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IMPROVING THE PREDICTION OF OIL AND GAS PRODUCTION USING
ARTIFICIAL INTELLIGENCE ALGORITHMS

SUMMARY

The energy industry heavily relies on accurate oil and gas production forecasting,
which is crucial in optimizing resource allocation, production planning, and
operational efficiency. Predicting future production rates is fundamental to the
petroleum industry, enabling businesses to enhance the extraction and refinement of
fuels such as gasoline and diesel while minimizing risks and maximizing profits.
Reliable forecasting models help stakeholders make informed decisions regarding
investment strategies, infrastructure development, and regulatory compliance. As
global energy demands continue to rise, the need for precise, data-driven forecasting
methodologies becomes increasingly important to ensure stability and sustainability
in the petroleum sector.

Traditionally, forecasting the future production of energy-rich natural gas and oil has
been a widely studied topic in petroleum engineering. Due to their similar extraction
processes and market demands, these two resources are often analyzed together.
Historically, researchers have relied on conventional techniques such as decline
curve analysis and numerical reservoir simulation to estimate future production
levels. While these approaches have been widely used, they suffer from several
critical limitations. The high computational costs, the extensive time required to
complete the simulations, and the dependence on multiple assumptions often result in
unreliable and inconsistent predictions. Additionally, these traditional models
struggle to adapt to the complex, nonlinear nature of oil and gas production,
particularly when dealing with fluctuating reservoir conditions, market dynamics,
and external environmental factors. As a result, there is a growing need for more
advanced, efficient, and accurate predictive methodologies.

In recent years, artificial intelligence (Al) has emerged as a transformative tool in the
energy sector, offering the potential to enhance the speed, accuracy, and adaptability
of production forecasting. Al-based approaches have significantly reduced the
computational time required for forecasting while improving prediction accuracy
through automated feature selection, pattern recognition, and model optimization. By
leveraging machine learning, ensemble learning, and deep learning techniques, Al-
driven models can effectively process large volumes of historical production data to
identify trends and make precise forecasts. The integration of Al into petroleum
engineering has enabled more efficient decision-making processes, optimized
resource utilization, and minimized uncertainties in production planning.

This thesis aims to enhance the accuracy and efficiency of oil and gas production
forecasting by implementing a robust Al-driven predictive framework. The proposed
system employs a combination of machine learning, ensemble learning, and deep
learning techniques to develop highly accurate predictive models. By leveraging past
production data, the system aims to generate precise future outcome predictions,
enabling companies and stakeholders to improve strategic planning, optimize
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resource allocation, and mitigate market risks. The research focuses on evaluating the
performance of multiple Al models to determine the most effective methodology for
forecasting oil and gas production with minimal error rates.

Eleven different methodologies were used in the proposed system. These consist of
five machine learning models: Decision Tree Regressor (DTR), Random Forest
Regressor (RFR), K-Nearest Neighbors (KNN), Extreme Gradient Boosting
(XGBoost), and Gradient Boosting Regressor (GBR), as well as three ensemble
learning models: Bagging, Boosting, and Stacking. Additionally, there are three
models in deep learning: Artificial Neural Network (ANN), Recurrent Neural
Network (RNN), and Long Short-Term Memory (LSTM). By incorporating these
methodologies, the system ensures that multiple aspects of data-driven forecasting
are considered, thereby improving robustness and overall performance.

The results of this thesis demonstrate that ensemble learning techniques, particularly
the stacking model, offer superior predictive performance compared to standalone
machine learning or deep learning models. The ensemble-based approaches
significantly reduced error rates in key evaluation metrics, including Mean Absolute
Error (MAE) and Mean Squared Error (MSE). Among all the models tested, the
stacking model achieved the highest level of accuracy, with an R-squared value of
99%, indicating its exceptional ability to capture complex patterns and dependencies
in oil and gas production data. This finding highlights the effectiveness of stacking as
a model integration technique, which combines the predictive power of multiple base
learners to produce a highly accurate final prediction.

Beyond academic contributions, this thesis has significant practical implications for
the petroleum industry. The integration of Al-driven forecasting models into oil and
gas production workflows can lead to substantial improvements in decision-making
efficiency, cost reduction, and risk management. By utilizing intelligent predictive
analytics, industry professionals can make data-driven investment decisions,
optimize drilling and extraction strategies, and improve overall operational
performance. Furthermore, Al-based models provide greater adaptability to changing
reservoir conditions and external economic factors, ensuring more reliable and
sustainable production forecasts in the long term. The ability to dynamically adjust to
real-time production data, external market fluctuations, and environmental
constraints makes Al-powered forecasting a critical component of the future energy
sector.

The adoption of Al-based forecasting methodologies has the potential to
revolutionize the petroleum industry, ensuring more precise and reliable production
planning in an increasingly complex and dynamic energy market. Additionally,
continued advancements in Al and data science will enable the integration of real-
time monitoring systems, improving responsiveness to changing market demands
and environmental conditions. Generating highly accurate and adaptive predictions
will be crucial in meeting global energy needs while promoting efficiency and
sustainability in the oil and gas sector. Furthermore, the expansion of Al applications
in the energy sector may open avenues for automation, enhanced reservoir
management, and predictive maintenance, further optimizing extraction and refining
processes. Future research will focus on incorporating additional real-time
operational parameters, expanding the dataset to include diverse geological
formations, and developing hybrid Al architectures that combine the strengths of
multiple methodologies to further enhance forecasting performance.

XXV



Overall, this thesis provides a comprehensive framework for Al-driven oil and gas
production forecasting, demonstrating the immense potential of integrating machine
learning, deep learning, and ensemble learning techniques to achieve highly accurate
and efficient predictions. The continued evolution of Al methodologies will play a
crucial role in shaping the future of energy production, ensuring more sustainable,
efficient, and intelligent resource management strategies in the petroleum industry.
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YAPAY ZEKA ALGORITMALARINI KULLANARAK PETROL VE GAZ
URETIM TAHMINLERININ IYILESTIRILMESI

OZET

Enerji sektorii biiyiik olglide kaynak tahsisini, tiretim planlamasini ve operasyonel
verimliligi optimize etmede hayati 6nem tasiyan dogru petrol ve gaz iiretim
tahminlerine dayanmaktadir. Gelecekteki iiretim oranlarini tahmin etmek petrol
endiistrisi i¢in temel bir 6neme sahiptir ve isletmelerin benzin ve dizel gibi yakitlarin
¢ikarilmasini ve rafine edilmesini gelistirirken riskleri en aza indirip karlart en {iist
diizeye c¢ikarmasini saglar. Gilivenilir tahmin modelleri, paydaslarin yatirim
stratejileri, altyapr gelistirme ve mevzuat uyumlulugu konusunda bilingli kararlar
almasma yardimci olur. Kiiresel enerji talepleri artmaya devam ettikge, petrol
sektoriinde istikrar ve stirdiiriilebilirligin saglanmasi i¢in kesin, veriye dayali tahmin
yontemlerine olan ihtiya¢ giderek daha 6nemli hale geliyor.

Geleneksel olarak, enerji agisindan zengin dogal gaz ve petrolin gelecekteki
tiretiminin tahmin edilmesi, petrol miihendisliginde yaygin olarak ¢alisilan bir
konudur. Benzer ¢ikarma siiregleri ve pazar talepleri nedeniyle bu iki kaynak siklikla
birlikte analiz edilir. Tarihsel olarak arastirmacilar, gelecekteki iiretim seviyelerini
tahmin etmek icin diisiis egrisi analizi ve sayisal rezervuar simiilasyonu gibi
geleneksel tekniklere giivendiler. Bu yaklagimlar yaygin olarak kullanilmasina
ragmen, bircok kritik smirlamaya sahiptirler. Yiiksek hesaplama maliyetleri,
simiilasyonlar1 tamamlamak icin gereken uzun siire ve ¢oklu varsayimlara bagimlilik
¢ogu zaman giivenilmez ve tutarsiz tahminlerle sonuglanir. Ek olarak, bu geleneksel
modeller, 6zellikle dalgalanan rezervuar kosullari, piyasa dinamikleri ve dis ¢evresel
faktorlerle ugrasirken, petrol ve gaz iiretiminin karmasik, dogrusal olmayan dogasina
uyum saglamakta zorlanir. Sonug¢ olarak, daha gelismis, etkili ve dogru tahmin
yontemlerine olan ihtiya¢ giderek artiyor.

Son yillarda yapay zeka (Al), enerji sektoriinde dontistiiriicii bir ara¢ olarak ortaya
c¢ikti ve dretim tahmininin hizini, dogrulugunu ve uyarlanabilirligini artirma
potansiyeli sunuyor. Yapay zeka tabanli yaklasimlar, otomatik 6zellik se¢imi, model
tanima ve model optimizasyonu yoluyla tahmin dogrulugunu artirirken tahmin i¢in
gereken hesaplama siiresini Onemli Olclide azaltti. Yapay zeka odakli modeller,
makine 6grenimi, topluluk 6grenimi ve derin 6grenme tekniklerinden yararlanarak,
egilimleri belirlemek ve kesin tahminler yapmak i¢in biiylik hacimli gegmis liretim
verilerini etkili bir sekilde isleyebilir. Yapay zekanin petrol miihendisligine
entegrasyonu, daha verimli karar verme siire¢lerini miimkiin kildi, kaynak
kullanimin1 optimize etti ve tiretim planlamasindaki belirsizlikleri en aza indirdi.

Bu tez, giiclii bir yapay zeka odakli tahmin gercevesi uygulayarak petrol ve gaz
{iretimi tahmininin dogrulugunu ve verimliligini artirmay1 amaglamaktadir. Onerilen
sistem, ylksek dogruluklu tahmin modelleri gelistirmek i¢in makine Ogrenimi,
topluluk 6grenimi ve derin 6grenme tekniklerinin bir kombinasyonunu kullanir.
Sistem, ge¢mis Uretim verilerinden yararlanarak gelecege yonelik kesin sonug
tahminleri olusturmayi, sirketlerin ve paydaslarin stratejik planlamay1 gelistirmesine,
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kaynak tahsisini optimize etmesine ve pazar risklerini azaltmasina olanak saglamay1
amacliyor. Arastirma, minimum hata oranlariyla petrol ve gaz iiretimini tahmin
etmek i¢in en etkili metodolojiyi belirlemek amaciyla birden fazla yapay zeka
modelinin performansini degerlendirmeye odaklantyor.

Onerilen sistemde on bir farkli metodoloji kullanilmistir. Bunlar: Karar Agaci
Regresorii (DTR), Rastgele Orman Regresorii (RFR), K-En Yakin Komsular (KNN),
Extreme Gradient Boosting (XGBoost) ve Gradient Boosting Regressor (GBR)
olmak tizere bes makine 6grenme modeli ve Bagging, Boosting ve Stacking olmak
tizere U¢ topluluk 6grenme modelinden olusur. Ayrica derin 6grenmede de ii¢ model
bulunmaktadir: Yapay Sinir Ag1 (ANN), Tekrarlayan Sinir Ag1 (RNN) ve Uzun Kisa
Stireli Bellek (LSTM). Sistem, bu metodolojileri birlestirerek veriye dayali tahminin
birgok yoniiniin dikkate alinmasini saglar ve boylece saglamligi ve genel performansi
artirir.

Bu tezin sonuglari, topluluk 6grenme tekniklerinin, 6zellikle de istifleme modelinin,
bagimsiz makine 6grenimi veya derin 6grenme modellerine kiyasla iistiin tahmin
performanst sundugunu gostermektedir. Topluluk temelli yaklasimlar, Ortalama
Mutlak Hata (MAE) ve Ortalama Karesel Hata (MSE) dahil olmak iizere temel
degerlendirme 6lgiimlerindeki hata oranlarint 6nemli dlglide azaltti. Test edilen tiim
modeller arasinda istifleme modeli, %99'luk R-kare degeriyle en yiiksek dogruluk
diizeyine ulasti; bu, petrol ve gaz {liretim verilerindeki karmasik kaliplart ve
bagimliliklar1 yakalama konusundaki olaganiistii yetenegini gosteriyor. Bu bulgu,
son derece dogru bir nihai tahmin iiretmek i¢in ¢oklu temel 6grenicilerin tahmin
giiclinli birlestiren bir model entegrasyon teknigi olarak istiflemenin etkinligini
vurgulamaktadir.

Akademik katkilarin 6tesinde, bu tezin petrol endiistrisi i¢in onemli pratik ¢ikarimlari
vardir. Yapay zeka odakli tahmin modellerinin petrol ve gaz liretim is akislarina
entegrasyonu, karar verme verimliliginde, maliyet azaltmada ve risk yOnetiminde
onemli 1yilestirmelere yol acabilir. Sektdr profesyonelleri, akilli tahmine dayal
analitigi kullanarak veriye dayali yatirnm kararlar1 alabilir, sondaj ve ¢ikarma
stratejilerini optimize edebilir ve genel operasyonel performans: iyilestirebilir.
Ayrica yapay zeka tabanli modeller, degisen rezervuar kosullarina ve dis ekonomik
faktorlere daha fazla uyum saglayarak uzun vadede daha giivenilir ve siirdiiriilebilir
tretim tahminleri saglar. Ger¢ek zamanli iretim verilerine, dis pazar
dalgalanmalarina ve g¢evresel kisitlamalara dinamik olarak uyum saglama yetenegi,
yapay zeka destekli tahminleri gelecekteki enerji sektoriiniin kritik bir bileseni haline
getiriyor.

Yapay zeka tabanli tahmin metodolojilerinin benimsenmesi, giderek karmasiklasan
ve dinamik hale gelen enerji pazarinda daha kesin ve giivenilir iiretim planlamasi
saglayarak petrol endiistrisinde devrim yaratma potansiyeline sahiptir. Ek olarak,
yapay zeka ve veri bilimindeki siirekli ilerlemeler, gercek zamanli izleme
sistemlerinin entegrasyonunu saglayarak degisen pazar taleplerine ve ¢evresel
kosullara yanit verme yetenegini gelistirecek. Son derece dogru ve uyarlanabilir
tahminler {iretmek, kiiresel enerji ihtiyaclarinin karsilanmasi ve petrol ve gaz
sektoriinde verimliligin ve siirdiiriilebilirligin desteklenmesi agisindan hayati 6nem
tasiyacak. Ayrica, enerji sektdriinde yapay zeka uygulamalarinin genisletilmesi,
otomasyon, gelismis rezervuar yonetimi ve Ongoriicii bakim ig¢in yollar agarak,
cikarma ve rafinaj siireglerini daha da optimize edebilir. Gelecekteki arastirmalar, ek
gercek zamanli operasyonel parametrelerin dahil edilmesine, veri kiimesinin ¢esitli
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jeolojik olusumlar igerecek sekilde genisletilmesine ve tahmin performansini daha
da artirmak i¢in birden fazla metodolojinin gii¢lii yonlerini birlestiren hibrit yapay
zeka mimarilerinin gelistirilmesine odaklanacak.

Genel olarak bu tez, yapay zeka destekli petrol ve gaz tiretimi tahmini i¢in kapsamli
bir ¢er¢eve sunarak, son derece dogru ve verimli tahminler elde etmek icin makine
Ogrenimi, derin 6grenme ve topluluk 6grenme tekniklerini entegre etmenin muazzam
potansiyelini ortaya koyuyor. Yapay zeka metodolojilerinin siirekli gelisimi, petrol
endistrisinde daha siirdiiriilebilir, verimli ve akilli kaynak yonetimi stratejileri
saglayarak enerji liretiminin gelecegini sekillendirmede onemli bir rol oynayacaktir.
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1. INTRODUCTION

This chapter provides a broad introduction that begins with an overview of oil and
gas production, an output projection, a brief review of some related work, and issue
statements. In addition, this chapter addresses the aims of this thesis, and the thesis

layout sequentially.

1.1. Overview

Oil is the primary fuel source and an essential component of many production
processes. Many automobiles, airplanes, trucks, ships, machinery, and electricity
must all function [1]. Oil and its derivatives have had a major impact on the world's
energy supply. According to projections, this trend is expected to continue in the
years to come, leading to a rise in the demand for oil relative to other energy sources
[2]. The oil production process consists of a methodical sequence of steps from site
exploration to extraction to product delivery to enterprises and the general public,

[3].
To collect gas and oil from the subsurface for use as an energy source, a number of

procedures must be carried out. In the oil and gas industry, the three main production

pprocesses are:

Upstream sector phase: Exploration and extraction are included in the initial
stages of the petroleum process. The goal of upstream operations is to locate
underground areas that have the potential to produce gas and oil. Drilling,
production, and preliminary exploration of oil reserves are all included in the

upstream industry.

Midstream industry phase: Crude oil is transported from producing wells to
refineries and facilities for downstream processing by the midstream sector.
Trains, cars, oil tankers, and pipelines are all examples of practical forms of
transportation. Crude oil and natural gas are among the petroleum and natural

gas commodities that are stored and distributed by the midstream industry.



Downstream industry phase: The downstream sector's main responsibilities
include separating or fractionating crude oil and carrying out the required
chemical treatments. Petroleum is then combined to create a finished product
that is used as fuel [4]. Additionally, downstream refineries are responsible
for purifying natural gas. Oil refineries, petrochemical plants, distribution
hubs, and retail stores are examples of downstream operations [4]. Figure 1.1

illustrates three phases of the primary production processes.

UPSTREAM MIDSTREAM DOWNSTREAM

OIL & GAS EXPLORATION / PRODUCTION TRANSPORT & STORAGE PRODUCT PREPARATION & USAGE

OFFSHORE PROCESS DISTRIBUTION

OIL & GAS PLATFORM y J & STORAGE SALES / MARKETING / RETAIL
- . . PIPELINE

OIL & GAS TRANSFER %
ONSHORE i REFINING

PUMP JACK 2 & PURIFYING

TRANSPORT s

Figure 1.1. The fundamental oil and gas production processes [3].

Since it provides production data for facility capacity design, sets a drilling schedule,
and evaluates economic viability, forecasting is crucial to creating a field
development plan. A production calculation dependent on previous performance
data from both effective and inactivity wells [5]. For governmental and
organizational entities to create the appropriate economic plans, production
forecasting is a crucial process [6]. A sophisticated numerical modeling of reservoirs
and related engineering studies are required for the oil and gas industry's predicted
output [7]. Accurate forecasting is an important and unique endeavor aimed at
managing and enhancing oil resources. The petroleum industry uses a number of
traditional techniques, such as Decline Curve Analysis (DCA) and Numerical
Reservoir Simulation (NRS) [8]. These models, which were impacted by reservoir
complexity and field size, took a significant amount of time and helped with
decision-making [9]. For a long time, the NRS method has been used to forecast oil
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production. However, NRS models have significant drawbacks, such as labor-
intensive requirements, a large number of dynamic model parameters, the need for an
accurate static model, and their time-consuming nature [10]. A common method for
predicting future oil and gas production is DCA [11]. The simulated cumulative
production rate was fitted to determine the DCA model's parameters [12]. Using
historical production data, DCA seeks to forecast future well or field output [13].
Artificial Intelligence (Al) systems trained on pertinent data from the field can
substantially aid in expediting asset appraisal while ensuring it remains independent
of expert influence [14]. The sectors of oil and gas are changing as a result of
machine learning and deep learning. Potential areas for future Al development in the
petroleum industry are represented by professional software platforms [15]. In order
to provide intelligent and trustworthy solutions to complex and nonlinear problems,
the field of computer science known as artificial intelligence combines human
intellect with computational capability. Computers with artificial intelligence can
reason and make decisions on their own [16]. Increased computer processing speeds
made effective Al techniques possible in the early 21st century, allowing for accurate
oil field output forecasts. A somewhat good approximation of the problem and
analytics can be obtained by training machine learning on large historical datasets
[17]. Many academics have expressed a great deal of interest in the use of machine
learning [18]. The input and the anticipated outcome can be correlated using machine
learning techniques. The physical behavior of the system is not altered in any way by
the machine learning technique [19]. The availability of large datasets and high-
performance computing resources has made machine learning methodology a
feasible approach for modeling manufacturing processes [20]. The creation of
computer algorithms that improve performance by learning from data or previous
examples is another definition of machine learning [21]. For rapid assessment and
production forecasting in the oil sector and petroleum business, scholars have
recently used machine learning and deep learning techniques [22]. More accurate
results can be obtained faster when predictive and inferential data analytics are
included into machine learning and deep learning procedures. Data analytics is being
used quickly by the oil and gas sector to enhance the calibre of its decision-making

procedures [23].



1.2. Problem Statement

Researchers have frequently used simulation tools like DCA and NRS to project oil
and gas output. There were some difficulties with these programs. Uncertainty over
production dynamics, well performance, and reservoir behavior can have a big
impact on how accurate DCA-based predictions are. The approach involves doing
accurate estimations and developing robust decline curve models for these
uncertainties. Large sets of equations must be numerically solved for NRS reservoir
simulation, which can be time-consuming and computationally taxing. Effective
simulation execution often requires access to high-performance computing resources,
which poses challenges for smaller businesses or research institutions with limited
funding. Data constraints and insufficient input: Accurate and thorough input data
are crucial for both DCA and NRS. However, obtaining current and reliable data
could be difficult. Inadequate information or incorrect input parameters might result
in inaccurate forecasts and judgments. The results of DCA and NRS depend on
intricate equations that could lead to challenging simulations and derivations.
Traditional methods of extracting oil and gas are laborious, sometimes taking hours

or days, and their accuracy is unpredictable.

1.3. Objectives

The thesis aims to validate the oil and gas output's optimistic forecast. Predicting oil

and gas production is important for many reasons, including:

« Better Production Optimization: To optimize production operations, artificial
intelligence algorithms can review a massive amount of data from several
sources, consisting of sensors, production records, and geological surveys.
Higher recovery rates and more efficiency from already-existing wells may

result from this.

» Predictive maintenance: Machine learning models can anticipate equipment
breakdowns before them happen by analysing past data on equipment
performance. This lowers operating costs, minimizes downtime, and enables

proactive maintenance.

» Reservoir Characterization and Modeling: Accurate reservoir models can be

created by analyzing production data, well logs, and seismic data. These
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models make it possible to comprehend the characteristics and behavior of
reservoirs, which helps with well site optimization and recovery strategy

improvement.

Reducing Uncertainty in Exploration: Artificial intelligence algorithms are
capable of analyzing geological data to more accurately identify possible
drilling locations. This raises the success rate of drilling operations and

lowers the risk involved in exploration.

Cost Reduction: Drilling, production, and transportation are just a few of the
phases of oil and gas production where cost reductions can be achieved by
automating repetitive operations and streamlining procedures using machine

learning and deep learning models.

Improved Decision Making: Machine learning and deep learning algorithms
facilitate improved decision-making processes at all levels of oil and gas
operations, from asset maintenance to reservoir management, by offering

insights from enormous volumes of data.

Adaptation to Changing Conditions: Oil and gas businesses can modify their
production plans in response to shifting market conditions, legal regulations,
or environmental considerations because machine learning models are able to

continuously learn from fresh data.

The overarching goals of applying artificial intelligence algorithms to
forecast oil and gas production are to enhance productivity, cut expenses,
lower risks, and optimize the extraction and use of hydrocarbon resources.

The relationship between time and accuracy in machine learning and deep
learning models is essential. Generally, achieving higher accuracy requires
more complex models, which in turn demands more computational time.
However, advancements in artificial intelligence (Al) techniques are focused
on optimizing this balance, enabling precise predictions in shorter
timeframes. Figure 1.2 shows the time with accuracy by using machine

learning and deep learning.
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Figure 1.2. Oil and gas production prediction using ML and DL.
1.4. Literature Review

A long with ensemble learning approaches, machine learning and deep learning have
become increasingly potent instruments for forecasting oil and gas output in recent
years, demonstrating their potential across various formations and datasets. For
example, Kim et al. used a variety of models for predicting cumulative gas
production (CGP) in the Montney Formation (Canada), including ANN, 1D
convolutional neural networks (1D-CNN), LSTM networks, and hybrid 1D-CNN-
LSTM models. The hybrid model showed better performance in enhancing gas
production projections by utilizing well information, fracture treatment parameters,

and early production data [24].

Similarly, using data from the Volve field in Norwegian, Zanjani et al. assessed the
effectiveness of ANN, LR, and SVR. Even though ANN performed better than the
other models in forecasting the production of hydrocarbons from well NO159-F-1C,
the study made clear how crucial it is to customize model selection for particular

datasets because no single algorithm is always better [25].

Tan et al. expanded on machine learning techniques by using six algorithms to
forecast production in the WY shale gas block: RF, BP, SVR, XGBoost, LightGBM,
and multivariable linear regression (MLR). With an R? value of 0.87, XGBoost
resulted as the most effective model, with the study's limitations due to its small

dataset from a single location. [26].

On the other hand, Hui et al. used four different approaches linear regression, neural
networks, XGBoost, and the extra trees to evaluate shale gas output in the Fox Creek
region. The results showed that extra trees had the highest accuracy R? equal to 0.809
[27].

DTR, SVR, MLR, XGBoost, PLR, RFR, RNN, and ANN are the eight models that

were investigated in Saudi Arabia by N. M. Ibrahim et al. The dataset, which was



supplied by Saudi Aramco, indicated that ANN, XGBoost, and RNN produced the
best results, with R? values for water, gas, and oil being 0.9627, 0.9012, and 0.926,
respectively [28].

Furthermore, utilizing historical production data from an oil field in Southern
Vietnam, Lan Mai-Cao et al. assessed four deep neural networks (multilayer
perceptron, CNN, LSTM, and gated recurrent unit) in addition to four traditional
machine learning models (RF, SVR, KNN, and GB). According to the study, the
SVR model was a good option for predicting petroleum output since it provided a

compromise between high accuracy and computational efficiency [29].

Al-Aghbari et al. created a DL model that combines temporal convolutional
networks (TCN) and LSTM to estimate oil output in a single step, lowering
computational complexity while increasing accuracy, in order to meet the difficulties
of traditional reservoirs [30]. On the other hand, Liu et al. developed regression and
classification models for reservoir identification and production prediction using a
dataset from CNPC, and XGBoost outperformed ANN in terms of speed and

accuracy [31].

For time-series data, S. Hosseini et.al. Proposed a hybrid LSTM-1D CNN model for
predicting oil production in the Volve field, with the LSTM model achieving an R?
score of 0.98. While promising, the study emphasized the need for further

investigation into the model's generalizability across different wells [32].

In another study, Song et al. used a range of machine learning models, such as LR,
XGBoost, LightGBM, BP, Neural Network, and LSTM, to thoroughly analyze the
productivity of 394 offshore oil wells in China. Because of its exceptional stability
and capacity for generalization across several datasets, XGBoost was the model with
the best performance. LightGBM, on the other hand, showed overfitting problems,
highlighting how crucial it is to choose machine learning algorithms. The study
emphasizes that, especially in intricate offshore situations, the model selection can
have a substantial impact on the accuracy and dependability of production forecasts
[33].

Furthermore, in order to anticipate and optimize rate of penetration (ROP) during gas
well drilling in Xinjiang, China, Liu et al. suggested a layered generalization
ensemble model. SVR, RF, Extremely Randomized Trees (ET), GB, LightGBM, and



XGBoost are the six ML methods that were merged into this stacked ensemble
model. The stacked generalization model fared better than any of the individual
models, obtaining an R? of 0.9568 on the test set, however the ET model showed the
best individual performance with an R? of 0.9268. In complicated activities like
drilling, where high predicted accuracy is essential for maximizing operational
efficiency, the study successfully illustrated the increased predictive capability of
merging different models [34].

Similarly, F. Ye et al. using a dataset that contained geology, reservoir, engineering,
and production data from over 200 wells in gas field A and 207 wells in shale gas
field B. The study used a blending ensemble learning model in conjunction with a
number of machine learning algorithms, such as RF, Extremely Randomized Trees
(ET), LightGBM, and GBR. The blending model outperformed individual models in
terms of predicted accuracy and generality, especially for shale gas output. The
effectiveness of combining several models to improve prediction accuracy in
complex reservoir settings was highlighted by the ensemble learning approach's
remarkable R? of 0.9524 for shale gas production [35].

Lastly, Y. Hou, the dataset utilized in this research includes production records from
242 Chinese shale gas wells. LightGBM, RFR, SVM, and stacking model were the
models employed. According to the study, the stacking model with feature weighting
performed better than separate models, offering improved forecasting accuracy and
generality for shale gas output. Outperformed individual models and obtained the

highest prediction accuracy with an R? value of 0.92 on test data [36].

These studies demonstrate the versatility and potential of artificial intelligence
algorithms in enhancing production forecasts for various oil and gas fields. The
findings highlight the importance of selecting models tailored to specific data and

field conditions to maximize prediction accuracy.

1.5. Organization

There are five chapters in this thesis, which are arranged as follows:

» Chapter One. General Introduction: This chapter reviews the scientific
background and forecasts oil and gas output, outlining the primary steps of
the extraction process briefly. Additionally, predictions for oil and gas results



use traditional techniques, related works, and problem statements. We
propose solutions utilizing ensemble models that combine various ML and
DL models for production forecasting. It offers a brief overview of related
studies.

* Chapter Two. Theoretical Background: This chapter provides theoretical
background about ML, Ensemble Learning: Bagging, Boosting, and Stacking
models, and DL. Such as: RFR, DTR, KNN, XGBoost, GBR, ANN, RNN,
and LSTM. In addition, the evaluating metrics and activation functions used
in this thesis are illustrated.

» Chapter Three. Methodology of the proposed system: This chapter defines
the methodology for predicting oil and gas production, as well as the design
and execution of the proposed system. The system consists of stages and
algorithms. Initially, we describe the dataset. Subsequently, forecast oil and
gas output utilizing eleven various techniques. To enhance model
performance through the selection of effective parameters, with particular
emphasis on identifying suitable activation functions for deep learning
models.

» Chapter Four. Experimental Results and Discussion: This chapter explains
the results of ML, ensemble learning, and DL models. They are compared to
determine the effectiveness of the model with the results. The comparison
and examination of these models are presented to provide a comprehensive
understanding of their performance.

« Chapter Five. Conclusions and Future Works: This chapter offers a concise

summary of the thesis and some recommendations for future works.

Each chapter is logically sequenced to build upon the insights gained from the
preceding sections, ensuring a coherent flow of information throughout the thesis.
This structured approach facilitates a comprehensive understanding of the integration
and challenges of artificial intelligence algorithms within a data set for oil and gas

production for prediction, thereby enhancing the academic rigor of the study.






2. THEORETICAL BACKGROUND
2.1. Introduction

Programming robots to mimic human reasoning and comprehension, including
understanding, learning, and adaptation, was proposed by a group of computer
scientists in 1956 [37]. Human ingenuity led to the creation of several machines. By
simplifying manufacturing, computing, and transport, these devices improved human
life [38]. Recent years have seen a significant increase in machine learning, primarily
due to improvements in computing power and storage capacity. This development
has enhanced computers' ability to predict future events using information and data
from the past. [39]. In terms of technological advancement, artificial intelligence

(Al) represents a significant turning point in human history [40].

2.2. Machine Learning (ML) Models

The goal of machine learning, a branch of artificial intelligence (Al), is to use
statistical models constructed with algorithms and big datasets to solve real-world
issues [41]. Conventional programming entails manually constructing a program and
outlining the procedures required to address an issue. Rather than writing the steps to
solve the problem, ML is inspired by human learning. The relationship between ML
and deep learning is depicted in Figure 2.1. DL is a part of ML, which is a part of Al
[42]. A branch of artificial intelligence called machine learning has gained a lot of
attention lately and is now a crucial component of many digitalization solutions [43].
In circumstances that typically call for extensive human tuning or lengthy lists of
rules, ML can frequently improve efficiency while simplifying code when compared
to traditional approaches. The most sophisticated machine learning techniques can

resolve issues for which there is no viable answer using traditional techniques [44].
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Figure 2.1. The relation between Al, ML, and DL [42].

Like humans, machines can learn and grow via trial and error with the aid of
machine learning. Prediction, categorization, extraction, and decision-making from a
given collection of data are the main tasks of machine learning [45]. Building
successful models in a variety of application areas can benefit greatly from the use of
several types of ML [46]. Three main categories of machine learning are depicted in
Figure 2.2. To have a rough idea of the kinds of problems that machine learning can
solve, it is helpful to characterize the three primary groups of learning problems

supervised learning, unsupervised learning, and reinforcement learning [47].
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Figure 2.2. Types of ML models [48].
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Supervised learning is a ML technique that trains a model on a labeled dataset
to predict a target variable. There are two main types of this process:
regression and classification. Using predictor characteristics, supervised
learning seeks to maximize category label models. The problem is referred to
as a regression problem when the output is continuous. When the output
variable is continuous, the regression technique is used [49]. Human-defined
categories will be manually applied to a subset of data using supervised
algorithms. The ML algorithm's tasks include identifying patterns and
creating models [50]. Regression algorithms are frequently used to solve
problems involving the generation of numerical and continuous outcomes.
These are usually used to deal with problems related to questions like what
number or what quantity. There are two sorts of classification problems, the
more common being True/False and Yes/No [51].

Unsupervised learning is utilized when the available data consists of input
variables without any associated output variables. These algorithms are
designed to capture the inherent patterns within the data, enabling a deeper
understanding of its properties. Clustering is considered to be one of the
primary categories of unsupervised algorithms. This methodology involves
the identification of intrinsic clusters within the dataset, which are
subsequently utilized to forecast outcomes for unobserved inputs [52].
Reinforcement learning this particular approach belongs to ML, where in the
algorithm is trained through a system of rewards and punishments. The
algorithm involves the agent acquiring knowledge from the surrounding
environment. When an agent executes its tasks accurately, it receives
rewards, whereas when it does them inaccurately, it incurs penalties. The
process of agent learning involves the optimization of reward maximization
and penalty minimization [53].

We will give a thorough description of the implementation of several
machine learning methods used to forecast oil and gas production. These
techniques include Decision Tree Regression (DTR), Random Forest
Regression (RFR), K-Nearest Neighbors (KNN), Extreme Gradient Boosting
(XGBoost), and Gradient Boosting Regressor (GBR).
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2.2.1. The decision tree regression (DTR) model

Decision tree regression is a successful ML technique for classification and
regression issues. There are two sections to the original data. First, a tree is built
using the training data. Using a binary split approach comes in second. On the newly
formed branches, the separation process is carried out until a branch is no longer
separable, at which time the neighboring node reaches the minimum size and
becomes a terminal node [54]. Mean Square Error (MSE) is used by DTR to
subdivide nodes. The method uses a binary tree to partition the data and choose the
value. MSE can be used individually to evaluate each subgroup. A minimal MSE
value is chosen by the tree. Equations 2.1 show the relationship between the MSE for

nodes n with N observations and y (predicted value) as the expected value:

E(M)=—2% -y m] 2 (2.1)

Figure 2.3 shows DTR's construction. It demonstrates that the root node, which can
be further subdivided into other nodes, is the main node that indicates the entire
sample. The inside nodes show the characteristics of a data collection, while the
branches represent the decision criteria. The outcome is shown by the Leaf Nodes
[55].

Interior Interior
node node

Leaf node Leaf node

Interior Interior
node node

Leaf node Leaf node Ieafnode Leaf node

Figure 2.3. The structure of a DTR model [55].
2.2.2. The random forest regression (RFR) model

Regression and classification issues have been effectively handled by the random

forest algorithm [56]. Professor Leo Breiman of the University of California,
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Berkeley originally presented it in 2001. This technique is also known as random
decision forests [57]. It begins with input data, trains many of models, gathers
predictions from each model, and then votes to determine which model is best. This
method depends on the DT; the average of the results from many DTR is used to
determine the final forecast. To determine the forecast outcome, the average of each
tree's outputs is computed [56]. Depending on how many trees we want, the input is
divided into many samples. An easy prediction model is then built inside each
segment, and the output of these models is then combined using a bagging technique
to provide the final forecast [58]. Figure 2.4 shows the architecture for a Random
Forest Regression.

Dataset

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Majority Voting / Averaging

v

Final Result

Figure 2.4. Random forest regression architecture [59].

RFR is a technique that uses the idea of collective learning to merge many trees into
a single model [60]. Important RFR model parameters include the minimum number
of samples at a node with a leaf and this mean the node size, the number of predictor
variables to be tested at each splitting node, predicted numbers of trees N, and the
size of the node. [61]. In a regression problem, a dependent variable is estimated
using a Random Forest of simple trees. The method generates K separate regression
trees h;, (x) based on the input variable x. Equation 2.2 shows the model's forecast
based on the average of each forest tree's predictions for the inputs (k = 1,.., K). A

technique known as bootstrapping is used to increase the diversity of the trees in
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order to reduce the likelihood that their combined results may be associated with
those of other trees [62].

RFR prediction :% Yk_ hy (%) (2.2)

To prevent trees from correlating with one another, enhance their diversity by
training them with separate subsets of the training data using bootstrap aggregating

or bagging [63].

2.2.3. The K-Nearest neighbors (KNN) model

KNN is a widespread technique; it is easy to use effectively for recognition and
classification [64]. The KNN technique is widely used in the field of ML by
comparing values to the nearest neighbors [65]. The primary idea behind the closest
neighbors is to place an object into a group with the most similar characteristics to its
surrounding elements [66]. The value of an object is determined by the mean values
of the K closest neighbor. Assigning weights to the contributions of neighboring
entities can prove to be advantageous, especially in cases where closer neighbors are
deemed to have a more significant impact on the overall average than those situated
farther away [67]. The KNN method prevents overfitting by adjusting a parameter K,
whose value is proportional to the error rate [68]. Equation 2.3 describes the most
popular distance function. The Euclidean distance space between (X, y) is used in the

KNN model and m is the number of dimensions in the space.

Dis (AB) =/X72 (x; —yi)"2 (2.3)

where, A = x1, x,...... , Xm, and B = y1, yo,........ , ym [64]. Figure 2.5 shows an

example of a K -Nearest Neighbors model.
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Figure 2.5. Example of a K-Nearest neighbors model [64].

2.2.4. The extreme gradient boosting (XGBoost) model

For both regression and classification issues, XGBoost produces a decision tree-style

predictive model [69]. XGBoost regression is an acronym for extreme gradient boost

regression [70]. XGBoost, created by Chen and Guestrin in 2016, is an effective

approach for solving machine learning problems among the several tree gradient

boosting implementations [71]. One boosting technique that falls within the category

of supervised learning is XGBoost. Gradient-boosted trees serve as the foundation

for this hybrid methodology. The boosting technique aims to train successive

learners by employing modified iterations of the training samples that have been

enhanced based on the previous learner's training outcomes [72]. Compared to other

machine learning technologies, XGBoost performs better and learns faster [73].

Figure 2.6 shows the XGBoost topology, which consists of internal nodes, branches,

several root nodes, and leaf nodes.
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& L
]
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Figure 2.6. The structure of XGBoost [74].
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Equation 2.4 demonstrates the estimated score §; which is obtained by summing all

fi values.

9i=o Yo fie (x0) (2.4)

where by categorization and regression trees (CARTS) are used to make initial
decisions using the i-th parameter, xi. Future decisions are indicated by branch

points, whilst internal nodes make subsequent decisions. For XGBoost model
prediction, leaf nodes combine single CART model predictions. The actual value of
the experiment is represented by the XGBoost's mathematical term, yi. Indicates the
expected valuey; linked to the input xi in this situation. The learning rate of each
regression tree is indicated by the symbol a, and the total number of regression trees
(CARTS) in use is indicated by the sign K. Furthermore, the output of the k-th
regression tree is denoted by fk [74].

2.2.5. The gradient boosting regressor (GBR) model

Gradient Boosting Regressors combines a collection of weak learners, usually
decision trees, to produce an effective prediction model [75]. The fundamental
principle of gradient boosting is to increase the overall prediction accuracy by
successively fitting new models to the residual errors produced by previous models
[76]. Figure 2.7 shows the topology of Gradient Boosting Regressor. The model is
effective in handling non-linear relationships and capturing complex patterns in data
due to its sequential error-correction approach. This makes GBR very powerful in

terms of accuracy and flexibility.
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Figure 2.7. Gradient boosting explained for regression [76].
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Equation 2.5 shows the GBR's mathematical formulation:

fm (X) = fine1 (X)) +y.hy () (2.9)

where the £, (x) is the final prediction at iteration m. and f,,,_, (x) is the ensemble
prediction from the previous iteration (m-1). The symbol h,, (x) is the new model
(or weak learner) that was trained to forecast the residuals of the old model are
represented by the symbol. The last factor y is the learning rate, which regulates how

much each weak learner contributes to the finished model [77].

2.3. Ensemble Learning Techniques (EL)

Ensemble learning improves the effectiveness of machine learning models. The idea
behind it is simple. To create a more accurate model, several machine learning
models are integrated. The three most widely used ensemble learning strategies are
stacking, boosting, and bagging. Ensemble learning aims to increase prediction
resilience overall, decrease errors, and enhance performance on a variety of tasks
[81].

2.3.1. The bagging model

Bagging, known as Bootstrap Aggregation, is an ensemble learning strategy that
enhances a machine-learning model's prediction performance by combining the
advantages of bootstrapping and aggregation. In bagging, we initially extract equal-
sized subsets of data from a dataset using bootstrapping, which involves sampling
with replacement. Subsequently, we employ those subsets to independently train
multiple weak models [78]. A weak model has low predictive accuracy. Figure 2.8
shows the structure of the bagging model. Here M1, M2, and M3 represent training

distinct models on each data subset.

19



Subset1 ———» M1

» Subset2 ——» M2 ¥

Final Prediction

Training Data

|

Subset3 ————» M3

Figure 2.8. The structure of a bagging model [78].

2.3.2. The boosting model

Boosting is a supervised machine learning technique creates a strong ensemble
model by combining the predictions of multiple weak models, or base models. The
boosting model focuses on sequentially training the base models to decide on
misclassified samples from previous iterations. Figure 2.9 shows the topology of a
boosting model [79]. Boosting requires the specification of a weak model (such as
regression or shallow decision trees) and subsequently enhances its performance
[80]. In this thesis, we propose to combine two models, Extreme Gradient Boosting
(XGBoost) and Gradient Boosting Regressor (GBR), to build a boosting model and
improve the prediction of oil and gas production.

Figure 2.9. The topology of a boosting model [79].
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2.3.3. The stacking model

The stacking model is an advanced ensemble learning method that merges multiple
models to enhance prediction performance. The first crucial stage in the process is
training several base models, also known as level-0 models, using the same dataset.
The second is using the basic models' predictions to train a meta-model level-1. The
meta-model learns to combine these outputs to increase the prediction's overall
accuracy using the basic models' predictions as input attributes. Figure 2.10 shows
the scheme of a stacking model [81]. Three machine learning techniques are being
integrated to implement stacking in the framework of this thesis. The dataset will be
processed independently by each base model, producing predictions that the meta-

model will employ.

Training

training [RENEN (4
— Final Predictions
o Model

Figure 2.10. The structure of a stacking model [81].
2.4. Deep Learning (DL) Models

Deep learning is a unique type of machine learning. It works like machine learning,
but with different capabilities, methodologies, and the difficulty of the problem [82].
Deep learning is a type of ML that uses ANN. Deep learning models often
outperforms more conventional data analysis methods and ML models [83]. DL
refers to the idea of building representations up in layers. The depth of a model is the
number of layers contributing to the model of the data. In the field of DL, the
acquisition of layer representations is typically achieved through the utilization of
neural networks, which are structured as literal layers. The term Neural Network
draws its inspiration from neurobiology; however, it is important to note that certain
fundamental principles in Deep Learning have been influenced by our knowledge of

the brain [84]. DL employs representation learning, which is also referred to as
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feature learning, to establish a mapping between input features (comparable to
prediction variables in traditional statistics) and an output. The process of mapping
takes place within interconnected layers, each consisting of multiple neurons. Every
individual neuron functions as a computational unit with mathematical capabilities.
When all neurons are integrated, their collective purpose is to acquire knowledge
about the correlation between the input characteristics and the resulting output [85].
Figure 2.11 shows a computational neuron that combines summation and activation

functions.
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Figure 2.11. The deep learning structure [85].

Each neuron performs a weighted addition of input values before sending the
resulting sum to an activation function. Changing the activation function changes the
neuron's output. For the neuron in the equation, the output value is zero if the
activation input is zero or less, and it is proportional to the input value if the total is
greater than zero. Deep learning works by continually improving the weight values
during backpropagation until the combination of values that accurately correlates the
inputs with the main output has been found. [85].

2.4.1. The activation function

In a neural network, the most fundamental units are the inputs, which undergo
processing and transformation to produce a final result known as the unit's activation
via a scalar-to-scalar transformation known as the activation function, threshold
function, or transfer function [86]. Activation functions come in various varieties,

including Sigmoid, Tanh, and ReLU.
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2.4.1.1. The sigmoid activation function

The activation function is frequently used since it is a non-linear function. Equation
2.6 shows the sigmoid function mappings with output values ranging from 0 to 1.
1

f) == (2.6)

e—

Additionally, all of the neural output values will have the same sign because the
sigmoid function is not symmetric around zero. Increasing the size of the sigmoid
function will fix this problem. Figure 2.12 shows the sigmoid function is an S-shaped
that is continuously differentiable [86]. Equation 2.7 shows the sigmoid function's

for the S-shaped function.

f(x) = 1 —sigmoid (x) (2.7)

Figure 2.12. The sigmoid activation function [86].
2.4.1.2. The hyperbolic tangent function (Tanh)

Hyperbolic tangent function also known as tanh function. In contrast to the sigmoid
function, the tanh function is symmetric about the origin. This causes outputs from
lower layers to have opposite indications from inputs in higher layers. As shown in

Figure 2.13 the values of the differentiable and continuous tanh function are between
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-1 and 1. The tanh function is preferred over the sigmoid function [86]. Equation 2.8
shows the hyperbolic tangent function where the output values range between -1 and
1.

(x) = 2sigmoid (2x) - 1 (2.8)
1.
+a.n
1 J—
da.m -
= = - =1 J=. = = -1 -
A e
—— 4 -1
R ——
+-a

Figure 2.13. The Hyperbolic tangent function [86].
2.4.1.3. The rectifier linear unit function (ReLU)

ReLU is a rectified linear unit. ReLU has many qualities [87]. It fixes the issue of the
vanishing gradient without a boundary in a minimum of one direction and this allows
for sparse encoding because the number of actively engaged neurons is typically
quite small. A higher resistance to noise and greater invariance to small changes in
input outline the advantages of sparsity [88]. As shown in Figure 2.14 one for
positive inputs and zero for negative ones defines the gradient while a zero gradient
seems to be problematic at first, it has the potential to improve network sparsity by
preserving important connections [89]. Equations 2.9 and 2.10 show the rectified

linear unit function where the output values range between 0 and .
f(x) = max (0,x) =x where x >=10 (2.9)

f(x)=max (0,x) =0 where x <0 (2.10)
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Figure 2.14. The Rectifier linear unit structure [86].

Here, we will explain various deep learning models for predicting oil and gas
production. These methodologies include Artificial Neural Networks (ANN),
Recurrent Neural Networks (RNN), and Long Short-Term Memory (LSTM). Each

model will be examined on its theoretical basis and implementation.

2.4.2. Artificial neural networks (ANN)

Neural networks are a kind of machine learning that draws inspiration from the
architecture and operation of the human brain. The architecture the ANN consists of:

« The input values must be received by the input layer.

« A group of neurons located between a neural network's input and output
layers are referred to as hidden layers. From one layer to several layers, the
number of layers might change.

* A neural network's output layer is in charge of generating its final output
[90].

» Figure 2.15 shows the operation of an ANN consists of three phases weight

multiplication, summation, and application activation function.

25



ks weights multiplication Bias Term

Xy

'f

i

#

@ 2 / Outputs

Summation

. Activation
X @ Function

Figure 2.15. The architecture of ANN [91].

In the first phase, the inputs x; of the ANN were multiplied by the weight
coefficients wy; . The weight values were employed to determine the importance of
each input phrase. Equation 2.11 shows a summation function was utilized to

compute the total of all weighted inputs in conjunction with a bias component b;.

Equation 2.12 shows the Out put j represents the final stage, which involves
applying an activation function to the summation term, which produces an output
[91].

Output; = f (N;) (2.12)

2.4.3. Recurrent neural networks (RNN)

A recurrent neural network is an example of an artificial neural network
characterized by its built-in memory and capacity to analyze complex temporal

sequences [92]. Figure 2.16 shows the architecture of the RNN.
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Figure 2.16. The layout of a RNN [93].

In recurrent neural networks, the outcomes of previous iterations serve as input.
Figure 2.17 shows the input x, a segment of the neural network (A) generates the
value ht, and a loop enables the transmission of data between nodes within the
network. The hiding state is adjusted correspondingly when new data is produced in
a preceding state [94]. The hidden layers of the RNNs that can save information for

subsequent utilization.

L a1

Figure 2.17. The loop structure of a RNN [94].

As a result of these repetitions, the RNNs may appear confusing. However, upon
further reversal, it becomes clear. To understand how a RNN works, it helps to
imagine numerous identical networks, each of which transmits data to the next
one. The layout of any RNN consists of a series of repeating modules. A single

tanh layer is an example of how this repeating module is often structured in a
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regular RNN [95]. Figure 2.18 shows the part of the neural network illustration

that processes input x, and returns the result h;.

@ ® )
| t

I l
&) ® &
Figure 2.18. A part of the RNN structured model [94].
2.4.4. Long short-term memory (LSTM)

The LSTM neural network is another form of RNN. LSTM is a superior RNN
model capable of addressing issues related to gradient disappearing and long-term
dependency problems [96]. The cell state and gate architecture are fundamental to
the LSTM algorithm. Cell states possess the capacity to convey information and
transcend the constraints of short-term memory. The LSTM comprises three separate
gate structures: the input gate, the forget gate, and the output gate. Each of these
gates has a distinct purpose within the overall system [96]. In contrast to traditional
neural networks, which simply map the inputs to outputs, LSTMs can be trained to
learn a mapping function that connects inputs and outputs over time. The structure of
the LSTM, which is like that of the RNN, but, the configuration of the LSTM's
repeating module is organized [96]. Figure 2.19 shows the LSTM diagram where xt
is the LSTM's input vector, t is the LSTM's forget gate activation vector, and it is the
LSTM's input gate activation vector, ot is the LSTM's output gate activation vector,
ct is vector cell state vector, h t is the LSTM unit output. When training LSTM
networks backpropagation in time was employed to prevent the vanishing gradient

problem from occurring [97].
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Figure 2.19. The LSTM diagram [94].
2.5. Measures of Evaluation

The mathematical foundations the MAE, MSE, and R? are used to assess a
regression model's performance.

2.5.1. Mean absolute error (MAE)

When data contains outliers that suggest tainted values, the MAE application is
appropriate. In fact, the mean absolute error provides a thorough and constrained
performance statistic for the model without unduly penalizing training outliers. On
the other hand, if the test set has a large number of outliers, the model will perform
better [98]. Equation 2.13 shows the formula of mean absolute error. Here, Positive
infinity is the worst value, while zero is the best.

MAE——Z =1 1% = yil (2.13)

Here, x; is the predicted value while y; is the observed value.

2.5.2. Mean square error (MSE)

In situations where it is required to identify outliers, the Mean Squared Error might
be used. In fact, MSE works very well for giving the data points more weight [98].
Equation 2.14 shows the formula of mean square error. Here, Positive infinity is the

worst value, while zero is the best.

1
MSE= - %L, (x; — yi)° (2.14)
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Here, x; is the predicted value while y; is the observed value.

2.5.3. Coefficient of determination (R-squared or R?)

In linear regression models, the amount of observed variation in the dependent
variable that can be assigned to the known predictors is measured using an accuracy
statistic called the coefficient of determination. In this case, the coefficient of

determination has a best value of +1 and a worst value of minus infinity. Equation

2.15 shows the formula of coefficient of determination R2.

YN (= ¥i)?
RZ2=] —=i=tt JU 2.15
YN L T-yi)? (2.15)

Here, x; is the predicted value while y; is the observed value.
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3. METHODOLOGY OF THE PROPOSED SYSTEM
3.1. Introduction

This chapter establishes the fundamental structure of the proposed ML, ensemble
learning, and DL models for predicting oil and gas production. The initial phase
contains the proposed system's design, including detailed information regarding the
system’s architecture. The subsequent phase explained the oil and gas production
dataset totally, along with the pre-processing step. Furthermore, the utilized models
and parameters have been defined, explaining the hardware requirements and
software implementation in the suggested system. The next chapter offers a detailed

description of each phase.

3.2. The Proposed System

The oil sector places significant importance on both time management and accuracy.
As a result, companies tend to use Al instead of traditional software solutions. The
proposed system employed in this thesis begins with collecting data for oil and gas
production and data preprocessing techniques. Then ML, ensemble learning, and DL
models are applied to the preprocessed data. Finally, the data is evaluated to assess
the results of the thesis. Figure 3.1 shows core architecture of the proposed system.
There are multiple stages in the proposed framework: Data collection for oil and gas
production and data preparation techniques are the first steps in the suggested system
used in this thesis. The preprocessed data is then subjected to ML, ensemble
learning, and DL models. Lastly, the data is examined to evaluate the thesis's results.
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Figure 3.1. The proposed oil and gas production prediction system.
3.3. Dataset Description

Data collection is the first and most crucial step in the thesis process. More than
75,000 wells dug in New York State, USA, between 2001 and the present make up
the dataset used in this thesis. The dataset was sourced from the U.S. government's
official website and is publicly available [100]. The dataset is represented in 302K
rows and 18 columns such as: Reporting Year, Company Name, Production Field,
County, Well Type Code, Well Status Code, etc.

Figure 3.2 and Figure 3.3 show a segment of the oil and gas dataset with the focus on
data waves for varying types of features, such as active gas and oil wells. Figure 3.4

shows the dataset section of the oil and gas.
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Figure 3.2. Illustrated oil production of top 10 active wells.
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Figure 3.3. Illustrated gas production of top 10 active wells.
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Figure 3.4. The dataset section of the oil and gas.
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3.4. Data Preprocessing Stage

Preprocessing of the data is necessary before manipulation. This stage contains four
basic steps to preprocess data. Figure 3.5 shows the data preprocessing stage,

including data cleaning, processing, normalizing, and splitting.

Data Cleaning
Data g
Processing °
o O
oS
Data o8
Normalizing ‘g
(71
Data Splitting

Figure 3.5. Data preprocessing stage.
3.4.1. Data cleaning

Data analysis needs cleaning the data, a critical step in the preprocess. Data cleaning
entails the elimination of inaccurate or redundant data from a dataset. This process is
crucial for verifying the dataset's accuracy and is utilized to address data noise. It is
crucial to guarantee that the dataset is devoid of errors and free from inaccurate or

misleading information. The process involves two steps:

 ldentifying and establishing any missing or incomplete data points within the

dataset.

» Determining suitable measures for addressing missing values by substituting

them with relevant alternatives.

Figure 3.6 shows the quantity of unclean information across all dataset attributes and,

consequently, that the dataset has been cleaned and is clear of mistakes.

34



a

b

APl Well Number o APl Well Number o
County o} County o
Company Name o Company Name o
APl Hole Number o API Hole Number o
Sidetrack Code o Sidetrack Code o
Completion Code o Completion Code o
Well Type Code o Well Type Code o
Production Field o] * Production Field o
Well Status Code o Well Status Code o
Well Name 78 Well Name o
Town o] Town o
Producing Formation o} Producing Formation o
Months in Production 92068 Months in Production (o]
Gas Produced, Mcf 32739 Gas Produced, Mcf o}
Water Produced, bbl 19828 Water Produced, bbl o
Oil Produced, bbl 46984 Oil Produced, bbl o
Reporting Year o Reporting Year o
New Georeferenced Column o New Georeferenced Column O

dtype: int64 dtype: int64

Figure 3.6. The number of unique data before and after cleaning.
3.4.2. Data processing

At this preprocessing stage, an index has been allocated to each feature. This index
will be divided into two distinct sets, X and Y. This approach facilitates the
attainment of high-accuracy findings with ML, ensemble learning, and DL models

following a sequence of experiments.

3.4.3. Data normalizing

Data normalization is a preprocessing technique that enhances the performance of
models. It is works by adjusting feature values in the dataset to a standard scale. This
process also simplifies data analysis and modeling. One common normalization
method is L2 scaling, also known as least squares, which converts numerical values
into a range between -1 and 1. The data that needs normalization, such features as
company name, well type code, production field, well status code, well name, town,
producing formation, and reporting year. Figure 3.7 shows "2-d distributions” are
used to explain the distribution of various variables such as Company Name, Well
Type Code, Production Field, and Well Status Code against each other and the
effects of the normalization process on the data.
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Figure 3.7. The part of the dataset before and after normalization.

(b) Data after normalization

3.4.4. Data splitting

Dividing the dataset into three separate sets the training, validation, and testing sets is
the final step in the preprocessing process. Usually, it includes 75% of the data.
Throughout the training phase, the validation set is used to evaluate the model's
performance and modify hyperparameters. The test set, which usually makes up 25%

of the dataset, evaluates how well the model performs on brand-new data.

3.5. Machine Learning Algorithms

This section illustrates supervised ML methods for forecasting oil and gas production
after applying data preparation tasks, such as cleaning, processing, normalizing, and
partitioning the dataset. Machine learning models can be utilized for estimating oil

and gas output. Uniform procedures must be followed for every output.

3.5.1. The decision tree regression (DTR) algorithm

The decision tree is a supervised regression approach that combines feature values to
create a tree model for predicting continuous outcomes. This technique is used in oil
and gas prediction, beginning with data collection and preprocessing, followed by the
application of the DTR model. Oil and gas production utilize identical criteria for

both oil and gas outputs. Table 3.1 shows the parameter values of the DTR assessed
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to get elevated predictive accuracy. The values of these parameters are essential in
assessing model performance. Initially, multiple experiments were conducted using
manually selected parameters, in order to complicate the parameter selection

procedure in this area.

The parameter max_depth determines the maximum depth of the DTR, with a greater
value facilitating a more complex tree structure featuring additional levels and
enhanced outcomes. The parameter has been configured to 500, signifying the
possibility for the decision tree to reach a depth of 500 levels. The parameter
random_state has been configured to 33, which controls random number generation.

Algorithm 3.1 shows the pseudocode of the DTR model.

Table 3.1. The DTR parameters for oil and gas outputs.

Parameters value
max_depth 500
random_state 33

Algorithm 3.1. The DTR model [101]
Input: training data (oil and gas production data)

Output: Predicted oil and gas production data
(TR, Target, Attr) Tree-Learning

TR: examples of training
Target: the desired quality

Attr: the collection of descriptive attributes
{
Make the tree's root node.
If TR's target attribute value ti is the same,
The single-node tree is then returned, i.e. Root, with ti as the
target attribute

When there are no available descriptive attributes, or
when Attr = empty,
The single-node tree is then returned, i.e. Root, having the most
typical Target's value in TR
Otherwise
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Using an entropy-based metric, choose attribute A
from Attr that best categorizes TR.
Make A the Root attribute.
For every A's legal value, do, v;, do

{

Add a branch below Root, equivalent to A =v;
Let be the subset of TR that has A = v;

If TR,; is empty,
Next, create a leaf node beneath the branch with the target value
equal to the most prevalent Target value in TR.
If not, include the subtree that Tree-Learning has learned beneath
the branch (TR,,;, Target, Attr ).

¥

}
Return (Root)

3.5.2. The random forest regression (RFR) algorithm

Random Forest Regression generates forecasts using a bootstrapping technique,
dividing the data into multiple sub-datasets. Subsequently, decision trees are created
for each subset of the dataset. The final step involves aggregating predictions from
each sub-decision tree to produce a unified forecast, representing the complete
random forest model. This model can handle data with numerous dimensions, relies
on generalized error estimation. Table 3.2 shows basic parameters to evaluate

performance for the RFR model.

Table 3.2. The RFR parameters for oil and gas outputs.

Parameters value
n_estimators 50
max_depth 15
random_state 33

Here, the n_estimators parameter determines the quantity of trees within the random
forest ensemble. Typically, a higher value can improve performance and the

max_depth parameter, similar to the counterpart in the decision tree regressor
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controls the maximum depth of each decision tree within the forest established here
at 15. Finally, the random_state parameter ensuring result reproducibility by fixing
the seed for random number generation remains constant at 33. Algorithm 3.2 shows

the pseudocode of the RFR model.
Algorithm 3.2. The RFR model [102]

Input: Oil and gas production data
Output: Predicted oil and gas production data

To produce examples of C bootstraps:

Fori=1tocdo
To create D1, randomly choose training data D with replacement.
Make a root node, N1, that contains D1.
Build tree call (N1)

Finish for

Construct a tree (N)

If there are just one class's instances in N, then
Return

Otherwise

To produce f child nodes of N, N1,..., Nf, choose the feature F with the
biggest information gain using a random selection of the potential splitting

features in N. F can have f possible values (F1,..., Ff).
Fori=1tofdo

Call the build tree (N1) and set the contents of N1 to Di, where Di is all

instances in N that match F1.
Call build tree (N1)
Finish for

Finish if
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3.5.3. The K-nearest neighbors (KNN) algorithm

KNN uses a distance measure known as the Euclidean distance to identify the k
nearest neighbors of new data. It then determines the weighted mean of these nearby
data points' target variable values. The estimated value for the new data is derived
from the data mean. The parameter values in this case are n_neighbors = 13.
‘Uniform' weights and the number of nearest neighbors to take into account while
formulating predictions are specified by this option. The weight of the neighbors'
contribution to the forecast is determined by this parameter. When ‘uniform' is
selected, all 13 nearest neighbors have the same impact on the forecast because they
are all weighted equally. The algorithm ultimately equals "auto.” The algorithm used
to determine the nearest neighbors is specified by this parameter. When 'auto’ is
selected, the KNN model automatically determines the best algorithm based on the
values of n_neighbors and the size of the dataset. Algorithm 3.3 shows the
pseudocode for the regression of a KNN model.

Algorithm 3.3. The KNN model [103]

Begin
1: load the test and training data.
2: Select the K value.
3. Determine each training data point's Euclidean distance.
4: Sort and store the Euclidean distances in a list.
5: Select the initial k points.
6: Based on the majority of classes, assign a class to the test point.
7: For every point in the test data, repeat Steps 3, 4, 5, and 6.

End

3.5.4. The extreme gradient boosting (XGBoost) algorithm

Before applying XGBoost, optimizing parameters is crucial to ensure that the model
performs its best. Many tests were initially conducted with parameters chosen
manually. The parameters are objective equal to 'reg:squarederror'. This parameter

specifies the learning task and the corresponding objective function to be minimized
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during training and n_estimators equal to 50. This parameter defines the number of
boosting rounds or trees that the model will build. The learning_rate equals 0.1, the
learning rate controls the weight of each new tree added during the boosting process.
Finally, seed equal to 300 this parameter sets the random seed for reproducibility. By
fixing the seed, the model will produce the same results every time it is run, given
the same input data and parameters. This is useful for debugging and ensuring
consistent results during experimentation. These parameter values were chosen in
order to optimize and achieve high preformance. Algorithm 3.4 shows the

pseudocode of the XGBoost model.

Algorithm 3.4. The XGBoost model [104]

Input: Oil and gas production data
Output: Predicted oil and gas production data
Set input data: x (feature matrix) and y (target oil production or gas production)
1. Set the number of base learners (Nestimators)

2. Initialize ensemble predictions with zero values: ypreq = 0

For each base learner, i from 1 t0 n.stimators
3. Calculate residuals: residuals = y-y,eq
4. Learn the base learner on residuals and features x

5. Get the forecast of the current base learner:

Y = basic learner.predict (X)
6. Update ensemble predictions: y,,ea = Yprea tlearning rate * Yprea i

7. Return ensemble predictions: y,,.q

3.5.5. The gradient boosting regressor (GBR) algorithm

The Gradient Boosting Regressor combines many weak learners, typically decision
trees, into a single strong predictive model. Algorithm 3.5 shows the steps of GBR
model for regression. The parameter values of n_estimators are assigned to 50,
learning_rate to 0.1, and verbose to be 1, respectively. Here, n_estimators means that
50 trees will be added one by one to gradually improve the model's accuracy.

Learning_rate is moderate, balancing the trade-off between the number of trees
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needed and model accuracy. The verbose a hyperparameter that controls the

contribution of each tree to the final prediction.

Algorithm 3.5. The GBR Model [77]

Begin

1. Initialize predictions:

3\’(0) =mean ()’train)

The initial prediction for every instance is set to the mean of the target values
Yerain 1N the training dataset. This provides a starting point for the algorithm

and helps to reduce bias in the initial stages.

2. For each estimator minrange 1to M :

Here, M represents the total number of weak learners that the algorithm will
use. Each iteration adds a new tree that corrects the errors (residuals) of the

previous model.

a. Calculate residuals: 7,,= Yeraqin _ y™-1

b. Fit a weak learner (decision tree) h,,(X) to the residuals rn,
Train the decision tree h,, using X;4in and residuals 1,,.

c. Update predictions:

ym = $m1) 4 learning_rate * Ry, ( Xerqin )

3. Final predictions

End

§M) = 5M 1) 4 learning_rate * hy ( Xerqin )

After M iterations, the final prediction model is obtained, which is then used

to predict oil and gas data.

3.6. Ensemble Learning Algorithms

This section explains supervised ensemble learning algorithms for oil and gas

production forecasts.
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3.6.1. The bagging algorithm

The Bagging Regressor model with a Random Forest Regressor estimator merges
two ML techniques the bagging (Bootstrap Aggregating) and Random Forest. This
technique creates multiple subsets of data samples with replacement from the
original dataset trains a model (in this thesis a Random Forest Regressor) on each
subset and then averages the predictions from all models to get a final prediction.
The parameter value is estimator equal to Random Forest Regressor, while
n_estimators equal to 50 and random-state equal to 42. These parameters specify the
base estimator used in each bagged model. Algorithm 3.6 shows the pseudocode of
the bagging model.

Algorithm 3.6. The bagging model [78]

Begin

1. Initialize: Set M is the number of estimators and defines the base estimator in this

thesis the base estimator is RandomForestRegressor model.
2. Training Phase: For each estimator m (where m ranges from 1 to M)

a- Sampling: Randomly select a subset of the training data (X;rqin » Yerain) With
replacement to form a unique training subset (x,, , y,). This process is known as

bootstrap sampling.

b- Training: Train the RandomForestRegressor on the sampled subset (x,,, , V)
using its specified parameters n_estimators equal to 50, which indicates the number
of trees in the RandomForest model.

3. Prediction for each test instance:
a- Run all base models on the test instance.
b- Average predictions across all models for the final output.

4. The final prediction for each test instance is the average of the predictions from all
the base estimators. This averaged prediction is the output of the bagging model.
End
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3.6.2. The boosting algorithm

Boosting model like XGBoost and Gradient Boosting work well with complex
datasets and can model intricate relationships between features, making them highly

effective for tasks like oil and gas production prediction.
The parameters for two models are as follows:

XGBoostModel = objective="reg:squarederror’, n_estimators=50,

learning_rate=0.1, seed = 300.

GradientBoostingRegressorModel == n_estimators=50, learning_rate=0.1,

verbose=1.

Here, the XGBRegressor model is utilized with the parameter objective equal to'reg:
squarederror'. The objective function, a squared error, sometimes referred to as the
mean squared error, is specified by this parameter. Because it calculates the average
squared difference between the expected and actual values, this decision qualifies the

model for regression tasks.

For both the XGBoost and GBR models, the parameter n_estimators is set to 50.
Each model will build an ensemble of 50 weak learners, typically decision trees. The
parameter controls the number of trees or weak learners to be added sequentially to
the model. Each tree aims to correct the errors made by the previous ones,

contributing to the final prediction in a step-by-step manner.

In this thesis, XGBoost is managed by the seed parameter, and for GBR, it's typically
done with the verbose parameter. These parameters control how the data is split or
how the trees are initialized, ensuring that the results can be reproduced by providing
a consistent random number generator seed. This process allows both models to learn
from the data iteratively and improve predictions while ensuring that the results are
consistent across multiple runs when the same random seed is used. Algorithm 3.7

shows the steps of boosting model for regression.
Algorithm 3.7. The boosting model [80]
Begin
1. Set a fixed value to start the initial predictions, usually the y train mean:

y(© = mean (y train)

2. Foreachestimatorm=1, .......... , M:
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a- Compute residuals ( errors from previous predictions ):

Ty —
M=Y train— y(m-1)

b- Fit the residuals to a weak learner, often a short decision tree 7, :

hm (xX)=1m

c- Add the new weak learner's contribution to the model predictions, scaled by

the learning rate o. :

ym = y™m-D 4 o h, (x)

3. Final prediction: After M iterations, the final prediction is the sum of all models:

M

ym = Z a.h, (x)

m=1
4. Output: Final prediction values y®™)

End

3.6.3. The stacking algorithm

An advanced ensemble learning method called a stacking regressor combines the
outputs of several base models to increase prediction accuracy. In this thesis, the
selected base models are the RFR, DTR, and KNN. These models are chosen for
their diverse approaches to learning patterns from the data, thereby increasing the
overall robustness and accuracy of the predictions. The stacking regressor works by
using the predictions from these base models as input features for a final model,
often called the meta-model or final estimator. The meta-model is trained to learn the
relationships between the base models' predictions and the actual target variable, in
order to improve the final prediction performance. In this the stacking model, the
RFR is used as the meta-model. It is configured with n_estimators equal to 50, which
means it builds an ensemble of 50 decision trees, and random_state equal to 42,
ensuring the results are reproducible by fixing the randomness in the process. The
overall procedure involves training the base models on the training data and then
using their predictions as new features for the meta-model. The meta-model learns

from these new features to make the final prediction. This technique leverages the
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strengths of each base model, allowing the stacking regressor to make more accurate
and robust predictions by combining the diverse predictions from the base models.

Algorithm 3.8 shows the steps of stacking model for regression.
Algorithm 3.8. The stacking model [105]

Begin
1. To do cross-validation, divide the training data (X¢rqin s Virain) 1IN0 K

equal parts (folds).
2. Training Base Models:
a- For each base model M; in the set of base models.

b- Train M; on K folds and predict on the remaining fold to get out — of
fold (OOF) predictions. Repeat for all K folds, collecting OOF

predications for the entire training set.
c- The OOF predictions from each base model are collected as new
features, forming a new dataset x,,.:, With predictions as features.

3. Train Final Estimator: Use the new dataset x,,.:, as input features to train

the final estimator (in this thesis, a RandomForestRegressor).

4. Final prediction: For test data, use each trained base model to predict the
target variable, and use these predictions as features to get the final

prediction from the final estimator.
5. Output: final prediction for test data.

End

3.7. Deep Learning Algorithms

This section demonstrates the application of supervised DL models algorithms for
forecasting oil and gas production. The same workflow and procedures are applied

consistently for each target output.
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3.7.1. Artificial neural network (ANN) algorithm

ANN model has two hidden layers and an output layer. The optimal of hidden layers
and neurons for the ANN model was determined through many tests. Table 3.3

shows the ANN hidden layers, units of nodes, and activation function for each layer.

Table 3.3. The ANN layers and activation function in the thesis.

Number of hidden layers Units of nodes Activation function
First hidden layer 128 Tanh

Second hidden layer 256 Tanh

Third layer (output) 1 ReLU

To improve the model's performance, ideal parameters such as the optimizer, loss
function, and evaluation metrics, batch size and epoch count are chosen after the
model has been trained on the supplied training data. Algorithm 3.9 shows the steps
pseudocode of the ANN model. Here's the parameters used in the ANN model are

given as follows:
1- Optimizer ADAM:

The ADAM optimizer, or in other words, Adaptive Moment Estimation is worked
during training to update the neural network's weights. Large datasets and high-

dimensional parameter spaces are ideal for ADAM.
2- Loss Function MSE (Mean Squared Error):

The Mean Squared Error (MSE) is used as the loss function for this regression task.
The mean squared difference between the actual and predicted values is computed. A
smaller mean square error (MSE) in regression issues indicates that the model's

predictions are closer to the actual values.
3- Batch Size 128:

The number of training samples processed prior to the model updating its parameters
is determined by the batch size. The model processes 128 samples at a time before
updating when the batch size is set to 128. This helps in balancing the model's

learning stability and training speed.

4- Epochs 40:
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An epoch is one complete pass through the entire training dataset. Setting the number
of epochs to 40 means the model will iterate over the whole dataset 40 times,

allowing it to learn and refine its weights with each pass.
Here's the parameters used in the algorithm are given as follows:
Ninpye - Count of features that are input.

Npidden - Number of hidden layer neurons.

Noutpue - NUMber of output neurons.

Winput_hidden - INput weights for the hidden layer.
Bhidden : The hidden layer's biases.

Whidden output - Weights from hidden to output layer.

Boutpue - Biases for the output layer.

Algorithm 3.9. Training and testing ANN model in the thesis [106]

Inputs x(t): Define the number of input features, hidden layer neurons, and output.
Build Model: The model architecture has two hidden layers, a set optimizer

= "ADAM," activation function for hidden layer=" Tanh” and
the output layer = “ReLU," Loss function="MSE"

For | = 1 to n # numbers of epochs
Forward Pass:

Calculate hidden layer input:

Zhidden = XWinpt_nidden*Bhidden
Apply activation function to get hidden layer output:
Anigdgen=tanh (Zyigaen)
Calculate output layer input:
Zoutput = Aniaden Whidden_output *Boutput

Apply activation function to get predicted output:

A

Y =relu (Zoutput)
Calculate Loss: Compute the loss between predicted and target outputs
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Loss= calculate_10ss ( Yire, Y)

Backward Pass (Backpropagation):
Compute output layer error
doutput= calculate_output_error(Yirue Y)
Compute hidden layer error:
Ohiaden = Soutput * Whidden_output
Update Weights and Biases:
Update weights and biases for the output layer.
Calculate: MSE, MAE, R?

Outputs: The estimated value of predicted oil and gas production.

3.7.2. The RNN model algorithm

The RNN model has a structure made up of five layers. RNN has four hidden layers
and one output layer. Table 3.4 shows the RNN hidden layers and the units of each
layer. In order to acquire knowledge, it is necessary to establish fundamental
parameters for the construction of this model. The basic parameters used are
optimizer equal to ADAM, loss equal to MSE, and metrics equal to MSE. The model
uses a batch size of 128 and epochs 40. Algorithm 3.10 shows the pseudocode of the
RNN model.

Table 3.4. The constituents of the hidden and output layers for the RNN model in the

thesis.
Number of hidden layers Units of nodes Activation function
First hidden layer 64 Tanh
Second hidden layer 32 Tanh
Third hidden layer 16 Tanh
Fourth hidden layer 8 Tanh
Fifth layer (output) 1 ReLU

Here's the parameters used in the algorithm are given as follows:

Ninpye - Count of features that are input.
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Npidden - Number of hidden layer neurons.

Noutpue - NUMber of output neurons.

Winput_hidden - INput weights for the hidden layer.
Bhidden : The hidden layer's biases.

Whidden_output - Weights from hidden to output layer.

Boutpue - Biases for the output layer.
Algorithm 3.10. Training and testing the RNN model in the thesis [107].

Inputs x(t): Define the number of input features, hidden layer neurons,
and output neurons.

Build Model: The model architecture has five hidden layers, set optimizer =
"ADAM," activation function for hidden layer="Tanh” and the
output layer = “ReLU," Los function="MSE"

For | =1 to n # numbers of epochs
Forward Pass:

Calculate hidden layer input:

ZOhigden= x®- Winput_hidden +H(tD), Whidden_hidden * Bhidden
Apply activation function to get hidden layer output:

H® = tanh (Zi(zgiden)

Calculate output layer input:
t t
Z( )OUtpUt = H( ) : Whidden_output + Boutput

Apply activation function to get predicted output:

y (t) = ReLU (Z ((gtput)

Calculate Loss: Compute the loss between predicted and target outputs
Loss®=calculate_loss (Y" _,7®)

true’
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Backward Pass (Backpropagation):

Compute output layer error

6£2tput = calculate_output _error (V") , 7(©)
Compute hidden layer error
® — t ® (1) (t+1) ()
Shidden - (1_ (H( )) 'Soutput 'Whidden_output + 6hidden 'Whidden_output

Update Weights and Biases:
Update weights and biases for the output layer and hidden layers.
Calculate: MSE, MAE, R?

Outputs: The estimated value of predicted oil and gas production.

3.7.3. The long short-term memory (LSTM) algorithm

Three hidden layers and one output layer comprise up the LSTM model's structure,
the second layer's input is the output of the first LSTM layer. The second layer's
output forms the third layer's input, while the third layer's output forms as the fourth
layer's input. The expected levels of oil and gas production are produced by the last
LSTM layer. Several tests were carried out to find the ideal number of hidden layers
and neurons for the LSTM model, and constant verification of correctness following
each modification demonstrated that the four hidden layers produced an acceptable
result. Table 3.5 shows the units of nodes and activation function for each hidden
layer in the LSTM model. The basic parameters used are optimizer equal to ADAM,
loss equal to MSE, and metrics equal to MSE. The model uses a batch size of 128
and epochs 20. Algorithm 3.11 shows the pseudocode of the LSTM model.

Table 3.5. The constituents of the hidden and output layers for the LSTM model of

the thesis.
Number of hidden layers Units of nodes Activation function
First hidden layer 64 RelLU
Second hidden layer 64 RelLU
Third hidden layer 32 ReLU
Fourth layer (output) 1 ReLU

Here's the parameters used in the algorithm are given as follows:
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W;; : The input x(t) weight matrix.
Wi The preceding hidden state's weight matrix is h(t—1).
b; : Biases for the input gate.

o : The function of sigmoid activation to regulate the flow of information into

the cell state.

h (t): Updated hidden state at time t, which also serves as the LSTM’s output

for that time step.
c (t): Updated cell state at time t.
Candidate Value: Provides potential new content for the cell state.

Output Gate: Modifies the hidden state and determines the final output.
Algorithm 3.11. Training and testing LSTM model in the thesis [108].

Inputs x(t): Feature matrix oil and Gas production at time t.

Build Model: The model architecture has four hidden layers, set Optimizer =
"ADAM," activation function for hidden layer="ReLU," and for output layer =
“ReLU," Loss function ="MSE".

For | = 1 to n # numbers of epochs 20

Forget gate: f(t) = o (Wxfx(t)+Whfn(t—1)+Wcfe(t—1)+bf)
Input gate: i(t) = o (Wxix(t)+Whin(t—1)+Weic(t—1)+bi)
Candidate value: g(t) = tanh(Wxgx(t)+Whgn(t—1)+bg)
Update the cell state: c(t) = f(t) @ c(t—1)+i(t) @ g(t),
Update the output of the LSTM:

0(t) = o (Wx0x(t)+Whon(t—1)+Wc0c(t)+bo);

h(t) = o(t)® tanh(c(t)).

Calculate: MSE, MAE, R?

Outputs: Target matrix representing the actual production oil and gas values to be

predicted.
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4. EXPERIMENTAL RESULT
4.1. Introduction

This chapter discusses the experimental results of prediction oil and gas production
using machine learning, ensemble learning and deep leering models. All models were

trained and tested within a collaborative online Python programming environment.

Initially, Section 4.4 discusses the results of machine learning models: DTR, RFR,
KNN, XGBoost, and GBR. Subsequently, Section 4.5 discusses the results of
ensemble learning models: Bagging , Boosting and Stacking models and Section 4.6
shows results of deep learning models: ANN, RNN, and LSTM. In Section 4.7 the
results of all models are compared to identify the most effective model by analyzing
their performance. Finally, section 4.8 shows a list of previous studies and our

proposed methods.

4.2. Hardware Requirements

A personal computer running 64-bit Windows 10 Home with an HP ProBook 4530s
Core i7 CPU and 12 GB of RAM was used as a computational resource for this

thesis.

4.3. Software Requirements

The programming languages used in this thesis is Python, Anaconda Jupyter and

Collaboration Online (https://colab.research.google.com) as Python environments.

The Python libraries used in this thesis and their descriptions are given as follows:
NumPy: A package that enables array manipulation in Python.

Tensor flow and Keras: Libraries that make writing code for Deep Learning

models more effective.

Scikit-learn (Sklearn): The most popular Machine Learning library, used for

partitioning and fitting datasets into numerous machine learning models.



Pandas: The library which is employed for importing and partitioning
datasets. Additionally, it aids in data visualization with the help of the

Matplotlib package, which can produce dynamic and animated charts.

4.4. Machine Learning Model Results

This section explains the result of ML models in this thesis for oil and gas production
prediction output. We tested five machine learning supervised regression models:
DTR, RFR, KNN, XGBoost, and GBR. The dataset was trained and tested across
these five ML models. The model's results were obtained after normalization and
processing of the data. Table 4.1 shows the results of machine learning and
demonstrates the model's performance using the evaluating matrix MSE, R?, and
MAE.

Table 4.1. Results of models for machine learning.

ML MODELS Output MAE MSE R?
DTR Oil 0.000207 0.000017 0.949276
Gas 0.000141 0.000015 0.999598
RER Oil 0.000509 0.000026 0.960828
Gas 0.000186 0.000010 0.999733
KNN Oil 0.000207 0.000017 0.938847
Gas 0.000313 0.000014 0.999580
XGBoost Oil 0.002263 0.000118 0.738127
Gas 0.000298 0.000026 0.963784
GBR Oil 0.003067 0.000266 0.391319
Gas 0.004740 0.000141 0.996638

As seen from the table above, the RFR model runs the best with very low MAE and
MSE values, in addition to R? values which close to one, signifying a high degree of
correlation between actual and forecast values. These results indicate that the
Machine Learning models successfully predict oil and gas production with RFR
particularly promising based on the provided metrics. Actual oil and gas production
represents the physical measurements or observations of oil and gas extracted from a
well over a specific period. It would reinforce their effectiveness and reliability in
predicting oil production, providing confidence in their utility for decision-making
and planning purposes in the oil and gas industry. Figure 4.1 shows how closely the
five machine learning models (DTR, RFR, KNN, XGBoost, and GBR) match the

actual and forecast oil output.
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Figure 4.1. Oil production predictions and actual results for five machine learning
models (DTR, RFR, KNN, XGBoost, and GBR).

Figure 4.2 shows the predicted gas production and actual gas production. The

similarity between predicted gas and actual gas values for models with lower MAE,

MSE, and higher R? values indicates their effectiveness in predicting gas production

accurately.
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Figure 4.2. Gas production predictions and actual results for five machine learning
models (DTR, RFR, KNN, XGBoost, and GBR).

Figure 4.3 shows the comparison of R? values for oil and gas in the machine learning
models. The Random Forest Regression (RFR) Model’s result is higher than that of
each model, which means it is more effective for predicting oil and gas production in

this thesis.
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Figure 4.3. Analyzing R? values for oil and gas in machine learning models.
4.5. Ensemble Learning Model Results

The results of the models were obtained after combining machine learning models;
the bagging model merges two ML techniques: Bagging (Bootstrap Aggregating)
and Random Forest; the boosting model merges two ML techniques: GXBoost and
GBR; and the stacking model merges three ML techniques: DTR, RFR, and KNN.
Table 4.2 shows the results of ensemble learning models and indicates how

effectively the models perform using the evaluating matrix MSE,R? and MAE.

Table 4.2. Results of ensemble learning models (bagging, boosting and stacking).

Ensemble

Learning models Output MAE MSE R?
Bagging Model Oil 0.000276  0.000159 0.964901
Gas 0.000143 0.000012 0.999724
Boosting Model Oil 0.001116 0.000047 0.895139
Gas 0.001283 0.000100 0.997543
Stacking Model Oil 0.000227  0.000019 0.973602
Gas 0.000130 0.000007 0.999812

As seen from Table 4.2 above, the stacking model demonstrates the best performance
to enhance the results from machine learning models, with very low MAE and MSE
values, in addition to R? value which is close to one, signifying a high degree of
correlation between actual and forecast values. These results indicate that the
ensemble learning models successfully enhanced the results for predicting oil and gas

production.
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Figure 4.4 shows the close match between forecast and actual oil production across

ML, including ensemble learning models: Bagging, Boosting, and Stacking.
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Figure 4.4. Oil production predictions and actual results for machine learning and
ensemble learning models.

Figure 4.5 shows the close match between forecast and actual gas production across
ML, including ensemble learning models: Bagging, Boosting, and Stacking. The
ability of ensemble learning models to accurately predict gas production indicates

their effectiveness in models.
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Figure 4.5. Gas production predictions and actual results for machine learning and
ensemble learning models.

Figure 4.6 shows the R? value results of ML including ensemble learning models.
The results of ensemble learning models are higher than those of machine learning,
which means that they are effective for predicting oil and gas production.
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Figure 4.6. Analyzing R? values for oil and gas in machine learning and ensemble
learning models.

4.6. Deep Learning Model Results

This part illustrates the results of deep learning models which are ANN, RNN, and
LSTM.

4.6.1. Result of artificial neural network model

This part illustrates and discusses the results of the ANN model. The experiment
began by testing various parameters and hidden layers structures for more accurate
results. Table 4.3 shows the results of the ANN model including metrics MAE,
MRE, and RZ%. Additionally, the results indicate that ANN models perform better

with larger batch sizes and less effective with smaller ones.

Table 4.3. Result of artificial neural network mode.

ANN Model MAE MSE R?
Oil 0.003129 0.000124 0.724388
Gas 0.002746 0.000109 0.997309

These results suggest that the ANN model performs well in predicting oil and gas
data, with good accuracy for oil and high accuracy for gas predictive capability.
Figure 4.7a illustrates the oil production training and validation loss. Figure 4.7b

shows the gas production training and validation loss.
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Figure 4.7. (&) ANN model training and validation loss for oil production.
(b) ANN model training and validation loss for gas production.

Figure 4.8a shows the matching between predicted oil produced and actual oil

produced in the ANN model while Figure 4.8b shows the matching between
predicted gas produced and actual gas produced in the ANN model.
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4.6.2. Recurrent neural networks model result

Table 4.4 shows the RNN performance for oil and gas is evaluated by MAE, MSE
and R%. The experimentation started with exploring different parameters and hidden

layer configurations to enhance result accuracy.

Table 4.4. Result of recurrent neural network mode.

RNN Model MAE MSE R?
Oil 0.002320 0.00045 0.898655
Gas 0.001073 0.00026 0.940912

62



Figures 4.9 and 4.10 show the oil and gas production training and validation loss
across epochs in the RNN model. These measurements provide important

information about the accuracy and performance of the RNN model.
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Figure 4.9. The RNN model's training and validation losses for oil production.
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Figure 4.10. The RNN model's training and validation losses for gas production.

Figure 4.11a shows the relationship between the forecast oil produced and the actual
oil in the RNN model, and Figure 4.11b shows the relationship between the forecast

gas produced and the actual gas produced in the RNN model.
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Figure 4.11.(a) The RNN model's predicted and actual oil production.
(b) The RNN model's predicted and actual gas production.

4.6.3. Result of long short-term memory model
Table 4.5 shows the LSTM model's oil and gas performance metrics using R?, MAE

and MSE.

Table 4.5. Result of Long Short-Term Memory model.

LSTM Model MAE MSE R?
Oil 0.002210 0.000686 0.933324
Gas 0.001854 0.000031 0.983207

The LSTM model demonstrates excellent performance in predicting oil and gas. The

high R? values indicate that the model successfully accounts for a significant portion
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of the data variability. Figure 4.12a and Figure 4.12b show the oil and gas production

validation loss and training across epochs in LSTM model.
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Figure 4.12. (a) The LSTM model's training and validation losses for oil production.
(b) The LSTM model's training and validation losses for gas
production.

Figure 4.13a shows the similarity between the forecast oil produced and actual oil in
the LSTM model, while Figure 4.13b shows the similarity between the forecast gas
produced and the actual gas produced in the LSTM model.
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Figure 4.13.(a) The LSTM model's predicted and actual oil production.
(b) The LSTM model's predicted and actual gas production.

Figure 4.14 shows the R? value results of DL models. This evaluation compares the
R? values for oil and gas in deep learning models. Additionally, the LSTM model
indicates higher accuracy compared to other deep learning models in forecasting oil

and gas production.
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Figure 4.14. Analyzing R? values for oil and gas in deep learning models.

4.7. Comparison Between the Results of ML, Ensemble Learning and DL
Models

This experiment focuses on predicting future oil and gas using ML, ensemble
learning, and DL models. This section compares the performance of eleven models:
DTR, RFR, KNN, XGBoost , GBR, Bagging, Boosting, Stacking, ANN, RNN, and
LSTM based on their training performance. Analyzing the related training
performance is essential to ascertain the potential for great prediction performance in
these models. We evaluate training performance of the models using the R? metric to

provide a more precise analysis.

4.7.1. The result of oil production prediction

The stacked model obtained the highest score of 0.973943, indicating a very
good correlation between the model predictions and the real oil production
data, indicating that ensemble learning can increase accuracy.

Bagging and RFR models also demonstrate high R? values of 0.964901 and
0.960828, respectively, suggesting strong predictive capabilities.

4.7.2. The result of gas production prediction

The Stacked model outperformed all other models, achieving a remarkable
R? value of 0.999808, indicating an extremely strong correlation between the

actual gas production data and the model's predictions.
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- All models have slightly high R? values with scores above 0.94, suggesting
good predictive performance.
Across all models, the gas data slightly better predictive accuracy compared
to the oil data, highlighting its superior performance for forecasting in this

thesis.

Overall, these results highlight the effectiveness of various ML, ensemble learning,

and DL models in forecasting both oil and gas production.
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Figure 4.15. ML, ensemble learning and, DL model results.

According to the results shown in Figure 4.15 above, the stacked model is the most

effective model in this thesis for oil and gas production prediction.

4.8. A List of Previous Studies with Our Proposed Techniques

Table 4.6 presents the results of the proposed methods 2024 and previous studies.
The accuracy summary of the suggested methods utilizing machine learning,
ensemble learning, and deep learning models for feature extraction reveals higher

accuracy than the previous studies.

The results show that our suggested models achieves a high accuracy level of 99%
with a value, demonstrating superior accuracy compared to previous studies. Our
suggested methods use the same techniques as in previous studies, but they use a
different dataset, and the characteristics of the dataset may influence the choice of a

particular technique.
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Table 4.6. A comparison list of the final results of proposed methods with previous

studies.
Reference & year Dataset Models Output R?
ANN Gas 0.9121
Kim, M. et al. 1,000 dry gas wells in the 1D-CNN Gas 0.9070
(2020) [24] Montney in Canada LSTM Gas 0.9102
1D-CNN + LSTM Gas 0.9147
ANN Qil
M.S.Zanjani et al The well NO159-F-1C from LR il 832
(2020) [25] Norwegian SVR il 0.89
RFR Gas 0.72
. BP Gas 0.82
C. Tan et al. (2021) iﬁ;grag“gfgc‘l’(vfr'l's‘s:ghmﬁ SVR Gas 0.74
[26] Chinag ' XGBoost Gas 0.87
Light GBM Gas 0.83
LR Gas 0.78
LR Gas 0.653
G. Hui et al. (2021) Neural Network Gas 0.729
[27] Fox Creek area of Alberta XGBOoost Gas 0.794
Extra Trees Gas 0.809
MLR Qil 0.834
Gas 0.7684
PLR Oil 0.966
Gas 0.9185
SVR QOil 0.9659
Gas 0.9185
DTR Qil 0.9225
N. M. Ibrahim et al . Gas 0.9236
(2022) [28] Paudi ALZiigs RFR oil 0.9355
Gas 0.9247
XGBoost il 0.9561
Gas 0.9336
ANN QOil 0.9697
Gas 0.9185
RNN Qil 0.9785
Gas 0.8787
RFR Qil 0.87
GBR Qil 0.85
KNN Qil 0.91
L. Mai-Cao et.al In the oilfield X, Southern SVR Qil 0.96
(2022) [29] Vietnam MLP Oil 0.93
CNN Qil 0.88
GRU Oil 0.90
RNN Qil 0.92
GA-TCN-LSTM Qil 0.93
. The data from the Volve oil TCN Qil 0.92
Q'alf('zglz'gg[gg?n field was released by Equinor ~ LSTM Qil 0.91
' in 2018. GRU Qil 0.92
RNN Qil 0.92
W. Liu, Z. Chen ANN ol 0.795
Ceh e XGB Qil .
etal (2023) [31] Data collected from CNPC 0857
LSTM Qil
S.Hosseinietal  The Volve oil field RN ol 0.99
2023) [32 from Norwegi : 0.98
( ) [32] rom Norwegian LRM il 094
LR Qil 0.39
The data from 394 oil wells XGBOOST Qil 0.95
I[_3.3S]ong etal (2023) collected from offshore LightGBM Qil 0.83
oilfields in China BP Qil 0.44
LSTM Qil 0.85
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Table 4.6. (Continued) A comparison list of the final results of proposed methods
with previous studies.

Reference & year Dataset Models Output R?
SVR Gas 0.5574

RFR Gas 0.8718

N. Liu et al. The data from a gh_a}le gas ETR Gas 0.9268
(2022) [34] survey well in lelang, G_BR Gas 0.8663
north-western China LightGBM Gas 0.8777

XGB Gas 0.8059

Stacking Model Gas 0.9568

RFR Gas 0.8898

ETR Gas 0.9468

The data from China over 200

F.Yeetal. (2024) wells in Gas Field A and 207 LightGBM Gas 0.9045
[35] wells in Shale Gas Field B GBR Gas 0.9109
LR Gas 0.8486
Blending Model Gas 0.9524
RFR Gas 0.39
Y. Hou. et al. Data from 242 shale gas wells  SVM Gas 0.86
(2024) [36] in China LightGBM Gas 0.89
Stacking Model Gas 0.92
DTR Oil 0.949276
Gas 0.999598
RFR Oil 0.960828
Gas 0.999733
KNN Oil 0.938847
Gas 0.999580
XGBRegressor QOil 0.738127
Gas 0.963784
GBR Oil 0.391319
. Gas 0.996638
Proposed methods :)—Poe dﬂiﬁgﬁtfg?nﬁ:p: te;]r;rr]]ual Bagging Model QOil 0.964901
in 2024 75,000 oil and gaswellsin Gas 0.999724
New York State. USA oosting Model oil 0.895139
' Gas 0.997543
Stacking Model QOil 0.973943
Gas 0.999808
ANN Oil 0.724388
Gas 0.997309
RNN Oil 0.898655
Gas 0.940912
LSTM Oil 0.933324
Gas 0.983207

As seen from the Table 4.6 above, several studies have explored various ML,
ensemble learning and DL models for forecasting oil and gas production,
demonstrating the evolution of techniques and their effectiveness. For instance, L.
Song et al. (2023) utilized data from 394 offshore oil wells in China, achieving R?
scores ranging from 0.39 to 0.95 for oil production using models like LR, XGBoost,
LightGBM, BP, and LSTM.

N. Liu et al. (2022) analyzed shale gas well data from Xinjiang, China, achieving R?
scores between 0.5574 and 0.9568 using models such as SVR, RFR, ETR, GBR,
LightGBM, XGB, and a stacking model. F. Ye et al. (2024) applied similar models to
over 400 wells in two different gas fields (A and B) in China, reaching R? scores up
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to 0.9524, particularly with their blending model. Y. Hou et al. (2024) focused on
242 shale gas wells, with their stacking model achieving an R? of 0.92.

In comparison, the proposed methods in this thesis (2024) utilized an extensive
dataset of over 75,000 oil and gas wells from New York State, USA, incorporating a
diverse set of machine learning, ensemble learning, and deep learning models,
including DTR, RFR, KNN, XGBRegressor, GBR, Bagging, Boosting, Stacking,
ANN, RNN, and LSTM. The proposed approach achieved significantly higher R?
scores, particularly for gas production, with values as high as 0.999808 using a
stacking model. For oil production, R? scores reached up to 0.973943, outperforming
previous studies. This comprehensive evaluation underscores the superiority of the
proposed methods, especially in handling large datasets and achieving near-perfect
prediction accuracy for both oil and gas production, highlighting their potential for

advancing production forecasting.
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5. CONCLUSION AND FUTURE WORK
5.1. Conclusion

This thesis introduced machine learning, ensemble learning and deep learning

models for the petroleum industry's oil and gas production.

The goal of this thesis is to develop a more accurate and efficient production
prediction model using ML and DL techniques compared to traditional
decline curve analysis and numerical reservoir simulation models. The thesis
emphasizes the significance of predicting oil and gas production for a number
of reasons, including making informed decisions, estimating reserves,
optimizing production, assessing market dynamics, predicting future trends,
project commercial viability analysis, and optimizing recovery rates, costs,

and operational efficiency.

The fundamental concept is to create a straight forward and readily applicable
ML and DL models with the goal of facilitating fast and well- informed

decision-making.

This thesis developed and evaluated eleven artificial intelligence techniques
for production prediction using machine learning, ensemble learning, and
deep learning models, including three ensemble learning models: Bagging,
Boosting, and Stacking models and five machine learning models: DTR,
RFR, KNN, XGboost, and GBR. Three deep learning models: ANN, RNN,
and LSTM were used to evaluate the prediction models' performance on the

testing data would be assessed with metrics such as MSE, MAE, and R?.

The results indicated that ensemble learning techniques achieved higher on

the dataset with the most effective performance.

The stacking model gets high results with R? values of 99% for both outputs
oil and gas. The production indicates a strong correlation between actual data

and model predictions.



It is essential to recognize that the best model choice may differ based on the
distinct characteristics of the data being examined. Hence, conducting
experiments with several models and evaluating their efficacy is crucial to

determine the most appropriate choice.

5.2. Future Work

One of our goals is to create a system that automatically chooses ML, ensemble
learning, or DL models according to the properties and kind of the dataset, the
algorithm will be chosen depending on the data that is available. In future works:

Aims to utilize more specific datasets, focusing on individual fields or wells

and the factors influencing their production.

Applying the same methodologies to oil resources and fields in Iraq or
Turkey and training them on verification and production operations for oil
wells and well head pressure processing.

Develop and assess hybrid models that amalgamate various ML, ensemble,
and DL methodologies to capitalize on their advantages and enhance

forecasting precision.

Consolidate data from diverse sources, including geographical data, seismic

data, and production records, to improve model efficacy.

Incorporating Time-Series Analysis: Utilize advanced time-series models such
as Temporal Convolutional Networks (TCN) or (ARIMA) AutoRegressive
Integrated Moving Average in conjunction with deep learning techniques to

effectively capture temporal dependencies in production data.

Training the models on images instead of numerical data.
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