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Abstract: This paper consists of evaluating the performance of a vibro-acoustic model in the presence
of uncertainties in the geometric and material parameters of the model using Monte Carlo simulations
(MCS). The purpose of using a meta-model is to reduce the computational cost of finite element
simulations. Uncertainty analysis requires a large sample of MCS to predict the effect of uncertain
parameters on the system response. So, if this study is done through the finite element method (FEM),
then the computational cost will be very important. Furthermore, for that, we use meta-models
to be able to conduct an efficient uncertainty analysis more quickly. In the present contribution,
the approximated meta-model is verified and validated using error measures and cross-validation
(CV). Then, the uncertainty analysis is performed by Monte Carlo simulations using the computed
Kriging meta-model. The developed methodology has been applied in two vibro-acoustic models. In
these two models, the covariance of uncertainty of geometric and physical (elasticity and density)
parameters are equal to 2% and 5% respectively. The obtained results prove that the suggested
methodology of uncertainty propagation based on the Kriging meta-model can be considered as a
very efficient and sufficiently accurate approach for the quantification of uncertainties in acoustic-
structural systems.

Keywords: vibro-acoustic models; uncertainty analysis; surrogate model; Kriging; Monte Carlo
simulations

1. Introduction

The problem of interaction between flexible vibrating structures and an enclosed cavity
is a complex domain that has been of great attentions for researchers in different fields such
as automobile compartments, airplane cabins, etc. The vibration energy generated from
various sources is transmitted into the compartment cavity through structural connections.
Thus, vibration characteristics of the cavity and its boundary are very important factors
which dominate acoustic response in a vehicle passenger compartment. The knowledge of
acoustic resonances and their own modes (i.e., sound pressure distributions) is an essential
task in the study of the interaction between the vibrating surface and the enclosed cavity,
and ultimately in determining the level of the resulting interior noise. Craggs [1] presented
a verification of finite element predictions of acoustic resonances in a vehicle cabin, while
in [2], Nefsk et al. presented an experimental verification of the finite element method
to predict the noise reduction in the automobile. In [3], the author presented an active
vibration control system for structural acoustic coupling of a 3D vehicle cabin model. The
structural-acoustic coupling system is analyzed by combining the structural data from
modal testing with the acoustic data from the finite element method. An excellent review
was given by [4,5] to investigate the vibro-acoustic behavior of such systems, such as modal
interaction of coupled structural-acoustic systems. Redonnet and Cunha [6] suggested
an extended approach to numerically simulate complex noise problems. Several authors
investigated in their studies the phenomenon of fluid–structure interaction applied to
different applications [7–9], to determine the resonances of an irregularly shaped cavity. The
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finite element method (FEM) denotes a very powerful method, which can be used in order to
obtain an approximate solution to the response of the coupled system. Dammak et al. [10]
studied the vibro-acoustic response of a vehicle cabin in presence of uncertainties.

In general, it is well known that the numerical study of the frequency response of
the vibro-acoustic field without considering the uncertainty associated with different
parameters has achieved great attention. However, there are many sources of uncertainty
such as errors related to manufacturing, material characteristics, boundary conditions, (etc.),
that needed to be integrated in the study to ensure the robustness and reliability of results.
Taking into account of uncertainties in systems analysis is a difficult domain including the
following steps: quantification and identification of uncertainty, uncertainty propagation
and post-processing to measure the influence of these uncertainties on the behaviour of
the system. The main approaches for the inclusion of these uncertainties are probabilistic
methods [11,12] which the uncertain parameters can be modeled as random variables
through the description of their probability density functions. Recently, the probabilistic
modeling of vibro-acoustic problems has received the attention of some researchers [13,14].
Among the probabilistic methods, the frequently used one is the statistical approach or
sampling technique, like the Monte Carlo simulations (MCS) [15,16]. This technique
requires a large number of samples of the input variables to have reasonable accuracy.
The problem is then solved for each realization. This method is widely used because it is
simple to implement and very robust. However, the number of realisation should be large
enough, i.e., 105 or 106 deterministic FEM need to be executed in order to obtain accurate
results. In [17], the author used only MCS to account for uncertainties in vibro-acoustic
problem which took a huge computational cost in its development process. Several authors
used the non-parametric probabilistic approach to model the effect of uncertainties in their
vibro-acoustic studies of car models [18–20]. The spectral stochastic method is also an
alternative solution for stochastic problems. The basic concept of this method is to use a
series expansion to model the relationship between the uncertainty of the input and output
variability. The generalized polynomial chaos (gPC), one of the spectral stochastic methods,
has already been applied in the modeling of uncertainty in various areas, such as structural
dynamics [21], fluid dynamics [22] and acoustics [23,24].

Generally when using computationally expensive simulation codes in complex en-
gineering problems, it becomes impractical to perform a large number of simulations for
the purpose of uncertainty quantification or design optimization. A better alternative lies
in the use of approximations of the original models, which are often called meta-models.
A surrogate model can be understood as a “model of model”. It is a statistical model of
the response surface of a simulation model. A surrogate model describes the relationship
between inputs (i.e., model’s adjustable parameters) and outputs (i.e., the performance
measure of the simulation model) [25]. Surrogate models have primarily been developed
for approximating deterministic simulations. Recent developments have explored their
use in probabilistic analysis [26–28] and design optimization [29–31]. In [32], the authors
performed a comprehensive study regarding the application of meta-models in mechan-
ical systems. Response surface methodology (RSM) [33–35], Kriging [36–38] and neural
networks [39,40] are the most commonly used meta-models.

This work presents the harmonic analysis of vibro-acoustic systems with taking into
account uncertainties in geometrical and material parameters. The Kriging method is
investigated to approximate the original model by representing the relationship between
input parameters and output responses. In the proposed probabilistic method based on
surrogate model, deterministic FEM are carried out to obtain the physical response of the
system. MCS is performed by using Kriging meta-model in order to study the performance
of the vibro-acoustic problems.
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2. Vibro-Acoustic Formulation

In the presence of a harmonic variation and a closed cavity, Ω f , the acoustic pressure
pi can be calculated using the Helmholtz equation as [41,42]:

∆pi + k2 pi = 0 in Ω f (1)

where ∆ represents the Laplacian operator, the wave number is calculated by k = ω
c and c

denotes the sound speed in the environment. The boundary conditions of the vibro-acoustic
system is presented in Figure 1.

∂pi
∂n

= ρ f ω2us on Σ (2)

where us is the structural displacement, ρ f denotes the density of the fluid. In the presence

of a rigid surface, ∂pi
∂n = 0. It is assumed that the structure is elastic and then its response

can be determined from the local equations [43]:

divσ(us) + ρsω2us = 0 in Ωs (3)

where the density of the structure is denoted by ρs and σ(us) presents the stress tensor.

σ(us) · n = pi on Γs (4)

us = u0 on Γ0 (5)

where Γs ∩ Γ0 = {0} and Γs ∪ Γ0 = Σ. In most practical cases, the finite element method is
used in order to solved numerically Equation (1). It is a coupled problem between the inter-
nal acoustic pressure and the vibration of the structure. The finite element discretization of
the structural part and that of the fluid leads to the equations of motion corresponding to
each part as follow [10,43,44]:

[Ms]
{

Üs
}
+ [Bs]

{
U̇s
}
+ [Ks]{Us} = {Fs}+

{
Fs f
}

(6)[
M f
]{

P̈
}
+
[
B f
]{

Ṗ
}
+
[
K f
]
{P} =

{
Ff
}
+
{

Ff s
}

(7)

where [Ms] is the mass matrix of the structure part, [Ks] is the equivalent rigidity matrix
of the structure, {Fs} denotes the vector of external forces applied to the structure and
{Us} represents the vector of nodal displacements.

[
M f
]

denotes the mass matrix of the
fluid,

[
K f
]

represents the equivalent stiffness matrix of the fluid,
{

Ff
}

is the vector of the
external forces applied to the fluid, and {P} denotes the vector of acoustic nodal pressures.{

Fs f
}
= −[A]{P} represents the vector of forces from the fluid portion acting on the struc-

tural part while [A] represents the matrix of the coupled system at the boundary surfaces.

Figure 1. Boundary conditions of the vibro-acoustic system.
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{
Ff s
}
= [A]T

{
Üs
}

denotes the vector of structural forces acting on the fluid portion.
The motion equation for the coupled fluid–structure system can be written in a matrix

form as follows:[
Ms 0
−AT M f

]
·
(

Üs
P̈

)
+

[
Bs 0
0 B f

]
·
(

U̇s
Ṗ

)
+

[
Ks A
0 K f

]
·
(

Us
P

)
=

(
Fs
Ff

)
(8)

3. Monte Carlo Simulations

The MCS method provides successive resolutions of a deterministic system incorpo-
rating uncertain parameters described by random variables. It generates random samples
for all uncertain parameters. For each iteration, a set of parameters is obtained and a
deterministic calculation, according to well-defined numerical models (FEM) or analytical,
is performed. The main advantage of this technique is its applicability to any system,
regardless of its complexity (linear, non-linear, etc.) and size. A reasonable precision of the
results requires a large number of points. This makes this method prohibitive in terms of
calculation cost. The standard MCS approach considers functions of the following form:

Y = χ(X) (9)

where χ denotes the model, X = [X1, X2, . . . , Xn]T represents the vector of uncertain input
parameters and Y is the vector of estimated outputs. The algorithm of this method can be
summarized in the flowchart presented in Figure 2:

Figure 2. Flowchart of the MCS.

4. Surrogate Modeling Techniques
4.1. Generality

Nowadays, meta-model approaches are widely used in different engineering field.
These models are used to construct approximations of the finite element method and
describe the relationship between the input parameters and the responses of the system.
Thus, the calculation cost is reduced. In this study, the meta-models are used to estimate
the sound pressure level of coupled acoustic-structural problems.

To start, let us consider a m-dimensional problem. We use x = {x1, x2, . . . , xm}T to
denote the design variables with m dimensions, xS = {x(1), x(2), . . . , x(n)}T to indicate
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a set of samples with n design points, and yS = { f (x(1)), . . . , f (x(n))}T to signify the
corresponding outputs responses of the sample set. The pair (xS, yS) indicates the sampled
data set. The objective of the meta-modeling is to build a meta model that predict the output
of any untried point x, thus, to estimate y(x) based on the pair (xS, yS). The implementation
of a surrogate model is a multi-step process. As presented by Forrester et al. [25], in order
to build a good approximation of the original model, we need several steps: Sampling
plans, exact evaluations, constructing a surrogate and verifying meta-model quality. The
flowchart of this process is presented in Figure 3.

Figure 3. Flowchart of surrogate models construction.

The surrogate modelling approach first applies design of experiments (DOEs). Classi-
cal DOEs (fractional factorial designs, central composite designs, etc.) tend to spread the
sample points around the border and only put a few points in the interior of the design
space. They are primarily used for screening purposes and to build polynomial meta-
models. For this, the Latin hypercube sampling (LHS), proposed by McKay et al. [45], is
selected to repeat sampling in the design space and then chooses a type of meta-model
to represent the sampled data. Thus, the original analysis code can be replaced by the
surrogate model during the uncertainty process.

4.2. Kriging Meta-Model

Generally, the Kriging method is very applied today because of its robustness and the
quality of the approximation it can provide. In addition, it provides an estimate of the least
squares error of the process that it estimates. The modern framework of Kriging (also called
Gaussian process modeling) is based on the fact that the substitution function is assumed
to be an achievement of a Gaussian process denoted y(x). Thus, the response y(x) can be
expressed as follows:

y(x) = G(x) + Z(x) (10)

where G(x) is usually given as a linear combination of basic polynomial functions:

G(x) =
p−1

∑
i=1

βi fi(x) (11)

where f (x) = [ f0(x), f1(x), . . . , fp−1(x)]T represents the vector of regression basis function
and the column vector β = [β0, β1, . . . , βp−1]

T is the vector of regression coefficients and
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Z(x) is a stochastic process (random function) with zero mean (E[Z(x)] = 0), a variance
σ2 and non-zero covariance given by:

Cov(Z(x)− Z(x′)) = σ2R(x, x′) (12)

where R(x, x′) denotes the correlation function between the estimated sampling points x
and x′ in the design space. It controls the smoothness of the resulting model. The correlation
function in Equation (12) affects the smoothness of the model. A product of correlation
functions is generally used to construct n dimensional ones:

R(x, x′) =
m

∏
i=1

R(xi, x′i) (13)

where m is the dimension of design variables and xi and x′i , respectively, are the ith
component of the sampling design point x and x′, respectively.

According to [46] two commonly applied functions are the exponential (Equation (14))
and the Gaussian correlation functions (Equation (15)):

R(x, x′) = exp

[
−

m

∑
i=1

θi|xi − x′i |
]

(14)

R(x, x′) = exp

[
−

m

∑
i=1

θi|xi − x′i |2
]

(15)

with θ = [θ1, . . . , θm]T denotes the vector of unknown parameters of the correlation function.
The Kriging estimator at a given point x is by definition a Gaussian random variable
obtained as a linear combination of the observations and which is called the best linear
unbiased estimator (BLUE) [47]:

ŷ(x) = f T(x)β + rT(x)R−1(yS − FTβ) (16)

where f T(x) is the regression basis function vector of the untired site x, β denotes the
vector of estimated regression coefficients, r(x) = [R(x, x(1)), R(x, x(2)), . . . , R(x, x(n))]T

represents the vector of correlation functions between the untried sites x and the m sample
points, R is the m×m matrix of correlation functions for the fitting sample, yS represents the
vector of the observed responses in the fitting sample and the term (yS − FTβ) represents
the vector of residuals for all fitting points when the stochastic term of the model is
neglected. F represents the model matrix as follows:

F =


1 x(1)1 . . . x(1)m x(1)1 x(1)2 . . . x(1)m−1x(1)m (x(1)1 )2 . . . (x(1)m )2

1 x(2)1 . . . x(2)m x(2)1 x(2)2 . . . x(1)m−1x(2)m (x(2)1 )2 . . . (x(2)m )2

...
...

. . .
...

...
. . .

...
...

. . .
...

1 x(n)1 . . . x(n)m x(n)1 x(n)2 . . . x(1)m−1x(n)m (x(n)1 )2 . . . (x(n)m )2

 (17)

In order to be able to construct the Kriging surrogate model, we first need to determine
the correlation parameters of the vector θ in Equation (14) or Equation (15), the regression
coefficients of the vector β in Equation (11) and the variance of the stochastic model σ2 in
(Equation (12)). The method, currently the most used to determine all these parameters, is
based on the statistical framework of Kriging and in particular that of Gaussian processes.
Indeed, it proposes to determine these parameters by maximizing the likelihood function.

L(β, σ2, θ) =
1

n√2πσ2
√
|R(θ)|

exp
[
− (yS − FTβ)TR−1(θ)(yS − FTβ)

2σ2

]
(18)
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In practice, we apply the natural logarithm on the expression of the likelihood and we
obtain:

ln(L) = −n
2

ln(2π)− n
2

ln
(

σ2
)
− 1

2
ln(|R(θ)|)− (yS − FTβ)TR−1(θ)(yS − FTβ)

2σ2 (19)

The likelihood is maximal when its derivatives with respect to β and σ2 are setting to
zero, thus gives:

β̂ =
(

FTR−1F
)−1

FTR−1yS, (20)

and

σ̂2 =
(yS − FTβ)TR−1(θ)(yS − FTβ)

n
(21)

The optimal values of θ are determined by solving the nonlinear optimization problem
of the maximization of the likelihood function:

max
θ

L(θ) = −1
2
[n(ln(2π) + ln(σ̂2)) + ln(|R|)]

s.t. θi > 0, i = 1, . . . , m
(22)

Thus, by solving this optimization problem, the estimators β̂ and σ̂2 can be calculated
and then the model ŷ(x) is completely defined by Equation (16).

4.3. Metamodel Validation

It is necessary to assess the quality of the surrogate model after its construction. The
quality of a surrogate model can be determined by several methods such as error measures
and cross validation [47].

4.3.1. Error Measures

This method consists of studying the residuals of the model, i.e., the difference between
the response of the original model y(i) and the value predicted by the meta-model ŷ(i). The
smaller the error, the better the quality of the estimator. The most popular measures are
maximum absolute error (MAE), relative mean error (RME) and root mean squared error
(RMSE) which can be expressed as follow:

MAE = max
∣∣∣y(i) − ŷ(i)

∣∣∣, i = 1, 2, . . . , nt (23)

RME =
1
nt

nt

∑
i=1

∣∣∣∣∣y(i) − ŷ(i)

y(i)

∣∣∣∣∣ (24)

RMSE =

√
1
nt

nt

∑
i=1

(
y(i) − ŷ(i)

)2 (25)

where nt is the number of test points needed to calculate the error measures. The lower
these measurements, the more accurate the meta-model.

4.3.2. Cross Validation

Another way to assess the quality of a surrogate model is cross validation (CV) [48].
In CV, samples data are divided into training points to build the model, and test points to
assess its quality. The mean squares error (MSE), for ‘leave-one-out CV’ is expressed as:

MSECV =
1
n

n

∑
i=1

(
y(i) − ŷ(i)−i

)2
(26)
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where y(i) is the response at x(i) from sample data and ŷ(i)−i denotes the estimation at x(i)

using the meta-model built from all sampling points except (x(i), y(i)) [49].

5. Numerical Examples

In the proposed method, the deterministic FEM is used to get the response feature at
the training points that are generated using Latin hypercube sampling (LHS), the meta-
model is employed to illustrate the relationship between inputs (design points) and outputs
(responses), and then uncertainty analysis is carried out by using MCS based on surrogate
model. In this section, the feasibility of the proposed methodology for uncertainty analysis
based on surrogate model is applied on two vibro-acoustic models.

5.1. Structural-Acoustic Model
5.1.1. Deterministic FEM

The deterministic model consists of two aluminium flexible plates 1 and 2 with thick-
ness t1 = 2 mm and t2 = 4 mm as shown in Figure 4 [50]. These plates are imposed on
the right surface and on the top surface of the acoustic cavity, respectively. The remaining
surfaces of the acoustic cavity are perfectly rigid and the system composed of flexible plates
and acoustic cavity presents a coupled structural-acoustic problem. Numerical simulation
of the vibro-acoustic response are performed using the commercial software ANSYS-APDL.
Regarding the discretization of the internal fluid and the plates, 3000 and 200 elements
are adopted, respectively, for the fluid and the structure. The internal fluid is modeled
by Fluid30 elements having 8-nodes with one degree of freedom per node: the acoustic
pressure. The flexible plates are modeled by Shell181 elements having 4-node with six
degrees of freedom at each node: 3 translations in the x, y and z directions and 3 rotations
about the x, y and z axes (see Figure 5). The adopted boundary conditions were fluid–
structure interface at all free nodes of the aluminium plates. All the nodes at the plates
border were constrained.

Figure 4. Acoustic-structural model.

The finite element method (FEM) is used to study the sound pressure level (SPL) at
point G2 as shown in Figure 6. This SPL can be determined using Equation (27) [10]:

SPLdB = 20 log10

(
P

Pre f

)
(27)



Appl. Sci. 2022, 12, 1503 9 of 16

with P is the acoustic pressure at G2 and Pre f = 20 µPa represents the acoustic pressure of
human hearing.

Figure 5. 3D finite element model.

Figure 6. Sound pressure level inside the acoustic cavity.

5.1.2. Proposed Uncertainty Analysis Based on Surrogate Model

An accurate response surface is obtained from a minimum number of design points
in the given sample space. The design sample space is constructed using Latin hypercube
sampling (LHS) [45]. After the design of experiments process, several combinations of
input parameters and their corresponding responses are obtained. The material parameters
(elasticity and density) and the thicknesses of the aluminum plates are taken the uncertain
variables in this study as shown in Table 1.

Table 1. Characteristics of random variables.

Variables Mean Value Cov Distribution Type

E (Pa) 2.1 × 1011 0.05 Normal
ρ (kg/m3) 7850 0.05 Normal

t1 (mm) 4 0.02 Uniform
t2 (mm) 2 0.02 Uniform
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For the assumed geometric constraints, design of experiment (DOE) points are gener-
ated. Mathematical model is then generated by performing a Kriging prediction to obtain
the maximum sound pressure level inside the cavity. The Kriging models are obtained
using the Matlab toolbox package Design and Analysis of Computer Experiments (DACE) [51].
A second order polynomial global trend function and exponential correlation function are
adopted. The estimator is constructed across different Latin hypercube sampling (LHS)
points in order to observe their influence on the maximum sound pressure level. Additional
test points are created to verify the precision of the substitution model. FEM are repeatedly
performed by taking the training data (Table 1) as inputs. The accuracy of Kriging substitu-
tion model is determined by their MAE (Equation (23)), RME (Equation (24)) and RMSE
(Equation (25)) as presented in Table 2 for 20 and 30 LHS points. A comparative study of
the number of training points using LHS is illustrated by the goodness-of-fit graphs in
Figures 7 and 8 for 20 and 30 LHS points, respectively.

Table 2. Kriging accuracy results.

Error Measures 20 LHS Points 30 LHS Points

MAE (dB) 2.255 × 10−4 1.269 × 10−4

RME 5.191 × 10−7 4.125 × 10−7

RMSE 5.851 × 10−5 8.926 × 10−6

Figure 7. Cross-validation results of Kriging for maximum SPL with 20 LHS points.

Figure 8. Cross-validation results of Kriging for maximum SPL with 30 LHS points.
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In Figures 7 and 8, the blue curve corresponds to the system response using FEM.
However, the red points represent the dispersion of the response of the system calculated
by the Kriging compared to the one calculated by the FEM at the LHS points. From Table 2
and cross-validation results Figures 7 and 8, it is clear that the Kriging predictor provides
better approximation with 30 LHS points. Given the relevant results obtained using
Kriging 30 LHS point, it will be used in the Monte Carlo simulations for the uncertainty
analysis. Thus, a sampling set with the number of N = 106 for random variables (Table 1)
is generated, then the MCS is performed using the Kriging model. The mean value and
standard deviation of the sound pressure level (SPL) are presented in Figures 9 and 10,
respectively.

Figure 9. Mean value of the SPL.

Figure 10. Standard deviation value of the SPL.

One can see that the standard deviation is maximum at the peak level, this is due
to the fact that the uncertainty of the model affects the amplitude of the system response
at the peak level. It should be noted that the deterministic FEM computing time for one
sampling is approximate 3 min. Furthermore, the computational cost of the training points
is equal to: 30× 3 = 90 min. So, if the uncertainty analysis is performed using MCS based
on FEM, the computational time will be taken about 3× 106 min, while the MCS based
on Kriging meta-models strongly reduces the computational cost (about 27 s). In other
words, the proposed method using MCS based on surrogate model is more efficient than
the classical one.
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5.2. Simplified Car Interior with Flexible Plates

In this section, we considered a vibro-acoustic finite element model of a simplified
automobile passenger compartment. The finite element model presented in Figure 11 was
modeled in ANSYS software [11]. For modeling the acoustic cavity, FLUID30 elements
were used. These are 3D elements having 8-nodes with 4 degrees of freedom per node:
3 translational displacements in the x, y, and z directions, and a pressure. For structure
plates, SHELL181 elements were adopted which are 2D quadrilateral elements. A unit
harmonic force in the frequency range 0–500 Hz is applied perpendicularly at the center of
the firewall plate. The fluid inside the cabin is the air whose properties are: its density is
1.21 kg/m3 and the sound speed is 343 m/s.

Figure 11. 3D model of the passenger cavity.

The material characteristics of the structure are presented in Table 3.

Table 3. Material properties of the structure.

Structure Elasticity (Pa) Poisson’s Ratio Density (kg/m3)

Steel 2.1 × 1011 0.3 7850
Glass 6.2 × 1010 0.24 2300

The thickness values of the structural panels are listed in Table 4.

Table 4. Panel thicknesses.

Panel Thickness Value (mm)

firewall (t1) 0.8
bulkhead (t2) 0.8

roof (t3) 0.7
floor (t4) 0.9

windshield (t5) 5

Table 5 presents the different uncertain parameters chosen for this example.
The sound pressure level inside the cavity is approximated using Kriging model.

The Kriging estimator is constructed through 50 Latin hypercube sampling points. An
additional 50 sampling points are generated in order to validate the efficiency of the
surrogate models. The accuracy of the approximation was verified by the cross-validation
as shown in Figure 12.



Appl. Sci. 2022, 12, 1503 13 of 16

Table 5. Characteristics of uncertain parameters.

Variables Mean Value Cov Distribution Type

Es (Pa) 2.1 × 1011 0.05 Normal
Eg (Pa) 6.2 × 1010 0.05 Normal

ρa (kg/m3) 1.21 0.05 Normal
t1 (mm) 0.8 0.02 Uniform
t5 (mm) 5 0.02 Uniform

Figure 12. Cross-validation results for SPL using Kriging.

After the validation of the Kriging surrogate model, a sampling set with the number
of N = 106 for uncertain parameters (Table 5) is generated, then the MCS is performed
using the Kriging approximation Figure 13.

Figure 13. Variation of the SPL mean with the frequency.

It is clear that the presence of uncertainties affects the mean of the sound pressure level
with small variation. Indeed, the maximum value of the SPL mean at frequency ∼280 Hz
increased by 4.8 dB as shown in Figure 13. It should be noted that the deterministic FEM
computing time for one sampling is approximate 10 min. Furthermore, the computational
cost of the training points is equal to: 50× 10 = 500 min. So, if the uncertainty analysis
is performed using MCS based on FEM, the computational time will be taken about
10× 106 min, while the MCS based on Kriging models strongly reduces the computational
cost (about 108 s).
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6. Conclusions

The aim of this paper is to study the performance of a vibro-acoustic model under
the presence of uncertainties in the geometrical and material parameters of the model and
to evaluate this performance using Monte Carlo simulations (MCS). The originality of
the paper is focused on the implementation of a Kriging meta-model in the uncertainty
quantification process which allows to significantly reduce the computational time of
Monte Carlo simulations while guaranteeing robust and reliable simulation results. Kriging
meta-models are generally subject to numerical problems. Thus, a parametric study was
implemented in this work to determine the minimum number of training points that
ensures a better fit of the real model. The results show that the Kriging predictor with
30 LHS points for the first application and 50 LHS for the second application provides
the best fit compromise of the developed meta-model with the real FEM model. Through
the performed analysis, it is clearly proven that the presence of uncertainties has slightly
affected the average SPL. Indeed, the maximum value of the average SPL at the frequency
280 Hz increased by 4.8 dB. Overall, the results obtained are both interesting and useful,
the developed methodology being able to analyze the influence of model uncertainty on
the system response in a satisfactory manner. Therefore, it is also expected to work well
with more complicated problems such as industrial vibro-acoustic models (automobile
passenger compartment).
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