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ABSTRACT

This thesis explores how machine learning can be used to predict spontaneous imbibition
recovery, the process where oil is naturally displaced by water in porous rock, such as in
fractured reservoirs. Traditionally, running these lab experiments can take a lot of time,
sometimes even months. Instead of waiting that long, this research gathers data from real
laboratory results and applies different machine learning models to predict how much oil can
be recovered. The focus is on using input parameters like core size, porosity, salinity,
temperature, and more to estimate recovery performance without having to physically run the
test every time. Six different models were tested: Artificial Neural Networks, Decision Tree,
Gradient Boosting, Random Forest, Support Vector Machine, and Extreme Gradient
Boosting. The performance of each model was evaluated based on how accurately it could
predict real experimental outcomes. The Gradient Boosting model stood out as the most
accurate, especially when trained on a combination of secondary and tertiary imbibition data.
While the predictions were promising, the study also discusses the limitations of the current
dataset and suggests that including more physical parameters like interfacial tension and
contact angle could make future predictions even better. Overall, this work shows that
machine learning has real potential to speed up and improve decision-making in enhanced oil

recovery research.
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Chapter 1: Introduction

First, oil is produced by the natural energy of the reservoir, known as primary production,
which accounts for 5-20% of the total hydrocarbon reserves extracted. After that, an additional
15-35% of the total hydrocarbon production can be achieved by secondary recovery.
Typically, water or gas injection is used to maintain the reservoir pressure at a sufficient level
and to displace oil, thereby maintaining a certain level of production. When water or gas
injection results in a decline in production, tertiary recovery is applied, such as in different
EOR techniques.

Naturally fractured reservoirs comprise more than half of all oil reserves. An estimated 30%
of global oil production comes from naturally fractured sources. Reservoirs with natural
fractures are generally regarded as dual-porosity systems consisting of the fractures and the
matrix, which are two different media. The fractures have very low porosity and significant
permeability, whereas the matrix has low porosity. With the fracture system acting as the
primary conduit for fluid transport, most of the oil is stored in the matrix. Therefore, it is a
complex process to extract oil from this type of reservoir, especially at the later stages of the
production when tertiary recovery methods need to be applied.

In such reservoirs, it is necessary to focus on EOR methods that increase oil production by
imbibition, which is one of the governing processes of oil extraction from naturally fractured
reservoirs. Imbibition is the process of displacing a wetting fluid by a nonwetting fluid via
capillary action. In other words, the rock grains in the reservoir are enveloped by oil, and
water displaces oil due to imbibition.

There are two types of imbibition: spontaneous imbibition and forced imbibition.
Spontaneous imbibition is the process of displacing oil by water from rock grains under static
conditions, where there is no injection or viscous force.

The demand for oil supply is rising all over the world, and it is necessary to produce oil from
fractured oil-wet formations, which are complex in terms of oil extraction. One of the main
reasons for the complexity of oil recovery in such formations is that common EOR techniques
do not result in significant additional oil recovery. The problem with most traditional EOR
techniques is that they work inefficiently in fractured oil-wet formations because imbibition

is not being sufficiently affected, which is one of the governing processes of oil recovery in
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such formations. Therefore, it is necessary to analyze different techniques to increase oil
production in such fields.

Previously, researchers have investigated the effect of different EOR techniques on increasing
oil recovery through imbibition. One method for increasing imbibition oil recovery is to use
low-salinity water (LSW). LSW is a cheap alternative to other methods, which also increase
the imbibition oil recovery, such as surfactants, alkali, or nanoparticles. LSW is becoming a
common practice to be used in the industry.

Performing spontaneous imbibition experiments takes a lot of time and can last months to
determine the effect of the imbibing fluid on oil recovery.

This work focuses on the application of machine learning models to predict spontaneous
imbibition recovery experiments to determine the absolute oil recovery by different fluids.
The results of the machine learning methods were compared to the real laboratory
experiments, and a comprehensive analysis was performed to identify the most effective

method.
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Chapter 2: Literature Review
2.1. EOR methods

At the initial stage of field production, oil is produced at high reservoir pressure. This
process is called primary oil extraction. Primary drive mechanisms such as water drive, gas-
cap drive, solution-gas drive, and gravity drives maintain the reservoir pressure high
(Smithson, 2016). Usually, during primary oil extraction, 5-20% of the total hydrocarbons
from the reservoir can be recovered (Ragab and Mansour, 2021). At a certain point in time,
oil extraction slows down because the natural energy of the reservoir is not enough, and the
primary driving mechanisms start to weaken, to push hydrocarbons to the surface. When the
production rate decreases and decreases beyond the optimum production range, a secondary
stage of driving mechanisms is introduced. Secondary recovery occurs when gas or water is
injected to sustain the reservoir pressure in the optimum range. Secondary oil extraction
methods are used to increase oil production. Water or gas is injected into the reservoir through
the injection wells to increase the reservoir pressure and maintain it at high levels. An
additional 15-35% recovery is achieved after applying secondary oil recovery methods
(Qisheng and Yongchun, 2023). However, due to the current increase in demand for oil in the
global market, more oil needs to be supplied and produced. Therefore, tertiary oil recovery
methods are applied if primary and secondary oil recovery methods are not sufficient to

sustain sufficient oil production rates.

When secondary recovery methods start to lose their efficiency, further techniques
such as tertiary oil recovery should be used (Nolan, 2010). Therefore, tertiary methods are
mostly applied in mature oil fields (Maricic et al, 2014). Tertiary oil recovery or enhanced oil
recovery (EOR) methods target immobile oil reserves that cannot be produced by primary or
secondary recovery methods (Denney, 2012). EOR methods are applied to increase the
production of oil from a reservoir and prolong the reservoir’s life and profitability. EOR
methods are divided into four groups: thermal, gas injection, chemical, and microbial. Figure
1 shows the EOR technique classification (Muriel et al., 2020).



14

" EOR Methods
|

1 \ ! {_17 J
‘l Chemical | ‘i Gas Flooding ‘ Thermal | +  Others

J

“*Alkaline " Air flooding
*Carbon dioxide flooding —*Microbial
“*Polymer ~*In-situ combustion
> . ... [Nanofluids
Surfactant —Hydrocarbon flooding *Cyclic steam injection
+Alkaline surfactant —>Steam assisted gravity
polymer
“»Polymer gels *Nitrogen flooding —»High pressure air “>LSW/smart
injection drainage water

Figure 1. EOR method classification (Alfarge et al., 2020)

One way to increase spontaneous imbibition oil recovery is by applying LSW. It is becoming
an increasingly popular method that is being applied in the industry because of its low cost
and ease of application.
2.2. LSW mechanisms

Many researchers have studied the effects of salinity on oil-water infiltration and
replacement. As for the change in rock surface wettability, Liu et al. (2022) stated that the
main reason for the increase in oil recovery by low-salinity water flooding was that the low
salinity could change the wettability of the rock surface, making the surface more hydrophilic.
Mohammadi et al.'s (2019) experiment showed that low-salinity brine can reduce the wetting
contact angle of carbonate rock from 114° to 42°, effectively enhancing imbibition and oil
recovery. By measuring zeta potential, Tetteh et al. (2018) found that as salinity decreased,
the charge on the rock surface also decreased, and the wettability of the rock changed from
oil-wet to neutral-wet. Song et al. (2020) calculated the electrostatic component of the
disjoining pressure to explain the change in wettability as a result of fewer Na+ surface
complexes in low-salinity water. Hidayat et al.’s (2018) experiment showed that brine
containing high Mg2+ and Ca2+ concentrations significantly improves the recovery
efficiency of osmosis water. The reason for this situation, explained by Ghandi et al., was that
brine containing divalent ions such as Mg2+ and Ca2+ could change the wettability of
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lipophilic rock to low or neutral wettability, thus enhancing imbibition recovery (Ghandi et
al., 2019).

Guo et al. (2020) investigated the effect of salinity on the mechanisms of imbibition.
Spontaneous imbibition tests were conducted with a 7.39% porosity and 0.084 mD average
air-permeability tight sandstone core to determine how different salinities affect imbibition
recovery. Figure 2 shows the results of the tests. From that figure, it can be seen that the
highest imbibition recovery was achieved by distilled water (23%), followed by water with
15000 ppm (10%), and water with 45000 ppm (5%). Additionally, the stability of imbibition
recovery is achieved at different times depending on the salinity of the water. 48 hours for
distilled water, 72 h for water with 15000 ppm salinity, and 144 h for water with 45000 ppm
salinity. Therefore, salinity affects both imbibition recovery and the time necessary to achieve
stable imbibition.

There are two main effects of salinity on the imbibition mechanism. First, the difference in
salt concentration causes osmotic pressure, which transfers water molecules from low-salinity
to high-salinity zones through a semipermeable membrane, caused by clay minerals. The
second is that variation in salinity affects the IFT. At higher salinity, this effect is greater, and

it takes more time for the imbibition process to stabilize.
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Figure 2. Relationship between imbibition recovery time and imbibition time under different salinity.
(Gao et al., 2020)
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Mahmoudzadeh et al. (2022) also investigated the effect of salinity on the imbibition process.
This study focused on micromodels with different patterns as replications of spontaneous
imbibition tests. The effect of low-salinity water on the spontaneous imbibition process is
shown in Figure 3. From left to right, the size of the scale increases; patterns A-B are similar
to spontaneous imbibition tests on a microscopic scale; patterns C-D are for fractured cores.
The results show that with an increase in scale, low-salinity water (LSW) tends to decrease

ultimate oil saturation.
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Figure 3. Ultimate oil recovery from different types of water (Mahmoudzadeh et al., 2022)

Zhang et al. (2018) investigated the effect of salinity on oil recovery in core flooding tests.
Figure 4 shows the results of the core flooding tests. Zhang et al. stated that LSW resulted in
46.86% oil recovery, while high-salinity water (HSW) resulted in 36.19% oil recovery. An
additional 10.67% of the oil recovery was achieved by the LSW. Both the spontaneous
imbibition and core flooding tests show that low-salinity water has a positive effect on oil

recovery.
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Figure 4. Core flooding tests were conducted using water with different salinities (Zhang et al.,
2018)

2.3. Spontaneous Imbibition

Spontaneous imbibition (SI) refers to the natural absorption of a wetting fluid into a porous
medium, which is predominantly driven by capillary forces (Morrow & Mason, 2001; Zhou
et al., 2002). In petroleum reservoirs, this phenomenon plays a crucial role in enhancing oil
recovery, particularly in fractured and heterogeneous reservoirs, where conventional recovery
methods may not yield optimal results (Austad & Standnes, 2003; Tavassoli et al., 2005).
Spontaneous imbibition relies heavily on the balance between capillary and viscous forces
within the reservoir rock, influencing how effectively the water phase replaces oil within the
pores (Behbahani et al., 2006).

The process of spontaneous imbibition is inherently linked to reservoir wettability, which is
defined as the tendency of reservoir rock to preferentially attract and retain one fluid phase
over another (Anderson, 1986; Buckley et al., 1998). Rocks can exhibit varying wettability
states, including water-wet, oil-wet, or intermediate-wet conditions (Morrow, 1990; Zhang &
Austad, 2006). The wettability state profoundly affects the imbibition dynamics, with strongly
water-wet conditions generally favoring spontaneous imbibition processes and subsequent oil
recovery (Standnes & Austad, 2000; Zhou et al., 2002). Conversely, oil-wet or neutral-wet
conditions tend to hinder spontaneous imbibition, limiting oil displacement efficiency (Austad
& Standnes, 2003; Morrow & Mason, 2001).



18

The significance of spontaneous imbibition is notably pronounced in fractured reservoirs,
where a complex network of fractures and low-permeability matrix blocks exists (Behbahani
et al., 2006; Tavassoli et al., 2005). Here, capillary forces are critical for transferring fluids
between fractures, where injection fluids flow easily, and the tighter rock matrix, where
substantial volumes of oil reside (Kazemi et al., 1976; Cil et al., 1998). The success of
spontaneous imbibition in these scenarios can greatly determine overall reservoir performance
and recovery efficiency, underscoring the importance of understanding and accurately
modeling this phenomenon (Schechter et al., 1991; Behbahani et al., 2006).

Numerous experimental and theoretical studies have been conducted to understand
spontaneous imbibition processes. The Amott test is an experimental technique commonly
used to investigate spontaneous imbibition (Morrow, 1990; Mason & Morrow, 1994). As

shown in Figure 5, the presence of fractures stimulates oil recovery via imbibition.
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Figure 5. Influence of Fractures on Imbibition (Vilhena et al., 2020)

In naturally fractured reservoirs with low-permeability rock matrices, water capillary
imbibition represents a critical process for oil recovery, causing oil to be displaced from the
matrix blocks into neighboring fractures. This mechanism is particularly important in

reservoirs where a highly permeable fracture network renders traditional production
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techniques ineffective. A schematic representation of the imbibition process is presented in

Figures 6 and 7.
MATRIX BLOCK
MATRIX BLOCK
OIL SATURATED IMBIBED
MATRIX WATER
gy CAPILLARY ssesp VISCOUS
IMBIBITION FLOW
OIL
PRODUCED

Figure 6. Scheme for Qil Production in Naturally Fractured Reservoirs (Patel & Meher, 2018)

Figure 7. Schematic Representation of the Imbibition Process (Tian et al., 2021)

Alteration of the capillary can change the imbibition to fractures. There are two main ways in
which EOR methods can change the capillary and increase oil recovery by imbibition:
wettability alteration and IFT reduction. Producing oil from an oil-wet system is very
challenging, which is why EOR methods, which can alter the wettability from oil-wet to
water-wet, can significantly increase imbibition oil recovery. IFT reduction can significantly
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increase imbibition oil recovery because high IFT does not allow water to mix with oil and
recover it on the pore scale.

2.4. Secondary and Tertiary Spontaneous Imbibition Experiments

When studying spontaneous imbibition behavior in porous media—especially in the context
of enhanced oil recovery—it's important to distinguish between secondary and tertiary
spontaneous imbibition tests. These tests differ in terms of the sequence of fluid interactions
they represent and are designed to simulate different stages of a reservoir’s life cycle.
Understanding both is essential because the oil recovery efficiency and the mechanisms at
play can vary significantly depending on whether the porous medium is exposed to brine for
the first time or has already undergone prior flooding (Zhou et al., 2002; Tavassoli et al.,
2005).

Secondary spontaneous imbibition typically refers to the initial exposure of a porous rock
sample, such as a sandstone or carbonate core, to a water-based fluid after saturation with oil.
In a laboratory setting, this process is designed to mimic what happens when a water-based
displacing fluid, like low-salinity brine or formation water, invades the reservoir for the first
time after oil has displaced the original water (Ma et al., 1997).

In this test, the core sample is first cleaned, dried, and saturated with brine to achieve 100%
water saturation. The reservoir is then flooded with crude oil (or a synthetic oil substitute) to
the desired initial water saturation (Swi), which replicates the conditions of a reservoir after
primary depletion. After aging to restore reservoir-like wettability conditions—especially
important in oil-wet or mixed-wet systems—the sample is placed in contact with a brine bath,
usually under ambient pressure and temperature, although some studies apply reservoir-like
conditions (Standnes & Austad, 2000). Water spontaneously imbibes into the core, displacing
oil due to capillary forces and possibly wettability alteration, depending on the fluid

chemistry.

Secondary imbibition experiments are especially valuable for evaluating the base-case
recovery potential of a reservoir under natural water drive or in the early stages of water
injection. The total oil recovered and the recovery rate provide insights into the effectiveness

of spontaneous imbibition as a mechanism in primary and secondary recovery operations.
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These tests are commonly used to benchmark the impact of modifying the injected brine

salinity, pH, or ionic composition (Morrow & Mason, 2001).

Tertiary spontaneous imbibition, on the other hand, occurs after a core has already undergone
a prior flooding stage, typically with high-salinity brine. This setup is designed to replicate
enhanced recovery conditions, where a new fluid (like low-salinity water, surfactant solution,
or smart water) is introduced into a reservoir that has already been partially swept by

conventional waterflooding (Austad et al., 2010).

In a laboratory setup, a typical tertiary test begins by preparing the core in the same way as in
the secondary test. However, instead of directly subjecting the core to low-salinity brine, it
first undergoes flooding or spontaneous imbibition with high-salinity water, which simulates
the traditional secondary recovery stage. Once this initial imbibition reaches a plateau (i.e.,
little to no more oil is recovered), the test is paused. The fluid surrounding the core is then
replaced with a tertiary fluid, such as a lower salinity brine, and imbibition is allowed to

continue (Tang & Morrow, 1999).

The key purpose of tertiary imbibition tests is to observe whether additional oil recovery can
be achieved after the high-salinity phase. These tests are especially crucial for validating the
performance of low-salinity waterflooding (LSWF) strategies. If a significant volume of oil
is recovered during the tertiary stage, this strongly supports the hypothesis that mechanisms
like wettability alteration, double-layer expansion, and ion exchange are activated under low-
salinity conditions. In other words, tertiary imbibition tests serve as proof-of-concept for
many chemical EOR mechanisms (Zhang et al., 2007).

Another important finding from the tertiary tests is related to the sequence dependency of
fluid interactions. In some cases, cores that exhibit limited recovery during secondary
imbibition with formation water respond dramatically when exposed to low-salinity water in
the tertiary phase, suggesting that prior exposure to high-salinity conditions can actually
trigger or enhance the effect of LSWF later on (Sheng, 2014).

Studies of both secondary and tertiary imbibition give researchers and engineers a fuller
picture of how a reservoir might behave throughout its lifecycle. Secondary tests provide a
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baseline that shows what could happen under natural conditions or traditional waterflooding.
By contrast, tertiary tests demonstrate the potential for unlocking residual oil after

conventional methods have been exhausted.

For machine learning models and predictive frameworks, separating data into secondary and
tertiary cases is also essential. Recovery factors, fluid interactions, and response patterns
differ depending on the test type, and failing to account for these factors can lead to inaccurate

predictions or misleading trends in model training.

2.5. Sources of Data
The data from 25 research papers were collected. The datasets consisted of information about
laboratory spontaneous imbibition experiments using the Amott cell. The Amott cell shown
in Figure 8 is one of the most frequently used instruments for conducting spontaneous
imbibition tests. The main principle is that a saturated oil-filled core is placed into the cell.
Then, the cell with the core is filled with brine solution, and oil is produced. The oil produced

can be easily recorded according to the scale on the top part of the Amott cell.

Oil produced

1 )

Effluent outlet

'~ Brine solution

|- Core sample
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Figure 8. (a) Amott cell apparatus and (b) schematic representation of the Amott cell (Sukee et al.,
2022)

The Amott cell can be used for both secondary and tertiary spontaneous imbibition
experiments. The dataset for this study contains information on secondary spontaneous
experiments, where the salinity of the brine remained constant, and tertiary spontaneous
experiments, which utilized brines with varying salinity levels.

The input data were extracted from the studies. Core characteristics such as length, diameter,
porosity, initial water saturation, and temperature of the experiment were usually extracted
from the tables. An example of such a table is given in Table 1. The lithologies of the cores
were classified as chalk being 1, sandstone being 2, and carbonate being 3. It is necessary to
provide only numerical data to the machine learning models.



Table 1. Core characteristics (Fathi et al., 2010)

core ID Limm)  D{mm)  PV(mL)  @(%) 8%  S(%)  remarks

LSSK#5 70 381 37 45 10 ad initial wettability test

SCCH1 70 381 36 43 0 0 reference core

SCC#2 70 38 36 45 o] 0 reference core

SK#8 899 381 37 47 9 Ell Sl at100 °C

LSSK#T 70 381 36 45 9 L Sl at 100 °C

SK#12 69.8 378 35 45 9 a1 Sl at100 °C

SF#14 70 381 36 45 8 92 Sl at 110 °C and wettability test
SF#15 70 381 37 45 9 L Sl at 110 °C and wettability test
SF#18 70 381 36 45 8 g2 Slat110°C

SFH9 70 381 37 45 9 Ell Sl at 110 °C and wettability test
LS5K#3 70 381 36 45 9 L Sl at120 °C

SK#13 692 381 36 45 8 g2 Slat120 °C

LSSK#1 70 381 37 45 8 92 Sl at120 °C

LS5K#2 70 381 37 45 8 a2 Sl at120 °C

LS5K#4 70 381 37 45 8 92 Slat120°C

SF#20 70 381 36 45 8 92 forced displacement

SF#16 70 381 36 45 10 ol forced displacement

SF#17 70 381 36 45 8 92 forced displacernemt
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The Plot Digitizer tool was used to extract the absolute oil recovery values from the graphs of

the recovery factor over time. An example of a graph from which the outputs were collected

is shown in Figure 9. There were no tabular data on recovery factors available for most of the

studies, so it was decided to extract data points manually from the graphs.
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Figure 9. The Graph of Recovery Factor Over Time (Fathi et al., 2010)

2.6. Machine Learning Models
Support Vector Regression (SVR):
Support Vector Machines (SVM) are a class of supervised learning algorithms that are used
for both classification and regression tasks and are grounded in the principles of statistical
learning theory (Vapnik, 2000). A specialized version for regression problems, namely
Support Vector Regression (SVR), is tailored to predict continuous outcomes. Similar to its
classification counterpart, SVR is based on the concept of maximizing the margin, but instead
of separating classes, SVR seeks to fit a function within a specified margin of tolerance
(epsilon) around the actual data points (Suykens & Vandewalle, 1999). The model attempts
to find a hyperplane in a high-dimensional space that best approximates the underlying data,
allowing for a certain degree of error while penalizing deviations that fall outside the margin
(Smola & Scholkopf, 2004). Only the data points that lie outside this margin (known as
support vectors) influence the final model. In simpler terms, SVR can be viewed as drawing
a “tube” around the regression function such that most training data lie within it, thereby
balancing prediction accuracy and model simplicity. The SVR is particularly useful in

capturing nonlinear relationships due to its flexibility in using various kernel functions,
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including linear, polynomial, radial basis function (RBF), and sigmoid kernels (Cristianini &

Shawe-Taylor, 2000). A schematic representation of the SVR is shown in Figure 10.

Kernel function
K(x;, x)

Kernel function

K(x5, x) 8 Y

Kernel function
K(x,, x)

Figure 10. Schematic representation of the SVR model (Wang & Xu, 2017)

Decision Tree (DT):

Decision trees are a fundamental machine learning tool that is effective for classification and
regression tasks, especially with tabular data. The core idea behind a decision tree is to learn
a series of simple decision rules from the input features to predict a target variable (Loh,
2011). This is achieved by recursively partitioning the data into subsets based on the feature
values that best separate the target variable. In the regression case, for each tree node, the
algorithm selects a feature and threshold that produce the greatest reduction in variance. This
process continues until the data are split into pure or nearly pure leaf nodes.

One of the key strengths of this supervised learning method is its ability to capture complex,
nonlinear relationships in the data without requiring transformation or prior knowledge of the
feature interactions. Unlike linear models, such as SVMs (without kernels), decision trees
naturally model interactions and nonlinearities by structure (Loh, 2011). However, despite
their easy interpretability and computational effectiveness, decision trees are susceptible to
overfitting when grown deep. The methods focused on ensemble learning can be used to

address this issue. A schematic representation of the DT is shown in Figure 11.
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Figure 11. Schematic representation of the DT model (Komarasamy & Ravishankar, 2022)

Random Forest (RF): The RF is an ensemble learning method that combines predictions
from multiple decision trees to improve performance and overcome overfitting (Breiman,
2001). Each tree was built on a bootstrap sample (a randomly drawn subset) of the training
data, and only a random subset of features was considered when splitting nodes (Breiman,
1996). By averaging the predictions for the regression task across all trees, the random forest
algorithm typically achieves better generalization than a single decision tree and is often
overfitting-resistant. While individual decision trees can suffer from high variance
(overfitting), combining many decision trees reduces variance without substantially
increasing bias. This inherent randomness helps the model capture complex patterns without
the need for intensive parameter tuning.

A schematic representation of the RF is shown in Figure 12.
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Figure 12. Schematic representation of the RF model (Khan et al., 2021)
Gradient Boosting (GB):

Gradient Boosting is an ensemble learning method that is widely used in both classification
and regression tasks. It works by iteratively training new “weak” models (often decision trees)
to correct the errors made by the existing ensemble (Friedman, 2001). At each iteration, the
algorithm computes the gradient of a chosen loss function (e.g., mean squared error or cross-
entropy) concerning the current predictions and fits a new model to these residual errors. The
predictions of this new model are then added to the ensemble. Gradient Boosting effectively
“boosts” accuracy in a stagewise manner by focusing on the biggest mistakes in each round.
This results in higher performance compared to simpler methods like decision trees, and
enables the widespread use of this technique, especially in scenarios involving high-
dimensional or noisy data.

A schematic representation of the GB is shown in Figure 13.
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Figure 13. Schematic representation of the GB model (Zhang et al., 2021)

Extreme Gradient Boosting (XGBoost):

XGBoost is a high-performance gradient boosting framework that builds an ensemble of

decision trees in a stagewise manner to optimize a differentiable loss function (Chen &

Guestrin, 2016). Building on foundational work by Friedman (Friedman, 2001), it employs

specialized techniques, such as sparsity-aware splits and a weighted quantile sketch, for

efficiently handling large and sparse datasets (Chen & Guestrin, 2016). Additionally,

XGBoost integrates regularization terms (e.g., L1 and L2 penalties) into its objective function

to reduce overfitting and enhance model generalization. XGBoost can scale to large datasets

while still offering rapid training speeds due to its parallelization and distributed computing

capabilities.

A schematic representation of the XGB is shown in Figure 14.
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Figure 14. Schematic representation of the XGB model (Faska et al., 2023)

Avrtificial Neural Network (ANN):

A multilayer perceptron, also referred to simply as an artificial neural network (ANN), is a
feedforward computational model that consists of interconnected layers of nodes: an input
layer, one or more hidden layers, and an output layer (Bishop, 1995). Each neuron is tasked
with computing the weighted sum of its inputs, followed by applying a nonlinear activation
function (commonly ReL.U, sigmoid, or tanh). Including nonlinear activation functions allows
the network to capture complex nonlinear relationships in the data (Rumelhart et al., 1986).
During training, the network gradually refines its internal parameters (weights and biases)
using backpropagation, which measures the difference between predicted and actual values
and propagates this error backward through the layers. By computing gradients at each layer,
the network updates its parameters in the direction that reduces the overall loss (which is
opposite to the direction of the gradient). This process is typically coupled with optimization
techniques (i.e., Stochastic Gradient Descent (SGD), Adam, AdamW), which are used to
guide the ANN toward an optimal solution represented as a global minimum in the loss
landscape (Bishop, 1995). As a result, ANNs can learn rich hierarchical representations of
data and thus achieve better performance than classical machine learning methods
(Goodfellow et al., 2016). A schematic of the ANN is shown in Figure 15.
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Figure 15. Schematic representation of an ANN (Sahraei et al., 2021)

2.7. Problem Statement

The spontaneous imbibition recovery obtained from LSW takes a lot of time and can be easily
affected by external factors, making some results unreliable. In other words, having a machine
learning model based on previously obtained results is an effective way to determine the
precise and accurate effect of LSW on imbibition oil recovery without the need to conduct
full-scale laboratory experiments.

The problem is that the application of machine learning methods to predicting LSW absolute
spontaneous imbibition recovery is far from being completely investigated. There are still
many gaps and possible applications of different machine learning methods, which can be
studied. Therefore, there is still a lot of potential work that can be done in the field of machine
learning methods. The present work investigates the effect of LSW on spontaneous imbibition
oil recovery prediction. Such machine learning methods as Artificial Neural Networks,
Decision Tree, Gradient Boosting, Random Forest, Support Vector Machine, and Extreme
Gradient Boosting have been applied to predict spontaneous imbibition oil recovery. The
performance of the models was analyzed on different datasets, and the best-performing model

for each dataset was identified.
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Chapter 3: Methodology

This research aims to predict the spontaneous imbibition of absolute oil recovery using
different machine learning models. Thus, the methodology that was followed to predict the
results of spontaneous imbibition is discussed in this section. The methodology comprises
three parts: data gathering, data preprocessing, and data processing.
3.1 Data Gathering
Machine learning models predict results based on the data used to train and test the models.
Obtaining an appropriate experimental dataset for the models to predict the spontaneous
imbibition absolute oil recovery is a challenge. Each research paper is conducted on a different
topic, and it is difficult to find enough data for LSW spontaneous imbibition experiments;
moreover, it becomes challenging to group all of them and find similar properties to expand
the dataset for the models. For this purpose, the set of frequently used parameters was selected
to gather as much data as possible. Therefore, data from 25 research papers were gathered,
and 395 spontaneous imbibition experiments were collected.

e Inputs of the model:

1. Lithology;

Length of the core (L);
The diameter of the core (D);
Porosity of the core (®);
Initial water saturation of the core (Swi);

© g~ w N

Salinity of the brine;

7. Temperature of the experiment (T).

e Output of the model:

1. Recovery factor (RF).
The length parameter's significance primarily relates to gravity effects during spontaneous
imbibition. In longer core samples, gravitational forces can influence fluid distribution and
the oil-water front movement. Consequently, longer samples can experience varying oil
recovery outcomes depending on their orientation and the dominance of gravitational forces
relative to capillary forces. This parameter should be carefully evaluated to ensure its
appropriateness for accurately representing the gravity influence on spontaneous imbibition

recovery.
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The diameter of the core sample influences boundary conditions during spontaneous
imbibition experiments. Larger diameters minimize boundary effects due to a more significant
central region, where edge influences are negligible. Conversely, smaller-diameter cores
experience pronounced boundary conditions, potentially skewing results due to increased
surface-to-volume ratios. Therefore, it is important to consider that factor.

Porosity affects spontaneous imbibition, as it directly relates to pore size distribution,
impacting capillary pressure. Utilizing Leverett’s J-function to characterize porosity
effectively captures the pore-scale interactions within porous media. This approach
incorporates porosity into a dimensionless parameter, making it suitable for generalizing and
comparing imbibition results across different rock types and conditions. Porosity directly
reflects the pore geometry and thus influences capillary action and fluid flow behavior crucial
for accurate predictive modeling.

Lithologies were categorized into 3 types: chalk, sandstone and carbonate. The lithology types
were used as input for the models in a numerical form, so that it covers these three rock types.
Initial water saturation (Swi) indirectly indicates the rock’s wettability. Lower Swi values
typically suggest less water-wet conditions, indicating the reservoir is less water-wet. Thus,
Swi indirectly influences spontaneous imbibition by indicating wettability conditions, which
fundamentally govern capillary pressure and fluid distribution within the porous medium.
Recognizing Swi as a proxy for wettability can enhance predictive modeling accuracy by
incorporating the wettability impact indirectly into spontaneous imbibition recovery forecasts.
Although the industry generally defines low-salinity water as having a salinity below 10,000
ppm, this study included a wider salinity range for comprehensiveness. In the analysis phase,
emphasis is placed on how varying salinity affects oil recovery, with particular attention paid
to recovery trends in the lower salinity range. The inclusion of data with higher salinities
ensures model robustness and facilitates exploration of thresholds beyond which the benefits
of LSW may diminish.

Temperature?

Table 2 summarizes the papers used in the machine learning models.

Table 2. Summary of the papers used for the machine learning models.

Referenc | Lithology | L (cm) D D (%) Swi Salinity T (°C) RF (%)

Data
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e (cm) (%) (ppm) points
Fathi et 3.78 - 1671 - 100 - 14.4 -
al. (2010) Chalk 1 6.92-7 | 37 | 4547 8-9 103648 120 69.3 12
Ravari . 501- | 3.79- | 12.8- 33428 -
(2011) |'mestone | g5 | 384 | 174 | 10 62001 |2° 10| S5-38 | 10
Fathi et 10021 -
al. (2011) Chalk 7 38 | 44-48 | 9-11 eog71 | 70-120| 11-62 13
Roostaei | Carbonate [ 6.5- | 3.71- 1668 -
2014) | chalk | 71 | 388 | Y214 | 10 | 138055 [6°-100) 5-582 ) 9
Romanuk
aetal. | CAMONAE | go9 | 381 | 1251 | 100 | 9~ le0 120 08-538| 63
Chalk 17 222443
(2012)
Sohrabi
12.45-| 2.43- | 28.99- | 25.4- 500 -
et al. Sandstone 1284 | 249 2951 8.9 100000 60 43-134 3
(2017)
Fathi et
7.02- | 3.8- 33438 - 13.7 -
al. Chalk 44-45 | 10-11 110 8
(2011) 7.06 | 3.81 62871 51.4
Fathi et 6.93- | 3.8- 33438 - 14.8 -
al. (2010) | Chalk | oq | 3gp | 4446 9 62871 110 57.4 8
Zhang et 485- | 3.5- 47.2 - 30935 - 17.5 -
al. (2006) Chalk 6.41 | 3.75 503 | 092 34239 | 080 673 22
Shehata
etal. |Sandstone | 7112 | 381 | 86 3731 5000 | 25-65 | 202-69 | 9
20.5 46.8
(2017)
Shariatpa
: 7.11- | 3.79- 11493 - 110 -
nahi et al. | Carbonate 8.9 38 15- 17 10 209178 130 38 -54 10
(2010)
Yang et 6.97- | 3.8- | 21.41- | 25- 1000 - 24.1 -
al. (2016) | SANISONe | 200 | 38y | 2173 | 253 | 39500 60 33.1 8
Mahzari
7.45- | 253- | 20.96- | 9.9-
et al. Sandstone 14.85 378 28 15.8 80000 80 3.3-18.9 12
(2019)
Al- Carbonate | 46- | 38 22.4- | 105- 1944 - 70 9-27.9 12




35

Harrasi et 4.9 26.4 14.7 194450
al. (2012)
Ngts r;”a Carbonate | 2007 -| 8- 157- 1 10- 1 4370- 70 |27-236| 33
' 5.02 3.81 25.3 15 239400 ' '
(2018)
Zaeri et 441 - 19.14 - 7315 -
al. (2018) Carbonate 498 3.8 2005 10 5852 35-75 |1 3.1-13.9 6
Zaeri et 459 - 17.25 - 4148.1 - 12.3 -
al. (2019) | Conate | g | 38 | Tig5 | 033 1 gog6 ™ 28.4 >
Feldman
netal. | Carbonate | 5.08 3.81 15 24.5- 438.5 - 70 1-36.1 12
32.9 183609
(2020)
Strand et 43.7 - 33428 -
al. (2008) Chalk 6.5 3.8 471 10 62901 90-120 | 8-30.7 9
Puntervol
449 - 8.3 - 36932 - 27.2 -
d et al. Chalk 6.5 3.8 50-130 23
(2009) 49.6 95 65034 67.3
Mehraba
7.134 - 1756 - | 30.2 - 48088 - 34.89 -
netal. | Carbonate | "7 o) | 382 | “1a98 | 401 | 6e625 %0 43,54 4
(2020)
Nowrouz
) 6.98 - 19.89- | 8.22 - 1000 -
ietal. Carbonate 711 3.82 25 19 33.42 10500 75 30-65.6 6
(2019)
Gachuz- 28.78
Muro et | Carbonate ?573 ég 4 2??7'752' - 37167.6 92 14 - 16.4 4
al. (2014) ' ' ' 37.42
Sorop et 1500 -
al. (2015) Sandstone | 5.08 3.81 28 1-10 265608 45 25-30 4
Suijkerbu
. 8.2 - 240 - 22.1 -
ijk etal. [ Sandstone | 5.08 3.81 99 & 5-20 937858 60 - 70 742 90
(2012)
Total: 395
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Table 2 presents the datasets for both the secondary and tertiary datasets. This dataset was

further subdivided into two smaller datasets: secondary and tertiary. The statistical analysis

results for the three datasets are shown in Tables 3, 4, and 5.

Table 3. Statistical Summary of the Secondary Dataset

L (cm) D (cm) D (%) Salinity T (°C) RF (%)
(ppm)
Mean 7.04 3.70 32.74 | 37269.68 83.94 30.59
Media 6.50 3.80 28.50 | 33433.00 75.00 32.00
n
Std 2.68 0.30 14.18 | 38459.79 26.51 19.09
Dev
Min 4.41 2.43 9.70 438.50 25.00 1.00
Max 15.30 3.88 50.30 |239400.00 130.00 69.34
Table 4. Statistical Summary of the Tertiary Dataset
Swi (%) Salinity T (°C) RF (%)
(ppm)
Mean 13.13 58051.02 75.54 33.40
Median 12.00 25578.00 70.00 30.45
Std Dev 4.18 79660.32 18.55 22.95
Min 1.00 240.00 45.00 0.84
Max 25.30 265608.00 120.00 74.15
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Table 5. Statistical Summary of Both the Secondary and Tertiary Datasets

L D | ®®%) | Swi | Salinity | T (°C) | RF (%)
(cm) | (cm) (%) (ppm)

Mean | 6.09 3.76 27.18 14.47 | 49528.04 | 78.98 | 32.25

Median | 5.08 | 3.81 22.10 12.00 | 25578.00 | 70.00 [ 31.25

Std 1.99 0.20 12.14 7.68 66676.56 | 22.51 | 21.47
Dev

Min 441 | 243 4.40 0.00 240.00 | 25.00 | 0.84

Max | 1530 | 3.88 | 51.00 | 46.80 |265608.0 130.0 | 74.15
3.2 Data Preprocessing

3.2.1 Box Plots

Box plots provide valuable insight into the distribution of data points across a selected feature,

primarily information about a group of data's symmetry, skew, variance, and outliers. The box
plots for each data feature for each dataset are shown in Figures 16, 17, and 18.

Across all datasets, Salinity exhibited the widest spread and most extreme outliers. This
indicates significant environmental variation, especially in the Combined dataset, where the
salinity values exceeded 250,000. Such values were excluded and considered as outliers.
Porosity (@, %) showed a broad distribution in the Combined and Secondary spontaneous
imbibition datasets, with values ranging from less than 10% to nearly 50%, reflecting diverse
rock properties. Initial water saturation (Swi%), in turn, displayed a wide range of frequent
outliers (particularly in the Combined dataset). However, Swi in the Secondary spontaneous
imbibition data had a tighter distribution, suggesting greater consistency. Core dimensions,
specifically core diameter (D), remained tightly clustered across all datasets, whereas core
length (L) exhibited moderate variability. Temperature (T, °C) predominantly centered
between 60 and 80 °C, with a few outliers extending beyond 120 °C.

To summarize, the Combined dataset showed the highest variability compared with the
secondary and tertiary spontaneous imbibition datasets, which exhibited more consistent

internal distributions.
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Figure 18. Box Plots for Secondary and Tertiary Datasets

Swi (%)
Salinity

After analyzing the box plots presented in Figures 16, 17, and 18, it can be seen that there are
many outliers in each input parameter. Thus, it was decided to eliminate outliers. Outliers are
any point that lies beyond the 25-75% margin. In this way, the models could train and test

data without noise.

3.2.2 Pair Plots

Pair plots are useful for visualizing pairwise relationships in datasets. In this section, we
provide pair plots for each dataset before and after removing the outliers to visualize the
effectiveness of the proposed data preprocessing strategy.

In Figures 19, 20, and 21, we provide the pair plots for the raw dataset without preprocessing.
In all three datasets, extreme values in features like Salinity and Swi (%) introduced heavy
skewness in the distributions and densely stacked scatter points, which made it difficult for

the models to comprehend potential patterns between input features and the target variable.
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Although lithology-based grouping remains somewhat visible (especially for RF), this

separation is visually diluted in the presence of outliers.
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Figure 19. Pair Plot showing Dependencies between Parameters of Secondary Dataset Before

Cleaning
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Figure 21. Pair Plot showing Dependencies between Parameters for Secondary and Tertiary Datasets
Before Cleaning

The pair plots after outlier removal are shown in Figures 22, 23, and 24. In the Tertiary
Imbibition dataset, RF exhibited clear separation across the lithology classes, with Lithology
3 and Lithology 1 generally associated with higher and lower RF values, respectively. Similar
patterns were observed in the Secondary Imbibition dataset, where features such as porosity
(®%), initial water saturation (Swi%), and salinity notably varied across lithologies,
suggesting that Lithology could serve as a useful categorical feature in RF prediction.

Across all datasets, RF exhibited meaningful relationships with several features. In particular,

there is a visible trend of increasing RF with higher porosity and lower Swi, especially in the
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Combined dataset. Features like core diameter (D) and temperature (T, °C), in turn, appear

less informative with tightly clustered values. Notably, the combined dataset exhibited greater

variability, which was probably due to the combined sources.
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Cleaning
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3.2.3 Heatmaps

The heatmaps present Pearson correlation coefficients between the input variables and target
variables. Figures 25, 26, and 27 show heatmaps showing the correlation between the inputs
and the recovery factor (RF) for all three datasets.

A common trend for all three datasets was that porosity (@, %) exhibits the strongest and most
consistent positive correlation with RF, particularly in the secondary dataset (r = 0.43). This
relationship indicates that porosity has a significant effect on recovery, which is in agreement

with common practice.
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Salinity, in turn, exhibits a negative correlation with RF across all datasets, with the most
substantial negative relationship observed in the tertiary dataset (r = —0.45). This tendency
aligns with the concept that the lower the water’s salinity, the higher the recovery factor.
Initial water saturation (Swi, %) and temperature (T, °C) showed moderate negative
correlations with RF in the tertiary dataset, but these relationships were weaker or inconsistent
in the combined and secondary datasets.

Core length (L) and core diameter (D) are minimally correlated with RF across all datasets.
Correlations between other pairs of input features (e.g., ® with T or Swi) remain weak,
suggesting that these features have limited impact on each other.

The correlation matrix in the heatmaps indicates statistical associations, not necessarily
physical causation. Correlations between core length and diameter arise due to sampling
patterns in published datasets rather than underlying physical processes. Therefore, while
useful for initial exploratory analysis, these correlations should be interpreted cautiously and

not overestimated in terms of physical significance.
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Figure 27. Heatmap of Tertiary Dataset

3.3 Data Processing
3.3.1 Model selection
In this thesis, the following methods were explored for predicting the recovery factor:
e Support Vector Machine for Regression (SVR):
o A regression method focused on finding the hyperplane and function that
effectively fit the data within a tolerance margin.
e Decision Tree (DT):
o A method that splits data based on input features to minimize variance within
each resulting subset by learning splitting decision rules.
e Random Forest (RF):
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o Ensemble learning method that creates multiple decision trees and makes the
final prediction by averaging the outputs of the trees.
e Gradient Boosting (GB):
o An ensemble learning method that iteratively trains weak learners in which
each learner corrects the mistakes of its predecessor.
e Extreme Gradient Boosting (XGBoost):
o Optimized gradient boosting with the incorporation of advanced regularization
techniques
e Artificial Neural Network (ANN):
o A deep learning method comprising multiple layers of neurons that learn to
approximate complex functions from input data via training.
3.3.2 Test and training sets
To evaluate model performance, we employed an 80-20 train-test split. The collected dataset
was randomly shuffled to prevent any bias resulting from the ordering and then divided such
that 80% and 20 % of the data were used for training and testing, respectively. This approach
allows us to preserve a substantial subset for testing and checking models’ generalizability
while retaining sufficiently large portions of data for training.
To further ensure the fairness of our evaluation setup, we performed a 5-fold validation. The
dataset was split into 5 parts, and the models were trained on 4 parts and tested on the
remaining part. This process was repeated 5 times, so each part was used once as the test set.
The final performance was averaged across all 5 runs to ensure a more reliable estimate of the
model’s generalizability.
3.3.3 Tuning of Hyperparameters
The performance of the machine learning model can vary significantly depending on the
hyperparameters that define the structure and function of the overall system. Therefore, it is
essential to identify a hyperparameter set that yields optimal performance on the target data.
To identify the most suitable hyperparameters for each machine learning algorithm, we
employed a grid search. The proposed method exhaustively searches for the combination of
hyperparameters that result in the highest performance. In our experimental setup, we selected
the hyperparameter set that resulted in the highest RZin the test set. The sets of

hyperparameters produced by the grid search are summarized in Table 6.



Table 6. Summary of Hyperparameters of the Models

Model Hyperparameter Both Secondary Tertiary
ANN Hidden layers 10 10 5
Neurons 8-1024 8-1024 8-128
Optimizer AdamW AdamW Adam
Batch size 32 16 32
Epochs 500 500 500
DT Max depth 4 2 6
Min samples split 8 2 6
Min samples leaf 1 1 1
GB N estimators 50 50 50
Max features Sgrt Sgrt Sqrt
Max depth 4 6 2
Min samples split 6 6 6
Min samples leaf 1 1 1
RF N etimators 200 50 200
Maximum features Sqrt Sqrt Sgrt
Maximum depth 8 10 4
Samples split min 8 4 8
Samples leaf min 1 1 1
SVM C 100 10 100
Kernel Rbf Rbf Rbf
Epsilon 0.0000001 0.0000001 0.0000001
Gamma 0.01 0.001 0.01
XGB N estimators 200 500 500
Maximum depth 8 6 2
Learning rate 0.01 0.01 0.01
Minimum child weight 6 4 6

3.3.4 Model Evaluation

The model evaluation is based on several metrics:

1. Mean Absolute Percentage Error (MAPE):
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This metric shows, on average, how far off our predictions are from the actual values. It is
useful because it provides an intuitive sense of the prediction error in terms of percentage,

which is easy to understand and compare across datasets (de Myttenaere et al., 2016).

1 Xmeasured Xpre
MAPE = -y, |Freered—bred (N

Xmeasured

2. Root mean square error (RMSE):
This metric measures the average difference between predicted and actual values, giving more
weight to larger errors. It is great for spotting big mistakes because it penalizes large

deviations more than small deviations (Willmott & Matsuura, 2005).

1
RMSE = \/; Z?=1(xmeasured — Xpred )2 (2)

3. R? Score:
R2 shows how well the model explains the variability of the actual data. A value close to 1
indicates that the model’s predictions are very close to real values. If it is 0, the model is not
performing better than simply guessing the average (Kvalseth, 2017).
R* = 1 -3 (Xmeasurea — Xprea)” | 2i=1(Xmeasured — Xavr measured)’ (3)
4. Akaike Information Criterion (AIC):
AIC helps compare models by observing how well they fit the data while penalizing models
for being too complex. A lower AIC means a better model—one that balances accuracy and
simplicity (Vrieze, 2012).
AIC = =2 In(likelihood) + 2P, 4
5. Bayesian Information Criterion (BIC):
Similar to AIC, BIC also balances fit and complexity; however, it applies a stronger penalty
when adding additional parameters. It is especially useful when working with large datasets
and avoiding overfitting (Neath & Cavanaugh, 2012).
BIC = -2 In(likelihood) + [In(n)]P, (5)
These metrics were selected to properly evaluate the performance of the models to predict

accurate and precise results.
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Chapter 4: Results and Discussion

This section presents a comparative analysis of the performance of the models. The ANN,
DT, GB, RF, SVM, and XGB machine learning models have been accomplished. This section
presents the analysis of the prediction of secondary imbibition, tertiary imbibition, and both.
4.1 Application of Machine Learning Models to Secondary Imbibition

Table 7 summarizes the results. The models were trained and tested on the secondary
imbibition dataset. The main metric on which the models are being compared is the R? for
both training and testing. R?in sShows how well the most optimized model fits the data after
the model has trained itself multiple times based on the training data. R?%est Shows how well
the trained and optimized model performs on unseen testing data. R? values close to 1 indicate
very accurate fitting of the predicted and actual data. Based on training R?, three models have
RZtain > 0.8, which are ANN, GB, and XGB. The highest training performance was achieved
using the GB model, resulting in R%s rin=0.919. The ANN and XGB methods also
demonstrated good performance, resulting in R?win values of 0.808 and 0.887, respectively.
However, if we compare testing R?, the performance of the models is completely different.
RZest is more meaningful in our case because it demonstrates the usability of our models in
real-world scenarios. If the R2yin is high but the R%e is low, then the model overfits, meaning
that it learns the noise rather than the real data patterns. Among all of the models, only two of
them achieve R?est being more than 0.7, which are the GB and RF models. Although the R%¢
wrain 1S 0.788, the R%rr test is 0.733, indicating only a 0.05 difference between the two metrics.
However, the best performance by the R?%est metric was achieved with GB, resulting in the
RZcs test having a performance of 0.748. This indicates that the model can accurately predict

the secondary spontaneous imbibition recovery factor in almost 75% of cases.

Table 7. Models for Secondary Imbibition Tests

Parameter ANN DT GB RF SVM XGB

MAPE rain 52.603 63.981 32.880 13.229 77.039 39.444

RMSEtrain 10.286 12.905 5.202 3.637 12.005 39.229

Rrain 0.808 0.469 0.919 0.788 0.598 0.887
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Parameter ANN DT GB RF SVM XGB

AlClrain 452.205 494.834 324.025 337.402 481.252 358.925

BICtrain 470.008 512.637 341.828 354.420 499.055 376.728

MAPE est, 77.761 108.094 22.416 70.286 35.810 217.327

RMSE test 13.885 16.312 12.569 16.331 15.256 160.539

Rtest 0.543 0.288 0.748 0.733 0.504 0.627

AlCiest 140.278 148.012 135.500 190.759 144.800 135.884

BICest 148.525 156.258 143.746 199.553 153.046 144131

In addition, other metrics that play more of a support role describe GB as the best model for
this dataset. A value of RMSEtnin 0f 5.202 indicates that the GB model's predictions deviate
by 5.2 units from the actual values during training. RMSE¢st of 12.569 shows an increase
compared to the training value, meaning that the prediction deviates by approximately 12.5.
On the other hand, Mapetin equals 32.88%, meaning that the predictions deviate by over 33%
from the actual values, and Mapetest is 22.416%. Although the deviation by RMSE increased,
the deviation by MAPE decreased. This could be occurring by the distribution of the data;
thus, for the training part, the distribution is more toward the lower values, resulting in 5.2
deviation being 33.28%, and for the training part, the distribution is more toward the higher
values, and 12.5 deviation results in 22.416%. The distributions of the data for the training
and test sets are represented in Figure 28, where the red line represents an R? of 1. The

distributions of the other machine learning models are shown in Figures 36-40.
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Figure 28. Results of R? for the GB Model for the Secondary Dataset

The AIC and BIC values also support the GB model. The lower these values are, the better
the model can perform in terms of balance and result in minimum overfitting. For the training
part, AlCirain is 324.025 and BICirin is 341.828, which were the lowest values compared to the
other machine learning models. For the testing part, AlCxst is 135.500 and BICiest is 143.746,
which were also the lowest values. The decrease between the training and testing parts was
considerable, which demonstrates the improvement in the model’s balance and decrease in
the model’s overfitting.

All metrics demonstrate that the proposed GB model is the best-performing machine learning
model for secondary imbibition prediction. However, the prediction of 75% is still far from
being completely reliable and accurate, and there is still a lot of room for improvement.
Multiple possible causes affect the testing part of the model. The first possible reason is that
the dataset itself is not that big, containing data from only 162 secondary imbibition
experiments before cleaning and leaving only 118 experiments after the cleaning: 94 for
training and 24 for testing. In other words, 24 data points for the testing part are not enough
for the model to properly predict the results. The second reason is the quality of the data. The
imbibition oil recovery is highly affected by the contact angle and IFT. The dataset does not
contain this information because most of the research was done without measuring these
properties. LSW increases imbibition oil recovery by altering these parameters, and the only

input variable that somehow concerns the contact angle and IFT is salinity. Third, the values
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of the recovery factors were extracted from the graphs using Plot Digitizer, which increases
the human error. This could also affect model performance. The main problem was not in the

models themselves but in the quality of the dataset.

4.2 Application of Machine Learning Models to Tertiary Imbibition

Table 8 summarizes the metrics obtained after predicting the models based on the tertiary
spontaneous imbibition experiment data. By comparing the results from Tables 7 and 8, the
models’ performance based on tertiary imbibition data was better in all terms than that based
on secondary imbibition data. All models resulted in R?vin being greater than 0.9, meaning
that the prediction of the training data was accurate for more than 90% of the cases. The
highest R?uain of 0.914 was achieved by the SVM model, and the lowest R?uain of 0.901 was
achieved by the ANN. All of the models’ training R? are in the range of 0.901-0.914. But even
the value R?win of 0.901 indicates high machine learning performance. In addition, the test
results show no significant difference between R%est and R%in. The highest R%s: of 0.896 was
achieved by the RF model, and the lowest R?est of 0.845 was achieved by the XGB model.
The XGB model exhibited the largest drop of 0.061 between the training and testing
predictions, meaning that for the testing data, the results were poorer by 6.1% compared to
the training data. All the rest of the models result in R?est being more than 0.87, which means

that these models can accurately predict the results in 87% of cases.

Table 8. Models for Tertiary Imbibition Tests

Parameter ANN DT GB RF SVM XGB
MAPE rain 24.111 21.007 25.340 23.049 12.441 27.192
RMSEtrain 7.432 7.015 7.287 7.108 6.834 54.001

Rtrain 0.901 0.912 0.907 0.91 0.914 0.906
AlCltrain 451.275 438.575 446.953 441.497 432.824 448.791
B1Ctrain 464.778 452.078 460.455 454,999 446.327 462.293
MAPE e, 23.398 34.514 26.356 24.254 25.367 20.204
RMSE est 7.709 8.184 7.493 7.409 8.204 72.999
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Parameter ANN DT GB RF SVM XGB

R%est 0.889 0.876 0.894 0.896 0.889 0.845
AlCrest 124.379 127.728 122.787 122.154 127.858 130.132
BlCtest 131.041 134.389 129.448 128.815 134.519 136.793

Based on the training metrics, the proposed SVM outperformed the other models. The key
difference is in the values of MAPEain. MAPEsvm train IS 12.441, which is 8.566 lower than
the second lowest MAPEDT tain. The other metrics also demonstrate the best performance in
the training part of the SVM model. However, for the test part, the combination of the metrics
does not demonstrate that, and for our case, the testing part is more valuable. There was a
marginal difference between the metrics for all the models for the testing part, but all the
examining metrics combined suggested that the RF model was the best model for predicting
the tertiary imbibition recovery factor. Based on the R2 result, the best performing model was
RF with an R%rain 0f 0.91 and Rt of 0.896, as shown in Figure 29. The rest of the values of

RZtain and R%est can be seen in Figures 41-45.
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Figure 29. Results of R? for RF Model on Tertiary Dataset

GB also demonstrated very similar performance to RF, with R?%est being 0.894. The 0.2%
difference between the models indicates that GB can work well with both secondary and

tertiary imbibition datasets. However, for the tertiary dataset, RF performed better, and other



57

supporting metrics proved that. Although the MAPE rr tst Of 24.254 was not the lowest
(MAPExcB test -~ 20.204), the remaining metrics were the lowest: RMSE (7.409), AIC
(122.154), and BIC (128.815). These results prove that the RF model is the most effective
model for minimizing the percentage error and overfitting.

Almost 90% of the predictions made by the RF model fit the actual data. However, room
remains for improvement. As for the secondary dataset, the main source of error was the
dataset. If the dataset would be larger consisting not only of 233 data points, out of which 138
data points are left after pre-processing (110 for training and 28 for testing); included
information about IFT and contact angle, and contained information about recovery factor in
the form of tabular data, the performance of the models could close to 99%. However, despite
these limitations, the models can reasonably accurately predict the tertiary imbibition

recovery factor.

4.3 Application of Machine Learning Models to Secondary and Tertiary Imbibition
Table 9 summarizes the metrics of the models based on both secondary and tertiary imbibition
data. For training, all models achieved R? > 0.85, and 4 of the models resulted in R? > 0.9.
Thus, there are no issues with the models when training on the data. Even though some models
struggled with the training part when the secondary dataset was used (from Table 7, R?yain for
DT and SVM are 0.469 and 0.598, respectively), the performance of the models considerably
improves when secondary data is combined with the tertiary data. This could be due to the
increased amount of data and its diversity. The total number of data points was 395 after
cleaning 203 points, of which 162 were for training and 41 were for testing. In addition, the
dataset itself becomes more diverse by containing information from both secondary and
tertiary data. These improvements help the models run and perform better.

Table 9. Model Results for Secondary and Tertiary Imbibition Tests

Parameter ANN DT GB RF SVM XGB

MAPE rain 23.481 28.646 17.277 19.955 22.345 33.301

RMSEtrain 7.618 8.440 5.785 6.382 6.320 72.106

Rrain 0.920 0.856 0.930 0.919 0.919 0.888
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AlCrrain 673.893 707.109 584.729 616.567 583.903 709.059
BICitrain 698.594 731.810 609.430 641.268 608.198 733.760
MAPE est, 27.351 33.457 26.124 31.796 37.150 35.024
RMSE est 10.946 10.313 7.546 7.703 10.051 74.943
RZest 0.885 0.757 0.895 0.891 0.816 0.881
AlCiest 212.230 207.343 181.73 183.412 196.004 192.986
BlCrest 225.939 221.052 195.438 197.121 209.312 206.695

The highest R?uin of 0.93 was achieved by GB, and the lowest R?uin of 0.856 was achieved
by DT. According to the supporting metrics, GB achieved the lowest MAPEin 0f 17.277 and
RMSEtrin 0f 5.785, and the second lowest in AlCqin 0f 584.729 and BICrin 0f 609.430.

The highest R%.st of 0.895 is also achieved by GB, and the lowest R?est of 0.757 is also
achieved by DT. Supporting metrics also prove that GB had the lowest MAPE (26.124),
RMSE (7.546), AIC (181.73), and BIC (195.438). This proves the previous hypothesis that
GB would work well with a dataset containing both secondary and tertiary data. A visual
illustration of the predictions made by the GB model compared to the actual data is shown in
Figure 30. The rest of the graphs are shown in Figures 46-50.

Given that low-salinity water imbibition mechanisms differ significantly between sandstone
and carbonate formations, separate models for each lithology type would likely vyield
improved accuracy. However, due to the limited size of the dataset for each lithology
category, this approach was not feasible in the current study. Future research with a larger and
more balanced dataset should explore lithology-specific models to better capture the unique

fluid—rock interactions.
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Figure 30. Results of R? for the GB Model for Both Secondary and Tertiary Datasets
Analysis across all datasets confirmed that lower salinity levels generally correspond to higher
recovery factors, particularly in tertiary imbibition experiments. The correlation coefficient
between salinity and recovery factor was negative (—0.45) in the tertiary dataset, affirming
that reduced salinity enhances oil recovery. The effect was most prominent in the 500-10,000
ppm range, aligning with known LSWF thresholds. However, beyond ~30,000 ppm, the
benefit of salinity reduction appears to plateau or diminish, possibly due to saturation of the
wettability alteration mechanism or limited ion exchange.

4.4 Performance of the Best Model

The R%est of 0.895 indicates that the GB model can properly make predictions in
approximately 90% of the time. The R%in of 0.93 was the highest among all models and
datasets, indicating that there is no such combination of data and machine learning model that
could result in higher training performance. A drop of 3.5% between training and testing R?
values could also occur due to the same reasons. Even if the dataset contained 395 data points,
almost half of the data is considered as outliers, which did not fall into the 25-75% margin
range, leaving only 203 data points to be used for the models to predict without noise. In
addition, 89.5% of R?es is not a limit; this value could be further increased up to 95% and
higher if the dataset of IFT and Contact angle were integrated as inputs into the dataset.
Human error could be reduced if a larger amount of tabular data with precise readings were
used. However, the GB model performs well even with these limitations, and this model can

be used for any dataset, either secondary, tertiary, or both.
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Figure 31. Comparative performance of the GB model

For the training part, the GB model demonstrated high performance, resulting in R?uain being

greater than 0.9 for all datasets. For the testing part, the GB model also resulted in high

performance; thus, the lowest R?s: value of 0.748 was obtained for the secondary dataset, and

for the rest of the datasets, the R?es is close to 0.9. Although the value of R2es for secondary

imbibition is small compared to the other two, it exhibited the highest performance for the

secondary dataset.

A sensitivity analysis of how salinity affects oil recovery was conducted based on the data in

Table 10. The only parameter that changes is the salinity, as the core remains the same.

Recovery factor values were obtained from Figure 32 (Nasralla et al., 2016)

Table 10. Data from spontaneous imbibition tests (Nasralla et al., 2016)

L (cm) D (cm) @ (%) Swi (%)
5.01 3.8 20.8 12
5.01 3.8 20.8 12
5.01 3.8 20.8 12

Lithology Salinity (ppm) T (°C) RF (%)
Carbonate 239400 70 5.4
Carbonate 43700 70 10.0
Carbonate 8740 70 12.3
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Figure 32. Spontaneous Imbibition Curve Using Water with Different Salinities (Nasralla et al.,
2016)
The predictions of the GB model based on these data are shown in Figure 33 The blue and
red columns represent actual and predicted RF values, respectively. The difference between
the actual and predicted values is clearly shown. The model performed better as the salinity
of the water decreased. The highest deviation was obtained at the highest salinity. This occurs
because the goal of the model is not to predict the RF of high-salinity water, and the value of
239400 ppm salinity is an outlier. However, even with this deviation, the trend in the RF
values can be observed. As the salinity decreases from 239400 to 8740 ppm, the model
predicts that oil recovery will increase from 8.5 to 12.6. The lower the water salinity, the better

the GB model can predict the results.
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Figure 33. Comparison of Actual and Predicted Values of the GB Model

The performance of the GB model for Carbonate rock is shown in Figure 34. As it can be
seen, the experimental and predicted values for the temperature of 70 °C differ by 0.5-4% of
recovery factor for all of the salinity values. Predictions values for lower temperature of 50
°C are lower by roughly 2-4% of recovery factor. The model performance aligns with the
theory behind it: the lower the salinity becomes the higher the oil recovery for carbonate rock.
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Figure 34. Performance of the GB model for Carbonate Core

The same trend is obtained during analysis of the performance of the GB model for the
sandstone core shown in Figure 35. Experimental and predicted values for temperature of 60
°C differ by less than 1% of oil recovery for all of the salinities. Predictions for lower
temperature of 40 °C show lower oil recoveries by 2-5% for the same salinity levels. The
trend for the lower temperature is the same as for the carbonate rock: the lower the temperature
the less the oil recovery during spontaneous imbibition test.

GB model predicts more accurate results for sandstone cores rather than for carbonate cores.
It can be justified by the fact that there is more data in this range of temperature and salinities

combined for the sandstone than carbonate rock.
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Figure 35. Performance of the GB model for Sandstone Core
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Chapter 5: Conclusion and Recommendations

The study explored the usability of machine learning models in predicting recovery factors in
secondary and tertiary spontaneous imbibition experiments. To do so, data from 25 research
papers were gathered, including input parameters such as the length of the core, diameter of
the core, porosity of the core, lithology, initial water saturation, salinity of the brine,
temperature of the experiment, and output as absolute oil recovery. Data from 395
spontaneous imbibition experiments were collected, and six machine learning models were
trained and tested.

For the secondary dataset a maximum value of R%.s of 0.748 was achieved by GB. For the
tertiary dataset GB performed in R%.s: being 0.896 and for the combined dataset R%est of 0.895
was achieved. After thorough analysis, it was found that the Gradient Boosting machine
learning model exhibited superior performance compared to other models based on secondary
and combined datasets, and for the tertiary RF model outperformed GB by 0.2%. Combining
all of that, GB model is selected to be the best performing model for spontaneous imbibition
absolute oil recovery prediction.

Most of the models performed well with tertiary and combined datasets. The prediction
accuracy close to 90% was achieved by several machine learning models. However, the
performance of the models can be further improved and this was caused by the limitations of
the datasets during the data gathering part. These limitations strongly affect the secondary
predictions, where 75% accuracy was achieved.

The future work should focus on mitigating the factors, which affect the accuracy of the
models and resulting in the prediction accuracy being more than 90%. One of the ways is to
expand the datasets by adding more data of both secondary and tertiary spontaneous
imbibition data. Expanding the number of the tests is not the only way to make more accurate
predictions. Addition of different input parameters such as interfacial tension and contact
angle of the system before the test should increase the accuracy of the machine learning
models. Also, it is better to find the data in a tabular form rather than extracting the output

values of the recovery factor manually using the Plot Digitizer tool. This could help reduce
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the human error caused by manual extraction of the data from the graphs of spontaneous
imbibition experiments.

Overall, all of the models were implemented and tested with different datasets. The main goal
of the research was achieved, and future research can be further done to investigate the best-

performing machine learning models.
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Figure 48. Results of R? for the SVR Model for Both Datasets
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Figure 49. Results of R? for the RF Model for Both Datasets
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Figure 50. Results of R? for the DT Model for Both Datasets
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