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Abstract
Possibilisitic uncertainty representation can be used to model a system in case of sparse data or incomplete
information. This, however, comes along with a large number of deterministic model evaluations, which in
case of a complex, large-scale model results in tremendous computational effort. Hence, special techniques
should be applied to reduce the computational cost by simplification or model-order reduction techniques, or
by building a computationally less expensive surrogate model. In this paper, a novel approach is introduced
which combines the analyses of the expensive, high-fidelity model and the approximated, low-fidelity model
in a multi-fidelity approach. For this purpose, a possibilistic correlation analysis is applied to estimate the
conditional possibility of the high-fidelity output given the low-fidelity output. In this way, the possibilisti-
cally quantified uncertainty of the high-fidelity model output can be estimated using only a low number of
expensive model evaluations.

1 Introduction

In numerical simulation, there is an increasing trend towards the explicit incorporation of uncertainty and on
the prediction about uncertain processes or processes with uncertain conditions. The inclusion of uncertainty
in the numerical analysis offers additional insights and supplemental options for the interpretation of the
simulation results. While probabilistic methods are widely spread, well elaborated, and therefore, provide
a useful tool for modeling stochastic processes and random behavior, in case of uncertainty based on a lack
of knowledge and restricted information, more appropriate theories need to be used. Uncertainty quantifi-
cation based on possibility theory has gained more and more attention because of its property of being able
to model imprecise and even contradictory information [1]. For additional information and the measure-
theoretical fundamentals of possiblity theory, see e.g. [2]. There exists a variety of numerical methods for
possibilistic uncertainty quantification [3, 4] which are based on the direct link between possibility theory
and fuzzy set theory [5, 6].
A general drawback of the possibilistic uncertainty quantification is that it requires a large number of deter-
ministic model evaluations. In case of complex, large-scale models, here called high-fidelity models (HFMs),
this results in tremendous computational effort. To reduce the computational cost, appropriate low-fidelity
models (LFMs) need to be derived, which preferably provide a good approximation of the original model,
but to lower computational costs. Besides simplification and model-order reduction, data driven surrogate
models are state of the art in uncertainty quantification. An overview of different strategies, which are used
in a probabilistic framework, is provided in [7]. In the context of possibilistic uncertainty representation and
fuzzy sets, surrogates are used in [8] and [9]. Even if these methods lead to a significant reduction of the
computation time, the overall effort may still be too high because the construction of the surrogate is based
on multiple evaluations of the expensive HFM.
A different strategy to reduce the computational costs is the combination of the LFM and the HFM in a
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multi-fidelity approach (MFA). A list of different multi-fidelity models and model management strategies
is given in [10], and another survey on multi-fidelity modeling with some applications in [11]. Of course,
this approach is not only restricted to uncertainty quantification, but it can also be applied to other fields
which suffer from expensive numerical evaluations, such as optimization under uncertainty. In the context
of probabilistic uncertainty quantification, there exist some works using Bayesian formulations in terms of
Gaussian [12] and non-Gaussian processes [13], [14]. The probabilistic correlation and regression analysis
between the LFM and HFM motivates the procedure of the possibilistic multi-fidelity analysis. For the com-
pensation of the discrepancy between the results of the corresponding high- and low-fidelity models,which
is deterministic, but unknown, rather than random and stochastic, a well-directed combination of their possi-
bilistic analyses proves to be a promising approach. Explicitly, the data obtained by only a few evaluations of
the HFM is used to analyze the possibilistic correlation to the LFM, whose computing time is considered to
be significantly smaller. Based on that, the conditional possibility distribution of the corresponding models
can be estimated using a possibilistic regression analysis. Finally, the marginal possibility distribution of
the high-fidelity model can be computed using the estimated conditional possibility as well as the marginal
possibility distribution of the low-fidelity model. It exists quite some literature where the conditioning in
possibility theory is discussed. See for example [16], [17], [18], [19], and the overview paper [20] or the
contribution in [21] which uses the conditional distribution in a Bayesian-like approach. In the listed liter-
ature, it is mainly discussed how to derive the conditional distribution for a given joint distribution. In the
MFA, however, the joint distribution is deduced from an estimated conditional distribution.

2 Preliminaries

The following section provides a short introduction to possibility theory and its connection to fuzzy sets,
serving as a basis for the latter approach. It introduces the fundamental expressions needed in this work.
Additionally, the basic notions and ideas about multi-fidelity modeling are introduced.

2.1 Possibility Theory and Fuzzy Sets

Possibility theory is an uncertainty theory based on set functions, being capable of handling incomplete or
inconsistent information. A possibility measure Π : 2Ω → [0, 1] on the universe of discourse Ω satisfies:

• Π(Ω) = 1, Π(∅) = 0 and

• Π (∪kAk) = supk Π(Ak) if Ak ⊆ Ω and ∩k Ak = ∅.

Let P =
(
Ω, 2Ω,Π

)
be a possibility space, then a possibilistic variable ξ on P is defined as a mapping onto

the real line R, i.e. ξ : Ω 7→ Ξ, Ξ ⊆ R. The possibility of an eventAwith its associated possibilistic variable
ξ can be expressed by the possibility measure Π(A = ξ−1(X)) = Πξ(X) with A ∈ Ω and X ∈ Ξ. The joint
possibility measure Πξ,η of the possibilistic variables ξ and η is related to the conditional possibility measure
Πξ|η and the marginal possibility measures Πξ and Πη of the respective variables ξ and η via

Πξ,η (X,Y ) = min
[
Πξ|η(X|Y ),Πη(Y )

]
= min

[
Πη|ξ(Y |X),Πξ(X)

]
(1)

which is an analogon to the law of total probability [16]. The marginal distribution Πξ satisfies

Πξ(X) = sup
Y

Πξ,η (X,Y ) (2)

as a projection of ξ along η, which means that the dependency on η is eliminated. In case of total indepen-
dency, it follows that Πξ|η(X|Y ) = Πξ(X), and therefore directly from Eq. (1)

Πξ,η (X,Y ) = min [Πξ(X),Πη(Y )] . (3)
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To establish a direct link between possibility theory and fuzzy set theory, the event A is decomposed into a
union A =

⋃
i ai of its elementary events ai ∈ Ω. The possibility measure can be rewritten as

Π (A) = Π

(⋃

i

ai

)
= sup

i
Π (ai)

= sup
a∈A

Π ({a})

= sup
a∈A

π(a) = sup
a∈A

πξ(x = ξ(a))

(4)

with π as the so-called possibility distribution function.
A fuzzy variable is defined as the possibly infinite set of pairs

p̃ = {(x, µ) ∈ Ω× [0, 1] |µ = µp̃(x)} (5)

with the membership function µ as a mapping of x to the unit interval. Using Eq. (4) and the idea that the
membership function induces a possibility distribution function, it yields

µp̃(x) = Π ({a ∈ Ω | p̃(a) = x}) = πp̃(x), (6)

which represents a family of nested confidence subsets [18] and where the fuzzy variable can be interpreted
as a possibilistic variable. For further information, the reader is referred to e.g. [23] and [4].
Two important properties of fuzzy sets are the following. The core of a fuzzy set is defined as

core(p̃) = {x ∈ Ω |µp̃(x) = 1}, (7)

and the support, which contains all elements with non-zero membership, as

supp(p̃) = {x ∈ Ω |µp̃(x) > 0}. (8)

In this work, only so-called fuzzy numbers, as a special class of fuzzy valued variables are used, which exhibit
the additional property that there exists only one x̄ with µp̃(x̄) = 1. Hereinafter, the terms membership
function and possibility distribution function are used interchangeably.

2.2 Multi-Fidelity Modeling

Generally, the models under consideration in possibilistic uncertainty quantification are of the form of (par-
tial) differential equations, which are deterministic per se, but need to be evaluated multiple times if analyzed
under uncertainty. Hence, they can be described as a mapping f : X 7→ Z which maps the input domain
X ∈ Rn to the output domainZ ∈ Rm with n andm denoting the dimension of the input and output domain,
respectively. A HFM with the mapping fH provides the values zH for the output of a quantity of interest z, or
in this case the possibility distribution function µ(zH), for a required, problem-dependent accuracy. In gen-
eral, the HFM can be large-scaled, complex and highly nonlinear, which entails tremendous computational
effort. In case of a possibilistic uncertainty analysis, this can be challenging to be realized. The LFM with
the mapping fL provides the values zL and µ(zL), approximating the same output z with a lower accuracy,
but also lower computational costs. Usually, the LFM is derived directly from the HFM, e.g. using model-
order reduction techniques, surrogate models or by neglecting internal dynamics. The derivation of the LFM
depends on the given application, and there are usually multiple possibilities to derive a LFM for a given
problem. Of course data-fitted LFMs with sufficient evaluations of the HFM offer a good and acceptable
approximation and can be used directly for the uncertainty analysis, but they may still be computationally
too expensive.
The idea of using multi-fidelity models instead consists in combining the advantages of the models with
different fidelity. It implies a trade-off between accuracy and computational cost of the evaluations. In [10],
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Figure 1: Models of different fidelity with one quantity of interest.

several ways of how to incorporate models with different fidelities are presented. In the present contribution,
only a small number of HFM evaluations are combined with a large number of LFM evaluations to exploit
their possibilistic correlation and predict the possibilistic quantities of the model with only low computa-
tional effort. The additional information gained by the evaluation of the HFM acts as a kind of correction
factor for the low-fidelity solution. The approach is motivated by the work of Biehler et al. [14] who used a
similar approach, but in a probabilistic framework, explained in detail in [15]. The relation between models
of different fidelity is shown in Figure 1 using the example of a structural element, in anticipation of the
application example in Section 5.

3 Propagating Possibility – Fuzzy Arithmetic

With the definitions introduced in the previous section it is possible to propagate imprecise information
through a model. For this purpose, consider the mapping f : X 7→ Z , which maps the input domain X onto
the output domain Z . The input parameter vector is given as a fuzzy variable p̃. The membership function
of the resulting fuzzy variable q̃ can be obtained using the extension principle introduced by Zadeh in the
form

µq̃ (z) =





sup
x∈f−1(z)

µp̃ (x) if ∃ x = f−1(z),

0 else.
(9)

The numerical implementation of fuzzy arithmetic is commonly based on the α-cut decompostition of fuzzy
sets. The bounds of the α-cut intervals of the output quanities of interest can be determined by an α-cut
optimization or special sampling-based methods like the transformation method, introduced in [4], resulting
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in membership-dependent interval bounds. By using one of the mentioned methods, not only the α-cut
decomposition of the fuzzy sets is needed, but also all the information gained by the model evaluation which
does not result in the interval bounds is discarded. Besides, in the multivariate case, the α-cut formulation
neglects potential dependencies between fuzzy sets, which may lead to an overestimated result.
A different approach for the numerical implementation of the extension principle which needs neither an
α-cut discretization nor the discretization of the output domain is the sampling method [3]. The selection of
the sample points from the parameter domain X is now moved to the beginning of the solution procedure
and the restrictions of the α-cuts are discarded.
Consider an n-dimensional fuzzy input vector, then the samples are drawn from the input domain X ∈ Rn
which reads as

{x} = {x[i]}Ni , x[i] ∈ X , i ∈ {1, . . . , N} =: I (10)

with N denoting the number of sample points. The output domain of the mapping is defined as Z ∈ Rm.
Performing a pointwise evaluation of f({x}) yields potential points of the membership curve

{µ[i]
q̃ }Ni

(
{z[i]}Ni = f({x[i]}Ni )

)
= µp̃

(
{x[i]}Ni

)
(11)

which need to be extracted. Here, the extension principle from Eq. (9) is applied in the form

µ
[k]
q̃ = max

i∈{z[i]=z[k]}
µ

[i]
q̃ , k ∈ K ⊆ I, (12)

resulting in a discrete, non-convex representation of the membership function. In the next step, the points on
the membership curve are extracted, according to the convexity criterion, and finally, the membership can be
reconstructed by

µq̃(z) = I
(
{z[j], µ

[j]
q̃ }
)
, j ∈ J ⊆ K (13)

using an interpolent I, or taking the smallest convex fuzzy set which envelops µ[k]
q̃ . An important point

is how to choose an appropriate sampling sequence {x}. Of course, the schemes mentioned for the α-cut
approaches can be adapted resulting in an optimizer-based sequence or a pattern-based sampling. The use of
an optimizer-based sequence results in an iterative scheme which prohibits an efficient parallelization of the
solution procedure. Another strategy is the use of randomly distributed samples. It combines the advantage
of the parallel evaluation of f(x) and µ(x) as well as the potential recovery of outliers in the solution. In
this paper, only uniformly distributed samples are used in the form of

g
(
x[i]
)
∼ U(0, 1)n, (14)

where g denotes a mapping of the elements to the unit hypercube, which can be chosen without loss of gen-
erality. The generation of the samples can be further modified using importance sampling or Latin hypercube
sampling, resulting in pseudo-randomly distributed points. A drawback of the random sequence is thatN has
to be large enough to get an appropriately reconstructed membership function. To reduce the computational
cost to a minimum, all samples which result in µq̃ (z) = 0 can be discarded because they do not contribute
to the membership function. This is important, especially in the case of strong dependency between fuzzy
parameters. Keep in mind that the results based on the drawn samples do not yield any probabilistic signif-
icance and are just used to construct the membership function. This justifies the discard of those samples
which, opposite to the probabilistic case, does not result in a biased distribution in the possibilistic case. Of
course, the different types of generating samples can be combined, showing the flexibility of the sampling
method.
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4 Multi-Fidelity Modeling in Possibilistic Uncertainty Analysis

The introduced theories in the previous sections are sufficient to outline the MFA for the possibilistic uncer-
tainty analysis based on fuzzy arithmetic. In the following, zH denotes the output of the HFM and µz̃H(zH)
its possibility distribution function to be estimated. The output of the LFM is denoted by zL and the corre-
sponding possibility distribution function µz̃L(zL), respectively. These outputs describe the same quantity
of interest of the system, which can be for example stresses, energies or eigenfrequencies in mechanical
systems. The LFM is hereby deduced from the HFM, for example by simplification or neglecting internal
dynamics. Another possibility to deduce the LFM are data-fit models, for example a sparse-grid surrogate
model of the HFM. To successfully apply the proposed approach, the computation time of the LFM has to
be small in comparison to the HFM. Otherwise, it is more advisable to evaluate the HFM directly. And
second, the multi-fidelity model has to show at least a small amount of possibilistic correlation or otherwise
the approach fails. Since this approach is widely applicable, the formulations are kept rather general. An
exemplary example is shown in Section 5. A connection between HFM and LFM can be established using
Eq. (1) and Eq. (2) with the formulation of Eq. (6), resulting in

µz̃H(zH) = max
zL

min
[
µz̃H|z̃L(zH | zL), µz̃L(zL)

]
(15)

showing the interrelation of the distribution functions. Since the LFM can be a poor approximation of the
HFM, the respective possibilistic quantities, i.e. µz̃L and µz̃H , may differ significantly. Therefore, the for-
mulation in Eq. (15) can be interpreted as applying a possibilistic correction factor based on the conditional
membership function, and thus, of information about the HFM. Whereas µz̃L can be computed directly with
the method of Section 3 in an inexpensive manner, the conditional distribution µz̃H|z̃L(zH|zL) needs to be
estimated using a possibilistic regression model. Therefore, both the LFM and HFM are to be evaluated at
certain points

{z[j]
L } = fL({x[j]})
{z[j]

H } = fH({x[j]})
(16)

with j ∈ I so that the possibilistic correlation of the HFM and LFM can be evaluated. The points are chosen
among the ones already used for the calculation of µz̃L and they should cover the whole support of the LFM
solution. Hence, the estimation of the conditional distribution is strongly dependent on the selection of x[j]

and the number of the selected samples.

4.1 Estimating the Conditional Distribution

The conditional membership function can be estimated using a possibilistic regression model. Contrary to
probabilistic regression models, all of the sample points need to be covered by the regression analysis. This
is based on the maxitivity property of the possibility theory, because of which outliners can have a major
influence on the solution. A possibilistic regression model which actually captures the data is shown by
Hose and Hanss in [22]. It is based on a linear least-squares formulation. In case of a complex correlation
between the HFM and LFM, this approach fails to provide an adequate model because of its global formu-
lation. Therefore, the approach is extended and modified and a non-parametric least-squares formulation is
introduced which is able to account for local features. Piecewise polynomials, so-called splines, can be used
to approximate nonlinear functions and their coefficents can be estimated using least squares. The use of the
truncated power basis leads to ill-conditioned matrices in the least-squares formulation. To overcome this
difficulty, a B-spline basis can be introduced. A detailed explanation is beyond the scope of this work and
the reader is referred to [24] for more information about splines and B-splines, as well as their construction.
Given n data points in the form {(z[j]

L , z
[j]
H )}nj=1, the model to be approximated reads as

z
[j]
H =

p+k+1∑

i=1

βiBi,p

(
z

[j]
L

)
+ δj (17)
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{(z[j]L , z
[j]
H )}

µz̃H|z̃L = 0
µz̃H|z̃L = 1

µz̃L(zL)

µz̃H(zH)

zH

zL

z̃L

z̃H

µ(z
[1]
L )

µ(z
[2]
L )

min
[
µz̃H|z̃L(zH|z

[1]
L ), µz̃L(z

[1]
L )
]

supp(z̃H)

Figure 2: General procedure for the MFA in possibilistic uncertainty analysis

with k denoting the number of spline knots, δj denoting some deterministic perturbation, and p being the
degree of the polynomia. This can be rewritten in the matrix form

zH = βB + δ (18)

which is again the common expression for linear least squares. The next step is to solve n elementary least-
squares problems to find the parameters β[j] which describe a function passing through the jth data point
and achieving maximum compatibility with the remaining data. The solution for the elementary (linear)
least-squares formulation with the given constraints reads as

(
β[j]

λ[j]

)
=

(
2BTB bj
bTj 0

)−1
(

2BTzH

z
[j]
H

)
∀j = 1, . . . , n (19)

with the Lagrange parameter λj , and bj denoting the jth row ofB, see [22]. The solutions

z
[j]
H =

p+k+1∑

i=1

β
[j]
i Bi,p(zL) = S[j](zL) ∀j = 1, . . . , n (20)

of this formulation can now be used to derive the bounds of the conditional membership function

supp(z̃H | z̃L) =

(
min
j

[
S[j](zL)

]
,max

j

[
S[j](zL)

])
(21)

as well as the progression of the nominal value

core(z̃H | z̃L) = S[m](zL) (22)
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with the mth data point having the membership value µ(S[m]) = 1. The membership values between
the support and the nominal value are initially approximated using linear interpolation. This provides the
most simple approximation of the conditional membership function. Additionally, some information of the
evaluated points can be exploited and the progression can be bounded tighter. Recalling Eq. (12) yields the
estimation

µz̃L,z̃H

(
z

[j]
L , z

[j]
H

)
= max

l∈{(x[l],y[l])=(x[j],y[j])}
µ

[l]
z̃L,z̃H

(
z

[j]
L , z

[j]
H

)
≥ µ[j]

z̃L,z̃H

(
z

[j]
L , z

[j]
H

)
(23)

which can be used with Eq. (1). This means that the membership value of the ith sample not necessarily
needs to be located on the membership curve. Here, two cases have to be analyzed. The first one,

µz̃L,z̃H

(
z

[j]
L , z

[j]
H

)
= min

[
µz̃H|z̃L

(
z

[j]
H | z

[j]
L

)
, µz̃L

(
z

[j]
L

)]

= µz̃L

(
z

[j]
L

)
≤ µz̃H|z̃L

(
z

[j]
H | z

[j]
L

)
≤ 1, if µz̃L|z̃H

(
z

[j]
H | z

[j]
L

)
≥ µz̃L

(
z

[i]
L

)
,

(24)

only yields trivial information about the conditional membership. The second one,

µz̃L,z̃H

(
z

[j]
L , z

[j]
H

)
= min

[
µz̃H|z̃L

(
z

[j
H | z

[j]
L

)
, µz̃L

(
z

[j]
L

)]

= µz̃H|z̃L

(
z

[j]
H | z

[j]
L

)
≤ µz̃L

(
z

[j]
L

)
≤ 1, if µz̃H|z̃L

(
z

[j]
H | z

[j]
L

)
≤ µz̃L

(
z

[j]
L

)

(23)
≥ µ[j]

z̃L,z̃H

(
z

[j]
L , z

[j]
H

)
(25)

however, yields an additional estimation of the conditional membership dependent on the evaluated points
which can be used to achieve a more accurate result. The first approximation of the conditional membership
using only a linear interpolation between the support and the core can now be modified in order to fulfill
the deduced condition. The modification of the membership function according to Eq. (25) with linear
interpolation is shown in Figure 3.

µ(zH|z[j]L )

zH

1

z̄H

µ(z
[j]
L )

µ[j](z
[j]
L , z

[j]
H )/

Figure 3: Modified membership function. Only the filled red circles contribute to the modification.
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5 Application Example – Eigenvalue Analysis

The presented approach is now applied to the eigenvalue analysis of a linear dynamical system with uncertain
parameters. The equation of motion of the crisp system, i.e. without uncertain parameters, with k degrees of
freedom is defined by

Mü+Ku = 0, M ,K ∈ Rk×k, (26)

where no damping is considered, andM andK are the positive definite mass and stiffness matrices, respec-
tively. The eigenvalue problems read as

(
K − ω2

iM
)
Φi = 0 (27)

with the ith natural frequency ωi and the corresponding eigenvector Φi, respectively. The solution of the
eigenvalues can be determined by solving

det(K − ω2
iM) = 0. (28)

In the case of uncertain system parameters, the mass matrix M = M(p̃) as well as the stiffness matrix
K = K(p̃) are dependent on the fuzzy parameter vector p̃.
In this example, an fictitious structural element is investigated which is modeled by the finite-element
method. The HFM of the structural element, which includes many geometrical details and a fine mesh,
as well as the LFM, which is derived directly from the HFM by simplification of the structure and coarsen-
ing of the mesh are shown in Figure 4. The displacements and the rotation on the backside of the structural
elements are set to zero. The isotropic material properties of the structural element are modeled by triangular
fuzzy numbers with the properties summarized in Table 1. For the mass and stiffness matrix, this results in
M = M(ρ̃) andK = K(ν̃, Ẽ) with the uncertain density ρ̃, the uncertain Poisson ratio ν̃ and the uncertain
Young’s modulus Ẽ.

Table 1: Material properties of the structural element modeled by triangular fuzzy numbers

ρ̃
[
kg/m3

]
ν̃[−] Ẽ [GPa]

nominal value 7800 0.3 210
support [7600, 8300] [0.25, 0.35] [205, 220]

For the finite-element analysis, the commercial software package Abaqus is used.

(a) High-fidelity model (b) Low-fidelity model

Figure 4: Structural element models of different fidelity.
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5.1 Results

In this particular case, the first eigenfrequency f1 of the structural element model is defined as the quantity
of interest, i.e. the membership function µf̃ (f1) is to be determined. The times for a single evaluation, using
a 4-core Intel Xeon 3.3 GHz workstation with 129 GB RAM, are listed in Table 2 together with the numbers
of degree of freedom. The LFM is evaluated 223 = 10648 times in order to get a good representaion of

Table 2: Comparison of the individual HFM and LFM solutions

HFM LFM
solution time (one evaluation) 26.15s 8.34s

degrees of freedom 132687 21618

the LFM membership function. From these evaluations, 50 parameter configurations, which cover the entire
support of the LFM membership function are picked randomly, and the HFM is evaluated with those as
inputs. Using the approach described in Section 4, the conditional membership function is estimated and, in
the end, the membership function of the HFM is deduced. The estimated conditional membership function
and the resulting joint membership distribution of the first eigenfrequency are shown in Figure 5. Finally,
the estimated HFM solution and the corresponding LFM solution are outlined in Figure 6. The comparison
of the MFA, the reference solution, the LFM as well as their relative errors are listed in Table 3. For the
description of the shape parameter of the membership function, the lower and upper expected value E∗ and
E∗ [25] as well as the lower and upper bound of the membership function µ∗ and µ∗ and its cardinality are
used as described in [3]. Although the LFM is a rather poor approximation, the presented approach provides
a good approximation of the HFM with a speed-up factor of about three. An overview of the estimated
conditional membership functions of the first six eigenfrequencies are shown in the Appendix.
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(a) Estimated conditional membership function µz̃H|z̃L .
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Figure 5: Structural element models of different fidelity

Table 3: Comparison of the HFM, MFA and the LFM solution

HFM [Hz] MFA [Hz] LFM [Hz] ∆rel
MFA ∆rel

LFM

µ∗(f̃) 60.06 59.47 30.20 1.0 · 10−2 9.9 · 10−1

µ∗(f̃) 75.69 76.06 37.46 4.8 · 10−3 1.0 · 100

E∗(f̃) 64.92 64.93 32.52 1.3 · 10−4 9.9 · 10−1

E∗(f̃) 72.18 72.12 35.90 8.3 · 10−4 1.1 · 100
∫
µf̃ df 7.26 7.19 3.38 9.5 · 10−3 1.2 · 100

5090 PROCEEDINGS OF ISMA2018 AND USD2018



60 65 70 75 80
0

0.5

1

f1 [Hz]

µ
f̃
(f

1
)

HFM MFA Direct

(a) Comparison of the reference HFM solution (gray)
with the MFA solution (red) and the solution achieved
by direct evaluation of the HFM using 50 sample points
(dashed).

30 40 50 60 70 80
0

0.5

1

f1 [Hz]

µ
f̃
(f

1
)

HFM MFA LFM

(b) Comparison of the reference HFM solution (gray)
with the MFA solution (red) and the LFM solution
(black).

Figure 6: Solution to the fuzzy eigenvalue problem of the structural element model.

6 Conclusion

The proposed work shows a novel approach for possibilistic uncertainty quantification using models of dif-
ferent fidelity to reduce the computing time. Using a sample-based approach for fuzzy arithmetic, the con-
ditional possibility distribution can be estimated by a non-parametric possibilistic regression model which
results in an estimation of the HFM solution. Future work can deal with a more elaborated regression
model for the estimation of the conditional distribution and with an advanced strategy for the selection of the
samples for the regression analysis. Additionally, the applicability of this approach can be tested for more
complex models from different fields of the engineering sciences.
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