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Abstract

ABSTRACT

The objective of this work is to develop robust numerical methods to compute probabilistic
response of dynamical systems with uncertain state parameters and uncertain loadings, using
the stochastic collocation method. This method is used due to the many advantages it has over
Monte Carlo simulations and the straightforward way to parallelize the problem at hand. By
probabilistic response, we mean the moments of the problem, as well as probability distribution
functions. The stochastic tensor collocation method suffers from the curse of dimensionality,
which is the exponential growth of the approximating space due to the increase of dimensions
in the same. To overcome this problem, it is possible to show that stochastic sparse collocation
method converges to the full tensor approximation, as the number of dimensions used grows.

This is a great advantage to avoid the computation of large number of realizations.

In this work we did several numerical examples, such as the statistical response of a cantilever
beam subjected to a tip force and with material uncertainty. In the range of dynamical mechan-
ical problems, a linear oscillator with uncertain stiffness and damping subjected to a Gaussian
stochastic process was solved using random vibration theory. Also a non linear oscillator sub-
jected to a random pulse and a 1d site response analysis considering a random shear velocity

profile where problems approached in this work.
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Chapter 1. Introduction

1. INTRODUCTION

1.1 UNCERTAINTIES IN DYNAMICAL SYSTEMS

In modern days, there has been a dramatic increase in the numerical capacity of computers, and
due to this fact, many numerical methods to solve models of deterministic dynamical problems
in the field of mechanics. Since this numerical capacity continues to grow, many researchers
have seen the chance to incorporate uncertainty into these dynamical problems, in a attempt to

generalize the previous deterministic cases.

Mathematically, a dynamic problem in mechanics can be modelled with a partial differential
equation

Lu=f (1.1)

where L is a partial differential operator, that depends on the system properties such as geometry
conditions and material properties, f is the external loading and w is the response. Uncertainties
may be present in the partial differential operator or in the loading, and if either is uncertain, then
the response, u, would also be an uncertain quantity. The case in which f is an uncertain external
load has been studied extensively for the particular case of £, linear differential operators [Rice,
1944; Parzen, 1962; Lin, 1965]. Equation (1.1) becomes more complicated to solve when L is
uncertain, and the solution methods used for the case of uncertain external loading no longer
is valid. Equation (1.1) is known as a stochastic differential equation, which can be ordinary
(stochastic ordinary differential equation, SODE), if it depends only on one variable, or partial

(stochastic partial differential equation, SPDE), if the arguments of the equation are beyond one.

Once the response is characterized, it will be much easier to make possible designs for these

systems, so that they perform in an optimal way.

Since it is important to characterize the probabilistic response, then it is equally important to

model the inherent randomness within the forcing terms, as well as the possible uncertainties

1



Chapter 1. Introduction

in the physical domain of the problem. Among the possible uncertainties there is for example
the material properties, geometry and boundary conditions, etc. It is not a trivial task to find
a probabilistic model to account for these uncertainties. Several attempts have been made in
the case of geotechnical engineering such as the efforts of E.H.Vanmarcke [1977]; Ghiocel and
Ghanem [2002]; Lai, Foti, and Rix [2002]. In the field of Mechanics, many contributions have
been maid by Graham and Baxter [2000]; Ostoja-Starzewski and Wang [1989] which are more

oriented to the microscale level.
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In figure (1.1) the entire process of analysis considering uncertainties of different types is sum-
marized in this diagram flow. The uncertainty can be present in the Input as well as the System.
The system can be a ordinary differential equation, a partial differential equation and a integral

equation. The system can also be linear and nonlinear.

1.2 OBJECTIVES AND OUTLINE OF THIS DISSERTATION

The objectives of this dissertation is to develop robust numerical methods to compute the prob-
abilistic response of dynamical systems with uncertain state parameters and uncertain loading,
using the sparse collocation technique, because of it’s advantages over straightforward Monte
Carlo simulation, as well as the easy way to parallelize with the sparse collocation technique.
By probabilistic response we mean the probability distribution function of the response, the mo-
ments and the covariance or correlation. With this information it is possible to fully characterize
the response of systems to later fulfill the ultimate goal, and that is to take an informed decision

to improve or optimize the performance of the system at hand.

The organization of this work is started with a brief explanation of general probability concepts
in chapter (2) followed by a reminder of the general theory of approximation and quadrature
of functions in chapter (3). In chapter (4) there is a review of the different methods present
in the literature regarding the methodologies to discretized random fields. In chapter (5) the
sparse stochastic collocation method is presented, as well as alternative methods used to solve
stochastic differential equations. In chapters (6) and (7) there are several numerical examples
using sparse collocation methods to solve static and dynamic problems in the field of mechanics.
In chapter (8) final conclusions and possible future topics of research regarding this work are

exposed.

1.3 BRIEF LITERATURE REVIEW

In the literature, there are different approaches and uses of numerical solutions intended for the
solution of stochastic partial diferential equations. The first problem at hand is to represent the
uncertainty of scalar or tensor fields, present in the partial differential operator, or in the forcing
terms using random fields. This problem has been tackled by Li and Der Kiureghian [1993],
Zhang and Ellingwood [1994], Spanos and Ghanem [1991], etc. All of the methods proposed
by these authors assume the knowledge of the autocovariance function of the random field in

question.
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Most of the numerical approaches that solve stochastic partial differential equations aim at ob-
taining the moments s, (which will be defined in chapter (2)) of the response. Some of the
authors that proceed with this methodology are [Ghanem and Spanos, 1991; Babuska, Tem-
pone, and Zouraris, 2004] using a Galerkin approach, and using collocation methods [Babuska,
Tempone, and Zouraris, 2004]one can also obtain the moments of the response. These methods
perform an approximation in both the physical and probabilistical domain D ® €2, but the dis-
tribution of the response is not obtained, and the only way to obtain it is by performing a Monte
Carlo simulation using the obtained approximations, which is already a computational relief
compared to a Monte Carlo simulation of the partial differential equation of interest. Never-
theless there are methods that are oriented to obtain the distribution of the response such as the
approach of Sett, Jeremi¢, and Kavvas [2007] and Paez [2006] with the inclusion of nonlinear

problems as well.

Galerkin methods were first approached by Jensen and Iwan [1991] and Ghanem and Spanos
[1991]. Jensen and Iwan [1991] solved the dynamical response on linear systems, considering
a gaussian stochastic process for excitation, and where the system is also characterized with
random properties (a random field) Ghanem and Spanos [1991] solved basically for linear static
problems. Later on Ghanem [1998] incursioned in different problems such as groundwater flow,

etc.

Stochastic collocation methods have the advantage that they are able to solve very easily non-
linear problems because of the decoupling of the SPDE problem, which basically is the compu-
tation of NV realizations of the SPDE of interest. Many authors have incursioned into this method
to solve different problems, where Baldeweck [1999] was the first. Baroth, Bodé, Bressolette,
and Fogli [2006]; Baroth, Bressolette, Chauviére, and Fogli [2007] solved it for a nonlinear
contact problem, Huang, Mahadevan, and Rebba [2007] used this method to solve a cantilever
beam and a plate problem (all linear elastic). Keese and Matthies [2003] have used stochastic
collocation methods to solve a stochastic groundwater flow, time varying mechanical problems,
etc. Nobile, Tempone, and Webster [2008a] have also solved the problem of ground water flow,
but considering a collocation method that incorporate also the influence importance of each

random variable in the discretized random field.

There are attempts to solve reliability problems where the limit state function G(z) has as
argument the solution of finite element realization problem, and since the general approach in
reliability problems is oriented at obtaining the gradient of the limit state function, thus there
has been a big effort to compute the sensitivity of the response of finite element models to
parameters that define the operator of the partial differential equation. In this field, Zhang and
Der Kiureghian [1993]; Haukaas and Der Kiureghian [2005]; Conte and Peng [1997] can be
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mentioned as leading researchers of the topic.



Chapter 2. General probability concepts

2. GENERAL PROBABILITY CONCEPTS

Probabilities are objective measures of the likelihood of occurrence of random events or un-
known parameters. The theory of probabilities is a formal way to express typical probability
concepts. These formal way is assisted by the rules of mathematics and logic. The first con-
tributers to the theory where Kolmogorov [1956]; Cox [1946].

2.1 PROBABILITY SPACES

The act of performing an experiment to quantify the behavior of a specific random phenomena
is defined as a trial and the result of the experiment is referred to as an outcome. For a given
experiment, there is a space of all possible outcomes, which can be determined simply by per-
forming the experiment many times under the same initial conditions. This space will be called
a sample space (a set), usually represented by €2 in the literature, such that the sample space can
be viewed as @ = {6,...,0y}, where 6; are all the possible outcomes. It must be noted that
the cardinality of the sample space can be discrete or dense and bounded or unbounded, thus if
the set is bounded and discrete, then the cardinality of the set will be finite, on the other hand if

the set is either unbounded or dense, then the cardinality will be infinite.

Remark 2.1.1. It must be pointed out that since 6; are just elements that belong to the sample
space, 0; € €2, then 0, N 0; = @ Vi # j, where @ is the empty set.

There is also the possibility of obtaining more than 1 outcome for each trial that is performed, so
it is necessary to define mathematically this possibility in order to group all of these outcomes

into a single set.

Definition 2.1.2. An event A is defined as a subset of the sample space, A C ).
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An event is allowed to have more than one statement, but in any case it must satisfy that the

statements must be connected at all times with logical statements such as and, or, etc.

Example 2.1.3. Let us observe the random phenomena of coin flipping. There can be 2 out-
comes, heads (H) or tails (7). So with no loss of generality, we can define 6; as H and 65 as T,
then Q@ = { H, T'}, which is the sample space.

Example 2.1.4. For a given year, the world cup will only host 3 teams; Italia, Brazil and
France. The sample space of the possible champion is 2 = {I, B, F'}. The sample space
for the finalists will be Q@ = {IB, BF,IF}. If the sample space of the first and second
place of the world cup is needed, the sample space increases its cardinality and will become
O ={IB,BI,BF,FB,IF FI}

Since there are many options to assemble an event A with a given sample space €2, then it is

interesting to define a set that contains all of the possible events.

Definition 2.1.5. A power set of ¢ is defined as a set that contains as elements of all possible
subsets of 2, and it can be written formally as P(2). Any subset of P(£2) is called a family of
sets of €.

Example 2.1.6. If O = {A, B}, then P(Q) = {{},{A}, {B}, {4, B}}

So basically, power set can be viewed as an operation over a certain set, and it operates in such

a way that it creates a set that contains all the possible combinations of the original set.

Definition 2.1.7. A 0 —algebra of a given set €1 is a collection X of subsets of {2, thatis A; C (2,
N

such that > = U A;, that is closed under complementation and satisfies that it’s members are

countable unions. More formally, a subset ¥ C P(Q2) is a 0 — algebra with the following

properties:

1. 3 is nonempty, such that &,{) € ¥

2. If A € 3, then A € ¥ is also satisfied, where A® is the complement of A, that can also

be viewed as X A.

3. The union of countably many sets in X is also in 2, as well as the intersection.

[OJ Aj, ﬁ Aj ex
j=1  j=1
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This basically means that a o — algebra is a set that contains some of the possible events that
belongs to the power set of the original set, so the definition is not as strong as opposed to the

definition of power set.

2.2 PROBABILITY MEASURE

Having in mind the general concepts of power set and o — algebra, it is possible to return to the

primary interest of measuring certain events.

Definition 2.2.1. Given any set {2 of that represents a sample space, and a ¢ — algebra . on 2,

then P is a probability measure if:

1. P is non negative

Now what rests to do is to define for certain events of interest, the probability measure, taking

into account the sample space.

Definition 2.2.2. The probability of an event A € (2, such that A € ¥ is defined as:

P(4) =) P{0}) .1
9cA
where P is a measure that needs to be defined a priori taking into account the previous definition

and Y is any of the possible o — algebra that can be formed from the original sample space ).

When it comes to quantify the variability of an experiment that is random by nature, then this
type of variability is usually referred to as aleatory variability, which has to be treated sepa-
rately from epistemic variability. Epistemic variability is the attempt to quantify the variability
of a trial that has already taken place, but the results of the trial are unknown. In other words it

can be viewed as variability due to the lack of information or knowledge of the system in study.

Example 2.2.3. A very simply yet enlightening example is to roll die in a cup. Before the die
are rolled, it would be the case of aleatory uncertainty, but once the die are rolled, the uncertainty
turns into epistemic, which can be reduced if you are a cheat, taking little peeks as to gain more

knowledge of your hand.
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2.3 CONTINUOUS RANDOM VARIABLES AND VECTORS

It is interesting to construct mappings from the sample space €2 to R, given a probability space
(2, X, P), because probability spaces are not directly observable as opposed to the quantifiable

values of an experiment.

Definition 2.3.1. A random variable 7, is a function that maps a sample space into the real

numbers and it can be written as follows:

n:Q—R (2.2)

Since the random variable already has a assigned probability measure P, then it is rather easy to
compute the probability of certain simple events, and from there, to define elementary concepts

to understand better the behavior of generical random variables.

Definition 2.3.2. The cumulative distribution function (CDF) F, (z), is defined as the proba-
bility of the event in which the random variable is less or equal than a certain threshold that is

in the real numbers, this can be read more formally as:
Fy(z) = P({0: n(0) < z}) = P(n < 2) (2.3)

with z € R and it can be easily checked that this function increases monotonically in the interval

of [0, 1] as variable z increases.

From the CDF, another function can be defined, which resembles a “weight” function or mass
function, that physically tells where is the value of the random variable more likely to be before

the trial is performed.

Definition 2.3.3. The probability density function function (PDF) is defined as the derivative
of the CDF

py(2) = F(2) 2.4)

provided that F;, is differentiable at least 1 time.

It can be noted that the PDF is non-negative, and that fR pn(z)dz = 1, which comes from the
previous definition of the P measure.

There is an important operator that maps from the probability space to the real numbers from
which many properties of random variables can be defined. This operator is known as expecta-

tion and it is defined as follows:

Elr@) = [ " f@)w(e)d @5)

10
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where w(x) is a weight function, that in the future will be assigned as the PDF. With this in

mind, the expected value of a random variable is:

En=m = /R zdF,(z) = /R 2pn(2)dz (2.6)
and a generalization of the moments is given by:
pp = E[l,p=12,... 2.7)
the first centered moment, also known as the variance is:
Vnl = 1y = El(n — E[n])’] (28)
and the higher centered moments will be:
, = El(n— Em)l.p=12,... (2.9)
finally, the standard deviation is defined as follows:

o=Vl (2.10)

with these properties, it is not possible to posses the CDF or PDF of a random variable, but it is

possible to have an approximation of the latter functions

Example 2.3.4. A collection of some of the most important distributions is presented.

e Gaussian — 1 ~ N(u,0?)

pn(2) = p(2) = e 22 2.11)

E[n] = pand V[] = o®

e Uniform — n ~ U(a,b)

L for a<z<pb
_ b—a — —
Pn(2) = { 0  otherwise (2.12)
e Exponential — 1 ~ Exp()\)
Ae ™ for 0<z2z< 0
Pyl2) = { 0 otherwise (2.13)

11



Chapter 2. General probability concepts

2.3.1 Functions of random variables

Clearly, a function g: R — R that has as an argument a random variable 1 such that { = g(n),

then ( is also a random variable. The CDF is given by:

&zpwmsm:/

Rdde) = /[R L. g(m<ydF(2) (2.14)

where 14 is the indicator function of a set A C R such that:

1 if neA
La= { 0 otherwise (2.15)

from this, the expected value and the variance are respectively:

Elgn)] = [z 9(2)dF,(2)

Vigm] = i (9() — Elg(n)])” dF, (=)

(2.16)

2.3.2 Random vectors

A random vector of dimension N, is function n: [Q; x Q... X Qx| — RY is defined as a

collection of N real valued random variables, such that:

n(w) = [m(61),...,nn(On)]" 2.17)

Each component of the random vector has a sample space that can be different from each other
and to this generic random vector, it is possible to define the joint cumulative distribution
function (JCDF) as

Fy(z) = P(m < 215,y < 2x) (2.18)

The joint probability distribution function (JPDF) naturally becomes:

aNFn(Z)

py(z) = Do 0en (2.19)

provided that F}, is differentiable. From the previous definitions, it is possible to define the

expected value of a random vector.

E[n] = / ndF,(z) € RY (2.20)
RN
A useful concept in multivariate analysis is the covariance matrix, which is simply:

Cln) = E[(n — E[n)(n — E[n)"] € RV (2.21)

12
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this matrix can give information related to two random variables that belong to a random vector.
A particular case of this matrix is the variance of each random variable belonging to the random

vector, which is basically the diagonal of the covariance matrix.
Vn] = diag(C[n]) € RY (2.22)

In multivariate analysis it is very interesting to obtain the CDF or PDF of any component of the
random vector, this is referred to as the marginal distribution function £, : R — R, which

can be computed simply as:
F,, = F,(o0,...,00,%,00,...,00) (2.23)

It is quite clear that p,, = F} provided that F;, is differentiable. The conditional probability

density function, n; = [11, ..., 71,41, - - -, 7n] can be computed as:
py(2)
1n: (Z5]2:) = 2.24
pm\m (ZJ|Z ) pm (ZZ> ( )
Remark 2.3.5. The random variables 7y, . .., ny are said to be independent if the distribution
F,, can be expressed as:
N
Fy(z1,...,2n) = [ [ Fo(21) (2.25)
i=1
and also the PDF N
po(z1, - an) = [ [ o (22) (2.26)
i=1

(a) Change of variables Any random vector 1, with a distribution function F),(z) can be
expressed as a deterministic function of /N independent random variables (;, ¢ = 1,2,..., N,
each with absolutely continuous distribution function F¢(y) i.e. there exists G : RY — RY
such that n = G((1,...,(n) A possible way to construct such a mapping G is by using the
Rosenblatt transformation [Rosenblatt, 1952]:

FCl (yl) = F771 (Zl)
Fe,(y2) = Fpy (22|m = 21)
Fe,(y3) = Fpy(z3|m = 21,m2 = 22) (2.27)

FCN(yN) = FUN(ZN|771 =Z21,..-,IN-1 = ZN—l)
From equation (2.27), if the right side is multiplied, as well as the left side and then equated,
yields the following result:

N N
H Fe(yi) = H Epy(enlm =21, ..o = 2im1) (2.28)
i=1

i=1

13
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but the right hand side of equation (2.28) is F,(z), the JCDF of 7, and from this result, it
is possible to show that every JCDF has a associated at least one transformation such that the

JCDF of the transformed random vector ¢ has independent components.

Example 2.3.6.

(b) Diagonalization of the covariance matrix The covariance matrix C[n] is a symmetric
and positive semi-definite. Hence, it has real eigenvalues Ay, ..., Ay > 0 and a complete set of

orthonormal eigenvectors [vy, ..., vy]:
Clnl=VDVT = Z Aivi(vi)T (2.29)

with D diagonal and V' orthogonal. Assuming that all the eigenvalues \; are strictly positive,

then it is possible to define the random vector ¢ = [(3, ..., (y]

¢=D":VT(n—ER) = ¢ =—=vi-(n— En) (2.30)

1
orls
It is easy to show that the random variables ¢; have zero mean, unit variance and are uncorre-
lated, but this does not imply that they are independent. A more compact notation of equation
(2.30)

= n=FE[n+VD¢ (2.31)

2.4 STOCHASTIC PROCESSES AND RANDOM FIELDS

Random processes or also known as Random fields emerged as a necessity to extend the con-
cept of random variables, because in certain trials, the outcome is not a number, but a function
of one or more parameters that posses a certain level of continuity. With this in mind, the defi-
nition of a random process is a family of random variables and it can be stated in a more formal

way as

Definition 2.4.1. Let D C R? be a domain. A random field x(x,0): D x Q — Ris a

collection of infinite random variables (x, #), for each point x € D.

Remark 2.4.2. The sample space is considered the same for each random variable assigned to
a point in the physical domain, simply for convenience, but in reality, this can clearly change.
Another point that can be made out is that the domain is not reserved only to a space domain, it
can be any type of domain, such as a time domain, in which the this particular random field is
usually denoted as a stochastic process, r(t, 6).

14
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It is clearly quite cumbersome to characterize the infinite collection of random variables that
belong to the physical space D, that is why a discrete approach might be more interesting.
A random field can be viewed finite dimensional distribution of order n,with n points in the
physical domain D xy, . .., X, or in simple words as a random vector where each component of
the vector is associated to a random variable that belongs to the random field. From (2.18) the
JCDF is simply

Fo(z1,. . zn; X1, ., Xn) = P(R(X1,01) < 21,00, K(Xn, On) < 2) (2.32)

The random process is fully characterized by the distribution functions of any ordern = 1,2, ...
and any set of points Xy, ...,X,, provided that they satisfy some consistency and symmetry

conditions. The covariance function for two points x and y that belong to D is:
Clr(x), i(y)] = El(r(x,0) = Els(x)])(s(y, ) = E[c(y)])] = Cun(x,y) (2.33)
from (2.33), the variance is simply:
VI[r(x)] = Clr(x). k()] (2.34)
Definition 2.4.3. x(x, 0) is said to be a second order random field if
Vik(x)] < o0 (2.35)
forallx € D

Example 2.4.4. In this example, a realization of a random field is performed in figure (2.1),

given a Gaussian correlation field function, and considering that the random field is Gaussian.

2.4.1 Stationary stochastic processes

Stationary stochastic models of the gaussian type was first introduced by Housner [1947]. Since
then, they have been used by a great number of authors [Bycroft, 1960], [Tajimi, 1960], [Hous-
ner and Jennings, 1964] and [Brady, 1966]). Even though these models do not represent accu-
rately what is really happening, they are a good first approximation to estimate the probabilistic
response of linear structural systems given that the used frequency content is the predominant
of the time history [Tajimi, 1960].

2.4.2 Non stationary separable stochastic processes

Since stationary stochastic processes present limitations, some authors introduced gaussian non
stationary stochastic processes, among the ones that can be mentioned are Bolotin [1960], Bog-
danoff and Kosin [1961], Goldberg, Bogdanoff, and Sharpe [1964], Amin and Ang [1966],
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Figure 2.1: This figure corresponds to the realization of a Gaussian random field with a Gaus-
sian covariance function in 2D, with 4 = 0, 0 = 1 and L = 10.

Shinozuka and Sato [1967], Jennings and Housner [1968] and Iyengar and lyengar [1969]. It
must be noted that these models are just a empirical way to capture the behavior of strong
ground motion, based on the observation of real accelerograms. These models are made with a
stationary stochastic process, that provides the frequency content, modulated by a deterministic

function that multiplies the stationary process to give the amplitude evolution in time.

f(t) =1(t)s(t, 0) (2.36)

where 1(t) is the modulating function that provides the variations of amplitude in time, and
s(t) is the gaussian stochastic process that provides the frequency content. Some of the basic

properties of these processes are as follow:
El[s(t,0)] = ps(t) =0 (2.37)
E[s*(t,0)] = o%(t) = 1 (2.38)

The latter yields a non stationary stochastic process f (¢, ¢), which in this particular case, is seen
as the ground acceleration. Using equations (2.37) and (2.38), the mean of the process can be

computed for any moment in time.

E[f(t,0)] = El)(t)s(t, 0)] = p(t)ps(t) = 0 (2.39)

The mean square of the process, that is equal to the variance for each moment is given by:
E[f*(t)] = Bp*(t)s°(t,0)] = ¢*(t)o3 (t) = 4(t) (2.40)
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This is so because 02(t) = E[z%(t,0)] — p2(t) for any process x(t, ) and last but not least, the

generalized autocorrelation function can be computed as:

Ryf(ti,t2) = E[f(t1,0)f(t2,0)] (2.41)

and rearranging the terms yields:sub

Rff (t17 tQ) = 2ﬂ(tl)w<t2)Rss (tlu Z62) (2.42)

where R(t1,12) is the autocorrelation function of the stationary process s(t, ). Taking the
generalized autocorrelation function to the frequency domain, by means of the bivariate Fourier

transform, the following can be obtained:

1 400 +oo )
q)ff(wl,wg) = H/ @D(tl)’g[)(tg)Rss(tl, tg)e_l(u&m_wltl)dtldtg (243)

o0

and using the Wiener-Kchinchine relationship, the following can be written

“+o0o
Drr(wy, wo) = / O (W)U (wy — W)V (wy — w)dw (2.44)
where
1 [+ |
V) = o [ vt (2.45)

® (w1, wy), determined by equation (2.44) is denoted as the generalized power spectral density

function.

2.4.3 Modulation functions

Many modulation functions have been proposed in the literature, and the way to adjust their
parameters is also solved differently, depending on the availability and type of the data of the

process that needs to be represented.

Bolotin [1984] and Shinozuka [1970], proposed a function that is composed by the difference

of two exponential functions.
W(t) = VBle —e™™) (2.46)

where o < «. This function is very inconvenient due to the difficulty to assign the parameters

«, (# and ~, given any type of data..

A model function that is adjustable to accelerograms is gamma function, proposed by Saragoni

and Hart [1974]. This method supposes that the propagation medium can be modeled as a series
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of linear oscillators acting in cascade, where each oscillator properties are normally distributed.
This model also supposes that the source can be represented by a white noise excitation. Using
all of these assumptions, it is possible to arrive to the following expression for the mean square

of the process
E[f*(t)] = v*(t) = e~ (2.47)

where «, 3 and ~y are constants that can be determined by different ways.

Taking into consideration this model, Arias, Holzapfel, and Saragoni [1976], developed a sim-
ilar modulating function as the latter, but forcing the condition that the function reaches zero
once the process duration time is over. This is why the beta function was selected to represent

some random phenomena.
t % t :
wy=1 VB(E) (1-%)" i t<y (2.48)
0 si t> tf

Given an accelerogram, the parameters of the gamma and beta method can easily be obtained

using the temporal moments of the record.

t t
Moy = / "y fA(t)dt = / ' YAttt (2.49)
0 0

fork=0,1,...,n.

2.4.4 Simulation of separable processes

A separable stochastic process can be simulated numerically with the following equation:

F(t.0) = ¢(t)> on[Us cos(wt) + Vi sin(wyt)] (2.50)

k=1
where ¢(t) is the modulating function, oy, is the variance of the process at time step &, which is

and can be approximated to:
Awy

wk—l-T
or = / G(w)dw ~ G(wg) Awy, (2.51)

k— "o

Uy and V}, are independent random variables, that distribute normally, i.e.

Up ~ N(0,1)

G(w) = 2 (w) is the one sided power spectral density for w in the positive reals and G(w) = 0

elsewhere
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2.4.5 Evolutionary stochastic processes

Different techniques have been used to represent the change of statistical properties as well as
the change of frequency content in the time domain, such is the case of Liu [1972], who used
the instantaneous power spectral density to incorporate both the frequency and the time domain

at the same time in the following way:

ty ty +oo
P / £2(t) = / / ot w)dwdt (2.52)
0 0 —00

Saragoni and Hart [1974] used different spectral functions for different intervals of time, but this
did not come out right because the sudden changes in the spectral content affected completely

the response of simple single degree of freedom oscillators.

n

F) = 0(t) Y (Hiltios — 1) — Hyt — )si(t) (2.53)

i=1
where () is the modulating function, H,(t) is the heavy side step function, and s;(t) are the

stationary stochastic processes.

Hammond [1968], Shinozuka [1970] and Kameda [1980] used a evolutionary spectral function
in time using the Fourier-Stiljes transform.

f(t) = / +OO Alt,w)e ™ dZ(w) (2.54)

oo
where Z(w) corresponds to stationary processes with orthogonal increments amongst them-
selves and A(¢,w) is a sigma oscillatory function, that has a spectral density that varies in the
time domain. On the other hand, we have the models proposed by Crempien Laborie and Der
Kiureghian [1988], that characterizes a process with non stationary amplitude and frequency
content, using the theory of sigma oscillatory processes, that is the characterization of non sta-

tionary processes as a sum of independent stochastic processes.
F&) =" vilt)si(t) (2.55)
k=1
where the evolutionary power spectral density in time is given by:

Opp(t,w) =D Up(t)Ps(w) (2.56)
=1

Amongst these type of models, Conte and Peng [1997] can be pointed out as an improved and
natural consequence of Crempien Laborie [1988]. It must be pointed out that both these models
are very complicated, and that there is no study in the literature trying to relate the parameters
of these models to the parameters of the physical process of rupture, such as stress drops, area
of rupture, etc. These methods enlighten the natural phenomena observed in ground motion, but

it is very difficult to reproduce with real conditions.
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Chapter 3. Approximation and quadrature of functions

3. APPROXIMATION AND QUADRATURE OF
FUNCTIONS

3.1 THE SPACE OF SQUARE INTEGRABLE FUNCTIONS

Let us consider a deterministic function g: RY — R that holds as argument a random vector
n: Q — RY that has a joint cumulative density function (JCDF) F, (z), and a density p,(z). It

is clear that ¢ is a random variable with
Plol = | a(aFy(a) and Vig) = El(g(m) - Elg)) G

Definition 3.1.1. The space of square integrable functions in R” is defined as

L (RN) {g RY — R such that / g(z)?*dF,(z) < oo} (3.2)
RN
and it is a Hilbert space with

e Inner product: (f, >L2 = E[fg] = [ f( F,(2)

e Norm: ||gl[rz = v/ Elg?]

L2 (RY) admits an orthonormal basis ¢;, i = 0, 1, ... such that E[¢y1);] = 65 for all i, j > 0.
Another feature of the functions that belong to this space is that they can be expanded on this

basis in the following manner

Zgu ) with g; = E[gis] (3.3)

and this expansion satisfies that

lim g — Zgﬂ/)l Mz, =0 (3.4)
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3.2 APPROXIMATION OF SQUARE INTEGRABLE FUNCTIONS
3.2.1 Polynomial approximation of functions

(a) Construction of a polynomial basis in R Orthogonality is defined with respect to an
inner product, which in turn involves a measure of integration, dF,. These measures can be

absolutely continuous and it can take the following form:
dF,(z) = p,y(2)dz on Q (3.5)

where p,(z) is a positive function in €2 which in turn is referred to as the support of dF,. From
now on only support functions that are as well PDF functions will be considered. The moments

were previously defined as
w,=FEml, p=1,2,... (3.6)

and the assumption for the future is that all of these moments exist and they are of finite value.
The inner product of two polynomials p and g relative to the measure dF,, is then well defined

as:
(.00, = [ P, = Elp(:)alz) 37)
R
There are classical weight functions dF,(z) = p,(z)dz where some representative ones are

summarized in the following table: Now as it can be noticed, these weight functions are not

Table 3.1: Classical weight functions.

name Pn(2) support comment

Jacobi  (1—2)*(1+2)’ [-1,LI] a>-landf3> -1
Laguerre 2%e™? 0, o0] a>-—1
Hermite |z|20e=% [—00, 0] a>—3
Legendre 1 [-1,1]

PDF functions, thus it is necessary to redefine them such that orthonormal polynomials can be
obtained from them. The orthonormal polynomials can be computed with the following three

term recurrence

Hypa(n) = (n — aw) Hy(n) — BrHyp—1(n) (3.8)
, with Hy(n) = 1 and H_;(n) = 0 where
_ E[nH}
T
3.9
G, = E[HY)
* T EBlH|]
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Table 3.2: Modified weight functions.

name Pn(2) support comment
Modified Jacobi  x° - 11((11 z)) [0,1] a>0andj >0
oY
Modified Laguerre e [0, o< A>0
Modified Hermite \/21;06_(270‘;) [—00, 0] o>0
Modified Legendre 1 [0,1]

It can be seen in the three-term recurrence relation expressed in equation (3.9), the term that
defines the series of [ is not defined for £ = (. In the case when the weights are not rep-
resenting the PDF of a random variable, then the first term of the recurrence relation will be

fR pn(2)dz = By. it must be noted that in the case of a PDF weight function, H, = 1 as it

was stated before.

Placing the coefficients «j on the diagonal and +/(3; on the two side diagonals of a matrix

produces what is called the Jacobi matrix of the measure dF,,

_Oéo \/E 0 oo 07
\/E 051 \/E

JAFE)=| 0 VB oy - (3.10)

0 0

The Jacobi matrix is clearly tri-diagonal, real, symmetric of infinite order. With this in mind,

then the three term recurrence relation can also be written as

Vi1 Hrar(n) = (0 — ar)He(n) = v/ BrH -1 ( (3.11)

, with Hy(n) = —= and H_;(n) = 0 and it can also be written as:

-
o

nH(n) = Jn(dF,) + v/ BuHn(n)en (3.12)

with H(n) = [Ho(n), ..., H,_1(n)]T and J, are the eigenvalues of the Jacobi which are at the
zeros of H(n), and H(7) are the corresponding eigenvectors where 7] are the points of the zeros
of H(n).

Example 3.2.1. In the following example, well known orthogonal polynomials will be pre-

sented

e Uniform random variables, i.e. 7 ~ U(—1, 1), which are referred to as Legendre polyno-
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mials

(3.13)

2k + 1) "

2
e Gaussian random variables, i.e. 7 ~ N (0, 1), referred to as Hermite polynomials.
Hyya(n) = nHi(n) — kHy—1(n)

(3.14)
E[H;H,) = k16,

e Exponential random variable, i.e. n ~ Exp(1), called Laguerre polynomials

_2k+1-—n k

Hisa(n) = === () = =7 Ak () (3.15)

E[H;Hy] = i

(b) Lagrange polynomial interpolation Let us consider the recent problem where the n cou-
ple values (z;,y;), with i € [1,...,m]. We are searching for a polynomial L,, € P,,, referred

to as a interpolatory polynomial, such that
Lyn(z)=anz™+...+a;mzi+ao=y;, i=0,...,n (3.16)

If n # m, then the problem will be either overdetermined or underdetermined. If n + 1 = m,

then it can be demonstrated that the problem the following theorem.

Theorem 3.2.2. If there is n + 1 points with its corresponding values such that (z;,y;), then

there is a unique polynomial L,, € P, that satisfies L, (z;) = y; fori =0,...,n

There is a specific way to find the polynomial that is given by theorem (3.2.2), and it is a the sum
of polynomials making up a base that can the whole space where the interpolation takes place.

This polynomial base is referred to in the literature as the Lagrange interpolation polynomial.

Definition 3.2.3. The Lagrange polynomial can be defined as:
La(z) = yili(2) (3.17)
i=0

where [;(z) € P, is a family of polynomials of order n, such that they form a base in the space
of P,,, and it can be written as:

L) =[] —2 (3.18)

i ZZ'—ZJ'

fore=0,...,nandj=0,1,...,2— 1,2+ 1,...,n
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It is important to compute the error associated with the use of the interpolating polynomial
L, f(z), a polynomial that is interpolating the values {y;} at the nodes {z;}, that are related to

the successive evaluations of the function f(z) in the nodes.

Theorem 3.2.4. Let us assume the nodes 2y, . . ., z,, that are going to be used to interpolate the
function f(z) € C™*1(I,), where I, is the smallest interval length associated with the nodal
points z1, ..., 2,11, then the error at any point z of the domain in which the function f(z) is

defined will be given by the following expression:

FD(E)

En(2) = f(2) = L f(2) = ICES

Vn+1(2) (3.19)

n

with € € I, and v,,1(2) = H(z — z;) is the nodal polynomial of degree n + 1

Ln(z)zz(z e (3.20)

i—o \F T zi)Vnya (%)

Another way to write the same formula is

1
W = = (3.21)
H i T 2y
J
then, this will mean that w; = 1/1/(z), and it is possible to come up with
w .
li(z) = ] 3.22
i(2) =v(2) 22 (3.22)
therefore, the polynomial that interpolates the data at the nodes can be expressed as
L(2) = L(z)i Yy, (3.23)
" z— 2" '

this new Lagrange formulation is a formula requiring O(n?) flops for computing quantities
independent of z. Trefethen [2004] shows that it is possible to arrive to a rule that depends on

the barycentric weights, thus calling itself the barycentric formula.

n

’w]' A
z — Z]

j=0
n

Ln(z2) = (3.24)

wj

Z — 25
j=0 J

which also has the advantage of letting new data being incorporated in a very easy way.
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1000*abs(x)2exp(—10*abs(x))

f(x)

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

Figure 3.1: Barycentric Lagrange interpolation of a Saragoni function using only 10 CC nodes.

N w S &)
T T T T
I I I I

1000*abs(x)2exp(—10*abs(x))

f(x)=

Figure 3.2: Barycentric Lagrange interpolation of a Saragoni function using 100 CC nodes.
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In figure (3.1) and (3.2), the Saragoni modulation function is interpolated using 10 and 100
Clenshaw-Curtis nodes. This function has a discontinuity in the first derivative at zero, thus
making this function more difficult to approximate, and as it can be seen, the Lagrange interpo-

lation using Clenshaw-Curtis nodes is quite successful.

3.3 QUADRATURE OF SQUARE INTEGRABLE FUNCTIONS IN R

3.3.1 Gauss formula

Given a positive measure dF}, the n-point Gaussian quadrature formula associated with the

measure d I, is:

[5G = s )+ Ru(h) (.29
R i=1
which has a maximum algebraic exactness of 2n — 1

Ru(f)=0 if f€Poy (3.26)

It is well known that that the nodes 7; are the zeros of H(n; dF},).

3.3.2 Gauss-Radau formula

If there is an interval [a, 0], —00 < a, containing the support of dF;, it may be desirable to
have an (n+ 1)-point quadrature rule of maximum degree of exactness that has a as a prescribed

node,
/R F(2)AF,(2) = 5 fa) + D> 4 (7 + RE(f) (3.27)
=1

Here, RE(f) = 0 forall f € Py, and 7/ are the zeros of H (n; dF,,) where dF,, = (z —a)dF,.

This is called the Gauss-Radau formula.

3.3.3 Gauss-Lobatto formula

If the support of dF, is contained in the finite interval [a, b], it is more attractive to prescribe 2
nodes, the points a and b. Maximazing the degree of exactness subject to these constrains yields

the Gauss-Lobatto formula,

b n
/ F(2)AF(2) = 2k f(a) + S AEF(rE) + 2 f(B) + REY(f) (3.28)
a i=1
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Chapter 3. Approximation and quadrature of functions

which is written as an (n + 2)-point formula; RZ(f) = 0 for f € Py, 1. The internal nodes 7%
are the zeros of H(n; dF,,) where dF,, = (z — a)(b — z)dF,.

Remark 3.3.1. If there is a domain 2 = [a, b], then a suitable transformation, ¢: [d/,b'] —
[a,b], such that z = p(§) = bl,’:g,{' + “é’:fgi’, which can be used to work in a more simple
domain, Q' = [a, V]
b b—a b’
> [ 1= g=5 [ e (3.29)

3.3.4 Clenshaw-Curtis formula

This method proposed by Clenshaw and Curtis [1960] consists in a simple change of variable
z = cos(t), and withought any loss of generality, if the integration intervale is [—1, 1], then the

following integral can also be expressed as

/_11 f(z)dz = /07r f(cos(¢)) sin(¢)de (3.30)

the latter integral can be resolved very efficiently using cosine series

f(cos(r)) = % + i ay cos(kt) (3.31)

i
I

in which case the integral becomes

2
/ f(cos(v))sin(t)de = ag + Z _ Ak (3.32)
-1
where the cosine coefficients are

_2 /7r f(cos(r)) cos(ke)de (3.33)
™ Jo

thus, one must perform a numeric integration again, and for periodic functions, Fourier-series
integrations are very accurate up to the Nyquist frequency, thus the cosine-series integral can be

approximated by the discrete cosine transform (DCT)

~ % [@ + @(—N + ]:Zj f <Cos (%ﬂ)) cos (%)] (3.34)

for k = 0,..., N to later use the explicit quadrature formula. According to Trefethen [2008],
this method might have a theoretical lower polynomial degree of accuracy, but nevertheless, it
has great performance anyway, comparable to Gauss integration schemes, with the advantage

that the nodes are much faster to compute and they posses the advantage that they are nested
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knots. If the integration is required over R, then another type of variable transformation will be
needed to respect the original integration limits. Boyd proposed a very simple method based on

the following transformation z = L cot(¢), thus

/00 f(z)dz = L/OTr Mdb (3.35)

sin?(1)

and this equation can be solved simply by performing a trapezoidal rule integration scheme.

du (3.36)

This method will also render nested points.

3.4 INTERPOLATION OF SQUARE INTEGRABLE FUNCTIONS IN
RN

3.4.1 Polynomial approximation of functions

(a) Construction of a polynomial basis in multiple dimensions Assuming that the random
vector m, that is obtained after approximating by some specific method the random field of

interest, has independent components, the JPDF factorises as

M
po(z) = [ [ pi(=) (3.37)
i=1

Let us consider that for each component of the random vector, 7;, and its corresponding density

function p,,, have associated an orthonormal basis Hl(i)(zi), . ,H](\Z)(zi) of L7 . If a multi-

index i = [i1,...,49y] € NM is defined, then the previous can be seen in a more compact
way

Hi(z) = H} (z1)H} (22) ... H) (2u1) (3.38)

and {H;,Vi € N"} will be an orthonormal basis in L7 (R"), it is also referred to as a tensor

product basis.

(b) Interpolation using tensor product spaces

Definition 3.4.1. A tensor product space is defined as

=% = span{H;,Vj(i) < N} (3.39)

28



Chapter 3. Approximation and quadrature of functions

So basically a tensor product space is the inclusion of approximating terms in each of the
components up to the N term. If in each of the components there is N basis functions, the
dimension of the tensor space =%, will be N, this means that the dimension of the space grows

exponentially fast with M, the number of random variables (the curse of dimensionality).

e If =%, the space of polynomials of degree at most N in each component of the random

vector, then its dimesion will be

dim(Z%) = (N + 1)M (3.40)

e If the space =% corresponds to a constant piecewise approximation over a cartesian parti-
tion of RY with N intervals in each component of the random vector, then its dimension
is

dim(ZL) = 2"M (3.41)

Because of the curse of dimensionality, tensor product approximations can be used with few

random variables.

(c) Interpolation using sparse product spaces

Definition 3.4.2. A sparse product space is defined as

=X = span{H;,V|j(i)| < N} (3.42)

These type of spaces overcome partially the curse of dimensionality while keeping almost the

same approximability properties as tensor product spaces.

e The space =%, that corresponds to polynomials of total degree at most of N will have the

following dimension

(M +N)! M+ N o
dim(= |<2|2N1 N = < z ) < (1+N) (3.43)
J(1

e In a sparse wavelet space the dimension will be

N (M + N) o N(MA+N NM
dim(= | (%;N 1= N =2 ( N ) <2 (3.44)
i
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for a large M, these relations behave in an asymptotical way. So a sparse projection using a

polynomial basis can be constructed as

Pig(m) = Y gH(n) (3.45)

J(k)SN

where g = E[gHy], and the amount of this coefficients is equal to the dimension of the ap-

imati =S
proximating space =3,

3.4.2 Sparse interpolation

The difference between 2 levels of interpolation is

Ai(g9) = Zi(g) — Zi-1(9) (3.46)

where Z_1(g) =0

for integers w € N, the following sets are defined

X(w,N)={ieNNi>1:3" (i —1) < w}

(3.47)
Y(w,N)={eNVi>1:w-N+1<3N (i —1) <w}
where |i| =i + -+ + iy for i € NV, then the Smolyak formula reads
M
9w, N)gm) = > Q) Aig(n) (3.48)
lij€X (w,N) n=1
This expression can also be written as
5w, N)gm) = Y (=) M= 1N 77 g(m) (3.49)
’ . N — i
[ileY (w,N)
where
My Min
IT(N>9(T]) = Z e Z 9(771'1]'17 s 777iNjN)lj1 (771'1) e le (%) (3.50)

J1=1 inN=1
Hence the sparse interpolation is obtained as a linear combination of tensor product interpola-

tions where the set of points where the function is evaluated will be

Hw N)= [ @ x...xo™) (3.51)
ieY (w,N)
with
O = {0, i, } (3.52)

is the collection of tensor grids used in sparse interpolation.
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3.5 QUADRATURE OF SQUARE INTEGRABLE FUNCTIONS IN RY

In Barthelmann, Novak, and Ritter [2000], it is possible to find different methods to compute
integrals using cubature methods (the same as quadratures but in multiple dimesions). If our

integral is in a N-dimensional cube, A%, then the integral of any function can be expressed as

Ino) = [ atmin (.53

A tensor product cubature is

In(gi1 ®---®@gn) = 11(91) ® -~ ® In(gn) (3.54)

then the approximation in the i** component is (using any of the previously described 1d ap-

proximations methods)
Ui(Qi) = Z f(Th'j) *Vij (3.55)
j=1

then using (3.54), it is possible to compute numerically (3.53) as

mil miN

U@ @U™)(9) =Y - > gWinjur- - Minin) - (Vs @+ @ Yiiy)  (3.56)

Ji=1 Jn=1
, which is a tensor cubature. This has the shortcoming that as the dimension of the integral
increases, the number of points increases dramatically, thus not making this method efficient.
To overcome this shortcoming, sparse interpolation gives the opportunity to developed sparse

numerical integration schemes. Let

A=yl -yt (3.57)
Aw,N)= > (A"@-- @ AW) (3.58)
lileX (w,N)

or equivalently it can be written as

Aw,N)= Y (—1)w+Nlil(

[ileY (w,N)

N -1

N Ii\) (U ®--- @ U™)(g) (3.59)

thus simply using for each dimension the desired quadrature method, to later use a method that
is proven by Babuska, Nobile, and Tempone [2007] and Nobile, Tempone, and Webster [2008a]
to be convergent to the tensor case, which decreases the amount of points needed to compute

the integral with respect to the full tensor scheme.
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Chapter 4. Discretization of random fields

4. DISCRETIZATION OF RANDOM FIELDS

The principal concern is to reduce a infinite amount of information (random variables that be-
long to a random field) to a finite amount of random variables such that the main information
of the random field is well represented. The approximate random field does not only need to
be well represented, but also with the minimum amount of random variables to decrease the

complexity of calculations. In the literature there are many methods which will be presented.

4.1 SERIES EXPANSION METHODS

Let k(x,6): Dx$ — R be arandom field with a certain autocovariance function C\,(x,y) =

Clr(x,0), k(y,0)], then an approximation can be

N
N (x,w) = ) midi(x) (4.1)
=1

This can be viewed as an expansion of each possible realization of x(x, ) over a basis {¢;},
where 7),(0) are the coordinates of this expansion. This can be done since this is a Hilbert space

(Neveu, don have this paper yet), thus it accepts expansions of the sort.

4.2 KARHUNEN-LOEVE EXPANSION

The Karhunen-Logve expansion of a random field x(x, 6) is a spectral decomposition of the
autocovariance function, so that there exists a sequence of values \y > Ay > ... \p... > 0,
with lim Ay = 0 and a corresponding sequence of functions ¢;(x): D — R,7 =1,2,... such

k—oo

that
/D Cron (%, Y)01(y)dy = Aipi(x) “2)
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which is a Fredholm integral equation, where the kernel is the covariance function, being
bounded, symmetric and positive definite. The eigenfunctions satisfy [ ¢;(x)b;(y)dx = d;;
where ¢;; is the Kronecker delta, thus being orthogonal. Now, it is possible to define a sequence

of random variables 7;(0), i = 1,2, ... such that

1i(6) = % /D (k(x,8) — Elr(x)])i(x)dx 43)

and if the covariance between the original random field and the Karhunen-Loeve expansion of
such random field C[k(x, 6), ~(x, )] is computed, it is possible to conclude that E[n;n;] =
d;; = 0, thus proving that these variables are uncorrelated with zero mean and unit variance and
can be viewed as the coordinates of the expansion and of any possible realization. With all this

in mind, the random field x(x, #) can be represented as the infinite series
k(x,0) = E[r(x)] + > _ v/ Nigi(x)m:(0) (4.4)
=1

thus creating a separation of the space and the random variables of the field x(x,6). The

Karhunen-Loeve expansion has very interesting properties, such as:

e Due to non accumulation of the eigenvalues around a zero value, it is possible to order the
terms of the expansion in descending way, such that if a truncation of the series defined

in (4.4) gives an approximated Karhunen-Loeve expansion
N
rn(x,w) = Elr(x)] + Y vV Nigi(x)mi(6) (4.5)
i=1

e The covariance eigenfunction basis {((x)} is optimal in the sense of the mean square

error
err = /DE[(H(X, 0) — kn(x,0))%)dx (4.6)

, resulting from the truncation after the N** term is minimized (with respect to the value

of any other complete basis {¢;(x)}).

e The closed form solution for each random variable in (4.3) is easy to obtain, and if x(x, 0)
is a Gaussian field, then each random variable 7); is gaussian, and for this specific case,
{n;} forms a set of independent standard normal random variables. It can also be proven
[Loeve, 1977] that the expansion of Gaussian random fields is almost surely convergent

(I guess this is very important for time stochastic processes).

e The variance error, after truncating the series in the N'* term is given by
N
VI[k(x,0) — in(x,0)] = 02(x) = > Xl (x) = V[r(x,0)] — V[en(x,0)]  (4.7)
i=1
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Chapter 4. Discretization of random fields

The right hand side of the previous equation is always positive, hence the truncated

Karhunen-Loeve expansion always under-represents the variance of the field.
Example 4.2.1. If there is a covariance function
C(x,y) = o2e kel (4.8)

with = € [0, 1], then the eigenfunctions will be:

w; cos(b;z) + sin(6;x)

SOz(I) B 02 sin(20) 1 sin(26) s 2 (49)
\/?+(1+T)+§(1_ 20 ) + sin“(0)
and where 6; is related to the eigenvalues and can be obtained from the following equation:
20 cos(6) + (1 — 6?)sin() = 0 (4.10)

It is very easy to obtain these roots with any method, such as the Newton scheme. so then it is

possible to obtain the eigenvalues from the following relationship:

2\
0? = )\—)\102 4.11)

thus making it possible to characterize the random field represented by the covariance in equa-

tion (2.33) using the Karhunen-Logve expansion.

This type of expansion has a limited number of closed form solutions for the set of covariance
functions, thus it is necessary to perform other types of numerical expansions to have a spectral

representation of the random field given a covariance function.

4.3 GALERKIN EXPANSION METHOD

A Galerkin-type procedure was suggested by Spanos and Ghanem [1991] and it consists in
defining a complete basis of the Hilbert space {¢;(x)}32; € L7 (D). Each eigenfunction of

C\r(x,y) may be represented by an expansion of the form

pi(x) =Y dijei(x) (4.12)
=1

where d;; are the unknown coordinates. The Galerkin procedure aims at obtaining the best ap-

proximation of ¢; when truncating the above series after the N term, which is accomplished
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Eigenfunction

Figure 4.1: The first 4 eigenfunctions are plotted along the domain for a exponential covariance
function with a correlation length of 1. This was done using a piecewise Galerkin
method.
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Figure 4.2: The corresponding eigenvalues are plotted for the exponential covariance function
with a correlation length of 1.
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by projecting ; onto the space H y spanned by {¢;}Y,. The approximation of each eigenfunc-
tion is possible because they belong to the space of square integrable functions. The residual

can be written as

N

en(x) = Zdij {/ Crn(%,Y)0i(y)dy — X\jdi(x) (4.13)
i=1 D
which is orthogonal to H y, thus the following is true

(en, d5) = / en(x)gj(x)dx j=1,...,N (4.14)
D
which leads to a simple linear system
CD = ABD (4.15)

where the different matrices are defined as follows
B;; = fp i(x)¢;(x)dx
G = fD fD Cm(xa Y)¢i(X)¢j(Y)dXdy

D

(4.16)
=d

i i

Aij - 51‘]‘)\3'

thus rendering a series of linear systems to be solved.

In figures (4.1) and (4.2), the eigenvalues and eigenfunctions of an exponential covariance
function are computed, using a piecewise Galerkin method. The discretization of the domain
was done using 40 equispaced elements, to assure a good approximation of the first 4 eigen-
functions. The correlation length of the covariance function is equal to 1. In figures (4.3)
and (4.4), the same computations where done, with the exception that the covariance function
changed to a squared exponential with the same correlation length. From both cases it can be
deduced the a rather small amount of terms of the expansion are needed to represent well the
random field, where in the exponential case, up to 5 terms are needed, and in the case of the

squared exponential, only 2 terms are needed (This is simply done by simple eye inspection).
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Eigenfunction

Figure 4.3: The first 4 eigenfunctions are plotted along the domain for a Gaussian covariance
function with a correlation length of 1. This was done using a piecewise Galerkin

method.
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Figure 4.4: The corresponding eigenvalues are plotted for the Gaussian
with a correlation length of 1.
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4.4 ORTHOGONAL SERIES EXPANSION METHOD

Often no closed form solution are available to the problem of obtaining eigen-pairs given a
kernel function such as the covariance. Taking this into mind, Zhang and Ellingwood [1994]
proposed a method to avoid the computation of the eigen-pairs just by selecting prior to any
calculation, a complete set of orthogonal functions. A similar idea had been used previously by
Lawrence (1987), (don’t have this paper). Let {y;(x)}:2, be a family of orthogonal functions
forming a basis in L2, and without any loss of generality, let this family be orthonormal as well

/D Gi(x)¢;(x)dx = &y (4.17)

If k(x,0) is a random fields, with a given covariance function C.(x,y), any realization of
the field is a function of L? which can be expanded by means of the previously selected set of

orthogonal functions, and this expansion can be
R(x,0) = p(x) + > xi(0)di(x) (4.18)
i=1

where x;(f) are zero-mean random variables. Using the orthogonality properties described

before, and also with the help of basic algebra, it is possible to show that

1(6) = /D (3, 8) — ()] ds()dx 4.19)

and

(Crom = Elxixi] = /D /D Cran (X, ¥) hie(x) y (y ) dxdy (4.20)

If k(x,0) is a zero mean Gaussian field, thenit is easy to prove that {x;}°, are zero mean
Gaussian random variables, but unfortunately, they might bee correlated, thus it is necessary to
construct the covariance matrix of these random variables, and to perform a transformation into

uncorrelated random variables using the spectral decomposition method described previously.

4.5 OPTIMAL LINEAR ESTIMATION METHOD

The method was proposed by Li and Der Kiureghian [1993]. It is also mentioned in the literature
as Kriging method or best linear unbiased estimator (BLUE) in the field of geostatistics. It is
a special case of the method of regression on linear functionals, and the approximation has the

following form
N

kN (x,0) = a(x) + Y bi(x)x; (4.21)

=1
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where N is the total number of nodal points involved in the approximation. The functions a(x)
and b;(x) are obtained using a nonlinear regression, minimizing in each point x the error of the
variance, subjected to having an unbiased estimator of the real random field in the mean, these

consitions are expressed as

vVxeD
Minimize V]k(x,0) — kn(x,0)] (4.22)
subjected to  E[r(x,0) — kn(x,0)] =0

The condition of problem (4.22) requires that
E[x] = a(x) + b (x) - E[x] (4.23)

then, the error of the variance, which is always a positive value, holds true

N

VIk(x,0)—rn(x,0)] = 0”(x)=2 > bi(x)Clr(x,0), xil+ > > bi(x)bi(x)Clxs, x;] (4.24)

i=1 i=1 j=1

The minimization problem is solved for each b;(x), thus requiring that the partial derivatives of

b;(x) be equal to zero for each 7 yields

N
Vi=1,...,N —Cls(x,0),xi] + > _bi(x)Clxi,x;] =0 (4.25)
j=1
which can also be written in matricial form
—Cy(x) + Cyy - b(x) =0 (4.26)
with this result, the final estimation is written as
kn(x,0) = BElx] + g (x) - Oy (x — Elx)) (4.27)

Separating the deterministic terms from the stochastic ones gives

kn(x,0) = [Elx] = CL (%) - Ol - Elx]] + D xi(Crl - Cy) (4.28)

=1
and since the variance errors are always positive, then this approximation always underestimates

the variance.

4.6 EXPANSION OPTIMAL LINEAR ESTIMATION METHOD

The expansion optimal linear estimation method was proposed by Li and Der Kiureghian [1993].

It is an extension of OLE using a spectral vector of nodal variables x. Assuming that x(x, 6)
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is Gaussian, the spectral decomposition of the covariance matrix C',, where the random vector
X = {Ii(l’l, 0)7 cee 7/{(IN7 Q)} is

X(0) = p, + Z VNG(0) (%) (4.29)

where the set of random variable {¢;}|Y¥ are independent and standard normal. The pair (\;, ©;)

are the eigenvalues and eigenvectors of the covariance matrix C,, that satisfies

hence, if the substitution of (4.30) into (4.21) and solving the OLE problem yields

= Gi(9)
rn(x,0) = p(x) + Y =] Oy (4.31)
N ; e

As in the Karhunen-Loeve expansion, the series can be truncated after r terms, of course after

sorting the eigenvalues \; in a descending order. The variance error of this methos will be

T

VIk(x,0) — kn(x,0)] = 0?(x) — Z %(ﬁoﬁx)? (4.32)

The problem with this method is the choice of points in the random field, such to assure a good

result. This was not aborded by the author of the method.
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Chapter 5. Methods to solve stochastic differential equations

5. AVAILABLE NUMERICAL METHODS TO SOLVE
STOCHASTIC DIFFERENTIAL EQUATIONS

Depending on the type of variability existing in the domain (the operator) of the problem, such
as Young’s modulus, Poisson’s ratio, etc, there are different suitable numerical methods to solve
each of these problems. If the variability is very small around the mean value, a simple Neumann
expansion around the mean value of the operator is a recommendable solution [Sudret and Der
Kiureghian, 2000; Webster, 2007]. It is very easy to use since it only requires the solution of
a standard deterministic partial differential equation, and the number of times that this problem
needs is exactly the amount of terms that was taken in the Neumann expansion. In the same
way, a Taylor expansion technique has been developed in the past, around the mean of the
solution [Sudret and Der Kiureghian, 2000]. Jensen [1990]; Jensen and Iwan [1991] showed
several dynamical examples in which perturbation method solutions where unsatisfactory. He
used highly variable operators and forcing terms. In his study, he did not give convergence
properties of any kind. Babuska has shown that the conditions of convergence for perturbation

methods depends on the noise level, thus the method does not work for certain levels of noise.

Monte Carlo methods are not restricted by the dimension number or by the variability of the
problem. Another advantage of this method is the straightforwardness to parallelize the problem
at hand, thus solving M deterministic realizations by sampling the coefficients of the equation
with independent identically distributed (iid) approximations of the solution. The deterministic
solutions can be solved by any method, such as the Galerkin finite element method, finite dif-

ferences, etc. With each of these responses, the desired statistical information can be retrieved.

The Galerkin approach dates back to the work of Jensen [1990]; Spanos and Ghanem [1991];
Deb, Babuska, and Oden [2001] among others. The main problem with this approach is that it
leads to coupled set of differential equations, thus making it hard to solve, specially for the case

of nonlinear problems.
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Collocation methods where first introduced by Tatang [1995]; Baldeweck [1999]; Babuska,
Nobile, and Tempone [2007], the main idea of these methods is to solve stochastic partial dif-
ferential equations simply by converting this problem into a decoupled deterministic partial
differential equations, thus making the problem completely parallelizable. Another great ad-
vantage of this method is that it solves nonlinear problems of all types very easily. The specific
approach is to compute in specific realizations of the parameters that represent the operator (the

sparse grid points), and with these solutions, to interpolate using sparse interpolation

5.1 STANDARD DEFINITIONS

Let us consider the following problem
L(kK)(u)=f in D (5.1)

where L is an operator of a certain kind withought loss of generality, and it is defined in a domain
D. Both k = k(x,60) and f = f(x,0) can be considered as random fields of a certain kind. The
latter variables can describe any kind of scalar field, such as the Poisson ratio, Young’s modulus
or the external forces acting on 9D. The random field on the right hand side and left hand side
of equation (5.1) are considered to be functions of a finite amount of random variables (finite

noise) such that it can be written as

k(x,0) = k(X015 -, 7N) 52)
fx,0) = f(xm, ... nw)
This approximation of a random field using a random vector is possible and it can be done using
different methodologies such as the truncation of the Karhunen-Loeve expansion, etc. Many
assumptions can be made of the chosen random vector that represents the both random fields
k(x,0) and f(x,0), such as the correlation between the components of the random vector as

Cni,n;] = di;, the type of distribution that each component has, etc.

Sometimes, the uncertain coefficients of the operator £ or the forcing term of equation (5.1)

needs to be more specified, an example is illustrated.

Example 5.1.1. If the coefficient x(x, ) is always greater than ,,;, for it to have physical

sense, then the following transformation guarantees that this will always be certain.

10g(K — Kmin) (X, 0) = bo(x) + Z Vb (x)7;(6) (5.3)

The latter is simple the truncation of the Karhunen-Loeve expansion of log(k — Kmin). The

same can be done for the forcing term f(x, 6)
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Lemma 5.1.2. Let 17 be an N-dimensional random vector defined on (QV, F, P) and let ¢ be
a o-measurable random variable defined on the same space. Then ( = g(n) for some Borel

measurable g: RY — IR, this means that ¢ will depend only on the components of 7, that is,

C(nlw'wnN)

This lemma can be extended to problem (5.1) for the case of finite dimensional noise, which

can be viewed in the following way:
E(Ii]\/)(UN) == fN in D (54)
using lemma (5.1.2) it can be concluded that uy = un(X; 71, .. .,MN)

Remark 5.1.3. It can be noticed that in the definition of the finite noise problem (5.2), for both
the forcing term and the term associated with the operator have dependency on the same random
variables. It is clear that in most of the real cases this is not, so the problem can be viewed in

the following way:

Xf na) (55)

thus uy = uy(x; 77a»77f)

5.2 STOCHASTIC COLLOCATION APPROXIMATION

Let uy(z,n) be the semi-discrete solution of
/ K(x,0)Vu(x,0) - Vo, (x)dx = / fx)vp(x)dx Yo, €V}, (5.6)
D D

Consider a sparse interpolation formula Z5 : Lf,n (RY) — =%, that uses a sparse grid Hy. The
stochastic collocation FEM solution is obtained by simply interpolating the semi-discrete solu-

tion on the sparse grid

up (%, 1) = Iyun(x,m) € Vi, ® =5 (5.7)
This means that if the points in the probability domain are "), ... n™) € Hy that belong

to the sparse grid, then using the pre-defined sparse interpolation, the solution can be achieved
simply by computing M deterministic solutions uﬁlj), j =1,..., M, using the points that be-
long to the sparse grid, and projecting the solution of these points into the sparse interpolation

formula.
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5.3 STOCHASTIC GALERKIN APPROXIMATION USING DOUBLE
ORTHOGONAL POLYNOMIALS

This method approximates the problem (5.1) with a solution that belongs both to the space of
the discretized space in the physical domain, as well as in the discretized probabilistic space

with u} such that
E [B(uj(x,0), v} (,0))] + E [N(uj(x,0), v} (2,0))] = E [(fn(x,0),v(z,0))r, ] (58

with v(z, f) belonging to the same space as the proposed ansatz for the solution of this problem,
B is the bilinear form and N is the term that arises due to nonlinear effects. As an example let
us consider the diffusion problem used by Babuska, Tempone, and Zouraris [2004] in their
original work, such that there is no nonlinear terms as well as no reaction terms in order to keep

the derivations as simple as possible.

(Volemaw v Do (59)

u=0 on 0D

Babuska, Tempone, and Zouraris [2004] developed an efficient method to solve stochastic finite
elements, using a stochastic Galerkin approach, that incorporates double orthogonal polynomi-
als in the probabilistical domain, to obtain a number of undecoupled systems, each of the size
of a deterministic realization of the same problem. Using a p x h finite element version, and
withought any loss of generality, attention is focused in finding a solution u} € V" ® Eg such
that

E [/D K(x, 0) Vil (x, 9)-Vv(x,9)dx] —E [/D F(x,0)v(x, e)dx] (5.10)

Up to now, many authors have used this approach, which leads to fully coupled linear systems,
which makes it necessary to use highly efficient parallel strategies to find the desired numeri-
cal solution. To avoid this problem, a particular basis was chosen by Babuska, Tempone, and
Zouraris [2004], double orthogonal polynomials since this choice of basis decouples the prob-
lem, but this can only be achieved when the random variables are independent (which is the
case for KL expansion with Gaussian fields), and when each of these fields (ay, fx) are a linear
combination of these random variables. Let { H(n)} be a basis for the subspace z* C Lf,n (),
and {¢(x)} be a basis for the subspace V;, C H}(D). Then an approximation of the solution

can be

ub(x,n) =Y uiH;(0)(x) (5.11)
7,
and the test functions can be taken as

v(x,8) = Hip(0) (%) (5.12)
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to find u;; coefficients, then equation (5.3) will be equivalent to

S {Hk(z)Hj(z) /D r(x, H)Vqﬁi(x)~v¢l(x)dx] s
r (5.13)
=F {Hk(z) Df(x, z)gzﬁ(x)dx} Yk,

defining
Gulz) = / (%.6) V(%) Vo (x)dx

(5.14)
and f,(z /fXZ¢z

If the random field is expanded into a KL expansion, then

Gi(z) = /D (E[/{(X,Q)]+przp> (5.15)

where
Gl = [ Blk(x 0)1Vai(x) - Varlx)ix
D (5.16)
and G, = / bp(x)V;(x) - Vo (x)dx
D
Since H, € E;, with a multi-index p = [py, ..., py], it is enough to take it as a product
N
z) = [ [ Hir (1) (5.17)

where Hy,: ), — R is a basis function of the subspace ZP" = span{Hy,: h=1,...,p, + 1}.
Keeping the choice of Hj, in mind,

/pn<Z)HkHszl dZ - G / H pnm Zm Hkm Zm)H]m(Zm)d
. (5.18)

+ZG /Zn Hpnm Zn) Hiom (2m) Hjm (2 ) d2

Now, for every set Q,, n = 1,..., N, the polynomials H;(z) = []_, Hjn(2.) need to be
chose, and they can be selected to satisfy biorthogonality, so that they can satisfy

/ P (Zn) Hien(2n) Hjn (20 )z = O
’ (5.19)
and/ P (Zn) Hin(20) Hjn(20)d2n = cind;

Qn

To find these polynomials, N eigen-problems need to be solved, each of them having a size
of (1 + p,). The computational work required by these eigen-problems is negligible compared

with the effort to solve for u;; Anyway, there is also the possibility of keeping these polynomials,
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for a given support €2,,, and performing a simple change of variables using the property stated
in (2.27) will reduce computational complexity. With this last finding, the right hand side of
equation (5.13) will be

Z </Qpn(Z)Hk(Z>Hj(Z)Gil(Z)dZ)

j?lL‘

e / Po(#) Hi(2) H (2)dz + 3 G / @ H (@) Hy(2)dz  (5.20)

N
= (Gg +) c;mGZ> Ok
n=1

thus rendering a /N decoupled problem.

5.4 MONTE CARLO APPROXIMATION

The statistical information, such as the response moments of uncertain systems can be computed
using the standard Monte Carlo method finite element method E[uy (X, 71, - - ., x)?], simply by
sample averages of iid realizations of the coefficients that model the governing equation at hand.
For each realization, it does not matter what method is used to solve the governing equation, as
long as the method converges approprietly at the possible realizations of the random fields that
describe the coefficients of the model. This method is quite robust but it lacks speed conver-
gence, since the convergence rate with respect to the number of samples is roughly O(1/ VM )
(Babuska) which is very slow, but on the other hand, it does not depend on the dimension of the

problem.
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6. NUMERICAL EXAMPLES USING THE SPARSE GRID
STOCHASTIC COLLOCATION METHOD FOR STATIC
PROBLEMS

In this chapter, a numerical example will be developed and it consists in searching the statisti-
cal response of a static mechanical problem. Different source of randomness are incorporated
(either in the forcing term or in the operator) and are solved using the sparse grid stochastic col-
location method. These solutions are contrasted with the solution given by the standard Monte
Carlo method.

6.1 BEAMS WITH UNCERTAIN MECHANICAL PROPERTIES

Let us consider now a beam with uncertain mechanical properties along the length (see figure

6.1). For this a collocation method will be used and the solution of the problem will be expanded

G M —1

Z%(w, N = —1)N-l ' (N 6.1

(w, N)g(m) = PR Vel vl i) We() 6.1)
[ileY (w,N)

where g = [u v 8]” The mechanical properties can be viewed as a random field with the follow-

ing covariance function

_ (a—y)?

Cunlt,y) =™ - 6.2)

for z,y € [0, 1], where L represents the correlation length. The truncated Karhunen Loéve

expansion of this covariance function is given by

v (m) = 1+m(0) (@) IS PWREINT) 63)
k=2

with

N = \/\/EL6<_ Lgﬂgﬂw) (6.4)
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y
4

Figure 6.1: The beam has a unit length and is loaded at the tip with a concentrated force P.
| cos(|k/2|mx) if kodd
bil(r) = { sin(|k/2]mx) if keven 6.5)

the random coordinates are uniformly distributed in [—\/5, \/5] with zero mean and unit vari-
ance. and Ey(x,n) = 150 + e7*¥@TD (GPa) represents the elastic Young modulus along the
length of the beam and with o = 2. The values of the constants that define the random field will

give plausible realizations for the elastic modulus along the length of the beam.

6.1.1 Finite elements for beams using a residual formulation

Since there will be the need to compute the deterministic response for many cases, a Galerkin
method is developed to solve each of these deterministic problems. According to the virtual

work principal, the external work is equal to the internal work, thus yielding
L = et (6.6)

where the internal work is Lf)”t = fD odedV . On the other hand, the kinematics of the beam can

be stated as
E=¢€)—YX = Uy — YV sy (6.7)

which means that plane sections remain plane. Clearly de = du , — yv ., therefore
LM = / o (Sup — Yov 4 )dV = / (Ndu, + Mév . )dl (6.8)
D !

since N = [ ,0dAand M = — / 4 yodA. Using a finite element approximation of the following

form for the beam as
u~N"a u,~B"u
v~ NV vV, ~B'v

(6.9)

introducing these approximations in the equation of virtual work will give a set of equations

LM = sal / B Ndl + 6% / BT Mdi (6.10)
l l
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which can also be written as
Lyt = 6 Fy + 0V Fy, (6.11)

axi

and recalling that
Lt = ou"Fort + 6V R (6.12)

axt

the principal of virtual work implies that
R<ﬁ7 ‘A’) = [Ram(ﬁ> Rbend(\?)}T =0 (613)

There are many algorithms available in the literature to solve this kind of system of equations,
for instance the Newton-Raphson scheme. For the sake of simplicity, the integration rule for
each cross section is done using a composite midpoint rule over n, horizontal stripes of width b
and height h/n.

bh &
;»N:/o—dA:—Zoi (6.14)
A s o
and
bh
M=~ [ oydA~—-—> o, (6.15)
A s 2]
where y; = % <% — 1). To compute the internal forces a simple 3 point Simpson quadrature

is more than enough, using the first end, the midpoint and the end of the element as P1, P2 and

P3, thus the expression for the internal force reduces to

) uT
Fint — /l { gyT ]\]\4[ 1 dl (6.16)

where also, R = F™ — F*' and the integral can be solved with many quadrature schemes,
such as Simpson and Gauss. For this numerical example a 3 point Simpson rule was used. To

obtain the consistent tangent, the residual needs to be differentiated.

< o

dR = dF" = [ Fiit Ft | { o } =Kr { } (6.17)

Defining the tangent modulus as £ = o ., and remembering that ¢ ; = BY, ¢ ; = —yB", itis

possible to compute the derivatives in the consistent tangent as follows (using the chain rule)

No = B'[,BrdA ~ B2y By
Ny = —-BY fA ErydA ~ _sz_}: Yo By

(6.18)
Mg = —B" [, ErydA ~ —Buz_}: > ict Eriys

Mg = B[ Ery?dA = BB Eny?

In the end, the consistent tangent can be computed along the element using any quadrature rule,

like the Simpson rule that was used for this example.
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15 b

0.5 B 4

Figure 6.2: The sparse grid using Clenshaw-Curtis nodes for N =2, L = 2, w = 3.

The equations (6.14) and (6.15) can be a set of nonlinear equations due to the nonlinearity of the
constitutive equations. In the case of linear elastic constitutive relationships, equations (6.14)
and (6.15) shall become a set of nonlinear equations. In the following numerical examples, both

linear elastic and elastic perfectly plastic constitutive relationships are approached.
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Figure 6.3: The realization of the elastic Young modulus along the length of the beam of each
point of the previous sparse grid is shown.

0.8
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|Sparse grid weights|

Figure 6.4: The absolute value of the weights assigned to each sparse grid point used before.
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Figure 6.5: Mean (in solid blue) plus minus the standard deviation (in red dashed) of the deflec-
tion at the tip of the beam due to a load of P = 1.5 (MN). the beam is considered
to be elastic.
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Figure 6.6: Mean (in solid blue) plus minus the standard deviation (in red dashed) of the deflec-
tion at the tip of the beam due to a load of P = 1.5 (MN). the beam is considered
to be inelastic, with o, = 250 (MPa).
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Figure 6.7: The surface response of the deflection of the tip of the beam with a load of P = 1.5
(MN) for the elastic case. This surface was computed using sparse interpolation
techniques and the previous sparse grid where the black dots are the realizations of
the sparse grid points.
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Figure 6.8: The surface response of the deflection of the tip of the beam with a load of P = 1.5
(MN) for the inelastic case, with o, = 250 (MPa). This surface was computed
using sparse interpolation techniques and the previous sparse grid where the black
dots are the realizations of the sparse grid points.
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—— Beta PDF obtained from the moments
— Kernel-smoothing method PDF using MC simulation
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Figure 6.9: The PDF of the deflection at the tip of the beam using a fitting scheme with Beta
function with the moments and limits, the K-S density estimation with Monte Carlo
simulation using the response surface and finally a Monte Carlo simulation from
scratch, also using K-S density estimation. All of these for the elastic case and
loaded with P = 1.5 (MN).
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Figure 6.10: The PDF of the deflection at the tip of the beam using a fitting scheme with Beta
function with the moments and limits, the K-S density estimation with Monte
Carlo simulation using the response surface and finally a Monte Carlo simulation
from scratch, also using K-S density estimation. All of these for the inelastic case
and loaded with P = 1.5 (MN) and o, = 250 (MPa).
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Figure 6.11: The 3d sparse grid for the previous problem with the addition of uncertain loading,
the load P ~ U between the values of 1 and 1.5 (MN). N = 3 and w = 5.
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Figure 6.12: Expected value (solid blue line) plus minus the standard deviation (dashed red
line) of the tip deflection.
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Figure 6.13: Beta PDF estimation, using the first 2 moments as well as the limits and K-S
density estimation with the straight forward Monte Carlo simulation, the inelastic
case, with o, = 250 (MPa).
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It is worth mentioning that the tip load that was chosen is under the ultimate value for which all
of the fibers in the section reach the plastic region, considering a yielding stress of o, = 250
(MPa). It can be seen in figures (6.5) and (6.6), that the variability is very small. This is due
to the small variability that was taken in the original random field for the respresentation of
the elastic modulus. Figure (6.3) might be misleading since there are sparse grid points the
yield very variable realizations of the elastic modulus along the length of the beam. Figure
(6.4) shows the absolute value of the weights for each sparse grid point, and as it can be seen,
there are many of this nodes that do not contribute to the final response in mean and standard
deviation, specially for the points in the extreme part of the grid, which are the ones that escape
the mean values, thus giving a small variability to the response of the beam problem for both

the elastic and inelastic case.

Another important issue to be mentioned is that the random field that was used in this case is
nonstationary, and this can be seen in figure (6.3), since the variability concentrates more in the

middle of the beam, rather that the extremes, thus giving nonstationarity to the problem.

For this problem, the amount of sparse grid points that was used was very small in comparison
with the exactitude of the results shown in figures (6.9) and (6.10). For this case, the number
of flops used in the sparse grid computation plus the Monte Carlo simulation was far less than
the case of full Monte Carlo simulation. For both cases, 10000 points where used in the Monte
Carlo simulations. In the case of the beta estimation, it can be said that it is not a very good
approximation. Beta estimation is relatively exact for the third case of the beam, where the tip

load distributes uniformly, but still it is not recommendable to use this approach.
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7. NUMERICAL EXAMPLES USING THE SPARSE GRID
STOCHASTIC COLLOCATION METHOD FOR DYNAMIC
PROBLEMS

In this chapter, several dynamical examples will be presented, to show that the proposed method
produces satisfactory results also in dynamics. For this purpose, a Bouc-Wen model has been
selected, subjected to random pulses, as well as the response of a 1d soil column using the
spectral element method (SEM), considering a medium that is modelled as a piecewise constant
random field. Later, the treatment of the random SDOF random oscillator in the parameters and

subjected to a stochastic Gaussian process is studied in detail.

7.1 RESPONSE OF LINEAR SYSTEMS SUBJECTED TO STOCHAS-
TIC GAUSSIAN PROCESSES

Many authors have worked on this specific problem with different angles of approach. Such is
the case of Lin [1965], who is one of the first to work on this field. Lin studied the response of
linear systems, subjected to aleatory pulse sequences. Roberts [1965] used the same approach to
solve the problem, and in both cases, a non-stationary noise method, developed by Parzen [1962]
was used which is quite similar to the one developed by Rice [1944]. This same methodology
was used by Wen [1974] to study the of lightweight equipment joined to structural systems.
Hammond [1968] studied the response of systems subjected to base excitation by stochastic
processes that have a evolutionary power spectral density function with the principal aim of

including in the structural response the variation of the frequency content in time.

Roberts [1965] used relations in the frequency domain, assuming that the excitation was period-
ical and non-stationary. He was careful to define a period of time larger than the duration of the
duration of the external loading to avoid aliasing in the signal. This method however presents

problems for the computation of the response, if the selected period of time is not long enough.
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Holman and Hart [1974] computed the response of linear systems excited by segmented and
modulated stationary processes. They considered that the frequency content was invariant in
each time segment. Corotis and Vanmarcke [1975] proposed a method to compute the response

of linear structural systems subjected to sudden white noise.

Crempien Laborie and Saragoni [1978] studied the influence of strong ground motion duration
in the response of linear structural systems. For this they assumed a time segment of the excita-
tion to be stationary. This proved the necessity to study the response of non-stationary response

of structural systems.

Spanos and Lutes [1980] also used an evolutionary power spectral density function to compute

the response assuming that the response can be modelled as a Markov process.

The approach that will be developed now considering that the excitation is of Gaussian nature,

both non-stationary in time and in frequency and the structural system is linear.

7.1.1 Response of a simple oscillator

The response of a simple linear, SDOF (single degree of freedom) oscillator can be deduced

from its ordinary differential equation that is stated as
mii(t) + cu(t) + ku(t) = —mF(t) (7.1)

where m is the mass of the oscillator, ¢ is the viscous damping and k is the elastic rigidity
of the oscillator. u is the displacement of the oscillator. w is the displacement of the oscillator,
considering the location were the oscillator is at rest as the reference state position. The external
excitation is considered as a basal acceleration F'(t) which later on will be considered as a
stochastic process. The problem stated in (7.1) has an equivalent formulation when normalizing
my the mass m

ii(t) + 26wnt(t) + wiu(t) = f(t) (7.2)

In this last equation, 26w, = < and w? = £ where w, is the circular natural frequency of the
m m

system and £ is the critical damping ratio of the system. With these 2 constants, the dynamical

behavior of the system can be characterized. The response of the system can be written as a

Duhammel integral solution, which is simply a convolution integral given by

u(t) = /+0° h(t —7)f(T)dT (7.3)

e}
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where h(t) is the response of the system to an unitary impulse excitation, that can be considered

as a delta Dirac function, thus yielding

Le~Sntgin(w,t) si t>0
o ={ = S 0
where w, = w,+/1 — &2 If the expected value of the response is taken, then
+oo
Elu(t)] = / h(t —T)E[f(T)]dr (7.5)

and since the expected value of E[f(¢)] = 0 is equal to zero, then equation (7.5) will become
Eu(t)] =0 (7.6)

To compute the autocorrelation of the response, the following can be done

oo “+oc0o
Ruu(tl,tg) = E |:/ h(tl — Tl)f(Tl)dTl/ h(tQ — TQ)f(TQ)dTQ (77)
using the properties of commutativity , then
+oo +oo
Ruu(ti 1) = / / h(ts — )h(ts — ) ELf (1) f(7)]dridrs (7.8)
+oo +o0
Ruu<t1, tz) = / / h(tl — Tl)h(tg — TQ)Rff(Tl, TQ)dTldTQ (79)

And in this last equation, the autocorrelation of the response has been computed, in function of

the autocorrelation of the process.

7.1.2 Response to a stationary process

A stationary stochastic process which has a autocorrelation function that depends only on the

difference between two instances of time ¢; and ¢,

Ryp(ti ta) = Ryp(ty —t1) (7.10)

which can be related to the power spectral density function (PSD) Sy f(w) through the Wiener-

Kchinchine theorem
—+o00

Rff(tQ—tl):/ Spr(w)e 271 gy (7.11)

—0o0

replacing this last equation in (7.9) and alternating the order in the integral yields

400 +00 oo
Ruu(tlu t2> = Sff(u))/ h(tl — 7_1>€iw‘r1d7_1/ h(tg — T2>€iWT2dT2dw (712)

—00 o0 — 00
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and with a proper variable change as &, = t; — 7, & = to — 7o, T = t9 — ty, it is possible to
obtain

+o0 +oo +o0o
Ruu(7) = /_ Spp(w)e™T /_ h(&))e ™5 dg, /_ h(&)e™*2 déydw (7.13)

o0 oo
and the integral becomes

+oo
/ h(r)e g = 2mh(w) (7.14)

—00

where h(w) is the Fourier transform of A(t), given by

. 1 [T , 1
h(w) = — h(r)e ™% d¢; = 7.15
() 27 /_Oo (7)e . 27 (w2 — w?) — 2iwyw) (7.15)
therefore, the autocorrelation function can be written as
+OO . ~ A
Ry (T) = Srr(w)e™™ h(w)h* (w)dw (7.16)
If t; = t9, then 7 = 0. This corresponds to the mean square response
+oo
Rua0) = Bl(0) = [ )8y w)d @.17)

If Sy varies slowly with respect to ||h(w)]|, then the system will behave like a narrow band

filter, this means that the highest contribution of the excitation of the process will be around the
natural frequency w,, [Caughey and Stumpf, 1961], thus equation (7.17) will take the following

form
oo

E[2(1)] = Sp7(wn) / () P (7.18)

Caughey and Stumpf [1961], among many, use the residual theorem to solve equation (7.18),

leaving the following equation
mS¢s(wn)
28wy,

If the mean value is considered to be zero, then equation (7.19 completes the probabilistical

E[u*(t)] = (7.19)

structure of the response in the case of an Gaussian excitation.

7.1.3 Response of a non-stationary separable process

if f is considered to be a non-stationary separable process, then using the property stated in

equation (7.8), the autocorrelation function can be found, which is given by

Ryp(ti,ta) = ¥(t1)(t) Rs(ta, ta) (7.20)
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now equation (7.9) can be used to find the autocorrelation of the response

+oo +oo
Ruu(tla tg) = / / h(tl - 7'1)h<t2 — Tg)¢(71)¢(72)R55(7'1, Tg)dTldTQ (721)

Using the Wiener-Kchinchine relationship, the autocorrelation function can be expressed in
terms of the autocorrelation of the stationary process, an the latter, can be expressed in terms of

the power spectral density function of the stationary process as follows

+o0o
Rys(m1,72) = / S(w)e ™™ dy (7.22)

o0

making some algebraic arrangements the next expression can be obtained

400 +00 +00
Ruu(ti, ta) = / S(w)/ h(t; — Tl)l/J(Tl)e_mldTl/ h(ta — T2)1(12)e 2 dredw
- - - (7.23)
Calling non-stationary transfer function to
400 )
T(t,w) = / h(t — 7)Y(1)e " dr (7.24)
and replacing this term in equation (7.23), it is possible to obtain
+oo
Ryu(ti,ta) = / Y(t1,w)Y*(t2,w)S(w)dw (7.25)

where T*(t,w) is the complex conjugate of Y (¢,w). In the case that t; = ¢, = ¢, then the mean

square response will be

Bl () - | TIPS (w)de (7.26)

o0

To obtain the probabilistical structure of the response, it is convenient to have the correlation
functions of the displacement-velocity, F[u(t)u(t)] and the mean square response of the velocity
E[u?(t)]. To obtain these functions, the methodology used by Crempien Laborie and Crempien
de la Carrera [2005] can be used, this is achieved derivating with respect to time equation (7.26),

and developing these expressions, the correlation between u y % can be obtained.

+oo
9 e = 2 / T(t,w) T (£, ) S (w)dw (7.27)
ot ot J_o
The partial derivative can be taken into the integral

0 oo

S EE) = [

The same with the expected operator

[T(t, W)T*(t,w) + T*(t, w) (¢, w)] S(w)dw (7.28)

o0

E2a(t)u(t)] = /_ m [T(t,w)T*(t, W)+ (‘r(t,w)r*(t,w))*} S(w)dw (7.29)

o0
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If this expression is further manipulated, the correlation can be reached

—+00

2Efi(t)u(t)] = 2 / Real |1 (1,) T*(1.)] S(w)do (7.30)
400 .
Ela(t)u(t)] = / Real [ (t,) 1" (1,)] S(w)d (7.31)
If equation (7.25) is partially derived with respect to any two different instances of time, then
62 82 +oo
MRuu(tl’tQ) == m /OO T(tl,w)T (tg,w)S(w)dw (732)

The partial derivatives can enter the integral in the following way

2 +oo | .
L Rltit) = [ Tt w) T (ts, ) S(w)dw (7.33)
0t

—00

If t; = t5 = t, then the mean square of the velocity will be obtained

Eli2(t)] = / I @) 28 (w)dw (7.34)

—0o0

expression that can be a analytical in certain cases.

Using equation (7.24), it is possible to see that it is also the solution of a simple SDOF sub-
jected to 1(t) exp(—iwt), thus it can be solved using any numerical integration scheme such as
Newmark family for deterministic cases of w,, and £. To take into account the variability of the
natural frequency and the damping ratio the Law of Total Expectation can be used. This law
states that E[u?] = E[FE[u?|n]|, where 7 is a vector representing other uncertain parameters in

equation (7.2).
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Figure 7.1: SDOF subjected to a dynamic force modelled as a stochastic process.
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Figure 7.2: Sparse grid plot for the possible values of the circular natural frequency and the
critical damping ratio with NV = 2 and w = 3.
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Figure 7.3: Realizations of the mean square displacement response in time for each point in the
previous sparse grid where the linear oscillator was subjected to a Gaussian process
with a gamma envelope. The coefficients of the envelope are &« = 0.18, § = 0.5
and v = 3.55.
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Figure 7.4: Mean square displacement response in time of a linear SDOF subjected to a non-
stationary Gaussian process with uncertain circular natural frequency and critical
damping ratio (both distribute uniformly). The coefficients of the gamma envelope
are « = 0.18, # = 0.5 and v = 3.55.
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Figure 7.5: The absolute value of the weights for every sparse grid point that was considered
in the original grid.
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After solving (7.24), equation (7.26) needs to be solved, and for this case, a quadrature based on
the Laguerre quadrature rule. It is clear that the solution of this method is based on the positive
reals, and the problem at hand is in the whole real domain, but since the integrand of (7.26) is a

even function, then
“+o00

Bl =2 [ [Y(w)PSde 7.35)
0
and since S(w) can be taken as a weight function, then the corresponding Jacobi matrix is

formed, and the nodes and weights are computed.

It is also important to mention that the response is also a Gaussian process, since it was originally

subjected to a Gaussian process in the first place, and because of the linearity of the operator.

In figure (7.2) we can see a sparse grid plot of natural frequencies versus the damping ratio
of the linear elastic SDOF in figure (7.1). The natural frequency and the damping ratio are
considered to distribute uniformly between the range of values seen in figure (7.2. The mean
square response of the SDOF subjected to a Gaussian process for each point of the sparse grid in
figure (7.2) can be seen if figure (7.3). The final mean square response considering uncertainty
in the damping and in the natural frequency can be seen in figure (7.4) and the absolute value of
the weights for each sparse grid point is showed in figure (7.5) with 7, is the natural frequency

wy, and ny is the damping ratio .

7.2 RESPONSE OF BOUC-WEN SDOF TO RANDOM PULSES

Let us consider the Bouc-Wen model for a SDOF that uses k; and k. as the stiffnesses that try

to capture the bilinear behavior of a lead bearing or other more general cases [Bouc, 1967]. The

change of stiffness occurs at a deformation w,,. If we take the ratio of the stiffnesses o = k—f,
then it is possible to use the following model
p(t) = akyu(t) + (1 — a)kyuy=(t) (7.36)

which is the total restoring force of the system, and the differential equation that determines

z(t) is given by
uy2(t) +fa(®)]z(6) ()" + Ba(t)]=(6)]" — a(t) =0 (7.37)

where (3 and v are dimensionless quantities that control the shape of the hysteresis loops. The
dimensionless parameter n, can be viewed as a controller of the degree of smoothness of the
curves during the transition of the stiffness and z(¢) is a dimensionless function of time. As it

can be seen, the last 2 equations are dimensionally correct. As it can be seen clearly, if ky = 0
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and n = 0, then the Bouc-Wen model reduces to a simple elastic perfectly plastic hysteresis

rule. These equations can be incorporated in the equation of motion as follows
mii(t) + p(t) = —miiy(t) (7.38)
which does not have terms of velocity damping, but it can be included in the following manner
mii(t) + cu(t) + p(t) = —miiy(t) (7.39)

and this equation takes into account viscous and hysteretic behavior, and it can be solved using

a state-space formulation.
ii(t) + 26w 0(t) + awiu(t) + (1 — a)wiuyz(t) = —iiy(t) (7.40)

To solve this set of nonlinear differential equations, the matlab function odel5s was used,
which is a variable order solver that is based on the numerical differentiation formulas. It also
uses alternately the backward differentiation formulas, that are also known as Gear’s method
[Shampine and Reichelt, 1997], which are very efficient for these kind of problems. dissipated

energy N N
W = / Ft)du = / F(t)ydt (7.41)
0 0

where
F(t) = cu(t) + p(t) (7.42)

The advantage of this parameter that depends in time, is that it is a relatively smooth function,

thus it is more or less easy to characterize.
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Figure 7.6: A SDOF with a bilinear Bouc Wen model of hysteresis subjected to random pulses.
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Figure 7.7: Possible acceleration pulses applied at the base of the SDOF in figure (7.6).
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Figure 7.8: Normalized force-displacement curves of a SDOF oscillator with a Bouc-Wen non-
linear rule due to the previous pulses (in accordance by colors).
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Figure 7.9: Displacement response in time of a SDOF oscillator with a Bouc-Wen nonlinear
rule due to the previous pulses (in accordance by colors).
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Figure 7.10: Sparse grid plot of the possible maximum amplitudes and pulse durations using
N =2andw = 6.
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Figure 7.11: The expected value (solid blue line), plus minus the standard deviation (dashed
red line) of the normalized internal energy due to the random pulses stated before.
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Figure 7.12: Sparse interpolation of the final normalized internal energy where the black dots
are the realizations of the sparse grid points.
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Figure 7.13: The estimation of PDF using a Beta fitting method, K-S density estimation com-
bined with Monte Carlo simulation with the response surface and K-S density es-
timation with straightforward Monte Carlo simulation for the normalized internal

energy.
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Plot (7.7) are simply possible acceleration pulses, which are applied to the nonlinear SDOF
of figure (7.6). The normalized force displacement curves due to the acceleration pulses are
presented in plot (7.8) as well as the displacement plots which are shown in figure (7.9). From
these plots it is clear that time duration is an important factor to take into account, just as peak

ground acceleration.

Figures (7.10), (7.11) and (7.12) are respectively the sparse grid plot considering the peak
ground acceleration and the pulse duration, the expected value plus minus the standard devi-
ation and finally the response surface of the normalized internal energy. In figure (7.10) a great

variability can be observed as time evolves.

In graph (7.13) the method does not compare favorably to the straightforward Monte Carlo
simulation. There are events which cannot be found by the sparse grid interpolation thus giving
relatively different PDF functions. There must be a very local maxima or minima in the response
function that cannot be represented by the sparse interpolation, and to find this irregularity it is
necessary to turn to other methods. But for this kind of problem, there is not much in the

literature to start with, and it can be said that it is an open problem for the field.

7.3 SITE RESPONSE USING 1D SEM

The spectral element method is a numerical method that is formulated based on the weak form
of a partial differential equation. Basically it is a higher order finite element method. It was
introduced into the field of computational seismology in the late 90’s and the main contributors
are Komatitsch and Vilotte [1998]; Komatitsch and Tromp [1999]; Chaljub, Komatitsch, Vilotte,
Capdeville, Valette, and Festa [2007]; Faccioli, Maggio, Paolucci, and Quarteroni [1997]. In
this section the 1d wave equation will be presented, as well as the weak form of this equation.

Later the ansatz of this equation will be presented and the final solution will be derived.

The 1d wave equation can be stated as the following partial differential equation defined in a

physical domain 2 = [—H, 0].

p(2)un(z,t) = [p(2)uz(z 1) = f(2,1) (7.43)

where u is the displacement field, p is the mass density, y is the shear modulus and f is the
forcing term. The traction along the depth of the physical domain 2 will always be t(z,t) =
w(z)u ,(z,t). It is obvious that the traction on the free surface will always be zero t(0,¢) = 0
at all times, this property will be useful as the derivation of this problem advances. At the

bottom, an absorbing condition will be imposed such that t(—H,t) = t,,s(—H,t), so that the
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downgoing waves do not reflect upwards again at the bottom condition. To solve this equation
using the spectral element method it is necessary to take it to it’s weak form, for this purpose
the wave equation is multiplied by an arbitrary displacement field v(z), to later integrate in the

whole domain
Kﬂﬂ@uﬂwi%-m&ﬁukiﬂz—f@iﬂv@MZZO (7.44)

As it was mentioned before, this equation holds for any admissible displacement field v(z)
where admissible means that this function does posses a certain level of continuity over the

domain €. This last equation can be integrated by parts to obtain

| peuat oz + [ peu (e o)

_ / (2 t)u(=)dz + [0, 8)0(0) — t(—H, t)o(—H)]

Q

continuing the derivation and as it was mentioned before, t(0,¢) = 0, so the weak form finally
is
/ p(2)u (2, t)v(z)dz + / w(2)u (2, t)v ,(2)dz

:/Qf(z,t)v(z)dz tops(—H, t)v(—H)

Now it is possible to divide the spatial domain €2 in elements (2., such that Q = UE | Q.. After

this consideration the previous equation can be rewritten as

Z/ 2)u (2, )V dz—l—Z/ v, (2)dz

(7.47)
-y | PGl =t (=0 1)
e=1 €
The displacement field can be expanded in series as
N
U(Z,t) = U(Fe(g), t) ~ U(Fe(gi)v t)ll(g) (748)
=0

where F¢(£) is a transformation into the isoparametric space (in this case [—1,1]), such that
quadrature turns out to be much more simple. §; are the quadrature nodes that for computational
purposes, it is very attractive to choose Gauss Lobatto Legendre nodes, because in this way, the
mass matrix turns out to be diagonal. [;(&) are the components of the Lagrange interpolation
that are used to characterize the solution in each element by enriching the polynomial degree.

With this approximation, the final system of equations is
MU + KU = SF(t)
Which is possible to solve with different numerical methods such as the Newmark family.
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Figure 7.14: The 1d site conditions and the respective uncertainty in the shear wave speed of
each layer.

The problem that is analyzed is a medium with 2 layers as seen in figure (7.14). Both of these
layers have a shear wave velocity which is modelled as a uniform random variable, and the
distribute between 60 [m/s] and 85 [m/s] for the upper layer, and 1000 [m/s] and 1300 [m/s].
The 1d soil column is subjected to a deterministic Ricker wavelet that can be appreciated in
figure (7.15). The parameter of interest will be the Arias intensity [Arias, 1970], which is given
by the following equation

s o .
I,=— U?(top)dt (7.49)
2% /. (top)

This quantity of interest is also relatively smooth, thus easy to characterize.
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Figure 7.15: The 1d soil column is subjected to this Ricker wavelet at the base.
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Figure 7.17: Mean (solid blue line), plus minus the standard deviation (dashed red line) of the
evolutionary Arias intensity at the free surface due to a Ricker wavelet at the base
of the medium.
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Figure 7.18: Response surface of the Arias intensity at the free end using sparse interpolation
where the black dots are the realizations of the sparse grid points.
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Figure 7.19: PDF estimation using a Beta fitting method using the first 2 moments and the
limits, Monte Carlo simulation combined with K-S density estimation using both
the response surface and simulation from scratch. All of witch are due to a Ricker
wavelet at the base of the medium.
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Figure 7.20: Absolute value of the weights for each sparse grid point.
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Figure (7.16) shows the sparse grid using Clenshaw-Curtis nodes and in figure (7.17), the mean
plus minus one standard deviation of the evolutionary Arias intensity is obtained. The plots
show that the sparse grid interpolation and subsequent Monte Carlo simulation are very much
precise, and is almost comparable to the full Monte Carlo simulation. In figure (7.18) it is
clear that the shear wave velocity of the bottom medium in not an important factor, i.e. the
final response has no great variations if this parameter if changed, thus there is a waste of
computational effort due to the evaluation of points along the variation of cs. An interesting
approach to solve this problem would be to use anisotropic parse grids [Nobile, Tempone, and
Webster, 2008b]. The explanation of this phenomena is due to the high contrast between the two
mediums, which allows an incoming wave from the bottom to the upper layer to be trapped in
the low velocity medium for a long while, thus not letting the high velocity medium to be used
to propagate the SH waves in comparison with the low velocity medium. In figure (7.19), the
final PDF for the beta fitting using the moments is plotted as well as the K-S density estimation
using the results of the Monte Carlo simulation for both the straightforward case and the sparse
grid approach. There is a remarkable similitude between both of the K-S density estimations
(straightforward and sparse grod approach). The beta estimation method using the moments is
quite far from the actual solution. Finally the absolute values of the weights are shown in figure
(7.20).
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8. CONCLUDING REMARKS AND FUTURE RESEARCH

8.1 CONCLUDING REMARKS

The sparse grid stochastic collocation methods are shown to be regular for problems in which
the solution is smooth, and irregular with irregular response. It is also not a good idea to use this
method for problems in which the noise level is very high, since this will lead to the necessity
to include many terms in the Karhunen Loeve expansion, thus increasing the dimension of the
problem. There will be a point in which if the dimension increases too much, the best approach
will be the use of Monte Carlo simulation, because as mentioned before, Monte Carlo simulation

does not depend on the dimension number, though it converges rather slow.

The moments are not enough for engineering applications, at least not combined with beta func-
tions, though these computed with the moments and boundaries are maximizing the information
entropy [Harr, 1989]. But still they seem far off with respect to the two Monte Carlo simulation
based techniques that where exposed. It must be pointed out that there are other methods that
are present in the literature that estimate PDF functions using the first four moments which were

not explored in this work, the reader is referred to Johnson [1949].

8.2 FUTURE RESEARCH

There should be a different approach for dynamical/hyperbolic problems, to find the solution
of quantities of interest in time. For linear problems this can be done with the approach that
was used in chapter (7), but there is still an open question in the field of nonlinear response
of systems (only Fokker-Planck solutions and linearized methods that do not hold convergence

properties). A similar approach to the elastic case should be used.

A special effort direct towards improving of a priori anisotropic sparse grid collocation methods
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should be done since it is a computational effort saver.

Problems with localized maxima and minima should be addressed using adaptive schemes to

find this singular points.

Another interesting problem is the correct characterization-discretization of random fields using
the Galerkin approach, but with wavelets to make the matrices of the problem as sparse as
possible [Phoon, Huang, and Quek, 2004], thus reducing the computational effort that needs
to be done to solve the eigenvalue and eigenvector problem. It would also be interesting to do
this considering that for different zones withing the domain of interest, a different covariance

function, which can be a realistic way to model a large domain.
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