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Abstract In this paper, a model validation framework is pro-
posed and applied to a large vibro-acoustic finite element (FE)
model of a passenger car. The framework introduces a p-box
approach with an efficient quantification scheme of uncertain-
ty sources and a new area metric which is relevant to the
responses in the frequency domain. To prioritize the input
uncertainties out of the enormous FE model, the experts’
knowledge is utilized to select candidate input parameters
which have large potential influences on the response of inter-
ests (ROI) among several thousands of input parameters.
Next, a variance-based sensitivity analysis with an orthogonal
array is introduced in effort to quantify the influence of the
selected input parameters on the ROIs. The employment of the
eigenvector dimension reduction method and orthogonal
combinations of interval-valued input parameters provides
the p-box of the ROI even if the size of the FE model is very
large. A color map and the u-pooling of the p-boxes over the
frequency band as well as the p-box at different frequencies
are introduced to assess the model error and quantitative con-
tributions of the aleatory and the epistemic input uncertainties
to the overall variability of the ROIs in the frequency domain.
After assessing the model error, the FE model is updated. It
was found that the sensitivity results and the experts’

knowledge about the associated components effectively deter-
mine the modifications of the component models and the input
parameter values during the updating process.

Keywords Aleatory and epistemic uncertainties . Large
vibro-acoustic FEmodel .Model validation . Parameter
prioritization . Probability-box . Areametric

1 Introduction

Numerical models are widely used inmany industrial areas for
designing products and/or for solving problems in products.
The automotive industry also intensively utilizes various nu-
merical models in the design or trouble-shooting stages.
Vibro-acoustic responses such as the levels of interior noise
and vibration are among the key performances which indicate
the quality of a car. When predicting the vibro-acoustic re-
sponses of interest (ROI) in high frequency ranges, the size
of the finite element (FE) model grows increasingly large. To
develop a reliable FEmodel, numerical analysts follow a stan-
dard procedure which controls the efficiency and accuracy of
the numerical model in order to manage the computational
costs. The standard modeling procedure is usually determined
considering both the computational costs and the modeling
technology of the company as accumulated during earlier de-
velopment experiences. However, the vibro-acoustic FE mod-
el sometimes fails to predict the dynamic behaviors of a car.
The main reason for these inaccurate predictions partly stems
from the fact that vibro-acoustic systems, including various
joints, are too complex to allow accurate descriptions of the
dynamic behavior. Other reasons include intrinsic uncer-
tainties of the physical systems, such as the randomness of
excitations and manufacturing variabilities in the product.
When experimental measurements are available, the vibro-
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acoustic FE model should be assessed and updated in a pro-
cess known as model validation (Babuska and Oden 2004;
Oberkampf and Roy 2010).

Computer model verification and validation (V&V) is a
statistical assessment of model accuracy, which often requires
numerous evaluations of the model. Thus, such a large vibro-
acoustic FE model creates many challenges with regard to
model validation. First, an efficient parameter prioritization
scheme is necessary because the selection of important ran-
dom variables among several thousands of input parameters
incurs high computational costs. Once important random var-
iables are selected, an additional high computational cost is
required to propagate these variables to ascertain the uncer-
tainty of system responses. In particular, the computational
costs become higher when the uncertainty sources contain
both aleatory and epistemic uncertainties. These high costs
in turn require an efficient tool in the uncertainty propagation
analysis. Another factor is that the ROIs of vibro-acoustic FE
models, which are usually calculated in the frequency domain
due to the many frequency-wise results to be compared. Thus,
it is necessary to introduce a new validation metric which is
suitable for frequency responses. In addition, after estimating
the model accuracy, similar tasks, such as an efficient sensi-
tivity analysis method and an effective selection scheme to
update the parameters, must also be done.

Model updating involves refining earlier distributions of
input parameters in order to maximize the agreement between
the results of the numerical model and the experimental data
(Campbell 2006; Youn et al. 2011). The validation and
updating of a numerical model under uncertainties in data
and in the model form are common and ongoing issues
(Kennedy and O’Hagan 2001; Lee and Ahn 2014, 2015;
Oberkampf et al. 2004; Xiong et al. 2009). The validation
scheme can be adaptively changed depending on factors such
as the problem principles and available data. In the automotive
industry, statistical model validation is an emerging issue in
spite of the large model sizes and the complexity of the struc-
tures. Recently, V&V and variability issues related to the
windscreens of cars are investigated using a hierarchical ap-
proach (Lardeur et al. 2013; Scigliano et al. 2011) in which the
variability of the components due to changes in the tempera-
ture is the main source of uncertainty. A nonparametric prob-
abilistic model for a computational structural-acoustic
car model was also proposed to estimate the response
variability (Durand et al. 2008; Soize 2013). The vari-
ability of the vibrational responses due to elastomer un-
certainties in a passenger car is also estimated using an
uncertainty propagation analysis method (Kwon and Lee
2015; Lee and Hwang 2011). However, due to the large
size of the vehicle model and the lack of efficient val-
idation methods, there are many challenges to overcome
before a fully statistical assessment of vibro-acoustic car
models can be realized.

In this study, a model validation framework for a large
numerical model is proposed using a vibro-acoustic FE model
of a passenger car. The validation framework introduces the p-
box (probability box) approachwith an efficient quantification
scheme for uncertainty sources and a new area metric, which
is relevant to responses in the frequency domain. Four techni-
cal contributions of this study make the proposed model val-
idation framework applicable to a huge vibro-acoustic FE
model. These are 1) an efficient method to prioritize the un-
certainty sources in input parameters which utilizes experts’
knowledge and variance-based sensitivity information with an
orthogonal array; 2) an efficient p-box construction method,
which uses a statistical-moment-based method for uncertainty
propagation analyses and orthogonal combinations for
interval-value uncertainty; 3) an effective metric for statistical
assessments of a numerical model in the frequency domain,
such as p-box color maps over the frequency band and a u-
pooling p-box for frequency band of concern and for p-boxes
at different frequencies; and 4) an efficient model-updating
scheme which introduces the sensitivity analysis results and
the experts’ knowledge pertaining to the components related
to the hierarchical approach.

The paper is organized as follows. Section 2 explains the
proposed model validation framework, including the classifi-
cation of the uncertainty sources, related characterizations, the
uncertainty propagation analysis method, and the validation
metric. In Section 3, the validation framework is implemented
for a large vibro-acoustic FE model. This section provides
detailed descriptions of a real-model validation problem relat-
ed to the prioritization method of the input parameters, the
sensitivity analysis scheme based on the variance analysis,
and the model updating scheme. Section 4 concludes
the paper.

2 Model validation framework

Model validation is the process of determining the de-
gree to which a numerical model is an accurate repre-
sentation of the real world from the perspective of the
intended uses of the model (Trucano et al. 2006). In
the design stage, design engineers usually utilize com-
mercial FE software to predict the vibro-acoustic per-
formances of a passenger car. Computer model valida-
tion in this paper aims to quantitatively assess the ac-
curacy of the vibro-acoustic performance of a passen-
ger car in terms of the amount of errors in the numer-
ical model. The main purpose of model validation is to
identify the model form errors and influences of input
uncertainties. In this section, the model validation
framework serves to explain how the design engineer
can reach these goals.
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2.1 Validation framework for a numerical model

A numerical model represents the intended behavior of a phys-
ical system. The design engineer models the physical system
considering the influences on the ROI. These include the sys-
tem boundary, boundary conditions, governing equations and
material models. The design engineer constructs a computation-
al model of the physical system in order to predict the ROI. The
design engineer assesses the numerical model as to whether or
not it represents the physical system before the numerical model
is used to compute the ROIs. Comparing the calculated ROIs
with measured experiment data enables the design engineer to
make an assessment of the numerical model.

The numerical model has many uncertainties in the input
parameters and model errors. The measurement data also have
uncertainties in the experimental setup and in the data process-
ing steps and operation conditions. Thus, a statistical compar-
ison between the calculated ROI and the measured value
should be conducted in the validation procedure. Figure 1
shows the statistical validation framework of the numerical
models. For statistical validation, the input parameters of the
numerical model and the ROIs should be obtained through
validation tests of the subsystem or full-scale system levels.
Because both the input parameters and the model form contain
uncertainties, probability models are necessary to represent
them and to estimate their influence on the ROI statistically.
For the input parameter uncertainties, measured experimental
data or experts’ knowledge can provide the probability density
function (PDF) or approximated values for the statistical in-
formation and/or the upper/lower bounds. The probability

model gives the uncertainty information for the ROI.
Generally, the calculated statistical information pertaining to
the ROI differs from the measured data. The validation metric
quantitatively defines the difference. The metric value satisfy-
ing a threshold results in a numerical model that can be used in
the design or for trouble-shooting purposes. When the numer-
ical model is not completely satisfactory, the input parameters
of the model and their statistical information can initially be
updated for another iteration of the validation metric. If the
repeated updates do not enhance the accuracy of the compu-
tational model, the model refinement process provides a new
computational model by modifying the mathematical or con-
ceptual models (Youn et al. 2011).

2.2 Uncertainty sources

In general, there are two types of uncertainty in a numerical
model: aleatory and epistemic uncertainties (Roy and
Oberkampf 2011). Aleatory uncertainty arises from the inher-
ent randomness in a quantity, while epistemic uncertainty is
due to a lack of knowledge. Additional knowledge can elim-
inate the latter.

Uncertainties in the numerical model come from various
sources. As well illustrated in literature (Oberkampf and Roy
2010; Roy and Oberkampf 2011). The sources of uncertainty
in a numerical model include the following

& model input parameters
& model form
& numerical approximations

Fig. 1 Validation framework for
the numerical models
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The model input parameters are all variables or parameters
in a numerical model, such as material constants, the geome-
try, the excitation and boundary conditions. Model form un-
certainty refers to the uncertainty due to simplification or as-
sumptions of a system model. Numerical approximation un-
certainty includes discretization error in the spatial and
time domains, round-off errors as well as software pro-
gramming errors.

In most areas of the automotive industry, design engineers
utilize commercial software in order to calculate the vibro-
acoustic performances of passenger cars. Under this environ-
ment, code verification, which eliminates uncertainty in the
numerical approximations, is not necessary because software-
developing companies already conduct computer code verifi-
cations. Vibro-acoustic FE models for passenger cars
discretize the geometry with a very fine mesh and usu-
a l ly have many degrees-of - f reedom such tha t
discretization error can be diminished. Thus, in this
study, we assume that the uncertainties in the numerical
approximations are negligible. This study focuses on the
uncertainty in the model input parameters and their
propagation to system responses.

2.3 Uncertainty characterization of input parameters

For the model validation process, all uncertainties in the input
parameters should be quantitatively characterized. The PDF
can be used to characterize aleatory uncertainty. Material
properties, for example, can be measured for various
manufacturing lots taken from different companies.
Combining all of the measured data with a sufficient number
of measurements, one can obtain a PDF for the material prop-
erties. A few parameters can usually represent the PDF with a
prescribed type of distribution.

For epistemic uncertainties, obtaining the interval informa-
tion for the input parameters is a typical uncertainty character-
ization method. Experimental data, a simulation model and
experts’ knowledge can provide the interval information, in-
cluding the upper and lower bounds. When the statistical in-
formation for an input parameter is imprecise, the distribution
parameters can be either distributions or interval-valued quan-
tities; i.e., an input parameter can be represented as a mixture
of the aleatory and the epistemic uncertainty (Roy and
Oberkampf 2011).

Model input parameters can be characterized as either de-
terministic values or as uncertain aleatory or epistemic random
variables according to the amount of influence on the ROI,
which can be determined from a sensitivity analysis.
However, a sensitivity analysis of every input parameter for
a large numerical model is impractical due to the high com-
putational costs. Practically, experts’ knowledge is included
when determining the characterization types. Thus, there is
another type of uncertainty when characterizing input

parameter uncertainties; in the validation process, this type
of epistemic uncertainty will be included not in the variability
of the ROI but in the model error (model form uncertainty).

2.4 Uncertainty estimation of response

Uncertainties in the input parameters of a numerical model are
propagated into responses through the numerical model.
Estimations of the uncertainties of the ROIs are necessary in
order to quantify the uncertainty in the model form through
comparisons with experimentally measured ROIs. Probability
analysis methods such as the Monte Carlo simulation (MCS)
method (Kroese et al. 2011) can provide the PDFs of the
ROIs. With a sufficient number of random samples (typically
millions of samples), the MCS method provides accurate
probability information. However, the MCS method is im-
practical for very large numerical models such as those in this
study due to the very high computational cost and the im-
mense amounts of time required. Many researchers have de-
veloped approximation methods such as the dimension reduc-
tion method (Xu and Rahman 2004; Youn et al. 2008), the
stochastic spectral method (Choi et al. 2004, 2007; Hu and
Youn 2011a) and the stochastic collocation method
(Barthelmann et al. 2000; Gerstner and Griebel 1998; Hu
and Youn 2011b). Among them, the eigenvector dimension
reduction (EDR) method (Youn et al. 2008) is one of the most
efficient methods, as it does not include a sensitivity analysis
as part of the probability analysis.

When all random variables are aleatory (i.e., all PDFs
of the input parameters are available), the EDR method
efficiently provides statistical information pertaining to
the ROIs. However, a large vibro-acoustic car model
generally has both aleatory and epistemic random vari-
ables. For a mixed case, the distribution of the ROIs is
not a single function but an ensemble of the distribu-
tions of all possible combinations of the epistemic ran-
dom variables whose values exist on intervals. The out-
er boundary of the ensemble of the cumulative distribu-
tion functions (CDF) is known as a p-box (Ferson and
Ginzburg 1996; Roy and Oberkampf 2011).

2.4.1 EDR method

The EDR method approximates the statistical moments
(mean, standard deviation, skewness, and kurtosis) of an
ROI and its PDF. In general, the statistical moments of the
ROI, Y(X), can be calculated as follows:

E Ym Xð Þf g ¼
Z ∞

−∞

Z ∞

−∞
Ym xð Þ f X xð Þdx;m ¼ 0; 1; 2;⋯ ð1Þ

where Y is the ROI, E is the expectation operator, and fX(x) is
the joint PDF of X. Multiple one-dimensional integrations

1488 Lee et al.



using additive decomposition (Ya) can approximate the multi-
dimensional integration in (1) as follows:

Y X 1;…;XNð Þ≅Ya X 1;…;XNð Þ

¼
XN
j¼1

Y μ1;…μ j−1;X j;μ jþ1;…μN

� �
− N−1ð ÞY μ1;…;μNð Þ

ð2Þ

Here,N is the number of random variables and μ represents
the mean of the random variables. The mth statistical moment
for the ROI is approximated as follows:

E Ym
a XÞð Þ� � ¼ E

XN
j¼1

Y μ1;⋯;X j;⋯;μN

� �
− N−1ð Þ⋅Y μ1;⋯;μNð Þ

" #m8<
:

9=
;
ð3Þ

Using a binomial formula, (3) can be evaluated by repeat-
ing the one-dimensional integration process recursively. In
order to predict the probability of the ROI, the EDR method
uses the following four sequential steps: 1) sampling of three
or five responses along each eigenvector direction of the co-
variance matrix of the system input random parameters, 2)
construction of a response surface with samples using the
stepwise moving least-squares method, 3) calculation of the
statistical moments by means of numerical integration, and 4)
generation of the PDF of the ROI using the stabilized Pearson
system.

For N random variables, the EDR method requires 2N+1
or 4N+1 samples. These small sampling processes make the
EDRmethod very efficient when used for an uncertainty prop-
agation analysis. In earlier work (Jung et al. 2011), it was
demonstrated that the EDR method is sufficiently accurate to
calculate the PDF and reliability in vibro-acoustic systems.

2.4.2 ROI uncertainty estimation

For passenger cars, a vibro-acoustic model has numerous un-
certain input parameters. Some of them are aleatory, while
others are epistemic. For these cases, a CDF of a ROI estimat-
ed using the EDR method for aleatory random variables rep-
resents only the uncertainty of the ROI for a realization of
epistemic input parameters. Thus, the overall uncertainty of
the ROI is all ensembles of the CDFs for all possible realiza-
tions of epistemic input parameters. The p-box can be obtain-
ed by taking the outer boundary of all CDFs. Figure 2a illus-
trates the method used to extract the p-box from the CDFs.
The p-box represents the bounds of the CDFs for the ROI due
to the lack of knowledge in the epistemic uncertainty. The
variability of the ROI in the numerical model determines the
shapes of the left- and right-hand bounds of the p-box. If there
is no epistemic uncertainty, the area of the p-box vanishes; i.e.,
a single curve represents the variability of the ROI due to

aleatory uncertainty. The greater the lack of knowledge of
the input parameters is, the wider the distances between the
bounds of the CDFs of the ROI become. Thus, with a consid-
erable lack of knowledge of the input parameters, the p-box
for the numerical model provides a probability range that con-
sists of the minimums according to the left-hand bound (FL)
and the maximums according to the right-hand bound (FR).

There are an infinite number of possible combinations of
the set selected from the epistemic input parameters because
the intervals are continuous. When generating the p-box in
practical applications, the sampling of the CDFs is limited in
terms of the computational cost and time. Thus, an efficient
approximation for the p-box is required. This is described in
Section 3 with a vibro-acoustic FE model.

2.5 Validation metric

The model form error in a numerical model is the amount of
disagreement between the numerical model and the physical
system due to all of the assumptions and idealizations in the
model form. Our approach statistically estimates the model
form error, as the uncertainties in the input parameter propa-
gate into the simulation results through the numerical model.

2.5.1 Area metric

Comparisons of the simulation results with those of experi-
mental measurements provide the validation metric. Among
the validation metrics, the area metric (Ferson et al. 2008) is
used in this study. The area metric requires the CDF of the
experimental data (Hn) which is defined as

Hn yð Þ ¼

Xn

i¼1

I yi; yð Þ

n
where I yi; yð Þ ¼ 1 yi≤ y ;

0 yi > y;

�
ð4Þ

Here, y and n refer to the ROI and the number of experi-
mental data, respectively. The area metric d can then be de-
fined as

d F;Hnð Þ ¼
Z∞
−∞

F yð Þ−Hn yð Þj jdy where F yð Þ ¼
FR FR > Hn

Hn FR≤Hn≤ FL

FL FL < Hn

8<
:

ð5Þ
where FR and FL are the right- and left-hand bounds of the p-
box, respectively. Figure 2b illustrates the calculation of the
area metric for a p-box. When there is no epistemic uncertain-
ty, the p-box becomes a line and the area metric is the area
between the simulation and experimental CDFs.

The area metric quantitatively represents the difference in
the ROI between the simulation and experimental results con-
sidering the uncertainties in the input parameters. The larger
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the area metric is, the greater the discrepancy between the
numerical model and the physical system becomes. Thus,
the area metric can be considered as the model form error of
the numerical model. It is also noted that the area metric in-
cludes measurement errors typically in the form of bias error
and which are inevitable during the measurement and data
processing steps. The overall uncertainty during the simula-
tion is the sum of ROI variability due to the input parameter
uncertainties (as represented by the p-box) and the mod-
el form error (represented as the area metric) (Roy and
Oberkampf 2011).

It should also be noted that in the automotive indus-
try, test data for the validation metric does not exist
when the computational model is used in the design
stages. In other words, no physical system exists be-
cause computational models for passenger cars are typ-
ically used in the virtual design space. This situation is
very common, but in this study we assume that some
measurement data for the ROI exists. This time-lag sit-
uation between a numerical model and experimental
measurements remains as a challenge to be addressed
in future research by the authors.

(b) Area

(a) P-box

a metric from

x constructio

m the p-box

on from CD

x and exper

DFs 

rimental CDDF 

Fig. 2 Definitions of the p-box
and the area metric. a P-box
construction from CDFs b Area
metric from the p-box and
experimental CDF
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2.5.2 U-pooling

The area metric focuses on the difference between ROIs from
a numerical model and the experimentally measured value for
a specific ROI. If there are different ROIs for a physical sys-
tem, the area metrics for the ROIs provide the amount of
difference for each ROI. However, different instances of the
area metric cannot be directly compared because the distribu-
tions of the ROIs may differ. For example, the area metrics for
an acceleration level and an interior noise level in a numerical
model can be obtained with proper measurement data.
However, the magnitudes of the area metrics cannot be com-
pared to each other to obtain accuracy information pertaining
to the numerical model. Therefore, a synthetic approach that
unifies the metric scales is required in order to assess a numer-
ical model for different ROIs simultaneously. Probability is a
proper scale for comparing different ROIs (Ferson et al. 2008;
Xiong et al. 2009). The cumulative probabilities of the

experimental measurement responses for the p-box approach
are defined as

uiL ¼ FL yei
� �

; uiR ¼ FR yei
� �

; i ¼ 1;⋯; ne ð6Þ

Here, yi
e and ne represents the experimental measurements

and the number of experiments, respectively. Figure 3a illus-
trates the u-pooling method for two different ROIs.

By separately pooling the cumulative probability
values (i.e., uL

i and uR
i ) for all of the experimental data,

two cumulative distribution functions defined by (4) are
generated because there are two u-values for each ex-
periment. According to Ferson et al. (2008), the pooled
u-values follow a standard uniform distribution over [0,
1] if the physical values are distributed according to
their respective distributions. Thus, the area metric in-
troduced by (5) for the p-box can be utilized to infer
the degree of the overall agreement between all of the

(a) U-poolling 

(b) Area mmetrics for the u-poolinng 

Fig. 3 The u-pooling method for
the p-box approach aU-pooling b
Area metrics for the u-pooling
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experimental data and their respective prediction distri-
butions. Figure 3b shows the calculation method of the
area metric from the u-pooling data, where the illustra-
tive area metric for Ne= 5 is plotted in gray. The larger
the area metric is for the u-pooled data is, the less accurate the
representation of the physical system becomes.

As shown in Fig. 3b, the u-pooled CDFs consist of
two curves due to the epistemic uncertainties. When
the numerical model contains only aleatory uncertainty,
the two CDFs will be merged into one CDF. Less
epistemic uncertainty leads to a shorter distance be-
tween the two CDF curves. The area metric considers
only the propagated variability of the numerical model
due to the uncertainties in the aleatory input. The in-
fluence of the epistemic uncertainty on the overall
agreement is represented by the area between two
CDFs. Figure 3b also depicts the area between two
CDFs in the dotted area.

In the automotive industry, noise and vibration re-
sponses are generally investigated in the frequency do-
main. At each frequency, the noise and vibration re-
sponses have different distributions. Thus, u-pooling
for all frequency responses over the frequency range
of concern will provide a wealth of information
pertaining to the validity of the numerical model.

2.6 Model updating

Statistical model validation for a numerical model can result in
a more accurate representation of the ROIs bymeans of model
updating or calibration involving modifications of the mathe-
matical models and the input parameters. It was assumed that
the geometry is discretized with sufficient accuracy due to fine
mesh of the FE model. Mathematical model modifications
include changes of all assumptions, such as the linear behavior
of the materials and joints. Input parameter modifications are
the updating of, for example, the coefficients of the material
model, the boundary conditions and/or the magnitudes of the
excitations.

After the assessment of the model accuracy, the nu-
merical model can be updated in order to enhance its
performance when calculating the ROIs. The most im-
portant step is to localize the modification region; i.e., it
is necessary to minimize the number of modifications to
the crucial mathematical model or the parameters on the
ROIs. In this study, both the experts’ knowledge and
the sensitivity information of the prioritization scheme
determine which mathematical models and input param-
eters should be modified. These modification approaches
are illustrated using the vibro-acoustic FE model in the
next section. For an assessment of the accuracy of the
updated numerical model, the model validation frame-
work described in this section should be repeated.

3 Validation and updating of vibro-acoustic FE
model

The passenger car industry is one of the most intensive areas
to utilize numerical models due to the high manufacturing
costs and the rapid product cycles. Vibro-acoustic quality for
a passenger car is a key factor that design engineers must
achieve. Automotive companies typically use finite element
(FE) models to predict the vibro-acoustic ROIs of a passenger
car. For the calculation of the interior noise, design engineers
currently build an FE model with millions of degrees of free-
dom (DOF). Validation of vibro-acoustic FE models is very
complicated due to their very numerous DOFs and given their
structural complexity. Hierarchical approaches for complex
systems can increase the efficiency of the validation process
(Oberkampf and Roy 2010; Scigliano et al. 2011; Youn et al.
2011). Figure 4 illustrates an example of the validation hier-
archy for a passenger car. For the model validation, the vehicle
FE models are decomposed into subsystems with three or four
levels as shown in Fig. 4. The validation process should be
conducted on the lower level of the hierarchy (i.e., the com-
ponent or part levels) because 1) the full-scale vibro-acoustic
system of passenger car is very complex, 2) there are many
common components in different passenger cars, 3) it is eco-
nomical, and 4) in many cases, there are no experimental
measurement data for an entire vibro-acoustic system due to
the absence of a physical system (e.g., when it has not yet been
manufactured). Thus, automotive companies undertake vali-
dations of components or part models. Based on the validation
results, they establish standard procedures which must be

Fig. 4 An example of the validation hierarchy for passenger cars
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followed when a vibro-acoustic system model is developed
considering both the accuracy and the computational costs.
The standard procedure usually regulates the solution
methods, the material models, the finite element types and
the sizes of the elements. For example, the modeling standard
of a company for a spot-welded shell describes the element
type, the thickness, and the spot size as well as the multi-point
constraints. However, it should also be noted that all compo-
nents in a vibro-acoustic FE model cannot be validated at the
component or part levels, partly because typically in automo-
tive systems many new components remain to be
manufactured at early stages. A more inherent reason is the
dependency of the responses of many components on the

dynamic characteristics of the system. For example, many
elastomer joints in passenger cars can be modeled using a
linear spring, but the stiffness of the spring depends on the
initial strain or the amplitude of the responses.

In the design stage of a passenger car, engineers build a
vibro-acoustic FE model according to standard modeling pro-
cedures and predict vibro-acoustic ROIs such as the level of
interior noise during, for example, wide-open throttle opera-
tion or idling states.When experimental measurement data are
available for predicted ROIs after the proto manufacturing
stage of a passenger car, the predictive FE model can be
assessed through the validation framework prescribed in the
previous section. There are certain challenges to be addressed

Fig. 5 Response locations for the
passenger car

Fig. 6 Modeling parts
investigated by the experts’ group
for the selection of the candidate
input parameters
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before the validation framework can be successfully applied to
a large vibro-acoustic FE model. The first of these is the se-
lection of model parameters which have uncertainties and
considerable influences on the ROIs. The FE model usually
has several thousands of input parameters as well as millions
of DOFs. It is impossible to consider all of the input parame-
ters as uncertain variables due to the high computational costs.
Therefore, an efficient parameter-selection scheme for statis-
tical validation is required. Another challenge is to set the
priority between the selected parameters according to the
magnitude of the influences on the vibro-acoustic ROIs (i.e.,
the sensitivity of the selected model parameters with respect to
the ROIs). Thus, an efficient sensitivity analysis method able
to determine quantitative priority levels among the candidate
model parameters is also required.

In this study, a parameter prioritization scheme for valida-
tion frameworks is proposed. Additionally, a new validation
metric which is relevant to the p-box approach with vibro-
acoustic ROIs is presented. This section will demonstrate the

validation framework using the proposed approach through an
illustrative vibro-acoustic FE model for a passenger car.

3.1 Vibro-acoustic model for a passenger car

During the design stage, the company built the FE model and
used it to enhance the vibro-acoustic performance of a car. The
FE model predicted a booming noise peak in the area of the
front seats of the interior cavity for a wide-open throttle accel-
eration operation. After a few trade-offs, the FE model sug-
gested a dynamic damper on the rear roof rail position and
showed large abatement of the interior noise level without any
deterioration at the other positions. However, in the prototype
stage of the passenger car, experimental measurements
showed that the dynamic damper on the rear roof rail cannot
reduce the booming noise even slightly. Contrary to the results
predicted by the FEmodel, further experimental modifications
revealed that a dynamic damper on the front roof rail had very
beneficial effect on reducing the booming noise in the interior

Table 1 Candidate input
parameters selected by the
prioritization scheme

No Input parameter STD (CoVa) Lower boundb Upper boundb Remarks

1 Young’s Modulus(BIW) 3.5 %

2 Young’s Modulus(W/Shield) 5.0 %

3 Young’s Modulus(welding) 5.0 %

4 Young’s Modulus(adhesive) 10.0 %

5 Thickness(roof0) 3.0 %

6 Thickness(roof1) 3.0 %

7 Thickness(roof3) 3.0 %

8 Thickness(roof4) 3.0 %

9 Thickness(W/Shield) 5.0 %

10 Thickness(RR glass) 5.0 %

11 Stiffness(R/Sealer x, y) −10.0 % +10.0 %

12 Stiffness(R/Sealer z) −10.0 % +10.0 %

13 Stiffness(W/Shield x, y) −10.0 % +10.0 %

14 Stiffness(W/Shield z) −10.0 % +10.0 %

15 Stiffness(T/Lid Sealer x, y) −10.0 % +10.0 %

16 Stiffness(T/Lid Sealer z) −10.0 % +10.0 %

17 Stiffness(T/Lid Bush x) −15.0 % +15.0 %

18 Stiffness(T/Lid Bush y) −15.0 % +15.0 %

19 Stiffness(T/Lid Bush z) −15.0 % +15.0 %

20 Stiffness(T/Lid X) −15.0 % +15.0 %

21 Stiffness(T/Lid Latch) −15.0 % +15.0 %

22 Excitation force(LH Ay) −3.0 dB +3.0 dB Measured Table

23 Excitation force(RH Ay) −3.0 dB +3.0 dB Measured Table

24 Excitation force(RH S y) −3.0 dB +3.0 dB Measured Table

25 Excitation force(RH S z) −3.0 dB +3.0 dB Measured Table

26 Bulk Modulus(seat) −15.0 % +15.0 %

aCoefficient of variation
b Relative value to initial one
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cavity. Thus, the proposed validation framework was applied
to the vibro-acoustic FE model in order to enhance the predic-
tion capability of the FE model.

The vibro-acoustic model consists of a body-in-white
structure, the doors, glass parts, seats, interior trim parts and
interior cavities. There were approximately 1.93million nodes
and 1.91 million elements. The excitation forces through sev-
en engine mounting points during operation with a wide-open
throttle were measured and used to simulate the interior noise
levels. The ROIs were the sound pressure level (SPL) in the
cabin of the passenger car. Figure 5 shows the locations of the
ROIs in the passenger cabin. The commercial software MSC/

NASTRAN was used to simulate the ROIs using the modal
superposition method (solution type 111). For the analysis, a
PC workstation with two Intel Xeon QC CPUs and 24 GB
RAM was used on the 64-bit Windows 7 operating system.
The total time required to obtain the ROIs under the prescribed
environment was approximately 9 h and 18 min.

3.2 Parameter prioritization

For the statistical validation of a full car model, the selection
of the random variables is very difficult due to the large num-
ber of candidate model parameters in this model. For example,
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the vibro-acoustic FE model has 74 material properties and
2936 element properties. As explained in the previous section,
the criterion that determines whether an input parameter is
deterministic or random is the amount of influence of the
parameter on the ROIs; i.e., a random input parameter can
be treated as a deterministic value if the ROIs barely change
according to the input uncertainty. The sensitivity analysis
determines the degree of influence on the ROIs (Choi and
Kim 2006; Choi et al. 1997; Kim et al. 2003). However, it is
clear that for a large FE model, a sensitivity analysis of all of
the input parameter incurs a considerable cost and requires
much time such that such an analysis is not feasible in a

practical engineering environment. Thus, an efficient param-
eter selection scheme and a prioritization method for the se-
lected parameters are necessary for a large vibro-acoustic FE
model.

In this study, the following two-step approach is proposed
for parameter prioritization in the statistical validation
framework:

& Step 1: Selection of the candidate input parameters from
the experts’ knowledge

& Step 2: Running of a sensitivity analysis based on an anal-
ysis of variance

(a) 

(b)

Front seat S

 Rear seat S

SPL 

SPL 

Fig. 8 Band F-ratios over the
frequency band of 38~48 on the
ROIs a Front seat SPL bRear seat
SPL
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The next subsections illustrate each of the steps in the pa-
rameter prioritization process with the proposed FE model.

3.2.1 Candidate parameter selection from experts’ knowledge

Experts refer to any engineers who have knowledge about the
physical system and the numerical model. They should be a
group associated with the numerical model and can include
experimentalists, computational analysts and designers. The
experts’ group reviews the numerical model and discusses the
possible parameters associated with the model. Experimental
documents, the numerical modeling history and the behaviors
of the numerical model provide the information needed for the
discussions. Each expert adds a number of candidate model
parameters which make the response uncertain from their
knowledge. The group discussions based on their knowledge
select the candidate input parameters from the gathered pa-
rameters. The selection of the candidate input parameters
can be either objective or subjective; experimental results,
the material behavior from other numerical simulations
and physical principles, for instance, can support objec-
tive selections, whereas selections based on experience
of experts, rational suspicion about the parameters and
degree of uninformedness are subjective. Mutual agree-
ment between the experts finalizes the set of candidate
input parameters.

More experts may reduce the possibility of missing domi-
nant parameters. The amounts of influence by the selected
candidate parameters on the ROIs should be quantified, which
limits the number of the selected candidate input parameters
because the prioritization step also incurs a considerable com-
putational cost.

In this study, an experts’ group selected the candidate input
parameters for the large vibro-acoustic FE model. This group
considered various types knowledge such as the experimental
data, numerical simulation results, material models and joint
models. Figure 6 illustrates the types of knowledge utilized as
they determined the candidate input parameters for the vibro-
acoustic FE model. First, the structural deformations and
strain energy densities on the concerned frequency band were
scrutinized using the FE model, especially for those near the
roof rails, where the dynamic dampers were attached,
resulting in a set of candidate input parameters associated
with, for example, shell thicknesses, adhesive models and
related material properties, and wind-shield models.
Experimental results such as those from a transfer path analy-
sis and an acoustic modal test were also investigated in order
to review associated numerical models such as the interior
cavity model, seat model and the measured excitation forces.
Additionally, the experts’ group examined the boundary con-
ditions and related joint models in detail. Table 1 lists the
selected candidate input parameters for the FE model. In
selecting the candidate input parameters, the total number
was limited by the available computational resources for the
prioritization scheme of the FE model.

3.2.2 Prioritization scheme based on variance analysis

The candidate input parameters selected by the experts’ group
should be quantitatively sorted by the magnitude of their in-
fluences on the ROIs. The sensitivity analysis provides abso-
lute criteria for the quantitative sorting of the candidate input
parameters. It should be very efficient in order to apply it to
very large vibro-acoustic FE models. In this study, the

Table 2 Random variables for model validation for the initial FE model

No Input parameter Uncertainty characteristics Remarks

Type Distribution type Mean/L. Bounda STD(CoV)/U. Bounda

1 Young’s Modulus(BIW) Aleatory Normal ab 3.32 %

2 Young’s Modulus(W/Shield) Aleatory Normal bb 4.37 %

3 Thickness(roof0) Epistemic −7.14 % +7.14 %

4 Thickness(W/Shield) Epistemic −4.94 % 5.15 %

5 Thickness(RR glass) Epistemic −5.00 % 5.00 %

6 Stiffness(R/Sealer x, y) Epistemic −16.7 % 16.7 %

7 Stiffness(R/Sealer z) Epistemic −16.7 % 16.7 %

8 Stiffness(W/Shield x, y) Epistemic −14.3 % 14.3 %

9 Stiffness(W/Shield z) Epistemic −14.3 % 14.3 %

10 Stiffness(T/Lid Bush x) Epistemic −14.3 % 14.3 %

11 Stiffness(T/Lid Bush z) Epistemic −14.3 % 14.3 %

12 Excitation force(RH S z) Epistemic −3.0 dB +3.0 dB Table

a Relative value to initial one
bMean of measurements (intentionally hidden)
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variance-based approach is used to obtain the sensitivity in-
formation of the candidate input parameters for the ROIs.

The variance-based method can be used to determine the
global sensitivity information of a system model (Phadke
1989; Rao 1947; Saltelli et al. 2008). Most variance-based
methods adopt a random sampling approach such as Monte
Carlo simulation in order to obtain the variance information of
the system model. However, for the very large vibro-acoustic
model investigated here, this type of random samplingmethod
incurs very high computational costs such that they are not
affordable. Thus, in this study, efficient numerical experi-
ments are conducted using an orthogonal array, which con-
tains the balance levels of each parameter (Lee and Ahn 2015;
Phadke 1989). For numerical experiments, the orthogonal ar-
ray allocates two or three levels for each candidate input pa-
rameter. For an aleatory variable, the PDF provides good in-
formation pertaining to level allocation; i.e., using three levels
of each input parameter set to 5, 50, and 95% is a typical level
allocation. For an epistemic variable, the upper and lower
bounds and the median can serve as the levels. Numerical
experiments according to the combinations of the candidate
input parameters prescribed by the orthogonal array provide a
set of ROIs. Using the numerical experiments, the variance is
calculated using the sum of squares and the degrees of free-
dom. The variance ratio of the i-th input (Fi) can be defined as

Fi ¼ Vi

Ve
; i ¼ 1; 2;⋯; k ð7Þ

where Vi and Ve are the variances of the i-th candidate input
parameter and the error, respectively. By comparing the F
values of the candidate input parameters, the statistical signif-
icance of the input parameters can be evaluated (Roy 1990). In
addition, by normalizing the F values, the F-ratio can be de-
fined as

FRj ¼ F jX
i

Fi

; j ¼ 1; 2;⋯; k ð8Þ

The F-ratio provides quantitative priority information
pertaining to the candidate input parameters on the ROI. The
F-ratio can be integrated over a wide band for vibro-acoustic
ROIs defined in the frequency domain as

FRB
i ¼ 1

f 2− f 1
⋅
Z
f 1

f 2

FRid f ; i ¼ 1; 2;⋯; k ð9Þ

where FRi
B and f are the band FR of the i-th candidate input

parameter and the frequency, respectively.
For the vibro-acoustic FE model, prioritization was per-

formed using the proposed approach. Table 1 shows the

estimated variability for the selected candidate input parame-
ters. As listed in Table 1, the experts classified the candidate
input parameters into two groups. The first group is normally
distributed and the second group does not have probability
distribution information. For the former group, the means
and standard deviations (SD) of the candidate input parame-
ters were approximated. For the remaining parameters in the
latter group, the experts set the upper and lower bounds of the
parameters. An orthogonal array (21 � 325 ) which can allocate
25 three-level parameters and one two-level parameter was
selected for the numerical experiments. Fifty-four numerical
experiments in total were conducted for the parameter combi-
nations that were determined according to the orthogonal ar-
ray. Using (7)~(9), the variance-based sensitivity analyses
were conducted for the candidate input parameters on the
interior SPLs of the passenger car. Figures 7 and 8 show the
calculated F-ratios and the band F-ratios over 38~48 Hz for
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the SPLs at the front and rear seat positions. In Fig. 7, the F-
ratios of each parameter were stacked such that each contribu-
tion to the ROIs can be easily displayed. Thus, the area be-
tween two adjacent curves represents the amount of influence
of each candidate input parameters. In Fig. 7, one can identify
crucial candidate input parameters which considerably influ-
ence the ROIs at each frequency. Figure 8 shows the band F-
ratios integrated over the frequency band of 38~48 Hz, where
the booming noise peaks exist for the interior noise of a pas-
senger car. In Fig. 8, the band F-ratios were also normalized
by the sum of the band F-ratios and sorted in a descending
order of magnitude. Thus, it is clear that the proposed priori-
tization method can provide priority information between can-
didate input parameters quantitatively even for the very large
vibro-acoustic FEmodel. Based on the band F-ratios shown in
Fig. 8, the input parameters that should treated as random
variables during the model validation step can be selected.

One simple rule when selecting the random input parameters
is to examine the candidate input parameters until the stacked
sum of the band F-ratios in a descending order reaches a given
value, e.g., 90 %. However, it should also be stressed that the
total number of random variables is determined considering
the computational costs during the model validation step.

3.3 Model validation for interior noise responses

Using the model validation framework described in the previ-
ous section, the accuracy of the vibro-acoustic FE model was
estimated. In order to select the random variables for which
the uncertainties should be considered during the model vali-
dation step, the priority information in the previous subsection
was used as the selection criterion. The candidate input
parameters which are included within 92 % of the
stacked sum of the band F-ratios in a descending order

(a) Front seat SPL  

(b)  Rear seat SPL 

Fig. 10 P-boxes of the initial FE model a Front seat SPL b Rear seat SPL
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of the interior noise were selected as the uncertainty
sources of the FE model. The prioritization scheme pro-
vided ten and twelve input parameters for the front and
rear seat noise levels, respectively. It was revealed that
all input parameters for the front seat noise level were

also dominant for the rear seat noise level. Table 2
shows the input parameters selected as the uncertainty
sources for the model validation step.

Among the selected input parameters, two material proper-
ties were modeled as aleatory variables: the distribution

(a) Front seat SPL 

(b) Rear seat SPL 

Fig. 11 Area metrics and p-box
maps of the initial FE model a
Front seat SPL b Rear seat SPL
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parameters of the mean and standard deviation were obtained
from the measurement data. The other input parameters were
modeled as epistemic variables. The experts carefully deter-
mined the lower and upper bounds of the input parameters.
Table 2 lists the distribution parameters of the aleatory vari-
ables and the lower and upper bounds for the epistemic
variables.

Experimental measurements for the ROIs were collected
for the model validation step. For the front seat, four test
datasets were available, whereas only two measurements were
collected for the rear seat. Figure 9 shows the measured ROIs
for a passenger car. Using (4), the experimental CDFs of the
measured ROIs were generated. Because the ROIs are in the

frequency domain, the generated CDFs are different at each
frequency.

The uncertainty of the ROIs due to the input parameter
uncertainties in Table 2 were also estimated using the p-box
approach. The EDR method calculated the uncertainty in the
ROIs due to the aleatory input parameter uncertainties for a
combination of the epistemic input parameters. For the EDR
method, three sampling points along the eigenvector direction
were supplied in the calculation of the statistical information.
In other words, the EDR method requests five simulations for
the ROIs because there were only two aleatory input parame-
ters. In order to determine the p-box accurately, the uncertain-
ty propagation analysis should be repeated for the
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combinations of the epistemic input parameters in Table 2 as
many as possible. However, the computational cost of the
large vibro-acoustic FE model also limits the number of the
combinations. In this study, an orthogonal array was
introduced to generate effective combinations with small
number of the simulations. Considering the total time
for the simulations in the model validation, the
L12(211) orthogonal array which have 11 parameters
with two levels was selected to generate 12 combina-
tions of the epistemic input parameters. The lower and
upper bounds of the epistemic input parameters were set

to the levels. Thus, 60 simulations were required to
determine the p-box for the vibro-acoustic FE model.

The area metrics in (5) were calculated using the p-box and
the measured CDF for the ROIs. At each frequency, the area
metric has different values; i.e., both the area metric and the p-
box depend on the frequency. Figure 10 depicts the calculated
area metrics at a few typical frequencies. The area metric
represents the area between the p-box and the measurement
CDF on the ROIs as shown in Fig. 10. The area between the
left- and the right-hand bounds on the p-box is due to the
uncertainties of the epistemic input parameters. Thus, in the
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p-box approach, small area metric values does not always
mean good agreement between the numerical model and the
experimental measurements; i.e., large epistemic uncertainties
in the input parameters can decrease the area metric value. As
an extreme case, a wide p-box can make the area metric zero;
i.e., the p-box includes the experimental CDF. Therefore, to
assess the numerical model properly, both the area metric and
the area of the p-box should be examined simultaneously.
When the area of the p-box is large (i.e., the distance between
the left- and right-hand CDFs is greater than the variation of
the CDFs), the epistemic uncertainties may be reduced such
that the area metric could play its proper role, i.e., indicating
the accuracy of the numerical model. Figure 11 depicts the
overall p-boxes for the ROIs on the frequency axis. The p-
boxes in Fig. 11 were transformed into a color map in which
the plotted values were obtained by adding the left-hand-
bound CDF and the right-hand-bound CDF, and by
subtracting the added value from the maximum(i.e., 2) if the
added value is greater than one as

hpbox y; fð Þ ¼ FL þ FR; FL þ FR≤1
2− FL þ FRð Þ; FL þ FR > 1

�
ð10Þ

where hpbox(y, f) refers the transformed height of the p-box. In
Fig. 10 the vertical length of the central value (i.e., represented
in a bright hue) is the approximated width of the p-box which
indicates the variability of the ROI due to the epistemic un-
certainty at this frequency. The vertical lengths from zero to
one and from one to zero also approximately represent the
variability of the ROI due to the aleatory uncertainties.
Therefore, this transformation enables us to assess the

numerical model over the frequency range of concern while
retaining the main characteristics of the p-box. Figure 11a
clearly illustrates that the uncertainty of the ROIs over the
frequency band is due to the epistemic input parameters while
the aleatory uncertainties are dominant in the other frequency
band. Figure 11 also shows the area metric calculated at each
frequency. The area metrics show relatively large amounts of
deviation between the simulation results and the experimental
results beyond the 50 Hz frequency band. However, it should
be noted that in this study, the frequency band of concern lies
below 48 Hz. It is also noticeable in Fig. 11 that the vibro-
acoustic responses in anti-resonance frequency band can have
large variability than in resonance band, which enables to
explain the relative large differences of the p-boxes between
two close frequencies in Fig. 10.

Finally, the u-pooling method described in subsection 2.5.2
was applied to the vibro-acoustic FE model. In the u-pooling
approach, all experimental measurements for the interior noise
levels at the front and the rear seats were used over the fre-
quency band of 38~48 Hz. Figure 12 shows the CDFs of the
u-pooling data and the corresponding area metric for the
vibro-acoustic FE model. The u-pooling CDFs provide the
overall information pertaining to the accuracy of the numeri-
cal model. Similar to the p-box at a specific frequency, the area
metric between the u-pooling CDFs and the reference uniform
CDF represents the discrepancy between the numerical model
and the experimental measurements in an overall sense.
However, the area metric of the u-pooling CDFs does not
include a portion of the discrepancy due to the epistemic input
parameters which was hidden in the area between two CDFs,
as shown in Fig. 12. Figure 12 shows the relatively large

Table 3 Random variables for model validation for the updated FE model

No Uncertainty source Uncertainty characteristics Remarks

Input parameter Type Distribution type Mean/L. Bounda STD(CoV)/U. Bounda

1 Young’s Modulus(BIW) Aleatory Normal aa 3.32 %

2 Young’s Modulus(W/Shield) Aleatory Normal ba 4.37 %

3 Thickness(roof0) Epistemic −7.14 % 7.14 %

4 Thickness(W/Shield) Epistemic −4.94 % 4.94 %

5 Thickness(RR glass) Epistemic −5.00 % 5.00 %

6 Stiffness(R/Sealer x, y) Epistemic −50 % 50 %

7 Stiffness(R/Sealer z) Epistemic −16.7 % 16.7 %

8 Stiffness(W/Shield x, y) Epistemic −22.3 % 16.5 %

9 Stiffness(W/Shield z) Epistemic −30.7 % 38.7 %

10 Stiffness(T/Lid Bush x) Epistemic −28.6 % 28.6 %

11 Stiffness(T/Lid Bush z) Epistemic −28.6 % 14.2 %

12 Excitation force(RH S z) Epistemic −3.0 dB 3.0 dB Table

13 Stiffness(GL Glue) Epistemic −58.5 % +86 %

aRelative value to modified one
aMean of measurements (intentionally hidden)
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distance between two CDFs compared to the area metric, in-
dicating that the vibro-acoustic FE model has more uncer-
tainties due to the epistemic input parameters. These uncer-
tainties are associated with models of various parts and with
the lack of knowledge about its model parameters. Model
updating can reduce these uncertainties, as explained in the
next subsection.

3.4 Model updating

Model updating in a very large numerical model such as the
vibro-acoustic FE model should utilize a hierarchical ap-
proach, as shown in Fig. 4, as the overall system is too com-
plex to modify all of the parameters simultaneously. Model
updating should occur at the lower level of the hierarchy (i.e.,
the component or unit problem levels). However, it is very
difficult to localize the updating region or parameters of the

numerical model at a low level because most low level com-
ponents influence the ROIs. The sensitivity information of the
input parameters is most important when determining the
updating parameters of the numerical model. In this study,
the validation framework provides the sensitivity information
of the input parameters as shown in Figs. 7 and 8, indicating
that the updating process does not request an additional sen-
sitivity analysis. It should also be noted that the sensitivity
information of the variance-based approach has more global
characteristics than that in gradient-based approaches because
the variance-based approach includes the variability of the
input parameters.

For efficient updating, the additional knowledge by the
experts’ group is also important because several types of
knowledge are rarely included numerically. For example,
new experimental results conducted in other departments or
manufacturing processes of components which cause

(a) Front seat SPL  

(b)  Rear seat SPL 

Fig. 15 P-boxes of the updated FE model a Front seat SPL b Rear seat SPL
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dynamic behaviors in the components may be crucial in the
model-updating process. Therefore, the engineering insight
supported by the sensitivity information and by the experts’
knowledge is required during the model-updating step of such
a large vibro-acoustic FE model.

The vibro-acoustic FE model was updated using the pro-
posed approach. Figure 13 illustrates the modifications of the

component models and the input parameters. These processes
were done according to both the sensitivity information and
the experts’ knowledge. The input parameters associated with
wind-shield glass showed considerable sensitivity with regard
to the ROIs, leading to the modification of the model of the
wind-shield glass. The glass model of a single-layer shell was
modified to a three-layered composite shell, which is able to

(a) Front seat SPL 

(b) Rear seat SPL 

Fig. 16 Area metrics and p-box
maps of the updated FE model a
Front seat SPL b Rear seat SPL
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take into account the bonding adhesive between a pair of the
glasses. Thematerial properties of the three-layered composite
shell referred to model validation reports on the wind-shield
component, which was newly issued by the company.
Additionally, according to the results of an experimental mod-
al test of the interior cavity of a passenger car, the interior
cavity FE model was refined by modifying the size of the air
flow passages between the interior cavity and the trunk cavity.
The input parameters of the bushes associated with the dy-
namic behaviors of the wind-shield, the roof rails, and the
interior cavity (in this case the bush properties of the wind-
shield adhesive and the roof sealers) were also updated, as
depicted in Fig. 13. Figure 14 shows the ROIs of the updated
FE model, where it is clear that the updated FE model shows
dynamic damper effects consistent with those of the experi-
mental measurement described in subsection 3.1; i.e., the dy-
namic damper on the front roof rail can effectively reduce the
peak noise level in the cavity whereas the rear damper has
negligible effect on the ROIs. In the updated model, it is no-
ticeable that the peak of the front ROI became wider while the
rear peak moved to higher frequency region due to the
modifications.

In order to assess the accuracy of the updated FEmodel, the
validation process was repeated. Table 3 lists the uncertainty
sources in their re-estimated variability levels according to the
model-updating step. Figures 15, 16 and 17 show the p-boxes
at typical frequencies, the color map of the p-boxes over a
wide band, and the u-pooling with the area metric, respective-
ly. Figure 15 indicates that the variability of the ROIs due to
the epistemic input parameters decreases at the important peak
frequencies (i.e., the area of the p-box has decreased) while the
area metric over the frequency range of interest increases
slightly. One can also confirm these trends in Fig. 16 over

the frequency band of concern (i.e., 38 ~ 48 Hz). The u-
pooling results in Fig. 17 also show that the distance between
the upper and lower bounds of the u-pooling CDF became
closer than that of the initial FE model in Fig. 12, while the
area metric value of the u-pooling p-box increased. In the
updated FE model, the p-box area of the u-pooling decreased
by 47.4 % and the area metric increased by 71.4 %, while the
summation of the p-box area and the area metric decreased by
13 %. Thus, all information in Figs. 15, 16 and 17 indicates
that in the updated vibro-acoustic FE model, the amount of
uncertainty due to the epistemic input parameters (i.e., due to
the lack of knowledge) was reduced and that a portion of the
uncertainty was realized as the model error. However, it
should be noted that the model-updating process recovered
the dynamic behaviors associated with the dynamic dampers
in spite of the slight increase in the model error due to the
reduction in the lack of knowledge, thus illustrating the effec-
tiveness of the proposed model validation framework for a
large vibro-acoustic FE model.

4 Conclusion

In this paper, a model validation framework for a large vibro-
acoustic FE model was proposed and applied to the FE model
of a passenger car. The validation framework introduced the
p-box approach with an efficient quantification scheme of
uncertainty sources and a new area metric which is relevant
to the responses in the frequency domain.

The prioritization method of the input uncertainties of the
very large FE model utilized experts’ knowledge to select
candidate input parameters which have large potential influ-
ences on the ROIs among the several thousand input
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parameters. Next, a variance-based sensitivity analysis which
uses an orthogonal array was introduced in an effort to quan-
tify the influence of the selected input parameters on the ROIs.
The prioritization method applied to the very large FE model
showed that the proposed procedure can provide important
uncertain input parameters for the statistical model validation
by effectively reducing the number of input parameters, and
by efficiently quantifying the sensitivity information. As
illustrated in the numerical application, it is stressed that
the role of the experts’ group in the selection of the
candidate input parameters and the estimation of their
variability is crucial in the validation framework. The
proposed sensitivity index also effectively provided the
priority information pertaining to the ROIs defined over
the frequency band on interest.

The p-box represented the variability of the ROIs due to the
selected input parameters which consist of aleatory and epi-
stemic random variables. The orthogonal array introduced for
the p-box calculation minimized the number of combinations
of the epistemic input parameters. The EDRmethod estimated
the uncertainty which propagated to the ROIs due to the ale-
atory input parameters for each combination. The use of the
EDRmethod and the orthogonal combinations provided the p-
box of the ROI even for a very large vibro-acoustic FE model.
The color map of the p-boxes over the frequency band,
the u-pooling p-box for the frequency band of concern
and the p-boxes at different frequencies were proven to
be suitable for assessing the model error and for making
quantitative contributions of the aleatory and epistemic
input parameters to the overall variability of the ROIs in
the frequency domain. Especially the color map keeps
core probability information on the boundaries of the p-
box, which enable to clearly understand the state of a
numerical model pertaining to the uncertainties in the
frequency domain.

The proposed validation framework was applied to a vibro-
acoustic FE model for a passenger car. After assessing the
model error with the proposed method, the FE model was
updated. The sensitivity analysis results and the experts’
knowledge pertaining to the associated components deter-
mined the modifications of the component models and the
input parameter values during the updating process. The color
map of the p-box and the u-pooling p-box over the frequency
band of concern showed that updating the component models
reduced the variability of the ROIs due to the epistemic input
parameters. In addition, some of the reduced variability of the
ROIs was revealed as variability due to the aleatory input
parameters.

d area metric, Fi i-th variance ratio, FL, FR left- and right-
hand bounds of p-box, hpbox height of p-box,Hn experimental
CDF, k number of candidate input parameters; u probability,N
number of random variables, ne number of experimental mea-
surements, μ mean
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