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الرسالة ملخص

الدين جمال بختيار راشمان الدين بصير الاسم:

المخاطر و الحفر لمعدل المتغيرات متعددة الزمنية بالسلاسل التنبؤ الدراسة: عنوان

الحاسب علوم التخصص:

1445 الثاني جمادى العلمية: الدرجة تاريخ

عاملاً بدقة الاختراق بمعدل التنبؤ يعد المخاطر. وتخفيف التكاليف تقليل الى يمكن مهمًا هدفًا والغاز النفط حقل في الحفر عمليات تحسين د

العوامل من مجموعة تتضمن والتي الفيزيائية، العملية خلال من الاختراق معدل تحديد يتم مختلفة. بعوامل متاثٔرا الحفر، عمليات تحسين في حاسماً

خلال من ذلك يكون قد الحفر، عمليات اثٔناء الاختراق معدل تنبؤات دقة بتحسين تبشر المؤثرة العوامل هذه من الاستفادة انٕ نتائجها. على تؤثر التي

محفوفة الحفر عمليات فإن نفسه، الوقت وفي للهدف. افٔضل تنبؤات يتيح مما المتغيرات، متعددة زمنية سلسلة عملية باعتبارها المشكلة في النظر

مخاطر تحديد الميزات هذه استخدام يتيح فيها. المرغوب غير النتائج لمنع استباقيًا تحديدًا يستلزم مما المحتملة، والإخفاقات المخاطر من بالعديد

العصبية والمحولات الشبكات على القائمة تلك وتحديدًا العميق، التعلم نماذج مقارنة الٕى الدراسة هذه تهدف الفشل. حالات اؤ المحتملة الحفر

الإخفاقات اؤ النادرة الاحٔداث لتحديد الاختراق بمعدل للتنبؤ نموذج افٔضل يستخدم فإنه وبالتالي الاختراق. بمعدل للتنبؤ ،(RNN) العميقة المتكررة

بيانات على المخاطر عن للكشف والتصنيف الحفر معدل باختراق للتنبؤ الانحدار المنهجية تتضمن الحفر. عمليات اثٔناء المخاطر تخفيف بهدف

الحفر عمليات تحسين في تفوقها من للتاكٔد السابقة الدراسات مع مقارنتها ثم المقترحة، المنهجية فعالية وتقييم تحديد سيتم الزمنية. السلاسل

المخاطر. عن والكشف
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CHAPTER 1

INTRODUCTION

1.1 Introduction

In the oil and gas industry, the time to complete one cycle of drilling operation, from

spud to target depth, is critical because it affects cost. Faster drilling means shorter

time and thus lower cost. To achieve faster drilling, it is important to have drilling rate

of penetration (DROP) prediction [10], [11]. There are many techniques to predict

DROP, which can be classified into the following four classes [12]:

1. Mathematical models [13]–[17]

2. Statistical models [18]

3. Machine learning (data-driven) models, [19]–[25]

4. Hybrid models which combine mathematical and machine learning models [26]

The machine learning models are the latest and more advanced whereas the mathe-

matical and the statistical solutions are basic.
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Drilling operation is a continuous process with time bounds and can be treated as

a time-series problem. During drilling, measurements, such as weight on bit (WOB),

revolutions per minute for the cutting rate of bit, mud properties, must be collected.

We can call these measurements as features or variables that can affect DROP. This

implies that the prediction of future DROP is a multivariate time-series forecasting

problem. The studies on DROP prediction using time series have gained popularity

recently [6]–[8], [27]–[34].

Moreover, during drilling various hazards (DHs) can occur, where a drilling hazard

(DH) is any event that deviates from the drilling plan. The causes of deviation can

vary based on the condition of the drilling site, the formation of the underneath earth,

or the drilling equipment. Similar to DROP, the various DHs can also be predicted

using measurements taken during drilling operations.

Existing studies usually focus either on predicting a particular DH, such as stuck

pipe, or on DROP; even though there is a close relationship between predicting DROP

and predicting DH. For example, from the measurements collected during cutting

removal process, both a value of DROP and a particular DH, such as stuck pipe,

can be predicted. In the past, mathematical or statistical models used mathematical

equations based on selected parameters [12]. However, these approaches use complex

relationship between the parameters and require huge amount of data from the drilling

site [35], [36]. The other limitations of the these approaches are their requirement of

complex coefficients and their low prediction accuracy [37], [38].On the other hand,

data-driven techniques are the latest approach and do not require pre-selected models

[12], [37]. They are based on machine learning techniques to predict DROP and
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potential DHs. In this research, we are going to leverage the advances in intelligent

solutions, such of deep learning, to propose a novel model that predicts an optimal

DROP and identifies a particular DH.

1.2 Research Statement and Motivation

Optimizing drilling process by predicting DROP has attracted many researchers for

many years. Most of the existing DROP predictors are based on the mathematical and

statistical models. These models have many limitations because they are not dynamic

and often depend on experimental results and not on empirical real conditions. These

limitations led the research towards data-driven models which are more dynamic.

Like DROP, recent DH predictors are also based on data-driven models. However,

there is no work done that suggests one type of model as the best model for both

predictions. Furthermore, drilling process should be treated as a time series problem

where the modelling should take time series into consideration for predicting both

DROP and DH. There is no research done to use one type of model for the prediction

of DROP and DH as time series problem, it is either for the prediction of DROP or

one particular DH.

1.3 Thesis Research Objectives

This thesis aims at answering the following research questions (RQs):

1. RQ 1: What are the main features that can be used to predict DROP and a

3



particular DH?

2. RQ 2: If the drilling process is treated as a multivariate time-series problem,

can deep-learning models give accurate predictions?

3. RQ 3: What type of deep recurrent neural network model that will give the best

result as multivariate time series prediction solution for predicting DROP and

DH?

Therefore, the research objectives are as follow:

• Conduct literature survey of existing solutions of DROP and DH predictors.

• Identify common features that can be used to predict DROP and DH.

• Design an efficient deep recurrent neural model that can predict DROP and DH.

• Evaluate the proposed model using benchmark datasets.

1.4 Thesis Organization

This thesis is organized into six chapters. Chapter 1 is an introduction to DROP and

DH prediction. Chapter 2 gives background information. Related work is discussed

in Chapter 3. Chapter 4 explains the details of the adopted research methodology.

Results and analysis of the experiments are presented in Chapter 5. Conclusion and

future work are discussed in Chapter 6
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CHAPTER 2

BACKGROUND

This chapter presents background information related to the proposed work and con-

sists of two main sections. Section 2.1 discusses the drilling operation and explains the

drilling operation phases, processes, systems, and equipment. It also presents drilling

cost calculation, features that affect DROP, and the relationship between DROP and

drilling cost. Drilling hazards (DH), their causes, types, and the main features that

affect DH are also discussed in section. Section 2.2 gives a brief introduction to time

series, and Section 2.3 to machine learning, and the state-of-the-art deep learning

models.

2.1 Drilling Operation

A drilling operation is a process of digging a hole from the surface of the earth to

the reservoir of hydrocarbons underneath. This operation is complex and consists of

several phases, systems, and equipment. It must be done efficiently and with utmost

care to minimize cost and avoid issues that can cause disaster [39]. This section briefly
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discusses the required systems, equipment, and cost parameters of drilling.

2.1.1 Drilling Operation Systems

In order to achieve its objectives, a drilling operation requires several systems, such

as power and transmission system, hoisting system, rotary system, mud circulating

system, well-control system and well monitoring system [1], [39]–[41]. Let us first

discuss these systems briefly.

Power and Transmission System

In most of the modern rigs, power is generated by diesel engines [39]. The majority

of the power is consumed by the hoisting, circulating, and the rotary systems [40].

The performance of a power system is measured in horsepower, torque, and fuel con-

sumption [40]. The power required by shallow or moderate rigs is between 500 and

1000 horsepower (hp) whereas the one required by some modern rigs can reach up to

3000 hp [39], [40]. The generated power is used by the electric motors for drawworks,

rotary table, and mud pumps [40]. It can be transmitted through [41]:

• Mechanical drive

• Direct-current (DC) generator and motor

• Alternating-current (AC) generator, silicon control rectifier (SCR) [39], and DC

motor.

The mechanical drive is used in the early drilling rigs to give power to the draw-

works and pumps. The DC generator has speed-torque suitable for hoisting and

6



circulating [41]. Modern rigs use internal combustion diesel engines and modern elec-

tric transmission which provide the driller with smoother power to avoid shock and

vibration at the rigs [40].

Hoisting System

The objective of the hoisting system is to move the drill pipe up and down in the hole

and to maintain the weight of the drill string at the bottom [39]. The hoisting system

is also responsible to move the casing strings or other subsurface tools up or down

the hole [1], [40], [41]. There are two main tasks that are the responsibilities of the

hoisting system in drilling operations [1], [40], [41]:

1. Making connections, which is the process of adding new joint for the drill pipe

when the hole deepens.

2. Pulling out the drill string from the hole to change the bottom hole assembly

(BHA) and then put the string back to the bottom of the hole.

Figure 2.1 shows the hoisting system components: drawworks, block and tackle,

and derrick [1], [41].

The drawwork consists of drum, brakes, transmission and catheads [1]. It provides

the torque for moving the drill string (drill pipe) up or down. Block and tackle makes

the handling of heavy loads easier and consists of crown block, traveling block, and

drilling line, Figure 2.1 [1], [41]. The derrick is used to insert in or lift out a pipe in a

hole. The higher the derrick, the longer the pipe that can be handled. The derrick can

also handle sections known as stands. To support blowout preventers, a substructure

7



Figure 2.1: Hoisting system [1]

under rig floor supports the elevated derrick which is enough to support loads hooked

to the pipe set in the derrick and the wind loads. Hoisting also requires additional

equipment like elevators, hooks, and bails [41].

Rotary System

The job of the rotary system is to rotate the drill bit at the bottom hole in a continuous

manner through the drill string [1], [39]–[41]. Power to the rotary system is transmitted

using gear-driver to rotary table or is taken from drawworks [1], [39]. This power makes
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the drill pipe and bit rotate to cut through the rocks formation at the bottom of the

hole [40]. The rotary system consists of several equipment starting from the rotary

swivel at the top to the drill bit at the bottom of the hole [39]. Figure 2.2 shows

the rotary system with its equipment rotary swivel, kelly, rotary table, and drill pipe

collars [1], [39].

Figure 2.2: Rotary system [1]

The rotary swivel is the point where the circulation system is connected to the

rotary system and acts as a seal of fluid. Swivel also supports the drill string and

allows it to rotate. It attaches the hook of the traveling block and gooseneck, securing

the rotary hose downward-pointing [1], [39], [41].

The kelly is where the drill string is attached and acts as the first section right below
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the swivel. The torque required by the kelly is transmitted through kelly bushings

which is inside the rotary table. The drill pipe is attached at the base of the kelly and

under it there are drill collars and then drill bit. The drill collars can also be used to

add weight on the bit or to assist the drilling process to drill a straight hole [1], [39],

[41].

Circulating System

The circulating system circulates the drilling fluid or mud starting from the mud pit

to the drill bit at the bottom of the drilled hole where it picks the cuttings up back

to the shale shaker, sump pit and suction pit [39]. Its objective is to remove the rock

cuttings from the drilled hole during the drilling process [1]. This system works as a

hydraulic system for the circulation [41]. Figure 2.3 shows the main equipment of the

circulating system: mud pumps, mud pits, mud mixer, and contaminant-remover [1],

[40], [41].

Mud pump require high pressure, flow rate and horsepower [41]. The requirement

for high pressure is to circulate heavy mud and to clean drilled holes. Mud pits are

used at the surface to handle the excess volume of drilling fluid [41]. Mud-mixing

equipment is used to mix the mud at the mixing hopper using the base fluid (water)

and the bulk materials [39]. Contaminant-removal equipment servers to eliminate

solids and gases from the mud [1].
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Figure 2.3: Circulating system [1]

Drilling Cost Parameters

The cost on drilling can be approximated from its fixed and variable expenses as

follows [1]:

Cf =
Cb + Cr(tb + tc + tt)

∆D
(2.1)
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where: Cf = drilled cost per unit depth

Cb = cost of bit

Cr = fixed operating cost of the rig per unit time

tb = total rotating time during the bit run

tc = non-rotating time during the bit run

tt = trip time

∆D = footage (depth) drilled with bit (tb ×DROP )

2.1.2 Drilling Rate of Penetration (DROP)

Ahmed et al. [42] defines DROP as the speed of a drill bit to break rocks below

it in order to deepen the hole during drilling. DROP affects drilling cost as shown

in the aforementioned drilling cost formula. Predicting DROP minimizes drilling

cost. Researchers have identified more than fifty parameters that affect DROP, and

these parameters have complex relationships with each other. The selection of these

parameters correctly is essential in order to accurately predict DROP and to reduce

drilling cost.

Two of the main and controllable parameters that are frequently used by re-

searchers to predict DROP are weight on bit (WOB) and bit rotary speed [6], [13]–[17],

[19]–[21], [21], [25], [37], [43]–[51]. WOB is the weight that is applied by drill collars,

which are thick and heavy part of the drill string directly connected to the drill bit.

The value of WOB can be controlled and depends on the hookload from the surface

which is important to achieve the DROP [1], [52]. Figure 2.4 shows the effect of WOB
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on DROP. As can be seen from the figure, the increase in WOB until certain level

increases DROP, but the increase of WOB beyond that level decreases DROP [1]. The

rotational speed of drill bit, known as bit rotary speed, is measured as rotation per

minute (RPM) [25]. Different types of cuttings require different speed, thus control-

ling the rotary speed is very important [53]. Low rotary speed values increase DROP

linearly until certain point after which it will start declining as shown in Figure 2.5

[1].

Figure 2.4: Relationship between DROP and WOB [1]

Beside the two major parameters, WOB and bit rotary speed, other three param-

eters that affect DROP and that are frequently used by researchers are the flow-rate

of the mud pumps, the depth of the well, and the weight of mud [37], [41], [44]–[50].

Table 2.1 lists the seven main parameters that affect DROP, namely flow rate,

measured depth, mud weight, plastic viscosity, standpipe pressure, and the two main

parameters WOB and bit rotary speed. All these parameters except standpipe pres-
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Figure 2.5: Relationship between DROP and bit rotary speed [1]

Table 2.1: Variable for DROP Prediction
Variable References Count
WOB [6], [17], [19]–[21], [25], [37], [38], [43]–[50] 16
Bit Rotary Speed [6], [17], [19]–[21], [25], [37], [43]–[50] 15
Flow rate [20], [25], [37], [44]–[47], [49], [50] 9
Measured depth [6], [20], [44], [45], [47]–[50] 8
Mud weight [17], [19], [20], [38], [44], [50] 6
Plastic viscosity [20], [21], [25], [38] 4
Standpipe pressure [6], [25], [44], [49] 4

sure also affect the lost circulation, one of the most frequently occurring DHs [54]–[57].

2.1.3 Drilling Hazards

A drilling hazard (DH) is an incident that occurs during drilling operation and results

in delaying or halting the operation. It can occur at any time while drilling a well and

thus the drilling crew must be prepared [39]. A DH is an unforeseen event that causes

the drilling operation to deviate from its planning course [58] or from the critical path
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[59]. It is also referred to as ”trouble” when it causes a nonproductive time (NPT)

during drilling, which is a minor interruption, or more devastating occurrences like

wellbore failures or loss of control during drilling operations. [58].

Natural conditions, such as geological complexity at the drilling site, are not the

only potential causes of DH; unforeseen circumstances during the drilling operation,

such as mechanical failure or human error, may also contribute [58]. Such occurrences

can have significant repercussions on the drilling schedule, budget, completion time,

and reputation of the companies involved [58]. For a recurring DH, a drilling crew

can benefit from the historical data to predict and avoid such hazards [60].

According to Skalle [2], there are four major types of DHs, namely stuck pipe, lost

circulation, gas kick, and bit balling. The two frequently occurring DHs are stuck pipe

and lost circulation, 16% and 12.4% respectively. Figure 2.6 shows DH distribution

with additional types beside the above mentioned.

Figure 2.6: Distribution of DH types [2]

A more comprehensive approach to classifying DH involves associating unantici-
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pated occurrences with the subsequent categories [58]:

• Heterogeneity in subsurface formations is the most prevalent DH encountered

during drilling operations. It encompasses a range of issues such as stuck pipes,

lost circulation, geological faults, contamination of formations, hydrogen sulfide

(H2S) or other gases, and buried valleys.

• The complexity of the drilling mechanism and equipment poses challenges in its

utilization, requiring correct operation and maintenance to prevent any failures.

• Risks associated with the well site must be accounted for in the drilling plan

and assessment.

Stuck Pipe

Stuck pipe is defined as the condition where a drill string is stuck and unable to move

vertically or rotate during drilling operations [61]. In Oil and Gas industry, stuck pipe

is categorized as one of non-productive time (NPT) due to the downtime it causes.

According to Yarim [61], stuck pipe is one of the major DH problems which causes

drilling down time and high cost. It also incurs costs for restoring the condition back

to normal so that drilling can resume. There are many events that can result in stuck

pipe. Tripping and backreaming have the highest possibility of a stuck pipe events,

from 54% to 90%. Other reasons include differential sticking 21% to 60%, poor hole

cleaning 65%, and mechanical and wellbore geometry related 14% [61]. Stuck pipe can

also happen during drilling into rhyolite magma, due to the challenges of geothermal

well (high temperature well). For example, drilling close to the magma increases
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viscosity which makes releasing a stuck pipe difficult [62].

Lost Circulation

Normal flow of mud in circulation is to move up to the surface from the bottom of

the drilling hole. A situation where the mud that is supposed to move towards the

surface but instead remains in the hole is known as lost circulation (LC) [60]. The

loss of mud can be significant and continuous [41]. The condition where no mud flows

to the surface is known as total LC, otherwise it is a partial LC [60].

LC is one of the critical DH which can cause huge financial loss. The need to predict

whether LC will occur is important for the sustainability of the drilling operation. As

a result, LC prediction has attracted a lot of research for decades, from the detection

of return flow rate , pit volume and stand pipe pressure [63] until the modern way

using machine learning [64].

Kick

A kick is defined as an unexpected and unwanted flow of reservoir fluid or gas into

the wellbore. Gas kicks are riskier than fluid kicks because of their high mobility in

the wellbore. During drilling operation, a gas kick can happen if the rate of gas flow

forced to the wellbore suddenly increases causing a blowout [65]. Gas kick can also be

triggered because of mud loss – the condition where the formation porosity increases.

These conditions, gas kick and mud loss, must be detected at the earliest in order to

ensure the continuity of drilling operation. There are a number of proposed techniques

to detect gas kick, but they have limitations, such as the generation of false alarms or
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the requirement of expensive resources [65].

Bit Balling

During drilling, the soft and sticky cuttings absorb water from the drilling fluid, swell,

and stick to the drilling bit. Bit balling occurs when the sticky solids cling to the metal

surfaces of the bit and pipe. Bit balling happens frequently when drilling in sticky

shales or loose standalone. It can reduce DROP and increase standpipe pressure.

The most frequently occurring DH is stuck pipe, hence on this work, we will study

the features that are related to this hazard, such as equivalent circulating density,

torque, hook load, pump pressure, standpipe pressure, DROP, WOB, drilling fluid

flow-in rate and RPM [66], [67].

2.2 Time Series

A time series refers to a collection of data points that are obtained by measuring

a process or set of processes over a specific period of time; these data points are

recorded and preserved, providing observations on how the processes change over

time [68]–[70].

Examining the distinct attributes of a specific subject inside a time series dataset

is crucial for comprehending patterns and making accurate predictions about future

trends [68], [69]. The measurement used for analyzing and understanding patterns is

determined by a specific time interval, such as seconds, minutes, hours, days, months,

years, or any other unit of time [69], [70].
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2.2.1 Time-Series Data

There are two primary categories of time-series data: classical time series and point

processes [68]. When gathering data, if only one variable is being measured, it is

referred to as a univariate time series; however, if there are multiple variables being

measured, it is called a multivariate time series [69].

The definition and example of the first two types of time-series data are as follows:

• Classical time series: this sort of time-series data captures one or several nu-

merical measurements at a specific moment in time and is recorded at regular

intervals, such as every second, minute, hour, day, or longer intervals. The clas-

sical time-series data examples include stock market data, energy consumption

data, and various measurements during drilling operations such as weight on bit

(WOB), rotation per minute (RPM), mud flow, and other measurement while

drilling (MWD) data.

• Point processes: this type of time-series data does not represent a measurement

of specific data, but rather records an occurrence that takes place at a specific

moment. The timestamp of the event occurrence may not be evenly distributed,

and the value or category will also be captured during the event recording.

Examples of this type of data include: the activity of a specific user on a website,

the occurrence of natural disasters, or incidents in drilling operations (DH).

2.2.2 Time-Series Analysis

The process of analyzing time-series data to extract unseen patterns and to get valu-

19



able insight through mathematical and statistical analysis is known as time-series

analysis [69]. This process will produce essential information of the time-series data

such as trend, seasonality and cyclic variations [70]. From the time-series data,

using time-series analysis, the following tasks can be resolved [70]:

• Find relevant part of the time-series data in the pre-process task by extracting

features from the dataset.

• Once the relevant parts are found then they will be used to draw insight from

the historical dataset.

• Part of the time-series analysis is to represent the time-series data in the appro-

priate format, i.e. visualize in graphical format or tabular format.

2.2.3 Time-Series Prediction

There are two types of time-series prediction [68]:

• Time-series forecasting is used to predict future time-series value. The pre-

diction is done based on the historical value measurements. This prediction is

applied on the classical time series like predicting next hour temperature in the

current city. It can also predict the time of the event in the future, which is

categorized as point-process prediction, like predicting the date of next flooding.

• Time-series classification or regression will classify or predict numerical value

(regression) not only for one data point in the future but a set of data points.

So far this has been dominated by ML approach.
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The tasks for time-series prediction consist of the following phases [70]:

• Model development: in the case of time-series classification or regression, it will

be ML models.

• Model execution: using the developed model then it can be used to forecast the

future prediction.

Prior to the aforementioned tasks, the initial step to be done is the time-series analysis

for the time-series dataset preparation and analysis.

2.2.4 Time-Series Characteristics

A set of data can be recognized as a time-series data if it has time-series characteristics.

There are several characteristics for a time-series dataset [69], [70]:

• Random walk: the basic and simplest characteristic for a time-series data. It is

formed by the summation of set of random variables with normal distribution

Ei where i: 1, 2, ... N. The formula for random walk is:

Rt+1 = Rt + Et

where t is the index of when measurement was taken. Fundamentally, a random

walk is stochastic and by default is a part of time-series dataset.

• Trend: the pattern or direction of a time-series data for some duration of time.

It is either increasing, known as uptrend, or decreasing, known as downtrend.
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The formula for a linear trend is:

Tt = A+B...t+ Et

where A and B are constant, B is multiplied with the time index and Et is error

for each index. For non-linear trend the formula is:

Tt = A+ Ft + Et

where Ft is a logarithmic function. Figure 2.7 shows the time series with non

linear trend.

• Seasonality: a periodical variations that happen repetitively with identical pat-

tern within a certain time in the time-series data. For example, weather infor-

mation in specific season or sales during holidays season.

• Stationary: it is not a time series with trend or seasonality. It doesn’t have

clear pattern that can be categorized into the aforementioned two characteristics

(trend or seasonality). The stationary condition is when there is no variation

of statistical properties in the time-series data with respect to the time [69].

A stationary time-series data has constant statistic properties such as: mean,

variance and auto-correlation.

2.2.5 Time-series Analysis Problems

There are three time-series analysis problems [70]:
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Figure 2.7: Non linear trend in time series

• Forecasting: a task to make an approximation of future values of a time-series

data. It will give approximation instead of exact value of the forecasted variable.

• Modelling: a task to find logical understanding of the model that defines mea-

sured time series. Part of the modelling is model training which requires the

time-series data in stationary format [69].

• Anomaly detection: a task to find abnormal pattern in time series which is not

expected to be part of the time-series data.

There are several classical methods for the time-series forecasting such as Au-

toregressive Integrated Moving Average (ARIMA) and Seasonal ARIMA (SARIMA)

known as a linear approaches [69], [70],however they have limitations such as [70]:

• Limited on linear problem and not for the complex one.

• Unable to do pre-processing for the features and static observations for lag.

• Unable to support missing data.

• Only support one step prediction.
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2.2.6 Univariate vs Multivariate Time Series

The linear or classical time series such as ARIMA or SARIMA are limited to a uni-

variate type of time series data. Real world problem normally consists of multiple

data series, known as multivariate time-series data [70].

The relationship between the number of input features and output can be divided

into the following [70]:

• Univariate input to univariate output: The classical and linear are classified in

this type such as ARIMA and SARIMA. This is a straightforward mapping from

a set of inputs to a set of outputs.

• Multivariate input to univariate output: This mapping fits with the ML model

of deep learning which supports multiple feature inputs for the model.

• Multivariate input to multivariate output: While this is the most complex rela-

tionship, it consists of two ways of this relationship can be done. Many to many

approach uses one model that uses all the features and produce the prediction

for all features too as shown in Figure 2.8. Another approach is many to one

on which there will be n number of models as the number of features and each

of them will forecast one feature only. Figure 2.9 shows the multivariate input

and output with many to one process.
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Figure 2.8: Multivariate many input to many output

Figure 2.9: Multivariate input to multivariate output with different model for each
output

2.2.7 Single-Step vs Multi-Step (Horizon-Style)

From the perspective of forecast data preparation, there are two types of number of

steps to be predicted [69], [70]:

• Single-step technique uses a set of time periods (i.e. hours) to generate predic-

tion of the subsequent value (the value of next hour in the case of hour period

window). Figure 2.10 shows the single-step technique to predict the next value

of st+1 by using previous six hours window.
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• Multi-step technique utilizes the same inputs as single-step to predict multiple

steps of output, i.e. for the hourly steps case, it is to predict outputs for the

next 3 hours. Figure 2.11 shows the technique of multi-step.

Figure 2.10: Single-step technique for hourly periods

Figure 2.11: Multi-step technique for hourly periods

2.3 Machine Learning (ML) Approach

Machine learning is a field of artificial intelligence that enables computers to extract

models from datasets and then use these models for prediction, without being explicitly

programmed for each task. A ML model is not a predefined function but built and

refined through many cycles of error minimization known as training which is done
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using historical data [71]. Brink [68] defines the basic of ML workflow as in Figure

2.12.

Figure 2.12: ML Workflow

2.3.1 Workflow of Machine Learning Approach

The general workflow of the ML approach contains following steps:

1. Data acquisition and preprocessing by collecting data from the input source,

like daily drilling reports, with additional from reservoir and geology [20], [21].

2. Part of preprocessing is to normalize input data [9], [21], [50] and do quality

check [44] which can use specific method like Savitzky-Golay (SG) method [46]

or several steps like what have been done by [72]: data clustering using K-means

algorithm and outlier detection for improving data quality. Mehrad et al. [49]

uses Turkey method to remove outliers.

3. Important variables (features) selection, the process to select important features
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through feature ranking process [38]. It is also called as feature engineering [37].

Several known methods are:

• Mutual information analysis method [47].

• Non-dominated sorting genetic algorithm II (NSGA-II) [49]

4. Training, validation and testing use different portions of a dataset. This process

is normally done to find the best number of layers and neurons for input, hidden

and output layers.

5. Modeling, various modelling implementations such as:

• Single model [73], [74]

• Comparison of several ML models, such as RF, cubist, monotone multi-

layer perceptron (MON-MLP) NN [38]; support vector regression (SVR),

gradient boosting machine (GBM), NN, K-Nearest Neighbor (KNN), RF,

Boosting [75]; ANN, extreme learning machine, SVR and least-square SVR

(LS-SVR) [44]. While [11] compared eight ML approaches: RF/Decision

Tree (DT), ANN/DL, Recurrent Neural Network (RNN), Multivariate Lin-

ear Regression (MLR), LASSO Regression, Ridge Regression, Principle

Component Analysis (PCA) and Spline Regression.

• Comparison of ML models in different approaches: [17], [23], [25], [37], [50].

And more complex comparison as follows:

– Several ML models: linear regression classification and regression tree

(CART), RF, GBM has also been compared with several deterministic
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models where a hybrid of mathematical Bingham model shown the

lowest relative error compared with all [72]. Although this is used

when a trust-region mathematical tool method is applied.

– Statistical approach of multiple linear regression (MLR) compared

with various forms of SVR to proof that SVR is has better accuracy

in the condition of insufficient data [48]

– ANN was compared with other ML approach and showed better per-

formance [44], [76], [77].

• Hybrid methods of ML models with other models can be applied as follows:

– Combination of three deterministic models: Bingham, BY and Motah-

hari which ensembles using ML model shows that Stacking alogrithm

outperformed the other five ML models: mean, regression, bagging,

RF, KNN [10]

– ANN of MLP or radial basis function (RBF-NN) combined with

evolutionary algorithms: GA, particle swarm optimization (PSO),

biogeography-based optimizer (BBO) or imperialist competitive algo-

rithm (ICA) [46]

– An improved bat algorithm called iterative local search and stochastic

inertia weight (ILSSIWBA) is combined with SVR (SVR-ILSSIWBA)

[47].

– ML estimation tool of SVR, least-squares SVM (LSSVM), and MLP

combined with optimization tool for each with: Cuckoo optimization
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algorithm (COA), PSO and GA [49]

– Adaptive ANN which was using self-adaptive differential evolution

(SaDE) algorithm outperformed four other mathematical models [76]

• Combination of several ML models which is called as stack ensemble has

done by [9] which divided the training into two stacks each stack is a

single transformer network (STN) which then this whole stack is called as

ensemble transformer network (ETN).

6. Evaluation, to find the best result, which normally use the coefficient of determi-

nation R2 which shows that the ML model is more efficient than mathematical

models [17]

Based on the relationship between the input features and output result, ML algo-

rithms can be divided into two categories, namely supervised learning and unsupervised

learning [68], [78]–[80]. Awad and Khanna [71] classify more types of ML approaches

such as semi-supervised learning, reinforcement learning (RL), transductive learning

and inductive learning.

2.3.2 Supervised Learning

Supervised learning is a type of ML where the target value of each training data is

known. So during training the ML algorithm tries to find the best possible model

that maps the input data to the target data. The learned model can then be used to

predict target values of similar datasets [78].

There are two types of supervised learning: classification and regression. In clas-
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sification the target output is categorical whereas in regression it is numeric [71], [79].

Figure 2.13 shows the workflow of supervised learning which is modified from the

diagram proposed by [71] with additional testing data information.

Figure 2.13: Supervised Learning Workflow

An example of regression is to predict the stock price on day t based on the stock

prices on days t− 1, t− 2 and t− 3 [78]; and an example of classification is to predict

species of a bird based on the weight, wingspan, and back color of the bird [79].

Classification

As mentioned above, classification models are used to predict categorical values. Clas-

sification can be multiple or binary class classification [68]. For example, predicting

type of hazards which can be stuck pipe, lost circulation or other hazards is a multiple

class classification, whereas classifying whether there will be a DH happening or not is

a binary class classification. Figures 2.15 and 2.14 depict the classification procedures

for multiple and binary classification, respectively. Both workflows utilize the same

input data features but yield different types of classification results.
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Figure 2.14: DH as Binary Class Classification Illustration

Figure 2.15: DH as Multi Class Classification Illustration

Regression

Unlike classification which is used to predicting limited possible outcomes, regression

is used for the prediction of unlimited number of numeric values [68], [80]. Regres-

sion uses regressor as a model for to predict a target numeric value. According to

Brandewinder [80], there are two aspects that differentiates a regression model from

a classification model:

• The prediction output is actual numerical values, the range of the values is wide

and comparable.

• Point of interest is the relationship between the features and the prediction

value, where the changes of features can affect the prediction values.
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Figure 2.16: DROP Regression Illustration

The prediction of DROP in drilling operations based on the feature inputs of WOB,

bit rotary speed, flow rate, measured depth, mud weight and standpipe pressure is an

example of a regression model. In this case, the prediction output is a numerical value

of DROP where the changes of the feature values can affect the prediction DROP

value. Figure 2.16 shows how different features in drilling operations (symbolised

with different shapes) through a regression model will produce the prediction of target

numerical value as DROP value.

2.3.3 Deep Learning

Deep learning (DL) is a type of ML that is able to detect complex pattern between

the input, and outputs on which the classical ML algorithms are unable to do [70].

This includes:

• Capability to learn from any complex mappings or patterns between the inputs

and outputs.

• Support for multivariate time-series data (inputs or outputs)
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• Ability to detect patterns that are scattered through the long series in dataset.

Nowadays, deep learning algorithms (DL) are mainly used for time-series analysis.

The notable techniques employed are Convolutional Neural Network (CNN), Recur-

rent Neural Network (RNN) with its enhancements like Long Short-Term Memory

(LSTM) and Gated Recurrent Unit (GRU), and the cutting-edge technique called

Transformer [9], [12], [71], [81]–[84].

RNN has two significant advantages over other neural network techniques, such as

fully connected neural networks (FNN) as follows [70]:

• RNN allows for a variable number of input sequences, unlike FNN which has a

set or limited input sequence length. This makes RNN well-suited for analyzing

time-series data.

• The order of sequence is crucial: FNN does not discern the pattern of an input

sequence; it only represents a collection of numbers. Nevertheless, Recurrent

Neural Networks (RNNs) retain a concealed value following each input process-

ing, which serves as an internal memory to give an accurate prediction for the

future values.

A RNN architecture can be divided into three layers: input layer, hidden layer,

and output layers. Figure 2.17 illustrates an unfolded RNN architecture where each

specific part, such as the input’s weight wi, the hidden’s weight wh, and the output’s

weights wo, each different values for each input, hidden and output will be same

across the whole sequence. Following equations are showing the update of the hidden

(internal) state h and the output y at the time step t [84]:
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ht = f(Wi(xt + bi) +Wh(ht−1 + bh))

yt = g(Wo(ht + bo))

Figure 2.17: An unfolded RNN architecture

The issues of vanishing and exploding gradients were identified in recurrent neural

networks (RNN) [81], [82] despite the previously noted benefits [70]. When the length

of the unfolded RNN increases and the value of the weight wh is less than 1, the input

value is multiplied by the weight’s value raised to the power of the network’s length.

This multiplication results in a value near to 0, which is known as the vanishing gra-

dients problem. On the other hand, if the value of wh is greater than 1, it will result

in the issue of exploding gradients. These two conditions complicate the process of

determining the optimum loss function, as it can result in either too small or exces-

sively big steps. Long short-term memory (LSTM) and Gated Recurrent Unit (GRU)

are types of RNN that were specifically designed to address the issue of vanishing and
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exploding gradients [84].

Long Short-Term Memory (LSTM)

LSTM works by using an internal memory cell on which there are gates that will

control the effect from the previous cell state, how the current cell will be updated

and how the output will be generated [82], [84]. The gates are forget, update and

output, respectively [84]. Figure 2.18 shows the LSTM architecture [84] where the

external input xt, the prior output yt−1 and the prior cell state ht−1 influence each

gate (sigmoid function) and operator (hyperbolic tangents function) as follows:

• forget gate gf is the result of activation on the Wfxt, Rfyt−1 with bias bf

• operator o1 will generate candidate of the next cell state h̃t based on the Whxt,

Rhyt−1 with bias bh

• update gate gu is the result of activation on the Wuxt, Ruyt−1 with bias bu

• the next cell state ht is the result of linear operation between h̃t modified by gu

and ht−1 modified by gf . In this case if the gf is 1 and gu is 0 then the result

of the current state ht will be the same as ht−1 therefore the issue of vanishing

gradient does not happen (as the objective of LSTM)

• output gate go is the result of activation on the Woxt, Royt−1 with bias bo

• then as the final output is the result of linear operation between go and the

operator o2 as yt

The equations for each previously described processes of LSTM are as follows:
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Figure 2.18: LSTM architecture

gf = σ(Wfxt +Rfyt−1 + bf ),

h̃t = o1(Whxt +Rhyt−1 + bh),

gu = σ(Wuxt +Ruyt−1 + bu),

ht = gu
⊙

h̃t + gf
⊙

ht−1,

go = σ(Woxt +Royt−1 + bo),

yt = go
⊙

o2(ht).

Gated Recurrent Units (GRUs)

A simplified LSTM called GRU works without using cell states explicitly, and unlike

LSTM that has two gates to control hidden state, GRU has only one gate which is reset
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gate [81]. Figure 2.19 shows the GRU architecture [84] with following explanation:

• reset gate gr is the result of activation on the Wrht−1, Rrxt with bias br

• current state h′
t−1 is the result of linear operation between ht−1 and gr

• operator o will generate candidate of the next hidden state zt as the result of

activation on the Wzh
′
t−1, Rzxt with bias bz

• update gate gu is the result of activation on the Wuht−1, Ruxt with bias bu

• then as the final output is the result of linear operation between (1 minus gu

linear operation with ht−1) and the result of linear operation between operator

o and gu as new state ht

Figure 2.19: GRU architecture
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The equations for each previously described processes of GRU are as follows:

gr = σ(Wrht−1 +Rrxt + br),

h′
t = ht−1

⊙
gr,

zt = o(Wzh
′
t−1 +Rzxt + bz),

gu = σ(Wuht−1 +Ruxt + bu),

ht = (1− gu)
⊙

ht−1 + gu
⊙

zt.

Transformer Neural Networks

Transformers uses attention encoder-decoder approach but without the recurrence

process [85] with the following architecture:

• Encoder and Decoder, both have similar number of stack, N = 6, with each layer

has multi-head self-attention part and a position-wised fully connected FFN. In

decoder, there is one layer inserted between the two layers which will do multi-

head self-attention on the output from the encoder. While the self-attention in

the decoder is modified to make sure that the prediction on the ith will only

depend on the output from the position prior to it.

• Attention Model, in Transformer, is a mapping of query (Q) to set of key (K)

value (V ) pairs. This attention model is called Scaled Dot-Product Attention
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(SDPA), and is computed as:

Attention (Q,K, V ) = softmax

(
QKT

√
dk

)
V

The multi-head layer in the encoder or decoder is the concatenation of the

SDPAs which is projected h times in parallel that will produce dv-dimensional

output values.

Multihead (Q,K, V ) = Concat (head1, · · · , headh)WO

where headi = Attention
(
QWi

Q, KWi
K , V Wi

V
)

• Additional Components, the other components are as follows:

1. Position-wide FFN, in both encoder and decoder:

FFN (x) = max (0, xW1 + b1)W2 + b2

2. Embeddings and Softmax, are use to convert the input and output tokens to

vectors that have dimension dmodel and to convert the output from decoded

for the next token probabilities prediction respectively.

3. Positional encoding, the information about tokens position in the sequence

that being added before the inputs or outputs enter the encoder and de-

coder respectively.
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Figure 2.20: Transformer Model Architecture

Figure 2.20 shows the architecture of the Transformer model.
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CHAPTER 3

RELATED WORK

Research on DROP and DH predictions have been ongoing for over a decade. Prior

to the data-driven approach, mathematical/analytical and statistical methods were

employed to predict DROP and DH. Recently, data-driven techniques, such as machine

learning, have gained popularity, and they perform better than other methods. This

chapter consists of two sections. The first section discusses the various techniques to

predict DROP and the second section discusses the techniques to predict DH.

3.1 DROP Prediction Techniques

A drilling operation carried out without careful quantitative calculation of the in-

terrelated features obtained from several different individual operations can result in

a significant increase in cost [14]. The relationship between these features must be

studied because they affect the speed of the drill bit to penetrate into earth formation

[13].

Since the DROP is directly related to the drill bit, it is important to be modeled and
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predicted. Once a model is built, it will be used as a reference for DROP prediction.

If the observed values depart from the predicted values, it might be considered an

anomaly, as it has the potential of extending drilling time and increase drilling costs.

The reduction of DROP during drilling is a possibility of drilling problems such as,

the vibrations of the bit, drill string problems or bit bailing problems [15].

Increasing the DROP beyond certain rate is also counter productive. It can cause

serious drilling problems like stuck pipe. The DROP given by a certain model depends

on the values of the various features that affect the speed of the drill bit [21], [25].

There are several techniques of DROP prediction that researches have used and

they can be classified into four categories, namely, mathematical models, statistical

models, data-driven models, and hybrid models [12]. Figure 3.1 shows the summary

of existing technique for DROP predictions.

3.1.1 Mathematical Models

In mathematical models, researches try to model the correlation between features

related to DROP using some mathematical formula. An example of using physical

processes to form a model that can predict DROP is proposed by Warren [13]. This

model predicts DROP on cone bits when the borehole-pressure is low. It also cal-

culates both cuttings generation and removal. The cause of DROP reduction is also

investigated and found that pieces of rocks that piled up during the drilling or lo-

cal catering affect both are react differently when level of hydraulics increases. The

former will improve DROP but the latter will not. It was also found that increasing

WOB with oil mud will increase DROP than using water mud.

43



Figure 3.1: DROP Prediction Techniques

Bizanti [86] focused on building mathematical model using field data in the state

of Lousiana taken from the drilling operation up to 20,000 ft. He investigated the

correlation between depth, WOB, rotational speed, bit characteristics and DROP.

The objective was to develop a model based on the aforementioned features on soft

and hard formations in Lousiana. It was concluded that if bit weight increases, the

coefficient of rotary speed exponent decreases and vice versa. DROP was impacted

by the rotary speed on formations significantly at shallow and less at the deeper

formations. In soft formations, DROP was maximum with low WOB and high RPM,

and highly dependent on depth, WOB and RPM. While in the hard formations, the

highest DROP was when WOB and RPM were high, and weakly dependent on those

features.
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Xu et al. [14] presented a more thorough mathematical model which takes in to

consideration rock or formation strength as well as workflows and data pre-processing

like removing null data and outliers. They also proposed process steps like in the

modern time series machine learning approach by calculating values of a parameter

using its previous values. At the end, a mathematical formula was constructed and a

DROP model for PDC bits was built based on mud logging data with wireline logging

data. Not only did they focus on DROP prediction, but they also demonstrated the

utility of acoustic transit time (δt) in assessing rock drillability.

By employing mechanical specific energy (MSE), which represents the energy re-

quired to cut out the rock, Bjornsson et al. [15] developed a formula to predict DROP

via three distinct processes. Initially, the minimum MSE was estimated by employing

the wireline log data, downhole pressure, and lithology. The power required to cut the

rock is then determined using the WOB, rotary speed, bit diameter, and friction fac-

tor. Ultimately, the DROP is estimated by combining the aforementioned data with

additional information regarding the diameter of the holes. As a result, the DROP for

different hole sections increased by 15%, 52%, and 60%, respectively, for hole sections

measuring 311.2mm, 215.9mm, and 142.9mm. Additionally, it prolonged the life of

the TCI bits by 33% and decreased the total duration by 15 days in comparison to

the budgeted authorization for expenditure (AFE).

Caicedo et al. [16] developed specific energy ROP (SEROP) to predict DROP. It

considers the method as rock strength function which can be applied to all various bit

types. The generated model computes minimum, maximum and average DROP. Since

the developed method is based on rock cutting principles, it is flexible and easy to
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update. Also the method doesn’t require a specialist to operate it. It can be operated

by any skilled drilling engineer.

3.1.2 Statistical Models

There are several techniques being used that can be categorized as statistical models.

Multiple regression analysis (MRA) uses historical dataset to calculate features that

will be used in an equation to produce best result of the equation. Some variables of

the mathematical equation is determined by measurement and others are computed

by method known as least squares. The process iterates through all the datasets and

each value of the dataset is used to compute the coefficients of the equation.

Eren and Ozbayoglu [18] used statistical method by doing multiple regression

analysis against historical data to find coefficients for pre-defined DROP model. The

predicted DROP can represent the actual measurements realistically and the accuracy

of the predicted value increased as the data volume increased.

Seifabad and Ehteshami [87] developed generic model for DROP prediction which

can be used in different formations, each with unique characteristics. The coefficient

of the models were determined using the following features: bit diameter, bit rotation,

WOB, depth, mud density, and mud viscosity. MRA is used to determine the correct

model. Experimental results show that the model accuracy degrades with lower DROP

values.

Morajevi and Naderi [88] investigated technique which uses historical dataset to

calculate features called response surface methodology (RSM). It uses quadratic form

with the DROP as dependent variable and a set of constant coefficients as independent
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variables. The coefficients are derived from the historical data and are estimated by

minimizing their sum of squared errors. The DROP prediction has 95% confidence

interval and it can be affected by many factors, such as well depth, plastic viscosity

ration, WOB, rotation speed, bit jet impact force, and 10 min to 10 s get strength.

3.1.3 Data Driven Model or Machine Learning Models

Data driven models are the most recent techniques and use machine learning [17],

[19]–[21], [25], [43]. Barbosa, et al. [12] named this as machine learning (ML) models.

Unlike the mathematical approach, the data driven model doesn’t try to model the

physical process into mathematical model but it uses data as input and output and

identify the relationships between them and then it uses that for prediction.

Some proposed hybrid approaches which combined the data driven model with

other aforementioned models. The combination can be of two or more techniques.

For example, the combination of mathematical model based on Genetic Algorithm

(GA) with ANN which was proven to be more accurate than regression or ANN only

models [26], [89].

Artificial Neural Network (ANN)

In recent years ML approach has being given more attention by researchers. Most

of the early ML solutions were based on ANN. For example, Rahimzadeh et al. [17]

proposed a DROP prediction model based on ANN. The model takes as input eight

features, namely true vertical depth (TVD), WOB, rotary speed (N), mud weight, bit

tooth wear, pore pressure, rock strength (S), and hydraulic jet impact force across the
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bit (Fjm). The model was built using MATLAB Neural Network Fitting Tool (NFT).

The dataset was split into three sets of training, validation and testing, 60%, 20%

and 20% respectively. After many experiments they found the right number of layers

which consists of 20 neurons. This approach improved the correlation factor, R2, from

0.812 to 0.825.

Moran et al. [19] used ANN to improve a simple DROP prediction algorithm

which used six input features, namely rock strength (S), rock type, abrasion, WOB,

rotary speed (N) in RPM, and mud weight. The results show significant improvement

with excellent DROP prediction derived from historical data from offset wells. First,

a model for each offset well is built to identify lithology, rock strengthness, and well

correlation and then ANN model is built with 8 hidden layers and two outputs, DROP

and bit wear. The result show a correlation, R2, of 0.8. They showed three scenarios

that can predict DROP for each hole size.

Monazami et al. [20] used 13 features, namely drill collar outside diameter (in), drill

collar length (m), kick of point (m), azimuth (degree), inclination angle (degree), WOB

(lb), flow rate (gallon per minute), bit rotation speed (N) in RPM, mud weight, solid

percent, plastic viscosity (cp), measured depth (m), and yield point (lb/100ft2). They

show that the prediction accuracy is improved significantly by using ANN, regardless

of the changes in the features. The given correlation factor is 0.8.

Jahanbakhshi et al. [21] also proposed ANN with 22 features: DROP, WOB, rotary

speed, differential pressure, density of the overlying rocks, hole depth, pump pressure

(average), equivalent circulating density (ECD), hole size, formation drillability, per-

meability, porosity, drilling fluid type, plastic viscosity, yield point of mud, initial gel
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strength of mud, 10 min. gel strength of mud, solid percen of mud, mud PH, bit type,

bit wear and bit hydraulic power (HHP). They studied various combination of hidden

neurons in a maximum of two ANN layers. They found that with two layers, with 9

and 3 neurons respectively, it gave the best result with correlation factor of 0.916.

Duan et al. [43] proposed a back propagation neural network. BPNN, for predict-

ing DROP. They trained it using six features, namely pressure difference, formation

drillability, mud density, WOB, rotation rate, and delivery capacity. The method

introduced the usage of momentum factor and dynamic learning rate to enhance the

traditional BPNN. First, fine-tune weights to make the network quickly converge and

to avoid a local minimum; and then, using random learning rate to help the network

converge not in irregular way. The architecture with 8 to 10 hidden layers produced

better result with accuracy of more than 85%.

Ahmed et al. [25] proposed as input ten features for the ANN model consisting

of five drilling features and five fluid properties, namely, rotary speed, WOB, torque,

pump flow rate, standpipe pressure, mud density, funnel viscosity, plastic viscosity,

yield point and solid percentage. It used 18 hidden layers and one output as DROP

prediction. Beside the ANN model, this study also proposed an equation for DROP

prediction which gave correlation coefficient of 0.996 and average absolute percentage

error (AAPE) of 5.776%.

Han et al. [6] proposed a model for DROP prediction that takes time as an im-

portant parameter as mentioned by Xu et al. [14]. The features that are used in the

study are considered as features of a time series dataset. The prediction was first done

through a BPNN model and then through LSTM. The BPNN model gave accuracy
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of 86% and the LSTM model gave accuracy of 93%.

Diaz et al. [22] divided the training stages into 10 equally divided sections. Each

stage is used for the prediction of several DROPs in a cumulative way: stages 1 is

used to predict stage 2; 1 and 2 to predict stage 3; 1, 2 and 3 to predict stage 4 and

so on until stage 10. The predicted values differed from the measured ones with mean

error ranging from 3.7% (on the training stage 1) to the 43.5% on the last training

stage.

Unlike the mathematical modeling approaches which normally depend on specific

features like WOB and rotary speed like the model developed by Bourgoyne, et al. [1]

or rock strength information like the model developed by Warren [13], a ML model

has advantage to use any number of features for the development of a model [17].

DROP prediction is affected by a combination of many features. DROP prediction

will be inaccurate if data of some features is not available. In contrast to the math-

ematical model, machine learning models can extrapolate the unavailable data [19].

Mathematical models have many limitations. They have low accuracy, they require

huge resources, their coefficients are very difficult to accurately compute, and they

are less able to adapt if applied in different environments [43]. Table 3.1 shows the

comparison of some of the ML and its hybrid approaches covered in this study. The

study included many comparisons but the table only shows the one with significant

result.

Comparison of Multiple Or Ensemble ML Models

Soares and Gray [45] compared some mathematical and ML models using drilling
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features, such as WOB, drillstring rotary speed, and mud flow rate. The three ML

models outperformed the mathematical models. The mean error of the best ML model,

random forests (RF), was lower by more than 20%. RF itself outperformed the other

two ML models. namely support vector model (SVM) and NN. RF also outperformed

the other models when tests were done using real-time data.

Alsaihati et al. [99] introduced ensemble model built from RF, ANN and adap-

tive neuro-fuzzy inference system (ANFIS). The model was trained using 70% of the

dataset and tested using the 30%. First, the ANN and ANFIS, known as base learn-

ers, were trained and tested and resulted in meta features. Then both of the original

features and meta features were used to train the RF based meta model to predict

DROP. Test results showed that RF based meta model outperformed the original RF

model with R2 of 0.97 and 0.96 respectively.

Deep Learning (DL)

Han et al. [6] considered predicting DROP as a time-series forecasting problem. They

used LSTM to predict DROP. They compared the performance of their proposed

model with ANN BP. They showed that the accuracy of their LSTM was 93% whereas

that of ANN BP was 86%.

Hong et al. [9] used Transformer network (TN) with a classification algorithm on

time series data to predict DROP. Unlike RNN that uses recurrent connections, TN

uses a technique called self-attention that relates the input sequence to a calculated

score of attention. The proposed approach outperformed mathematical models with

MAE of 3.46 and MRE of 23.68%. They also combined multiple DROP prediction
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models using a technique known as stacked ensemble which consisted of 17 models.

They trained it using a dataset of 16 wells. The later model outperformed the first

one. Its MAE was 2.96 and its MRE was 20.71%.

Encinas et al. [100] proposed a model with two branches RNN with LSTM cells

and multilayer perceptron (MLP). The RNN branch input is the past DROP data on

which a Gaussian noise layer is applied before going to the RNN and the result will

go through a dropout layer. The other branch inputs are the drilling features such

as depth, calculated DWOB, hookload, surface torque, RPM and standpipe pressure

which will go through set of layers: MLP, dropout, flatten and another MLP layer.

Both of the outputs from the RNN branch and the latter MLP branch are concatenated

before going to the final MLP layer to generate DROP prediction. The proposed

model was compared with other ML models: RF, GBM and and extreme GBM, and

it outperformed all of them.

3.2 Hazard Prediction Techniques

One significant piece of research that helps drilling operations minimize unproductive

time and become more cost-effective is drilling hazard prediction. The same group of

strategies, similar to those for DROP prediction, have also been put out by several

studies for DH prediction. The methods use statistics and the most modern machine

learning data-driven techniques. The main DH topics studied by researchers include

bit balling detection, kicked detection, lost circulation, and stuck pipe detection. Var-

ious methods proposed by researchers to predict DH are explained in this section.
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3.2.1 Statistical Models

Shoraka et al. [101] used multivariate statistical regression and discriminated analy-

sis method to predict stuck pipe. The proposed method uses 26 features to develop

equation that represents stuck pipe event. Dataset were collected on daily basis and

labelled as stuck or non-stuck and was used in the equation. In general, regression

analysis is proven to give more accurate predictions than discriminant analysis. Fur-

thermore, the latter analysis can predict stuck pipe event three days before it happens,

while the former only one day prior to the event.

Chamkalani et al. [102] incorporated support vector regression (SVR) with hybrid

least square support vector regression Coupled with Simulated Annealing (CSA) opti-

mization technique (LSSVM-CSA) to tune the SVR hyper parameters. This approach

is applied to distinguish an event whether it is differential or mechanical stuck. The

accuracy of the differential stuck, mechanical stuck, and non-stuck was 96.6%, 96.1%,

and 97.2% respectively.

Hess [53] used statistical linear regression model to calculate coefficients, subse-

quently multiplied with collected data for each selected feature taken from the logging-

while-drilling (LWD) measurement. Some of the features are characteristics of the

wellbore and BHA, downhole pressure and temperature, mud properties and drilling

practices. The model had R2 of 0.902 with confidence level of 95%.

3.2.2 Data-Driven or Machine Learning Models

Salminen et al. [66] combined two analysis methods to predict stuck pipe. The first one
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is to predict real-time data deviation based on real-time model using specific software;

and the second one is to analyse the trend of the real time data. These methods use

features such as pump pressure, flow rate, torque, rotary speed, hookload and drag,

and WOB. An optional equivalent circulating density (ECD) information will improve

the result if available. The result will be an alert issued approximately 38 minutes

prior to the event.

Alshaikh et al. [103] built a model to predict stuck pipe using real-time drilling

data. The model was tested on some wells and gave good result and was able to predict

stuck pipe event. There were two early detection cases reported when the model was

applied. In the first case, it predicted a stuck pipe event 2.5 hours prior the incident

mainly due to decrease of standpipe pressure and subsequently an increase of mud

flow. In the second case, it was when a rotary drilling experienced dynamic loss and

restrictions during running in a hole, the model was able to predict stuck pipe event

five hours before the actual incident.

Murillo et al. [104] used fuzzy logic and NN for stuck pipe prediction with dis-

criminant analysis first for grouping the predictive model as differentially stuck, me-

chanically stuck and non-stuck. Both of the models divided the dataset into 75% for

training and the rest for testing. NN outperformed fuzzy logic with lower number of

misclassification.

Al-Baiyat and Heinze [105] implemented ANN and SVM models to predict stuck

pipe. It also gave more detail of the stuck event such as differentially or mechanically

stuck and non-stuck. The accuracy for both the proposed models are 85%. However,

the SVM model produced more reliable predictions and was more practical because it
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needed fewer features to be optimized.

Zhu et al. [106] also used ANN model to predict stuck pipe. First, features for

the model were taken from the well’s formation pressure. Subsequently, the weight of

each feature of the model is calculated using drilling fluid performance data. Finally,

the model calculates the probability of stuck pipe.

Alshaikh et al. [67] compared three classification models to detect stuck pipe event,

namely ANN, decision tree, and SVM. These models utilized following features: hook

load, standpipe pressure, torque, DROP, WOB, drilling fluid flow-in rate and rotary

speed in RPM. The performance was measured using 3-fold cross-validation technique.

The SVM model gave: 98.62% accuracy, 96.88% precision, 94.88% sensitivity, and

99.39% specificity.

Magana-Mora et al. [107] implemented a framework that covers end-to-end pro-

cesses from automation on data extraction, analysis on the feature selection, until the

model prediction. Accordingly, 11 features were selected from drilling parameters,

drilling performance, drilling fluid, and survey data. Finally, four models of RF, DT,

ANN and SVM were compared. RF outperformed the others with 82.75% accuracy.

Abbas et al. [56] investigated lost circulation prediction using ANN and SVM. The

proposed models were built a dataset collected from 385 wells that covers features such

as drilling operation parameters, formation type, lithology information from the rock,

and characteristics of drilling fluid. Following this, both models, ANN and SVM, were

optimized using hyper parameters specific to each model. At the end, the two models

were tested and the accuracy of SVM was 0.91 and ANN was 0.83.

Yang et al. [108], proposed machine learning approach to detect gas kick hazard
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in real time. An ANN model was selected and utilized to identify gas kick after gas

cased compiled from logging data. The model uses seven features which were selected

through PCA method. The selected features were weight of hook (WOH), ROP, SPP,

RPP, flow pumps, PUMP1, and PUMP2. The proposed model was tested and it

showed its ability to predict gas kick earlier to the incident.

Yi et al. [109] investigated five drilling dysfunction events including stuck pipe

and bit balling with Bayesian networks classification models. The models utilize only

surface data features to detect the dysfunction and was proven that the detection

models give robust result. Further detail of bit balling detection was concluded after

aggregating information from trends of the surface data. The trends started with the

decrease of surface torque through the Bayesian network, and finally the condition of

bit assertiveness that became decreased. Eventually, the classifier model was able to

predict the bit balling event.

These studies highlight the successful outcome of deep learning recurrent neural

network (RNN) models, specifically long short-term memory (LSTM) and transform-

ers neural network (TNN), in predicting DROP. The LSTM model had superior per-

formance compared to other machine learning methods, including BP ANN [6], SVR,

RF, and GRU [34]. Additionally, an ensemble TNN with classification beat mathe-

matical approaches Bingham and Warren [9]. However, there is a lack of literature

comparing the TNN and LSTM models. Both models are deep learning algorithms

that handle time-series data. Furthermore, each publication faces the difficulty of

using diverse datasets, with only a limited number of them utilizing publicly available

datasets such as Volve [4], [9], [90] or FORGE [93], [98] datasets.
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Table 3.1: ML Comparison for DROP Prediction
References Models InputsPerformance Dataset and Training Splits [(%)]
Rahimzadeh et al.,
2010 [17]

(ML): NN, (Math): BY, Warren 8 R2: 0.825 2 wells in SK gas field, Qatar-Fars Arch
Persian Gulf, Iran [60, 20, 20]

Moran et al., 2010 [19] NN 6 R2: 0.8
Monazami et al., 2012
[20]

NN 13 R: 0.98913, MSE: 0.0591 336 cases from DDR of 1 oil field, South-
ern Iran [79.76, 10.12, 10.12]

Jahanbakhshi et al.,
2012 [21]

NN 21 R: 0.9160, MSE: 0.015 [75, 15, 10]

Bezminabadi et al.,
2017 [50]

(ML): NN, (Stat): MNR 9 R: 0.87, RMSE: 0.009 604 data in 1 well of Azadegan, South-
west Iran [80, , 20]

Eskandarian et al.,
2017 [38]

MON-MLP, RF, Cubist 6 R2: 0.8009, RMSE: 1.33 5 wells in Southwest Iran [10 CV]

Hegde et al., 2017 [37] (ML): RF, Ensemble; (Mat): Bingham,
Motahhari, Hareland

3 R2: 0.84, RMSE: 8.3 Bakken shale [10 CV]

Ashrafi et al., 2018 [46] (ML): MLP-NN, RBF-NN 8 R: 0.933, RMSE: 1.12 Marun oil field, Southwest Iran [10 CV]
Han et al., 2019 [6] LSTM, BP ANN 32 MAPE: 7% 1 well in Southern China [55.56„44.44]
Noshi, 2019 [75] RF, ANN, SVR, RR, GBM 18 R2: 0.88, MAPE: 10% 60 wells
Gan et al., 2019 [47] SVR-ILSSIWBA, BP, ELM, RS, RF,

SVR, LSSVR, SVR-PSO, SVR-Simplex
4 RMSE: 0.398, NRMSE:

10.586%, MAE: 0.343,
MAPE: 10.114%

95 drilling data from 1 well in Shen-
nongjia, Central China [84.21„15.79] and
10 CV

Singh et al., 2019 [11] Spline Regression, RF, NN, RNN,
MLR, RR, PCA

15 MAPE: 13% 50 wells in Permian Basin, Texas, USA.
45 wells for training and 5 wells for testing
with leave one out cross validation

Hadi et al., 2019 [23] NN, MRA 8 R2: 0.96, MSE: 1.89 1 well in Southeast Iraq [70„30]
Ahmed et al., 2019 [44] (ML): NN, (Math): Bingham, Maurer,

BY
10 R2: 0.9912, R: 0.996,

MAPE: 5.776%
347 data points of deep shale formation
[70„30]

Diaz et al., 2019 [22] NN 9 MAPE: 23.7% 2 wells PX-1 and PX-2 from South Korea,
divided data into 5 cases.

Al-AbdulJabbar et al.,
2020 [76]

NN 6 R: 0.956, MAPE: 5.29% 2 wells Well-A and Well-B [85„15]

Najjarpour et al., 2020
[72]

Hybrid Bingham 5 MAPE: 13.59% Well in Southwest Iran, using DDR, BHA
report, bit report and geology report

Quisbert, 2020 [4] LSTM 6 R2: -3.17, MAE: 13.83 1 well: 15/9-F-5 from Volve dataset,
Norway [60„40]

Hong et al., 2020 [9] (ML): Ensemble TNN, TNN; (Math):
Bingham, Warren

14 MAE: 2.96, MAPE: 20.71% 23 wells from Volve dataset, Norway
[73.91„26.09] where 17 wells for training
and 6 for testing

Tunkiel et al., 2020 [90] GB 11 R2: 0.82, MAE: 4.75 7 wells, Volve dataset, Norway [90„10]
Alali et al., 2020 [77] NN 3 R: 0.94, RMSE: 9.224,

MAPE: 5.95
Onshore Field-A 12” section, 2500 wells
in 10 rigs [70„30]

Hazbeh et al., 2021 [91] MLP-ABC 7 R2: 1, RMSE: 0.009312,
MSE: 0.000087

Kaboud oil field well 7 with 1878 dataset
[80„20]

Brenjkar and Delijani,
2021 [92]

(ML): PSO-MLPNN, RBFNN, ANFIS,
SVR, (Math): BYM, Bingham

13 R: 0.698, RMSE: 4.916 1912 samples from southwest Iran, di-
vided by 6 cases

Gan et al., 2021 [30] ELM 3 RMSE: 0.85 Well ZK3 in Xiangyang area, Central
China [10 CV]

Ben Aoun and
Madarász, 2022
[93]

RF, NN 6 R2: 0.84, MAE: 2.46 FORGE site, Pason log files for well 58-
32, 7311 rows of data [70„30]

Fan et al., 2022 [94] RF 7 R2: 0.82, MAPE: 14.52% 4 wells in X block of T oil field [75„25]
Zhou et al., 2023 [95] (Hybrid): Mota-RF, Mota-ANN, Mota-

SVM; (Math): Hareland, Motahhari;
(ML): ANN, SVM, RF

13 RMSE: 2.65, MAPE: 9% 70 wells [90„10]

Chen et al., 2023 [96] LSTM, SVR, BPNN, RF, RNN, GRU 27 MSE: 80.95, RMSE: 9, MAE:
6.12, MAPE: 12%

Block N of Bohai oilfield, China with
9.193.408 data points [75„25]

Jiao et al., 2024 [97] (Hybrid): Eckel-SVM, Eckel-RF,
Soares-SVM, Soares-RF; (ML): RF;
(Math): Soares

14 R: 0.9936, RMSE: 1.5861,
MAPE: 5.09%

5655 data points from Halahatang oild
field, Tarim Basin, China

Yehia et al., 2024 [98] ET, LGBoost, RF, GBR, KNN, Cat-
Boost, SVM, XGBoost, ANN

11 R2: 0.933, RMSE: 8.13,
MAE: 4.23, MAPE: 15.24%

FORGE dataset well 58-32, 7310 rows
[80„20]
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CHAPTER 4

METHODOLOGY

To meet all the objectives of this thesis, a methodology of four stages was adopted.

In the first stage, benchmark dataset relevant to this study were analyzed. In the

second stage, the analyzed data were preprocessed and made ready to be consumed

by deep learning algorithms. In the third stage, a number of deep learning models

for the prediction of DROP and DH were selected and optimized. In the last stage,

the performance of the proposed deep learning models was analyzed and compared.

Figure 4.1 illustrates the adopted methodology which consists of the above mentioned

four stages: data analysis, data preprocessing, model selection, and model assessment.

The subsequent sections will explain each stage.

Figure 4.1: Methodology Phases
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4.1 Data Analysis and Preprocessing

4.1.1 Data Analysis

The dataset used in this study is called the Volve dataset. It was collected from 24

wells by Equinor, a Norwegian state-owned international energy firm. We chose it for

this study because it is widely used as a benchmark dataset, and it is easy accessible

by any researcher. It has been used in a variety of research related to drilling operation

in the oil and gas industry [4], [9], [90].

Similar to the study done by Hong et al. [9], this work uses the complete Volve

dataset. This is in contrast to existing studies, were a subset of the Volve dataset is

used. They used subset of the dataset that belong to few wells [100], [110], [111] or

those with specific format [90], [112]. More details of this dataset is given in Section

5.2.

The Volve dataset provides two types of well data: time-based log data and depth-

based log data. We utilized the depth-based log data to construct and assess the deep

learning models. Subsequently, the time-based data will be chosen and combined

with the daily drilling report (DDR) information. This will generate a dataset that

includes both time and status information for DH prediction. The analysis process

will be segmented into three sub-processes: data import, data selection, and data

combining.

In the data import stage, relevant data was transformed into a comma-separated

values (CSV) format, and then in the data selection stage, irrelevant data was removed

and separate depth and time based data. The last stage of data analysis is to do data
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merging with activity information that contains time and status of the operation

(i.e. normal or hazard/failure happened). Figure 4.2 shows the data analysis sub-

processes.

Figure 4.2: Data Analysis Phases

4.1.2 Data Preprocessing

Data preparation is an essential step that must be carried out before the deep learning

models can use the data. This procedure consists of four consecutive steps. The first

two phases were exclusively implemented for the data meant for DROP prediction, as

the absence of data and outliers are crucial for DH prediction. In the initial stage,

data quality for DROP were validated and all missing values were either substituted

with suitable alternatives or eliminated from the dataset. Following that, in the

second stage, extreme outlier removal was performed. In Step 3, the data was labeled,

specifically for hazards detection. The process of data normalization was executed as

the final stage in the operation of the deep learning models. The details of the above

mentioned steps is explained in 5.2.2

60



4.2 Model Construction

DNN models, such as LSTM, outperform other ML models when forecasting using

sequentially sampled time series data [4]. Hence, in this study, time series forecasting

of DROP and DH is done using DL models.

In recent studies, LSTM has been shown to outperform other machine learning

(ML) models in forecast DROP using time series data [6], [100]. However, recently

introduced Transformer networks (TN) has show better time series forecasting per-

formance than LSTM. So far, and to the best of our knowledge, the use of TN in the

prediction of DROP has only been published in [9] and as a classification problem .

In this study, TN is used a regression model to predict DROP and is compared

with RNN-based models, LSTM and GRU. After predicting DROP, the next objective

of this thesis is to predict DH using DL. We chose classification model based on TN

for the prediction of DH using the same dataset as for DROP prediction, but with the

addition of a target column labeled with values representing the absence or presence

of hazards.

A typical workflow in model construction consists of: training, validation and

testing. Optimizing the model is done during the training by measuring the difference

between data that being observed (from the dataset) and the calculated value by the

model, called as residual through a loss function mechanism [45]. The model will be

optimized to reduce the residual. Figure 4.3 shows the model construction workflow.

A DL model consists of input, hidden and output [113] layers. The shape of the

input layer is determined by the shape of the pre-processed data. The number of

61



Figure 4.3: Model construction workflow [3]

hidden layers is determined by trial and error and by optimizing the applicable hyper

parameters, such as the number of epochs, learning rate, etc. The shape and form of

the output layer depends on the required output format.

4.2.1 Lost Function and Model Optimization

When the model is learning, the objective is to adjust the weight of the neural network

to make the difference between value from the observed data with the predicted value

calculated by the model down to 0 which is called as a loss function [78]. In this study

we utilized mean square error (MSE) for the loss function.

Mean Square Error (MSE): Given the model parameter (weight) w, training

data set X, the size of training data set n, the number of neurons in the output layer

D, the target output t, and the actual output o, MSE is calculated as following:

MSE = J(w) =
1

2n

∑
x∈X,d∈D

(td − od)
2
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. The MSE is consider better is closer to zero [3].

Based on the MSE result to reduce or optimize the residual, the optimized gradient

descent is required, it is called as optimizer. This study utilizes Adam optimizer [114]

as the model optimizer.

Adaptive Moment Estimation (Adam) Optimizer: Given the estimates of

the first moment (mean) and second moment (uncentered variance) m and v of the

past gradients respectively, exponential decay η, Adam optimizer is shown as below:

∆w = − η

e+
√

v(n)
m(n)

Additionally, g(n) represents the gradient dJ/dw and e is a small constant. Thus

the formula for v(n) and m(n) are shown as below:

m(n) = am(n− 1) + (1− a)g(n)

v(n) = bv(n− 1) + (1− b)g2(n)

The experiments have demonstrated that the initial values of variables a and b are

0.9 and 0.999, respectively. Additionally, it has been shown that the learning rate is

set at 0.0001 [3].

4.2.2 RNN Based Methods

Typically, at time t, an RNN based model consists of the input parameter xt, a memory

cell st, set of model weights wt and output ot which may be in hidden layer [3].
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The following function shows the structure of RNN based model [3]:

st = f(Uxt +Wst−1)

where f is a function known as activation function, which may be a logistic sigmoid or

hyperbolic tanget function [115] and U and W are the model weights [3]. Vanilla RNN

suffers from the gradient vanishing problem, and to counter that LSTM and GRU are

used which offer an enhancement of the activation function using a combination of

sigmoid and hyperbolic tangents along with gating units for element-wise operation

[115].

In this study, the input for LSTM and GRU based models are preprocessed and

normalized. The hyper parameter, such as epochs are optimized by many iterations;

ADAM was used as optimizer; RELU was used for the dense layer, and mean squared

error (MSE) was used as the loss function.

The LSTM model uses k input sequences to initiate output generation. The input

consists of a set of specified features, such as depth, WOB (weight on bit), torque,

RPM (revolutions per minute), SPPA (specific power per area), hook load, and mud

flow, represented by their respective values. The goal is to predict the first DROP

(drilling rate of penetration) after k sequences. The number of cells for both cell states

and hidden units is n. This will generate the next n cell states and hidden units. After

every k sequence, the hidden units from the kth LSTM cell will produce a predicted

DROP after passing through two hidden layers. Figure 4.4 displays the architecture

of the proposed LSTM model.
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Figure 4.4: LSTM Model Architecture

Figure 4.5: GRU Model Architecture

The GRU model, like LSTM, utilizes k input sequences with similar features that

initiate the generation of output. The GRU cell consists solely of hidden units of size

n, which are essential to generating the subsequent n hidden units. Following each k

sequence, the hidden units originating from the kth GRU cell will generate a predicted

DROP after going through two hidden layers. The architecture of the suggested GRU

model is shown in Figure 4.5.
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4.2.3 Transformer

The typical architecture of Transformer model consists of two major components:

encoder and decoder. Each component is stacked with two sub-layers: multi-head self-

attention and fully connected feed-forward network (FFN) layer and with additional

sub-layer of multi-head attention to receive the output from the encoder in to the

decoder stack [85], [116]. The architecture of the transformer used in this study is as

follow:

• Input Part: The set of selected features of k sequence will be used as the input

to the encoder.

• Encoder Stack: An encoder with four layered stack was selected. The sub-

layer of multi-head consists of four parallel attention layers (heads) [85]. For the

next sub-layer, FFN, of 128 dimensions with ReLU activation was used. The

output from here is sent to Decoder.

• Decoder Stack: The number of stack layers in the decoder is equal to the

number of stack layers in the encoder. Furthermore, the identical number of

heads, FFN dimensions, and activation functions were employed. The decoder

will generate one output, and in the subsequent step, the output of the encoder

for sequences 2nd to k+1 will serve as the additional input for the decoder, with

a maximum of k sequences.

Figure 4.6 shows the architecture of the proposed Transformer model for ROP

prediction.

66



Figure 4.6: Transformer Model Architecture for Regression on ROP Prediction

4.3 Model Evaluation

To study the performance of the proposed model, it is important to evaluate its

prediction accuracy, also known as generalization ability [3]. The evaluation is done by

comparing the predicted values with the true or actual values. The average difference

between the predicted values and the actual values is called a residual or error [3]. The

lower the residual error is, the better the performance of the proposed model [117].

In this study, four known evaluation metrics, namely mean absolute error, mean

square error [3], mean absolute percentage error [118] and root mean squared error

[117], were used to evaluate the performance of the proposed regression models to

predict DROP. While for the classification model to predict DH, F1 score is being

used.

Mean Absolute Error (MAE): Given a sample output of y1, y2, ..., yn and a

predicted output as ŷ1, ŷ2, ..., ŷn, MAE is calculated by taking the average of all the
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absolute values of residuals as:

MAE =
1

n

n∑
i=1

|yi − ŷi|

. The performance of a model is considered to be better if its MAE is closer to zero

[3].

Mean Square Error (MSE) MSE is similar to MAE but it uses square of each

residual instead of its absolute value. This means that the greater the error is, the

higher is the MSE. The following equation shows how MSE is calculated:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2

Mean Absolute Percentage Error (MAPE) While the MAE is the average of

the residual absolute values, MAPE is calculated as a ratio of the actual and residual

values as shown by equation:

MAPE =
100%
n

n∑
i=1

|yi − ŷi
yi

|

Root Mean Squared Error (RMSE) RMSE has the same unit as the predicted

variable which simplifies the interpretation of the evaluation. The following equation

shows how RMSE is calculated.

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2
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Coefficient of Determination (R2)

The coefficient of determination compares the sum of squared prediction error to

the sum of squared deviations of observed value Y with its mean [100]. The following

equation shows how R2 is calculated.

R2 =

∑nsamples

i=1 (yi − ŷ)2∑nsamples

i=1 (yi − y)2

F1 Score Using Sensitivity and Specificity F1 score to calculate the accuracy

due to imbalance data is defined using Sensitivity and Specificity. Sensitivity is defined

as

Sensitivity =
TP

TP + FN

where TP and FN represent true positives and false negatives respectively. FN is

defined as false negative because a hazard is detected as non hazard.

When a non hazard is detected as hazard it is called false positive (FP) and

accordingly Specificity is defined as:

Specificity =
TN

TN + FP

where TN is defined as true negative, where a non hazard is detected as non hazard.

F1 score is defined from Sensitivity and Specificity as [71]:

F1 = 2× Sensitivity × Specificity

Sensitivity + Specificity
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CHAPTER 5

RESULTS AND DISCUSSIONS

This chapter presents the results and analysis done to study the performance of the

proposed solutions for the prediction of DROP and DH. The conducted experiments

can be classified in to three sets.

The first set of experiments was done to find the best possible deep learning ar-

chitectures for the prediction of DROP and use the best of DROP DL for DH.

The second set of experiments was done to study the performance of the proposed

DROP prediction solution and the third set was done to study the proposed DH

prediction solution.

But before the results and analysis of the experiments are discussed, let us present

the machines, the software, and the datasets used in the experiments, and the data

preprocessing done to transform the data into quality data and into a format that can

efficiently be processed by machine learning algorithms.
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5.1 Experimental Machines and Software

The machines and software specification for the experiment is shown in the following

Table 5.1.

Table 5.1: The experimental machines and software
Component Specification
OS Windows 11 and Linux (under WSL, Windows Sub-

system for Linux)
Processor Intel i7-10875, 8 Cores
RAM 32GB
Development Tools Visual Studio Code
Programming Language Python
Main Libraries tensorflow, pandas, darts

5.2 Experimental Dataset Analysis and Prepro-

cessing

5.2.1 Data Analysis

As mentioned in Section 5.2, the dataset used in this study is called the Volve dataset.

It was collected from 24 wells by Equinor, a Norwegian state-owned international

energy firm. The dataset is stored in two file formats, namely, JavaScript Object

Notation (JSON) and the Wellsite Information Transfer Standard Markup Language

(WITSML). The JSON formatted data consists two types namely, mud log data and

logging while drilling (LWD) data; whereas the WITSML formatted data consists of

many types of data.
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The preprocessed data from the Volve dataset is stored in three primary sources as

JSON and WITSML files. Data from two sources in JSON format were divided into

two categories: mud log data and logging while drilling (LWD) log. Despite the fact

that the WITSML source contains a variety of various data types, we only include the

log type and daily drilling report (DDR) during the preprocessing stage.

Data Import

The data import technique involved segregating the JSON and WITSML log data

based on their depth and time attributes. Afterwards, another import process is

carried out for the time-based log data items and DDR reports related to the drilling

activities, taking into account the time and status of each activity. Following that,

the state of the activity will serve as the indicator of the specific failure that occurred

during that time frame.

Data Selection

The data selection process will specifically choose the imported dataset that contains

DROP information. Subsequently, the depth and time variables will be separated,

with the time variable being combined with the activity dataset for hazards detection

purposes. Out of the total of 24 wells, 14 wells were chosen from the time-based log

that had DROP information.

We selected the candidate of the features for the study similar to those frequently

used by similar studies to predict DROP, Table 2.1.

The feature names in Figure 5.1 have been standardized because the name of a
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feature may vary from one dataset to another. For example, the names TQA, TQX,

TQM, TQ5 and TORQUEA are used for the feature torque.

Figure 5.1: Feature rank: The number of Datasets a feature was selected from

Data Merging

In the last stage of data analysis, the method involves combining time-based log data

with activity data for each well and time reference. This merging creates a new dataset

that includes a new feature and is also labeled with the activity status. The drilling

activity is categorized into seven labels: success, circulation loss, equipment failure,

injury, mud loss, operation failed, and stuck equipment.

5.2.2 Data Preprocessing

The data preparation utilized in this study encompasses four separate procedures, as
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outlined in 4.1.2. The detailed processes are explained in the subsequent sections,

and it should be noted that the initial two stages were only executed for the DROP

prediction dataset.

Data Quality Validation, Handling Missing Values

The Volve dataset contains many types of data some of which are not relevant to the

prediction of DROP and DH, hence deleted.

Also, according to the study in [119], datasets used to predict DROP must have

DROP and WOB values greater than or equal to 2 ft/h and 5 Klbf respectively;

otherwise, the values are considered too low and thus deleted.

Quality data results in better deep learning models. In order to improve data

quality, noise reduction or data smoothing is required [100], [110]. In this work, an

enhanced moving average filter (MAF) known as trailing average was employed [99].

This technique first calculates the MAF using a window size of 20 data points, then

calculates a Z-score score by dividing the difference of each data point and the MAF

with the standard deviation for that window. It uses only the Z-score which are inside

the windows between -3 and 3. Following is the formula:

Z = (xi − µ)/σ

where xi is the data point, µ is the average and σ is the standard deviation.

An important step in data engineering is handling missing values and outliers.

Missing values are handled by substitution or elimination [6]. A very popular substi-
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tution technique is interpolation [4], [100].

In this study, linear and bfill [120] interpolation techniques were used. Linear was

used for the substitution and bfill was used to make sure no value is missing by filling

with the next existing value.

The linear interpolation uses following equation to estimate the substitution value

for the null or empty one (x) between two known values (x0 and x1):

x = x0 + (
x1 − x0

2
)

Outliers Removal

Outliers were removed using inter-quartile range (IQR) technique [100], [119]. Points

less than LowerOuterFence and points greater than UpperOuterFence are considered

outliers. IQR, LowerOuterFence and UpperOuterFence are defined as follows:

IQR = P75 − P25

where,

LowerOuterFence = P25 − 3 ∗ IQR

UpperOuterFence = P25 + 3 ∗ IQR

P25 and P75 are the 25th and 75th percentiles of data points. The number of data

samples in the original Volve datasets ranges from 202 to 54,361 per dataset. After

the above mentioned preprocessing steps, the range was 113 to 17,625.
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Data Labeling

As the result of data merging for the time-based log data with drilling activity data,

a drilling category is already available as the status of the activity in particular time.

This information will be used for the DH prediction that uses multi class classification.

The label of the activity then encoded with following result:

• ”success”: 6

• ”circulation loss”: 0

• ”equipment failure”: 1

• ”injury”: 2

• ”mud loss”: 3

• ”operation failed”: 4

• ”stuck equipment”: 5

Data Normalization

The last data preprocessing step that we preformed was data normalization, also

known as feature scaling. In this study we used the Min-Max algorithm which is the

recommended normalization technique for both ANN and RNN models [100]. Min-

Max normalization is defined as:

xnorm =
x− xmin

xmax − xmin
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The process of data normalization was executed as the final stage in the operation

of the deep learning models.

5.2.3 Dataset Result for Experiment

After conducting data analysis and preprocessing, three distinct dataset have been

prepared for experimentation: a depth-based log dataset for DROP prediction, a

time-based log dataset for DROP prediction, and a merged time-based log and drilling

activity dataset for DH prediction. Since the depth-based dataset includes data from

practically all the wells, it will be utilized to determine the most suitable model among

the proposed models of LSTM, GRU, and TNN.

The Table 5.2 presents the log data categorized by depth, with the well ID and

dataset ID encoded for future reference. The tables 5.3 and 5.4 display the wells used

for time-based data DROP prediction and DH prediction, respectively.

5.3 Performance of the Proposed DROP Predic-

tion Solutions

A timeseries forecasting solution assumes the input data to be sorted based on time.

In this study, we assume each Volve dataset is sorted according to depth which is

equivalent to sorting it according to time. Out of the 55 Volve datasets, we used 46

datasets. The excluded nine datasets were removed during data preprocessing phase

because they lacked the necessary features to predict DROP. In the proposed solutions,

31 of these datasets were randomly selected for training and the remaining 15 were
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used for testing.

The features of the merged datasets are a subset of the features listed in Figure 5.1.

The features are depth, WOB, torque, RPM, mud flow in, stand pipe and pressure,

and are available in all the 46 datasets.

Based on the way the training datasets are merged, the proposed deep learning

models can be classified in to two. In the first class, the 31 training dataset are merged

and then sorted depth wise; and in the second class, they are merged without sorting.

In each class, three deep learning models are proposed. The first model is based on

LSTM, the second one on GRU, and the last one on TNN. Let us call the three Class

1 models as LSTM1, GRU1, and TNN1; and the three Class 2 models as LSTM2,

GRU2, and TNN2.

The time-based dataset will utilize the top-performing model from the Class 1 and

Class 2 performance outcomes. This is because the depth-based dataset comprehen-

sively covers all well, therefore, the model that exhibits the highest performance is

anticipated to yield the greatest outcome for the time-based dataset.

5.3.1 Architecture and Performance of the Proposed Class 1

Models

As mentioned above, Class 1 models take as input 31 randomly selected Volve datasets

for training and 15 for testing. The 31 training datasets are merged into one dataset

and sorted depth-wise. As mentioned above, there are three class 1 models, namely

LSTM1, GRU1, and TNN1. The architecture and performance of these three models
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are as discussed below.

Architecture of the Proposed LSTM1 model

To find the best possible LSTM1 architecture, we tested many LSTM architectures

and multiple possible hyper parameter values. For example, we tested using different

number of neurons, levels, dropout values, look-back periods and so on. Finally we

arrived at the architecture listed in Table 5.5.

Architecture of the Proposed GRU1 model

To find the best possible GRU1 architecture for DROP prediction, we tested a number

of GRU architectures and tested multiple hyper parameter values, such as different

number of neurons, levels, dropout values, look-back periods and so on. Table 5.6

shows the selected GRU1 architecture.

Architecture of the Proposed TNN1 model

The arrive at the proposed TNN1 architecture, we tested a number of TNN archi-

tectures and multiple hyper parameter values. To tune the architecture and hype-

parameters of the model, we conducted many experiments. Table 5.7 shows the model

hyper-parameters that were selected for the DROP prediction.

Performance of the Proposed Class 1 model

We assessed the performance of each proposed model in Class 1 by utilizing metrics

such as RMSE, MSE, MAE, and MAPE. The LSTM1 model exhibited superior per-
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formance compared to the GRU1 and TNN1 models in terms of MSE and RMSE, with

scores of 102.08 and 10.10, respectively. Nevertheless, TNN1 demonstrates dominance

over the other two models, GRU and LSTM1, in terms of the MAE and MAPE scores,

which are 6.70 and 26.35 respectively. Figure 5.2 displays a comparison of the Class

1 models for the RMSE, MSE, MAE, and MAPE.

Figure 5.2: Class 1 Models Comparison

5.3.2 Architecture and Performance of the Proposed Class 2

Models

Class 2 models also take as input 31 randomly selected Volve datasets for training and

15 for testing. The 31 training datasets are merged into one dataset without sorting.

There are three class 2 models. The first model is based on LSTM, the second one

on GRU, and the last one on TNN. Let us refer to these models as LSTM2, GRU2,

and TNN2. The architecture and performance of these three models are as discussed

below.
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Architecture of the Proposed LSTM2 model

The choose the best possible LSTM2 architecture, we tested many LSTM architectures

and multiple hyper parameter values. For example, we tested using different number

of neurons, levels, dropout values, look-back periods and so on. Finally we arrived at

the architecture listed in Table 5.8.

Architecture of the Proposed GRU2 model

The arrive at the proposed GRU2 architecture, we tested a number of GRU archi-

tectures and multiple hyper parameter values. For example, we tested using different

number of neurons, levels, Dropout values, look-back periods and so on. Table 5.9

shows the model hyper-parameters that were selected for the DROP prediction.

Architecture of the Proposed TNN2 model

To choose the best possible TNN architecture, we conducted many experiments using

multiple hyper parameter values. Table 5.10 shows the model hyper-parameters that

were selected for the DROP prediction.

Performance of the Proposed Class 2 model

We evaluated the performance of each proposed model in Class 2 by using measures

such as RMSE, MSE, MAE, and MAPE. The TNN2 model outperformed the GRU2

and LSTM2 models in all performance metrics, with scores of 22.96, 2.69, 4.79, and

14.88 for MSE, MAE, RMSE, and MAPE correspondingly. Figure 5.3 illustrates a

comparison of the Class 2 models based on the RMSE, MSE, MAE, and MAPE.
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Figure 5.3: Class 2 Models Comparison

5.3.3 Comparison of Class 1 and Class 2 models

The performance of Class 1 and Class 2 models was evaluated by comparing their

RMSE, MSE, MAE, and MAPE. The TNN2 model demonstrated superior perfor-

mance compared to all other models in both Class 1 and Class 2, as indicated in

Table 5.11. This demonstrates that the TNN2, belonging to Class 2, has strong per-

formance on unsorted data without any feature-based grouping. This enables the

model to function with any generic depth-based data for DROP prediction, without

requiring it to be sorted by a specific feature.

5.3.4 Comparison of the Time-Based DROP Model with The

Best Depth-Based Model

We conducted an analysis of time-based data from 10 wells, as indicated in Table 5.3.

We excluded the stand pipe pressure feature from the analysis, as most of the values

were abnormal during drilling activity. Figure 5.4 displays the DROP data across a
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depth range of 0 to over 5000m.

Figure 5.4: Time Based Data Depth vs DROP Chart

In the initial experiment, our focus was on the depth starting from 3800m, as the

DROP values exhibited a narrow range of 0 to 40 m/h. The hyper-parameter for the

model will be set to the configuration of the best model reported in Table 5.11, which

is also shown in Table 5.10. The new model will have a smaller number of epochs,

specifically 50, compared to the previous model which had 200 epochs. The training

process lasted for a duration of 29 minutes and 8.7 seconds, while the inference process

took 6 minutes and 21.8 seconds. The data was split into a 70% training set and a

30% testing set. The experiment yielded the following performance results: MSE =

1.91, MAE = 0.56, RMSE = 1.38, MAPE = 2.89, and R2 = 0.85.

Figure 5.5 displays the relationship between the predicted DROP in red color and

the test values in blue. Meanwhile, Figure 5.6 illustrates the predicted and test DROP

values in relation to the test depth.

The following experiment aims to assess the model’s ability to generalize and

perform well across different depths. This experiment involves aggregating data from

10 wells into one dataset. The performance results obtained from this experiment

83



Figure 5.5: Prediction (Red) vs Test DROP for Time Based Data Above Depth 3800m

Figure 5.6: Prediction vs Test DROP Chart for Time Based Data Above Depth 3800m

can serve as a reliable model for predicting outcomes in other wells. The dataset

was divided into training and testing data based on the depth of the data. Data

with depths greater than or equal to 1200m and less than or equal to 3700m were

used for training, while data with depths above 3700m were used for testing. The

hyper-parameter for the model remains unchanged from the initial experiment, which
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produced the following results: MSE of 1.94, MAE of 1.13, RMSE of 1.39, MAPE of

6.04, and R2 value of 0.91.

While the performance of the MSE, MAE, RMSE, and MAPE did not match

that of the initial experiment, the R2 showed improvement. This demonstrates the

successful training of the model, which accurately predicted the ROP value up to

80m/h, as depicted in Figure 5.7. The model was trained using data from all 10

wells and was able to make accurate predictions for data at a depth of 3700m. The

correlation between the predicted and test values increased compared to the previous

one, with the coefficient of determination R2 increasing from 0.85 to 0.91, as depicted

in Figure 5.8. The chart illustrating the predicted vs test values can be seen in Figure

5.9.

Figure 5.7: Training Data of DROP for Time Based Data Depth Between 1200m and
3700m

We compare the metrics obtained from the time-based trials with the best metrics

obtained from the depth experiment (TNN2), as shown in Table 5.12. The time-based

performance surpassed the performance of the best depth-based experiment, TNN2.
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Figure 5.8: Prediction (Red) vs Test DROP for Time Based Data Above Depth 3700m

Figure 5.9: Prediction vs Test DROP Chart for Time Based Data Above Depth 3800m

5.3.5 Comparison of the Proposed DROP Models with Ex-

isting Models

In this section, the performance of the proposed DROP prediction models with existing

DROP prediction solutions. We will show to sets of comparison. The first set of
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comparison is done from model perspective, where we will compare the proposed

models with existing solutions that are based on deep learning models such as: LSTM,

GRU or Transformer. The second set compares the performance of TNN2 with existing

solution that were trained using the Volve dataset. We compare them with TNN2

because it outperformed the other proposed models.

Several studies have been conducted for DROP prediction that focus on LSTM

model with different datasets and using different evaluation methods. Quisbert [4]

proposed a DROP prediction solution based on LSTM and tested it using D2, which

is one of the Volve datasets listed in Table 5.2. In his thesis, he reported MAE of

13.83 which is of lower performance than our original model of 10.08 [5]. The proposed

LSTM1 and LSTM2 have significantly better performance with MAE of 7.6 and 9.02

respectively. Figure 5.10 shows the MAE performance comparison.

Figure 5.10: Comparison of LSTM using MAE with [4], [5]

Han et al. [6] reported the reduction of MAPE from other method 14% to 7% using

LSTM. Liu et al. [7] reported that combination of LSTM and FNN outperformed single
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LSTM model with MRE/MAPE from 20.03 to 15.11. Figure 5.11 shows performance

comparison based on MAPE.

Figure 5.11: LSTM MAPE based comparison with [6], [7]

Zhang et al. [8] divided datasets from four wells into limited data points ranging

from 354 to 902 and run the modified GRU model. He reported MAE in the range of

0.22 to 0.55 and MAPE in the range of 4.3 to 7.4. In our previous study where we used

data of individual wells we obtained MAE and MAPE of 1.6 and 10.9 respectively [5].

Figure 5.12 shows the comparison for MAPE and MAE between the proposed GRU1

and GRU2 with [8], [5].

Hong, 2020 [9] proposed a solution based on TNN for DROP prediction. They

used the Volve dataset for training and testing and obtained MAE of 2.96 and MAPE

of 20.71. As can be seen from Figure 5.13, the proposed TNN Time 1 has better

performance with MAE of 0.56 and MAPE of 2.89.
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Figure 5.12: GRU MAPE and MAE Comparison With Other Studies: [5], [8]

Figure 5.13: TNN2 performance Comparison With [9]

5.4 Performance of the Proposed DH Prediction

Solution

The dataset suited for DH prediction is created by integrating time-based log object

data with the daily drilling activity report data (DDR). The dataset is derived from 6
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wells, as indicated in Table 5.4. It consists of encoded labeled data related to hazards

encountered during drilling operations. These hazards are characterized as multi-class

hazards, making the proposed DH prediction a multi-class classification task.

Among the six labels given, one of them denotes a typical state, referred to as

”success,” and is assigned a numerical value of 6. The hazard codes are represented

by the remaining codes, specifically 0, 1, 2, 3, 4, and 5. No major adjustments, such as

outlier reduction, were performed on the dataset during the data preprocessing stage.

Nevertheless, null values were removed. All the features that are same to DROP

prediction, including SPPA, were utilized for the DH prediction, such as: WOB,

depth, torque, RPM, and mud flow in.

For the DH prediction we used TNN model. We chose TNN because it outper-

formed LSTM and GRU in the prediction of DROP. To study the performance of the

proposed TNN model, the data was preprocessed, reshaped, and split, and then fed

to the model. We then conducted many experiments in order to optimize the TNN

hyper-parameters. Table 5.13 shows the selected hyper-parameters.

5.4.1 Performance of the proposed DH prediction model

In the experiment, we imported the data from the chosen 6 wells for the DH predic-

tion, which included multi-label condition labels. The Figure 5.14 displays the data

collected from July 2007 to July 2009, indicating the occurrence of multiple categories

of hazards over that period. The hazards were depicted as a vertical line originating

from the top, representing the normal condition at the top.

Once the data has been divided into training and testing sets, the testing data

90



Figure 5.14: Dataset with Multi Class Hazard Information - Shown as horizontal line
from the top

will be displayed in the Figure 5.15. By zooming in on the specific date range from

February 24th, 2008 to April 13th, 2008, the hazards and input features for that

duration can be observed in the Figure 5.16.

Figure 5.15: Test Data For Model

Figure 5.16: Test Data For Model Zoomed to February the 24 2008 and April the
13th 2008

Zooming in on the time period from February 24, 2008 to April 13, 2008 will

display the hazard as depicted in the picture 5.16. Additionally, it will reveal the

features and their correlation with the hazards. The manual analysis does not easily
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allow for the identification of the pattern that correlates the input feature values with

hazards. The chosen TNN model will utilize the training data to make predictions,

yielding the following results: training accuracy as shown in the Figure 5.17.

Figure 5.17: Training Accuracy for DH Model Using TNN

The prediction result is displayed in Figure 5.18, which is capable of categorizing

hazards at the same time as the test data. Non-hazards are also depicted similarly to

the test data. This demonstrates the efficacy of the model in performing multi-class

classification, accurately predicting the hazard level at a similar data point as the test

data. Table 5.14 displays the model’s accuracy in predicting three classes: 1, 4, and

6, which are labeled as equipment failure, operation failed, and success (no hazard).

Figure 5.18: Predicted Data Using TNN
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5.4.2 Comparison of the Proposed DH Prediction Model with

Existing Models

Unlike the proposed model, nearly all the existing models detect one type of haz-

ard. For example, Magana-Mora et al. [107] proposed three models to predict stuck

pipe. They reported that the Sensitivity of each model was low compared with their

Specificity. Which means, the prediction of non-hazard events is much better than

the prediction of hazard (Stuck Pipe). This is because due to the imbalanced in the

datasets used. However, the TNN model that we proposed, worked much better, and

if there is any dataset to predict the stuck pipe, it can learn from it.

Abbas et al. [56] proposed a machine learning model to predict Lost Circulation

(LC). They achieved good Sensitivity and Specificity but they can only detect LC.

The TNN model that we are proposing can predict any type of hazard and has a good

accuracy depends on the given dataset for the hazard.
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Table 5.2: The experimental depth-based dataset and their corresponding wells
Well ID Well Name Dataset Dataset IDs
W01 159 − 19A 2 D01a - D01b
W02 159 − 19BBT2 3 D02a - D02c
W03 159 − 19SSR 6 D03a - D03f
W04 159 − F − 1A 3 D04a - D04c
W05 159 − F − 1B 3 D05a - D05c
W06 159 − F − 1C 5 D06a - D06e
W07 159 − F − 1 1 D07
W08 159 − F − 10 15 D08a - D08o
W09 159 − F − 11A 1 D09
W10 159 − F − 11B 1 D10
W11 159 − F − 11− T2 1 D11
W12 159 − F − 11 2 D12a - D12b
W13 159 − F − 12 1 D13
W14 159 − F − 14 1 D14
W15 159 − F − 15A 1 D15
W16 159 − F − 15B 1 D16
W17 159 − F − 15C 1 D17
W18 159 − F − 15−D 1 D18
W19 159 − F − 15 1 D19
W20 159 − F − 4 1 D20
W21 159 − F − 5 1 D21
W22 159 − F − 7 1 D22
W23 159 − F − 9A 1 D23
W24 159 − F − 9 1 D24
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Table 5.3: The experimental time-based for DROP prediction dataset and their corre-
sponding wells

Well ID Well Name Dataset
IDs

W07 159 − F − 1 T07D
W08 159 − F − 10 T08D
W13 159 − F − 12 T13D
W14 159 − F − 14 T14D
W16 159 − F − 15B T16D
W20 159 − F − 4 T20D
W21 159 − F − 5 T21D
W22 159 − F − 7 T22D
W23 159 − F − 9A T23D
W24 159 − F − 9 T24D

Table 5.4: The experimental time-based for DH prediction dataset and their corresponding
wells

Well ID Well Name Dataset
IDs

W08 159 − F − 10 T08DH
W13 159 − F − 12 T13DH
W14 159 − F − 14 T14DH
W20 159 − F − 4 T20DH
W21 159 − F − 5 T21DH
W23 159 − F − 9A T23DH
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Table 5.5: The proposed LSTM1 model
Hyper-parameter Value
Number of epochs 200
Number of steps/epoch 100
Learning rate 0.00055
Hidden neurons 200
Layers 2x20
Output neurons 1
Dropout 0.25
Optimizer Adam
Activation function tanh
Loss function MSE
Look-back period 32

Table 5.6: Architecture of the proposed GRU1
Hyper-parameter Value
Number of epochs 200
Number of steps/epoch 100
Learning rate 0.00055
Hidden neurons 200
Layers 2x20
Output neurons 1
Dropout 0.25
Optimizer Adam
Activation function tanh
Loss function MSE
Look-back period 32
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Table 5.7: Hyper-parameters of the proposed TNN1 model
Hyper-parameter Value
Number of epochs 200
Learning rate 0.001
Feed forward network 128
Encoder layers 4
Decoder layers 4
Multi head attention 4
Optimizer Adam
Activation function ReLU
Loss function MSE
Look-back period 32

Table 5.8: Hyper-parameters of the proposed LSTM2 model
Hyper-parameter Value
Number of epochs 200
Number of steps/epoch 100
Learning rate 0.00055
Hidden neurons 200
Layers 2x20
Output neurons 1
Dropout 0.25
Optimizer Adam
Activation function tanh
Loss function MSE
Look-back period 32

97



Table 5.9: Hyper-parameters of the proposed GRU2 model
Hyper-parameter Value
Number of epochs 200
Number of steps/epoch 100
Learning rate 0.00055
Hidden neurons 200
Layers 2x20
Output neurons 1
Dropout 0.25
Optimizer Adam
Activation function tanh
Loss function MSE
Look-back period 32

Table 5.10: Hyper-parameters of the proposed TNN2 model
Hyper-parameter Value
Number of epochs 200
Learning rate 0.001
Feed forward network 128
Encoder layers 4
Decoder layers 4
Multi head attention 4
Optimizer Adam
Activation function ReLU
Loss function MSE
Look-back period 32
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Table 5.11: All Metrics for Class 1 and Class 2 Models
Models MAPE MAE MSE RMSE
GRU1 94.86 10.97 174.4 13.2
LSTM1 62.46 7.6 102.1 10.1
TNN1 26.35 6.7 194.3 13.94
GRU2 130.6 10.67 181 13.45
LSTM2 96.37 9.02 131 11.44
TNN2 14.88 2.69 22.96 4.79

Table 5.12: The Best Depth Models vs Time Models
Models MAPE MAE MSE RMSE R2

TNN2 14.88 2.69 22.96 4.79
TNN Time 1 2.89 0.56 1.91 1.38 0.85
TNN Time 2 6.04 1.13 1.94 1.39 0.91

Table 5.13: Hyper-parameters of the proposed TNN DH model
Hyper-parameter Value
Number of epochs 50
Learning rate 0.0001
Feed forward network 4
Encoder layers 4
Decoder layers No decoder
Multi head attention 4
Optimizer Adam
Activation function ReLU
Loss function Sparse Categorical Entropy
Drop out 0.25
Look-back period 32
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Table 5.14: DH Prediction Accuracy
precision recall f1-score support

1.0 0.99 0.99 0.99 238598
4.0 1.00 1.00 1.00 46858
6.0 1.00 1.00 1.00 1551484

accuracy 1.00 1836940
macro avg 1.00 1.00 1.00 1836940
weighted
avg

1.00 1.00 1.00 1836940
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CHAPTER 6

CONCLUSION AND FUTURE

WORK

6.1 Conclusion

In this study, we proposed a number of deep learning models for the prediction of

DROP and DH. The DROP prediction models were based on LSTM, GRU, and TNN

for the depth based data. The DROP prediction for time based data and DH prediction

model were based on TNN. The dataset used for training both the DROP prediction

models and the DH prediction model was the benchmark dataset knows as Volve. It

has 55 dataset generated from 24 wells for the depth-based dataset, 10, and 6 for

time-based dataset for DROP and DH prediction respectively.

For the prediction of DROP using depth-based dataset, we used 46 of the 55

datasets because the remaining nine datasets don’t have data related to the prediction

of DROP. We randomly choose 31 of them for training and the remaining 15 for

testing. We made two copies of the the 31 datasets. Then we merged the data in the

101



first copy and sorted them depth-wise. We also merged the data in the second copy

but without sorting them. We then created two classes of deep learning models for

the prediction of DROP. Class 1 models were trained using the copy sorted depth-wise

where as Class 2 models were trained using the unsorted copy. The are three models

in each class and they are based on LSTM, GRU, and TNN. The three Class 1 models

are know as LSTM1, GRU1, and TNN1; and the three Class 2 models are knows

as LSTM2, GRU2, and TNN2. These models were optimized by testing them with

different hyper-parameters, such as number of neurons, levels, epochs, and look-back

periods.

After doing a thorough comparison, we discovered that TNN2 demonstrated supe-

rior performance when compared to the other six models. TNN2 was also evaluated

against several current models and it demonstrated superior performance compared

to all of them. Nevertheless, the outcome of the model’s execution on the time-based

dataset surpassed TNN2 with a substantial enhancement. The high-quality data in

the time-based dataset resulted in a well-trained model, leading to improved outcomes.

For the prediction of DH we used TNN because it gave us better results. To arrive

at the final TNN architecture, we experimented with different hyper-parameters, such

as number of neurons, levels, epochs, and look-back periods and we selected those who

resulted in better performance. We employed a multi-class classification technique to

accurately categorize the sort of hazard, wherein one class was designated as ”no

hazard” (indicating success). We then split the datasets into training and testing.

The proposed model is different from all the existing models. This is because all the

existing models predict only one type of hazard whereas the proposed solution predicts
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all types of hazards. We also compared the proposed algorithm with existing solutions

and it outperformed all of them. We believe the proposed DROP prediction and DH

prediction solutions are among the best and can be used by drilling companies.

6.2 Future Work

A number of feature research directions may improve the performance results obtained

by the proposed models. For example, to employ another type of LSTM and GRU

architectures such as stacked LSTM, stacked GRU, bidirectional LSTM, and Bidi-

rectional GRU. Also to investigate ensemble of different deep learning and machine

learning architectures.

Validating the suggested model with a different dataset might enhance its ma-

turity. However, it is crucial to subject the dataset to thorough data analysis and

preprocessing methods before inputting it into the model.

The multi-output model allows for the combination of DROP prediction as a re-

gression output and DH prediction as a multi-class classification output into a single

integrated model.
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