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Preface

Numerical simulations have been wildly used in engineering design and optimiza-
tion to study or imitate the real physical systems. With the increasing computational
power and the development of simulation software, simulation models can reflect
more details of the real system and the discrepancy between the physical system and
the simulation model is shrinking. However, conducting a high-fidelity simulation is
still time-consuming due to the increasing complexity of the simulation model, for
example, the utilization of more solving equations and finer mesh, etc. If directly
applying these time-consuming simulation models in optimization problems may
also result in unaffordable design cost. Under this background, surrogate models
have gained increasing attention in recent years. They are constructed based on
available input parameter values and the corresponding output performance or
quantity of interests (QOIs) to provide predictions. Especially the multi-fidelity
surrogate models, which integrate the information from the simulation model of
different fidelity, can achieve a high modeling accuracy within the same simulation
cost. Applying surrogate models to engineering design and optimization can sig-
nificantly reduce the required number of simulations and shorten the design cycle.

For this book, our motivation is to provide a systematic introduction for the
designers about how to use surrogate models in engineering design and optimiza-
tion. It mainly consists of two parts: how to construct a surrogate model with the
desired accuracy and how to apply it to different optimization problems. Therefore,
this book will cover some of the most popular methods in design space sampling,
the ensemble of the surrogate model, multi-fidelity surrogate model construction,
surrogate model selection, and validation, surrogate-based robust design opti-
mization, and surrogate model-based evolutionary optimization. Some real-life
engineering design problems, such as three-dimensional aircraft design, are also
provided to illustrate the ability of Surrogate models in support of complex engi-
neering design. Also, lots of illustrative examples are adopted throughout the book
in the hope that the approaches are explained more clearly in this way. We believe
that the methods for the ensemble of the surrogate model and multi-fidelity model
will be particular interest to the readers, as the presented methods demonstrate a
good balance between surrogate modeling accuracy and building cost. This book
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introduces different approaches in a didactic way, and it can be used as a reference
book for undergraduate students, graduate students, or engineers. We assume the
intended readers have some mathematical backgrounds, for example, matrix
operations, basic optimization algorithms and so on.

We thank Prof. Qi Zhou for his laborious work, Prof. Xinyu Shao for his
valuable comments, and the following graduate students: Jiexiang Hu, Leshi Shu,
Tingli Xie, Hua Wei, Xiongfeng Ruan, Ji Cheng, Yutong Peng, Linjun Zhong, and
Yuda Wu. Ping Jiang, the first author, acknowledges financial support from the
National Natural Science Foundation of China (NSFC) under Grant No. 51775203.
Qi Zhou, the second author, is grateful for the financial support from the National
Natural Science Foundation of China (NSFC) under Grant No. 51805179. Xinyu
Shao, the third author, is grateful for the financial support from the National Natural
Science Foundation of China (NSFC) under Grant No. 51721092.
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Chapter 1 )
Introduction Check o

1.1 Reasons for Using Surrogate Models

Simulation models have been widely used to study and analyse complex real-world
systems in the design of many modern products, such as vehicles, civil structures
and medical devices (Zhou et al. 2016a, 2017). Various types of engineering tasks
utilize simulation models, including design space exploration, design optimization,
performance prediction, operational management, sensitivity analysis and uncer-
tainty analysis. There are also various problems, such as model calibration and
model parameter sensitivity analysis, related to enhancing the ability of simulation
models to faithfully reproduce real-world systems (Razavi et al. 2012).
Simulation models can help to predict the performance of systems to facilitate
exploration of the design space and search for an optimal design. These simulation
models, often implemented with computer codes (e.g. computational fluid dynamics
and finite element analysis), can be computationally expensive (Zheng et al. 2013).
While the capacity of computers continues to increase, to capture real-world sys-
tems more accurately, current simulation codes are becoming even much more
complex and unavoidably more expensive (Zheng et al. 2013). It is still impractical
to rely only on high-fidelity simulations to yield the full-scale relationships between
the design variables as the inputs and the system performance as the output
(Christelis and Mantoglou 2016; Zhou et al. 2016b). For example, it can take days
to simulate the collapse behaviour of a complete ship structure using finite element
analysis or, for the mechanical behaviour of polycrystalline alloy specimens for
strength testing using full atomic molecular dynamics simulations, to produce one
single output of performance prediction on a computer cluster. Design optimization
requires such simulations to be iteratively run and performance predictions to be
made for various combinations of input values. Taking Ford Motor Company as an
example, it has been reported that it takes the company approximately 36-160 h to
run one crash simulation for a full passenger car. For a two-variable optimization
problem, under the assumptions that 50 iterations on average are needed for
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optimization and that each iteration requires one crash simulation, the total com-
putation time would be 75 days to 11 months (Crombecq et al. 2011). Therefore,
relying on full-scale high-fidelity simulations to search for optimal designs is
computationally prohibitive.

An effective way to reduce the search time is to utilize surrogate models, also
known as approximation models or surrogate models. Such a model acts as a model
of a model and thus can replace an expensive simulation model by approximating
its input—output responses (Kleijnen 1987; Viana et al. 2014; Tyan et al. 2015).
There are many commonly used surrogate modelling techniques (Van Gelder et al.
2014), such as polynomial response surface (PRS) models (Kleijnen 2008), kriging
models (Kleijnen 2009; Xiao et al. 2012), neural network models (Can and Heavey
2012) and radial basis function (RBF) models (Fang and Horstemeyer 20006).
Details of these types of surrogate models are introduced in Chap. 2.

It is important to note that the quality of the surrogate model has a profound
impact on the computational cost and convergence characteristics of surrogate
model-based design optimization (Zhou et al. 2016b). The accuracy of surrogate
models may vary for different problems. For example, Simpson et al. (2001) found
kriging models to be the most accurate for slightly nonlinear responses in high
dimensions, whereas Fang et al. (2005) found that RBF models show the best
quality for highly nonlinear responses. To avoid a poor-quality surrogate model, the
common practice is to construct multiple surrogate models based on input and
output data from simulations, evaluate the accuracy of these surrogate models, and
then select the single surrogate model with the best quality (Acar and Rais-Rohani
2009). However, this method does not take full advantage of the construction of the
different surrogate models, and evaluating the accuracy of multiple surrogate
models may consume additional resources. An alternative method to overcome
these drawbacks and improve the prediction accuracy of surrogate modelling is to
form an ensemble by combining the individual surrogate models. Such an ensemble
of surrogate models can take advantage of each individual surrogate model,
effectively reducing the error caused by the instability of a single surrogate model.
The most common ensemble of surrogate models is a linear combination of indi-
vidual surrogate models. The key step in constructing an ensemble of surrogate
models is the selection of the weight coefficients. Usually, surrogates with higher
prediction accuracies have larger weight coefficients, while surrogates with poorer
prediction accuracies have smaller weight coefficients. Various methods for
selecting the weight coefficients have been studied. For example, Bishop (1995)
proposed an optimal weighted ensemble of surrogates in which a matrix method is
used to calculate the weight coefficients. Such as weight coefficient selection based
on error minimization (Acar and Rais-Rohani 2009). Zerpa (2005) set the predicted
variance for local error estimation as the weight coefficient for each surrogate
model. Zhou et al. (2011) obtained the optimal average weight by using a recursive
algorithm to minimize the predicted root mean square error (RMSE). Details of
ensemble surrogate models can be found in Chap. 3.

Simulation models with different fidelities have been widely used in the design
of complex systems. Three common ways to obtain a low-fidelity (LF) model are
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[43] (a) to simplify the analysis model (e.g. by using a coarse finite element mesh
instead of a refined mesh), (b) to simplify the modelling concept or domain (e.g. by
using a two-dimensional (2D) model instead of a three-dimensional (3D) model)
and (c) to simplify the mathematical or physical description of the system (e.g. by
using the Euler non-cohesive equations instead of the Navier—Stokes viscous
Newton equations). Generally, sample points from high-fidelity (HF) simulations
and models offer more information about the system but at a higher cost (Shan and
Wang 2010). It is impractical to directly incorporate HF models into design opti-
mization because the evaluation of a large number of design alternatives would
incur a high computational cost. However, optimization based on LF models may
lead to a false optimum. A promising way to achieve a trade-off between high
accuracy and efficiency is to adopting multi-fidelity (MF) surrogate models (Zhou
et al. 2015). The goal of MF surrogate modelling is to combine data obtained from
both LF and HF models, with the LF data indicating the trends and a small number
of HF simulations for calibrating the LF model. The three main approaches for
constructing MF surrogate models are scaling-function-based MF surrogate mod-
elling (Burgee et al. 1996; Sun et al. 2012; Tyan et al. 2015), space mapping
(Bandler et al. 2004; Rayas-Sanchez 2016) and co-kriging (Kennedy and O’Hagan
2000; Xiong et al. 2013).

These surrogate modelling techniques play an important role in supporting
engineering design and optimization (Shu et al. 2017): (1) engineers can gain
insight into a system by employing a cheap-to-run surrogate model, (2) surrogate
models offer a better noise filtering capability than gradient-based methods do,
(3) building a surrogate model makes it easier to detect simulation errors and
identify interesting regions as the entire design space is explored and analysed and
(4) building a surrogate model makes parallel computing and optimization simpler
because it involves running the same simulation for many design alternatives (Chen
et al. 2006). In summary, surrogate modelling is a method that is applied in many
disciplines in place of simulation models or physical experiments. It serves as a
cheap and powerful tool for computational expensive analysis and design and
optimization of complex real-world systems. Much more could be said about sur-
rogate models. There are several other published books on this topic in addition to
those mentioned above, e.g. Wan (2009).

1.2 Symbols and Terminology

In this book, several different kinds of variables are used, e.g. scalars, vectors,
matrices and random variables. These variables have different representations in
different research areas, and there are several custom notations. We will attempt to
list some of the notations that are frequently seen so that the reader can understand
them more easily.
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Usually, non-bold letters are used to represent scalars, and bold letters are used
to represent vectors or matrices.

F(), 3(-) and (-) are often used to denote surrogate models; see Eqs. (3.1) and
(5.1).

Greek letters are often used to denote the parameters of surrogate models; e.g. f3;
and f3;; represent the parameters of a PRS model in Eq. (2.1). Greek letters with hat

symbols (e.g. 62 and B) denote estimates of these parameters; see Eq. (2.36).

x usually denotes a vector of design variables. y is usually used to denote the
response of a design. For multiple vectors of design variables, different subscripts
are used to distinguish them.

Certain lowercase letters (i, j, m and n) are often used to denote numbers, e.g. the
number of design variables or the number of sample points.

The general rules above cannot fully cover the usage of all symbols. We present
a description of the meaning of the symbols in each equation. The reader should
infer from the context the type of variable represented by each symbol and its
meaning.
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Chapter 2 )
Classic Types of Surrogate Models pas

2.1 Polynomial Response Surface Models

The polynomial response surface (PRS) methodology is a statistical technique that
uses regression analysis and analysis of variance to determine the relationship
between design variables and responses. A linear polynomial is used to approxi-
mate the implicit limit state equation. The coefficients of the linear polynomial are
determined through experimental design. The general form of a PRS model relation
is as follows:

m m

f(x):ﬁo+Zﬁixi+225ijxixj+"'+8 (2.1)
p

i=1 j>i

where ¢ is the statistical error; x; is the i-th component of the m-dimensional
predictor; and f, f; and fB; are parameters to be estimated and can be arranged in a
certain order to form a column vector f. The key to solving for the fitted model of a
polynomial is to solve for the column vector . Low-order polynomials are usually
selected for response surface models, and second-order PRS models are widely
used because of their flexibility and ease of use. The number of parameters to be
estimated for such a model is (m + 1)(m +2)/2, and the number of sample points is
usually greater than (m+ 1)(m+2)/2. By substituting the sample point data into
Eq. (2.1), the model can be written in matrix product form as

FO) =X Bre(i=1,2,...,n) (22)

where X' is the row vector formed by the sample point components x; in the order
of the corresponding components in f, and the following formula needs to be
satisfied:
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8 2 Classic Types of Surrogate Models

f) =y (2.3)
where f(x') is the predicted value and y' is the exact value. Thus, we have
X-p=Y (2.4)

X Y

where X = | ! |isamatrixand Y = | @ | is a vector. In accordance with the
X" N

principle of least squares, we can obtain

B=[x"x]"'x"y (2.5)

By substituting Eq. (2.5) into (2.1), we can obtain the required polynomial fitting
model. Its fit function is as follows:

f(x,-) = ﬁg + Z [/i-xi + Z Z B;-xixj (2.6)
i1

=1 j>i

Here, the variables have the same definitions as in Eq. (2.1), and ‘~ represents
an estimated value.

A PRS model has good continuity and conductivity, can effectively suppress the
influence of digital noise and is easy to optimize. Moreover, the magnitudes of the
coefficients of the components in Eq. (2.1) can be used as a basis to judge the
magnitude of the influence of each parameter on the response of the entire system.
However, in the case of highly nonlinear high-dimensional problems, the fitting
prediction effect of a PRS model is not ideal, and overfitting can occur when the
polynomial order is high. These problems are caused by the inability of polyno-
mials to represent highly nonlinear relations. To construct a suitable model using
polynomial methods, some suitable function ;(x) can be considered in place of x;
in Eq. (2.1). The resulting model can be called a generalized PRS model, and the
mathematical form of such a model is

0 =S Bt 27)
=0

where the function ;(x) is determined by the model designer in accordance with
the physical properties of the problem itself.

After a response surface model is constructed, to ensure the adaptability of the
model and determine whether it can truly reflect the statistical relationship between
the optimization target and the design variables, its predictive ability must be
evaluated. Verification must be performed by means of a deterministic factor test.
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The deterministic coefficient is calculated as shown in Eq. (2.8). The value of R? is
between 0 and 1. The closer the value of R? is to 1, the higher the reference value of
the related equation; on the contrary, the closer to O the deterministic coefficient is,
the lower the reference value:

S 2.8
R Ss; (2.8)

where the sum of the squared residuals is

n

SSe =y (%)’ (29)

i=1

and the total sum of the squares is

n

SSr = (%)’ (2.10)

i=1

2.2 Radial Basis Function Models

A radial function is a function in which the Euclidean distance between the point to
be measured and the sample point is used as the independent variable. A model
constructed via linear superposition with radial functions as the basis functions is a
radial basis function model. Radial basis functions are widely used in many fields,
such as discrete data interpolation and image processing.

The basic idea of a radial basis function model is as follows: First, a certain
number of sample points x' = {x{,xb, x4, ..., x }(i=1,2,...,n) in the design
space are selected through experimental design. Then, each of the selected sample
points is taken as the centre, and the corresponding radial function is used as a basis
function, and these radial functions are linearly fitted to obtain the response value of
the point x to be measured. Finally, the Euclidean distance between the sample
point and the point to be measured is used as an independent variable to transform a
complex multidimensional problem into a simple one-dimensional problem.

When an experimental design yields n sample points, the simple expression for
the radial basis function proxy model is

1) =Y bb(F) =B 2.11)
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B o(r)
where p=1| : |, = : , the f3; are the weight coefficients, ¢(r) is a
B.) b(r')
radial function and 7 = ||x — x'|| is the Euclidean distance between the point x to
be measured and the sample point x'.
When Eq. (2.11) is used as a prediction model, it must satisfy the following
interpolation conditions:

f(xj)zyj,(i=1,2,u-,n) (212)

where f(x/) is the predicted value and ) is the exact value. Substituting Eq. (2.12)
into Eq. (2.11) yields the following formula:

O-p=Y (2.13)
¢([x' =x)) o ((lx — x| vl
where ® = : : : and Y = :
¢(|’x” —x o ol — x| »

When the sample points in Eq. (2.8) do not coincide and the matrix @ is
non-singular, there is a unique solution, and the weight coefficients can be obtained
as follows:

p=d'.Y (2.14)

The radial functions that are commonly used in radial basis function proxy
models are shown in Table 2.1.

In this table, r is the Euclidean distance between the point x to be measured and
any sample point, and c is a constant parameter greater than zero, which is also a
shape parameter.

The properties of radial basis function models vary with the radial functions
employed. When Gaussian functions or inverse multi-quadric functions are used as
the basis functions in a radial basis function model, the model will possess char-
acteristics of local estimation due to the influence of the radial function. By contrast,

Table 2.1 Common radial

) ) Related function name o(r)
basis functions - 2
Gauss function o(r) = exp(—c_g), c>0
Multi-quadric (MQ) function d(r) = 1 /r2 +Z,c>0
Inverse multi-quadric function () = o= + T ¢>0
Thin-plate splines function ¢(r) = (&) log(t),c >0

oLl Zyl_i.lbl
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when a multi-quadric function is used as the kernel function, the model will possess
characteristics of global estimation. Radial basis function models are proxy models
with good flexibility, simple structures, relatively few calculations and high effi-
ciency. The most commonly used basis function form is a Gaussian kernel function,
and the output of a Gaussian radial basis function model can be expressed as
follows:

n _ ri 2
f(x)—Zﬁi'eXP< ) ) 2.15)
i=1

The variables in this formula have the same definitions as in Eq. (2.11), i.e.
r' = ||x — x'|| is the Euclidean distance between the point x to be measured and the
sample point x'.

2.3 Support Vector Regression Models

A support vector regression (SVR) model is a support vector machine
(SVM) model applied to a regression problem. SVR models can be divided into
linear SVR models and nonlinear SVR models. Linear SVR models are suitable for
simple linearly separable cases, while nonlinear SVR models are suitable for
high-dimensional, complex and linearly inseparable cases. The construction process
and mechanism of the two types of models are the same; the difference is that in a
nonlinear SVR model, the linear segmentation function in a linear SVR model is
replaced with a kernel function. Therefore, to clarify the modelling mechanism for
SVR models, a linear SVR model will be introduced here to serve as an example.

In the process of constructing a linear SVR model, the goal is to find a linear
function f(x) to separate the data. f(x) can be expressed as follows:

fx)=(w - x)+b (2.16)

Here, (» - x) denotes the inner product of ® and x.

In Fig. 2.1, the red line represents f(x), and the points represent all sample
points in the training set.

There are two basic requirements for building a linear SVR model: (1) Each
input training sample point must deviate from f(x) by no more than ¢ to ensure that
f(x) is well characterized for the training set. (2) The value of @ in the trained f(x)
should be as small as possible to ensure the smoothness of the f(x) function. The
smoother f(x) is, the better the prediction performance. In accordance with these
two basic requirements, the linear SVR model can be constructed as follows:
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Fig. 2.1 Modelling with a A -
linear SVR model
+&
Upper boundary —£
Lower boundary
I T
min 5 4
yvi—{(w-x)—b<e (2.17)
s.t. i=1,2,3,...,n
(w-x)+b—yi<e

where n denotes the total number of sample points in the training set.

Equation (2.17) is a mathematical model obtained by assuming that the devia-
tion between f(x) and each sample point does not exceed e. However, in a real
modelling scenario, there may be intervals in which individual sample points
exceed +¢, and the information contained in these points is valuable for the con-
struction of the model, as shown in Fig. 2.2. To allow some sample points to
exceed the interval of ¢, that is, some out-of-bounds points, it is necessary to
modify the process of model construction accordingly.

For such cases, the slack variables &; and & are introduced, and a penalty factor
C (C > 0) is defined. The penalty factor is a preselected constant set to balance the
smoothness and slack variable size during the construction of the linear SVR
model. With these modifications, the expression for the constructed linear SVR
model is

min %|W|Z+Cg(éi+ff)
yi—{w - x)—b<e+¢ (2.18)
s.t. w - x)+b—y<e+& i=123,...,n
i, & =0
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Fig. 2.2 Linear function A T
modelling with a linear SVR
model (presenting slack +&
variables)
g
Upper boundary £
Lower boundary

 J

Lagrangian multipliers are introduced into Eq. (2.18) to solve the optimization
problem. The Lagrangian equation is

n

1 x .
L=5|w|2+c;(é,-+é,~)—Zai<e+éi—y,~+<w - x)+b)

=1 (2.19)

n

=D w(e+ & Fyi— (w o x)—b) = (B&+BE)
i=1

i=1

In accordance with Lagrangian equation theory, b, w, £; and &; in Eq. (2.19) are
separately biased to obtain the following equations:

n

L= (of —ou) =0 (2.20)
i=1
OuL=w—=>"(of —ou)x; =0 (2.21)
i=1
OeL=C—o;—n;=0 (2.22)
OzL=C—of —n; =0 (2.23)

By substituting Eqgs. (2.20), (2.21), (2.22) and (2.23) into (2.18) along with the
slack variables, the original optimization problem can be transformed into the
corresponding dual problem as follows:
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1 . * *
—§Z (o — o) (O‘j - %)<xi £ X))
max v
—& OC,"}‘OC; + yila; — OC;-«
| 7t el 2ol m) 22
n
> (=) =0
s.t.Q =1
{ o, 00 € [0,C]

The final expression for the linear regression function to be solved is

n

flx)= Z (o — o) (x; - x)+b (2.25)

i=1

The construction mechanism for a nonlinear SVR model is essentially the same
as that for a linear SVR model. During the construction process, the kernel function
k(x;,x;) is introduced, and the linear indivisibility condition is mapped to a
high-dimensional feature space to achieve linear separability in that feature space.
The working principle of the kernel function is illustrated in Fig. 2.3.

By introducing the kernel function k(x,-,xj) into Eq. (2.24), the following
mathematical expression is obtained for a nonlinear SVR model:

Input space High dimensional feature space
A A

Fig. 2.3 Schematic diagram of the working principle of the kernel function
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Table 2.2 Common kernel functions for SVR models

Name Expression

Linear kernel function k(x,x') =xT - x'
Polynomial kernel function k(x,x) = (x - x’)‘i

Gaussian kernel function k(x,x') = exp(— XZ—T’Z")
Sigmoid kernel function k(x,x") = tanh(k(x - x) + 6)
Non-homogeneous polynomial kernel function k(x,x') = ((x -x') _|_c)d

33 (o) (o~ % ke )

—8; (OC;' + OCT) + ;yi(di — OCT) (226)
S x) =0

s.t.{ i=1

a0 € [0, C]

Therefore, the final nonlinear SVR model is expressed as

n

) =" (of — o)k, x) +b (2.27)

i=1

Commonly used kernel functions include the linear kernel function, polynomial
kernel functions, the Gaussian kernel function, the sigmoid kernel function and
non-homogeneous polynomial kernel functions. The specific expressions for these
function types are shown in Table 2.2.

2.4 Gaussian Process Models

A Gaussian process (GP) model is an approximate model constructed using a
constrained regression method. GP models have been increasingly used in the fields
of design optimization and uncertainty quantification for the following reasons
(Sasena et al. 2002; Desautels et al. 2014; Zheng et al. 2016): (D GP models belong
to the interpolation class of approximation models, that is, a GP model passes
through all test sample points, which is necessary for deterministic simulations. @
If there is noise in the output response, a GP model can still be interpolated based
on its own modelling mechanism (the ‘block gold effect’ or error term). Q) Usually,
the function to be fitted is a black-box function, that is, the intrinsic properties of
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this function are unknown; therefore, the fact that GP models offer good adapt-
ability to most function types is advantageous. @ As a probabilistic model, a GP
model is suitable for integrating data from various stages, including a priori
information obtained by the designer. & A GP model can generate prediction errors
at non-test-sample points. This feature is especially important for obtaining the
prediction accuracy of an approximate model based on a finite number of sample
points. In this section, the basic principles of GP models are briefly introduced. For
a more detailed theoretical discussion, see the paper by Rasmussen et al. (Audet
et al. 2000).
In general, a GP model can be expressed as

f(x) ~GP(m(:), k(-,-)) (2.28)
Here, m(x) represents the a priori mean function, which can be expressed as
m(x)=h(x)p (2.29)

where h(x) represents the regression function vector and f is the regression coef-
ficient vector.

The expression k(x,x’) represents the variance function at design point x and
sample point x’; this function can be expressed as

k(x,x') = covlf(x),f(x') } =R (x — ) (2.30)

where X° is the standard deviation for determining the overall magnitude of the

variance, and R (x — xl) is the correlation function for the output response at design
point x and sample point x’. Commonly used forms of correlation functions are
shown in Table 2.3.

In Table 2.3, 0y, . . ., 0, are roughness parameters indicating the rate at which the
correlation between the output responses at design point x and sample point x’
decays to zero with the difference between design point x and sample point x'.

Here, the Gaussian correlation function is selected to relate the output responses
at design point x and sample point x’, namely,

R(x—x’):exp{—i9j<xj—xj’-)2} (2.31)

Then, the variance function of the output responses at design point x and sample
point x’ can be expressed as

k(x,x') = * exp{ - i 0; (xj — x;)z} (2.32)
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where f3, ¢* and 0 are hyper-parameters. These hyper-parameters can be obtained
through maximum likelihood estimation. The maximum likelihood function of the
hyper-parameters can be expressed as follows:

1 1
py|B,a*,0) = WCXF’{—FO’ —HP)'R 'y - Hﬁ)r} (2.33)

Taking the logarithmic form of this maximum likelihood function, we obtain

In 702,0 Z—Eln 2n —Eln a2 —lln R|\/?
(p(y[B, 0", 0)) 5 In(2m) = = In(0”) — > In(|R| ") 23

ez O~ HB)'R 6~ HP)'

To obtain the maximum likelihood estimate of L, the partial derivative of
Eq. (2.34) is obtained, and its value is set to O; thus, the maximum likelihood

estimate B of f§ is obtained as follows:
B=[H'R'H 'H'Ry (2.35)

To obtain the maximum likelihood estimate of &2, the maximum likelihood
estimate 7, of k is substituted into Eq. (2.34), and the partial derivative of
Eq. (2.34) is obtained and set to 0. The maximum likelihood estimate 6> of ¢ is

7 =<~ HB'R (v~ 1) (2.36)

Because of the complexity of the mathematical relationship between the maxi-
mum likelihood function of the hyper-parameters and 0, it is difficult to obtain the
maximum likelihood estimate of 6 by obtaining partial derivatives of the maximum
likelihood function as in the cases of x; and H;. Therefore, an optimization algo-
rithm is instead used to solve for the maximum likelihood estimate @ of 0. By
substituting the maximum likelihood estimates of f# and ¢ into Eq. (2.34), a
mathematical model can be established to solve for the maximum likelihood esti-
mate of 6:

max In(p(y|B, %, 0)) = — %Vln(Zn) - gln(éz) - %In(\RWZ) - %’ (2.37)

Here, sequential quadratic programming (SQP) is used to solve the above
optimization problem.

Given input sample points x, = {x‘lﬂxg, .. ,x‘,’n} and the corresponding output

responses f, = {fl", 5 1701} the purpose of establishing a GP model is to
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estimate the output response f, (x,) at design point xp:{x’l’ XL xf%p } According

to the definition of a GP model, the joint Gaussian distribution of the output
response f,, at the sample point and the output response f,(x,) at the design point

can be expressed as
~ N< > (2.38)

where m(x, = HJf}) represents the mean vector derived from the sample points. The
variance matrix is similar to the variance function K (x,x’) and can be decomposed
into the training set covariance K,, the verification set covariance K, and the
training—validation set covariance K,,. Since the output response f,, at each sample
point is a priori information, the posterior distribution of f,(x,) is still a Gaussian
distribution, which can be obtained through standard Bayesian analysis:

K, KDTP
Kop Kp

m(x,)

m(x,) ’

fo
To(xp)

Ty Co)lfo ~NCEG () 1), 0w {fy (o). ()1 ) (2.39)

In this expression, the mean E(f,(x,)|f,) and the covariance
cov{fy(xy),fp(x;,)|fo} can be calculated as follows:

E(fy(xp)lfo) = h(xp) B+ KopK, ' (f, — HP) (2.40)
COV{ p(xp),ﬁ,(x;,)%} =K, - KOPKO_IKOTp

+ (0" (x) — H'K, 'K (HTK  H) (0 (x) — HTK,'KG)

op op

(2.41)

Notably, Eq. (2.18) is the posterior distribution of f,(x,), and Eq. (2.39) is the
prior distribution of f,(x,). A numerical example is presented below to illustrate
their differences.

y=—sin(x) — /1% 4+ 10 ; 0<x<10 (2.42)

Figure 2.4 depicts the prior and posterior distributions of f,(x,) in the design
space. The prior distribution is a GP in which the mean function is a quadratic
function. When the information at the five sample points is added to the GP, the
posterior distribution of f,(x,) in the design space is obtained. The shaded areas in
the prior and posterior distributions represent the 95% confidence intervals.
Compared with the prior-distribution GP model shown in Fig. 2.4a, the mean and
covariance of the posterior-distribution GP model shown in Fig. 2.4b reflect the
added sample point information.
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Fig. 2.4 GP model example

2.5 Backpropagation Neural Network Models

A backpropagation (BP) neural network is a multi-layer feedforward network. The
gradient descent method is used to train the weight values of such neural networks
via backpropagation to solve complex nonlinear problems in engineering. Such
models are considered as the starting point of neural network research in the context
of modern engineering. BP neural networks are trained through the backward
propagation of errors. Error feedback is used to continuously adjust the weight
values in the network layer by layer in the reverse direction. Currently, the most
widely used neural networks mostly consist of BP networks and their variants. The
structure of such a network is shown in Fig. 2.5. When the output error is within the
set error range, the number of error steps has exceeded the set value, or a selected
maximum number of learning iterations or maximum learning time has been
reached, the learning process is terminated and network training ends.

For the three-layer BP neural network shown in Fig. 2.5, the input vector is
denoted by X = (x1,x,...,%,). The hidden-layer input vector is

Fig. 2.5 Three-layer BP Input layer Hidden layer Output layer
neural network topology

oLl Z'yl_ilsl
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B = (by,b,...b,), the hidden-layer output vector is C=/(ci,ca,...c,), the
output-layer input vector is L = (I;,1,...,), the output-layer output vector is
O = (01,02, ...0,) and the expected final output vector is Y = (¥1,¥2, ..., V).

In a BP neural network, the neurons in each layer are connected to the neurons in
the next layer in a fully connected manner, that is, each neuron of the current layer
is connected to each neuron of the next layer. However, there is no connection
relationship between neurons at the same level. The connections between neurons
are modified by weights. Therefore, the training process for a BP neural network is
actually a process of iteratively updating the connection parameters for the entire
network.

Each neuron in a BP neural network is divided into an input and an output, and
each neuron has an activation function. The input to the neuron needs to be pro-
cessed by the activation function to produce an output. The activation functions of
all neurons in the same layer are generally the same, whereas different activation
functions may be chosen for neurons in different layers. The input layer is generally
used only for signal transfer; thus, a linear function can generally be directly used in
this layer. In a single-layer perceptual network (M-P model), an early type of neural
network, a hidden layer is added to handle nonlinear problems. For the neurons in
this layer, the sigmoid function is generally adopted, as shown in Eq. (2.43):

1

W= e

(2.43)

The sigmoid function provides the neural network with the ability to solve
nonlinear problems. It is characterized by a limited output range of (0, 1). It can be
used to predict the probability of a certain sample belonging to a certain category
when used to solve a classification problem. In addition, this function is differen-
tiable everywhere in the domain on which it is defined, and its derivative is

rin e _ 1 _ 1 — ST — S(x
S0 = T T e Gy Sl oswl e

In the case of regression prediction problems, a linear function is generally used
as the activation function for the neurons in the output layer. In the case of clas-
sification problems, the sigmoid function is generally used in the output layer, in the
same way as for the neurons in the hidden layer, and the output value of each
neuron is taken as the probability of the corresponding category to serve as a
reference for the probability decision. Here, the sigmoid function is used as the
excitation function f(x) for both the hidden layer and the output layer.

The steps of training a BP neural network are as follows:

Step 1: Neural network initialization. The connection weights and thresholds of
the input layer, the hidden layer and the output layer are randomly assigned values
in the range of (—1, 1).
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Step 2: The #-th input sample data X’ = (x{,x},...,x] ) and the corresponding
expected output sample data ¥' = (¥,Y},...,Y,) are extracted using a random
method and fed to the neural network.

Step 3: The input b; and output ¢; of each neuron in the hidden layer and the
input /; and output o; of the output layer are calculated using the connection
weights and thresholds of each layer:

bj:Zwﬁxi—Hj, j: 1,2,...,[) (245)
i=1
Cj Zf(b]), ] = 1, 2, Ry 2 (246)
p
I :Zwkjcj—ek, k=1,2,...n (2.47)
J=1
Ok :f(lk), k= l,2,...,n (248)

Here, wj; is the weight of a connection from the input layer to the hidden layer,
that is, the weight of the connection from the i-th neuron of the first layer to the j-th
neuron of the second layer. wy; is the weight of a connection from the hidden layer
to the output layer, that is, the weight of the connection from the j-th neuron of the
second layer to the k-th neuron of the third layer. x; represents the input to the i-th
node of the input layer, o, represents the input to the k-th node of the input layer, 0;
represents the threshold for the j-th node of the hidden layer, and 0, represents the
threshold for the k-th node of the hidden layer.

Step 4: Using the expected and actual outputs of the network, the training error
E' for the ¢-th sample is calculated using the established empirical formula:

1 n
E' = EZ (% —0})? (2.49)
k=1

Step 5: The error E' of each neuron obtained from the output layer and the
output of each neuron in the hidden layer are used to correct the connection weights
and thresholds between the hidden and output layers.

The following formula is used to continuously improve the weights of the output
layer:

OE'

= 2.50
n g (2.50)

Awkj = —

where # is called the learning efficiency of the neural network.
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OE 3>, % _02)2 zzk % Ok) Ooy Ol

8wkj n 8wk,~ (90k 8lk Bwkj (2.51)
— Ok —o)f ()

where f/(l;) is the partial derivative of the excitation function with respect to the
input /; to the output layer.

Thus, the iterative formula for adjusting the weights of the connections from the
hidden layer to the output layer is

ij(t + 1) = ij(t) + Awkj = ij(t) + 11()’;c —0;() /(lk)Cj (2.52)

The following expression is used to continuously improve the output-layer
thresholds:

OF'
Ok n 90, (2.53)
1 n P2 1 n
aEt_zkgl(yk Ok) 2](;1( ) aOk 8lk 254
80k o 80k o 8ok 8lk 80k ( ’ )

= =k =0f (k) - (=1) = (Ve =0l )f 7 (I)

Thus, the iterative formula for adjusting the thresholds between the hidden layer
and the output layer is

Ok(t + 1) = Ox(t) + Al = Ok(r) — n(V =03 )f1(lk) (2.55)

Step 6: The connection weights and thresholds between the input and hidden
layers are corrected based on the error of each node of the hidden layer and the
input to each neuron of the input layer.

Similarly, the iterative formula for adjusting the weights of the connections from
the input layer to the hidden layer is

OE IS, 0 -0l 4SS, (% —o) O by

= = 2.56
BWji awj,- 8cj ab] 6wﬁ ( )
S o —ol)?
where & 6c =S5 %—Z‘g—g = — (Y —0}) - f1(l) - wis g—;; = f1(b;), and a—b’__ = x;.

(2.57)
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Therefore, the iterative formula for adjusting the weights between the input and
hidden layers is

Wj,'(l"‘ 1) = Wji(l) + AWji = Wj[(t) + 7’]()};C —OZ)fl(lk)Wk}f/(bj)xi (258)

The expression for the constant improvement of the hidden-layer thresholds is

OF _ 33701 0 —0l)* _ 530, (% —0k)’ dc; by
% 9 e b0,

(2.59)

Thus,

OE' _ 3, 0% —op)’
== O S W) we f) (1) (.60

Therefore, the iterative formula for adjusting the thresholds between the input
layer and the hidden layer is

0j(t+ 1) = 0;(2) + AO; = 0;(1) — n(V =0 )f (b )wif" (by) (2.61)

Step 7: Another sample is randomly selected from among the remaining training
samples to further train the network, and the training process returns to Step 3 until
training with N training samples has been completed. The global error E is cal-
culated as follows:

E=_>"F (2.62)

For the training of the neural network, a maximum number of iterations, a
maximum error threshold and a maximum training time are set. When any of these
conditions is met, the training ends, and by comparing the training time, the number
of training iterations, and the training error, it is judged whether the trained neural
network meets the established requirements.

The following figure shows the specific calculation flowchart for a BP neural
network.

2.6 Performance Comparison of Different Surrogate
Models

In this section, the performance of PRS model, RBF model, SVR model, GP model
and BP neural network model is illustrated through eight numerical examples.
Some factors that may influence the evaluation results are taken into consideration,
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such as the dimensions of the problem, number of samples and noise level. Some
general conclusions can be obtained from the comparison results, which can be
instructions of the selection of surrogate models for problems with different
characteristics.

Eight numerical examples, with dimensions from 2 to 16, are used to test these
surrogate models. The formulas of these eight problems can be depicted as follows:

Function 1 (F1): SC function

f(x) =4x% - 2.1x‘1‘+x?/3 + x1%2 —4x§ +4x‘21

2.63
xe[-2,2) (2.63)
Function 2 (F2): RB function
f(x) =100(x; — 22)* 4 (x; — 1)
) (2.64)
x €[-2,2]
Function 3 (F3): LF3 function
2
f(x) = sin®(nw;) + Z(a)i — 1)*[1 4 10sin®(nw; +1)]
i=1
+ (3 — 1)2[1 + sin(2ne3)] (2.65)

i — 1
CO,'ZI—I—XZ

i=1,2,3,x € [-10,10]

Function 4 (F4): AF4 function

f(x) =—20exp (—0.21 /%éx?) —exp (%g cos(27tx,-)> +20+ exp(1)

xe[-22"
(2.66)

Function 5 (F5): HN6 function
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flx) =- 1194

2.58 + Zal exp( ZA’J P; )] ,X1,..6 €(0,1)

=(1.0,1.2,3.0,3.2)7

100 3 17 350 17 8

005 10 17 01 8 14

3 35 17 10 17 8 (2.67)
17 8 005 10 0.1 14

1312 1696 5569 124 8283 5886

2329 4135 8307 3736 1004 9991

2348 1451 3522 2883 3047 6650

4047 8828 8732 5743 1091 381

P=10"*

xelo,1)°
Function 6 (F6): GN8 function
1 n n X
flx)=—=) - cos<—’.>+1
(x) 4000 =" g Vi (2.68)
€ [-600, 600]
Function 7 (F7): TR10 function
n
fx) =) i
> 269

x € [-100, 100]"

Function 8 (F8): F16 function
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n

flx) = Zzn:aij(x?+xi+1)(xf+xj+1), ij=12,...

i=1 j=1

s

100 1 00110000000 I
01 1000100100000 0
001000101 1000T100
0001001 000T100O0T1 0
00001100010T1000°1
00000101 0000O0O0TO
0000001 00O0T1O0T100 0 (2.70)
0000000101 000O0T1 0

““loooo0o000010010001
0000000O0O0OT10O0O0T1O0 0
0000000O0O0OOTLO0OT100 0
00000D00O0O0OOOTLIOT1O00
0000O0DO0O0O0O0OOOO0T1T100
0000000O0O0OO0O0O0T1O0 0
00000D00O0O0OOO0O0O0O0T1 0
LOO0OO0OO0OO0DO0O0DO0O0O0O0O0O0O0 I

xe[-1,1'"°

Among them, Functions 1-4 are regarded as low-dimensional problems, while
Functions 5-8 are regarded as high-dimensional problems (Fig. 2.6).

2.6.1 Influence of Sample Size

The influence of sample size on the performance of different surrogate models is
investigated first. Two commonly used metrics, i.e. max absolute error (MAE) and
root mean square error (RMSE), are calculated to measure the accuracy of surrogate
models (Shu et al. 2017). The MAE evaluates the local accuracy of the surrogate
models while the RMSE evaluates the global accuracy. The lower the value of
RMSE and MAE, the more accurate the surrogate model. The two error metrics are
calculated as

RMSE = \/%Z 5x) — v (2.71)
1
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Fig. 2.6 Construction process of the BP neural network

MAE = max[3(x;) — y(x;)| (2.72)

The error metrics of low-dimensional problems obtained by different surrogate
models are plotted in Fig. 2.7a—h. The number of sample points is varied from 3 to
11 times of the number of design variables. In addition to the PRS model, it is
obvious that with the increasing number of sample points, the prediction error of
surrogate models decreases. After the surrogate models achieve a high accuracy,
continue adding more sample point will contribute little to the prediction accuracy.
The performance of the PRS model is the most unstable. For Function 1 and
Function 2, it gives the best accuracy. However, for Function 3 and Function 4, it
has the worst prediction performance. The performance of kriging model and RBF
model is very stable and better than that of BPNN model and SVR model. In
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summary, the kriging model and the RBF model are more suitable than other three
surrogate models for low-dimensional problems.

The error metrics of high-dimensional problems obtained by different surrogate
models are plotted in Fig. 2.8a—h. It can be seen in Fig. 2.8 that the prediction
performance of PRS model is worse than the other surrogate models. In addition to
the last function, kriging models are the most accurate. For Function 8, the pre-
diction performance of the kriging model is slightly worse than the RBF model but
better than other surrogate models. For Function 5-7, the prediction error of the
RBF model is not satisfactory. In summary, kriging model is the best choice for
high-dimensional problems.

2.6.2 Influence of Noise Level

The sampling noise may be included in the responses in engineering applications,
which may affect the accuracy of the surrogate model. To test the predictive per-
formance of different surrogate modelling approaches in the presence of noise,
artificial noises are added to the response values of the output parameter according
to the following formula (Zhao and Xue 2010; Zhou et al. 2016):

Y = f(x) +18 (2.73)

where [ = 0-20% is a scaling parameter and J is a random number sampled from
the standard Gaussian distribution N ~ (0, 1). Five levels of artificial noises, 0%,
5%, 10%, 15% and 20%, are added to the response values of the corresponding
sample points using Eq. (2.73). The number of sample points is 10 times of the
number of design variables. The accuracy results under different levels of noises are
plotted in Figs. 2.9 and 2.10.

Overall, as the noise level increases, the prediction error will increase. In terms
of the prediction performance of different surrogate models, PRS model can obtain
accurate surrogate model for Function 1 and Function 2, while it shows the worst
performance for other functions. For most cases, the prediction error of BPNN
model is larger than those of kriging model, RBF model and SVR model. The SVR
model does not show particularly good performance for all functions, and it is the
most inaccurate for Function 1 and Function 2. The RBF model performs very well
only for Function 8. The kriging model is the most accurate surrogate model for
almost all test functions; it is only second to the RBF model for Function 8.
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Chapter 3 M)
Ensembles of Surrogate Models pas

An ensemble of surrogate models (EM) is a surrogate model composed of a series
of surrogate models combined through a weighted sum. An EM can take advantage
of each individual surrogate model to effectively increase the robustness of the
prediction. The mathematical expression for an EM can be given as follows:

Jelx) = Zwi(x)?i(x) (3.1)

where x is the vector of design variables, y,.(-) is the response predicted by the EM,
N is the number of individual surrogate models, w;(x) is the weight for the i-th
surrogate model at point x and y;(-) is the response predicted by the i-th surrogate.
The sum of the weights in the EM must be equal to one, that is,

Zwi(x) =1 (3.2)

The key step in constructing an EM is to calculate the weight for each surrogate
model. Generally, surrogate models with higher prediction accuracies tend to have
larger weight coefficients.

The existing EMs can be divided into two categories according to the method
used to calculate the weights: weighted average surrogate models and pointwise
weighted EMs. The main principle used to calculate the weight coefficients in a
weighted average surrogate model is to assign a weight to each component sur-
rogate model in accordance with its global performance. Since global error metrics
estimate the errors of each surrogate model over the whole design space, the weight
factor for a particular model will be the same at all points. Instead of utilizing global
error metrics, the weights for the individual surrogate models in a pointwise
weighted EM are calculated using local error metrics, which means that the weight
for each individual surrogate model will vary throughout the design space.
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Compared with the average weighting method, the pointwise weighting strategy
can better capture the local features of the objective function by allowing flexible
adjustments of the local weight coefficients in the design space.

Some typical methods of creating an EM are introduced in this chapter.

3.1 Weighted Average Surrogate Models

3.1.1 Weight Factor Selection Based on the Generalized
Mean Square Cross-Validation Error (GMSE)

Cross-validation errors are widely used in weight selection for EMs. The sample
points are divided into a training set and a test set; intermediate surrogate models
are constructed using the training set, and their accuracies are evaluated using the
test set. By combining the errors at different sample points, an overall error estimate
for each surrogate model is obtained. Two commonly used cross-validation-based
error metrics are the generalized mean square cross-validation error (GMSE) and
the predicted residual error sum of squares (PRESS). The formulas of the GMSE
and PRESS are written as

1 & .
GMSE = NZ (i — yi)2 (3.3)
i=1
N
PRESS = (yi — 1)’ (3.4)
i=1

where y; is the true response at x;, N is the number of samples and y; is the
prediction value by the i-th surrogate model, which is constructed based on all
N — 1 samples other than sample x'.

Commonly used ensemble methods based on the GMSE are discussed in the
following subsections.

3.1.1.1 Inverse Proportional Averaging Method

Under the assumption that the estimated errors of different individual surrogate
models are unbiased and uncorrelated, a direct way to obtain the optimal weight for
each surrogate model is to calculate the ratio of its GMSE to that of the population
of all individual models in an inversely proportional manner, as follows:
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GMSE;!

S P ryr— (3:5)
> GMSE;!

Wi

where w; is the weight of the i-th individual surrogate model in the combined
approximation model, GMSE; is the prediction accuracy test index for the i-th
surrogate model and M is the number of surrogate models.

3.1.1.2 Heuristic Computation of the Weight Coefficients

Goel et al. (2007) noted two issues related to weight selection: (1) The calculated
weights should reflect the designer’s confidence about the surrogate models.
(2) The optimal weights should attempt to avoid adverse modelling effects, which
means that the constructed model will have low generalizability. To address these
two issues, Goel et al. (2007) proposed a new approach for creating an EM as an
alternative to the proportional averaging method. This weighting scheme can be
described as follows:

o
" Zjﬂil wj

wi = (E,'-‘rOCE)B (3:6)
I '
E:M;Ei

a<l,p<0

where E; is the error of the i-th individual surrogate model, E is the average error of
all surrogate models, M is the number of surrogate models forming the EM and o
and f are two constant coefficients that control the importance of the average error
and the error of the individual surrogate models, respectively. A small « value and a
large negative f value place greater importance on the error of the individual
surrogate models, while a large o value and a small negative f§ value indicate high
confidence in the average solution. The results of Goel et al. suggest that the EM
has the best stability when o = 0.05 and f = —1.

The weighting scheme in Eq. (3.6) is often used together with the GMSE
defined in Eq. (3.3), which provides an error measure based on global data and is
usually used in the form /GMSE; instead of Ej; consequently, this method is
sometimes also called the PRESS-based weighting method.
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3.1.1.3 Weight Factor Selection Based on Error Minimization

Acar et al. (2009) regard the computation of the weight coefficients for an EM as an
optimization process. The weight coefficients w; of the individual surrogate models
are chosen as the design variables, and the objective function of the optimization
problem is the minimization of the GMSE value for the EM. The optimization
problem can be mathematically expressed as follows:

find w;(i=1,2,..,M)
min & = Err{5.(w;, 5:(x")), y(*), k=1 € N}

(3.7)
M
s.t wiZO,ZW,-zl

i=1

where M is the number of surrogate models, N is the number of samples, ¢, is the
global error of the EM, and Err{-} is the error metric that is utilized to measure the
overall accuracy of the EM. y(x*) is the true response for sample x* and
$e(wi, 9i(x*)) is the response predicted by the i-th individual surrogate model,
which is constructed based on all samples except x*.

If the GMSE is selected as the error metric, the global error ¢, can be determined
as follows:

N

e = GMSEY = >[5 n1500)) — (e} ()
k=1

where N is the number of validation points, x} is the i-th input variable and v is the
number of points in the validation test set. Similarly, if the root mean square error
(RMSE) is selected as the error metric, the weights are evaluated by minimizing the
error at a set of verification points. In this case, the definition of ¢, is as follows:

¢ — RMSE" — % S ) — Felw, ) (3.9)
k=1

When the RMSE is used, the accuracy of the constructed EM is highly influ-
enced by the value of N, and the optimal value of N depends on the characteristics
of the problem.

The calculation process for Eq. (3.7) is generally independent of the selected
global error metric. For example, other global error metrics can be used, such as the
correlation coefficient between the predicted and actual responses, the multiple
determination coefficient (R?), its adjusted value (nglj)’ the mean absolute error or
the maximum absolute error. However, it is important to note that the accuracy of
the resulting EM depends on the error metric used.
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3.1.2 Optimal Weighted Ensemble of Surrogates (OWS)

Bishop (1995) used the covariance matrix of the residuals as the basis for a
weighting scheme and proposed a weight coefficient calculation method called the
optimal weighted ensemble of surrogates (OWS) method to combine different
neural networks. In the OWS method, the EM is constructed by minimizing the
mean square error (MSE) value over the design space, which can be expressed as

min : MSEWAS

1 2

:V/eWAS(x)dx (310)
Vv

=w/Cw

Here, ewas(x) = y(x) — ywas(x) is the error between the true response and the

response predicted by the OWS model, w = [wy,w», .., WM]T is the weight matrix
for the M individual surrogate models, C is a matrix of the correlations between the
prediction residuals of different surrogate models and the elements of the matrix C
can be approximated as follows:

é/ei(x)ej(x)dx (3.11)

C,’j:

where ¢;(-) and ¢;(-) are the prediction errors associated with the i-th and j-th
surrogate models, respectively.

In the actual model construction process, it is difficult to calculate the correlation
matrix C by integrating within the domain of interest; thus, the cross-validation
error vector € can be used to approximate the correlation matrix as follows:

Cj = € € (3.12)

where N is the number of training samples and i and j represent different surrogate
models.

The optimization problem in Eq. (3.10) can be converted into the following
form:

Min MSEwss = w! Cw

3.13
st 1Tw =1 ( )

By solving the above-constrained optimization problem using the Lagrangian
multiplier method, the weight vector can be calculated as follows:



40 3 Ensembles of Surrogate Models

-1
o1 (3.14)
1'C™'1
Matrix-based methods can reduce the computational cost of the optimization
process. However, the weight coefficients obtained by Eq. (3.14) may be negative
or greater than one because the approximation of the correlation matrix based on the
cross-validation error magnifies the actual error value. Even by adding the con-
straint 0 <w; <1 to Eq. (3.13), the poor error approximation performance of the
correlation matrix still cannot be completely overcome. The most fundamental
reason is that an accurate approximation of the matrix C is unrealistic in practice
due to the limited design cost. In the approximate correlation matrix C, the elements
on the main diagonal are generally more accurate than the non-diagonal elements.
Therefore, Viana et al. (2009) proposed the use of only the diagonal elements on the
matrix to calculate the weight coefficients, thereby effectively ensuring that the
weight coefficient values fall in the range of [0, 1]:
-1
W= TC“’“ (3.15)
1'c;! 1

diag

3.1.3 Optimal Average Weight Method Based on Recursive
Arithmetic Averaging

Since many intermediate surrogate models need to be built during the calculation of
the cross-validation error, the computational cost is relatively high. When a crite-
rion based on the smallest prediction error (RMSE or MSE) is applied, additional
validation points are needed, but each surrogate model needs to be constructed only
once; therefore, this approach is relatively efficient in terms of time. Zhou et al.
(2011) proposed a recursive algorithm for minimizing the predicted RMSE to
obtain the optimal weights. The basic framework of this method is as follows:

Input: Initial weight factors.

Step 1: Fit the training sample points {(x;,y;)},j = 1,2,...,T, with N alterna-
tive models (where T is the number of training sample points).

Step 2: Calculate the predicted MSE of each candidate model at the test points,

T
ei ZSur,j Sury)?i=1,2,..N (3.16)

where Sur; and S/u71, are the true value and value predicted by the i-th candidate
model, respectively, at the j-th test point.

Step 3: Find the worst individual surrogate model (the single surrogate model
with the largest prediction error, denoted by Sury,,.,, whose corresponding
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prediction MSE is denoted by MSEw,s.-) and the best individual surrogate model
(the single surrogate model with the smallest prediction error, denoted by Surp,s,
whose corresponding prediction MSE is denoted by MSEp,ssu)-

While: (MSEWorstSur - MSEBestSur > tOl)

Step 4: Perform arithmetic averaging on the N candidate models to obtain the
constructed EM, denoted by Sur,,,.

Step 5: Replace the surrogate model with the largest MSE with the EM Sur,,,
obtained in Step 4. Thus, N new surrogate models are obtained, N — 1 of which are
unchanged. Recalculate and update the weights of the initial N individual surrogate
models.

Step 6: Similar to Step 3, find the worst and best models among the newly
obtained N models. If the termination condition is met, return to Step 4; otherwise,
exit the loop.

End while

Output: Optimal weights.

The entire iterative process is repeated until the predicted MSE does not sig-
nificantly improve, within a predetermined tolerance threshold fol (such as
tol = 0.01).

Consider an EM consisting of N individual surrogate models Sur;, Sur,. . .Sury,
each of which has a weight of w;, where the weights satisfy S  w; = 1. Let the
predicted response and prediction error of the i-th surrogate model Sur; for the j-th
data point be S/u\rl] and ej;, respectively, for j = 1,2,...,T (where T is the number
of training points). Then, the predicted response and corresponding error of the EM
for the j-th data point are Sur,.(j) = vazl wi% and e (j) = vazl wieij,
respectively. Let W = [wy,ws.. .wN]T be the weight vector, let E; =

lein,en, .. .eiT}T be the prediction error vector for the i-th model Sur; and let e =
[E1,E,, ..., Ey] be the prediction error matrix; then, the sum of the squared pre-
diction errors of the simple average surrogate model Sur,,., denoted by J, can be
expressed as

J=W'EW (3.17)
Eyn Epn -+ E

where E = eTe = E,Zl E.22 . Eav and Ejj = E]E; = i €.

. : : : t=1

Enyi Eya -+ Eny

Obviously, Ej; is the sum of the squared prediction errors of the i-th individual
surrogate model Sur;.

Compared with other methods of model combination, this method has the fol-
lowing characteristics:

(1) It can guarantee that the weights are within the interval [0, 1] and avoid the case
in which the weights are greater than 1 or less than 0, as often occurs in the
OWS method.
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(2) Itis relatively simple and efficient when there are a large number of individual
models available, since the increasing number of individual models leads to
more variables in the optimization problem of solving the weights, which may
slow the optimization process.

3.2 Pointwise Weighted Ensembles of Surrogate Models
(EMs)

3.2.1 Weight Coefficient Selection Based on Prediction
Variance

Zerpa et al. (2005) used the prediction variance for local error estimation and set the
weight of each individual surrogate model to be inversely proportional to the
pointwise prediction variance, which can be mathematically expressed as follows:

A
i) = o (3.18)
21 T

where V;(x) is the prediction variance of the i-th surrogate model at point x and M
is the number of surrogate models. Since the prediction variance is a function of x,
the weight of each surrogate model is also expressed as a function of x. The
prediction variance Vj(x) of the j-th surrogate model is calculated as follows:

W@):—i—Ejbwﬂ—w&ﬂf (3.19)

k=1

where x!,x2,...,x" are the N samples that are closest to the prediction point x.

3.2.2 Adaptive Hybrid Function (AHF)-Based Pointwise
Weighting Method

Zhang et al. (2012) proposed an adaptive hybrid approximation model constructed
based on an adaptive hybrid function (AHF). The AHF is used to formulate trust
regions based on the density of available sample points and adaptively combine the
features of different surrogate models. The weight of each contributing surrogate
model is represented as a function of the input domain based on the local precision
of that surrogate model. This approach takes advantage of each individual surrogate
model to capture global and local trends in complex functional relationships. Zhang
et al. (2013) also_combined three types of surrogate models, namely, radial basis
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function (RBF), extended RBF (E-RBF) and Kriging models, with the AHF
approach and investigated the influence of the sample size and the dimensionality of
the design problem on the proposed method.

The construction of an EM via the AHF approach generally follows four steps:

. Build the component surrogate models for the EM.
. Determine the crowding-distance-based trust region, which is the boundary of
the predicted output value as a function of the input vector, over the input space.
3. Characterize the local accuracy of the estimated function values (using a kernel
function).
4. Form the EM based on the estimated weights.

N —

Consider a set of training points D, which can be expressed as

1 1 1 1

LI RN

X X X,

D = . .
”17 Tp p n,
_xl x2 oo xnd y P

where x; is the j-th component of the input vector for the i-th training point, y' is the
corresponding output, n, is the dimensionality of the input variables and n,, is the
number of training data points. The AHF-based model construction process pro-
posed in Zhang et al. (2012) is described in detail below.

Step 1: Construction of the individual surrogate models

Different kinds of component surrogate models (such as kriging, RBF and E-RBF
models) can be built based on the training set D.

Step 2: Determination of the crowding-distance-based trust region
Step 2.1: Determination of the basic model

The basic model is constructed using a smooth function with a given set of points D
to address the global accuracy of the overall surrogate model. In the cited reference,
the basic model was constructed using the quadratic response surface method
(QRSM), and the coefficients for the QRSM model were determined using the least
squares method. Of course, the basic model can also be flexibly generated using
other regression methods. The mathematical formula for the QRSM model can be
expressed as

ng—1 ny

fqrsm =ap+ Z b; iXi + Z CiiXi + 2 Z Z CijXiX; (320)

=1 j>i

where x; are the input parameters and the variables ag, b; and c;; are the unknown
coefficients determined via the least squares method.



44 3 Ensembles of Surrogate Models

Step 2.2: Generation of the trust region boundaries

In this step, a trust region is constructed based on the density of the sample points;
more specifically, this region is called the crowding-distance-based trust region
(CD-TR). A set of points is generated from the basic model, and the crowding
distance is evaluated for each point. The trust region boundaries can be adaptively
calculated based on the obtained crowding distances at the training points and the
predictions of the basic model. The basic model can be relaxed along either output
axis to obtain the trust region boundaries for the surrogate model.

The crowding distance is utilized to estimate the density of the training points
around any point in the basic model. A larger value of the crowding distance
indicates a lower sample density (i.e. there are fewer training points around that
point), and the accuracy of the surrogate model is expected to lie within the
boundary. Therefore, a relatively broad boundary is needed at a low-density point.
Based on the crowding distance values obtained at different points in the basic
model, the adaptive boundaries of the CD-TR are constructed. The crowding dis-
tance at the i-th point (CD') in the basic model is calculated as follows:

ny

cp' =" |l - ¥ (3.21)
J=1

where n,, is the number of training points. A parameter p' is used to reflect the local
density at the i-th training point; this parameter is expressed as follows:

]
— 3.22
r=cp (3.22)

The parameters p’ can be normalized to o:

i

o max(p) = p

= max(p) — min(p) (323)

The adaptive distance d; between the i-th point in the basic model and the
corresponding point on the boundary can be written as

d = (1+2) x max foarsm () — 37 (3.24)

where D is the training data set. In Eq. (3.25), j denotes a training point and i
denotes a set of uniformly distributed points selected from the basic model.
Therefore, the formula for the adaptive distance can be divided into two parts as
given below:

(D rjrg)x Lﬁ/"sm (xj ) — v/ ’ is a constant, which is used to ensure that all training points

are located within the boundaries.
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(2) o; % m%xmmm(xj) — /| is the adaptive distance, whose value changes with
je
different distance coefficients «;.

The crowding distance is evaluated for each selected point based on a previously
formulated o. The range of the boundary region is normalized with respect to the
maximum deviation of the training data from the basic model. Here, fqmm (xj ) is the
output value predicted by the QRSM at the j-th training point and [fq,sm (x/) —y/ | is
the distance between the prediction for the j-th training point and the basic model.
Thus, two sets of points, DY and DE, are obtained to construct the two boundaries,
as follows:

1 1 1 1 1
Xpox o o Xy, y +d
x% x% e xzn V2 +d?
d
DY =
n n, n,
_xlp le Ce an ynﬂ -|—dn11
1 1 1 1 1
xooxyo X, yi-d
2 .. 2 2 _ g2
I x% xZ xnd y d
D =
np " np n, n,
X S Xng o YU —dh

The upper and lower boundaries are estimated via the QRSM using the gener-
ated data points DY and DF, respectively. The boundaries of the trust region can be
constructed using the QRSM and the two data sets DY and D, and the probability
associated with each individual surrogate model can be calculated based on the trust
region boundaries.

Step 3: Estimation of measurement accuracy

To represent the uncertainty of the predicted responses, a metric called the accuracy
measure of surrogate modelling is adopted. A kernel function, which is written as a
function of the output parameters, is used to model the uncertainty of the predicted
function values at a certain point in the input variable domain. The coefficients in
the kernel function can be expressed as functions of the input variables, charac-
terizing the accuracy measure of surrogate modelling over the entire input domain.

The kernel function used to calculate the accuracy measure of surrogate mod-
elling must have the following properties:

(1) The maximum value of the kernel function must be one, which corresponds to
the actual output.

(2) The value of the kernel function must be equal to the small specified tolerance
at the upper and lower boundaries of the trust region.



46 3 Ensembles of Surrogate Models

(3) The function must increase monotonically from any boundary to the actual
output value.
(4) The function must be continuous.

Zhang et al. (2013) suggested the following kernel function for use in calculating
the accuracy metric:

(z—w’
P(z) = aem[ 5.2 ] (3.25)
where the value of the amplitude coefficient a is specified as 1 and u and o represent
the mean value and standard deviation, respectively, of the kernel function. Other
kernel functions with similar properties can also be used for this purpose.

The distances between the two boundaries and the output values f; (x') and f7,(x')
at each training data point x' are normalized. Thus, the maximum value of the
estimated accuracy metric (kernel function) is 1, corresponding to the actual output
value y(x'), and the minimum value is 0.1, corresponding to the boundaries (within
the trust region). With this convention, the true response at a particular training
point does not necessarily lie in the middle of the two boundaries. To ensure that the
kernel function is continuous, it is divided into two parts with the same mean but
different standard deviations. The kernel function can then be represented as
follows:

N — (o 2 , .
aexp{—w} 0 < y(X') < pu(X")

P(¥) = A z (3.26)

The parameters ¢; and g, are controlled with respect to one-tenth of the required
maximum width (Ax;o) and are calculated as follows:

_ Azp()  20u) A p)

o1 (x) = = = 3.27
1) 2v/21n10 2v21n10 V21n10 (3:27)

) A i i () i _ i
Gz(xl) _ Zl()(x) _ 2[fU(x) :u(x )} — 1 :u('x) (328)

2v/2 In10 2v/2 In10 V2 Inl0

where
1

P(u=40.5Az10) = — (3.29)

10
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By using Eq. (3.26), the precision coefficient p(x) can be calculated for the i-th
training point and the coefficient u is expressed in terms of a polynomial response
surface related to the input variable xj’

Step 4: Combination of individual surrogate models

The AHF-based surrogate model is constructed by adaptively calculating the
weights of three component surrogate models (RBF, E-RBF and kriging models).
The AHF model is the weighted sum of the component surrogate models as
follows:

ns

fanr = wal(x) (3.30)

i=1

Here, ns is the number of component surrogate models, ﬁ(x) represents the
prediction response of the i-th surrogate model and the weights w; are calculated in
accordance with the estimated measure of accuracy as follows:

Pi(x)
W,'(X) = s (331)
> et Pi(x)
where P;(x) is the estimated measure of accuracy for the i-th surrogate model at
point x.

3.2.3 Pointwise Weighted EM Using v Nearest Points
Cross-Validation

Lee and Choi (2014) proposed a method for determining the weights at unknown
points by using the cross-validation errors at v known sample points. The EM is
constructed using the weighted sum formula of one of the other methods described
above. The weight coefficients can be calculated as follows:

1

VvCVi®)

i) = VG
Zi:l vC‘},-(x)

(3.32)

where

VCVi(x) = \/%Z [0 5w} (3.33)
k=1

The error defined in Eq. (3.33) is called the v-nearest-point cross-validation error
(vCV). From the formula for vCV, it can be seen that the calculation of vCV
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requires the surrogate model to be reconstructed only v times, while the calculation
of the GMSE requires nexp reconstructions. Thus, the computational cost of vCV is
lower than that of the GMSE, and this efficiency improvement will become more
obvious as nexp increases. In addition, vCV is a local error and is expressed as a
function of x, while the GMSE is an average error and yields a weight for each
component surrogate model that remains the same over the entire design space.

In interpolation methods, such as the Kriging and RBF methods, surrogate
models are constructed by interpolating from the sample points; thus, the predicted
responses are equal to the true responses at the training points. For models con-
structed using regression methods, such as Poisson regression (PR) and support
vector regression (SVR), there are generally some discrepancies between the pre-
dicted and true responses at the training points. If both interpolation and regression
models are used as the component models in Eq. (3.32), the resulting EM will tend
not to yield very accurate predictions due to the influence of the regression model(s).
To more reasonably integrate predictions from interpolation models and regression
models, a modified v-nearest-point cross-validation error (vCV) can be used as given
below:

2
\/ Z (x)} , for interpolation models
A( k) 2 .
Z — (x)} , for regression models

(3.34)

vCV; (x

For interpolation models, a control function o(x) is introduced.
To create an interpolated EM, the control function o(x) must satisfy the fol-
lowing requirements:

lim o(x) =0, Iim a(x)=1, 3.35
d1<x)*>0 ( ) dl(x)ﬂdz(x) ( ) ( )

where d; (x) is the distance between x and the training point that is the closest to x
and d(x) is the distance between x and the second closest training point to x. Lee
and Choi (2014) suggested using the following third-order polynomial as the

control function:
N

The pointwise weights of each component model that are obtained using the
improved v-nearest-point cross-validation error (vCV*) can be calculated as
follows:
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1
vCV:(x)

e (3.37)
2 =1 vCVi.* ®

W,‘(X) =

3.2.4 Optimal Weighted Pointwise Ensemble (OWPE)
Method

To avoid the selection of basis functions for RBF models and generate improved
predictions, Liu et al. (2016) proposed the optimal weighted pointwise ensemble
(OWPE) method for the construction of an EM. Compared with other existing
ensemble methods, the main differences of the OWPE method are as follows:

(1) For the weights at the sample points, the 0—1 weight strategy is utilized, which
can emphasize the local accurate prediction accuracy of stand-alone RBF
model.

(2) For the weights at unobserver points, pointwise weights are calculated by
solving an optimization problem minimizing GMSE, which can adopt the
characteristics of stand-alone RBF models.

The flowchart of the OWPE method is shown in Fig. 3.1, and the details of the
procedures are given below.

Step 1: Construct k different RBF models

Using the same sample set, build & different RBF models with different basis
functions.

Step 2: Determine the weights at the observed points

Suppose that for a given function f, kK RBF models can be constructed with different
basis functions. If cross-validation errors are used to represent the local errors of the

RBF models, the error of the j-th RBF model fj at sample point x can be expressed as

el =Gel,i=1,2,..mj=1,2,.. .,k (3.38)

GMSE

TAX [GMSE ]’ which represents the normalized global error of fj A small

where G; =

value of Gj indicates that the RBF model has good global accuracy. é-l.i is the
cross-validation error of fj at point x;. A small value of & indicates that the RBF
model has good local performance.

If the &/ value of f; is the smallest among all component RBF models, then f; is
considered to have the highest prediction accuracy near point x;. To take full
advantage of the high-precision predictions of this model in this region, a 0-1
weighting strategy is used, i.e. the weight w;; of f, at point x; is set to 1 and the
weights of the remaining component RBF models at point x; are set to zero.
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Fig. 3.1 Flowchart of the " z
O\§VPE method Step 1: Given a set of observed points and

the associated responses, build & different
RBF models.

\

Step 2: Determine the weights at
observed points.

Y

Step 3: Determine the weights at
unobserved points.

Step 3.1: Construct general
pointwise weight functions.

Step 3.2: Find 6, to form

optimal pointwise weight functions.

!

Step 4: Ensemble of RBF models.

The above procedure is repeated to obtain a set of weights W, =

{wij, waj, ..., wmj}T for each fs at all sample points, all elements of which are either
0 or 1. These weights are called observation weights.

Step 3: Determine the weights at unobserved points
Step 3.1: Construct general pointwise weight functions.

The weights at the observed sample points obtained in the last step can be used to
predict the weights at unobserved points. For the j-th RBF model ]3-, its weight w;(x)

at any unobserved point x can be expressed using a weighted formula of inverse
ratios of distance:

< d; "Wy .
wi(x) =Y wi(x) = sz*" X Axj=12.. .k (3.39)
i=1

i=1

where o/(x) is the i-th element of w;(x) and reflects how much the observation
weight W;; contributes to the weight w;(x) at an unobserved point. A larger value of
j(x) indicates that w;(x ) is closer to Wj;. d; = ||x — x| is the Euclidean distance

etwe e e inobserved point x and the index 6; is a
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coefficient that influences the attenuation rate of w;;. The value of w;(x) decreases
with increasing d;, and a larger value of 0; leads to a slower decrease.
Equation (3.39) shows that the weight w;(x) depends on the weights at all sample
points.

If W;; = 1, this means that fj has the highest prediction accuracy near the point
o,

x;. In this case, wj’(x) :# in Eq. (3.39). Conversely, if W; =0, then

i(x) = 0, and the weight at this sample point has no effect on w;(x). Therefore, an

wt

J
observation weight of 1 can be regarded as an active observation weight; con-
versely, a weight of O is called a frozen observation weight. Due to the 0-1
weighting strategy, one and only one model among the component RBF models

will provide an active observation weight at point x;.
Step 3.2: Find 0, to form optimal pointwise weight functions.

The parameter 0; describes the attenuation rate of the active observation weight W;
in other words, the value of 0; determines the domain of influence of observation
weight W;;. Since the active observation weights at the m known points may belong
to different RBF models, the value of the parameter 0; should be determined
individually for each corresponding RBF model and thus can be defined as follows:

0; = B0 (3.40)

where B; is the value of the normalized global accuracy metric of the component
RBF model that has an active observation weight. If fu is the active RBF model,

then B; = ___VGMSE.__ g s a constant attenuation factor in the EM and is scaled
_r{lgxk{ 1/GMSE; }
=12

as shown above for different component RBF models.
Finally, the pointwise weight function in the design space can be expressed as
follows:

wi(x) ={ &S d 0 i=1,2,. .k (3.41)

The attenuation constant coefficient 6 has a great influence on the point-by-point
weight function and further affects the prediction accuracy of the ensemble of RBF
models. A smaller  value results in smaller ranges of influence of the observation
weights. In the extreme case of 6 = 0, the pointwise ensemble degenerates to an
average ensemble. For realistic problems, the selection of the most appropriate 0
value depends on the characteristics of the problem of interest. In the OWPE
method, the optimal attenuation constant 0, is obtained by solving an optimization
problem that minimizes the GMSE of the EM:
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Find O

to min GMSE, = ; ;
me—= (3.42)

k
where =) (x;,0) = ijﬁ) (i, 0)fS " (x:)

where fe(_i) (x;,0) is the predicted value at point x; that is obtained from the
ensemble of RBF models that is constructed based on all sample points except x;,
(=)

whereas @; 7 (x;,0) is the predicted value at point x; that is obtained using the

weight equation that is constructed based on all existing points except x;. Once 8,
has been obtained, it can be substituted into Eq. (3.41).

Step 4: Combination of the RBF models

After solving for the optimal attenuation coefficient and calculating the optimal
pointwise weight for each component RBF model, the ensemble model can be
written as follows:

k

Felx) =D Wix)fi(x) (3.43)

J=1

Two main tasks contribute to the modelling cost: calculating the GMSE metric
and solving the optimization problem. Each component RBF model needs to be
constructed m times to calculate the GMSE metric; consequently, the computational
cost may increase exponentially as the sample set becomes larger. To relieve the
computational burden, the calculation process can be implemented in a parallel
(=)

way. For the observation weight matrix o;

Liu et al. (2016) suggested reusing the observation weight matrix W in Step A by
simply deleting its i-th row. By adopting the above two methods, a near-optimal
EM can be obtained.

(x;,0) in the optimization problem,
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Chapter 4 M)
Multi-fidelity Surrogate Models s

Simulation models are treated as black boxes that generate input—output corre-
spondences. Nevertheless, designers need to choose simulation models with
appropriate fidelities to obtain qualities of interest (QOIs) at affordable cost levels.
Generally, high-fidelity (HF) simulation models can provide more reliable and
accurate simulation results than low-fidelity (LF) models. Consider the example of
designing an airfoil, which is an aerodynamic component, the available simulation
models for obtaining aerodynamic coefficients may differ in terms of their resolu-
tions (e.g. coarse meshes versus refined meshes in finite element models), levels of
abstraction (e.g. two-dimensional models versus three-dimensional models) or
mathematical descriptions (e.g. the Euler non-cohesive equations versus the
Navier—Stokes viscous Newton equations). Relying entirely on HF models to obtain
QOIs for constructing a surrogate model is always time-consuming and may even
be computationally prohibitive. On the other hand, LF models are considerably less
computationally demanding. However, the QOIs obtained from LF models may
result in inaccurate surrogate models or even distorted ones.

A promising way to achieve a trade-off between prediction accuracy and com-
putational cost in modelling is to integrate the information from both HF and LF
simulations by constructing a multi-fidelity (MF) surrogate model (Viana et al.
2014; Chen et al. 2016; Zhou et al. 2017). MF modelling is based on the
assumption that in addition to an HF model that is sufficiently accurate but has a
high computational cost, an LF model is used that is less accurate but also con-
siderably less computationally demanding (Viana et al. 2014). The three main
approaches for constructing MF models are scaling-function-based MF modelling,
space mapping and co. These approaches are summarized as follows:

(1) Scaling-function-based MF modelling

Scaling-function-based MF modelling approaches can be divided into three distinct
types. First, in the multiplicative scaling approach, a scaling function is constructed
to represent the ratio between the HF and LF models (Burgee et al. 1996; Liu and
Collette 2014). Second, in the additive scaling approach, a scaling function is
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constructed to capture the differences between the HF and LF models (Viana et al.
2009; Sun et al. 2012; Zhou et al. 2015, 2016b). Finally, in the hybrid scaling
approach, scaling functions are constructed to utilize the advantages of both the
multiplicative and additive scaling approaches (Gano et al. 2005; Zheng et al. 2013;
Tyan et al. 2015). It is important to note that the multiplicative scaling approach
may become invalid when the values of the LF model are equal to zero at some
sample points. This property, to some extent, limits the ability to use this approach
to solve constrained design optimization problems because finding an optimum
generally requires some constraints to be active.

(2) Space mapping (SM)

The key idea behind SM approaches is to construct an MF surrogate model by
mapping the HF model’s parameter space to the LF model’s parameter space or
mapping the output space of the LF model to that of the HF model. An obvious
advantage of SM is that it allows the design parameter vectors of the LF and HF
models to have different dimensions (Bandler et al. 2004; Rayas-Sanchez 2016).

(3) Co-kriging

Co-kriging was originally developed in the geostatistics community (Journel and
Huijbregts 1978) and was then extended to the integration of computational models
with different fidelity levels by Kennedy and O’Hagan (2000). In Kennedy and
O’Hagan’s approach (Journel and Huijbregts 1978), a Gaussian process (GP) model
was adopted to approximate the HF response as the sum of a scaled LF response
and a discrepancy function. Many variations of co-kriging methods are gaining
popularity today, such as the incorporation of gradient information in co-kriging
(Journel and Huijbregts 1978), the design of a nested sampling approach for
co-kriging (Xiong et al. 2013), the combination of co-kriging methods with
expected improvement (EI) functions in sequential optimization design (Huang
et al. 2006; Forrester et al. 2007) and parameter simplification during the solution
process for co-kriging (Zimmermann and Han 2010; Han et al. 2012; Le Gratiet and
Garnier 2014; Hu et al. 2017).

In the remainder of this chapter, a detailed introduction to these three MF
modelling approaches will be provided.

4.1 Scaling-Function-Based Approaches

4.1.1 Multiplicative Scaling Approach

The multiplicative scaling approach was first proposed by Haftka (Haftka 1991;
Gano et al. 2005). In this approach, a scaling factor is adopted to represent the ratio
between the HF and LF models at the HF sample points. Then, a scaling function is
constructed to fit the relationships between the design variables and the
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corresponding output. The MF surrogate model fMp (x) can be obtained using the
following equation:

Jur(x) = filx) - Bx) (4.1)
where f;(x) is the LF model and f(x) is the scaling function.

Based on the LF sample points x; = {xlﬁl P IPIRE .,xl’ml} and the corresponding
responses f; = {f“ Jias - "fl,m/}’ the LF surrogate modelf,(x) can be constructed
(Ollar et al. 2017). Then, for the given HF sample points xj, =
{xhvl,xhg,...,xh,mh} and the corresponding responses f), = {fi1,fu2s- - -»fm, }»

the scaling factors f(x;) = {ﬁ(xh,l)v Bx,0)s- - B(x,hmh)} between the HF and LF

models at the locations x, ; can be calculated as follows:

I (xh,i)
F1x,)

ﬁ(xh,i) = (4.2)

Based on x;, and f(x;), the scaling function f(x;) can be constructed using a
modelling technique.

A one-dimensional (1D) numerical function will be used here to demonstrate the
process of constructing an MF surrogate model with multiplicative scaling. The
mathematical expressions for the 1D function are given in Eq. (4.3), and the
function is visualized in Fig. 4.1.

(x40.5)*
3
(1.1x+05)* (4.3)
3

yn = 0.5sin(4nsin(x+0.5)) +

yi = 0.5sin(4nsin(1.1x+0.4)) +
x € [0,1].

0.2

Fig. 4.1 HF and LF models
of the 1D numerical function

7 —
06K HF model | |
=== LF model

0 02 04 06 08 1
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Eleven LF sample points x; = {0, 0.1,0.2, 0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1.0}
and six HF sample points x; = {0,0.2,0.4,0.6,0.8,1.0} are selected for con-
structing the MF surrogate model. First, the LF model is evaluated at the points in x;
to obtain the LF responses; then, the LF surrogate model can be constructed using a
modelling technique to obtain, e.g. a kriging model. Subsequently, the scaling
factors can be obtained using Eq. (4.2), and the scaling function ﬁ(xh) can be
constructed. The LF surrogate model and the multiplicative scaling function are
visualized in Fig. 4.2a. Based on the LF surrogate model and the scaling function,
the final MF surrogate model can be obtained in accordance with Eq. (4.1), as
shown in Fig. 4.2b.

4.1.2 Additive Scaling Approach

Lewis et al. (Lewis and Nash 2000) developed the additive scaling approach for MF
modelling. In the additive scaling approach, the scaling factors are defined as the
differences between the HF and LF models at the HF sample points. Once the
scaling factors are obtained, they are fitted using the scaling function to map the

differences between the HF and LF models. The MF surrogate model f ur(x) can be
expressed as

Frur®) =fix) +C(x) (4.4)

Here, f,(x) represents the LF model and is constructed using a modelling

technique based on the LF sample points x; = {xl T TR ml} and the corre-

sponding responses f; = {fl,l, Jras fl,mz}’ and C’(x) is the scaling function.

(a) (b)

= HF model
— plicative scaling MF met

06

06
02 02t
02
06 — | F metamodel 1 02
= Multiplicative scaling function
o 02 04 06 08 1 0 02 04 06 08 1

Fig. 4.2 a The LF surrogate model and the multiplicative scaling function and b the MF surrogate
model with multiplicative scaling for the 1D function
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Based on the HF sample points x;, = {xh DXpas X, mh} and the corresponding

responses fn= {ch, Jhas oo fhm}, the differences C(xp) =

{c(xh)l),c(xh,z), . .,c(thh)} between the HF and LF surrogate models at the

locations x,, ; can be calculated as

C(xh,i) :fh(xh,i) _ﬁ(xh,i) (4.5)

Then, the scaling function can be approximated using a modelling technique
based on x;, and C(x;). The 1D numerical function expressed in Eq. (4.3) will again
be used to demonstrate the process of constructing an MF surrogate model with
additive scaling. Based on the LF sample points x; and the corresponding responses,
an LF surrogate model can be constructed, e.g. a kriging model. The differences
C(xy,) can then be obtained in accordance with Eq. (4.5), and the scaling function
C(x) can be constructed. The LF surrogate model and the scaling function C(x) are
visualized in Fig. 4.2a. Based on the LF surrogate model and the scaling function,
the final MF surrogate model can be obtained using Eq. (4.4), as shown in Fig. 4.3b.

4.1.3 Hybrid Scaling Approach

Gano et al. (2005) proposed the hybrid scaling approach to make use of the
advantages of both the multiplicative scaling approach and the additive scaling
approach. The variable-fidelity surrogate model f ur(x) can be obtained using the
following equation:

(a) (b)
1 g y T v 1
= LF metamodel = HF model
= Additive scaling function == Additive scaling MF metamodel
06
06
02
02
02
£02
06 - L L - L " " L
02 04 06 08 1 0 0.2 0.4 06 08 1

Fig. 4.3 a The LF surrogate model and the additive scaling function and b the MF surrogate
model with additive scaling for the 1D function
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fur(x) = o(f' ()B() + (1 = ) (f'(x) + C(x)) (4.6)

where f'(x)B(x) and f!(x) + C(x) are the MF surrogate models with multiplicative
scaling and additive scaling, respectively and @ denotes the weighting factor
reflecting the ratio between the contributions of these two different scaling
approaches. The value of w is often selected based on the knowledge and experi-
ence of the designers (Van Nguyen et al. 2015).

MF surrogate models with multiplicative scaling and additive scaling were
constructed for the same 1D numerical function in Sects. 4.1.1 and 4.1.2, respec-
tively. The corresponding MF surrogate model with hybrid scaling that is obtained
by setting @ = 0.5 is shown in Fig. 4.4.

4.1.4 Examples and Results

Four well-known numerical problems with different characteristics with regard to
variable-fidelity modelling (Huang et al. 2006; Zheng et al. 2014; Cheng et al.
2015; Zhou et al. 2016a) are utilized here to test the performance of the three
scaling-function-based MF modelling approaches introduced above. The expres-
sions for the corresponding mathematical functions are given as follows. In these
problems, y, denotes the HF model that needs to be approximated and y; denotes
the LF model. The features of the four numerical examples are listed in Table 4.1.

Problem 1 (P1)

yi =((0.5x1)* +0.8x; — 11)* + ((0.8x2)> +0.5x; — 7)* +x3 — (x; +1)°

(4.7)
v =3 +x2 = 11)* + (Z +x1 —7)7,x1,x € [-3,3]
Problem 2 (P2)
Fig. 4.4 MF surrogate model E——
with hybrid scaling for the 1D == Hybrid scaling MF metamodel

function

s L L s
02 04 06 08 1
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Table 4.1 Features of the

. Problem number Problem scale Nonlinearity order
numerical test problems 1 Low (N = 2) Low
P2 Low (Ny =4) High
P3 High (Ny = 8) Low
P4 High (Ny = 10) High

yi= (1 = 1)°+2x (282 = 0.75x1)° +3 x (32 — 0.75x)° +4 x (4x3 — 0.75x3)°
yh= (0 =17 4+2x (22 —x)* +3 x (33 —x2)” +4 x (423 — x3)
X1,%2,%3,X4 € [—10, 10]

(4.8)

Problem 3 (P3)

27x3 (X4 — X6)
In(x2/x1)[1 + 2x7x4 / (In(x2/%1 )x3x3) + X3 /X5)
Y1 = 04forenole (X) + 0.07x7 X5 + x1X7 /%3 + X1X6 /X2 + X7 X4
Y = foorehote(X)
x1 € [0.05,0.15], x, € [100,50000],
x3 [63070, 115600], x4 € [990, 1110],
x5 € [63.1,116], x5 € [700, 820],
x7 € [1120, 1680], x5 € [9855, 12043

f borehole =

Problem 4 (P4)

10 10 10
= Zx? + (Z 2ix;)* + (Z 3ix;)*
i1 i-1 i—1

10 10 10 (4'10)
=3 2+ 05ix) + (> 05ix), -5<x<10
i=1 i=1 i=1

Two surrogate model accuracy metrics are used in this section to compare the
different approaches, namely, the relative maximum absolute error (RMAE) and the
relative root mean square error (RRMSE), which are defined below:
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1
RRM E = — i — Ai 411
SE = grmmax(|y — i) (3.11)

| )
D=, —— =5
S N71§ i =)

i=1

where N is the total number of validation points, y is the mean of the observed
values at the validation points, and y; and y; are the real response and the predicted
value, respectively, at the i-th validation point. The lower the value of the RMAE/
RRMSE is, the more accurate the MF surrogate model. The RRMSE is used to
gauge the overall accuracy of the model, while the RMAE is used to gauge the local
accuracy of the model. An additional 100 randomly selected sample points are used
to calculate the RMAE and RRMSE in this section.

To construct a variable-fidelity surrogate model, sample points at two levels (HF
and LF) should first be generated. Here, to ensure good uniformity of the samples
and flexibility of the sample size, the Latin hypercube sampling (LHS) method
(Huntington and Lyrintzis 1998) was chosen to generate the initial set of samples
within the design domain. The samples were obtained using the MATLAB 2013b
routine ‘lhsdesign’ with the ‘maximum’ criterion, which maximizes the minimum
distance between sample points.

Two circumstances are considered for the comparison of the different approa-
ches: large HF sample sets (Ngg = 12d) and small HF sample sets (Ngr = 5d). The
number of LF samples is 20d in both cases, where d is the dimensionality of the test
problem. The four numerical problems were tested 30 times for each of the different
approaches to account for the influence of randomness.

In Table 4.2, the best error metrics are marked in bold. For problems with
different features and different sizes, the three scaling-function-based approaches
show different performances. No approach is universally better than the other
approaches for all problems; therefore, it is important to choose the most suitable
approach based on the characteristics of the problem of interest.

4.2 Space Mapping (SM) Approaches

4.2.1 The Concept of Output-Output Space Mapping
(OOSM) Approaches

The goal of an output-output space mapping (OOSM) approach is to construct an
MF surrogate model by taking the LF output values as prior knowledge of the
studied system and directly mapping them to the output of the HF model.
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Table 4.2 Test results obtained for the numerical examples using different approaches

Sample size | Examples | Error metric | Multiplicative Additive scaling Hybrid scaling
scaling approach approach
approach
Mean | STD Mean STD Mean | STD

Small size | P1 RMAE 1.0515 |0.3913 | 1.0753 |0.2872 |1.0076 |0.3318

RRMSE 0.3778 |0.1641 |0.3797 |0.1250 |0.3555 |0.1379
P2 RMAE 1.1576 |0.9012 |0.7042 |0.3154 |0.8790 |0.4553
RRMSE 0.2976 |0.2675 |0.1734 |0.0509 |0.2142 |0.1246
P3 RMAE 0.0140 | 0.0040 |0.0205 |0.0059 |0.0171 |0.0048
RRMSE 0.0032 | 0.0006 |0.0048 |0.0009 |0.0039 |0.0007
P4 RMAE 3.7392 | 8.2381 |1293.34 |291.48 |646.67 |145.64
RRMSE 0.6089 | 0.9223 |436.85 |77.3522 |218.43 |38.65
Large size | Pl RMAE 0.4570 |0.2058 |0.2767 |0.1543 |0.3339 |0.1729
RRMSE 0.0967 |0.0437 |0.0572 |0.0342 |0.0705 |0.0355
P2 RMAE 2.2591 |2.8564 |0.5497 |0.1776 |1.2563 |1.3664
RRMSE 0.5524 | 0.8175 |0.1442 |0.0309 |0.3159 |0.3985
P3 RMAE 0.0101 | 0.0046 |0.0121 |0.0052 |0.0111 |0.0049
RRMSE 0.0021 | 0.0004 |0.0024 |0.0005 |0.0022 |0.0004
P4 RMAE 3.7392 | 8.2381 |1293.34 |291.48 |646.67 |145.64
RRMSE 0.6089 | 0.9223 |436.85 |77.3522 |218.43 |38.6578

A schematic diagram is presented in Fig. 4.5 to illustrate the similarities and dif-
ferences between scaling-function-based MF approaches and the OOSM approach.

H and scaling based MF approaches '

I The scaling based MF approaches I
OBl e Sealing 1§~ " HamME
" T 3

v metamodel

fp-r

L. =

ints of LF model
ints of HF model
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As seen from Fig. 4.5, both the scaling-function-based MF approaches and the
OOSM approach use the LF model to capture the overall trend of the characteristics
of the system. In scaling-function-based MF approaches, surrogate models for the
scaling function are constructed to learn the differences between the HF responses
and the predicted output values from the LF surrogate model. This is actually a
process of mapping a multidimensional space to a 1D space, which is expected to
yield a significantly higher prediction accuracy than can be obtained using the
single HF surrogate model with a small amount of HF data for problems in which
the relationship between the difference response features of the HF and LF models
and the design variables is simple (Zheng et al. 2014). By contrast, in the OOSM
approach, a surrogate model is constructed by mapping a 1D space (the output
space of the LF model) to another 1D space (the output space of the HF model).
Clearly, the OOSM approach will alleviate the computational burden of MF
modelling when the dimensionality of the design space is greater than one.

4.2.2 The Radial Basis Function (RBF)-Based OOSM
Approach

In this section, the formulation and derivation processes for the radial basis function
(RBF)-based OOSM approach are presented along with its framework. Figure 4.6
illustrates the framework of the RBF-based OOSM approach. Throughout this
section, we will review the key points involved in each step.

Step 1: Generate two sample sets, X’ and X"

Since the LF model is able to reflect the most prominent features of the system at
a considerably reduced computational cost, a sample set X' = {x/,x},...,x} } with
a relatively large number of sample points is generated to ensure the accuracy of
this model. By contrast, a sample set X" = {x x4 ... x!} with a significantly
smaller number of sample points is generated to obtain the response values of the
HF model. In this step, the optimal Latin hypercube sampling (OLHS) method (Jin
et al. 2005), which can ensure that the design space is uniformly covered, is applied
to generate the sample sets for the LF and HF models.

Step 2: Run the LF model on sample set X' to obtain the LF response values

Based on the sample set X' generated in Step 1, the actual LF response vector
fl= {fl’,le, .. .,fji,} is obtained by running the LF model.

Step 3: Build an RBF surrogate model for the LF model

Based on the LF sampling data, an RBF surrogate model 7! (x) is built for the LF
model. Then, the value predicted by the LF model at any point x can be expressed as

) = lejwj,qs(Hx ) (4.12)
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Fig. 4.6 Framework of the

RBF-based OOSM approach Start

Step 1:Generate two sampling sets

x"and x" for LF and HF models
I

v v
Step 2:Run simulations || Step 4:Run simulations
to obtain the response to obtain the response
value of the LF model value of the HF model

Step 3:Build RBF
metamodel /'(x) for LF
model using Eq.(6)
|

Y
Step 5:Build the MF metamodel /,(x) by
mapping the output space of LF model to the
output space of HF model

Step 6:1s the
accuracy criteria met’

Step 7:Output the MF metamodel

where N is the number of sample points for the LF model, xf, is the p-th sample

point in X',

X — xf, H represents the

Euclidean distance between the design variable and the p-th LF sample point and is
mathematically expressed as

| RCREII @y

¢(-) represents the RBFs. Commonly used RBFs are listed as follows (Zhou and
Jiang 2016):

(1) Bi-harmonic, ¢(r) = r; (2) Thin-plate spline, ¢(r) = r* log(r);

(3) Multi-quadric, $(r) = V7% +¢2; (4) Cubic, ¢(r) = (r+c¢)*;

(5) Gaussian, ¢(r) = ¢ (), ; (6) Inverse multi-quadric, ¢(r) = \/,zIW’
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where c is a constant value and 0 <c < 1.
The unknown interpolation vector w' is obtained by minimizing the sum of the
squares of the deviations, which can be expressed as

=y [f(xi) =St —x@)(!)} (4.14)

s=1 p=1

By solving the above optimization problem, the coefficients w' can be obtained
as follows:

w = (&7 &+ ) Df! (4.15)

where the elements of A; are all zero except for the regularization parameters along
the diagonal and @ is the design matrix. Because of its advantages of relatively few
parameters to be set and excellent overall performance, the Gaussian form is
adopted for the RBFs. Then, the design matrix ®; can be obtained as follows:

2
(e[l =k )

2
(e [lrz—k[])

T

, e . e
e*("'Hsz*x’l”) e*("‘sz*xz ) e~

b

(4.16)
P Y A O [ e (o L

Step 4: Run the HF model on the sample set X" to obtain the HF response values

Based on the sample set X" generated in Step 1, the actual HF response vector
f= {flh,f{', e /(/11} is obtained by running the HF model.

Step 5: Build the MF surrogate model by taking the LF predicted values as prior
knowledge and directly mapping them to the output of the HF model.

By taking the constructed LF surrogate model f’ (x) as prior knowledge and
mapping its output space to that of the HF model, the formulation for the proposed
OOSM model can be specified as a linear combination of RBFs with weight
coefficients, as shown in the following equation:

M
Fur(x) =D w7 (x).f (x]))

=S w7 — )]

g=1

(4.17)

Here, M is the number of sample points for the HF model. xz is the g-th sample

point in X", f !(x) is the predicted value at the design variable x as obtained from the
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LF surrogate model, which can be calculated using Eq. (4.12). Similarly, fl (xg) is
the value at xZ predicted by the LF surrogate model, which can be calculated as

=3 w2 w19
p=1

where sz — xﬁ) H represents the Euclidean distance between the LF and HF sample

points, which can be expressed as

Hx'; —xll]H = \/(xg - fo)T(xZ —xl) (4.19)

The unknown interpolation coefficient w?¥ is obtained by minimizing the sum

of the squares of the deviations, which can be expressed as

M M 2
Iur = Z [f’l(xf) - ZW(?SM‘MWI("Z) _fl(xg)H)l (4.20)

k=1 g=1

When a weight penalty term is added to the sum of the squares of the deviations,
the cost function is minimized as follows:

2 M
+ > h (WM (4.21)
g=1

cur =3 | [f )= 3wy - et

=1 =1

where / is a nonnegative regularization vector that is used to control the additional
weight penalty term.

To solve the above optimization problem to obtain the coefficients w
partial derivatives of the cost function with respect to each w(*" are calculated. The

OSM , the

partial derivative with respect to the g-th coefficient can be expressed as

acy e o
awgsffz;(wfwwuf’(xz) P - awow H )+ 220

=23 o) 7)) —r e = e )+ 22

=

(4.22)

Setting the above expression equal to zero leads to the following equation:

ol LElUMN Zyl_i.lbl
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e

—Z(fhxk Hf x) = ') (4.23)

o([[7'Gxly =7 e 1) + 2 g

There are M such equations, for 1 < g < M, each representing one constraint on
the solution. When matrices and vectors are used, the problem for obtaining wosM
can be rewritten as

D Prpw M + AWM =L " (4.24)

where @y is the design matrix. When the Gaussian form is adopted for the RBFs,
the design matrix @y can be obtained as follows:

—E|IF A e L e
||f’(xh D el e -]
Dyr =
el @D o]0 || e ||
(4.25)

The elements of A are all zero except for the regularization parameters along the
diagonal:

0 0
0 2 - 0

A= . T . (4.26)
0 0 Do

By solving Eq. (4.18), the coefficients w?™ can be obtained as follows:

-1
wOM = (&) Dy + A) Dp(f")" (4.27)

Finally, by substituting Eqs. (4.12), (4.18) and (4.27) into Eq. (4.17), the pre-
dicted values at any design points as obtained from the proposed OOSM model can
be calculated as follows:

(A iwéqﬁ(”xz —x;H)H) (4.28)




4.2 Space Mapping (SM) Approaches 69

Step 6: Check the prediction accuracy of the obtained MF surrogate model

The prediction performance of the MF surrogate model created through the
above steps needs to be validated before it can be used in support of
simulation-based design. If the preselected prediction accuracy criterion is not
achieved, the process will return to Step 1; otherwise, it will proceed to Step 7.

Step 7: Output the final MF surrogate model

Once the preselected prediction accuracy of the obtained MF surrogate model
has been achieved, the algorithm will output the final MF surrogate model.

A numerical example adapted from Zhou et al. (2015) will be used here to
present a detailed comparison among different multi-fidelity modelling
(MFM) approaches. The mathematical description of the numerical example is
given below:

Modified six-hump camelback (MSC) function:

Fxr,x0) =dxd — 2157 +25/3 +x1x00 — 4o +4a5;
1! =1, x);
f'=£(0.7x1,0.7x));
x1 €[-2, 2],x € [-2, 2]

(4.29)

where f* denotes the HF model that is to be approximated and f' denotes the LF
model. Note that the analytical functions are used only to obtain the response values
at a given sample point. Although these analytical functions are explicit, the overall
relationships between the input variables and the corresponding LF and HF
responses, which are equivalent to the relationship between the HF and LF models,
are assumed to be unknown.

The OLHS method proposed by Jin et al. (2005) was used to generate sample
sets. Three different sample sizes for the HF model, labelled sample size 1
(M =2d+1), sample size 2 (M = 3d +2) and sample size 3 (M = 4d +3) in
Fig. 4.7, are considered, where d is the dimensionality of the design space.

To calculate the values of the two prediction accuracy metrics for the different
MFM approaches with different sample sizes, an additional 1024 test points were

iy

(a) Sample size 1 (N=2d+1) (b) Sample size 2 (N=3d+2) (c) Sample size 3 (N=4d+3)

Fig. 4.7 Three sample sets of different sizes generated via OLHS
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randomly selected. For each MFM approach, 10 different runs were performed for
the numerical example of the MSC function, and the average values of the two
prediction accuracy metrics across these runs are presented as the final results to
avoid unrepresentative numerical results. Figure 4.8a plots the actual HF and LF
models for the MSC function, and a contour map of their differences is presented in
Fig. 4.8b.

Figure 4.9 illustrates the MF surrogate model constructed by mapping the output
space of the LF model to the output space of the HF model, a 1D-to-1D mapping
process. Figure 4.9c illustrates the final MF surrogate model obtained using the
RBF-based OOSM approach. By comparing Fig. 4.9c with Fig. 4.8a, it can be
concluded that the MF surrogate model constructed with the proposed OOSM
approach is capable of describing the behaviour of the actual HF model with high
accuracy over the whole design domain.

(a) Actual HF model and LF model (b) Coutours of difference between
for MSC HF and LF models for MSC

Fig. 4.8 Plots of the actual HF and LF models for the MSC function

(b) Low-fidelity output space (c) MF metamodel obtained

(a) The LF metamodel mapping process by OOSM method for MSC

Fig. 4.9 Numerical illustration of the RBF-based OOSM approach
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4.2.3 The Gaussian Process-Based OOSM Approach

The aim of the SM-based MFM approach proposed in this section is to address the
limitations of scaling-function-based MFM approaches by treating the LF output
information as prior knowledge of the studied system and directly mapping it to the
output space of the HF model using a GP model. Based on the available LF and HF
information, as shown in Egs. (4.30) and (4.31), the response at an unobserved
point x as predicted using the proposed GM-based OOSM approach can be
expressed as a realization of a regression model F and a stochastic process z,

fur(x) =F(B.f'(x)) +=(F'(x)) (4.30)

where f !(x) denotes the response at x predicted by the LF surrogate model, which is
constructed using procedure used in the scaling-function-based MFM approaches.
Readers are referred to (Han and Gortz 2012; Zhou et al. 2016a) for the details of
building such an LF surrogate model.

F(B.f(x)) is a linear combination of p chosen functions:

F(B.J'(x)) = Bi (' (x)) + Baha(F () + ==~ B,y (F' (x)
= [ (@), ha (' (), - 1 (P ()] B (4.31)
=h(f'(x))"B

where B denotes a column vector of regression coefficients and h(fl (x)) denotes a
row vector of regression functions. The proposed approach for selecting the optimal
regression function is described in Sect. 3.1.1.

The stochastic process z is assumed to have a mean of zero and a covariance

between z(f!(x)) and z(f'(x')),

E[z(f'(®),2(f'(¢")] = &*R(0,f'(x).f'(x") (4.32)

where o is the process standard deviation determining the overall magnitude of the
variance and R(6,f'(x),f'(x')) is the correlation model. In this work, the most
popular form of the correlation function, a Gaussian exponential function (Kleijnen
2017), is adopted:

%) (4.33)

d
R(9>fl(x)afl(x/)) = Hexp(—@d Vl(xd) _]Ad(x/d)
d=1
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where d is the dimensionality of the design variable and the elements of @ are the
roughness parameters. The solution method for 0 is described in Sect. 3.1.2.

It is assumed that the response of the MF surrogate model can be approximated
as a linear combination of the HF information:

Fur(f () = ¢'f" (4.34)

where ¢ = [c!,...,cM] is a vector of weight coefficients associated with the avail-
able HF data.

Foraset S = [f’(x}l’),fl(xg), .. .,fl(x;‘,,)] , the expanded M x p design matrix F is
defined as

F = [ &), (7 (xD), .. h ()] (4.35)

Furthermore, the matrix R of the stochastic process correlations between the z
values at different design points is defined as follows:

Ry =R(0.7'(x]').f'(x1)) ij=12,...M (4.36)

For an unobserved point x, the vector of correlations between it and the z values
at the design points is defined as

T

r(f'(x)) = [ROF' (). F'(x)) , R(O,F'(x3),F'(x)) , .., R(O.f'(x},).f'(x)) |
(4.37)

Then, the errors between the linear predictor f,r(f'(x)) and f,;(f'(x)) at an
unobserved point x can be calculated as follows:

Jur(F' () = fur (' (x)) =c"f" — (h(F'(x))" B+2)
=c"(FB+Z) — ((h(f'(x))" B+2) (4.38)
=c"Z—z+(F'e —h(f'(x)))"B

where Z=[z1, 23, . . ., zu] denotes the errors at the design points. To keep the pre-
dictor unbiased, it is required that

Fle —h(f'(x)) =0 (4.39)

Under this condition, the mean square error (MSE) of the predictor in Eq. (4.38) is

ol LElUMN Zyl_i.lbl
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E[(ur (7'(x)) = fuar (7'(6)))’]
E[(c"Z — 2)*]

E[Z? +¢"2Z7¢ — 2¢777)
=6’(14+c¢"Re — 2¢"r)

@(x)

(4.40)

To minimize the MSE, a Lagrange multiplier A can be introduced, and the
Lagrangian function with respect to ¢ is

L(c,2) = a*(1+¢"Re — 2¢"r) — i (FTe — h(f'(x))) (4.41)
The gradient of Eq. (4.41) with respect to ¢ can be calculated as follows:
L.(c,7) =20*(Re —r) — F2 (4.42)

From the first-order necessary conditions for optimality, the following system of
equations can be obtained:

o]l Laghor (9

where / is defined as /1 = — 353
Then, solving Eq. (4.43) yields

b= (FTR'F) " (FTR™'r — h(f'(x)))

¢c=RYr—FJ) (4.44)

Because the matrix R is symmetric, upon substituting Eq. (4.44) into Eq. (4.34),
the predictor obtained via the proposed GP-based OOSM approach for any unob-
served point x is given by

fir(x) = (r— FA)TRIf"

4.45
=R — (FTR'r —h(f'(x))) (FTR'F)"'FTR'f" (445)

To obtain the hyper-parameters 0, § and ¢, the maximum likelihood estimates
are calculated. The log-likelihood function is usually adopted for numerical pur-
poses (Kleijnen 2009):

M
——In

In(p(B, %, 0)) = — %In(Zn)
" -Fp’

() 3 n(IRI) = "~ FB)TR™

(4.46)
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To determine the maximum likelihood estimates of f and a2, the derivatives of
Eq. (4.46) with respect to § and ¢” are set to zero. Thus, the maximum likelihood
estimates of § and ¢ are found to be

B=F'R'F)'FTR\f (4.47)
# = ("~ FB R~ FB) (4.48)

The hyper-parameters 0 = (64,...,6,) in Eq. (4.32) influence the attenuation
rate of the correlation function. Before maximizing Eq. (4.46), by substituting
Eq. (4.47) and Eq. (4.48) into it, the following expression is obtained:

max In(p(B, a%,0)) = — %In(Zn) — MIn(a—z) - l1n(|R|1/2) M (4.49)
2 2 2 2

To solve the maximum likelihood estimation problem expressed in Eq. (4.49),
the free MATLAB toolbox DACE can be adopted, which relies on a powerful
stochastic algorithm based on the Hooke and Jeeves method (Lophaven et al.
2002a). The maximum likelihood problem is difficult to solve because of three main
difficulties (Martin and Simpson 2005; Gano et al. 2006; Kleijnen 2008a): (a) the
multimodality of the log-likelihood function, (b) the long ridges in the
log-likelihood function and (c) the ill-conditioned correlation matrix. The first and
second issues can be addressed by adopting a global stochastic optimization
algorithm, for example, Martin and Simpson (2004) suggested the use of simulated
annealing (SA). However, such an algorithm is much more computationally
expensive than a gradient-based method. Therefore, the question of how to establish
a trade-off between the global and local solutions and the function call expense is
still worth studying. The last issue can be addressed by adding a small nugget effect
(e.g. 107 to the diagonal elements of the correlation matrix.

A numerical example adapted from Aute et al. (2013) will be used to illustrate
how the GP-based OOSM approach works. In this illustrative example,

fl(x) = sin(x;) cos(xz);
f"(x) =1.55in?(0.5x;) cos*(0.5x;) cos(x2) + 3 sin(x;) cos(x,) — 0.5;  (4.50)
x1 €]-2, 2],x € [-2, 2]

where f"(x) denotes the HF model to be approximated, while f*(x) denotes the LF
model. These two functions are graphically shown in Fig. 4.10. Note that although
the analytical functions here are explicitly known, the general relationship between
the LF and HF models is assumed to be unknown.

In this example, the number of sample points for the LF model is fixed to
N = 30d, where d denotes the dimensionality of the design space. Three different
sample sizes for the HF model, M = 3d, M = 5d and M = 6d, are considered to
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Fig. 4.11 Sample sets with different HF sample sizes

study the prediction performance of different MFM approaches. In this work,
OLHS (Park 1994) was used to ensure that the sampled points were spread
throughout the design space. The generated sample points are plotted in Fig. 4.11.

Figure 4.12 illustrates the key steps of the GP-based OOSM approach for
obtaining the MF surrogate model. As observed in Fig. 4.12, the LF information is
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Fig. 4.12 Numerical illustration of the GP-based OOSM approach

treated as an input and directly mapped to the output space of the HF model. This is
actually a 1D-to-1D mapping process. The final obtained MF surrogate model is
plotted in Fig. 4.12c. When the MF surrogate model in Fig. 4.12¢ is compared with
the actual HF function plotted in Fig. 4.11b, it can be seen that the surrogate model
constructed using the GP-based OOSM approach is able to accurately reflect the
characteristics of the actual HF model over the whole design domain.

4.2.4 The Support Vector Regression (SVR)-Based OOSM
Approach

In this section, a prior-knowledge least squares support vector regression
(PKI-LSSVR) approach is developed to avoid the limitations of the commonly used
difference mapping approach. The prior knowledge used here is the LF information,
which can be derived from explicit empirical formulas or coarse black-box simu-
lation models. Instead of mapping the differences between the LF and HF models,
the PKI-LSSVR approach attempts to map the prior knowledge (the LF outputs) to
the real HF outputs. The flowchart of PKI-LSSVR is illustrated in Fig. 4.13.

Consider a set of HF data {(Xpi, Yni)}iz12....m, With inputs Xy, = {Xp1, Xn2, .-,
Xpm} and outputs Yy = {Yn1s Yn2s ---» Ynm/, together with a much larger set of LF
sample data {(Xj;, yi)}iz1.2....n» Where the inputs are X; = {Xj, Xp2, ..., Xin} and the
corresponding outputs are Y; = {yi1, Y12, --., Yin}- The purpose of SVR is to find a
function that has the minimum prediction error for the training samples and the
smallest deviation from the actual targets. Here, the LF outputs are treated as the
inputs to LSSVR, and the relationship between the LF and HF outputs is then
constructed via PKI-LSSVR, as follows:

F=wlo(X,Y}])+b (4.51)

where ¥/ denotes the LF outputs at the HF sample points, which can be obtained by
running the LF model fi(x) at Xy, that is, ¥/' = fi(X;) and ¢(-) denotes a set of
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nonlinear transformations. Thus, the variable-fidelity surrogate model F is con-
structed by mapping the LF outputs to the HF outputs.

To construct the PKI-LSSVR model, the following optimization problem should
be solved:

1 1 &
min EwTw + EC; el (4.52)
ste; =y —w o([X,Y]]) —bi=1,2,...,m (4.53)

where m is the number of HF sample points.
The Lagrangian form of the above optimization problem can be expressed as
follows:

m m
WIW 50> = S u(Wo([68]]) +hee—m) (459
i=1 i=1

1
L==
2

According to the Karush—-Kuhn-Tucker conditions, by differentiating the above
function with respect to the Lagrange multipliers and eliminating the variables w
and e;, the optimization problem can be transformed into a linear equation, as
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{(e) K:Zv} m - L(/)J (4.55)

where K is an mxm matrix with elements Kj; = (p([Xh,-YZ.])T
(p( [thYZ.D - k([Xh,-YZ.], [xhjyﬂ ) with k([xh,-ng], [thYZD being the kernel

function; ¢ = [1,...,1],,,, and o = [y, 02, ..., %,]. Thus, the resulting approxi-
mate PKI-LSSVR model can be expressed as follows:

F= Z ok (XY, [X5¥5] )+ (4.56)

i=1

where o and b are solutions to Eq. (4.55).

Various kernel functions are available, including linear, polynomial, sigmoid
and Gaussian kernels. Because of its advantages of relatively few parameters to set
and excellent overall performance, the Gaussian kernel function is an effective and
frequently used option (Keerthi and Lin 2003; Liao et al. 2011). This function is
expressed as follows:

2
(XuY})] — {X ijZ}

202

k([xhiYﬁ.}, [thYZD —exp| — (4.57)

Consequently, there are two hyper-parameters, the regularization parameter C
and the kernel parameter r, which need to be appropriately chosen a priori in the
PKI-LSSVR model to improve its generalizability.

The selection of hyper-parameters plays an important role in the performance of
SVR. Finding the best combination of hyper-parameters is often a troublesome
problem due to the high nonlinearity of the model performance with respect to these
parameters. A popular approach for SVR tuning is to select the best choices among
a certain set of candidate parameters by means of evolutionary methods (dos Santos
et al. 2012), such as genetic algorithms (Wei and Zhang 2012), particle swarm
optimization (Gilan et al. 2012) or ant colony optimization (Niu et al. 2010).

4.3 Co-Kriging Approaches

4.3.1 Traditional Co-Kriging Approach

Suppose that the HF model is y;, : R” — R and that the LF model is y; : R" — R.
The sample sets are
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Sl = (xl(l), N .,x}"'))T € Ruxm

(4.58)
Sh = (x;ll), .. .,X;lnh))T S Rnhxm
The corresponding responses are
=), (™))" € R
(4.59)

i =), - T € R

where n; and n; are the numbers of LF and HF sample points, respectively.
Generally, it is assumed that n; > n,.

Then, the formula for Kennedy and O’Hagan’s autoregressive model can be
represented as

In(x) = pyi(x) + Ya(x) (4.60)

where y;,(x) is the sum of two GP models, with p being a scaling factor. The hat
symbols indicate that the models are approximations and y,(x) represents a model
of the discrepancy between the HF and LF models.

The applied distance measure between two sample points i and j is

Zek " (4.61)

where k is the number of dimensions, and 6, and P; are hyper-parameters tuned to
the data at hand. The correlation function between points x¥) and x¥) is expressed as

R(:x1) = expl—d(x?,x") (4.62)

When the response at a new point x is needed, the correlation vector ¢(x) with
the new point is formed, which is given below:

2
_ palRl(xlax) 4.63
c(x) pzalle(xh,x)—kaéRd(xh,x) ( ’ )

where ¢ are the process variances, with the subscripts / and d indicating the
parameters that belong to the LF and discrepancy models, respectively.

The prediction ,(x) is calculated as follows:

() =f(x)" B () (v - FF) (4.64)

where F and f(x) are regression models that rely on the existing sampling data and
the predicted points, respectively.
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v, f* and C can be expressed as
y:[;l], p*=(FTC'F)"'FTA7'y, and C
h

_ { a7 Ry (x1,%1) poiR;(x1,x) (4.65)
poiR(x,x,) P20 R (X, Xn) + 7R (X, X1)

The MSE of prediction is
p(x) =c + uT(FchlF)flu —cIc e (4.66)

where u = FTC'c — f and ¢ = p*07 + 73

4.3.2 Extended Co-Kriging Approaches

4.3.2.1 Hierarchical Kriging (HK) Approach

In this subsection, the hierarchical kriging (HK) method proposed by Han and
Gortz (2012) is reviewed. In HK, the LF model is used to capture the general trend
of the HF model, whereas the HF samples are used for calibration. The HK for-
mulation can be expressed as

YMF(x) = ym(X) —I—Z(x) (467)

where y,,(x) = ¥y (x) is the global trend function. Here, y;r(x) is the LF surrogate
model, which is built as a kriging surrogate model with the LF sample data. f3, is a
scaling factor indicating the influence of the LF model on the predictions of the HF
model. Z(x) is a stationary random process with zero mean and a covariance of

Cov[Z(x),Z(x")] = ¢’R(x,x") (4.68)

where ¢ is the process standard deviation determining the overall magnitude of the
variance. R(x,x") = [[;_, Re(Ok,xx — xy) is the spatial correlation function, which
depends only on the Euclidean distance between two sites, x and x'. 0 =
(0y,...,0,) is the unknown correlation vector to be determined. In this study, a

Gaussian correlation function is adopted, which is given below:
Rie(0g,x¢ — x'5) = exp(—0 (xx — x'1)%) (4.69)

Generally, 0 is obtained using maximum likelihood estimation. The likelihood
function can be formulated as
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L(Y, — BF) R (Y, — BoF)"

1
Ve 2 7 >

where Y, are the actual responses at the HF sample points and F =

L(By, 0%, 0) = (4.70)

D (x)) - - f( jzlfo)]T is the vector of the values predicted by the LF surrogate model
at the HF sample points x;, = (x,ll,. .., X}}). The corresponding maximum likelihood

estimates of the coefficient f3, and the process variances ¢ are expressed as (Han
and Gortz 2012)

Bo(0) = (FTR™'F)'F'R" 'Y, (4.71)

1 _
*(0.Bo) =~ (Yo = BoF) 'R~ (Y), — foF) (4.72)
where R := (R(x§17x£))iJ € R™" is the correlation matrix and r := (R(x},x)), € R"
is the correlation vector between an unobserved point x and the HF sample points.

Upon substituting Egs. (4.71) and (4.72) into Eq. (4.70) and taking the loga-
rithm, the following expression remains to be maximized:

max ¢(@) = —nlna>(0) — In|R(0
$(6) = ~nnc*(0) ~ niR(0) -
s.t.0 >0
where @ denotes the vector of @, which is a function of both ¢ and R.

Finally, the HK predictor for unobserved points can be written as (Han and
Gortz 2012)

ymf(x) = ﬁ()j’lf(x) +rT(x)R_l(Yh — BoF) (4-74)

4.3.2.2 An Improved HK Approach

In HK, the scaling factor f3, is a constant, which indicates that the proportional
relation between the HF and LF models is the same throughout the whole design
space. However, in reality, the specific relationship between the HF and LF models
is unknown and may vary at different points. Therefore, using a constant to express
this relationship is not sufficiently accurate. Furthermore, f3, is calculated based
only on the initial sample points, which are highly correlated with the method used
to select them. In fact, when generating initial sample points, designers generally
attempt to ensure that their distribution will be as homogeneous as possible to cover
a wider area; consequently, however, the areas close to the global or local
maximum/minimum may not be covered, meaning that HK is unable to provide a
reasonable prediction in these areas. Based on these considerations, an improved
hierarchical kriging (IHK) model is proposed to address this problem.
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The THK formulation can be represented as follows:
Y (x) = h(x)yy(x) + z(x) (4.75)

Here, h(x) is a response surface model with the following expression:

hx)=Po+ D Bxit D B (4.76)
i=1

1<j<k<n

where n denotes the dimensionality of the design space; x;, x;, x; are different design
variables and f3;, f§;; are the coefficients in front of them. The other parameters are
the same as in HK. In THK, the value of the global trend function (x) varies with
the predictor and thus can express the relationship between the HF and LF functions
more specifically; consequently, IHK shows better global performance than HK
does. Below, the solution procedure for IHK will be demonstrated in a 2D case; the
same procedure is also applicable in higher dimensional cases.

Model solving

The IHK model has the following expression in the 2D case:

F(x1,%2) = (By + Bax1 + Baxa + Baxi + Bsx1x2 + Bex3) P (x1,X2) + 2(x1, x2)
(4.77)

It can also be written as
y(x) =f()" B +2(x) (4.78)
where
B=1Bib2-- B
F) = Lfffs Sl

= [5’1}‘()51,)62) xlj’lf(xlax2) Xzf’lf(h»h) x%ylf(xlaxz)xlxﬁ’lf(xhxﬁ xgj’lf(xla)ﬁ)]

Higher dimensional problems can also be written in the same form as that of
Eq. (4.77). The expression for IHK is similar to that for universal kriging; therefore,
the solution method for universal kriging can also be used here. Under the
assumption that the response of the HF model can be approximated as a linear
combination of the chosen HF data y,, the IHK predictor can be written as

I(x) = why, (4.79)

where w = [w(l), ... w"] is a vector of weight coefficients associated with the
sampled HF data. Then, by replacing y, = [y(!), .. .,y(”)]T with random quantities
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Y,=1[Y OIS ¢ (”)]T, the error between the predicted and true responses can be
written as

3(x) = y(x) =w'Y - y(x)
=wl(FB+Z) — (f(x)" p+2) (4.80)

=w'Z -2+ (F'w—f(x)'p

For the predictor to remain unbiased, it is necessary that F7w — f(x) = 0; thus,

(4.81)
Subject to the constraint given in Eq. (4.81), the MSE of the predictor expressed

in Eq. (4.79), which is to be minimized, is
o (x) =E[(3(x) — y(x))’]
—E(WZ — 2)?
W'z =2)7] (4.82)
=2 +w'zz"w — 2w"Zz]
=ad*(1 + w'Rw —2wTr)

For the constrained problem, the Lagrange multiplier A can be introduced, and
the Lagrangian function for the problem of minimizing ¢ with respect to w is

Lw, ) = a*(1 +w'Rw — 2w'r) — AT (FTw — )

(4.83)
The gradient of Eq. (4.83) with respect to w is

L.(w,2) =26*(Rw —r) — FJ.

(4.84)
From the first-order necessary conditions for optimality, the following system of
equations can be obtained:

[ ;] (4.85)

F=[fW) . fa), i= -

R:= (R(x,x)),. € R™", r:= (R(x),x)), € R"

The matrix w can be obtained by solving the above equations, and the solution to
Eq. (4.85) is as follows:
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J=FTR'F)"(FTR'r - f)

- 4.86
w=R'(r—FJ) (4:89)
Hence, the IHK predictor at any unobserved x is found to be
y(x) =fTp +r"R (Y — FB*
) =f'p ( ) (4.87)

=) +rx)"y

where * = (FTR™'F)"'FTR™'Y is the coefficient of the scaling factor. Note that
for a fixed set of design data, the matrices * and y* are fixed, and they can be
calculated as part of the model-fitting process in this method. For every new x, only
the vectors f(x) and r(x) need to be computed, adding two simple products.
Because a kriging model is an interpolative Bayesian surrogate model, the MSE of
the model will be zero at all sample points. The expression for the MSE at an
unobserved point can be written as

o(x) = ?[L+(F'R'r—f) ' (FTR'F) "(FTR™'r—f) = "R 'r]  (4.88)

Although the MSE estimation for IHK highly resembles that for HK, the matrix
f here is related not only to the response of the LF model but also to the location of
the predictor. Thus, the behaviour of the LF model is also explicitly tuned here, thus
permitting a better MSE estimation than in the HK case.

Correlation model

The correlation function must be calculated during the model-building stage, and it
often has the following form:

m

R(x,x') = HRj(Q,xj —x) (4.89)

J=1

where 0 = (04, ...,0,) € R™ are the hyper-parameters to be tuned and m denotes
the dimensionality of the design space. The most popular form of this correlation
function is a Gaussian exponential function, which can be calculated as follows:

Ri(Ox, xx — x;) :eXP(—Ok‘Xk —x;c|pk)

i 4.90
R(@,x,x’):Hexp(fﬂk‘xkfxﬂpk), 1<p <2 (4.90)
k=1

A cubic spline correlation function (Lophaven et al. 2002c¢) is also often used
because it is always second-order differentiable, which is an expected characteristic
when combined with gradient information. This function is given by
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1 — 15 +308  for0<¢&.<0.2

Ri(Op,x —x) =S 1.25(1 = &)°  for 02<é <1, (491)
0 for&,>1 .
where &, :(9k|xk — x§(|
Hyper-parameter tuning strategy
The 0 = (0y,...,0,,) in Eq. (4.89) affect the attenuation rate of the correlation

function, with a larger 0 leading to a faster decrease. Generally, the unknown
parameters 0 are found using maximum likelihood estimation. The likelihood
function can be formulated as follows:

_ s\T p—1 _ x\T
L(ﬁ,GZ,H) _Mexp(_;(y Fﬁ ) RO_2 (Y Fﬁ ) ) (492)

The corresponding maximum likelihood estimates of the coefficient  and the
process variances are

px =(FTR7'F)'FTR" 'Y
1 (4.93)
o =— (Y = FB)'R(Y — Ff")

Upon substituting Eq. (4.93) into Eq. (4.92) and taking the logarithm, the fol-
lowing expression remains to be maximized:

max ¢(0) = —nIna?(0) — In|R(0
9(0) (0) = n|R(0)| o)

5.0 >0

where @ denotes the vector of 6 and both ¢ and R are functions of @. Following the

method proposed in Lophaven et al. (2002b), this problem can be solved by using a

modified version of the direct search algorithm of Hooke and Jeeves.
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Chapter 5 )
Verification Methods for Surrogate pas
Models

A surrogate model built based on a limited number of sample points will inevitably
have large prediction uncertainty. Applying such imprecise surrogate models in
design and optimization may lead to misleading predictions or optimal solutions
located in unfeasible regions (Picheny 2009). Therefore, verifying the accuracy of a
surrogate model before using it can ensure the reliability of the design. The fol-
lowing steps are often used to verify the accuracy of a surrogate model:

Step 1: Predict the response ¥ at an unobserved point. This response is the output of
the surrogate model; sometimes, it can also be the outcome of a simulation model,
mathematical formula, etc.

Step 2: Obtain the true observation y at the unobserved point. The true response y is
usually the outcome of a simulation model or physical experiment.

Step 3: Compare the predicted response § and the true observation y. The com-
parison between the two responses will reveal how close they are. Various error
methods can be used in this step, and the errors at different points can be considered
collectively to obtain an overall assessment of the model. Sometimes, qualitative
judgements can also be applied, such as graphic comparisons or hypothesis testing.

The applications of error metrics in the design optimization can be generally
classified into four cases (Acar 2015): (1) identifying regions with relatively high
uncertainty in the input domain to determine promising areas for model refinement;
(2) obtaining an overall assessment of the constructed surrogate model to be used
for prediction, uncertainty quantification or optimization; (3) for an ensemble of
surrogate models, determining the optimal weight factors for the individual sur-
rogate models; and (4) choosing the most appropriate model among the alternatives
when multiple surrogate models are available. In cases (1), (3) and (4), after the
application of error metrics for these three purposes, the general level of uncertainty
of the surrogate model should be known, but the metric values do not represent the
true error. That is, it is not necessary to evaluate the true fidelity of the surrogate
model compared with the high-fidelity (HF) simulation model or experimental
model, since evaluating the true error of a surrogate model is sometimes
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time-consuming and may require additional validation points. For example, in case
(1), only regions with relatively high uncertainty need to be detected with the error
metric, while in case (4), comparing the degree of uncertainty of one surrogate
model over the others among the alternatives is sufficient for the design task.
However, in case (2), in which the designers must decide whether to accept or reject
the constructed surrogate model, the overall accuracy of the surrogate model needs
to be known, and the metric value should be as close to the true error as possible
since the criterion for accepting a model is often set in reference to the true error.

There are many alternatives available when choosing an error metric to assess
the accuracy of a surrogate model, such as the mean square error (MSE), the mean
absolute error (MeanAE), the leave-one-out (LOO) error, the bootstrap error (BE),
the predictive estimation of model fidelity (PEMF) error and the root mean square
error (RMSE). There are many different possible criteria for classifying the existing
error metrics. For example, based on whether an additional verification sample set is
needed, these metrics can be divided into metrics that rely on testing methods and
metrics that rely on sampling methods. The former metrics evaluate the accuracy of
a surrogate model based on the same sample sets used for modelling, and the
evaluation results are highly dependent on the error metric itself. The latter metrics
require additional test samples, and their performance is mainly influenced by the
method of selecting the validation test. Moreover, metrics that rely on sampling
methods may not be affordable when the simulation cost is high. Based on the
region of the design domain in which the verification method works, the existing
methods can also be classified into methods that quantify the global error and
methods that quantify local errors (Goel et al. 2007). Methods that quantify the
global error generally include three different types (Queipo et al. 2005): split
sampling, bootstrapping and the Akaike’s information criterion (AIC) method.
Methods for measuring local errors include (1) the prediction MSE for kriging and
(2) the linear reference model (LRM) (Nguyen et al. 2011). Based on whether the
error metric depends on the specific model, the existing error metrics can addi-
tionally be roughly classified as either parametric (model-based) or distribution-free
(model-independent) metrics (Goel et al. 2009). Parametric error metrics are gen-
erally based on statistical assumptions. One example is the prediction variance
(PV) of a polynomial response surface (PRS) model, which is computed based on
the assumptions that the predictions contain normally distributed noise of zero
mean and that the variance is the same everywhere and uncorrelated. If these
assumptions are invalid, the predictions may exhibit a large error.
Model-independent error metrics can be applied to more complex problems, but
they may incur higher computational costs. Distribution-free verification methods
are not limited to any one surrogate model or specific kinds of surrogate models,
and they generally have wider applications. For other classifications of verification
models for surrogate models, readers can refer to Hyndman and Koehler (20006), Li
and Heap (2011).

In this chapter, a number of error metrics are first introduced, separated into two
different classes based on whether an additional verification sample set is needed.
Then, a review of the applications. of these error metrics in engineering design is
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presented. The performances of the metrics are investigated for problems with
various characteristics. Finally, some guidelines for selecting suitable verification
methods are provided.

5.1 Metrics Relying on Testing Methods
5.1.1 Jackknife Error

Quenouille (1949) first introduced the jackknife method, in which the bias of a
serial correlation estimator is estimated by removing part of the original sample set,
recalculating the estimator based on the remaining samples and comparing the
differences between the predicted responses. Let x;,x,...,x, denote the set of

samples, which are randomly, independently and identically distributed. H, =

Ja(x1,X2, .. .,x,) is the estimator of a parameter 0 based on this sample set of size n.
The bias of this estimator can be defined as (Miller 1974)

bias(H,) = f,(x1,X2, ..., xy) — 0 (5.1)

When sample x; is removed, the estimator for sample x; becomes H,_i; =
ﬁ,,l(xl,...,xk,l,xkﬂ, .., X,). If this process is repeated for k = 1,2,...,n until
each sample has been deleted only once, n jackknife estimators, one for each
sample, will be obtained. The jackknife predictor of the standard error can then be
expressed as (Efron and Tibshirani 1993a):

~ n—1<& _
Siack = \/ o Z(anl,k — H,)’ (5.2)

k=1

where H, = 15" | H, ;. The factor (n — 1)/n is selected to ensure that Sk i
an unbiased variance estimator of the sample mean value. As the size of the sample
set increases, the delete-1 jackknife error may begin to incur an excessive com-
putational cost; in this case, a grouped jackknife computation can be used. In the
grouped jackknife approach, the original sample set of size n is divided into p
groups of equal size (n = pg), and each time, a randomly selected group is deleted
instead of only one point. After the procedure has been repeated p times, such that
each group has been deleted once and only once, the grouped jackknife predictor of
the standard error is given as

. —1& _
SJACK,p = \/p—ZU{pI,k - Hp)z (53)
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where FIP :[%ZLHP,L,- is the same as before. The jackknife error is a

distribution-free error metric and does not require the theoretical formulas that are
needed in traditional approaches (Shao and Tu 2012).

5.1.2 Bootstrap Error (BE)

The bootstrap approach was first proposed in 1993 (Efron and Tibshirani 1993b).
There are two types of bootstrap methods: the nonparametric bootstrap method and
the parametric bootstrap method. In the parametric bootstrap method, the original
data are fitted to a certain type of distribution to estimate the shape parameters, and
sampling is then performed from the obtained distribution using the Monte Carlo
sampling method. For the nonparametric bootstrap method, there is no need to
predefine the form of the distribution, and thus, this method is more widely used.
Bootstrap observations are generally obtained through resampling with replacement
from the original sample set m times. Resampling with replacement means that for a
sample set of size n, the probability that each sample may be chosen each time is
1/n. With m sampling iterations, this sampling method may result in one original
sample, say x;, being selected all m times, while the other n — 1 samples are never
sampled. Of course, the probability of this event occurring is very small, but it is
still possible for it to happen. Let the frequencies with which the samples
X1,X2,...,X, occur in the bootstrapped sample set be denoted by fi,f>,...,fu,
respectively; these frequencies should satisfy f; +f + --- +f, = m and should
follow a multinomial distribution.

When the bootstrap method is used to verify the accuracy of a surrogate model,
through the m iterations of resampling with replacement, m bootstrapped subsets
will be obtained. For each subset, the bootstrapped samples are the training set, and
the remaining samples from the original sample set are the test set. The training set
is used to construct an intermediate surrogate model, while the test set is utilized to
validate its accuracy. Given a collection of m subsets {S1, Sy, . .., S,, }, the LOO BE
can be defined as

1<
€boot = E ; err_; (54)

This estimator is biased upwards, but the estimation error is considered to show
less variance compared with the cross-validation error. It has been found that when
this metric is applied for model selection, the bootstrap selection procedure is not
consistent, but the consistency can be improved with appropriate modifications
(Shao 1996).

Since the subsets are sampled with replacement, the probability that any given
sample point will not be chosen in each subset is (1 — 1/n)" ~ e~! ~ 0.368; the
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expected number of samples from the original data set appearing in the test set is
thus 0.632n. The 0.632 bootstrap estimation method was proposed by Efron (1983),
and the corresponding metric can be formulated as follows:

l n
Cho = > (063220 +0.368 - acc) (5.5)
i=1

where ¢0; is the error estimate for bootstrap sample i, and acc; is the re-substitution
accuracy estimate on the full data set (i.e. the accuracy on the training set). The
upward bias of the original BE is corrected by averaging it with a downwardly
biased estimator in the 62;)603; calculation. In some interpolation models, the
re-substitution error is 0 in Eq. (5.5). Therefore, the 0.632 BE can be written as

1 n
)83 — - > 0.632 - &0, (5.6)
i=1

However, in situations in which the model is severely overfitted, the estimator
625603,2 is downwardly biased because acc; = 0 in these cases. To overcome this
drawback, Efron and Tibshirani (1997) proposed the 0.632 + bootstrap metric, in
which a greater weight is assigned to the acc, term when the overfitting is larger to
obtain a less-biased compromise between the two terms in Eq. (5.5). The algorithm

for calculating egfj” is presented as Algorithm 5.1.

Algorithm 5.1: Calculating the €232 error

1. Calculate the no-information error 0. 0 can be estimated as the loss of all N2, sample pairs
(i, %;):

0= Lif®)) (i = 1,2, Neew)
pa

2. Calculate the relative overfitting rate:

R = (¢0; — ace,)/ (0 — acey)

3. The ¢):82* BE estimator is given by

)02+ — 3y 50, + (1 — 0) - acc,

where W = 0.632/(1 — 0.368 - §). The range of variation of the weight W is from 0.632 (no
overfitting) to 1 (severe overfitting)

It is important to note that when the bootstrap method is used, repeated sample
points may be obtained during the resampling process, which may lead to the
failure of kriging model construction. Therefore, a small amount of random noise is
sometimes added to the training points (Efron 1979).
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5.1.3 Cross-Validation Error

Cross-validation (CV) was originally proposed in the 1930s (Larson 1931), and it
was further developed and refined in the 1970s by Stone (Stone 1974; Salkind
2010). In the CV method, the uncertainty of a surrogate model is evaluated by
splitting the current sampling set into training data and test data. In k-fold CV, the n
sample points are divided into k disjoint subsets of equal size m = n/k. The model
is trained k times, each time using all of the subsets 7, (h = 1,2, ..., k) except one
for model training, and the remaining subset is used to calculate the prediction
error. The k-fold CV estimator is defined as the mean of the k errors calculated in
this way:

1 k 1 ~
1SS F ) 57

Jet

where f,,-(xj) is the value at sample x; predicted by the surrogate model built based
on all subsets except subset i.

The k-fold CV method is a biased estimation method; however, the bias can be
reduced by increasing the number of folds & (Kohavi 1995). Meckesheimer et al.
(2002) investigated the influence of k for different kinds of surrogate models and
suggested the use of k = 1 for low-order polynomial as well as radial basis function
(RBF) models and the use of k = 0.1n or y/n for kriging models, where n is the
number of sample points used to construct the surrogate model. Rodriguez et al.
(2010) also studied the changes in the bias and variance with different k£ values and
found that k = 2 results in the most strongly biased estimator. In their work, k = 5
or k = 10 was recommended for use in error estimation to achieve a good balance
between bias and computational cost.

Leave-one-out cross-validation (LOO-CV) is a special case of k-fold CV (Borra
and Di Ciaccio 2010). In LOO-CV, & is equal to the number of sample points #;
thus, each time, only one point is left out, and the other n — 1 points are utilized to
build the intermediate surrogate model. During the LOO validation process, n
intermediate surrogate models are built. The LOO error at point x; is the difference
between the response y_; predicted by the i-th surrogate and the true response y;.
The sum of the LOO errors at all points is referred to as the generalized
cross-validation (GCV) error, which can be formulated as follows:

k
eGey = Zbli(xi) = yi(x)] (5-8)
i=1

Based on the GCV error, the predicted residual error sum of squares (PRESS)
measure is widely used when applying the LOO-CV method to assess the accuracy
of a surrogate model (Vehtari et al. 2017). The PRESS is formulated as follows:
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=

€PRESS =

k
> i) — yilx)| (5.9)
i—1

The root mean square of the PRESS is calculated as follows:

OpRrEss = \/ eprss/k (5.10)

The main disadvantage of k-fold CV is that the k training sets are not inde-
pendent of each other, i.e. different training sets and/or test sets may contain some
of the same data. This may lead to a large variance of the CV estimator (Breiman
1996). Several researchers have attempted to estimate this variance, but it has been
shown that no biased estimator of the variance can be calculated. The LOO-CV
method can provide a nearly unbiased estimate of the generalization error of a
model. In this verification method, each point will appear in the training set k — 1
times and will appear in the test set only once. However, compared with that of the
k-fold CV error (k > 1), the variance may be increased. For a sufficiently small
sample set, the variance of the estimation may be unacceptable. To alleviate this
problem, some researchers have defined certain bounds to ensure that the perfor-
mance of LOO-CV will never be worse than that of the apparent error estimator
under weak assumptions of error stability. In addition, some bias-corrected versions
of the CV error have been proposed by Burman (1989) and Yanagihara et al.
(2006). In the first study, bias correction of the k-fold CV error was considered,
whereas the latter addressed only the bias correction of the LOO-CV error. Fushiki
(2011) defined two families that relate the k-fold CV error to the training error and
tested the performance of Burman’s method on several test problems. Another
problem with the LOO-CV error is that its value may be sensitive to a few large
individual errors. Therefore, the mean pointwise cross-validation error ratio
(PRESS-ratio) has been proposed to alleviate this problem (Goel and Stander 2009).
The formula for the PRESS-ratio is given as follows:

1 k
Oratio = % §
i=1

The LOO error at each point is scaled by the predicted response at that point;
thus, the magnitudes of the errors at all points are adjusted to a comparable level,
and more importance can be placed on smaller values.

y—i(xi) - yi(xi)

) (5.11)

5.1.4 Prediction Variance (PV)

For some specific kinds of surrogate models such as kriging models, when such a
model is used to predict the responses at unobserved points, the PV can also be
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easily calculated at the same time. The PV can be used as a metric for assessing the
accuracy of surrogate models. The PV is a local error measurement metric, with a
larger PV at a certain point indicating a larger range of uncertainty of the prediction
at that point. In a kriging model, the prediction errors at two different points are not
independent of each other, and the correlation between them is usually related to the
distance between them. The larger the distance is, the weaker the correlation. Thus,
for a point that is close to one or more sample points, the prediction error will tend
to be smaller; the error will be very high at a point that is far away from all samples;
and if a point overlaps with any point in the sample set, the prediction error at that
point will be zero. The derivation and formulas for the PV of a kriging model can
be found in Goel et al. (2009), Liu et al. (2012). For the example shown in
Fig. 5.1a, the red line is the kriging approximation, the black line is the true
function, and the pentagrams are the sample points. The blue shadowed area cor-
responds to the prediction uncertainty and represents the estimated area in which
the responses may lie. The prediction MSE at each point and the corresponding true
errors are plotted in Fig. 5.1b. Although there is some difference between the two
curves, the prediction MSE still reflects the variation tendency of the true error as
well as the rough location of the maximum error. This metric provides a rapid
alternative for assessing the model quality and can be useful for model selection or
model refinement.

The average MSE over a set of points can be used as the error metric to reflect
the overall uncertainty of a surrogate model, as shown in Eq. (5.12).

€mse = %zn: \Y 6_2(xk) (512)
k=1

where X = {x;,x,,...,x,} represents a randomly generated set of unobserved
points with n elements, and 2(x;) denotes the PV at unobserved point x;. A lower
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(a) Kriging approximation for a one (b) Kriging prediction MSE and the
dimensional problem true error

Fig. 5.1 Kriging prediction MSE for a one-dimensional problem
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emse indicates that the surrogate is more accurate. For a large number of test points
n, this error metric is equivalent to the Monte Carlo integrated MSE (IMSE) (Goel
and Stander 2009; Romero et al. 2015).

The maximum MSE at all points can be used to measure the risk of a large error
in prediction, and it can be formulated as follows:

MMSE = max,ep|mse(x)] (5.13)

where D is the design space and mse(x) is the prediction MSE at any point within
the input space. However, for problems in more than two dimensions, the areas with
the maximum prediction uncertainty are generally located on the boundaries of the
design domain. Thus, when this metric is used for model refinement, there is a
higher chance of selecting sample points at the edges of the design domain, which
may not be efficient for kriging.

5.1.5 Predictive Estimation of Model Fidelity (PEMF) Error

The PEMF method was proposed by Mehmani et al. (2015). PEMF is also a
resampling-based method, and it estimates the model fidelity within the domain of
interest. The PEMF method assesses the accuracy of a surrogate model by ana-
lysing the model error variation based on various numbers of training points.
In PEMF, intermediate surrogates are iteratively constructed using different subsets
of sample points. In each iteration, the remaining points in the whole sample set that
are not used for generating the intermediate surrogate are used to estimate the
median and maximum errors and determine their distributions. After all interme-
diate surrogate models have been constructed, a curve that reflects how the model
error changes with the sample density is obtained. Since the final surrogate model is
built based on the whole sample set, regression models are utilized to calculate the
statistical modes of the median and maximum error distributions. If a monotonic
trend (MT) criterion is satisfied by the fitted regression function for the variation of
error with sample density (VESD), this VESD function is used to predict the fidelity
of the final model. Otherwise, a stable implementation of k-fold CV (called
PEMF-based k-fold CV) is used to predict the error of the final surrogate model.
The PEMF method can be implemented using the PEMF CV toolbox (Mehmani
et al. 2015).

5.2 Metrics Relying on Sampling Methods

For metrics relying on sampling methods, additional sample points are generated in
the design space to enable a reasonable judgement about the surrogate model. The
performance of this kind of method is strongly affected by two factors. The first
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factor is the number of sample points. If the number of sample points is not
sufficiently large, the error estimation results may vary with different data sets, and
the reliability of the model will also change. Therefore, a large number of verifi-
cation samples are preferred for model verification. On the other hand, a large data
set means additional simulations, which may be prohibitive when HF simulations
are expensive. Thus, a reasonable number of verification samples must be chosen
before testing the accuracy of a surrogate model. The second factor is the method
used to generate the verification points. Generally, the random sampling method is
commonly used to measure the generalization performance of a model. Latin
hypercube sampling (LHS) has also been used by many researchers; the advantage
of this method is that the verification samples are uniformly distributed in the
design domain, enabling better estimation of the global accuracy of the surrogate
model. After the samples are obtained, various types of errors between the pre-
dictions and the corresponding observations can be calculated to measure the global
or local accuracy of the surrogate model. Several popular alternatives are briefly
introduced in this section; for additional forms of error metrics, readers can refer to
Li and Heap (2011), Franses (2016).

5.2.1 Coefficient of Determination

The coefficient of determination (R?) is a commonly used regression-based metric
for the agreement between the observed data and the predicted responses. It is
usually presented as a quantity that estimates the proportion of explained variance
present in the data (Grafton 2012). This metric can be calculated using the
following formula (Barrett 1974; Nagelkerke 1991):

S i = i)’
MRS T o
i=1\Vi = Vi

where y; is the true response, y; is the prediction for y; obtained with the constructed
surrogate model, y; is the mean of the true responses and N, is the total number of
verification samples. The same notation is also applied below for the other formulas
introduced in this section. The quantity y; — y; can be regarded as the deviation in
the worst case, i.e. the case in which there is no relation between the predictions and
the observations. The expression for this metric shows that there is no assumption
that the responses need to satisfy. When this metric is used as an indicator of the
goodness-of-fit of a surrogate model, its values are distributed in the interval [0, 1].
The larger the value is, the closer the predicted and observed responses are.
Generally, a low value (R2 < 0.5) indicates that the correlation between the pre-
dicted and true values is weak, while a moderately low value (0.5 < R? < 0.8)
indicates that the surrogate model may be not adequate or that there is substantial
error variation (possibly caused by a large measurement spread). The main
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disadvantage of this method is that a higher value of R may not indicate a more
accurate model since the R* value may also increase even when irrelevant terms are
added into the model. This problem can be partially alleviated by adopting a
modified version of the metric (Renaud and Victoria-Feser 2010):

n—1

R =1-— "
adj n—k—1

R’ (5.15)

where k is the number of predictor variables in the linear regression model (if there
is no intercept term, the denominator in the formula should be changed to n — k).

5.2.2 Mean Square Error (MSE)

The MSE is the mean of the overall squared prediction errors and can be expressed
as

Niest

> i3 (5.16)

test ;1

MSE =

An MSE equal to zero means that the estimator can perfectly predict the
response of a parameter. The smaller the MSE value is, the better the quality of the
surrogate.

5.2.3 Root Mean Square Error (RMSE)

The RMSE can be regarded as the average vertical distance of the actual obser-
vations from the fit line (Li 2010). In this method, points with larger errors tend to
be assigned higher weights by penalizing the variance. The formula for the RMSE
when evaluated at a set of test points (V) is as follows:

Niest

> i—5) (5.17)

test T1

RMSE =

Mathematically, the RMSE is the square root of the MSE. Thus, it is also a
global error metric, and a smaller value represents a higher accuracy.
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5.2.4 Maximum Absolute Error (MaxAE)

The maximum absolute error (MaxAE) is a local error metric that measures the
maximum approximation error of the surrogate model. The formula for the MaxAE
for a set of test points can be expressed as follows (Bhattacharyya 2018):

MaxAE = max(|y; — %) (i=1,2,...,Nex) (5.18)

5.2.5 Relative Maximum Absolute Error (RMAE)

The relative maximum absolute error (RMAE) is similar to the MaxAE except that
it is normalized with respect to the standard deviation. The RMAE is also a metric
that indicates the maximum local error of the surrogate model in the design space,
although sometimes the global errors represented by other metrics are good enough.
A smaller value of this metric indicates a higher local accuracy of the surrogate
model. The RMAE has the following form:

max ([y; — i)

RMAE =
STD

(l: 1;2;"'7N[€Sl) (5.19)

5.2.6 Mean Absolute Error (MeanAE)

The mean absolute error (MeanAE) is the mean value of the errors at all verification
points, with the same weight assigned to all errors. It is often regarded as the true
error of the surrogate model when sufficient verification points are considered, and
it is defined as follows:

1 Nex

T i (=12 New) (5.20)
test ;1

MeanAE =

5.2.7 Relative Average Absolute Error (RAAE)

The relative average absolute error (RAAE) was used in Jin et al. (2001) to measure
the global error of a surrogate model. The smaller the value of the RAAE is, the
more accurate the surrogate model. The RAAE is defined as follows:

l NI(’AI
RAAE = ———— i — Vi 5.21
s Rt (521)

where STD denotes the standard deviation of the predicted responses.
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5.3 Selection of Error Metrics

5.3.1 Review of Error Metrics for Surrogate Models

When multiple error metrics are available in engineering design, the question of
how to select the most appropriate one arises. The performances of various error
metrics have been tested in accordance with their application by several researchers.
For the first of the four cases regarding the application of error metrics discussed at
the beginning of this chapter, Liu et al. (2017) developed an adaptive sampling
method based on the PV, representing the local error, and the CV error, repre-
senting the global error. A dynamic balance factor was used to balance local
exploitation with global exploration. The proposed method was tested on several
benchmark examples, and the results showed that it is more efficient compared with
other alternatives and can achieve a higher accuracy with no increase in cost. Eason
and Cremaschi (2014) developed a sequential sampling method that combines
adaptive and space-filling characteristics. In this method, the jackknife method is
used to create subsets, construct surrogate models and estimate the variance of the
responses. A point with a larger PV has a higher chance to be selected as a
sequential sample. When exact simulations are expensive, it may be unaffordable to
calculate the true MAE and RMSE. Boopathy and Rumpfkeil (2014) proposed the
maximum absolute discrepancy and the root mean square discrepancy as global and
local measures, respectively, of surrogate model accuracy. Through application to a
series of analytical test problems, it was found that these two metrics show good
agreement with the actual MAE and RMSE. The proposed metrics were applied in a
training sample selection framework, and their performances were compared by
means of LHS.

For case (2), i.e. the estimation of the true fidelity of a surrogate model, Hu et al.
(2018) compared the performances of LOO, BE, PEMF and PV metrics for
quantifying the uncertainty of multi-fidelity models and found that in
low-dimensional problems, the prediction MSE shows the best performance, while
the LOO error behaves best in high-dimensional situations. Jin et al. (2001) used the
R?, RAAE and RMAE metrics to evaluate the performances of four surrogate
models and found that the RBF model performed the best with a small and scarce
sample set. Willmott and Matsuura (2005) compared the performances of the
RMSE and MeanAE and concluded that the MeanAE is a more natural error metric
than the RMSE is for reflecting the average error of a model. However, Chai and
Draxler (2014) argued that the RMSE is not ambiguous in its meaning and thus is
more suitable than the MAE for the case in which the model errors follow a normal
distribution. Zhou et al. (2017) proposed an adaptive modelling method based on
the PV obtained from the low-fidelity (LF) model and the discrepancy model,
which reflects the difference between the HF and LF models. The mean of the PV
over a set of points is used to represent the accuracy of the constructed surrogate
model and to judge whether the stopping criterion is met.
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For case (3) of the application of error metrics, i.e. selecting the optimal weights
for an ensemble of surrogate models, Viana et al. (2009) discussed the performance
of PRESSgms, Which is a metric that combines the PRESS and RMSE, for model
selection and found that PRESSgys is a good filter for screening inaccurate sur-
rogate models when there are sufficient samples. Goel et al. (2007) used the gen-
eralized mean square cross-validation error (GMSE) as a global metric for
calculating the weights of PRS, kriging and RBF models in an ensemble of sur-
rogate models, where the errors for each surrogate model at each sample point were
considered in the heuristic formulation. Acar and Rais-Rohani (2009) also sug-
gested using the GMSE as a global metric but proposed that the weights of the
different surrogate models should be selected to minimize the overall GMSE of the
ensemble, which does not depend on the pointwise accuracy. Instead of using
global error measures, Sanchez et al. (2008) proposed using the PV as a local
accuracy metric, with flexible weights for each component in the ensemble over the
design domain. Furthermore, Acar (2010) proposed the use of pointwise CV as an
alternative to the PV for local error measurement. The proposed method was tested
on several problems of varying complexity, and it was found that the two methods
showed similar performance.

When multiple alternative surrogate models are available and the designers want
to choose the best among them, i.e. case (4), error metrics are often used to obtain
an overall assessment of modelling quality. Goel and Stander (2009) applied the
RMSE, PRESS and PRESS-ratio to select the best RBF network topologies and
used the correlation coefficient, RMSE, ARE and MaxAE to evaluate the accuracy
of the constructed surrogate model. The results showed that using the PRESS-based
error metric to determine the best RBF network topology yielded the most robust
result, while the PRESS-ratio-based selection criterion behaved reasonably well,
but the method was very sensitive to the design of experiments (DoE) method
adopted. Mao et al. (2014) proposed a new LOO validation method for selecting the
best multidimensional support vector regression (SVR) model to improve the
prediction performance for multi-input multi-output problems. Compared with the
traditional LOO method, the proposed method is more efficient and robust. The
performance of the proposed method in terms of generalization performance,
numerical stability and computational cost was demonstrated on two problems.
Although the LOO approach is a very popular method for model selection (Shao
1993; Yang 2007; Arlot and Celisse 2010), it is not always the first choice for all
model selection problems. Gronau and Wagenmakers (2018) discussed some lim-
itations of Bayesian LOO-CV in the context of model selection. In addition, the
AIC and the Bayesian information criterion (BIC) were used to select among six
stock—recruitment models, and it was found that both methods worked well in this
example. When nested models are considered, however, the BIC performs better
than the AIC does (Wang and Liu 2006).
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5.3.2 Performance Comparison of Commonly Used Error
Metrics

In this section, the error estimation performances of the LOO and BE metrics,
which rely on testing methods, and the RMSE and MeanAE, which rely on sam-
pling methods, are illustrated by means of two numerical examples and a cantilever
beam design problem. In this test, the MeanAE results are regarded as representing
the true fidelity of the surrogate model, and the other three metrics are compared
with it. Several factors that may influence the evaluation results are considered,
such as the number of samples, the sampling method and the noise level. Several
general conclusions can be obtained from the results of the comparison, which can
serve as guidance for error metric selection for problems with different character-
istics. In our study, to account for the possibility of repeated points in the bootstrap
method, every design variable of the inputs was normalized. Then, a small noise
level between 0 and 1E-7 was added to the normalized inputs, while the responses
at these points remained unchanged.

Two benchmark numerical examples, namely, the two-dimensional camelback
function and the nine-variable extended Rosenbrock function (Acar 2010; Ye et al.
2018), are considered as representative low- and high-dimensional problems,
respectively. The formulas for these two problems are presented below.

Function 1 (F1): Camelback (CB) function

X4
f()ChXQ) —(4 — 21)(% —+ ?’l)x% +X1)C2 + (—4+4)C%))C§ (522)

x1 € [-3,3],x € [-2,2]

Function (F2): Extended Rosenbrock function (with nine variables)

8
frnxa, . x90) =3 (1= x)> +100(xi 1 —x7)*],x € [=5,10]  (5.23)

i=1

5.3.2.1 Influence of Sample Size

The influence of the sample size on the performances of the four error metrics is
investigated first. The errors predicted by the different error metrics and the true
errors for the problems of different dimensionalities are plotted in Fig. 5.2a—d. The
number of sample points (Nyg) was set to 5, 10, 15 and 20 times the number of
design variables, denoted by 5*ndv, 10*ndv, 15*ndv and 20*ndv, respectively, in
the figures. It is obvious that as the number of sample points increases, the model
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Fig. 5.2 Comparison of four error metrics with different numbers of sample points (F1): a kriging,
b RBF, ¢ SVR and d PRS

quality tends to improve. However, once the surrogate has already achieved a
sufficiently high accuracy, continuing to add more sample points will contribute
little to the accuracy, and the true error will remain almost the same, as shown in
Fig. 5.2d. The RMSE and LOO results show a tendency similar to that of the true
error, while the variation in the BE is very small for both problems even when the
number of HF samples is increased to four times the initial sample size. The LOO
error is always the closest to the true error in the kriging, RBF and SVR models, but
it does not perform well for the PRS model when the samples are sparse, as seen in
Figs. 5.2d and 5.3d. Thus, the LOO error metric is the best option for quantifying
the uncertainty of kriging, RBF and SVR models. For the PRS model, the RMSE
shows almost the same trend as the true error does and is very close to the true error
for both F1 and F2. Thus, the RMSE is the best option for PRS models with sample
sets of different sizes. It is worth noting that the RMSE overestimates the error of
the PRS model as well as the LOO estimates for the other three surrogate models.

5.3.2.2 Influence of Noise Level

Due to the presence of uncertainty in engineering applications, some sampling noise
may be included in the responses, which may affect the accuracy of the surrogate
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model. In this analysis, artificial noise was added to the output response value in
accordance with the following formula (Zhao and Xue 2010; Zhou et al. 2016):

Y =f(x)+16 (5.24)

where I = 0~ 15% is a scaling parameter and ¢ is a random number sampled from
the standard Gaussian distribution N ~ (0, 1). In engineering design, multiple tests
with the same input parameter values need to be implemented to determine the
noise level. Four levels of artificial noise, 0, 5, 10 and 15%, were added to the
response values at the corresponding sample points using Eq. (5.24). The accuracy
results under different levels of noise are plotted in Figs. 5.4 and 5.5.

It is obvious that in the low-dimensional case, the MeanAE values of the kriging,
RBF and SVR models are very close to each other, meaning that the accuracies of
these three models are similar, and that the PRS model is inferior to the other three
models. Among the four error metrics, the RMSE and LOO metrics always over-
estimate the models, while the BE tends to underestimate the true fidelity. For the
high-dimensional problem, it can be seen that the accuracies of the four surrogate
models are different, but the conclusions regarding the performances of the error
metrics still hold. The LOO metric almost always performs the best for the kriging,
RBF angd R models for both functions, with the exception of the results presented
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in Fig. 5.4b, where the LOO and BE metrics show similar performance. By con-
trast, the bootstrap method is the most suitable verification method for the PRS
model in both the high- and low-dimensional problems since the BE results show
the smallest offset from the MeanAE curve. In addition, the RMSE is slightly better
than the BE for all surrogate models except the PRS model, and the RMSE is
superior to the LOO error for the PRS model, as seen from Figs. 5.4d and 5.5d.

5.3.2.3 Sampling Methods

In this section, two one-shot sampling methods, the LHS method and the centroidal
Voronoi tessellation (CVT) method (Du et al. 1999), considered. LHS mainly
exhibits the projective property, while CVT primarily satisfies the space-filling
property. The number of samples was fixed to 5d for this analysis, and the calcu-
lated error metrics are presented in Figs. 5.6 and 5.7. For the problem with two
design variables, it can be seen that the RMSE and MeanAE results obtained under
the two different sampling methods are almost the same; thus, these two error
metrics are not very sensitive to different kinds of sampling methods. The RMSE is
always larger than the true error of the surrogate model. On the other hand, the
results for the two testing-method-based metrics show stark differences under LHS
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and CVT. The LOO results obtained with LHS tend to overestimate the true error
and underestimate the error obtained with the CVT sampling method, while the BE
always underestimates the fidelity of the surrogate model. Thus, the performances
of the LOO and bootstrap methods are easily influenced by the distribution of the
sample points. For the high-dimensional problem, the conclusions regarding the
LOO and BE metrics are similar to those obtained before; the only difference is that
the evaluation results for all four metrics are obviously influenced by the sampling
method. Therefore, it can be concluded that the LOO error usually overestimates
the model error in the case of sampling methods that mainly exhibit the projective
property and underestimates the accuracy of the surrogate model in the case of
sampling methods that primarily satisfy the space-filling property. The RMSE is
always larger than the true error, and the BE is smaller than the MeanAE, regardless
of the sampling method.

5.3.2.4 Efficiency and Robustness

The time needed to evaluate the model error is another important evaluation cri-
terion for error metrics. In this analysis, all tests were conducted on a computational
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platform with a 3.00 GHz Intel (R) Xeon (R) E3-1220 v5 CPU and 32 GB of
RAM. The number of sample points was fixed at 5d, and only the kriging approach
was used to build the surrogate models here. First, 100 different sample sets were
generated. Then, 100 kriging models were built based on the sample sets. Finally,
the different metrics were applied to validate the accuracy of these models. The total
time required to assess the accuracy of the kriging models for each method was
recorded. Since error metrics relying on sampling methods require additional ver-
ification samples, 100d further sample points were randomly generated for the
calculation of the RMSE and MeanAE. Most of the computational cost for the
RMSE and MeanAE was incurred for generating the verification samples, and the
time needed to calculate the metric value was very short or negligible. Therefore,
the computational costs of the RMSE and MeanAE depend on the simulation time,
and only the run times for the LOO and BE calculations are listed in Table 5.1.
The run time of the bootstrap method is approximately 36.5 times that of the
LOO method for the two-dimensional problem, whereas for the high-dimensional
problem, this factor changes to 11. Thus, the bootstrap method obviously incurs a
higher computational cost than the LOO method does. Furthermore, the run times
of the bootstrap and LOO methods increase by factors of 16.37 and 54.08,
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Table 5.1 Run times of Bootstrap LOO
different error metrics 1 269963 23789
F2 1.4243e+03 1.2864e+02

respectively, when the number of design variables increases from two to nine; thus,
the computational costs of these testing-method-based error metrics grow expo-
nentially as the dimensionality of the problem increases. However, when the
simulation cost is high, the time needed to build the intermediate surrogate models
in the bootstrap and LOO methods is minor compared with the time required for the
other methods; thus, these two methods are sometimes preferred by designers in
engineering practice.

LHS may generate different sample distributions when it is run multiple times,
which may result in a series of surrogate models with different accuracies.
Therefore, the robustness of the results obtained with the different error metrics is
also investigated here. The standard deviation of the evaluation results is selected as
the index for evaluating the variation of the errors for different sample sets. The
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higher the standard deviation is, the less robust the metric. Box plots of the four
error metrics for the two numerical examples are shown in Fig. 5.8. With regard to
the median value of the results, the LOO error is the closest to the true value in both
the low- and high-dimensional cases. However, the variation range of the LOO
results is also the largest among the four metrics in all tests (the standard deviations
of the RMSE, BE, LOO and MeanAE metrics are 13.2657, 4.0667, 19.5279 and
9.3217, respectively, for F1 and 31865.8836, 8711.2998, 54071.5815 and
25336.9871, respectively, for F2). Thus, the LOO method is the least robust under
different sample distributions, while the bootstrap method is the most robust. In
addition, the RMSE has the most similar standard deviation to that of the true
responses, meaning that the RMSE can best reflect the variation range of the true
errors.

Several conclusions can be obtained from the comparisons presented above,
which can serve as guidelines for selecting error metrics for surrogate models with
different characteristics, as summarized below.

Considering accuracy, efficiency and robustness, although the results of the LOO
method show a larger variance, this method achieves a higher accuracy across
different numbers of samples and sampling methods, is relatively fast, does not
require an additional set of verification samples and does not incur any obvious
drawback with an increasing sample size; therefore, it is still the best overall choice
among the four methods. It should be noted that the LOO method will tend to
overestimate the true fidelity of the surrogate model unless the samples used to
construct the model are generated based on sample points with the space-filling
property.

The RMSE is always higher than the true error, while the BE tends to under-
estimate the true error. When the model responses include noise, the RMSE and
LOO metrics are superior to the BE for kriging, RBF and SVR models, while the
BE is the best choice for PRS models. However, the bootstrap method incurs a very
high computational cost compared with the LOO method and therefore may not be
applicable for very high-dimensional problems or a large number of samples.
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Chapter 6 M)
Sampling Approaches Gae

The design of experiments (DoE) is a key process in constructing a surrogate
model: DoE methods are used to select the sample points at which simulations are
to be conducted. Sample points generated by different DoE methods may result in
the same surrogate model but with different accuracies; thus, allocating sample
points reasonably in the design space is important for improving the model accu-
racy while respecting a certain design cost. The classic DoE methods that are
widely used for physical experiments include factorial or fractional factorial
methods (Box and Hunter 1961; Myers et al. 2016), central composite design
(CCD) (Chen 1995; Branchu et al. 1999) and the Box—Behnken method (Box and
Behnken 1960). These methods are designed to minimize the random errors caused
by unknown (hidden) and/or uncontrolled variables in physical experiments.
However, computer simulations are generally free of such randomness; they
involve more systematic error rather than the random error encountered in physical
experiments. Thus, directly applying these classic sampling methods to computa-
tional experiments may be not appropriate due to this inherent difference. In
addition, Sacks et al. (1989) noted that some classic DoE methods, e.g. CCD and
D-optimal design, are inefficient or even inadequate for deterministic computer
simulations.

Modern DoE methods, which treat space filling of the design space as the
primary consideration, have attracted widespread attention. These modern DoE
methods can be generally classified into two categories: one-shot sampling methods
and adaptive sampling methods. In a one-shot sampling method, the samples are all
generated at the same time, and the aim of this kind of method is to fill the design
space as uniformly as possible. The advantages of one-shot sampling methods are
that they are simple and easy to implement. However, if the data provided by a
one-shot sampling method do not meet the predefined requirements set by the
designers, then a new experimental design scheme must be rearranged, and another
simulation will be conducted at the new sample points, which may incur an
additional computational cost. To overcome this problem, an adaptive sampling
method is used to transform the one-shot sampling method into a sequential optimal
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sampling process. The main idea is to generate a small number of samples as the
initial sample set and sequentially add new sample points based on the information
obtained from the existing samples. After a certain stopping criterion is reached,
such as a maximum number of sample points or a predefined surrogate model
accuracy, the sampling process will end, yielding the final sample set.

In this chapter, four widely used one-shot sampling methods are introduced in
Sect. 6.1, and adaptive sampling methods for different kinds of surrogate models
are presented in Sect. 6.2. Some novel sampling methods specifically designed for
multi-fidelity surrogate models are also discussed.

6.1 One-Shot Sampling Methods
6.1.1 Uniform Design (UD)

Uniform design (UD) is a space-filling sampling method in which the selected
points are uniformly distributed throughout the design domain. Suppose that there
are m design variables over the domain D™. The goal of UD is to select a set of n
points S, = {s1,$2,...,5,} € D" that are uniformly scattered in C*. Let M(S,)
denote a measure of the nonuniformity of the samples; then, the goal of the sam-
pling process is to find the sample set S* that has the minimum M(S). Let F(S)
denote the cumulative uniform distribution function over C*, and let F,,(S) denote
the empirical cumulative distribution function of the sample set S,. The L,-dis-
crepancy of the nonuniformity of S, can be expressed as

'
DS:) = | [ IFu(S) = F)Fas (6.1)

P = 2 is widely used; in this case, the metric becomes the L,-discrepancy. Some
variants of this metric have also been developed, such as the centred L,-discrepancy
(Fang and Lin 2003) and the star discrepancy (Fang et al. 2000). For the imple-
mentation of UD, readers can refer to the following website: http://www.math.hkbu.
edu.hk/UniformDesign.

6.1.2 Monte Carlo Sampling (MCS)

The Monte Carlo sampling (MCS) method (also known as pseudo-random sam-
pling) was developed by Metropolis and Ulam (Morris et al. 1995). It is still a
popular sampling method for black-box functions despite its computational cost.
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MCS generates pseudo-random numbers as samples and attempts to achieve space
filling of the design space through its random actions (Garud et al. 2017). However,
finite sets of pseudo-random numbers produced by various pseudo-random number
generators may exhibit clustering or leave many regions in the domain uncovered.
To solve this problem, stratified Monte Carlo sampling (SMCS) has been developed
to add an element of deterministic design into the purely chaotic MCS framework.
In SMCS, the design space is divided into non-random strata, and MCS is applied
to each stratum. MCS and SMCS have been extensively studied and applied in
various fields, e.g. mathematics (Evans and Swartz 2000), statistics (Robert and
Casella 2013) and engineering design (Mordechai 2011).

6.1.3 Latin Hypercube Design (LHD)

Latin hypercube design (LHD) was first proposed by McKay et al. (2000) in 1979,
and it has become one of the most well-known sampling methods for computational
experiments. The LHD sampling process is described as follows. For N design
variables, first construct an N-dimensional design domain [0, 1}N . Then, divide each
dimension into K bins of the same length % thus obtaining K" hypercubes. Finally,
an N-dimensional LHD of size K can be generated from the K" hypercubes. The K
samples can be arranged in a K X N matrix S = {X;,Xn,..., Xk}, where X; =
(dv,da,....,dy)(i=1,2,...,K) is the vector of the design variables. For each
column of S, no two elements from that column may fall in the same bin. Therefore,
the LHD must balance all levels of each factor in one-dimensional space. This
condition on the placement of the elements in each column of L is known as the
non-collapsing design condition, which reduces the original design space and
allows the LHD to perform uniformly well over a range of dimensions. However,
the placement across the bins is still random; consequently, the LHD approach may
not ensure adequate space filling at all times. To enhance the performance of LHD,
several optimization algorithms have been applied to improve its space-filling
property. For an overview of these algorithms, readers can refer to Garud et al.
(2017).

6.1.4 Orthogonal Array Sampling

Orthogonal array sampling (OAS) has much in common with LHD. In particular, it
utilizes a process of random placement within bins similar to that of LHD. The
difference is that OAS results in uniform sampling in any 7-dimensional projection
(T<N) of an N-dimensional domain, whereas LHD is restricted to 7 = 1. Thus,
OAS can be regarded as a generalization of LHD. The number of sample points per
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bin after projection is determined by the array index A, which has the following
formula:

i=KxBT (6.2)

where K is the number of sample points, B is the number of bins per dimension and
T is the strength of the OAS procedure. For details of the OAS construction
process, readers can refer to Owen (1992), Hedayat et al. (2012). The sampling
process in OAS is determined by four predefined parameters (K,B,T and the
dimensionality of the design domain, N), which make it less flexible than LHD.
Moreover, the randomness in the selection of bins and the placement of samples
limits the practical application of OAS. These disadvantages of OAS have been
discussed by Viana et al. (2010).

6.2 Adaptive Sequential Sampling

In an adaptive sequential sampling method, new sample points are sequentially
added to the original sample set without knowledge of their spatial distribution. The
existing adaptive sequential sampling methods can be divided into three main types
in accordance with the types of surrogate models for which they are designed, i.e.
adaptive sequential sampling methods for single surrogate models, for ensembles of
surrogate models and for multi-fidelity surrogate models.

6.2.1 For Single Surrogate Models

The adaptive sampling methods for single surrogate models are fairly simple and
have enormous potential for virtually automatic implementation. Four commonly
used adaptive sequential sampling methods, namely, the entropy approach, the
mean square error (MSE) approach, the integrated mean square error (IMSE)
approach and the cross-validation approach, are briefly introduced in this
subsection.

6.2.1.1 Entropy Approach

Lindley (1956) introduced a measure of the amount of information provided by an
experiment based on Shannon’s entropy (Shannon 1948). The expected reduction in
entropy is used as a design criterion under the Bayesian framework (Currin et al.
1988, 1991). Shewry and Wynn (1987) proved that the problem of minimizing the
expected posterior entropy can be converted into the problem of maximizing the
prior entropy for a discrete design space.
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Suppose that T is a finite set of N sites and that design site D, associated with n
samples, is evaluated to estimate the responses y(x) of T, where n<N. After the
actual responses at D are obtained, the knowledge of the predicted responses y(x)
depends on a normal distribution in (N — n) dimensions. The predicted responses
y(x) are assumed to follow a Gaussian process (GP) of mean p;, and covariance
matrix Cp; the expression for such a GP is given in Sect. 6.2. In the entropy
approach, an attempt is made to select a new sample set D’ such that the amount of
uncertainty in the predicted responses y(x) is minimized.

For a GP, maximizing the amount of information obtained from the new sample
set D' is equivalent to maximizing the determinant of the variance of y(x). The
determinant of the unconditioned covariance matrix in the Gaussian prior case has
the following form:

Ca+ PHEH" | :‘ Cot o HEhT ‘
0 1

Cy H
_‘ 0 rZZHTCAlH—i—I‘
=|Ca||?*ZH"C,'H +1]
=|Cal|[HTC'H + 72271 |25

(6.3)

where Cy is the covariance matrix of all sampling points in A = DU D’. Because
0’X is fixed, the problem of maximizing the above equation can be transformed
into the problem of finding the design site D’ that maximizes

|Cal|[HTC'H 477227 (6.4)
2

As the spatial distribution of the samples becomes increasingly diffuse, = — oo,
the problem to be solved further simplifies to the following:

max |C4||H'C'H (6.5)

However, the optimal design is highly dependent on the chosen correlation
function and regression model, which are not usually determined before the anal-
ysis. One common pragmatic solution to this problem is to adopt weaker prior
information than is desired in the analysis, for example, choosing a cubic model
rather than a linear or quadratic polynomial model.
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6.2.1.2 Mean Square Error (MSE) Approach
For a GP model, the prediction MSE at a non-test point can be calculated as

2 (x)=6*[1.0 — "R~ Yr+ (\"RF = fIYFTR'F) ' TRT'F = 1)) (6.6)

The meaning of every symbol in this expression is the same as in previous
expressions.

In the MSE approach, the unobserved point with the largest prediction MSE is
selected as the next sequential point based on the existing GP model, i.e.

max s°(x) (6.7)

The MSE approach has been proven to be a special case of the entropy approach
in which only one new sample point is selected in each stage (Jin et al. 2002).

6.2.1.3 Integrated Mean Square Error (IMSE) Approach

The IMSE approach was proposed by Sacks et al. (1989) in 1989 for the design of
computational experiments. The idea of the IMSE criterion is to determine a new
sample set D’ by minimizing the IMSE based on the observed samples D and the
corresponding GP model, i.e.

min /sz(x)dx (6.8)

Note that the expression for calculating the MSE s?(x) has a similar form to that
of Eq. (6.6), except that the observed data are replaced with A = DU D' here. The
hyper-parameters used to reflect the correlations between different points remain the
same as those in the existing GP model.

The IMSE approach differs from the MSE approach in two respects. First, the
IMSE approach uses the average MSE over the whole design space rather than the
MSE at a single point. Second, in the IMSE approach, the new sample set D’ is
determined based on both sample sets D’ and D, while in the MSE approach, it
depends only on the observed sample set D.

6.2.1.4 Cross-Validation Approach

The cross-validation approach was proposed by Jin et al. (2002) to handle surrogate
models that, unlike GP models, do not provide prediction errors, such as RBF
models. The cross-validation approach combines the leave-one-out (LOO) method
with a distance criterion. The main idea of this approach is to leave one or several
samples out and reconstruct the surrogate model using only the remaining samples.
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This process is repeated until all samples have been removed only once. Predicted
responses at point x will be provided by both the original surrogate model (¥(x))
and the updated surrogate model (y_;(x), (i =1,...,n)), where y_;(x) denotes the
prediction of the updated surrogate model when the i-th sample in D is removed.
The difference between the responses predicted by the original model and the
updated surrogate model is calculated. Then, the mean square cross-validation error
at all samples is used to quantify the prediction error:

S 6 5ty (69)

Furthermore, to avoid clustering of the new sample points, Eq. (6.9) can be
modified to consider the distance between points:

max [e(x) x min(d(x,x;))] (6.10)

where min(d(x,x;)) is the minimum distance between the next sequential sample
and the existing samples.

6.2.2 For Ensembles of Surrogate Models

The adaptive sequential sampling process for an ensemble of surrogate models is
somewhat more complex than that for a single surrogate model because it must
attempt to balance the prediction uncertainties of multiple different surrogate
models. Two sequential sampling criteria for an ensemble of surrogate models,
namely, the identification of regions of large uncertainty and the generalized
objective-oriented optimization criterion, are presented as follows.

6.2.2.1 Identification of Regions of Large Uncertainty

An important feature of a surrogate model is that it can provide prediction responses
in non-tested regions. However, prediction uncertainty is also introduced during the
model construction process, and different surrogate models may have different
uncertainties even if they are built with the same samples. An ensemble of surrogate
models can be utilized to locate regions of higher uncertainty (Goel et al. 2007).
Suppose that there are Ngy, surrogate models, the standard deviation of the pre-
diction responses at point x is defined as

NgM A X 2
Sresp (9 \/Z NSM_I i) (6.11)
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where y;(x) is the mean of the responses predicted by the Ngy, surrogate models,
that is, y(x) = S 9 (X)/NSM and y;(x) is the response predicted by the i-th sur-
rogate model.

A large standard deviation of the prediction responses indicates that the surro-
gates are highly different in the corresponding region. Thus, additional samples
should be added in this region to reduce the prediction uncertainty. It should be
noted that although a high standard deviation indicates a high prediction uncer-
tainty, a low standard deviation cannot be assumed to imply a high prediction
accuracy. It may be the case that all surrogate models provide similar prediction
responses, resulting in a low standard deviation of the predictions, but that all
surrogate models simply behave similarly poorly in the corresponding region.

6.2.2.2 Generalized Objective-Oriented Optimization Criterion

Zhou et al. (2016) proposed an active learning multi-fidelity modelling approach
based on an ensemble of surrogate models and objective-oriented sequential sam-
pling. In this approach, kriging (Xiao et al. 2012), radial basis function
(RBF) (Zhou et al. 2015a, b) and support vector regression (SVR) (Clarke et al.
2005) models are fused to map the differences between the high-fidelity (HF) and
low-fidelity (LF) models. Furthermore, an active learning strategy is introduced to
make full use of the already-acquired information on the difference characteristics
between the HF and LF models.

Suppose there are computational codes at two levels (i.e. the HF model y;, and
the LF model y;). The HF sample set is Dy = {xn1,%12, - - -;Xnn, }» and the corre-
sponding responses are yu = {yn(xn1), Yn(Xn2), - - -, Yn(Xnn,)}. The discrepancy
between the HF and LF models can be calculated as

c(xni) = yn(xni) — yi(xni) (6.12)

To make full use of the prediction capabilities of different models, the scaling
function is replaced with an ensemble of surrogate models. Kriging, RBF and SVR
models are selected to form the ensemble because each type of model possesses
unique capabilities for handling problems with different characteristics: kriging
models are useful for solving nonlinear problems, the predictions of RBF models
are robust and SVR models are more accurate for problems of high dimensionality.

The ensemble is defined as the weighted average of these three surrogate models.
Thus, the scaling function can be expressed as

o) = 3wyt (6.13)

where ¢(x) represents the predicted scaling function obtained from the ensemble
and the ¢;(x) (j = 1,2, 3) are the scaling functions predicted using the kriging, RBF
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and SVR models, respectively. The detailed forms of these three types of surrogate
models have been presented in Chap. 2.

To quantify the prediction error, an error metric called the weighted cumulative
error is proposed. To avoid additional simulation costs, the LOO error is used to
determine the prediction accuracy based on the current sample set. The weight
factors are set in accordance with the distances between each predicted point and
the corresponding existing sample point, with a closer distance resulting in a larger
weight. The weighted cumulative error at prediction point xj, is estimated as

ny

305) =Y wile—i(x;) — &)

i=1

(6.14)

where ¢(x}) represents the response predicted by the ensemble of surrogate models
based on the entire existing sample set D, = {xu,1,%12, .. ., Xnn, }, ¢—i(*}) denotes
the response predicted by the ensemble of surrogate models based on the sample set
Dy i ={xn1,. s Xi—1,Xi+1,---,Xnn, } and w; represents the weight factor reflecting
the distance between the predicted point and the sample point x; ;. w; is calculated
as

afd(xh iy x?)

S i) 6.15
P ST (6.15)

w; =

where d(x;;,x;) represents the Euclidean distance and «a is a constant coefficient
that is larger than 1.
Furthermore, to avoid sample clustering, a space-filling criterion is introduced:

> B - mean(min( Hxh, xh:,-Hz)), VxnisXnj € DN (i #£j)  (6.16)

*
et = el =

where f is the space-filling factor. A large value of f# will cause the added sample
points to be more evenly distributed, whereas a small value of § may fail to prevent
the added sample points from clustering. Based on an investigation of numerous
mathematical examples, the value of f§ is suggested to be chosen from within the
interval [0.2, 0.5].

The location of the next new sample point x}, is determined by solving a gen-
eralized objective-oriented optimization problem, which combines the error pre-
diction metric and the space-filling criterion. The generalized objective-oriented
optimization problem is expressed as follows:

i

max d(x;) = Zwi|87i(x;;) — &)

i=1
>p- mean(min(Hxh,,- — thHz))? Vxpis Xnj € Dy N (i # )
(6.17)

s.t. ||XZ — )ch,,'H2
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The above optimization problem can effectively improve the prediction accuracy
of the model and guarantee a reasonable distance between the new sample point and
the existing samples. Genetic algorithm (Coello 2000) and a penalty function
method (Homaifar et al. 1994) have been widely used to find the global minimum
for this optimization problem.

6.2.3 For Multi-fidelity Models

In this section, sequential sampling strategies for the multi-fidelity framework are
introduced. For a multi-fidelity surrogate model, the selection of the sequential
sample points should consider not only the location of each sample but also the
level of the code to be run, which corresponds to the fidelity of the model. The
selection of the next sample point depends on both the computational cost and the
contribution of each code level to the prediction MSE of the final surrogate model.
Three sequential adaptive sampling methods are presented in this section: the
equivalent computational cost approach, which can provide the optimal combina-
tion of LF and HF samples according to the cost ratio between the HF and LF
models, and the one-point-at-a-time sequential co-kriging and batch sequential
co-kriging approach, which can be used to determine the location(s) and level(s) of
one newly added point or several newly added points, respectively, for a co-kriging
model of s levels.

6.2.3.1 Equivalent Computational Cost Approach

To solve the problems of sequentially selecting the locations of LF and HF samples
for a multi-fidelity surrogate model, and determining the optimal combination of LF
and HF samples given a fixed computational budget and cost ratio, Zhou et al.
(2017) proposed the equivalent computational cost approach. In the proposed
approach, a single HF sample or several LF samples with the same cost ratio are
selected to update a multi-fidelity surrogate model. The decision is made based on
which choice has the greater ability to improve the prediction accuracy.

In the equivalent computational cost approach, the multi-fidelity surrogate model
is built based on an additive LF GP model and a discrepancy GP model based on
the discrepancies between the LF and HF responses. The multi-fidelity surrogate
model can be expressed as

j}h(x) = )AJZ(X) + 5()6) (618)

where the GP models $,(x) and d(x) are assumed to be independent.
The mean prediction of the multi-fidelity surrogate model can be obtained as



6.2 Adaptive Sequential Sampling 125

m(3n(x)) = EGi(x) 1) + E(6(0)| 0 — EGr(x)[w))) (6.19)

and the corresponding prediction MSE has the following form:

() = S Gr@)y) + 5> (6() | (v — EGu(x) ) (6.20)

where s2(5;(x)|y;) and s%(8(x)|(y» — E(3:(x)|y))) are the prediction MSEs of the
LF GP model and the discrepancy GP model, respectively.

The average MSE over a set of points is used to quantify the prediction error of
the multi-fidelity surrogate model, which is calculated as

e = ;Z V2 Gn(x:)) (6.21)

where x; € D; = {x1,x2,...,%} is a point in a randomly generated test set within
the design space. This error metric is equivalent to the Monte Caro IMSE if there
are sufficient test points.

Step 1: Estimate the predicted level of improvement with LF samples

The potential prediction improvement PIL; with the addition of g LF samples,
where ¢ is a predefined cost ratio between the HF and LF models, is estimated by
updating the multi-fidelity surrogate model. The g potential LF samples are added
sequentially at the location where the prediction error is highest for the previous
surrogate model. The multi-fidelity surrogate model is updated after the selection of
every potential sample point. The sequential criterion can be expressed as follows:

find x}
max s (9, (x})) (6.22)
s.t. ||x}k — x;_,-|| > cluster threshold, x;; € D,

The constraint is imposed to avoid clustering of the sample data. For every
existing sample, the minimum Euclidean distance with respect to the other sample
data is calculated. The clustering threshold is set to half of the average Euclidean
distance.

During the sequential sampling process, for efficiency, the predicted responses at
the selected LF sample points are treated as the actual responses when updating the
correlation matrix in the multi-fidelity surrogate model. Therefore, there is no need
to obtain the true responses at the LF sample points during the sequential sampling
process. The sequential criterion is applied by means of a genetic algorithm.

After the g LF samples have been sequentially added to the LF sample set D;, the
updated average prediction MSE of the test set D, is recalculated as follows:
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1 !
== 2 (P (x; 6.23
=" ;:1 5> (9 (x:)) (6.23)
The prediction improvement level PIL; is defined as

PIL;, = (80 — el)/eo x 100% (624)

The detailed process of obtaining PIL; is presented in Algorithm 6.1.

Algorithm 6.1. Search the sequential LF samples and determine the PIL;

Input: The multi-fidelity sampling data, cost ratio g, test set D, and current prediction error eg
Output: The added LF samples and improvement level PIL;

1 Begin

2 While (i <g) do

3 x;; < Find xj; to satisfy the sequential criterion

4 D; — Update the LF input set by adding x;; into original D;

5 §;; < Obtain the prediction response at sampling point x;;

6 Y, < Update the LF sampling set by adding y;; into Y,

7 yn(x) < Update the multi-fidelity surrogate model

8i=i+1

9 end while

10 ¢; < Calculate the ¢; for the updated multi-fidelity surrogate model

11 PIL; < Calculate the prediction improvement level
12 end

Step 2: Estimate the predicted level of improvement with an HF sample

To locate the next HF sample point, the following optimization problem is utilized:

find x},
max s%(9,(x})) (6.25)
s.t. Hx;‘l - xh,,-H > cluster threshold, x;; € Dy,

which is similar to the problem for the selection of LF samples except that the
distance constraint is replaced by the distance between the next sequential point x;,
and the samples in the HF sample set Dj,.

A genetic algorithm is again used to solve the above optimization problem. The
multi-fidelity surrogate model will be updated after the location of the HF sample is
determined. In contrast to the addition of g LF samples, only one HF sample will be
added. Then, the average prediction MSE e, for the test set D, will be calculated
based on the updated multi-fidelity surrogate model.

The prediction improvement level PIL; is calculated as
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PIL;, = (6() — eh)/eo x 100% (626)

Algorithm 6.2 presents a detailed illustration of the process of obtaining the
location of the HF sample and calculating the prediction improvement level PIL;,.

Algorithm 6.2. Search the sequential HF samples and determine the PIL;,

Input: The multi-fidelity sampling data, test set D, and current prediction error e

Output: The added HF sample and improvement level PIL,

1 Begin

2 x;; + Find xj; to satisfy the optimization criterion

3 Dy, — Update the HF input set by adding xj,; into original Dy,

4 3, ; < Obtain the prediction response at sampling point xj, ;

5 Y, « Update the HF sampling set by adding J;, ; into ¥},

6 yn(x) < Update the multi-fidelity surrogate model

7 e, < Calculate the ¢;, for the updated multi-fidelity surrogate model

8 PIL;, < Calculate the prediction improvement level
9 end

Once PIL; and PIL, have been obtained, they are compared to determine
whether one HF sample or g LF samples should be added. If PIL; > PILy, then the
LF samples are determined to contribute more to improving the prediction accuracy
of the multi-fidelity surrogate model, and the obtained g sample points will be
added to the LF sample set. Otherwise, the addition of one HF sample is preferred.
The equivalent computational cost approach can assist in constructing a
multi-fidelity surrogate model of high accuracy by identifying the optimal HF-to-LF
sample size ratio and the optimal sample locations.

6.2.3.2 One-Point-at-a-Time Sequential Co-Kriging

This criterion was proposed by Gratiet et al. (Gratiet and Cannamela 2012; Le
Gratiet and Cannamela 2015) for determining the locations of sequential sample
points for a co-kriging model of s levels. Code level 1 corresponds to the model that
is the most inaccurate, while code level s denotes the model with the highest
accuracy.

For a model of code level s, a new point x,,, can be selected by solving the
following optimization problem:

Xpew = arg maxk, (x) (6.27)
AX K,

where ky(x) is the prediction variance at point x. Thus, the next simulation is
conducted at the point where the prediction MSE of the model is at its maximum.
For two models of successive code levels [ — 1 and [, the sequential procedure is
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modified to determine at which of the two levels the next simulation should be
conducted.

For a co-kriging model constructed from GP models ¢, (I = 1,...,s), the pre-
diction MSE of model §; at point x can be written as

kn, (%) = Pk, () + 05, () (6.28)

and

aﬂw=ﬁ<rwmaf ") ( 4 ﬁ)”(zg)) (629)

where the meanings of the correlation matrix /;(x), r;(x), H; and R; are the same as
in Chap. 4. It can also be easily found that 65 = k; (x,x). Then, the prediction
MSE of y;(x) (I=1,...,s) can be expressed as

AN (6.30)

i=1

where the kernels {r;(x,x’;0;)},_; _ are functions of the known hyper-parameters
{0i},_, . 5 which represent the characteristic length scales of the kernels

(Rasmussen 2004) and are often calculated using the maximum likelihood esti-
mation method. The IMSE at level / can be written as

IMSE' = /Q k, (x) dx (6.31)

Then, the reduction in the IMSE when a new point x,,,, is added at level / can be
approximated as follows:

] m

IMSE,y(Xuew) = 0% (Xnew H o7 [T 0 (6.32)
Jj=i

i=1 k=1

where 0, = (0,,07,...,0"). The first factor, o 5 (x )H _; p;, represents the contri-
bution of the prediction error of GP model J; to the variance of the co-kriging
model. The second factor, [];", Hf, reflects the influence of the new point x,,,, on
the GP model of level /. It has been proven that the reduction in 6%1 = 0 o%l (x)dx is

of the same order of magnitude as the product of 63 (Xye,) and JT;, 0.
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Suppose that the cost ratio between the models of code levels [ and [ — 1 is
Cii—1- The model of level [—1 is more worthwhile to run when
Cij1-1IMSEL, | (Xpew) > IMSE, ;(Xyer). Otherwise, the model of level I (i.e. y(x))
will be selected. Based on this criterion, the one-at-a-time sequential co-kriging
process is specified as shown in Algorithm 6.3. This process can balance the effects
of both the computational cost and the contributions of models at different levels to
the co-kriging variance.

Algorithm 6.3 one-point-at-a-time sequential Co-kriging

1 Find x,.,, by maximizing k), (x)
2forl=2,...,sdo
3 if (a3, (x) <@3,) then

4 Run y;_| (Xpey) end for

5 else
6 if (Cyj1—1IMSE!,} (xXuew) > IMSE!

red

(Xpew)) then

7 Run y;_1 (Xpe) end for
8 end if

9 end if

10 end for

11 if (I = s) then

12 Run yl(xnew)

13 end if

Two models of successive levels [ — 1 and [ are evaluated in Algorithm 6.3. The
sequential procedure begins at levels one and two and then proceeds to levels two
and three, and so on. The loop stops if the model at level [ — 1 is more promising
than the model at level /, and the responses y1(Xpew ), - - -, Vi1 (Xnew) are evaluated.
The algorithm tends to estimate models of lower fidelity because the loop starts at
level 1 and proceeds to level s. There is no need to update the hyper-parameters
{0,067} i—1,..s during the loop; they are estimated based on maximum likelihood
estimation when the loop stops. The purpose of the first test criterion, agl (x) < 6§l, is
to check whether the point x,,,, is worthwhile to evaluate for the model of level /.
The second criterion, Cy;_IMSEL, ] (Xuew) > IMSE!,;(Xsen), is used to check which
model is more promising between code levels [ — 1 and /. If the model at level [ has
greater potential than the model at level [ — 1, it will be compared with the model at
the following code level / 4 1. Algorithm 6.3 is repeated until the desired prediction
accuracy of the co-kriging model is reached or the computational budget is
exhausted.

Above, it is assumed that the computational burden monotonically increases
with the model level. However, this assumption can be abandoned; in this case, the
models at all levels need to be evaluated instead of stopping as soon as level [ — 1 is
more promising than level /. In this situation, the most promising model can be
determined by minimizing the following quantity:
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11 Cis1/iIMSELy(xser,) (6.33)

i=l

where C,_ 1/, = 1. This quantity represents the potential reduction in the prediction
uncertainty at code level [ given the same computational cost as that of obtaining a
sample at the highest level. It should be noted that the MSE may not reflect the true
error of the model; in this case, the cross-validation error can be used. For more
details, readers can refer to Le Gratiet and Cannamela (2015).

6.2.3.3 Batch Sequential Co-Kriging

In this section, the sequential sampling process for a co-kriging model is extended
to consider the addition of g points at a time (Gratiet and Cannamela 2012; Le
Gratiet and Cannamela 2015). The principle is demonstrated as follows. g; new
samples are selected for the model of the [ - th fidelity level; the details of the
method used to select the samples are shown in Algorithm 6.4. Then, these points
are assumed to be known for models y;_; (x), . .., y;(x), and g;_; new sample points
for model y;_; are determined using the same method. It should be noted that the
co-kriging variances are computed independently of the observations, and there is
no need to evaluate y,_i(x),...,y1(x) at the ¢; new sample points. Next, the

sequential process loops from level [ — 2 to level 1. Finally, a total of Zgzj g; points

are added to level j during the loop. The locations of these points {g1, ¢2, . . .,q;} are
determined as those that offer the largest potential uncertainty reduction subject to a
predefined computational budget limitation. The total computational burden here is

! !

T= Zj:l i qit; (634)
where f; (j=1,...,s) represents the computational cost of evaluating
yi(x) j=1,...,5). The procedure for adding g points at a time is shown in

Algorithm 6.4.

Algorithm 6.4 (g;),_, _, points at-a-time sequential co-kriging

1 Allocate {qi,...,q:} such that Z/l: . Zi:j qitj is equal to predefined budget T

,,,,,

3 Generate Nj;c),c samples with respect to k. (x)

4 Solve N! = maxy > min,¢ oy s7(x) to find the N’ cluster (C})_,

5 Select from (C}),_; i the g; points (x,,,,;);_; _, by maximizing &, ,;(x)
6form=1-—1,...,1do

7 Compute k™ !
T + Ziwq q

(x) after adding the new points ((x/,,,);_,

(continued)
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(continued)

Algorithm 6.4 (g;)

i—1_, points at-a-time sequential co-kriging

8 Generate N}, samples with respect to k™ ' (x)
N + Zx i=m+ 1 g
9 Find the N™ cluster centres (C}"),_; __y» such that N"' = maxy > 4, min,e(cm), & Ly (x)
i=m+ 1 q

..........

10 Select from (C}"),_; _yu the g, points (xy,,, ),y _, by maximizing K o adj(x)*
" i=m]

11 end for
The term k™ RS (x) in Algorithm 6.4 represents the prediction MSE of
M i=m+ 1 q
Yy (x) conditioned on ((x),, )i .. ¢)j=m+1,.q When the hyper-parameters

(62),_, , and (0;),_, , are treated as known. Moreover, k" (x)* is
o yeee n,

1 .
m+ Ei:m+lqt

the adjustment to k™ (x) when leave-one-out cross-validation (LOO-CV)

+ Zi’:m+l qi
is adopted. The expression for k™ (x)" has the following form:

T + Z:‘:erl q

! m
m K * ni (eLoo—cv.i(xij) — pi_ 800c:1x11
T 3 L (T y B AR C
6.35

=1 U sioo—cv.i(4ii) = PEisioo—cv,im1 (Kie1s) i

where &00—cv i(x;;) and S%OO—CV,i(xi ;) represent the LOO-CV error and variance,
respectively. A Gaussian jumping distribution with the corresponding standard
deviation is used for the Metropolis—Hastings procedure, and the acceptance rate is
approximately 30% (Roberts et al. 1997). The specific definitions of &,00—cv i(xi;)
and 700 _cy (xi;) are provided as follows.

For model level I, the models at lower levels are considered to satisfy
D, CD;_C---CD;. éj is defined as the index of D; corresponding to the i-th point
x; of Dy, with 1 <j<[. The LOO-CV error &,00—cv(x;;) at level [ and point x;;
can be calculated as follows:

eLoo—cvi(X1i) = Pr_1€Loo—cvi—1 (%) + [Rl_l <yz —H (plﬁ_ll ))] /[Rl_l] 6
&
(6.36)

where

b _
( ; 1) = (H[ o KiHy ) 'H_ Ky, and

K= [Rl_l]*fzﬁfz_ [Rl_l]*fzwfz [Rl_l]ftﬁfz/ [Rl_l]izyit
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Similarly, the LOO-CV variance SiOO—CV,l(xi j) can be computed as follows:

2 22 2 -1
Stoo-cva(Xii) = Pi15100-cv—1(%1i) +‘Y5;,7£1/[Rl ]cjl,cjl +a (6.37)

with ¢, = 2 (Hli @KZHH) cw =R 'H]_/[R"], . and

A T 0
o . -1 - ¢ .
- (yz,q, Hl-,€/< ﬁl )) Ks(}’l.g/ Hl,€/< ﬁl )) (6.38)

o7 =
b=t m—p—2

where HZ:—CTI = [yl.*iz Fl,*il ]
Moreover, the following quantity is considered:

IMSE’”"IZ:‘I Z Z new r H pjz H 0;,{ (639)
i=1 r=1 j=i
The allocation {qy,...,q;} is determined by solving the following optimization

problem:

{91, aqi} = arg{ma?;[}IMSE,edqsuch that Z Z qit;=T (6.40)

This optimization problem is usually very complex to solve, and suboptimal
solutions are often adopted. The possible allocations can be fully explored when the
number of code levels and the budget are relatively small.
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Chapter 7 )
Surrogate-Model-Based Design pas
and Optimization

7.1 Surrogate-Model-Based Deterministic Design
Optimization

Since most engineering design problems involve time-consuming simulations and
analysis, surrogate models are often used for fast calculations, sensitivity analysis,
exploring the design space and supporting optimal design (Sacks et al. 1989;
Gutmann 2001; Hsu et al. 2003; Clarke et al. 2005; Martin and Simpson 2005;
Chen and Cheng 2010; Sun et al. 2011; Kitayama et al. 2013; Long et al. 2015).
Surrogate models are also widely used in design optimization (Gu 2001; Simpson
et al. 2004; Wang and Shan 2007; Forrester and Keane 2009; Viana et al. 2014).
The easiest way is to construct surrogate models in advance for time-consuming
objective functions and constraints. Then, a heuristic optimization algorithm (such
as a genetic algorithm (GA) or particle swarm optimization) is used to solve the
optimization problem based on the surrogate models (Jin 2011; Tang et al. 2013).
During this process, each surrogate model remains fixed and acts as a fast simulator
for the corresponding objective function or constraint. The accuracy of the final
optimal solution depends on the accuracy of the constructed surrogate models.
Since the optimal solution to the original problem is not known in advance, the
designer must ensure that each surrogate model has a high prediction accuracy
throughout the entire design space to ensure that the corresponding optimal solution
will be close to the true optimal solution to the original problem. Consequently,
surrogate model construction requires the calculation of a large number of sample
points.

In addition, there is another way to construct surrogate models by means of
surrogate-assisted meta-heuristic algorithms (Jin et al. 2002; Jin 2005; Le et al.
2013; Regis 2013; Mlakar et al. 2015; Akhtar and Shoemaker 2016), which
dynamically update the surrogate models throughout their evolutionary processes.
The surrogate models in surrogate-assisted meta-heuristic algorithms are used for
two main purposes: (1) to guide the generation of the initial population and to
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perform cross-mutation operations and (2) to approximate the fitness values of
some individuals or populations. During the evolutionary process, the surrogate
models are updated with the true responses of the new individuals. In
surrogate-assisted meta-heuristic algorithms, surrogate models are used only as
auxiliary tools for prediction and approximation during the evolutionary process.
The process of a surrogate-assisted meta-heuristic algorithm is still based on the
framework of traditional meta-heuristic algorithms, and optimization is carried out
through the evolution of the population. Compared with traditional meta-heuristic
algorithms, surrogate models can reduce the need for time-consuming simulations.
However, since the optimization process is still based on the evolution of popu-
lation, there is a limit on the reduction in the time consumption for simulations that
can be achieved by using surrogate models. That is, a surrogate-assisted
meta-heuristic algorithm still requires large numbers of calculations of the objec-
tive function and constraints to obtain a reliable optimal solution.

The third way to construct surrogate models is to use a surrogate-based opti-
mization (SBO) algorithm (Schonlau 1997; Jones et al. 1998; Gary Wang et al.
2001; Jones 2001; Wang 2003; Wang et al. 2004; Regis and Shoemaker 2005; Shan
and Wang 2005; Regis and Shoemaker 2007; Forrester et al. 2008; Sharif et al.
2008; Regis and Shoemaker 2013; Yondo et al. 2018). Such algorithms are com-
pletely different from meta-heuristic algorithms. They rely only on the information
provided by the surrogate model to explore and optimize the original problem by
continuously supplementing and updating the sample points. An SBO algorithm is
very cautious in selecting each updated point. The information of the surrogate
model is usually fully explored and analysed to balance the relationship between the
global search (adding updated sample points in areas with few sample points) and
the local search (adding updated sample points near the current optimal solution).
Finally, the point with the most potential is selected as the next sample point.
Because SBO algorithms can make full use of the information of the surrogate
model and fully exploit the potential for improvement provided by each new sample
point, they often require fewer calculations of the objective function and constraints
than surrogate-assisted meta-heuristic algorithms to find the optimal solution of the
original problem. Consequently, scholars have shown great interest in research on
SBO algorithms: the types of surrogate models used, the infill criteria for selecting
updated sample points, the algorithm procedures, etc. The general flowchart of an
SBO algorithm is shown in Fig. 7.1. A small number of initial sample points are
generated to construct the initial surrogate model at first. New sample points are
selected based on certain specific infill criteria to update the surrogate model until
the iterative process is terminated. The number of sample points and the surrogate
model itself are constantly changing throughout the iterative process.

In SBO algorithms, the selection of the updated sample points directly affects the
final optimization results and computational efficiency. The existing researches
indicate that the updated sample points can be selected based on several commonly
used infill criteria, which can be divided into three main categories (Sobester et al.
2005; Ponweiser et al. 2008; Liu et al. 2012; Parr et al. 2012):
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Step 1: Initial DOE sampling

v

Step 2: Building surrogate model |«

v

Step 3: Selecting updating sample
point based on infill criteria
* Step 6: Adding
updating sample
Step 4: Calculating the true value point into sample set
of updating sample point A

Step 5: Is the
opping criteria met?

Step 7: Output the optimal
solution

End

Fig. 7.1 The flowchart of the SBO algorithm

(1) Local infill criteria:

The most commonly used local infill criterion is to minimize the response surface
criterion. The local exploitation with such a criterion is excellent, and the speed of
convergence is fast, but the optimization process can easily fall into a locally
optimal solution. However, this criterion can be adapted for application to any
surrogate model.

(2) Global infill criteria:

The global exploration performance of global infill criteria is good. However, their
ability to drive local exploitation is weak. The accuracy of the final optimal solution
cannot be guaranteed, and the overall number of calculations is large.
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(3) Infill criteria balancing global exploration and local exploitation:

Such criteria can be regarded as attempting to fill in the gaps between existing
sample points to build a surrogate model that is accurate throughout the design
space. For example, a kriging model yields not only the prediction response value at
a design point but also the corresponding prediction variance. The prediction
variance can be used to represent the uncertainty of the prediction of the kriging
model at this design point. It also describes the sparseness of the sample points in
the neighbourhood where the design point is located. The larger the prediction
variance is, the fewer sample points there are in the neighbourhood of the current
design point, and the more inaccurate the kriging model is for predictions in this
region. Thus, the number of sample points can be appropriately increased in this
region to realize more effective exploration of the region with the kriging model.
Since kriging models can provide both prediction response values and variances at
the design points, scholars have proposed a variety of infill criteria to balance the
relationship between global exploration and local exploitation.

In this chapter, three different kinds of commonly used infill criteria balancing
the relationship between global exploration and local exploitation are introduced:
the expected improvement criterion (Alexandrov et al. 1998; Sasena 2002; Huang
et al. 2006b; Forrester et al. 2006; Kleijnen et al. 2012; Xiao et al. 2012, 2013;
Chaudhuri and Haftka 2014), the probability of improvement (PI) criterion (Keane
2006; Viana and Haftka 2010; Couckuyt et al. 2014) and the lower confidence
bound (LCB) criterion (Laurenceau et al. 2010; Srinivas et al. 2012; Desautels et al.
2014; Zheng et al. 2016). In addition, some improved forms of these infill criteria
that can be used to solve constrained optimization problems are also demonstrated
(Audet et al. 2000; Sasena et al. 2002; Basudhar et al. 2012). We will use a kriging
model as an illustration. Figure 7.2 shows the kriging model for the following
one-dimensional function (Forrester et al. 2008): f(x) = (6x — 2)’sin(12x — 4).
The sample points are selected to be [0.0, 0.333, 0.667, 1.0]. The solid red line
represents the true function. The four sample points are denoted by dots. The

Fig. 7.2 Kriging model for a 20 T T T T 40
one-dimensional function

True function
= = = Kriging surrogate model
---- Prediction error /130
10F o Sample points
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dashed black line represents the response values predicted by the kriging model,
and the blue dotted line represents the prediction error. In Fig. 7.2, the left axis is
used to represent the values of the true function, the sample points and the
responses predicted by the kriging model, while the right axis shows the prediction
error of the kriging model. The kriging predictor accurately passes through each
sample point, and the error at each sample point is zero, indicating that the kriging
model is an interpolation model. The kriging predictor provides not only the pre-
dicted response value y(x) at any point but also the corresponding prediction error
s(x). By virtue of these beneficial characteristics of kriging models, the trusted
region for each prediction response value is known. Additionally, kriging models
can be widely used in surrogate-model-assisted design optimization.

7.1.1 Expected Improvement Criteria

The expected improvement (EI) criterion was first proposed by Schonlau and Jones
(Schonlau 1997; Jones et al. 1998) for the sequence update algorithm. Additionally,
the constrained expected improvement (CEI) criterion introduced in Schonlau’s
doctoral dissertation (Schonlau 1997) can be used to solve constrained optimization
problems. The EI criterion is one of the most widely studied infill criteria for
kriging models that are used to approximate time-consuming objective functions
and constraint functions. The prediction response values and errors provided by a
kriging model are useful in determining the update criteria (the EI criterion and the
CEI criterion).

7.1.1.1 The Unconstrained Expected Improvement (EI) Criterion

The EI criterion is mainly used to solve time-consuming unconstrained optimization
problems. Consider the following unconstrained optimization problem:

min  f(x)
st X<x<Hi=1,2,..,n (7.1)

X = [x1,X2,. . .%,]

where 7 is the number of design variables and x! and x are the lower and upper
bounds, respectively, on design variable x;, where x§<x;‘. Since a meta-heuristic
algorithm would require thousands of calculations of the objective function, such an
algorithm cannot be directly used to solve the original problem. Therefore, a kriging
model is used to approximate the objective function of the original problem. Based
on the kriging prediction and the error function, the EI criterion is constructed. In
each iteration, the next sample point is selected in accordance with the EI criterion
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and the design space is searched by considering the new sample point, and finally,
the optimal solution to the original problem is found.

The EI criterion is essential since it determines the selection of each new sample
point and the search direction of the optimization process. For any unobserved point
x, the kriging model provides a prediction response value y(x) and its standard
deviation s(x). The main problem in designing the optimization process is deter-
mining how to use these two pieces of information provided by the kriging model to
select the most promising point as the next sample point. One possibility is to select
the point with the minimum predictive response value y(x) as the next sample point;
in this way, the area near the current optimal solution can be fully explored to
further improve the current optimal solution. However, this kind of search will
remain concentrated in a local area, which may cause the search process to become
trapped near a certain locally optimal solution to the original problem. Another
possibility is to select the point with the maximum standard deviation s(x) as the
next sample point; in this way, unknown areas can be explored to the greatest
possible extent, and the next sample point will be selected in an area where the
sample points are sparse, thus allowing the search process to escape from the
current local region. However, this kind of search is very slow, and a large number
of supplementary sample points will be required to find the optimal solution to the
original problem.

The EI criterion balances and synthesizes these two search modes (local and
global search). Any unobserved point x can be regarded as a random variable with a
normal distribution with a mean of y(x) and a standard deviation of s(x):

Y (x) ~ N(3(x),s(x)) (7.2)

Suppose that the minimum value of the objective function among the current
sample points is fiin, Which is the current optimal solution. Then, the improvement
with respect to the current optimal solution that is achieved at the unobserved point
X can also be regarded as a random variable:

I(x) = max(fmin — Y (x),0) (7.3)

In probability theory, the expected value reflects the average value of a random
variable. To evaluate the improvement, we can take the expected value of the
corresponding variable as follows:

EI(X) = E[max(fmin - Y(X)v O)]

B finin o 1 N _y(xf (7.4)
= [ 1) Vams(x) p( 2s<x>2>dY



7.1 Surrogate-Model-Based Deterministic Design Optimization 141

By solving Eq. (7.4), the following expression for the EI function can be
obtained:

BI(X) = G 50020 ) g (e 5) s

where ¢(-) and ®(-) represent the probability density function and the cumulative
distribution function, respectively, of the standard normal distribution. It can be
seen from Eq. (7.5) that the EI function is a nonlinear combination of y(x) and s(x).
The first term of the EI function increases as y(x) decreases, so it tends to select a
point with a smaller predicted response value as the next sample point. The second
term of the EI function increases as s(x) increases, so it tends to select a point with a
larger prediction variance as the next sample point. The EI function thus considers
both the smallest value of the mean and the region with the largest standard
deviation, thereby automatically balancing the exploration and development capa-
bilities of the optimization process by considering both local and global search
criteria.

Figure 7.3 shows the EI function for the previously introduced one-dimensional
function. The solid line represents the true function, the dots represent the four
sample points, the dashed line represents the kriging model built for this function,
and the dotted line represents the EI function. The left axis shows the values of the
true function, the sample points and the kriging model, while the EI function is
represented on the right axis. In, the EI function is a continuous function. The
values of the EI function at the sample points are 0, while the values at unobserved
points are greater than 0.

By taking the partial derivatives of EI(x) with respect to y(x) and s(x),
respectively, we obtain

OEI(x) o (fmin — $(x)
= CD<S(X) ) <0 (7.6)
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and

OEI(x)  (fumin — Y(X)
o5(x) ¢< ) ) >0 (7)

Equations (7.6) and (7.7) show that the EI function is monotonically decreasing
in y(x) and monotonically increasing in s(x). Accordingly, two characteristics of
the EI function can be derived as follows. For any two unobserved points x(!) and
x(?) the response values predicted by the kriging model are j/(xm) and y(x<2>),
respectively, and the predicted standard deviations of the kriging model are s (x“))

and s(x(z)), respectively. With this notation, the following characteristics of the EI
function can be described:

(1) Ifs(xM) = 5(x?) and 3(xV) <3(x(?)) are satisfied, then EI(x(V) > EI(x?)).
@) If s(xV) >s(x?) and y(xV) =3(x?) are satisfied, then EI(x(V)) >
EI(x?)).

In other words, when the next sample point is selected based on the EI criterion,
if the standard deviations of the predictions at two points are the same, then the
point with the smaller predicted response value will be selected. Similarly, if two
points have the same predicted response value, then the point with the larger
standard deviation will be selected. This property is called the monotonicity of the
EI criterion.

Since a kriging model is an interpolation model, the standard deviations of the
model predictions at all sample points are zero, i.e. s(x(i)) =0,i=1,2,...,N.
From Eq. (7.5), we know that when s(x) = 0, EI(x) = 0. That is, the values of the
EI function at the sample points are equal to zero. If x is an unobserved point, then
the standard deviation of the prediction of the kriging model at this point is greater
than zero, i.e. s(x) > 0. From Eq. (7.5), we know that when s(x) > 0, EI(x) > 0;
this means that the values of the EI function at unobserved points are greater than
zero. Therefore, when the point with the maximum value of the EI function is
selected as the next sample point in each iteration, the selected points are guar-
anteed not to be sample points (because the values of the EI function at all sample
points are zero, whereas the values at all unobserved points are greater than zero).
Thus, the new sample points selected based on the EI function must be different
from the previously selected sample points. According to the convergence criteria
of Torn and Zilinskas (T6rn and Zilinskas 1989), the selection process based on the
EI function will drive the optimization process to converge to the optimal solution
to the original problem. This property is called the convergence of the EI criterion.
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7.1.1.2 Procedures for the SBO Algorithm Driven by the EI Criterion

The procedures for the SBO algorithm driven by the EI criterion are shown in
Algorithm 7.1. This is a typical two-step SBO algorithm: the first step is to apply a
design of experiments method to generate the initial sample points, and the second
step is to iterate the loop until the stopping criterion is satisfied. Each iteration of the
SBO algorithm consists of three steps: first, constructing the kriging model based on
the set of sample points, as shown in line 2 of Algorithm 7.1; second, selecting the
point with the largest value of the EI function as the new sample point, as shown in line
3; and third, calculating the true response value at the new sample point and adding
this new point into the set of sample points, as shown in lines 4—8. The SBO algorithm
finds the optimal solution by continuously selecting and calculating new sample
points. It does not consider the overall accuracy of the kriging model. Instead, the
kriging model is used to assist in the optimization procedure. After all, finding the
optimal solution to the original problem is the ultimate goal of the SBO algorithm.

Algorithm 7.1 Procedures for the SBO algorithm driven by the EI criterion

Require: initial sample points (X,y)
Find: the optimal solution (X, )

1. while the stopping criterion is not satisfied do

2. Construct a kriging model based on the set of sample points (X,y)

3. x" =argmax EI(x)

4. Calculate the true response value y(x“')) at the new sample point x*
5. X«Xux®

6. y<«y uy(x"”)

7. Yy < min(y)
8. X erx;y(x):ymin

9. end while

Figure 7.4 shows the process of searching based on the EI criterion for the
one-dimensional function considered as an example here. Each row represents one
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round of iteration. The first row represents the initial state, and the optimal solution
to the one-dimensional function is found through six iterations. In the left column,
the red solid lines represent the true one-dimensional function, the black dashed
lines represent the constructed kriging models, the blue dots indicate the existing
sample points, and the pink dots denote the newly added sample points. In the right
column, the black solid lines represent the EI function, and the pink dots are the
points with the maximum value of the EI function, that is, the new sample points
selected based on the EI criterion. The blue dots in Fig. 7.4a are the four initial
sample points, and the dotted line represents the initial kriging model. After the
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initial kriging model is constructed, the EI function of the initial kriging model (the
black solid line in Fig. 7.4b) is used to identify the point with the maximum value
of the EI function (the pink dot in Fig. 7.4b), which is chosen as the next sample
point. Then, the true response value at the chosen sample point is calculated, and
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this point is added to the set of sample points. Then, the second round of iteration
begins. The kriging model is reconstructed (the black dashed line in Fig. 7.4c)
based on the updated set of sample points including the newly added sample point,
and the new EI function is obtained (the black solid line in Fig. 7.4d). The second
sample point is selected as the one that maximizes the EI function (the pink dot in
Fig. 7.4d). The SBO algorithm iteratively searches the design space in this way and
finally finds the optimal solution to the one-dimensional function after six iterations.

This SBO algorithm is quite different from derivative-based or meta-heuristic
optimization algorithms. The SBO algorithm does not search based on a specific
optimization path, as a derivative-based optimization algorithm does. Instead, the
design space is searched under the guidance of the EI function. There is no cor-
relation between two sequential search points (newly added sample points), and the
search process often jumps from one region to another, thus preventing it from
falling into a local optimum. In addition, the SBO algorithm does not search based
on the evolution of a population, as a meta-heuristic algorithm does, but rather
searches for the optimal solution to the original problem by finding and adding a
single point in each iteration. There are no inheritance or mutation relationships
between the search points in two successive iterations; instead, the search points are
strictly selected on the basis of the maximum value of the EI function.
Derivative-based optimization algorithms often use only the derivative information
from the current local region, while meta-heuristic optimization algorithms often
use only the information of the current population. By contrast, each selection
process in the SBO algorithm makes full use of the information from each sample
point. Based on all of the sample points, a kriging model is constructed to
approximate the original problem, and the available information about the original
problem is optimized based on the EI function.

In addition, the EI function is an analytical expression, and it is easily and
quickly calculated. In each iteration of the SBO algorithm, the EI function needs to
be optimized to select the next sample point. Since the EI function is usually a
highly nonlinear function with multiple peaks, it is often necessary to use a
meta-heuristic optimization algorithm to find its maximum value, which requires
thousands of calculations of the EI function. However, since the EI function is
easily and quickly calculated, the whole optimization process takes only a few
seconds to a few minutes. Thus, compared to time-consuming simulations, the
optimization of the EI function requires a negligible amount of time.

In general, an SBO algorithm is suitable for solving time-consuming opti-
mization problems. Compared with derivative-based optimization methods, an SBO
algorithm has better global search capabilities and does not require the derivative
information of the original problem. In addition, compared with meta-heuristic
optimization algorithms, an SBO algorithm requires only a small number of cal-
culations of the objective function, which can greatly reduce the optimization time
and improve the efficiency of optimization. In fact, an SBO algorithm is a general
optimization method and can also be used to solve non-time-consuming
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optimization problems. For non-time-consuming optimization problems, however,
the greatest advantage of the SBO algorithm (requiring only a small number of
calculations of the objective function) provides no obvious benefit, and it may be
more appropriate to use a meta-heuristic algorithm.

7.1.1.3 The Constrained Expected Improvement (CEI) Criterion

The EI criterion is mainly used for unconstrained optimization problems. However,
most practical optimization problems contain one or more constraints. A single-
objective optimization problem with constraints can be described as follows:

(7.8)

where c is the number of constraint functions. In this chapter, it is assumed that all
constraint functions can be expressed as inequality functions of the form g(x) <0.
For example, an inequality constraint function of the form g(x) >0 can be trans-
formed into —g(x) <0 by multiplying by —1, and an equality constraint function of
the form g(x) =0 can be represented by two inequality constraint functions,
g(x) > — ¢ and g(x) < +¢, where ¢ is a small positive number.

It is also assumed that both the objective function f(x) and the constraint
functions g;(x) need to be calculated by means of time-consuming simulations. For
constraint functions that are analytical expressions and quick to calculate, they can
be directly considered when maximizing the EI function. The optimization problem
of selecting the next sample point can be transformed from minimizing the
unconstrained EI function to minimizing the constrained EI function:

min EI(x)
st g, (x) <0, ju=1,2,...,u (7.9)

X = [xl,)Q, .. .xn]

where EI(x) is the unconstrained EI function, g;, represents the ju-th constraint
function with an analytical expression, and u denotes the total number of constraint
functions with analytical expressions. By contrast, if the calculation of a constraint
function involves time-consuming simulations, that constraint function cannot be
directly considered. Instead, a kriging model needs to be constructed for the con-
straint function. Thus, in the optimization process, the number of time-consuming
simulations of constraint functions can be significantly reduced. An optimization
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problem for which both the objective function and one or more constraint functions
involve time-consuming simulations can be called a time-consuming constrained
optimization problem.

Schonlau proposed the CEI criterion based on the consideration of time-consuming
constraint functions. After the initial sample points are generated, it is necessary to
calculate both the true response values { y y@ W) } of the objective function at

the sample points and the true response values {gjm, j@, e ](-N) }j =1,2,...,c,of
each constraint function at the sample points. When constructing the kriging models, it
is necessary to construct a kriging model for both the objective function and each
constraint function. For any unobserved point x, the predicted response value of the
objective function is y(x), and the predicted error is s(x). The predicted response value
of the j-th constraint function is g;(x), and the predicted error is e;(x). That is, the

objective function is a random variable that satisfies.
Y (x) ~ N (3(x), s(x)) (7.10)
The j-th constraint function is also a random variable and satisfies

Gj(x)NN(gj(x),ej(x)),j: 1,2,...,c (7.11)

Schonlau defines an improved function that satisfies all constraint functions as
follows:

I(X) — max(flrlin - Y<X)’O)’ if G/(X) <0 for{ =L2,..,¢ (7.12)
0 otherwise

where f;.  is the minimum value of the objective function in the current set of sample
points that satisfies all constraint functions. The physical meaning of the improved
constraint function is that when x satisfies all constraint functions, the value of the
improved function is max (f;, — ¥(x),0), and when x does not satisfy all constraint
functions, i.e. at least one constraint function is not satisfied, the value of the improved
function is 0. It is assumed that the objective function Y(x) and each constraint
function G;(x) are independent of each other. Thus, the CEI criterion is formulated as

CEI(x) = EI(x) x ﬁ Pr(G;(x) <0)

= [ st () e () o (55
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where EI(x) is the EI function without considering the constraint functions and
Pr (Gj (x) < 0) is the probability that the point x satisfies the j-th constraint function.
Thus, [];_, Pr(G;(x) <0) is the probability that the point x satisfies all constraint

functions. Usually, the probability that the point x satisfies all constraint functions is
called the probability of feasibility (PoF):

PoF(x) = U Pr(Gj(x) <0) = H @ (g’f (")) (7.14)

j=1 €j(X)

The first factor of the CEI criterion (in Eq. (7.13)) tends to select a point where
the expected improvement is large, while the second factor tends to select a point
where the PoF is large. By considering the product of these two factors, the CEI
criterion selects a point that is likely to satisfy all constraint functions and also has a
large expected improvement as the next sample point. To demonstrate the opti-
mization properties of the CEI criterion, the Branin optimization problem is revised
by adding only one simple constraint (Forrester et al. 2008):

5.1 5 : 1
f= x2——2x2—|——x1—6 + 10| 1 ——=— | cosx; + 1|+ 5xq,
4z i 87

g=—x1x+20<0
X1 € [—5, 10],)62 S [O, 15]

(7.15)

Figure 7.5a depicts the constrained Branin optimization problem, where the
solid line represents the contour of the objective function. The boundary repre-
sented by the blue solid line indicates where the constraint function is equal to zero.
The lower left area is the infeasible region, while the upper right area represents the
feasible region. The blue star denotes the globally optimal feasible solution to the
constrained Branin optimization problem, which is located on the boundary of the
constraint function.

Figure 7.5b—d shows the contours of the EI function, the PoF function and the
CEI function for the constrained Branin optimization problem. The more darkly an
area is coloured, the larger the function value in that area. The white dots represent
the sample points used to build the kriging model. In Fig. 7.5b, the positions of the
three peaks of the EI function are very close to the positions of the three minimum
values of the objective function of the constrained Branin optimization problem,
which means that the EI function can best search the objective space. As shown in
Fig. 7.5¢, the PoF function can accurately approximate the constraint function. The
value of the PoF function in the lower left infeasible region is 0, while the value in
the upper right feasible region is 1. Additionally, near the constraint boundary
between the lower left and the upper right, the value of the PoF function changes



150 7 Surrogate-Model-Based Design and Optimization

{c) the PoF function (d) the CEI function

Fig. 7.5 The constrained Branin problem and its corresponding EI, PoF and CEI functions

sharply from O to 1. The CEI function shown in Fig. 7.5d is the product of the EI
function and the PoF function, meaning that it considers both the objective function
and the constraint function. In Fig. 7.5, it can be seen that the peak area on the right
of the CEI function is very close to the true optimal feasible solution to the con-
strained Branin problem, which means that the CEI criterion can be effectively used
to search for the optimal solution to the constrained Branin problem.

The CEI criterion is the main criterion used for constrained optimization prob-
lems. However, when there is no feasible solution in the set of sample points, the
constrained SBO algorithm uses the PoF criterion as the update criterion to select a
new sample point that satisfies all constraint functions. Once a feasible solution is
found, the constrained SBO algorithm again uses the CEI criterion as the update
criterion to improve the current optimal feasible solution.
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7.1.1.4 Procedures for the SBO Algorithm Driven by the CEI
Criterion

The process of the SBO algorithm driven by the CEI criterion is similar to that of
the SBO algorithm driven by the EI criterion. The algorithm can again be divided
into two steps: the first step is to apply a design of experiments method to generate
the initial sample points, and the second step is to iterate the loop while selecting a
new sample point in each iteration. However, the iteration process of the con-
strained SBO algorithm is slightly different from that of the unconstrained SBO
algorithm. The constrained SBO algorithm uses either the PoF criterion or the CEI
criterion to select the next point based on whether the current set of sample points
contains a feasible solution. If there is no feasible solution among the current
sample points, then the constrained SBO algorithm must find a feasible solution;
therefore, the update criterion is to maximize the PoF function to select the updated
sample point that is most likely to satisfy all constraint functions. If there is at least
one feasible solution among the sample points (the initial sample points plus any
sample points obtained by maximizing the PoF criterion), then the highest priority
of the constrained SBO algorithm is to improve the current optimal feasible solu-
tion; therefore, the update criterion is to maximize the CEI function to select the
updated sample point that offers the greatest potential improvement to the current
optimal feasible solution.

The optimization process of the constrained SBO algorithm driven by the CEI
criterion is shown in Algorithm 7.2. First, for the initial sample points, not only the
true response values of the objective function but also those of all constraint
functions need to be calculated. Similarly, a kriging model must be built not only
for the objective function but also for each constraint function, as shown in lines 2—
5. Then, before selecting the new sample point, it is necessary to judge whether a
feasible solution exists in the current set of sample points. If there is no feasible
solution, then the next sample point is selected based on the PoF criterion, whereas
if there is at least one feasible solution among the current sample points at this time,
then the next sample point is selected based on the CEI criterion, as shown in lines
6-10. After the next sample point is chosen, the constrained SBO algorithm cal-
culates the true value of the objective function and each constraint function at the
new sample point and adds this sample point to the set of sample points, as shown
in lines 11-16. At the end of each round of iteration, if there is still no feasible
solution in the current sample set, then the message ‘Cannot find any feasible
solution!” is output, whereas if there is a feasible solution in the sample set at this
time, then the current optimal feasible solution is updated, as shown in lines 17-21.
Thus, the constrained SBO algorithm completes one round of iteration. If the
predetermined stopping criterion is not satisfied at this time, then the SBO algo-
rithm returns to line 2 and proceeds to the next iteration.
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Algorithm 7.2 Procedures for the SBO algorithm driven by the CEI criterion

Require: initial sample points X, objective function y and constraint functions
{1808}
Find: the optimal solution (X, V)

1. while the stopping criterion is not satisfied do

2. Construct a kriging model for the objective function based on the set of

sample points (X,y)
3. for i=1to ¢ do

4. Construct the i-th kriging model for the i-th constraint function based

on the set of sample points (X,g,) (i=12,...c)
5. end for

6. if no feasible solution exists among the current sample points then

7. x") =argmax PoF(x)
8. else
9. x") =argmax CEI(x)
10. end

11. Calculate the true response values of the objective function and each
()

constraint function at the new sample point x
12. XeXux®

13. yeyuy(x‘“’)

14. for i=1 to ¢ do

15. g,<—glugl(x("’)

16. end for

17. if no feasible solution exists among the current sample points then
18. Output "Cannot find any feasible solution!"

19. else

20. Update the current optimal solution to (%, Vi )

21. endif

22. end while
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Figure 7.6 shows the iterative process of the SBO algorithm for the constrained
Branin problem. In the left column, the solid lines represent the contour maps of the
Branin objective function, the blue solid lines represent the constraint function
boundaries, the upper right areas represent the feasible regions, the white dots
represent the sample points, the red dots represent the newly added sample points
selected based on the CEI criterion, and the blue stars represent the true optimal
feasible solution to the constrained Branin optimization problem. In the right col-
umn, the cloud images represent the contour plots of the CEI criterion, the white
dots represent the sample points and the red dots represent the positions of the
maximum values of the CEI function.

The steps of the constrained SBO algorithm are summarized as follows. First, 21
initial sample points are selected in the design space, as shown by the white dots in
Fig. 7.6a. Then, the true response values of the objective function and the constraint
function at the initial sample points are calculated, and the initial kriging models of the
objective function and the constraint function are constructed based on these true
response values. Since feasible solutions exist among the initial sample points, the
constrained SBO algorithm uses the CEI criterion to search for the next sample point.
Based on the predicted response values and prediction errors provided by the kriging
models, the contour plot of the CEI function is obtained, as shown in Fig. 7.6b.
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Fig. 7.6 The iterative process driven by the CEI criterion for the constrained Branin problem
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A meta-heuristic optimization algorithm is applied to obtain the maximum value of the
CEI criterion, and the corresponding point is selected as the first new sample point to
be added, as shown by the red dot in Fig. 7.6b. After the first new sample point is
obtained, the true response values of the objective function and the constraint function
at this point are calculated. The first new sample point is added to the sample set, and
the kriging models of the objective function and the constraint function are updated.
Based on the updated kriging models, the contour plot of the updated CEI function is
obtained, as shown in Fig. 7.6d. The second new sample point to be added, as shown
by the red dot in Fig. 7.6d, is then also obtained by maximizing the updated CEI
function using the meta-heuristic optimization algorithm. As before, the true response
values of the objective function and the constraint function at the second new sample
point are calculated, and this new sample point is added to the existing sample points.
The kriging models of the objective function and the constraint function are updated,
and the algorithm proceeds to the next iteration to select the third newly added sample
point. In fact, the first newly added sample point is already very close to the real
optimal solution to the constrained Branin optimization problem.

In this example, since the constraint function of the Branin optimization problem
is very simple, only one iteration of the constrained SBO algorithm needs to be
performed based on the CEI criterion to find a solution that is very close to the
optimal solution of the constrained Branin problem. When the constraint functions
of the problem are more complicated, the constrained SBO algorithm often needs
more iterations to find an optimal feasible solution.

It can be seen from the above procedures that the optimization process of the
constrained SBO algorithm driven by the CEI criterion is very similar to that of the
unconstrained SBO algorithm driven by the EI criterion; the difference is that the
unconstrained efficient global optimization (EGO) algorithm uses the EI criterion to
dynamically update the kriging model, while the constrained EGO algorithm uses
the PoF criterion (when there is no feasible solution in the current sample set) or the
CEI criterion (when there is at least one feasible solution in the current sample set)
to update multiple kriging models. The PoF and CEI criteria have many properties
similar to those of the EI criterion:

(1) Both the PoF criterion and the CEI criterion are functions whose values are
greater than or equal to zero. Moreover, when there is no feasible solution in the
current sample set, the PoF criterion has a value of zero at every sample point
and a value greater than zero at every unobserved point; similarly, when there is
at least one feasible solution in the current sample set, the CEI criterion has a
value of zero at every sample point and a value greater than zero at every
unobserved point.

(2) Both the PoF criterion and the CEI criterion have explicit analytical expres-
sions, which can be quickly and easily calculated. Therefore, a meta-heuristic
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optimization algorithm can be used to optimize these criteria to select the next
sample point, and the time required to optimize the PoF or CEI function is
negligible compared to that of time-consuming simulations.

(3) Since the problem of selecting the next sample point based on the PoF criterion
or the CEI criterion is an unconstrained optimization problem, the process of
solving it is simpler than that of solving a constrained optimization problem.

7.1.2  Probability of Improvement Criteria

7.1.2.1 The Unconstrained Probability of Improvement (PI) Criterion

For any unobserved point x in the design space, when using a kriging model for
prediction, the predicted response value at x can be regarded as a random variable
Y(x) obeying a normal distribution, and its mean $(x) and variance 3*(x) can be
provided by the kriging model. The current optimal solution among the sample
points is denoted by fiin. The probability of improvement refers to the probability
that the predicted response value at an unobserved point will be less than the
response value of the current optimal solution f,;,. The following equation gives the
formulation for the PI criterion (Viana and Haftka 2010):

P(x) = P(?(x) < ymin> - ‘D(W) (7.16)

where @(-) is the standard normal distribution function, y(x) is the predicted
response value (mean) at the unobserved point and s(x) is the standard deviation of
the prediction. When the PI criterion is applied, the point corresponding to the
optimal solution that maximizes P(x) throughout the design space is selected as the
next sample point to update the kriging model. Here, the one-dimensional function
introduced in Sect. 7.2.1 is used to demonstrate the basic idea of the PI criterion, as
shown in Fig. 7.7. The solid red line represents the true function. The black dotted
line represents the kriging model constructed based on the sample points (repre-
sented by the pink dots in Fig. 7.7). The current optimal solution f,;, is the one with
the minimum response value among the current sample points (represented by the
solid blue line in Fig. 7.7). The green dash-dotted line represents the standard
normal probability density function at the unobserved point x = 0.7. Thus, the
green region in Fig. 7.7 represents the probability of improvement at x = 0.7.

7.1.2.2 Procedures for the SBO Algorithm Driven by the PI Criterion

The SBO algorithm driven by the PI criterion follows the same procedures used for
the SBO algorithm driven by the EI criterion. The only difference between these
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procedures is that the SBO algorithm driven by the PI criterion selects the newly
added sample points by maximizing the PI function, as shown in Algorithm 7.3,
whereas the point with the maximum value of the EI function is selected as the next
sample point in the SBO algorithm driven by the EI criterion.

Algorithm 7.3 Procedures for the SBO algorithm driven by the PI criterion

Require: initial sample points (X,y)
Find: the optimal solution (X, )

1. while the stopping criterion is not satisfied, do

2. Construct a kriging model based on the set of sample points (X,y)

3. x" =argmax PI(x)

4. Calculate the true response value y(x(“)) at the new sample point x"
5. XeXux®

6. y(—yuy(x(“’)

7. Yy < min(y)

8. x—xeXoy(X)=yu.

end while
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Figure 7.8 shows the iterative process for the one-dimensional function
(Forrester et al. 2008) driven by the PI criterion. In the left column, the white dots
represent the set of sample points, the pink dots are the new sample points obtained
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Fig. 7.8 The iterative process driven by the PI criterion for the one-dimensional function
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Fig. 7.8 (continued)

by maximizing the PI function, the solid red lines represent the true
one-dimensional function and the black dotted lines represent the kriging models
constructed based on the sample points. In the right column, the solid black lines
represent the PI function, and the pink dots indicate the maximum values of the PI
function. The first three rows show the optimization process from iterations 1 to 3,
while the last row shows the last round of iteration. As shown in Fig. 7.8a, four
initial sample points are used to build the initial kriging model. In the end, eight
new sample points have been added to the sample set. As the number of sample
points in the neighbourhood of the current optimal solution increases, the predicted
standard deviation in that region will decrease. Once the value of the PI function in
the neighbourhood of the current optimal solution is sufficiently small, the search
will begin to move towards other areas where the predicted standard deviation is
large.

In addition, from Fig. 7.8, we can see that the PI function has the same prop-
erties as the EI function. The value of the PI function is always greater than or equal
to zero. At sample points, the value of the PI function is always equal to 0, and at
unobserved points, the value of the PI function is always greater than 0.

7.1.2.3 The Constrained Probability of Improvement (CPI) Criterion

To solve constrained optimization problems, the constrained probability of
improvement (CPI) criterion has been proposed. The CPI criterion can be seen as a
combination of the PI criterion and the PoF function, which is identical to the PoF
function used in the CEI criterion. The CPI criterion is formulated as follows:
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CPI(x) = PI(x) x f[ Pr(G;(x) <0)

_ m(fm —y<x)> y ﬁq,<—gj<x>>

s ) M g
where PI(x) is the PI function without considering the constraint functions and
[T, Pr(Gi(x) <0) =[], d)(_g"(x)> is the PoF function, which represents the

¢i(x)
probability that the point x satisfies all constraint functions.
Since the CPI criterion is similar to the CEI criterion, it has the same capabilities
as the CEI criterion. In Fig. 7.9, the constrained Branin optimization problem
(Forrester et al. 2008) is used to illustrate the properties of the CEI criterion.

(7.17)

(c) the PoF function {d) the CPI function

Fig. 7.9 The constrained Branin problem and its corresponding PI, PoF and CPI functions




160 7 Surrogate-Model-Based Design and Optimization

Figure 7.9a gives the contour plot of the Branin function. The solid blue line
represents the constraint function, which divides the design space into feasible and
infeasible domains. The lower left area is the infeasible region, while the upper right
area is the feasible region. The blue star indicates the true optimal feasible solution
to the constrained Branin problem. Figure 7.9b shows the contour plot of the PI
function, from which it can be seen that the two peak areas of the PI function are
close to two of the three minimum regions of the constrained Branin problem.
Figure 7.9¢ gives the contour plot of the PoF function for the constraint function of
the Branin problem, which is consistent with the constraint function boundary in
Fig. 7.9a. Figure 7.9d depicts the contour plot of the CPI function, which is the
product of the PI function and the PoF function. The maximum value of the CPI
function is close to the true optimal feasible solution. By maximizing the CPI
function to select new sample points, an optimal solution will be obtained that will
approach the true optimal feasible solution.

7.1.2.4 Procedures for the SBO Algorithm Driven by the CPI
Criterion

The procedures for the SBO algorithm driven by the CPI criterion are the same as
those for the SBO algorithm driven by the CEI criterion, except that the search for
new sample points is guided by maximizing the CPI criterion (as shown in
Algorithm 7.4) instead of the CEI criterion.

Algorithm 7.4 Procedures for the SBO algorithm driven by the CPI criterion

Require: initial sample points X, objective function y and constraint functions
{21,828}
Find: the optimal solution (X, V)
1. while the stopping criterion is not satisfied do
2. Construct a kriging model for the objective function based on the set of
sample points (X,y)
3. for i=1to ¢ do

4. Construct the i-th kriging model for the i-th constraint function

based on the set of sample points (X,g,) (i=12,....c)

5. end for

6. if no feasible solution exists among the current sample points then
7. *" = argmax PoF(x)

8. else
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9. x" = arg max CPI(x)
10. end

11. Calculate the true response values of the objective function and each

constraint function at the new sample point x*’

12, XeXux®

13,y <—yuy(x‘"’)

14. for i=1 to ¢ do

15. gﬁ—g,ug,(x‘“)

16. end for

17. if no feasible solution exists among the current sample points then
18. Output "Cannot find any feasible solution!"

19. else
20. Update the current optimal solution to (X, Vi )

21. endif

22. end while

The process of using the SBO algorithm driven by the CEI criterion to solve the
constrained Branin problem (Forrester et al. 2008) is illustrated in Fig. 7.10. In the
left column, the contours of the constrained Branin function and its boundary
(represented by the blue lines in Fig. 7.10) are shown; in addition, the true optimal
feasible solution is denoted by the blue stars, and the white dots indicate the sample
points used to construct the kriging models. In the right column, the contour maps
from the first three iterations are depicted, and the red dots indicate the maximum
values of the CPI function, which determine the selection of the newly added
sample points. In the first iteration, since the selected new sample point is in the
feasible domain, the search tends towards the minimum region of the constrained
Branin problem in the second iteration. From Fig. 7.10e, we can see that the second
newly added sample point is very close to the true optimal feasible solution.
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Fig. 7.10 The iterative process driven by the CPI criterion for the constrained Branin problem
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7.1.3 Lower Confidence Bound Criteria

7.1.3.1 The Unconstrained Lower Confidence Bound (LCB) Criterion

The EI criterion can be used as the infill criterion to search for new sample points,
as discussed in Sect. 7.2.1. When the predicted response value is smaller than the
current minimum response value and the prediction error is small, the search will
focus on the neighbourhood of the current minimum response value, emphasizing a
local exploitation; when the predicted response value approaches the current min-
imum response value and the prediction error is large (that is, the accuracy of
prediction at the unobserved point is low), the search will focus on regions with low
prediction accuracy, emphasizing a global exploration. Therefore, when the pre-
diction error at the unobserved point is large and/or the prediction response value at
the unobserved point is smaller than the current minimum response value, the value
of the EI function is large. Maximizing the EI function to obtain the next sample
point can balance the relationship between the global and local search capabilities.
However, to apply the EI criterion, a sufficient local search must be performed
before the global search, resulting in a large amount of computation.
The LCB criterion is formulated as follows (Laurenceau et al. 2010):

LCB(x) = §(x) — b - §(x) (7.18)

where y(x) is the response value predicted by the kriging model at the unobserved
point; and b is an equilibrium constant defined by the designers, which plays an
important role in balancing the relationship between the global and local search
capabilities. When b = 0, minimizing the LCB criterion is equivalent to minimizing
¥(x); consequently, the search is local in nature, focusing on the current minimum
value of the objective function. When b — oo, the effect of y(x) is negligible, and
minimizing the LCB criterion is equivalent to maximizing the prediction standard
deviation §(x); consequently, the search is global in nature, focusing on areas with
poor prediction accuracy. In addition, the problem of maximizing the LCB function
can be converted into a minimization problem by multiplying by —1. The physical
meaning of minimizing Eq. (7.18) can be seen as a combination of two objectives:
minimizing y(x) while maximizing §(x). b is selected based on experience and can
simply be defined as & = 1 to balance global exploration with local exploitation.
Figure 7.11 presents the LCB function (represented by the blue dotted line) for
the one-dimensional function (Forrester et al. 2008). The true function is shown by
the red line, and the kriging model built based on the four initial sample points
(represented by the pink dots) is shown by the black dashed line. From Fig. 7.11,
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we can see that the value of the LCB function is always equal to or smaller than the
value predicted by the kriging model. Since the prediction errors at sample points
are 0, the LCB function at a sample point is equal to the prediction response. At
unobserved points, the value of the LCB function is smaller than the prediction
response because of the prediction error.

7.1.3.2 Procedures for the SBO Algorithm Driven by the LCB
Criterion

The process of the SBO algorithm driven by the LCB criterion is similar to that of
the SBO algorithm driven by the EI criterion, as described in Sect. 7.1.2.2. The
procedures of SBO algorithm is summarized in Algorithm 7.5. First, the design
variables and the design space A are identified. The initial kriging model is built
based on initial sample points that are generated in the design space using a design
of experiments method. The initial trust region 7 is the entire design space
A. Then, in each iteration of the loop, a new sample point is selected by minimizing
the LCB criterion. After the true response value at the new sample point is cal-
culated, this sample point is added to the sample set, and the kriging model is
updated. In addition, the trust region is updated based on the currently known
information. Once the stopping criterion is satisfied, the iterative process stops, and
the optimization process ends. The optimal solution obtained in lines 7-8 is the
optimal solution to the original problem. If the stopping criterion is not satisfied, the
optimization algorithm will return to line 2.

During the optimization process, the LCB function is treated as the objective
function. The solution obtained by minimizing the objective function is chosen as
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the next sample point to be added. Then, the kriging model is updated. This process
is repeated until convergence is reached. When b is small, the new sample points are
selected with a focus on the neighbourhood of the current minimum value of the
objective function, and the overall search direction is biased towards the local region.
When b is large, the nature of the search is continuously transformed between global
and local, with an overall bias towards a global search, until convergence is reached.

Algorithm 7.5 Procedures for the SBO algorithm driven by the LCB criterion

Require: initial sample points (X,y)
Find: the optimal solution (X, V)

1. while the stopping criterion is not satisfied do

2. Construct a kriging model based on the set of sample points (X,y)

3. x" =argmin LCB(x)

4. Calculate the true response value y(x(”’) at the new sample point x*
5. XeXxux®

6. yeyuy(x“”)

7. Vi < min(y)

8. xu—xeXoy(x)=y.

9. end while

The optimization process driven by the LCB criterion is demonstrated here for
the one-dimensional function (Forrester et al. 2008). The first three iterations and
the last iteration are shown in Fig. 7.12. In the left column, the true function (red
lines) and the kriging models (black dashed lines) built based on the sample points
(white dots) are depicted. In the right column, the LCB function for each iteration is
shown, and the calculated minimum values of the LCB functions are indicated by
pink dots. The minimum value of the LCB function in Fig. 7.12 is obtained at the
point indicated by the pink dot, and this point is added to the set of sample points
and used to reconstruct the kriging model for the next iteration until the iterative
process ends. Once nine new sample points have been added, the stopping criterion
is satisfied, and the final optimal solution is obtained.
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Fig. 7.12 The iterative process driven by LCB iteration on the one-dimensional function
7.1.3.3 The Constrained Lower Confidence Bound (CLCB) Criterion
The constrained lower confidence bound (CLCB) criterion has been proposed to

solve constrained optimization problems. It can be regarded as a combination of the
PoF criterion and the LCB criterion. There are some similarities between the CEI
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Fig. 7.12 (continued)

and CLCB criteria, but there are also slight differences between them since the
CLCB criterion considers different forms of the PoF function depending on the sign
of the LCB function:

LCB(x) 1‘[ m if LCB(x) >0
CLCB(x) = L (7.19)
LCB(x) [ Pr(Gj(x) <0) if LCB(x)<0

where LCB(x) is the LCB function without considering the constraint functions and
Pr (Gj (x) < 0) is the probability that the point x satisfies the j-th constraint function.

Thus, [ Pr(G;(x) <0) =[] <D(%ix>)), which is called the PoF function, repre-
j=1 j=1 !

sents the probability that the point x satisfies all constraint functions. Here, ¢ rep-
resents the number of constraint functions.

The value of the PoF function is always greater than or equal to 0; if there is no
feasible sample point, the values of the PoF function at all sample points are zero,
while those at unobserved points are greater than zero. Therefore, the sign of the
CLCB function is determined by the sign of the LCB function. If LCB(x) > 0, then
CLCB(x) > 0; if LCB(x) <0, then CLCB(x) < 0. To minimize the CLCB function,
the search is performed by minimizing LCB(x), that is, minimizing y(x) and
maximizing $(x). Thus, the search will tend towards areas with LCB(x) <0. In
addition, the value of the PoF function will be greater when all constraint functions
are satisfied than it will be when at least one constraint function is not satisfied. Thus,
when minimizing the CLCB function, the search process will tend to select a point
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Fig. 7.13 The constrained Branin problem and its corresponding LCB, PoF and CLCB functions

where LCB(x) <0 and all constraint functions are satisfied (when LCB(x) <0, the
greater value of the PoF function will make the value of the CLCB function smaller).
In contrast, points at which LCB(x) > 0 and at least one constraint function is not
satisfied (when LCB(x) > 0, the smaller value of the PoF function will increase the
value of the CLCB function) can more easily be eliminated.

The constrained Branin problem is used as an example here to explain the basic
idea of the CLCB criterion. In Fig. 7.13, the contour maps of the constrained
Branin problem and its LCB, PoF and CLCB functions are given. The blue solid
line in Fig. 7.13a is the constraint boundary of the constrained Branin problem; the
area on the upper right side of the boundary is the feasible region, while the area on
the lower left side is the infeasible region. The sample points used to build the
kriging model are indicated by white dots. The true optimal feasible solution to the
constrained Branin problem is represented by a blue star. The more darkly an area is
coloured, the larger the value of the function in that area. The three maximum
regions of the LCB function in Fig. 7.13b are quite consistent with three minimum
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regions of the constrained Branin problem. The PoF function in Fig. 7.13c is
similar to the boundary defined by the constraint function of the constrained Branin
problem in Fig. 7.13a. In Fig. 7.13d, the maximum region of the CLCB function is
exactly coincident with the location of the true optimal solution. The CLCB cri-
terion is the product of the LCB function and the PoF function. By minimizing the
CLCB function, the search process can be easily and quickly driven towards the
neighbourhood of the true optimal feasible solution.

7.1.3.4 Procedures for the SBO Algorithm Driven by the CLCB
Criterion

When the CLCB criterion is used to select the next sample point, the sign of the
LCB function determines the form of the PoF function that is used when mini-
mizing the CLCB criterion. Therefore, the procedures for the SBO algorithm driven
by the CLCB criterion are different from those for the SBO algorithm driven by the
CEI criterion. Again, there are two main steps in the optimization process: first,
generating the initial sample set using a design of experiments method, and then,
selecting a new sample point in each iteration of the loop by minimizing the CLCB
criterion. The iterative process does not terminate until the stopping criterion is met.
The optimization process of the constrained SBO algorithm driven by the CLCB
criterion is shown in Algorithm 7.6. First, the true response values of both the
objective function and the constraint functions at the initial sample points are
calculated through simulations and analysis. Therefore, in lines 2—4, kriging models
are built not only for the objective function but also for the constraint functions.
Then, a new sample point is selected by minimizing the CLCB function. Next, the
true response values of the objective function and the constraint functions at the
selected sample point are calculated. After adding this point to the set of existing
sample points and before selecting the next new sample point, it is necessary to
judge whether there is a feasible solution in the current set of sample points if the
stopping criterion has not yet been met. In the next iteration, the kriging models are
reconstructed based on the new sample set. When the iterative process ends, the
current optimal solution is adopted as the final optimal solution and is output.
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Algorithm 7.6 Procedures for the SBO algorithm driven by the CLCB criterion

Require: initial sample points X, objective function y and constraint functions

{g.8:08.}
Find: the optimal solution (x;,,.)

1. while the stopping criterion is not satisfied do

2. Construct a kriging model for the objective function based on the set of

sample points (X,y)
3. for i=1to . do

4. Construct the i-th kriging model for the i-th constraint function based

on the set of sample points (X,g,) (i=12,....c)
5. end for
6.  x" =argmin CLCB(x)

7. Calculate the true response values of the objective function and each

constraint function at the new sample point x“’

8. Xexux®

9. y(—yuy(x(“))

10. for i=1 to . do

11. giegiugi(x(“))

12. end for

13. Update the current optimal solution to (x,;,, )

14. end while
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Fig. 7.14 The iterative process driven by CLCB iteration on the constrained Branin function

To demonstrate the iterative process of the SBO algorithm driven by the CLCB
criterion, the constrained Branin problem is used as an example. In the first itera-
tion, the initial kriging model is built based on the initial sample points (white dots
in Fig. 7.14a). Additionally, the CLCB function is obtained, making full use of the
information on the predicted values and prediction errors. Then, the minimum value
of the CLCB function is found (represented by the red dot in Fig. 7.14b). Since the
stopping criterion has not been satisfied, the algorithm proceeds to the second
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Fig. 7.14 (continued)

iteration. The newly selected point (represented by the red dot in Fig. 7.14c) is
added to the existing sample points, representing the first update to the sample set.
Note that the solid blue line in Fig. 7.14c represents the constraint boundary of the
constrained Branin problem. The region on the left side of the boundary is the
infeasible domain, and the region on the right side is the feasible domain. Thus, the
first newly added sample point is infeasible. Therefore, the most important task in
the second iteration is to search for a new sample point in the feasible region.
Consequently, the PoF function is the dominant driver of the search process, based
on which the second new sample point is obtained (represented by the red dot in
Fig. 7.14d). It is obvious that this new point is in the feasible domain. Therefore,
the search process in the third iteration is dominated by the LCB function, and the
third new sample point (represented by the red dot in Fig. 7.14f) is selected from
the minimum feasible domain. When the algorithm proceeds to the fourth iteration,
the third newly added sample point selected based on the CLCB criterion is very
close to the true optimal feasible solution, as shown in Fig. 7.14g.

7.2 Surrogate-Model-Based Robust Design Optimization

In deterministic optimization problems, the design variables, objective functions and
constraints are deterministic and without multi-source uncertainties arising from
engineering design and the product manufacturing process (Eldred et al. 2002).
Consequently, the optimal solution may be very sensitive to these uncertainties
(Chen et al. 2016). Robust optimization (RO) methods have been proposed to obtain
solutions that are both optimal and relatively insensitive to input uncertainty. RO
methods can be classified into two types: probabilistic approaches and deterministic
approaches. In probabilistic approaches, RO is performed based on the probability
distributions of the variable variations, usually the means and variances of the
uncertain variables (Du and Chen 2004; Du et al. 2008; Chen et al. 2014; Lim et al.
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2014; Li et al. 2016). Deterministic approaches, on the other hand, incorporate
non-statistical indexes such as gradient information (Taguchi 1978; Renaud 1997;
Lee and Park 2001; Kim et al. 2010; Papadimitriou and Giannakoglou 2013) or
sensitivity region information (Gunawan and Azarm 2004, 2005a, b; Li et al. 2006,
2009b, 2010; Hu et al. 2011; Zhou et al. 2012, 2015c; Zhou and Li 2014; Cheng
et al. 2015c¢) into the original optimization problem to obtain a robust optimum. With
the rapid development of computer capabilities and speed, computational simulation
methods, e.g. computational fluid dynamics and finite element analysis, become
widely used in RO methods in place of computationally intensive real-life experi-
ments for performance evaluation. However, directly using computer simulations
along with an optimizer to evaluate many design alternatives when exploring the
design space in search of a robust optimum can be computationally prohibitive
(Zhang et al. 2012). Therefore, surrogate-model-based RO approaches have recently
attracted significant attention. In this chapter, the typical surrogate-model-based
probabilistic and deterministic RO approaches are introduced.

7.2.1 Surrogate-Model-Based Probabilistic Robust
Optimization (RO) Approaches

7.2.1.1 Basic Concept of Probabilistic RO

When the design variables x and parameters (noise factors) z of a robust design
problem are random variables (Zhou et al. 2015b), it is very effective to adopt a
stochastic model and an optimization method for random variables to solve the
robust design or RO problem. The optimal design of random engineering variables
(Zhu et al. 2009) is a branch of optimization technology that has been developed in
recent decades. It provides an important set of tools for applying optimization
technology, probability theory, mathematical statistics and computer technology to
engineering problems to cope with various random factors. When an engineering
problem involves random design variables and random parameters, the response
value y = y(x, z) is also a random variable (Coello 2000). In this case, the general
form of the stochastic optimization design model is as follows:

xe(Q,7,P)CR

opt. Fo(x) = F{y(x,2)}

st Fi(x) = G{gj(x,z)} <0,j=1,2,...,m
7€ (Q,7,P)CR

(7.20)

where x is the n-dimensional design variable vector; z is the k-dimensional random
parameter vector; F{-} and G{-} are generic functions with some probabilistic
meaning, for example, the expectation value, variance, or probability; and (Q, 7, P)
is the probability space. This means that both x and z belong to the probability space.



174 7 Surrogate-Model-Based Design and Optimization

A collection of design variables x is considered to be the optimal solution x* to
the model if it belongs to the set

D = {x|F;(x)<0,j=1,2,...,m} (7.21)

Its probability distribution and distribution parameters should be known, and
x should satisfy the condition

Fo(x*) = minFy(x) (7.22)

There are two basic ways to solve the model introduced above. The first way is
to transform the stochastic model into a deterministic one, which is feasible for
cases in which the random variables and stochastic functions are normally dis-
tributed and the dispersion coefficients of the variables are small (Han et al. 2012).
The second way is to use a stochastic method to solve the random model directly.
Methods of this kind are not limited to any particular forms of the variable dis-
tributions or of the correlations between the random variables (Zhou et al. 2017). To
solve problems of engineering programme design, several basic concepts and
definitions related to stochastic problems need to be introduced, based on which the
challenges related to modelling and solution methods for robust design can be
reasonably addressed (Oberkampf et al. 2001). Therefore, in the first few parts of
this section, several basic problems related to stochastic modelling are introduced. It
is worth mentioning that when a surrogate model is applied, the uncertainty of this
model, as discussed in Chap. 5, also needs to be considered.

The variations encountered in practical engineering problems can be divided into
two general types, as follows. Variations of the first type are related to the uncer-
tainty of the data obtained by measuring or testing physical or mechanical pro-
cesses. Variations of the second type are caused by random processes or factors of
chance. These types of randomness can be represented in terms of random variables
that obey a particular probability distribution (Gano et al. 2006a).

(1) Random analysis of the design variables

During the design process, we need to adjust the mean value and tolerance of each
design variable to reduce the deviation of the quality index y and the fluctuation
value ¢, (Haftka 1991). The design variables can be expressed as

X' = (x1,%2,.. %) = (Q,T,P) CR" (7.23)

where Q is a random event, 7 represents the whole random event set, and
P represents the probability. In this way, the design variables can be expressed as

xi=Xx+t,i=1,2,....n (724)
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Considering the stochastic independence of the design variables, it is assumed
that ¢ follows the normal distribution N(0, o); therefore, its mean, variance and
covariance are

E(l‘,’) =0; Var(ti) = O-ch; = (5ixi)2; COV(Z‘,’7 ti) = O,] 7& i (725)

where ¢; is a deviation function. The tolerance range of design variable x; is
assumed to be AY; = |Ax;"| = ‘Axi’ (i=1,2,...,n). Based on the three-sigma
quality principle, the relationship between the tolerance Ax; and the standard
deviation o,, of this design variable is presented as follows:

5, =" + Ax; _6(Xi —Ax) % (7.26)

Since |t;] < Ax;, in the general case, the tolerance for design variable x; should be
specified; that is, Ax; should also be treated as a design variable during the design
process. In rare cases, a deviation function J; could also be set as a design variable.
A more intuitive illustration is provided in Fig. 7.15.

Theoretically, the distribution types and the design variables should be adjusted
simultaneously when optimally solving the stochastic model. However, it is
impossible to achieve precise results (Gu et al. 2000). As a result, depending on the
characteristics of the mechanical product design process, the designers could refer
to statistical test experience and sample test experience for critical components, data
on the parameters of similar components, or purely subjective inference (usually,
the first option chosen will be a normal distribution) to determine the types of
distributions that the design variables obey. Then, by adjusting the distribution
parameters (shape, size and position parameters) or characteristic values (mean and
variance), the optimal solution to the problem can be gradually acquired (Kerschen
et al. 2006). In particular, when the latter approach is applied, a random design
variable can be represented in terms of its mean and deviation, which are consistent
with the nominal values used in mechanical design (Madsen et al. 2006). In this
way, when the deviation coefficient of some design variable is known, its mean
value can be used to assist in the iterative computations for optimization.

Fig. 7.15 Normally f (x )J\
distributed design variables i Ax; =30 Ax, =30

min
X, M, ,\';“ > X
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Fig. 7.16 Iteration with the N
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|
|
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In this way, the process can be considerably simplified, as illustrated in
Fig. 7.16.

From the above, it is clear that the design variable x; can be regarded as rep-
resenting a random variation within the tolerance range [Axi‘ , Axf] for dealing
with the concept of ‘randomness’ (Arendt et al. 2013). For example, each geometric
dimension of a mechanical part will obey a normal distribution with mean p and
variance ¢2; the nominal value of each dimension can be set to the corresponding
mean value p, and the tolerance range can be obtained by calculating +kc, where
k=1,2,.... For instance, when k = 2, the true value will be within the range of
[L— 20, u+20] with 95.45% probability. When k = 3, the probability reaches
99.73%. When the tolerance is unknown, the optimal solution to the problem can
also be found by adjusting the mean x; of the random design variable and con-
trolling the deviation coefficient J; to represent the tolerance (Ax; = 3u,0;). This
approach is beneficial for studying problems such as maximum tolerance design,
the optimal allocation of tolerance and the most economical tolerance.

When a design variable has a definite value, it can be regarded as a special type
of random variable with a dispersion coefficient of zero.

(2) Random analysis of the uncertainty parameters

Uncertainty (randomness or fuzziness) is presented in both internal and external
noise factors (Zhou et al. 2016b). Examples include the randomness of working
loads, the physical and mechanical properties of materials, wind forces and rainfall
as well as the fuzziness of product quality evaluations, the intensity grading of
phenomena such as wind strength and earthquakes, etc. (Apley et al. 2006). Noise
factors whose distribution types and parameters are already known during the
design process are called random parameters z, which can be represented as



7.2 Surrogate-Model-Based Robust Design Optimization 177

For optimal design and Random events in design

calculation roblems
Random J s Random
information T l information
collection A simulated sample of a random collection

Random test or observation

l

variable {x,", x2', ==, x\'}

The probability distribution

: B maodel of random variables and Sampled data 2
Establish the its distributi i {xl_xz_..._xx}
distribution J JE SR paran e Processing
model of T 1 of random
inf i
r:L_ndom Probability density function Data processing S
variables
f(x) Inference 4
and test of 1Th
probability o 1
distribution —h-h_
X
x -
0 > (1] ”

i !

w : Statistics and P 5

Statistical estimates estimation of] Eigenvalue computing

b — -1 2 1 =32

E{x}zx, Var'{.r}e:sz distribution | X = 2X8 =——Z(x,-X)
N (V-1

parameters

Fig. 7.17 Collection, processing, simulation and application process for random information

= (2,2, z) € (Q,7,P) C R (7.28)

where every random parameter z; is a function of certain distribution parameters o,
p; and y; (Gano et al. 2006b):

i = ¢(uivﬁi7yi)7i = 1727 . '7k (729)

Here, ¢(-) is the distribution function, and o;, f; and y,; represent its position,
shape and size parameters, respectively. The k& random parameters are generally
mutually independent, but in some cases, their cross-correlations cannot be ignored.

For practical problems, it is generally most convenient to determine the proba-
bility density function of random parameter z; because this function directly reflects
the parameter’s probabilistic statistical properties, based on which a simulated
sample of the corresponding random variable can be generated (Zhu et al. 2015).
Figure 7.17 summarizes the process of collecting, processing, simulating and
applying such random information.

In a practical case, if only a few trials or observations of random events are
conducted, say fewer than ten, then the analogy method and the feature point
method can be used to approximate the probability density function (Bahrami et al.
2016). The probability density function can also be chosen based on experience.
Examples of several typical theoretical distributions are given in Table 7.1.

In design optimization, since probability density functions are always obtained
in an analytical, it will not be challenging to generate random samples from these

oLl Z'yl_ilsl
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Table 7.1 Application examples of several theoretical distributions

Theoretical probability
distribution

Sampling application

Triangular distribution

Part size deviation, roughness

Normal distribution

Measurement error, manufacturing dimensional deviation, rigidity,
material strength limit, elasticity modulus, systematic error, random
error, fracture toughness, metal wear, applied loading, air humidity,
expansion coefficient, clearance error

Lognormal distribution

Strength limit of alloy material, the fatigue life of materials, rainfall
intensity, completion time, spring fatigue strength, corrosion,
corrosion coefficient, the inner pressure of container, metal cutting
tool durability, system trouble-free working time, tooth bending
strength and contact fatigue strength

Weibull distribution

Fatigue strength, fatigue life and wear life in mechanical
engineering, radial runout of a shaft, system life

Rayleigh distribution

A special occasion of Weibull distribution. Tolerance of shape and
position (such as conicity, rectangularity, flatness, ovality,
eccentricity)

Extreme value
distribution

Various types of load, the extremum value of load (the maximum
or minimum)

Beta distribution

A distribution suitable for some bounded random variable
(a<x<b). The probability density function curve shapes differ in
the value of oy, o

Binomial distribution

Typhoon distribution, river pollution distribution, yield distribution

Poisson distribution

The distribution of hard stones in the soil, statistical quality
inspection, public service, failure rate

functions(Zhou et al. 2016a). In the case in which the probability distribution is
known, the simplest way to generate a random parameter sample is through
redundancy. The steps are as follows:

Step 1: Obtain the probability density function based on a small number of
random samples obtained through experiment or observation.

Step 2: Determine whether the probability density function has boundaries. If it
does not, the truncation limits at the two ends can be obtained in
accordance with the specified precision requirement.

Step 3: Calculate the maximum f,x of the probability density function f(z).

Step 4: Calculate the upper and lower bounds on the value of the random
parameter z, denoted by zmax and zmin, respectively.

Step 5: Generate two random numbers, denoted by r; and r;, from a uniform
distribution on the interval [0, 1].

Step 6: Calculate the sample value

Z=r (Zmax - Zmin) ~+ Zmin (730)
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Fig. 7.18 Schematic diagram f(z)
of the acceptance—rejection 5
sampling method
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and determine whether the following condition holds:

(@)

max

r2<

(7.31)

If Eq. (7.31) is true, then the sample z is accepted. Otherwise, the sample is
rejected, and the process returns to Step 5. As shown in Fig. 7.18, the principle of
this acceptance—rejection sampling method is very simple. It can be used for
sampling one-dimensional random parameters as well as for random parameter
vectors with or without correlations (Zhu et al. 2014). With the help of the
acceptance—rejection sampling method, the sampling information required for cal-
culating the random parameters of a random model can be obtained (Steuben and
Turner 2015).

(3) Objective functions and constraints subject to uncertainty

In design optimization problems, when certain quality characteristics or technical
indicators are functions of random design variables x and random parameters z,
such a quality characteristic is called a stochastic design function (Simpson et al.
2001). It can be either a linear or a nonlinear function of one or more random
variables. The general expression is as follows:

y=y(x2) =y(x1,%2, .., %0521, 22, - -, 2) € (Q, T, P) (7.32)

Since the objective functions and constraints in such models are usually estab-
lished based on stochastic design functions, an objective function or constraint of
this kind is also random (Tan 2015a). There are three commonly used metrics for
measuring the randomness of such an objective function or constraint:

The expectation value (mean):

E{y} = E{y(x,2)} = E{y(x1, X2, - - -, Xn3 21,22, - - -, k) } (7.33)
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The variance of the design function:
Var{y} = Var{y(x,2)} = Var{y(x1,x2, .. ., Xn; 21,22, - s %) } (7.34)
The probability that the design function satisfies the target value yy:
P{y=yo} = P{y(x,2) = yo} (7.35)

For a quality characteristic y, when the statistical average of y — yy is less than or
equal to zero (or greater than or equal to zero), this is represented as

E{y>y} <0 (7.36)

A constraint expressed in this form is a mean-type constraint, where the pre-
determined target value yy may be either deterministic or random. We adopt the
notation g =y — yo; then,

+ 00 + o0 + o0
E{g} = / gf(g)dg = / y(y)dy — / yof (o) dyo <0 (7.37)

where f(-) is the function describing the probability density distribution of the
random variable in the parentheses. Figure 7.19 presents a schematic illustration of
a mean-type constraint.

Mean-type equality constraints are applicable only in certain special cases, such
as when the average value of a design feature is required to meet specified technical
requirements (Gluzman and Yukalov 2006). In the case of spring deflection, for
example, the wire diameter, spring diameter, winding number and material prop-
erties are all random variables, meaning that the deflection is also random (Chen
et al. 2005). However, the designer can specify that the overall average deflection of
the spring should meet certain technical requirements.

Fig. 7.19 Schematic A f(2)
illustration of a mean-type
equality constraint

0< < : > >0 &=V-)o
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In the general case, we might obtain a transcendental equation of the following
form as a stochastic equality constraint function:

h(X1,X27~--7xn;Z1,Z2,---,Zk) =0 (738)

In this case, not only is it not advisable for the mean value to satisfy the equality
constraint, but it is also impossible for each individual design variable to meet the
constraint. Therefore, when building a stochastic design optimization model, we
should not treat an expression of this kind as an equality constraint but rather should
treat one of the design variables as a function of other random design variables and
random parameters (Cheng et al. 2015¢).

For a random design feature, the designer may specify that the probability of this
feature satisfying y — yp <0 (or >0) should be greater than or equal to a certain
preselected probability value o, represented as

P{y —yo <0} >0 € [0, 1] (7.39)

Such a constraint is called a probability constraint.

As in the case of a mean constraint, the target parameter y, of a probability
constraint may be either deterministic or random. Mathematically, the probability
value for such a constraint can be calculated as follows (Ghisu et al. 2011).
Figure 7.20 presents the calculation diagram for a probability constraint.

Let g =y — yo, and let f(-) represent the function describing the probability
density distribution of the random variable in the parentheses. Then,

Plg<0} = Py — yp <0} = / £0) / dyody = / £(0) / £(5) dydyo

(7.40)

The concept of a probability constraint is geometrically illustrated in Fig. 7.21.

Fig. 7.20 Calculation A
diagram for a probability d}.
constraint —> <«
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Fig. 7.21 Geometric relation A
between a probability |
constraint and a mean
constraint
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7.2.1.2 Probabilistic RO Considering the Uncertainties of the Design
Variables and a Multi-fidelity Surrogate Model

(1) The uncertainty quantification process

A general mathematical model for a constrained RO problem can be expressed as
follows:

Minimize : F(X) = u(f(X)) + ca(f(X))

Subjectto : Gi(X) = u(gi(X)) +ca(g:(X)) <0 (7.41)
i=1,2,...L
where X = [X1,X,,...,X,] is the random design variable vector, with q dimen-

sions; u(f(X)) and o(f(X)) are the mean and variance, respectively, of the
objective function; u(g;(X)) and o(g;(X)) are the mean and variance, respectively,
of the i-th constraint; L is the number of constraints; and c is a constant value that
reflects the risk attitude of the design. A larger ¢ implies a more conservative
attitude towards uncertainties. When f(X) and g(X) follow Gaussian processes,
different choices of ¢ lead to different confidence levels of the prediction intervals
(Tan 2015b). For example, ¢ = 3 represents a probability of 0.9987.

Here, the random design variable vector X can be split into a deterministic
portion and an uncertain portion, as follows:

X=x+W (7.42)
where x = [xl,xz, .. .,xq] represents the deterministic variables and W =
[Wi, Wy, ..., W,] represents the uncertainty of the design variables, which reflects

the randomness of X. Here, it is assumed that W follows a Gaussian process with
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zero mean and a given covariance, i.e. W ~N(0,02); therefore, X still follows a
multivariate normal distribution X ~ N (0, 0)2().

To solve the robust problem presented in Eq. (7.41), the means and variances of
the objective and constraints must be evaluated (Younis and Dong 2010). In the
following, expressions are presented for the mean and variance of the objective
function under different circumstances; analogous expressions can be used for the
constraints.

When a surrogate model is not applied, which means that the true response
values of the objective function can be obtained, the mean and variance can be
calculated as follows:

1 (F(X)) = Elyy(X)] = / I (x+ w)p(w)dw (7.43)

o1(f(X)) = Var[y(X)] = E[y;(X)] — Elu(X)]?

/yh(x+w w)dw — |:/)’h x+w)p(w)dw

where yj,(X) is the true response value and p(w) is the joint distribution of w. When
the random parameters w; are independent and the marginal probability density
functions p,,, are given, the joint probability density function p(w) can be calculated
as follows:

2 (7.44)

pw) = [[ ) (7.45)

When a multi-fidelity (MF) surrogate model is constructed to be used in place of
the high-fidelity (HF) model for obtaining the response values of the objective
function, the mean and variance can be calculated (without considering the surro-
gate model) as follows:

1(f(X)) = Elym (X)]
= Eyn(x+w)] (7.46)

a>(f(X)) = Var (yus(X))
= E[ylznf(x):| - E[ymf(X)]z

= /Wyfﬂf(x#-w)p(w)dw— {/Wymf(x+w)p(w)dw

(7.47)



184 7 Surrogate-Model-Based Design and Optimization

where y,,(X) is the response value obtained from the MF surrogate model.

Using Eqs. (7.46) and (7.47) instead of Eqgs. (7.43) and (7.44) to evaluate the
mean and variance can significantly ease the computational burden. However, the
MF surrogate model also introduces interpolation uncertainty as a result of the
limited number of simulation runs, as illustrated in Chap. 5. This uncertainty is a
type of model uncertainty, which is an epistemic uncertainty (Arendt et al. 2013; Hu
and Mahadevan 2017). Treating the MF surrogate model as an accurate represen-
tation of the HF model and ignoring the additional prediction uncertainty of the MF
model may result in non-optimal robustness (Cheng et al. 2015b). Hence, it is
essential to quantify the combined effect of the uncertainties in the design variables
and the MF surrogate model when evaluating the mean and variance.

For simplicity, Y (X, V) is used to denote the response obtained from the MF
surrogate model, where X represents the uncertainty of the design variables and
V represents the uncertainty of the MF surrogate model itself (Zimmermann and
Han 2010). Using statistical methods, the uncertainties of the design variables and
the MF surrogate model are treated equally; then, the mean and variance of the
objective function can be expressed as

o (f(X)) = E[Y(X, V)]

= [ s wiplyin (748)

a3(f(X)) = Var(Y(X,V))

:/52(ymf()“rW))p(w)a’wJr Var [y (x+w)] (7.49)

where Var|y,s(x+w)| is equal to ¢3f(X), which reflects the effects of the
uncertainty of the design variables, and s (ymf(x+w)) is the mean square error
(MSE) of the hierarchical kriging (HK) prediction, which reflects the effects of the
uncertainty of the MF surrogate model. Thus, ¢%(f(X)) reflects the combined
effects of the uncertainties of the design variables and the MF surrogate model (Xia
et al. 2016). Since a surrogate model is used, y,s(x+w) can be inexpensively
obtained. The Monte Carlo integration method can be used to calculate Egs. (7.48)
and (7.49). The concrete derivations of Eqs. (7.48) and (7.49) are presented below.

For simplicity, Y (X, V) is used to denote the responses considering the uncer-
tainty of the MF surrogate model, where X represents the uncertainty of the design
variables and V represents the uncertainty of the MF surrogate model itself. The
mean value of the objective function can be expressed as
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1 (f(X)) = E[y(X, V)]
=E[E[Y(X,V)/V]]
= E[E[Y (x+w, V)|V]]

=E [ /w Y (x+w, V)p(w)dw|V (7:50)

- / E[Y(x+w,V)|V]p(w)dw

Note that the integral [ Y(x+w,V)p(w)dw|V in the fourth line exhibits ran-
domness because of its functional dependence on V and not because of any
dependence on w. The random effects of w are integrated out in this function.
Because E[Y(x+w,V)|V] = yu(x+w), one can obtain the mean value of the
objective function as follows:

1w (f(X)) = Ely(X, V)]

_ / Vg (+ W)p(w)dw (7:51)

In the same manner, the variance of the objective function can be expressed as
a3(f(X)) = Var[Y (X, V)]
= Var[Y(x+w,V)]
= E[Y*(x+w, V)] — E[Y(x+w, V)]
= E[E[Y*(x+w,V)|V]] — E[E[Y (x +w, V)|V]]?

(7.52)

The first term in the fourth line of Eq. (7.58) can be further expanded using the
law of total expectation as follows:

E[E[Y*(x+w,V)|V]]
= EVar[¥ (x+w, V)V]] + E[¥[(x+w, V) [V]] (7.53)
= E[Var[Y (x + w, V)|V]] +E[E[Y(x+w, V)|V]2]

By substituting Eq. (7.53) into Eq. (7.52), one can rewrite Eq. (7.52) as follows:
Because

a3 (f(X)) = Var[Y (X, V)]

= E[Var[Y (x+w, V)|V]| + E [E[Y(x +w,V)| V]Z] — E[E[Y(x+w, V)|V]?
2

:/Var[Y(x-i—w, V)|VIp(w)dw + / ()fnf(x-i-w))p(w)dw— {/w (Y (x 4+ w)) p(w)dw

w w

(7.54)
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where Var[Y (x+w, V)|V] = s?(yur(x+w)) is the MSE of the HK prediction,
recalling Eq. (7.47), one can obtain

2
Var [y, (X)] = /W Yo (X +w)p(w)dw — [ / | (Vg (x 4+ W) p(w)dw (7.55)

The variance of the objective function can then be expressed as

a%(f(X)) = Var[Y(X,V)] = /sz(ymf(x+w))p(w)dw+ Var[ymf(x—i—w)] (7.56)

w

The combined effect of the uncertainties of the design variables and the MF
surrogate model can be incorporated into the evaluation of the mean and variance of
the objective function by adopting Eqgs. (7.48) and (7.49) in place of Eqgs. (7.46) and
(7.47). By substituting Egs. (7.48) and (7.49) into Eq. (7.42), a robust optimum that
considers the uncertainties associated with the design variables and the MF sur-
rogate model can be obtained.

(2) Demonstration: Design of a long cylindrical pressure vessel for compressed
natural gas

Let us consider the engineering example of a design optimization problem for a
cylindrical pressure vessel. The objective is to minimize the total material con-
sumed for manufacturing. The five continuous design variables and their ranges are
listed in Table 7.2. The geometry, model parameters and loading force of the long
cylindrical pressure vessel are illustrated in Fig. 7.22.

Other geometric parameters are predefined and remain fixed during the opti-
mization process. The optimization is subject to two design constraints, the max-
imum allowable stress and the minimum volume. The cylindrical pressure vessel is
subjected to a uniformly distributed load of P = 23 MPa. The Young’s modulus
and Poisson’s ratio are E = 207 GPa and u = 0.3, respectively. The maximum
allowable stress and the minimum volume are g, = 250 MPa and V},,, = 0.6 m2,
respectively.

Here, the original deterministic problem (Zhou et al. 2016a) is modified to an
RO problem by assuming that two of the design variables, i.e. the inside diameter of

Table 7.2 Ranges of the Design variables Range (mm)
design variables -
The height of the end part h; 280-320
The inside diameter of the end part r 40-50
The thickness of the end part 1 19-27
The inside diameter of the body part r, 165-205
The thickness of the body part 7, 13-23
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Fig. 7.22 Schematic diagram 2,
of the cylindrical pressure
vessel
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the body and the thickness of the body, both follow normal distributions of
Ry~ (r2,01),01 =2, and T> ~ (t,63), 0, = 0.5, respectively. These two uncer-
tain variables are assumed to be independent. Then, the modified RO problem can
be specified as follows:

min : Fj. = u(TC) +30(TC)
st gy = p(os)+30(0s) <ou (7.57)
8y =u(V) =3a(V) = Viw
where V is the volume of the cylindrical pressure vessel and TC is the total amount

of material consumed for manufacturing. The quantities V and 7C are calculated as
follows:

1 3
V:nr§<6000—h1 — \/r%—t%> +2nh1rf+7r(rf+r%)\/rf—r%+§7r< rf—r%)

(7.58)
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Fig. 7.23 Three-dimensional (3D) HF model of the cylindrical pressure vessel

TC = n[(12 + 1)’ ~13] (6000 — =1}~ rf) +2mhy (1 + 1) =]

+ ﬂ[(tl + r1)2 + (tz + r2)2] \/(tz + r2)2—(t1 + r1)2 + %TC|: (tz =+ r2)2—(t1 + r)2:|

3
~w(3 AR A~ (V3-R)

3

(7.59)

The maximum von Mises stress of the pressure vessel cannot be obtained
analytically. Therefore, HK is used to fit the relationship between the stress
response and the design variables. In this analysis, ANSYS 18.0 was used as the
simulation tool for the stress response. An axially symmetrical three-dimensional
(3D) finite element model with hexahedral meshes was selected as the HF model,
which is depicted in Fig. 7.23.

Correspondingly, Fig. 7.24 illustrates the one-dimensional (1D) finite element
model used as the low-fidelity (LF) model.
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Fig. 7.24 One-dimensional (1D) LF model of the cylindrical pressure vessel
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Table 7.3 Deterministic optimization results for the engineering case

Design variables and hy 2] t r t F?C g‘f gg
responses
Values 308.95 [40.08 |[19.01 |181.74 | 13.00 | 0.0949 |249.18 | 0.600
Fig. 7.25 Values of g¢ with 0.8
variations in r,
0.7}
0.6 74
0.5¢
0.4

174 176 178 180 182 184 186 188

In this engineering example, 60 sample points were simulated for the LF sur-
rogate model, and the total number of sample points used to develop the HF
surrogate model was limited to 15. Deterministic optimization was performed first
to illustrate that RO is, in fact, necessary. The deterministic optimization results are
summarized in Table 7.3. Table 7.3 shows that at the deterministic optimum, the
constraint on g9 is active.

Since the constraint on gg is active, when the uncertain variable r, varies, the gg
constraint can be violated, as shown in Fig. 7.24. Figure 7.24 presents the results of
generating 10,000 Monte Carlo samples and calculating the corresponding values
of g4. The arrows indicate the feasible direction of the g4 constraint. It can be
concluded from Fig. 7.25 that the deterministic optimum is not robust and that RO
is therefore necessary.

Robust solutions considering only the design variable uncertainty and consid-
ering both the design variable and MF surrogate model uncertainties are summa-
rized in Table 7.4.

To validate the actual robustness and feasibility of the solutions, 50 Monte Carlo
samples of the random variables in the vicinity of each robust solution were
plugged into the 3D HF finite element model. As observed in Table 7.4, although
the solution obtained using the robust design approach considering only the design
variable uncertainty has a smaller objective value, the actual constraint value
(g] = u(oy) +30(a,) =266.99 MPa) calculated from the confirmed points is
greater than 250 MPa, meaning that the robust constraint limit
(g] = u(oy) +30(0,) <250 MPa) is violated. This finding demonstrates that
ignoring the uncertainty of the MF surrogate model can result in an infeasible
solution. Although the robust optimum found using the MF-surrogate-assisted RO
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Table 7.4 Comparison and verification of optima for the example engineering case

Design variables Only considering Considering both design variable and

and responses design variable multi-fidelity surrogate model uncertainties
uncertainty

hy 303.18 295.71

ri 50.00 44.00

t 19.00 21.16

r 205.00 190.30

t 19.14 22.06

Fie 0.1722 0.1845

u(v) 0.770 0.658

a(V) 0.019 0.013

g =u(V)—3a(V) 0.713 0.620

u(ay) 248.47 205.77

a(oy) 6.17 4.78

g1 = u(oy)+30(os) |266.99 220.10

approach has a larger objective value, the confirmed constraint value achieved using
the MF-surrogate-assisted RO approach safely satisfies the constraint limit. This
result demonstrates that the MF-surrogate-assisted RO approach may sacrifice the
overall objective value to ensure robust solution feasibility.

7.2.2 Surrogate-Model-Based Deterministic RO Approaches

7.2.2.1 Basic Concept of Deterministic RO

A general formulation for an optimization problem with interval uncertainties is
given in Eq. (7.60).

min  f(x,p)
st gix,p)<0 j=12..J (7.60)
Xp <x <Xy .

Po—Ap <p< py+Ap,

where f is the objective function; x = (x,xz, . . .xN)T is the design variable vector;
xy and x,,, are the lower and upper bounds, respectively, on x; g = (g1, 82, - --8/)
are the constraints; and p = (p1,pa2, . . .pG)T is the parameter vector, which is fixed
for a particular optimization run but can exhibit uncertainty. The uncertainties in the
parameters p are modelled as intervals, where p, is the nominal value of p and the
upper and lower bounds of the uncertainty region of p are Ap, and Ap,,
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respectively. Let Ap~= [Ap;, Ap;,...,Apg] and Ap ™ = [Ap," ,ApS ..., Apl ] be
the lower and upper bounds, respectively, of the variable variations, and let the

Ap i / Ap 77 AP i S 0
Ap:/Ap™ , Ap; >0
Note that if a design variable is uncertain, then this uncertainty is also modelled as
an interval, as in the case of p.

The essential goal of RO for Eq. (7.60) is to find an optimum x with certain

properties. Some basic concepts are introduced as follows:

corresponding normalization of Ap be defined as Ap; = {

(1) Objective robustness: The objective function always varies within its accept-
able objective variation range (AOVR) due to perturbation of the uncertain
variables in the variable variation range (VVR). In a real-world engineering
problem, this AOVR is pre-specified by the decision-makers in accordance with
a certain objective robustness requirement.

(2) Feasibility robustness: The constraints are not violated due to perturbation of
the uncertain variables, even in the worst-case situation.

(3) Optimality: Given that the abovementioned robustness targets are achieved, the
optimum also yields the best objective value.

Referring to the reverse-model-based robust optimization (RMRO) approach
presented in Ref. (Gunawan and Azarm 2004), a nested RO approach corre-
sponding to Eq. (7.60) is formulated as follows:

Il’lil’l f(xva)

s.t.  gilx, <0 j=12..J
gi(*.po) j (7.61)
l—ngSO

where 7, is the objective robustness index and 7, is the feasibility robustness index.
For a given xo, 1, can be obtained by solving the following optimization
problem (Gunawan and Azarm 2004):

1

2

G
> (Ap/dpr)| /(G)'?

i=1

1y = min Re(Ap)/Ro =

(7.62)
(Ao
[f (x0.po + AP) — f(x0,P0)]

where Ap denotes the design variables; Ap; denotes the known bounds of the
uncertainty region of p; Afy is the AOVR, which represents the acceptable change
in the objective function value; Ry denotes the diameter of the objective sensitivity
region; Ry denotes the diameter of the parameter uncertainty region in the

S.t. —1=0
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Fig. 7.26 Depiction of the objective robustness index and the feasibility robustness index in two
dimensions: a objective robustness index 7y, b feasibility robustness index 1,

worst-case scenario; and G represents the dimensions of the parameter uncertainty
region.

Once 7 is obtained, the relative sizes of the objective sensitivity region and the
parameter uncertainty region in the worst-case scenario can be determined, as
shown in Fig. 7.26a. The constraint in this problem reflects the fact that a point on
the boundary of the sensitivity region must satisfy [Af]*= [f(x0,po+ Ap)—
f(x0,p0)]>. When 1y > 1, the objective sensitivity region associated with the design
alternative covers the parameter uncertainty region, indicating that the design
alternative is robust in terms of the objective.

Similarly, for a given xo, 17, can be obtained by solving the following opti-
mization problem (Gunawan 2004):

1
2

(Ap/Apr)?| /(G)'" (7.63)

M=

1, = min Ry(Ap) /Ry =

r

Il
-

0

s.t. max [g;(xo,po + Ap)]

where R, denotes the diameter of the feasibility sensitivity region.

In Eq. (7.63), n, represents the relative size difference between the feasibility
sensitivity region and the parameter uncertainty region in the worst-case scenario,
as shown in Fig. 7.26b. When 7, > 1, the feasible sensitivity region associated with
the design alternative covers the parameter uncertainty region, indicating that the
design alternative is robust in terms of feasibility.

oLl Zyl_i.lbl
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7.2.2.2 A Kriging-Assisted Deterministic RO Approach

(1) The framework and computational effort of the kriging-assisted deterministic
RO approach

To improve the effectiveness of RMRO, surrogate models are built for both the
objective robustness index and the feasibility robustness index. As a result, the
outer—inner nested optimization framework is transformed into a traditional
single-level optimization framework:

min  f(x,py)

st. gi(x,py) <0 j=1,2...J
&l f)o) j (7.64)
1 —n>0
1—17,>0

where 7, and i), are the robustness index and feasibility robustness index,
respectively, predicted by the kriging surrogate models.

Figure 7.27 depicts the data flow of this framework, hereafter called K-RMRO.
The contents of the dashed boxes represent the process of constructing the surrogate
models, where the data flow is indicated by the dotted lines with arrows. Note that
unlike traditional constraints, which divide the design space into two continuous,
well-defined feasible and infeasible regions, robustness constraints may generate
multiple disjoint feasible regions. Therefore, a GA is selected to solve the outer

]I]jl] f{x'pﬂ)
s.togilepy)<0 j=12...J
n,-120
7, ~120
h r S
I | SRS = e I
I DOE | I DOE |
______ O - | PR
x x&'l le x
R . A ’El' SR S :
| n,=minR (Ap)/R, | : 1, =minR,(Ap)/ R, I
| 2 1 : —o |
| o0 A sy | j 5t maxig (%, gy +AP))=0 |
I [Af (xq. po. AP | I |
I'___I_____I_,__" e e |~
xxl Iqj; xxl qu,s
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| KrigingMetamodels 1 | || |_ Kriging Metamodels 2 |

Fig. 7.27 Framework of the K-RMRO approach
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problem. The robustness indexes are calculated by employing the subroutine
‘fmincon’ function in MATLAB. The details of the implementation of K-RMRO
are as follows.

Step 1: Generate a set of sample points x; using Latin hypercube sampling
(LHS). x; will be used as the sample set for generating the kriging
surrogate models for the objective robustness index #; and the feasibility
robustness index 1.

Step 2: Solve the two inner optimization problems in Eqs. (7.62) and (7.63) for
each sample point, thus obtaining the objective robustness index 7y and
the feasibility robustness index 1, corresponding to each sample point.

Step 3: Build kriging surrogate models for the objective robustness index njf and
the feasibility robustness index 1.

Step 4: Initialize the outer optimization problem and solve Eq. (7.63) using the
GA. During the optimization process, the values of n; and #, for each
individual are predicted using the constructed kriging surrogate models.
The procedure stops when a prescribed maximum number of iterations is
reached.

As mentioned before, the response values obtained from the kriging surrogate
models are subject to prediction uncertainties, which may cause K-RMRO to yield
false optima. Hence, an improved kriging-assisted RMRO (IK-RMRO) method is
presented to enable the consideration of the interpolation uncertainties of the
kriging surrogate models. Note that as long as the robustness status of an individual
does not change because of the adoption of the kriging surrogate model, the
robustness of that individual can be predicted using the kriging surrogate model
instead of being judged based on the inner RO problem. However, if the robustness
status of the individual does change, then the inner RO problem should be solved.
Therefore, an objective switching criterion is introduced in IK-RMRO to determine
whether the inner RO problem or the kriging surrogate model replacement should
be used to evaluate the robustness of individuals. The switching criterion is pre-
sented for the objective robustness; a similar criterion can be used for the feasibility
robustness.

In each generation, the objective robustness index of each individual as predicted
by the kriging model can be either 1,(x;) <1 or n4(x;) > 1. When the effects of the
interpolation uncertainties of the kriging surrogate models are considered, there are
four possible scenarios for a given individual, as depicted in Fig. 7.28.

e Scenario 1: 7y(x;) <1 & 1,(x;) +2s(x;) <1 (point A)
e Scenario 2: ny(x;) <1 & n,(x;) +2s(x;) > 1 (point B)
e Scenario 3: ny(x;) > 1 & n,(x;) — 2s(x;) <1 (point C)
e Scenario 4: ny(x;) > 1 & n;(x;) — 2s(x;) > 1 (point D)

On the basis of these scenarios, the individuals in the current generation can be
divided into two types:
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Fig. 7.28 Four different 25 T T T
scenarios for candidate - ;
designs
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Type 1: The objective robustness of these individuals can be predicted using the
kriging surrogate model.

Clearly, the prediction error of the kriging surrogate model does not change the
robustness status of individuals in Scenarios 1 and 4.

Type 2: The objective robustness of these individuals should be judged based on
the inner RO problem.

Clearly, the prediction error of the kriging surrogate model may change the
robustness status of individuals in Scenarios 2 and 3.

Figure 7.29 presents the flowchart of the proposed IK-RMRO method. The
detailed steps are as follows.
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Step 1:
Step 2:

Step 3:
Step 4:

Step 5:

Step 6:

Step 7:
Step 8:

Step 9:

7 Surrogate-Model-Based Design and Optimization

Generate a set of sample points x; using LHS.

Solve the two inner optimization problems given in Eq. (7.62) and
Eq. (7.63) for each sample point, thus obtaining the objective robustness
index 7; and the feasibility robustness index 17, corresponding to each
sample point.

Build kriging surrogate models for the objective robustness index #; and
the feasibility robustness index 1.

Initialize the outer optimization problem. Set the iteration counter to
N =1 and generate an initial population x using the GA.

Apply the kriging surrogate models to predict the robustness indexes and
the corresponding interpolation uncertainty intervals for the current
population.

Classify the individuals in the current population. This step can be
divided into two parts: (1) On the basis of the proposed quantitative
criterion for the objective robustness index, divide the current population
into two sets xy 71 and xy 2. The objective robustness indexes of indi-
viduals in x;7; will be predicted using the kriging surrogate model,
while for the individuals in x; 7, the objective robustness indexes will
be obtained by solving the inner RO problem. (2) On the basis of the
proposed quantitative criterion for the feasibility robustness index,
divide the current population into two sets x, 7 and x, 7. The feasibility
robustness indexes of individuals in x, 7 will be predicted using the
kriging surrogate model, while for the individuals in x, 75, the feasibility
robustness indexes will be obtained by solving the inner RO problem.

Calculate the fitness value of each individual in the current population.
Generate the next generation based on the genetic operators of selection,
crossover and mutation. Set N = N + 1.

Repeat Steps 5-8. The procedure stops when the prescribed maximum
number of iterations N.x is reached.

RMRO can become computationally intractable because the inner problem must
be solved for each x; passed from the outer problem. The superiority of the pro-
posed surrogate-model-assisted RMRO approach relative to the original RMRO
approach lies in its computational effort. Below, the required numbers of function
calls for RMRO, K-RMRO and IK-RMRO are analysed. Note that a function call
refers to the calculation of both the objective and constraint values for a single
design point.

Suppose that a GA with a population size P and a maximum number of iterations
G is applied to solve the outer problem and that MATLAB’s fmincon function is
used to solve the inner optimization problem. Then, the number of function calls for
the original RMRO approach is



7.2 Surrogate-Model-Based Robust Design Optimization 197

FCi=PXG+PxGx(01+0>) (7.65)

where Q; denotes the average number of function calls for the inner problem to
obtain the objective robustness index for each candidate and Q, is the average
number of function calls for the inner problem to obtain the feasibility robustness
index for each candidate.

Let the number of sample points used to construct the kriging surrogate models
be S; then, the required number of function calls for the K-RMRO approach is

FC,=PxG+Sx (01+0,) (7.66)

Let P, and P, be the numbers of individuals in each generation whose objective
robustness and feasibility robustness, respectively, are to be judged based on the
inner RO problem. According to the analysis in Sect. 7.3.1, both P, and P, must be
smaller than the total population size. The required number of function calls for the
IK-RMRO approach is

FC3=PXG+Sx(Q1+02)+P, xGXxQ1+P; xGxQy (7.67)

By comparing the numbers of function evaluations in Egs. (7.65)—(7.67), it can
be found that the RMRO, K-RMRO and IK-RMRO methods are ranked as follows
in terms of computational burden: RMRO > IK-RMRO > K-RMRO. A nonlinear
numerical example and an engineering case are presented to demonstrate the
applicability and efficiency of the IK-RMRO approach. The settings for the GA in
the optimization problems are given in Table 7.5. LHS is adopted for sampling
points from the design space. The number of sample points S is set to 507 in all
examples to ensure that the sample points can well reflect the spatial characteristics
of the problem, where T is the total number of design variables. To assess the
prediction abilities of the constructed kriging surrogate models, two error metrics,
the root mean square error (RMSE) and maximum absolute error (MaxAE), are
used to measure their global and local accuracies, respectively.

The first example is a two-dimensional nonlinear numerical example adapted
from Zhou et al. (2012), and it is used to present a detailed comparison of the
RMRO, K-RMRO and IK-RMRO methods. The problem formulation is given as
follows:

Table 7.5 GA settings used in the examples

GA settings Nonlinear numerical example Pressure vessel design
Population size 40 40

Max. iterations 50 100

Crossover probability 0.95 0.95

Mutation probability 0.05 0.05
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Table 7.6 Results comparison for the nonlinear numerical example

Results Deterministic RMRO K-RMRO IK-RMRO
X1 —1.826 —-1.411 —1.399 —1.447

by 0.741 0.268 0.233 0.267

f —3.287 —1.551 —1.437 —1.567

g1 -5.919 —6.117 —6.136 —6.166

2 0 —1.374 —1.423 —1.360
Function calls 2,000 55,598 4,486 18,558

minf = x; sin(x; +4) + 1067 +22x; 4 5x1x2 + 2x3 4 3x, + 12
st g1 = xf +3x; —xysin(x;) +x, —2.75<0
g2 = —10g,(0.1x; +0.41) 4 xe ™ 374 L x) —3<0 (7.68)
—4<x <1, —-1<xp<I1S5
Ax; = Ax; = 0.4,Afy = 2.5

In this example, the design variables x; and x, have uncertainties of £0.4 around
their nominal values. The AOVR is Af = 2.5. The robust optima obtained via
RMRO, K-RMRO and IK-RMRO are listed in Table 7.6. For comparison, the
deterministic optimum is also presented. Then, the kriging surrogate models for the
objective and feasibility robustness indexes, respectively, have MaxAEs of 0.37
and 0.32 and RMSEs of 0.09 and 0.13. These metrics indicate that the prediction
performance of the kriging surrogate models is desirable.

From Table 7.6, it can be observed that the deterministic optimum has the
smallest objective value; however, the value of g; is equal to 0, which means that
the deterministic optimum provides no room for variation relative to the corre-
sponding constraint. Note that although the robust optima obtained via RMRO,
K-RMRO and IK-RMRO have objective values larger than that of the deterministic
optimum, they provide some amount of ‘cushion’ for variation relative to the
constraint. Thus, these RO approaches may sacrifice the objective value to ensure
robustness in terms of the objective and feasibility.

The results listed in Table 7.6 were verified by using LHS to obtain 500 per-
turbations of x; and x, around their nominal values within the corresponding ranges
Ax; and Ax, and calculating the Ag(,Ag, and Af values of the designs corre-
sponding to these perturbed values. To offer improved clarity without losing any
important information, Fig. 7.30b, d, f and h shows only the max|g;, g,] value for
each perturbation. In Fig. 7.30a, c, e, g, the solid lines represent the acceptable Afy
ranges (Afy = £2.5). In Fig. 7.30b, d, f, h, the solid lines represent the design
constraints (max|[gi, g2] = 0). In these graphs, an optimum is considered robust in
terms of the objective if all sample points lie within the solid lines, that is, Af < Afp,
and an optimum is considered robust in terms of feasibility if all sample points lie
below the red line, i.e. max[gy, g,] <O.
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It can be seen from Fig. 7.30 that the deterministic optimum becomes infeasible
in some cases, while the robust optima of RMRO, K-RMRO and IK-RMRO are
always feasible. Considering the objective variations, the objective variations of the
deterministic optimum and the robust optima of RMRO and IK-RMRO always
remain within the acceptable bounds, while the K-RMRO optimum violates the
bounds at some points. In other words, the deterministic optimum does not meet the

Tda 03 w0z w1 0 o1

(b) Constraints variation for deterministic optimum

0.4

=]

max[gl,gz]

04 03 02 01 0 01 02 03 04

(c) Objective variation for RMRO optimum (d) Constraints variation for RMRO optimum
35 T T T T T T T 0.4
0
.te -0.4
& s 0g0 —_—
e WA
LR 0B -0.8
>y %
g .2
-1.6
2.5 -
04 -03 02 -01 0 01 02 03 04 D4 .03
1 1
(e) Objective variation for K-RMRO optimum (f) Constraints variation for K-RMRO optimum

Fig. 7.30 Robustness verification for the nonlinear numerical example
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Fig. 7.30 (continued)

requirements in terms of the feasibility robustness, and the K-RMRO optimum does
not meet the requirements in terms of the objective robustness.

A graphical explanation of these results is presented in Fig. 7.31. In Fig. 7.31,
the lines marked with arrows are the constraint boundaries, with the arrows indi-
cating the feasible directions. The ellipses are the contours of the objective function
for different optima. The rectangles with dotted lines represent the VVRs. The
optima obtained with the different approaches are represented by solid points in
Fig. 7.31a—d. As illustrated in Fig. 7.31a, some variable variations cause the
deterministic optimum to fall into the infeasible region. In contrast, the VVRs of the
RMRO, K-RMRO and IK-RMRO optima lie fully within the feasible region,
indicating that these optima are completely robust to variable variations. From
Fig. 7.31c, it can be observed that a small part of the VVR of the K-RMRO
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Fig. 7.31 Graphical explanation of the results for the nonlinear numerical example
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Fig. 7.32 Numbers of
simulation calls for robustness
evaluations in each generation

Mean ofll\-RMRO

No. of simulation calls for robust evaluation
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Generation number

optimum lies outside the contours of fx_gyro — Afo and fx_uro + Afo, While for
the other three optima, the VVRs fall completely inside the AOVRs.

Regarding the computational efficiency of each robust method, the number of
function calls for K-RMRO is approximately 10 times less than that for RMRO, and
the number of function calls for IK-RMRO is approximately 3.5 times less than that
for RMRO. Figure 7.32 shows the numbers of simulation calls for robustness
evaluations in each generation of the three different robust methods. As shown in
Fig. 7.32, K-RMRO does not require robustness evaluations during the RO process,
while even the RMRO run with the fewest simulation calls (i.e. 1,029 in generation
26) requires more simulation calls than the IK-RMRO run with the greatest number
of simulation calls (i.e. 457 in generation 42). The reason for this difference is that
all of the intermediate designs must be evaluated for robustness in RMRO, while
only a portion of them must be assessed for robustness in IK-RMRO. Figure 7.33
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Table 7.7 Results from 30 runs for the nonlinear numerical example

Deterministic RMRO K-RMRO IK-RMRO
Robustness 0/30 30/30 21/30 30/30
Mean of function calls 2,000 55,765 4,486 19,286

depicts the individual types in generation 2 for IK-RMRO. In Fig. 7.33, the open
circles represent individuals whose robustness can be predicted using the kriging
surrogate model, while the solid circles represent individuals whose robustness
must be judged by means of the inner RO problem. It can be seen from this figure
that only a small proportion of the individuals need to be assessed for robustness.
As a result, the total number of function calls in IK-RMRO is actually less than that
in RMRO.

Due to the stochastic nature of GA, the results obtained might differ from one
run to another. To account for this, an additional 29 runs were performed, and the
results are summarized in Table 7.7. As shown in Table 7.7, RMRO and
IK-RMRO were always able to obtain robust optima, while K-RMRO could
guarantee a robust optimum in only 21 of the 30 runs, indicating that it sometimes
yields non-robust optima. The deterministic approach did not result in a robust
optimum for any of the 30 runs for this example. Regarding the computational cost,
the deterministic approach requires the fewest function calls because this method
does not require calculating a design’s robustness. The levels of computational
effort of the kriging surrogate-model-assisted RMRO methods are significantly
reduced compared with that of RMRO: K-RMRO requires an average of 4,486
function calls, i.e. 10 times fewer than the 55,765 function calls required by RMRO,
and IK-RMRO requires 19,286 function calls, representing a savings of 65.4%
function calls compared with RMRO.

The engineering example considered here is a classic pressure vessel design
problem, adapted from Kannan and Kremer (1994). Although the problem size is
not large for this engineering case, this is a typical and appropriate case for illus-
trating the applicability and superiority of the IK-RMRO method. The cylindrical
vessel is capped at both ends by hemispherical heads, as shown in Fig. 7.34. The
objective is to minimize the total cost, including the costs of the material, forming
and welding (Coello 2000). Four design variables are considered: x; (7, the shell
thickness), x, (T}, the head thickness), x3 (R, the inner radius) and x4 (L, the length
of the cylindrical section of the vessel, not including the heads). 7, and T}, are
integer multiples of 0.0625 inch (0.15875 cm), which are the available thicknesses
of rolled steel plates; R and L are continuous.

Here, the problem is slightly modified by considering the possibility of varia-
tions in two of the design variables. The modified RO problem is specified as
follows:
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Fig. 7.34 Centre and end sections of the pressure vessel

min f(x) = 0.6224x;x3x4 + 1.778 16,03 + 3.1661x7x4 + 19.84x7x3

st gi(x) = —x; +0.0193x; <0
22(x) = —x2 +0.0954x3 <0

4
g3(x) = —mdxy— 3 X3 + 1,296,000 < 0 (7.69)

ga(x) =x4 —240<0
where 0<x;<1.5,0<x<1.5, 30<x3<50, 160 <x4 <200
Ax; = 0.01, Axqy = 0.05, Afy = 100

The detailed results for this RO problem are listed in Table 7.8.

From Table 7.8, it can be observed that the deterministic optimum has the lowest
objective value, but the constraints on g; and g, are active, which indicate that the
pre-existing design provides no room for the variables to vary. The relative

Table 7.8 Results comparison for the pressure vessel example

Results Deterministic RMRO K-RMRO IK-RMRO
x1(Ty) 0.838 0.857 0.831 0.845
x(Ty) 0.414 0.419 0.415 0.412
x3(R) 43.399 43.453 42.722 43.008
x4(L) 161.158 160.654 169.152 165.758
f 5994.895 6138.735 6035.272 6091.096
g1 0 —-0.018 —-0.007 —-0.015
2 0 —0.005 —0.007 —0.002
g3 —2.103 —648.742 —527.573 —463.936
g4 —78.842 —79.346 —70.848 —74.242
Function calls 4,000 50,790 7,675 14,139
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difference in the robust optimal objective values between the RMRO and
IK-RMRO solutions is only 0.8%, which can be regarded as negligible considering
the stochasticity of the GA. In this case, 1000 test points were randomly generated
to calculate the values of the MaxAE and RMSE for the constructed kriging sur-
rogate models. The kriging surrogate models for the objective and feasibility
robustness indexes, respectively, have MaxAEs of 0.39 and 0.36 and RMSEs of
0.12 and 0.14. These findings illustrate that the prediction capabilities of the kriging
surrogate models are desirable.

The optimal results in Table 7.8 were verified by using LHS to generate 500
perturbations of x; and x4 around their nominal values within the corresponding
ranges of Ax; and Axs and calculating the g; (i = 1,3,4) and Afy values of the
designs corresponding to these perturbed values (note that g, is independent of x;
and x4). To offer improved clarity without losing any important information,
Fig. 7.35b, d, f, h shows only the max[g, g3, g4] value for each perturbation. In
Fig. 7.35a, c, e, g, the solid lines represent the AOVR (Afy = £100). In Fig. 7.35b,
d, f, h, the solid lines represent the design constraints (max[g;, g3, g4] = 0).

From Fig. 7.35, it can be concluded that all four solutions meet the requirements
in terms of the objective robustness. However, the deterministic optimum and the
K-RMRO optimum become infeasible in some cases, while the robust optima of
RMRO and IK-RMRO are always feasible. In other words, the deterministic and
K-RMRO optima do not meet the requirements in terms of the feasibility robust-
ness. It should be noted that although there is still space to absorb variations in the
objective function for the RMRO and IK-RMRO optima, the objective value cannot
be improved because the variances in the constraints have reached their limits.

To further illustrate what happens when x; and x4 vary, the feasible sensitivity
region and worst-case sensitivity region were calculated for each optimum in
Table 7.8. The feasible sensitivity regions were obtained by constructing the
inequality functions g;(x; + Axy, x2,x3, x4 + Axq) <0, (i = 1,3,4) from Eq. (7.42)
and then substituting the optimum found with each method into these functions. It
can be observed from Table 7.8 that only g; and g3 are active or sensitive to the
design variables, while g4 remains almost the same for each optimum. These
observations imply that only g; and g3 make critical contributions to the feasible
sensitivity region and that g4 can be safely dropped from the analysis.

Figure 7.36 presents the robustness information for each optimum. As shown in
Fig. 7.36a, the worst-case sensitivity region for the deterministic optimum is very
small, approaching a radius of zero. This is because g; and g3 are already almost
active at the deterministic optimum, and consequently, little ‘safety margin’ exists
for x; and x4 variations (in the worst case). As shown in Fig. 7.36¢, the feasible
sensitivity region for the K-RMRO optimum does not fully cover the VVR; this
finding is attributed to the fact that the interpolation uncertainties of the responses
obtained from the kriging surrogate models are ignored. In contrast, the feasible
sensitivity regions of the RMRO and IK-RMRO optima are sufficiently large to
tolerate more extensive variations in x; and x4. It is also observed that their feasible
sensitivity regions completely enclose the VVRs.
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Table 7.9 Results from 30 runs for the pressure vessel example

Deterministic RMRO K-RMRO IK-RMRO
Robustness 0/30 30/30 8/30 30/30
Mean of function calls 4,000 51,146 7,675 13,738

Table 7.9 summarizes the results from a total of 30 runs for this pressure vessel
design example. As seen in Table 7.9, both IK-RMRO and RMRO are able to
obtain robust optima, and the average number of function calls required by
IK-RMRO is 13,738, which is approximately 28% of the function calls required by
RMRO. Although K-RMRO can reduce the number of function calls by 44%
compared with IK-RMRO, it cannot always guarantee the robustness of the solu-
tion. In this analysis, K-RMRO could guarantee a robust optimum in only 8 of the
30 runs.

7.3 Surrogate-Model-Based Evolutionary Optimization

Evolutionary optimization algorithms require a large number of function evalua-
tions to converge to globally optimal or near-optimal solutions (Sun et al. 2013;
Cheng et al. 2015b). This requirement has somewhat limited their ability to solve
real-world engineering design problems relying on computationally expensive
simulation models, which we refer to as HF models. There are three common
strategies to improve the efficiency of such algorithms. The first strategy is referred
to as fitness inheritance, in which the number of fitness evaluations is reduced by
estimating the fitness values of offspring individuals based on their parents (Chen
et al. 2002; Bui et al. 2005). The parents are individuals from the previous gen-
eration from which the offspring individuals were generated. The second strategy is
referred to as fitness imitation. Unlike in fitness inheritance, the fitness values of
offspring individuals are estimated based on several selected representative indi-
viduals in the current generation (Kodiyalam et al. 1996; Jin 2005). The last
strategy is referred to as fitness approximation (using surrogate-model-based
methods), in which surrogate models, e.g. kriging (Li et al. 2009a; Li 2011; Liu and
Collette 2014), radial basis function (RBF) (Chen et al. 2012; Regis 2013b; Datta
and Regis 2016; Sun et al. 2017), neural network (NN) (Song et al. 2012), support
vector regression (SVR) (Andrés et al. 2012) or quadratic polynomial fitting
(QPF) (Goel et al. 2007) models, are constructed to replace the fitness evaluations
to reduce the number of fitness calculations. Since the fitness approximation
strategy can lead to the best performance and yields the most efficient methods
among the above three strategies, these approaches have attracted widespread
interest (Jin 2011; Zhu et al. 2014).
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In the broadest sense, surrogate-model-based methods can be divided into two
distinct modes: offline mode and online mode (Wang et al. 2016). In the offline
mode, a pre-specified number of sample points are used to build a surrogate model,
which is subsequently used in place of the simulation model in the evolutionary
computations (Chung and Alonso 2004; Lian and Liou 2005; Mogilicharla et al.
2015). The main shortcoming of the offline mode is that it is difficult to reduce the
number of fitness evaluations while simultaneously obtaining a surrogate model of
the desired accuracy (Li 2011). By contrast, in the online mode, an initial surrogate
model is first generated and then adaptively updated following certain model
updating strategies throughout the optimization process (Li et al. 2009a; Hamdaoui
et al. 2015). Compared with the offline mode, the online mode, which can exploit
data from previous iterations, has been reported to be more efficient for evolu-
tionary algorithms (Li 2011; Shimoyama et al. 2013).

In engineering design optimization, there may be multiple conflicting design
objectives. Thus, the ability to rapidly understand the trade-offs between multiple
conflicting objectives is important (Liu and Collette 2014). A general formulation
for a multi-objective optimization problem is given below:

min F(x) = {fi(x),f(x),....fi(x), ... fulx)}
. j=1,2..J (7.70)

where F(x) is the objective function vector, which contains at least two conflicting
objective functions; x = (x1,x,, .. .xN)T is the design variable vector; x;, and x,,
are the lower and upper bounds, respectively, on x; and g = (g1, g2, - - -gs) are the
constraints. Since trade-offs exist among the objective functions, the optimization
problem expressed in Eq. (7.70) generally has a set of Pareto optimal solutions, that
is, there is no optimum that is superior to all other designs in terms of all objectives
(Shan and Wang 2005). These solutions are called the Pareto set or Pareto frontier.
Since multi-objective evolutionary algorithms (MOEAs) are the main means of
solving such problems, considerable attention has been paid to the possibility of
adopting the fitness approximation strategy to reduce the cost of these algorithms.
In this chapter, several typical online surrogate-model-based multi-objective evo-
lutionary optimization methods are introduced in detail.

7.3.1 A Kriging-Model-Assisted Multi-objective Genetic
Algorithm (K-MOGA)

The core factor affecting the success of online surrogate-model-based evolutionary
algorithms is the model updating strategy. The most direct model updating strategy
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is to update the surrogate model by evaluating the individuals with the best fitness
values (Jin et al. 2002), the individuals with the largest uncertainty (Branke and
Schmidt 2005; Wang et al. 2017) or the individuals that offer a trade-off between
improving the surrogate model accuracy and searching for the best fitness values
(Jeong et al. 2006; Hu et al. 2008; Hamdaoui et al. 2015). The random selection of
individuals to be evaluated using the original fitness function in each generation has
also been studied as a strategy for updating the surrogate model (Jin et al. 2000).
Preliminary efforts have demonstrated that these updating strategies with a prede-
fined number of updates may cause oscillation because the accuracy of the surro-
gate model may fluctuate significantly during the optimization process (Ratle 1998).
To address this issue, Li (Li et al. 2007) proposed a kriging
surrogate-model-assisted multi-objective genetic algorithm (K-MOGA), in which
an objective criterion is introduced to select individuals for simulation based on
whether the dominance statuses of the individuals (according to the original
function) change due to the uncertainty of the surrogate model.

The conventional multi-objective genetic algorithm (MOGA) used here is based
on NSGA (Kalyanmoy 2001) combined with an elitism strategy. In each generation
of the conventional MOGA, the current population is composed of two parts,
namely, non-dominated points and dominated points, and the response values at the
points in the initial population are calculated using a simulation model. When a
kriging model is used in place of the simulation model, the response values pre-
dicted by the kriging model are subject to a prediction error. If the prediction error
indicates that the dominance statuses of the design points in the current generation
will not change because of the use of the kriging model, it is acceptable to use the
kriging model instead of the simulation model. If the dominance status does change,
then the design points that are predicted to contribute to this change are observed
(i.e. their objective function values are computed using the simulation model);
otherwise, the kriging model is used to obtain all response values.

A quantitative measure of dominance, the minimum of minimum distance
(MMD), is used as the basis of the criterion for determining whether the values
predicted by the kriging model should be accepted. The MMD is defined as the
minimum distance between all pairs of non-dominated and dominated points in the
objective space, and it is calculated as follows. First, the individuals in the current
population are divided into two sets: the non-dominated set and the dominated set.
Then, the MMD is projected into each dimension in the objective space to obtain
the MMD;, (m =1, ..., M), as shown in Fig. 7.37.

The prediction error at a design point x is defined as

Li(x) =onx),m=1,...M (7.71)

where a,,(x) is the standard deviation of the predictions of the kriging model.
Figure 7.38 depicts the relation between the prediction interval and the MMD.
As shown in Fig. 7.38a, the dominance statuses of the individuals will not change
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Fig. 7.38 Relation between the prediction interval and the MMD
when the relation between the MMD and the prediction interval satisfies the fol-
lowing condition:

1y(B) + I,(a) <2MMDy, (7.72)

Otherwise, the dominance statuses of individuals may change, as shown in
Fig. 7.38b.
The steps of K-MOGA are as follows:
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Step 1. Initialization. Start by generating an initial population. Simulation models
are called to calculate the responses for the individuals. The initial kriging
models are constructed based on the initial samples.

Step 2. Generate a new population by means of GA operations.

Step 3. Apply the current kriging models to predict the response values for the
current population. Obtain the non-dominated set and the dominated set.
For individuals that do not satisfy Eq. (7.72), the simulation model is used
to calculate their responses.

Step 4. Calculate the fitness value of each point.

Step 5. Identify the non-dominated points and update the kriging models. The
individuals whose response values have been calculated through simula-
tion are used to update the kriging models.

Step 6. Check the stopping criteria. If the stopping criteria are satisfied, the
algorithm terminates; otherwise, it continues.

Step 7. Generate the next population. Return to Step 2.

7.3.2 A Multi-objective Variable-Fidelity Optimization
Method for GAs

The intrinsic drawbacks of single-fidelity surrogate modelling, i.e. the
time-consuming nature of running HF simulation models and the risk that incor-
porating inexpensive LF models directly into the MOGA may result in an inac-
curate Pareto frontier, have not been solved in the method discussed above.
A promising way to achieve a trade-off between high accuracy and high efficiency
is to adopt the multi-fidelity modelling (MFM) approach (Zhou et al. 2015a).
Although MFM has already been applied in engineering design optimization (Gano
et al. 2006b; Huang et al. 2006a; Han et al. 2010), researchers have mainly utilized
MFM to model the responses of engineering systems. By contrast, Zhu et al. (2013)
have proposed a multi-objective variable-fidelity optimization method for GAs. In
Zhu’s method, the NSGA-II multi-objective GA optimizer proposed by Deb et al.
(Deb et al. 2002) is used to drive the optimization problem. The global-local
approximation approach is used in this method, in which the HF function is
approximated by a global LF engineering model and a correction factor (Haftka
1991).

In this method, a fixed updating strategy is applied in which the total number and
distribution of HF calls are set at the outset of the optimization process. The
following procedure is used to distribute these HF calls.

(1) Initially, only the LF model is run for a number of generations to allow a rough
Pareto front to evolve from the randomly selected individuals that form the first
generation.
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(2) After a given number of generations, called the offset, a number of individuals
chosen from the current best non-dominated front in the optimizer are sent for
HF analysis. These individuals are selected based on a simple inter-individual
distance metric in the objective function space. The number of chosen indi-
viduals is set equal to an integer multiple of the processing capacity of the
computer cluster that is available for solving the problem. This number is
referred to as the density of the update. This strategy ensures that 100% of the
available processing power is always used when updating the surrogate model.
A kriging model is formed based on these data.

(3) Subsequent objective function evaluations use either the LF solution scaled to
the kriging model or simply the LF solution, depending on the error of the
kriging model at the point at which the objective function is to be evaluated.

(4) After a fixed number of generations have passed (referred to as the spacing),
another set of individuals (where the number of individuals is again equal to the
density) is selected from the current best non-dominated front and sent for HF
analysis. These individuals are selected by computing the prediction errors of
the current kriging model at all points in the current best non-dominated front
and sending the individuals with the highest errors for HF analysis. A new
kriging model is then formed by combining the existing and new HF results.

7.3.3 An Online Multi-fidelity Surrogate-Model-Assisted
Multi-objective Genetic Algorithm (OLVFM-MOGA)

In Zhu’s method, the cost of the LF model is assumed to be zero. However, this
method may lead to a large computational burden when the computational cost of
the LF model cannot be ignored. Shu et al. (2018) proposed an online MF
surrogate-model-assisted MOGA considering the possible change in status between
dominated individuals and non-dominated individuals and the computational costs
of the HF and LF models. This method is called OLVFM-MOGA by the authors.

A commonly used MF surrogate model approach based on an additive scaling
function is used here, in which the MF surrogate model is obtained by using a
scaling function to tune the LF model in accordance with the response values of the
HF model. The MF surrogate model can be expressed as

Fur®) =F1(x) +C(x) (7.73)

where fmf(x) is the MF surrogate model, f J(x) represents the LF surrogate model

and C (x) is the scaling function. Kriging models are used to construct the LF
surrogate model and the scaling function surrogate model. A kriging model can
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provide an estimate of the prediction error at an unobserved point. The standard
deviation of the predictions of the MF surrogate model can be expressed as

Tuf (X)=1/02(x) + 05 (x) (7.74)

where g;(x) and o¢(x) are the standard deviations of the LF surrogate model and

the scaling function surrogate model, respectively, which can be obtained from the

corresponding kriging models. The prediction interval at design point x can be
defined as

(1)~ e 7.75)

f(x) :fmf(x) +0.51(x)

where c reflects the confidence level and I(x) is the prediction interval. In accor-
dance with the six-sigma criterion used in engineering design (Koch et al. 2004),
the value of c is set to 6 in this analysis, representing a confidence level of 99.87%
that the true response lies within the prediction interval.

A novel model updating strategy is adopted in this approach to consider the
interpolation uncertainty introduced by MFM. In OLVFM-MOGA, the MF model
will be updated after each generation by sending individuals for LF/HF analysis in
accordance with the model updating strategy. Here, the individual-based updating
strategy proposed by Li (2007) is extended to MFM scenarios to consider the
computational costs of models of different fidelities.

The MMD, which refers to the minimum distance among all distances between
all pairs of non-dominated and dominated points, was introduced in Sect. 7.1 to
determine the lower bound on the distance between any two design points such that
one of the points is in the non-dominated set while the other is not. The MMD is
projected into each dimension in the objective space to obtain the MMDy, (m =1,
..., M), as shown in Fig. 7.37.

Figure 7.38 depicts the relation between the prediction interval and the MMD.
As shown in Fig. 7.38a, the dominance statuses of the individuals will not change
when the relation between the MMD and the prediction interval satisfies the fol-
lowing condition:

1,(B) + I, (a) < 2MMD;, (7.76)

Otherwise, the dominance statuses of individuals may change, as shown in
Fig. 7.38b. To avoid this situation, the prediction intervals for such individuals
should be reduced. According to Eqs. (7.74) and (7.75), the prediction intervals can
be reduced by sending the individuals for LF or HF evaluations. Considering that
the computational burden of the LF model is much less than that of the HF model,
the individuals whose dominance statuses may change will first be sent for LF
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evaluations. As shown in Fig. 7.39, Ipy(B) and Ipy(a) denote the prediction
intervals after the individuals are sent for LF evaluations. Note that Ipy(B) and
Ipg(a) depend only on the uncertainty of the surrogate model scaling function and
that they are smaller than the previous prediction intervals. Then, the relation
between the prediction interval and the MMD will be checked based on Eq. (7.76).
If it is found that the dominance statuses of the individuals will not change, then the
individuals will not be sent for HF evaluations; otherwise, the prediction intervals
will be further reduced by sending the individuals for HF evaluations.

The steps of selecting individuals for LF/HF evaluations are listed in Algorithm
7.17. To prevent a very small projection distance MMDy, from causing an unnec-
essary computational burden, a very small threshold value ¢ is set such that when
MMDy, is smaller than &, the corresponding individuals will not be selected for
simulation analysis.

For optimization problems with constraints, the objectives are penalized using a
penalty function (Coello 2000) if the individuals are located in an infeasible part of
the search space. This will cause such individuals to be dominated and far away
from the non-dominated individuals in the output space. Hence, the dominance
statuses of these individuals will not change, and they will not be selected for LF or
HF simulations based on the proposed updating strategy. Through the iterative
process of MOGA, these individuals will be weeded out.
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Algorithm 7.7 Algorithm of the updating strategy

Input: the individuals of the current generation

1 Begin
< Obtain the non-dominated and
2 X% nondominated 2 ¥asXps -+ S dominatea
dominated points using NSGA-II.
5 MMD =min{]f(p)- f(@)],} < Calculate the MMD between
P=X, X, o
4=x %0 . non-dominated and dominated points.
4 o, &Obtain s by projecting the MMD
along the objective function axis.
5 4 MMD e
< Calculate the prediction intervals at the
[N FC R AEAN FCTI points by means of kriging model
prediction.
& Sort the individuals in descending order
7 Ip(x)21p(x,) 2. 21p(x,) 20
of their prediction interval sizes.
8 For =1 tondo
9 it Ip()+1p(x1)>2MMD
10 LF(x) <Send % for LF analysis.
11 if IPH(xi)+IPH(xi+l)>2MMDf‘
12 HE(x) &Send % for HF analysis.
13 endif
14 else if
15 Break for
16 end if
17 end for

Output: the individuals sent for LF/HF analysis and the corresponding responses




216 7 Surrogate-Model-Based Design and Optimization

The detailed steps are described as follows.
Begin

Step 1: Select the initial LF and HF sample points and obtain the corresponding
responses to construct the initial variable-fidelity surrogate model
(VEM) (the responses for each objective will be normalized).

Step 2: Initialize the population of NSGA-II.

Step 3: Initialize the generation counter at N = 1 and evaluate the fitness values
of the individuals using the constructed VFM.

Step 4: Obtain the non-dominated set and the dominated set.

Step 5: Select new HF and LF sample points to update the VFM using
Algorithm 1.

Step 6: Generate the new population and update the generation counter to
N=N+1

Step 7: Evaluate the fitness values of all individuals using the updated VFM.

Step 8: Check whether the stopping criterion is satisfied. If yes, proceed to Step
9; otherwise, return to Step 4.

Step 9: Output the obtained optimum.

End

7.3.4 Examples and Results

In this section, six numerical examples (ZDT1, ZDT2, ZDT3, FON, POL and QV)
adapted from Li et al. (Li 2011) and Liu et al.(Liu and Collette 2014) and an
engineering case adapted from Park et al. (Park and Dang 2010) are used to
demonstrate the applicability and efficiency of the proposed OLVFM-MOGA
approach. In these numerical examples, the LF models are modified versions of the
original numerical functions, and the computational cost of an HF sample is
assumed to be four times that of an LF sample. For comparison, these examples are
also solved using four other methods: (1) a MOGA with the LF model, (2) a
MOGA with the HF model, (3) a surrogate model-assisted MOGA with the
individual-based updating strategy (K-MOGA) and (4) Zhu’s method (Zhu et al.
2013).

The maximum number of generations was set to 150 for the QV problem and
100 for other problems. The settings for the other parameters of the various methods
are summarized in Table 7.10. Optimal Latin hypercube design (OLHD) (McKay
et al. 2000) was adopted for generating the initial points. For the numerical
examples, we solved each problem 30 times with each method to account for the
influence of randomness. For the engineering case, the optimization problem was
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Table 7.10 Algorithm parameter settings for all examples

Parameter OLVFM-MOGA |IUK-MOGA | MOGA with LF MOGA with HF
model model

Population 40 40 40 40

size

Initial LF 60 / / /

samples

Initial HF 20 40 / /

samples

€ le—3 / / /

solved 15 times each with K-MOGA, Zhu’s method and OLVFM-MOGA but only
one time for the MOGA with the HF model because of the large time cost.

Quality metrics for the Pareto optima

Two metrics proposed in the literature (Wu and Azarm 2001; Cheng et al. 2015c¢),
i.e. the relative hyperarea difference (RHD) and the overall spread (OS), were
calculated to measure the convergence quality and diversity of the Pareto optima.
Figure 7.40 depicts the geometrical interpretations of these two metrics for a
two-dimensional case. Let the current robust Pareto set be P = {a, b, c,d}, and let
Pgood and pp.q denote the extreme good and bad points, respectively. The RHD, as
shown in Fig. 7.40a, is defined as the relative difference between the area bounded
by pgooa and pp.qe and the area between pp,q and the current Pareto set P.

HAQ’badypgvod) - HA(Pbud; a, ba c, d)
HA (Phad 9 pgood)

RHD = (7.77)

The OS, as shown in Fig. 7.40b, is defined as the ratio between the area bounded
by the two extreme points of the current Pareto set P and the area bounded by pgooa

and ppaq-

_ HAlextremes(P)]

oS =
HA (Pbad ) pgood)

(7.78)

The RHD and OS represent the convergence quality and diversity, respectively,
of the obtained Pareto frontier. The smaller the value of the RHD is, the higher the
convergence of the Pareto frontier, while a larger value of the OS indicates greater
diversity of the Pareto frontier. The settings of Pgyq and Pp,, for the different
examples are listed in Table 7.11.
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Fig. 7.40 Quality metrics: a RHD, b OS
Table 7.11 The sett.ings of Example Peood Prad
the good and bad points for
the different examples ZDT1/ ZDT2/ FON [-0.2,—0.2] [1.2,1.2]
ZDT3 [-0.2,—1] [1.2,1.2]
POL [-2,-2] [18, 28]
Qv [0.5,0.5] [2.3,2.3]
Engineering case [350,0.25] [750, 2.4]

Numerical examples

Among the six numerical examples, one objective function was simply evaluated
using the original function because of its simplicity, while the other objective
functions were replaced by VFMs during the optimization process. As a demon-
stration, we use one numerical example to present a detailed comparison of the

different methods. The problem formulation for the first example (ZDT2) is given
as follows:

minimize fi(x) = x|
HF : f5(x) = g(x) X h(x)
LF: fo(x) = (0.9 % g(x) +1.1) x (1.1 * h(x) — 0.1)

where g(x) =1+ ni 12n:xi (7.79)
h(x) =1 = V/fi(x)/g(x)
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Fig. 7.41 The Pareto 1.4 T T T I
frontiers obtained for ZDT2 *  MOGA with LF model

using different methods > MOGA with HF model |
IUK-MOGA

+ OLVFM-MOGA

O Zhu's Approach

Figure 7.41 presents a typical Pareto frontier obtained from one of the 15 runs
for each of the different methods. As shown in Fig. 7.41, the Pareto frontiers
obtained from the three surrogate-model-based approaches are in good agreement
with the results of the MOGA with the HF model, while only a small proportion of
the Pareto frontiers obtained using the MOGA with the LF model and the MOGA
with HF model overlap. These findings indicate that it is difficult to obtain accurate
Pareto frontiers by simply incorporating LF models directly into a MOGA.

The results for the computational efficiency of the different methods are com-
pared in Table 7.12. In this table, the value denoted by FC represents the number of
HF function calls. Note that FC is calculated by converting LF function calls into
HF function calls under the assumption that the total time needed to obtain an HF
sample is four times that needed to obtain an LF sample in OLVFM-MOGA.

Regarding the computational efficiency, the FC of OLVFM-MOGA is nearly 35
times lower than that of the MOGA with the HF model and 12 times lower than that
of Zhu’s method. Meanwhile, the average FC of OLVFM-MOGA is reduced by
25% compared to that of [UK-MOGA. The reason is that in the MOGA with the HF
model, all of the individuals must be evaluated using the HF model to obtain their
fitness values, while only a small portion of them must be analysed using the HF
model in OLVFM-MOGA. Notably, although [UK-MOGA does not require all
individuals to be analysed using the HF model during the evolution process, it still
incurs a larger FC than OLVFM-MOGA does. This is because OLVFM-MOGA
can make full use of the information from the LF model and reduce the surrogate
model uncertainty simply by adding relatively cheap LF samples. Table 7.12 shows
that Zhu’s method is time-consuming when the computational cost of the LF model
cannot be ignored.

Figure 7.42 depicts the numbers of newly added sample points in the first 20
generations for the MOGA with the HF model, IUK-MOGA and Zhu’s method. It
can be seen that the MOGA with the HF model and Zhu’s method require many HF
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Fig. 7.42 Numbers of newly added sample points in the first 20 generations for the methods
considered for comparison

or LF evaluations in each generation, resulting in a cost that is unacceptable for
engineering optimization problems. Figure 7.43 depicts the numbers of newly
added HF/LF sample points in the first 20 generations for OLVFM-MOGA. As
illustrated in Figs. 7.42 and 7.43, OLVFM-MOGA can reduce the surrogate model
uncertainty by adding LF sample points, while [IUK-MOGA evaluates only HF
sample points. As a result, the computational cost of OLVFM-MOGA is actually
less than that of IUK-MOGA.

The formulations of the remaining five numerical examples are described in
Table 7.13, along with the Pareto frontiers obtained using the different methods.
The results regarding the quality of the Pareto optima and the computational effort
are compared in Table 7.14. As illustrated in Table 7.13, the optima obtained with
IUK-MOGA, Zhu’s method and OLVFM-MOGA are in good agreement with that
obtained with the MOGA with the HF model. Another observation is that only a
small portion of the Pareto frontiers obtained from the MOGA with the LF model
and the MOGA with the HF model overlap. From Table 7.14, it can be concluded
that the proposed OLVFM-MOGA method can obtain Pareto optima that are
comparable to those obtained using the MOGA with the HF model. For all prob-
lems, the average computational cost of OLVFM-MOGA is much less than those of
the MOGA with the HF model and Zhu’s method. For problem POL, the com-
putational efficiency of OLVFM-MOGA is slightly worse than that of IUK-MOGA.
For all problems except POL, OLVFM-MOGA shows the best efficiency perfor-
mance. Since OLVFM-MOGA can reduce the prediction intervals by adding LF
sample points and the computational effort for solving the HF model is much larger
than that for solving the LF model, the computational effort of OLVFM-MOGA is
significantly less than that of the other methods in most cases.
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Fig. 7.43 Numbers of newly
added sample points in the
first 20 generations for
OLVFM-MOGA
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Number of LF sample points | |
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Number of generations

Engineering case: design optimization of a torque arm

In this analysis, a design optimization problem for a torque arm is studied. The
torque arm is subjected to a bending moment and a compressive force caused by
forces of P1 = 8.0 kN and P2 = 4.0 kN placed at the centre of the small end. The
boundary condition is that the position of the torque arm is fixed at the hole in the
large end. The Young’s modulus is 200 GPa, and the Poisson’s ratio is 0.3. The
goal of the multi-objective optimization problem is to minimize the volume and
displacement of the torque arm while keeping the stress below 190 MPa. There are
six design variables, namely, o, by, Dy, h, t; and t,, as depicted in Fig. 7.44. The
other geometrical parameters remain fixed during the optimization process.
Table 7.15 shows the ranges of the design variables.

During the optimization process, the calculations of the displacement and stress
of the torque arm are replaced with VFM calculations. ANSYS 18.0 was selected as
the simulation tool in this case. A grid consisting of approximately 5 thousand
elements was selected as the LF model, and a grid consisting of approximately 50
thousand elements was chosen as the HF model, as shown in Fig. 7.45a, c. ANSYS
Parametric Design Language (APDL) was used to build the geometric models and
solve the finite element problems, and the simulation results are shown in
Fig. 7.45b, d. The total time needed to obtain an HF sample was approximately 4
times that needed to obtain an LF sample. It can be seen from Fig. 7.45 that the
simulation results of the LF and HF models vary widely under the same set of
parameters; this observation indicates that the LF model cannot be used directly to
obtain reliable optima.
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Fig. 7.44 Geometry and parameterization of the torque arm

Table 7.15 Ranges of the Design Lower bound Upper bound

design variables variables (mm) (mm)
o 3.0 4.5
b 25.0 35.0
D, 90.0 120.0
h 20.0 30.0
1 12.0 22.0
123 8.0 12.0

Elements=5,000

BI3T) 318 50,559 ERITI) 101,024
12,7011 37.9362 £3.1713 8. 4063 113. 643

(a) LF simulation model

(b) Simulation result of LF simulation model

Elements=50,000

LO5E343 35,4428 70,8285 106.215 141,601
17.7455 53,1357 88.522 123.908 159.298

(c) HF simulation model

(d) Simulation result of HF simulation model
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Fifteen runs were performed with each method to account for the influence of
randomness in [TUK-MOGA and OLVFM-MOGA. Figure 7.46 illustrates typical
Pareto frontiers obtained using these methods.

As shown in Fig. 746, the Pareto frontiers obtained with the two
surrogate-model-based approaches are in good agreement with that obtained using
the MOGA with the HF model. To further demonstrate the superiority of the
proposed approach, the convergence quality and diversity of the Pareto optima and
the levels of computational efforts required for the different methods were assessed,
and the results are summarized in Table 7.15.

As illustrated in Table 7.16, the average values of the RHD and OS for the other
three approaches are close to those for the MOGA with the HF model, indicating
that these three approaches can obtain Pareto optima with convergence and
diversity comparable to those of the Pareto optima obtained with the MOGA with
the HF model.

Table 7.16 Comparison of the results of the different methods

MOGA IUK-MOGA Zhu’s approach OLVFM-MOGA
with HF 15 Mean |STD |15 Mean |STD |15 runs [Mean |STD
model runs runs
RHD |0.37 [0.31 0.35 0.04 |[0.28 0.29 0.005 |[0.33 0.36 | 0.03
0.40] 0.31] 0.43]
OS 0.22 [0.14 0.23 0.07 | [0.14 0.17 0.015 |[0.21 0.25 0.06
0.32] 0.21] 0.40]
FC 3840 [127 174.73 |91.37 |[1386 | 1391 |3.137 |[100 143.22 | 32.01
429] 1395] 216.25]

ol LElUMN Zyl_i.lbl
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Regarding the computational efficiency, the FC of OLVFM-MOGA is nearly 25
times lower than that of the MOGA with the HF model and 10 times lower than that
of Zhu’s method. Meanwhile, the average FC of OLVFM-MOGA is reduced by
25% compared to that of [IUK-MOGA. Moreover, [IUK-MOGA shows worse sta-
bility performance.
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Chapter 8 )
Conclusion cretr

This book is focused on surrogate-model-based engineering design and optimiza-
tion. The intent of writing this book is to provide a systematic knowledge in the area
of surrogate modelling methods and surrogate-model-based optimization algorithms
for the design of engineering products that require computationally expensive
simulations. The hope is that it will promote the development and enrichment of
surrogate model approaches to accelerate the design process and reduce simulation
costs. The first seven chapters give an overall introduction to the concept of surro-
gate models, different types of surrogate models, some surrogate-model-related
issues and the applications of surrogate models in design and optimization. The
contents of each chapter can be summarized as follows.

Chapter 1 started from the perspective of the practice of mechanical product
design and showed readers why surrogate models are needed for the design of
mechanical systems. Then, the definition of a surrogate model and several basic
related concepts were introduced, along with the nomenclature used in this book.

Chapter 2 reviewed five classic types of surrogate models, from traditional
polynomial response surface models to neural networks, which are widely used in
machine learning. Gaussian process models are also a representative type of sur-
rogate models, due not only to their inherent characteristics in terms of function
fitting, such as freedom from noise and the ability to provide prediction errors at
unsampled points but also to their extensive usage in multi-fidelity surrogate
modelling. The training process for a neural network was illustrated step by step,
together with the derivation of the backpropagation algorithm for model tuning.

In Chap. 3, ensembles of surrogate models, which integrate the merits of various
individual surrogate models, were studied as a special class of surrogate models.
Unlike the classic surrogate models discussed in Chap. 2, there is no strict math-
ematical derivation for ensembles of surrogate models, and their predictions simply
rely on the performance of each individual surrogate model. The key problem in the
construction of ensembles of surrogate models is determining how to identify
surrogate models with higher accuracy and assign higher weights to them. The
weight of each individual surrogate model can be calculated based on either their
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global performance or their local prediction accuracy at each sample point; these
two approaches result in constant or pointwise weight coefficients, respectively, for
each surrogate model throughout the design domain.

Chapter 4 presented a class of surrogate models that has been newly developed
in recent years—multi-fidelity surrogate models. Unlike traditional surrogate
models and ensembles of surrogate models, a multi-fidelity surrogate model con-
siders multiple data sources of different fidelities. A multi-fidelity surrogate model
fuses information from data of different fidelities by utilizing low-fidelity data to
capture the general trend of the responses of the high-fidelity model while applying
relatively few high-fidelity data to ensure the modelling accuracy. Multi-fidelity
surrogate models take advantage of both the low simulation cost of low-fidelity
models and the high accuracy of high-fidelity models; thus, they can achieve higher
accuracy at a lower simulation cost. Three commonly used types of multi-fidelity
surrogate models were studied, including scaling-function-based approaches, space
mapping approaches and co-kriging approaches. A comparison of these three dif-
ferent forms of scaling functions was conducted based on numerical examples with
different features, and the results showed that no form is universally better than the
others. According to the ‘no free lunch’ theorem (Ho and Pepyne 2002), no sur-
rogate model should be superior to all others for every application; thus, the
selection of surrogate models should be conducted in a problem-dependent manner.

Once a surrogate model has been obtained, its prediction accuracy should be
verified to give the designer some confidence that this surrogate model is well
representative of the simulation model it replaces. Chapter 5 first presented the
general model verification framework and classified the existing error metrics into
those that rely on testing methods and those that rely on sampling methods, based
on whether additional test points are needed in the model verification process. Then,
several classic metrics in each category were introduced, and a review of the use of
various error metrics for different application purposes was also provided. Finally,
the performances of the error metrics for four classic surrogate models were studied
to give readers an overall sense of which error metrics should be selected for
specific types of surrogate models. Various influencing factors were considered in
this comparison, including the number of samples, the noise level and the sampling
method. Readers who wish to know which error metric among a set of alternatives
is the best for a specific type of surrogate model can follow similar procedures to
select the most appropriate metric for further design and optimization.

Another important issue related to surrogate models is the sampling method use.
Chapter 6 presented several commonly used one-shot sampling methods and
adaptive sampling methods. Given the same sample distribution, the sampling
method has an important influence on the accuracy of the constructed surrogate
model, especially when the samples are sparse. Adaptive sampling methods select
sequential sample points based on input space information and/or output space error
information; thus, the samples can be allocated more reasonably, and the surrogate
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model can be effectively made to reflect more properties of the system at the same
simulation cost. Moreover, an adaptive sampling criterion can be based on either
exploration or exploitation of the design space or can strike a balance between
them, depending on whether the purpose is optimization or modelling. It should be
noted that sequential sampling methods for multi-fidelity modelling have rarely
been studied by other researchers, and compared with those for single-fidelity
surrogate models, the criteria for selecting sequential samples for multi-fidelity
models are more complicated. The code levels and corresponding locations of the
samples must be decided during the sampling process; thus, in addition to the input/
output information of the model at each level of fidelity, the cost ratio and numbers
of sequential samples for models of different fidelity also need to be considered.

Chapter 7 demonstrated several classic application modes of surrogate-model-
based design and optimization. For deterministic optimization, three efficient global
optimization (EGO) algorithms were studied, for both unconstrained and con-
strained optimization problems, and the procedures of these surrogate-based opti-
mization (SBO) algorithms were illustrated in detail. In the context of robust
optimization, the combined effect of the surrogate model prediction uncertainty and
the design variable uncertainty was derived, and the merits of surrogate-model-
based optimization were illustrated by means of a practical design problem for a
long cylindrical pressure vessel. Multi-objective evolution algorithms are another
important application of surrogate models since the fitness evaluations generally
require thousands of simulations and utilizing surrogate models in the optimization
process can greatly reduce the simulation cost; sometimes, the cost reduction ratio
may exceed 95%. Several novel surrogate-based multi-objective algorithms were
introduced, and six numerical examples were presented to demonstrate their
performance.

In summary, when applying surrogate-based design and optimization for the
design of real mechanical systems, designers can generally apply the following
procedures to build appropriate surrogate models and conduct the optimization
process: the characteristics of the problem should be analysed first. Based on the
dimensionality of the problem, the nonlinearity of the responses and other features,
the most suitable optimization algorithm and type of surrogate model can be
chosen. If the design budget is very limited, the adaptive sampling method can be
used, and the space-filling criterion should be selected based on the optimization
problem. Once the surrogate model has been obtained, its accuracy should be
verified. For this purpose, the available error metrics should be compared, and the
prediction uncertainty of the surrogate model should then be estimated using the
most appropriate error metrics. Finally, the surrogate model can be integrated into
the optimization framework, and the optimization algorithm can be run. At this
point, a reasonably reliable optimal solution should be obtained, and the designers
can compare the designed model against the available experimental results for
further validation.
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