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ABSTRACT

Full Name : Mohammed Farouk Mohamed Gad
Thesis Title : Prediction of water saturation from well logs using artificial intelligence
techniques

Major Field : Geophysics

Date of Degree : [Dec. 2022]

Water saturation is a parameter that helps evaluate the volume of hydrocarbon in
reservoirs. Improper water saturation calculation leads to remarkable errors in the
subsequent decisions related to the development and production from the reservoir. Several
methods are available to estimate the water saturation in clean and shaly formations, but
the most commonly used methods in the petroleum industry are those based on
petrophysical models, such as Archie’s equation, Waxman-Smits, Simandoux, Indonesia
and dual-water models. Unfortunately, these models have limitations, and their input
parameters are often not readily available. Consequently, it leads to either underestimated
or overestimated fluid saturations.Furthermore, the main impediment remains in these
approaches due to their reliance on experimental analysis, which is costly and time-

consuming.

In this research, machine learning techcniques including artificial neutral networks (ANN),
adaptive neuro-fuzzy interference system (ANFIS), function neural networks (FN), support
vector machine (SVM), and random forests (RF) will be applied to predict the water
saturation from well-logs of resistivity, gamma ray (GR), bulk formation density, sonic
porosity and neutron porosity, in addition to the core data collected from five wells in
Greece. These data will be used since it is usually affect/determine the water saturation. A
portion of the data will be used for training the ML models, while others will be used for

testing and validation of the trained models.
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CHAPTER 1
INTRODUCTION]

Most of the reservoirs consist of a minimum of two different fluid phases, some reservoirs
have all three phases of gas, oil, and water (Dandekar, 2006). Therefore, water saturation
(Sw) is essential for determining hydrocarbon saturation. Kamel and Mabrouk (2002)
assumed that all void spaces in the reservoir consist of water and hydrocarbon; therefore:
Sn=1-Sw. Furthermore, water saturation is critical for formation evaluation, reserve
estimation, and future field planning. The static and dynamic models of the reservoir use it
to estimate the original oil/gas in place (OOIP, OGIP) and form the foundation for the
future production forecasts and the determination of the economic viability of the

discovered reservoir.

Petrophysicists always pay attention to water saturation determination. Because of that,
various methods have been developed through the past decades and are still ongoing.

Therefore, two main categories of methods are used: (1) direct and (2) indirect.

The direct methods include laboratory analysis of rock samples, such as the Retort method
and Dean—Stark and Soxhlet extraction. These methods consider that the rock sample has
representative fluid saturation, which is impossible except for costly uncommon sampling
methods such as sponge core barrel or pressure core barrel. In addition, they are exhaustive,

time-consuming, and provide discrete data points.

Moreover, Dean-Stark extraction is a destructive method which measures water and oil

saturation by distillation extraction when the water in the core is vaporized by boiling



solvent, then condensed and collected in a calibrated trap. Furthermore, considering the
importance of the samples, they cannot be used in other experiments. Other laboratory
approaches, such as using rock centrifuge, displacing fluid, and mercury-air capillary

pressure curve for a water-air system, are expensive, time-consuming, and non-destructive.

Determination of water saturation is complex, it started in 1942 by incorporating some
well-logs in clean sandstones. Then, many scientists proposed various equations to validate
this procedure in shaly sands and carbonates. Later, many scientists proposed different
equations to validate this procedure in shaly sands and carbonates. The main challenge in
this process is that dependency on core analysis in labs takes time and is costly and for the
accuracy, lab. measurements are not usually available for all exisiting wells. In addition, it
does not provide a continuous recording through the well, but it just provides a discrete
measurement at specific depths. To tackle the dependency of water saturation estimation
on core analysis, researchers suggested using well-logs log data which are commonly
acquired in most of the wells; and performing formation evaluation to calculate the water
saturation as continuous values with depths. The relationship between water saturation and
formation resistivity, and porosity logs as shown in Archie’s equation, Eq. (1):

ar,,
¢™R,

4y

y

Sw = (

where; Sy is the water saturation, R¢ is the true formation resistivity, @™ is the formation
porosity that can be estimated from NPHI, density, NMR, or acoustic logs, Ry is the

formation water resistivity that can be calculated from the self-potential log (SP), a, m, and



n are constants (a: tortuosity constant, m: cementation exponent, n: saturation exponent)

that are based on the pore geometry, cementation, and rock type.

Archie’s equation is restricted to the clean formation, which is not the case in most
hydrocarbon reservoirs since the existence of clay causes some error in resistivity
measurements because clay increase conductivity. Moreover, it is not common in oil and
gas fields to have SP logs which in turn which affect Ry estimation. In addition, If the rock
matric is unknown, then the low accuracy of porosity estimation will have occurred.
Furthermore, m and n cannot be measured. Consequently, the estimation of Sy from

Archie’s equation needs to be calibrated and corrected.

Other techniques such as the Simandoux, Eq. (3), Waxman—Smits, Indonesia, Eq. (2), and
dual-water models were proposed to modify Archie's equation by considering the shale

factor into Archie's equation.

2/n

V1/R,

Sw = 1-0.5V, 2)
<Vsh h)_l_ o
R, ar,,
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syl ) 4 - >
2¢m Rsh aRth Rsh

where Vy, is the shale volume, Rgyis shale resistivity, ¢ is the porosity, and R, is the true
formation resistivity. Also, the existence of non-conductive kerogen underestimates the

water saturation.



Well logging may have some flaws, like it can be expensive. Thus we may skip running
specific tools in a well. Because of the limitation of the logging tools' size, the resistivity
log is unavailable. Also, Technically, the resistivity log data might be unreliable in view of

unfavorable geology.

Due to the limitation of calculation a, m, and n and well logs data., Thus, we cannot count
on the data in such cases because it defines only the initial state and cannot use for water
saturation forecasts. Nevertheless, numerical model prediction might be a promising tool

for optimising expenses and filling the gaps in well-log data.

The oil and gas industry faces several challenges and issues in data processing and
calculations. Machine learning techniques can play a vital role in providing a proper
solution for such challenges. Various machine learning methods such as artificial neutral
networks (ANN), support vector machine (SVM), and random forests (RF) can forecast

the water saturation without any additional cost.

ANN is an artificial computational system configured to simulate organizational principles
of the nervous system functions. Including the ability to learn automatically from the given
training patterns, ANN can solve a mapping problem by finding a close approximation of
the correlation between input and output data. Such a feature distinguishes it from other
typical expert systems. ANN computing system is composed of artificial neurons that play
the role of fundamental computing units and resemble the parallel process of a biological

brain to find the answer.

SVM is a supervised machine learning algorithm dealing with classification and regression

challenges. SVM can deal with complex problems by transforming the input dataset into a

4



higher-degree dimensional (n-dimensional) feature space to perform the optimal hyper-
plane. In addition, SVM provides a proper way for estimating different petrophysical and

geomechanical properties of rocks.

RF is asupervised machine learning algorithm used widely in Classification and
Regression problems. It uses ensemble learning, a technique that combines many decision
trees to solve complex problems. RF has several advantages, such as reducing the datasets'
overfitting and increasing precision. In addition, it provides an effective way of handling

missing data and can produce a proper prediction without hyper-parameter tuning.

Special Core Analysis (SCAL) accurately estimates water saturation at specific depths, but
it requires time and is highly expensive. Unlike models developed based on conventional
well logs to indirectly provide a continuous profile of the water saturation, SCAL provides
discrete values of the water saturation. However, there is still a challenge in estimating
water saturation due to the uncertainty of the constant calculations. This research proposes
the use of different ML techniques such as ANN, ANFIS, FN, SVM, and RF to estimate

the water saturation from conventional well logs.

Ahmed Farid Ibrahim et al. (2022) applied different machine learning techniques such as
FN, SVM, and RF on 727 data points to calculate the water saturation in tight gas
sandstone formation and they got accurate prediction comparing to other conventional

equations.

Ahmed Farid Ibrahim et al. (2022) comparing between ANN and ANFIS with the

conventional equations such as Archie, Simandoux, Indonesia for water satiration



prediction. They got results from Al methods with very low error comparing to normal

methods. In addition, ANFIS showed more capability for the accurate prediection.

In chapter 2, I first give a brief background on machine learning with special emphasis on
artificial neural networks, which I will use in this study. In chapter 3, I give a detailed
information about the study area and reservoir. Afterwards, I explain the methodology used
to train and test the network (Chapter 4). Lastly, I show main results of the study and

discuss their implications (Chapter 5).



Chapter 2 Machine learning and Artificial Neural Networks

2.1 Machine Learning

Machine learning is fast emerging as a potential disruptive tool to tackle longstanding
research problems across the sciences. This is mainly driven by its ability to find complex
patterns in large datasets

The learning process is crucial in generalizing the problem by acting on its historical
experience. Considering the training datasets as experience aids in achieving accurate
results on new and unseen tasks. The learner uses The training datasets to build a general
model about an existing problem domain. This process enables the model to generate
largely accurate predictions in new cases.

Traditional computer programs are very good at doing massive computations fast and
performing specific operations with specific instructions efficiently. However, if faced with
a complex problem, they require a large set of specific rules to deal with it. On the other
hand, machine learning algorithms learn fewer guidelines that help them learn how to get
the desired outputs from the original data.

Machine learning (ML) algorithms have two branches: unsupervised and supervised.
Unsupervised ML algorithms aim to discover the implicit relations between data points
without needing training examples. Unsupervised algorithms have two main branches:
clustering and association—the clustering algorithms sort data into separate categories
based on the input data. For example, they are clustering a group of customers based on
the amount of their spending and the type of goods they buy. Association algorithms
attempt to find association rules between different data inputs. An example of association

is cancer patients and the possession of specific genes.



Supervised ML algorithms, on the other hand, attempt to approximate a particular output
(Y) from given inputs (X). They require a dataset of known inputs and outputs to train on
and predict future outcomes.

Supervised ML algorithms, on the other hand, attempt to approximate a certain output (Y)
from given inputs (X). They require a dataset of known inputs and outputs to train on, and
then predict future outcomes. The process, in general, has the following steps: The
algorithm is introduced to a dataset of inputs (X) and their corresponding outputs (Y),
called labels. The algorithm trains on the dataset and

There are many supervised ML algorithms, such as linear regression, logistic regression,
support vector machine, and others. However, one of the most potent supervised algorithms
is the artificial neural network (ANN). The following section will discuss ANN's

fundamental concepts as a prelude to discussing the methodology and results.

2.2 Artificial Neutral Network (ANN)

The artificial neural network is a supervised machine learning algorithm that attempts to
emulate the behaviour of biological neurons. Its edge is its ability to find complex non-
linear relations between input variables and to optimize itself to output the correct values
in the light of a labelled training dataset. The following subsections will explain the
building block, the neuron, then the ANN, how it introduces non-linearity to the data and

how it optimizes itself.

2.2.1 The Neuron: the building block

The building unit of a neural network is the neuron. The neuron, as shown in figure 1, is

the simplest neural network. Its name is inspired by the nervous system cell, which is the



human brain’s building block.The neuron, also sometimes called the node. The neuron

gets some input signals and it has an output signal.

MACHINE LEARNING

The Artificial Neural Network

Inputvaluel = X3

Inputvalue2 = X3 Output signal

Inputvaluem = Xm

Figure 1: Neuron is building block of ANN

So the input values, as shown in figure 2, the signal is passed through synapses to the

neuron, and then the neuron has an output value that passes it further down the chain.



MACHINE LEARNING

The Artificial Neural Network

Inputvaluel = X3
Output signal

Inputvalue2 = X2

Inputvaluem = Xm

Figure 2: Input vales and Synapse

Well, we have these inputs, which are, in fact, independent variables. These independent
variables are all for one single observation. It is just like just row in the database, one
observation. So we take all of the independent variables, and the other thing we need to
know about them is that we need to standardize them. So we need to either standardize
them or ensure they have a mean of zero and a variance one. So sometimes, it needs not to

be standardized; it is required to normalize them.
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MACHINE LEARNING

The Artificial Neural Network

Inputvalue 1 = X1 N
Independent
variable 1 ¥,

Inputvalue2 = X7 =
Independent $
variable 2

@ Output value

Inputvaluem = Xm 4
Independent | o,

variable m TN S .
e Standardize

Figure 3: Standardized the independent variables of ANN

Output value can be continuous. It can be binary (a person will exit or stay) or a categorical
variable. Furthermore, if it is a categorical variable, the important thing to remember here
is that, in that case, the output value will not be just one. There will be several output values
because these will be dummy variables representing the categories But let us go back to a

simple case of one output value.
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MACHINE LEARNING

The Artificial Neural Network

Inputvalue 1 = X1

Independent
variable 1

Inputvalue2 = X3
Independent
variable 2

Inputvalue m = Xm

variable m

[Independ ent

Output value

Can be:

* Continuous (price)

« Binary (will exit yes/no)
* Categorical

Figure 4: ANN output values examples

MACHINE LEARNING

The Artificial Neural Network

Inputvaluel = X1

Independent
| variable 1

nputvalue2 = X3
Independent
| variable 2

Inputvaluem = Xm
Independent
variable m

Qutput value 1

Output value 2

e Qutput value p

Figure 5: ANN structure and Output values
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To reiterate this point, in figure 6, On the left, there is a single observation. Hence, there is

also a single observation on the right as well. And that is the same observation.

MACHINE LEARNING

The Artificial Neural Network

Inputvaluel = X1
Independent \
variable 1

Inputvalue2 = X — : Output value
[Independent]

variable 2

Inputvaluem = Xm d
Independent
variable m
Same Observation
Single Observation Single Observation

Figure 6: input and output single observation

So next thing we want to talk about here is the Synopsize and they all actually get assigned
weights. weights are crucial to artificial neural network networks functioning because
weights are how neural networks learn.

By adjusting the weights, the neural network decides in every single case what single is
important, what signal is not important to certain neuron, what signal gets passed along
and what signal doesn't get passed along.

Inside the neuron, So signals go into the neuron and what happens in the neuron. And the

first step we multiply each input value by its weight then sum all of these values

13



MACHINE LEARNING

The Artificial Neural Network

Inputvaluel = X1

Inputvalue2 = X3

@ Output value

Inputvaluem = Xm

Figure 7: ANN model wights

As shown in figure 8, The second step is to multiply it by activation function.

MACHINE LEARNING
The Artificial Neural Network

Inputvaluel = X3

Inputvalue2 =~ X3

rd
\ 3 oep (y ’Outputvalue

o~

Inputvaluem = Xm

Figure 8: Activation Function
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Chapter 3: The Study Area (Prinos Basin)

3.1 Field Background

Greece has only The Prinos basin as geological area which produce hydrocarbon. The
Epsilon oil field exists between the Greek mainland and the island of Thassos, about 11 km

South-SE of the city of Kavalaat, as shown in figure 9. This field is the latest one brought

to production.

THASSOS

PRINOS BASIN
OIL AND GAS FIELD

BASN BOUNDRIES
0IL FIELD
GAS FIELD
DIL GENERATION AREA
OIL MIGRATION
SCALE 1:200.000

8 (:'.O&

Figure 9: The Prinos basin location.

There were five drilling attempts 1976, 1994, 1996, 2004 and 2009, kept the field in
production till today. The in first productive well was drilled in 1971, 20 km east of Thassos

island but discovered very low gravity oil. In 1972-1973 the next two wells were drilled

15



west of the island and led to the discovery of South Kavala gas field in 52 m of water depth.
The fourth drilling attempt, was at the end of 1973, at the centre of Prinos basin and led to
the discovery of Prinos oil field in a water depth of approximately 30 m.

The stratigraphy model of the taphrogenetic basin has been presented by Pollak (1979) and
Proedrou (1979) (figure 10). According to this, the generalized stratigraphic column is
divided into three series:

* The Pre-Evaporitic Series.

* The Evaporitic Series.

* The Post-Evaporitic Series.

16
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Figure 10: Prinos basin stratigraphic column. (Proedrou and Sidiropoulos (2004)).
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The general structure of the taphrogenetic basin, it is a dome-like anticline
formed by NW-striking and SW-dipping syngenetic faults also related to the

trapping mechanism (Proedrou & Papaconstantinou, 2004).

Reservoirs are mainly sandstones and, secondly, siltstones, which resulted in the
uppermost Miocene depositions from deltaic, marine and turbiditic
environments. The evaporites cover the whole basin, keeping hydrocarbons
below them, except for an upward movement of hydrocarbons in South Kavala
and Ammodhis fields, probable due to fault activation. Generally, as depth
increases, porosity and permeability decrease because of the weight of
overburden layers, clay content and dolomitization (Proedrou &

Papaconstantinou, 2004).
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Chapter 4: Methodology

Herein, we describe the methodology for training the ML models, testing and validating

the resulting models.

4.1 Data preparation

For water saturation prediction, 364 data points of shale volume (Vsnae), formation
porosity, permeability, and deep resistivity measurement, in addition to their corresponding
water saturation, were collected from Well-1. In the first stage, the data were preprocessed
to remove all non-real values; for example, all inputs with water saturation values less than
zero or greater than 1.0 were considered non-real inputs and removed from the input
parameters. Then the outliers were removed; for this purpose, the input parameters were
studied mathematically. Finally, all values outside a & 3.0 standard deviation range were

treated as outliers and removed from the input dataset.

4.2 ANN model learning

After the data preprocessing stage, 334 datasets were left as valid data for model learning.
Then the artificial neural network model was learned to predict the water saturation; during
this learning step, the percentage of training data points in addition to the design parameters
of the ANN model, including the learning function, the number of learning layers, the
number of learning neurons per each layer, and the transferring function were optimized.
The percentage of the training data was optimized between (40% to 90%). The performance
of several training functions, including the Levenberg-Marquardt backpropagation
function, resilient backpropagation function, and Bayesian regularization backpropagation
function. The ability of various transferring functions to predict water saturation was also

performed, including the tangential sigmoidal function, logarithmic sigmoidal function,

19



and linear function. The use of single, two, or three layers for learning the model with 4 to

30 neurons per layer was also studied.

The learning stage results concluded that 70% of the data for training using a single
learning layer associated with five neurons, the Bayesian regularization backpropagation
function for training, and the Logarithmic sigmoidal transferring function was the optimum
for water saturation. Error! Reference source not found. shows a schematic of the o
ptimized ANN model proposed for water saturation, other properties of this optimized
model are summarized in Table . The statistical features and ranges of the training datasets
are listed in

Table .

Input Layer Single Hidden Layer Qutput Layer
(4 Neurons) (5 Neurons) (Single Neuron)

SR

)

PN
'\';W

s
A

Figure 11: Schematic of the optimized ANN model for water saturation prediction.
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Model Validation
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Figure 12: Flowchart of building ANN model
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Table 1. The optimized parameters for water saturation prediction.

Parameter Optimum Value
Training layers Single
Number of neurons Five
Training function Bayesian regularization backpropagation
Transferring function Logarithmic sigmoidal function

Table 2. The statistical features of the 252 datasets used to train the ANN for water
saturation estimation.

Vshale Porosity Permeability Resistivity Sw (frac.)

(frac.) (frac.) (mD) (Ohm.m)
Minimum 0.012 0.005 0.0003 2.537 0.174
Maximum 0.852 0.173 13.86 19.63 1.000
Average 0.291 0.096 3.494 6.624 0.489
Mean 0.227 0.087 2.443 5.790 0.448
Median 0.231 0.099 2.952 5.535 0.427
Sample variance 0.037 0.001 5.989 14.80 0.041
Standard 0.193 0.036 2.447 3.847 0.203
deviation

4.3 Extracting equation from the model

The ANN model with the properties in Table was then considered for developing a new
equation for water saturation estimation. This model could be generally expressed as shown
in Eq. (¢).

I J (¢)
Swn= Z w, logsig Z we, Yj+ b; |+ b,
i=1 j=1

I

1
; "1+ e Ewlithy)

where Sy is the normalized water saturation, i and J denote the total number of neurons

and input parameters which are five and four, respectively, in this case. w and b represent
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the weights and biases, respectively. t denotes the training layer, while o represents the
output layer. It is important to mention that the parameters introduced into the ANN model
are usually automatically normalized by the two-point slop explained by Egs. (5) and (6)
to have a value between 1 and -1.

Yo — Youmin _ Y — Ynin (5)

Yn,max - Yn,min Ymax - Ymin

Y-Y .
Y, = (Y — T;m ) (Yn,max - Yn,min) + Yn,min
max min

(6)

where Y denotes the input parameter, which could be, in this case, the Vihale, porosity,
permeability, resistivity, or water saturation, the subscript n indicates the normalized
parameter, and min and max represent the minimum and maximum, respectively. For

example, since the input parameters are normalized between -1 and 1, Y, min Will be -1

and Yn,max Will be 1. Therefore Eq. (6) could be written as in Eq. (7)

Yn:Z(M)H (7)

Ymax - Ymin

General expressions for normalizing the four inputs considered in this study could be
derived by substituting for the minimum and maximum values of each parameter, as listed
in

Table , to get the expressions in Egs. (8) to (11)

Vshale,n = 2.383 (Vshale - 00121) + 1 (8)

®, =11.89 (¢ — 0.0052) + 1 (9)
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K, = 0.144 (K— 0.0003) + 1

Res, = 0.117 (Res — 2.537) + 1

(10)

(11)

where Vhalen, @n, Ki, and Res, are the normalized shale volume, porosity, permeability,

and resistivity, respectively. Now Eq. (1) could be expanded and written as a function of

these normalized parameters as in Eq. (12).

1

1
Swn = E Wo,
i=1

+ e _(Wti,]_ Vshale,n"'Wti,z ®n+Wti,3 Kn+Wti,4Resn+bti)

+ b,

(12)

The normalized parameters in Eq. (12)) could be calculated using Eqgs. (8) to (11), while

the weights and biases needed in this equation were extracted from the optimized ANN

model and listed in Table .

Table 3. The extracted weights and biases for water saturation estimation.

Input Layer Output Layer
Weights (w1) Biases Weights Bias
j=1 j=2 j=3 j=4 (b1) (W2) (b2)
k3 1=1 1.765  -0.061 -0.113 -1.094 -2.308 -3.828 3.302
1=2 0.569  7.871 0.855 -1.174 5.078 -0.579
L 1=3 -0.269 -1.088 -1479 -0.515 -2.930 3.360
_Gté § 1=4 -2.487 -2.741 1.120 0.899 2414 -3.865
Q é i=5 -0.346 -2.111 0.574  -3.528 -4.541 2913

The water saturation, as calculated from Eq. (12), is in the normalized form, requiring

denormalization to obtain the actual water saturation values. The denormalized water
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saturation could be calculated using Eq. (13) which is derived by rearranging Eq. (7) and

substituting it for water saturation instead of Y.

_ (Swnt+1) (13)

w — 2 (Sw,max - Sw,min) + Sw,min

The developed correlation of Eq. (13) was then tested using the remaining datasets
collected from Well-1, 82 data points. Finally, the accuracy of Eq. (13) was evaluated by

considering the AAPE and correlation coefficient between the actual and predicted water

saturation.

Chapter 5: Chapter S Results and discussion

5.1 Results and Discussion

5.1.1 Learning the artificial neural networks model

ANN was implemented on 334 data points to train and test the model. The optimum
training testing ratio was found to be 70/30. The best model quality control determined and
selected the optimized hyperparameters. The optimum ANN model was developed with a
single hidden layer and 5 neurons. The training function was “Bayesian regularization
backpropagation” with the “Logarithmic sigmoidal function” data transfer function.
Figures 13 and 14 present the cross plots for the actual vs the estimated Sy from the ANN

model in both training and testing data sets.
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Figure 14: testing data
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5.1.2 Training the artificial neural networks model

Figures 15 and 16 show that the Neutral Network model is capable to predict the water
saturation (Sw) from the well logs data with a good alignment. The training and testing
dataset have an average absolute percent error (AAPE) as 0.90 and 1.08% with correlation
coefficient (R) values as 0.999 and 0.9999. The Well no. 2 dataset was used to validate the

ANN model.

Vhate (frac.) Porosity (frac.) Permeability (mD)  Resistivity (Ohm.m) S, (frac.)
0 0.3 0.6 0.9 0.0 0.1 02 0 5 10 15 0 5 10 15 20 0 0.5
2R35
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&

—

£ 2860

< R
E- e
=3

2 2865

g ‘.:2‘
2 A
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E" 2870 .::-

2875 ({

2880
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Figure 15: Prediction of water saturation by the ANN model (training data)
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5.1.3 Testing the artificial neural networks model
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Figure 16: Testing data to predict the water saturation by ANN model
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5.2 Conclusions

This research introduces the Al technique's capability (ANN) to estimate Sw
using conventional logging data, including NPHI, Resistivity, and GR. The

following are the main findings:

o The R values between the actual and estimated water saturation values
based on the Artificial Neural Network model were 0.999 and 0.999 from
the training and testing processes.

o The AAPE was less than 2% in the Artificial Neural Network model.

o The ANN Model produces an empirical correlation validated with unseen
data and results in the correlation coefficient between the actual and the
estimated water saturation values was 0.91 with an AAPE of 6%.

This study showed the capabilities of machine learning techniques to estimate
the water saturation from the conventional well logs with a goodness of fit

correlation coefficient (R) of 0.999—0.999 and an accuracy error of about = 6%.
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