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effective porosity of density-neutron log, total porosity, total porosity of density-
neutron log. Furthermore, the fuzzy C-Mean Clustering (FCM) method is used to
determine the optimal number of rules. The results showed that the prediction of
water saturation with zero-order Sugeno fuzzy logic gives better accuracy compared to
Mamdani fuzzy logic, BPNN, and LSTM-RNN.
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1. Introduction

Petroleum is the main energy source for industry, transportation, and households in Indonesia.
Based on data from [1], it is said that the energy sector contributes around 7.6% to 8% annually to
Indonesia's Gross Domestic Product (GDP). Among this 8%, 3.3% is contributed by the petroleum
mining sector. In 2014, Indonesia had around 15 oil refineries that were actively producing [2].
Indonesia has oil reserves of around 3.15 billion barrels, which is estimated to be sufficient for the
next ten years [3].

Petroleum processing requires a long process from drilling to refining [4]. In the process of finding
suitable oil sources, precise calculations and predictions need to be conducted. Petroleum is
principally found in oil reserves stored in rock deposits in the bowels of the earth [5]. Although the
formation of petroleum is not precisely known, generally petroleum is formed from marine animals
and plant debris that experienced high pressure and temperature. Petroleum contains a number of
mixtures of hydrocarbons, non-hydrocarbons, and organometallic compounds [6]. Hydrocarbon
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compounds are the main components in petroleum because all hydrocarbon classes are present in
petroleum, except for alkenes and alkynes [7].

Water saturation is one of the important factors in determining the hydrocarbon content in a
rock layer where the less water content in the rocks, the greater the hydrocarbon content [8]. It is
the amount of pore volume in the water-filled rocks [9]. The method for estimating the volume of
hydrocarbons in ground surface formation is determined based on the vertical and horizontal
resistivity values. These values are determined based on the saturation of bound water, total porosity
for each layer, and the estimated volume of bulk water that cannot be reduced in each layer [10].
Therefore, to determine the volume of hydrocarbons contained in the soil layer, it is necessary to
conduct a prediction process of the water saturation in the layer.

At present, there is a method called machine learning, which is a collection of methods that allow
computers for automatization of modeling and programming, supported by data through systematic
discovery and statistically significant patterns in available data [11]. Prediction of water saturation
has been carried out by utilizing several machine learning methods such as using robust committee
machine and neural networks. Kenari and Mashohor have developed method to predict water
saturation using several types of machine learning [12]. Alrumah and Ertekin [13] have established
an artificial neural network to predict water saturation around vertical and horizontal wells.
Numerical models are used to produce training data used in neural networks. Prediction of water
saturation around vertical and horizontal wells uses artificial neural networks. The results showed
that the reservoir model based on artificial neural networks can be used in choosing the optimal
perforation interval so that it can enhance oil-free water production by delaying water production.
Mohamed et al., [14] have predicted 3D high resolution water saturation using a combination of
geostatistical inversion and neural network analysis. The results showed that the proposed method
has provided high accuracy in predicting water saturation compared to the previous method. Mardi
et al., [15] have used artificial neural network and Archie's equation's components with the various
cementation factor and saturation exponent to get the highest accuracy in predicting of water
saturation. Hamada et al., [16] have applied the artificial neural network with two hidden layers and
one output layer to estimate the water saturation of shaly sandstone reservoirs. Wood has applied
the transparent open box (TOB) learning network to estimate water saturation [17]. Zhang et al., [18]
have proposed the machine learning methods to predict water saturation. In addition, the prediction
of water saturation has also been done by equation modeling [19]. Fuzzy system is one of the
techniques of soft computing and part of artificial intelligence with machine learning [20-22].
Mamdani fuzzy logic has been applied to predict hydrocarbon prospective zone [23]. Hereafter, fuzzy
control has been used in wastewater treatment systems by applying fuzzy logic to control undesirable
bacteria that automatically checking temperature, pH, and water level. Furthermore, this system has
been implemented with a computer and Smartphone [24].

The advantage of neural network model is that the modeling process does not require
assumptions in the data that are often difficult to fulfill. However, the weakness of this model is that
the process is not transparent in a black box. While the advantage of fuzzy modeling is being able to
model data based on a combination of empirical data and expert knowledge in the form of fuzzy
logic. The transparency process in fuzzy modeling can be seen from the fuzzy logic used in modeling.
The purpose of this study is to determine water saturation at various depths in drilling using a fuzzy
system. In this study, the prediction process of water saturation is based on the variables of depth,
effective porosity, effective porosity of density-neutron log, total porosity, and total porosity of
density-neutron log. Fuzzy rule formation uses fuzzy c-means clustering (FCM) and zero-order Sugeno
fuzzy logic. The FCM method is used to determine the most optimal number of rules used in the
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formation of fuzzy rules. Furthermore, the kind of fuzzy rules of the fuzzy system is the zero-order
Sugeno.

2. Theoretical Review
2.1 Water Saturation

All petroleum, whichever its origin has a main component which is hydrocarbons mixture. The
mixture of hydrocarbons contained in the petroleum has several variations, namely sulfur
compounds, nitrogen, and oxygen [25]. Hydrocarbon saturation can be determined by water
saturation, which is 1 minus the value of water saturation. Water saturation is the ratio of water
volume to pore volume. In a water-wet reservoir, water is held by surface tension and surface water
does not move when oil or gas is produced. This situation can be shown by Figure 1.

W OIL
WATER
= AFTER
PRIOR TO FILTRATE FLUSH

FILTRATE FLUSH
OR WATER FLOOD

(a) (b)
Fig. 1. Water-wet formation with hydrocarbons [26]; (a) before the invasion, (b) after the invasion

When the reservoir is drilled, fluids near the wellbore are pushed away and the zone is attacked
by the drilling fluid. If hydrocarbons exist, the value of water saturation after the invasion will be
higher than the original reservoir conditions. Shallow log resistivity will indicate the water saturation
of the invasion zone whereas the deep resistivity log will indicate the water saturation of the original
formation if only the invasion is not too deep.

Almost all water saturation calculations are carried out by using the Archie's Laws approach in
which the depth resistivity, porosity, water resistivity, and electronic property variables are used.
However, in the calculation, water saturation can be calculated from the effective porosity and
resistivity log [26]. Since porosity is the capacity of a rock to hold a liquid, it can be used to calculate
water saturation that occurs.

2.2 Fuzzy Logic of Zero-Order Sugeno

There are several types of fuzzy logic such as Mamdani, Sugeno, and Tsukamoto. In this study,
zero-order Sugeno fuzzy logic is used. Sugeno fuzzy logic model, also known as Takagi-Sugeno-Kang
(TSK) fuzzy logic model, is a systematic approach to produce fuzzy rules from the applied input-output
data [27,28]. Zero-order Sugeno fuzzy logic is stated in the following formula.

If x; is Ay, ...,and x,, is A,,thenz = b

where (x4, ..., x,) is the input of fuzzy logic, 4; is the fuzzy set on the i" input, and consequent b is a
real constant.
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2.3 Fuzzy C-Means Clustering

Fuzzy clustering is a powerful non-supervised method for data analysis and model construction.
In many situations, fuzzy clustering is more natural than hard clustering. The data that are located on
the boundary between several classes are not forced to be part of one class but the data are rather
represented in a degree of membership, indicating the partial membership of the data. Fuzzy c-
means (FCM) algorithm is the most widely used. This algorithm was first declared in the special cases
(m =2) by Joe Dunn in 1974. For general case, it was constructed by Jim Bezdek in his Ph.D. thesis at
Cornell University in 1973. The algorithm was then improved by Bezdek in 1981 [29]. The FCM
method uses fuzzy partitions so that data points can include to all groups with varying membership
values in the interval [0 1] with the following steps [29].

i.  Theinitialization of matrix U = [uij], U°

ii.  Inthe k™ step calculate the center of vector C¥ = [¢;] with U*
L= Uiy X

C} = m (1)

j=1%ij

iii. Update U, Ut
iv. diy =2 ()
1
a. yj=—-—"

¢ (%ij\mt
%
k=1 dkj

v. If|U(k+1)—U(k)| < ¢then, stop. If not, then return to step 2.

where m is a random real number greater than 1, uj; is the degree of membership of x; in cluster j, x;
is the measurement of the i!" d-dimension, and ¢; is the center of the d-dimension of the cluster.

3. Research Method

In this study, the data were taken from the Mirah-1 well, Pematang Group Metas Field in the
central Sumatra basin of Indonesia conducted by PT. Geotama Energi, Yogyakarta, Indonesia. This
company is a service-oriented business providing specialized oilfield general equipment, mechanical
electrical, and engineering that was established since 2006. This study used 2252 data taken with
varying depths from 1393 meters to 1721 meters. Hereafter, the data were divided into 75% for
training data and 25% for testing data. Furthermore, the input variables used in this study are depth,
effective porosity, effective porosity of density-neutron log, total porosity, and total porosity of
density-neutron log. The output variable of the fuzzy system is water saturation. The next step was
the clustering process using FCM, which was followed by the fuzzification and processing of the
fuzzification results data using the zero-order Sugeno fuzzy system. The accuracy of the predicted
results is measured by the mean absolute percentage error (MAPE) value as in Eq. (2) [30].

X;—F;
Z"zlwxwo%

MAPE = —L (2)
where Xi is the original data, Fi is predictive data, and n is the amount of data. The determination of
the model accuracy is measured separately based on the type of data, so two MAPE values were
obtained, namely for training data and testing data. In general, the research flow diagram can be
seen in Figure 2.
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Fig. 2. Research Flow Chart

4. Result and Discussion
4.1 Fuzzy C-Means Clustering

The determination of the optimal cluster as Eq. (1) is conducted through a try and error method
to get the lowest MAPE value for training and testing data. The results are illustrated in Table 1.

Table 1
The results of the try and error method
Cluster Number  MAPE (%) Mean MAPE
Training Testing (%)
10 28.71424  29.12068 28.91746
11 28.94677 28.84113 28.89395
12 27.48908 27.6391 27.56409
150 15.55787 15.26276 15.41031
151 14.16582 13.64534 13.90558
152 14.22539 14.17532 14.20036
481 10.98571 10.83086 10.90829
482 10.72528 10.53904 10.63216
483 10.93887 10.49228 10.71557
484 9.939734 9.343554 9.641644

Based on Table 1, it is found that the lowest MAPE value was achieved in the 484th cluster so that

the center matrix of 484 x 6 was obtained. After that, the obtained center was then used to create a
zero-order Sugeno fuzzy rules with 484 fuzzy rules. The obtained center matrix can be seen in Table

2.
Table 2
The center of optimal cluster
Cluster Depth PHIE PHIE_DN PHIT PHIT_DN SWE
1 1570.634471 0.157510931 0.157511004 0.157511554 0.157511627 0.20790815
2 1665.302142 0.175397492 0.175398214 0.17540327 0.175403992 0.176808947
3 1456.999665 0.200987456 0.20098793 0.201035045 0.201035518 0.189031043

484 1465.251391

0.212678851

0.212679213

0.212692605

0.212692967

0.18424892
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4.2 Construction of Zero-order Sugeno Fuzzy Logic

The process to determine water saturation using zero-order Sugeno fuzzy logic was carried out
with the following steps:

4.2.1 Fuzzy set formation for each input variable
a) Variable of Depth

Based on the data, the depth variable has a minimum value of 1393.393 and a maximum value of
1720.748. Therefore, the universal set of this variable is Uge,n, = [1393.393,1720.748]. After that,
the 484 fuzzy sets are defined based on the centers that have been obtained from FCM, namely
DEP;,DEP,,DEP;, ..., DEP,g, with the membership functions as follows.

(x—1570.634471)?

UpEP, (x)=e 2(17.38)?
(x—1665.302142)2

Upep,(X) =€ 2(17.38)*
(x—1457)?

Upep,(X) =€ 2(17.38)*

(x—1465.251391)?
UDEP,q, (X) =€ 2(17.38)*

The membership functions of the fuzzy sets are presented in Figure 3.
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Fig. 3. Membership Function of fuzzy sets in the variable of depth
b) Variable of Effective Porosity (PHIE)

Based on the data, the effective porosity variable has a minimum value of 0 and a maximum value
of 0.3. Therefore, the universal set of this variable is Upy;r = [0, 0.3]. After that, the 484 fuzzy sets
are defined based on the centers that have been obtained from FCM, which are
PHIE,, PHIE,, PHIES, ..., PHIE 5, with the membership functions as follows.
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(x—0.157510931)2
tpuie, (X) = e 2(0.01593)2

(x—0.175397492)2
UpHiE, (X) =€ 2(0.01593)2

(x—0.200987456)>
Uphie,(X) = e 2(0.01593)2

(x—0.212678851)?
2
UPHIE, 4, (x)=e 2(0.01593)

The membership functions of the fuzzy sets are presented in Figure 4.

Fig. 4. Membership Function of fuzzy sets in PHIE variable

c) Variable of Effective Porosity of Density-Neutron Log (PHIE_DN)

Based on the data, the minimum and maximum values of the effective porosity of density-
neutron log variable are —0.0021 and 0.467655, respectively, and so the universal set for this
variable is Upy g py = [—0.0021, 0.467655]. After that, the 484 fuzzy sets are defined based on the
centers that have been obtained from FCM, namely PHIE_DN,, PHIE_DN,, PHIE_DNs;,
., PHIE_DN,g, with the membership functions as follows.

(x—0.157511004)3

tprie pn, (X) = e 2(002462)°
(x—0.175398214)?

2
Hpig pN,(x) = e 2(002462)
(x—0.20098793)2

Upnie DN, (X) = € 2(0.02462)2

(x—0.212679213)?
2(0.02462)2

KPHIE pyags(X) = €

The membership functions of the fuzzy sets are presented in Figure 5.

52



Journal of Advanced Research in Fluid Mechanics and Thermal Sciences Penerbit

Volume 73, Issue 1 (2020) 46-58 Akademia Baru

0 0.1 0.2 0.3 0.4

Fig. 5. Membership Function of fuzzy sets in PHIE_DN variable
d) Variable of Total Porosity (PHIT)

Based on the data, the minimum and maximum values of the total porosity are 0.077538 and 0.3,
respectively, therefore the universal set of this variable is Upy;r = [0.077538, 0.3]. Thereafter, the
484 fuzzy sets are defined based on the centers that have been obtained from FCM, namely
PHIT,, PHIT,, PHIT;, ..., PHIT,g, with the membership functions as follows.

(x—0.157511554)3
HpHiT, x)=¢e 2(0.01182)2
_ (x—0.17540327)>
HpHiT, (x) = e 2(001182)2
(x—0.201035045)>
HpHIT, (x) =e 2(0.01182)2

(x—0.212692605)>
2
BPHIT, g, (x) =e 2(001182)

The membership functions of the fuzzy sets are presented in Figure 6.
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Fig. 6. Membership Function of fuzzy sets in PHIT variable
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e) Variable of Total Porosity of Density-Neutron Log (PHIT_DN)

Based on the data, the minimum and maximum values of the total porosity of density-neutron
log variable are 0.077538 and 0.467655, consecutively. Therefore, the universal set of this variable is
Upnir py = [0.077538,0.467655]. After that, the 484 fuzzy sets are defined, which are
PHIT_DN;,PHIT_DN,, PHIT_DNs, ..., PHIT _DN,g, with the membership functions as follows.

(x—0.157511627)>2
UpHIT DN, x)=e 2(0.0204)2
(x—0.175403992)

Lpuir oy, (X) = e 2(0:0209)
(x—0.201035518)2

UpmiT pn,(X) =€ 2(0.0204)2

(x—0.212692967)?
2(0.0204)2

HPHIT pyaga x)=e

The membership functions of the fuzzy sets are presented in Figure 7.
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Fig. 7. Membership Function of fuzzy sets in PHIT_DN variable
4.2.2 The determination of fuzzy rules

Based on Table 1, 484 optimal clusters are obtained and therefore there are 484 zero-order
Sugeno fuzzy rules which can be stated as follows:

Rule (1) “IF x1 = DEP1 and x2 = PHIE1 and x3 = PHIE_DN; and x4 = PHIT; and xs = PHIT_DN;, THEN y =
bl”
Rule (2) “IF x1 = DEP, and xz = PHIE; and x3 = PHIE_DN; and x4 = PHIT; and xs = PHIT_DN;, THEN y =
bzll
Rule (3) “IF x1 = DEP3 and xz = PHIE3 and x3 = PHIE_DN3 and x4 = PHIT3 and xs = PHIT_DN3, THEN y =
b3”
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Rule (484) “IF x1 = DEP4ssa and x2 = PHIE4ga and x3 = PHIE_DNuagsa and x4 = PHIT4s4 and x5 = PHIT_DNasa,
THEN vy = bags”

where b is the value of the 6th column in the matrix center presented in Table 2.
4.2.3 Defuzzification

Furthermore, the defuzzification, which is a process of changing a fuzzy set into a real number
[31], was carried out. In this study, the weight average is used in the defuzzification process using the

Eq. (3) [32].

X vituay, e)mag, (2) - iay, (n))
T 2B ua, (x)ua, (xz) Hag, n)

(3)

where p,,, is a membership function of fuzzy set of the jt input and i rule, and y; is a consequent
part of the /" rule.

4.3 Model Testing

Model testing was carried out by comparing the MAPE values of each model using Eq. (2). The
model that has the smallest MAPE will be used as the final model. In this study, the smallest obtained
value of MAPE for training data and testing data are:

21689¥x100%
MAPErT,gining = T 6l 59 = 9.9397 %

2563ux100%

MAPEresting = Sl 3 = 9.3436 %

Furthermore, the prediction of water saturation by using several other methods was also
performed such as Mamdani fuzzy logic, Back-Propagation Neural Network (BPNN), and Long Short
Term Memory Recurrent Neural Network (LSTM-RNN). A comparison of the results of prediction
accuracy with various methods can be seen in Table 3.

Table 3
The comparison of prediction using several methods
Method MAPE (%)

Training Testing
Zero-order Sugeno fuzzy logic  9.9397 9.3436
Mamdani fuzzy logic 17.0139 16.3307
BPNN 10.9144 10.2579
LSTM-RNN 41.5080 36.6248

Based on Table 3, prediction accuracy with the zero-order Sugeno fuzzy method gives better
results compared to other methods, with MAPE values for training and testing data 9.9397% and
9.3436%, respectively. Moreover, the BPNN method provides better prediction accuracy compared
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to the Mamdani fuzzy logic and the LSTM-RNN methods. While, the prediction of water saturation
using Mamdani fuzzy logic gives better results than LSTM-RNN method.

5. Conclusions

In this research, the prediction of water saturation was done. The FCM method was used to
reduce the number of rules in the zero-order Sugeno fuzzy model. The results of this study indicate
that the prediction of water saturation using the zero-order Sugeno fuzzy method provides accuracy
for training and testing data which are 90.0603% and 90.6564%, respectively. These prediction
results are much better compared to the Mamdani fuzzy model, BPNN, and LSTM-RNN. This shows
that the zero-order Sugeno fuzzy model has advantages for the prediction of water saturation
compared to other methods. In the previous study, prediction of water saturation has been carried
out using several methods including composite well logs, geostatistical inversion, modelled
equations, nearest-neighbor, data mining network, machine learning and neural network. Whereas,
in this study, it was used the zero-order Sugeno fuzzy method. This method not only provides more
accurate prediction results but also provides a transparent water saturation prediction process
described through fuzzy rules. The results of this study will be used for future research development,
namely, the prediction of hydrocarbon content in various layers of soil and rock using fuzzy model of
first-order Sugeno.
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