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ABSTRACT

Application of Machine Learning Using Well Logging Data to Predict Reservoir
Properties, Sirt Basin

By
Reema Omar Mohammed Khalleefah
Supervisor:
Dr. Adel Alzwi

Prediction of reservoir properties such as porosity, permeability, and water saturation are
critical for reservoir characterization, determining the original hydrocarbon in place, and
optimizing hydrocarbon production. However, predicting these properties is challenging
due to the uncertainty associated with the empirical equations used with petrophysical

interpretation and the excessive cost and time-intensive associated with RCA.

The main objective of this study is to develop a time-efficient, economical, and reliable
technique for predicting reservoir properties (phi, SW, and K). The focus is on selecting the
optimum model and comparing machine learning results with the actual results from the
traditional method. Two tree-based models, decision trees and random forests, have been

developed for this purpose.

The Training dataset contains 734 points, and the blind dataset contains 202 points collected
from eight wells in the Libyan oil field. These wells contain measured and calculated well-

logging data (phi, SW, and K) that were correlated to core data.

The tree-based models were trained on the dataset used. The evaluation metric was

conducted on the separate blind well (A-05).

The results of this study indicate that both models provide good results, but the Random

Forest model demonstrates robust performance on blind tests.

Findings from this study using Machine Learning can provide a more accurate result, with
the advantage of reducing time and cost compared with traditional methods. These findings
align with the study's objective of identifying effective machine-learning models for

reservoir properties prediction.



However, for future work, it’s important to use high data quality, use other features and

more complex models to get more accurate results especially for permeability prediction.

Keywords: Reservoir Properties, Machine Learning, Well Logging, Mature Oil Field, Sirt

Basin.
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CHAPTER ONE
1. INTRODUCTION

1.1 Introduction

In the petroleum industry, porosity, permeability, and fluid saturation play a significant
role in understanding the characteristics of reservoir formation. Precisely calculating these
properties is the key parameter in determining the hydrocarbon volume. However, these
properties cannot be available directly from petrophysical logs.

Routine Core Analysis (RCA) is a direct method that is used to determine the most accurate
result of any reservoir properties. [1]Although RCA gives useful information, it is not
always possible to core every well in the petroleum field. That is because RCA is limited
by excessive cost and time intensive.[2] As a result, coring is usually reserved for rare
situations, thereby leaving a significant number of wells without direct measurements.

To address this challenge, standard oil fields used the traditional method of well logging
tools to analyse petrophysical parameters these methods are economical that is because
these log data is collected during drilling and completion operations.|[2]

The well-logging analysis is an indirect approach to determining reservoir parameters like
porosity, permeability, and water saturation. Porosity is related to well logging including
neutron log, sonic, and bulk density while fluid saturation is related to resistivity logs and
permeability is related to sonic and nuclear magnetic resonance. However, the
interpretation of these logs is difficult due to uncertainties surrounding empirical
parameters and the adaptability of response equations.[3], [4] Therefore, it is significant to
establish a more confident, cost-effective, and efficient time technique to predict reservoir
parameters.

In recent years, Machine Learning (ML) has been used as a powerful data analysis
approach which is used to develop rapid and reliable models to predict these properties.
ML defined by Tom Mitchell, is enhanced by computer programs automatically from
experience by studying computer algorithms.[5]

Using ML algorithms, it is possible to improve the accuracy and reliability of reservoir

property estimations even in cases when direct measurements are not obtainable.



Experience

d

Figure 1. 1: ETP definition of machine learning (Mitchell, 1997)[5]

1.2 Statement of the Problem

The approach to this study problem starts with finding a method to obtain an accurate
prediction of reservoir properties. The time and costs associated with traditional methods
such as RCA and uncertainty related to well logging interpretation to calculate reservoir
properties are the key challenges in reservoir engineering studies. Due to these challenges
related to the traditional methods it’s important to find more confidence and rapid methods
to estimate accurate reservoir properties. With the advancement of machine learning
techniques, can develop a reliable and fast model to predict reservoir properties based on
well logging and core data. Accordingly, this study has two main goals. First, is to
investigate and understand applications of machine learning for estimating the reservoir
properties using well-logging data. Secondly, is to compare the results with traditional

methods.

1.3 Objective of the Study

The main objective of this study is to develop and understand Machine Learning algorithms
and use them to predict reservoir properties based on well logging and core data. This can

be divided into:

1. Propose a more confident, economical and quick Machine Learning model using

multiwell logging and core data.

2. This study focuses specifically on the usage of Machine Learning to estimate
reservoir properties. Porosity, Permeability, and Fluid Saturation help the successful

exploration and production of hydrocarbons.

3. Compare selected machine learning algorithms and determine the optimum

prediction algorithms.



4. Comparison between Machine Learning models and traditional methods for

estimating reservoir properties.

1.4 Study Area

A mature oil field is considered one of the largest fields in Libya in the Sirt basin. In the
early 1960s, the field was discovered on a seismically defined structure. The first four years
continued the development drilling then after completing the pipeline and loading terminal
the production was started. The initial production rate of this field was about 8000BOPD,
but in various were may reach a high rate of 20,000BOPD. However, to maintain the
production the downhole pumps were used. Table 1. 1, describe the major features of the

selected field.[6]

Table 1. 1: General information about the selected field.[6]

Criteria Description
Basin Sirt
Basin Type Rifted Basin
Reservoir Rock Type Sandstone
Environment Of Deposition Deltaic
Reservoir Age Cretaceous
Petroleum Type Oil
Trap Type Horst Block

Generally, on the western edge of the Calanscio Sand Sea in southern Cyrenaica lies this oil
field. The upper Cretaceous-Tertiary Sirt basin contains all the major oil fields of Libya,

including this one, which is located at the southeastern edge of it.[6]

This oil field has enough open-hole logging data which will facilitate achieving the study
objectives. Appendix A shows a summary of the available data for each well in this study.

Figure 1. 3, display the well location within the study area.
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1.4.1 Reservoir Formation

The main reservoir in this field is basal sandstone, it is a hitrogenite formation divided into
five members, two of which are clean sandstone which separates the three shaly or tight
sandstones. Thus, this distribution and differentiation in their properties affect the
distribution of oil within the trap.[6] In the other meaning, this formation contained

different interbedded such as sandstones, siltstones, shales and conglomerates.[8]

According to the previous study about the geology of the Sirt basin, this formation was dated

from the Late Cretaceous. [7]
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1.5 Study Plan

This study will include the following chapters:

Chapter 1: introduction to the purpose and the objectives of this study.

Chapter 2: discusses the literature survey and previous work related to the point of research.
Chapter 3: discusses the well-logging approach and the machine-learning approach.
Chapter 4: exhibits the methodology of the study concerning the program.

Chapter 5: the obtained results will be discussed in detail.

Chapter S: brief discussion of the conclusion of this study and recommendations for future

study.



CHAPTER TWO

2. LITERATURE REVIEW
2.1 Introduction

Reservoir properties can be estimated by using different approaches. Some of these are
direct approaches, such as Routine core analysis (RCA). However, there are other
approaches considered indirect methods, like well-logging techniques. With the
development of artificial intelligence (Al) in recent years, some algorithms of Al and ML
have been used in petroleum engineering, especially in reservoir properties prediction. This
chapter outlines the basis of reservoir properties and reviews the traditional method that is
used to estimate these properties. Also will discuss the application of machine learning

models in reservoir properties prediction.

2.2 Reservoir properties

2.2.1 Porosity

Porosity is a critical property in reservoir engineering. It is defined as the storage capacity
of a reservoir.[9]Mathematically, porosity is defined as the ratio of the total pore volume to
the bulk volume of the rock, representing the proportion of void spaces within the rock

matrix. [ 10]Porosity can be calculated using Eq 2. 1.

_Vp Eq2.1

2=7p

where:

@: porosity, fraction.
V): pore volume, cm?®.
Vp: bulk volume, cm?.

However, it can calculate the reservoir porosity from the rock matrix and total bulk volume.

Eq 2. 2 and Eq 2. 3 are used to calculate porosity when pore volume is unknown.[10]



_Vp Vb—-Vm

Eq2.2
Vb Vb

where:
Vm: rock matrix.cm3.

There are several classifications of porosity one of these classifications is mathematical
classification. In this classification, Porosity is categorized into two main types: total
porosity and effective porosity. Total porosity, also known as absolute porosity (Qt), total
porosity refers to the ratio of the total void space within a rock to its bulk volume. At the
same time, the effective porosity (Je) is the portion of reservoir rock that is effective in
storing the fluid without the effect of clay. However, there is another classification of
porosity which is a geological classification. In this classification, porosity is classified as
primary and secondary porosity. Primary porosity is developed during the deposition

process. While secondary porosity is developed after deposition.[11]

I
0.5 mm

Figure 2. 1: Illustrate the pore space in a reservoir in a micro-scale. the blue color shows the water while

the black color represents the matrix.[10]



2.2.2 Permeability

Permeability is an essential property in porous media. It is characterized as a rock's capacity
to transmit fluid through its porous media.[12] Permeable formations such as sandstone
typically have interconnected pores, which form permeable channels. However, other rocks,

like shale, have tiny and less interconnected pores.

In 1856, Hanry Darcy introduced the first mathematical definition of permeability, which is

called the Darcy law Eq 2. 3. Figure 2. 3 shows the Darcy experiment equipment.

g = FAAP Eq2.3

uL
q: steady-state flow, cm®/sec.
k: proportionality constant, or permeability, Darcy’s.
A: cross-section area, cm?.
w: viscosity of the flowing fluid, cp.
Ap: pressure drop, atm.

L: length of sample, cm.

By rearrangement of Eq 2. 3, the permeability can be computed by Eq 2. 4:

k = AAP Eq2. 4

uql

A
—~
v

Figure 2. 2: core sample.[11]
The permeability is usually reported as millidarcy’s (mD), but it’s measured in Darcey’s(D).

The Eq 2. 4 referred to absolute permeability.
9



So, absolute permeability is when one fluid (single phase) flows in the rock. Effective
permeability (Keff) it denotes the permeability when one fluid flows in the presence of
another fluid in the reservoir. The relative permeability (Kr) is mathematically defined as
the ratio between effective permeability and absolute permeability as shown in Eq 2. 5. It’s
also related to the flow of one or more fluids at the same time in the formation at a specific
saturation. [12][13]

_ keff Eq2.5

kr P

K.:: relative permeability.
Kerr: effective permeability, mD.

K: absolute permeability, mD.

e
constant rate

water injection —

sand

Ack mercury
p/ manometers h,
water collection Y h
and measurement 2

Figure 2. 3: lllustrate Darcy's experiment.[14]

2.2.3 Fluid Saturation

Fluid saturation especially water saturation is a crucial parameter used to estimate the

original oil in place, which depends on the porosity and fluid saturation.

Fluid saturation is defined as the percentage of pore volume occupied by a specific fluid and

is mathematically expressed in Eq 2. 6.[9]

total volume of fluid phase Eq2.6

fluid saturation =
pore volume

10



The hydrocarbon pore volume refers to the total volume in the reservoir occupied by

hydrocarbons.
HCPV = Vt@(1 — Swirr) Eq2.7
Where:
HVPV: Hydrocarbon pore volume.
Vi total volume.
Swirrirreducible (connate) water saturation, fraction.

The saturation of rock refers to the interconnected pore space within a reservoir that is filled

with specific fluids, such as oil, water, or gas.

Sw+So+Sg =1 Eq2.8

0.5mm

—
0.5 mm

! A 1 "
M Rock M Water M Rock M Water B OIl M Rock M Water WOil MGas
(a) (b) (€)

Figure 2. 4: Cross-section in micro-scale illustrates the pore space filled with fluid. (a) show the pore space filled
with water (Sw=1),(b)represent the pore space filled with water and oil (Sw =I1-S,), (c) show the pore space that is
filled with water oil and gas (Sw+So+Sg =1).[10]

2.3 Traditional methods

Reservoir properties can be determined by several methods. Porosity can be determined
from neutron and density logging, sonic logging, Nuclear magnetic resonance (NMR)
logging, computerized tomography (CT) scan, and the actual porosity obtained from core
analysis in a laboratory.[15] while accurate permeability can be obtained from either core
laboratory or well testing. However, permeability can be determined indirectly from well-

logging data using empirical formulas.[16]

11



Water saturation is the main target of well-logging analysis, in which the resistivity logs are
critical parameters for saturation determination for several empirical equations. Also, water

saturation can be available directly from core data. [17]

This study will focus on using conventional logging techniques and correlated core analysis.
Well-logging techniques use different logs and empirical correlations to estimate reservoir
properties. On the other hand, the more accurate method to calculate these properties is by

using laboratory measurements of a core sample.

2.3.1 Well-Logging Techniques
1 Porosity Determination
e Neutron and Density combination

The neutron and density logs are frequently used in well logging interpretation due to their
wide range of applications. From neutron and density, cross-plot can estimate porosity,

define lithology, and detect the gas zone from their crossover. [18]

Neutron and density combination is the most confident method for calculating porosity from
well-logging techniques. However, complex lithology yields less accurate formation

porosity. [19]

In gas bring formation both tools have opposite responses that cause the neutron and density
porosity not to be equal. [20] Hydrocarbons like water contain hydrogen with different
concentrations depending on the hydrocarbons' density in the reservoir. Gas has less
hydrogen content per unit volume than liquids, leading to low neutron-derived porosity
based on the hydrogen amount. On the other hand, the porosity derived from the density log
is too high because the gas is less dense than liquid. [21]This principle has much effect on
both neutron and density logging tool response. However, if both tools are displayed on
compatible scales, they are widely separated in gas bring formation.[21] The neutron density
porosity is affected by the presence of gas in a reservoir and therefore affects the fluid
saturation and volume of hydrocarbons in place. Therefore, density porosity is calculated

using the following equation:

12



g, = Lma " Lo Eq2.9
Pma — Pri

Op: Density porosity.

Pma: Matrix porosity, g/cm3.

pv: formation bulk density, g/cm3.
pn: fluid density, g/cm3.

On the other hand, to calculate porosity in gas bring formation use the following equation:

@z + @3 Eq2. 10
gNDgas = T

e Porosity From Sonic Log

ON: neutron porosity.

Porosity can be estimated from a sonic log using various methods, including Wyllie's time-

average equation (1958) and Raymer-Hunt-Gardner's (RHG) equation (1980).

Eq 2. 11 illustrates the Wyllie time average used to calculate sonic porosity especially
intergranular porosity in consolidated sandstones and carbonates. [22] On the other hand,
porosity determined in carbonate formation from the Wyllie equation is too low due to the
limitation of using the Wyllie equation to estimate secondary porosity from vuggy or
fracture porosity. This limitation is because the sonic log measures matrix porosity rather

than secondary porosity. [18]

However, the Wyllie equation has another limitation theoretical and practical. Theoretically,
the model differs from reality and looks simplified. In practice, without introducing variable
matrix transit times for single-mineral lithology, or in some cases, applying empirical
correction factors for assumed under-compaction effects, there is often no satisfactory
match between the porosities derived from the time average equation and those determined
experimentally.[22]

_ Atlog — Atmat Eq2. 11

Ps = Atfl — Atmat
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where:

@s. sonic porosity, fraction.

Atiog: interval transit time in the formation

Atmat: Interval transit time in the matrix, Table 2. 1.

Atq: interval transit time in the fluid in the formation (freshwater mud = 189 usec/ft;

saltwater mud = 185 psec/ft)

In unconsolidated sands, it is essential to add an empirical compaction factor (Cp) to the

Wyllie equation (1958) when calculating sonic porosity. As shown in Eq 2. 12 and Eq 2. 14

_ (Atlog - Atmat) ( 1 ) Eq2. 12
S =\ atfl — atmat /\ep

where:
Cp = compaction factor.

The compaction factor is derived from the Eq 2. 13:

Atsh x C Eq 2. 13
Cp=— q <
P="700
Where:

Awsh = represents the interval transit time in the shale adjacent to the formation of interest.

C =1s a constant typically set to 1.0 (Hilchie,1978).

Table 2. 1: Sonic velocities and interval transit times for different matrix types are represented by constants used in
the sonic porosity formulas mentioned above (after Schlumberger, 1972). [18]

Lithology/ Fluid Matrix velocity Atmatrix or Atfluid Atmatrix (RHQG)
ft/sec (Wyllie) psec/ft [pusec/ft [usec/m]
[usec/m]
Sandstone 18,000 to 19,500 | 55.5t0 51.0[182 to 56 [184]
168]
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Limestone 21,000 to 23,000 47.6 [156] 49 [161]
Dolomite 23,000 to 26,000 43.5[143] 44 [144]
Anhydrite 20,000 50.0 [164] -
Salt 15,000 66.7 [219] -
Casing (iron) 17,500 57.0 [187] -
Freshwater mud 5,280 189 [620] -
filtrate
Saltwater mud 5,980 185 [607] -
filtrate

In 1980 Raymer-Hunt-Gardner presented a time average equation (sonic porosity)
transform, Eq 2. 14.[23] RHG equation provides more accurate results when matching with

core results, especially in a carbonate reservoir. [24]

Atm Eq2. 14
o= fuee )
] a j[a + AT ]
Where:
_ (At_m> 1 Eq2.15
20tf

2 Permeability Determination

To understand the fluid flow in petroleum reservoirs at different scales, it’s essential to
determine reservoir permeability accurately.[25] Reservoir permeability is generally high
when the interconnected or effective porosity is high. Therefore, this leads to a higher
production rate of petroleum reservoirs. Also, can help to detect production well location

and optimum well path. [26]
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Permeability from well-logging techniques is determined by using several empirical
correlations. These correlations rely on porosity, permeability, and irreducible water

saturation. [27]
¢ Kozeny-Carmen

Kozeny-Carmen 1927-1937 is the first empirical equation used to estimate permeability in
early research. This equation assumes that permeability changes with porosity changes. Due
to the porosity being a scalar property, it’s adopted that the permeability changes are equal
in all directions.[28], [29]
3
K =4, m Eq2. 16
Where:

Ai: The empirical constant, referred to as the Kozeny constant.
So: surface area per unit volume of solid material.
e Tixier Model

In 1949, Tixier introduced an empirical method for calculating permeability based on the

resistivity gradient. Lateral or focused logs, are used to determine the resistivity gradient.

This model establishes the relationship between resistivity and water saturation, water
saturation and capillary pressure, and capillary pressure and permeability. However, the

application of this model is limited by poor density determination as it exists in a reservoir.

Also, there are no well logs that can detect exact oil-water contacts. On the other hand, the

resistivity gradient for the average corresponding zone is used to calculate permeability.[27]
[29]

2.3
K = C(a )2 Eq 2.17
Pw — Po
AR 1
q=—_ Eq2. 18
ADR,

where:
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C: It is a constant, typically around 20.

AR: 1t is the change in resistivity (ohm-m), and AD represents the change in depth (ft)

corresponding to AR.
pw: is formation water density (g/cm?)
Po: is hydrocarbon density (g/cm?).

e Timur

The first introduction to the Timur equation was in 1968 based on the Kozeny equation.
Timur used parameters A, B, and C these parameters were selected statistically. He utilized
155 sandstone samples from three distinct fields in North America. According to his
laboratory measurements, a reduced major axis (RMA) method was used to analyse
sandstone samples. He selected the relationship with the highest correlation coefficient and
the lowest standard deviation from five identical permeability relationships, Eq 2. 19. The
assumption for this equation is applicable When residual water saturation is present. Also,
for the cementation factor (m), Timur proposed that is 1.5 for all cases.[27] [29]
4.4

Swil

Eq2. 19

K =0.136

e (Coates & Dumanoir

In 1974 Coates & Dumanoir introduced their equation that was proposed to be used in oil-
bearing formation with specific oil density which was about 0.8 g/cm?. Coates & Dumanoir
adopted their exponents for saturation and cementation factors as w, which is the same value

m =n = w by support core and log studies.[27] [29]

2
K1/2=£ QW Eq2.19
W4 Rw/Rtl'
Where:
C = 23 + 465p;, — 188p,,2 Eq2.20

17



R 2
w? = (3.73-0) + 0.5 [1og10 (R_W> + 2_2] Eq2.21
t

This equation is applied when the formation is at irreducible water saturation. If the value
of Rt is less than Rti, it indicates that the formation is not at irreducible water saturation,
which results in an inaccurate estimation of the w value, Eq 2. 19,Eq 2. 20 and Eq 2.
21Coates & Dumanoir proposed a methodology to determine whether a formation is at
irreducible water saturation based on their equation. Based on their methodology, they
corrected the formations that were shaly or that were not at irreducible water saturation.
According to this correction, this equation can be used for shaly formations or formations

that are not at irreducible water saturation. [27][29]
e Coates and Denoo

Coates and Denoo in 1981, introduced their equation for permeability estimation. Similar
to the other equations, this equation is used when permeability is zero at zero porosity and

when Swirr = 100%. The formation must be at irreducible water saturation.[27] [29]

2*(L = Swirr) Eq2 20

Swirr

K% =100

3 Fluid Saturation Determination

Water saturation (Sw) is the critical parameter in reservoir and petrophysical studies. It
assists in obtaining more precise estimates for the original oil in place (OOIP) or original
gas in place (OGIP). As well as other reservoir properties, Routine core analysis (RCA) or
well-logging method can estimate water saturation. Using well logs are more conventional
method for determining water saturation, well logs are simple and more available than core
measurements.[30] Different empirical models can be used based on well-logging methods
such as the Archie model, Simandoux model, Indonesia model, etc.., it depends on if the

formation is clean or shaly formation.
e Archie model

In 1942, Archie introduced his equation, which is based on the relationship between porosity

(9), rock resistivity (Rt), and water saturation (Sw). Also, he proposed other constant

18



parameters a, n, and m depending on reservoir rock, Eq 2. 21. However, he showed that

rock resistivity when fully saturated with brine Ry, R, is related to Ry, Eq 2. 22. [31]

Archie assumes that his model is used for clean sandstone formation. Archie proposed that
the rock matrix is non-conductive. Furthermore, the existence of shale in the reservoir zone
influences the use of the Archie model and gives an overestimation of water due to shale

conductivity. [32]

Therefore, the Archie model does not apply to shaly-sand formation. However, based on
Archie's models several models were developed which consider the presence of shale in the

reservoir.

n_ @t Ry Eq2. 21

Sw _Q)m*Rt

Where:

a: tortuosity of the rock

m: Cementation exponent

n: saturation exponent

@: Porosity

Sw: Formation water saturation
Rw: Resistivity of formation water

Rt: Formation resistivity

Ro = FRw Eq 2. 22
Where F is the formation resistivity factor.
e Indonesia equation.

In 1971 Poupon and Leveaux introduced their equation for shaly sand reservoir with
freshwater salinity less than 20,000 NaCl ppm. Like other equations, this one relies on the
true resistivity of the formation (Rt). however. Shale resistivity (Rsn) determines the shale

zone from the resistivity log. [33]

19



Eq 2. 23

Where:
Rt: true (deep) resistivity in the un-invaded zone (Ohm-m)
Sw: un-invaded zone water saturation (fraction)
n: saturation exponent
Vih: volume of shale (fraction)
Rsn: resistivity of shale (Ohm-m)
Q.: effective porosity (fraction)
m: cementation factor
a: constant multiplier
Rw: formation water resistivity (Ohm-m).
e The Simandoux model

In 1963 Simandoux developed his model which proposed the influence of shale volume on
reduction in rock matrix conductivity and water saturation. He conducted experiments to
examine the effect of shale volume on homogeneous mixtures of sorted sand and natural

clay in different proportions. [33][34]

a*R,*(1-V, V. VSh 4pm
S — w (m sh) [_Lh B S Eq2.24
20 Rgp Rsh axRy, xR *x(1—Vg)

Where:

Sw: un-invaded zone water saturation (fraction)
Vsh: volume of shale (fraction)

Rsh: resistivity of shale (Ohmm)

Rw: Formation water resistivity (Ohm-m)
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Rt: true deep resistivity in the un-invaded zone (Ohm-m)

: effective porosity (fraction)

(a) and (m) are constants representing multipliers and cementation factors, respectively.
e The Waxman—Smits model

Waxman—Smits introduced their model, which depends on the shale content and cation
exchange capacity (CEC). They utilized effective porosity and shale content derived from
logs to correlate with CEC measurements obtained from core samples. These measurements

are critical parameters for calculating accurate water saturation. [33][34]

1 Sw? BQux*R, Eq2.25

= +
R, F=xR, F

Where:

Rt: true resistivity in the un-invaded zone (Ohm-m)

Sw: the un-invaded zone water saturation (fraction)

Rw: the formation of water resistivity (Ohm-m)

F: formation factor. (1/0™*) where m* # m

Qv: cation exchange capacity volumetric (Unite per litre)

B: Equivalent cationic conductance of a sodium ion (L S/m) can be calculated by the next

equation to relate B to formation temperature (T) Celsius degrees
Rw: water resistivity
T: formation temperature Celsius degrees.

B = —1.28+ 0255+ T — 0.0004059 * T2)(1+ (0.04+T —027)  Eq2.26
* R‘}/.23

e The dual-water model.

The dual-water model proposes that the presence of free water within the pore spaces of the

reservoir rock, along with bound water within the clay matrix, accounts for the influence of

21



clay minerals on the resistivity of the reservoir rock. This model is built upon the Waxman—
Smits model, which suggested that the conduction geometry of free water and clay
counterions is identical. Therefore, their model is designed to account for the conductivity
occurring near and within the double layer, as well as the conductivity in the layer

unaffected by the presence of clay. [34]

Sth % 1
[R QQV - Eq2.29

R; Ry,

3.3.2 Core data analysis

Precise results for porosity, permeability, and saturation were directly obtained from core
data. The primary challenge with core data is its limited availability across all wells in a
field. Even when available, it typically covers only small intervals due to the high cost and
time-intensive nature of core operations. Reservoir properties, including porosity,
permeability, and saturation, can be determined in the core laboratory through Routine Core

Analysis (RCA) or Special Core Analysis (SCAL).
e Routine Core Analysis (RCA)

Routine Core Analysis (RCA), also known as conventional core analysis, is used to measure
the petrophysical properties of core samples using single-phase fluids. Its main advantages

are that it is less expensive and quicker compared to Special Core Analysis (SCAL).[35]

Porosity, absolute permeability, Klinkenberg permeability, grain density, and water
saturation are the main properties obtained from this analysis. Obtaining porosity and

permeability from RCA from laboratory procedures has several limitations.

Gases are used on preserved, clean, dried core samples under room conditions, rather than

reservoir conditions, to determine porosity and permeability.[36]
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Routine core analysis is used to establish the relationship between porosity and
permeability. In wells without core samples, routine core data and porosity are derived from

well logs to estimate permeability.. [36]
e Special Core Analysis (SCAL)

Special Core Analysis (SCAL) is a more advanced testing method using flow experimental
of two-phase fluids to measure relative permeability, capillary pressure, wettability, and

remaining oil saturation. [36]
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Figure 2. 5 : Data obtained from cored well.[37]
2.4 Machine Learning Technique
2.4.1 Porosity Estimation Using Machine Learning

Porosity is the main determinant for permeability estimating which is the void space in the

formation that provides the storage for hydrocarbon accumulation. [38]

Porosity can be measured in a laboratory, which is the most costly method. Alternatively, it
can be estimated from well logging techniques such as density, neutron, sonic, and NMR
logs, which are less costly and time-consuming. However, the main challenge related to this
method is the uncertainty in the porosity estimation due to the logging environment and tool
effects and it depends on the statistical analysis. To determine the accurate value of reservoir
porosity from several porosity logs validated with laboratory measurements using artificial

intelligence (Al) is the best method.
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Al-Fakih et al [39], used machine learning techniques including the artificial neural network
(ANN), K-nearest neighbour (KNN), random forest (RF), and decision tree (DT) to predict
reservoir properties (total porosity, effective porosity, and shale volume) derived from well-
logging data from the North Sea sedimentary basin. Researchers used well logs from six
wells as inputs for their models: Gamma Ray (GR), bulk density (RHOB), sonic transit time
(DT), and neutron porosity (NPHI). The author found that Artificial Neural Networks
(ANN) and Random Forest (RF) models provide the best result for reservoir property
predictions. However, researchers found that machine learning models can provide accurate
results for reservoir properties in challenging sedimentary basins with limited data available

even when core data are scarce.

Ifrene et al. [40] showed that using machine learning in combination with well-logging
analysis provides more reliable fracture porosity by integrating image logs and sonic
scanner data in the Ahnet field in Algeria. The authors of this study used Pure Artificial
Neural Networks (ANN) and hybrid models. During this study author found that using basic
well logs for fracture porosity estimation is cost-effective and isn’t needed to acquire
expensive and time-consuming as advanced logs which also helps reduce and mitigate the

risks associated with unstable wells during logging procedures.

Elkatatny et al. [41]used the effectiveness of artificial neural networks (ANN), Support
Vector Machine (SVM), and Adaptive neuro-fuzzy inference system (ANFIS) to predict the
porosity using 1700 field measurements with corresponding log data. The author shows that
bulk density, neutron porosity and compressional time are the main inputs required to
estimate accurate porosity using the Al technique. The results demonstrated that both ANN
and ANFIS exhibited high correlation coefficient (R) and low average absolute percentage

error (AAPE).
2.4.2 Permeability Estimation Using Machine Learning

Previous studies demonstrate the efficiency of using machine learning models to predict
permeability by using different input data. Mkono et al [42], used the group method of data
handling (GMDH), Differential evolution (GMDH-ED) and random forest (RF) algorithms
in permeability prediction of the Wangkwar formation in the Gunya oilfield, Northwestern

Uganda. The authors used a combination of measured and calculated logs including spectral
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gamma-ray (SGR), apparent resistivity focusing mode (RLAT1), shale volume of rock
(VSH), effective porosity (PHIE), photoelectric factor (PERFZ), apparent resistivity
focusing mode 5 (RLAS), standard resolution formation density (RHOZ), caliper log
(CALI) and thermal neutron porosity (TNPH) which used 1953 samples for training and
1563 for testing. Their result showed that GMDH- DE provide more accurate results

compared to other algorithms.

Topor et al. [43] used two machine learning models i.e. multiple linear regression (MLR)
and random forests (RF) to predict permeability under confined stress conditions for
samples from tight sandstone formations models trained on a dataset containing different
data such as basic petrophysical data, and rock type from a visual inspection of the core
material. The author found that both MLR and RF models can predict permeability
accurately. Also, he discovered that porosity was the most important feature that affects

model performance. On the other hand, depth also influenced permeability prediction.

Zolotukhin et al. [[44] explain using machine learning to determine the permeability of the
porous media using laboratory experiments. The author used a neural network to predict the
permeability and found a good match between predicted and calculated permeability. He
also obtained an analytical expression describing a fluid flow in a porous medium which

enabled the use of this information in a reservoir simulator.

Talebkeikhah et al. [45] Researchers have discussed using different machine learning i.e.
Radial Basis Function Neural Network (RBF), Multi-Layer Perceptron Neural Network
(MLP), decision tree (DT), Support Vector Regression (SVR), and random forest
(RF)model to predict permeability and compare models’ accuracy. For input data,
researchers used random forests to investigate well-logging data. Random Forest was used
to analyse real well-logging data, selecting five potent variables: CGR, SGR, NPHI, and
RHOB, with permeability as output which is derived from core analysis. Researchers found
that Support Vector Regression (SVR), and decision tree (DT) models provided more
accuracy than others. Based on this comparison researchers found that artificial intelligence

outperformed traditional methods to predict reservoir permeability.

El-Sebakhy et al [46]The author used functional networks as a novel approach and

linear/nonlinear regression, neural networks, and fuzzy logic inference systems to predict
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permeability in carbonate reservoirs using well-logging. The author used DT, MSFL, NPHI,
PHIT, RHOB, and SWT as features for the selected model. Researchers found that

functional networks show reliable permeability prediction compared with used models.
2.4.3 Saturation Estimation Using Machine Learning

Existing literature has identified the importance of using different machine-learning
techniques to predict water saturation with high accuracy. A previous study by
Hadavimoghaddam et al.[17] used five different machine learning models which were
XGBoost, LightGBM, Adaboost, Catboost and Super Learner to predict water saturation
without depending on resistivity log data. During this study, authors used two datasets
which are logs data one of them containing (Gamma-ray, density, neutron, sonic, PEF) and
another without (PEF) and then compared the results with laboratory data. The authors
concluded that AdaBoost was considered the best result while XGBoost and Super Learner

produced negligible errors.

The study by Baziar et al. [47] used Support Vector Machine, Multilayer Perceptron Neural
Network, Decision Tree Forest, and Tree Boost to predict water saturation of Mesaverde
tight gas sandstones located in the Uinta Basin. The authors used data from four wells
including a gamma ray log (GR), a neutron porosity log (NPHI), a deep induction resistivity
log (ILD), a bulk density log (RHOB) and a sonic travel-time log (DT) as input and
compared between used methods by using three error indexes including correlation
coefficient, average absolute error and root-mean-square error. The authors found that

Support Vector Machine provides better results than other models.

The study by Hamada et al. [48] uses a neural network technique to predict formation
porosity and water saturation. The authors used two neural networks, one of them to predict
porosity and another to predict water saturation. For porosity model used 6 well logs data
inputs (GR, LLD, RHOB, NPHI, PEF and At) while for water saturation model used 5 well
logs inputs (GR, LLD, RHOB, NPHI and PEF). The authors found the results have shown
a good match between neural network models and core data. Also, they found that neural
networks are used to predict accurate reservoir properties and hydrocarbon potential in new

wells.
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CHAPTER THREE

3 MACHINE LEARNING & WELL LOGGING
FUNDAMENTAL

3.1 Introduction

This chapter provides a foundation for two critical domains: machine learning (ML) and
well-logging tools. Machine learning is a branch of artificial intelligence (Al), it’s solved
several problems in various industries with its ability to extract useful insights from data. In
the context of reservoir engineering and characterization, ML offers opportunities to
improve well-logging interpretation and analysis. Well-logging tools play an important role
in gathering subsurface data to understand geological formation and reservoir properties.
This chapter aims to comprehensively attempt to examine machine learning fundamental
techniques and well-logging tools. This chapter will explore machine learning classification
and its principles. Furthermore, I will discuss the features and applications of various well-

logging tools.
3.2 Machine Learning Definition

Generally, machine learning can be defined as a field of computer science that focuses on
studying algorithms and methods for automating solving problems which are difficult to
handle with traditional programming.[49] There are different perspectives on defining
machine learning (ML). However, Tom Mitchell [50]describes machine leasing as “A
computer program is said to learn from experience E concerning some class of tasks T and
performance measure P, if its performance at tasks in T, as measured by P, improves with
experience E”. Mohri et al [51] Machine learning is described as a computational technique
that leverages experiences to improve performance or make accurate predictions. Typically,

it is used to predict undefined future scenarios for computers.
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Traditional Programming

Computer

Figure 3. 1: Traditional Programming versus Machine Learning.[52]
3.3 Machine Learning Classification

Machine learning (ML) models can be categorized into three techniques: supervised

learning, unsupervised learning, and semi-supervised learning.

Typically, ML algorithms are powerful because of their ability to learn from the available

data.[49] This section will introduce the most widely used learning models.
3.3.1 Supervised learning

Supervised learning also referred to as predictive learning (e.g., regression and
classification), deals with a dataset that is used to develop the model by training data which
contain features and outcomes; Afterward, the trained model is assessed using testing data,
and ultimately, the model is employed to predict outcomes based on the features of unseen

data. [53] Figure 3. 2, shows the basic principle of supervised learning.

In this type of learning, a labelled dataset which is a large set of data points with answers
(outputs) is provided to the learning algorithms. The algorithms need to discover the key
features of each data point and figure out the answers. In other words, algorithms learn the
data pattern or function that allows them to map input variables to their corresponding
outputs for each specific instance. [5] Therefore, when the algorithms are obtained with
unseen data points (new data points) they can predict the outcome based on the key features.
[49]
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Generally, supervised learning is divided into two types: Classification and Regression.
During classification problems, it’s able to classify data into classes or categories.
Therefore, this type is used in the petroleum industry to solve problems such as facies,
fractures, faults, etc. However, regression problems, refer to the capability to forecast a
value of continuous numbers. In the oil and gas industry, this type of learning is used to
solve various problems, such as predicting porosity, permeability, shear wave velocity, and

more.[5]

Typically, the accuracy of the output prediction heavily depends on the quality of the data.
If the input data used to train the algorithms is of high quality, a well-trained supervised
learning algorithm can predict the output accurately for unknown or unobserved data
instances. Nevertheless, low-quality training data could result in overfitting problems,
which affects the algorithms' inability to generalize the underlying predictor-target

relationships, leading to regression failure.[54]

Furthermore, this study will use regression models to predict reservoir properties using

different logs, all of which values are in continuous form.
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Figure 3. 2 basic concepts of supervised ML.[5]
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Figure 3. 3: the difference between classification and regression methods.[55]
e Artificial Neural Networks

Artificial neural networks it recognized as supervised machine learning that perform two
main tasks: regression and classification. [56] It is popularly known as brain-like
computation. It is built on the concept of decision-making capabilities in the human
brain.[57] According to Haykin [58] ANN is a “massively parallel distributed processor
made up of simple processing units, which has a natural propensity for storing experiential

knowledge and making it available for use”.

Typically, the architecture of an artificial neural network (ANN) consists of three types of
layers: the input layer, hidden layer, and output layer. The input layer receives the data that
the algorithms learn from, while the hidden layer (which may include multiple hidden layers
depending on the task) processes the input data through mathematical computations. The
output layer contains output neurons that convert the results of the neural network into a

form understandable by the user. [38][59][60]

Input layer Hidden layer Output layer

Output

Figure 3. 4: basic configuration of neural network.[61]
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Figure 3. 4, represents a basic ANN architecture where each layer contains a specific
number of nodes connected by links (weights), with each link having an associated weight
and activation level.[ 1] The number of input nodes can be determined based on the available
training data. The number of nodes' hidden layer(s) may also change. However, the
increased number of nodes can increase computation complexity, while the limited number

of nodes may lead to impaired ANN learning capability. [38]

Consequently, ANN operates on the concept of a weighted sum of inputs, where each input
is multiplied by its associated weight before the results are summed. An activation function
is then applied to the weighted sum to determine the output of each node. This process is
repeated for each node in the network, with the output of one node serving as the input for
the next, until the final output is achieved. Sigmoid, the most widely used activation
function, ReLU (rectified linear unit), and tanh (hyperbolic tangent) are a few examples of

common activation functions. [2], [62]
e K Nearest Neighbour

One of the most widely used machine learning algorithms for resolving regression and
classification issues is the KNN algorithm. KNN is an instance-based, lazy, non-parametric

learning algorithm.

It’s known as lazy learning algorithms which means that to generate a model the algorithms
don’t need any training data point. During this algorithm, the testing phase takes more time
and memory than training data which is faster, that is because the testing phase uses all
training data. However, it required more memory to store training data and more time to
scan all data points. Hence, more effort was focused on the testing phase, with less emphasis
on the training phase. While non-parametric means the model structure is selected based on
the dataset. In other words, the underlying data distribution isn’t presumptively. However,
instance-based indicates that the model doesn’t explicitly learn. Alternatively, it is
determined to memorize training instances that are utilized after that as knowledge during

the prediction stage. [63], [64]

The concept of determining K's nearest neighbour for a given data point is very simple. The
supposition is that similar items are to be close to one another. In this context, close refers
to Euclidean distance which is a measure of distance between two points. If the test data
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belongs to a class that means that is identified as the largest class of items that are like test

data. [49]

In other words, KNN algorithms find K nearest neighbouring points in the sample data using
the similarity measure. Then, forecast the output category according to the class that it

appears the most frequently.[57]

Nevertheless, KNN has several limitations, it’s not suitable for datasets with imbalanced
classes. That’s because the class composition, the majority decision among the K neighbors
is mostly in favor of the class that has the most instances in the training set. Another
shortcoming is that the KNN algorithm considers all features that are collected even if some

of them are completely insignificant. [49]
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Figure 3. 5: k nearest neighbour example.[65]
e Support Vector Machine

The support vector machine (SVM) is a commonly used supervised learning technique.
Vapnik et al [66] initially suggested SVM as one of the practical models that is used for
identifying the patterns. It is applied for solving regression and classification of real-world
problems.[49] Also, it’s a statistical learning theory that reduces risk by using a strong

mathematical foundation in both regression (SVR) and classification (SVC) models.[67]
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Typically, SVM is an algorithm that seeks to divide data points into classes by utilizing a
hyperplane with the maximum margin as shown in Figure 3. 6. [68] Hence, it has three key

elements in the SVM support vector, hyperplane, and margin. [69]

A hyperplane is a decision boundary that divides the data points into multiple categories in
a feature space, Figure 3. 6. Support vectors are the closest data points to the hyperplane,
and they play a significant role in determining the hyperplane and margin. The gap between
the hyperplane and the support vectors is called margin. The basic goal of support vectors
is to maximize the margin. A larger margin indicates higher categorization performance.
[70] Kernel is the mathematical function, which is utilize for high- dimensional mapping.
These functions assist in exhibiting the outcomes when the initial data cannot see the data
in a high-dimensional feature space this is helpful when the data involved is not linearly

separable in the original input space, Figure 3. 7.[5] [70]
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Figure 3. 6: Schematic of support vector machine for classification.[5]
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Figure 3. 7: Support vector machines' use of the higher-dimensional mapping notion.[5]
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A variety of kernel functions are available, including linear, polynomial, radial basis
function (RBF, often known as Gaussian kernel), sigmoid, and mixed. Table 3. 1, illustrate

their mathematical expressions.

Table 3. 1: illustrating various type of kernels.[5]

Kernels Expressions Parameters
Linear K (xi, Xj) =Xi. X]
Polynomial K (xi, Xj) = (xi. xj+1) ¢ d: degree of polynomial

Radial basis function

K (x1, xj) = (exp (- Y| xi-
xj||?

Y >0

Sigmoid

K (x1, xj) = tanh (m (x;, X;)

m (slop) and b(intercept)

+b)

Kernels can be Chosen according to the characteristics of the dataset. Customarily, the
optimal Kernel is not clear. Thereby, one needs to try simple linear Kernels if the
performance of the classification is not efficient then select a nonlinear kernel. Nevertheless,
a significant portion enhances model performance when feature or data dimensionality
reduction is applied. Typically, for a dataset select which kernel performs best using cross-

validation. [49]

Support vector machine (SVM) provides an optimal method of classification with small

input data and high features. [49]
e Decision Tree

A Decision Tree (DT) is a machine learning model constructed by a sequence of decisions
based on variable values to choose one path or another. [49] The non-parametric technique
is utilized for classification and regression.[71] A classification tree provides a categorial
output (class, text, color etc..) whereas a regression is a decision tree that provides a

numerical value. [1]

The algorithms create a tree structure which is like a flowchart. Figure 3. 8, Show the tree
components, which are separated into three categories: decision nodes, branches, and leaf
nodes. The DT begins with the root node, located at the top of the tree, and finishes with
multi-leaf nodes. It uses the specific input feature condition to partition the data into

recursively segments.
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Essentially, all nodes in the tree perform a test on an attribute of the instance, and the node
represents a possible attribute value in each branch descending. The root nodes and internal
nodes are joined by branches which show possible outcomes. DT split the data into two
groups at each node according to a selected feature and certain thresholds. At the new node,

the process is repeated for the subtree rooted. [5] [50]

Typically, to build the optimum decision tree in the beginning should ask, which attribute
(Feature) the best is to split the data based on the feature. To solve this question, it’s
important to evaluate each instance attribute statistically which helps to assess the accuracy
in classifying training data. The best attribute is chosen to be at the root node in the tree.

Then, for the interior node, the process is repeated to select the best attribute.[50]
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Branch
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Branch Branch

Branch
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Branch Branch
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Figure 3. 8: the decision tree diagram.[5]

Conversely, the features that are more sensitive in the tree affect the purity of the tree for
that reason this feature is selected to be at each node. Generally, there are more than metrics
to measure the impurity of the splitting dataset such as Entropy, information gain, and Gini
impurity.

Entropy is the amount of information disorder in the dataset. On the other hand, it is a
measure of the amount of uncertainty present in the value of random variables. Hence, it’s
also used to investigate the quality of the model and its potential to make reliable

predictions. [72] Eq 3. 1, represent the entropy.

N
Entropy(p) = — ZPi log, pi Eq3.1

i=1
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pi is the probability of occurrence of ith possible value.
n is the total number of values.

The lower the entropy the less uniform the distribution of the pure node. However, the
entropy in the node depends on the number of random data in that node and is calculated
for each node. In decision trees, the goal is to look for trees that have the smallest entropy
in their node. The entropy is used to calculate the homogeneity of the sample in that node.
Entropy is zero when the samples are completely homogeneous. If the samples are equally

divided it has an entropy is one.

The other criterion in the decision tree is the information gain which refers to the
information that enhances the certainty after partition.[ 73] The optimum split of the decision
in the decision tree will get with the highest information gain. [49] However, the information
gain is the opposite of the entropy, which means when the entropy increases the information
gain decreases and vice versa. Hence, the best DT provide a high information gain for the

splitting data.

Information Gain
= (Entropy Before Split) Eq3.2
— (Weighted Entropy after split)

Gini is the statistical approach used to evaluate the distribution in a population used to infer
the inequalities.[5] Also, it’s a measure of the amount of random data points that are
incorrectly classed.[69] The Gini index value ranges between 0 and 0.5 the best data split
provides a 0 Gini index, otherwise, the value 0.5 means the worst split.[69][73] In contrast
to information gain the lower Gini value performs the best decision-making. Eq 3. 3 used

to calculate the Gini index.

G = 1_Zpl'2 Eq3.3

pi is the probability of the data point belonging to the ith class label.

k accounts for different class labels.
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In summary, several metrics are used in DT to measure the accuracy of the model. However,

DT is prone to overfitting this occurs when the tree becomes very deep.
e Random Forest

Random Forest (RF) is a supervised machine learning algorithm that is built on an ensemble
decision tree. This approach can be applied to classification and regression problems.[5],
[57] Generally, RF algorithms create multiple decision trees using randomly selected
subsets from the dataset, and the final prediction for the classification task is computed by
majority voting, whereas for the regression task, the result is from the average result from
each decision tree. [74] Figure 3. 9, illustrate the basic concept of the Random Forest

algorithm.

RF model focuses on the overfitting problem associated with the decision tree.[5] RF
algorithms differ from DT algorithms which start with creating multiple parallel decision
trees to train and predict the dataset with bagging or bootstrap aggregation. The term
bagging refers to the short form of bootstrap aggregation. In machine learning algorithms
with poor performance or overfitting issues, it is useful to use bagging that trains the dataset

in parallel.

During this process, the prediction for regression is provided through averaging while
voting through a classification. This procedure minimizes the chances of overfitting and
yields a more stable model. However, bootstrap aimed to reduce underfitting by training the
model previously trained model with low performance this approach provides the best

model performance. [57]
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Figure 3. 9: basic concept of the Random Forest model.[53]
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e Linear Regression

Regression analysis is a statistical approach for assessing and modelling the relationship
between variables.[75] Linear Regression is the simplest type of supervised machine
learning which predicts output is continuous and has linear slop. The regression task
depends on the number of input variables which are classified into simple regression and
multiple regression learning.[76] Simple linear regression expressed by Eq 3. 4 it is

containing one independent and dependent variable.
y=p0+ p1x Eq3.4

Where:

Bo is intercept and P represent the slop.
y is the dependent variable.

x is the independent variable.

Eq 3. 5, represent multiple regression which contains more than one independent variable

and one dependent variable.[77]
y=po+ 11X+ 22X+ ... BnX Eq3.5

Where:
B0 is intercept and B1 represent the slop.
y is the dependent variable.

X1, X2, X is the independent variable.

Simple Linear Regression

Figure 3. 10: Scatter plot for x and y with Straight-line relationship between x and y.[78]
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Figure 3. 10 , illustrate the distribution of data points in the x-axis and y-axis. The
distribution of data points isn’t along full perfectly on a straight line, the goal of regression

is to get the best fit as shown in Figure 3. 10 .
3.3.2 Unsupervised learning

In unsupervised learning or descriptive learning (e.g., clustering and transformation), in this
type of machine learning, the datasets lack labeled data for training. The model learns to
generate outcomes based on features without any information about the corresponding

outcomes.[46]

Figure 3. 11, Demonstrate the concept of unsupervised learning, where the model divides
the data into distinct groups or clusters based on the natural patterns in the data and the

spatial differences between the groups.[4]

As previously stated, the algorithms try to identify clusters with the same properties in the
data sample. After training the clustering algorithms, the prediction of any new observation

is assigned to any cluster based on the identification cluster from the original data.[57]

Generally, during the beginning of the project or when don’t have much data about a system,
unsupervised learning is used. It doesn’t depend on prior geological knowledge and
minimizes human bias, which can have advantages and disadvantages depending upon the
situation. This type of learning is particularly suited for facies classification tasks in
extensive regions with 3D seismic data and limited borehole and outcrop information.
Although, when the core and cutting data are not available apply this technique for

classification-based well-logging.[5]
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Figure 3. 11: the basic approach of unsupervised learning.[5]
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3.3.3 Semi-Supervised Learning

In semi-supervised learning (e.g.,

reinforcement learning), incorporating both supervised and unsupervised learning, the

model in this approach is trained on a dataset that includes a small portion of labeled data

and a large portion of unlabeled data.[5][79]

In this context, the algorithm supplied a large dataset containing limited labelled data. A
clustering algorithm is utilized to detect a group within a dataset and identify a few labelled
data within each cluster to assign labels to the remaining data points within that cluster. The

main benefit of this technique is that it reduces the time and effort needed to label each data

point, which can be a time-consuming process.[49]
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Figure 3. 12: A principle of semi-supervised learning.[5]
Table 3. 2: The difference between ML algorithms.[80]
Algorithms Type
Input data Complexity Accuracy
Supervised Labelled Simpler Higher
Unsupervised Unlabeled Complex Lesser
Semi-supervised Partially labelled Depends on the Lesser
use of supervised
or unsupervised
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Table 3. 2, illustrate the comparison between different types of ML algorithms. The major
difference between ML algorithms is the kind of data required and how it can used. As
shown in Figure 3. 13, in supervised learning, it is important to use fully labelled datasets
this increases the accuracy of the models which may be laborious and costly. But, in
unsupervised learning works without labelling datasets, the algorithm discovers the pattern
and structure of the data, making it more complicated to evaluate the output. Although semi-
supervised learning used datasets containing labelled and unlabeled data that combined the

strength of supervised and unsupervised learning.

(a) fi Unsupervised (b) g ; (c) Semi-supervised
. Supervised learning :
L learning learning
Cluster 1 .
i Q- : "
~ ~N . _-"' ~ O Q.".
S Cluster 2 % ® % O . O
3 2| @ ® e i@
5l A Rl (o
< < o < X :
Attribute 1 Attribute 1 Attribute 1

Figure 3. 13: The different types of ML.

3.4 Well Logging Tools

Well-logging tools run in holes after the drilling operation stops which run one or more than
devices. In advanced operations, well-logging tools run during drilling operations this is
called logging while drilling (LWD). This study predicts rock properties based on
conventional well logging tools (e.g. Gamma Ray, Spontaneous potential, deep resistivity,
density, neutron, sonic etc.) this provides useful information about geological and
engineering investigation. Well logging is a continuous record as a function of depth which

is an indirect measurement of formation parameters.
3.5 Well Logging Objectives

Well-logging is the among most critical datasets, as they offer a continuous logging of
wellbore measurements that may help to understand the fluid distribution in the reservoir,

reservoir characteristics and reservoir deposited environment; in other words, do these rocks
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store hydrocarbons and will they flow? [81] The primary usage of well logging is

summarized below:

Identification of Lithology.
Determining reservoir properties (e. g porosity, saturation, permeability).
Identify the difference between reservoir and non-reservoir rocks.

Determining the type of fluid present in the pore space of reservoir rock (gas, oil,

water)

Detection of productive zones.

Estimation of the depth and thickness of productive zones.
Identifying reservoir fluid contacts.

Well-to-well correlation for determining the lateral extent of subsurface geological

cross-sections.

GammaRay  Resistivity

Figure 3. 14: Schematic diagram of a typical set-up for running wireline logs and typical response of

three main properties.[10]

3.7 Types of Well Logging

Various types of logs are available to identify well tops, sequence the zones, and assess the

properties of the rocks, these logs are Caliper logs, Gamma-ray logs, Spontaneous potential,

Density logs, resistivity logs, Neutron logs, sonic logs they will be explained in detail in this

study.
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3.7.1 Gamma Ray Log (GR)

A gamma-ray log is one of the key well-logging tools. It measures the natural radiation in
the penetrated formations. A formation that is rich in uranium, potassium and thorium emits

natural radiation. Shale riches with these radioactive materials which increases gamma ray

response. [18][81]

Clean sandstone contains a low concentration of radioactive materials, resulting in low
gamma ray readings. However, if the sandstone contains heavy minerals like potassium
feldspars, micas, glauconite, or is exposed to uranium-rich waters, it may produce a high

gamma-ray log response. [18][81]
If heavy minerals are found in the clean sandstone, it’s preferred to use a spectral gamma
ray log.

A gamma-ray log is used to identify permeable and impermeable zones, calculate shale
volume, and establish correlations between formations. [18] Typical gamma-ray responses

for common lithologies are listed in Table 3. 3.

Table 3. 3: Typical gamma-ray responses for common lithologies.[81]

Lithologies API units
Limestone 5-10
Dolomite 10-20
Sandstone 10-30
Shale 80-140
Organic-rich shale 150-200+
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Figure 3. 15: Typical gamma ray response.[82]

3.7.2 Spontaneous Potential Log (SP)

Spontaneous potential log, also referred to as the self-potential log (SP) is one of the oldest
logging measurements. It’s a continuing record that measures the natural potential between

the wellbore and the surface. [24]

The natural potential occurred due to electrochemical differences between drilling fluids
and fluid within reservoir formation caused by salinity variations, the electrokinetic
potential generated by the flow of mud filtrate through the mud cake.[81] In other words,
The electrical potential arises from the connection between different formations (membrane
potential), the interaction between fluids (fluid junction potential), and the movement of

fluids through the formation (electrokinetic potential).[82]
e Membrane Potential

Shale zones consist of clay minerals that are impermeable to (cl-) ions but permeable to
(Nat) ions. The positive ions move to low-saline fluid (e.g. less saline mud) from high-

saline fluid (e.g. saline formation water). [82]
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Shale plays a critical role in determining the SP response because the tool needs to

conductive wellbore fluids. [18]
e Fluid Junction Potential

The electrical potential is generated when the mud filtrate comes into contact with the
formation water. The negative ions (Cl-) are more mobile than the positive ions (Na+t),

leading to the production of a negative current charge. [82]
e Electrokinetic Potential

When the electrolyte flows through a permeable formation it creates electrokinetic potential

and current. It may occur in both formation and mud cake. [82]

The SP log is used to identify permeable formations and calculate the formation water
resistivity (Rw), identify the depositional environment, and determine of shale content. In
reading the SP log measured in millivolts (mV), it is recommended to first establish a shale
baseline, Figure 3. 17. This is the typical SP level for shales and can be found by comparing
the SP log with the GR log response. [18]

(a) |

static
SP shale ‘\ E_
.

-+
invaded

shale
Eq+Em zone

Figure 3. 16: Static potential (a) and measured flowing potential (b) for a fresh mud interacting with a

saline formation. The arrows illustrate the magnitude and direction of the potential gradient. [52]
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Figure 3. 17 Typical response of SP log. [82]

3.7.3 Neutron Log (NPHI)

The neutron log detects the hydrogen content within the formations. The neutron log tool
contains a neutron source that emits neutrons and measures the amounts of scattered
neutrons or gamma rays emitted (depending on the tool used) after the formation is exposed
to neutron sources which collide with the nuclei and the neutrons lose their energy. When
occurred sufficient collision the neutron is absorbed by the nucleus which resulting the

greatest energy loss when colliding with hydrogen atoms, Figure 3. 18, shown the neutron

log tool. [13] [42]

The neutron depends on the hydrogen atoms that fill the pore. Thus, more concentration of

hydrogen atoms in the porous formations means more energy loss which is related to
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formation porosity. However, the porosity that is calculated in shale formation can be
overestimated value due to boron, chlorine, and other rare earth elements that are present in

shale formation that affect on neutron capture rate.[18] [82]

The neutron log records the apparent porosity units of dolomite, sandstone, or limestone
porosity. The apparent porosity matches the true porosity when the formation consists of
limestone. However, the apparent porosity needs to adjust if the formation is sandstone or

dolomite, Figure 3. 20, shows chart for correct neutron porosity to lithology. [18]

Neutron log recorded low porosity if the gas present in the formation this can be utilized to
identify gas zones. However, when neutron logs combined with density logs can be used to

detect fluid contact.

shielding

e

emitted gamma rays
long spaced detector —{ T "': /
"

scattered neutrons
short spaced detector — (™1

neutron source

Figure 3. 18: neutron log tool.[82]
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Figure 3. 19:neutron porosity log response.[82]
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3.7.4 Density Log (RHOB)

Density log quantifies the formation bulk density which is used to derive the formation
porosity. However, it’s also used to detect the gas-bring formation. The density log tool
contains a radioactive source which is used to bombard the formation and sensor to measure
how radiation returns. Density log used gamma-ray as a radioactive element. Gamma-ray
reach the formation, it interacts with the electrons atoms that make up the formation and

undergo Compton scattering, Figure 3. 21.[84]

When the bulk density of the formation is high, the sensor detects a low gamma-ray count
rate, indicating that the formation contains a large number of density electrons, which
significantly reduces the gamma-ray. However, a high gamma-ray count rate is recorded in
the sensor when the formation bulk density is low and has a low number of density electrons,

resulting in minimal gamma-ray attenuation. [84]

The density log tool was used to calculate the bulk density of the matrix with the effects of

mud cack and wellbore irregularities.
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However, the bulk density of a formation is the difference between its matrix density and
that of the mud fluid. on the other hand, the presence of shale in the formation influenced
the porosity. The shale density ranges between 2.20 and 2.85 g/cc depending on the clay
mineral in the formation.[11] Table 3. 4, shows the typical matrix density of different

lithologies.

Table 3. 4: Typical matrix density of different lithologies.[82]

Lithologies Pmatrix (g/cm?)

Carbonate(limestone) | 2.71

Calcareous sand 2.69

Consolidated sand 2.65

Unconsolidated sand | 2.60

Shaly sand 2.6

Sand 2.2-2.85

mudcake \

eccentering arm \ / shielding

long spaced detector
short spaced detector

gamma ray source

Figure 3. 21: density log tool. [82]
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Figure 3. 22: bulk density with density log in different lithologies.[52]
3.7.5 Sonic Log (Dt)

Sonic logs, also called acoustic logs, are utilized to measure the time it takes for sound
waves to travel through a formation. the sonic log tool consists of two transmitters and two
or four receivers which are used to overcome the borehole size variations. The sonic log
used to derive formation porosity, Eq 2. 11 and Eq 2. 12. However, it is also used to calibrate
seismic data with petrophysical data. Lithology and porosity are the main factors affecting
interval travel (transit) time.[11] [18] Table 3. 5, shows the formation lithologies and transit

time.

Table 3. 5: common transit time and lithologies.[ 18]

Lithology Atma p/ft.
Oil 232
Water 189-200
Sandstones 55.6
Dolomite 42
Anhydrite 50
Carbonates 43.5-47.6
Shales 62.5-167
Salt 15
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Figure 3. 23: Schematic of the sonic logging tool.[82]
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Figure 3. 24: sonic log records in different lithologies.[52]

3.7.6 Caliper Log (CALI)

A caliper log measures the form and diameter of a borehole. In other words, a caliper log is
used in open-hole wells to measure the variation in wellbore diameter.[85] The tool has two,
four or six arms, as shown in Figure 3. 25. The use of more arms will provide more accurate

measurements of the well shape.
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Bit size may be presented with a caliper log track, which is used to identify mud cack, wash-
out, and hole roughness. Also, used in cementing calculations to determine the volume of

the wellbore. [82]

When the caliper log tool is moved from the borehole, this movement allows the arms to

move in and out and is then translated into an electrical signal by a potentiometer. [84]

QIS S

one arm twoarm three arm four arm six arm
uni-directional uni-directional centered (dipmeter log, (hex diplog)
(density log) (micrologs) (acoustic log) borehole geometry log)

Figure 3. 25: Types of calipers configurations and typical logging applications.[82]

The combination of caliper log and bit size displays various seniors that can be summarized

as follows:

e Caliper log reading smaller than the bit size

The presence of mudcake in the formation will result in a caliper log reading that is less than
the bit size. This occurs when the lithology is porous and permeable, such as permeable

sandstone, or in swelling shale formations. [84]
e Caliper log reading larger than the bit size

When the caliper log reading exceeds the bit size, it indicates an unconsolidated or soft
formation. Drilling in this formation may result in caving or sloughing, such as
unconsolidated sands, fragile shales, or salt formations drilled with freshwater drilling mud.

[84]
e Caliper log reading equal to bit size reading

In some formations, the caliper log reading is identical to the bit size reading; these
formations are well-consolidated and non-permeable, such as huge sandstones, calcareous

shales, igneous rocks, and metamorphic rocks. [44]
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Figure 3. 26: caliper log recording. [82]

3.7.7 Resistivity Log (Rp & Rw)

To identify hydrocarbon-bearing or water-bearing zone resistivity logs are mostly used. Any
presence of hydrocarbons, rock matrix and grains in pores, is non-conductive, the ability to
carry the electricity in the pores is almost reliant on the presence of water. The resistivity of
the formation increases if the hydrocarbon saturation increases as well as water saturation

decreases.[18]

Three main types of resistivity logs are used to measure the formation resistivity. The

following section will discuss them.

¢ Conventional logging tool

The electrode logging tool measures the voltage drops between electrodes when a current
flows through the formation, as shown in Figure 3. 27. The measuring electrode is connected
to the surface at a galvanometer in a normal tool arrangement. Generally, 16 in is the spacing
between the recording electrode and the current electrode this is (short-normal) and also can
be 64 in (long-normal) or 18 ft 8 in for the lateral log which measures the voltage drops

between two electrodes.
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However, it’s important to note that a greater depth of investigation is achieved with greater

spacing between electrodes. [82], [86]
e Laterolog

The current flows horizontally into the formation using single electrodes. Above and below
the current electrodes placing two guard electrodes helps to create horizontal flow. A sheet
current flows through the formation by balancing the guard electrode current with the central
electrode, Figure 3. 27 shown later log scheme. The voltage of the central and guard

electrode is measured as the sone is raised. In general, later logs are used in low-resistivity

and salt mud. [86]
e Induction logs

This type of resistivity tool is used for freshwater or oil-based mud with low resistivity. A
high-frequency alternating current is transmitted using transmitter and receiver coils placed
at both ends of the sonde. A magnetic field is created by these currents which flows through
the formation. Thus, according to formation resistivity the measured current is received, as

shown in Figure 3. 27. [86]

(A) (B) ()
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Spacing E :
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BB Current electrodes (A, B) . Center electrodes
o Potential-measuring {1 Guard electrodes

electrodes (X, Z)

Figure 3. 27: Illustrations of three different types of resistivity logging equipment. (A) A typical resistivity
logging device. The distance from the borehole where the resistivity is measured is determined by the
variation in the spacing between A and X. (B) A diagram of the later log approach. (C) Diagram
illustrating the induction principle.[86]
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CHAPTER FOUR
4 STUDY METHODOLOGIES

4.1 INTRODUCTION

This chapter provides a detailed methodology approach and data that is employed
throughout this study. The primary goal of this chapter is to outline the source of the dataset
and describe the analytical techniques applied to achieve the study objective outlined in
earlier chapters. Thereby, this chapter provides a foundation for understanding how the data
was collected and preprocessed which involves converting raw data to a clean dataset which
can the effectively visualized and analyzed, and ensuring reliability and validity of this

study’s findings.

The data utilized in this study comprise petrophysical well-logging data (conventional well-
logging data) and correlated core data (porosity, permeability, and water saturation) which
is the continuous dataset. Hence, this data was chosen from the Libyan field due to

availability.

The methodology framework applied in this study involves data cleaning, visualization,
model generation, model evaluation, and model selection and the final step is comparison

with traditional methods.

The following section of this chapter is composed as follows: section 4.2 discusses the
methodology workflow which provides a detailed description of data collection and
visualization. Followed by data preprocessing which involves data cleaning techniques and
normalization. Thereafter model generation starts with the split dataset to training and test
set which used the selected feature to predict the labels (porosity, permeability and water
saturation) then the model was evaluated using evaluation metric correlation coefficient (R?)
and Root mean square error (RMSE). Finally, the ML model result will be compared based
on evaluation metrics to select the best ML model then each model compared with the actual

result of the label selected.
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4.2 Methodology

e Python Programming

Recently, python programming became a popular language for building machine learning
models. The Python programming language was discovered to have the following
advantages: simple syntax, which makes the code easy to create, read, and maintain; a big
standard library, which supports object-oriented programming and other paradigms; cross-
platform compatibility, which supports practically all modern systems. The software
interface is user-friendly, so it's easy to design software solutions for the oil and gas

business.[87]
e Study Workflow

Throughout this study, the main workflow is to apply machine learning models that were
used to estimate reservoir properties using a variety of Python libraries, including Scikit-
Learn (machine learning library), NumPy (numerical library), Pandas (DataFrame library),
Matplotlib (graphic and visual library) etc. The general workflow of this study is illustrated
in Figure 4. 1.

Data collection » Exploratory data » Data
analysis preprocessing

\

Model Generation « Feature selection « Label selection

. Comparative with
Model Evaluation » Model selection » traditional method

Figure 4. 1: Illustrate the workflow of the study.

To apply the worktlow will use Anaconda Jupyter Notebook to write and execute Python
code. Anaconda is a platform for data sciences which includes a wide range of libraries that

are already installed in the notebook that is necessary for data sciences and machine learning
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Figure 4. 2, shows the Jupyter Notebook window. However, if there is a library that is
uninstalled in the notebook it is easy to install a used command prompt or Anaconda

command prompt and use (pip install library name).

7~ jupyter

File View Settings Help

m files | © Running g

Select items to perform actions on them *New #* Upload C
./

O Name - Last Modified File Size

(J ™ 3D Objects last month

[ = Contacts last month

6178

Figure 4. 2: window of Jupyter notebook.

4.2.1 Data collection

This section addresses, principal information about used well-logging and correlated core
data. The well-logging data is provided in an Excel sheet (CSV format). Before starting the
analysis, the data quality must be thoroughly checked to ensure the reliability and accuracy
of the predictions. High-quality data plays a crucial role in enhancing the performance of
machine learning models, as it directly impacts the accuracy of the reservoir property
predictions. Data quality involves managing missing data; however, when available data is
complete and includes all high and low values variables, it can enhance the model's ability
to learn all patterns in the reservoir zone. High-quality, comprehensive data allows machine
learning models to make more accurate predictions by capturing the full range of variability
within the dataset. Additionally, it can decrease the time required to test various machine

learning algorithms and perform hyperparameter tuning in the model development process.

For wells that have specific well-logging data such as (CAL, ILD, RHOB, GR, ILM,
MSFL, CNL, BADHOLE, VSHALE, DT, SP) and correlated core data (phi, K, Sw) these
wells used in training and testing dataset as well as in blind well. However, due to limitations
in core data for the selected areas, the label selection used was correlated to core data these

data were used as labels for machine learning models.
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Hence, seven wells (A-13, A-12, A-02, A-06, A-08, A-09, A-97) were used in this study as
a training dataset while well (A-05) was used as a blind well to test the model accuracy, as

shown in Figure 1. 3.

The lithology of these wells was mainly sandstone with some interbeds of shale siltstone

and mudstone.

The well-logging data measures function in depth which is in feet unit. The selected depth
used to train and test the ML model was at the reservoir zone which is the zone of interest
in any reservoir study. The depth for well A-13 was from 8686 ft to 8808 ft and the lithology

for this interval was shaly sand with some interbeds of siltstone and mudstone.

While well A-12 the interested zone extends from 8672 ft to 8740 ft which the lithology

was sandstone with the presence of shale.

As well as, well A-02 which extends from 8767 ft to 8790 ft the lithology was sandstone
with the presence of shale. Whereby, in well A-06 the depth was from 8760 ft to 8830 ft
and the lithology was sandstone with some percentage of shale. Whereas, well A-08 extend
from 8680 ft to 8776 ft and the lithology was sandstone with some interbeds of shale.
Whilst, well A-09 from 8750 ft until 8826 ft as well as the other wells the lithology was
sandstone with some percent of shale and siltstone. Through, well A-97 start from 8674 ft
until 8772 ft which the lithology was sandstone with some percentage of shale. As well as,
the blind well A-05 extends from 8640 ft to 8740.5 ft as well as other wells the main

lithology was sandstone with some percentage of shale.

However, in these reservoir depths, there were some missing values so it was removed

before starting the analysis. Table 4. 1, shows the depth with the formation description.

The well logging data show different readings of gamma-ray as well as neutron density
which indicate the presence of sandstone with some percentage of shale. Figure 4. 3 and
Figure 4. 10 illustrate correlated core and logging data in the reservoir zones in studied

wells. However, all the following figures were created using Python and their library.

Table 4. 1: the depth of the reservoir zone with formation description.

Well name depth (ft) Lithology
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Figure 4. 3: the display of well logging data with core data, well A-13.
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Well Log Plot for A-12
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Figure 4. 4: the display of well logging data with core data, well A-12.
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Figure 4. 5: the display of well logging data with core data, well A-02.
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Well Log Plot for A-06
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Figure 4. 6: the display of well logging data with core data, well A-06.
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Figure 4. 7: the display of well logging data with core data, well A-08.



Well Log Plot for A-09
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Figure 4. 8: display of well logging data with core data, well A-09.
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Figure 4. 9:display of well logging data with core data, well A-97.



Well Log Plot for A-05
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Figure 4. 10: the display of well logging data with core data, well A-05(blind well).
4.2.2 Exploratory Data Analysis

The data available in the real world are not available in perfect format and are not prepared
for use in machine learning (ML) models as well as petrophysical data. Thus, the critical
step before starting training ML models is Exploratory Data analysis (EDA) which helps in
understanding and preparing data for ML.

EDA includes understanding the relationship between the variables, identifying

inconsistencies, and checking assumptions.[57]

Therefore, during this step, Pandas and NumPy libraries were used to summarize statistics
and for visualization techniques python libraries such as matplotlib and Seaborn were used
and detect the nature of the dataset and answer the questions about the available data. Table
4. 2, illustrate the statistics summary of the dataset. The total number of data points for
training data is about 734 points, all of these points were at the reservoir zone. The number
of data points in blind well A-05 is about 202 points as shown in Appendix B. Based on
Table 4. 2, the training dataset doesn’t have a null value that is because all null values
deleted from the CSV file before starting in analysis. However, almost all data points have

well-logging reading and correlated core data as shown in Figure 4. 11.

Data visualization is a critical method in EDA that is used to understand the data distribution
and identify the outliers. An outlier is a parameter that has a range out of the reasonable.
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The boxplot was used to visualize the dataset which lead to detecting the outliers using Eq
4.2,Eq4. 3 and Eq 4. 3. Figure 4. 12, shows the outlier for the training dataset. ). However,

all outlier in the dataset is related to the geology. Hence, the removal of any of them affects

the model reality.
IQR =Q3-Q1 Eq4.1
Rmin = Q1 — 1.5 *IQR Eq4 2
Rmax = Q3+ 1.5*IQR Eg4 3
Where:

IQR = the inter quartile range.
Q3 = 75™ percentile.
Q1 = 25" percentile.
Riin = minimum outliers.
max = Maximum outliers.

Data Point Histogram

data point
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well name

Figure 4. 11: The number of data points for each well.
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Table 4. 2: statistics summary for the training dataset.

Index | count mean std min 25% 50% 75% max
DEPTH | 734 | 8748.846 | 45.700723 8672 8709.5 8753.25 8791 8830
CAL | 734 8.2443557 | 0.1722234 7.891 8.14945 8.234 | 8.2998425 9.242

ILD | 734 |11.104149 | 13.263816 | 1.10609 2.68175 5.592 14.129 101.608
RHOB | 734 | 2.3371622 | 0.0533698 2.201 2.302 2.325 2.364 2.588
GR | 73422915112 | 15.895796 9.594 | 13.232555 | 18.04628 26.594 148.625

ILM | 734 | 10.642556 | 11.243764 1.391 3.06975 5961 | 14.10525 69.044
MSFL | 734 | 15.808876 | 7.2606582 2.709 10.0065 14.8675 | 19.348508 61.531
CNL | 734 0.1927011 | 0.0330029 0.136 0.176 0.189 0.204 0.45
BADHOLE | 734 | 0.2098093 0.40745 0 0 0 0 1
K| 734|423.59333 | 451.16039 0.0008 | 71.130425 | 258.39099 | 662.99569 | 1968.7157

phi | 734 | 0.170704 | 0.0317291 0.01 0.1554 | 0.178065| 0.191175 0.2495
VSHALE | 734 0.1435133 | 0.1477706 0.001 0.0538 | 0.102395 0.18475 1
SW | 734 0.3299444 | 0.1657051 0.0792 | 0.198825 0.30915 | 0.4275275 1

DT | 734 | 74.604067 | 3.569266 65.5 72.25 | 74.69331 76.6 88.4

SP | 734 3.1850791 | 44.383595 88.0701?: 4.5 13.75 34.461 71.25
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4.2.3 Data Preprocessing

Data preprocessing is a vital step for building a machine learning model as it involves
converting raw data to a clean dataset that can be effectively visualized and analyzed.
Corrections for this purpose include repairing null/NaN values, allocating missing values,
scaling features, normalizing samples, removing anomalies, encoding qualitative/nominal

category features, and reformatting data. [5], [57]

Data preparation is crucial for assuring the quality and dependability of the input data for
machine learning models. That can confirm better results from machine learning models.
Thus, the scikit learn library was used during this study to perform data preprocessing and

machine learning models.

The data preprocessing includes label selection, feature selection, data

normalization/scaling and standardization, data splitting and cross-validation.
e Label selection

The label selection is a part of data preprocessing which is the variables that the model is
trying to predict, porosity, water saturation and permeability are selected as the labels for

this study.
e Feature selection

Feature selection is a method to select the needed feature used to build the model and
contribute to predicting the output. The main benefit of feature selection is to reduce
overfitting. However, feature selection has another advantage increases accuracy where
modeling accuracy increases with fewer false data. As well as, Shortens Training Time

(STT) which algorithms can learn more quickly with less data. [88]

Typically, increasing model performance reduces the error rate and avoids overfitting by

selecting good features for each prediction (porosity, permeability and water saturation).

There are several methods to select the best features for model generation such as the filter

method which selects the features based on statistical methods.

Heat map is used to understand the relationship between variables which used the seaborn

library to plot such map.
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A heat map is a two-dimensional representation of data based on colour. Moreover, with
plotting a heat map, it’s essential to use Pearson correlation coefficient to detect the collinear

variables.[89] Eq 4. 4, used to calculate Pearson correlation.

_cov(X,Y)

Xy = Eq4.4

OxOy

Where:

cov (X, Y) is the covariance between parameters X and Y.
oX is the standard deviation of parameter X.

oY is the standard deviation of parameter Y.

The Pearson correlation coefficient varies between -1 to 1 which measures how a strong or
weak relationship between variables. Thus, the positive values indicate as one variable
increases the other value increases while the negative value is related to an increase in one
value and a decrease in another value and vice versa. [89] The heat map for the training
dataset is illustrated in Figure 4. 13. A heat map with a Pearson correlation coefficient helps
detect relevance between features for each prediction process and reflects the possibility of
using a regression model. However, during this study features were selected according to

specific requirements for each property even if there is a low linear relationship.
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Figure 4. 13: Heat map plot for the full dataset.
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e Data normalization, scaling, and standardization

Various machine learning algorithms try to find trends in the data points by comparing data
point features. However, when the features are completely on different scales considered
there is a problem. Thus, the aim of normalization is to make all data points uniformly at

the same scale so all feature has equal influence.[90]

Typically, making all features on the same scale can speed up the optimization algorithms.
On the other hand, not all ML algorithms are affected by normalization such as Tree-based
models (e.g. DT and RF) these models are not distance-based so can handle variations of

data such as petrophysical data.

There are several approaches to normalization and standardization. The popular approaches

are shown in the following section:
e Min\Max normalization

It is one of the most popular approaches to normalize the data. Eq 4. 5 show the
minimum\maximum normalization. By using this equation all variables range between 0
and 1. [5] However, this method is used when the maximum and minimum bound of data
are known, and the data have little or no outliers. Thus, need to remove outliers before
applying this method. [57] In Python can normalize the dataset by using Scikit-Learn using
the MinMaxScaler class.

_ Xvalue —min (X)

= Eq4.5
" max(X) — min (X)

Where:
Xa: is the normalized feature of variable x.
Min(x): 1s the minimum value.
Max(x): is the maximum value.
e Stander scaler

Standardization also known as z-Score normalization this approach rescaled the data by
converting the Normal distribution feature to Normal distribution with zero mean and one

standard deviation. [5], [89]
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Thus, this approach is used to minimize the effects of low standard deviation and outliers.
Eq 4. 6, can perform to standardization of the features. In Python can Standardized the
dataset by using Scikit-Learn using the StandardScaler class.
_X-up

o

X' Eq4.6

Where:

X is the standardized data point.

u: is the mean of the data set.

o: is the standard deviation of the data set.
e Robust scalar

Both previous methods have a common limitation which is sensitive to the outliers. The
presence of the outliers affects the computation of mean and standard deviation. [91] So,
the Robust approach uses the quantile ranges from 25% to 75% to scale the dataset and
remove the median. Eq 4. 7, can used to apply a Robust scalar. In Python can Standardized

the dataset by using Scikit-Learn using the RobustScaler class.

Z’\l._value—m Eq4.7
=—QR

Where:

Zi: 1s the Robust scalar.

m: is the median

QR: is the quantile range (e.g. IQR (Q3-Q1))

The selection of any normalization method used is mainly based on the dataset and ML
algorithms used. However, this study didn’t use any normalization methods due to the use

of Tree-based models (DT and RF).
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4.2.4 Model Generation

Since the predicted output (porosity, water saturation and permeability) is a continuance
data, the supervised regression technique was used in this study, as discussed previously. In
this study, the model was generated by using Python script which used Scikit-Learn library

which contained several ML models.

The following section discussed the workflow for the generation of the machine learning

models:
e Data splitting

To generate a machine learning model the dataset must be split into three sections after
preprocessing it which are training, validation, and testing. Splitting datasets in machine
learning can be done in a variety of ways. One of the most used approaches is to split the
dataset randomly in a specific ratio. Every one of these segments has a different percentage
of the dataset. Typically, use 20—40 percent of the data for testing and validation, and 60—
80 percent for training. The entire dataset can be assembled into a single workbook (e.g.,
TableauTM, AccessTM, ExcelTM, etc.) and then split the data into segments for training,

testing, and validation at random.[5]

Typically, the quality of the training and testing dataset can affect the model generation
which increases or decreases the model performance. In this study, the selected dataset
(input and output) from seven wells was saved in an Excel worksheet (CSV file) which was
used after that to train and test ML models using Scikit-Learn library by import
train_test_split function. Hence, the blind well (A-05) used for the validation of ML models

was saved in a separate Excel worksheet (CSV file).

Typically, the training dataset is split randomly which uses 25 — 75 percent of the data for

testing and training.

e Model evaluation

Model evaluation is an important step in the machine-learning workflow. Which uses
quantitative metrics to evaluate the model performance to comprehend how well the model

generalizes on an unseen dataset. [53], [57]
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There are several evaluation metrics used for model evaluation which depend upon the
problem. However, for regression algorithms coefficient of determination (R?), and root-
mean-squared error (RMSE) are widely used. The following section discusses the equation

for R? and RMSE:
e Square of Correlation Coefficient

This is the most widely evaluated metric method that is used in regression models. This
method is also known as the coefficient of determination (R?). This can be stated as a ratio
that represents the strength of the linear relationship between the actual and predicted
responses.[5], [57] In other words, the coefficient of determination (R?) is a measure of the
variability in dependent variables (target value) that can be anticipated by the independent

variable (model prediction).

Eq 4. 8, used to calculate the coefficient of determination (R?). Typically, python uses the

Scikit-Learn library to import metrics and then import the r2_score function.

SSes Eq4.8

R*=1-
$Stot

Where SSies and SSio are calculated using Eq 4. 9 and Eq 4. 10.

SSres = Z(yi - yreg)2 Eq49

SStot = Z(yi —3)? Eq4. 10
Where:
SSres: 1s the sum of squares residual.
SSiot: 1s the total sum of squares.
yi: is the value of each data point.
Vreg: 18 the predicted value by the regression model.

¥: 1s the mean value.
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The better R? value is achieved if the R? for the training and testing dataset is 1 or close to

1 as well as R? for a blind dataset which means that the model well captures the data point.
¢ Root Mean Square Error

The root mean square error (RMSE) is defined as the square root of the average of the
squared difference between actual and anticipated values. RMSE resemble to standard
deviation.[53] In contrast with R?, the less error model and better performance were
achieved with low RMSE.[5] Eq 4. 11, used to calculate RMSE. Python used the Scikit-

Learn library to import metrics and then import root mean_squared_error regression loss.

Where:

Vi: 1s the predicted value by the regression model.

n: is a number of data points.

In this study, R? and RMSE were used to evaluate the model accuracy.
¢ Opverfitting and Underfitting

Typically, the main target for training machine learning models is to generate predictions
for unseen datasets. Thus, unseen dataset prediction should provide the same level of
accuracy provided by the training dataset. However, in some circumstances, the model's

accuracy for an unseen dataset may be limited due to overfitting or underfitting. [57]

Overfitting: indicates that the model provides high accuracy for the training dataset due to
their ability to learn all patterns for the training dataset but for unseen data, models provide

low accuracy due to the inability to capture well unseen data. [57]

Underfitting: occurs when the model provides low accuracy for both training dataset and
unseen data. However, that’s means that model unable to learn the data pattern for the

training dataset.[57]
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In this study, this problem is detected using R? for both the training dataset and the blind

dataset.
e Model selection

For model selection until now there’s nobody can select specific machine learning
algorithms for specific problems. It can use different algorithms to compare the results and
select the best model based on model accuracy. [69] On the other hand, Tree-based models
(DT and RF) don’t need to normalization and handle data with little or no preparation also
the nonlinear relationship between variables doesn’t affect the model performance. [92] And
according to Grinsztajn et al [93] found that Tree-based models surpass on deep learning

method in medium data size.

Hence, due to limited data points, this study focuses on developing the Decision Tree (DT)
Regression model and Random Forest (RF) Regression model for the prediction of reservoir

properties and achieving the study objective.

4.2.5 Comparative Method

According to the sensitivity of the prediction methods in any reservoir study, it’s a critical
step to compare the predicted value from ML models with actual data. This study used

correlated core porosity, water saturation and permeability to compare with ML prediction.
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CHAPTER FIVE
S RESULTS AND DISCUSSION

This chapter delves into the study result derived from the application different machine
learning models to estimate reservoir properties using well-logging data. According to the
foundation laid in previous chapters, methodology workflow this chapter aimed to outline

the ML models results and discuss their importance in reservoir studies.

In this section, will introduce a comprehensive analysis of the obtained result for the
application of ML models in this study focusing on the accuracy and model performance
based on the R? value and comparing with the actual result provided with the actual data in

blind well (A-15).

Thereafter, will present a detailed discussion about the importance of finding. During the
discussion will explore machine learning models in predicting reservoir properties, such as
porosity, permeability, and water saturation. As well as, will also critically analyze the
advantages and limitations of the models, considering factors such as model complexity and

data quality.

Therefore, Random Forest (RF) and Decision Tree (DT) models were used to predict
reservoir properties (porosity, permeability, and water saturation) based on well-logging

data and correlated core data.

This study, aimed to provide significant insights into how machine learning models can help
and improve reservoir properties prediction, as well as recommend future studies and

prospected applications, especially in reservoir study.
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5.1 porosity prediction
5.1.1 Feature Selection

As discussed in previous chapters, the feature selection for training and blind datasets is
highly influenced by model performance, it’s critical to find which feature has a high impact
on the prediction of reservoir properties. Hence, wrong feature selection will reduce model

accuracy.

Using of Pearson correlation coefficient Eq 4. 4 provides insight into the correlation between
features and selected labels. However, the Pearson correlation coefficient is used to
understand the ability to use regression models. Although the Pearson correlation coefficient
is important for feature selection in many cases, the non-linear feature impacts the model

performance which may depend on domain-specific factors.

Although, the dataset contains both measured and calculated logs for porosity prediction
select measured data as input for the machine learning model. Hence, bulk density (RHOB),
sonic (DT), compensated neutron log (CNL), and gamma-ray (GR) were used. The selected
features are commonly used to predict reservoir porosity due to their direct relationship with
it.

RHOB presented a strong P-value which was -0.99 while GR was -0.63 whereby DT was
0.45 while CNL showed a lower value in the selected feature which was -0.29, as shown in

Figure 5. 1.

Typically, the indirect relationship between RHOB and phi indicates that denser rocks have
low porosity while GR inversely relationship with phi indicates that high GR is related to
the presence of shale and then low porosity. On the other hand, the direct relationship
between DT and phi which is important to detect porosity indicates the porosity increases
then the travel time increases. However, CNL shows an inverse relationship with phi. The

features selected and removed are shown in Table 5. 1
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Table 5. 1: Feature selection for porosity prediction.

Feature Pearson correlation coefficient
Feature selected RHOB, GR, DT, CNL
Feature removed DEPTH, SP, ILM, ILD, MSFL, CAL,

BEDHOLE, K, SW, VSHALE
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Figure 5. 1: Pearson correlation coefficient with heat map for porosity prediction.

5.1.2 Models Prediction

After preparing the dataset and selecting the feature, the next step is to select the optimal
ML model to predict the reservoir porosity. This study selected the DT and RF as discussed
in previous chapters which are built using well-logging data as input features and correlated
core data as label output. The following section presents the obtained results for the ML

models used.

The model starts by training it on the training dataset. Then, the model was evaluated based

on the R? and RMSE values and compared with the actual value in the blind well (A-05).
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Figure 5. 2, show the actual porosity plot compared to the prediction for the training dataset

which the R? was about 0.935 using the DT model.

However, the R? and RMSE for the blind well (A-05) were about 0.993 and 0.002
respectively. Figure 5. 3, show the predicted porosity in the blind well (A-05) function in

depth and compare it with the actual porosity (correlated core porosity).

In contrast, the RF model is built with the same steps as the DT model. However, there was
a slight difference between the RF and DT results as shown in Figure 5. 3. The R? for the
training dataset was about 0.976 while the R? and RMSE for a blind well (A-05) were about
0.999 and 0.001. Figure 5. 4, show the comparison between the actual porosity and predicted
training dataset using the RF model. While Figure 5. 5, present the predicted porosity by RF

model with the actual porosity for blind well.

Figure 5. 6, show the scatter plot between actual porosity and predicted using the DT model.
The y-axis represents the predicted value while the x-axis represents the actual value. This
plotting is used to evaluate model performance visually. The fitting line (red line) is plotted
to analyze the prediction which presents the relationship between actual and predicted value.
The high R? and low RMSE provided using the DT and RF models show that the DT and

RF are effective in porosity prediction.

In comparison, the data point that shows the actual porosity and predicted from the Random
Forest model more closely to the fitting line than the DT model which provided R? higher
than DT as shown in Figure 5. 7. This indicates that the Random Forest model captures the
majority of variability for porosity prediction more effectively than the Decision Tree,

especially for low porosity values.

As well as, shown in Figure 5. 8 for porosity prediction the Random Forest (RF) model
provides more accurate results compared with Decision Tree results for both training and
blind datasets. On the other hand, Figure 5. 9 shows the comparison between RMSE for a
blind well (A-05) using both models.
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Table 5. 2: Evaluation metric for porosity prediction.

Model Evaluation metric
R* (%)
Decision Tree 99.3
Random Forest 99.9
RMSE (%)
Decision Tree 0.28
Random Forest 0.12
020 | " “l /‘ g
1 \ ! ‘ \|
|
R
|

225

0.200

0173

0150

phil Actual and DT phi

8

0075

0050

no2s

Figure 5. 2: predicted porosity versus actual porosity for training dataset using DT model.
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Figure 5. 3: predicted porosity versus actual porosity for blind dataset (well A-05) using the DT model.
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Figure 5. 5: predicted porosity versus actual porosity for blind dataset (well A-05) using RF model.
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Figure 5. 6: actual porosity versus porosity prediction using DT.
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Figure 5. 7: actual porosity versus porosity prediction using RF.
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Figure 5. 8: R2 value for porosity prediction for the training dataset and blind dataset for both models.
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Figure 5. 9: RMSE value for porosity prediction for the blind dataset for both models.
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5.2 water saturation prediction
5.2.1 Feature Selection

As discussed in previous chapters the selection of the most relevant features improved the
model generalization. Hence, for water saturation prediction select deep resistivity (ILD),
medium resistivity (ILM), bulk density (RHOB), compensated neutron log (CNL), and
gamma-ray (GR).

The heat map illustrates the strong positive relationship with RHOB was about 0.61, as well

as in the GR was 0.69 whereby the CNL was 0.57.

However, ILD, and ILM, show a strong negative relationship with water saturation.

Consequently, The P-value was about -0.67 and -0.69 for ILD and ILM.

Hence, these results indicate that these input features have a strong linear relationship with
water saturation. However, the selection was based on their impact on the model. Table 5.

3, illustrates the selected and removed features for training the model.
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Figure 5. 10: Pearson correlation coefficient with heat map for water saturation prediction.
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Table 5. 3: Feature selection water saturation prediction.

Feature Pearson correlation coefficient
Feature selected ILM, ILD, RHOB, GR, CNL
Feature removed DEPTH, SP, MSFL, CAL, BEDHOLE, K,

SW, VSHALE, DT

5.2.2 Model Prediction

As mentioned before, this study used DT and RF models as ML models. The models trained
on the training dataset to predict the water saturation based on well logging data and
correlated core data for the labelled output, then the models were evaluated using R2 and

RMSE and compared with the blind well (A-05).

Figure 5. 11 and Figure 5. 13, show the actual porosity plot compared with the predicted
porosity from the training dataset from DT and RF respectively. Where the R2 for the
training dataset was about 0.93 using the DT model while using RF was about 0.94.
However, for the blind dataset well (A-05) R2 and RMSE were about 0.973 and 0.028 by
using the DT model and 0.969 and 0.03 by using the RF model. Figure 5. 12 and Figure 5.
14, show the comparison between actual water saturation and predicted using DT and RF

models.

Figure 5. 15, shows the scatter plot between actual water saturation and predicted using the
DT model. The fitting line (red line) is plotted to analyze the prediction which presents the
relationship between actual and expected value. The plot shows that the Decision Tree
model predicts some constraints as straight lines and these were due to the outlier’s effect.

Thus, the DT model didn’t capture the majority of the variability for high water saturation.

In comparison, the Random Forest model is more efficient in water saturation prediction
compared to the Decision Tree model as shown in Figure 5. 16 even when have a slight
difference in R?> and RMSE. This indicates that the Random Forest model captures the
majority of variability for water saturation prediction more effectively than the Decision

Tree.
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Figure 5. 17, the histogram shows the R2 value for both the ML model for the training
dataset and the blind well (A-05). Table 5. 4, shows the evaluation metric for both models

used to predict water saturation.

Based on this result for water saturation, RF provides better results in comparison with the

DT model for both training and blind datasets.

Table 5. 4: Evaluation metric for water saturation prediction.

Model | Evaluation metric
R* (%)
Decision Tree 97.3
Random Forest 96.9
RMSE (%)
Decision Tree 2.8
Random Forest 3
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Figure 5. 11: predicted water saturation versus actual water saturation for the training dataset using the DT model.
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Figure 5. 12: predicted water saturation versus actual water saturation for a testing dataset using the DT model.
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Figure 5. 13: predicted porosity versus actual water saturation for training dataset using RF model.
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Figure 5. 14: predicted water saturation versus actual water saturation for blind dataset (well A-05) using RF model.
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Figure 5. 15: actual water saturation versus water saturation prediction using DT.
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Figure 5. 16: actual water saturation versus water saturation prediction using RF.

Model Performance Comparison

100 . .
94.6% 97.3% 96.9%

coefficient of determination (R2)

20 +

e DT_SW
e RF_SW

Training Testing

Dataset

Figure 5. 17: R2 value for water saturation prediction for the training dataset and blind dataset for both models.
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Figure 5. 18: RMSE value for water saturation prediction for the training dataset and blind dataset for both models.
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5.3 permeability prediction
5.3.1 Feature Selection

Generally, permeability is a more complex property, especially for prediction in
petrophysical studies. In contrast to porosity and saturation, no log measures permeability

directly. Thus, for permeability prediction feature selection is more critical.

The input features used for permeability prediction were ILD, RHOB, PHI, VSHALE, SW,
DT, and SP. As stated in the heat map shown in Figure 5. 19, ILD, PHI and DT have a direct
relationship with permeability (K) while RHOB, VSHALE, SW, and SP have an inverse
relationship with permeability (K). Thus, the P-values for ILD, PHI and DT were 0.72, 0.75,
0.53 and 0.11 sequentially. Whereby, RHOB, VSHALE, SW, and SP were -0.53, -0.62, -
0.54, -0.69, and -0.19.Table 5. 5, shows the feature selection for permeability prediction.
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Figure 5. 19: Pearson correlation coefficient with heat map for permeability prediction.
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Table 5. 5: Feature selection for permeability prediction.

Feature Pearson correlation coefficient
Feature selected ILD, RHOB, PHI, VSHALE, SW, DT,
and SP.
Feature removed MSFL, CAL, BEDHOLE, GR, CNL,
DEPTH, ILM.

5.3.2 Model Prediction

The permeability was predicted using DT and RF models using previous features selected
as shown in Figure 5. 19. The model generated by the trained dataset was then evaluated by
using a blind dataset (A-05) which contained the same features used in the training dataset

as well as the actual output that was used for comparison purposes.

Based on the DT model, the training dataset provided an R? of about 0.956, while for the
blind well (A-05), the R? was about 0.939 and the RMSE was about 0.06. Figure 5. 20,
show the predicted permeability for the training dataset compared with actual permeability
which presents a good match between the actual and predicted permeability. However,
Figure 5. 21, illustrates the result for the blind well (A-05) which displays the predicted
permeability using the DT model with the actual permeability.

In contrast, the RF model provides an R* of about 0.969 for the training dataset while the R?
and RMSE for the blind well (A-05) are about 0.973 and 0.045. The high R? for the training
dataset and high R? for the blind dataset indicate that the RF model can capture all data

points in the blind well as shown in Figure 5. 22 and Figure 5. 23.

Figure 5. 24, show the scatter plot between actual permeability and predicted using the DT
model. The fitting line (red line) is plotted to analyse the prediction which presents the
relationship between actual and predicted value. According to Figure 5. 21 and Figure 5. 24
the decision tree prediction can’t capture the permeability pattern well due to the wide range
of permeability, which makes the decision tree need more depth to get a good prediction as

well as the effect of the outliers.
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In comparison, the Random Forest model strongly in permeability prediction compared to

the Decision Tree model which provided R? higher than DT.

As well as, shown in Figure 5. 26 for permeability prediction from the Random Forest (RF)
model provides more accurate results compared with the Decision Tree (DT) result for a
blind dataset. Figure 5. 27, provide the RMSE for permeability prediction which shows that
RMSE for the DT is higher than RMSE for the RF model.

Table 5. 6: Evaluation metric for permeability prediction.

Model ‘ Evaluation metric
R* (%)
Decision Tree 93.9
Random Forest 97.1
RMSE (%)
Decision Tree 6.8
Random Forest 4.5
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Figure 5. 20: predicted permeability versus actual permeability for training dataset using the DT model.
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Figure 5. 21: predicted permeability versus actual permeability for blind dataset (well A-05) using the DT model.
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Figure 5. 23: predicted permeability versus actual permeability for blind dataset (well A-05) using the RF model.
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Figure 5. 24: actual permeability versus permeability prediction using DT.
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Figure 5. 26: R2 value for permeability prediction for the training dataset and blind dataset for both models.
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Figure 5. 27: RMSE value for permeability prediction for the blind dataset for both models.
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Figure 5. 28: Comparison between evaluation metrics for the blind dataset for all models.

As mentioned in previous chapters, the best model result provides high R? and low RMSE.
According to Figure 5. 28, the best result for both models used in this study was for porosity
prediction, in which both models (DT and RF) can generalize the data well in unseen
datasets (blind well-A-05). Followed by water saturation prediction, RF models provide
good results compared to the DT model. On the other hand, for permeability prediction, the
RF model provides more accurate results than the DT model. Thus, the RF model provides

a good match for all properties predicted.

5.4 Discussion

This study applied the Decision Tree (DT) and Random Forest (RF) regression model to
predict reservoir properties including porosity, permeability and water saturation in a
sandstone formation in a Libyan oil field in the blind well (A-05). The main goal was to
apply effective models in time and cost as well as more confident models to predict reservoir
properties select the best model for each property and compare the used model with the

actual result.

Although feature engineering plays a critical role in machine learning studies, in this study
the feature selection was guided by the specific consideration for each property and the

nature of the data used. However, the use of the Pearson correlation coefficient provides
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insight into the ability to use regression models and understand the relation between

variables.

The dataset contains measured and calculated data. For porosity and water saturation,
measured data was used to train the models while for permeability both measured and
calculated were used. Caliper (CAL)and bad hole (BADHOLE) logs were neglected from

features their usage was only to understand the borehole environment.

For porosity prediction used DT and RF models both models show better porosity prediction
compared with other properties. Both models used the same features to predict the porosity.
R?and RMSE for the DT model were about 99.3% and 0.28% respectively while the RF
model R? and RMSE were about 99.9% and 0.12% sequentially. However, the slight
difference in the R? and RMSE metrics is due to differences in model structure and how
each model learns from data. However, the DT model was affected by the presence of
outliers in porosity (low porosity) due to this the DT model can’t be generalized well at this
point. On the other hand, the RF model enhances the prediction for this point and provides

a good match with actual porosity.

As discussed, two main ML models (DT and RF) to predict water saturation. Both models
were trained and tested with the same features. Hence, the R?> and RMSE for DT was about
97.3% and 2.8%while the R?> and RMSE using RF was about 96.9% and 3%. However, both
models provide a low prediction for water saturation at high values but the DT model
showed some constrains (straight lines) due to the outlier effect. On the other hand,
according to this result, the RF model showed a good match when compared to the actual

water saturation.

With the same models (DT and RF) the permeability was predicted with a similar input
feature. R2 and RMSE for DT and RF were about 94.5% and 6.8% while for the RF were
about 97.1 and 4.5%. The main reason for the difference between the DT result and the RF
result is that the DT model was affected by outliers as well as the different range for
permeability. However, the RF model captured the pattern for data points for a blind well

(A-05) providing a more accurate result.

However, the model performance for reservoir properties predictions may increase by
increasing the number of data points (data size) and data quality used as well as increasing
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the number of wells. Moreover, if the number of data points increases models can improve

the learning process.

Another factor that can influence the model’s prediction is feature selection. Thus, could

use other methods to select the optimum features.

As well as the data size, the model performance may increase with a change in hypermeter

tuning to identify the data pattern and enhance the prediction.

Conclusively, according to the result obtained from this study, the usage of machine learning
in the Libyan oil field can provide accurate results and help in reservoir properties

predictions.
Finally, the advanced use of a Machine learning model

- Compared to the traditional method machine learning models are financial and time

efficient to predict reservoir properties.

- Cost efficient for petrophysical services which can detect the critical petrophysical

logs used for the studied models and remove less important logs.

- Can help reservoir modelling and evaluation study.
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CHAPTER SIX
6 CONCLUSION AND RECOMMENDATION

6.1 Conclusion

This study presents the application of machine learning to predict the reservoir properties in
the Sandstone reservoir in the Libyan field with well-logging measurement and correlated

core data. The findings of this study are summarized in the following section:

This study was done by using Python programming with Jupyter Notebook. For data
analysis, several libraries including Pandas, NumPy, Seaborne, Matplotlib, and SciPy for

preprocessing and machine learning used the Scikit-Learn library.

The dataset for training ML models was selected from the Libyan field which contained
about 734 points from different well wells (A-13, A-12, A-02, A-06, A-08, A-09, A-97)
while the blind dataset well (A-05) contained 202points. This limitation in data points may

affect model performance especially if the data quality is low.

The Exploratory Data analysis (EDA) was applied which helps to understand the
relationship between variables and detect the outliers. However, the outliers detected in the
data used in this study were related to the geology and reservoir formation so that wasn’t

removed.

For feature selection, selected based on specific considerations for each property. Using the
Pearson correlation coefficient is the main way to understand the relation between different

variables.

Both models Decision Tree (DT) model and the Random Forest (RF) model predict more
accurate porosity in comparison with permeability and water saturation. The cause behind
that the data range for porosity is almost the same in training and blind dataset well (A-05)

with a slight difference.
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For water saturation prediction the Random Forest (RF) model shows more accurate results

than the Decision Tree (DT).

The permeability prediction provided good performance, especially for the Random Forest
(RF) model. However, permeability data have a wide range. This affects capture

generalization for the DT model.

The findings from this study conclude that the Random Forest model provides a good match

with sandstone reservoir properties for the Libyan field.

The findings from this result show that Machine Learning models with relevant features and

high data quality can enhance the reservoir properties prediction in efficient time and reduce

the cost for RCA.
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6.2 Recommendation

The investigation revealed that the application of machine learning is essential for the
prediction of reservoir properties using well-logging data. On this basis, the future study

should:

- Increasing the size and numbers of data points as well as data quality could enhance

the Machine Learning model and provide high performance.

- Using Feature engineering methods such as feature importance may provide more

accurate results.

- Developed machine learning and artificial intelligence algorithms with core data and

well logging data from all wells available in the study area.
- Using more complex Machine Learning (ML) models such as Neural Networks.

- Using TensorFlow library which provides more complex deep learning and artificial

intelligent models.

- For future studies explore the application of machine learning in different Libyan

fields and reservoir properties.
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Appendix A

Summary of available data for studied well in this study.

well Well logging data Label output
Name | cAL | GR | SP | ILD | ILM | MSFL | RHOB | CNL | DT | VSHALE | BEDHOLE | phi | K | SW
A-12 |V v [V |V |V v v v v |V v v |V |V
A13 |V v [V |V |V v v v v |V v v |V |V
A-06 |V v [V |V |V v v v v |V v v |V |V
A-08 |V v |V |V |V v v v v |V v VAR RVARYS
A-09 |V v |V |V |V v v v v |V v VAR RVARYS
A97 |V v |V |V |V v v v v |V v VAR RVARYS
A-02 |V v [V |V |V v v v v |V v v |V |V
A-05 |V v [V |V |V v v v v |V v VARRVARY
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Appendix B

statistics summary for the training dataset.

count mean std min 25% 50% 75% max
DEPTH 202 8690.25 29.22827 8640 8665.125 8690.25 8715.375 8740.5
CAL 202 8.153015 0.106243 8.039 8.109 8.121 8.141 8.719
ILD 202 21.91548 17.56939 3.098 5.077 18.9375 37.96925 57.656
RHOB 202 2.343 0.059783 2.251 2.30625 2.327 2.36075 2.563
GR 202 19.91504 9.530534 10.094 13.721 16.5785 23.0355 59.594
ILM 202 20.1805 15.84678 3.047 4.93675 16.07 35.531 54.938
MSFL 202 14.9159 4.087093 7.43 12.05275 14.863 17.426 29.781
CNL 202 0.185619 0.024928 0.148 0.17 0.178 0.197 0.291
BADHOLE 202 0 0 0 0 0 0 0
K 202 632.1316 536.9654 0.0139 179.4141 505.7004 1016.919 1930.497
phi 202 0.167868 0.034306 0.0415 0.157825 0.1771 0.1889 0.2205
VSHALE 202 0.096411 0.090123 0.01 0.03705 0.06625 0.12145 0.4349
SW 202 0.248931 0.173697 0.0965 0.1232 0.17995 0.311075 1
DT 202 73.34109 2.421821 67 72 73.1 74.325 81.8
SP 202 49.93944 7.15742 40.687 45.562 48.937 51.578 79.75
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