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(b) Fonction de corrélation à deux points

Fig. A.4: Les points de la fonction de corrélation à deux points s’alignent sur une droite
pour un rayon compris entre 100 et 5000m justifiant un comportement fractal. La droite
d’ajustement à la fonction de corrélation à deux points a pour pente Df = 1.71

Fig. A.5: Fonction de corrélations à 2 points pour 30 réalisations de cascades multiplica-
tives. La dimension fractale moyenne est de 1.73 et son écart type de 0.04

A.6 Tirage en loi puissance

Le tirage d’une valeur l comprise entre lmin et lmax peut être tirée dans une loi puissance
d’exposant a à partir d’un nombre uniforme u :

1. Si a = 1 :
l = exp [u× (log lmax − log lmin) + log lmin] (A.2)

2. Sinon :

l =
[
l
(1−a)
min + u×

(
l(1−a)
max − l

(1−a)
min

)] 1
1−a (A.3)



Annexe B

History matching of a stochastic
multifractal subesismic fault
model. M. Verscheure, A. Fourno,
J.P. Chiles. ECMOR XII 2010

123



 

ECMOR XII – 12 th European Conference on the Mathematics of Oil Recovery 
6-9 September 2010, Oxford, UK 

 

B006
History Matching of a Stochastic Multifractal
Subesismic Fault Model
M. Verscheure* (IFP), A. Fourno (IFP) & J.P. Chilès (Ecole des Mines de
Paris)

SUMMARY
Many geostatistical methods have been developed  to generate realistic models of subseismic fault
networks. The problem is that these models are difficult to history match. In this work, we present an
original methodology in which history matching is performed through a modification of fault positions.

We first propose a multifractal methodology to generate the faults. The method has been specifically
developed to allow history matching. The model parameters are derived from the analysis of the seismic
faults. A stochastic algorithm is used to generate 3D subseismic fault realizations that are constrained to
the seismic faults.

The fracture network is then discretized on a dual porosity simulation grid. Equivalent flow parameters are
computed using an analytical method. Last, full field simulations are performed using a multiphase flow
simulator.

Then, we introduce a method to gradually change the locations of faults while preserving multifractal
properties. Changes in locations are driven from a reduced number of parameters. These parameters are
gradually modified to optimize the geometry of the realization and compel the initial fault model to
reproduce the hydrodynamic behaviour observed on the field.

The potential of the methodology is demonstrated on a 3D case study.
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Introduction 
Modeling naturally fractured reservoirs has been an active research topic in the past years. Object-

based modeling is a popular method to represent the discrete nature of fracture networks. Three 
different scales are generally used to describe the fractured network. Seismic faults are the largest 
objects (hundreds of meters to kilometers) characterized on seismic images. Subseismic faults are 
shorter objects with throws that are too small for them to be visible on seismic images (hundreds of 
meters). Their length is above the size of the simulation grid block. Diffuse fractures or joints are 
smaller fractures (tens of meters) with no throw. They are numerous enough to be characterized 
through well logs. This paper focuses on the subseismic scale. 

The presence of subseismic faults can seriously affect the hydrodynamic behavior of the reservoir. 
Conductive faults create preferential flow paths to the wells that lead to early water breakthrough. 
Sealing faults cause compartmentalization problems. The main issue is that subseismic faults are 
difficult to take in account because they are invisible on both seismic images and well logs. 

Stochastic methods based on fractal geometry have been extensively used to generate fault models [3, 
2, 5]. These methods assume that a fracture network is similar at different observation scales. They 
are convenient because they allow analyzing the available seismic fault network and extending its 
properties to smaller scales. Fractal behavior has been observed on many field outcrops and can be 
demonstrated using geomechanics under simplifying assumptions, even if such behavior is not 
universal. 

Computations of equivalent flow parameters are then used to convert the object-based model into 
reservoir simulation models. Because of the numerous uncertainties, these models are not able to 
reproduce the past hydrodynamic behavior of the reservoir. As a consequence these models have poor 
production predictability and need to be history matched. 

Traditional history matching methods in which petrophysical parameters (permeability, porosity) are 
adjusted are not efficient with subseismic faults. The reason is that the objects are large and scarcely 
distributed. Hydrodynamic behavior is therefore predominantly influenced by fault positions. 

Recent work presented a successful methodology to perform the history match through an 
optimization of fault positions [6]. The generated fault models being too simple, the concepts were 
then extended to fractal models [12]. This paper presents the latest developments of this methodology. 
Emphasis is put on the parameterization of fault positions and on the history matching algorithms. 

In the first part, we present a stochastic subseismic fault generator. The algorithms are based on 
fractal geometry and designed to be compatible with our history matching methodology. In the second 
part, we present a parameterization method to displace fault positions using a reduced number of 
parameters. At last, we present a semi synthetic case in which we demonstrate the validity of the 
methodology. 

I. Forward modeling 
1. Analysis of the seismic fault network 

There is no observable data to directly characterize the subseismic fault network. We therefore rely 
on a multifractal model enabling us to model subseismic faults from the characteristics of the seismic 
fault network. In this part we present the tools that are used to analyze the seismic fault network. Each 
tool is illustrated on the seismic fault network shown on Figure 1. 
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Figure 1 : Reference seismic fault network 

1. Length distribution analysis 
Power law distributions are frequently used to describe seismic fault lengths: 

alln −∝)(  (1) 

with n(l) the number of faults shorter than l and a the power law exponent. This choice is justified 
from outcrop observations and geomechanical models, even this is not a general rule. Power laws are 
convenient because they allow to extend the seismic fault length distribution to infer the subseismic 
fault length distribution. 

The power law exponent is determined by plotting the cumulated length distribution on a log-log 
scale. The plot is linear for lengths between l0 and lmax. The slope yields the exponent a. Deviation at 
larger fault lengths is due to edge effects (large faults are incompletely sampled and appear smaller 
than reality). Deviation for small fault lengths is due to the resolution limit of seismic methods. The 
number of subseismic faults derives from the choice of the minimum simulated fault length lmin 
(usually equal to the reservoir simulation cell size): extension of the power law from lmin to l0 provides 
the number of subseismic faults to generate. An example is given on Figure 2. 

 
Figure 2 : Length distribution analysis. Extension of the power law to a cutoff limit lmin = 200 m yields 

the number of subseismic faults to generate 

2. Spatial distribution analysis 
Fractal geometry describes objects that are similar whatever the observation scale. It has been 

widely used to characterize and model fault networks. Fractal objects are characterized with the non-
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integer fractal dimension Df. For a 2D network in which fractures are represented using lineaments, Df 
varies between 1 and 2. When Df is close to 1, the fracture network is typically made of distinct linear 
objects. When it is close to 2, fractures tend to uniformly fill the 2D space. 

a) Multifractals 
Multifractals are the extension of fractals to the description of quantities. They are well suited to 

describe fault density. Multifractals are characterized using a set of generalized dimensions Dq 
called the multifractal spectrum, measured using the multifractal box-counting algorithm. 

b) Multifractal box counting algorithm  
The fault network is covered with a regular mesh of cell size r. A quantity Fi(r) is measured 

inside each box (cumulated fault length or number of fracture barycenters) and normalized weights 
pi(r) are computed:  
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The q-order moments are computed: 
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If the property is multifractal, the moments scale according to: 
qDq

q rrM )1()( −≈   (4) 

for -∞<q<∞. The dimensions Dq is the multifractal spectrum of generalized dimensions. D0 is 
equivalent to the fractal dimension Df. D2 is the correlation dimension, which can also be 
computed using the two-point correlation function. 

c) The two-point correlation function 
The previous method can either be applied to the whole fractured domain, or to the fault 

midpoints. In this case a useful method is the two-point correlation function C2(r). It is a function 
of r representing the number of points whose mutual distance is less than or equal to r. If the 
population of points is fractal C2(r) follows a power law: 

cD
d rrN

N
rC ∝= )(1)(

22  (5) 

with N the number of points and Nd the number of pairs whose distance apart is smaller than r. Dc 
is the correlation dimension and is theoretically equivalent to the second-order multifractal 
dimension D2. This method is better at distinguishing fractal patterns from randomly distributed 
ones [1]. 

d) Application to the analysis of seismic faults 
Our methodology uses the assumption that only fault centers are multifractal. The analysis of the 

seismic fault network starts with the computation of these centers. The multifractal box counting 
algorithm is then applied to these centers to compute the 2nd-order moment M2(r). The measured 
quantity Fi(r) is equal to the number of centers per grid bloc. 

The 2nd-order moment M2(r) is then plotted on a log-log scale. The plot is linear within a limited 
observation range rmin < r < rmax . D2 is the slope of the fitted line. Deviation at larger box sizes rmax 
is imputed to the finite size of the system. Deviation for box sizes smaller than rmin is due to the 
underestimation of smaller faults (Figure 3). The fault center are hence fractal within the 
observation scales [rmin,rmax]. D2 can also be derived from the two-point correlation function but 
the method is subject to border effect as will be demonstrated later, so that box counting is more 
appropriate to our modeling approach. 
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Figure 3 : Analysis of the fault center distribution using the multifractal box-counting algorithm. The 

slope of M2(r) yields the correlation dimension. Multifractal behavior stops at rmin = 2000 m 

2. Subseismic fault modeling 
The purpose of multifractal modeling is to add subseismic faults to the system. The new faults have 

to extend the power law and the multifractal behavior below the seismic resolution limit. 

1. Modeling the spatial distribution of fault centers 
A multifractal density map is used to characterize spatial distribution. We now present the steps 

used to generate this map. A fault center density map covering the whole fractured domain is 
computed. Cell size is equal to rmin. In order to extend multifractal behavior below rmin, this low-
resolution map is refined using the multiplicative cascade algorithm [4]. 

a) Multiplicative cascade algorithm 
The multiplicative cascade algorithm is a method to generate multifractal images. It is initiated 

by drawing 4 weights constrained by the system: 
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where D2 is the correlation dimension of the seismic faults. 

 

 
Figure 4 : Multiplicative cascade algorithm 

The weights are assigned to the cells of a 2 × 2 grid (Figure 4-1). Each cell is then subdivided in 4 
parts and new weights are assigned to the subdivided cells. Either new weights are recomputed 
using the previous equation or the same values are used at all iterations. Weights are then 
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multiplied with the value of the parent cell (Figure 4-2). The process of subdividing cells and 
multiplying them by the previous iterations is repeated until the desired resolution is obtained 
(Figure 4-3). 

Interpolations are used throughout the iterations to avoid squared features (Figure 4-3). Instead of 
multiplying new weights with the parent cells, they are multiplied by a bicubic interpolation of the 
parent map. Figure 5 shows the difference between interpolated and non-interpolated cascades. 

 
Figure 5 : Non interpolated multiplicative cascade (left) and interpolated cascade (right) 

b) Generation of fault centers 
The density map computed with the cascade algorithm is used as a discrete probability 

distribution function to draw a population of subseismic fault centers. The two-point correlation  
dimension Dc of these points is equal to the correlation dimension  used in the cascade algorithm  
The multifractal behavior of the seismic faults is extended to the subseismic ones (Figure 6). 

 
Figure 6 : Two-points correlation dimensions for the seismic and subseismic fault centers 

c) Generation of 3D faults 
Fault lineaments are generated according to the power-law length distribution and randomly 

distributed on the simulated centers. Subseismic fault orientations are averaged from the seismic 
ones. Lineaments are then extended along the dipping angle and clipped to the geological units of 
the model.  

3. Calculation of equivalent parameters to perform full-field flow simulation 
Equivalent fracture properties are computed to discretize the object-based network onto a reservoir 

simulation grid. Equivalent permeability tensors are computed using analytical expressions based on 
the ODA method [10]. Basic assumptions for this model are: (I) a linear pressure gradient in the 
fracture network, (II) a complete connectivity of the fracture network, and (III) independent flow in 
each fracture. In the case of large faulted networks (objects larger than simulation cells), these 
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assumptions are always met. Permeability of each individual fault is computed as a function of the 
geometry and conductivity of the fault. Porosity is derived from the fracture volume. The method is 
easy to implement and requires little computational time.  

II. Inverse modeling 
The history matching of the subseismic fault realizations is formulated as an optimization problem. 

An objective function is defined to measure the difference between production (dobs) and simulated 
data (dsim): 

2
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1∑

=

−=
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i
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i

sim
i ddOF  (7)  

The minimization of OF is difficult because the number of parameters (size and location of objects) is 
large. Furthermore, the optimized realization cannot be arbitrary and must honor the structure of the 
stochastic model. These difficulties can be overcome with the object-based gradual deformation 
method [6]. 

4. The gradual deformations method 
The gradual deformation method proposes to deform an initial realization of a random function in a 

continuous and coherent way in order to improve its match to dynamic data[7]. It is based on the fact 
that linear combinations of Gaussian random functions are Gaussian. Let Z(x) be a standard normal 
random function. A new realization z of Z is constructed as a linear combination of N+1 realizations zi 
of Z: 

z(ρ) = ρizi
i= 0

N

∑   (8) 

Adding a normality constraint to the coefficients yields the conservation of the mean and variance of 
Z(x): 

∑
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2 1ρ   (9) 

The constraint can be satisfied using spherical coordinates. In the case of two realizations combined 
using a single parameter, we have: 

z(t) = z0 cos(tπ ) + z1 sin(tπ )  (10) 

The variation of t in the interval [−1, 1] yields a progressive variation of z(t). Correlation between z0 
and y(t) is stronger as t→0. With t = ±0.5, the new realization is independent of z0.  

Gradual deformation of uniform numbers is achieved using the standard Gaussian cumulative 
function G : 

)]([)( tzGtu =  (11) 

1. Gradual deformation of a Poisson point process 
a) The sequential method to draw Poisson points  

Fault centers are drawn using the sequential simulation method [8]. Let f(xi,yj) be the bivariate 
density discretized on a M × N grid. The marginal distribution of xi is given by: 

∑
=

=
x

ix
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),()(   (12) 

A coordinate xi is drawn by inversion of the cumulative distribution function for a number u 
selected from a uniform distribution in [0, 1].: 
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Once xi is known, the conditional law fxi(y) is computed: 

fxi
(y j ) =

f (xi,y j )
f (xi)

  (14) 

The yi coordinate is computed in a similar manner from a uniform number v: 

Fxi
(y) = fxi(y j )

yi = 0

y

∑

y = F −1
xi (v)

 (15) 

Applying the gradual deformation method to u and v modifies the locations of points. The 
deformation process is continuous and the density constraint is preserved. As a consequence, the 
two-point correlation dimension is preserved. 

The sequential method yields smooth and continuous trajectories with homogeneous density maps. 
Multifractal density maps generated with the cascade algorithm have a heterogeneous nature. The 
sequential method is not efficient in these configurations: deformation trajectories are noisy and 
points will tend to jump from one position to another in the vertical direction (Figure 7). When the 
gradual deformation method is applied, horizontal position changes from x1 → x2. The cumulated 
distribution function in the y direction changes from )()( 1

2

1

1
uFuF xx

−− → . The difference between 
these functions in the heterogeneous case can be quite important. As a consequence, even small 
variations of u lead to large variations of y (Figure 8). The efficiency of the history matching relies 
on a continuous displacement of the faults. To avoid these discontinuities, we introduce the 
multiscale sequential method. 

 

 
Figure 7 : Discontinuous gradual deformation trajectory of a single point using the sequential method 
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Figure 8 : Differences between )(1

1
uFx

−  and )(1
2 uFx
−  when x changes from x1 to x2 yielding a jump in the 

vertical direction 

b) The multiscale sequential method  
Let f(xi) be a discrete heterogeneous 1D density function. The function can be decomposed as: 

f (xi) = f0(xi) × f1(xi) 

In this decomposition f0 is a low resolution discrete PDF containing N elements; it represents the 
larger trends of f (low frequency information) and is sampled on S0 = [x0

0 , x0
1 , … , x0

N]. f1 is a high 
resolution PDF containing M elements. f1 represents the finer details (high frequency information) 
and is sampled on S1 = [x1

0 , x1
1 , … , x1

M]. 

The cumulated distribution function F0 is derived from f0. A uniform number u is transformed into 
the coordinate x0 (using equation 13). The interval on S0 to which x0 belongs is used to compute a 
new uniform number:  

u'= u − x0
i

x0
i+1 − x0

i  with x0
i < x0 < x0

i+1 (16) 

A discrete PDF f1’ is extracted from f1: 

],[  ,  )()(' 1
0011
+∈= ii

iii xxxxfxf   (17) 

The CDF F1’ is derived from f1’. The final coordinate x is computed: 

x = F '1
−1 (u')   (18) 

The low-resolution density discrete PDF is equal to the low-density map derived from the 
multifractal fault analysis. Coordinates x and y are computed similarly to the sequential method. 
The deformation trajectories obtained with this method are more continuous. The large jumps 
observed with the sequential method are avoided (Figure 9). 
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Figure 9 : Gradual deformation trajectory using the multiscale sequential method 

2. Gradual deformation of the multifractal density maps 
To increase the efficiency of history matching, we propose to also deform the density map 

realizations. The system of equations (6) is parameterized to define a set of continuous functions 
[P1(t) , P2(t) , P3(t) , P4(t)]. An equation is first added to the system to reduce the number of 
unknowns: 

04321 =+++ dPcPbPaP   
with 0=+++ dcba  

(19 ) 

Combining equations (6) and (19) yields a quadratic equation whose solutions is a set of functions 
P1(t), P2(t), P3(t) and P4(t) with 0≤ t ≤1. (a,b,c,d) are chosen so as to satisfy the condition Pi(t)≥0. 

The multifractal map is deformed by changing the parameter t. Because Pi(t) are continuous functions, 
the deformation of the map is continuous with respect to t and the multifractal properties are 
preserved. 

3. Gradual deformations of fault lengths 
Fault lengths are drawn from a power law distribution. They can hence be deformed by inversion of 

the cumulated distribution function: 

[ ])()( 1 tuPtl ii
−=   (20) 

where li(t) is the length of  fault i, P the power law CDF of fault length, and ui (t) a uniform number. 

III. Case study 
The validity of the history matching method is demonstrated on a semi-synthetic case. The reservoir 

structure and the seismic fault networks are derived from a real case. Production data is simulated 
using a commercial fracture reservoir software. 

The field Vercors is a 12×15 km oil saturated carbonated reservoir. The reservoir has the structure of 
an anticline with North/South orientation. Mean thickness is equal to 10 m. Past tectonic events have 
created faults with a N110E mean orientation. 106 seismic vertical faults are identified. Average 
reservoir pressure is equal to 150 bars. The reservoir is produced using a water injection strategy. 
Four production wells are located on top of the anticline. Eleven injectors build up pressure around 
the trap (Figure 10). The injection rate of each well is set to 2500 m3/day. Producers are set to a 
constant bottom hole pressure of 60 bars. 
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Figure 10 : Vercors reservoir structure. There are 11 injection wells and 4 producing wells. Seismic 

faults are represented in black. 

The seismic fault length distribution and multifractal parameters are analyzed (Figure 2 and Figure 3). 
About 1060 faults are below seismic resolution. Minimum subseismic fault length is 200 m and 
maximum length 1000 m with a power-law exponent of 1.63. D2  is set to 1.7 and the initial resolution 
rmin of the multiplicative cascade is 2000 m. The algorithm is initiated with the computation of the 
initial density map (Figure 11-a). The multiplicative cascade algorithm is applied to refine the density 
map (Figure 11-b). Fault centers are drawn using the multiscale sequential algorithm (Figure 11-c).  

Fault lengths are drawn and the initial geological model is built (Figure 12). Fault conductivities and 
apertures are respectively set to 3000 D.m and 0.01m. The equivalent fault permeabilities and 
porosities are computed on a 121×150×1 dual-medium grid. Matrix permeability is set to 50 mD in 
the X and Y directions. Porosity is set to 0.3. Matrix-fracture exchange terms are defined through 
block sizes computed according to the fault geometries. A full-field fluid flow simulation is run. 
Water-cut levels are considered because they are representative of the connectivity of the network. As 
expected, simulated production data differs from measured data. History matching is hence necessary 
(Figure 13). 

It is difficult to match all the wells simultaneously when the history matching method is applied to the 
whole fractured domain. The reservoir model is therefore divided in four zones defined according to 
groups of injectors and producers (Figure 14). One gradual deformation parameter is assigned to each 
zone. The initial geological model can then be deformed independently in each zone to increase the 
objective function convergence rate. Fault positions are optimized using the SQPAL gradient-based 
algorithm [11, 9]. When an optimal realization has been found, the match is further increased by 
combining it with a new realization. Figure 15 shows the evolution of the objective function during 
the gradual optimization process. The match to production data is satisfying as shown on Figure 16. 
Figure 17 shows the optimal fault realization. 

 

 
a) b) 

 
c) 
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Figure 11 : The seismic fault network is used to calculate an initial low resolution density map (a), 
which is used to initiate the multiplicative cascade algorithm (b). The final density map is used to 

draw a population of fault centers (c). 

 
Figure 12 : Initial fault realization     

 P1  P2 
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 P3  P4 
Figure 13 : Initial water cut levels for P1, P2, P3 and P4. Field production data is in red, and simulated 

values in yellow 

 
Figure 14 : Division of the reservoir into 4 independent optimization zones 

 
Figure 15 : Evolution of the objective function during the history matching process 
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 P1  P2 

 P3  P4 
Figure 16 : Optimal water cut levels for P1, P2, P3 and P4. Field production data is in red, and 

simulated values in yellow 

 
Figure 17 : Optimal fault realization 
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Conclusions 
In this paper, we presented a methodology to perform the history matching of subseismic fault 

models. We first presented a stochastic fault generator that was specifically developed for history 
matching purposes. We then proposed an original history matching method in which the faults are 
displaced to match the production data. The main conclusions of this work are that: 

− The proposed stochastic model uses a reduced number of parameters to describe the geometry 
of the realizations (fractal dimension, length distribution). These parameters are easily inferred 
from an analysis of the seismic fault network. 

− The fault generator is based on fractal geometry, which has been widely used to describe and 
model fractured networks. Realizations are realistic and constrained to the available seismic 
faults. 

− The fault generator is compatible with the gradual deformation method: all fault positions 
depend on a reduced number of gradual deformation parameters. 

− The gradual deformation preserves the statistical coherency of the model: length distribution 
and fractal properties are left unchanged during the optimization. 

− The use of the multiscale sequential algorithm provides smooth and continuous deformation 
trajectories. As a consequence, hydrodynamic behavior is continuous with respect to gradual 
deformation parameters. 

− The reduced number of deformation parameters and the continuity of the objective function 
authorize the use of gradient-based algorithms. This reduces the number of fluid flow 
simulations used to evaluate the objective functions. 

− The proposed methodology proves to be successful on a semi-synthetic case. 

Future work will focus on: 

− Testing global optimization methods: Indeed, some fault configurations are difficult to optimize 
because the objective functions contain local minimums. 

− Taking the presence of sealing faults into account: This is a challenging task because 
compartmentalization effects yield non linear hydrodynamic behavior when the faults are 
displaced. 
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Inversion conjointe des propriétés géométriques et hydrauliques d’un modèle
stochastique de réservoirs faillés et fracturés

Résumé : Les réservoirs fracturés occupent une part importante de la production du pétrole dans
le monde (Moyen Orient, golfe du Mexique, etc.). Un facteur clé de la récupération du pétrole dans
un réservoir fracturé est la compréhension de la géométrie et de la conductivité hydraulique du ré-
seau formé par les fractures. Cette compréhension nécessite la construction d’un modèle de réservoir
intégrant l’ensemble des connaissances conceptuelles et des données disponibles sur le terrain. La
thèse de Sandra Jenni soutenue en janvier 2005, a permis de poser les bases d’une méthodologie
permettant d’intégrer à la fois les données statiques et les données dynamiques dans un modèle de
fractures. Le présent sujet de thèse constitue donc une suite naturelle des travaux de thèse de Sandra
Jenni. Il a permis d’établir une nouvelle approche de génération des réseaux de failles sub-sismiques
se basant sur une caractérisation fractale de la géométrie des réseaux de failles identifiés à partir
de données sismiques ou des affleurements. Le réseau de failles obtenu peut alors être déformé
de manière à caractériser l’influence des propriétés géométriques et hydrauliques des failles sur le
comportement hydrodynamique du modèle de réservoir fracturé. Cette propriété permet d’effectuer le
calage à l’historique de production : les positions et les propriétés hydrauliques des failles incertaines
sont modifiées par un algorithme d’optimisation, permettant de réduire l’écart avec les données dy-
namiques observées. La cohérence géologique du modèle de failles est préservée. La mise en ¡uvre
des différentes étapes de l’approche proposée est illustrée par différentes applications sur réservoirs
synthétiques inspirés de réservoirs exploités.

Mots clés : Fracture - Fractal - Calage hydrodynamique - Geostatistique

Joint inversion of the geometric and hydraulic properties of a stochastic
model of faulted and fractured reservoirs

Abstract: Fractured reservoirs are an important part of the oil reserves in the world (Middle East,
Gulf of Mexico, etc.). A key point in hydrocarbon recovery in fractured reservoir is to understand the
geometry and hydraulic conductivity of the network formed by the fractures. This requires the con-
struction of a reservoir model that integrates all available conceptual knowledge and quantitative data.
Through the thesis of Sandra Jenni defended in January 2005, a methodology able to integrate both
static and dynamic data has been proposed. The topic of the present thesis is the continuation of
the previously described work. First, the geometry of the seismic fault network is characterized using
fractal methods and sub-seismic faults are generated using a stochastic algorithm. The geometry of
this discrete fracture network can be modified in order to modify the hydrodynamic behaviour of the
reservoir model. An optimization algorithm is used to modify the sub-seismic fault positions, leading to
the history matching of the reservoir model. Fractal properties are preserved during the deformation
process. These different steps are demonstrated on realistic synthetic cases.

Keywords: Fracture - Fractal - History matching - Geostatistics


