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Quantifying Data Uncertainty on a Vehicle Luggage Compartment Floor
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Introduction

Vibroacoustic properties specify among others the qual-
ity of vehicles and contribute to customer satisfaction.
In the early design phase model-based analysis like finite
element (FE) analysis is conducted to predict vibroacous-
tic properties and to design the vibroacoustic behavior.
However, deterministic models are unable to fully cap-
ture variances of the vibroacoustic behavior. Underlying
uncertainty reduces the quality of model-based predic-
tions and limits their reliability. In this study, uncer-
tainty due to lack of information in data is taken into
account. Unlike ignorance in modeling process, data un-
certainty occurs due to insufficient data including model
parameters, predictions, and measurement used for mod-
eling, and unknown scattering [1]. Uncertainty is consid-
ered to represent the plausibility of a hypothesis rather
than the occurrence of a random event [2] so that a
Bayesian based statistical model calibration can be em-
ployed to reduce the lack of information and to quantify
the data uncertainty.

Methodology

Figure 1 introduces the approach for quantifying data

uncertainty.
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Figure 1: Bayesian based statistical model calibration

The space of uncertain model parameters and target
model-based predictions, where data uncertainty is lo-
cated, need to be defined at the beginning. Uncertainty
in manufacturing, assembly and environmental factors
leads to the scattering of material properties and geo-
metrical sizes, which are considered the uncertain model
parameter vector 6. Vibration modes including natural
frequencies and associated mode shapes are considered
the target model-based predictions y = [w, ¢] to capture
the actual vibroacoustic behavior.

As a complementary process of uncertainty quantifica-
tion, global sensitivity analysis is carried out beforehand
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to select only those parameters that significantly influ-
ence the model-based predictions [3]. Sensitivities of Ny
model parameters are estimated by calculating the total
Sobol” indices [3]
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The sensitivity of ith model parameter with respect to
model-based predictions is accounted by the first order
Sobol’ index S;, while interactions among multiple model
parameters are described by the high order Sobol’ index
Sij,.... These variance based measurements contribute
to the total Sobol’ indices. Monte-Carlo simulations are
conducted based on random samples, which are drawn
from probability distributions of the input parameters,
followed by calculating the partial variance D; ; . in pa-
rameter samples, the total variance D in model-based
prediction samples, the first order and high order Sobol’
indices S ;... 5= and finally evaluating the total
Sobol’ indices. Dominant model parameters with higher
total Sobol’ indices can be selected, and underlying data
uncertainty will be quantified using model calibration.

Next, the FE model M assigned by nominal parameter
values Opominal is evaluated to get the nominal model-
based predictions Y, minal M(0nomina1) that cap-
ture the actual vibroacoustic behavior. To acquire the
measurement-like reference data

D= Ynominal + Aé?, (2)

nominal model-based predictions are contaminated by
Gaussian white noise Ae, which involves the measure-
ment uncertainty.

Driven by the reference data D, model calibration based
on Bayesian Theorem described in [3]

p(D|6, M)p(6| M)
p(DIM)

p(0|D, M) = 3)
is performed to estimate the posterior distribution
p(0]D, M) that quantifies data uncertainty in the pa-
rameters 6 of the FE model M. The prior distribution
p(0)M) quantifies the probability of the parameter set 8
conditioned on the FE model M. The uniform distribu-
tions standing for the prior assumptions are considered
for uncertain parameters.

The likelihood p(D|@, M) is constructed via probability
of the reference data D given the FE model M with the



parameter set @, which provides the extra information
with respect to the actual vibroacoustic behavior. The
error of the predicted natural frequencies w; regarding
the reference natural frequencies w; ;

=i (4)
and the error of predicted mode shapes @, regarding the
reference mode shapes ¢, ; based on Modal Assurance
Criterion (MAC)
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are modeled by a Gaussian probability density function
(PDF), contribute to the likelihood
"€,

(6)
Here, the statistical coefficients representing the variance
in N, reference data of N,, vibration modes
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and
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where ||-|| is the Euclidean norm, can be regarded as the
variance in the likelihood [4].

Evidence of the FE model M denoted by p(D|M) is the
constant that is used for model comparison and selection
[2]. In this study, this term remains uninfluential, since
only one model is evaluated.

Next, the sampling method Transitional Markov Chain
Monte Carlo (TMCMC) [5] is adopted to estimate the
posterior distribution. While the traditional Markov
Chain Monte Carlo (MCMC) directly samples the poste-
rior distribution, TMCMC samples stepwise to find those
intermediate distributions

pr(0|D, M) o< p(D|6, M)"*p(6| M), (9)
that are closer to the posterior distribution. ny € [0, 1] is
an increasing index of kth intermediate stage that shows
the transitional process. Starting from samples Opior
from the prior distribution (ng = 0), ng is adaptively
determined based on samples and their likelihood from
the previous stage ni_1, the kth intermediate distribu-
tion can then be sampled. After f stages, the posterior
distribution (ny = 1) can be estimated by sufficient pos-
terior samples O,0s. It has been proved that TMCMC
has the advantage of sampling from multimodal distri-
bution by approaching them gradually. In addition, the
Markov Chain samples directly from the stationary dis-
tribution, so that there is no burn-in period, meaning
TMCMC is numerically efficient [5].
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As a result, uncertain model parameters are updated,
the scattering and the error quantifies data uncertainty.
In addition, model-based predictions can be improved
by conducting probabilistic simulations using posterior
parameter samples

= M(Opost)-

Probability distributions show the scattering and the gap
of the model-based predictions y, s = [Wpost, Ppost] tO-
wards the actual vibroacoustic behavior ¥, mina;, Which
contributes to the reliability of model-based predictions.

(10)

ypost

Model overview

The Bayesian based statistical model calibration is ex-
emplified on an FE model of a vehicle compartment
floor, which is shown in Figure 2. The model con-
sists of a floor sheet, a cross beam and connections, has
approximately 100,000 degrees of freedom (DoF's) and
free boundary conditions. In this study, the parameter

Cross beam

Floor sheet Connections

Figure 2: FE model of a vehicle compartment floor

space 0 = [Oshect, Ocross] consisting of Ny = 8 uncer-
tain model parameters, including Young’s Modulus F,
density p, Poisson’s ratio v and thickness t of the floor
sheet and the cross beam is defined. Steel is considered
the nominal material, where F,ominai = 210000 MPa,
Prominal = 7850kg/m3, and Vpomina = 0.3. Nominal
thickness of the floor sheet is assumed to be 0.8 mm,
while nominal thickness of the cross beam is 1 mm. The
FE model assigned by nominal model parameters is eval-
uated in MSC.Nastran using modal analysis solver (SOL
103). Nominal model-based predictions up to 50 Hz
Ynominal = W1, s Wi, P1, ..., 4] are shown in Figure 3.
Underlying data uncertainty will be quantified next.

Sensitivity Analysis

Global sensitivity analysis is performed accounting for
the entire input parameter space [3]. It is assumed that
Young’s modulus, density and Poisson’s ratio vary within
+10% regarding their nominal values. Manufacturing
and measurement uncertainty lead to variations of thick-
ness and tend to have greater effect compared with ma-
terial properties. Thus, thickness is considered to vary
within +15% regarding its nominal value. Uniform dis-
tributions are considered to represent the random input
parameter space, followed by Monte Carlo simulation us-
ing 10,000 samples of input parameters drawn from these
distributions. Figure 4 visualizes the total Sobol’ indices
of model parameters 8 with respect to four natural fre-
quencies. Young’s modulus, thickness and density affect
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Figure 3: Vibration modes of vehicle compartment floor up
to 50 Hz, mode shapes normalized to unit value of the gener-
alized mass
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Figure 4: Total Sobol indices of parameters with respect to
target predictions

the natural frequencies since they determine the com-
partment floor’s stiffness and mass, while Poisson ratio
does not affect natural frequencies. Compared with pa-
rameters of cross beam, parameters of floor sheet tend to
have a greater effect on the natural frequencies, because
mode shapes are mainly the deflections of the floor sheet,
see Figure 3. Thus, 3 dominant parameters

(11)

Bdominant = [Esheetv Psheet tsheet]

for model calibration are determined.

Data acquisition by simulations

To model the real measurement with sufficient data,
Ng = 500 reference data are generated by contaminat-
ing the nominal model-based prediction using Gaussian
white noise with signal to noise ratio of 20 dB, see Equa-
tion (2).

Model calibration

Model calibration is conducted to estimate the posterior
distribution of dominant model parameters and model-
based predictions. The same uniform distributions of
dominant parameters are considered the prior distribu-
tion, as for sensitivity analysis, see Table 1. After provid-
ing reference data and constructing likelihood, see Equa-
tion (6), TMCMC is performed to stepwise estimate the
posterior distribution, see Equation (9). According to
the previous research [6], 1000 samples per intermediate
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Table 1: Prior distributions of dominant parameters
Esheet (MPa) Psheet (kg . m_3) tsheet (mm)
U(189000, 231000) U(7065, 8635) U(0.68, 0.92)

stages are proposed to estimate the distributions. Af-
ter 12 intermediate stages, TMCMC algorithm finally
finds the 1000 samples that have higher likelihood to es-
timate the posterior distribution. Figure 5 shows the
prior and posterior distributions of uncertain model pa-
rameters. It can be clearly seen that the prior distri-
butions are narrowed by adding extra information with
respect to actual vibroacoustic behavior embedded in ref-
erence data. Besides, most samples distribute around
nominal values, which shows that the model parame-
ters are well identified. Table 2 lists the relative errors
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Figure 5: A-Priori and A-Posteriori of uncertain parameters
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€rel = and the scattering by coefficient of

€nominal
variation COV =
and remaining scattering can be observed due to mea-
surement noise, but data uncertainty in model parame-
ters can still be quantified.

gpost

in posterior samples. Slight error
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Table 2: Quantification of data uncertainty

Erel COov

Eunoos(MPa) 0.33% 0.56%
peoes (kg /m?) 0.19% 0.36%
tsheet (M) -0.13% 0.22%

Samples of updated model parameter from posterior dis-
tribution are employed to perform probabilistic simula-
tions, see Equation (10). 1000 model-based prediction
samples are generated. Figure 6 presents the prediction
error of natural frequencies e, ., = Wpost — w regarding
the nominal predictions w and the non-error case, where
€wpoe = 0. For consistency, all axes limits are set to
[—0.018 Hz, 0.018 Hz].

Overall, predicted natural frequencies match the refer-
ence data after model calibration: Over 95 % samples of
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Figure 6: Prediction errors of 1.-4. natural frequencies
€u 0. after calibration. Blue points: Samples of prediction
error. Orange line: Non-error case

prediction error distribute in interval [—0.01 Hz, 0.01 Hz],
the remaining scattering is relatively low. Only a slight
difference in the second natural frequency is observed.
Interestingly, there are some slight correlations between
1. and 3. natural frequencies. The reason can be that the
mode shapes, see Figure 3, are similar. In terms of mode
shapes, prediction errors e, =1 — MAC(p,,, ¢) in
range of [0, 1] are shown in figure 7. Prediction errors of
all mode shapes are towards 0, the MACs are near 1, re-
spectively, meaning all predicted mode shapes have good
agreements with the nominal predictions ¢.
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Figure 7: Histogramm of prediction errors of 1.-4. mode

shapes e, after calibration

Conclusion and outlook

In this paper, data uncertainty is quantified on a ve-
hicle compartment floor using a Bayesian based sta-
tistical calibration method. Material properties and
thickness of the floor sheet are found to mainly affect
modal results by variance based global sensitivity anal-
ysis. These parameters are then calibrated by sampling
based method TMCMC. The prior distributions are up-
dated via measurement-like reference data. The poste-
rior distributions are estimated from samples in the fi-
nal stage after step-wise sampling. It can be observed
that data uncertainty is quantified and uncertain model
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parameters are well identified. In addition, improved
model-based predictions with probability distributions
are obtained by employing calibrated parameter sam-
ples. Remaining scattering including error and variance
results from measurement noise also locate the data un-
certainty. However, Bayesian based statistical model cal-
ibration has some limitations. Thousands of model eval-
uations require enormous computational resources and
time, particularly for more complex models. In addi-
tion, performance of Bayesian method could be restricted
when dealing with high dimensional problems. In the fu-
ture, Bayesian statistical model calibration will be imple-
mented on more complex models like FE models of entire
vehicle bodies by using model order reduction techniques.
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