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Abstract: This study explores the application of Takagi- Sugeno fuzzy inference system to predict reservoir
permeability form depth and porosity measurements for Mashrif Formation in Nasyria Oil Field, south of Irag. The
models developed intend to describe the non-linear relationship between depth and porosity as inputs and
permeability as output. A total of 206 core samples from three exploration wells (Ns-2, Ns-3, and Ns-5) were used
to build a fuzzy model. Input data were divided into two groups including training set (170 data points) which
represent the Ns-2 and Ns-3 wells; and testing set (36 data points which represent Ns-5). All membership functions
and IF-THEN rules of the inference system were derived by using subtractive clustering technique. The performance
of the model was measured by using degree of determination. The results of this study indicate that fuzzy logic
technique is suitable to infer permeability from depth and porosity measurements aone without the need for the very
expensive coring process. The cadculated degree of determination was 0.98 for testing data set. A few core
permeability and porosity measurements are required first to build fuzzy mode and the fuzzy inference engine
predict permeability for other sites of the field by knowing depth and porosity inputs which can be taken from
conventional well logs data.
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I ntroduction

Permeability is one of the most important properties of
a reservoir formation. An accurate determination of
this property provides geologist with a powerful tool
for efficiently managing the production process of a
field and helps to make a sound reservoir based
decisions. Permesability also is an dlusive property as it
is very difficult to infer using current sub-surface
logging. Generdly, core measurements are the
accurate  technique to  acguire  permeability.
Unfortunately, only few wells from any field is coring
due to the fact that the coring is an expensive process
and sometimes impossible especialy for horizontal
wells.

Basicdly there are three techniques being available to
infer rock permeability: empirical relationships,
statistical  based methods, and artificia intelligent
methods. Empirica relationships attempt to corrdate
permesbility with other rock and fluid properties such

as porosity, irreducible water saturation, pore throat,
gran sizes, facies, sedimentary structures, formation
resigtivity factors, sonic transit time, capillary pressure
etc. The main drawback of these techniques is they
require a labor intensive exercise to adjust constants or
exponents [1]. Sometimes core permeability data are
available for most exploration and development wells,
hence statisticd based techniques have becomes a
more versdile aternative in solving the problem of
determining reservoir permeability [2]. Regresson
analysis is the most widely used datistical technique
in oil industry. In regression analysis it is assumed that
the a known linear or non-linear function is sufficient
for modeling the relationship between the dependent
variable (Permesbility) and the independent variables
(other rock properties such as  porosity).
Unfortunately, the technique requires the assumption
and satisfaction of multi-norma behavior and linearity
in case of multivariae linear regression, and must be
applied with caution [3]. Besde datigtical methods,
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inteligent systems such as artificia neura network,
fuzzy logic, and genetic algorithm have been used as a
tool for modeling and prediction in the reservoir
studies. The main advantage of these techniques are
the ability to handle large amounts of noisy data from
dynamic and non-linear sysems without a prior
assumption of the process involved, and give a good
solution even when input data are incomplete or
ambiguous. Severa studies have been carried out for
the estimation of reservoir parameters by intelligent
systems (e.g. [4] [5] [6] [7] [8] [9] [10] [11] [12] [13]
[14] [15] [16] and [17]). The results show that these
techniques are powerful, inexpensive and easy for
constructing models. With respect to permesbility
prediction, Shokir et a [2] presented a non-parametric
model to predict reservoir permesbility from
conventional well log data using artificid neura
networks. They concluded that the ANN model was a
powerful tool for permeability prediction from well
log data Seemi and Ahmadi [4] introduced a new
hybrid network based on coactive neuro-fuzzy
inference system to predict reservoir permesbility.
Ther study showed that using the proposed
methodology able to infer rock permesbility with
accuraties comparable with actual laboratory core
measurements for the location that core samples are
unavailable. Rezaee et d [6] used a fully- connected
ANN to predict permesability from porosity and pore
throat radii. Their results indicated that pore throat
radius a 50% mercury saturation yields the best
correlation coefficient for permesbility, porosity, and
pore throat radii for carbonate rocks. Ilkechi et a [7]
presented a methodology for the estimation of
permesbility and rock type in the Kangan Formation
in the Iran offshore gas field by using fuzzy inference
system. Their study results indicated that fuzzy logic
model is an instruments tool for the permeability and
the identification of permesbility and non-permesble
zones in the Kangan Formation. Lim [9] suggested an
intdligent technique using fuzzy logic and neural
network to determine reservoir properties from well
logs. The main conclusion of his study demonstrated
that these techniques could be utilized as a powerful
tool for reservoir properties estimation from well logs
in oil and natural gas developed projects.

The main focus of this paper is to use intelligent fuzzy
inference system to build a relationship between
depth, porosity, and permeability for the Mishrif
limestone formation in Nasriya oil field, south of Iraq,
and usesthisreationship in apredictive sense.

Fuzzy Logic

Fuzzy logic is based on the theory of fuzzy sets which
relaes to classes of objects without sharp boundaries
in which membership is a matter of degree. In this
approach, the classica notation of binary membership
in a set has been modified to include partial

membership ranging between 0 and 1 [18]. A member
shape function (MF) is a curve that defines how each
point in the input space is mapped to a membership
vaue. There are several types of membership shapes
(Fig.1) being used. The generation of a fuzzy model
can be based on expert knowledge and historical data
Fuzzy 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
decisons can be made or discerned. Basicaly, fuzzy
logic system has four components: (Fig.2)
1. Fuzzfication: is the process of decomposing
a system input and/or output into one or
more fuzzy sets.
2. Fuzzy rules IF-THEN rule statements are
used to formulate the conditional statements
that comprise fuzzy logic. A single fuzzy If-
Then rule assumes the form IF x is A then Y
is B where A and B are linguistic vadues
defined by fuzzy sets on the range X and Y,
respectively [4].
3. Fuzzy inference engine. a process that
elaborates and combines rule outputs.
4. Defuzzification: a process that transforms
the fuzzy output into acrisp domain.
The most widespread methodologies for
developing fuzzy rules systems are those proposed by
Mamdani [19] and Takagi-Sugeno [20] methods. The
two methods are similar in many aspects, the main
difference is tha the Takagi-Sugeno output
membership functions are ether linear or constants
while the membership functions of Mamdani are
linguistic. A typical rule in a Takagi-Sugeno model
hastheform [21].

IF input 1 = x and input 2 =y Then output is
z=ax+hy+c

The output level zi of each rule is weighted
by the firing strength wi of the rule. For example for
an AND rule with input 1= x and input 2=y the firing
strength is

wi = AndMethod (F1(x), F2(y)) (1)

where F1,2(.) are the membership functions
for inputs 1 and 2. Thefina output of the sysemisthe
weighted average of al rule output computed as

N
é. W, Z,
Final output = '=1N7 2

[o]
aw
i=1

A Takagi-Sugeno rule operates as shown in Fig.3.
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Fig. 1: Thedifferent shapes of membership functions
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Fig. 3: Operation of Takagi-Sugeno fuzzy inferencetype (Matlab user guide, 2008)
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Reservoir description

The Nasyria Qil Fidd is an anticline structure with
northwest- southeast general trend. It is located in
south of Irag close to Nasyria city (Fig.4). Three
reservoir units were discovered in this field: the
Y amam, Nahr Umr, and Mishrif formations. The main
reservoir of the fidd is Mishrif Formation that has a
heterogeneous nature originally, described as organic
detritd limestones, with beds of dgal, rudist, and
cord-reef limestones, capped by limonitic fresh water
limestones [22]. The abundant fauna within the
formation indicates that the formation is Cenomanian-
Early Turonian age [23]. The average porosity and
permeability of the formation is 22% and 23 md,
respectively. The APl gravity of ail is typicaly 23-
36.6°[22].

M ethodology

The data used in this study were collected from
archive of South Oil Company of Irag. A total of 206
core samples from three exploration wells (Ns-2, Ns-
3, and Ns-5) were used to build a fuzzy model. Input
data were divided into two groups including training
set (170 data points) which represent the Ns-2 and Ns-
3 wells; and testing set (36 data points which represent
Ns-5). A plot of semi-log core permesbility versus
core porosity measurements from al the data is shown
in Fig.5. The scatter of this data shows the high degree
of heterogeneity in this reservoir.

A fuzzy toolbox in Matlab environment software was
used to build a fuzzy model. A Takagi- Sugeno fuzzy
inference engine was selected to generae permesability
predictive model. Membership functions were
extracted via subtractive cdustering method. By
specifying 0.45 for the calculus radius, three Gaussian
membership functions were extracted for input
variables (depth and log porosity) which were labeled
as low, medium, and high for porosity and shallow,
moderate, and deep for depth (Fig.6). A log scde was
used for porosity and permeability because of a high
range of both variables.

Three IF-THEN rules are generated. These are as
follows

IF (depth is Deep) and (porosity is Low) THEN
(permesbility is Low)

IF (depth is Medium) and (porosity is Medium) THEN
(permeability is Medium)

IF (depth is Shallow) and (porosity is High) THEN
(permeability is High)

Resultsand Discussion

After extraction of membership functions and IF
THEN rules by subtractive clustering the Takagi-
Sugeno model was congtructed, Fig.(7). The data for
testing well (Ns-5) were then entered through the
fuzzy mode and the results were compared with the
measured core permesbility, Fig.(8). A comparison of
the whole measured and predicted permeability
(training and testing data set) versus depth is shown in
Fig.(9). Squared corrdation coefficient (R2) is used to
test the performance of the inference system. R2 the
relative predictive power of a model is a descriptive
measure between 0 and 1, which is defined as:

R? =1- %
Sy 3)
where
SE=34(x- %)
(4)
sy=a(x- x)
(5)

X = the measured values
X = the predicted values

X = The mean of the measured values

R2 values can be interpreted as indicators of how good
are the results produced by the model. The close R2 is
to one the better the model is. The high correlation
coefficient of the test well (0.97) indicates the high
performance of the fuzzy inference system to infer
permeability from depth and porosity measurements.
The fuzzy inference system built in this study for the
Mishrif reservoir could be used to infer permeability
for the new drilled wells without need to acquire
cores. The predictive model uses only two variables to
estimate permeability, depth and porosity, and these
variables could be obtained from well logs data.
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Conclusions

Fuzzy inference system is a powerful technique to
predict permesbility from porosty and depth
measurements. Only a few core permeability and
porosity messurements are required first to build a
fuzzy model and the fuzzy inference engine predicts
permesbility for other sites of the fidd by knowing
depth and porosity inputs which can be taken from

conventiona well logs data It is inexpensive and easy
to construct models which overcome the need to
coring process. We recommended using this technique
in the oil industry of Irag because of its high benefits.
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