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Abstract

Until recently most fractured-reservoir modeling tools were limited to simple discrete statistical models. A new
approach in fractured-reservoir characterization which uses arti®cial intelligence tools is described in this paper. The

methodology is based on the assumption that there is a complex relationship between a large number of potential
geologic drivers and fractures. Structure, bed thickness and lithology are a few of the drivers that played a role
when fractures where created.

The ®rst step in the described methodology is the ranking of all existing geologic drivers. A fuzzy neural network
is used to evaluate the hierarchical e�ect of each geologic driver on the fractures. As a result, the geologist or
reservoir engineer will be able to identify locally and globally the key geologic drivers a�ecting fractures.

The second step of the approach is to create a set of stochastic models using a backpropagation neural network
that will try to quantify the underlying complex relationship that may exist between key geologic drivers and
fracture intensity. The training and testing of the neural network is accomplished using existing data.
The third step of the approach is to perform an uncertainty analysis by examining the fracture cumulative

distribution function resulting from the large number of stochastic models. Using these three steps, the 2D or 3D
distribution fractures and their underlying uncertainty can be determined at undrilled locations. The methodology is
illustrated with an actual tight gas fractured sandstone. 7 2000 Elsevier Science Ltd. All rights reserved.
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1. Introduction

Naturally fractured reservoirs represent a signi®cant

percentage of oil and gas reservoirs throughout the

world. Because of their complexity and commercial sig-

ni®cance, naturally fractured reservoirs have been

extensively studied. Many of these e�orts have been
devoted to understanding the various factors a�ecting

rock fracturing. There have been numerous approaches

used to estimate the spatial distribution of fractures

within individual horizons, based on structural geome-

try (Harris et al., 1960; Murray, 1968; Lisle, 1994).

Most of these approaches have been applied to small

areas encompassing the scale of a gas or oil ®eld.

Although structural e�ects can be important, it is criti-

cal to recognize that there is a complex interplay

between the fracture drivers. For example, in a slope

basin carbonate oil reservoir described in Zellou et al.

(1995), the increase in formation thickness and amount
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of shale negated the fracturing e�ect of high curvature
at certain locations of the reservoir. However, in other

settings, formation thickness and/or lithology can be
the major factors behind natural fracturing. Since
structure, pay thickness, and lithology are but three of

many potential fracture drivers that can vary dramati-
cally, especially in a regional setting, it is imperative to
identify the primary geologic drivers. Only then can a

comprehensive fracture prediction model be generated.

2. Factors a�ecting rock fracturing

Local and regional tectonic events are recognized to
play a major role in many fractured reservoirs. The

knowledge of the magnitude, timing, and distribution
of these stresses could lead to an improved characteriz-
ation of fractures. Unfortunately, the geomechanical

history of the rocks is elusive and often speculative. In
addition, factors such as rock thickness, heterogeneity,
and lithology can also play substantial roles in natural

fracture development. Due to the complexity of frac-
ture characterization, the most frequently applied
approaches rely on one or possibly two reservoir and/

or structural characteristics.
Reservoir structure can be obtained easily using pet-

rophysical logs and an interpolation mapping method.
The popular use of structure is related to the fact that

the paleostresses are, to some extent, revealed by pre-
sent day curvature. Hence, given current structure, one
can infer the magnitude of paleostresses and gain some

insight into the degree of fracturing. Second derivative
(curvature) techniques to approximate fracturing have
been successfully employed, to various degrees, for

more than three decades. However, this structural
attribute approach assumes that other factors a�ecting
rock fracturing are either relatively constant, or poss-
ibly secondary to, curvature in importance.

Although only one parameter may be needed to
characterize a fractured reservoir, as has been docu-
mented on a local scale numerous times (Harris et al.,

1960; Murray, 1968; Lisle, 1994; McQuillan, 1973),
complex reservoirs may require a much more robust
description to predict. When numerous factors are

``maximized'' and considered together, such as a struc-
ture with high curvatures, thin beds, and brittle lithol-
ogy (e.g. dolomite, silica-cemented sandstone), it is

relatively straight forward to predict a likely result Ð
abundant natural fracturing! Conversely, minimal cur-
vature involving thick beds and a ductile lithology (e.g.
shale, limestone) could be considered, as a ®rst ap-

proximation, relatively fracture-free. Since natural frac-

ture drivers occur as continua in the ``maximum±
minimum'' scale and in in®nite numbers of combi-

nations, the identi®cation and integration of multiple,
variously weighted fracture drivers (such as thickness,
lithology, and curvature) would be the ideal model

construction methodology. Therefore, a comprehensive
analysis will result in the most robust model. From
published work on fractured reservoirs, it is clear that

the lack of a methodology to integrate the e�ects of
structure, thickness, and lithology has led many
researchers to focus only on the most important fac-

tor.

3. Building a fractured geologic model

There are many di�erent techniques to build quanti-

tative geologic models. For example, geostatistics is
frequently used in conventional reservoirs to build geo-
logic models that account for existing spatial corre-

lations of a given reservoir property. These techniques
are inadequate when it comes to understanding com-
plex fractured reservoirs. In such problems, the simul-
taneous existence of di�erent fracture systems at

di�erent scales and their mutual interaction leads to a
complex 3D ¯ow network with little or no spatial cor-
relations. Although each individual fracture system

may present some spatial correlation, the obscure and
intricate interaction between the di�erent fracture net-
works often leads to an uncorrelated 3D ¯ow network.

To address such problems, computer programs such as
NAPSAC (Hartley et al., 1996) and FracMan (Dersho-
witz et al., 1994) used Discrete Fracture Networks

(DFN) representation to model fractured reservoirs. In
the DFN methodology, spatial correlation such as the
ones represented in geostatistics by variograms are not
used and geologic models are simulated by ®lling ran-

domly a 3D volume with discrete fracture planes. The
®lling process is constrained by ®rst-order statistics of
di�erent observed fracture attributes and do not take

advantage of the underlying relationship that may exist
between fractures and geologic drivers.
The approach proposed by Ouenes et al. (1995) and

implemented in ResFrac1 for building continuous frac-
tured geologic models, was inspired from geostatistics,
where the use of variograms to account for spatial cor-
relations is replaced by the use of a neural network.

The methodology uses the assumption that any set of
fractures could be related to a certain number of geo-
logic drivers and/or to static and dynamic ®eld

measurements. Hence, constructing a fractured reser-
voir model becomes an integration problem, where a
neural network is used to ®nd the possible underlying

relationship that exists between the input of the model
(geologic drivers and ®eld observations) and the output
of the model called the Fracture Indicator FI. In this1 http://www.rc2.com/products/ResFrac.html
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approach, the geology of the reservoir is accounted for
while building geostatistical 3D models for each geolo-

gic driver. Local observations at the well, such as stress
measurements, or interpreted seismic 3D cubes could
be added as an input to the model and may provide in

some circumstances valuable indications and con-
straints. The use of a neural network does provide the
unique opportunity to achieve the integration of geolo-

gic drivers and ®eld observations into continuous frac-
tured reservoir models. The implementation of this
methodology with a neural network is described

below.

4. Modeling the fractures with a neural net

In a fractured reservoir, various geologic, geophysi-
cal, and engineering data may be available and used
for modeling. For neural net modeling purposes the

data can be viewed under two categories: (1) the inputs
of the model, and (2) the Fracture Indicator, FI, which
will be the output. The Fracture Indicator, FI, can be

any geologic or engineering data available at the wells
that could represent the fractures as accurately as poss-
ible. Fracture Indicators are not limited to static data

such as FMI logs but can include dynamic data
(Ouenes et al., 1995, 1998) which better represents the
e�ects of fractures on the ¯uid ¯ow.
The inputs of the model are any geologic, geophysi-

cal, or engineering data that may have a possible re-
lationship with the fractures. The input data can be
divided into the following three major areas.

1. Rock Mechanical Properties Indicators: These data
contain indications about the brittleness of the rock
and may include data such as porosity, lithology,

pore pressure, and grain size.
2. Paleostress Indicators: These data contain possible

information about the magnitude of stresses that

existed when the fracturing occurred. Structure cur-
vatures and slopes, bed thickness, and faults related
information are some examples of these indicators.

3. Stress Indicators: Although the current state of
stress could be di�erent from the one that caused
the fracturing and therefore totally misleading, seis-
mic information and stress measurements at the

wells could in many basins provide valuable infor-
mation to the model.

The modeling process starts by considering N possible

inputs or drivers �Di j i � 1, 2, . . .N� representing the
three major areas described previously. These data col-
lected at the well locations must be mapped as accu-

rately as possible over the entire volume of the
reservoir. Geostatistical modeling is highly rec-
ommended for this step since it is the best approach to

account for the spatial correlation resulting from the
deposition process.

The Fracture Indicator FI is not mapped and is con-
sidered as point values used for the training process.
We consider L training records �FIj j j � 1, 2 . . . , L� for
which a value of FIj is available at a point Pj (x, y, z )
in the 3D reservoir volume. Since the N inputs are
available in the entire reservoir volume, they are also

known at the L positions Pj (x, y, z ). Hence, the neural
net system of L training records �Dil, FIj j i � 1, 2, . . .,
N; j � 1, 2, . . . , L� constitute the basis of the fractured

geologic model.
The neural network can be used to ®nd a mathemat-

ical model that relates the N inputs, D, to the Fracture
Indicator FI. In other words, the neural network

becomes a multivariate regression tool. However, the
advantage of the neural network model over conven-
tional multivariate regression methods is its ability to

mimic complex non-linear models without a priori
knowledge of the underlying model. The process of
determining these mathematical models is described as

training. The basic idea is to provide to the neural net
L1 training records (patterns) that will direct the
adjustment of the neural net parameters represented by

a weight matrix Wninj : The reader is referred to neural
nets literature (e.g. Lippman, 1987; Wasserman, 1989)
for a complete description of these arti®cial intelligence
tools. The following paragraph gives a brief descrip-

tion necessary for understanding the fracture modeling
problem. Furthermore, we will address only backpro-
pagation (or ``backprop') neural networks used in this

application.
The backprop neural net uses a subset L1 of the L

training patterns to adjust the weight matrix, Wninj

through training. For the lth training pattern, the N
inputs Dil are fed-forward from the input layer,
through all the hidden layers, and ®nally the neural
net provides its output FI nn

i �W � which is di�erent

from the known target output FIl measured in the
®eld. The training process consists of estimating the
weights Wninj that minimize the quadratic error:

E�W � �
XL1

l�1
�FIi ÿ FI nn

l �W �� 2:

The error E backpropagates from the output layer to

the input layer and is used to adjust the matrix weight
Wninj : In practice, the training process is monitored
using a linear correlation coe�cient between the actual

and the predicted Fracture Indicator computed on the
L1 values. After successful training, the neural network
can be used for testing the subset L2, of L that were

not used for training. �L2 � Lÿ L1). The neural net-
work architecture consists of the usual input and out-
put layers and two additional hidden layers. An
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example of this architecture can be found in Ouenes et
al. (1995). For a speci®c application such as the one

considered, the need to change the neural network
architecture by adding multiple hidden layers de®es the
purpose of ®nding a geologic model. When building a

geologic model, the purpose is to ®nd the potential re-
lationship that may exist between the considered dri-
vers, D, and the Fracture Indicator, FI. If such a

relationship exists, it will be captured by the neural net
architecture composed of two hidden layers. On the
other hand, if successful training and testing is not

achieved, it is probably better to question the validity
of the inputs considered rather than the neural net-
work architecture. In other words, successful use of a
neural network requires a careful analysis of the con-

sidered inputs prior to neural net modeling.

5. Ranking the model inputs with a fuzzy neural net

When considering N possible drivers, the relative im-
portance of each parameter and the impact on the
Fracture Indicator, FI, is critical. Given the L training
records, many di�erent techniques could be used to

rank the N parameters. The most popular techniques
are statistical methods based on principal components
analysis. In our methodology, we employ a fuzzy logic

approach (Lin, 1994) that has proven e�cient and fast
in ranking our geologic parameters.
Zadeh's (1965) original idea for fuzzy logic is based

on a simple fact: when dealing with a complex system,
it is simpler to ®nd a model of the parameters which
drive and control the system rather than ®nding a

model for the system itself. The knowledge of these
parameters can be expressed by a set of fuzzy rules
such as: ``if X is A and Y is B, then Z is C'', where X
and Y are variable outputs of the system, and Z is a

command variable that controls the system. A, B, and
C are linguistical rules such as high, normal, and low.
For example, if we consider the statement ``X is A'' to

be ``the temperature is high'', then the usual way of
thinking (boolean) would be either the statement is
true (1) or false (0). However, in fuzzy logic the state-

ment can be characterized by a ``range of truth'' from
0 (false) to 1 (true) described by a membership fuzzy
function. For a complete discussion on the new math-
ematical theory of fuzzy sets, the reader is referred to

Dubois and Prade (1980). An important feature of
fuzzy logic is the ability to use deterministic tools
(using fuzzy membership functions) to quantify uncer-

tainty. With this simple and brief introduction of fuzzy
logic, we notice that the key point in fuzzy logic is to
®nd the appropriate fuzzy rules. Various approaches

were used to obtain the fuzzy rules, and we limit our-
selves to the neural net approach (Kosko, 1992;
Zadeh, 1992). In this approach, a neural net is trained

to represent the fuzzy rules. Notice that the fuzzy
neural net described in this section is di�erent from the

neural net used for building the geologic model and is
speci®cally designed for ranking the drivers. This
promising approach had an important drawback: the

training of a backprop neural net was too slow for
fuzzy logic applications. Lin (1994) developed a new
approach that overcomes all the previous limitations

and that is well adapted to ranking problems.
We consider the same problem where the system has

N possible inputs �Di j i � 1, 2 . . . ,N� and L records of

the output, FI �FIj j j � 1, 2, . . ., L). The question to
be asked is: what are the signi®cant input variables Di

that have a real impact on the output FI?
The method proposed by Lin (1994) provides a

robust way to address this problem. It uses ``fuzzy
curves'' to ®nd a relationship between each of the
input variables and an output variable. For each out-

put we built N fuzzy curves that were related to the N
inputs, respectively. To build a fuzzy curve for input i
with respect to the output FI, the L pairs �Dil, FIj j� 1,

2, . . ., L� of the training data were used. We ®rst put
all L data points in the �Di ÿ FIj� space. We applied a
fuzzy rule to each point in the space, and we had L

fuzzy rules for the L points. Each of these fuzzy rules
was represented as ``if (Di is mil) then (FIj is FIjl )''
where (mil) is the lth fuzzy membership function of
input Di, and calculated as:

mil�Di � � exp

"
ÿ
�
Di ÿDij

b

� 2
#

where b is a constant of about 1/10 of the input inter-
val of Di . Then the fuzzy curve of Di with respect to
FIj noted as �Di ÿ Cij), was obtained by defuzzifying

the L fuzzy rules using centroid defuzzi®cation:

Cij�Di � �

XL
l�1

FIjl � mil�Di �

XL
l�1

mil�Di �
:

We decided on the signi®cance of the input Di with
respect to the output, FI in the following way. If the
fuzzy curve for the given input was ¯at, then this input
had little in¯uence in the output data and was not a

signi®cant input. If the range of a fuzzy curve Cij�Di �
was about the range of the output data FI, then the
input candidate Di was important to the output vari-

able FI. We ranked the importance of the input vari-
ables Di with respect to FI according to the range
covered by their fuzzy curves Cij�Di �: This fuzzy logic

approach provided the hierarchical order of the inputs
Di based on their signi®cance.
In practice, the ranking of the inputs must be
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accomplished prior to any neural net modeling. Two
major bene®ts can be derived from this task. The ®rst

bene®t is the gained geologic understanding of the
impact each model input or driver has on the fractures.
The second one is purely computational and it consists

of identifying possible geologic drivers or ®eld
measurements that may not have a strong correlation
with fractures. Including these input into the neural

net model will only reduce the reliability of the gener-
ated models.
Although this ranking is a necessary step in creating

reliable geologic models with reasonable prediction
capabilities, one must remember that the neural net
approach is data driven. Therefore, the modeling e�ort
must be considered in a stochastic framework where

multiple realizations of the geologic model are gener-
ated. The use of a neural network is suitable for sto-
chastic modeling where each realization could be

obtained by using a limited subset of the available
Fracture Indicator data for training. From the multiple
realizations, probability maps may be drawn and used

for further modeling and for decision making. The
entire methodology is illustrated with a tight gas sand-
stone reservoir.

6. Dakota production and geology

The San Juan Basin of northwestern New Mexico
contains some of the largest gas ®elds in the United

States. Gas is produced from three Upper Cretaceous
sandstone formations: the Dakota, Mesaverde, and
Pictured Cli�s as well as from the Fruitland coal. Fas-

sett (1991) suggested that the gas produced from the
Dakota, Mesaverde, and Pictured Cli�s reservoirs are
structurally enhanced by natural fracturing. Unfortu-
nately, little has been published on the subsurface pat-

tern of these fractures.
In excess of 4.8 trillion cubic feet (TCF) of gas

(135.9 billion m3), as well as substantial volumes of

condensate, have been produced from three primary
sandstone complexes that comprise the upper Dakota
formation. This production is largely from the Basin

Dakota ®eld located in the south-central part of the
San Juan Basin. The productive upper Dakota sand-
stones are a complex of marine and ¯uvial-marine
sandstone reservoirs. The upper Dakota is a tight gas

reservoir with porosity generally between 5 and 10%
and permeability ranging from less than 0.1 to 0.25
millidarcies. Consequently, these Dakota reservoirs

generally cannot produce commercial ¯ow rates with-
out natural or induced fracturing.
The key for optimal exploration and exploitation of

upper Dakota reservoirs resides in the ability to predict
the spatial distribution of fracture intensity. However,
when considering a productive interval in excess of 200

feet (60 m) covering over 120 townships (4300 square
miles Ð 11,128 km2) the use of simple analysis tools

focused on one or two fracture parameters, such as
second derivative structural curvature, will not result
in a comprehensive understanding of the spatial distri-

bution of fracture intensity. Hence, numerous fracture
drivers must be characterized and integrated into the
analysis.

7. Factors a�ecting fracturing in the Dakota

The study area representing the 24 townships (869.5
square miles Ð 2251 km2), has been divided in grid

blocks which are 0.5� 0.5 miles (0.8� 0.8 km). A total
number of 3478 grid blocks are used across the area.
For each fracturing factor, a two dimensional map is

drawn over the entire grid.
The structure of the Dakota is computed using

Graneros log top in 2108 wells and the Laplacian in-

terpolation method (Ouenes et al., 1995). The same in-
terpolation method is used to draw the estimated
ultimate recovery (EUR) map using 1304 ``parent''
wells drilled on 320 acres, spacing. The EURs vary

from 0.1 to 14.7 BCF (2.83±416.1 million m3) and four
major, highly productive ``sweetspots'' are present in
the eastern as well as in western parts of the study

area. Extensive geological and engineering analysis of
the Dakota formation by Burlington Resources has
established that the primary driver to reservoir per-

formance is the degree of natural fracturing. The EUR
is considered to be a measure of fracture density. The
gas is produced from three major sands (horizons) that

make the upper Dakota.
In many previous studies, structural e�ects were

accounted for using curvatures taken in one or two
directions. Ouenes et al. (1995) introduced the use of

curvatures (second derivatives) and ®rst derivatives of
the structure in multiple directions, which better re¯ect
stress states which can be described by a tensor that

has directional properties. Another reason for the use
of multiple directions is that structural e�ects could
have di�erent directions over the study area. There-

fore, in each gridblock, structural e�ects are rep-
resented by a set of four curvatures and slopes
computed in four directions, north-south, east-west,
northeast-southwest, northwest-southeast. In addition

to these structural e�ects, this study considered the
thickness and degree of ``shaliness'' as parameters driv-
ing Dakota natural fracturing.

The upper Dakota is composed of three major pro-
ductive sandstone units which, in ascending order, will
be referenced as Sands A, B, and C respectively. The

three gross pay isopach maps of these sands show sig-
ni®cant pay thickness variation across the 24-township
area. This thickness variation dramatically impacts the
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intensity of natural fracture development and is con-
sidered in the analysis.

As previously discussed, EUR from these three sand
complexes is used as a fracture intensity indicator.
This analysis was prompted by the results of a pre-

vious fracture prediction study in the San Juan Basin
Mesaverde formation (Basinski et al., 1997). In ad-
dition to pay thickness, facies maps are needed to de-

lineate the third fracturing factor, lithology.
Whole core analysis indicates a very strong corre-

lation between resistivity and fractures. In the study

area, resistivity, as a rule, is a function of facies and
not hydrocarbon saturation. A detailed explanation of
this correlation can be found in Lorenz et al. (1999).
Highly resistive intervals represent a facies with mini-

mal clay content that were subsequently diagenetically
silici®ed and rendered brittle. Consequently, where res-
istivity is high, abundant natural fractures are devel-

oped in the core. Although resistivity may not be the
ideal lithology indicator, in this study area, it contains
valuable information about the facies changes and

degree of fracturing in Sands A and B. In this study,
the average pay thickness and resistivity for Sands A,
B, and C over the entire net pay is used. These data

are mapped using information from fewer than 200
wells in the 24-township study area.
At each gridblock, 13 possible parameters, which

may have played a role in rock fracturing are used as

inputs for the neural network analysis: four ®rst de-
rivatives (slopes); four second derivatives (curvatures);
three thicknesses; and two resistivities. These reservoir

properties are easy to derive and are adequate to
characterize the reservoir fracture intensity. For any
set of chosen reservoir properties, the objective is to

design a geological model that can explain the
observed production data. In exploration areas, the
structural properties and thicknesses could be esti-
mated from 3-D seismic travel time data, as illustrated

by Zellou et al. (1995) for the Spraberry.

8. Ranking the Dakota fracturing factors

When considering the entire study area, the fuzzy
logic ranking reveals that the six most important fac-
tors are: (1) the thickness of Sand B; (2) the inverse
thickness of Sand A; (3) the thickness of Sand C; (4)

the resistivity of Sand B; (5) the ®rst derivative in the
northwest-southeast direction; and (6) the Sand A res-
istivity.

The most important factor, thickness of Sand B,
suggests that a large portion of gas produced is from
the Sand B and thicker reservoir equates to higher

EUR. Consequently, Sand B behaves more like a con-
ventional gas reservoir in this ranking where the pro-
duction is mostly controlled by original gas-in-place.

The inverse thickness of Sand A implies a typical frac-
tured sand behavior where the thinner intervals con-

tain the highest fracture intensity. Thickness of Sand
C, the third most important parameter, indicates an
analogous relationship to Sand B. Very signi®cantly,

the ®rst bit of structural information, the northwest±
southeast orientation of the ®rst derivative, or slope of
the structure, is ranked ®fth and illustrates that struc-

tural changes are not the main fracturing factors for
the entire study area. However, this orientation is con-
sistent with the long axis of the basin and parallel with

Fig. 1. Ranking geologic drivers. Ranking scale is from 0 to

100. In this example thickness of sand B is highest ranked dri-

ver, followed by resistivities of Sand A, B, and C. First struc-

tural driver is slope in north±south direction.
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Fig. 2. Training on 30% of available data.

Fig. 3. Testing remaining 70% of data with derived neural network model.
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many Dakota producing trends, demonstrates that
structural changes cannot be neglected in fracture

analysis. The same approach can be used on a portion
of the study area to identify the local geologic drivers.
Depending on the location of the sub-area considered,

the ranking can change (Fig. 1) indicating a change of
geologic conditions that cause rock fracturing.
The ®rst, second derivative parameter, or curvature,

in the ranking is seventh in overall importance and il-
lustrates that structural changes can sometimes be bet-
ter represented by slopes rather than curvatures.

Armed with this knowledge, a geologic model is built
to relate all the 13 factors to EUR. Indeed, this rank-
ing was con®rmed for the various productive sands
after the parameters were empirically tied back to core

analysis, petrophysics, and production.

9. Neural network models

The neural network is an ``equation maker'' or a
``complex regression analysis'' that combines several
reservoir properties (the inputs), the curvatures in mul-

tiple directions, the thicknesses, and resistivities, in this
case, to correlate with the Fracture Indicator (the out-
put FI ), being EUR in this study. The neural network

is trained using a set of wells where both the inputs
and the output are known to ®nd the relation, or the
``equation'', between the inputs and the output. Once

this relation is found, the neural network uses only the
inputs, in this instance the structural information,
thicknesses of each sand, and the resistivities of Sands
A and B, to predict the production performance,

EUR.

Fig. 4. Color map showing probability to have Fracture Indicator higher than 1500 MMCF. Map was generated using 10 neural

network realizations with testing correlation coe�cient higher than 0.45.
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The neural network inputs for this study are the ®rst
and second structural derivatives in four directions, the

thickness of sand B and C, the inverse thickness of
sand, and the resistivity of Sands A and B; the net-
work output was the EUR of the ``parent'' wells. The

24 township area encompasses 1304 ``parent'' wells
and the intensity of the fracturing is represented by the
EUR of these wells. The level of con®dence in these

EURs is high: most of the ``parent'' wells have over 40
years of production history. Only the ``parent'' well
EUR was used to represent reservoir fracture intensity

because ``in®ll'' wells are somewhat depleted in highly
fractured areas.
Many geologic models are constructed using a lim-

ited number of training wells representing no more

than 30% of the available training set. All the models
have been trained with a correlation coe�cient equal
to or higher than 0.8 (Fig. 2). Using the derived weight

matrix, 70% of the data could be tested and a corre-
lation coe�cient derived. Most of the derived models
have a testing correlation coe�cient exceeding 0.45

(Fig. 3). This indicates that despite the complexity of
the problem, the neural net was able to capture the
underlying relationship that exists between the con-

sidered drivers and the Fracture Indicator. Using all
the generated realizations, a probability map (Fig. 4)
quantifying the chance of drilling a well with an EUR
higher than a certain economic limit was drawn and

used for selecting potential drilling locations. The
actual drilling of many wells using this technique has
proven reliable and able to locate accurately the frac-

tures which guarantee successful wells.

10. Conclusions

The extensive application of neural networks and
fuzzy logic to fractured reservoir modeling indicates
that:

1. A neural network can be successfully used to inte-

grate various geologic, geophysical, and reservoir
engineering data into continuous fractured reservoir
models.

2. The careful use of robust ranking techniques such
as the fuzzy logic method and the use of a stochastic
framework can minimize the common pitfalls of

data driven approaches and assist the process in-
terpretation.

3. Complex fractured reservoirs with multiple sets of

fractures, such as the ones found in the Dakota for-
mation, were modeled accurately with the described
arti®cial intelligence tools.
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