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Abstract

We propose a stochastic finite element method for nonlinear mechanical systems whose uncertain parameters can be modeled as ran-
dom variables. This method is based on a Gaussian standardization of the problem and on an Hilbertian approximation of the nonlinear
mechanical function using Hermite polynomials. The coefficients of the approximation are obtained using a cubic B-spline interpolation
of the response function. It provides simple expressions of the response moments. Some of its possibilities are illustrated through four
numerical examples concerning one linear problem and three nonlinear problems (elasto-plastic behaviors and contact problem) in which
the random parameters are modeled as correlated lognormal random variables. The numerical results obtained attest the relevance of
this approach.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

Nowadays it is a common practice in structural engineering to use the finite element method to analyze complex
mechanical problems. Particularly, nonlinear models are often built even for large industrial problems, whatever the non-
linearity type (material, geometrical, etc.). Nevertheless, the number of parameters of these models and therefore the var-
iability and the uncertainty in the determination of their values require the development of new modeling techniques taking
into account this random context. The uncertain parameters can be modeled either by random variables (r.v.) or by sto-
chastic fields (elastic modulus of a soil for example). In this work, we only consider vector r.v. without loss of generality
because the discretization of random fields always leads to vector r.v.

Using this approach, two kinds of results are expected: either the computation of a reliability index or the achievement
of some sensitivity indicators. For both kinds, we often have to estimate statistic moments of the mechanical response. The
Monte Carlo simulation methods have first been used [10,23]. Even if these methods have strong advantages (their simplic-
ity, their robustness, their regular improvements [2,4,5]), they usually become time-consuming as the complexity and the
size of the embedded deterministic models increase. In order to find an alternative to Monte Carlo simulations, successive
probabilistic approaches based on the Finite Element Method (FEM) have been developed for 20 years. These different
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approaches have been called Stochastic Finite Element (SFE) Methods [15,19,27]. For example, we can find some pertur-
bation methods [6], the quadrature method [3,27}—based on an extension of the Gauss integrating schemes—or the
response surface methods, first used for optimization needs and then in a reliability context [11]. Several methods are based
on the discretization of random fields, modeling entry parameters, for example the Spectral Stochastic Finite Element
Method [14] or the Weighted Integral Method [8] or others perturbation methods [19,27]. These last SFE Methods are
sometimes combined with Monte Carlo simulations [26] and provide an interesting alternative to Monte Carlo simulations
for mechanically linear problems. But they cannot be easily extended to the analysis of nonlinear problems. Some studies,
for example [1], give interesting results, but only in restricted applications fields. However, the methods where the finite
element model is not modified seem to be more promising because the nonlinear deterministic FE calculations are well
mastered.

The work presented in this paper is a contribution to the development of SFE Methods to mechanically nonlinear prob-
lems. The proposed method can be viewed as a response surface approach. In a reliability context, the approximation of the
limit-state function by a polynomial surface is only made around its design point [9,21]. However, when statistical moments
have to be computed, it is necessary to approximate the mechanical response in its whole definition domain. This response
surface, written in terms of standard Gaussian variables, is an approximation of the mechanical response projection on a
finite dimension Hilbert space, which is spanned by an orthogonal Hermite polynomials basis. Such a basis has been widely
used for 20 years [12,16]. A difficulty lies in the fact that multiple integrals have to be computed to evaluate the approx-
imation coefficients (see, for example, [13,16,20]). In this paper, we propose a strategy that consists in making a cubic B-
spline interpolation of the mechanical response so as to calculate the expansion coefficients. The response surface is then
used to compute the approximated statistical moments and to estimate the probability distribution of the response.

The first part of this paper deals with the principle of the method. Then, some possibilities of the approach are inves-
tigated through four simple problems: the randomness of the entry parameters is described by one or two correlated log-
normal random variables. The first problem is mechanically linear and the three others are nonlinear (elasto-plastic
material and contact problem in the fourth application). The quality of approximations is evaluated by comparisons with
reference solutions obtained by analytical models, or by Monte Carlo simulations. The influence of the dimension of the
projection space and of the interpolation refinement on the calculated moments are eventually studied.

2. Presentation of the method
2.1. Statement of the problem
The study presented in this paper concerns the following problem:

1. We consider a mechanical system whose behavior is nonlinear and described by a finite element model (“black-box”
type model).

2. Some scalar parameters yy, ..., y of the model, gathered in a vector y = (y,,...,5,) € R, k € N*, are uncertain.

3. We are interested in a scalar observation z (displacement, strain, stress, etc.) of the response system, linked to y via a
relationship of the form:

z=fW), (1)

where f is a measurable function from R* into R completely determined by the finite element model.

4. We want to quantify the effect of the random variability of y on z.

5. With this object in view, we assume that y can be suitably modeled as a R*-valued random variable (r.v.)
Y= (Y, ..., Yx) with given absolutely continuous probability distribution Py such that Supp(Py) C def(f), where
Supp(Py) and def(f) denote respectively the support of Py and the definition domain of f.

6. In these conditions, f being measurable and R-valued, z is a scalar r.v. denoted by Z, such that

Z=f(Y). 2)

7. In accordance with point 4, then we seek to characterize the r.v. Z, given the couple (f, Y), where Y is defined by its
probability distribution Py and f by the considered finite element model.

The proposed approach is based on the construction of an Hilbertian approximation of f that allows us to estimate the
statistical moments of the r.v. Z; in particular, its two first moments (mean and variance) will allow us to quantify the effect
of the random variability of Y on the second order random variability (i.e. the scattering) of Z. It goes without saying that
the full characterization of Z is its probability distribution. On the one hand, considering the specificity of the problem (f'is
nonlinear and not defined by an explicit analytical expression, k is not necessarily small, and Y is a priori not Gaussian),
estimation of this function by using Monte Carlo simulation of the FE model would be very time consuming. On the other
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hand, simulation of the Hilbertian approximation will be very cheap, so this approach may be considered in order to build
an approximation of the probability distribution.
The first step of this approach consists in rewriting the problem in terms of standardized Gaussian r.v.’s.

2.2. Gaussian standardization

Under little constraining assumptions, that we take as satisfied here, it can be shown that there exists a measurable
function T from R* into R and a Rf-valued standard Gaussian r.v. X such that

Y =T(X), (3)
where the equality in Eq. (3) must be interpreted as an equality of probability distributions. Inserting Eq. (3) in Eq. (2)
yields

Z =g(X), (4)
where g is a measurable function from R* into R such that

g=foT. (5)
Eq. (4), that expresses Z as a function of standardized Gaussian r.v.’s, defines the working formulation on which the
proposed method is based.

Appendix A gives the expression of 7"when X is lognormal, which is the case in the present work (see applications in
Section 3). The general expression of T is given in reference [22].

2.3. Fundamental assumption on g

Let v be the standard Gaussian probability distribution on R* and let ¢, be its density with respect to the Lebesgue

measure dx = dx; --- dx; on R*. We have, Vx = (xq,...,x) € R,
o et [P 6
Vk( ) - q)k(x) ) q)k(x) - ( TC) exXp P ) ( )
where || - || denotes the canonical Euclidean norm on R¥. In the following, we will assume that g is square integrable with
respect to v, that is to say that the condition:
[ £0m@) = [ @eounar < +oc ™)
R R

is satisfied. The above integrability requirement is usually satisfied in physical systems.
2.4. Hilbertian approximation of g

Let L*(R¥, v;) be the Hilbert space of the v;-square integrable functions from R* into R, equipped with the inner product

((-,-)) and the associated norm ||| - |||, such that, Vi, f> € L*(R¥, v;),
(5 ) = [ A0 = [ Ai@AEe ®)
ANl = (.0 )

Let (H,(x),« € N¥) be the family of Hermite polynomials on R* and let (h,(x),x € N*) be the associated standardized fam-
ily, such that, Vx € R and Vo € N¥, hy(x) = (a!)2H,(x) (see Appendix B), where o = (o, ..., 04) € N* k e N*, is a k-order
multi-index with length || = oy + - -+ + 0.

Given that (/,(x),« € N*) forms an orthonormal basis of L*(R*,v;) and considering that, from Eq. (7), the function g
belongs to this space, we can write, Vx € R,

e =3 Gnl) = S g (), (10)
|o]=0 || =0
where

G, = ((g:h)) = [ &g, (0 (1)
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and
1 1
g, == ((gH) =~ [ gx)H,(x)p(x)dx. 1)
o o Jre
A M-order Hilbertian approximation g’ of g is then obtained by truncating the expansion (10) at a fixed order M € N*:
M
') =Y guta(). (13)
\

o|=0

Recall that H,(x) is given by (see Appendix B):

k
Hd(x) :HH%‘(xi)a (14)
i=1
where x = (xy,...,x;) € RF and, Vie {1, ..., k}, H,,(x;) is the a;-order Hermite polynomial on R.
Thus, determining a M-order Hilbertian approximation of g reduces to estimate the coefficients (g,, |«| =0, ..., M)
given by Eq. (12), which can be rewritten:
1

where (- ) denotes the mathematical expectation. In the following, M will be called “approximation order”.
2.5. Calculating the approximation coefficients

Calculating the coefficients g, given by Egs. (12)—(15) represents the most important and most delicate step of the
method. We could have used Monte Carlo, quasi Monte Carlo or Modified Monte Carlo methods [2,4,5,10,23] to carry
out this calculation. This strategy would have required much calls to function g and has been excluded for practical rea-
sons. Other methods [13,16] could also be used, but again, they do not seem to realize the best compromise between the
quality of the approximation and its cost. This is the reason why we have chosen another approach. It consists in replacing
g in Egs. (12)—(15) with a piecewise polynomial approximation constructed from a cubic B-spline interpolation [7].

Let us suppose that this approximation, denoted by S, has been constructed. Then, according to Egs. (12)—(15), the coef-
ficients g, are approximated by

6~ €, = (SOOHL00) =

[ S@H (o wa (16)
and g™(x) in (13) is approximated by

M
&) = () = 3 2.H, (). (17)
|o|=0
The obvious interest of this approach is that, once the approximation S has been obtained, calling g is not required to cal-
culate the coefficients g,. Consequently, any numerical method (Monte Carlo, quadrature, etc.) can be used. For example,
for small values of the problem dimension, a Gauss—Legendre integration scheme could be used.

The determination of S constitutes the main cost of this strategy. The graph of such an approximation is composed of #*
hyper-arcs, that is of n* hyper-surfaces restricted to bounded hypercubes of R¥, where n is the number of interpolation arcs
in each space direction and k the number of input r.v. For the sake of simplicity, only uniformly distributed interpolation
points are considered in this first work. Determining S requires to define N; = (n + 1) interpolation points and therefore to
call N;times the function g (see Appendix C). Even if we optimize the location of these interpolation points, the number of
deterministic computations increase exponentially with the number of input r.v., as long as a tensor-product quadrature
formula is used. This is the main reason why the proposed approach is limited to problems involving a small number
of uncertain parameters, which represent however a large field of engineering problems. The use of integration schemes
more suitable for high dimensional integrals calculations, as Smolyak quadrature [25], would probably allow to consider
problems involving a larger number of r.v. However, it seems unrealistic to apply such a method (like other surface
response methods) to situations where stochastic fields are to be considered.

Tl

2.6. Approximation of moments of Z

The coefficients g, being calculated, let us introduce the scalar r.v. Zs such that

Zy=g"(X) =) &H.(X) (18)
\

o|=0
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whose N-order moment, for any N in N*, is given by

.aM,N - Z Z g gtx""<HHmf(X)>7 (19)

Jo!|=0 |oN =0
where, Vj € {1,...,N}, o/ = («,...,%,) € N* is a k-order multi-index. For any N in N*, the corresponding moment
un = (Z") of the r.v. Z defined by Eq. (4) can then be approximated by i y:
10% ~ /]M‘N- (20)

Using the orthogonality properties of Hermite polynomials, the formula (19) can be easily computed. As an example, for
N =1 and N =2, we obtain

M
= (Z) =~ iy _Zgac 20 = &0, (21)

|o]=0
=(2%) ~ s Z

Let us suppose now that more than one scalar observation of the response is considered (see for example application in
Section 3.4) and let be / the number of these observations: Z is then a vector r.v. Z = (Z,, ..., Z)). The covariance of a cou-
ple (Z;,Z;) is given by

Cov(Z;,Z,) ~ Z Z g ghalls, o, (23)
|o]=0 |o2[=0
where Z; ~ Zy; = Yy o 8HL(X). Z) ~ Zuy = Y y_o E4H(X).
Let be P the effective number of terms in the expansion (13) or (17); P is always greater than M (fork=1, P=M+ 1,
fork=2,P= w, ...) and is called ‘““truncation order”. For computational purposes, each Hermite polynomial on
R* involved in (13) or (17) can be associated to an integer index j such that 0 <j < P — 1. So (18) can also be written:

gazot 10 ol o2 (22)

T Mi

Zy =) &H;X) (24)

and, remembering that (Z) ~ g, (see Eq. (21)), an approximation of any centered N-order moment of Z can be
. } M P-1 N
(Z—(2))" =hv = (Zu— &) = Iuy = (Z%H;(D) : (25)
=1

After some algebra, it can be written that

ip_3 N—iy) gy (i —i ip_3—ip_2) 7(ip_
,UMN _ le ()Z,Z .- le - zlzz---ip,z,N<H§ I)Hél 2) . ,H;Dizz P Z)H;)ilz)>’ (26)

P—2 sums

where

N il iP*} (N—=iy) ~(iy—ip ~(ip_3—ip_3) ~(ip—
AiliZ“‘iP—2~N = ( . ) ( . ) e ( . X gl 2 g fia) H 'gﬁ’i; g ->g§3i]2)
I %) lp2

and with <Jl ,%j), the binomial coefficient.

— G
So the computation of (26) leads to the evaluation of the following kind of expectations:

P-1 ko /p-1
<H<H,-(X>>”f> =11 <H<Ha,,f(xi>)ﬁf>7 (27)
j=1 =1 \Jj=1

where H,(X) = [[_ H 4,.1(X:), with H; Hermite polynomial on R* and H, ; associated Hermite polynomlals on R.

A set of Fortran subroutines has been developed in order to compute exactly these statistical moments,' whatever the
order N and the dimension k. Thus, we can reach our goal, which was to obtain numerical approximations of the statistical

! In practice, it is especially interesting to evaluate the well-known skewness (f;) and kurtosis (j5,), respectively defined as: f§; = &, By =&, where o, i3

and 4 are the standard deviation and the 3-order and 4-order centered moments.
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moments at a low cost. The knowledge of these approximated statistical moments could be used to approximate the prob-
ability density function of the r.v. Z. In practice, we preferred to estimate this function by performing Monte Carlo sim-
ulations of the M-order approximation g of g (17) (see applications).

To finish, consider the scalar r.v.:

Zi = 2"(X) = > g, H,(X) (28)

Jor|=0

which differs from Z,, in that, according to Eq. (16), the coefficients of the Z,,-expansion (18) are approximations of those
of the expansion (28). Then, it can be shown that the r.v. Z,,, with g, given by Eqs. (12)—(15) for o such as 0 < |«| < M, is
the best approximation in the mean-square sense of Eq. (4). As a result, if the coefficients g, are good approximations of the
coefficients g,, we are sure that the approximations of the moments uy of Z by the moments jiy, v of Z, are correct, at least
up to the second order (i.e. for N < 2).

3. Applications

In order to illustrate some possibilities of the proposed method, we propose four applications focused on the calculation
of the statistical moments of the system response and on the estimation of the Probability Density Function (PDF) of the
marginal laws of the response r.v. The influence of the variability of the uncertain parameters on the response system is also
studied. The uncertain parameters are modeled as lognormal r.v.’s; these r.v. are correlated if more than one is considered.
The first presented example deals with a mechanically linear problem. Thanks to its simplicity, the exact analytical expres-
sions of the target moments can be established. The other examples concern some nonlinear problems for which the cal-
culation of the target moments requires using a Monte Carlo procedure.

3.1. Application 1: Bar under axial load

We consider a homogeneous rectilinear bar with constant section, embedded at one end and submitted to an axial load
at the other one (see Fig. 1).
We are interested in the longitudinal elastic displacement z of the final section, given by

L
_f 2
‘T ES (29)

where F'is the tensile axial load, S is the area of the cross-section, L is the length of the bar and E is the Young modulus of
the constitutive material.
The uncertain parameters of the model are L and S, respectively denoted by y; and y,. Hence

z=ayy,"; a=E'F. (30)
The parameters E and F are deterministic and equal to
E=21x10"Pa; F=10°N.

The couple y = (1, ¥») is modeled as a two-dimensional lognormal r.v. ¥ = (Y7, Y>) with characteristics:

Mean of Yy: my, = (Y1) = 1 m; Variance of Yi: 63 = (Y —my,)*) = m} v} .
Mean of Y: my, = (¥5) =2 x 10~* m?; Variance of Y5: 63, = (Y, — my,)’) = my vy,
Covariance of Y; and Y5: Cyy, = (Y1 — my,)(Y2 — my,)) = my my,vy, vy, py,y,, Where vy, (resp. vy,) is the coefficient of

variation of Y; (resp. Y>) and py y, is the coefficient of correlation of the couple (Y;, Y>).

As a result, z is a scalar r.v. that we shall denote by Z from now on and which is such that

Z=aY,Y;". (31)

a E,S F
e }
L

Fig. 1. Bar under axial load.
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It can be easily shown that this r.v. is lognormal, with mean m; and coeflicient of variation v given by
mZ:amYlm;zl(l+U2Y2)(1+UY]UY2pY1Y2)71) (32)
o = (1403 )(1+03) (14 oy vmpy,y) " = 1. (33)

The scattering of the response results from the variability of the random parameters Y; (the length) and Y, (the section
area). It is characterized by the coefficient of variation v, and therefore, according to Eq. (33), only depends on vy,
vy, and py,y,.

Approximations of the two first moments of Z are driven by two parameters: the approximation order M and the num-
ber N; of B-spline interpolation points. For given values of M and N, the approximations of the mean and of the standard
deviation of Z are respectively denoted by mz(M,N;) and 6,(M,N;). These statistics are compared to the corresponding
exact statistics m and o given by Eqgs. (32) and (33) (where 0, = mv,) by means of the relative error rates:

- lOO[mZ—th(M,N,)] o 100[0'2—6'2(M,N1)]

8'"(M7N1)_ m ) ga(MvNI)— . .
A VA

In fact, according to Eq. (21), mz(M,N;) does not depend on M, and consequently neither does ¢,,(M, Nj). It will be de-
noted by &,(N;) in the following. Fig. 2 shows the variation of &,,(N;) with Ny, for vy, = vy, = 0.1 and py,y, = 0.8.

For the same values of vy,, vy, and py,y,, Fig. 3 depicts the variation of &,(M, N;) with M, for several values of N;. On
these figures, we can see that the approximation of the mean is good, even for small values of N;. However, the approx-
imated standard deviation does not converge on the exact one if N;is too small, that is if the interpolation refinement is not
sufficient. Nevertheless, for values of N;allowing convergence, it can be noticed that this one is fast and leads to very good
approximations.

For any fixed value of the couple (M, N;), the approximation of the coefficient of variation v, of Z is denoted by
v7(M,N;). For M = 2 and for two values of N;(25 and 36), Figs. 4 and 5 show the variation of ©,(M, N;) with, respectively
(a) vy,, for vy, = 0.1 and py,y, = 0.8 (Fig. 4), (b) py,y,, for vy, = vy, = 0.1 (Fig. 5). The values N;=25 and N;= 36 cor-
respond respectively to 4 and 5 B-spline interpolation arcs in each space direction. The corresponding evolutions of the
exact coefficient of variation vz, given by Eq. (33), are plotted on the same figures. The comparison of these graphs shows
a good agreement between exact and approximated results. We can also observe that this agreement improves when N,
increases, that is when the accuracy of the interpolation improves.

3.2. Application 2: Elasto-plastic truss

Now we consider a three-bar truss (see Fig. 6) submitted to a deterministic load F applied on its bottom node. Lateral
bars have the same Young modulus E; and the same length L/cosa, where L is the length of the central bar, which is com-
posed of a material with Young modulus E,. The three bars have the same section, with area S.

We are interested in the vertical displacement z of the bottom node, calculated under the assumption that the mechanical
behavior of the constituent materials is elasto-plastic.

€, (Np
(%)

N;

i) L L L L L L L L L

0 10 20 30 40 50 60 70 80 90 100

Fig. 2. Variation of the error rate &,,(N;) with the number N; of interpolation points (vy, = vy, = 0.1, py y, = 0.8).
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50

40

-10

€5 (op, Np
(%)

Fig. 3. Variation of the error rate &,(M, N;) with the approximation order M for some values of the number N; of interpolation points (vy, = vy,

Pyyv, = 0.8).

0.24
0.22

0.2
0.18
0.16
0.14
0.12

0.1

0.08

0.04

0.05

vz, 6Z(JV[NI)

-3 proposed method (M=2, N, = 25)
Q@ proposed method (M=2, N, = 36)
4- exact solution (Eq. (29))

0.1 0.15 0.2 0.25 0.3

Fig. 4. Variation of the coefficient of variation of Z with vy, (vy, = 0.1, py,y, = 0.8, M =2).

=0.1,

The uncertain parameters of the mechanical model are the Young modulus £} and E,, denoted by y; and y, respectively.
The couple y = (1, y») is modeled as a two-dimensional lognormal r.v. Y = (Y], Y;) with characteristics:

Mean of Y;: my, =2 x 10" Pa; Standard deviation of Y;: gy, = my,vy,.
Mean of Y5: my, =2 x 10" Pa; Standard deviation of Y5: 6y, = my,vy,.
Covariance of Y, and Y>: Cy,y, = my,my,vy, vy,py,y, Where vy, (resp. vy,) is the coefficient of variation of Y; (resp. Y>)
and py,y, is the coefficient of correlation of the couple (Y, Y3).

The other parameters of the model, namely L, S, o, F, f, (yield stress) and E,, (plastic modulus) are deterministic and

equal to

L=1m; §=20x10*m?%

o=m/4,

F=25x10"N; f,=6x10"Pa; E,=0.7my,.

Under these conditions, the displacement z is a scalar r.v. that we shall denote by Z from now on and which is such that:
Z = f(Y), where fis a nonlinear mapping from ([F%i’;)2 into R whose expression can be analytically established in this par-

ticular case (see [17]).
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021 vy, Oz7(M,Ny)

0.1 |

0.08

-~ exact solution
@ proposed method (M=2, N;=36)

0.06 -3 proposed method (M=2, N;=25)

0.04

0.02
’ Py v,

-1 -08 -06 04 -02 0 0.2 0.4 0.6 0.8 1

Fig. 5. Variation of the coefficient of variation of Z with py y, (vy, = vy, =0.1, M =2).

ANIRNNY AN ANVINNY

Fig. 6. Elasto-plastic truss.

We are interested in the mean mz and the standard deviation ¢ of this r.v. As explained in the first application, the
approximation of m, denoted by i, (N;), only depends on N; and the approximation of ¢, denoted by 6,(M,N;),
depends on M and N;. Table 1 shows the variation of m;(N;) with Ny, for vy, = vy, = 0.3 and Py,r, = 1 (we consider such
largest values of vy, and vy, in order to verify the numerical convergence of the method, even for large coefficients of
variation).

The variation of 6;(M, N;) with M is plotted in Fig. 7 for the same values of vy,, vy, and py,y,, and for three values of Ny
9, 16 and 81, corresponding respectively to 2, 3 and 8 interpolation B-spline arcs in each space direction.

In each case, /itz(N;) and &,(M,N;) are compared with their respective targets 7, and &, estimated from 10° Monte
Carlo simulations. We can observe that these results are consistent with those of the first application, that is: (a) the mean
approximation rapidly converges to the target value, (b) for small values of N, the standard deviation approximation does
not converge to the target value, and (c) for values of N; for which the convergence is possible, this one is very fast and
leads to very good approximations.

We denote by v;(M, N;) the coefficient of variation of Z provided by the proposed method and by , the corresponding
target statistic obtained from Monte Carlo simulations: oz(M,N;) = 6z(M,N;)/mz(N;), vz = 6z/fmz. For M =6, vy, = 0.1,
py,y, = 0.8 and for two values of N 25 and 36, corresponding respectively to 4 and 5 B-spline interpolation arcs in each
space direction, Fig. 8 depicts the variation of 7z(M, N;) with vy, and compares this evolution with the one of the target .

r\r/‘:r)ilztign of the mean of Z with the number N; of B-spline interpolation points (vy, = vy, = 0.3, py,y, = 1)

Ny

9 16 25 49 81
Proposed method: 7z (N;)(x107> m) 432 3.75 4.02 4.10 4.09

Monte Carlo simulations: rhz(><10’3 m) 4.09




6488 J. Baroth et al. | Comput. Methods Appl. Mech. Engrg. 195 (2006) 6479-6501
241 Gz, 6z(M,Ng)

22

1.8

q. proposed method (N;=9)
€O proposed method (Ny=16)
L4r ' D proposed method (N=81)
= target (Monte-Carlo)

Fig. 7. Variation of the standard deviation of Z with the approximation order M (vy, = vy, = 0.3, py y, = 1).
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Fig. 8. Variation of the coefficient of variation of Z with vy, (vy, = 0.1, py,y, = 0.8, M =6).

Again, these results corroborate those of the previous application: a good agreement is observed between approximations
and targets and this agreement highly improves when N; increases.

3.3. Sphere under internal pressure

This application deals with a hollow sphere under internal pressure (see Fig. 9). The geometrical and mechanical para-
meters of the model are the internal and external radius @ and b, the Young modulus E, the Poisson ratio v, the yield stress
f, and the internal pressure p. The constituent material is supposed to be elastic perfectly plastic.

The random parameter of the problem is the Young modulus E, afterwards denoted by y and modeled as a lognormal
r.v. Y with characteristics: my=2x 10" Pa, oy = myvy.

The other parameters are assumed to be deterministic and equal to: v=0.3, a=1mm, b=2mm, f, =3 X 10% Pa,
p = 3.589 x 10® Pa. We are interested here in the radial plastic displacement z at any point of the internal outline. The
deterministic solution of this problem is known [18]. In the random case, the solution is a scalar r.v. Z given by

Z=f(Y), (34)
where f'is a mapping from R’ into R, such that, Vy € R’
A
f) == (35)
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Fig. 9. Sphere under internal pressure.

and
A :Al —VAQ, (36)
Al_afy{oc3—lnoc2—§(l—ﬁ3)]; Az_afy[oc3—lnoc4—g(l—ﬁ3), (37)
C C
O!:;; ﬁzga (38)

the constant ¢ being obtained by solving the equation:
1
p=2f, [1na+§(1 —33)} (39)

Table 2 provides the errors (expressed as a percentage (%)) on four statistical moments (mean, variance, skewness and kur-
tosis) for increasing qualities of the spline interpolation used for the computation of the approximation coefficients (see Eq.
(16)).

For all the four moments, convergence of these errors on zero is observed when the number N; of interpolation points
increases. A very good accuracy of the mean is quickly obtained and not surprisingly, major efforts have to be made when
the order of the statistical moments increases. Nevertheless, good results are obtained for all these four moments with a
significant reduction of the number N; of mechanical computations (here N; < 11) by comparison with the 10> Monte
Carlo simulations required.

Table 3 shows errors on variance, skewness and kurtosis of Z, for different coefficients of variation of the “input” r.v. Y
and for several values of the number of interpolation points (N;=7,9, 11).

Even if, as expected, errors increase with the coefficient of variation (the higher the moment order, the higher this phe-
nomenon), less than 1% error has been obtained using appropriate spline interpolation (here Ny =11, i.e. a 10-arcs spline
was used on the interpolation domain).

Then, the Probability Density Function (PDF) of the response Z has been considered. This PDF has been obtained
using two different ways. On the one hand, the PDF (called “‘analytical” in Fig. 10) has been estimated performing
10000000 simulations of the exact solution of the mechanical problem. On the other hand, the PDF had been approxi-
mated performing the same number of Monte Carlo simulations of the approximated response Z (18). We can observe
in Fig. 10 that a good accuracy is obtained for an interpolation points number greater or equal to 9 (on the graph, the
11-points curve is superposed on the analytical one). Thus, using the proposed approximation technique, only 9 or 11
deterministic FE computations of the mechanical response are required for this problem (one for each interpolation point),
whereas several millions of computations are needed using classical Monte Carlo simulations.

Table 2
Errors (%) on statistical moments (vy = 0.3)

Ny

4 5 6 7 8 9 10 11
Mean 10.43 2.11 0.48 0.24 0.04 <0.01 <0.01 <0.01
Variance 19.17 27.15 8.59 0.91 1.38 0.34 0.06 0.03
Skewness 143.39 66.99 21.69 14.77 2.25 0.86 0.34 0.47

Kurtosis 140.07 192.76 268.15 29.14 12.15 10.00 2.21 0.62
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Table 3
Errors (%) on statistical moments for various coefficients of variation

Coeflicients of variation

0.05 0.1 0.2 0.3 0.4 0.5
Variance N;=17 0.81 0.83 0.88 0.91 0.86 0.70
N;=9 0.10 0.12 0.20 0.34 0.57 0.90
N;=11 <0.01 <0.01 0.01 0.03 0.06 0.10
Skewness N;=17 10.67 10.76 12.27 14.77 17.78 20.65
N;=9 0.64 0.98 1.04 0.86 0.40 0.44
N;=11 0.78 0.44 0.38 0.47 0.62 0.78
Kurtosis N;=17 2.53 3.62 9.58 29.14 93.17 288.60
Ni=9 0.38 0.51 1.99 10.00 42.28 145.92
N;=11 0.14 0.20 0.39 0.62 0.72 0.38
T T L T T T T
8e+05 |- “" ‘\\ — Analytical .
o ---- Spline 4 points
| Spline 5 points | |
—— Spline 7 points
—— Spline 9 points
6e+05 - — Spline 11 points
= L p
59
a
A 4e+05 —
2e+05 [~ —
0 2e-06 , 4e-06 6e-06

Fig. 10. Sphere—probability density functions.

3.4. Hertz contact problem

We eventually consider a Hertz contact problem between an infinitely long cylinder and a fixed rigid horizontal plane.
The cylinder is compressed by a vertical uniform load 2F along its axis. The behavior of its material is supposed to be iso-
tropic linear elastic in a first model (Section 3.4.1) and then elasto-plastic in a second one (Section 3.4.2). Plane strain
assumption is made, so the analysis can be reduced to a two-dimensional one (see Fig. 11a).

Thanks to the problem symmetry, only half section of the cylinder, submitted to a load F, is discretized, using linear
plain strain Finite Elements (see Fig. 11b). Contact is taken into account using a mesh of contact FE linking the basis
of the cylinder and the portion of the plane that may be in contact. Due to the contact, the mechanical problem is nonlinear
in both models (elastic and elasto-plastic ones) and the FE resolution is incremental and iterative.

Fig. 11. Hertz contact problem—(a) geometry, (b) FE mesh.
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We are interested in vertical displacements (z;) of five points i (1 < i < 5) of the section S (1=(0, 2R), 2=(0, %R), 3=(0, R),
4=(0,§R), 5=(O,%R), see Fig. 11a). These displacements are gathered in a vector z. They are set at five successive loading
steps: (F; =0, 2i X F)<;<s.

Parameters of the deterministic model, namely the Poisson’s ratio v, the half-loading intensity F, the radius R and the
yield limit stress fy (for second model only), are equal to: v=0.3; F = 5000 N; R = 50 mm; f, = 30 x 10° Pa.

3.4.1. Elastic cylinder

The uncertain parameter of this first model is the Young Modulus E of the constituent material, modeled by a lognor-
mal r.v. Y, whose mean and coefficient of variation write respectively: my = 3 X 10'° Pa; vy = 0.2. As a result, the vector
displacements z is a vector r.v. that we shall denote by Z =(Z, ..., Z5).

Tables 4a and 4b provide errors (expressed as a percentage (%)) on statistical moments, for vy = 0.2, for several values
of the number N; of interpolation points and for each r.v. (Z;);<;<s. Table 4a shows errors on mean and variance. This
table illustrates the very fast convergence of the mean errors on zero: only five interpolation points are required to obtain
less than 1% error, whatever the r.v. Z,.

Convergence of the variance errors is less easy, but about 2% errors are obtained for more than six interpolation points.
Table 4b provides errors on skewness and kurtosis. Whatever the r.v. Z;, we notice a good convergence of errors on zero.
For both statistical moments, at most 5% errors (and in most cases, about 2% errors) are obtained for more than 7 inter-
polation points.

The probability density functions of the responses Z; are then studied. Fig. 12a and b show the estimated PDFs of the
r.v. Z; for the last loading step (F5 = F). These PDFs had been obtained by Monte Carlo simulations of the approximated
response Z (18). Different spline interpolations had been considered for the computation of the approximation coefficients.
A convergence behavior is clearly observed in Fig. 12 for increasing interpolation points numbers (on this graph, 8 points
spline and 11 points spline curves are quasi-superposed).

In Fig. 12b, these “approximated’”” PDFs are compared with the PDF estimated by direct Monte Carlo simulation of the
deterministic FE model. Because of the high computational cost of this simulation, only 10* simulations had been made
and 100 points of this PDF (called “exact” PDF) had been considered. By comparison, the “approximated” PDFs curves

Table 4a
Errors (%) on statistical moments (vy = 0.2): Mean and Variance—elastic cylinder
Ny
4 5 6 8 11
Mean Z, 3.49 0.90 0.21 0.06 0.06
Z, 3.21 0.90 0.26 0.06 0.06
Z3 3.06 0.90 0.28 0.06 0.05
Zy 2.93 0.91 0.30 0.06 0.05
Zs 2.62 0.91 0.35 0.06 0.05
Variance Z 3.23 22.83 7.10 1.77 2.13
Z, 2.48 23.23 6.87 2.01 2.11
Z; 2.06 23.46 6.75 2.15 2.10
Zy 1.70 23.66 6.63 2.27 2.09
Zs 0.86 24.14 6.35 2.56 2.07
Table 4b
Errors (%) on statistical moments (vy = 0.2): Skewness and Kurtosis—elastic cylinder
Ny
4 5 6 7 8 9 10 11
Skewness Z, 138.36 36.73 27.61 11.02 1.89 0.79 0.76 0.63
Z, 139.13 35.93 30.50 10.58 2.60 0.56 0.72 0.94
Z;3 139.44 35.38 32.28 10.32 3.09 0.45 0.67 1.13
Zy 139.64 34.85 33.94 10.10 3.57 0.36 0.61 1.31
Zs 139.75 33.29 38.26 9.56 491 0.18 0.40 1.78
Kurtosis Z, 77.97 62.81 110.71 9.00 1.91 1.34 1.67 0.83
Z, 74.60 60.72 121.99 9.46 1.24 2.02 1.72 0.80
Z;5 72.65 59.54 128.77 9.76 0.90 1.98 1.79 0.74
Zy 70.90 58.50 134.96 10.06 0.62 1.71 1.86 0.65

Zs 66.62 56.01 150.48 10.86 0.07 0.41 2.10 0.13
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Fig. 12. Elastic cylinder—convergence of probability density functions displacement z;—loading step 5.

are 1000 points curves and had been obtained performing 107 simulations because 11 deterministic FE computations were
at most needed in that case. In order to improve its shape, the “exact” PDF curve had been smoothed before being plotted
in Fig. 12b. Despite the poor quality of the “exact” PDF, agreement of “exact” PDF and “approximated” ones for suf-
ficient interpolation quality seems to be observed.

3.4.2. Elasto-plastic cylinder

Now we consider that the behavior of the cylinder is elasto-plastic with linear hardening. The uncertain parameters of
this second model is the Young modulus E and the plastic modulus E,, denoted afterwards y, and y, respectively. The
couple (1, y») is modeled as a two-dimensional lognormal r.v. Y= (Y}, Y;), with characteristics:

Mean of Y, and Y,: my, = 3 x 10" Pa and my, = 9 x 10’ Pa.
Coeflicient of variation of Y; and Y5: vy, = vy, =0.2.
Coeflicient of correlation of the couple: py,y, = 0.9.

As a result, the vector displacements z is a vector r.v. that we shall denote by Z = (Z, ..., Zs). The plastic points of the
cylinder given by the deterministic FE computation with £ = y; = my, and E, = y, = my, are shown in Fig. 13 for the 5
loading steps considered. Tables 5a-5d provide errors (expressed as a percentage (%)) on statistical moments, for
vy, = vy, = 0.2 and for several values of the number N, of interpolation points ((4 x4) < N;< (11 x 11)), at two loading
steps F; =0.2x F and Fs = F, for each r.v. (Z))1<;<s-

Table Sa illustrates the very fast convergence of the mean errors on zero: errors less than 1% error can easily be obtained
whatever the r.v. Z; and the load intensity.

Tables 5b—5d show the errors for moments of higher degrees (variance, skewness and kurtosis). As expected, accurate
approximations of such moments require a higher computational effort. Nevertheless, satisfactory errors of 1-3% are
obtained here for spline interpolations up to 8 x 8 points, whatever the r.v. Z; and the loading level.
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(a) Loading step 1 (b) Loading step 2 (c) Loading step 3
N =02F I =04F F3=06F

(d) Loading step 4 (e) Loading step 5
F,=08F Fs=F

Fig. 13. Plastic points at different loading steps (E =y, = my,, E, =y, = my,).

Table 5a
Errors (%) on Mean (vy, = vy, = 0.2)—elasto-plastic cylinder
Ny
4x4 5x5 6x6 8x8 11x11
Mean Z Step 1 1.31 0.25 0.16 0.17 0.18
Step 5 0.46 0.27 0.04 0.09 0.09
Z, Step 1 1.19 0.21 0.19 0.20 0.20
Step 5 0.08 0.24 0.03 0.09 0.09
Zs Step 1 1.14 0.20 0.21 0.21 0.21
Step 5 0.10 0.23 0.02 0.08 0.09
Zy Step 1 1.09 0.18 0.23 0.22 0.23
Step 5 0.25 0.22 0.02 0.08 0.09
Zs Step 1 0.98 0.15 0.27 0.25 0.25
Step 5 0.56 0.21 0.02 0.09 0.09

In Fig. 14 are plotted the “exact” and some “‘approximated” PDF of the r.v. Z;, for different accuracy of the interpo-
lation (N; = 6 x 6, 8 x 8), at the last loading step (Fs = F). On the one hand, as simulations of approximated response Z,
are very few time-consuming, 107 simulations were made for the “approximated” PDFs and these PDFs are plotted at 1000
points. On the other hand, because of the numerical cost of deterministic FE computations, the “exact” PDF results from
2 x 10* simulations only; Consequently, the corresponding curve is still a rather coarse approximation of the true one, as it
can be seen for example by comparison between the estimated PDF and the associated smoothed curve. Nevertheless,
despite the low resolution of the smoothed “exact” PDF, the “approximated” PDFs seem to be in satisfactory agreement
with the “exact” one. The proposed approach is far less time-consuming, so 107 simulations of the PDF were made and
these PDFs are plotted at 1000 points.

3.4.3. Comparison of the elastic and the elasto-plastic Hertz contact problems

In Fig. 15 are plotted three PDFs that correspond to the marginal law of r.v. Zs at the last loading step (Fs = F). These
PDFs have been evaluated by Monte Carlo simulations (107 simulations) of an accurate approximation involving a 11 x 11
interpolation points spline. The solid line curve shows the PDF for the elastic problem (Section 3.4.1: 1 r.v., the Young
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Table 5b
Errors (%) on Variance (vy, = vy, = 0.2)—elasto-plastic cylinder
Ny
4x4 5x5 6x6 8x8 11 x11
Variance Z, Step 1 1.17 6.64 3.63 247 2.67
Step 5 0.86 6.47 5.24 2.76 3.10
Z, Step 1 1.17 6.81 3.52 2.25 2.50
Step 5 0.62 6.57 5.72 2.67 3.10
Z; Step 1 1.16 6.90 3.46 2.13 2.40
Step 5 0.47 6.63 5.97 2.64 3.11
Z, Step 1 1.16 6.98 3.40 2.01 2.31
Step 5 0.33 6.69 6.18 2.61 3.12
Zs Step 1 1.15 7.18 3.25 1.72 2.08
Step 5 0.03 6.85 6.62 2.55 3.13
Table 5c
Errors (%) on Skewness (vy, = vy, = 0.2)—elasto-plastic cylinder
N,
4x4 5x5 6x6 8x8 11x11
Skewness Z, Step 1 40.12 2.60 5.33 1.92 1.65
Step 5 19.40 2.21 15.07 2.28 2.59
Z, Step 1 39.61 2.96 4.62 2.12 1.73
Step 5 10.23 423 18.59 2.74 3.09
Z3 Step 1 39.33 3.17 4.21 2.24 1.78
Step 5 5.30 5.43 20.55 3.03 3.37
Zy Step 1 39.07 3.35 3.86 2.35 1.83
Step 5 1.11 6.52 22.26 3.31 3.63
Zs Step 1 38.44 3.78 2.99 2.63 1.96
Step 5 8.06 9.17 26.15 4.02 4.23
Table 5d
Errors (%) on Kurtosis (vy, = vy, = 0.2)—elasto-plastic cylinder
Ny
4x4 5x5 6x6 8x8 11x11
Kurtosis Z, Step 1 20.58 10.23 2.48 2.07 2.66
Step 5 11.49 7.49 0.49 1.46 2.33
Z, Step 1 20.65 10.48 2.48 1.89 2.56
Step 5 8.37 6.52 0.39 0.65 2.07
Zs Step 1 20.69 10.62 2.47 1.78 2.51
Step 5 6.84 5.98 0.88 0.05 1.91
Z, Step 1 20.72 10.75 2.47 1.69 2.46
Step 5 5.62 5.51 1.30 0.58 1.76
Zs Step 1 20.80 11.04 2.46 1.43 2.31
Step 5 3.19 4.45 222 2.45 1.42

modulus) and the dark curve with squares represents the PDF corresponding to the elasto-plastic problem (Section 3.4.2: 2
r.v., the Young modulus and the plastic modulus). An intermediate problem has also been considered: the cylinder is yet
elasto-plastic but the randomness of the problem is only due to the Young modulus. The plastic modulus is then considered
as equal to my, =9 x 10° Pa; the bright curve with circles represents the corresponding PDF.

Fig. 15 shows that, as it was expected, plastic behavior increases the (absolute value of the) vertical displacement. In the
intermediate problem, we can observe that the response variance decreases by comparison to the elastic problem. On the
contrary, if an additional source of randomness is included (namely the plastic modulus), the variance reaches a higher
value.

Similar shapes of PDFs for these three problems can be seen if we consider the other r.v. of the response vector Z. These
tendencies can also be observed and quantified in Tables 6a—6¢. In Tables 6a—6c¢, columns (i), (ii) and (iv) give values cor-
responding respectively to the elastic, the intermediate and the elasto-plastic problems. In columns (iii) and (v), we can read
relative growth or reduction rates (expressed as a percentage (%)) with respect to the elasticity problem.
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Fig. 15. Probability density functions 11 x 11 interpolation points—Iloading step 5.
Table 6a
Comparison of the (absolute value of the) means 11 x 11 interpolation points—loading step 5
r.v. Elastic Plastic 1 r.v. Plastic 2 r.v.
(i) (ii) (ii) (iv) (v)
Z 9.37x 1077 11.63x10°° +24% 11.70x 10~° +25%
Z, 6.59x 107> 8.82x 107° +34% 8.89x107° +35%
Z, 5.66x 1077 7.92x107° +40% 7.99x 1072 +41%
Z4 505%x107° 7.34x107° +45% 7.41x107° +47%
Zs 4.02x107° 6.40x 1077 +59% 6.47x 1077 +61%
Table 6b
Comparison of the variances 11 x 11 interpolation points—loading step 5
I.v. Elastic Plastic 1 r.v. Plastic 2 r.v.
(i) (i) (iif) (iv) (v)
Z, 31.76 x 107! 29.37x 107! —8% 41.09x 107" +29%
Z, 15.06x 10~ 13.26x 107" —12% 21.51x 107" +43%
Z5 10.85x 1071 9.34 %1071 —14% 16.55x 107! +53%
Z, 8.43x 107" 7.13x 107" —15% 13.70 x 10" +62%
Zs 5.09%x 1071 4.13x 1071 —19% 9.67x 107! +90%
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Table 6¢
Comparison of the (absolute value of the) coefficients of variation 11 x 11 interpolation points—Iloading step 5
I.v. Elastic Plastic 1 r.v. Plastic 2 r.v.

(i) (i) (iii) (iv) (v)
Z, 0.1904 0.1473 —23% 0.1732 —-9%
Z, 0.1861 0.1306 —-30% 0.1650 —11%
Z; 0.1839 0.1221 —34% 0.1611 —12%
Zy 0.1820 0.1151 —37% 0.1580 —13%
Zs 0.1774 0.1005 —43% 0.1520 —14%

The increase of the (absolute value of the) means when plasticity is taken into account, is found again in Table 6a for
each r.v. (Z;)i=1,...s- We can see in Table 6b, that variances decrease for intermediate problem and not surprisingly
increase for 2 r. v. elasto-plastic problem.

We can also observe that the amplitudes of the variations of these statistical moments increase from point 1 to point 5
(that is, when points are closer to the contact area). But no evident links appear between the plastic zone locations (at last
loading step, point 1 stays in a plastic zone and point 5 is close to the other plastic zone (see Fig. 13)) and the variations of
the statistical moments.

Finally, Table 6¢ deals with the coefficients of variation of the response r.v. In the elastic case, these coefficients of var-
iation are close to the coefficient of variation of the input r.v. (vy=0.2). On the contrary, elasto-plasticity produces a
decrease of the coefficients of variation; this decreasing tendency is observed even if an additional source of randomness
is taken into account (plasticity with 2 r.v.).

4. Conclusion

This paper is a contribution to the development of SFE Methods for nonlinear mechanical problems. The presented
approach is the combination of two techniques: (i) the expansion of the mechanical nonlinear response on an Hilbertian
basis, (ii) the calculations of the expansion coefficients thanks to a cubic B-spline interpolation. The application of this
interpolation technique is original in the context of SFE Methods and leads to preliminary interesting results: accurate
approximations of the response on the whole definition domain are obtained from a limited number of calls of the finite
element model. The coefficients of this expansion up to the expected order are then computed at low cost from the inter-
polation. The statistical moments of any order and the Probability Density Function (PDF) of the mechanical response can
then be estimated in an economic way.

The proposed technique was tested on four examples. The first considered problem was mechanically linear and the
three others were nonlinear (elasto-plastic material and contact problem in the fourth example). One or several (correlated)
lognormal r.v. were considered on the different problems. The accuracy of the approximations was evaluated by compar-
ison to reference solutions obtained whether by analytical models or by Monte Carlo simulations. The effect of the inter-
polation refinement and of the dimension space projection on the calculated moments were eventually studied.

Beyond the use of a mathematically convergent development, comparisons to target results show a satisfactory conver-
gence of the Hilbertian expansion as soon as the spline interpolation is accurate enough. Concerning the presented appli-
cations, the method leads to exploitable and satisfactory results. However, these first results have to be confirmed on much
more complex problems.

The proposed approach can be put among the family of the response surface methods: the canonic basis of polynomials
used in classical regression techniques is here replaced by an orthogonal basis (namely the Hermite polynomials basis) and
the Euclidean norm on R is replaced by the norm associated to the space of vi-square integrable functions from R* to R
defined in (9).

The response surface methods are widely developed, especially because they can be very easily coupled with existing
deterministic FE codes. It has been already pointed out in the literature that they can be applied to a large class of engi-
neering problems in a reliability context or for statistical moments computations in a sensitivity analysis context. Never-
theless, although these approaches are economical when compared to Monte Carlo simulations, it is clear that the
computational cost will increase with the number of input r.v. Consequently, with current computational resources, it
seems difficult to apply such methods, including the proposed approach, to problems involving random fields.

An important issue for response surface obtained by regression techniques is the storage and the inversion of the (usu-
ally ill-conditioned) matrix of the system that defines the approximation coefficients. However, thanks to the orthogonality
of the Hermite polynomials, the corresponding matrix is here diagonal so these two difficulties disappear.

The second important problem is the evaluation of the integrals involved in the definition of the response surface coef-
ficients. In this paper, an accurate cubic B-spline interpolation technique has been chosen. Alternatives, like efficient Monte
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Carlo techniques or quadratures methods, can also be found in the literature (see [25,20]). Here, a unique approximation of
the response surface is made. This is an important advantage of the proposed method because, unlike the above mentioned
methods, as soon as an accurate enough B-spline interpolation is obtained, no additional mechanical computations would
be needed for the approximation of moments of any order. Eventually, the location of the integration points has to be
optimized. Here we considered, for simplicity, uniformly distributed points. It could be useful to test other strategies
too (collocation technique, etc.).

We believe it would now be interesting to carry out comparisons, by help of some benchmarks, between these different
ways, especially for high order moments computations.

Appendix A. Gaussian standardization of lognormal random vectors

Let Y=(Y,,...,Y;) be a k-dimensional lognormal random variable with given mean my € R* and covariance matrix
Cy € R™* such that
My, O%l CYle CYIYk
my, Croy, G%’Z o Cry,
my, Criri Criv, - O%’k

where, V(i,j) € {1, ..., k}>,

my; = <Yi>; O_f’i :CYfo; CYiY/:<(Yi_me)(Yj_mY/)>‘ (AZ)
Let I' € R** be the symmetric and positive-definite (k x k) real matrix whose generic term I’ ; 1s given by
CYvy. 2
Fy=In{1+—), (i,j 1,...,k}". A3
st (1) ) e ) (A3)
Let L € R¥* be the lower triangular (k x k) real matrix derived from Cholesky’s factorization of I':
r=Lr". (A.4)
Let Tox = (x1, ..., X)) = ¥ =1, ..., ¥x) = T(x) be the function from R* into R* defined by
m
= % exp{(Lx), }
1+ vy,
y=T() = (A.S)
i = ——== exp{(Lx),}
1403,

where vy, = ay,m; is the coefficient of variation of Y; and (Lx); is the ith component of the vector Lx on the canonic basis
of RF.

Finally, let X = (X}, ..., Xx) be a k-dimensional standard Gaussian random variable, i.e. a R*-valued Gaussian random
variable with zero mean and unit covariance matrix.

Then, we have the following result: the random variables Y and 7(X) have the same probability distribution, i.e.:

YZT(X), (A.6)

where the symbol Z denotes the equality of probability distributions.
As an example, the above relation takes the following forms for k =1 and k = 2:

o Scalar case (k=1):
Y = T(X) = X exp{LX} (A7)

vV 1+oy

with

L=/In(1+v3). (A.8)
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o Two-dimensional case (k=2):

my,

Y] = exp{LnX]}
1+,
Y=TX) <= my (A9)
V) = ——==—=exp{LuX1 + LnX:}
\/ 1+ 07,
with:
L11 = 11’1(1 +U%l) (AIO)
Loy = Bt Py, tre) (A1)
In(1 +v},)
2
= [+ In(l +v5,) —in (1 + Py 1,0, 0,) (A12)
In(1 4 v3,)
where py y, = Cylyz(O'YIO'yz)_l is the coefficient of correlation of the couple (Y7, Y>).
Appendix B. Hermite polynomials on R*
Let us recall first that the family (H,,,m € N) of the Hermite polynomials on R (i.e. x € R) is defined by
1 if m=0, B
H,(x) = 2 om o, x . .
®) (—l)meéﬁ(eé) if m e N7, (B.1)
and satisfies the recurrence relationship:
Ho(x)=1; Hpu(x) =xH,(x) —H (x). (B.2)
As an example, the six first Hermite polynomials on R are
Hy(x) =1, H;(x) = x* — 3x,
Hi(x) = x, Hy(x) = x* — 6x* + 3,
Hy(x) =x*—1, Hs(x) =x"—10x* + 15x.
These polynomials are orthogonal with respect to the standard Gaussian measure v on R:
+oo
W(m,n) € N2, / H () Hop () v(d) = nldp. (B.3)
Let £,,(x) be the polynomial on R—called the m-order standardized Hermite polynomial on R—such that, Vm € N:
1
h,(x) = —H,(x). B.4
() = 7 Hal) (B4)
The family (%, (x),m € N) satisfies
+00
V(m,n) € N2, / I () ()9 (k) = 3, (B.5)

and forms an orthonormal basis of the Hilbert space L*(R,v) [24].

Let o = (o, ...,04) € N*, k € N*, be a k-order multi-index with length |«| = o; + --- + o, and let ! and 0,5 be the
symbols defined by
=yl x o xogly V(o B) € NE X NE 8,5 =355 X -+ X Sy (B.6)

where o;! and 6,5, are the common factorial and Kronecker’s delta symbols.
Then, the a-order Hermite polynomial on R* (i.e. x € RY) is defined by

k

Ho(x) = [ [ Ha ), (B.7)

i=1
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where x = (x1, ..., x;) and, Vi € {1, ..., k}, H, (x;) is the a;-order Hermite polynomial on R. Hermite polynomials on R¥
are orthogonal with respect to the standard Gaussian measure v, on R*:

Y(a, B) € NF x N, /[R"' H,(x)H p(x)vi(dx) = o0, p. (B.8)
Let /,(x) be the polynomial on R*—called the x-order standardized Hermite polynomial on R*—such that, Vo € N*:
H (). (B.9)
The family (7,(x), « € N*) satisfies

V(x, B) € N x NF, /R By (x) B (x)vie(dx) = b5, (B.10)

and forms an orthonormal basis of the Hilbert space L*(R¥, v;).
Let us recall that the standard Gaussian measure v, on R* is defined as

2
vi(dx) = (2m) Fexp <— ”’“2”> dx, (B.11)
where x = (xy, ..., X;) and dx =dx;---dx;. For k=1, v, is denoted by v.

Appendix C. Cubic B-spline interpolation
o Functions from R into R.

Let @ and b be two real numbers such that —oco <a <b <+ oo, and let f be a function from R into R such that
Def(f) C [a,b], where Def(f) denotes the definition domain of f. We consider a partition [xg,x[U - -+ U [X,_1,X,[U [X,X+1]
of [a, b], where xo = a and x,+; = b, and we suppose that the values (f{x;); i=0,...,n+ 1) of f at the n+ 2 nodes x; of
this partition are known (thanks to a first calculation). We want then to approximate f'on [a, b] by a cubic B-spline function
S satisfying the n + 2 interpolation conditions:

S(x)=f(x), i€{0,...,n+1}. (C.1)

According to the B-spline interpolation technique, the target approximation S is of the form [7]:

n+3
(x) = _PiN3(x), (C.2)
=0
where the n + 4 real functions N é are the cubic B-spline basis functions associated with the nodal vector (g, 1, . . ., t,+7),
with to =t =t =t3 =X, t4 = X1, ..., ty43 = Xy, AN 1,14 = L5 = by = Lty = Xpr1-

For this nodal vector, the n + 6 B-spline basis functions of degree 0 are given by
N3(x) = Njx) = N3(x) =0,
No(x) = Dy 1(x) = Uiy sy o((x) for 1=3,...,n+3, (C.3)
Nn+4(x) Nn+5( ) Nn+6 (X) = 0

and, for 0 < /< n+ 6 — k, the basis functions N} of degree k can be obtained using the following recurrence formula:

Ni(x) = LN () 4 LT N ), (C4)
Lkl — i

Because the extreme nodes are of multiplicity 4 (¢ =t; = t, = t3 = xg and t,,44 = t,+5 = ty+6 = L,+7 = X,+1), the following
conditions must be satisfied:

P P, df

P,.;—P, d
—a(xo); 35 Drs “Pua _ &

PO :f(xO); Pn+3 :f(anrl); 3 x Xoi1 — X a(xn) (CS)

X1 — Xo

In practice, the derivative & (xo) and (xn) are usually unknown but can be approximated using a numerical differentiation
scheme.
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Finally, the n unknown coefficients P,, Ps, ..., P, are obtained by solving the following linear system:

bIPZ + CIP3 = (d0+d1)f(x1)—a1P1
aPy + bP; + by = (di +d2)f(x2)
(C.6)
anfanfl + brtfan + cnfanH = (dn72 + dnfl)f<xnfl)
anPn + ann+1 = (dn—l + dn)f(xn) - c;an+2
where
4 = (di)z. b — di(di-> +d;_y) n dioi(d; +dii) o= (di—l)z
YDy D, D; T D; (C.7)

di=xp1—x; Di=diy+di+dy and d_y=d,,; =0.
e Functions from R? into R.

Let a, b, ¢ and d be four real numbers such that — oo <a<bh <+ oo and —oco <¢ <d <+ oo, and let f be a function
from R? into R such that Def(f) C [a, b]x[c, d]. We consider a partition [ [xo, X1[U - U [Xu_1, Xu[U [Xp Xpr1]] X
[ [y0> J’1[U U Djmfla ym[U D}m: yn1+1]] of [a’ b] X [C, d]a where Xo = d, Xp+1 = b’ Yo=¢ and Ym+1 = d, and we suppose that
the values (f{x;, y;);i=0,...,n+1;7=0,...,m+ 1) of fat the (n+ 2)(m + 2) nodes (x;, y;) of this partition are known.
We want then to approximate f on [a, b] X [c, d] by a cubic B-spline function S satisfying the (n + 2)(m + 2) interpolation
conditions:

S(xiayj):f(xiay/')a (iaj)E{Oa'~-an+l}X{07'~~>m+1}- (CS)

The solution S is of the form:

n+3 m+3

=0 k=0
where the real functions (N é)(og 1<ny3) and (N’;)(nggm 1) are the cubic B-spline basis functions respectively associated with

the nodal vectors (an X0s X0s X0s X1s -+« +5 Xpps Xpp-15 X415 X1 xn+1) and (yOsy0=yananls ey ym’ym+lsym+l9ym+laym+l)- The
above formula can also be written:

S(ep) = S PN ) (C.10)
with
Piy) = mZPIka(Y)- (C.11)

Thus, the two-dimensional interpolation problem leads to a set of ((m + 2) + (n+ 4)) one-dimensional interpolation
problems.

It should be noticed that four additional boundary conditions are required in such a two-dimensional interpolation pro-

2

. . . . 2 2 2,
cedure. In practice, it leads to the evaluation of the four twists ;-5 (xo, ), ai—afy (*nt1520)» aax—gv (X0, Vuyr) and % (15 Vst ) -
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