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Introduction

Natural fractures have dramatic effects on reservoirs in term of oil recovery, because they often control
the hydraulic flow as conductors (open fractures) or barriers (mineralized fractures). Predicting the performance of fractured reservoirs requires the characterization of all fracture parameters such as spacing,
orientation, size and aperture. However, none of these fracture attributes is typically well constrained
by available subsurface data either because of the restricted number and size of samples (wellbores) or
because of the indirectness of measurements (seismic). In [12], Ouenes uses neural networks to identify
fracture key parameters, whereas Bourne in [4] proposes to integrate geomechanics in fracture characterization. Another common technique used to predict fracture characteristics is the computation of
curvatures (see [13]), however this parameter often appears to be loosely correlated with the presence of
fractures.
Fractures initiation and propagation are mainly due to lithology and local stress distribution (see [10]).
In our approach, geologic observations and rock mechanical properties are combined with a fracture
geomechanics-based model to predict fracture network attributes. Although the stress field history may
only be known after long studies of the field by experts (e.g. regional stress history in [4]), the global
stress field can be evaluated through the knowledge of the strain tensor. Then, based on assumptions on
the values of mechanical rock properties (cohesion, Young’s modulus, etc.) and on their uncertainties,
a probability of fracturation is computed through the model. Moreover, combined with other fracture
drivers and calibrated with well data, this new fracture parameter enables to determine a fracture density
analogue. The other fracture attributes (size, orientation) are characterized through 3D distribution laws
obtained from mechanical analysis and well data. Discrete Fracture Networks (DFNs) are finally generated using the previously computed fracture attributes and a heterogeneous Poisson point process.
First, a new approach of fracture characterization including geological uncertainties is described. Then,
the stochastic generation of DFNs from 3D fracture attributes is detailed. Methods for assessing equivalent fracture permeability are finally discussed.

2

Fracture characterization

Strains and Stresses
Fractures form when rock cannot withstand the in-situ stress anymore and their orientation is constrained
by the direction of principal stresses. Fracturation patterns thus highly depend on stress history which
is itself related to strain history. The 3D Strain Tensor can be obtained at any point in the subsurface
through two different methods :
• 3D balanced unfolding of layers (see [8]),
• evaluation of the total deformations in the ”Geo-Chronological space” from deposition time to
present (see [9]).
Moreover, assumptions on mechanical elastic properties (the “Lamé” coefficients) characterizing the material (e.g., see [5] and [7]) and on their uncertainties can be represented as probability laws.
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If the material is homogeneous, elastic and isotropic, then, according to the generalized Hooke’s law,
the Lagrangian Strain Tensor [E(x)] and the Stress Tensor [σ(x)] are linked by the following linear equation where tr([E(x)]) represents the trace of [E(x)] while λ and µ are the so called “Lamé” coefficients
at location x :
[σ(x)]

=

λ · tr([E(x)]) · [I] + 2µ · [E(x)]

(1)

In Hooke’s law, elongations are counted negatively while contractions are counted positively. So for the
consistency of the law, the Lagrangian Strain Tensor must be used in equation (1).
The eigen values {E1 (x), E2 (x), E3 (x)} of [E(x)] sorted by increasing magnitude order and their associated eigen vectors {W1 (x), W2 (x), W3 (x)} are called the Principal Strains and Principal Strain Directions at location x, respectively. Equation (1) also implies that [σ(x)] and [E(x)] must have the same
eigen vectors and the same eigen values. The eigen values of [σ(x)] and their associated eigen vectors are
called, respectively, the Principal Stresses {σi (x)} and the Principal Stress Directions {Wi (x)}, where
Wi is also the ith eigen vector of [E(x)]. Still according to the Hooke’s law (1), the Principal Strains
{Ei (x)} and the Principal Stresses {σi (x)} are linked by the following equation :

σi (x) = λ · E1 (x) + E2 (x) + E3 (x) + 2µ · Ei (x)

∀ i ∈ {1, 2, 3}

(2)

Failure criterion
Many criteria exist to predict failure of brittle materials. The Mohr-Coulomb criterion is appropriate to
model shear fractures whereas the Griffith criterion is more appropriate in case of tensile failure. This
paper focuses on shear failure.

Figure 1: Mohr-Coulomb’s failure criterion. Failure Figure 2: Mohr-Coulomb’s failure criterion including
occurs when the Mohr-Coulomb’s circle exceeds the uncertainties on the rock properties C, φ, λ and µ confailure envelope.
sidered as Uniform probability laws.
The Mohr-Coulomb theory assumes that, for the Principal Stresses such that σ1 > σ2 > σ3 , the intermediate principal stress component σ2 does not act for the failure. The Mohr-Coulomb theory states that
failure occurs when the Mohr-Coulomb’s circle at a point in the subsurface exceeds the failure envelope
(see [2]). As shown by figure (1), using geometric terms and defining c as the intern cohesion and ϕ
as the rock friction angle, failure occurs when the distance between the center of the Mohr-Coulomb’s
circle and the failure envelope is smaller than the radius of the Mohr-Coulomb’s circle :
3
tan ϕ · ( σ1 +σ
) + c
σ1 − σ 3
2
p
≥
2
2
tan ϕ + 1

(3)

From failure probability...
In practice, the properties {λ, µ, c, ϕ} of the material at a given location in the subsurface are not known
with precision. So, property uncertainties can be represented as distribution laws respectively L(ω),
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M (ω), C(ω) and φ(ω). As a consequence, to characterize the fracturation in the subsurface, we propose
to integrate these uncertainties through a stochastic model based on equations (2) and (3) (see also figure
(2) when probability laws of all rock properties are Uniform). Failure can now be considered as a random
event and it makes sense trying to evaluate its probability P FCLM φ (E) to occur when E is known and
the probability laws of C(ω), L(ω), M (ω) and φ(ω) are given :
P FCLM φ (E) = IP {ω ∈ Ω : fracturation occurs}



where (Ω, A, IP ) is a probabilized space.

(4)

The development of equation (4) leads to resolve integrals. In practice, the kernel of these integrals is not
convenient to integrate analytically and the use of numerical integration techniques is far more practical
to evaluate the failure probability. On figure (3), the structure of the test case of Split Mountain (Utah) is
exaggerated in order to identify its anticlinal structure. Figure (4) shows the Failure Probability computed
on this case study when all probability laws of the rock properties are considered to be Gaussian.

Figure 4: Tetrahedralized solid of the Split Mountain anticline (Utah) showing the failure probability computed

Figure 3: Split Mountain structure (Utah) composed from Gaussian distribution laws on material properties and
of a major anticline E-W and a minor one N-S (verti- principal strain values.
cal scale x6). The displayed property is the altitude.

...to fracture density assessment
Using a non-linear multi-regression, the failure probability previously computed is combined with other
fracture drivers, such as seismic attributes and layer thickness, in order to obtain a fracture density analogue that reproduces as well as possible observed well data. Mechanical analysis and well data also
provide 3D distribution laws of fracture size and orientation, which are used to generate DFNs.

3

Stochastic simulation of DFNs

Each geometric parameter characterizing the fracture networks (spacing, orientation, size) is described
by a distribution law which type (e.g. uniform, gaussian) is assumed to be constant over the volume of
interest but which characteristic parameters may vary locally. The previous section has provided us with
a 3D structured grid painted with these parameters. Aperture and permeability of fractures will not be
studied here.
Fracture location
In a homogeneous media, fractures are assumed to be purely randomly distributed (see [10]). At first
sight a Poisson process can then describe the spatial distribution of fractures. In [1] a unique parameter,
the average fracture density in space, controls the random process. However, fracture density may vary
spatially, so we propose to use a heterogeneous Poisson point process which is more accurate to simulate
3
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Figure 5: Simulated DFN, Split Mountain (Utah). a) Top view (fractures are the black lines). b) Side
view. In both pictures, the displayed property on cross-sections is the fracture density.
fracture location (see [15]). A background grid where the local density value is specified, is the modeling
support of this stochastic simulation as shown by figure (5).
Fracture orientation
Fracture orientation is simulated from structural analysis information. Fracture orientation highly depends on the type of fracturation: shear, extension and tension fractures (see [11]). So local principal
directions of stresses, which are the eigen vectors of the Stress Tensor, are used to constrain the local
mean orientation value, as shown by figure (5).
Fracture size
In [3], fracture size is assumed to follow approximately a power law distribution. Moreover, a relationship
between fracture size and their spatial position is due to two phenomenon: the presence of an ”inhibition
zone” surrounding each fracture during its propagation and the fact that new fractures may be truncated
by older ones (see [10]). When DFNs are simulated, these two conditions must be taken into account.

4

Fracture connectivity and equivalent permeability

Once a DFN has been simulated, the equivalent permeability of the fracture network can be assessed.
Before computing the equivalent permeability of the media, a preliminary stage is the evaluation of the
DFN connectivity. A connectivity graph is built, which nodes correspond to fracture centers and edges
are identified to ”pipes”. The conductivity of each pipe is then determined from the fracture permeability
and aperture.
Fracture connectivity
Fracture connectivity is a key parameter for estimating the equivalent permeability of the network. Assessing fracture connectivity means computing fracture intersections. However performing intersections
between large sets of discrete fractures is computationally intensive. In order to speed-up the computation, an octal tree is built from fracture centers allowing to select the set of neighboring fractures that
are likely to intersect another fracture. Several preliminary tests are also made to eliminate as much as
possible useless intersection computations. As intersections are computed through our timely optimized
4
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Figure 6: A discrete fracture network (left) and its connectivity graph (right) (Split Mountain, Utah).
method, a 3D connectivity graph is built (see figure (6)) storing parameters at its edges. These stored
parameters are the relevant geometrical ones relative to the intersection, the transmissivity value determined from the permeability and aperture values of both intersected fractures. This connectivity graph
can be used to distinguish subsets of connected fractures. It also enables the assessment of equivalent
permeability of DFNs.
Equivalent permeability
Usually the equivalent permeability of DFNs is estimated in each cell of a 3D grid through a permeability
tensor integrating fracture connectivity information. The permeability tensor is determined for the grid
block flow response to be as close as possible to the fractures response contained in this block.
The size of the grid cell compared to the fracture size is a critical parameter. Below a critical size,
fractures can be considered as a rock matrix component; while above it, fractures must be treated as
discrete objects influencing the fluid flow. According to the percolation theory in [10] and [16], the impact of the smallest fractures on fluid flow depends on percolation networks. Below a critical fracture
density, called the percolation threshold, there are only finite-sized clusters of connected conductors (no
percolation), and above the critical density there is an infinite clusters of connected fractures (percolation). Below the critical density value pc , the fracture density p is linked to a physical property M of the
fractured media such as the connectivity or permeability following equation (5).
M (p) ∼ (p − pc )τ

(5)

τ is a universal scaling exponent, meaning it only depends on the dimension of the percolation model. In
[3], Bour has successfully applied the percolation theory to 2D fracture networks presenting a power law
length distribution.
Concerning the largest fractures, several pressure gradients can be successively applied to the boundaries of a cell containing a part of these fractures; the flow response of the DFN is then studied at the cell
boundaries (see [6] and [14]).

5

Conclusion

The complete workflow of 3D fracture modeling has been investigated in this article. First the focus
was the fracture networks characterization integrating geomechanics and data uncertainties to obtain a
new fracture parameter, the failure probability, which enables to assess fracture density in case of shear
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fractures. A future work will be to take into account tensile fracturation pattern. Then, from fracture
density and other fracture characteristics, an object based stochastic simulation has been performed using
a heterogeneous Poisson point process to simulate fracture spatial location. Several solutions are still
under investigation for simulating fracture size and aperture. Finally, an optimized method for computing
3D fracture networks connectivity has been proposed to assess equivalent permeability of the media.
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