yita_ /0¥ Politecnico
GimEEEi e di Torino

f 4
W\ 1859 e
‘!‘\‘\ 4‘_‘0*’

Master of Science in Petroleum and Mining Engineering
A.a. 2021/2022

Master Thesis

Use of Machine Learning to Optimize Drilling
Equipment Performance and Life Cycle
Focus: Predictive Maintenance

Supervisors:

Prof. Marilena CARDU
Dott. Francesco CURINA

Candidate:

Michel KATTAR



Acknowledgements

I would like to express my sincere gratitude to my supervisor, Prof. Marilena Cardu, for
her continuous support, insightful comments, helpful information, practical advice and
unceasing ideas that have helped me tremendously at all times in my research and in the
realization of this project.

A second appreciation would go to my company advisor Dott. Francesco Curina who
always pushed me into achieving more in this never-ending learning journey. In addition
to the whole team at Drillmec, especially Mr. Elia Abdo and Mr Hadi Mustapha who helped
me and taught me a lot throughout my work and supported me till the end.

Furthermore, I would like to thank the reader, Dr. Jean Claude Assaf, for his precious time
given for the evaluation of my project. I am also grateful for the presence of the jury
members during the presentation of my project.

Moreover, I would like to thank the previous and the current head of the department, Dr.
Marwan Azzi, Dr. Carole Aghnatios, for their support throughout my years in the Chemical
engineering department. Additionally, a special thanks to Dr. Rany Rizk, director of the
faculty of engineering in the Lebanese university branch I1, as well as to the mobility office
as a whole for providing us with the unique opportunity to perform a double degree
program in Europe’s most prestigious Engineering schools.

Finally I would like to thank my family and friends who were really mu biggest support
system throughout all my studies. I am grateful to have you by my side no matter the
distances between us and always helping me in overcoming any difficulty. A special thank
you goes to my father who passed away during this year, he always pushed me to give my
best and to be one of the best and taught me that if I put something in my mind and work
hard for it, eventually it will happen.



Table of Contents

I INEFO@UCTION ..ottt e e ettt e e e e e s et e et e e e e e s e saabbbeeeeeeeessansbbeeeeeeasssnnnnns 1
2 Evolution of the INdustry 1.0 t0 4.0 ............cocciiiiiiiiii e 2
2.1 INAUSEIY 1.0 ...ceoiie et e e s e e e e 2
2.2 IMAUSEEY 2.0 ..ot e e e e e s 3
2.3 INAUSEEY 3.0 ettt e e e e s st b e e e e e e e s s e bbb baeeeeeeesaaabbraaeaeeeean 3
2.4 INAUSEEY a0 ...ttt ettt et e e e e s sttt et e e e e e s s bbb ee e e e e e e s e bbb aeeeeeeseaaanbraaeaeeeeeeaants 3

3 Internet OFf THEIES .........ooooiiiiiii et e e e s st et e e e e s s s saabraeeeeeaeeas 4
3.1 What is the Internet of Things? ..........ccc.oviiiiiiiiiiii e 4
3.2  History of Internet of ThinGs .............ccooiiiiiiiiiiiiiii e e e e s 4
3.3 HOoWDO0ES It WOTK? ...t s e e e s 5

4 MAinteNANCE TYPES ......ovviiiiiiiiiiiiiiiieiee ettt e ettt e e e e e s s st b e et e e e e s sasabbbaaaeeeeessasaanbbaaaeeeeeenn 7
4.1 Reactive MaiNteNANCE ...........ccuviiiiiiiiieiiiiiie ettt e s ee e s s e e sanreee e e 7
4.2  Preventive MaiNteNANCE. ..........cocoviuiiiiiiiiiiii ittt e e s e s 8

5  EqQUIPIMENt LIf@ .......oooiiiiiiiiiii e e s st ee e e e s s st raaaeeeeesanann 12
5.1 PRYSICAL LLIT@ ..t e e e s s s e e e e e e e s s s arraaaeeee e s 12
5.2 Profit LEfe .....ooooiiiiiiie e s s 13
5.3 Economic Life.........coooiiiiiiiiiiiiiiiii e e 13
5.4  Life Cycle Assessment and COSting ................ccooviiiiiiiiiiiiiiiiiie e 13

6  Predictive Maintenance Program..............cccccooiiiiiiiiiiiiiiiiii e 15
7  Machine Learning for Predictive Maintenance ..............cccocccceeviiiiiiiiiiciiincc e 17
7.1 How Are They LinKed? ..........coooriiiiiiiiiiiii ettt e 17
7.2 Machine Learning Techniques Used .............ccccccooiiiiiiiiiiiiiiiieeee e 18
7.2.1 Artificial Neural Network ...........cccoooiiiiiiiiiiiiii e 19
7.2.2 DeCiSION TIEE ...t e e e 19
7.2.3 Gradient BOOSt.............c.oiiiiiiiiii e e e e 20
7.2.4 Linear RegreSSiOn..........ccoooviiiiiiiiiiiiiiie e e e e s 21
7.2.5 Ensemble........ooooimiiiiie e e e e 22

8  Methodology 0f WOKK........c.oonniiiiiiee e e e e e 24
8.1 ProRig for Data ACQUISIEION ..........oooviiiiiiiiiieiii e 24
8.2 Raw Data Collected .............c.ovviiiiiiiiiie e e e e e e 27



8.2.1 DAS RAW DA, ..ottt et et et e et e et e eb e ebeeeaaeees 27

8.2.2 HPU RaW DAta ... s 33
8.2.3 TDS RAW DA ....oooeiiiiiiiiiee ettt e e e e e e e e e e e e s saneeeeees 46

8.3 Data Cleanming ...........coooviiiiiiiiiiieiiee et s e e e e e 53
8.3.1 DAS Data CIeaming............ccooouiiiiiiiiiiiiiiiie ettt e e e s e e e 53
8.3.2 HPU Data Cleaming .............ooccoviiiiiiiiiiiiiiiee et ee e 60
8.3.3 TDS Data CIeAming...........coooiiiiiiiiiiieiiiie ettt s e s e s 74

9  Results and DISCUSSIONS .........ccoooouiiiiiiiiiiiiiiiiee e e e s e s s ee e s ares 81
9.1 Blower Failure Prediction..............ccccoooiiiiiiiiiii e 81
9.2  HPU’s Heat Exchanger Failure Prediction .................cccceeviiiiiiiiiiiiiiiceee e, 84
9.3 HPU’s Filter Clogging Prediction.............cccccooviiiiiiiiiiiiiiiiiiiicceee et 86
94  HPU’s Hydraulic Pumps Failure Prediction.............ccccccooiiiiiiiiiiiiiic e, 87
9.5 TDS’s Lube Oil Quality Prediction ..........cccccoovviiiiiiiiiiiiiiiiiiieee e esireeeee e 88
10 COMCIUSION ........oiiiiiiiiee e e s e s st e e s s e e s e s snreeeesnnes 90
RETCIEIICES ..ottt e et e e e s et e st e e s s mr e e e e s anbr e e e e snreeeeean 90

il



List of Figures

Figure 1: Evolution of the industry from 1.0 t0 4.0 [4].....coiiiiiiiiieiiiee et e 2
Figure 2: Internet of Things WOTKfIOW [5] ....veiiiriiiiiiiiii e 5
Figure 3: Profits vs. Equipment 1ife [13].......ccooriiiiiiiiiiiiiiieeeee et 12
Figure 4: Process and technologies to drive predictive maintenance. [18]........c.cccceeevveeeennnnnnnn. 17
Figure 5: Main steps for the design of a machine learning model [1]. .....cccooviiiiiiiiiniiiininnne. 18
Figure 6: Artificial Neural Network Structure [19]. ....ccoooiiviiiiiiiiiiieeeeeeeee e 19
Figure 7: Elements of @ Decision Tree [22].....ccocuiiiiiriiiieeeiiie ettt 20
Figure 8: Gradient BOOSt [20].....cceeiiiiiiiiiiiiee ettt e e e e e e reaeeeeeeas 21
Figure 9: Linear Regression Model [32] ...ccooviiiiiiiiiiiiieeeeee et e e 22
Figure 10: Rig INter-Learning..........cccuvviiiiieeiiiiiiiiiiieee ettt e e e et ee e e e e e e eaareaaeeeeeeas 25
Figure 11: System ATChItECTUIE. ......c.euviiiiiiieiiieee e e e e e e e eeeeeeeens 26
Figure 12: Data Secure Flow From Source to Destination............ccccceeeeeeiiiiiiiieeeeenniciiiiieeeeeenn 26
Figure 13: Bit Depth vs. Time (Raw Data).........ccccuvviiiiiiiiiiiiiiiieee e 27
Figure 14: Well Depth vs. Time (Raw Data) ...........oevviiiiiiiiiiiiiiiiiiee et 28
Figure 15: Surface RPM vs. Time (Raw Data)...........ccceeeiieiiiiiiiiiiieie e 28
Figure 16: SPM Pump 1 vs. Time (Raw Data) ..........ccoeeveieiiiiiiiiiiiieee e 29
Figure 17: SPM Pump 2 vs. Time (Raw Data) ..........cccceeviiieiiiiiiiiiiieee e 29
Figure 18: SPM Pump 3 vs. Time (Raw Data) .........c.c.cccoeeeieeiiiiiiiiiiieeeeeeeeee e 30
Figure 19: Surface Torque vs. Time (Raw Data) ...........ccevviiiiiiiiiiiiiiiieeieeee e 30
Figure 20: WOB vs. Time (RaW Data).........cccooeiiiiiiiiiiiei et eeveeee e e e 31
Figure 21: Hook Load vs. Time (Raw Data) ..........c.c..oeeiiiiiiiiiiiiiiiiiee e 31
Figure 22: Average ROP every hour vs. Time (Raw Data) ..........cccceevevviciiiiiiieeeeeeeiieeeee e 32
Figure 23: Max ROP every hour vs. Time (Raw Data)..........cccccuvvvieiiieiiiiiiiiiiieee e 32
Figure 24: ROP vs. Time (RaW Data) .........ccciiiiiiiiiiiiiiie ettt aaveaeee e 33
Figure 25: HPU1 Pilot Pressure vs. Time (Raw Data).........cccccvvvviiieiiieiiiciiiiiieee e 34
Figure 26: TD1 Average Flow Out vs. Time (Raw Data)..........cccccoeeeeieiiiiiiiiiiieee e 34
Figure 27: Max Power vs. Time (Raw Data)..........ccc.coeviiiiiiiiiiiiiiiiee e 35
Figure 28: PD1 Max Flow Out vs. Time (Raw Data) ..........ccccovviiiiiiiiiiiiiiiee e 35
Figure 29: Oil Temperature vs. Time (Raw Data) ..........ccooovveiiiiiiiiiiiieeiiieeee e 36
Figure 30: HPU1 Working Hours vs. Time (Raw Data) ..........ccccoeeveeieiiiiiiiiiieee e 36
Figure 31: TD2 Average Pressure Out vs. Time (Raw Data) .........cccccoeeeviiiiiiiiieiiieiiiieeeeeen 37
Figure 32: Heat Exchanger Working Hours vs. Time (Raw Data) ...........cccccoeviiiiiiiniiiiinnnenn. 37
Figure 33: Average Current vs. Time (Raw Data) ........coocceeiviiiiiiiiiniiiiiiiiicccceeccec e 38
Figure 34: PD1 Average Pressure Out vs. Time (Raw Data)...........ccocoeeiriiiiniiiinniiiniiciniecee 38
Figure 35: PD2 Average Pressure Out vs. Time (Raw Data)...........ccocceeeiiiiiniiiinniiiniiciiecee 39
Figure 36: TD1 Average Pressure Out vs. Time (Raw Data) ..........ccocoeeeiiiiiniiiinniiiniciiec 39
Figure 37: PD2 Max Flow Out vs. Time (Raw Data) ...........cccccoiiiiiiiiiniiiiiieieeeeeeeen 40
Figure 38: HPU?2 Pilot Pressure vs. Time (Raw Data)...........ccccooviiiiiiiniiiiiiiiieeeeeeeen 40
Figure 39: Average Power vs. Time (Raw Data) .........ccooceiiiiiiiniiiiniiiiiiciecccec e 41
Figure 40: PD1 Max Pressure Out vs. Time (Raw Data) ..........cccoocviiiiiiiiiiiiiiiieeieeen 41
Figure 41: PD2 Max Pressure Out vs. Time (Raw Data) ..........ccooociiiiiiiiiiiiiiiiceieeeen 42
Figure 42: TD2 Max Flow Out vs. Time (Raw Data) ..........cccceeiiiiiiiiiiiiiiiieeiiieeeeeee e 42
Figure 44: Max Current vs. Time (Raw Data)..........coocoiiiiiiiiiiiiiiiiiie e 43

il



Figure 45:
Figure 46:
Figure 47:
Figure 48:
Figure 49:
Figure 50:
Figure 51:
Figure 52:
Figure 53:
Figure 54:
Figure 55:
Figure 56:
Figure 57:
Figure 58:
Figure 59:
Figure 60:
Figure 61:
Figure 62:
Figure 63:
Figure 64:
Figure 65:
Figure 66:
Figure 67:
Figure 68:
Figure 69:
Figure 70:
Figure 71:
Figure 72:
Figure 73:
Figure 74:
Figure 75:
Figure 76:
Figure 77:
Figure 78:
Figure 79:
Figure 80:
Figure 81:
Figure 82:
Figure 83:
Figure 84:
Figure 85:
Figure 86:
Figure 87:
Figure 88:
Figure 89:
Figure 90:

TD2 Max Pressure Out vs. Time (Raw Data).........ccccoeeeviiiiiieiiiiieeiiiieeeeieee e, 43
TD1 Max Pressure Out vs. Time (Raw Data).........ccccoeeeveiiiiiiiiiiieeiiiieeeeiiee e, 44
PD1 Average Flow Out vs. Time (Raw Data).........c.ccccovviiiiiiniiiiiieiiieeeeiiee e, 44
TD2 Average Flow Out vs. Time (Raw Data).........ccceeevviiiiiiiiiiiieeeiieeeeeieee e, 45
Actual Oil Level vs. Time (Raw Data) ........c.ccoeeviiiiiiiiiiiiieeeiiiee e 45
TD1 Max Flow Out vs. Time (Raw Data) ...........cooovuiiieiriiiieiiiiiee e 46
Max Current vs. Time (Raw Data)..........ccoeviiiiiiiiiiiiiieieiiie e 47
Max Torque vs. Time (RaW Data)...........ceeeeeiiiiiiiiiiiieeeiieee et 47
Blower Working Hours vs. Time (Raw Data).........ccccccoveiiiiiiiiiiiieeeiiieeeeieee e, 48
Average RPM vs. Time (RaW Data) .........ccccveiiiriiiiiieiiiiieeeeiieee e e 48
Blower Number of Low-Pressure Alarms vs. Time (Raw Data) ..........ccccceevennnnnnee. 49
Average Torque vs. Time (Raw Data) ..........cooovvviiiiiiiiiiiiiieeeee e 49
Average Current vs. Time (Raw Data) ..........coooviiiiiiiiiiiiiiiieeeeeeeeeee e 50
Lube Oil Temperature vs. Time (Raw Data)...........cccceiiiiiiiiiiiniiiiiieeeeeeeeee, 50
Hydraulic Brake Temperature vs. Time (Raw Data).........ccccceevviiiiiiiieeiiiiiiie, 51
Electric Motor Working Hours vs. Time (Raw Data) ..........cccceoevciiiiiiieeeneniiiine, 51
Hydraulic Brake Working Hours vs. Time (Raw Data) ...........cccococviiiieeeeieniniineee. 52
Max RPM vs. Time (Raw Data) .........ccooouiiiiiiiiiiiieiiiieeee e 52
Bit Depth vs. Time (Cleaned Data)...........c.c.ceeviiiiiiiiiiiiiiiiiieeee e 54
Well Depth vs. Time (Cleaned Data)...........c..eevviiieeeiiiiiiiiiiiieeeeeeeeee e 55
Surface RPM vs. Time (Cleaned Data) .........ccccuvvvviiiiiiieiiiiiiiieeeee e 55
SPM Pump 1 vs. Time (Cleaned Data)..........ccccuvviiiiieiiiiiciiiiieeee e 56
SPM Pump 2 vs. Time (Cleaned Data)...........cccuviiiiiieiiiiiciiiiiieeeeeeeeeiiieee e 56
SPM Pump 3 vs. Time (Cleaned Data)...........cccuviieiiieiieiiiiiiiiieeeeeeeciiieeee e 57
Surface Torque vs. Time (Cleaned Data)..............eeeviieiiiiiiiiiiiiiieeeeeeeiieeee e, 57
WOB vs. Time (Cleaned Data) ...........ccooeeeiiiiiiiiieieeeiiiiieeee e 58
Hook Load vs. Time (Cleaned Data).............cceveeieieiiiiiiiiiiieeeeeeeeiieee e 58
Average ROP every Hour vs. Time (Cleaned Data)............ccccevvviiiiieeeieiiiiciiiiieeeeen, 59
Max ROP every Hour vs. Time (Cleaned Data) ...........cccceveeeeeeeiiiiiiiiiieee e, 59
ROP vs. Time (Cleaned Data)...........ccoeeecuiiiiiiiieeeeeciiiiieee e eeeeireee e e 60
HPUI1 Pilot Pressure vs. Time (Cleaned Data) ...........cccvvevveeeieeiiiiiiiiieeee e, 61
TD1 Average Flow Out vs. Time (Cleaned Data)............cccceeeeeeiiiiiiiiiiieee e, 61
Total Max Power vs. Time (Cleaned Data) .............ccoeceiiiiiiiieieiiiiiieeeee e, 62
PD1 Max Flow Out vs. Time (Cleaned Data)............ccccvvviiieeieeeiiciiiiieeeee e, 62
Oil Temperature vs. Time (Cleaned Data)...........cc.coeeviiiiiiiiiiiiiiiiieeeieee e, 63
HPU1 Working Hours vs. Time (Cleaned Data)............cccceeeiiiiiiiiiiiiiiieiiiiieeeee, 63
TD2 Average Pressure Out vs. Time (Cleaned Data)...........ccoeevviiieiiiiiiniiniiieeeeee, 64
Heat Exchanger Working Hours vs. Time (Cleaned Data)..........c.ccccovieiiniiiinincnnnne. 64
Total Average Current vs. Time (Cleaned Data)...........ccccceiiiiiiiiiiiiiiiiiiieeee 65
PD1 Average Pressure Out vs. Time (Cleaned Data)...........ccooccveieiiiiiiiiiniiiieeeee, 65
PD2 Average Pressure Out vs. Time (Cleaned Data)............coocceieiiiiiiiiiiiniiiieeee, 66
TD1 Average Pressure Out vs. Time (Cleaned Data)............cooecvieieiniiiiiieniiiieeeee, 66
PD2 Max Flow Out vs. Time (Cleaned Data)............coooveiiiiiiiiiiiiiieiiiiieeeiiee e, 67
HPU?2 Pilot Pressure vs. Time (Cleaned Data) ...........ccoeeuiiieiniiiiiieiiiiiieeeiiee e, 67
Total Average Power vs. Time (Cleaned Data)...........ccooveiiiiiiiiiiiiiiniiiiceeiieeeee, 68
PD1 Max Pressure Out vs. Time (Cleaned Data) ...........ccceeeeeeeeiiciiiiiiiieeeeeeeeiiee, 68

v



Figure 91: PD2 Max Pressure Out vs. Time (Cleaned Data) ..........ccoccveeriieeniieenniiieniieenieeee 69

Figure 92: TD2 Max Flow Out vs. Time (Cleaned Data) ..........c.ccceevviieniiieniiieiniieeiceeeeee 69
Figure 93: PD2 Average Flow Out vs. Time (Cleaned Data) ..........ccocceeevviieeniiiennieeeniieenieeeee 70
Figure 94: Total Max Current vs. Time (Cleaned Data).............ccoeeviieeerciiiieeeniiiieeeeiiee e 70
Figure 95: TD2 Max Pressure Out vs. Time (Cleaned Data) .........ccccceeeeiviieeenciiiieeniiiieeeeineenen. 71
Figure 96: TD1 Max Pressure Out vs. Time (Cleaned Data) .........cc.ccceeeuviieeeniiiiieeniiieeeeiieeeenn 71
Figure 97: PD1 Average Flow Out vs. Time (Cleaned Data) ...........ccccueeviieeniieenniieeniieenieeee 72
Figure 98: TD2 Average Flow Out vs. Time (Cleaned Data)...........cccceeeviiiiniiienniiiiniieenieeee 72
Figure 99: Actual Oil Level vs. Time (Cleaned Data) ..........ccccceeeveuiiiieeniiiieeeniiieeeeieee e 73
Figure 100: TD1 Max Flow Out vs. Time (Cleaned Data) ............cccceeevriiiieeeniiiiieeeiiieeeeieeenn 73
Figure 101: Max Current vs. Time (Cleaned Data) ............ccccoviiiiiieiiiiiiiiiiiiiiieee e 75
Figure 102: Max Torque vs. Time (Cleaned Data) ............coooeciiiiiiieieiiiiiiiiiieeee e 75
Figure 103: Blower Working Hours vs. Time (Cleaned Data) ............cccocciiviiiieiiiiniiiiiiiieeeennn, 76
Figure 104: Average RPM vs. Time (Cleaned Data) ...........ccccceiiiiiiiiiniiiiiiiiiicieceeeeen 76
Figure 105: Blower Number of Low-Pressure Alarms vs. Time (Cleaned Data)......................... 77
Figure 106: Average Torque vs. Time (Cleaned Data)...........cccvvieiieiiieiiiiiiiiiieee e 77
Figure 107: Average Current vs. Time (Cleaned Data).............ccooviiiiiiiiiiiiiiiniiiiiiceeeeeen 78
Figure 108: Lube Oil Temperature vs. Time (Cleaned Data) .............ccooviiiiiiiniiiiiiniiiiiiieee, 78
Figure 109: Hydraulic Brake Temperature vs. Time (Cleaned Data) ............ccccceeeeeviiiniiinennennn. 79
Figure 110: Electric Motor Working Hours vs. Time (Cleaned Data) ...........cccccceeeeveeiiiiiieennennnn. 79
Figure 111: Hydraulic Brake Working Hours vs. Time (Cleaned Data) ..........c.ccccceevevivviiennnennnn. 80
Figure 112: Max RPM vs. Time (Cleaned Data) ............ccooeiviiiiiiiieeeieeiiiiiieeee e 80
Figure 113: Number of Low-Pressure Alarms Model Results ............coooeeeiiiiiiieiiiiiiiiiiiieeeeen, 82
Figure 114: Hydraulic Oil Temperature vs. Time (blue) and Heat Exchanger Working Hours vs.
TIME (REA) . .eeiiiiieiee ettt e e e e e e et e e e e e e e e s saaaaaeeeeeeeeeansnsssareaaaaeeanns 85
Figure 115: Lube Oil Temperature vs. Time (Blue) and Average RPM vs. Time (Red)............... 88



Abstract

The need for a safe, reliable and cost-effective production requires early and accurate fault
detection to increase performance and reach an efficient maintenance strategy. Moreover,
in strategic sectors such as the oil and gas industry, being able to predict a failure before its
occurrence is of high importance. By doing that, equipment lifetime can be extended and
unplanned operations shutdowns can be reduced leading to a huge cut in the cost of
breakdowns and maintenance. This project talks about how the creation of a predictive
model was established to know the number of low-pressure alarms of the blower ahead of
time. It also talks about the methodology followed to perform such a thing as well as how
KPIs for the heat exchanger, the hydraulic pumps, the filter, and the lube oil were tried to
be found. All that happened by first explaining different concepts used in this work such as
the effect of the evolution of the industry on production, the Internet of Things, the types
of maintenance, the equipment’s lifetime as well as the relationship between machine
learning and predictive maintenance and how a predictive maintenance program can be set.
In addition to that how the data was collected using ProRig and how it was cleaned and
then implemented. The model for the prediction of the number of low-pressure alarms gave
a good but not so high accuracy which meant that it could still be improved. Concerning
the KPIs, it wasn’t possible with the collected parameters to find any, but a lot of
suggestions for future work were discussed to help in getting KPIs as well as having a
better model.

Vi



1 Introduction

The evolution of technology is very quick especially in the fourth industrial revolution due
to the increase in the use of the Internet and the Internet of Things. Industries are trying to
take advantage of that to optimize their production lines while reducing their costs.
Furthermore, they are attempting to do that while keeping a safe and sustainable work
environment. Focusing on making a good maintenance strategy is a very good place to
meet the industries’ goals. A proper maintenance strategy helps not only in improving
general equipment health status but also reducing equipment failure frequency, all of that
leads to a minimization in maintenance costs and maximization of the equipment’s useful
life [1]. In [2] they mentioned that by using digital maintenance and reliability
transformation in heavy industries, asset availability can be increased by 5 to 15 % and
maintenance costs can be reduced by 18 to 25 %.

Predictive maintenance is becoming one of nowadays’ hot topics, taking advantage of the
reduction in expenses of equipment needed for the monitoring of machines, collecting data,
and storing huge amounts of it. This maintenance technique by integrating physical and
digital systems can produce an optimum maintenance schedule. Its main goal is to predict
when a machinery’s failure could occur which helps the maintenance team in solving the
issue proactively. With the use of machine learning algorithms, correlations and hidden
patterns within complex and huge amounts of data can be found [3].

The objective of this work is to generate a predictive model able to predict the number of
low-pressure alarms of the blower in the top drive system after having a lot of these alarms
triggered in a short period. Moreover, the other goals are to try and find key performance
indicators (KPIs) for the heat exchanger, the hydraulic pumps, and the filter of the hydraulic
power unit, in addition to the lube oil quality of the top drive system. These KPIs have the
role of helping in the monitoring of this component to assess their performance and predict
their failures.

Along this project, the evolution of the industry from 1.0 to 4.0 will be discussed. Plus
some concepts that are in relation to this work will be explained such as an Internet of
Things system, the different maintenance types, the equipment’s life, the setup of a
predictive maintenance program, the relation between machine learning and predictive
maintenance as well as some machine learning techniques used for the model’s creation.
The methodology of work, from how the data was collected, cleaned, and used for the
generation of the predictive model and the KPIs will also be showcased. Finally, all the
results with suggestions for improvement in terms of future works will also be explained.



2.1

Evolution of the Industry 1.0 to 4.0

The industry is in a continuous state of evolution and change. Historically, there are four
phases of the industrial revolution: three of them have been completed and the fourth one,
Industry 4.0, is currently being experienced. This paragraph will discuss each revolution
alone, together with its effect on the industry, as seen in Figure 1.

ﬁ‘% . _ INDUSTRY 4.0
= |NDUSTRY 3.0

INDUSTRY 1.0

‘Mechanization, steam
power, weaving loom

Automation, computers Cyber Physical Systems,
and electronics internet of things, networks

o

1784 1870 1969 TODAY

Figure 1: Evolution of the industry from 1.0 to 4.0 [4].

Industry 1.0

The first industrial revolution started around 1780 in England and then spread to other
countries in the Nineteenth century. With the development of James Watt's steam engine
which was powered by coal, factories were no longer tied to natural sources of energy, such
as windmills or watermills. This led to the transition from individual cottage owners,
agriculture, and handcrafts to the world of machines where organizations with owners,
managers, and employees were needed to serve customers. This first industrial revolution
increased productivity significantly and made it easier while creating a lot of job
opportunities and making the transportation of goods faster and cheaper [4].
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Industry 2.0

With the introduction of electricity towards the end of the Nineteenth century, the second
industrial revolution began, where electrically powered machines replaced steam engines.
Alongside this transition, Henry Ford's invention of the assembly line in 1913 made serial
production possible in record time. In addition, the evolution of telecommunications, from
letters to telephone calls and telegrams, has also played an important role in increasing
production [4].

Industry 3.0

The third industrial revolution began in the last few decades of the Twentieth century. With
the invention of the Z4, the first computer for commercial use, and the manufacturing of
electronic devices like transistors and integrated chips, the transition from humble and
completely analogue human activities to digitization and automation has become a reality.
In this period, software systems were developed to capitalize on electronic hardware and
two digital giants were born: Microsoft and Apple. The rise of automated machines and
computers during this third revolution has made life faster and easier, but it has led to mass
human unemployment, and to the fear that machines will replace humans [4].

Industry 4.0

Industry 4.0 builds on the development of the previous revolutions. It started in the early
21% century and is still evolving. The introduction of the Internet and the success of the
Internet of Things (IoT), which enabled information to be shared, analyzed, and used to
drive intelligent actions, made digitization faster and better than Industry 3.0.

The devices are now able to perform tasks fully automatically with the help of the digital
network, which offers countless possibilities. Through networking, it is possible to build
an intelligent factory where employees, systems, and components communicate with each
other for more efficient production.

Due to this huge and rapid growth in digitization, companies cannot produce goods in stock
anymore, but must follow actual demands which changed completely the world of
production. This was only possible because of the continuous expansion of information
processing. This Industry, 4.0, has developed faster compared to the others’ annual intervals
and, thanks to it, new terms such as robotics, artificial intelligence (Al), IT, clouds, self-
learning algorithms and big data have emerged [4].



3 Internet of Things

3.1

3.2

What is the Internet of Things?

The Internet of Things is a system of interconnected devices, mechanical, digital machines,
computing devices, objects or even humans and animals that have unique identifiers. These
devices are called things, are assigned an Internet Protocol address and can transfer data
and communicate with each other over closed internet connections or even across different
networking types, creating a much more connected world [5] [6].

The addition of sensors to these things and their ability to communicate real-time data
without human intervention, provide these devices with digital intelligence and transform
the world into a smarter and more responsive place.

Organizations around the world are increasingly using this technology in a variety of
industries to enable them to perform more efficiently, learn more about their customers’
needs, provide them with enhanced services, improve decision making and increase their
businesses’ value [5].

History of Internet of Things

The idea of connected devices started around the year 1970 under the names of embedded
internet and pervasive computing, but the first to mention the term “Internet of Things”
was Kevin Ashton, co-founder of the Auto-ID Center at the Massachusetts Institute of
Technology (MIT): that was the name of his presentation in 1999 in which he wanted to
bring radio frequency ID (RFID) to the attention of Protector and Gamble’s attention by
incorporating the term Internet that was the new cool trend at that time. Also in the same
year, MIT professor Neil Gershenfeld in his book “When Things Start to Think™ gave a
clear insight into where this technology was headed.

The first application of the Internet of Things dates to the 1980s when some programmers
at Carnegie Mellon University were able to check if the Coke machine contained cold
drinks when they decided to go for a refreshing beverage. Apart from other small projects
similar to this one, progress was very slow due to the lack of the necessary technology at
the time. The adoption of RFID tags, low-power chips able to communicate wirelessly, and
the addition of equipment components to track their location was one of the first
applications of the Internet of Things. With that, the use of IPv6, the growth of broadband
internet, cellular and wireless networks, and the huge decrease in the cost of sensors and
the cost of adding the Internet to objects made the Internet of Things not only used for
business and manufacturing, but also for people filling their houses and offices with smart
devices that made life easier [5] [6].



3.3 How Does It Work?

Figure 2: Internet of Things workflow [5]

Figure 2 above shows how an IoT system works and will be explained in this paragraph.
An Internet of Things system is made of four main components: sensors and actuators,
connectivity, data processing, and user interface. First of all, the sensors are responsible for
collecting data from the object (e.g. temperature) while actuators make the system perform
a certain action (e.g. switch off the heater). Second, connectivity is where the
aforementioned components are connected to a gateway typically wirelessly, but a wired
connection could also be used. This gateway transforms the message into an
understandable format and uploads it to the cloud on the internet. Now in the cloud, which
is a network of computers on the Internet, is where the data storing and analysis is done by
using simple rules or more complex ones with the aid of machine learning and artificial
intelligence to take smart decisions. Lastly, in the user interface the information is made
useful for the end user, for example by sending a notification to his phone about the
temperature in the storage room, and then, depending on the application, the end user might
act setting the temperature manually, or an automatic response from the system might be
triggered like turning on or off the heater to set back the temperature to the defined and
acceptable range.

Then, to recap in an Internet of Things system, sensors collect and send data to the cloud
via a gateway, this data is then stored, processed, and analyzed by software to make good
use of it and take smart decisions and perform actions on the system by using actuators.
The person can interact with the system thanks to the user interface that allows him to act



and override it, so that his orders are sent in the opposite direction, from the user interface
to the devices where the actuators do the work for him [7]. This concept is of high
importance for this study since the data collected and analyzed to perform it was done
through an IoT system, the ProRig, which will be discussed in paragraph 8.1.



4 Maintenance Types

4.1

Maintenance is the ensemble of processes and practices performed on different equipment
to guarantee its efficient and continuous operation. This means that by using the best
maintenance plan for the plant or industry, the longevity of assets could be increased,
machines’ performance optimized, unscheduled downtimes avoided, and costs minimized.
There are two main types of maintenance, reactive maintenance, and preventive
maintenance, very different from each other, each with its pros and cons, and a better place
to be used.

Reactive Maintenance

Reactive maintenance, also referred to as run-to-failure maintenance is, as its name
indicates, the repair or replacement of equipment or equipment component after its failure
has occurred. The tasks are carried out with priority, from the one that affects safety and
production the most to the one that affects them the least. This is usually low-cost
maintenance as it could be done with fewer resources and maintenance infrastructure, but
the problem is that in the long run, catastrophic events can occur, which become very
expensive and the average time to repair will increase. Furthermore, reactive maintenance
does not fix the cause of the problem and this means that the mean time between failures
will decrease and that will cause the same problem to be repeated several times in a
decreasing time interval [8].

Reactive maintenance could be broken down into four different types of responsive
strategies:

1. Breakdown maintenance, takes place when a piece of equipment won’t start or operate.
Usually, it is an unplanned event, and the apparatus must be quickly fixed to resume
production. If any delay occurs, the bottom line of the business will be affected, so it is
always advisable to have backup equipment for the most critical ones. Sometimes, a
planned breakdown could occur for which workers are ready to respond [9].

2. The run-to-fail maintenance, is letting the machine work until it breaks down after that
the maintenance operation is performed. This type is considered a planned one since
the decision of letting the component fail is deliberately taken and often a plan is put
ahead to repair the item without interrupting the production. Furthermore, the
equipment that is permitted to fail does not cause health or safety risks to the operators

[9].



3. Corrective maintenance is to carry out maintenance operations on malfunctioning
equipment before its total failure, so before causing serious problems to the system.
Generally, this malfunctioning or potential failure-causing area is detected while fixing
other problems [9].

4. Emergency maintenance is never planned for: it is the quick response to an unforeseen
accident and it could cause health and safety problems if the situation is not addressed
properly. For this type, there is usually an excavation plan, for which the workers are
planned to perform if any dangerous event occurs [9].

Even though reactive maintenance is the most basic one, it still has some pros and cons.
Some of its pros are that it needs no planning or initial cost, less or no manpower is needed
since there are no frequent checkups and it could be outsourced and excluded from the skill
set on the payroll, moreover, it is more cost effective on non-critical and low impact
equipment. On the other hand, accurate budgets for it are difficult to make and unplanned
downtime puts production schedules at risk and alters the supply chain. This reduces profit,
due to the absence of operators and spare tools and more delays will occur to bring them
to the production site. That will cause disorganized work and distracts the team; in addition
to all these, the most important problem is that safety risk is high especially that
maintenance workers need to solve the problem quickly to minimize the downtime [10].

4.2 Preventive Maintenance

Preventive maintenance has the goal of taking the required actions and precautions to avert
equipment failures from happening and minimize accidents risk [8]. Here there are two
maintenance activities, nonintervention activities, and intervention activities. In
nonintervention activities, the equipment is monitored by maintenance teams following
maintenance rounds which consist of predetermined routes within a specific area of the
plant with a well-known number of equipment and systems to be inspected to assess their
performance and to see whether any signs of degradation and variance from normal
operating conditions are present. Nonintervention tasks could also comprise scheduled
legislative inspections set by the government. Intervention activities, they consist of repair,
replacement, and intrusive servicing of the equipment. These types of activities often need
the system to be shut down so that additional inspections can be made to detect other
possible failures and address them. Sometimes, if many maintenance activities are needed,
the stopping of production is necessary, so that they can be assembled and performed in a
preplanned facility shutdown not to affect the supply chain program or even the production
plan [8].

Under the umbrella of preventive maintenance, four types of maintenance could be found,
which are:



1.

Time-based maintenance: it consists of periodic cleaning and checking of the
equipment to monitor its condition, which could be every month or annual basis
depending on the manufacturer’s recommendations. Even if there were no
recommendations, any business should always try to inspect the most critical machines
regularly, to avoid any major incidents. This means that when a maintenance schedule
is being prepared, the focus should be on the major utilities, equipment, tools, and
technology that the company relies on to succeed. Furthermore, to better plan time-
based maintenance, detailed notes about past failures or problems should be kept so
that systems and equipment that need additional care are detected. An example of
periodic maintenance is air conditioner servicing after a couple of months after summer

[11].

Usage-based or meter-based maintenance is done for machinery that works daily, so
tracking its usage, like operating hours and production cycles, particularly on systems
that don’t give notifications on the number of operating hours is critical because, by
doing that, operators will stay on top of proper care and will guarantee a prolonged use
of critical equipment [11]. The most common example of this type of preventive
maintenance is the oil change in a car after a certain mileage has been reached [12].

Predictive maintenance’s goal is to reduce the number of necessary planned repairs and
it consists of an advanced form of preventive maintenance [12]. To do that, predictive
maintenance captures equipment conditions through sensors that gather data, by doing
that it can track the machine’s condition and detect any abnormal patterns so that it
would be able to predict what failure and when could occur in the future and a
maintenance schedule could be set [11]. This means that predictive maintenance is
based on monitoring the condition of equipment and having any equipment undergo a
certain cycle of failure. Hence, the faster a failure is perceived, the more time the
maintenance team has to choose the best intervention plan to avoid the problem without
interrupting the production. This was the goal of this work, predicting the failure of
machines to try and perform a predictive maintenance program in the future to avoid
failures from reoccurring. A good example of predictive maintenance is that if a certain
car owner goes off-roading in the summer, the oil change should occur every 3000
miles instead of the normal 5000 miles in the winter [12].

Prescriptive maintenance is very similar to predictive maintenance, but it uses
advanced analytics, machine learning, and artificial intelligence to predict and suggest
the best maintenance strategy [11]. What happens is that the software gathers data about
equipment’s status and analyzes it to give specific recommendations to avoid any risk.
For instance, in the previous example of predictive maintenance, by using a prescriptive
maintenance approach to the same model, the software would advise oil to be changed



every 4000 miles in the summer instead of the 3000 of the predictive maintenance
model, to avoid dusty filters [12].

Similarly to reactive maintenance, preventive maintenance also has many advantages and
disadvantages. First the advantages:

Increase in productivity, as poor maintenance strategies reduce productivity by 20%,
operational managers through preventive maintenance digitize the details of essential
equipment, assign recurring work orders, review asset history from their smart devices
and reduce business downtime caused by unexpected failures [11].

Longer equipment lifespan, as badly performing parts are fixed regularly through
schedules that ensure a steady performance of the assets according to manufacturers
and consumers guidelines, the frequency of capital expenditures to buy new equipment
is reduced [12].

Reduced costs, unplanned downtimes, and running a machine until it fails may cost ten
times more than periodically checking, monitoring, and fixing it. Thus, companies that
use preventive maintenance have a higher output than the ones that adopt reactive
maintenance as they experience fewer breakdowns [12]. In addition to that, due to the
planning done and the reduction of unforeseen downtimes, the amount of money paid
on overtime for workers to fix problems is reduced [11].

Enhanced safety: due to regular machinery checks, the occurrence of hazardous
problems is reduced, which leads to the reduction of unpredicted downtimes, health
h,azards and liability lawsuits [12].

Less energy consumption and reduction of utility bills, because weakly maintained
equipment consumes more energy than those normally operating and that means that
energy-robbing parts will be rapidly fixed [12].

After having examined the five very beneficial advantages of preventive maintenance, here
are some of its disadvantages:

Budgetary constraints, with the high prices of the software used in this field and the
needed man-hours to fulfill the required job, smaller businesses can’t afford this

digitally advanced maintenance solution, even with providers who try to make it more
accessible [12].
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More required resources: with the increase of the demanded tasks throughout the year
due to preventive maintenance, there will be an increase in the entailed personnel, parts,
and monthly capital [12]. Furthermore, some employees would have to work overtime
or be removed from their daily tasks to perform preventive maintenance assignments

[11].

Time consuming: since more work needs to be done to set up a schedule for the periodic
maintenance duties and assets, inspection becomes more complicated with a huge
number of parts taking more time [12].

Difficult to organize, with the high number of equipment to be checked in a company:
organizing the work to be done may be very difficult to prepare for and, if not done
correctly, may lead to a disaster [12]. This problem will be even greater if no past
planning has been done or if there have been no previous records of maintenance
activities [11].

Excess of preventive maintenance leads to spending huge quantities of money on
unnecessary maintenance tasks [11].
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5 Equipment Life

5.1

An equipment’s life can be described as physical life, profit life, and economic life, where
the last two should be defined and calculated to make an equipment replacement decision
since they give two important means to address the replacement analysis. In addition,
obsolescence, inflation, maintenance and repairs, depreciation, downtime and investment
are all fundamental to replacement analysis. Thus, by combining all these concepts, an
equipment manager can make a good equipment replacement decision [13].

¢ Economic Life N

e B e = =

Profits

Physical Life

Equipment life
Figure 3: Profits vs. Equipment life [13]

Figure 3 shows the three stages of an equipment’s life cycle where it can be seen that in its
initial years, the equipment needs some time to earn enough to cover the capital cost of its
procurement. After that, it moves to the second phase where it earns more than the cost of
operation, ownership, and maintenance. Finally, the end of a machine’s life is when
keeping it working and the production time lost due to maintenance cost more than what it
earns while normally operating. Thus, an equipment fleet manager requires the necessary
tools to capture that time when the asset is no more profitable and needs replacement [13].

Physical Life

The physical life of equipment is equivalent to its service life, and it ends when it’s unable
to operate anymore [14]. It is mainly affected by the maintenance and repairs done on this
machine during its lifespan. This means that an apparatus that was given less attention
during its operation period will break down earlier than one that was under preventive
maintenance. Thus, a piece of equipment’s physical life will be impacted by two things,
itself and if it was maintained properly [13].
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5.2

5.3

5.4

Profit Life

An equipment’s profit life is the period in which the equipment generates profit. That is
the most craved life since after it the machine will start operating with a loss [14].
Increasingly costly repairs exacerbate this as major components wear out and need to be
replaced. Consequently, this stage needs to be maximized to get the most profit and
efficiency out of the asset, and the manager has to know the period where a replacement
plan should be implemented for a new machine while the components are still useful [13].

Economic Life

Economic life is the period where ownership costs decrease while operating costs increase
and it continues until the operating costs exceed the ownership costs, which means that the
component is costing more to operate than to own [14]. Thus, to have the maximum profit,
an equipment should be replaced before the end of its economic life. The proper timing of
equipment replacement prevents erosion of profitability by the increased cost of
maintenance and operation as the equipment ages beyond its economic life [13].

Life Cycle Assessment and Costing

The depletion of natural resources became along with climate change global concerns. The
industrial sector is currently the largest consumer of energy and resources, and a major
contributor to the climate change problems. Thus, a noticeable transition of the industrial
sector towards sustainability is needed.

Life cycle assessment (LCA) is a popular tool applied across many industrial sectors to
determine the environmental impact linked to a product’s lifecycle. Its application to
support decision-making in different sectors like supply-chain management, marketing,
process optimizations, and eco-design or strategic decisions has been already performed.
It is favorable to use it in specific cases to assess a product’s lifecycle. This assessment is
not done on all the products but only the ones with high criticality and where the manager
feels the need to perform a such thing. However, life cycle assessment is rarely applied on
industrial manufacturing systems and even less on high energy-consuming equipment to
assess their environmental impact. A brief literature review tells that the progress made in
life cycle assessment methodologies, is essentially focused on the improvement of
individual processes such as impact assessment and data collection. On the other hand, this
method should satisfy stakeholders’ requirements while balancing cost, time, effectiveness,
and expertise for the assessment.

Life cycle costing (LCC) focuses on assessing all costs that occurred during the lifecycle
of a product, i.e., from conceptualization, manufacturing and operation to the end of its
useful life. It can be modified to give guidelines to manufacturers and clients from their

13



perspectives. In addition to financial representation, life cycle costing also includes
integrated analysis comprising economic, social, and environmental aspects.

A combination of environmental and economic aspects gives better support to decision-
making procedures in developing products or services. Nevertheless, life cycle assessment
and life cycle costing is performed separately and then their results are combined but this
leads to a series of problems including inconsistencies, tedious data, and loss of
significance. Procedure-oriented models for integrated LCC and LCA by dividing lifecycle
into system and subsystem levels have been developed, which enable a consistent and
structured handling of partial problems. However, the only problem with these models is
their high evaluation procedure complexity [15].

Even though the concepts of equipment’s physical, profit, and economic life as well as life
cycle assessment and costing where not used in this work, it would be of a great plus if in
future works they were taken into consideration since they attack the subject from a more
economical and environmental point of view.
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6 Predictive Maintenance Program

Suggestions in production and maintenance are that there is a need to change maintenance
policies from short-term problem solving to considering long-term goals. Predictive
maintenance is a maintenance policy where specific physical variables are selected and
associated with sensors on operating machines that measure their values continuously to
record the data and use, them later on, to analyze, visualize and obtain important and useful
information [16]. This policy uses these data along with other predictive tools like historical
data, integrity factors, statistical interference methods, and engineering approaches to
detect machine failures from an early time [1]. Predictive maintenance progressed from
simple visual inspection to automated methods by taking advantage ofthe developed signal
processing techniques based on pattern recognition and machine learning. These methods
by collecting and detecting sensitive information from machines, help by finding the causes
of the failures and avoiding unneeded downtime to improve equipment’s efficiency. What
differentiates this maintenance technique from others that also provide a schedule is that
this one makes the schedule based on real-time data [17]. In addition to that predictive
maintenance also increase the remaining useful life of machines [1].

To set up a predictive maintenance program it is of high importance to understand the
technical peculiarities of the procedures and instrumentations that make the diagnosis
possible. Hence the success or failure of that will rely on the knowledge of the program
planner about this subject. The activities carried out in a predictive maintenance program
are:

1. Data acquisition: it is performed by using routes so that the time dedicated to this
activity is minimized. Data must be collected by the same operator and in the same
location to minimize the effect of conditions’ variables on the measurements [16]. For
this project data acquisition was carried out using an IoT system that will be discussed
in paragraph 8.1.

2. Information processing: after acquiring the predictive data, they must be sent to a PC
where processing is carried out depending on each company’s policies; the transfer is
done automatically. Normally a graph is created for the visualization of the different
parameters and only more advanced analysis will be done if deviations in the behavior
appear [16]. These graphs are similar to the ones shown in paragraph 8.2. for the raw
data and paragraph 8.3. for the processed data.

3. Drawing up of diagnosis: it is a critical step in the predictive maintenance program
and only professionals do it, to avoid the accumulation of unanalyzed data. The
analyzers use graphic representation and software to better perform the task. The
technician issues the state of the equipment and in case of any problem he provides a
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diagnosis. He also has a system that by using some preliminary data knows if there is
any failure and how to resolve it [16].

Transfer of information to personnel responsible for the maintenance activities: issuing

work orders. Generally, the people involved in corrective maintenance are different
from those responsible for predictive maintenance, thus the predictive maintenance
program needs to work so that this information is sent quickly to the correct people, to
avoid further development of the fault [16].

Diagnosis verification: after completing the maintenance job, predictive data is
acquired again to check that everything is back to normal; in case of further troubles,
information has to be collected and analyzed to avoid their repetition in the future [16].

Transfer of the information to the computerized maintenance management system and

enterprise resource planning software, which is not a common step for all companies.
Linking the computerized maintenance management system to the predictive diagnosis
software helps in improving the predictive maintenance program. Its integration into
the company’s maintenance policies facilitates the setup of the maintenance schedule.
On the other hand, the enterprise resource planning software helps in taking decisions
concerning costs, human and technical resources production scheduling [16].

Combination of predictive information with the production process: that is important
because it draws up the predictive information to be communicated to the management
so that available resources for the predictive maintenance program are increased and
maintained. This report should include an evaluation of the overall costs of a predictive
maintenance program about its benefits [16].
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7 Machine Learning for Predictive Maintenance

7.1 How Are They Linked?

Machine learning is a subcategory of artificial intelligence, it is defined as an algorithm or
program that can learn with small or no support at all. Additionally, machine learning
techniques solve many different problems and extract knowledge out of existing data. The
required technologies and processes to perform predictive maintenance are provided in

Figure 4.
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Figure 4: Process and technologies to drive predictive maintenance. [18]

The five different categories that drive predictive maintenance are smart sensors, network,
integration, augmented intelligence, and augmented behavior. Smart sensors collect the
needed data and information from the equipment and these are built-in sensors or
environmental data with the use of external sensors. The network is responsible for storing
this data and transferring it via Wi-Fi or Bluetooth. After that, the technology integration
helps in the management and accumulation of data via Internet of Things. Augmented
intelligence assists in data processing and analytics, while augmented behavior grants the
visualization, computing and service platform through apps and tickets to help the
operators. These technologies were used in this study to build a model that predicts failures.
In case of high accuracy, it will be integrated to perform predictive maintenance after some
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7.2

testing.

Machine Learning is used in computer science and other areas like predictive maintenance
of machines, tools and equipment because it can solve problems using the huge data
generated by industries. Multiple techniques can be combined to have the most efficient
model [18]. The steps required to build a machine learning model are the historical data
selection step, data pre-processing step, model selection, model training and model
validation step, and finally model maintenance step, as shown in Figure 5.
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Figure 5: Main steps for the design of a machine learning model [1].

The historical data selection step has the role of deciding how and which data should be
collected, so it is valuable for the model design, this step in predictive maintenance is the
data acquisition step as will be seen in paragraphs 8.1 and 8.2. The next step is data
preprocessing and, as the name itself says, is the one in which all the transformations and
efficient data processing by the model are performed; it includes data cleanup, such as
handling missing data and removing outliers as done in paragraph 8.3. In predictive
maintenance, the data is analyzed in this step, to understand and have a better interpretation.
After data processing, there is the phase of model selection, training, and validation. During
this phase, the appropriate model or models are selected, then trained and validated to
verify their accuracy towards the desired goal. The equivalent of this step in predictive
maintenance is the maintenance decision-making step, where the best algorithm is chosen
to be applied as done in paragraph 9. The machine learning techniques used in this study
will be discussed in paragraph 7.2. Finally, the last step is model maintenance, to make
sure that the model is still efficient over time because industrial activities may change and
could lead to a decrease in the model’s performance [1].

Machine Learning Techniques Used

To train the predictive model in this study, five machine learning techniques were used
thanks to the powerful ThingWorx software that helps in running multiple tests using
different combinations of techniques in a short amount of time and without the need of
writing complex algorithms. The following techniques will be discussed: artificial neural
networks, gradient boost, linear regression, decision tree, and ensemble.
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7.2.1

7.2.2

Artificial Neural Network

The artificial neural network model was developed using a biological approach based on
the structure and function of the human brain. It is a huge parallel computing system formed
by a massive number of interconnected simple processors which can learn the basic laws
from the set of given symbolic situations in examples instead of following the set of laws
specified by humans [18].

Cutput
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Input ! 1 Hidden
Layer | i Layer

Figure 6: Artificial Neural Network Structure [19].

As seen in Figure 6 above, the structure of an artificial neural network is made up of
neurons, which consist of interconnected processing nodes. These neurons are arranged in
a sequence of several layers: the input layer, one or more intermediate layers, and the output
layer. The input layer acquires the data and is not responsible for any computation. The
intermediate layers or the hidden layers are connected to the input and output layers: every
neuron in it and the output layer receives signals from all the neurons in the previous layer
and performs a weighted summation and transfer function of the input. Finally, the output
layer provides the network’s answer for the corresponding input [19]. This model is used
in diverse fields of study, such as dynamic system modeling, pattern recognition, data
classification, prediction, multi-dimension mapping, and novelty detection due to its
capability of learning from examples and its ability to find solutions from random, fuzzy,
and nonlinear data [18] [20]. An artificial neural network can learn from historical data,
experience, and examples to perform modeling, classification prediction, and clustering
[20].

Decision Tree

A decision tree is one of the most used machine learning techniques. Its structure resembles
a tree with roots branches and leaves. It starts with a root node and along the way the data
are grouped into smaller groups and divided into branches. The inner joints of the tree are
called nodes and represent the properties, while the branches represent the decision rule
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7.2.3

and the leaves are the outcomes [21]; an example is provided in Figure 7.

Condition (choice) > [ Decisionnode ]

Alternatives i Bsiich Branch
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T— [ Leaf Leaf ] [ Leaf Leaf

Figure 7: Elements of a Decision Tree [22]

One advantage a decision tree has over other machine learning methods is the
interpretability of its model, which helps support the design of future data analysis work
by providing information relating on identifying important characteristics and interclass
relationships [23]. Moreover, its construction is quick and can be converted into SQL
statements: in this way, efficient access to databases is possible [24]. The most optimized
algorithm for decision trees is the one that gives the split with the highest information gain
[25].

Gradient Boost

The idea behind the gradient boost technique is to develop the weak learner towards the
best result by using the gradient direction, as shown in Figure 8.
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The sample is checked at every iteration and the boosting algorithm gives the highest
weight to the misclassified samples for it to be prioritized. This process is repeated until
the boosting algorithm satisfies the weighted sum of all the ensembles prediction [27] [28].
Gradient boosting is useful in classification problems as well as regression problems [29].
Furthermore, this machine learning technique was successful in many applications and
showed the ability to update prediction results on new consecutive models [30].

7.2.4 Linear Regression

Regression analysis is a term used to mean two things: the first is to forecast or predict,
and in this area regression models’ application overlap with machine learning, the second
is to find relations between independent and dependent variables [31]. An example is
provided in Figure 9.
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Figure 9: Linear Regression Model [32]

Linear regression refers to a multivariate linear combination of regression coefficients (i.
e. constants and weights of input variables). The coefficients are estimated by the
generalized least square technique [33]. Linear regression can predict the dependent
variable from its correlation with one or more independent variables and to quantify this
relationship. Linear regression is a widely used technique since it is simple, and easy to
interpret; it could also overcome more sophisticated and complex nonlinear models,
especially where training data are limited [34] [35]. The underlying assumption is that the
linear model can provide a reasonable approximation to the regression function [35].

Ensemble

The combination of basic independent predictions learners into a meta-predictor is called
ensemble learning and usually performs better than a single learner. Some of its
declinations are stacking, model averaging, bagging, and boosting, they can be used to
combine data from different sources [36]. By performing this combination, a more
advanced model is created taking the strengths of the individual ones and this helps in the
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reduction of the prediction’s bias since the dependence on a single model is not present
anymore. The merging of the base models is performed using two major methods: stacking
and aggregating. The former determines which are the reliable models by using a meta-
learner concept, while the latter based on a majority voting scheme combines the individual
results. For the meta-model to give the final results, it uses as input the individual models’
results. If the target is only getting the best prediction accuracy, ensemble models are
always better than single models but this will cause the cost of computation and storage to
increase and will make the model less interpretable [37].

Ensemble prediction methods could be divided into two categories: heterogeneous
ensemble and homogeneous ensemble, depending on the model generation technique used.
In the heterogeneous, also called competitive, ensemble, the model is generated by using
the same training dataset on the individual models but by changing the parameters and the
final output will be the average of the base models, this method exploits the
complementarity between the different learning algorithms. On the other hand, in a
homogeneous model, or cooperative model, different datasets resampled from the original
one are used with the same parameters to train the models, by dividing the job into multiple
subtasks where each one is completed on a single algorithm depending on the nature and
characteristics of this subtask and finally the prediction will be the sum of the different
subtasks, this method optimizes the performance of the meta-model by training it multiple
times with varying data and combining their predictions [38] [39].

Due to its high performance, accuracy, and ability to handle imbalanced and small-sized
datasets ensemble technique is used more and more nowadays by researchers in many
different fields [40]. Three factors should be considered during the model creation:
identifying the best suited prediction algorithms for the application, understanding how
many base models are to be used to have better accuracy, and selecting the combination
techniques able to provide the better single model outputs merging, to get the best
individual prediction [39].
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8 Methodology of Work

8.1

In this section, the methodology of work will be discussed from data acquisition,
processing, and model implementation. The goal is to generate a predictive model for the
failure of the blower in the top drive system where low-pressure alarms were triggered.
Moreover, to find some key performance indicators (KPIs) for the lube oil in the top drive
system and the hydraulic pumps, the heat exchanger, and the hydraulic oil filter in the
hydraulic power unit. These KPIs will help in predicting the performance of these
components in the future to know when a failure might occur.

ProRig for Data Acquisition

ProRig is a data management system developed by Drillmec. It is an industrial Internet of
Things platform for the monitoring, visualization, and analysis of the data coming from
sensors mounted on the rig components in real-time. Each rig is sending data from its
subcomponents such as hydraulic power units, mud systems, rotary systems, and electrical
systems. The quality and amount of sensors affect the quality and quantity of the received
data which in turn has a direct effect on the output of the system and its efficiency. Thus
the better the sensors, the better will be the acquired data. This data received from the
sensors 1is still considered raw and can’t be used for any purpose unless it is cleaned,
filtered, and verified. The platform is not only capable of displaying live data on dashboards
with easy interfaces but can also apply calculations and extract important information from
it. All the data is stored in the cloud, to which users and clients have direct access from
anywhere in the world. The historical data are also accessible, allowing the revision of
some operational incidents and the analysis of events or problems.

Several rigs can be connected simultaneously to the system as shown in Figure 10, this
helps in comparing their performance and efficiency. Hence, any important feature or
analysis extracted from one rig could be applied to improve another, although not all rigs
are the same, but potentially capable of sharing similar subcomponents.
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DATA MANAGEMENT SYSTEM

Figure 10: Rig Inter-Learning

Before arriving at the visualization and analysis part where the user interface is also
present, the flow of data collected from the sensors on the rig passes through several steps.
It first starts from the sensors mounted on the different components of the rig and this data
is collected at different frequencies depending on the criticality of measuring a certain
parameter every n seconds. After that the rig servers store and keep this data physically on
the rig for as long as 30 days if needed, to avoid any loss of data in case of the interruption
of the internet connection. If everything is running smoothly the next step will be for the
data to be sent to the edge server in the company’s headquarters. From there it is transferred
and stored in the cloud before arriving to the last step of analysis and visualization, as the
following Figure 11 shows.
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Figure 11: System Architecture.

One major problem that arises from this transfer of data is its security. When it comes to
data sharing over a cloud, its transport from source to destination securely is an absolute
priority. For this issue, the ProRig platform is equipped with a multilevel security and
backup system. One of them is the one mentioned earlier about storing on the rig’s servers
for up to 30 days. Another one is the encryption of the data offline on these servers which
is also re-encrypted when it reaches the online cloud before being sent to the headquarters.
The data is transferred by using private VPN tunnels to ensure its safe and secure arrival.
All these levels of security are reported in Figure 12.
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Figure 12: Data Secure Flow From Source to Destination.
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In addition to all these security measures, access to this data is only authorized to specific
personnel chosen by the client. From Drillmec’s side, only the support engineers that help
in the system’s development are allowed to have access to it with unique usernames and
passwords.
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8.2

8.2.1

Bit Depth (m)

-0.5

Raw Data Collected

By using the ProRig data management system the initial raw data from the data acquisition
system (DAS), the hydraulic power unit (HPU), and the top drive system (TDS) used in
this work were collected and are showcased in this part.

DAS Raw Data

The data acquisition system is the one with the highest frequency of data recording as a
new value is recorded every 30 seconds. By using this system which is part of the ProRig,
data from the bit depth (Figure 13), well depth (Figure 14), surface revolutions per minute
(RPM) (Figure 15), the three mud pumps’ strokes per minute (SPM), SPM pump 1 (Figure
16), SPM pump 2 (Figure 17) and SPM pump 3 (Figure 18), the surface torque (Figure 19),
the weight on bit (WOB) (Figure 20), the hook load (Figure 21), the average rate of
penetration (ROP) of every hour (Figure 22), the maximum ROP of every hour (Figure 23)
and the instantaneous ROP (Figure 24) were recorded and collected for a period of one
month. In the following plots, each parameter’s raw data will be displayed before any
cleaning or filtering has occurred.

% 10° DAS Rig State Tracker Bit Depth vs Time

25r -

05 .

Oct 07 Oct 14 Oct 21 Oct 28 Nov 04
Time 2021

Figure 13: Bit Depth vs. Time (Raw Data)
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«10° DAS Rig State Tracker Well Depth vs Time
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Figure 14: Well Depth vs. Time (Raw Data)
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Figure 15: Surface RPM vs. Time (Raw Data)
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Figure 16: SPM Pump 1 vs. Time (Raw Data)
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Figure 17: SPM Pump 2 vs. Time (Raw Data)
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DAS Pump3 SPM vs Time
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Figure 18: SPM Pump 3 vs. Time (Raw Data)
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Figure 19: Surface Torque vs. Time (Raw Data)
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Figure 20: WOB vs. Time (Raw Data)
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Figure 21: Hook Load vs. Time (Raw Data)
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DAS Average ROP 1HR vs Time
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Figure 22: Average ROP every hour vs. Time (Raw Data)
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Figure 23: Max ROP every hour vs. Time (Raw Data)
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DAS ROP vs Time
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Figure 24: ROP vs. Time (Raw Data)

8.2.2 HPU Raw Data

The hydraulic power unit is the unit which is providing hydraulic power to all of the
hydraulically operated equipment on the rig. This includes the raising and lowering of the
mast, opening and closing of safety valves, top drives, power tongs, and much more. In
this rig specifically, the top drive is electric, hence the HPU did not affect it. It is equipped
with a huge number of sensors that captures many parameters with a frequency of five new
values every hour. These parameters are, the pilot pressure of the HPU1 (Figure 25) and
HPU?2 (Figure 38), the average and maximum current (Figures 33 and 44) and the power
(Figures 39 and 27) of one of the two electric motors of the hydraulic power unit, the
average, and maximum flow out of the four pumps, PD1 (Figures 47 and 28), PD2 (Figures
43 and 37), TD1 (Figures 26 and 50) and TD2 (Figures 48 and 42), as well as their average
and maximum pressure out (Figures 34, 40, 35, 41, 36, 46, 31 and 45), the temperature of
the hydraulic oil present in the tank (Figure 29) and its actual level in it (Figure 49), the
working hours of the electric motor of HPU1 (Figure 30) and the heat exchanger used to
cool the hydraulic oil (Figure 32) were recorded for a month and in these following graphs
their raw initial data will be represented as a function of time.
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Figure 25: HPU1 Pilot Pressure vs. Time (Raw Data)
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Figure 26: TD1 Average Flow Out vs. Time (Raw Data)
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Figure 27: Max Power vs. Time (Raw Data)
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Figure 28: PD1 Max Flow Out vs. Time (Raw Data)
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Figure 29: Oil Temperature vs. Time (Raw Data)
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Figure 30: HPU1 Working Hours vs. Time (Raw Data)
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Figure 31: TD2 Average Pressure Out vs. Time (Raw Data)
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Figure 32: Heat Exchanger Working Hours vs. Time (Raw Data)
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Figure 33: Average Current vs. Time (Raw Data)
250 HPU PD1 Pump Average Pressure Out vs Time
200 7
X
150 .
100 - .
50 h .
O 1 1 1 1 1
Sep 30 Oct 07 Oct 14 Oct 21 Oct 28 Nov 04 Nowv 11
Time 2021

Figure 34: PD1 Average Pressure Out vs. Time (Raw Data)
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Figure 35: PD2 Average Pressure Out vs. Time (Raw Data)
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Figure 36: TD1 Average Pressure Out vs. Time (Raw Data)
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Figure 37: PD2 Max Flow Out vs. Time (Raw Data)

HPU HPU2 Electric Motor Pilot Pressure vs Time

250 |

200 |

150

100

50

0
Sep 30

Oct 07 Oct 14 Oct 21 Oct 28 Nowv 04 Nowv 11
Time 2021

Figure 38: HPU2 Pilot Pressure vs. Time (Raw Data)
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Figure 39: Average Power vs. Time (Raw Data)
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Figure 41: PD2 Max Pressure Out vs. Time (Raw Data)
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Figure 42: TD2 Max Flow Out vs. Time (Raw Data)
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Figure 43: Max Current vs. Time (Raw Data)
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Figure 44: TD2 Max Pressure Out vs. Time (Raw Data)
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Figure 45: TD1 Max Pressure Out vs. Time (Raw Data)
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Figure 46: PD1 Average Flow Out vs. Time (Raw Data)
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Figure 47: TD2 Average Flow Out vs. Time (Raw Data)
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Figure 48: Actual Oil Level vs. Time (Raw Data)
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Figure 49: TD1 Max Flow Out vs. Time (Raw Data)

8.2.3 TDS Raw Data

The data coming from the top drive system, which is electrical on this rig, was very
important for this study because it contained the goal failures of the predictive model. This
data that will be presented in the following series of plots corresponds to the raw data that
were cleaned in further steps and used to predict the number of low-pressure alarms of the
blower. The blower is a subcomponent of the top drive system which is responsible for the
cleaning and cooling of the top drive system. It has a critical role in removing all kinds of
debris and dust by blowing cold air at high pressures, hence maintaining acceptable
working conditions for the top drive. Every time the pressure of the blower is low, an alarm
is triggered to alert that there is a malfunction in this device. This alarm was triggered a lot
during this drilling activity. The sensors mounted on the different components of the top
drive system collected this data within a period of 54 days with a frequency of one new
value per hour. These sensors collected the following parameters, the electric motor’s
average and max current (Figures 57 and 51), the electric motor’s average and max torque
(Figures 56 and 52), the blower working hours (Figure 53), the electric motor’s average
and max RPM (Figures 54 and 62), the number of low-pressure alarms of the blower
(Figure 55), the lube oil temperature (Figure 58), the hydraulic brake temperature (Figure
59), the electric motor working hours (Figure 60) and the hydraulic brake working hours
(Figure 61).
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Figure 50: Max Current vs. Time (Raw Data)
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Figure 51: Max Torque vs. Time (Raw Data)
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Figure 52: Blower Working Hours vs. Time (Raw Data)
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Figure 53: Average RPM vs. Time (Raw Data)
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Figure 54: Blower Number of Low-Pressure Alarms vs. Time (Raw Data)
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Figure 55: Average Torque vs. Time (Raw Data)
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Figure 56: Average Current vs. Time (Raw Data)
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Figure 57: Lube Oil Temperature vs. Time (Raw Data)
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Figure 58: Hydraulic Brake Temperature vs. Time (Raw Data)
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Figure 59: Electric Motor Working Hours vs. Time (Raw Data)
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Figure 60: Hydraulic Brake Working Hours vs. Time (Raw Data)
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Figure 61: Max RPM vs. Time (Raw Data)
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8.3.1

Data Cleaning

After having collected and stored all the initial raw data from all these sensors, the next
and most important step of the work is data cleaning. At this stage of the process, all the
plots showcased previously are seen in more detail one at a time to remove or replace any
wrong values or behaviors, fill missing values and make sure that all the data is at the
correct timestamp. Incorrect values do not mean failures since the goal of predictive models
is to predict these failures but it means any abnormal behavior of the data recorded that
could be linked to a sensor’s reading error. The criticality of this procedure is linked to the
reliability of the generated model at the end because if the model was trained with false
data even if it gives a high accuracy value, this high value will be linked to a false prediction
causing all the work to be fallacious. In that case, a low but correct accuracy is always
preferred over a high but rather unreliable accuracy. In the following subparagraphs, every
parameter will be discussed to show what and if any data cleaning was used on it in addition
to the new and final plots of the data after all the filtering was done.

DAS Data Cleaning

For the data coming from the data acquisition system, where one common thing was done
to all the parameters and that is the removal of all the data corresponding to the first seven
days. This was done due to its bad quality since for the most part of that time the rig was
not working which means these measurements were not useful in any way for this study
and there were a lot of missing rows for long periods that could not be filled. Now every
parameter will be discussed by itself:

e For the bit depth, one huge peak that was hiding all the real variation of this sensor’s
data was removed and replaced by a value calculated using linear interpolation. After
that, some discontinuities in the plots and small abnormal peaks appeared which were
also removed and replaced by using the same technique (Figure 63).

e For the well depth, similar to the bit depth, the huge peak was removed by using linear
interpolation. Then there were only some missing values but nothing abnormal, these
absent measurements were filled with the same technique (Figure 64).

e For the surface RPM no additional data cleaning was necessary (Figure 65).

e For the SPM of pumps 1, 2, and 3, outliers were removed and replaced by averaged

values of the strokes per minute corresponding to the values in a close time interval. In
addition to that sudden peaks that appeared where the pumps were not working were
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Bit Depth (m)

replaced by the value 0. Some negative values were all replaced by 0 (Figures 66, 67,
and 68).

For the surface torque, no additional data cleaning was performed (Figure 69).

For the WOB first of all, all the negative values were replaced by 0 since the weight
cannot be negative. Second of all, whenever the bit depth and the well depth were not
equal, the WOB values corresponding to that were set to 0 (Figure 70).

For the hook load, all the measurements lower than 18 t were set to 18. The reason
behind doing that is, the weight of the top drive and whatever the mast is holding
without any extra weight is 18 t (Figure 71).

For the average ROP of one hour, the max ROP of one hour, and the instantaneous ROP

only really small values were set to 0 by checking that the well depth was not varying
at these points (Figures 72, 73, and 74).
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Figure 62: Bit Depth vs. Time (Cleaned Data)
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Figure 63: Well Depth vs. Time (Cleaned Data)
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Figure 64: Surface RPM vs. Time (Cleaned Data)

55



SPM (min’™")

140 . .

120 I

100

(0 J
Oct10 Oct13 Oct16 Oct19 Oct22 Oct25 Oct28 Oct 31 Nov 03 Nov 06
Time 2021

Figure 65: SPM Pump 1 vs. Time (Cleaned Data)
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Figure 66: SPM Pump 2 vs. Time (Cleaned Data)

56



SPM (min™")

Surface Torque (daN.m)

DAS Pump3 SPM vs Time

120 . .

|

100

80 r

—

60 r

20 r

0 I . 1

Oct 10 Oct13 Oct16 Oct19 Oct22 Oct25 Oct28 Oct 31 Nov 03 Nov 06

Time

Figure 67: SPM Pump 3 vs. Time (Cleaned Data)
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Figure 68: Surface Torque vs. Time (Cleaned Data)
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Figure 69: WOB vs. Time (Cleaned Data)
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Figure 70: Hook Load vs. Time (Cleaned Data)
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Figure 71: Average ROP every Hour vs. Time (Cleaned Data)
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Figure 72: Max ROP every Hour vs. Time (Cleaned Data)

Max ROP (m/h)

59



120 . . . DAS IROP vslTlme

100 - .

80 r .

60 .

ROP (m/h)

0 I ) L
Oct10 Oct13 Oct16 Oct19 Oct22 Oct25 Oct28 Oct31 Nov 03 Nov 06

Time 2021
Figure 73: ROP vs. Time (Cleaned Data)

8.3.2 HPU Data Cleaning

Concerning the hydraulic power unit’s data, it was the cleanest one and it only required the
removal of redundant lines. In addition to that similarly to the DAS data, all the
measurements related to the first week were also removed for all the same reasons
mentioned earlier plus the working hours of the heat exchanger and the electrical motor
were reset after the first seven days. Concerning the average and max power and current,
their values were doubled because the sensors were only planted on one of the two motors
of'the HPU thus this was done to get their real total values (Figures 89, 77, 83, and 94). All
the other parameters’ cleaned data are shown in Figures 75, 76, 78, 79, 80, 81, 82, 84, 85,
86, 87, 88, 90, 91, 92, 93, 95, 96, 97, 98, 99 and 100.
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Figure 74: HPU1 Pilot Pressure vs. Time (Cleaned Data)
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Figure 75: TD1 Average Flow Out vs. Time (Cleaned Data)
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HPU Electric Motor Max Power Total vs Time

1000 T .
900 R
I
800 hy I\q} -
. 700 - i
=3
~. 600 .
[xF)
=
&
= 500 .
48]
= HT
400 I1 -
300 lJ -
200 - | J :
1 00 1 1 1 I[ 1 1 1 1
Oct10 Oct13 Oct16 Oct19 Oct22 Oct25 Oct28 Oct31 Nov 03 Nov 06
Time 2021

Figure 76: Total Max Power vs. Time (Cleaned Data)

HPU PD1 Max Flow Out vs Time

450 —= . ” . —
ol

400 b .

350 - .

50 |- / ! fl 1l -

0
Oct10 Oct13 Oct16 Oct 19 Oct 22 Oct25 Oct28 Oct 31 Nov 03 Nov 06
Time 2021

Figure 77: PD1 Max Flow Out vs. Time (Cleaned Data)
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Figure 78: Oil Temperature vs. Time (Cleaned Data)
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Figure 79: HPU1 Working Hours vs. Time (Cleaned Data)
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Figure 80: TD2 Average Pressure Out vs. Time (Cleaned Data)
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Figure 81: Heat Exchanger Working Hours vs. Time (Cleaned Data)

64



Average Current (A)

Average Pressure Out (bar)

490 HPU Electric Motor Average Current Total vs Time

480 -

470 - m 7

i
#)]
o
T
I

iy
a
o
T
I

N
I
o
T
!

i

N

o
T

M g [l

390 : ' ' : ' ' ' :

Oct10 Oct13 Oct16 Oct19 Oct22 Oct25 Oct28 Oct 31 Nov 03 Nov 06

Time 2021
Figure 82: Total Average Current vs. Time (Cleaned Data)
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Figure 83: PD1 Average Pressure Out vs. Time (Cleaned Data)
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250 HPU PD2 Pump Average Pressure Out vs Time
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Figure 84: PD2 Average Pressure Out vs. Time (Cleaned Data)
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Figure 85: TD1 Average Pressure Out vs. Time (Cleaned Data)
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Figure 86: PD2 Max Flow Out vs. Time (Cleaned Data)
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Figure 87: HPU2 Pilot Pressure vs. Time (Cleaned Data)
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Figure 88: Total Average Power vs. Time (Cleaned Data)
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Figure 89: PD1 Max Pressure Out vs. Time (Cleaned Data)
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Figure 90: PD2 Max Pressure Out vs. Time (Cleaned Data)
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Figure 91: TD2 Max Flow Out vs. Time (Cleaned Data)
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Figure 92: PD2 Average Flow Out vs. Time (Cleaned Data)
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Figure 93: Total Max Current vs. Time (Cleaned Data)
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Figure 94: TD2 Max Pressure Out vs. Time (Cleaned Data)
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Figure 95: TD1 Max Pressure Out vs. Time (Cleaned Data)
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Figure 96: PD1 Average Flow Out vs. Time (Cleaned Data)
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Figure 98: Actual Oil Level vs. Time (Cleaned Data)
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Figure 99: TD1 Max Flow Out vs. Time (Cleaned Data)
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8.3.3 TDS Data Cleaning

Similarly to the two previous datasets, the first seven days of TDS data were discarded for
all the same reasons, and plus here after this first week the number of low-pressure alarms
of the blower, its working hours as well as the working hours of the electric motor and the
hydraulic brake were reset. Hence it was preferred to use the values after the reset. Two
other common steps were performed on all the parameters which are the removal of
redundant rows and the filling of missing single rows by using average values or linear
interpolation.

In the coming bullet points, some further data cleaning that was recommended for some
parameters will be discussed:

e For the number of low-pressure alarms where it was clear in the plot of Figure 55 that
there are some missing records, these empty rows were filled with the constant value
of 8. This value corresponds to the last value of the alarms before the discontinuity
appeared. That is because after it the first value that was recorded was 9 which means
that there were no additional alarms in that time interval (Figure 105).

e For the average torque, the two high peaks very different from all other measurements,
as seen in Figure 56, were removed and replaced by average values. This was done
after making sure they were not connected to a stuck pipe by looking at the plots of the
SPMs mud pumps (Figures 66, 67, and 68), the RPM (Figure 65), and the hook load
(Figure 71) where three of them had no behavior linked whatsoever to a stuck pipe and
that meant that they were only related to sensor’s misreading (Figure 106).

e For the max torque, a similar procedure to the one performed for the average torque
was followed, to remove the peaks (Figure 102)

All other cleaned data plots relating to the remaining parameters are shown in Figures 101,
103, 104, 107, 108, 109, 110, 111, and 112.
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Figure 100: Max Current vs. Time (Cleaned Data)
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Figure 101: Max Torque vs. Time (Cleaned Data)
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Figure 102: Blower Working Hours vs. Time (Cleaned Data)
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Figure 103: Average RPM vs. Time (Cleaned Data)
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Figure 104: Blower Number of Low-Pressure Alarms vs. Time (Cleaned Data)
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Figure 106: Average Current vs. Time (Cleaned Data)

40 TDS Gearbox Lube Oil Temperature vs Time

35 7

25 .

15 .

10 -

0
Oct 10 Oct 17 Oct 24 Oct 31 Nov 07 Nov 14 Nov 21 Nov 28
Time 2021

Figure 107: Lube Oil Temperature vs. Time (Cleaned Data)
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Figure 108: Hydraulic Brake Temperature vs. Time (Cleaned Data)
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Figure 110: Hydraulic Brake Working Hours vs. Time (Cleaned Data)
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Figure 111: Max RPM vs. Time (Cleaned Data)
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9 Results and Discussions

9.1

In the following subparagraphs, the model implementation and the results obtained for the
prediction of the number of low-pressure alarms of the blower are showcased and
discussed. In addition to the KPIs, the following equipment is described: the hydraulic
pumps of the HPU, the filter clogging of the HPU, the heat exchanger of the HPU, and the
lube oil quality of the TDS.

Blower Failure Prediction

After the collection and cleaning of the top drive system’s data, it was used as the input for
the time series predictive model in ThingWorx analytics. This model used the artificial
neural network, decision tree, gradient boost, linear regression, and ensemble machine
learning techniques to give the output. The goal of this model or the output is to predict the
number of low-pressure alarms of the blower in the top drive system. Knowing the probable
failure frequencies ahead of time allows the proper maintenance of the components before
arriving at a failure. The trial was set to predict the upcoming 64 values equivalent to 64
hours, which is also the maximum look ahead that can be done by the system. The
advantage of using the ThingWorx platform is its ability to perform advanced analytics and
building a web-based interactive application to test and deploy a model so that it could be
used by customers. Another strong point of this platform is the generation of profiles which
are subpopulations within the data. These subpopulations give an Intel about the parameters
that are the most correlated to the goal and that give a better accuracy when taken into
consideration together.

The model results are shown in different ways depending on the goal variable’s type. For
the model used in this study, since the number of low-pressure alarms is a continuous
variable, the results will be represented by a bubble plot. In addition to that, the root average
square error and the normalized one, the R-squared, and the Pearson correlation are also
calculated by the model.

The bubble plot is a graph where the x-axis is the actual results, and the y-axis is the
predicted ones. It gives an approximate location of the records with bubbles. Each bubble
represents one or more records with predicted and actual values near the bubble’s location
since these records are binned for charting. The size of the bubble is related to the number
of records in it while its color is linked to how good the prediction was. Dark blue is used
for the most accurately predicted records, which means predicted results are within 25% of
the actual results. Light blue is for the under-predicted records and that means that the
predicted results were 25 to 75% below the actual ones. Red is equivalent to highly under-
predicted outputs thus predicted results are more than 75% below the real ones. Orange is
for over-predicted where predicted records are 25 to 75% above the actual results. Finally
green means highly overpredicted and these are the predicted values that are more than
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75% above the actual ones.

The root mean square error (RMSE) measures the difference between the model’s predicted
values and the actual values. The lower the RMSE is, the better the model is. The Pearson
correlation measures how much a linear correlation exists between the predicted and the
actual results, it ranges from -1 to 1 where -1 means that they are inversely correlated, 0
means that no linear correlation exists and 1 means a high linear correlation is present. The
R-squared measures the proportion of the variance for a dependent variable that is
explained by independent variables in a model.

Predicted
Results

Actual Results

Prediction Accuracy

Overpredicted Accurate Underpredicted

Figure 112: Number of Low-Pressure Alarms Model Results

As shown in Figure 113, the created model that takes 80% of the data to learn from and
20% to validate was able to predict 64.18% of the unseen values accurately (dark blue
bubbles) and 35.82% were under-predicted (light blue bubbles). There were no over nor
highly over-predicted records nor highly under-predicted values. The RMSE of the model
came out to be 6.9551 and the normalized RMSE was 0.3661. The Pearson correlation
value is 0 and the R-squared is -4.4415.

Now by looking at each parameter alone, no good interpretation could be withdrawn. This
is why all of them should be considered to know how good this model is. The accuracy of
the model was taken to be around 65%, which was considered a good result for the first
implementation of the model but not enough to rely on. In addition to that, the value 0 of
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the Pearson correlation meant that no linear correlation whatsoever between the predicted
records and the actual ones existed. This cannot be a good model indicator because as the
real numbers of low-pressure alarms increase, the values of the predicted number of low-
pressure alarms should also increase and that is not happening here. For the RMSE and
especially the normalized root mean square error, the value by itself even if it seems a bit
low and a positive parameter, will not be meaningful. When other models in the future are
created or even the same model but with a bit of fine-tuning, the new RMSE values should
be compared to this one to see if there is any improvement towards a more efficient and
reliable solution. Finally, the R-squared which gave a negative value means that the model
is performing worse than taking the mean value of the number of low-pressure alarms as a
prediction. These results could be due to the quantity of data used to train and evaluate the
model. As mentioned earlier, the model takes 80% of the data to train on and uses 20% for
validation thus if originally there was not enough data for failures or even for normal
working conditions, this will lead to weaker training and a not so meaningful validation.
Only one profile was generated by the model containing only two parameters, the blower’s
working hours and the lube oil temperature. This means that these were the two most
influential parameters of the model’s output. The blower’s working hours are linked to the
goal because the more the blower will work, the more the probability of having failures
will increase. On the other hand, the lube oil temperature is linked to the goal by the fact
that by cooling down the top drive system, the lube oil’s temperature will also be affected
and reduced.

Moreover, a predictive scoring test was performed on the model that was able in the end to
predict 25 alarms out of 38. Before reaching the value of 25, the predicted values were
always lower than the real ones. This proves that the model is still not ready to be used and
can still be improved.

As a next step to improve the accuracy of the model, several steps or suggestions are to be
done:

e (ollecting more and more data for both failures and normal operating conditions. This
could be done in the same way as it was done for this study, through the ProRig system,
helping the model to have more data to train on and to validate to have more meaningful
and better results.

e Adding new and different sensors to the existing ones of the top drive system, since
only one profile was generated containing only two parameters. By doing that, more
parameters correlated with the goal will be available leading to better results and
predictions. This happens because the model will be able to find more profiles with
higher complexity and a number of parameters will be helping the model in having
higher accuracy. Some of these sensors could be multiple vibration sensors on the
blower that would help in seeing if any abnormal vibration could be linked to its
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9.2

failures. Another one is a temperature sensor on the motor of the top drive because low
pressure from the blower means less cooling hence more heating of the motor. These
additional sensors especially the vibration ones have a high chance of improving the
results because [41] and [42] used vibration sensors on an industrial air blower’s
bearings to capture the vibration in different directions. By doing that they were able
to find a correlation between the blower’s failures and the vibration’s anomaly and
predictive maintenance was performed by condition-monitoring.

These new data, if collected in future works, should be like the one cleaned and prepared
for the model to have reliable outputs. Along with trying and improving this model, new
models built from different combinations of machine learning techniques than those used
here can also be trained. After that, a comparison between all the models should be done
to see which has the better accuracy in predicting the number of low-pressure alarms. To
know if any improvement is happening with more data and new models, the value of the
accuracy should increase, one the Pearson correlation should be getting closer to one to
have a linear correlation between the model’s output and the real outputs meaning that
when one is increasing, the other is also increasing. Concerning the RMSE values, the
better model is the one having the lowest value. Finally, for the R-squared, the value that
is closer to one is the best because it means that the model is performing much better than
simply taking a mean value of the goal as the prediction. When the final best model is
chosen it should be tested before relying on it for a predictive maintenance program and
always updated because the external conditions where the rig is working differ a lot from
one place to the other and that could affect the model’s performance.

HPU’s Heat Exchanger Failure Prediction

The heat exchanger of the hydraulic power unit is responsible for the cooling of the
hydraulic oil with fans. For this component, the only two directly correlated parameters to
its performance that were recorded are its working hours and the hydraulic oil temperature
in the tank which is equivalent to the outlet temperature of the heat exchanger. Even though
the correlation between these two was clear and obvious as shown in the following Figure
114, it was not possible to get any significant key performance indicator (KPI) from it. Plus
no failure occurred in this equipment and that made it impossible to see how these
parameters would behave in that case.
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Qil Temperature , Heat Exchanger Working Hours vs Time
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Figure 113: Hydraulic Oil Temperature vs. Time (blue) and Heat Exchanger Working Hours vs.
Time (Red)

It is clear to see in above Figure 114 that whenever the heat exchanger working hours
increased, the hydraulic oil temperature decreased. Moreover when the heat exchanger was
not working (working hours remained constant), the temperature increased but there was
never any alarming temperature that could mean that there was a problem that needed to
be solved.

For future work, many refinements can be done to find a KPI and build a predictive model
for the heat exchanger’s failure. The most important would be adding several sensors such
as the inlet temperature of the hydraulic oil, and the inlet temperature of the air blown to
cool the oil. By doing that it would be possible to calculate the efficiency of the heat
exchanger and get an important KPI to monitor and evaluate its performance. Other good
sensors to add can be vibration sensors on the fans of the heat exchanger to capture
whenever a malfunction happens. An inlet and outlet flow rate sensor that measures the
flow of hydraulic oil going inside and outside to capture if any leakage is happening inside
the heat exchanger’s pipes. All these parameters could be beneficial for the model because
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9.3

it helps it in finding more correlations with the failure of this equipment and thus have
higher accuracy and efficiency. Now adding sensors alone won’t be enough, failures should
occur during the recording time to let the model learn how these parameters behave in both
normal and abnormal conditions because it cannot predict something it hasn’t learned. If
this happens all the same steps should be repeated from collecting the data up until the final
model is generated.

HPU’s Filter Clogging Prediction

The hydraulic power unit’s filter has the role of cleaning the hydraulic oil by removing all
the contaminants inside it. Even though here a filter clogging alarm was present,
unfortunately no failures were recorded. In addition to that, the collected and cleaned data
did not contain any parameters to conclude from them how far the filter is from getting
clogged. For this, to build a predictive model in the future to capture the filter clogging
before it occurs, many adjustments can be done, such as:

e Keep recording until several filter clogging alarms are triggered meaning a failure has
occurred.

e Adding sensors to capture more meaningful parameters correlated with this goal. These
sensors are pressure and flow rate sensors at the entrance and exit of the filter. By using
these, a good KPI could be extracted and that is the difference between the pressure out
and in, as well as the difference between the flow rate in and flow rate out. The flow
rate coming out from the filter decreases with time due to the obstruction of the cross-
section which means that the difference between the flows in and out would increase.
On the other hand, the pressure drop will increase when getting closer to the filter
clogging. As in [43] and [44] by using pressure drop, they were able to predict when
the filter will clog, this means that these sensors if added have high chances of success
and helping the predictive model.

After adding the sensors and collecting new data containing the filter clogging event, which
means that the alarm of filter clogging is triggered, the same steps should be taken. The
data must be cleaned, and multiple models with different mixtures of machine learning
techniques must be created by using ThingWorx analytics. All these models should have
the same goal variable and that is the filter clogging alarm. The next step would be
comparing the generated models’ accuracy, RMSE, R-squared, and Pearson correlation
parameters to see which one is better. After the best model is chosen, testing on real cases
should be performed before implementing it for predictive maintenance
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9.4

HPU'’s Hydraulic Pumps Failure Prediction

The four hydraulic pumps of the hydraulic power unit PD1, PD2, TDI1 and TD2 are
responsible of pumping the hydraulic oil to different equipment. For them also there were
no recorded failures and even though the outlet pressure and flow rate of each one of them
was recorded, no intuitive key performance indicator could be deduced. Additionally these
parameters don’t tell a lot about the health of the pump.

For future work many sensors could be added to collect more meaningful data in
correlation with the pumps’ health such as:

e Multiple vibration sensors could be mounted on different parts of the pump. After
that, the data recording starts in normal operating conditions and continues until a
failure occurs. Then the data are taken, plotted and cleaned. Finally, using
ThingWorx “signal” property, it is possible to know which vibration sensors are the
most useful and linked to the prediction of the goal. Moreover, the “profile”
generation property creates, as explained before, subpopulations of parameters that
together help in predicting the output’s value. By doing this, only the most
important and correlated vibration sensors should remain and should be
implemented to create the predictive model, since that helps in reducing the costs
by reducing the number of sensors and by that reducing the amount of recorded
data.

e The motor coil temperature values could also be in great correlation with the
hydraulic pumps failures.

These sensors, in addition to the existing ones, could be enough to predict hydraulic pumps
failures because in [45] they measured vibrations coming from houses of bearings because
these are the places where the rotation parts (shaft) come into contact with stationary parts
(casing). The horizontal, vertical and axial directions to the bearing axis were recorded. In
[45], they mentioned that they were not only able to condition-monitor the pump, but they
were also able to know the location from where the problem was coming. In addition to
that, by measuring the values ofthe flow rate, the bearings vibration, the axial displacement
and the motor coil temperature with a frequency of one record per hour, the pumps failures
were predicted with an accuracy of 98.2% [46].

This means that by collecting the enough amount of data with failures and by cleaning and
choosing the right model, predicting the failure of the hydraulic pumps is possible. Thus a
predictive maintenance program can be put to application to avoid in the future sudden
breakdowns and interruption of work.
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9.5

TDS’s Lube Oil Quality Prediction

The lube oil, as its name says , has the role of lubricating the top drive system thus reducing
friction between the different components, as well as to dissipate some heat from the TDS.
Over time, the lubrication oil’s quality gradually degrades because of oxidation and after a
certain time the oil has to be changed due to its inability of performing its role anymore.
The goal was to try to predict when this lube oil should be changed. A very clear correlation
between the motor’s average RPM and the lube oil’s temperature can be seen in Figure
115. When the RPM increases, the load on the oil increases, which leads to an increase in
temperature. Oppositely, when the RPM is close to 0, the load on the oil decreases, leading

to a temperature reduction.

Lube Oil Temperature , Average RPM vs Time
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Figure 114: Lube Oil Temperature vs. Time (Blue) and Average RPM vs. Time (Red).

Although these parameters are important and could help in future works for predicting the
oil’s quality degradation, they were not enough to extract any KPI to measure oil

performance.

88



A very important sensor could be added to help in achieving this goal, that is a kinematic
viscosity sensor. Viscosity is one of the most critical properties to be considered when
selecting the lube oil for a certain job. This property is very dependent on both the
composition and the temperature of the oil. The temperature and viscosity are two inversely
correlated parameters, meaning that when temperature increases, viscosity decrease and
vice versa. As for the composition or quality of the oil, the oxidation of the oil increases
over time, leading to a greater change in the composition of the oil, which involves a thicker
oil, likely to contain also some contaminants, leading to an increase in viscosity. Moreover,
a dielectric constant measuring sensor can also be used to help in monitoring the quality of
the oil. The dielectric constant is a measure of the ability of a certain substance to store
electrical energy. This constant increases with the degradation of the lube oil. As described
in [47], kinematic viscosity and dielectric constant were used not only to monitor the
condition of the oil, but also to predict its residual useful life; it was also specified that the
same thing could be done with each parameter alone or both combined. Moreover, even
using the kinematic viscosity, the residual useful life of the lubricating oil was predicted
and it was possible to extend it by 26 months [48].

This means that, by using these two sensors in addition to the existing ones, it is possible
to remotely monitor the quality of the lube. In this way it is also possible to know its
residual useful life and, thanks to that, the oil change would only take place when it is
necessary.
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10 Conclusion

The goal of this project was to generate a model able to predict when the blower in the top
drive system could fail, so that a predictive maintenance would be performed. This had to
be done due to the numerous low-pressure alarms triggered by this component in a short
period of time. In addition to generating this model, key performance indicators for the
monitoring and the prediction of the performance of other components had to be found.
These components were, on one hand, the heat exchanger, the hydraulic pumps, and the
filter of the hydraulic power unit; on the other hand, the lube oil quality of the top drive
system.

With the aim of achieving this goal,, many steps have been taken. First, using the Internet
of Things data management system developed by Drillmec, the ProRig, it was possible to
collect the raw data from the TDS, the HPU and the DAS. Secondly, the records coming
from the different components of the rig were plotted. Then, a series of data cleaning was
performed to prepare the following step. Finally, once the data were ready, by using
ThingWorx analytics, a model for the prediction of the number of low pressure alarms of
the blower was created. This model was generated with an ensemble of machine learning
techniques: artificial neural network, decision tree, gradient boost and linear regression.
The results turned out to be with good accuracy, but not enough to consider the prediction
model working. Furthermore, the RMSE, the R-squared and the Pearson correlation’s
values also meant that it was still possible to improve the model to reach the desired goal.
Regarding the heat exchanger, the hydraulic pumps, the filter and the lube oil, none of them
were found to have any KPI for two main reasons: the first is that the parameters collected
were not enough to do that; the second is that no failures were registered to verify if the
recorded data would have been different from normal operating conditions.

For future work and to improve the results towards reaching the goal, a lot of suggestions
were given for different equipment. Some of them were common such as collecting more
data of both normally operating conditions and failures in addition to the generation of
multiple models and comparing the outputs. The remaining propositions differed between
them. For each apparatus some additional sensors were needed to improve the already
existing model or to come out with important KPIs. That would help in performing the
desired predictive maintenance, thus reducing the costs of maintenance as well as the risk
of sudden breakdowns and would improve safety. All these recommendations have been
supported by documents reporting real cases of monitoring and forecasting the
performance of these components with the use of the suggested sensors. This means that
in the future this project has a high probability of becoming a working predictive
maintenance program for several elements of the drilling rig.
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