the tartme in the water flow, and
eventually increase both and Power/L Therefore, théh increased faster than the

Power/L, thus optimum designs were obtained in the regidrssnall channel width.

20000

16000 A A A

12000

h (W/m2K)

8000

A DOE points
O Pareto solutions

4000 F

Power/L (W/m)

Figure 7.14 DOE points and optimum rollbond heat eghanger segment

Optimum designs in Table 7.7 are verified with theults obtained directly
the from CFD simulation. ThRRMSEbetween the approximated results and CFD
simulation are 0.82% for the and 16.15% for th&ower/L This indicates that the
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optimum results obtained from approximated assisfg@nization approach used in

this study are acceptable, given the number of &zsnp

Table 7.7 Optimum designs selected from Pareto sdian set

Optimum h Power/L P/L

Designs < % % X% X% wimik)  (Wim)  (kPa/m)
1 0.399 0.120 0.3230.662 0.508 9958 0.696  8.87
2 0.728 0.021 0.4740.943 0.674 10618  0.962  9.28
3 0.291 0.022 0.3610.645 0.674 10204  0.787  9.64
4 0.020 0.173 0.2960.934 0.000 9139 0.345  8.49
5 0.078 0.008 0.0980.853 0.195 9937 0492 971
6 0.001 0.278 0.3900.920 0.000 9152 0.353  8.81
7 0.660 0.171 0.7800.733 0.981 10826 1.193  10.00
8 0.509 0.106 0.2490.709 0.527 10357  0.789  9.35
9 0.503 0.575 0.8080.701 0.527 9965 0.812  9.65
10  0.260 0.024 0.1690.885 0.250 9908 0542  9.06
11  0.007 0.351 0.4310.749 0.167 9321 0432  9.20
12 0.006 0.376 0.7110.771 0.190 8671 0.378  7.90
13 0.221 0.637 0.0270.552 0.038 9842 0460  9.50
14 0.000 0.014 0.3200.918 0.000 8356 0271  6.76

7.5 Summary

In this chapter, three examples are presenteddidplate as an example for
electronic cooling devices and two different typafsplate heat exchanger, i.e.,
chevron and rollbond plate heat exchangers. Thearddges of using online
approximation assisted optimization to optimizesthelifferent heat exchangers are
discussed.

For coldplate example, two objectives are constifemninimizing the
maximum temperature and minimizing the refrigeraméssure drop. OAAMO
method developed in chapter 3 is used as the ordipgroximation assisted
optimization approach. OAAMO predicted better optim designs with higher

accuracy compared to offline approximation assisgtnization approach. The final
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results are verified using CFD simulations. Therrrare small which indicates that
the accuracy of the online approximation assisfgtrozation method is acceptable.
The approximation technique resulted in a significaduction in computational time
compared to conventional optimization techniquelyO80 CFD simulations are

required for building the metamodels, compared ¢veml thousands of actual
simulations required when conventional MOGA is ufgD0 simulations).

As for the chevron plate heat exchanger, Online @affithe approximation
assisted optimization approaches are used to obfagimum plate heat exchanger
designs based on single phase liquid. Kriging metiels are built for both the heat
transfer coefficient and for the pressure drop yp@t length. These metamodels are
used to predict the objectives and constraintsimithultiobjective genetic algorithm
(MOGA). In online approximation assisted optiminati OAAMO method is used to
find the optimum designs. OAAMO approach predicteetter optimum designs
with high accuracy compared to offline approximati@ssisted optimization
approach. The final results are also verified ustp simulations. The errors are
small which indicates that the accuracy of the renliapproximation assisted
optimization method is acceptable. The approxinmattechnique resulted in a
significant reduction in computational time comphte conventional optimization
technique. Only 112 CFD simulations are required dailding and updating the
metamodels in online approximation assisted opatron compared with 200
samples required for offline approximation approad&oth offine and online
approximation techniques are efficient when comgbaoeseveral thousands of actual

simulations required for conventional MOGA (~ 51@@wations).
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In rollbond plate heat exchanger, a simplified malapproximation assisted
multiobjective optimization approach is used. Tader heat transfer coefficient and
pumping power associated with the heat exchangeoairmized using the simplified
online approximation assisted optimization approddte plate gap, channel height,
channel width, summit width, and fluid inlet veltycare defined as design variables,
and 200 samples are selected using the maximurapgntiesign method to build a
metamodel for obtaining the heat transfer coeffigias well as the pumping power
per unit length. The optimized designs are caledlatsing a multi-objective genetic
algorithm, and are presented. Finally, the Pargetonal designs are verified against
the values that were directly obtained from CFDuations. When the refrigerant
side heat transfer coefficient is properly desigaedording to the water side heat
transfer coefficient, overall heat transfer of ttalbond heat exchanger can be
maximized. This can decrease the cost of the heclhamger and increase the
performance of a low temperature lift heat pumpeys

In the next chapter, the conclusion of this disgem is presented. The
chapter highlights the contributions of the fousearch thrusts of this dissertation

followed by the recommendations for future work.
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Chapter 8. Conclusions

8.1 Introduction

This dissertation is focused on four research teruBhese are: (i) A new
online approximation assisted multiobjective opsation (OAAMO), (i) a new
approximation assisted multiobjective optimizatiowith global and local
metamodeling, (iii) a new framework for integrati®pAMO heat exchanger design
problems with multiscale simulations (OAAMOMS), ani) a new header
optimization model for a new generation of air-@mbheat exchangers. In addition,
several heat exchanger types are optimized usangetvly developed methods.

This chapter is organized as follows: Section 8@ides a summary of the
four research thrusts including the different heeathangers applications presented in
the dissertation. This is followed by a statemdrthe main contributions in Section

8.3. Finally, the recommendations for the futureknare provided in Section 8.4.

8.2 Summary

In Chapter 3, a new online approximation assistatfiobjective optimization
approach called OAAMO is presented. Two main gaais considered while
building this new approach: (a) improving both timetamodel performance for
objectives and constraints in the expected optinmegion and the accuracy of the
predicted optimum solutions, and (b) improving thality of the predicted optimum
solutions by improving both the closeness to tamg®ttion and diversity of the
optimum solutions obtained. In order to achieves¢hgoals, selected points are
chosen to update the metamodels iteratively. Thpgeed approach starts with initial
samples and initial metamodels are built for aljeotives and constraints. Then
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MOGA is applied to the metamodel based optimizatpoblem and a set of
predicted optimum solutions are generated. Afteda/afive points are selected based
on the criterion described in OAAMO in order to mste the above mentioned goals.
Finally, a space filling filter is used to avoidngales’ clustering in the design space.
OAAMO is tested and compared with an offline apploaalled AAMO. The results
show that OAAMO outperforms AAMO in terms of accoyaof the predicted
solutions. Also, OAAMO is compared with ParEGO,ariine AAMO method from
the literature. OAAMO performs better in terms tdseness and diversity for most of
the problems with respect to ParEGO. In additi@AAMO is applied to an
engineering test problem and compared with ann&#fAAMO approach. The results
of the engineering example show that OAAMO produgetier optimum solutions in
terms of both the accuracy and the quality (closene target optimum solutions and

diversity).

In Chapter 4, a new and novel online approxima#ssisted multiobjective
optimization approach using both global and locatamodeling is presented. The
approach combines both metamodeling in the globdllacal optimum regions and
random search in both regions to find the bestnopot solutions. The approach
starts with generating initial samples that aredute build global metamodels for
objectives and constraints and then using thesamuetels to predict the responses
(objectives and constraints) for a large numberaoflomly generated points. Then,
using non-dominating sorting, the most promisinghfg(among the initial samples
and the randomly evaluated samples) are selectexladtual simulation is run for a

few new points selected based on spread in botigrdesd objective spaces. Based
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on these values, the “best” points are grouped uftiple clustered regions in the
design space and then local metamodels of objexttivastraints are constructed in
each region. These clusters are adaptively budtwgpdated. All observed points are
also used to iteratively update the global metarnsodie this way, the accuracy of the
metamodels is gradually improved as the optimipgr@aches the Pareto optimum
frontier. One of the important advantages of theppsed approach is that: the most
promising points are observed which means thaketieeno need to verify the final
solutions separately and all the final solutions fasible as well. Both numerical
and engineering examples are tested using the gedpapproach. A CFD coldplate
design example is demonstrated with the proposptbaph as well. It is found that a
reasonable set of optimum design solutions areir@atavith a few number of CFD
simulations.

In Chapter 5, a new approach for online approxichaiesisted multiobjective
optimization for problems with multiscale simulat®such as heat exchanger design
is presented. The approach aims at reducing th@uttional cost while improving
the accuracy of the predict optimum solutions bynbming an adaptive update of
metamodels used to predict the performance in ¢lgenent level while running the
optimizer for the entire heat exchanger based onea exchanger solver. For
examples, the metamodels for air heat transfefficaaft and air pressure drop on the
segment level are updated while the MOGA is ruretas the entire heat exchanger
solver for new generation of air-cooled heat exgeas. The accuracy of the results is
comparable with an offline based multiscale simatatapproach. The online

multiscale multiobjective approximation assistedimpation approach saved more
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than 60% of the computational time required to wb&milar results as the offline
multiscale approximation techniques. The approactsented in this chapter is
generic in nature and applicable to any similait egahanger optimization problem.

In Chapter 6, a 3D-CFD model is used and modif@dhieaders used in the
next generation of air-cooled heat exchangers baseadini and micro tubes. In order
to reduce the mass flow rate misdistribution inglike header and to reduce the total
header volume, NURBS are used to represent andoolate the header shape. Then
a systematic and generic approach for header g#ttron is developed using an
OAAMO approach developed in Chapter 3 that enalitedind more accurate
optimum header designs while significantly redudimg computational cost. Finally,
design guidelines for headers used in the new g&oar of air-cooled heat
exchangers are provided. Based on the resultsnebtathere is a tradeoff between
header area ratio and refrigerant mass flow ratelative standard deviation. For
instance, some of the optimum designs obtained hmass flow rate standard
deviations of less than 2% while other designs leaders area ratio less than 2%.
Selected designs are validated using CFD simulgtidhe error in the predicted total
pressure drop is less than 6% and that for the rflags rate relative standard
deviation is less than 8%, thus verifying the atakle accuracy of the metamodels.
Finally, parametric studies are presented in thegpter to optimize 1-kW integrated
heat exchanger and header module.

In Chapter 7, three examples are presented to mgtithe different types of
electronic cooling devices and heat exchangersdflate is used as an example for

electronic cooling devices and two different typéplate heat exchanger are used as
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well, i.e., chevron and rollbond plate heat excleasagThe advantages of using online
approximation assisted optimization to optimizesthelifferent heat exchangers are
discussed at the end of this chapter. For the Gklgpxample, two objectives are
considered: minimizing the maximum temperature amdimizing the refrigerant
pressure drop. Six design variables are optimizbdnnel height, length, and width,
thickness of the middle wall, top and bottom chamwall, in addition to the
refrigerant inlet velocity. Comparing with offlineased AAMO, OAAMO predicted
better optimum designs with a higher accuracy. Iginanly 60 CFD simulations are
required for building the metamodels, compared ®&vesl thousands (5100
simulations)of actual simulations required whemawentional MOGA is used.

As for the chevron plate heat exchanger, two olwestare considered:
minimizing the pressure drop per unit length andxim&ing the heat transfer
coefficient. Four design variables are optimizedewwon angle, pitch, height and
fluid velocity. Similarly, the OAAMO approach pretis better optimum designs with
a high accuracy compared to an offline AAMO apploakhe errors are small which
indicates that the accuracy of the online approtionaassisted optimization method
is acceptable. Only 112 CFD simulations are requice building and updating the
metamodels in online approximation assisted opatron compared with 200
samples required for offline approximation approadhich means that OAAMO
approach can save more than 40% of the computatomsa while obtaining better
optimum solutions.

In a rollbond plate heat exchanger, a simplifiein@enapproximation assisted

multiobjective optimization approach is used toimpte the rollbond heat exchanger

172



design with two objectives: minimizing the pumpipgwer per unit length and
maximizing the heat transfer coefficient Five desigariables are optimized: gap
between the plates, channel height and width, stimwdih and water inlet velocity.
The water heat transfer coefficient and pumping groassociated with the heat
exchanger are optimized using the simplified onliapproximation assisted
optimization approach. Only 150 samples are saleging the maximum entropy
design method to build a metamodel for obtaining tieat transfer coefficient, as
well as the pumping power per unit length. AnotBérsamples are added based on
the simplified online approximation assisted opaation approach used in this
chapter. The final optimum designs are validatadgu€FD simulations. Based on
the results, it is observed that when the refrigesade heat transfer coefficient is
properly designed according to the water side heatsfer coefficient, overall heat
transfer of the rollbond heat exchanger can be miaeid. This can decrease the cost
of the heat exchanger and increase the performaheelow temperature lift heat

pump system.
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8.3 Contributions

The main contributions of this dissertation arecdssed in the following
subsections.

8.2.1 Online Approximation Assisted MultiobjectiveOptimization

A new approach (OAAMO) is proposed which has somistindt
characteristics as in the following: (i) A signdict number of the previous AAO
methods only uses a globally accurate meta-modghdooptimum solutions. In the
proposed approach, online AAO is used to improeentieta-models’ performance in
the expected optimum region. (ii) Some previousreaches try to approximate the
optimum frontier using an expected improvement measHowever, OAAMO uses
the information from the estimated optimum solusiatirectly and does not use any
scalar measure. (iii) OAAMO aims at improving th@esad, closeness, and accuracy

of the solution points while avoiding clusteringtbé points.

8.2.2 Approximation Assisted Multiobjective Optimization with Combined and
Local Metamodeling

A new online approximation assisted multiobjectimetimization approach
that combines global and local metamodeling is lbgexl. The approach is
developed collaboratively by the coauthors of thpgrs (Hu et al., 2012a; Hu et al.,
2012b). The main idea for using global and localamedeling to enhance the online
approximation assisted multiobjective optimizatiesrdeveloped by me. In addition,
the sampling selection criterion based on both giesand objective spaces is

proposed by me.
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The approach has the following characteristics: ¢gmbining online
metamodeling updating in both global and promisiogal optimum regions can
reduce significantly the computational cost, (@)esting the clusters adaptively in the
promising optimum regions based on “spread distaotéhe non-dominated points
which is calibrated in both the design variable abgective spaces, and (iii) creating
the clusters around the current best design puaihish helps to significantly enhance

the accuracy of the local metamodels.

8.2.3 Online Approximation Assisted MultiobjectiveOptimization for Problems
with Multiscale Simulation (OAAMOMS)

A new framework is developed for applying OAAMO pyoblems with
multiscale simulation such as heat exchanger degpgimization. This framework
combines an adaptive update of metamodels foreat transfer coefficient and air
pressure drop at the segment level with the eh@et exchanger simulation for a new

generation of air-cooled heat exchangers.

8.2.4 Header Optimization for New Generation of AirCooled Heat Exchanger
using NURBS

A 3D-CFD model for a header is used in a new geimgraof air-cooled heat
exchangers by adding NURBS to represent and matipgl the header shape in
order to reduce the mass flow rate maldistribufimide the header. In addition, a
systematic and generic approach for header optimaizés developed using OAAMO
that helps to find more accurate optimum headeigdssvhile significantly reducing
the computational cost. Finally, design guidelinese provided for header

optimization for a new generation of air-cooled theschangers. The results output
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from this study can enhance the design of all headed in micro channels based

tubes heat exchangers.

8.4 Future Research Directions

There are a number of directions for future redeas discussed in the
following.
1. Discrete Design Variables

The approaches developed in this dissertation aeeldped with the
assumption that all design variables are continlib& is not the case in many heat
exchanger design optimization problems where tleee several discrete design
variables. An example for discrete design varialitesheat exchanger problem
includes the number of tubes, number of fins, atiters. So, there is a need to
consider discrete design variables as well unddm@napproximation assisted

multiobjective optimization framework in order teduce the computational cost.

2. Large Number of Design Variables

The approaches developed in this dissertation@reldped for problems with
the number of design variables of about 50, whighthe limit for the Kriging
metamodeling technique. This is not the case inesoptimization problems where
there are several hundreds or even thousands mndeariables are used, as is the
case in topology optimization. There is a needatdosider problems with a large
number of design variables combined with online rapination assisted
multiobjective optimization framework.

Proper Orthogonal Decomposition (POD) method (lep@®55) is a possible

method that can be used to handle this problem. @D been developed as an
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alternative method of deriving a basis vector fighkorder systems. POD has been
widely used in CFD applications (Sirovich, 1987;rlBmwz et al., 1993). Coupling
POD with the methods in this dissertation should éxg@lored particularly for
problems with a large number of design variables.
3. Resource Allocation

In many optimization problems, the total numbenwéilable function calls is
fixed and limited. Although the performance of ampproximation assisted
optimization technique depends on the relation betwthe design variables, there are
several questions that should be addressed su@) hew many samples should be
used as initial designs? What is the relation betwthe number of design variables
and the total number of samples in the initial gles? Is it better to generate the
initial designs using space filling DOE method s@shMED or LHS or to use an

adaptive sampling technique such as SFCVT (Au&t. €2008)?

4. Metamodeling Methods

It is important to investigate the use of non-kKrg based metamodels
especially for problems with a large number of gesiariables. In addition, in the
case of using Kriging, it is important to explorewhto identify the best regression
model and correlation function before applying Kreging metamodeling technique.

Poor choice of these can lead to an increase indimputational cost.

5. Heat Exchanger Applications
In chapter 5, OAAMOMS approach was applied onlatoew generation of
air-cooled heat exchangers. It is important to yppk approach to optimize different

types of heat exchangers such as plate type,am@lilube, and spiral heat exchanger.
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6. Combining Headers with Heat Exchanger Body

In chapter 6, OAAMO approach was applied only pdiraize the header for
the new generation of air-cooled heat exchangenenTbased on the results, a
parametric study was used to find an integratednayph 1 kW heat exchanger
module. However, it should be more accurate torng#i-disciplinary optimization
(MDO) approach to optimize the heat exchanger nedunid consider both the heat
exchanger body and the headers as subsystemsdeliieng the main objectives to
minimize the heat exchanger volume and the refaiglepressure drop as system

objectives. That can result in more compact heehangers.

7. Flexible Heat Exchanger Walls

One of the assumptions for all CFD based modetkisdissertation is that;
the heat exchanger wall is rigid as stated in sec®.7. However, due to using thin
wall thicknesses and sometimes high fluid pressuitess important as well to
consider using flexible walls instead of rigid vealls boundary conditions. That will
lead to modify the computational model to consifleid-structure interactions. In
addition, using flexible walls will result in chaing the dimensions of the model.
Consequently, finding the robust optimum designsukh consider uncertainties as

well in both design variables and design parameters

8. Heat Exchanger Design Under Uncertainty

In this dissertation, uncertainties in heat exclearggometric parameters and
design variables and flow conditions are not cagre&d. However, using micro and
mini channels in new generation of heat exchangetke manufacturing processes

very challenging. As a result, large toleranceshihaxist compared with the original
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design variables. In addition, uncertainties casultein fouling and even blockage
resulting from the flow distribution and hence e drop. Accordingly, it is
important to use robust optimization approacheéintd optimum heat exchangers

which are relatively insensitive to uncertainties.

179



180



Bibliography
Abdelaziz O., Aute, V., Azarm, S., and Radermache., 2010,

“Approximation Assisted Optimization for Novel Coangi Heat Exchanger
Designs,”"HVAC&R Researchvol. 16, No. 5, pp. 707-728.

Abdelaziz O., 2009, “Development of Multi-Scale, KkPhysics, Analysis
Capability and its Application to Novel Heat Exclgen Design and
Optimization,” Ph.D., Mechanical Engineering, Unisigy of Maryland,
College Park.

ANSYS FLUENT 12.0 Documentation, ANSYS Inc., 2009.

Armstrong, M., 1998, Basic Linear Geostatistigpringer New York, NY.
Aute, V. C., Radermacher, R. and Valiya Naduvath. 2004, “Constrained
Multiobjective Optimization of an Air-Cooled Condser,” in the
Proceedings of the 10th International Refrigerati@n Air-Conditioning
Conference at Purdyéurdue, Indiana.

Aute V., Abdelaziz, O., Azarm, S., and Radermaclker, 2008, “Cross-
validation Based Single Response Adaptive DesignExperiments for
Deterministic Computer SimulationsI2th AIAA/ISSMO Multidisciplinary
Analysis and Optimization Conferenc&lAA-2008-6067, Victoria, British
Columbia, Canada.

Aute, V., 2009, “Single and Multiresponse Adaptesign of Experiments
with Application to Design Optimization of Novel BeExchangers,” Ph.D.,

Mechanical Engineering, University of Maryland, &gk Park.

181



10.

11.

12.

13.

14.

15.

Bakker, T. M. D., 2000, Design Optimization withiging Models, WBBM
Report Series 47, Delft University Press.

Bejan, A., 1997, “Constructal theory network of danting paths for cooling
a heat generating volumelhternational Journal of Heat Mass Transfer
Vol. 40, pp.799-816.

Bejan, A., 2000, Shape and Structure, from Engingdo Nature, first ed.,
Cambridge University Press/K.

Bejan, A., and Lorente, S., 2006, “Constructal tigeof generation of
configuration in nature and engineeringgurnal of Applied Physi¢svol.
100, No.4, Article number. 041301.

Bergles, E., 2002, “ExHFT for fourth generation theransfer technology,”
Experimental Thermal and Fluid Sciens®l. 26, pp. 335-344.

Berkooz, G., Holmes, P., and Lumley, J., 1993, “Hreper Orthogonal
Decomposition in the Analysis of Turbulent Flowsfinual Review of Fluid
MechanicsVol. 25, pp. 539-575.

Buche, D., Schraudolph, N. N. and Koumoutsakos2@05, “Accelerating
Evolutionary Algorithms with Gaussian Process Bmé&unction Models,”
Systems, Man, and Cybernetics, Part C: Applicatiand Reviews, IEEE
TransactionsVol. 35, No. 2, pp. 183-194.

Cetegen, E., Dessiatoun, S., and Ohadi, M., 2008ultf Objective
Optimization of a Force Fed Microchannel Heat SinRyroceedings of
MNHMT2009 ASME 2009 2nd Micro/Nanoscale Heat & Masansfer

International ConferengeShanghai, China.

182



16.

17.

18.

19.

20.

21.

22.

23.

Charnes, A., Cooper, W., and Ferguson, R., 195%tifal Estimation of
executive Compensation by Linear Programminigldnagement Science
Vol. 1 No. 2, pp. 138-151.

Chong, S., Ooi, K., and Wong, T., 2002, “Optimipatiof Single and Double
Layer Counter Flow Microchannel Heat SinksApplied Thermal
Engineering Vol. 22, pp. 1569-1585.

Coello, C., 2000, “Multiobjective Optimization ofrdsses Using Genetic
Algorithms,” Computers & Structured/ol.75, No.6, pp.647-660.

Coello, C. A., Veldhuizen D. A. and Lamont, G. RQ02, Evolutionary
Algorithms for Solving Multi-Objective Problems, &ed edition Springer
New York.

Coello, A. C., Pulido, G. T., and Lechuga, M. 304, “Handling Multiple
Objectives with Particle Swarm OptimizationTEEE Transactions on
Evolutionary Computatiarivol. 8, No. 3, pp. 256-279.

Coello, C. A., Lamont, G. B., and Van Veldhuizen, B., 2007,
Evolutionary Algorithms for Solving Multi-Objectivéroblems,Springes
New York.

Cohon, J. L., 1978, Multiobjective Programming &idnning, Mathematics
in Science and Engineering, Vol. 14&Gademic Press.

Cressie N. A. C., 1993, Statistics for Spatial D¥¥aey Series in Probability

and Mathematical Statistic3phn Wiley& SonsChichester, UK.

183



24,

25.

26.

27.

28.

29.

30.

31.

Currin, C., Mitchell, M., Morris, M., Ylvisaker, D.1988, “A Bayesian
Approach to the Design and Analysis of Computerdfixpents”,Oak Ridge
National Laboratory, Report ORNL-6498.

Das, ., and Dennis, J. E., 1998, “Normal Boundbmtersection: A new
method for generating Pareto surface in nonlinedti+oriteria optimization
problems,”SIAM Journal of Optimizatigr\Vol. 8, No. 3, pp. 631-657.

Deb, K., 2001, Multi-Objective Optimization usingd&utionary Algorithms,
John Wiley & Sond.td, New York.

Deb, K., Pratap, A., Agarwal, S. and Meyarivan,ZD02, “A fast and elitist
multiobjective genetic algorithm: NSGA-II,”IEEE Transactions on
Evolutionary ComputatignVol. 6, No. 2, pp. 182-197.

De Losier, R., Subramanian, S., Ponyavin, V., Ci¥enHechanova, E. and
Peterson, F., 2007, “The parametric study of amvative offset strip-fin
heat exchanger’ASME Journal of Heat Transfeiol. 129, No. 10, pp.
1453-1458.

Dybvig R. K., 2003, The Scheme Programming Langudged ed.,MIT
Press Cambridge, Mass., USA,

Emmerich, M., Giannakoglou, K. and Naujoks, B., @00Single and
multiobjective evolutionary optimization assisteg Baussian random fields
metamodels,IEEE Transactions on Evolutionary Computati®&ol. 10,No.
4, pp. 421-439.

Fang H., Rais Rohani, M., and Horstemeyer, M., 2004ultiobjective

Crashworthiness Optimization with Radial Basis FRioms,” 10th

184



32.

33.

34.

35.

36.

37.

38.

AIAA/ISSMO Multidisciplinary Analysis and Optimimasit Conference
Albany, NY.

Fang H., Rais Rohani, M. and Horstemeyer, M., 20@5,Comparative
Study of Metamodeling Methods for Multiobjective aShworthiness
Optimization,”Computers & Structures/ol. 83(25-26), pp. 2121-2136.
Farina M., 2001, “A Minimal Cost Hybrid StrategyrfBareto Optimal Front
Approximation,”Evolutionary OptimizationVol.3, No. 1, pp. 41-52.

Farina M., 2002, “A Neural Network Based Generali#¢esponse Surface
Multiobjective Evolutionary Algorithm,Proceedings of IEEE Congress on
Evolutionary Computatiarivol. 1, pp.956-961.

Fluent (2007) 'User’s Guide', Version 6.3

Foli, K., Okabe, T., Olhofer, M., Jin, Y., and Séoff, B., 2006,
“Optimization of Micro Heat Exchanger: CFD, Analal Approach and
Multi-Objective Evolutionary Algorithms,”International Journal of Heat
and Mass TransfeNol. 49, pp. 1090-1099.

Fonseca, C. M. and Fleming, P. J., 1993, “Genetigo#thms for
Multiobjective Optimization: Formulation, discussiand generalization,” in
Proceedings of the Fifth International Conferenae @enetic Algorithms
pp. 416-423.

Fonseca, L., Barbosa, H. and Lemonge, A, 2010, Similarity-Based
Surrogate Models for Expensive Single-and Multi-€2itive Evolutionary
Optimization,” Computational Intelligence in Expensive Optimizatio

Problems pp. 219-248.

185



39.

40.

41.

42.

43.

44,

45,

46.

Forrester, A., Sobester, A. and Keane, A., 2008jirtgering Design via
Surrogate Modelling: A Practical Guidihn Wiley & Sond,td, New York.
Galeazzo, F., Miura, R., Gut, J., and Tadini, @Q& “Experimental and
numerical heat transfer in a plate heat exchandg&hgmical Engineering
ScienceVol. 61, pp.7133-7138.

Georgopolou, C., and Giannakoglou, K., 2009, “A dbjective
Metamodel-Assisted Memetic Algorithm with Strend@hsed Local
Refinement,”Engineering Optimizatiorivo. 41, No. 10, pp. 909-923.
Goldberg. D. E., 1989, “Genetic Algorithms in Séar©Optimization and
Machine Learning”Addison-Wesley Pub. GdSBN: 0201157675.
Gopinath, D., Joshi, Y., and Azarm, S., 2005, “Ategrated Methodology
for Multiobjective Optimal Component Placement addat Sink Sizing,”
IEEE Transactions On Components And Packaging Taobies Vol. 28,
No. 4, pp. 869-876.

Habib, M., Ben-Mansour, R., Said, S., Al-Bagawi, ahd Al-Mansour K.,
2008, “Correlations of flow distribution parametars an air cooled heat
exchanger” International Journal of Numerical Methods in Flgjd/ol. 56,
pp.143-165.

Haftka, R.T., 1991, “Combining Global and Local Appimations,”
(Technical Note)AIAA Journaj Vol.29, No.9, pp. 1523-1525.

Hacker, K., 2002, “Efficient Global Optimization lbg Hybrid Genetic
Algorithms,” 9th AIAA/ISSMO Symposium on Multidisciplinary Asalyand

Optimization Atlanta, Georgia, September 4-6, pp. 5429-5440.

186



47.

48.

49.

50.

51.

52.

53.

Haimes, Y. Y., Lasdon, L. S. and Wismer, D. A., 1970n a bicriterion
formulation of the problems of integrated systerantification and system
optimization,”|IEEE Transactions on Systems, Man, and Cybernéatials 1,
No. 3, pp. 296-297.

Han, W., Saleh, K., Aute, V., Ding G., Hwang Y.,daRadermacher, R.,
2011, “Numerical Simulation and Optimization of & Phase Turbulent
Flow in Chevron-type Plate Heat Exchanger with Sodal Corrugations”,
HVAC & R Researchvol. 17, No. 2, p.186-197.

Hastie, T., Tibshirani, R. and Friedman, J., 200ide Element of Statistical
Learning,Springer-Verlag New York.

Horn, J., Nafploitis, N. and Goldberg, D., 1994, tiched Pareto genetic
algorithm for multi-objective optimization,” iRroceedings of the First IEEE
Conference on Evolutionary Computatiqp. 82-87.

Hosder, S., Schetz, J.A., Mason, W.H., Grossman,aBd Haftka, R.T.,
2010, “Computational-Fluid-Dynamics-Based Clean-gVilAerodynamic
Noise Model for Design,Journal of Aircraft Vol. 47, No. 3, pp. 754-762.
Hong, Y. S, Lee, H., and Tahk, M. J., 2003, “Accal®n of the
Convergence Speed of Evolutionary Algorithms UsMgltilayer Neural
Networks,”Engineering Optimizatigrivol.35, No.1, pp. 91-102.

Hu W., Saleh, K., and Azarm, S., 2012a, ApproxiomatiAssisted
Optimization with Combined Global and Local Metaratmg, ASME 2012
International Design Engineering Technical ConfessnIDETC 2012,

August 12-12, 2012, Chicago, IL, USA.

187



54.

55.

56.

57.

58.

59.

60.

Hu W., Saleh, K., Azarm, S., and Mosier, G., 2012Approximation
Assisted Optimization with Combined Global and Uoséetamodeling,”
Manuscript Submitted to Journal of Mechanical Desigune 5, 2012.
Huang, D., Allen, T. T., Notz, W. I, and Zeng, N2006, “Global
Optimization of Stochastic Black-Box Systems viaq&ntial Kriging
Metamodels,’Journal of Global Optimizatigrvol. 34, No.3, pp. 441-466.
Hwang, Y., Jin, D., and Radermacher, R., 2007, figefant distribution in
minichannel evaporator manifoldsiiVAC&R ResearchVol.13, No.4, pp.
543-555.

Jeong S., Obayashi S., 2005, “Efficient Global @ptation (EGO) for
Multi-Objective Problem and Data MininglEEE Congress on Evolutionary
Computation, IEEE, PiscatawaiJ, Vol.3, pp. 2138-2145.

Jiao, A., and Baek, S., 2005, “Effects of distrdyuconfiguration on flow
maldistribution in plate-fin heat exchanger$ieat Transfer Engineering
Vol. 26, pp.19-25.

Jiao, A., Zhang, R., and Jeong, S., 2003, “Expeartaleinvestigation of
header configuration on flow maldistribution in gdin heat exchanger”.
Applied Thermal Engineeriny/ol. 23, pp. 1235-1246.

Jiang, H. B., Aute, V. and Radermacher, R., 20@ilDesigner: a general-
purpose simulation and design tool for air-to-igefrant heat exchangers”,

International Journal of Refrigeratiqrvol.29, No.4, pp. 601-610.

188



61.

62.

63.

64.

65.

66.

67.

68.

Jin Y., Olhofer, M., and Sendhoff, B., 2001, “Mairayy Approximate
Models in Evolutionary Aerodynamic Design Optimirat” Proceedings of
IEEE Congress on Evolutionary Computatidfol.1, pp.592-599.

Jin Y., Olhofer, M., and Sendhoff, B., 2002, “A Rrawork for Evolutionary
Optimization with Approximate Fitness Function$EEE Transactions on
Evolutionary Computatiarivol.6, No.5, pp.48-494.

Jin Y., 2005, “A Comprehensive Survey of FitnesspAgximation in
Evolutionary Computation,Soft ComputingVol. 9, No. 1, pp. 3-12.

Jing W., Jianbing, W., Liuyang, G., Suili, W., aBayong, H., 2005, “CFD
optimization application on airside plate fins andenser coil of gravity-
assisted heat pipe,translated by San Francisco, CA, United states:
American Society of Mechanical Enginegrp. 79-785.

Jones, D. R., Schonlau, M., and Welch, W. J., 19&3ficient Global
Optimization of Expensive Black-Box FunctionsJournal of Global
Optimization Vol. 13, pp. 455-492.

Jones D. R., 2001, “A Taxonomy of Global OptiminatiMethods Based on
Response Surfaces]burnal of Global Optimizatiarivol. 21, pp. 345-383.
Kanaris, A.G., Mouza ., AA., and Paras. S.V., 20@ptimal design of a
plate heat exchanger with undulated surfacéstérnational Journal of
Thermal Scienced/ol. 48, pp. 1184-1195.

Kandlikar, S. G., Garimella, S., Li, D., Colin,, Sand King, M. R., 2006,
Heat Transfer and Fluid Flow in Minichannels anccidchannels, ISBN: O-

0804-4527-6, first edELSEVIER Kidlington, Oxford, UK.

189



69.

70.

71.

72.

73.

74.

75.

Karakasis, M.K., Giotis, A. and Giannakoglou, K., @001, “Efficient
Genetic Optimization using Inexact Information a8dnsitivity Analysis.
Application in Shape Optimization Problem&CCOMAS Computational
Dynamics Conferenc&ol. 43, Swansea, Wales, UK.

Kays, W. M., and London, A. L., 1998, Compact heathangersThird ed,
Krieger Publishing Companwalabar, Florida, USA.

Keane, A.J., 2006, “Statistical Improvement Crderifor use in
Multiobjective Design Optimization AIAA Journa) Vol.44, No.4, pp. 879-
891.

Keeny, R. L., and Raiffa, H., 1976, Decisions whtultiple Objectives:
Preferences and Value Tradeoffs, New York Wiley.

Knowles, J., 2005, “Multiobjective Optimization oa Budget of 250
Evaluations,” Lecture Notes in Computer Science, Evolutionary tiMul
Criterion Optimization Vol. 3410, pp. 176-190.

Knowles, J., 2006, “ParEGO: A Hybrid Algorithm witBn-line Landscape
Approximation for Expensive Multiobjective Optimizan Problems,1EEE
Transactions on Evolutionary Computatjdrol.10, No.1, pp. 50-66.

Koch P. N., Wujek, B. A., Golovidov, O., and Simpsol. W., 2002,
“Facilitating Probabilistic Multidisciplinary Desig Optimization Using
Kriging Approximation Models,” Proceedings of the 9th AIAA/ISSMO
Symposium on Multidisciplinary Analysis and Optetian, Atlanta,

Georgia.

190



76.

77.

78.

79.

80.

81.

82.

83.

Koehler, J. R. and Owen, A. B., 1996, “Computer é&xpents,”"Handbook
of StatisticsElsevier SciengeNew York, pp. 261-308.

Kulkarni, T., Bullard, C., and Cho, K., 2004, “Headdesign tradeoffs in
micro- channel evaporatorsApplied Thermal Engineering/ol.24, pp. 759-
776.

Kuppan, K., 2000, Heat Exchanger Design Handbdtdcel Dekker New

York, NY.

Kurpati, A., Azarm, S., Wu, J., 2002, “Constrainardlling Improvements
for Multi-Objective Genetic Algorithms, Structural and Multidisciplinary
Optimization,Vol.23, No.3, pp. 204-213.

Lee, H., Saleh, K., Hwang Y., and Radermacher2812, “Optimization of
Novel Heat Exchanger Design for the ApplicationLofv Temperature Lift
Heat Pump,’Energy JournglVVol.42, pp.204-212.

Lee K. S., Kim W. S., and Si, J. M., 2001, “Optinshlape and arrangement
of staggered pins in the channel of a plate heahanger,” International

Journal of Heat and Mass Transféfol. 44, No. 17, pp. 3223-3231.

Li, M., Li, G., and Azarm, S., 2008, “A Kriging Matodel Assisted Multi-
Objective Genetic Algorithm for Design Optimizatjpn Journal of
Mechanical DesignVol. 130, No.3, pp.031401-1-031401-10.

Li, Z., Davidson, H., and Mantell, C., 2006, “Nunoal simulation of flow
field and heat transfer of streamlined cylindersnoss flow”,ASME Journal

of Heat TransferVol. 128, No. 6, pp. 564-570.

191



84.

85.

86.

87.

88.

89.

90.

Lian Y., and Liou, M., 2004, “Multiobjective Optimation Using Coupled
Response Surface Model and Evolutionary Algorithrbceedings of the
10th AIAA/ISSMO Multidisciplinary Analysis and Opization Conference,
Albany, NY.

Lindley, D. V., 1956, “On a measure of the inforroat provided by an
experiment,” inThe Annals of Mathematical Statisticgol. 27, pp. 986-
1005.

Liu, D., and Garimella S., 2005, Analysis and Ojtmtion of the Thermal
Performance of Microchannel Heat Sink$jternational Journal of
Numerical Methods for Heat and Fluid FlpWol. 15, pp. 7-26.

Loéve, M., 1955, Probability Theoryan NostrandNew York.

Lophaven, S. N., Nielsen, H. B., and Sgndergaar®@0D2, “Aspects of the
Matlab Toolbox DACE,” IMM-TR2002-13 Technical University of
Denmark, DK.

Luo, L. and Tondeur, D., 2005, “Optimal distrilortiof viscous dissipation
in a multi-scale branched fluid distributotfriternational Journal of Thermal
ScienceVol.44, pp. 1131-1141.

Markine, V.L. and Toropov, V. V., 2002, “Use Of Higand Low Fidelity
Models in Approximations for Design Optimizationgth AIAA/ISSMO
Symposium on Multidisciplinary Analysis and Optatian Atlanta, Georgia,

September 4-6, pp. 5651-5651.

192



91.

92.

93.

94.

95.

96.

Martin, J. D., and Simpson, T. W., 2005, “Use ofigfag Models to
Approximate Deterministic Computer Model®TAA Journa) Vol. 43, No.

4, pp. 853-863.

MATLAB, 2008, “MATLAB and Simulink for Technical Cmputing,”

Mathworks, Version 2007a.

McKay, M. D., Beckman, R. J., and Conover, W. 979, "A Comparison of
Three Methods for Selecting Values of Input Varabin the Analysis of
Response from a Computer Cod&gchnometricsVol. 21, No. 2, pp. 239-
245.

Myers, R. H., and Montgomery, D. C., 2002, ResporSerface
Methodology: Process and Product Optimization Usiiesigned
ExperimentsJohn Wiley & SondNew York. NY, USA.

Nain P., and Deb, K., 2003, “Computationally Effeet Search and
Optimization Procedure Using Coarse to Fine Apprations,”’Proceedings
of the Congress on Evolutionary Computation (CEO3)0 Canberra,
Australia, pp. 2081-2088.

Nair P. B., and Keane, A. J., 1998, “Combining Appmation Concepts
with Genetic Algorithm-based Structural Optimizatio Procedures,”
Proceedings of the 39th AIAA/ASME/ASCE/AHS/ASC:t8tes, Structural
Dynamics, and Materials Conference and Exhibitd sslAA/ASME/AHS

Adaptive Structures Forunhong Beach, CA.

193



97.

98.

99.

Nakayama, H., Arakawa, M. and Washino, K., 2003ifig Support Vector
Machines in Optimization for Black-box Objectiverfations,” Proceedings
of the International Joint Conference on NeuralWaks 2, pp. 1617-1622.
Nam, D., and Park, C. H., 2000, “Multiobjective Silsted Annealing: A
Comparative Study to Evolutionary Algorithmdyiternational Journal of
Fuzzy System¥ol. 2, No. 2, pp. 87-97.

Obayashi, Sh., Jeong, S., Chiba K., 2005, “Mulfectve Design
Optimization Exploration for Aerodynamic Configumat,” AIAA Journal-

2005-4666.

100.0tto, J. C., Landman, D. and Patera, A. T., 1996Strrogate Approach to

the Experimental Optimization of Multi-element Aiifs,” Proceedings of
the 6th AIAA/NASA/ISSMO Symposium on Multidis@apjinrAnalysis and

Optimization Bellevue Wa, September 4-6, AIAA 96-4138 CP.

101.0yama, A., Obayashi, Sh. and Nakahashi, K., 20B&al-coded adaptive

range genetic algorithm applied to transonic wipgroization,” Journal of

Applied ComputingVol. 1, No. 3, pp.179-187.

102.Papadrakakis, M., Lagaros, N. D., and Tsompanakjs,999, “Optimization

of Large-Scale 3D Trusses Using Evolution Strateg@nd Neural
Networks,” International Journal of Space Structure¥ol.14, Part 3,

pp.211-223.

103.Park K. and Moon, S. , 2005, “Optimal design ofth@achangers using the

progressive quadratic response surface motigBrnational Journal of Heat

and Mass TransfeNol. 48, No.11, pp. 2126-2139.

194



104.Park K., Oh, P. K., and Lim, H. J., 2006, “The lamation of the CFD and
Kriging method to an optimization of heat sinkiternational Journal of
Heat and Mass Transfg¥ol. 49, No. 19-20, pp. 3439-3447.

105.Picheny, V., Ginsbourger, D., Roustant, O., andkdafR., 2010, “Adaptive
Designs Of Experiments For Accurate ApproximatidnAOTarget Region,”
Journal of Mechanical Desigivol. 132, No.7, pp. 071008-1 to 071008-9.

106.Piegl L., and Tiller W., 1997, The NURBS BoolSBN 3-540-61545-8,"
ed.,Springer-Verlag Berlin HidelbergNew York, USA.

107.Pilat, M., Neruda, R., 2011, “Improving Many-Objeet Optimizers with
Aggregate Metamodels,” Hybrid Intelligent Systems (HIS), 11th
International Conferengeop. 555-560.

108.Pilat, M. and Neruda, R., 2012, “Local Metamodels ASM-MOMA,” Bio-
Inspired Computing And Applications, Lecture NatesComputer Science
6840, pp. 79-84.

109.Pineda, L., Fregly, B., Haftka R., Queipo, N., 20Estimating training data
boundaries in surrogate-based modelingtfuctural and Multidisciplinary
Optimization Vol.42, No.6, pp. 811-821.

110.Ponweiser, W., Wagner, T., Biermann, D., and Vincaéd., 2008,
“Multiobjective optimization on a limited budget efaluations using model
assisted S-Metric selectionl’ecture Notes in Computer Science, Parallel
Problem Solving From NatuyeVol. 5199, pp. 784-794.

111.Praveen, C. and Duvigneau, R., 2009, “Low Cost R&ihg Metamodels

and Inexact Pre-Evaluation: Application To Aerodyrna Shape Design,”

195



Computer Methods in Applied Mechanics and Engimge/ol. 198(9-12),
pp. 1087-1096.

112.Ratle, A., 1998, “Accelerating the Convergence wblitionary Algorithms
by Fitness Landscape ApproximationParallel Problem Solving from
Nature—PPSN1498, pp. 87-96.

113.Romero-Méndez, R., Sen, M., Yang, T. and McClain,R00, “Effect of
fin spacing on convection in a plate fin and tubeath exchanger”,
International Journal of Heat and Mass Transf@ol. 43, No. 1, pp. 39-51.

114.Sacks, J., Welch, W. J., Mitchell, T. J., and WyHnP., 1989, “Design and
Analysis of Computer ExperimentsStatistical ScienceVol.4, No.4, pp.
409-435.

115.Sakata, S., Ashida, F., Tanaka, H., 2011, “KrigBaged Convex Subspace
Single Linkage Method with Path-Based Clusteringchieque for
Approximation-Based Global OptimizatioStructural and Multidisciplinary
Optimization Vol.44,No.3, pp. 393-408.

116.Saleh, K., Abdelaziz, O., Aute, V., Radermacher,dRd Azarm, S., 2010a,
“Microchannel Approximation Assisted Design Optiaiion and CFD
Verification”, 13th International Refrigeration and Air-Conditiomy
Conference at PurdyéN, USA, p.2312.

117.Saleh, K., Aute, V., Azarm, S., and Radermacher, R10b, “Online
Approximation Assisted Multiobjective Optimizatiowith Space Filling,
Variance and Pareto Measures]3th AIAA/ISSMO Multidisciplinary

Analysis and Optimization Conference, AIAA-2(AGrt Worth, Texas, USA.

196



118.Saleh, K., Radermacher, R., Aute, V., and Azarm, Z211a, “Online
Approximation Assisted Optimization of a Novel Absoled Heat
Exchanger’loth IEA Heat Pump Conference 2QIlokyo, Japan, Paper No.
00272.

119.Saleh, K., Aute, V., Radermacher, R., and Azarm, 2011b, “Online
Approximation Assisted Optimization and CFD vedtion of Microchannel
Designs,” Thermal &Fluid Analysis Workshop (TFAW®ewport News,
VA, USA, Paper No.TFAWS2011-AT-007.

120.Saleh, K., Abdelaziz, O., Aute, V., Radermacher,dRd Azarm, S., 2012a,
“Approximation Assisted Optimization of Headers fdew Generation of
Air-Cooled Heat Exchangers,” Applied Thermal Engineering2012)

http://dx.doi.org/10.1016/|.applthermaleng.201200G. accepted

121.Saleh, K., Abdelaziz, O., Aute, V., Radermacher,&Rd Azarm, S., 2012b,
“New Generation of Air Cooled Heat Exchanger 1 kWbddle Design
Optimization,” 14" International Refrigeration and Air-Conditioning
Conference at PurdyéN, USA, Paper No. 2178

122 .Saleh, K., Aute, V., Radermacher, R., and Azarm,2812c, “Plate Heat
Exchanger Optimization Using Different Approximatio Assisted
Multiobjective Optimization Techniques4" International Refrigeration
and Air-Conditioning Conference at PurduBl, USA, Paper No. 2188.

123.Saleh, K., Aute, V., Azarm, S., and Radermacher, 12d, “Online

Approximation Assisted Multiobjective Optimizatig®@ AAMO) with Space

197



Filling, Variance and Pareto Measureljanuscript Submitted to Structural
and Multidisciplinary Optimization Journalune 2012.

124 Sasaki, D., Obayashi, Sh. and Nakahashi, K., 200&vier-Stokes
optimization of supersonic wings with four objeetsv using evolutionary
algorithm,” Journal of Aircraft Vol. 39, No. 4, pp. 621-629.

125.Sasena, M., Papalambros, P., and Goovaerts, P2, 28ploration of
Metamodeling Sampling Criteria for Constrained GloDptimization”
Engineering Optimizatiarivol.34, pp. 263-278.

126.Schaffler, S., Schultz, R., Weinzierl, K., 2002 td&hastic Method for the
Solution of unconstrained vector optimization pesbs”, Journal of
Optimization Theory and Applicationgol. 114, No. 1, pp. 209-222.

127.Seber, G., 1984, Multivariate Observatiodehn Wiley & SonsHoboken,
New Jersey.

128.Serafini, P., 1992, “Simulated Annealing for Mulép Objective
Optimization Problems,Proceedings of the 10th International Conference
on Multiple Criteria Decision MakingTaipei, pp. 87-96.

129.Shah, R. K., and London, A. L., 1978, Laminar fleavced convection in
ducts, a supplement to Advances in Heat Trangeademic New York,
USA.

130.Shah, R. K., and SekuliD.P., 1998, Heat Exchangers, in Handbook of Heat
Transfer, 3rd edition, ed. W. M. Rohseow, J.P. hkttt and Y.l. Cho,

McGraw-Hill, New YorkNY, chapter 17.

198



131.Shah, R. K., and Sekuli D.P., 2003, Fundamentals of heat exchanger
designJohn Wiley & SondHoboken, NJ, USA.

132.Shah, R. K., 2006, “Advances in science and tedgybf compact heat
exchangers,Heat Transfer Engineering/ol. 27, No. 5, pp. 3-22.

133.Shan, S. and Wang G., 2005, “An Efficient Paretd &kentification
Approach for Multiobjective Optimization on Blacke® Functions, Journal
of Mechanical Desigrvol. 127, No.5, pp. 866-874.

134.Shewry M. C., and Wynn, H. P., 1987, “Maximum EptroSampling,”
Journal of Applied Statisti¢d/ol. 14, pp. 165-170.

135.Shukla, P. K., Deb, K., and Tiwari, S., 2005, “Caripg Classical
Generating Methods with Evolutionary Multi-Objediv Optimization
Methods”, EMO 2005

136.Simpson T. W., Peplinski, J. D. , Koch, P. N., ahiien, J. K. , 2001,
“Metamodels for computer-based engineering desigsurvey and
recommendations'f.ngineering with Computerd/ol. 17, No. 2, pp. 129-
150.

137.Singh, V., Aute V., and Radermacher R., 2008, “Mtoal Approach for
Modeling Air-to-Refrigerant Fin and Tube Heat Exaobar with Tube to
Tube Heat Transfer,'International Journal of Refrigeratigrivol. 31, No.
8, pp. 1414-1425.

138.Sirovich, L., 1987, “Turbulence and the DynamicsCifherent Structures.
Part 1: Coherent Structures,” Quarterly of ApplMdthematics, Vol. 45, No.

3, pp. 561-571.

199



139.Sobhan, C., and Garimella, S., 2001, A Comparanealysis of Studies on
Heat Transfer and Fluid Flow in Microchanné¥anoscale and Microscale
Thermophysical Engeering, Vol. 5, pp. 293-311.

140.Sobieski, I.P., Manning, V.M. and Kroo, I. M., 199&esponse Surface
Estimation and Refinement in Collaborative Optinia,” Proceedings of
the 6th AIAA/NASA/ISSMO Symposium on Multidis@apyinAnalysis and
Optimization St. Louis, MS, AIAA-98-4753, pp. 359-370.

141.Srinivas, N, and Deb, K., 1994, “Multiobjective @pization Using
Nondominated Sorting in Genetic Algorithm$¥olutionary Computatian
Vol. 2, No. 3, pp. 221-248.

142.Su, R., Gui, L., Fan, Z., 2011, “Multi-Objective pization For Bus Body
With Strength And Rollover Safety Constraints Bas@d Surrogate
Models,” Structural and Multidisciplinary Optimizatiorivol. 44, No.3, pp.
431-441.

143.Sukhatme, S. P., and Devotta, S., 1988, “Classificaof Heat Transfer
Equipment”, in Heat transfer Equipment Desigred. R.K. Shah, E.C.
Subbarao and R.A. Mashelkar, Hemisphere, New Yk,

144.Sunden, B., 2007, “Computational fluid dynamicgaesearch and design of
heat exchangersHeat Transfer Engineering/ol. 28, No. 11, pp. 898-910.

145.Tondeur, D., and Luo, L., 2004, “Design and saalaws of ramified fluid
distributors by the constructal approacikhemical Engineering Science

Vol. 59, pp.1799-1813.

200



146.Tuckerman, D., and Pease, R., 1981, “High Perfoomafieat Sinking for
VLSI,” IEEE Electron Device Lettersol. EDL-2, pp. 126-129.

147 Turner, C.J., Campbell, M.l., and Crawford, R. F0Q03, “Generic
Sequential Sampling for Metamodeling Approximatio’SSME Design
Engineering Technical Conferengce®aper No. DETC2003/CIE-48230,
Chicago, IL, USA.

148 Van Doormaal, J. P., and Raithby, G. D., 1984, ‘@&rmdement of the
SIMPLE method for predicting incompressible fluldws,” Numerical Heat
Transfer Vol. 7, No. 2, pp. 147-163.

149.Viana, F.A.C., Haftka, R.T. and Steffen,V., 200®ultiple Surrogates: How
Cross-Validation Errors Can Help Us to Obtain thesB Predictor,”
Structural and Multidisciplinary Optimizationol. 39, No. 4, pp. 439-457.

150.Voutchkov, I. and Keane, A., 2010, Multi-objectiv@ptimization Using
Surrogates, Computational Intelligence in Optimaat Springer-Verlag,
Berlin Heidelberg, pp. 155-175.

151.Walker, G., 1990, Industrial Heat Exchanger: A BaSiuide, 2 edition,
Hemisphere, New York, NY.

152.Wang, G. and Simpson, T., 2004, “Fuzzy clusteriragda hierarchical
metamodeling for design space reduction and op#taoa”’, Engineering
Optimization Vol.36, No.3, pp. 313-335.

153.Wang, G. G., and Shan, S., 2004, “An Efficient Rar8et Identification

Approach for Multi-Objective Optimization on Bladex Functions’ASME

201



International Design Engineering Technical Conferes Paper No.
DETC2004-57194, Salt Lake City, Utah, USA.

154 Wang, J.F., Periaux, J., and Sefrioui, M, 2002, rafal evolutionary
algorithms for optimization problems in aerospacwyiBeering,”Journal of
Computational and Applied Mathematis4ol.149, pp. 155-1609.

155Wang, G. G., and Shan, S., 2007, “Review of Metagting Techniques in
Support of Engineering Design OptimizationJpournal of Mechanical
Design Vol. 129, No. 4, pp. 369-463.

156.Wang, L., Sunden, B., Manglik, R. M., 2007, PlaeaHExchangers: Design,
Applications and Performance/IT press, BillerciaMA 01821, USA

157.Wen, J., and Li, Y., 2004, “Study of flow distriiton and its improvement
on the header of plate-fin heat exchang€r}jogenicsVol. 44, pp. 823-831.

158 Wen, J., Li, Y., Wang, S., and Zhou, A., 2007, “Eximental investigation
of header configuration improvement in plate-firmhexchanger”Applied
Thermal EngineeringVol. 27, pp.1761-1770.

159.Wilson, B., Cappelleri, D., Frecker, M., and Simps®. W., 2001, “Efficient
Pareto Frontier Exploration Using Surrogate Appmeedions,” Optimization
and EngineeringVol.2, pp. 31-50.

160.Wu, J., and Azarm, S., 2001, “Metrics for Qualityssessment of a
Multiobjective Design Optimization Solution SetJournal of Mechanical
Design Vol.123, pp. 18-25.

161.Wu, M. and Tao, Q. , 2007, “Investigation on lanmmir@nvection heat

transfer in fin-and-tube heat exchanger in align@dangement with

202



longitudinal vortex generator from the viewpointfigfld synergy principle”,
Applied Thermal Engineeriny/ol. 27, pp. 2609-2617.

162.Zhang, Z., and Li, Y., 2003, “CFD simulation onahtonfiguration of plate-
fin heat exchangersGryogenicsVol. 43, pp.673-678.

163.Zitzler, E., and Thiele, L., 1998, “Multiobjective@ptimization using
evolutionary algorithms—A comparative case study,”Parallel Problem
Solving From NaturgV, A. E. Eiben, T. Back, M. Schoenauer, and H.-P.

Schwefel, Eds. Berlin, Germany: Springer-Verlag29g—301.

203



