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Abstract

Multiple meta-models used together in the search process at least can offer an insurance against the poorly fitted meta-models and
can improve robustness of the predictions, compared with the single meta-model based methods. In this work, a hybrid meta-
model-based design space exploration (HMDSE) method is proposed. In the proposed method, a part of the current expensive
points which are evaluated by the expensive problems to be solved are used firstly to construct a so-called important region. And
then, three representative meta-models, kriging, radial basis functions (RBF), and quadratic function (QF), are used in the search
of the obtained important region. To avoid the local minima, the remaining region will be searched simultaneously. In addition,
the whole design space will also be searched to further demonstrate the global optimum. Through test by six benchmark math
functions with design variables ranging from 10 to 24, the proposed HMDSE method shows great accuracy, efficiency, and
robustness compared with the efficient global optimization (EGO). Then, it is applied in a practical vehicle lightweight design

problem with 30 design variables, achieving desired results.

Keywords Hybrid meta-model - Design space exploration - Important region - Expensive problems - Global optimization

1 Introduction

In the past few decades, meta-model and meta-model-based
search methods have attracted many researchers’ attention.
With meta-models, a majority of the designs can be evaluated
without the expensive problems. Meta-model, also known as
surrogate model or approximation model, is commonly-used
in place of the expensive problems, usually the computer anal-
ysis and simulations. In the past, many representative meta-
model fitting techniques have been developed. Kriging
(Cressie 1988; Krige 1953; Sacks et al. 1989a, b), quadratic
function (QF) (Myers and Montgomery 2002), and radial ba-
sis functions (RBF) (Dyn et al. 1986; Fang and Horstemeyer
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2006; Hardy 1971) are the commonly selected models. Of the
three meta-models, kriging is more accurate in fitting low-
order nonlinear and large-scale problems; QF is less accurate
than kriging but easy to use and recommended in fitting low-
order nonlinear problems; RBF can interpolate sample points
and ease to construct and is recommended in fitting high non-
linear problems (Fang et al. 2005; Jin et al. 2001; Wang and
Shan 2007). Besides the three meta-models mentioned above,
multivariate adaptive regression splines (MARS) (Friedman
1991) and support vector regression (SVR) (Clarke et al.
2005) are also the alternatives in fitting the given problems.
However, MARS may provide poor performance when small
or scarce sample sets are used (Jin et al. 2001). SVR outper-
forms kriging, MARS, QF, and RBF in accuracy with a large
number of test problems (Jin et al. 2001), but the fundamental
reasons that SVR performs best is not clear (Wang and Shan
2007).

Meta-model-based iterative algorithms have also been in-
tensively studied for the optimal results. Jones et al. employed
kriging in the search process and developed the efficient glob-
al optimization (EGO), which adds a single point per cycle for
the improvement of the present best sample with the expected
improvement criterion (Jones et al. 1998). Wang et al. used
RBF and QF in the different search stages and developed the
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mode-pursuing sampling (MPS) method (Sharif et al. 2008;
Wang et al. 2004). To get an accurate meta-model, dynamic
meta-model methods haven been studied. Zhao et al. used
genetic algorithm to obtain an optimal mean structure of
kriging and developed the dynamic kriging method (Zhao
etal. 2011). Volpi et al. extended standard RBF using stochas-
tic kernel functions and developed the dynamic radial basis
function (DRBF) (Volpi et al. 2015). To improve the search
accuracy and efficiency, the space reduction strategies have
also been intensively studied. Wang et al. used a given thresh-
old to reduce the design space and developed the adaptive
response surface method (ARSM) (Wang 2003; Wang et al.
2001). Shin et al. employed the interval method to reduce the
design space (Shin and Grandhi 2001). Fadel et al. employed
the move-limit strategies to reduce the design space (Fadel
and Cimtalay 1993; Fadel et al. 1990; Wujek and Renaud
1998a, b). Celis et al. employed trust region strategy to change
the design space (Byrd et al. 1987; Celis et al. 1985;
Rodriguez et al. 1998). However, once the space is deleted,
the global optimum may also be removed with the deleted
space. The used single meta-model may provide poor accura-
cy due to the opaque nature of the practical problems.

In recent years, the researchers tried to use multiple
meta-models together in the search process. An ensemble
of meta-models is a relatively easy way to implement this
idea. Acar et al. built an ensemble of meta-models with
the optimized weight factors (Acar and Rais-Rohani
2009). Lee et al. proposed an ensemble of meta-models
with varied weights according to the prediction points of
interest (Lee and Choi 2014). Gu et al. determined the
weight factors of the used meta-models using a heuristic
method (Gu et al. 2015). Jie et al. adaptively selected the
weight factors of hybrid model in the optimization pro-
cess (Jie et al. 2015). Shi et al. decided the weights for
the used radial basis functions through solving a quadrat-
ic programming subproblem (Shi et al. 2016). Ferreira
et al. used least squares approach to create ensemble of
meta-models and extended the strategy to efficient global
optimization (Ferreira and Serpa 2016, 2018). Ye et al.
used an ensemble of meta-models with optimized weight
factors in the reduced design space by the fuzzy cluster-
ing technique (Ye and Pan 2017). Yin et al. divided the
design space into multiple subdomains and constructed
an ensemble of meta-models with a set of optimized
weight factors for each subdomain (Yin et al. 2018).
Some researchers tried to use multiple meta-models to-
gether in the optimization process without given explicit
factors to the used meta-models. Gu et al. used kriging,
QF, and RBF together and developed a so-called hybrid
and adaptive meta-modeling (HAM) method (Gu et al.
2012, 2009). Cai et al. employed QF in the search of
the important region and kriging in the whole design
space (Cai et al. 2018). Viana et al. used multiple meta-
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models in EGO cycle and proposed the multiple surro-
gate efficient global optimization (MSEGO) algorithm
(Viana et al. 2013). However, their performance still
needs to be improved for the complex expensive prob-
lems in engineering.

In this work, a hybrid meta-model-based design space
exploration (HMDSE) method is proposed. In this meth-
od, an important region is firstly constructed using a
varied number of the current expensive points, which
are evaluated by the expensive problems to be solved.
Different from the conventional space reduction
methods, the search process will be carried out both in
the important region and the remaining region. To fur-
ther demonstrate the global optimum, the whole design
space will also be searched simultaneously by the meta-
models. Through intensive test, the newly proposed
HMDSE method shows excellent accuracy, efficiency,
and robustness.

2 Hybrid meta-model-based design space
exploration (HMDSE) method

Multiple meta-models used together in the search process can
offer an insurance in solving a given problem and at least can
improve robustness of the evaluations (Goel et al. 2007; Viana
et al. 2010). In the proposed HMDSE method, an important
region will be constructed and kriging, RBF, and QF will be
used together both in the important region and the remaining
region. In addition, the whole design space will be searched
again for the global optimum. The procedures of the proposed
HMDSE method are shown in Fig. 1.

2.1 Procedures of the HMDSE method
2.1.1 Step 1: Sample initial points

In the proposed HMDSE method, the widely used Latin hy-
percube design (LHD) is employed to generate points. The
math form of LHD is shown in (1).

1
Sij=- (Fij=Pij) (1)

where n is the number of variables, F;; is the randomly per-
muted integers from 1 to n, and P; ; is a random number in
[0,1]. The detailed description of LHD can be found in the
literature (Fang et al. 2006; Mckay et al. 1979). In this step, 14
initial points are generated and the number will not increase
with the number of the design variable increasing; they are
x},x7, =, x}*. More initial points can also be defined by the
users. The initial points will be evaluated using the original
expensive problems and also called expensive points.
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Fig. 1 Procedures of the HMDSE method

2.1.2 Step 2: Identify the important region

The important region is a relative smaller region inside the
design space which may contain the global optimum and will
be gradually reduced. In the proposed HMDSE method, the
important region is constructed using a part of the expensive
points with lowest function values. The number of the

expensive points to construct the important region is defined
as follows (Cai et al. 2018):

_ [ int(w; 'me),i=1,2,3....10
ne =
10,i > 10 (2)
wi = [1.0-0.1°(-1)],i = 1,2,3....10
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where me is the number of all the expensive points and 7 is the
number of iterations. According to (2), the number of the
points to construct the important region increases from 14 to
a maximum value 40 and decreases to 10, if 13 new points are
selected in each iteration (Table 1).

The gradually varied number of points to construct the
important region can make the constructed region gradually
reduced in the first several iterations and then rapidly reduced
to the global optimum (see Fig. 2).

That can be seen from Fig. 2, the important region contains
the global minimum in the whole search process. And the
search process in the remaining region and the whole design
space can demonstrate the global optimum, even if the global
optimum is outside the important region. And that also can be
seen the important region is gradually reduced in the first five
iterations and then rapidly reduced.

2.1.3 Step 3: Fit the meta-models

In this step, three representative meta-models will be fitted;
they are kriging, QF, and RBF.

Kriging Kriging is a widely used meta-model, and its math
form is shown below:

¥(x) = f(x) +Z(x) (3)

where f(x) can be defined as an approximation function and a
constant term is taken in this work; Z(x) is a random process
with zero mean value and its non-zero covariance is
Cov[Z(x"), Z(x)]. So the kriging used in this work can be
expressed below:

y(x) =B+ Z(x) (4)

Table 1 The values of ne

Iteration me (num. of all the  w; (the weight ne (num. of expensive
expensive points)  for ne) points for important
region)
1 14 1.0 14
2 27 0.9 24
3 40 0.8 32
4 53 0.7 37
5 66 0.6 40
6 79 0.5 40
7 92 04 37
8 105 0.3 32
9 118 0.2 24
10 131 0.1 13
11 144 N/A 10
: : N/A 10
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Cov[Z(x),Z(x')] = ™R (x;,x;) (3)

where o7 is the variance and R is the correlation. In this work,
a Gaussian correlation function is employed (Simpson et al.
2001).

R(xi,xf) = exp Lﬁ;‘);{‘x;{—xﬂz] (6)

where 0, is the correlation parameters to fit the model. The
starting value of 6 is defined as 10 with the bounds ranging
from 0.1 to 20 (Lophaven et al. 2002). x; and x represent the
kth components of the points x' and x/. A detailed description
of kriging can be found in the literature (Simpson et al. 2001).

RBF The expression of RBF is shown in (7)

5= 0(x) = 3 4wl ™)

where || « || represents the Euclidean norm, (3; is the coeffi-
cients, and x; is the input.

QF The general form of QF is shown in (8).

X k k 5

y(x) =8, + Zl Bixi + Z] Bixi + 2 X Byxix; (8)
i= i= i j

where the coefficients 3 are evaluated by least squares
method.

2.1.4 Step 4: Generate three set of large number of points

In this step, three sets of large number of N points will be
generated in the three regions; N is 10,000 or more for each
set (Wang et al. 2004). The points are P, P, ..., P, gener-
ated in the important region, Phy, Pxg, ..., Phg generated in the
remain region, and P{,VDS,P%VDS, ...,P’V\{,DS generated in the
whole design space. These points will be evaluated by the
meta-models and also called cheap points.

2.1.5 Step 5: Evaluate the points

In this step, the three sets of the points will be evaluated by the
three meta-models and nine sets of function values will be
obtained.

» For the points generated in the important region, the func-
tion values are ]’ (P}R) , j’ (P%R) s j‘ (P%) evaluated by
kriging, gr(P}R) , g(P%R) s g(P%) evaluated by RBF,
and il(P}R) , }Al(P%R) sy fz(P%) evaluated by QF.

* For the points generated in the remaining region, the func-
tion values are f (Pg) , f (P4z) + -, f (Phz) evaluated by
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kriging, g(P;R) ,g(PI%R) ,...,g(P%R) evaluated by RBF,
and iz(P}eR) ,fz(PfeR) e h (Phy) evaluated by QF.

» For the points generated in the whole design space, the
function values are f (Plps) +f (Pyps) s f (Pps)
evaluated by kriging, &(Pyps) »&(Pips) +--»&(Pyps)
evaluated by RBF, and /1(Pls) . 1(P2s) o oo h(Pips)
evaluated by QF.

2.1.6 Step 6: Select the n points with lowest function values

In each region, three sets of # points will be obtained. » is 100
in this work and also can be defined by the user.

s Inthe important region: PXL™1 PKL2 1 PRL™m according
to the values evaluated by kriging, PR-~1 pRE=2 1 pRL=n
according to the values evaluated by RBF, and P,%Lﬂ7
PIQRL_Z7 ey PI%L_" according to the values evaluated by QF

e In the vremaining region: Pﬁ" ,Pﬁf{z, ...,Pﬁ’",
PRI pRE2 . PRE and PGy PSR PO are
obtained

* In the whole design space: P51 PREZ pRLEw PR

RL—2 RL-n OL-1 QL2 OL—n :
Pyinss - Pyps and Pype, Pune . ..., Pypg are obtained

2.1.7 Step 7: Group the points

e In the important region: the points,
KL—1 pKL-2 KL-n pRL-1 pRL-2 RL— OL-1
P PR, PR PR PR, P and Pl

P92 P2 are all obtained from Ply, P, ..., Pk

So the selected points may appear in all the three small
sets, in any two of the small sets or only in one of the small
sets. And seven subsets of points can be obtained. Ifthe set
contains the points,Pf%_l,P%_z, ‘..,PﬁL—", is named A,
the set contains the points, P‘I%’I,P%’z, ...,PfRL’", is
named B and the set contains the points,
PO P92 P2 is named C. The seven subsets
can be obtained using (9)(Gu et al. 2012).

S1 =ANBNC;
Sz = AﬂB*Sl;S3 = AﬂC*Sl;S4 = BnC*Sl;
S5 = A*S1*S2*S3;S6 = B*51*S2*S4;S7 = C*S1*S3*S4;

©)

The points generated in the other two regions will also be
grouped using (9).

2.1.8 Step 8: Select new points

» In the important region. If an average of one new point is
selected, about seven new points will be obtained. The
number of new points selected in each subset is defined
using (10) (Gu et al. 2012):

ki = int(wi*M),,i: 1,2,7

i li
w =207
3'n

7
W,’ZI
=1

(10)

I

where M is the total number of the newly selected points and
M =17 in the important region. » is the number of points in
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each set obtained in step 6 and n = 100 in this work. m; is the
number of points in S; to S. /; is the factor. The points in S; are
contained in sets A, B, and C, the points in S, to S, are
contained in any two of the sets of A, B, and C, and the points
in S5 to S are contained in any one of the set A, B and C. So
l;=3,1,_,=2and 5 ;=1. And k; points with lowest function
values in S; to S will then be selected.

An illustration of steps 4 to 8 in the important region is
shown in Fig. 3.

The new points in the other two regions are also selected
using (9), and about M =3 is used to save the computation
time. More new points can also be selected by the users.

So about /3 new points will be selected in each iteration in
the proposed HMDSE method. The /3 points are the expen-
sive points and will then be evaluated by the original expen-
sive problems.

2.1.9 Step 9: Check convergence

The number of the points to construct the important region
becomes fixed since the 11th iteration and the stop criteria will
start to work at the /0¢th iteration. To avoid the premature of
the proposed algorithm, the program will stop when the im-
provement of the mean value of the five lowest function
values can be ignored; see (11).

|Fi+1_fi|§€

5

> f; i=1011,12,....
Fi=

(11)

5

where f; is the jth lowest function value and € is a small value
defined by the user. The users also can define other criteria
based on needs.

Fig. 3 An illustration of new
points’ selection in the important
region
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3 Efficient global optimization algorithm
for comparison

Efficient global optimization (EGO) algorithm starts with a
kriging model and iteratively adds points to update the model
based on the present best sample ypgs. Based on the definition
in the literature (Jones et al. 1998; Viana et al. 2013), the
improvement at a point x is shown in (12).

1(x) = max(ypps—Y(x),0)

Where I(x) is a random variable because Y(x) is a random
Gaussian process. The expected improvement EI(x) of /(x)
can be expressed in (13) (Jones et al. 1998; Viana et al. 2013):

(12)

s(x)

X Vpps™V(X)
+5( >¢<—S(x) )

where @(-) and ¢(-) represent the distribution function and the
standard normal density function, respectively. ypgs denotes
the present best sample, y(x) is the evaluation by kriging, and
s(x) is the standard deviation of the prediction.

EI(x) = cvpgs—yu))@(y—mfﬁ (")>

(13)

4 Tests of the approach
4.1 Math function

In this section, six benchmark math functions with the vari-
ables ranging from 10 to 24 are used to test the performance of
the proposed method. For each function, 100 continuous runs
will be carried out and the mean value of the obtained

m Cheap points
@ Candidates selected according to
the values by kriging
¥ Candidates selected according to
the values by RBF
A Candidates selected according to
the values by QF
X New expensive points

— x?Z g?&%

Seven new points



Hybrid meta-model-based design space exploration method for expensive problems 913

minimum (min), number of iterations (nit), and number of
function evaluation (nfe) will be presented. The results by
the EGO are also given for the comparison. The EGO method
got a value of 63.4 in solving the Powell function, and the
unrepresentative results are removed in statistics. The results
are shown in Table 2.

1. Paviani function with n = 10 (PaF) (Adorio 2005)

" 0.2
[In* (x;2.0) + 1n2(1o—xi)]—<1‘[ x,-) ,x€[2.1,9.9]

i=1

fx) =

1

Tt

(14)

2. Dixon & Price Function (DP) with N =10(Lee 2007)

where
[ 100100110000000T17
0110001001000000
0010001011000100
0001001000100010
000011000101 0001
00000101000000T10
0000001000101000O0
[a]_ 00000001010000T10
y 000000001001 000O01
0000000001 000100O0
0000000000101 0O00O
000000000001 O0100O0
0000000000001 100O0
000000000000O0100O
0000000000O0O00O0O0O0T1O
| 000000000000000O0 1|

10
f(x) = (x1—1)2 +3 i(le?—xi,l)27351.6[—57 5] (15) 5. Sum Squares function (SSF) with N =20 (Adorio 2005)
i=2
n )
3. Trid Function (TF) with N = 10 (TF) (Hedar 2005) S(x) = X i, xi€[~10,10) (18)
n n . . .
fx)=13% (xi—l)z— > xixi-1,x:€[-100, 100] (16) 6. Powell function with n =24 (PoF) (Adorio 2005)
i=1 i=1
2
4. F16 function with N= 16 (Wang et al. 2004) f(x) = -21 [(x4i—3 + 100412) + 5(xa-17x41)” + (rai-02x4-1)°*
=
+ 10(X4i—3*x4i)4} , Xi€[4, 5]
16 16 5 s (19)
Sx) =3 Y a;(x +x+1 (x- +x; + 1>,x~,x-e[—5,5]
i=1j=1 U( ! ' ) / / v That can be seen from Table 2, the HMDSE method out-
(17)  performs the EGO in search accuracy in solving DP and SSF.
And the two methods presented close accuracy in solving the
Table 2 Results in solving the math functions (mean values) Table 3  Standard deviation of the results
Func. Analytical minimum HMDSE EGO Func. HMDSE EGO
min nit nfe min nit nfe min nit nfe min nit nfe
PaF —45.8 —453 12.6 180 —453 98.0 296 PaF 0.3 0.5 9 0.7 73 15
DP 0 7.0 17.6 251 15.0 100 300 DP 5.5 2.7 33 8.5 0 0
TF —210.0 —207.6 209 301 —210.0 100 300 TF 53 0.7 11 0.0 0 0
Fl16 25.9 31.2 19.8 286 30.7  99.8 360 Fl16 3.0 24 34 2.1 2.1 4
SSF 0 1.1 21.0 274 7.8 100 400 SSF 1.4 0.7 8 4.7 0 0
PoF 0 4.0 188 277 3.0 999 440 PoF 1.3 1.2 16 0.7 0.8 2

@ Springer



914

N. Gan and J. Gu

Table 4 Distribution of the

No. of times minimum was obtained

obtained minima by HMDSE Func. Analytical minimum
method

PaF —458

DP 0

TF —210.0

Fl16 259

SSF 0

PoF 0

0(>—44.5) 86(>—45 & <—44.5) 14(< —45)
6(>15) 8(>10 & <15) 86(< 10)
4(>—-200) 9(>—205 & <—200) 87(<—205)
1(>40) 7(>35 & <40) 92(< 35)
7> 3) 262 &<3) 91(<2)
7 6) 75(>3 & <6) 18(<3)

Fig. 4 An illustration of the finite
element model of the rear frame

other four functions. As to the search efficiency, the HMDSE
method can save about 80% of the computation time for all the
functions when the number of iterations is considered, com-
pared with EGO.

That can be seen from Table 3, EGO outperforms
HMDSE in solving TF and HMSED provides better ro-
bustness in solving DP and SSF. The small values of the
standard deviation show the high robustness of the
HMDSE method.

We can see from Table 4 that the proposed HMDSE meth-
od can provide accurate results in solving PaF, TF, SSF, and
PoF, which about 90% of the obtained minima are very close
to their analytical minimum.

Fig. 5 The mesh of local view

@ Springer

4.2 Vehicle lightweight design

People usually place heavy good on the rear frame of the
vehicle. In vehicle development, the stiffness of the rear frame
should meet the requirements. According to the company
standard, the maximum displacement by 2KN goods
representing 200-kg goods should be less than 2.00 mm. So
a design optimization should be carried out to obtain a light
structure with acceptable stiffness. The weight of the initial
design is 73.7 kg, and the maximum displacement by the load
is 2.05 mm. The material of the parts is steel. The elastic
modulus is 210 Gpa and the density is 7.85¢—6 kg/m’. The
finite element model is shown in Fig.4. For the sheet metal
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Fig. 6 A few design variables

Table 5 Results of the lightweight design

Initial deSign 4 2] I3 Iy 1s te
0.8 1.0 1.0 1.0 1.0 1.5
i 2 3 tia ts tie
1.5 1.2 12 1.5 1.0 1.5
1531 1553 3 4 t2s e
2.2 2.2 22 22 22 2.2

HMDSE f t t f ts te
0.92 0.80 1.11 0.99 1.14 1.14
N 2 3 tia tis ti6
0.78 1.54 1.10 1.31 1.61 1.65
) 1553 3 s trs e

1.34 1.04 1.12 1.26 1.08 1.56

t 13 1o to mass dis nit nfe
1.5 1.0 1.2 0.8 73.7 2.05
17 tg to 0
2.0 2.0 2.0 2.4
ty7 g o 30
2.2 22 22 22
t f f to 63.1 196 22 29
1.21 1.17 1.70 0.70
ti7 tg tio 1o
0.88 1.09 1.14 1.15
tyy g 9 130

1.27 0.83 1.03 1.50

parts, shell elements are used. Figure 5 shows the detailed
mesh of the local parts. The stiffness is evaluated by the
MSC.Nastran software with linear static analysis.

In design optimization, 30 bigger parts are selected for the
design optimization and their thicknesses are defined as the
design variables (the thicknesses of the symmetrical parts are

Fig. 7 Deformations under the
load

a) Initial design

defined as one variable), and the optimization model is shown
below:

min  mass(kg)
st dis < 2.00mm (20)
0.6mm<t;<2.5mm,i=1,2,---,30

: . e
( ~_Static Max. Value = 1.96',«’2?

5N

4 " N e ]T r -

b) Optimal design
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Fig. 8 Pressure vessel

where mass is the objective representing the weight of the
structure. dis is the constraint. ¢; is the design variable
representing the thickness of the part. Some design variables
are presented in Fig. 6. The optimization results are shown in
Table 5, and the plots of the deformation under the load are
shown in Fig. 7.

The optimal design is obtained in the 22nd iteration with
296 function evaluations. The weight of the structure is re-
duced by 10.6 kg and the maximum displacement by the load
is 1.96 mm, which can meet the requirements.

4.3 Pressure vessel problem

This problem was firstly introduced in the Ref. (Wilde 1978).
The model is shown in Fig. 8. The design variables are radius
(R) and length (L) of the cylindrical shell, shell thickness (7),
and spherical head thickness (7},). The optimization is to re-
duce the cost, and the optimization model is shown in (19). A
detail description can be found in the literature (Wang et al.
2004).

min  F = 0.62247RL + 1.7781T,R* + 3.1661T*L + 19.84T*R
st. g = T0.0193R>0
g, = T,—0.00954R>0
g3 = TR2L + grR3—1.296E620
Re[25, 150], T,€[1.0, 1.375], Le[25, 240], T,€[0.0625, 1.0]
(21)
For this problem, 100 continuous runs have also been car-

ried out and the results are shown in Table 6, where the ab-
breviations have the same meaning as those in Table 2.

Table 6 Results of pressure vessel problem

Pressure vessel Analytical minimum min nit nfe

7006.8 7041.3 16.1 209

@ Springer

The obtained mean value is very close to the analytical
minimum and a number of 16.1 iterations demonstrate its
efficiency.

5 Conclusion

In this work, a hybrid meta-model-based method is proposed.
In this method, the important region constructed using a part
of the expensive points, the remaining region, and the whole
design space will be searched simultaneously. Through test by
six benchmark math functions, the proposed method shows
excellent accuracy, efficiency, and robustness. The two engi-
neering problems demonstrate its performance. In addition,
the proposed HMDSE method is easy to use and few param-
eters need to be tuned for most problems. Overall, it has a
great potential to be used in engineering.

Acknowledgements National Natural Science Foundation of China un-
der grant number 51505138 is gratefully acknowledged.

Publisher’s Note Springer Nature remains neutral with regard to jurisdic-
tional claims in published maps and institutional affiliations.

References

Acar E, Rais-Rohani M (2009) Ensemble of metamodels with optimized
weight factors. Struct Multidiscip Optim 37(3):279-294

Adorio EP (2005) MVF - multivariate test functions library in C for
unconstrained global optimization. www.geocities.ws/eadorio/mvf.
pdf

Byrd RH, Schnabel RB, Shultz GA (1987) A trust region algorithm for
nonlinearly constrained optimization. SIAM J Numer Anal 24(5):
1152-1170

Cai Y, Zhang L, Gu J, Yue Y, Wang Y (2018) Multiple meta-models
based design space differentiation method for expensive problems.
Struct Multidiscip Optim 57(6):2249-2258

Celis M, Dennis J, Tapia R (1985) A trust region strategy for
nonlinear equality constrained optimization. In: Boggs PT,
Byrd RH, Schnabel RB (eds) Numerical optimization 1984.
SIAM, Philadelphia, pp 71-82


http://www.geocities.ws/eadorio/mvf.pdf
http://www.geocities.ws/eadorio/mvf.pdf

Hybrid meta-model-based design space exploration method for expensive problems 917

Clarke SM, Griebsch JH, Simpson TW (2005) Analysis of support vector
regression for approximation of complex engineering analyses
transactions of ASME. J Mech Des 127(6):1077-1087

Cressie N (1988) Spatial Prediction and Ordinary Kriging. Math Geol
20(4):405-421

Dyn N, Levin D, Rippa S (1986) Numerical procedures for surface fitting
of scattered data by radial basis functions. SIAM J Sci Stat Comput
7(2):639-659

Fadel GM, Cimtalay S (1993) Automatic evaluation of move-limits in
structural optimization. Structural Optimization 6(4):233-237

Fadel GM, Riley MF, Barthelemy JM (1990) Two point exponential
approximation method for structural optimization. Structural
Optimization 2(2):117-124

Fang HB, Horstemeyer MF (2006) Global response approximation with
radial basis functions. Eng Optim 38(4):407-424

Fang H, Rais-Rohani M, Liu Z, Horstemeyer MF (2005) A comparative
study of metamodeling methods for multiobjective crashworthiness
optimization. Comput Struct 83(25-26):2121-2136

Fang KT, Li R, Sudjianto A (2006) Design and modeling for computer
experiments. Taylor & Francis Group, LLC, London

Ferreira W, Serpa A (2016) Ensemble of metamodels: the augmented
least squares approach. Struct Multidiscip Optim 53(5):1-28

Ferreira W, Serpa A (2018) Ensemble of metamodels: extensions of the
least squares approach to efficient global optimization. Struct
Multidiscip Optim 57(1):131-159

Friedman JH (1991) Multivariate adaptive regression splines. Ann Stat
19(1):1-67

Goel T, Haftka RT, Shyy W, Queipo NV (2007) Ensemble of surrogates.
Struct Multidiscip Optim 33(3):199-216

Gu J, Li GY, Dong Z (2009) Hybrid and adaptive metamodel based
global optimization. Paper presented at the Proceedings of the
ASME 2009 International Design Engineering Technical
Conferences &Computers and Information in Engineering
Conference, IDETC/CIE 2009, DETC2009-87121, august 30—
September 2, 2009, San Diego, California, USA

Gu J, Li GY, Dong Z (2012) Hybrid and adaptive meta-model-based
global optimization. Eng Optim 44(1):87-104

Gu X, Lu J, Wang H (2015) Reliability-based design optimization for
vehicle occupant protection system based on ensemble of
metamodels. Struct Multidiscip Optim 51(2):533-546

Hardy RL (1971) Multiquadratic equations of topography and other ir-
regular surfaces. J Geophys Res 76(8):1905-1915

Hedar A-R (2005) Test functions for unconstrained global optimization.
http://www-optima.amp.i.kyoto-u.ac.jp/member/student/hedar/
Hedar files/TestGO _files/Page2904.htm

Jie H, Wu Y, Ding J (2015) An adaptive metamodel-based global opti-
mization algorithm for black-box type problems. Eng Optim 47(11):
1459-1480

Jin R, Chen W, Simpson TW (2001) Comparative studies of
metamodelling techniques under multiple modelling criteria. Struct
Multidiscip Optim 23(1):1-13

Jones DR, Schonlau M, Welch W (1998) Efficient global optimization of
expensive black-box functions. J Glob Optim 13(4):455-492

Krige DG (1953) A statistical approach to some mine valuation and allied
problems on the Witwatersrand. Master's thesis, University of the
Witwatersrand

Lee J (2007) A novel three-phase trajectory informed search methodolo-
gy for global optimization. J Glob Optim 2007(38):61-77

Lee Y, Choi D-H (2014) Pointwise ensemble of meta-models using v
nearest points cross-validation. Struct Multidiscip Optim 50(3):
383-394

Lophaven SN, Nielsen HB, Sendergaard J (2002) DACE - A MATLAB
Kriging Toolbox-Version 2.0. In: Informatics and mathematical
Modelling, Technical University of Denmark, Kgs. Lyngby,
Denmark, rep. No. IMMREP-2002-12

Mckay MD, Beckman RJ, Conover WJ (1979) A comparison of three
methods for selecting values of input variables in the analysis of
output from a computer code. Technometrics 42(1):55-61

Myers RH, Montgomery DC (2002) Response surface methodology:
process and product optimization using designed experiments.
Wiley, Toronto

Rodriguez JF, Renaud JE, Watson LT (1998) Trust Region Augmented
Lagrangian Methods for Sequential Response Surface
Approximation and Optimization. ] Mech Des 120(1):58-66

Sacks J, Schiller SB, Welch W (1989a) Designs for computer experi-
ments. Technometrics 31(1):41-47

Sacks J, Welch WJ, Mitchell TJ, Wynn HP (1989b) Design and analysis
of computer experiments. Stat Sci 4(4):409-423

Sharif B, Wang GG, ElMekkawy TY (2008) Mode pursuing sampling
method for discrete variable optimization on expensive black-box
functions. J Mech Des 130(2):021402-1-11

Shi R, Liu L, Long T, Liu J (2016) An efficient ensemble of radial basis
functions method based on quadratic programming. Eng Optim
48(7):1202-1225

Shin YS, Grandhi RV (2001) A global structural optimization technique
using an interval method. Struct Multidiscip Optim 22(5):351-363

Simpson TW, Peplinski JD, Koch PN, Allen JK (2001) Metamodels for
computer-based engineering design: Survey and recommendations.
Eng Comput 17(2):129-150

Viana FAC, Gogu C, Haftka RT (2010) Making the most out of surrogate
models: tricks of the trade. In: Proceedings of the ASME 2010
International Design Engineering Technical Conferences
&Computers and Information in Engineering Conference IDETC/
CIE 2010, August 15-18, 2010, Montreal, Quebec, Canada

Viana FAC, Haftka RT, Watson LT (2013) Efficient global optimization
algorithm assisted by multiple surrogate techniques. J Glob Optim
56(2):669-689

Volpi S et al (2015) Development and validation of a dynamic metamodel
based on stochastic radial basis functions and uncertainty quantifi-
cation. Struct Multidiscip Optim 51(2):347-368

Wang GG (2003) Adaptive response surface method using inherited Latin
hypercube design points transactions of the ASME. J Mech Des
125(2):210-220

Wang GG, Shan S (2007) Review of metamodeling techniques in support
of engineering design optimization. ASME J Mech Des 129(4):370—
380. https://doi.org/10.1115/1.2429697

Wang GG, Dong Z, Aitchisonc P (2001) Adaptive response surface meth-
od - a global optimization scheme for approximation-based design
problems. Eng Optim 33(6):707-733

Wang LQ, Shan S, Wang GG (2004) Mode-pursuing sampling method
for global optimization on expensive black-box functions. Eng
Optim 36(4):419-438

Wilde D (1978) Globally optimal design. Wiley, New York

Wujek BA, Renaud JE (1998a) New adaptive move-limit management
strategy for approximate optimization, partl. AIAA J 36(10):1911—
1921

Wujek BA, Renaud JE (1998b) New adaptive move-limit management
strategy for approximate optimization, part2. AIAA J 36(10):1922—
1934

Ye P, Pan G (2017) Global optimization method using ensemble of
metamodels based on fuzzy clustering for design space reduction.
Eng Comput 33(3):573-585

Yin H, Fang H, Wen G, Xiao Y (2018) On the ensemble of metamodels
with multiple regional optimized weight factors. Struct Multidiscip
Optim 2018(6):1-19

Zhao L, Choi KK, Lee I (2011) Metamodeling method using dynamic
kriging for design optimization. AIAA J 49(9):2034-2046

@ Springer


http://www-optima.amp.i.kyoto-u.ac.jp/member/student/hedar/Hedar_files/TestGO_files/Page2904.htm
http://www-optima.amp.i.kyoto-u.ac.jp/member/student/hedar/Hedar_files/TestGO_files/Page2904.htm
https://doi.org/10.1115/1.2429697

	Hybrid meta-model-based design space exploration method for expensive problems
	Abstract
	Introduction
	Hybrid meta-model-based design space exploration (HMDSE) method
	Procedures of the HMDSE method
	Step 1: Sample initial points
	Step 2: Identify the important region
	Step 3: Fit the meta-models
	Step 4: Generate three set of large number of points
	Step 5: Evaluate the points
	Step 6: Select the n points with lowest function values
	Step 7: Group the points
	Step 8: Select new points
	Step 9: Check convergence


	Efficient global optimization algorithm for comparison
	Tests of the approach
	Math function
	Vehicle lightweight design
	Pressure vessel problem

	Conclusion
	References


