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Abstract
This work addresses the optimization of an engine mount design from a multi-objective scenario. Our methodology is divided
into three phases: phase one focuses on data collection through computer simulations. The objectives considered during the
analyses are: total mass, first natural frequency and maximum von Mises stress. In phase two, a surrogate model by means of
genetic programming is generated for each one of the objectives. Moreover, a local search procedure is incorporated into the
overall genetic programming algorithm for improving its performance. Finally, in phase three, instead of steering the search
to finding the approximate Pareto front, a local exploration approach based on a change in the weight space is used to lead a
search into user defined directions turning the decision making more intuitive.

Keywords Structural optimization · Multi-objective optimization · Genetic programming · Finite element analysis · Decision
making

Introduction

Structural optimization could be defined asmaking an assem-
blage of materials intended to sustain loads in the best way
(Christensen and Klarbring 2009). Best could refer to make
the structure as light as possible or to make the structure
as firm as possible leading to an optimization problem.
Commonly, the performance measurements on structural
optimization are purely mechanical, i.e., it is not consid-
ered functional, economic, ergonomic or any other criteria.
For mechanical structures, usually, the optimization is per-
formed by means of numerical simulation methods such
as finite element analysis (FEA). These FEA simulations
generally require a lot of effort and are not suitable for a
large of repetitive analysis which are frequently necessary
in a search/optimization algorithm. To overcome this, the
aim switched to approximate these FEA simulations through
machine learning approaches which makes the modeling
suitable for an optimization algorithm; for instance, statis-
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tical approaches (Gök et al. 2017, 2015; Gök 2015; Gök
et al. 2013; Karen et al. 2015; Kumar et al. 2017; Ren and
Chen 2010), artificial neural networks (ANNs) (Bakhtiari
et al. 2016; Chan et al. 2008; Mansouri et al. 2017; Sami-
Ashhab et al. 2014; Shabani and Mazahery 2011), support
vector machines (SVMs) (Caydas and Ekici 2012; Feng and
Huang2013;Lostado-Lorza et al. 2017), amongothers (Chen
et al. 2018; Toghroli et al. 2016; Umbrello et al. 2010; Zhou
et al. 2018). Nevertheless, these approaches present a notori-
ous weakness which is that they greatly depend on its model
structure (Garg et al. 2014b). For instance, ANNs perfor-
mance depends on the proper selection of the number of
layers and neurons. Usually, this setting is done by trial-and-
error runs, or by combining themwith optimizationmethods;
however, there is no general rule for it (Garg et al. 2014a, c).
Alternatively, genetic programming (GP) has emerged as
a powerful approach to generate empirical models for real
world systems (Brezocnik et al. 2002; Chan et al. 2010;
Graff and Pe 2013; Griffin 2014; Griffin and Chen 2009;
Kök et al. 2011; Koza 1992; Lee et al. 1997; Lee and Tong
2011; Li et al. 2006; Panda et al. 2016). GP is an evolutionary
algorithm (EA) that automatically transforms populations of
programs into new, hopefully better, population of programs
by means of search operators such crossover and mutation
(Poli et al. 2008). In a canonical GP algorithm, the parame-
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ter optimization is not performed explicitly since GP search
operators only perform a syntactic search (the parameters
are only implicitly considered). This seems to be an evident
weakness in the standard GP approach. Therefore, the incor-
poration of a refinement method (local search) seems to be
the best strategy to improve the standard syntactic search,
usually referred to as memetic genetic programming (Flores
et al. 2015, 2014).

A set of measures on structural optimization problems
could be integrated by criteria such as weight, stiffness,
critical load, stress, displacement, geometry, among oth-
ers, which leads to a multi-objective optimization problem
(MOP). In aMOP, there are given k objective functionswhich
are to be optimized concurrently. One important character-
istic of a MOP is that its solution set S, the so-called Pareto
set, does in general not consist of one single solution as
for classical single optimization problems (SOPs). Hence,
the numerical solution, typically, of MOPs consists on find-
ing an approximation to the Pareto set. For the treatment
ofMOPs, multi-objective evolutionary algorithms (MOEAs)
have mainly caught the interest of many researchers over the
last decades (see, e.g., Coello-Coello et al. 2007; Deb 2001;
Fan and Yan 2018; Ghosh and Tsutsui 2003; Zhang and Li
2007, and references therein). Though, MOEAs have been
widely used, the task of selecting a single preferred solution
is an important issue still pursued. Thus, for users, it is prefer-
able to obtain a small finite size representation of the optimal
set or to explore (locally) the possibilities around a preferred
solution when the Pareto set is too large (Schütze et al. 2016).
This strategy then produces a quite practical set of results,
since users are allowed to concentrate only on those regions
of the Pareto front that are of interest in turning the decision
making process into a more intuitive approach (Deb et al.
2006). In this paper, we take this idea of exploring a region
of user preference for the multi-objective structural (sizing)
optimization of an engine mount by modeling some FEA
simulations by means of memetic genetic programming. The
objectives considered are the total mass of the engine mount,
the first natural frequency and themaximumvonMises stress
of the composite. The design variables are related to certain
dimensions of the part (sizing). The remainder of this paper is
organized as follows: In “Background and related work” sec-
tion, we briefly present the required background and discuss
some related work. In “Methodology” section, we describe
our procedure and “Numerical results” section presents the
experimental work. Finally, concluding comments are given
in “Conclusions” section.

Background and related work

This section gives a brief overview of the topics covered on
this paper. First, the multi-objective optimization problem

is defined followed by the Pareto terminology. After, a brief
explanation tomemeticGP is given, and finally it is presented
some related work.

Themulti-objective optimization problem (MOP)

Mathematically, a MOP can be expressed as follows

min
x∈�

F(x),

s.t.

g(x) ≤ 0,

h(x) = 0.

(1)

F : � → R
k is defined as the vector of the objective func-

tions

F(x) = ( f1(x), . . . , fk(x))
T , (2)

where fi : � → R denotes the i-the objective. The domain
F is defined as

D := {x ∈ � : g(x) ≤ 0 and h(x) = 0}.

The optimality of a MOP is defined by the concept of
dominance (Pareto 1906; Perez et al. 2016).

Definition 1 (a) Let x, y ∈ R
k . Then, the vector x is less

than y (x <p y), if xi < yi for all i ∈ {1, . . . , k}. The
relation ≤p is defined analogously.

(b) A vector y ∈ D is dominated by a vector x ∈ D (x ≺ y)
with respect to (1) if F(x) ≤p F(y) and F(x) �= F(y),
else y is called nondominated by x .

(c) A point x ∈ D is called (Pareto) optimal or a Pareto point
if there is no y ∈ D which dominates x .

(d) The set PD of all Pareto optimal solutions is called the
Pareto set and its image F(PD) the Pareto front.

For continuous MOPs (i.e., � = R
n) it can be shown that

both Pareto set and front usually form a (k − 1)-dimensional
object (Claus Hillermeier 2001). Consequently, the magni-
tude of the Pareto set commonly grows with increasing value
of k, in the extreme case even exponentially.

There are variedMOEAswith different fitness assignment
methods but most of them are part of a family, called Pareto
based, which use the Pareto dominance concept as the basis
to discriminate solutions to lead their search. MOEAs are
very popular in a wide variety of application domains and
they have proven to be well-suited for complex MOPs with
two or three objectives. Methods for improving the perfor-
mance of MOEAs in MOPs have received much interest; we
can categorize these methods into two groups: (1) methods
using alternative preference relations, and (2) methods trans-
forming the original MOP into a SOP.
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Memetic genetic programming

GP is an evolutionary algorithm (EA) that automatically
evolves programs, functions, or any symbolic expressions
that perform some form of calculation to solve a given
problem (Koza 1992; Poli et al. 2008). These programs are
generally expressed as variable length structures such as syn-
tax trees.Afinite set of basic symbols are to be defined,which
is called the primitive setP. This primitive set contains a sub-
set of basic functions of different arity, called the function
set, and a subset of input terminals, and other elements such
as integer and real-valued constants, or any other zero arity
function, called the terminal set, such that P = F ∪ T .

Perhaps, the most common application for GP is symbolic
regression, which attempts to find a mathematical expres-
sion that best fits a given set of training data (Flores et al.
2014). Thus, the goal is to search for a symbolic expres-
sion K O : R

n → R that best fits a particular training
set T = {(x1, y1, . . . , xp, yp)} of p input/output pairs with
xi ∈ R

n and yi ∈ R.
The general symbolic regression problem can be defined

as

(K O) ← argmin
K∈G

f (K (xi ), yi ), i = 1, . . . , p, (3)

where G is the solution or syntactic space defined by the
primitive set P = F ∪ T of functions and terminals, f is
the fitness function which is based on the difference between
a program’s output f (K (xi ) and the desired output yi . The
function set can be defined, for instance, as F = {+,−, ∗, /},
and the terminal set can contain features of the input data, x ,
and other elements such as integer or real-valued constants
T = {x,R}.

In a canonical GP algorithm, numerical terminals have a
marginal effect on the program’s output, and a single evo-
lutionary loop could optimize both syntax and numerical
terminals simultaneously. Therefore, these terminals are only
implicitly considered in the global (syntactic) search. For
instance, a GP individual could have the following syntax
K (x) = x + 1; in this case, the numerical terminal ’1’ is not
subject to optimization after it is introduced into the syntax
of a GP individual.

The dual problem of optimizing syntax and numerical ter-
minals (treated as parameters, β) independently is a strategy
called as hierarchical structure evaluation (HSE), where β

has a strong influence on the fitness and it is necessary a
refinement method at each generation of the global search
(Flores et al. 2015, 2014). For example, K (x) = x + 1 →
K (x) = x + 0.78. Hence, the general symbolic regression
problem is defined as

(K O , βO) ← argmin
K∈G;β∈Rm

f (K (xi , β), yi ), i = 1, . . . , p,

(4)

where G is the solution or syntactic space defined by the
primitive set P = F ∪ T of functions and terminals, f is
the fitness function which is based on the difference between
a program’s output f (K (xi , β) and the desired output yi .
Similarly, the function set can be defined, for instance, as
F = {+,−, ∗, /}, and the terminal set can contain features
of the input data, x , and other elements such as integer or
real-valued constants T = {x, β} with β ∈ R

m .
Therefore, it is rational to state that memetic genetic pro-

gramming is part of the HSE strategy, where a refinement
method (local search) is incorporated to refine GP individu-
als expressed as syntax trees.

Related work

Many works have reported the use of FEA simulations with
an optimization algorithm with remarkable results in a vari-
ety of applications, i.e., structural, solid, fluid. The basic idea
is straightforward: use the FEA simulation as cost function
for the optimization algorithm, though this seems to be quite
time consuming; in the same way, the combination of the
simulation with an experimental design for collecting sam-
ples and to approximate such simulations through machine
learning approaches. Previousworks (see e.g., Gandomi et al.
2013; Ghasemi et al. 2016; Kong et al. 2015; Lian et al. 2017;
Lopes-Pereira et al. 2017; Onwubolu and Rayegani 2014;
Raju et al. 2018; Siva-Kumar andPaulraj 2014 and references
therein) have treated the optimization of structural proper-
ties of composites but only considering a single objective.
Meanwhile, other works have dealt with the optimization of
structural properties from a multi-objective perspective. For
instance, in Umer et al. (2014) a two-objective optimiza-
tion problem is considered in which FEA simulations are
combined along with design of experiments to generate a
surrogate model. Then, a multi-objective optimization algo-
rithm (MOGA-II) is used to find an approximation of the
Pareto front. Similarly, inBin et al. (2010),Deka et al. (2005),
Garambois et al. (2016), Ghanmi et al. (2007), Kahhal et al.
(2013) and Lostado et al. (2016) FEA simulations are com-
bined with multi-objective genetic algorithms for structural
optimization.

Closer to the application discussed here, Chiandussi et al.
(2012) consider a two-objective optimization problem for
designing an engine bracket of a car. In this work, FEA
simulations are combinedwith differentmulti-objective opti-
mization methodologies. The objectives considered are the
mass of the engine bracket and the first natural frequency.

As stated before, several works have studied how to com-
bine a FEA simulation with a multi-objective optimization
algorithm.However,most of theseworks focused their search
on finding the Pareto front. Additionally, only two objectives
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Fig. 1 Engine mount

are frequently considered. In this paper, we consider the idea
of exploring the Pareto front into user predefined directions
instead of calculating the entire Pareto front as most struc-
tural optimization papers typically do.

Methodology

Phase 1: Data collection

We are interested in the design of a computer experiment
composed of p evaluations of y at selected values of x ∈ R

n

that serves as the source for constructing an approximation
of f (x). Thus, this surrogate model can be easily evaluated
at input values which makes it suitable for an optimization
algorithm. In our study, we use D-optimal (Box and Draper
1971; Smith 1918) and Latin hypercube (McKay et al. 1979)
designs for the data collection. Figure 1 shows the engine

Table 1 Design variables

Variabl Initial value (in) Lower bound Upper bound

x1 0.800 0.730 1.000

x2 1.062 1.062 1.190

x3 0.300 0.210 0.300

x4 0.020 0.020 0.500

mount that is considered during the study. The design vari-
ables are illustrated in Fig. 2, and their initial values and
ranges are summarized in Table 1.

The objectives of interest are: first, totalmass of the engine
mount (grams); second, first natural frequency (Hz), and;
third, maximum von Mises stress (N/m2). Figures 3 and 4
show a sample for each one of the analyses, respectively.

Phase 2: Modeling bymemetic genetic
programming

We use a HSE-GP configuration by including a local opti-
mization strategy into the main GP algorithm. Therefore, a
particular local search method has to be chosen. In addition,
it must be decided on which individuals a local search mech-
anism should be applied. The proposals for each of the issues
are presented next.

Local search mechanism

We treat each tree as a non-linear expression. The problem
to be solved is a multi-dimensional non-linear optimization

Fig. 2 Design (size) variables
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Fig. 3 First natural frequency

problem, which can be solved via least squares. Thus, the
problem can be formally defined as

min
θ

‖K (x, β) − y‖22 = min
θ

∑

i

(K (xi , β) − yi )
2, (5)

where x is the input data vector, y is the output data vector,
β is the parameter vector, and K is the non-linear function
(syntax tree). The problem presented in (5) can be solved
using different methods (Lawson and Hanson 1995; Yuan
1996). In this work, we chose to use a well-known algorithm,
the Nelder–Mead simplex method, belonging to the family
of direct search methods (Nelder and Mead 1965).

The Nelder–Mead simplex method attempts to minimize
a scalar-valued nonlinear function, f (x) for x ∈ R

n , by
using only function values (Lagarias et al. 1998). Four scalar
parameters must be defined: coefficients of reflection (ρ),
expansion (χ ), contraction (γ ), and shrinkage (σ ). At the
beginning of the algorithm, a non degenerate simplex 	k is
given, along with its n+1 vertices. It is always assumed that
iteration k begins by ordering and labeling these vertices as
x (k)
1 , x (k)

2 , . . . , x (k)
n+1 such that f (x (k)

1 ) ≤ f (x (k)
2 ) ≤ · · · ≤

f (x (k)
n+1). The kth iteration generates a set of n + 1 vertices

that define a different simplex 	kth such that 	k+1 �= 	k .

Since it is desired to minimize f , it is defined x (k)
1 as the

best point or vertex, x (k)
n+1 as the worst point, and x (k)

n as
the next-worst point. One iteration of the algorithm can be
summarized as follows (Lagarias et al. 1998):

1. Order Order the n + 1 vertices to satisfy f (x1) ≤
f (x2) ≤ · · · ≤ f (xn+1).

2. Reflect Compute the reflection point xr from

xr = x̄ + ρ(x̄ − xn+1), (6)

where x̄ = ∑n
i=1 xi/n is the centroid of the n best points.

Evaluate fr = f (xr ). If f1 ≤ fr < fn , accept xr and
terminate the iteration.

3. Expand If fr < f1, compute the expansion point xe from

xe = x̄ + χ(xr − x̄), (7)

and evaluate fe = f (xe). If fe < fr , accept xe and
terminate the iteration. Otherwise, if fe ≥ fr , accept xr
and terminate the iteration.

4. Contract If fr ≥ fn , perform a contraction between x̄
and the better of xn+1 and xr .

(a) Outside If fn ≤ fr ≤ fn+1 (i.e., xr is strictly better
than xn+1), perform an outside contraction. Compute

xc = x̄ + γ (xr − x̄), (8)

and evaluate fc = f (xc). If fc ≤ fr , accept xc and
terminate the iteration. Otherwise, go to step 5 (per-
form a shrink).
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Fig. 4 Maximum von Mises
stress

(b) Inside If fr > fn+1 perform an inside contraction.
Compute

xcc = x̄ − γ (x̄ − xn+1), (9)

and evaluate fcc = f (xcc). If fcc ≤ fn+1, accept xcc
and terminate the iteration. Otherwise, go to step 5
(perform a shrink).

5. Shrink Evaluate f at the n points υi = x1 + σ(xi − x1),
i = 2, . . . , n+1. The (unordered) vertices of the simplex
at the next iteration consist of x1, υ2, . . . , υn+1. Figure 5
shows the effects of reflection, expansion, contraction,
and shrinkage for a simplex in two dimensions.

Integrating local search into GP

It must be determined on which individuals the local search
is applied during the evolutionary process. Probably, the sim-
plest approach is to apply a local search on all individuals,
but this approach will introduce a large computational cost.
In our case, we decided to apply the local search on all pop-
ulation with a low probability of selection. This approach
is referred to as local search random population (LSRP-GP)
(Flores et al. 2014). More precisely, every one of the popu-
lation is a feasible candidate for a local search optimization
with a probability pls , mainly implemented as a mutation
operator. A low pls is desirable to minimize the computa-
tional cost. The local search mechanism is applied after a

complete evolutionary loop, i.e., before the following gener-
ation begins.

Phase 3: Optimization

In this work we perform a search along the Pareto front into
given user specified directions. We make a fine tuning of a
selected optimal solution; to clarify, we start from a given
solution x0, then further solutions, xi = 1, . . . , N , are gen-
erated such that a sequence of candidate solutions performs a
movement into a user specified direction (Martin and Schütze
2014; Schütze et al. 2016). To obtain these desired solutions
xi , a sequence of particular SOPsmust be solved. In this case,
we use a genetic algorithm to solve such SOPs.

Change in weight space

Our approach is based on the assumption that the user has an
idea about the importance of preference of each objective and
would like to make a change in the according weight space
(Perez et al. 2016). This method is based on the weighted
sum method (Gass and Saaty 1955) which is probably the
simplest and oldest scalarization method for MOPs. More
precisely, given a vector of weights, w, such that

wi ≥ 0, i = 1, . . . , k, and
k∑

i=1

wi = 1, (10)
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Fig. 5 a Reflection, b
expansion, c outside contraction,
d inside contraction and e
shrinkage. The original simplex
is shown with a dashed line

then, the objective is to minimize the weighted sum of objec-
tives

min
x∈DF(x) =

k∑

i=1

wi fi (x). (11)

The change in weight space can be done as follows: a weight
vectorw(0) is given, and a vector	w ∈ R

k which represents
the desired changes with the property

k∑

i=1

	w = 0, (12)

then the new weight vector is computed from

w(1) = w(0) + λ	w, (13)

where λ > 0 is a given step size. For example, it can be
considered as initial weight the following

w(0) =
⎡

⎣
0.4
0.3
0.3

⎤

⎦ , (14)

for a hypothetical three objective problem, and that the user
would like to keep the importance of f1 while increasing the

importance of f2 and reducing f3. Hence, it is obtained

	w =
⎡

⎣
0
1

−1

⎤

⎦ , (15)

and with λ = 0.1, thus

w(1) =
⎡

⎣
0.4
0.3
0.3

⎤

⎦ + 0.1

⎡

⎣
0
1

−1

⎤

⎦ =
⎡

⎣
0.4
0.4
0.2

⎤

⎦ . (16)

Algorithm 1 shows the pseudo code of this approach (the
algorithmmust be stopped if one of the weights gets nonpos-
itive).

Algorithm 1 Change in weight space
1: Require: starting point x0, initial weight w(0), vector of changes

	w

2: Ensure: sequence {xi } of candidate solutions
3: for i = 1, 2, . . . do
4: choose λi−1 ∈ R+
5: set w(i) = w(i−1) + λi−1	w

6: solve (11) using w(i)

7: end for
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Table 2 Materials and their properties

Material Tensile
strength
(N/m2)

Elastic
modulus
(N/m2)

Poisson’s
ratio

Mass density
(kg/m3)

Galvanized
steel

3.569e+008 2e+011 0.29 7870

Alloy
steel

7.238e+008 2.1e+011 0.28 7700

Natural
rubber

2e+007 10,000 0.45 960

Numerical results

In the following we present the results obtained in each one
of the phases described in the previous section.

Phase 1: Data collection

We used SolidWorks 2017 for designing and performing the
FEA simulations. Table 2 show the materials, and their prop-
erties, we used during the study. A total of 135 input-output
data pairs were collected for each one of the objectives (out-
puts) at selected values of x ∈ D, D = {x ∈ R

4|li ≤ xi ≤
ui , i = 1, . . . , 4}. Figure 6 represents the decision and objec-
tives spaces, respectively, for a normalized collected sample
by using a radar chart (Korhonen and Wallenius 2008).

Phase 2: Modeling bymemetic genetic
programming

The LSRP-GP algorithm was implemented using GPLAB
Matlab toolbox (Silva and Almeida 2003). Table 3 lists the
GP configuration parameters used in this paper (for default
values see (Silva and Almeida 2003)). Themean square error
(MSE) over the test data was used as performancemeasure to
compare the results of the algorithm. This performance mea-
sure is analyzed with respect to the total number of fitness
function evaluations, instead of generations, to account for
theLSprocedure iterations. TheNelder–Mead algorithmper-
formed amaximumof 400 iterations. Therefore, the stopping
criteria was a predefined number of function evaluations.

Figures 7, 8 and 9 summarize the results of the best solu-
tion over the 30 independent runs we performed for each of
the objectives. The figures show convergence plots for train-
ing and testing fitness with respect to the number of fitness
function evaluations. Besides, it is shown the size of the best
program for each one of the objectives.

Fig. 6 Representation of a normalized collected sample using the radar
chart. a Decision space and b objective space

Table 3 GP parameters

Parameter Value

Runs 30

Population 200

Function evaluations 100,000

Training set 70% of data set

Testing set 30% of data set

Crossover operator Sub-tree crossover, 0.9 probability

Mutation operator Sub-tree mutation, 0.05 probability

Tree initialization Ramped half-and-half, max depth 6

Function set +,−, ∗,sin,cos,log,sqrt,tan,tanh
Terminal set x1, x2, x3, x4,constants

Selection for reproduction Tournament selection of size 4

Elitism Best individual survives

Maximum tree depth 17
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Fig. 7 Results of fitness performance for the first objective (total mass).
a Fitness over training and test data and b program size. Plot shows the
best solution over 30 independent runs

Phase 3: Optimization

We took the 3-objective problem, of the type defined in
(11), considering: total mass f1 (to minimize), first natu-
ral frequency f2 (to maximize), and maximum von Mises
stress f3 (to minimize). To solve the SOPs considered here,
we used a genetic algorithm. We chose the initial weight
w(0) = [0.333, 0.333, 0.333] ∈ R

3. The solution of the
weighted sum problem, defined in (11), is given by the vector
x0 with normalized F(x0) = [0.784, 0.800, 0.937]. We have
set 	w = [1,−2, 1]. 	w corresponds to an improvement
of f1 and f3 while objective f2 is to be sacrificed. For the
sequence of weights, we have chosen

Fig. 8 Results of fitness performance for the second objective (first
natural frequency). a Fitness over training and test data and b program
size. Plot shows the best solution over 30 independent runs.

w(i) =
⎡

⎣
0.333
0.333
0.333

⎤

⎦+iλ

⎡

⎣
1

−2
1

⎤

⎦ , i = 1, . . . , 10, with λ = 0.01.

(17)

We considered a population of 200 individuals and have set
50,000 function evaluations as stopping criterion for the solu-
tion of each SOP. Results are shown in Figs. 10 and 11 which
are visualized by using the radar chart and line chart (Korho-
nen and Wallenius 2008), respectively.

In this case, we think it makes sense to start from an initial
point where all objectives had the same importance. How-
ever, if the user has an idea about where to start looking
for then that starting point can be easily used. We chose the
	w according to the initial design of the engine mount. We
moved into a direction that provide us with a similar solution
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Fig. 9 Results of fitness performance for the third objective (maximum
von Mises stress). a Fitness over training and test data and b program
size. Plot shows the best solution over 30 independent runs

but intended to improve it. More precisely, from comparing
the initial design to x0, we noticed our design was heav-
ier than the current one. Thus, we decided to move into a
direction that improves the objectives 1 and 3 by sacrificing
objective 2. Similarly, we could have moved into any direc-
tion according to the given preferences.

Figure 12 shows the initial design against our design at
iteration i = 10. In order to verify our results, we run the
FEA simulations with the solutions we obtained. Table 4
summarizes the functions values of the solutions for the iter-
ations i = 0, 5 and 10. From i = 10 we can see our design is
a little bit lighter than the initial design, and objective 2 and
3 are quite similar. Therefore, this approach could be helpful
in the decision-making process as it presents a sequence of
candidate solutions along the Pareto front according to the

given preference direction. Thus, users may take a solution
according to his/her preference of design.

Conclusions

In this work we have addressed the optimization of an engine
mount design from a multi-objective perspective and by
means of evolutionary strategies. We combined the use of
FEA simulations with GP to find a surrogate model for each
of the objectives of interest. Moreover, we incorporated a
local optimization process into GP to improve the solution
quality and solution size. In particular, we used the Nelder–
Mead method and incorporated it into all population with
a low probability of selection. It is not clear if this is the
best strategy to incorporate LS into GP, so different variants
should be evaluated in future studies.

Today, automotive designers must deal with the fact that
multiple criteria have to be considered in their designs. More
precisely, multiple objectives must be optimized concur-
rently for achieving quality requirements.While this has been
done in previous works, most of these focus their search on
finding an approximate Pareto front. If the number k of objec-
tives is large, so it is expected its solution set S also will be it
and hence it will cannot be computed efficiently, and further,
cannot be visualized appropriately. Therefore, it is desired to
obtain a small set of solutions preferably in the user region of
interest. In this paper, we take this idea of exploring a region
of preference for a user. Our approach assumes that the user
has an idea about the importance of each objective andwould
like to make a change in the according weight space. We
started from a given solution x0 where all objectives have
the same importance, then further solutions, xi = 1, . . . , N ,
were generated such that a sequence of candidate solutions
performed a movement. To do this, we solved a sequence of
SOPs. Results show our final design, i = 10, is quite similar
to the initial (original) design but a little bit slighter. If we
wanted to move in the same direction attempting to improve
more the objective one f1, we could do it but risking the sac-
rifice of objectives two f2 and three f3. Similarly, we could
move into a preferred direction that enhances an objective of
interest. In general, we stress that the number of objectives
does not have a crucial influence on the complexity of the
search. Hence, the applied approach can in principle be used
to MOPs with any number k of objectives.

Though these first results seem to be favorable, there are
still many issues to be pursued for future work. For instance,
one may consider shape and topology optimization. Further
criteria might be considered as restrictions to the problem
(attempting to achieve quality requirements). Moreover, the
strategy to incorporate LS into GP have to be strengthened.
Finally, it can be considered steering a search along the Pareto
front with different local exploration approaches.
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Fig. 10 Results for the
iterations i = 1, . . . , 10 using
the radar chart
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Fig. 11 Results using the line graph

Fig. 12 Initial design versus our design at i = 10

Table 4 FEA simulations at i = 0, 5, 10

Point f1 f2 f3

F(xinitial ) 772 4.20 596,241

F(x0) 778 4.78 601,992

F(x5) 775 4.60 599,823

F(x10) 768 4.30 596,639
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