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ABSTRACT 

 

 

BIG DATA ANALYTICS IN OIL & GAS INDUSTRY A CASE STUDY: 

PREDICTING ROP IN DRILLING OPERATIONS WITH BIG DATA AND 

MACHINE LEARNING FOR RUMAILA OILFIELD 

Duha ALSAHLANEE 

Industrial Engineering Department 

Thesis Supervisor: Prof. DR. Mustafa ÖZBAYRAK 

June 2020, 50 pages 

 

Big data concept is well known for its potentials in various industries, unlike the other 

industries oil and gas industry is still lagging behind in this area. The purposes of this 

thesis are, first to describe the benefits of big data to the oil and gas sector and drilling 

operations sector specifically with providing examples of companies starting their own 

big data initiatives. Second, use big data and machine learning algorithms to predict the 

rate of penetration in drilling operations. Predicting the rate of penetration (ROP) has a 

great impact on lowering the cost of drilling activities and increase the efficiency of 

drilling programs. The neural network approach used as the analytical tool to analyze 

the data of 45 different wells drilled in North and South Rumaila oilfield in the south of 

Iraq. The ANN used to build a model that can predict ROP using seven drilling 

parameters ( TVD, WOB, RPM, Torque, SPP, Flow in, Mud density). Three layers 

model with two hidden layers and the output layer has built. 70% of the dataset used to 

train the ANN while 30% used for both validation and testing sets (20% for validation 

set and 10% for testing set) to evaluate the performance of the developed model. The 

results showed quite good predictions of ROP values with MSE of 0.01 and  R2 of 0.70. 

The model used for real applications with new well and showed a good matching 

between predicting values of ROP and the raw data of the well. The results ensured the 

ability of big data and machine learning to enhance drilling operations. 

Keywords: big data analytics, oil and gas industry, drilling operations, rate of 

penetration, artificial neural network (ANN) 
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ÖZET 

 

 

PETROL VE GAZ ENDÜSTRİSİNDE BÜYÜK VERİ ANALİTİKLERİ BİR VAKA 

ÇALIŞMASI: RUMAILA OILFIELD İÇİN BÜYÜK VERİ VE MAKİNA ÖĞRENME 

İLE SONDAJ İŞLEMLERİNDE TAHMİN HALATI 

Duha ALSAHLANEE 

Endüstri Mühendisliği Bölümü 

Tez danışmanı: Prof. DR. Mustafa ÖZBAYRAK 

Haziran 2020, 50 sayfa 

 

Büyük veri farklı endüstriyel alanlardaki potansiyeli ile zaten çok iyi bilinmektedir 

ancak diğer endüstri kollarından farklı olarak Gaz ve Petrol endüstrisindeki kullanımı 

henüz diğer endüstriyel alanlar seviyesinde değildir. Bu tez’in amacı, öncelikle büyük 

verinin petrol ve gaz endüstrisinde kullanılmasının faydalarını tanımlamak, ama 

özellikle de petrol ve gaz arama işlemlerinde kullanılmaya başlanmasıyla elde edilecek 

avantajları örneklerle göstermektir. İkinci olarak, büyük veri’yi makina öğrenmesi 

algoritması ile birlikte kullanarak arama işlemlerinde delme oranının oranını tahmin 

etmede kullanmaktır. Delme oranının tahmin edilmesi delme işleminin maliyetlerinin 

azaltılması ve delme programlarının etkinliğinin artırılması konusunda çok önemlidir. 

Tahmin işlemleri için yapay sinir ağları yaklaşımı kullanılmıştır ve Güney Irak’taki 

Kuzey ve Güney Rumalia bölgesinde yer alan 45 farklı kuyunun delinmesi 

konusundaki verilerin analizi için kullanılmıştır. Model’in kurulumunda yapay sinir 

ağları (Artificial Neural Networks - ANN) kullanılmıştır ve yedi farklı parametre 

(TVD, WOB, RPM, Tork, SPP, İçeriye Akış, ve Çamur Yoğunluğu) kullanılarak ROP 

tahmin edilmiştir. İki gizli, bir çıktı katmanı şeklinde üç katmanlı bir model 

kurulmuştur. Veri setinin %70’i yapay sinir ağını (ANN) eğitmek için kullanılmıştır, 

geriye kalan %30 veri seti ise kurulan modelin performansını ölçmek için setlerin testi 

ve gerçekleme için (%20 set’in gerçeklenmesi ve %20 ise set’in test edilmesi için) 

kullanılmıştır. Sonuçlar ROP değerinin 0.01 MSE ve 0.70 R2 değerleri ile gayet iyi 

tahmin edildiğini göstermektedir. Model, yeni kuyu açılması işlemi ile gerçek bir 

uygulama için kullanılmış ve ROP değerlerinin tahmini ve kuyuya ait verilerin iyi bir 

eşleşmesini göstermiştir. Sonuçlar Büyük Veri’nin, Makina Öğrenmesi ile beraber 

kullanıldığı takdirde delme işlemlerinin iyileştirilebileceğinin bir ispatı olmuştur.  

Anahtar Kelimeler: Büyük veri analitiği, petrol ve gaz endüstrisi, delme işlemleri, 

delme oranı, yapay sinir ağları (ANN). 

 



vi 
 

CONTENTS 

 

FIGURES…………………………….….................….………………......................viii 

ABBREVIATIONS…………………….………………………………………..........ix 

1. INTRODUCTION…………………………………………………………………...1 

2. BIG DATA AND OIL & GAS INDUSTRY……………………………………..…3 

2.1 INTRODUCTION…………………………..………………….…..…......  . 3 

2.2 DEFINITION OF BIG DATA………..………………….……….............. 4 

2.3 WORKING MECHANISM OF BIG DATA ……………..…….........  ...... 6 

2.4 EXAMPLES OF BIG DATA IN DIFFERENT INDUSTRIES..............  .. 9 

2.5 OIL AND GAS OVERVIEW…………………………..………….....….  . 11 

3. LITERATURE REVIEW…….……………………………………………........... 17 

4. DRILLING OPERATIONS IN OIL & GAS INDUSTRY………..…................  . 22 

4.1 INTRODUCTION……………………………………………...................22 

4.2 DATA SOURCES IN DRILLING OPERATIONS..….…...................... 23 

4.3 WHY BIG DATA ANALYTICS IS USEFUL?.........................................24 

4.4 DRILLING OPTIMIZATION & DRILLING PARAMETERS….........25 

4.5 CASE IN IMPROVING DRILLING OPERATIONS………….........…26 

5. DEVELOPING ANN TO PREDICT ROP………………………………....…..  .. 28 

5.1 INTRODUCTION………………...………………………....................…28 

5.2 AIM OF THE RESEARCH…………...…………………….............…....29 

5.3 THE RESEARCH FRAMEWORK……..………………….......…......…30 



vii 
 

5.4 THE DATASET AND DRILLING CONDITIONS…..……....…....…...31 

5.5 DATA ANALYSIS METHODOLOGY………………..……...............…33 

 5.5.1 Python…………………………...…………………….................33 

 5.5.2 Neural Network…………………....………………....................34 

5.6 NEURAL NETWORK DESIGN…...……………………………......…..36 

  5.6.1 Data Preprocessing………....………………...........…...............38 

  5.6.2 Building The Model………....…………………...........…....…..42 

6. RESULTS AND DISCUSSION……………..………………………....…….....…44 

6.1 RESULTS………………...………………………………...…........……..44 

6.2 USING THE MODEL FOR NEW WELL..................…..…...….....…...46 

6.3 DISCUSSION………………………………….…………….........………48 

6.4 CONCLUSION……………………………....…………...........................49 

REFERENCES……………………………………..……………..........…..…….…...51 

APPENDICES……………………………………..……………..........…....….……...55 

 APPENDIX A.1………………………………….………..........…..……..…..56 

 APPENDIX A.2……………...……………..……………..........…..….……...58 

 APPENDIX A.3……………...……………..……………..........…..………...65 

 

 

 

 

 

 



viii 
 

FIGURES 

 

Figure 2.1: Hadoop ecosystem………………………………………………………….5 

Figure 2.2: Big data analytics process…………………………………………………..6 

Figure 2.3: Machine learning algorithms……………………………………………….8 

Figure 2.4: The smart field journey……………………………………………………12 

Figure 2.5: Roadmap for BP’s big data application……………………………………13 

Figure 2.6: Upstream big data…………………………………………………………14 

Figure 5.1: Drilling dataset…………………………………………………………….32 

Figure 5.2: Early stopping technique…………………………………………………..35 

Figure 5.3: Local and global minima…………………………………………………..35 

Figure 5.4: Developing ANN model workflow ……………………...…………………..37 

Figure 5.5: Description of dataset……………………………………………………..38 

Figure 5.6: Elimination of Zero and negative values with NaN……………………....39 

Figure 5.7: Outliers detection…………………………………………………………39 

Figure 5.8: Elimination of outliers with NaN………...…………………………….…40 

Figure 5.9: Normalization of the dataset………...…………………………………....41 

Figure 5.10: Splitting of the dataset...............................................................................41 

Figure 5.11: Keras tools…………………………………………………………...…..43 

Figure 6.1: Final structure of the model…………………………………………….…44 

Figure 6.2: MSE and MAE of the model……………………………………….……..45 

Figure 6.3: R2 of the model……………………………………………………….…...45 

Figure 6.4: Predicted vs actual ROP in training and testing datasets………………....46 

Figure 6.5: New data used to test the model……………………………………….….47 

Figure 6.6: Applying the model to the new data……………………………………...47 

 



ix 
 

ABBREVIATIONS 

 

AAPE  : Average Absolute Percentage Error 

ACEs  : Advance Collaboration Environment Center 

ALOS  :  All Assets Have Appropriate Level Of Smartness  

SCADA : Supervisory Control And Acquisition  

COLAB : Google Colaboratory  

CORE  : Collaborative Real Time Environment  

DT  : Travel Transit Time  

HER  : Electronic Health Records 

HIS  : Hydraulics 

IoT  : Internet Of Things 

IQR  : Interquartile Range  

KPI  : Key Performance Indicators 

LWD  : Logging While Drilling 

MAE  : Mean Absolute Error 

MSE  : Mean Squared Error 

MW  : Mud Weight 

MWD  : Measurement While Drilling 

NaN  : Not A Number 

NPT  : Nonproductive Time  

POC  : Proof Of Concept 



x 
 

R  : Correlation Coefficient 

R2  : Coefficient Of Determination 

RPM  : Rotation Per Minute 

SOA  : Service oriented Approach  

SPP  : Standpipe Pressure 

TDS  : Top Drive System 

TVD  : True Vertical Depth 

WOB  : Weight On Bit 

 

 

 

 

 

 



 
 

1. INTRODUCTION 

The inspiration of this study came with the advancement in technologies that the world 

witnessing these days in different areas, the new technologies can generate a large 

amount of data comparing with the old technologies of previous decades. The 

increasing volume of data is a key success when adopting and finding the appropriate 

ways of extracting the values within the data which can lead to extremely big changes 

and improvement of operations for companies seeking long term competitive advantage. 

In the same direction, the oil and gas industry starts to utilize new technologies to 

increase the efficiency of their processes such as automated rigs, new sensor 

technologies, drones, etc. However, the industry failed in the term of using the best 

analytical tools that can handle this large amount of data generated by its operations in 

different phases of the industry. Against this uncertain environment with the ongoing 

searching of methods to renewal natural resources, and fluctuation of demand and price, 

the oil and gas companies need to start adopting solutions to deal with the data that they 

have in hand (Baaziz & Quoniam 2014, p. 2). Like the other industries, finding effective 

tools to handle and analyze this data could be a step forward in making improvements in 

this industry. 

The most costly and complex phase of this industry is the drilling operations. In the 

drilling operations, the large volume of data came with the use of sensors to monitor 

and assess different drilling conditions and parameters. The data generated daily needs 

new approaches that could interpret the value of the data and help in fastening the 

decision-making process leading to safely reduce costs and environmental impacts with 

increasing efficiency of drilling programs. 

This study describes the big data concept and its impact on various industries with 

examples of how some companies already start their big data initiatives. It also explores 

the potential of big data for the oil and gas industry and drilling operation specifically 

with steps taken by companies in this sector towards adopting the solutions of big data. 

A literature review of the researches in this area was done to examine the nature of 

works and what have done with this subject by others. The rest of the thesis detects the 

use of machine learning algorithms as analyzing tools for handling big data. The neural
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network approach shows effectiveness when dealing with large datasets and complex 

relationships between the data; therefore, it was used with python language to design a 

model that can predict the rate of penetration in drilling operation and providing 

optimized parameters to increase the efficiency of the drilling process. Some limitations 

while developing the model were described to give an idea about the problems that 

could be faced for future works. The main conclusion said it's possible to handle the big 

data with machine learning techniques to analyze the data and produce models that can 

solve problems in the drilling operation. 
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2.BIG DATA AND OIL & GAS INDUSTRY 

2.1 INTRODUCTION  

The oil and gas industry is an extremely competitive and uncertain environment with 

the eternal need to renewal natural resources, as well as dealing with unstable prices and 

demands of the products. To solve these issues oil and gas companies need to increase 

production, optimize costs, and reduce the impact of environmental risks (Baaziz & 

Quoniam 2014, p. 2). The oil and gas industry produces Petabytes of data and the size is 

only increasing (Holdaway 2014, p.3). This huge amount of data is what we now call 

big data. Oil and gas companies can utilize big data technologies to extract value from 

the data itself which can lead to increase operations performance, optimize business 

operations, reduce cost, and increase their competitive advantage. 

like the other industries, oil and gas industry became a data-driven as a result of 

collecting a massive amount of data generated by a multitude of the internet of things 

IOT sensors from operations such as exploration, drilling, and production to provide 

continuous data-acquisition, real-time monitoring of assets and environmental 

conditions in all phases of the industry. This digital data enters the data management 

center and decision making on the hierarchical levels is depended on generating models 

based on different situations and processes on the basis of this data (Aliguliyev & 

Imamverdiyev 2017, p.31). The structure of the data comes in different shapes, it could 

be “structured”, “unstructured” and “semi-structured” making it complex to store them 

in traditional data warehouses and analyze them. Moreover, the velocity and complexity 

of data growth have put immense on traditional data systems making it fundamental to 

change the way data are collected, stored, analyzed, and accessed to support the real-

time and decision-making processes.  

The emergence of big data technologies in oil and gas sector is the driving force behind 

ongoing waves of what known as “digital oilfield” which can be described as a category 

comprises technologies, services, and related business models focused on both the tools 

and processes for data and information management in upstream oil & gas activities. 

Different leading companies working in oil and gas sector have started to apply digital 

oilfield concepts, such as Chevron's i-Fields, BP's Field of the Future, and Shell's Smart 
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Fields, and they continue to seek new technologies to increase production output and 

reduce operating costs (cleantech group 2015). 

2.2 DEFINITION OF BIG DATA  

Big data defined as an enormous volume of datasets that cannot be handled and 

managed using traditional data processing tools (Ohlhorst 2013, p.1). The ideology of 

big data describes the situation when data volumes have grown to an enormous size that 

the traditional information technology systems can no longer manage the size and 

growth of data making it even harder to extract knowledge out of it (Ohlhorst 2013, 

p.1). 

Big Data is defined by six characteristics called "6V": Volume, Velocity, Variety, 

Variability, Veracity, and Value. Volume refers to the huge amount of data, variety 

means different formats of data from various sources, value means the useful insight 

extracted from the data, veracity is the inconsistencies and uncertainty in data, velocity 

is the high speed of accumulation of data, and varaiability is the different sources of 

data.  

The data can be classified into 3 types; "structured" refers to datasets that come in the 

form of rows and columns, "unstructured" such as Audio, Video files, images, etc, and 

"semi-structured" such as XML, Weblogs, etc. 

The past decades witnessed an unexpectable increase in the volume of data generated 

around us as a result companies around the world started to capture and store these 

terabytes of data about different processes such as users’ interactions, social media, 

sensors, and business (Ohlhorst 2013, p.2). The challenge that comes with these issues 

is how to exactly make sense of this data which refers to the analytical process of the 

data. The process of analyzing this big data to discover the hidden patterns and extract 

value from it called big data analytics.  

In the term of big data more data means more analysis and more results, so the amount 

of data that one has at hand is very important as it leads to more understanding of the 

case, however, the most important step is to determine what big data analytics is going 

to be used for as the resulting insights can lead to enhance the business and decision 

making processes. 
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The increasing number of data generated through different operations created some 

problems for traditional data systems either because those systems are not designed to 

handle the variety of today's data or the data systems can not scale quickly and 

affordably. 

One of the famous platforms that can deal with big data, and has the capability of 

handling problems resulted from massive amounts of data is the Hadoop platform which 

also offers a benefit of dealing with data in different formats whether it was structure, 

unstructured or semi-structure (Ohlhorst 2013, p.7). It has the ability to store and 

process large datasets in parallel and distributed fashion with low cost and simple 

hardware clusters. It is also scalable and fault-tolerant, so when one node goes down 

other nodes can process the data, moreover data can be stored in different formats and 

that makes it more flexible. 

Hadoop can break down the data into multiple pieces and then distribute it into various 

servers. The distributed nature of data makes it possible to access the data from different 

places. Hadoop tracks the place at which the data is stored and protects it by creating 

copies of the data stored in multiple servers which means if a server goes down, the data 

can be replicated from another copy (Ohlhorst 2013, p.8). The Hadoop ecosystem is 

shown in figure 1.1 below. 

Figure 2.1: Hadoop ecosystem 

 
Source: Baaziz, A. & Quoniam, L. (2014). How to use big data technologies to optimize 

operations in the upstream petroleum industry. 21st World Petroleum Congress. 15-19 June 

2014, Moscow, Russia, pp. 1-9.  
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2.3 THE WORKING MECHANISM OF BIG DATA ANALYTICS  

big data analytics enable enterprises to gain knowledge about their processes from the 

different data they collected which will be useful to optimize their business and support 

smart decisions. The amount of data plays a key role in the analytics process providing 

more data means more accuracy coming with the new insight and predictions 

(Tankimovich 2018, p.7). 

The big data analytics process is divided into six steps as shown in figure 2.2, and 

includes: (1) big data acquisition from multiple sources, (2) applying data preprocessing 

methods to increase the quality of raw data, (3) building learning models using 

statistical methods and machine learning techniques, (4) evaluate the model on the basis 

on testing dataset, (5) deploying the generated model in real applications, and (6) 

monitoring the performance of the model in terms of prediction accuracies (Rehman et 

al. 2016, p.919).  

Figure 2.2: Big data analytics process 

    
Source: Rehman, M., Chang, V., Batool, A. & Wah, T. (2016). Big data reduction 

framework for value creation in sustainable enterprises. International journal of 

information management. 36, pp. 917-928. 

Considering optimal data collecting from different sources and be aware of the 

irrelevant one through the collecting process can help the organization to achieve 
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optimal extraction of the value. Data preparation is the most important stage in big data 

analytics, it consists of preprocessing and integration of the data to ensure the quality of 

big data. the Preprocessing process can bring some advantages to the big datasets such 

as noise reduction to remove irrelevant data, detecting outliers and removing anomalies 

to produce high-quality datasets, data elimination, sketching and imputation based 

methods to handle missing values in big datasets, and many other benefits that secure 

the quality of big datasets (Rehman et al. 2016, p.919). in other words, the quality of the 

data and generating knowledge depend on this stage. 

Generating the learning models step is based on statistical and machine learning 

theories to train the data and extract efficient patterns. Machine learning is the science 

of creating algorithms that learn on their own. It is about automating the data, so no 

need for human interaction to become better. Big data is the raw materials that feed to 

the machine learning process, the machine learning algorithms will process the data and 

identify patterns. Then those patterns can be used on new datasets.  

Machine learning models can be classified into supervised learning, unsupervised 

learning, semi-supervised learning, and reinforcement learning. Supervised learning 

means trained datasets are readily available which consist of a set of data inputs and 

desired outputs with given roles applied to the datasets to get output. Supervised 

learning can be classified into a classification which means classifying labeled data, and 

regression which means predicting trends using previously labeled data. 

Unsupervised learning is the opposite, in this situation no trained datasets are available 

here. The outputs are based on prediction analysis. İt helps to explain the hidden 

structure from untrained datasets. It includes the clustering process which means finding 

patterns and groups from unlabeled data.  

Semi-supervised learning means that the training data fed to the algorithm is partially 

labeled. Reinforcement learning, is a little different, the model here is called agent, and 

its job is to perform actions and it gets rewards, the agent then learns as it is trying to 

maximize the rewards (towards data science 2019).  
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There are many other machine learning algorithms as shown in figure 2.3, using any 

one of them depends on different criteria such as the problem at hand, nature of the data 

and software available (towards data science 2019). 

Figure 2.3: Machine learning algorithms 

 
Source: Towards data science 

After creating the model, evaluation of the model using different evaluation methods 

will take place. Deployment of the learning models through enterprise applications is 

the next step to capture insight from future big datasets. Finally, to ensure that data can 

be handled and newly knowledge patterns can be uncovered continuously, monitoring 

of the learning models through business intelligence (BI) should be taken into 

consideration.  
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The analytics process varies in terms of descriptive, predictive, prescriptive, and 

diagnostic analysis. the Descriptive analysis uses data aggregation and big data mining 

techniques to provide insight into the past, then it answers what is happening now based 

on incoming data. In predictive analysis, statistical models and forecast techniques 

could be used to understand the future and provide answers for what could happen. the 

Prescriptive analysis uses optimization and simulations algorithms to advise on the 

possible outcomes, and answer the question of what action should be taken. Diagnostic 

analytics used to determine why something happened in the past. It helps determine 

what kind of factors and events contributed to a particular outcome, so mostly it uses 

probabilities, likelihood, and the distribution of the data for the analysis. 

2.4 EXAMPLES OF BIG DATA ANALYTICS IN VARIOUS INDUSTRIES 

Today many industries including healthcare, banking, education, manufacturing, retail, 

and the weather sector can benefit from big data analytics as it can provide solutions for 

problems leading to cost reductions, time reductions, new product development, and 

smart decision making.  

The rapidly growing amount of data motivates companies around the world to start 

adopting big data by collecting, storing, and analyzing this data. Big data analytics 

means a lot to many companies around the world like Amazon, Facebook, and Google 

who applied this concept in a variety of issues such as marketing and enhancing 

services to their customers. Other examples are New York Times and Walt Disney 

Company, both of them used big data analytics tools, the first one used it for text 

analysis and web mining, while the second one used it for correlating and understanding 

their customers’ behavior (Ohlhorst 2013, p.2 ). 

In education a large number of data related to students, teachers, institutions, courses, 

and results are being generated every day, this information could be helpful in 

customized learning programs and schemes for students leading to improve the overall 

results. Reframing the course material by analyzing the data collected and deciding the 

proper components that are beneficial for students. Predict student enrollment after a 

particular course and career prediction to understand which career could be most 

suitable for a student in the future. The University of Alabama has a large number of 
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students with a large volume of data. In the past, the data seemed useless because there 

were no proper methods to analyze it. Nowadays, the university is able to use analytics 

and data visualizations for this data to draw out patterns of students revolutionizing the 

university’s operations, recruitment, and retention efforts (intellipaat 2016). 

In banking, data such as financial reports, stock news, and customer information is used 

to mitigate risks and fraud, bring insight to customer care, detect money laundering, and 

misuse of credit cards. National accounting and audit firm (BDO) use big data analytics 

to identify risk and fraud during audits (intellipaat 2016). 

Big data analytics has contributed to healthcare in different ways such as support 

improved health monitorin and, avoid preventable diseases by detecting them in the 

early stages. Moreover,  it helps in predicting outbreaks of epidemics and decide which 

action to take in order to minimize the effects. One of the most trends in healthcare is 

electronic health records (EHR), it stores the patient's entire data then it can be used for 

analyzing process for various purposes. 

In the weather sector, utilizing sensors and satellites have increased the amount of data 

being collected and analyzing, this data has been used to monitor the weather and 

environmental conditions. Weather forecasting, predicting, responding to natural 

disasters, and study global warming are some other benefits of adopting big data in this 

sector. IBM developed a project called Deep Thunder with the aim of weather 

forecasting with high-performance computing of big data. This project helped Tokyo to 

enhance its weather forecasting and predicting the probability of damaged power lines 

(intellipaat 2016). 

One of the main objectives of big data analysis in smart manufacturing is finding new 

associations, influencing factors and patterns in the data, and observing such findings 

through Big Data stream observation. The exploitation of this big data analytics will 

potentially innovate business fields through improved maintenance services (e.g. 

anomaly/failure, detection/prediction, system observation); pattern observation e.g. for 

hacker detections; extended manufacturing system reports; KPI 

improvements/monitoring; customer demands identification based on Big Data analysis 

(Negorny et al. 2017, p.32). An example of using big data analytics in manufacturing is 
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in designing a product of higher quality by the Rolls-Royce which manufactures 

massive jet engines. These engines are used by airlines and armed forces across the 

world. The company uses big data analytics to analyze how good the engine design is 

and if there has to be any more improvement. 

Retailers use big data analytics mainly for predicting customer purchases, making 

personalized recommendations of offerings, optimizing supply chains, identify new 

sources of revenue to increase their growth, and implement customer relationship 

management strategies. 

2.5 OIL AND GAS INDUSTRY OVERVIEW 

The oil and gas industry can be classified into three categories: upstream, which 

includes exploration and discovery, drilling and production; midstream, which includes 

transportation, wholesale markets, manufacturing, and crude refinement; Downstream 

which is delivery of the refined products to the consumer. The upstream sector is 

actively engaging with big data to achieve efficiency gains, while midstream and 

downstream sectors are lagging behind. The main big sources of data in the oil and gas 

industry are discovery, drilling, and production.  

The rapidly changing and competitive market of the oil and gas industry with the 

problems industry witnesses made it necessary for oil and gas companies to take a step 

forward and make sense of every bit of data they collect (Microsoft 2014). The 

increasing amount of data, different sources of the data, and the velocity at which the 

data is generated create an opportunity for oil and gas firms to capture and manage them 

to gain measurable value by using the appropriate technology, tools, and expertise to 

unlock this value. The business analysts take advantage of big data solutions as they 

want more data at higher rates, stored longer, and analyzed faster.  

The digitalization of the oil field, whether the term is smart oil, digital oilfield, i-fields, 

or smart fields which represented by the instrumentation and automation of equipment 

and processes, as well as industry-wide focus on the internet of things (IoT) has come to 

the availability of more data even faster. The innovation in sensor technologies, data 

analysis, and networking and communications technologies have enabled oil and gas 

companies to collect critical data in a real-time manner leading to what is now knowing 
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as the digital oil field. Every oilfield asset is wirelessly connected to allow remote 

control, asset tracking, and well monitoring. Also, data management solutions allow 

rapid cross-functional team collaborations across the world which is another application 

in the digital oilfield (cleantech group 2015). 

One of the global companies that start to adopt the digital oil field of the future project 

is shell by developing a 'smart fields’ program. Shell's project consists of three stages, 

the first stage called 'smart wells' which involved the application of smart analytics to 

only one well. In the second stage, shell achieves real-time monitoring and optimization 

of assets based on the first stage. İn the last stage, shell increase its smart wells concept 

and applied it to a smart mobile terminal calling it 'all assets have an appropriate level 

of smartness'. The program helped shell to increase its benefits and efficiency of 

operations (Song 2018, p.288). The ‘smart fields’ program is shown in figure 2.4. 

Figure 2.4: The smart field journey 

 
Source: Song, M. (2018). Research on the application of big data in oil & gas ındustry. International 

Conference on Computational, Modeling, Simulation, and Mathematical Statistics. 2018 

BP  launched a strategic program called "Field Of The Future" that started in 2003. The 

program consists of big data applications framework, CoRE (Collaborative Real-Time 

Environment), ACEs (Advanced Collaboration Environment Center). The big data 

framework allowed BP to accomplish improvement in the efficiency of drilling 
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operations. Through KPI BP determined big data benefits to its various operations such 

as increasing drilling program efficiency, decrease the time of equipment failure, 

optimizing operations schedule, etc (Song 2018, p.288). The roadmap for BP’s program 

is seen in figure 2.5. 

Figure 2.5: Roadmap for BP’s big data application 

 
Source: Song, M. (2018). Research on the application of big data in oil & gas ındustry. International 

Conference on Computational, Modeling, Simulation, and Mathematical Statistics. 2018 

BP chose "tripping in casing" as their PoC (Proof of Concept) task, BP collected real-

time data about drilling from sensors installed on drilling machines to analyze it and use 

it in building a model that predicts the stuck pipe during drilling operations then 

compare the predicted model with the historical data to measure the accuracy of the 

model and predict the potential risk. Testing of the POC ensures that this method can 

enhance drilling performance (Song 2018, p.289). 

In the oil and gas industry, the data volume is coming from sensors, spatial and GPS 

coordinates, weather services, seismic data, and various measuring devices. Much of 

this data is “unstructured” or “semi-structured” which means it’s difficult or costly to 

either store in traditional data warehouses or routinely analyzes it (Microsoft 2014, p.4). 
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The sources of unstructured data in the oil and gas sector are CAD drawings, 

specifications, seismic, well log, or drilling reports in paper or PDF, web traffic, also 

social media. The big data characteristics and sources in the upstream sector are shown 

in figure 2.6 below.  

Figure 2.6: Upstream big data 

 
Source: Baaziz, A. & Quoniam, L. (2014). How to use big data technologies to optimize operations in the 

upstream petroleum industry. 21st World Petroleum Congress. 15-19 June, 2014, Moscow, Russia, pp. 1-

9. 

The extensive use of sensor technology is the main source of huge amounts of data 

generated in the oil and gas industry. Sensors have been used in a large scale of 

operations in all phases of the industry such as exploration, well drilling, well 

completion, fracking,  refining, production, and decommissioning. Sensors have been 

used to monitor and sense different parameters such as temperature, pressure, 

vibrations, etc through different processes. 4C sensors in oil and gas seismic 

exploration, 4D in the field of geophysical surveys, as well as optical fiber sensors in 

the wells, oil and gas extraction, processing, and transportation system, are widely used 
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and they receive scaled data (EMC Corporation 2013). Recent advances in technologies 

such as the IoT and big data combining with advances in sensing technologies will 

definitely facilitate better monitoring, security, and management of the oil and gas 

industry with higher productivity and reduced cost and casualties. 

Dealing with a large amount of data is not new to the oil and gas industry. In the 

exploration phase, high performance computing (HPC) with parallel processing 

capabilities have been used to perform analysis on massive volumes of data. Also,  3D 

and 4D visualization have been used to discover new resources and predict changes in 

reservoir modeling.  

In the past searching for potential sites that contain oil and gas were done by monitoring 

low-frequency seismic wave that moves through the earth below us due to tectonic 

activity. The pattern of the waves will be distorted when moving through the oil or gas 

layer. In the past, this would involve collecting thousands of data, but in the past few 

years with the advancement of technologies, millions of data could be generated from 

such a process that could help in detecting potential drilling sites. The change that the 

industry witnesses is the development of digital technologies which vastly increased the 

amount of data gathering through the industry life cycle. 

Royal Dutch Shell is one of the largest oil and gas companies that use fiber optic cables 

for sensors, and data is transformed to its servers. This data will give a more accurate 

image of what lies beneath, and enable the geologist to make more accurate 

recommendations about where to drill. Shell has been developing the idea of a "data-

driven field" in order to decrease the drilling cost of its wells. It uses big data to 

decrease breakdowns and failures of its machines by fitting them with sensors collecting 

data about its performance and comparing them with aggregated data, this will lead to 

downtime minimization and replacement of parts in an efficient manner (Forbes 2015).  

Big data analytics is able to bring value for the whole lifecycle of the oil and gas 

industry. In exploration, applying big data and advanced analytics can lead to 

performing operational decision making, enhancing exploration efforts by using 

historical drilling and production data to help geologist and geophysicists to verify their 

assumptions, identify seismic traces using advanced analytics based on Hadoop for 
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storage, quick visualization and comprehensive processing and imaging of seismic data 

(EMC Corporation 2013). For drilling operation using big data analytics could bring 

some benefits such as build assessment of drilling models based on existing well data 

and refresh the models by utilizing the data coming from sensors in drill rig to optimize 

drilling parameters, early identifying of anomalies and negative impact factors that 

would affect drilling operation, using real-time drilling data to for predictive modeling 

to perform real-time decision making, also predict downtime of drilling equipments 

(Baaziz & Quoniam 2014, p.5). Big data is of great interest to production and operation 

work, being able to predict future performance based on historical results, or to identify 

sub-par production zones can be used to shift assets to more productive areas. Oil 

recovery rates can be improved, as well, by integrating and analyzing seismic, drilling, 

and production data to provide self-service business intelligence to reservoir engineers 

(Baaziz & Quoniam 2014, p.6). 
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3. LITERATURE REVIEW 

Since the emergence of big data analytics concept and its potential to different sectors, 

the oil and gas sector took the same wave, various review papers and researches have 

been conducted to study the effect of adopting this idea in oil and gas industry. 

Potentials, strategies, steps, frameworks, and challenges have been illustrated to support 

oil and gas companies making their business more valuable. 

Azzedin & Ghaleb (2019) have investigated an architecture for handling big data in Oil 

and Gas industries: Service-Oriented Approach to enables the petroleum industry to 

select the necessary services from the SOA-based ecosystem and create viable big data 

solutions. A big data service-oriented architecture for oil & gas industries have 

proposed. The SOA enables finding, managing, visualizing, and understanding all 

traditional and big data to be represented as one entity to enhance decision making 

through many exercises. The study found that oil & gas companies can choose the best 

suitable service for their needs since service providers are loosely-coupled. Since each 

organization is unique, solutions are tailored for individual organizations by providing 

the architecture as services. This study shows that SOA realizes many advantages for oil 

& gas companies including increased agility, improved workflows, extensible 

architecture, enhanced reuse, and a longer application life cycle. 

Tankimovich (2018) has investigated Big data in the oil and gas industry: a promising 

courtship to show the impact of big data in the oil and gas industry, as well as other 

industries that already start to apply big data in their career. The study implemented a 

supervised learning model to show the high level of accuracy for predictions of well's 

oil production, based on machine learning through linear regression using Python. The 

research found that the predicted results trained by Python were close to the real data of 

well productions and that lead to the understanding that machine learning can be an 

effective tool for handling big data in future related works. Also, oil and gas companies 

must encourage big data analytics as a part of their business to help in the processing 

process and make use of the data to find and produce more oil and gas with less cost 

and in environmentally friendly ways. This study examines big data as an opportunity 

for oil and gas companies to increase their benefits through technological advancement.  
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Rawat (2014) has investigated Big Data analytics in the oil and gas industry to review 

and suggest some ways that enable oil and gas companies to gather, understand, and 

analyze their data. The study discussed the various technologies used to capture data in 

the oil and gas industry and its benefits such as smarter sensors, optical fibers for wells 

and pipelines, Permanent Reservoir Monitoring (PRM), microseismic technology, and 

SCADA. Moreover, the study examined the purpose of Big Data in different parts of the 

oil and gas industry followed by the challenges coming with big data. The study found 

that big data can really lead to a competitive advantage in this sector if the stakeholders 

invest in the appropriate technologies that support their big data initiatives. This study 

showed some of the technologies used to capture the data and their benefits along with 

the big data initiative to increase the competitive advantage in this sector.  

Sofi and Perez (2014) have investigated how innovative oil and gas companies are using 

big data to outmaneuver the competition and published as Microsoft white paper. This 

paper has two goals, first help the leading companies in Oil and Gas industry to 

understand why big data is important to their business, second to show how some of 

these companies are already involving in big data projects to increase their market 

advantage. Also, it provided guidance on how to use big data to gain valuable insight 

and enhance the decision making process. The study discussed some of the problems 

facing this industry, as well as the need to use big data technology to drive insight from 

this large amount of data by using appropriate technology, tools, and expertise. A 

Microsoft Upstream Reference Architecture (MURA ) framework was developed which 

has been created to meet the needs of the O&G industry. İt works as a guide for IT and 

management teams to plan business systems and deploy software and solutions that can 

best realize the value of big data. Some recommendation steps have been outlined in 

this paper to show how oil and gas firms can plan and execute big data initiatives. The 

study found that by using big data, oil and gas companies can enhance their business 

value and gain competitive advantage and in order to make this true, they must create a 

new strategy that makes them manipulate this data to support smarter decision making. 

Perrons and Jensen (2015) have investigated Data as an asset: What the oil and gas 

sector can learn from other industries about "Big Data" to show how oil and gas 

companies could extract more value from data. They examined the important role 
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behind big data in shaping the new era of technology and what value it could add to the 

upstream oil and gas industry and compared them to the practices done by leading 

companies using big data in other sectors. The study found that the digital revolution 

will be completed when the sector discovers how to find knowledge out of the data 

being collected. This study outlined the high level capabilities and new technologies 

that have given rise to big data, and briefly examined the benefits of these changes to 

the oil and gas sector. 

Aliguliyev and Imamverdiyev (2017) have investigated big data strategy for the oil and 

gas industry: general directions to develop Big Data strategy for the oil and gas industry 

and to analyze the potential benefits of big data technology in oil and gas industry, big 

data application in oil and gas industry and the potential issues in data management. 

Also, provide the general principles for implementation of Big Data strategy. The study 

analyzed the potentials, challenges, and trends associated with big data in the oil and 

gas industry, as well as provided recommendations for the implementations of big data 

strategy. The study found that big data can be important when implementing new 

strategies for oil and gas companies. This study provides some trends to address 

problems regarding the adoption of big data, and the potentials and applications of big 

data oil and gas industry. 

Poor & Torabi (2018) have investigated Big Data analytics in the oil and gas industry as 

an emerging trend. This study reviews the needs of the oil and gas industry for big data 

analytics in both the upstream and downstream operations. The study was done by an 

extensive review of the recent papers about the application of Big Data analytics in both 

the upstream and downstream oil and gas industry. In the first part of the study, big data 

is defined and the processing tools are introduced. Secondly, the potentials of big data 

analytics in the oil and gas sector have reviewed. Finally, the challenges facing big data 

in the oil and gas industry have been addressed. The research found that big data 

concept attracted to oil and gas companies because of the necessity to improve 

efficiency through the industry operations and lifecycles. This study examines the 

impact of applying big data technologıes in both the upstream and downstream oil and 

gas industry. 
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Hassani and Silva (2018) have investigated Big Data as a big opportunity for the 

petroleum and petrochemical industry to study the influence of the industry's 

engagement in utilizing big data analytics in upstream, midstream, and downstream 

sectors. Summarizing the various applications and advantages of using big data in the 

upstream sector (exploration and discovery, drilling, and production), midstream and 

downstream sectors have done. The study found that the oil and gas upstream sector is 

highly engaging with big data to boost the efficiency of its operations while midstream 

and downstream sectors still lagging behind. The upstream sector is considered as a 

positive impact not only to midstream and downstream sectors but the entire industry. 

The big data now encourages innovations in sensors and data-related technologies 

which motivate the vast growth of this concept in the future. This study examines, in 

particular, the influence of big data on the P&P industry.  

Song (2018) has investigated research on the application of Big Data in oil and gas 

industry to help oil and gas companies provide the suggestion of big data blueprint and 

construction for oil & gas companies which can help the industry to recognize the value 

of the unexploited data and to transform decision-making from reactive to proactive. 

The study reviewed some potentials of big data applications in the oil & gas industry, 

and involved the key phases of exploration and development, production, engineering, 

and management. Also, the study analyzed the best practice of big data in some leading 

oil & gas companies, including Shell, BP, and Statoil. Finally based on this study, 

advice for deploying big data projects has stated. The study found that the oil and gas 

industry must improve not only technological, but production and information and 

communication processes as well to meet the long term growth in demand for energy 

resources. This study examines the deploying of a framework for oil and gas companies 

to apply big data step by step.  

Baaziz and Quoniam (2014) have investigated how to use Big Data technologies to 

optimize operations in the upstream petroleum industry. The purpose of this research is 

to show how the oil and gas industry can benefit from big data to gain valuable insight 

and support the decision making process in different activities of the industry. The study 

reviewed the advantages of using big data technologıes in different stages of the oil and 

gas industry upstream process (exploration & development, drilling & completion, 
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production, Equipment maintenance, Reservoir Engineering, Research & Development, 

Data Management, Security, health, safety& Environment). The study found that oil and 

gas companies must mark their requirements of technology and data management expert 

staff by establishing gap analysis to their business allowing for investment in both 

proven technologies and those who will face growing volumes of data. Oil and Gas 

companies must adopt new technologies and strategies that help both experts and 

managers in their business and decision making process. This study examines the 

impact of the adoption of big data technologies that helps oil & gas companies to track 

new business opportunities, reduce costs, and reorganize operations. 
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4. DRILLING OPERATIONS IN OIL  AND GAS INDUSTRY 

4.1 INTRODUCTION 

Drilling processes considered as complex and costly operations in the oil and gas 

industry, the cost of drilling forms half of well expenditure (Holdaway 2014). However, 

only 42 percent of drilling time is assigned to drilling itself, while the rest of the time is 

divided to deal with problems, rig movement, defects, and latency periods. Therefore, in 

oil and gas well drilling, service providers have been continuously working to increase 

the efficiency of their drilling programs and reduce drilling costs to operating 

companies. Also, predicting future problems such as equipment failure and stuck pipe 

which can lead to unexpected shutdowns and boosting nonproductive time (NPT), as a 

result, this can have a great impact on enhancing the drilling performance. The 

analytical models came as a solution for different aspects for example it plays a role as 

an early warning system, leading to avoiding events that cause NPT during the drilling 

process and can help in the elimination of other problems. 

The digitalization of the oil and gas industry representing by utilizing embedded sensors 

and IoT has increased the amount of data collected during the drilling process. Despite 

the improvement of this industry, most of the data collected still underutilized. 

Nowadays, as the development of the data science approach in the energy sector and 

other sectors, service companies start to see it's significant value in processing the data 

in the rig site. However, the data is not the problem anymore because it's available, what 

matters is the ability to extract wisdom from it. Structured and unstructured data could 

be used together to optimize decision making in the oil and gas industry. For example, 

by comparing the real time data inputs with patterns from historical database through 

analytics or visualization techniques, companies can identify issues and root causes in 

massive volumes of information, and then identify and implement actions that will treat 

the cause upon detecting the pattern (Holdaway 2014).  
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4.2 DATA SOURCES İN DRİLLİNG OPERATİONS 

Recent innovations in drilling systems and rig instrumentation have pushed oil rigs to 

turn into massive data sources which are useful for engineers to optimize operations. Oil 

and gas companies utilize many sensors to provide continuous collecting of drilling 

parameters from every equipment installed in the drilling rig.  

In the upstream sector, supervisory control and data acquisition (SCADA) used to 

capture oilfield data such as drilling information, production monitoring, surface, and 

subsurface facilities, another benefit offered by SCADA is providing this data from 

remote oil and gas sites without the need for personnel visits. 

Drilling information comes from downhole sensors that are placed near the bit, bottom 

hole assembly, or drill string with the sensors recording data in memory mode or 

transmitting the data in real time through various forms of telemetry (Evans 2014). For 

example, tools such as logging while drilling (LWD) and measurement while drilling 

(MWD) are able to gather data in real time and transfer it to the surface. There are other 

different sensors installed in the rig site for sensing and monitoring different drilling 

parameters such as weight on bit(WOB), rotation per minute (RPM), flowrate, 

temperature, pressure and so on, they are providing a wide range of information every 

day during the drilling process. Companies started to store this information in their 

databases and analyzed them to discover the relationship between them and take 

appropriate actions. Another source of information about drilling is the daily reports 

which contain different datasets such as activity breakdown, bit information, geology 

information, drill string, mud information, etc. This information will be sent from the 

drilling site to the office where it will be stored there in the company’s database and 

used for different purposes. 
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4.3 WHY BIG DATA ANALYTICS IS USEFUL? 

Data and analytics start to play a key role in different industries, the oil and gas industry 

in general and drilling industry in specific is taking the same road. For oil and gas 

companies data and analytics provide a better understanding of operations, so that they 

can predict and solve a wide range of problems such as improve operational efficiency, 

develop new strategies, and planning and performance. 

Analytics ideal for decision making in the drilling process, it enables engineers making 

real time decision depending on formation geology and drilling parameters for 

conducting predictive modeling. Analytics also improve drilling accuracy by identifying 

issues that have a negative impact on operations and early detection of equipment 

failure, so experts will be able to predict when maintenance will happen and whether 

there will be shut down or not to prevent large environmental risks. Unexpected 

equipment failure can be very expensive and Big Data from sensors in equipment when 

combined with geological data can enable oil and gas companies to predict failure and 

understand which equipment works best in which environment (ESDS 2016). 

Moreover, analyzing of 2D, 3D, and 4D Seismic data imaging by parallel processing of 

big data analytics platforms help in predicting drilling operation success (Baaziz & 

Quoniam 2014, p.1). Real-time data on weather can be combined with drilling operation 

data to avoid dangerous conditions for workers and mitigate environmental risk (ESDS 

2016). 

Devon Energy in the USA is utilizing big data analytics concept by combining Hadoop, 

SAS, and text data, they achieved 30 percent of nonproductive time reduction by 

determining the cause of NPT and address the issue (Hassani & Silva 2018, p.81). Also, 

IBM combined engineers’ expertise and physical based models of wells to build a 

predictive drilling model to predict the likelihood of stuck pipe occurrence.  
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4.4 DRİLLİNG OPTİMİZATİON AND DRİLLİNG PARAMETERS 

As known most of the well cost is related to drilling operations; therefore, companies 

are working to avoid drilling difficulties and improve drilling processes to minimize the 

overall costs. Drilling costs depend on drilling speed, so raising the speed at which the 

well can be drilled accomplish costs reduction, this referred to as the increasing rate of 

penetration( ROP). ROP means how fast the drill bit is drilling through the formations, 

it represents the speed of drilling bit when breaking the rocks (Bourgoyne et al. 1991).  

ROP has complex nature as it affected by large numbers of interrelated parameters and 

it is hard to predict the influence of single parameter on the other because they are 

depending on each other and because of that until now no certain mathematical 

relationship between ROP and drilling parameters have found (Eren 2010, p.2). In order 

to achieve the goal of lowering the operational cost of drilling, those parameters should 

be optimally controlled with no drilling problems. 

Factors affecting ROP are classified into controllable and uncontrollable factors. 

Controllable factors are the factors that can be changed manually such as WOB, RPM, 

and mud Flowrate. Uncontrollable factors also called environmental factors that can not 

be changed such as drilling fluids and formation properties, nevertheless, it is important 

to know that formation properties are considered as a critical factor in determining 

drilling performance (Eren 2010, pp. 2-11). Some factors such as fluid properties and 

bit types although they are controllable are hard to change in ordinary bit runs (Eren 

2010, p.2). 

A brief description of the factors that most affect ROP and considered in this study will 

be provided :  

WOB: it's the amount of weight applied on the bit in kilo-pound (klb) which is 

transformed into the formation causing to break it during the drilling phase. 

RPM: this means revolutions per minute which is the rotational speed of the 

drill string. 

Mud weight (MW): it is the density of mud in specific gravity. It serves as the 

primary control of the well preventing formation fluids from entering the 

wellbore. Any increase in density  leads to a decrease in the rate of penetration. 
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Flow rate: it is the volume of fluid that will be pumped through drilling bit. 

Bit wear: it's a term of bit age during the drilling phase, normally it's decreasing 

while going deeper because of cutter erosion. Drilling torque is a good indication for 

a bit wearing. 

Torque: torque is generated when applying a load and rotating the drill pipe, and 

can be measured through Top Drive System (TDS). Increasing Torque causes ROP 

to increase. 

      Standpipe pressure (SPP): it is the pressure drop due to fluid friction. 

4.5 CASE IN IMPROVING DRILLING OPERATION 

As an example of a data driven analytics approach to enhance drilling program 

efficiency, the case of SAS institute was considered. SAS developed a  platform for 

predictive analytics solutions, so companies can take advantage of near real time 

predictive models. 

SAS software can extract the relationship between the data and use them to improve 

drilling decisions. It can offer different benefits to enhance drilling operations such as 

identifying the efficient KPI by finding the optimal relationship between data from 

drilling incidents and key performance indicators. Applying analytics to data from 

whole drilling operations can reduce NPT, also it provides visualization of the data for 

the evaluation of drilling performance. 

SAS software tested on a customer wanted to find the best combination of drilling 

parameters to increase the efficiency of the drilling process and ROP, also minimize the 

drilling costs. The analytics solution can analyze some controllable drilling parameters 

such as WOB, RPM, slow pump pressure, drill bit selection, downhole assembly, rig 

type, LWD, MWD, and driller profiles and experience.  After the analysis, a 

recommendation can be provided for the optimal range of values for drilling parameters 

leading to enhanced ROP value. The results showed improvement in ROP, NPT was 

reduced by 18 percent, and the foot per day was increased (SAS Institute 2015). 
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There many other companies try to develop and use the analytics approach and 

advanced technologies to solve their business problems, enhance their operations, and 

competitive advantage. In the next chapter, a simple personal case has done to show 

how to apply the big data analytics technologies to improve the drilling efficiency by 

building a model to predict ROP values. 
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5. DEVELOPING ANN TO PREDICT ROP 

5.1 INTRODUCTION 

As mentioned before optimization of ROP has a great impact in decreasing drilling cost 

and efficiently enhance the drilling operation, however this process still considered as a 

big challenge for oil and gas industry because of the high level of uncertainty regarding 

the geological structures, a large number of uncontrolled factors and their interrelated 

relationship. The use of big data from the drilling process to build a predictive model 

can achieve this purpose. The artificial neural network (ANN) approach considered one 

of the effective analytical tools used in drilling operations to develop learning 

algorithms and extract the value of the data used in the process. ANNs are essential 

tools used in modeling complex systems that seek to simulate human brain behavior by 

processing data during a trial-and-error basis (Wang & Salehi 2015, p.3). From input 

parameters, they can generate a predictive model that correlates to the output parameter. 

A number of researches have been conducted using ANN to optimize ROP and drilling 

efficiency. Ahmed et al (2019) have investigated new artificial neural networks model 

for predicting ROP in deep shale formation, the research aimed to use the ANN 

technique to build a new model that can predict ROP in the shale formation. Both 

drilling parameters such as RPM, WOB, Torque, SPP and flow pump, and mud 

properties such as MW, funnel and plastic viscosities, solid and yield point were used to 

build the model using a data from one well and one formation. The model achieved a 

correlation coefficient (R) of 0.996 and an average absolute percentage error (AAPE) of 

5.776 percent.  

Mnati and Hadi (2018) have conducted prediction of ROP and cost with artificial neural 

network for Alhafaya oil field which aims to develop a model using ANN to predict 

ROP and cost of drilling operations. The drilling parameters were used in the project 

were WOB, RPM, hydraulics (HIS), and travel transit time (DT) from mud logging unit 

and wireline log for Alhalfaya oilfield to design ANN model that consist of two hidden 

layers and one output layer. Five datasets of five formations were involved in the 
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model. The model showed good accuracy of ROP when comparing with the raw data of 

the five formations and a good fitness of drilling cost comparing with the actual cost. 

Shadizadeh et al (2010) used ANN models to predict the stuck pipe occurrence in 

Iranian oil fields. Stuck pipe instances were divided into dynamic and static with 

different parameters included in the model for the analysis. The final network consists 

of three layers with 80% of the data used for training, 10% for validation, and 10% for 

testing. The model achieved more than 90% of the stuck pipe prediction. 

Wang and Salehi (2016) used ANN to optimize drilling hydraulics using real time field 

data. Three layers feedforward network with backpropagation was developed and the 

forward regression was used for the sensitivity analysis of the input parameters. A 

combination of 12 parameters included in the model to predict the pump pressure using 

data from three wells in the same geological area. The result showed good agreement 

between the developed model and actual field data. 

Those researches showed the effectivity of adopting the ANN approach to solve 

different problems in the drilling industry. İn this chapter ANN was developed to use 

the concept of big data generated in drilling operation to produce a model that can 

predict ROP efficiently using data from different wells and larger than the data used in 

the previous researches. 

5.2 AIM OF THIS RESEARCH 

The similarity of drilling circumstances for wells drilled at the same locations and have 

the same geological structures made it possible to collect the past data and utilize it in 

the optimization process of ROP and providing critical drilling parameters for different 

formations. 

The main intention of this research is to show the capability of big data generated in the 

drilling industry to shape the future of this industry, analyzing this data makes it 

possible to solve and optimize different issues regarding drilling sector. As mentioned 

in the previous sections about the potentials of adopting data analytics techniques and 

how useful it could be, this section provides dealing with large data to solve one of the 

real problems in the drilling operation. The historical data from offset wells located in 
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the same area could be used in predicting an optimized value of ROP and serve in 

preparing optimized drilling plans for future wells of the same area. High ROP can lead 

to different problems such as stuck pipe and poor hole cleaning; therefore, it is critical 

to find the best combination of drilling parameters that cause no drilling problems. 

In this section, ANN technique used as the analytical tool to analyze the drilling data 

that have been collected, ANN is known to deal with the complex relationships between 

the data and since the relationship between drilling parameters is complicated as 

mentioned before, it was useful to build the model with ANN. The generated model 

should be able to predict ROP accurately when comparing with actual data, and it will 

be compared with a real drilled well to show the accuracy of the resulted model. Python 

language and different python libraries were used to design and write the code of the 

artificial neural network. Seven parameters considered as input parameters that feed the 

ANN and correlate to the output parameter ROP.  

The goal that was tried to serve in this work is using the six steps of applying big data 

analytics techniques in a real situation of increasing ROP by using data as much as 

possible to build a neural network model that can optimize ROP predictions based on 

actual data provided. İt serves as a framework for further future works in the same area 

using even more data. 

5.3 THE RESEARCH FRAMEWORK 

What has been accomplished in this research is reviewing the big data analytics concept 

and its potential to shape the future of the oil and gas industry by increasing the 

efficiency of operations in multiple areas of the industry. This wasn’t the only part, a 

further approach was using with the drilling operations to detect the possibility of using 

the big data generated by this operation to enhance what is called the rate of penetration 

which is one of the important parameters to improve the drilling process as mentioned 

before. 

All the amount of data collected is from 45 wells which are approximately 117 K for 

eight parameters including the ROP parameter, which means the data volume was a 

limitation for this project and it could affect the analysis process. For big data projects 

providing data as much as possible could result in more accurate results while analyzing 
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the data to find new patterns. Hence, Hadoop software has not been used during this 

project because the volume of the data was not too big and could be handled by only 

using Python and ANN. 

A model that can predict ROP values based on the actual values from the actual wells 

using python coding language and its libraries (Numpy, Pandas, Scikit Learn, 

Matplotlib, Seaborn and Keras) with the Artificial Neural Network as a tool for 

analyzing the data was developed. Before building the model, preprocessing methods 

were included which are known to increase the quality of the data used. The 

preprocessing steps included the elimination of missing values, detecting and removing 

outliers, normalization or scaling of the data, and splitting the data for training the 

network into training and testing sets. However, any feature selection method did not 

include in the project because of the number of limited features used in this research 

coming from the data at hand. Also, any other tools for processing and analyzing the 

data were not used except for Python and ANN. Even though corrections of features 

used for building the ANN can provide better predictions and accurate results such as 

correction of weight on bit applied considering the inclination and additional bit rotation 

generated by the motor in deviated wells, but the additional information used to do the 

correction process was not available with the data used in this research. 

5.4 THE DATASET AND DRILLING CONDITIONS 

In this project, a dataset of drilling parameters from 45 actual wells located in North and 

South Rumaila oilfield in Basra in the South of Iraq was collected and used to train the 

model, information about Rumaila oilfield is shown in Appendix A. All the wells were 

drilled in similar geological areas. The sensors introduced at different equipment in the 

rig site used to capture and transmit a wide range of drilling data. The Mud Logging 

unit (MLU) in the site is responsible for collecting and transmitting the drilling data by 

means of sensors placed at various equipment. MLU measures drilling parameters and 

records mud cuttings properties, as well as on site and remote locations drilling 

monitoring services (Eren 2010, p.8). All the gathered drilling parameters have a great 

impact on the optimization process, the main thing to consider is the accuracy of this 

data which mainly affects the results of the optimization process. Recording drilling 

parameters from sensors should be calibrated and measured correctly to ensure the 
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success of drilling optimization. The data contains seven input parameters (TVD, WOB, 

RPM, Torque, SPP, Flow In, Density of Mud) and ROP as the only output parameter as 

shown in figure 5.1 below. 

Figure 5.1: Drilling Dataset 

 

During the project, the formations from the surface to downhole were treated with 

similar lithology and a model was developed for this case using a total number of 

117591 datasets. The formations included in this research are shown in Appendix A- 

figure-3. Some drilling conditions during the activity of drilling were assumed for the 

relations of the drilling parameters to be effective :  

a- All formations from the surface to drilling target have the same lithology. 

b- No bit wearing while drilling. 

c- No downhole problems while drilling. 

d- The bottom hole is clean. 
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5.4 DATA ANALYSIS METHODOLOGY 

Countless analytical techniques and coding languages can be used on big data to 

achieve the ultimate goal of processing and handling big data effectively. An important 

tool used in Data Science is Python which is a programming language contain multiple 

libraries that provide effective features for data analysis purposes. A description will be 

provided about some libraries used during the project in the next sections. 

5.4.1 Python 

Numpy which stands for numerical python is a package for numerical computations, 

deals with multi dimensional arrays used for processing multidimensional data, and 

supports for different data types. Since the first step to make the data ready for the 

analysis process is changing it into arrays, Numpy considers as the specialized package 

used to deal with those numerical arrays and offer high effective manipulation and 

storage capability of data. There are several problems with Numpy such as its lack of 

flexibility when working with missing data, attach labels to data, etc (Tankimovich 

2018, p.21).  

Pandas is a library that offers functions for data wrangling and manipulation. Unlike 

Numpy, rows and columns are labeled, so it considered an enhanced version of Numpy. 

It offers multiple data structures such as ‘DataFrame’, 'Series', and 'Index'(Tankimovich 

2018, p.21). 

Matplotlib and Seaborn, both of them are plotting libraries used for visualization of data 

to identify trends and relationships between the data. 

Scikit learn is a library used with Python for machine learning and contains different 

machine learning algorithms for supervised and unsupervised learning.  It focuses on 

modeling the data and contains a range of models for different purposes such as 

clustering, cross validation, feature extraction, feature selection, etc.  

Keras is a python library on the top of TensorFlow used for developing and evaluating 

neural networks for both convolutional networks and recurrent networks. It used to 

create and train deep learning models with a simple code. 
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All of the mentioned libraries were used in the project for preprocessing and analyzing 

of the data. The technique used for analyzing the data in this project is the Neural 

Network which will be described below. 

5.4.2 Neural Network 

Neural Network is a machine learning algorithm that works in parallel and distributive 

fashion to analyze data efficiently with the ability to discover complex relationships 

between variables that introduced to the network. Neural Network is made up of many 

artificial neurons which considered as the processing units and their connections which 

called weights. Weight is simply a floating point number and it's these adjusted when 

eventually coming to train the network. Each input to the neuron has it’s own weight 

associated with it, so when the input enters the neuron it will multiplies by its weight, 

then the neuron sum up all these new input values which gives the activation. All the 

logical components of NN and it’s working mechanism is shown in appendix B. 

ANN consists of an input layer, one or multiple hidden layers, and the output layer. The 

input layer is for receiving the data, and the number of neurons in this layer corresponds 

to the number of input parameters presented to the network. The hidden layers are for 

developing relationships between the input parameters and finally, the output layer 

forms the results. The number of neurons used depends on the task at hand and should 

be optimized to find the appropriate number of layers and neurons to avoid overfitting 

and underfitting problems that could happen during the training phase of the network. A 

large number of layers and neurons result in increasing the processing time and decrease 

the generalization of the model by decreasing the training error while the testing error 

remains high and this case called memorization which resulted in overfitting of the 

model (Mohaghegh 1994, p.2). Regularization can be used to solve this issue and a 

common method of regularization is the early stopping which stops the model at a 

certain point when the validation or testing error starts to increase, whereas the training 

error decrease. Early stopping provide the model with the number of iterations needed 

to be run without overfitting, figure 5.2 shows the meaning of this technique. The 

iterations called epochs which is the number of times that all the data has been cycled 

through.  
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Figure 5.2: Early stopping technique 

 
Source: researchgate.com 

There are several kinds of ANN; Radian Basis Function NN (RBFNN), Self Organized 

Map NN (SOM), Recurrent NN (RNN), Convolutional NN (CNN), Modular NN 

(MNN), and the most famous one which is used in this study is the Feed Forward NN 

with Back Propagation (FNN). In the Forward Propagation, initial values of the weights 

and biases will be considered, then those weights feed to the activation function to 

calculate the output of each layer and finally the expected value of output layer which in 

turn will be used to calculate the error of neural network by comparing with actual 

value. Whereas, the backpropagation used to adjust the weights and biases to find the 

appropriate values of them that cause minimum global error value. The global minimum 

is the lowest possible error achieved through the training phase. Another term that could 

be faced when training the model is the local minima which happens when the network 

finds an error which is less than the surrounding errors but actually, it's not the ultimate 

possible error,  figure 5.3 below shows this concept. 

Figure 5.3: Local and global minima 

 
Source: mnemstudio.org 
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In the Neural Network, the data is divided into three sets; training, validation, and 

testing sets. The training set is used to set the values of weights and biases to calibrate 

the model. In the validation set the hyperparameters such as the number of neurons and 

layers, learning rate, numbers of iterations, activation function and learning alpha rate 

will be applied to the model to make sure of the generalization of the implemented 

model in the training phase (Ahmed et al. 2019, p.3). The testing set used to check the 

performance of the developed Neural Network with the adjusted weights, biases, and 

hyperparameters coming from training and validation sets. There is no accurate 

approach to choose the right amount of data for each of the three sets, but it is 

recommended to increase the amount of data in the training set when working with big 

data. Providing the Neural Network with data as much as possible increases the 

accuracy of the generated model as the ANN will be trained on different and more 

examples of the situation to be solved, hence increasing the performance of ANN. 

5.5 NEURAL NETWORK DESIGN  

As mentioned before the model developed using python and its libraries. Before data 

enters the neural network, there are preprocessing steps that applied to ensure the 

accuracy of the model generated. All the steps of work are described below step by step 

until reaching the final goal of getting acceptable predicted values of ROP when 

compared with new unseen values of ROP from a new well. Google Colaboratory 

(Colab) was used as an integrated development environment to write the code. Colab is 

a free cloud platform that can be accessed easily on the web and start to write the code 

in a notebook. Colab provides a GPU accelerated virtual machine to accelerate 

computational processes when developing a project. The process flow chart is shown 

below to describe the steps used to generate the model, then in the following section, the 

steps will be explained. 
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Figure 5.4: Developing ANN model workflow 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

Data collecting, 

exploring, and integrity 

check 

Detection and 

elimination of outliers 

Defining training and 

testing sets 

Train models and cross 

validate to select best 

model 

 

Testing and evaluation 

of models  

Applying the model to 

predict ROP of new 

well 

Data normalization 

 



38 
 

5.5.1 Data Preprocessing 

Raw data contains some errors and could be incomplete, inconsistent as well as having 

missing values and outliers which cause the low quality of data, hence affecting the 

performance of neural networks if not eliminated or corrected. Therefore, data 

preprocessing is crucial to solving those issues. Missing values could be happened 

through the data collection process, or due to errors in measurement devices. They 

could be eliminated directly or handled using some methods such as filling missing data 

using the mean, median, or mode value of the respective feature. 

The data used in the project contains some negative values ( less than zero) and Zero 

values which is not suitable to include in the model because they could decrease the 

quality of the model; therefore, changing them into null values and eliminate them with 

the missing data together was done. Figure 5.5 shows a simple statistical analysis for the 

data. Figure 5.6 shows the detection and elimination of negative and zero values after 

changing them into not a number (NaN) values.  

Figure 5.5: Description of dataset 
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Figure 5.6: Elimination of negative and zero values with NaN 

 

Another concept that should be handled before building the model is the outliers 

because they are the main source of errors in prediction models (Ahmed et al. 2019, 

p.6). An outlier is a data point that lies far from the rest of the other data points of the 

same feature. The common methods to identify outliers are Scatter plots, Box plot, Z-

Score, and Interquartile range IQR. Figure 5.7 shows the code used to detect the 

presence of outliers, and figure 5.8 shows the code used to eliminate the outliers. 

Figure 5.7: Outliers detection 
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Figure 5.8: Elimination of outliers with IQR 

 

Data normalization consider as an important step for scaling the data into a specified 

range before starting the training process. This step helps to speed the learning process 

by finding the optimal weights faster. MinMax Scaler is the common method to scale 

the input parameters and output into the range of ( 0 to 1 ). The MinMax Scaler used the 

following equation to normalize the data : 

Xmin-max = X – Xmin / (Xmax – Xmin )       (5.1) 

Xmin-max: the normalized value of a parameter 

X: the original value of the parameter to be normalized 

Xmax: maximum of the original value 

Xmin: minimum of the original value 

Applying the MinMax Scaler to the data using Scikit learn library is shown in figure 5.9 

below. 
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Figure 5.9: Normalization of the dataset 

 

Scikit learn library used to split the data into training and testing sets to use in the 

analytical process. The code of this method is seen in figure 5.10 below. 

Figure 5.10: Splitting of the dataset 
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No feature selection method was done through the project because the data used does 

not contain too many features, so it is preferred to use them all. 

5.5.2 BUILDING AND TRAINING THE MODEL 

Keras library and its tools used to build the model developed through the project. A 

model type in Keras called ‘Sequential' used to build the network layer by layer. Each 

layer is added using 'add()' function until finding the optimal number of layers and 

neurons. The process of finding the best structure of the neural network depends on trial 

and error, testing multiple structures, and watching the performance and error each time, 

then deciding on the best structure to use. ‘Dense’ is the layer type used to allow each 

neuron in the previous layer to connect with neurons in the current layer. The activation 

function has different kinds, Relu is found to be effective with input and hidden layers, 

while Sigmoid is preferred for the output layer because it keeps the output between 0 

and 1. 

Optimizer and loss function are other properties that should be considered when training 

the network. This is called compiling the model which takes the two parameters 

optimizer and loss function. The optimizer used to set the learning rate of the network 

during training, the learning rate means how fast the optimal values of weights could be 

found. A small learning rate means a longer time to calculate weights but it may lead to 

more accurate values of weights. The optimizer used in designing the network is 'Adam' 

which is a version of gradient descent, it is a good optimizer for different cases and 

shows good results for different problems. The loss function used is the mean squared 

error (MSE) which computes the average squared difference between predicted and 

actual values. The loss function is used to monitor the performance of the network while 

training for both validation and training sets. 

After setting the parameters that needed to train the model, fitting the model to training 

and validation sets, as well as considering the number of epochs and callbacks of the 

model have done. The ‘fit()’ function allows to set the model to X and Y train sets, also 

it contains a validation split to decide on the percentage of the validation set to consider 

when training the model. EarlyStopping used to stop the epochs at a certain point when 

there is no improvement in the model. 
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‘Predict()’ function used to make predictions on test data after finishing the training 

process of the model.  

To evaluate the accuracy of the developed model a statistical quality analysis called the 

Coefficient of Determination (R2) was used. R2 used to measure the goodness of fit of 

predicted values from ANN with actual values and shows the strength of the 

relationship between them using a range of values of -1 to 1. When the value of R2 is 

close to 1 this means there is a strong relationship, 0 means no relationship, while -1 

means a reversed relationship between actual observations and predicted values by the 

model. all Keras tools used while developing the model is shown in figure 5.11.  

Figure 5.11: Keras tools 

 

A percentage of 70 % training set, 20% validation set, and 10% testing set ( 7:2:1) 

showed the best results. Multiple structures for each model run in order to find the 

optimal structure of ANN for the model which is shown in Appendix C – table-1 and 

table-2. 
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6. RESULTS AND DISCUSSION 

6.1 RESULTS  

While developing the model, different structures were tested the three layers feed 

forward neural network with backpropagation was selected as this network showed the 

minimum error. Also, the multiple numbers of neurons within each layer were tested to 

find the optimal number of neurons. With the selected distribution of data (7:2:1) for 

training, validation and testing set respectively, a comparison between different 

structures for each layer was tested and the neural network with 3 layers and 43 neurons 

for each hidden layer found to give the lowest error of the network. Choosing the 

activation function ‘sigmoid’ for hidden layers resulted in decreasing the error of the 

model; therefore, it was selected instead of Relu which is well known to give the best 

results in hidden layers. For the output layer, the sigmoid function also selected to scale 

the results between zero and one. ‘Adam’ method selected as the optimizer with the 

learning rate adjusted to 0.0055 which decreased the time needed to analyze the data 

and show good results compared with other values of learning rate. The number of 

epochs set to 7000 initially, but as mentioned before the early stopping used to stop the 

learning process at a certain number of epochs when the network stop to improve. 

Figure 6.1 below describes the final structure of the model used. 

Figure 6.1: Final structure of the model 
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After running the model the best performance found after 277 epochs. The mean 

squared error which used to calculate the error of training and validation sets while 

training the model found to be 0.010 for the training set and 0.011 for the validation set. 

The values of MSE for each training and validation sets were relatively small and close 

to each other which means that no problem of overfitting or underfitting found with this 

developed ANN. 

The mean absolute error used for measuring the performance of the ANN was 0.072 for 

the training set and 0.075 for the validation set as shown in figure 6.2 below. 

Figure 6.2: MSE And MAE of the model  

 

When comparing the actual values of ROP and the predicted values by the generated 

ANN, the R2 which used to measure the goodness of fitting of the predicted values 

found to be 0.74 for the training set and 0.70 for the testing set. The ratio for both 

training and testing is acceptable and consider to be effective as the ratio is quite close 

to 1 which is the best ratio of the network. The R2 value for the implemented model is 

shown in figure 6.3. 

Figure 6.3: R2 of the model 
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The comparison between actual and predicted values of ROP in training and testing 

datasets will be shown in figure 6.4 below. The figure showed that the data is correlated 

and close to each other, as well as centered around the regression line with only some 

points distant from data aggregation points. 

Figure 6.4: Predicted  Vs actual ROP in training and testing datasets 

 

  

With the limitation of data used to develop this ANN in this project, the results seemed 

to be acceptable and showed the effectivity of the large data concept when using to 

analyze data and building effective models. The Python language and ANN trained the 

model well and produce predicted value quite close to the actual values of the wells.   

6.2 APPLYING THE MODEL FOR NEW WELL 

Finally, to make sure that the model can work properly when introducing to new wells 

with homogenous data and drilled in the same geological area, the model was tested on 

a new actual well called (Ru – 484 ) which has been drilled in the south of Rumaila Oil 

Field. The following dataset with the same features that the model trained on was 

introduced to the model and is shown in figure 6.5. 
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Figure 6.5: New data used to test the model 

 

When the model run with the new above data, it produced quite well predictions for 

most of the data points except for some points. The red points in the figure below 

described the actual well ROP ranges while the green ones refer to the predicted values 

by the ANN model. As shown in figure 6.6 the predicted values lie in the range of 

actual ones in most cases, but the model was not able to predict the data in some ranges 

which can be solved when considering more data to train the model on more examples 

of the situation to be improved. More figures and details about data and results are 

shown in Appendix C. 

Figure 6.6: Applying the model to the new well 
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6.2 DISCUSSION 

Although the data volume in hand was not big enough to call it real big data, the results 

showed a good performance of the developed model. The big data projects required the 

supplement of more than 45 wells data and its always useful to provide data as much as 

possible to find strong patterns and models that can produce highly accurate 

performance. 

According to the results of the developed model, the minimum error of a value 

approximately 1 percent and a performance of 70 percent when working with testing 

data was acceptable to say that the model is working properly. The generalization of the 

model to new data was checked by testing the model with new unseen data of well (RU-

484) which as shown can predict a good number of actual data, while in some cases it 

predicts them distant from actual values. The predictions would be better if more wells 

were included in the research to train the model effectively. An issue while the 

developing is that some of the data were eliminated as null values (NaN) and outliers, 

finding more effective ways to handle them instead of removing them could provide 

better results as the data volume would increase because considering more data could 

increase the generalization of the ANN model. Also, including more features that affect 

ROP directly such as differential pressure, compaction strength of each formation, and 

other formation properties that consider as uncontrollable parameters and affect the 

ROP value strongly. The formations properties were including indirectly with this thesis 

by considering the WOB and Torque as an indicator for the strength of the formation. 

Moreover, introducing some corrections to drilling parameters used as stated before can 

enhance the quality of data entering the ANN. The data preprocessing also is an 

important step to consider before the training because it helps in the removal of noisy 

data that could mislead the model. 

The results showed that big data combining with machine learning techniques as the 

analytical tools can predict values quite close to what the estimates of real life ROP 

values could be. Machine learning algorithms in the term of neural network and deep 

learning are fast and effective tools to deal with big data and make near actual 

estimations of detected situations in drilling operations. The study considered as a 

simple example of the possibility of applying big data and machine learning to handle 
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problems in drilling operations and discussed the methodology and problems while 

building models to provide motivations for further works in this area. 

6.4 CONCLUSION 

ANN model with the methodology used, developed with a quite well accuracy to 

predict ROP values and enhance drilling parameters. This work was part of detecting 

the use of large datasets with machine learning algorithms to analyze the data and 

produce models that can work effectively when applying to a real time environment. 

The data used in this thesis was belonging to wells drilled South and North Rumalia 

oilfield in the south of Iraq. The ANN rate of penetration model was based on seven 

drilling parameters ( TVD, WOB, RPM, Torque, SPP, Flow in, and mud density). 

Different preprocessing steps applied to data to ensure the quality of data introducing to 

the ANN,  hence provide more accurate results. Based on multiple trials with different 

structures of ANN, the optimal structure was feed forward with backpropagation of one 

input layer with 2 hidden layers and the output layer. The training was exposed to the 

dataset to obtain high performance of ANN by reducing the mean squared error and 

increasing the coefficient of determination value. 

The proposed model showed good accuracy when comparing the predicted values with 

raw data. Also, applying the model on data from the new well showed a good matching 

of predicted and raw data. The neural network approach is not new to the drilling 

operations as mentioned before, different studies have been conducted to implement 

models that can optimize ROP. The difference with this thesis is the amount of data 

used to implement the model, multiple numbers of wells were included during the 

project. However, the amount was not enough considering more and more data in future 

researches could enhance the performance of the model. Moreover, future researches 

could detect the effect of optimal drilling parameters of the generated model to decrease 

the cost of drilling operations. The optimal parameters are those who will produce the 

minimum drilled cost. Also, the model with the parameters that gave the less cost could 

be implemented to work in a real time environment in the rig site to help engineers 

enhance the decision making process and efficiency of drilling programs. 
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The object of this work was to show a simple case about the benefits of big data 

technology and machine learning algorithms in handling large datasets with effective 

predictions of new situations. Most of the researches on big data for the oil and gas 

industry were done without trying to apply a real case to show the potentials behind 

applying this technology in real life. This research serves as an example of detecting the 

use of a large volume of data more than the usual ones combining with the analytical 

capability of machine learning to solve the problem of increasing the ROP while drilling 

wells by building models that can provide the optimal parameters with less cost for 

drilling activities. 

It seems that adopting big data solutions with the analyzing ability of machine learning 

can significantly change the energy industry just like the other industries. Oil and gas 

companies need to invest in the modern analytical power provided by new technologies, 

as well as invest in the right people who can understand both data and business to 

achieve the best results of finding more hydrocarbon resources and produce them with 

lower cost and environmentally friendly way.  
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APPENDIX A.1 RUMAILA OILFIELD AND DATA SPECIFIC INFORMATION 

The data used in the study belongs to wells drilled in the Rumail Oilfield in the South of 

Iraq. The Rumaila oilfield map is shown in the figure-1 and figure-2. 

Figure-1: Rumaila oilfield map 

 

Figure-2: North and South Rumail oilfield 

  

Rumaila oil field is one of the world’s greatest oilfields with about a billion barrels of 

recoverable oil contained in it. İt is located 50Km to the west of Basra in the South of 

Iraq. The subsurface geology of the region showing similarity throughout the whole 
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south of the Iraq region. The main reservoirs of the field are Zubair formation, upper 

shale reservoir and Mishrif reservoir. Formations include in the research with the 

lithology description and their structures are shown in figure-3 below. 

Figure-3: Formation lithology description 
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APPENDIX A.2 THE NEURAL NETWORK WORKING MECHANISM 

The neural network consists of several logical components; input data, weights, 

neurons, hidden layers, activation function (learning procedure), and the output layer. 

Those components form the basic structure of each neural network as illustrated in 

figure-1 below. 

Figure-1: Neural network logical components 

 

 

 

 

 

 

 

The input data is introduced to the hidden layers to produced the output of each hidden 

layer which in turn will be the input of the next layer and so on, until reaching the final 

output layer. All the input data should be numerical data, and categorical data should be 

transformed into numerical values in order for the NN to be able to interpret it. The 

input data is in the form of an n-dimensional matrix with the shape of (mxn) where m is 

the number of rows (functions), and n is the number of columns (number of training 

samples) (Moolayil 2019), the structure is shown in figure-2. 

Figure-2: n-dimensional matrix of input data 
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Neurons are the units responsible for the computation of output. A neuron receives the 

data from the previous neuron and sum all the inputs multiplied by their corresponding 

weights together which is denoted as Z. The computed input (Z) transferred to output 

with the use of the activation function. The structure and computation process of a 

single neuron is shownin figure-3 below. 

Figure-3: Structure of a single neuron 

 

  

The activation function used to compute the output of a layer depending on the 

computed input (Z). There are several kinds of activation functions, but the most 

common are sigmoid and ReLU functions. The sigmoid function used to set the output 

between 0 and 1, and defined as ( 
1

1+e−z). it is known to enhance the learning process 

very well (Moolayil 2019), figure-4 describes the sigmoid function. 

Figure-4: The sigmoid function 
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ReLU is another function defined as f(Z)= max(0, Z), when the Z is negative value it 

would output zero, while when Z is positive value it would output the same value 

(Moolayil 2019). Figure-5 shows the ReLU function concept. 

Figure-5: ReLU function 

  

Another term in the NN is the loss function which helps the NN to improve it’s learning 

process in each iteration. İt used to measure the difference between actual and predicted 

values. Several kinds of loss function used in the neural network depending on data 

outcome, whether it is regression or classification problem. For regression problems, the 

most common function is the mean squared error (MSE) which measures the average 

squared difference of actual and predicted values with the mathematical term: 

∑
(𝑨𝒄𝒕𝒖𝒂𝒍−𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅)𝟐

𝒌

𝒌
𝒏=𝟏 , where k = number of training samples   (2.1) 

Also, the mean absolute error used to measure the average absolute error between actual 

and predicted values as shown in the equation (2.2) below. 

∑ |𝐴𝑐𝑡𝑢𝑎𝑙 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑘
𝑛=1         (2.2) 

The optimization process of the NN depends on reducing the loss function to a certain 

limit; therefore, optimization algorithms used to update the weights of neurons to 

minimize the loss function (Moolayil 2019). The optimization algorithms work on the 

basis of derivatives, partial derivatives, and chain rule to determine how much change to 

apply on weights to make a change in the loss function and network. 
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The most famous optimizers are Stochastic Gradient Descent (SGD) and Adaptive 

Moment Estimation (Adam). The SGD considered as fast optimizer compared with 

other optimizers, but produce a very noisy curve. İt updates the weights with the 

following formula: 

W: = W – α 
𝑑𝑤

𝑑𝑗
         (2.3) 

Where; α = learning rate 

 
𝑑𝑤

𝑑𝑗
 = loss 

Adam is the most popular optimizer, it depends on computing the momentum and 

variance of the loss which helps in smoothing the learning curve effectively with the 

following formula: 

W: = W – α * (momentum and variance combined)     (2.4) 

Considering the neural network developed in this project, the NN structure is shown in 

figure-6 below. 

Figure-6: The developed ANN structure 

 

 

 

 

 

  

 

 

The above illustration describes the structure of NN used in this study with 7 input data,  
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2 hidden layers with 43 neurons in each layer, the activation function is sigmoid for all 

the layers, MSE used as the loss function, Adam is the optimizer algorithm, and ROP is 

the output parameter. The two dimensional matrix of input data would be as follow: 

Table-1: 2 dimensional matrix of the input parameters 

 

 

X1,1 refers to X1 in the training sample one, while X1,95558 refers to X1 in the training 

sample 95558 and so on for the other parameters. Calculating Z[1] which is the 

computed value of the first hidden layer would be as follow: 

Z[1] = W[1] * X + b[1]      (2.5) 

İn matrix forum : 

Z[1] = W[1] *X + b[1] 

(43, 95558) =  (43,7) * (7, 95558) + (43, 95558) 







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
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



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
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




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

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



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9558,6...3,62,61,6

9558,5...3,52,51,5
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



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


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



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



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X1,1 X1,2 X1,3 ….. X1,95558 

X2,1 X2,2 X2,3 ….. X2,95558 

X3,1 X3,2 X3,3 ….. X3,95558 

X4,1 X4,2 X4,3 ….. X4,95558 

X5,1 X5,2 X5,3 ….. X5,95558 

X6,1 X6,2 X6,3 ….. X6,95558 

X7,1 X7,2 X7,3 ….. X7,95558 

One training 

sample 
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This computation process produces the Z value of the first layer and for each training 

sample in each neuron. The same process would be done for the second layer. Then, the 

activation function sigmoid transmits the Z value into the output of each neuron until 

reaching the final output. The loss function would calculate the error between the actual 

value and the value produced by the network, all this process is known as the 

feedforward, the following equations represent the process of feedforward: 

 Z[1] = W[1]*X + b[1]           ,     Z[2] = W[2]*X + b[2] 

a[1] = f(Z[1])                  (2.6)      ,      a[2] = f(Z[2])          (2.7)     

L = loss function =  ∑
(Actual − Predicted)2

k

k

n=1

 

The next step is to use an algorithm that can send feedback to the system and 

determining the change that leads to the correct way of decreasing loss function, this 

algorithm is known as the backpropagation (Moolayil 2019). The updating is done after 

processing all the samples in a batch. A batch is a determined number of training 

samples, processing a full batch called iteration. Processing the whole batches in the 

training sample called epoch. By running a number of iterations and epochs, the 

network updates the weights to improve its predictions for the used training samples. 

The backpropagation starts by calculating the derivative of the loss function, output of 

last layer (a[2]), then calculating all the other values gradually as shown in the equations 

below with updating the weights used in the network. The equations below describe the 

case used in this research of two hidden layers and should be effective for each neuron 

as well. 

dZ[2] = da[2] * f(Z[2])        (2.8) 

dW[2] = dZ[2]* a[1]            (2.9) 

 db[2] = dZ[2]          (2.10) 

W[2] : = W[2] – α * ( momentum and variance together) (2.11) 

b[2] : = b[2] – α * ( momentum and variance together) (2.12) 

Feedforward 

Backpropagation 

Update 
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da[1] = W[2] * dZ[2] (2.13) 

dZ[1] = da[1]* f(Z[1]) (2.14) 

dW[1] = dZ[1] * X (2.15) 

db[1] = dZ[1] (2.16) 

W[1] : = W[1] – α * ( momentum and variance together) (2.17) 

b[1] : = b[1] – α * ( momentum and variance together) (2.18) 

a simple figure to illustrate the procedure of feedforward and backpropagation is shown 

in figure-7 below. 

Figure-7: Feedforward and backpropagation 

 

 

 

 

 

 

 

 

 

 

 

 

This procedure continues until finding the optimal values of weight that could reduce 

the cost function of the network and produce very well predictions. All the above 

explanation forms the mathematical procedure of the working mechanism of the neural 

network, while the code part was explained in chapter five of this thesis. 
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APPENDIX A.3 BUILDING THE ANN 

More details about the data used to build the network will be included in this Appendix, 

as well as more details of the results obtained during the project. A quick look at the 

distribution of the features is shown in figure-1 and figure-2. 

Figure-1: Distribution of WOB, RPM, TVD, and Torque 
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Figure-2: Distribution of SPP, Flow in, Mud density and ROP 

 

Box plot and distribution plot used here to show the outliers founded in some features 

utilized in building the model. Figure-3 and Figure-4 describes the outliers in WOB, 

Torque, Flow in, and ROP, while figure-5 and figure-6 show the features after the 

elimination of the outliers. 
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Figure-3: Detection of outliers with Box plot 

 

Figure-4: Detection of outliers with distribution plot 
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Figure-5: Illustration of the elimination of outliers with Box plot 

 

Figure-6: Illustration of the elimination of outliers with distribution plot 
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Some of the trials conducted to find the optimal number of layers and neurons are 

shown in table-1, while table-2 shows the use of different activation functions to reach 

the optimal structure of ANN. 

Table-1: Results of three layers and different number of neurons  

Layer Neuron Loss Mae Val Loss Val Mae R2 Train R2 Test 

1 8 0.0194 0.1065 0.019 0.105 0.478 0.47 

  12 0.0181 0.1021 0.0174 0.1001 0.52 0.513 

  16 0.0176 0.0999 0.0174 0.1012 0.521 0.51 

  20 0.0174 0.0991 0.0167 0.0973 0.539 0.529 

  26 0.0168 0.097 0.0166 0.0963 0.546 0.539 

  32 0.017 0.0976 0.0165 0.0956 0.547 0.541 

  38 0.0172 0.0987 0.0165 0.0966 0.545 0.537 

  40 0.0167 0.0963 0.0163 0.0954 0.555 0.55 

  43 0.0166 0.0965 0.0161 0.0946 0.557 0.547 

                

2 8 0.0146 0.089 0.0143 0.088 0.61 0.595 

  12 0.0137 0.0856 0.0134 0.0843 0.639 0.618 

  16 0.0095 0.0714 0.0097 0.0726 0.645 0.632 

  20 0.013 0.0835 0.013 0.0835 0.656 0.639 

  26 0.0127 0.082 0.0127 0.0815 0.661 0.641 

  32 0.0128 0.0821 0.0128 0.0822 0.66 0.641 

  38 0.0123 0.08 0.0122 0.0796 0.676 0.654 

  40 0.0129 0.0828 0.013 0.0833 0.656 0.641 

  40 0.0115 0.0776 0.012 0.0786 0.693 0.673 

  43 0.0121 0.0795 0.0122 0.0796 0.679 0.654 

                

3 8 0.0127 0.0816 0.0129 0.0827 0.661 0.638 

  20 0.0108 0.0743 0.0114 0.0757 0.715 0.675 

  32 0.0106 0.0743 0.0114 0.0763 0.713 0.68 

  40 0.0103 0.0713 0.0112 0.0747 0.727 0.693 

  42 0.0101 0.0714 0.0112 0.0757 0.727 0.68 

  43 0.0103 0.0724 0.0113 0.0753 0.740 0.700 

 

Table- 2: Results of different activation functions 

Layer 1 Layer 2 Layer 3 Output Loss Mae Val Loss Val Mae R2 Train R2 Test 

relu sigmoid sigmoid sigmoid 0.011 0.0752 0.0117 0.0769 0.709 0.672 

relu relu sigmoid sigmoid 0.0138 0.0859 0.0132 0.084 0.645 0.626 

relu relu relu sigmoid 0.0145 0.0886 0.0146 0.0888 0.607 0.593 

sigmoid sigmoid sigmoid tanh 0.0106 0.0743 0.0115 0.0765 0.718 0.684 

tanh tanh tanh sigmoid 0.0132 0.0843 0.0134 0.0848 0.651 0.625 
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After running several iterations with different combinations of hyperparameters, the 

summary of the final structure is shown in figure-7. 

Figure-7: Summary of the model 

 

The results of the predicted rate of penetration against the actual rate of penetration in 

both training and testing sets are shown in figure-8 and figure-9 respectively. 

Figure-8: Actual and predicted ROP comparison in training dataset 

 

Figure-9: Actual and predicted ROP comparison in testing dataset 

 

The model then implemented with new data to check the possibility of using the model 

in new applications. The description of new data is shown in figure-10. 
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Figure-10: Description of the data of the new well 

 

Results of using the model to predict the rate of penetration gave the following result in 

normalized and matrix form which is shown in figure-11. 

Figure-11: Predicted ROP values in matrix form 

 

Denormalizing the values into the original values gave the following result which is 

shown in figure-12. 

Figure-12: Predicted values of ROP 
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The generated model saved using the Pickle package in order to be used directly on new 

data as shown in figure-13. 

Figure-13: Saving and loading the model with Pickle 

 


