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Résumeé

La moddisation d'un systeme mécanique peut étre introduite comme
I’idéalisation mathématique des phénomenes physiques qui le commandent.
Cela demande bien évidemment de définir des variables d’ entrée (parametres
géométriques du systéme, conditions de chargement...) et des variables de
sortie (déplacements, contraintes,...) qui vont permettre de comprendre
I’évolution du systeme mécanique. Les modeles utilisés sont de plus en plus
complexes et précis et I’enjeu actuel est I'identification des paramétres les
constituant. En effet, on ne peut plus se permettre, en traitant certains types de
problémes, d'utiliser des modeles purement déterministes ou les parameétres
interviennent seulement a travers leur valeurs nominales, étant donné que ceci
conduit généralement a une représentation trés erronée de larédité. De ce fait,
il est intéressant d’introduire les incertitudes sur I’ estimation des parameétres et
de considérer leur variabilité. L’ aspect fondamental des études stochastiques ou
probabilistes est donc de prendre en compte le caractere aléatoire et la
variabilité spatiale de paramétres tels que les propriétés des matériaux.

Les méthodes fiabilistes ont pour objectif principal la détermination d'un
niveau de confiance a accorder a la structure éudiée. En effectuant a priori
certaines hypothéses sur le dimensionnement et les grandeurs aléatoires mises
en jeu, et en définissant un éat dit de "défaillance” pour la structure, il Sagit de
trouver I'évolution de la probabilité de défaillance de cette structure tout au
long de sa durée de vie et de vé&ifier que le dimensionnement respecte les
regles de securité en vigueur.

L'application des méthodes probabilistes en vue du dimensionnement nécessite
de digposer d'un outil efficace permettant d'évaluer la fiabilité des structures
concernées. Lorsque le comportement mécanique dune structure est
explicitement déterminé, son étude fiabiliste est aisee grace a un nombre
important de méthodes qui ont montré leur efficacité. Par contre, lorsque la
modéisation mécanique est numérique (méthode des éléments finis par
exemple) une méthode permettant le "mariage” entre les modélisations
mécanique et probabiliste doit étre utilisée : c'est I'objet du couplage mécano-
fiabilise.

Le couplage meécano-fiabiliste [LEMOO] peut étre défini comme étant le
mariage d’un code é éments finis et d’un code fiabiliste, de telle fagcon a ce que
I’ on obtienne la solution de la maniére la plus efficace possible. Dans ce genre
d’ approche, c'est le code fiabiliste qui pilote le calcul FEM et qui assure la
convergence.



La méthode des ééments finis stochastiques est une modélisation numeérique
fondée sur une méthode d’ @ éments finis dans laguell e certaines variables d’ état
(variables intervenant dans la matrice de rigidité) ou d’ action (intervenant dans
les vecteurs de charge) sont des variables aléatoires. Cette approche nous
permet d évaluer les propriétés stochastiques de la réponse d'un modéle
mecanique.

Dans ce contexte, I'objectif de cette these consiste a proposer une méthode
danalyse probabiliste de la réponse d'un systeme mécanique avec des
parametres aléatoires. Une nouvelle technique, dite "exacte”, est proposee pour
le couplage des modeles ééments finis et de la méthode de transformation
probabiliste, en vue de I’ évauation; sous forme analytique, de la fonction de
densité de laréponse. Cette méthode est ensuite appliquée a différents types de
problémes en vue de démontrer ses avantages et ses limites.

Dans un premier temps, une synthese générale en francais des travaux réalisés.
La deuxieme partie, écrite en anglais, comprend les contenus détaillés de ce
travail.

Le chapitre 1 est consacré aux méthodes de fiabilité. Les méthodes
FORM/SORM ont pour but d’évaluer I'indice de fiabilité pour permettre une
approximation de la probabilité de défaillance. La méthode des ééments finis
stochastiques s'intéresse principalement a la détermination des paramétres
datistiques (moyenne et écart-type) de la réponse aléatoire d'un systeme
mécanique dont une de ses propriétes est représentée par un champ aléatoire.

Dans le chapitre 2, nous développons la méthode de couplage proposée, au
moyen de la combinaison de la méthode des éléments finis et de la méthode de
transformation probabiliste. Contrairement a d autres méthodes numériques,
I’ approche adoptée permet de définir de fagon «exacte », voire analytique, la
fonction de densité de probabilité de la réponse mécanique. Nous pourrons
donc facilement calculer laprobabilité de défaillance du systeme.

Les chapitres 3 et 4 sont consacrés a lavaidation de notre méthode. Aprés une
serie de validations sur quelques problémes mécaniques (chapitre 3), la
technique proposée est ensuite appliquée sur des structures plus moins
complexes nécessitant I'utilisation d'un code ééments finis (chapitre 4).



Abstract

The modeling of mechanical systems can be defined as the mathematical
idedization of the physical phenomena controlling it. Thisimpliesto define the
input variables (geometrical parameters, loading conditions...) and the output
variabl es (displacements, stresses...) alowing to understand the evolution of the
mechanical system. The used models are more and more complex and precise
and the difficulty lies is the identification of the parameters constituting them.
Indeed, we cannot admit to use the deterministic models where only the
average parameters are considered, because it generaly leads to wrong
representation of the redity. Hence, it is interesting to introduce the
uncertainties in parameter evaluation and to consider their variability. The
fundamental issue of probabilistic studies is therefore to take into account the
uncertain character and the spatial variability of parameters.

The reliability methods have for main objective the determination of a safety
level of the structure. Under some hypotheses on the uncertain quantities, and
by defining the state of failure, it can be possible to find the evolution of the
falure probability of the structure aong its life span and to verify that the
design satisfies the safety considerations.

The application of probabilistic methods in design requires to have an effective
tool to evaluate the reliability of the considered structure. When the mechanical
behavior is explicitly modeled, its reliability analysis becomes easy, dueto the
large number of available methods which can be used efficiently. On the other
hand, when the mechanical model of the structure is numerical (finite element
method for example) a method allowing the combination of mechanical and
probability models must be applied: it is the goal of mechanical-reliability
coupling.

The mechanical-reliability coupling [LEMOO] is defined by the combination of
finite element software and reliability algorithms, in such way that the solution
can be obtained in the most effective way. In this kind of approach, the
reliability code drives the finite element analysis procedures and ensures the
convergence.

The Stochastic Finite Element Method (SFEM) is a numerical modeling in
which some variables of the structural state (variables in the stiffness matrix) or
of the actions (load vector) are uncertain variables. So, we try to find the
stochastic properties of the mechanical response.

The objective of thisthesisistherefore to analyze and to study the probabilistic
response of a mechanical system with uncertan parameters. Contrary to other



methods, the proposed technique couples the deterministic finite element
method and the probabilistic transformation method, to evaluate the probability
density function of the response in closed-form. To show the advantage of the
proposed method, we have carried out different applications to cover several
structural engineering contexts: static, dynamic, reliability and optimization.

Thisthesisisdivided into two parts:

The first one constitutes a synthesis of the achieved work in French. However,
the second part, written in English, consists of the detailed contents of this
work.

Chapter 1 gives an overview of the reliability methods, especialy First order
reliability methods and Stochastic finite element methods.

Chapter 2 describes the proposed technique through the combination of finite
element method and probabilistic transformation method. The extension to
multivariate case is described to deal with realistic structural models.

The validation of the proposed technique is shown in Chapter 3. The
comparison with Monte Carlo simulations allows us to verify the quality of the
proposed method in static, dynamics, reliability and optimization.

Chapter 4 presents three structural problems. a space truss with 25 bars, a
perforated plate and atwo-story framed structure.
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[.1. Introduction

La conception des systémes meécaniques consiste a assurer les ressources
nécessaires pour satisfaire aux besoins tout au long de la durée de vie espérée.
Dans un monde ou régnent d'irréductibles incertitudes, le processus de
conception nous met en face des effets de la nature, avec le risque de perdre ou
la chance de gagner. Etant donné que I|'objectif de I'ingénieur est
principalement de gagner dans la grande majorité des cas, il se trouve donc
obligé de prendre des mesures contre les aéas de la nature, c’est ce qu'on
appelle la marge de sireté. Cette marge est d’autant plus grande que les
conséquences de perte sont catastrophiques. N’ oublions pas que cette marge
mobilise des moyens considérables (humains, financiers, temporels,...), elle ne
peut donc pas étre infinie, puisque I’ utilisateur final ne peut pas supporter les
codts d'une sur-fiabilité exagérée. Le but de la conception est donc de définir la
meilleure performance, permettant d’ établir un compromis raisonnable entre
des besoins contradictoires, tels que lafiabilité et le codt.

Cette partie donne une vue globale du travail effectué et des principaux
résultats obtenus. Apres une présentation de la théorie de la fiabilité et de la
méthode des ééments finis stochastiques, la méthode de transformation
probabiliste est développée pour les cas uni- et multi-variables, respectivement.
Le couplage avec la méthode des ééments finis est le fil conducteur des
différents développements. L’ application numérique sur des structures permet
lavalidation de la méthode et montre le potentiel aune telle gpproche.

|.2. Position du probleme

La conception et le dimensionnement des structures et des machines et la
prévision de leur bon fonctionnement conduisent a la vérification de regles
résultant de la connaissance physique, mécanique et experte des constructeurs.
Elles traduisent, sous des formes plus ou moins complexes, des critéres a
respecter comprenant des valeurs admissibles de contraintes ou de
déplacements.

Chague régle représente un mode éémentaire et leurs enchainements sont
définis comme des scénarios de défaillance du systéme entier [LEM92]. La
verification d’ une régle de dimensionnement traduit simplement la vérification
d’un mode potentiel de défaillance parmi d’ autres modes possibles.

La connaissance des variables entrant dans I'écriture d'un scénario de
défaillance n’est, au mieux, qu’une connaissance statistique et nous admettons
une représentation par variables aléatoires. L’ objectif est aors d évaluer une
probabilité, celle de se trouver dans une situation de défaillance.
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[.2.1 Probabilité de défaillance

La premiere étape dans |’ analyse de la fiabilité consiste a définir les variables
de conception X, représentant un niveau sSgnificatif de fluctuation.
Ces variables, dites de base, peuvent étre |es actions extérieures (charges, vent,
houle, séisme), les caractéristiques géométriques (dimensions, aire, moment
d’inertie) ou les propriétés des matériaux (limite élastique, module de Y oung,
coefficient de Poisson). Pour chacune de ces variables X, , on choisit d'affecter
une loi de probabilité traduisant I’ adéa correspondant. Ceci peut étre obtenu a
travers les éudes statistiques, les observations physiques ou, manque de
moyens, les appréciations des experts. La qualité des informations se refléte sur
la précision des résultats obtenus.

La deuxiéme étape consiste a définir un certain nombre de scénarios de
défaillance potentiels. Pour chacun d entre eux, une fonction de performance
G(X;) est établie (par exemple : résistance supérieure ala sollicitation ou bien
déplacement inférieur a la valeur admissible). De cette fagon, la fonction de
performance divise I’ espace des variables en deux régions : domaine de sireté
G>0 et domaine de défaillance G £0. La frontiere entre ces domaines est
définie par G =0, appelée état limite,

La probabilité de défaillance est donnée par :
P, = P[G(X;)£0] = Q, fx (6) dx...dx, (1.1)

ou f, (x) estladensité de probabilité conjointe des variables de base X; et
D, est le domaine de défaillance. L’évaluation de cette intégrale est tres

colteuse en temps de calcul, car il sagit d une quantité tres petite et car toute
I"information nécessaire sur la densité conjointe de probabilité n'est pas
disponible. Pour ces raisons, des méthodes plus efficaces sont proposees ; elles
se basent sur le calcul de certains indices appelés indices de fiabilité, puis sur
une approximation de la probabilité de défaillance.

Indice de fiabilité : I'indice de fiabilité est une mesure du degré de slreté du
systéme. Il est directement lié a la probabilité de défaillance et permet la
comparaison des différents systemes. L’indice le plus couramment utilisg, noté
b, aété propose par Hasofer et Lind [HAS74]. Ces auteurs ont propose, au lieu
de rester dans |’ espace des variables physiques, d’ effectuer un changement de
variables et ains de se placer dans un espace de variables gaussiennes réduites
(moyennes nulles et écarts-types unitaires) statistiqguement indépendantes. La
transformation des variables X, en variables normales standardisées U, est

notée par :
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U, =T (X)) (1.2)

Cette transformation est nommée transformation iso-probabiliste. Elle est
représentée sur la figure 1.1 qui illustre complétement la démarche [LEM92].
Lafonction de performance s écrit alors:

G(x;)=6[rYu;))° Hlu,)=0 (1.3)

Selon la définition de Hasofer et Lind, I’indice de fiabilité b est la distance
minimale de I’origine a la fonction d’état limite H(u) =0 dans |’espace U .

Cette distance définit un hyperplan tangent a la fonction d'état limite et un
point P', dit point de défaillance le plus probable ou point de conception
(figure 1.1). Une premiere approximation de P; est obtenue en remplagant la
fonction d’état limite H(u)=0 en P* par un hyperplan, ¢ est la Méthode de
Fiabilité du Premier Ordre, FORM (First Order Reliability Method).

La probabilité de défaillance est alors approchée par larelation :
P, »F (- b) (1-4)

ol F(¥ est la fonction de répartition normale centrée réduite. Le degré de
précision est fonction de lanon linéarité de lafonction d' état limite.

Une meilleure approximation est obtenue en tenant compte des courbures de
I"état limite, il s agit des méthodes du second ordre SORM (Second Order
Reliability Method).

Trouver b est donc un probléme d’ optimisation avec une contrainte :

b=mind, avecd=+UU (1.5)
sous lacontrainte: H(U)=0

ou d est ladistance de l'origine a I'état limite dans I'espace normé. Le probléme
est résolu avec une des méthodes d’ optimisation adaptée alaforme particuliere
de ce probléme.
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Figure I.1: Transformation entre |'espace physique et |'espace normé [LEM92].

[.2.2 Simulationsde M onte-Carlo

Les simulations de Monte Carlo représentent I’ approche la plus géenérale pour
I’ évaluation de la probabilité de défaillance. L’ évaluation de I'intégrale 1.1 est
directement effectuée au prix d'un certain nombre d’' appels a la fonction d’ état
limite.

Simulations de Monte Carlo (MC) [MOH95] : cest la méhode la plus
générade et la plus colteuse. Les tirages sont effectués dans tout I’ espace
normé, suivant la loi multi-normale (figure 1.2). Pour N tirages aléatoires,
I’'espérance de I'intégrde 1.1 est évauée pa le rapport du nombre
d'échantillons défaillants N sur le nombre total de tirages N (P; =N /N).

D’une maniére générale, pour évaluer une probabilité deI’ordre de 107", il faut
effectuer de 10™? & 10™* simulations (i.e. nombre de calculs par ééments
finis). 1l est évident que cette méthode est loin d'étre efficace pour les grands
systémes atres faible probabilité de défaillance.
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Figure 1.2: Simulations directes de Monte-Carlo.

1.2.3 Couplage éémentsfinis et fiabilité

Dans la plupart des cas industriels, la fonction d’état limite ne peut pas étre
définie par une fonction explicite des variables aléatoires et il faut avoir recours
a une définition implicite comme par exemple un code de calcul aux ééments
finis. C est & ce niveau gu’ interviennent les méthodes de couplage entre |’ outil
meécanique et I’ outil fiabiliste.

Ayant défini e modéle mécanique et les incertitudes associées, deux méthodes
de couplage mécano-fiabiliste peuvent étre employées en vue de |’ évaluation
de la probabilité de défaillance. La premiére méthode est basée sur I'évaluation
directe de l'indice de fiabilité par une procédure d'optimisation utilisant le code
ééments finis et la deuxiéme est basée sur la méthode de surface de réponse
approximant I’ état limite G, suiviedel’ évaluation del’indice b de Hasofer et
Lind pour cette surface. Ces méthodes exigent un lien entre le code éléments
finiset lelogiciel de calcul defiabilité.

Couplagedirect

Par la méthode de couplage direct, nous entendons toute procédure de fiabilité
basée sur un agorithme de recherche de I'indiceb en utilisant directement le
modele ééments finis [TAW93]. A chague itération, des appels au code
éléments finis sont effectués pour I'évaluation de la fonction d'état limite.
L'indice b peut étre obtenu par une méthode quelconque d'optimisation
permettant la résolution de I'équation (1.5). En utilisant les algorithmes bases
sur les différences finies, il n'y pas besoin de connaitre la forme analytique de
la fonction d'état limite pour déterminer la probabilité de défaillance. Tout ce
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dont nous avons besoin, ¢ est I’ensemble des valeurs de I'état limite et de son
gradient aux points de calcul.

Méthode de surface de réponse polynomiale

La Méthode de Surface de Réponse MSR [MUZ92] permet d obtenir une
fonction d’'approximation qui représente le comportement des phénomeénes
physiques dans un domaine de variation donné. En fiabilité des structures, le
domaine de variation est celui des variables aéatoires et la fonction a
approximer est lafonction d’ état limite. Le but de la méthode est de déterminer
une relation explicite (et approchée) entre la réponse mecanique et les variables
d’ entrée du systeme.

Approximations par réseaux de Neurones

Dans ce cas, I'idée est d'utiliser la propriété selon laquelle les réseaux de
neurones sont des approximateurs universels parcimonieux [LEM97b,
MOH95] ; ¢’ est-a-dire, qu’' a une précision fixee, ils sont capables d’ approximer
toute fonction continue avec un nombre de paramétres gustable inférieur a
celui requis par une régression classique. Le nombre de parametres ajustables
étant inférieur, l'approximation nécessite moins de points par rgpport a
I’évaluation de I’ état limite. Cet avantage est tout a fait intéressant puisque le
nombre de cal culs mécaniques est un facteur important dans ce type d’ analyse.

|.2.4 Méthode des éémentsfinis stochastiques

LaMéthode des Eléments Finis Stochastiques SFEM, dans sa forme actuelle, a
été introduite dans I’ouvrage de Ghanem et Spanos [GHA91]. Bien que le
terme et I'idée d'incorporer |'aéa dans une formulation ééments finis aient une
plus longue histoire (voir [SCH97] pour une vue densemble du travail
précédent, en particulier dans le domaine de la mécanique stochastique), cela
constitue probablement la premiére approximation systémeatique déterministe et
aléatoire de Galerkin [SUDOQ].

Nous distinguons deux types d'approches, en fonction de la nécessité
d’intervenir dans le code de calcul : méthodes intrusives ou non-intrusives.

[.2.4.1 M éthodes intrusives

L'idée de ces méthodes est de considérer I'incertitude comme une dimension
supplémentaire du probléme traité, en utilisant la discrétisation spatiale
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proposée par le concept des éléments finis. Nous pouvons traiter la dimension
associée a l'incertitude par deux approches géenérales, la méthode de
perturbation et |la méthode spectrale.

Méthode de perturbation

La premiére méthode utilisée est basée sur I'étude de la perturbation de la
réponse en fonction des variations des paramétres incertains du modée
[BAES8L]. La premiére étape concerne la discrétisation spatiale des champs
stochastiques. Pour cela, la méthode du point-milieu, laméthode de la moyenne
locale et la méthode des intégrales pondérées, ont été utilisées.

La deuxieme étgpe consiste a gpprocher les fonctions des variables aléatoires
par leur développement en série de Taylor autour de leurs valeurs moyennes, a
I'ordre un ou deux, en supposant que les variables aléatoires sont peu di spersées
autour de leurs valeurs moyennes. Pour le probleme discrétisé KU=F, le
développement a I'ordre deux par rapport aux variables aléatoires e,, nous

donne:

1
Kij ee,

Qo5
Qos

K=K°+3 K/'e +

i=1 i

1
=
1
=

j
(1.6)

u=u’ +é. Uje +é é Ui;Ieiej

i=1 i=1 j=1

ol K° K/ et K;' désignent respectivement la moyenne, la premiére et la

deuxiéme dérivée de la matrice de raideur K par rapport aux variables

incertaines; U°,U/ et U sont les quantités analogues définies pour le champ

de déplacement U.

Larésolution est faite successivement comme suit :

KU®=F
KU/ =-K/U° (1.7)
KU =-K/Uj - KU/ - K{jU®

De nombreuses applications aux problémes linéaires et non linéaires ont éte
proposées, en statique comme en dynamique, avec de bons résultats quand les
parametres incertains fluctuent dans une bande étroite autour de la valeur
moyenne [EL195, MUSOQ].
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Méthode des éléments finis stochastiques spectrale

méthode des é éments finis sous laforme :
KU=F (1.8)

Dans cette expresson, K est la matrice de rigidité, U est le vecteur des
déplacements nodaux et F est |e vecteur des forces nodales.

Dans la méthode des ééments finis stochastiques [GHA91], du fait de
I"introduction des propriétés aéatoires des matériaux, de la géométrie et du
chargement, lamatrice K et le vecteur F deviennent aléatoires. Aing |le vecteur
des déplacements nodaux devient également aéatoire ; on le note U(q), ou q
indigue la dimension probabiliste. Chagque composante de ce vecteur est une
variable aléatoire qui peut se décomposer sur la base de polyndmes
orthogonaux (chaos polynomial) comme suit :

Q
U@ »a AY o @) @) (1.9)

ou x,(Q),...Xy (g) sont des variables aléatoires gaussiennes centrées réduites
ayant servi a discrétiser les variables d'entrée du probléme et Y (3 sont des

polyndmes d Hermite multidimensionnels qui forment la base du chaos
polynomial. Les coefficients A, sont calculés en utilisant une minimisation au

sens de Galerkin.

Ce type de résolution, qui implique le calcul des résidus de I'équation
d'équilibre, saccompagne d une implémentation spécifique dans le code
élémentsfinis.

De nouvelles méthodes de résolution ont éé récemment développées pour
calculer ces coefficients a I’ aide de calculs aux ééments finis déterministes et
de caculs analytiques. De ce fait, ces méthodes sont appelées non intrusives,
car elles ne nécessitent pas d’implémentation a l'intérieur du code éléments
finis, mais seulement la réalisation d’une série de calculs déterministes et leur
post-traitement.
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|.2.4.2 M éhodes non intrusives

Les méthodes non intrusives sont basees sur une minimisation au sens de la
norme L? entre la solution exacte et la solution approchée par le chaos
polynomial [BEROS]. La premiere étgpe est le passage de |’ espace physique a
I"espace normé pour chacune des variables aléatoires d’ entrée, rassemblées
dans un vecteur aéatoire X. Si les variables X; sont indépendantes cette
transformation s écrit :

X = F_l(Fi (Xi)) (1.10)

ol F (¥ est lafonction de répartition d’ une loi normale centrée réduite et F(X,;)

sont les fonctions de répartition des X (i=1,2,...,M). Supposons que I’on
veuille approximer le vecteur aéatoire des déplacements nodaux par un
dével oppement tronqué sur la base du chaos polynomidl :

1

P-
- Uy Y (x) (1.12)
j=0

Uq »Jq:.

ol Y,(¥ (j=0,..., P-1) sont P polynémes d’ Hermite multidimensionnels dont le
degré est inférieur ou égal ap ; nous avonslarelation suivante::

(M +p)

M!pl

Ayant n réalisations du vecteur aéatoire x,, soit x* (avec k=1,...,n). Pour
chague réalisation x, la transformation isoprobabiliste permet d obtenir le
vecteur aléatoire des variables d’ entrée X®. En utilisant le code ééments finis,

le vecteur réponse U peut étre calculé et la solution probabiliste peut étre
déterminée.

10
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|.3. M éthode de transfor mation probabiliste (PTM)
D'apres ce qui précede, nous constatons ce qui sulit :

- les méhodes fiabilistes (FORM, SORM, MSR,...) sont des méthodes
approchées et ne permettent pas de donner la fonction de densité de
probabilité de la réponse.

- la méthode des édéments finis stochastiques (SFEM) permet |’ évaluation
des propriétés stochastiques de la réponse mécanique, en particulier la
moyenne et |'écart type, mais elle ne donne pas la fonction de densité qui
représente la caractéristique statistique la plus importante.

Dans ce contexte, |'objet de cette thése est de proposer et de développer une
méthode pour évaluer analytiquement (ou semi-analytiquement) la fonction de
densité de la réponse d'un systeme mecanique stochastique.

La solution d'un systeme meécanique stochastique est compléetement définie par
I’ obtention de la fonction de densité de probabilité de laréponse. Cela ne peut
pas étre accompli par la plupart des méthodes et techniques disponibles, telles
gue I'équation de Fokker-Planck, la série de Wiener-Hermite et |la méthode de
linéarisation stochastique. Quelques solutions exactes existent pour la moyenne
et |'écart-type de la réponse sont introduites dans [EL199, SHI88].

La Méthode de Transformation Probabiliste PTM permet d’ évaluer la fonction
de densité de probabilité pdf d’ une fonction a variable aléatoire, en multipliant
la densité conjointe des arguments par le Jacobien de lafonction inverse. Ains,
la pdf "exacte" peut étre obtenue en utilisant la méthode de la transformation
probabiliste (PTM) avec la méthode déterministe des éléments finis (FEM)
[KADO5b]. Dans la méthode de la transformation probabiliste, la pdf de la
réponse peut étre obtenue anal ytiquement lorsque la pdf des variables aléatoires
d'entrées est connue.

Dans ce qui suit, nous développons la méthode proposée dans ce travail
(appelée PTM-FEM), dans laguelle la théorie de transformation probabiliste est
combinée a la méthode des ééments finis pour obtenir la pdf de la réponse
mécanique stochastique.

[.3.1 Transformation Probabiliste

Dans la résolution des équations différentielles stochastiques, nous devons
déterminer la distribution probabiliste d'une fonction dont les arguments sont
des variables aéatoires. Plusieurs techniques sont disponibles, mais leurs
avantages varient en fonction du probleme éudié. La méthode la plus utilisée
en théorie des probabilités, et la Méthode de Transformation probabiliste
[PAPO2].

11
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1.3.1.1 Théoriedela transformation probabiliste

L'idée principale de la transformation probabiliste est donnée par le théoreme
suivant :

Théoreme : supposons que X est une variable aléatoire de pdf : f, (x), définie
sur Al Ret f,(x)>0 différentiable et monotone (ou monotone par morceaux).
Considérons la variable aéatoire Y =u(X), ol y=u(x) est une transformation
bijective de I'ensemble A vers I'ensemble Bi R afin que I'équation y =u(x)
puisse étre résolue uniquement pour x en fonction de'y, dites x =u*(y). Alors,
lapdfdeY est (figure 1.3):

Ly)=fluOlal, vis (112)
Lo _dx _du(y) : : e .
ou J " & est le Jacobien de latransformation qui doit étre continu
y y

en tout point yT B.
¥

6 &,

fix)d,

ANSSNSNE

Figure 1.3: Méthode de Transformation.

[.3.1.2 limitations et extensons

Laméthode de transformation présente certaines limites pour larecherche de la
distribution de la sortie f, (y) connaissant celle de I’entrée f, (x):
- il n'est pas toujours évident de trouver lafonction inverse x =u™*(y) de
fagon explicite ;
- il faut que la fonction soit bijective pour que I’on puisse calculer son
inverse;
- le déterminant du Jacobien doit &re non nul, i.e. u™(.) existe,

12
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Ces limitations sont souvent rencontrées lorsque le nombre de variables
d’ entrée est différent de celui des variables de sortie (en général, on s'intéresse
a une seule variable de sortie). Pour paier cette difficulté, des variables
auxiliaires doivent étre introduites pour permettre la résolution du systéme.
Pour un systéme a n entrées et a une seule sortie y, = f(x,, %,,....,X,) , NOUS

procédons comme suit :

N

Soit {: % @ K avec: () = % _ 00 )
1Y ® Y =u(X) 1Y, =% i=2..,n

La fonction u(®, définie ci-dessus, est inversible si et seulement s le
déterminant du Jacobien est non nul [KADO54] :

ALC) u
™ X
0 10 . 0 q
9 = 01 M
X
. 1 0
0 1

Etant donné qu’il existe au moins, une variable « x; » tel que 1?—: 10, onen

déduit que lafonction inverse u™ existe.

1.3.2 Couplage EF et PTM

La technigue PTM-FEM [KADO5a KADO5b] est une combinaison de la
méthode des ééments finis (FEM) et la méthode de la transformation
probabiliste (PTM) [HOG89]. Contrairement aux approches basées sur le
développement en série, les problemes de convergence ne se posent pas dans
cette approche, parce que la PTM est une méthode analytique. Les équations
d’ équilibre du systéeme sont résolues en utilisant la méthode des élémentsfinis.
Cette résolution est ensuite utilisée pour obtenir la pdf de laréponse en utilisant
laméthode de la transformation probabiliste. Cette technique évalue la fonction
de densité de probabilité de la réponse en multipliant la pdf de I'entrée par le
Jacobien de la fonction inverse. Lorsque le nombre de variables aéatoires est
petit, cette approche a I'avantage de donner analytiquement la fonction de la
densité de laréponse.

13



Partie | Synthése Générale

1.3.2.1 Algorithme général

L'algorithme général de la technique PTM-FEM (figure 1.4) commence par
I”application de la méthode des ééments finis pour obtenir la relation entre la
sortie (vecteur de déplacement) et I’ entrée (matrice de rigidité et vecteur des
forces nodales). A partir de ce systéme d’équilibre, la fonction inverse est
déterminée pour le calcul du déterminant de la Jacobien de la transformation.
Finalement, la pdf de la réponse est obtenue par le produit du déterminant de la
Jacobienne par la pdf conjointe de I'entrée.

Données: 7y (x),x{x)ouy =u(x)y est
calcule en utilisant EF

v
Calculer =™
ol x=1u"1(y)

J|, determinant du
Jacobien

Trouver

Y

Calculer pdf(y), en utilisant MTP:
Jr =[], fy (x)
v
<___F__ >

Figure 1.4: Algorithme générd de la technique PTM-FEM .

L'avantage de la technique PTM-FEM dans le contexte de I'analyse statique
réside dans sa capacité de fournir la pdf, qui est la caractéristique la plus
importante de la réponse, sous forme analytique ou semi-anaytique,
contrairement a d’ autres méthodes numériques qui donnent seulement les deux
premiers moments de laréponse et |a pdf numériquement.

14
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|.3.2.2 Evaluation de la fonction de densité

Notre objectif est de déterminer la pdf de la réponse sous forme "exacte”, si
possible, en utilisant I’agorithme présenté ci-dessus. Pour cela, nous
considérons tout d’ abord le cas scalaire en vue d'illustrer |laméthode, puis nous
développons le cas matriciel en contexte élémentsfinis.

1- Casscalaire

Pour un systeme a un degré de liberté, I'équation d'équilibre s écrit :

ku=f (1.13)

ouk,uetfl R.Nousconsidérons, atitre dexemple, que laraideur est aléatoire

et la force est déterministe : la fonction de densité de k est donnée par fx(k) et
nous nous intéressons a la pdf de son inverse :

h=k1l=2=

L e Jacobien de cette transformation est :

=M= p2 ﬁ (1.14)

Latechnique de transformation permet d’ écrire lafonction de densité de h :

I ot
fh(h)_‘ﬂh fi (k) =1|h fk(h)

Dans |’ exemple ou k suit une loi log-normale de moyen my et d'écart types .,
lafonction de densité de k est donnée par :

1ank- my, O

28 Sk g

£, () :ﬁ

D'aprés la démarche décrite ci-dessus, nous obtenons :

2
1lae Inh-my, 0

I
fh(h):\/%%e :

Sk @

L'étape finale de I'agorithme est de multiplier la pdf de h=k™ par celle de la
force (cas ou f et k sont indépendants).

15
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e f,(u)=|3|f, ()" f.(f)

En générd, I'inverse de la matrice de rigidité présente des termes non linéaires.
La généralisation de la technique proposée doit donc admettre certaines
approximations en fonction du probléme traité. 1l est auss possible de faire
appel alaméthode de surface de réponse pour obtenir une approximation de la
fonction inverse liant la sortie aux entrées du systéme meécanique.

Casmatriciel

Nous remarquons que |’ éape principale dans la technique PTM-FEM réside
dans le calcul du Jacobien de la transformation. Pour cela deux méthodes sont
développées: la premiére (paramétrique) est basee sur les opérateurs de
sensibilité pour calculer directement le Jacobien, et la deuxieme (non
paramétrique) est basée sur le calcul de la pdf de l'inverse de la matrice de
rigidité.

A) Méthode paramétrique : opérateur de la sensibilité

L'équation générale d'équilibre de la structure est de la forme KU =F ; elle
admet pour solution :

U=KF (1.19)

Pour appliquer la technique PTM-FEM, nous avons besoin seulement de
W _ 1k 'F)
fa Ta
est une variable aléatoire). On peut procéder suivant une des deux démarches
suivantes :

caculer le Jacobien de la transformation, c est-a-dire (ou a

1) Dérivation dela matrice K*

Ladérivée de l'éguation (1.19) donne :

-1
m:l(K-lp):ﬂK F+K'1E
fla '”aK_l '”aF fla (1.20)
ield|= LA e
fa Ta

16
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Pour simplifier le probleme, nous supposons que I'aléa se situe au niveau de la

matrice de rigidité, c'est-a-dire a =k;. Dans ce cas, nous avons IF ~o et
i
-1
9= F|.
ﬂkij
Pour évaluer numériquement, nous procédons comme suit :
KK =1
T k=
ﬂkij ﬂkij
-1
TK K =- K-lﬁ
ﬂkij ﬂkij
T[K_l - K—lﬁK—l
ﬂkij ﬂkij

Il devient donc possible d’ évaluer le Jacobien de I’inverse K™ en fonction de la
dérivée de la matrice de rigidité elle-méme (ce qui est beaucoup plus simple a
calculer, soit analytiqguement, soit numériquement).

2) Calcul direct du Jacobien

Ladifférentiation directe de l'équation d’ équilibre par rapport a k; , donne :

)l )l
—(KU)=—-(F
w V)= gF)
LSy
Tk, Tk Tk
W Ik
ﬂkij ﬂkij
9] =1- K Iy

ﬂkij

Dans ces deux approches, le calcul symbolique du Jacobien, en utilisant
Mathematica par exemple, est possible pour 3 ou 4 degrés de liberté. Pour les
structures pratiques, I'évaluation numérique est le seul moyen. Pour le calcul
numérique, Lund [LUN94] a propose une différenciation numeérique exacte

pour le calcul de % , surtout par rgpport aux variables géomeétriques.

ij

17
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Pour valider la méthode proposée, différentes applications ont été proposees
dans les domaines suivants :

- eéguations différentielles stochastiques [KADO7] ;

- fiabilité des structures [KAD06a, KADO6b] ;

- optimisation d'une structure [KADOQ7c] ;

- problémes de dynamique [KADO6¢c, KADO7d].

B) Méthode non paramétrique : calcul exact du Jacobien pour une raideur
aléatoire

Dans |’ approche non paramétrique, la fonction de la densité de probabilité pdf
de lamatrice derigidité K peut étre donnée par :

f (K):R""® R (1.15)

Etant donné que la solution du probléme mécanique sécrit U=K'F, le
probléme principal consiste a trouver la pdf de K™ ; cela implique I’ obtention
de la densité de probabilité conjointe de tous les éléments de K. Ainsi, nous
nous intéressons ala pdf de lamatrice inverse :

H=K?! R"" (1.16)

Les éléments de H sont des fonctions non linéaires des élémentsde K. Méme si
les éléments de K ont une distribution simple (Gaussienne par exemple), la
distribution conjointe des ééments de H est difficile a déterminer. Le
dével oppement mathématique de la Jacobienne de la transformation entre K et
K™ nous permet o écrire :

J=|k[ (1.17)

Cette formule représente une généralisation du cas scalaire. Ayant le Jacobien,
le reste de la procédure est identique au cas scaaire.

(n+1)

f, (H) :|H|' f.(H™Y (1.18)
Cette formule a I'avantage d étre applicable a toute matrice symétrique
aléatoire. Lorsque la pdf de K est disponible, cette expression permet d’ obtenir
la pdf de la matrice aléatoire inverse sous forme explicite. Aing, il devient
possible d’ obtenir la pdf du vecteur de déplacement U.

18
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|.4 Applications

Dans ce paragraphe, la technique PTM-FEM est appliquée pour I'analyse
probabiliste d'une structure formée de 25 barres avec des paramétres a éatoires.

hop 1 Se X
)I . \.\\ I‘I
/ \
J‘ ll' \.\-G i a &
[ \'Is \ 2
/ A .
i N, I
."f \--1 | x
é__d__—PLq“’ A 11
SN2 ' 1z ;s\
9% AN
S e . ,"(“ N y '/19
s / b s 20
J i "
e 5 ;¥ k
S Vs
2 I|IlII ," \
,f/ )."/. \\,s

|'l 4
i

Figure 1.5: Treillis a25 barres.

La méthode de la force unitaire permet le calcul du déplacement nodal en
utilisant laformule suivante :
& NN,

u=gq —L,
% ES

ol N; est I'effort normal dansla barrei di aux forces extérieures, N, est I'effort

normal dd & une force unitaire appliquée selon le degré de liberté concerné, E
est le module d'éladticité, S et L; sont respectivement la section et la longueur
delabarrei.

Par symétrie, les sections des barres sont regroupées selon e tableau suivant :

Barre Section
1
25,78
3,4,6,9
10,11,12,13
14,18,21,25
15,16,17,19,20,22,23,24

P99 PP
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Le tableau ci-dessous indique les efforts normaux obtenus par les forces
verticales et horizontales, ains que par des forces unitaires selon les trois
degrés de liberté aux nceuds 1 et 2.

force
Force horizontae longueur

Barre | verticale(N) (N) Fx1=1(N) Fy1=1(N) Fz1=1(N) Fx2=1(N) Fy2=1(N) Fz2=1(N) Li(mm)
1 118496 0 -0.44778 0 -0.116842 0.44778 0 -0.116842 18000
2 -182632 -108058 0.39318 -0.88916 0.4508 0.31882 -0.04387 -0.08319 25632
3 -103094 -181168 -0.48044 -0.65356 0.101654 -0.38958 0.053606 0.101654 31321
4 -103094 24564 -0.48044 0.65356 0.101654 -0.38958 -0.053606 0.101654 31321
5 -182632 236220 0.39318 0.88916 0.4508 0.31882 0.04387 -0.08319 25632
6 -103094 -34814 0.38958 0.053606 0.101654 0.48044 -0.65356 0.101654 31321
7 -182632 -227820 -0.31882 -0.04387 -0.08319 -0.39318 -0.88916 0.4508 25632
8 -182632 99670 -0.31882 0.04387 -0.08319 -0.39318 0.88916 0.4508 25632
9 -103094 191418 0.38958 -0.053606 0.101654 0.48044 0.65356 0.101654 31321
10 -2112.2 27160 0.021874 0.075444 -0.013032 -0.021874 0.075444 -0.013032 18000
11 25438 25416 0.142222 0 -0.010987 0.140172 0 -0.071498 18000
12 -2112.2 -27160 0.021874 -0.075444 -0.013032 -0.021874 -0.075444 -0.013032 18000
13 25438 -25416 -0.140172 7.5292E-17 -0.071498 -0.142222 0 -0.010987 18000
14 -261700 -84148 0.57096 -0.52328 0.35794 0.57524 -0.6071 0.022956 32031
15 -142550 -129638 -0.147116 -0.034886 -0.041108 -0.154788 -0.54426 0.24192 43474
16 -136254 138918 0.2779 0.17921 0.17797 0.27976 0.122694 0.009951 43474
17 -142550 -78852 0.154783 -0.54426 0.24192 0.147116 -0.034886 -0.041108 43474
18 -261700 -322780 -0.57524 -0.6071 0.022956 -0.57096 -0.52328 0.35794 32031
19 -136254 -30232 -0.27976 0.122694 0.009951 -0.2779 0.17921 0.17797 43474
20 -136254 -70148 -0.27976 -0.122694 0.009951 -0.2779 -0.17921 0.17797 43474
21 -261700 116470 -0.57524 0.6071 0.022956 -0.57096 0.52328 0.35794 32031
22 -142550 133196 0.154783 0.54426 0.24192 0.147116 0.034886 -0.041108 43474
23 -136254 -38536 0.2779 -0.17921 0.17797 0.27976 -0.122694 0.009951 43474
24 -142550 75296 -0.147116 0.034886 -0.041108 -0.154788 0.54426 0.24192 43474
25 -261700 290460 0.57096 0.52328 0.35794 0.57524 0.6071 0.022956 32031

L’'application du théoreme de la force unitaire permet
déplacement horizontal au nceud 2 selon|’axey :

q

ans le calcul du

7850940221 + 4285580903 + 73766125.44 + 1.464698375" 10% + 64280992379

_ 20
Uy, = — +
180000E &S, S,

S

avec q laforce horizontale appliquée.
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Partie | Synthése Générale

Pour simplifier les calculs sans perte de généralité, nous prenons une section
identique pour toutes lesbarres; i.e. S=S; ce qui donne :

_18491872q
y2 ES

Pour I’ anal yse probabiliste, nous considérons les cas suivant :
Cas 1: E suit une loi uniforme U[10°(N /m?), 3x10°(N /m?)]

Latechnique PTM-FEM permet d’ écrire la distribution du déplacement sous la
forme explicite:

pdf (uy,) =|J| pdf (E) = “ﬂu

21849187299 o (E)

Uy2 !25

pdf (E)

y2

118491872 10'5q 18491872q 184918,72q
i our ———— £ Uyp £ —
=i 2u° y2S 37 10°S 10°S

I 10 ailleurs

La figure ci-dessous illustre cette fonction de densité pour les valeurs
numériques : q = 180 kN et S= 2000 mm?>.
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Figure 1.6: pdf de uy2

Pour un déplacement admissible défini par 120mm, la probabilité de
défaillance est obtenue par P = Pr[uy,>120]. Le calcul explicite de cette
probabl lité donne :

R L8492q _ 166 166,42685 _
Pf - QZ pdf (Uyz)du QZO S Uy2 _QZO Tzzduyz - 0,19
-y
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Ce résultat est validé par 10000 smulations de Monte Carlo indigquant une
probabilité de 0,189.
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Figure 1.7: Probabilité de défaillance.

Cas 2: q suit une loi exponentielle de parameétre 1.

L atechnique proposée donne lafonction de densité :
ESu,,
e ES ¢ _ ES "18491872

f, (u,)=J|f =c—— —~=f =
0, (Uy2) =] fa (@) g184918,72gq(q) 18491872
Avec un module E=200000MPa, la figure ci-dessous illustre la distribution du

déplacement uy,.
2500
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—— Proposed Method
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Figure 1.8: pdf de uyz.

Pour une limite de déplacement par unité de charge définie par : 0,0005mm, La
probabilité de défaillance est calculée par :
Eu,,
¥ ¥ ES i
Pr = Qo005 fuyz (UVZ) duy2 _Q,0005184918,7Ze i 72duyZ

0,004

= Qo467 1074 400

“du,, =0,34
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Ce résultat est également tres proche de cel UI de Monte Carlo : 0,3382.
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Figure 1.9: Probabilité de défaillance.

Cas 3: Ssuit une loi de gauss de moyenne égale & 2000 mm? et d’ écart-type de
100 mm?. Latechnique PTM-FEM nous donne :

_l@se872q 0 ¢
184918 72q 1 2 Eu. g

_fS( )_ EU \/5

aE18491872
o, (Uy) =[] f5(S) = E—q

y2

Pour un déplacement limite de 85mm, la probabilité de défaillance s écrit :
12484918,72q 20_2

\10518491&72q 1. 26 Eu,  :

¥
P = Q fuy2 (uy,)duy, = ~Q Eu, \/5 duy,
15166426 1 2% s 2092
— X ) > _~ e 2% uy 2 de2 =0,33
U y2 A/ 2p
Ce qui correspond au résultat des smulations de Monte Carlo 0,3334.
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Figure 1.10: pdf de uy2
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Figure 1.11: Probabilité de défaill ance.

|.5. conclusion

Ce chapitre donne une synthése du travail de recherche effectué, qui est détaillé
dans la partie en langue anglaise. Aprés une présentation rapide des méthodes
permettant I'analyse de la fiabilité, en particulier les méthodes FORM/SORM
qui sont basées sur I'évauation de l'indice de fiabilité suivie par des
approximations du premier et du second ordre pour le cacul de la probabilité
de défaillance, la méthode des éléments finis stochastiques est principal ement
développée pour le calcul approché des caractéristiques statistiques (en
particulier, moyenne et écart-type) de la réponse mécanique des structures.

La méthode proposée dans ce travail est basée sur le couplage entre laméthode
des éléments finis et la méhode de transformation probabiliste pour définir
d'une maniere « exacte » la densité de probabilité de laréponse ; ce qui permet
d’ obtenir directement les moments statistiques et la probabilité de défaillance.
Cette méthode détermine la fonction de densité conjointe de la sortie en
multipliant celle de I'entrée par le Jacobien de la transformation inverse. La
technique est étendue au cas multi-variables pour les modéles éléments finis.
Dans certains cas, surtout ceux des barres et poutres, le Jacobien peut étre écrit
sous une forme analytiqgue ou semi-analytique. Dans le cas général, des
approximations, telles que les surfaces de réponse, permettent I’ obtention d’une
solution analytique approchée. L'intérét de la technique proposee a été
démontré au moyen d'un certain nombre d applications en statique, en
dynamique, en anal yse fiabiliste et en optimisation mécano-fiabiliste.
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Chapter 1 Reliability Methods

I1.1.1 I ntroduction

The design of mechanical systems consists in assuring the necessary resources
to satisfy the needs all over the expected life span. In aworld full of irreducible
uncertainties, the process of design consists in accepting to play against the
effects of the nature, with the risk to loose or the chance to win. Since the
engineer's objective is mainly to win in most of the cases, he has therefore to
take some measures against the risks by the means of what is called the “safety
margin”. This margin is egecially large when the failure consequences are
catastrophic. However, this margin requires considerable resources (human,
financial, delay,...), it cannot be therefore infinite, since the user cannot afford
the costs of over-reliability. The goa of the design is therefore to define the
best performance, allowing to establish a reasonable compromise between
contradictory needs of reliability and cost.

This chapter presents, first, a brief review of the mathematical basis of
reliability methods, in order to introduce the subseguent formulations of the
methodology proposed in this work. An overview of the stochastic finite
element methods is then presented with highlights on the advantages and
limitations of each method.

11.1.2 Principle of Reliability Analysis

The design of structures and machines and the prevision of their good
functioning lead to the verification of a certain number of rules resulting from
the knowledge of physica and mechanical experience of designers and
constructors. These rules traduce the necessity to limit the loading effects such
as stresses and displacements. Each rule represents an elementary event and the
occurrence of several events leads to a failure scenario [LEM92]. The
verification of a design rule is smply the verification of one potentia failure
among many other possibilities.

The knowledge of the variables influencing the failure scenario is not, at best,
more than statistical information and we admit a representation in the form of
random variables. Therefore, the objective is to evaluate the failure probability,
corresponding to the occurrence of a specific failure situation.

[1.1.2.1 Probability of failure

Once the design rules are given, the basic variables considered as random are
chosen by defining their distribution and parameter estimates. Subsequently,
we proceed to the evaluation of the failure probability with respect to the
chosen scenario.
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Two important assumptions are necessary:

(1) the state of the structure can be defined in the space of
random variables;

(2) a any time, the structure should be in one of the two possible
states: the state of failure or the state of safety. The limit
between these two states is known as the limit state surface.

The safety is the state where the structure (or the machine) is able to fulfill all
of the functioning requirements. mechanical and serviceability for which it is
designed. In the simple case of two variables: the resistance R and the loading
effect S the function Z=G(RS) defines the limit state for the basic

component by the difference between resistance and loading effect; thus, the
safety margin is given by:

Z=G(RS)=R- S (11.1.1)

where G >0 defines the state of safety and G £ 0 defines the state of failure;
the limit state surface is defined by G = 0. The failure probability isthen given

by:

P =Q,, fz(9dz (11.1.2)

where P, isthe failure probability and f,(2) isthe density function of Z. As a

matter of fact, the statistical parameters of the loading effect S, even those of
resistance R, are not directly accessible, because the measurements and the
observations are carried out only for the basic variables, X,;. As the problem

becomes multidimensional in terms of X, , the variable Z and the vector X, are
related by a transformation called the “mechanical transformation” [LEM973]:

7 =G(X) (11.1.3)

In general, this transformation is assumed to be known, even if for most of the
structures, it is only available by the mean of agorithms, such as Finite
Element Analysis software. The failure probability becomes:

P =P(G(X)£0)=q fy (x) dx...dx, (11.1.4)

where f, (x) is the joint density function of the vector X; and D is the
failure domain.
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Figure 11.1.1: Reliability analysis methodology [LEM92].

Evaluation of the failure probability

The evaluation of the integral 11.1.4 is not easy, because it represents a very
small quantity and al the necessary information for the joint density function
are not available. For these reasons, the First and the Second Order Reliability
Methods FORM/SORM [DIT96] have been developed. They are based on the
reliability index concept, followed by an estimation of the failure probability.

The most used index b was proposed by Hasofer and Lind [HAS74], who

proposed to work in the space of standard independent gaussian variables
instead of the space of physical variables. The transformation from the
variables X; to the normalized variables U, isgiven by:

U, =T,(X;) (1.1.5)

This transformation is called the *probabilistic transformation’. It is represented
in figure 11.1.1 which illustrates the complete analysis methodology. In this
standard space, the limit state function is written as:

G(x;)=6[rYu;))° Hlu,)=0 (11.1.6)
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and the failure probability is given by:

P = Q(U)Eof o(u) du,...du, (1.1.7)

where f (u)is the standard density function in n dimensions, n being the
number of random variables.

The reliability problem iseasily solved if we have the reliability index. Finding
b isan optimization problem under one constraint [HAS74]:

b =mind, with d =4/U'U
under the congtraint H(U)=0 (11.1.8)

where d is the distance between the origin and the limit state in the standard
space. This problem can be solved with any appropriate optimization method
[ABD90, LEM97b] .

[1.1.2.2 Monte Carlo Simulation

The Monte-Carlo simulations represent the most genera gpproach for the
evaluation of the failure probability. The computation of the integral 11.1.4 is
done directly by a certain number of calls to the limit state function (i.e.
mechanical cals). Among the different sampling methods, one can distinguish
the Direct Monte Carlo [MOH95] which is the most general method, but aso
the most expensive. The samplings are done in al the standard space according
to the multi-normal distribution (figure 11.1.2). For N uncertain sampling, the
mean of the integral 11.1.4 is valued by the ratio of the failed samples over the
total number of sampling. To estimate a probability of the order of 10", it
requires 10™ to 10™ simulations (i.e. Finite Element Analyses). It is obvious
that this method is impossible to use for large-scale systems with low failure
probability. For this reason, other sampling techniques have been widely
developed in order to reduce the variance of the probability estimate. However,
the computation cost is still large for practical engineering structures.
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Figure 11.1.2: Direct Monte-Carlo simulation.

11.1.2.3 FORM/SORM

A first approximation of P; is gotten by replacing the limit state H(u;)=0 by a
tangent hyperplane at the design point P, which is known as the First Order
Reliability method, FORM [MADS86]. By taking into account the axis-
symmetry of the Gaussian probability density, we can estimate this probability

by:

P; »F(' b)

where F() is the univariate Gauss distribution. The precision of this
approxi mation depends on the non-linearity of the limit state (figure 11.1.3).
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Figure 11.1.3: approxi mation of P; by FORM/SORM.

A better approximation is obtained by taking into account the curvatures of the
limit state. For this purpose, several methods have been proposed. For example,
Breitung [BRES84] proposed an approximation by a hyper-paraboloida having
the same tangent and the same principal curvatures as the limit state surface at
the design point. The asymptotic development gives the probability as follows:

ol
P »F (‘ b)O (1"' bk )_1/2

i=1

with k; the principal curvatures in the principal directions at the design point

P.

[1.1.2.4 Probabilistic Transformation

A very important point in the algorithm lies in the probabilistic transformation
T(®. This transformation defines the correspondence between physical and
normalized variables. If the basic random variables are independent, each
variable is transformed by the equivalence between the physical and the
standard cumulated functions (figure 11.1.4), leading to:
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The probabilistic transformation is then:
u=T(x)= |:-1(|:XI (x)  i=1..n,

When the basic variables are not mutualy independent, the Rosenblatt’s
transformation [ROS52] is the best solution [MADS86], however, it implies the
knowledge of the joint density function of the random variables X;, which is not
a redistic condition in most practical cases where we have, a best, the
marginal distribution function of X (with mean m, and standard deviation
sy ) and the correlation matrix r;. To cary out the probabilistic
transformation, Der Kiureghian and Liu [DER86] proposed to use the
approximation given by Nataf [NAT62]. Let us consder, for example, two
correlated random variables X; and X,. The margina functions F, (x) are

known, U, and U, are standard norma variables but correlated; they are
defined by the transformation:

g :F_l(Fx, (% ))’ =12

A

1,00

X

)u:.

0,00

Figure 11.1.4: independent variables transformation.

Knowing the joint normal distribution of U, and U,, Nataf [NAT62] associates
a joint density function with X; and X, by the mean of the following
relationship:

A \ fxl(Xl) f><2 (Xz)

fxl,x2 (Xl’XZ):fZ(Al’uZ’rO,lZI f (lfl )f (lfl )
LU,

where f, (x)= and f,(3,,0,,r,,,) is the bi-normal density function,

dei (%)
dx,

with zero mean, unit variance and correlation r,,. The relationship between
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ro and r, is obtained by the correlation definition. Therefore, r,,, can be
calculated in function of the marginal density of X;:

¢ o x0)- m x(0)- me o -
rlZ:(ici ;X a2 ;X %2t ,(0,,0,,1 o JdG,d0,
i 2

This relationship defines the correlation coefficient to be used. To get the
standard independent variables, we have to uncorrelate these normal variables:

u =T(x)=G;u, =G;F _l(ij (Xj ))

where [G]=[L]" is the inverse of the lower triangular matrix of Cholesky's
decomposition of [r,]. Figure 11.1.5 illustrates the transformation procedure
proposed by Nataf [NAT62].

Figure 11.1.5: variable spaces in Nataf's transformation.

11.1.3 Reliability with Finite Element Analysis (implicit
functions)

In most of industria cases, the limit state function cannot be defined by an
explicit function in terms of the uncertain variables and, hence, it is necessary
to find an implicit modeling as for example the Finite Element Analysis (FEA).
Two approaches have been proposed: the first one is based on a direct
computation of the reliability index using the FEA by specific optimization
procedures. This approach requires a combination between the finite element
and the reliability software. The second one is based on the computation of an
approximated form of the loading effect, through a response surface to be used
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for the reiability analysis, either by FORM/SORM techniques or by Monte
Carlo smulations.

[1.1.3.1 Direct coupling method

By the direct coupling method, we mean any reliability procedure based on the
design point search using directly the FEA each time the limit state function
has to be evaluated. The design point search can be carried out by any
optimization method allowing to solve equation (I1.1.8). By using the coupled
model, there is no need to know the closed-form of the limit state function to
determine the failure probability. All what we need are the values of the limit
date and its gradient (and maybe the Hessian) at the computation points.
Historically, the Rackwitz and Fiessler algorithm [RAC78] has been frequently
used in reliability analysis but some instability problems were observed. The
convergence rate has been well improved by the Abdo and Rackwitz algorithm
[ABD90], which is a simplified form of the sequential quadratic programming
algorithm. As for most of optimization methods, there is no guarantee that the
calculated minimum really corresponds to the global one; only good
engineering sense allows us to get a logica interpretation of the coherence of
the failure configuration.

11.1.3.2 Polynomial Response Surface Method [TAW93]

The Response Surface Method (RSM) [MUZ92] alows us to get an explicit
approximation that simulates the behavior of the physical system in a given
domain of variation. In the field of structural reliability, the domain of variation
isthe one of the uncertain variables and the function to gpproximate is the limit
state function (generally, an output of the finite element analysis). The goa of
the method is to determine an explicit relationship between the response and
the input variables.

In general, the response surface method consists in building a polynomial
expansion of the limit state function G(x,) or H(u;) [MUZ92]. The Quadratic
Response Surface is usually chosen as the best compromise since it includes a
possible calculation of curvatures and it avoids possible oscillations of higher
order polynomials. We choose to build the approximation in the standardized
gpace. For N random variables in the standardized space, the gpproximation

H(u) of H(u) can bewritten as:

~ Y )
H(u)=c+g bu +g a a;uy,

i=1 i=1 j=1
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where ¢, b and a; are congtants to be determined. The function H(u) is
defined by at least (N +1)(N +2)/2 redlizations of the mechanical model.

11.1.3.3 Neural Networ k approximation

The ideaisto use the property of parsimonious universal approximations of the
Neural networks [DREO2, HOR89], i.e. for a fixed precision, they are to
approximate all continuous function with a number of adjustable parameters
lower than the one required by classic regression. This point is therefore quite
interesting since the number of data or mechanical calculations is an important
factor in this type of analysis. In the reliability anaysis, the type of network
used is the perception multilayered with ahidden layer (figure [1.1.6).

1 12, b

19, b

Q@

w2

Input X, —_—

Output sz(x I)

D
Figure 11.1.6: Neural network approxi mation.

Their principle in the case of reliability lies on the evaluation of the response S
with respect to the inputs x by using combination of adapted functions f (of
sigmoida type):

S=f (S)M(Z)-f 2 M(l)_ FO(x)+ b(2))+ b(?”J

where WO and b are the parameters (weight and slanted), evaluated by the
Levenberg-Marquadt algorithm [HOR89].

I1.1.4 Stochastic Finite Element M ethod

Although the idea of incorporating randomness in a finite element formulation
has a long history (see [SCH97] for overviews of earlier work, particularly in
the area of stochastic mechanics), the work of Ghanem and Spanos [GHA91]
probably constitutes the first systematic Galerkin approximation, leading to the
Stochastic Finite Element Method (SFEM) in its current form. The work of
Sudret and Der Kiureghian [SUDOQ] gives an interesting survey of the SFEM
formulations and algorithmsin reliability analysis.
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The SFEM can be divided into two categories: intrusive methods and non-
intrusive methods, depending on whether the formulation requires or not an
implementation in the finite element software.

[1.1.4.1 Intrusive M ethods

The idea is to consider the uncertainty as a supplementary dimension of the
treated problem, by using the space discretization according to the concept of
the finite element. The uncertainty is then considered as an additional degree of
freedom. For efficiency and stability reasons, a stochastic mesh is adopted,
which is generally larger than finite element mesh; usually, the stochastic
element is formed by a group of finite elements. In this approach, the
uncertainty effects are considered by one of the two gpproaches. the
Perturbation Method and the Spectral Method.

[1.1.4.1.1 Perturbation M ethod

This method is based on the anaysis of the perturbed response of the model
induced by the perturbation the uncertain input parameters [BAES81]; it works
like sensitivity analyss of the finite element response.

The first step concerns the space discretization of the stochastic fields, which
can be performed by one of the following techniques:

a) Mid-point method: this is the simplest way to proceed; it consists in
associating an uncertain variable to every element of the stochastic
mesh, by supposing that the value at the middle of the element
represents the stochastic field over the element [SHI88]. The statistical
moments of the uncertain variables are then obtained by considering
those of the stochastic field at the different mid-points of the mesh.

b) Local average method: it consists in taking the uncertain variable
associated to each element by considering the average value of the
stochastic field over the element [VANS83]. Different numerical
techniques exist to calculate the statistical moments of these uncertain
variables according to the characteristics of the initial stochastic field.

c) Weighted integral method: this method transforms the initial stochastic
field to a vector of nodal uncertain variables for the numerical
integration required for the evaluation of the eement stiffness matrix
[TAKO9Oab, DEO9la-b]. It has been shown that this discretization
gives a very good approximation of the response variance [TAK92],
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while the mid-point discretization leads to overestimate this variance,
and the local average discretization tends to underestimate it.

The second step consists in approximating the functions of the uncertain
variables by first and second order developments of Taylor series in the
neighborhood of the mean value, by assuming little variations of the random
variables around their mean values.

For the case of finite element analysis, the discretized problem to be solved
takes the form: K U=F, the second order development in terms of the n random
variablese, leadsto:

VT g &
K=K +aiKiei+aia.lKijeiej
i= i=1 j=

U :UO"'é.Uilei +é. éUi;Ieiej

i=1 i=1 j=1

where K° K/ and K are respectively the mean, the first and the second

derivatives of the stiffness matrix K with respect to the random variables;
U°U'and U are the corresponding quantities defined for the displacement

vector U ; the subscripts i,j vary from 1 to the number of variables n. The
solution for displacement characteristics is successively performed order by
order:

KU®=F
KU =-K/U°
KU! =-K/U! - KU/ - K'U®

In the literature, many applications to linear and nonlinear problems has been
carried out, in static and in dynamics, with good results when the uncertain
parameters fluctuate in a narrow band [ELI95, MUS00]. In structura
dynamics, some researchers [VANO3b, GHA99b] have developed an origina
moda approach that allows us to directly calculate the perturbation of Function
Response in Frequency (FRF) where uncertainties concern the structural
stiffness and geometry. From the numerica point of view, the coupling of the
perturbation method with Monte Carlo sampling allows us to efficiently deal
with the variability of the FRF.

11.1.4.1.2 Spectral M ethod
This Spectrad Stochastic Finite Element Method (SSFEM) as been widely

developed by Ghanem and Spanos [GHA91] for the solution of mechanical
problems with space varying random fields.
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The SSFEM may be based on the Karhunen-Loeéve (KL) decomposition of the
random fields. This KL decomposition can be seen as the continuous
counterpart of the decorrelation of a set of random variables [VANO3a). It
allows us to approximate a random process by a linear combination of
orthonormal deterministic functions (known as KL modes) with uncorrelated
random coefficients.

A similar decomposition is performed a the level of the finite element
equations, which is represented by a combination of linear system of egquations
with random coefficients. Two techniques are applied to solve the SSFEM
equations for a system with random stiffness. The first technique is based on
Monte Carlo simulations of the independent Gaussian KL coefficients. The
second technique is based on the projection of the response on the polynomial
chaos, which are represented by a set of Hermite polynomials of KL
coefficients. A Galerkin approach isfollowed to calculate the projections of the
response for these polynomials.

Karhunen-L oeve decomposition

Consider a mechanical problem where one of the system properties is model ed
as a scalar random process S(x,q): D" W® R. This process is defined on the

probability space (W,S,P) over the set DI R"; where R® represents the d-
dimensional physical domain of the problem. The process S(x,q)is
characterized by its marginad Probability Distribution Function (pdf)
fs(s):R® R" and its covariance function Cq(x,X,):D" D® R. In order to
assemble the SSFEM eguations, the random process S(x,q) has to be

expressed as a deterministic function of a finite number of random variables.
This discretization is achieved by the mean of Karhunen-Loéeve decomposition
[GHA91].

The non-zero mean random process S(x,q) isdecomposed as follows:

S(x,q) =ms(x) +Y(x,) (11.1.9)

where mg(x) = E{S(x,9)} is the mean value of the random process S(x,q) and
Y(x,q)is a zero mean random process. Both the correlation function R, (x,, X,)
and the covariance function C, (x,,x,) of the zero mean random process Y(x,q)
are equd to the covariance function C¢(x,,x,) of the non-zero mean random
process S(x,q) . All three are denoted by C(x;, x,) in the following.
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Let Q be the Hilbert space of random variables Z(q):W® R defined in the
probability space (W.S,P), with the product (Z,(a).Z,@)), = E{Z,@)Z,@)}-
Let x;(q) be a Hilbert basis of Q. The KL decomposition of the zero mean
random process Y(x,q) consists of the projection of the process on the Hilbert
basis x;(q) . Thisleads to the following expansion:

Y(x,q)= é¥__ ¢, () x;@) (11.1.20)

The covariance function C.(x;,x,) of the zero mean random process Y(x,q)is
equa to:

¥

3¢ (%)c; (%)
(11.1.12)

Co%,) = EfY (0, )Y (6. @)} = & & ¢, (%), () Ef, @), @)} =

¥
o
k=

=

where the orthogonality of the Hilbert basis vectors x; (q) istaken into account.
The covariance function C¢(x;,x,) hasthe following spectral decomposition:

Cole) =& 1, 1,0%) 1,00) (11.112)

where f;(x) and | ; are the normalized eigenfunctions and the eigenvalues of
the covariance function Cg(x;,x,) . The eigenfunctions are orthonormal and the
eigenvalues are positive since C¢(x;, x,) isarea symmetric function. They are

obtained as the solution of the eigenvalue problem found by the projection of
equation (11.1.12) on f, (x,):

Fs (% %) fi () dx =1, fi (%) (11.1.13)

An expression for the function c;(x) in equation (I1.1.10) is obtained by the
elimination of C(x,,x,) from equations (11.1.11) and (11.1.12):

c; () =1 (11.1.14)

Introducing equation (11.1.14) in equation (11.1.10) gives:

Y(xa)=a 1, f;,(9x,@) (11.1.15)
j=1
or equivaently:
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S(x,q):rns(xwéﬁ f.(x)x,@) (11.1.16)

Equation (11.1.15) is known as the KL decomposition of the zero mean random
process Y(x,q), i.e. the decomposition in terms of a set of normalized

uncorrelated random variables x;(q) .

The discretization of the random process S(x,q) is accomplished by a

truncation of the infinite seriesin equation (11.1.16) for the terms corresponding
to thehighest M eigenvalues |

S(x,q) » ms(x)+é’_l\/ﬁ f.(X)x; (@) (11.1.17)

where M is called the order of the KL decomposition. As the terms in the
decomposition are not correlated (the variables x;(q) are orthonormal random

variables), the KL decomposition is the most efficient decomposition of a
random process:. it minimizes the truncation error for a given number of terms.
Ghanem and Spanos [GHA91] gave a proof of this error minimizing property
of the KL decomposition.

An expression for the KL coefficient x, (q) is obtained by the projection of

equation (11.1.15) on f,(x):

X,(@) = % & (xa) £, dx (11.1.18)

If the process S(x,q) has a Gaussan marginal pdf, then Y(x,q) reduces to a
zero mean Gaussian variable for afixed position x and the integral in equation
(11.1.18) can be interpreted as an infinite series of zero mean Gaussian
variables. As a result, the integral itself is a zero mean Gaussian variable, and
S0 is x,(q). Thus the KL coefficients are uncorrelated standard Gaussian
variables and therefore independent. By virtue of this independence, the

realizations of the KL coefficients are easily generated within the frame of
Monte Carlo simulations. The realizations of the random process S(x,q) are

then obtained according to equation (11.1.17).
SSFEM system equations

This section covers the assembly of the SSFEM equations for a system with
random characteristics, based on the KL decomposition [GHA91].

Consider a stochastic static finite element problem with deterministic
mechanical boundary conditions and zero displacements as kinematic boundary
conditions. The equilibrium equations for the system are written as follows:
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K@) U@)=F (11.1.19)

where the stochastic stiffness matrix K(q)is linearly dependent on a random
process S(x,q):D” W® R This relationship is expressed using the following
operator:

K(@) =k(S(x,a)) (11.1.20)

The random process S(x,q) is discretized according to equation (11.1.17). The
stiffness matrix is decomposed accordingly:

K(@) =k(S(x,a)) » Kw% Kx;@) (11.1.21)

K, isthe stiffness matrix of the mean system. The deterministic matrices K
are given by the operator:

tk{mg (X j=0
K, =) E ) ) ! (11.1.22)
tkWI ) j=1..M
The SSFEM equations of the static problem become:
e ¥ 0
§K0+a Kix;@)zU@)=F (11.1.23)
j=1 7}

In the following sections, two techniques are presented for the solution of these
SSFEM equations with random characteristics modeled as a Gaussian process.
The first technique is based on Monte Carlo simulations of the independent
Gaussian KL coefficients. The second technique is based on the projection of
the response on the polynomial chaos.

Solution by Monte Carlo simulations

Consider the SSFEM problem defined by equations (11.1.19-11.1.23). The KL
coefficients x;(q) in equation (11.1.23) are independent standard Gaussian

variables since S(x,q) isa Gaussian process. The solution of this equation can
be obtained by Monte Carlo simulations as follows:

1. assembly of the system matrices K; according to equation (I1.1.22),
2. generation of the sets {x,(q,).....x,, (@;)} Withi =1,...,n,s Of independent
standard Gaussian variables,
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3. assembly of the stiffness matrix K(q, ) according to equation (11.1.21) for

every realization i and solution of the deterministic system of equations
K@)U@)=F,
4. estimation of the pdf of the response based on the statisticsof {U (q;)}

Solution using polynomial Chaos

Consider the SSFEM problem defined by equations (I11.1.19-11.1.23), the
stochastic response U (x,(q).....x,, (@)) is projected on the polynomial chaos of

order P:
Q
u@Q) »é__ A, Yq(xl(q) ..... Xy (q)) (11.1.24)

whre A, is a deterministic vector of the same length as the response vector
U(0) and Y (¥ are polynomial functions.

The polynomial chaos is a Hilbert basis of the random variables space Q,
consisting of the M-dimensional Hermite polynomials Y, (x,(@),...xy (@)), in

terms of the KL coefficients {x; (g )}j . The polynomia chaos of order P is the
subset of this basis containing the polynomias up to order P. Therestriction to
this subset in equation (11.1.24) results in a P-th order polynomial
approximation of the response U (x,(q),....x,, (@)).

The M-dimensional Hermite polynomials are defined as follows:
Y,(2)=0n, () (11.1.25)

Herein, the QxM dimensional matrix h collects al multi-indices th N
M

satisfying é_hqk£P. h,(2) is the n-th order normalized one-dimensiona
k=1

Hermite polynomial, defined as:

h,(2) = % H,.(2) (11.1.26)

where the polynomial H,(z) follows from the recurrence relationship:

Hy(2)=1, H,(2=z and H, ,(2)=zH,(2)- nH,,(2) (1.2.27)
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The M-dimensional Hermite polynomials Yq(Z) are orthonormal with respect

to the Gaussian probability measure, so if Z is a M-dimensional standard
Gaussian variable then:

E{Yq(Z)Yr(Z)}:R(;)Yq(Z)Yr(Z) (21) expé & 12 gdz:d (11.1.28)

The introduction of equation (11.1.24) in equation (11.1.23) leads to:

éQ_aeKo +éM_ KJXJ(q)—AqY (x (q))» F (11.1.29)

q=1 1=

There is no exact equality in equation (11.1.29) due to the redtriction of the
Hilbert basis to the polynomia chaos of order P. According to the Galerkin
finite element method, the orthogonality of Hermite polynomials and the
truncation errors, the equality in equation (11.1.29) is enforced. This leads to:

a a K Ciy :A] =Fd,, r=1.,Q (11.1.30)
g=1@]
where ¢, isdefined as:

iar

{ } for j=0
{xYY} for j=1..M

Jrar

(11.1.31)

—):—v—b

From the recurrence relationship (11.1.27) and the orthonormality property

(11.1.28), the following expression for c,, is derived:
id, j=0
_i
: ( ] dh +1hy; + \/7dh +Lh b J to (l I 132)
t o

The set of equations (11.1.30) can be written in matrix notation:

(11.1.33)
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with:
/M M ~\
€o o u
AKow - - - AKCwu  eay &
gl— 1= L’J é u éou
é . u é u e u
=€ u =é ! =@ (
K o =3 o A, g . Hand Foc g.g (11.1.34)
é a é-u 8- (
ey y u A4 goé
éa KiCinn a KiCix U u
6i=0 j=0 a

The solution of the system of equations (3.33) leads to the vectors{A,} . A
polynomial approximation of the response U (x,(q).....x, (q)) is obtained by
substitution of these vectors {Aq}q in equation (11.1.24).

The mean value m, of theresponseisobtained as

o 9
m, =8 AEY. =4 Ad, = A (11.1.35)

where we assume without loss of generaity that h, =0. The response
correlation matrix R, isobtained as:

Qoo

g
R =a

=lr

'ﬂ‘

g 8 8
ANEYY =3 & AN, =3 AN (11.1.36)

g=1r=1

Qo

11.1.4.1.3 Advantage and limitation of SSFEM

The main obstacle in developing a substantial user-community of stochastic
finite element methods has been the lack of general-purpose formalism for
addressing issues of general engineering interest. Ghanem [GHA99b] proposed
the main ingredients for developing a general-purpose version of the spectral
SFEM.

However, the following limitations of the method have to be recognized:

a) The basic formulation is practically limited to linear problems. Materia
non-linearity (e.g. plasticity) or geometrical non-linearity can hardly be
dealt with by SSFEM in its latest state of development without
significant computation cost.

b) The amount of computation required for a given problem is much
greater than that of the equivalent deterministic problem. Typically, 15-
35 coefficients are needed to characterize each nodal displacement. Asa
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consequence, a huge amount of output data is available. The question of
whether this data is really useful for practical engineering problems has
not been addressed.

c) The truncation of the series involved in SSFEM introduces
approximation. So far, no error estimator has been developed and no
real study of the accuracy of the method has been carried out, except
some comparisons with Monte Carlo simulations.

d) Although it isclaimed in different papers that the reliability analysisis a
straightforward post-processing of SSFEM. However, the application of
SSFEM to reliability analysis remains broadly an open problem.
Important issues such as the accuracy of SSFEM in representing the tails
of the pdf of the response have to be addressed for this purpose.

€) When non-normal random fields are used, another accuracy issue comes
up. Even for a single variable, only an infinite number of terms in the
expansion reproduce the distribution characteristics. This means that the
input field defined by using only a few terms in the polynomial chaos
expansion can befar from the actua distribution field.

As aconclusion, it is noted that SSFEM is a quite new approach [SUDOO] and
many new developments are intensively ongoing. Although limited for the time
being, it deserves further investigation and comparisons with other approaches
to assess its efficiency.

[1.1.4.2 Non-Intrusive M ethod

The non-intrusive method is based on a least square minimization between the
exact solution and the solution approximated using the polynomial chaos
[MAHO3-BERO5]. First the input random variables are transformed into a
standard normal vector x; . If these M variables are independent, the one-to-one

mapping reads:
x, =F *(F (X,)) (11.1.37)
where F (§ is the standard normal Cumulative Distribution Function (cdf) and

F(X,) are the marginal cdf of X; with the subscript i=1,2, ...,M. Assume that

we want to approximate the random nodal displacement vector by the truncated
series expansion:

1

U,.Y () (11.1.38)

lj ]

Qo?

U, »Ji =

j=0

Where Y (x,) are P multidimensional Hermite polynomials of x, whose
degreeislessor equal than p. Note that the following relationship holds:
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o= (M+p) (11.1.39)

Let us denote by x (k-12 .,N) the n outcomes of the standard normal
random vector x, . For each outcome x , the probabilistic transform yields a

vector of input random variables X ). Using a classical finite element code,
the response vector U% can be computed.

Let us denote by G?(q,F,P) the Hilbert space of random variables with finite

variance and consider a random variable X with a prescribed distribution fx(x).
The classical results [MAL97] allow expanding X in Hermite polynomial
series:

¥

X =8 a H,X) (11.1.40)

i=0

where x denotes a standard normal variable, a; are coefficientsto be evaluated
and H; are Hermite polynomials defined by:

H. yer 4 &% 11.1.41
(x)()e d_g (11.1.41)

Q- -I-O:

Two approaches are given for this purpose: the projection method and the
collocation method.

11.1.4.2.1 Projection Method

This projection method is applied by several researchers [PUI02, X1U02]. Due

to the orthogonality of the Hermite polynomials with respect to the Gaussian
measure, it comes from equation (11.1.40):

E[X xH,(x)]=a E[HZ(X)| (11.1.42)

where E[HZ(x)|=i!. Let Fx(x) denotes the cumulative distribution function of
the variable to be approximated and F (.) the standard normal cdf. By using the
transformation to the standard normal spaceX ® x:F, (x)=F(x), we can
write:

X(x) = F'(F (x)) (11.1.43)

Thus:
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a = EXK)H K] =5 QR F ) H @ O o (11.1.44)

where f (3 is the standard norma pdf. If X is a normal or lognormal random
variable, the coefficients a; can be evaluated analytically:

X©° N(ms) p a=ma=s, a=0 foris%2

i 4 ) 11.1.45
X°LN(,z) b a:ZiTexpg +%22§ for i3 0 ( )

For other types of distribution, the quadrature methods may be used for
evaluating the integral in equation (11.1.44) [BERO3].

[1.1.4.2.2 Collocation M ethod

This method was introduced by Isukapali [ISU99]. It is based on aleast square
minimization of the discrepancy between the input variable X and its truncated

approximation X :

X = 5 aH,(x) (11.1.46)

i=0

Let x@,...x™ be the n outcomes of x . From equation (11.1.43), we can obtain
n outcomes X®,.., X™. The least square method allows us to minimize the
following quantity with respect to & (i = 0... p):

2 ,.2

(X(' X(' _3® 0

QJou

X0 - §aH KOS (11.1.47)

0 %]

. QJ o
Qos

1
=

DX =

I\
=

j

This leads to the following linear system yielding the coefficients &;:

n .

n n 5 . R (i) (i) 9

é"’féde“bde“’) 8 HoxH ) g Ea XTIHGT) T

81 - 5=t T (11.1.48)
H H .. aH H T Go ' .

e?“l (X ) o(x ) e.l o(x! ) o(x! );éapiz; ga;l XO)H .« )g

For illustration purpose, figure I1.1.7 shows the approximation obtained by
both methods in the case of lognormal distribution with mean equal to 2 and
standard deviation equal to 0.6 (corresponding to the distribution parameters
Mnx=0.6501 and s,x=0.2936).
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Method 2y & & %
Projection 2.0000 0.5871 0.0862 0.0084
Collocation 1.9986 0.5869 0.0872 0.0085
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Figure11.1.7: Theoretical and approxi mated pdf for alognormal distribution LN(0.6501, 0.2936) —
Coefficients of the expansion (p = 3).

[1.1.4.3 SFEM for nonlinear problems

For nonlinear systems, Baroth et al. [BARO6] proposed an approach based on
the coupling of two known techniques which have never been combined in this
context:

- The projection of the response on a basis of Hermite polynomials gives us a
development in exact series of the mechanical response. The development
of the response undergoes two approximations:. the series truncation on one
hand, and the series coefficient approximation on the other hand; the
proposed approach is thus related to the response surface;

- The interpolation by cubic B-splines of the response, in order to
approximate the series coefficients with a reasonable number of mechanical
cals. Finally, it becomes easy to evaluate the statistical moments of the
considered mechanical response.
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11.1.5 Compar ative analysis

It doesn't exist, to our knowledge, an exhaustive comparative study
(benchmark) on Stochastic Finite Element Methods. Some works propose a
comparison of some methods using specific examples, but which remain
relatively limited. Usually, the example of a simply supported beam in bending
is considered for method validation [CRI97, EL195, BARO3], as the simplicity
of the structural analysis allows for ssimpleillustrations, which is very useful to
introduce the new ideas in SFEM. In the next section, we considered the
comparative studies performed by Baldeweck [BAL99], Brzakala et al.
[BRZ01] and Sudret et al. [SUDOQO].

[1.1.5.1 Comparisonsof SFEM techniques

Baldeweck [BAL99] studied a beam with variable stiffness subjected to
uniformly distributed load. The stiffness is modeled by uncertain field of
uniform probability distribution. The mean and the covariance of the
displacement to mid-span are calculated analytically then by Monte Carlo
simulations (20000 simulations) and three SFEM: the perturbation method, the
spectr method and the quadrature method. In this study, the first four
statistical moments have been estimated and compared. While the perturbation
method is more precise for the mean estimation, the quadrature method is more
precise for the estimation of other quantities.

Brzakala and Elishakoff [BRZ01] presented a comparative study of SFEM in
the example of the beam in bending. The modulus of easticity of the beam is
modeled by uniform random variable. The mean and the variance of the
displacement of the free beam end is estimated by different ways. the
perturbation method, the spectra approach based on Legendre polynomials
[ZHA98] and the response surface method based on the same polynomials.
This last approach gppearsto be the most precise.

Sudret and Der Kiureghian [SUDOO, SUDO02] presented a study on elastic sail,
where the modulus of elasticity is a lognormally distributed field. The mean
and the variance of the soil are analytically available. The spectral method as
well as the perturbation method give good estimations of the standard
deviation, provided that the developments used in these methods include
sufficient terms. Nevertheless, the computation time required for the SSFEM is
much higher than the perturbation method.

The study of the different SFEM application fields can lead to some
classification criteria. Each technique should be evaluated according to the
degree of mechanica non-linearity, on one hand, and to the degree of
probabilistic analysis, on the other hand.
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- The structural non-linearity can be classified according to the type of non-
linearity: the material non-linearity is much more studied than geometrical
non-linearity, because it is ssimpler to be implemented.

- The degree of probabilistic analyss can be classified according to the
number of random variables, which may be independent or correlated. The
high number of variables is usually a result of the discretization of
stochastic fields. Another classification criterion is related to an indicator of
the ratio between accuracy and computation time. In particular, the
calculation cost is directly related to the number of finite element runs. It
could also be interesting to distinguish the methods according to the degree
of modification of the finite element model.

I1.1.6 Conclusion

In this chapter, the coupling between reliability and finite element analyses can
be carried out by the use of FORM/SORM. For this purpose, the direct
differentiation method can be alowed to alow for sensitivity anaysis
including linear and nonlinear behavior in static as well asin dynamics.

The response surface method has been presented as an aternative to direct
coupling. It is applicable to practically any genera problem and does not
require the implementation of gradients inside the finite element code.
However, the efficiency of the response surface method decreases with the
number of random variables.

The gspectral stochastic finite element method has been applied to linear
problems, and it is not yet suitable for general nonlinear problems. However, it
isarather new approach and requires further explorations. In spite the fact that
the Spectral SFEM is computationaly demanding, it gives a full
characterization of the output quantities. Whether this information is really
needed for practical applications is an open question. So is also the question of
the efficiency and accuracy of SSFEM in the context of reliability analysis.

In this context, the present work aims to develop a method to define an “ exact”
form (or a semi-exact) of the response distribution function, contrary to
FORM/SORM which gives us an approximation of the pdf and to SFEM which
gives mostly the mean and the standard deviation of the mechanical response.
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I1.2.1 I ntroduction

As discussed in the above chapter, the Stochastic Finite Element Method
(SFEM) represents a new approach to solve mechanical systems with stochastic
characteristics. The SFEM is based on the deterministic Finite Element Method
in which some variables related to the structural state (variables involved in the
stiffness matrix) and to the applied actions (involved in the load vector) are
uncertain. In other words, the SFEM tries to look for the stochastic properties
of the mechanical response.

The solution of a stochastic mechanical system is completely defined through
the evaluation of the probability density function of the response process. This
cannot be anaytically achieved through most of the available methods and
techniques such as Fokker-Planck equation, Wiener-Hermite expansion,
perturbation  methods, stochastic linearization, WHEP  technique,
decomposition method and stochastic finite element methods. Some exact
solutions are available for the mean and standard deviation, not for the
Probability Density Function (pdf), of the solution process [EL199, SHI88].

In this chapter, we propose a method named PTM-FEM in which the
Probabilistic Transformation Method (PTM) is combined with the
deterministic Finite Element Method (FEM) in order to determine the pdf of the
response of a stochastic mechanical system with random excitation and/or
stiffness.

The Probabilistic Transformation Method is based on one-to-one mapping
between the random output(s) and input(s) where the transformation Jacobean J
can be computed. The pdf of the output(s) is then computed through the known
joint pdf of the inputs multiplied by the determinant of transformation Jacobean
matrix. The one-to-one mapping condition can be relaxed through some
mathematical tricks.

This PTM-FEM adlows us to express the “exact” pdf of the mechanica
response [KADO5c], provided that the transformation Jacobean can be defined.
For many cases, the pdf of the response can be obtained in a closed-form in
terms of the joint distribution of the input random variables.

After presenting the theory of probabilistic transformation, the PTM-FEM is
formulated and extended to several engineering problems.
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Chapter 2 PTM: Probabilistic Transformation Method

[1.2.2 Probabilistic Transformation

Frequently, in the solution of a stochastic differential equation, one encounters
the need to derive the probability distribution of a function of one or more
random variables. This allows us to give the complete solution of the stochastic
differential equation. One of the available methods for finding the distribution
of a function of random variables is the Cumulative distribution function
technique. That is, if Xy, X,,..., X, are continuous random variables with joint
pdf  fy x x (X, %.X,), the distribution of the random function
Y =u(X,, X,,..., X, ) is determined by computing the cumulative distribution
function (cdf) of Y as follows:

G(y)=Pr[Y £ y] = Pru(X,, X,,.... X, ) £ Y]
(11.2.1)

where A is a set of points (x,,%,,Xs,.....X,) in n-dimensional space defined by
the inequalityu(x,, X,, X,......x, )£ y. Even in what superficially appears to be
very simple, this can be quite tedious especially for irregular domain A and for
complicated joint density function f, , , (X,X,...X,). This points up the

desirability of having, if possible, various methods to determine the distribution
of a function of random variables. One may find that several techniques are
available, but often each technique is superior to the othersin agiven situation.
In theory of probability, the most sound methods are the Probabilistic
Transformation Method (PTM) [PAPO2] and the moment generating function
technique [HOG89]. In our work, we focus on the first technique, which is
valid for both types of random variables. discrete and continuous. In this
technique, if the joint distribution function of the input variables Xy, X, ..., X, is
known in a closed-form, the theory of PTM gives the joint pdf of the output
functionsy, =u,(X,, X,,...X,) (with i=1,2,...,n) under some mathematical
conditions. In the following sections, we introduce some theorems and some
related proofs for continuous random variabl e transformation.

[1.2.2.1 Probabilistic Transformation Method (PTM)

Suppose that X is a continuous random variable with a known pdf f, (x) and
Al A isthe one-dimensional space where f, (x)>0 is bijective, differentiable
and monotonic. Consider the function y = u(x) and let us suppose the following
two cases:

- Case 1: y =u(x) isa monotonic increasing function
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- Case2: y=u(x) isa monotonic decreasing function

Case 1: the probability of the event y1 [a,b] iswritten:
u (o)

Prla<y <b]=Prlu(a) < X <u(b)] = of (x) dx (11.2.2)
u(a)

Changing the variable of integration from x to y where x=u"(y), we obtain:
b b -1
Prla<Y <b]= &, (v)dy = o« [u'l(y)]ﬂ(uﬂ—y(y)) dy (11.2.3)

From the previous integral we find:

f(y)= fx[u*(y)]ﬂ%(y)): flut(y) 9 (11.2.4)

v

1
We recognize J = ) as the reciprocal of the slope of the tangent line of

the increasing function y=u(x), it is the obvious that J =|J|and hence,

fo(y)= i lu(y)]]9] - (11.2.5)

Case?2
In this case, the desired probability is calculated by:

wi(a)
of (x) dx. (11.2.6)
)

Prla<Y <b]= Pr[u'l(b)< X < u'l(a)] =

Changing the variable of integration, we obtain:

Prla<Y <b]=- ;‘)f [u-l(y)]'”(%;(y))dy. (1.2.7)

From the previous integral we find:
-1 )
fo(y)=- fx[U'l(y)]ﬂu.ﬂTML - fx[U‘l(y)] J. (11.2.8)

But in this case, the slope of the curve is negative and J = - |J|. Hence

fy(y) = flu(y)]|a], (11.2.9)
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This result leads to the following theorem:
Theorem 2.1: Single input-single output system

Suppose that X is a continuous random variable with pdf f, (x) and Al A is
the one-dimensional space where f, (x)>0, is differentiable and monotonic.
Consider the random variable Y =u(X), where y=u(x) defines a one-to-one
transformation that maps the set A onto a set B1 A so that the equation
y =u(x) can be uniquely solved for x in terms of y, say x = u *(y). Then, the pdf
of Yis(figurell.2.1):

fo(y)=felu(y) 9, yiB (11.2.10)
dx _ du(y)

dy  dy
continuousfor al points yT B.

where, J= is the transformation Jacobean, which must be

We notice in the previous theorem that the function u(.) should be monotonic.
For the general case of non monotonic functions, the following theorem allows
us to consider a piecewise monotonic transformation.

)

Gix)d,

-y

fix)d,

AONNNSOKNE

Figure 11.2.1: transformation method.
Theorem 2.2: pdf of piecewise monotonic transfor mation

Let X be a continuous random variable with pdf f,(x) and Y =u(X)be a
transformation of X. If there exists a partition A,,..., A, of Al R and functions
U, (X),...,u, (x) such that:

1. P(X1 A)=0
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2. Each A for il {1,2,...k} is an interval ]a,b] (the endpoints are
irrelevant, they can always be placed in A,. It is possible for a to
tend to - ¥ and for b totendto ¥ .

3. u(x) =u;(x) foral xI A.

u; (X) iIsmonotonic on each A .

5. u (x) isdifferentiableover A .

P

Then

f, (y) =% fy (ui'l(y)w%;(y)‘ (11.2.11)

The proof of this theorem can be found in [HOG89].

Theorem 2.1 has a natural extension to n-fold integrals. This extension can be
generaize in the following manner:

From one-to-one correspondence between A and B:

Pr{(Y,.Y,, Yy, Y )T Bl = Pr[(X,, X, X0 X )T A
(11.2.12)

Changing the variables of integration x;,X,,...x, t0 v,,¥,,...,y, using the
inverse function x. =u*(y;, y,..... v, ), i =12,....,n, we obtain:

Pr[(Y,,...Y, )T B]:(‘)..Qf[ul'l(yl ..... VA9 N Ui (VN yn)]|J|dyl...dyn, (11.2.13)

where J is the Jacobean of the transformation defined as:

™ /Ty, /Y, e AR

/MY, /MY e %, /9y,
3= ) e, )

‘ﬂxnk‘ﬂyl ‘ﬂxn/.‘ﬂy2 ‘ﬂxn/.‘ﬂyn

Consequently, the joint pdf of {v}", is:

fomy (Vo Yarn Yo ) = Fr o, I.{ujfl(yl,y2 ...... yn)}r;:l] B, (Vo Yoy Vo)1 B
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According to the previous theorem, we can find the marginal density
distribution of any output variable say Y, through thefollowing integral:

¥ ¥
f, ()= 0- OFvovse (Y, Ypreenr ¥, )0y, .0y, dY, ;... Y, (11.2.14)
¥ -y

where y, belongs to the region limited by B. This result leads to the following
theorem:

Theorem 2.3: n-inputs and n-outputs system
Suppose {X,}", is a set of continuous random variables with joint pdf

i=1
f(x,,%,,...x,) and Al A"is a set in the n-dimensiona space over which
f (%, %, %,) > 0. Let {Y, =u(X,, X,,..., X, }", be a set of random functions
each of it defines a one- to-n transformation that maps the set A onto a set
Bl A" in the vy,y,...y, Space so that, the system of equations

Yy =u, ({xj}'j‘:l), i =12,...,n, may be uniquely solved for {xj}'j‘:l in terms of
{y}, sy x, :u}l({yi}i”:l), j =12,.....,n. Then, thejoint pdf of {¥}" is:

Fuer s, (O VoY) = Frns e fU7 0 Vo yn)}';:lJ ] (11.2.15)

where the Jacobean Jisthe n” n determinant

T /Ty /Ty, ™ /MY,
™/ /MY e %, /1y,

3= ) e e, ) (11.2.16)
‘ﬂxn)‘ﬂyl ‘ﬂxn/.‘ﬂy2 ‘ﬂxn/.‘ﬂyn

where all first order derivatives are continuous and J does not vanish for al
points (y,,,, Ys»n ¥, )1 B.

[1.2.2.2 Limitations and extensions of the PTM

The common mathematical condition in al previous theorems is that the
transformation must be one-to-one. A problem arises frequently when we wish
to find the probability distribution of the random function Y=u(X) when X is a
continuous random variable and the transformation is not one-to-one. This is
usually the case of finite element analysis, where the interest is often focussed
on only one output variable (maximum stress or displacement), in terms of
several input random variables.
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In general, the two major limitations of the PTM are:
The transformation function u(x) should be bijective.
The determinant of the Jacobean should be not nil.

These two limitations can be avoided by suitable definition of the
transformation problem, where additional output variables are added to ensure
an equivalent one-to-one transformation.

In the case where we have only one output variable as a function of n input
variables, we can proceed as following:

lWR®R U(X):iylzu(xl,xz ----- Xa) (11.2.17)

%Y®Y:u(X) iy, =% for i=2..,n

The function u(® is reversible if and only if the determinant of the following
Jacobean is not nil [KADO5a):

Tu T
a0

1 0
0 0 1

Thereis, at least, one i such that %T_u 1 0, and u™(y exists.

11.2.3 Coupling PTM-FEM Technique

The PTM-FEM technigue [KADO5a-b] is a combination of the deterministic
Finite Element Method (FEM) and the Probabilistic Transformation Method
(PTM) [HOGB89]. Contrary to the methods based on series developments, there
is no convergence problem in the proposed technique since the PTM is an exact
method. Figure 11.2.2 shows the general agorithm of this technique in which
the stochastic equation of equilibrium is solved first using deterministic finite
element analysis. This solution is used to compute the function between the
input and the output, which is then inverted for the calculation of the
determinant of the transformation Jacobean. Finally, the response pdf at any
point in the domain can be deduced by using the probabilistic transformation
method. Thisis simply defined by multiplying the input pdf by the Jacobean of

58



Chapter 2 PTM: Probabilistic Transformation Method

the inverse mechanica function. For small number of random variables, this
approach has the advantage of giving a closed-form of the density function of
the response, which is very helpful for rdiability analysis of mechanical
systems.

START

Input: PDF(x), f{x) where y=fix), y is
calculated using FEM

'

Find f"
Where x=f"(y)
v
Find |J|, determinant of the

Jacobean

Find PDF(y), using :
PDF(y)=|1|.PDF(x)

END

Figure 11.2.2; general algorithm of PTM-FEM.

The advantage of the PTM-FEM technique in the context of static system is
clear: it gives the pdf, which is the most complete characteristic in probabilistic
analysis, of the response in a closed-form expression, contrary to other
numerical methods like perturbation and spectral methods which give only first
and second moments of the response under some conditions.

11.2.3.1 Analytical pdf for static behavior

The uncertainty assessment in mechanical systems plays a crucia role in
establishing the credibility of the underlying numerical model. There are two
complementary approaches to assess the uncertainties in a model: parametric
and non-parametric approaches. In the parametric approach, the uncertainties
associated with the system parameters, such as'Y oung's modulus, mass density,
Poisson's ratio, damping coefficient and geometrical parameters are quantified
using statistical methods and are then propagated by using, for example, the
stochastic finite element method. This type of approaches is suitable to quantify
aleatoric uncertainties. Epistemic uncertainty on the other hand do not
explicitly depend on the system parameters. For example, there can be
unquantified errors associated with the equation of motion (linear or nonlinear),
in the damping model (viscous or non-viscous), in the model of structura
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joints, and aso in the numerical methods (e.g. discretization of displacement
fields, truncation and round off errors, tolerances in the optimization and
iterative algorithms, step-sizes in the time-integration methods). The parametric
approach is not suitable to quantify this type of uncertainties and a non-
parametric approach is needed for this purpose.

In many stochastic mechanical problems, whether a parametric or a non-
parametric method is used, one finally needs to solve a system of linear
stochastic equations.

KU =F (11.2.18)

Here KI R"" is a n" nrea positive definite random matrix, FI R"is a n-
dimensional input vector (usually load) and UT R"is a n-dimensiona real
uncertain output vector which we want to determine. Equation (11.2.18)
typicaly arises due to the discretization of stochastic partial differential
equations. In the context of linear structural mechanics, K is known as the
stiffness matrix, F is the loading vector and U is the vector of structural
displacements.

Our goal now is to find the pdf of output in “anaytical” form, when possible.
For that reason, we consider two cases. univariate and multivariate cases.
[1.2.3.1.a. Univariate Case

Before considering the random matrix case, we first look at the univariate case.
For a single degree-of-freedom system (n = 1), Eq. (11.2.18) reduces to:

ku=f (11.2.19)
wherek, u, fT R.

Let us consider the following cases:

the stiffness is random and the load is deterministic;

theload is random and the stiffnessis deterministic;

the load and the stiffness are random;
the stiffness is random with nonlinear terms.

PO PE

1- The stiffness is random and load is deterministic
Suppose the probability dendgity function (maybe non-Gaussian) of the random
variable k is given by f«(k) and we are interested in deriving the pdf of:

h=k?! (11.2.20)
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The Jacobean of the above transformation is:

Th 2
J=|—=k 11.2.21
=K (1221)
Using the Jacobean, the probability density function of h can be obtained using
theorem 2.1, as.

£, (h) :"”_k (k) = 2, 20 (11.2.22)
fh éhg

The fina step of the algorithm is then to multiply the pdf of h by the load f
which is supposed to be deterministic in this case.

e f,(u)=[I|xf xf,(h)

In order to illustrate formula (11.2.22), let us consider the two following
examples:

Example 1. k has a normal distribution with mean m, and standard deviation
s, ; thepdf of kis:

H(-n]('z

1
1 28 Sy

25,

Using Eq. 11.2.22, the pdf of h = k' is obtained as:

|-1-O:

IS

f (k) =

|h|-2 _Egﬂgz
f.(h) =|n *f (h't)=——L—e % °* &

a(h) =[H " f, (h™) J20s,

It is to be noted that Gaussian distribution is not suitable for most of
mechanical properties as they are strictly positive quantities. The inverse
Gaussian distribution derived in the above equation has an essential singularity
a h=0 and the expressions of the moments cannot be obtained in a closed-
form.

Example 2. k has log-normal distribution with m,, and standard deviations . ;
The pdf of k is given by:

1 ) Eédnk— My 0
f (k) — e 28 Sk o
‘ KvV2ps, .,
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By following the PTM procedure, we get:

_ 1z Inh- mnktj
fh(h) — ‘h‘ ' e—Eg Sink B
V20 i

2- Theload is random and the stiffness is deterministic
Suppose the probability density function of the random variable f is given by
fo (f),inhiscasethe PTM is straightforward:

The Jacobean of the above transformation is;

J=|—=|K" (11.2.24)

u
1if

Using the Jacobean, the pdf of u can be obtained using theorem 2.1, as:

f, (u):|J|ff(f):|k|'lff€%9 (11.2.25)
ekg

3- Theload and the stiffness are random

In this case, we have two input variables and only one output variable. Asit has
been mention above, the PTM is basically a one-to-one mapping procedure. To
overcome this difficulty, we introduce a fictitious random output variable,
which isan arbitrary function of the random inputs. Let us put z=k, as a second
output. The transformation equations between inputs and outputs become:

u=

1z

D ——r—
~ xl_h

where (k,f)I D, and the domain D,, is completely defined by the
distributions of k and f. Now, the Jacobean of transformation is written:

_“ﬂk/‘ﬂu ‘ﬂk/‘ﬂj_
J= Kk
T /fu 9F /9
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Using the PTM technique, we get:
fu,z(u’ Z) = fk,f (k1 f) |J|

In the considered case, the independence of the material property and the load
allowsusto write:

fir (k) = fi (k). (F).

Finally, the pdf of the response is evaluated by the following integral:

f.(u) = of..(u,2).dz

D,

u,z

which gives the exact pdf of u.

4- The stiffness contains random nonlinear terms

In many cases, the random variables are represented as nonlinear terms in the
stiffness matrix, and the difficulties arise when applying the PTM to random
nonlinear functions, as we cannot get a closed-form expression of the response.
To overcome this difficulty, it is proposed to transform the random terms of the
stiffness matrix to an equivaent linear ones, by using step-by-step variable
changes. The PTM-FEM is thus applied to the equivalent linear term and then a
backward substitution is carried out.

To illustrate this ides, let us consider the following cases:
a. The nonlinearity in the numerator:

In this case, the uncertain variable is present as a nonlinear numerator in the
9
stiffness term, e.g. k; :%(with a as random, and g >1). To obtain an

equivalent linear form, we put d =a ¢, then we apply the PTM technique to get

the pdf of d .

For example, in truss members with circular cross-sections with random
2

diameter d;, the stiffness matrix contains the term: k :%:%. By

putting Mi = diz, the PTM can be applied twice: the first time to get the pdf of

M and the second time to the linear stiffness term k :$ It isthus possible

to get a closed-form of the response pdf.
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b. The nonlinearity in the denominator :

a
ab’
random). We proceed by the following substitutions: d =b? to get the pdf of

In this case, the nonlinear term appears in the denominator, i.e. k = (bis

d, m=9 b® to get the pdf of m and finally | :r—lnto get the pdf | . The final

stiffness term becomes k =1a which is linear in terms of random variable.

For example, let k = Eilil where the lengths |, being random variables. We
a
1 Ii

put M, :Il and then gpply PTM to get fyi(M;), then L = é’[i M. to getfi(L), and

finallyweput T = % to get f(T). In this case, the stiffness term becomes linear

in the form k =E1.T and the PTM is easily applied to get a closed-form
expression of the pdf of k; .

Even with linear stiffness terms, the inverse of the stiffness matrix is aways
composed of nonlinear terms, and even that the PTM-FEM can give the pdf of
the response in a closed-form, it becomes very difficult to generalize the
application of PTM-FEM to get a closed form for realistic structures. For this
reason, the application of PTM-FEM should be studied problem by problem,
depending on the type of finite elements and the considered anal yses.
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In the following sections, the multivariate case is discussed and an extension of
the PTM-FEM is proposed. Two approaches are considered: parametric and
non-parametric. In the parametric approach, the randomness is related to the
stiffness matrix terms, while in the non-parametric approach, the pdf of the
whole stiffness matrix is taken into account without considering the specific
stiffness terms.

[1.2.3.1.b. Multivariate Case

In the following sections, we will extend the univariate case to the general n” n
system of n equations with n unknowns. As it has been shown, the pdf of the
response is easily computed when the Mechanical Transformation Jacobean is
known. Consequently, the extension to the multivariate case is focussed on how
to evaluate the determinant of this Jacobean in the case of finite element
models. Two methods are developed: the first one is based on displacement
sensitivity to caculate directly the Jacobean of the transformation (this
approach is parametric) and the second method is based on the calculation of
the pdf of the inverse of the stiffness matrix (this approach is non-parametric).

1°/ Parametric approach

The parametric approach considers the randomness of some variables in the
stiffness matrix and in the load vector. The mechanical transformation
Jacobean has to be calculated in order to evaluate the joint pdf of the structural
response. For this purpose, it is proposed to use either the sensitivity operators
or the Response Surface Methods. The former is more efficient for large
number of variables and hence, it is developed hereafter.

A) Jacobean evaluation by using sensitivity operators

The digplacement formulation of finite element gives the structural equilibrium
in the form:

KU =F (11.2.26)

where the solution is simply written:

U=KF (11.2.27)
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To apply the PTM-FEM we need to calculate the Jacobean of the

-1
transformation, i.e. 11TT_U = ﬂ?—':) , Wwhere a isthe considered random variable.
a a

We can proceed by two ways:

1) Differentiation of the stiffness matrix inverse

Differentiating the structural solution (eguation 11.2.26), we can write:

-1
A e FAL S L (11.2.28)
fa 9a fa fa
This leads to the mechanical transformation Jacobean:
-1
g ==y e 1B (11.2.29)
fa fa fla

It is easy to deal with the case where the uncertainty is related to the load
vector, because the displacement becomes proportional to loading. For this
reason, we are interested in dealing with the randomnessin the stiffness matrix

-1
only,i.e. a =k; . Inthiscase, we get F_IF_, and |J| = S
fa Tk, Tk;
-1
To evaluate numerically % , we can proceed as follows:
i
KK =1
T k=
ﬂkij ﬂkij
-1
LSRR LS (11.2.30)
ﬂkij ﬂkij
K 2K
ﬂkij ﬂkij

This development shows that the derivative of the inverse stiffness K™ can be
computed in terms of the stiffness derivative, which is much easier to evaluate.

For severa types of finite eements, the derivative AL can be carried out

ij

analytically. For more general cases (especialy for isoparametric 2D and 3D
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elements), we suggest to use the exact numerica differentiation of LS

ij

proposed by Lund [LUN94] for shape optimization.

2) Direct calculation of the Jacobean

The direct differentiation of the equilibrium equation with respect to k; gives:

1 1

1 (ku)=-(F

1 (ku)=L(r)

AT (11.2.31)
fa fa 9a

W _ @K, TFO

fa efa Ta g

For a = k;;, the load derivative isnil, and the Jacobean can be written:

- K'lﬁ
K,

= U

In these two ways, the symbolic calculation of the Jacobean, using
Mathematica for example, is only possible for 3 or 4 degrees of freedom. For
practical structures, the numerical evaluation is carried out. Lund [LUN94]
proposed an exact numerical differentiation with respect to shape parameters.

Exact numerical differentiation of stiffness matrix K

In numerical analysis, we can approximate the derivative of afunction by using
finite difference approximation. For afunction f(x,x,,...,x,), thederivativeis:

%T_f » % (1.2.32)
X -

Lund [LUN94] has proposed a corrective factor cr,, allowing to transform the
equation (11.2.32) from agpproximate to exact one:

e B (11.2.33)

where cr, isdefined as below.
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cr,=0
cr, =1
L1
0
Cr2:§+l%i
2 X g
® 267
Cr3:91+%+l%g -
g X Sg X ﬂa
@ 3 aDx 60 labx 60
Cr4:91+_%+ — T+ _':_
& 2% g&z 4§Xiz5
® gk o0
‘?—ag — I
gk p=0 p X 9 ﬂ

This development can be easily applied to finite element formulation, in order
to calculate the exact differentiation of the stiffness matrix in the general case.
For isoparametric finite elements, the stiffness matrix K is given by

K. = {)B" CB|J[dw (11.2.34)

where W isthe finite el ement domain, B is the strain-displacement matrix, Cis
the elagticity matrix and |J;| is the determinant of the geometrical Jacobean

matrix J.

The differentiation variable may belong to one of the two categories. Shape
variables or Material variables.

Shape variables:

The only affected quantity in this case is the strain-displacement matrix B and
the geometrical Jacobean J. The derivation of the stiffness matrix gives:

K, _ . €18 r 1BL s gt | el
e =a—C B+B'C—J |dW+ & B"CB——Sldw 11.2.35
fa Q&M ‘ﬂag oW+ Q ( :

The derivative 1111_: can be written as:

1B_éfb fb, o fbu

11.2.36
fa 8la Ta "fa faf ( )
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which leads to the derivatives of nodal coordinates with respect to the shape
parameters of the structure.
The derivative of the Jacobean can be written as:

19 DI, _ 1 Da ¢ ¢ 9
‘IT;LCH Y JG§+?§ % |JG(a)|S (1.2.37)

For a given finite element mesh, it is required to link the geometrical variables
to the nodal coordinates of the elements. As the above formula gives us the
stiffness derivatives with respect to noda coordinates, it is required to calculate
the sengitivity of noda positions due to a perturbation of the structural
geometry. This can be carried out by applying finite difference operators to the
mesh procedure. This can be efficiently performed, as no finite element
solution isrequired at this stage.

h

Figure 11.2.3: geometrical variables and nodal coordinates.

For a perturbation of the geometrical parameter h, the nodal derivatives 11%

and % can be used to calculate the element stiffness derivative by the chain

rule:

e _ K, Tx | TK. Ty (11.2.38)
fh X Th Ty, Th

The derivative of the “globa” stiffness matrix with respect to h is then
calculated by the assembly of the element stiffness derivatives:

To- g g, I Mo 11.2.39
fih ele?entsai.gﬂxi.ﬂh Ty, Thy (11.2.39)
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Material Variables:

In the case of material variables, such as Young's modulus and Poisson's ratio,
the only affected quantity is the elasticity matrix C. The sensitivity of the
stiffness matrix becomes:

TKe _ &

c
= 0F E—a B[J| dw (11.2.40)

Exact numerica differentiation of mass matrix M

The exact numerical differentiation of mass matrix M is mandatory for dynamic
analysis. The consistent el ement mass matrix M is given by:

M, = Qr N'N[Jg|aw (11.2.41)

where w isthe element volume, r isthe material density, N is the matrix of
shape functions and |J| is the determinant of the geometrical Jacobean matrix.
The derivative of thismatrix with respect to shape variablesisgiven by:

M \ T |JG| :Z :Z
e . 4

The “exact” numerical derivative can be evaluated by introducing the Lund’'s
correction factor.
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Special case of line elements

In this section, the explicit derivatives are given for usua line elements.

1- Bar element

In general, the stiffness matrix of a2-node bar element of length L is:

é1 0 -1 0f
e G
_ESg0 0 0 0
T Lée10 ou

1
e u
g0 0 0 0

K

In this case, the stiffness derivatives are ssimply:

é1 0 -1 Ou é1 0 -1 Oy é1 0 -1 Ou
é a é a & a
K, _Sg0 0 0 0y K, _EgO0 0 0 05 K, _ ESg0 0 0 0y
fE L&10 1 00 IS L&10 1 00 L L°&1 0 1 O0d
§0 0 0 O §0 0 0 0 §0 0 0 O

2- Beam Element:

In general, the stiffness matrix of abeam element of length L takes the form:
L

[K]=¢F! B'B dx
0

For classical beam element, the stiffness matrix is;

612 6L -12 6Ly

é - 2 G
K]-Eledl 4 -6l 2Ly
L1°&12 -6L 12 -6LU

g6L 21 -6L 4%y

In this case the derivatives of the stiffness matrix with respect to E, | and L, are
respectively:

¢12 6L -12 6Ly
K, 1 g6l 4 -eL 22!
fE °812 -6L 12 -6LU
g6L 217 -6L 4%g
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612 6L -12 6L U
é 2 2 U
TK, _ES6L 4 -6L 2%
M C£é&12 -6L 12 -6LU
g6L 217 -6L 4%g
&36/L -12 36/L  -12§
é G
K, _Elg-12 -4 12 -2l
L °ése/L 12 -36/L 124
§-12 -2L 12 -4l

PTM-FEM for Random field

In general, the discretization of the random field V(x,y;q) using Karhunen-
L oeve (KL) decomposition is given by (see chapter 1):

VO yia) » m 9+ 8 T T 0, @) (1243)

where M is the order of KL decomposition. Let us consider the case of Young's
modulus field as afunction of the coordinate x:

E(x;q) » mg +éM_ \/ﬁfj (x)x; @) (11.2.44)

where m. isthe mean of E et x; are independent standard random variables.

V)

Figure 11.2.4: Random field.

In this case, the mechanica response y (i.e. displacement) is a function of E,
-1
and the application of the PTM-FEM leads to: f,(y) = fE(E)‘%‘ . The term

Ty
fE
distribution f_(E) can be obtained by the application of PTM to the

can be calculated by finite element sensitivity. The stochastic field
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Karhunen-Loéve (KL) decomposition. In the case of M =1, the density

-1
function is: f.(E)= f, (x,) . If M >1, we should add M -1 auxiliary

TE
1,

variables and then use the PTM technique.

Special cases:

In the following, the random fields can be conveniently integrated in the PTM
for two specia cases: Beam and plate elements.

- Beam element with stochastic Young's modulus:

The elastic modulus is assumed to vary randomly along the beam finite element
according to the function:

E@(x) = EQ 1+ @ (x| (11.2.45)

where E!? is the mean dastic modulus in element (€), and f©(x) is the
associated zero-mean homogeneous stochastic field. According to Deodatis and

Graham [DEO97], the stochastic element stiffness matrix for this beam element
can be expressed as:
K® =K+ X& DK + XP.DK + X DK (11.2.46)

where X®;k =123 are weighted integrals (which are random variables)
associated with the dtiffness matrix, K(® is the part of the stiffness obtained
using the mean elastic modulus and DK ?;k =1,2,3 are deterministic matrices.

- Plate with stochastic Young's modulus

For two-dimensional plate problem, the elastic modulus is assumed to vary
randomly within the element (€) according to:

E@(x,y) = EQJL+ f ©O(x,y)] (11.2.47)

where E{? isthe mean modulus in element (e) and f©(x,y) is the associated

zero-mean homogeneous stochastic field. According to Deodatis and Graham
[GRA98], the stochastic element stiffness matrix for this plate bending element
can be expressed as:

K® =K+ X& DK +...+ X DK + (X, y).DKI (11.2.48)
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where X?;k=1...,7 are weighted integrals (which are random variables)
associated with the stiffness matrix, f©(x,y) is the value of stochastic field
f@(x,y) at the center of element (€), K? is the part of the element gtiffness
obtained using the mean elastic modulus and DK (®;k =1,...,7 are deterministic
matrices.

For those two formulations, the PTM can be applied without any difficulty, as
the superposition principle can be applied.

2°/ Non-parametric approach

In the non-parametric approach, the whole siffness matrix is considered as
random and we search for the stochastic response of the system related to the
randomness of this matrix. Before going in the details, we shall introduce some
concepts of the theory of random matrices, which are relevant to stochastic
mechanical problems:

A random matrix can be considered as an observable entity representable in the
form of a matrix which under repeated observation yields different non-
deterministic outcomes. A random matrix is therefore simply a collection of
random variables which may satisfy certain rules (for example symmetry,
positive definiteness etc). Random matrices were introduced by Wishart
[WI1S28] in the late 1920s in the context of multivariate statistics.

However, random matrix theory (RMT) was not used in other branches until
1950s when Wigner [WIG58] published his works (leading to the Nobel price
in Physics in 1963) on the eigenvalues of random matrices arising in high-
energy physics. Since then research on random matrices has continued to
atract interests in multivariate statistics, physics, number theory and more
recently in mechanical and electrical engineering.

The probability density function of arandom matrix can be defined in amanner
smilar to that of a random variable or random vector. If A isa n” mred
random matrix, then the matrix probability density function of A T R"™,
denoted by fa(A), isa mapping from the space of n° m real matricesto the real
ling, i.e., fa(A): R"™&aR. We can define probability density functions of some
random matrices which are relevant to stochastic mechanics problems.

Gaussian random matrix: a rectangular random matrix X1 R" Pis said to have a
matrix variate Gaussian distribution with mean matrix M1 R" Pand covariance
matrix SAY ,where YT R’ and ST R; provided the pdf of X is given by:
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n/2

fx (X) — (Zp)-np/2|S|' P/2|Y|_

where etr{-} =exp{Trace(-)}. This distribution is usualy denoted as
X® N, (M,SAY)X .

art- Lsix- M)y (x- m)yTY (11.2.49)
12 b

Symmetric Gaussian random matrix:

Let YT R"" beasymmetric random matrix and M,S and Y are n’ nconstant
matrices such that the commutative relation SY =Y S holds. If the n(n+1)/2
vector: vech(Y) formed from Y is distributed as (the definition of vech and G,
are given later):

Nynizyr22(VECh(M),G; (SA Y)G,) (11.2.50)

then Y is said to have symmetric matrix variate Gaussian distribution with
mean M and covariance matrix G; (SA Y)G, and its pdf is given by:

GT(SAY)G[ v et Tty - Myy iy - myTY
n n % 2 %

|—n/2

f, (V) = (2p) "

Y
(11.2.51)

Thisdistribution isusually denoted as Y =Y ® SN, ,(M,G, (SAY)G,).

For a symmetrical matrix YT R"", vech(Y) is a n(n+1)/2 dimensiona column
vector formed by the upper traingular matrix of Y (i.e. elements above and
including the diagonal of Y taken column wise).

Wishart matrix: a n° n symmetric positive definite random matrix Sis said to
have a Wishart distribution with parameters p3 n and ST IR?, if its pdf is

given by:

N én .. 1 U_l 1 - N .
fo(9) =12 G pdge"y [s” " Ver]- 255y (1252)
i e2 b 20

This distribution is usualy denoted as S® W, (p,S). Using the maximum

entropy approach, Adhikari [ADHO06] proved that the system matrices arising
in linear structural dynamics should be Wishart matrices.
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Matrix variate gammadistribution: an”~ n symmetric positive definite random
matrix W is said to have amatrix variate gammadistribution with parameters a
and YT IR!, if itspdf isgiven by:

foy (W) = {Gn (@)y| a}'l|vv| 2" err{- vy} (11.2.53)

This distribution is usually denoted as W® G, (a,Y). The matrix variate

gamma distribution was used by Soize [SOI05] for the random system matrices
of linear dynamical systems.

As conclusion, the Wishart and gamma distribution will aways result in
symmetric and positive definite matrices. Therefore, they can be possible
candidates for modeling random system matrices arising in probabilistic
structural mechanics.

Transformation Jacobean for random stiffness matrix

After a brief description of Random Matrix basics, we are now interested in the
extenson of the PTM-FEM to the general case of n" n real symmetrica
random matrices. Assume that the matrix-variate probability density function
of the non-singular stiffness matrix K is given by:

f.(K):R""® R.
Because in general U = K™'F and the main problem isto find the pdf of K™, let:
H=K* R"™" (11.2.54)

In fact, we want to determine the joint probability density functions of all the
elements of H. The elements of H are complicated nonlinear functions of the
elements of K. Therefore, even if the elements of K have Gaussian distribution,
in general the joint distribution of the elements of H will be non-Gaussian. Also
note that H may not have any banded structure even if K is of banded nature.

The key step to obtain the pdf of the inverse of a random matrix is the
calculation of the Jacobean of the nonlinear matrix transformation of the above
equation. For this reason, we have shown that the Jacobean determinant can be
given by the following formula:

(n+1)

3=|K| (11.2.55)

This is the matrix-variate generalization of the simple univariate case obtained
before.
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This result can be illustrated for the calculation of two degrees-of-freedom

system:

eabu

_33 Cu

Here a, b and c are real scalar variables which can be random. From the direct

matrix inversion we have:

1

H :K'l:—z
ac-b

éc
&b

- bi
ag

Differentiating the upper triangular part of the H matrix with respect to the
independent e ements of the K matrix, one has:

TIHll TIH12 ﬂHZZ
fa fa fa é_ c? be - b2
e T e v !
M, TH, 9TH, &b ab  -a’f
fic flc fic
_-¢® |-ac-b®> 2ab bc |2bc 2ab -b? |2bc - ac- b?
“(ac-b?)°| ab  -a (ac-b)°]-b? -a? (ac- b%)° ab
(ac—bz[ a’c’ - a’b’c” +2a’h’c” +2a’h’c® - 2ab’c- 2ab4c+ab4c+b6]
= - oy (0 07 = tae- b7 = (@ b =K

General Proof:

The matrix differential of H = K *

H=-K?IK K* (11.2.56)

It is sometimes convenient when we work with matrix differentiation to
rearrange the elements of a mxn matrix A={a;} in the form on an mn-
dimensional column vector. The conventional way of doing so is to
successively stack the first, second, ..., n columns a,,a,.....a, of A one under
the other, giving the mn-dimensional column vector: (a, a,...a,)", this m-

dimensiona column vector is referred to as the vec(A). A speC|aI case appears
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when the matrix A is symmetrical, we need to stack only the elements that are

on or below the diagonal in this case vec(® become vech(®¥ (h indicates half-
matrix).

To illustrate this notation, let us consider the example of amatrix A given by:

A= B 2l
e u
e Ay
éay, U
8, U
We can write: vec(A)= €U,
€a,, U
e u
()
e, U
and if Ais symmetrical (i.e. a;;=ay), we can write: vech(A) = galz 3
&0

Applying theorem 16.2.1 in the work of A. Gupta [GUPOO] to equation
(11.2.56), we get:

vec(TH ) =- vec(K'lA K'l) vec(1K) (11.2.57)

where A is the Kronecker operator. We can easily demonstrate that equation
(11.2.57) can be written:

vech(TH)=- |H, (K *A K *)G, | vech(1K) (11.2.58)

where G, (is called the duplication matrix) can be described in terms of its rows
or columns. For i3 j, the [(j- Yn+i]"and [(i - )n+ j|" rows of G, are equal to
the [(j- 2)(n- j/2)+i]" row of 1., that is, they are equal to the (n(n+1)/2)-
dimensional row vector whose [(j- 1)(n- j/2)+i]" element is 1 and whose
remaining elements are 0; and for i3 j, the [(j - 1)(n- j/2)+i]" column of G,
is an n° dimensional column vector whose [(j- Yn+i]" and [(i- Yn+ j]"
elements are 1 and whose remaining n-1 (if i=j) or n>2 (if i>j) elementsare 0.
H, isthe inverse matrix of G.

The Jacobean associated with the above transformation is simply the
determinant of the matrix H,(K'*A K*)G,, again by using theorem 16.4.2 of
[ GUPOQ] one obtains:

H (KA K, = |k ™ (11.2.59)
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This isthe generalization of the simple case of the PTM-FEM. This expression
of the Jacobean of the inverse matrix transformation plays the central role in
the determination of the response of linear stochastic systems.

Once the Jacobean is obtained, the rest of the procedure to obtain the pdf of H
isvery similar to that of the univariate case. In particular, we have:

foo (H) =[H[ " £, (K) (11.2.60)

Once, the pdf of the inverse of stiffness matrix is known, the calculation of the
pdf of the response is straightforward.

This formulais applicable to any symmetrical square random matrices, as long
asthe pdf of K isavailable (regardless of whether it is Gaussian or not). In the
following, the application of this formula is illustrated on three common
examples of random matrices.

Example |: Gaussian stiffness matrix
Let K be a symmetrical gaussian random matrix, the pdf of H =K™* (i.e. joint
pdf of all the elements of H) can be obtained using the PTM technique:

(n+1)

nlzetr} l

fu(H) =[H[ " @) ] YT e 287 My My

(11.2.61)

In the specia univariate case when n=1, this equation reduces to its
corresponding univariate case. It is to be noted that Gaussian random matrix
still has some probability to be non-positive definite, and hence it is not
suitable for modeling stiffness matrix.

Examplell: Wishart stiffness matrix

Wishart matrices are symmetrical and positive definite with probability one. In
a recent paper, Adhikari [ADHO6] showed that if only the mean of a system
matrix is known, then its maximum entropy probability distribution follows the
Wishart distribution with proper parameters. Wishart matrices are therefore the
most important class of random matrices arising in linear mechanical systems.

When K isa Wishart matrix, the pdf H = K** can be obtained by:

12” Gnq—pqng et} %

(p+n+1)/

o (H) =|H| S'lH'lg (11.2.62)

Using this exact pdf, the moments of the inverse matrix can be easily obtained.
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Examplelll: Two-rod system

Let us consider the system illustrated below, where the mean of the stiffness
matrices is given by:

K=

(D>g_

'1+k2 - kz@
'kz sz

)

where the rigidities are given by: kyz=EAJ/L and ko=EA,/L.

=
" -
" -

= F

ALEL AZEL

Figure 11.2.5: Two-rod system.

For example, the joint pdf of the stiffness matrix follows a Wishart distribution,

with parameters p=7 and § -1 X This pdf is written:

2NT
1. ad_g L L I 1K' fl
f (K)=i2'Gc=73K|? y K|z "etrj- =——=Ky
K(>%ngj\gll 227

The system equilibrium isgiven by: KU =F . As Kand F areindependent, we
have:

fuU) = f (K. f(F)
Using the developed Jacobean formula, we can write:
fu (U) = (kik; + koks + kik) ™ i (K). fe (F)
Thisreault isillustrated in the figure 11.2.6, with the parameter values:

2 -1
~and f_(F)=1
& 4 1H r(F)

D> (D

K=

ot
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Figure 11.2.6: joint pdf of (Uy,U>).

Substructuring method

The method of substructuring, formulated by Przemieniecki in 1963 [IMB91],
gtill plays an important role in the analysis of complex structures. This method
consists in subdividing the structure into substructures (figure 11.2.7) which are
analyzed separately.

Figure 11.2.7: substructure region.
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We assume that the analyzed structure contains random sub-regions: for

example, part (1) in the figure I1.2.7 contains random parameters while part (2)
is deterministic.

In general, the stiffness matrix become:

A

1
DD D> D D> D} D> D> D> D> D
ceoooooooaoaoaooc

Where K and K;; represent two independent random substructure.
The static mode of link become:
Fi=-K'K; (11.2.63)

Where K; isthe stiffness matrix of the random part and K;; for the constant
part (inthissituation K;; and K; are independent).

And here we apply our formula and the PTM technique to evaluate the pdf of
=

fFij (Fy)=- |Kii|-(i,i-1) fKii (Kii)-fKij (Kij) (11.2.64)

Using this formula we can calculate in exact form the pdf of complex
structures or any part of any complex structures.
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11.2.4 PTM-FEM for engineering problems

In the following sections, we show how the PTM can be applied for different
engineering problems: structura dynamics, reliability analysis and reliability-
based optimization.

[1.2.4.1 PTM in gtructural dynamics

The dynamic characteristics of linear structural systems are governed by the
natural frequencies and vibration modes. The determination of these natura
frequencies and modes requires the solution of an eigenvalue problem. This
problem could either be a differential eigenvalue problem or a matrix
eigenvaue problem, depending on whether a continuous model or a discrete
model is used to describe the given vibrating system.

The random eigenvalue problem of undamped systemsis expressed by:
KF . =w,MF, (11.2.65)

where w, and F, are the eigenvalues and the eigenvectors of the dynamical

system. The matrices MT R"" and KT R"" define the internal state of the
structure. The statistical properties of the dynamical system are completely
described by the joint pdf of w, and F .. So, the main goal of studying random

eigenvalue problems is to obtain the joint pdf of the eigenvalues and the
eigenvectors.

In the following section, we consider the univariate and the multivariate cases.

[1.2.4.1.a. Univariate Case

To better illustrate the procedure, let us consider the case of one degree of

freedom.
k M A
WAL

f—x

Figure 11.2.8: Mass-Spring system.

The equation of motion in free vibration is noted:
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M+ kx = O (11.2.66)

where mis the mass, kisthe stiffness and x is the displacement. The eigenvalue
issmply given by:

Assume that pdf of the random variable k is given by f, (k), the response w

becomes random where the pdf can be determined by the PTM. The Jacobean
of the transformation is given by:

J = ﬂ_W‘ = ‘i‘
k| |vkm
The probability density function of w isthus:

fw(w):‘%" () =km” . (K) (11.2.67)

The case of random mass is quite similar.

[1.2.4.1.b. Multivariate Case

In the multivariate case, the main problem is the unavailable analytical method
to solve the system of eigenvalues KF ;, =w,MF ; for adynamical system. Only

for some problems we can find, in closed form, the pdf of the eigenvalue. For
general problems, iterative numerica methods like the Power Method and
Lanczos Method [BOS93] are available for solving such a problem.

In the context of structural dynamics [GMU97], it is necessary to consider
random eigenvalue problems. In the following, the joint pdf of the eigenvalues
is developed for the case of free vibrations.

The mass matrix is considered as random. The equation of motion in free
vibration is written:

M¥ + KX =0 (11.2.68)

This differential equation has a general solution X = Acos(wt), where A is the
amplitude and w isthe angular frequency. Replace X in (11.2.68):

KA- MW2A=0 (11.2.69)
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A non trivial solution ispossibleif the following determinant isnil:
MK - w’l|=0 (11.2.70)

Knowing the pdf of M, the pdf of M can be evaluated by the proposed formula
in the above sections (J =|M[ ™). The PTM can be thus applied to get f, (w) .

The agorithm is shown in the following figure. The angular frequency is
caculated in terms of the random variables. The Jacobean determinant is
caculated for the frequency function. This may be carried out either
analytically, or numerically. The pdf of the eigenvalue can thus be obtained by
direct application of the PTM.

\/

Find W (frequency) in
symbolic form using
Fayleigh Method

which give us the random
input (I, Tor L) in term of w

Y

Calculate the Jacobean of
the inverse function

Y

Find the PDF of w using
transformation method

\/

End
Figure 11.2.9: Algorithm of Rayleigh-PTM method.

Find the inverse function /

™~

N
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[1.2.4.2 PTM-FEM in Reliability Analysis [K ADO6a]

The reliability analysis is based on the calculation of the failure probability. As
the information on the probability density function of the mechanical response
is not available, gpproximate methods like First and second order reliability
method (FORM/SORM) as well as Monte Carlo smulations, have to be
applied. The main drawbacks of these methods are that the mapping of the
fallure function onto a standardized set involves significant computational
effort for nonlinear black box numerical models. In addition, simultaneous
evaluation of probabilities corresponding to multiple failure criteria would
involve significant additional effort.

As the PTM-FEM technique alows us to determine the pdf of the mechanical
response with high precision, even for the distribution tails, the flowchart for
reliability analysis becomes simple as it consists in integrating the pdf of the
response over the failure region. Usually, this can be carried out by one-
dimensiona numerical integration.

Using PTM-FEM
To find the pdf(y) of output

Find the probability of failure P,
using

o P ()

Figure 11.2.10: PTM-FEM and failure probability.

For severa cases, we can get the pdf of the response in closed form then we
evaluate the failure probability in close form aso by using simple one-
dimensional integral. In this case, the PTM has the advantage of high accuracy
with low computation time, compared to other approximation methods.
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[1.2.4.3PTM-FEM in structural optimization

The general goa of engineering design is to maximize the system utility or to
minimize its life-cycle cost, which includes the costs for developing,
manufacturing and maintaining the system. The design of engineering
structures on the basis of probability concepts leads to more consistent safety
levels. Since there are large conflicts between the design goals, a compromise
isrequired to balance the utility and cost over the lifetime of the system.

The Reliability-Based Design Optimization (RBDO) aims to find the best
comprise between cost reduction and safety assurance. The RBDO solution that
reduces the structural weight in uncritical regions both provides an improved
design and a higher level of confidence in the structure. In general, the RBDO
is based on two optimization loops: the outer one concerns the design variables
to be optimized and the inner one concerns the evaluation of the reliability
index for agiven configuration (figure 11.2.11).

[nner loop — Quter loop
Calculate the reliability Index Design Optimization

Figure 11.2.11: classic RBDO

In order to avoid the calculation of the reliability index and the separation of
the solution in two spaces which leads to very large computational time, the
probabilistic transformation method (PTM) allows us to define a closed form
expression of the response, and hence the inner loop can be suppressed. The
computation cost is thus strongly reduced, as the inner loop is not needed. The
optimization problem under failure probability and deterministic constraintsis:

min (T (X)
subjectto :g,(X)£0 k=1..,K
and P (xu) £ P

where f(x) is the objective function, gy (X)<O are the deterministic constraints,
P; (x,u) is the failure probability of the structure and P;, is the admissible

failure probability.
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< START —
v

Evaluate Pr using PTM-FEM

v

Set the initial point )

Evaluate the objective function f{X)
( Update {xq} )

Ewvaluate the probability of failure and tha
mechanical constraint

Pr',QU(]

No

Yes
¥

Figure 11.2.12: PTM-FEM and RBDO.

The advantage of the PTM-FEM in the context of the structure optimization is
considerable as the computation time for the failure probability is extremely
reduced. The RBDO is solved in only one outer [oop.

I1.2.5 Conclusion

In this chapter, the new proposed PTM-FEM technique is presented. The theory
and the generalization of this technique is developed for static and dynamic
problems. The efficiency of this technique makes it suitable for coupling with
finite element models. It is also to mention that this procedure allows us to
obtain the whole probability density function of the mechanica response,
allowing for accurate reliability analysis and structural optimization.
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[1.3.1 Introduction

The am of this chapter is to vaidate the Probabilistic Transformation Method on
simple examples, in order to verify its performance and domain of validity for solving
engineering problems. It ams aso to show how the PTM can be applied in practice.
This validation is mandatory before dealing with more realistic structures, which isthe
goal of chapter 3.

The simple examples are chosen to cover different structural anaysis fields:

1- Random differential equation
2- Static analysis

3- Structura dynamics

4- Reliability anaysis

5- Structural optimization

For these examples, the accuracy of the proposed method is evaluated by comparison
with Monte Carlo simulations.

11.3.2 Random Differential Equation

This example aims to combine the PTM technique with some numerica techniques to
solve linear random differential equations.

Random differential equations appear in many applications related to random
evolutions, such as interface growth and evolution of surfaces, and fluids subject to
random forces.

The solution of alinear random differential equation is obtained by knowledge of the
probability density function of the output variable [KADO7a]. For this purpose, several
methods can be applied, such as Fokker-Planck equation, Wiener-Hermit
development, perturbation method, local stochastic linearization, decomposition
method and stochastic finite element method. Contrary to many of these methods, the
PTM gives an analytical description of the pdf of the solution. For nonlinear
differential equations, we propose a method based on the combination of Newton and
the Continuation method [GRA98, KADO7b].

Two cases are shown below:

a) Let us solve the following differential equation with random parameter (k):

Y =
» kx = 0 (x#0)
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with y, =1 and Kk a uniformly distributed random varigble over the range [1,2]
(i.e. kb U[L2)).

2
The solution is simply: y:%ﬂ, which alows us to write the transformation

Jacobean as: |J|——y—— For x=2 the pdf of the solution is thus: f (y)—gfk(k) as

shownin figure11.3.1.

1 . .
0ot + Monte Carlo (1000 |

= Proposed method
o5t g
o7t + .
+
0B " + + _
+
2 T
505 .
A TR
04t o + o4 i
a3t .
ozt .
o1t .
D 1 1 1 1 1
1 2 3 4 5 B 7
v

Figure 11.3.1: Probability Density Function of y when ke U(1,2).

b) Let us now consider the non-homogeneous random differential equation:

dy 2
7 = +X
dx y

with y, =k; k being a standard random normal variable. The solution of this
differential equation is:

y=(k+2)e*- (X* +2x+2)

and hence by inversion:

k= e‘X(y+(x2 +2x+2))— 2

The determinant of the Jacobean |J|=- e * alows usto write the pdf of the solution as:
f,(y) =e*f (k)

Naturally, the pdf of y evolutes with the parameter x, as the solution of the differential
equation is a function of this coordinate. Figure I1.3.2 shows the pdf of y at the origin
x=0.
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0.45

0.4r +‘H- " + Monte Carlo i) |
. + = Proposed Method

035

y
Figure 11.3.2; Probability Density Function of y when k isN[0,1].

11.3.3 Probabilistic Analysis of a Cantilever Beam [K AD063a]

The goal of this example is to evaluate the pdf of the cantilever beam displacement
(figure 11.3.3), in a closed-form, knowing the input random variables: Young's
modulus E and distributed load w [KADOGC].

AEL
w

-
I ul uz w3
¥ AEL
W
’ _
X
b
.
(&}

Figure 11.3.3: cantilever beam.

The analysis of this beam with two finite elements leads to the following system:

92



Chapter 3 Validation
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Under some simplifications, the displacement of node 3 is given by: u, ZSE' For

probabilistic analysis, two cases are considered:

Case 1: Young's modulus E is uniformly distributed in the range [10°, 3" 10%] kPa. The
application of the PTM technique leads to the following result (figure 11.3.4):

pdf of E pdf of us
I if EEE &5 | if U £ —
12100 3100 100 higif2 2411 ° 810°
10 if not P
10 if not

—+ - Monte Carlo (10000)
—— Proposed Method

PDF(u,)

D 1 1 1 1 1 1
0.0z 0.03 0.04 0.0a 0.06 0.07 0.0a 0.09

Uz

Figure 11.3.4: Probability Density Function of u; when Eis U[108, 3" 10f].

Case 2: wisnormally distributed with mean equal to 12 kN/m and standard deviation
equal to 1 kN/m. The PTM leads to the pdf of the displacement (figure [1.3.5).
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pdf of w pdf of us
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120 T T T 1':' T T
+ + Monte Carlo {10000)
— Proposed Method
100 -
+
al
g
i BOr
]
o
40+
20F
D 1 | 1 1 +
0.025 0.03 0.035 0.04 0.045 0.05 0.055
u
3

Figure 11.3.5: Probability Density Function of us when wis N[12,1].

11.3.4 Probabilistic response of two-rod system [K ADO6b]

In this example, the PTM technique is applied to evaluate the probability density
function of atwo-rod system (figure 11.3.6) with uncertain parameters. In this example,
we consider the load F and the stiffness E as random (i.e. 2 input random variables and

one output).

]

L

3

—= F

ALEL

A2EL

Figure 11.3.6: two rod system.

Each rod has a cross-section area A, with Young's modulus E and length L. The axial

rigidity of the element issimply: k, = % . The structure is modeled with two classical

bar elements, leading to the following equilibrium equations:

ék, -k 0 Uéw

s A

é Uué u_é
é'ki k1+k2 'kzaguza_élz

é 0 - kz kz Ug‘ag

é

g

fia U
fo * fzzg
fas U
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In our case, all forces are nil unless f;; and f,; = F . The boundary condition implies
u, =0, leading to:

gk, - k0,0 _ €00

é e u-é

§-k,  k fdub &FQ

The solution of this system leads to: u, :ki, uazFaeki+kig. The pdf of the
1 1 20

displacement is considered, when the load F is exponentially distributed with mean
equal t00.05 (i.e. f.(F)=0.05e°%") and the bar rigidity k, isuniformly distributed in
the range [10°,3" 10°]. The joint pdf of these two independent variables is (figure
11.3.7):

i1 .
+———exp(- 0.05F), for OE£F, 10° £k £3" 10°
: 40.10° A ) “
for (e F) =i
.:.o.o, Otherwise
7
-1
¥ 10
2

F 01

k
1
Figure 11.3.7: Joint density function of load and rigidity.
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As we have two input variables, an auxiliary variable Z has to be defined in order to
allow for one-to-one transformation; for this reason, we choose Z=E. The joint pdf of
U, and Z isthus obtained by the PTM:

:;8 e 28 9 for u,3 0, 10°£Z £3.10°
. 145440° 10 e 72720g
fUZ,Z (Uy,2) = 1
: 0.0, Otherwise.
:

The margina pdf of U, is obtained by integration of the joint pdf over the range of Z,
leading to (figure 11.3.8):

I10 ea% 727200 a&’ 727200 a&” oV
108 - Tex u T a?[O8 Tex u u, >0.
fuz(uz) I 2U2 g pg 2 pg 2:U 73

i 0.0, Othervvise

x 10° Hﬁm;wmmﬁ~gwﬁﬂmd%~mmﬂ3mﬁ
T [} T T o T T T

+ Monte Carlo (10000}
— Proposed Method

PDF (1)

1 R S NNNIRTNRTNNARIRETRUNINNT RRRRINEIRRRTINIRTRATRRRT ARTRRTRIRET]

0 0o 04 i A L U R D L

Yy x10°

Figure 11.3.8: Density function of the displacement u,.

11.3.5 Stochastic eigenvalue beam structure [K ADO6c]

For structural dynamics analysis of beam structures, the PTM technique is combined
with the Rayleigh method to get the pdf of the natural frequency under random input
parameters. Figure 11.3.9 shows a simply supported beam which lumped mass M and
concentrated load F.
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lF
v L2 L2 e

Figure 11.3.9: beam subjected to a central point F.

The deflected shape of the left-hand side of the beam is given by:

where A is the deflection amplitude. The maximum kinetic energy of the point massis

given by %MWZA2 and the deformation kinetic energy of an element dx with self-mass

m per unit length is %(mdx)wzy2 . Integrating the latter value over the beam length, the

total kinetic energy of the whole system can be written as:

, 2
T =05MW?A? +2° %MNZAZ 6’2%(%) - 42 gy =w? A?(0.5M +0.243mL)

L" H
3
Since the external work for the deflected shape is FA in WhiChA:4I;LEI , the
: . . _ 24EIA? : .
maximum strain energy is. V, , = I Therefore, from the virtual work principle

dT., =dV,

max !

the natural frequency is found as:

we 24E]|
(0.5M +0.243mL) L3

In order to apply the PTM technique, the above relationship isinverted to give the
Y oung’ s modulus expression:

w2(0.5M +0.243mL) L3
24

E=f(w)=

w(0.5M +0.243mL)L°

The Jacobean isnow |J| = o

. By applying the PTM, we obtain the

pdf of w:

w(0.5M +0.243mL)L°
121

f,, (W) = fe(E)
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For illustrative purpose, E is assumed to be exponentially distributed with mean equal
to 1, leading to (see figure 11.3.10):

W(0.5M +0.243mL) L3 - (0eM0zim)Lt
e
12

f, (W) =

7 + Muonte Carlo (0000)
o4k + —— Proposed Method

Figure11.3.10: f, (W) when E is exponentialy distributed.

11.3.6 Reliability analysisof 3-Bar trussstructure

Contrary to the above examples, this application aims to show how the PTM can be
used for reliability analysis. The three-bar truss [TAW91] shown in figure 11.3.11, is
subjected to random applied force P. The god is to give a closed-form evaluation of
the failure probability of the limit state related to vertical displacement of node 2. The
accuracy of the PTM technique is compared with results obtained by 10000 Monte
Carlo simulations,

Figure 11.3.11; Three-bar truss structure.
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For atruss e ement, the stiffness matrix, in global coordinates, is given by:

N

é Im -12 -1mi

€ U

[K](' em nt —Im—mZL:J
I e-1? -Im 1?2 Imu

é U

glm -m Im n’g

where i is the element number, A is the cross-section, E is the Young's modulus, | is

the element length, | =cos a and n¥sin a, with a the angle between local and global
coordinate systems. For the studied truss, the global stiffness matrix is:

e8+3\/§+2f 3+2fu

g +2\/_ 3+2\/_u
e 8 8 B

K =458

l

The solution gives the vertical displacement of node 2 as:

v, =3. 25ﬂ
AE

In the case of P normally distributed with mean equal to 1.2 and standard deviation of
0.9, the PTM gives:

pdf of P pdf of v,
-(P-12)? | | - ?5;2-1-2)2
:' 1 e 209 I AE 1 o 0
10.9V2p 1325, 0.9V2p
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+  Monte Carlo (1ooon)
— Proposed Method

0 T : : PR
] 0 a 10

Yz

Figure 11.3.12: pdf of v,where PisN[1.2,0.9].

For reliability analysis, the displacement is limited to v, =2mm. Using the data

E=5daN/cm’*, |,=3cm and A=1cm’, it is required to calculate the failure
probability: P, =Pr[v3 v, ].

- (:ZE;"Z -12)? (2 q0p2
P = PR, =g Lo zor gy, =™ 5 1 oz gy, 05840
mQ 70325, 0oy 270 975 00v2p 2T

This result is confirmed by 1000 Monte Carlo simulations giving 0.5823.

0.35

+ Monte Carlo (o000
— Proposed Method
03r 1

PDF(x,)

5 0 5 10
W,

2
Figure 11.3.13; probability of failure.
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11.3.7 Reliability Base Design Optimization of 6-bar truss structure [K ADO7c]

The interest of PTM is highly important in Reliability-Based Design Optimization
RBDO, as it dlows us to avoid many reliability evaluations and numerical errors,
leading to very large computer time reduction. The explicit knowledge of the failure
probability is also very interesting, as it gives the exact gradient operator without
numerical errors, which strongly accelerates the optimization algorithm. In this
example, the RBDO is applied for a six-bar truss (figure 11.3.14) with random modulus
E and applied force F. The truss width and height are given by: L=10m, and the cross-
section areas are: A=0.0015m?.

IJ
[eee
[BE
o

LAE|

Figure 11.3.14: 6-bar truss structure.

The stiffness matrices for the bar elements are given by:

Bar 3-1

Bar 4-2

EAél - 1liauiu eFxgu
I— e'l 1USJ1 xlU

EAél - 1liau,u eFX4u
I— e'l 1”3"2 sz

Bar 4-3
EAé1l - ligv,uéF U

L gl 1 evgueygu

Bar 2-1

Bar 4-1

= 6l -1 -1 1041,06F0 el 1 -1 - 1081060
EAel - 10ev, 0 €k, U €1 1 1 uévsue,: 0 | gaS1 1 -1 -1%,U,0
TE1 16, 48 Ul BAe “hesgeeg | Phe esg &l
& LU 0| Jrer 1 1 -108,G6F,0 | 481 -1 1 10uUER,
él 1 1 1 l;l@ l] g—l -1 1 1£vlﬂnglg

e - ueVzu@Fyz

The assembly leads to the global equilibrium system which is given to simplify under
reduced form:

& -1 -1 1liuu erqu
S a é-
E_Agl > 1 '1£Vu e
4.0 0 5 -1d&,u eFXL)
é vé "y u
D -4 -1 55%0 &ed

where the solution gives:
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_ BFL _ 30FL _ 5FL _25FL

ul T A=A V]_ 2 ' 2
11EA 11EA’ 11EA " 11EA

The force F and the modulus E are independent random variables. To apply the PTM
on this system, we introduce a fictitious random variable, say Z=E, as a second
probabilistic output. The transformation Jacobean is thus:

_ fE/fu, TE/1Z _11ZA
IF/fu, TF/1Z| 6L

Using the PTM technique, we can get:
fuz (U, Z) = fe e [E, F]-|J|

The independence of F and E alows usto write:

fer(BE,F) = fe(B).fe (F)
Finally, the pdf of the response is computed from the following integral:

(W)= &, - (U, 2).dz
Dul,z
For numerical application, let us consider the example where F and E are uniformly
distributed in the ranges [10,30] and [10°,3" 10°] respectively. In this case, the PTM
leads to:

Joint paf of E and F Joint pdf of u; and z
N -8
: 10 , if 10£F £30, 10° £ E £3.10° : 112A; i 6oL £u £ 180L ,
i 40 i 240.10°L 117A 11ZA
fer(EF)=1 f, .U, Z) =1 10° £Z7 £3.10°
: 0.0, Otherwise i
1 )
! 10.0, Otherwise
The pdf of the displacement u, is:
] 1 €130° 36360 , ;U . 3636 10908
i 5 = - 1070 ; —£u, ~
718 3636" 10 u g 4 10 10
I
f, () =1 . ) i
| ’ 1 ) 10% - a0 36362 u : 363(73 u, 36376
-,- 8" 3636° 10° g § T 3.10 10
%0.0 ; Otherwise.
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PDF(u1) where # ~U[10,30] and E ~DU[10%3.10%]

PDF(E,F) where F ~U[10,30] and £~ T[10°3.10°] 3000

2500

2000

1500

pHH(E F)
POF(u,)

1000

500

c 110 U 10®

5
(a) pdf of input E and F (b) pdf of output U,
Figure 11.3.15: pdf of input v/s pdf of output.

Let usadmit alimit displacement is u, =6.10>mm, it isrequired to find the failure

probability P, = P(u, 3 u,) =  , ().

0.00109 1 é%O’ 3636 (52 u 11 0.22
Ql N\ 102 : T- 10* Udu, = =—
00006 8° A" 2424° 10 g u g H AS50 A

¥
P = Qoooos f“l (u) =

It becomes very easy to formulate explicitly the RBDO problem. If the cross-section
area is defined by the breadth w and the thickness t, the RBDO is written:

mitn f =w*t
subject to
1£fw, t£5 6.32£Ew+t£6.33

and

P = % £ 0.0013
w*t

The solution of the above problem isfound as: w=2.48cm, t =3.84cm. The comparison

with classca RBDO (using FORM) shows that the computation time for this
application is divided by more than 100, when the PTM is gpplied.

[1.3.8 Conclusion

In this chapter, the validity of the Probabilistic Transformation Method for solving
engineering problems is verified on a number of simple examples. The comparison
with Monte Carlo Simulations confirms the sound basis of the method and techniques
proposed in the previous chapter. More complex structures will be considered in the
following chapter.
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I1.4.1 | ntroduction

In this chapter, the PTM-FEM is applied to more realistic structures. The first
one concerns the stochastic response of a 25-bar space truss, where the random
variables are related to the modulus of dasticity, the applied load and the
member cross-sections. The second application is focussed on plane elasticity
problem given by a perforated plate under tension, where the perforation radius
is considered as random.

11.4.2 Spacetrusswith 25-Bars

The space truss, illustrated in figure 11.4.1, is formed of twenty-five bar
elements and subjected to vertical dead loads and horizontal |oads representing
the wind action. The random variables are related to Young's modulus E,
cross-section Sand horizontal load g. The limit state to be considered is given
by the ultimate displacement.

Qe_z,
ﬁ_\ 1 L
A |
AN
fo I\'-\ "
Y VI Z
) te \ 8
IIl'I l 1\.l'-.l' ! Y
|'I|ll | \\\.4 Il X
! O o
’E_F__—u l" ] w48
y g 12 7
s PN
'y 5 /_(L_J‘ 13 ._x" .
Ve 18 / Vi
o J Y7 o\,
y A - éf ) J zz N
/ 5 ; .
&

; / IJ'I \
/ K s
|/

i

Figure 11.4.1: 25-Bar truss structure.
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By symmetry, the cross-sections are grouped in six categories, as indicated in
the following table:

Bar Section
1
25,78
3,4,6,9
10,11,12,13
14,18,21,25
15,16,17,19,20,22,23,24

&P\

An dternative to the inversion of the stiffness matrix consists in computing the
structural flexibility. As our interest is focussed on the nodal displacements, the
unit load theorem (derived from the virtua work principle) alows us to
calculate the nodal displacement by applying the following formula:

u—én_—NiWiL
= ES

where N; is the normal effort due to the applied load, N, is the normal effort

due to a unit load applied at the considered node in the displacement direction,
E isthe Young's modulus, S and L; are respectively the cross-section and the
length of the bar number “i”.

The following table indicates the normal forces in the truss members due to:
vertica load, horizontal load and unit loads in the three directions at nodes 1
and 2, as well as the member lengths.

Bar t’;ﬂ(ﬁ) HLO(;ZO(W Fa=1N) | Fu=1N) | Fa=1(N) | Fe=1(N) | Fo=1(N) | Fo=1(N) t?frl%
1 118496 0.000 -0.44778 0.000 -0.116842 0.44778 0.000 -0.116842 | 18000
2 | -182632 -108058 0.39318 -0.88916 04508 0.31882 -0.04387 -0.08319 25632
3 | -103094 -181168 -0.48044 -0.65356 0101654 | -0.38958 0053606 | o0.101654 | 31321
4 | -103004 24564 -0.48044 0.65356 0101654 | -038958 | -0053606 | 0101654 | 31321
5 | -182632 236220 0.39318 0.88916 0.4508 0.31882 0.04387 -0.08319 25632
6 | -103004 -34814 0.38958 0053606 | 0.101654 0.48044 -0.65356 0101654 | 3131
7 | -182632 -227820 -0.31882 -0.04387 -0.08319 -0.39318 -0.88916 0.4508 25632
8 | -182632 99670 -0.31882 0.04387 -0.08319 -0.39318 0.88916 0.4508 25632
9 | -103004 191418 038958 | -0.053606 | 0.101654 0.48044 0.65356 0101654 | 31321
10 | 21122 27160 0021874 | 0075444 | -0013032 | -0.021874 | 0075444 | -0.013032 | 18000
11 25438 25416 0.142222 0.000 -0.010987 | 0.140172 0.000 -0.071498 | 18000
2| 21122 -27160 0021874 | -0075444 | -0013032 | -0.021874 | -0075444 | -0.013032 | 18000
13 25438 -25416 -0.140172 0.000 -0.071498 | -0.142222 0.000 -0.010987 | 18000
14 | -261700 -84148 057096 -0.52328 0.35794 057524 -0.6071 0.022956 | 32031
15 | -142550 -129638 | -0147116 | -0.034886 | -0.041108 | -0.154788 | -0.54426 024192 43474
16 | -136254 138918 02779 0.17921 0.17797 0.27976 0122694 | 0009951 | 43474
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17 -142550 -78852 0.154788 -0.54426 0.24192 0.147116 -0.034886 -0.041108 43474
18 -261700 -322780 -0.57524 -0.6071 0.022956 -0.57096 -0.52328 0.35794 32031
19 -136254 -30232 -0.27976 0.122694 0.009951 -0.2779 0.17921 0.17797 43474
20 -136254 -70148 -0.27976 -0.122694 0.009951 -0.2779 -0.17921 0.17797 43474
21 -261700 116470 -0.57524 0.6071 0.022956 -0.57096 0.52328 0.35794 32031
22 -142550 133196 0.154788 0.54426 0.24192 0.147116 0.034886 -0.041108 43474
23 -136254 -38536 0.2779 -0.17921 0.17797 0.27976 -0.122694 0.009951 43474
24 -142550 75296 -0.147116 0.034886 -0.041108 -0.154788 0.54426 0.24192 43474
25 -261700 290460 0.57096 0.52328 0.35794 0.57524 0.6071 0.022956 32031

By applying the unit force theorem, the calculation of the horizontal
displacement, i.e. the maximal displacement, uy, at node 2 in the y direction,
leads to:

_10°q@&0 7.85094 4.28558 0.073766 = 14.64698 6.428099 0
u, = g—+ + + + + o
180EXS, S, S, S, S S o

where E is the Young's modulus, g is the horizonta Load and S is the cross-
section of thei ™ bar,

Probabilistic study of u,,

For simplicity and without loss of generality, we assume a constant cross-
sections for the truss members (i.e. S=9), leading to:

18491872 q
U, =—F—
ES

Let us consider the cases where one of the three variables E, q or S israndom.

Case 1: E isuniformly distributed in the range [10°, 3" 10°]. The pdf of the
displacement is thus:

184918.72
fu (Uy) =] fe(E) ==Y £ (E)

Uyo

|

| L for 184'918.572 q Eu, £ 1849158. 72q
=1 2uy, S 3" 10°S 10°S

i

|

Figurell.4.2illustrates f, (u,,) for q=180 kN and S= 2000 mm".
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0.035 T T T T T T
+ Maonte Carloi10000)
—— Proposed Method
003 - & g
0.025 + R
—~, 002F R
33-\
frag
&
o 0os- R
001 F R
0.005 R
+
Ry
D 1 1 1 1 1 1
40 B0 a0 100 120 140 160 180

U

Figure 11.4.2: pdf of uyz.

For alimit displacement given by: u=120mm, it is required to calculate the
fallure probability (figure 11.4.3) P, = Pr[uy2 3 GJ, which isasfollows:

¥ ¥ 1.8491872q 166 166.42685
Pf = QO nyz (uyz) duyz :Q duy2 = 0 2 u2
y2

du,, =0.19
o 2u%,S vz

Thisresult is confirmed by 10000 Monte Carlo simulations giving 0.1890.

0.035 T T T T

+  Maonte Carlo
— Proposed Method

0.005 -

D 1 1
40 50 50 100 120 140 160 180

U,

Figure 11.4.3: Probability of failure.
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Case 2: q is exponentially distributed with unit mean. In this case, we can

write:
ESuy,

e ES o ES - .
£, (U,)=]d f.()=8 -2 0f ()=— > e mEmn (figurell.4.4
0, () =[] (@ C1sa018725 Y ~ 18201872 (fig )

with the numerical values: E = 200000 MPa and S = 2000 mm?. For a limit
displacement per unit load given by: u,, =0.0005, the failure probability(figure

11.4.5) is

ESu,,
P=g f (U)du, =g — Eo  gmenn gy
= Quoos Uy \y2 y2 Q0005184918.72 vz

0.004

_ . -4,-4610 Uy, _
= 900054.6 10 %e du, =0.34

which is close to Monte Carlo result: 0.3382.

2500

+  Monte Carlo (10000
—— Proposed Method
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Figure 11.4.4: pdf of uyz.
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Figure 11.4.5: Probability of failure.
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Case 3: Sisnormdly distributed with mean equal to 20 and standard deviation
equal to 1. The displacement pdf iswritten:

184918.72
fy () = ]3] 1o(9) = 2228720 ¢ g
y2
1@maie72q ¢ (figure 11.4.6)
-184918729 1 o ed. G

Eu, 2p

with g = 180 kN and E = 200000 MPa. If the limit displacement is set to:
u,, =8500, the failure probability (figure 11.4.7) is:

2
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which is amost the same as Monte Carlo result: 0.3334.
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Chapter 4 Applications

I1.4.3 Perforated plate under tension

The PTM-FEM approach is applied to athin perforated plate fixed at one end
and under tension on the other end (figure 4.8). The plate, of thicknesst = 1
mm, has for half-width B = 100 mm and for hole radius R = 30 mm. The
applied tensile force T = 10 kN is uniformly distributed over the plate edge.
The material isisotropic with Young' s modulus E = 210 GPa, Poisson’sratio

v = 0.3 and yield stress fy = 200 MPa. In this application, the hole radius R is
considered as uncertain variable.

2B
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Figure 11.4.8: Perforated plate.
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Chapter 4

Applications

The software Matlab has been used to the discretization of this structure with

the finite element mesh shown in the figure 11.4.9.
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Figure 11.4.9: Discretization of the perforated plate.

Figure 11.4.10 gives a 3D representation of the plate displacement. It is to be
noted that the lower edge has been fixed while the tensile force is applied on

the upper edge.
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Figure 11.4.10: Displacement of the perforated plate.
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Chapter 4

For this plate, the maximum stress (s ,) is localized at the hole perimeter on

the axis of symmetry: i.e. point A in figure 11.4.8. In order to apply the PTM
method, we have built a regression curve (figure 11.4.11) relating the tensile
stress to the hole radius (random variable of the system). This curve leads to

the following relationship:
S 5 =81.36 -1839.70 R+ 12335.05 R? - 242590.87 R®

10

[e]=

8+

s(stress)
2

O experience point
regression cune

For the computation of the transformation Jacobean, the inverse function is
required. The thrid degree polynomial is aso applied for regression (figure

1 1 1 1
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017 018

Figure 11.4.11: Regressioncurve S p-R.
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Figure I1.4.12: Regression curve R-S 5
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Chapter 4 Applications

Using the PTM-FEM, the pdf of the maximum tensile stress when the radius
uniformly distributed in the range [0.15, 0.24] is (figure I1.4.13):

f, (5 a) =] fr(R) = (0.008094-0.000024s , +0.000048's ,i)%)

Pl when Riradus) uniforry digtributed [0150.24)
n1ar
+
+ Mot e Carlo sirmulation 10000
EF-WTF

Q161

DJ:E 1 1 1 1 1 1 1 1 1
1 2 3 4 = g 7 g = 10
O[stress)
Figure 11.4.13: pdf of S 5
I1.4.4 Two story frame

The goal of this application is to evaluate the joint pdf of the response of two-
story frame by coupling the PTM-FEM technique with the Response Surface
Method (RSM). The two-story frame (figure 11.4.14) presents a bracing system
with bar elements. It is assumed that the load F, Y oung's modulus of the beams
E; and of the bars E, are independent random variables.
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Chapter 4 Applications

a 2 X

F

Figure 11.4.14: Two story frame

As we have three input random variables, it becomes suitable to evaluate the
joint pdf of the displacements at nodes 4, 5 and 6 (figure 11.4.15). For this
purpose, the combination of the PTM-FEM and the RSM allows us to define

easi|y the transformation Jacobean.
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Figure 11.4.15: finite element model and solution of the frame

A quadratic response surface is chosen to approximate the relationship between
the displacements of nodes 4, 5 and 6 and the input random variables: F,E; and

E,. The quadratic model has the following form:

y=a, +a,F +a,E, +a,E, +a,FE, +a,FE, +a,EE, +a,F* +a,E’ +a,E]
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Chapter 4 Applications

The regression application to the considered structure leads to:

U, =0.2+1.9F - 2.1E, +2.3E, - 36FE, - 1.9FE, +2.1E,E, - 6.1F2 +3.2E2 +0.1E2
U, = 2.9+2.6F - 3.7E, +5.1E, - 4.1FE, - 4.5FE, +2.3EE, - 8.1F2 +3.6E? +1.7E2
U, = 3.2+2.3F - 3.3E, +5.4E, - 4.1FE, - 4.4FE, +25EE, - 9.2F2 + 4.1E2 +1.1E2

The Jacobean of the transformation is thus:

_ 2096271F i 479713E N 260881 2385584 160883

1000 500 1000 1000 200
AO7Alpp 1523 o o 368973, 268163,
100 500 100 250
#2300 g2 8893p, O3 o, 223ps 1O3ppp
500 1000 125 500 500
(2339 4833, 559 ., 113, 28581
1000 ©~ 250 500 500 200

The joint pdf can then be obtained either analytically or numerically by the
expression:

f(Ya,¥s:Ys) =19 F(F,ELEy)
:ﬁ f(F) xf (E)XF (E,)

I1.4.5 Conclusion

In this chapter, three structures have been analyzed by the proposed technique:
space truss, perforated plate and two-story frame. For low number of variables,
the PTM-FEM allows us to write the analytical expresson of the response
density function. However, for more generd applications, it is suitable to
combine the PTM with the response surface method in order to describe an
approximate form of the transformation Jacobean.
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Conclusions and Perspective
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Conclusions and Per spective

This thesis has considered the probabilistic approaches to determine the
solution of a class of mechanical engineering systems whose behavior is
governed by differential equations with coefficients that are modeled as
random variables which can be thought of as realizations of an appropriate
second-order stochastic process.

Emphasis has been given to Probabilistic Transformation Method (PTM) to
determine the solution characteristics. This approach involves two stages. In
the first stage, the well-known deterministic finite element method (FEM) is
performed to get the mechanical response as a function of the random
processes involved in the problem. In the second stage, the solution formula
obtained in the first stage is used as a transformation between the input and
output variables of the problem. The theory of random variable transformation
can be successfully applied to get the pdf of the mechanical response under
certain mathematical conditions concerning the existence of a closed form joint
pdf for the input stochastic variables.

The literature review of some available Stochastic Finite Element Methods like
Perturbation Method, Spectral SFEM and Non-intrusive Methods, has shown
that there is still a great effort to perform in this field, in order to allow for full
description of the stochastic response in practical engineering problems.

The proposed technique, named PTM-FEM, is a new approach in which the
theory of probabilistic transformation method is combined with deterministic
finite element method to get the pdf of the mechanica response in closed form.
The probabilistic transformation method requires the evaluation of the
transformation Jacobian, which is not straightforward in general. For that
reason, we have considered different approaches to determine an "exact"
Jacobean evaluation. The technique definitely fails when the inputs have no
defined pdf and become difficult to apply when the number of input variables
become big.

Different applications in structural mechanics have shown the validity of the
proposed technique. For bar and beam structures, it is easy to define an
algorithm for “exact” evaluation of the response pdf. For large-scale structures,
the use for some approximations allows us to define a closed form expression
of the required pdf. In addition to applicationsin structural static and dynamics,
the interest of this technique is very large in reliability-based optimization, as
many reliability analyses are required during the solution procedure. For the
treated examples, the comparison with Monte Carlo simulations allowed us to
verify the accuracy of the proposed method.
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Conclusions and Per spective

It is believed that the material presented in this thesis constitutes a meaningful
tool to calculate the failure probability which represents the basis of many
research fields, such as: Reliability analysis, Structural optimization, Fatigue
design and Maintenance planning.

The good results obtained by using PTM-FEM technique encourage us, in the
future, to gpply this technique on more complicated stochastic problems,
especialy static and dynamical large-scale systems.

It can also be interesting to combine the SFEM with the proposed technique in

order to take account for stochastic fields, particularly when nonlinear behavior
is considered.
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Couplage élémentsfinis et methode de
transfor mation probabiliste

Seifedine Kadry
Docteur de |’ Université Blaise Pascal

La modélisation des systémes mécaniques peut ére définie comme étant I'idéalisation
mathématique des phénomenes physiques qui les commandent. Ce qui demande la
définition, plus ou moins précise, des variables d entrée (parametres géométriques,
conditions de chargement...) et des variables de sortie (déplacements, contraintes,...),
en vue de permettre la simulation du comportement mécanique. Les modéles utilisés
sont de plus en plus complexes et I’enjeu actuel est I'identification des parametres les
congtituant. En effet, on ne peut plus se permettre d' utiliser des modéles déterministes
ou interviennent seulement les moyennes des paramétres, car cela conduit
généralement a une représentation erronée de la réalité. De ce fait, il est intéressant
d’introduire les incertitudes sur I'estimation des paramétres et de considérer leur
variabilité. Les méthodes probabilistes permettent de prendre en compte le caractéere
aléatoire et la variabilité spatiale de paramétres tels que les propriétés des matériaux.

Les méthodes fiabilistes ont pour objectif la détermination du niveau de confiance a
accorder a la structure étudiée, en effectuant certaines hypotheses sur les modéles
physiques et sur les grandeurs aléatoires mises en jeu, et en définissant |'éat de
défaillance par rapport a la régle de dimensionnement. |l sagit de trouver I'évolution
de la probabilité de défaillance de la structure tout au long de sa durée de vie et de
vérifier que le dimensionnement respecte bien les régles de sécurité.

L'application des méhodes probabilistes en vue du dimensionnement nécessite de
disposer d'un outil efficace permettant le calcul de la fiabilité des structures. Lorsque
le comportement mécanique est déterminé par des modéles explicites, son étude
fiabiliste est aisée gréce au grand nombre de méthodes qui ont montré leur efficacité.
Par contre, lorsque la modélisation mécanique est numérique (modéles éléments finis
par exemple), une méthode permettant le couplage des modélisations mécanique et
probabiliste doit étre utilisée : c'est I'objet du couplage mécano-fiabilise.

Le couplage mécano-fiabiliste peut ére défini comme étant le "mariage” d'un code
éléments finis et d’un code fiabiliste, de telle fagon a ce que I’ on obtienne la solution
de la maniére la plus efficace possible. Dans ce type d approche, c'est le code
fiabiliste qui pilote le calcul MEF et qui assure la convergence.

Dans ce contexte, I'objectif de cette thése consiste a proposer une méthode d'analyse
probabiliste de la réponse d'un systéme mécanique avec des paramétres aléatoires.
Une nouvelle technique, dite "exacte", est proposée pour le couplage des modéles
éléments finis et de la méthode de transformation probabiliste, en vue de I’ évaluation,
sous forme analytique ou semi-analytique, de la fonction de densité de la réponse.
Cette méthode est ensuite appliquée a différents types de problémes en vue de montrer
ses avantages et ses limites.
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The modeling of mechanical systems can be defined as the mathematical idealization
of the physical phenomena controlling it. This implies to define the input variables
(geometrical parameters, loading conditions...) and the output variables
(displacements, stresses...), alowing to understand the evolution of the system. The
behavior models are more and more complex and the difficulty lies is the
identification of the input parameters. As a matter of fact, we cannot admit to use the
deterministic models where only the average parameters are considered, because it
generaly leads to wrong representation of the reality. Hence, it is interesting to
introduce the uncertainties in the parameter evaluation and to consider their
variability. The fundamental issue of probabilistic studies is therefore to take into
account the uncertain character and the spatial variability of the parameters.

The reliability methods have for main objective the determination of the structura
safety level, based on some assumptions related to the uncertainties, and by defining
the state of failure. Therefore, the failure probability can be evaluated along the
structure life span and consequently, the design can be verified with respect to safety
considerations.

The application of probabilistic methods in design requires the use of efficient tools to
evaluate the reliability of the considered structure. When the mechanical behavior is
given by explicit models, the reliability analysis becomes easy, due to the large
number of available methods which can be efficiently used. However, when the
mechanical model is numerical (finite element method for example), a method
allowing the combination of mechanical and probability models must be applied: it is
the goal of mechanical-reliability coupling.

The mechanical-reliability coupling is defined by the combination of finite element
models and reliability algorithms, in such a way that the solution can be efficiently
obtained. In this kind of approach, the reliability code drives the finite element
analysis procedures and ensures the convergence.

The objective of this thesis is therefore to analyze and to study the probabilistic
response of mechanical systems with uncertain parameters. Contrary to other
methods, the proposed technique couples the deterministic finite element method and
the probabilistic transformation method, in order to evaluate the probability density
function of the response, in a closed-form or in a semi-analytical form. To show the
advantage of the proposed method, we have carried out different applications to cover
several structural engineering fields. static, dynamic, reliability and optimization.
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