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Abstract

This thesis is interested in unsupervised statistical learning methods and their
applications to health monitoring of aircraft engines at an industrial scale. Our
first objective is to make health monitoring methodologies scale to massive data
sets and allow engineering team to flexibly deploy various use cases. Besides the
engineering aspects, we also try to address two fundamental theoretical challenges in
unsupervised learning. First, the links between cluster structure and representation.
And second, the very definition of structure, arising from the problem of model
selection in clustering.

Modern aircraft engines generate growing amounts of data during manufacturing,
tests and flights, that can be leveraged for health monitoring and predictive main-
tenance, in order to improve safety, availability and reduce costs. In this work, we
use sensor measurements collected on board of civil short and mid-range aircraft.
These data sets are temporal and highly multidimensional due to the large number
of sensors and sampling frequencies. Hence, applications need to scale to the large
volumes of data, driven by the growing number of daily operating engines.

Among all unsupervised learning approaches, clustering and self-organizing maps
(SOM) provide useful insights on the distribution of complex and high-dimensional
unlabeled data sets. To describe the internal state of an engine, expert indicators or
features need to be extracted from raw data, before applying clustering algorithms.
Our first contribution is to scale these methodologies using Big Data tools and
distributed computing, in order to process entire fleets. We propose a generic and
scalable pipeline enabling engineers to analyze flight data on a cluster. In addition,
we present an new application to monitoring of vibration signatures.

Another option is to automatically extract relevant features with deep neural net-
works, known as deep learning, which had a great impact in many areas of machine
learning. Recently, its ability to improve clustering has been investigated. A second
contribution of this thesis is a Deep Embedded SOM, a neural network-based model
performing joint representation learning with an autoencoder and self-organization
of the cluster prototypes.
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The third contribution of this thesis concerns model selection, which is perhaps the
most difficult problem in clustering. We adopt the framework of cluster stability
analysis, and propose a novel concept of within-cluster stability, leading to a criterion
called Stadion (stability difference criterion) able to effectively select the number of
clusters in a data set. We also apply Stadion to time series clustering validation by
leveraging invariant transformations of the data.

Keywords: unsupervised learning; clustering; self-organizing maps; deep learning;
time series; cluster stability analysis; big data processing; aircraft engines; health
monitoring of industrial assets.

Résumé

Cette these porte sur des méthodes d’apprentissage statistique non supervisées et
leurs applications a la surveillance de santé (health monitoring) des moteurs d’avion
a une échelle industrielle. Notre premier objectif est de faire passer les méthodolo-
gies de health monitoring a ’échelle de jeux de données massifs et de permettre aux
ingénieurs de déployer de maniére agile divers cas d’utilisation. Outre les aspects
d’ingénierie, nous aborderons également deux défis théoriques fondamentaux en
apprentissage non supervisé. Premierement, les liens entre structure de partition-
nement et représentation. Et deuxiémement, la définition méme de la structure,
découlant du probléme de sélection du modele en partitionnement de données
(clustering).

Aujourd’hui, les moteurs d’avion générent des quantités croissantes de données au
cours de leur fabrication, des essais et des vols, pouvant étre exploitées pour la
surveillance et la maintenance prédictive, afin d’améliorer la sécurité, la disponibilité
et de réduire les colits. Dans ce travail, nous utiliserons des mesures de capteurs
embarqués a bord d’avions civils court et moyen courrier. Ces jeux de données sont
temporels et hautement multidimensionnels en raison du nombre de capteurs et
leur fréquences d’échantillonnage. Par conséquent, les applications doivent s’adapter
aux grands volumes de données qui ne cessent de croitre avec la hausse du trafic
aérien.

Parmi les approches d’apprentissage non supervisées, le clustering et les cartes
auto-organisées (SOM) fournissent des informations utiles sur la distribution de
jeux de données non étiquetés complexes et en grande dimension. Pour décrire



I’état interne d’'un moteur, des indicateurs experts doivent étre extraits des données
brutes, avant d’appliquer des algorithmes de clustering. Notre premiere contribution
est de faire passer a I'échelle ces méthodologies via les outils du Big Data et le
calcul distribué, afin de traiter des flottes entieres. Nous proposons une chaine
de traitement générique permettant aux ingénieurs d’analyser les données de vol
stockées sur un cluster. En outre, nous présentons une application a la surveillance
de signatures vibratoires.

Une autre option, appelée apprentissage profond, consiste a extraire automatique-
ment des caractéristiques pertinentes a I'aide de réseaux de neurones profonds.
Cette approcha a bouleversé de nombreux domaines de I'apprentissage automa-
tique ces derniéres années. Récemment, sa capacité a améliorer le clustering a été
étudiée. Une deuxieme contribution de cette thése est un modeéle SOM profond
(Deep Embedded SOM), basé sur des réseaux neurones combinant ’'apprentissage
de représentations via un auto-encodeur et I'auto-organisation des prototypes.

La troisieme contribution de cette these concerne la sélection de modéle, I'un des
problémes les plus ardus en clustering. Nous adoptons le cadre de I'analyse de
stabilité, et proposons un nouveau concept de stabilité intra-cluster, conduisant a
un critére appelé Stadion (critere de différence de stabilité) capable de sélectionner
efficacement le nombre de clusters dans un jeu de données. Nous appliquerons
également Stadion a la validation du clustering de séries temporelles en tirant parti
des transformations invariantes des données.

Mots-clés : apprentissage non supervisé ; partitionnement ; cartes auto-organisatrices
; apprentissage profond ; séries temporelles ; analyse de stabilité ; traitement de don-
nées massives ; moteurs d’avion ; surveillance de santé de systemes industriels.
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Introduction

The purpose of science is to find meaningful
simplicity in the midst of disorderly complexity.

— Herbert Simon
(Models of my Life, 1991)

The introduction of this thesis manuscript starts by introducing the different stake-
holders, the context and motivations behind this PhD project. The university lab-
oratory and company are presented, along with their structure, entities and main
products. Then, we briefly introduce turbofan aircraft engines and the principles of
health monitoring, as well the main theoretical and technological challenges arising
when scaling up the size and complexity of data sets. We will justify the adoption of
the unsupervised learning setting, to extract insights from high-dimensional data
sets. The second section provides an overview of the structure of the rest of the
manuscript. Finally, the third section lists the contributions of this thesis, in terms of
research publications (accepted and submitted papers), patents, and open-source
software contributions.

Context and motivations

The work presented in this thesis is the result of a collaboration between the
computer science lab LIPN (Laboratoire d’'Informatique de Paris Nord)!, at Université
Sorbonne Paris Nord?, and the company Safran Aircraft Engines® (SAFRAN group).

University Sorbonne Paris Nord (ex University Paris 13) is one of the thirteen
universities that were created after the reorganization of the old Sorbonne after
1968. The department of Computer Science of the University Sorbonne Paris Nord
(LIPN) has been created in 1985. It is affiliated both with the university and with the
CNRS. Its members conduct research in several areas: combinatorics, combinatorial

"https://lipn.univ-parisi3.fr/
https://www.univ-parisi3.fr/
*https://www.safran-aircraft-engines.com/
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Fig. 0.1.: CFM56-7B (left) and LEAP (right) engines. [Source]

optimization, algorithmics, logics, software engineering, natural languages, and
machine learning. The department is structured into the following five teams:

* Team A3: Machine learning.

* Team AOC: Combinatorial optimization.
* Team CALIN: Combinatorics.

* Team LoVe: Logic and verification.

* Team RCLN: Natural languages.

Safran Aircraft Engines (Safran A.E.), a company of the SAFRAN technology group,
designs, develops, produces and markets, alone or in partnership, engines for civil
and military aircraft, space launchers and satellites. Safran Aircraft Engines also
provides airlines, the army, aircraft operators and leasing firms with a complete
range of services for their aircraft engines. It covers the complete engine life cycle,
from service entry to dismantling. To keep the pace of competition and technological
progress, Safran Aircraft Engines must stay a competitive engine manufacturer
by providing new innovative engines that are more energy-efficient, lightweight,
producing less acoustic noise, emissions, etc.

In this PhD, we are interested in aircraft engines equipping short to mid-range civil
aircraft. These products belong to the CFM company?, a joint venture between the
French Safran A.E. and the American General Electric (GE). Figure 0.1 shows a
CFM56-7B engine (the most sold engine in the world), and the current generation
LEAP. In this work, we will analyze data from LEAP engines only. Table 0.1 contains
the fleet statistics for the LEAP engine, as of March 31, 2020. More than 1000
aircraft and 2400 engines are in operation, for a total of over 3.5 million cycles. A
cycle is the technical term used instead of flight to designate a full engine start and
stop.

*https://www.cfmaeroengines.com/
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Tab. 0.1.: LEAP engines fleet statistics (as of March 31, 2020). [Source]

Aircraft Engines Hours Cycles
LEAP-1A (A320neo) 666 1488 6 158 695 2967 414
LEAP-1B (737 MAX) 389 923 1 688 692 607 340
Total LEAP 1055 2411 7 847 387 3574 754

Total CFM56 (for reference) 14614 33560 1072962020 578 290 661

LP Shaft HP Turbine

HP Shaft

HP Compressor
Fan

LP Compressor LP Turbine

Fig. 0.2.: Simplified diagram of a turbofan engine with fan, low-pressure and high-pressure
compressors and turbines attached to their respective shafts.

Before going further into this introduction, a brief introduction must be provided
on how a turbofan engine produces thrust. First, incoming air is captured by the
engine inlet. Part of this air passes through the fan and continues on into the core
compressor and then the burner, where it is mixed with fuel and combustion occurs.
The hot exhaust passes through the core and fan turbines and then out the nozzle.
The rest of the incoming air passes through the fan and goes around the engine,
called bypassing. The air that goes through the fan has a velocity that is slightly
increased from free stream. So a turbofan gets some of its thrust from the core and
some of its thrust from the fan. The ratio of the air that bypasses to the air that goes
through the core is called the bypass ratio.

Although the basic principle of a jet engine is simple (Newton’s third law), the entire
system is of utmost complexity. An engine is made of several subsystems and a large
number of moving and non-moving parts, as can be seen on the 3D cross-section
of a CFM65-7B engine on Figure 0.1 (left). It is useful to have a simplified view of
the main engine components (see Figure 0.2). A turbofan engine is composed of

0.0 Context and motivations
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two main shafts, the low pressure (LP) shaft and high pressure (HP) shaft (as well
as a radial drive shaft (RDS), not represented here). The LP shaft is powered by
the LP turbine and drives the fan (engine inlet) and LP compressor. The HP shaft
is powered by the HP turbine (following the combustion chamber) and drives the
HP compressor. Lastly, the RDS is linked to the HP shaft and provides power to the
accessory gearbox.

Extremely high reliability is needed to reach the required level of safety for civil or
military flights. In general, the probability of failure must be smaller than 10~ per
hour of flight, and aircraft are made to last typically up to 30 years or 100k cycles.
This is achieved by the manufacturer through robust design and manufacturing,
strict norms and certifications, extensive testing, and regular visual inspections and
maintenance during their operation in order to replace parts. In addition, engines
and aircraft are equipped with sensors collecting data during tests and flights.
Various methods have been devised to analyze these data. During production,
the standard methodology is Statistical Process Control (SPC). SPC consists in
monitoring the deviation between parameters and their target value, and displays
visual alerts to the operators if the deviation becomes too important.

More advanced techniques are developed in the general framework of Prognostics and
Health Monitoring (PHM). The general aim is to improve availability and operation
of engines [Blanchard et al., 2009, Bastard et al., 2016]. It consists in monitoring
the state of an engine or a fleet of engines by using operational data and past
events. The first objective is to avoid abnormal events as in-flight shutdowns,
aborted take-offs and delays and cancellation. The second objective is optimizing
maintenance operations to improve safety while reducing costs for manufacturers
and airline companies. It is at the core of a predictive maintenance strategy (also
called condition-based maintenance), which consists in adapting the maintenance
plan to the actual state of each individual engine, unlike traditional time-based
preventive maintenance, the state of each engine being the result of its actual
use during its lifetime. This allows a more efficient scheduling of preventive and
corrective actions (e.g. shop visits): time between actions can be increased if no
maintenance is necessary (thus reducing costs), and actions can be taken earlier
thanks to enhanced predictability of events (thus improving safety). Concretely,
engine health monitoring (EHM) combines historical data and physical models
to raise alerts, build models that evaluate wear of parts and their residual useful
life, probability of failure, etc. These models can be based on thresholds, statistical
models incorporating physical knowledge, or machine learning, i.e. statistical models
whose parameters are learned from data.

Chapter 0 Introduction



Safran A.E. monitors the condition of its engines either in a test cell environment or
by analyzing, post-flight, data collected during the flight. Data are collected using
multiple sensors placed on the test cell, the aircraft or the engine itself. In this work,
we tackle flight data analysis, on the ground.

At Safran A.E., the PHM department is responsible for developing algorithms to
monitor the state of engine sub-systems. In addition, several teams of domain
experts are specialized in each aspect of the engine (e.g., performance, vibration
dynamics, acoustics, etc.). Finally, the Datalab team provides skills and support in
statistics, data analysis, data and software engineering across various projects in the
company, always in cooperation with domain experts. The role of a data lab in a
company is to play a transverse role for all data-related projects and to break silos
between different business entities. During this PhD, I have been a member of the
Datalab team, and collaborated with other departments.

Challenges and objectives

Aircraft operation generate growing amounts of data that can be leveraged for
various applications, including health monitoring, predictive maintenance, and
services to airline companies. Health monitoring of industrial assets is a set of
techniques that aims at increasing machine availability and safety, while reducing
maintenance costs. Knowledge of a machine’s condition can be extracted from data.
Today’s highly instrumented aircraft produce huge amounts of data, as hundreds of
sensors measurements are recorded during whole flights at a high frequency. Data
sets collected at Safran A.E. from the LEAP engines are in the range of gigabytes
per flight, with thousands of engines operated every day. As a consequence, these
data require specific software tools to be stored and processed efficiently: we have
entered a Big Data era. Thus, a crucial objective of this PhD is to make possible the
scaling up of aircraft engine data analysis and health monitoring applications at
Safran A.E.

Map-Reduce has emerged as a paradigm enabling to process huge amounts of
potentially unstructured data while abstracting out to the application programmer
the precise details of where the different parts of the data are stored. According to
its inventors [Dean and Ghemawat, 2008], "this allows programmers without any
experience with parallel and distributed systems to easily utilize the resources of
a large distributed system". Today, the modern distributed computing frameworks
that have bloomed from the original Map-Reduce are far more powerful and flexible,

0.0 Challenges and objectives
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such as the Apache Spark framework used in this PhD. Still, we found that their
relatively steep learning curve prevented domain experts to easily deploy their
methodologies at the scale of entire fleets. Solving this issue is the goal of the generic
analytics pipeline introduced in Chapter 8. Then, various use cases can be realized
in collaboration with domain experts. Then, insights need to be extracted from vast
amounts of unlabeled data, which are in addition high-dimensional. To this end,
unsupervised learning algorithm are used, to address clustering (partitioning into
groups without supervision), dimensionality reduction, and visualization, among
others. We focus on self-organizing maps (SOM) [Kohonen, 1982], which have the
advantage of producing interpretable results.

In this thesis, besides the engineering aspects, we are also interested in the theoretical
challenges and tried to address two very fundamental issues in unsupervised learning.
First, the links between structure and representation. And second, the very definition
of structure, arising from the problem of model selection in clustering.

Clustering in high-dimensional spaces is a difficult problem which is recurrent in
many domains, for example in image or signal analysis. The difficulty is due to the
fact that high-dimensional data usually live in different low-dimensional subspaces
hidden in the original space. In other words, structure depends on the representation.
We explore the combination of representation learning, i.e. automatically learning
useful features from data using neural networks, and develop a deep variant of the
SOM (DESOM). However, as complex as the algorithm may be, it is of no use if
its solutions cannot be evaluated properly, in an objective way, in order to selects
its parameters. This evaluation, called model selection, is a major challenge in
clustering, as there is no ground truth to evaluate against. The standard methods
have strong limitations. We try to improve on a set of methods called cluster stability
analysis, and propose a new criterion along with thorough experiments showing its
effectiveness.

In a way, we address scalability issues in several ways. On one hand, we overcome
large numbers of observations N using either distributed data-parallel processing,
or efficient (linear) learning rules such as stochastic gradient descent. On the other
hand, we tackle large numbers of variables P by dimensionality reduction and
representation learning.

Chapter 0 Introduction



Overview

This manuscript is organized into three parts:

I Clustering, self-organization and representation learning (chapters 1, 2
and 3).
II Model selection in clustering (chapters 4, 5 and 6).
IIT Industrial applications and scalability (chapters 7 and 8).

Chapter 1: Clustering and self-organization

The first chapter of this thesis provides an introduction to the field of unsupervised
machine learning. It presents the main algorithms for data clustering, as well as
dimensionality reduction and visualization based on a self-organization process,
such as Self-Organizing Maps (SOM).

Chapter 2: Unsupervised representation learning for clustering

In the second chapter, we dive into unsupervised learning methods based on
deep neural networks in order to learn semantic representations of complex, high-
dimensional data sets. A major family of models is autoencoders. Then, we present
a state-of-the-art of recent approaches combining representation learning and clus-
tering, called deep clustering methods.

Chapter 3: Deep Embedded SOM (DESOM)

The third chapter presents the first main contribution of this thesis to the field of deep
clustering. The Deep Embedded SOM (DESOM) is a neural network-based model
performing joint representation learning and self-organization of the cluster proto-
types. We present in details the model architecture, training procedure, and study
its performance and the influence of hyperparameters on several benchmarks.

Chapter 4: Model selection in clustering

Model selection is perhaps the most difficult problem in clustering, and is the subject
of chapter 4. It allows to evaluate the results of a clustering algorithm in order
to select its "best" parameters, such as the number of clusters. We introduce its
challenges, and a selection of external and internal validation indices. In addition,
we present specific indices to evaluate SOM models, that we implemented as an
open-source Python module.

Chapter 5: Selecting the number of clusters with a stability trade-off

The fifth chapter tackles model selection using cluster stability analysis. Stability
methods are based on the principle that a good clustering solution should be stable
to perturbations of the data distribution. These perturbations may arise by sampling
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or injection of noise. Our contribution is a novel concept of within-cluster stability,
leading to a criterion called Stadion (stability difference criterion). Through exten-
sive experiments and benchmarks on 80 data sets, we show its ability to effectively
select the number of clusters compared with existing methods in literature.

Chapter 6: Validation of time series clustering with an invariance-guided crite-
rion

In chapter 6, we apply the Stadion criterion to the task of whole time series clus-
tering validation. Time series clustering is challenging in several ways (e.g. high
dimensions, correlation, invariances to transformations) and model selection is not
well studied. We propose to guide the perturbation process by leveraging invariant
transformations of the data, whenever these are know beforehand. We experi-
ment with shifting, scaling and warping transformations, and evaluate well-known
center-based time series clustering algorithms.

Chapter 7: Scaling to Big Data with distributed computing

Chapters 7 and 8 aim at solving the challenges of the ever-growing amounts of
data generated by aircraft operation. We first define the term Big Data and its
implications. Then, we provide a technical introduction to the software tools that
we use to process large flight data sets on a cluster, namely the Hadoop eco-system
and the Spark distributed computing framework. Finally, we show how clustering
algorithms can be distributed in the Map-Reduce paradigm to process data in parallel
on clusters of machines.

Chapter 8: Industrial applications

Lastly, chapter 8 concerns two contributions around industrial applications developed
at Safran A.E. with the objective of scaling methodologies for engine fleet health
monitoring. With this goal in mind, a generic pipeline for large-scale processing
of aircraft engine data has been developed, based on Spark and deployed on the
production cluster. More precisely, it allows domain engineers to massively extract
flight features, apply the SOM algorithm, save the models and visualize them through
a web application. Studies conducted on LEAP engine data are presented.
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Introduction

Cette introduction étendue en francais reprend I'introduction précédente, avec un
résumé de chaque chapitre. Dans un premier temps, nous présentons les différents
acteurs, le contexte et enjeux autour de ce projet de these. Le laboratoire universi-
taire et I'entreprise, ainsi que leur structure, leurs entités et leurs principaux produits
sont présentés. Ensuite, nous décrivons briévement le fonctionnement des moteurs
d’avion (turboréacteurs ou turbofans) et les principes de la surveillance de santé
(health monitoring), ainsi que les principaux défis théoriques et technologiques qui
se posent lors du passage a ’échelle en terme de taille et de complexité des jeux de
données. Nous justifierons 'adoption du cadre d’apprentissage non supervisé, afin
d’extraire des informations a partir de jeux de données en grande dimension. Ensuite,
des sections seront consacrées a résumer chacun des chapitres de ce manuscrit. Les
contributions de cette these, en termes de publications (articles acceptés et soumis),
de brevets, et de contributions de logiciels libres ont déja été énumérées a la fin du
précédent chapitre.

Contexte et motivations

Le travail présenté dans ce mémoire de thése est le fruit d’'une collaboration entre
le Laboratoire d’Informatique de Paris Nord (LIPN) de I'Université Sorbonne Paris
Nord, et 'entreprise Safran Aircraft Engines (groupe SAFRAN).

L’Université Sorbonne Paris Nord (ex Paris 13) est I'une des universités qui ont
succédé a la Sorbonne apres I'éclatement de I'Université de Paris en treize universités
autonomes en 1968. Le Laboratoire d’Informatique de Paris-Nord (LIPN), créé
en 1985, est associé au CNRS depuis janvier 1992 et a le statut d’unité mixte de
recherche (UMR 7030) depuis janvier 2001. La recherche effectuée au LIPN se
développe autour d’axes forts s’appuyant sur les compétences de ses membres, en
particulier en combinatoire, en optimisation combinatoire, en algorithmique, en
logique, en génie logiciel, en langage naturel, en apprentissage. Le laboratoire est
structuré en cing équipes qui refletent ces axes :

* A3 : Apprentissage Artificiel et Applications.
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AOC : Algorithmes et Optimisation Combinatoire.

* CALIN : Combinatoire, ALgorithmique et INteractions.

* LoVe : Logique et Vérification.

* RCLN : Représentation des Connaissances et Langage Naturel.

Safran Aircraft Engines (Safran A.E.), société du groupe SAFRAN, concoit, développe,
produit, et commercialise, seul ou en coopération, des moteurs pour avions civils et
militaires, pour lanceurs spatiaux et pour satellites. Safran Aircraft Engine propose
également aux compagnies aériennes, aux forces armées et aux opérateurs d’avions
une gamme complete de services pour leurs moteurs aéronautiques, couvrant le
cycle de vie du moteur de son entrée en service a son démantelement. Face a la
concurrence et a 'amélioration permanente des technologies, Safran Aircraft Engine
doit rester un motoriste compétitif en proposant des nouveaux moteurs innovants :
moins bruyants, plus économes en consommation de carburant, plus 1égers, etc.

Dans le cadre de cette these, nous nous intéressons aux moteurs d’avions équipant
des avions civils courts et moyens courriers. Ces produits sont congus par la société
CFM, une joint-venture entre le francais Safran A.E. et 'américain General Electric
(GE). La Figure 0.1 montre un moteur CFM56-7B (le moteur le plus vendu au
monde), et la génération actuelle, le LEAP. Dans ce travail, nous analyserons les
données des moteurs LEAP uniquement. La Table 0.1 contient les statistiques de la
flotte moteurs LEAP en opération au 31 mars 2020. Plus de 1000 avions et 2400
moteurs sont en service, pour un total de plus de 3,5 millions de cycles. Un cycle est
le terme technique utilisé a la place du mot vol pour désigner un démarrage et un
arrét complet du moteur.

Avant de poursuivre cette introduction, il convient d’expliquer briévement la maniére
dont un turboréacteur a double flux produit de la poussée. Tout d’abord, l'air est
capté a 'entrée du moteur. Une partie de cet air, appelé flux primaire, passe par la
soufflante (le fan) et continue dans le compresseur du coeur, puis dans la chambre
de combustion, ou il est mélangé au carburant et ou la combustion se produit.
Les gaz d’échappement chauds traversent le coeur et les turbines de la soufflante,
puis sortent par la tuyere. Le reste de l'air entrant traverse le fan et contourne le
moteur, c’est ce qu’on appelle le flux secondaire. Celui-ci voit sa vitesse légerement
augmentée. Ainsi, un turbofan tire une partie de sa poussée du coeur et une autre
partie de la soufflante. Le rapport entre le flux secondaire et le flux primaire est
appelé taux de dilution.

Bien que le principe de base d’'un moteur a réaction soit simple (troisiéme loi de
Newton), I'ensemble du systeme est d’'une extréme complexité. Un moteur est
constitué de plusieurs sous-systemes et d'un grand nombre de pieces fixes et mobiles,
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comme on peut le voir sur la coupe 3D d’'un moteur CFM65-7B sur la Figure 0.1
(a gauche). 1l est utile d’avoir une vue simplifiée des principaux composants du
moteur (voir Figure 0.2). Un turbofan est composé de deux arbres principaux, 'arbre
basse pression (LP) et I'arbre haute pression (HP) (ainsi qu'un arbre d’entrainement
radial (RDS), non représenté ici). L’arbre basse pression est alimenté par la turbine
basse pression et entraine la soufflante (entrée du moteur) et le compresseur basse
pression. L’arbre HP est entrainé par la turbine HP (qui succede a la chambre de
combustion) et entraine le compresseur HP. Enfin, le RDS est relié a ’arbre HP et
fournit la puissance au boitier d’accessoires.

Une fiabilité extrémement élevée est nécessaire pour atteindre le niveau de sécurité
requis pour les vols civils ou militaires. Généralement, le taux de défaillance doit étre
inférieur 4 10~ par heure de vol, et les moteurs sont congus pour durer de l'ordre
de 15 ans ou XXK cycles (avion : jusqu’a 30 ans ou 100k cycles). Le constructeur
assure cette performance grace a une conception et une fabrication robustes, des
normes et des certifications strictes, des essais approfondis, ainsi que des inspections
visuelles et un entretien régulier pendant leur fonctionnement afin de remplacer les
pieces. En outre, les moteurs et les avions sont équipés de capteurs qui collectent
des données durant les essais et en vol. Diverses méthodes ont été congues pour
analyser ces données. En cours de production, la méthodologie standard est le
controle statistique des procédés (SPC). Le SPC consiste a surveiller I’écart entre
les parametres et leur valeur cible, et affiche des alertes visuelles aux opérateurs si
’écart devient trop important.

Des techniques plus avancées sont développées dans le cadre du Prognostics and
Health Monitoring (PHM). L’objectif général est d’améliorer la disponibilité et
I'exploitation des moteurs [Blanchard et al., 2009, Bastard et al., 2016]. Il consiste a
surveiller I’état d'un moteur ou d’une flotte en utilisant les données opérationnelles
et un historique des événements. Le premier objectif