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RESUME

L’interaction des défaillances est une thématique qui prend une ampleur considérable dans le
monde de la recherche industrielle moderne. Les systemes sont de plus en plus complexes et leurs
fonctionnements et défaillances sur le long terme sont sujets a diverses sources d’influence internes
et externes. Les actifs physiques en particulier sont soumis a 1I’impact du temps, de 1’environnement
et du rythme de leur utilisation. Connaitre ces sources d’influence n’est pas suffisant car il importe
de comprendre quelles sont les relations qui les lient afin de planifier de facon efficiente la
maintenance des actifs. En effet, cette derniére peut s’avérer trés couteuse et sa mauvaise
planification peut conduire a [I’utilisation de systémes dangereux pouvant engendrer des

évenements catastrophiques.

La fiabilité est un vaste domaine. Elle propose une large panoplie de modeles mathématiques qui
permettent de prédire le fonctionnement et les défaillances des actifs physiques. Ceci dit, les
concepts des modeles les plus appliqués a ce jour se basent sur des hypothéses parfois simplistes
et occultent bien souvent certaines relations de dépendances qui régissent un systéme. L’interaction
des défaillances dans le cadre des dépendances stochastiques est abordée par de nombreux travaux
de recherches. Par contre, la compréhension et I’implémentation de ces travaux demeurent un défi
pour les spécialistes en maintenance qui ont besoin de modeles réalistes pour une maintenance

préventive efficace.

Cette these traite de la fiabilité et la maintenance prédictive des actifs physiques en exploitation et
sujets a divers modes de défaillance interactifs. Elle établit avant tout I’importance d’accorder une
attention particuliére a 1’interaction des défaillances dans le domaine de la fiabilité et de la
maintenance. Dans une revue de littérature, les concepts et les méthodes de modélisation et
d’optimisation en fiabilité et en maintenance préventive sont présentés. Les divers types de
dépendances dans un systéme sont discutés. Un cas d’application, a savoir celui des ponceaux en
béton, est propose. Les travaux entrepris par la suite fournissent avant tout un cadre pour la
modélisation de la fiabilité incluant I’interaction des défaillances. A cette fin, une étude
comparative des modeéles existants les plus pertinents est effectuée de points de vue conceptuel,
méthodologique et applicatif. Le cadre étant défini, un modéle basé sur les chocs extrémes et les
chaines de Markov est construit afin de valoriser le caractére séquentiel des défaillances

interactives. Cette proposition est améliorée pour prendre en compte la dégradation du systéme.



vii

Une stratégie de maintenance prédictive est conséquemment développée. Toutes ces approches
sont appliquées a un ensemble de ponceaux en béton observés sur plusieurs annees. Cela permet
d’expliquer les dépendances entre I’occurrence de déplacements et I’occurrence de fissures dans
une structure. Tous ces concepts et résultats sont finalement discutés afin de déterminer des
perspectives réalistes pour une étude approfondie de I’interactivité d’un point de vue fiabiliste et

dans un but stratégique pour la planification de la maintenance.
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ABSTRACT

Failure interaction is a subject gaining growing attention in the world of modern industrial research.
Systems are becoming increasingly complex. Their life cycles are subject to various internal and
external influences. Physical assets in particular are impacted by time, environment and usage.
Knowing these sources of influence is not enough. Indeed, it is important to understand the
relationships between them in order to plan effectively for the maintenance of assets. Maintenance
can be quite expensive. Thus, poor planning can lead to dangerous systems that could cause

catastrophic events.

Reliability engineering offers a wide range of mathematical models to predict failures. That being
said, the concepts of the most widely applied models in the industry are often based on simplistic
assumptions and tend to overlook certain dependencies within a system. Failure interaction in the
context of stochastic dependencies is largely addressed in the literature. However, understanding
and implementing the proposed approaches remains a challenge for maintenance specialists that

need realistic models for efficient maintenance planning.

This thesis focuses on the reliability and predictive maintenance of physical assets subject to
interactive failure modes. First of all, it emphasizes the importance of paying particular attention
to failure interaction. In a literature review, the concepts and methods for modeling and optimizing
reliability and preventive maintenance are presented. The diverse dependencies in a system are
discussed. A case study is proposed, namely concrete culverts. Subsequently, the research provides
a framework for modeling reliability that integrates the interaction of failures. To this end, the most
relevant models in the literature are comparatively studied from a conceptual, methodological and
applicative point of view. In the defined framework, a model based on extreme shocks and Markov
processes is built in order to represent the sequential nature of interactive failures. This approach
is extended to take into account the natural degradation of a system. A predictive maintenance
strategy is consequently developed. All these models are applied to a set of concrete culverts
observed over several years. The dependences between the occurrence of displacements and the
occurrence of cracks in a structure are explained through these approaches. Finally, these concepts
and results are discussed in order to determine realistic perspectives for in-depth studies of the

impact of failure interaction on reliability and for strategic maintenance planning.
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CHAPITRE1 INTRODUCTION

La compétitivité et I’évolution rapide des marchés technologiques imposent a toute entreprise une
sélection informée de méthodes de gestion de ses actifs physiques. L’un des défis principaux de la
gestion des actifs physiques est 1’optimisation intelligente des ressources assignées a leur
maintenance. En Janvier 2013, aprés une défaillance de batteries lithium-ion sur deux avions, tous
les Boeing 787 Dreamliners étaient indéfiniment interdits de décoller. Cet événement, en plus de
révéler des enjeux de sécurité, a eu de lourdes conséquences economiques (Ross [2013], Williard
et al. [2013]). Il est primordial d’avoir une certaine capacité d’anticipation de tels événements, des
éventuelles défaillances et des cotits qu’elles pourraient engendrer. Les domaines de la fiabilité et
de la maintenance sont définis autour de cette problématique. Si la fiabilité étudie le comportement
d’un systéme face aux potentielles défaillances, la maintenance est une réponse pratique a cette
potentialité. Cette maintenance se doit d’étre préventive pour réduire les colts et les conséquences
de tout éventuel disfonctionnement du systeme. Elle peut intégrer un modéle prédictif qui permet
de représenter la dégradation du systeme lorsque cette derniere est régulierement ou

continuellement surveillée.

1.1 Contexte

Les méthodes utilisées aux fins de la prédiction des défaillances se basent sur des données
observables, des modéles physiques ou un historique de maintenance. Les modeéles physiques
peuvent représenter de fagon déterministe le comportement d’un systéme (Melchers & Beck
[2018]). lls sont en général difficiles a établir a cause de la complexité des phénomeénes concernés
et requierent donc de longues périodes d’expérimentation. Cela est d’autant plus le cas s’ils
concernent des systemes introduisant de nouvelles technologies. Une alternative est de construire
des modeles de prédiction qui s’approchent de I’évolution des données observables caractérisant
1’état d’un systéme dans le temps (An et al. [2015]). C’est dans cette capacité qu’intervient le forage
de données. Cette approche est moins précise que 1’usage de modeles physiques. En amont, il est
nécessaire d’avoir a disposition des ressources telles que des capteurs, des senseurs, des techniciens
et opérateurs qualifiés (Meeker & Hong [2014]). Ce dernier aspect suscite un probléme de
faisabilité économique. En outre, il est évident que I’abondance et la qualité des données

conditionnent la qualité des modeles. Il existe des modeles moins onéreux qui prédisent les



défaillances d’un systéeme en se basant sur I'historique de sa maintenance. Principalement
probabilistes, ils sont moins précis que les modeles physiques et les modeles basés sur la collecte
de données mais peuvent étre combinés a ces derniers, offrant ainsi une large variété de possibilites
de modélisation (Modarres et al. [2016]). Ceci dit, ces modéles s’appuient sur des hypothéses de

départ qui ne capturent, bien souvent, que des aspects limités du fonctionnement réel d’un systéme.

1.2 Problématique

Le fonctionnement d’un systéme peut étre ralenti ou arrété par différents facteurs ou de diverses
maniéres. En d’autres termes, il peut étre sujet a divers modes de défaillances; ce qui est d’autant
plus le cas si le systeme a de multiples composants. La plupart des approches classiques consideérent
ces modes comme étant indépendants. En fait, cette hypothése d’indépendance existe
principalement pour simplifier le poids analytique et diminuer la complexité des modeles de

fiabilité. En réalité, les modes de défaillances d’un systéme interagissent a bien des niveaux.

Par exemple, la maintenance des pneus d’une flotte de véhicules met en évidence des cas
d’interactivité. Selon Ammar (2009), un pneu peut étre sujet a une déchirure du talon, une
crevaison, une usure par bosse, une usure de la bande de roulement, une usure du flanc, etc. Par
exemple, I’'usure de la bande de roulement ou du flanc favorise la crevaison et 1’usure par bosse.
Inversement, un pneu réparé ou rénové pour cause de 1’un de ces modes de défaillances s’usera en
général plus rapidement qu’un pneu neuf. Un autre exemple d’interactivité est la membrane
d’osmose inversée utilisée dans le cas du dessalage des eaux de mer (Greenlee et al. [2009]). Elle
peut ne plus remplir sa fonction a cause d’une contamination par résidus organiques, une
contamination ou une usure due a son prétraitement chimique, une obstruction due a I’accumulation
de sel, des dégats mécaniques dus a des surpressions, etc. Ces modes sont considérés comme
distincts. Par contre, selon Fritzmann et al. (2007), une contamination chimique facilite I’usure de
la membrane et accentue sa sensibilité aux surpressions. Un cas intéressant présenté dans cette
these est celui des ponceaux en béton utilisés dans les réseaux routiers. Ils servent a faciliter la
circulation des cours d’eaux et parfois des espeéces animales tout en assurant la circulation
sécuritaire des véhicules. Ces structures peuvent se fissurer, se perforer, subir des déplacements,
s’affaisser, s’affouiller, étre encombrées par une accumulation de masses diverses, etc. (Schall
[2012]). 11 est évident que si la structure s’affaisse ou s’affouille, le risque d’encombrement

augmente. Par ailleurs, plus les déplacements sont importants plus les fissures de la structure seront



proéminentes. Conséquemment, des perforations apparaitront dans les zones fortement fissurées.

Plus de détails sont abordés a ce sujet dans le prochain chapitre.

La présence de I’interactivité est indéniable pour tout systéme sujet a divers modes de défaillances
compétitifs. Il est pourtant rare que ce phénomene soit directement mesurable. Dans les exemples
susmentionnés, on ne peut en général que remarquer 1’accélération de la fréquence d’un mode de
défaillance en relation avec 1’évolution rapide d’une variable d’état surveillant un autre mode
potentiellement interactif. En effet, les liens entre divers modes sont complexes et généralement
représentés par des fonctions conjointes toutes aussi complexes intégrées aux modeles de fiabilité.
Ces fonctions peuvent étre difficiles a interpréter physiquement et limitatives dans leur applicabilité
suivant les hypotheses de départ choisies. Il serait d’un grand intérét de développer des modeles de

fiabilité qui capturent et expliquent de facon réaliste I’interactivité.

1.3 Question de recherche

La principale question sur laquelle se base cette thése est la suivante :

Comment peut-on représenter l’interactivité des modes de défaillance d’un systéme de maniére
interprétable, lintégrer a des modéles de fiabilité réalistes et optimiser la stratégie de

maintenance appropriée ?
Pour répondre a cette question, certaines interrogations secondaires doivent étre abordées :

e Quels sont les concepts pertinents d’interactivité des défaillances proposés par la
littérature? Quels sont les avantages, les limites et les criteres de différenciation de ceux-

ci?

e Comment peut-on représenter dans des modeles de fiabilité le caractére aléatoire d’un
phénomeéne d’interaction dont on a une connaissance limitée? Est-il possible de développer
de tels modéles de fiabilité sur la base de données d’un historique de maintenance et de

données observables?

e Quel impact auraient ces modeles de fiabilité dans une stratégie de maintenance prédictive
visant a appréhender les conséquences de ’interactivité des défaillances et permettant de

minimiser le colt de maintenance ?



1.4 Hypothéses de recherche

Telles que formulées, les interrogations relatives a ces travaux limitent le champ de recherche a

des systemes dont on soupconne a priori un phénomene interactif et dont I’interprétation du

phénomeéne demeure ambigué. De ce fait, les hypothéses suivantes sont appropriées :

Les modes de défaillances d’un systéme interagissent de manicre a altérer la fiabilité du

systeme considéré.

L’interaction des modes de défaillances peut intervenir sous la forme d’une série de chocs

au systeme, aléatoires et interdépendants.

Les probabilités d’occurrence d’une interaction peuvent étre quantifiées sous la forme de

variables aléatoires.
Les données de maintenance et de dégradation permettent de modéliser I’effet de
I’interactivité.

Une stratégie de maintenance prédictive intégrant I’interaction au sein d’un systeme permet

d’optimiser les colts de maintenance.

1.5 Objectifs

Afin de répondre aux questions mentionnées plus haut, les objectifs suivants ont été formulés :

Classer les modeéles de fiabilité intégrant I'interactivité des modes de défaillances.

Représenter l'interactivité des modes de défaillances d'un systéme a 1’aide des données de

défaillance et de dégradation du systeme.

Evaluer 1’effet des modes interactifs de défaillance sur le comportement fiabiliste du

systeme par comparaison a I’hypothése d’indépendance des modes de défaillance.
Développer un modeéle de fiabilité applicable dans le cadre de la maintenance prédictive.

Optimiser une stratégie de maintenance prédictive afin de minimiser le colt encouru

lorsque l'influence des défaillances interactives est prise en compte.



1.6 Meéthodologie

Le terme « réaliste » étant quelque peu suggestif, il est important que tout apport technique soit
précédé d’une discussion conceptuelle sur la valeur d’un modéle de fiabilité intégrant 1’interaction
des défaillances. Sur la base des hypotheses susmentionnées, la méthodologie suivante est le

vecteur choisi afin d’atteindre les objectifs de recherche :

e Une revue de la littérature et une classification des modeles de fiabilité intégrant
I’interactivité des défaillances. Cette classification est appuyée par une étude comparative

des concepts, des méethodes et des applications en maintenance rattachés a ces modeéles.

e Le développement de modéles de fiabilité bases sur la représentation de I’interactivité des
défaillances comme des processus de chocs aléatoires. Ces modeéles sont construits a partir

de données d’historiques de maintenance et de données observables.
e L’utilisation des processus de Markov capturant le caractére séquentiel des interactions.

e La validation des modéles proposés en comparant leurs courbes de fiabilité avec celles de

modeles n’intégrant pas I’interactivité de défaillances.

e Le développement et I’optimisation d’une stratégie de maintenance prédictive permettant
de minimiser le col(t. L’optimisation d’une telle stratégie requiert des méthodes de

simulation stochastique.

e L’application des méthodes développées au cas des ponceaux.

1.7 Originalité et contributions

Les systemes industriels contemporains évoluent rapidement d’un point de vue technologique.
Conséquemment, la modélisation des modes de défaillances s’avere étre de plus en plus complexe.
L’originalité de cette these est avant tout de rendre accessible aux gestionnaires de maintenance le
concept d’interactivité des modes de défaillance d’un systéme et d’affiner la prévision de la fiabilité
en comparaison avec des modeles plus classiques. Les travaux proposés dans cette these permettent
de:

e Développer une approche générique de modélisation et caractériser 1’interactivité sous

forme de série de chocs aléatoires successifs et interdependants.



Quantifier et interpréter l'interactivité et son influence sur la fiabilité afin de mieux

comprendre et mesurer un phénomeéne dont on ne peut observer que les effets indirects.

Valoriser les données historiques et les données de dégradation dans une dynamique de

maintenance prédictive.

Minimiser le colt de la maintenance d’un systeme sujet a des modes interactifs de

défaillance.

Trois contributions scientifiques ont été développées pour contribuer a la recherche dans le

domaine de I’ingénierie de la fiabilité et la maintenance de systeémes sujets a des modes interactifs

de défaillance :

Contribution 1: Failure interaction models for multicomponent systems: a

comparative study. SN Applied Sciences, 1(1), 66.

Cette contribution comprend une revue de la littérature détaillée de modeles de fiabilité,
pertinents et récents, intégrant I’interaction des modes de défaillances. Elle comprend aussi
une proposition de critéres de classification de tels modeles. Les concepts, les méthodes et
les applications en maintenance de ces approches sont comparées afin de conseiller et

encadrer toute démarche de modélisation de 1’interactivité.

Contribution 2: Failure interaction model based on extreme shock and Markov

processes. Reliability Engineering & System Safety, 197, 106827.

L’interaction des modes de défaillances d’un systéme y est représentée sous forme de chocs
aléatoires interdépendants. Le phénomeéne est quantifié au moyen d’une série de
probabilités d’occurrence de ces chocs qui permet de construire une distribution distinctive
du caractere séquentiel des chocs. Les paramétres des fonctions de fiabilité sont estimés via
des processus de Markov. Comme application, les phénoménes de déplacement et de

fissuration dans les ponceaux en béton sont concurremment étudiés.

Contribution 3: Optimal repair strategy based on interactive degradation model of

dependent failure modes. Soumis en Juin 2020 a: Reliability Engineering & System
Safety. JRESS-D-20-00273.



Le modele de la précédente contribution est amélioré pour associer un processus de
dégradation a des chocs compétitifs. Une stratégie de maintenance prédictive est définie
avec pour objectif la valorisation de la sequence des défaillances interactives. Les ponceaux
en béton font 1’objet d’une étude suivant cette approche et I’impact sur le cofit est évalué et

interpréte.

1.8 Structure du document

Le document est organisé en 7 chapitres. A la suite de cette introduction, le chapitre 2 est une revue
de littérature présentant différents aspects liés a la fiabilité, la maintenance, I"interactivité des
défaillances et au cas d’étude ainsi que la description des données disponibles. Les chapitres 3, 4
et 5 présentent respectivement les trois contributions susmentionnées. Une discussion générale suit
au chapitre 6 afin de comparer les différents concepts et résultats présentés. Le chapitre 7 offre une

conclusion générale a la thése et des perspectives réalistes.



CHAPITRE2 REVUE DE LITERATURE

Blanchard et al. (1990) définissent un systeme comme un ensemble logique de composants,
d’attributs et de relations qui opere dans un environnement avec lequel il interagit. Les composants
sont les parties opérantes du systeme. Les attributs sont les propriétés des composants du systeme.
Ils sont généralement observables au travers d’une variété de valeurs physiques et/ou chimiques
que traversent les composants. Ces valeurs définissent 1I’état du systéme. Les relations sont les liens
entre les attributs et les composants. En effet, les composants peuvent avoir la capacité au travers
de diverses combinaisons de transmettre une information ou une énergie, d’accomplir un
mouvement ou une combinaison de mouvements, de favoriser ou provoquer une réaction chimique,
et/ou de garantir I’intégrité physique. Un composant est lui-méme un systéme en relation avec

d’autres systemes. Ces relations sont au service d’une ou plusieurs fonctions.

Ces fonctions sont définies suivant des criteres quantitatifs et qualitatifs en lien avec la capacité et
le rendement attendus du systeme. Lorsqu’une fonction est significativement altérée et ne peut
respecter ces critéres prédefinis, on emploie le terme de défaillance. Divers facteurs internes et
externes peuvent entrainer une defaillance. De maniere générale, ses effets sont physiquement
mesurables, descriptibles ou perceptibles sur I’état du systeme. Un seuil est de ce fait défini par
I’'usager du systeme au-dela duquel la fonction principale est considérée comme n’étant plus
assurée. Une défaillance peut étre due au dysfonctionnement d’un ou plusieurs composants, a
I’altération d’un ou plusieurs attributs des composants et/ou a I’évolution des relations les reliant.
Dans le cas des actifs physiques, ces modifications peuvent étre causées par 1’usager,
I’environnement ou la détérioration physique naturelle de leurs composants. Selon Crow (1975) on
peut distinguer deux principaux types de systemes : les systémes réparables et les systemes non-
réparables. Une ampoule électrique est un exemple de systeme non-réparable. Si une défaillance
intervient, le systéeme en entier doit étre remplacé. Une automobile est un systeme réparable. Ses
composants sont régulierement inspectés et réparés ou remplacés au besoin lorsqu’advient une
défaillance. Dans un cas comme dans ’autre, une défaillance a des conséquences économiques et
impacte la sécurité de ’usager et de I’environnement. Si les conséquences économiques sont
parfois évidentes, le volet sécuritaire souléve des questions éthiques que nous ne développons dans
cette these. Ceci dit, il convient de les mentionner car la sécurité de I'utilisateur ne touche pas

seulement son bien-étre physique, mais tout I’ensemble de I’individu. Il est primordial que le



systeme industriel ne détériore pas sa santé physique mais aussi son état psychologique, sa situation

sociale, ses valeurs éthiques et morales.

Nous entendons par usager dans le cadre industriel tout opérateur ou utilisateur. De maniere
générale, la société, ’entreprise possédant le systeme et son lieu géographique constituent son
environnement immédiat. Des problemes ergonomiques, opérationnels, logistiques,
organisationnels, de compétence ou méme éthiques peuvent influencer le bon fonctionnement des
actifs. L’erreur humaine est une variable que prennent en compte bien des experts a cet effet selon
Swain (1990), Griffith & Mahadevan (2011), Groth & Swiler (2013). La formation et la mise en
place de méthodes de travail appropriées sont des solutions dans ces cas de figure. Lorsque les
causes des défaillances sont toutes autres, il devient important de comprendre les mécanismes qui
régissent le fonctionnement du systéme pour en prédire le comportement et prévenir tout
dysfonctionnement. L’étude de la fiabilité fournit un cadre pour la conception et la maintenance
d’actifs physiques sécuritaires et viables économiquement. Dhillon (1999) suggére que le concept
de la fiabilité date des années 30-40 dans le domaine militaire. La fiabilité est devenue quelques
décennies plus tard dans les années 50-60, une discipline scientifique et académique a part entiére
(Barlow & Proschan [1975]). L’évaluer est un exercice comportant de nombreux défis aussi bien
conceptuels que pratiques. Nous présentons ces défis non-exhaustivement dans cette revue de

littérature centrée sur des aspects que nous estimons étre primordiaux pour le monde industriel.

Avant tout, quelques concepts classiques relatifs a la fiabilité et la maintenance sont présentes.
Ensuite, les concepts de dépendances structurelles, économiques et stochastiques sont abordés d’un
point de vue fiabiliste. En effet, ses diverses relations peuvent considérablement complexifier toute
représentation de la fiabilité et son application a la maintenance. Par la suite, diverses méthodes
mathématiques et probabilistes de modélisation de la fiabilité et d’optimisation de la maintenance
sont étudiées. Enfin, la maintenance des ponceaux est décrite dans le but de bien comprendre la
problématique, les modes de défaillance et les données disponibles. En effet, le ponceau en béton

est le systéme utilisé comme exemple d’application des modeles développés dans cette thése.

2.1 Concepts classiques de fiabilite

La fiabilité s’exprime sous forme de probabilité et représente 1’aptitude d’un systéme d’accomplir
la fonction pour laquelle il a été concu dans des conditions definies pour une durée de mission

donnée (Diallo [2006]). Ces conditions peuvent étre diverses en termes de performance et
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relativement a 1’environnement influengant et influencé par le systéme. Reprenant 1I’exemple d’un
vehicule, sa fiabilité par rapport a sa capacité de transport de biens et d’usagers d’un point a un
autre n’est effective que si des conditions d’efficience énergétique, de sécurité des passagers et des
biens, et de limitation des effets polluants sont respectées entre autres critéres. La fiabilité a une
définition plus large que simplement la notion de succés ou échec d’une tache. Les conditions de
fonctionnement non satisfaites et 1’état du systéme a I’instant de la défaillance concourent a une
définition plus adéquate de cette défaillance. Les relations d’un systéme avec son environnement

sont a prendre en compte dans la représentation de la fiabilité.

De maniére pratique, 1’évaluation de la fiabilité intervient principalement a deux étapes du cycle
de vie d’un systéme : durant sa conception et durant son utilisation. En phase de conception, Misra
(1975) présente diverses problématiques qui sont abordées dans le but de maximiser la fiabilité
d’un systeme. Entre autres, il s’agit d’allouer des redondances pour les composants critiques, de
simplifier autant que faire se peut I’architecture du systéme, de planifier la maintenance avant la
mise en service, d’établir un programme de mise a jour et d’amélioration des composants. La
fiabilité dite prévisionnelle peut étre appréhendée au travers de diverses méthodes : les blocs-
diagramme de fiabilité, I’ Analyse des Modes de Défaillance et de leurs Effets ou, une extension de
cette derniére, 1’ Analyse des Modes de Défaillance, de leurs Effets et de leur Criticité (AMDEC),
etc. (Borgovini et al. [1993], Cepin [2011], Lipol & Haq [2011], Spreafico et al. [2017], Jia et al.
[2019]). Quoiqu’efficaces, toutes ces méthodes ne peuvent parfaitement représenter la réalité en
situation d’exploitation. Il est en effet possible que certains cas de figure soient omis par les
concepteurs, d’ou I’importance d’un suivi assidu des actifs physiques durant leur cycle de vie. Ceci

dit; dans cette thése, nous nous intéressons principalement aux actifs physiques en exploitation.

2.1.1 Expressions de fiabilité

Soient S et S deux événements représentant respectivement la survie et la défaillance d’un systéme.
Ils sont complémentaires pour un systéeme en exploitation car ne pouvant advenir simultanément.

La fiabilité ou probabilité de survie (P[S]) et la probabilité de defaillance (P[S]) sont reliées comme

suit :

P[S] =1-P[S] (2.1)



11

Dans le domaine continu, la fiabilité est en général représentée par une fonction dite de survie,
généralement notée R(t), qui permet de I’évaluer en fonction de 1’dge du systeme. La probabilité
de défaillance du systeme est évidemment aussi dépendante de 1’dge. En considérant une variable
continue aléatoire T > 0 de durée de vie, Finkelstein et al. (2013) s’appuient sur une définition
classique de cette probabilité de défaillance notée F(t) afin de traiter des questions de modélisation

stochastique de la fiabilité :
F(t) =1—-R(t) =P(T <t), te[0,+o (2.2)

ou P(T < t) est la probabilité que la durée de vie ne dépasse pas t. Cette notation conventionnelle
de probabilités est fréquemment utilisée dans toute la thése. Cette probabilité peut suivre une loi
de probabilité déterminée ou s’en rapprocher. Lorsque cela est applicable, cette densité est définie

comme suit :

f&) =< F(®) (2.3)

Il est possible d’en déduire ce que ’on désigne comme le taux de défaillance du systeme,
usuellement noté h(t) qui n’est autre que la fréquence a laquelle adviennent les défaillances. I est

exprimé en nombre de défaillances par unité de temps :

h(t) =19 (2.4)

R(t)

Le tableau 2.1 qui est un extrait des travaux de Hamada et al (2008) montre comment ces diverses

fonctions sont liées les unes aux autres.

2.1.2 Evaluation de la fiabilité

La fonction de survie d’un systéme peut étre obtenue de diverses manicres. Les outils qui
permettent d’observer ou de tester ce systéme et les types de données qui sont recueillies sont des
éléments déterminants dans la sélection du modéle de cette fonction. Ces données sont
principalement des durées de vie obtenues d’un historique de maintenance, des variables d’état
(température, vibration, etc.) discrétes ou continues, ou des résultats de tests expérimentaux
(Meeker [2014]).



Tableau 2.1 Expressions de fiabilité et relations analytiques entre celles-ci

12

En fonction de...
f® F(t) R(t) h(t)

d d t
f® f® EF(t) - ER(t) h(t)e™ Jo ns)ds
F(t) f f(s)ds F(t) 1—-R(t) 1 — e~ Jon®as
R(t) fwf(s)ds 1—-F(t) R(t) NIGLE

f® a F(b) d
TPV d -
h(®) 7 F(s)ds 15_F(t) - InR(®)) h(t)

Le comportement défaillant peut, comme il a été dit précédemment, étre décrit par une loi de
probabilité. Cette loi permet de calculer la probabilité de défaillance en fonction du temps. Cette
approche se base en général sur les durées de vie répertoriées dans I’historique de maintenance.
Parmi les lois les plus fréquemment utilisées figurent les lois de Weibull, exponentielle, normale,
de Poisson, etc. (Crowder et al. [1994]). Il en existe beaucoup et c’est en général par le moyen du
maximum de vraisemblance que les parameétres de la loi adéquate sont déterminés. Lorsque des
données sur la dégradation du systéeme sont disponibles, des modéles connexes ayant des variables
explicatives sont utilisées (Gorjian et al. [2010]). Par ailleurs, il existe des méthodes non-
paramétriques pour évaluer la fiabilité a partir des durées de vie ou temps de défaillance. Elles
s’averent trés utiles pour avoir une premiére approximation de la fonction de survie ou si trop peu
d’informations est disponible pour ajuster une loi au comportement du systeme. L’estimateur non

paramétrique de Kaplan-Meier est probablement le plus utilisé (Kaplan & Meier [1958]).

Les récentes avancees dans le domaine de la prospection de données ont permis une floraison de
modeles basés sur les données. lls sont prisés car ils décélent des relations complexes en les
traduisant sous forme de formules mathématiques. Ils présentent dans certains cas 1’avantage de
pouvoir combiner dans un modéle mathématique les durées de vie et les données sur la dégradation
du systéeme quand elles sont disponibles (Nikulin, et al. [2010]). Par contre, ils requiérent une
abondance de données et leur précision dépend énormement de la qualité des données. En outre,
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malgré leur pouvoir de prédiction, I’interprétation des phénoménes qu’ils décrivent pourrait étre

ambigue.

Dans le domaine de la fiabilité structurelle, il y a un intérét particulier pour la conception de
modeéles physiques. On utilise une variété de méthodes déterministes et/ou de méthodes
stochastiques (Rackwitz, R. [2001]). La méthode contrainte-résistance, par exemple, est un outil
pertinent a cet effet (Bereriche, Y. [2010]). Elle relie statistiquement la durée de vie ou résistance
du systéme aux contraintes auxquelles il est soumis. Cette approche requiert une expérimentation
rigoureuse afin de déterminer la fiabilité en fonction de chaque mode de défaillance. Ceci dit, son
objectif principal est de fournir au concepteur du systéme des idées d’optimisation de sa
conception. Les modéles physiques sont supposes avoir la meilleure précision si le processus

d’expérimentation s’avere suffisamment rigoureux.

2.2 Concepts classiques de maintenance

Il existe principalement deux types de maintenance : la maintenance corrective et la maintenance
préventive. Le terme « corrective » suggeére une réaction a un évenement dont il faut rectifier les
causes premieres. Lorsqu’une politique de maintenance corrective est employée, les actifs sont
exploités jusqu’a leur défaillance. Quand cela advient, ils sont alors remplacés ou réparés. Ce genre
de politique est en général utilisé quand 1’arrét non programmé ou tout mauvais fonctionnement
des composants ou du systeme concerné ne représentent que des risques Ssécuritaires ou
économiques minimes. La peinture, les essuie-glaces, les couvertures de siéges d’une voiture en
sont des exemples. Par contre, pour une entreprise, cette politique suggére une approche intelligente
des problémes d’inventaire et de chaines d’approvisionnement (Sheut & Krajewski [1994]).

Pour un composant tel que le moteur d’une voiture qui est crucial au fonctionnement, complexe
dans son architecture et couteux, on ne peut attendre une défaillance qui pourrait d’ailleurs rendre
irreparable cet organe du véhicule. Des activités de prévention et d’entretien sont nécessaires afin
de maximiser sa durée de vie. Un autre composant tel qu’un pneu est moins couteux mais il sera
remplacé s’il présente des signes avancés d’usure. S’il ne I’est pas, il peut se perforer durant I’usage
du véhicule, ou se bosseler. Ces événements engendrent des risques pour la sécurité de I’'usager du
véhicule. La maintenance préventive intervient dans ce cadre. Elle est un sujet vastement étudié
dans la littérature. Selon Wang (2002), il existerait des milliers de modeles aux fins de son

implémentation et son optimisation. Ils répondent au besoin de réagir a I’occurrence d’une
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défaillance, mais surtout si cela est possible, de prévenir cette défaillance. Ce second aspect est
dans I’optique de I’amélioration de la fiabilité. Poursuivant cet objectif, le concept de maintenance
centrée sur la fiabilité a vu le jour il y a quelques décennies (Nowlan & Heap [1978], Tang et al.
[2017]). Des quantités, qui ont une valeur déterminante pour la planification de la maintenance,
sont alors dérivées de la fiabilité. La plus récurrente dans la littérature est la durée moyenne entre
pannes notée MTBF (Mean Time Between Failures) :

MTBF = [ R(t)dt (2.5)

De maniere pratique, une politique de maintenance optimale doit conduire soit & minimiser le colt
théorique des actions de maintenance, soit & maximiser la disponibilité du systéme (Olsen [2017]).
La disponibilité est une mesure de performance du systéme ; ¢’est la proportion de temps durant

lequel le systéeme reste fonctionnel. Sa valeur asymptotique se définit comme suit :

_ MTBF
~ MTTR+MTBF

(2.6)

ou MTTR (Mean Time To Repair) est le temps moyen jusqu'a réparation. Le MTTR qui est basé
sur les temps de réparation peut se comprendre de maniere équivalente au MTBF basé sur les temps

de bon fonctionnement.

Cela dit, il existe une grande variété de stratégies préventives. Les plus pertinentes sont présentées
par la suite en deux grandes catégories que sont la maintenance planifiée et la maintenance

prédictive.

2.2.1 Stratégies de maintenance planifiée

En situation d’exploitation, la maintenance planifiée se base sur un historique de maintenance ou
sur les recommandations des documents constructeurs. Ces documents fournissent en général une
espérance de vie approximative et des directives quant aux actions a mener régulierement pour
prolonger la vie du produit. Ceci dit, méme en présence de documents constructeurs, 1’exploitation
des actifs physiques présente certains défis spécifiques sous-évalués ou difficiles a prévoir par les
concepteurs. En effet, I’erreur humaine, les aspects logistiques et organisationnels spécifiques a
une compagnie, la variabilité des environnements de travail et des situations géographiques, sont
entre autres des éléments qu’un modeéle theorique ne peut parfaitement prévoir de maniere

déterministe. Ces aspects influencent pourtant directement ou indirectement un systéeme. Cela rend
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indispensable la tenue d’un historique de maintenance. 1l répertorie les temps de défaillances et les
temps alloués aux réparations mais aussi les ressources humaines et financiéres allouées a ces
évenements. Il permet donc de réévaluer la fiabilité du systéme tel qu’il fonctionne réellement dans

son environnement.

Une politique de maintenance planifiée s’optimise dans la plupart des cas en fonction de I’4ge du
systeme étudié. L’objectif est alors de déterminer un &ge optimal du systéme et/ou une fréquence
auxquels les actions préventives doivent étre executées. Kumar & Westberg (1997), Jhang & Sheu
(2000), Jiang & Ji (2002) développent des politiques de remplacement en fonction de 1’age. Yeh et
al. (2007), Ullah & Jiang (2019) traitent des cas de remplacements a périodicité fixe. Pour un
systeme avec de nombreux composants, ces opérations deviennent des remplacements par blocs
tels que décrites par Sheu & Griffith (2002), Ke & Yao (2016). Certains modéles envisagent les
actions de maintenance a des intervalles inégaux; ce sont des politiques dites séquentielles. Les

politiques de Nakagawa (1988) et Lin et al. (2001) en sont des exemples.

Par ailleurs, dans une approche plus directe, il est possible d’optimiser une politique en fonction
du nombre optimal de réparations que 1’on peut s’autoriser. C’est le cas dans les travaux de Bai &
Pham (2005). Ces divers modeles emploient des approches variées tels que les réparations
minimales et la maintenance imparfaite. Ces approches interviennent afin de prendre en compte les
limites opérationnelles d’une compagnie mais aussi pour optimiser le colt et le temps des activités
de maintenance (Pham & Wang [1996]).

2.2.2 Stratéegies de maintenance prédictive

Selon la norme NF EN 13306 X 60-319, la maintenance prédictive ou prévisionnelle est une
maintenance conditionnelle (basée sur la condition). Elle est exécutée suivant les prévisions
extrapolées de parameétres significatifs de la dégradation d’un systeme (AFNOR [2018]). La
maintenance conditionnelle se base sur des moyens de surveillance de I’état d’un systéme (Jardine
et al. [2006], Peng et al. [2010], Shin & Jun [2015]). En effet, son objectif étant de surveiller
I’évolution de 1’état d’un systeme, des moyens sont mis en place afin de répertorier soit de fagon
continue ou de fagon discréte les variables caractérisant cette évolution. Il peut s’agir de
températures, de profondeurs d’usure, de vibrations, de corrosion, etc. Ces facteurs sont
observables et mesurables au moyen de capteurs et détecteurs appropriés et/ou par des inspecteurs

entrainés. C’est d’ailleurs au moyen de ces facteurs que se définissent les modes de défaillances.
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S’ils sont altérés au-dela d’un certain seuil, le fonctionnement du systéme n’est plus optimal.
Reprenant I’exemple d’une automobile, cette derni¢re comprend sur son tableau de bord de
nombreux moyens de surveiller son état dont un indicateur de la température du moteur et des
témoins d'alerte de couleur rouge qui signalent une panne du moteur et/ou un danger. Bien
évidemment, il ne s’agit pas que d’observer les variables et de comprendre le « comportement »
du systéme. Il est important d’en appréhender 1I’impact économique et les risques de sécurité mais
surtout d’intervenir quand les variables d’état signalent une défaillance (Ahmad & Kamaruddin
[2012], Alaswad & Xiang [2017], Ejaz et al. [2019], Liu et al. [2017, 2020]). La maintenance
prévisionnelle intervient a un niveau supérieur. Elle permet d’intervenir avant que la défaillance ne

Soit avérée.

De maniére générale, une stratégie de maintenance prévisionnelle déterminera des seuils pour les
variables d’états a partir desquelles il faudra intervenir avant que la dégradation ne devienne trop
prononcee et que la défaillance ne soit déclarée (Zhou et al. [2007], Van Horenbeek & Pintelon
[2013], Jiang et al. [2015]). Ces interventions peuvent étre humaines ou automatisées, périodiques
ou suivant un modele dynamique dépendamment de 1’abondance et la qualité des données, des
modeles de fiabilité et des moyens technologiques utilisés (Yan et al. [2017], Lughofer & Sayed-
Mouchaweh [2019]). Les réparations minimales et la maintenance imparfaite sont aussi des

politiques de maintenance utilisées pour ce type de stratégie.

2.3 Intérét des déependances structurelles, économiques et stochastiques

Un systéme interagit avec son environnement et comprend des composants qui sont en relation les
uns avec les autres. Si le fonctionnement optimal du systéme dépend de la qualité de ces relations,
I’évaluation de sa fiabilité et la planification de la maintenance dépendent d’autant plus de la
compréhension de ces mémes relations. Cho & Parlar (1991) décrivent ces importants mécanismes
en trois groupes de dependances que nous discutons ci-dessous : dependances structurelles,

économiques et stochastiques.

2.3.1 Dépendances structurelles

Un systeme est congu suivant une certaine architecture. Ses composants sont physiquement liés
(i.e. par un joint, un encastrement, etc.) et partagent des fonctions particulieres dans 1’architecture

du systeme. En effet, les fonctions intrinseques aux composants se combinent pour participer a une
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ou plusieurs fonctions globales relatives au systeme. Ces liens physiques sont largement étudiés
dans le domaine de la fiabilité structurelle (Royset et al. [2001], Thoft-Cristensen & Baker [2012],
Melchers & Beck [2018]). Les relations structurelles suggerent que la défaillance d’un composant
affecte le fonctionnement des composants auxquels il se retrouve physiquement lié. Pour aller plus
loin, en termes de maintenance, des composants dépendants structurellement devront étre arrétés

ou concomitamment démontés si 1’un d’eux est défaillant (Dao & Zuo [2017], Dinh et al. [2019]).

La plupart des modéles de fiabilité prennent en comptent ce type de dépendances qui est
directement observable. Par exemple, I’impact sur la fiabilit¢é d’une configuration en séries par
rapport a une configuration en paralléle est aisément différenciable. Dans une configuration en
série, tout composant est crucial, ce qui n’est pas le cas en redondance (Feizabadi & Jahromi
[2017], Kim & Kim [2017], Wang et al. [2018], Peiravi et al. [2019]). Parmi les concepts mettant
ces dépendances en lumiére, on retrouve les défaillances en cascades. Il s’agit de 1’effet domino.
C’est un principe suivant lequel une défaillance se propage ou des défaillances sont entrainées de
maniére successive les unes par les autres a cause des connexions structurelles internes au systéme.
Rahnamay-Naeini & Hayat (2016), Guo et al. (2017), Cadini, et al. (2017), Bagaee (2018) étudient

les défaillances en cascades dans les infrastructures et les réseaux de production.

2.3.2 Dépendances économiques

Des composants peuvent aussi avoir des liens significatifs d’un point de vue économique. Les
relations structurelles mentionnées plus haut peuvent engendrer une nécessité qu’a I’avénement
d’une défaillance des composants soient conjointement démontés. Leur inspection et leur
maintenance conjointes engendrent des colts conjoints qui peuvent étre exploités et peuvent
représenter un avantage économique (Keizer et al. [2017]). Pour aller plus loin, les composants
dépendants économiquement ne sont pas forcément structurellement liés (Dekker et al. [1997]). Si
les interventions sur des sous-systémes non dépendants structurellement demandent des
compétences, des moyens logistiques ou des outils spécifiques similaires ou identiques, afin de
réduire le codt de ces interventions, il conviendra de prendre en considération simultanément ces
sous-systemes. Zhou et al. (2013), Dao et al. (2014), Atashgar & Abdollahzadeh (2017) proposent
des approches a ce sujet. Cela a un impact sur 1’organisation de la chaine d’approvisionnement de

la compagnie gérant ces actifs physiques.
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Le concept de maintenance opportuniste exploite les dépendances économiques. Thomas et al.
(2008) affirment qu’il n’y a pas de normes ou de standards consensuels quant a sa définition. Par
contre, son principe est généralement compris comme suit. A I’avénement d’une défaillance ou
d’une action de maintenance programmeée sur un composant, pour les composants liés
économiquement a ce dernier, un choix optimal d’actions préventives est effectué afin de diminuer
le colt sur le long terme de la maintenance du systeme. Lin et al. (2008), Okogbaa et al. (2008),
Zequeira et al. (2008), Huynh et al. (2013) proposent des modéles de maintenance préventive

opportuniste.

2.3.3 Dépendances stochastiques

Les relations qui régissent 1’évolution d’un systéme ne sont pas que structurelles ou économiques.
Il existe des liens entre les composants et leurs défaillances que ’on constate sans en avoir
I’explication physique définitive (Lai & Xie [2003], Filus & Filus [2008]). Ce genre de relation est
souvent représenté dans le cadre de la dépendance stochastique. Si les méthodes classiques telles
que les arbres de défaillance et les blocs-diagramme de fiabilité fournissent des approches aux
dépendances structurelles et économiques, elles sont en revanche inefficaces en ce qui concerne
les dépendances stochastiques. Ces dernieres mettent en relation les états des composants. Ces états
interagissent suivant des mécanismes plus ou moins complexes car ils partagent le méme
environnement. Un environnement de fonctionnement commun rend plausible le fait que 1’état
défaillant d’un sous-systéme ou d’un composant en affecte un autre. Caractériser ce type de
phénomeéne peut s’avérer particulierement complexe si I’on n’en maitrise pas tous les tenants et les
aboutissants. En effet, ce qui est directement observable c’est une évolution simultanée des
variables d’état, des indices de fiabilité, ou, un arrét simultané ou différé d’entités supposément
liés. C’est suivant ce raisonnement que Murthy & Nguyen (1985a, 1985b) définissent cette
dépendance en termes d’interaction des défaillances. Vu le caractére observable et mesurable d’une
défaillance et de ces effets, c’est une maniere pragmatique de représenter les dépendances
stochastiques qui s’accorde parfaitement avec 1’étude de la fiabilité. 1ls considérent deux types

d’interactions:

e Lesdéfaillances induites ou type | : un composant cause instantanément la défaillance d’un

autre avec une probabilité fixe;
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e L’interaction des taux de défaillances ou I’interaction par accumulation de chocs, type II :
la défaillance d’un composant augmente le taux de défaillance d’un autre composant. Le
type Il se comprend aussi comme une accumulation de chocs internes qui changent la

vitesse a laquelle les composants tombent en panne.

Ces définitions sont utilisées a ce jour par de nombreux modéles dont certains tres récents. Par
exemple, Sun et al. (2006) mettent ce type d’interaction en évidence entre un arbre et un roulement
mécanique. L usure du roulement accélére le désalignement de 1’arbre. Rezaei (2017) considére
des phénoménes similaires entre les composants d’une turbine & vapeur. Shen et al. (2017) se
servent d’une copule mathématique pour représenter ses liens stochastiques pour une machine-outil

a commande numeérique.

La plupart des modeles proposeés par la littérature sont appliqués dans le domaine de la maintenance
planifiée (Castro [2009], Fan et al. [2011], Golmakani & Moakedi [2012], Sung et al. [2013], Lai
& Yan [2014]). Cela dit, on trouve d’autres modéles développés pour la maintenance
conditionnelle et/ou prédictive qui établissent des relations entre les variables d’états. Plus
précisément, elles théorisent comment un processus de dégradation en affecte un autre jusqu’a la
défaillance. Les vitesses de dégradation et les chocs accumulés s’influencent et provoquent des
augmentations, mutuelles ou non (Rasmekomen & Parlikad [2016], Hao et al. [2017], Yang et al.
[2018]). Cependant, vu que la définition des dépendances stochastiques est tres large, les approches
de modélisation des dépendances stochastiques sont tres diverses et variées. Elles bénéficieraient
d’une classification afin de, premierement définir un cadre d’application de ces approches, ensuite
étudier leurs avantages et limites, et enfin de suggérer les bonnes pratiques aidant a la conception

de modeles pertinents de défaillances interactives.

2.4 Cas d’étude des ponceaux en béton

Dans les réseaux de transports, les ponceaux sont en général des ouvrages aménagés sur un cours
d'eau en vue d'en permettre le franchissement. Ils permettent le passage de I’eau et/ou des animaux
sous une route, des chemins de fer ou d’autres structures similaires (Schall [2012]). Parmi les types
les plus utilisés, on retrouve les ponceaux en béton, les ponceaux en acier et les ponceaux en
Polyéthylene haute densité. Les ponceaux en béton sont des ouvrages rigides dont le cycle de vie
s’étend sur plusieurs décennies. Leur construction demande que soient mobilisées une firme de

conception, une main d’ceuvre qualifiée de réalisation et un organisme de vérification ainsi que des
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ressources materielles dont le béton, armature d’acier, puisards, graviers, etc. Le béton est en
général renforcé en raison des importantes contraintes structurelles qu’il devra subir durant
plusieurs années. En effet, les ponceaux en béton sont sujets a divers facteurs qui favorisent leur
dégradation au fil du temps et peuvent réduire considérablement leur durée de vie (Kim & Yoo
[2005], Chen & Sun [2013]). Si une telle structure vient a s’effondrer, une partie du réseau routier

peut en souffrir.

Selon Shrivastava, G. (2016), ce fut le cas dans les Antilles, a Pont Casse, le 19 Avril 2013. Suite
ades pluies torrentielles, un véhicule transportant deux personnes tomba dans un ravin de 13 metres
qui s’était rapidement formé apres I’effondrement d’un ponceau. Giresini et al. (2016) investiguent
un évenement similaire qui eut lieu en Italie, en Sardaigne du Nord, le 18 Novembre 2013,
occasionnant des pertes en vies humaines. Perrin & Dwivedi (2006) documentent plusieurs cas
d’effondrements de chaussées dans diverses villes des Etats-Unis pour démontrer le besoin d’une
gestion efficace de ces actifs. Le 6 Mai 2017, I’affaissement d’un ponceau au Québec obligea les
autorités compétentes a fermer la route 117 pour plusieurs jours (Rivard-Boudreau [2017]). Un tel
incident représente un danger pour 1’usager de la route mais aussi un probléme économique en
raison des codts des réparations et a cause de la circulation des biens et personnes retardée ou
redirigée. Pour I’exemple de la route 117, une enquéte a montré que le ponceau montrait des signes
de dégradation avancés mais que les mesures préventives ont trop tardées. Afin de mieux
comprendre ce qui sera le cas d’application principal de cette thése, les modes de défaillances et

les méthodes de maintenance des ponceaux en béton sont présentés ci-dessous.

2.4.1 Modes de défaillance

Le béton subit un traitement particulier durant la construction des ponceaux pour garantir qu’il
résiste aux changements de température et aux contraintes structurelles qui lui seront imposés
(Dvorkin & Dvorkin [2006]). Si ce traitement, pour une raison ou une autre n’est pas correctement
effectué, des défauts de matériaux apparaitront dans la structure durant le cycle de vie du ponceau.
Par contre, méme avec un traitement adéquat, le ponceau est sujet a diverses contraintes dont la
qualité et I’épaisseur de la structure routiére qu’il supporte (Kamenchukov & Svetenok [2020]). Le
ponceau peut étre sujet a des fissurations transversales et/ou longitudinales qui sur le long terme
peuvent conduire a des ouvertures. Les fissurations transversales sont les plus dangereuses car elles

favorisent un affaissement. En outre, des infiltrations a travers la paroi ou le long du pourtour du
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ponceau peuvent advenir. Hormis ces problémes, les conditions géotechniques et la circulation
routiere en amont de la structure peuvent causer des mouvements et des déplacements.
L’affouillement qui est un type d’érosion sous la base du ponceau est un autre mode de défaillance
qui met en danger ce type de structure. Le minage, I’érosion de la base du ponceau, 1’apparition
d’une fosse a I’entrée ou a la sortic du ponceau et la sédimentation affectent le rendement
hydraulique de la structure. Tous ces phénomeénes apparaissent avec 1’age de la structure et en
fonction des conditions climatiques et environnementales (Yalin [2018]). De maniére
additionnelle, des débris peuvent s’accumuler (animaux morts, plantes, déchets polluants, etc.) et
obstruer le ponceau. Par ailleurs, des structures connexes peuvent subir des défauts similaires qui
viennent perturber le fonctionnement des ponceaux. Il n’est pas rare que des murs de téte, des
remblais ou des puisards soient construits autour du ponceau pour le protéger ou en optimiser le
rendement. Ces autres structures peuvent aussi avoir des fissurations, des défauts de matériaux,

s’affaisser et obstruer ou causer des bris aux ponceaux.

Tels que définis, il semble plausible que ces modes de défaillance soient corrélés et que de ce fait
les ponceaux en béton soient sujets a des modes de défaillance interactifs. Par exemple, comme les
ponceaux en béton ne se déforment pas, les mouvements et déplacements entraineront certainement
des fissurations du béton. De maniére générale, un probleme structurel débutant par un mouvement,
une fissuration, une infiltration, ou un défaut de matériaux posséde le potentiel d’entrainer une
dégradation suivant I’un de ces modes et sur le long terme tous ces modes en méme temps. Par
exemple, une infiltration déstabiliserait 1’équilibre des forces du remblai, causant du mouvement.
Ce mouvement entrainerait une ouverture des joints d’assemblage, créant ainsi plus d’infiltration.
De plus, les problémes de sédimentation qui seraient une conséquence des infiltrations et seraient
amplifiés par toute accumulation de débris. La dégradation du ponceau fragilise aussi les structures

connexes telles que les remblais.

2.4.2 Opérations de maintenance

La maintenance des ponceaux en béton représente un défi particulier surtout au Québec ou les
conditions climatiques en hiver peuvent étre rudes et nuire a l'intégrité de ces ponceaux. Des
inspections régulieres sont requises pour évaluer et répertorier 1’état des ponceaux (Mitchell et al.
[2005]). Des criteres suivant les modes de défaillances énonceés plus haut sont établis et mesurés a

des intervalles prédéterminés. Masada et al. (2007) proposent une étude de cas sur les mesures
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préventives relatives aux ponceaux en Ohio. Par exemple, on peut choisir d’inspecter chaque 5 ans
un ponceau en trés bon état tandis qu’un ponceau montrant des signes de dégradation avancée sera
inspecté chaque année. En fonction des diagnostics des inspecteurs, une combinaison des criteres,
en genéral dans une formule mathématique optimisée par des experts, détermine 1’état général du
ponceau et désigne la priorité a lui accorder en termes d’opérations de maintenance. Ces opérations
varient du nettoyage pour dégager les débris a la compléte reconstruction du ponceau et peuvent
étre trés couteuses (Meegoda [2013]). Beaver & McGrath (2005) proposent une étude sur des
dizaines de milliers de ponceaux en Utah qui démontrent le poids économique et le défi stratégique

relativement a la planification de leur maintenance.

Ceci dit, dans les travaux susmentionnés, 1’approche classique d’évaluation de 1’état du ponceau
traite indépendamment les modes de défaillance les uns des autres. La potentielle accélération
mutuelle des phénoménes causant les défaillances n’est pas représentée. Comme conséquence, les
actions de maintenance ciblent indépendamment les défauts et sont planifiées sans considérer cette
potentielle accélération. Pourtant, I’interactivité est un phénoméne dont les effets s’observent
indéniablement. Il y a une perte d’information dans I’évaluation de la fiabilité. Cela peut avoir pour
conséquence une certaine proportion de défaillances non anticipées malgré le caractére régulier des
inspections. On peut se retrouver a faire beaucoup plus d’opérations correctives que prévues malgré
les mesures préventives mises en place. Ces dernieres offrent pourtant le potentiel pour
I’application de méthodes de fiabilité variées dans les domaines de la maintenance planifiée et de

la maintenance prédictive.

2.4.3 Données de maintenance

Beaver & McGrath (2005), Masada et al. (2007) donnent un apercu du type de données auxquelles
il faut s’attendre dans 1’étude de la fiabilité des ponceaux. Il s’agit principalement de données
d’inspection suivant plusieurs critéres qui déterminent 1’état de la structure, de son rendement
hydrologique et des structures qui lui sont associées dont la chaussée. Tous les inspecteurs sont en
général formés pour la détection des modes de défaillance, la mesure de leur amplitude et
I’enregistrement adéquat de ces informations. Afin d’uniformiser les résultats des inspections,
plutdt que de répertorier uniquement les valeurs réelles de toute dégradation, ces dernieres sont
associées a un indice de gravité sur une échelle standardisée. Cet indice de gravité permet

d’identifier suivant I’avis d’ingénieurs et autres experts les besoins de maintenance et de les
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planifiés. Les réseaux urbains et interurbains peuvent avoir des milliers de kilometres de routes
sous lesquels se retrouvent des milliers de ponceaux. La tenue de données sur une telle quantité de
systémes peut s’avérer ardue. Il est pourtant nécessaire de s’assurer de la fiabilité de ces données
(Chu et al. [2016]) sinon toute décision ou analyse subséquente pourrait étre faussée. Nous avons
travaillé sur une telle base de données recueillies sur des milliers de ponceaux au cours de plusieurs

années.

Le premier défi évident est la quantité abondante d’informations a trier. En effet, il s’agit de
déterminer ce qui essentiel parmi quelques millions d’informations sur la localisation, les
codifications qui permettent 1’identification, les commentaires qualitatifs, 1’état inspecté des
ponceaux, I’historique des maintenances, etc. A cet effet, les avis des experts sont primordiaux.
Une variable en particulier qui a semblé incontournable était 1’dge du ponceau, c’est-a-dire le
nombre d’années d’utilisation depuis sa construction ou sa derniére compléte rénovation. Le
second défi est de nettoyer cette massive base de données qui comporte inévitablement des erreurs
de mesures, de taxonomie, de logiciel, etc. Un troisiéme défi est de traiter les données manquantes.
Méme s’il existe une panoplie de méthodes pour compléter des données manquantes, plutot que de
juste les appliquer aveuglement, il faut se demander si cette information n’est pas récupérable de
maniére alternative, par exemple au travers des commentaires qualitatifs des inspecteurs ou des
avis des experts. Un dernier défi est de transformer I’information utile sous une forme exploitable.
Par exemple, si I’dge est une donnée essentielle, il n’est peut-étre pas répertorie en tant que tel dans
la base de données et doit étre retracer en fonction des informations sur la date de construction et
I’historique de maintenance. Aussi, I’historique de maintenance peut se retrouver en grande partie

détaillé qualitativement dans les commentaires des inspecteurs.

Afin de faire face a ces défis, nous avons développé des macros Excel de prétraitement des données
enregistrées sur les ponceaux. Elles sélectionnent parmi plusieurs centaines de variables, celles qui
sont essentielles telles que suggérées par les experts. Elles permettent aussi d’indexer des
informations parmi des centaines de milliers de commentaires clés faisant référence aux opérations
de maintenance afin de retracer I’historique de maintenance. Elles excluent certaines erreurs de
taxonomie et de mesure suivant des régles booléennes inspirées des avis des experts. Ces macros
s’exécutent au bout de plusieurs heures. A la fin de ce prétraitement, les données sont validées par
les experts et classées en fonction de divers critéres tels que les dimensions structurelles, le

matériau et la tendance de dégradation ou les activités de maintenance afin de faciliter les analyses
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subséquentes. A partir de ces données nettoyées et approuvées des experts, nous avons testés les
modeles proposés dans cette these. Roman, S. (2002) présente les meilleures pratiques dans la
construction de macros Excel et Osborne (2013) fournit plus d’informations sur 1’exploration et le

nettoyage des donnees.

2.5 Conclusion

Les méthodes classiques présentées dans cette revue de littérature permettent de représenter les
dépendances structurelles d’un systéme et d’en appréhender les dépendances économiques afin de
choisir une stratégie de maintenance, qu’elle soit planifiée ou prédictive. Cependant, les
dépendances stochastiques représentent un défi que les modéles classiques ne peuvent expliquer.
Les avis des experts concernant les différentes relations entre les modes de défaillance des
ponceaux en sont des exemples. Si I’expérience et I’intuition de ces spécialistes permettent de
remarquer ces phénomeénes, il demeure beaucoup plus difficile de proposer des modeles
caractérisant ces dépendances. Le point de vue fiabiliste autour de I’interaction des défaillances est
particulierement intéressant car il offre des phénomeénes physiques (défaillances avérées) a étudier.
Ceci dit, la floraison de nouveaux modeéles prenant en compte ces dépendances stochastiques
souléve des questions quant aux concepts, méthodes et applications qu’ils offrent. Dans quel cadre
peuvent-ils étre implémentés? Quels en sont les avantages et les limites? Au-dela de juste chercher
a les implémenter, comment peut-on les classifier et quelles lecons en tirer afin de concevoir des

modeles de fiabilité et de maintenance intégrant efficacement 1’interaction des défaillances?
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Abstract—Classical reliability models consider the failure modes of a multicomponent system as
independent phenomena, even if these modes concern only one component or neighbouring
components. In fact, when a failure mode occurs on a given system, causes may be related to
external events or to the physical degradation of any component in the system. In both cases, failure
modes can partially or totally share some root causes, which may compromise the principle of
independence of failure modes. This paper reviews the failure interaction models that characterise
the effect of any failure mode of a component on the failure modes of its neighbors and on the
entire system. Three relevant groups of interaction models are reviewed: reliability indexes’
interaction, state-based interaction and copula-based interaction. All these models share the
hypothesis of stochastic dependence between failure modes, also referred to as failure interaction.
They differ in their fundamental modeling concepts. Advantages and limits of each of them are
emphasized in a comparative study dealing with dependency concepts, modeling methods and

application domains.

Index Terms—~Failure interaction, stochastic dependence, reliability analysis, multicomponent

system.

3.1 Introduction

Risk management of industrial systems involves both an intelligent optimization of maintenance
resources and an ability to anticipate the potential failures of its components (Blanchard & al.
[1990]). Failure analysis based on reliability engineering methods is the core of this particular
subject matter. Common methods used in this area, such as Failure Mode and Effects Analysis
(FMEA), reliability block diagrams and Stress-Strength analysis, assume that the failure modes
occur independently even if they concern only one component or neighbour components (Johnson
[1988], Cepin [2011], Liu & al. [2013]). When multiple failure modes may be observed on a given
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system within a relative short operation time, they remain stochastically independent. Although
this fundamental assumption allows some level of simplicity when addressing the failure analysis
and risk assessment, it may be quite restrictive and irrelevant due to the mutual influence or
interaction of multiple failure modes within the system. This is especially true considering that
most current systems (Reverse osmosis membranes, semi-conductors, etc.) have become more and
more complex. Their functional decomposition shows multiple components that interact.
Understanding the interactivity of failures within a multicomponent system has become a critical

and complex challenge for reliability analysis.

This paper reviews failure interaction modeling in the context of multiple failure modes and
provides a framework allowing to identify and select the proper models pertaining to relevant
technical matters and applications. The reviewed models share the principle of stochastic
dependence between failure modes also called failure interaction. While stochastic models are
diverse and numerous, we chose to limit our review to failure interaction models. They seek to
characterise the effect of any failure mode of a component on the failure modes of its neighbors
and the entire system. This is critical in the understanding and prediction of how and why a system
fails. Practical implications like maintenance methods and strategies can then be addressed through
these models. They are classified into three approaches: reliability indexes’ interaction, state-based
interaction and copula-based interaction. Based on their fundamental modeling hypothesis,
advantages and limits of each approach are emphasized in a comparative study dealing with

dependency concepts, modeling methods and application domains.

The remainder of the paper is organized as follows. Section 3.2 presents the concepts of failure
interaction as covered in the literature on failure analysis. Interactive failure models are discussed
according to each proposed approach. Modeling equations are described in detail to show the main
differences between the models reviewed. Section 3.3 presents a comparative study of the reviewed
interactive failure models based on their concepts, methods and applications related to the subject

matter. Section 3.4 contains some concluding remarks.

3.2 Concepts of interactive failures

Cho & Parlar (1991) present the interdependences of a system’s components in three categories:
economic, structural and stochastic. Economic dependence exists whenever the combination of

diverse maintenance actions, if performed simultaneously, can have a significant impact on the
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overall cost of the system’s maintenance. Structural dependence relates to the architecture of the
system. Some components may indissociably share a specific function. In this case, the
maintenance of a component requires that the other components be stopped or dismounted. For
example, the principle of cascading failures considers a system within which components fail
successively in a specific pattern, subject to the architecture. Concepts of interactive failures or
failure interaction presented in this review are beyond economic and structural considerations.
They are defined as stochastic dependences. Stochastic dependence appears when the failure or the
degradation of a component influences the state of another component. This category of failure
dependence establishes a relation between the states of a system’s components, regardless of its
architecture. The inherent principle suggests that the propagation of a component’s failure alters
the reliability of other components, and consequently, of the overall system. In this case,
relationships are determined between the components’ ages, failure rates and failure times. This
stochastic dependence implies that the states of components interact, in which case, the terms

interactive failures and failure interaction become relevant.
Murthy & Nguyen (1985a, 1985b) present two types of failure interaction:

e Type I, induced failures: a component’s failure causes the instantaneous failure of another

component with a probability p or has no effect with a probability 1 — p;

e Type I, failure rate or shock damage interaction: a component’s failure changes the failure
rate of another component; in other words, a component’s failure acts as a shock on another
component and the accumulation of shocks accelerates the failure rate of this other

component.

The aforementioned types of failure interactions are largely reused, updated and extended in most
models presented by this review. For example, Nakagawa and Murthy (1993) consider shock
damage interactions to find the optimal replacement number to minimize the expected cost of
maintenance. Failure interaction can be defined as a gradual, immediate, unidirectional or
bidirectional phenomenon. The most relevant works pertaining to the subject of interactive failures

or failure interaction can be classified into 3 groups of models:

e Reliability indexes’ interaction: Failure rates of diverse components and/or failure modes
are linked by an analytical function, which in general has an incremental effect on the

system’s overall failure rate. Structural and economic dependencies within the system
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influence greatly the choice of the function. As a consequence, these models address in
general simple architectures (series, parallel, etc.). Such models are built from failure times

in maintenance logs and don’t explicit physical degradation processes;

e State-based interaction: A relationship is established between the diverse degradation
processes within the system. The monitoring process of state variables (Temperatures,
wear, etc.) is rather important in this case since the interaction will be defined considering

the variations in the degradation rates of a system’s components;

e Copula-based interaction: These models are created regardless of any assumptions one
might have on the evolution of the degradation processes and/or the failure times. A
function (copula) that links components’ reliabilities is selected based solely on the
likelihood of the data.

Table 3.1 summarizes the general criteria that led to the classification of the failure interaction

models.
Table 3.1 Classification criteria of the failure interaction models
Reliability indexes’ State-based Copula-based
Models ) . : ) ) .
interaction interaction interaction
) ) Failure times and Failure times and
Input data Failure times ) .
state variables state variables
Starting hvpothesis Incidental variations | Incidental variations
ng nypo in the probability of | in the degradation None
of interaction ;
failure process

Scheduled and
Conditional
Maintenance

Scheduled Conditional

Application field Maintenance Maintenance

Indexes such as

survival probability, Modeling of Application of
Focus of the models failure rate or degradation mathematical
distribution processes functions
parameters

3.2.1 Reliability indexes’ interaction

Reliability indexes’ interaction models are the most common in the literature. They establish an

analytical relationship of dependence between the reliability indexes or parameters of a system’s
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components. Practically, they establish a mathematical dependence between failure rates or failure
times regardless of any physical degradation parameter. They rely solely on the accuracy of the
maintenance logs. They combine the concepts proposed by Murthy & Nguyen (1985a, 1985b) for

systems with two components or more.

3.2.1.1 Failure interaction of two components

Satow & Osaki (2003) base their study on the hypothesis defined by Murthy & Nguyen (1985a,
1985b) and extended by Nakagawa & Murthy (1993). In their works, component 1 causes the
instant failure of component 2 (type | interaction) or causes the failure of component 2 due to the
accumulation of multiple shocks (type Il interaction). The idea is that within physical systems
components’ failures can be precipitated by the failure of neighbour components through random
phenomena like vibrations, frictions, etc. The failures of component 1 are assumed to follow a non-
homogeneous Poisson process of intensity h(t). The system has to be replaced at the N-th failure
of component 1 and whenever component 2 fails. In the case of induced failures (type I interaction),
p; denotes the probability that component 2 fails instantaneously at the j-th failure of component

1. The expected time to replacement ETR is:

ETR = T oo(1 = p}{Jy 52 e # @ dt},py = O,N > 0 (3.1)

0

where H(t) = | Ot h(uw) du. In the case of shock damage interaction (type Il interaction), component

1 causes damage with a distribution G (x) to component 2 that fails when the total damages reach

a threshold level Z.
ETR = Y16/ (2) fom“’g,—f”’e-H@ dt,N > 1 (3.2)

where G ® (x) is the k-fold convolution function of H(t) with itself, G (x) = 0and k = 1,2, ...
For shock interaction, the case N = 1 is not considered since it is equivalent to induced failure.
These models are used to determine a replacement policy that minimizes the cost in regard to the
system age (t) and a threshold (Z) of shocks accumulated by component 2. The main difficulty of
that method is the definition of the threshold and the damage distribution. Since the primarily
available data are failure times from maintenance logs, one might need to rely on experimental data

or a physical model in addition.
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Wang & Zhang (2009) associate a maintenance technician to a system with 2 dissimilar
components. Considering the case of a type Il interaction, a component 1 causes random shocks
on a component 2. These internal shocks are accumulated until the system fails. The failure of
component 2 causes the instant failure of component 1. Component 1 is replaced upon failure and
component 2 can be repaired. Like the previous model, a component is assumed to be critical to
the system’s primary function. Moreover, it requires extensive repairs upon its failure while some
other part can be easily replaced but, still, can unbalance the stability of the system as a whole
through chain reactions or random phenomenon in the shared environment. Diverse quantities are
then studied for a renewal process: X; the time between failures of the i-th component 1, ¥; the
damage caused to component 2 by shocks due to the failure of the i-th component 1, Z,, the repair
time of component 2 in the n-th cycle of a replacement policy. A geometric model is chosen to
characterize the threshold of shocks accumulated by component 2. Another geometric model
represents the evolution of the repair time A, in the n-th cycle of a replacement policy. The
distribution functions of X;, Y; and Z,, are denoted respectively by F(t), H(t) et G, (t) so that:

G,(t) = G(b™ 't)

3.3
Ap=al,_ = a™ 1A (33)

whereaand b (0<b <1, 0 <a < 1) are the geometric ratios. Wang & Zhang (2009) define
T; and v; as respectively the time between failures and the number of component 1 failures in the
i-th operation cycle. Z (i) denotes the total amplitude of accumulated shocks due to component 2

failures. Equation (3.4) illustrates the model.

P(vi=k)=P(Zi+ Zy+ -+ Zy_1 <A< Zy + Zy + -+ Z_1 + Zy),

P(v; = k) = H&D(ai=14) — H®(ai~1p) (34)

where H®)(A) is the k-fold convolution function of H(t) and k = 1,2, ... In reality, the length of
repair time cannot be described as strictly geometric. There is in fact high randomness due to the
human factor in the repair process. But, the model (3.4) succeeds in determining a relation between

the age of a system and the repair time while including shock damage interaction.

Lai & Yan (2014) base their work on type Il interactions that are also extensively studied in related
early articles by Lai & Chen (2006, 2008) and Lai (2009). The model (3.5) considers a repairable
component 2 and a non-repairable component 1. The main point of this model is to introduce a

certain proportionality in failure rate interaction that is intuitively assumed. The potential for chain
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reactions and the shared environment contribute to an acceleration of the failure rate. The failure
rate of component 2 follows a non-homogeneous Poisson process of intensity h,(t). Every failure
of component 2 increases the failure rate of component 1. Inversely, if component 1 fails,
component 2 instantly fails. This hypothesis can be restrictive since no retroactive effect is

accounted for. The failure rate of component 1 is:
hy (t) = X0 ha (EIN2(2) = j) X P(N(8) = j) (3.5)

where N,(t) is the number of failures of component 2. Lai & Yan (2014) apply the concept of
minimal repairs to component 2. They take into account the economic dependences within a system
and determine a replacement policy with an optimal number of minimal repairs for a maintenance

cycle of optimal duration T.

Golmakani & Moakedi (2012) use the same model (3.5) but consider 2 types of failures. A
component 1 is subject to soft failures following a non-homogeneous Poisson process. A
component 2 is subject to hard failures following a homogeneous Poisson process. Hard failures
have an instant detectable effect and require immediate intervention when they occur. Soft failures
can only be detected by a scheduled inspection because they don't stop the system but decrease its
performance. Generally, hard failures pertain to the inability to perform a primary function while
soft failures are related to secondary functions. A component’s hard failure can be the root cause
of another component’s soft failure if this component serves a secondary function (e.g. protective
apparel) for a more critical component. The model (3.6) is based on the assumption that a hard
failure by component 2 increases the failure rate of component 1. The latter has inversely no effect
on component 2 if it stops working. A coefficient p represents the percentage of increase of the
failure rate of component 1 due to hard failures.

hi(®) = T (14 2) K@) x POG(O) = ) (36)

100

where h?(¢) is the initial failure rate of component 1. The estimation of the coefficient p would
rely on experimental data or the availability of a physical model. Yet, considering a constant
incremental effect (p), suggests that the interaction have little to no variability. Though, defining
the failures in consideration of the time of detection and inspection allows the authors to
characterize the effects of interaction in a maintenance strategy based on the optimal number of

inspections in a cycle.
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Sung et al. (2013) combine the concepts of failure rate interaction (type I1) and external shocks.
The effect of external shocks is particularly important for mechanical systems that often have a
protective external component subject to the state of the surrounding environment. Whether a
system is well-designed or not, it is merely impossible to perfectly prevent an interaction with
external factors. This interaction has an internal consequence as well. The external shocks occur
following a non-homogeneous Poisson process of intensity r(t) which suggests randomness. They
cause minor failures with a probability p and catastrophic with a probability 1 — p, exclusively to
a component 2. The failures of component 2 act as internal shocks as well and increase the failure
rate of component 1. The entire system fails if component 1 fails. The number of component 2
failures N,(t) follows a non-homogeneous Poisson process of intensity &(t) = h,(t) + pr(t)
where h,(t) is the failure rate independently of the external shocks. Thus the failure rate of the
system depends on the failure rate of the dominant component 1 and the number of external shocks

endured by the other component. Equation (3.7) gives the failure rate of the dominant component:
hy () = X0 ha (EIN2(2) = j) X P(N2(8) = j) 3.7)

The survival function of the system is given by:

R(t) = exp{— [ [hy(x) + (1 - p)r(x)]dx} (38)

This method allows the inclusion in an analytical model of the effect of the environment on the
system but the starting hypothesis remains restrictive since only systems with a single dominant
component are addressed by this model. A long-term replacement policy is derived by the authors
in function of an optimal number of minimal repairs, which minimizes the overall cost of

maintenance.

3.2.1.2 Failure interaction in a multicomponent system

The models are relatively abundant in the case of systems with two components. They become less
representative for multicomponent systems. In fact, models for multicomponent systems are less
abundant in the literature since the understanding of the interaction becomes more difficult when
the studied system is more complex. Jhang & Sheu (2000) compare maintenance strategies for a
system with N components. Each component i can be subject to a minor failure with a probability
1 — p; or cause a major failure to all other components stopping the system with a probability p;

(type I interaction). This is similar to the reasoning behind hard/soft failures but, here, a retroactive
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effect considering the set of components affected is accounted for. Minimal repairs are used in the
case of minor failures. All failures of component i are assumed to follow a non-homogeneous
process of intensity h;(t). The failure times are simulated by random draws by the authors.
Y = min{YLi, 1<i< N} is defined as the time until the first system replacement; where Y; ; is the

time until a failure from component i stops the system. The reliability function of Y, ; is:

Rp,i(t) = exp{— [ [p;(0)h; ()] dx} (3.9)

The survival function of Y is:

R(t) = exp{~ T, f, [P (R, ()] dx] (3.10)

The interactive model (3.10) is considered with both - but separately - age and block replacement
policies that are common maintenance strategies. This shows the flexibility of the approach. Yet,
building this model from failure times in maintenance logs would require substantive data on all
components; while in reality, only critical components are properly observed for a limited period.
The main results show that accounting for the interactivity of failures in the developed models

helps to better anticipate the maintenance costs.

Lai (2007) broadens the scope of earlier work on type Il interactions in systems with two
components and studies type Il interactions for multicomponent systems. He considers a system
consisting of N components. One of them is assumed to be dominant and non-repairable, while the
others are secondary components and can be repaired. They are mutually independent and follow
non-homogeneous Poisson processes. The hypothesis of dominance is plausible if the primary
function in a system is guaranteed by a single component. Though, as aforementioned, industrial
systems tend to be more and more complex and multiple components can share a critical function
or have more than one critical function. The failure of a secondary component increases the failure
rate of the primary component. Lai (2007) proposes a replacement policy following the system’s
age, considering that secondary failures are corrected by minimal repairs. Li et al. (2013) use the
same model with n 4+ 1 components. One of them is dominant and non-repairable and the others
are secondary and repairable. The secondary components are mutually independent and follow
exponential laws of parameters h,(t) < h,_1(t) <+ < h,(t) < hy(t). A voting system
of m components out of the secondary n causes the failure of the system. Such an approach adds

more randomness to the model since unlike the model of Lai (2007) the set of components
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interacting and failing can vary. The failures of secondary components increase the failure rate of

the primary component denoted by hy (t):
hN(t) = h(tlkl, kz, ---’ki’---'kn) (311)

where k; is the number of failures N;(t) of component i. S;; (k = 0,1,2,...) is defined as the

random failure time of component i. The probability that k or more secondary components fail is:

Ry e Ri

®
P(Si < t) = Eiz, MO —— = 32, Py (6) (3.12)

where R;(t) = fot h;(x)dx is the survival function of a single component. hy (t) depends on the

conditional probability Ay, (t) = P(t| Ny(t) = ky, ..., Ny(t) = ky) and:

hy(t) = 2k, Xy - Zkey Pvie; (E) Prage,, (8) e Py, (£) (3.13)

Estimating the probability of failure of the dominant component is complex and the authors propose
the use of Markov processes. A transition matrix helps to determine the performance and reliability
parameters of the system. However, the use of Markov processes adds a certain complexity to the
model because the number of states of the dominant component will be directly correlated to the

number of secondary components.

As above-mentioned, there are cases that respect the ideas of the dominance of a single component
and the unilaterality of interactions. Yet, these hypotheses are restrictive for systems with a more

complex structure.

Zhang et al. (2014, 2015) also use Markov processes to characterize the states of a system with n
components. They integrate the concept of interactivity in a more general manner. There is no
predetermined dominant component since in most systems the primary function is performed by a
set of components with the same level of criticality. This shared level of criticality influences the
maintenance actions. This is why the authors include opportunistic maintenance concepts to their
study. This adds to the model dynamics between failure effects and maintenance actions. A
component is assumed to have a finite set of states: ¥ = {0, ..., m} where state 0 is the initial state,
and states 1, ..., m — 1 reflect the deteriorating conditions. The component is subject to corrective
maintenance when it reaches m. Markov chains are used to model the state transition of a
component with a transition rate h. The deterioration process of a component speeds up when other

components fail. Maintenance opportunity from other components is assumed to follow a Poisson
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process of intensity 4 = hy + u,, where hy is the failure rate of other components and p,, is the rate

of preventive maintenance on other components. A variable a identifies the maintenance actions

e a = 0:no maintenance
e a = 1:conducting maintenance.

S={(i,w)|0<i<m;0<w < 2} is defined as a space where i is the state of a component and

w is the occurrence of maintenance opportunity given by:
e ® = 0:no maintenance opportunity;
e = 1: maintenance opportunity due to failures of other components;
e ® = 2: maintenance opportunity due to other components’ preventive maintenance.

The transition probability from state s € S to another s’ € S is defined by P, (a) in the
following manner:

h(u+h)'p; if a=0 0 ,
h(u+h)py; if a=1" "~ bl =
he(u+h)™tqy; if a=0 0<ii
he(u+h)qo; if a=1" "~ ) = (3.14)
py(u+h)~tif a=0, 0<i=j<m
Piw(2(@ = pu,(u+m)tif a=1, 0<i<m,j=0

0 else

A

Piwygo(a@) = {

Piwgn(@) = {

where p;; is a transition probability that a component deteriorates from state i to state j and g;; is
defined as another transition probability induced by other components’ failures. The authors
propose the method of Hidden Markov Chains to determine the transition matrix according to
observed data. This suggests a certain abundance of reliable observational data on each

component’s failure. By applying the concept of opportunistic maintenance to their model, they

take into account the economic dependences.

Liu et al. (2015) represent the interactivity by a probability matrix P = (p;;) considering type |
interactions as defined by Murthy & Nguyen (1985a). Thus, a component i causes an instant
failure to a component j with a probability p;; and has no effect with a probability 1 — p;;.

Failure interaction undoubtedly decreases the reliability of a system. By accounting for the
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interactivity, Liu et al. (2015) identify some issues in the early stages of a system’s design that
could affect the constructor’s warranty. This shows that the concept of failure interaction has on
the long run, in addition to the physical implications of a failure, an extensive and accelerating
effect on the decrease of a system’s economic value. They define w as a system’s period of
warranty, p;(w) the probability of failure for a component i during w, a;(w) the probability that a
component i failure will cause the system failure, and Fg(w) the distribution function of the system:
Fs(w) =1—Rs(w)
a;(w) = pi(w)/Fs(w) (3.15)
pi(w) =Pr[T; <Y, T; < w]

where Y; = min(Tj, Vien, j+ i), 2 ={1,2,...,n}. The number of failures N;; of a component

j caused by a component i :

E[N,] = 22 (3.16)

Rs(w)

The authors apply their model to series and parallel architectures to adjust the warranty cost
considering the number of failures due to type I interactions. This approach could be improved by
including type Il interactions. Zhang et al. (2018) tackle the issue of product warranty as well by
considering type Il interactions that we classified in this paper as type Il interactions. They base
their model on Satow & Osaki (2003) with two components in series. Moreover, the methods
aforementioned, perform limitedly when it comes to complex architectures. Their core concepts

revolve around key assumptions on some dependencies.

3.2.1.3 Interaction of failure modes from a system point-of-view

A system can be subject to diverse failure modes. These modes can influence each other, mutually
or not. The models considered thus far are based on assumptions of failure interaction between the
components of a system. They do not explicitly identify the dependences between diverse failure
modes of the system as a whole. They could be applied in such cases by considering the modes as
components in series, but the interactivity of failure modes can have a more complex form. Some

recent papers intend to model this dependence.

Zequeira & Bérenguer (2006) distinguish two types of failure modes: maintainable and non-
maintainable. The modes are distinguished considering the reparability in the occurrence of a

failure. Preventive maintenance corrects the deterioration due to maintainable modes. Non-
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maintainable modes can only be corrected by a complete overhaul of the system. Moreover,
minimal repairs are considered in the case of failures. The model is applied to components in series.
It puts the stochastic dependence on display by considering that the failure rate of maintainable
modes h,,(t) depends on the failure rate of non-maintainable modes h,,,,(t). There is a certain
similarity to the hard/soft failures reasoning but, here, only maintainability distinguishes the two
types of failures. A term p(t) is defined as the probability that a non-maintainable mode will
automatically cause a maintainable mode. This probability is estimated by considering the physical
and structural characteristics of the system. In other words, there needs to be a supportive physical
model or conclusive experimental model to determine how the modes are linked. Preventive
maintenance is performed at periods kT where k =0,1,2,... and T > 0. During a period
[kT,(k + 1)T[ the maintainable failure rate is h,,[t — (k — 1)t] + p(t)h,, (t). Then, the
system’s failure rate during period [kT, (k + 1)T] is given by (3.17):

hk,T (t) = hnm(t) + hm [t - (k - 1)t] + p(t)hnm(t) (317)

The authors use a mechanical coupling as an illustrative example, which shows applicability of the
model on real-life systems. However, not all maintainable failure modes have the same impact or
repair-time. Considering them as a single category alters the comprehension of a system’s
deterioration process. They also propose an imperfect preventive maintenance policy to estimate
an optimal complete revision period T and an optimal number of preventive replacements N that

minimize the overall cost.

Castro (2009) proposes an improvement on the model by Zequeira & Bérenguer (2006). He
suggests that the occurrence of maintainable failures is correlated with the number of non-
maintainable failures denoted by N, (t) aggregated following the installation of a system. This
choice is motivated by the fact that the number of non-maintainable failures in a specific period is
easier to comprehend than a failure rate to estimate. The failure rate of maintainable modes h ; (t)
during period [kT, (k + 1)T[ is then defined as a doubly stochastic Poisson process or a Cox
process. An adjustment factor a > 1 quantifies the effect of cumulative degradation due to non-

maintainable failures in such a model:

hik() = hyo(t — kT)a>*D, kT <t < (k+ 1)T, a>1 (3.18)
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where hy,(t) is the failure rate of maintainable modes before the first operation of preventive
maintenance. The number of failures considering the distinctive modes is integrated with a periodic
preventive maintenance strategy. With minimal repairs used as troubleshooting actions, the
strategy estimates the optimal number of minimal repairs N before a complete revision at period T
that minimizes the overall cost. Both (3.17) and (3.18) models share the same principle of a
unidirectional interactivity. It is not taken into account that two maintainable modes could be

significantly distinctive and interact in a bidirectional manner.

Fan et al. (2011) have, interestingly, proposed a model with two failure modes that have
bidirectional stochastic dependence. Their model is based on the works of Murthy & Nguyen
(1985a, 1985b), Zequeira & Bérenguer (2006) and Castro (2009). This is important since the
assumption of failure interaction regardless of architecture suggests the possibility of a retroactive
effect. Most of the previous models consider this effect as immediate, instant or total (on the whole
system) while it could be gradual. The failure rates are defined as doubly stochastic Poisson
processes or Cox processes. The authors consider that the failure rate of mode i depends on the
number of the failures in the other mode 7 and vice-versa. A performance variable is associated
with each failure mode. In this model, t is defined in function of the number of passed preventive
maintenance cycles. In fact t =t + t; where t; is the time from the system’s installation to the
k-th maintenance operation and ¢, is the operating time since the last preventive action. hg ;(t) is
the failure rate before the first preventive maintenance. At the [-th preventive maintenance cycle,

the failure rate for the mode i is:

NZ
hoi (v +7)a; ™ si 1<k

hoi(vi(®) + D), si 1>k

hi(t, + 1) = (3.19)

where a;viz" and a?’iz"(t) are adjustment factors representing the effect of mode 7. N7 is the number
of failures by mode 7 before t;. N7 (t) is the number of failures by mode T estimated at ¢. y;, is
the effective age of the mode i right after the I-th preventive maintenance. y;';(t) is the predicted
effective age of the mode i right after the (I — k)-th preventive maintenance at ¢. This approach is
suitable for repairable systems. As an application, Fan et al. (2011) develop a Cooperative

Predictive Maintenance Model that relies on minimal repairs and imperfect maintenance with
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restricted resources. A subsequent cooperative maintenance strategy for both modes is proposed

and takes into account the system’s effective age and the bidirectional interactions.

3.2.1.4 General interactive failure models

All the above-mentioned models share some restrictiveness due to the numerous hypotheses
formulated on the structure of the system. They define a dominant component or consider a specific
architecture for the overall system. Therefore, they cannot be generalized for all cases.

Sun et al. (2006, 2010) identify the interactions with an immediate effect and the interactions with
a gradual effect. They assume the hypothesis of a gradual effect accurately represents physical
systems. In a system with N components, they distinguish an independent failure rate denoted by
h;; (t) inherent to each component i (i = 1,2,...,N) and a dependent or interactive failure rate
denoted by h;(t). The interactive failure rate of one component integrates the influence of other

components:
hi(®) = @i (), B, (O)p,t], i=12,..,N (3.20)

ﬁji(t)B is the vector of failure rates before any interaction influencing componenti. Sun et al.
(2006) use the Taylor expansion to establish a parametric expression of the dependent failure rate
of one component in function of the independent failure rates of all components. The obtained
analytical expression provides this idea of an update in a failure rate from independent to dependent

by a linear combination with coefficients denoted by 6;;;:
hl(t) = hli(t) + Z]l Hl]l(t)h]l(t)B ) i = 1,2, e N (321)

The authors call the 6;;, interactive coefficients since they represent the weighted effect of a failure
rate from a component or a failure mode on another. 6;;, is a parameter comprised between 0 (no
interaction) and 1 (perfect interaction and immediate/simultaneous failure). A matrix of the
coefficients can consequently be built. Such an approach characterizes the interactivity
independently from any assumption on the architecture of the system. Yet, building the matrix is
not straightforward and relies on substantive experimentation and the opinions of experts. The
estimation of the interactive coefficients requires a partition of the failure times in order to fit

independent failure rates for each component or failure mode. This requires abundant observational
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data for each scenario of the N; possibilities of interaction. Zhao et al (2013) reprise the model by

Sun & al. (2006).

Table 3.2 Parameters of Reliability Indexes’ Interaction models

_ _ Ilustrative
Models Assumptions Crucial parameters Output
examples
2 components: One is p;: the probability that the ETR: the Numerical
critical, repairable and critical component fails expected examples
dependent; the other is instantaneously at the j-th time to
Satow & secondary and non- failure of the secondary replacement
Osaki repairable component of the overall
Unidirectional G (x): the distribution of the system
(2003) interaction damage caused by the
Random shocks secondary component to the
critical component
Z: failure threshold level
2 components: One is X;: the time between P(v; = k): Numerical
critical, repairable and failures of the i-th secondary the examples
dependent; the other is component probability to
Wang & secondary and non- Y;: the damage caused to the have k
repairable critical component by shocks failures in
Zhang Unidirectional due to the failure of the i-th the i-th
(2009) interaction secondary component operation
Random shocks Zy,: the repair time of the cycle
Geometric functions for critical component in the n-
repair times th cycle of a replacement
policy.

) 2 components: One is N, (t): the number of failures hq(t): the Numerical
Lai & Yan critical, repairable and of the secondary non- failure rate of examples
(2014), Lai dependent; the other is repairable component the critical Electrical

secondary and non- component network system
& Chen repairable
(2006, Unidirectional
interaction
2008) Proportionality in failure
rate interaction
2 components: One is N, (t): the number of failures hq(t): the Numerical
critical, repairable and of the secondary non- failure rate of examples
dependent; the other is repairable component the critical Electrical
Golmakani secondary and non- R)(t): the initial failure rate component distribution
) repairable of the critical component system (a
& Moakedi soft failures and hard p: the percentage of increase coupled
(2012) failures of the failure rate of the capacitor bank
Unidirectional critical component due to and a high
interaction hard failures of the power
Proportionality in failure secondary component transformer)

rate interaction
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Illustrative

Models Assumptions Crucial parameters Output
examples
2 components: One is N,(t): the number of failures R(t): the Numerical
critical, repairable and of the secondary non- survival examples
dependent; the other is repairable component function of
Sung et al secqndary and non- r(t): the rate of external the system
: repairable shocks
(2013) Unidirectional p: probability of minor
interaction failures of the critical
Minor and catastrophic component caused by the
failures secondary component
External shocks
Multi-component p;: probability of minor R(t): the Numerical
Jhang & All components failures of a component i survi\_/al examples
influence each other caused by the other function of
Sheu (2000) Minor and catastrophic components the system
failures h;(t): the failure rate of each
component i
Multi-component: one of h;(t): the failure rate of each hy(t): the Numerical
them is dominant and secondary component i failure rate of examples
non-repairable, the k;: the number of failures of the dominant
others are secondary and component i component
Lai (2007) mu_tu_ally _independent Sy (k=10,1,2,...): the
Unidirectional random failure time of
Interaction component i
Markov processes P (S, < t): the probability
that k or more secondary
components fail
Multi-component Up is the rate of preventive Pyt the Numerical
All components maintenance systems’s examples
influence each other w: the occurrence of transition
Zhang et al. Opportunistic maintenance _o_pportunity_ _ probability
maintenance pi;: the transition probability from, state s
(2014, Markov processes of a component from state i tos
2015) to j
q;;- the transition probability
of a component from state i
to j induced by other
components’ failures
Multi-component p;j: the probability that a N;j: the Numerical
All components component i causes an number of examples
Liu et al influence each other instant failure to a failures of a
' Period of warranty component j component j
(2015) a; the probability that a caused by i
component i causes the during w

system failure
w: the period of warranty
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Table 3.2 (continued) Parameters of reliability indexes’ interaction models

Illustrative

Models Assumptions Crucial parameters Output
examples
Any architecture p(t): the probability that a hyr(t): the e Numerical
Unidirectional interaction non-maintainable failure system’s failure examples
. Non-maintainable failure mode will cause a rate during
Zequeira & modes influence maintainable failure mode period
Bérenguer maintainable failure hp, (t): the failure rate of [kT, (k + 1)T[
modes maintainable modes
(2006) Ry (£): the failure rate of
non-maintainable modes
kT: period of preventive
maintenance (k = 0,1,2, ...)
Any architecture N, (t): number of non- hyx (t): the e Numerical
Unidirectional interaction maintainable failures failure rate of examples
Non-maintainable failure hy,0(t): the failure rate of maintainable
modes influence maintainable modes before modes during
Castro maintainable failure any preventive maintenance period
(2009) modes a: An adjustment factor that [kT, (k + 1)T].
quantifies the effect of
cumulative degradation due
to non-maintainable failures
kT: period of preventive
maintenance (k = 0,1,2, ...)
Any architecture N{l and N7 (t): resp. the h;(t; + 1): the e Numerical
All failure modes number of failures due to failure rate for examples
influence each other mode t before ¢; (time of I- mode i atthel- | e  Simulated
th preventive maintenance) th preventive data
and the number of failures maintenance
Fan et al. due to mode © cycle
hy ;(t): the failure rate due to
(2011) mode i before the first
preventive maintenance
aﬁv” and af'”(t) : adjustment
factors representing the
cumulative effect of failure
mode 7 on mode i.
Any architecture Hji(t)B: the vector of failure h;(t): the e  Experiment
All components rates before any interaction interactive al data
influence each other hy; (£): the independent failure rate of e Misalignm
Sunetal. raduall i : component i entofa
g y failure rate inherent to each P
(2006, component i _shaft .
6;;,: interactive coefficients Interacting
2010) Ji . . with the
representing the weighted fatioue of
effect of a failure rate from ballg
component j on i .
bearings

They present an alternative to the classical method of Failure Modes and Effects Analysis (FMEA)

that would account for the interactivity in a complex system. They apply their model to a gyroscope

and demonstrate that the concept of interactive failures are indeed applicable and have a significant
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influence on the overall reliability of a system subject to multiple failure modes. Wang & Li (2015)
reprise the analytic model of Sun et al. (2006) as well and propose an allocation method of
redundancies in the design of a system. They demonstrate that the effect of interactive failures can
be minimized if they are properly modeled in the system design process. The parameters pertaining

to reliability indexes’ interaction are summed up in table 3.2.

3.2.2 State-based interaction

In the context of conditional maintenance, the interactivity can be represented with a system’s state
variables. With sensors and captors, data on the system’s degradation is collected and it helps to
provide a physical interpretation of interactive failures. Keizer et al. (2017) review diverse
condition-based maintenance policies for systems with multiple dependent components. They
consider structural, stochastic and resource dependences. Among models with stochastic

dependences, they distinguish failure interaction models as follows:

e Failure induced damage: the failure of one component causes immediate damages to other

components by causing an immediate failure or increasing the deterioration level;

e Load sharing: a component fails but the system keeps operating as the other components

need to work harder;

e Common-mode deterioration: many components fail simultaneously.

We consider a slightly different classification since some of the reviewed models by Keizer et al.
(2017) are copula-based. The following approaches are not. Chen et al. (2011) distinguish the
natural failure of a system caused by its degradation process from traumatic failures due to external
shocks caused by the environment. The degradation follows a stochastic process D(t) and a failure

threshold is fixed D. The shocks occur independently from the degradation process and follow a

Poisson process of intensity A. The traumatic failures are assumed to occur with a probability p
that depends on the degradation level. The system is more prone to failure modes if the degradation
level increases significantly. This is particularly true for mechanical systems subject to degradation.
The overall system becomes more vulnerable to its environment as it ages (e.g. proneness to
corrosion, vibration, physical shocks etc.). The internal components and their mechanical links are

in reverse subject to the propagation of external shocks.
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p(t) = exp[a(D(t) - Df)] (3.22)
where « is a parameter of the dependence.
As a matter of fact, the traumatic failure rate h;(t) depends on the probability p:
hs(t) = A.p(t) (3.23)

The moment of a natural failure is denoted by T,; and the moment of a traumatic failure by T;. The
system’s failure times are defined as T = min{Ty, T, }. The authors consider an example with linear
degradation D(t) = Bt where B is a random variable so that B = g for traumatic failures. Thus,

the survival function of the system is:

Rp(t) = P(T > t) = P(Ty > t).P(T, > t|T, > t)

Re(©) = £y (%) 12 exp [ J; 2explatpu - Dyla] farap - Y

where fz(.) and Fg(.) are respectively the density and the cumulative distribution of B. The
authors apply the renewal theory to the proposed model and derive an inspection policy that
minimizes the long-term cost of maintenance. In this approach, the cumulative effect of shocks and
the variability of their amplitude are not accounted for because shocks can cause traumatic failure

or have no effect.

Huynh et al. (2011, 2012) aim to combine the competitive effects of degradation, internal and
external shocks. They reprise the concept of natural and traumatic failures and define the
degradation as a continuous stochastic process X(t). A Gamma distribution is selected to model
the degradation since it characterizes in a satisfying manner diverse phenomenon like erosion,
corrosion, etc. The shocks follow a non-homogeneous Poisson process. The system’s failure rate
depends on the degradation level. Above a fixed degradation level threshold M, the system’s failure
rate h(t) is altered. It means that the system becomes more vulnerable to internal and external
shocks. It also suggests that there is a specific moment when the interaction becomes more
significant. As an example, a component with a regulation or protective function could fail in an

electronic system, and cause heating that would accelerate the system’s failure.
h(X(1) = hy (0). Lxyem + ha(0). 1xyom (3.25)

where 1, is an indicator function; h,(t) and h,(t) are two continuous and non-decreasing failure

rates following the relation hy(t) < h,(t), Yt = 0. The number of failures due to shocks Ng(t) is
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a Cox process. The authors define the following variable: o = inf{t = 0, N,(t) = 1}. The

survival function of the system is then:
R,(t) = P(og >t) = P(X(t) < M).P(aos > t|X(t) < M) + P(a, > t,X(t) > M) (3.26)

F,,, (resp. fg,,) is the distribution function (resp. p.d.f.) of the time when M is reached. F,(t) is the
survival function associated to h, (t). Huynh et al. (2011, 2012) suggest that the parameters of this
model, like the threshold M, h,(t) and h,(t), can be estimated by classical statistical methods.
They apply the principle of minimal repairs and the renewal theory as well and obtain an inspection
and maintenance policy that minimizes the long-term cost in function of the age and the

degradation level.

Do et al. (2015) consider a system consisting of two dependent components that are connected in
series. This means that the two components are critical to the functioning of the system. Their
dependence is expressed by the relationship of their degradation processes. The accumulation of
wear is described by a scalar random variable X} and a component i is assumed to have failed when

a threshold L; is reached. The accumulation of wear at t + 1 becomes:

X =Xt + (X)) +ax,j #i

) S 3.27
f(x) =ulx)) (527

where AX' is the independent random increment of the deterioration level, £(X/) represents the
impact of a component j on i, and ¢/, u’ are positive parameters quantifying the influence of a
component j on i. The parameters of the acceleration of the degradation processes ¢/, u/ would
have to be estimated through experimental methods or abundant condition-based maintenance
historical data. Assaf et al. (2016, 2017) present a model based on Do et al (2015) involving similar
issues for multicomponent systems in the form of degradation rate-state interactions. The
interaction is defined as an acceleration of the wear indicators caused to a component by neighbor

components.

Song et al. (2012, 2014) work on multicomponent systems with the hypothesis that each component
has 2 failure modes that are stochastically dependent. Each component is subject to degradation
and shocks. This approach is motivated by the fact that a component’s degradation can often be
evaluated experimentally easier than the interactive effects of other components. It would be for
example hard to evaluate with precision how the corrosion of a component could have caused the
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deformation of another. Components are then assumed to cause random shocks on each other. A
resistance limit to shocks D; specific to the component i (i = 1,2, ...,n) is fixed. A component
degrades following a process X;(t) with a failure threshold H;. Contrary to the two aforementioned
models, the cumulative effects of shocks are calculated and this increases the degradation level.

VVijl

Y;; and S;(t) are respectively defined as the amplitude of the j-th shock on component i, the
proportion of the j-th shock impact on component i and the cumulative of shocks Y;;. The survival
function of the systems depends on Fy, (w) and Fy,(x;, t) that are respectively the cumulative
density functions of W;; and X, (t) = X;(¢t) + S;(¢). The reliability of a single component depends
on the survival probability in case of a single shock and the probability that the failure threshold is

not reached by the accumulated shocks:

Fy, (e t) = P(Xs,(0) < x;) = Ziaco(fy ' GG —w,0) £ (Wdu) P(N() =m)  (3.28)

k

where G;(t) is the cumulative density function of X;(t) and fy<l_ )(u) is the distribution function of

the sum of the independent and identically distributed k variables Y;;. The survival function of the

system is then determined for standard architectures (series, parallel, series-parallel). For example,

the reliability of a system with components in series is:
R(E) = Zinso [Ty [POW; < D)™ P (Xi(6) + Z)9 ¥y < H|N(®) = m)| x P(N(6) = m) (3.29)

A maintenance strategy that minimizes the cost is derived and an optimal inspection period is
estimated. It is important to note, however, that the proposed model considers a number of shocks
common to all components. The failure threshold is fixed and has no variability. The amplitude of

shocks is not considered a random process when in reality it could be.

One of the more elaborate approaches is in an article by Rafie et al. (2014) that links the concept
of interactive failures with a changing degradation rate. This work results from some earlier
collaborative research on multiple competitive failure modes, failure limits change and shock
damage interaction: Feng & Coit (2009), Peng et al. (2010), Jiang et al. (2012), Arab et al. (2013).
The proposed approach considers two conditionally independent events: NHF; meaning No Hard
Failure occurs by time t and NSF; meaning No Soft Failure occurs by time t. Hard failures are due
to random shocks exceeding a threshold D,. These shocks occur following a Poisson process of

intensity A. The k-th random shock is denoted by W), with a c.d.f Fy;,(w) and the number of shocks
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is denoted by N (t). Soft failures are caused by the degradation. A threshold H is defined and can
be reached by the combined effect of random shocks and natural degradation. The natural
degradation is defined as X (t) = ¢ + St + € where the initial degradation ¢ and the degradation
rate 8 are random variables, and the random error ¢ follows a normal distribution. The degradation
rate 5 can change from f; to 8, due to a trigger J-th shock and become:

=[N e
where T; is the transition time, the time when the rate g changes. Y, and S(t) denote respectively
the k-th shock’s damage size and the total damage size due to all random shocks. The overall
degradation is represented by Xs(t) = X(t) + S(t) where S(t) = ngl) Y, if N(t) >0 and
S(t) = 0 otherwise. The survival function of a device subject to two dependent competing failure
processes is denoted by R(t). Equations (3.31) sum up the proposed model:

P(NHF,) = [Fy (D)]"®
P(NSF) = XiZo Xjzo P(Xs(t) <H|J = j,N(t) = i) x P(J = jIN(¢) = i) x P(N(t) = i)

P(Xs(t) <H|J=j,N@®) =)= {fotp(‘l’ + Bty + Bo(t — ;) + &+ Ty Ve < H) fr,(gi]7)dty, j < i (3:31)
P(p + it + e < H), j>i
R() = XiZo Xj2o P(NSF|] = j,N(t) = O) X P(NHF|] = j,N(t) = ) x P(N(¢) = i)

where fr (¢|f) is the p.d.f. of T; for | = j.

This approach is of even more interesting since it puts into perspective 4 distinct models of shock
interaction and proposes an application on micro-electromechanical systems (MEMS). This study
also contains a sensitivity analysis to provide a physical interpretation of the interactivity. The

shock processes considered are:

e The generalized extreme shock model: a single shock above a critical threshold value
changes the degradation rate of a system.

e The generalized §-shock model: the interval between two sequential shocks above a critical

threshold value is inferior to a limit § so that the degradation rate changes.

e The generalized m-shocks model: An accumulation of m shocks above a critical threshold

value changes the degradation rate.
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e The generalized consecutive shocks model: a succession of n shocks above a critical

threshold value changes the degradation rate.

Liu et al. (2016) propose an extension to this model by including the damage due to self-regulation

in self-healing systems.

These diverse models of shock processes represent the internal failure interactions as well as the
external effects of a system's environment. Other models considering a changing degradation rate
are available in the literature such as Bian & Gebraeel. (2014), Rasmekomen & Parlikad (2016),
Hao et al. (2017, Fan et al. (2017), Shen et al (2018). Yet, for all of the models, the idea that the
amplitude of the shocks, internal and external, can vary or be random, needs to be studied further.

In fact, the changing degradation rate is in most cases subject to a constant factor.

Liang et al (2017) build on the previous work of Liang & Parlikad (2015) and Rasmekomen &
Parlikad (2016) to deal with the issue of fault propagation. They consider that the phenomena of
dependences, induced or inherent to a system, can interact and lead to a cooperative acceleration
of dependent failures and cause new dependences. They model the deterioration of a
multicomponent system as a multi-layered vector-valued continuous-time Markov chain. They
distinguish non-critical component from critical components. For a system with v critical
components, the normal deterioration is {X,(6)} = {X10(t), ..., X, 0(t)}. They establish the

inherent deterioration rate of a critical component [:

wi0(t) =10+ Tjer 2. (Xj0(®) (3:32)

where 1y, is the intrinsic deterioration rate and g(.) is the affected deterioration rate, which is a
linear function of other critical components’ conditions X;,(t). Non-critical components also

influence the deterioration of the critical components by affecting their state. After the hth
malfunction of a non-critical component, the inherent deterioration of a critical component [

becomes:

wl,h(t) =np+ Zje{l,z...,v}/l g (Xj,h(t)) (3.33)
The transition rate between those two states is:

Aipn(@® =Xlognp + g(iv— 1) (3.34)
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Liang et al (2017) remark that the current knowledge of fault propagation relies heavily on the
expert opinion. This suggests a potential bias which remains to be addressed.

The parameters pertaining to state-based interaction are summed up in table 3.3.

Table 3.3 Parameters of state-based interaction models

and traumatic
failures

Dy a fixed failure
threshold

function of the
system where

_ _ Ilustrative
Models Assumptions | Crucial parameters Output
examples
e Any architecture D(t): the degradation Ry (t): the Numerical
Chenetal. (2011) | |\ atural failures as a stochastic process survival examples

Degradation-

threshold-shock of

component j on i

e  Degradation and p : the probability of T _is.the a laser device
external shocks occurrence of minimum
e  External shocks traumatic failures between the
influence the depending on the moment of a
degradation degradation level natural failure
process and the
moment of a
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failure
Huynh et al e Any architecture M: degradation level R,(t): the Numerical
' e  Degradation, threshold survival examples
(2011, 2012) internal and X (t): degradation as a function of the
external shocks continuous stochastic system
e  The failure rate process
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e  Multi-component AX': the independent X¢: Numerical
Doetal. (2015) e  Components random increment of accumulation examples
influence each the deterioration level of wear on Experimental data
Assaf et al (2015, other through of each component each gearbox
2017) accumulation of L;: failure threshold component i accelerated life
wear aJ, u: positive R(t): the testing platform
e  degradation rate- parameters quantifying reliability of a
state interactions the influence of a system

Song et al. (2012,

2014) shocks i of asingle Experimental data
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the degradation W;; and Y;;: resp. the degradation systems (MEMS)
process above a amplitude of the j-th process)
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Parameters of state-based interaction models

' _ Ilustrative
Models Assumptions | Crucial parameters Output
examples
. e Anyarchitecture | e  H: the system’s failure R(t) : the Numerical
Rafie etal. (2014) | | Soft failures by threshold survival examples
. degradation e :theinitial function of the Experimental data
Feng & Coit e Hard failures by degradation system Micro-electro-
(2009) random shocks e  B:the degradation rate mechanical
e  Shocks change Y the k-th shock’s systems
Peng et al. (2010) the degradation damage size Multi-stents
rate e Tj: the transition time systems
Jiang et al. e  Diverse shock when g changes.
(2012) models
Arab et al. (2013)

- e  Multi-component | e 7,4 the intrinsic wyp(t):, the Case study
Liang etal (2017) e Differentiation deterioration rate of inherent Heat exchanging
Liana & Parlikad between critical each component [ deterioration of system in oil

9 and non-critical e {X,(t)}: the system’s a critical refinery process
(2015) components normal deterioration component and distillation
e  Components process after the hth tower
Rasmekomen & influence each e A;n(0): the transition malfunction of Fleet of oil
. other’s state and rate of a critical a non-critical immersed power
Parlikad (2016) degradation rate component from a component transformers
e Fault state where no non- Cold box unitin a
propagation critical component petrochemical
have failed to a state plant
with h failures of non-
critical components.

3.2.3 Copula-based interaction

Copula-based interaction models differ from the above models in the sense that they rely on little
to no assumption on interaction mechanisms. They define the reliability indexes and/or the state
variables of components as random variables and model the dependence analytically. Copulas are
used to build multivariate probability distributions which, in most cases, consider that the marginal
probability distribution of each variable is uniform. A copula C can be defined as the joint

distribution of p random variables U;, U,,...,U

,Up, each of which is marginally uniformly

distributed, so that the joint cumulative distribution function of such a distribution is:

C(uy, Uz, ..., up) = Pr(U; < uy,U; Suy,...,Up Suy) (3.35)
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The copulas are parametric functions. Their parameters govern the intensity of the dependence.
There is a large number of copulas. The most commonly used are Archimedean and Gaussian
copulas. Archimedean copulas have a closed form. A unique parameter represents the intensity of
the dependence. They have the advantage of being applicable to cases of high dimensionality. Some
examples of widely known Archimedean copulas are Ali-Mikhail-Haq, Clayton, Frank and
Gumbel copulas. Gaussian copulas are determined following the matrix of correlation of the
considered random variables. Kolev et al. (2006) provide useful information regarding copulas in

their review.

While it could be argued that some of the following models have hybrid traits resembling
reliability-index and state-based interaction models, we classify them as copula-based since the
interactivity between components and/or failure modes is modelled through candidate copulas

which are the focus of these approaches.

Limbourg et al. (2007) explore the influence of spatial dependencies on a multi-component
system’s reliability. They study diverse architecture, especially voting systems. Mostly, they bring
emphasis on the fact that when components are neighbor, they show dependent failures. A Gaussian
Copula C is used to model the dependent failures probabilities among neighbor components. Given

a state variable x, the dependent failure probability F(x) of a system with n components is:
F(x) = C(Fi(x), ..., E,(x)) (3.36)
where F;(x) (i = 1, ...n) is the failure probability distribution of each component.

A copula can directly link reliability indexes. For example, Jiayin et al. (2009) use a copula C to
model the dependence of n components in a system. They propose a characterization with a copula

following the type of architecture: series or parallel. The reliability of the system is written:
e For a system with n components in parallel:
Rparei(t) =1 — Cp(1 — Ry (¢), ..., 1 — Ry(t)) (3.37a.)
e For aseries system:
Rs(t) = A1 g, () - A1—p () Cn (U1, Uz, oov, Uy) (3.37h.)

where Aﬁjf(x) = f(x3) — f(xy) and u; = 1 — R; is the failure probability of a single component

i. The authors choose the Gumbel copula. The latter is Archimedean and has a unique parameter 0
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that represents the degree of correlation of the random variables. This parameter can be estimated
by the maximum likelihood method.

Similarly, Jia et al. (2014) demonstrate how a copula can be used to evaluate reliability indexes for
multicomponent systems with failure interactions among the components. They provide an
illustration through the Clayton copula. They especially address the survival function, the failure
rate and the meantime to failure for series, parallel, and k-out-of-n systems. Eryilmaz (2014) studies
k-out-of-n systems as well considering n dependent components with different weights and diverse
failure distributions. Examples with Clayton and Gumbel copulas are included in the paper. This
shows the large applicability of copula-based models. Yet, even though the methods proposed
could be applied; usability would be another issue. The mathematical complexity suggests a certain
expertise or supporting algorithms. There is also a certain limitation into the assumption that
diverse components would all interact between each other following the same mechanism and a
single interaction copula. In response to that matter, Navarro & Durante (2017) take a step further
in the determination of a joint reliability function of residual lifetimes for a multicomponent
system. Their study of coherent systems leads them to define special cases of dependence

mechanisms:
e All the components of the system are working;
e Some components have failed at given times;
e Some components have failed at some unknown failure times.

A distortion function allows the distinction of such cases and is the copula linking the failure
functions of all the components. Yet, even though the parameters of the chosen function are tailored
to specific cases, it is supposed that all the components involved follow the same failure interaction

mechanism.

Xu et al. (2017) study a multistate manufacturing system and bring an emphasis on the fact that in
most cases not all components in a system are stochastically dependent. They define the failure

interaction function as follows:
P(x) = [IiZ1 Ci(x; 0;) [Tf=1 P; (%) (3.38)

where C;(x) is the general failure rate based on a copula of components with failure interaction,

P;(x) is the failure rate of a dependent component j, and 9; is the interaction coefficient of
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component i. For high accuracy and to deal with problems of small data, Xu et al. (2017) suggest
that the Grey system theory be used for the estimation of the parameters rather than classical
methods like the Moment Estimation Method or Maximum Likelihood Estimation Method. Yet,
the issue of the mathematical complexity of the overall model remains and is combined with the
empirical nature of the Grey system theory. It limits the physical interpretation of the interaction

mechanisms.

Copulas can also link degradation processes in diverse ways. Guo et al. (2013) intend to determine
the joint reliability R of two degradation processes that cause dependent competitive risks. They
propose a reliability model based on a copula C. The latter models the interdependence of the two
phenomena and integrates the reliability associated to each degradation process R, and R,. The
authors suggest two distinct definitions of the copula.
R(t) = Ri(t) + R,(t) =1+ C(1 —Ry(t),1 = R,(¢),0)
or (3.39)
R(t) = C(Ry(8), R2(1), 6)

0 is a vector of the copula parameters. It governs the amplitude of the dependence’s strength.
Simulated data are used in this study. 8 is estimated by the maximum likelihood method. Gumbel,
Clayton, t- and Gaussian copulas are comparatively applied in the model. The goodness of fit is
evaluated by the following criteria: Log-likelihood (LL), Akaike information criterion (AIC),
Bayesian information criterion (BIC). Moreover, the models obtained are compared among each
other following the average relative error (ARE). Guo et al. (2013) identify the Gaussian copula as

the best candidate function for both copula definitions since it gives relatively more precise results.

Wang & Pham (2012) study competitive dependent risks related to degradation and random shocks.
The survival function R (t) of a system with n components is determined in function of the number

of probable fatal shocks N (t) through a copula C.
R(t) = C(R.(t),...,R,(t))-P(N(t) = 0) (3.40)

Constant copulas (Normal, Plackett, Gumbel, Clayton, t-, Gaussian, etc.) and time-varying copulas
(Normal, Rotated-Gumbel, Symmetrized Joe-Clayton) are comparatively considered as candidates.
The strength of the fit is evaluated according to diverse criteria: Log-likelihood (LL), Akaike
information criterion (AIC), Bayesian information criterion (BIC). Wang & Pham. (2012)

demonstrate that time-varying copulas produce better results than constant copulas because they
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better fit the simulated data. This shows that there is a possible variability in the phenomenon of
failure interaction. An & Sun (2016) follow the same train of thoughts as Wang & Pham (2012)
and develop a similar model for dependent degradation processes and shock loads above a certain

level. This model is tested on a MEMS application with diverse candidate copulas.

Xi et al. (2014) use a distinctive approach that accounts for the interactivity within a complex
system. They develop a sampling method involving a copula in the context of Residual-Useful-
Life (RUL) prediction. Their method consists of two steps: first, statistical learning of the historical
data and second real-time RUL prediction. A copula C is used to model the dependences between

failure times T; and degradation levels Ty of the system considered:
C(u;,uy) = C(Fi(T),Fy(Ty)), T; < Ty for i< N (3.41)

where F is an N-dimensional distribution function with marginal functions F, ..., Fy. The copula
is selected following the Bayesian approach of Huard et al. (2006). While this method does not
explicitly model the dependency between failure modes, it builds a relation between degradation
levels and any other type of failure. This represents how the degradation of the system makes it

more prone to its diverse failure modes.

Mercier & Pham (2012) take a different direction. They consider a system with two units and model

the failure interaction by a deterioration process following a bivariate non-decreasing Levy process:
(Xt = (Xt(l),Xt(z))) , @ process with range R?% starting from (0,0). In Tankov (2003), Peter
t>0

Tankov introduced Lévy copulas to model the dependencies between components of a
multidimensional spectrally positive Lévy process. The system is considered as failed when it

reaches a failure zone £ c R2. The failure time is:
o, = inf{t > 0|X,; € £} (3.42)

Considering L; > 0 and L, > 0 as the respective failure thresholds of units 1 and 2, three situations

are studied:
e Units set in series: £ = R%\[0, L;[X [0, L,[;
e Units setin parallel: £ = [Ly, 0o[X [L;, oo[;

both components of (X;):¢, standing for different wear indicators of a single system.
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Since, the increments in a Levy Process are supposed to be independent, there is no specific closed-
form that represents the interactivity. The wear indicators contribute collaboratively to the
assessment of the system’s overall degradation. The studied system is assumed to be continuously
monitored so that, upon failure, a signal is sent to trigger an instantaneous perfect repair. Based on
this model, the authors propose a preventive maintenance policy assessed through a cost function
on an infinite horizon time. The determined policy performs better than a simple periodic
replacement policy. Likewise, Li et al. (2016) model the stochastic dependence between the
degradation of two components due to common environment with the Clayton-Lévy copula. Yet,
the lack of traceability and complexity in the Levy process is a limitation in terms of

comprehending failure mechanisms and propose pragmatic maintenance actions.

Furthermore, determining the relationship between maintenance and failure interaction is a work
in progress. Yang et al. (2013) establish a joint survival function for a repairable multicomponent
system. The system is subject to partially perfect repair. It means that since only one component at
a time fails and causes the system to fail, only the failed component is fully repaired, The latent
age to failure of each component i denoted by d; is then critical in the calculation of the system’s
survival function. The latter is defined as a multivariate Weibull distribution constructed via
Archimedean (Gumbel-Hougaard copula) or Gaussian copulas. For a system with K components,
this joint distribution is denoted by S(d., ..., dg, 8) where @ is the vector of parameters of the model
estimated by Maximum Likelihood. Furthermore, the authors use hypothesis testing to test the
statistical dependency of component failures. Yet, even though this paper offers some insight into
a relationship between maintenance actions (partially perfect repair) and failure dependencies, it
remains limited since maintenance operations can be quite diverse (minimal repair, perfect repair,
etc.). Zhang & Yang (2015) and Yang et al. (2017) rely on this previously proposed model to
develop a maintenance approach that involves renewal theory. They specifically use Clayton and
Gaussian copulas. But, the complexity of the obtained model requires the use of a simulation based
optimization approach with stochastic approximation.

Zhang et al. (2014) focus their interest on Accelerated Life Tests. Considering k different stress
levels S; (i =1, ..., k), they aim to define a joint survival function for a system with p failure
modes by using a copula Cp. They do so by making the assumptions that the distribution families,

the mechanism of each competing failure mode and the copula used to construct the joint survival
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function will not change under different stress levels. In reality, the interaction mechanisms might
be affected by the difference of stress levels. The survival copula Cp (Rl-1 (), s Rip (t) |96), where
R;;(t) is the reliability considering failure mode j under S; and 6 is the parameter vector, can be
Archimedean as suggested by the authors. In fact, they use the Gumbel-Hougaard copula due to its

relative simplicity. The parameters pertaining to copula-based interaction are summed up in table
3.4.

Table 3.4 Parameters of Copula-based interaction models

Illustrative
Models Assumptions Crucial parameters Output
examples
. Multi-component F;(x): the failure F(x): the failure e  Numerical
Limbourg et al. . - L
Gaussian copula probability of each probability of the examples
(2007) Voting system component i system
Jiayin et al Multi-component R;(t): the survival R(t): the survival | ¢  Case study
' Gumbel copula function of each function of the e Driveshaft of a
(2009) Series or parallel component i system machine only
architecture subject to
bending
moment
Jia et al. (2014) Multi-component R;(t): the survival R(t): the survival | ¢  Numerical
' Gumbel-Hougaard, function of each function of the examples
Eryilmaz (2014) Clayton copulas component i system
k-out-of-n systems
Multi-component P:(x): the failure rate of P(x): the failure e  Numerical
Xu et al. (2017) J
Grey system theory each dependent rate of the system examples
Coherent systems component j e  Cylinder
engine
manufacturing
system
Guo et al Multi-component R;(t): the survival R(t): the survival | ¢  Numerical
' 2 degradation function of each function of the examples
(2013) processes component i system
Gaussian copulas
Series or parallel
architecture
Multi-component R;(t): the survival R(t): the survival | ¢  Numerical
Wang & Pham degradation and function of each function of the examples
(2012) random shocks component i system
time-varying copulas N(t): the number of
Series or parallel probable fatal shocks
architecture
Xi et al. (2014) Multi-component T;: the failure times RUL: the e  Case study
' Bayesian approach Ty: the degradation remaining-useful- | e  Electric
levels life of the system cooling fan
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Table 3.4 (continued) Parameters of Copula-based interaction models

_ ' Ilustrative
Models Assumptions Crucial parameters Output
examples
: 2 components (X —(x®© x@ ) oy the failure e Numerical
Mercier & Deterioration ¢ (_t ot )t>0. time of the examples
Pham (2012) following a Levy degradation of the system

Li et al. (2016)

process
Components in series
or in parallel, with
different wear
indicators
collaboratively
accelerating the
failure times

system with component
land2asalLevy
process

L c R3: Failure zone

Multi-component

d;: the latent age to

R(t): the survival

Case studies

vang etal. Gumbel-Hougaard, failure of each function of the e  Cylinder head
(2013 Clayton and component i system production
Gaussian copulas system
Zhang & Yang e  Car body
(2014) assembly
process
Yang et al. e  Forklift vehicle
system
(2017)
Zhana et al Any architecture R;;(t): the reliability R(t): the survival | ¢  Case study
getal Gumbel-Hougaard considering failure function of the e Rolling ball
(2014) copula mode j under S; system bearings

Accelerated Life
Tests

3.3 Comparative study of failure interaction models

The above-mentioned approaches have the general advantage of presenting models that account
for the phenomenon of failure interaction. Thus, they are more realistic than all classical techniques
that consider failures as independent. There are other advantages and also limitations. They are

divided into three different aspects: concepts, methods and applications.

3.3.1 Concepts

The conceptual differences between the models relate to the starting assumptions and the concept's
meaning established to validate the dependence failure hypothesis. These aspects are summarized

up in table 3.5.
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Table 3.5 Advantages and limits of interaction models concepts

Groups/ References

Concepts

Advantages

Limits

Reliability indexes’ interaction:

Satow & Osaki (2003)

Wang & Zhang (2009)

Lai & Yan (2014)

Lai & Chen (2006, 2008)
Golmakani & Moakedi (2012)
Sung et al. (2013)

Jhang & Sheu (2000)

Lai (2007)

Zhang et al. (2014, 2015)

Liu et al. (2015)

Zequeira & Bérenguer (2006)
Castro (2009)

Fan et al. (2011)

Sun et al. (2006, 2010)

The failure rate of a
mode is accelerated or
updated in function of
the number of failures
of some other mode.
The dependence is
unidirectional in most
cases; bidirectional in
rare cases;
Coefficients represent
the interactivity as
acceleration factors.
Random shocks model
the influence of the
environment.

Accounting for
interactive failures
gives a better
estimation of
reliability.

Models are more
realistic than classical
methods and help to
significantly optimize
the system’s
performance
Coefficients
representing the
interactivity give a
measure of the
dependence.

The coefficients
modeling the
interactivity are
constant while the
phenomenon of
interactivity could be
variable.

The dependence is
unidirectional in most
cases.

Models are limited to
simple architectures.
Complex architecture
not taken into account.
Starting Hypotheses
are too restrictive.

State-based interaction:

Chen et al. (2011)

Huynh et al. (2011, 2012)
Do et al. (2015)

Assaf et al (2015, 2017)
Song et al. (2012, 2014)
Rafie et al. (2014)

Feng & Coit (2009)

Peng et al. (2010)

Jiang et al. (2012)

Arab et al. (2013)

Liang et al (2017)

Liang & Parlikad (2015)
Rasmekomen & Parlikad (2016)

Degradation and
shocks are represented
competitively. Random
shocks model the
influence of the
environment.
Accumulated shocks
alter the degradation
rate or speed.
Degradation makes the
system more
vulnerable to random
shocks.

The state and
degradation of the
system is represented
more realistically.
The models give a
physical
interpretation of the
interactivity.

The models’
interpretability
suggests specific
maintenance
procedures.

The variability of the
shocks’ amplitude and
number is neglected.
The failure threshold is
considered to be fixed
when in reality it is
variable.

State variables only
capture partial aspects
of the degradation.

Copula-based interaction:

Limbourg et al. (2007)
Jiayin et al. (2009)
Jiaetal. (2014)
Eryilmaz (2014)

Xu et al. (2017)

Guo et al. (2013)
Wang & Pham (2012)
Xietal. (2014)
Mercier & Pham (2012)
Li et al. (2016)

Yang et al. (2013
Zhang & Yang (2014)
Yang et al. (2017)
Zhang et al. (2014)

A function
characterizes the
interaction of multiple
random variables:
reliability functions,
failure times,
degradation levels.

The interactivity can
be represented even
though there is
limited prior
information on its
process.

The analytical models
are rigid and complex.
The copula has to be
chosen from a limited
set of candidate
functions.
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One can notice that reliability indexes’ interaction models rely on elaborate assumptions about the
system’s structure. The dependence is one-sided and some entities are assumed to be dominant
beforehand in most cases. Moreover, they are only applied to simple architectures (series, parallel,
etc.). The main issue with state-based interaction models is that the interactivity within complex
systems is rarely measurable by a finite set of state variables. The interactivity itself is rarely
observable since only components critical to the system’s primary function will be monitored. In
fact, the interactions could affect more than just the components with sensors or detectors. Then,
there is a risk of significant bias in the results interpretation. Copula-based interaction models are
quite useful in cases when there is little prior information about the system. But, they rely on rigid
and complex analytical functions selected from a finite set. The failure interaction might not respect
the form of the preselected functions. Moreover, some specificities in the architecture can be
distinguished through qualitative and experimental information. This information would be left out

if an approach that is solely analytical is used.

3.3.2 Methods

The differences in terms of methodology are related to the diverse techniques and the selected study
process to develop the starting hypotheses. Table 3.6 summarizes the issues related to
methodology.

The methods used for copula-based interaction models have significant mathematical complexity
in comparison to other methods. It is also difficult to associate a physical explanation to the
parameters even though they use a large array of well-known statistical learning methods and tests.
Reliability indexes’ interaction models are applicable to diverse preventive maintenance policies.
State-based interaction models are limited to the domain of conditional maintenance but have the
best interpretability. Most models in the literature rely on experimental designs and simulated data

when it is known that there could be higher variability in reality.
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Table 3.6 Advantages and limits of interaction models methodologies

Groups/ References

Methods

Advantages

Limits

Reliability indexes’ interaction:

Satow & Osaki (2003)

Wang & Zhang (2009)

Lai & Yan (2014)

Lai & Chen (2006, 2008)
Golmakani & Moakedi (2012)

Scheduled
maintenance;

Experts’ opinions to
estimate the parameters
of interactivity;
Evaluation of

Better system model
in comparison to
classical methods;
Well-known
statistical learning
methods;

Possibility of
significant differences
between experimental
conditions and reality;
Limited to simple
architectures;

Sung et al. (2013) conditional Good traceability. Mathematical
Jhang & Sheu (2000) probabilities; complexity.
Lai (2007) Markov processes;
Zhang et al. (2014, 2015) Experimental design;
Liu et al. (2015) Numerical examples;
Zequeira & Bérenguer (2006) Simulated data.
Castro (2009)
Fan et al. (2011)
Sun et al. (2006, 2010)
State-based interaction: Conditional Automatic evaluation | Possibility of

Chen et al. (2011)

Huynh et al. (2011, 2012)
Do et al. (2015)

Assaf et al (2015, 2017)
Song et al. (2012, 2014)
Rafie et al. (2014)

Feng & Coit (2009)

Peng et al. (2010)

Jiang et al. (2012)

Arab et al. (2013)

Liang et al (2017)

Liang & Parlikad (2015)
Rasmekomen & Parlikad (2016)

maintenance;

Hidden Markov
Models to estimate
degradation levels;
Analytical models of
degradation and
random shocks;
Experimental design;
Numerical examples;
Simulated data.

of degradation levels;
Relationship between
system and
environment;
Evaluation of the
physical
consequences of
interactive failures;

significant differences
between experimental
conditions and reality;
Necessity of large data
sets for precision;
Experts’ opinions not
accounted for.

Copula-based interaction:
Limbourg et al. (2007)
Jiayin et al. (2009)
Jiaetal. (2014)
Eryilmaz (2014)

Xu et al. (2017)

Guo et al. (2013)

Wang & Pham (2012)
Xietal. (2014)

Mercier & Pham (2012)
Li et al. (2016)

Yang et al. (2013
Zhang & Yang (2014)
Yang et al. (2017)
Zhang et al. (2014)

Predefined analytical
functions;

Parameters selected
following the
maximum likelihood;
Goodness of fit and
model selection by LL,
AIC, BIC, ARE.

Classical statistical
learning methods and
tests;

Diverse candidate
functions.

Ambiguous
interpretation of the
interactivity factors;
Mathematical
complexity.
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The methods used for copula-based interaction models have significant mathematical complexity
in comparison to other methods. It is also difficult to associate a physical explanation to the
parameters even though they use a large array of well-known statistical learning methods and tests.
Reliability indexes’ interaction models are applicable to diverse preventive maintenance policies.
State-based interaction models are limited to the domain of conditional maintenance but have the
best interpretability. Most models in the literature rely on experimental designs and simulated data

when it is known that there could be higher variability in reality.

3.3.3 Applications

The applications are numerous when it comes to interactive failures. But how efficient are they?
The criteria to consider include the performance of the methods employed in terms of financial
savings or availability improvement, and the level of expertise and complexity required for the
application. Research is often subject to less practical constraints than in the field of application.
Usually, industrial companies are limited in terms of their capabilities for experimentation,
expertise levels, and time constraints. It is therefore important to see which approaches can be

applied in a general set with basic or generic tools. Table 3.7 emphasizes the issue of applicability.

Copula-based interaction models are the least practical as standalone applications due to their
analytical complexity. Reliability indexes’ interaction models are less complex but still difficult to
apply due to high computational complexity. This issue is amplified by the lack of dedicated
software for reliability models integrating the interactivity. State-based interaction models would
provide the best results in the industry. Yet, they require the highest economic investment in order
to be applied.
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Table 3.7 Advantages and limits of interaction models applications

Groups/ References

Applications

Advantages

Limits

Reliability indexes’ interaction:

Satow & Osaki (2003)

Wang & Zhang (2009)

Lai & Yan (2014)

Lai & Chen (2006, 2008)
Golmakani & Moakedi (2012)
Sung et al. (2013)

Jhang & Sheu (2000)

Lai (2007)

Zhang et al. (2014, 2015)

Liu et al. (2015)

Zequeira & Bérenguer (2006)
Castro (2009)

Fan et al. (2011)

Sun et al. (2006, 2010)

Age or Bloc
replacement policy;
Periodic preventive
maintenance with
minimal repairs;
Warranty cost
adjustment;
Redundancy allocation;
Opportunistic
maintenance.

Straight-forward
application to
scheduled
maintenance;
Optimization of
resources more
efficient if the
interactivity is
accounted for;
Rethinking the
architecture of
industrial systems.

Analytical complexity
of models;

High computational
complexity
(simulations);

Lack of dedicated
software;

The results
interpretation is more
complex than with state
variables.

State-based interaction:

Chen et al. (2011)

Huynh et al. (2011, 2012)
Do et al. (2015)

Assaf et al (2015, 2017)
Song et al. (2012, 2014)
Rafie et al. (2014)

Feng & Coit (2009)

Peng et al. (2010)

Jiang et al. (2012)

Arab et al. (2013)

Liang et al (2017)

Liang & Parlikad (2015)
Rasmekomen & Parlikad (2016)

Failure limit
maintenance policy;
Inspection policy in
function of the
degradation level;
Reliability models for
real systems like
Micro-electro-
mechanical systems.

Identification of key
parameters of
complex systems
following the degree
of interactivity;
Better estimation of
the system’s
reliability;

Economical toll of
conditional
maintenance (captors,
sensors, etc.);
Abstract measure of the
economic
consequences of
interactivity;

Risk if biased
interpretation of the
interactivity.

Copula-based interaction:
Limbourg et al. (2007)
Jiayin et al. (2009)

Jia et al. (2014)
Eryilmaz (2014)

Xu et al. (2017)

Guo et al. (2013)

Wang & Pham (2012)
Xietal. (2014)

Mercier & Pham (2012)
Li et al. (2016)

Yang et al. (2013
Zhang & Yang (2014)
Yang et al. (2017)
Zhang et al. (2014)

Subset of more
complex models;
Data-driven reliability
models;

RUL prediction.

Versatility in the
usability;
Representation of a
complex
phenomenon by an
analytical closed-
form.

Not practical for the
industry due to the
analytical orientation;
Prior information not
integrated.
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3.4 Conclusion

The interactivity of failure modes is a concept presented by the literature in the context of stochastic
dependence. This failure interaction can be defined as a gradual, immediate, unidirectional or
bidirectional phenomenon. Diverse models are reviewed and classified into three distinctive

categories: Reliability indexes’ interaction, state-based interaction, and copula-based interaction.

All of the models presented are more realistic than classical methods that overlook the interactivity
or assume it to be negligible. Yet, they have a few limitations. Copula-based interaction models
are data-driven and based on a limited set of analytical functions. Their complexity makes them
impractical for the industry, especially since interpretation of these models can be ambiguous.
Reliability indexes’ interaction models can be paired with numerous classical statistical learning
and preventive maintenance methods. But, they rely on restrictive hypotheses about a system’s
structure. State-based interaction models have the best interpretability. But, conditional
maintenance can be costly and the state variables might capture only partial aspects of the

phenomenon studied.

Another general observation about all models is how they lack representation of the variability in
the interactivity phenomenon. In most cases, the parameters, factors or coefficients used to account
for the interactivity are defined as constant numbers or effects rather than random variables. In
future work, it would be useful to put forth an interaction model that could integrate this variability

more comprehensively to the chosen coefficients or parameters of interaction.
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Abstract—Reliability models have overtaken the stochastic dependence that may exist between
multiple failure modes of the same system. A few relevant models involve the calculation of
interaction coefficients, which are difficult to interpret and quantify from maintenance logs. This
paper develops a model that integrates failure interactions as successive random events. It uses an
interrelated draw concept to model the dependent failure modes as consequences of extreme
shocks. The model quantifies the probabilities of both sides’ failure mode effects on the reliability
indexes’ system. A Markov process method is used to estimate the mean time-to-failure of a culvert
system subject to two cracking and displacement dependent failure modes. The model developed
reproduces the interaction phenomena within the culvert beside the interpretability of its results. A
sensitivity analysis demonstrates that the intensity of the shock process strengthens its interactivity

in most cases.

Index Terms—Failure interaction, stochastic dependence, reliability analysis, Markov process.

4.1 Introduction

Reliability and maintenance engineering play a key role in the sustainability sustainment of
industrial assets. Common modeling methods are not able to deal with certain new challenges due
to the complexity of failure modes, which have become more difficult to apprehend. Specific
attention to failure interaction within a complex system is growing (Che et al. [2018], Yousefi et
al. [2019], Qiu et al. [2019]). The classical methods, such as Failure Mode and Effects Analysis
(FMEA), reliability block diagrams and Stress-Strength analysis, are often based on the hypothesis
of stochastic independence between failure modes. Such an assumption holds as long as a system
remains simple with components that have been studied and tested for a long time. Independence
between failure modes becomes a shakable hypothesis with new complex technologies involved.

Keizer et al. (2017) put an emphasis on maintenance policies for systems with multiple dependent
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components. They show how more relevancy should be attributed to dependencies within a system
in order to reduce the risk of failure. These dependencies could be structural, economic and
stochastic. Failure interaction is a stochastic dependence that could help understand intricate
phenomena within a multicomponent system. Such phenomena certainly impact reliability and
maintenance performance as a result of failure interaction (Wang & Chen [2016]). Yet, capturing
and quantifying failure interaction require a new modeling method.

Murthy & Nguyen (1985a, 1985b) present two types of failure interactions. In Type I, called
induced failures, a component causes the instantaneous failure of another component with a
probability p or has no effect with a probability 1 — p. In Type Il, called failure rate or shock
damage interaction, a component’s failure changes the failure rate of another component. In this
type, the component’s failure acts as a shock on another component and the accumulation of shocks
accelerates the failure rate. This distinction is reproduced in most of the interaction models
(Meango & Ouali, 2019).

Shock models seem like an appropriate method for representing failure dependence. Shanthikumar
& Sumita (1983), followed by Gut (1999), Cha & Finkelstein (2011), and Cirillo & Husler (2011)
propose variant extreme shock models to address failure interaction. In those models, the failure
happens when numeral shocks of random magnitudes occurring at random times exceed a given
critical level. Therefore, this may be an opportunity to identify the moment when an interaction

becomes critical, even if its evolution cannot be continuously observed.

Meango & Ouali (2019) review and classify failure interaction models into three categories. These
include the Copula-based interaction models, which are based on joint functions that link
degradation processes and/or failure times. Wang & Pham (2012) develop a model associating
degradation processes and random shocks using different time-varying copulas. Likewise, Xu et
al. (2017), Yang et al. (2017) test a large array of Archimedean and Gaussian copulas. The
interaction is usually quantified by a single parameter. The obtained models are mathematically

complex and somewhat difficult to be physically interpreted.

State-based interaction models are those in which a relationship is established between the
degradation processes. Models that are most related to these are Huynh et al. (2011, 2012), Song
et al. (2012, 2014), Rafiee et al. (2014), which present relevant reliability models that integrate

failure interactions in degradation processes with random shocks. An & Sun (2017) discuss a model
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with dependent competing failure processes with shock loads above a certain level. Rafiee et al.
(2017) consider a generalized mixed shock model that is only relevant to a condition-based
maintenance policy. The model requires, in addition to maintenance logs, a fair amount of

experimental data to estimate the probability of interaction, which is a limitation to its applicability.

The interaction models of reliability indexes are those in which the indexes of diverse failure modes
are linked with each other by an analytical function that represents a specific interaction
mechanism. Certain specific coefficients are often used to quantify the interaction. However, they
lack flexibility in terms of their variability and interpretability. Satow & Osaki (2003) and Wang
& Zhang (2009) work on a two-component system subject to random shocks. The interaction
phenomenon between failures is primarily defined by the reparability of the components. Likewise,
Sun et al. (2006, 2010), Zequeira & Bérenguer (2006), Castro (2009), Sung et al. (2013) and Zhang
et al. (2014, 2015) offer some alternative models, but the failure interaction is usually reflected by
a coefficient of interaction without interpretability, except for a presumed proportionality of failure

rates.

This paper proposes a new method that could be classified as Reliability Indexes’ Interaction, in
which the interaction between multiple failure modes is explained through random draws. The
intent is to provide quantification, flexibility and interpretability in the representation of an
interaction, even with a limited data sample. A repairable system subject to two failure modes that
occurs at random shocks is studied, regardless of its structural architecture. The shocks are
associated with random draws, in which a draw symbolizes a single shock. In the proposed model,
the cumulative number of overall shocks increases until one fatal shock causes one of two failure
modes. A shock has an internal effect on the system and increases the probability that one of the
failures will occur. We assume that a shock somehow alters the state of the system by changing the
ratios of entities in the drawing pool. The probabilities of interaction are estimated through the
interdependent instant probabilities of the extreme shock process. Then, the distribution function

and the mean time-to-failure are derived using a Markov process.

The remainder of the paper is organized as follows. Section 4.2 presents our failure interaction
model. Section 4.3 explains how the parameters of our model are estimated with Markov processes.

Section 4.4 describes the details about key reliability indexes and how to evaluate them. Section
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4.5 presents a case study, which is about an application of culverts in a region of Quebec. Section

4.6 contains concluding remarks.

4.2 Failure interaction model

The proposed failure interaction model is built from a combination of shock processes. We consider
a repairable system, represented by a drawing pool, subject to two failure modes. The pool contains
a finite number of balls that represent the normal operation (Type 0), and the failure modes 1 (Type
1) and 2 (Type 2). A draw depicts a shock that may conserve the same type (Type 0) or transform
certain balls from Type 0 to Type 1 or Type 2, depending on which Type 1 or Type 2 ball was
previously picked. The sequence of successive random draws denotes an interaction mechanism
within the system that eventually changes the number of type 1 and 2 balls representing the two
failure modes. The probability of having a certain type of shock at a given time depends on how
the previous shocks have changed the system. The probability of interaction between the two
failure modes characterizes how each failure mode was influenced by the sequence of previous

shocks.

4.2.1 Random draw interaction mechanism

There are random draws starting with a fixed n,,,; balls labelled 0, 1 and 2. A ball is picked up
and released back into the drawing pool at periodic intervals. When ball 1 is picked, shock 1,
representing failure mode 1, is recorded. In the same way, shock 2 is recorded when ball 2 is drawn.
The draw of any ball 0 has no effect on the system behavior. At the kth draw, if a ball 1 is picked,
anumber y,, of balls 0 is replaced with y, balls 2 in the drawing pool. If a ball 2 is picked, a number
x;, of balls 0 is replaced with x;, balls 1 in the drawing pool. The numbers y, and x; characterize
the influence of failure mode 1 on failure mode 2 and vice versa. Therefore, this drawing
mechanism changes the probability of drawing any ball, considering that the overall number of

balls in the pool always remains the same, 1,4,

Assume that at the first (1st) draw, the probability of picking a ball 0 is p{, a ball 1 is p{™ and a

ball 2 is pf). At the second (2nd) draw, a ball 1 can be drawn either from one of balls 1 previously

present in the pool or from the x,; balls 1 eventually added if a ball 2 was previously drawn. This
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results in the equality p§1> = pf) + nipf). This principle also applies to the potential drawing
pool

of aball 2 50 that p(? = p® + -2 p(®.
pool

Since at the time of drawing, the only possibilities are 0, 1 and 2 and n,,,, remains the same after

(0) €Y (2)

each draw, itis evidentthatp,” +p,~ +p,~ = 1, Vk. One can trivially deduce from this equality

the instant probability to draw a ball 0 at the 2nd draw as p{” = p{® — 22" _ 21,

Npool Npool

Iteratively, at the k-th draw, the probability of picking any of 0, 1 and 2 balls is, respectively, given
by:

(0) (0) €Y (2)

Py~ = Dp_y — Vik-1Pr-1 — Ok-1 Dp_1
pP =pWP 16, pP, (4.1)

2 2 1
P =Pyt Ve-1Piy

Xk—1 Yk-1

where 0,_, =

and y,_; = . The probability of an interaction between the two failure

Npool Npool
modes is defined by coefficients 8,_; and y,_;. 6;_; is the influence of the previous (k — 1)-th
drawing of ball 2 on the probability of picking ball 1. Likewise, y,_, represents the influence of
the previous (k — 1)-th drawing ball 1 on the probability of picking ball 2. These coefficients
contribute to increasing the subsequent probabilities and having a shock related to both failure
modes. There is a significant advantage of describing the interaction of failures though a series of
probabilities. As above-mentioned and explained by Meango & Ouali (2019), most models will
rely on a single coefficient when in reality such phenomena evolve with how failure and shock
occur sequentially. The series 8;, and y;, (h = 1,2, ...) capture that aspect but also can help evaluate
if the interactivity will strengthen, weaken or be completely random considering the sequence of

shocks over time.

Figure 4.1 depicts the proposed random draw mechanism in which n,((o),n,(cl) and n,((z) denote the

cumulative number of balls 0, 1 and 2 drawn at the kth iteration, respectively. Drawing ball O does
not change the state of the system. However, when ball 1 or 2 is picked, the state of the system is

changed by decreasing the numbers of balls 0 and increasing those of 1 or 2.
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n®)=1, nfV=1, n?-1
v

n®=0, n'V=1, i

\\‘K

\ .
=0, nP=g, nP=1

.\‘

Figure 4.1 Example of random draws in a pool subject to shocks and interaction

4.2.2 Failure interaction probabilities

Understanding how the probabilities of having a certain number of shocks evolve from one draw
to another is crucial in evaluating the failure probability of the system. Let N (t), N(V(t) and
N®)(t) be the random quantities of balls 0, 1, 2, drawn at t, respectively. The cumulative number
of shocks at t is denoted by N(t) = NO(t) + NO(t) + N@(t). The probability of having a
certain number N(® = [ of shocks ae{0,1,2} knowing that the overall number of shocks N = k at
t, corresponds to the conditional probability P{N®(¢t) = I|N(¢t) = k}. Initially, for any type of
ball, ae{1,2}, P{N@(t) = 0|N(t) = 0} = 1, which is obvious since there is only one possible
case. After the 1st draw, there are two possible cases for each ae{1,2}:
PN@O@) = 0|N(t) =1} =1 - p and P{N@(t) = 1|N(t) = 1} = p'?. If more balls are

drawn, the number of possibilities increase multiplicatively. Then, the probability of n,(f‘) =1lis
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given by P{N @ (t) = I|N(¢t) = k}forany ae{1,2}and 0 < [ < k. Using the total probability law,

P(n,((“) = l) is evaluated in the following manner:

P(n,((a) = l) = p,((a).P(n,((a_)1 =1- 1) + (1 — p,ga)).P(n,E@I = l) 4.2)

Appendix A.1 shows that for 1 < | < k:

(2 = 1) = 5,2t B (b 2 ) (a1 5) 09

1—p1(,i)
Where 170 E (l, ...,k), 171 E (l - 1, ...,k - 1), ...,vl_l E (1, ---,k + 1 - l)

Note that for any [ > k, P(n,((a) = l) = 0, because it is impossible to have N,(t) > N(t). Note

that this distribution differs from a classical one like the Binomial distribution since for the latter,

an experience is repeated with constant probabilities of success and failure. In this model, the

probability of success is equivalent to pfl“). It evolves from one experience of drawing a ball to

another since the state of the system evolves as well.

4.2.3 Time-to-failure with interaction failure modes

The changes occurring due to the shock mechanism act as two extreme shock processes on the
system behavior. Considering a certain failure mode ae{1,2}, we denote by YS(“)the interarrival
times of the shocks that change the structure of the drawing pool and could cause the system’s
failure. The shocks 1 and 2 arrive at times T = ¥J_, v with a magnitude w @ [Tj(a)],j > 1.
The system fails when a shock of type (a) has a magnitude that exceeds the threshold ((®. It is
implied that the effects of the shocks are not cumulative regarding their magnitudes but rather
affect the stability of the system and its propiciency to certain type of shocks. We define T(®, the

time-to-failure due to the N (¥-th shock (a) as follows:

T(a) = Z?’:(i)(t) Y](a) (44)

The lifetime of the system is then T = min(T™, T®). For example, as shown in Figure 4.2, T7(2)

is the time at which a shock 2 above the threshold 1(® occurs and stops the system. The succession
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of shocks 1 and 2 suggests that the occurrence of shock 1 could have significantly increased the

probability of having shocks 2 and failure 2.

W N
’-'L-
[ ]
1@ ®
®
® [
" ™
0 e g 9 e i) ﬁz}'ﬁu T T Tﬁ”T:T;ZJ 7t

Figure 4.2 System subject to two competitive extreme shock processes

For successive random draws, the probability P(T® > t) that a fatal shock will occur past a
certain time ¢ is equal to the probability P{N(®(t) < n} that at time ¢ the n-th fatal failure is not
reached yet:
P(T@ >t) = P{N® @) <n} = X PIN@D () = 1} (4.5)
According to the condition probability law:
P{N@ () =1} = T2 PIN(t) = k} - P{N@(¢) = [[N(t) = k} (4.6)

(/lt) e~

Considering a homogeneous Poisson process of intensity A, P{N(t) = k} = and Equation

(4.3), then

(@)

o] A - -2 - Vr
PN () = 1) = 3, 220 gk ot ...zz;_i=1( L @) (Mea (1-257)) @7
The choice of representing diverse shocks all together in a Poisson process represents a slight
departure from the Reliability Indexes’ Interaction models mentioned in the introduction. The

common approach would be the representation of each process separately and the choice of a
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copula or joint function to bind the diverse processes. In this model, the interaction is represented
in the sequence of shocks but also encapsulated in the shared randomness of their occurrence in

time.

4.3 Probability estimation through a Markov process method

Figure 4.3 depicts the system behavior according to the two competitive Markov processes that
characterize the occurrence of the two failure modes. At any time t, a system state is defined by
the vector X@(¢): (N@(t),N(t)). The system has a countable and finite number of states
i: (l;, k;) where Priff) denotes the probability of transitioning from state i to state j considering the
Markov process associated to type (a) shocks. The joint probability of being at a certain state is

given by:

P{X@(t) =i} = P{N(t) = k;} - P("i(:il) = li) (4.8)

(3 % ~prf
N0 e 7 Psa
Dy HNED)

Figure 4.3 Random drawing as Markov chains considering states i = (;, k;)
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Figure 4.4 provides a more suitable representation of the Markov process.

Considering a very short interval of time s, the transition probability from state i to j has the

following form:

PriY(t t +5) = PX@(t +5) = j|x@(t) = i}

(4.9
PriY(tt +5) = P{(N(a)(t +5) =1, N(t+5) = k)| (NO() = 1, N(t) = k;)}
Prz)[t,t+s) Pr]-’[]f')(t, t+s)
State i
(Ii ’ kl)
li <k;
i<l
ki< k;
Figure 4.4 Random drawing as continuous Markov process
Under a homogenous Poisson process, appendix A.2 demonstrates that:
Pri(e,t +5) = 657 + (s + o(s) (4.10)
_Ai L= ]
(a)
1-— Aiki—ki=11-1=0 1, i=j
where q(a) ( Py ) l and 6(a) {0 i ¢j

Pk k=1L - =1
0 otherwise

51.(;1) is Kronecker’s delta. Because the drawing process is homogeneous, q( )

is independent of
time and p(“) can be easily estimated. If the drawing process was inhomogeneous 4; would be

replaced with A;(t). According to Inamura (2006), the q(“) can be estimated from continuous data

observations:
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q(a) _ Ag;'l) (Toverall)
Y Gi(a) (Toverall) (411)

~

CAIi(ia) = —Zj;ei@i(](-l) =—4
where AE?)(Tovem”) is the number of times the system transitions from i to j during the overall
time T,,erqu OF Observations, Gi(a)(To,,emu) is the sojourn time in state i during Tyyerq- This
implies that:

~(a) _ Al(;'z) (Toverai)

N () )N
J AiGi(a)(Toverall) /

However, it is common that the available data will be discrete. The availability of continuous data
is often reliant on the implementation of Condition-Based Maintenance tools. Inamura (2006)

describes a method to estimate 618.1) if only discrete data observations are available. This requires

the use of the Expectation-Maximization algorithm. Given discrete time observations x°?$, in the

M-step, the likelihood estimator can be obtained as:

~(a) _ E(Ag'l) (Toverall)|x0bs)

g.. = (4.13)
Y E(Gi(a) (Toverall) |xobs)
As an immediate consequence, the probabilities would be:
(a) E( g'l) (Toverall) |xobs)
p, = (4.14)

ki IiE(Gi(a) (Toveratr) |xobs)

Where Zi = Zjii ql(]a)

After estimating the probabilities, the interaction coefficients can be derived and their evolution

can be interpreted. It is safe to assume for k > 1 that:
~(0 ~(0 ~ (1 A A2
oy =D — Tuby — Okpy
Pois = Pi- + Ouby” (4.15)
P = B + P

7, and @, can be estimated by solving Equation (4.15):
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~(1) _ A(1)
(ek — Prt17Pk ﬁZ,k >0

P>
5@ _5@) (4.16)
A~ _ k k A
Yk = ;(1) » Prx >0
k

4.4 Evaluation of the reliability indexes

This section develops the expected time-to-failure and the survival model under the failure
interaction mechanism.

4.4.1 Expected time-to-failure

The expected time-to-failure provides a general idea of the system lifespan, which may help in
designing appropriate preventive maintenance plans. The system fails at T = min(T®,T®)
which means that the system fails when a fatal shock of type 1 or 2 occurs after a certain sequence
of shocks. According to Wald’s equation (Wald, 1944):

E[T@] = E[N@(0)] - E[v“] (4.17)
It is demonstrated in appendix A.3 that:
E(N@@®IN() = k} = 2, pi® (4.18)
Using the law of total expectation, the expected number of shocks (a) during t is:
E[N@@®)] = 27, PIN®) = k} - Bl pf® (4.19)

Considering that m is the maximum number of shocks ever recorded on the type of system studied
throughout its lifespan, and assuming that Zfzmﬂpfa) ~ p,(,‘f) (k —m), then the following

approximation can be made:

E[N@®)] ~ T3, PIN(®) = K} Tl pf@ + 212, o = mpl | [1 - Zio PING) = k)

: (4.20)
+pD[At — T k. PN(t) = k}]

We denote by X; (i = 0,1, ...) the interarrival times in between successive draws, regardless of the

types of balls drawn. Considering that drawing a ball 1 or 2 happens in between successive draws,

regardless of the balls drawn, Yj(a) can be expressed in function of random variables X;.
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v =% wX, (4.21)

where J(® is the set of all of the successive indexes of the interarrival times, regardless of the types
of balls drawn. Bozbulut & Eryilmaz (2018) show that Yj(a) can be represented by a phase-type

distribution.

If N(t) is an homogeneous Poisson process of rate A then X; ~ Exponential (1)
1
E[Y®] = E[S1j@ X)] = 3 E[n] (4.22)

where n, ) is size of J(@, Yj(a) will follow an Erlang distribution with a random parameter n; ).

4.4.2 Survival model

Considering that a fatal shock occurs from either sources leading to failure mode 1 and 2, the

survival probability of the system is defined:
Rs(®) = P(TW >t)-P(T® > ¢t) = P{ND(¢t) <n}- P{NP(t) < n}
Rs(t) = (X120 PIN®W(©) = j} } x (B0 PIN® () = j} } (4.23)

Note that there is no need to develop an intricate joint function for the reliability since the

interaction is already encapsulated in the shocks counting processes. P{N M) = j} and
P{N(Z)(t) = j} have parameters dependent on each other. This allows a certain flexibility and the

possibility to extend the model to multiple failure modes as long as the available data allows it.

Using a similar drawing process, this approach can be generalized for a system subject to M failure

modes due to random shocks. Considering that the number of balls ae{1, ..., M} added before the
i-th draw is x(*), at the i-th draw:

p (@)
o _ . (0 M (&) .. (@) (&) _ Xp-

Pr = DPror~ 2a=10 1 Py Oy = nk -
pool
(@)
v _ @ (@) (@) (@)  _ *1k-
Py =Dk1t 2%=191,?c—1 'pk(ir 6?1,Cllc—1 = =2

Npool

(4.24)

M M XMk~
kpl(c )= pl(c—)l + Xa=1 61\(/16,11)(—1 .pl(ca—)l : 91%1—1 =t
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where Vae{1, ..., M}, x,(c‘?l = yzlxj(fi‘zl and 9,&‘?1 =YL, 9].(;)_1.

The system would experience failure at 7 = min(T©, ..., 7). The survival probability would
then be:

Rs(t) =TI, P(N(a)(t) < n) = H?fﬂ{Z?;& P{N(a) ) = ]}} (4.25)

In order to estimate the interaction probabilities of such a model, M competitive Markov processes
would have to be studied. Availability and separation of data could in that case become a bigger
challenge, since shocks would need to be identifiable distinctly and sequentially. In the following

section, an example based for only two competitive failure modes is provided.

4.5 Example of concrete culverts

This example deals with the maintenance of identical concrete culverts. The condition of each
culvert is inspected yearly and different degradation indices associated with certain dominant
failure modes are measured using a five-level scale. Once a critical level of degradation is reached,
it prompts a maintenance intervention. However, according to the experts of those culverts, two
particular failure modes have a mutual effect on each other when one of them occurs. The cracking
in a concrete culvert may increase the risk of unwanted infiltration and, in the long run, deformation
and even slumping of the entire structure. It is also plausible that intermittent hydrological
problems, such as floods and clutter, would weaken the culvert’s structure. In our case, two failure
modes are considered: severe displacement (S1) and severe cracking (S2). The severe cracking is
the major cause of degradation of a culvert. Based on a dataset giving the age of the culverts and
their degradation indices at the time of inspection, the following probabilities are estimated using
Equations (4.11) to (4.16) (Tables 4.1 and 4.2).

While the influence of S2 on S1 seems to be random, the interaction due to the effect of S1 on S2
is gradual. S2 remains the biggest risk that could lead to severe cracking. Considering the
probability of failure F(t) = 1 — R(t), one can see how the system is affected by the interaction
of S1 and S2 in Figure 4.5.
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Table 4.1 Probabilities io‘ffl)and effect of S2 on S1

Probabilities pS° | 8, (effect of S2 on S1)
k=1 02414 k=1 0.1116
k=2 0.3041| k=2 0.0242
k=3 0.3180| k=3 0.0060
k=4 0.3215| k=4 0.0110
k=5 0.3282

Table 4.2 Probabilities ’p‘fz)and effect of S1 on S2

Probabilities -2 | 9, (effect of S1 on S2)
k=1 0.5624 k=1 0.0332
k=2 0.5704 k=2 0.0518
k=3 0.5862 k=3 0.0634
k=4 0.6063| k=4 0.1032
k=5 0.6395

A global sensitivity analysis is performed regarding the effect of the intensity of the drawing
Poisson process on the model. As presented in Table 4.3, the uncertainty interval [0.0800, 0.1000]
is considered for a nominal value of 0.0879 shocks/year. Interestingly, the coefficients 8, and 7
still capture the phenomenon of interaction with respect to the “speed” of the drawing process. The
displacement failure mode appears to be influenced randomly by the cracking one; while the
cracking failure mode is gradually evolving due to the displacement one. Furthermore, as the
“speed” of the drawing process increases, the influence of displacements on cracking is stronger,

as shown in Figure 4.6.
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Figure 4.5 Distribution functions of S1, S2 and S (both failure modes) at the n-th shock
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o Intensity 4
Coefficients

0.0800 0.0825 0.0850 0.0875|0.0879|0.0900 0.0925 0.0950 0.0975 0.1000
51 0.1115 0.1116 0.1116 0.1116(0.1116(0.1115 0.1115 0.1114 0.1114 0.1113
0, 0.0236 0.0238 0.0240 0.0242|0.0242|0.0244 0.0245 0.0247 0.0248 0.0249
0, 0.0060 0.0060 0.0060 0.0060|0.0060|0.0060 0.0061 0.0061 0.0061 0.0061
0, 0.0104 0.0106 0.0108 0.0110/0.0110|0.0112 0.0113 0.0115 0.0116 0.0118
Y1 0.0271 0.0290 0.0309 0.0329/0.0332|0.0348 0.0368 0.0388 0.0408 0.0429
Y2 0.0459 0.0478 0.0497 0.0515/0.0518|0.0533 0.0550 0.0568 0.0584 0.0602
Y3 0.0588 0.0602 0.0617 0.0631|0.0634|0.0646 0.0660 0.0675 0.0689 0.0704
Ya 0.0679 0.0789 0.0902 0.1014|0.1032|0.1129 0.1242 0.1359 0.1474 0.1594

Variation of coefficients in function of A

100%

75%

50%

25%

0% : ==V

0.0750 0. 0.0900 0.0950 0.1000 0.1050

25%

50%

75%

-100%

—e—de1/61 d82/62 d63/63 d64/04
—eo—dyl/yl —o—dy2/y2 —eo—dy3/y3 —o— dy4/y4

Figure 4.6 Variation of coefficients in function of the “drawing speed” A

Figure 4.7 shows how the drawing “speed” increases the expected number of shocks. The effect is

more prominent on the cracking shocks (S2).
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Approximative E(Ns,(t)) and E(Ns,(t))
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Figure 4.7 Expected number of displacements and cracking shocks that will provoke an

interaction, considering Intensity 4

4.6 Conclusion

Failure interaction is a prominent concept, since failure mechanisms are intertwined in complex
systems. A reliability index interaction model is proposed in this paper. It characterizes interactions
through extreme shocks and random draws. The reasoning behind the presence of interactivity is
stochastic and not defined by structural or economic considerations. In contrast to other interaction
models, the occurrence in time of diverse shocks is represented by a single Poisson process as a
measure of their indistinctive shared randomness. The coefficients representing interactivity are
series that capture the sequential aspect of the physical phenomena. The probabilities of interaction
are quantifiable, random and variable, as they should be. These probabilities are integrated into the
evaluation of reliability functions, mean-time-to-failure and the expected number of shocks. The
parameters of the proposed model are estimated using a Markov process. This method captures the
sequential aspect in the phenomenon of interaction. The number of possible states, while relatively
high, does not affect the computation of the method very much, since there is a straightforward
link between the instant probabilities of shock and the generating matrices. A case study on

concrete culverts is used to evaluate the probability that cracking will provoke displacement and
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vice-versa. The results show that the cracking seems to be significantly accelerated by
displacements. In practice, such findings would be critical in designing appropriate maintenance

strategies to jointly treat displacements and cracking, whenever there are signs of cracking.

It is important to point out that the proposed model considers a Poisson process to represent the
rate at which all shocks will arrive, independent of their nature. Common practice would be to
consider shock rates distinctly in function of their origin and search for a correlation factor. Having
distinct shock rates leaves a gray area as to whether they are independent or if they already
encompass some aspect of the dependence. The common Poisson process for all shocks provides
a simpler model, but is also free from all preconceived assumptions of failure interactions.
Although in this article a homogeneous Poisson process is chosen, it would make the model broader

if inhomogeneous models were explored.

Furthermore, as previously stated, interpretability is a big factor in the construction of useful
reliability models. The objective of such tools is to provide engineers an understanding of
phenomena that are hard to observe and provide insight on possible solutions. The variability in
the evaluation of interaction probabilities captures whether the evolution is progressive, which in
general is rather problematic. Maintenance practitioners could have a preventive approach that is
comprehensive of this evolution. However, it should be noted that the model would not accurately
represent self-healing systems, since the fundamental assumptions do not take into account a
response to a shock from the system. In fact, the reaction to a shock could be delayed or a system
could have built-in counter measures. Still, one could go a step further by broadening the principles

of the random drawings to satisfy this aforementioned situation.

In future work, a condition-based approach will be developed to take into account the degradation
of the system. By doing so, its reaction to shocks will be more explicit and provide more
interpretability. Moreover, since interactivity indicates the need to address failure modes
conjointly, an opportunistic maintenance approach based on similar principles of random drawing

and a failure interaction model will be explored.
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CHAPITRES ARTICLE 3: OPTIMAL PREDICTIVE MAINTENANCE
STRATEGY BASED ON AN INTERACTIVE DEGRADATION MODEL OF
DEPENDENT FAILURE MODES

Toualith Jean-Marc MEANGO and Mohamed-Salah OUALI
Submitted on June 2020 to “Reliability Engineering & System Safety”. JRESS-D-20-00273.

Abstract—This paper proposes an optimal predictive maintenance with a state-based interaction model
that integrates failure interactions as successive random events and combines them with the effect of
natural degradation. Interaction mechanisms are represented through specific sequences, increased
occurrence and size of shocks. Competitive shock processes, their mutual effects and their collective
contribution to a system’s degradation are modelled by a combination of Gamma distributions. To exploit
knowledge on this state-based interactivity scheme, a predictive maintenance strategy is proposed. It
considers the direct impact of repairs on interaction probabilities and the degradation processes. Stochastic
simulation is performed to determine optimal inspection frequency and predictive maintenance thresholds
of the interacting failure modes. A case study on concrete culverts that are subject to two dependent failure
modes, cracking, and displacement demonstrates the efficiency of the proposed predictive maintenance

strategy that integrates failure interaction.

Index Terms— Failure interaction; Interactive degradation; Reliability model; Stochastic dependence;

Predictive maintenance.

5.1 Introduction

The viability of a business depends largely on the management of its physical assets. With regards to this,
maintenance represents a significant percentage of operational costs. The choice of maintenance
equipment, personnel and methods determines the extent of such costs. The latter are unavoidable and
need to be optimized and properly planned. This suggests a discussion surrounding scheduled maintenance
and condition-based tools, considering the type of equipment to be preserved and the financial capacity of
the company (Wang [2002]). Scheduled maintenance or Planned Preventive Maintenance (PPM) relies
mainly on failure times and maintenance logs. It is largely used because it encompasses a large array of
simple models. Predictive Maintenance (PdM) is a condition-driven preventive maintenance (PM)

strategy (Mobley [2002]). It requires more means than just documenting failure times to justify
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maintenance interventions. For example, vibration monitoring, thermography, tribology, are some
techniques can be used to monitor the system’s condition. Thus, this strategy is generally considered to
be more precise, since physical indicators of the state of a system are monitored. Moreover, not only are
they monitored, but previsions are extrapolated from their observed behavior as suggested by the norm
NF EN 13306 X 60-319 (AFNOR [2018]). In terms of interpretability, PdM models have the advantage
of providing a direct physical interpretation to the evolution of the system, and therefore, they offer a
better understanding of the failure phenomenon and point towards the choice of an appropriate preventive
action to take, and specific technicians, and practices, before the failure occurs

Moreover, as modern systems evolve in terms of their complexity, concern is growing regarding the ability
of maintenance models to respond to the intricacies of failure mechanisms (Zio [2009]). Systems, as
described by Cho & Parlar (1991), can have structural, economical and stochastic dependencies. Structural
and economical dependencies can, in many cases, be addressed in a straightforward way, unlike stochastic
dependencies, which are relationships with no deterministic physical model. While most models in the
literature tend to consider independence among failures as a simplifying hypothesis, the reality is that the
dependencies in a system will influence how failures occur and interact. If it is not comprehensively
accounted for in a maintenance model, the interaction between failures might accelerate the speed at which
a piece of equipment fails and produces hidden costs. In fact, the real costs might be slightly larger than

planned costs, due to an underestimation of the reliability indexes of a system.

Murthy & Nguyen (1985a, 1985b) define two concepts of failure interactions: induced failures, when a
component causes the instantaneous failure of another with a probability p, and failure rate or shock
damage interaction when one component’s failure changes the failure rate of another. Models that are
comprehensive of failure interaction are mostly based on these concepts. Meango & Ouali (2019) review
and classify these models into three categories: copula-based, state-based and reliability indexes’

interaction.

Copula-based interaction models use joint functions of degradation processes and/or failure times.
Limbourg et al. (2007), Jia et al. (2014), Eryilmaz (2014), Xu et al. (2017) model the interaction between
reliability functions and failure rates by using Gaussian and/or Archimedean copulas. Guo et al. (2013),
Wang & Pham (2011) link degradation processes and random shocks with constant and time-varying
copulas. Some maintenance models are built based on this approach. Mercier & Pham (2012) represent

correlated wear indicators by a Lévy process and optimize a preventive maintenance cost function. Li et
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al. (2016) propose a condition-based decision rule for maintenance grouping, considering a stochastic
dependence modelled by Lévy copulas. Copula-based interaction models use diverse analytical closed
forms with a constant parameter representing the extent of the interaction. Yet, with this approach, the
effect of maintenance on an interaction is not explicitly addressed. Alongside the mathematical intricacies
of a copula, this brings high complexity to the choice of maintenance procedures and interpretation of the

physical effects of failure interaction.

Reliability indexes’ interaction models study how failure rates from diverse components or failure
mechanisms in a system accelerate with each other. They are based on maintenance logs and failure times.
Most of the associated maintenance models analyze the cost of a replacement, and how it is affected by
failure interaction (Jhang & Sheu [2000], Satow & Osaki [2003], Lai [2007], Lai [2009], Lai & Chen
[2006, 2008], Sung et al. [2013], Lai & Yan [2016]). Diverse concepts of preventive maintenance are
addressed through these models. Wang & Zhang (2009) consider a geometric process repair and renewal
reward theorem. Zequeira & Bérenguer (2006), Castro (2009) propose periodic imperfect preventive
maintenance models that minimize the cost rate for an infinite time span. Golmakani & Moakedi (2012)
determine an optimal periodic inspection interval on a finite time horizon. While diverse, these approaches
do not correspond with maintenance measures that directly mitigate failure interaction. Fan et al. (2011)
and Zhang et al. (2014, 2015) study better alternatives that cooperatively allocate resources like
opportunistic maintenance. However, since they are built for scheduled maintenance, these models inherit
the same limitations in terms of the interpretability of physical phenomena. Furthermore, in most
reliability indexes’ interaction models, failure interaction between two entities is represented by constant

coefficients, which brings rigidity to the models.

State-based interaction models link state variables and provide an interpretation to physical degradation,
external and internal shocks. They are used in the development of condition-based strategies. Peng et al.
(2010), Chen et al. (2011), Huynh et al. (2011, 2012), Song et al. (2012, 2014) work on dependent
degradation and shock processes and adopt periodic inspection, preventive maintenance and replacement
to minimize the long-run cost rate. Liang & Parlikad (2015) focus on optimizing asset availability and
operational costs by integrating them to their work fault propagation. Yousefi et al. (2019) study optimal
on-condition thresholds and inspection intervals for systems where corrective maintenance must be
avoided. The choice of representation for the degradation process is a central matter in condition-based
models. Jiang et al. (2012) present shifting failure thresholds as a consequence of interaction and a basis

for preventive maintenance policies. They propose a model that represents shock sizes as normal random
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variables and natural degradation as following a linear path. Do et al. (2015) use gamma distributions
instead in their condition-based policy since they represent physical degradation well. For most PdM
strategies in the literature, the cost functions are similar. They are based on the renewal theory (Zhou et
al., 2007; Nguyen at al., 2014, 2015, 2017) and have slight differences depending on whether they consider
perfect and/or imperfect maintenance and inspections with fixed or updated periods. Stochastic simulation
is used to optimize the proposed approaches. Although all of these models carry the economic toll of
condition monitoring, they have the advantage of providing more precise and comprehensive results. Yet,
they share a similar rigidity as reliability indexes’ interaction models with regards to coefficients and

parameters.

Meango & Ouali (2020) propose a flexible approach. In a reliability indexes’ interaction model based on
extreme shocks and Markov processes, interaction between two failure modes is represented as a series of
probabilities. In this paper, this model is extended to integrate degradation processes and cumulative
shocks regarding two distinct failure modes. This new state-based interaction model is then used as the
basis of a PdM strategy. Simulation is used to find the optimal inspection period and repair thresholds of

the interactive failure modes in order to minimize the proposed cost function.

The remainder of the paper is organized as follows. Section 5.2 introduces the interactive degradation
model that combines the interaction processes of failure modes. Section 5.3 develops the optimal
predictive maintenance model that minimizes the total average cost over time. Section 5.4 presents a real
case concerning the maintenance of concrete culverts. Section 5.5 discusses and concludes the proposed

approach and the obtained results.

5.2 Interactive degradation model

The proposed model considers a system subject to two dependent failure modes. These failure modes are
themselves caused by distinct natural degradation mechanisms and random shocks. On one hand, we
assume that the natural degradation mechanisms, denoted by (a) (i.e. 1 and 2), are independent from each
other. Meaning that, the degradation mechanism that could lead to failure mode 1 does not affect the
degradation mechanism that could lead to failure mode 2, and vice versa. A time-dependent Gamma

distribution is adopted to represent each natural degradation mechanism as follows:
Xéa)(t)~Gamma(a(§a) t, ,BE)‘”) where ('t and B denote the shape and inverse scale parameters of the

Gamma distribution, respectively. The choice of gamma distributions is motivated by their flexibility and
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suitability in the representation of physical deterioration as emphasized by Do et al. (2015). The advantage
of the assumption of independence between natural degradation paths is that the direct effects of

interaction are observable through the occurrence and sequence of the competitive shocks.

On the other hand, shocks occur following a homogeneous Poisson process of intensity A. The model
distinguishes shocks in terms of their effect on the degradation level of the system as related to failure
modes. A shock is denoted by a (1 or 2) if it has physical effects that could lead to the failure mode a (1
or 2). Each shock could either have no effect or cause instant jumps in the overall degradation. The system
fails when the cumulative degradation exceeds a given threshold. The interaction partially resides in the
fact that a shock 1 increases the probability that the next shock will be a shock 2, and vice versa. Equations
(5.1) formulate the basis of the interaction model at the k-th shock (k > 1).

P’ = Pty + Oi1 Pih
p = pf)l + Y- 119,(3)1 (5.1)

0 2
p = —y_ip® — 6 PP,

where p,(cl), p,(f), Dk © denote the probabilities that the k-th shock is a shock 1, a shock 2 and a shock that

has no effect on the system’s degradation, respectively. 8, _, and y,_; denote the interaction probabilities
that represent the influence of a previous shock 2 on the occurrence of shock 1, and the influence of a
previous shock 1 on the occurrence of shock 2, respectively.

The number of distinct types of shocks is important in the construction of the interactive degradation
model. N(t) denotes the overall number of shocks at time t, while N®(¢) is the number of shocks a =

1,2 at time t. Considering that all shocks follow a homogeneous Poisson process of intensity A,

P{N(t) =k} = M , Equations (5.2) express the probability of having [ shocks a = 1,2 at t.
Atk (@)
PIN@(6) = 1} = T, =— 25;1%11%:1(1 - )

(a)
PN@(t) =1} =32, W) . Zvo—lzzi;zlq"'Zzi:i;(H’” pvr(a)) (Ma(1=p2)) 1> 1

Vr

(5.2)

Instant shock probabilities p(a)

are estimated using Markov processes, which lead to the estimation of
interaction probabilities 6y, and y;.. In order to reduce the computational toll of estimating P{N @) = l},

Equations (5.2) can be approximated. Considering the maximum number, denoted by m, of shocks ever
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recorded on the type of system studied throughout its lifespan, a finite sum can be estimated (see Meango

& Ouali (2020) for further explanation). After the estimation of parameters ;3,((“), the following applies:

(At)ke~

Kl Zv 1 _A(a) Hh 1(1_13((1))

1

PINO@®) =1}~ T,

~(a)

(lt) - -2~ Py, A
PIN@ (0) = 1) ~ 3, B0 zvo_lzzg;_l...zzﬁ_izi(m1 _A@)( ka(1-827)) 1<ism

1-Dy,

PIN®@®) =1}~0 ,I>m
(5.3)

Now, assume that Tj(“)is the arrival time of a single j-th shock and Mg(a) is the degrading effect of the j-

th shock a on the system. Thus, the cumulative effect of N(® shocks a denoted by S@ (t) is given simply

with the following equations:

SMTOW® i N@(@©) >0

(a) —
SO = if NO@) =0

(5.4)

To express the dependence of the damage sizes between a given shock and a previous one, we introduce

@ =1whena = 2,a = 2 whena = 1, and the counting variable M@ (j) that is the number of shocks @)

prior to the j-th shock a. I/lg.(a) is the sum of the shock size denoted by Zj(a) intrinsic to the failure mode

a, and an additional shock size resulting from prior shocks a and denoted by ej(a). This interactive effect

is assumed to impact only the next shock, rather than create a domino effect. The cumulative effect of

N @ shocks a can be rewritten as:

N@ >(t) (@ , yMPND©®} (a) o n(@)
S@(p) = {Z -1 4 + 2o, if NO(({t)>0 (5.5)

0 if N@({)=0

Overall, the degradation process as related to failure mode a, denoted by Xs(a)(t), is expressed in the

following manner and presented in figure 5.1:
XD = x5 + s@(¢)

@ M@{N@ () .
X9 _{X(“)(t)+ZN V0 7@ 43 1{ } e if N@O@) >0

(5.6)
XM if NO@) =0
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Figure 5.1 System subject to two competitive and interactive degradation processes

The system will fail if Xé“)(t) passes a certain degradation level threshold L(®). The probability of that

occurrence ought to be studied to evaluate the reliability function of the system. The cumulative

distribution function (cdf) of X§a) (t) can be derived as:
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P(XS(“)(t) < x)

= P(Xs(a)(t) < x|1v(a)(t) = o) . P(N@(t) = 0)
+ Z {Z P(xE () < xN@©®) = L M@ D) = v) - P(M@ ) = v)
-P(N®(t) =1)

(5.7)

Considering that k draws occurred, the probability P(M(‘_‘)(l) = v) depends on specific configurations

where the last shock is of type a:
P(M@ (1) = v) = ¢ max wenn P(nis = vnf = 1= 1) - p?, (5.8)

From Equation (5.2) it can be deduced for positive integers ¢ and d that:

(a
@ () _ d vSo—1 Sg—2—1 —1Psy d. (@)
(P(nD, = @, = d) = 3574, 2<H pm))(nznph )

Sr

P(n(a) —c, n(a) _ 0) T2 1p(a) (5.9)

I
L P(n? =0,n” =0) =1
Knowing k, the above equation can help determine P(n,(f‘)1 =, n,(j‘)1 =1- 1) by recurrence, since,

where it applies:
P(ng D = ¢, n® = d)
= P( @ =c,n® = d) p® 4 P( @ —c—1,n = d) p®
+ P( @ —cnl® =d- 1) p{®
(5.10)
Furthermore, it is assumed that Zj(a)~Gamma(a§a),B(Za)) and ei(a)~Gamma( @ ,B(a)) Zj(a) are

amplitudes solely due to shocks a and e.(a) are additional amplitudes of shocks a due to previous shocks

a. In practice, to determine (az ,ﬁ(a)) a gamma distribution is fitted to a sample of observed single

shocks a with no prior shocks a. To determine (ag“), 35;”), a gamma distribution is fitted to a sample of
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observed single shocks a preceded by single shocks a. aéa) is subtracted from the shape parameter of that

distribution to obtain &(* with the assumption that 85~ = B*. This suggests that additional shocks &'“’
have the potential to be as damageable as shocks Zj(a) to the system. The choice of gamma distributions
is not only suitable for physical degradation, but also offers alternatives in the combination of the

processes. As a direct consequence, Y_; Zj(a) +Y0 el ~Gamma(la§a) +val®, ,B(Za)).

P(XS(“)(t) < x|N @) =1,M@() = v) can be estimated with approaches from Mathai (1982) or

Moschopoulos (1985). It can more simply be approximated with the Moment-Matching-Method:

( a (a) p(a)

P(Xs(a)(t) < x|N(a)(t) =1, M@ () = v) ~ %
Ly

(@) _ {“ga)ﬁ(()a)”[laéa)+va§a)]ﬁ(za)}2

| v “c(Ja)(ﬁéa))zw[laéa)_,_vaga)](ﬁéa))z

@ _ ) o )

\ Lv aga)ﬁéa)t+[laéa)+va‘(ga)][>’(za)

(5.11)

The proposed combination of Gamma processes narrows the definition of the interaction mechanisms to
the occurrence, sequence and size of shocks. Indeed, the probability that the system will be affected by
the next shock increases as a result of precedent shocks. Moreover, the size of the next shock will depend
on precedent shocks.

The reliability function is evaluated by assuming that both failure modes have the same importance. Either
one can independently stop the system. Though, their interdependencies are encapsulated in the
distributions of the two competitive shock processes. Considering degradation thresholds L(®, the

system’s reliability is:
R() =TTt P(X7(0) < 1) (5.12)

In the next section, a predictive maintenance strategy is developed based on the proposed interactive

degradation model.

5.3 Predictive maintenance strategy using interactive degradation model

We consider a repairable system subject to two failure modes 1 and 2. The system is inspected at the

constant period Q. At each inspection moment, a repair action is performed on each failure mode (a) when
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the threshold L(ra) is reached. This repair action is considered as preventive maintenance (PM) since it
occurs before failure. It restores the degradation level to its initial value. The system undergoes an overhaul
maintenance (i.e. corrective maintenance) if the cumulative degradation of the more expeditious failure
mode a exceeds its threshold L(®. We assume that the overhaul maintenance makes the whole system in
“as good as new” condition. The repair actions eliminate the potential effect of prior shocks on the next
shock. If the system fails in between inspections, it stops functioning and no action is performed until the
next inspection. The time to repair is not considered in this strategy, but rather, repairs are assumed to be
instantaneous and their impact is represented within the costs.

Considering the inspection cost C;, the repair costs Cr(l) and Cr(z), the overhaul cost C,; and the downtime

cost per unit of time C,,, the cumulative maintenance cost of the system at time ¢ is given by:
(L, L2,Q) = CNy() + COND (@) + CPNP ) + Cop + Carp(t) (5.13)

where N;(t), Nfl)(t) and Nr(z)(t) are respectively the number of inspections and repairs (PM) related to

failure mode 1 and 2. p(t) is the downtime due to an undetected failure.

Using the renewal theory as proposed by Do et al. (2015), the long run expected cost per unit of time is:

W ;@ o) _ Ee (11 0)]
c(L,1?,0) = P (5.14)

where H represents the life cycle of the system and E[. ] is the expectation.

Through stochastic simulation, the cost criterion and subsequently the minimum cost rate are evaluated to

obtain the optimal values of the decision parameters:
C(Lg.l)*, Lg,.Z)*, Q*) — minLgl)’ng)’Q {C(Lg.l), LS,-Z),Q>,O S le) < L(l)' 0 S Lsﬁz) < L(Z), 0 < Q < OO} (5.15)

A large number of iterations is recommended for such simulation schemes. It is also necessary to
understand all mechanisms intervening in the maintenance decision process. Figure 5.2 describes this

process, which takes inspiration from Do et al. (2015). It can be outlined in the following manner.

a)

The state of the system is updated after each maintenance action. X; I

(t) is defined as the state after j

inspections. The total number of inspections at t is then:

N;(t) = [t/Q] (5.16)
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We define variable t(j) = t — jQ and probabilities p(a) (k =1,2,...) as instant probabilities of shocks a

between the j-th and (j + 1)-th inspection (j > 0). The probability of having a certain number of shocks
a in the interval 1jQ, (j + 1)Q] is:

(@)
w A ) - —— _ Djy,
P{Nj(a)(T) = l} = T Zvo_zZZ‘iJ_l M (Hi: J(a))(l_[h 1(1 P(a))) (5.17)

1 ]Vr
In the first period ]0, Q], pé‘}? (k = 1,2, ...) can be determined through Markov processes. In subsequent

intervals ]jQ, (j + 1)Q] where j > 0, previous states become important and p(a) (k =1,2,...) are updated

at jQ in the following manner:

(&) () (a)
(@) _ p] 1k+lj 1 l’f Xg'j_l(Q) < LT‘ (PM)

e = , j>0 (5.18)
M P((),C;c) if Xé'(j‘)_l(Q) > L(ra) (PM occured)

where [;_; = N;_;(Q). This updating method alters the state and the probability of failure in the interval

1jQ, (j + 1)Q]. The degradation level is updated as well upon maintenance. In the first period ]0, Q], the
degradation level is similar as in section 5.2. In subsequent intervals ]jQ, (j + 1)Q] where j > 0, previous
states determine the maintenance actions:

RSO .
ve WO @ i X (@ <L (PM) 519

M@(N@
v 1{ ) éa) if X(a) @) = L(a) (PM occured)

0 [ @ e v 52

(1)
X(a)( )_I_Zk L Z(a)

where MJ@ retraces all possible configurations of the process in this interval.

5.4 lllustrative example

The illustrative example deals with concrete culverts that are used in road systems to allow water or even
wildlife to circulate under a road. The failure of such structures can sometimes lead to the collapse of
roads and can leave communities stranded until an overhaul happens. Since this is an event to avoid at all
costs, the failure of a culvert is defined at a certain level of physical deterioration and/or congestion of the
structure. Diverse failure modes are anticipated, and several state variables are recorded throughout the
lifespan of culverts. Generally, the condition of culverts regarding each variable is inspected regularly
using a five-level scale. When reached, the two lowest levels are critical and considered as failures of the

systems. They prompt corrective maintenance actions.
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Given L < L@, [@ < 1™,
j = Ol
P p® (k=12,..)
N;(0) = 0, N (0) = 0,NP(0) = 0
(v o) =om P} =0 | /7 N
xPa0=xP@,  x8,.0=x2©@

N @ =0, ND©@=0 NZ©@=0
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Figure 5.2 Flowchart of the proposed PdM strategy
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According to experts, there are two crucial degradation mechanisms to monitor that have a mutual
effect on each other: cracking and displacement. Cracking increases the risk of infiltration, causes
deformation and even slumping. The inverse effect, displacement threatening the integrity of the
structure, is also plausible. Thus, two failure modes are studied in this case: severe displacement

and severe cracking, denoted by S1 and S2, respectively.

The dataset used is comprised of the age of the culverts and the degradation levels at the time of
inspection. Degradation levels and intensities of shocks are evaluated on the a five-level scale. The
equivalent physical measures of displacement and cracking and their damageability are evaluated
by trained inspectors. In the article by Meango & Ouali (2020), all changes in degradation levels
are considered to be the result of shocks. Here, a differentiation is made between sudden shocks
and continuous deterioration. Since sequences are key to this study, it should be noted that the data
is not raw. Indeed, issues regarding missing inspection data have been addressed prior to the
implementation of the models. Data have been duly cleaned and transformed to observe the proper
indicators of sequences. Expert opinions, quality control methods like Shewhart charts (Deng et al.
[2012]) and even data mining methods such as pattern recognition helped to that extent. Table 5.1

provides the different parameters of the model for S1 and S2. Table 5.2 provides the means and

(52)
P

variances of Zj(S 2 Zj(S 2, ei(Sl) and &

Table 5.1 Degradation parameters of concrete culverts for both displacement (S1) and
cracking (S2) failure modes

Parameters| a =851 a=3S52
al” 0.0043|  0.0160
B 0.8422|  1.1790
al® 11.3475|  3.7742
B 9.8023|  2.2834
al® 1.0966|  0.0638
B 9.8023|  2.2834
L@ 3 3
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Table 5.2 Means and variances of the Gamma distributions of shocks S1 and S2

(s1) ($2) (s1) (52)
Shocks Z i Z]. g; g;
Mean 1.1576 1.6529 0.1119 0.0279
Variance 0.1181 0.7239 0.0114 0.0122

In terms of interactive impact through damage sizes, the mean of s?” as a result of prior S2 shocks

represents a nearly 10% addition to S1 shocks. The mean of sgsz) as a result of prior S1 shocks
represents an approximately 2% addition to S2 shocks. Failure interaction increases the sizes of

shocks and those cumulated shocks accelerate the failure of the system.

With a rate 4 of 0.0995 shocks/year, the interaction probabilities are estimated in both tables 5.3
and 5.4. These results emphasize that cracking represents a bigger risk than displacement in

producing damaging shocks to the culverts.

Table 5.3 Probabilities ’p‘}fl)and effects of Table 5.4 Probabilities io‘ffz) and effects of

S2o0n S1 Slon S2
Probabilities p§ ' | 8% (effect of S2 on S1) Probabilities B> | 9, (effect of S1 on S2)
k=1 02728 k=1 0.1164 k=1 0.3663 k=1 0.1337
k=2 03154 k=2 0.0619 k=2 0.4027 k=2 0.1271
k=3 0.3404 k=3 0.0400 k=3 0.4428 k=3 0.1295
k=4 0.3581 k=4 0.0282 k=4 0.4869 k=4 0.1354
k=5 03718 k=5 0.5354

Figure 5.3 shows how the reliability is affected by interactive failures and the contribution of each
failure mode to the system’s failure function. The probability of failures due to S1 and S2 are
undervalued when interaction is not accounted for. The overall effect is that the system is deemed

more reliable than it really is if failure interaction is not integrated in the model.



P(XEV () < LOY)

1-P(XFV () < L)

Figure 5.3 Reliability and failure functions of S1, S2 and both failure modes
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S2 has a slightly bigger impact and brings down the reliability curve of the whole system slightly

faster than S1. Instant probabilities p, 5(52) produce this effect.
Overall, instant probabilities ", pS°2 and additional shocks eV, ¢ that are a direct

consequence of the interaction phenomenon decrease the reliability of the system. Maintenance
resources might be misallocated or undervalued if such variables were overlooked. Once the
reliability parameters are known, a maintenance policy can be tailored to the behavior of the
system, considering all known costs. The unplanned and planned repair costs are, in general,
aggregate values of diverse maintenance actions on culverts such as cleaning, filling, realignment,

insertion, etc.

Further information on practices regarding culverts can be found in research by Watanabe & Koga
(2012), Regier (2015) and Meegoda & Zou (2015). In this paper, we use annual cost ratios to the
overhaul corrective maintenance cost as outlined in Table 5.5. Therefore, the cost function provides
a ratio to C,j,. Doing so is equivalent to studying the real costs and provides a sense of the
proportions of the maintenance expenses compared to one another and to the overall corrective

maintenance cost.

Table 5.5 Cost ratios to the corrective maintenance (overhaul) cost per unit of length

C. €Y @) C
Cost ratios = — ) = Cr n® = i T = =
Coh Coh Coh Coh
Annual cost ratio per
unit of length (%) 1.25 7.14 7.50 12.50

Two cases are systematically considered and compared: interaction and no interaction. As outlined
in the previous section, a simulation has to be performed. Many iterations are required. One way
to decide on a maximum value for the inspection period Q and thus reduce the number of
computations is to search for the minimum of an age-based preventive maintenance policy. An
evident consequence of the differences in reliability functions, as shown in Figure 5.3, would be
that the age-based policy integrating interaction would provide an optimum at an earlier age than

the alternative without an interaction.
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The proposed repair strategy is applied, and several values of the decisional parameters are tested.
Results from one simulation compared to another might slightly differ depending on the number

of iterations and the chosen input values. Indeed, the candidate values of the parameters

L&S“,LSZ% Q are limited in number and condition the choice of the optimums. The principle is to
approximate ideal values with sufficient runs and candidate values while keeping a balanced
understanding of the computational toll. Since only 5 degradation levels are evaluated by
inspectors, we define intermediary levels to have more options to choose from and to compare
alternatives with and without an interaction. Table 5.6 shows samples from different simulations.

The minimum prices per inspection period Q are in bold.

The first observation from the simulation is that, generally, long inspection periods will increase
the total average cost per year. This is due to the overhaul maintenance cost, which could also be
understood as a set-up, installation or replacement cost. On one hand, if inspections are not
performed often enough, that cost occurs early, as the life cycle of the system is shortened. On the
other hand, if inspection periods are too short, the overall cost increases as well, meaning useless
inspections are performed. Another observation is that the highest costs occur when the preventive

maintenance thresholds are the highest.

Table 5.7 shows the optimum values from the simulations, with a policy that considers interaction
and with a policy that does not consider interaction. A policy without interaction basically
considers that interaction probabilities 8, and y, are null. The probability of the occurrence of

shocks does not grow as a result of previous shocks. Also, such a policy does not represent

(51
i

additional shock sizes ¢;°"* and el.(sz), which in related simulations are fixed to value 0. A low
threshold means that action should be taken upon early signs of degradation. As previously
established, S2, which has a bigger impact on reliability, requires the most caution and indeed has

a low threshold. Yet, acting too early may increase the overall cost.

As a general observation, involving failure interaction in the policy affects the overall cost, since
without considering this, unplanned failures are more likely to happen. The 0.11% difference
between both costs seems insignificant at first, but in the region studied, concrete culverts are in

the order of thousands, are used over several decades, and are used on kilometers of roads.
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Table 5.6 Yearly cost-ratio per unit of length of the PdM strategy for diverse values of

LSV 15% and @

(s1) ;(52)
Candidate thresholds ”(Lgsn’LS‘SZ)’ Q) - W (%)
Candidate inspection periods Q
L£s1) Lgsz) 1 2 3 4 5

1 5.75 5.18 5.14 5.40 5.56

1.5 5.51 5.15 5.27 5.40 5.59

2 5.62 5.30 5.55 5.72 5.85

2.5 5.85 5.65 5.81 6.08 6.33

1 5.63 5.00 5.10 5.32 5.51

1.5 5.52 5.11 5.15 5.32 5.55

2 5.61 5.23 5.28 5.63 5.80

2.5 5.75 5.52 5.71 6.05 6.22

1 5.59 5.07 5.14 5.32 5.53

1.5 5.42 5.08 5.33 5.41 5.84

2 5.56 5.27 5.59 5.82 5.89

2.5 5.78 5.61 5.81 6.20 6.37

1 5.70 5.25 5.35 5.48 5.68

1.5 5.59 5.35 5.38 5.60 5.83

2 5.59 5.29 5.62 5.78 5.95

2.5 5.90 5.75 5.74 6.20 6.53

Table 5.7 Optimum values of the PdM strategy

Optimal values for 1000 runs (with a 99% confidence interval)
Simulations S
9 (S1)+ (S2)* SD)x 5 (S2)% s (L7 L>7%,Q
Q Ly Ly ﬂ(Lf. ) ,Lf. ) ,Q ):%(%)
With -
interaction 2 15 1.0 5.00 £ (7.76 x 1077)
Without -
interaction | 2 15 15 5.11 + (6.41 x 107%)
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Moreover, the corrective maintenance or replacement cost of a single concrete culvert could easily
be in the order of thousands of dollars. These additional costs could be avoided if S2 or the cracking
of concrete culverts is addressed in very early stages, before it accelerates and causes more

displacements.

Furthermore, we consider diverse preventive maintenance costs to see whether, regardless of these,
our observations hold. Table 5.8 shows the observed optimum values from the simulations, with
interaction and a policy of not considering interaction. The overall cost with interaction always
remains inferior or equal to the cost without interaction. An interesting observation is that, with
higher preventive maintenance costs, there is a tendency to have higher thresholds L(rSl)* and L(rSZ)*.
Even though the threshold for S2 remains the lowest, there is a tendency to rely less on preventive
maintenance as its cost grows. This is logical, since preventive maintenance is only a viable choice
if the related overall expenses are more advantageous than just letting the system fail and relying
on corrective maintenance. However, in the case of culverts, the cost of corrective maintenance
will always be very high in comparison to preventive interventions, and frequent preventive actions

will extend the life span of the systems.

5.5 Conclusion

The stochastic dependence of failures is a subject that has gained a lot of traction over the past few
years in the research community. If relatively simple systems like culverts can be subject to
complex relationships affecting their reliability, the eventuality that more complex systems would
be significantly affected by failure interaction is plausible. In this paper, the interactive degradation
model offers an approach that integrates natural degradation and distinguishes it from competitive
shock processes. Instant probabilities of shocks grow according to the sequences of these shocks,
which characterize the interaction phenomenon. Moreover, additional damages represented with
Gamma distributions occur, depending on those sequences. Going one step further, a repair strategy
is proposed to emphasize the important effect of failure interaction on maintenance policies. It
considers the above-mentioned sequences to evaluate the cost of maintenance for a system subject
to two failure modes. The optimal degradation thresholds and inspection period to perform repair

actions are estimated through stochastic simulation.
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Table 5.8 Optimum values of the PdM strategy for different cost ratios per unit of length:

n£51) and nSSZ)
Without interaction With interaction
S+ 752+ o S+ 7 ($2)x =rroron
o P O Y R I ICORR S n(L’ S ) L0 | g | gr "(L’ L Q ) minimum
" " (%) " " (%) cost ratio
(%)
5.00 1.0 1.0 2.0 4.77 15 1.0 2.0 4.61 0.15
7.50 15 15 2.0 4.95 15 1.0 2.0 4.93 0.02
5.00 | 10.00 15 1.5 2.0 5.16 15 15 2.0 5.16 0.00
12.50 15 2.0 2.0 5.47 15 15 2.0 5.38 0.09
15.00 15 2.0 2.0 5.61 15 15 2.0 5.59 0.02
5.00 15 1.0 2.0 4.92 15 1.0 2.0 4.92 0.00
7.50 15 15 2.0 5.04 15 1.0 2.0 5.03 0.01
7.50 | 10.00 15 15 2.0 5.25 15 15 2.0 5.25 0.00
12.50 15 15 2.0 5.55 15 15 2.0 5.47 0.09
15.00 1.5 2.0 2.0 5.69 15 15 2.0 5.68 0.01
5.00 15 1.0 2.0 4.82 15 1.0 2.0 4.82 0.00
7.50 15 15 2.0 5.13 15 15 2.0 5.13 0.00
10.00 | 10.00 15 15 2.0 5.36 15 15 2.0 5.34 0.01
12.50 15 2.0 2.0 5.64 2.0 15 2.0 5.55 0.08
15.00 25 2.0 2.0 5.74 25 2.0 2.0 5.74 0.00
5.00 2.0 1.0 2.0 4.92 15 1.0 2.0 4.82 0.11
7.50 2.0 15 2.0 5.21 2.0 15 2.0 5.21 0.0
12.50 | 10.00 2.0 15 2.0 5.41 2.0 15 2.0 541 0.00
12.50 2.5 2.0 2.0 5.63 2.0 15 2.0 5.61 0.02
15.00 2.5 2.0 2.0 5.72 25 2.0 2.0 5.72 0.00
5.00 2.0 1.0 3.0 5.08 15 1.0 2.0 5.02 0.07
7.50 2.0 1.0 3.0 5.31 2.0 15 2.0 5.27 0.04
15.00 | 10.00 2.0 15 2.0 5.46 2.0 15 2.0 5.46 0.00
12.50 2.5 2.0 2.0 5.65 25 2.0 2.0 5.65 0.00
15.00 2.5 2.0 2.0 5.76 25 2.0 2.0 5.76 0.00
Mean error on minimum cost ratio per unit of length 0.03
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Furthermore, our intuition on the effect of failure interaction on maintenance policies and the
related costs are confirmed with an application of the proposed models on concrete culverts. It
demonstrates that acknowledgment and integration of stochastic dependence in the maintenance
model provides the right choice of repair action thresholds. The concrete culverts should ideally be
inspected at least once every 2 years. Since cracking is gradually influenced by displacement and
facilitates displacements, the threshold for preventive maintenance actions should be chosen in
such a way that cracking is addressed at an early stage. Yet, if it is addressed too early, it increases

the overall cost of applying the strategy.

However, it is possible that relationships between the failure modes could be more complex. The
current model is based on the hypothesis that the mechanism of the natural degradation remains
unchanged regardless of the number of shocks that occur. Moreover, the shocks are altogether
supposed to follow a homogenous Poisson process. While this might be accurate for a simple and
steady structure like a concrete culvert, in other cases, the shock processes might be more intricate.
Additional shock damage sizes due to interaction could accumulate and grow exponentially in a

domino effect.

In future work, accelerations of the natural degradation speed and a nonhomogeneous Poisson
process could be integrated to the current reliability model. Exploring the idea of a domino effect
on the accumulation of additional shock damage sizes would also be beneficial. Furthermore, it
would be of great interest to consider a maintenance model involving variable inspection periods
for the benefit of having a more dynamic strategy that would capitalize better on the knowledge of

failure interaction mechanisms.
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CHAPITRE 6 DISCUSSION GENERALE

6.1 Récapitulatif

Quelles sont les bonnes pratiques dans la conception de modéles caractérisant 1’interaction des
défaillances? La premiére contribution de la thése répond a cette question d’un point de vue
conceptuel, méthodologique et applicatif. Avant tout, divers modéles d’interaction des défaillances

sont revus et classés en trois catégories :

e Modeéles d’interaction basés sur les indices de fiabilité : ils ont pour but de mettre en relation

les indices de divers modes de défaillance tels que la probabilité de défaillance et le taux de
défaillance. Ces relations expriment I’interactivité sous forme de coefficients augmentant

ces indices. Ces coefficients sont parfois estimés expérimentalement.

e Mod¢les d’interaction basés sur 1’état : ils ont un lien direct avec la maintenance prédictive.
IIs sont construits sur la base des liens stochastiques entre les variables d’état d’un systéme.
Vu qu’il s’agit de systémes physiques, la dégradation et les chocs sont des facteurs
proéminents pour déterminer 1’état. L’interaction des défaillances s’exprime la encore en
termes de coefficient d’accélération de la dégradation ou de la probabilité de chocs

précipitant I’atteinte d’un seuil de dégradation critique.

e Modéles d’interaction basés sur une copule : une copule est un outil mathématique qui

représente la dépendance analytiqguement. La plupart des modeles utilise des copules mais
tout en se basant sur des hypotheses préalables sur les mécanismes de dépendances. Ce type
de modele interactif se distingue par 1’absence de ces hypotheses. La copule a pour
parametres des coefficients qui mesurent la corrélation des temps de défaillances, des

indices de fiabilités et/ou des variables d’états du systéme.

D’un point de vu conceptuel, les hypothéses de départ d’un modele d’interactivité sont clés. Elles
déterminent le cadre d’application de ce dernier et en définissent les limites. Il est important que
ces hypothéses ne soient pas trop larges comme dans le cas des modeéles basés sur les copules. En
effet, la difficulté de n’émettre aucune supposition a valider ou infirmer est que la corrélation qui
découle des copules est difficile a interpréter. Les mécanismes des phénomeénes étudiés demeurent

masqueés par des valeurs statistiques, généralement sans dimension physique. Cependant, définir
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des hypotheses trop restrictives limite grandement 1’utilisation. Plusieurs mod¢les faisant interagir
les indices de fiabilité souffrent de cet inconvénient. L’interaction est parfois considérée comme
unilatéral ou est représenté en fonction des dépendances structurelles qui identifient des
composants plus importants que d’autres. En réalité, tel que plusieurs fois mentionnées dans cette
these, les dépendances dites stochastiques ont une incidence qui peut étre indépendante des
dépendances structurelles ou en dépasser la compréhension. L’interaction des défaillances peut
aussi étre bilatérale ou réciproque dans un systéme. Une bonne approche est de s’inspirer de
phénomenes physiques, ce que font de facon intéressante les modeles basés sur 1’état. Un aspect
qui ressort certainement de la panoplie de concepts utilisés, ¢’est que 1’étude de la séquence
d’arrivée des défaillances doit motiver les hypothéses initiales.

Les méthodes, pour la plupart techniquement avancées, s’inscrivent dans le cadre défini par les
concepts de déepart. Elles peuvent étre statistiques et/ou probabilistes, basées sur des données. Les
données peuvent étre des temps de défaillances ou des données issues des outils de maintenance
conditionnelle. Si seuls les temps de défaillances sont disponibles, le phénomene interactif se décrit
uniquement par son influence sur 1’age du systéme. On a pu remarquer a partir de la premiére
contribution que dans ces cas-ci les chercheurs s’appuient souvent sur des données expérimentales
pour estimer des coefficients interactifs. La disponibilité de données sur 1’état du systéme a divers
stades de son cycle de vie, informe grandement sur la présence de phénomenes interactifs, un autre
avantage que présente les modeles basés sur I’état du systeme. Par contre, vu I’importance des
séquences des mécanismes qui engendre une défaillance, plus que de juste observer des variables
d’état, 1l faut étre capable de remarquer les variations que subissent ces facteurs, les classer et/ou
les ordonner et les relier stochastiquement les unes aux autres. Les méthodes probabilistes
Markoviennes se prétent bien a ce genre de besoin. Les méthodes Bayésiennes sont une alternative

qui gagnerait a étre étudiée.

Les champs d’application des dépendances stochastiques sont variés. Elles peuvent servir dans la
phase de conception du systéme, que ne couvre pas cette thése. Des références a ce sujet sont
mentionnées dans la revue de littérature. Les modeles bases sur les indices de fiabilité servent
généralement a mettre en place des stratégies de maintenance planifiée tandis que ceux basés sur
I’état sont en relation avec la maintenance predictive. Le colt économique de la maintenance
prédictive peut représenter un frein pour I’application de cette derniére et une étude budgétaire au

niveau de I’entreprise est toujours nécessaire avant de la sélectionner. Quoi qu’il en soit, elle
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demeure un avantage économique et stratégique sur le long terme. En effet, la plupart des modéles
proposes peuvent étre mis a jour au fur et a mesure que les caractéristiques physiques et les
phénomenes interactifs se dévoilent dans les données récupérées. Cependant, la premiere
contribution avait révélé que bien des données proposées étaient simulées ou provenaient de
travaux expérimentaux. La rareté d’applications en situation d’exploitation levait une ombre sur la
réelle applicabilité des modéles proposés. C’est en cela qu’étaient nécessaires la proposition d’un
modele respectant les besoins conceptuels et méthodologiques mentionnés plus haut et son

application a une situation d’exploitation.

Les seconde et troisieme contributions (resp. Chapitres 4 et 5) répondent a ce besoin. Le chapitre
4 présente I’interaction via une série de probabilités d’occurrence de chocs aléatoires. Nous
considérons ces probabilités comme des indices de fiabilité. Elles sont combinées pour définir la
probabilité de défaillance du systéme due a un choc extréme. Le modeéle est de ce fait un modéle
d’interaction basé sur les indices de fiabilité. Un principe de tirage dans une urne et de
transformation de 1’urne inspire cette approche. En effet, en situation d’exploitation, ¢’est ainsi que
I’interaction est percue. On entrevoit les effets croissants a divers stades de son évolution. Le
modele physique qui explique la croissance de la probabilité d’occurrence d’un choc demeure
caché et est équivalent a I’ajout d’un nombre aléatoire de boules a cette urne qui représente le
systeme. Les distributions qui en découlent contiennent un grand nombre de parametres que 1’on
peut estimer avec des processus de Markov. Cette approche permet de mettre en lumiere 1’état du

systeme et les sequences des défaillances par des processus de comptage des chocs compétitifs.

Le chapitre 5 permet de faire un pas supplémentaire en ajustant le modéle pour qu’il soit basé sur
I’état. Cela permet de bénéficier des avantages discutés plus haut. Une représentation physique de
I’effet direct de I’interaction est possible sous la forme de distributions Gamma. Les parametres de
ces distributions sont estimés de maniere classique via des méthodes d’apprentissage statistique.
Cette estimation généralement basée sur le maximum de vraisemblance se fait suite a un exercice
de séparation des données n’incluant aucun choc que 1’on pourrait attribuer aux interactions et a
I’alternative incluant des chocs dus aux interactions. Ces distributions informent sur 1’effet d’un
choc relatif a un mode de défaillance sur un choc subséquent relatif a un autre mode de défaillance.
Cette quantification influe sur I’analyse de la fiabilité et la gestion de la maintenance. En effet, la
stratégie de maintenance prédictive proposée integre la notion de chocs qui produisent I’interaction

mais aussi la notion de réparations qui modifient les mécanismes d’interactions.
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L’état du systéme est simulé¢ et les variables significatives représentant sa condition sont
extrapolées sur plusieurs décennies. En effet, les probabilités d’occurrence des chocs et les niveaux
de dégradation sont mis a jour en fonction des actions entreprises. La prise en compte de cet aspect
permet d’optimiser efficacement une politique de maintenance prédictive et de prévoir les temps

d’inspection ainsi que des seuils d’intervention en ce qui concerne les niveaux de dégradation.

Le cas d’étude des ponceaux traité par les chapitres 4 et 5 s’avére idéal car les données répertoriées
sont en situation d’exploitation, comprennent des temps de défaillances, mais aussi des mesures
des niveaux de dégradation. Mais, elles n’ont pas été utilisées sans transformation. L’exercice a
effectuer face a une telle base de données est de séparer les chocs externes du processus de
dégradation inhérent au systeme. Les avis d’expert et la littérature ont permis de comprendre
comment un ponceau se dégrade lorsqu’il est dans des conditions idéales. Une fois cette
connaissance acquise, il a fallu séparer les données d’inspection suivant des méthodes statistiques
telles que les cartes de contréle. Une fois les données séparées, il est possible de déterminer le taux
de chocs par unité de temps A. Ce taux peut varier d’une base de données a une autre ou d’une
entreprise a une autre. Il dépend des méthodes de travail, de I’environnement et de 1’exploitation
faite du systéme. De plus, les experts ont une intuition des modes de défaillance critiques et des
influences mutuelles qu’ils ont. C’est suivant leur conseil que 1’étude s’est accentuée autour des
problématiques de fissurations et de mouvements. Il s’avére que ces phénomeénes ont des influences
mutuelles qui rendent la structure moins fiable que ce que 1’on prévoit sans les interactions. Ces
influences produisent une augmentation de 0.11% sur le budget de maintenance prédictive

lorsqu’elles ne sont pas prises en compte.

Les chapitres 4 et 5 s’inscrivent dans le cadre des conclusions du chapitre 3. Mais, il est important
de noter que I’accent est principalement mis sur un systéme sujet a deux modes de défaillance

interactifs.

6.2 Confirmation des hypotheses de recherche

Les modes de défaillances d’un systéme interagissent-ils de maniere a altérer la fiabilité du systeme
considéré? Il semble qu’au regard de la littérature et de nos propres recherches ce soit le cas. Une
différence notable est remarquée dans les chapitres 4 et 5. Elle est plus proéminente et précipite la
défaillance du systéeme étudié. Le décalage des courbes des figures 4.5 et 5.3 peut s’interpréter

comme le potentiel d’un ponceau de s’effondrer quelques années avant la prédiction de défaillance
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d’une courbe ne représentant pas ’interactivité. De plus, I’hypothése selon laquelle 1’interaction
interviendrait sous la forme d’une série de chocs aléatoires est validée. Le modele inspiré de tirages
aléatoires représente bien ce phénomene et les liens entre fissuration et mouvement en sont un
exemple pratique. En effet, la fissuration rend un ponceau plus sensible aux chocs. Inversement,
les mouvements soumettent le ponceau a des charges additionnelles non prévues durant sa

conception et son installation. Cela facilite 1’¢largissement des fissures.

La quantification de I’interaction et ses effets est une problématique qui motive I’hypothése sur les
probabilités d’occurrence de I’interaction. Ces derniéres sont dénotées par 6, et y;, et sont déduites
des probabilités instantanées de chocs. Ces series de coefficients donnent une valeur stochastique

a Dinteraction et dépendent des séquences de chocs observées dans la base de données.

Additionnellement, I’amplitude de choc additionnel el.(a) informe sur la contribution physique de
I’interaction a la dégradation. Cette information est importante pour le responsable de maintenance
dans le diagnostic des défaillances. Elle pourrait méme orienter la construction d’un modele
physique représentant I’interaction ou inspirer la conception de systéme s’auto-ajustant a ce type
de choc additionnel. Par ailleurs, les données de maintenance et de dégradation permettent de
représenter 1’effet de I’interactivité. Il n’a pas été nécessaire de faire des expériences
supplémentaires. Cependant, les avis des experts ont donné des indications importantes sur les
données, a savoir I’identification des indices de dégradation qui pourraient étre affectés par les
effets des dépendances et les éventuelles sources de bruit dans la base de données nettoyée tel que
suggéreé dans le chapitre 2.

Un modéle de fiabilité est plus performant s’il prend en compte une représentation des phénomeénes
interactifs. Il va de soi qu’une stratégie de maintenance prédictive obéisse au méme paradigme.
Son objectif est de prévoir les ressources a allouer a la maintenance préventive d’un systéme dont
on suit I’état. Si I’on prédit cet état plus précisément on évite de gaspiller des ressources. Dans le
chapitre 5, les paramétres de cette stratégie sont la période d’inspection et les seuils de dégradation
suggérant des actions préventives. Il ne s’agit pas juste d’intervenir avec la période et les seuils
minimums. D’ailleurs pour ce cas de figure, le tableau 5.6 montre que 1’on dépense plus que dans
certains cas ou I’on interviendrait moins. Il en est de méme pour le cas inverse. Le tableau 5.7
montre en plus que méme si les valeurs optimales varient quelque peu avec les colts des opérations,

une politique de maintenance intégrant 1’interactivité est plus profitable que son alternative. Nous
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pouvons donc affirmer quune stratégie de maintenance prédictive intégrant 1’interaction au sein

d’un systéme permet d’optimiser les colits de maintenance.

6.3 Limites d’application des propositions

Les modeles proposés pourraient bénéficier de quelques améliorations. Une premiére remarque
que I’on pourrait faire concerne le taux de chocs par unité de temps A. Ce taux est le paramétre
d’une loi de Poisson que 1’on utilise pour tous les chocs indistinctement les uns des autres. Le choix
d’une distribution homogene simplifie I’estimation des probabilités d’interaction et se préte bien
au cas d’application des ponceaux. En effet, a I’image du tirage aléatoire du chapitre 4, un opérateur
constatera ou non un choc pour des inspections prévues a des périodes prédéterminées et peu
nombreuses sur I’espace de plusieurs années. En revanche, pour un systeme complexe sujets a
diverses sources de chocs et avec des situations d’exploitation variées, une distribution homogene

pourrait étre inappropriée.

Une seconde remarque importante concerne les amplitudes des chocs. Elles sont représentées pour
chaque mode de défaillance par des distributions gamma ayant des parametres d’échelle identiques.
Les cas ou ces parameétres seraient différents ne sont pas traités par la thése. Par ailleurs, les chocs
additionnels dus a I’interaction sont considérés comme une conséquence ponctuelle qui ne se
reproduit pas sur les chocs suivants. Ceci implique que les chocs additionnels n’en occasionnent
pas d’autres. Il n’y a pas d’effet cumulatif de ’interaction ou un choc augmenterait I’amplitude de

chaque choc additionnel suivant.

Un troisiéme aspect qui limite les modeles de fiabilité de cette these est la charge computationnelle
attachée a I’estimation des parameétres. Il n’existe pas encore de logiciel dédié qui permette de
représenter I’interaction des défaillances, méme pour les modéles présentés dans le chapitre 3. De
plus, les modéles que nous proposons sont appliqués a un cas avec deux modes de défaillances. Ils
sont extensibles a des situations avec plus de deux modes de défaillance comme le montre
I’équation 4.24. La charge computationnelle deviendrait en revanche beaucoup trop grande. Une
abondance de données permettant de retracer tous les phénomenes interactifs serait aussi
nécessaire. La fonction de défaillance du cas d’étude des ponceaux estime a partir de deux
processus de Markov concurrents dix parametres qui sont les termes de deux séries. Plus le nombre
de modes de defaillances augmente, plus il y a de paramétres a estimer et de processus de Markov

a construire. Dépendamment de I’information disponible, si cette derniere est incomplete, ces
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processus peuvent requérir des simulations. En outre, avec ’estimation de tous ces divers
parameétres, survient le besoin de mesures statistiques de la qualité du modéle globale. Notre
approche a été la validation par rapport a des fonctions excluant I’interactivité. Ceci dit, la qualité
de I’ajustement aux données doit étre étudiée plus en profondeur pour les modéles de fiabilité

globaux.

La résolution du modéle de maintenance prédictive du chapitre 5 requiert de la simulation. Ceci
rajoute a la charge computationnelle susmentionnée. En plus, le nombre de valeurs candidates pour
atteindre les valeurs optimales peut augmenter cette charge. Par ailleurs, la stratégie de
maintenance est définie pour une période d’inspection et des seuils d’intervention fixes. La
possibilité de réévaluer ces valeurs optimales a chaque inspection n’est pas développée. Avoir une
périodicité variable pour les inspections pourrait permettre une réduction plus considérable des
colts et capitaliserait sur la connaissance de la variabilité des phénomeénes interactifs. Les
réparations sont en outre considérées comme étant parfaites. Les principes de maintenance
imparfaite, de réparations minimales et des temps de réparations ne sont pas abordés. Ces
approches auraient des effets distincts sur les phénomenes interactifs. Enfin, vu que le point focal
de nos recherches est la dépendance stochastique, 1’accent n’est pas mis sur le volet structurel et

économique. De ce fait, ces types de dépendances ne sont pas explicitement étudiés.

6.4 Défis technologiques

Méme si le risque associé a la non-détection de I’interactivité est véritable, les enjeux
technologiques liés a la représentation de défaillances interactives constituent un facteur a prendre
en compte. Ces enjeux interviennent a divers niveaux : entre autres I’entreprise, les techniciens, les

opérateurs, les experts et les chercheurs.

En effet, une entreprise a la responsabilité de développer des systémes sécuritaires mais elle a aussi
besoin de garantir un certain profit. Méme si cette entreprise n’est pas privee, la gestion des actifs
physiques est un exercice qui est crucial. Alors, elle s’accorde une fine marge d’erreur qui dépend
des régulations en place, de ses capacités financieres, et de ses objectifs de performance et de
productivité. De ce fait, la prise en compte de I’interactivité des défaillances doit représenter un
avantage économique pertinent et un ajout a la sécurité des biens et des personnes. Pour des
entreprises gérant des biens critiques telles que le réseau routier et les systemes de transports, il

semble étre indéniable que cette problématique soit traitée.
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Pour les techniciens et les opérateurs, 1’enjeu prend une autre dimension car il ne s’agit pas
simplement d’avoir conscience de la possibilité de I’interaction des défaillances. Il est primordial
qu’une formation, adéquate et pratique, vienne soutenir cette notion. Cela dit, I’expérience des
techniciens et des opérateurs est en général riche d’informations qualitatives, qui bien souvent ne
sont pas valorisées a leur juste titre. Ces informations renseignent sur d’éventuelles mécanismes
qui se révelent durant la maintenance ou les longues heures d’opérations d’un systéme. Par ailleurs,
si les modéles théoriques font floraison dans la littérature, les outils de mesures des dépendances
stochastiques tels que des logiciels spécialisés de diagnostic et de pronostic semblent quasiment
inexistants. Ils sont pourtant déterminants dans I’exercice des fonctions des techniciens qui ont

besoin d’une base concréte pour cibler des problémes spécifiques.

Pour les experts et les chercheurs, la notion d’interaction est connue. C’est d’ailleurs leur effort
commun qui devrait conduire a la conception de logiciels spécialisés. Leurs connaissances
combinées peuvent permettre de reorienter la maniére dont un systeme est observé, dont les
données sont collectées et classées, dont les techniciens et les opérateurs sont formés. Pourtant, il
semblerait que les efforts soient parfois divergents. La complexité mathématique des modeles
proposés par la recherche semble dissuader les experts et les entreprises quant a leur utilisation.
Les chercheurs en outre se retrouvent face a la difficulté de I’interdisciplinarité d’une telle
problématique. En plus des compétences mathématiques avancées que requierent leur recherche,
I’avancée de leurs travaux dépend de la participation des experts pour les systemes physiques
étudiés mais aussi de ’apport de compétences diverses tels que le génie informatique et le génie

logiciel.

Les propositions de cette thése, quoique mathématiquement avancées, restent accessibles car
utilisant comme base des principes probabilistes élémentaires. Les tirages aléatoires et les
processus de chocs sont une manicre intuitive de comprendre 1’interaction et ’interpréter. En
I’absence de logiciel dédié, des macros dans Microsoft Excel ont permis d’effectuer les simulations
nécessaires comme en témoigne I’annexe B. Ces méthodes sont prétes a I’emploi. Elles requicrent
juste que I’entreprise soit déja inscrite dans une démarche de maintenance prédictive ou choisisse
de s’y orienter. Le prétraitement de données mentionné dans le chapitre 2 et le récapitulatif de ce

chapitre est aussi un prérequis.
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CHAPITRE7 CONCLUSION ET RECOMMANDATIONS

7.1 Conclusion générale

En fin de compte, qu’est-ce que cela implique que de garantir la fiabilité de systemes sujets a des
défaillances interactives? Au début de cette thése, nous présentons des méthodes classiques
d’analyse de la fiabilit¢é et de gestion de la maintenance. Nous examinons ensuite diverses
approches qui viennent remettre en question I’hypothése d’indépendance qui soutient ces modeles
classiques. Cela suggére que des actifs plus fiables sont des systemes dont on peut représenter et
geérer les dépendances structurelles, économiques et stochastiques. Parmi ces dépendances, les
dépendances stochastiques se démarquent en raison de la possibilité qu’elles offrent d’étudier des
phénomeénes difficiles a modéliser ou dont les modeles physiques n’existent pas encore. Un
parcours de la littérature montre que la recherche s’accentue autour I’interactivité des défaillances
dans I’optique de déterminer les causes qui accélereraient le processus de dégradation ou la

probabilité de défaillance d’un systéme.

Une premiére remarque générale est que, tout systéme sujet a divers modes de défaillances, a le
potentiel de présenter un risque sécuritaire et/ou économique additionnel di a cette interactivité.
Le chapitre 3 le met en évidence mais aussi permet de prendre connaissance des approches
pertinentes de modélisation des dépendances stochastiques, de les classer et de mettre en lumiere
les bonnes pratiques pour la conception de tels modéles. Les chapitres 4 et 5 ouvrent la porte sur
de nouveaux modeéles d’interaction basés les indices de fiabilité et 1’état du systéme. Ils utilisent
une nouvelle distribution qui représente le caractére évolutif et aléatoire de 1’interactivité. Nous
sommes en effet en mesure de quantifier cette derniere sous la forme d’une série de probabilités et
de distributions Gamma de chocs. Ces valeurs probabilistes et statistiques donnent une idée de
I’ampleur des phénoménes étudiés mais aussi permet de construire une stratégie de maintenance
prédictive qui traite les dépendances stochastiques et face des prévisions en consequence. Au
travers de cette stratégie, les temps d’inspections et les seuils critiques d’intervention optimaux

sont déterminés.

L’¢étude des ponceaux en béton consolide la validité de ces trouvailles car il s’agit d’une situation
réelle d’exploitation mettant en jeu la securité de personnes et de biens. Elle présente un réel enjeu

sécuritaire et économique. Les phénomenes de fissuration et de mouvement de la structure sont



113

étudiés et montrent de maniere générale que la fissuration devrait étre traitée des les premiers
signes. En effet, elle peut grandement affaiblir la structure et favorise des mouvements. Le
phénomene inverse est aussi Vérifi¢é mais dans des proportions différentes. L’application de la
stratégie de maintenance prédictive proposée révele les conseéquences économiques de
I’interactivité de ces défaillances sur les colits de maintenance. Vu qu’ils affectent la fiabilité des
ponceaux et précipite une défaillance catastrophique de la structure, ils sont a I’origine de risques

et codits supplémentaires que la stratégie proposée permettrait d’éviter.

Dans une ére technologique ou les efforts de modélisation déterministe trainent le pas en
comparaison des alternatives, I’avenir de I’ingénierie de la fiabilité se basera sur sa capacité a
concevoir de tels modeles stochastiques. Les entreprises et les entités gouvernementales ont
d’ailleurs la responsabilité d’avancer vers une intégration dynamique de ses modéles qui révélent
des risques réels pour la sécurité des biens et des personnes. Cela dit, face aux propositions des
chapitres 4 et 5, le chapitre 6 présente les limites de ces approches et soulévent des problématiques
d’ordre technologique. Suivent quelques recommandations aux sujets de ces potentielles pistes de

recherche.

7.2 De nouvelles perspectives de recherche

Il est primordial d’approfondir I’exploration des dépendances au sein d’un systeme. L’objectif étant
de concevoir des systemes plus sécuritaires et économiques, il convient de rappeler qu’a ces aspects
se greffent des questions technologiques. Aussi, sont recommandées les voies de recherches

suivantes:

o Développement et standardisation des mesures de séquentialité dans les données de

maintenance;

e Développement de mesures statistiques de la qualité d’ajustement des modeles de fiabilité

intégrant les dépendances stochastiques;

e Intégration dynamique des avis d’experts a 1’estimation des probabilités d’interaction par

des méthodes bayésiennes;

e Représentation de ’ensemble des chocs interactifs par un processus de Poisson non-

homogeéne dans la fonction de défaillance du chapitre 4;



114

e Intégration de distributions Gamma ayant des paramétres d’échelle différents a la

représentation de la dégradation naturelle du chapitre 5;
e Modélisation d’un effet domino des chocs additionnels dus a I’interactivité des défaillances

e Optimisation des méthodes de calculs des approches proposées pour des systémes sujets a

plus de deux modes de défaillance.

e Mise a jour dynamique des temps d’inspection et des seuils d’intervention de la stratégie

de maintenance prédictive du chapitre 5;

e Maintenance prédictive opportuniste intégrant la maintenance imparfaite et les principes

d’interactivité de cette thése;

e Conception d’applications et de logiciels spécialisés de mesure et d’exploitation des

dépendances stochastiques.

Les efforts de recherche suivant ces perspectives citées en amont permettront certainement de
donner un nouveau visage a 1’ingénierie de la fiabilité tout en pérennisant la riche variété de

connaissances acquises et développées a ce jour.
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ANNEXE A DEMONSTRATIONS RELATIVES AU CHAPITRE 4

17[_1—1

A.1 Demonstration that p(n{® = 1) = 3% _, ¥7°- ,1_1...2"'-2:1< H,l””r(a)> (Tk_,(1 - p'))

Assume that for 1 < I <k, P( @~ l) p®, P(n,((a)1 =1- 1) + (1 p,({a)). (n,({a)1 = l)

l=12,..

P(n,(ca) = l) = p,(ca) . (n,(ca)l =[]- 1)

+(1- p,ﬁa)){pﬁ“)l P(n?, =1-1)
F(1-r2) |
(1) P = 1-1) + (1) i s =1 - )

Under the condition p,(:_?l < 1, it follows that:

P(n® = Z n@ =11 p@ nk“ @)
(a) h= v+1

k+1 v=

P( (@) — ) can be written without the quantities n(a)as follows:

v1—-1 vi—,—1
(@ _ @
p ( = (a) z Z (a) z (a) Z P (”v:-l—l
Pi+1 vg=1 pvo vi=l-1 Pv, vy=1-2 TPy, =1
= 0) - p® n”” (1-p®) . )1_[ (1-7)
Y-t h=v;_1+1 n vz h= v2+1

Vo k+1
.y (@ | | 1 — (a) (@ | | (a)
p171 h=v1+1( h pvo h= v0+1 )

where vy € (1, ., k), 0 € =1, k= 1), 0, ;2 € (L, k+1=0),v1 € (1, e, k = D).
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Since P(n(“) _1=0)= Zl;{l(l—p,(la)), then P(n,((a)zl) can be transformed in a

Vi-1
combination of the probabilities p,(la), thus providing the following general expression for any

ae{l,2}andfor1 <[ < k:

k vo—1 Ul_z—l -1 (a)

w0 =0-3 Y o > ([T 2w ([T 6-0)

vo=lvi=l-1 wv;_1=1 Ur

where1< 1<k vy € ., k) vy €A—1, ., k=1), 0,01 € (L, k+1—1).

A.2 Demonstration that Prgj)(t, t+s)= 6;‘.‘) + qg.l)s + o(s)

Considering a very short interval of time s,

PriP(t t +5) = PX@(t +5) = j|x @) = i}

where i, j, kj, j, k;, I; are positive integers. It is assumed throughout this paper that:

P{(N@(t+s)=1,N(t+s)=k)|(ND@®) =1, N®) =k;)}

=P{N@(t+s)=1,N(t+s) =k|ND®) =1, N®) = k;}

=P{ND(t+s)—ND@O) = -, Nt +5) =N =kj — k;|ND(©) = 1;, N(t) = k;}
This leads to deducing the following based on the Bayesian rule:

P{X@(t+s) =jlx@@) =i}

=P{N@D(t+5)-ND@) =1 — Nt +5)—N(E&) =k —k;, NO() =1;, N(t) = k;}

X P{N(t +5s) = N(t) = k; — k;|[N@(¢) = [;, N(¢) = k;}
There are limited distinct cases to consider, such as k; = k; and k; > k;. In other cases, the
transition probability is null. If k; — k; = 0, it is an absolute certainty that there will be no shock
(a) if the drawing process does not produce a new shock.
Thus, P{N@(t+s)—N@({) =0|N({t+5s)—N(t)=0,ND@®)=1,N({t)=k}=1 and
P{X@(t+5) =i|x@() =i} = P{N(t +5) = N(t) = O|[N@(t) = I;, N(t) = k;}.
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If the drawing process follows a homogeneous Poisson process, then,
P{X(a)(t +5s)= i|X(a)(t) = i} =1-—A5+0(s)
where o(s)denotes a general and unspecified remainder term of smaller order than s.

In the eventuality that k; > k;, the possible transition probabilities would be non-null if [; > [; and

i = l; < kj — k;, in such case:

PIN@ (¢t +5) = N@(&) = 0[N(t +5) = N(©) = kj = ky, NO(©) = [, N(©) = K} = 1 = ;)
P{N(a)(t +5)=N@@) = 1|N(t +s)—N(@) =k — ki, NO(t) = 1;, N(t) = k; } p(a)

If the drawing process follows a homogeneous Poisson process, then,
P{N(t+s) = N@®) = 1{N®() = [;, N(t) = k;} = ;5 + 0(s)
It ensues that:

PIX@(t+5) = jXD(®) =i} = (1-p?) his+0(s),  L—1;=0
PIX@(t+5) = j|X @) = i} = pP s + o(s), h-li=1

If more than one shock occurs, then k; — k; > 1 and the following cases are distinguished:

PIN@(t +5) = N@(t) = 0|N(t +5) = N(t) = k; — ky, NO(t) = [;, N(t) = k;}

_TT19 (@)
=[], (1-#)

P{N@(t +5) — NO(t) = 1|N(t +5) = N(t) = kj =k, ND(£) = 1;, N(t) = k;}

k.
(a)
|| (1-
@ hkl n)

V;Hl Py
PIN®O(t+s)—ND@) =1 — LNt +5) = N(@) =kj — ki, N @) =1, N(t) = k;}

. V-1
kj vo—1 Yti—2 (@

23y () ()

vo=ki+lj—ljvi=k;+l;-1l;—1 Ulj_li_1=ki+1

1< l]—ll Sk]’—ki,vo € (kl'+lj—li,...,kj),171 € (kl+l]—ll—1,,k]—1),

......... -1 € (ki + 1,0,k = (L — 1 - 1))
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Under a homogenous Poisson process,
P{N(t+5s)—N@) =kj — k;|N@ () = 1;, N(t) = k;} = o(s)
It can then be deduced that:
PX@(t+s)=jlxXY@®) =i}=0(s), 0<[—-L<ki—k, k—-k>1
The above observations are summed up as follows:

(a)(t t+s)= (a) + ql(] )s + o(s)

_Ai ,i=j
(1—p,(<a))ll,k] _ki = 1,[1 _li =0
PPk k- ki=1l—l=1

O otherwise

1,
@ _ and Si(]fl) { L=T 5 is Kronecker’s delta.

Whereq 0, i%]

A.3 Demonstration that E{N@(t)|N(t) = k} = Y} 1p(“)
The expected quantities of N(®(t) knowing N(t) are given by:

E{N@@®)|N({®) =0} =0
EN@OON®) = k) = E[n{"] = Zl P(n® =1),k=123,..

Knowing  that P(n,({a) = l) P(n,(ca)l =1l- ) e + P(nl(ca)l = l) (1 p(a)) and
P(”I(ca) - k) i= 1P1a) E{N@()|N(¢t) = k} can be developed in the following manner:

E{N@@®)|N(t) = k}

= {1-p(n? =1) 2} - k= 1)- P(n®, =k = 1) - p®

n P(n;(ca)l— p@ + Z n}({a)l_ ) (1 p(a))} Tk

. P(n,(ca) = k)

&
[y
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K
E{NO®|N() =k} = E[n,(ca)l] +p® - 2 P(n,(ca)1 - 1)

=1

Knowing that ¥, P (n,(ca)1 =1- 1) = 1, recurrence reasoning leads to obtain:

E{NO@®)|N() = k} = z p®

A4 Approximation of E[N@®(¢)]

E[N@®)] = ZP{N(t) K- Ep(‘”

E[N@ ()] = zP{N@—k} Zp“‘) Z PN = K} [219(“) Z p{‘”]

k=m+1 l=m+1

where m is the maximum number of shocks ever recorded on the type of system studied throughout
its lifespan. Under the assumption that all shocks a beyond m occur with instant probabilities

p@ =~ p® (I > m) then:

P m ) (k—m),  k>m

I=m+1

It follows that:

E[N@ @] ZP{N(t)-k} Zp“‘) Z PIN(®) = K} Zp(‘”

k=m+1

+ z PIN(E) = k} - p@ (ke — m)

k=m+1
(“)] [ Z P{N(t)zk}]

k=m+1

E[N@@] Z PIN(D) = k}z P+

+ P

Z k. P{N(t) = k} —m Z P{N(t)=k}]

k=m+1 k=m+1



138

—m.p® +2pfa)] . [ z P{N(t) = k}]
=1
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m k
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ANNEXE B MACROS ET CAPTURES D’ECRAN DES SIMULATIONS DE LA STRATEGIE DE
MAINTENANCE PREDICTIVE DU CHAPITRE 5

B.1 Macro de simulation de la stratégie de maintenance prédictive

Sub Simulation()

'Initialization

[teration = 1000

'Clean simulation

Range(Sheets("Simulation").Cells(4, 21), Sheets("Simulation").Cells(1003, 116)).ClearContents

'Loop and Record (set new period, set new prob, record costs, record failure time)
Qins = Sheets("Simulation").Cells(2, 21).Value 'inspection parameter
ForN=1To 16
LS1 = Sheets("Simulation").Cells(2, 22 + 6 * (N - 1)).Value 'PdM threshold S1
LS2 = Sheets("Simulation").Cells(2, 23 + 6 * (N - 1)).Value 'PdM threshold S2
Fori=1To Iteration

Range(Sheets("IntProb").Cells(3, 2), Sheets("IntProb").Cells(7, 3)) = Range(Sheets("IntProb").Cells(11, 2), Sheets("IntProb").Cells(15,
3)).Value 'Starting probabilities



'Starting simulation Parameters
Sheets("Simulation").Cells(2
Sheets("Simulation").Cells
Sheets("Simulation").Cells
Sheets("Simulation").Cells
.Cells

Sheets("Simulation"

Sheets("Simulation").Cells
12,4) =
12,5
12,7
12,12
12,13
12,14

12,15

Sheets("Simulation").Cells

Sheets("Simulation").Cells

Sheets("Simulation").Cells

Sheets("Simulation").Cells

Sheets("Simulation").Cells

AAAAAAAA,\,\,\,\,\

( )
( )
( )
( )
Sheets("Simulation").Cells
( )
( )
( )
( )

)=0
)=0
)=0
)=0

Sheets("Simulation").Cells
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'PdM Loop
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Do Until (Sheets("Simulation").Cells(12 + Qins, 3).Value >= Sheets("Simulation").Cells(8, 2).Value Or Sheets("Simulation").Cells(12 +
Qins, 4).Value >= Sheets("Simulation").Cells(8, 3).Value)

Sheets("Simulation").Cells(9, 5) =

Sheets("Simulation").Cells(9, 5) + 1 'Number of cumulated inspections (- 1)

If (Sheets("Simulation").Cells(12 + Qins, 3).Value < Sheets("Simulation").Cells(8, 2).Value And Sheets("Simulation").Cells(12 + Qins,
4).Value < Sheets("Simulation").Cells(8, 3).Value) Then

If Sheets("Simulation").Cells(12 + Qins, 3).Value >= LS1 Then

Sheets("Simulation").Cells(12, 3) =

(
Sheets("Simulation").Cells(
(

12,12) =

Sheets("Simulation").Cells(12, 14) =

( )
( )
( )
( )

Sheets("Simulation").Cells(9, 6) = Sheets("Simulation").Cells(9, 6) + 1

Range(Sheets("IntProb").Cells(3,  2),  Sheets("IntProb").Cells(7, 2)) =  Range(Sheets("IntProb").Cells(11

Sheets("IntProb").Cells(15, 2)).Value 'Restarting probabilities

Else

Sheets("Simulation").Cells(12, 3) = Sheets("Simulation").Cells(12 + Qins, 3).Value

Sheets("Simulation").Cells(12, 12) = Sheets("Simulation").Cells(12 + Qins, 12).Value

Sheets("Simulation").Cells(12, 14) = Sheets("Simulation").Cells(12 + Qins, 14).Value
If Sheets("Simulation").Cells(12 + Qins, 16) = 1 Then

Sheets("IntProb").Cells(3, 2
Sheets("IntProb").Cells(4, 2

(
(4,
(
(

Sheets("IntProb").Cells(5, 2

( )
( )
( )
( )

Sheets("IntProb").Cells(6, 2

End If

= Sheets("IntProb").Cells(12, 2

) ( ) (12,2)
) = Sheets("IntProb").Cells(13, 2)
) = Sheets("IntProb").Cells(14, 2)
) ( ) (15, 2)

= Sheets("IntProb").Cells(15, 2
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If Sheets("Simulation").Cells(12 + Qins, 16) = 2 Then
Sheets("IntProb").Cells(3, 2) = Sheets("IntProb").Cells(13, 2
Sheets("IntProb").Cells(4, 2) = Sheets("IntProb").Cells(14, 2

Sheets("IntProb").Cells(5, 2) = Sheets("IntProb").Cells(15, 2

Sheets("IntProb").Cells(6, 2) = Sheets("IntProb").Cells(15, 2

End If

If Sheets("Simulation").Cells(12 + Qins, 16) =3 Then
Sheets("IntProb").Cells(3, 2) = Sheets("IntProb").Cells(14, 2

( ) (

= Sheets("IntProb").Cells(15, 2
( ) (
( ) (

)
)
)
)

( ) (3,2)
Sheets("IntProb").Cells(4, 2)
Sheets("IntProb").Cells(5, 2) = Sheets("IntProb").Cells(15, 2
Sheets("IntProb").Cells(6, 2) = Sheets("IntProb").Cells(15, 2
End If

If Sheets("Simulation").Cells(12 + Qins, 16) >= 4 Then

Sheets("IntProb").Cells(3, 2) = Sheets("IntProb").Cells(15, 2

)
)
)
)

( ) (3,2) ( ).Cells(

Sheets("IntProb").Cells(4, 2) = Sheets("IntProb").Cells(15, 2
Sheets("IntProb").Cells(5, 2) = Sheets("IntProb").Cells(15, 2
( ) (6,2) ( )-Cells(

)
)
)
Sheets("IntProb").Cells(6, 2 )
End If
End If

If Sheets("Simulation").Cells(12 + Qins, 4).Value >= LS2 Then

= Sheets("IntProb").Cells(15, 2

)
Sheets("Simulation").Cells(12, 4) =
Sheets("Simulation").Cells(12, 13) =
Sheets("Simulation").Cells(12, 15) =



Sheets("Simulation").Cells(9, 7) = Sheets("Simulation").Cells(9, 7) + 1
Range(Sheets("IntProb").Cells(3, 3),  Sheets("IntProb").Cells(7,

Sheets("IntProb").Cells(15, 3)).Value 'Restarting probabilities

Else

Sheets("Simulation").Cells(12, 4) = Sheets("Simulation").Cells(12 + Qins, 4).Value
Sheets("Simulation").Cells(12, 13) = Sheets("Simulation").Cells(12 + Qins, 13).Value
Sheets("Simulation").Cells(12, 15) = Sheets("Simulation").Cells(12 + Qins, 15).Value

If Sheets("Simulation").Cells(12 + Qins, 16) =1 Then

Sheets("IntProb").Cells(3, 3) = Sheets("IntProb").Cells(12, 3
Sheets("IntProb").Cells(4, 3) = Sheets("IntProb").Cells(13, 3
Sheets("IntProb").Cells(5, 3) = Sheets("IntProb").Cells(14, 3
Sheets("IntProb").Cells(6, 3) = ( ) (
End If

If Sheets("Simulation").Cells(12 + Qins, 16) = 2 Then

Sheets("IntProb").Cells(15, 3

Sheets("IntProb").Cells(3, 3) = Sheets("IntProb").Cells(13, 3
Sheets("IntProb").Cells(4, 3) = Sheets("IntProb").Cells(14, 3
Sheets("IntProb").Cells(5, 3) = Sheets("IntProb").Cells(15, 3
Sheets("IntProb").Cells(6, 3) = Sheets("IntProb").Cells(15, 3
End If

If Sheets("Simulation").Cells(12 + Qins, 16) = 3 Then

Sheets("IntProb").Cells(3, 3) = Sheets("IntProb").Cells(14, 3)
Sheets("IntProb").Cells(4, 3) = Sheets("IntProb").Cells(15, 3)
Sheets("IntProb").Cells(5, 3) = Sheets("IntProb").Cells(15, 3)

3))

Range(Sheets("IntProb").Cells(11,
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Sheets("IntProb").Cells(6, 3) =

End If

Sheets("IntProb").Cells(15, 3)

If Sheets("Simulation").Cells(12 + Qins, 16) >= 4 Then

Sheets("IntProb").Cells(3, 3)
Sheets("IntProb").Cells(4, 3)
Sheets("IntProb").Cells(5, 3)
Sheets("IntProb").Cells(6, 3)
End If

End If

Sheets("Simulation").Cells(12, 5) =
Sheets("Simulation").Cells(12, 7) =

End If

Sheets("Simulation").Cells(2, 5) = Sheets("Simulation").Cells(2, 5).Value + 1 'Age Adjustment

Loop

Sheets("Simulation").Cells(9

Sheets("Simulation").Cells(i + 3,21 +6 *
Sheets("Simulation").Cells(i + 3,22 + 6 *

Sheets("Simulation").Cells(i + 3,24 + 6 *
Sheets("Simulation").Cells(i + 3, 25 +6 *

Sheets
Next

= Sheets("IntProb").Cells(15, 3
= Sheets("IntProb").Cells(15, 3
= Sheets("IntProb").Cells(15, 3
= Sheets("IntProb").Cells(15, 3

( ) (S,

( ) (i

( ) (i
Sheets("Simulation").Cells(i + 3, 23 + 6 *

( ) (i

( ) (i

( ) (i

"Simulation").Cells(i + 3, 26 + 6 *

( ).Cells(15, 3)
( ).Cells(15, 3)
( ).Cells(15, 3)
( )-Cells(15, 3)

Sheets("Simulation").Cells(12 + Qins, 5).Value
Sheets("Simulation").Cells(12 + Qins, 7).Value

9) = Sheets("Simulation").Cells(112, 17).Value

(N - 1)) = Sheets("Simulation").Cells(9
(N - 1)) = Sheets("Simulation").Cells(9
(N - 1)) = Sheets("Simulation").Cells(9
(N - 1)) = Sheets("Simulation").Cells(9
(N - 1)) = Sheets("Simulation").Cells(9
(N - 1)) = Sheets("Simulation").Cells(9

Value + 1 'Number of cumulated inspections

, 10).Value
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Sheets("Summary").Cells(7 * (N
Sheets("Summary").Cells(7 * (N
Sheets("Summary").Cells(7 * (N
Sheets("Summary").Cells(7 * (N
Sheets("Summary").Cells(7 * (N
Sheets("Summary").Cells(7 * (N
Sheets("Summary").Cells(7 * (N

Next

'Index Minimum of PdM policy

MinCost = WorksheetFunction.Min(Range(Sheets("Cost Summary").Cells(3, 2 + Qins), Sheets("Cost Summary").Cells(18, 2 + Qins)))

Forj=1To 16

1)+ 2,3 +Qins
1)+ 3,3 +Qins

1) + 4, 3+ Qins) = Sheets("Simulation").Cells(1007, 23 + 6 * (N

) ) ( )
) ) ( ).
) ) ( ).
1) +5, 3 + Qins) = Sheets("Simulation").
) ) ( ).
) ) ( )
) ) ( )

1) + 6, 3 + Qins) = Sheets("Simulation").Cells(1007, 25 + 6 * (N
1) + 7, 3+ Qins) = Sheets("Simulation").Cells(1007, 26 + 6 * (N
1) + 8, 3+ Qins) = Sheets("Simulation").Cells(1009, 26 + 6 * (N

If Sheets("Cost Summary").Cells(j + 2, 2 + Qins) = MinCost Then
Sheets("Cost Summary").Cells(j + 2, 2 + Qins).Font.Color = RGB(255, 0, 0)

End If
Next

End Sub

= Sheets("Simulation").Cells(1007, 21 + 6 * (N
= Sheets("Simulation").Cells(1007, 22 + 6 * (N

(
(
(
Cells(1007, 24 + 6 *
(
(
(

(
(
(
(N
(
(
(

1)
1)
1)
1)
)
)
)

).Value
).Value
).Value
).Value

1))

1))

1)

Value
Value

Value
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B.2 Capture d’écran des fenétres de la simulation sous Microsoft Excel
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E Microsoft Visual Basic for Applications - PdM simulation template.xlsm - [ThisWorkbook (Code)] X
mﬂle Edit View Insert Format Debug Run Tools Add-lns Window Help - & X
EE~-A - :} ron o3 MY SF Y @ | ng col 83 =

Project - VBAPraject  X| [ [igeneral) -] [simutation -
B B = Sub Simulation() f
& @FE‘ gn;m]ec;gdh?; "Initialization

Crosort Bxce Iteration = 1000
Feuill (IntProl
Feuil3 (Simulz P : Tat4
Feuil4 (Summ clean simulat on : - .
B Feuils (Cost 5 Range (Sheets ("Simulation™) .Cells (4, 21), Sheets("Simulation").Cells(1003, 116)).ClearContents
el 0:
=--@Tmswnrkhnnh '"Loop and Record (set new period, set new prob, ¢ ¢ record failure tine)‘
Qins = Sheets("Simulation™).Cells(2, 21).Value 'inspsction parameter
For N = 1 To 1é
L8l = sheets("Simulation").Cells(2, 22 + 6 * (N - 1)).value 'PM threshold sl
LS2 = Sheets ("Simulation").Cells(2, 23 + 6 * (N - 1)).Valus 'PM threshold 52
For i = 1 To Iteratien
< > Range (Sheets ("IntProb") .Cells (3, 2), Sheets("IntProb").Cells(7, 3)) = Range (Sheets("IntProb").Cells (11, 2), Sheets("IntProb").Cells(15, 3)).Value 'Starting prc

'Starting simulation Parameters

Properties - ThisWorkbE sSheets ("Simulation™).cCells(2, 5) =0
Sheets ("S%mulat%on") .cells (%, 5) =0
Sheets ("Simulation™) .Cells (9, &) = 0
Alphabetic  Categorized Sheets ("Simulation™).Cells (9, 7) = 0
(Mame) ThisWorkbo A sheets ("Simulation™).Cells (%, 9) = 0
AccuracyVers 0 Sheets ("Simulation™) .Cells (12, 3) = 0
/AutoSaveOn True Sheets ("Simulation™) .Cells (12, 4) =0
AutoUpdateF 0 Sheets ("Simulation™).Cells (12, 5) = 0
ChangeHistor 0 Sheets ("Simulation™) .Cells (12, 7) 0
ChartDataPoi True sheets("Simulation™).Cells (12, 12) = 0
CheckCompaFalse Sheets ("Simulation").cells (12, 13) = 0
ConflictResoll1 - WUserRd Sheets ("Simulation").Cells (12, 14) = 0
Date1904 _|False Sheets ("Simulation").Cells (12, 15) = 0

DisplayDrawi -4104 - xIDi
DisplayInkCol True
DoNotPrompt False
EnableAutoRi True

'EM Loop
Do Until (Sheets("Simulation").Cells (12 + Qins, 3).Value >= Sheets("Simulation").Cells(8, 2).Value Or Sheets("Simulation").Cells(l2 + Qins,
Sheets ("Simulation").Cells (9, 5) = Sheets("Simulation").Cells(9, 5) + 1 'Nombre d'inspections cumulés ( - 1)

EncryptionPre N - -
Envelopevisil False If Sheets("Simulation").Cells(l2 + Qins, 3).Value >= LS1 Then
Final False Sheets ("simulation").Cells(12, 3) = 0

Sheets ("Simulation") .Cells (12, 12) = 0
Sheets ("Simulation") .Cells (12, 14) = 0

ForceFullCalc False
HighlightChar False

ListChangesC False
Password | FEEEEEE=
PersonalViev True
PersonalView True
PrecisionAsD False v

i O Type heretosearch O H | € ™ :

Sheets ("Simulation") .Cells (12, 3) = Sheets("Simulation").Cells(12 + Qins, 3).Value
Sheets ("Simulation").Cells (12, 12) = Sheets("Simulation").Cells(12 + Qins, 12).Value
Sheets ("Simulation™).Cells (12, 14) = Sheets("Simulation").Cells(12 + Qins, 14).vValue
If sSheets("Simulation™).cells(12 + Qins, 16) = 1 Then

W E

7

~ x
% = B @ 9 bR 2020-05-28

4) .value >= Sheets(

If (Sheets("Simulation").Cells(12 + @ins, 3).Value < Sheets("Simulation").Cells(8, 2).Value And Sheets("Simulation™).Cells (12 + Qins, 4).Value < Sheets("Si

InactiveListBe True Sheets ("Simulation") .Cells (9, &) = Sheets("Simulation").Cells(9, &) + 1
IsAddin False Range (Sheets ("IntProb").Cells(3, 2), Sheets("IntProb").Cells(7, 2)) = Range(sSheets("IntProb").Cells(ll, 2), Sheets("IntProb™).Cells(1l5, 2)).Value '
KeepChangel True Else

4:38 PM

Figure B.1 Capture d’écran de la Macro de simulation de la stratégie de maintenance prédictive sous Microsoft Excel
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File Home Insert Draw Page layout Formulas Data Review View Developer Help 0O Search {1 Comments
] = \ = =1 L:' Macro ? b4
— &l ]
[a ¥ Macro name:
i E = - —
Thl;WnrkbnokSlmu\atmn\ *
code adlin control st :
Step Into
Al - Jr f
Edit I
A B C D E F G H J K L M N o P Q E
1 _| s1 s2 Age Adj Probability that the k-th shock is Shock a i
2 [ w0 0.0043 0.016 H Shock a k=1 k=2 k=3 k=4 k=5
3 1/po 1.187364 0.8482115) 0 0.2818537 0.2168288 0.1550561 0.0928641 0.0928641 Lest
4 oZ 11.347476 3.7742356 COSTS s1 0.3154258 0.3403604 0.3580517 0.3717742 0.3717742 .
5 1/pz 0.102017 0.4379505| InspQ  RepairS1 RepairS2  plt) Overhaul s2 0.4027205 0.4428109 0.4868922 0.5353618 0.5353618 Options...
6 as 1.0965631 0.0637575 1.25% 7.14% 7.50%  12.50%  100.00%|
7 Be 0.102017 0.4375505| NUMBER OF Macros in: | All Open Workbooks -
8 L{Corr) 3 3| Insp. (-1) RepairS1 Repair $2 plt) Fail-Time Cost-PdM .
9 Every 10-year 1 11 0 0 0 24 1.15] Description
10
11 Age T X 51 X 52 Shock? Random Shock-Type X051 X0 52 Intens S1  Intens 52 CumPriorS1 CumPriorS2 Cumul 51  Cumul 52 CumulS  Fail-Time I
12 22 0 0.5930978 2.1483222 1] o 0 1] o 0 o 2 0 o i [} Q
13 23 1 0.56144018 2.1796475 0 0.5982251 0 0.021304 0.0313253 1.1576716 1.6606973 2 0 [\] 1 0 4] Cancel
14 24 2 0.658704 4.8789237 0 0.2985521 0 0.0443021 2.6992762 1.5083347 1.1499735 2 0 0 1 0 24 — — ~ — =
15 25 3 0.6587123 7.8021728 0 0.8745568 0 8.365E-06 3.0232491 1.2342999 3.0553511 2 0 0 1 0 24 12 5 0 0 0
16 26 4 0.6592642 8.5094371 0 0.949654 0 0.0005519 0.6072643 0.9283638 3.073734 2 0 0 1 0 24 13 12 0 2 0
17 27 5 0.6592642 8.5809947 0 0.1878773 0 9.594E-13 0.0715576 1.1273192 3.5401445 2 0 0 1 0 24 14 6 0 0 0
18 28 6 0.5629654 9.1328994 0 0.9732408 0 0.0037011 0.5519047 1.2301921 2.5431073 2 0 0 1 0 24 15 17 3 3 0
19 29 7 0.6979631 9.5621131 0 0.9451616 0 0.0349977 0.4292137 1.9517918 2.1477798 2 0 0 1 0 24 16 15 1 2 1
20 30 8 0.7015726 10.038226 0 0951721 0 0.0036095 0.4761128 1.1283501 0.5367286 2 0 0 1 0 24 17 31 7 16 0
21 31 9 0.7288171 10.205634 0 0.6432492 0 0.0272446 0.1674082 1.2907801 1.114982¢ 2 0 o i [} 24 18 23 5 9 1
22 32 10 0.7288175 10.648813 0 0.6210274 0  4.126-07 0.4431786 1.4444913 2.1890336 2 0 [\] 1 0 24 19 10 0 1 0
23 33 11 0.7288408 10.652942 0 0.1878467 0 2.328E-05 0.0041292 1.7111832 1.0964558 2 0 0 1 0 24 20 3 0 0 1
24 34 12 1.7915793 11.545179 0 0.9553441 0 1.0627385 0.8922372 1.6930289 1.8333109 2 0 0 1 0 24 21 34 4 12 0
25 35 13 1.7952586 11.938133 0 0.1827168 0 0.0036793 0.3929536 1.4194654 1.5775088 2 0 0 1 0 24 22 24 2 7 0
26 36 14 2.1700694 12.626245 0 0.9887701 0 0.3748108 0.6881122 0.9515063 1.3343633 2 0 0 1 0 24 23 20 4 5 0
27 37 15 2.3081879 12.712351 0 0.5172922 0 0.1381185 0.0861065 1.490396 1.4418596 2 0 0 1 0 24 24 25 4 9 0
28 38 16 2.3096119 12.85337 0 0.1073504 0 0.0014239 0.1410184 1.3296813 1.2146481 2 0 0 1 0 24 25 12 1 1 0
29 39 17 2.3096211 13.197686 0 0.3551067 0 9.2E-06 0.3443157 1.1871127 2.3243663 2 0 0 1 0 24 26 16 2 5 1
30 40 18 2.309844 13.237343 0 0518657 0 0.0002229 0.0396575 0.871358 3.0630203 2 0 o i [} 24 27 30 4 10 1
31 a1 19 2.3098526 13.915259 0 0.9584801 0 8.599E-06 0.6779156 1.1785398 2.2005042 2 0 [\] 1 0 24 28 17 0 5 1
32 42 20 2.3523235 14.263923 0 0.9042263 0 0.0424709 0.348664 2.3181541 1.2200174 2 0 0 1 0 24 29 6 1 1 0
33 43 21 2.395181 14.621679 0 0.4613583 0 0.0428575 0.3577565 1.1646403 0.8540738 2 0 0 1 0 24 30 27 1 ] 0
34 44 22 3.6949774 14.728017 1 0.0062262 1 1.649E-07 0.1063382 1.2997963 2.7456752 2 1 1 1 1 24 31 2 0 0 0
g £ 22c2970 4 poaaa 1 noneacec AEAN2 4 4764764 0 eE171E4 4 2ea0c o o B a 2 24 2n EW a hd
| IntProb | Simulation | Summary | Cost Summary | 4 »
Enter = +
4:34 PM
L Type here to search O FRA: & il

Figure B.2 Capture d’écran partielle 1 du feuillet « Simulation » sous Microsoft Excel
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Figure B.3 Capture d’écran partielle 2 du feuillet « Simulation » sous Microsoft Excel

File Home Insert Draw Page Layout Formulas Data Review View Developer Help O Search ¥ Share 17 Comments
@Ij @Record Macro 6) {é} ::@} Eﬁ |£| Properties E ?@Impm‘t
= = a = § ™
Visual Macros EUSE (R IR (X s Add- Excel COM Insert Design E\Iiew Geis Source I%IExpansmn e (=
Basic A\ Macro Security ins Add-ins Add-ins -~ Mode E| Run Dialog =
Code Add-ins Controls XML ~
ua - I 10 v
T Vv W X Y Z AB AC AD AE AF AG AH Al Al AK AL AM AN AO AP AQ AR =
1 L-rsi L-rs2 L-rsi L-rs2 Q-ins L-rsi L-rs2 Q-ins | L-rS1 L-rs2 Q
2 1 1 1 15 2 1 2 1 25 |
3 | ieration Insp.  Repair S1 Repair S2 plt) Fail-Time Cost-PdM| Insp. Repair S1 Repair S2 plt) Fail-Time Cost-PdM| Insp. Repair S1 Repair S2 plt) Fail-Time Cost-PdM| Insp. |Repair S1 Repair S2 plt) Fail-Time Cost-PdM| Ir
4 1 101 2 1 1 19 1.467857 8 0 0 0 16 11 13 0 2 0 26 131325 17 3 2 0 34 1.576786
5 2 29 6 13 1 57 2.891071 24 2 6 0 48 1.892857 16 2 3 0 32 1.567857 7 1 0 1 13 1.283929
6 3 16 1 2 0 32 1.421429 18 1 4 1 35 1.721429 15 0 2 0 30 1.3375 10 1 1 1 19 1.39e429
7 4 8 0 0 0 16 1.1 19 4 3 0 38 1.748214 12 1 0 0 24 1.221429 14 0 1 0 28 1.25
8 5 12 1 2 0 24 1.371429 14 2 2 0 28 1.467857 6 1 0 0 12 1.146429 16 4 2 1 31 1.760714
9 6 12 1 3 o 24 1.446429% 3 o o o 6 1.0375 20 3 3 1 39 1.814286 7 o o o 14 1.0875
10 7 17 3 3 0 34 1.651786 5 0 0 0 10 1.0625 11 2 1 1 21 1.480357 10 0 0 1 19 1.25
11 8 16 1 2 0 32 1.421429 10 1 0 0 20 1.196429 25 5 5 1 49 2.169643 16 2 2 0 32 1.492857
12 9 24 3 10 Q 48 2.264286 11 Q Q Q 22 1.1375 6 1 Q 1 11 1.271429 6 Q Q 1 1 1.2
iE! 10 7 0 1 0 14 1.1625 32 7 12 0 64 2.8 22 2 5 0 44 1792857 12 1 0 1 23 1.346429
14 11 19 1 4 0 38 1.608929 7 0 1 1 13 1.2875 16 2 1 1 31 1.542857 10 1 0 0 20 1.196429
15 12 5 0 0 0 10 1.0625 22 3 4 1 43 1.914286 13 0 1 0 26 1.2375 11 1 0 1 21 1.333929
16 13 12 0 2 0 24 1.3 3 0 0 1 5 1.1625 13 0 1 0 26 1.2375 11 0 1 0 22 1.2125
17 14 6 0 0 0 12 1.075 21 4 4 0 42 1.848214 7 0 0 1 13 1.2125 23 2 4 0 46 1.730357
18 15 17 3 3 0 34 1.651786 15 1 3 0 30 1.483929 8 2 0 1 15 1.367857 11 2 1 0 22 1.355357
19 16 15 1 2 1 29 1.533929 6 1 0 0 12 1.146429 3 0 0 1 5 1.1625 19 2 2 0 38 1.530357
20 17 31 7 16 0 62 3.0875 6 0 0 0 12 1.075 17 2 3 1 33 1.705357 3 0 0 0 6 1.0375
21 i8 23 5 9 1 45 2.444643 10 1 1 Q 20 1.271429 26 2 6 1 51 2.042857 10 1 Q 1 19 1.321429
22 19 10 0 1 0 20 1.2 10 0 0 0 20 1.125 9 0 1 0 18 11875 11 1 1 0 22 1.283929
23 20 3 0 0 1 5 1.1625 5 0 0 1 9 1.1875 6 1 0 1 11 1.271429 10 0 0 0 20 1.125
24 21 34 4 12 0 68 2.610714 22 2 5 0 44 1.792857 19 4 3 0 38 1.748214 8 1 0 0 16 1.171429
25 22 24 2 7 0 48 1.967857 17 2 3 0 34 1.580357 11 1 0 0 22 1.208929 9 0 0 1 17 1.2375
26 23 20 4 5 0 40 1.910714 21 2 2 0 42 1.555357 23 4 4 0 46 1.873214 8 0 0 1 15 1.225
27 24 25 4 9 0 50 2.273214 22 3 4 0 44 1.789286 15 1 1 1 29 1.458929 7 0 0 0 14 1.0875
28 25 12 1 1 0 24 1.296429 18 2 5 0 36 1.742857 15 1 1 0 30 1.333929 3 0 0 0 6 1.0375
29 26 16 2 5 1 31 1.842857 14 4 2 0 28 1.610714 23 4 2 0 46 1.723214 14 2 0 0 28 1.317857
30 27 30 4 10 1 59 2535714 22 3 7 Q 44 2.014286 31 3 5 1 61 2.101786 12 1 Q o 24 1221429
31 28 17 0 5 1 33 171325 22 3 6 0 44 1939286 19 2 2 0 38 1.530357 7 0 0 1 13 1.2135
32 29 6 1 1 0 12 1.221429 15 1 3 1 29 1.608929 20 3 2 1 39 1.739286 12 0 2 0 24 1.3
33 30 27 1 9 0 54 2.083929 3 0 0 0 6 1.0375 7 0 0 0 14 1.0875 22 2 3 0 44 1.642857
34 31 2 0 0 0 4 1.025 5 0 0 1 9 1.1875 28 5 7 0 56 2.232143 30 6 7 0 60 2.328571
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19
N | -
| IntProb | Simulation | Summary | Cost Summary @® 4 »
el H o o= 1 + 200%
B O Type heretosearch O St H @ ™ c o) m a E @&~ & 0O 7 dx I 205;)?0?28 %

Figure B.4 Capture d’écran du feuillet « Cost Summary » sous Microsoft Excel



