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Résumé : Les travaux présentés dans cette thése
concernent l'analyse statistique de cas particuliers du
processus de Cox.

Dans une premiére partie, nous proposons une
synthése des résultats existants sur le processus
power-law (processus d'intensité puissance), synthése
qui ne peut étre exhaustive étant donné la popularité
de ce processus. Nous considérons une approche
bayésienne pour l'inférence des paramétres de ce
processus qui nous conduit a introduire et a étudier en
détails une distribution que nous appelons loi H-B.
Cette loi est une loi conjuguée.

Nous proposons des stratégies d'élicitation des
hyperparamétres et étudions le comportement des
estimateurs de Bayes par des simulations.

Dans un deuxiéme temps, nous étendons ces travaux
au cas du processus dintensité exponentielle
(exponential-law process). Nous considérons le
maximum de vraisemblance techniques.

Pour l'analyse bayésianne, de la méme fagon,
nous définissons et étudions une loi conjuguée
pour l'analyse bayésienne de ce dernier: la loi
Gumbel-Modifié et la loi Gamma-Gumbel-Modifié.
Dans la derniere partie de la thése, nous
considérons un processus auto-excité qui intégre
une covariable. Ce travail est motivé, a I'origine,
par un probléme de fiabilité qui concerne des
données de défaillances de matériels exposés a
des environnements sévéres. Les résultats sont
illustrés par des applications sur des données
d'activités orageuses collectées dans deux
départements francais.

Enfin, nous donnons quelques directions de travail
et perspectives de futurs développements de
I'ensemble de nos travaux.

Inference for some stochastic processes with application on thunderstorm data

Keywords: Power-law process, exponential-law process, self-exciting point process, power-law covariate

model, maximum likelihood estimation, Bayes estimation.

Abstract: The work presented in this PhD dissertation
concerns the statistical analysis of some particular
cases of the Cox process.

Firstly, we study the power-law process (PLP). Since
the literature for the PLP is abundant, we suggest a
state-of-art for the process. For classical approach of
the maximum likelihood estimation, we recall some
important properties of the MLE of the PLP. For
Bayesian approach, we begin with non-informative
priors and then try different parametrizations to employ
conjugate priors that can integrate different scenarios of
prior guesses. That leads us to define a family of
distributions that we name H-B distribution as the
natural conjugate priors for the PLP. Bayesian analysis
with the conjugate priors are conducted via a simulation
study and an application on real data.

Secondly, we study the exponential-law process (ELP).
We review the maximum likelihood techniques. For
Bayesian analysis of the ELP, we define conjugate
priors: The Modified-Gumbel distribution and the
Gamma-Modified-Gumbel distribution.

We conduct a simulation study to compare

maximum likelihood estimates and Bayesian
estimates.
Thirdly, we investigate self-exciting point

processes and we introduce a power-law
covariate model to this process. A maximum
likelihood procedure for the model is proposed
and the Bayesian approach is suggested.

Lastly, we employ an application on thunderstorm
data collected in two French regions. We
consider a strategy to define a thunderstorm as a
temporal process associated with the charges in
a particular location. Some selected
thunderstorms are analyzed. We propose a
reduced maximum likelihood procedure to
estimate the parameters of the Hawkes process.
We then fit some thunderstorms to the power-law
covariate self-exciting point process taking into
account the associated charges.
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Loi cam on

huyén hanh trinh dai véi Toan hoc va Van héa ctia toi trén dat Phap
da di dén chang cudi cung. Téi xin mugn hai cau tho ctia nha tho
Ché Lan Vién trong bai the “Tiéng hat con tau” dé néi ho tam trang
ctia minh trong nhiing ngay cubi ciing & nuéc Phap:
Khi ta 6 chi 1a noi dat &,
Khi ta di dat bong héa tam hon.

Trong subt bon ndm va ba thang qua, t6i da tAn hudng mét cudc song
day mau sic tai Vannes, thanh phd bién xinh dep bén bs vinh Morbihan
ctia dat nude Phap tuoi dep. Téi may man gap gd rat nhiéu nguvi trong
hoac ngoai khoa Toan LMBA (Laboratoire de Mathématiques de Bre-
tagne Atlantiques). T tan day long, t6i mudn nhan gti 16i cam ta chan
thanh nhéat téi tAt ca moi ngudi vi nhitng tinh cam va long ti té ctia moi
nguoi danh cho t6i. Du t6i khong thé ké hét tén tat ca moi ngudi 6 day
nhung t6i sé khong bao gio quén bat ct ai.

Vao dau nam 2015, t6i bat dau lam Nghién ciu sinh dudi su huéng
dan caa thay Evans Gouno v6i mét du an vé 1ap mé hinh théng ké cho
dit liéu gidng bao. Du an nay doi héi nhiéu kién thic va ky thuat dé
phan tich va suy luan vé di liéu thuc. Thay dé xuit téi nghién ctu mét
s6 qua trinh ngiu nhién nhu qua trinh ngau nhién tu dién bién (SEPP),
qua trinh ngau nhién c¢6 cudng do luat ma (PLP). Khi méi bat dau, toi
khong thanh thao nhiéu phuong phap va kj thuat théng ké vi truéc dé
t6i hoc thac s§ chuyén nganh xéc suat. T6i da nhan ra rang viéc chuyén
ti Iy thuyét xac suat dén phan tich dit liéu thuc tién khong phai 1a mot
nhiém vu dé dang.

Trong qua trinh lam luan 4n, t6i da hoc dudc rat nhiéu kién thitc va
kinh nghiém vé théng ké nhd vao su gitp dd ciia Thay. Téi thuc su biét
on Thay vi su huéng dan tan tinh, ti mi, hiéu qua va déc biét 1a Thay
luén tén trong hoc tro. Thay la nguoi giai 4o cho t6i nhiéu diéu ma t6i da
titng ngdé nhan vé xac suit va théng ké. Thay day cho tbi biét khiém t6én
va kién nhan hoc héi nhitng diéu cé ban nhét truéc khi mudn lam diéu
gi d6 16n hon. C6 nhitng diéu tuéng nhu don gian nhung néu cin than
suy xét thi héa ra chung khong don gian chut nao. S€ khong bao gid t6i
quén thoi gian ching t6i cung nhau thao luan vé nhiing ¥ tuéng méi,
chuén bi cac béao cao hoi thao, viét va stra 16i cac bai bao. Thay khién toi
cam thay thoai mai, tiép thém cho t6i dong luc va su tu tin trong cong
viéc nghién ctu day khoé khan, thi thach.

Véi tam long chan thanh, t6i xin giti 16i cAm on téi hai gido su lam
phan bién cho luan an caa to6i: gido su Mitra Fouladirah va giao su Jean-
Yves Dauxois. Téi ciing bay t6 1ong cam on dén cac thanh vién khéc trong
héi dong chAm ludn an cho téi: gido su Jean Vaillant, gido su Sophie
Mercier va giao su Gilles Durrieu.
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Khi méi dén Phap, t6i hoan toan khong biét tiéng Phép nén téi gép
rat nhiéu khé khan khi giao tiép véi ngudi Phap. May man thay, cac
thanh vién ctia khoa Toan LMBA da ludn san sang gitp t6i vudt qua
nhitng khé khén trong cudc sébng hang ngay. Ronan, Jonathan, Eric da
day t6i nhiing ti tiéng Phap dau tién va gitp t6i lam céac tha tuc hanh
chinh béng tiéng Phap. Su gitp d3 clia cac ban trong nhitng ngay dau
tién toi 6 Phap 1a diéu that dang tran trong va téi khéng thé nao quén
va t6i biét on céc ban vé su gitp d6 quy bau dé.

Ronan “ti dién”, t6i tu hoi liéu c6 ton tai diéu gi ma cau khong thé
tra 16i dudc? Su siéng ning va su déu dén cta ciu trong cong viéc hang
ngay da gay an tuong manh véi toi. Toi da hoc dude nhiéu tit thai do
chuyén nghiép tit cAu. Cau da truyén cam hiing cho t6i dé t6i tré thanh
mot phién ban t6t hon chinh minh! Jonathan, cau ludn tot véi toi va kién
nhén giai thich cho t6i nhiéu cau héi. Eric, cau da lai xe chd t6i di lung
suc tat ca cac ctta hang dd cit d€ tim chiéc xe dap bi méat cip cta toi. Lic
trén duong dén ctta hang cubi cung, cau bao hay tap trung tu tudng va
tin 14 sé tim thay né va diéu d6 qua thuc da xay ra nhu mot phép mau!
Kévin, cau da day cho toi cach choi béng ban ding ky thuat va day toi
choi mén co vay Trung Qubc. Mon thé thao nao ciu ciing choi rat ci!
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Analyse statistique de processus stochastiques : ap-
plication a des données d’orages

Résumé

Les travaux présentés dans cette thése concernent I'analyse statistique
de cas particuliers du processus de Cox.

Dans une premieére partie, nous proposons une synthese des résultats
existants sur le processus power-law (processus d’intensité puissance), syn-
thése qui ne peut étre exhaustive étant donné la popularité de ce proces-
sus. Nous considérons une approche bayésienne pour l'inférence des para-
metres de ce processus qui nous conduit a introduire et a étudier en détails
une distribution que nous appelons loi H-B. Cette loi est une loi conjuguée.
Nous proposons des stratégies d’élicitation des hyperparametres et étudions
le comportement des estimateurs de Bayes par des simulations.

Dans un deuxiéme temps, nous étendons ces travaux au cas du processus
d’intensité exponentielle (exponential-law process). De la méme fagon, nous
définissons et étudions une loi conjuguée pour I'analyse bayésienne de ce der-
nier.

Dans la derniére partie de la theése, nous considérons un processus auto-
excité qui intégre une covariable. Ce travail est motivé, a l'origine, par un
probléeme de fiabilité qui concerne des données de défaillances de matériels
exposés a des environnements séveres. Les résultats sont illustrés par des
applications sur des données d’activités orageuses collectées dans deux dé-
partements francais. Enfin, nous donnons quelques directions de travail et
perspectives pour de futurs développements de I'ensemble de nos travaux.

Mots Clés : Processus power-law, processus d’intensité exponentielle, pro-
cessus auto-excité, covariable, maximum de vraisemblance, estimateur de
Bayes.
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Inference for some stochastic processes with aplica-
tion on Thunderstorm data

Abstract

The work presented in this PhD dissertation concerns the statistical anal-
ysis of some particular cases of the Cox process.

In the first part, we introduce some important statistical concepts and
notions as well as techniques for stochastic point processes.

In the second part, we study the power-law process (PLP). Since the lit-
erature for the PLP is abundant, we suggest a state-of-art for this process.
We consider the classical approach and recall some important properties of
the maximum likelihood estimators for the PLP’s parameters. Then we in-
vestigate the Bayesian approach with non-informative priors. We construct
conjugate priors and define a family of distributions that we name H-B dis-
tribution as the natural conjugate priors for the PLP. Bayesian computations
with H-B prior are conducted via a simulation study and an application on
real data.

In the third part, we study the exponential-law process (ELP). We review
the maximum likelihood techniques. For Bayesian analysis of the ELP, we
introduce the modified-Gumbel distributions and Gamma-modified-Gumbel
distributions as conjugate priors. We conduct a simulation study to compare
maximum likelihood estimates and Bayesian estimates.

In the fourth part, we investigate self-exciting point processes. We in-
tegrate a power-law covariate model to one of these processes. A maximum
likelihood procedure for the model is proposed and the Bayesian approach is
suggested.

The last part of the thesis is devoted to an application on thunderstorm
data collected in two French regions. We consider a strategy to define a thun-
derstorm as a temporal process associated with the electrical charges in a
given location. Some selected thunderstorms are analyzed. We propose a
reduced maximum likelihood procedure to estimate the parameters of the
Hawkes process. We then fit some thunderstorms to the power-law covari-
ate self-exciting point process taking into account the associated electrical
charges.

In the conclusion, we give some perspectives for further work.

Keywords: Power-law process, exponential-law process, self-exciting point
process, power-law covariate model, maximum likelihood estimation, Bayes
estimation.
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Résumé

Les travaux présentés dans cette thése concernent I'analyse statistique de
processus stochastiques. Nous nous intéressons a 'estimation des parameétres
de l'intensité du processus power-law (processus d’intensité puissance), du
processus exponential-law (processus d’intensité exponentielle) et d'un proces-
sus auto-excité a covariables.

La motivation premiére du travail est I’analyse de données d’orages qui
ont été collectées dans deux départements francais : ’Ardeche et 1a Drome.

Lobjectif est d’obtenir une modélisation de I’activité orageuse; cette mo-
délisation ayant pour finalité une meilleure connaissance de l'effet de va-
riables liées a 'environnement sur la propension a la défaillance de matériels.
Il s’agit donc d’un probléme de fiabilité.

La nature des données dont nous disposons, nous a conduit & nous orien-
ter vers une modélisation processus de comptage. La particularité de notre
travail est la prise en compte de variables caractérisant I’environnement.
Nous avons proposé un modele ou I'expression de I'intensité dépend de va-
riables exogénes. Ce modele s’apparente au modeéle de Cox mais ici I'expres-
sion de l'intensité ne dépend pas seulement du temps mais également du
nombre de sauts survenu par le passé. Nous envisageons I'analyse de ce pro-
cessus du point de vue classique (maximum de vraisemblance) mais égale-
ment du point de vue bayésien.

La littérature concernant les processus stochastiques est trés abondantes.
Les approches sont multiples. On rencontres une myriades de notations, défi-
nitions et résultats, déclinés sous de nombreuses formes. Ceci nous a conduit
arédiger un chapitre préliminaire afin de fixer ’'approche et les notations que
nous adopterons tout au long de la these.

Avant de construire le modele auto-excité a covariables pour les données
d’orages, nous avons choisi d’explorer les modeéles plus classiques que sont
le processus power-law et le processus exponential-law. Pour chacun de ces
modeles, nous proposons un état de I'art avant d’apporter une contribution
en définissant des lois qui se trouvent étre des lois a priori conjuguées pour
Pestimation bayésienne des parametres de ces modeéles. Une attention parti-
culiere est portée a la question de 1’élicitation des hyperparametres.
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Le Processus Power-Law

Le processus power-law (PLP) est un processus de Poisson non-homogeéne

B

dont l'intensité est de la forme : A(¢) = —ﬁtﬁ_l. Il est bien connu et «inten-
a

sivement » utilisé dans le domaine de la fiabilité. L'intérét de ce processus
est qu’il permet de couvrir de nombreuses situations relatives a la concen-
tration, a 'accumulation de ’événement d’intérét que le processus est sup-
posé représenter. Nous en présentons un état de I'art. Un autre intérét du
processus power-law est que les estimateurs du maximum de vraisemblance
existent sous forme explicites. Nous rappelons les principaux résultats utiles
pour l'inférence.

Nous considérons alors une approche bayésienne et définissons la loi H-B.
Cette loi caractérisée par 5 parametres (a,b,c,d, m) tous positifs et tels que
b < c?, est une loi bivariée sur R* x R* dont la densité est :

fxy@,y) =K £ 1y 1Y exp{-dxc’},

ou K = d™[log(c™/b)I*/T(m)I'(a).

La figure 1 est la représentation de la densité d'une loi H-B de parameétres
(1.5,5,0.5,1,1.5) et de la courbe de niveau associée. Cette loi se trouve étre
une loi conjuguée pour I'estimation des parametres de I'intensité d’'un proces-
sus power-law.

FIGURE 1 : Densité de la loi de probabilité H-B de paramétres a = 1.5, b =5,
c=05d=1etm=1.5

Une attention particuliere est portée a la question de I’élicitation des
hyperparametres et différentes stratégies sont proposées. Ces travaux ont
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fait 'objet d'une communication et d'une publication dans les proceedings
d’'une conférence internationale a Ho Chi Ming City en mai 2016 (The 1st

Conference on Applied Mathematics in Engineering and Reliability (ICA-
MER 2016)).

Le Processus exponential-law

Ce que nous avons choisi d’appeler le processus exponential-law est une pro-
cessus de Poisson dont I'intensité est de forme exponentielle et a pour expres-
sion A(¢) = aeP? , a >0, f€R. Bien qu’il soit moins fréquemment rencontré que
le processus power-law dans la littérature, il permet également de couvrir dif-
férents cas de comportement du processus suivant les valeurs des paramétres
a et B.

Nous avons comme pour le PLP, mené une étude détaillée de ce processus.
Pour procéder a son analyse bayésienne nous avons introduit une distribution
particuliére que nous avons appelée : loi Gamma-Gumbel modifiée. Cette loi
bivariée posséde 5 parametres (a,b,c,d,m) tous positifs et tels que : a > 2,
c<b<cla—1)et meN. Sa densité a pour expression :

fxy(x,y) =K x*1ymexp{by —dx (e —1)/y}.

ou K est une constante de normalisation que nous avons calculée.
La figure 2 donne la représentation d’'une loi Gamma-Gumbel modifiée
pour a =10, 5=10,c=2,d =1 et m =0 et de la courbe de niveau associée.

FIGURE 2 : Densité de la loi de probabilité Gamma-Gumbel modifiée de para-
meétresa=10,b=10,c=2, d=1etm=0

i

Notre travail étend les résultats obtenus par Huang & Bier [28]. Comme
pour le PLP, nous envisageons le probleme de lelicitation des hyperpara-

metres. Le comportement des estimateurs de Bayes est étudié a travers des
simulations.
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Les Processus auto-excités

Nous avons construit un modéle auto-excité a covariables pour les données
d’orages en nous appuyant sur les techniques utilisées pour modéliser I’acti-
vité sismique.

En effet, dans ce domaine, de nombreux modéles ont été proposés, mo-
deles reposant sur des considérations géo-physiques et sur les processus ponc-
tuels auto-excités.

Les processus auto-excités sont des processus stochastiques dont I'inten-
sité ne dépend pas uniquement du temps mais également du nombre et de la
date des événements passés. Ils sont tres fréquemment utilisés pour analy-
ser les données de tremblements de terre. En effet, un tremblement de terre
est caractérisé par des secousses majeures (ou principales) de forte intensité
suivies de répliques mineures (ou secondaires) d’intensité plus faible et dé-
croissante dans le temps. Il nous a semblé intuitivement que les phénomeénes
d’orages s’apparentaient aux phénomeénes de tremblements de terre. A des
impacts de foudre de charges électriques importantes succedent des épisodes
d’impacts de moindres charges; la charge électrique jouant le réle de la ma-
gnitude de d’une secousse.

Nous avons donc considéré un processus auto-excité dont I'intensité est
de la forme :

\7
A%(t) = p+a Z (i) e—,ﬁ(t—ti) (1)

ti<t \20
ol z; est la charge du i®™¢ impact. En analysant les données disponibles,
nous avons constaté que la charge électrique était distribuée suivant une loi
log-normale. Nous proposons des procédures d’estimation classiques et bayé-
siennes pour les parameétres du modéle (1) qui est donc I'intensité de ce que
avons appelé un processus auto-excité a covariables.

Application : Données d’Orages

Dans le chapitre 6, nous décrivons les données d’orages et proposons une
définition (statistique) de I'orage. Nous obtenons des représentations des im-
pacts correspondants. Les trois figures suivantes donnent une représentation
spatiale (5) , une représention de I'intensité empirique cumulée (5) et une re-
présentation de la charge des impacts (5) pour un exemple d’orage qui a eu
lieu aux alentours de Valence, le 10 avril 2008. Cette orage a duré 37 minutes
et 160 impacts de foudre se sont produits.

Nous appliquons alors les méthodes proposées au chapitre précédent pour
analyser une sélection d’orages extraite par notre procédure de la base de
données.
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FIGURE 3 : Représentation spatiale d’'un orage (Valence, 10 avril 2008)
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FIGURE 4 : Représentation de lintensité empirique cumulée pour un orage
(Valence, 10 avril 2008)

o _|
wn
o _|
<
D
Rl
g
3 8
2
‘@
=4
Q
£
- o _|
N
o
—
o
T T T T T
0 500 1000 1500 2000
temps

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CONTENTS

FIGURE 5 : Représentation de la charge des impacts d’un orage (Valence, 10
avril 2008)
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Conclusion et Perspectives

Dans nos travaux, nous nous sommes essentiellement intéressé & une modé-
lisation temporelle, la prise en compte de 'aspect spatial s’est effectuée de
maniére empirique et déterministe. Une direction de travail que nous envi-
sageons est la prise en compte de 'aspect spatial. Il s’agira alors d’étudier des
processus auto-excités spatio-temporels a covariables.

A notre connaissance, il existe peu de travaux sur les techniques de tests
d’hypothéses non paramétrique dans un cadre bayésienne pour les PAE. Cette
direction de recherche est a envisager.

Le probléme que nous avons abordé dans la these est trés riche. De nom-
breux modeéles sont envisageables et a4 imaginer pour les données d’orages. Le
développement d’un utilitaire afin d’automatiser I'extraction des séquences
d’impacts qui caractérisent les orages est un de nos projets. Il pourrait per-
mettre le traitement spatio-temporelle mais également la classification des
orages.

De nombreuses questions restent ouvertes et de nombreux points abordés
dans la these sont I'objet de projet de publication.

A Theure ou I'évolution de climat est devenue une question importante,
notre travail sur la modélisation de I'activité orageuse pourrait contribuer a
une meilleure compréhension de ce phénomene.
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Chapter 1

General Introduction

Context of the thesis

’

"Tous les ans, environ 500 000 impacts de foudre sont enregistrés en France.’

Thunderstorms are phenomena that happen in the Earth’s atmosphere. A
thunderstorm creates a series of impacts nearby a place and within a period
of time. In each thunderstorm, a lightning strike may trigger the preferable
condition of the atmosphere then more strikes come after and nearby. That is
to say, impacts of a thunderstorm are grouped in time and clustered in space.

Considering the thunderstorm data, we are looking for statistical models
to fit the data. The data comprises of lightning impacts with dates, times, lon-
gitudes, latitudes, electrical charges, etc. Self-exciting point processes (SEPP)
appear as good candidates since they have been widely used to model cluster-
ing point patterns.

While investigating deeply the data, we also find out that, given a fixed
amplitude-threshold of electrical charges, thunderstorm impacts may occur
more or less frequently over time. This kind of point pattern may follow the

9
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CHAPTER 1. GENERAL INTRODUCTION

power-law process (PLP) or exponential-law process (ELP) that have been
used to model reliability of repairable systems.

At first sight the link between those three processes is not obvious. The
PLP and the ELP belong to the class of nonhomogeneous Poisson processes
while the SEPP belongs to the family of doubly stochastic Poisson processes.
The PLP has intensity function that depends on time according a power-law
and for the ELP the dependency is the exponential-law. These intensity func-
tions are independent to the previous history of the processes. The SEPP
has conditional intensity function depending not only on time but also on the
previous history. Therefore, the conditional intensity function is a random
quantity itself. This form of conditional intensity function captures the fea-
ture "self-excited" of the process.

The PLP has been used intensively in reliability to model repairable sys-
tems and also finds its application in many other domains. The convenient
form of its intensity function makes it popular in the literature. As mentioned
by Rigdon and Basu [51]:

it is also possible that PLP could also be used to model [...] the occurrences
of earthquakes of a given magnitude, or other events that occur at random
points in time.’

The ELP can be also used to model repairable systems but with a faster
grow rate of reliability than the PLP. This process has form of intensity as
simple as of the PLP but the maximum likelihood estimators can not be ob-
tained analytically. By using numerical techniques to maximize the likeli-
hood for the ELP, we get some clues for the same techniques employed to the
SEPP.

The SEPP has been used to model many phenomena such as earthquakes
(Ogata [43], Vere-Jones [61]), seismic data, social media analytics (Zadeh &
Sharda [62]), ultra-high frequency financial data (Chen & Hall [7]), conver-
sation event sequences (Masuda et al. [37]), crime (Molher et al. [40]), neural
activities (Kazemipour et al. [29]). However, we have not found any applica-
tion of self-exciting point process to thunderstorms.

We choose to present the three processes in this thesis. We will give a
brief introduction to each of the process in the sequel.

The power-law process

The PLP was first introduced by Duane in 1964 ([17]). In the literature,
there exists many terminologies for this process: Duane process, Weillbull
process, AMSAA process. In fact, it is a nonhomogeneous Poisson process
with power-law intensity function parametrized by two parameters. We use
the term power-law process as suggested by Guida et al. ([6]). Thank to the
power-law form of the intensity, the compensator is also in power-law form.
That makes possible to conduct a simple graphical test such as Duane plot
([17]) and a goodness-of-fit test (Gaudoin et al. [20]). The likelihood of the
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PLP is tractable and gives closed-forms estimators (MLEs). The MLEs can be
transformed to pivotal quantities that facilitate the construction of confidence
intervals for the parameters. In practice, two schemes of observation can be
considered: event truncation and time truncation. If we set a fixed number of
event beforehand, say n, and stop our observation at the date of occurrence
of the n—th event then the data are event truncated. For time truncation, we
fix the time C, end of the observation. In the first scheme, the ending time is
a random variable while the number of events is fixed. In the second scheme,
the ending time is no more random but the number of events is. Therefore
inference on maximum likelihood estimators is different but it will not be
the case for Bayesian inference. In many papers, authors focus on the event
truncation case. We treat in details the time truncation case for maximum
likelihood estimators of the PLP.

Bayesian approach for the PLP has been considered by many authors.
Guida et al. (1989, [23]), Calibria et al. (1990, [6]), Bar-lev et al. (1992, [3]),
Huang and Bier (1998, [27]) and Olivera et al. (2012, [45]) are amongst those
who contributed to the Bayesian inference for the PLP. They consider many
different parametrizations for the intensity function of the PLP. Guida et al.
use the form A(¢) = (ﬁ/a)(t/a)ﬁ_l. Huang and Bier reparametrize u = 1/aP to
get the form A(¢) = uBtP~1. Olivera et al. consider time truncation scheme
of observation in the time window [0, C] and reparametrize n = A(C) = (C/a)P
so the intensity is A(¢) = uBtP~1. Different choices of priors are proposed
corresponding to the parametrization. The table 1.1 summarizes some of the
prior choices for Bayesian analysis of the PLP.

Table 1.1: Prior choices for the Bayesian analysis of the PLP

Reference Prior
Guida et al. [23] Noninformative joint prior for («, 8)
and Calabria et al. [6] Noninformative for @, uniform for

gamma for a given B, uniform for

Bar-Lev et al. [3] general noninformative joint prior for (a, 8)
Kuo & Yang [31] any distribution for @, gamma for f (independent)
Huang & Bier [27] natural conjugate prior for (u, )
Sen [54] Noninformative joint prior for (a, )

gamma for a given §, uniform for

Oliveira et al. [45] independent conjugate prior for (1, §)

Conjugate prior is a very convenient choice of prior for Bayesian analysis
since the prior and the posterior belong to the same family distributions. We
seek for a conjugate prior for the process since it lessens the computation of
posterior. Huang and Bier propose a prior that they call the natural conjugate
prior for the PLP. In fact, their prior is not exactly a conjugate for the PLP
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since the posterior distribution is different from prior distribution and they
need numerical method to analyze the posterior. In our work, we start from
Jeffreys’ rule for noninformative prior then consider a reparametrization that
leads to an independent conjugate prior. The posterior distribution obtained
from those priors can be decomposed into a marginal gamma distribution and
a conditional gamma distribution. That type of combination leads us to con-
sider a joint conjugate prior for the PLP. We obtain a bivariate distribution
that is a conjugate prior for the PLP. Huang and Bier ([27]) introduce the
same idea but they still need numerical method to approximate the posterior
since the posterior does not belong to the same family as the prior. We name
that natural conjugate prior the H-B distribution. This bivariate distribution
is a product of a marginal gamma distribution and a conditional gamma dis-
tribution. It is a uni-modal distribution. The expectations, variances of each
components can be obtained explicitly as well as the covariance between the
two components. Those convenient closed-forms of moments make it easy to
integrate prior information for prior elicitation. We also suggest many sce-
narios of prior information and the associated prior elicitation strategies for
the hyperparameters.

The simulation algorithm for the PLP is available for a comparison be-
tween Bayesian estimates and maximum likelihood estimates.

The exponential-law process

As the PLP, the ELP has been introduced in reliability analysis. It is normally
referred to as a nonhomogeneous Poisson process with exponential law inten-
sity function (Huang & Bier [28]). We use the term exponential-law process
mimicking the name for the power-law process. The ELP, despite the simple
form of intensity function, is less popular than the PLP. The literature for this
process is limited, for example (Huang & Bier [28]). It is considered as an al-
ternative model for reliability when the grow rate changes very fast according
an exponential-law. The compensator (integrated intensity) is not exponen-
tial and it is not possible to obtain a simple graphical test or goodness-of-fit
test for the adequacy of the process. The likelihood is also tractable but it re-
quires numerical methods to get maximum likelihood estimates. We propose
a procedure to maximize the likelihood of the ELP that is original.

For Bayesian inference on the ELP, we follow the same roadmap as for the
PLP. First, we consider the noninformative prior and then the independent
conjugate prior by a reparametrization. We obtain a joint conjugate prior
for the ELP as a combination of gamma distributions and what we name
Modified-Gumbel distribution. We name that natural conjugate prior the
Gamma-Modified-Gumbel distribution. The expectation, variance of each
component of this bivaritate distribution can not be obtained in closed-forms
but require numerical method. That leads to the fact that any prior elicitation
requires a trials and errors procedure. Then we introduce some elicitation
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strategies and conduct a simulation study to compare Bayesian estimates
and maximum likelihood estimates.

To compare the PLP and the ELP, we give an application on real data.

Self-exciting point processes

Self-exciting point processes (SEPP) are useful statistical models for point
patterns that have a temporal clustering feature. Since the seminal paper
of Hawkes ([24]), SEPP and their extensions have found applications in a
wide range of areas, such as earthquake occurrence modeling (Ogata [43])
and prediction (Vere-Jones [61]), neuron firing process modeling (Chornoboy
et al. [8]), triggered optical emission modeling (Teich & Saleh [59]), credit rat-
ing transition modeling (Koopmana et al. [30]), general ultra-high frequency
financial data modeling (Chen & Hall [7]), and social network interaction
modeling (Crane & Sornette [12]).

An important problem in applications of point processes is estimating
model parameters. Both maximum likelihood inference and Bayesian infer-
ence for SEPP have been proposed. Some works on estimation for SEPP
and associated asymptotic theory can be found in the literature. Ogata [43]
establishes consistency and asymptotic normality of maximum likelihood es-
timators under stationarity and ergodicity conditions. Chornoboy et al. [8]
derives consistency and asymptotic normality of maximum likelihood estima-
tors for the multivariate SEPP under regularity conditions on the excitation
components of the intensity processes. They also proposes an expectation-
maximization procedure to calculate maximum likelihood estimators, and es-
tablishes the convergence of the procedure. Rathbun [49] studies asymptotic
properties of maximum likelihood estimators (MLEs) for spatial-temporal
SEPPs under stationarity conditions.

We introduce the power-law covariate self-exciting point process (PLC-
SEPP) that takes into account covariates associated with jumps of the process
(here, electrical charges of thunderstorm impacts). Writing the likelihood for
such a process, the MLE can not be obtained in closed-forms so it requires nu-
merical techniques. We present a reduced maximum likelihood procedure for
the Hawkes process and the power-law covariate self-exciting point process.
Efficiency of the procedures is studied through simulations.

Objectives
The objective of the thesis is to develop some statistical models to fit the
thunderstorm data and propose some procedures to make inference on the

parameters of the models using maximum likelihood approach and Bayesian
approach.

13

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 1. GENERAL INTRODUCTION

Main results

We introduce and study conjugate priors for Bayesian analysis of the PLP
and the ELP. The conjugate prior for the PLP is H-B distribution while the
conjugate prior for the ELP is G-M-G distribution. The two distributions
are investigated in details with some practical elicitation strategies to obtain
values for their parameters from prior information. Relying on the abundant
literature on the PLP, we suggest a state-of-art for this process related to
many aspects: interevents distribution, maximum likelihood estimators, data
truncation, Bayesian prior choices, parametrizations, etc. By contrast, the
literature on the ELP is very limited. We develop a maximum likelihood
procedure for the process and then propose several Bayesian prior choices for
inference. Our approaches have been investigated by simulation studies for
the two processes and by application on real data.

We propose a reduced maximum likelihood procedure for the Hawkes pro-
cess that reduced the objective optimizing function from three dimensions to
two dimensions.

We propose the power-law covariate self-exciting point process (PLC-SEPP)
that allows us to model thunderstorm with dates of jumps and the associ-
ated electrical charges. A maximum likelihood procedure for the PLC-SEPP
is given and is tested by a simulation study. We also set the basis for the
Bayesian approach for this model.

We introduce a method to define thunderstorms by specifying time-threshold
and by localizing impacts on the map of the two regions. Some thunderstorms
are selected to fit in the models.

Structure of the thesis

The dissertation is organized as follos.

In chapter 2, we review some basic statistical concepts and methods for
stochastic processes. The conditional intensity function is our main tool to
make inference.

In chapter 3 and chapter 4, we study the PLP and the ELP, respectively.
We summarize the state-of-art in the literature for each process. We consider
both maximum likelihood approach and Bayesian approach for the processes.
Strategies to obtain the natural conjugate priors for the PLP and the ELP
are presented from noninformative prior and independent conjugate prior to
conjugate prior. We introduce conjugate priors for the PLP and the ELP and
compare Bayesian estimates to maximum likelihood estimates by simulation
study.

In chapter 5, we study the self-exciting point process (SEPP). We re-
consider some classical models of the process and some well-known types
of conditional intensity function. A reduced maximum likelihood procedure
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for Hawkes process is proposed. Then we propose the model that we name
power-law covariate self-exciting point process.

In chapter 6, we analyze the thunderstorm data. We define a thunder-
storm in term of a sequence of impacts that occur in a fixed spatial window
and temporal window. Some typical thunderstorms are chosen to make in-
ference applying Hawkes process and the power-law covariate self-exciting
point process.

In chapter 7, we present the general conclusion of our works. Some per-
spectives are given for future research.

Some proofs and simulation algorithms can be found in the appendices.
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Chapter 2

Preliminary: Temporal Point
Processes

In this chapter, we present some related concepts and notions as
well as some techniques to deal with stochastic processes. Some
important theorems and propositions are introduced and the read-
ers can find the detail proofs in the appendices.

2.1 Introduction

A temporal point pattern is basically a list of jumps of events. Mathemat-
ically it is called a stochastic point process. Many real phenomena produce
data that can be represented as a temporal point pattern, for instance fail-
ures of a repairable system, impacts of a thunderstorms to be listed a few.
Usually complex mechanisms are behind these seemingly random times, for
instance lightening strikes cause new lightening strikes by triggering the at-
mosphere. We do not know how many events will occur, or at what times they
will occur. An essential tool for dealing with these mechanisms, for example
in predicting future events, is a stochastic point process modeling the point
pattern: a temporal point process. The term point is used since we may think
of an event as being date and this date can represent as a point on the real
line. Hence, the terms point and event or jump will be used interchangeably
throughout this text. Often there is more information available associated
with an event. This information is known as marks. The marks may be of
separate interest or may simply be included to make a more realistic model
of the event times. For example, for thunderstorm it is of practical relevance
to know the position and the electrical charge associated with a lightening
strike, not just its occurrence date. In the same time, we may think that the
electrical charge of an impact influences the number and nature of future
impacts.
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2.2 Temporal Point Processes

There are many ways of treating temporal point processes. In this text, we
will explore one approach based on the so-called conditional intensity func-
tion. To understand this concept, we first have to understand the concept
of evolutionary. Usually we think of time as having an evolutionary charac-
ter: what happens now may depend on what happened in the past, but not
on what is going to happen in the future. This order of time is also a nat-
ural starting point for defining practically useful temporal point processes.
Roughly speaking, we can define a point process by specifying a stochastic
model for the time of the next event given we know all the times of previous
events. The term evolutionary point process is used for processes defined in
this way. The past in a point process is captured by the concept of the history
of the process. If we consider the time ¢, then the history /; is the list of
all the dates of events (¢1,t9,...,t,) up to but not including time #. Note that
we assume that we have a simple point process, i.e. a point process where no
points coincide, such that the points can be strictly ordered in time.

2.2.1 Jumps and interevents

To specify a temporal point process we can use many different approaches. In
this text, we will consider two of those approaches.

One rely on the distribution of the occurrence times of jumps or the time
lengths between subsequent events. The second one rely on the number of
events occurring in a given time-interval.

The lengths of the time intervals between subsequent events are called
the interevents. We can define a temporal point process by specifying the
distribution of these interevents.

In the case of i.i.d. exponential interevents with parameter A, the process
is the well-known homogeneous Poisson process (HPP) with intensity A. The
process is also obtained assuming that the number of events in a given inter-
val of length ¢ is a Poisson distribution with parameter A¢. Another classical
hypothesis for the interevents is a Weibull distribution. In this case, the in-
ference for the process boils down to be the classical inference for i.i.d. Weibul
r.v. Remark that in this case, the alternative definition through the numbers
of events is not possible.

Now, suppose that given ¢;, the date of the i jump , the time to the next
jump is a Weibull distribution with parameters (a, ), the interevents are no
longer independent and has distribution:

Ft1ti,....t0) = (Bla)t/a)’ exp{~(t/a)f + i/},

which is a left-truncated Weibull distribution with support [#;,+ool.
This is an alternative definition of the power-law process (PLP) which is
defined as we will see in the next chapter, through the distribution of the
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number of events in a given interval [s,¢] as a Poisson distribution with pa-
rameter (+/a)? — (s/a)P.

2.2.2 Conditional intensity function

The conditional intensity function is an intuitive and convenient way of spec-
ifying how the present depends on the past in an evolutionary point process.
The behavior of a simple temporal point process is typically modeled by speci-
fying its conditional intensity A*(¢), which represents the infinitesimal rate at
which events are expected to occur around a particular time ¢, conditionally
on the history of the point process prior to time ¢.

Definition 2.2.1. — The conditional intensity associated with a temporal point
process N(t) may be defined via the limiting conditional probability
P[N(t,t+ At) > 0|74
A*(®) = lim [N(t, )>0| t]’
At—0 At

(provided this limit exists), where ¢ is the history of the point process N(t)
over all times strictly prior to time t.

Some authors instead define A(¢) as a limit of the conditional expectation

([54]):

E[N(t,t+ At]| 7]
At ’
since the two definitions are equivalent for orderly point processes.
Therefore assuming that there are no coincided events, one can also in-
terpret the conditional intensity function as the mean number of events oc-
curring in an infinitisimal length of time around ¢:

A* () = lim
At—0

A*(t)At = P[next event in (¢,¢ + At) | )]
=E[N(t,t+ At) | F4].

As all finite-dimensional distributions of N(¢) are uniquely determined by
the conditional intensity, in modeling a temporal point process, it suffices to
prescribe a model via its conditional intensity. A(¢) may be estimated non-
parametrically or via a parametric model. When N(¢) is a simple stochastic
point process, however, A(¢) is deterministic, i.e. A(f) depends only on .

For a temporal point process originating at time 0, one may define the
conditional compensator A(¢) as the integral of the conditional intensity from
time O to time ¢.

¢
A*(t) =f A (w)du.
0

The compensator may equivalently be defined as the unique non-negative
non-decreasing predictable process A(¢) such that N[0,t) — A(¢) is a martin-
gale (see [38]).
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Daley & Vere-Jones [16] establish that there is a one-to-one correspon-
dence between regular point process on R* and the family of conditional prob-
ability density functions p,(¢|¢,-1,...,£1) defined on [¢,,_1,+ool, for 0 <#; <
...<tp_1<t. We can consider the associated survivors functions

¢

Sn(t|tn_1,...,t1)=1—f P ty-1,...,t1)du, (t>t,-1) (2.1)
th-1

and the hazard function:

palulty-1,...,t1)
hnp(tlth-1,...,t1) = . (2.2)
" nol ! Sn(ultn—ly---atl)

The conditional intensity function is therefore the representative function
A*(.) defined piecewise by 1:

A5 () = h1(p), for 0 <t <tq,
hy(ttp_1,...,t1) fort,_1<t<t,, n=2.

This result is useful to simulate point processes.

2.2.3 Poisson processes

One of the most popular family of stochastic point processes is Poisson pro-
cess, which is a simple point process {N(¢),t = 0} such that the number of
points in any set follows a Poisson distribution and the numbers of points
in disjoint sets are independent. That is, {N(¢),# = 0} is a Poisson process if
N(Aq),...,N(A}p) are independent Poisson random variables, for any disjoint
and measurable subsets A1,...,A; of measure space S.

The Poisson process is characterized by the number of points in disjoint
sets being independent. The conditional intensity function inherits this inde-
pendence. A Poisson process is a process satisfying the following properties:

1. The numbers of changes in non-overlapping intervals are independent
for all intervals.

2. The probability of exactly one change in a sufficiently small interval
h =1/n is P = ph = p/n, where pu is the probability of one change and n
is the number of trials.

3. The probability of two or more changes in a sufficiently small interval
h is essentially 0.

In the limit of the number of trials becoming large, the resulting distribu-
tion is called a Poisson distribution. In all settings, the Poisson point process
has the property that each point is stochastically independent to all the other

1([16], pp.231)
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points in the process, which is why it is sometimes called a purely or com-
pletely random process. Despite its wide use as a stochastic model of phe-
nomena representable as points, the inherent nature of the process implies
that it does not adequately describe phenomena in which there is sufficiently
strong interaction between the points. This has sometimes led to the overuse
of the point process in mathematical models and has inspired other point
processes, some of which are constructed via the Poisson process, that seek to
capture this interaction.

The formal definition of a Poisson process is

Definition 2.2.2. A Poisson process {N(¢),t = 0} is a stochastic point process
satisfies the following conditions

(1) PIN(0)=0]1=1,
(2) PIN(t,t+dt)=11= AM2t)dt +o(d?),
(3) PIN(t,t+dt)>1=o(dt).

From this basic definition many properties can be derived. One of the
most important is the following:

Proposition 2.2.1. — Let the point process {N (),t= 0} be a nonhomogeneous
Poisson process with intensity function A(t) then the r.v. N(t), number of jumps
between 0 and t, follows a Poisson distribution with parameter A(t).

Hence, the probability that there is no point in the interval [a, b] is
Pr[N(a,b)=0]=exp{A(a,bd)}.
Let us consider some examples of Poisson processes.

Example 2.2.1. Homogeneous Poisson process (HPP)
A Poisson process is homogeneous (or stationary) if the intensity function is
constant, that is A(¢) = u where u > 0.

It can be shown that the number of events N(s,?) in a time-interval [s, ]
follows the Poisson distribution with parameter ut, and interevents are iden-
tically independent distributed as exponential distribution with parameter
p. The HPP has constant intensity which indicates that the rate of an event
is the same at all times, regardless of how frequently such events have oc-
curred previously. When the intensity function is not constant the Poisson
process is said to be nonhomogeneous. We now consider some examples of
such processes.

Example 2.2.2. Power-law process (PLP)
The PLP is a nonhomogeneous Poisson process with intensity function A(¢) =
BtP~1/aP where a,B > 0. In this case, the number of events N(s,t) follows
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the Poisson distribution with parameter (t/a)?. The first jump T'; follows the
Weibull distribution with parameter (a, §); the conditional distribution of the
kE'h jump T}, is a left truncated Weibull distribution with parameter (a, )
ans support [f;_1,+ool. Roughly speaking, its intensity indicates that the
number of occurring events grows more densely over time when > 1 (convex
function) while when f < 1 the growth slows down with time.

Example 2.2.3. Exponential-law process (ELP)

Similarly to the PLP, one can define a exponential-law process that the inten-
sity function depends on time by the exponential law. As the PLP, this process
can be also used to model both aging and improving reliability of repairable
systems but with faster rate than the PLP.

The ELP is a non-homogeneous Poisson process with intensity function
AM#) = aePt where a > 0,8 € R. The number of events N(s,¢) follows the Pois-
son distribution with parameter a (e’ — ef*)/B. The first jump T follows the
distribution with density f*(¢1) = aeP!1 exp {~a(efr —1)/8}. If B <0, the rate
of an event decreases or increases over time depending on whether <1 or
p>1.

In the above two examples of Poisson processes (PLP and ELP), the con-
ditional intensity function depends only on time # and but not on the history
¢ that in this case only contains the dates of previous events.

We now turn to the case where 1*(¢) depends not only on times ¢ but also
on the number of jumps of preceding events. Therefore the numbers of jumps
in different intervals are no longer independent and the intensity is itself a
stochastic process.

Stochastic processes with such conditional intensity functions were intro-
duced by Cox [10] who named it doubly stochastic point processes. They are
also referred to as Cox processes.

2.2.4 Cox processes

As mentioned before Cox processes also called doubly stochastic Poisson pro-
cesses. are Poisson processes where the intensity function is itself a stochastic
process.

A Cox process {N(¢),t = 0} is called self-exciting (resp. self-correcting) if
cov[N(s,t),N(t,u)] >0 for s <t <u (resp. cov[N(s,t),N(t,u)] <0).

Thus the occurrence of points in a self-exciting point process causes other
points to be more likely to occur, whereas in a self-correcting point process,
the points have an inhibitory effect.

We will use the term self-exciting point process (SEPP) for both cases.
Those processes are often used to model events that are temporally clustered.

The formal definition for a SEPP is:

Definition 2.2.3. A self-exciting point process is a Cox process {N(t),t = 0}
satisfying the following conditions
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(1) PIN(0)=0]=1,
(2) PIN(t,t+dt)=1|54]1=1"@)dt+ o(d?),
(3) PIN(t,t+dt)>1|5]=o0(dt),

where the conditional intensity function depends on the history J¢; by the form

t
)L*(t)z,u+f g(t—u)dN(u)
0

where g is the response function.

Example 2.2.4. Hawkes process (HaP)
A commonly used model of the SEPP is the Hawkes process, where the con-
ditional intensity is given by

M) =p+ Y ae Pt

fi<t
where u,a, 8 > 0. Parameter u represents the deterministic background rate
of a homogeneous Poisson process and the function g governs the clustering
density. Note that each time a new event arrives in this process, the condi-
tional intensity function grows by a and then decreases exponentially by rate
B towards p. In other words, an event increases the chance of getting other
events immediately after creating clustering point pattern. Thus a SEPP can
be interpreted as clustered point process.

Hawkes process is commonly used in seismology, where they are some-
times called epidemic-type aftershock sequence (ETAS) models, encompass-
ing the notion that earthquakes can have aftershocks, and those aftershocks
can have aftershocks, etc. A form of the clustering density g that is commonly
used in modeling earthquake aftershocks is the Omori function:

g(t) = Grop’

which corresponds to power-law decay in the clustering behavior over time.

Alternative versions of clustered point processes are formed by generating
a sequence of parents and then placing clusters of points (offsprings) around
each parent. For example, the Neyman-Scott process ([11], section 3.4) sug-
gests that the offspring points are independently and identically distributed
around the parents. An other example is the Bartlett-Lewis process ([9])
where the offspring points are each generated via a renewal process originat-
ing at the corresponding parent.

Example 2.2.5. Self-correcting point process (SCPP)
Self-correcting point process is a Cox process with intensity

A*(t)=exp{pt— Z a}

ti<t
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A self-correcting models are used in ecology, forestry and other fields to
model occurrences that are well-dispersed. Such models may be useful in
describing births of species, for example, or in seismology for modeling earth-
quake catalogs after aftershocks have been removed.

Note that the models in the above examples are specified simply by choos-
ing a particular form on the conditional intensity and then give an interpre-
tation for it. Some creativity and common sense can lead to many new models
using conditional intensity function.

2.2.5 Marked point processes

The conditional intensity function can be generalized to marked point pro-
cesses. We can specify the distribution of the mark x associated with jump
t by its conditional density function f*(x | t) = f*(x | ¢,.54;) where the history
4 = ((t1,x1),...,(tn,x,)) now includes information of both jump and marks
of past events. We define the conditional intensity function of marked point
process as ([16], p. 238):

ARt 0= A" Of " (x| 1)

where 1% (¢) is called ground intensity which now depends on the marks of the
past event also. We can rewrite the above expression as

fre0

AR = a0 - 1oF G

frx|e)

where f*(t,x) is the joint density of the jump and mark and F*(¢,«x) is the
conditional cumulative distribution function of ¢ given the past jumps and
marks. Therefore

A*(t,x) = E[N(dt,dx) | H7)],

that is, the conditional intensity function of marked point process can be in-
terpreted as the mean number of events in a small time interval d¢ associated
with dx, a small variation of the mark.

Sometimes we can assume the independence on the marks. A mark is
unpredictable if it is independent to the history. An independent mark is
an stronger assumption, which means x; is independent of everything else
except ¢;.

Example 2.2.6. Power-law covariate self-exciting point process (PLC-
SEPP)

We will consider in the sequel a particular case of marked-process, a process
that we have called power law covariate self-exciting point process. It has an
intensity of the form:

Y]
M) =p+ Z (ﬁ) ae PUE-t)

ti<t \20
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where u, a, 8,17 > 0 and the mark z has log-normal distribution with density

* 1 1 2
f (Z | t) = Z\/ﬁexp{—ﬁ[log(z)—m] }
The PLC-SEPP can be used to model thunderstorm data where the mark z
denotes the amplitude of a lightning strike. The idea behind using this model
is that lightning strikes of a thunderstorm trigger the atmosphere to condi-
tions for more impacts nearby in time and space. The bigger the amplitude is
the greater influence it makes on the atmosphere.

2.3 Inference

There are many possibilities for estimating the parameters of a process spec-
ified by its conditional intensity function, among them the maximum likeli-
hood method and Bayesian approaches are the most common choices. Both
two methods are based on the expression of the likelihood function.

2.3.1 Likelihood

Assume that we have observed a point pattern (¢1,...,¢,) on [0,C] for some
given C > 0, and if we are in the marked case, also its accompanying marks
(x1,...,x5). Denote 7 = ¢, for a event truncation scheme and 7 = C for a time
truncation scheme. Then the likelihood function is given by the following
proposition (see [16]).

Proposition 2.3.1. Given an unmarked point pattern (t1,...,t,) on an obser-
vation interval [0,C], the likelihood function for a parameter of interest 0 is
given by

L) = (

A*(t;; 6)) exp{—A*(z; 0)}.

i=1

Given a marked point pattern ((¢1,x1),...,(tn,xn)) on [0,C] x M, where M is a
set of marks, the likelihood function is given by

L©)= (n (x| ti; 9)) ( A% (g 9)) exp{-A*(z; 0)}
i=1 i=1

= (H A* (x5 9)) exp{-A"(z; 0)}

=1

2.3.2 Maximum likelihood estimation

Depending on the complexity of the likelihood function of a Poisson process,
it is not always possible to express the maximum likelihood estimate (MLE)
in closed-form. Amongst the examples in the previous sections, the HPP and
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the PLP have simple closed-forms for the MLE whereas the ELP, the HaP
and the PLC-SEPP have not. For most cases, it requires numerical methods
to obtain estimates, such as Newton-Raphson for the MLE and Markov Chain
Monte Carlo for Bayesian estimates.

2.3.3 Bayesian estimation

Let us consider a sample X = (X7,...,X,) of i.i.d.r.v. with probability density
function f(x|80), 6 € ©. Let m(6) be the prior distribution of the parameter 6
and (0 | ux) the posterior distribution. Applying the Bayes’ rule, we have:

f(x|0)n(0)

D= e T om@)do

In other words, the posterior distribution is proportional to the product of the
likelihood and the prior distribution.

0| x)x f(x]|6)m(H).

2.4 Simulation

Simulation of a point process can be performed based on its conditional in-
tensity via two approaches, the inverse method and Ogata’s modified thinning
procedure. Two schemes of observation are considered. The event-truncation
is the case where we stop observing the process as soon as a fixed given num-
ber of events — say n — has occurred whereas the time-truncation scheme is
the case where we stop observing the process at a given known time C. Let
us first of all consider the classical inverse method.

2.4.1 Inverse Method

The inverse method is a well-known procedure to generate realizations of a
r.v. with a cumulative distribution function F provided that F~! is explicitly
known. It relies on the fact that if U is a uniform distribution on [0, 1], then
F~1(U) has distribution function F. Also, if X has distribution function F,
then F'(X) is uniformly distributed on [0, 1].

The basic algorithm is:

1. Generate u~%1[0,1],
2. Compute F~l(u).

Let us consider a stochastic point process with intensity A*(¢). We can
express the survivor function for any 7T, using (2.1).
Since P(T}, > t | #7) = P(N(t}-1,t) = 0), we have: 1-F*(t) =exp{—[A*(t) - A*(tz-1)]}.
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From this relation, provided that A*~! exists, we obtain the expression of the
inverse c.d.f. given #;_1 as :

F i) = A*_l(A*(tk_l)—log(l - t)).
The algorithm is therefore:

1. repeat

(a) Generate u~%[0,1],
(b) Compute tk:A*_l(—log(u))

2. Until k=n for n-event truncation
or Y t;, >C for time truncation.

An alternative method relies on the following proposition.

Proposition 2.4.1. - If {s;} ;en 1S @ unit rate Poisson process on R.
Then {ti}ieN where t; = N*"I(s;), is a point process with intensity A*(¢;).

We will discuss this proposition in the section on graphical test.

Therefore, to simulate a point process with intensity A*(¢) we can simu-
late a unit rate Poisson process and transform the dates with the function
A*~! provided this latter exists. Since for a unit rate Poisson process, the
interevents are i.i.d. exponential, the algorithm can be described as follows:

1. repeat

(a) Generate wp ~&(1),

(b) Compute tk:A*_l(Zlewj))

2. Until k=n for n-event truncation
or Y t;, >C for time truncation.

We give the details simulation algorithm for some stochastic processes in
the appendices (see Appendix I) using the inverse method. In the following
section, we introduce the thinning method for simulation.

2.4.2 Thinning method

Simulation by thinning was first introduced in 1979 by Lewis and Shedler
([34]) that is now called the Lewis’ thinning algorithm. The Lewis’ thinning
algorithm is based on the following theorem.

Theorem 2.4.1. — Let A(t) be an intensity function associated to a nonhomo-
geneous Poisson process. Consider a homogeneous Poisson process {N(t),t = 0}
with intensity function A. Let t1,...,t§(c) be the jumps of the process in the
interval [0,C]. Suppose that for 0 <t<C, 0< A< A. Fork=1,...,N(C),
delete the point t;, with probability 1—A(f;)/A; then the remaining points form
a nonhomogeneous Poisson process {N(t),t = 0} with intensity A(¢).
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The algorithm can be described as follows:
Input: A(),C

Initialize n=m=0,t0 =50 =0,1 =supo<i<cAt);
while s,, <C do

Generate u ~uniform(0,1);
Let w=—log(u)/1;

Set spi1=Sm+tw;
Generate D ~uniform(0,1);
If D < AMsSp,+1)/A then

In+l =Sm+ls

n=n+1;

end

m=m+1;

end

if ¢, <C then

return {tzlp=1,.n

else

return {{z}r=1,.,n-1

end

In 1981, Ogata ([42]) suggested to modify the Lewis’ algorithm in the
following way in order to deal more efficiently with “complicated” intensity.
He proposed that instead of simulating a homogeneous Poisson process on a
time window [0, C], simulate a homogeneous Poisson process on some interval
[¢,t+ h(#)] for some chosen function A(¢) (this is the maximum distance we
may go forward in time from ¢ and it may be infinite). This HPP has a chosen
constant intensity m(t) on [¢,¢ + h(¢)], which fulfill the condition:

m#) > sup A¥(w)
u€lt,t+h(t)]

Actually we only need to simulate the first point ¢, of this HPP. There are now
two possibilities: If ¢, > h(t), then there is no point in [£, + A(¢)], so restart
at any point in [Z,¢ + h(¢)], but if ¢, < h(¢), there might be a point at ¢ in
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[£,¢+ h(2)]. In the latter case we need to figure out whether to keep this point
or not. By independent thinning, we keep it with probability A*(¢z)/m(¢).
Whether or not we keep it, we start all over at ¢;,.

This algorithm called the Ogata’s modified thinning algorithm can be de-
scribed as follow:

1. Set t=0 and n=0.
2. Repeat until ¢>C:

(a) Compute m(t) and A(Z).

(b) Generate independent random variables s~Exp(m(¢)) and U ~
Unif(0,1).

(c) If s>h(t), set t=t+h().
(d) Else if t+s>T or U>({t+s)m(t), set t=t+s.

(e) Otherwise, set n=n+1, t,=t+s, t=t+s.

3. Output is (£1,...,%,).

2.5 Model Checking

In practice, after fitting a model to a data set we normally would like to as-
sess whether the model provides an adequate fit. Checking the adequacy of a
model is the next step of data analysis. We can only use the data in the first
half of the observation interval to fit a model, and then simulate predictions
of the second half to see if this corresponds to the second half of the observed
data. Or we can use all of the data, and compare with simulations of the
whole dataset. In addition to the model checking approaches based on sim-
ulation, there are some particular kinds of model checking associated with
the conditional intensity function. For some models we can build a graphical
test, as for power-law process. If a graphical test is not available, residual
test is a more general tool to assess the model.

2.5.1 Graphical test

Graphical test is a visual tool for model checking. It gives us an immedi-
ate view whether the model fit the data or not. For example, plotting time
(¢;,1) on the plane can give us the first idea of the process. If all the point
are nearby a straight line we can guess that the point pattern follows the
homogeneous Poisson process. Duane plot is a graphical test for the power-
law process. It is said that if the PLP fits the point pattern (¢1,...,%,) then
plotting (log(i),log(¢;) on the plane gives an image of a straight line. Such a
simple graphical test is not available for the exponential-law process and the
self-exciting point process. Therefore we need residual test for those models.
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2.5.2 Residual test

A useful technique for evaluating point process models relies on proposition
2.4.1 which can considered as a re-scaling method. The method essentially
involves re-scaling the time axis of the observed point process N at time ¢ by a
factor of the intensity A(#). More specifically, if the point pattern (¢1,...,%,) are
observed from time O to time C, then each point ¢; is moved to the new time
A(¢;), where A is the compensator. The resulting process M is a stationary
Poisson process with unit rate, provided the original point process is simple.
Similarly, one may inspect residuals obtained by randomly thinning the pro-
cess: that is, keeping each point ¢; independently with probability inversely
proportional to A(¢;). As with rescaled residuals, the resulting thinned resid-
uals will be distributed according to a stationary Poisson process ([43]). In
practice, one may use the estimated intensity or compensator in place of the
true intensity or compensator and inspect the rescaled or thinned process for
uniformity. Several tests exist for this purpose, with different uses depend-
ing on the alternative hypotheses. Some of the most useful are tests based
on second and higher order properties. There are also more general second-
order tests for point processes that do not rely on a stationary Poisson null
hypothesis.

A very powerful general result due to Papangelou [47] can be applied to
test the form of the intensity process. This result already mentioned with
proposition 2.4.1, can be stated in the following term [16], p. 23:

Any point process satisfying a simple continuity condition can be
transformed into a Poisson process if we allow a random time
change in which A(t) depends on the past of the process up to time
t’

From this remark, we can state that if (¢1,...,¢,) is a realization of a point
process with the compensator A(#) = (#/a)? then (A(#1),...,A(t,)) is a real-
ization of the homogeneous Poisson Process with rate 1. Thus, the points
(A(t;),7) should stand on a straight line.
This statement relies on the well-known result that if the r.v. X has a con-
tinuous distribution F(x), the U = F(X) has a uniform distribution on [0, 1].
Formally, we have the following theorem ([16], pp. 258):

Theorem 2.5.1. Let N be a simple point process adapted to a history ¥ with
bounded strictly positive conditional 7 -intensity AMt) and F-compensator

¢
A(t) =f Mu) du that is not a.s.-bounded. Under the random time change
0

t — A(2), the transform process N(t) = N(A~1(t)) is a Poisson process with unit
rate.

Conversely, suppose there is a given history ¥, a 4-adapted cumulative
process M(t) with a.s. finite, monotonically increasing and continuous trajec-
tories, and a 4-adapted simple Poisson process No(t). Let .% denote the history

30

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 2. PRELIMINARY: TEMPORAL POINT PROCESSES

of o-algebras F; = Gy. Then N(t) = No(M(2)) is a simple point process the
is #-adapted and has 7 -compensator M(¢).

Hence if a point pattern is a realization of a point process with condi-
tional intensity function A*(¢), then the compensator will transform the pat-
tern into a realization of homogeneous Poisson process with a unit rate. In
practice this means that if we model an observed point pattern with a point
process, and the model is well selected, then the transformed pattern should
closely resemble a unit-rate HPP. In other words, the model checking boils
down to checking whether the inter-event times are independent exponential
variables with mean one.

On the other hand, if the model does not fit the point pattern, residual
test may provide important information on how it does not fit. For exam-
ple, if the data contains an unrealistically large gap for the model between
t; and ¢;.1, then the transformed data will contain a large gap between s;
and s;+1, i.e. s;+1 —s; will be to large to realistically come from a unit rate
exponential distribution. A bit of creativity in analyzing the residuals can
give us all kinds of information about the original point pattern. We can
also assess the adequacy of a fitted model by checking the uniformly of the
transformed event times A(ti) on the interval [O,A(l)], where A is obtained
by substituting in 1 the unknown parameters by their estimates. The uni-
formity can be visually checked through a QQ-plot or through formal tests,
such as the y2 test or the Kolmogorov-Smirnov (KS) test. Large p—values of
the test indicate acceptable model fits. Of course, in interpreting the magni-
tude of p—values we should bear in mind that the transformation function A
carries the randomness of the data, and the distribution of the test statistic
would be more spread-out than that calculated from a pre-specified A, and
therefore we should be more tolerant of smaller p—values. In any case, the
p—values should be assessed together with other diagnostic checks, such as

the QQ-plot.

2.5.3 Model selection: AIC and BIC

Given a sequence of jumps (¢1,...,%,), you might have several candidates for
a model. The fit of a parametric model can be assessed using a likelihood
score such as Akaike information criterion (AIC) [1] which is:

AIC =2p —2logL(0)

where p is the number of parameters in the model. The AIC rewards a model
for higher likelihood and penalizes a model for overfitting. The model with
the lowest AIC should be selected.

The Bayesian information criterion (BIC) [53] is another possibility. The
definition of this criterion is

BIC = plog(n) — 2log L(0)
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where p is still the number of parameters in the model and log(f) is the log-
likelihood at the value 6 that maximizes the likelihood.

32

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



Chapter 3

Power-Law Process

This chapter is devoted to the study of the power-law process.
Due to its convenient intensity function, it is possible to develop
a graphical test for the model and to obtain explicit expressions
for maximum likelihood estimators of its parameters. Some prop-
erties of the model are given. For a Bayesian approach, we review
some common used priors then we introcuce a conjugate prior for
the model. The distribution is investigated in details and some
elicitation strategies are suggested to integrate prior information
from experts.

3.1 Introduction
Let us consider a counting process {N(t),t > 0} such that:

Pr(N(t+h)-N@®) =1|N(t)=n)
Pr(N(t+h)~N@®)>1|N(t)=n)

M) h+o(h), 3.1)
o(h). (3.2)

The function A(#) is called the intensity function of the process {N(¢),t >
0}.

N(t+h)—N(t) can be denoted N[z, + h). Its represents the number of
events in a small interval of length 4 and the intensity can be defined as:

) Pr(N[t,t+h)>0)
A(t) = lim .
h—0 h

From the assumptions (3.1) and (3.2), it can be shown that:

A®) = Him E(N[t,t+h))
h—0 h

and

k
Pr(N(t)=Fk) = A®

exp{— A}, keN.
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¢
where A(t) = f A(s) ds is the cumulative intensity also called the com-
0

pensator.

Thus the r.v. N(¢), number of events between 0 and ¢, has a Poisson dis-
tribution with parameter A(¢) and the expected numbers of events in the
interval [0,¢), is E[N(¢)] = A().

This can be generalized to any interval [a,b] € R, the number of events
in [a,b] — that is to say N[a,b] = N(b)—N(a) — has a Poisson distribution with
parameter A(b) — Ala).

A classical model for A(¢) is the power-law model which is of the form:

AMt)=p pth 1t uB>0.

A stochastic process with such intensity function is called a power-law pro-
cess. Others denominations can be find in the literature (Duane process,
Weibull process, AMSAA! process, etc.). The denomination Weibull process
is misleading and Soland ([57],[58]) calls Weibull process the renewal process
with Weibull independent interarrivals.

When g =1, A(¢) is constant, equal to u. We have the well-known homo-
geneous Poisson process (HPP). In this case, the times between consecutive
events are independent r.v. following an exponential distribution with the
parameter u. Therefore the HPP with intensity u is equivalent to a renewal
process characterized by exponential distributed interarrivals. The expected
number of events in a given interval is the product of u with the length of
the interval. Let T be the date of the k" events, = 1,2,.... Relying on the
relationship {7, < ¢} = {N(¢) > k}, it can be proved that the distribution of Sj,
is an Erlang distribution with parameter (%, p).

When § > 1, the intensity depends on time and the power-law process is
a nonhomogeneous Poisson process (NHPP).

The time before the first event in this case, has a Weibull distribution but
the interarrivals are not independent. The distribution of the time ¢; to the
ith event given the time #;_1 of the (i — 1) event is a left truncated Weibull
distribution with support [¢;_1,+ool. The distribution of T'; is a generalized
gamma distribution with pdf:

%yﬁt‘ﬁ_l exp{—,utﬁ} , t>0.
The compensator is A(¢) = p tA. It is linear on a log-log scale that is log A(¢) =
log u+ Blogt and this observation due to Duane [17] suggests a procedure to
derive a graphical test for PLP that we will describe later.

The PLP is very popular because of its mathematical tractability and
well-documented inference procedures. It covers many situation in reliabil-
ity (growth, decay) where the intensity is called the rate of occurrence of

L Army Material System Analysis Activity
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failure (ROCOF). The literature on PLP is abundant. We are going to give an
overview in the sequel.

Event truncation and time truncation

There are two schemes of collecting data: one can stop an observation until a
fixed number of event or one can observe the process in a fixed time window.
In the first scheme, number of event n is fixed but the last jump ¢, is random
and we call this event truncation. In the second scheme, the ending time C is
fixed but number of event n is random and we call this time truncation.

Classical inference

In 1964 Duane [17] published a report concerning failure data occurring on
different systems during their development programs. He observed that for
these systems, the observed cumulative failure rate versus cumulative oper-
ating hours is close to a straight line when plotted on log-log paper.

In 1974, Crow [13] interpreted the Duane observation in term of nonho-
mogeneous Poisson process:

‘If the cumulative failure rate (expected number of failures at time
t divided by t) versus test time is linear on log-log scale, then the
system failure times follow a non homogeneous Poisson process
with Weibull intensity function u(t) = ABtP~1. If the system relia-
bility is improving, then u(t) is decreasing; i.e., 0 < <1’

Considering that several systems are observed in a time window, he ob-
tains the MLE of the parameters u and §, builds confidence intervals and
suggests a goodness-of-fit test relying on Cramér-Von Mises statistic.

Using Monte Carlo methods, Crow [14] studies the distribution of A(¢g, YA(t1)
where t;, is the date of the %" failure and A(¢;) = aftP1.

In 1976, Finkelstein [19] considers the alternative parametrization of the
ROCOF:

AME) = ﬁ tﬁ_l,a >0,8>0.
ab

He shows that (d/a)B is a pivotal function and has the same distribution as

dfil where &1 and B11 are the MLE of @ and  when the sample is from a

Weibull distribution with & =1 and f = 1. This result relies on a change scale
[47]. The distribution of dfil can be tabulated via Monte Carlo methods and
be used to construct confidence intervals for a. )

In 1978, Lee and Lee [33] obtains the exact distribution of (&/a).

In the same year, Engelhart and Bain [18] derives exact prediction in-
tervals based upon maximum likelihood estimation. They propose the exact
solution and a simpler approximate prediction limits.
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In 1980, they develop conditional inference procedures for the shape pa-
rameter § and approximate confidence limits for the scale parameter a [2].

Calabria and al. (1988) [5] consider modified maximum likelihood esti-
mators of the expected number of failures in a given interval and of the fail-
ure intensity. They compare with the maximum likelihood computing mean
squarred errors.

Sen and Khattree (1998) [55] consider general decision theory, loss func-
tion.

From frequentist perspective, one should note that event truncation data
and time truncation data are treated differently and results should also be
inferenced in different ways.

Bayesian approach

The advantages of the Bayesian approach are well-known. It allows the prac-
titioner to introduce in the inferential procedure prior information. Thus
even if the quality of the observation is poor, inference remains possible.

Higgins and Tsokos (1981) [26] suggest a quasi-Bayes strategy to esti-
mate the value of the intensity at the n-th failure date that is v, = pﬁtﬁ.
They use a pseudo-likelihood and a gamma prior distribution for v,,.

Guida et al. (1989) [23] propose Bayes estimators considering different
type of priors. They investigate a joint non-informative priors for the param-
eters of the form n(a, f) x (aﬁ)_l. This approach leads to non closed form
estimators. Then they consider a uniform prior for § and n(a) x 1/a for a, a
non-informative prior. For the informative case they choose a gamma distri-
bution as prior distribution on the mean of failures in a given interval [0, T].
Prior knowledge on this quantity is then transformed into a conditional dis-
tribution on a. Again the Bayes estimator obtained are not in a closed form.

Bar-Lev et al. (1992) [3] consider a non-informative prior of the form
1/(ap’)~! dealing with independence between the parameters. We will con-
sider the use of Jeffreys’ rule to propose non-informative priors.

From a Bayesian perspective, Guida et al. [23] discuss point and inter-
val estimation for a and § assuming event truncation data and using several
different choices of prior, both informative and non-informative. Kyparisis
& Singpurwalla [32] analyze both interval and event truncation data by em-
ploying informative priors on « and §, and derive prediction distributions of
future jumps and the number of jumps in some future time interval. Their
predictive and posterior distributions generally require complicated numer-
ical computations. Calabria et al. [6] also derive predictive distributions for
future failure times using both informative and non-informative priors and
note the numerical equivalence with classical methods when non-informative
priors are used. The above three references usually assume that the prior dis-
tributions on a and f are independent. Alternatively Calabria et al. [6] con-
sider independent priors on a and the mean value function m(¢), with ¢ fixed.
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From the Bayesian approach both scenarios can be handle in the same man-
ner and result in the same type of posterior inference on a and f in contrast
to the frequency approach in which each case must be treated separately and
different types of results are obtained.

3.2 Graphical Test

In this section we propose an overview of different graphical techniques for
testing the adequacy to the PLP model on the basis of a n-sample of events
occurrences (£1,...,t5).

Duane’s Plot
As mentionned in the introduction, Duane [17] observes that

‘when the cumulative failure rate (defined as total malfunctions
since program start, divided by total operating hours since start)
is plotted on log-log-paper as a function of cumulative operating
hours, the points tented to line up on a straight line.’

This was true for many different sets of reliability data and many other en-
gineers had seen the same results.

This heuristic is consolidated using a NHPP approach. If {N(¢),t > 0} is a
PLP(a, f) then E[N(#)] = (¢a)P, t > 0 and E[N(t)/t] = tP"Y/aP, ¢ > 0. Taking
the logarithm on both sides, we obtain:

logEIN(t)/t]=(B—1)logt— Bloga. (3.3)

Suppose that we observe ¢ =(¢1,...,%,), n dates of jumps of a process.
N(¢;) =1 and can be consider as an estimation of the expected numbers of
jump at time #;. Therefore E[N(t;)/t;] = i/t;.
i

t; = Z(t j—t;j-1) and ¢;/i can be interpreted as the mean time between
j=1
failure at time ¢; denoted M TBF;.
Thus the equation (3.3) becomes:

logMTBF; =(1-p)logt; + Bloga, i =1,...,n.

The usual reasonning is that if the points (log(¢;),log(MTBF;)), i = 1,...,n
stand roughly on a straight line, it would not be absurd to consider the pro-
cess to be a PLP. The graph obtained plotting (log(¢;),log(¢;/1)), i =1,...,n is
called a Duane’s plot.

It is often suggested that graphical estimates of the parameters can be
obtained from the graph.

However, in 2002, Rigdon [50] points out that 1. the power-law process
does not imply a linear Duane plot and that 2. the linearity of a Duane plot
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does not imply the power-law process. His argument for 1. is that ¢; the
date of the i —th jump is a realization of a random variable T;. Then, the
approximation of E[N(¢;)/t;]1 by i/t; is not correct and the non-linearity in
plotting (log¢;,log(¢;/i)) does not really indicate a departure from a power-
law process.

For 2., Rigdon considers a process where jumps occur at every 4 hours.
Then the dates of jump are ¢; = 4i and the Duane’s plot is:

(log4i,log(i/4i)) = (log4i,log(1/4)).

Ridgon says 'These points are linearly related (the line is perfectly flat) but
the process is not a power-law process’. If jumps occur every 4 hours, the
process is a homogeneous Poisson process (that is a power-law process with
a=1/4and f=1).

Some authors consider directly the expression E[N(¢)] = (¢/a)? and plot
(logt;,logi).

In 2003, Gaudoin et al. [20] suggest a goodness-of-fit test based on R?
showing that this statistic is a pivotal function (see Appendix A).

Example The figure 3.1 displays the Duane’s plot for the data of example
3.1. From the graph, we can deduce the following estimations for the param-

Figure 3.1: Duane’s plot for aircraft generator failure times

log(N())
1.0 15 2.0

0.5
Il

0.0

log(t)

eters : @y =0.546 and f, = 33.037.

The figure 3.2 displays the Duane’s plot for the data of example 3.2. From
the graph, we can deduce the following estimations for the parameters : a, =
0.446 and f, = 11.850.
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Figure 3.2: Duane’s plot for aircraft generator failure times
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R-square Test

This example concerns a complex type of aircraft generator. They were de-
duced from Figure 2 in Duane [17] by Ridgon and Basu [51].

Table 3.1: Failure times in hours for aircraft generator

t; I t;
55 8 1308
166 9 2050
205 10 2453
341 11 3115
488 12 4017
567 13 4596
731

OOt WN |

The data of example 2 was presented in Musa [41] and Kyparisis and
Singpurwalla [32]. It involves software failures times.

The following sections are devoted to inference for PLP. First of all, we
consider classical frequentist method before considering the Bayesian ap-
proach.
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Table 3.2: Software failure times in seconds

i ti I ti i ti

1 115 14 3821 27 18494
2 115 15 3861 28 18500
3 198 16 4649 29 23061
4 376 17 4871 30 26229
5 570 18 4943 31 36800
6 706 19 5558 32 37363
7 1783 20 6147 33 40133
8 1798 21 6162 34 40785
9 1813 22 6552 35 46378
10 1905 23 8415 36 58074
11 1955 24 9752 37 64798
12 2026 25 14260 38 67344
13 2632 26 15094

3.3 Maximum Likelihood Method

3.3.1 Likelihood

Assume that we have observed a point process {N(¢),# > 0} in a time win-
dow [0,C] for some given C > 0. The number of ¢, is a realization of the
n-dimensional r.v. (¢1,...,¢,) where n is a realization of the r.v. N(C). This
situation corresponds to a situation of time truncation. When the observa-
tion stops when the n'? event occurs , we say to have a n-event truncation.
(C =t,)?. We are going to investigate both situations in the sequel.

Let us consider the distribution of the first event 7. The survival func-
tion of T'1 is

Pr(Ty > t) = Pr(N(0,t) = 0) = exp {~ A(¢)} = exp {— (t/a)ﬁ}

and its probability density function is then
_ B p
fr,(t)= ﬁt exp{—(t/a) }

Hence the first event Ty has a Weibull distribution with scale parameter a
and shape parameter §.

Let us denote ¢; = (¢1,...,¢;) the history of the PLP until the ith event. For
any t > t;, the conditional survival function of T'; given ¢, is

Pr(Tiy1>t|t;)=Pr(N(t;,t) =0)=exp{—A(t;, )}
:exp{—(t/a)ﬁ +(ti/a)ﬁ}.

2n.b. C is fixed while T, is a r.v.
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Denote 7 (t) = f1,1,() the conditional probability density function of T'; given
t;. We have

@)= %tﬁ_lexp{—(t/a)ﬁ +(til)f ) (3.4)

which is a left truncated Weibull distribution with support [¢;,+ool.
Event truncation

For event truncation, the likelihood is the product of the conditional distribu-
tions. We obtain:

L(a,p) = e l_[ tf_lexp{—(tn/a)ﬁ}.
i=1

Time truncation

In case of time truncation, since the observation end up at C, we know that
if N(C)=n, Th+1 given t, is greater than C and the contribution to the like-
lihood is:

Pr(Ty:1>Clt,)=exp {—(C/a)ﬁ + (tn/a)ﬁ} (3.5)

The likelihood is then the product of the conditional distributions (3.4) for
i=1,...,n times the term (3.5). We obtain:

'B:ﬁ i:ﬁltf_l exp {—(C/a)ﬁ} .

L(a,p) =

[0

Let us resume both situations in the following expression for the likelihood:

ﬁn

_ B Pyt (B
L(a,ﬁ)—anﬁi 1ti exp{ (t/a) }

with 7 = ¢, for event truncation and 7 = C with N(C) = n for time truncation.
The log-likelihood is then:

logL(a,B)=nInB-nPlna+ (- I)Z Int; —(t/a)P.
i=1

3.3.2 Maximum likelihood estimation

To find the maximum likelihood estimators of a and 8, we solve the likelihood
equations:

0 np P B
alogL(a,ﬁ)—O —7+ﬁaﬁ+1—0
=
0 n ” T\(T\P
%logL(a,ﬁ)—O B—nloga+i;logti—log(a)(a) =0
41

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 3. POWER-LAW PROCESS

The solution &, to these equations are obtained in closed form:

n R T

f=

——— —and d=—
?zllog(r/ti) nl/B

Remark that the terms of the Hessian matrix are:

0 1) (778
Hyi(a, ) ZWlogL(a,ﬂ) = ’;—g - ﬁ(i; ) (é) ,
2
His(a, p) :aaaﬁ logL(a, B)
n 1/t\8 1(71\P T\B
=2t () e ee|(5) ]

62
Hys(a, ,3) :W logL(a, ﬁ)

=— % + /3_12 (é)ﬁlog2

)]

At the point (&, ), the values of the Hessian matrix terms are:

)
Hn(@,,@)Z—n(é) ,
a
~ nlogn
Hqo(a,p) = Ag ,
a
o n(1+log?n)
H22(06,,3)=—A—2g,
p
and the determinant is
2
det H(@, p) = =.
a

2
Since Hll(d,/;) <0 and detH(d,ﬁ) = rf—2 >0, H(d,[;) is negative definite and
a

the solution (&, ) is unique [36].

3.3.3 Properties of maximum likelihood estimators

Since event truncation and time truncation give different inferences for max-
imum likelihood estimators, we use the notations a(T',), ,B(Tn) and a(C), ,B(C)
to indicate the maximum likelihood estimators of a, for event truncation
and time truncation, respectively.

The following theorem can be used to derive inference on a and .
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Theorem 3.3.1. —Denote

2T, =2P
AT,
zc)=2"P
o)
T,\?
o[
a

W = (a(T,)a)’ ™.
Then the following statements hold:
(i) Z(T,) has a chi-square distribution with 2(n — 1) degrees of freedom.
(it) Z(C) has a chi-square distribution with 2n degrees of freedom.

(iit) U, has a gamma distribution with parameter (n,1), hence 2U, has chi-
square distribution with 2n degree of freedom.

(vi) The cdf of W is
Prov <w)= [ Glouo?™") glardz,
0
where g(z) is the chi-square density with (n-1) degrees of freedom.:
_ 1 9 z
g(z)——2n_l(n_2)!z exp{—é}

and G(z) the incomplete gamma distribution with parameters (n,1):

X
Gx)= f Y le™Vdy.
0

(n-1)

Proof 1. The proof of (i) is given in Appendix C. It relies on the distribution of
U, =WUs,...,Uy-1,Uy) where U; =1log(T,,/T;),i =1,...n-1and U, = (T, /a)P.
It is shown that the U;, i =1,...,n—1 are i.i.d random variables of exponential
distribution with parameter . Therefore Z;:ll U; has a gamma distribution
with parameters (n — 1, 8) and 2n6/B = 28 Z;‘:_ll U; has a gamma distribution
with parameters (n —1,1/2) that is a chi-square distribution with 2(n — 1) de-
grees of freedom.

To prove (ii) we need to find the conditional distribution of (T'1,...,T},)
given N(C) = n. Denote U; = C/T;,i =1,...,n, it can be shown (see Appendix
C) that Uj,...,U, are independent r.v. and have an exponential distributions
with parameter  which leads to the chi-square distribution with n degrees
of freedom for Z in the case of time truncation.
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(iii) follows from the fact that U,, = (T,/a)? in the case of event truncation
has a gamma distribution with parameters (n,1) which means that S = 2U,,
has a gamma distribution parameters (2n/2,1/2) that is a Chi-square distri-
bution with 2n degrees of freedom.

To prove (iv), we express W as a function of S and Z. & = Tn/nl/‘6 thus

=)

a

But f = 2np/Z, then W = (1/n)(S/2)*"Z .

The expression of Pr(W < w) = Pr((1/n)(S/2)*"% < w) is then obtained by
conditioning on Z.

pip

n

a

n

W (Tn/nlfﬁ)ﬁ_ 1 (Tn)ﬁ 1

[0

1/(S p/p
23

n

]

Unbiased estimator

We need to find the expectation of f§ to check if it is the biased estima-
tor of the parameter f. For a event truncated realization, f = n/U where
U= Z?:_ll U, has gamma distribution of parameters (n —1, ). Since 1/U has
inverse gamma distribution of parameters (n — 1, §), we have

B n
n-2 n-2

EB)=nE1/U)=n B.

Hence f is a biased estimator of f. The unbiased estimator is

Ay =2 4 n—2
B =

n U Y Nog(Th/Ty)

For a time truncated realization, follow the same reasoning, the unbiased

estimator is
n—

A 1. n-1
p= p= n-1 :
n " ¥ Nog(C/T;)

Consistency

Applying the law of large number for a series of i.i.d random variables for a
event truncated realization we get

And for a time truncated observation, we have
l _ Z?:lUi a.s l
pn p

so B2 B. Thus, f is a consistent estimator for f.
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3.4 Bayesian Approach

For Bayesian analysis, one can consider different choices of priors such as
non-informative prior, conjugate prior. Choosing the prior distribution is an
important matter. Guida et al. [23] propose different choice : a joint non
informative prior of the form (aB)~!, a uniform distribution for g and 1/a
for @. Then considering a gamma prior distribution on m(¢), the number of
expected failures, they express a distribution for a given . Bar-Lev et al. [3]
consider a joint prior for (af) of the form (af”)~!. They obtain a chi-square
distribution for § posterior distribution but a cumbersome expression for a
posterior distribution. Sen & Khattree [55] study specifically the Bayesian
estimator of m(¢) considering different lost functions. Let us consider non-
informative prior by applying Jeffreys’ rule.

Jeffreys’ rule

We consider in this section the construction of noninformative prior using the
Jeffreys’ rule. The method is to choose m(a, f) x [detI(a, $)]1~! where I(a,B)
is the Fischer information matrix that is the (2 x 2) matrix with element:

62
Il,l(a’ﬁ):E |:__210gL(a’ﬁ) )
oa
2
Tyo(a, f) = Ins(a,f) = E [— 2 oL @p)|,
62
Ios(a,p)=E [—0—ﬂ210gL(a,,B) .

We have previously compute the second derivatives of the log-likelihood ot
obtain:

%logL(a,ﬁ) = Z—g - BB+ 1)%,
s etie ==Ll - e
oLt =-15~[1og )] (2)'.
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Event truncation

Recall that, for failure truncation, U, = (T,/a)? follows the gamma distribu-
tion with parameter (n,1). Then E(U,) = n.

2
Ill( ﬁ)—_@ ﬁ(ﬁ+1)E(U)_n'B
Ia(a, f) =I21(a, ﬁ> =—- —E(Un>— —E[Un log(Uy,)] = %
Ins(a,p) =2 - 110, logz(U ) = e ms

ﬂz p g%
where m1 = E[U, log(Uy,)] and mg = E[U, log?(U,)] are free from a, f and we
know that 1/e < m1 < 2n2,0 < mg < 2n2.

The determinant of the Fisher information matrix is therefore

n2+m2n—m%

detlI(a, )] = 2
a

The Jeffreys’ prior for vector-parameter 6 is proportional to the square-root
of the determinant of the Fisher information matrix

m(0) x \/det[1(0)].

Therefore Jeffreys’ non-informative prior for (a, f) is

1
m(a,B)oc —.
a

Time truncation

For time truncation, n = N(C) is a random variable that follows a Poisson
distribution with parameter (C/a)P and E[N(C)] = (C/a)P. Then

1) (C)P
111(a,[3):_%E[N(C)]+ ﬁ([; )(E)

ﬁZ C B
-zle)
Io(a, B) =I21(a, B)

B B B
Lawvion-(Cf - () oe[E)
a a\a

(5 sl S
== =] 108 =]
a\a a

B
E[N<c>]+i(9) log?
ﬁ a

B
1+log? (9) ] .
a
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The determinant of the Fisher information matrix is therefore

C 2

dol
det[I(a, B)] = —(—) (3.6)
a\a

Remark that at time C, n events occurred. Therefore n can be considered as
an approximation of the expected number of jumps in [0, C] that is

C\B
E[N(C)]=A(C)=(E) =n.

If we replace (C/a)P by n into (3.6) we get det[I(a, f)] = n?/a®. Thus we can
suggest m(a, B) x 1/a as a noninformative prior for (a, ).
Reparametrization

This reparametrization will be used in the next section for Bayesian anal-
ysis of the PLP with the natural conjugate prior. Let u = a~P so with new
parametrization of 6 = (u, ) the PLP has intensity function

Mt) = pptht,

and the compensator
A@) = uth.

The likelihood becomes
n p-1
L(u,ﬁ)=(uﬁ)”(]_[ti) exp{—prﬁ},
i=1
and the log-likelihood is

log Ly, B) = —ut? + nlog(u) + nlog(B) + (- 1) Z log(¢;).
i=1

The gradients are
0
J1 =~ logL(u,p) = ~1#+ "~
ou v

s =2 log L, ) = —prlog()+ 2 + 2 log(ty).
op B ix

The maximum likelihood estimates for u, § are

n

.
;‘zllog(r/ti)’

n
—. 3.8
N (3.8)

(3.7)

=
Il

Q
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The Hessian matrix is

02 n
Hii1(p, ) Z@ log L(u, B) = —E,
62
Hio(u, p) = 5535 log L, B) = —7Plog(r),
02
Ha(p, ) =55 108L (k) = —% — urPlog?(x).

At the point (2, f), the values of the Hessian matrix are

Hoo(f1.B) =~ % —nlog(1),

and determinant of the Hessian matrix at that point is

A

N n 2
det[H(,a,,B]z( ) > 0.
ap

That means H(, f) is negative defined and (f, f) is the unique maximal of
the log-likelihood. The Fisher information matrix

I, p) =,
U
-nl
I1a(u, B) :mln—mg(y),
up
_ 2
Lon(u, ) = mg —2m1log(u) +n(1+1log“(w))

p? ’

where m1 = E[U,log(U,)] and ms = E[U,log?(U,)] are free from u,B and
we know that 1/e < m1 < 2n2,0 < mq < 2n2. The determinant of the Fisher
information matrix is therefore

n2+mon— m%

det[I(a, B)] =
'u2 /32
Thus Jeffreys non-informative prior for (y, §) is

1

(1, B)x —.
”“ﬁ“uﬁ
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3.4.1 Noninformative prior

We consider Bayesian inference for the PLP with noninformative prior. While
the maximum likelihood estimates are interpreted differently according to
event truncation or time truncation scheme, Bayesian estimates give the
same interpretation for both schemes.

Theorem 3.4.1. — Let t = (¢1,...,t,) be an observation of a PLP observed in a
time window [0,C]. Denote fiand p the Bayesian estimates of pand p. Assum-
ing a quadratic loss and a Jeffreys’ noninformative prior n(u, ) < (uf)~1, we
obtain the following results:

(i) the posterior density is

n

__5n -1pn-1_p B
n(u,ﬁlé)—mun p" pnexp{—pr },
where pp, =[17_ t; and s, = ¥7_ log(1/t;),

(ii) the posterior marginal distribution of B is a gamma distribution with
parameter (n,sy).

(iit) the posterior conditional distribution of u given B is a gamma distribu-
tion with parameter (n,7P),

(iv) the Bayesian estimators are:

p==, (3.9)
S

n

i Sn "
fd=n (—sn+log(r)) . (3.10)

Proof 2. Proof of (i): Recall that the probability density of an observation of
the PLP is

f(t 1) =u"B"ph " expl-ur?)
o " B"ph expl-pth).

With prior density 7(u, 8) x (uB)~!, and applying the Bayes’theorem, the pos-
terior density is

n(u,Blt)= K(z)u”“lﬁ"‘lpﬁ exp{—utP}.
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The normalizing constant K(¢) can be computed by taking double-integral
and applying Fubini’s theorem

K(z)‘IZf ) f " Ll exp(—pr)dpd
f -l ‘*( f W Lexpl-prPidy)dp
n— 1 ﬁ I'(n)
f h (ﬁ)” ap
=I'(n) f g e Pindp
r(n)2

sn

Proof of (ii): The posterior marginal distribution of § is obtained by integrat-
ing out u from the posterior joint distribution of (u, )

wP10= [ oy phexpl-pridp

s” 1 -p
=—L B e 7P,
F(n)ﬁ
Thus B |t has gamma distribution with parameter (n,s,).

Proof of (iii): The posterior conditional marginal distribution of u given g is:

n(wplt) _ @P)" 1

_ P
231D = Th ) exp{—ut’}.

n(ul B,t)=

Hence p | B,t has a gamma distribution with parameter (n,7%).

Proof of (iv): With quadratic loss, the Bayesian estimates are the expecta-
tions of the posterior marginal distributions. The posterior expectation of f
is obvious since its distribution is gamma:

EBlH=—.
Sn

Thus we get Bayesian estimate for § as in (iv). The posterior conditional
expectation of u given f is

E(u|g,t)= %
T

The posterior expectation of u is obtained by taking the expectation of the
posterior conditional expectation of u given S.

_ B )= EE) p.0) = f Eu|B,0p(B | Ddp
o s

= n—1 —ﬁsn _ n—1
_/(; r(n)‘[ﬁﬂ ap _F(n)f i exp{ ﬂ(8n+log(r)} B

o)
- sp+log(t)) -~
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Hence we get a Bayesian estimate for p as in (iv). Recall that the maximum
likelihood estimates of § and p are:

A n R
ﬁ:_9 H= .
S

n

T|Q>| S

Therefore the Bayesian estimate of § is equal to its maximum likelihood esti-
mate which is the classical result. Now we consider the relationship between
Bayesian estimate of u and its maximum likelihood estimate. Substitute
S =n/ 5 from the equation (3.9) to the equation (3.10) we obtain

o Sn " log(z)\™ _ log(m)P\ ™"
u_n(sn+log(r)) —n(1+ Sn) —n(1+ - ) .

When n is large enough, the last part of the above equation can be approxi-

mated by
log(r)?\ "
n(1+ 0g(®) ) =
n

s

Thus we have

. n
u= T ﬁ .

Therefore, when n is very big, the Bayesian estimate of u can be derived from
the Bayesian estimate of § by the same function u = n/tP as for maximum
likelihood estimates. The consequence is that, when we have no prior infor-
mation about the parameter, their Bayesian estimates and their maximum
likelihood estimates are getting closed to each other when the sample size is

getting larger.

3.4.2 Independent conjugate priors (Oliveira et al. [45])

When we have an observation of the PLP observed from time truncation
scheme in the fixed time window [0, C], value of the compensator at the end-
ing time can be considered as a parameter of the process with some prior
information, that is 7 = A(C) = uC”?. The new parameter 7 can be interpreted
as the expectation of N(C). If we have some prior information about 1 then
we can conduct Bayesian analysis on the PLP. This procedure is given in the
following theorem.

Theorem 3.4.2. — Let t =(ty,...,t,) a realization of the PLP with parameter
(1, B) that we observe in the time window [0,C]. Denote i, the Bayesian
estimates of n, P respectively. A natural joint conjugate prior for (n,B) is a
product of two independent prior for each parameter where:
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(i) The natural conjugate for nis gamma distribution with parameter (a,b)
and the natural conjugate for B is gamma distribution with parameter

(c,d).

(ii) n |t and B |t are independent; n |t has gamma distribution with pa-
rameter (a +n,b+1) and B |t has gamma distribution with parameter
(c+n,d+spy).

(iit) The Bayesian estimates for 1 and f are:

__a+n
=i
- c+n
'B_d+sn.

Proof 3. Proof of (i): With the new parametrization of (1, ) the probability
density of an observation becomes

fEln,p=n"C P ph e
x e x e Pon,
It follows that n and B are orthogonal and the natural joint conjugate prior is

simply a product of two independent gamma distributions 7(n, 8) = (1) x ()
where

1

"M T

_i c-1_-dp
n(ﬁ)—r(cﬁ e “F.

77<7L—le—bn

b

Applying the Bayes’ theorem, the posterior distribution is

”(77,/3 | E) o na+n—le—(b+1)n « ﬁa+ne—(b+sn)ﬁ.

Proof of (ii): Thus n |t has a gamma distribution with parameters (a +
n,b+1) and B |t has a gamma distribution with parameters (¢ + n,d + s;).
Hence we obtain the result in (ii).

Proof of (iii): Assuming quadratic loss, the Bayesian estimate is the pos-
terior expectation of the parameter. The posterior expectation for 7, are
easily obtained since the posterior distributions are gamma. The Bayesian
estimates are then:

__a+n
=+t
. c+n
'B_d+sn'
O
52

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 3. POWER-LAW PROCESS

Prior elicitation

Prior elicitation is easily deduced from prior information of each parameter.
Let gy,1 is a guess for the value of 7 and g, 2 is a guess for standard deviation
associated with g;)1; let gg1 is a guess for the value of § and gg 2 is a guess
for standard deviation associated with gg 1. Since the expectation and the
variance of a gamma distribution are available in closed-form expressions,
one can easily obtained values for a,b,c,d as following:

z 8 = g
-~ =8&n1, =812
b= Ve T
° 8 2 g
< =81, —F==8p2-
R
Therefore we get
2
g 2
a="2 b:(gn,2) ,
8n,1 8n,1
2
g 2
e=2B2 4 (gﬂ) ,
88,1 88,1

3.5 Conjugate Prior: the H-B Distribution

Our purpose is to consider a conjugate prior for the Bayesian analysis of the
PLP. This problem has already been addressed in paper Oliveira et al. [45]
and in paper Huang & Bier [27]. While Olivera et al. propose a reparametriza-
tion with independent conjugate priors for each parameter, Huang and Bier
propose a joint conjugate prior that allows independency between two pa-
rameters of the model. However, their choice of prior is not really a conjugate
prior for the PLP since the posterior distributon and the prior distribution are
not in the same family. In adition, they do not give any elicitation strategy
that is practical.

We define a 5-parameter bivariate distribution that we name H-B. Prop-
erties of this distribution are given and it is shown that this distribution is a
natural conjugate prior for the PLP. The Bayes estimates are then obtained
and we suggest a technique to elicit the hyperparameters of the prior distri-
bution. This technique is very attractive and simple since the practitioner
has only to give a prior guess on § and a standard deviation associated with
his guess. To end with and before concluding, we apply the method on simu-
lated data and on data from aircraft generator.

3.5.1 Prior information and conjugate priors

Let’s consider Bayesian inference for the PLP with the parametrization (u, 8)
and the intensity A(t) = uftP~1. The probability density of an observation

53

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 3. POWER-LAW PROCESS

t=(t1,...,t,) in the time window [0, C] of the PLP with parameter (u, ) is

Ft |, B)ox (uB)" phexp {—mﬁ }

where 1 = ¢, for event truncated data and 7 = C for time truncated data.
Mimicking the above functional form, the prior density should be in the
form

7, f) o (P 6P exp{-prP}.

This prior density belong to a new bivariate distribution with three parame-
ters (a,b, 7). Since the last parameter is fixed to be 7 it remains two parame-
ter a,b to be elicitated. It requires, for instance, a guess on the value of § and
a guess on standard deviation associated to the first guess.

If we have one more prior guess on the value of u, we need a conjugate
prior with four parameters (a,b,7,d) that allow three free parameters to be
elicitated. We then consider a prior distribution with the density of the form

m(u, B) o< (uf)* 1bPexp {—durﬁ} X

At the last step, if we have four prior guesses on expectations and stan-
dard deviations of both  and p then we consider a prior distribution with
four parameters (a,b,7,d,m) with the density of the form

m(u, f)ox W™ 12 1P exp {—durﬁ} )

All of the three forms suggest us a family of bivariate distribution that we
will propose in the next section.

3.5.2 H-B distribution

We now introduce a new family of bi-variate distributions we name H-B dis-
tribution referring to the work of Huang and Bier. The definition of a H-B
distribution is given below.

Definition 3.5.1. -A bivariate rv. (X,Y) € R* x R™ has a H-B distribution
with parameters (a,b,c,d,m) where a,b,c,d,m >0 and such that b <c™, if it
has a p.d.f. of the form:

fx,y(x,y)=K £™ 1y 1b¥ exp {~dxc”}

where
_ d™[log(c™/b)]"
~ T(m)I(a)
We denote: (X,Y) ~H-B(a,b,c,d,m).
K is obtained by computing:

f f xm_ly“_lbyexp{—dxcy}dxdy
o Jo

(3.11)
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Applying the Fubini’s theorem we have

ffxm_lya_lbyexp{—dxcy}dxdy
o Jo

:f ¥y lbY (f ™ Lexp{-dxc’}dx|dy
0 0

o I'(m)
a-1
= bY d
.[0 Y (dey)y™ Y

r o0
= % y* texp{-ylog(c™/b)}dy
0

_ T(m)(a)
~ d™log®(c™/b)’

Marginal distributions and conditional distributions

One of the two components and the conditional distribution of the other one
of a H-B distribution have gamma distributions. The following theorem pro-
vides a conditional decomposition of a H-B distribution.

Theorem 3.5.1. — Let (X,Y)~H-B(a,b,c,d,m) then:

(i) the marginal distribution of Y is a gamma distribution with parameters

(a,zog(cm/b)),

(ii) the conditional distribution of X given Y =y is a gamma distribution
with parameters (m,dc”).

Proof 4. —

Proof of (i): The marginal density function of Y is obtained by integrating
out X from the joint density of (X,Y)

fY(y)Zf K™ 1y*1pY exp{~dxc?} dx
0
0

= Ky“_lbyf ™ Lexp{-dxc’}dx

_ I'(m)
a-1zy
b (dey)™
_log®(c™/b) , 4
 T(a)

exp{-ylog(c™/b)}.

Therefore Y has a gamma distribution with parameters (a,log(cm/b)).
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Proof of (ii): The conditional density function of X given Y =y is

fx,y G, y)fy(y)
me_ly“_lby exp{—-dxc’}
[log® (c™/b)/T(a)] y*~Lexp{-ylog(c™/b)}
G
= x* " exp{—-dc”x}.

I'(m)

x|y =y(x)

Thus X | Y = y has a gamma distribution with parameters (m,dc”).

Conditional expectation and conditional variance

From the above theorem, we have

m
EX|Y=y)=—
X 1Y =y) dor’
Var(XIYzy)zm.

Expectation, variance and covariance

The previous theorem allows us to compute the expectation and the variance
of X and Y. Let & =log(c™/b) then we have

Theorem 3.5.2. — Let (X,Y) ~H-B(a,b,c,d,m) and denote k =log(c™/b) then
we have the following results.

(i) The expectation of Y is
E(Y)=alk.

(it) The variance of Y is
Var(Y) = a/k?.
(iii) If b <min(c™,c™*), then the expectation of X is

_k
k +1og(c)

a

m
EX)= 7

(iv) If b <min(c™,c™*2), the variance of X is

k
k +2log(e)

a m2

d2

m(m+1)
d2

2a
Var(X) = k ] .

k +1log(c)

() If b <min(c™,c™*), the covariance between X and Y is

am  log(c)k®
Cov X, Y)=—7F+—""——
ov dk [k +1og(c)®!

Proof 5. —
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Proofof (i) and (ii) : The expectation and the variance of Y is easily obtained
since it has gamma distribution.

Proof of (iii) : To compute E(X) we consider the conditional expectation and
compute E[E(X |Y)] to obtain:

® m
BE(X) = fo )y

_ © m kY a-1_-ky
=, me e "dy
_m ka o0
~d T(a)Jo
m k

“d | k+log(c)

y“_1 exp{—y(k +log(c))x}dy

a

d

Proof of (iv) : A similar reasoning provides:

©mim+1)
d2c2y
Y LS P
0o d2c2T(a)
3 m(m+1)
=—3

E(X?) = A fr(ydy
dy

k
k+2log(c)

Proof of (v) : We have

o0 o0
E(XY)= fo fo xyfxy (@ y)dxdy
k a+1

k +1log(c)

_am
" kd

Hence the covariance is

am log(c)k?®

Cov X, Y)=EXY)-EX)EXY)=——F—F———
ov(X,Y)=EXY)-EX)EY) & [k + log(o)™"!

0

Thus, when ¢ > 1 the two components are negative correlated; when 0 <
¢ < 1 the two components are positive correlated and when when ¢ = 1, it
is interesting to remark that the two components are independent as in the
following theorem.

Theorem 3.5.3. — Let (X,Y) ~H-B(a,b,c,1,m). The two components X and
Y are independent; Y has a gamma distribution with parameters (a,log(1/b))
and X has a gamma distribution with parameters (m,d).
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Proof 6. When ¢ =1, clearly

log® (1/6)d™ .1 .-1 y ~
fxy(x,y) —F(a)F(m) x" 7y bY exp {—dx}
[log(1/0)1* ,_4 B d™ .1 B
—F(a) y* " exp{—log(1/b)y} x F(m)x exp{—dx}
= frxfx).

Thus we obtain the results. Note that in this case, the expectations and the
variances are easily obtained. We have:

EX)=m/d, Var(X)=m/d*
E(Y)=a/log(1/b), Var(Y)=a/log(1/b)%.

Mode

Ifa>1,m>1andb<min(c™ c™ 1) then the H-B distribution with param-
eter (a,b,c,d,m) is uni-modal with the mode at (x,,,04, Ymod) Where

B a—-1
ymod_m,
m-1
Xmod = dovm

Graphical illustration

The figure 3.3 displays 3-D plots of density functions of H-B distribution with
different parameters. Wet fix m =a = 10,c¢ = 2,d = 1 and choose different &’s
values such that b < min(c™,c™ 1) so the densities have unique mode.

3.5.3 The H-B distribution as a conjugate prior

We now consider the Bayesian inference for the PLP with the parametriza-
tion (u, f) and the intensity A(¢) = ,uﬁtﬁ_l. A prior distribution for (u,f) is
needed. We consider three variants of the H-B distribution introduced previ-
ously as a natural conjugate priors for the PLP. These variants are such that
some of their parameters are depending on each other reducing the number
of parameters characterizing the H-B distribution. The elicitation of the hy-
perparameters will be depending on the available information that we char-
acterized by the number of guesses.

Theorem 3.5.4. — Let t = (¢1,...,t,) be the jump dates of a PLP with intensity
uPtP=1 observed in a time window [0,7]. The H-B distribution with param-
eters (a,b,1,d,m) is a natural conjugate prior for the PLP. The posterior is a
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Figure 3.3: Density functions of H-B distribution

Density plot and contour plot of H-B(10,1,2,1,10)

Density plot and contour plot of H-B(10,10,2,1,10)

10

T
05

T
0.0

Density plot and contour plot of H-B(10,100,2,1,10)
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H-B distribution with parameters (a +n,bp,,7,d +1,m +n). Denote fi,p the
Bayesian estimates of u, § respectively, the Bayesian estimates are:

~ a+n

b= k+s,’

~_(m—i-n)( k+s, )‘””
F=Ua+1 )\ k+s, +1ogn)

Proof 7. Recall that the probability density of an observation of the PLP is

f(t |, ) o (uB)" ph expl—ur?)

where p, =[I7_; t.

Proof of (i): Let us consider H-B(a,b,7,1,a) as the prior distribution with
density
m(u, B) o< (uP)® b expl—puthy.

Applying the Bayes’ theorem, the posterior distribution is:

(Bl o f@|p Py, P)
x (P (bp,)P expl-2urh}

That is to say a H-B distribution with parameters (a +n,bp,,7,2,a + n).
Assuming a quadratic loss, the Bayes estimators are the expectation of

the posterior distributions. Since the expectations of a H-B distribution has

given in the theorem 3.5.2, we can easily obtain the Bayesian estimates of

W B:

~ a+n a+n a+n
p=EPpID= log(ta™/(bp,))  log(1%/b) +log(t"/p,) k+s,’
log(z**"((bp,)) ™"
log(tet/(bp,)) + 10g(T))
k+sp )‘Hn

k+s, +log(t)

ﬁ:E(,uIE)z(a+n)(
=(a+n)(

Proof of (ii): Now, we take H-B(a,b,1,d,a) as the prior distribution
n(a, B) o (uP)* 1bP exp{—durP).
The posterior distribution is then

i, B1t) o< f(E |, By, B)
o (B Hbp,)P exp{—(d + DutP}.

That is to say a H-B distribution with parameters (a +n,bp,,7,d +1,a +n).
Similar reasoning gives us the Bayesian estimates for y, 8 as in (ii).
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Proof of (iii): Finally, we take H-B(a,b,c,7,m) as the prior distribution
(e, B) ox A" 1bP expl-duth).
Hence, the posterior distribution is

a(u, Blt)oc f(E| p, B)(u, B)
x ,um+a_1ﬁa+n_1(bpn)ﬁeXp{—(d+1)HTﬁ}

That is to say a H-B distribution with parameters (¢ + n,bp,,7,d + 1,m + n).
Similar reasoning gives us the Bayesian estimates for u, f as in (iii).

O
Relation between Bayesian estimates and maximum likelihood estimates:
With the prior H-B(a,b,7,d,a), the Bayesian estimates y, § are:
~ a+n
= , 3.12a
h k+sy, ( )
a+n k+s, atn
= 3.12b
# d+1)(k+sn+log(r)) (8.12b)

whereas maximum likelihood estimates for y,  are

A n
ﬁ:_’

Sn
A_n
p=5.

One can see that f can be expressed as a convex combination of the MLE and
the expectation of the prior distribution:

B=qnB+[1-qn)E(B),

where
Sn

T k+s,

dn

This remark will be useful to choose the hyperparameters (a,b,d) in the se-
quel.

A relationship between [i and [i can be proposed. From (3.12a) we get
k +s, = (a+n)/B. Substituting in (3.12b) we get

—(a+n)

) log(rﬁ)
-1 [V e
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which can be approximated by:

a+n 1
+ Tﬁ“

=

SH
—

Therefore fi can be expressed as a convex combination of the MLE and the
prior expectation of u given f = fB:

a
~=(1_ )A+ I
f & fdrﬁ

d
where ¢ = I+1 This approximation will be used in the next section to elicit

prior parameters.

3.5.4 Prior elicitation

We suggest some strategies to elicitate the prior parameters according to pro-
vided prior guesses. In each scenario, different prior guesses lead to different
prior elicitation strategies. We also consider some strategies relying on the
relation between maximum likelihood estimates and maximum likelihood es-
timates. Some strategies require trials and errors procedure to obtain values
for prior parameters..

Scenario 1

In this scenario, we are at disposal of two prior guesses. They might be a
guess on the value of f and a guess on the confidence of the first guess (strong
confidence, moderate confidence or weak confidence). They might be also
a guess on the value of § and a guess on the value of u. We now employ
H-B(a,b,1,1,a) as conjugate prior for the PLP. The values for a,b need to be
provided.

Elicitation strategy 1:

Suppose that the practitioner has a guess gg 1 at the value of § and a guess
gp,2 at the standard deviation associated with gg 1. The value for a and & =
log(t?/b) can be obtained by solving the system of two equations:

{ alk =gp1,
Valk =ggp2.

We have: a = g% //8p2 and k =a/gp 1. Therefore b = 1%k,
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Elicitation strategy 2:

Suppose that the practitioner has a guess g at the value of § and a guess g,
at the value of u. The value for a,% can be obtained by solving the system of
two equations:

alk =85
k a
a(k +10g(r)) — 8w

From the first equation we get k = a/g g then replace it in the second equation
we obtain

a a
a(a+gﬁ10g(r)) ~ 8w

This equation can not be solved explicitly but need trials and errors proce-
dure. One can start at ag = n. A value for % is then deduced from the value
for a. Hence a value for b can be obtained as b = y%e%.

Scenario 2

In this scenario, we are at disposal of three prior guesses. Besides the prior
information in the scenario 1, strategy 1, we are provided one more prior
guess g, at the value of u. We now employ H-B(a,b,7,d,a) as conjugate prior
for the PLP. The values for a,b,d need to be provided. The value for ¢ and b
can be obtained as in scenario 1, strategy 1. Since the prior expectation of u

is . “
a
E"(w)=—=|—F—
W=7 (k +10g(T))
the value for d is obtained by

a

d=——
8u,1

k )a
kE+log(t)) -~

Scenario 3

In this scenario, we are at disposal of four prior guesses. Suppose that the
practitioner has a guess gg,1,2,1 at the value of 8, and a guess gg 2,82 at
the standard deviation associated with gg 1,g,,1 respectively. We now employ
H-B(a,b,1,d,m) as conjugate prior for the PLP. The values for a,b,d,m need
to be provided. The value for a and b can be obtained as in scenario 1 and
scenario 2. The values for m and d can be found by solving the equations:

7 [itegm) =

d \E+log)] &MV
m k @, 9
ﬁ(knog(r)) “Eu1t 82
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Then we get

g1 [k+log@)®
g2+ 85 o ROk +2log(]*’

m=

a

k +log(t)
k +2log(1)

8u,1
2 2
81 + 82

d=

Scenario 4

In this situation, we want to apply H-B(a, b,7,d,a) as conjugate prior for the
PLP providing two prior guesses.

Elicitation strategy 1:

We suggest a first strategy to choose the values for three prior parameters
a,b,d. Suppose that the practitioner has a guess gg1 at the value of § and a
guess g2 at the standard deviation associated with gg 1. Then a value for a
can be obtained by solving the system:

alk=gp1,
{ Valk =gp 2.
We have:
a= [gﬁ’l/gﬁ’zr and & =a/gp,1. Then (3.12a) can be computed.
According to (3.5.3), n(d—+nl) can be interpreted as a confidence or correc-

tive factor a associated with the MLE. A value for d can be obtained solving

the equation:

n+a . a+n
————— =qatoobtaind =
nd+1) na

with a = ¢, for example.

-1,

Elicitation strategy 2:

A second strategy consists in considering a guess at ¢ and a guess at 8, gg.
From the guess at &, a value for b can be deduced. Setting n = a/d, a value
for a is obtained. The guess at § provides a value for k& since & = a/gg. The
results using this strategy are displayed in table 2.

3.5.5 Application

Simulation study

In order to investigate the behavior of the H-B natural conjugate prior, we
make a comparison between Bayesian estimation and maximum likelihood
estimation relying on simulated data from PLP. The table 3.3 describe the
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results of estimation based on the data generated by the PLP with true pa-
rameters f =2.0,u = 0.001. The sample sizes vary from small size n = 13 to
medium size n = 100 and then to large size n = 1000. We repeat the simula-
tion 1000 times to get the mean values of estimation and the mean square of
errors (in bracket).

Scenario 4, elicitation strategy 1 is used for choosing the values of the
prior hyperparameters. Three different values of prior mean for § are consid-
ered: case [1] prior mean underestimates the input value, case [2] prior mean
overestimates the input value, and case [3] prior mean is relatively close to
the input value. For underestimated prior guess, accurate prior guess and
overestimated prior guess, we choose respectively gg1=0.9,851=1.9,8p1 =
2.9. For each prior guess g4 1, computations are carried out using three incer-
titude values of variability gg 2 according to the scheme: gg2 = pgp 1, where
0 =0.3,0.6,0.9 are the coefficient of variation.

With large sample size, it is not surprising that Bayesian estimates are
relatively close to the maximum likelihood estimates (MLEs) and the two
approach give very good estimates close to the input values of the two pa-
rameters whatever the prior guess for .

With medium sample size, in most of the scenarios of prior guess for S,
the Bayesian estimates of both 8, u are more accurate than the MLEs. For ex-
ample, provided a underestimated guess associated with moderate confidence
or weak confidence on the value of 8, the Bayesian estimates of both 3, u are
more accurate than the MLEs. Provided a overestimated guess on the value
of 3, the Bayesian estimates of both §, 1 are more accurate than the MLEs
whatever the associated confidence. Maximum likelihood approach only give
better estimate for § than Bayesian approach in case of underestimated guess
associated with strong confidence (g1 =0.9,g52 =0.3g5,1 = 0.27).

With small sample size, one can see that the Bayesian approach seems to
outperform the maximum likelihood approach in most of the case. Providing
a precise-guess for f, the Bayesian estimates of both §,u are always more
accurate than the MLEs. This also happen with a over-guess for . Only in
the case of under-guess associated with strong confidence for §, the MLE is
more accurate than the one of Bayesian estimate of 8. The small size case is
in favor of showing the advantage of Bayesian approach.

The table 3.4 illustrates simulation results for scenario 4, elicitation strat-
egy 2. This time, the PLP is generated with 8= 1.38,u = 0.0008. We choose
different values for ¢ depending on the confidence we might have in the data.
We set £ =0.3,0.6,0.8,0.95.

With small and medium sample size, it turns out that if we are provided
a precise guess for § then the Bayesian estimates are better than the MLEs
of u.

With large sample size, the Bayesian estimates of 8, u are good only when
provided a precise guess for f. We get bad estimates for § when the true
value of 8 is overestimated or underestimated. We remark that in general,
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the results obtained by the elicitation strategy 2 are worse than that of elici-
tation strategy 1. However, for some schemes of prior, Bayesian estimates of
B with elicitation strategy 2 are closer to the input value than that with elic-
itation strategy 1. With strategy 2, we observe more dispersion on Bayesian
estimates.

Real data

The table 3.5 gives data that has been discussed many times in the literature
[3]. Those are failure times in hours for a complex type of aircraft generator.

The MLE for § and p are easily obtained: = 0.5690 and ji = 0.10756. We
compare the MLE with the Bayesian estimates in the table 3.6 for strategy 1
and in table 3.7 for strategy 2.

With elicitation strategy 1, the Bayesian estimate is close to the MLE
when the guess on fis 0.5 associated with a small standard deviation. Bayesian
estimates with elicitation strategy 2 is unstable whatever is the guess on
provided. Again the only case where the Bayesian estimate of 8 close to the
MLE is when g4 =0.5.

3.6 Concluding Remarks

Through out this chapter, we study the PLP and make inference on the pro-
cess. The adequacy of the PLP model can be verified graphically by plotting
the MTBF versus time on log-log scale or by R2 indicator for a simple regres-
sion line.

The power-law form of its intensity form makes the PLP a tractable like-
lihood and closed-forms of maximum likelihood estimators then some prob-
abilistic properties of the maximum likelihood estimators are deduced. This
classical point of view leads to different inference for event truncation and
time truncation schemes.

For Bayesian approach, we summary several choices of prior including
Jeffrey’s rule for non-informative prior and independent conjugate priors. A
joint conjugate prior for two parameters of the PLP would allow the depen-
dency between the two parameters and lessen the cumbersome of calculation
of posterior distribution. Although the form of the likelihood does not belong
to the exponential family, we search a possibility of such a natural conjugate
prior by mimicking the form of its likelihood. A new bi-variate distribution
naming PLP distribution is introduced based on the seminal paper of Huang
and Bier in 1998. This distribution has some good properties facilitating both
prior elicitation and posterior calculation. A simulation study is conducted in
order to compare the Bayesian estimates with conjugate prior and other prior
choices as well as the maximum likelihood estimates. We suggest two strate-
gies that are easy to implement, relying on expert guessing. The results show
that the choice of the elicitation strategy is very sensitive. We introduce in
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Table 3.3: Mean of the Bayes estimates with elicitation strategy 1 for simu-
lated data from the PLP with input parameter values =2.0 and u=0.001.

Sample-size Prior guess

Bayes estimates

n gp1 &2 P i
13 0.9 027 1.3498(0.6607) 0.0521 (0.0572)
0.54 1.7538 (0.4395) 0.0281 (0.0377)
0.81 2.0748(0.4928) 0.0183 (0.0329)
1.9 057 2.1211(0.3250) 0.0048 (0.0066)
1.14 2.1894(0.5642) 0.0122 (0.0216)
1.71  2.2508 (0.6546) 0.0129 (0.0201)
2.9  0.87 25743(0.7771) 0.0017 (0.0025)
1.74 2.4533(0.7722) 0.0072 (0.0123)
2.61 2.3774(0.7327) 0.0102 (0.0177)
MLE 2.4667 (0.8927)  0.0024 (0.0070)
100 0.9  0.27 1.7933(0.2582) 0.0071 (0.0088)
0.54 1.9757(0.1962) 0.0034 (0.0042)
0.81 2.0054 (0.1926)  0.0028 (0.0032)
1.9  0.57 2.0043(0.1833) 0.0028 (0.0039)
1.14 2.0524(0.1941)  0.0021 (0.0021)
1.71  2.0190(0.1684)  0.0024 (0.0031)
2.9  0.87 2.0697(0.1892) 0.0019 (0.0021)
1.74 2.0638(0.2176)  0.0021 (0.0023)
2.61 2.0853(0.2684) 0.0025 (0.0037)
MLE 2.0783 (0.2677)  0.0015 (0.0025)
1000 0.9 027 1.9798(0.0625) 0.0014 (0.0007)
0.54 1.9962 (0.0637) 0.0012 (0.0006)
0.81 1.9974(0.0606) 0.0012 (0.0005)
1.9 057 2.0052(0.0607) 0.0012 (0.0005)
1.14 2.0111(0.0631) 0.0011 (0.0005)
1.71  2.0044 (0.0663) 0.0012 (0.0006)
2.9  0.87 2.0096 (0.0655) 0.0011 (0.0005)
1.74  2.0040 (0.0618) 0.0012 (0.0005)
2.61  2.0029 (0.0635) 0.0012 (0.0005)
MLE 2.021 (0.0635)  0.0011 (0.0005)
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Table 3.4: Mean of the Bayesian estimates with elicitation strategy 2 for simu-
lated data from the PLP with input parameter values =1.38 and y=0.0008

Sample-size Prior guess  Bayesian estimates
n g ¢ B v
10 0.90 0.30 1.3084 0.0172384

0.60 1.0856 0.0187112
0.80 0.9821 0.0205621
0.95 09189 0.0224425

140 0.30 1.5894 0.0080820
0.60 1.4833 0.0033231
0.80 14350 0.0016563
0.95 14076 0.0009654

2.10 030 1.7735 0.0057058
0.60 1.8691 0.0008951
0.80 19654 0.0001251
0.95 2.0617 0.0000164

MLE 1.4343 0.001604

150 0.90 030 1.1988 0.0060447
0.60 1.0488 0.0177631
0.80 0.9686 0.0329844
0.95 09162 0.0500529

140 0.30 14018 0.0012170
0.60 1.4000 0.0009408
0.80 1.3996 0.0008128
0.95 1.3998 0.0007406

2.10 030 1.5625 0.0003637
0.60 1.7534 0.0000530
0.80 19103 0.0000106
0.95 2.0489 0.0000026

MLE 1.3995 0.001082

2000 0.90 030 1.1944 0.0064560
0.60 1.0475 0.0298960
0.80 0.9681 0.0687878
0.95 09161 0.1189907

140 0.30 1.3912 0.0008157
0.60 1.3949 0.0007593
0.80 1.3974 0.0007268
0.95 1.3993 0.0007047

2.10 030 1.5447 0.0001643
0.60 1.7420 0.0000196
0.80 1.9042 0.0000034
0.95 2.0474 0.0000007

MLE 1.3803 0.000834
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Table 3.5: Failure times in hours for aircraft generator

Failure Time Failure Time
1 55 8 1308
2 166 9 2050
3 205 10 2453
4 341 11 3115
5 488 12 4017
6 567 13 4596
7 731

Table 3.6: Bayesian estimates with elicitation strategy 1 for aircraft generator
data

Prior guess Bayesian estimates

gp1 8B2 B |

0.075 0.3583 0.2561
025 0.15 0.4646 0.2642
0.225 0.5123 0.2457

0.15 0.5350 0.1054
0.5 0.30 0.5555 0.1730
0.45 0.5623 0.1959

0.225 0.6402 0.0604
0.75 0.45 0.5943 0.1441
0.675 0.5812 0.1797

MLE 0.5690 0.1072

Table 3.7: Bayesian estimates with elicitation strategy 2 for aircraft generator
data

Prior guess Bayesian estimates

g ¢ p a

0.25 0.30 0.4115 0.5399
0.60 0.3223 0.9559
0.80 0.2816 1.2621
0.95 0.2572  1.4992

0.5 0.30 0.5464 0.2120
0.60 0.5255 0.2041
0.80 0.5124 0.1981
0.95 05031 0.1934

0.75 030 0.6134 0.1355
0.60 0.6653 0.0735
0.80 0.7051 0.0439
0.95 0.7383 0.0277

MLE 0.5690 0.1072
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this work a 4-parameter H-B distribution. More investigations concerning
the properties of this distribution need to be carried out. In particular a bet-
ter understanding of the properties will be helpful to elicit prior parameters.
One can develop a 5-parameter H-B distribution that allows more prior infor-
mation to be integrated.

More need to be done in order to improve the accuracy of the estimates.
Other strategies should be investigated. We are working in this direction in
the present time.
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Chapter 4

Exponential-Law Process

In this chapter, we study the exponential-law process which is
a non-homogeneous Poisson process with intensity function de-
pending on time by an exponential-law. Despite its simple form of
intensity and its tractable likelihood, the maximum likelihood es-
timation can not be obtained by explicit expressions and requires
numerical approximation. For a Bayesian approach of the ELP
inference, we consider different type of priors: non-informative,
independent conjugate priors. In particular, we are interested
in the natural conjugate prior of the ELP by mimicking its func-
tional form of likelihood function.

4.1 Introduction

Huang & Bier [28] consider a Poisson process with a exponential-law inten-
sity. We call this process the exponential-law process (ELP). The intensity
function is expressed as A(¢) = aeft a>0, B €R. It can be used to model both
improving and aging repairable systems. This model is close to the Goel-
Okumoto model [21]. We are going to investigate this process in details fol-
lowing the same roadmap as for the PLP, allowing us to make comparison.

In section 1, we give a short introduction of the exponential-law process.
Section 2 is devoted to maximum likelihood procedure of two parameters of
the ELP. In section 3, we define a bivariate distribution that we name the
ELP distribution. Properties of this distribution are given and it is shown
that this distribution is a natural conjugate prior for Bayesian analysis of the
ELP. The Bayesian estimates are then obtained and we suggest some strate-
gies to elicit the parameters of the prior distribution. Practitioners need to
provide only some guesses on values of the two parameters.

Simulated data sets are used to examine the Bayesian estimates using
ELP distribution and the results are then compared with other priors. Our
method is applied on simulated data sets to examine the behavior of Bayesian
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estimates in different scenarios of prior guess and prior confidence. The re-
sults show some advantages of our strategies comparing to the MLE in case
of small sample size. We then conduct our method on some real data sets that
have been addressed in the literature for comparison.

4.2 Maximum Likelihood Method

4.2.1 Likelihood

Let {¢1,...,t,} be a sequence of jumps in an interval [0, 7] of the ELP.
Denote s, =Y., ¢;, the likelihood is:

L(a,p) = a® exp{ﬁsn - % (ef7- 1)}

where 7 = ¢, for event truncation and 7 = C for time truncation. The log-
likelihood is
a Jika
logL(a,B)=nloga + Bs, — B (e - 1) .

4.2.2 Maximum likelihood estimation

The likelihood equations are:

g - eﬁrﬁ_ L o (4.1)
sn—%[(ﬁr—l)eﬁ7+1] =0 (4.2)

From (4.1), we have:
“:eﬁ’:lif (4.3)

and injecting (4.3) in (4.2), we obtain an equation that only depends on S:

ePr—1 3 (4.4)
(t—DePT+F '

where t = s,/n.
There is no explicit solution to equation (4.4). We use a numerical method to
solve it. Let us denote ¢ the function defined by:

W@Zﬁ‘m,

BeR

The derivative of this function is
72eP7

B=1-—
R RN W
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T—1
If < 7/2, then B2 >0 and ¢(B2) < 0.
We have ﬁlim @(B) = —o0, ﬁlim @(B) =+o0 and ¢(0) = 0. ¢ is decreasing for
——00 —+00

2 ¢ _
It vanishes for $; =0 and for o = —log(—). Remark that £ < 1.
T

all B in [0, B2] and increasing for § in [ B2, +ool.

Therefore there exists a unique solution to the equation ¢(8) = 0 which
can be obtained applying a Newton-Raphson algorithm with starting point
Bo. If t > 1/2, using a similar reasoning we end up with the same conclusion.

4.3 Bayesian Approach

For Bayesian analysis, one can consider different choices of priors such as
non-informative prior, conjugate prior. Let us consider non-informative prior
by applying the Jeffreys’ rule.

4.3.1 Fisher information matrix

We consider in this section the construction of non-informative prior for Bayesian
analysis of the exponential-law process using the Jeffreys’ rule.

Event truncation

Denote mg = E (efT"), m1 = E (T,ePT") and mg = E (T2ePT") then the Fisher
matrix information is

111(61,,[3):—’;—5,

Ipg(a,p) = _Z_ZE (e#Tr-1)+ ;—ZE (TeP) - %E (12ef7),
T12(a, ) = Ini(a, ) = ﬁ—IZE (P -1) - %E (T2e"").

Now we need to calculate mgy,m1,mg. Firstly, we find the distribution of last
jump T',. The probability density function of the last jump is

MDD

fr,(t)= oo exp {—A()}
@ () expd L
_‘anll“(n)e (e 1) exp{ a 5 .

Denote U, = a (efT")/B. The pdf of U, is then

_L n-1_-u
fU”(u)_P(n)u e Y.
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Hence U,, has gamma distribution with parameter (n,1). Since E(U,) = n
and E(U2) = n(n +1) we have

mo=E (eﬁTn) = gE(UnH 1= % +1.

Note that T, < efT» —1 for Be R so T\, = U,/B and T,ef™ = (U, +U2)/B.
Transfer the inequality into expectation we obtain

EU2+U,) n(r+DB n
< = +—

mo=FE (TneﬁT”)

B a? a
Hence 1
0< mo < M + z
a a
Similarly
nn+1)B n
Osmi<mps ——5—+—.
a a
The Fisher matrix information is then
n
Ii(a,p) = ——g,
a
2n—2ami+ afm
Ioo(a,p) = 1+ap 2,
’32
n—amiy

Ino(a,B) =1s1(a,pB) =
ap

The determinant of the Fisher information matrix is

n?+napmg— a2m%

a2 [32

Thus the Jeffreys non-informative prior for (a, f) is

det[I(a, B)] =

n(a,f)ox (af)t.

Time truncation

In this case, N(C) is a random variable having Poisson distribution with pa-
rameter A(C) = a (efC —1)/B thus

(e, p) = %E[N(C)] = eﬁzﬁ‘ !
Log(a, )= 22 (ePC-1)- 2a’[;gj’eﬁc + af2C2efC |
Ta(a, f) = ﬁCeﬁcﬁ—;ﬁc +1
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The determinant of the Fisher information matrix is therefore
26C L (B2C%2+2)ePC+1 1 2

e (B 5 Je - 5 (eﬁC_ 1) _ p2C2ePC

At time C we have A(C) = a(ePC —1)/8 =~ n. Replace a(ePC-1)/B by n we

have

det[I(a, B)] =

2 _napf-a’C?
a’ ﬁ2
Hence Jeffreys non-informative prior for («, §) is

n(a, f)ox (af)t.

detlI(a, p)] =

4.3.2 Non-informative prior

We consider Bayesian inference for the ELP with Jeffreys non-informative
prior. While the maximum likelihood estimates are interpreted differently
according to event truncation or time truncation scheme, Bayesian estimates
give the same interpretation for both schemes.

Theorem 4.3.1. — Let t = (¢1,...,t,) a realization of the ELP that we observe
in the time window [0,C]. Denote @, the Bayesian estimates of a,p. With
Jeffreys non-informative prior n(a, f) x (af)! and assuming quadratic loss,
we obtain the following results:

(i) The posterior density is
n+l

- - @ n—-1p-1 _ ﬁ‘[_
@, plD) F(n)I(sn/T,n)a h exp{ﬁsn a(e 1)/’6}
h
where oo 1 log(u) B
I(a,ﬁ)=f0 u® H , ISaSﬁ—l.

(i) The posterior marginal distribution of B, say B |t has probability density

function
Tn+1 ﬁ n
- Bsn
t)= .
"1y I(sp/T,n) (eﬁf—l) ¢

(iii) The posterior conditional density of a given B, say a | B,t, belongs to
gamma family with parameter (n, (eﬁT - 1)/ﬁ).

(iv) The Bayesian estimates are:
1 J1(s,/T,n)

P = JoGtn)’
d_z[(sn/r,n+l)
1 I(s,/t,n)
where
o] 1 ﬁ
JIm(a, B) zf u log(u)™ [&L;) , l<a=<p-1
0 u-—

75

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 4. EXPONENTIAL-LAW PROCESS

Proof of (i): Recall that the probability density of a observation of the ELP
is

] a,ﬁ):a"exp{ﬁsn—%(eﬁr—l)}.

With prior density n(a, f) (aﬁ)_l, and applying the Bayes’theorem, we ob-
tain the posterior density as

— n-1 L
n(a,Blt)=K@)a exp{ﬁsn ﬁ(e 1)}

The normalizing constant K(¢) can be computed by taking double-integral
and applying Fubini’s theorem

K@®! :fooof_:o a”_lexp{ﬂsn - % (eﬁT - 1)}dad,6

:f_:oeﬁs" (foooan_lexp{—%(eﬁr—l)}da)dﬁ

—f_ e [( dpg

0 efr—1)/B]"
+00 ps ,6 n
om0
1—‘(n) oo W/T—1 log(u) n
= Tn+1 b us m du
_F(n)I(sn/T,n)
- n+l :

Hence the normalizing constant K(¢) is given by

Tn+1

K@= T()I(s,/7,n)

Proof of (ii): By integrating out « from the posterior joint density, we obtain
the posterior marginal density of § as

n+1

ﬂ(ﬁlt)=foo—r a”_lexp{ﬁsn—g(eﬁr—l)}da
= Jo T(n)Jdo(sp/t,n) B
_ o+l ( B )n eﬁsn
I(sp/t,n) \ef7 -1 '
This density belongs to a family of distributions that we will study in detail in
the next section. We name it modified-Gumbel distribution (M-G distribution
in short).

Proof of (iii): 'The posterior conditional density of @ given f is

_ala,ply) (FT-1\" 1 efr -1
D) ‘( B )r(n)“ exp{_“( B )}

That is, @ given f8,¢ has a gamma distribution with parameter (n, (ef” - 1)/p).
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Proof of (iv): Assuming a quadratic loss, the Bayesian estimators are the ex-
pectations of the posterior marginal distributions. Since f | ¢ has M-G distri-
bution with parameter (n,s,,T), one can compute its expectation and obtain

a J1(sp/T,n)
T Jo(sp/T,n)

B=EBI|t)=

Thus we get Bayesian estimate for § as in (iv).
The posterior conditional expectation of @ given f is

__nb
E@|p.0)= —5—.

The posterior expectation of u is obtained by taking expectation of posterior
conditional expectation of a given .

+00
d:E(aIE)ZE(E(alﬁ,E))Zf E(a|B,O)n(Blt)dp
_ +00 nﬁ Tn+1 ﬁ n ps,

_f—oo TeﬁT—ll(sn/r,n)(eﬁT—l) edp

_ ntttl +oo( B )n+le,ﬁsndﬁ
I(sp/t,n) J-0o \ePT—1

n+l1

du

_ nTn+1 1 f+oo usn/r—l
I(s,/t,n) "2 Jo

_nl(sy/t,n+1)

T 1 I(sy/t,n)

log(u)
u—1

Hence we get Bayesian estimate for a as in (iv).
Recall that the maximum likelihood estimate @ is the solution of the equation

5 e -1 3
(t-DePT+F
and & is derived from @& as
PO
ebr—1

The classical result is that the Bayesian estimate with non-informative prior
is equal or closed to the maximum likelihood estimate. Therefore (&, ) can
give us a good initial value to obtain the numerical approximation value for
(&, B) when applying an approximation method such as Newton-Raphson or
other package in R software.

It can be shown that <J,,(a, 8) converges when (1 < a < f—1) (see Ap-
pendix) and note that I(a, 8) = Jo(a, f). Thus the above definitions are valid.

O
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4.3.3 Modified-Gumbel distribution

We introduce a new family of uni-variate distributions that we name modified-
Gumbel distribution (M-G distribution in short) for Bayesian analysis of the
ELP. A M-G distribution have four parameters. It requires numerical inte-
grals to compute the expectations and its variances. Firstly, we give definition
to this distribution.

M-G distribution

Definition 4.3.1. — A random variable X € R has a M-G distribution with
parameters (a,b,c,m) where a,b,c>0,m € Z and such that c <b <(a—1)c, if
it has a probability density function (p.d.f) of the form.:

fx(x)=K xm( )aebx.

e*—1

The normalizing constant K can be computed as

ca+m+1
/G
JIm(ble,a)
where ;
©0 1
Tnta = [ ut ogtam [ZE2|T, 1<a<po1
0 u—1

We denote: X ~M-G(a,b,c,m).

Proof of validity of M-G distribution:
The normalizing constant K can be computed as

K_lzf_+ooxm( i )aebxdx.

e*—1

By changing variable as u = e“* we get

kl-_1 [ooub/c—l[log(u)]m[bg(u) gy = Imble,a)

ca+m+1 0 u—1 ca+m+1

where

I'(a)= f x* e *dx,
0

o),

X —

Jm(a,ﬁ):foox“_llogm(x)(
0

The figure 4.1 displays the p.d.f. of M-G distributions with different pa-
rameters.
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Figure 4.1: Pd.f of M-G distributions with different parameters values

a=3.5 b=25 ¢c=12 m=0

a=3. p=2, c=1, m=0

Expectation and variance
The expectation and variance of M-G distributions can be obtained but it

requires numerical integrals.

Theorem 4.3.2. Let X ~ M-G(a,b,c,m). The expectation and variance of X
always exist and are given as following:

1 Jp11(ble,a)

EX)=——F—""—"—
X) ¢ Jyuble,a) ’
1 Jm(ble,a)dpra(ble,a)—J2 . (ble,a)
X — m+1 .
Var(X)=15 Jn(blc,a)

Proof 8. Using the same technique for computing the constant K we can
compute the expectation of X as

E(X)ijroo cotl m( x 1)aebx

0o me(b/c,a)x ecx —
Ca+1 1 0 ble—1 10g(u) a
— -1n m+1 d
Jn(blc,a) cat2 fo “ [log(w)] u-1 “

3 1Jm+1(b/c,a)
"¢ Jp(ble,a)

79

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019




CHAPTER 4. EXPONENTIAL-LAW PROCESS

and the second moment of X as

EX?%)= f m(b/c 2 m(ecxx_l)aebx

- - 1 f ble— [log( )]m+2

m(b/c,a) cat3
_ 1 Jmya(b/e,a)
"2 J,(ble,a)

1 a
og(u) du
" —

Hence the variance and the standard deviation of X are:

1 Im(b/c,a)pia(blc,a) - J2 , (b/c,a)

VarX)=73 T (blc,a) ’
saxy= L \/ I (blc,a) S mra(ble,a) — J2 - 1ble, a).
JIn(ble,a)

Mode

We show that the M-G distribution with parameter (a, b, c,0) is an uni-modal
distribution. It requires numerical approximation to calculate its mode as in
the following theorem.

Theorem 4.3.3. — Let X ~ M-G(a,b,c,0). The probability density function
has the unique mode x,,,q that is the solution of the equation

3 a(e®* —-1)
" (ac—-b)e*+b°

When ¢ >0, x,,,0q s bounded as

2 ( b
—log
c ac—

whereas ¢ <0, x,,,4 1S bounded as

a
ac—b

b) < Xmod <

—_a< <gl ( b )
p " Ymod cOg ac-b)’

Proof 9. Taking logarithm of the p.d.f. of M-G distribution we have
log(fx(x)) = log(K) + alog(x) —alog(e®* — 1) + bx

Taking derivative of that function gives us

ace®”

ecx_1+b.

0
2 log(fx(x) = = -
ox x
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The critical value of log(fx(x)) satisfies the the equation

a(e® —-1)
- 7 4.5
Y @c—b)er+b (4.5)
Denote
()= x a(e®* —-1)
g (@c—b)e* 1 b
then ,
. acecx/2
]|
g (ac—b)e* +b

g(x) has two critical values x1 =0 and

s o)
x9 = —log .

c ac—b

Moreover, the equivalent equation of equation (4.5) is

ex . atbx

a—-(ac—b)x’

That gives the lower bound and upper bound for x,,,4 as in the theorem.

4.3.4 Independent conjugate priors

Following the same method presented in the previous section for the PLP, we
study a possibility of an independent conjugate priors for the ELP. Consider a
time truncation data ¢ = (¢1,...,¢,) observed in the fixed time window [0,C] of
a ELP with compensator A(¢) = a (ef! —1)/B. Let n = A(C) = a (ePC —1)/B. The
following theorem gives us Bayesian estimates for the ELP with two natural
independent conjugate priors for each parameter.

Theorem 4.3.4. — Let t = (¢1,...,t,) a realization of the ELP with parameter
(n,B) that we observe in the time window [0,C]. Denote 17,,5 the Bayesian
estimates of 1, respectively. A natural joint conjugate prior for (n,B) is a
product of two independent prior for each parameter where:

(i) A natural conjugate for 1 is a gamma distribution and a natural conju-
gate for B is a M-G distribution with respective p.d.f.:

B Ca+l '3 a fb
n(ﬁ)_l(b/C,a)(eﬁC—l) ¢

— 1 k-1_—(n
n(n)—r(an e .
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(i1) Bltand n|tareindependent; Bt has a M-G distribution with parame-
ter (a+n,b+s,,C,0)and 1|t has a gamma distribution with parameter
(B+n,l+1).

(iit) The Bayesian estimates for 8 and 1 are:

1 J1((b+s,)/C,a+n)

p= C Jo((b+s,)C,a+n)
__k+n
"=

Proof of (i): The probability density of an observation of the ELP with pa-
rameters (1, B) becomes

n

) ePsn,

Therefore n and S are orthogonal and the natural joint conjugate prior is a
product of two independent conjugate priors for each parameter

fEin.p=n"e"x (eﬁC _1

a

E-1 _—tn B ) pb

x(n, X | —— )
n,B)x n* e (eﬁc—l e

Proof of (it): Applying the Bayes’ theorem, the posterior distribution is

,B a+n
ktn—1,-(¢+1y ( ) oPB+sn)

m(n,fl1)ocn JFC 1

Hence we obtain the result in (ii).

Proof of (iii): Assuming a quadratic loss, the Bayesian estimate is the pos-
terior expectation of the parameter. The posterior expectation for 7 is easily
obtained since the posterior distribution is a gamma distribution. The pos-
terior expectation for f is also available as set up in the previous section for
M-G distribution.

Prior elicitation

Let gp 1 is a guess for the value of § and g2 is a guess for standard deviation
associated with gg1; Let g;1 is a guess for the value of n and g, 2 is a guess
for standard deviation associated with gy, ;.

Prior elicitation for prior parameter of 1 is simple since the expectation
and the variance of a gamma distribution are available in closed-form expres-
sions. One can easily obtained values for &, ¢ as following:

k g k g
- = 1, —~== 2.
Vi n, \/z n,
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Therefore we get

2
g 2
poon? g:(gﬂ) _
&1 8n,1

Prior elicitation for prior parameter of 8 needs trials and errors. We have

1 J1(b/Ca)
C Job/C.a) EPV

1 \/Jo(b/C,a)Jg(b/C,a)—Jf(b/C,a)

C Jo(b/C,a) ~&n2
One can start trying at a = n then vary b such that
J1(b/C,n)
Job/C,n)  “EPL
Jo(b/C,n)Ja(b/C,n)— Jf(b/C,n) _ 2y
Jo(b/C,n) m.2°

4.4 Conjugate Prior: the G-M-G Distribution

For Bayesian approach, we seek a possibility of a natural conjugate prior for
the ELP. Huang and Bier in the paper [28] propose a family distribution that
they consider as the natural conjugate prior for the ELP. In fact, the posterior
distribution is different from the prior distribution so it requires numerical
method to obtain the Bayesian estimates. In addition, the prior elicitation is
not practical for application. We introduce a new family of bi-variate distri-
butions that we name Gamma-modified-Gumbel (G-M-G distribution). The
G-M-G prior makes it possible to facilitate the dependence between the two
parameters of the ELP by Bayesian point of view. This family of distribution
is a natural conjugate prior for the ELP since the posterior has also G-M-
G distribution. We propose some elicitation strategies for parameters of the
conjugate prior. Simulation study is conducted for comparing the maximum
likelihood estimation and Bayesian estimation using this conjugate prior.

4.4.1 Prior information and conjugate priors

Following the same approach as in the previous chapter on the PLP, we now
consider Bayesian inference for the ELP with the parametrization (a, ) and
the intensity A(t) = uBtP~!. The probability density of an observation ¢ =
(t1,...,ty) in the time window [0, C] of the ELP with parameter (a, 8) is

ftla,p)x a"exp{ﬁsn —a(eﬁr - 1)/,6}

where y = t, for event truncated data and y = C for time truncated data.
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Mimicking the above functional form, the prior density should be in the
form

n(a, f)ox a® Lexp {,Bb —a (eﬁT - 1)/[3}.

This prior density belong to a new bivariate distribution with three parame-
ters (a,b, 7). Since the last parameter is fixed to be 7 it remains two parame-
ter a, b to be elicitated. It requires, for instance, a guess on the value of 8 and
a guess on the value of a.

When having three prior guesses including a guess on the value of § and
a guess on the confidence of the first guess, an a guess on the value of a, it
requires a conjugate prior with four parameters (a,b,7,d) that allows three
free parameters to be elicitated. That prior could be of the form

n(w, B) o a®! exp{ﬁb —-da (eﬁT - 1) /,6} )

Finally, in case we have four prior guesses on expectations and standard
deviations of both 8 and a then a candidate of the natural conjugate prior
should have the density of the form

w1, ) x a® L™ exp {ﬂb —da (eﬁT - 1)//3} .

It is a bi-variate distribution with five parameters (a,b,y,7,m) that allows
four free parameters to integrate the four prior guesses.

All of the three forms potential conjugate priors will be investigate in the
following section.

4.4.2 G-M-G distribution

We now introduce and study G-M-G distribution with five parameters. Firstly,
we give definition this bivariate distribution.

G-M-G distribution

Definition 4.4.1. — A bivariate r.v. (X,Y)€eR" xR is said to be distributed as
a G-M-G distribution with five parameter (a,b,c,d,m), where a = 2;b,c,d >
0,m e N such that c < b < c(a—1), if it has a p.d.f. of the form:

fxy(x,y) =K x* 1y exp{by —dx (e - 1)/y}.

The normalizing factor is given by

daca+m+1
" T(a)d,(ble,a)

where
o0
I'(a)= f x® e *dx,
0

o0 p
Ipla, B) = f x“_llogm(x)(w) dx.
0 x—1
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We denote: (X,Y) ~G-M-G(a,b,c,d,m).

The normalizing constant K is obtain by computing

f h f 'y exp{by—dx (e - 1)/y}dxdy.

o0
:f ymeby (f x“_lexp{—dx (e” —1)/ytdx|dy.
—0o 0

+00 [(a)
_ m _by
f‘ voe _ ldEr-DiF Y

L [ (221 g,

By changing variable as u = e®* we get

K= [T e ogtur T@n(blesa)
0

de ca+m+1

log(u)1®
u—1

It can be shown that J,,(a, ) converges when (1 < a < - 1) (see Appendix
D) and note that I(a, 8) = Jo(a, B).

dx =

daca+m+1

Marginal distributions and conditional distributions

The following theorem provides the marginal distribution of Y and the con-
ditional marginal distribution of X.

Theorem 4.4.1. Let (X,Y) ~ G-M-G(a,b,c,d,m) with a =2;b,c,d >0,m € N
and such that c<b <c(a—1). Then

(i) The marginal distribution of Y is a m-G distribution with parameters
(a,b,c,m)
at+m+1

y
m
J, (blc.a)” (ecy _1

fr(y)= )aeby, yeR.

(ii) The conditional marginal distribution of X given Y =y is a gamma
distribution with parameters (a,d (e®Y —1)/y).
Proof 10. -
Proof of (i): The marginal density of Y is obtained by integrating out x from
the joint density of (X,Y)

fY(y)_f K x“ ty™exp{by—dx(e? —1)/y}dx

+00
=K ymeby[ x" Lexp{-xd (e® —1)/y} dx
0

T'(a)

-K meby
Y ey - iyl

B ca+m+1 ym( y )aeby
JIm(ble,a) ety —1 '
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Proof of (ii): The conditional density of X given Y is

fxy(x,y)

fr(y)
[ -1y
- T(a)

fxiy=y(x)=
exp{-xd (e® —1)/y}.

Thus X | Y = y has a gamma distribution with parameters (a,d (e®” — 1)/y)).
O

Conditional expectation and conditional variance

The conditional expectation and conditional variance of X given Y = y are
easily obtained since that distribution belongs to gamma family of distribu-
tions.

a vy
EX|Y=y=2
XY =y)=—2—7
—a- 2 Yy \?
Var(XlY—y)—ﬁ(ecy_l).

Expectation, variance and covariance

The previous theorem allows us to compute the expectation and the variance
of X and Y. We have

Theorem 4.4.2. — Let (X,Y) ~G-M-G(a,b,c,d,m) with a =2;b,c,d >0,m eN
and c<b<cla—-1). Then
(i) The expectation of Y is

1Jm+1(b/c,a)

B = g blea)

(it) The standard deviation of Y is

c

1 | Ipm(ble,a)dmia(ble,a) —J2 (ble,a)
SD(Y) =~ ek mel
J(blc,a)

(iti) The expectation of X is

a J,(blc,a+1)
EX)= ——————
X) cd J,(blc,a)

(iv) The standard deviation of X is

a
SD(X) = prs

\/Jm(b/c,a)Jm(b/c,a +2)—J2(blc,a+1)
. .

J2 (b/c,a)
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(v) The covariance between X and Y is

Cov(X.Y) = LJm(b/c a)dpmi1(b/e,a+1)—Jy(ble,a+ 1)d,,1(b/c, a)
c2d J2,(blc,a)

Proof 11. -
Proof of (i) and (ii): Since Y ~ M-G(a,b,c,m) and the expectation and vari-
ances of M-G distribution are developed in the previous section, we have

1Jm+1(b/c,a)
¢ Jyblc,a)’

sp)= L \/ n(ble, g)Jm+2(b/c a)_
J5(ble,a)

EXY)=

Proof of (iii) and (iv): The expectation of X can be computed as following

+00 400
EX) = f f *fxy (@ y)dxdy

+00 400 d%c a+m+1
m by — cy
f f oo T(@)m(ble, T, Gea”®” exp{by—dx (e -1)/y}dxdy

d%c a+m+1 +00 , oo
[ — m y a _d Cy—]_ / d
T(@dpnble,a) oo ” (fo " exp{-dax (e - 1)/y} x)dy

_ d®ca+rm+1 +ooymeby I'a+1) y
L(@)Jm(ble,a) J-co [d (ecy —1)/y1%*!
a Ca+m+1 +00 m y a+1 b
e yd
d Jnble,a) ) (ecy_l) eray

a+m+1 1 1 a+l
d Jp(ble,a) cetm+2 ), u-1

_a JIm(ble,a+1)
“ed  Jp(ble,a)

The second moment of X can be obtained with the same reasoning

a? Jm(ble,a+1)
(cd)? Jpu(blc,a)

+00 400
E(X?) = f f 2 fx v, y)dxdy =
0 —00
The variance of X is then

Var(X)=EX?) - E*X)
3 a? ( JIm(ble,a)dy,(ble,a+2)— J2 (b/e, a+1)
 (cd)? J2 (blc,a)

Thus we obtain the standard deviation of X as in (iv).
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Proof of (v): The expectation of XY is
+00 +o00
EXY)= f f xyfxy(x,y)dxdy

+00 d%c a+m+1 " mil
by —dx(e® —1)/y}dxd
f f T@d,(blc.a)” ” exp{by —dx(e” —1)/y}dxdy

d%c a+m+1

+oo +00
e S m+1,by a —dx (e =1)/v}d )d
T(@dn®le,a) )0 ° ° ( fo x“exp{-dx(e” ~1)/y}dx|dy

_ daca+m+1 +ooym+1eby I'(a + 1) y
F(a)Jm(b/c,a) - [d(ecy — 1)/y]a+1
a cotmtl preo Ly ha+l

= - yd
d Jp(ble,a) )- (ecy _ 1) e-ay

a+m+1 1 oo 1 a+l
:% JC (b/c a) ca+m+3 fo ub/c—l [10g(u)]m+1( Zg(’i)) du
m ) -

_a Jdp+1(blc,a+1)
“e2d  Jp,(ble,a)

Hence the covariance between X and Y is
CovX,Y)=EXY)-EX)E(Y)

a JIpble,a)dy,1(ble,a+1)—dJp(ble,a+ 1)y 1(blc, a)
T e2d J2(blc,a)

Mode

Let’s consider the G-M-G distribution with parameter (a,b,c,d,0). If a > 1
the density has an unique mode (x,,04, Ymoq) Where

_a-1 'y
Xmod = d ev—1

and y,,04 1s the unique solution of the equation

_(a=1)e”-1
((@=1c—b)eY+b

This equation can be solved numerically by Newton-Raphson method as fol-
lowing
(@—1)e® -1)
((a—=1c—-b)e<y+b’
(a@—1)ce2
((a—1)c—-b)eY+b

f)=y-

2

=1~
The initial value for this iteration can be chosen as yg = (2/¢c)log(b/((a — 1)c — b)).

88

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 4. EXPONENTIAL-LAW PROCESS

Graphical illustration

The figure 4.2 displays 3-D plots of density functions of G-M-G distribution
with parameters. Wet set m =0 and a > 1 so the densities have unique mode.
Here we keep a,c,d being constant and vary b from c to (a — 1)c.

4.4.3 Conjugate priors

We now consider the Bayesian inference for the G-M-G with conjugate priors.
Let ¢t =(¢4,...,t,) be a realization of the ELP with intensity A(¢) = aeft a>0,
B €Rin a time window [0,C]. Denote s, = Z?zl t;. The following theorem
shows that G-M-G distribution is a natural conjugate prior for the ELP.

Theorem 4.4.3. — Let t =(t1,...,t,) be the jump dates of a ELP with intensity
aePt observed in a time window [0,C]. Denote @, B the Bayesian estimates of
a, B respectively. Corresponding to each scenario of prior information we have
associated conjugate prior as following:

(1) — With two prior guesses, the G-M-G distribution with parameters (a,b,7,1,0)

is a conjugate prior for the ELP and the posterior distribution is a G-M-
G distribution with parameters (a +n,b +s,,1,2,0).
The Bayesian estimators are:

1J1((b+s,)1,a+n)

7 I((b+sp)t,a+n)’

(a+n) (I((b+sn)/r,a+n+ 1)
I((b+sy)t,a+n)

p

T

(ii) — With three prior guesses, the G-M-G distribution with parameters (a,b,7,d,0)

is a conjugate prior for the ELP and the posterior distribution is a G-M-
G distribution with parameters (a +n,b +s,,7,d +1,0). The Bayesian
estimators are:

1J1((b+s,)T,a+n)
7 I((b+sy)T,a+n)°

a+n I(b+sy)t,a+n+1)
7(d + 1)) ( I((b+s,)t,a+n)

B:

(iit) — With four prior guesses, the G-M-G distribution with parameters (a,b,7,d,m)

is a conjugate prior for the ELP and the posterior distribution is the G-
M-@G distribution with parameters (a +n,b+s,,7,d +1,m).

The Bayesian estimators are:

1Jpn1((b+s8,)/T,0+n)

T JIp((b+sy)T,a+n)

( a+n ) (Jm((b +sp)t,a+n+1)

(d+1) Im((b+5,)T,0+n)

p
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Figure 4.2: Pd.f and contour plot of G-M-G distributions with different pa-
rameters
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Proof 12. Recall that the probability density of an observation of the ELP is

ftla,p)=a"exp {ﬁsn -« (eﬁT - 1)/ﬁ}

where s, = Z?:l t;, T =t, for event truncation and 7 = T for time truncation.
Proof of (i): Let’s take G-M-G(a, b,1,1,0) as the joint prior distribution:

n(a, B)x a® Lexp {bﬁ —a (em - 1)/,6}.
Applying the Bayes’ theorem, the posterior distribution is:
(e, Bl a® ™ Lexp {(b +5,)B-2a (eﬁT - 1) /,6} )

That is to say a G-M-G distribution with parameters (a +n,b +s,,1,2,0).
Proof of (ii): Now we take G-M-G(a,b,1,d,0) as the joint prior distribution:

m(a, f) o a® Lexp {bﬁ —da (eﬁf - 1)//3}.
Applying the Bayes’ theorem, the posterior distribution is:
n(a, f1 1) o a®*"Texp{(b +s,)B—(d+ Da(ef - 1)/p}.

That is a G-M-G distribution with parameters (a +n,b +s,,7,d + 1,0).
Proof of (iii): Finally, we take G-M-G(a, b, 7,d,m) as the joint prior distribu-
tion:

m(a, B) o a® LM exp {bﬁ ~da (eﬁT - 1)/;3} .

Applying the Bayes’ theorem, the posterior distribution is:
n(a,Blt) o a® LM exp {(b +s)B—(d+Da (eﬁT - 1)/ﬁ} .

That is a G-M-G distribution with parameters (a +n,b +s,,7,d + 1,m). As-
suming a quadratic loss, the Bayes estimators are the expectation of the pos-
terior distributions. Since the expectations of a G-M-G distribution has given
in the theorem 4.4.2, we can easily obtain the Bayesian estimates of a,f as
in (2),(i1),(ii1).

4.4.4 Prior elicitation

We suggest some strategies to elicitate the prior parameters according to pro-
vided prior guesses. Each scenario can have different prior elicitation strate-
gies. Since G-M-G distributions do not closed-form expressions for their com-
ponents, it requires trials and errors procedure to obtain values for prior pa-
rameters.
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Scenario 1

In this scenario, we are at disposal of two prior guesses. In the first case,
practitioners have a guess on the value of § and a guess on the confidence of
the first guess (strong confidence, moderate confidence or weak confidence).
In the other case, practitioners are provided a guess on the value of § and a
guess on the value of a. Let’s consider H-B(a,b,7,1,0) as conjugate prior for
the PLP. The values for a,b need to be provided.
Elicitation strategy 1:

Suppose that the practitioner has a guess gp 1 at the value of § and a
guess gpo at the standard deviation associated with gg ;. The value for a
and b are obtained by solving the system of two equations:

1J1b/,a)
Tdobit.a) 2P

1 | Jo(b/t,a)da(b/T,a) - J2(b/T,a)
Jg(b/r,a)

1,

- =8p2-

One can start a value for a at a = n for example. With the chosen value
for a, the value for b need trials and errors procedure such that:

J1(b/1,a)

Joboir,a) P

Jo(b/T,a)d2(blT,a) - J2(b/T,a)
J2(b/1,a)

=(1gp2)".

Elicitation strategy 2:

Suppose that the practitioner has a guess g4 at the value of § and a guess
&g at the value of a. The value for a,% can be obtained by solving the system
of two equations:

1d1b/r,a)
T dobit.a) 2P
al(b/t,a+1)

-, < —8a-

T I(b/t,a)

One can start a value for a at a = n for example. With the chosen value for a,
the value for b need trials and errors procedure such that:

Jy(b/T,a)
Jobir.a) V8P
Ibra+l)
1br.a) 89
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Scenario 2

In this scenario, we are at disposal of three prior guesses: a guess gg,1 at the
value of §, a guess ggo at the standard deviation associated with g4 1, and a
guess g, at the value of a. We now employ G-M-G(a,b,7,d,0) as conjugate
prior for the ELP.

The values for a,b are obtained as in scenario 1, strategy 1. Since the
prior expectation of « is

a Ib/t,a+1)

E"(a) =
A (L

The value for d is then obtained easily as

_a I(/r,a+1)
" 1gq I(b/T,a)

Scenario 3

When we have four prior guesses, we need four free prior parameters to be
elicitated. Suppose that we have two guesses gp,1,84,1 at the values of §,a,
two guesses gp2,8q,2 at the standard deviation associated with gg 1,841
A conjugate prior of G-M-G distribution with five parameters (a,b,7,d,m)
would be suitable for the ELP. Four prior parameters satisfy the following
system of equations:

1Jm+1(b/r,a) 3
T J.blna) P

1 | Im(b/1,@)pms2(blT,0) - J2 (b/T,a)
T J2(b/T,a)

a JIp(b/t,a+1)

td dnbit,a) SOV

a |Jnb/t,a)dn(b/T,a+2)—-J2 (/1,0 +1)
ﬁ\/ J2,(b/t,a)

. =8B2;

=8a2-

Those equations can not be solved explicitly but require trials and errors.
One can start at m = 0,a = n then vary b to fulfill the first two equations.
Finally, the value for d is obtained from the third equation.

Scenario 4

In this scenario, we are at disposal of two prior guesses: a guess gz at the
value of 8 and a guess g, at the value of @. We want to employ a prior G-M-G
distribution with parameters (a, b,7,d,0) as conjugate prior for the ELP. The
parameter c is already fixed equaling to 7, that is ¢, or C corresponding to
event truncation or time truncation scheme of the observation. We suggest a
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elicitation strategy integrating prior guesses to elicitate three hyperparame-
ters a,b,d.
Recall that

A

np
eﬁ—l

The conditional expectation of a given = is

Q=

T _"_g ﬁA _i
Ealp=P= 51 an

A

One can interpret a/(dn) is a correction factor between maximum likelihood
estimate of a and its prior conditional expectation. By setting a/(dn) =1 we
obtain d = a/n. Now, taking the guesses of @ and § to the following equations:

nIl/r,a+1)

T Ibma 8@
1Jy(b/r,a)
T 10 2P

The values of a,b can be deduced from those above equations by numeri-
cal approximation. Start from a¢ = n then varies b and calculate integrals
I(b/T,a+1), and I(b/t,a) such that I(b/t,a+1)/I(b/t,a) = Tg,/n then calculate
J1(b/t,a) and check if J1(b/T,a)/I(b/T,a) =T1gp.

4.4.5 Application
Simulated data

A simulation study is conducted to compare Bayesian estimation with G-M-G
prior and maximum likelihood estimation. The ELP(a, ) with input values
(1.0, 0.01) is simulated in three scenarios of sample size: small sample size
(n = 50), medium sample size (n = 100), and big sample size (n = 1000). Three
scenarios of prior guesses for  are considered: 1. under-guess gg 1 = 0.005,
2. precise-guess gp,1 = 0.009; and 3. over-guess gg,1 = 0.015. For each given
prior guess gp 1, computations are carried out using three incertitude values
of variability g2 according to the scheme: gg2 = pgp,1, where p=0.3,0.6,0.9
are the coefficient of variation.

The mean Bayesian estimates and maximum likelihood estimates are
shown in table 4.1. We use the elicitation strategy 1 of scenario 4 for choos-
ing the hyper-parameters of the conjugate prior. It requires trials and errors
method to obtain parameters of G-M-G distribution. With large sample size,
the Bayesian estimates with conjugate prior G-M-G distribution (BaE) are
very similar to the maximum likelihood estimates (MLE). Both of the BaEs
and the MLEs are close to the input values of the two parameters whatever
the prior guess for 8. With medium sample size, the BaEs are more accurate
than the MLEs in most of the case. For instance, a under-guess associated
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Table 4.1: Mean of the Bayesian estimates with strategy 1 for simulated data

from ELP(a, B) with input values (1.0, 0.01)

Sample-size Prior guess

Bayes estimates

n gp1  8p2 P a@
50 0.005 0.0015 0.0253 (0.006607)  0.5210 (0.057246)
0.0030  0.0753 (0.043955)  0.8134 (0.037773)
0.0045 0.0748 (0.092842)  0.8327 (0.032956)
0.009 0.0027 0.0141(0.001514)  0.4351 (0.074324)
0.0054 0.0553 (0.034864)  0.7252 (0.022375)
0.0081  0.0475 (0.032764)  0.9226 (0.032945)
0.015 0.0045 0.0426 (0.014202)  0.3521 (0.045248)
0.0090  0.0332 (0.042648)  0.87523 (0.052759)
0.0135 0.0573 (0.028964)  0.63572 (0.025943)
MLE 0.0269 (0.002689)  0.8177 (0.053247)
100 0.005 0.0015 0.0125(0.002676)  0.8122 (0.027245)
0.0030  0.0235 (0.004394)  0.7651 (0.033736)
0.0045 0.0785(0.092884)  0.8327 (0.029567)
0.009 0.0027 0.0412 (0.015142)  0.6355 (0.074732)
0.0054  0.0535 (0.034856)  0.7265 (0.025237)
0.0081 0.0752 (0.032786)  0.9252 (0.032894)
0.015 0.0045 0.0402 (0.004203)  0.5213 (0.045824)
0.0090  0.0302 (0.004264)  0.8527 (0.052752)
0.0135 0.0536 (0.002896)  0.8325 (0.059482)
MLE 0.0119 (0.000415)  0.8164 (0.033695)
1000 0.005 0.0015 0.0102(0.006603)  0.9205 (0.005724)
0.0030  0.0107 (0.004395)  0.9136 (0.003777)
0.0045  0.0108 (0.002845)  0.9373 (0.003295)
0.009 0.0027 0.0104 (0.001515)  0.9325 (0.000743)
0.0054 0.0103 (0.003486)  0.9825 (0.000223)
0.0081  0.0107 (0.003276)  0.9226 (0.000329)
0.015 0.0045 0.0106(0.001204)  0.9518 (0.0004524)
0.0090  0.0132(0.002683)  0.9752 (0.0005275)
0.0135  0.0107 (0.000896)  0.9857 (0.000295)
MLE 0.01009 (0.000635)  0.9995 (0.000005)
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Table 4.2: Test-fix-test for failure times of a repairable system within C = 400
hours

0.7 3.7 13.2 15 17.6 25.3 475 54 54.5 56.4
63.6 72.2 99.2 99.6 100.3 | 102.5 112 112.2 | 120.9 | 121.9
125.5 | 1334 151 163 164.7 | 1745 | 177.4 | 191.6 | 192.7 213
244.8 249 250.8 | 260.1 | 263.5 | 273.1 | 274.7 | 282.8 285 304
315.4 | 317.1 | 320.6 | 324.5 | 324.9 342 350.2 | 355.2 | 364.6 | 364.9
366.3 373 379.4 389 394.9 | 395.2

with moderate confidence or weak confidence on the value of § give the BaEs
better than the MLEs. With small sample size, the BaEs outperform the
MLEs in some cases. With a precise-guess for 8, the BaEs are always more
accurate than the MLEs.

Real data

We use the data that are introduced by Crow ([15]). The system is tested
in a fix time-window C = 400 hours with the 56 failure times given in the
table 4.2. The first failure was recorded at 0.7 hours into the test and the
last failure occurred at 395.2 hours into the test. If we fit the data with the
exponential-law process, the MLE for « is & = 0.1347 and the MLE for § is
,3 =0.0002. If we fit the data with the power-law process, the MLE for u is
fi = 0.2397 and the MLE for § is f = 0.9103. The AIC score of the ELP is
169.9364 and the AIC score of the PLP is 169.373 so both models fit well with
the data. The figure 4.3 illustrates the residual test of the two models.

Figure 4.3: Residual test for the PLP and the ELP with data in the table 4.2
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4.5 Concluding Remarks

In this chapter, we have studied the exponential-law process (ELP) which
can be considered as an alternative to the power-law process (PLP). How-
ever, beside the tractable likelihood, this model has no convenient graphical
test and no closed forms for the maximum likelihood estimators (MLE). The
maximum likelihood estimation procedure requires numerical approximation
and we have employed a Newton-Raphson method. As for the PLP, we have
constructed a natural conjugate prior that we have called the G-m-G distri-
bution. This bivariate distribution has similar shape as the H-B distribution
but there is no closed forms for its marginal distribution. Therefore, Bayesian
analysis for the ELP requires trial and error procedure for prior elicitation
and numerical integration for posterior inference. A simulation study has
been deducted to compare maximum likelihood estimates and Bayesian esti-
mates.

Despite the fact that we still need some numerical integrals and some
trials and errors procedures, the G-m-G distribution as conjugate prior for
the ELP lessens the calculation of Bayesian estimates. Simulation studies
support the well-known result that Bayesian estimates are better than maxi-
mum likelihood estimates when the sample size is small. More investigations
concerning the properties of this distribution need to be carried out. In par-
ticular a better understanding of its properties will be helpful to elicit prior
parameters.
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Chapter 5

Self-Exciting Point Processes

In this chapter we study self-exciting point process and we in-
troduce the power-law covariate self-exciting point process. Infer-
ence for this latter is driven and we compare maximum likelihood
and Bayes approaches.

5.1 Introduction

In the previous chapter, we deal with point processes where the intensity was
only depending on time and has a rather simple and flexible expression. We
are now going to consider the case where the intensity is not only a function
of time but also the point process itself. A process with such intensity is called
a self-exciting point process (SEPP).

We will use the notation suggested by Snyder and Miller [56],

A* (@) = Mt,N(@®);w )

for the intensity where w N 18 the set of occurrences times wj <--- <wp) in
the time window [0,C].

A basic example of such intensity is studied by Mino [39] who considers
the following intensity expression:

A ()= M(l + ae‘ﬁ(t‘wNu))),

where u>0,a>—-1and >0.

When a =0, A*(¢) = u, the process is a homogeneous Poisson process.

When a > 0, 1*(¢) decreases after a jump until the next jump where it
returns to the value u(1+ a); the process is said to be excited.

When —1 < a <0, A*(¢) increases just after a jump to raise a value less
than u before returning to the value u(1 + a); the process is said to be inhib-
ited.

Excitation or inhibition can be viewed as events trigger by the occurrence
of jump.
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The figures 5.1 and 5.2 displayed a representation of the intensity in the
cases of excited process and inhibited process.

Figure 5.1: Intensity of a Mino process (excited): u =200, a = 0.5, § =250 et
T=0.1ms

Intensity
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Figure 5.2: Intensity of a Mino process (inhibited) : p =100, a = -0.5, =250
et T=0.1ms

90 100

Intensity
80

70

60

50

0.00 0.02 0.04 0.06 0.08 0.10

times

Gouno and Rabih (2015) [22] investigate the Mino process in more details
and shows that it can be interpreted as a renewal process.

A very classical and well-known example of SEPP is the Hawkes process
introduce by Hawkes in 1971. Hawkes [24] considers a process with intensity:

t

AW =p+ f g(t— )dN(s),
0

where ¢y, =(¢1,...,tN() and g is a positive function such that
+00
m :f gw)du < +oo.
0
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From this expression, on can see that a SEPP has a HPP component with
intensity p that generate main jumps also called background events and an-
other component depending on the function g which is called the response
function. This last component corresponds to triggered events.

Hawkes and Oakes (1974) shows that all stationary self-exciting point
processes can be represented as a Poisson cluster process which is an age-
dependent immigration-birth process. If m < 1, the mean cluster size is ¢ =
1/(1 — m) and the rate of the process is u/(1—m).

The behaviour of the SEPP will strongly depend on the nature of g.

Many models for g can be found in the literature.

Hawkes suggests the case of exponential decay:

k k
gt)=) aje_ﬁft, teR" avec Y aj/f;<1.
=1 i1

The case £ =1 leads to the formula g(¢) = ae P with a < B which is often used
in sismology and named Lomnitz formula. In this case, m = a/f and is called
the branching ratio.

In this case, the expression of the intensity is:
t

A =p+ 06[ e PN =p+a )y e P,

00 ti<t

The figures 5.1 and 5.1 represent Hawkes process with exponential decay
for different parameters values. For the first representation the size of the
cluster is 5 and it is 2 for the second representation.

Figure 5.3: Representation of the intensity for ©=0.5, a =4 and f=5.
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Figure 5.4: Representation of the intensity for u=0.8, a=0.5 and =1
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Hawkes & Oakes [25] prove the asymptotic normality of the counting pro-
cess under certain conditions:

+o0o
Theorem 5.1.1. Iff ug(u)du < oo, then
0

NI0,t)— ut/(1—m)
ut/(1—m)3

~A4(0,1) as t — oo.

Hawkes models are commonly used in seismology, where they are some-
times called epidemic-type aftershock sequence (ETAS) models. An earth-
quake is described by main shocks which are follow by smaller earthquakes
named aftershocks. Those aftershocks can be considered as response to main
shocks.

Another form of function g that is used in modeling earthquake after-
shocks relies the Omori’s law introduced by Utsu [60].

g) = GCrop’
where the parameter K depends on the lower bound of the magnitude of af-
tershocks, the parameter c is in days and the paramter p has no dimension.
This model corresponds to a power-law decay in the clustering behavior over
time.

Ogata and Akaike [44] suggest the Laguerre type polynomial response
function:

m
g(t)= Z aktke_bt.
k=0

In finance, Lorenzen [35] considers the expression of a Weibull p.d.f. as a
response function.
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In many situations, it can be interesting to consider that the evolution of
the process depends on some covariates. For example, the occurrence of af-
tershocks may depend of the magnitude of the main shock and magnitude of
the successive aftershocks can have an influence on each other. For thunder-
storm, we adopt this kind of reasoning supposing that the charge associated
to a thunderstorm impact will have an effect on the occurrence time (and
charge) of the next one.

Covariate intensity models are devoted to reflect this phenomena. The
idea is to consider response functions which depend on covariates. In the
sequel a self-exciting point process with an intensity depending on covariates
will be called a covariate self-exciting point process (C-SEPP).

In the field of sismology, Ogata [43] propose a model with five parameters
(u, a, B, c, p) for modeling earthquakes data:

a
M@ =p+ Yy e Pm_ —
K t;t (t—t;+c)P

where m; denotes the magnitude associated to the i*” event and M denotes
the minimum magnitude.

Peruggia and Santner [48] propose a model with four parameters (y, a, §,K)

A =p+ ). e Pmi-M) g p=alt=ti),
fi<t
One can suggest the following general definition for a covariate self-exciting
point process:
A @) =p+ Z w(z;) g(t—t;).
ti<t
where v is called the covariate function.

This covariate function is a function that describes the effect of a jump on
the environment; the environment being characterized by a random variable
z.

For models (5.1) and (5.1), z is m, the magnitude of the earthquake and
the covariate function is of the form: y(z) = e Blz—M),

Our suggestion for thunderstorms is to consider the form of a power-law
model for the covariate function defined as:

(i)n if z; > 29,
20

w(zi) =
1 if z; < zp.

where z; denote the amplitude in volt of the lightning strike occurring at
time #; and z¢ is a fixed threshold. All lightning strike that has an amplitude
charge lower than the fixed constant zg, will have no effect on the intensity.
The full expression of the intensity is then:

AN
AVt)=p+a Z (i) e Pl=t)
ti<t \20
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where the response function has an exponential-law form.

A SEPP with such intensity will be called a power-law covariate self-
exciting point process PLC-SEPP.

The idea behind using this model is that lightning strikes of a thunder-
storm trigger the atmosphere to conditions for more impacts nearby in time
and space. If z; is greater than z(, the impact excites the process. The bigger
the amplitude is, the greater influence it makes to the atmosphere. If z; is
smaller than z(¢ then the impact has no effect on the process.

5.2 Maximum Likelihood

The general expression of log-likelihood for a stochastic process observed in a
time window [0, C] (see [16], p. 23) is given by:

C C
logL() = flog/l*(t;e)dt—f logA*(¢,0)dN(t) (5.1)
0 0

We suggest in appendix E a scheme of construction.
Applying (5.1), the log-likelihood function considering an ordered sequence

of dates of jumps ¢1,%9,...t, from a Hawkes process with an intensity defined
¢

as A*(¢) = ,u+f g(t—s)dN(s) is given by
0

-AC)+ Z 10g(/.t+ Z g(t; - tj)),
t;<C tj<t;
When the response function is g(¢) = ae#* (exponential decay), we obtain the
following expression for the log-likelihood function:

an=l n i-1
logL(p,a,) = —uC - 5 ) [e‘ﬁ(c—tj)_ 1] n Zl‘)g(ﬂ"' y ae‘ﬁ(ti‘tf))
Jj=1 i=1 j=1

n
+ log (u+ Z ae_ﬁ(c_tf))
j=1
Details of the computation are displayed in appendix F.
When the time window of the observation is undefined, we set C = ¢,,, and
the log-likelihood is:

an—l ¢ -t n i it )
log L(p, @, B) = —ptn — B Y [67[3 no = 1] + Zlog(,u+ > ae Pt )
J=1 i=1 j=1

This last result is given by Ozaki [46] who obtains maximum likelihood
estimates for ¢, @ and B using a Newton-Raphson method.

In the following two sections, we consider parameters estimation issues
for the classical Hawkes process and for the power-law covariate self-exciting
point process. We introduce what we called a reduced maximum likelihood
procedure (RMLE).

104

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 5. SELF-EXCITING POINT PROCESSES

5.2.1 Reduced maximum likelihood procedure for the Hawkes
process

Let us denote:

Sulp) =5 Y. [1-ePer=t
:B i=1

and -
AP =Y e P fork > 1, Ay =0.
i=1
The expression of the log-likelihood is then:

n
logL(u,a, f) = —ut — aSp(B) + ) log(u+ adi(p)).
i=1
Let us recall the expression of the compensator of the Hawkes process, we
have:

tn
AN (1) :f A (w)du = ut + aS,(B).
0

This quantity is the expected number of events in the interval [0, 7]; it can be
approximated by n. Therefore we can consider the problem: maximizing the
likelihood (5.2.1) subject to the constraint : u7r + aS,(8) = n and maximizing
(5.2.1) becomes equivalent to maximizing

—n+ Y. log(H[n-as,(p] + ai(p).
i=1

Let us denote u = n/t and §n =S,(P)r.
The log-likelihood is now:

n
L*a,p)=-n+) log [ﬁ+ a(A; -5,

i=1
The maximization of the log-likelihood of the HaP has been reduced by one
dimension; it does not depend on u. We have now a bivariate function that can
be investigated graphically through its 3-dimension surface and its contour
representation. Then the existence and unicity of a unique maximum can be
easily checked and we can pick starting points up for the Newton -Raphson
algorithm. The Newton algorithm is described in appendix H.

Numerical results

We test our reduced maximum likelihood procedure with simulated data. We
generated 500 jumps of a Hawkes process with two sets of input parameters
values. The first one is £ =0.5, a =4 and  =5. The second one is u=0.5, @ =
0.8 and = 1. They have the same baseline intensity and the same branching
ratio (a/f = 0.8) but a different decay rate.
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The figures (5.5) and (5.6) display a representation of the cumulative in-
tensity (empirical compensator) with the two sets of parameters above.

One can see that in our examples, each objective function has only one
maximum. The maximum likelihood estimates are shown in table 5.1. The
objective functions for the RMLE procedure are shown in figure (5.7).

We consider now the problem of estimating the parameters of a PLC-
SEPP with the ML procedure.

Figure 5.5: Empirical compensator for the Hawkes process with parameters y1=0.5, a =4,
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Figure 5.6: Empirical compensator for the Hawkes process with parameters u=0.5, a = 0.8,
p=1
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Figure 5.7: Objective functions for the RMLE procedure
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Table 5.1: Mean of maximum likelihood estimates for the parameters of the
HaP

Parameter u a B
Input 0.5 4.0 5.0
MLE 0.657 4.216 5.147

mse 0.0953 | 0.2357 | 0.1542
Input 0.5 0.8 1.0
MLE 0.498 0.793 0.963

mse 0.0854 | 0.3526 | 0.2154

5.2.2 Inference for the PLC-SEPP

Let us now consider an intensity of the form (5.1). Assume that z is a r.v.
following a distribution f,. z and the date of jump are independent r.v.s.
Since z and the dates are independent r.v’s, the likelihood is the following
product ([48]):

[1 £2(zi) x exp{-A* ()} []A*(t:)

i=1 i=1
where .
A*(T) = MT + Z w(zl) [1 — e_,B(T—ti)] X
=1

Remark that the last term of the product can be expressed as:

exp

S NGEDY log(u+ > w(zi)g(t—ti))).

ti<t ti<t

Let us consider an example. Let {(¢1,21),...,(f5,2,)} be a sample of obser-
vations where (¢;,z;) are respectively the date and the value of the covariate
associated with the i*" jump of a covariate self-exciting point process with
intensity:

\7
AN =p+ ) (z—) aePUt),
0

ti<t \ 2

The compensator is:

A(1)= ,LLT+CZZ( )ﬁ[l _ﬁ(T”]

Let us assume that z follows a log-normal distribution with parameters (w, 02).
Therefore u,a, ﬁ,n,w,02 are six parameters to be estimated.
The likelihood is split in two parts

L(u,a,B,n,0,0)=Li(u,a, B,n) x La(w,0)
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where

n n -1 n
Lo(w,0) =[] fo(z:) = 2m)™? (]_[ Zi) o "exp { —% > (i —w)2}
i=1 i=1

i=1 i=

and

Ll(#,a,ﬁ,fl)z{ﬁ[u+aA(i)]}exp{—pr—%i( ) [1 o Bl- t)]}

i=1 i=1

where A(1) =0 and for 2 > 2
U (=) o~ Blti—ti).
A(k) = Z

The maximum likelihood estimators for parameters w,o of the log-normal
distribution can be easily obtained:

1 n
&= iy Y log(z)), (5.2)

1
- % Z [og(z;)— @12. (5.3)

Therefore the main issue of maximizing the likelihood of the covariate SEPP,
is to maximize the first part Li(y,a,B,n7). Detailed computations are given
in appendix G. The optimization problem requires numerical methods since
there are no closed-forms estimators.

Numerical results

We present an example of application of the PLC-SEPP with simulated data.
We generate four simulated datasets of PLC-SEPP with different input val-
ues to verify the maximum likelihood procedure, with the same sample size
n =5000 (event truncation scheme).

The four sets A, B, C and D of parameters input values are presented
in table 5.2. All datasets have the same baseline intensity (¢ = 0.5), same
branching ratio (a/f = 0.8) but a different decay rate. The covariate-threshold
is set to be zop = 1/10%. The marks z follows log-normal distribution with
parameters (2.5,0.4).

The empirical compensators are shown in the figure 5.8. The maximum
likelihood estimates are shown in the table 5.3.
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Table 5.2: Parameters input values for simulation of the PLC-SEPP

Set | Parameter | p a B n I
A 0.5 40| 50| 001 |25 | 04
B 0.5 08| 10| 0.01 |25 | 04
C 0.5 4.0 | 5.0 | 0.001 | 25 | 0.4
D 0.5 0.8 | 1.0 | 0.001 | 25 | 0.4

Figure 5.8: Empirical compensators of the PLC-SEPP for the different set of
parameters values from table 5.2
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5.3 Bayesian approach
To our knowledge no Bayesian strategies have been developed for the classi-

cal Hawkes process with exponential decay response function. However for
covariate models, some papers can found in the literature.
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Table 5.3: Mean of MLE of the four sets A, B, C, D

Parameter u a B n ) o
Set A 0.5 4.0 5.0 0.001 2.5 04
MLE 0.5142 3.5032 4.9810 0.0086 2.5016 0.3996
MSE (0.0003) | (0.2467) | (0.0001) | (0.000006) | (0.000002) | (0.000001)
Set B 0.5 0.8 1.0 0.001 2.5 04
MLE 0.5717 0.8244 1.0587 0.000953 2.4934 0.3953
MSE (0.0051) | (0.0006) | (0.0034) | (0.00002) (0.00004) (0.00002)
Set C 0.5 4.0 5.0 0.01 2.5 04
MLE 0.5036 3.5000 4.4999 0.0121 2.4962 0.3960
MSE (0.0004) | (0.2504) | (0.0053) (0.0001) (0.00006) | (0.0000001)
Set D 0.5 0.8 1.0 0.01 2.5 04
MLE 0.4251 0.8613 1.0523 0.0116 2.5005 0.4129
MSE (0.0085) | (0.0063) | (0.0075) (0.0002) (0.00001) (0.0001)

Peruggia & Santner [48] suggest a bayesian methodology to analyze the
time evolution of earthquake activity. They consider the epidemic model [43]

A (@) = p+ Z ew(ml'—Mr)‘Be—a(t—ti),

ti<t

where ¢;, i = 1,...,n are the occurrence times, m;, i =1,...,n are the magni-
tude of events, and M, is a structural parameter given by experts, a threshold
(prespecified).

The parameters (w, @, B) characterize the aftershock and are the parame-
ter to be estimated with y which characterizes the main shock.

The authors choose gamma distributions for prior on the parameters as-
suming independence except for w for which they consider a gamma distribu-
tion given a, f. To compute the posterior distributions, they develop Markov
Chain Monte Carlo (MCMC) algorithms to obtain the posterior.

Another example of Bayesian strategy for SEPP is presented by Ruggeri
& Soyer [52] in the context of software reliability.

They introduce a SEPP model where the intensity increase each time a
bug is attempted to be fixed. The maintenance introduces new bugs and so
on. The repair is imperfect. They suggest the following expression for the
intensity:

N@)
A*(t) = /.t(t)+ Z Zj gj(t— tj),
j=1
Occurrences of bugs are basically described as a power-law process process
with intensity u(¢) = MBtP~1. Z ; is a Bernoulli r.v. with parameter p;. Z;=1
if the repair of the the j** failure (bug) introduced a new bug and 0 otherwise.
The response function g ;(¢) is supposed to be positive.
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Suppose we observe a sequence of jumps ¢1,...,¢, in a time window [0,C]
and Z1,...,Z,. The distribution of the observation is:

-1

I |t + Y. Zjg(ti—t))|
i=1 j

f@lZ;M,a,p)
Jj=1

X

C N@) C—tj
exp{—fo u(t)dt—j:ZlefO g0t}

n
M"B" [] Ai(B,Z;_y) exp{-M B(B,Z,)},
i=1
1 i-1
where Z, =(Z1,...,Z;),A{(B,Z,_) = L, o+ Z Zj(t;—t;)
j=1
N(C™)
and B(B,Z,)=CP+ Y ZjC-t)P.
j=1
Ruggeri & Soyer [52] propose the following choices for the prior distribu-
tions: M ~¥(a,6), B ~9(p,N), and p; ~ Beta(u;,0;), j=1,...,n.
And the following conditional posteriors distributions are obtained:

* M|B,Z,p)~%Y(a+n,6+B(p,Z),
n
* BIM,Z,p)x B [[AiB,Z,_)) e MBPD-AP
- i=1
* pj |M,,B,Z,p_j)~%eta(uj+Zj,aj+(1—Zj)),Vj,

MCMC methods are used to make inference on the parameters.

Bayesian inference for the PLC-SEPP

To develop techniques for a Bayesian approach of inference on covariate SEPP,
we need to specify the functional form of the prior distribution and propose a
strategy to elicit values for the hyperparameters.

The full expression of the distribution of the observation is:

f {1+ 5 (' w00

tj<ti 20

exof -8 (2] 1]

A prior distribution for 6 = (u,n,a, f) needs to be proposed. Supposing that
the parameters are independent, a product of gamma distributions can be
considered. Simulations of marginal posterior distributions can then be ob-
tained using a MCMC techniques.
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Chapter 6

Application: Thunderstorms

In this chapter we will study thunderstorm data. Our purpose is
to model thunderstorm with SEPP. Jumps are impacts. Firstly
we describe the available information, then we consider applying
the methods described in the previous chapter.

6.1 The Dataset

The data set covers information on thunder lightning impacts in Ardéche and
Drome (France) from 1990 to 2010. Date, time, location, electrical charge and
some other attributes are recorded for each impact.

The table 6.1 is an extraction of the available database. A total of 676

Table 6.1: Extraction from the thunderstorm data

Date time latitude longitude amplitude 1/2 major 1/2 minor angle nb of arcs n®
inm inm in kA axis in km axis in km associed

09/12/2000 01:06:16 2031878 803282 -10.9 3.0 0.4 126.7 1 1
09/12/2000 01:07:10 2030986 805221 -17.6 0.4 0.2 111.7 2 1
09/12/2000 01:07:10 2033606 804073 -14.7 0.3 0.3 93.2 2 2
09/12/2000 01:07:42 2034443 804815 -24.2 0.3 0.2 114.0 6 1
09/12/2000 01:07:42 2034240 804398 -13.3 0.5 0.3 114.0 6 2
09/12/2000 01:07:42 2034602 804920 -31.1 0.2 0.2 105.6 6 3
09/12/2000 01:07:42 2034435 804902 -36.9 0.2 0.2 111.7 6 4
09/12/2000 01:07:42 2035994 802605 -12.3 3.0 0.4 126.3 6 5
09/12/2000 01:07:43 2034298 804467 -15.2 0.4 0.3 111.9 6 6
09/12/2000 01:08:46 2025072 798175 -17.2 0.5 0.3 112.3 2 1
09/12/2000 01:08:46 2025027 795353 -12.9 0.5 0.4 56.2 2 2
09/12/2000 01:08:47 2025007 795063 -16.0 3.2 0.4 80.2 1 1
09/12/2000 01:09:15 2030484 805842 -17.6 0.4 0.2 111.9 2 1
09/12/2000 01:09:15 2030765 806603 -16.2 0.3 0.2 107.2 2 2
09/12/2000 01:09:29 2031399 805262 -19.8 0.5 0.4 118.5 2 1
09/12/2000 01:09:29 2031192 804381 -15.0 1.5 0.5 78.3 2 2

097 dates of impacts are available. Remark that more than one impact can
occur at the same time but in different locations. This is the multiplicity of
impacts.

Considering sequences of impacts, two objects can be defined: the process
of impacts associated with a given thunderstorm and the global process of
thunderstorms (number of thunderstorm in a given year). We define a thun-
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Table 6.2: Numbers of impacts in Ardéche and Dréme for differents periods

Area Beginning end Impact
Ardeche 1990 — 2001 | 29/01/1990 | 11/11/2001 | 129 852
Ardeche 2002 — 2010 | 15/03/2002 | 23/11/2010 | 190 711
Dréme 1990 — 2001 28/01/1990 | 18/11/2001 | 143 875
Droéme 2002 — 2010 24/01/2002 | 02/12/2010 | 211 659

Total 676 097

derstorm as a group of lightning impacts that occurs within a period of time
in a given area. Therefore to define a thunderstorm we need to consider a
time threshold. In a given area (to be defined) when the distance in time be-
tween two impacts is less than this threshold, we are going to consider that
they belong to the same thunderstorm.

The table 6.3 displays numbers of thunderstorms, their mean duration
and mean number of impacts for 2008 in Drome with respect to different
values of the threshold. The table 6.5 presents the number of thunderstorm

Table 6.3: Some thunderstorms characteristics for the Drome district in 2008

(only thunderstorms with at least five impacts are retained)

Number Mean number of impacts
Threshold Mean duration (sd)
of thunderstorms per thunderstorm
5h 55 6.4887 (5.1151) 497 (1379)
2h 30’ 64 4.5604 (3.7368) 513 (1293)
1h 77 3.1392 (3.3232) 426 (1188)
30 98 2.1132 (2.4990) 334 (947)
10’ 154 1.0049 (1.5180) 211 (732)

per year for a five hours threshold in each French department. The figure 6.1

Table 6.4: Impact multiplicity for thunderstorm on 31 May 2001
Order 1 2 3 4 5 6 7 13 | Total impacts
325 99 40 20 7 9 3 1 504

Number

displays the cumulative intensity (empirical compensator) for thunderstorms
process in Drome from 2002 to 2009. Here the thunderstorms are defined
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Table 6.5: Number of thunderstorms (Threshold: five hours) per year in each de-
partment

1990 1991 1992 1993 1994 1995 1996

Ardéche 87 62 72 83 70 70 65

Dréme 99 68 90 88 72 85 86

1997 1998 1999 2000 2001 2002 2003

Ardeche 72 60 83 74 64 77 76

Drome 73 76 77 75 74 87 86

2004 2005 2006 2007 2008 2009 2010

Ardeche 73 53 88 68 75 85 67

Droéme 78 67 88 71 76 94 74

with a threshold of 5 hours and characterized by their first jump.

We can consider the thunderstorm that occurs in Drome on 31 may 2001.
This thunderstorm begins at 12:56:17 and end at 17:12:46. It has a total
duration of 4 hrs 16 min. 26 sec. and a total number of impacts equals to 846.
The multiplicity orders of the impacts are given in table 6.4. With a thresold
of 30’, we define 98 thunderstorms occurring in Drome department during
the year 2008.

The table 6.6 displays 6 examples among these thunderstorms and the
figure 6.2 displays the thunderstorm localisation of table 6.6.

6.2 Inference on Some Specific Thunderstorms
In this section, we select some specific thunderstorms to employ the PLC-
SEPP model. The data set includes jumps and their associated amplitude of

charges. The associated amplitudes are independent to the jumps and follow
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Figure 6.1: Cumulative number of thunderstorms in Dréme per year from
2002 to 2009

80

Cumulative numbers of thunderstorms
40

20

Dates of first impact(sec.)

Table 6.6: Some selected thunderstorms (threshold 30') in the Drome depart-
ment during the year 2008

First impact Last impact Number Duration
Date time Date time of impacts | of the thunderstorm
4 | 10/04/2008 | 20:50:39 | 10/04/2008 | 22:27:29 430 01h36'51"
23 | 28/05/2008 | 21:00:50 | 28/05/2008 | 23:32:04 75 02h31'15"
27 | 02/06/2008 | 12:52:28 | 02/06/2008 | 18:08:12 755 05h15'45"
42 | 03/07/2008 | 05:24:28 | 03/07/2008 | 16:10:17 3657 10h45'49"
66 | 12/08/2008 | 14:59:57 | 12/08/2008 | 20:50:35 2557 05h50’38"
89 | 03/10/2008 | 19:40:04 | 03/10/2008 | 20:11:41 19 00h31'38"
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the log-normal distribution.

6.2.1 How to define a thunderstorm?

There are different ways defining a thunderstorm. It is reasonable to con-
sider that a thunderstorm should be a group of impacts that occur in a short
period of time around a place. Related to temporal factor, it requires a time-
threshold. That is a maximum time-distance of two consecutive impacts to
be in the same group. For spatial factor, we localize each grouped impacts
on the map to see how they are clustered. One can also take into account the
amplitudes of the impacts to discover some pattern in order to group impacts.

At this step, we try our way of defining thunderstorms then fitting them
with our PLC-SEPP model described in the previous chapter.

We define a thunderstorm as a group of lightning impacts that occur
within a period of time in a given area. We propose a three-step procedure to
group impacts into different thunderstorms:

(1) Grouping step.

At the first step, we classify impacts into groups by consider the date of
jumps. With a given time-threshold, if two consecutive impacts occur
in a period less than this time-threshold then we put them in the same
group.

Time-thresholds are varied to see how the recorded impacts spread out
in the time-line from 1990 to 2010. The larger time-threshold might
give bigger groups with less impacts. We specify a time-threshold of
thirty minutes and another time-threshold of five hours.

(2) Clustering step.
At the second step, for each grouped impacts, we localize them on the
map taking into account their latitudes and longitudes to see how they
cluster in space.

This step gives us different clusters. They might be spread out on the
map or might be concentrate at some point.

One can also conduct a clustering analysis to decide the number clus-
ters and then find the center point for each cluster.

(3) Thinning step.
At the last step, we choose some specific center point and consider
points nearby within a specific radius. We will consider a cluster with
center point as a thunderstorm.
6.2.2 Grouping step: groups of impacts
At the first step, the time-threshold T is varied every thirty minutes from 0

hour to 24 hours to see how the many groups detected with respect to time-

117

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



CHAPTER 6. APPLICATION: THUNDERSTORMS

threshold (in hour). The table 6.7 shows number of groups in each depart-
ment. Note that when T = 0 the total number of 320,563 impacts in Ardeche

Table 6.7: Number of groups in Ardeche and Drome by time-thresholds

T Ardeche | Drome T Ardeche | Drome
0.0 193574 | 215539 || 12.0 1220 1395
0.5 3576 3927 12.5 1206 1373
1.0 2544 2763 13.0 1190 1354
1.5 2122 2340 13.5 1170 1340
2.0 1943 2125 14.0 1159 1324
2.5 1804 1982 14.5 1148 1308

3.0 1713 1899 15.0 1137 1291
3.5 1648 1827 15.5 1118 1275
4.0 1593 1765 16.0 1097 1252

4.5 1558 1729 16.5 1085 1233
5.0 1523 1681 17.0 1064 1216

5.5 1487 1643 17.5 1045 1193
6.0 1455 1620 18.0 1025 1164
6.5 1429 1585 18.5 1008 1135
7.0 1404 1567 19.0 990 1112
7.5 1388 1548 19.5 977 1088
8.0 1364 1529 20.0 964 1059
8.5 1349 1514 20.5 947 1047
9.0 1335 1492 21.0 924 1016
9.5 1316 1470 21.5 908 994
10.0 1295 1454 22.0 894 974
10.5 1276 1441 22.5 883 955
11.0 1261 1418 23.0 866 939
11.5 1240 1405 23.5 853 923

are classified into 193,574 groups and 355,534 impacts of Drome are classi-
fied into 215,539 groups. That means more than one impacts can occur at
the same time but in different places. The larger time-threshold gives bigger
groups (in number of impacts) but less number of groups. With threshold of
five hours (T = 5) we have 1,523 groups in Ardeche and 1,681 groups in Drome
whereas with threshold of thirty minutes (7' = 0.5) we have 3,576 groups in
Ardeche and 3,927 groups in Drome.

We describe here some specific groups in the two departments Ardeche
and Drome. Each group is specified by their typical features: Date and time
begin, date and time end, number of impacts without replicates, number of
impacts without replicates, duration. The table 6.8 describes four groups
(threshold five hours) in Ardeche. Group 1 is the first group which occurred
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Table 6.8: Some groups (threshold five hours) in the Ardeche department

Group First impact Last impact Impact Duration
Date time Date time non-rep rep
1 28/01/1990 | 11:13:57 | 28/01/1990 | 16:16:04 171 200 05h02'07"
1058 17/08/2004 | 01:56:22 | 18/08/2004 | 00:21:37 5596 13796 | 22h 25 05"
999 28/08/2003 | 20:51:20 | 29/08/2003 | 10:22:20 4631 11469 | 13h31'00"
1354 | 04/09/2008 | 15:54:33 | 05/09/2008 | 00:15:41 2410 5972 | 08 h21'08"

at the end of January, 1990 and it lasted more than four hours within a day.
Group 1058 is the biggest group (in number of impacts) and it lasted from
day 17 to day 18 August, 2004. Group 999 and group 1354 are the second
and the third biggest group, respectively. Both of them started and ended in
different days.

The figure 6.3 displays the groups localization of table 6.8. One can see
that group 1 has little number of impacts but it is very scattered. Group
1058, due to its large number of impacts, scattered everywhere in Ardeche
but more concentrate in the strip from south-west to north-east. Group 999 is
also large-scattered and it is more dense in the north-east of the department.
Group 1354, despite the large number of impacts, is quite concentrate in a
small part (north-east) of the department.

The table 6.9 describes four groups (threshold five hours) in Drome and
the figure 6.4 displays the localization of those groups. The description of
those group in Drome is similar the those in Ardeche.

Table 6.9: Some groups (threshold five hours) in the Drome department

Group First impact Last impact Impact Duration
Date time Date time non-rep rep
1 28/01/1990 | 13:40:22 | 28/01/1990 | 17:54:14 35 43 04h13’'52"
1494 | 04/09/2008 | 07:49:07 | 04/09/2008 | 02:07:04 3492 8360 | 18 h 17'57"
1113 | 28/08/2003 | 21:19:02 | 29/08/2003 | 14:00:34 3379 7760 | 16h41’32"
1105 17/08/2003 | 14:21:36 | 17/08/2003 | 18:07:40 2154 6951 | 03h46' 04"

6.2.3 Clustering step: clusters of impacts

At this step, we choose some specific groups from the first step that have
some clustering pattern. We choose the year 2008 to pickup some groups
in Drome. The table 6.10 displays six clusters in Drome (threshold 30) and
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the figure 6.5 displays the localization of groups in the table 6.10. This time
we specify six towns (Valence, Montelimar, Nyons, Mevouillon, Saillans, and
Die) in Drome department to better describe how each group cluster then we
choose some specific clusters around a town.

Cluster 4 and cluster 23 is spread out and have no clustering pattern.
Group 42, due to the numerous impact, is also spread out but is more clus-
tered in the south-west of the department. One can see that cluster 66 mostly
concentrates in two village Montelimar and Nyons. cluster 27 has a medium
size and mostly concentrate in the south-east of the department. Cluster 89
is small and occurred in a small area of the north of the department.

Table 6.10: Some clusters (threshold 30') in the Drome department in 2008

Cluster First impact Last impact Impact Duration
Date time Date time
4 10/04/2008 | 20:50:39 | 10/04/2008 | 22:27:29 430 01h36’'51"

23 28/05/2008 | 21:00:50 | 28/05/2008 | 23:32:04 75 02h31’15"
27 02/06/2008 | 12:52:28 | 02/06/2008 | 18:08:12 755 05h15' 45"
42 03/07/2008 | 05:24:28 | 03/07/2008 | 16:10:17 3657 10h45'49"
66 12/08/2008 | 14:59:57 | 12/08/2008 | 20:50:35 2557 05h50’38"
89 03/10/2008 | 19:40:04 | 03/10/2008 | 20:11:41 19 00h31’38"

6.2.4 Thinning step: thunderstorms

We choose five center points at Montelimar, Nyons, Saillans, Vallence in the
cluster 66 and consider only the impacts nearby within the radius of 20 kilo-
meters. This step give us six clusters with specific center point that we call
thunderstorms.

The table 6.11 displays five thunderstorms in Drome and the figure 6.6
displays the localization of those groups.

6.2.5 Inference on the selected thunderstorms

The figure 6.7 shows some selected thunderstorms with date of impacts and
the associated charges on the time line. The figure 6.8 shows the multiplicity
of the selected thunderstorms. For the selected thunderstorms, one of two
models of self-exciting point process will be a candidate: some thunderstorms
are fitted to the Hawkes process and some others are fitted to the power-law
covariate self-exciting point process.
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Table 6.11: Six thunderstorms (threshold 30', radius 20 km) in the Dréme

department in 2008
Thundertorm First impact Last impact Impact Duration
Date time Date time

Montelimar 12/08/2008 | 16:19:12 | 12/08/2008 | 19:00:03 850 02h40’51"
Nyons 12/08/2008 | 18:50:23 | 12/08/2008 | 20:25:32 913 01h35'09"
Saillans 12/08/2008 | 17:19:30 | 12/08/2008 | 19:37:09 139 02h17'39"
Die 12/08/2008 | 17:37:20 | 12/08/2008 | 19:43:09 57 02h05'49"
Valence 12/08/2008 | 14:59:57 | 12/08/2008 | 18:08:06 23 03ho08'09"
Mevouillon 12/08/2008 | 19:41:41 | 12/08/2008 | 20:50:35 184 01ho08'54"

6.2.6 Fitting thunderstorms to the Hawkes process

Considering a thunderstorm as a temporal point process, that means we con-
sider only the date of jumps of the thunderstorm to fit it with Hawkes process.
For a multiple impact we keep only the unique jump. Since we do not know
the starting point of the process, the first impact of the thunderstorm is con-
sider as starting point of the self-exciting point process. The figure 6.9 shows
the empirical compensators of the selected thunderstorms. The table 6.12
gives estimates of parameters of Hawkes process for some thunderstorms in
Drome.

Table 6.12: Parameter estimated of Hawkes model for 3 thunderstorms in
table 6.11

Thundertorm n 7} a B
Montelimar | 338 | 0.0018 | -0.0087 0.0091
Nyons 325 | 0.0569 | 1689964 | 1687129
Saillans 139 | 0.005 -0.2931 0.9796

6.2.7 Fitting thunderstorms to the the power-law covariate
self-exciting point process

We now fit some other selected thunderstorms to the PLC-SEPP model taking
into account the associated amplitudes. Since charges could be positive or
negative, we take their absolute values. For a multiple impact, we keep only
the unique jump so it needs to average of the absolute value of the associated
charges. The figure 6.10 shows the histograms of the charges of the selected
thunderstorms.
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Table 6.13: Parameters estimated of log-normal distributions of charges of the
selected thunderstorms

Thundertorm n 1) o
Montelimar | 850 | 2.91 | 0.40
Nyons 913 | 292 | 0.46
Saillans 139 | 2.94 | 0.59
Die 57 2.94 | 0.56
Valence 32 | 294 | 044
Mevouillon 184 | 3.12 | 0.57

Table 6.14: Estimates of parameters of PLC-SEPP model for five thunder-
storms in table 6.11

Thundertorm n 7} a B 7
Montelimar | 338 | 0.0349 | 3.1510 | 48.4244 | -990.9540
Nyons 325 | 0.0568 | 3.8040 | 48.0980 | -961.0424
Saillans 62 | 0.0075 | 16.9808 | 41.5096 | -179.6893
Die 27 | 0.0036 | 18.7389 | 40.6305 | -78.2097
Valence 15 | 0.0008 | 19.3402 | 40.3299 | -37.7755
Mevouillon 75 | 0.0181 | 16.3259 | 41.8370 | -230.9308

6.3 Concluding Remarks

Providing the dataset of thunderstorms collected in the two French regions,
we have proposed a way to define a thunderstorm. At the first step we sep-
arate the impacts into different groups comparing the time-length between
two consecutive impacts to a time-threshold. We find that some groups are
have a large number of impacts and some have only one impact. Then we vi-
sualize the groups on the maps of the two regions to see the clusters. We see
that some groups are very clustered in space and some are very spread-out.
Finally, we localize the clusters nearby specific center points and obtain thun-
derstorms. We discover that some thunderstorms are big while some others
are very small (in duration and number of impacts).

Some thunderstorms have been chosen to be analyzed. We consider a
thunderstorm as a stochastic point process where date of jumps are associ-
ated by the charges occurring nearby in time and space. The multiplicity
impacts are also presented.

Considering date of jumps of a thunderstorm as a temporal point process,
the analysis show that some thunderstorms follow to the Hawkes process.
Then taking into account both date of jumps and the associated charges,
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some thunderstorms are fitted to the power-law covariate self-exciting pro-
cess. While the charges can be negative or positive, we consider only their
absolute values. It is interesting to find that the charges of thunderstorms
follow log-normal distribution.

The spatio-temporal point process might be another candidate model for
this dataset. We will work on this direction in the future.
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Figure 6.2: Impacts localization for thunderstorms from table 6.6 (Dréme)
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Figure 6.3: Impacts localization for groups in table 6.8
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Figure 6.4: Impacts localization for groups in table 6.8
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Figure 6.5: Impacts localization for clusters of table 6.10 (Dréme)
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Figure 6.6: Impacts localization for thunderstorms from table 6.11 (Dréme)
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Figure 6.7: Some selected thunderstorms with date of impacts and the associ-

ated charges
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Figure 6.8: Multiplicity of the selected thunderstorms
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Figure 6.9: Empirical compensators of the selected thunderstorms
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Figure 6.10: Histograms of the charges of the selected thunderstorms
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Chapter 7

General Conclusion

Throughout this thesis, we have studied some stochastic processes and de-
velop some models to investigate the thunderstorm data. The data set is rich
so there are many ways to define a thunderstorm and many available models
that could fit in it. We consider a thunderstorm as a group of impacts that
occur in a short period of time and cluster near by a place. Each impact is
associated with a charge that can be positive or negative.

Like the phenomenon of earthquake that including main shocks and af-
tershocks, the phenomenon of thunderstorm including big impacts and small
impacts. That is, a big impact might trigger more impacts right after and
nearby. Intuitively, based on the physical nature of the phenomenon of thun-
derstorms, we think of the self-exciting point process that have been used
widely to model the clustering point patterns. While considering the impacts
with charges that exceed a fixed amplitude-threshold, their jumps might oc-
cur more frequently or less frequently depending on the condition of the at-
mosphere. Therefore, we think of the power-law process and the exponential-
law process that have been widely used in modeling improving or aging re-
pairable systems. Among many approaches to deal with stochastic processes,
we use the notion of conditional intensity function as the main tool for our
work. This concept is convenient for both classical inference and Bayesian
inference for stochastic processes. Inference issues lead us to optimization
problems and we have suggested some efficient strategies to deal with.

In chapter 3, the power-law process has been studied in details. The in-
tensity of this process depends only on the present time with power-law form.
This convenient form of the intensity function allows us to investigate some
typical aspects of stochastic processes analysis such as graphical test for the
adequacy, distribution of inter-events, distributions of maximum likelihood
estimators, conjugate prior for Bayesian analysis.

The literature on this process is abundant. We have done some more de-
tailed work that could be more practical for practitioners. We have presented
some convenient probabilistic properties of maximum likelihood estimators
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for time truncation scheme. For Bayesian approach we have considered three
different parametrizations. We started from a non-informative prior to an
independent conjugate prior and obtain a joint conjugate prior (that is, with
dependency of the two parameters). The joint conjugate prior belongs to a
family of bivariate distributions that we name H-B. The properties of H-B
distribution are given with explicit expressions. Considering schemes of prior
information, we have proposed different elicitation strategies to obtain values
for the hyper-parameters. A simulation study has been conducted using our
proposed prior with associate strategies and the results show the advantages
of our method. Bayesian estimates assuming quadratic loss are shown to be
the convex combination of the MLE and the prior expectation.

Our contribution in this chapter has been to propose and study the H-B
distribution as the natural conjugate prior for the PLP. This work completes
the results presented by Huang & Bier [27] who consider the same problem.
Their proposed distribution is not a conjugate prior since the posterior distri-
bution and the prior distribution do not belong to the same family.

In chapter 4, we have studied the exponential-law process. Although this
process has an intensity function as simple as the power-law process, the form
of the compensator makes it difficult to maximize the likelihood analytically.
That is, there are no closed-forms for the maximum likelihood estimators.
A maximum likelihood procedure has been proposed and investigated by a
simulation study.

Similarly to the previous chapter, we have developed a sequence of pri-
ors for Bayesian approach, from a non informative prior to a joint conjugate
prior the process. We consider the Jeffrey’s rule for non informative prior
by computing the Fisher information matrix. The associated posterior leads
us to a new univariate distribution that we name modified-Gumbel (m-G)
distribution. By a new parametrization relying on the value of the compen-
sator at the end time, we obtain independent conjugate priors as a product
of two distributions: a gamma distribution and a m-G distribution. Another
joint distribution that we have called Gamma-modified-Gumbel (G-m-G) dis-
tribution is obtained considering dependency between the two parameters.
We have given some properties of this bivariate distribution to prepare the
elicitation while employing the it as joint conjugate prior. Then we have sug-
gested appropriate elicitation strategies that need numerical approximation
with trials and errors methods. This study on the exponential-law process
gives us some clues to deal with a process that requires numerical approxi-
mation to maximize the likelihood.

A simple graphical test as Duane plot is not available for the ELP. How-
erver, a residual test can be conducted for goodness-of-fit. While the power-
law process is easily simulated thanks to its explicit simulation equation, the
exponential-law process requires again a method of approximation because
of its implicit simulation equation.

Our contribution in this chapter are: introducing the maximum likelihood
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procedure for the ELP, proposing the m-G distribution as an independent
conjugate prior for the ELP, proposing and studying the G-m-G distribution
as the natural conjugate prior for the PLP. Huang and Bier ([28]) also propose
a prior distribution for the ELP but it is not a conjugate prior. Moreover, they
consider only the ELP with § > 0 to model aging systems. We consider a
more general model of ELP when S can be positive or negative to model both
improving and aging systems.

In chapter 5, we have investigated the self-exciting point process. The
Hawkes model of the self-exciting point process has been reconsidered with
a modified method to maximize the likelihood. We have introduced some
covariate models of the self-exciting point process and focused on the power-
law covariate model that would be fitted to the thunderstorm data in the next
chapter. The model has been investigated by maximum likelihood procedure.
A simulation procedure for the model has been built to examine the maximum
likelihood estimated.

In the last chapter, we have conducted an application of our proposed
model to the thunderstorm data. Firstly, the data has been described with
some typical features. We have suggested a three-step strategy to define a
thunderstorm. This strategy allows us to divide impacts into groups provid-
ing a time-threshold. Each group has been presented on the maps of the two
French regions (Ardeche and Drome) to investigate how it clusters in space.
A thunderstorm has been defined as a cluster on the map with a fixed radius
nearby a fixed center point. Thunderstorms have been classified by their typ-
ical features such as the duration, the number of impacts.

Some selected thunderstorms have been fitted to the Hawkes model of the
self-exciting point process considering their dates of jumps. Other selected
thunderstorms have been fitted to the power-law covariate model the self-
exciting point process taking into account the associated charges. We take the
absolute values of the charges then remove the multiplicity by averaging the
charges of a multiple impact. The model showed that in most of the case, the
charges of the thunderstorms follow the log-normal distribution. Estimated
parameters of the model have been given for some selected thunderstorms.

Perspectives

We are developing a Shiny package to present several ways of defining a thun-
derstorm. More thunderstorms need to be analyzed employing our proposed
model then we can conduct a classification to those thunderstorms based on
their estimated parameters.

The existence and the uniqueness of maximum likelihood estimators of
the power-law covariate model of the self-exciting point process need to be
investigated by considering the Hessian matrix to assure out method. We are
working on this problem at the moment. A strategy to choose a reasonable
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initial values for the maximum likelihood procedure of the model is also an
important point to develop.

In the future work, we will consider the Bayesian inference for the power-
law covariate model of the self-exciting point process. It requires Monte-Carlo
Markov Chain method to make inference on the posterior.

We are thinking of employing the Omori-form covariate model of the self-
exciting point process to make a comparison with the power-law covariate
model. We consider also the spatio-temporal stochastic process for the data
of thunderstorms. This process allow us to model the spatial factor of thun-
derstorms.

We are also thinking of applying the functional data analysis for classify-
ing thunderstorms.

We can say that our work implies many different topics. It has been a
great challenge and experience of learning for us. We have settle through this
work the basis for further research. A lot of points need to be investigated
more closely and that could be finalized with research papers.
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Appendix A

Goodness-of-fit test for the
power-law process

([20]) For a set of data (x;,y;),i € {1,...,n}, the linear regression problem is to
determine a linear relationship between x; and y;, and to study the strength
of this relationship. The simple linear regression model is

yi=ai1x; +ag+e;, i1€{l,...,n} (A1)

a1 and ag are the slope and intercept of the regression line, respectively; ¢; is
an error term or residual.

An important aspect of regression analysis is to study the GOF of the model.
For linear-regression, this is commonly measured by

_ _ 12
) (27 (@i yi) = Xn - Fn)

w0 - 57

53 53
Xn=—=) %, Yn=—)_ Ui
ni;=1 n.;=

A value of R? close to 1 indicates that the hypothesis of a linear relationship
between x; and y; is acceptable. To build a GOD-test based on R?, its distri-
bution under the H( has to be known. This is the case, for example, for the
Gaussian linear model.

The following theorem shows the independence of the distribution of R? on
model parameters. For a Duane plot, the T; are plotted versus i on a log-log
scale; thus in (A.1),

yi =Iln(@), x;=In(T}).
Because the a and f only change, respectively, the scale and slope of the

Duane plot, they should not affect the fitting. This theorem validates that
fact.
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Theorem A.0.1. For a Duane plot:

e Y
Yp,-¥p, ’
n 1 n n

Wy = (n(T;)-In(i) — - (Z ln(Ti)) : (Z ln(i)) ;
i=1 i=1 i=1

2
n 1 n

¥p, = Y (n(T}))? - ~ (Z ln(Ti)) ;
i=1 i=1

2
n 1 n
¥p, =Y (n@@)*-=- (Z 1n(i)) ;
i=1 n \;=-1

(A.2)

and distribution of R? under the PLP hypothesis is independent of a and B.

Proof 13. Under H (the underlying process is a PLP), the vector

onl) ol ) ool )

is distributed as the order statistics of a sample of size n — 1 from the expo-
nential distribution with parameter 1.
Then, for all ; € {1,...,n}, let

Uy :,Bln( T ): —ﬁln(T,;;l).
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The ¥y in (A.2) can be written as follows:

3 (n(T)InG) - = 3 In(Ty) fln(z‘))

i=1 n\i=1 i=1
= i(ln(Ti)ln(i))—ln(Tn) i In(T';) +1In(T',) i In(T%)
i=1 i=1 i=1

- % (g ln(Ti)) (i ln(i))

S

= Z(ln(T )—In(T,)In(i) + (Z ln(z)) (ln(T )—— Z In(T; ))

i=1 i=1 n;=1

:iln(ﬂ)ln(z)+— iln(i) iln( )
=1 Tn i=1 =1

1 1 .

=5 ZUn @)+ — | 1n(z))(:1 )]

e o () £

i=1 i=1

Furthermore,

1 - 1

EONCARS (zz ,”)2
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Non-informative prior for
PLP

We consider two types of non-informative vague priors for a and . We mo-
tivate our choice of such priors by just considering the time 7'; to the first
failure. This has a Weibull distribution with scale parameter a and shape pa-
rameter B. The use of the distribution of 7'; allows us to use the location-scale
model and is justified by the fact that our prior knowledge is not affected by
whether we observe Ty or T'1,T,...,T,. Indeed, the distribution of logT'; can
be written in the form of a location-scale distribution, that is, the distribution
of log T'; is called Gumbell distribution with location parameter u =loga and
scale parameter o = 71,

Lemma B.0.1. If the random variable X has the Weibull distribution with
parameters (a, B) then the random variable Y =log(X) has Gumbell distribu-
tion with parameters (u,0) where u=1log(a), o =1/p.

Recall that if X follows the distribution Weibull(a, 8) then its survival
function is

Sx(®) =Pr(X > t) = exp {—(t/a)ﬁ} .
The survival function of Y =log X is then

Sy (t)=Pr(Y >t)=Pr(log(X) > t) = Pr(X > e’)

= exp {— (et/a)ﬁ} = exp{— exp (%z(a)) }

Hence, log(X) follows the distribution Gumbell(i,0) with u =1log(a) and o =
p.

Following Jeffrey’s rule for non-informative priors in the location-scale
situation (see Box & Tiao [4], pp.56-57), we consider two cases:

(a) ¢ and o are known to be independent a priori,
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(b) The prior independence assumption is ignored.

For the case (a), the non-informative prior of (i, 0’) will be proportional to o1,
it means m(u,0) o< oL,

For the case (b), the non-informative prior of (i, 0’) will be proportional to o2,
it means m(y,0) x o2,

By changing variables u = log(a), o = ! the Jacobien is J = a 172, Ap-
plying the rule of substitution we have n(a, ) (a,ﬁ)_1 for the case (a) and
n(a,B) x a~! for the case (b). For notational convenience we consider the

prior n(a, B) x (aBY)~! and get the following theorem

Theorem B.0.1. Denote t =(t1,...,t,) a realization of the PLP that we observe
in the time window [0,C]. Using Jeffrey non-informative prior with density
(e, B) (aﬁy)_1 we have the following statements hold:

(i) The posterior distribution of a,f is

n B
pla, Bl D) = cy(t)a DY (1‘[ ti) exp{-(y/)}
i=1

where .
(X2 log(y/t))" ™"

I'n)I'(n—-1y)

C}/(E) =

(ii) The marginal posterior density of pis Gamma distribution with param-
eters (n—vy,l,) with 1, = X7 log(y/t;).

(iit) The marginal posterior density of a is

o (n \P
plalt)oca [ ﬁ”‘l(ﬂ ti/a) exp{-/@Pldp (B
0 =

i=1

Proof 14. The probability of a realization is

n p-1
felap=a"lp (H t,-) exp{~(y/a)’}
i=1

Applying Bayes’ formula we have

1

. \B
p(a, Bl o nla, Bf @, | a,f) = a” PV gy ( ti) exp{—(y/a)ﬂ}. (B.2)
=1

Therefore

=1

n B
p(@,Blt,) = cylt,)a"Proprr (H ti) exp{- (/)|
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where 5
t—1:f°°f°° ~(np+1) gy nt,- — (vl
@ =] ) @ p l:l_ll eXp{ (y/a) }

Applying the Fubini’s theorem we have

o0 oo n ﬁ
1:[ f ﬁ"_y(l_[ ti) a_(”ﬁ“)eXp{—(y/a)ﬁ}dadﬁ (B.3)
0 Jo i=1

_ fooo it (ﬁlti)ﬁ {fow o~ (nP+D exp{—(y/a)ﬁ}da}dﬁ (B.4)
i=
Let’s consider the integral
I(B) = fooo q~ P+ exp{—(y/a)ﬁ}da.
Use a changing variable as (y/a)? = u then

I(B) = (y_”ﬁ/ﬁ) [OOO u" te ¥ du=T(n)y "P/p

Hence
o0 n ﬁ
I:f0 ,6”‘7(1_[ ti) I(B)dp (B.5)
i=1
:F(n)[ooﬁ”_y_lexp{—ﬁilog(y/ti)}dﬁ (B.6)
0 i=1
Fn)I'(n-1y) B.7)

(X7 log(y/t)" ™"
This gives us
(X2 log(y/t))" "
I'(n)'(n—y)
The marginal posterior density for § can be obtained by integrating out a
from the joint posterior density of («, )

cy)=1"1=

+00
iD= plapit,)da
+00 n 1
cxf ’Bn—la—(nﬁﬂ)ntf— exp{—(y/a)ﬁ}daf
0 i=1
n ﬁ—l +00
x g1 Hti f a_(”ﬁﬂ)exp{—(y/a)ﬁ}da
i=1 0

o B T Ty

i=1
x /3”_2 exp { -B Z log(y/ti)}
i=1
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That means marginal posterior density of  is Gamma distribution with pa-
rameters (n —1,1,) with [, = Y7 | log(y/¢;).

The posterior density of a is obtained by integrating out § from the joint
posterior density of (a, B)

paln= [ papitdp B.8)
N [ooﬁn—la,—(nﬁ+1) 1—[ t?_lexp{—(y/a)ﬁ}dﬁ (B.9)
0 i=1
o0 n ﬁ
x a_lf gl (1‘[ t,-/a) exp{—(y/a)ﬁ}d/s (B.10)
0 i=1

This integral can not be computed explicitly but by numerically approxima-
tion.
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Distribution of the PLP shape
parameter [

Proof of theoremB.0.1

FEvent truncation

The joint distribution of T'=(T1,...,T,) is
n
f)=p"a"’ [l ! exp{-(tn/a)f}.
1=

Let denote U; = ¢;(T) = log(T,,/T;),i =1,...n—1 and U, = ¢,(T) = (T, /a)P.
We need to find the distribution of U = nZ—:1 U;.
Let us calculate the joint distributiol;lof U =Uy,...,U,). We have
fy@ = o7 W), 07 W) | det T | |7

where J(u | t) is the Jacobian matrix. The term (i, j) of the matrix is:

O0p;(t)
Jw|t)|;i=——.
(El_)h,] atj
We have:
1 1
- o ... 0 .
g T
0o —-—— 0 —
t2 n
Jwlt)= :
1 1
0 0 —3 .
n-1 n
0 0 o L
ab
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and

n-1
|det(J(u|t)|= ﬁtgfl ti_l.
af i=1

Note that ¢,, = au,lz/ﬂ and ¢; = au,lz/ﬁe_“i, i=1,...,n—1. Therefore

fiw = f0det @1

n—1

n-1
a8 T d exp {22 L
B a i:Hlti ty, exp{ (tn/a)} 5 ﬁ

=1

n-1
_ ﬁn—la—(n—l)ﬁ H tiﬁ_lexp{—(tn/a’)ﬁ}
i=1

n—-1
p" 'exp { B> u } ul Lexp{-uy,}.
=1

The joint distribution of (Uq,...,U,_1) can be found by integrating out the
variable u,,.

o0
fui,. U, (W1,...,up-1) = fo fyut,...,un)duy,

n—1 _ nd . ® n—-1 _
B “exp ,BZ u; A u, ~expi{-upldu,
i=1

n-1 n-1
F(n)ﬁ”‘lexp{—ﬁ > uz} =(n— D! ] Be P
i=1 i=1

We deduce from a well-known property of order statistics that Uy,...,U,—1
are i.i.d random variables of exponential distribution with parameter . Sum

of n — 1 i.i.d random variables of exponential distribution with parameter
n-1 n-1
has a gamma distribution with parameters (n—1, ). Hence Z U, = Z log(T,,/T};)

has a gamma distribution with parameters (n — 1, ). Recall that: 1f' X has
a gamma distribution with parameters (a,b) then 1X has a gamma dis-
tribution with parameters (a,b/A) and a chi-square distribution with n de-

grees of freedom is a gamma distribution with parameters (n/2,1/2). Thus
n-1

2np/B =2p )" U, has a chi-square distribution with 2(n — 1) degrees of free-
i=1

dom.

Time truncation

The conditional joint distribution of (T'y = #1,Te = to,..., Ty =t,), given N(C) =
n,is

AMt;) Pl

fo®=n! H e =n!C‘”ﬁﬁ”(U1ti
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Let denote U; =1og(C/T;),i = 1,...n then 2n,6/,3 = 2/32?:1Ui. The Jacobian
matrix is

—Ce™ 0 0 0
0 —Ce™%2 | 0 0
Ji(w) = : : : :
0 0 ... —Ce7Un1 0
0 0 0 —Celn,

Hence | det(Jy(w)) |= (-1)"C"e~Li-1%i_ Thus the joint density of (U1,...,U,) is

1

-1
fg(g)=nzc—”ﬁﬁ"( ce—“i) Ce Zinti = plfte” Limi ki,

n
=1

That means, conditional on N(C) = n, random vector (U, < ... < Uj) is dis-
tributed as order statistics of n i.i.d random variables of exponential distri-
bution with parameter f. Sum of n i.i.d random variables of exponential dis-
tribution with parameter f has gamma distribution with parameters (n, §).
Therefore 2n/f = 2BY ", U; ~Gamma(2n/2,1/2) = Z2(2n).
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Appendix D

Convergence of the integrals
for the exponential-law
process

Let consider the integral

oo p
I(, ) = f xa_llogm(x)(log(x)) dx. (D.1)
0 x—1

We will prove that the integral converges for 1 < @ < -1 and for all m e N.
Note that Jy(a, ) = I(a, ). Since x% 1 < %P2 it is sufficient to prove the
following integral converges

H,(B)= f P 21og™(x )(log(’;)) dx. (D.2)
Decompose H,(f) into three integrals H,,(8) = H1 + Hy + Hs where

1/2

Hy = f P2log"(x )(1°g(’;)) dx, (D.3)
0

Hy = f P2 1og"(x )(log(x)) dx, (D.4)
12 1

oh2 log(x)

ngf log™ (x )( ) dx. (D.5)

2 x—1

Let’s consider H;. By changing variable x = 1/u we have

H, foo log(u)ﬁ” f"o log(u + 1)A*n du
(u- l)ﬁ 1 ub

Recall that

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



APPENDIX D. CONVERGENCE OF THE INTEGRALS FOR THE EXPONENTIAL-LAW PROCESS

converges for all m > 1 and

1 a
lim 22 0 ps0aeRr
X—+00 X
Therefore
f"o log®(x)
dx
1 x™m

converges for all m > 1 and a € R. H; is finite since 8= 2.

The integral Hs is finite since lim,_ 1log(x)/(x—1) = 1. The function f(x) =
log(x)/(x —1) is defined for all x € [1/2,2] with f(1)=1.

For the integral Hg, rewrite it as

o) p-2 0 (x+1 p-2
Hs = f Y logx)f*dx = f Ct D g+ 1P
9 (x—1)8 1 xhP

We have (x + 1)P=2/xF is equivalent to 1/x? when x tends to infinity and the
fact that
f"o log(x + 1)P*7
————dx
1

52

converges, so Hs is finite.
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Appendix E

Likelikood function for a
stochastic process

Let us consider a stochastic process with intensity A*(¢ | 8), observed in a
time window [0, 7]. Denote £ = (¢1,¢9,...,%,), the dates of jumps of the process
assuming that n jumps occurs. Fori =1,...,n,

P(T;>t|ti-1,...,t1)=P(N(t;-1,t) =0 0).

Taking the derivative, we can expressed the distribution of T, for i =1,...,n

d
f@lti—g,...,t1)= EP(N(ti—l,thO ; 6).

Therefore the likelihood is:

n n d
[TF¢iltiot,....t) =] —=P(N(¢ti-1,¢)=0; 0)
i=1 i=1 dt

t=t;
But
t
P(N(ti_l,t)=0;0)=exp{— A*(SIB)dS},
ti-1
Thus
PN, =0:0) = Lo { t A*(sl@)ds}
adl =0 = 2 oexpld_
dt i—-1 ’ dt p tiy
t
= /1*(t|9)exp{— l*(sle)ds}
ti—1

Since there are no jumps between ¢, et 7,
T
P(N(tn,r)=0;0)=exp{— /l*(sle)ds}.
tn
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The likelihood is:
n t; T
L) = il]l/l(ti |(9)exp{—fti71 As | H)ds} X exp{—ftn As | B)ds}
= (f{l/l(ti IH)) X exp{—for Als | 9)ds}
And the log-likelihood is:
n T
logL(0) = Y- logA(t; 10)- | A5 0)ds
i=1 0

or

logL(9)=frlog/l(sIH)dN(s)—fT As | 0)ds
0 0
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Appendix F

Likelihood for the Hawkes
process

The intensity of a Hawkes process with an exponential decay response func-
tion assuming n jumps t1,%9,...,f, occurring in a time window [0, T'] is:

t
At a, B) ,u+f git—sla,B)dN(s)

N + Z ae_ﬁ(t_ti)

ti<t

We have:

o Mt|a,B)=yu, forall t€[0,t],

i—-1
o Mtla,P)=p+ay e P forall telt; 1, til,i=2,...,n,
j=1

n
o Mtla,p)=p+a) e P for all te(t,,T).
j=1

The general expression of the log-likelihood is, setting 8 = (a, §):

T T
logL(t1,...,tn 10) = —f At | 6)dt+f log A(t | 0)dN(t)
0 0

T t1 n t; T
fxl(tl@)dtzf AMt10)dt+ ) /l(sl@)ds+f At | 6)dt.
0 0

i=29%i-1 tn
t1
f A 0)dt = ity
0
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n t;
Z As|0)ds = uds+azz e P tdgg
1=2Jti-1 1=92J%-1 1=2j=1 ti-1
= HZ(tz ti-1)+ — ZZ[ e tj)]t 1
l 2j=1 -

i1
Z [ —B(ti—t;) _e—ﬂ(ti-l—tj)]

ZZ[ -Bls— t,)] _ i‘

l2] ti-1

w \‘

-1

Z (tz tj Zze ﬁ(tl 1= t]

1=2j=1

I
||M§

i—-1
Let set U; = Z e_ﬁ(t"_tf), fori=2,...,n.
j=1
We have: U; =U;_1+1withU1=0,i=2,...,n.

ZZe ‘e ZZeﬁ“”” = LU- 22(U 1+ 1)

1=2j=1 1=2j=1
= Up,-(n-1)
n-1
— —ﬁ(tn—tj)+n_1
j=1
n—

1
_ ;[ —Bltn—t;) _ 1]

~

And,

Z A(sl@)ds—y(tn—t1)+_ [ﬁ(tnt) 1]

n—-1 pT
wT—t)+ay [ e Pt-tgs
j=1Jt

-1
(T —t,)+ %nz [e AT — o= Fltn=tp)],
j=1

T
f At 0)dt
tn

Then
T a n—1 T
f Me10)dt=pT+— > [e_ﬁ( _tf)—l].
0 ﬁj:l

4

T n i-1 n
f logA(t |0)dN(t) =) log[u+)_ ae_ﬁ(ti—tj)]+10g(ﬂ+z ae PT)
0 i=1 =1 =
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The full expression for the likelihood is then:

logL(t| a, B)

@' gt 3 ity
T =23 [ PT) — 1]+ Y log(u+ Y ae™Ptt)
ﬁj:l i=1 J=1

+

n
log(p+ ) ae_'ﬁ(T_tj))
i1
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Appendix G

Likelihood for the PLP-SEPP

Taking logarithm of this function gives us

[(u,aﬁn)——ptn—aZ( ) ,B[l e Pltn= t)] Zlog[u+aA(L)] (G.1)

The gradients are

0 1 1
af(ﬂ,a,ﬁ,ﬁ)——tn+i;m, (G.2)
0 z; e ” A(D)
_ — a2 I B(t,—t;)
oa . @, ) lzi( ) [1 € ] 1,u+ocA(z) (G-3)

no(zi
_g , =—a) |
op b . -1 izl(ZO

g B0 @

71 Al . LA | At —
) Z(ty—t;)e P t‘)—azﬁ[l—e Pltn=t:)
=1

where B(1) =0 and for £ =

E=1( 5. \7
B(k)= ) (—) (tp —t;)e P, (G.5)
i=1 \?0
0 no(z\1 _ ” D(®)
oy (@B == (_)1 ( ) L fmt) ————— (G.6)
on wa,B,n aizzlzo og [ e ] L1H+ A
where D(1) =0 and for & =2
k-1 A7 .
D)=y (Z—) 1og(i)e—ﬁ“k—ti). (G.7T)
i=1 \?0 20
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The Hessian matrix can also be computed explicitly

92 n 1
_zg(#y a, ﬁ717) == VIR (G8)
Op i=1 [u+aA@)]
02 & AL )P
Wﬁ(u,a,ﬁ,n)——i; m (G.9)
2 no(z:\T1 9
I _t. —B(t,—ti)
o pm = ;( 0) pln—tie
z;\7 1
22 (g — BEn—t;)
+2alzi(20) [32( t))e
n z: n 1
_ 2 _ =B, —ti)
2ai:21(20) [33[1 e ]
- CG) o ¢ BG) |2
+aizzlp+aA(L) |+ @A) (G-10)
where C(1) =0 and for £ =2
k=1/,.\7
Ck)=)_ (2—) (tp —t;)? e Plr=ti), (G.11)
i=1 \%0
0 2oz )\, (zi)]?1
— — zrt zt — |1 _ Bt
6n2€(,u,oc,,6,17)— a;(zo) [1og( ) ,6[1 e ]
n o E(i) . B@@)C()
ay ———— (G.12)
i:zlwaA(l) 1:2:1[/1+aA(l)]
where E(1)=0 and for £ =2
k-1 AN 112
E(k): Z (i) |:10g(i) e_ﬁ(tk_ti). (G~13)
i=1\20 20
6 [(,uaﬁn)——i& (G.14)
auoa S [+ aA()] '
o é(uaﬁn)—aiL (G.15)
opop 7 i1 [u+ aAG)] '
62 n D(i)
(u, Bm=a) —————. (G.16)

21 [u+ aAG))?

160

Analyse statistique de processus stochastiques : application sur des données d’orages Van-Cuong Do 2019



APPENDIX G. LIKELIHOOD FOR THE PLP-SEPP

fpaBp=-3 (_) L e fnto
0

dadp =\z) B
zi)T L et
+i:Zi 20) ,62 [1 e ]

A@)B()

, (G.17)

02 no( g\ .
g(uaaaﬁan) == (i) log(ﬁ) [l_e_ﬁ(tn_ti)]
0aodn 2o 20

" DG n AG)D()
DG 5 _40DEG (G.18)
i:zl utaA@ S [ptaAG))?

02 no(zi\" z;

(u,a,B,n)=a (—) log(—

apan H@Po 1:21 20 2o
n

\7
+2a ) (ﬁ) log(—l) l(tn —t;)e Pn=td
( )i [1_e*ﬁ(tn*ti)]

zo) B3
FG)

B()D(1)

o
M=
+
S
™

— —_— s, (G.19)
SiptaA@) T [p+aAG)?
where F'(1) =0 and for & =2
k=1/,.\n .
F(k)=)_ (ﬁ) 1og(ﬁ)(tk—t,~)e-ﬁ“k—ti>. (G.20)
i=1 \%0 20
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Appendix H

A reduced Newton-Raphson
algorithm for the Hawkes
process

We compute:

= - 1
S, (B =-=|Sx(p)-—A,

p By
Denote S, (B)" = azsqu(ﬁ ) then
Sn(p)" = —=Sn(p)+ TA'——A” (H.1)
ﬁ B*y By
The gradients are
0 no A -S,(B)
—f(a,B)= (H.2)
Oafaﬁ §y+a(A S8
~Sa(BY
—f(a p)=a (H.3)
op ,Zip+oc(A -S (ﬁ))
The Hessian matrix is
52 n [ A -5.p  |
—f(a,p) =~ — (H.4)
a“Zf P 1:21 ﬁ+a(Ai—Sn(ﬁ))]
_ — 2
v [ Al-Su(p) n [ A=Sa(p)
(a,p)= L a2y | ————|, (H5)
aﬁzfaﬁ in ﬂ+a(Ai—Sn(ﬁ))] Z M+“(A -S )]
02 n [ Al-Sy(pY n (A; = Sn(PNAL-Sn(B))
Z P ‘ a P - g . (H.6)
Oaaﬁ S|+ aA; —Sn(pB) i=1 [,a+a(Ai—Sn(,6))]
H.7)
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Appendix I

Simulation Agorithms for
Some Stochastic Processes

I.1 Simulation Algorithms for the Homogeneous Pois-
son Process

Denote HPP(u) the homogeneous Poisson process with intensity A(¢) = u and
the compensator A(¢) = ut.The simulation equation is

log(U) + u(u —t) =0. (1.1

This equation can be easily solved giving us

log(U)
= k —_— .
U

FEvent truncation

Simulation algorithm for HPP(u) for a fix number of jump » is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let t1 =-log(U)/ .
(3) Generate a uniform variable U ~ Unif(0, 1).

(4) Solve the simulation equation (I.1) to get the solution

u=tp—log(U)u

(5) Lettpi1=u. Ifk+1=n stop, otherwise & := k+1 and return to step (3).
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Time truncation

Simulation algorithm for HPP(y) in the time window (0,C) is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let 1 = —log(U)/p.
(3) Generate a uniform variable U ~ Unif(0, 1).

(4) Solve the simulation equation (I.1) to get the solution

u =ty —log(U)/u

(5) While u < C let t,.1 = u and return to step (3).

Remark 1. Recall that, interevents of the process HPP(u) are independent
identical distributed as exponential law with parameter p so one can also
simulate the process as following

(1) Generate a uniform random variable U ~ Unif(0,1).
(2) Let t; =—-log(U)/p.
(3) Generate a uniform variable U ~ Unif(0,1).

(4) Solve the simulation equation (I.1) to get the solution

u =ty —log(U)/u

(5) Let tp.1=u. If k+1=n stop, otherwise k :=k + 1 and return to step (3).
1.2 Simulation Algorithms for the Power-Law Pro-
cess

Denote PLP(«, 8) the power-law process with intensity A(t) = (B/a)(t/a)P™?
and the compensator A(¢) = (t/a)ﬁ. The simulation equation is

e e

This equation has an unique solution

log(U) +

= [tf - aﬁlog(U)] v
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FEvent truncation

Simulation algorithm for PLP(a, ) for a fix number of jump n is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let t1 = a[-log@)"P.
(3) Generate a uniform variable U ~ Unif(0,1).

(4) Solve the simulation equation (I.1) to get the solution

1/
u=|th—allogU) g

(5) Let tp,1 =u. If k+1=n stop, otherwise k& := £+ 1 and return to step (3).

Time truncation

Simulation algorithm for PLP(a, §) in the time window (0,C) is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let ¢1 = a[-log(UNYP.
(3) Generate a uniform variable U ~ Unif(0, 1).

(4) Solve the simulation equation (I.1) to get the solution

1/,
u= tg —aPlog(U) g

(5) While u < C let t3,1 = u and return to step (3).

Remark 2. From the equation (1.2), if we use reparametrization with u=a~P

then

Up
UpLp = tz —log(U)/u .

Recall that
ugpp =ty —log(U)/ .

One can see that when B =1 the two processes are identical, that is PLP(u, 8 =
1) = HPP(u). That means, the PLP degenerates to the HPP when the growth
rate B equals to 1.
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1.3 Simulation Algorithms for the Exponential-Law
Process

Denote ELP(a, ) the exponential-law process with intensity A(f) = aef* and
the compensator A(¢) =« (eﬁt —1)/B. The simulation equation is

log(U) + a7 =0, (1.3)

When > 0 this equation has a unique solution

eBte _ E
a

u= %log log(U)] .

When g < 0 this equation requires a condition U > exp{aeﬁtk/ﬁ} then the
unique solution is

u= 11og ePtr — é1og(U)] .
B a

Event truncation
Simulation algorithm for ELP(a, §) for a fix number of jump n is

(1) If B> 0 then generate a uniform random variable U ~ Unif(0, 1).
If B < 0 then generate a uniform random variable U ~ Unif(e®# ,1).

(2) Let ¢; =log[1- Blog(U)a]/p.

(3) If >0 then generate a uniform random variable U ~ Unif(0, 1).
If B <0 then generate a uniform random variable

U ~ Unif(exp {aeﬂtk/ﬁ} ,1)

(4) Solve the simulation equation (I.3) to get the solution

u =log [eﬁtk - ,Blog(U)/a] /B

(5) Lettpi1 =u. Ifk+1=n stop, otherwise k := £+ 1 and return to step (3).

Time truncation
Simulation algorithm for ELP(a, §) in the time window (0,C) is

(1) If B> 0 then generate a uniform random variable U ~ Unif(0, 1).
If B < 0 then generate a uniform random variable U ~ Unif(e®# 1).
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(2) Let ¢1 =log[1- Blog(U)a]/p.

(3) If >0 then generate a uniform random variable U ~ Unif(0,1).
If B < 0 then generate a uniform random variable

U ~ Unif(exp {aeﬁtk/ﬁ} ,1)

(4) Solve the simulation equation (I.3) to get the solution

u = log [P — Blog(U)/a|/p

(5) While u < C let t3,.1 = u and return to step (3).

Remark 3. From the equation (1.3)

e
log(U)+ a——— =0.
og a 5

When B — 0 then (eP* —eP')/B — (u —t},) so that equation becomes
log(U)+ a(u—t3)=0

and the solution is then
ugLp =ty —log(U)/a.

Recall that for HPP(u)
ugpp =t —log(U)/u.

One can see that when f =0 the two processes are identical, that is ELP(a, 3 =
1) = HPP(«a). That means, the ELP degenerates to the HPP when the growth
rate f equals to 0.

I.4 Simulation Algorithms for the Hawkes Process

Denote HaP(u, a, ) the Hawkes process with conditional intensity of the form

W =p+ Y ae Pt
t;<t

The compensator is then

A (tp,u) = pu—tp) + % [1 —e Pt g,
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where

S(1)=1
S(k)=1+8(k—1)e Plr=tr-1) |51,

The simulation equation is

log(U)+,u(u—tk)+% 1-ePu-td|g,. (L4)

This equation can not be solved explicitly but by Newton-Raphson algorithm
as following

fui)
;)

Uit1 = Ui —
where
F(w) =1log(U) + p( — t}) + % 1-ePu-t]g, =,
fl(w) = p+aSye Putn),

An initial value can be chosen as ug =t —log(U)/p.

Event truncation
Simulation algorithm for HaP(u, a, ) for a fix number of jump n is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let 1 =—-log(U)/p.
(3) Generate a uniform variable U ~ Unif(0, 1).
(4) Solve the simulation equation (I.4) with respect to .
(5) Let tp+1 =u and compute
Sy =e Plntig, 11

where S1 =0.
If 2 +1=n stop, otherwise & := & + 1 and return to step (3).

Time truncation

Simulation algorithm for HaP(u, a, ) in the time window (0,C) is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let 1 = —log(U)/p.

(3) Generate a uniform variable U ~ Unif(0, 1).
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(4) Solve the simulation equation (I.4) with respect to u.
(5) While u < C let t3,1 = u and compute
Spo=e Pln=teg, 41
where S; =0.

Then return to step (3).

I.5 Simulation Algorithms for the Power-law Covari-
ate Self-Exciting Point Process

Denote PLC-SEPP(u, a, 3,1) the power-law covariate self-exciting point pro-
cess with conditional intensity of the form

\7
PO=p+ Y (Z—) e Pt

ti<t \R0

The compensator is
A*(tk,u) = ,u(u — tk)+ % [1 _ e—ﬁ(u—tk) Sk-

where

S(1) = (z1/z0)"
S(k) = (21/20)" + S(k — 1)e Plr=te-1) b5 1

The simulation equation is

log(U)+u(u—tk)+% 1-ePu-ti] g, (L5)

This equation can not be solved explicitly but by Newton-Raphson algorithm
as following

fu;)

;)

Ui+1 =Uj—
where
() =log(U) + plu — tg) + % 1—ePu-t]g, =0
flw) = p+aSye P th),
An initial value can be chosen as ug =tz —log(U)/pu.
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FEvent truncation

Simulation algorithm for PLC-SEPP(u, a, 8,7) for a fix number of jump n is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let t1 = —log(U)/p.
(3) Generate a log-normal random variable z; ~ LN(m, 72).
(4) Generate a uniform variable U ~ Unif(0, 1).
(5) Solve the simulation equation (I.5) with respect to u.
(6) Let t41 =u and compute
Spe1=e P78, 4 (21/2¢)"

where S1=0.
If £ +1 =n stop, otherwise k := k + 1 and return to step (3).

Time truncation

Simulation algorithm for PLC-SEPP(u, a, 8,7) in the time window (0,C) is
(1) Generate a uniform random variable U ~ Unif(0, 1).
(2) Let 1 =—-log(U)/p.
(3) Generate a log-normal random variable z; ~ LN(m, 72).
(4) Generate a uniform variable U ~ Unif(0, 1).
(5) Solve the simulation equation (I.5) with respect to .
(6) While u < C let t3.1 = u and compute
Spe1=e Pt 11

where S1 =0.
Then return to step (3).
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Appendix J

Event Truncation and Time
Truncation

There are two schemes of collecting data for a stochastic point process: one
can observe the process in a fixed time window, that we call time truncation;
one also can observe the process until a fixed number of jumps, that we call
failure truncation.

Let N(¢),t = 0 the Poisson process with intensity A(f) and n first jumps of the
process and likelihood in each scheme.

¢
A@®) = f AMu)du
0

is the compensator of the process. The following two theorems give the dis-
tribution of

Theorem J.0.1. Suppose that the Poisson process N(t),t = 0 with intensity
A(t) is observed until the n—th jump (n = 1) and we obtain (t1,...,t,) as n first
Jumps of the process. Denote T =(T1,...,T,) a random vector of n first events
of the process and t =(t1,...,t,) a realization of that random vector. The joint
density of (T',...,Ty) can be computed as the following theorem.

n

[TAc)

i=1

fr(t)= exp {—A(t,)} J.1)

and the likelihood of a realization (t1,...,t,) is

[TAG)

=1

L(O) = fr(t10) = exp{—A(¢n)}. (J.2)

Proof 15. Recall that for the Poisson process, N(0,t1),N(t1,t1+dt1),..., N(tn-1+
dtn-1,tn),N(tn,t, +dt,) are independent and are distributed by the law of
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Poisson with parameter A(0,t1), A(t1,t1+dt1),..., AEp—1+dtn—1,t), ANty t,+
dt,) respectively. For n =1 we have
P(t1<Ti1<t1+dt1,...,t, <Tp <t,+dt,)
=P[N(0,¢t1)=0,N(¢1,t1 +dt1)=1,...,
N(t,_1+dtp-1,t,)=0,N(t,,t, +dt,) =1]
=P[N(0,t1) = 0IP[N(¢1,t1 +dt1) =1]...
PIN(ty-1+dtp-1,tn) = OP(N(¢p,t, +dty) =11
=exp{—A(0,t1)} A(t1,t1 +dt1)exp{—A(t1,t1 +dt1)}. ..
exp{—Altn-1+dtn-1,t2)} Mtn,tn +dt,)exp{-Alt,,t, +dt,)}
=exp{—A(0,t, +dt,)} ﬁl[A(ti,ti +dt;)]
i=

=exp{—A0,¢, +dt)} [ | [Mt)d¢; +o(dt;)]
=1

Therefore the joint density of (T'1,...,T,) is
P(t1<Ti1<t1+dt1,...,.t, <Tp <t,+dt,)
dty...dt,

=k
fr(0) = Jim,

[TAG)

=1

exp{-A(tn)}.

In failure truncation scheme, the likelihood of a realization (t1,...,t,) is sim-
ply the density joint function of the first n jumps of the process, so

n

L©O) = fr(t]0) = [Hm)

=1

exp{-A(ty)}.

Time truncation

Theorem J.0.2. Suppose that the Poisson process N(t),t = 0 with intensity
AMt) is observed in the time window (0,T) and we obtain (t1,...,t,) as n first
Jumps of the process. Denote T = (T1,...,T,) a random vector of n first events
of the process and t = (¢1,...,t,) a realization of that random vector. The con-
ditional joint density of (T',...,T), given N(T) = n, can be computed as the
following.

noAE;)
(1) = nl hhtid
fr@®)=n! ]:[1 AT | (J.3)
and the likelihood of a realization (t1,...,t,) is
L©) = fr(t|OPIN(T)=nl= H/l(ti) exp{—A(T)}. (J.4)
- i=1
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Proof 16. For n =1 we have

PINT)=n;t1<T1<t1+dt1,...,th <Tp <t,+dt,)
=P[N(0,t1)=0,N(t1,t1 +dt1)=1,...,
N(tp-1+dty-1,tn) =0,N(t,,t, +dt,)=1]
=P[N(0,t1) =0]P[N(¢1,t1 +dt1) =11...
P[N(tp-1+dtn-1,tr) =0)P(N(ty,t, +dt,)=1]
=exp{—A(0,t1)} A(t1,t1 +dt1)exp{—A(t1,t1 +dt1)}...
exp{—Aln-1+dtn-1,t2 )} Atn,tn +dt,)exp{=Alt,, tn +dt,)}

=exp{—A(0, ¢, +dt,)} [ [ [AG,2; +dt;)]
i=1

=exp{-A0, D)} [ [At:)dt; +o(dt;)]
i=1

Recall that N(T) is distributed by the law of Poisson with parameter A(T)
hence

[A(T)]"

P(N(T)=n)= ‘
n:

exp{-A(T)}.
The conditional probability is
P(t1<Ti1<t1+dt1,....t, <Tp<t,+dt,IN(T)=n)

n! n
AT i:Hl[Mti)dti +o(dt;)]

Therefore the conditional joint density of (T'1,...,Ty), given N(T)=n, is

P(t1<Ti<ti+dt1,...,tn, <Tp<t,+dt,IN(T)=n)
dti...dt,

()= li
fz(_) d;TO

n M)
—n! e
n! iznlA(T) )

In time truncation scheme, the likelihood of a realization (t1,...,t,) is a prod-
uct of the probability of having n jumps (n = 1) and the conditional joint den-
sity function of the first n jumps of the process, so

L©O) = fr(t]60) = [ [TAG) | expi-Att)).
=1
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