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Résume

Le calage historique est une étape essentielle taute étude de réservoir. Il permet
l'intégration de données acquises apres la praguctans la construction de modeles de
réservoir. Il existe plusieurs méthodes pour effectun tel acte. Le filtre de Kalman
d’Ensemble (EnKF) est une méthode d'assimilation (@lage historique) séquentielle
capable d'intégrer les données mesurées deés golils obtenus. Plusieurs applications
réussies de la méthode sont connues dans lesatppik océanographiques, météorologiques
et du pétrole. Toutefois, la performance de la wdthpeut se détériorer lorsque la taille de
I'ensemble est petite ou lors du traitement deseatesdnon Gaussiennes ou fortement non
linéaire.

Ce travall est basé sur l'application de I' EnKRiple calage historique et est divisé en deux
sections principales.

La premiére section traite I'application de la EnEplusieurs cas d'études afin de mieux
comprendre les avantages et les inconvénients deéthode. Ces cas d'étude incluent deux
cas d’étude synthétiques (un simple et un plutéigiexe), un modele de facies et un modele
de réservoir réel. Dans la plupart des cas, la odétha réussi a reproduire les données
mesurées. Les problemes rencontrés, tels que éstsnation des parametres pour le cas
assez complexe, sont expliqués et des solutiorssippes sont proposées.

La seconde partie traite deux nouveaux algorithpmeposé en combinant 'EnKF avec deux
méthodes de paramétrisation: méthode des pointdepilet méthode de déformation
graduelle. Les deux méthodes sont capables derpeédes propriétés statistiqgues de I'ordre
de deux (moyenne et covariance). Leur intégratiolEAKF assure la conservation des
propriétés a priori de modéle au cours du proceg&assimilation. Les deux algorithmes
développés sont appliqués au cas d'étude synteé&tiquple. L’application a été réussit pour
la méthode des points pilotes étant données un reosutffisant et un bon positionnement des
points pilotes. Dans le cas de la déformation gelldul'application peut réussir a condition
gue l'ensemble de fond soit assez grand. Cepencktte, paramétrisation augmente la non-
linéarité inhérente de l'algorithme et peut entrraites effets défavorables. Pour les deux cas,
certains scénarios d'amélioration sont proposébaetres applications a des scénarios plus
complexes sont conseillées.

Mots clés :

Calage historique, Assimilation de données, Régerviltre de Kalman d’ensemble (EnKF),

Points pilotes, Déformation graduelle, Paraméiosat






Abstract

History-matching is an essential step in any reserstudy. It enables integration of data
acquired after the production in the reservoir nhdmelding workflow. There exist several
methods to perform such an act. Ensemble KalmaerREnKF) is a sequential assimilation
or history-matching method capable of integratihg measured data as soon as they are
obtained. Several successful applications of thehaote are known in oceanographic,
meteorological and petroleum applications. Howevee, performance of the method may
deteriorate when the size of the ensemble is soralvhen dealing with non Gaussian
distributions or highly nonlinear dynamical models.

This work is based on the EnKF application for bligtmatching purposes and is divided into
two main sections.

First section deals with the application of the Eni€ several case studies in order to better
understand the merits and shortcomings of the mdetiblese case studies include two
synthetic case studies (a simple one and a ratiraplex one), a Facies model and a real
reservoir model. In most cases the method is ssfidei®m reproducing the measured data.
The encountered problems, such as parameter oves&isn for the rather complex synthetic
case, are explained and possible solutions areopeah

Second section deals with two newly proposed dlgms combining the EnKF with two
parameterization methods: pilot point method aratigal deformation method. Both methods
are capable of preserving second order statispogperties (mean and covariance). Their
integration with the EnKF ensures preservation e prior model properties during the
assimilation process. Both developed algorithms applied to the simple synthetic case
study. For the pilot point method, the applicatveas successful through an adequate number
and proper positioning of pilot points. In casdlw gradual deformation, the application can
be successful provided the background ensemble aige | enough. However, this
parameterization increases the inherent nonlineanitthe algorithm and may result in
unfavorable effects. For both cases, some impromemmeenarios are proposed and further
applications to more complex scenarios are recordeten

Key words:

History-matching, Data assimilation, Reservoir, &nble Kalman Filter (EnKF), Pilot

points, Gradual deformation, Parameterization
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1 Caractérisation de réservoir et calage d'historique

L'étude d'un gisement pétrolier est un travail midtiplinaire faisant appel a diverses
compétences en géosciences comme la géologieppyggque et l'ingénierie de réservoir.
Le but est de construire un modéle le plus reptatiépossible d'un réservoir en termes de
prévision de la production, de quantification deckrtitude et d'analyse des ressources
pétrolieres. Ceci a motivé le développement de fhmsls de simulations cherchant a
contraindre des modeéles de réservoir a toutesoleséks recueillies sur le terrain: données de
diagraphie, mesures sur carottes, données sismidoesées de production, etc. Les étapes
principales de ce workflow sont les suivantes (Fedl) :
= Modélisation géologique
Pour décrire la structure d'un réservoir pétroliess géologues s'appuient sur les
informations fournies par les diagraphies, les tesp les modéles dépositionnels,
sédimentologiques et stratigraphiques existantdesetaffleurements analogiques. Ces
données sont dites "statiques" car elles ne vapastdans le temps. Les géologues en
déduisent des caractéristigues spatiales des @tépripétrophysiques (porosité,
perméabilité) généralement décrites par des stptest d'ordre 2. Ceci permet d'utiliser
des algorithmes géostatistiques pour générer adisattons équiprobables des propriétés
pétrophysiques qui peuplent un maillage couvramé$ervoir considére: c'est le modele
géologique.
= Mise a l'échelle — Upscaling
La simulation de I'écoulement des fluides dans uremporeux peut étre tres couteuse
en temps de calcul si la grille considérée contiemtgrand nombre de mailles. On
considére donc en général une deuxiéme grille pusssiere: les propriétés
pétrophysiques y sont calculées a partir des valeur modele géologique dans les
mailles fines contenues dans chaque maille gresd@m parle alors de modele réservoir
grossier.
= Simulation d'écoulement
L'écoulement des fluides dans un milieu poreuxdésrit par un ensemble d'équations
complexes, pour lesquelles une solution analytegteconnue dans le cas d'un réservoir
simplifié saturé en eau et huile (Cossé, 1993).sDas autres cas, et notamment les cas

réels, I'nétérogénéité du réservoir nécessite strutkke ces équations numeriquement, en
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utilisant par exemple la méthode des différenaggdi(voir par exemple Cossé (1993) et
Le Ravalec (2005)). On parle alors de simulatetzadilement.

= Calage d'historique

Avant mise en production d'un réservoir, seulesdimsnées statiques sont disponibles.
Elles dépendent de facon linéaire des propriétésm@ysiques et leur intégration dans le
modéle réservoir se fait simplement. Des que layetion commence, le comportement
dynamique du réservoir peut étre observé aux ppaitsles outils mesurant pression et
débit par exemple. Ces données sont dites "dynasiqear elles varient dans le temps.
On distingue en général deux types de données dguam Le premier correspond aux
propriétés associées a chaque maille du modélevo@séelles que la pression et la
saturation, appelées "variables dynamiques" damsiile@ de ce document. Le second
englobe les données de production mesurées awsxquuitme la pression de fond (BHP),
le débit de production d'huile (SOR) ou la peread'(WCT), que I'on nommera valeurs
mesurées, observations ou encore données de pooduct

L'intégration des données de production dans leeéoetservoir, appelée généralement
"calage d'historique”, est rendue difficile parféet que ces données dépendent non-
linéairement des propriétés du réservoir. Le pp@ocest d'ajuster progressivement les
paramétres décrivant le réservoir, tels que leprgtes pétrophysiques, les coefficients
d'activité des aquiféres, la composition des flgj@te., jusqu'a ce que le modele obtenu
reproduise les données de production observéegrdCessus peut étre effectué de facon
"assistée" grace a une boucle d'optimisation. Léthaues dites variationnelles reposent
sur la minimisation d'une fonction objectif mesuréiécart entre données simulées et
données mesurées, en considérant simultanémemstteg observations disponibles.
Pour intégrer de nouvelles mesures, le processpsirdisation doit étre relancé a partir
du meilleur modeéle existant, en comparant toutssdtennées disponibles aux réponses
simulées. Une autre famille de méthodes, dites odéth d'assimilation séquentielles,
integrent quant a elles les nouvelles mesures remomsidérer I'historiqgue passé. Parmi
elles, le filtre de Kalman d'ensemble (noté EnKF¥uscité un fort engouement ces
dernieres années en ingeénierie de réservoir, pemmietotamment de traiter les données
provenant des systemes de surveillance en cor@mumise en ceuvre se révele simple et
indépendante du simulateur d'écoulement utiliséotine, elle fournit un ensemble de

modéles calés, permettant d'estimer l'incertitusides prévisions de production.
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Figure 1 Workflow standard pour la construction demodéles de réservoir.

Le travail de these présenté ici vise a étudiené&hode des filtres de Kalman d'ensemble
comme technique de calage d'historique dans lextmpétrolier. En particulier, nous avons
cherché a mettre en évidence les avantages e¢dimdé cette méthode a travers plusieurs cas
d'application, en termes de qualité du calage etmévisions (sectio). De nouveaux
algorithmes sont également proposeés afin de préssi&wariabilité spatiale des distributions
des propriétés pétrophysiques au cours des astsimdaL'idée est de coupler la méthode
EnKF avec deux techniques de paramétrisation exedala déformation graduelle et les

points pilotes. Ces nouveaux algorithmes sont tedans la sectiod4.
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2 Filtre de Kalman d'ensemble (EnKF)

Dans de nombreux domaines tels que I'écoulemenfluides en milieu poreux, I'un des
problémes majeurs consiste a identifier I'évolutémn systeme au cours du temps en se
basant sur une suite de mesures bruitées de essyst

On définit I'état d'un systeme dynamique, par I'ensemble des variables nécessaires a sa

BN

description a un instant donné, appelées variathémt. Afin d'analyser et de faire des
prévisions sur I'évolution de ce systéme au couwrgednps, au moins deux modeéles sont
nécessaires: le "modéle dynamique" qui décrit lidian de I'état du systéme au cours du
temps, et le "modele de mesure” qui lie les meduma@igees a I'état du systéme (Arulampalam
et al., 2002).

2.1 Filtre de Kalman

Le filtre de Kalman (Kalman, 1960) est une méthd@esimilation séquentielle de données
permettant d'estimer I'état d'un systeme dynamligéaire a partir de mesures bruitées. Il se
déduit de la formule de Bayes, en cherchant so# estimation du maximum de
vraisemblance (Lorenc, 1986), soit une estimatwmihimum de variance (Cohn, 1997). Le
filtre de Kalman peut également étre formulé comumeprobleme moindre carré récursif,
pondéré par l'inverse de la matrice de covariamcéedreur du modele (Wunsch, 1996). I
s'appuie sur quatre hypothéses principales: le modgnamique doit étre linéaire et
constituer un processus de Markov du premier ofdseyariables d'état doivent suivre des
distributions Gaussiennes; les erreurs sur le neodélles erreurs de mesure doivent étre
indépendantes et non corrélées dans le temps.

La méthode du filtre de Kalman se décompose en ddages, appliguées sur chaque
intervalle de temps entre deux acquisitions de nessu I'ébauche (ou prévision) et la

correction (ou analyse).
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2.1.1 L'ébauche

Au cours du pas de temps, le modéle dynamiqud est appliqué pour faire évoluer I'état
initial, ¢, au cours du pas de temps, fournissant ainsiu@m (ou prévision) de I'état du

systémey, ala fin du pas de temps:

v = W) +a L

Le termeq, représente I'erreur du modele dynamique au caugsad de temps. L'incertitude

sur l'étaty, est caractérisée par sa covaria@}g". Si le modele dynamique est linéaire,
CUL,;" peut étre calculé directement (Evensen, 2007g Biodele est Iégérement non linéaire,

cette covariance peut étre estimée par une expadsid aylor def : on parle alors de filtre

de Kalman étendu (EKF). Pour un modele dynamiquiertent non linéaire, le filtre de
Kalman d'ensemble (EnKF) apparait plus approptiéedose sur l'application du filtre de

Kalman a un ensemble d'états du systéme, utiliaé ggtimer la covariance. Pour un nombre

infini d'états,Cg,Lr;," peut étre déterminée par (I'indikea été enlevé pour plus de visibilité):

Co =" ¢y -¢") 2.
W' représente I'état réel du systéme et la barrespond a I'espérance. Dans les applications

réelles, le nombre de réalisations disponibles INiesté et I'état réel du systéeme n'est pas

connu. On utilise alors I'estimation suivante:

CorDWw' -ww' -

3.

ou la barre générale désigne la moyenne sur |'drisaies états et/ I'état moyen calculé sur

I'ensemble.
2.1.2 La correction

Lors de I'étape de correction (ou mise a jouryntaiéle prédity, est contraint aux valeurs

d, mesurées a la fin du pas de temps k par :

Yo = +K(dy —Hyy) 4.
ou
K, =C,yHT(HC,HT +C)™ 5.
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représente la matrice de gain@f. la matrice de covariance des valeurs mesurées [Ban
cas du filtre de Kalman et du filtre de Kalman éienle calcul de la covariano@jj du

modele corrigé est simple. Dans le cas du filtreKdénan d'ensemble, la formule (4) est
appliguée a chagque modele de I'ensemble de pravis@ covariance du nouvel ensemble
obtenu est ensuite estimée par:

Cox OW* -p)@* -¢)' °

En outre, Burgert al. (1998) ont montré que les valeurs mesurées ddvéiem traitées

comme des variables aléatoires afin de préservevat@bilité parmi les membres de
I'ensemble au cours des assimilations. Ces dermsiens donc contraints a des valeurs

mesureées perturbées, différentes d'un membreteel'au
2.2 Mise en ceuvre de la méthode EnKF pour le calage d&torique

L'état d'un réservoir pétrolieyy, est caractérisé a chaque pas de temps par dees te
variables: des variables statiques telles que tagit@ et la perméabilité, notées par la

suite, et des variables dynamiques comme la pressida saturation, noteeg(m). La
fonction g correspond a I'ensemble des équations décrivaatulement en milieu poreux au

cours du temps (modele dynamique). Par ailleursardula vie d'un réservoir, plusieurs
données peuvent étre mesurées aux puits commessasign de fond (BHP), le débit de
production d'huile (SOR) ou la percé d'eau (WCT).

Le vecteur d'état pour chaque membre de l'ensetnlale pas de temps est donc:

v, = 'y 7.
“l g(my ;)

La relation entre valeurs mesurées, variablesgstasi et variables dynamiques n'étant pas

linéaire, les réponses en production simuld§§ sont généralement ajoutées dans le vecteur

d'état:

My 8.
;= g(mk,j)

a
avec
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m, | 9.
d:hi:[o 0 I]* g(mk,j) =H, "¢,

dn
ou on a notéH, l'opérateur de mesure ét la matrice identité. Les étapes d’ébauche et de

correction sont ensuite appliquées a ce vecteulaéms 1 a 5).

2.3 Application de la méthode du filtre de Kalman d'engmble dans

I'industrie pétroliere

Dans l'industrie pétroliere, la méthode EnKF audtiisée en premier lieu pour le calage en
temps réel de données de forage (Lorengteh. ,2001). Ensuite, Neevdal al. (2002) 'ont
utilisé pour contraindre le champ de perméabilitéd dnodele a deux dimensions aux données
de production, permettant ainsi de reproduire ledéf® de permeéabilité et d'obtenir de
meilleures prévisions.

Les modéles en facies n'étant pas continus, le file Kalman d'ensemble ne peut pas leur
étre appliqué directement. Dans Liu et Oliver (200&s parameétres considérés sont donc les
champs Gaussiens tronqués selon des seuils dar&tHade pluri-Gaussienne.

La méthode EnKF a également été appliguée au calagdonnées sismiques 4D. Ces
dernieres donnent I'évolution des attributs sisesgentre deux acquisitions, ce qui nécessite
de combiner le filtre de Kalman d'ensemble et ueeses variantes dite EnNKS (Ensemble
Kalman Smoother). Skjervheirat al. (2005) ont appliqué cette méthode sur deux cas
d’étude : un cas synthétique et un cas de mer dd.Nwur le cas synthétique, I'assimilation
simultanée des données de production et de sismiguepermis une meilleure estimation du
champ de perméabilité. Pour le cas réel, le cadlagedonnées de production a été Iégérement
amelioré en considérant les deux types de données.

Dans Haugermt al. (2006) est présentée une application de la métko#é- a un champ de
mer du Nord pour le calage de données de productiteas paramétres incertains
déterministes sont inclus dans le vecteur d'étahstissibilité des failles, profondeur du
contact eau-huile et huile-gaz. Ce méme type danpetres est considéré dans Evereseh.
(2007) sur un autre champ de mer du Nord, assomieddiscussion sur les avantages de la
méthode EnKF par rapport a d'autres méthodes dgedthistorique.
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2.4 Difficultés de la méthode EnKF

Bien que la plupart des applications de la méthBd&F au calage d'historique soient
considérées comme des succes, plusieurs probleewem affecter ses performances. lls
sont liés notamment a la taille finie de I'ensemlld'hypothése de distribution Gaussienne
des variables d’état, ou encore a la dépendantanfent non linéaire entre variables d’état et
mesures.

La taille finie de I'ensemble peut générer desfacts dans la matrice de covariance, comme
une corrélation forte entre deux points tres élégnUne solution consiste a utiliser des
méthodes dites de localisation, en calculant pamgste un voisinage autour de chaque point
hors duquel la covariance est mise a zéro (Houtekaamd Mitchell, 2001). D'autres
meéthodes sont proposées dans Furrer et Bengstode) (@u Arroyo-Negretet al. (2007) par
exemple.

Lorsque les variables d’état n'ont pas une distiilouGaussienne, une parameétrisation peut
étre utilisée pour les remplacer par d’autres W suivant une loi Gaussienne. Parmi ces
meéthodes, on peut citer la transformation lognoenagipliquée par exemple dans les travaux
de Bertinoet al. (2003) et Gu et Oliver (2006).

Enfin, des approches itératives peuvent étre éfidorsque la dépendance entre les variables
d’état et les valeurs mesurées est fortement maailie (Reynoldst al. (2006), Gu et Oliver
(2007)).
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3 Cas d'étude

L’objectif de ce travail est d’étudier les performeas de la méthode EnKF pour le calage

d'historique a travers différents cas d'étude stighes.

Cas 2D simple (sectiod1)

L’'objectif de ce cas est d'améliorer l'estimationud champ de perméabilité par
I'assimilation de données de production. Le catud@ est assez simple et ne présente pas
de changement abrupt dans I'’écoulement des fluldeffet de plusieurs parameétres est
étudié : taille de I'ensemble, pas de temps d'akdion, incertitude sur les valeurs
mesurées et choix de I'ensemble initial.

Cas 3D issu d'un cas réaliste: variante du cas RSBI(3ectiorB.2)

Le but est d’examiner les performances de la méthenKF sur un cas plus complexe,
avec changements abrupts dans I'écoulement deedllies a des variations des débits de
production cible.

Cas 2D avec modéle en facies (sec8@)

On considére un réservoir synthétigue dans leqhediqurs faciés sont présents. Les
modeles en facies ne peuvent pas étre directerngiiés par la méthode EnKF en raison
de leur caractére discontinu. Ici, les variabl&tadl'considérées sont donc les valeurs du
champ Gaussien utilisé pour générer la distributon facies par la méthode de la

Gaussienne tronquée.

3.1 Cas 2D simple

On considere ici une grille 2D contenant 50x50 leailde dimensions 10 m x 10 m. La

méthode FFT-MA (Fast-Fourier Transform Moving Avgga Le Ravaleet al (2005)) est

77012

utilisée pour générer un champ de perméabilitéétirance sur cette grille (Figure 2). Aprés

transformation logarithmique, la propriétd(kh)est simulée avec une moyenne de 5, une

variance de 2.5, et un variogramme sphérique ao@®t la dimension principale

d’anisotropie faisant un angle de 30 degrés pgar@ I'axe X. Les longueurs de corrélation

sont de 200 et 40 m respectivement.
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Figure 2 Champ In(kh) de référence

Cing puits verticaux sont présents dans le réservaon injecteur d’eau (INJ) au centre et
guatre producteurs dans les coins (PROD1 a PRO& Figure 2). Le débit d’huile cible
imposé aux producteurs est de 48jour. Le débit d’injection d’eau est initialemeté 40
mjour, puis passe a 50 %fjour et 60 nijour aprés 90 et 150 jours de production,
respectivement.

L’objectif de cette expérience est de régenerehbemp de référencln(k) par I'assimilation

des données de production. A ce stade, nous suppadonc connues les données de
production simulées avec le champ de références pas le champ lui-méme. Ces données
sont la pression de fond (BHP), le débit d'huil®FS et la percée d'eau (WCT) représentées
sur la Figure 3 par les courbes rouges. Puis ntaesautiliser la méthode EnKF pour
identifier un ensemble de réalisations de In(k)dibonnées a ces données de production, en
effectuant une assimilation & la fin de chaque mersdant 516 jours (17 mois).

La distribution de I'erreur sur les mesures esipsgpe Gaussienne avec un écart-type égal a

5% des valeurs mesurées.

3.1.1 Calage d’historique avec la méthode EnKF

Un ensemble initial de 50 réalisations de la pebiliéa est généré avec I'algorithme FFT-
MA, en utilisant les mémes propriétés statistioyes pour le modeéle de référence. Les autres
parametres (porosité, perméabilité relative, pogssiitiale,etc.) sont supposés connus.
Le vecteur d’état pour chaque memljrele I'ensemble contient les variables suivantes :

» Le logarithme de la perméabilité dans chaque maiMariable statique):

Ink.,,i =1,...2500

Ji?

= La pression dans chaque maille (variable dynamigé),i =1,...,2500

28



= La saturation en eau dans chaque maille (variaplardique) :Sw;;,i =1,...250Q

= Lapression de fond aux puit8HP, , .k =1..., 5.
= Le débit de production d’huile aux producteusOR, .k =1..., 4.
= Lapercée d'eau aux producteulCT,; .k =1..., 4.

Il est donc défini par :
g, =lnk; 1, InkK; 50N K 55000 Pras Pro2sesPi 25000 W 15 SV 5444, SW; 2500, 10.

BHP, ,,...,.BHP, 5, 0R; ;,...,.0R, ,\ WCT ,,... WCT, ]

La période d'assimilation est prolongée jusqu'a2lfiurs afin d’évaluer la qualité de
prévision des modeles de perméabilité obtenussuéidu calage.

3.1.2 Reésultats du calage d’historique

Nous comparons ici la performance des modeélesainitiet finaux pour le puits PROD3
(Figure 3). Celui-ci est situé dans une région efment perméable qui s'étend jusqu'a
l'injecteur. Le temps de percée d'eau le plus cpedt observé.

On peut voir que les données simulées avec leslewitiaux présentent plus de variabilité
que celles obtenues avec les modeéles corrigés.Figrge 3 (a)-(c) montrent que, pour
certains modéles initiaux, les valeurs simuléeg s@s éloignées des valeurs de référence.
Apres assimilation, elles en sont toutes tres @e¢kigure 3 (d)-(f)), dans la phase de calage

comme dans la période de prévision.

(1)
]
=

)
3]
=

—_ )
m =
= =

[
=

Bottormnhaole Pressure (bars)
Bottormhole Pressure (hars)

m
=

[==]

i 500 1000 1500 i =00 1000 1500
Time (days) Timne (days)

(a) Pression de fond — Ensemble initial (d) Pressiale fond — Ensemble final

29



= Ensemble Member === Engermnble Member
— Reference Model = Reference Model
— Mean Model g — hean hodel

Surface Oil Rate (m3/day)
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(b) Débit d'huile — Ensembile initial (e) Débit d'hule — Ensemble final
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(c) Percée d'eau — Ensemble initial (f) Percée d'ea Ensemble final

Figure 3 Données de production simulées au puits M3 avec les 50 réalisations de I'ensemble initial
(premiére colonne) et de I'ensemble final (deuxiémeolonne). La ligne verticale a 516 jours indiqueal
limite entre la période de calage (0-516 jours) da période de prévision (517-1612 jours). Les coues
grises correspondent aux membres de I'ensemble et tourbe bleue au modéle moyen. Les valeurs de
référence sont tracées en rouge.

L’assimilation de donnée nous fournit donc un erderde modeéles corrigés de perméabilité
pour lesquels les réponses en production simuli@sbeaucoup plus proches des valeurs de
référence que celles de I'ensembile initial.

La qualité du calage pour les données de produpion étre évaluée par I'erreur quadratique

moyenne RMS,, ,;,, qui mesure I'€cart entre données mesurées etrgaggmulées avec

chaque membre de I'ensemble:

1 N, Nltiia(a 11.
R'\/ISprod,l =i _z t Z(dgbs(tj)_dik (tj))2
Ne N j= d k=1

N, est la taille de I'ensembl@y, le nombre d'assimilations &t.. le nombre de données a
assimiler au pas de temﬂ)§ (en général, celui-ci est donné par le nombre uits pu des

données sont observées)est I'indice du membre de I'ensemblg,l'indice du pas de temps
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et k lindice des donnees de productiod:bs(tj) représente la valeur mesurée au pas de

temps k et di"(tj) la valeur simulée correspondante. L'errdeiv1S calculée pour

prod 1
'ensemble initial et I'ensemble final montre ianeu réduction de 8, 23 et 24% pour la
pression, le débit d'huile et la percée d'eau cdseenent.

Un autre aspect important est la capacité de laadéta fournir des modéles pétrophysiques
proches du champ de référence. L'évolution du neodél perméabilité moyen de I'ensemble
au cours des assimilations est présentée sur lme~g Le modéle moyen initial est uniforme.
Apres la quatrieme assimilation, on voit que ddgrogéneités commencent a apparaitre. Ce
pas de temps correspond a la premiére percée diwaproducteurs, au puits PRODS3. Le
modeéle moyen final reproduit la plupart des priat®s caractéristiques du modeéle de

référence. Toutefois, il apparait plus lisse esgnée peu d'hétérogénéités aux petites échelles.

10 10 - 10 - 10

5 5 = 5 g ¥ s

0 0 e —==ll;
(a) Modele de référence (b) Modele initial (f) @™ assimilation (s) 17™ assimilation

Figure 4 Evolution des modéles au cours des assiatibns : (a) Modéle de référence, (b) Modéle moyen
initial, (c) Modéle moyen aprés la #™ assimilation et (d) Modéle moyen aprés la £7° assimilation.

La variance de I'ensemble a chaque pas de tempgwéstntée sur la Figure 5. Du fait des
assimilations, l'incertitude sur le modele, c'esti@ la variance de I'ensemble, diminue, en
particulier autour des puits. Ici, la réduction esgnificative. Ce phénoméne est une

conséguence naturelle de la procédure d’assimilatiis une trop forte diminution doit étre

évitée.
. ] 5 5
.-="'._ e
-
. Pl |:| |:| D
(a) Ensemble Initial (b) £™ assimilation (c) 17 assimilation

4eme

Figure 5 Evolution de la variance : (a) Ensemble itial, (b) Aprés la assimilation et (c) Aprées la 17"

assimilation.

3.1.3 Etudes de sensibilité

Plusieurs parametres peuvent affecter la performdada méthode EnKF, comme la taille de

'ensemble, le pas de temps d’assimilation, le aivede lincertitude ou le choix de
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'ensemble initial. Dans cette section, nous préaseiune série de tests visant a étudier le

comportement de la méthode pour différentes cordignns de ces parameétres.
3.1.3.1 Effet de la taille de I'ensemble

La méthode EnKF estime la matrice de covariance w@embles d’'état en utilisant un

ensemble de réalisations pour ces variables. Emewntgnt la taille de I'ensembldy ,
l'erreur sur cette approximation diminue seléf/N , ce qui devrait donc permettre de

limiter les corrélations factices dans la matrieecdvariance. Cependant, augmenter la taille
de I'ensemble nécessite également plus de tempsaldel pour réaliser les simulations
d'écoulement supplémentaires. |l s'agit donc deveoun bon compromis entre la précision
obtenue sur la matrice de covariance et le temgsidel. Le choix de la taille de 'ensemble
dépend de l'application considérée, mais un ensemdltaille 100 apparait généralement
consensuel dans la littérature. Dans cette seatious considérons le méme cas d’étude que
préecédemment, en faisant varier la taille de lI'emMde a 100, 200 et 500. Le niveau
d’incertitude sur les valeurs mesurées et le passithilation sont inchangés.

Comme nous pouvons le voir sur la Figure 6 (a){@)ogarithme de la perméabilité moyen
de I'ensemble final présente quelques caractéuissicspatiales similaires a celles du modele
de référence. En augmentant la taille de I'ensentdde moyenne apparait plus lisse. La
Figure 6 (e)-(h) présente la variance des ensenfibi@sx. On peut voir que cette derniére a
diminué, notamment autour des puits. Toutefoig apiparait tres faible pour des ensembles

de petite taille, 50 notamment.

> 10 10 10 10

e _

L g :

s P s b 5 5 5
- Wy i 0 0

(a) Moyenne finale — 50 (b) Moyenneflnale 100 (Moyenneflnale 200 (d) Moyennefinale 500

| E

(e) Variance finale — 50 (f) Variance finale —100 (g) Variance finale — 200 (h) Variance finale — 500

Figure 6 Moyenne et variance des modeles de In(kfihaux, pour des ensembles de taille 50, 100, 200 e
500.

En ce qui concerne les données de production,diesirs simulées avec les ensemble finaux
permettent de régénérer le modéle de référencexmijieel les ensemble initiaux, et ce quelle

gue soit la taille de I'ensemble. De plus, I'échatdonnées de production apres la période du
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calage d’historique augment avec un ensemble parslgCe fait est une conséquence directe
de préservation de la variation dans les ensenfliiasx. Les améliorations obtenues en
utilisant un ensemble de taille 200 ou 500 plutdug ensemble de taille 100 sont moins
importantes que lorsque I'on passe de 50 a 100eridemble de taille 100 semble le plus

approprié pour ce cas.
3.1.3.2 Effet du pas de temps d’assimilation

L’'assimilation des données de production appaedessaire lors de forts changements dans
I'écoulement des fluides. Le pas de temps d’asatioit ne doit pas étre trop court (pour
eviter que les données ne soient corrélées et dadbtes) ni trop long afin de bien capturer les
non linéarités de I'écoulement. Trois expérienaasédé effectuées pour déterminer I'effet de
ce parameétre, en conservant les autres paramettesnigés :

= 1°®expérience : deux assimilations par mois.

- 2eme

expérience : une assimilation par mois (configaratitilisée précédemment).

- 3eme

expérience : une assimilation tous les deux mois.
En réduisant le pas d’assimilation, on constate, glebalement, le RMS des données de

production diminue.
3.1.3.3 Effet de l'incertitude sur les valeurs mesurées

L'incertitude sur les valeurs mesurées, c'est-@-tiécart type du bruit sur les mesures,
dépend de l'incertitude des outils de mesure, uleplesitionnement, etc. Ainsi, elle varie d'un
cas a l'autre et doit étre fixée au début de laguore d’assimilation. Ce niveau d'incertitude
est repris ici pour générer I'ensemble des mespeesirbées. Le cas étant synthétique, nous
avons considéré trois niveaux d’incertitude : 194 &t 10% de chaque valeur mesurée. Les
autres parametres d’assimilation sont les mémegpioedemment.

Les résultats obtenus suggéerent qu’une incertittme faible peut poser des problemes en
conduisant a une variance tres faible de I'ensenfhilee probleme est évité, le choix de

I'incertitude sur les valeurs mesurées est de nmmeidportance.
3.1.3.4 Effet de I'ensemble initial

L’ensemble initial doit étre représentatif de I'asp des modeles a priori. De plus, les
modeles corrigés par la méthode EnKF deviennergrdfgmts, et un seul ensemble final ne

suffit pas pour faire des prévisions fiables (Thetial., 2008). On cherche ici a comparer les
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résultats obtenus avec différents ensembles iritd1 méme taille pour la prévision de la
production cumulée d’huile.
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(a) Ensembles initiaux (b) Ensembles finaux

Figure 7 Box plot de la production cumulée d'huilepour 10 ensembles (a) ensembles initiaux, (b) ensels
finaux.

A cette fin, le méme scénario d'assimilation eglligpé a dix ensembles initiaux de taille 50.
Les valeurs de la production cumulée d'huile siewi la fin de la période de prévision avec
les ensembles initiaux et finaux sont comparéedaskigure 7. La ligne horizontale indique
la valeur de référence. Elle apparait donc dan®uechette de valeurs simulées avec les
ensembles initiaux. Aprés assimilation, les préalist varient encore d'un ensemble a l'autre,
méme si les différences sont réduites. La valeuréfierence est située entre les quartiles
supérieur et inférieur pour la plupart des ensembiénsi, nos résultats suggerent que les
prévisions sont plus crédibles lorsque I'expérieastrépétée pour plusieurs ensembles de

méme taille.

3.2 Cas 3D issu d'un cas réaliste : variante du cas PUNS3

Un cas d’étude plus complexe que celui considéns ¢ section précédente est nécessaire
pour examiner les performances de la méthode. @eiad&re donc ici une variante du cas
d’étude PUNQ-SS3.
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3.2.1 Modele de réservoir et propriétés pétrophysiques

Le cas d'étude PUNQ-S3 est un modele standard tite paille défini a partir d'un champ

réel opéré par EIf Exploration et Production poéaliser des benchmarks. Une description

complete de ce cas est disponible sur le sitenatedu projet PUNQ et dans Floes al.

(2001).

Tors
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PUMNQS XY plane 1

Figure 8 Toit du réservoir et positionnement des pits (issu du site internet du projet PUNQ)

Le modele réservoir est construit sur une grilletaile 19x28x5. Les mailles ont pour

dimension 180 m dans les directions X et Y, lewmiggeur étant variable. 1761 d'entre elles
sont actives. La production est assurée par 6 pBRO-1, PRO-4, PRO-5, PRO-11, PRO-12

et PRO-15 (Figure 8). La distribution de la por®sit de la perméabilité horizontale est

géneérée aléatoirement avec les caractéristiquesédendans le Tableau 1, les valeurs de

référence étant celles présentées sur les FigeteFgyure 10. La perméabilité verticale est

égale a la perméabilité horizontale. On chercheaiggénérer des modeles de porosité et

perméabilité proches des valeurs de référencegsairhilation des données de production.

Tableau 1 Caractéristiques des propriétés pétrophygues (porosité et log de perméabilité) dans chaque

couche du réservoir

Couche 1 2 3 4 5
Moyenne de la porosité 0.1722 0.0802 0.1677 0.1615 0.1892
Variance de la porosité 0.0078 0.0004 0.0050 0.0006 0.0049
Moyenne de In (kh) 2.18 1.41 2.24 2.47 2.49
Variance de In (kh) 3.14 0.74 3.26 5.64 3.72
Longueur de corrélation (m) 3500 750 6000 1500 3750
Ratio d’anisotropie 0.286 1.0 0.25 0.50 0.333
Azimut (degré) 30 0 45 -30 60
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Figure 9 Porosité de référence dans les cing couche
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Figure 10 Ln(kh) de référence dans les cinq couches

3.2.2 Schéma de production

Contrairement au cas PUNQ-S3, le réservoir ne eonici que de I'eau et de I'huile (le gaz

n'est pas considéré). Le schéma de productioe ssiivant :

= Une année d'essais de puits comprenant quatredeéride production de trois mois
pendant lesquelles des débits cibles de produdtimrile de 100, 200, 100 puis 50/four
sont imposés aux puits.

= Trois années de fermeture des puits ;

= Quatre années de production, pendant lesquellefhit cible de production d'huile de
100 n¥/jour est imposé, avec fermeture des puits penidandeux derniéres semaines de
chaque année.

Ces 8 années constituent la période d'assimilgpiamipngée par une période de prévision de

8.5 années. 13 pas d’assimilation sont considéuiscorrespondent aux changements des

débits de production.

Les incertitudes sur les valeurs mesurées sontl&<2pour la pression, 2*fjour pour les

débits et 0.02 pour la percée d'eau.
3.2.3 Procédure d'assimilation

La taille de I'ensemble est fixée a 50. Etant dogué le modéle contient 1761 mailles

actives, les variables d'état sont les 1761 valearsespondantes de porosité, perméabilité
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(variables statiques), pression et saturation ar(\e&iables dynamiques) dans ces mailles. Le

vecteur d’état pour le membreet le pas de temgds est donc défini par :

¢y ; =ltrans(@, ; )),....trans(@, ; , )transkh ; ,),...frans khy ;). 12.
PeiarPaing s Sujar oS i, e jareOi i, ]

N, est le nombre de mailles actives dans le modeld ele nombre total de données de

production. ¢, ;;, kh ;;, B, et Sy, représentent la porosite, permeabilité, presston e

saturation en eau dans la mailleet d, ;; les données de production simulées. La fonction

trans définit la transformation appliquée aux varialdesgtiques pour s'assurer que leur valeur

soit encore physique aprées correction par le filtre

¢

1. Pour la porosité : trans(¢) =log(——)

1-¢
2. Pour la perméabilité : trans(kh) = log(kh)

3.2.4 Reésultats du calage d’historique

Nous comparons ici la performance des modélesaindtiet finaux pour le puits PRO-5
(Figure 11). Comme pour le cas précédent, on peutque les valeurs simulées avec les
membres de I'ensemble initial présentent une feargation autour des valeurs de référence,
certaines étant tres éloignées de ces valeurss/Agssmilation, les valeurs simulées sont plus
proches des données mesurées. Le modele pétropaysigyen calculé sur 'ensemble final
reproduit mieux les valeurs de référence que caaiculé sur I'ensemble initial.
L'assimilation permet également de beaucoup mieproduire les percées d'eau, méme si le
résultat obtenu n'est pas encore acceptable. [a fgénérale, les données de percée d’eau
sont plus difficiles a caler du fait de leur dépamck tres fortement non-linéaire avec les
variables statiques. Les prévisions obtenues poyrdssion et le débit d'huile apparaissent
raisonnables, tandis que celles pour la percée d@a peu fiables suite au mauvais calage de

ces données.
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Figure 11 Données de production simulées au puitsR®-5 avec les 50 réalisations de I'ensemble initial
(premiére ligne) et final (deuxiéme ligne). La lige verticale a 2936 jours indique la limite entre Igpériode

de calage (0-2936 jours) et la période de prévisiq@a937-6025 jours). Les courbes grises corresponderux
membres de I'ensemble et la courbe bleue au modéleoyen. Les valeurs de référence sont tracées en
rouge.

Nous avons réitéré le processus d'assimilatiorriir pi@ quatre autres ensembles initiaux de
taille 50. Ceci nous a permis d'observer que le RdSles données de production variait
significativement d'un ensemble a l'autre, surt@aur la percée d'eau. Cependant, ces

différences s'estompent pour des ensembles de 18i.
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Figure 12 Porosité moyenne de I'ensemble final damss 5 couches.
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Figure 13 Perméabilité moyenne (In kh) de I'ensemblfinal dans les 5 couches.

Les modeles moyens de porosité et perméabilitéh()ipbtenus apres 13 assimilations sont
présentés sur les Figure 12 et Figure 13. On ypueér les principales caractéristiques des
modeles de référence. Par ailleurs, la porositéugsistimée dans les couches 1, 3 et 5. Selon
Devegowdeet al. (2007), cette surestimation est due aux corrélatfausses dans la matrice
de covariance, induites par la taille finie de $emble. Ce probleme peut étre évité par des

méthodes de localisation.

3.2.5 Etudes de sensibilité

Nous avons effectué une série d’études de semsibilir les mémes parametres que pour le
cas synthétique 2D, avec des conclusions tres gsoch
= En augmentant la taille de 'ensemble, les donmi&eproduction sont mieux calées.
Ceci est le plus visible quand la taille de I'enblmpasse de 50 a 100, une
augmentation a 200 ou 500 ayant moins d'effet.llsemble qu’'une taille de 100 a
200 soit appropriée pour le calage avec la méthmdd-.
» Le niveau d’incertitude sur les valeurs mesuréestrpas un parameétre influent pour
I'assimilation des données.
= En diminuant le pas de temps d’assimilation, leangements significatifs dans
I'écoulement des fluides sont mieux capturés. Rmer taille d’ensemble donnée, une
diminution du pas de temps améliore le calage desé@ks de production. Ceci est
d'autant plus visible lorsque I'on augmente sinmdltaent la taille de I'ensemble.

3.3 Cas 2D avec modele en facies

Les modéles en faciés sont utilisés pour décriférdnts types de roche et milieux de dépbts
dans les réservoirs. Dans un tel modéle, il existec un nombre fini de facies avec des
propriétés pétrophysiques spécifiques. Ces modaedtant pas continus, les contraindre aux
données dynamiques avec la méthode EnKF ne pdairsedirectement en les considérant
dans le vecteur d'état. Ici, nous utilisons la mééhde la Gaussienne tronquée pour générer
des distributions en faciés, ce qui nous a coragibnsidérer dans le vecteur d'état le champ

Gaussien tronqué selon les proportions de chaquesfa
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3.3.1 Méthode de la Gaussienne tronquée

Supposons que le réservoir contiemmefacies. Pour simuler ces faciés, on peut par elemp
appliguer m-1 seuils de troncature a une fonction aléatoire €anse centrée réduite et
attribuer chacune de® zones obtenues a un des facies. Ceci est a lalbdaanéthode de la

Gaussienne tronquée (Figure 14).

S Y1 Y2 Y3 Ya Ym-2 Ym1 .
® ® ® ® 7 @ ® 7Y
C v A ~ A A _J — A ~- ~/

Iy 2 I3 l4 Im1 Im
Figure 14 Méthode de la Gaussienne tronquée, gst le seuil correspondant au facies. |

La fonction aléatoire Gaussieniéx) prend ses valeurs dams. Les fonctions indicatrices
I, (X),i =1,...,m représentent chacun des faciés définis par les seuilg.i =1,....m :

I (x) =1, —0=y, <Y, <..<Yy_, <Yy <..<y =+ 13.

4SY(X)<Y;
Ces seuils sont choisis de maniere a reproduinertgsortions de chaque facigs :

y :G‘l(i p;) ,i=1..m-1 14.

j=1
Dans cette formuleG est la fonction de répartition d'une variable Gagsne centrée
réduite.
La méthode de la Gaussienne tronquée est appropoigéeles modeles en faciés simples.
Pour les cas plus complexes, son extension, laadétipluri-Gaussienne, peut étre plus
appropriée. Pour I'ajustement des modéles en fasies la méthode EnKF, la fonctiof{x )
est considérée comme la variable statique. Le$ss#giitroncature sont ensuite appliqués pour

déterminer la distribution en faciés.
3.3.2 Modeéle de réservoir

Le modéle réservoir est construit sur la mémeegujle le premier cas d’étude, de taille
50x50. Deux types de facies sont considérés plasede une faible perméabilité de 100 mD
et une proportion de 30%, tandis que le deuxiénérés perméable (perméabilité de 1000
mD). La porosité est uniforme et vaut 0,18. Le cha@aussien auquel est appliqué la

troncature est genéré par l'algorithme FFT-MA, ensidérant un variogramme sphérique et
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une direction principale d’anisotropie définie parangle de 60 degrés par rapport a I'axe X.

Les longueurs de corrélation sont 300 et 40 m rts@enent.
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(a) Plan de seuillage pour les faciés (b) Perméal#l de référence

Figure 15 (a) Plan de seuillage pour les facies (Berméabilité de référence : le bleu correspond aacies 1

et le rouge au facies 2.

Le principe de troncature décrit sur la Figure 4bgst appliqué pour attribuer les valeurs de
facies / perméabilité a chaque maille. Tout d'abtardialeury, correspondant a une densité
de 0,3 de la fonction de répartition est détermirigesuite, chaque maille dans laquelle le
champ Gaussien a une valeur supérieug ast attribuée au faciés 2 (avec une perméabilité
de 1000 mD). Les autres sont attribuées au facigvdc une perméabilité de 100 mD). Le
champ de perméabilité de référence est présenta Bigure 15 (b).

Cing puits sont présents dans le réservoir (4 preduws et 1 injecteur) avec la configuration
de la Figure 2. Un débit cible en huile de 2®jour est imposé aux producteurs, pour un
débit d'injection d'eau de 80 ifjour. Les données de production (pression de foiéthjt
d'huile, percée d'eau) sont obtenues en effectuansimulation d’écoulement sur le modele

de référence pendant 304 jours (10 mois).
3.3.3 Procédure d'assimilation

Les données de production sont assimilées a laldichague mois pendant 10 mois. La
distribution de l'erreur sur les mesures a un égge €gal a 5% de leurs valeurs. Un
ensemble de 50 réalisations Gaussiennes centréestes® est considéré. Le seuil de
troncature est appliqué a chacune d'elles afinedérgr les distributions en faciés. Le vecteur

d’état pour chague membre d’ensemblest donc défini par :
= La réalisation de la fonction aléatoire Gaussieda@s chaque maille (variable

statique) Y, , i =1,...,250Q

J
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= La pression dans chaque maille (variable dynamigé),i =1,...,250Q

» La saturation en eau dans chaque maille (variablardique) :Sw. . ,i =1,...2500 .

i
= Lapression de fond aux puit8HP, , .k =1..., 5.

= Le débit d’huile aux producteursOR; .,k =1..., 4.

= Lapercée d'eau aux producteulCT,; .k =1..., 4.

Donc, le vecteur d’état devient :
Wi =1Y,0.Y 20 2500 Prao P oo P asoor SW, 10 SW, 5.0 SW, 00, 15.
BHPjyl,...,BHPj’S,SORji,...,SORjA,V\ICTJ"l,...,V\ICTM]

La période de calage est prolongée par une pédegeevision de 305 jours.
3.3.4 Résultats du calage d’historique

Les données de production simulées avec les enssmbtiaux et finaux sont comparées
pour le puits PROD3 sur la Figure 16. Les résulpatsr les autres puits sont similaires. On
peut observer que les modeles corrigés permeteergirduler des réponses aux puits plus
proches des valeurs de référence que les modéliesnin L'assimilation entraine donc une

forte diminution de la variation des données simsil@utour des valeurs de référence.
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— Reference Model
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Figure 16 Données de production simulées au puit)®D3 avec les 50 réalisations en faciés de I'ensdmb
initial (premiére colonne) et final (deuxiéme colone). La ligne verticale noire a 304 jours indiqued limite

entre la période de calage (0-304 jours) et la pé&de de prévision (305-1612 jours). Les courbes ggs
correspondent aux membres de I'ensemble. Les valeude référence sont tracées en rouge.

L’assimilation de donnée a permis de diminuer le Rk la pression de fond, du débit
d'huile et de la percée d'eau de 14, 61 et 51%caspment.

Sur la Figure 17 , on peut voir les distributiomsprméabilité initiales et finales pour quatre
membres de I'ensemble. Les modéles initiaux org &g générés avec la méme procédure et
apparaissent tres différents. Aprés assimilatids, présentent des caractéristiques tres
proches, dont la plupart se retrouvent dans le taatieréférence.

1000 1000 1000 1000

(a) Membre 1 — Initial (b) Membre 2 - Initial (c) Membre 3 — Initial (d) Membre 4 — Initial
1000 1000 1000 1a0a

. HEDD . HEDD . HEDD . HEDD
(e) Membre 1 — Final (f) Membre 2 - Final (g9) Membe 3 — Final (h) Membre 4 — Final

Figure 17 Valeurs initiales (premiére ligne) et fimles (deuxieme ligne) de 4 membres de I'ensembles L
bleu correspond au facies 1 (avec une perméabilitde 100 mD) et le rouge au faciés 2 (avec une
perméabilité de 1000 mD).

Les distributions mises a jour dans le vecteurad'@u cours des assimilations restent
Gaussiennes, mais leur moyenne et variance subiskEn changements. Le seuil de
troncature utilisé ne permet donc pas de présdegproportions de facies initiales. Les

proportions obtenues pour le faciés 1 au couragsimilations sont les suivantes :

Tableau 2 Proportion du facies 1 au cours des assiations
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Pas de temps

8

10

Proportion

0.2956

0.2851

0.2802

0.2711

0.2600

0.2770

0.2578

0.2622

0.2544

0.2560

0.2470
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4 Méthode EnKF et paramétrisation

Les modeles numériques de réservoir sont constiteésilliards de mailles auxquelles sont
associées des propriétés pétrophysiques telledagperosité et la perméabilité. Une grille
plus grossiere est généralement utilisée pouriteslations d’écoulement, mais le hombre
d’'inconnues reste trés élevé. Des méthodes de paiaation ont donc été développées, qui
permettent de perturber le modele géologique avenambre réduit de parametres tout en
conservant ses propriétés spatiales. Parmi eliggefit la méthode des points pilotes (de
Marsily, 1984) et la méthode de déformation gra@ugiu, 2000).

L'objectif de cette partie est de combiner ces d&ohniques de paramétrisation avec la
méthode EnKF. On cherche ainsi a conserver la hiitéaspatiale initiale des modéles au
cours des assimilations. Ceci peut améliorer ldopmance du filtre, comme par exemple
éviter le probleme de surestimation des paramebess les algorithmes développés, la
meéthode EnKF est appliquée a un petit nombre denpetres statiques permettant de mettre a
jour tout le modele géologique (porosité, permd@dil Toutefois, ces paramétrisations
renforcent la non linéarité des dépendances eatiables d’état et données de production, ce
qui peut influer sur la performance de la méthode.

4.1 Algorithme combinant les méthodes EnKF et points potes

La méthode des points pilotes permet de pertuebegdlisation d’'une propriété donnée tout
en conservant sa variabilité spatiale. L'idée estmbdifier la valeur de cette propriété en
certains points, appelés « points pilotes », etpdgpager ces perturbations a toute la
réalisation par krigeage. Si les points pilotes soiffisamment espacés, la variabilité spatiale
définie par le variogramme est préservée. Lors gduocessus de calage d’historique, les
valeurs de la propriété aux points pilotes sonsim#rées comme des paramétres d’inversion

et ajustés automatiquement dans la boucle d’opiiois.
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4.1.1 Formulation mathématique de la méthode des pointsijotes

Considérons une réalisation non conditioniyéd’'une propriété donnée et points pilots. La
réalisationy peut étre conditionnée a de nouvelles valeurspmirts pilotes par krigeage

(Chiles et Delfiner, 1999):

Ye (U) = Yo () +LY(U) =y ()] 16.

Le vecteuru indique la position)y, est I'estimateur de krigeage sur les donnéegjstsiet

les nouvelles valeurs aux points pilotesyet I'estimateur par krigeage sur les valeursyde
aux points pilotesy_ est une réalisation de la propriété considérésfaisiant les nouvelles

valeurs aux points pilotes.

4.1.2 Algorithme combinant les méthodes EnKF et points potes

Le principe de cet algorithme est de ne considéserme variables d’état statiques que les
valeurs des propriétés pétrophysiques aux poitdsepi La méthode complete est résumée
sur la Figure 18.

Considérons un ensemble initial, appelé « ensemblbase», contenant N réalisations de
chaque propriété statique incertaine générées delomodele a priori, et un ensemble de
points pilotes. A chaque pas d’assimilation, lahnde se décompose en deux étapes :

1. L’ébauche

= Chaque réalisation de I'ensemble de base est comaite aux valeurs aux points
pilotes obtenues a I'assimilation précédente. Lasvalles réalisations obtenues
forment I'ensemble EnKF.

» Une simulation numérique d’écoulement est effecai@echacune des réalisations
de 'ensemble EnKF sur la période considérée. figlenet d’alimenter le vecteur
d’état qui contient les valeurs aux points pilc@ssi que les variables dynamiques
et réponses prédites aux puits.

2. La correction
= |’étape de correction de la méthode EnKF est appkoau vecteur d’état
» Les valeurs corrigées des propriétés statiquespauxs pilotes et des variables

dynamiques forment 'état initial du pas de temyigant.
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Figure 18 Algorithme combinant les méthodes EnKF gpoints pilotes

Notons que les valeurs initiales aux points pildf@®miere assimilation) sont extraites de
'ensemble de base. Les variables dynamiques qgamnelent a I'état d’équilibre du réservoir

avant production.

4.1.3 Application au calage d’historique

On considere ici le cas 2D simple utilisé danselaien 3.1. 50 réalisations de la perméabilité
sont genérées pour former I'ensemble de base. ifiésethtes configurations de placement
des points pilotes utilisées sont détaillées darsettiond.1.4. Le vecteur d'état pour chaque
membre de 'ensemble est le suivant :

= Le logarithme de la permeabilité¢ aux points pilo{eariable statique) in(k,;),
i =1,...,Nombre de points pilotes
= La pression dans chaque maille (variable dynamigé),i =1,...,2500

» La saturation en eau dans chaque maille (variablardique) :Sw. . ,i =1,...2500 .

jir

= Lapression de fond aux puit8HP, , .,k =1..., 5.

= Le débit de production d’huile aux producteusOR, .k =1..., 4.
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= Lapercée d’eau aux producteutdCT,; .k =1...4.

Donc, le vecteur d’état devient :

1/ :[In(kpl)""’In(kps)’Pl""’PZSOO SV 5D 9500 4 17.
BHRE,...,.BHPF,,SOR,,...SOR, WCT, ,..\WCT,

Les périodes de calage d’historique et de prévismn inchangées.
4.1.4 Positionnement des points pilotes

Quatre scénarios de positionnement des pointsepilsbnt considérés afin d’examiner la

performance de I'algorithme proposé (Figure 19).

| 1
(a) Configuration 1 (b) Configuration 2
1
| 1| 1
1|
g 11 11
(c) Configuration 3 (d) Configuration 4

Figure 19 Configurations des points pilotes, repré&sités par les points noirs.

Dans la premiére configuration, les points pilatest placés aux puits, et sont donc séparés
de plus dune longueur de corrélation du champ dempabilité. Dans la deuxieme
configuration, les points pilotes sont placés pies bords entre les puits producteurs, a
équidistance de chacun d’eux. Pour obtenir lesigordtions 3 et 4, des points ont été
ajoutées a la premiére configuration. Dans le ¢d83oints sont considérés, situés aux puits
ou placés a intervalles réguliers sur les lignéankl'injecteur et les producteurs. On cherche

ici a capturer les hétérogénéités du milieu damss dieections principales d’écoulement.
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Toutefois, la distance entre deux points pilotesit pétre inférieure a la longueur de

corrélation. La configuration 4 comprend 37 poipitstes : 5 placés aux puits et 32 selon un
maillage régulier couvrant tout le réservoir. Cetbmfiguration ne permet pas d’assurer une
distance entre deux points supérieure a la longdeworrélation, mais a été testée afin de

voir si I'algorithme était alors capable de régénées hétérogénéités a I'échelle fine.

4.1.5 Résultats du calage d’historique

Les résultats de I'assimilation des données deyataxh pour les 4 configurations sont
compareés sur la Figure 20 pour la pression de {@4P) au puits PRODS. Les valeurs

obtenues avec I'ensemble initial sont donnéesaskigure 3.

300 1

o]
"
=

Bottomhole Pressure (bars)
= = a
= m =
[ o o

Bottomhole Pressure (bars)

m
=

. . il . .
0 500 1000 1500 0 a00 1000 1500

Time (days) Tirme (days)
(a) BHP — Configuration 1 (b) BHP — Configuration 2

100

Bottomhole Pressure (bars)
Bottornhole Pressure (bars)

a0

0 500 1000 1500 i a00 1000 1500
Time (days) Time (days)

(c) BHP — Configuration 3 (d) BHP — Configuration 4
Figure 20 Pression de fond au puits PROD3 pour lesnsembles finaux: (a) Configuration 1, (b)
Configuration 2, (c) Configuration 3 et (d) Configuation 4.
Nous pouvons observer gu’en ajustant les valewsaints pilotes des configurations 1, 3 et
4, le calage est amélioré et la dispersion desix@kmulées autour des données diminue. La
configuration 2 ne permet pas de reproduire legural de référence : les points pilotes
doivent étre placés la ou I'’écoulement est sigaific
Les ratios de I'erreur RMS des données de produ¢équation 11) entre I'ensemble final et

'ensemble initial sont donnés dans le Tableaud@n@e on pouvait s’y attendre, les résultats
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les plus mauvais sont ceux de la configuratione€célage s’améliore en ajoutant des points

répartis progressivement dans tout le réservoir.

Tableau 3 RMS;qq4,1 pour les quatre configurations de points pilotes

RMS BHP OPR WCT
Configuration 1 0.89 0.88 0.87
Configuration 2 0.99 0.98 0.98
Configuration 3 0.62 0.88 0.89
Configuration 4 0.64 0.82 0.83

La moyenne et la variance de I'ensemble des réalisadu logarithme de la perméabilité
sont présentées sur les Figure 21 et Figure 22oBsidérant les points pilotes loin des puits
comme dans la configuration 2, I'algorithme ne peas$ reproduire les caractéristiques du
modele de référence. Ceci montre que les pointstegil doivent étre positionnés la ou
I'écoulement des fluides est significatif.

10 ¥ 10 - = 10 10

5 - 115 |3 | P

0 - 0 - . il
(a) Config. 1 — Final (b) Config. 2 — Final (c) Cdig. 3 - Final (d) Config. 4 — Final

Figure 21 Moyenne de I'ensemble des modeéles In(kbdur les quatre configurations.

5 ] 5 5
0 0 a a
(a) Config. 1 — Final (b) Config. 2 — Final (c) Cdig. 3 - Final (d) Config. 4 — Final

Figure 22 Variance de I'ensemble des modeles In(kppur les quatre configurations.

Pour les configurations 1, 2 et 4, les modelesufin@produisent quelques caractéristiques du
modéle de référence (a grande échelle), partieutient autour des points pilotes (Figure 21).
De plus, la variance des modeles finaux a diminoéamment autour de ces points (Figure
22). Plus d’hétérogénéités sont visibles sur laenaog finale de la configuration 4 car on y
considéere plus de points pilotes placés de mamégeliere dans tout le réservoir. La

diminution de la variance y est aussi plus impdgan

4.2 Méthode permettant de combiner EnKF et déformationgraduelle

La méthode de la déformation graduelle a été initedpar Hu (2000). Elle repose sur la

combinaison de fonctions aléatoires Gaussiennad s mémes propriétés statistiques avec
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une pondeération telle que ces propriétés soieriedgmt satisfaites par la fonction aléatoire
Gaussienne en résultant. Cette technique permgiedarber toutes les réalisations d’'une
fonction aléatoire Gaussienne avec peu de parasnetoeit en générant de nouvelles

réalisations de cette fonction.
4.2.1 Formulation mathématique de la méthode de déformatin graduelle

Considérons deux realisationy, et y, de deux fonctions aléatoires Gaussiennes

indépendante¥, etY, de méme moyennm et covarianceC . Alors, pour tout paraméetrig

y—m=(y, —m)cosgt) +(y, —m)sin(z) 18.

définit une réalisation d’une fonction aléatoireuSsienneY de moyennem et de covariance

C. t est le paramétre de déformation graduelle. Cattendle est périodique eh sur

-1<t<+1. Sit=0, y est égal ay, ; si t=12, y est égal ay,. Des perturbations

continues de entrainent des changements continuyde

La déformation graduelle peut étre utilisée poumbmer plus de deux réalisations.

ConsidéronsM fonctions aléatoires Gaussienr{élf§,Y2,...,YM} de moyennam et covariance

C, et un ensemble de réalisatio[rﬁ, yz,...,yM} de ces fonctions aléatoires. Alors, pour tout

ensemble de M-1 parameétres de déformation grad{.tga,ltg,...,tM_l} ,
M-1 M-1 M-1 19

y-m= ” (y, —mjcosg;) + ;sin(ti )j|:i|+1008¢,- )(Yisg —M)

définit une réalisationy d’une fonction aléatoire Gaussienne de moyemmet covariance

C.

Si la déformation graduelle est appliquée a desisbhlancs Gaussiens, il est possible de

réaliser des déformations locales. Dans ce casyalesrs différentes des paramétres sont

appliguées a des régions séparées du réservoir.
4.2.2 Algorithme combinant la méthode EnKF et la déformaion graduelle

L’idée principale de cet algorithme est de congdéomme variable statique dans le vecteur
d’état des parametres de déformation graduellesésilpour combiner un ensemble donné de
réalisations des propriétés pétrophysiques (p@&opigrméabilité), appelé ensemble de base.
Chaque ensemble de parametres définit un modetrvas sur lequel est réalisée une

simulation d’écoulement. Les distributions des pitgs pétrophysiques mises a jour par le
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filtre appartiennent donc a l'espace défini pam$emble de base, et respectent ainsi
l'information a priori. La déformation graduelleupeétre appliquée sur les réalisations de
chaque propriété ou sur les bruits blancs Gaussiglises pour générer ces réalisations, par
exemple par la méthode FFT-MA.

L’algorithme est schématisé sur la Figure 23. Gi#rsins tout d'abord le cas ou la

déformation graduelle est appliquée sur les rdaissdes propriétés pétrophysiques.

Parametres de déformation —'I Ensemble de bas

aradiielle initiany

Données dynamiques

Ensemble EnKF initiales

Ebauche

Données dynamiques

d’ébauche

Correction EnKF

Paramétres de déformation Données dynamiques
graduelle corrigés corrigées

Figure 23 Workflow de I'algorithme combinant la méthode EnKF et la déformation graduelle.

Supposons connus, pour chaque propriété pétroplesion ensemble de base contendnt
réalisations indépendantés,i =1,...,M de cette propriété ainsi que ensembles dévl -1
parametres de déformation graduc{tljel,tm,...,tj'M_l}, j=1..,N, générés aleatoirement
selon une distribution uniforme. Ces parametre®ntéeconsidérés comme des variables
statigues dans le vecteur d'état aprés transfoomaties variables d'état devant étre
Gaussiennes. A chaque pas de temps d'assimildiométhode se décompose en deux
étapes :
1. L’ébauche

= Les parameétres de déformation graduelle sont apgdica 'ensemble de base,

générant ainsN realisationse;, j =1,...,N pour chaque propriété pétrophysique :
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Vi M1 M-1 20.
e = I:I (b)cost;;) + Zsm(t“) |_| cost;,)(0..)

k=i+1

b, représente les réalisations centrées reduite®nigemble de fond. La formule
(20) nous donne donc des realisatienscentrées réduites qui doivent ensuite étre

transformées pour vérifier la moyenne et varianeela propriété. L'ensemble
obtenu est appelé ensemble EnKF.
= Une simulation numérique d’écoulement est effectaée chaque modéle de
'ensemble EnKF jusqu'au pas de temps d'assimilaiovant. On peut ensuite
construire le vecteur d’état de I'ébauche contengour chaque membre de
I'ensemble EnKF, les paramétres de déformationugallmtj,i,i =1..M -1
associés, les variables dynamiques prédites anladipas de temps (pression,
saturation) et les données de production simulées.
2. La correction
= L’étape de correction de la méthode EnKF est applcau vecteur d'état.
» Les valeurs corrigées des parametres de déformgtaduelle et des variables

dynamiques forment I'état initial pour le pas dape suivant.

Si la déformation graduelle est appliguée aux broliancs Gaussiens, I'ensemble de base est
constitué deM bruits blancs Gaussiers,i =1,...,M pour chaque propriété pétrophysique
considérée. lls sont combinés en appliquant ladéer(il9) avec les ensembles de paramétres

de déformation graduellhjvl,tjlz,...,tj‘M_l}, ] =1...,N. LesN nouveaux bruits blancs ainsi
créés sont ensuite utilisés pour génerer les &dals e, j =1...,N de la propriéte, par

exemple en appliquant 'algorithme FFT-MA.

Dans certains cas, la déformation graduelle glopaleé manquer d'efficacité pour le calage
d’historique. Par exemple, 'amélioration du cal@gen puits peut entrainer sa détérioration a
un autre puits. Dans ce cas, la déformation gréelilseale peut apporter plus de flexibilité et

améliorer le calage. Cela nécessite d'appliqueéilarmation sur les bruits blancs.

Supposons que la grille réservoir soit diviséeZemones contenanium, ,k =1,...,Z mailles

telles que :

Z 21.
> Num, = Nombre total des mailles

k=1

53



Considérons un ensemble EnKF de taiNe et un ensemble de base de taiMe. N
ensembles d&l -1 paramétres de déformation gradudtlg t*,,...t“,, .}, j=1...N sont
alors générés pour chaque zoke=1,...,Z et utilisés pour combiner les bruits blancs
Gaussiens de I'ensemble de base=1,...,M selon la formule :
~ M1 M- M-1 22,
b; (X) = ” by (x) cosg; () + ;sin(tjkﬁx))ﬂlhﬂ(X) cost}i”)

ol on a notéx lindice des mailles de la grille &(X) [(J{1..Z} rindice de la zone a laquelle

la maille X appartient. Les bruits blancs obters servent ensuite a générer les réalisations

e, ] =1...,N de la propriété pétrophysique.

4.2.3 Application de la méthode pour le calage d’historige

Le cas d'application considéré ici est le cas s3tigoe 2D décrit dans la section 3.1. Cette
expérience est considérée en tant que le cas delbaette section. La méthode FFT-MA est
utilisée pour générer les réalisations du logarghrde la perméabilité selon les
caractéristiques du modéle de référence.

Le vecteur d'état pour chaque membre de I'ensempjest donc :

» L'ensemble des M-1 parametres de déformation ghad(wariable statique) .tj,i,
i=1..,M-1.
= La pression dans chaque maille (variable dynamigé),i =1,...,2500

» La saturation en eau dans chaque maille (variablardique) :Sw..,i =1,...2500 .

i
= Lapression de fond aux puit8HP, .,k =1..., 5.

= Le débit d’huile aux producteursOR; .,k =1..., 4.

= Lapercee d'eau aux producteudCT, , .k =1..., 4.

Donc, le vecteur d’état devient :
lﬂm = [tm,ll""tm,M -1 Pm,l""’Pm,ZSOO’ SNm,l""’SNm,ZSOO' 23.
BHval,...,BHPm’S,SDRmvl,...,SDRmA,VVCTmyl,...,VVCTmA]

Les périodes de calage et de prédiction sont irgges
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4.2.4 Résultats du calage d’historique

Trois séries d'expériences sont présentées dates smttion : la premiere considére la
déformation graduelle appliquée aux bruits blardasseconde consiste a appliquer des
déformations graduelles locales, et la dernieritetce la déformation graduelle appliquée aux

réalisations de In(kh).
4.2.4.1 Déformation graduelle appliquée aux bruits blancs @ussiens

En augmentant la taille de I'ensemble, on élarggpace de recherche pour les modeles
statigues mis a jour pendant l'assimilation. Desplla performance des méthodes de
paramétrisation augmente généralement avec le modeparameétres considéres.

Nous considérons ici un ensemble EnKF de taille 00z1des ensembles de base de taille
M = 100, 1000, et 2500, ces derniers étant composésuds blancs Gaussiens. Les autres
parameétres de la méthode sont les mémes que daextian 3.1. Les pressions de fond

simulées au puits PROD2 avec les modeles finauk m@sentées sur la Figure 24. On peut
voir que les valeurs simulées sont d'autant plosh@s des valeurs de référence que la taille
de l'ensemble de fond est élevée. Cependant, lborpemce de la méthode EnKF

traditionnelle est supérieure a celle de ce noalggrithme.

PRODZ - Final PRODZ - Final

300 T

Bottomhale Pressure (hars)
Bottormnhaole Pressure (hars)

0 SDID 1 DIDD 1 SIDD ] 500 1000 1500

Taille de I'ensemble de base : 100 Taille de I'ensemble de base : 1000

PRODZ - Final
300

280
200

150

100 ('8,

Buottornhaole Pressure (bars)

& —— Ensemble Member
— Reference Model

1] 500 1000 1500

e s
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(c) BHP — Ensemble Final
Taille de I'ensemble de base : 2500

Figure 24 Pression de fond au puits PROD2 pour lemnsembles finaux, en considérant des ensembles de
base de taille (a) 100, (b) 1000 et (c) 2500. Lgre pointillée noire a 516 jours indique la limiteentre la
période de calage (0-516 jours) et la période de dorision (517-1612 jours). Les courbes grises
correspondent aux membres de I'ensemble et la couglrouge aux valeurs de référence.

L'erreur RMSy0q,1 Calculée pour les ensembles finaux des trois éxpess ci-dessus est
donnée dans le Tableau 4, normalisée par la val@enue avec un ensemble de base de taille
100. On peut donc voir que cette erreur diminugfoent lorsque I'on augmente la taille de
I'ensemble de base : I'algorithme apparait plufop@ant avec un espace de recherche plus
large.

Tableau 4 Effet de la taille de I'ensemble de bas& déformation graduelle étant appliquée aux bruis

blancs Gaussiens. Les valeurs du RM3q1 sont normalisées par celles obtenues avec un enséentie base
de taille 100.

Taille de 'ensemble de base BHP SOR WCT
100 1.0 1.0 1.0
1000 0.7390 0.7764 0.7494
2500 0.3593 0.4124 0.4134

Enfin, la ressemblance des modeéles finaux de pdiititéaavec le modéle de référence
augmente avec la taille de I'ensemble de base, ngiine'est pas possible de reproduire

toutes ses caractéristiques.
4.2.4.2 Déformation graduelle locale

On appligue ici la déformation graduelle locale duits blancs Gaussiens en considérant
deux découpages de la grille réservoir, et desnaelnles de taille N=50 et M=100. Dans la
premiére configuration (Figure 25 (a)), le résemast divisé en cing zones non régulieres
autour de chaque puits. Les zones 1 a 4 contiemt&nimailles et la zone 5, 576 mailles.
Dans la deuxiéme configuration (Figure 25(b)), ldlegest divisée en régions identiques de

25 mailles chacune.

56



Zone 14_ > Zone 10
Zone 1 Zone 2
Zone 5
Zone 3 Zone 4
Zone 904_ N Zone 100
(a) Configuration a 5 zones (b) Configuration a 160es

Figure 25 Configuration des zones pour la déformatin graduelle locale (a) Configuration a 5 zones, Jb
Configuration a 100 zones.

La Figure 26 présente les pressions de fond simaléguits PROD2 avec les modeles finaux
obtenus avec la déformation graduelle globale (feyet les deux configurations locales. En
augmentant le nombre de zones, ces pressions $eumt galées. La configuration a 5 zones
donne ici les meilleurs résultats pour le débitikhet la percée d'eau. Ceci peut étre lié au

fait que I'ensemble EnKF initial n’est pas le mépwair les trois expériences.

PROD2 - Final PROD2 - Final
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]
[55)
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(a) BHP — Ensemble Final - 1 zone (b) BHP — Ensemltffénal - 5 zones
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Figure 26 Pression de fond au puits PROD2 simuléesec les modeéles finaux obtenus avec la déformation
graduelle locale (a) 1 zone, (b) 5 zones et (c) 186nes. La ligne pointillée noire a 516 jours indige la
limite entre la période de calage (0-516 jours) da période de prévision (517-1612 jours). Les coues

grises correspondent aux membres de I'ensemble atdourbe rouge aux valeurs de référence.
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L'erreur RMSyo41 des données de production (équation 11) obtenue les ensembles
finaux est donnée dans le Tableau 5. Quand le rmmérzones augmente, le modéle de
référence est mieux calé.

Tableau 5 Effet de la déformation graduelle localavec trois configurations de zones. Les valeurs du

RMS;r0q.1 SONt Normalisées sur celles obtenues avec une seadae (déformation globale).

Nombre de zones BHP SOR WCT
1 1.0 1.0 1.0
5 0.8049 0.6781 0.6770
100 0.1877 0.5770 0.5762

4.2.4.3 Déformation graduelle appliguée aux réalisations pgéophysiques

On applique ici I'algorithme proposé aux réalisasiale In(kh), en considérant un ensemble
EnKF de taille 50 et des ensembles de base des tallo, 1000 et 2500. Comme
préecédemment, augmenter la taille de 'ensemblbade permet de mieux caler les données
de production. Cependant, les performances de ldaué EnKF traditionnelle restent
supérieures a celles de l'algorithme de combinaiSeta peut étre expliqué par le fait que la
paramétrisation rend le probléeme encore plus naalre.

Le Tableau 6 présente l'erreur RMs: pour les données de production obtenue en
augmentant la taille de I'ensemble de base. Lesuvslsont normalisées sur celles du cas
M=100. Comme précédemment, les données de produafiparaissent mieux calées pour
des ensembles de base plus larges.

Tableau 6 Effet de la taille de I'ensemble de basda déformation graduelle étant appliquée aux

réalisations. Les valeurs du RMg,q, sont normalisées sur celles de 'ensemble de taill€0.

Taille de I'ensemble de base BHP SOR WCT
100 1.0 1.0 1.0
1000 0.7452 0.8740 0.8757
2500 0.6211 0.7740 0.7740

5 Conclusions

Dans ce travail, nous nous sommes intéresses artgece étape de I'étude d'un réservoir
pétrolier : le calage d'historique. Il s'agit detraindre le modéle de ce réservoir aux données
dynamiques collectées sur le terrain, comme lesurassaux puits des pressions, débits ...
Plus précisément, ces travaux portent sur |'utiieade la méthode du filtre de Kalman

d'ensemble (EnKF) pour réaliser ce calage. Cetthadé présente I'avantage d’intégrer les
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données de production des gu’elles ont été acquiaes avoir besoin de re-simuler les
périodes d'assimilation précédentes. Toutefois,refbose sur des hypothéses spécifiques dont
le non-respect peut entrainer une dégradationsipeséormances.

Ce travail s'articule autour de deux objectifs gpaux: examiner les performances de la
méthode pour le calage d'historique au travers ldsiqurs cas d'étude synthétiques ; et
présenter de nouvelles méthodes permettant de nemld méthode EnKF avec des
techniques de paramétrisation permettant de présédavvariabilité spatiale des modeéles

initiaux au cours de lI'assimilation des données.

Dans un premier temps, nous avons appliqué la ™détenKF pour le calage de données de
production sur trois cas d'étude synthétiques. Danmremier, le logarithme du champ de
perméabilité horizontale est contraint aux donrseepression, débit d'huile et percée d'eau
mesurées aux puits. Le second est une varianteaslPOUNQ-S3, considérant a la fois la
porosité et la perméabilité comme des paraméteetains. Enfin, le dernier cas traite du
probleme des modeéles discrets en faciés.

Dans chaque cas, l'assimilation des données degirod avec la méthode EnKF a permis de
réduire la dispersion parmi les modeles de I'enggmabla plupart d'entre eux sont capable de
régénérer les données de production de modélef@emée pendant les périodes de calage et
de prévision. Les distributions des propriétés qptysiques aprés corrections reproduisent
certaines caractéristigues des modéles de référentia, des tests de sensibilité effectués sur
les deux premiers cas ont mis en évidence lespsuivants :

» La taille de I'ensemble est un parametre trés @mftu ici, une taille de 100 semble
appropriée. Un ensemble plus grand peut améli@errésultats mais l'effet reste
limité. Un ensemble de taille plus petite que 180 par exemple, peut entrainer une
diminution significative de la variance au sein’dasemble corrigé, qui apparait alors
inapproprié pour faire des prévisions.

» De petits pas de temps d’assimilation peuvent B&eessaires pour capturer des
changements abrupts dans I'écoulement des flyidessxemple a I'ouverture ou a la
fermeture d'un puits.

= Le choix du niveau d’incertitude sur les valeurssarées n'a que peu d'effet sur les
résultats d’assimilation.

= Enfin, une petite taille d’ensemble peut entrainee surestimation des parametres,

tels que la porosité pour le cas d’étude PUNQ-S3.
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Enfin, le cas en facies a mis en évidence le izt l@ calage des données de production était

satisfaisant, mais les proportions de facies egtgas préservées.

Dans la deuxiéme partie de ce travail, deux nouvesgorithmes ont été proposés, qui
permettent de combiner la méthode EnKF avec lantgak des points pilotes d'une part, et la
déformation graduelle d'autre part. Le but estleiréaliser des assimilations par le filtre de
Kalman d'ensemble tout en préservant les propritisstiques a priori d'ordre 2 pour les
distributions des propriétés pétrophysiques. Cgsrihmes de combinaison reposent sur
l'utilisation d'un ensemble de réalisations "deebamerturbé apres chaque assimilation selon
la valeur corrigée de paramétres associés: lesingadrix points pilotes ou les parameétres de
déformation graduelle. Ces derniers sont donc dénss comme des variables statiques dans
le vecteur d'état a la place des distributionspilepriétés pétrophysiques dans le réservoir.

La performance de ces algorithmes a été testéée qaremier cas d'étude. Dans le cas des
points pilotes, elle peut étre améliorée en augamtie nombre de points pilotes ainsi que
leur positionnement. Cependant, la distance emue de ces points ne doit pas dépasser une
longueur de corrélation.

L’algorithme combinant la méthode EnKF et la défation graduelle apparait plus
contraignant que la méthode EnKF traditionnelle sdén sens ou les modeles corrigés
appartiennent nécessairement a I'espace défirligmmemble de base de taille finie. De plus,
l'utilisation des paramétres de déformation grddwsmble accroitre la non-linéarité avec les
réponses simulées par rapport a la méthode EnldEitranelle. Toutefois, la performance de
I'algorithme peut étre améliorée en utilisant useenble de base plus grand ou en appliquant
la déformation localement. La dépendance des edsudizec I'ensemble de base apparait trés

importante.

Les perspectives envisagées pour la suite de altsmnt :
= L’application de la méthode EnKF & un cas d’étuéts r
= L’application de la méthode EnKF avec des techriqies localisation pour améliorer
les résultats sur la variante du cas PUNQ-S3.
= L’application des algorithmes combinant les métlsodKF et points pilotes /
déformation graduelle a la variante du cas d’éRd&IQ-S3 et au cas en facies.
= La recherche d’autres algorithmes permettant debawn EnKF et déformation

graduelle.
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Abstract

Due to the extent of petroleum reservoirs and tmapiexity of the geological environments,
direct measurements of petrophysical propertiel aggorosity and permeability are limited.
Thus, the initial reservoir model is constructedhwa certain degree of uncertainty. As soon
as production starts, well production responseh siscbottom hole pressure, surface oil rate
and water production rate are obtained. These alaaindirectly related to the reservoir
properties, such as porosity and permeability. H@wetheir integration in reservoir models
decreases the uncertainties in these models. Thcegs is called “history-matching”. There
exist several history-matching methods in the petro literature.

The main method in this research project is thestitmble Kalman Filter (EnKF)” method
proposed by Evensen (1994). This method extendKé#tman filter (Kalman, 1960) and
makes it possible to perform data assimilation witimlinear dynamic systems. Usually, in
any Kalman filter, the time study is split into seal time steps, each of them being associated
to data acquisition instants. During each time ,steg model is first “forecasted” according to
the dynamic model operator. Then, the forecastedeiis “updated” to account for the
newly collected measurements. This updated modebnsidered as the initial model of the
following time step. The update is linear and cétisthe estimation of the error covariance
matrices related to model parameters and variahlethe target time. When handling a
nonlinear dynamic model, these error covariances b approximated from a finite size
ensemble (or group) of possible realizations fodetgarameters and variables. This is the
cornerstone of the EnKF. During each time step, ntwelel realizations are all forecasted
through time and their uncertainties are derivetnfaverages over the ensemble. During the
update step, each model is updated according tm#éssurements at that time step. Then, it
yields a more accurate model for the following tistep.

This method has been recently applied in many diéhdolving inverse problems. History-
matching in reservoir engineering is one of thegglieations. It consists of identifying a
geological model populated by petrophysical prapsrfrom production data. Following this
method, production data are integrated sequentratlye reservoir model.

This methodology takes advantage of the propdrtiesl hereafter.

= The method is fairly simple and its implementati®straightforward.
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= |t copes with any fluid flow simulator and does metjuire to modify the simulator’s
source code.

» The EnKF is a real-time updating method: as soomeas data are obtained, the
reservoir model is updated. There is no need ttantethe matching study from
scratch.

= This method results in an ensemble of updated mmpddlich can be used to assess
uncertainties.

However, some drawbacks can also be pointed out.
= Theoretically, the method requires an infinite enke size. In practice, we consider
only a limited finite ensemble.
= Theoretically, the method requires Gaussian distioins for model parameters and
variables. Again, in practice, nature is rarely &aan.
= Theoretically, an approximately linear relation visee¢n model parameters/variables
and measurements is required. Flow simulatiomisrdinear problem.
This research project is the first EnKF experiemate“IFP Energies nouvelles”. It was
conducted in collaboration with the Geostatisticoup of the MINES-ParisTech center. The
purpose is to clearly identify the practical merisd disadvantages of the methodology
through various applications. The cases studiedoth the classical EnKF framework and
some modified versions of it are listed below.
= Traditional EnKF application:
= A two-dimensional synthetic case: the aim is to rowe the estimates of a
permeability field by matching well production dafBhe case study is rather
simple and does not include any strong changdsiohffow conditions. The effect
of several controlling parameters such as the ebksesize, the assimilation time
interval, the uncertainty in measurements, the r@aoguof the initial geostatistical
properties and the choice of the initial ensembsée siudied through sensitivity
tests (Chapter 3).

= A three-dimensional synthetic case study (a varanthe PUNQ-S3), which is
usually used as a bench mark in history-matchingliss: the purpose is to
investigate the shortcomings of the EnKF methodnekier the flow behavior is
driven by strongly varying flow conditions suchsaglden and significant changes
in injection and production rates, which enhance Ineearity effects (Chapter 4).

= A simple facies case study with given proportioRacies models cannot be

updated directly by the EnKF due to their non-amnbus nature. Therefore, an
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intermediate parameterization technique, the tiatc&aussian method is used to
model and update facies. The aim is to assessetfiermance of the EnKF when
dealing with non-continuous models (Chapter 5).
= Variants of the EnKF method which call for a linkthvintermediate parameterization
methods. We actually developed such methods inrdodemake sure that the update
step of the EnKF yields reservoir models whosegpéiysical properties still respect
the prior two-order statistics. The two parametdion techniques considered are the
pilot point (Chapter 6) and the gradual deformat{@mapter 7) methods. In both
cases, the developed algorithms are applied tottleedimensional case study of
Chapter 3.
Each of the applications and newly developed algars are detailed in the corresponding
chapters. The performance of the EnKF or the nalelyeloped algorithms in combination
with the EnKF are assessed through several expetsmén cases where difficulties are

encountered, alternatives are suggested.
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1 Introduction

The aim of this chapter is to introduce reservoodeling and conditioning. The reservoir
characterization problem and its different stepes larefly presented. The core of this work,
presented as the last step in this reservoir mugleliorkflow, is “history-matching”. To go
through this problem, we refer to the "Ensemblenkal Filtering (EnKF)".

1.1 Reservoir characterization

The study of a petroleum reservoir is a multidisogry work, which calls for various
geosciences competences (geology, geophysicsyoa3eihe final purpose is to build the
most representative model of a reservoir in termhspmduction forecast, uncertainty
guantification and petroleum resources analysis.
The development of oil industry, like many othedustries, is motivated by an end goal: the
economical interests in addition to supplies anthalels. Therefore, industry's history is
marked by strong efforts to determine a better rijgtsan of reservoirs through reservoir
models. These models are used to forecast resoanceseserves. In addition, they make it
possible to identify the best production scenddp.to now, this motivated the development
of simulation workflows, which provide reservoir des consistent with all the data collected
on the field: log data, measurements performed anesc extracted from wells, seismic,
production datagtc. The main steps of this workflow (Figutel) are recapped hereatfter:

= Geological Modeling

= Upscaling

* Fluid Flow Simulation

= History-Matching
A general overview is provided about each of theseleling steps in the following sections

so that the reader gets introduced to the basimssefvoir modeling.
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Figure 1-1 Standard workflow in building reservoir models.

1.1.1 Geological model

Initially, an underground geological formation igesified as a potential petroleum bearing
area based upon preliminary studies such as gealognd seismic surveys. This petroleum
reservoir (oil or gas) can extend over hundredslometers by hundreds of kilometers while
its thickness is roughly a few hundreds of met®lsteover, it is burdened deep in the ground
and is usually difficult to reach. Therefore, itrexquired to perform several indirect tests on
this area and process the results to access rasproperties. The geological data about this
area are acquired mainly through well logs and <obriring well logging, a measurement
probe is descended through the well and measuremea performed that allow for
determining lithology, petrophysical properties dhdd types around the well. Meanwhile,
samples of reservoir rock, containing reservoiidflare extracted and kept under bottom hole
conditions. These core samples are then testedalordtories and provide detailed
information about petrophysical properties such pasosity, permeability and relative

permeability. Based upon well logs, core sampleistiag depositional, sedimentological and
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stratigraphical models and analog outcrops, a gesilodescribes the structure of the
petroleum bearing area and provides spatial chematits describing this area and its
petrophysical properties. These characteristics later used by a geologist to build a
numerical "geological model”, which is a grid systpopulated by petrophysical properties.
The spatial distributions of these properties angally described through two-order statistics.
A variogram model is defined from the data colldctt wells to characterize the spatial
variability of these properties. Then, it is usedlefine a random function. At this stage, the
geologist can draw equally probable numerical madellled realizations, using geostatistical
simulation algorithms. The resolutione. grid volume, chosen for these numerical models
depends on the spacing between the finest meadatadthat is the spacing between cores or
logs. It is usually of the order of 20 &ro 20000 cm (Le Ravalec-Dupin, 2005). This fine
scale is inappropriate for any further processmgerms of computation because it would be
too CPU-time demanding. Therefore, the fine scaelagical model is "upscaled” to a

coarser gridded model that we refer to, from nowasna "reservoir model".
1.1.2 Upscaling

Upscaling consists of aggregating several fine glatks to a coarser grid block. The main
issue with upscaling is how the petrophysical proge of the coarse grid should be derived
from the values of the fine grid and this issue etgls on the nature of the property
considered. For example, porosity is the ratio ofepvolume to total rock volume. This

property is additive: the coarse grid block porpsst derived from the arithmetic average of
the porosity values of the fine grid blocks incldde the coarse grid block. This problem gets
more complicated for permeability, which charactesi the ability of a fluid to flow in a

porous rock. Referring to equivalence criteriasitisually required that the flow rate (Rubin
and Gomez-Hernandez, 1990) or the dissipated erferdgiman and Dagan, 1993) should be
the same for the group of fine grid blocks anddbarse grid block used instead of the fine
ones. Thus, we can estimate an equivalent pernitgdboil the coarse grid block. There exist
several approaches to calculate the equivalent gagifity, which are split into two groups:

the algebraic methods and the numerical methodsomplete discussion can be found in Le
Ravalec-Dupin (2005). The upscaled properties @ipuhe coarse reservoir model, which is

used to simulate fluid flow.
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1.1.3 Reservoir Model and Fluid Flow Simulation

The main question in a reservoir study is how tservoir will behave when production
starts. To handle this issue, we refer to the fx@senumerical model" which consists of a
coarse grid system populated by the propertiesssacg to track the flow of fluids in the
reservoir. These properties range from petrophlyspraperties such as porosity and
permeability to the existing fluids in the reserydieir fractional phases and contacts,
compressibility featuresgc.

Another classification divides these properties itivo groups: the static one and the
dynamic one. Static variables do not change witfet{as suggested by the term “static”) and
originate from geology, well logs, core analysisl @eismic surveys. Thus, the petrophysical
properties mentioned above are tagged as stati@bles. We will come back later on to the
definition of dynamic variables.

There exist analytical solutions describing the gatyy of fluid flow in porous media, for a
simplified reservoir model saturated by basic &mitl water) fluids (Cossé, 1993). However, a
reservoir is mainly heterogeneous, which makesisigeof analytical solution unfeasible. As a
result, fluid flow is estimated numerically usingraservoir flow simulator”. In other words,
a reservoir flow simulator is the engineer's tamldeal with the dynamics of a petroleum
reservoir. In general, it solves flow equations fwen boundary conditions using a finite
difference algorithm. More details are available Gossé (1993) and Le Ravalec-Dupin
(2005). Finally, the fluid flow simulator providesarious responses related to fluid
displacements in the reservoir and at wells: threycaucial for any reservoir characterization

and prediction purposes.

1.1.4 History-Matching

The only type of data available before producingservoir is the static data set. These data
are linearly related to the reservoir propertieastdered to populate the reservoir model.
Their integration in the reservoir model is thusigthtforward. However, due to the extent of
the reservoir and its heterogeneous nature, thialimnodel still requires improvements or
refinement to be able to provide reliable productfarecasts.

As soon as production starts, the gauges measpresgures and rates at wells monitor the
dynamical behavior of the reservoir. These dataatls@ said dynamic as they vary with time.

They are generally subdivided into two main categgorThe first one encompasses the
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properties attributed to each grid block such &ssure or fluid saturations and the second
one the properties related to production or inggctivells such as production or injection rate,
bottom hole pressure or water cut. In this tex, first subcategory is mainly referred to as
dynamic variables and the second one as measurenudgervations or production data.
Dynamic data are an important source of informaf@nimproving the existing reservoir
model. However, integration of these data in resiemmodel building is complex due to the
nonlinear dependence between these data and theledogdroperties. The process that
incorporates the measurement data into the resesimiulation workflow is known as
"history-matching” in the petroleum literature. lmis process, descriptive reservoir
parameters, such as petrophysical properties (yprasd permeability), aquifer activity
coefficients, fracture locations, fluid compositsmtc, are successively adjusted until the
updated reservoir model reproduces as well as les$ie measured or observed production
data.

History-matching has been extensively studied ftong period: the involved challenges are
the mathematical complexity, computational cost #r& non-uniqueness of results. There
exist two approaches for history-matching: manual assisted or automated. In the first
approach, the reservoir descriptive parameters casnged by trial and error until an
acceptable match is obtained. This renders theepsotedious and may result in unrealistic
updated reservoir models, for example with respecgeological constraints. In assisted
history-matching, the manual work is decreasedthadikelihood of the matched geological
models is improved. In other words, the aim is tove a better estimation of uncertain
descriptive reservoir parameters while preserving initial geological consistency and
reproducing the observed production data. In géntdra process consists in improving an
initial reservoir model by integrating measuremeata in a closed optimization loop. At the
end of each loop, the departure of the updatedvwaisenodel from the initial geological
constraints and the misfit between the simulateti @served production data are evaluated.
Then, the loop may be repeated depending on théyjegpected for the match. In this case,
a new set of reservoir properties is automatiaztlysen by the optimization algorithm.

The complexity of the optimization problem and dmenputation cost motivated many works
in assisted history-matching. Variational historgtohing, which rely on the minimization of
an objective function measuring the suitabilitytbé reservoir model considered, involve
simultaneously the whole set of production data.eWwhew data are available, the already
matched model is refined by restarting the minitdraprocess based upon a new objective

function with the previously collected data plus thew ones. The "Ensemble Kalman Filter
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(EnKF)" method relies on a different philosophytadare sequentially integrated in models.
This means that flow simulations are not restaftexh time 0, but from the last measurement
time. This feature makes the EnKF appealing forlidgawith systems continuously

monitored.

The Ensemble Kalman Filter, initially proposed byeBsen (1994), is a Monte Carlo
approach, in which an ensemble of model paramépaophysical properties) and states
(dynamic variables) is sequentially updated whew data are collected. This makes the
method suitable for real-time reservoir history-ohatg. Its implementation turns out to be
simple and independent of the reservoir simuldioraddition, the final multiple matched

models are suitable for handling the non-uniqueuneatof history-matching. They can

contribute to estimation of uncertainty in the pedns of the model.

1.2 Research objectives

The objective of this work is to investigate thdigbof the EnKF method to perform history-
matching through various numerical experiments.r@heve been various applications of
this method in different areas of petroleum engiimge In this regard, we aim to investigate
the method for reservoir characterization, highligg merits and weaknesses, introduce the
existing improvement techniques and propose new.one
The main outlines of this work are recapped a®vet
1) Comprehensive study of the state of the art if'Emsemble Kalman Filtering”.
2) Application of the EnKF to several synthetic caseli®s in order to
= assess the quality of the match for well productidata given uncertain
petrophysical properties;
* investigate the potential of the final updated peeters to forecast production and
quantify uncertainty;
= perform sensitivity studies on the major parameitethe EnKF algorithm such as
the choice of the initial ensemble, ensemble smeasurement uncertainty and
assimilation time steps.
» highlight some shortcomings of the method.
3) Application of the EnKF to a synthetic facies modelorder to improve facies

modeling.
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4) Combination of the EnKF with two parameterizatiorthods to preserve the spatial
variability of the initial geological model and djmation to a simple synthetic case
study. The considered parameterization methods are:

» the pilot point method;

» the gradual deformation parameterization method.

1.3 Outline of chapters

In this work, we investigate the potential of theKE for performing assisted history-
matching. Chapter 2 presents the theoretical frasnevor the ensemble Kalman filtering and
shows how it can be applied to petroleum reserstidies. Then, the weaknesses of the
traditional EnKF are briefly outlined and the sadut already proposed in the literature are
listed. The following chapters are divided into twooups: the first one deals with the
application of the traditional EnKF to several catgdies and the second one considers two
newly developed algorithms combining the EnKF vepiecific parameterization methods.

The first group comprises Chapters 3 to 5. In Géapt the EnKF is applied to a simple two-
dimensional, two phase flow synthetic case studpdsess the efficiency of the EnKF for
history-matching. In addition, we investigate thrediction capabilities of this method. Last,
we study the sensitivity of the EnKF to differerdr@meters. Chapter 4 closely follows
Chapter 3 although it involves a more complex casasisting of a 2 phase flow variant of
the well known PUNQ-S3 problem (Florg al., 2001). The complexity of this case study
allows us for stressing some of the shortcomingb@traditional EnKF. Chapter 5 deals with
the EnKF when applied to facies models.

The last group of chapters, Chapters 6 and 7, dottes newly developed algorithms
combining the traditional EnKF with two parametatian methods capable of preserving the
spatial variability of petrophysical properties.igfeature makes it possible to ensure that the
updated geological model is still consistent with tharacteristics determined by geologists.
Chapter 6 deals with the "Pilot Point Method" (deur$lly, 1984). After introducing this
parameterization technique, we show how it candmbined with the EnKF. Then we apply
this modified version of the EnKF to the same cstsely as the one presented in Chapter 3.
Finally, we show how the proposed method couldrproved. In Chapter 7, we consider
"Gradual Deformation method" (Hu, 2000). After nepeng the main outlines of this method,
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we focus on its combination with the EnKF. The megd algorithm is applied to the simple

synthetic case study of Chapter 3.
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2 State of the Art

In many fields, such as fluid flow in porous megiegblems consist of identifying the state of
a system that changes over time using a sequent@syf measurements made on the system.

The state of the systeny, involves all the variables required to describe $ystem under

investigation. In order to analyze, draw conclusi@and make forecasts about a dynamic
system, at least two models are required: firsg ‘thystem model”, which is a model
describing the evolution of the state with time @edond, the “measurement model”, which
is a model relating the noisy measurements totdte §Arulampalanet al., 2002).
In most cases, states, measurements, initial amadaoy conditions for the system are subject
to inherent uncertainties or errors. Therefore r@abilistic framework is suitable for any
processing of the system. On the other hand, theepsing of the system should correctly
account for two sources of information:

= the a priori information, that is the initial knadge about the system;

= the likelihood information, that is the informatiorferred from the measurements.
Identifying the state of a system from data is meig to as an "Inverse problem" (Tarantola,
1987). When this problem is solved, it provideswith "a posteriori" information on the
system. The "Bayesian" approach is the cornerstdribe problem. It provides a rigorous
general framework for dynamic state estimation fgwis, which also applies to fluid flow in
porous media and, in particular, to the problerhisfory-matching.
In this chapter, we first introduce the Bayesiaprapch and a few methodologies developed
to solve inverse problems. Section 2.2 is devotwdithe Ensemble Kalman Filtering
methodology, its historical motivations, assumpdi@md formulation. The Ensemble Kalman
filler (EnKF) has been applied to several fields sdience, such as meteorology,
oceanography, hydrogeology and recently historyelmag. Section 2.3 lists the advantages
of the EnKF for history-matching and reviews itsimapplications in this specific field.
Nevertheless, the EnKF has its own shortcomingsdasatvantages: section 2.4 introduces
the limitations imposed by the inherent assumptiohgdhe EnKF and discusses several
existing proposals in the literature for circumvegtthese problems. The discussion in
sections 2.1, 2.2 and 2.4 is general while Se@i8raddresses more specifically fluid flow in

porous media and history-matching.
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2.1 Bayesian Formulation

In the following discussion, we consider a dynasystem whose state is representedzay
The state of this system is composed of both stattt dynamic variables. The first ones do
not depend on time contrary to the last ones. énrémaining of this study, static variables
may be referred to as parameters. The followingrdions are based on the work of Evensen
(2007).

It is assumed that an a priori information abowd fystem is available at each time. The
corresponding probability density function (pdf) denoted by f (¢). At the initial time,

t =0, based upon preliminary model studies and giveninitial and boundary conditions,
this probability pdf is f(¢, ) Furthermore, it is assumed that over time, sévera
measurements are performed, which can be directigdirectly related to system variables.

The sequence of these measurements is denotetl &yd the associated likelihood pdf is
denoted byf(d|(//). Referring to Bayes' theorem, the a posteriori gidéach time can be

written as

f(wld) O f@)f(dy). 2.1.

As a general rule, the dynamic model is discretiaeer time: the time intervals can be on a

regular or irregular basis. At tintg, the state of the systemgs, . The prior pdf at time, is

fW)=1tW, ¥.0,,...4,) 2.2.
On the other hand, the set of measurements calester time is denoted
d={d,.d,,...d,} 23

It should be mentioned that the data acquisitiomes do not necessarily correspond to the
timest, associated to thgy, states: usually, their frequency is smaller.
There exist several solutions for this inverse f@ob The rest of this section recaps briefly

the main methods. The interested reader can @f@eileret al. (2009) for a thorough review.

These methods can be grouped into "variational osthand "sequential methods".

2.1.1 Variational Methods

In variational methods, one tries to acquire thst lestimate of the model at a specified time,
given some prior knowledge at the initial time, t =0, and a set of measurements obtained

at and before this time. Generally, the intermedmabdel states are not directly accounted for
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in this formulation. The general workflow with vational methods consists of defining a cost
function measuring the discrepancies between amasid model and the actual geological
formation. The objective is to obtain the bestreate that minimizes this cost function. There
exist three main assumptions to define the mostgduform of the cost function for history-
matching purposes. First, state variables and measnts are assumed to have a Gaussian
distribution. Second, the dynamical model is assutoée perfect,.e. no model error exists.
Third, the initial conditions for the dynamical neddare known without uncertainty.

Therefore, the cost functiod,(y), is defined as:

IW) =@ ~o)'Cy, W) + @ —d)'C,. (w—d) 2.4,
The first term on the right hand side evaluatesdis&ance between the prior modg,, and
the estimated modely, whereas the second term measures the mismateredretthe

measurements,d, and the corresponding values inferred from thé&émesed model.

Covariance matrixC,, characterizes the uncertainties in the prior madel covariance

matrix C,, quantifies the experimental and theoretical uadeties in the measured values. A

best estimate should be searched for in a verg Ispgce. The main challenges are the highly
nonlinear form of the cost function, the possibtéstence of high numbers of local minima
and the identification of the area from which thestbestimate must be searched for. The
methods used to solve this optimization can besiflad as "Gradient-based methods" and
"Non gradient-based methods" (Le Ravalec-Dupin 5200

In gradient-based methods, the minimization ofdbst function is driven by the gradients (or
derivatives) of the cost function. Those ones cancbmputed using the adjoint-based
methods (Chaveng&t al., 1973) or approximated from finite-differences. rAview and
discussion about the existing methods can be fanrichrantola (1987), Press al. (1988)
and Sun (1994). It should be noted that gradiembprdation is very costly in terms of
computation time. Gradient methods yield local mgti In addition, they provide only one
single best estimate without uncertainties around@o get a second constrained model, the
whole optimization process must be repeated. Amagwie is the Gaussian hypothesis. It

would be of interest to see how it can be relaxed.
2.1.2 Sequential Methods

Another interpretation of Bayes' theorem (Eveng&f@)7) consists of processing the system

under consideration sequentially in time. It simpigans that the solution for the system at
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each time provides the prior model for the follogvinme period. Moreover, at the end of this
time period, the model is adjusted to regeneratasmmements to be compared to the
measurements collected during this period of tilbatever the adjustment performed, the
prior model must still be satisfied. The adjustmgrtdcess in each time interval is an inverse
problem by itself. It can be solved by any minintiza method.

Sequential methods rely on two main assumptionst,Rhe dynamic model must be a first

order Markov process, meaning that the state ofsystem at any time,, i.e. ¢,, must

depend only on the state of the system at previous t,_,, i.e. ¢,_,. This property is not a

strict one: it is satisfied by most of the time-degent systems. Because of this assumption,
equation 2.2 is rewritten as:

k 2.5.
fWoths -t ) DT W] 1@ i)

The second assumption is that measurement databeusidependent and uncorrelated in
time. Therefore, the likelihood pdf for the tinbgis given as:

) =[] 1 ) 2

J
J is the total number of measurements at and before t, and ¢, ;, corresponds to the

model state at the time where measurentgnis collected. Substituting 2.5 and 2.6 in 2.1

leads to the following form for the a posteriori jad timet, :

K J 2.7.
(o 1) 0 1@ F @] f(d )

Now, according to Evensen (2007), we are capabblriting the above equation in a new

order where the two products are expanded betweeastt,;,,]j=1...,J when the

measurementd,, j =1,...,J are obtained:

fWorty,- 0, |d) O f(W,)
i@

U F@ ) f )

i(J)
f@ilw) ()
i=i(J-1)+1
k

]_l W)

i=i(J)+1

2.8.
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On the other hand, we can introduce measuremeqtsestially in time. Thus, we obtain the
following formulation which is equivalent to therelct application of equation 2.8:

f Wo oot dy) O F (W)

o 2.9.
I] f (l/’l |‘//i—1)f (dl‘wi (1))

FWo sl |0y,0,) O f W, e |0
i(2)
@il f (o)) 2.10.

i=(Q)+1

Wty i |Oyrenny) O F Wl 5|yl )

i(3) 2.11.
f@ilw)f ()

i=i(J-1)+1

fWoye Al [dpyendy) O f @0 0o |yl

ﬂf W)

From 2.8, it is evident that we can first calculdite a posteriori distribution at tintg, when

2.12.

measurement, is obtained. Then, this first a posteriori distition becomes the a priori pdf
of the following time intervalt;,,,t; , ], t;, being the time whewl, is acquired and so forth

as shown in equation 2.10. This process is repeatéitl all measurements are processed,

(equation 2.11). Then the last equation, thati Zjives prediction at timg,. Equations 2.9,

2.10, 2.11 and 2.12 are known as the recursive @irtine Bayes' theorem.

Among the existing methods to solve the inversdlera at each time step, we will focus on
two of them: the particle filter and the EnsemblrKan filter (EnKF). Both of them require
the knowledge of the prior model and its uncertagmat each time step.

The particle filter by Doucett al. (2001) involves a large number of particles or gisdates

to approximate the pdf for the prior solution. Dyyieach time step, each of the particles is
propagated through time according to the systememoddynamic equations. In addition,
this approach makes it possible to account for heders. Whenever the measurements are

available, a Bayesian update is performed by repsam It supplies us with a set of

91



realizations or particles that represent the agomst pdf. The particle filter is the general

method for solving inverse problems when refertimga sequential framework. However, it
requires a large number of particles to get anratewestimation and so far, it is only feasible
when the number of uncertain parameters is low.

The Ensemble Kalman Filtering is based upon theesdea as the particle filter. However, in
this case, the update is a simple linear updatélasirto the Kalman filter update. The

assumption behind this linear update is that ther pdf can be represented by its first two
moments onlyj.e. the mean and covariance. As a result, the a postpdf is always a

Gaussian distribution. More details are availabl&vensen (1994, 2007).

2.2 Ensemble Kalman Filter formulation

The Ensemble Kalman Filter is an extension of tlani@n filter (Kalman, 1960) proposed
for handling nonlinear problems. As a recursiveefil the Kalman filter is capable of
efficiently estimating the state of a linear dynarsystem on the basis of inaccurate (or noisy)
measurements. It can be derived from Bayes’ rubkisg either a maximum likelihood
estimate (Lorenc, 1986) or a minimum variance estm(within estimation theory, Cohn,
1997). It can also be identified as a recursivetleguares problem weighted by the inverse of
the error covariance matrices (Wunsch, 1996). imgaction, we first analyze the formulation
of Kalman filters. Then, we move to its variants $tightly and highly nonlinear systems.

the Extended Kalman Filter (EKF) and the Ensemldbri@an Filter (EnKF), respectively.

2.2.1 Kalman Filter and Extended Kalman Filter

As mentioned in general for dynamic systems, thenida filter is based upon two models:
the system model and the measurement model. Inlmakafilter, first the study time is

divided into several consecutive intervals and theithin each interval, the model is
processed according to two stages: first, "forécastl second "update" or "analysis". In the

following discussion, superscrigt stands for forecast aral for analysis.
Assume that we are in tHe" time step. During forecast, the model is propatyfveward in

time. Its initial state,,, is the current estimate and its initial uncetiasare defined by its

error covariance matrif:;j‘l. At the end of this time interval, the forecass¢ake is denoted
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asy, . Because of the linearity of the dynamic systedra,forecasted model is derived from a
simple formulation as below:

Yo =FYis+aa 2.13.

F is the linear system model operator agd, is the model error at this time step. The
uncertainties in the forecasted modg|; , can be obtained as the forecast error covariance,
Cu:

C,y =FCp'FT +C.* 2.14.

C(';q‘l is the covariance error matrix representing mededrs. When the model is assumed to
be perfect, variables related to the model ergpr, and C(';q‘l, are neglected in equations 2.13
and 2.14. This is the case for fluid flow in poranedia.

At the end of thek" time interval, a set of measurements is introduced; these
measurements are linear functions of the true ,sfgte The associated noise & and the
uncertainties ing, are given by the error covarian€g, . The following equation provides
the measurement model for this linear measurenysters:

d =Hy, +&, 2.15.

H is the linear measurement model operator. Dutiiegupdate stage of a Kalman filter, the

forecast estimatay, , is corrected to take the measurements into a¢c@bis updated state,

., is derived from equations 2.16 and 2.17:

we :‘/’kf +K (d, - Hl//kf) 2.16.

K, =C,H (HC,,H" +C,)™" 2.17.
where K, is the Kalman gain matrix. The uncertainties aisded to the updated state are
defined by the update error covariance mattl’j};'i as:

k,a — k,f
Cu =(I1=K.H)C,, 2.18.
The updated statg/] is used as the initial estimate for the followithge interval and its

associated uncertainti ";; are then the prior model uncertainties.

The Extended Kalman Filter (EKF) was first suggeéster dealing with nonlinear system

model operatorni.e. ¢, = F(?). In such a case, the evolution of the model iretzan be
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tracked easily. However, it is more difficult totiesate the uncertainties, which are
represented by the error covariance matrix. Thati®ol proposed by the EKF consists of
expanding the error covariance function aroundftitecast model according to the Taylor
formulation and to discard moments of third andhkigorders. More details about the
derivations can be found in numerous books abontrabtheory such as Jazwinski (1970)
and Gelb (1974). When the model is slightly nordinethe EKF can provide acceptable
estimations of the model state. However, for higihtylinear and large scale problems, two
main issues arise: first, the computation and gwrmaf the error covariance matrix become
infeasible and second, as the high order termsdrnTaylor expansion of the error covariance
matrix are neglected, the error in the estimatioy infinitely increase. Therefore, a better
handling of nonlinearities is required. The Enseafidiman Filter (Evensen 1994, 2007) was

proposed as an alternative.
2.2.2 Ensemble Kalman Filter

For a nonlinear and large-scale system, the ewnludf the error covariance matrix with time
can be partially deduced from the analysis of sdveealizations of the system under
consideration as proposed by Evensen (1994). snrdgard, Evensen proposed the Ensemble
Kalman Filter (EnKF) as an ensemble based MontéoGaethod. Assuming that an infinite
number of realizations are available for the fostcand analysis, the error covariance

matrices are calculated as:
Cf = (l//f _‘/It)(‘/lf _l//t)T 2.19.
C' =@ -y -y

The overbar denotes the expectation or the averalge, (/' is the actual or true model at the

considered time step. However, an infinite numidegealizations is not a realistic assumption
and in real conditions, we limit ourselves to arsemble (or group) ofN realizations.
Moreover, the truth is never known. Thus, in mappl&ations, the truth is replaced by the
ensemble mean model denotedygy Therefore, in any application of the EnKF, at ithéal
time, an ensemble oN realizations for different static and dynamic aates is formed.
Then, during forecast, each of the realizationprigagated through time according to the
model operatorF- . Its corresponding uncertainty or error covariangrix is calculated by

taking an average over the finite ensemble ofzatbtins as:
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c'oc! =@ -9 ) 220
Then, each ensemble member is updated followingithele Kalman filter update equation
(equation 2.16). We thus obtain an updated enseofbtealizations. Once more, the error

covariance matrix for this updated ensemble isutaled as:

C*OC =W - )W -y 22l

In the above formulas, subscript stands for the finite size ensemble. The notidngnoe

step n and stateyy are disregarded for simplicity. From the abovemfolation, the

dimensionality or rank of the ensembles is clearhaller than the error covariancé€s and
C?. Moreover, in comparison with the EKF, the fullvabiance matrix does not need to be
stored. In addition, as the size of the ensembteeases, the error in the Monte Carlo
sampling decreases tiy\/ﬁ and a better estimation of the error covariamegrix can be
obtained.

Burgeret al. (1998) noted that measurements at each time btmgdsbe treated as random
variables in order to prevent the collapse of theeenble members to one single realization.

To do so, an ensemble of random perturbatiopswith a zero mean and a covariance equal
to the measurement error covariar€g has to be generated at each measurementtfime

Therefore, the ensemble of perturbed measuremecitedesN members. Itd ™ member is
denoted by:

d,=d +v, 2.22.
Then, each ensemble membgr, must be updated considering measurenteptinstead of

d, in equation 2.16.

2.2.3 Ensemble Kalman Filter implementation for history-matching

We introduce a few notations before developing BmKF implementation in a history-
matching context. The model under consideratiothés reservoir model. The state of this
model changes with time because of fluid displaceme-low equations (Aziz and Settari,
1979) are solved using a reservoir fluid flow siatal. In this study, we ran the reservoir
simulator PumaFloW' from IFP. According to the governing flow equaspmeservoir state

Y is characterized at each time step from two devarables populating every grid block of

the numerical reservoir model: they are parameterstatic variables such as porosity or
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permeability, indicated byn, and state or dynamic variables such as presswarsaturation,
denoted g(m). Function g corresponds to the set of equations describing flo porous
media through time. In addition, through the lifeaoreservoir, several observatiorss, are
obtained such as producing well pressure, oil proda rate, gas/oil ratiogtc. on bottom-
hole or surface conditions.
The state vector for each ensemble mempbat time stepk is denoted by:
[ my 2.23.
P ‘[g(mk,,-)}
In addition, as the relation between measurem@at®meters and dynamic variables is not
linear, the state matrix is augmented with numésaaulation results through measurement
operatorH, . This matrix is trivial, with only 0 and 1 as showelow:
m, | 2.24.
dlsjrrjl :[0 0 I]* gim ;) |=H,*¢,,
d
| is the identity matrix. The new state matrix tfbegomes:
m, | 2.25.
;= g(mk,j)
d;
Assuming that the ensemble has a sizeNof the state matrix, holding the forecast state

vectorsz//,:,j ,] =1,...,N attime stegk, is defined by:

A=W WisWin) 2.26.

The time index,k, is dropped in the rest of this section for simipfi The ensemble mean

model is obtained by taking an average over akende members:

A= Ax1, 2.27.
wherel, is anN by N matrix where each element is equalltdl . The ensemble mean is

stored in each column of. The ensemble perturbationd,, are defined by the difference
between the state matrix and its mean:
A=A-A 2.28.

Then, the forecast ensemble error covariance miatdalculated according to:
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¢ AT 2.29.

Ce N-1

In the following discussion, the ensemble holding perturbed measurements is denoted by:
D=(d,,d,,....dy) 2.30.
The ensemble of random perturbations for measurengsee equation 2.22) is stored in the
matrix:

Y= (V1 Vp,nVy) 2.31.
from which we can construct the ensemble representaf the error covariance matrix

c. Oce = l\}l,y_Tl 2.32.

The standard analysis equation 2.16 can now beess@d in terms of the ensemble

covariance matrices as:
A*=A+C/HT(HC/HT +C:)™(D - HA) 2.33.
where H is the measurement operator introduced in 2.24& @&bhove formula can be

reformulated as:

A=A+ AATHT(HAATH + /") (D-HA) 2.34.

In practical implementations, we assume the indépece between measurements, hence,
C: is considered to be diagonal. Furthermore, isigumed thatHA' AT H' + " s of full

rank and invertible. Then, the basic procedureatoutate the update is as follows:
1. ConstructHA" and (D - HA)

2. ConstructHA AT HT + '

3. Construct(HAATH™ + ") (D-HA)

4. ComputeAATHT(HAATH + /)™ (D-HA)

5. Finally update the state matri6® = A+ AATHT(HAATHT + ") (D -HA).

One of the main drawbacks of this algorithm is plessible singularity of the matrix to be
inverted. More details are available in Evense®80

2.3 Using the Ensemble Kalman Filter for petroleum appications

Since its introduction, the Ensemble Kalman Filtas been widely used in different fields of

science to sequentially incorporate measuremefiectad at successive times into a dynamic
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system. There are many examples in oceanographyigéia and Evensen, 2002),
meteorology (Evensen and van Leeuwen, 1996), heatogy (Marguliset al., 2002) and
petroleum engineering. In the following discussidifferent applications of the EnKF in
reservoir engineering developed during the pasadieare outlined.

The first application of the EnKF in petroleum isthy, to our knowledge, is based on a real
time data interpretation in underbalanced and leaehdrilling by Lorentzesmt al. (2001). In
their application, several flow variables (stat@alynamic) of a two phase flow in the well
were adjusted by the EnKF on receipt of the measemnés such as downhole and choke
pressures. The corrected parameters then servedoketter control of the drilling operations.
Their experiments, based both on synthetic andrerpatal data, were shown to be reliable
in terms of predictions of drilling operations amdtivated the authors to apply the EnKF for
the estimation of reservoir parameters (Lorentea., 2003). Then, Neevdak al. (2002)
applied the EnKF to a two dimensional near-welkresir model. They aimed to constrain
permeability models. They showed that the EnKF ples acceptable parameter estimations
and consequently, improved predictions. Followihgs tinitial work, Naevdalt al. (2003)
applied the same methodology to two 2D, three phaséels (a synthetic and a simplified
field model), aiming at adjusting the permeabilitgids. The obtained results, in terms of
production data matching and estimation of the fpeemeability field, were promising.
However, the method was stated as novice in thea.aBu and Oliver (2005) applied the
EnKF to the three dimensional model PUNQ-S3 tonestie the porosity and permeability
fields, as well as pressure and saturations in gadhblock. This synthetic field case will be
described in more detail in Chapter 4. Gu and @I{2€05) found the EnKF method more
efficient than the variational history-matching mads in terms of computational overburden.
Similarly, Gaoet al. (2005) applied the EnKF and another method caReshdomized
Maximum Likelihood (RML) to the PUNQ-S3 model. THRML is a less expensive
approximation for the Markov Chain Monte Carlo (McMmethod in sampling the a
posteriori distributions (Oliveet al., 1996). They found several similarities betwees tiio
methods, but concluded that the EnKF outperformtesl RML due to simplicity of its
implementation. Besides, the EnKF was applied hydnd Oliver (2005) to estimate facies
boundaries for porosity and permeability fields. fAsies models are not continuous, direct
application of the EnKF was not straightforwardefdfore, the Plurigaussian method with a
truncation threshold was used to determine theitmtaf the boundaries. The main difficulty
in this application was to ensure that the geokllgimodels respect facies observations at

wells. The proposed solution was to perform iterai during the update step of the EnKF
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until the facies model respects the facies obseav&eklls. In addition, the performance of the
EnKF was compared with that of the RML mentionedwab Again, the conclusion was that
the EnKF is superior to variational methods regagdiomputational efficiency and ease of
implementation. Wen and Chen (2005) introduced dification in the EnKF workflow by
implementing a confirming step. The confirming stmsists in using the most recently
updated static model parameters to rerun the strootafor the current time step and update
the dynamic variables. This ensures that the statid dynamic variables are always
physically consistent. Lorentzenal. (2005) performed several tests on the PUNQ-S3tcase
determine the effects of different initial ensensbés well as different initial distributions.
The obtained results stressed the robustness oEmikd method: the ten final different
ensembles (assimilated from the same initial dhistron) provided almost the same
predictions and spread around the true cumulativepmduction. Moreover, the final
ensembles estimated from the two different initdatributions provided the same type of
prediction, indicating that data assimilation imsthase was successful in correcting possible
uncertainties in the initial prior distribution. Wever, it was expected that the final ensembles
converge to the same posterior distribution, regasdof the choice of the initial ensemble.
This supposition was not satisfied neither withms@mbles coming from the same initial
distribution nor within ensembles coming from diffet initial distributions. The authors did
not investigate the results thoroughly. Howeveeythuggested that it may be due to the finite
size of the ensembles. In addition, the EnKF has lused for assimilation of 4D seismic data
in combination with production data. As these s@siomta are given as the difference
between two seismic surveys, a combination of thikFEwith the EnKS (Ensemble Kalman
Smoother, Evensen, 2007) had to be used. Skjervéteaim (2005) applied this methodology
to two case studies: a synthetic case study arehlafield case study in North Sea. In the
synthetic case, the assimilation of 4D seismic gaitatly with production data resulted in
better estimations of the permeability field. Hoe teal field data, the use of this combination
yielded in different permeability fields compare&dthe case where only production data were
considered. However, the match for the productiata dvas then slightly improved. Zafari
and Reynolds (2005) investigated the analogy betviee RML and the EnKF. Introducing
two mathematical toy problems, they showed that Gaeissian assumption in the EnKF
penalizes this method when dealing with multi matiatributions. On the contrary, the RML
method approximates these distributions betteraddition, Zafari and Reynolds (2005)
showed that for a linear problem, the confirmingpssuggested by Wen and Chen (2005) is

not compatible with the theoretical framework o& tBnKF. Some authors have used the
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EnKF methodology with streamline simulators. Insthiegard, Choe and Park (2006)
suggested regeneration of the ensemble memberstivb@stimated error covariance reaches
one fifth of its initial value. Furthermore, in thease study, they showed that by selecting the
measurement data to which the static variablesnaee sensitive, the final porosity and
permeability models can be better constrained. Werofpplication of the EnKF with the
streamline simulator is reported in the work of Amw-Negrete (2006). He claimed that some
problems regarding the overestimation of parametech as porosity and the non Gaussian
distributions can be solved by restricting the effef each measurement on the neighboring
grid cells. He suggested that the covariance Ipattin deduced from the streamlines is a
potential solution for the mentioned problem.

Haugenet al. (2006) presented a successful application of thi€FEto a North Sea real field
case using real production data. They proposeddinde some other uncertain parameters
such as fault transmissibilities, gas oil contaw aater oil contact within the state matrix of
the EnKF. Later, Evensest al. (2007) studied a North Sea case, considering ananpeters
suggested by Haugesh al. (2006). Besides, they discussed the advantagtse dnKF over
some other history-matching techniques. Liaatgal. (2007) applied Singular Evolutive
Interpolated Kalman Filter (SEIKF) to a three dirm@mal water flooding case where
reservoir permeability was estimated by matchirggghoduction data. This filter operates in
three steps: resampling, forecast and analysisk&the EnKF, the SEIKF does not make
direct use of the outcome of the previous assimilastep. Instead, the resampling step
generates perturbations of the previous assimilatiesults to locally widen the space
explored by the filter. They concluded that the ISElexhibits rapid convergence in the
domain of the model parameters. In terms of acquaad uncertainty reduction, the SEIKF
performs almost the same as the EnKF. As will b&ilel in section 2.4, the distant
observations may have an unfavorable impact on sowdel parameter updates and one
general solution is the covariance localization.this regard, Devegowdat al. (2007)
proposed a covariance localization method basech wgiteamline-based sensitivities to
modify the cross covariance matrix to reduce thevamied influences. This method
circumvented many of the traditional EnKF problesisch as instabilities, parameters
overestimation and loss of geological realism. @d @liver (2007) claimed that neither the
Extended Kalman Filter (EKF) nor the Ensemble Kaintalter (EnKF) are suitable for
highly nonlinear problems such as those involvingitiphase flow in porous media. They
introduced Gauss-Newton iterations to improve thalysis step. They studied several cases

and concluded that this new algorithm is superoithe EnKF to determine uncertainty.
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Bianco et al. (2007) applied the EnKF to the Zagor field in W@dtica. They aimed at
estimating porosity fields from the collected protlon data. It was observed that the EnKF
based assimilation process narrowed the produtti@tast confidence intervals with respect
to the estimates derived from the prior distribngio Jafarpour and McLaughlin (2007)
combined the EnKF with a parameterization technicgihe Discrete Cosine Transform
(DCT). The idea was to reduce the dimensions of state vector through DCT
parameterization, making the filtering approach mowre practical for realistic large scale
applications. These authors performed several noaleexperiments and found that the
results obtained with the DCT based EnKF methodaémmst identical to the ones obtained
with the simple EnKF scheme. Li and Reynolds (2060posed three iterative approaches
for the EnKF. They concluded that whether or notitenative approach has to be used
depends on the user definition of a sound histoayehing. Wangt al. (2007) introduced the
EnKF as an optimization algorithm, but concludedtthcompared to other optimization
algorithms, the EnKF requires significantly morelCf#me and yields poorer estimates. In
addition, they proposed a closed-loop reservoir agament with the EnKF for data
assimilation and the steepest ascent for produdjimization based on a central forecast
model. It was observed that the results are redderfor a small test example. Cheiral.
(2008) introduced an ensemble based closed-loopnization method. The new method
combines a new ensemble-based optimization sch&m®pt) with the EnKF. It was
observed that this method is able to regeneratanti@ geological features as well as to
increase the net present value to a level companaith the hypothetical case of optimizing

based on known geology.

2.4 Ensemble Kalman Filter issues and solutions

The previous section presented several applicataingie EnKF method. Most of them
provided promising results. In addition, this teicue is attractive because of its simplicity
and computational efficiency. However, there allessime issues that were pointed out when
using the EnKF as mentioned in the previous seclible main ones are related to the finite
size of the ensemble, the Gaussian distributioruragson for the static and dynamic
variables and the nonlinearity of the dependent¢ed®mn measurements and state variables.
In the following subsections, an overview of eathhese issues is provided along with the

proposed solutions.
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2.4.1 Finite ensemble size

The EnKF methodology is based upon a proper esomatf the error covariance matrix.
This is the main reason why ensembles are considéfr¢he size of the ensemble is large
enough, the error covariance matrix calculated tverensemble provides us with the correct
error covariance matrix. However, in real applicas, the size of the ensemble is by far
smaller than the state matrix. Therefore, the egesof the covariance matrix can be biased.
This phenomenon is often referred as "spuriousetations”. These spurious correlations
induce high correlations between distant pointscWhare clearly undesirable. For distant
points, correlations should be negligible. In piagstthis problem shows itself as the strong
effect of a measurement at a point or grid celegtafar from it. In addition, the rank of the
error covariance matrix deduced from the ensentleds than or equal to the size of the
ensemble. The assimilation process being perforsbel by step, some degrees of freedom
are successively removed. This limits the numbeme&surements that can be assimilated.
This difficulty can be strongly penalizing when tieg with 4D seismic data. The two issues
listed above can be at least partially solved bysamtering a larger ensemble. However, this is
just not feasible in practical applications. Theref alternative methods have been proposed.
They are generally called "Localization" methods$ey involve either a neighborhood
distance to limit the correlation values or a \aitincrease of the size of the ensemble. These

methods are discussed in the following subsections.
2.4.1.1 Distance-based localization methods

The most straightforward method to perform locdi@ais to set the correlation between two
points to zero when the distance between thes@oids exceeds a certain influence distance
(Houtekamer and Mitchell, 1998). This idea was Hart developed by Houtekamer and
Mitchell (2001). They first propose to perform Itzation by multiplying the error

covariance matrixC by a weighting matrixo . Thus, they obtained the localized covariance
matrix C, .. = poC whereo is the matrix elementwise multiplication. The pogp of this

product is to remove the undesired correlation esluSecond, Houtekamer and Mitchell
(2001) proposed to group the production data ah esep into batches and to perform the
EnKF update step based upon these batches indtdaalindividual data. The observations in
each batch have correlated error covariances. Thkows (2001) concluded that this

algorithm results in smoother updated fields andt tthe so modified EnKF performs
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accurately with a fairly small ensemble. Other eghe® stressing the usefulness of this
approach can be found in Hanwtlal. (2001). These authors also investigated the caves
inflation phenomenon, which allows the ensemble tven to depart from the ensemble
mean. They found that localization and inflatiorvédna dual effect on the representation of
the covariance matrix in terms of rank issues. hor€2003) showed that when using the
Gaspari Cohn function (Gaspari and Cohn, 1999) dampute the weight matrix, the
localization radius increases with the ensemble. $\s a result, very large ensembles do not
suffer from spurious correlation effects.

An interesting idea was proposed by Furrer and B=sog (2007). They suggested to identify

an optimal correlation functiorp,, among a set of valid correlation functions throwgh

minimization problem. Therefore, the selected datien function depends on the true error
covariance matrix type and the size of the ensemble

2.4.1.2 Other localization methods

The state matrix can be composed of variables @npeters such as fault transmissibility and
water-oil contact which are not distance dependBmérefore, if localization is to be applied,
another technique, which does not depend on distanast be envisioned. One solution was
proposed by Furrer and Bengtsson (2007): it cans$tdetermining the elements of the
correlation matrix with respect to the elementgshe error covariance matrix itself. These
types of correlation functions or matrices do netessarily decrease monotonically with
distance. Another type of distance-independentilcat#on filter or function was proposed by
Anderson (2007).

Another issue related to distances is the influeswea (or radius) around a measurement.
Indeed, this radius can evolve with time (Hacleal., 2007). Therefore, Bishop and Hodyss
(2007) proposed an "adaptive" localization correfatfunction which is a function of both
time and distance.

In special cases where sensitivity studies canrméte the influence of a certain number of
measurements on a certain number of state variabteparameters, more judicious
localization methods can be developed. One exanaglenentioned briefly in section 2.3,
involves the estimation of sensitivities from strdiae-based flow simulations. This allows
for quantifying influence areas around measuremédee sensitivities are known, they can
be used to estimate cross-correlations betweer statables and measurements (Arroyo-

Negreteet al., 2006; Devegowda, 2007). The method was showrot well for a synthetic
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case study but its potential for a real case, Watige correlation lengths, has still to be

discussed.
2.4.1.3 Local analysis

The state space in most data assimilation appiicatis of a very large size and it is difficult
to capture all of the features of this large regrmm an ensemble of models with finite size.
However, it can be assumed that the whole regionbsadivided into several smaller (or
local) regions. Then, the size of the finite enslemdan be of the same order as that of the
local region.

Keeping this idea in mind, O#t al. (2004) proposed to modify the standard EnKF wonkfl

as follows. Within each time step, forecast is penfed considering all ensemble members.
However, the analysis phase is performed afterdofigi the global state space into sub-
regions. The update of the standard EnKF is thefoqeed for each of these sub-regions
independently. When done for all the local regiomgylobal analysis ensemble is formed.
Last, this global ensemble is used as the initiskeeble of the following forecast step. The
same idea is also explained in Evensen (2007).

Local analysis has the nice property of increasinwally the size of the ensemble. Hence, it
provides more degrees of freedom for dealing watige state spaces. However, the updated
models can depart very significantly from the prpf, especially when the correlation
lengths characterizing the porosity/permeabilitggarties are much larger than the sizes of

the sub-regions.

2.4.2 Non-Gaussianity and nonlinearity

Gaussianity of parameters and states is a fundamassumption in all Kalman filters,
including the EnKF. In reality, nature is barely (Ssian. For instance, permeability
distributions are often considered as log-normiahil8rly, water saturations in water flooding
applications do not respect any Gaussian distobsti In addition, even if the initial
distributions are normal, the non-linearity of themamic modeli.e., the fluid flow equations,
may result in non-Gaussian distributions (Cleal., 2009). Moreover, the EnKF calls for an
approximately linear relation between model vaeabl(static and dynamic) and
measurements, which is not usually satisfied. is sbction we aim to address some solutions

to relax these two assumptions, at least slighttput Gaussianity and linearity.
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The problem of non-Gaussianity can be dealt withpaaameterization” method to map non-
Gaussian variables to a Gaussian one, that isnt@eipdated through the EnKF methodology.
Then, a backward transform makes it possible toecbatk to the non-Gaussian space. There
exist various methods and applications in the ditere, among which is the log-normal
transform developed by Bertired al. (2003) for phytoplankton concentrations. It wasvsh
that this transform improves the performance offilber. A normal score transform was also
applied to water saturations by Gu and Oliver (30G6revented saturations from going out
of a physical range, but not from oscillating bedwdow and high values. Dealing with facies
models boils down basically to the same type didadifties. They will be discussed in detalil
in Chapter 5. Briefly, the techniques proposed torkwwith facies models involve an
intermediate parameterization technique that is loed with the EnKF. Among the
proposed methods, the Truncated Pluri-Gaussian dhali Oliver, 2005), Level Set method
(Moreno and Aanonsen, 2007) and Gaussian Mixturthade (Dovera and Della Rossa,
2007) can be mentioned. The parameterization tqalenis chosen so that the dependence
between the state variables and the measuremergmbe more linear.

Other reparameterization methods were introduce@ibynd Oliver (2006) and Chenal.
(2009). These authors substituted water saturaiioriee state matrix by other parameters
depending on the water front location in the fisgtrk and on the water arrival time in the
second work.

Another solution involves iterative approachegaitiens being performed to ensure that the
updated values are still physical. Some of thesative algorithms are explained and applied
on petroleum case studies by Reynadtlsl. (2006), Li and Reynolds (2007) and Gu and
Oliver (2007). In iterative methods, the usual pipal aspect is the definition of an objective
function for each realization within the ensemilaose are minimized after each forecast.
Such methods depend on the optimization methodcteelefor minimizing the objective
function. They also differ based upon the startinge from which the forecast model is run:
it can be zero or the previous assimilation timardldetails can be found in the thorough
review by Aanonsest al. (2009).

2.5 Conclusions

This chapter has introduced the main techniquesepted in the literature for solving inverse

problems and more especially history-matching. \Weu$ed on the Kalman Filter family,
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which includes the Kalman Filter (KF) for linear dymic models, the Extended Kalman
Filter (EKF) for slightly nonlinear models, and thasemble Kalman Filter (EnKF) for highly
nonlinear models.

Fluid flow in porous media is a nonlinear model.siBes, it involves a huge amount of
parameters. Therefore, the EnKF can be consideyexth appropriate sequential method for
handling history-matching. We provided the mathecahtbackground for the EnKF and
recapped the main works this method motivated dutire past decade. We attempted to
identify the main advantages and disadvantagdseoEnKF. This chapter is the backbone for
the research performed during this thesis and nsidered as the reference in the following

chapters.
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|. Ensemble Kalman Filter Application
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3 Two Dimensional Synthetic Case Study

In this chapter, we aim to apply the EnKF method #D synthetic water flooding case study
to assess the performance of the method in hist@tghing and production prediction. In
section 3.1, we first present the case study aedBhKF settings. The method involves
several parameters, which can control the perfocmar the filter. These parameters are the
ensemble size, the assimilation time step, the umreasent uncertainty level and the choice of
the initial ensemble. Their influence was invedeglawith various sensitivity tests as shown
in Section 3.2. These experiments provide guidslorehow they must be selected.

3.1 History-matching of the reference case

We study a very simple case so that we can anagueus aspects of history-matching with
the EnKF. This case study consists of a two dinoeradj two phase flow (water and oil),

water flooding synthetic reservoir. The only unagrtparameter is permeability. The other
petrophysical parameters such as porosity, relggereneability curvesgtc., are assumed to

be known. The production data are the bottom hotsgure, surface oil rate and water cut.
The water cut is the ratio of volume of water proelito the volume of all liquids produced.
These data are known with a given level of noisaerarertainty. A preliminary step consists
of generating the reference permeability model sintblating the bottom hole pressure, oil
rate and water cut over 17 months. The aim of tkgeement is then to regenerate the
reference permeability field by performing a higtanatch (or assimilation) of these

production data at the end of each month.
3.1.1 2D case study and the EnKF scheme

The numerical model for the 2D case study is bawkr a 50x50 grid. Dimensions of grid
blocks are 10m along axes X and Y. The Fast-Foir@nsform-Moving Average (FFT-MA)
algorithm (Le Ravaleet al., 2000) was used to generate a permeability fieland populate

the grid. After logarithmic transformation, tHe(k) field has a Gaussian histogram with a

mean of 5.0 and a variance of 2.5. Its variogramnignisotropical spherical variogram with
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the main anisotropy direction defined by an andl@® degrees with respect to the X-axis.
The horizontal variogram ranges are 200m and 40re.r&ference log- permeability field is

shown in Figures-1.
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Figure 3-1 Reference In k field

Five vertical wells are located in the field: omgector (INJ) in the center and four producers
(PROD1 to PROD4, clockwise) in the four cornersg(ife 3-1). The top depth of the
reservoir is 2200m and the initial reservoir presss 250 bars. All producers produce with a
rate of 10 n¥day. The flow rate constraint is changed to admthole pressure (BHP) control
when BHP drops below 50 bars. The primary condtfairthe injection well is the maximum
injection rate, initially set to 40 ffday. It is then changed to 5C* ey and 60 riiday after

90 and 151 days of production, respectively (Figi&(a)). The secondary constraint for this
well is the maximum injection pressure of 300 bdise STONE1 model has been used for
defining relative permeability curves with the asated end points and water capillary
pressure tables. The initial water saturation i4®€.15 and the residual oil saturation to 0.2.
The compressibilities of water and oil are set ta0810" bar’ and 0.10x18 bar?,
respectively. The corresponding densities are §/667 and 0.9 g/crh The industrial IFP
reservoir simulator PumaFId¥ is used for reservoir simulation, running from dayp to
day 516 with a Black Oil PVT type. The bottom hplessure (BHP), surface oil rate (SOR)
and water cut (WCT) in all wells, computed for tie¢éerence permeability model, are shown
in Figure3-2 (b), Figure3-2 (c) and Figur&-2 (d). They are now identified as the reference
production data.

The reference permeability field (FiguBel) is the model we would like to regenerate by
assimilating the reference production data. At gosit, we consider that we do not know the
reference permeability field while we know the pwotion data. Thus, we use the EnKF to
identify a set of realizations conditioned to theseduction data. The production data are
assimilated at the end of each month up to 516 {lBysnonths). The assimilation times are

represented by solid dots in Figlg€ and are indicated below:
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Figure 3-2 (a) Injection rate (b) Bottom hole pressures jcSurface oil rates (d) Water cuts. Curves in plots

b to d are computed for the reference permeabilitynodel. The solid dots indicate the timing at which
production data will be assimilated with the EnKF.

The distributions of measurement errors are assumbd Gaussian with standard deviations
of 5% of the values measured for BHP, SOR and WCT.

An initial ensemble of 50 permeability models isxgeted using the FFT-MA method with
the same histogram and variogram as the refereeice Other parameters (porosity = 0.18,
relative permeability curves, initial pressure H2fars and initial water saturation = 0.15) are
kept constant without any uncertainty.

The state vector in this case study for each enleemémberj is composed of:
= The logarithm of the permeability values at eacidl gell (static variable):Ink;,
i =1,...2500;
* Pressure at all grid cells (dynamic variablg);, i =1,...,2500;

= Water saturation at all grid cells (dynamic vargblSw. ., i =1,...,2500;

i

* Bottom hole pressure at injection and productioisw@HP, , , k =1,...5;
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= Surface oil rate at production wellSOR; , , k =1,...4;
= Water cut at production well\WCT, , , k=1....4.

Therefore, the state vector for tffegnsemble member is defined by:

g, =lnk; 1, InkK; 50N K 55000 Pras P2sees P 25000 W 15 SN 54, SW; 2500 3.1.
BHP, ,,...,.BHP, ;,0R; ,,...,.0R; ,\WCT ,,... WCT, ]

After performing the assimilations, the study timseexpanded from 516 to 1612 days to

assess the prediction capability of the updateddaected) permeability fields.

3.1.2 History-matched production data

In this section, we compare the performance ofriliml and corrected models for two of the
production wells: PROD3 and PROD4. PRODS3 is located high permeability region (top
right corner). It is connected to the injector thgh a high permeability streak (Figusel).

As expected, the earliest water breakthrough ismesl at this well. On the contrary, PROD4
is located in a low permeability region (bottomhtig¢gorner of Figure3-1). This well has the
latest water break through time. It produces ofhatrequired flow rate longer than the others.
The production responses obtained for the initred &nal models are shown in Figuge3
and Figure3-4. For both figures, first column displays theguction responses simulated for
the members of the initial ensemble. The figureshm second column have been obtained
performing a reservoir simulation over the whotladispan with the final permeability fields
taken back to day 0. In addition, the ensemble negmdsponses (gray) are compared to the
reference model responses (red). The blue curvegmrnds to the mean permeability model:
it was obtained by averaging the initial and fieabembles. The black dashed line splits the
time axis into two phases: the history-matchingseh@ to 516 days) and the prediction phase
(517 to 1612 days).

For well PROD3, we observe that initial models shgreater variation in performance than
corrected models. Figufe3(a)-(c) show that some of the initial models nabkeep track of
the reference well production data. After correactiall models respect the required targets
(Figure 3-3(d)). Even in the prediction phase, the corgeectedels produce according to the

desired scenario and perform as the reference case.
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Figure 3-3 Production data simulated at well PROD3 with tle 50 permeability realizations of the initial
ensemble (first column) and final ensemble (secormblumn). The black dashed line at 516 days indicate
the time limit between the matching period (0-516 alys) and the prediction one (517-1612 days). Theayr
curves correspond to the ensemble members and théub one to the ensemble mean model. The reference
data are plotted in red.

Comparison of Figur&-3(b) and Figure&-3(e) shows substantial improvements in the fit of
surface oil rate. Most of the initial models produnore oil than the true model does while
the corrected models have a surface oil rate dosthe reference one. FiguB3(c) and
Figure 3-3(f) show that the water breakthrough times cambuor the final models are
grouped around the reference while they show saggmt dispersion for the initial models.

Data assimilation thus provides an ensemble of pability values for which the simulated

113



production responses are much closer to the referenes, with a reduced spread compared

to the initial ensemble.
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Figure 3-4 Production data simulated at well PROD4 with tle 50 permeability realizations of the initial
ensemble (first column) and final ensemble (secormblumn). The black dashed line at 516 days indicate
the time limit between the matching period (0-516 alys) and the prediction one (517-1612 days). Theayr
curves correspond to the ensemble members and théub one to the ensemble mean model. Reference
data are plotted in red.

As can be seen in Figu@®4, the same kind of results is obtained for VvREROD4. The
variation within the ensemble of corrected modslstill reduced. The corrected permeability

models allow us to estimate the uncertainty inreiforoductions. Variations in the production
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responses computed for the updated ensemble & fangwell PROD4 than for well PROD3.
This result may be related to the water breakthmonbich arrives later. For both wells, the
initial uncertainty was reduced further for the Bthlan for SOR and WCT.

An indicator widely used to quantify the quality thfe updated model at each assimilation
time step is the Root Mean Square (RMS) errortierwell production responses. There are
two forms of it. The first one assesses the departf production responses for each
ensemble member from the reference ones. The seeond considers the production
responses determined with a mean model given byvkeeage over the ensemble. In both
cases, the updated ensemble models are taken baokd zero and simulated over the
history-matching period (0-516 days). We consitlese two RMS errors.

The first one is referred to &8MS The subscriptprod indicates that the RMS error is

prod,1*

calculated over production responses.

Neha 3.2.
RMSproa \/ Z Z Z(dobs(t) di(t;)?

e i=1 t =1 Ndata =

N, is the ensemble sizéy, the number of data assimilation time steNg,, the number of

data collected at each time step (as a generalitutedetermined by the number of wells at

which the production data of interest is observedis the ensemble member indek,the
time index (time is denoted bty) and k the production response indetijs(tj) is thek™
data of the reference model at timeand df (t;) is thek™ data simulated for th&' ensemble

member at timet;. Two RMS,, values are computed here, considering production

responses simulated from time O with both initiab &inal ensemble members. They are
reported in Table-1. Thanks to data assimilation, the RMS errorstiie BHP, SOR and
WCT are decreased to 8%, 23% and 24% of theiralmtalues. The bottom hole pressure
match is better than the SOR and WCT matches. @ssilge explanation is the relation
between state variablese. permeability fields, and numerical responses: @yrbe more
linear for BHP than for SOR and WCT.

Table 3-1 RMS, 4,1 for the initial and final ensembles.

RMSp04.1 BHP SOR WCT
Initial 7.2302 0.3077 0.0304
Final 0.6042 0.0738 0.0074

Final / Initial 0.0836 0.2398 0.2434
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The second RMS error introduced above is refemeastRMS After each assimilation

prod,2 *
time step, a fluid flow simulation is performed thie mean updated permeability model from
time zero to the current time step. Then, the Rk&rés computed only over this period by:
3.3.

t
]
N data

RMspmd,z(D:\/%Z 3 (A5 (1) =l 1))

¢ 17 Ngga =L
Notations are the same as the ones introduced dbowiuation 3.2. In addition, is the
assimilation time index andN; the number of assimilation times up to and incigdiime

stepl. d:mn,l (t;) is thek™ data simulated at timg, for the mean reservoir model obtained

after assimilation at time, . In the rest of this chapter, these values arsgmted while

normalized to the initial RMS value.
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Figure 3-5 RMS;q» computed for (a) Bottom hole pressure, (b) Surfaceil rate, (c) Water cut throughout

the assimilation procedure.
As can be seen in Figuge5, theRMS,, , , values for BHP, SOR and WCT follow a general

decreasing trend as the assimilation process goel strong decrease is observed between
the 3% and 4" assimilation steps for the SOR and WCT. It comesis to the period of time
during which there is the water breakthrough arnel dii production rate decline at well
PROD3. There is also a slight RMS increase for3BR and WCT after thé"Gassimilation
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step. At this time, the injection rate is increagédch results in strong non linear changes in
the dynamic behavior. In addition, during the flmNowing time steps, water breakthrough

happens at wells PROD2 and PRODA4. This can alsaatitpe RMS behavior. It seems that
the EnKF process needs a few additional time stepsssimilate the changes in the flow
regime. After a few assimilation steps, the RMS esnback to the expected decreasing

behavior.
3.1.3 History-matched permeability model

Another important issue in any history-matching jpeon is the ability of the method to
approach the reference permeability field. As noered previously, the mean of thek
field is 5.0 and its variance is 2.5. Figudés(a) shows the truenk field. For comparison
purposes, the evolution of the ensemble mean dlangssimilation procedure is displayed in
Figure3-7(b)-(s).
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Figure 3-6 In k evolution through time: (a) Reference Modk (b) Initial Mean Model, (c)-(s) Mean Model
after assimilation 1-17.
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The truelnk field is characterized by low- and high-permdéigbbands. The mean of the
initial Ink ensemble is almost uniform and equal to theastaty mean 5.0. The assimilation
process contributes to stress heterogeneitiesr &fte assimilation corresponding to th® 4
month, we start to see the banded features (tsisndation step corresponds to the first olil
plateau rate decline and water arrival in one efgtoduction wells, PROD3).

The mean of the finank ensemble (Figur8-6(s)) reproduces the most visible high and low
permeability zones, especially around well locagiofhe mean model is smoother than the

reference one as expected: it does not show so@d beterogeneities.
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Figure 3-7 (a) Reference Mean model, (b) Variance of thaitial ensemble, (c)-(s) Variance of the updated
ensemble against assimilation steps.

The variance of the ensemble at each assimilatiep & shown in Figure-7. When
performing assimilations the uncertainty. the model variance, reduces, especially around
well locations. As assimilation goes on, varianeerdases significantly. This phenomenon is
a natural consequence of the assimilation proceddogever, we must avoid too extreme

variance reductions. The reason is simple: the rebke at each time step must be
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representative of the possible reservoir modelsaluapof yielding the same trend as the
reference model. If the variance is reduced toaiugntly, all the ensemble members look
alike and in the limit, they collapse to a singéservoir model. It is evident that this single
final model is only one of the possible reservomdals. This problem can be avoided by
increasing the size of the ensemble as shown itloge8.2.1. However, this solution is not
always suitable due to practical issues. Improwddti®ns consist of referring to localizations
(section 2.4.1.) or using for instance two paraleembles (Houtekamer and Mitchell, 1998).

The convergence of the updatédk models toward the reference model can be as$esse

quantitatively by the Root Mean Square (RMS) erilawo static RMS error&MS, , and

RMS

w2+ Are considered at each time step. The subssgaptstands for staticRMS_, ,
considers the difference, grid block by grid bloblketween each ensemble member and the

reference model (equation 3.4). To geMS,, ,, we first compute an averadak model

over the ensemble at each time step and then @rissddeparture from the reference model
(equation 3.5). These RMS errors are defined as:

1 N, 1 Nz | 5 34
RMSstat,l(l) = N_ N_Z(yi,g - yref,g)

and

T : 3.5.
RMS,, ,(1) = l\l—Z‘,(ymn,g ~Viet o)

xz 971
N, is the ensemble sizé\,, the number of grid blockd, the assimilation time step, the

ensemble member index amdthe grid block index.3/i"g is the value of the static variable (in

the case studied, it ik ) attributed to grid blockg for ensemble member after thel ™

update.y,4 , and y:nean,g are the reference value and the ensemble meae valdated at

time stepl for the same grid cely, respectively. These static RMS errors can be ctsapu

for any static variable of interest. These valuestaen normalized to the initial RMS values.
Both of the so defined static RMS errors are regres] in Figure3-8. They decrease as the
number of assimilation steps increases meaningwieaare getting closer to the reference

Ink model. RMS,, , decreases more thd®MS_, ,. Such a result was expected. Indeed, the

ensemble mean model at each assimilation step @otber than each of the ensemble

members. Thus, it should differ further from thesrehce model.
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3.1.4 Production forecasting by the updated models

The results presented in Figuse3 and Figure3-4 were obtained by rerunning the whole
production history with the permeability modelsabed after the 17 assimilation step from
time zero. The updated pressure and saturation Imedae disregarded. In the following
discussion, we want to investigate the predictiapability of the full model hk, pressure
and saturation) after the history-matching phase.dbjectives are two fold. First, we want to
determine how many assimilation steps are requioefdredict accurately well production
responses (by accurately, we mean the same producsponse as the reference model).
Second, we want to see whether the predictions Idhba obtained by rerunning the
simulations from time zero or by going on after gt assimilation step. This last alternative
would be less expensive in terms of fluid flow slation.

For that purpose, we consider the predictions nbthwith the full updated models after 10
months and 1ionths of assimilation.

The production responses predicted for well PROR3shown in Figur&-9(a) to (c) for the
first case and in Figur8-9(d) to (f) for the second case. This experimamiws that the
predicted models are capable of reproducing thereate well production data for both cases.
The only difference is that the spread in the mtsmhis decreases as the number of
assimilation steps increases. Consistent with Eid7(l) and (s), the variance of the

permeability field after 10 months of assimilatisrhigher than after 17 months.
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Figure 3-9 Prediction of production responses for well PRO3. First column: predictions are computed
with updated permeability fields obtained after 10assimilation steps. Second column: predictions are
computed with updated permeability fields obtainedafter 17 assimilation steps. The red curve represés
the reference case. The grey curves correspond tosemble members. The black dashed line indicateseh
time limit between the matching period and the foreasting one.

In addition, a closer look at the mean permeabititydels at these two times (FiguBes(l)
and Figure3-6(s), respectively) reveals that most featurethefreference permeability field
are captured during the first 10 assimilations wfainly minor additional heterogeneity
features are captured afterwards. This explains wimyilar production behaviors are

predicted for the two cases. Hence, it is up touker to decide how many assimilation steps
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should be performed. Although the results are gmbsented for well PRODS3, the same
conclusions can be drawn for the other wells.

About the second issue listed above, the qualitthefpredictions in this experiment is as
good as those obtained by rerunning the simuldtons time zero (Figur&-3(d) through (f)).
Therefore, in this case, accurate predictions eaaltained by performing cheaper fluid flow

simulations after the last assimilation step. Threselts are of course case dependent.

3.2 Sensitivity studies

The performance of the EnKF can be affected byrséwentrolling parameters such as the
ensemble size, the assimilation time step, thd Evencertainty in the measurements and the
choice of the initial ensemble. For instance, th final variance observed above may be
linked to the small size of the ensemble. In tleistion, we perform a set of experiments and
aim to assess the performance of the EnKF withe@sfo individual changes in these
parameters. Moreover, we aim to investigate howahkF performs when the variogram of
the initial ensemble is different from that of tleference model.

3.2.1 Ensemble size effect

Practically, the EnKF provides an approximationtied error covariance matrix through an

ensemble of finite size. As the siz¢ of the ensemble increases, the error on the error

covariance matrix decreases mWﬁ . Therefore, spurious correlations in the covaréa
matrix can be avoided more efficiently (see secfohl). Clearly, increasing the ensemble
size increases the fluid flow simulation and comagiohal overburden. Therefore, there exists
a trade-off between the accuracy of the covarianatix approximation and the overburden.
The choice of the ensemble size is case depenul@nt) literature an ensemble of size 100 is
believed adequate. In this section, we investigadee precisely how many realizations are
required in our study to reliably capture the utaiety in predictions. We apply the EnKF to
the same case study as in the previous sectioryding ensembles of size 50, 100, 200 and
500. We consider the same data uncertainties amthitetion intervals as above.

Figure 3-10 represents the mean of the initial and firdated ensembles. The mean of the
initial models in all cases (FiguB210(a) to (d)) is relatively homogeneous. As tize of the

ensemble increases, the mean model becomes mogboeous. The mean of final models
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(Figure3-10(e) to (h)) shows some spatial features sinmldhe reference model, such as the
high permeability regions in the center and low éfrner and some of the low permeability
zones. As the size of the ensemble increases, ¢a@ of the final models is computed over a
larger ensemble and becomes smoother.

Figure 3-11 represents the variance within each enserbkevariance of the initial models
(Figure 3-11(a) to (d)) is rather homogeneous. Its avexadge is 2.5, which is the variance
for the Ink model. After data assimilation, the variancetltd updated ensembles reduces,
especially around well locations. However, its éase is more severe provided that the

ensemble size is sma#.g., 50).

10 10 10 10
5 o o o
0 0 0 0
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T 10 10 10 10
ot i ;
) i g e 5 g g
—IH; el 0 0
(e) Final — 50 (f) Final — 100 (g) Final — 200 (h) Final — 500

Figure 3-10 Ink evolution with time. First row: Initial En semble Mean for (a) 50 realizations, (b) 100
realizations, (c) 200 realizations, (d) 500 realiz®ns. Second row: Final Ensemble Mean for (e) 50

realizations, (f) 100 realizations, (g) 200 realizions, (h) 500 realizations.
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Figure 3-11 Ink evolution with time. First row: Initial En semble Variance for (a) 50 realizations, (b) 100
realizations, (c) 200 realizations, (d) 500 realizemns. Second row: Final Ensemble Variance for (eb0
realizations, (f) 100 realizations, (g) 200 realizions, (h) 500 realizations.

We now focus on well production data. The perforoeaaf the EnKF for different ensemble
sizes at well PROD3 is compared in Fig8ré&2, Figure3-13 and Figur&-14. Although not
presented here, in all cases, the performanceedirial ensembles are by far better than those

of the initial ensembles. Whatever the ensemble, sie final ensemble members are capable
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of following the trend of the reference productitata (represented by the red line) within the
5% relative measurement error, in both the histoagtehing and the forecasting periods.
Therefore, the matching process is considered@essful.
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Figure 3-12 Bottom hole pressure at Well PROD3 for Final Bsembles of size (a) 50, (b) 100, (c) 200, (d)
500. The black dashed line separates the matchin@-616 days) and forecasting (517-1612 days) periods

In addition, when increasing the size of the endemthe spread within each of the
production responses increases after the histotghimg period. This fact is a direct
consequence of the variance preservation propergrger sized ensembles. This effect can
be better observed for the bottom hole pressugr(EB-12). The same effect is observed for
the surface oil rate and water cut at the beginwinthe forecasting period, but progressing
toward the end of this period, this effect dimimistas these two values reach their lowest and
highest limits, respectively. These results are enpronounced when the size of the
ensembles increases from 50 to 100. The improvesrtgnusing larger ensemble sizes,
200 and 500, are less significant. Therefore, aemible of size 100 seems appropriate for

this study. However, still, more variance is obserfor larger ensemble sizes.
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3.2.2 Assimilation time step effect

The time interval between two consecutive EnKF ragations is an important issue for
practical applications of the EnKF. In general, adassimilation is required whenever
significant flow behavior changes occur in the rese such as opening or shutting existing
wells, adding new wells or even changing the prédacand injection rates. The assimilation
time interval should not be too big or too shantthe latter case, the production data could be
correlated and redundant, thus no more informatanbe withdrawn. However, non linearity
in the flow behavior may not be captured for tondispaced assimilations.

In order to investigate the effect of the assinolatime interval on the quality of the updated
models by the EnKF, we investigate two scenarias @mpare the results with the "base
case" presented in section 3.1.2. In the first agentermed as "short assimilation interval”,
two assimilations are performed each month, the middle and the last day of each month.
In the second scenario termed as "long assimilatierval”, one assimilation is performed
every two months. For the short assimilation iraeémun, there are 34 assimilations in total,
whereas for the long assimilation interval runréhare only 8 assimilations over 16 months.
For the base case, one assimilation is performeld manth.

The RMS on the mean model (equation 3.3) is displayedigurié 3-15 for each of the

prod,2
well production data. It is computed for the thpre-defined assimilation intervals. For the
bottom hole pressure (FiguBel5(a)) the best RMS results are those of thet stssimilation
interval, followed by the base case and then thg lssimilation interval, as expected. The
same trend, in general, is observed for surfaceatsl (Figure3-15(b)) and water cut (Figure
3-15(c)). However, a closer look reveals otheruess related to the assimilation interval.
The RMS for the surface oil rate or water cut shams increasing trend for the long
assimilation interval after thé"6assimilation step. At this time, the injectioneratndergoes
its second incremental increase, which stronglyaictpfluid flow. The same type of behavior
is observed for the base case. However, the inagagnd dampens after a certain number
of assimilations. Interestingly, this anomaly digaars in the case of short assimilation
interval, indicating that problems associated tonlimearities in fluid flow can be

compensated for by decreasing the time intervals.
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Figure 3-15 Dynamic RMS,.q, relative to (a) Bottom hole pressure, (b) Surfaceil rate, (c) Water cut

against the number of assimilation for the three asmilation interval scenarios.

3.2.3 Measurement uncertainty effect

Measurement uncertainty,e. standard deviation of the measurement noise ar,em a
history-matching problem depends on the uncertaintthe measurement devices, their
positioning, etc. Thus, it is case-dependent and should be fixeth@tbeginning of the
assimilation process. Meanwhile, the same uncéytdevels are used to generate the
ensemble of perturbed measurements. This case stwlgynthetic one and it allows us to
test the sensitivity of the EnKF method to meas@m@mincertainties.

In an independent set of runs, the ensemble ussection 3.1 is assimilated with three levels

of measurement uncertainty: low, base and high.

Table 3-2 The Standard deviation of error for well produdion data relative to the real measurements

Standard Low Base High

Deviation (SD,%) (SD,%) (SD,%)
BHP 0.01 0.05 0.1
SOR 0.01 0.05 0.1
WCT 0.01 0.05 0.1
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These are summarized in Tal3€. The assimilation scenario is the one describestction
3.1.1 for the three cases.

In this experiment, we first aim to have a lookita¢ final matchednk models. In all the
three cases, the initial ensemble of section 3utiliged with the initial mean and uncertainty
given in Figure3-6(b) and Figur&-7(b). As can be seen in FiguB€l6, all models regenerate
after assimilations the main features of the refeeecase, but with smoother results as
uncertainty increases. Although we started withghmme level of variability within ensemble
members for all the three cases, the lower the wneasent uncertainty, the higher the
variance reduction. The low uncertainty case iy wiwse to the one where measurements are
not treated as random functiong, if we do not consider an ensemble of measuremenits.
results confirm that the final variability of thesemble is too low in that case (Burgeal.,
1998).
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Figure 3-16 The Ink for the final assimilation. First row: final Ensemble Mean for (a) low Uncertainty, (b)
base Case, (c) high Uncertainty. Second row: findinsemble Variance for (d) low Uncertainty, (e) base
Case, (f) high Uncertainty

The dynamicRMS,,,, for the mean model is presented for each of teymtion data in

Figure 3-17. A decreasing trend is observed for all ca3ég most significant decrease is
obtained for the low uncertainty case, followedthg base case and the high uncertainty case.
The differences are not significant, but the lowestertainty case exhibits some anomalies for
the water cut RMS, which damps as assimilationinaes. This anomaly is observed at the
time step corresponding to the assimilation of fingt water cut value. It seems that the
reduced variance within the ensemble of the low ediamty cannot regenerate this
phenomenon at first try. However, later, with massimilation, the reference water cut is

regenerated.
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Figure 3-17 Dynamic RMS,q,. for (a) Bottom hole pressure, (b) Surface oil rate(c) Water cut against the
number of assimilations with various measurement ucertainty levels.
Although the appropriate choice for measurementedamty depends on measurement
devices, a too low uncertainty may pose problemtheworkflow of the EnKF, as it can
induce an excessive variance reduction. If thidlemm is avoided, our experiment suggests
that the choice of measurement uncertainty iss¥ importance. Meanwhile, the base and high

uncertainty cases provide improved estimates ahpability fields and match the production

data fairly well.
3.2.4 Spatial variability preservation

We are interested in investigating the potentialhef EnKF to capture the spatial variability
of the reference model when starting from an engemhose members are characterized by
a spatial variability different from the one of theference model. For simplicity, the spatial
variability of Ink is assumed to be characterized by the mean @ratiance. Thus, we keep
the same reference model as above, but generatmiti® ensemble with the following
spatial properties:

Mean: 5.0, Variance: 2.5, Variogram: Sphericaltfispic), Correlation length: 200m.
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Figure 3-18 In k model (a) Reference Model, (b) Final updad mean model with a new initial ensemble.

The EnKF method is run to get the final updated edlrheir mean is shown in Figu3el8.
It looks quite different from the reference moddbreover, the anisotropy of the reference

was not retrieved and the spatial variability af thean final models remains close to the one

of the initial ensemble.
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Figure 3-19 RMS against the number of assimilation for (ajn k Mean Model, (b) Bottom hole pressure,
(c) Surface oil rate, (d) Water Cut. The initial ersemble consists of In k models with an isotropic bgrical

variogram.
Next, we compare botlRMS,,,, and RMS,, , (equation 3.3 and 3.5, respectively) for the

three studied cases. FiguBel9(a) shows that as assimilations go on, the nezsemble
model first converges and then deviates from tliereace model. The final model is not

better than the initial one. In spite of the potatis RMS results, theRMS,, , shows a

general decreasing trend, but the results are sictatisfactory as for the base case. This
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indicates that although there may exist differeastervoir models that match the production
data fairly well, they may fail to regenerate teéerence model.
However, it is expected that when more data ardadble, the additional assimilation steps

contribute to better capture the spatial variapit the reference permeability field.

3.2.5 Initial ensemble uncertainty effect

One of the main issues with the EnKF is the choican initial ensemble which represents
accurately the space of potential initial reservoiodels. In addition, due to lack of
independence between ensemble members, one caalolate the uncertainty in the
estimated posterior distribution, given only a #ngnKF run (Thulinet al., 2008). The idea
in this section is to investigate and compare haver@nt ensembles of the same size can
affect the performance of the EnKF. The study isinlgabased on the prediction of
cumulative oil production during the forecast pdrido this end, ten different ensembles of

size 50 are used to perform the assimilation pre@edescribed in section 3.1.
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Figure 3-20 Dynamic RMS,q. profile of (a) Bottom hole pressure, (b) Surface ibrate, (c) Water cut

throughout the Assimilations for the Set of Initial Ensembles.
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Figure3-20(a) to (c) represent the dynanid1S results for each of the well production

prod 2
data starting from 10 different initial ensemblés.all cases, the RMS decreases. For the
bottom hole pressure, the RMS results are veryeclbat for the surface oil rate and water
cut, more differences can be observed. Moreovetthigse two production responses, several
anomalies,i.e. slight increasing trends, are present which darond as assimilations
continue. This artifact could be avoided by dedrepghe assimilation time interval as
presented in section 3.2.2.

Then, we compare the forecast capability of eachthef ensembles. To do so, the total
cumulative oil production predicted at the endlad forecast period from the initial and final
models (obtained after 17 months of assimilatioe) @mputed and represented by the box

plots in Figure3-21.
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Figure 3-21 Box plot of Cumulative Oil Production for the 10 Ensembles (a) Initial Ensembles (b) Final
Ensembles

In this figure, the horizontal line shows the cuativie oil production estimated for the
reference model after 1612 days of production.iiitial ensembles embrace the reference
model within their extent beyond the upper quartiet have outliers with a cumulative oil
production much lower than the reference. Afteimagations the variation in the cumulative
oil production between ensemble members is redEeglre 3-21(b)). For most of the
ensembles, except ensembles 5 and 8, the true imloetween the lower and the upper
guartiles. Furthermore, the outliers are removeensembles 1, 2, 3 and 8. The ones that still
exist are not far from the lower extent of the d&war all ensemble members, the difference

between the median of the ensemble and the true v&lreduced, indicating that the mean is
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an acceptable estimator within the ensemble. Gultsesuggest that the range of predictions

is more reliable whenever the test is repeateddueral ensembles of the same size.

3.3 Conclusions

In this chapter, we investigated the performancéhefEnKF as a history-matching method
for a 2D synthetic reservoir model. Comparing alitand final updated ensembles, after
several assimilations, the spread of the well pectido responses was reduced around the
reference model and all the ensemble members wapabte of tracking its trend. The
evolution of thelnk model over time was represented: most high and pewneability
features of the reference model were retrievedhayend of the assimilation period. The
results were also assessed qualitatively by statc dynamic RMS values (Section 3.1). It
was observed that non linearity in flow behaviorym@aduce anomalies in the decreasing
trend of the RMS during assimilations.

Section 3.2 presents a set of sensitivity testdet@rmine the effect of several controlling
parameters. First, the effect of ensemble size stiadied. By increasing the ensemble size,
little is gained in the quality of the productioatd match, but the variation among ensemble
members is preserved throughout assimilation aadlthv responses simulated for the final
updated models show more variation (Section 3.5&rond, the impact of the assimilation
interval was investigated. The smaller the asstinilainterval, the better the match in
production data (Section 3.2.2). Third, three Isvelf measurement uncertainty were
considered in the assimilation procedure. The tesobicate that a too low uncertainty is
unfavorable as the variance reduction is great. él@wn as a general rule the sensitivity of the
EnKF to this parameter is fairly less prominentntithe others (Section 3.2.3). Forth, we
studied the dependence of the EnKF to the initiadeenble in terms of geostatistical
parameters, in our case, anisotropy. It was obdetivat although the production data were
matched adequately, this experience was not capdbiegenerating the reference model
(Section 3.2.4). Last, Section 3.2.5 dealt with tapability of different ensembles of the
same size in predicting the total cumulative oddarction through a forecasting period. It was
concluded that several ensembles of the same gz @uired to make a sound forecast with
ensembles of fairly small size. In petroleum amlans of the EnKF, the notion of model
error is disregarded. However, its inclusion maycbasidered as a solution for significant

variance reduction within ensembles of small size.
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4 Variant of PUNQ-S3 Case Study

The 2D simple synthetic case considered in theipuevchapter enables us to assess the
performance of the EnKF and investigate the infbgerof parameters involved in its
formulation. However, to process the merits andtsbmings of this method, its performance
should be verified for several synthetic and resdecstudies. In this chapter, we consider a
more complex case study for assimilation deriveamfrthe PUNQ-S3 case. The reservoir
model and the EnKF setting considered to perforentistory-matching of well production
data are described in Section 4.1. Assimilationltesare given in Section 4.2. Section 4.3 is
devoted to sensitivity tests to assess the infleesfcseveral parameterise. ensemble size,
assimilation time interval and measurement uncaastdevel. The experiments in this chapter
provide the EnKF user with a more robust insighttlie methodology. More details can be
found in Heidarkt al. (2010).

4.1 Overview of the PUNQ-S3 case

The PUNQ-S3 case study is a standard small-sizvas engineering model set up by the
PUNQ project (Production forecasting with UNcertgiQuantification) and often used for
performing benchmarks. It is based upon a real fieht has been operated by EIf Exploration
and Production. A full description of this casedstean be found on the PUNQ webpage and
in Floriset al. (2001).

4.1.1 Geological description

The PUNQ model encompasses 5 layers with diffggetrtbphysical properties due to various
depositional environments, whose main charactesistie summarized as follows:
= Layers 1, 3 and 5 correspond to fluvial channetased in floodplain mudstone. They
consist of a low porosity shale matrix (porositys%) with linear streaks of high
porosity sand (porosity > 20%). These two sandy straly facies are represented by

an "effective" facies with good reservoir propestie
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= Layer 2 consists of marine or lagoonal shales disital mouthbars. This results in a
low porosity shaly matrix (porosity < 5 %) with e higher porosity patches. Again,
an "effective” facies with poor reservoir propestis used to represent this layer.

= Layer 4 is a lagoonal delta, encased in lagoomal. ¢t results in a low porosity matrix
(porosity < 5%) with a more intermediate porosggion (porosity ~ 15%). This layer

is then populated by an "effective" facies withermediate reservoir properties.
4.1.2 Reservoir model

The numerical model is built over a 19x28x5 gritieTdimensions of each grid block in the
X and Y directions are 180x180%mnd the thickness is defined according to thebdet
data set. There are 1761 active cells and thevaisés produced from 6 wells named PRO-1,
PRO-4, PRO-5, PRO-11, PRO-12 and PRO-15. Figttealisplays the top structure (layer 5)
and the 6 well locations.
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Figure 4-1 Top structure and well locations — PUNQ-S3 modéfrom PUNQ webpage)
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The field is bounded by a fault to the east andhsand by a strong aquifer to the west and
north. Due to the strength of the aquifer, injectivells were not needed for pressure

maintenance.

4.1.3 Petrophysical properties

Porosity and horizontal permeability realizations stochastically drawn to populate the five
layers of the reservoir and their statistical prtps are reported in Tablé-1. Vertical
permeability is assumed to be the same as thedmbaizone. The data used to generate the
realizations differed slightly from those provideg the PUNQ webpage, in order to enlarge
the possible variations when performing sensitivggts with the EnKF. In addition, the
spatial variations in porosity and permeability ateracterized by a spherical variogram,

whose main axes and anisotropy ratios are givaabie4-1.

Table 4-1 : Facies properties — Porosity, logarithm of hdzontal permeability In (kh) and variogram data.

Layer 1 2 3 4 5
Facies A B C D E
Porosity Mean 0.1722 0.0802 0.1677 0.1615 0.1892
Porosity Variance 0.0078 0.0004 0.0050 0.0006 0.0049
In (kh) Mean 2.18 141 2.24 2.47 2.49
In (kh) Variance 3.14 0.74 3.26 5.64 3.72
Correlation Length (m) 3500 750 6000 1500 3750
Facies Anisotropy Ratio 0.286 1.0 0.25 0.50 0.333
Azimuth (degrees) 30 0 45 -30 60

All realizations (including the reference reservmiodel) were generated on the basis of the
Fast-Fourier Transform-Moving average (FFT-MA) altton (Le Ravalecet al., 2000)
without any conditioning to data at well locatioi$e resulting porosity and permeability

models, which are used as the reference modeisrstudy are displayed in Figude2 and

Figure4-3.
0.3 0.3 0.3
0.1 ]
0z 0z 0.2
|
X 0.1 005 0.1 0.1
0 0 0 0 0

{a) Layer1 {b) Layer 2 {c) Layer3 {d) Layer4 (e) Layer5

0z
0.15
0.1
0.05

Figure 4-2 Reference porosity (in fraction) fields for theb layers in the model.
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Figure 4-3 Reference permeability, In(kh), fields for thes layers in the model.

4.1.4 Production schedule

The original PUNQ-S3 case involves 3-phase flowthareservoir. In the present work, we
consider a simpler 2-phase (oil and water) blatlicase, which has the advantage to provide
more easily readable results. The original PVT eatee modified to account for this change,
while aquifer data remained unchanged. Relativenpability was generated according to the
charts available in our database and capillaryspireswas assumed to be negligible. We kept
a production schedule similar to the one develdpedhe original model, which is the same
regardless of the production well. It consistshef following phases (Figure4):
= 1 year of extended well testing with:
= four three-monthly production periods with oil pumtion rates of 100, 200, 100, 50

m°/day, respectively;
= 3 years of well shut-in;
= 4 years of production.

= A well shut-in test is performed during the lasbtweeks every year to collect shut-

in pressure data. During the rest of the year,nstemt production rate of 100°fday

is set up. This flow rate constraint switches td@tom-hole pressure (BHP)

constraint when pressure drops down to 120 bars.
The study time period spans between 01/01/1967 1&i@1/1975,i.e. 8 years and it is
referred as théistory-matching interval in the remainder of this chapter. The time peisd
extended to 01/07/1983 to perform 8.5 years ofdaséng and this additional period is
termed theprediction interval. During the history-matching interval, measureraeate
obtained at irregular intervals. The noise levad, the standard deviations of the normal
distribution defining the measurement uncertaintiesre set to 2 bars for pressure, Zday

for surface oil rate and 0.02 for water cut.

138



Surface Oil Rate (m3/day)

1000 1500 2000 2500 3000
Time (days)

Figure 4-4 Evolution of the surface oil rate scheduled ahe production wells during the history-matching

interval. The vertical red lines indicate the assinfation times.

4.2 History-matching of the reference case

We designed a twin experiment to investigate thefullsess of the EnKF for performing
history-matching on our modified version of the RQH$3 case. We followed the production
schedule described above to simulate producticm diating the history-matching interval for
our reference reservoir model (Figu#e2 and Figured-3): bottom hole pressure (BHP),
surface oil rate (SOR) and water cut (WCT). Thaultesy values obtained for the 6 target
producers yield the observations that need to peodeiced through the history-matching
process. They will be referred to a "reference potidn data" in the following. Values
obtained for wells PRO-5 and PRO-15 are shown guiei4-5 and Figuret-6 respectively
(red curves).

The reference porosity and permeability fields moev assumed to be unknown contrary to
the reference production data. The primary purpdtlee EnKF approach is then to identify a
set of realizations conditioned to these productiata.

The history-matching interval is split into 13 sessive time steps, the end of each time step
being associated to a change in the flow rate. &hetervals or assimilation steps are
displayed in Figuret-4 on top of the expected surface oil rate vameiagainst time (red
lines). For each time step, there are 18 referdatzavailable: 6 BHPs, 6 SORs and 6 WCTSs.
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The size of the ensemble is set to 50: for eadheiayers in the model, 50 realizations are
generated for both porosity and permeability. Thessizations have the same statistical
properties €.g. mean and variogram) as the reference reservoiremadhile the other
parameters such as the relative permeability cuthesinitial pressures and the initial water
saturations are assumed to be known without unogrtdeach ensemble member is updated
according to the assimilation timing defined abolkis ensemble is denoté&shsemble 1 in

the following.

As the number of active cells is 1761, there ar@lldnknown porosity and permeability
values. Similarly, there are also 1761 pressureveater saturation values. Permeability and
porosity are deemed as static parameters whilervgateiration and pressure are dynamic
variables, so that the state vector for e ensemble member at ttie" time step is defined
by:

¢, ; =[trang(@, ; )),-...trans(@, ; N, )trans(kh ; ,),...trans kh Ny ), 4.1.

PeinPein, s SucjareSuin, Aejarijn, ]
N, is the total number of active grid blocks in tkservoir model andN, the total number of
data. ¢, ;. kh;;, R,;; and S, ;; are the porosity, horizontal permeability, pressand
water saturation in grid block, respectively.d, ;; stands for the' reference production

data, i.e, BHP, SOR or WCT for the 6 production wells. Fumct trans defines a
transformation applied to state parameters, whitduees that these parameters still have

physical values at the end of the updating stepsé&hransformations are:

1. for porosity trans(¢):|og[ % J

2. for permeability trans(kh) = log(kh)

4.2.1 Results for production data

We now compare the performance of the initial andected models with regards to the
simulated responseg. BHP, SOR and WCT, and focus on two wells: well PR@ad well
PRO-15 (Figuret-5 and Figurel-6). The production responses are simulated ®hthtory-
matching interval (0-2936 days) and the prediciierval (2936-6025 days). For the final
ensemble, each updated model is taken back to dag @umerically simulated for the whole

time span.
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Figure 4-5 Production data simulated for well PRO-5 with @ ensemble of size 50 during the history-
matching and prediction periods. First row: Initial ensemble. Second row: Final ensemble updated with
EnKF. The black dashed vertical line at 2936 daysdicates the time limit between the history-matchig
interval (0-2936 days) and the prediction interval(2936-6025 days). The gray curves correspond to the
ensemble members, the red curves to the referenceodel and the blue curves to the results obtained thi

the reservoir model computed as the mean of the esrsble.

Comparison of the two rows of Figure5 and Figure4-6, respectively, stresses that the
production responses simulated for the initial ni®dectuate much more than those obtained
for the corrected models. Moreover, the initial migddo not follow the trend of the reference
model and the mean reservoir model derived frons thitial ensemble behaves very
differently from the reference model. However, atterrection with the EnKF, the difference
between the ensemble members and the referencd madduced: the reference production
data are now located in the range given by themeblgemembers. In addition, the final mean
reservoir model defined from the final ensemblerodpces the behavior of the reference
model better than the initial ensemble mean mdetal the two wells, the estimation of water
breakthrough during the history-matching periodriproved significantly compared with the
initial ensemble. More specifically, starting fromitial ensemble members that do not
reproduce the reference water cut data, the asgiamlwith EnKF improves water cut results
at least for well PRO-15: the WCT is fairly wellptared by the corrected ensemble through
the history-matching interval. On the other haheé, WCT match is still poor for well PRO-5.
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Matching WCT data, in general, is a difficult tasikcause of its highly nonlinear dependence
to model parameters. In terms of production resp@nshe corrected models provide
reasonable predictions for BHP and SOR. As expetitedpredicted WCTs are less reliable
because the assimilation of the data during théotyignatching phase led to smaller

improvements. Overall, the updated ensemble owipesd the initial ensemble.
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Figure 4-6 Production data simulated for well PRO-15 withan ensemble of size 50 during the history-
matching and prediction periods. First row: Initial ensemble. Second row: Final ensemble updated with
EnKF. The black dashed vertical line at 2936 daysdicates the time limit between the history-matchig
interval (0-2936 days) and the prediction interval(2936-6025 days). The gray curves correspond to the
ensemble members, the red curves to the referenceodel and the blue curves to the results obtained thi

the reservoir model computed as the mean of the esrmble.

As evidenced in Chapter 3, the choice of the ingiasemble can have an impact on the
assimilation results, especially for a small endersize. To take this effect into account, four
additional ensembles of 50 members were considarddupdated with the same assimilation
procedure.

To assess the results qualitatively, tRMS,,, is calculated for the well production

responses of the ensemble mean model at each lasseimstep (equation 3.3).
Figure 4-7 represents the evolution of the RMS value Miithe for bottom hole pressure,

surface oil rate and water cut. The values are abzed to the initial RMS value in each
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case. The RMS for BHP and SOR show a decreasind {except for Ensemble 5), but the
WCT RMS evolution is more chaotic. These resul@ragtress the difficulty to match WCT
compared to matching BHP and SOR. Furthermore egperiments have shown that when
the ensemble size is increased to 100 or moreditferences between initial ensembles in

terms of RMS results become less significant.

RMS RMS RMS
‘ ' ) Ll ; ; . ! :
i = Encemble 1
S Y | : P _ === Enzemble 2
e sty W ‘ 3 f 38 |ruenennnen.| == Ensemble 3 |
= Erzamble 4
E : . : Engamble 5
(1] 2] £ T AR . - [TF:Y | SRR RRPTRRRPIR R S L =
: : 3l 4
(1 | IS— b 4
| ! : 251 .
06 _'............:.............:......._.
a : : & a
= = =
=] LSO SO S 2 = 5L i H J
@ 05 ] ; : @ 2 2
- il
i i i
04| .
II
1] | i i} 1 i
0 5 10 0 5 10
Asgimilaticn Number Aszirdatson Murmbar Asgimilation Number
(a) Bottom hole pressure (b) Surface il Rate () Water cut

Figure 4-7 RMS, 4.2 Of production data. (a) BHP (Bottom Hole Pressure)(b) SOR (Surface Oil Rate), (c)

WCT (Water Cut) for 5 ensembles of size 50. The Uz are normalized on the initial value (t=0).

4.2.2 Results for petrophysical properties

Table4-1 summarizes the properties of the porosity awnpability fields. Figur&-8 and
Figure 4-9 display, for Ensemble 1, the mean models dérivem the initial porosity and
permeability fields, respectively. They are almasiform and equal to the porosity and
permeability means, which are assumed to be stafqifabled-1).

By matching production data sequentially in timetenogeneities and streaked features
appear progressively in the porosity and permdghitiean models from one assimilation
time to the next. Figuret-10 and Figure4-11 show the mean corrected porosity and

permeability models after performing 13 assimilasio.e. 13 successive history-matching of
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production data. The main features of the referemocglel (low and high porosity and
permeability streaks in layers 1, 3 and 5 togetvigr low and high porosity and permeability
patches in layers 2 and 4) are retrieved in theected models. The porosity fields for layers
1, 3 and 5 were overestimated (the porosity value® expected to be lower than 0.35: they

were trimmed when above).
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Figure 4-8 Mean of initial ensemble for porosity distribufon in the 5 layers.
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Figure 4-9 Mean of initial ensemble for permeability (In k) distribution in the 5 layers.
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Figure 4-10 Mean of final ensemble for porosity distributon in the 5 layers.
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Figure 4-11 Mean of final ensemble for permeability (In k) distribution in the 5 layers.

The overestimation is less significant for permbgbfields: the updated fields are of the
same order of magnitude as the reference modeleGao(2006) related the overestimation
problem to the constraints on well pressures ani@daei oil rates in the fluid flow simulation,
and reduced it by removing the bounds on the weatfon-hole pressure. This problem is
mentioned in other applications of the EnK&g( Gu and Oliver, 2005). According to
Devegowdaet al. (2007), the overestimation is a result of the g correlations in the
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covariance matrix due to the finite ensemble sizeey proposed a mitigation strategy by
covariance localization.

It can also be shown that the assimilation progedsces a decrease in the variance of the
porosity and permeability ensemble members, edpheai@und well locations. As wells are
perforated in layers 3, 4 and 5, variance reduasomore significant in these layers than in
layers 1 and 2. Figuré-12 and Figurel-13 display, for Ensemble 1, the variance computed
for the porosity and permeability models in layeiT#e first graph gives the variance for the
initial ensemble, the middle one for the ensemlii@mioed after 7 assimilations and the last
one for the final ensemble (I&similations). Although variability reduction is reatural
consequence of data assimilation, the updated dinsesmould be representative of the
variability of model parameters. Hence, excessiaeance reduction should be avoided. As
already evidenced in Chapter 3, this can be endqwyersing a larger ensemble. Moreover, the
model noise is neglected in petroleum applicatminthe EnKF and its inclusion may help to

mitigate this problem.
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Figure 4-12 Variance of the ensemble for the porosity fidl in layer 4: (a) Initial ensemble, (b)

Intermediate ensemble, (¢) Final ensemble.
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Figure 4-13 Variance of the ensemble for permeability fiel in layer 4: (a) Initial ensemble, (b)

Intermediate ensemble, (c) Final ensemble

The distance between the assimilated porosity arthgability models for each ensemble
member and the corresponding reference modelsaistified by theRMS,, , (equation 3.4).
This RMS value quantifies the convergence towakds reference reservoir parameters or
static data. Figuré-14 shows, for Ensemble 1, the static RMS valussputed, at each
assimilation, for porosity and horizontal permeipilogarithm in the five layers (all values
are normalized to the static RMS values computetdhreg 0). A decreasing trend is evident
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for most of the parameters, except for porositiayers 1, 3 and 5. As explained above, these
layers control most of the flow and their updatedogities were overestimated. The effect of
the initial ensemble was also studied on the RM8evalthough the RMS values are not the

same for all ensembles, the same trend was obstwdiferent ensembles of size 50.
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Figure 4-14 Static RMS for porosity and horizontal permeablity log (In kh) in layers 1 to 5. The values

are normalized on the initial time (t=0).

4.3 Sensitivity analysis

Performance of the EnKF for history-matching anedgstion depends on several parameters,
among which ensemble size, measurement data umtgrtassimilation time step are

important. As in Chapter 3, a set of experimentsitates the influence of these parameters
on the results. In order to reduce the effect efithtial ensembles on the experiments, five
different ensembles are generated for the targeinpeter and the same assimilation process
is performed for each of them. The RMS values prieskhereafter are the average RMS
values over the five ensembles. The effect of thieal ensemble on predictions of the

cumulative oil production is the same as the oresqated in Chapter 3, except for the fact
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that an ensemble of size 100 is more appropriate 5. More details on this experiment are
available in Heidaret al. (2010).

4.3.1 Ensemble size

As explained in section 3.2.1, increasing the etdesize provides a better estimation for the
error covariance matrix. Therefore, a better penoice of the EnKF is expected in terms of
regenerating the reference porosity, permeabihty \&ell production data. We apply here the
EnKF considering ensembles of sizes 50, 100, 2@D 50. We consider the same data
uncertainties as above. The assimilation interaedsndicated by the red dashed vertical lines
in Figure4-4.

Two metrics quantify the performance of the difféarensembles: the static RM&NIS,, ,

in equation 3.5) and the dynamic RMBMS in equation 3.2).

prod 1

Table 4-2 Effect of ensemble size — Average value of tldynamic RMS;q; obtained with several

ensembles of increasing size, normalized on the ual obtained with an ensemble size of 50.

Ensemble Size
Property 50 100 200 500
BHP 1 0.33 0.27 0.25
SOR 1 0.29 0.19 0.17
WCT 1 0.44 0.44 0.41

Table 4-3 Effect of ensemble size — Average value of thtatic RMS obtained with several ensembles of

increasing size, normalized on the value obtainedith an ensemble size of 50.

Ensemble Size
Property 50 100 200 500
Phi-L1 1 0.62 0.55 0.54
phi-L2 1 0.74 0.68 0.66
Phi-L3 1 0.72 0.64 0.64
Phi-L4 1 0.67 0.64 0.65
Phi-L5 1 0.62 0.67 0.65
Ln kh-L1 1 0.67 0.66 0.61
Ln kh-L2 1 0.77 0.69 0.68
Ln kh-L3 1 0.83 0.69 0.72
Ln kh-L4 1 0.81 0.77 0.74
Ln kh-L5 1 0.71 0.71 0.65

Table4-2 provides theRMS values determined for different ensemble sizeg Vdlues

prod 1
are normalized to the average RMS obtained foretteembles of size 50. At first glance, it
appears that increasing the ensemble size frora 50Q strongly decreases the RMS value. A
larger increase in the ensemble size has a lesdicigt effect. Therefore, an ensemble of

size 100 is more appropriate considering CPU cdstar! Not a valid bookmark self-
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reference. provides theRMS_, , values for ensembles of increasing size. Thesgesahre

normalized by the average RMS error determinedhferensembles of size 50. The larger the
ensemble size, the lower the RMS error for mosthef static properties. Furthermore,
increasing the ensemble size from 200 to 500 redtsestatic RMS error, but less than when
passing from 50 to 100 or 200. Thus, an ensembkazef 100 to 200 is well-suited for the

considered problem.
4.3.2 Data uncertainty

We propose now to assess the effect of measuramesttainty on the performance of the
EnKF. Under the Uncertainty 1 case, data uncerésintere set to 2 bars for BHP, Z/day

for SOR and 0.02 for WCT. The Uncertainty 2 cassuages an error of 3 bars for BHP, 3
m°/day for SOR and 0.03 for WCT. The quality of thesults is again measured by the

RMS__,,error (equation 3.2). The results presented in &dbft are normalized to the

prod .1
average RMS value obtained for the ensembles ef%izand the "Uncertainty 1" setting to
make the comparison of results easier. In the “dacdy 2” configuration, the RMS errors
computed for the production data are increasedomparison with “Uncertainty 1” for a
given ensemble size. Apart from the ensembleszef 50, our experiment demonstrates that
even with a higher measurement uncertainty, thed 8Bnsembles outperform the initial ones.
Table 4-4 Effect of measurement uncertainty — Average vae of the dynamic RMS.q1 Obtained with two

increasing levels of uncertainty and several enseri@s of increasing size, normalized on the value abhed

with an ensemble size of 50.

Uncertainty Uncertainty 1 Uncertainty 2
Ensemble Size 50 100 200 50 100 200
BHP 1 0.33 0.27 1.26 0.70 0.61
SOR 1 0.29 0.19 1.11 0.49 0.37
WCT 1 0.44 0.44 1.02 0.98 0.96

Haugenet al. (2006) have also performed a sensitivity test @asarement uncertainties for
an application of the EnKF on a North Sea fieldecaghey claimed that the choice of the
measurement uncertainty is less important; asdions with increased and decreased levels
of uncertainty provided improved estimates comparedhe initial reservoir models. Our

experiments, in this chapter and Chapter 3, hamdtesl in the same conclusion.
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4.3.3 Assimilation step

The time interval between two consecutive assimifat is also an important issue for
practical EnKF applications. Smaller assimilatibeps may be required to capture significant
perturbations or nonlinearities in fluid flow. Tkeperturbations can be induced by addition
of a well or variations in flow rates.

The production scheme followed for this case singglves several changes in the flow rate.
Therefore, we compare the performance of the Erd€Rwo distinct time step settings. The
first assimilation time partitioning, “Time Step,1is reported in Figurd-4. In the second
partitioning, “Time Step 2", each of the previoumé steps is divided in two smaller steps.
We considered ensembles of size 50, 100 and 2G@ddyncertainty 1 metric.

Results are compared using tRMS (equation 3.2). The RMS errors reported in Table

prod 1
4-5 are normalized to the average RMS values déatedrfor the ensembles of size 50 with
the "Time Step 1" setting. Keeping the ensemble sanstant while decreasing the time step
size makes the RMS smaller for the target prodoatesponses. In addition, decreasing the
time step size while increasing the ensemble spgaves the match even more.

Table 4-5 Effect of assimilation interval — Average valueof the dynamic RMS,qq 1 Obtained with two

decreasing sets of assimilation time intervals anseveral ensembles of increasing size, normalized tre

value obtained with an ensemble size of 50.

Time Step Time Step 1 Time Step 2
Ensemble Size 50 100 200 50 100 200
BHP 1 0.33 0.27 0.60 0.28 0.24
SOR 1 0.29 0.19 0.56 0.21 0.15
WCT 1 0.44 0.44 0.50 0.35 0.29

4.4 Conclusions

In this chapter, we have applied the EnKF for mgtmatching of a rather complex synthetic

case study, the PUNQ-S3. This application has geal/us with a better understanding of the
method on a practical point of view and highlighsettlitional problems compared to the 2D
synthetic case considered in Chapter 3. In thedxperiment, a fairly small ensemble of size
50 is used to provide the initial uncertainty irrgeity and permeability. It was observed that
by sequentially matching the production data (BHFOR and WCT), porosity and

permeability fields were gradually adjusted soaseproduce the reference production data.

The water cut was shown to be quite difficult totcha possibly due to the highly nonlinear
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dependence of this data to reservoir parameterseder, the small size of the ensemble
may have resulted in spurious correlations in therecovariance matrix leading to the
overestimation of porosity in several layers.
We also performed a set of sensitivity tests tessshe role of several parameters on history-
matching results such as the ensemble size, tlreutakrtainty, the assimilation time step.
The following conclusions, in agreement with tho§€hapter 3, can be drawn:
= increasing the ensemble size results in a bettéchnfar the production data (BHP,
SOR and WCT), but there exists a trade off betwhernincrease in computation time
and the improvements in the results. Our experismsaggest that an ensemble size of
100 to 200 is appropriate to obtain acceptablelteesuith EnKF. However, this
number is case-dependent;
= uncertainty level in measured data is of less Bgance: data assimilation with EnKF
improves model estimates whenever the size ofrieerable is large enough.
= decreasing the assimilation time step is requiodaetter capture the abrupt changes in

dynamics of the model.
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5 Facies Model Case Study

Facies models are used to describe different rgg&st and depositional environments in a
reservoir model. Therefore, in such a reservoerdhexists a finite number of facies types
with specific petrophysical propertiase. porosity and permeability. Adjusting facies models
in order to regenerate well production data is ohghe most difficult tasks in history-

matching due to the discontinuous and non-Gaussiture of facies models. They cannot be
directly updated by the EnKF. Several methods wweoposed in the literature to circumvent
this problem. They are first reviewed. Then, welgppe EnKF to a 2D synthetic reservoir

populated by two facies.

5.1 The Ensemble Kalman Filter methodology for adjustirg facies models

Mathematically speaking, facies models are conedlies "indicators". Indicators are random
functions that take discontinuous values from algfieed set of values. There are several
simulation methods for generating such random fanst (Chiles et Delfiner, 1999). The
main difficulty with facies models is their non-d¢oruous nature, which results in multimodal
distributions. Besides, any application of the Enkdguires Gaussian random functions.
Therefore, most temptative applications of the Eri#iFadjusting facies models are based on
the perturbation of underlying Gaussian fields. Seh&aussian fields are considered as the
static variables in the state matrix for each En&®semble member. The new facies
distributions after assimilation are obtained nsformation of the updated Gaussian field.
An overview is given hereafter.
= Pluri-Gaussian Method (Liu and Oliver, 2005)

In Liu and Oliver (2005), the Pluri-Gaussian methae Loc'h and Galli, 1997) is

used to simulate the facies distribution. Two Gaussandom fieldsZ1 and 22 are

defined on the whole reservoir model. Then, a tioks truncation map is used to

assign facies at each location, depending on theesvaof Z1-Z2. These two

Gaussian fields are used in the state matrix amthteg at each assimilation step by

the EnKF. The corresponding updated facies modelthan obtained by applying the

truncation map to the updated values #f and Z2. More details about the

151



conditioning to facies observations are availahl&iu and Oliver (2005). Two main
disadvantages for this method are known. Firgshaffacies model is complex, it is not
straightforward to determine an appropriate mapping suitable structural properties
for the underlying Gaussian fields. The secondisree common disadvantage for all
the facies applications of the EnKF, regardlessheffacies simulation method: the
relation between facies models (defined by thishomdblogy) and well production
data is highly nonlinear. Therefore, iterative a@mwhes are required to match well
production data.
= Level Set Method (Moreno and Aanonsen, 2007)
For reservoir facies modeling, level set functiara be used to define the boundaries
between different facies types. According to thenhar of facies types, several level set
functions may be required. In this method, faciesraaries can be moved according to a
velocity function. This velocity function is the keoint in adjusting the facies models to
regenerate the well production data. In the methomposed by Moreno and Aanonsen
(2007), the velocity function is modeled as a Geussandom field and is updated by the
EnKF method at each assimilation step. The methasl applied to a 2D synthetic reservoir
model and was capable of regenerating most featditb® reference facies model. Moreover,
facies proportions were correctly estimated byupdated models. The only disadvantage is
the severe complexity of the method for sophistiddacies models.
= Gaussian Mixture Models (Dovera and Della Ross@720
Dovera and Della Rossa (2007) modified the EnKFhoetto make it appropriate for
Gaussian Mixture models. Gaussian mixture modeks @sed to handle multimodal
distributions. They first apply this new algorithma mathematical case study with a bimodal
distribution. This modified version succeeded igemerating this distribution. However, a
reservoir engineering model is not still tested.
= Kernel Methods (Vabet al., 2008)
In order to deal with the non-Gaussian and multiahadhture of facies distribution, Valep
al. (2008) proposed to map the facies models to aehigider feature space. This method can
be considered as a parameterization method. Byngakiproper mapping, facies models can
be represented by Gaussian variables in the feapaee. When using kernel methods, the
mapping is never explicitly performed. The updatehe EnKF is performed in the feature
space and the updated values are then back-travedorHowever, calculating the back
transform is not straightforward. The method isrokd to be as efficient as the traditional

EnKF in terms of computations. It is also said tihagasily applies to large scale reservoir
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models. Vabget al. (2008) applied this method to a real field casd amre capable of
regenerating the observed well production data toeasonable degree. However, they
observed that the final facies models were ratlmendgeneous and did not reproduce the
geological features of the actual facies model.

As our facies case study is a simple one with amy facies types, we make use of the

"Truncated Gaussian Simulation"” method and we aigombine it with the EnKF.

5.2 Truncated Gaussian Simulation

We consider a reservoir model with facies types om indicators. One way to obtain these
indicators is to applyn—-1 thresholds to a standard Gaussian random funetimhassign
each of them zones to one of the indicators. This idea is tbg & the truncated Gaussian

method. It is depicted in Figuiel.

c® Y1 Y2 Y3 Ya Ym-2 Ym-1 "
® ® ® PN @ :rirerariaiieaaiens @ ® 7Y
N v A ~ A A _J - A ~- )

Iy I ls Iy Im-1 Im
Figure 5-1 Truncated Gaussian Simulation Method. yis the corresponding threshold for indicator |.
The Gaussian random functiof(x) takes values itJ. Functionsl, (x),i =1,...,m represent
each of the indicators defined by the thresholds =1,...,m according to the following
formula:
li(x)zlyi_le(x)<yi —O=Y, <Y < <Yi4 <Y <.<Y,=t® 5.1
Thresholdsy, are chosen so as to reproduce facies propor{mns

i 5.2.
Y, :G_l(z p]) ,i=1...m-1
=1

where G is the Normal standard cumulative density functibigure 5-2 represents the

mapping between the indicators, Gaussian threslamidgroportions.
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Figure 5-2 Schematic on the Truncated Gaussian Method

Starting from the first indicator, and its proportionp,, we estimate thresholg, : the set of
Gaussian values smaller or equaltcare attributed to indicatol,. A similar approach is

followed for the other indicators.

The truncated Gaussian method is appropriate faplsi facies models. Otherwise we can use
its extension that is the pluri-Gaussian methodnllwhen adjusting facies models with the
EnKF, the Gaussian random functi®¥nis considered as the static variable to be updated

The truncation is applied to determine the facisiutions.

5.3 Two dimensional facies case study

5.3.1 Test case description

The numerical facies model for this case studyust lover a 50x50 grid. The reservoir is
populated with two facies. They are assigned conhstzetrophysical properties and

proportions (Figuré-3). The porosity is set to 0.18 all over the resie.

Table 5-1 Facies proportions and properties

Facies | Proportion | Permeability |
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1 30 % 100 mD
2 70 % 1000 mD
The variogram for the underlying Gaussian randomction is spherical with the main

anisotropy direction defined by an angle of 60 degrwith respect to the X-axis. The
horizontal variogram ranges are 300 m and 40 m.AFE-MA algorithm (Le Ravaleet al.,
2000) is used to generate this standard Gaussedth. fThen, we refer to the mapping
described in Figur&-3 (a) to assign permeability values and facige tio each grid cell.
According to this mapping, the valug of the Gaussian random function that correspoads t
a cumulative probability of 0.3 is first determinétlis process is represented by the black
dashed arrow). Then, grid cells for which the Geussandom field is lower thary, are

associated to facies 1 whose permeability is 100whide the others are associated to facies
2 whose permeability is 1000 mD. The reference pabiiity field is represented in Figure
5-3 (b).

1

0.9r

0.8 1 1000
0.7; Facies 1 Facies 2 :

0.6 —

0.5¢ g

0.4f g

(0.3 4

0.2 /

| 100

0.1+

% Y10 5

(a) Mapping model for facies models (b) Referenaeneability field (mD)

Figure 5-3 (a) Mapping model for facies proportions, (b) Rference permeability field for the facies case
study. The dashed black arrow in (a) represents théacies 1 proportion,i.e. 0.3. The red vertical line
represents its corresponding Gaussian random funain value. In figure (b), facies 1 corresponds to bé
values (with a permeability of 100 mD) and facies @ red values (with a permeability of 21000 mD).

Five wells are located in the reservoir (4 prodscand 1 injector) with the same
configuration as in Chapter 3 (FiguBl). The initial reservoir pressure is 125 barke T
production planning consists of water injectionsa®n as production starts at day 0. All
producers produce with a rate of 28/day. The flow rate constraint is changed to adwott
hole pressure (BHP) control when BHP drops below&. The primary constraint for the
injection well is the maximum injection rate, whidh set to 80 riiday. The secondary
constraint is a maximum injection pressure of 3@@sbThe STONE1 model was used for
defining relative permeability curves with the asated end points and water capillary
pressure tables. The initial water saturation i4®€.15 and the residual oil saturation to 0.2.
The compressibilities of water and oil are set ta0810" bar’ and 0.10x18 bar?,
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respectively. The corresponding densities are §/667 and 0.9 g/cth The industrial IFP
reservoir simulator PumaFId¥ is used for reservoir simulation with a Black ®WT type.
Bottom Hole Pressure (BHP), Surface Oil Rate (S@i) Water Cut (WCT) were simulated
for the reference permeability field over a perad@B04 days (10 months). They are displayed
in Figure5-4.
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(a) Bottom hole pressure for the reference case Sylface oil rate for the reference case
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(c) Water cut for the reference case
Figure 5-4 Reference values for (a) Bottom hole pressurél) Surface oil rates (c) Water cuts. The solid

dots indicate the timing at which production data will be assimilated with the EnKF.

5.3.2 Assimilation procedure

Our current purpose is the same as the one in €h8ptThe reference permeability field
(Figure 5-3 (b)) is considered as unknown. The referenct# preduction data only are
assumed to be known (Figuse4). Then, we try to identify a set of permeabpilior facies)
realizations that regenerate both the featureseofdference permeability (or facies) field and
the reference well production data. The productiata are assimilated at the beginning of
each month up to 304 days (10 months). The assiamlaéimes are represented by dots in
Figure5-4. The distributions of measurement errors asaeragd to be Gaussian with standard
deviations of 5% of the values measured for BHPRS@d WCT.
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The EnKF ensemble size is set to b@, 50 different standard Gaussian random realization
are generated with the same variogram as the rneferfgeld. Then, the mapping described in
Figure 5-3 (a) is applied to each of them to determine dbeesponding permeability (or
facies) realizations. Other parameters (porosit9.18, relative permeability curves, initial
pressure = 125 bars and initial water saturatio®.5) are kept constant without any
uncertainty.

The state vector for each ensemble membénen includes:

* The underlying Gaussian random realization (statieable):Y,;, i =1,....2500;
» Pressure at all grid cells (dynamic variable);, i =1,...,2500;
* Water saturation at all grid cells (dynamic vargbBw; ;, i =1,...,2500;

= Bottom hole pressure at injection and productioisvéHP, , , k =1,...,5;
= Surface oil rate at production wellSOR, , , k =1,...4;
= Water cut at production wellS\VCT, , , k =1,....4.

Therefore, the state vector for fffeensemble member is defined as:

Wi =YY 200X 25000 Pi1s Py 2sees Py 2soos SW; 15 SV, 5000, W 500 5.1.
BHP,,,...,.BHP, 5, OR, ,...,.30R; ,, WCT, ;,... WCT, ]

After performing the update, the mapping is appledhe updated field¥ to estimate the

updated set of permeability (or facies) realizatitmbe used at the next time step.

The permeability models obtained at the end ofas&milation period are used to perform

predictions. They are taken back to day 0 and tsethmulate the fluid flow behavior in the

reservoir during the history-matching period (0-2324/s) and the prediction period (305-1612

days).

5.3.3 History-matched production data and permeability (o facies) model

Production responses simulated with the initial &ndl ensemble members are compared in
Figure5-5 for well PRODS3. The same type of results isaoted for other wells.
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Figure 5-5 Production data simulated at well PROD3 with tle 50 facies realizations of the initial ensemble
(first column) and the final ensemble (second colun). The black dashed line at 304 days indicates the
time limit between the matching period (0-304 daysand the forecasting one (305-1612 days). The gray
curves correspond to the ensemble members and thed one to the reference model.

Figure5-5 (a) shows that the bottom hole pressure forrtii@l ensemble members is widely
spread around the reference value. However, afigrggthrough the assimilation process
(Figure5-5 (d)), this spread reduces strongly and alll feresemble members follow closely
the trend of the reference model in both historyamag and prediction periods. The same
type of results can be observed for surface oé (&igure5-5 (b) and Figuré-5 (e)) and
water cut (Figures-5 (c) and Figuré-5 (f)). In each case, the assimilations yieldealf
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updated models that keep track of the referenceembdtter than the initial members.
However, the variability within the final ensembieembers is considerably decreased.
Therefore, the variation in production responsas@éprediction phase is small.

These results are confirmed quantitatively by teetRMean Square error defined in equation

3.2 (RMS__,,). This error calculates an average difference betwthe production responses

prod 1
for each ensemble member and the reference dafareg the assimilations reduced the
final RMS to 14%, 61% and 50% of its initial valie bottom hole pressure, surface oil rate

and water cut, respectively (Talde?).

Table 5-2 RMS,,q,1 for the initial and final ensembles.

Dynamic RMS BHP SOR WCT
Initial 2.6749 0.3745 0.0238
Final 0.3679 0.2277 0.0118
Final / Initial 0.1375 0.6080 0.4958

The performance of the assimilation procedure gemnerating the reference production data

by the updated models can be also investigateché&yRMS error defined for the ensemble

mean model at each time st&gMS, , , (equation 3.3).
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Figure 5-6 RMS,oq . computed for (a) bottom hole pressure, (b) surfaceil rate, (c) water cut throughout

the assimilation procedure for the facies model casstudy.

It is plotted for bottom hole pressure, surfaceraie and water cut in Figute6. A general

decreasing trend is observed with minor oscillatiofihere may exist different reasons for

159



explaining these oscillations, the most probable baing the nonlinear dependence of the
EnKF static state variableise. the underlying Gaussian values, with the well patithn data.

In addition, flow changes such as water breakthnangy have an effect (see Section 3.1.2).
Figure 5-7 represents four of the initial and final facieesemble members for this
assimilation scenario. The initial ensemble modetse generated with the same simulation
scenario, and a good level of variability can beesbed between them. After performing the
assimilations, the updated ensemble facies modéiieed similar features. Fortunately,
most of these features are common with the referdacies model in Figur®-3 (b).

However, this may not be observed for a more caraf@d case study (Liu and Oliver, 2005).

1000 1000 1000 1000

(a) Member 1 — Initial (b) Member 2 - Initial (c) Member 3 - Initial (d) Member 4 — Initial
1000 1000 1000 1000

. HEDD . HEDD . HEDD . HEDD

(e) Member 1 — Final (f) Member 2 - Final (g) Membe3 - Final (h) Member 4 — Final

Figure 5-7 Four initial and final ensemble members for pemeability. Facies 1 correspond to blue values
(with a permeability of 100 mD) and facies 2 to redralues (with a permeability of 2000 mD).
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Figure 5-8 Underlying Gaussian field evolution: (a) Variarce of the initial ensemble, (b)-(k) Variance of

the updated ensemble against assimilation steps.

By performing the assimilations, the variabilitytlwveen ensemble members reduces. This can

be shown by the decrease in the variance of therlymlg Gaussian fields as shown in Figure
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5-8. The variance of this ensemble at each asdianlastep provides an idea about the
subspace spanned by the ensemble members. Asca diresequence of assimilation, the
variance has been reduced throughout time.

During the assimilation process, the underlying €3&an fields stay adequately Gaussian, but
their mean and variance undergo some changes. foheréhe truncation procedure is not
capable of preserving the facies proportions pedioh Table5-1. During the assimilations,
the proportion of facies 1 is changing accordingable5-3.

Table 5-3 Facies 1 proportions during assimilations

Time Step 0 1 2 3 4 5 6 7 8 9 10
Proportion | 0.2956| 0.2851| 0.2802| 0.2711| 0.2600| 0.2770| 0.2578| 0.2622| 0.2544| 0.2560| 0.2470

5.4 Conclusions

In this chapter, we used of the EnKF method foustiljg facies models in order to regenerate
well production data. The facies models are nottinoous and do not obey Gaussian
distributions. Therefore, an intermediate methogplds required to be able to apply the
EnKF to facies models. The "Truncated Gaussian Biton" method was used to generate
facies models from a set of underlying standardsSian fields considering a 2D reservoir.
These Gaussian fields are considered as the Erddle stariables. After assimilation, the
reference well production data are quite well matcland the final ensembles members
capture several features of the reference faciekemo

However, this algorithm may not be appropriatenfmre complex facies models. In addition,
if facies observations are available at well lomasi iterations may be required to ensure
correct facies at these locations. One solutionlavbe to update proportions spatially rather

than the Gaussian fields in the EnKF setting.
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II. Ensemble Kalman Filter and Parameterization
Methods

Numerical models for real reservoirs consist oflionks of grid cells, each populated with
petrophysical properties such as porosity and palitiy, saturationgtc. Although upscaling
the reservoir model can strongly reduce this numiber resulting coarse reservoir grid still
includes a large number of cells. Variational higtmatching methods are usually not able to
handle large numbers of parameters. Also, the getion of petrophysical properties in grid
blocks must be done carefully to make sure thap#reurbed model remains consistent with
the prior information inferred from data. Therefoparameterization methods have been
developed to vary the geological model from a feavameters only while preserving the
spatial variability of the model. Among them are thilot point method (de Marsily, 1984),
the gradual deformation method (Hu, 2000) and tlodability perturbation method (Caers,
2003).

In this section, two of these parameterization w@sh the pilot point and the gradual
deformation methods, are considered to be combarigdthe EnKF. The main objective is to
be able to prevent the EnKF updated models to ti&pan the spatial variability of the initial
models. This may prevent the parameter overestimgtioblem encountered with the EnKF.
To do so, we apply the EnKF to adjust a small nunabgarameters representing the static
variables in the studied model: these parametave dhe update of the whole geological
model. However, the nonlinear dependence betweennikasurements and the model
variables (static and dynamic) impedes the perfoomaf the EnKF. Any parameterization
method contributes to strengthen this nonlineatityorder to assess the performance of the
EnKF when combined with these parameterization oush it was applied to the 2D
synthetic case study introduced in Chapter 3. W tariants of the EnKF proposed to
integrate both the pilot point and the gradual degtion methods are detailed in Chapters 6
and 7.
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6 Pilot Point Method (PPM)

The pilot point method was first introduced by dearslly (1984). This parameterization
method makes it possible to perturb the realizatiba given property while preserving its
spatial variability. The parameters are the vahfethe property of interest in some grid cells
that are referred to as "pilot points". Any pertatron of these values is propagated to the
whole realization through kriging. If the pilot pd$ are sufficiently far from one another, the
spatial variability defined by the variogram modelpreserved. The petrophysical property
values at pilot point locations can be consideredr&knowns in history-matching. Thus, they
are adjusted automatically in the optimization loop

In this chapter, we introduce the pilot point melblogy and propose an algorithm to
combine the EnKF with this parameterization. Treuleng method is then applied to the 2D
case study used in Chapter 3. The influence oftimber and locations of pilot points will be

investigated.

6.1 Pilot point method

The pilot point method was first considered as atim@tion method in the work by de
Marsily (1984) about the interpretation of intediece test data. The purpose was to generate
a smooth permeability realization applying krigitagthe permeability values assigned to the
pilot points. La Venue and Pickens (1992) modifilkd existing algorithm to calculate pilot
point locations automatically. The pilot point methwas further extended to condition
permeability realizations to pressure data in tbekvof RamaRaet al. (1995) by minimizing

an objective (or cost) function consisting onlytbé mismatch term between the simulated
and observed pressures (second term on the rigktdide of equation 2.4). In addition, they
proposed an algorithm to place the pilot pointomnatically in order to reduce the pressure
data mismatch. The same method was applied tosaisesprobability of containment of
radioactive waste at the Waste Isolation Pilot P8WIPP) site in New Mexico by La Venue
et al. (1995). Later, the "Master Point" method was pegubby Gomez-Hernandex al.
(1997): these authors used it to condition pernidalpealizations to production data. It was
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at first differentiated from the pilot point methdsut the work by RamaRaa al. (1995) et
La Venueet al. (1995) showed their close resemblance.
The principle of the pilot point method is the @lling (see also Figuré-1). Let us consider

an unconditionaly realization of some petrophysical property andilot points. Then,y

can be conditioned to new values at pilot poinatmmns by conditional kriging (Chilés and
Delfiner, 1999):

Ye (U) = Y (U) +[y(u) = yi ()] 6.1.
Vector u indicates locationy,, is the kriging estimate built from the availabkrdh data and
values attributed to the pilot points, aggd the kriging estimate computed from the values of
y at pilot point locations. The so-obtained condiéibrealizationy, honors the pilot point

values at pilot point locations.

The pilot point method can be used as a paramateniztechnique in a history-matching
process. In this case, the pilot point values amesicdlered as unknown and are adjusted
through the minimization process. This method cesult in numerical artifacts. First, the
minimization of the objective function can leadextremely low or high pilot point values.
Therefore, RamaRaet al. (1995) suggested to bracket pilot point variatitmsircumvent
this problem. The second limitation is about thatisih variability preservation: as the values
of the pilot points are optimized independentlye tpatial correlations are not preserved
unless the points are separated by at least omelation length. The number and the
locations of the pilot points are thus subjectimaitations. McLaughlin and Townley (1996)
proposed to include a term into the objective fiorcthat penalizes the departure from prior
information. This makes it possible to preserveiapaorrelations between pilot points and to
prevent pilot points from being assigned extrenogv (and high) values. It should be noted
that the same solution can be followed for the argsbint method (Gomez-Hernandsal .,
1997). Finally, Le Ravalec-Dupin and Hu (2007) megd to perturb the pilot points’ values
on the basis of the gradual deformation. This apgroalso allows for avoiding extreme
values and preserving spatial variability.

Another issue with the pilot points’ method is whet all the pilot points should be
incorporated simultaneously or sequentially in dppéimization procedure. The simultaneous
incorporation can result in irregular variationstie objective function values as noted by
Bisselet al. (1997) and Xue and Datta-Gupta (1997). This drakb&as not encountered
when the points are accounted for sequentiallyaddition, the work by La Venuet al.

(1995) stressed that the sequential approach is efbicient.
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As mentioned briefly, several automatic algorithimspilot point placements were proposed
in the literature. These methods involve sensitigiiteria based upon numerical gradients to
optimally locate the pilot points. More details cha found in Cuyperst al. (1998) and
Mezghaniet al. (1998) for instance.

6.2 Algorithm combining the EnKF and the PPM

We propose in this section an algorithm combiniothithe EnKF and pilot point methods:
the purpose is to better preserve the spatial vidityaof reservoir porosity and permeability
distributions and to decrease the number of paemnet

As stated in Chapter 2, the EnKF describes the sfadny model of interest at each time step
with a set of static variables, dynamic variabled aneasurements. Here, the key idea is to

consider only the values of pilot points as statatiables in the state matrix. The general

A ama
—> BHH=—>
H EEN | H EEE

D Initial grid cell values . Pilot point values D Conditional grid cell values

workflow is recapped in Figure-2.

Figure 6-1 Pilot point method description

Let us consider an initial ensemble of shtecalled "background ensemble” in the remaining
of this chapter. It consists &f realizations for each property of interest geregtaising the
prior knowledge inferred from the static data. Theitot point locations are fixed, based on
some "intuition" about the problem at hand. In phesent work, we did not make use of the
existing automatic pilot point placement techniquélen, at each assimilation time, the
method can be split into two steps:
1. Forecast

= Condition each realization of the background endentb the pilot point values

obtained from the update step at the previous dssiom. The resulting ensemble is

called "Fluid flow ensemble" or "EnKF ensemble".
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= Perform the forecast from the fluid flow ensembhel she updated dynamic variables
from the previous assimilation. It results in aefmasted model containing the pilot
point values, the forecasted dynamic variablesthadimulated production data.
2. Update
= Apply the EnKF update step to the forecasted model.
= The resulting set of updated pilot point values dgdamic data are used as initial
values for the forecast at the next time step.
Let us note that the pilot point values used afitiseassimilation in the forecast are extracted
from the background ensemble. The dynamic variadesyiven by the initial equilibrium in

the reservoir models.

Initial Pilot Point

Kriging

Nata

Fluid Flow Ensemble Initial Dynamic Data

Forecast

Forecast Dynamic Dat:

|
EnKF Update

\] ¥
Updated Pilot Point Updated Dynamic Datz

Nata

Figure 6-2 Workflow for the algorithm combining the EnKF with the pilot point method

6.3 Two dimensional case study

We applied the algorithm developed above to the tinoensional synthetic case study
described in Chapter 3. The aim of this experimend obtain a set of permeability models
conditioned to well production data. The productemmd assimilation criteria, assimilation

time interval and measurement uncertainty levetla@eones of the base case (see Chapter 3).
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6.3.1 History-matching process

The 2D reservoir is modeled on a 50 by 50 grid. dimeension of each cell is 10m by 10m.
As a first experiment, the pilot points are locagdvell locationsj.e., the four corners and

the middle point (see Figue3).

Figure 6-3 2D synthetic reservoir model. Pilot points lodéons are

represented by the dark gray cells.

As detailed in Chapter 3, the reference permeghitibdel is characterized by a spherical
variogram. The angle between the main axis diracéind X axis is 30 degrees. The main
correlation lengths are 200m along the main axi$ 40m in the perpendicular direction.
Based upon this setting, the minimum distance batwelot points is 320m, which is larger
than correlation lengths. Therefore, this configjora ensures the preservation of spatial
variability.

We consider an EnKF ensemble with 50 models: Stheability realizations are generated
with the FFT-MA algorithm (Le Ravalest al., 2000) following the specifications provided in
Chapter 3. These realizations form our backgrounsemble. The values at pilot point
locations are extracted from this set of realizaegjchence providing the initial ensemble for
the static data. The reservoir produces from duouilin state: the initial pressure and
saturation are known without uncertainty and aeesdime for the 50 ensemble members.
The state of the reservoir at each time step imdube following parameters:

* Logarithm of permeability values at pilot point &ions (static variables)n(k, ),
i=1..5

* Pressure in all grid cells (dynamic variableB); j =1,...,2500

= Water saturation in all grid cells (dynamic vares)t Sv;, j =1,...,2500

= Bottom hole pressure at injection and productionlsvémeasurements)BHP, ,
k=1...5
= Surface oil rate at production wells (measuremer@R, , k=1,....4

= Water cut at production wells (measurements}T, , k =1,...,4
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Therefore, the state vector for the"” ensemble membey,,, is:

lﬂm :[In(kpl)""’ In(kpS)’P:I.""’PZSOO Sva---SN 2500 6.2.
BHP,...,.BHP,,SOR ,... SOR, WCT, ,..\WCT,,

The history-matching period consists of 17 month&16 days): the target production data,
displayed in Figur&-2, are assimilated at the end of each month.sEess the capability of
the updated models in predicting production aftés period, we also consider a forecasting

period lasting from day 517 to day 1612.
6.3.2 History-matching results

In this section, we present the results of theohysinatching process, applying EnKF to pilot
point values.

The background ensemble for permeability realizeatics the same as the initial ensemble
used in Chapter 3 for the base case. In Figute Figure6-5 and Figurés-6, we compare the
performance of the initial and final ensembles dhba four production wells (bottom hole
pressure, surface oil rate and water cut, respaygjiv The first column displays the
production responses simulated with the initialesnisle. The values simulated with the final
ensemble over the whole time span are display#teiisecond row. The history matching and
forecast periods are separated by the dashedaidtie.

As can be seen in Figu&4 (first column), initial ensemble members haesyvdifferent
bottom hole pressure responses and some strorftgy ilom the reference data (red curve).
The dispersion among the final ensemble membec®iisecolumn) is lower and in general,
the ensemble members can keep track of the refemaodel better than the initial ensemble
both during the matching and forecasting periodsaweler, keeping in mind that
measurement uncertainty is set to 5% of the reberelmottom hole pressure at each
assimilation step, some ensemble members do neideran acceptable match at some wells.
In particular, the final results for wells PROD2daRROD4 are rather poor, considering the
uncertainty level. We could observe better reseiépecially for wells PROD2 and PRODA4,
compared to Figuré-4 if we restart the whole assimilation procesthvainother ensemble.
Again, this stresses the crucial role of the ihiBasemble. In addition, the number and
locations of pilot points play a major role. Thislivbe further studied in the subsequent

sections.
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(d) Bottom hole pressure in PROD4 — Initial Ensemble  (h) Bottom hole pressure in PROD4 — Final Ensemble
Figure 6-4 Bottom hole pressure for the initial ensemblea) PROD1, (b) PROD2, (c) PROD3, (d) PROD4
and the final ensemble (e) PROD1, (f) PROD2, (g) RFD3 and (h) PRODA4. Results for each ensemble
member are shown by the gray curves. The referencdata are plotted in red. The black dashed line
separates the history-matching period (0-516 day$jom the forecasting period (517-1612 days).
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Figure 6-5 Surface oil rate for the initial ensemble (a) ROD1, (b) PROD2, (c) PRODS3, (d) PROD4 and
the final ensemble (¢) PROD1, (f) PROD2, (g) PROD&nd (h) PROD4. Results for each ensemble
member are shown by the gray curves. The referencdata are plotted in red. The black dashed line
separates the history-matching period (0-516 day$jom the forecasting period (517-1612 days).

172



08
= = 06
ol 2
2 £ s
02
o , , 0 . . .
0 500 1000 1500 i 500 1000 1500
Time (days) Time (days)
(a) Water cut in PRODL1 - Initial Ensemble (e) Watarin PROD1 — Final Ensemble
1 . 1 .
08 08
= 06 = 06
© bt
g 0.4 g 0.4
0z 02
i} - . L 0 Lo
0 500 1000 1500 0 500 1000 1500
Tirne (days) Tirne (days)
(b) Water cut in PROD2 — Initial Ensemble (f) Watet in PROD2 - Final Ensemble
1 - 1
08
5 =5 06
2 bt
E: 204
02
0 500 1000 1500 T 1000 1500
Tirne (days) Tirne (days)
(c) Water cut in PROD3 - Initial Ensemble (g) Watet in PROD3 — Final Ensemble
1 . 1 :
08
= 0B -
< 2
£ o4 2
02
T 000 1500 o s 1000 1500
Time (days) Tirne (days)
(d) Water cut in PROD4 — Initial Ensemble (h) Watet in PROD4 — Final Ensemble

Figure 6-6 Water cut for the initial ensemble (a) PROD1,) PROD2, (c) PROD3, (d) PROD4 and the
final ensemble (e) PROD1, (f) PROD2, (g) PROD3 ar{ti) PRODA4. Results for each ensemble member are
shown by the gray curves. The reference data are gited in red. The black dashed line separates the
history-matching period (0-516 days) from the foreasting period (517-1612 days).
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The matching parameter is permeability and it hasngportant influence on the reservoir
pressure. Therefore, we expect better resultsdtioim hole pressure than for surface oil rate
or water cut. This can be observed in Figard and Figures-6: most of the outliers,e.
results largely different from the reference resuétre removed from the ensemble, but the
dispersion is unchanged. Using another initial eride can slightly improve the results. We
can also change the number and the locations opitbe points, which would impact the
results as will be shown further in this chaptertdrms of production forecast, the updated
models are successful in keeping the track of ¢fierence production data in the forecasting
period, 517-1612 days. In addition, the spreadhef final ensemble members around the
reference model is slightly less compared with ithigal ensemble members, especially for
bottom hole pressure.

The assimilations and updates of the pilot pointies by the EnKF make it possible to
change flow ensemble members (permeability reabzg} so that they start to reproduce
some of the features of the reference permealmidgel (Figure6-7). Among them are the
high permeability region in the left bottom corn@ound PROD1), the middle region
(around INJ1) and the low permeability region (a@uPROD?2) in the top left corner.
However, the changes are not as obvious as thasvaa using the basic EnKF method in
Chapter 3. This result was expected as by consgleiive pilot points, we drastically

removed the number of freedom degrees (5 inste&6&i0).

10 1a 1a

o ] g
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(a) Reference model (b) Initial Ensemble (c) FilEatemble

Figure 6-7 Reference permeability model and mean permealiif computed from the initial and final

ensembles. Pilot points are represented by dark pie.
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Figure 6-8 Reference permeability model and variance of ¢ppermeability computed from the initial and

final ensembles. Pilot points are represented by da plots.

The variance within the updated flow ensemble duthre assimilation process is shown in
Figure6-8. We can observe a strong decrease aroundppiliots. However, the variance does

not vary in the rest of the reservoir. This clearidicates that there are not enough pilot
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points. In addition, permeability being usually ko at wells, pilot points can be as well

located elsewhere. This is the subject of sectidrB6
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Figure 6-9 Four initial and final ensemble log permeabiliy models. Pilot points are plotted in black.

Four realizations of the initial ensemble (withamty assimilation) are shown in the first row
of Figure6-9, while their updated values (after performirfgaksimilations) are displayed in
the second row. The following discussion is abobet first member (Figuré-9 (a) and (e)),
but it could be extended to the three others. énititial realization, well PRODL1 is located in
a low permeability region and wells PROD2, PROD8 BRODA4 in high permeability areas.
However, the opposite can be observed in the méeremodel (Figure6-7 (a)). The
assimilation process contributes to adjust thesm@ability values so that they tend towards
the reference values. Permeability in the otheiloregremains unchanged: more pilot points

are required to improve the resemblance with tfereace model.
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Figure 6-10 Static RMS: evolution of the logarithm of thepermeability model with assimilation steps. The

red curve corresponds to RM$;; and the blue one to RMG;;».

The performance of the algorithm can be quantifregtrms of RMS errors, defined for static
data and production data on the basis of equaBdhshrough 3.5. For production data, the

RMS, ., computed for the final ensemble decreases to &% and 87% of the initial
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RMS value for the bottom hole pressure, surfaceatd and water cut, respectively. Figure
6-10 shows the evolution of the static RMS throughihe assimilations, considering both
RMS,,, and RMS,, , (equations 3.4 and 3.5). The two curves are hatidlynguishable and

show a decreasing trend. A larger decrease carbta@ned by changing the number and

position of the pilot points, as will be shown hetfollowing section.

6.3.3 Effect of Number and Position of Pilot Points

As observed in the previous section, the ensemblmlmers are adjusted around pilot points.
In this section, three other configurations areestigated (Figur®-11). Two of them were
built adding more points to the 5-points configigatconsidered previously. The initial

permeability ensemble is the same as in the prewgeation.

o
i 1| 11
) 11
o
o ] -1
(a) Configuration 1 (b) Configuration 2 (c) Configuration 3

Figure 6-11 Three configurations for pilot point number ard location. Pilot points are represented with
the black dots.

Configuration 1 consists of 4 pilot points, placddhe middle of each side of the reservoir
grid. The idea behind this setting is to invesegahe capability of the algorithm in
determining the permeability values around welblamns if pilot points are located far from
the wells. The pilot points are thus located inidgtance locations from the wells. The
minimum distance between pilot points is 312m, Wwhglarger than the smallest correlation
length. However, in this configuration, the pildaipts are at locations where the fluid flow is
less significant.

In Configurations 2 and 3, more points are addetiédnitial 5-points configuration. 13 pilot
points are considered in configuration 2, locatewells and at almost even intervals in the
main flow direction between the injector and theducers. With this setting, we try to
capture heterogeneities mainly in the flow directibhe minimum distance between two pilot

points is 93m, but the anisotropy direction in tpermeability realization is almost
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perpendicular to the line joining the specifiedbpipoints. Also, the correlation length in this
direction is 40m. Thus, this pilot point settingpald not suffer too much from the limitation
relative to the minimal required lag between twtotppoints. In configuration 3, 32 pilot
points include the injector location plus a reg@adding including the producers. Almost all
parts of the reservoir are thus covered. Thisrggttiolates, to some extent, the condition of at
least one correlation length distance between pibatts. It was however tested here to see if
small scale heterogeneities can be captured.

Figure6-12 and Figur®&-13 represent the mean and variance obtainedhéoinitial and final

ensembles for the four configurations of interest.
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Figure 6-12 Mean model for logarithm of permeability distibution: a comparison between the 5 pilot

point model configuration and Configurations 1 to 3
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Figure 6-13 Variance model for logarithm of permeability dstribution: a comparison between the 5 pilot
point model configuration and Configurations 1 to 3

Considering pilot points located far from the wedltenfiguration 1), the algorithm does not
succeed in regenerating the reference permealfiéitg. The mean and variance remain
almost unchanged (Figu&12 and Figuré-13) and the spread of the simulated production
response is not decreased. These results showilbiapoints should be placed at locations

where the fluid flow is significant.
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Considering configurations 2 and 3, we can obs#rae some heterogeneity features appear
around pilot points (Figuré-12 ) and variance is reduced around these p(figsire 6-13).
The same evolution as the one noticed for the Btpaionfiguration can be observed around
wells. Since more points are considered in conéigan 3, more heterogeneity features of the
reference permeability model are captured in timalfensemble mean model. Also, the
variance decreases all over the reservoir.

The match obtained for bottom hole pressure, sartacrate and water cut (Figuf14 to
Figure 6-16) is getting better when adding pilot pointsheTspread of the simulated
production response within the final ensemble gpessively decreased from the 5-points
configuration to configuration 3, leading to a sesxful match for configuration 3 with

respect to the measurement error.
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Figure 6-14 Bottom hole pressure in the final ensemble farell PROD3: comparison between (a) 5 pilot

point configuration, (b) configuration 1, (c) confguration 2 and (d) configuration 3.
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As already observed for the 5-points configuratite, static RMS curves computed over the
mean model or all ensemble members have the same fior configurations 1 to 3. Hence,

we only consider the values computed over all ebsemembers RMS,, , (equation 3.4),

plotted in Figures-17.
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Figure 6-17 Static RMS,; comparison for different pilot point configurations.

As expected, static RMS is not reduced with comfian 1. Adding points, which basically
cover the whole field, allows approximating bettez reference permeability field.

The ratios of the final to initiaRMS , ,,, (equation 3.2) are given in Tat8el. As previously,

the worst results are obtained with configurationThey improve gradually when adding
points.

Table 6-1 RMS, 4,1 for different pilot point settings — Comparison

Dynamic RMS BHP OPR WCT

5 Pilot Points 0.89 0.88 0.87
Configuration 1 0.99 0.98 0.98
Configuration 2 0.62 0.88 0.89
Configuration 3 0.64 0.82 0.83

6.4 Conclusions

In this chapter, the theoretical framework for it point parameterization method was
discussed. An algorithm was proposed to combinepiltg point method with the EnKF

history-matching method: the main idea is to comsionly the static data at pilot points’
locations in the state matrix and to update thelevimodel by kriging. Thus, the spatial

variability of the property is preserved duringiasktions. This algorithm was applied to a
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simple 2D case study, highlighting the need to wharspilot points in regions impacted by
flow to get satisfactory results. Also, adding m@aants contributes to improve the match
and to better capture the reference model. Howehesrnumber is limited as if there are too
many points, we can not ensure that the distanteelea two pilot points is more than the

correlation length.
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7 Gradual Deformation Method (GDM)

The gradual deformation method was first introdudsd Hu (2000). Considering two
Gaussian random functions with the same statispcaperties, Hu proposed an adequate
weighted combination of these functions which eesuhat the resulting Gaussian random
function satisfies the same properties. Using tachnique, any realization of a Gaussian
random function can be perturbed "smoothly" fromsiall number of parameters.
Furthermore, the perturbed realization is stikalization of the random function.

In this chapter, we propose a method that comiime€nKF with the gradual deformation
method, in order to preserve the spatial varigbibf the reservoir models during the
assimilation process. The mathematical formulatbthe GDM is recapped in section 7.1.
The combination algorithm is described in sectidh it was applied to the 2D synthetic case

introduced in Chapter 3. The results are givereatisn 7.4.

7.1 Mathematical formulation of the GDM

The GDM is based upon the weighted linear combanadf Gaussian random functions with
identical means and covariances. The weights aosech properly so that the resulting
Gaussian random function shares the same staltistagaerties as the other functions.

First, let us consider realizationg and y, of two independent Gaussian random functions
Y1 andY2 with meanm and covarianc€ . Then, for any parametér, y defined by:
y=m=(y, —m)cosgt) +(y, —m)sin(zt) 7.1

is the realization of a Gaussian random functforwith meanm and covariance . t is the
gradual deformation paramet@ihis formula is periodic o, with a range of-1 to +1. For
t=0, y is the same ay, ; for t =1/2, y is the same ay, . Continuous perturbations of
thus result in continuous changes in realizatyjan

Formulation (7.1) can be extended to any numbereafizations. Let us considei
independent Gaussian random functiow$,.(.,YM ) with meanm and covariance&C and a

set of realizations{yl,yz,...,yM} of these functions. Then for any set of defornratio

parameterg,,....t,, .
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M1 M-1 M1 7.2.
y-m= ” (y, —m)cosg;) + ;sin(ti )j|:i|+1008¢,- )(Yig —M)
defines a realization of a Gaussian random functievith meanm and covariance€ .
The gradual deformation can be applied to Gausslate noises. In this case, formula (7.2)
is applied to the normal deviates of the Gaussihitewnoises. This can be used in particular
to combine gradual deformation to Gaussian and@auassian simulation algorithms such as
the FFT-MA algorithm proposed by Le Ravaktcal. (2000), sequential simulations (Ht
al., 2001) or object-based Boolean simulations (H@320In the two last cases, deformation
is applied to the related normal deviates involirethe simulation process. When using the
FFT-MA algorithm, mean, variance, variogram modatt,, can be perturbed independently
from the underlying Gaussian white noises. Theesfthre gradual deformation can be applied
either to the simulated realization itself or te tmderlying Gaussian white noises. A major
advantage when applying the GDM to normal deviestés make local deformation possible.
When applying the same value of the deformationampaters to all grid blocks, the
deformation is called "global". However, we canoadssign different deformation parameter
values to non overlapping regions of the reserunithis case, we talk about "local” gradual
deformations (Hu, 2000). More details are provitigther below.
For history-matching purposes, gradual deformatmarameters can be considered as
inversion parameters in an optimization processvél@r, considering the weighted sum of a
finite number of realizations, only a part of tlealization space can be investigated through
the perturbation of the parameters. As a resuhay be of interest to consider several sets of
realizations during the history-matching procekastperforming several optimizations. First,
the deformation parameter values that minimize dbgctive function for a given set of
realizations are determined. Then, during a seogmtithization, the previous best realization
is combined to new realizations generated randoamgl,the parameters values that minimize
the objective function are searched for. The opation process is stopped when the
objective function has decreased to an acceptafbts br when it converges to a stable level.
More details on this gradual deformation basednagation workflow can be found in Le
Ravalec-Dupin (2005).
Until now, it was only applied to variational metlso Many successful applications are
reported in the literature. For instance, Le Gallul Le Ravalec (2000) applied gradual
deformation based optimizations to constrain 3mesr models to production data. They
considered a synthetic case study and a real deetd. The problem of constraining reservoir

facies models to dynamic data is addressed in Zalezghaniet al. (2001), combining
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gradual deformation to the truncated Gaussian sitiaul. Gradual deformation can also be
used to the history-matching of fractured reses:dhinally, gradual deformation has been
used for the joint history-matching of productiomdadD seismic related data in Roggeto
al. (2007).

7.2 Algorithm combining the EnKF and the GDM

In the present work, we propose an algorithm tlmmhlines gradual deformation with the
EnKF sequential history-matching method. The baiga is to consider as static parameters a
set of gradual deformation parameters used to feain underlying ensemble of realizations.
Each set of parameters provides a reservoir maskad to simulate fluid flow evolution and
production response. As a consequence, departare the prior informatione.g. the
geological model, is penalized and the final updl@&esemble members are ensured to respect
prior information. More specifically, updated end#es are searched for in the space of
realizations deduced from the prior informationf@mation parameters are applied either to
the underlying Gaussian white noises or on thegn@s' realizations themselves. Let us note
that the algorithm can also be used for faciegilligions simulated with the truncated or
pluri-Gaussian method. In this case, gradual dedtion applies to the standard Gaussian
distributions truncated according to thresholdsigsl

The algorithm is described in Figuig2. First, let us consider that gradual defornmatio
applies to petrophysical properties distributione case of Gaussian white noises will be
treated later on.

Let us consider an initial ensemble, called "backgd ensemble” in the remaining of this

chapter, containing M realizations,i =1,...,M for each static property of interest (porosity,

permeability). It should be noted that the notidrbackground ensemble in this algorithm
differs slightly from the one used in Chapter 7.

Then, N sets of M -1 gradual deformation parametel{ssj’1,...,tj'M_1},j=J,...,N are

generated randomly following a uniform distributidrnese parameters will be considered as
static variables when going through the assimitaficocess. Since the EnKF method requires
Gaussian distributions, gradual deformation paramsedre then submitted to a normal score
transform. If several properties are updated duting EnKF assimilationsN sets of
deformation parameters should be generated for pemberty. Then, at each assimilation

time, the method can be followed in two steps:
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1. Forecast

Apply gradual deformation parameters to the baakgdoensemble, resulting il

realizations of each property of interest j =1....,N defined by:

M-1 M-1 . M-1 73
e = ” (b)cosg; ;) + 2 sintt;;) [] cost; (b,

1=! i=1 k=i+1
Here, b are the normalized and centralized members ofodekground ensemble.
They yield a normalized and centralized realizateynthat is rescaled to the proper

mean and variance. The resulting ensemble is cdtiedEnKF" ensemble (see also
Figure7-1).
Forecast the performance of static modglsj =1,...,N and dynamic variables from a

fluid flow simulation over the time step of inteteft provides a set of forecasted

dynamic data and production responses.

2. Update

Form the forecasted state vector for each EnKFreblsemember. The state vector
for the [ EnKF member is composed of the set of gradualrdettion parameters for

this ensemble membett,

il =1...,M -, The forecasted dynamic data (pressure,
saturation,...) and simulated production data resylfrom the fluid flow simulation
one,

Apply the EnKF update step to the forecasted steteix

The resulting set of updated deformation paramedacs dynamic data are used as

initial values for the forecast at the followinge step.

Let us note that, at the first assimilation, thenayic variables are given by the initial

equilibrium in the reservoir models.

In the case where gradual deformation applies tas&an white noises, the background

ensemble consists &l Gaussian white noisds,i =1,...,M used to generate the property of

interest (using the FFT-MA algorithm for instanc&he N sets of deformation parameters

{t 1

.,tj’M_l},j =1..,N are used to combine these Gaussian white noiseg fosmula 7.3.

The N resulting Gaussian white noises are then trangfldnoa N realizationse,, j =1,...,N

of the property of interest applying some geodiatisalgorithm such as FFT-MA.
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Figure 7-1 Algorithm combining the Ensemble Kalman Filter and the Gradual Deformation

parameterization method.
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Figure 7-2 Workflow for the algorithm combining the EnKF with the gradual deformation
parameterization method

In this algorithm, as the reservoir models are ioleth applying gradual deformation to the
background ensemble, it is ensured that they aflaet the prior information and the initial
spatial variability. As a result, some of the draweks already identified for the EnKF, such as
the overestimation of petrophysical properties,usthdve avoided. In addition, the size of the

background ensemble can be changed independenntytfre size of the EnKF ensemble. It
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means that the search space for constrained re@serodels can be increased without adding
any fluid flow simulation in the forecast stagetioé EnKF. We may call this effect a "virtual"
ensemble size increase. It will be investigateskeiction7.3.1.2.

However, it should be mentioned that the algoriddso increases the degree of nonlinearity
in the problem. The reason is the nonlinear deperelef the gradual deformation parameters

t;;»i =1..,M =1 and combined realizationg,i =1,...,M on the final realizatiore; due to

the gradual deformation formulation. Moreover, FveKF ensemble realizations may exhibit
common features as they are generated from the bankground ensemble. Therefore, the
forecast error covariance matrix may not represbat uncertainties in the model to an
adequate level.

In some cases, global gradual deformation doesprmtide enough flexibility to obtain a
good match on the data. For instance, an improveraethe match at some wells can
deteriorate a satisfactory match at another welthis case, local deformations provide more
flexibility and can make the history-matching presenore efficient. The algorithm proposed
above to combine gradual deformation and the EnldR be easily extended to local
deformations. In that case, gradual deformatiorukhbe applied to Gaussian white noises.
Assume that the reservoir model is divided i@onon overlapping regions. This zonation is
performed either on a regular basis or based oredamwledge about the reservoir. Each

zone consists oNum, ,k =1,..Z grid blocks such that:

z 7.4.
> Num, = Total number of grid blocks
k=1

Consider that the size of the EnKF ensemble istseN and the size of the "global"

background ensemble is setkb. Then, N sets ofM -1 gradual deformation parameters

{tjkyl,...,t}"M_ltj’M_l},j =1..,N are generated randomly for each regloal..,Z and used to
combine the Gaussian white noidesi =1,...,M of the background ensemble. It results in N
Gaussian white noisd.% , ] =1.N used to generate the N realizatiansj =1...,N . defined
by:

5,9 = []B09e0stis”) + 3-sint) ] Bu(9eost’s)

I=i+1

7.5.

for all grid block x, k(x) D{l...,Z} being the number of the region x belongs to. Taisant

of the algorithm will be investigated in sectiér8.1.3.
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7.3 Two Dimensional Case Study

The 2D case study introduced in Chapter 3 is usess$ess the performance of the algorithm
combining the EnKF and the gradual deformation qpa&tarization method. The aim of the
assimilation process is to obtain log permeabitgglizations, which reproduce the well
production data of the reference permeability mo@leé production and assimilation criteria,
assimilation time interval and measurement unadstadievel are the same as for the base
case. Gradual deformation is applied to the undeglaussian white noises in section 7.3.1
and to the static properties of interest in sectié?2. The effect of the size of the background
ensemble is investigated in sectinB.1.2 and the effect of the local deformationsention
7.3.1.3.

7.3.1 History-Matching with gradual deformation applied to the Gaussian White

Noises

7.3.1.1 Base Case Study

The experiment in this section is considered ab#se case for the remaining of the chapter.
The size of the EnKF ensemble is setNo=50. The background ensemble encompasses
M =100 Gaussian white noises. Therefore, a set of 99ugladeformation parameters is
associated to each EnKF ensemble member. FFT-M&ppied to the combined white
noises to generate the set bf realizations for the property of interest, usiig tsame
characteristics as the reference permeability fielowever, it is ensured that the reference
Ink is not among these permeability realizations.
The EnKF state vector for each ensemble memieiincludes:

= The set of gradual deformation parameters (stati@ble):t_., i =1...,.M -1

= Pressure in all grid cells (dynamic variabl®);;, j =1...,2500
= Water saturation in all grid cells (dynamic vargblSwv,, ;, j =1...,2500
» Bottom hole pressure at injection and productiofisvgHP, ,, k=1....5
» Surface oil rate at production wellSOR_,, k=1,...,4

= Water cut at production well$VCT k=1..4

m)k ?
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Therefore, the state vector for the"” ensemble membey,,, is:

W =i tmm 1 PrtreesPr 2500 Wi 0+ Wy, 25000 7.6.
BHP,,,...,.BHR, ;,S0R ,,...,.80R_ ,,WCT_,,... \WCT_,]
The production data are assimilated with the pregasgorithm at the end of each month
during 17 months. The reference production dataaardisplayed in Figurd-2. Moreover,
the forecast capability of the updated ensemble Ibeesnis further studied in the prediction
period which extends between 517 to 1612 days.
We compare the performance of the initial and flBaKF ensembles in terms of matching
the reference well production data and reproduthegeferencén k model.
The well production responses obtained by theah#@nd final EnKF ensemble members are
shown in Figurer-3, Figure7-4 and Figure’-5 for bottom hole pressure, surface oil rate and
water cut respectively. As can be observed, théieositi.e. production data far from the
reference data, are removed by performing assionland the spread within the simulated
responses is reduced. The match for bottom hesspre in wells PROD1 and PROD4 is of
acceptable quality. However, the match is not ksatisfactory for well PROD2. For well
PRODS, it is at least better than for the initiasemble. The results are poorer for the surface
oil rate and water cut: the matches obtained follswBROD3 and PROD4 only are
satisfactory while the ones for PROD1 and PROD2ratieer poor. Globally, the quality of
the match is not as good as the one obtained Wéhraditional EnKF method (Chapter 3).
The use of other initial background ensembles agid ®f initial gradual deformation

parameters for the same background ensemble disroeide more satisfactory results.
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(d) Bottom hole pressure in PROD4 — Initial Ensemble  (h) Bottom hole pressure in PROD4 — Final Ensemble
Figure 7-3 Bottom hole pressure for the initial ensemblea) PROD1, (b) PROD2, (c) PROD3, (d) PROD4
and the final ensemble (e) PROD1, (f) PROD2, (g) RBD3 and (h) PROD4. Results for each ensemble
member are shown by the gray curves. Reference datae plotted in red. The black dashed line separate

the history-matching period (0-516 days) from thedrecasting period (517-1612 days).
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Figure 7-4 Surface oil rate for the initial ensemble (a) ROD1, (b) PROD2, (c) PRODS3, (d) PROD4 and
the final ensemble (e) PROD1, (f) PROD2, (g) PRODand (h) PROD4. Results for each ensemble
member are shown by the gray curves. Reference dasae plotted in red. The black dashed line separas

the history-matching period (0-516 days) from thedrecasting period (517-1612 days).
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Figure 7-5 Water cut for the initial ensemble (a) PROD1,) PROD2, (c) PROD3, (d) PROD4 and the
final ensemble (e) PROD1, (f) PROD2, (g) PRODS3 anth) PROD4. Results for each ensemble member
are shown by the gray curves. Reference data ardopted in red. The black dashed line separates the
history-matching period (0-516 days) from the foreasting period (517-1612 days).
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This rather poor outcome may be due to inherergoties of the algorithm. However, it may
be improved by introducing more flexibility, such Erger background ensembles and local
deformations.

Two main issues can be highlighted for the algarithirirst, gradual deformation is not a
linear parameterization: the relation between tledomination parameters and the final
combined realizations is not linear. Therefore, tipelated gradual deformation parameters
after each assimilation might not correspond toltést combined realizations to be used for
the following assimilation step. Figure6 represents the meémk model obtained by taking
an average over the EnKF permeability realizatminthe initial ensemble, the ensemble after
12 assimilations and the ensemble after 17 asgiomk& It can be observed that the
corrections obtained ofnk after 12 assimilations are not preserved in fihal model,
implying once more that the nonlinear parameteopatmay be inappropriate for the

assimilations with the EnKF.

1a 10 e 1a N 10
i e
0 0 = ] = 0
(a) Reference Model (b) Initial Model (c)"1Assimilation (d) 1% Assimilation

Figure 7-6 In k evolution through time: (a) Reference mode(b) Initial mean model, (c) Mean model after
12" assimilation, (d) Mean model after 17 assimilation.

Finally the set of gradual deformation parameteay converge to certain values and result in
a very low variance between the EnKF ensemble mesn{dégure 7-7). Therefore, the
algorithm converges to a set of final updated nmodehich are by far different from the
reference model.

| .HE .HE

a 0 a

(a) Initial Model (b) 1% Assimilation (c) 1% Assimilation

Figure 7-7 Variance of In k evolution through time: (a) Iritial model (b) Variance model after 12"
assimilation (d) Variance model after 1% assimilation.

The second issue is the limited size of the sespéelte for this optimization problem induced
by the limited size of the background ensemble r&foee, if the reference model is not kept
within the possible combinations of the backgroemdemble members, the algorithm may
not be capable of capturing the reference modeltebler, the EnKF ensemble members are
limited to realizations which can be defined througradual deformation parameterization.
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This makes the algorithm even more restrictive.sTissue was further developed with the

following experiment. A new reference permeabiltpdel was built by applying the FFT-

MA algorithm to one of the background ensemble mensibThen, applying the algorithm

with the same assimilation scenario as beforegtlaity of the match was improved for all

production data at all wells (Tabfel).

Table 7-1 RMS;0q,1 for the initial and final EnKF ensembles obtainedby the combined EnKF and GDM

algorithm
Dynamic RMS BHP SOR WCT
Initial 6.8556 0.2794 0.0279
Final 5.6332 0.1873 0.0187
Final / Initial 0.8205 0.6704 0.0670

As can be observed in Figure8, several features of the new reference perriigatmodel
are reproduced and the variance (Figa#®) has decreased by performing assimilation. In
such a case, the proposed algorithm seems sudcessfanverging toward the reference

model. However, the traditional EnKF is still m@wccessful.
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(a) Reference Model (b) Initial Model (c)Assimilation (d) 1% Assimilation

Figure 7-8 In k evolution through time for the new referere model: (a) Reference model, (b) Initial mean

model, (c) Mean model after 19 assimilation, (d) Mean model after 1% assimilation.

(a) Initial Model (b) 13" assimilation (c) 1% assimilation

Figure 7-9 Variance of In k evolution through time for the new reference model: (a) Initial model (b)

Variance model after 12" assimilation (d) Variance model after 1% assimilation.

In the following subsections, we consider some genariants of the algorithm combining
the EnKF with gradual deformation to improve itsfpamance.

7.3.1.2 Effect of background ensemble size

A key parameter in the algorithm is the size oflthekground ensemble. The bigger the size
of the background ensemble, the larger the segatesfor updated models. In addition, as a

general rule, the performance of parameterizati@hods improves as they include more
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parameters. Here, for a background sizeMbf M -1 gradual deformation parameters are
considered. As the GDM is regarded as a paramatienz method,M —1 must be smaller
than the total number of grid cells in the model.

We performed several experiments with various sipésthe background ensemble,
considering successivel =100, 1000 and 2500. In all experiments, the asatroil
scenario and the sizd of the EnKF ensemble are the same as before. Bditde pressure,
surface oil rate and water cut simulated with thalfensembles in well PROD2 are shown in
Figure 7-10, Figure7-11 and Figurer-12 for M =1000 and 2500, and in Figuie3 (f),
Figure7-4 (f) and Figureg’-5 (f) for M =100.
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Figure 7-10 Bottom hole pressure for final ensembles (ajabkground ensemble size: 1000, (b) background
ensemble size: 2500, in well PROD2. Results forammensemble member are shown by the gray curves.
Reference data are plotted in red. The black dasheline separates the history-matching period (0-516

days) from the forecasting period (517-1612 days).
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Figure 7-11 Surface oil rate for final ensembles (a) backgund ensemble size: 1000 , (b) background
ensemble size: 2500, in well PROD2. Results foraaensemble member are shown by the gray curves.
Reference data are plotted in red. The black dasheline separates the history-matching period (0-516

days) from the forecasting period (517-1612 days).
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As the background ensemble size increases, thmitdgn results approximate better the

reference production data. However, they do ngy@fivbrm the traditional EnKF method.
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Figure 7-12 Water cut for final ensembles (a) backgroundresemble size: 1000, (b) background ensemble
size: 2500, in well PROD2. Results for each enselmbmember are shown by the gray curves. Reference
data are plotted in red . The black dashed line segpates the history-matching period (0-516 days) frm
forecasting period (517-1612 days).

The RMS,, ;, for well production data (equation 3.2) is giverTiable7-2. In order to make

comparison easier, the RMS values for the finakeindes are normalized to the final RMS
value obtained with a background ensemble of sé® The RMS value for all production
data decreases significantly when increasing the af the background ensemble. This is a
straight consequence of the increase in searclespaas we are capable of regenerating the
trend of the reference well production data. Howeneshould be noted that, as for traditional
EnKF, the choice of the background ensemble anghlimgradual deformation parameters
strongly impact the results.

Table 7-2 Effect of the background ensemble size: Valuef the normalized final RMS;,oq 10btained by

increasing the size of the background ensemble. Nwoalization is performed with respect to the final

values for the background ensemble of size 100.

Background Ensemble Sizg BHP SOR WCT
100 1.0 1.0 1.0

1000 0.7390 0.7764 0.7494

2500 0.3593 0.4124 0.4134

Figure 7-13 represents the mean permeability of the fiBaKF models for different

background ensemble sizes.
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Figure 7-13 Final Mean model for the In kh for different background ensemble sizes: (a) Reference model,
(b) Background ensemble of size 100, (c) Backgrourmhsemble of size 1000, (d) Background ensemble of
size 2500

Considering the background ensemble of size 10B@base case, thBMS,, , (equation

3.4) value was reduced to 90% and 85% of the base walue by increasing the background
ensemble size to 1000 and 2500. However, noneeof ttan be considered as a regeneration
of the reference model. In addition, the regendratenmon features are not the same for the
three studied cases. This may be considered aeslt of the nonlinear parameterization

method used in this algorithm. Moreover, the ihiEaKF ensemble is not the same in these

cases. Overall, the results may be improved bpdrdifferent background ensembles.
7.3.1.3 Effect of local Gradual Deformation with the EnKF

In some applications, it may be desirable to lgcalbdify the value of the realizations on
some areas of the reservoir. This provides moxebiley and should improve the data match.
In this study, we consider two different configimas for regions' definitions on the 2D
reservoir grid. In the first one (Figurel4(a)), the reservoir is split into 5 non reguanes
surrounding wells. Zones 1 to 4 are made up ofgt&lLblocks and zone 5 of 576 grid blocks.
In the second configuration (Figurel4(b)), the grid is divided in 100 cubic zones¢leone
with 25 grid blocks.

Zone 14_ > Zone 10
Zone 1 Zone 2
Zone 5
Zone 3 Zone 4
Zone 904_ N Zone 100
(a) 5 zones configuration (b) 100 zones configorati

Figure 7-14 Zone configurations for combining the local grdual deformation and the EnKF: (a) 5 zones

configuration and (b) 100 zones configuration.
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The assimilation scenario is the same as before gldbal background ensemble has a size of
100 and the EnKF ensemble has a size of 50. Thd-Etéte vector is the same as in section
7.4.1, except that the set of static parameters cawgists of the local gradual deformation

parameters in each zone.

PROD2 - Final PRODZ - Final

300

[55)
=
[==]

280

_ B )
iy} = h
s} [==] [m=]

=
[==]

100

Buottornhaole Pressure (hars)
Bottomhole Pressure (bars)

[
[}

—— Ensemble Member | —— Ensermble Member | |
— Reference hodel — Reference Model

i 500 1000 1500 a 500 1000 1500
Tirne (days) Time (days)

(=]

(a) Bottom hole pressure in PROD2 — Final Ensemble (b) Bottom hole pressure in PROD2 — Final Ensemble
5 zones configuration 100 zones configuration

Figure 7-15 Bottom hole pressure for final ensembles (a) Zones configuration , (b) 100 zones
configuration, in well PROD2. Results for each enssble member are shown by the gray curves.
Reference data are plotted in red. The black dasheline separates the history-matching period (0-516

days) from the forecasting period (517-1612 days).

PRODZ2 - Final FROD2 - Final

— Ensemble Member — Ensemble Member
— Reference Model — Reference Model

Surface Oil Rate (m3/day)
Surface Oil Rate (m3/day)
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Tirne (days) Tirne (days)
(a) Surface oil rate in PROD2 — Final Ensemble (b) Surface oil rate in PROD2 — Final Ensemble
5 zone configuration 100 zone configuration

Figure 7-16 Surface oil rate for final ensembles (a) 5 zes configuration , (b) 100 zones configuration, in
well PROD2. Results for each ensemble member arddasvn by the gray curves. Reference data are
plotted in red. The black dashed line separated thkistory-matching period (0-516 days) from forecasbg
period (517-1612 days).

Figure 7-15, Figure7-16 and FigureZ-17 represent the well production data for thelfin
updated ensembles for the two zones configuratibims.corresponding results obtained with
only one zone and the same size of the backgronddaKF ensembles are shown in Figure
7-3 (), Figure7-4 (f) and Figurer-5 (f). It can be observed that the match for diathole

pressure improves significantly when increasingrttenber of regions. In terms of surface oil
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rate and water cut, the 5 zone configuration haglted in the best results. This may be due to

the fact that the initial EnKF ensembles are netdame in these experiments.

PRODZ - Final
1 1

FRODZ - Final

na na

0.6 0.6

Wiater Cut
Wiiater Cut

0.4 0.4

nz2 0z

— Ensemble.Member ] —— Ensemble Wember ]
— Reference Model —— Reference Wodel
I 4 | 1 1
a 500 1000 1500 0 500 1000 1500
Time (days) Time (days)

(a) Water cut in PROD2 — Final Ensemble
5 zone configuration

(b) Water cut in PROD2 — Final Ensemble
100 zone configuration

Figure 7-17 Water cut for final ensembles (a) 5 zones cagfiration , (b) 100 zones configuration, in well
PROD2. Results for each ensemble member are shown the gray curves. Reference data are plotted in
red. The black dashed line separates the history-nzhing period (0-516 days) from the forecasting péod
(517-1612 days).

The RMS,,;, (equation 3.2) for well production data are givefable7-3. In order to make

the comparison easier, the values for the finaterides are normalized to the one obtained
with only one zone. As can be observed, by incngagie number of zones in the reservaoir,
the RMS values decrease significantly, the bestitebeing obtained with 100 zones.

Table 7-3 Effect of the local deformation with different zone numbers: Value of the normalized final

RMS,0q,1 Obtained by increasing the number of zones. Normaation is performed with respect to the

final values for the global case (one zone).

Number of Zones BHP SOR WCT
1 1.0 1.0 1.0
5 0.8049 0.6781 0.6770
100 0.1877 0.5770 0.5762

From this experiment, it seems that the largemilm@ber of zones, the better the production
data match. Indeed, the search space is largess, Mw are more likely to find reservoir
models, which can regenerate the reference wellymtion data.

Figure 7-18 shows the mean model for the final EnKF endesnfor different zonations.

Considering the global case (one zone) as the base, the static RMS valuBMS,, ,

(equation 3.4) was reduced to 93% and 86% of tlse balue by increasing the number of
zones to 5 and 100, respectively.
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Figure 7-18 Final Mean model for the In kh for local gradal deformation with several zones: (a)
Reference model, (b) 1 zone, (c) 5 zones, (d) 1oDes.
In addition, Figurer-19 shows that by increasing the number of zahesyariance decreases

less during assimilations, making it more suitdbtefurther prediction studies.
]

(@) 1 Zone

(b) 5 Zones

(c)100 Zones
Figure 7-19 Final Variance model for In kh for local gradwal deformation: (a) 1 zone, (b) 5 zones, (c) 100

Zzones

7.3.2 History-Matching with gradual deformation applied to the realizations for

each property of interest

In this section, the assimilation described inisect.3.1.2 is repeated, except that the gradual
deformation (which is global here) is applied te tiealizations of the log permeability rather
than to the underlying Gaussian white noises. énfitist experiment, the EnKF ensemble size
is set to 50 and the background ensemble sizeGoTlfen, we further extend the size of the
background ensemble to 1000 and 2500. Althoughpmesented here, in all cases, the
performance of the final ensemble was superioth&d bf the initial ensemble in terms of
tracking the trend of the reference production datdén less uncertainty. However, we
encountered the same problems as previously, ssicheanonlinearity due to the gradual
deformation method. Thus, the traditional EnKH gtdrforms better in terms of regenerating
the reference well production data.

Table 7-4 Effect of the background ensemble size: valugf the normalized final RMS;qq, Obtained by

increasing the background ensemble size. Normalizah is performed with respect to the final valuesdr

the background ensemble of size 100.

Background Ensemble Sizg BHP SOR WCT
100 1.0 1.0 1.0
1000 0.7452 0.8740 0.8757
2500 0.6211 0.7740 0.7740
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Table 7-4 shows the finaRMS,;, (equation 3.2) for these three experiments, tisalte

being normalized to the final RMS value obtainedtfe background ensemble of size 100.
As shown previously, increasing the background mbde size contributes to enhance the
performance of the algorithm.

7.4 Conclusions

The objective of this chapter was to propose ardlgn to combine the EnKF with the
gradual deformation parameterization method. Tha id to be able to preserve the properties
of the prior (or initial) model throughout the asgations with the EnKF. This is mainly
important whenever geological constraints shoulgteserved throughout the optimization
problem, for instance when working with facies medelhe algorithm is based on the update
of gradual deformation parameters rather than pkysical properties as static variables in
the EnKF state vector. These parameters are th@redpgo a background ensemble in order
to generate petrophysical property realizationsl dee the forecast step. The algorithm was
applied to the 2D synthetic case study introduce@hapter 3. This may be explained by the
limited search space for a set of constrained zattins and by the fact that gradual
deformation increases the nonlinearity of the pobl In addition, the EnKF ensemble
members are limited to those realizations which d¢@n constructed by the gradual
deformation parameterization. Hence, the methadaee restrictive. The performance of the
algorithm can be improved by either increasing glze of the background ensemble or by
making use of local gradual deformations.

The research in this area can be further contitnyeconsidering iterative approaches within
the existing algorithm or proposing new algorithtes combine the two methods. Also,
application of the method to a more complicatedecsisidy, such as the PUNQ-S3 case
introduced in Chapter 4, would be interesting. Maaild lead us to investigate the capability
of the new algorithm in preventing some drawbacksth® EnKF such as parameter
overestimation. The method could also be applied facies case study to investigate its
capabilities in dealing with the non-Gaussian ratfrfacies models.
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8 Concluding remarks and perspectives

The study of a petroleum reservoir is a multidisogry task integrating several sources of
data to build the most representative reservoir eholls main stages were provided in
Chapter 1. The last step consists of constrairtiegniodel to dynamic data collected on the
field during production: it is called “history-m&iieg”. The research work in this thesis
focused on a particular history-matching technighe, "Ensemble Kalman Filter (EnKF)".
This sequential data assimilation method has rgcdigcome very popular in reservoir
engineering. It makes it possible to integrate @atgoon as they are acquired and provides a
set of constrained models. The theoretical framkwalr ensemble Kalman filtering was
detailed in Chapter 2, followed by a state of thefar petroleum applications. Most EnKF
applications in this area are deemed to be suadeskiowever, some fundamental
assumptions of the method are not usually satiséiech as the Gaussianity of state variables,
the linear dependence between measurements aedvatébles, and the infinite size of the
ensembles. This can lead to a deterioration ofiltez’s performance, and several solutions
were proposed in the literature as detailed in @hah

In this context, the objective of the thesis wase fald. First, we assess the performance of
the EnKF for history-matching, considering severase studies and controlling parameters
settings (ensemble size, assimilation time step, We then attempted to investigate the
merits and drawbacks of this conditioning technideecond, new algorithms were developed
that combine the EnKF with parameterization methodsorder to preserve the spatial

variability of the initial (or prior) models duringssimilations.

More precisely, for handling the first objectivee vapplied the traditional EnKF to three
synthetic case studies with increasing complexkityst, the log of permeability field of a 2D
reservoir was constrained to production data (Ghapt Second, a variant of the PUNQ-S3
case study was defined, considering both porosity@ermeability distributions as uncertain
parameters (Chapter 4). Finally, the problem of-oontinuous facies models was addressed
in Chapter 5.

In each case, the spread between the productigporress simulated with the ensemble

members was reduced through assimilation, and emstmble members were capable of
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capturing the trend of the reference productiora diatboth history-matching and prediction
intervals. Also, the petrophysical property disstibns in the final ensembles shared common
features with the reference models. Using differeoritrolling parameter settings for the
EnKF on the first two cases, it was observed that ¢hoice of the initial ensemble can
strongly influence the results, especially for dneaksembles. For the tests performed here, a
size of 100 appeared appropriate for the ensemhled,only small improvements were
obtained with larger ensembles. For smaller ensermizk,i.e. 50, the final variance within
the updated ensemble decreased significantly, rgakininappropriate for estimating
covaraiances. In addition, small assimilation wéés may be required to capture abrupt
changes in the flow behavior, induced for instabgechanges in the flow rates or by wells
closing and opening. The choice of the measuremecgrtainty level is of less importance
provided that measurements are treated as an elesefrmmlly, parameters overestimation
could be observed, as a consequence of spuriowslat@ns in the state matrix due to the

small ensemble size. For facies models, faciesqutions were not preserved.

The second part of this thesis introduced new dlgos, which aimed to perform
assimilations with the EnKF while preserving theioprtwo-order statistics of the
petrophysical properties distributions. They comebthe EnKF with two parameterization
techniques, the pilot point method (Chapter 6) #redgradual deformation method (Chapter
7). The basic idea is to generate a backgroundhdieeof realizations that is perturbed after
each assimilation from the updated values of rdlgt@rameters: values at pilot points or
gradual deformation parameters. The resultingralgus were applied to the 2D case study
introduced in Chapter 3.

When considering pilot points, the EnKF is usedupmate the values of petrophysical
properties at the pilot point locations. The pdrad values are propagated to the whole field
through kriging. The performance of this algoritllepends on the number and positions of
the pilot points. As more pilot points are consaterwell production data are better matched
and more features of the reference permeabilityahace captured. However, the distance
between pilot points should be smaller than oneetation length in order to preserve spatial
variability. This requirement was violated to sodegree in the best assimilation scenario in
Chapter 6.

The algorithm combining the EnKF and the gradudbisheation is more restrictive than the
EnKF method. First, the search space is limitedtiite possible combinations of the

background ensemble members. Second, the relatiorebn gradual deformation parameters
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and EnKF ensemble members is nonlinear. It is noe s$f a set of updated gradual
deformation parameters can result in a set of @itipetrophysical properties realizations.
However, the performance of this algorithm canrbproved by introducing more flexibility,

either increasing the size of the background enkembmaking use of local deformations.
Again, this method strongly depends on the chofdeeinitial gradual parameter values and

background ensembles.

Several perspectives can be envisaged for futurk,wsach as

= the application of the traditional EnKF method teeal field case study;

= the application of the traditional EnKF method wlttalization to the PUNQ-S3
cases study;

= the application of the traditional EnKF to non &taary facies proportions instead of
the underlying standard Gaussian fields;

= the application of the algorithms combining the EnKith the pilot point and gradual
deformation methods to the PUNQ-S3 variant ancefacase;

= the investigation of other possible combinationsEoKF and gradual deformation,

introducing iterations for instance.
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Appendix A Real Gas Storage Case Study

An effective solution for meeting the energy demachigh consumption seasons is gas
storage. Gas can be bought at a lower price dih@edow consumption seasons, stored and
then extracted during the high consumption seafbree main natural storage sites are:
depleted gas reservoirs, porous aquifer formatéms salt cavern reservoirs. In the first two
cases, an accurate understanding of the petrogthygimperties, eg. porosity and
permeability, of the underlying formation is recpdr

In this study, we aim to apply the EnKF for histomatching of well pressure data for a real
underground gas storage (UGS) site based on a pa@quifer formation described by Le
Ravalec-Dupiret al. (2004). The results will provide us with a morewate understanding

of the petrophysical properties distributiom, porosity and permeability.
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A.1 Case study description

A.1.1 Aquifer formation

An aquifer formation is a porous and permeable ssaddstone or carbonate rock situated at
depths of 1500 to 6000 ft and initially filled witkater. This formation is a suitable site for
gas storage, even in large quantities. As thisdas not contain gas initially, a cushion gas
has to be injected to maintain adequate pressutieeirsite for meeting gas rates during the
extraction periods. This gas is not recoverable is@olume is comparable with the total
storage capacity of the site. Any storage plandiegends on the petrophysical characteristics
of the porous rock such as porosity and permegbBiefore the beginning of storage, these
properties are known with a high level of uncettgias the site has never been used for
petroleum production purposes. As soon as thegaquian starts, the obtained dynamic data
through wells can be used in a history-matchingage to improve the understanding of the
underground storage site.

Our case study is a UGS site located in an agddfenation close to Paris, France and
operated by GDF Suez. The main uncertain petropalygiroperties are porosity and

permeability.

A.1.2 Gas storage planning

The storage plan consists of two main periodsliiadgiperiod with cushion gas injection and

a cycling period consisting of gas injection durisgmmer and gas withdrawal it during
winter. In this case study, the first period laétgears and the second one 10 years. The data
collected during the first period,e. cushion gas injection, are used to perform history
matching. The data collected during the secondogeran be used to assess the quality of

predictions.

A.1.3 Numerical reservoir model

The numerical reservoir model is based on an embedd grid system. This grid setting described in Figue

A-1 Description of grid system for the numerical reservoir model
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(a), consists of 4 grid levels with decreasingl dpiock sizes from Level 1 to 4.

Level 4 Level 4

Level 3 Level 3

Level 1

(a) Initial numerical reservoir model (B Final numerical reservoir model

Figure A-1 Description of grid system for the numeical reservoir model

Level 1 contains the coarsest grid blocks: there ara total of 25x23x2 grid blocks with a size of 13km in

the horizontal direction and a varying thickness tmough each layer. The finest grid blocks are thosef
Level 4 with a size of 750 m in the horizontal diretion. Initially, this level consists of 33x21x9 gd blocks
with varying thickness throughout layers. However,some of the observation wells are placed in Level 3
The petrophysical properties of grids around them an be improved by the history-matching procedure.
Therefore, we have downscaled them and included the in Level 4, as can be seen in Figure A-1
Description of grid system for the numerical reseroir model

(b)). Therefore, in the rest of this study, Ledeatonsists of 39x21x9 grid blocks with a size
of 750 m in the horizontal direction.

Gas storage is performed in the 7 intermediatersaye. L2-1L.8, of Level 4. Thus, in this
study, we try to improve the petrophysical propefgscriptions in these layers only. The
properties of layers L1 and L9 in Level 4 and thokkevels 1 to 3 remain unchanged during

the history matching procedure. As a whole, a totdl888 active cells are considered.

A.1.4 Petrophysical properties

Petrophysical properties of Levels 1 to 3 and thodayers 1 and 9 of Level 4 in are assumed
to be known without uncertainty based on some kimwledge on this site. For those of
layers 2 to 8 in Level 4, static well data are assth to be known with a certain level of
uncertainty. Processing those data provides tHewlg relationship between porosity and

permeability in the different layers:
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log,,(k) = Agp+B Al
A and B are constantsk and ¢ are horizontal permeability and porosity, resp@tyi. The

mean and variance for the porosity fields as wsllcanstantsA and B for porosity-

permeability correlations are reported in Table A-1

Table A-1 Petrophysical properties of layers 2-8 inevel 4. Porosity is defined in [0,1]. Permeabtly is

given in mD.
Layer Porosity mean Porosity variance A B
L2 0.2292 0.00278 6.8729 +0.4043
L3 0.1763 0.00608 9.5409 -0.3517
L4 0.0333 0.00177 16.967 -0.8234
L5 0.1895 0.00441 11.257 -0.6291
L6 0.1637 0.00545 9.2728 +0.1777
L7 0.1906 0.00334 7.6666 +0.0679
L8 0.1834 0.00556 9.4154 +0.5935

The permeability hard data at well locations asseca spherical and isotropic variogram to
the horizontal permeability fields; however the iggram model for porosity is unknown.
Therefore, it was assumed that porosity fields htheesame variogram model as that of the
permeability fields. The correlation length was 822250 m for all layers and the ratio of
vertical to horizontal permeability to 0.1 in allyers. The realizations for porosity in the
different layers are generated by the FFT-MA alioni (Le Ravaleet al., 2000).

A.1.5 Well placement

Gas injection and production scenarios are performg from several wells serving both as injectors and
producers during cushion gas injection period andifling period. These wells are indicated by white iccles
in Figure A-2 Well placement in the reservoir (Levé 4). Observation wells are displayed by cross and

injection/injection wells by white circles (from Le Ravalec-Dupinet al. (2004))

. However, during these two periods, the reservoipressure in Level 4 is recorded by 12 observationedls
(W1-W12) placed all around Level 4 and indicated bycrosses in Figure A-2 Well placement in the
reservoir (Level 4). Observation wells are display@ by cross and injection/injection wells by white itcles
(from Le Ravalec-Dupinet al. (2004))
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Le

el 3

Figure A-2 Well placement in the reservoir (Level ¥ Observation wells are displayed by cross and

injection/injection wells by white circles (from Le Ravalec-Dupinet al. (2004))

Pressure data are collected at irregular inteatsbservation wells and are used to calibrate

porosity and permeability fields in the 7 internagdi layers of Level 4 during the history-

matching procedure.

A.2 History matching on measured data with the EKF

During the cushion gas injection period, injectiamd production rates (through the

corresponding wells) undergo several changes. Bxaagathered at irregular intervals with

respect to these changes in the flow rates (Figgg
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Figure A-3 Observed pressure during the history-mathing (cushion gas injections) period and (cycling

period).

A.2.1 Assimilation steps with the EnKF

The cushion gas injection period (or history-matghiperiod) lasts 2671 days. Several
scenarios were considered to obtain the best dasioni scenario and. Two of these are
presented below:

= First scenario

The history-matching interval was divided to 89 @ssive intervals of one month. Then, at
the end of each month, the EnKF is used to asdenitee average pressure observed at each
observation well during that month.

= Second scenario

During the first 444 days of the history-matchirggipd, gas is injected in the reservoir. From
445 days on, some wells start to produce gas whéeothers continue to inject it. In this
scenario, average pressures are assimilated ahthef each month during 444 days, leading
to a total of 15 assimilation steps. Then, asstmitais performed whenever a new data is
obtained at one of the observation wells leading total of 714 assimilation steps. Therefore,

a total of 729 assimilations steps are considareldis scenario.
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A previous history-matching experiment on the sdielel (Le Ravalec-Dupiret al., 2004)
resulted in a set of improved values for each efrttentioned properties. The improved ones
are reported in Table A. 2. In the experiments WHallow, we aim to investigate if this
improved data set can result in better assimilatsalts by the EnKF.

Table A-2 Improved petrophysical properties of layes 2-8 in Level 4. Porosity is defined in [0,1] ah

permeability is given in mD.

Layer Porosity mean Porosity variance A B
L2 0.2410 0.00278 6.9258 +0.4021
L3 0.1731 0.00608 9.5123 -0.3568
L4 0.0304 0.00177 16.9869 -0.8326
L5 0.1793 0.00441 11.2694 -0.6430
L6 0.1797 0.00545 9.3238 +0.1748
L7 0.1943 0.00334 7.6402 +0.0562
L8 0.2042 0.00556 10.7611 +0.6381

In the following section, we perform three expennse
= Experiment 1: First scenario + Initial propertieported in Table A. 1.
= Experiment 2: Second scenario + Initial propentegsorted in Table A. 1.

= Experiment 3: Second scenario + Improved properéipsrted in Table A. 2.
A.2.2 EnKF setting for the history-matching expeiments

The state vector for each ensemble membes composed of:
= The transformed porosity values (based on transtboms introduced in section 4.2)
at each active grid cell (static variabl&ans(¢, ), i =1,...,ActiveCédlls;
= The transformed permeability values (based on toamstions introduced in section

4.2) at each active grid cell (static variabtegns(k;; ,i 31,...,ActiveCells;
= Pressure at all active grid cells (dynamic varigbk, ,i =1,...,ActiveCells;
= Water saturation at all active grid cells (dynawaciable): Sw;; ,i =1,...,ActiveCells;

= Bottom hole pressure at observation weBsiP, , , k =1,....12;

Therefore, the state vector for tffegnsemble member is defined by:

¢, =[trans(@;,),...trans(@; acivecens)» trans(k; ,),....trans(k; auivecais)s P s+ P activecaiis A.2.
SW, 14y W, pcivecaiss BHP, 15-+,BHP, 1]

The uncertainty level for pressure measuremerkspsto 5 bars and the ensemble size is set
to 200.
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A.3 History-Matching results with the EnKF assimiations

The initial ensemble is the same for experimerdsad 2. The initial ensemble for Experiment
3 is not represented in this section; howeveréisavior is not that different from the one of
experiments 1 and 2). In this section, the histoatehing results are represented for three
wells: W2, W10 and W12. The results for the othelisvfollow the same trend.

W2 - Final W2 - Final W2 - Final
T T 110 110 T T
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Figure A-4 Bottom hole pressure for well W2 duringthe history-matching period. (a) Initial ensemble ér
experiments 1 and 2, (b) Final ensemble for experiemt 1, (c) Final ensemble for experiment 2, (d) Fal
ensemble for experiment 3. Pressure for each enselmbmember is represented by the blue curves;

reference data are plotted in red.
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Figure A-5 Bottom hole pressure for well W10 duringthe history-matching period. (a) Initial ensemblefor
experiments 1 and 2, (b) Final ensemble for experiemt 1, (c) Final ensemble for experiment 2, (d) Fal
ensemble for experiment 3. Pressure for each enselmbmember is represented by the blue curves;

reference data are plotted in red.
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As can be observed in Figure A. 4 to A. 6, theiahinodels are all very different from the
reference model. Although not presented here, weergéed several initial ensembles but
none of them was able to simulate values closeheoreference well pressure data. Le
Ravalec-Dupiret al. (2004) generated a fine scale reservoir modeltlagial upscaled it to the
coarse scale model to perform the fluid flow sintiola Here, we generate the reservoir
model over the coarse scale only. This may expllagn behavior observed for the initial

ensemble members.
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Figure A-6 Bottom hole pressure for well W12 duringthe history-matching period. (a) Initial ensemblefor
experiments 1 and 2, (b) Final ensemble for Experiemt 1, (c) Final ensemble for experiment 2, (d) Fai
ensemble for experiment 3. Pressure for each enselmbmember is represented by the blue curves;
reference data are plotted in red.

The well pressure data obtained from rerunning fthiel flow simulation with the final
ensemble members for Experiment 1 are too far fteenreference model. Moreover, the
variation between ensemble members has decreasbdating that assimilation resulted in
several updated porosity and permeability field$dvydifferent from the real values. This can
be the consequence of the assimilation steps ndbe istudy.

Well pressure data are better matched with thenskassimilation scenario (Experiments 2
and 3). Although the match is not perfect, at l@gagixperiment 2 there are several ensemble
members that can follow the trend of the refergmessure data within the predefined set of
measurement errors. However, the match for well V81t that satisfactory. The reason can
be the close placement of this well to the injesffmoducers. As the injection and production
schedule undergoes several changes, matching tadadavells close to these locations can

be more difficult.
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The first set of data for petrophysical properti€able A. 1) have shown to provide better
results compared to the second one (Table A. 25 May seem contradictory at first place.
However, as a history-matching problem is ill-pgsiédis expected that several different
models, significantly different, can reproduce treference pressure data equally well.
Moreover, it was observed already that history-matg with EnKF and some variational
history-matching methods, such as the one usedebirdvalec-Dupiret al. (2004), may not
provide the same final matched models.

A.4 Conclusion

Matching the well production data for a real fiekla challenging task. The production
schedule may have several changes in injectionfotaxh rates and even opening/shutting of
wells. Moreover, the initial petrophysical propesti distributions are built upon
measurements collected at wells. If these dataatrg@recise enough, the initial models are
not credible enough.
In this case study, we applied the traditional EmK&thod to a real Underground Gas Storage
(UGS) site in order to match the well pressure ddiained at 12 observation wells. The
uncertain petrophysical properties are porosity gerneability in 7 layers. Several scenarios
were considered to perform history-matching withyireg the assimilation steps and initial
petrophysical statistical properties.
As the production schedule undergoes several chatige second assimilation scenario was
more successful in terms of matching pressure dfdith this scenario, one assimilation was
performed whenever a new data was collected afi¢tte Moreover, the best data set used
for generating the initial porosity and permeapifields is the one derived directly from the
hard data at well locations.
Other assimilations would be considered to imprthematch for production data. This can
be achieved by:
= gselecting initial ensemble members closer to tHereace pressure data either by
better describing porosity fields (mean and vamdnand porosity-permeability
correlations, or by generating porosity and pernigalields on the fine scales before
upscaling them to the coarser one;
considering the porosity-permeability coefficieats uncertain parameters in the state vector
of the EnKF.
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