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Abstract

The cementation factor is one of the basic parameters for calculating water saturation and then hydrocarbon saturation
of reservoirs. The best way to determine the cementation factor is through laboratory measurements. To generalize
this coefficient for samples without laboratory measurements, experimental relationships versus petrophysical prop-
erties by researchers can be somewhat helpful. The method of artificial neural networks, with the help of training,
validation, and data analysis, has given better results in determining the cementation factor of carbonate samples.
It is one of the best methods to use petrophysical data as training data and make acceptable predictions with analyt-
ical methods. Therefore, laboratory measurement of the cementation factor has been performed for 159 carbonate
cores from the Sarvak formation in southwest Iran. For the studied samples, the cementation factor in porosity was
determined as a quadratic equation with the highest correlation coefficient. In this study, the compatibility of the
experimental relationship shows better conformity by considering the permeability of each sample. Improvement
of empirical relationships by the authors, correlation coefficients between the laboratory data, and the experimental
relationships have been increased. Therefore, it is better to use improved experimental relationships for the studied
carbonate samples. Artificial neural network methods have been used to process the data, best adapt the laboratory
data, and present a suitable model. The Bayesian Regularization algorithm with five hidden layers has the least error
in the test, validation, and testing stages.

Keywords: Carbonate Rock, Cementation Factor, Artificial Neural Network, Empirical Relationship, Sarvak

Formation.

Introduction

Most of the world’s crude oil is in the carbonate rocks
of the Middle East, and 90% of gas is in these types of
rocks [1]. However, carbonate reservoirs are associated
with exclusive heterogeneity, and their heterogeneities
affect consequent chemical and physical processes,
for instance, cementation and compaction [2]. This
phenomenon entangles the assignment of reservoir
properties because it is essential to oil field development
[3].

Laboratory measurements to determine the cementation
factor in special core analyses are necessary to determine
water saturation. However, the availability of these
parameter values is expensive and time-consuming in
laboratory measurements. Since water saturation (Sw) is
an indispensable parameter in any reservoir evaluation,
this factor can be essential in determining water saturation
[4]. Although this parameter is of significant importance
in determining water saturation in oil and gas reservoirs,
there is no compatible and appropriate relationship for
the case of Iranian carbonate reservoirs yet [1].

Electrical resistance is an important petrophysical
property of reservoir rock. The electrical resistance of
a drilling core is measured in the laboratory. Identifying
hydrocarbon intervals is determined by using electrical
logging data and the electrical resistance of a drilling
core in a well. This measurement is also widely used in
assessing water saturation in well logging and laboratory
studies. Hydrocarbon saturation is calculated indirectly
with petrophysical log information and using water
saturation formulas [2].

There are two types of conductivity in rocks: electrical
conductivity, which is specific to metal sulfides (pyrite,
galena, and chalcopyrite), graphite, and metals. Elec-
trolytic conductivity is the result of water with soluble
salt in it. In general, the specific resistance of a rock to
the specific resistance of water in pores. It depends on
the amount of soluble salt, temperature, lithology, per-
centage of clay in the rock, the type and percentage of
conductive minerals, rock texture, and how porosity and
conductive minerals are distributed. The solid part of the
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rock is the grains, along with the cement between its parti-
cles. The conductivity behavior of the solids is possible only
due to the abnormal accumulation of large amounts of con-
ductive minerals [5].

Archie (1942) found a correlation between porosity and
resistivity formation factor (F). He also used the cementation
exponent “m” to describe this empirical correlation that could
be useful in formation evaluation studies. Physically, the
“m” factor is a measure of the rock’s degree of cement and
consolidation. Therefore, it is called the cementation factor.
In the petrophysical characterization of carbonate reservoirs,
the cementation factor is one of the most critical parameters.
Its effect on calculating water saturation (Sw), formation
resistivity factor, tortuosity (a) of the pore geometry in current
flow, and surface area of composite particles is applicable [6].
To calculate the water saturation (Sw) in carbonate
reservoirs, the porosity exponent parameter (“m”) has to be
estimated. The parameter “m” is not a constant, particularly
in heterogeneous reservoirs. Its value depends on the porosity
type and volume (percentage). Inaccurate estimates of “m”
can cause significant errors in calculating water saturation
when using Archie’s Equation and lead to discrepancies
between log interpretation and production examination
results [2].

The cementation factor is a complex parameter. It is strongly
influenced by the shape of the pore space and the coefficient
that converts the total porosity to the effective porosity. The
coefficient of cementation depends on factors such as total,
effective, secondary porosity, etc. Pores and bottlenecks are
pathways for electrical current to pass. Smaller pores are more
resistant to conducting electricity than larger throats [7].
The cementation factor increases with increasing pressure.
The change in the amount of formation resistance factor
against changes in applied pressure depends on the type of
porosity and lithology. In moldic porosity, with increasing
pressure, the formation resistance factor increases more than
in intergranular porosity, which can be due to the closure of
small porosities due to pressure in the moldic porosity [&].
Using laboratory parameters of porosity, permeability, and
information from petrophysical logs data to determine the
empirical relationships coefficient of cementation factor
were used. Most of these relationships are related to porosity,
and some relationships are related to permeability.

Shel obtained Equation 1 from the study of dolomitic samples
to determine the values of “m” in the carbonate medium [9].
In this relation, the cementation factor decreases with an
increase in porosity.

m=2919 ;g7 )

Nugent (1984) [10] used different well logs to calculate the
value of “m”. He proposed a formula for the cementation
factor in reef formation. He used two neutron and density
Logs to calculate total porosity and an acoustic graph to
determine effective porosity (As seen in Equation 2).
2logd, )

log (I)t

In this relation, P < is the porosity of the acoustic graph, and
@ is the total porosity.
Borai [11] found that Shel’s formula is not applicable for
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porosity less than 10% in carbonate rocks. In order to improve
the Shel relation [9], Equation 3 is presented. In this relation,
increasing the porosity, the cementation factor also increases.

m=202-—0035 3)

] % +0.042 )
Asquith (1985) [12] introduced a new formula by changing
the Nugent (1984) model. In distinguishing between moldic
porosity and vuggy porosity in the model Nugent (1984)
presented, Equation 4 was used for core samples with moldic
porosity.

(2logpm)

log o t)

In this relation, “m” is the cementation factor, @y, is the
moldic porosity, Dyug is the vuggy porosity, and @t is
the total porosity. In Equation 5, the experimental relation
between the cementation factor and porosity by Sethi (1979)
is shown [13]:

m=2.05+¢ 5)
Fuk-Mann (1987) showed that the cementation factor is
related to the rock type and permeability in addition to the
amount of porosity, and presented the following formulas
based on the range of permeability in carbonate rocks (as
seen in Equation 6).

Pyug=2(Pt—9s)Pm =0t —2(Pt—Pg )M S

A: m=12+0.128d(k <0.1mD)

B: m=1.4+0.0857®(0.1 <k <1mD)

C: m=12+0.0829d(1.0 <k <100 mD)

D: m=1.22+0.034®(k >100mD) (6)

As seen in all the empirical relationships of other researchers,
the value of “m” is predicted in terms of porosity. Only in the
Focke-Mann (1987) [8] predicted by ¢ and different ranges
of permeability values.

In all experimental relationships presented in this study,
except for the experimental relationship of Shel (1984) [9],
the cementation factor of the samples increases by increasing
the amount of porosity. It is also observed in the studied
samples.

New experimental relationships and finding the best
agreement between laboratory measurement data and
empirical relationships have been done. Also, the amount
of Cementation factor has been calculated from an artificial
neural network method using porosity and permeability data
of each sample.

The amount of cementation factor is predicted based on the
petrophysical data of the drilling core, including porosity
and permeability in the method of artificial neural networks
using various algorithms, including Levenberg Marquardt,
Bayesian regularization, and Scaled conjugate Gradient. The
results show that the amount of cementation factor using the
Bayesian regularization algorithm has the best agreement
with the laboratory results with the least error.

Therefore, having a limited number of laboratory data and
presenting a suitable algorithm in the artificial neural network
method, the amount of cementation factor can be predicted
for the whole formation.

Geological Description of Sarvak Formation
The Sarvak formation is one of the formations of the
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Bangestan group. Due to its hydrocarbon reservoir potential,
this formation is considered one of the essential strata units in
the Zagros basin [ 14]. Sarvak formation is in the stratigraphic
units of the Bangestan group and the middle cretaceous age.
The average thickness of the reservoir is between 55 to 73
meters. Sarvak formation is under various diagenetic events
such as dissolution and dolomitization, which affects the
porosity and permeability of the reservoir, consequently,
the rate of production [15]. In this study, for some selected
samples, a thin section was studied to determine the porosity
type. Therefore, XRD results for mineralogy, SEM images to
show the pore types, and the pore throat size distribution of
the studied cores from MICP are suitable.

Materials and Methods
Materials

Thin Section Study

The optical observation was performed using transmitted
light microscopy for fifty-eight carbonate samples
(30-micron thick samples). In addition, lithotypes were
studied after impregnating the samples with blue epoxy resin
using a professional geological microscope [16,17]. The
thin section analysis of selected samples shows that porosity
types of samples are Inter Particle and Visual porosity, Inter
Particle and Vuggy Visual porosity, Vuggy Visual porosity,
and Intercrystaline and Vuggy Visual Porosity.

Artificial Neural Network

An Artificial Neural Network (ANN) is a popular statistical
method. That explores the relationships between variables with
high accuracy [18-21]. Essentially, the structure of an ANN is
computer-based. That consists of several simple processing
elements operating in parallel [20, 22, 23]. An ANN consists
of input, hidden, and output layers. Hence, it is referred to as
a three-layer network. The input layer contains independent
variables connected to the hidden layer for processing. The
hidden layer contains activation functions and calculates the
variables’ weights. It explores the effects of predictors on the
target (dependent) variables. Finally, in the output layer, the
prediction or classification process is ended. The results are
presented with a small estimation error [24.25].

Recent examples include permeability prediction with ANNs
from well logs data, generation of synthetic wireline logs
from other logs [26, 27], identification of lithological and
depositional facies via a competitive neural network [28,
291, and fuzzy logic [30]. It also includes the estimation of
reservoir permeability using an integration of the genetic
algorithm and a coactive neuro-fuzzy inference system [31].
Due to the convergence speed of the Levenberg — Marquardt,
Bayesian Regularization, and Scaled Conjugate Gradient
algorithms in the leading networks, these algorithms have
been used to train the target network, and the parameters
errors have been used to evaluate the performance of the
model. Appropriate network training is vitally important to
give better performance [32].

Model Evaluation Criteria
To compare the performance of the models, the mean
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square error (MSE), the root mean square error (RMSE), the
Geometric Mean Error Ratio (GMER), and the mean absolute
percentage error (MAPE) parameters have been used, which
it can be calculated from the following relations.

I (0i=P)?
msg=i=1 7R )
(8)
1 . P
GMERzexp{,Zijzlln(l)} 9
] 0j
i |oi-Pi
Zicl| o
MAPE= —*100% (10)
j

where j is the total number of observations Oi and prediction
Pi, respectively, RMSE values are not negative and vary from
zero to infinity. Low RMSE values indicate the high accuracy
of'the model. The GMER parameter indicates the consistency
between the observed and predicted values. If the value of
the GMER is equal to one, there is a perfect match between
the measured and the predicted values. On the other hand,
more or less of this parameter indicates the overestimation or
underestimation of the model, respectively [33].

Methods

Two methods have been used to determine Archie’s
coefficient in the laboratory. In the first method (Archie’s
method), by assuming a=1 in algebraic form, the formation
resistivity factor is inversely proportional to porosity where
the slope of the line is “m” the cementation exponent.
When Archie’s curve cannot cross the given points, in this
situation, a curve is drawn that has the best fitting compared
to the other points. The location where this line intercepts the
logarithmic-logarithmic graph (FRF and (), in porosity of
100%, then the value of FRF at the intercept (a), is found by
‘free’ regression. If “a” is not equal to 1, then this implies
that Ro at 100% porosity is not equal to Rw, the value of
is shown. In other words, the interpretation of “m” when
Archi’s curve fails to fit the points best. In this case, a=1 is
presumed, and “m” is a function of porosity. Different values
of “m” with porosity were reported [34].

From one of the oil fields in southwest Iran, 159 carbonate
plug samples were selected. To conduct the tests, initially,
samples are cleaned in a Soxhlet system to remove crude
oil, brine, drilling mud, or any other fluid within the pores.
Then, the samples are left in a conventional oven until they
are completely dried. The porosity and specific gravity of
the sample were measured by Ultra-Porosimeter. Knowing
the total volume and mass of the sample, the porosity values
and specific gravity of the rock were calculated. Ultra-
Permeameter apparatus was used to measure absolute gas
permeability [35].

To measure the formation resistivity factor, samples are
saturated by formation brine, and the sample pore volume is
calculated from gravimetric measurements before and after
saturation.
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brine resistivity (Rw) and resistivity of the plug sample (Ro)
saturated with brine are measured. An Overburden FRF
Rig device has been used to measure the specific resistance
of saturated samples of the formation brine. The sample
is placed in the core holder under the reservoir pressure
conditions. After reaching the equilibrium conditions, the
sample’s electrical resistance value by using the HIOKI-LCR
resistor device is measured versus ohmic [36].

The tests are performed using a two-clectrode hydrostatic
overburden core holder capable of operating at the specified
maximum test stress. Resistance (r) of the sample was
measured along the longitudinal axis in reservoir pressure
conditions. Afterward, the special resistance of the water-
saturated sample (Ro) is calculated from the physical
dimension of the sample (A and L). The formation resistivity
factor (F) was obtained as a ratio of brine-saturated rock
resistivity (Ro) to formation brine resistivity (Rw).

_Rp_a

F or Log(F)=Log(a)-mlog(¢)

(11)

RW(P
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“m” is the slope of the best-fit regression to the plotted points,
while the tortuosity factor “a” is the line intercept at ¢ =1.
The equation implies that a beaker of saturation fluid (that
is ¢ =1) has a resistivity of Ro = a x Rw, which is obviously
in error. To overcome this problem, the constant “a” is fixed
on 1. [37].

The permeability of one sample is less than 0.1 mD, thirty-
nine samples are 0.1 to 1 mD, One hundred four samples are
1 to 100 mD, and eleven samples are more than 100 mD. The
cementation factor of the samples is in the range of 1.59 to
3.96. The main steps of the methodology are illustrated in
Figure 1. In this Figure, the work method includes laboratory
measurements of the cementation factor, determining its
value using the researchers’ experimental relationships, as
well as its prediction in terms of petrophysical properties
using ANN for the studied samples, which are presented
as a flowchart. The reliability of the technique is verified
by applying the samples from carbonate reservoir rocks (as
shown in Figure 1).

Preparation and
Petrophysical Measurement
(K, @)

Experimental Relations
Determination of "

Laboratory Measurement

"m" Prediction by

Yes

Of"m"

Improvement of Experimental
Relations

Best Fit laboratory relation
m = a®*+bd+C

Bayesian Regularization algorithm,
with Laboratory Measurement Best Fit

Laboratory Measurement with Fock-Munn (1987)
Experimental Relation has Best Fit.

Bayesian Regularization Algorithm with Fock-
Munn (1987) Experimental Relation has Best Fit.

Fig. 1 Proposed methodology flowchart.

To present a new method that can better predict the amount
of cementation factor in this wide range of porosity and
permeability data, the artificial neural network method
can be used In this study, Levenberg Marquardt, Bayesian
Regularization, and Gradient Scaled Conjugate algorithms
have been used to predict the amount of cementation factor
versus petrophysical properties to compare algorithms.

Results and Discussion

The main steps of the studied methodology include
determining the cementation factor by using laboratory
measurements, the researchers' experimental relationships,
and prediction by ANN, presented in Figure 1. For the
studied samples, the cementation factor in terms of porosity
as a quadratic equation m = a(I)2 + b(l) + ¢ has the highest
correlation coefficient (0.82), which shows the relationship
between the cementation factor resulting from the Archi
relation and the porosity of the drilling core (as seen in Figure
2). Also, in this study, the type of porosity was determined

by using a thin section study, and this study shows that for
some selected samples with a cementation factor is three and
above, the type of porosity is inter particles and vuggy visual
porosity.

As shown in Table 1, the correlation coefficients between
the laboratory data and the experimental relationships of
Shel (1984), Sethi (1979), Borai (1985), and Fock-Munn
(1987) are 45, 78, 56, and 78, respectively. However, with
the improvement of empirical relationships by the authors,
the correlation coefficient values have been increased to 78,
79, 62, and 83, respectively. Therefore, using these improved
experimental relationships for the studied carbonate
samples is better. A comparison of laboratory values of the
cementation factor and values obtained from the studied
experimental relationships is shown in Figure 3. In this study,
the experimental data of carbonate samples show the best
agreement and the highest correlation coefficient with Fock-
Munn’s experimental relationship (1987) in Figure 4.
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Fig. 2 Cementation factor obtained from Archie relation versus porosity of samples with the highest correlation coefficient in the quadratic
equation.

Table 1 Improved cementation factor relationships versus porosity in experimental relationships of Shel (1984), Sethi (1979), Borai (1985),
and Fock-Munn (1987).

Laboratory cementation factor

. . . . . . Improved empirical relationship | correlation coefficient
Presenter Primary empirical relationship correlation coefficient by the authors after Tmproved
m="019 g7 m=29320 1 99
Shel (1984) 45 100 78
(1979) Sethi | m=2.05+¢ 78 m=2.40+¢ 79
. 0p- 0035 e 7 0035
Borai (1985) $+0.042 56 o+1 62
m=1.2+0.128 B(k<0.1mD) m=1 .2+0.128%(k<0.1mD)
Fock — Munn mzi'?g'gzgi(ﬁ;d;:(%ﬂl) s m=13+0.08570(0.1<k<ImD) | _
(1987) m=1=+0. (10<k< ) m=1+0.0829d(1.0 < k <100 mD)
m=1.22+0.0340 (k >100mD) m=14+0.0340 (k > 100mD)
cementation factor obtained from Sethi (1979) cementation factor obtained from Shel (1984)
versus lab result versus lab result
°/0 Y=aX+b 475 Y =aX+b
4/0 a=0.1 a=0.09
s b=1.95 g b=223
2 5 |RE=078 Z 35 R*=052
? 2/0 | 0crSiEREREUSN 6 O e g
F 5 s
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° o/o 1/5
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Laboratory cementation factor

cementation factor obtained from Fock-Munn, (1987) versus

Laboratory cementation factor

lab result result
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z o g
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cementation factor obtained from Borai (1985) versus lab

Laboratory cementation factor

Fig. 3 Comparison of laboratory cementation factor and experimental relations, Sell (1984), Sethi (1979), Borai (1985), and Fock-Munn (1987).
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Fig. 4 Comparison of laboratory cementation factor and Improvement experimental relations, Shel (1984), Sethi (1979), Borai (1985) and
Fock-Munn (1987), Improvement cementation factor by using Fock—Munn (1987) model is the best fit to laboratory cementation factor values.

The artificial neural network method has been used to predict
the cementation factor more accurately. In this study, 98
samples (65%) in the training process, 30 samples (20%)
in the validation process, and 23 samples (15%) in the test
process are used. The amount of MSE error in each process is
calculated from the algorithms. In addition, the error values of
RMSE, GMER, and MAPE are computed in each algorithm.
Finally, all results for comparison are given in Table 2.

In this study, using different algorithms in artificial neural

network methods such as Levenberg - Marquardt, Bayesian
Regularization, and Scaled Conjugate Gradient for selected
samples, the amount of cementation factor in terms of
porosity and permeability was evaluated and predicted.
Validation and testing for all three algorithms were compared
with the input data. The Bayesian Regularization algorithm
with 5 hidden layers has the least error compared to the input
data (Table 2 and Figure 5).

Table 2 The amount of error in different algorithms by using 5 and 10 hidden layers in artificial neural network method to determine the
coefficient of cementation factor versus porosity and permeability, Bayesian Regularization algorithm with five hidden layers has the lowest

error, Average laboratory measurement of cementation factor is 2.47.

Algorithm: Levenberg - Marquardt Bayesian Regularization Scaled Conjugate Gradient

The number of Hidden Layers: | Ten Hidden Layer | Five Hidden Layer | Ten Hidden Layer | Five Hidden Layer | Ten Hidden Layer | Five Hidden Layer
Average Cementation Factor | 2.48 241 2.45 2.47 2.48 2.48

MSE 0.007 0.012 0.007 0.006 0.005 0.007

RMSE 0.081 0.110 0.086 0.076 0.070 0.081

GMER 1.027 1.028 1.028 1.022 1.024 1.027

MAPE 2.709 2.727 2.788 2.176 2.362 2.709

a/0 o MAM = 0.82 * m (Lab) + 0.39, 5 Hiden Layers
m (M) = 0.85 + m (Lab) + 0.38, 10 Hiden Layers

m (BR) = 0.86 * m (Lab) + 0.33, 5 Hiden Layers
m (BR) = 0.87 * m (Lab) + 0.33, 10 Hiden Layers

3/5
m@CcG) = 0.85 * m (Lab) + 0.38, 5 Hiden Layers
3/0
— Linear LM-10
—— Linear LM-5
Linear BR-10
s LiNEAr BR-5
Linear SCG-10
— Linear SCG-5

2/5

2/0

Cementation Factor, ANN Algorithms

1/5
1/5 2/0 2/5 3/0 3/5 4/0
Cementation Factor, Laboratory Measurement
Fig. 5§ Diagram of predicted cementation factor versus laboratory measurement in the Levenberg — Marquardt (LM), Bayesian Regulariza-
tion (BR), and Scaled Conjugate Gradient algorithms (SCG). Bayesian Regularization has the best fit by laboratory measurement.
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The results show that this model is highly capable of
estimating the cementation factor in the experimental stage
using a set of porosity and permeability input parameters
and can be used for studies with similar conditions.
Furthermore, using the artificial neural network method, the
cementation factor can be predicted with higher accuracy
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than the experimental relationships presented. Moreover, the
relationship between input data (porosity and permeability)
and the values of the cementation factor resulting from
laboratory measurements are validated. Therefore, with a
minimum error, the cementation factor can be predicted for
other samples in the study formation (Figure 6).

4.5 T T T

Output and Target

.

Training Targsts
Training Output
All Targets

+ All Output

Tast Tareats
Teast Output
Erars

Fit

+

1
0.3

Targets - Outputs

Error

Input

Fig. 6 Target and Errors in prediction parameters in Bayesian Regularization (BR) algorithm by 5 hidden layers.

Cementation factor predicted by the ANN method and
Bayesian Regularization algorithm, this model compared
with experimental relations such as Shel (1984), Sethi (1979),
Borai (1985), and Fock-Munn (1987) shoes in Figure 7. In
this figure, the experimental relation Fock-Munn (1987), is
more evident compatibility with the Bayesian Regularization
algorithm.

4/0

Figure & compares the improvement experimental
cementation factor by the Fock — Munn (1987) model
versus the one predicted by the ANN method and Bayesian
Regularization algorithm in different air permeability rang.
Moreover, Carbonate samples with a permeability range of
0.1 to 1 mD have the most agreement with each other.

e Lincar (Bayesian Regularization algorithm vs Fock-Muun model)

e o e Lincar (Bayesian Regularization algorithm vs Sethi model)

S
L2
Q
,_C;CS
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2
i=]
<
8
=]
)
5~ 25
© =1
3
2
m
2/0
L]
£]
A L[]
A A9
L]
L]
1/5 -
1/5 2/0 2/5

Lincar (Bayesian Regularization algorithm vs Shell model)

@ e [ incar (Bayesian Regularization algorithm vs Borayee model)

.
e Linear (Linear( B:\'c\izm Regularization algorithm vs Lab Formula)

3/0
Cementation factor , Experimental models

3/5 4/0

Fig. 7 Cementation factor, ANN method - Bayesian Regularization algorithm versus Lab experimental formula and Shel (1984), Sethi
(1979), Borai (1985) and Fock-Munn (1987) relations, Fock-Munn (1987) model compatibility is evident by the Bayesian Regularization

algorithm.
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Fig. 8 Improvement experimental cementation factor by Fock — Munn (1987) model versus cementation factor predicted by ANN method
and Bayesian Regularization algorithm in different air permeability rang.

Conclusions

The following remarks and conclusions are achieved from
this study:

1. For the carbonate samples in Sarvak formation, the
experimental relation of the cementation factor in terms of
porosity as a quadratic equation m = 21(1)2 +bd + ¢ has the
highest correlation coefficient.

2. Improvement of empirical relationships by the authors,
Correlation coefficients between the laboratory data, and
the experimental relationships of Shel (1984), Sethi (1979),
Borai (1985), and Fock-Munn (1987) has been increased.
Therefore, it is better to use improved experimental
relationships for the studied carbonate samples.

3. Comparison of laboratory values of cementation factor and
values obtained from the studied experimental relationships
show the best agreement and the highest correlation
coefficient in different ranges of permeability with Fock-
Munn's (1987) experimental model.

4. The amount of cementation factor by the artificial neural
network method in terms of porosity and permeability was
evaluated and predicted. Compared to other algorithms, the
Bayesian Regularization algorithm with five hidden layers
has the least error compared to the input data.

5. The cementation factor using the ANN method can
be predicted with higher accuracy than the experimental
relationships. Therefore, with a minimum error, the
cementation factor can be used in the ANN method for other
samples in this formation.

6. The Bayesian Regularization algorithm versus other
experimental relations only shows good compatibility with
the Fock-Munn (1987) model.

7. Comparing the improved cementation factor by the Fock —
Munn (1987) model with the one predicted by the Bayesian
Regularization algorithm in different air permeability ranges
shows that carbonate samples with a permeability of 0.1 to 1
mD have the highest agreement with each other.

Parameters
ANN, Artificial Neural Network.
a, Constant in Archi’s Equation.

BR, Bayesian Regularization Algorithm.

F or FF or FRF, The Constant of Proportionality is Termed
the Formation Resistivity Factor or Formation Factor.
GMER, Geometric Mean Error Ratio.

K, Permeability.

LM, Levenberg — Marquardt Algorithm.

m, Cementation Factor.

MAPE, Mean Absolute Percentage Error.
MICP, Mercury Injection Capillary Pressure.
MSE, Mean Square Error.

RMSE, Root Mean Square Error.

Rw, Formation Brine Resistivity.

Ro Water-Saturated Rock Resistivity.

SCQG, Scaled Conjugate Gradient Algorithms.
SEM, Scanning Electron Microscope.

XRD, X-Ray Diffraction.

Greek letters

@, Porosity.

®_, Mold Porosity.

@ .. Vuggy Porosity.

@, Total Porosity.

@, Porosity of the Acoustic Graph.
Subscripts

A, Cross Section, m?

L, Sample Length, m.
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