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ABSTRACT

Full Name : Hussain Ali Alhamood

Thesis Title : Machine Learning Prediction of NMR Porosity in Carbonate
Reservoirs

Major Field . [Petroleum Engineering

Date of Degree : [June 2024]

Porosity is an important petrophysical measurement that provides general evaluation to the
hydrocarbon reservoirs. The number of studies for porosity prediction is an indication for
its importance. Major percentage of porosity in sedimentary rocks exist in carbonate rocks.
The pore system in carbonate rocks is very complex due to the existence of different pore
sizes and rock geometry. This complexity creates challenges in the prediction of porosity
in carbonate reservoirs. The common data sources for porosity prediction are mainly core
samples and well logs data. The comparison between the well logs data illustrates a clear
advantage for NMR tool in porosity prediction over the other porosity tools as NMR
porosity is independent of lithology of the rock formation. NMR porosity tool principle is
the estimation of the existing hydrogen atoms from the fluids in the pore space.

This research is applying machine learning techniques to predict the total porosity
estimated from Nuclear Magnetic Resonance (NMR) tool. 19735 data points from
conventional well logs were used as the original set of data for this research. The data set
is extracted from numerous wells that were drilled in an oil field located in the Middle East
and the covered zone of the logs is identified to be from carbonate reservoir. Initial and
focused data evaluation was conducted to assess the quality of the data and eliminate the
outliers and invalid data points. A total of ten (10) machine learning algorithms were used
to develop several machine learning models for total NMR porosity prediction. Additional
stages of tuning and optimizing to the machine learning models were applied to enhance
the results. The developed machine learning models’ evaluation criteria are correlation
coefficient (R), average absolute percentage error (AAPE), and root mean square error
(RMSE).

Xiv



The two machine learning algorithms random forest regressor and gradient boosting
regressor delivered high accuracy result for the prediction of NMR porosity. The developed
models for the algorithm have delivered prediction accuracy that reaches 97% with minor
perdition error values. This solution can provide an alternative technique for the prediction
of porosity in carbonate rocks and reduce the dependency on the traditional method of
porosity prediction. Additional outcome of the study is a simplified workflow for utilizing
machine learning algorithm to predict the total NMR porosity specifically and the
petrophysical parameters in general.

This research supports the utilization of machine learning models to predict NMR porosity.
Moreover, it is an indication for the validity of using machine learning to estimate the

petrophysical parameters in carbonate reservoirs and the petroleum industry in general.
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CHAPTER 1
INTRODUCTION

This chapter introduces the problem, the causes, and the motivation of the research. In

addition, defines key terms and explains the methods used to conduct the research.

1.1 Problem Statement

Carbonate reservoirs are one of the major reservoirs in the petroleum industry, and
understanding their properties and behavior is crucial for successful reservoir exploration
and production. The prediction of porosity in carbonate reservoirs is challenging due to the
variety of pore sizes and rock geometries. Nuclear Magnetic Resonance (NMR) logs can
provide a solution for porosity prediction with accurate measurements as NMR porosity is
lithology-independent. However, the high cost and time requirement of NMR logging often

led to the selection of other, less accurate prediction methods.

1.2 Research Objective

This study aims to develop a machine learning model to predict NMR porosity in carbonate
reservoirs from conventional well logs (gamma ray, neutron porosity, photoelectric log,
and density logs) with high accuracy. This will provide an alternative, cost-effective, and

time-efficient method for porosity prediction, eliminating the need for NMR logging.



1.3 Significance of the Study

Nuclear Magnetic Resonance (NMR) logs are widely recognized as the most accurate
method for measuring porosity in carbonate reservoirs, providing invaluable reservoir data.
However, their high cost and time-consuming nature limit their widespread application.
Consequently, there is a growing need for alternative methods that offer comparable
accuracy but are more cost-effective and time-efficient. Machine learning models trained
to predict porosity from conventional well logs emerge as a promising solution, potentially
replacing NMR logs and providing accurate measurements of total porosity in carbonate

reservoirs.

1.4 Scope of the Research

The research included the following stages:

- Gather the necessary well data, which includes Gamma Ray, Caliper, Neutron
Porosity, Density, Resistivity, and Sonic well logs. Additionally, lithology
measurements might be included to verify the associated conditions of the
reservoir.

- Prepare and re-arrange the collected data into a unified, tabular format suitable for
machine learning model consumption.

- Conduct a comprehensive exploratory data analysis.

- Apply feature engineering analysis and classify the available features.

- Develop machine learning models to test the different methods.

- Evaluate the models and select best performing model based on pre-defined

evaluation metrics.



1.5 Carbonate Rocks

Carbonate rocks are type of sedimentary rocks that are mainly composed of carbonate
minerals. The types of the carbonate rocks are classified based on the contained minerals.
The first type is Limestone, which is mainly composed of the carbonate minerals calcite or
aragonite (CaC0O3). The second type of carbonate rocks is Dolomite rock, which is known
as Dolostone, and the main component for this rock is the carbonate mineral dolomite
[CaMg(C03)2] [66]. Also, a mixture of fine-grained calcite with terrigenous mud creates
Marl, which might contain aragonite and dolomite. Carbonates rocks are mainly formed as
a result of biological and biochemical processes that include fossils accumulations and
encrusting organisms. Also, some inorganic processes such as calcite precipitation from
seawater can form calcite coating or cementation. This usually takes place in shallow warm
marine environments, where the suitable conditions of temperature, pH, and ion
concentrations are available [97].

1.5.1 Porosity

Porosity is the petrophysical parameter that measures the ratio of the void space volume to
the total volume of the formation [Eq.1]. Different fluids including gas, oil, and water can
occupy the void space of the formation. Formations with large void space volumes have
the ability to store high volumes of fluids. This is an indication of the porosity
measurements with the formation as the fluids’ volumes are higher in the formations with
high porosities. This means that porosity is a key parameter to quantify the number of
stored hydrocarbons with the formations. Since hydrocarbon production is one of the main

objectives for formation analysis, then porosity can be used as an indicator for formation



evaluation [42]. Besides that, the formation lithological facies can be identified and

classified by using porosity data as porosity ranges varies based on the type of rocks. [54].

Pore Volume

Porosity = Bulk Volme [Eq- 1]
_ Y Eq.2

¢ = v [Eq. 2]

Where:

¢: Porosity

Vp: Pore Volume

Vg Bulk Volume

Porosity

Formation Rocks

Figure 1: Porosity definition demonstration




1.5.2 Total Porosity

Porosity is classified based on the time of void space formulation within the rock into
primary and secondary porosities. The primary porosity can be identified as the associated
porosity with the rock deposition or formation. The secondary porosity is defined as the
formed porosity after the process of the rock deposition such as vugular spaces and
fractures. Porosity also classified based on the contents of the pore space of the rock into
total and effective porosity. The total porosity is measured by calculating the ratio of the
total pore space in the rock to the bulk volume of the rock [Eq.3]. The Effective porosity
is calculated by subtracting the fraction of the pore space occupied by shale from the total
porosity. So, only pore spaces that store hydrocarbons are included in the calculations of

effective porosity.

bt = be + Ve X dsp [Eq. 3]

Where:

¢, Total porosity, fraction
¢.: Effective porosity, fraction
Vg, Shale volume, fraction
¢sn: Shale porosity, fraction

1.5.3 The Pore System in Carbonate rocks

The pore system in carbonate rocks is different than the pore system in other types of rocks,
where it is more complex in carbonate rocks. The reason of this complexity is the existence
of several pore sizes within the same rock as some carbonate rocks might exhibit variety
pore sizes. Besides that, the observed geometry of the pores in carbonate rocks is variable.

Moreover, the diagenesis processes such as precipitation, fracturing, and chemical



dissolution increases the complexity of carbonate rocks structures. The presence of these

conditions leads to creating very heterogeneous pore system in carbonate rocks [42].

The pore systems in carbonate rocks are classified into three (3) basic groups based on

Choquette and Pray classification, which are fabric selective, non-fabric selective, fabric

selective or not [Table-1]. The fabric selective porosity includes interparticle, intraparticle,

intercrystal, moldic, fenestral, shelter, and growth framework. The types of the non-fabric

selective porosity are fractures, channels, vug, and cavern. The examples of the third group

of porosity are breccia, boring, burrow, and shrinkage [Figure-2][37].

Generally, the porosity types of the fabric selective group are characterized as primary pore

systems. On the other hand, the non-fabric selective pore systems are usually classified as

secondary porosities [32].

Basic Porosity Type in Carbonate Rocks

Fabric Selective Porosity

Non-Fabric Selective Porosity

Fabric Selective or not

Interparticle, Intraparticle,
Intercrystal, Modlic, and
Fenestral.

Fractures, Channels, Vug, and
Carvern.

Breccia, Boring,
Burrow, and
Shrinkage.

Table 1: Choquette and Pray classification for pore systems in carbonate rocks.
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Figure 2: Examples of Choquette and Pray classification for pore systems in carbonate rocks.

“A New Genetic Classification of Carbonate Porosity and Its Application to Reservoir Characterization”
[64]

1.5.4 Porosity Measurements Methods

There are two common sources that are used to obtain the porosity data. These two sources
are core samples and well log data. A summary for the advantages and disadvantages of

the data sources is highlighted in table-2.

Method Advantages Disadvantages

Core e Most Representative High cost
Samples Difficult to maintain
Only cover short sections

Well Logs e Provides more data points Selecting the suitable correlation
Data Requires calibration with core
data

Table 2: Porosity measurement methods, their advantages, and disadvantages.
a. Porosity Measurement from Core Samples
There are several methods to measure porosity from core samples. Some examples of these
methods are Imbibition method, Mercury Injection method, and Gas Expansion method.
These methods are usually taking place in the laboratory. To measure the porosity from

core samples, the pore volume and the bulk volume of the core sample must be obtained.
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This requires the determination of some associated values such as sample weight, test fluid
density, or test fluid volume. The porosity results from core samples are considered to be
accurate. These results are typically reflecting the measurements of total porosity only [52].
The utilization of core sample as the source of porosity data is limited due to the high cost
of extracting the core samples. In addition, it is difficult to maintain the samples during the

process of core extraction and transportation.

b. Porosity Measurement from Well Logs

Well logs are the most common source for porosity data as the well logging process covers
large sections of the formation by a single log. Besides that, porosity data from well logs
can be attained at several stages of the well life. There are several logs that can serve the
objective of porosity data anticipation. These logs include density, sonic, neutron, and

nuclear magnetic resonance (NMR).

i. Density Logs

The main objective of the density logs is to obtain the formation bulk density. In addition
to the density measurement, the density logs are one of the well logging methods that can
be utilized to measure formation porosity. The main principle of density log is the
measurement of the reduced gamma ray that was sent from the tool source to formation.
The gamma rays with an initial known value travel from the tool radioactive source to the
tool detectors through the formation. During this path, the gamma rays are being reduced
by the interaction with the electrons in the outer shell. The returned radiation to the tool is
received either by the short-range detector or the long-range detector. The amount of the

reduced gamma ray is reflecting the formation bulk density, where the high density causes
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higher reduction of the gamma ray and low density shows low reduction of the gamma ray.
This means the reading of the gamma ray is inversely proportional to the reading of the
gamma ray at the receivers. From [Eq.4], the relationship between the formation bulk
density, the matrix density, and the formation fluid density can be obtained. The total

porosity can be acquired from the density measurements as showing in [Eq.5] [42/53].

pp = (1 = P)pma + ¢ps [Eq. 4]

Pma — Pp
¢ = —— Eq.5
‘ Pma — Pr [ ]

Where:

pp: Formation bulk density
¢;: Porosity

Pma: Matrix density

ps- Formation fluid density

Ii.  Neutron Porosity Logs

One of the methods that are used to estimate the porosity is the neutron porosity log. This
tool is used to predict the liquid-filled porosity, where the tool responds mainly to hydrogen
atoms in the formation. The concept of using the neutron porosity logs is sending high-
energy neutrons to the formation from a radioactive source. The released neutrons spread
into the formation and lose their energy by reacting with the hydrogen atoms. This leads to
create high-energy gamma ray, which represent the number of the hydrogen atoms in the
formation. As water and liquid hydrocarbons have the highest concentrations of hydrogen
atoms, this means that the zones with high porosity will show a low record of gamma ray.
Also, it will display a high record of gamma ray for the low porosity rocks. The cause of
this behavior is the required distance through the formation for the neutrons to lose their

energy by reacting with hydrogen. Moreover, the matrix rocks of the formation must be



defined before running the neutron porosity log as it is affected by the lithology of the
formation and it should be recalibrated if it was measured for different type of rocks. In
addition, the presence of gas in the formation leads to underestimate the porosity
measurements, where gas has low hydrogen concentration. On the other hand, shale
provides higher measurements of porosity due to the high volume of bond water within

shale rocks [53].

iii.  Sonic Porosity Logs

Sonic logs, which are known as acoustic log, measures the required time for an elastic wave
to transfer from the transmitter to the receiver. The use of this tool aims to predict the
velocity of the elastic wave through the formation, which will lead to estimate the porosity
of the formation rocks. As the measurements of the wave travel time increases, the porosity

of the rock’s increases [53].

The porosity of the rocks can be predicted from the chart of the transit time verses porosity,
where the resulted transit time of the sonic log tool will be used on the chart to determine
porosity. The use of the chart requires selecting the type of the tested rock. Also, the transit
time measurement is affected by the existence of gas as gas tend to slow the transfer of
wave, which will lead to overestimate of porosity. In addition, the sonic waves only
measure the primary porosity, where the sonic waves travel in the formation by selecting
the fastest path through the rock matrix. This means it will avoid the fluid contents,
fractures, and vuggs [9]. Moreover, the produced wave of the sonic log tool has higher

frequency than the seismic wave. This could lead to different results of the applications of
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the two methods [53].

iv.  Nuclear Magnetic Resonance (NMR) Porosity

The Nuclear Magnetic Resonance (NMR) method is mainly used to predict porosity and
pore size distribution in the formation. The concept of this method is applying a magnetic
field on the hydrogen nuclei, where hydrogen exists abundantly in the fluids of the pore
spaces including water and hydrocarbons. In addition, hydrogen atoms have an odd number
of protons (*H) and they can produce the measurable signal by the NMR tool. The applied
magnetic field is stronger than the magnetic field of the earth by hundred times in order to
create measurable signals. The detected amount of NMR signal is directly related the

number of the magnetic moments that are responsible for generating the signal.

The process of the NMR well logging to predict porosity involves several stages, which
are known as the CPMG (Carr-Purcell- Meiboom-Gill) sequence. These stages are divided
based on the different rotation movements of the hydrogen protons. The two movements
created by the protons are spin and precession. Generally, hydrogen protons are randomly
aligned on different spin axes. At this stage, no measurable signal will be observed, as there
is no external magnetic influence. By applying an external magnetic field (B—O) from the
NMR tool on the hydrogen nucleus, the protons will be aligned and spin with respect to
the applied magnetic field. The NMR tool contains an antenna that sends Radio-Frequency
(RF) pulses into formation. These pulses are usually electro-magnetic pulses and they are
measured by Larmor frequency (v,). The generated field is called (B—l) and it aims to create

distribution of the aligned protons. The caused motion of the pulses is perpendicular (in
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the z-axis) to the magnetic field (Eg) and it is known as precession. By removing implanted
RF pulses, the hydrogen protons will try to retain their equilibrium states. In order to
describe the effect of the applied forces on the hydrogen atoms, (2) two relaxation
mechanisms have been obtained. These two relaxation mechanisms are called T1 and T2,

respectively. The T1 relaxation mechanism is used to estimate the required time to have all

hydrogen protons magnetized (net magnetization) and aligned with the magnetic field (ES).
The T2 relaxation mechanism measures the cumulative time for a series of echo decays
during the phase-out of the applied magnetic field into the x-y plane. T1 and T2 relaxation
times are depended on the fluid properties, formation rock matrix, and well structure. By
estimating the relaxation mechanisms, the porosity of examined rocks can be interpreted

[18].

v.  Well Logs Comparison

Each type of these well logs work based on different principles and it has different
requirements. [1]. Table-3 display the list of these well logs data, their requirements, the
advantages, and disadvantages.
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Well Log Type

Required Data

Advantages

Disadvantages

Density Logs

= Matrix
density
Fluid density

Low impact in
formation gas
presence

Shallow investigation
depth

Impacted by wellbore
washouts

Sonic Logs

Matrix transit
time

Fluid transit
time

Well-compensated
for environmental
effects

Depth of investigation
highly dependent on
formation compactness

Neutron Porosity
Logs

Lithology
Calibration

Used in cased hole
Detect formation
gas presence

Requires lithology
calibration

Highly impacted by
borehole conditions
(size variation)

Nuclear
Magnetic
Resonance
(NMR) Logs

Hydrogen
index

Lithology
Independent

High cost

Requires long time
Might be impacted with
speed run of the tool

Table 3: Well logs type, their requirements, advantages, and disadvantages.

In addition, figure-3 demonstrates the different usage of the measurement methods to

estimate the total and effective porosity. Besides that, it highlights the limitations of these

methods, where the measurements of total and effective porosity might be overestimated

or underestimated due to certain conditions of pore sizes, type of fluids, or the formation

rock types. These limitations can be resolved by using Nuclear Magnetic Resonance logs

as they are lithology independent and they use hydrogen index to estimate the porosity. So,

by using NMR tool, the capillary water, bound water, and structural water measurements

can be estimated [101].
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Figure 3: Total and effective porosity measurement methods [101].

This comparison between the well logs data demonstrates a clear advantage of NMR tool
in porosity prediction for carbonate rocks over the other well logs tools. The reason for this
preferability is the indecency of NMR porosity measurements from the lithology of the
formation rocks. Although NMR logs are the favorable method in prediction of porosity in
carbonate reservoir, it cannot be used in the porosity measurements for all wells. This due

to associated high costs and the long time for NMR logging procedures.
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CHAPTER 2
LITERATURE REVIEW

2.1 Literature Review of Porosity Prediction

During the last decade, there were many studies for porosity measurement. The studies
were discussing different factors that affect the porosity such as the formation type,
environmental conditions, source of data, and analysis tools. Since the research methods
have enhanced with the innovation of new technologies, the study of porosity prediction
has been improved significantly. Below are some of these studies and their focus research

area.

2.1.1 Timur Empirical Correlation, 1972

Timur research was established based on the estimation of the pore space volumes that are
occupied by the moveable fluids, which are the fluids that can be extracted from the
reservoir by applying the required production mechanisms. The research was investigating
the relationship between the producible porosity (¢») and the free fluid index (FFI), which
is measured by using spin-echo nuclear magnetic log (NML) apparatus in the lab. The
initial study was applied in laboratory for sandstone samples and it provided good matching
between the producible porosity (¢p) and the free fluid index (FFI) in percent of bulk
volume. After that, the developed model was tested on carbonate rocks samples with
different pore space volumes in order to measure the total porosities of the rocks. The
carbonate rock samples consisted from divergent ratios of limestone and dolomite, but they

did not exhibit any major clay volumes. Similarly, the FFI for the carbonate samples has
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been estimated by using NMR data and it was utilized to predict the total porosity. The
experiment led to the empirical equation [Eq.6], which was used to compare the measured
porosity from the rock samples with the predicted porosity from FFI. The outcomes of
these analysis delivered excellent matching, but it cannot apply to all pore sizes. The
limitation of this method is the underestimation of porosity in very small pores, which
provides relaxation time reading of less than 15 msec. Besides that, these results have been
obtained from laboratory experiments at specified conditions and it only confirms the

results for a small selected sample of data [95/96].

¢ = 14FFI + 03 [Eq. 6]

2.1.2 Magnetic Resonance Imaging Logging (MRIL) by Miller et al.,
1990

In 1990, Miller et al, have presented the magnetic resonance imaging logging (MRIL) tool.
The objective of tool testing was delivering on site analysis for NMR logs. Also, the tool
was able to provide continues reading NMR relaxation times directly from the borehole.
The tool reduced to the requirements of formation lithology analysis as it provides lithology
independent porosity measurements. The results of testing MRIL was compared to the
porosity measurements from core samples and conventional logs including density and
neutron porosity logs for sandstone and limestone. The outcome numbers of porosity were
providing good match with other measurements methods with minor differences in
sandstones sections. This research has confirmed the capability of using NMR signals in
porosity prediction in different formation types. A constrain the need to be considered is

not receiving the signals from clay, which does not produce measurable MRIL signals [68].
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2.1.3 Combinable Magnetic Resonance (CMR) by Chang et al., 1994

The combinable magnetic resonance (CMR) tool was introduced in 1994 by Chang et al.
The tool was tested in order to overcome the issue of measuring reservoir parameters in
carbonate formation from resistivity logs. The challenge of carbonate reservoir was mainly
caused by the variety of pore sizes, where it ranges from microporosity to vuggy porosity.
Moreover, the lithology identification limits the capability of conventional logs in very
heterogenous reservoirs. The experiment of the CMR tool was conducted on the porosity
range of 0 to 25 p. u. in very complex carbonate formation, where it consists of a texture
range from mudstone dolomite to grainstone dolomite with the existence of anhydrite and
silt layers across the formation. The porosity measurements from the CMR tool were
compared with NMR porosity from core samples analysis in the lab. The results are
provided corresponding plots between the two methods with 1.4 p.u. higher measurements
for NMR porosity. Besides that, the CMR was not able to identify the microporosity in the
intervals of slit that provides less 1 msec reading for the relaxation time T2. This means it
only provide the measurement of effective porosity in these intervals and cannot detect the

zones of residual oil in the formation [30].

2.1.4 NMR from Pore Size Distribution by Prammer, 1994

Prammer was aiming to expedite the process of NMR analysis to predict from NMR logs
directly at the well site. He presented the idea of estimating the reservoir porosity and
permeability from the distribution of the pore sizes in 1994. The principle of this method
is the interpretation of T2 relaxation spectra from NMR logs, where the distribution of

spectrum values over the pore spaces in the bulk volume was investigated. In this study,
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the reading from the relaxation spectrum T2 values were suggested to be averaged over the
total pore sizes of the bulk volume. The test was conducted under the assumption that the
pore spaces are filled with single fluid with uniform diffusion effects in the pore spaces,
where the test is only considering water wettability. The research provided appropriate
results where the controlled conditions are applied, but it exhibits major results discrepancy
in the sections that contain more than one fluid. Moreover, this method cannot be
implemented with areas of high content or the formations with significant pore size
distribution. This means that the method cannot be utilized in carbonate reservoirs, where

the pore systems is considered very complex [76].

2.1.5 Integration of NMR and Conventional Logs by Georgi et al., 1999

The evaluation of the reservoir petrophysical parameters by the integration of NMR data
and conventional logs was conducted by this study in 1999. The main objective of the study
was to reduce the dependency on core analysis in NMR logs interpretation and improve
formation evolution of the shaly sand zones. In addition, the research highlighted the
impact of the reservoir conditions on the decay profile of NMR T2, where NMR logs are
lithology independent but it can be changed by the pore fluid viscosity and diffusivity. An
initial analysis for the T2 decays was used to distinguish the effective and total porosity
based on the used range of NMR T2 profile. In addition, the study stated the classification
for the effective porosity by using T2 cutoff, where it is divided to bulk volume irreducible
water (BVI) and bulk volume free fluid (BVM). The integration with neutron density logs
managed to predict the total porosity and resolve the issue of missing NMR data interpreted

for clay bound water. A comparison with core sample analysis indicates the NMR
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integration with conventional logs can assist in the process of reservoir characterization by

correcting the NMR data due fluid properties effects [50].

2.2 Machine Learning in Petroleum Engineering

There are many challenges in the petroleum industry that requires the utilization of machine
learning. In recent years, the implementation of machine learning in petroleum applications
has increased. The number of Al published studies, which have been completed by the
petroleum engineers, highlights the importance of machine learning in oil and gas fields.
The studies aim to provide quick solutions by applying simple methods with high accurate
results. Some examples of these studies are reservoir simulations, production prediction,
and reservoir characterizations [3]. Several studies were targeting the prediction of porosity
using the machine learning approach. Below are some examples for the researches that

discussed the prediction of porosity.

2.2.1 Prediction of Porosity using Hybrid Computational Intelligence
Models by Anifowose et al., 2010

This research was aiming to predict the properties of porosity and permeability in oil and
gas reservoirs with high accuracy using. The approach that was used in this research is the
combination of two or more machine learning models with different machine learning
techniques. This approach is known as Hybrid Computational Intelligence (HCI). The
objective of this approach was to enhance the prediction capabilities of the models and
provide highly accurate results. The machine leaning models that were tested in this paper

was the combination of Fuzzy Logic (FL) type-2, Support Vector Machine (SVM), and
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Functional Networks (FN). The input data in the research for the porosity prediction are
well log data from drilling site in North America. The best results for the testing of this
study have exceeded 0.94 for the correlation coefficient (R?) and 2.80 for the root mean
square error (RMSE). The study demonstrated the capabilities of an individual case of high
computational assets. Besides that, the study did not include the conditions of the reservoir

and the type of rocks utilized for the porosity prediction [17].

2.2.2 Predict the Nuclear Magnetic Resonance Porosity of the
Carbonate Reservoir by Mustafa et al., 2022

The paper is discussing the results of predicting NMR porosity in carbonate rocks using
machine learning method. It illustrated the challenges in measuring porosity in carbonate
reservoirs by traditional methods and demonstrates the advantages of NMR porosity. It
suggested the utilization of conventional well logs data such as Gamma Ray, Sonic log,
and neutron porosity in machine learning model to predict NMR porosity. Different
machine learning algorithms were tested in this paper such as ANN and ANFIS. The model
has used more 3500 data points and produced the result of 0.94 for the correlation
coefficient (R2), 0.39 for the root mean squared error (RMSE), and 5.09% for the average
absolute percentage error (AAPE). More enhancements to the study results will lead to
more sustainable method to predict NMR porosity, more reliable approach to predict

porosity in carbonate reservoirs [19].

2.2.3 Machine Learning Based Prediction of Porosity from Varg Field
by Andersen et al., 2022

This study was evaluating the porosity prediction in Varg field, Central North Sea, using
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machine learning. The applied machine learning technique for this research was Least
Square Support Vector Machine (LSSVM). The study has used the well log data including
Gamma Ray, self-potential, sonic, bulk density, neutron porosity, deep and medium
resistivity, and caliper logs as the inputs of the model. The study highlighted that the
evaluated data are obtained from sandstone reservoir. The split of the data set in this
research was (90%) for the training data and (10%) for the testing data. The high percentage
for the training data set might lead memorizing the data values within the model. This
might lead to overfitting status, where the results of the model are overestimated. The

provided results from the research are 0.79 for the correlation coefficient [15].

2.2.4 Machine Learning for Estimating Petrophysical Properties of
Carbonate Rocks Using NMR Core Measurements by Farmanov et al.,
2023

The objective of this research was generating correlations to predict the petrophysical
properties including porosity, permeability, and irreducible water saturation in carbonate
reservoirs. The concept of the study is the comparison of NMR measurements and core lab
results. Several machine learning methods were tested in this study including decision
trees, ANN, and random forest. There were two sub-cases within the study, where T2
spectrum was used as input in one case and feature extraction was used in the second case
to obtain the model’s inputs. The results for the porosity prediction by deep neural network
were showing the correlation coefficient (R?) of 0.87 for the first case and 0.74 for the
second case. The study depends on the availability of core measurements and NMR log
data. There might be lack of accessibility to these sources of data in many cases of reservoir
petrophysical analysis, which is considered as an additional challenge. Moreover, further

analyses are required to deliver more improved results [44].
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CHAPTER 3
METHODOLOGY

3.1Introduction to Artificial Intelligence (Al)

Artificial intelligence can be defined as the ability of digital machines and computer
systems to perform and handle tasks that requires human judgment and involvement.
Generally, the objective of Al studies involves problem solving, reasoning, planning,
classification, and natural language processing. For this purpose, Al has been tested and
implemented in many industries such as medicine, marketing, transportation, education,

and other industries that can be optimized by using Al [35].
3.2Machine Learning

Machine Learning is the science of the Artificial Intelligence (Al), where the machines
(computers) utilize the data in order to find a solution for a suggested problem. On the
contrary of normal programming, the computers in machine learning models are enabled
to use algorithms and statistical models to learn and complete certain tasks without direct
programming. There are several machine learning algorithms that can be applied to handle
different types of problems. For example, the machine learning models can be applied in

order for classification, prediction and regression problems [51].
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3.2.1 Training in Machine Learning

a. Artificial Neural Network (ANN)

Artificial neural network (ANN) is one of the machine learning tools that provide the
capabilities of solving complex and scientific problems. The general principle of ANN is
dividing multipart data structures into minor sets of data, where each data set is handled
separately to provide a specific solution and results will be combined to produce a
cumulative solution for a problem. Typically, ANN contains three (3) layers, which are the
input, output, and hidden layer. Each layer is consisted of smaller units that are called
neurons, which are connected to the neurons of other layers by specifying the function of
connection. Besides that, a weight for each input parameter is assigned to evaluate its
impact in the network. The weight of each parameter will be adjusted by passing each node
(neuron). The objective of the weight adjustment is to match the model output values with
the target values by minimizing their differences after passing each node. The weight
adjustment is conducted by applying mathematical activation functions. Also, there are
functions that aims to identify the best group of model parameters that helps to match the
target values, which are known as solver functions. Moreover, other model parameters that
can be used to enhance the model capabilities to predict the target values such as number
of hidden layers, model learning rate, and the maximum number of iterations in the model.

Figure-3 demonstrates the structure of a simple ANN model [72].
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Figure 4: Simple ANN model structure

I.  Multi-Layer Perceptron (MLP) Regressor

Multi-Layer Perceptron (MLP) Regressor is one of the ANN common types that is used to
predict continues output variables (regression problems). Similar to ANN, MLP contains
three (3) input, output, and hidden layers. The architecture of MLP usually transfers the
singles in one direction of the network from the input layers towards the output layers
passing through the hidden layers. This architecture is known as feedforward neural
network, which means that assigned weight for each parameter will be adjusted at each
node (neurons) without looping any output from the nodes. Thus, the values will not go
through the previous layer of the network again. There are many activation functions and
solver functions that can be used to train within the MLP models. Some examples of the
activation functions are Rectified Linear Unit (ReLU), Hyperbolic Tangent Function
(tanh), and Sigmoid Function (Logistic). Examples of the solver functions that can be
applied within the MLP model are Stochastic Gradient Descent (SGD), Adam, and LBFGS
(Limited-memory Broyden-Fletcher-Goldfarb-Shanno). [75]. In figure-4, a simple

structure of MLP model is illustrated.
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b. Decision Trees

Decision tree is a type of the supervised of machine learning methods that can be utilized
to find solutions for classification (discrete output values) and regression (continuous
output values) problems. This method links the features (model’s inputs) to target variable
(model’s outputs) by splitting the features into set of nodes based on answers (“True” or
“False”) for set of questions. The questions are created by the model using information
from the model’s inputs. The answers of the questions provide decisions to the models.
These decisions from the first set of questions will be used as inputs to a second different
set of nodes to create new decisions. There are model parameters that administrate the
decisions from each set of questions such as splitter, specifies the splitting mechanism, and

criterion that select the function to evaluate the quality of the splitting [103].

The splitting steps of will be repeated by the model to reduce the differences between the
model’s inputs and outputs to predict the nearby results. Repeating these steps will create

a model structure similar to the tree structure. For this reason, the decision tress models are
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using terms like Root Nodes, Decision Nodes, Branches, and Leaf Nodes to describe the

different parts of the model [77]. The components of a decision tree model are displayed

in figure-5.
Model’s Input
(Root Node)
“\_False
Branch Splitting
Decision Node
False False
Splitting ; Splitting
Decision Decision Decision Decision
Node Node Node Node
N |
..\ False ! False
Splitting ! Splitting

/" Leaf Leaf Leaf Decision Decision
\_ Node Node Node Node Node
Leaf Leaf
""""""""""""""""""""""""" ‘ Node Node

Figure 6: Components of Decision Tree model.

¢c. Random Forest

Random Forest is a machine learning method that was developed based on the concept of
decision trees. Random forest creates several decision trees within the random forest model
in order complete the training. Normalization will be applied to the results of these decision
trees and single result will be provided from each decision tree. This normalization step
will contribute to the elimination of overestimating the model results (overfitting), which
is a limitation in the decision tree method. The random forest method can be applied to
predict a class for classification problems or a value for regression problems. The single
result (output) in the classification problems will be the mode of classes. On the other hand,
the mean average will be the results of the forest random model in regression problems
[24/ 84]. Figure-6 demonstrate the extension of decision trees to construct a random forest

model.
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Figure 7: Simple Radom Forest Model.

d. Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised machine learning method. SVM method
aims to create a hyperplane dimensional space with the N number of dimensions, where N
is the number of the model’s inputs (features). This will lead to classify the data points into
separate groups based on selected kernel functions such as sigmoid, radial basis function,
and polynomial kernel functions. The SVM model will try to allocate the hyperplane that
provides the biggest differences between the groups of data points. The ability to separate
data points into different classes indicates to the effectiveness SVM in classification
(categorization) problems as it can creates a hyperplane space with large number of
dimensions. Although SVM is very effective in classification problems, but it can be used

to predict values from regression problems [7/ 17].

e. Gradient Boosting

One of the machine learning techniques is Gradient Boosting. The Gradient Boosting
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method helps to enhance the machine learning models’ accuracy and prediction
capabilities. The concept of the Gradient Boosting is improving the performance of the
machine learning model by adding new models to enhance the prediction of regression or
classification problems. The new models, which are commonly decision tress models, work
to reduce the resulted bias errors from the initial models. By repeating this process, the
Gradient Boosting algorithm can achieve better prediction results and low model errors
from the first models, where the predictions from all the models are combined and each
model is weighted according to its results. In addition, some training factors might be
applied to adjust the models” weights during the training process. One of the properties of
using Gradient Boosting algorithm in machine learning models is minimizing the
overfitting of models results, where several regularizations are implemented within the
model [49]. Figure-7 demonstrates the relationship between reducing the models’ error

with the number of iterations by using the gradient boosting technique.
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Figure 8: The relationship of models’ error and number of iterations using Gradient Boosting [55].
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I. eXtreme Gradient Boosting (XGBoost)

eXtreme Gradient Boosting (XGBoost) is an optimized machine learning algorithm of the
gradient boosting technique. The objective of using this algorithm is to enhance the
machine learning model speed and capabilities to find the solution of regression and
classification problems. The initial machine learning models used in XGBoost algorithm
are typically decision tress. One of the benefits of using XGBoost algorithm from the
common Gradient Boosting technique is reducing the results overfitting, where several
techniques are implemented with XGBoost algorithm. In addition, XGBoost algorithm can
provides more flexibility to change algorithm parameters as well as validating the model
results at each iteration (cross-validation). Moreover, the XGBoost machine learning
algorithm can expand the investigation of positive results into deeper models of decision

tress than Gradient Boosting algorithm [48].

ii. eXtreme Gradient Boosting Random Forest Regressor
(XGBRFRegressor)

Another algorithm that was developed based on the Gradient Boosting technique is
eXtreme Gradient Boosting Random Forest Regressor (XGBRFRegressor). The
XGBRFRegressor applies the same concept of Gradient Boosting technique and includes
the specifications of random forest algorithm. So, the initial models in this machine
learning approach will be decision trees, but will be trained using the random forest
algorithm. This combination can be used to handle data sets with many features to enhance

the results and reduce the overfitting results [102].
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ii.  Light Gradient Boosting Machine Regressor (LGBMRegressor)

Light Gradient Boosting Machine Regressor (LGBMRegressor) is another algorithm that
implements the Gradient Boosting technique. This algorithm was developed to overcome
the challenges of handling big data sets for machine learning studies. This algorithm is the
favorite choice is the situation of limited computing resources, where it can add speed and
efficiency to the learning process. The LGBMRegressor can deliver high accuracy results
as it has smaller splitting range (leaf-wise) and deeper investigation depth. This could lead
to overfitting results in some cases, where the splitting range might be too small for

splitting [47].

3.2.2 Clustering Algorithms

The clustering analysis is one of the used methods to improve the results of the machine
learning models. The process of clustering the data aims to classify and distribute the data
into groups based on the similarities of the different data points. By combining the similar
data points into one group, the process of identifying the group will be easier as the model
will handle the data based on the group level instead of the data point level. This means
that the model will analyze the data that contain similar structures and patterns as one
component, which will ease the process of identifying the data [92]. In addition, the
clustering analysis will improve the performance and accuracy of the machine learning
process as it will help in expending the learning process and eliminating some choices
within the data identification. Moreover, the number of groups for the clustered data, which
known as the number of clusters, can be used as additional feature (input variables) for the

machine learning model [71]. There are several clustering algorithms that can be used to
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classify the data. Each of these algorithms apply different concept in separating the data

points into groups.

a. K-means Algorithm

The K-means algorithm is one the clustering algorithms that are used for data clustering as
part of the machine learning analysis. The applied concept of clustering the data in K-
means algorithm is classifying the data into selected number of clusters, which are defined
as K clusters. The number of clusters must be selected before clustering the data points.
The number of clusters represents the number of centroids. The centroid is the mean
distance between the data points in each group. By implementing the K-means algorithm
for one time on the data points, each data point is assigned into the nearest centroid. The
group of data points that have been linked to a specific centroid are identified as one cluster.
After that, the process will be repeated by allocating new centroids, which represents the
new mean distances. This will lead to re-assigning the data points to the new nearest
centroids, which will update the number of data points in each cluster. In order to approach
the most suitable classification for data points into nearest centroid, the process of re-
assigning the data points is repeated until no change in the classification. In figure-8, an
example of clustering the data at the initial cluster selection and the changes of clusters
after several at iterations using K-means algorithm is demonstrated. There is an issue with
using K-means algorithm to cluster the data points, where the initial selection for the
number of clusters is arbitrary. By choosing a different number of clusters, the clustering
results will be different. Besides that, K-means algorithm is not sufficient for outliers’

elimination, which impact the clustering process. [92].
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Figure 9: K-means data clustering at different iterations [104].

b. DBSCAN Algorithm

The Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm is
another algorithm that can be used for data clustering prior to the machine learning process.
This algorithm works to separate the different data points into clusters based on density.
This means that the data points are separated into groups based on the number of data
points, where the groups of high number of data points are highlighted as dense areas. The
centers of the clusters in DBSCAN are data points that are characterized by specified
criteria. These points are highlighted as core points. The core points must have a minimum
number of data points (including itself) within the specified distance to be labeled as core
points. The minimum number of points is defined by the min_samples parameter and the
distance are defined by the eps parameter. The points within a neighborhood of a core point
are known as boarder points. In the case of having a data point that does not apply the
criteria of core point nor considered as boarder point, it be labeled as noise point. This
means it is a cluster outlier and it will be eliminated, which is considered an advantage for

DBSCAN clustering over other algorithms such as K-means. Figure-9 provides a simple
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example for clustering the point based DBSCAN algorithm. By repeating the process to
with unlabeled data points, new core points, boarder points, and noise points will be
highlighted. The DBSCAN clustering will be completed once no more points are added to
core points or boarder points. Similar to K-means algorithm, the number of clusters must
be selected to distribute the data among the clusters. In addition, this technique might not
be accurate once handling data points with many features (input variables) as the

investigated range of each feature is different from the others [41].
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Figure 10: A simplified example of DBSCAN data points clustering [106].

c. Affinity Propagation Algorithm

Affinity Propagation Algorithm is unique method of data clustering. Unlike K-means and
DBSCAN algorithms, Affinity Propagation Algorithm does not require a specification for
the number of clusters. The Affinity algorithm will initially select different data points to
represent the clusters. These data points will be called exemplars. After that, the concept
of exchanging messages between data points to evaluate the quality of the selected
exemplars to represent the cluster. With iterating the process, the data points with the best
quality of being exemplars will be identified and the number of clusters will be decided.
Figure-10 display the different stages of selecting the exemplars and unselecting with more

iterations. Affinity Propagation Algorithm can be very sufficient is data clustering in some

33



cases, but it might not deliver the best clustering results in other cases as the algorithm is
very sensitive the parameter selection. Besides that, it will require high computing

resources to evaluate the exemplars selection in large sets of data points [45].
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Figure 11: Assigning exemplars and modifying the selection in Affinity Propagation clustering [40].

d. BIRCH Algorithm

The Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) can overcome
the issue of clustering large sets of data. In order to handle data with many features, BRICH
applies the conception of Clustering Feature (CF), Subcluster Features (SF), and CF tree,
where CF is a small part of the data that provides a summary of the whole data set and SF
are smaller parts of the clusters. This means that BIRCH depends on some statistical
calculations to represent the cluster. These calculations include the number of data points

in the cluster (N), the linear sum of the points (LS), and the sum of the squares of the points
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(SS). The first step of the BIRCH clustering is to initiate the CF tree with hierarchical
structure, where each node of the tree is representing a cluster. After that, the CFs and SFs
will be injected to the CF tree and the tree structure will be evaluated. In order to maintain
a stable tree structure, nodes might be split into new node or merged into one node. This
process will be under a continuous evaluation for the clusters to check for the possibility
of clusters merging or the need of creating clusters. The clustering process will be
completed once all data points are assigned into a cluster. This method of data clustering
requires accurate selection of algorithm parameters as they might highly impact the

clustering results [56/94].

e. Mean Shift Algorithm

Another algorithm that is used for data clustering is the Mean Shift algorithm. This
algorithm tries to allocate the areas of higher density from the data points. The beginning
of the clustering process, the algorithm handles each data point as a cluster. This means
that the number of clusters is not required as input parameter for the algorithm, which is
considered as advantage over some algorithms. The density of each cluster (data point) will
be evaluated using Kernel Density Estimation function. The objective of this step is to
determine how dense the accumulation of data points with regards to the selected clusters
centroids. After allocating the centroid of each cluster, the cluster centroid will be shifted
in the direction of areas with higher densities. In order to determine the magnitude and the
direction of the movement, the mean shift vector for the data points is calculated. The
calculations will measure the mean of differences between the data points and their

neighbors of points based on the evaluation of Kernel Density function. These steps will

35



be repeated and the data points will continue their shift until the convergence stage, where
the data points show no movement in their positions. Once the convergence stage is
achieved, the number of the clusters will be determined based on the points distributions.
Determining the most suitable number of clusters can be achieved efficiently by using the
mean shift algorithm. On the other hand, the iteration of shifting the data points might be
suitable for small data sets, but time consuming and requires highly computing resources

for large data sets [34].

3.2.3 Hyperparameter Tuning

The machine learning models usually consist of multiple parameters and hyper-parameters.
The parameters are the internal variables within the machine learning models, which are
being modified during the models’ training in order to reduce the error values between the
actual the predicted values. Some examples of the model parameters are the weights and
biases [22]. On the other hand, hyperparameters are constant variables of the training
algorithm that are set before the beginning of the training stage in order to control the
training process of the machine learning model. This means that the hyperparameters are
not impacted by the data itself, but selecting the most suitable hyperparameters can
improve the performance of the machine learning models. Each training algorithm has
different set of hyperparameters. Changes in hyperparameters might increase or decrease
the performance of the machine learning models. In order to achieve the best results of the
models, the best combination of hyperparameters must be selected. The process of
choosing the best hyperparameters is known as hyperparameters tunning or model

optimization [79].
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CHAPTER 4
DATA ANALYSIS AND REVIEW

4.1 Data Description

Two sets of conventional well logs were used the original set of data for this study. The
first data set contains 14045 data points and the second data set contains 5802 data points.
Both data sets are extracted from numerous wells that were drilled in an oil field located in

the Middle East. Below is a brief description for each data the two sets.

- Data Set number 1:

The first data set consist of 14045 data points (112 data points were removed due to
incorrect readings of Gamma Ray). The covered zone of the logs is identified to be from
carbonate reservoir. The set of data includes depth, gamma ray, caliper, neutron porosity,

photoelectric, density, and nuclear magnetic resonance logs.

- Data Set Number 2:

The second data set includes 5802 data points. This set of data has additional information
than the first data set. Beside the measurements of depth, gamma ray, caliper, neutron
porosity, photoelectric, density, and nuclear magnetic resonance logs, the second data set
has the readings for the followings:
I Resistivity logs:

a. Deep Laterolog (LLD).

b. Shallow Laterolog (LLS).

c. Mean Spherical focused Log (MSFL)
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Gamma Ray:
a. Potassium (POTA).
b. Uranium (URAN).

c. Thorium (THOR).

Sonic log:
a. Compressional wave traveltime (DTC).

b. Shear wave traveltime (DTS).

Lithology:

a. Anhydrite volume (AHYD)

b. Calcite Volume (CALC)

c. Dolomite Volume (Dolomite)

d. Chlorite Volume (FECHLORITEVOLUM)
e. Gypsum (GPSM)

f.  llite Volume (Illitevolume)

g. K-Feldspar Volume (KFEL)

h. Montmorrilonite Volume

i. Pyrite Volume (PYRT)

J.  Quartz Volume (QRTZ)
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The lithology data points in second set were utilized to identify the reservoir rock type. As
displayed in figure-12, the presence of calcite through the whole tested zone is an indication
of carbonate formations. This is supported by several thin layers of dolomite that are
observed in the tested zone. The availability of quartz indicates to the fine-grain size of the
rocks. In addition, there is a major presence of montmorillonite and illite, which suggests
the potential for shale or mudstone. The combination of these minerals with the inspected

proportions leads to the classification of sand-rich carbonate rocks for the reservoir.

Cumulated variables
a 1

QRTZ

Figure 12: Lithology measurements for data set number 2
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- Compiled Data Set:

A third data set was created by compiling the measurements for the similar features (log
measurements) from the two data sets. The compiled data set includes 19735 data points
of depth, gamma ray, caliper, neutron porosity, photoelectric, density, and nuclear
magnetic resonance logs. The objective of compiling the data points from the two data sets
is provide more training and testing data points for the machine learning models. This will
help to improve the machine learning model performance, reduce the data variances, and

create stable and reliable models.

4.2 Exploratory Data Analysis

The data exploration is an important and crucial part of the data analysis for the machine
learning development process. It highlights the main characteristics of datasets and reduces
the incorrect decisions and assumptions. In addition, it assists the process of initial models’
development and allocating the relationship between the models’ variables. All of this will
enhance the machine learning model performance and provide better prediction results

from the models [85].

4.2.1 Statistical Analysis

Statistical analysis is an essential part of the data exploration. It involves several steps such
as data gathering, analyzing data, and allocating similar patterns between the data.

Statistical analysis can help to transfer the raw data into structured set of data, which can
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provide conclusions from the data. The tables below (table 4 to table-9) show the statistical

analysis for the three data sets [67/82].

- Data Set number 1:

Table-4 displays different measurements for the variables in data set number 1 that includes
the range, maximum, minimum, mean, mode, median, standard deviation, kurtosis, and
skewness. The table shows the range of (0.20 to 14.113%) for the NMR total porosity.
Besides that, it is observed that the mode for gamma ray reading is (-999.25), which has
been showing for 112 data points (less than 0.8% of the total data points). The reading for
these data points is invalid and they require more data review. Table-5 includes the updated
numbers after removing the incorrect reading of gamma ray. Comparing the values in the
two tables indicates that the changes for the data set measurements after removing the
incorrect data is minor. The overall ranges for the variables in table-## are considered

normal and realistic for carbonate reservoirs.
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Depth

Caliper

Neutron
Porosity

Photoelectric

Density

Total
NMR
Porosity

14045

14045

14045

14045

14045

14045

Minimum

5417.00

7.89

0.03

2.52

2.43

0.20

Maximum

8928.00

9.10

0.26

5.41

2.85

1411

Mean

7172.50

8.86

0.17

3.24

2.59

6.16

N/A

8.83

0.18

3.14

2.63

Median

7172.50

8.85

0.18

3.13

2.58

6.15

Standard
Deviation

1013.65

0.08

0.03

0.41

0.06

2.24

6294.75

8.82

0.16

2.98

2.55

7172.50

8.85

0.18

3.13

2.58

75%

8050.25

8.90

0.19

3.35

2.63

Kurtosis

-1.20

23.95

2.21

4.54

1.11

Skewness

Index

0.00

-2.72

-1.29

1.94

Table 4: Statics of the variables in data set number 1.

Depth

Neutron
Porosity

Photoelectri
c

0.70

Density

Total
NMR
Porosity

Count

13933

13933

13933

13933

13933

Minimum

5417.00

0.03

2.52

2.43

0.20

Maximum

8900.00

0.26

5.41

2.85

14.11

Mean

7158.50

0.17

3.24

2.59

6.18

Mode

N/A

0.18

3.14

2.63

8.43

Median

7158.50

0.18

3.13

2.58

6.17

Standard
Deviation

1005.56

0.03

0.42

0.06

2.23

25%

6287.75

0.16

2.98

2.55

4.61

50%

7158.50

0.18

3.13

2.58

6.17

75%

8029.25

0.19

3.35

2.63

7.70

Kurtosis

-1.20

2.20

4.49

1.12

-0.22

Skewness

0.00

42

-1.29

1.93

Table 5: Statics of the variables in data set number 1 after corrections.
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- Data Set Number 2:

Similar to table-5, table-6 provides the same statistical measurements for data set
number 2. By comparing the two tables, it is observed that the two data sets have a lot
of similarities in the different statistical measurement parameters. This indicates to the
reasonable ranges for the variables in data set number 2 as in data set number 1. Besides
that, the statistical measurements have been obtained for the additional variables in data
set number 2, which can be seen in table-7. Moreover, the statistical measurements for
the lithology volumes from data set number 2 is calculated in table-8. In addition,

figure-11 displays the percentage for the volumes of minerals in data set number 2.

Total
Neutron

Depth Cali .. | Photoelectric | Densit NMR
ep aliper Porosity otoelectric | Density

Porosity
5802 5802 5802 5802 5802 5802
Minimum 5999.50 7.89 0.03 2.43 0.21
Maximum 8900.00 9.10 0.26 2.85 13.99
Mean 7449.75 8.85 0.17 2.59 5.92
Mode N/A 8.85 0.18 2.58 5.99
Median 7449.75 8.84 0.18 2.59 5.88
Standard
Deviation
25% 6724.63 8.81 0.16 2.55 4.38
50% 7449.75 8.84 0.18 2.59 5.88
75% 8174.88 8.89 0.19 2.63 7.39
Kurtosis -1.20 28.13 2.36 0.82 -0.15
Skewness 0.00 -3.01 -1.35 0.54 0.21

837.52 0.08 0.03 0.06 2.22

Table 6: Statics of the variables in data set number 2.
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Mean
Deep Shallow | Spherical
Laterolog | Laterolog | focused
(LLD) (LLS) Log
(MSFL)
Count 5802 5802 5802 5802 5802 5802 5802 5802
Minimum 4.28 3.97 0.24 0.32 1.19 0.65 52.10 185.57
Maximum | 5184.96 | 4573.02 | 20000.00 4.19 15.33 15.82 92.73 200.19
Mean 39.27 38.47 39.69 2.31 9.59 4.37 80.18 192.75
8.73 12.14 | 20000.00 2.17 9.13 7.25 77.39
Median 16.43 14.49 8.65 2.38 9.83 4.10 80.45 192.81
Standard
Deviation
25% 10.56 9.54 5.62 1.97 8.13 3.45 77.57 191.31
16.43 14.49 8.65 2.38 9.83 4.10 80.45
29.07 25.34 14.28 2.75 11.35 5.00 84.12
Kurtosis 400.77 342.26 1059.87 0.31 0.21 6.11 2.44
Skewness 18.40 17.02 32.14 -0.66 -0.57 1.74 -1.10

Table 7: Statics of the additional variables in data set number 2.

Compressional Shear
Potassium | Uranium | Thorium wave wave
(POTA) | (URAN) | (THOR) traveltime traveltime
(DTC) (DTS)

176.69 179.48 599.60 0.58 2.45 1.53 5.75 2.02

MONTMOR-
ILLONITE

Count 5802 5802 5802 5802
Minimum 0.00 0.00 0.00 0.00
Maximum 0.81 0.13 0.65 0.71
Mean 0.03 0.03 0.35 0.13
Mode 0.00 0.00 0.00 0.00
Median 0.00 0.03 0.37 0.07
Standard

Deviation
25% 2.08 2.32 26.98 9.59
50% 0.00 0.01 0.30 0.01
75% 0.00 0.03 0.37 0.07
Kurtosis - 21.79 -0.37 - 0.47 0.56
Skewness - 4.47 0.55 - -0.70 1.17

Index DOLOMITE | FECHLORITE ILLITE

0.09 0.02 . 0.11 . 0.14

Table 8: Statics of the lithology volumes in data set number 2.
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Minerals Percentage

AHYD
0% DOLOMITE
3%
FECHLORITEVOLUME
3%
GPSM
0%
PYRT
1%
MONTMORILLONI
TEVOLUME KFEL

14% 0%

Figure 13: Percentage for the volumes of mineral in data set number 2.

- Compiled Data Set:
As the complied data set is a combination of both data set number 1 and number 2, it has

similar ranges for the variable measures of the two data sets. This can be identified from

the statistics number for the compiled data in table-9.

Total
Neutron

Index Depth Caliper . Photoelectric | Densit NMR
P P Porosity y

Porosity
Count 19735 19735 19735 19735 19735 19735
Minimum 5417.00 7.89 0.03 2.43 0.20
Maximum 8900.00 9.10 0.26 2.85 14.11
Mean 724413 8.85 0.17 2.59 6.10
Mode N/A 8.83 0.18 2.63 5.29
Median 7255.50 8.85 0.18 2.58 6.09
Standard Deviation 968.33 0.08 0.03 0.06 2.23
25% 6433.38 8.82 0.16 2.55 4.54
50% 7255.50 8.85 0.18 2.58 6.09
75% 8077.88 8.90 0.19 2.63 7.62
Kurtosis -1.13 26.66 2.25 1.02 -0.21
Skewness -0.06 -2.88 -1.31 0.65 0.14

Table 9: Statics of the variables in the compiled data set
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a. Hypothesis Testing

One of the steps to support the statistical analysis in machine learning is the hypothesis
testing. The objective of the hypothesis testing in machine learning is validating the initial
assumption of having a relationship between the input variables and the output variables.
The hypothesis testing consists of two components, which are the null hypothesis and the

alternative hypothesis [91].

The Null Hypothesis (denoted as H,) is a statistical assumption suggests that there are no
effects or relationships between the input variables (independent variables) and the output
variables (dependent variables) within a set of data. This concept denies the existence of
any specific data patterns or trends for the analyzed data and that the observed variable
correlations are related to coincidental reasons. Generally, the approval of this statement
does not align with the machine learning approach and does not support the objective of
this study, which is prediction of total NMR porosity from conventional logs. For this
reason, a rejection of the null hypothesis is supporting this research. The opposite
assumption of the null hypothesis, which indicates that the null hypothesis is rejected, is

known as the alternative hypothesis (denoted as H,or H) [23].

An approach to evaluate the hypothesis testing and determine if the null hypothesis is
accepted or rejected is calculating the p-value. The p-value is used to measure the
probability of an event to occur coincidentally by evaluating a sample of the collected data.

It helps assessing the level of significance and effect of the null hypothesis. A common
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value for the p-value is 5%, where if it exceeded 5% that means the validity of the null

hypothesis [23].

The formula for the null hypothesis and the alternative hypothesis can be seen in the below

equations [Eq.7 & Eq. 8]:

Ho:p :pO [Eq7]
Hy:p > p, [Eq.8]
Where:

Hy: The null hypothesis

H;: The alternative hypothesis
p: Calculated p-value

po: Selected p-value (=0.05)

In order to apply the hypothesis testing on the relationship between total NMR porosity
(output variable) and other log measurements (input variables), the p-value for data
samples from the three data sets have been computed using the below python code. In the
code, the total porosity was identified as y and the all the other logs were defined as X. The
results of the hypothesis testing can be seen in the tables-10 to 12 below.

Code:

X df .drop ('T2PTOT' ,axis=1)
y = df["T2PTOT"']
#Checking the Normal Distribution for the thesis data - Shapiro

def checkNormal (p) :
alpha = 0.05
if p > alpha:
print ("Sample looks normally distributed (fail to reject HO)")
else:
print ("Sample does not look normally distributed (reject HO)"™)
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from scipy import stats

w, P = stats.shapiro (X)
checkNormal (p)

w, P = stats.shapiro(y)
checkNormal (p)

w, p = stats.shapiro(df["DEPT"])
checkNormal (p)

w, p = stats.shapiro(df["GR"])
checkNormal (p)

w, P = stats.shapiro(df["CALI"])
checkNormal (p)

w, p = stats.shapiro(df["NPHI"])
checkNormal (p)

w, p = stats.shapiro(df["PE"])
checkNormal (p)

w, p = stats.shapiro(df["RHOB"])
checkNormal (p)

- Data Set Number 1:

Input Variable

Hypothesis Testing Result

Depth

look

normally

distributed

(reject

Gamma Ray

look

normally

distributed

(reject

Caliper

look

normally

distributed

(reject

Neutron Porosity

look

normally

distributed

(reject

Photoelectric

look

normally

distributed

(reject

Density

look

normally

distributed

(reject

Table 10: Hypothesis testing results for the variables in data set number 1 with respect to total NMR
porosity.
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- Data Set Number 2:

I Input Variable Hypothesis Testing Result I

Depth

does not

look

normally

distributed

(reject

Gamma Ray

does not

look

normally

distributed

(reject

Caliper

does not

look

normally

distributed

(reject

Neutron Porosity

does not

look

normally

distributed

(reject

Photoelectric

does not

look

normally

distributed

(reject

Density

does not

look

normally

distributed

(reject

Deep Laterolog (LLD)

does not

look

normally

distributed

(reject

Shallow Laterolog (LLS)

does not

look

normally

distributed

(reject

Mean Spherical focused Log
(MSFL)

does not

look

normally

distributed

(reject

Potassium (POTA)

does not

look

normally

distributed

(reject

Uranium (URAN)

does not

look

normally

distributed

(reject

Thorium (THOR)

does not

look

normally

distributed

(reject

Compressional wave traveltime
(DTC)

does not

look

normally

distributed

(reject

Shear wave traveltime (DTS)

does not

look

normally

distributed

(reject

looks normally distributed (fail to reject

CALC

does not look normally distributed (reject

DOLOMITE

does not look normally distributed

(reject

FECHLORITE

does not look normally distributed

(reject

GPSM

looks normally distributed (fail to reject

ILLITE

does not

look

normally

distributed

(reject

KFEL

does not

look

normally

distributed

(reject

MONTMORILLONITE

does not

look

normally

distributed

(reject

PYRT

does not

look

normally

distributed

(reject

QRTZ

does not

look

normally

distributed

(reject

Table 11: Hypothesis testing results for the variables in data set number 2 with respect to total NMR

porosity.
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- Compiled Data Set:

I Input Variable Hypothesis Testing Result I

IDepth Sample does not look normally distributed (reject HO)

Sample does not look normally distributed (reject HO)

Caliper Sample does not look normally distributed (reject HO)

Neutron Porosity Sample does not look normally distributed (reject HO)

Photoelectric Sample does not look normally distributed (reject HO)

IDensity Sample does not look normally distributed (reject HO) I

Table 12: Hypothesis testing results for the variables in the compiled data set with respect to total
NMR porosity.

Hypothesis Testing Results Summary:

From the tables, the null hypothesis has been rejected for all the variables in the three data
sets except for the anhydrite volume (AHYD) and gypsum volume (GPSM) measurements
from data set number 2. The rejection of the null hypothesis indicates to the relationship
between the total NMR porosity variable and the other variables in the three data sets. As
for anhydrite and gypsum volumes, the acceptance of the null hypothesis could be caused
by the zero measurements as showing in table-8 as the tested data is obtained from

carbonate reservoirs.

b. Correlation Coefficients Calculations

As the result of the hypothesis testing indicated to the relationships between the input
variables from the three data set with the total NMR porosity, the next step is to measure
these relationships. One approach to evaluate the degree of a relationship is by calculating
the correlation coefficient. The correlation coefficient is a statistical measure that evaluates
the strength of the relationship between two variables [62]. There are three types of
relationships that are described by the correlation coefficients, which are positive
correlation, negative correlation, and non-correlated. The positive correlation indicates to
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a relationship between two variables, where the value of one variable increases with the
increment of the second variable. On the other hand, the negative relationship indicates to
decrease in the value of one variable once the value of the second variable increase. As for
the non-correlated relationship, this means that there is no relationship between the two
variables. The value of the correlation coefficients varies between 1 and -1, where the total
positive correlation equal 1, the total negative correlation equals -1, and the no correlation
equals to 0. There are several types of correlation coefficients that can be used to evaluate
the relationships between the input variables and the output variables for any machine
learning model. In this study, the calculation of the correlation coefficient will be used by
determined by using Pearson’s correlation coefficient. Pearson’s correlation coefficient,
which is denoted as r, is measure used to evaluate strength and the direction of the liner
relationship between an input variable and an output variable. The equation of Pearson’s

correlation coefficient is available in [Eq. 9] below [31].

=X -0E -1

" (E G =02 5, (- T2

Where:

r: Pearson’s correlation coefficient

n: Number of data points

X;: Data value of X data point (input variable)
X: The mean of X data points

Y;: Data value of Y data point (output variable)
Y: The mean of Y data points

The Pearson’s correlation coefficient has been computed for the three data sets using the
below python code and the calculated correlation coefficient for the variables from the data

sets with NMR total porosity is available in the tables (13-15) below.

51



#correlation coefficient calculations with T2PTOT
rho p DEPT= pearsonr (df.DEPT, V)

rho p GR= pearsonr (df.GR, y)

rho p CALI = pearsonr (df.CALI, vy)

rho p NPHI = pearsonr (df.NPHI, y)

rho p PE = pearsonr (df.PE, vy)

rho p RHOB = pearsonr (df.RHOB, vy)

rho p LLD= pearsonr (df.LLD, y)

rho p LLS= pearsonr (df.LLS, y)

rho p MSFL = pearsonr (df .MSFL, y)

rho p POTA = pearsonr (df.POTA, y)

rho p THOR = pearsonr (df.THOR, vy)

rho p URAN = pearsonr (df.URAN, vy)

rho p DTC= pearsonr (df.DTC, y)

rho p DTST= pearsonr (df.DTST, y)

rho p AHYD = pearsonr (df.AHYD, vy)

rho p CALC = pearsonr (df.CALC, vy)

rho p DOLOMITE = pearsonr (df.DOLOMITE, vy)

rho p FECHLORITEVOLUME = pearsonr (df.FECHLORITEVOLUME, vy)
rho p GPSM= pearsonr (df.GPSM, y)

rho p ILLITEVOLUME= pearsonr (df.ILLITEVOLUME, vy)
rho p KFEL = pearsonr (df.KFEL, vy)

rho p MONTMORILLONITEVOLUME = pearsonr (df.MONTMORILLONITEVOLUME,

rho p PYRT = pearsonr (df.PYRT, vy)
rho p QRTZ = pearsonr (df.QRTZ, y)
#Print CC for GR with T2PTOT

print ("Pearsons correlation for DEPT: ",rho p DEPT)
print ("Pearsons correlation for GR: ",rho p GR)
print ("Pearsons correlation for CALI: ",rho p CALI)
print ("Pearsons correlation for NPHI: ",rho p NPHI)
print ("Pearsons correlation for PE: ",rho p PE)
print ("Pearsons correlation for RHOB: ",rho p RHOB)
print ("Pearsons correlation for LLD: ",rho p LLD)
print ("Pearsons correlation for LLS: ",rho p LLS)
print ("Pearsons correlation for MSFL: ",rho p MSFL)
print ("Pearsons correlation for POTA: ",rho p POTA)
print ("Pearsons correlation for THOR: ",rho p THOR)
print ("Pearsons correlation for URAN: ",rho p URAN)
print ("Pearsons correlation for DTC: ",rho p DTC)
print ("Pearsons correlation for DTST: ",rho p DTST)
print ("Pearsons correlation for AHYD: ",rho p AHYD)
print ("Pearsons correlation for CALC: ",rho p CALC)
print ("Pearsons correlation for DOLOMITE: ",rho p DOLOMITE)

print ("Pearsons correlation for FECHLORITEVOLUME:
",rho p FECHLORITEVOLUME)
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print ("Pearsons correlation for GPSM: ",rho p GPSM)
print ("Pearsons correlation for ILLITEVOLUME: ",rho p ILLITEVOLUME)
print ("Pearsons correlation for KFEL: ",rho p KFEL)

print ("Pearsons correlation for MONTMORILLONITEVOLUME :
", rho p MONTMORILLONITEVOLUME)

print ("Pearsons correlation for PYRT: ",rho p PYRT)
print ("Pearsons correlation for QRTZ: ",rho p QRTZ)

- Data Set Number 1:

Pearson’s Correlation Correlation Type

Coefficient
Depth -0.433 Negative Correlation
Gamma Ray 0.105 Positive Correlation
0.147 Positive Correlation
Neutron Porosity 0.282 Positive Correlation
Photoelectric -0.299 Negative Correlation
Density -0.382 Negative Correlation

Input Variable

Table 13: Pearson’s correlation coefficient calculations for the variables in data set number 1 with
respect to total NMR porosity.

- Data Set Number 2:

Pearson’s Correlation Correlation Type

Coefficient
Depth -0.380 Negative Correlation
Gamma Ray 0.140 Positive Correlation
Caliper 0.046 Positive Correlation
Neutron Porosity 0.296 Positive Correlation
Photoelectric -0.253 Negative Correlation
Density -0.369 Negative Correlation
Deep Laterolog (LLD) -0.050 Negative Correlation
Shallow Laterolog (LLS) -0.055 Negative Correlation
Mean Spherical focused Log -0.025 Negative Correlation
(MSFL)
Potassium (POTA) -0.001 Negative Correlation
Thorium (THOR) -0.00004 Negative Correlation
Uranium (URAN) 0.209 Positive Correlation

Input Variable

53



Compressional wave traveltime Positive Correlation
(DTC)
Shear wave traveltime (DTS) Positive Correlation
Non-Correlated

CALC Negative Correlation
DOLOMITE Negative Correlation
FECHLORITE Negative Correlation

Non-Correlated
Positive Correlation
KFEL Negative Correlation
MONTMORILLONITE Positive Correlation
PYRT Negative Correlation
QRTZ Positive Correlation

Table 14: Pearson’s correlation coefficient calculations for the variables in data set number 2 with
respect to total NMR porosity.

- Compiled Data Set:

Pearson’s Correlation Correlation Type

Coefficient
Depth -0.421 Negative Correlation
Gamma Ray 0.113 Positive Correlation

Input Variable

Caliper 0.120 Positive Correlation
Neutron Porosity 0.286 Positive Correlation
Photoelectric -0.286 Negative Correlation
Density -0.378 Negative Correlation

Table 15: Pearson’s correlation coefficient calculations for the variables in the compiled data set with respect to
total NMR porosity.

Pearson’s Correlation Coefficient Results:

From the previous tables and the below charts, it can be observed that the similar data
measurement from the three groups have the same correlation types, where depth,
photoelectric, and density measurements have negative correlation and gamma ray, caliper,
and neutron porosity measurements have positive correlation with respect to the total NMR
porosity. As for the additional log measurements from data set number 2, the correlation

coefficients calculations vary between the different types of correlations, where Uranium
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(URAN), compressional wave traveltime (DTC), shear wave traveltime (DTS) have
positive correlations and other logs have very low negative correlations. As for the
lithology log measurements in data set number 2, there are three measurements that have
provided positive correlations, which are illite, montmorillonite, and quartz. The remaining
measurements have provided negative correlation coefficients except for anhydrite volume
(AHYD) and gypsum volume (GPSM) as they are non-correlated with NMR porosity due

to the zero values.

Pearson's Correlation Coefficient

0.400
0.300
0.200
0.100 I I
0.000 I
h Gamma Ray Caliper Neutron ectric ity

-0.100 Porosity
-0.200
-0.300
-0.400
-0.500

B Data Set Number 1 M Data Set Number 2 Compiled Data Set

Figure 14: Comparison of Pearson’s correlation coefficient for the variables from the three data sets
with respect to total NMR porosity.
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Pearson's Correlation Cofficient for the Additional Log
Measurments
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0.30000
0.20000
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. l I\HL POTA THOR URAN DTC DTST

-0.10000

Figure 15: Pearson’s correlation coefficient for the variables the additional log measurements from
data set number 2.

Pearson's Correlation Cofficient for the Lithology Log
Measurments
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-0.10000
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-0.15000
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-0.25000

-0.30000

Figure 16: Pearson’s correlation coefficient for the variables the lithology log measurements from
data set number 2.
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c. Data Visualization

Data visualization can provide additional information during the data exploration. It
enhances the ability to understand the data by availing graphical meaning for the data. This
will expediate the process of allocating the different patterns, trends, and outliers within
the data. In addition, it will help to identify the complex relationships between the data
variables. Besides that, several plots can assist in taking analysis decisions by providing an
overview for the data distributions [105]. In this section, some of the data plots and their

obtained information.

- Data Set Number 1:

A pair plot chart for the data set number 1 is displayed in figure-15. The previous results of
the relationships between the different variables in the data set can be confirmed from the
pair plot chart. The initial observations for the pair plot indicate to a general positive
correlation between total porosity with gamma ray and neutron porosity logs. On the other
hand, a general negative correlation between total porosity with photoelectric and bulk
density logs can be noticed. In addition, the heatmap in figure-16 confirms the calculations
of the Pearson’s correlation coefficient. Generally, the histogram plots in figure-17 display
normal distributions for the total NMR porosity in data set number 1. This eliminates the

necessity to identify the outliers as the data distributions behave normally.
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Figure 17: Pair plot for the correlations between the variables in data set number 1.

58




Heatmap for the variables in Data Set 1
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Figure 18: Heatmap for the correlations between the variables in data set number 1.
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Figure 19: Histogram for data distribution of the logs’ variables in data set number 1.

(Note: Depth was not included as it is the index for the values of the other variables)




- Data Set Number 2:

Figures-18 to figure-20 demonstrate the relationships between the variables in data set
number 2 in pair plots charts. Figure-18 confirms the positive correlations between gamma
ray and the neutron porosity logs measurements with the total NMR porosity. The same
conditions apply for the photoelectric and bulk density log measurements, where they have
a negative correlation with total NMR porosity, similar to data set number 1. As for the
additional logs and the lithology measurements in data set number 2, their correlations with
NMR porosity are not clear from the pair plots in figure-19 and figure-20 except for
compressional wave traveltime (DTC) and shear wave traveltime (DTST). These two
measurements are confirming the Pearson’s correlation coefficient calculations in table-
14. The correlation coefficients calculations for all the variables in data set number 2 can

be confirmed as well from the heatmap in figure-21.

Figure-22 to figure-24 display the distributions for the number of data points for the
variables in data set number 2. The common logs between data set number 1 and data set
number 2 are providing the same data distribution, where the histogram plot shows normal
distribution for gamma ray and total NMR porosity. In addition, it is displaying a positively
skewed distribution for the photoelectric measurements and a negatively skewed
distribution for the neutron porosity measurements. In case of the additional log
measurements in data set number 2, there is a variation in the data distribution. The
measurements of Potassium (POTA) and Shear wave traveltime (DTST) are providing
normal data distribution. As for Thorium (THOR) and Compressional wave traveltime

(DTC) measurements, they are displaying negatively skewed data distribution. The
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positively skewed data distribution is showing for the Uranium (URAN) measurements.
Additionally, the distribution for the lithology measurements have been plotted in figure-
25. The plot displays positively skewed distribution for Calcite Volume (CALC), Chlorite
Volume (FECHLORITEVOLUM), Montmorrilonite Volume, Pyrite Volume (PYRT), and
Quartz Volume (QRTZ) and negatively skewed distribution for Illite Volume
(IMitevolume). The remaining lithology measurements are mostly showing zero values for
the logs’ readings. This reduce the dependency on these logs within the machine learning

model. The overall data distributions do not require any removal for outliers.
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Figure 20: Pair plot for correlations between the logs’ variables in data set number 2.
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Figure 21: Pair plot for correlations between the additional variables in set number 2.
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Figure 22: Pair plot for correlations between the lithology volumes in set number 2.
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Figure 23: Heatmap for the correlations between the variables in data set number 2.
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Figure 24: Histogram for the data distribution of the log variables in data set number 2.

(Note: Depth was not included as it is the index for the values of the other variables)
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Figure 25: Histogram for data distribution of additional logs’ variables in set number 2.
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Figure 26: Histogram for data distribution of lithology volumes in set number 2.

69




KFEL MONTMORILLONITEVOLUME

1400 1
40 4

1200 4

1000 4
3000

2K <

1000

T T T T T T
oo oo nong 008 oo oin oid

PYRT QRTZ

=0 300 4

. i

150 4

100 4

o

0000 000G oo onls onin 005 0030

Figure 27: Histogram for data distribution of lithology volumes in set number 2.

- Compiled Data Set:

As the compiled data set is a combination of data set number 1 and data set number 2, the
same positive and negative correlations can be seen from the pair plot for the compiled
data set in figure-26. The figure supports the Pearson’s correlation calculations in table-15,
which has been re-confirmed by the heatmap of the correlation coefficients in figure-27.
Similarly, the data distribution for variables the compiled data sets is matching the data
distribution for the common variables in the two data sets. This can be observed in figure-

28. So, the compiled data set does not require any outliers’ identification as well.
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