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Abstract

In the last 20 years replacing entirely or partially the physical experiments with the
numerical ones has become increasingly popular and it is a daily practice. A genuine
reason for a single or a combined approach is that both the physical experimentation is
sometimes unapproachable or extremely expensive, and the use of the codes in the product/
process development phase have become straightforward and quite inexpensive. The latter
may represent also very complex systems and may reduce the deal at both design and
analysis stages, cutting down to the minimum the preparation of very expensive prototypes.
The general availability of comprehensive computing facilities and the recent progresses
in software development make numerical simulation of complex systems an attractive
alternative option to the execution of the expensive and time consuming physical experiments.
In this paper, different techniques for modeling and design a simulated experiment are
exhibited according to the more recent literature. A separately paragraph will be devoted
to an exhibition of a few case studies for which the physical experiment had been replaced
with a simulated one.
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1. INTRODUCTION

Some real world phenomena are complex enough to make physical
experimentation an awkward undertaking, severely curtailed by time and cost
limitations. Meanwhile, both development of numerical methods and fast
enhancement of software and hardware potential nowadays offer an attractive
alternative to engineers and scientists, making increasingly popular the use of
computer simulation to investigate both physical systems and conceptual models

1 The paper is financially supported by MIUR within the framework of the PRIN 2005 project
Progettazione statistica dell’innovazione “continua” di prodotto.
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alike. Numerical experiments thus offer an attractive alternative to physical
experiments, both to analyze existing systems and to investigate new ones when
consideration of complex phenomena is mandatory.

In recent years, a great deal of research activity in the area of Design and
Analysis of Computer Experiments (DACE) or, more concisely, Computer
Experiments (CE) has been carried out (Kleijnen, 1987; Sacks et al., 1989a and
1989b; Bates et al., 1996; Koehler and Owen, 1996; Romano et al., 2000; Romano
and Vicario, 2001-2002; Kleijnen, 1987; Santner et al. 2003).

In principle, the statistical framework of classical Design of Experiment
(D.o.E.) can be applied to simulated experiments, consisting of a number of runs
of a simulation code where factors make up a subset of code’s inputs. The analogy
with the physical experiment is fulfilled considering each computer run as a
realization of a stochastic process. Therefore, classic statistical framework may be
resorted to in order to draw up a plan, and to analyze responses; some precautions
are however in order. In fact, a major objection to this approach is due to an intrinsic
difference between physical and numerical experiments, namely the lack of
randomness in the latter, making replication – aimed at evaluation of error -
meaningless.

An answer may be found by observing that, in spite of apparent determinism
of computer simulation, statistical procedures may be used to extract information
both on expected values and on scatter, even from complex simulators (Romano and
Vicario 2001-2002). The underlying idea is that output of a code is affected by a
number of options, sometimes pertaining more to numerical technique than to
phenomena under examination. By assigning random values within a given range
to a number of inputs, and by controlled exploitation of an arrays of almost
equivalent features instead of a single, deterministic one, classical statistical
approach may be adopted with computer experiments too, inclusive of such
concepts as experimental error, precision and reliability of estimates.

An important initial step in experimental design entails selection of factors,
levels and runs to be performed as dictated by the target aimed at; it applies also to
computer experiments. Section 1 deals with present designs in the recent literature,
featuring a limited number of levels and runs but with sufficient space-filling
property, according to different optimality criteria.

Section 2 offers an overview on how to model a computer experiment. In fact,
the use of models in engineering design practice is extensive. The reliance on
numerical model may be dictated by excessive cost, duration and/or even danger of
full scale physical tests, such as e.g. in crash testing. Even when a few tests are
affordable, a large array may be priced beyond reach, and the pressing need of
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results in a short time span may rule out exhaustive laboratory testing. While a
limited amount of experimental data is often insisted upon, and rightly so, it is
sometimes beyond reach owing to the nature of the problem at hand, as e.g. at initial
design stages of a new system. Modeling is then crucial, since a number of design
decisions must be adopted without the benefit of such physical testing which may
be carried out only later on. Besides determining product architecture, these
decisions affect other aspects such as manufacturing facilities, design of interfacing
systems etc., and correction of errors at a later stage of process and product
development may prove very expensive., A number of case studies taken from the
recent literature are discussed in Section 3 in order to show the potential of computer
experiments, and encourage their use.

2. DESIGNING COMPUTER EXPERIMENTS

To represent the behavior of physical systems, a mathematical model may be
resorted to, such as:

y f x x x
s

= ( )1 2, ,..., (2.1)

where x = ( ) ∈x x x
s1 2, ,..., D is the input variable, y ∈ R is the output variable and

D, input variable space, is a subset of Rs. Model (2.1) may imply solution of
ordinary or partial differential equations defined on a time-space domain, as in the
case of the ubiquitous Finite Element Method (Zienkiewicz, 1971), a solution of a
set of equations (either linear or not); furthermore, the function f may not have
analytic formula. Frequently, solution of such systems of equations is beyond the
reach of analytical methods, or an approximation only of model (2.1) is available;
computer simulation is then currently resorted to in order to explore the relationship
between the output and input variables. Thus, computer experiments users may
often seek for an approximate model:

y g x x x
s

= ( )1 2, ,..., (2.2)

hopefully close enough to the real one but lending itself more easily to numerical
evaluation. Such an approximate model may be referred to as a metamodel
(Kleijnen, 1987), or equivalently emulator, i.e. a model of an input/output function.
Unlike classic D.o.E., the metamodels may imply rather complex functions, not
only low order polynomials.

Input variables xi, i = 1, 2, …, s, may be categorized in control variables, noise
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variables and model variables. Control variables (or engineering variables) xc

correspond to parameters controlling a product and/or a process both at experimental
stage and under actual industrial exploitation Examples of control variables are
reduction ratio and die taper in a drawing process, whereby a wire of circular cross
section is pulled through a tapered die leading to diameter reduction by plastic
deformation (Avitzur 1968); in the design of the elastic element of a force
transducer (Bray 1981) control variables are critical dimensions, sensitive to
deviation from their nominal values. Noise variables) Xn (the use of the capital letter
for the notation is for stressing their random nature; they are regarded as random
variables with a known, or at least is supposed so, distribution) cover typically
factors beyond control, but amenable to observation, such as atmospheric weather.
The third group is made up by model variables xm (or tuning parameters), whose
values are initially unknown, and are conveniently estimated by physical
experimentation.

So, according to this distinction the model (2.2) may be rewritten as:

Y g c n m= ( )x X x, , (2.3)

where  xc, Xe and xm  are the three sets of the above mentioned variables, not all of
them being necessarily present in every model.

Designing a computer experiment differs from designing a physical one in
several aspects. In physical experiments, effects of uncontrolled factors and
measurement uncertainties are the main sources of error. Three major techniques,
replication, blocking and randomization, cater for control and estimation of
experimental error, reducing bias, and ensuring desirable properties of error
distribution. Furthermore minimization of some function of the covariance matrix
of the least squares estimates of the model parameters is currently aimed at, e.g. to
ensure independence of estimates.

With computer experiments such traditional concepts as replication, blocks,
random errors may be meaningless, since repeated runs with the same input lead
exactly to the same responses, and uncertainty is related to lack of knowledge of the
exact relationship among input variables and response (a discrepancy referred to as
model bias in experimental design). Therefore, selection of an experimental design
in computer experiment is a crucial issue to get to an efficient and informative
model. In principle, the problem is how to find a good design, namely a set of

experimental points Dn n
= { }x x x1 2, ,..., , for a given number of runs n, such that the

deviation between the true model (2.1) and the metamodel (2.2):
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Dev f g f gx x x; ,( ) = ( ) − ( ) (2.4)

is as small as possible for any point in the experimental region H (there’s no
restriction in supposing that H is a s-dimensional cube, since all input variables may
be rescaled; therefore the experimental region may be the unit cube Cs

0 1 1 2≤ ≤ =( )x
j

j s, , ,..., without loss of generality, where s is the number of the

variables). Since a number of metamodels capable of mimising (2.4) may exist, the
use the overall mean model is often suggested by a number of authors.

Suppose that the vector of inputs to the output is random with joint distribution
fX(x) over the experimental region Cs. Given a sample X1, X2, …, Xn, the most
preliminary aim of the design is to find the best estimator of the overall mean of
Y(X):

E Y y f d
Cs

( ) = ( ) ( )∫ x x x
X

(2.5)

The suggestion is to estimate the overall mean (2.5) using the estimator
sample mean:

Y D
n

g
n

i

n

( ) = ( )
=
∑1

1

X
i

(2.6)

Two approaches are available, namely stochastic and deterministic. In both
cases, only the designs based on the selection of the points in the experimental
region according to specific sampling methods will be mentioned: designs based on
measures of the distance between points that allow to quantify how evenly spread
out points are and designs based on measures of how close the point are to being
uniformly distributed throughout a region (both are named as space-filling designs).

With the stochastic approach, design Dn is required such that the sample mean
is an unbiased (or asymptotically unbiased) estimator of E(Y) with the smallest
variance. If samples are independently and randomly selected according to a
uniform distribution on the experimental region, the sample mean gets to an
unbiased estimate with variance var[g(X)]/n. Since this variance may turn out to be
too large in some case studies, a number of authors suggest to lower it. McKay and
al. (1979) proposed the so called Latin Hypercube Sampling (LHS). The domain
Cs of each xi, i = 1, 2, …, s, has to be divided into n strata of equal marginal
probability 1/n  and to sample from each stratum. A Latin Hypercube Design (LHD)
with n runs and s input variables is an (n, s) matrix, in which each column is a random
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permutation of {1,2,…,n}. For example, if n = 8 and s = 2, two random permutations
of {1,2,…,8} are {4,2,7,8,3,1,6,5} and {5,8,3,6,1,4,7,2} and the LHD(8,2) is the
matrix on the left below. Then, let take n ́  s independent random number from the
uniform distribution on (0,1). In our example we have the two (8, 2) matrices on the
right below.

4 5

2 8

7 3

8 6

3 1

1 4

6 7

5 2
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An LHS is given by Dn n
= { }x x x1 2, ,..., , where:

x
i U

ni
j j i

j

=
( ) −π

j = 1, 2, …, s; i = 1, 2, …, n (2.7)

where xi i i i
s

j
x x x i= ( ) ( )1 2, ,..., ,π , πj (i) are s permutations of the integers 1, 2, …,n

and U
i
j  are n × s independent random number from the uniform distribution on

(0,1), i = 1, 2, …, n. According to the previous example, the LHS is:

LHS 8 2

0 4810 0 5093

0 2112 0 8964

0 7945 0 29

,

. .

. .

. .

( ) =

663

0 9108 0 7077

0 2667 0 0298

0 0133 0 3911

0 65

. .

. .

. .

. 551 0 8112

0 5786 0 2174

.
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Figure 1 shows a plot of the LHS design of the example; the eight points in
the 64 = 82 cells satisfy the property that each row and each column has one and only
one point, moreover each point is uniformly distributed in the correspondent cell.

Note that  π π1 2i i( ) ( )( ),  determines in which cell xi i i
x x= ( )1 2,  is located in and

U U
i i
1 2,( )  determines where xi is located in the cell (its location).

McKay et al. (1979) showed that if the function in model (2.2) is monotonic
in each of its argument, it holds:

var varY YSRS LHS



 ≥ 



 (2.8)

where Y YSRS LHSand  are the sample mean of n points generated by simply random
sampling (SRS), i.e. to select points according to a regular grid superimposed on
the experimental region, and LHS, respectively. Hence, the LHS sample mean has
a smaller variance than the sample mean of a simple random sample. Moreover, the
LHS is computationally cheap to generate and it can deal with a large number of
runs and input variables. But some remarks are needed. The (2.8) gives only
evidence of the fact that, if one wants to estimate the expected value of Y(X), designs

Fig. 1: An LHS design with eight runs.
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based on the Latin Hypercube sampling are better than designs based on simply
random sampling under certain conditions. But if one doesn’t know the relation
between output and input variables, it is unfeasible to assume its monotony.
Moreover even if the assumption of monotony is proper, the required conditions on
g(x) imply that the extrema of g(x) are on the boundary of the experimental region;
so one would want to take observations near or on the boundary of the experimental
region rather than using an LHD.

Several authors have dealt with this subject, see the relevant literature for a
more detailed discussion.

In the deterministic approach, a design Dn is required such that the difference:

Diff Y Y
n

=   − ( )E D (2.9)

is as small as possible. An upper bound of the difference in (2.9) is available
(Koksma-Hlawka inequality):

E Y Y D V g D
n n

  − ( ) ≤ ( ) ( )D (2.10)

where V(g) is the total variation of the function g (not depending on Dn) and D(Dn)
is the star discrepancy of Dn, that is a measure of uniformity (Fang et al. 2000). The
lower the star discrepancy, the better uniformity the set of points has. That entails
finding n points uniformly scattered on Cs, that is a uniform design, as proposed by
Fang (1980) and by Fang and Wang (1981). There are different measures of
uniformity that satisfy the inequality (2.10), hence there are also the related uniform
designs. The most important measures of uniformity are the star Lp-discrepancy (it

is just the Lp-norm of F F
D

pn
x x( ) − ( )  and if p →∞ is:

D F F
n

x
n∞ ( ) = ( ) − ( )D sup x x  , where F(x) is the uniform cumulative distribution

and Fn(x) is the empirical one on the experimental region). The uniform designs
take observations at a set of points that minimizes such measure of discrepancy. It
is quite intuitive to choose designs that are spread uniformly over the experimental
region, the unit cubeCs. Moreover, it has been shown that, if the response follows
an additive regression model:

y f
i i

i

s

x x x( ) = + ( ) + ( ) +
=
∑β β ϕ ε0

1



omputer Experiments: Promising New Frontiers in Analysis and Design… 239

where the f
i
x( ){ }  are known functions, the βi unknown regression parameters for

i = 1, 2, …, s, ϕ(x) an unknown function representing model bias and ε  is the normal
random error, the uniform design is the best in the sense of maximizing the power
of the overall Snedecor F test of the regression.

For example in a one factor experiment (s = 1) with Cs =[0, 1], the n point set

D
n n

n

n
=

−







1

2

3

2

2 1

2
, ,..., (2.11)

has discrepancy D n
n∞ ( ) =D 1 2  being F(x) = x in this case. If the experimental

region is [0, 1]s hypercube, the s-fold Cartesian product of the n points of the set in
(2.11) would be a grid of ns evenly space points; unfortunately, the projections onto
subspaces have many replicated points. An improvement over grids may be got by
using the method of good lattice points (designs evenly spaced with in some cases
attractive properties in numerical integration). For more details about lattice
designs in computer experiments, see e.g. Bates et al. (1996).

3. MODELING A COMPUTER EXPERIMENT

The selection of a metamodel y = g(x) in order to approximate as accurately
as possible the true model y = f(x) is a crucial and tricky problem with computer
experiments. The preliminary use of some graphical tools is useful for the
visualization of the behavior of the function g: plotting y against each input
variables, the direction of the main effect of each variable can be brought to light,
contour plots of y against each pair of the input variables may show the presence of
interactions if any, three dimensional plot can reveal the existence of, or at least hint
at, a local maximum or/and minimum. Thus a better understanding of relationship
between factors and responses may be obtained.

Generally, most of the metamodels in the literature are linear combinations of
basis functions defined on the experimental region Dn, and the unknown coefficients
of the combination have to be estimated. The most popular basis functions are

polynomial basis x x xr r

s

rs

1 2
1 2, ,..., , where r1, r2, …, rs are non negative integers. If the

number of input variables and/or the degree of the polynomials in the linear
combination increase, the number of possible candidate polynomial basis functions
grows dramatically. As a consequence, the number of sample data increases to a
such extent that even the simulation model may turn out to be computationally too
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expensive. Therefore the second order polynomial model for s variables (in the
literature known asresponse surface, Morris and Mitchell, 1995) is among those
most frequently used:

g x x x
i i

i

s

ij i j
i j

s

x( ) = + +
= =
∑ ∑β β β0

1 1,
(3.1)

In order to overcome the multi-collinearity problem (large correlations
among the regressors), use of orthogonal polynomial basis is suggested (An and
Owen, 2001). To better fit the local features of the true model, the approach with
splines is advisable (Wahba, 1990; Stone et al., 1997).

If the response y is a periodic function (a common case in the electronic and
electric circuits), then the use of the Fourier regression is suggested, constructing
a multivariate Fourier basis from an univariate one (Riccomagno et al., 1997). And
the wavelets basis has been proposed in order to improve the Fourier approximation
(Chui, 1992; Daubechies, 1992; Antoniadis and Oppenheim, 1995).

Metamodels set up on polynomial basis, spline basis, Fourier basis and
wavelet basis are competitive if there is only one input variable x, but their extension
to the multivariate input (the use of the tensor product for such extension is very
popular) may be difficult to implement because the number of the terms increases
exponentially. Therefore, other techniques such as Kriging models, neural networks
and local polynomial models are recommended.

The Kriging models are named after an engineer who worked in the South
Africa mines: he states that the closer the input data are, the more positively
correlated the predictions are. Therefore, the ordinary Kriging model is:

Y Zx x( ) = + ( )µ (3.2)

where m is the overall mean of Y(x) and Z(x) is a Gaussian stochastic process with
zero mean (E[Z(x)] = 0) and covariance function:

cov Z Z R
i j i j
x x x x( ) ( )



 = ( ), ,σ 2 (3.3)

where σ2 is the variance (unknown) of Z(x) and R is the correlation function, whose
functional form is pre-defined and it depends on a number of unknown parameters.
Typical choices for the correlation function are:
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R x x
i j k ki kj

m

k

s

x x, exp( ) = − −( )





=

∑ϑ
1

wwith 0 < ≤m 2 (3.4)

where the ϑk, k = 1, 2, …, s, are unknown coefficients. Therefore, the metamodel
according to the Kriging approach is:

g R
i i

i

n

x x x( ) = ( )
=
∑β ,

1
(3.5)

with i = 1,…,n  experimental point (training point) entailing that the metamodel may
be regarded as a linear combination of basis functions, when such basis functions
are the correlation functions R(x,xi). Santner et al. (2003) wrote a program PErK
(Parametric Empirical Kriging) for computing parametric best linear unbiased
predictors based on a stochastic process model. Two different parametric correlation
functions, the power exponential family and the Matérn correlation family are
considered in PErK in different versions. It gives as output the parametric estimation
of the unknown parameters, model fit summaries and the predicted values.

Among the most frequently quoted neural network model are the Multilayer
Perceptron Network (MLP) and the Radial Basis Function (RBF). Generally
speaking, it consists of hidden input and output layers with non linear transformations.
The neural networks are made up of elements working in parallel, and the results
are in principle influenced by the connections between elements. The neuron model
and the architecture of the neural network map the inputs into outputs as a non
parametric regression. The network “training” process in neural networks is alike
to model building and parameter estimation (Hassoun, 1995; Bishop, 1995;
Haykin, 1998 and Hagan et al., 1996).

The local polynomial models, already used for non parametric regression, has
its rationale in the idea that a datum point closer to x contain more information about
the value of f(x). The intuitive estimator for the regression function f(x) is the
running local average. Therefore, the metamodel is the locally weighted average:

g w y
i i

i

n

x x( ) = ( )
=
∑

1

where the wi(x), i= 1, 2, .., n, are weight functions  depending on x1, x2, …, xn (Fan,
1992; Fan and Gijbels, 1996).

The Kriging method, the radial basis function and local polynomial regression
are related with each other.
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When the metamodel has been set up, the interest is devoted to achieving
insight on how the input variables affect the response variable and, when dealing
with complicate models with a large number of input variables, this is crucial. When
a low order polynomial model is used, the decomposition of sum of squares with
a traditional analysis of variance can be employed to rank the importance of the
input variable and their interactions. But when using complex basis functions such
as Kriging or neural networks, it would be difficult to understand the metamodel
straight away. Sobol (1993) and Sobol (2001) suggested the so called sensitivity
analysis, extending the idea of the traditional analysis of variance decomposition.
Sobol’ indices, correlation ratios and Fourier Amplitude Sensitivity Test (FAST) are
the most popular measures to quantify the importance of the input variables.

Notwithstanding efforts aimed at specification of the metamodel, the lack of
random error in the output of the numerical codes, owing to their inherent
determinism, led to criticism among statisticians on the applicability of D.o.E. to
numerical experiments. Romano and Vicario (2001-2002) suggest an alternative
way of introducing randomness into a numerical code, feasible in a number of
situations, e.g. in Computer Experiments conducted on Finite Element programs.
Because of the complexity of the mathematical models implemented in such codes,
a number of parameters and modellization choices present the user with many
degrees of freedom, providing potential variability to the outputs of the simulation
and enabling to build equivalent sources of random noise. Quoting Computer
Experiments conducted on Finite Element programs, examples of possible sources
of randomness are different solution algorithms (i.e. implicit or explicit methods for
solving differential systems, elementary discretization intervals, convergence
thresholds for iterative techniques, ...), providing that independence and normality
of such artificial experimental error can be verified. In real world, phenomena are
too complex; it is seldom if ever at all possible to list factors affecting responses,
let alone controlling them. Therefore ignorance about phenomena and intrinsic
measurement error produce experimental error. To some extent that applies to
numerical experiments too: a complex code has its own degrees of freedom, and we
may not know the best way, if any, to fix them. The finite precision of electronic
computing may well produce an error resembling the measuring error of physical
devices.

In principle, for any output of a numerical code the following deterministic
model holds:

y =f(x) + h(x; u) (3.6)

where f represents the dependence of the output y on the vector x of engineering
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parameters, and h contains the contributions of all those parameters u which are
required only for the set up of the computer model, but would not appear in a
physical experiment. Since the latter may have interactions with engineering
parameters, x is also an argument of function h.

In most situations, engineers aim at estimating the function f , and consider h
as a disturbance. In the common sense, two options are available to the analyst if
an experiment is conducted on the code: considering the model parameters as
additional experimental factors or fixing them along the whole experiment. The
first option allows the estimation of the deterministic model written in Equation
(3.6). This is a good choice since the influence of both engineering and model
parameters on the experimental response can be evaluated, but it requires an
experimental effort that not always can be affordable.

Keeping every model parameter at a fixed value in the experiment, only the
first term f of model (3.6) can be estimated. This is a less expensive experiment but
has two dangerous drawbacks: the presence of effects of model parameters in the
function h in (3.6) may cause a bias on the response, and, as a worst scenario, the
estimates of the effects of engineering parameters are distorted by the interactions
between model and engineering parameters according to the function g.

Romano and Vicario (2001-2002) suggest a further different approach:
randomize along the experiment those model parameters whose effects can
reasonably assumed to be normal random variables with null average. In this case
the underlying model becomes a stochastic one:

Y = f(x) + h*(x; u) + ε (3.7)

where h* is the new function that represents the mixed contribution between
engineering and fixed-effects model parameters, after random effects model
parameters have been deducted to build the experimental error ε. Any model
parameter that is suspected to have a substantial interaction with some engineering
parameters should be included as experimental factor so that systematic deviation
of effects of engineering parameters is prevented.

Randomization of model parameters yields two simultaneous benefits. On
one hand, the model has acquired a random component e equivalent to the
experimental error of physical experiments; in this way the rationale of replications
comes back to the stage so that a natural measurement scale for effects is introduced
and usual statistical significance tests can be adopted. On the other hand, without
any increase of experimental effort, possible interactions between randomized
model parameters and engineering parameters are inhibited to give rise to distortion
of effects of engineering parameters.
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4. COMPUTER EXPERIMENTS IN ENGINEERING

Several examples of Computer Experiments are discussed in literature, see
the following non exhaustive list of examples.

Chen et al. (2002) resort to a finite element model to design an engine block
and the head joint sealing assembly, a crucial, fundamental structural design in
automotive internal combustion engines. This design is quite complex since
multiple components (block and head structures, gasket and fasteners) are involved,
and the geometry is to some extent convoluted if sealing of combustion products,
high pressure oil, oil drain and coolant have to be maintain properly. The selection
of the parameter setting in the assembly may not to be analyzed separately, owing
to the presence of strong assembly interaction effects. In addition, design decisions
for this system must made during the product development stage, prior to the
availability of a physical prototype. Therefore, Computer Experiments are commonly
used in the design process; a finite element model is used to capture the effects of
the three dimensional part geometry, the compliance in the components, the non
linear gasket material properties and contact interface among block, gasket, head
and fasteners.

The computer model simulates engine cylinder head and block joint sealing
including the assembly process (e.g. head bolt run down) as well as engine
operating conditions (e.g. thermal and cylinder pressure cyclical loads due to
combustion process). A Computer Experiment employing a uniform design with 27
runs and 8 factors was conducted to optimize the design of the head gasket for
sealing function. The 8 factors were: gasket thickness (x1), number of contour zone
(x2), zone-to-zone transition (x3), bead profile (x4), coining depth (x5), deck face
surface flatness (x6), load/deflection variation (x7), head bolt force variation (x8).
The response y was the gap lift. The objective of the design was to find the best
setting of the head gasket design factors (x1, x2, …, x5) so that it minimized the gap
lift of the assembly as well as its sensitivity to manufacturing variation (x6, x7, x8).
On account of complexity of the simulation setup and heavy computing requirements
entailed, only a small number of runs was executed.

The main effect plots brought to light that gasket thickness (x1) and surface
flatness (x6) were the most important factors affecting the gap lift. The use of the
main effect plots is strongly recommended because are very informative.

One of the main interests in this study was to set gasket design factors so that
the effect of manufacturing variations (surface flatness) are minimized. From the
interaction plots, it could be seen that the interaction between gasket thickness and
surface flatness was strong; therefore the suggestion was to select a gasket thickness
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such that the gap lift is insensitive to the surface flatness variation. Considering a
quadratic polynomial model with 8 variables, it has 45 parameters to estimates and
the uniform design has only 27 runs; hence, such a model is an over-fitting model.
In order to select the significant terms in the polynomial model, the x-variables had
to be first standardized and then a traditional variable selection procedure e.g. the
penalized least squares with SCAD (least absolute shrinkage and selection operator
representing a penalty for the underlying polynomial model) could be applied to
select significant terms. After this selection procedure and a decomposition of sum
of squares (ANOVA) in order to rank the importance of the variables, the estimated
model was strongly reduced: only the deck face surface flatness (x6) and the
interaction (negative) between the gasket thickness (x1) and the previous mentioned
deck face surface flatness were considered in the model, in addition to the constant
term. The above negative interaction implies that the effect of the surface flatness,
a manufacturing variation variable, can be minimized by adjusting the gasket
thickness.

Another case study concerns a drawing process, whereby a wire of circular
cross section is pulled through a tapered die leading to diameter reduction by plastic
deformation, and the wire only is modeled into a number of elements (Romano and
Vicario, 2001-2002).

How mesh selection affects results in Finite Element Method (FEM) of a
plastic deformation process was examined by running a factorial two-level numerical
experiment which includes two engineering factors and two factors defining
characteristics of the mesh (element density and topology). The FEM analysis is
one of the most popular numerical techniques for the solution of engineering
problems; its application concerns a broad variety of technical sectors
(electromagnetics, fluid-dynamics, mechanical design, civil design) being described
by the same mathematical model, a system of partial differential equations defined
on a time-space domain. Its main peculiarity is to subdivide the space-domain into
a finite number of sub domains (the finite elements), and to solve the partial
differential system within each sub domain, letting the field-function to be continuous
on its border. The generality of the method is strengthened by the possibility to
dealing with even very complex shapes as well as with a variety of material
properties, boundary conditions and loads.

Experienced FEM practitioners are aware that results of complex simulations
(complex shapes, non-linear constitutive equations, dynamic problems, contacts
among different bodies, etc.) are sensitive to the choice of manifold model.
Changing the location and the number of nodes, the shape and the number of
elements, an infinity of meshes are obtained and any of them will produce different
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results. A number of these topological features, which the analyst has no meaningful
effect to assign to, are possible generators of random variability if they are
randomized along the experiment or random-effect factors with nuisance variance
components if they are included as experimental factors (statistical properties of the
samples have to be analysed). Mesh selection has also a direct economical impact
as computational complexity grows with the power of the number of the elements.
Romano and Vicario (2001-2002) showed that, contrarily to the engineer’s common
sense, plain randomization of mesh topology is much more protective than the use
of very expensive refined meshes. According to the model (3.9), the authors
considered as engineering factors the percentage area reduction ratio and semi-
angle of tapered die. In addition, two merely computer model factors were
considered: the mesh density and the mesh topology. Five responses were examined:
two resultant forces, acting on the wire in the axial and radial directions, the
maximum compressive and tensile stresses and maximum plastic strain. Ten
replications of the experiment were run in on MARC simulator, a well-known FEM
package. Mesh factors ended up fairly often significant, at levels sometimes
exceeding those pertaining to single and combined engineering factors, levels for
the latter being by no means close. The influence of meshing strategy (topology) is
worth remarking, and specially its interaction with the die taper. The interaction is
readily explained: the contact length between wire and die in the tapered zone
mostly affected the process performances and a change in node location causes a
change in it, because the contact length is determined by the first node touching the
die (the mesh is granular).

An and Owen (2001) model the behavior of a robot arm. The shoulder of it is
fixed at the original in a plane (the reference plane). The robot arm is made up of
a number m of segments; each segment has a length Li and is at an angle θi, i = 1,
2, …, m, with respect to the horizontal coordinate axis of the plane. The controlled
factors are the 2m variables lengths Li ∈ [0, 1] and angles θi ∈ [0, 2π]; the response
y is the Euclidean distance between the end of the arm and the origin of the plane.
Ho (2001) gets to an approximated model of y = g(Li, θi) when the robot arm has
three segments (i = 1, 2, 3).

Even the design of an analog integrated circuit behaviors are commonly done
using computer simulation (Lo et al., 2000; Sacks et al., 1989a). The input variables
are are the different circuit parameters (transistor characteristics) and the response
is the measurement of the circuit performance, such as the output voltage. The
interest of the design engineers is addressed to study the variation of the output
current due to the effect of the external and internal noises. In the robust design, the
interest is directed in finding the best combination of the circuit parameters such
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that the output response variability is minimized under the different levels of the
variability of the input parameters.

Baldi et al. (2005) designed the measurement process of an optical profilometer
by conducting simulated experiments on a reliable computer model. An optical
profilometer is a device used for the reconstruction of the micro-geometry of
mechanical parts in applications where high precision is needed. The measurement
process involves a hardware treatment of the analog input signal, the white light,
operated by optical components followed by a software treatment of the digitised
images. Starting from three basic design configurations, several solutions, namely
different combinations of hardware and software setups, have been compared via
computer experiments in order to select a measurement process realising a desired
trade-off between product functionalities (bias, uncertainty and speed of the
measurement) and costs. Three full factorial designs were adopted in this study,
with a total number of 15 factors: 7 control factors (3 quantitative: sampling step,
standard deviation of the mirror displacement error , standard deviation of the video
acquisition system error , and 4 qualitative: filter bandwidth, geometric phase
shifter, phase-shifting algorithms and the fitting function) and 8 other noise factors
(mirror displacement error, video acquisition system error, first sampled point,
node centering, intensity modulation, dimensional tolerance of laminae, stepper
error of laminae and parallelism error of laminae) which were randomized according
to their distribution. It is worth noting that for such measuring devices a study of
measurement uncertainty on a physical prototype would require prohibitively long
experimental campaigns. At this regard, the application of Computer Experiments
represents an interesting way for both effective design and efficient allocation of
resources. In fact, after performing extensive numerical experiments to
comprehensively explore the design space, only a few experimental runs were
conducted in the lab to confirm the most attractive findings.

Measurement uncertainty obtained by physical experiments conducted in the
lab, closely matches that obtained by computer experiments.

Romano et al. (2000) used the simulation of the Rockwell C hardness test to
assess resistance of materials: an indenter is pressed into the material and the depth
of penetration is measured.

Romano et al. (1999) resorted to the numerical experiment in designing a
slotted cantiliver beam type load cell as typically used in industrial scales.

The chemical kinetics is modeled by a linear system of a number of
differential equations (Miller and Frenklach, 1983; Sacks et al., 1989a). A solution
to it was obtained numerically by using a differential equation solver.
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ESPERIMENTI SIMULATI: UN PROMETTENTE SVILUPPO
DELLA SPERIMENTAZIONE CLASSICA

Riassunto

Negli ultimi decenni si assiste con una tendenza crescente alla sostituzione almeno
in parte dell’esperimento fisico con quello numerico, sia perché la sperimentazione fisica,
in certi casi, risulta inaccessibile od eccessivamente costosa, sia perché i programmi di
calcolo (codici) diventano uno strumento di uso sempre più facile ed economico nello
sviluppo di processo e prodotto. Essi possono rappresentare sistemi anche molto complessi
e consentire di ridurre l’impegno in fase di sperimentazione, limitando al minimo indispen-
sabile la costruzione di costosi prototipi. Una sempre più diffusa disponibilità di mezzi di
calcolo, ed i continui sviluppi del software applicativo, facilitano l’accesso alla simulazio-
ne numerica di sistemi complessi resa così preferibile all’esecuzione di lunghe e costose
prove sperimentali. In questo lavoro verranno presentate diverse tecniche di modellazione
e di pianificazione di un esperimento simulato secondo la letteratura più recente. Un
paragrafo a parte sarà dedicato alla presentazione di alcuni casi studio nei quali è stato
sostituito l’esperimento fisico con quello simulato.


