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Random matrix theory for modeling uncertainties

in computational mechanics
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Laboratory of Engineering Mechanics, University of Marne-la-Vallée,

5 boulevard Descartes, 77454 Marne-la-Vallée, France, e-mail: soize@univ-mlv.fr

Abstract

This paper deals with data uncertainties and model uncertainties issues in computational mechanics.
If data uncertainties can be modeled by parametric probabilistic methods, for a given mean model,
a nonparametric probabilistic approach can be used for modeling model uncertainties. The first
part is devoted to random matrix theory for which we summarize previous published results and for
which two new ensembles of random matrices useful for the nonparametric models are introduced.
In a second part, the nonparametric probabilistic approach of random uncertainties is presented
for linear dynamical systems and for nonlinear dynamical systems constituted of a linear part with
additional localized nonlinearities. In a third part, a new method is proposed for estimating the
parameters of the nonparametric approach from experiments. Finally, examples with experimental

comparisons are given.

Keywords: Computational mechanics, random matrix, random uncertainties, dynamical system,

transient, nonlinear

1. Introduction

In computational mechanics, random uncertainties in model predictions are due to data uncertainties

and to model uncertainties.

Data uncertainties concern the parameters of the mathematical-mechanical model such as the
geometrical parameters, the parameters allowing the boundary conditions to be described, the

constitutive equations, etc. Therefore, data uncertainties can clearly be taken into account by the
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parametric probabilistic approach whose stochastic finite elements method [2,9-12,17,26,34,36] and
other theoretical and numerical methods [11] such as for stochastic eigenvalue problems [21,25,35]

constitute very efficient tools in computational mechanics.

Model uncertainties are introduced during the construction of the mathematical-mechanical model:
the constructed model cannot exactly represent a complex mechanical system due to the introduction
of approximations and simplifications and because the details are unknown, or are not accurately
known. Clearly, such model uncertainties are not relevant to the parametric approach because,
by definition, the model uncertainties cannot be taken into account by the parameters of the
mathematical-mechanical model under consideration (for instance, the thin plate theory does not
allow all the types of waves to be modeled). For predictive models of complex systems, a large
part of the lack of predictability is due to model uncertainties. For such a complex system:
(1) If an additional smaller spatial scale is introduced in the predictive model for reducing model
uncertainties, then data uncertainties increase due to the increasing of the number of parameters. (ii)
If several spatial scales (or equivalently, a hierarchy of models) are introduced, model uncertainties
will always exist for the smaller spatial scale. (iii) For the smaller spatial scale introduced in
the predictive model, the model uncertainties cannot be taken into account with the parametric
probabilistic approach of data uncertainties. Consequently, in a predictive model of a complex
system, there will always have a spatial scale for which model uncertainties will have to be taken into
account for increasing the predictability. It should be noted that the objective of this nonparametric
probabilistic approach is to increase the predictability of a given and fixed mean model, that is to
say, is to increase the predictability without improving the mean model by introducing additional
smaller spatial scales or a hierarchy of models. The proposed nonparametric approach also allows
the data uncertainties to be modeled, particularly when the number of uncertain parameters becomes
large. The nonparametric probabilistic approach of random uncertainties for dynamical sytems was
introduced in [27,29]. This approach was developed thanks to the introduction of a new ensemble
of random matrices that we call the “positive-definite ensemble”. This ensemble, which is adapted
to the operators of dynamical systems, is constructed and studied in [28,29] and differs from the
Gaussian Orthogonal Ensemble (GOE) and from the other known ensembles of the random matrix
theory [19] which are not adapted to the mass, damping and stiffness operators of dynamical systems.
The bases of the nonparametric probabilistic approach of random uncertainties for linear dynamical

systems is presented in [28,29,31] with applications to vibrations and transient elastodynamics. The
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case of uncertain dynamical systems in the medium-frequency range are studied in [32]. Since the
nonparametric approach consists in constructing a probability distribution of the random operators
of the problem, the case of non homogeneous uncertainties cannot directly be taken into account
and dynamic substructuring [4] has to be used. The case of non homogeneous uncertainties for
linear dynamical systems with an experimental validation is presented in [33,3]. Finally, the case of
nonlinear dynamical systems with such a nonparametric model of random uncertainties is developed
in [30] and, in [5], a nonparametric-parametric approach is introduced and applied to earthquake

engineering analysis of a reactor cooling system under seismic loads.

The first part of this paper is devoted to random matrix ensembles which are used for random
uncertainties modeling in computational mechanics. First, for readability of the paper, the results
concerning the main ensemble introduced in [28,29] are summarized. In addition, we present two
new ensembles of random matrices useful for modeling random uncertainties with the nonparametric
approach. For instance, the first one is useful for modeling uncertainties of the mass operator of a
dynamical system for which the spatial distribution of the mass is uncertain but for which the total
mass is given. The second ensemble, that we call the pseudo-inverse ensemble of random matrices
can be used for modeling random uncertainties in the coupling operator between an elastic solid

and an acoustic fluid for structural-acoustic systems.

The second part deals with a short overview with the nonparametric probabilistic approach of
random uncertainties in linear and nonlinear transient dynamics presented in [28-31]. Nevertheless,
we present an additional experimental validation for linear transient dynamics of anon homogeneous

structure submitted to a shock.

Finally, in the last part, we propose a new methodology for identification of the dispersion param-
eter of the nonparametric probabilistic model. Such a method is presented in the context of the

experimental modal identification of a linear dynamical system.

2. Random matrix ensembles for uncertainties modeling in computational mechanics

The random matrix theory were introduced and developed in mathematical statistics by Wishart
and others in the 1930s and was intensively studied by physicists and mathematicians in the context
of nuclear physics (Wigner, Dyson, Mehta and others). An excellent synthesis of the random
matrix theory can be found in the Mehta book [19]. For physical applications, the most important
ensemble of the random matrix theory, is the Gaussian Orthogonal Ensemble (GOE) for which the
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elements are constituted of real symmetric random matrices with statistically independent entries
and which are invariant under orthogonal linear transformations. The random matrix theory has
been used in other domains that in nuclear physics. In 1989, Weaver [37] show that the higher
frequencies of elastodynamic structures constituted of small aluminium blocks have the behavior
of the eigenvalues of a matrix belonging to the GOE. These results have clearly been validated for
the very high-frequency range in elastodynamics but not at all for the frequency band of interest
in structural dynamics, vibration and vibroacoustics systems which are concerned by the low- ,

medium- and high-frequency ranges.

In this section, we present five ensembles of random matrices which are useful for modeling data

and model uncertainties in computational mechanics.

(1) The first ensemble SG™ of random matrices, herein called the the normalized positive-definite
ensemble, has recently been constructed (see [28,29]) in the context of the development of a new
approach for modeling random uncertainties in dynamical systems with a nonparametric approach.
A random matrix belonging to SG™ is positive definite almost surely and its mean value is the
identity matrix. This ensemble constitutes the main ensemble used for constructing the four other
ensembles introduced below. Ensemble SG™ differs from the GOE and from the other known
ensembles of the random matrix theory. In order to improve the readability of this paper, we will

recall the main results concerning this ensemble.

(2) The second ensemble SE™ of random matrices, herein called the the positive-definite ensemble,
has been constructed in [28,29], simultaneously with SG*. A random matrix belonging to SE™ is
positive definite almost surely and its mean value is a given positive-definite matrix. For instance,
this ensemble is used for constructing probability model of positive operators such as the mass, the

damping or the stiffness operators of a dynamical system.

(3) The construction of the third ensemble SE™ has been introduced in [27] and is similar to the
construction of ensemble SE™. A random matrix belonging to this ensemble is semipositive definite

almost surely instead of being positive definite almost surely.

(4) The fourth one is the subset SE?% of SE™ constituted of random matrices in SE™ for which a
linear form on SE™ is given. A particular case is the ensemble SE;; for which the trace of the
random matrices is given. This is a new ensemble that we construct below. For instance, such an
ensemble is useful for modeling uncertainties of the mass operator of dynamical systems for which

the spatial distibution of the mass is uncertain but for which the total mass is known.
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(5) The fifth set SEj,, of random matrices, herein called the the pseudo-inverse ensemble, is a
new ensemble that we construct in this paper. This ensemble is constituted of rectangular random
matrices having a mean-square pseudo-inverse. For instance, such an ensemble is useful for
modeling uncertainties in the coupling operator between an elastic solid and an acoustic fluid for a

structural-acoustic system [20].
In this paper, the following algebraic notations are used.

Euclidean space. Letx = (z1, ..., x,)beavectorin R”. The Euclidean space R™ is equipped with

the usual inner product (x,y) —<x,y>= 2?21 z;y; and the associated norm ||x| =<x,x>1/2.

Matrix sets. Let M, ,(R) be the set of all the (n x m) real matrices, I,,(R) = M,, ,(R) be the set
of all the square (n x n) real matrices, M (R) be the set of all the (n x n) real symmetric matrices,
MO(R) be the set of all the (n x n) real symmetric semipositive definite matrices and 1.7 (R) be

the set of all the (n x n) real symmetric positive-definite matrices. We then have

MF(R) € MIO(R) € M3 (R) € M, (R)

Norms and usual operators. We denote:

(1) the determinant of matrix [A | € M,,(R) as det[A | and its trace as tr[A | = Z;L 11Alj5,

(2) the transpose of [A] € M, (R) as [A]T € M0 (R),

(3) the operator norm of the matrix [A] € M,, ,,,(R) as

[All = sup [[[A]x]| , xeR™
Ixll<1

which is such that [|[A] x|| < || A ||x]|, Vx € R™,
(4) for [A] and [B] € M,.m(R), we denote < [A],[B]>= tr{[A]*[B]} and the Frobenius norm
(or Hilbert-Schmidt norm) || A||  of [A] is such that

JAI% =< [ALIA]>= {[A]T[AD} =SS AR

Jj=1k=1

which is such that [|A|| < ||Al|r < V1 ||A]].
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2.1. Normalized positive-definite ensemble SG™ of random matrices

In this section, we summarize the theory developed in [28,29] concerning the construction of

ensemble SGT of random matrices.

2.1.1. Definition of ensemble SG™

This ensemble is defined as the random matrices [G,, ], defined on a probability space (A, 7, P), with
values in M;F (R), whose probability distribution is constructed by using the entropy optimization

principle [24,15] for which the constraints (define as the available information) are the following:

(1) Matrix [G,,] is a symmetric positive-definite real random matrix, that is to say,
[G,] € MI(R) as . (1)
(2) Matrix [G,,] is a second-order random variable,
E{[G]II”} < E{IlGalllE} < +oo . (2)
(3) The mean value [G,,] of random matrix [G,,] is the (n x n) identity matrix [I,,],
E{[Gn]} =[G, = [I.] e M (R) . (3)
(4) Random matrix [G,] is such that
E{ln(det[G,])} =v with |v] < 400 . (4)

In Section 2.1.8, we will see that the constraint defined by Eq. (4) yields the following fundamental

property for random matrices in ensemble SG™,
E{|llGa] 7} < 400 . (5)

It should be noted that Eq. (1) shows that random matrix [G,,] is invertible almost surely, but
since the almost sure convergence does not yield the mean-square convergence, then an additional
condition has to be introduced to obtain the property defined by Eq. (5). This is the role plays by
Eq. (4). In addition, since for 6 € A, ||[G,(0)] 7| < ||[G.(0)] 1| 7, then Eq. (5) yields

E{[[[Gn] 1"} < 400 . (6)
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2.1.2 Dispersion parameter of a random matrix in ensemble SG ™

Let § > 0 be the real parameter defined by

_JEUIG] -G [1 IR
5‘{ MC.TT } —{,,LE{H[GHJ [mnF}} , ()

that allows the dispersion of the probability model of random matrix [G.,] to be fixed. In Ref. [29],
it is proved that the dispersion of the probability model is fixed by giving parameter o which has to

be independent of n and which has to be such that

0<d</(n+1)(n+5-1 . (8)
If Eq. (8) does not hold, then Eq. (5) does not hold. Then the constraint defined by Eq. (8) is

important for the model.

2.1.3. Probability distribution of a random matrix in ensemble SG ™

The probability distribution P | of random matrix [G,,] is defined by a probability density function
[Grn] = P61 ([Gr]) from M (R) into R* = [0, +o0[, with respect to the measure (volume element)
dG,, on the set 115 (R) such that (see [28] for the construction of this measure),

dG, = 2" VAL i, dGr)iy ()

We then have

Pg,) = 6. ([Gn]) dGr (10)

with the normalization condition

L g pe(Gh @G =1 (11)

Probability density function p(g, 1([G]) is then written ([28,29]) as

P ([Gal) = Tyt g ([Gal) X s, x (det[G]) ™55 Xexp{—(n2;21) tr [Gn]} L (12)

in which Ly+ g ([Gy]) is equal to 1 if [G,,] € M7 (R) and is equal to zero if [G,] ¢ M (R) and

where positive constant Cg,, is such that

( —n(n—1)/4 (2
n {H T(% + 3} ’

where I'(2) is the gamma function defined for z > 0 by I'(z) = 0+oo t*~1e~t dt. Equation (12)

n(n+1)(26%)"1
)

Cg (13)

shows that {[G,]x, 1 < j < k < n} are dependent random variables.
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2.1.4. Characteristic function of a random matrix in ensemble SG+

For all [©,,] in M7 (R), the characteristic function of random matrix [G,,] with values in M;} (R) C

MS (R) is defined by WG, |([0,]) = E{exp(i <[0,],[Gn]>)}. We then have

Ve (On) = [ explit04] G} s (Ga]) dG, (14

which ([28,29]) yields

262

—(n+1)(26%)7*
i [©,])} . (15)

Vg, ([On]) = {det([ I, —

If (n + 1)/6? is an integer, then Eq. (15) shows that the probability distribution defined by Eq. (10)
with (12) and (13) is a Wishart distribution [1,8]. In general, (n + 1)/ is not an integer and
consequently, the probability distribution defined by Eq. (10) with (12) and (13) is not a Wishart

distribution.

2.1.5. Second-order moments of a random matrix in ensemble SG™

Since [G,,] = [I,,], the covariance C’jc};fj, .- of random variables [G,,] ;i and [G,];/x, defined by

Crne = B{(Gnljk — [In]jn)((Ga, Ly — Tnlin)} (16)
is written [29] as
62
Criryn = n—H{[In]j'k [Ln)jr + [Ln)jg Enliwr} (17)

In particular, the variance of random variable [G,,]; is such that

62
Vit = (L4 [Ilge) (18)

2.1.6. Invariance of ensemble SG™ under real orthogonal transformations
Let [®,,] be any real orthogonal matrix belonging to M,,(R) such that [®,]7[®,] = [®,] [®,]T =
[I,]. Let [G; ] be the random matrix with values in M} (R) defined by [G},] = [®,,]"[Gy] [®y].
We then have

(Gn] = @] [G] [®n]" (19)

The probability density function pig/1([G7,]) of random matrix [G],], with respect to the volume

element cAZVG;1 (see Eq. (9)), is such that

e ([GL]) dGl = pi, (1Gn]) dGy (20)

n
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inwhichpig,|([Gn]) is defined by Eq. (12). Let [G),] and [G7,] be such that [G,,] = [®,] [G},] [®,]".
Since [®,,] is a real orthogonal matrix, we deduce that dG,, = dG,, det[G,] = det[G,] and
tr[G,] = tr [G",]. From Eq. (12), we deduce that

Pi6)([Gn]) G = pia, ([G,]) dG), . (21)

From Egs. (20) and (21), we deduce that

pia ) ([GL)) Al = pie, ([GL) dGY, (22)

which proves the invariance of random matrix [G,,| under real orthogonal transformations.

2.1.7. Algebraic representation of a random matrix in ensemble SG*

The following algebraic representation of random matrix [G,,] allows a procedure for the Monte
Carlo numerical simulation of random matrix [G,,| to be defined. With this procedure, the numerical
cost induced by the simulation is a constant that depends on dimension n but that is independent of

the values of parameter 0. Random matrix [G,,] can be written as
[Gy] = [Ln]T [La] (23)

in which [L,,] is an upper triangular random matrix with values in M,,(R) such that:
(1) random variables {[L,,];;-, j < j'} are independent;

(2) for j < j’, real-valued random variable [L,];;- can be written as [L,];; = 0,U,;» in which
0, = 0(n +1)~/2 and where U. ;¢ 1s a real-valued Gaussian random variable with zero mean and

variance equal to 1;

(3) for j = 5, positive-valued random variable [L,,|;; can be written as [L,,] j; = 0,,1/2V; in which
oy, 1s defined above and where V; is a positive-valued gamma random variable whose probability

density function py, (v) with respect to dv is written as

py; (v) = 1g+ (v) T pHT TR TV (24)

C. Soize - Computer Methods in Applied Mechanics and Engineering (CMAME) (accepted in March 2004) 9



2.1.8. Convergence property of a random matrix in ensemble SG+ when dimension goes to infinity

It is mathematically proved [29] that E{|| [G,] !||%} < -+oc and therefore that E{|| [G,]!||?} <

~+o00. In addition, the following fundamental property is proved,
vn>2 | E{|[G,) '’} <Cs5 <400 (25)

in which Cs is a positive finite constant that is independent of n but that depends on §. Equation
(25) means that n — E{||[G,] *||?} is a bounded function from {n > 2} into R™. In [29], we
have numerically studied the convergence velocity as a function of dispersion parameter ¢. Figure 1
shows the graph of function n +— E{||[G4,] 1||?} for 64 = 0.1, 0.3 and 0.5, constructed by using
Egs. (23)-(24) and the Monte Carlo numerical simulation with 100 realizations. It can be seen that
a reasonable convergence is reached for n > 20 if § = 0.1, for n > 60 if 6 = 0.3 and for n > 100
if 6 = 0.5.

A

A

B/B—E_E_B_H_E_H—_E

0 100 200 300 400 500 600

Fig. 1. Graph of function n—E{||[G,] " *||?} for §=0.1 (square symbol), §=0.3 (triangle symbol) and §=0.5 (circle
symbol).

2.1.9. Probability density functions of the random eigenvalues of a random matrix in ensemble
SG*

Let Ay,..., A, be the positive-valued random eigenvalues of random matrix [G,]|. The joint
probability density function pa, .. A, (A1,..., An) With respect to dA; ... d\,, of random variables

Ay, ..., A, is written [28] as

(1-52)

pA17~~~,An()\17 .. ,)\n) = 1[0,—}—00[()\1) X ... X :H-[O,—i—oo[(/\n) x C % ()\1 X ... X /\n)(n—i—l) 262

(n+1)
% {Ha<ﬁ‘)\ﬁ B )\a‘}e_ 2:2 A1+t An) : (26)
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in which C'is a constant of normalization defined by the equation || 0+°.°. ) 0+°° PAy A, (A An)

d\; ...d\, = 1. Presently, we are interested in the probability density function of each random
eigenvalue for the order statistics. Let 1~\1 < Kz < ... < Kn be the order statistics of the random
eigenvalues Aq,...,A,. Then, the joint probability density function PR A (A1, ...y Apn) with

respect to d\; . ..d\, of random variables Kl, ..., A\, 1s written [28] as

S :I]'Sn()\17 ) >\'I’L) pAl,.“,An ()\17 e eey >\'I’L>

~ = (A, A = , 27
pA1,...,An( 1 ) fSnpAlv"'vAN<)\1""’)\n) dM\1...d\, ( )

in which §,, is the simplex defined by
Sn={(A1,.. ., ) ER";0< A <. < Ay < o0} (28)

The probability density function p+ (A;) with respect to dA; of random variable Kj can then be
J

written as

pK()\J) = / pxl X ()\17-~-7)\n) d)\l ...d)\j_ldAj+1 d)\n . (29)
J except over); e

An explicit calculation of p+ (A;) cannot be performed. An estimation can be constructed by using
J
the Monte Carlo numerical simulation. Figure 2 shows the graphs of probability density functions
e forj =1,...nwithd = 0.5, n = 30 and with 10 000 realizations in the Monte Carlo numerical
J

simulation. This figure shows that the dispersion of random eigenvalue Kj increases with its rank

J-

Fig. 2. Graphs of probability density functions Py for j=1,...n corresponding to the order statistics of the random

J
eigenvalues of random matrix [G,,].
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2.2. Ensemble SE™ of random matrices

2.2.1 Definition of ensemble SE™

The ensemble SE™ is defined as the set of the random matrices [A,,], defined on probability space
(A, T, P), with values in M (R), having similar properties that the properties defined by Egs. (1),
(2) and (4), but for which

E{[An]} =[4,] € VI (R) (30)

in which the mean value of [A,,] is a given matrix [A4,,] in M, (R). Since matrix [A,] is positive

definite, there is an upper triangular matrix [L 4 ] in M, (R) such that

[An] - [LAn]T [LAn] ) (31>

which corresponds to the Cholesky factorization of matrix [A,]. Consequently, ensemble SE™ is

defined as the set of matrices [A,,] which are written as

[An] = [La,]" [Ga] [La,] (32)

in which matrix [G,,] is the random matrix in ensemble SG™.

2.2.2 Properties of a random matrix in ensemble SE™

Taking into account Egs. (1) to (5), it can be deduced that random matrix [A,,] has the following

properties:

(1) Matrix [A,,] is a symmetric positive-definite real random matrix, that is to say,
A,] € MI(R) as . (33)
(2) Matrix [A,,] is a second-order random variable,
E{[[An]lF} < +oo . (34)
(3) The mean value of random matrix [A,,] is such that
E{[An} = [4,] eV (R) . (35)
(4) Random matrix [A,,] is such that

E{[[[An 17} < E{I[An] M7} < 400 (36)
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2.2.3. Dispersion parameter of a random matrix in ensemble SE™

The dispersion is controlled by parameter ¢ defined by Eq. (7) and verifying Eq. (8), that we rewrite

as 04 > 0, and which is such that

1/2
= {iElie - (37)

Parameter 0 4, which has to be independent of n and which has to be chosen such that

0<ds</(n+1)(n+5)-1 | (38)

allows the dispersion of the probability model of random matrix [A,] to be fixed. Finally, the

algebraic representation of random matrix [A,,] is given by Egs. (32) and (23)-(24).

2.2.4. Probability model of a set of random matrices in ensemble SE™

Let us consider v random matrices [Al], ..., [AY] belonging to ensemble SE™. This means that
the mean values of the random matrices are known but that no information is available con-
cerning correlation tensor between two any random matrices such as [A”] and [A}]. Then, ap-
plying the maximum entropy principle, it can be proved that the probability density function
([AL] - [A%]) = ppang,an  ([AR]L - - [A7]) from M (R) x ... x M (R) into R with respect

to the measure (volume element) dAL x ... x dA” on M5 (R) x ... x M5(R) is written as

Pian]..iav] (AL - TARD) = piang (TALD) X oo X pragy ([AR]) (39)
which means that [AL], ..., [AY] are independent random matrices.

2.3. Ensemble SE™° of random matrices

The ensemble SE™ is defined as the set of the second-order random matrices [A,,], defined on

probability space (A, 7, P), with values in ,t°(R), such that
E{[An]} =[4,] e MPR) (40)

in which the mean value of [A,,,] is a given matrix [4,,] in M 0(R). Since matrix [4,,] is semipositive

definite, there is a rectangular matrix [L 4 | in M, ,,,(R) such that

(A, =[La, )" [La,] (41)
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in which
n=m— kg (42)
where firig > 1 is the dimension of the null space of [A,,]. The computation of this factorization

will not be explained here but can be deduced from the usual decompositions [13]. The ensemble

SE™? is then defined as the set of matrices [A,,] which are written as
[Am] - [LAW]T [Gn] [LAm] ) (43>
in which matrix [G,,] is the random matrix in ensemble SG™. Clearly, we have
E{|l[Am]IE} < +oo . (44)
The dispersion is controlled by parameter 6 4 defined by Eq. (37) and verifying Eq. (38).

2.4. Ensembles SE]? and SE;’ of random matrices

2.4.1 Definition of ensembles SEI’; and SEtJrr

Let [B,] — f([By]) be a linear form on M (R) with values in |0, +o00c[. For instance f can be the
trace which is such that, for all [B,,] in M7 (R), we have tr[B,,] > 0. More generally, linear form f
can be written as f([B,]) = t{[S]T [B,][S]} in which [S] € M,, ,(R) with v > 1 and where [S]
differs from the zero matrix. The ensemble SE;; is defined as follows. Each random matrix [B,,]
belonging to SElJtC is a second-order random matrix, defined on probability space (A, 7, P), with

values in M (R), whose mean value is

E{[B,]} = [B,] e M}(R) , (45)
and which is written as
1
[Bn] - Z_7n m [An] ) (46>

in which the random matrix [ A,,] with values in M} (R) belong to SE™ and is written as
[An] = U, [Ga][U,] (47)

where [U,] is an invertible matrix in M, (R] such that

b
f([AR])
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and where the random matrix [ G,,] belongs to SG™. It should be noted that, if [U, ] verifies Eq. (48),
then p [U,,] verifies Eq. (48) for all real 4. In addition, the definition of SE]? is consistent if, for any
[B,,] given in M7 (R), Eq. (48) has at least a solution. If f([B,]) = tr[B,], then SEj} is denoted
by SE . Since matrix [B,,] is positive definite, there is an upper triangular matrix [L ] in M, (R)

such that

B, =[Lp, 1" [Ls,] (49)

which corresponds to the Cholesky factorization of matrix [B,,]. Consequently, random matrix

[ B,,] can be rewritten as

[Bu] = [Lp,]" [Ha] [Lp,] (50)

in which the random matrix [ H,,] with values in I,/ (R) is a second-order random variable whose

mean value is

E{[H,]} =[] (51)

and which is written as

(52)
where [ A,,] is defined by Eq. (47).

2.4.2 Properties of a random matrix in ensemble SEE

[t can easily be deduced that second-order random matrix [B,,] with values in ;7 (R) with E{[B,,]} =

[B,)] € M (R), is such that

f(Bu]) =0, as , (53)
E{[I[Ba]I*} < 400 (54)

As previously, the dispersion of random matrix [B,,] is controlled by 5 such that

1/2
sw={ 2Bl - LB} (55)

in which d has to be independent of n and such that 0 < 65 < \/(n+ 1)(n+5)~".
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2.4.3. Algorithm for the construction

In this subsection, we present an algorithm for constructing matrix [U,,]. We introduce the invertible

matrices [V,,] and [W,,] in M,,(R) such that

WV, =0, Lp, )", D] =107 . (56)
Therefore, Egs. (48) can be rewritten as
1 Gn]
N i 57
in which
(A =L (G . [T)=1]1Ls,] - (58)

The construction of a solution [U,] of Egs. (56)-(57) is performed with the following iterative

algorithm.

e Initialization: [W ("] = [I,,].

e Calculations for iteration (j) for which matrix [W /)] is known.
1. Calculation of [V'¥)] such that [W )] = [VW)] [V ()],

2. Caleulation of [UY)] = [V] [Ly .

3. Calculation of
1BY] = b, E{{AV)/ F([AY])}
[RYHV] =0, B{[G.]/ (AT}
with [AY)] = [U, )7 [G,] [UY).
4. Convergence test with e@ = || [B,] — [BY]| /| [B,]]l :
If () < gy then [U, ] = [UY)] and go to 8.

If () > g then go to 5.

5. Calculation of [W Y] = [RUFD] -1,
6. Loading [WU+V] in [W )],

7. Goto 1.

8. End
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2.4.4. Normalized case

We consider the normalized case defined by [B,| = [I,] with n = 6 and f = tr. Then,
[B,] = [H,], we have b,, = tr[[,] = 6 and ||[B,,]|| = 1. Three values of the dispersion
parameter are considered: 5 = 0.1,0.3 and 0.5. The convergence of the iteration algorithm for
the construction of matrix [U, ] is analyzed in computing ¢ = || [B,] — [BV]|| /|| [B,] || as
a function of the iteration number j. Figure 3 displays the graphs of functions j — log 10(¢())
for 0p = 0.1,0.3 and 0.5. It can be seen that for the three values of the dispersion parameter,

convergence is reached with 7 iterations with a relative error less than 10712,

-10+

-12+

_14,

_16 Il Il Il Il Il Il Il
0 1 2 3 4 5 6 7 8

Fig. 3. Convergence of the iteration algorithm. Graphs of functions ji—log 10(¢)) with e =|| [B_]-[BD] | /| [B,] |
for 6 5=0.1 (circle), §5=0.3 (triangle),6 5 =0.5 (square).

For 65 = 0.5, matrix [U,,] obtained at convergence by the iteration algorithm is written as

- 0.9992 0 0 0 0 0 7
—0.0023  1.0015 0 0 0 0
U, ] = —0.0003 —0.0012 1.0008 0 0 0
- —0.0040 0.0004 0.0020  0.9998 0 0
—0.0013 —0.0021 0.0004 —0.0024 0.9987 0

L 0.0004 —0.0010 0.0008 0.0011 —0.0016 0.9999

In this case, [U,,] is a lower triangular matrix.

2.5. Ensemble SEin, of random matrices
2.5.1. Decomposition of a rectangular matrix
Let [4,, ,] be a rectangular real matrix in M,, ,(R) for which its null space is reduced to {0}, that
is to say such that
A, Jx=0 = x=0 . (59)

=m,n
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Then, rectangular matrix [A,, ] can be written as

(A n] = U nl L] (60)

~m,n

in which the rectangular matrix [U,,, ,,] and the symmetric square matrix [T',,] are such that

[T,] € MH(R) and [U,,,] € Mmn(R) suchthat [U, |7 [U

~m,n ~m,n

2.5.2. Construction of the decomposition of a rectangular matrix

The construction of the decomposition defined by Eq. (60) can be performed by using the singular
value decomposition [13]. Nevertheless, we give below a direct construction which is similar to the

construction used to construct the decomposition U T of a compact operator A [14].

For a given rectangular matrix [4,, ,,] € M, »(R) with a null space reduced to {0} (see Eq. (59)),

let [B,,] be the positive-definite square matrix such that

[B,] = [A

L=m,n

A €VER) (62)

It should be noted that [B,,] is a positive-definite symmetric matrix because the null space of matrix
[A,, ,] is reduced to {0}. Since [B,,] belongs to M, (R), matrix [B,,] is diagonalizable and can be
written as

B,.] = [2,] [Z,] [@,]"

, (63)

n

in which [X,] € M} (R) is the diagonal matrix of the positive eigenvalues of matrix [B,,] and where

[@,,] € M, (R) is the matrix of the corresponding eigenvectors which is an orthogonal matrix, that

is to say such that [®, ][® ]7 = [®,]7 [®,] = [I.]. Consequently, [Z, ]'/? is the matrix of the

n n

singular values of matrix [4,, ,,] and we define the matrix [T, ] by

[T,) = [B,)'* = [2,] [Z.)2 [@,]" € VE(R) (64)

Since matrix [T, ] belongs to M. (R), it is invertible and the matrix [U,, ] in the decomposition
(A, ] = U] [T,] can then be constructed by the following equation,

[Qm,n] = [Am,n] [In]_l S Mm,”([R) . (65>

The construction of the decomposition is then complete. It should be noted that [U 1T [U, ] =

[, )" (A )" [A) [La) 71 = (L) 7 [BL] L) = (B, 2B, [B,] Y2 = [ 1)

n T
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2.5.3. Definition of ensemble SEipy

Let [A,, ] be a rectangular real matrix in 0, ,(R) with a null space reduced to {0} whose
decomposition (see Section 2.5.1) is

A, =U

[—m,n

T

m,n] [—n] )

(66)

in which [U,, ,,] € My, »(R) and [T,] € M (R). Since symmetric matrix [T',,] is positive definite,

there is an upper triangular matrix [L | in M, (R) such that
Z,] = [Lg,]" [L1,] (67)

which corresponds to the Cholesky factorization of matrix [I',]. A random rectangular matrix
[A;, »] belonging to the ensemble SEjpy , is a random matrix defined on probability space (A, 7, P),

with values in M, ,(R), whose mean value is

E{[Am,n} = [Am,n] € Mm,n([R) ) (68)
and which is written as
[Am,n] = [Qm,n] [Tn] ) (69)
in which the matrix [U,, ,,] € My, »(R) is such that
[Qm,n]T [Qm,n] = [In] ’ (70)

and where the random matrix [ T,,| with values in ;7 (R) is written as

[Tu] = [Lg,]" [Gn] [Ly,] (71)

with [G,,] a random matrix in ensemble SG*. Finally, from Egs. (2), (6) and (71), it can be deduced
that

E{|[Ta]I?} =Co < +o0 , E{[[[Ta]7" |7} =C1 < 400 | (72)

in which Cj and C'; are two finite positice constants.
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2.5.4. Properties of a random matrix in ensemble SEipy

From Subsections 2.5.1 t0 2.5.3, it can easily be deduced that the random matrix [A, ,,| with values
in M,, (R), belonging to ensemble SE;,y, and defined in Subsection 2.5.3, has the following
properties:

(1) Random matrix [A,, ;] is a second-order random variable and we have the following inequalities,
E{l[AmnllE} = E{I[Talll7} < +o0 (73)

0 < Cy < E{|[Ann]l?} < C3 < 400 (74)

in which Cy = - || [U,, ] |* and C5 = Cy || [U,, ,,] |I* with Cy and C} are the constants defined
in Eq. (72).

(2) The mean value of random matrix [A,, ,] is such that

E{[Am,n]} = [Am,n] € Mm,n([R) . (75)

(3) The left pseudo-inverse [A, ] " € M,, 1, (R) of random rectangular matrix [A,, ,,] is defined
by
[Amn] ™ = {[Amn]" [Amn] } 7 [Amn]" € Mam(R) (76)

Since [A,, )1 = [T,] ' [U,, ,]*, we deduce that

E{l [Amna] 1P} < Gl U ol IIP < +o0 (77)

in which (' is the constant defined in Eq. (72).

(4) As previously, the dispersion of random matrix [A,, ,,] is controlled by 0 4 such that

1/2
= {iBUG]-LlB ) (78)

in which 0 4 has to be independent of n and such that 0 < 64 < /(n+ 1)(n +5)~L.

3. Foundations of the nonparametric probabilistic approach of random uncertainties in

mechanical systems

In this part, we explain the main ideas and the foundations of the nonparametric probabilistic

approach of data uncertainties and model uncertainties in mechanical systems.
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3.1. Mathematical-mechanical modeling of a physical mechanical system

Let us consider a Physical Mechanical System (PMS). This means that the PMS is the mechanical
system for which a predictive model has to be constructed. The mathematical-mechanical modeling
of this PMS leads us to a Boundary Value Problem (BVP). The weak formulation of such a BVP
introduces several linear operators (such as the mass, damping and stiffness operators of a fixed
elastic system occupying a three-dimensional bounded domain). Let A be one of these operators
which is assumed to be an unbounded operator in a real Hilbert space H and having an inverse in
H. By assumption, the unknown field of this BVP is with values in an admissible space V which is
a Hilbert space such that V C H. It is assumed that the functions belonging to admissible space V
can reasonably approximate any state of the PMS. Let A, be the operator corresponding to Ag for

the PMS. This operator is unknown.Only an “approximate” model A( of Ay, can be constructed.

3.2. Mean reduced model

The reduced model is deduced from the BVP by using the Ritz-Galerkin projection on a finite
dimension subspace H,, of V. Let {¢, }o>1 be an Hilbertian basis in H whose functions ¢, are
in space V. Then H,, is spanned by {¢1, ..., ¢,} (for instante the eigenmodes). Therefore, the
projection of operator Ay on H,, is represented by the real square matrix [Ag ] in M, (R). The
mean reduced model is defined as the reduced model constructed by using the nominal values of
the parameters. Matrix [A | corresponding to the nominal mean reduced model is rewritten as

Ao, ).

£20,n

3.3. Updating the mean reduced model using experimental data

Let [Aexp,n] be the matrix of the projection of Ac, on H,, (that is to say using the Hibertian
basis {¢q }o>1). Therefore, [Aexp,»] is @ matrix in M,,(R) which is assumed to be experimentally
identified (indirect experimental identification). The biais [B,, ,,] between the PMS and the mean
reduced model is defined by [B, ,| = [4,] — [Aexp,n]. For complex system, it is difficult to
develop an accurate predictive model and consequently, the norm || [B,, ,,] || of biais [B, ] is not
small. Therefore, the biais has to be reduced in updating the nominal parameters of the model.
The model updating yields the updated matrix [A,,] in M,,(R) of nominal matrix [A, ,]. The biais
[B,] = [A,] — [Aexp.n] has anorm || [B,] || < || [By ,] || which is generally not sufficiently small.

Then, a probabilistic model of uncertainties has to be introduced.
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3.4. Parametric probabilistic approach

The parametric probabilistic model consists in introducing random variables and stochastic fields as
parameters in the BVP in order to model data uncertainties. The statistical reduction methods (such
as the truncated Karhunen-Loeve of stochastic fields (see for instance [12])) allow the stochastic
reduced model to be constructed. In such a stochastic reduced model, [A,,] becomes a random
matrix [A,,(X)] in which X is an R"-valued random variable whose support D,,, of its probability
measure (probability distribution) P is such that D,,, C R™ and where x — [A,,(x)] is a mapping

from R™ into M,,(R). Clearly, the range of mapping x — [A,,(x)] is a subset Spqr ,, of S,, such that
Spar,n € S C My (R) (79)

in which S,, is a subset of I,,(R) for which any matrix in S,, is assumed to be invertible in order
to simplify the developments. For instance, subset S,, will be 5,, = M.} (R). It should be noted
that, if it can be assumed that [Ac ] is surely in S,,, then due to random uncertainties, [Acxp ] is
generally not in Spyr.,,. Let [Apar,,] be the random matrix with values in M, (R) corresponding to

the parametric probabilistic model of data uncertainties and defined by
[Apar.n] = [An(X)] . (80)

Then, the mean-square error between the parametric probabilistic model of random uncertainties

and the experimental data is given by

E{| [Apar,n]_l - [AeXp,n]_l ||2} = /D | [An(x)]_l - [AeXp,n]_l ||2PX(dX)

- / fan] ™ — [Aespn] ™" 2 Proar(dan) . (81)
Spar,n

in which Jan is the volume element on set Spyr,, and where Ppa is the probability measure on

Spar,n defined as the image of Px on D,,, by the mapping x — [ A,,(x)] and which is such that

B Apenl P = [ 1AW PP = [ lan] ™ [P Frldan) < 400
D Spar,n
(82)
In general, D,,, and probability measure Px on D,,, are given. Due to the model uncertainties, the

mean-square error defined by Eq. (81) is generally not sufficiently small.
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3.5.Introduction of the nonparametric probabilistic approach

The problem is then to introduce a nonparametric probabilistic approach of data and model un-
certainties allowing the mean-square error defined by Eq. (81) to be reduced. The nonparametric
probabilistic approach of random uncertainties consists in substituting random matrix [A par,,| by a

random matrix [Anonpar,»] such that

E{[Anonpar.n]} = [4,] . E{ll [Anonpar.n] " [I7} < +o0 . (83)

The probability measure Phonpar 0n S, of random matrix [Anonpar,n] is then directly constructed
by using the random matrix theory (see Section 2). Then, the mean-square error between the

nonparametric probabilistic model of random uncertainties and the experimental data is given by
EL| [Anonpar,n]_1 - [Aexp,n]_1 I} = /S I [an] ™" = [Aexp,n]_l & Pnonpar(Jan) ’ (84)

in which Jan is the volume element on set S,,.

3.6.Capability of the nonparametric probabilistic approach

Since Spar,n C S, we can take Prhonpar = Fpar in which the support of probability measure is Spar -
In this case, we have [Anonpar,n] = [Apar,n] Which proves that the nonparametric model has the
capability to take into account data uncertainties. In addition, since the support of Pnonpar is S;, with
Spar,n C Sy, the nonparametric model allows a larger class of random matrices to be constructed

and consequently, has, a priori, the capability to take into account the model uncertainties.

Experimental

Fig. 4. Set Spar,n of the values of random matrices [Apar,n] for the parametric approach, set S, of values of random matrices

[Anonpar,n] for the nonparametric approach, set of matrices [Aexper,n] for experimental physical system.

For instance, let us assume that the model uncertainties are sufficiently high for that [A exp,n] Z Spar,n

but, as we explained above, we have [Acp ] € Sy, With Spar,, € S, (see Fig. 4). Equation (81)
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shows that the mean-square error cannot be reduced even if probability measure Ppar could be
arbitrary chosen. On the other hand, since [Aexp,n] belongs to S,,, Eq. (84) shows that there are
probability measures Phonpar on S,, which allow the mean-square error to be reduced. For instance,
if §¢ is the Dirac measure on M, (R), then the probability measure Pnonpar(gan) = 0o ([an]—[Aexp.n])
leads the error to be zero because [Acyp ] belongs to S,,. Of course, Phonpar cannot be arbitrary
chosen on S,, but has to be constructed using the matrix theory introduced in Section 2. Consequently
and intuitively, there is a probability measure Pponpar on S,, verifying the properties defined by

Eq. (83), such that
[3  ltn] ™ — [Aexpn] ™ 12 Pronpar(dan) < /S ] ™ = [Aepn] ™" 2 Prar(dan)  (85)
n par,n

which means that

E{ H [Anonpar,n]_l - [AeXp,n]_l ||2} < E{ H [Apar,n]_l - [AeXp,n]_l ||2} : (86)

4. Nonparametric model of random uncertainties for linear and nonlinear transient dynamics

In this part, for complex dynamical systems, we summarize the nonparametric probabilistic approach
of data uncertainties and model uncertainties, that we introduced in [27-33] and for which the
foundations have been given in Section 3. The continuous aspects are presented in [29]. In order to

limit the developments, the presentation will be limited to the discrete cases.

4.1. Introduction of the mean finite element model

We consider a nonlinear dynamic system constituted of a three-dimensional damped fixed structure
around a static equilibrium configuration considered as a natural state without prestresses and
subjected to an external load. The basic finite element model of this nonlinear dynamic system is
called the “mean finite element model” (the underlined quantities refer to this “mean finite element

model”) and leads to the following nonlinear differential equation,

[(M]¥() + [D]y() + [K]y(t) + fa (y (1), §(2)) = £(2) , (87)

in which y = (y L ,gm) is the unknown time response vector of the m DOFs (displace-

ments and/or rotations); y and y are the velocity and acceleration vectors respectively; f(t) =
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(f1(t), ..., fm(t)) is the known external load vector of the m inputs (forces and/or moments); [ M ],
[D] and [K] are the mass, damping and stiffness matrices of the linear part of the model, which
are positive-definite symmetric (m x m) real matrices; (y,z) — fy.(y, z) is a nonlinear mapping
from R x R™ into R™ modeling additional nonlinear damping and restoring forces such that

fue (0,0) = 0. The linear case can be derived from Eq. (87) in taking fy;, = 0.

4.2. Introduction of the mean reduced model

The generalized eigenvalue problem associated with the mean mass and stiffness matrices of
the mean finite element model is written as [K]p = A[M] . Since [K] is a positive-definite
matrix, we have 0 < A; < Ay < ... < A, and the associated elastic modes {¢ ,¢,,...} are

such that <[M]e@ @, >=p_ dapand <[K]@ e >= 1, Wa Oap in Which w, = /A, is the

eigenfrequency of elastic mode ¢  whose normalization is defined by the generalized mass . The
mean reduced model of the dynamic system whose mean finite element model is defined by Eq. (87)
is obtained in constructing the projection of the mean finite element model on the subspace H,, of
R™ spannedby {¢ ,...,¢ }withn < m. Let[®,]be the (m x n) real matrix whose columns are
vectors {@ ,...,¢ }. The generalized force F" (1) is an R"-vector such that F" (¢) = (@, 1T £(¢).
The generalized mass, damping and stiffness matrices [ M, ], [ D,,] and [ K,,] are positive-definite
symmetric (n x n) real matrices such that [M, ]ag = p_dap, [D,]as =< [D] $, ¢, > and

[ K, ] = B, w? 64, in which, generally, [ D,,] is a full matrix. Consequently, the mean reduced

——n

model of the nonlinear dynamic system is written as the projection y™ of y on H,, can be written
as y"(t) = [2,] q"(t) in which the vector q"(t) € R" of the generalized coordinates verifies the

mean nonlinear differential equation,

[M,]q"(t) + [D,]q" (1) + [K,]q" (1) + Fi(q"(£),9" (1)) = F"() , vt =0, (88)

where, for all q and p in R",

F2 (q,p) = [2,]7 fu([2,]q,[2,]p) - (89)

4.3. Nonparametric probabilistic approach of random uncertainties

The principle of construction of the nonparametric probabilistic approach of random uncertainties

for the linear and nonlinear dynamic systems whose mean finite element model is defined by
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Eq. (87), is given in Section 3. It consists in substituting the generalized mass, damping and
stiffness matrices of the mean reduced model (see Eq. (88)) by random matrices [M,,], [D,,] and
[K,,]. If the nonlinear forces are uncertain, a usual parametric model can be used for these nonlinear

forces. In this case, a nonparametric-parametric mixed formulation can be constructed (see [5]).

The construction of the probability model of random matrices [M,,], [D,] and [K,,] defined on
probability space (A, 7, P), is based on the available information deduced from the fundamental
properties of a dynamical system and from additional properties required in order that a second-
order stochastic solution exists (see [27,28]). It can then be deduced that random matrices [M,,],

[D,,] and [K,,] have to be such that

M,], [D,], [Ko] € MER) as. | (90)
E{My]} =[M,], E{[D,]} =[D,], E{[K]} =[K,] , (91)
E{|M.]7HE} < +oo, E{I[D]7HIE} < +oo, E{IK.] T F} < +oo (92)

Since matrices [M ], [D,,] and [K,] are in M (R), there are upper triangular matrices [L,, ],

[Lp, ] and [Lg |inM,(R) such that

(M) = (L, )" [Lag,] (Dol =1Lp, )" [Lp,] + [K,]=[Lg,]" [Lg,] - (93)

From Sections 2.2.2 and 2.2.4, we deduce that random matrices [M,,], [D,,] and [K,] have to be
in ensemble SE™ and are independent, each one being a random matrix for which the probability

model in defined in Section 2.2.1. Consequently, we have (see Egs. (30)-(32)),

M) = Loy, )7 [Ga] [Las, ) [Da) = [Lp, ) [G,) (L, ) [Kn] = Ly, 7 [Gue, ] [Lic, ).

(94)

in which random matrices [Gyz, ], [Gp, ] and [G, | are in ensemble SG™ defined in Section 2.1.

The parameters 0,7, dp and d x allowing the dispersion of random matrices [M,,], [D,,| and [K,,] to

be controlled are defined by Eq. (37) and have to verify Eq. (38). The probability distribution of each

random matrix [Gyy, ], [Gp, ] or [Gk, ] is defined in Section 2.1.3 and its algebraic representation

is defined in Section 2.1.7.

The stochastic transient response of the nonlinear dynamic system with the nonparametric proba-

bilistic approach of random uncertainties, whose mean reduced model is defined by Eq. (88), is the
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stochastic process Y™ (t), indexed by R™, with values R™, such that Y"(¢) = [ ®,,] Q™(¢) in which

the stochastic process Q" (t), indexed by R™, with values R", is such that
[M,,] Q"(1) + [D,)] Q" (¢) + [K,] Q" (t) + FRL(Q"(1), Q" (1)) =F"(t) , ¥¢ >0,  (95)
with the initial conditions, Q"(0) = 0 and Q™(0) = 0.

4.4. Stochastic solution as a second-order stochastic process

For any T" > 0, it is proved (see [30]) that, under reasonable assumptions concerning the nonlinear

damping and restoring forces, and if fOT |1£(¢)||?dt < +o0, then for all ¢ in [0, T], we have
E{IY*"()|’} <C1 <400 , E{|Y'®)|*} <Cs < +oo . (96)
in which C'; and C'; are positive constants that are independent of n and ¢.

4.5. Construction of the stochastic solution

The stochastic solution of Eq. (95) is constructed using the Monte Carlo numerical simulation, the
realizations of random matrix [A,,], in which [A,,] represents random matrices [M,,], [D,,] or [K,,],
being constructed by using Eqs. (94) and (23) with properties defined in Section 2.1.7. It should be
noted that the numerical cost is low with such a method because Eq. (95) corresponds to a stochastic

reduced model with n < m.

4.6. Example of transient response of a nonlinear stochastic dynamical system

In this section, we consider the stochastic transient response of the nonlinear dynamical system
studied in [28], corresponding to Eq. (95) and that we present herein below as a simple example
for illustrating the nonlinar case. A much more complex dynamical system is analyzed in [5]).
The nonlinear dynamical system under consideration is defined in Figure 5 and is composed of a
linear thin plane in bending mode with a nonlinearity due to a nonlinear restoring force induced
by two stops modeled by high stiffness symmetric barriers which limit the vibration amplitudes
of the plate. The plate is rectangular, homogeneous, isotropic, in bending mode, with constant
thickness 4 x 10~* m, width 0.40 m, length 0.50 m, mass density 7800 kg/m?, Young’s modulus
2.1 x 10 N/m? and Poisson ratio 0.29 . This plate is simply supported on 3 edges and free on

the fourth edge corresponding to zo = 0. To this plate are attached one point mass having a mass
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of 4 kg and one spring having a stiffness coefficient k¥ = 2.388 x 107 N/m. Consequently, the
dynamical system is not homogeneous. The two stops are located at the free edge. The plate is free

between the stops [—0.002 , 0.002] m and the stiffness of the two symmetric barriers is 25000 N /m.

X,
X3 2
Simply supported edge
Simol Spring
py External
supported . Txterna
edge 0.23 5% lol::(lip“lswe -
im
/ Point mass supported
0.15 edge
v Stop
O Stop Free edge X
0.06 1
0.15
0.31
0.50

Fig. 5. Geometry of the nonlinear dynamical system

The mean finite element model of the plate is composed of 2000 four-node square plate finite
elements and there are m = 6009 degrees of freedom. The eigenfrequencies calculated with the
mean finite element model of the linear plate without the stops are such that v; = 1.94, v, = 10.28,
vy = 1547, ...,vg = 53.5, v = 66.1, v, = 68.9, ..., v3y = 198.3, v5; = 206.0, v3, = 208.9,
s Vsg = 330.9,v5; = 336.3, ..., V59 = 670.8, 1159 = 817.6 Hz. The excitation is an impulsive

load defined in Figure 5 whose impulse function is defined in Figure 6.

0 0.1 0.2 0.3 0.4 0.5

Fig. 6. Graph of wave impulse function as a function of time
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The main part of the energy of this impulse function is distributed over the [0, 60] Hz frequency
band in which there are 8 elastic modes for the associated linear underlying dynamical system. The
damping matrix [ D ] of the mean finite element model is written as [D| = a [M] + b[ K] in which
a and b are defined by @ = 2 £ Qs Qnin/ (Qmax + Qi) 0 = 2 £/ (Qnax + Qumin) in which € = 0.04,
Qin = 2m x27rad/s and Q. = 27w x 1007ad/s. Below, we are interested in the normalized
response spectrum with respect to g = 9.81m/s?, over the [1,200] H z frequency band and for the
observationDOF corresponding to the normal displacement of the mesh node located at coordinates
x1 = 0.37, zo = 0.15. The dispersion parameters for the random generalized mass, damping and
stiffness matrices are d); = dp = dx = 0.2. The nonlinear transient response of the dynamical
system with random uncertainties is calculated by using the Monte Carlo numerical simulation
method with 500 realizations. For given generalized mass, damping and stiffness matrices , the
nonlinear evolution problem defined by Eq. (95) is solved by using the Newmark implicit step-by-
step integration scheme and an additional numerical iteration procedure for solving the nonlinear
algebraic equations at each time step. The value of the time-step size is At = 1/2000 s and the
number of time steps is 8000. Convergence with respect to the dimension n of the reduced model can
be analyzed in studying the function n — |||Q"||| in which |||Q™[|| = {E{fOT 1Q™(1)]|2 dt}1/2
is the mean-square norm. Using the usual estimation of the mathematical expectation operator E,
convergence with respect to the dimension n and the number 7, of realizations used in the Monte

Carlo numerical method, is studied by constructing the following function,

L ne T 1/2
Conv(ng,n) = {n_ Z/O 1Q™ (£, ) dt} : (97)
% k=1

Figure 7 displays the graphs of functions ns — log;,{ Conv(ns,n)} from {1,2,...,500} into R,
for n = 10, 20, 30,50, 100. Convergence with respect to n and ng is obtained for n = 50 and
ns = 300. Figure 8 corresponds to the transient response of the nonlinear dynamical system with
random uncertainties. This figure corresponds to the base 10 logarithm of the random normalized
response spectrum for the considered observation (vertical axis) as a function of the base 10
logarithm of the frequency in Hertz for the [1, 200] H z frequency band. The mid irregular thin solid
line represents the deterministic response of the mean finite element model. The mid smoothed thin
solid line represents the mean value of the model with random uncertainties. The lower and upper
thick solid lines represent the lower and upper envelopes of the confidence region corresponding to

a probability level of 0.95; this confidence region is estimated by using the Chebychev inequality.
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The lower and upper thin solid lines correspond to the extreme value statistics. It can be seen that

the confidence region gives a good estimation of the extreme value statistics.

0.88 - q

0.86 - bl

0.76 1 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500

Fig. 7. Convergence in the nonlinear case. Graphs of functions ns—log;,{Conv(ns,n)} for n=10,20 and 30 (three upper
thin solid lines, for n=50 (lower thin solid line) and for n=100 (lower thick solid line).

1 3 10 30 100 320

Fig. 8. Random normalized response spectrum in dB versus frequency in Hertz (log scale). Deterministic response of the
mean model (mid irregular thin solid line). Mean value of the model with random uncertainties (mid smoothed thin solid
line). Lower and upper envelopes of the confidence region (lower and upper thick solid lines). Extreme value statistics
(lower and upper thin solid lines).

For the underlying linear dynamical system, since the energy of the impulse input is concentrated

in the [0, 60]H z frequency band and since there are 8 eigenfrequencies in this frequency band,
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then the dynamics of the transient output is modal type and is concentrated in the same [0, 60] H z
frequency band. For the nonlinear dynamic system, the energy of the impulse input, which is always
concentrated in the [0, 60] H z frequency band, is spread out over the [0, 200] H z broad frequency
band due to the nonlinearity in the dynamical system. This energy is sufficient for exciting the
eigenmodes whose eigenfrequencies belong to the [60, 200] H z frequency band. These modes are
sensitive to random uncertainties and it should be noted that the size of the confidence region
increases in the [60, 200] H z frequency band when frequency is increasing. This means that, for the
nonlinear dynamic system studied in the example presented, the role plays by random uncertainties

increases in the upper part of the frequency band which is not directly excited by the impulse input.

4.7. Example of transient response of a linear stochastic dynamical system with non homogeneous

random uncertainties and experimental comparison

40 cm 50 cm
B S >
33 cm 14 cm 43 cm
e 03
S 60 cm
o 1 e 3
20 11 ey
y plate 1 joint plate 2
* @ sensor © sensor at excitation point
bolts lines
1 1
} 2 mm
77777 [ ! T | 3mm
. .
joint area

Fig. 9. Geometry of the linear dynamical system
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In this section, we present an example devoted to the transient response of a linear stochastic
dynamical system with non homogeneous random uncertainties. A comparison with experimental
results is given. All the numerical and experimental results are taken from [6]. The design, the
geometry, the dimensions of the plates and of the complex joint, the thicknesses of the plates, the
excitation and observation points of the linear dynamical system are defined in Figure 9. This
dynamical system is constituted of two Dural plates connected together through a complex joint
constituted of 2 smaller Dural plates tightened by 2 lines of 20 bolts. Uncertainties in plates
1 and 2 are very low. In opposite, uncertainties in the complex joint are very high. This is the
reason why uncertainties in this dynamical system are non homogeneous. The methodology used for
implementing the nonparametric probabilistic approach of random uncertainties in such a dynamical
system consists in using a dynamic substructuring method [4], for which every substructure gets
its own uncertainty level which is described by using the nonparametric probabilistic approach
presented in Section 3 (for the details, see [6]). This dynamical system is in free-free conditions
and is excited in bending modes by an impulsive load which is a point force over the [1000 , 1200]
Hz frequency band, applied to node 5 in plate 2(see Figure 9) and whose experimental signals in

frequency and in time domains are displayed in Figure 10.
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Fig. 10. Impulsive load defined as a point force applied to node 5: frequency domain representation (top figure), time
domain representation (down figure).
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Concerning the mean mechanical model, plates 1 and 2 are modeled by homogeneous isotropic thin
plates with 0.003m and the complex joint is modeled by an equivalent homogeneous orthotropic
thin plate with thichness 0.007m. The mean finite element model of each substructure (plate 1,
plate 2 and complex joint) is represented by a uniform finite element model of 4 nodes thin plates
elements with 6222 DOFs for plate 1, 8052 DOFs for plate 2 and 2745 DOFs for the complex joint,
e.g. a total amount of more than 16000 DOFs. The computation of the global-dynamical-system
eigenfrequencies with the mean finite element model yields 65 eigenfrequencies below 1000 Hz
and 13 eigenfrequencies in [1000, 1200] Hz frequency band. The updating of the first 3 elastic
modes of the mean finite element model with the experimental results has been performed using
the elastic parameters of the orthotropic model of the equivalent plate modeling the complex joint.

The damping ratios of the mean finite element model, deduced from the measurements, is 0.0021.

Let dps, 0p and Jx be the dispersion parameters of the nonparametric probabilistic approach
for mass, damping and stiffness uncertainties of each substructure (platel, plate 2 and complex
joint). The mass of the mean model has been updated with experiments and consequently, there
are practically no mass uncertainties in each substructure. Consequently, the mass dispersion
parameters for plates 1 and 2 are such that 5%‘“65 = 0 and for the complex joint is such that
6§/ = 0. In order to evaluate the role played by the non homogeneity of damping and stiffness
uncertainties through the three substructures, which are assumed to be larger in the complex joint
than in plates 1 and 2, a sensitivity analysis with respect to the dispersion parameters has been
carried out. Since the impulsive load excites the superior elastic modes belonging to [1000 , 1200]
Hz frequency band, the damping and stiffness model uncertainties are not zero for plates 1 and 2.
Finally, the results displayed below correspond to the following values of the damping and stiffness
dispersion parameters for plates 1 and 2: (5’1’)[”65 = 0.3 and 5%‘”68 = 0.15, and for the complex

joint: %7 = 0.8 and 6%/ = 0.8.

The experimental data base is made with 29 accelerometers for 21 experimental configurations
corresponding to 21 random distributions of bolt-prestresses having the same mean values. The
experimental results are expressed in terms of Shock Response Spectra (SRS) calculated for the
acceleration reponses, normalized with respect to g = 9.81m.s~2 and denoted by s(w) with a fixed
damping ratio 0.001. For a given observation, the results given by the nonparametric probabilistic
approach of random uncertainties are displayed by an SRS confidence region described with an

upper (ST (w)) and a lower (S~ (w)) envelope of the SRS related to a given probability level
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Pc = 0.95. Let my(w) = E{s(w)}, ma(w) = E{s*(w)} and o(w) = /ma(w) — m?(w)
be the moments estimated by the usual mathematical statistics. Three curves are defined: (1)

SY9w) = 10 log;o(m1(w)), which is related to the mean function of the stochastic response,

(2) St (w) = 10 logyo(my (w) + \/%), which is the the upper envelope of the SRS, and (3)
S~ (w) = 2.5%w) — ST (w), which is the lower envelope of the SRS. The calculations are carried
out using 1000 realizations in the Monte-Carlo numerical method. A convergence analysis with
respect to the dimension of the reduced stochastic model of each substructure has been performed.
The results presented below correspond to dimensions n; = 50 for plate 1, no = 67 for plate 2 and
ncy = 8 for the complex joint. For observation 2 located in plate 1 while the excitation is applied in
plate 2 (see Figure 9), Figure 11 shows the experimental SRS compared with the confidence region
constructed with nonparametric probabilistic approach. The thick dashed line represents the mean
model. The solid lines are relative to the 21 experimental configurations. The gray region is the

95% confidence region of the stochastic response, computed with the nonparametric probabilistic

approach of random uncertainties.
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Fig. 11. Shock Response Spectrum at observation point 2 in plate 1 with a point force excitation applied in plate 2.

The comparison of the developed probabilistic model with the experiments shows the capability

of the nonparametric probabilistic approach to predict the shock-induced transient response in the
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medium-frequency ranges. In spite of a rather large number of DOFs used in the mean finite element
model, significant errors appear between experiment and numerical prediction although the mean
finite element model of the complex joint has been updated using experiments (compare the dashed
line with the solid lines in Figure 11). These errors are mainly due to the simplified model used
for modeling the complex joint, that is to say, are due to model uncertainties mainly located in the

complex joint.

5. Identification of the dispersion parameters of the nonparametric probabilistic approach

for linear dynamical systems with data uncertainties and model uncertainties

In this section, we present a methodology for the experimental identification of the dispersion

parameters of the nonparametric probabilistic approach in linear structural dynamics.

5.1. Experimental modal analysis

Let us consider r realizations S(61), . . ., S(0,) of a complex structure S. The modal properties of
each realization S(f,,) are experimentally identified by using the usual experimental modal analysis
[7,18]. Let mjn be the number of measured DOFs and m oyt be the number of excited DOFs which are
assumed to be the same for all the realizations S(61), . .., S(6,). The Frequency Response Function
(FRF) [A®*P(w, 0,)] of the MIMO system with the mj, inputs and the mqy; outputs associated with

structure S(f,,) is experimentally identified over the frequency band B =]0 , wax],
B — I}/]mout:min (C) : W= [hexp(w7 904)] . (98>

From the measured FRF w — [h®™P(w, 0,)] identified over frequency band B, the experimental
modal analysis allows the following information to be constructed:

exp

1. The n first eigenfrequencies 0 < w7 (0y) < ... < wi'(0,) of the elastic modes lying in

frequency band B.

2. The matrix [¥57(04)] € Mmg,.n(R) of the n elastic modes of vibration associated with the n

first eigenfrequencies Wi (0a), - - -, wn ' (0a).

3. The diagonal matrix [M; " (6,)] € M, (R) of the generalized masses such that [M; " (0,)],5 =
by (04) 851 in which 113" (0,,) is the generalized mass of elastic mode k and where 5, = 1 and

01 = 0forj # k.
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4. The diagonal matrix [K5"(0,)] € M (R) of the generalized stiffnesses such that [K5" (6, )] 5 =
iy, (0a) wy* (0a)? djk-

5. The matrix [D5"(0,)] € M (R) of the generalized dampings. In general, this matrix is

not diagonal but is full. If the diagonal terms are only experimentally identified, then we have

DEP(O)] ik = 2E5P(0,) TSP (04) w(04) 815, in which £5P(6,,) is the modal damping rate of
J k k k j k

elastic mode k.

Finally, from the experimental modal analysis perfomed for each structure S(6,, ), it can be deduced

the experimental reduced matrices,
M2 (0a)] € MER) , [DEP(0)] €VE(R) , [K5P(0a)] €MIR)  (99)

relative to the C™-valued vector of the experimental generalized coordinates (36"" w, 0,) such that
p g

27w, 00) ~ [¥5°(0a)] Q7P (w, o)
— 0w, 0] £ (W) (100)
in which Z*?(w, §,) € C™o is the frequency response of the mqy; output DOFs induced by the

complex vector f*P(6,) € C™ of the mi, input DOFs, and where vector Q¥ (w, 6,,) has to verify

the following matrix equation,

(= [ME®(0a)] + i [D5P(0a)] + (K5 (0a)]) Q7P(w, 6a) = FP(w,0a) (101)
with F&P(w,0,) = [U5P(0,)]T £P(w) is the C"-valued vector of the experimental generalized

forces.

5.2. The mean finite element model

In the frequency domain, the mean reduced model of structure S constructed from its mean finite

element model (see Section 4.2) is written as

yw)=[2,]qw) , (102)

in which y(w) € C™ is the complex vector of the m DOFs of the mean finite element model, where
q(w) € C" is the complex vector of the n generalized coordinates of the mean reduced model and

where [®,] € M,, »(R) is the matrix of the n elastic modes of vibration associated with the n first
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eigenfrequencies 0 < w; < ... < w,, and which are computed with the mean finite element model.

Vector q(w) has to verify the following matrix equation
(-’ [M,]+iw[D,] +[K,])qw) =F"(w) , YweB (103)

in which F"(w) € C" is the complex vector of the generalized external forces and where the mean

reduced matrices [ M, ], [ D,,] and [ K] are such that
(M, ] €MI(R) , [D,]eMI(R) , [K,]JeMI(R) . (104)

It should be noted that the number m of DOFs of the mean finite element model is such that

m > Moyt and m > n.

5.3. Nonparametric probabilistic model

The nonparametric probabilistic model of random unceratinties associated with the mean reduced
model defined by Egs. (102) to (104) is constructed as explained in Section 4.3 and is then written

as

Y(w)=1[2,]Qw) , (105)
(—w? [M,,] +iw [D,] + [K,]) Q(w) =F*(w) , YweB |, (106)

in which the random reduced matrices with values in M (R) are written as

Mo =[Lg, " (G, ][Lag, ] 5 [Pa]=[Lp,]" [Gp,][Lp, ], [Kn]=[Lk,]" [Gx,][Lk,], (107)

where random matrices [Gyy, |, [Gp, ] and [Gx, ] are in ensemble SG™ defined in Section 2.1 and

where the upper triangular matrices (L, ], [Lp, ] and [L, | in M, (R) are such

(M) =Ly 1" Ly ] 5 D) =[Lp )" [Lp,] + (K, =[Lg ] Lk ] . (108)

The probability distribution of each random matrix [Gyy, ], [Gp, | or [Gk, ] is defined in Section
2.1.3 and its algebraic representation is defined in Section 2.1.7. These probability distributions
depends on the dispersion parameters ¢ s, 0 p and d x which are defined by Eq. (37) and which are

the parameters which have to be identified using the experimental data.
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5.4. Transformation of the experimental reduced matrices

In order to identify the dispersion parameters s, 0p and dx of the nonparametric probabilistic
model using experimental data, we have to construct experimental realizations of random reduced
matrices [M,], [D,] and [K,]. It should be noted that experimental realizations [M*(6,)],
[D5P(0,,)] and [K5®(0,,)] cannot directly be used as realizations of random reduced matrices [M,,],
[D,,] and [K,,] because these two sets of matrices do not correspond to the same basis (i.e. to
the same generalized coordinates). We then have to transform the experimental reduced matrices
utilizing an adapted change of basis in order to get experimental realizations of the random reduced

matrices.

The C"-valued random vector Y(w) of the DOFs of the stochastic dynamical system is defined
by Eq. (105). If all these m DOFs were measured, then the C"-valued vector Y**P(w, 6,,) could
be measured for each realization S(0,) of structure S. In point of fact, only a small number of
DOFs can be measured and this is the C™ou-valued vector Z®*P(w, ,,) introduced in Eq. (100) with

m > moyt. Consequently, there is a matrix [P] € My,,,.m(R) constituted of 0 and 1 such that
77 (w,0,) = [P Y™ (w,0,) . (109)

Taken into account Eq. (105), the vector of the generalized coordinates associated with Y*P(w, 6,,)

is then Q**P(w, ,,) € C™ such that
Y (w,0,) = [2,] Q™ (w,0a) - (110)
Substituting Eq. (110) into Eq. (109) yields
270 (w,04) = [P][2,] Q™ (w, ba) (111)

From Egs. (100) and (111), we deduced that

(U5 (00)] Q7 (w, 0a) = [P][2,] Q™(w, 0) - (112)
By construction, the matrix [U5"(0,)]7 [¥5"(0.)] € M, (R) is invertible. Introducing the left
pseudo-inverse ([5P(00)]” (5P (0a)]) " (U5 (00)]T € My mou(R) of [T5P(00)] € Minguen (R),
Eq. (112) yields

Q™(w, o) = [9;°(0)] QP (w, 0a) (113)
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in which the matrix [S; " (0,)] € M, (R) is given by
[SEP(00)] = ([WEP(0a)] [WEP(0a)]) " [TEP(0)]7[P] [@,] - (114)

Substituting Eq. (113) into Eq. (101) yields

(—w® [MP(0a)] [S52(0a)] + iw [D5P (02)] [ (0a)] + (K52 (0a)] [S5P(0a)]) QP (w, b)

— F(w,0,) . (115)
The left multiplication of Eq. (115) by [S5 " (0,)]" yields
(—w? [M3P(0a)] +iw [DFP(0)] + K5 (0a)]) Q¥ (w, o) = [S5P(0a)]" F*P(w,04) ., (116)
in which the matrices [My, " (04)], [Dn" (04)] and [K7 " (0,,)] are defined by

(M2 (0a)] = [S52(0a)]" [M5P(0a)] [S7P(0a)] € Vi (R)
[D5P(0a)] = [S52(00)]" D5 (8a)] [S5P(0a)] € b1 (R)

[P (0a)] = [S5P(0a)]" [K5(0a)] [S57P ()] € ME(R) (117)

Q

Comparing Egs.(105)-(106) with Egs. (110)-(116), we deduce that matrices [My, ¥ (04)], [Dn" (04)]
and [K;,"(0,)] defined by Eq. (117) can be considered as experimental realizations of random

matrices [M,,], [D,,] and [K,,] defined by Eq. (107).

5.5. Experimental identification of the dispersion parameters of the nonparametric probabilistic

model

The problem solved in this section is the experimental identification of the dispersion parameters
drr, 0p and 0 of the nonparametric probabilistic model using experimental data and two types of
estimators: (1) the natural estimator deduced from Eq. (37) and (2) the estimator constructed with
the maximum likelihood method. Let [A7" (6,,)] representing [My,* (0,)], [Dn* (04)] or [K7 ™ (04)],
let [A,,] representing [M,,], [D,,] and [K,,] and let 0 4 representing d,;,  p and dc. Consequently, we
have to identify dispersion parameter § 4 of random matrix [A,,] knowing  experimental realizations

[ARP(61)], ..., [AP(0,)] of random matrix [A,,].
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5.5.1. Experimental realizations of the normalized factorized random matrix

Since [A,,] belongs to ensemble SE™, from Section 2.2, we deduced that random matrix [A,,] with
values in M} (R) is written as [A,,] = [L, ]7 [Gy][L, ] in which the invertible upper triangular
matrix [L, | € M,(R) is such that [A,] = [L, ]7[L, ] € M} (R) and where random matrix
[G,,] belonging to ensemble SG™ is written (see Eq. (23)) as [G,,] = L, [L,] with [L,] the
random matrix defined in Section 2.1.7. The objective of this section is to construct 7 experimental
realizations [Lyp " (601)] ,..., [Ln7(6,)] of random matrix [L,]. We then introduce the matrix
[GRP(0)] € MF(R) such that [A5P(0,)] = [Ly |7 [GR*(0a)] [La ] Since matrix [L, ] is

invertible, matrix [G7," (6,,)] is then given by the equation,

(GRP(0a)] = [La, )" [AZP(0a)] [La,] 7" € ME(R) . (118)

n

Matrix [G7 " (6,)] can then be written as

[GRP(0a] = [LP(0)]" L3P (0a)] (119)

in which the upper triangular matrix [L5" (6,)] is calculated by the Cholesky factorization of

positive-definite matrix [G7," (6,)]. Consequently, we have effectively constructed r realizations

[La?(01)] ..., [LnY(6,)] of random matrix [L,,].
5.5.2. Probability density function of random matrix [L ]

Let 0 4 be the parameter defined in Section 2.1.7 such that
0A
oA =
A vn+1

Therefore, it is equivalent to identified o 4 or 4. From Section 2.1.7 and since the random variables

(120)

{[Ln]j;7,J < j'} are independent, the probability density function pyy,, 1([L,] ; 0.4) of random upper

triangular matrix [L,, |, with respect to the measure dL,, = II1< < /<y d[Ly];;, is written as

P ([Ln]s0a) = {Thi<jcjrcn pjj ([Lnlji s 0a) ) {Tlici<n pi([Luljji0a)} ,  (121)
in which
(Ll 3 04) = ———c L2 (122)
ig! nljj’ s - X — 5 9 | 4nljqr 5
Pjj ji’ i 0A V2o A p 20124 ji
2
pi([Lnljisoa) = Tr+ ([Laljg) X —————
F (20’2 + Tj>
A
2\—1/(20%)—(1—5)/2 | 1 2
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5.5.3. Independent copies of random matrix [Ly,")

Let [LoP'], ..., [LS™"] be r independent copies of random matrix [L5]. A realization [LS™ (6)],
., [L$™"(0)] of the r random matrices [L$™'], ..., [LS™"] can be constructed in using the
known independent realizations [Ly, " (01)], . . ., [Lyn" (6,.)] of random matrix [L,,] whose probability

density function pyp,1([Ly] ; 04) is defined by Eq. (121). For a = 1,...,r, we then take

[LEP(0)] = [L3P(0a)] - (124)

5.5.4. Estimation of 6 5 by using the natural method

From Eq. (37), the natural estimator 60 of 64 is the random variable 60 = d, ([LSP], ..., [LSP™))
which is defined by
(LS, L)

1/2
- {n Z | LgP)T [L5P] — (1, ||%} . (125)

The mean value m+, and the standard deviation o, of estimator 9, 50 are usually defined by

50 50

my = E{8)}) . o} =F {(5 —mgO)Q} . (126)

The estimation of § 4 is given as the realization 6°(6) = d, ([LSP*(0)],.. ., [LE®"(6)]) of random
variable gf} and can then be written as

32(0) = d([L52(00)], -, [LSP(6,)]) (127)

5.5.5. Estimation of § o by the maximum likelihood method

From Eq. (120), we deduce that it is equivalent to estimate d 4 or o 4. The unknown parameter
which has to be estimated can then be chosen as o 4. The likelihood function is the random variable

Lo(oa; LS, ... [LS™"]) depending on parameter o 4 such that
Lo(oas LMY, [LEPT]) = Ty pu, (L) 50a) (128)

From Eqs (121) to (123), we deduce that

log{ L, (oa; [L5P], . LGP )} = Y log{pp, (IL5™]504)} (129)

a=1
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in which

log{pp,(IL5P°Ts04) = D log{pyr (L™ 504)}

1<j<j’<n
+ Y log{p([Lg™5504)} (130)
1<j<n
with
1
log{psy (LY 1 0a)} = =5 5 APy — log{v2moa} . (131)
A
xb.0r 1 1—7 1 1—j
g, (L2500} = low(2} —tox {T (o + 757 ) | = (o + 757 ) towt2®)
]- . exp, ]‘ eXp, & 2
+ (g 1) toallLem ) - g IO, (132)
The estimator of parameter o4 defined by the maximum likelihood method [21] is the random
variable 5, = s, ([L5™'], ..., [LS™"]) which is such that
LG LS e L)) = max £, (a5 [L901) [LSPT]) L (133)
oA
or equivalently, by
log{L(5,); Ly, ..., [LE™T]} = max log{L, (o ; LY, ... [LI™T])} . (134)
TA

The mean value m~ and the standard deviation o of estimator 7. are usually defined by

ms =FE{5,} , o2 E{(&r—ma)z} . (135)

o
Let ms and o5 be the mean and the standard deviation of the estimator ZS\T of 0 4 which is such that

0, = 0,.v/n + 1. We then have
m/g:m;vn—l—l , 0/5\20';\/714—1 . (136)

The estimation of o 4 is given as the realization 5, (6) = s, ([L5.>" ()], .. ., [L5™"(0)]) of random

variable &, and can then be written as
or(0) = sr([L3P(01)], - .- [LRP(6:)]) - (137)

Then, the estimation of 0 4 is given by &,.(0)/n + 1.

For a given realization [Ly " (61)], ..., [Ln ' (0,)], the maximum of the function
oa = log{L(0a; [L3P(01)], .., [LP(0r)])}

is obtained for 0 4 = 7,.(0) and is directly determined in calculating the graph of this function in the
neighborhood of 4 = 6°(6) /+/n + 1 in which 6°(6) is defined by Eq. (127) and which constitutes

a reasonable estimation of § 4.
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5.5.6. Efficiency and convergence of the two estimators

The biais and the efficiency of the estimators 579 and gr of parameter ¢ 4, respectively defined in

Sections 5.5.4 and 5.5.5, can be analyzed (1) in comparing the functions r — 6.4, 7 — m, and

T M and (2) in comparing the functions r — 0% and r — o5, defined by Egs. (126) and

(136). Forn = 10 and 6 4 = 0.5, these functions have been calculated on r € [1,20], in using the

Monte Carlo simulation with 5000 realizations. Figure 12 displays the functions r — § 4, r — m

o7
and 7 — m- . It can be seen that, for any r fixed in [1,20], the biais of estimator 5, is less than the
biais of estimator 379 Figure 13 displays the functions r — o, and » — o~ . It can be seen that,

80 S
for any r fixed in [1, 20], estimator 6, is more efficient than estimator 5.
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Fig. 12. Graphs of functions r—6 4 (horizontal thin solid line), oM, (thin solid line) and rome (thick solid line).
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Fig. 13. Graphs of functions r—os, (thin solid line) and T o (thick solid line).
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6. Conclusions

This paper proposes a nonparametric probabilistic approach for taking into account data and model
uncertainties in linear dynamical systems for which the mean model is given and fixed. The
objective of such a nonparametric probabilistic approach is to increase the predictability of a
given and fixed mean model, that is to say, is to increase the predictability without improving
the mean model by introducing additional smaller spatial scales or a hierarchy of models. In
such a nonparametric probabilistic approach, data and model uncertainties can be introduced by
using the random matrix theory. In this context, several useful sets of random matrices have been
introduced and allow uncertainties to be modeled in computational mechanics. Non homogeneous
uncertainties can be modeled with such a nonparametric approach using dynamic substructuring
methods. For this nonparametric approach, the information used does not require the description of
the local parameters of the mathematical-mechanical model. The parametric approaches existing
in literature are very useful when the number of uncertain parameters is not too large and when the
probabilistic model can be constructed for the set of parameters considered. The nonparametric
approach proposed is useful when the number of uncertain parameters is high and/or when the
probabilistic model is difficult to construct for the set of parameters considered. In addition, the
parametric approaches do not allow the model uncertainties to be taken into account (because a
parametric approach is associated with a fixed model exhibiting some parameters), whereas the
nonparametric approach proposed allows the model uncertainties to be taken into account for a
given and fixed mean model. For some nonlinear dynamical systems constituted of a linear system
with additional localized nonlinearities, the nonparametric model is only applied to the linear part
of the reduced model. This nonparametric model of random uncertainties can simultaneously be
used with the usual parametric model of random uncertainties which allows random uncertainties
on nonlinear damping and restoring forces to be taken into account. In this case, a nonparametric-
parametric model of random uncertainties has to be considered. Concerning this nonparametric
model, the probability distribution of each random generalized matrix of the linear part of the
random reduced model depends only on two parameters: the mean generalized matrix associated
with the mean finite element model and corresponding to the design model, and a scalar parameter §
whose value has to be fixed by the designer in the interval [0, 1] in order to give the dispersion level
attached to the random generalized matrix. It seems clear that parameter ¢ is a global parameter

resulting from expertise or identification. Concerning the identification of parameter § 4 knowing
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experimental data, a methodology and two estimators are proposed. The first one is very easy to

construct and the second one, which is based on the maximum likelihood method, is more efficient.
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