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Abstract: Petroleum reservoir characterization is a process for qatweily describing various
reservoir properties in spatial variability using all the available field data. Porosity and permeability are the
two fundamental reservoir properties which relate to the amount of fluid contained in a reservoir and its
ability to flow. These properties have a significant impact on petroleum fields operations and reservoir
management. In uvoored intervals and well of heterogeneous formation, porosity and permeability
estimation from conventional well logs has a difficult and cemproblem to solve by statistical methods.

This paper suggests an intelligent technique using fuzzy logic and neural network to determine reservoir
properties from well logs. Fuzzy curve analysis based on fuzzy logic is used for selecting the bdst relate
well logs with core porosity and permeability data. Neural network is used as a nonlinear regression
method to develop transformation between the selected well logs and core measurements. The technique is
demonstrated with an application to the well dastaVest July oil field, Gulf of Suez, Egydor the
Miocene Upper Ruds reservoirs (Asal and Hawara formatioriBhe results show that the technique can
make more accurate and reliable reservoir properties estimation compared with conventional computing
methods. This intelligent technique can be utilized as a powerful tool for reservoir properties estimation
from well logs in oil and natural gas development projects

INTRODUCTION

Reservoir characterization is a proces®f describingvarious reservoicharacteristics usingall the
available data to provide reliable reservoir modéds accuratereservoir performancerediction. The
reservoircharacteristicinclude permeability, porositypore andjrain size distributions, facies distribution,

and depositional environment. The types of data needed for describing the characteristics daagcore
well logs, well tests, production data and seismic surSaghinformation is essential to the determination

of the economic viability of a particular well or reservoir to be explored. A large number of techniques
have been introduced in order to establish an adequate interpretation model over the past fifty years.
Nevertheless, conventional derivation of a well log data analysis model normally falls into one of the two
main approaches: empirical and statistical. In the empirical approach, mathematical functions relating the
desired permeability based on several V@l data inspired by theoretical concepts are ([¥égllie and

Rose, 1950, Kapadia and Menzie, 1p8%is approach has long been favored in the field and much effort
has been made to understand the underlying petroleum engineering principles. Howewusriguke
geophysical characteristic of each region prevents a single formula from being universally applicable.

Statistical techniques are viewed as more practical approfidfadt et al., 1986, and Hawkins, 1994

The common statistical technique usednmsltiple regression analysis. The simplest form of regression
analysis is to find a relationship between the input logs and the petrophysical properties. The derived

157



Ozean Journal of Applied Sciences 3(1), 2010

regression equations are then used for well log analysis. However, a number of imitiaptsns of the

model need to be made. Assumptions must also be made as to the statistical characteristics of the log data.
Over the past decade, another technique that has emerged as an option for well log analysis is the Artificial
Neural Network (ANN).Research has shown that an ANN can provide an alternative approach to well log
analysis with improvement over the traditional methf@sborne, 1992, Wong et al., 1995, Fung and
Wong, 199P Most of the ANN based well log analysis models have used tha-Muér Neural Network

(MLNN) utilizing the backpropagation learning algorithm. Such networks are commonly known as
Backpropagation Neural Networks (BPNNs). A BPNN is suited to this application, as it resembles the
characteristics of regression analysissiatistical approaches. Fuzzy Logic (FL) that is capable to express
the underlying characteristics of a system in human understandable rules is also used. A fuzzy set allows
for the degree of membership of an item in a set to be any real number betavekh. 0 his allows human
observations, expressions and expertise to be modeled more closely. Once the fuzzy sets have been defined,
it is possible to use them in constructing rules for fuzzy expert systems and in performing fuzzy inference.
This approactseems to be suitable to well log analysis as it allows the incorporation of intelligent and
human knowledge to deal with each individual case. However, the extraction of fuzzy rules from the data
can be difficult for analysts with little experience. Thisuld be a major drawback for use in well log
analysis. If a fuzzy rule extraction technique is made available, then fuzzy systems can still be used for well
log analysisfWong et al., 1999 and Kuo et al., 199%ith the emergence of intelligent technigqubat

combine ANN and fuzzy together have been applied successfully in well log afblyaisg et al., 2001,
Kadkhodaie llkhchi et al.2008, Khaxar et al., 2007,Johanyaket al.2007. These techniques used in
building the well log analysis model normabyldress the disadvantages encountered in ANN and fuzzy
system.This paper suggests an intelligent technique for reservoir characterizationfusigdogic and

neural network to determine reservoir properties from well log data for the Miocene Uppeis Rude
reservoirs (Asal and Hawara formations), in West July ol field, Gulf of Suez, Heigpt.

Back propagation neural networks (BPNN)

A neural network KIN) is an intelligent tool for solving complex problems. A BPNN is a supervised
training techniqe that sends the input values forward through the network then computes the difference
between calculated output and corresponding desired output from the training dataset. The error is then
propagated backward through the net andwb@hts are adjusteduring a number of iterationsamed

epochs. The training ceases when the calculated output values best approximate the desif@hattlues

and Helle, 2002 flowchart of training procedure insupervised NN is shown fRig. 2

Fuzzy logic (FL).

The basic theory of fuzzy sets was first introducedZlagleh, 1965In recent years, it has been shown that
uncertainty may be due to fuzziness (possibility) rather than probability. FL is considered to be appropriate
to deal with the nature of uncertainty sgstem and human errors, which were not considered in existing
reliability theories. Generally, geological data are not eteér and habitually are associated with
uncertainties. For example, prediction of core parameters from well log responsesut dificis usually
associated with errdNikravesh and Aminzadeh, 2003] derives useful information from this error and
applies it as a powerful parameter for increasing the accuracy of the predictions. A fuzzy inference system
(FIS) is a method to foraiate inputs to an output using FKadkhodaie llkhchi et al2006].
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Fig.2. A flow chart of training procedure in a supervise
neural network.

Fuzzy modeling technique can be classified into three categories, namely the linguistic (Migpe)atihe
relational equation, and theakagi, Sugeno and Kang (TSKjakagi andSugeno,1985 is a FIS in which
outputmembership functions are constant or linear ancégiracted by a clustering process. Each of these
clustersrefers to a membership function. Each memberghiption generates set of fuzzy if then rules

for formulating inputs to outputs. A schematic diagreinf|S is shown inFig.3.
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Neuro-fuzzy (NF) model.

Hybrid NF systems combine the advantages of fugmsgems (which deal with explicit knowledge) with
those of NN (which deal with implicit knowledge). On the othkand, Fizzy Logic (FL) enhances
generalizationcapability of a MNural Network (NN) system by providing more reliable output when
extrapolations needed beyond the limits of the training détachematic diagram of information flows in
a NF systenis shown inFig.4. The architecture of the Neufeuzzy classifier is slightly different from the
architecture used in functioapproximations[Tommi, 1994] The two first layers have the identical
function with theapproximation Fig. 5 shows a systemsing the following fuzzy rules,

Rule 1: If x1 is Al anc? is B1, then class is 1.

Rule 2: If x1 is A2 and x2 is B2, then class is 2.

Rule 3: If x1 is Al and x2 is B3, then class is 1.

Layer 3. Combination of firing strengths: If seveiazy rules have the same consequence clasdayieis
combines their fing strengths. Usually, thmaximum connective (or operation) is used.

Layer 4. Fuzzy outputs: In this layer, the fuzajues of the classes are available. The values desuribe
well the input of the system matches to the classes.

Layer 5. Defuzziftation: If the crisp classificatiols needed, the begtatching class for the input @éhosen
as output class.

METHODS AND RESULTS

The data used for permeability and porosity determination are thehopeemvireline subsurface well log

data [gamma rayGR), sonic (DT), density (ROHB), deep resistivity (RD), Neutron (PHIN) logs, water
saturation (SW)], and core data [core permeability and core porosity]. The work in the present research
proceeds as following;

A Removing erroneo@swehlogdlatmut | i ers from the r
A Organizing data i nGRoDTiROHB RD, BHINSW arslet s i ncl udi ng
output data sets including core permeability and core porosity.
Normalization of input anéd)torendepsihealad at a set s (bet we ¢
dimensionless and removes the effect of scaling.
A Dividing the data into: training, checking and test
A Clustering the input -raeand (FOM)tfugzzykneadsat a set s using f u:
(FKM) or subtractive clustering methods.
AFuzzyfication, which involves the conversion of numeric data in real world domain to
fuzzy numbers in fuzzy domain, this takes place by building the fuzzy inference system
FIS, which involves setting the membership functionsestdblishment ofuzzy rules.
A Deffuzzification, which is optional, invol ves the
number to the numeric data in real world domain.
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MOrganizng data. The data for the neusrfizzy model come from one well S&L05A at West July oil
field, Gulf of Suez Egypt. The selection of this well is based on geologicahsiderationsjt contains
reasonablygood core coverage of thépper Rudes FormationCorelog calibration was carefully carried
out to compensate for differences in defable (1), illustrates the statistics of the input and output data
sets used ilNNF modeling.

Table (1). Statistics of input and output data sets.

Parameter Minimum  Maximum Mean 5t Deviation
Core K (md) 1 262 32 51
Core PHI (w/v) & 30 12 3

FE. (APT) 2 al 25 16

DT {usftt) a7 104 &7 &
ROHB (gm/ic) 1.58 2.66 247 0.0%
ED (ohmm. ) 0.88 4523 2 10
PHIIT (wfv) 0.05 0.56 0.1 0.05
S (%) 12 100 74 25

MANormalizing data.When processing the actual materials, due to tHerdiit dimensions of the source
rocks evaluation parameter, the volume level of actual datacesusiderably. If we calculate by using the

raw data directly, the indicating role of the data which has a larger volume would become more
outstanding. While th indicator with a lower volume and a higher sensitivity will be underestimated. Thus,
we should preprocess and normalize the raw diatehis work normalizing data takes place by using the
maximum and minimum values of the data.

Auzzy clustering It is necessary to classify the input and output datasets into groups using clustering
methods. In this study, a subtractive clustering metiwhith is a useful and effective way to FL modeling,

is used for extraction of clusters and fuzzithen rules.The details of subtractive clustering could be
found in Chiu [1994], Chen andWang [1999], Jarrah and Halawani [2001[he important parameter in
subtractive clustering which controls number of clusters and fuktyeif rules is clustering radius. This
parameer could take values between the range oflJ0Specifying a smaller cluster (say 0.1) radius will
usually yield more and smaller clusters in the data resulting in mt@® In contrast, a large cluster radius
(say 0.9) yields a few large clusters e tlata resultingn few rules.

The effectiveness of a fuzzy model is related to the search for an optimal clustering radius, which is a
controlling parameter for determining the number of fuzzyhén rules. Few rules could not cover the
entire domainsand more rules will complicate the system behavior and may lead to low performance of
the modelRegarding the permeability model, four centers result from clustering, thus the fuzzy model was
established by four fuzzy-then rules and four membership &tions for input and output data. Porosity
mode| on the other hanapntains five centers (clusters), five rules éimd membership functions. Figures

6 and 7showsthe subtractive clusters of permeability and porosity data.
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MBuilding the fuzzy infeence system FISFuzzy inference is the process of formulating the mapping from

a given input to an output using fuzzy logic. The mapping then provides a basis from which decisions can

be made, or patterns discerned. Phecess of fuzzy inference involweetting the membership functions
andestablishmenof fuzzyrules[Mat | ab fuzzy | ogilc userds guide, and 2C

1- Setting the Membership Functions (MB) membership functioMF) is a curve that defines how each
point in theinput space is mapped tav@mbership value (or degree of membershgtjveen 0 and 1. The
input space is sometimes referred to as the univerdsadurse, a fancy name for a simple conc&pe

only condition a membership function mustlly satisfy is that it mustary betweer® and 1. The function
itself can be an arbitrary curve whasteape we can define as a function that suits us from the point of view
of simplicity, convenience, speed, and efficiendhere are many types ofiembership functions built
from several basic fictions:

APiecewise linear functions

AThe Gaussian distribution function
AThe sigmoid curve

AQuadratic and cubic polynomial curves

In this study, a Gaussian distribution membership function is used to define the extractetLsiptg. A
Gaussiarfunction f(x) shows the normal distribution of data (x):

- (x- m?1s?
e
f(X)=—F——

SN2p
Where O and G are the parameters of nor mal distribut
respectively. These Gaussian membership functionssarest r uct ed from mean and 0 val
The mean represents the cluster centers and G is der.|
G = (Crmeximuim datai minimum data))/sgrt.The input parameters of Gaussiamembership

functionfor permeabilityand porosity arehown in table 2A and 3A.
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Table (2): showing input (a) and output (b) membership functions parameters
derived by FIS for permeability.

(&)
Tnputs FR{APT DT{us/fty  ROHB{gmfce) EDi{ohm) PHIN{wv) ST (%)
Parameters o] m o] M o] m o] M o] m o M
Input MF no.
MF1 0z 0le 017 021 017 077 018 005 017 010 017 091
MFE2 0.2 03% 017 025 017 070 018 001 017 010 017 098
MEF3 0z 01 017 032 017 065 018 003 017 021 017 053
LF4 02 020 017 021 017 073 018 037 017 011 017 020
(B)
Cutput E (md)

() [y 'y Ca s s 7
Cutput MF no.
MF1 -041 -0.60 -0.05 061 151 062 -0.47
WF2 -0.57 -0.1% -0.76 010 -0 18 -0.003 1.14
MF3 -015 011 015 -1.40 0. 0.05% -0.05
LF4 031 n.22 -0.39 0.17 1.17 0.54 -0.05

Table (3): showing input (a) and output (b) membership functions parameters
derived by TS-FIS for porosity.

(&)
Inputs GEATPT) DTiusft) EOHEBE(gmfce) ED(ohm)  PHIN{(ww) ST
Parameters a m o m a M o m o M a M
Input MF ne.
F1 02 016 017 021 017 07 018 003 017 o010 017 091
WF2 02 03% 017 023 017 070 018 001 017 010 017 0898
WF3 02 014 017 032 017 065 018 003 017 021 017 0353
LF4 02 020 017 021 017 073 018 037 017 011 017 020
WFS 02 048 017 029 017 073 018 0352 017 011 017 1.00
(B)
Crutput PHI(wfv)

Cj C;? Cg Cg Cj Cd C?
Cutput WF no.
F1 0 0 0 0 0 0 -0.17
LEF2 -0.36 029 -0.12 0.35 -0.57 -0.14 0.7e
LIE3 031 -0.34 -3.30 1581 387 2.57 -0.35
WF4 018 039 -0.31 -0.14 014 -0.34 0.58
WFS 074 082 -0.65 037 091 -0.41 061
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In the FIS, output membership functions are linear equations constructed from inputs. For example, output
membership function number one (MFWhich is the consequent of rule rh.is constructed from six
petrophysical inputs as following:

Output MF1 =C, 2 GR+C, 3 DT +C,;2* ROHB+C,3 RD+C,3 PHIN +C;3 SW+C,

In this equation, parameter€,,C,,C;,C,,C; and C; are coefficients corresponding to GR, DT,

ROHB, RD, PHIN and SW inputs, respectively. Paramdier is constant in each equation. These

parameters are obtained by linear lespiares estimation. With these exmdtions there will be seven
parameters for each output memberdhipction, which are shown in tables 2B and 3B fiermeabily
and porosity, respectively.Figures 8 and 9 represent the FIS generated Gaussian membership
functions of input data for permeability and porosity model, respectively.
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Moreover, Figire 10 A shows the FIS model generated for permeability and porosity, (Fig.10B).

2- Establishment of fuzzy rulefuzzy rule statements are used to formulate the conditional statements that
comprise fuzzy logic. A single fuzzy-then rule assumes the foifnx is A theny is B whereA andB are
linguistic values defined by fuzzy sets on the ranges (universes of discourse) X and Y, respectively. The if

part ofxistAbhei sutal Fe drptemise, vehitethe themad e ht o fyistBh ecaledu | e
the consequentdr conclusion.

The generated fuzzy-then rules for formulating input petrophysical data to permeability are:

1. If (GRis in1mfl) and (DT is in2mfl) and (ROHB is3mfl) and (RD is in4mfl) an@HIN is in5mfl)
and (SW is inémfljhen (Kis outlmfl).
2.1f (GR is in1mf2) and (DT is in2mf2) and (ROHB is in3mf2) afD(is in4mf2) and(PHIN isin5mf2)
and SW isin6mf2) then (K is outimf2)
3.1f (GR is in1mf3) and (DT is in2mf3) andROHB isin3mf3) and RD isin4mf3) and(PHIN is in5mf3)
and SW isin6mf3) then K is out1mf3)
4. If (GR is in1lmf4) and (DT is in2mf4) andROHB isin3mf4) and RD is in4mf4) and(PHIN is in5mf4)
and SW isinémf4) then K is out1mf4)
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