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Abstract

The oil and gas industry, especially its upstream part generates a massive amount of data.
The proper data collection and processing are the vital elements of reducing the non-productive
time and increasing the drilling operations efficiency.

The major part of each well program is the drill bits selection. It is the most important
tool which does slicing or crushing downhole and highly affects the overall drilling performance.
However, drill bit selection is mostly accomplished through lessons learned from previous runs
as well as bit grading after each run. These methods are highly subjective and usually based on
the engineer’s experience.

The abundance of field data with data analytics and machine learning capabilities are
a perfect combination for creating reliable data-driven models. The main objective of this study
is to create robust models that are able to classify the formation based on drilling parameters as
well as estimate the bit dull grading based on drilling parameters and the formation. In order to
achieve the aforementioned goals, the disclosed Volve filed dataset was meticulously processed
and analyzed.

The models were created for each of the well sections by using the Python, especially the
pandas and scikit-learn libraries. However, after running the first simulation, models usually
showed unsatisfactory accuracy. In order to increase models performance, the code was written
to find the best parameter for each machine learning technique. Even though the bit dull grading
model has a valid algorithm, the input parameters are hard to find, due to the lack of literature
and patterns.

Obtained results proved that the machine learning technique may be successfully
implemented to solve the everyday problems in the oil and gas industry. Moreover, the outcome
should help in the well planning process, enables to decrease the number of trips and improves
overall drilling phase efficiency. The process could eliminate the trial and error drill bits selection

and ensure more efficient and effective decision-making process.



Table of contents

1.
2.

2.1.

2.2.

2.3.

3.1.
3.2.

4.1.
4.2.
4.3.
44.

Thesis Introduction and ODJECTIVES .........cccveriiiieiieie e, 6
DI BIES .t 7
ROHEN CONE BItS...c.eiiiiiiieiieieeest e 7

A S =T 1 0 I LTS T | o PSR SPRORPRRR 8
2.1.2. IADC Roller Cone Bit CIassification ............c.cccueveienenineniiinisieeen 9
2.1.3. IADC Roller Cone Bit Dull Grading System ..........ccccvvvevverenieeneennn, 10
FIXEU CULET BITS .....vivieiiiieieiterese e 10
2.2.1. PDC BIt DESIQN ...vveiviiiecie ettt sttt sttt ra e 11
2.2.2. IADC PDC Bit ClassifiCation ...........cccooereiiiiriiiinc s, 12
2.2.3. IADC PDC Bit Dull Grading SYStem .........ccccooeiiveieereiie e, 12
Bit Wear Prediction MOGEIS...........ccoiiiiiiiiiiicecceee e 13
GROIOGY .. 18
FOrmation EValUALION............ccoiiiiiieiee e 18
The VOIVE DALASEL.........ccveiiiiiiieiiiie e 18
3.2.1. DISCIOSEU DALa ...t 18
3.2.2. General INFOrmMatioN.........cccoveiiiiiie e 18
3.2.3. GOIOGY ... ettt 19
324, THE WEIIS ..ot 20
3.2.5. Drilling Problems.........ccuiiiiiiii e 23
Data ANAIYLICS ....veeiieciic e 25
Choosing the Right ENVIrONMENt..........cccoooiiiiiiiiiieeeceee e 25
Data Preparation and SeleCtion ............cccooeviiiiiniiiiieeese e, 26
Drilling Data QUANILY ......c.ooveiuiiiiiiiiieiee e 31
Outhier REMOVAL........cooiiiiii s 32
44,1, SCALET PIOL.......oiiiiieiicecie e 32

A.4.2. IQR SCOME .ottt re e e s et e e e s sreeeeeans 33



4.5.

5.1.
5.2.
5.3.
5.4.

6.1.

6.2.

7.1.

7.2.

R A Yo7 0| (< TR 33

FEALUIE SEIECTION ..o 34
4.5.1. Filter Methods........ccoiiiiiieeeee e 34
4.5.2. Wrapper MEtNOUS ..........coooiiiiiiiiieiei e 34
4.5.3. Embedded Methods ..........ccooeiiiiiiiiiisee e 35
4.5.4. Choosing the Proper TEChNIQUES .........cocvriiieieieiee e 35

MaChiNg LeArNiNG.......cc.eiveieeieiieie ettt sre e 36

Types of Learning AIGOrithms ..o 36

Techniques in Supervised Learning........ccocvvvieieieiene i 37

Evaluating the MOl ............ooveieie e 37

IMproving the Model ..........cooooiiiieie e 40

Formation ClassifiCatioN ............cccueiiiiiiiiiesc e 41

Data ANAIYLICS ....ccviiiecie e e 42
6.1.1. Data Preparation ..........cccceieeiieieiiese e 42
6.1.2. Outlier REMOVAL..........cccoiiiiiieiee e 42
6.1.3. Feature SEIECLION.........coeiiieeeee e 44

Machine Learning Algorithms...........ccccoe i 46
6.2.1. Choosing the MOGEIS ...........cooiiiiiiiie 46
6.2.2. KNeighbors ClasSITIer ..o 47
6.2.3. Decision Tree and Random Forest Classifier ..........ccccocooviiniiiiiniennn, 49
6.2.4. Gradient BoOSt ClaSSITIer..........ccoiiiiiiiiiiiieceee e 53

Bit Dull Grading PrediCtion ...........cccccveiieiiieiie s 55

Data ANAIYEICS ..ot 56
7.1.1. Data Preparation .........cc.ccoeoeiieeeieienie et 56
7.1.2. OUtlier REMOVAL........cc.oiiiiiiiiecee e 56
7.1.3. FEAtUIe SEIECTION.......iiiiiii et 58

Machine Learning AlgOrithms ..........cccooviiiiiiiic i 60

7.2.1. Choosing the MOUEIS ........ccccoviiiieiiece e 60



7.2.2. Ri0gE REGIESSION ...c.vieiieiieitiecieete sttt ae e sreene e 60

T.2.3. LASS0 ..ttt ettt b et ae e b e re e nre e 61

7. 2.4, EIQSHIC NEL......eeiiiie ettt 63

7.2.5. Decision Tree and Random Forest REgressor.........cccvveveierenineeeennnn, 64

7.2.6. Ada BOOSE REQIESSON ....cvviivieiieiiesiiesieeie et ae e sre e 67

8. CONCIUSIONS ...ttt 69
8.1.  Formation ClassifiCation ..........cccoovueiirieiiiiieie e 70
8.2.  BIt DUl Gratding......ccooeiuiiieiieie ettt 71

R I ENICES: . ittt bbb e 73
Appendix 1. The Bit Dull Grading Chart (Statoil reports). .........ccccccevveieeiiiieieccee, i
Appendix 2. The Drilling Problem Description (Statoil reports). ..........cccccevveieiiennenn. ii
Appendix 3. The logs extraction (XML COUE). .......cccueveiieiieiiiieie s iii
Appendix 4. Part of the sample non — processed dataset (MS EXcel) ..........cccevvvrurennnns iv
Appendix 5. The IQR Calculation Method (Python code)..........ccccoevviveiiciicieceee, v
Appendix 6. The Z-score Calculation Method (Python code)...........ccccevevieieiiieiiennenn, v
Appendix 7. The Pairplot for 8 14” Section (Python — Seaborn Library) ..........cc.ceevenee. v
Appendix 8. The Transformation Parameters (Python code) .........cccccceevvevveiciieinennns vi
Appendix 9. The Feature Importace Selection (Python code)...........ccccevvevveieiieiinennnns vi
Appendix 10. The KNeigbours Classifiers (Python code) ..........cccceviiiiniiiiiniiennn, vii
Appendix 11. The KNeigbours Classifiers Model Improving (Python code).............. vii
Appendix 12. The Decision Tree Classifier (Python code)........ccccceoviiiiiiiiiinnnnnns viii
Appendix 13. The Decision Tree Classifier Model Improving (Python code) ........... viii
Appendix 14. The Random Forest Classifier (Python code) .........cccccvvvieniiencncnnnn. IX
Appendix 15. The Random Forest Classifier Model Improving (Python code) ........... IX
Appendix 16. The Gradient Boost Classifier (Python code) ..........cccceevieiiiiiininiinnn, X
Appendix 17. The Ridge Regressor (Python COde) .........ccoovvviiiiiiiieniieseeeeees X
Appendix 18. The Lasso Regressor (PYthon COde) .......cccovvveiiriniiiiieiee e Xi
Appendix 19. The Elastic Net Regressor (Python Code) ..........ccocvvvririeienenencnenieen Xi
Appendix 20. The Decision Tree Regressor (Python code) .........ccccveviviivviiieiiieennnnn, xii
Appendix 21. The Random Forest Regressor (Python code) ..........ccceveeviiiiieciieennnnn, xii
Appendix 22. The Ada Boost Regressor (Python code).........cccevvveveeiieiiicvie e, xiii



1. Thesis Introduction and Objectives

Nowadays, the role of data is significantly increased. Understanding the possessed data may
lead to gaining the technical and technological advantage over competitors. In such a demanding
environment as oil and gas industry information plays a key role between finding the new oil
field or drilling another dry hole and counting losses.

The amount of produced data by each well is enormous and it is hardly possible for a human
being to be able to read it quickly and draw proper conclusions. This is the reason why the data-
driven approach becomes more and more popular not only in the oil and gas industry but within
any sector which deals with abundant datasets. Such an approach, when used properly, may cut
the time for obtaining valuable information form possessed data and may give results which help
the companies to cut costs and improve the profits.

The work in the thesis is based on the Volve field dataset which was disclosed in June 2018
by Equinor. The dataset contains a wide spectrum of information, but this work takes only into
account the drilling and logging data. Hence, the thesis can be divided into two separate cases.

The first case is the formation classification based on the drilling data. In this part, based on
the prepared datasets the classification machine learning algorithms have been used to predict
the formation. However, due to the varied lithology, only the datasets with the well sections
12 %> and 8 '4” were chosen to be input for the model.

The second case is the bit dull grading prediction. In this part, there is no labelled data and
the regression machine learning algorithms were used to predict the bit wear. While working on
this part, it was discovered that despite the lack of literature on the subject, currently, the major
service companies work on finding the solution on how to predict the bit wear accurately. It is
the burning issue because the drill bit is one of the key components of the drilling process which
interacts with the formation and so far not much information are collected about the bit state
while drilling. The datasets for this problem included well sections 26”, 17 %", 12 ¥4 and 8 %4”.



2. Drill Bits

The drill bit is one of the drilling equipment which has undergone the most changes above
all equipment found in the drilling rig. It is the most important tool in the entire drilling phase,
translating the surface horsepower into a brute force to crush or shear rocks. The drill bit has
evolved throughout the decades and currently in the oil and gas industry, there are three main
categories of drilling bits [1]:

e Roller cone bits
e Fixed cutter bits
e Hybrid bits

2.1. Roller Cone Bits

Roller cone bits have three major parts: cones, bearing and the bit body. Majority of them
has three equally-sized cones which rotate independently as bit turns downhole. Generally, roller
cone bits are used to drill a wide variety of formations, from very soft to very hard. Usually, the
hard (high-compressive strength) formations are drilled using a short, closely spaced cone that
chip and fracture the rock. The soft(low—compressive strength) formations are drilled using
sharp, long teeth to gouge and scrap the rock [2]. Moreover, this type of bits can be classified
as [3]:

e Milled Tooth Bits — have steel tooth cones, manufactured as an integrated part of
a roller cone; teeth have carbide composite edges for wear protection; teeth size
and shape depends on the formation type and hardness, the harder formation, the
shorter and closely spaced teeth.

e Tungsten Carbide Insert (TCI) — have tungsten carbide teeth manufactured
separately and squeezed into holes on the face of each cone, the harder formation,

more rounded inserts.

Figure 2.1 Rolling Cone Bits - Milled Tooth (left) and TCI (right) [4].



2.1.1. Bit Design

In general, the proper interaction between bit and formation is achieved by adjusting
journal angle, cone shape, and cone offset. These elements control the cones rotations. Journals
are axle-like items around which each cone makes a turn. The journal angle is an angle formed
by the axis of the journal to a horizontal plane. The higher journal angle, the smaller the size of

the cone. Also, the journal angle depends on the rock formation [5]:

e 33°-soft formations
e 34°-36° - medium formations

e 39° - hard formations

Offset values, also known as skew angle indicates how much each journal is shifted to
prevent the cone axis intersection in the middle of the bit. The bit with no offset value has an
intersection point at the center of the bit. The offset value depends on rock formation type and
usually is in the range from 0° in hard formation to 4° in soft formations [6].

Another important part of the roller cone bits are the bearings. The bearings allow relative
motion between pin and cone. They are place on the pin, allowing cones to rotate during rock
crushing. Bearings increase the operational reliability and overall effectiveness of the roller cone
bit. There are three main types of bearings [6]:

e Sealed journal bearings
e Sealed roller bearings

e Sealed journal bearings

The last important part of the roller cone bits are the fluid nozzles. They improve hole
cleaning as well as increase ROP by jetting mud at the bottom of the well to remove cuttings.
The number and location of nozzles have an impact on bit performance, especially the
relationship between ROP, bit cleaning and cutting removal. The ROP may be significantly

increased by keeping nozzles angled to point drilling fluid straight to cones.
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Figure 2.2 Major components of the Roller Cone Bit [7].

2.1.2. IADC Roller Cone Bit Classification

IADC developed the classification code which contains the three numbers and letter. The
first three digits classify the bit in according to rock strength [8]. The code helps drilling

engineers to describe what kind of drill bit they are looking for to the supplier.

e First digit — describes the bit type and formation hardness, Milled Tooth Bits have
numbers 1 -3 (soft to hard formations) and Tungsten Carbide Insert Bits have
number 4 — 8 (soft to hard formation)

e Second digit — describes the further breakdown of formation, numbers 1 — 4 (soft
to hard formation)

e Third digit — describes the bit in according to bearing or seal type, numbers 1 - 7

e Fourth digit — describes additional bit features, for more complex tools more than

one letter can be used



2.1.3. IADC Roller Cone Bit Dull Grading System

IADC also developed the system for classification of the bit dullness. After each run, the
bit is meticulously inspected and evaluated. The proper evaluation of dull bit is critical for
improving bit type selection and identifying those drilling parameters which can be modified to
improve drilling performance and prolong the bit life. Every abnormal wear is recorded and
measured to avoid excessive wear in the future. The system is intended to bring consistency
across the drilling industry and to standardize the evaluation of certain bit characteristics. The bit
dull classification consists of eight columns [9]:

e Inner — uses a number (0 — 8) to report the condition of cutting element which does
not touch the wall of hole; describes the change from inner 2/3 of cutting structure,

e OQuter — uses a number (0 — 8) to report the condition of cutting element which
touches the wall of hole; reflects the importance of gauge and heel condition;
describes the change from outer 1/3 of the cutting structure

e Dull Characteristic — uses two-letter code to report major dull characteristic of the
cutting structure

e Location — uses a letter or number to report the location on the bit face where dull
characterization occurs

e Bearings — uses a letter or number to report the bearing condition

e Gauge — reports the gauge of the bit or its reduction in 1/16™ of an inch

e Other Dull Characteristic — reports any dull characteristic, uses the same two-letter
as Dull Characteristic above

e Reason Pulled — reports the reason for bit run termination

2.2. Fixed Cutter Bits

Fixed cone bits rotate as one piece. Bit bodies are integrated with blades and cutters. They
do not have any moving parts or bearings. Cones may be made from natural, synthetic or
polycrystalline diamonds. They can be used to drill a wide variety of formations, from soft to
very hard. Fixed Cutter bits remove formations through shearing motion. Moreover, this type of
bits can be classified as [3]:

e Polycrystalline Diamond Cutters (PDC) — have small, round cones made from

synthetic diamonds which can be easily attached to bit bodies, ensure better control

in directional drilling than roller cone bits

10



e Diamond Cutters — have impregnated natural diamonds or TSP elements; as
diamonds wear down, new diamonds are exposed to carry on the performance; fine-
grained diamonds and coarse-grained are used to drill hard and very hard formations
respectively

Figure 2.3 Fixed Cutter Bits — PDC (left) and Diamond (right) [10].

2.2.1. PDC Bit Design

Bit bodies are made from steel or matrix (tungsten). The selection of the body type
depends on the operator’s particular requirement. The ductility of the steel allows producing bit
bodies with taller blades and large junk slots, which directs cuttings from the bit. Steel bodies
bits are generally used for drilling in shales and soft formations. However, the steel bit bodies
are less resistant to abrasion than the matrix body [7].

One of the most important characteristics of PDC bits is its profile shape. It shows the bit
shape from the centre to gauge. Bit profile affects stability, durability, cleaning efficiency and
ROP. Generally, the shorter profile the less stable and more aggressive bit is. Also, the larger
nose radius, the more cuttings are produced at the nose, making a bit more aggressive. However,
the durability and stability increase with profile and shoulder length.

Cutters in PDC bits are made from synthetic diamonds. The part of the cutter which
interacts with rock formation is called the diamond table and is made from the carbide substrate.
Diamonds cutters are exceptionally hard, have high wear—resistance and shear the rock formation
easily. The bigger size of the PDC cutter, the more aggressive bit is as well as it reduces the cutter
number and overall bit durability. Cutters orientation also has a big impact on the bit
performance. The cutters orientation is described by back—rake angle. The smaller angle, the
more aggressive bit it and can be used it softer formations as well. Back-rake high values increase

wear resistance but decrease drilling efficiency [11].

11
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2.2.2. IADC PDC Bit Classification

Similarly to the roller cone bits classification, the IADC developed the classification code
for PDC, TSP and diamond bits [12]. The code consists of one letter and three numbers. It allows

the efficient bits selection for a particular rock formation.

e First digit — the letter describes the body part

e Second digit — describes the rock hardness to be drilled, number 1 — 8 (soft to hard
formation)

e Third digit — describes the dominant PDC cutter size, number 1 —4 (biggest to
smallest sizes)

e Fourth digit — describes the bit profile, number 1 — 4 (shortest to longest profile)

2.2.3. IADC PDC Bit Dull Grading System

The IADC PDC bit dull grading system has similar principles as the roller cone bit dull
grading system [13] shown in subchapter 2.1.3. The only difference is in the bearing/seals
column. Due to the fact, that PDC does not have any bearings, the letter X is always put in this
column. The detailed explanation of the nomenclature used in the Bit Dull Grading charts may
be find in the First Revision to the IADC Fixed Cutter Dull Grading System [13].

12



Cutting structure B G Remarks

Outer Dull . . Gauge | Other | Reason
I R
ANer Rows Rows Char. Location | Bearings/Seals 1/16" Char. Pulled

Table 2.1 Bit Dull Grading Chart.

The Bit Dull Grading Chart is filled after every single bit run. The Appendix 1 shows the
filled chart after one particular bit run as well as it shows the collected data after all runs in the
well. The charts in Appendix 1 come from well F-7. Based on the chart there is possible to
evaluate the bit performance in the run and compare it with previous runs or other wells.

In further calculations only the Inner Rows value is used as it is described in the models
in the next subchapter. However, it would be interesting to evaluate the bitt dull grading based
on the reason of pulling out, but the possessed dataset contains only several cases in which the
Section Total Depth haven’t been reached. Such small data variety is not sufficient for further

Machine Learning approach.

2.3. Bit Wear Prediction Models

There are not many techniques to predict and evaluate the bit wear. The most common
method is the aforementioned IADC code. It is an industry standard, however only describes the
bit state before running it into the hole and after pulling it out. Moreover, it is highly subjective
and the procedure depends on the engineer’s accuracy and experience.

After a thorough investigation of the literature and SPE papers, more techniques were
found to describe the bit state. The first discussed method was developed by B.Rashidi,
G.Hareland, and R.Nygaard in 2008 [14]. The technique is based on the Borgouyne and Young
Rate of Penetration (ROP) model, Mechanical Specific Energy (MSE) and rock drillability and
is used to predict the real-time bit wear.

ROP = fi* fox faxfaxfs*fo*xf7%fg 1)

The f; — fg coefficients express the impact of different parameters on ROP such as rock
drillability, bit wear and drilling parameters. The MSE describes how much energy is required
to remove a given volume of rock and is further explained in the Chapter 6. The model also uses
two constants K; and K, which are calculated based on the offset data and the input to the

formulas below.

13



Depth — Depth; DG
h = (Depthcyrrent 14 Ln)* e (2)

(Depthoyt— Depthiy) 8
)
Norm (Kl) 1—h 3)
B =5,6392 xh + 0,4212 (4)

where:
DG — reported bit wear dullness

h — fractional bit teeth dullness

The model calculates the bit wear based on the K; constant. In order to correlate the K,
trends with bit wear grade the normalized inverted K is adjusted against bit wear. Then, by using
regression methods the best B constant is found and equation (4) is inserted into equation (3) to
estimate the bit wear for real-time situations.

However, the model has few shortcomings. The first one is the use of the ROP model
which is based on different constants and as many regression models it has limited prediction
capability. The second one is the K; and K, constants which are quite difficult to determine and
the obtained results may significantly vary between the surveys.

The second method was developed by Z. Liu, C. Marland, D. Li and R.Samuel in 2014.
It is an analytical method which is based on parameters like ROP, Weight on Bit (WOB), RPM
and the confined compressive rock strength. The technique takes into account the inverse
pyramid approximation of the PDC bit cutter and Gamma Ray log in order to investigate the
formation influence on the bit wear. Not getting much into the details in the derivation of

equations some of the final formulas are presented below.

A_h _ 3 n*ﬁ*Dg* ax S2xX A_h ] 3 5

h \/3,2* VD*G*(l—(%)i_l) + Gina ®)
A

wp=1- 2 (6)

ABG = 8 = (7)

where:

B — abrassive cnstant [—]

D, — bit diameter [in]

a — normalized rock content [—]

S — confined compressive strength|psi]

X — depth increament [ft]

14



V, — volume of truncated cylinder with flat surface [—]

Ah

- fractional bit wear [—]

G — model constant [—]
Wy — bit wear function [—]

ABG — bit wear grade [—]

The presented model looks very promising and according to their authors, the IADC bit
dull grade is properly calculated by the model. However, due to lack of some geological
parameters, it was impossible to calculate or predict the confined compressive strength of the
formations. Therefore, the model has not been tested in this thesis.

The last method for bit wear prediction is presented in the Applied Drilling Engineering
textbook [2]. Unfortunately, the method works only for the roller cone bits, however, the
equations were modified in one of the master thesis [16] to be able to predict the PDC bit as well.

The model uses parameters like WOB, RPM and Drilling Time for bit wear calculation
and also consists of some constants related to the type of bit which was used in the well. The
equations below show the instantaneous rate of tooth wear for roller cone and PDC bits

respectively.

i n) [(m()dﬂb )_m(;) ]* <11++11}_:n> ®

dp m dp

w

—_ H
Ah _ &(i)”l (@), (27 ©
At Ty \160 (K 1+ Hyh

dp

where:
h — fractional tooth height

t — time [hrs]
w

Hy, H,, Hs, (—) — constants [—]
dy/,,

W — bit weight [1000 lby]
N — rotary speed [rpm]

Ty — formation abrasivennes constant [—]

15



The parameter J, is introduced in order to estimate the formation abrasiveness constant.

The equations below are for roller cone and PDC bits respectively.

[(ZV,,() )(avzf,) ] () (ﬁ) (10)

il

d 2

Each of the equations above can be expressed by:
[Pdt =ty %]y % [7(1+ Hyh)dh (12)
Integration of this equation gives the result.

ty = Ty *Jo* (hy — hy + 2% (hf — h2)) (13)
where:
t, — bit hours on bottom [hrs]
h; — initial tooth wear ratio [—]

— final tooth wear ratio [—]

The initial and final tooth wear ratio are taken from the IADC Bit Dull Grading Chart.
However, one of the model requirements is to convert the IADC number and divide them by 4.
Therefore, instead of using the IADC scale 0 — 8, the model uses the range between 0 — 2.
Having known the initial and final bit wear it is possible to calculate the bit wear at each step.
Solving for the abrasiveness constant

Ty = 2
H — H
Jox(hp= hi+=2+(hf- hY))

(14)
Due to the fact, that the drilling parameter can vary during the drilling phase, the
abrasiveness constant is calculated as the sum over time intervals At,,.

tp
Jo#(hp— R+ 2s(h2— h?)

Ty =

(15)

Finally, assuming that H, coefficient equals 1, the bit wear at any time is calculated based

on the formula:

16



2xtp .
h = j1+ 2 +2xhi_ + h7,— 1 (16)

TH+ ]2]

Having all the necessary parameters for the equations, the model was chosen for the
application in the bit dull grading prediction. It contains separate formulas for roller cone and

PDC bits, which may be used in different well sections with better results.

17



3. Geology

3.1. Formation Evaluation

Currently, the drilling optimization is one of the key topics in the oil and gas industry.
One of the many parts in this process is the ability to classify the drilled formations based on the
drilling data in order to reduce the drilling time and drilling problems.

The formation classification would enable to optimize the real-time operations. Knowing
the formation, it will be possible to estimate the pore pressure as well as the ROP could be
optimize in order to drill as fast as possible or to prevent the hole instability problems. Moreover,
it will be extremely beneficial in the geosteering and enable to stay within the reservoir increasing
the contact between the well and the reservoir. This will allow to increase the hydrocarbon flow

in the production phase of the well cycle.
3.2.The Volve Dataset

3.2.1. Disclosed Data

Equinor disclosed all subsurface and production data in June 2018. This dataset consists
of around 40 000 files covering every single phase of the field [17]. The most important folders
cover well data, real-time drilling data, daily reports as well as logs and final well reports. This
comprehensive and complex dataset is a perfect test ground for further formation classification

and bit dull grading prediction case study.

3.2.2. General Information

The Volve field is a relatively small oil discovery. It is approximately 2 x 3 km four-way
closure situated on structural high within Sleipner area in the North Sea. The water depth is in
range between 85 to 95 meters. The Volve field has many geological similarities with the
neighboring structures Loke and Sleipner @st. The field was discovered in 1993 and the appraisal
procedure took place in 1996 and 1997 [18]. The plan for development and operation (PDO) was
designed and approved in 2005. The entire field was expected to produce only for 3 — 5 year,
however it was shut down in 2016 exceeding the initial expected production live. The

decommissioning phase started in 2018.

18
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Figure 3.1 The location of VVolve Field [16].

3.2.3. Geology

The Volve field produced oil from Jurassic sandstone of Hugin Formation. The reservoir
was located at depth of 2750-3120 meters. There are large lateral thickness variations in Hugin
Formation which are mainly caused by laterally varying subsidence during deposition.
The evolution of the Volve structure was largely controlled by salt tectonics, affecting the Hugin
reservoir deposition. The oil in the Volve field has been sourced from uppermost organic-rich
claystone of the Draupne formation. The kitchen area is the Sleipner graben located only 5-10
km west and northwest from Volve [19].

In terms of the drilling-related and rock mechanics issues, the Hordaland shales are
normally associated with a high smectite content which may lead to instability and higher pore
pressure. However, the Grid sand is also present, preventing pressure from reaching very high
values. Due to high shale content in wellbore, especially in high angle parts may cause severe
instability.

The Balder formation contains loose friable tuff which may cause mud losses and is prone
to washouts. Tuff may also act as the unstable formation and possess relatively low fracture
gradient. The Cromer Knoll group lead to many challenges with respect to tight hole and collapse,
especially in the Sola formation. The general lithology for singular well is presented in the figure
3.3 [20].
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Figure 3.2 Well F-4 — pore pressure and stability prognosis [20].

3.2.4. The Wells

The wildcats were drilled in late nineties, when the measuring equipment and data
processing capabilities were not as good as today. Hence, the work has been focused on the wells
drilled in the XXI century. The 9 wells in total — F-1, F-4, F-5, F-7, F-9, F-10, F-11, F-14 and
F- 15 were used for analysis. Depending on the well purpose — production, injection, observation
— they have sections: 36”, 267, 17 12”7, 12 V4” and 8 %”.

The wells were designed to maximize the production from the Hugin formation. During
the drilling phase, the geosteering were used in order to maximize the reservoir length and
connect the different fault block. Generally, the trajectory of the injection and observation wells
are usually close to J-shape, while majority of the production wells are the multilaterals. The
example of the injection well is shown in the figure 3.4 and the production wells is shown in the
figure 3.5 and 3.6. Majority of the wells have the Total Vertical Depth (TVD) around 3100 —
3400 meters, but the Measured Depth (MD) varies a lot. Usually, the longer lateral section, the
higher MD. The dogleg hasn’t been higher than 6°/30 meters.
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Lithology Description
Seabed Consists of dense to veryC I(jieynse sands overlaying stiff
Clay with thin stringers of sand. Coarser material up to
boulder size may occur.

NORDLAND GP. - Pliocene and Pleistocene Grey claystone with thin stringers of sand and siltstone.

Fine to medium-grained, moderately well and well-sorted
sandstone with minor silt and limestone stringers.
Dominated by claystone and minor limestone/dolomite
HORDALAND GP. - Eocene to Miocene stringers with exception of the sandy Skade and Grid
formations.

Medium-grained and moderately sorted sandstone,
occasionally calcareous cemented.

Very fine to fine-grained sandstone.

QUARTERNARY

Utsira formation

Skade Fm.

Vari-colored claystone, partly tuffaceous with some
limestone stringers.

Claystone and minor limestone stringers.
Noncalcareous claystone with minor limestone stringers.
Very fine to medium-grained sandstone, moderately to
poor sorted, with some interbedded claystone, siltstone,
and a few limestone stringers.

SHETLAND GP. — U. Cretaceous
Ekofisk Em. Chalky off-_whlte to light grey limestone, moderately hard
with traces of claystone and sandstone.
Tor Em White limestone, moderately hard becoming pale red-
' brown and very hard with depth, traces of claystone.
Off-white to white limestone, moderately hard, chalky,
Hod Fm. . . .
grading to marl with depth, glauconite.
Blodoks Frm. Medium to dark grey ma_r!, a}rglllaceous laminations,
glauconitic in parts.
Hidra Fm. Off-white firm limestone.

Marl with argillaceous laminations.
Marl and claystone.

Interbedded limestone and marl with some minor layers
of claystone and siltstone.

Very organic-rich claystone, micaceous, carbonaceous
and traces of pyrite.
Claystone with limestone stringers and interbedded
claystone, kaolin, sandstone, and limestone in the
lowermost part.

Sandstone, very fine to very coarse-grained, moderately
to well sorted. Rare claystone stringers.
Sandstone, very fine to medium grained, moderately to
well sorted, grey claystone and layers of coal.

Fine-grained sandstone with some interbedded silty
sections.

Reddish brown claystone with occasionally sandstone

stringers.

Skagerrak Fm.

Figure 3.3 Well F-4 general lithology [20].
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Figure 3.4 Well F-4 geological and seismic cross section [20].
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Figure 3.5 The Well F-11 trajectory.
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Figure 3.6 The Well F-1 trajectory.

3.2.5. Drilling Problems

Generally, the entire field were drilled without any major problems. There were only
several bit runs which haven’t reached the section total depth. Mostly, the reason of pulling out
the hole (POOH) wasn’t connected with drilling related problems such as low ROP or bit worn-
out, but it was pulled due to malfunctions with MWD or gathering the data. One of the POOH
reports is shown in the Appendix 2. The figure gives the brief explanation why the bit was worn-

out so early and shows the recommendations for solving such a problem in the future. The bit
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dull grading indicates that bit was worn-out quite severe (inner rows — 4, outer rows — 3) and
characterize the bit state in accordance to table 2.1 and First Revision to the IADC Fixed Cutter
Dull Grading System [13].

Having analysed the well reports it may be concluded that drilling parameters were
chosen properly. However, such low number of POOH can be also caused by limiting the ROP
due to cuttings handling problems. Lower ROP may have diminished the drilling problems
related to formation issues such as pack-off, stick-slip or excessive bit dullness. Also, it could

have positive impact on bit life prolongation.
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4. Data Analytics

The main objective of this thesis is to create the machine learning models for formation
classification and bit dull grading. In order to fulfil the goals, the data-driven approach has been
used. Such an approach uses scientific methods and algorithms to extract data and make decisions
based on data analysis and interpretation.

The data analytics is the process of analysing the raw data in order to make conclusions
about the information they contain. Majority of the processes are carried out using specialized
algorithms and software. These techniques can reveal patterns and trends, which otherwise would
be omitted in the immense flow of information. Then, the possessed information about the trends
and patters may be used to increase the system productivity and business performance. The data
analytics process can be divided into several steps:

Determine how the data is grouped.

Collect and process the data.

Organize the collected data and clean up before analysis.
Develop and evaluate the model.

a > w0 DN

Deployment.

One of the key things in the data analytics process is to correctly define the problem as
well as its overall sound understanding. This allows to select appropriate parameters form the
available data and in case when some features are missing in the dataset, to calculate similar

parameters that will significantly increase the quality of the subsequently created models.

4.1. Choosing the Right Environment

Having known the data analytics tools as well as complexity of the Volve dataset, the
Python programming language was chosen to create models and run calculations. It is said that
Python is the best coding language for data mining and analysis. Additionally, it has a huge
community, so if any obstacle is encountered it may be easily overcome thanks to the information
posted on specialized forums. This environment contains many powerful libraries, ranging from
basic statistics to complex machine learning algorithms [21]. All libraries excel in performance,
productivity and the ability to collaborate, making the whole workflow of data handling and

visualization quite straight-forward compared to other languages.
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4.2. Data Preparation and Selection

Due to the immense size of the dataset, the first challenge was to get familiar with the
available data. In order to be able to read the relevant data, the dedicated XML files were created
to be able to automatize the process of reading the daily drilling reports as well as well logs. In
the Real-Time Drilling Data folder, the most valuable files were Drilling Depth well logs which
consist of the basic drilling parameters such as Rate of Penetration (ROP), Weight on Bit (WOB),
Torque, RPM, Flow Rate, MD, TVD. The code with the logs extraction is attached in
Appendix 3.

Having basic knowledge of the dataset, the depth based data were chosen to create the
dataset. The choice was made based on the available data and the understanding of the data.
Unfortunately, the time based does not have clearly explained the rig activity, so finding only the
drilling phase would be a challenge. The final well reports were read to have a bigger picture of
the situation in the wells — F-1, F-4, F-5, F-7, F-9, F-10, F-11, F-14 and F-15. Those reports
contain valuable data about lithology, mud and drilling parameters. The reports and well history
were digitalised by one of the University of Stavanger student and the detailed information about
the wells can be found by using the link in the reference [22]. In order to have proper datasets,
the dedicated MS Excel spreadsheets were created for each well respectively The spreadsheet is
divided into sheets based on the bit runs to be able to predict the bit dull grading. The sample
print screen of MS Excel files is attached in Appendix 4.

Unfortunately, not all data was stored in the XML files, but some of them were only
stored as PDFs. The XML files were automatically read and saved as MS Excel files format,
while data in PDF format were manually rewritten to same spreadsheets. After having all the
necessary parameters, the spreadsheets were loaded to the written code. The best library in
Python to handle data is Python Data Analysis (pandas). Pandas is an open source, easy-to-use
tool which conducts all necessary operations on datasets. It increases productivity and enhances
the performance of the whole code without writing complex algorithms.

Having analysed the available data in the dataset and knowing the drilling phase physics,
some new parameters were calculated. This step would create additional input data for both the
formation classification and the bit dull grading prediction part. This will not only describe more
realistically the condition in the well during the drilling phase, but also it will extend the number
of the robust parameters which give the better Machine Learning models performance. Due to
the lack of the literature, the extra parameters where needed for the bit dull grading prediction
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part. Therefore, a couple of meetings were held with the drill bit engineers to find out what
parameters have the greatest impact on drill bit wear.

The first parameter is the Mechanical Specific Energy (MSE) which tells how much work
is done to excavate a volume unit of rock. The equation was introduced by Taele in 1965 [23].
Taele’s formula is an appropriate parameter for formation classification. The harder the

formation, the more resistance is, hence the MSE value should be higher.

__WOB 120* T*xRPM*TQ .
MSE = . + ApROP [psi] (17)

where:
WOB — weight on bit [lbs]
Ag — bit area [in?]
RPM — revolutions per minute [—]
TQ — torque [lby]
ROP — rate of penetration [ft/hr]
The next parameter is the Depth of Cut (DoC) [24]. The parameter describes how deeply
the drill bit cuts per revolution. Generally, the DoC values below 1[mm/rev] indicated the
instability problems such as bit whirl.

ROPx*k
RPM

DoC =

[mm/rev] (18)

where:
ROP — rate of penetration [m/hr]
RPM — revolutions per minute [—]

k — conversion factor = 16,66 for metric units

The another parameter is Bit Aggressiveness (BA) [25]. The parameter is determined by
the cutters exposure and angle. The more aggressive the bit, the more prone is to change direction

while drilling.

wonas 71 (19)

where:
WOB — weight on bit [lbs]
Ag — bit area [in?]

TQ — torque [lby]
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Bit Parameters vs. Depth
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Chart 4.1 Bit Parameters versus Depth for
well 15-9-F-11-B 12 Y4” section.

Total Energy (TE) and Revolutions (REV) made by the drill bit in order to drill the
specific depth interval are two commonly used parameters in the industry to evaluate the drill bit

state.
TE = WOBx*krev [_] (20)
Dp
krev = RPM*de}:g;l drilled [_] (21)
60 min
where:

WOB — Weight on Bit [klb]

RPM — revolutions per minute [—]

t
ROP — rate of penetration [%]
krev — revolutions used to drill unit of depth [ft]

Dg — bit diameter [in]

These parameters, especially when used in cumulative form are able to give some
information about the bit state. They do not give a precise answer about the bit wear, but based
on them is possible to form an impression about the bit state and bit performance.

28



1e7 Bit Parameters vs. Depth

81— cumTE
cum KREV
o1z
7
F 010
[
5 r 008
@
i &
54 S
z Foos 2
Z &
2
3
F0.04
2
r 002
1
0 — Bitwear | 00
1400 1500 1200 2000 2200 2400 2600

Depth [m]

Chart 4.2 Cumulative TE and KREV versus Depth for
well 15-9-F-11 17 % ” section.
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Chart 4.3 Cumulative TE and KREV versus Depth for
well 15-9-F-5 17 %4 section.

The previous charts shows the cumulative TE and REV. The Chart 4.2 shows the bit run
in which bit was chosen properly (two first IADC digits were 0 and 0) while the Chart 4.3 shows
the bit run in which bit was quickly worn-out(two first IADC digits were 4 and 3). The difference
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in the parameters behaviour is clearly seen and both TE and REV grow quickly while the bit is
not working properly. It may be useful to implement the TE and REV real-time monitoring in
the drilling operations to choose the proper time of pooling bit out of the hole.

The next parameters are the Bit Nozzle Velocity, Impact of Jet Nozzles on Hole Bottom
and Cross Flow Velocity under the bit [26]. It describes the fluid velocity which escapes from
the bit nozzles. In softer formations usually encounter in the initial well sections, fluid may
contribute to ROP and increase the drilling speed. Moreover, while using PDC bits flow rate has

a critical impact on the cutters cooling and enhancing the bit life.

o} t
Vo= 03215 = [f?] (22)
_ MW=QxVy
JIF = =220 (1] (23)

__ |108,5xQ*Vy E
v = [ (24)

where:

St
V,, — nozzle velocity [?]

JIF — impact of jet nozzles on hole bottom [lby]

t
V. — cross flow velocity under the bit [f?]

Q — flow rate [gpm]
TFA — total flow rate [in?]

MW — mud weight [ppg]
Ny — number of nozzles [—]

Dy — bit diameter [in]

As may be seen most of the formulas are flow rate dependent. It only underlines how this
parameter is important for the drilling process and must be treated with caution. The figure below

shows the calculated parameters for the sample well.
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Hydraulic Parameters vs. Depth
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Chart 4.4 Hydraulic Parameters versus Depth for
well 15-9-F-11-B 12 Y” section.

4.3. Drilling Data Quality

Thanks to the measurement apparatus there is a possibility to obtain the parameters which
describe the drilling process and its performance. The sensors are located both in the
Measurement While Drilling(MWD) tool or at the surface and transmit the data to the main
computer. However, the measurement apparatus located downhole usually need to cope with
high temperature and pressure. Also, taking into account the longer wells and more sophisticated
measurement tools, working in such an inhospitable environment may lead to problems with
sensors, electronics, data gathering processor may cause sudden gaps in data transition. Hence,
it is important to have a sound understanding of the dataset, parameters and its range. The ability
to remove the extreme observation points is the key factor in data handling process. It may enable
to prepare the robust dataset which increases the model’s performance.

The fastest method of identifying and removing the observation points which are distant
from the rest of the data is based on mathematical methods. However, the computer would follow
it blindly and some valuable data points may be lost. In order to avoid such a loss, the user should
first plot the data and try to understand the current dataset. Then, having understood the data
some automatic methods may be used or outliers in the most important parameters should be

removed manually.
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4.4. Outlier Removal

After creating the dataset, the next step is to clean it. The cleaning process ensures that
the remaining data represents the problem in the best possible way. Datasets often contain points
that are distant from other points and unlike the other data. These extreme observations are called
outliers and can skew or mislead the training part of the machine learning process. The result is
longer training time as well as a less accurate model gives poorer results. The model accuracy
and performance may be easily improved by removing outliers, but the whole process must be

conducted meticulously. Usually, the outliers may come from [27]:

e Measurement or input error
e Data corruption

e True outlier observation

In data science, there is a variety of methods to define and identify the outliers ranging
from statistical approaches throughout distance-based approaches up to high-dimensional

approaches. In this study, only four basic methods will be described.

4.4.1. Scatter Plot

The scatter plot is considered to be the simplest method to detect the outliers. It simply
plots value for typically two variables from the dataset. The dataset is displayed as a collection
of points, each having the one variable determine horizontal and vertical axis respectively. By
looking at the plot is relatively easy to detect the outlier, however, the outlier removal after using

this method is more complex and time-consuming.

Chart 4.5 Scatter plot.
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4.4.2. 1IQR Score

The interquartile range — IQR — is the statistical method widely used to identify outliers.
The interquartile range is the range between the first and the third quartiles. It is considered that
any data point that is located outside of either 1,5 times the IQR below the first or 1,5 times the
IQR above the third quartile is outside the dataset and may be considered as the outlier [28]. In
Python, the graphical representation of the IQR method is the boxplot from the seaborn library
where outliers are shown as black dots. In order to better understand the dataset and see the
representation of distribution is to plot boxplot with swarm plot on the same plot. The code in
Appendix 5 shows the IQR method.
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Chart 4.6 Boxplot. Chart 4.7 Boxplot with swarm plot.

4.4.3. Z Score

The Z-score is also known as a standard score describes the observation point in terms of
its relationship with a mean and standard deviation of the datasets. The standard score is finding
the distribution of data where mean is 0 and the standard deviation is 1. The scores range from -
3 standard deviations — fall too far left, up to 3 standard deviations — fall to far right of the normal
distribution curve. If the value of the standard score is greater than 3 or lower than -3, the
observation point is considered to be an outlier [29]. The code in Appendix 6 shows how to
identify the outlier by using the Z-score method. The output is the two array where first contains
the list of row numbers while second contains the list column number where Z-score is higher
than 3.

(25)
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where:

Zi — Zscore

Xx; — observation point
X — dataset mean

s — dataset standard deviation

4.5. Feature Selection

Datasets attributes are hardly equal and have a different impact on the created model,
hence the feature selection process is one of the core concepts of data handling. Thanks to that,
it is possible to select these features in the dataset which contributes most to the output and avoid
choking the model. The relevant features improve the model accuracy, performance and further,
reduce the time needed to teach the model in machine learning techniques. Besides, there are
more benefits of performing feature selection after creating the dataset and before running the
model[30]:

e Reduced overlapping — less unwanted data decrease the chance to make decisions
based on noise
e Improved accuracy —fewer attributes increase the model accuracy

e Reduced training times — based on a smaller dataset algorithm will be trained faster

Generally, there are three groups for selecting the features.

4.5.1. Filter Methods

Filter feature selection methods do not incorporate learning. They use the statistical tools
to assign a score to each feature. After that, all features are ranked by the given score. These
methods are often univariate and consider the dependent variable [30]. One of the best examples

is the chi-squared test, univariate feature, and correlation coefficient scores.

4.5.2. Wrapper Methods

Wrapper feature selection methods use a learning process to measure the quality of
features combinations. The process starts when various features sets are created, evaluated and
finally compared with other sets. The combinations of features are evaluated by using the
predictive model which assign a score based on its accuracy. Different methods may be used in
the search process varying from methodical algorithms such as best-fit search, throughout
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stochastic like random hill-climbing algorithms up to heuristics methods such as forward and
backward passes to handle features. The recursive feature elimination algorithm is a good
example of a wrapper method. The wrapper methods are model oriented and usually gets a good
performance for the chosen model. Unfortunately, they are computationally expensive in

comparison with other methods [31].

4.5.3. Embedded Methods

In the embedded methods the learning part and feature selection part cannot be separated.
The algorithm learns which features contribute most to the model accuracy. The learning process
is being done while the model is created [31]. The regularization methods are one of the most
common types of embedded methods. These methods are computationally demanding.

4.5.4. Choosing the Proper Techniques

Due to the fact that possessed datasets do not have immense size, two techniques were
chosen from the aforementioned methods:

e Extra Tree Classifier —is a part of the scikit library. The method output is the feature
name, score rank and feature score in percentages. The technique give easy to
understand representation of the features and the user have the possibility to evaluate
whether the already possessed feature are sufficient or whether more features should
be added to the model

e Correlation Matrix with Heatmap — it shows how the features are related to each
other or to the target variable. The correlation can be either positive (increase in
feature increases the target variable) or negative (increase in feature decreases the
target variable). The user can easily identify which of the features are most related to

the target variable.

Both the formation classification and the bit dull grading prediction case used the
techniques described above. Unquestionably, in the feature selection process, apart from
understanding of the problem, the meetings with the industry representatives where extremely
beneficial. Their detailed opinions helped to choose the proper artificial features and took a look
how similar problems are solved in the industry. Then, the artificial features where calculated as
described in the subchapter 4.2 and later used in the process of creating the machine learning

models.
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5. Machine Learning

Machine learning (ML) has evolved from computer science and enables to design the

algorithms that are able to learn from experience and make decisions without human intervention

or assistance. In order to make predictions without using explicit instructions, ML algorithms

build a mathematical model based on sample data (training data). Afterward, the model quality

IS tested on the remaining datasets (test data) [32]. The key parameter in the learning process is

the data, especially its quality and quantity. The bigger and cleaner dataset is, the better the output

result is.

5.1. Types of Learning Algorithms

ML algorithms differ in the approach, type of input and output data and the problem to

solve. Due to the type of provided dataset and the information they contain, it is possible to

distinguish three major groups [33]:

Supervised learning — build a mathematical model with the dataset which possesses
both input and desired output information. It may be one or more input parameters, but
there is always one output knows as a supervisory signal. The given dataset is called
the training data and consists of training data points. Each training point must be
represented as an array or the training data must be represented as a matrix. The
supervised methods use the iterative optimization of an objective function to predict
proper outputs. The optimal function should allow to properly predict the output for
input data which are not included in the training dataset.

Unsupervised learning — take a dataset that possesses only the inputs and tries to
find the structure in the data for example grouping. Therefore, the algorithms learn
from not labeled or categorized training data and identify commonalities in the
dataset. The algorithms react and adjust the learning path based on the presence or
absence of the identified commonalities.

Reinforcement learning — the algorithms operate in a completely unknown
environment without specific input or output data. The only information the machine
receives is a so-called gain signal. This signal can be either positive (reward) or

negative (punishment). The goal is to maximize the notion of cumulative reward.
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5.2. Techniques in Supervised Learning

The supervised learning methods were chosen for creating both the formation
classification and bit dull grading prediction models. In ML there is no one particular algorithm
that is best for solving all problems. The exact technique should be chosen carefully based on the
size and complexity of the dataset. Hence, the proper choice of the algorithm usually is
complicated and depends on the trial and error method as well as user experience. Therefore, the

supervised method can be divided into two subgroups [34]:

e Classification algorithms — allow assigning data points to appropriate categories
based on one or more input variables. The process of assigning data into two categories
is known as two-class classification, whereas if there are more labels the classification
is called multiclass classification

e Regression algorithms — allow to estimate the relationship among variables and
predict how the group of variables would behave in the future. It helps to understand
how the criterion variable value changes while any of the independent variables are
changed.

Classification Regression

Figure 5.1 Difference between Classification and Regression algorithms [33].

5.3. Evaluating the Model

The next step after successfully running the model is its evaluation. This essential part of
every machine learning project describes whether the algorithms have been able to properly
predict the output from input data. The classification methods predict the class or the category to
which the data belongs to. Hence, the classification algorithms accuracy is the most common
method to describe model performance, however, it is not the only method which may judge the
model [35].
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Classification accuracy — the most common method which uses the proportion of
a number of correct prediction to the total number of input data points. The disadvantage

of the method that it only works if each class are an equal number of samples.

Number of Correct Predictions
(26)

Accuracy =
y Total number of predictions made

Precision — is the ratio of the true positives to the false positives and indicates the
classifier’s capability not to mark as positive observation point a point which is negative.
The precision value range is between 0 — 1 and the greater the value, the better the model

performance.

.. True Positive
Precision = — — (27)
True Positive + False Positive

Recall —is the ratio of the true positives to the false negatives and indicates the classifier’s
capability to find all positive observation points. The recall value range is between 0 — 1

and the greater the value, the better the model performance.

True Positive

Recall = (28)

True Positive + False Negative

F1-score — is the weighted average of the precision and recall where contribution of both
parameters are equal. The f1-score value range is between 0 — 1 and the greater the value,

the better the model performance.

2 x precision * recall (29)

F1 — score = —
precision + recall

Support — it indicates how many times the true value occurred in each class
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However, the regression models predict the quantity, so the model performance is evaluated

as an error in made predictions [36].

Mean Absolute Error (MAE) — it describes the average error magnitude, but don’t
describe the direction of the error (over or under predictions). It is average over the sample
of the absolute differences between prediction and actual observation. It is calculated

based on the following formula [37].

1 ~
MAE = -3 1 1yj = 5| (30)

where:
n — the sample size

ly; — 5| — absolute error

Root Mean Squared Error (RMSE) - it is the square root of the average squared
differences between prediction and actual observation. It gives the gross perception of the

error magnitude and may be calculated based on the given formula [38]

RMSE = \/%2;;1(3/,- — 52 (3D

where:
n — the sample size

(y; — 9)* — squared dif ferences

R? Metric — it is also known as a coefficient of determination. It describes how the
independent variables explain the variability in the dependent variable. The R? value is
closer to 1, the better model accuracy is. It is calculated based on the formula [39].
T (=9

1 —.
2, (vj=yD)?

R2=1-3E-1_
SST

(32)

where:
n — the sample size
SSE — squared error of the regression model

SST — sum of squared errors of the baseline model
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5.4. Improving the Model

Sometimes, the model evaluation results are unsatisfactory. If the model training accuracy
is low, it may indicate that the model configuration has not been able to correctly predict the
output. In such situations, the simplest idea is to increase the number of data in the dataset.
However, in this particular case, it has not been possible, so the algorithm tuning methods were
applied.

One of the most common methods of improving model accuracy is hyper-parameter
tuning. Hyper-parameter is the parameter which is controlled by the user of the ML model [40].
They have an impact on the model’s parameters updating and model the learning process in the
training phase. Hence, there is a possibility to set right hyper-parameter, the model would learn
the most optimum weights for given training algorithms and dataset. The whole process may be
done by using the scikit-learn library. Usually, it requires manual work to set the range of each
hyper-parameter. The iteration over different hyper-parameters is quite time-consuming,

especially while changing a lot of parameters simultaneously.
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6. Formation Classification

The geological formation is the only factor which is truly independent of control. Each
formation has its own characteristics that affect the drilling process. Hence, the aim of this study
is to be able to classify the formations based on the recorded drilling parameters. Due to the lack
of formation parameters, the model would predict only the formation name. The workflow for

this study is presented below and will be thoroughly explained in further subchapters.

Formation Classification

Machine Learning Flowchart

Data mining and creating the dataset

= 2

Finding the best method for outlier

removal and feature selection

= =

Finding the appropriate ML

algorithms

Running the

models

Evaluate the outputs and improve the
models’ parameters by using hyper-

parameters

Running the
improved

models

Figure 6.1 Formation classification machine learning flowchart.
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6.1. Data Analytics

6.1.1. Data Preparation

The first step of the process has been the data extraction from the Volve field dataset. The
observation points were divided into wells in which they belong to. There are 9 wells in total —
F-1, F-4, F-5, F-7, F-9, F-10, F-11, F-14, F-15 and many of them are multilateral with additional
wellbores. The data were extracted and stored in MS Excel sheets. Each well was divided into
sections based on the bit runs. Due to the fact that each of the well contains not enough data for
creating the robust machine learning model, all of the wells were merged together based on the
well section size. Moreover, the intermediate and production well sections, 12 %4 and 8 %4” are
the most abundant in the data points and possess 1495 and 3626 observation points respectively.
Hence, these sections were chosen for a further thorough investigation and based on them several

machine learning models were created.

6.1.2. Outlier Removal

Having merged dataset, the second step has been the data quality improvement. Firstly,
the whole dataset was plotted by using the pair plot from the seaborn library. It plots the pairwise
relationship between all parameters in the dataset. Due to its size, the plot is attached as
Appendix 7. The different colors in the pair plot indicate the different formation types. After
knowing the relationships between parameters, the quality improvement was done by removing
the outliers from the parameters. Each of the parameters in the dataset was plotted by using the
boxplot. This method used the IQR formula to detect the outliers and plot the results in a readable
manner. Some parameters from 8 2" section were chosen from the dataset to illustrate how the

dataset looked like before the outlier removal.
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Chart 6.1 Flow In Rate boxplot. Chart 6.2 Torque boxplot.
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Chart 6.3 ROP boxplot.
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Chart 6.5 WOB boxplot.
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Chart 6.6 RPM boxplot.

The figures above clearly show that each parameter contains the outliers. In order to clean

the dataset from the outliers, the Z - score and IQR method have been used for all of the features.

The sample results for the 8 14” section are shown below.

Samples = 3626 IQR Z -score
Outliers 164 90
Samples after removal 3430 3536

Table 6.1 Z-score and 1QR comparison for FLOW RATE IN — 8 4" section.
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Chart 6.7 Flow In Rate after Z-score. Chart 6.8 Flow In Rate after IQR.

Based on the given results the IQR method has been chosen for further outlier removal.
MSE has been the only parameter in which the outliers were removed manually based on the
scatter plot, due to its significant impact on formation classification. After removing the outliers

form the parameters the 12 %4 and 8 '4” possess 929 and 1969 observation points respectively.

reven freeeey ] e per ey ey

Chart 6.9 Plot before outlier removal. Chart 6.10 Plot after outlier removal.

6.1.3. Feature Selection

The next step after removing unnecessary data is to select the best features for the model.
In order to find the most suitable features, the following techniques from the filter and wrapper
methods have been tested: Correlation Matrix with Heatmap and Feature Importance. Due to the
fact that ML can only understand the numbers, not strings, the data points such as lithology and
mud type was changed to numbers. Every formation and mud type has its own number. The
numbers where assigned in order in which the features occurred in the reports. The code for each
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method as well as the data conversion is attached in Appendix 8 and Appendix 9. The sample

results for the 8 142” section are shown in chart 6.12 and chart 6.13.

Geology Number
Claystone 1
Sandstone

Siltstone

Tuff
Marl
Limestone
Coal

N/ ojlobhlwN

Table 6.2 Lithology conversion to numbers.

0.9 0.057

ROP 0032 011 0.2 0.27 ooe 0079

MSE 0033 028 0.36 011 0.065 EEIEN 0.047

Wwos - 032 0033 03 00088 031 00055 021 0029 | 038

TORQUE - Q11 0.28 03 01 0.0074 025 0le 0034 -0.047

RPM - 0.2 £.0088 01 043 021 HH 0.014
GEOLOGY NO - 0.27 0.36 031 00074 043 £0.033 0046 039 012
FLOW - 0.06 011 00035 025 021 0033 £.38 0076 0028

MUD TYPE NO - 0.079 00685 021 016 H 0046 | D38 016  0.047
DEPTH OF CUT ] 0029 0034 H 4038 0076 016 0.042

Ba - 0.057 0047 | 038 0.047 0014 012 0028 0.047 -0.042

g 2

ROP -
MSE -
TORQUE -
RPM -
FLOW -

GEOLOGY NO -
MUD TYPE NO -
DEPTH OF CUT -

Chart 6.11 Correlation Matrix with Heatmap.
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MUD TYPE NO
GEOLOGY NO
FLOW

RPM

BA

DEPTH OF CUT
WOB

ROP

MSE

TORQUE
0.00 0.02 004 006 008 010 012

Chart 6.12 Feature Importance of Tree-Based Classifiers

The parameters showed above are the basic parameters measured during real-time
operations (ROP, WOB, RPM, Torque, Flow Rate In, Mud Type No, Geology No) or they can
be easily calculated from them (MSE, DoC, BA). Those parameters quite well describe the
situation in the well, especially the interaction between the drillstring and the formation, so it is
reasonable to use them as the input parameters for the ML models.

As may be seen in the above figures, each method gave different results. Hence, after
analyzing the outcome and having the knowledge about the drilling operations, the following
parameters were chosen as input variables to the formation classification model: MSE (eq.17),
Torque, DoC (eq.18), BA (eq. 19), ROP, WOB, RPM and Flow Rate In.

6.2. Machine Learning Algorithms

6.2.1. Choosing the Models

Python has a dedicated library for ML, called scikit-learn. The library contains a wide
range of algorithms, from classification techniques through regression and up to clustering [41].
The dataset consists of labeled data and the aim is to be able to properly select the formation.
Such a problem is a perfect base for using the classification algorithms. The algorithms have
been chosen based on the figure below.
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Figure 6.2 Scikit-learn algorithm cheat-sheet [39].

Datasets do not have any text data. According to the figure above, the most appropriate
algorithm for such dataset is KNeighbors Classifier. However, the good idea is to be able to
compare different models, so apart from KNeighbors Classifier, the Ensemble Classifiers such
as Decision Tree, Random Forest, Extra Trees, and Gradient Boost Classifier have been used.

In all models, the test dataset size was set as 25% of the entire dataset. The observation
points from the original dataset was chosen randomly, so the test dataset has points from majority
of the bit runs. Moreover, each of the models possess the same test dataset in order to be able to

see the differences between the models performance and debug the problems if they occur.

6.2.2. KNeighbors Classifier

The main idea of the algorithm is to find the k number of neighbor to the sample [42].
The algorithm should be able to correctly determine the most likely prediction. The k value is
chosen by investigating the data. Generally, higher k value gives more accurate estimation due
to better noise removal, however, k value in rage 3 — 10 is considered as a proper value.

The first simulation was run with random parameters values and the code is attached in
Appendix 10. The k value was selected to be equal to 5. The figures below show the results for

both sections.

precision recall fl-score support
1 0.57 0.61 0.59 153
2 0.75 0.82 0.79 337
3 0.35 0.23 0.28 35
5 0.70 0.64 0.67 123
6 0.84 0.78 0.81 246
7 0.00 0.00 0.00 3
avg / total 0.72 0.73 0.72 897

Figure 6.3 Classification report — 8 4" section.
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avg / total

precision recall fl-score support

0.96 0.94 0.95 180
0.80 0.89 0.84 54
1.00 1.00 1.00 5
1.00 0.11 0.20 9
0.93 0.98 0.96 115
0.00 0.00 0.00 0
0.93 0.93 0.92 363

Figure 6.4 Classification report — 12 4 section.

Section Accuracy
8 Y 0.727
12 Y% 0.926

Table 6.3 The model accuracy for different sections.

The model evaluation shows that algorithms for section 12 '4” are able to correctly

determine the formation and improving the model by using the hyper-parameters is hardly

possible. It may happen due to the fact that geology at this section is more uniform and there

weren’t a lot of stringers and interbedded layers.

However, section 8 1/2” has a lot more complex and complicated geology, hence the

accuracy is not as high as in the previous section. In order to increase the model performance,

the code for estimating the best k value has been written. The code is attached in Appendix 11,

while its result is shown below.

031
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Chart 6.13 K-value predictions for 8 4” section.

Based on the results shown on the figure above, the k value was set on 9. The results are

presented below.
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precision recall fl-score support

1 0.61 0.63 0.58 153
2 0.75 0.87 0.81 337
3 0.45 0.24 0.32 35
5 0.70 0.63 0.66 123
6 0.86 0.80 0.82 246
7 0.00 0.00 0.00 3
avg / total 0.73 0.74 0.73 897

Figure 6.5 Classification report after model improvement — 8 14” section.

Section Accuracy
8 s 0.744

Table 6.4 The model accuracy after model

improvement — 8 4" section.

The new k value has nott significantly improved the model performance. It has only
caused the minor change, however, the algorithm has looked promising. Such a situation may be
caused by the algorithm inability to find proper neighbors and this may be caused by a high

number of stingers and interbedded layers.

6.2.3. Decision Tree and Random Forest Classifier

The Decision Tree Classifier creates a tree-like model to predict possible paths of
decisions and its consequences. Growing a tree takes into consideration the proper feature
selection and deciding what conditions should be chosen for splitting dataset as well as at which
condition the tree branch should stop growing. Generally, it may be shown as a response of two
classes: Yes or No (1 or 0). This method is very simple and intuitive and can be combined with
other decision techniques [42].

The next method is the Random Forest Algorithm. This is an ensemble of Decision Tree
technique. The algorithm creates multiple decision trees and combines them together to get
a correct and stable prediction. It only takes into consideration the random subset of features
while splitting a node. The main difference between Decision Trees and Random Forest is that
first algorithm will generate some rule while creating a tree, while second technique will
randomly select data points and feature and afterward based on them build several decision trees
and take the average of results. Another advantage of the Random Forest is that it prevents
overfitting because the algorithm creates random subsets of data points [42].
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The first simulation was run by using the Decision Tree algorithm with random

parameters values. The test dataset size was set as 25% of the whole dataset and the parameter

for both models was set as:

Parameter Value
Criterion gini
Max Depth 11
Max Features auto
Max Leaf Nodes None
Min Samples Leaf 1
Min Samples Split 15
Random State 42
Splitter best

Table 6.5 The Decision Tree algorithm initial parameters.

The code is attached in Appendix 12 and figures below show the results for both sections.

precision recall fl-score support
1 0.47 0.55 0.51 153
2 0.73 0.69 0.71 337
3 0.19 0.29 0.22 35
5 0.56 0.57 0.56 123
6 0.79 0.71 0.75 246
7 0.00 0.00 0.00 3
avg / total 0.66 0.64 0.65 897

Figure 6.6 Decision Tree classification report — 8 4” section.

precision recall fl-score support
1 0.77 0.81 0.79 169
2 0.61 0.58 0.60 60
3 0.00 0.00 0.00 0
4 0.50 0.50 0.50 8
5 0.00 0.00 0.00 7
6 0.76 0.76 0.76 120
7 0.00 0.00 0.00 0
avg / total 0.72 0.73 0.73 364

Figure 6.7 Decision Tree classification report — 12 %4” section.

Section Accuracy
8% 0.648
12 Va 0.734

Table 6.6 The model accuracy for different sections.




The results for both sections show that algorithms weren’t able to determine the formation
properly. The Grid Search CV library was used in order to find hyper-parameters and improve
model performance. This library consists of many valuable tools which find the best parameters
for the ML model. The written code is attached in Appendix 13, while the results after parameters

improving are shown below.

precision recall fl-score support
1 0.57 0.61 0.59 153
2 0.75 0.78 0.77 337
3 0.29 0.26 0.27 35
5 0.73 0.62 0.67 123
6 0.78 0.78 0.78 246
7 0.00 0.00 0.00 3
avg / total 0.71 0.71 0.71 897

Figure 6.8 Decision Tree classification report after model improvement — 8 4” section.

precision recall fl-score support
1 0.85 0.79 0.82 174
2 0.56 0.68 0.62 47
4 0.75 0.75 0.75 4
5 0.00 0.00 0.00 9
6 0.79 0.86 0.82 133
7 0.00 0.00 0.00 0
avg / total 0.77 0.78 0.77 367

Figure 6.9 Decision Tree classification report after model improvement — 12 %4” section.

Section Accuracy
8 0.717
12 Y4 0.779

Table 6.7 The model accuracy after model improvement.

There was a successful improvement process in the 8 '2” section. The accuracy
significantly increased and is almost similar to the KNeighbors method. However, there was no
significant difference in the 12 ¥4” section. The model accuracy slightly increased and is far lower
than in KNeighbors technique.

The second simulation was run by using the Random Forest algorithm with random
parameters values. The test dataset size was set as 25% of the whole dataset and the parameter

for both models was set as:
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Parameter Value
Criterion gini
Max Depth 11
Max Features auto
Max Leaf Nodes None
N-estimators 150

Table 6.8 Random Forest Algorithm initial parameters.

The code is attached in Appendix 14 and figures below show the results for both sections.

precision recall fl-score
1 0.57 0.61 0.59
2 0.75 0.78 0.77
3 0.29 0.26 0.27
5 0.73 0.62 0.67
6 0.78 0.78 0.78
7 0.00 0.00 0.00
avg / total 0.71 0.71 0.71

Figure 6.10 Random Forest classification report — 8 4™ section.

precision recall fl-score
1 0.84 0.84 0.84
2 0.68 0.72 0.70
4 0.00 0.00 0.00
5 0.00 0.00 0.00
6 0.84 0.90 0.87
7 0.00 0.00 0.00
avg / total 0.81 0.82 0.80

Figure 6.11 Random Forest classification report — 12 %4” section.

support

153
337
35
123
246
3

897

support

17411

47
4

9
133
0

367

Section Accuracy
8 0.709
12 Y4 0.817

Table 6.9 The model accuracy for different sections.

The very similar algorithms as in the Decision Tree model were used to improve Random

Forest model performance. The code for the model improvement is attached in Appendix 15.
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precision recall fl-score support

1 0.69 0.51 0.59 153
2 0.72 0.90 0.80 337
3 0.40 0.08 0.14 35
5 0.77 0.72 0.75 123
6 0.85 0.89 0.87 246
7 0.00 0.00 0.00 3
avg / total 0.74 0.76 0.74 897

Figure 6.12 Random Forest classification report after model

improvement — 8 2" section.

precision recall fl-score support
1 0.89 0.82 0.85 174
2 0.71 0.83 0.76 47
4 0.67 1.00 0.80 4
5 0.00 0.00 0.00 9
6 0.84 0.92 0.88 133
7 0.00 0.00 0.00 0
avg / total 0.82 0.84 0.83 367

Figure 6.13 Random Forest classification report after model

improvement — 12 Y4 section.

In both sections, the model performance was slightly improved. The 8 '4” section model
has slightly better accuracy than the KNeighbors Classifier and the 12 %4 section model results

are between the Decision Tree and KNeighbours Classifier results.

Section Accuracy
8 Y 0.757
12 Va 0.841

Table 6.10 The model accuracy after model improvement.

6.2.4. Gradient Boost Classifier

The Gradient Boost Classifier is an example of the ensemble method. The key element to
understand the algorithm is to know how the boosting actually works. Generally, by boosting the
weak learners are converted into strong learners. Each new tree is fit on a modified version of
the original dataset. The training process begins by creating a decision tree in which each data
point has an equal weight. After the evaluation of the first tree, the weights of observation points
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that are hard to classify are increased, while the weight of observation points that are easy to
classify is lowered. Therefore, the next tree is grown on the weighted data [43].
The simulation was run by using parameters from the improved Random Forest model.

The code is attached in Appendix 16.

precision recall fl-score support
1 0.64 0.60 0.62 131
2 0.75 0.84 0.79 237
3 0.33 0.21 0.26 29
5 0.71 0.66 0.68 93
6 0.89 0.90 0.90 224
7 0.00 0.00 0.00 2
avg / total 0.75 0.76 0.75 716

Figure 6.14 Gradient Boost classification report — 8 2 section.

precision recall fl-score support
1 0.81 0.85 0.83 130
2 0.82 0.74 0.78 54
3 0.00 0.00 0.00 1
4 1.00 0.83 0.91 6
5 1.00 0.25 0.40 4
6 0.83 0.86 0.84 99
7 0.00 0.00 0.00 0
avg / total 0.82 0.82 0.82 294

Figure 6.15 Gradient Boost classification report — 12 %4 section.

Section Accuracy
8 0.761
12 Va 0.819

Table 6.11 The model accuracy.

The results for 8 2 section is the best model performance from all presented methods,
however, the results between the different techniques are very small. The result for 12 %4 section

is only better than in Decision Tree technique.
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7. Bit Dull Grading Prediction

The drill bit is one of the key components of the drillstring and drilling process. Therefore, it
is important to know as much as possible about the bit state during drilling. So far, the most
common information about bit state is the information after running string into the hole and after
pulling the string out of the hole. Hence, based on the Volve data the data-driven approach was
used to predict the bit dull grade. The ability to predict properly the bit state based on the dataset
should be valuable information during the well planning process as well as during field
operations. The workflow for this study is presented below and will be explained in upcoming

subchapters.

Bit Dull Grading Prediction
Machine Learning Flowchart

Data mining and creating the dataset

R 2

Finding the best method for outlier

removal and feature selection

R 2

Finding the appropriate ML

algorithms

Running the

models

Evaluate the outputs and improve
models’ parameters using hyper-

parameters

Running the

imoproved

Figure 7.1 Bit dull grading prediction process flowchart.
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7.1.Data Analytics

7.1.1. Data Preparation

Firstly, the data was extracted from the Volve field dataset and the same as in the
formation classification part, the observation points were divided into the wells in which they
belong to. The only difference between bit dull grading and formation classification dataset are
the sections used for the model. In this model, sections 26, 17 %47, 12 %4 and 8 '4” were used.
All of the sections have enough observations points to be able to run the simulations. However,
the section with the least observation points is the 26” section, due to the fact, that some of the
wells were multilateral. Those wells usually have mother well up to 26” or 17 2" section.

The major problem during the data mining process was to increase the number of the
observation points. The ML algorithms work based on top-down approach. It means that each
row of data must contain the parameter that describes the bit wear. However, in the drilling
reports, the only known bit state is before running the drillstring into the hole and after pooling
drillstring out of the hole. In order to increase the knowledge about the bit wear, the model
presented in Chapter 2.3 and Applied Drilling Engineering textbook [2] was chosen to be
implemented to increase the density of points. Such data transfer will significantly increase the

number of points and it allows to obtain better model performance and accuracy.

7.1.2. Outlier Removal

The steps for outlier removal were very similar to the ones described in the formation
classification case. Firstly, all dataset was plotted to get more insight into the correlations
between each parameter. Having known such relations, it was possible to understand the
parameters and divide them into two subsets. The first set was the parameters which could be
removed automatically by using IQR method. Parameters like Bit Nozzle Velocity, Impact of Jet
Nozzles on Hole Bottom, Cross Flow Velocity under the bit and Bit Aggressiveness were put in
the first set. The computer could have done it blindly without losing any valuable observation
points. The second set contained the remaining parameters which must have been dealt with more
caution, in order not to lose valuable observation points which were classified by IQR methods

as outliers.
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Dataset size 26” 17 %> 12 v4” 8 1
Before IQR 1199 2869 1495 3626
After IQR 487 1006 524 1271

Table 7.1 The dataset size.

In order to understand the drilling data sample plots are shown below. The first plot shows
the relation between BA and ROP. The outliers are clearly visible and using the IQR technique
for BA parameter does not result in the loss of the valuable observation points.

ROP vs. Bit Aggressiveness

Chart 7.1 ROP vs. Bit Aggressiveness for section 12 %4”: — before

outlier removal.

However, while taking a look at the plot Torque vs. WOB it is clearly to detect the
outliers, but for example, the outliers for the limestone may be valuable in order to predict the
bit wear. Such a conclusion can be made based on the knowledge about the hardness and
drillability of limestone as well as knowledge of the drilling parameters in different lithology. By
manually removing outliers, the valuable data point is not deleted which would happen if the task
is entrusted to the computer.
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TORQUE vs. WOB

GEOLOGY
Sittstone
Claystone
Sandstone
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Tuf!

15

10

Chart 7.2 TORQUE vs WOB for section 12 %”: — before

outlier removal.

7.1.3. Feature Selection

In this section, the steps are similar to the formation classification model as well. The
most suitable features have been found by using the following: Correlation Matrix with Heatmap
and Feature Importance. Due to the fact that ML can only understand the numbers, not strings,
the data points such as Lithology and Mud Type was changed to numbers. The code for each
method as well as the data conversion is attached in Appendix 8 and Appendix 9. The sample

results for the 17 4 section are shown below.

MUD TYPE NO
GEOLOGY NO
FLOW
NOZZLE VEL
CROSS_FLOW
JET_IMPACT
RPM

MSE

KREWV

ROP

WOB

TORQUE

TE

BIT WEAR

Ba

DEPTH OF CUT
cum TE

cum KREWV

000 001 002 003 004 005 006 007

Chart 7.3 Feature Importance of Tree-Based Classifiers for section 17 %2”.
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Chart 7.4 Correlation Matrix with Heatmap for section 17 4.

After the meetings with the industry representatives especially the bit design engineers,
it turned out that cooling is one of the vital parameters for the PDC bit life prolongation. Having
measured the flow rate in, it was possible to calculate the flow related parameters and use them
as the input to the ML models. Similarly, the TE and KREV parameters were implemented.
Having seen the chart 4.2 and 4.3, it was concluded that both parameters are valuable to evaluate
and predict the bit dull grading. Moreover, the implementation of these parameters seems to be
easy in the real-time operations and may give the valuable results, for example the rapid TE
increase may indicate the harder stringer.

The parameters like ROP, RPM, WOB, Torque, MSE describes accurately the drilling
process. The sudden increase in WOB may damage the bit and contribute to the faster bit worn-
out. The higher torque values may tell about the poor bit condition, but relying solely on this
particular parameter is not enough for proper bit evaluation. The ROP tells about the drilling
performance and how fast the rock is being drilled. Based on the high ROP values it may be
assumed, that bit works correctly and opposite if the ROP values are low. The MSE informs how
much energy is used to drill the volume of rock. The MSE peak may indicate the harder stringers
which usually causes the extensive bit wear.

Having got the understanding of the drilling process, its complexity and based on the
obtained results from the feature selection methods, the following parameters were chosen to be
input parameters for model: MSE (eq.17), DoC (eq. 18), Torque, KREV (eq.21), TE (eq. 20),
cum TE, cum KREV, BA (eq.19), ROP, RPM, WOB, Nozzle Velocity (eq.22) and Cross Flow
Velocity (eq. 24).
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7.2. Machine Learning Algorithms

7.2.1. Choosing the Models

Unlike the formation classification part, here there are not labeled data points. Hence, the
regression part of scikit-learn library must have been used. Regression predictive modeling is the
task of approximating a mapping function from input variables to the continuous output variable.
The output variable is a real-value, for example, integer or float value. The selection of the proper
algorithms was done by following the path presented in figure 6.2 in Chapter 6. The datasets size
after outlier removal is presented in the table below.Based on figure 6.2 and table above, the
following methods were selected to create the models: Lasso, Elastic Net, Ridge Regression,

Decision Tree Regressor, Random Forest Regressor, and AdaBoost Regreesor.

7.2.2. Ridge Regression

This technique may be considered as an instance of the linear regression with
regularization. It possesses an extra parameter a called tuning parameter in order to optimize the
effect on multiple variable in linear regression. The higher value of the uning parameter, the
higher residual sum of squares goes to zero. Generally, the tuning parameter describes the effect
of the regression coefficients [44]. The model does not completely eliminate the coefficients and
is relatively fast which is the main two differences between ridge regression and further described
lasso technique.

The code for model improvement can be found in Appendix 17. The sample model

parameters for section 12 ¥4 are shown below.

Parameter Value
Alpha 0.1
Max Iterations 5000
Solver auto

Table 7.2 Ridge Regression Algorithm initial parameters.

The table 7.3, 7.4 and chart 7.5 shows the model evaluation as well as it shows the

differences between the test and predicted values.
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Evaluation 26” 17 »” 12 74 87
R? 0.66 0.88 0.93 0.74
MAE 0.017 0.016 0.006 0.014
RMSE 0.025 0.022 0.008 0.018

Table 7.3 Ridge Regression Model Evaluation.

Ridge Regression

— TEST

[ 1N |

20 30 70

Chart 7.5 Ridge Regression test and predicted values comparison — 12 %4 ”section.

Predicted Value Test Value
0.10848912 0.108062
0.02743447 0.028112
0.07621225 0.077601

Table 7.4 Ridge Regression sample predicted and test values comparison — 12 %4” section.

7.2.3. Lasso

The least absolute shrinkage and selection operator (Lasso) is an instance of the linear
regression with regularization. It is very similar to earlier discussed ridge regression, however, it
varies in the regularization values. Hence, it takes the absolute values of the sum of the regression
coefficients and it may set the coefficients to zero in order to reduce the error completely.
Simultaneously, the lasso method does the automatic variable selection for the model. Therefore,
the ‘shrinkage’ feature comes from such behavior. The biggest advantage of the model is the
ability to shrink the features. Therefore, the final calculations may use less (better quality)
parameters than was used as input [45].
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The code for model can be found in Appendix 18. The sample model parameters for

section 12 % are shown below. The table 7.6, 7.7 and chart 7.6 shows the model evaluation as

well as it shows the differences between the test and predicted values.

Parameter Value
Alpha 0.0001
Max Iterations 1000
Selection random
Tolerance 0
Warm Start True
Precompute False

The table 7.6, 7.7 and chart 7.6 shows the model evaluation as well as it shows the

Table 7.5 Lasso Algorithm initial parameters.

differences between the test and predicted values.

Evaluation 26” 17 %> 12 4 8%”
R? 0.69 0.88 0.93 0.74
MAE 0.016 0.015 0.005 0.013
RMSE 0.022 0.023 0.007 0.017

Chart 7.6 Lasso test and predicted values comparison — 12 %4 section

Table 7.6 Lasso Model Evaluation.

Lasso

—— TEST

PREDICTION

70
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Predicted Value Test Value
0.1085012 0.108062
0.02756334 0.028112
0.07683221 0.077601

Table 7.7 Lasso sample predicted and test values comparison — 12 %4” section.

7.2.4. Elastic Net

The Elastic Net is a hybrid technique that takes into account the penalties of the lasso and

ridge regression methods. Generally, it means that it can effectively shrink coefficients as it

happens in ridge regression as well as it may set some coefficients to zero as it occurs in the lasso

technique. This technique tends to give results in between the ridge regression and lasso. The

elastic net is the same as lasso when a = 1 and as « goes to zero, the elastic net tends to approach

the ridge regression [46].

The code for model can be found in Appendix 19. The sample model parameters for

section 12 % are shown below.

Parameter Value
Alpha 0.0001
Max Iterations 1000
L1 ratio 0.1
Tolerance 0
Warm Start True
Random State 10

Table 7.8 Elastic Net Algorithm initial parameters.

The table 7.9, 7.10 and chart 7.7 shows the model evaluation as well as it shows the

differences between the test and predicted values.

Evaluation 26” 17 »” 12 7 87
R? 0.64 0.90 0.95 0.74
MAE 0.017 0.016 0.005 0.012
RMSE 0.024 0.020 0.006 0.017

Table 7.9 Elastic Net Model Evaluation.
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Chart 7.7 Elastic Net test and predicted values comparison —12 %4 section.

Predicted Value Test Value
0.10849812 0.108062
0.02733633 0.028112
0.07632561 0.077601

Table 7.10 Elastic Net sample predicted and test values comparison — 12 %4 section.

7.2.5. Decision Tree and Random Forest Regressor

Generally, the Decision Tree Regressor works in a similar way as its equivalent to solve
classification problems. However, there are some differences based on the structure of the
dataset. The dataset for the regression tree does not have labeled data and the regression model
is fitted to the target variable by using each of the preselected features. Afterward, for each
preselected feature, the observation points are split at several split points. At each split point, the
error between the predicted value and the actual values is squared to get a sum of squared
errors (SSE). Then, each of the split points is compared with each other and the observation point
with the lowest SSE is chosen to be a node point. This algorithm continues to recursively [47].

The next technique is the Random Forest Regressor. The principle is exactly the same as
in the classification problem, however, it uses the Decision Tree Regressor instead of the
Decision Tree Classifier to build the model and take the average results from build trees. The
code for models can be found in Appendix 20 and 21.
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Parameter Value
Criterion Auto
Max Depth 14
Max Features auto
Min Samples Leaf 2
Min Samples Split 4
Presort False
Splitter best

Table 7.11 Decision Tree algorithm initial parameters.

The table 7.12, 7.13 and chart 7.8as well as the table 7.15, 7.16 and chart 7.9 shows
Decision Tree and Random Forest models evaluation respectively. Figures show the

differences between the test and predicted values.

Evaluation 26” 17 »” 12 4 87
R? 0.97 0.99 0.99 0.99
MAE 0.006 0.001 0.001 0.001
RMSE 0.002 0.001 0.003 0.002

Table 7.12 Decision Tree Model Evaluation.

Predicted Value Test Value
0.10849805 0.108062
0.02733744 0.028112
0.07632552 0.077601

Table 7.13 Decision Tree sample predicted and test values comparison — 12 ¥4 section.
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Chart 7.8 Decision Tree test and predicted values comparison — 12 %4 section.

Parameter Value
Criterion Auto
Max Depth 13
Max Features auto
Min Samples Leaf 2
Min Samples Split 4
Presort False
N estimators 100

Table 7.14 Random Forest algorithm initial parameters.

Evaluation 26” 17 »” 12 4 87
R? 0.96 0.98 0.97 0.97
MAE 0.008 0.001 0.004 0.006
RMSE 0.005 0.005 0.003 0.002

Table 7.15 Random Forest model evaluation.
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Chart 7.9 Random Forest test and predicted values comparison — 12 Y4 section.

Predicted Value Test Value
0.10551514 0.108062
0.03780427 0.028112
0.07806395 0.077601

Table 7.16 Random Forest sample predicted and test values comparison — 12 %4” section.

7.2.6. Ada Boost Regressor

The Ada Boost Regressor is an example of the boosting algorithm. As it was explained
earlier, the boosting algorithms help to minimize or eliminate the randomness of the bagging
techniques. The Ada Boost algorithm works based on the same principles described in Chapter
6 while explaining the Gradient Boost Classifier. However, there are two major differences. The
first is the use of the Decision Tree Regressor instead of the Decision Tree Classifier. It is
reasonable because the dataset has not got the labeled data and the goal is to predict the future
value. The second difference is the process of choosing the proper weight of the decision trees.
The Ada Boost technique chooses them probabilistically. This means that each of the decision
trees has a certain probability and the sum of all decision trees probabilities is up to 1. The weight
of observation points that are easy to classify is lowered while the weight of observation points
hard to predict are increased [48]. The code for model can be found in Appendix 22. The sample
model parameters were similar to the Decision Tree Regressor model. The table 7.17, 7.18 and
chart 7.10 shows the model evaluation as well as it shows the differences between the test and

predicted values.
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Evaluation 26” 17 »” 12 74 87
R? 0.99 0.99 0.99 0.99
MAE 0.002 0.004 0.003 0.003
RMSE 0.003 0.002 0.002 0.001

Table 7.17 AdaBoost model evaluation.

Ada Boost Regressor
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Chart 7.10 Ada Boost test and predicted values comparison — 12 %4” section.

Predicted Value Test Value
0.10714438 0.108062
0.28111710 0.028112
0.07125349 0.077601

Table 7.18 Ada Boost sample predicted and test values comparison — 12 %4 section.
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8. Conclusions

The Volve field dataset was analysed and pre-processed to create the Machine Learning
algorithms. The work has shown that a data-driven approach may be successfully implemented
on the field data. Moreover, it was shown that both classification and regression algorithms can
have above average performance as well as they can accurately predict results. The most
important part of the work was to understand the data, the physics which stays behind both the
formation classification and bit dull prediction and prepare the robust datasets for ML algorithms.

The work could be divided into two parts. The first part was to obtain or calculate the most
appropriate parameters which describes the actual conditions in the well in the best possible
manner. The key parameter for the formation classification model was the MSE. Analysing the
MSE values, it was relatively easy to distinguish between hard and soft formations in each
section, for example between claystone or limestone. It was extremely beneficial in the 8 2"
sections, which was drilled through many geological faults. However, this parameter was not
sufficient to properly evaluate the change between similar lithology.

The key parameter for the bit dull grading was the TE and KREV. The changes of these
parameters, especially their cumulative values showed quite precisely where the bit work harder
to drill the rock, thus where the bit worn-out faster. Even after thorough investigation it was
impossible to combine the range of cumulative TE and KREV with the exact number of bit dull
grading. However, having such a parameter would greatly simplify the proper bit selection.

The second part was associated with the data handling. Having such vast database, the crucial
point was to remove outliers without losing valuable observation points. In order to do this, it is
recommended to plot all of the parameters and see the relationship between them. Even if, the
selected IQR method was classifying some observation points as outliers, it must have been seen
if the qualified data did not represent any valuable information. Certainly, it had an impact on
the model performance, usually, it has been decreasing the accuracy, but the valuable data were
kept in the dataset.

In order to increase the model performance, the feature selection was conducted by using the
two techniques — the Heat Map and the Tree Based Classifier. Based on them, the best available

features were selected to be an input to the ML models.
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8.1. Formation Classification

In order to predict the formation, the datasets were divided by the well section. Thanks to
this assumption, the actual conditions were approximated more detailed. Such an approach was
successful because merging the drilling and formation parameters from the entire well without
having detailed information about the geology may have been misleading. Having data organized
by well sections increases the chances of obtain the correct output. Most of the models were
tuned by using the hyper-parameters technique and the table below shows the models accuracy

before and after such improvement.

Model 12 %> 8 1”
Evaluation Before After Before After
KNeighbours 0.926 - 0.727 0.744
Decision Tree 0.734 0.779 0.648 0.717
Random Forest | 0.817 0.841 0.709 0.757
Gradient Boost | 0.819 - 0.761 -

Table 8.1 The classification algorithms accuracy comparison.

The hyper-parameters tuning significantly improved the models performance. Moreover,
the model with the best accuracy for section 12 4 was KNeighbours Classifier and for section
8 15” was Gradient Boost Classifier. It is hard to tell why one method was better than the other
one. However, one of the reasons may be the difference in the classification pattern. All models
have relatively similar performance, but it is clearly seen that the Decision Tree Classifier is the
poorest model in both sections. Some methods were not upgraded by hyper-parameters, because
the in these cases the difference was minimal between the version before and after testing with
hyper-parameters (|Accuracy| < 0.01).

Generally, the table 8.1 shows that models performance was worse in the 8 %4” section. It
is caused by the lithology complexity in that section. Usually, the 8 '4” section is drilled through
many geological faults, so it is hardly possible to maintain the similar drilling parameters for
each formation type. Therefore, such variations in drilling parameters may be an obstacle for the
ML models and decline the correct formation prediction. The upper section — 12 %” is more
lithologically coherent, hence the ML accuracy is higher.

Finally, the research was done by taking into consideration one filed. It turned out that

the ML algorithms may correctly predict the lithology. The application of the formation
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classification algorithms has the potential to be implemented in the industry both in the well
design and drilling phase. With the access to a larger database, the machine can be taught more
cases, which will better predict the drilled formation. It may be extremely beneficial to run
simulation with the designed drilling parameters during well design process and evaluate whether
the chosen drilling parameters will ensure trouble-free drilling, avoiding washouts or hole
stability problems.

In the real-time operations, the algorithms can be optimized to reach for example the
highest ROP possible or to limit ROP in order to increase the hole stability. Also it may be used
to evaluate whether the certain formation was reached in order to set casing shoe. Moreover, such
algorithms may be used in order to increase the geosteering accuracy. However, the log and
drilling data have not been combined in this thesis, but the idea may be used in further work. Not
only may it increase the geosterring accuracy and the reservoir exposure, but also it may save

a lot of time and money thanks to a better understanding of the formation-drillstring interaction.

8.2. Bit Dull Grading

The same approach was used in order to predict the bit of dull grading. The well data
were divided based on the well section size. Such an approach enabled to differ between the
roller cone and PDC bit. These bit types differ in working principles as well as in formulas to
calculate the bit wear. The ML models where built by using similar steps as it was done in the
formation classification case. Such an approach helped to build robust models which

performance - R? is showed in the table below

Model
Evaluation 26” 17 47 12 V4 8 n”
Ridge Regression 0.66 0.88 0.93 0.74
Lasso 0.69 0.88 0.93 0.74
Elastic Net 0.64 0.90 0.95 0.74
Decision Tree 0.97 0.99 0.99 0.99
Random Forest 0.96 0.98 0.97 0.97
Ada Boost 0.99 0.99 0.99 0.99

Table 8.2 The regression algorithms accuracy comparison.

It is clearly seen that the ensemble algorithms (Decision Tree, Random Forest) and the

boosting algorithm (Ada Boost) have significantly better performance than the other models
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(Ridge Regression, Lasso, Elastic Net). The validation shows that ensemble methods, especially
the AdaBoost Regressor gives better results, regardless the complexity of geology or the amount
of data. It means that almost all of the points (even the anomalies) may be correctly predicted by
the model and may be used for further development. On the other hand, the lower R? values
(R? < 0.7) indicates that methods have the tendency to miss many important points, hence these
methods should not be taken into consideration in future development. Moreover, the differences
between each sections may result from the number of observation points and the complexity of
geology in each section. As it was described in the previous subchapter, the 8 /2" was the most
lithologically complicated section due to the many geological faults. On the other hand, the 26”
section possessed the less complex lithology, but it has the least number of observation points
which decrease the ML’s ability to learn and correctly predict the output. Therefore, some of the
methods had difficulties with correct prediction of bit grade in this section.

The obtained results show that it is possible to predict the bit wear based on the selected
parameters. Having such information during the well design process would enable to reduce
tripping time as well as eliminate the trial and error drill bit selection. It will ensure the more
efficient and effective decision-making process. Due to the fact that the IADC code is still needed
(hence the evaluation after the bit run), this approach may be used only while having a dataset of
a fair size.

Despite the fact that both of the cases described in the thesis were independent work, it is
possible to run them simultaneously. Having in mind the digitalisation process within industry,
the both formation classification and bit dull grading predictions could be done in the real-time,
helping the rig crew to meet the project requirements and avoid the unnecessary POOH due to
excessive bit worn-out. However, such implementation requires larger database to be able to
predict the output with higher accuracy.

In the future work, it would extremely beneficial to use the downhole parameters, for
example, torque or RPM. Based on the comparison with surface parameters it should be possible
to estimate whether the bit performs as expected and chose the appropriate moment to pull of the
hole. Unfortunately, there was no possibility to get information about the formation parameters.
However, in the future work, it would be beneficial to include the rock resistance, for example,
the unconfined compressive strength and correlate it with the bit dullness. This approach

combined with the drilling downhole data may lead to fruitful results.
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Appendix 1. The Bit Dull Grading Chart (Statoil reports).

STATOIL Volve

Schlumberger

Motor BHA Report

RIG: Maersk Inspirer Well Name: 15/9-F-7 PHASE: 175"
RUN No: 4 BHA no: 4 BIT No: 1m3
MD In: 308m MD out: 915m INTERVAL: 607m
Job No:  07SCA0021
OBJECTIVE:
General: Drill 17 1/2" section. Slight nudge away from F-12 whilst keeping remaining slots free i.e. F-2
Inclination: Build inclination from 0.49 to max 9 26degree
Azimuth: Turn azimuth away from F-12 preferably approx 260deg
13 #1 #2 #3 # #5 #6 #7 #3
Nozzies: 18 18 18 18
Size Cone | Fixed cutter IADC [ Make [ Type Ser_No TFA Gauge length
17 112 X ] I M115 | Smith | XR+C MR9953 |  641.3mmsq |
Features
Condition in: 0,0,NO,A E,IN.NO,BHA
Hydraulies With a W of 13556 at 4550 |pm bitdp = EVALUE! andH.s.= #VALUE!
Duili Grading: 1,1 WTAE 1/8NOTD
Selection Criteria; | Statoll
B
Recommendations:
-
i T =T StatoilHydrg
Drilling and Completion e = .
i . ate vV n 38 of 56
Licence no: PL046BS Sl gv.ne
Well: NO 15/9-F-7 i P
Run ....... ~ i .
S Bit size I (0] DC L B G ocC RP
i1 17 1/2" iy N i
E| 36" 7
Z 2
2 i
3 R ) - CHOSRP]
3 :
L4 BHA
i5 BHA
.
1.7 LR
i 8 D




Appendix 2. The Drilling Problem Description (Statoil reports).

FINAL WELL REPORT

Drilling and Completion

License: NO PLO46BS, , NO PLO46BS
Well: NO 15/9-F-1, NO 15/9-F-1 A, NO
15/9-F-1B

Doc. No.

XXX

Valid from Rev. no.
2014-02-13 0

Subject: Slow drilling
Section: NO 15/9-F-1. 17 1/2"
Rep date: 09 Aug 2013
Kevwords: DRILLING
Downtime:

Company: Statoil

References:

Syvnergi no:

Svnergi desc:

Description:

Pot time improvements:

Cost:

A 17 %" Hughes Christensen QD606X type bit was used to drill the 17 %7 section. Drilling towards TD the ROP
decreased due to hard formation and worn out bit. From 2438 m MD to 2602 m MD an average drilling ROP 7.5 m'hr was achieved

Immediate solution:
Dull bit grading: 4-3-CT-N-X-I-LT-TD.

Future recommended solution:

Evaluate to use a more aggressive 5 bladed PDC on the next well on Volve.



Appendix 3. The logs extraction (XML code).

L

VoOoNOTUVAEZWNPR

<sources>
<drillingData>

<rootDirectory>C:\\Users\\jtfra\\Desktop\\Thesis\\Volve_Real Time_DData\\WITS

Realtime drilling data\\Norway-Statoil-NO 15_$47$% 9-F-11</rootDirectory>
<drills>
<drill>
<rootDirectory>1</rootDirectory>
<trajectory>trajectory\\1l.xml</trajectory>
<logs>
<log>log\\1\\3\\1\\00001.xml</log>
<log>log\\1\\3\\2\\00001.xml</log>
<log>log\\1\\3\\3\\00001.xml</log>
<log>log\\1\\3\\4\\00001.xml</log>
</logs>
</drill>
</drills>
</drillingData>
<drillingData>

<rootDirectory>C:\\Users\\jtfra\\Desktop\\Thesis\\Volve_Real_Time_DData\\WITS

Realtime drilling data\\Norway-Statoil-NO 15_$47$ 9-F-11</rootDirectory>
<drills>
<drill>
<rootDirectory>2</rootDirectory>
<trajectory>trajectory\\1.xml</trajectory>
<logs>
<log>1og\\1\\6\\1\\00001.xm1l</log>
<log>1og\\1\\6\\2\\00001.xm1l</log>
<log>1og\\1\\6\\3\\00001.xml</log>
</logs>
</drill>
</drills>
</drillingData>
<drillingData>

<rootDirectory>C:\\Users\\jtfra\\Desktop\\Thesis\\Volve_Real_Time_DData\\WITS

Realtime drilling data\\Norway-Statoil-NO 15_$47$ 9-F-11</rootDirectory>
<drills>
<drill>
<rootDirectory>3</rootDirectory>
<trajectorys>trajectory\\1l.xml</trajectory>
<logs>
<log>log\\1\\5\\1\\00001.xml</log>
<log>log\\1\\5\\2\\00001.xml</log>
<log>log\\1\\5\\3\\00001.xml</log>
</logs>
</drill>
</drills>
</drillingData>
</sources>



Appendix 4. Part of the sample non — processed dataset (MS Excel)

BIT TYPE IADC CODE BIT SIZE NOZZI TFA N MD OUT IERS N BOTI ROP AVG MUD_WEIGHT MUD_TYPE ROP  WOB TORQUE FLOW LOW_GI ET_IMPACT CROSS_FLOW MSE PTHOFC TE cumTE KREV cumKR
PDC M223 85  pw1s, 2x1 09465 | sos0 | 3083 3 452 223 13 Erviromul 0B 3060 | 431 798 | 1347 o0 | 219285] s7a.29 | 19646 | 134 | 1118 | s5942 292,06 |39s80,18] 240 a08 | 122699 | 122699 | 120633 | 120633
PDC M223 85  pw1s, 2x1 09465 | 3083 | 3086 3 452 223 13 Erviromul 0BM 3063 | 417 6,43 1224 | 100 | 219285] s7e2e | 1ss4s | 134 | 1118 | sse42 292,06 |3539152] 346 3,36 | 132998 | 255696 | ss7.85 | 207418
PDC M223 85  Pw1s, 261 09465 | 3086 | 3080 3 452 22,8 13 Erviromul OBM 3066 | 405 598 | 1381 | 100 |219285] s7a,29 | 19646 | 134 | 1118 | s5942 292,06 |2832662] 381 2,82 | 129190 | 384885 | 78681 | 285099
PDC M223 85  Pwas, 2x19 09465 | s0es | s0m2 3 452 22,8 13 Erviromul 0BM 3069 | 549 597 | 1227 | 100 |219285] s7a.29 | 19646 | 134 | 1118 | s5942 292,06 |2535452] 399 286 | 114055 | 408541 | 752,26 | 361325
PDC M223 85  [Pas, 2aq 02465 | 3072 | 3075 3 45,2 229 13 ErviromuioBn] 3072 [ 798 764 | 1594 | 100 [21928s] sra2e | 1esae | 134 | 1118 [ ss042 292,06 |3043515] 352 2,63 | 126170 | 645120 | 80,93 | 445418
PDC M223 85 s, 2aq 09465 | 3075 | 3078 3 452 229 13 Erviromul 0BM 3075 8,40 238 | 1703 | 100 [2i7070] 57323 | 1esse | 134 | 1118 [ 62617 287,00 |25353,22] a19 2,50 | 1280,63 | 773183 | 71566 | 517285
PDC M223 85 [pwas 29 02465 | 3078 | 3081 3 452 229 13 Erviromui 08N 3078 [ 1235 | 363 1682 | 100 | 217070] 57343 | 19448 | 134 | 1118 | 62617 287,00 |26e3s541] 420 247 | 1373,60 | 210543 | 71453 | 589437
PDC M223 85 [pis 21 039465 | 3081 | 3084 3 452 22,3 13 Erviromul OBM 3081 5,55 340 | 1777 | 100 | 2i7070] 57323 | 18448 | 134 | 1118 | 64517 287,08 |27s10,01] 414 249 | 139133 | 10496,76] 72452 | 661830
PDC M223 85 [pis 2x1 03465 | 3084 | 3087 3 452 22,3 13 ErviromuioBn 3084 | 1375 | 518 | 1765 | 100 [ 217n7o] s73as | 1ss4s | 134 | 1118 | 64617 287,08 |26632,20] 417 261 | 128864 | 11785.20] 718,67 | 733857
PDC M223 85 [Pwas, 21 09465 | 3087 | 3000 3 45,2 22,3 13 Erviromui 0B 3087 [ 1383 | 721 1943 | 100 | 217070] 573,43 | 18448 | 134 | 1118 | 62517 287,08 |2075341] 615 2,24 | 1167,57 | 12952,98] 287,44 | 7826,01
PDC M223 85 s, 1 03465 | sos0 | 3083 3 452 22,3 13 Erviromui0BM 3090 | 1711 | 507 | 1781 | 130 [217070] 57343 | 1sa48 | 134 | 1118 | 64617 287,08 |2213050] 560 2,18 | 127448 |14227,46] 53527 | 835128
PDC M223 85  Pas, 1 09465 | 3083 | 308 3 45,2 22,3 13 Erviromui 0BM 3093 | 1874 | ses | 1505 | 130 [217070] s73a3 | 1ss4s | 134 | 1118 | 64617 487,08 |23s53,00] 528 2,16 | 1375,62 | 15603,08] 56650 | 892778
PDC M223 85  Pxs, 21y 09465 | soss | 3008 3 45,2 22,3 13 Erviromul OBM 3096 [ 2155 | 655 1777 | 130 | 217070] 57343 | 18448 | 134 | 1118 | 62517 287,08 |2512388] 477 2,07 | 152561 | 17128,70] 62848 | 955625
PDC M223 85 s, 1y 09465 | soss | 3102 3 452 22,8 13 Erviromul OBM 3098 | 2448 | 783 1724 | 130 | 217070] 57343 | 18448 | 134 | 1118 | 62517 287,08 |25701,24] 508 2,25 | 123522 | 18563,51] 593,08 [10148,33
PDC M223 85  pxas, 2x1q 09465 | 3102 | 3105 3 452 22,8 13 Erviromul OBM 3102 [ 2523 | 781 1743 | 130 | 217070] 57343 | 1s4ce | 134 | 1118 | 64517 27,08 |2605852] 469 2,15 | 1527,73 | 2009164] 639,55 | 1078888
PDC M223 85  Px1s, 2x1q 09465 | 3105 | 3108 3 452 22,8 13 Erviromui 0BM 3105 | 2432 | 770 | 1745 | 128 | 217070] s7aes | 1s44s | 134 | 111 [ ee617 287,08 |2s127,70] 483 2,17 | 125621 | 21547,86] sog44 [11387.32
PDC M223 85  px1s, 2x1q 09465 | 3108 | 3111 3 452 22,3 13 Erviromul OBM 3108 | 2434 | 797 | 1581 | 130 | 217070] s73es | 1s44s | 134 | 111 | ee617 287,08 | 2641867 451 2,05 | 1519,84 | 23167,69] 664,33 | 1206166
PDC M223 85  pwas, a9 og465 | su1 | sne 3 452 223 13 Erviromui0BM 3111 | 2021 | seo | 1615 | 130 | 217070] s7343 | 19448 | 134 | 1118 | e4617 27,08 |20257.36] 437 2,22 | 158,20 | 24825,89] 8656 |12748,21
PDC M223 85 pwas, 219 og465 | 314 | su7 3 452 223 13 Erviromui 0BM 3114 | 2097 | 818 | 1934 | 130 |217070] s73as | 19448 | 134 | 1118 | e4617 287,08 |26717,05] 451 209 | 1512,62 | 26438,51] 664,84 [13413,05
PDC M223 85  Pwas, a9 09465 | 317 | 3120 3 452 22,8 13 Erviromui 0B 3117 | 1877 | 566 | 1786 | 159 | 237005 s2610 | 21234 | 134 | 1118 [ 77030 531,82 |3455881| 357 2,17 | 200638 | 2844489] 839,11 [14252.15
PDC M223 85  Pwas, 2x1q 09465 | 3120 | 3123 3 452 22,8 13 Erviromui 0BM 3120 | 2060 | 377 | 1724 | 1se | 237005 s2610 | 21234 | 134 | 1118 [ 77030 53182 |3o79500] 416 2,38 | 1627,73 | 30072,63] 72060 | 1497275
PDC M223 85  Pis, 2] 02465 | 3123 | 3126 3 45,2 229 13 Erviromuioen] 3123 [ 2131 | 711 1866 | 158 | 23r00s| s2510 | 21232 [ 134 [ 1118 [ 77030 53182 |38549,74| 336 535 | 212,47 |30085.10] 822,93 | 1586569
PDC M223 85  Pis, 2] 02465 | 3126 | 3120 3 45,2 229 13 Erviromui o] 3126 [ 22010 | 731 1624 | 158 [ 23moos| s2s10] 21232 | 134 [ 1118 [ 77030 53182 |3032335] 410 5,02 | 63653 [31621,63] 730,70 | 1659638
PDC M223 85 Pwas, 2aq og46s | 3100 | 3132 3 452 229 13 ErviromuioBn 3120 | 2270 | 666 [ 2056 | 1se [ 23705 se10 | 21234 | 134 [ 1118 | 77030 53182 |3085422] 416 3,50 | 103,90 |32725.63] 720,90 [17317.38
PDC M223 85  [pwas 29 og46s | 3132 | 3135 3 452 229 13 Erviromui 0B 3132 [ 2278 | 695 1525 | 160 | 23%201] s3100 | 21430 | 134 | 1118 | 78464 536,74 |2723601] 415 536 | 641,26 |33366,89] 722,32 [1g03360
PDC M223 85 s 29 03465 | 3135 | 3138 3 452 22,3 13 Erviromui 0B 3135 | 2438 | 671 1651 | 158 | 23s01s| s3142 | 21414 | 134 | 1118 | 7B34s 536,34 |3085475| 417 485 | 79741 |32162,29] 71853 1875822
PDC M223 85 [as, a1y o465 | 3138 | 3141 3 45,2 22,3 13 Erviromui oM 3138 | 2498 | 639 | 1835 | 160 [ 23sa2s)| s3197 | 21435 | 134 | 1118 [ 7ass3 53681 |28991,34] 455 327 | 922,36 |3508666] 659,31 [1s417,54
PDC M223 85 s, 2y o465 | 3141 | 3144 3 45,2 22,3 13 ErviromuioBM 3121 | 2354 | ses | 1634 | 155 [ 23s79s| e3zae | 21484 | 134 | 1118 | 78857 53800 |2857415| 468 369 | 57815 |36064,81] 641,13 | 2005866
PDC M223 85  Pas, a1y 09465 | 3144 | 3147 3 45,2 22,3 13 Erviromul OBM 3124 [ 2166 | 523 16554 | 160 | 237es2| s2833 ] 21320 | 134 | 1118 | 7952 53372 |23287,44] 473 306 | 95856 |37023,38] 634,47 [20693,13
PDC M223 85  Pas, a1y 09465 | 3147 | 3150 3 45,2 22,3 13 Erviromul OBM 3147 | 2461 | sg2 | 1o4s | 155 [238pi1s] see7s | 21324 | 134 | 1118 | 77sE8 53408 |21962,11] 492 2,96 | 93627 |37950.64] 608,72 [2130286
PDC M223 85 s, 1y 09465 | 3150 | 3153 3 452 22,8 13 Erviromul OBM 3150 | 1580 | sos | 1g7s | 158 [ 23ssia] s3n14 | 21405 | 134 | 1118 | 78276 535,10 | 2103633| 488 2,65 | 1000,30 | 38958,94] 614,25 [21917,10
PDC M223 85 s, a1y 09465 | 3153 | 3156 3 452 22,8 13 Erviromui0BM 3153 | 1876 | 948 | 1o80 | 155 | 23sesi] e3zee | 21481 | 134 | 1118 [ 7Eon 538,27 | 2545758| 488 3,14 | 102098 | 39080,52] 613,23 [22530,33
PDC M223 85  Px1s, a1 09465 | 3156 | 3158 3 452 22,8 13 Erviromui 0BM 3156 | 1463 | 148 | 1734 | 1s0 | 23e813] s2559 | 21236 | 134 | 1118 [ 7eces 53130 |21533,13| 487 3,06 | ssg4e |aoses0] 61520 [2314553
PDC M223 85  px1s, a1y 09465 | 3158 | 3182 3 452 22,8 13 Erviromui 0BM 3158 | 2498 | 348 | 1818 | 1s0 | 237703] s279a | 21286 | 134 | 1118 [ 7748 533,38 |2245467| 488 3,29 | 93641 |4180581] 61512 |23780,65
PDC M223 85  px1s, 2x19 09465 | 3162 | 3185 3 452 22,3 13 Erviromui 0BM 3162 | 2504 | 304 | 1767 | 1s0 | 237534] G274 | 21281 | 134 | 1118 [ 77375 533,01 |2824383| 502 438 | s11,71 [42617,51| s97.05 2235770
PDC M223 85 pw1s, 2x1 09465 | 3165 | 3168 3 452 223 13 Erviromul 0B 3165 | 2486 | 301 1707 | 160 | 237ace| s2716 | 21270 | 134 | 1118 | 77am 53272 |1794788) 515 348 | 65033 |43267,84] 582,24 |24939.84
PDC M223 85  pwas, 2x1 09465 | 3168 | 3171 3 452 223 13 Erviromul OBM 3168 | 2501 | 283 16549 | 160 | 23riza| ss40 | 21244 | 134 | 1118 | 77L0s 532,08 |2104498| 487 389 | 68251 |43950,35] 1570 | 2555564
PDC M223 85  Pwas, 2x1q 09465 | 3171 | 3174 3 452 22,8 13 Erviromui 0BM 3171 | 2501 | 283 1885 | 160 | 237943| se857 | 21318 | 134 | 1118 | 77s4l 53392 |2114178] 512 531 | 502,84 |4445319] sesz2s 2614052
PDC M223 85  Pwas, 2x1q 09465 | 3174 | 3197 3 452 22,8 13 Erviromui 0BM 3174 | 2499 | 522 | 1s0s | 1s0 | 237530] s27as | 21281 | 134 | 118 [ 77am 533,00 |1783043| 5.8 442 | so849 |4496168| ss0.67 | 2672159
PDC M223 85  Pis, 2aq 02465 | 3177 | 3180 3 45,2 229 13 Erviromuiosn 3177 | 2498 | 407 [ 1713 [ 1s0 [23zesei] saaos | 21195 | 134 [ 1n1s [ 7evss 53087 | 2248355] 510 588 | 24958 |45411,26] 587,86 |27309,45
PDC M223 85  [P1s, 29 09465 | 3180 | 3183 3 45,2 22,9 13 ErviromuioBn] 3180 [ 2296 | 453 1778 | 160 [ 237s97| s2766 | 21287 [ 134 [ 1118 [ 77416 533,15 |203%6,47] 5,16 534 | 282,12 |458e3,38] sen68 |27820,13
PDC M223 85  Pwis, 2 09465 | 3183 | 3186 3 452 229 13 ErviromuioBn 3183 | 2494 | 566 [ 1608 | 1se [237833] sosos | 21308 | 134 [ 1118 | 7ises 53367 |2345006] 492 460 | 643,23 [46536,61] 609,68 [ 2840081
PDC M223 85 Pxia 2 oss6s | 3186 | 3189 3 452 223 13 ErviromuioBm 3186 | 2436 | 452 | 1545 | 160 l237assl sezas | 21277 | 134 | 1118 | 77348 53291 |25256.40] 512 a72 | 6518 [47211.79] s85.22 | 2508503




Appendix 5. The IQR Calculation Method (Python code)

Nouih wNBR

def subset_by iqr(dataset):

gl = dataset.quantile(©.25)
g3 = dataset.quantile(©.75)
igr = g3 - q1

filter = (dataset >= g1 - 1.5*iqr) & (dataset <= g3 + 1.5*igr)
return dataset.loc[filter]

Appendix 6. The Z-score Calculation Method (Python code)

1.
2.
shold]
3.

def calculate_z_score(dataset, treshold):

dataset = dataset[((dataset - dataset.mean()) / dataset.std()).abs() < tre

return dataset

Appendix 7. The Pairplot for 8 '2” Section (Python — Seaborn Library)
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Appendix 8. The Transformation Parameters (Python code)

1. def geology value(c):

2. geol = {'Claystone’':1, 'Sandstone':2, 'Siltstone': 3, 'Tuff':4, 'Marl': 5
, 'Limestone': 6, 'Coal': 7}

3. return geol[c]

4.

5. df['GEOLOGY NO'] = df['GEOLOGY'].apply(geology value)

6.

7. def mud_type_value(c):

8. mud_type = {'Enviromul OBM':1, 'Standard OBM':2, 'OBM': 3}

9.

10. return mud_type[c]

11.

12. df['MUD TYPE NO'] = df['MUD_TYPE'].apply(mud_type_value)

Appendix 9. The Feature Importace Selection (Python code)

1. df_test = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'GEOLOGY NO', 'FLOW',

N', 'MUD TYPE NO', 'DEPTH OF CUT', 'BA']]

2o

3. X = df_test.iloc[:, 0:11]

4. y = df_test.iloc[:,1]

5.

6. #data encoding

7. lab_enc = preprocessing.LabelEncoder()
8. y_encoded = lab_enc.fit_transform(y)
9.

10. #univariate selection - mutual info regression

11. bestfeatures = SelectkBest(mutual_info_regression, k=11)
12. fit = bestfeatures.fit(X,y_encoded)

13. dfscores = pd.DataFrame(fit.scores_)

14. dfcolumns = pd.DataFrame(X.columns)

15.

16. featureScores = pd.concat([dfcolumns,dfscores],axis=1)
17. featureScores.columns = ['Paramters', 'Score’]

18. print(featureScores.nlargest(11, 'Score'))

19.

20. #Tree Based Classifier

21. model = ExtraTreesClassifier()

22. model.fit(X,y_encoded)

23.

24. print(model.feature_importances_)

25.

26. feat_importances = pd.Series(model.feature_importances_, index=X.columns)

27. feat_importances.nlargest(11).plot(kind="barh")
28. plt.show()

29.

30. #correlation matrix with heatmap

31. corrmat = df_heat.corr()

32. top_corr_features = corrmat.index

33. sns.heatmap(df_heat[top_corr_features].corr(), annot = True, linewidth =

cmap = 'coolwarm')
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Appendix 10. The KNeigbours Classifiers (Python code)

1. #reading the datasets

2. X = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'DEPTH OF CUT', 'FLOW', 'MWIN',
"'BA"]]

3. y = df['GEOLOGY NO']

4. #creating the train and test sets

5. X = preprocessing.scale(X)

6. X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25, ra
ndom_state = 10)

7.

8. #creating model

9. clf = neighbors.KNeighborsClassifier(n_neighbors=5)

10. clf.fit(X_train, y_train)

11. y_except = y_test

12. y_pred = clf.predict(X_test)

13. fpr, tpr, thresholds = metrics.roc_curve(y_except, y_pred, pos_label=2)

14.

15. #showing results

16. print(metrics.classification_report(y_except, y pred), clf.score(X_test, y tes
t))

17. print('confusion matrix', metrics.confusion_matrix(y_except, y_pred))

18. print('auc', metrics.auc(fpr, tpr))

Appendix 11. The KNeigbours Classifiers Model Improving (Python

code)

#creating a loop to fing best k value

error = []

for i in range(1, 40):
knn = KNeighborsClassifier(n_neighbors=i)
knn.fit(X_train, y_train)
pred_i = knn.predict(X_test)
error.append(np.mean(pred_i != y_test))

coNOUV b wWNBRE

= O
® -

#creating a plot for showing the k values
. plt.figure(figsize=(12, 6))
. plt.plot(range(1, 40), error, color='blue', linestyle='-', marker='o",
markerfacecolor="yellow', markersize=15)
. plt.title('Error Rate K Value')
. plt.xlabel('K Value')
. plt.ylabel('Mean Error')
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Appendix 12. The Decision Tree Classifier (Python code)

N =

vl b~ w

00
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11.
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18.
19.
20.
21.
22.

#creating the dataset

X = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'DEPTH OF CUT', 'FLOW', 'MWIN',
"'BA"]]

y = df['GEOLOGY NO']

#creating the train and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25, ra
ndom_state = 10)

#creating the model

clf = DecisionTreeClassifier(class_weight=None, criterion='gini', max_depth=19

5 max_features="auto', max_leaf nodes=None,
min_impurity decrease=0.0, min_impurity_ split=None,
min_samples_leaf=2, min_samples_split=9,
min_weight_fraction_leaf=0.0, presort=False, random_state=42,
splitter="best")

clf.fit(X_train, y_train)
y_pred = clf.predict(X_test)

#showing results

print(metrics.classification_report(y_test, y_pred))
print("Accuracy:",metrics.accuracy_score(y_test, y pred))

fpr, tpr, thresholds = metrics.roc_curve(y_test, y pred, pos_label=2)
print('auc', metrics.auc(fpr, tpr))

Appendix 13. The Decision Tree Classifier Model Improving (Python

code)

oONOUV A WNERE

13.
14.
15.
16.
17.
18.
19.

#searching for best params

params_to_test = {'criterion': ['gini', 'entropy'],
'min_samples_split': range(2,20,1),
'min_samples_leaf': range(2, 20, 1),
'max_depth': range(1,20,1),
'splitter': ['best', 'random'],
'max_features': ['auto', 'sqrt', 'log2']}

. #creating model
. rf_model = DecisionTreeClassifier(random_state=42)
. grid_search = GridSearchCV(rf_model, param_grid=params_to_test, cv=4, scoring=

'f1_macro', n_jobs=4)
grid_search.fit(X_train, y_train)

#showing results

best_params = grid_search.best_params_
best_model = grid_search.best_estimator_
print(best_params)

print(best_model)
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Appendix 14. The Random Forest Classifier (Python code)

N =

vl b~ w

= WO 00

11.
12.
13.
14.
15.
16.
17.
18.
19.

0.

#creating the dataset

X = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'DEPTH OF CUT', 'FLOW', 'MWIN',
"'BA"]]

y = df['GEOLOGY NO']

#creating the train and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25, ra
ndom_state = 10)

#creating the model
clf = RandomForestClassifier(n_estimators=150, criterion ‘gini',

max_depth = 18, min_samples_split = 2, random_state = 42, max_features =
'auto', splitter = 'best')

clf.fit(X_train, y_train)
y_pred = clf.predict(X_test)

#showing results

print(metrics.classification_report(y_test, y pred))
print("Accuracy:",metrics.accuracy_score(y_test, y_pred))

fpr, tpr, thresholds = metrics.roc_curve(y_test, y pred, pos_label=2)
print('auc', metrics.auc(fpr, tpr))

Appendix 15. The Random Forest Classifier Model Improving (Python

code)

A WNPRE

= OO0~ WUV

#searching for params

params_to_test = {'bootstrap': [True, False],
'n_estimators':range(130, 150, 1), 'max_depth': range(5, 20, 1),
'min_samples_split': range(2, 20, 1), 'min_samples_leaf': range(2, 20, 1),

'max_features': ['auto', 'sqrt', 'log2'l]}

#creating model
rf_model = RandomForestClassifier(random_state=42)

. grid_search = GridSearchCV(rf_model, param_grid=params_to_test, cv=4, scoring=

'f1_macro', n_jobs=5)

. grid_search.fit(X_train, y_train)

. #showing results

. best_params = grid_search.best_params_

. best_model = grid_search.best_estimator_
. print(best_params)

. print(best_model)



Appendix 16. The Gradient Boost Classifier (Python code)

#creating the dataset

X = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'DEPTH OF CUT', 'FLOW', 'MWIN',
"'BA"]]

y = df['GEOLOGY NO']

#creating the train and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2)

#creating the model

boost =GradientBoostingClassifier(
learning_rate=0.99,
n_estimators=150,
max_depth = 17)

. model = boost.fit(X_train, y_train)

. y_pred = model.predict(X_test)
. fpr, tpr, thresholds = metrics.roc_curve(y_test, y pred, pos_label=2)

. #showing results

. print(metrics.classification_report(y_test, y_pred))
20.
21.

print("Accuracy:",metrics.accuracy_score(y_test, y_pred))
print('auc', metrics.auc(fpr, tpr))

Appendix 17. The Ridge Regressor (Python code)

#creating the dataset

X = df['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'FLOW', 'DEPTH OF CUT','BA', 'NOZ
ZLE_VEL', 'JET_IMPACT', 'CROSS_FLOW', 'TE', ‘'cum TE', 'KREV', 'cum KREV']]

y = df['BIT WEAR']

#creating the train and test sets

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25, ra
ndom_state = 10)

#creating model

1lr = LinearRegression()

lr.fit(X_train, y_train)

lr_pred = lr.predict(X_test)

. print('LR R2', metrics.r2_score(y_test, 1lr_pred))
. print('LR MSE', metrics.mean_squared_error(y_test, lr_pred))

. rr = Ridge(alpha=0.1, max_iter = 5000, solver = 'auto')
. rr.fit(X_train, y_train)
. rr_pred = rr.predict(X_test)

. #showing results

. print('RR R2', metrics.r2_score(y_test, rr_pred))

. print('RR RMSE', sqrt(metrics.mean_squared_error(y_test, rr_pred))
. print('RR MAE', metrics.mean_absolute_error(y_test, rr_pred

. rrle@ = Ridge(alpha=100, max_iter = 5000, solver = 'auto')
. # comparison with alpha value

. rrlee.fit(X_train, y_train)

. rrl00_pred = rr100.predict(X_test)

. print('RR100@ R2', metrics.r2_score(y_test, rr_pred))
. print('RR100@ RMSE', sqrt(metrics.mean_squared_error(y_test, rr_pred))
. print('RR100@ MAE', metrics.mean_absolute_error(y_test, rr_pred



Appendix 18. The Lasso Regressor (Python code)

9o

1e.
11.
12.
13.
14.
15.
16.
17.
18.

#creating the dataset

X = df[['ROP', 'MSE', 'WOB', 'TORQUE','RPM', 'FLOW', 'DEPTH OF CUT','BA', 'NOZZ
LE_VEL', 'JET_IMPACT', 'CROSS_FLOW', 'TE', ‘cum TE', 'KREV', 'cum KREV']]

y = df['BIT WEAR']

#creating the train and test sets

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25, ra
ndom_state = 10)

#creating model
lasso = linear_model.Lasso(alpha=0.0001, copy X=True, fit_intercept=True, max_
iter=1000,
normalize=False, positive=False, precompute=False, random_state=6,
selection="random', tol=0, warm_start=True)
lasso.fit(X_train, y_train)
y_pred = lasso.predict(X_test)

# showing results

print('Lasso MAE', metrics.mean_absolute_error(y_test, y_pred))
print('Lasso RMSE', sqrt(metrics.mean_squared_error(y_test, y_pred)))
print('Lasso MAPE', mean_absolute_percentage_error(y_test, y_pred))
print('Lasso R2', metrics.r2_score(y_test, y pred))

Appendix 19. The Elastic Net Regressor (Python code)

N

o v phw

00

10.
11.
12.
. #showing results
14.
15.
16.

13

#creating the dataset

X = df[['ROP', 'MSE', 'WOB', 'TORQUE','RPM', 'FLOW', 'DEPTH OF CUT','BA', 'NOZZ
LE_VEL', 'JET_IMPACT', 'CROSS_FLOW', 'TE', 'cum TE', 'KREV', 'cum KREV']]

y = df['BIT WEAR']

#creating the train and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25, ra
ndom_state = 10)

#creating the model

regr = ElasticNet(alpha = 0.0001, 11_ratio = 0.1, tol = @, warm_start = True,
random_state=10)

regr.fit(X_train, y_train)

y_pred = regr.predict(X_test)

print('Elastic R2', metrics.r2_score(y_test, y_pred))
print('Elastic RMSE', sqrt(metrics.mean_squared_error(y_test, y_pred)))
print('Elastic MAE', metrics.mean_absolute_error(y_test, y_pred))
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Appendix 20. The Decision Tree Regressor (Python code)

#creating the dataset

1.
2. X = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'FLOW','DEPTH OF CUT','BA',
ZLE_VEL', 'JET_IMPACT', 'CROSS_FLOW', 'TE', 'cum TE', 'KREV', 'cum KREV']]

y = df['BIT WEAR']
#creating the train and test sets

random_state = 10)
#creating the model

'NOZ

3
4
5.
6. X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25,
7
8
9

. model = DecisionTreeRegressor(criterion="'friedman_mse', max_depth=14,
10. max_features="auto', max_leaf_nodes=None,

11. min_impurity_decrease=0.0, min_impurity split=None,

12. min_samples_leaf=2, min_samples_split=4,

13. min_weight_fraction_leaf=0.0, presort=False, random_state=42,
14. splitter="best")

15. model.fit(X_train, y_train)
16. y_pred = model.predict(X_test)

18. #showing results
19. print('Tree R2', metrics.r2_score(y_test, y pred))

20. print('Tree RMSE, sqrt(metrics.mean_squared_error(y_test, y pred)))
21. print('Tree MAE', metrics.mean_absolute_error(y_test, y_pred))

Appendix 21. The Random Forest Regressor (Python code)

1. #creating the dataset

2. X = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'FLOW','DEPTH OF CUT','BA',
ZLE_VEL', 'JET_IMPACT', 'CROSS_FLOW', 'TE', 'cum TE', 'KREV', 'cum KREV']]

3. y = df['BIT WEAR']
4. #creating the train and test sets

'NOZ

5. X_train, X_test, y_train, y _test = train_test_split(X, y, test_size = 0.25, ra

ndom_state = 10)

7. model = RandomForestRegressor(max_features=5, max_depth = 13, min_samples_spli

t=4, n_estimators=100, min_samples_leaf=2)
8. model.fit(X_ train, y_train)
9. y pred = model.predict(X_test)
10.
11. #showing results
12. print('RForest R2', metrics.r2_score(y_test, y_pred))
13. print('RForest RMSE, sqrt(metrics.mean_squared_error(y_test, y_pred)))
14. print('RForest MAE', metrics.mean_absolute_error(y_test, y_pred))
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Appendix 22. The Ada Boost Regressor (Python code)

1e.
11.
12.
13.
14.
15.

16.
17.
18.
19.
20.
21.
22.

#creating the dataset

X = df[['ROP', 'MSE', 'WOB', 'TORQUE', 'RPM', 'FLOW','DEPTH OF CUT','BA', 'NOZ
ZLE_VEL', 'JET_IMPACT', 'CROSS_FLOW', 'TE', 'cum TE', 'KREV', 'cum KREV']]

y = df['BIT WEAR']

#creating the train and test sets

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.25, ra
ndom_state = 10)

#creating the model
base_estimator = DecisionTreeRegressor(criterion="'friedman_mse', max_depth=14,

max_features="auto', max_leaf_nodes=None,
min_impurity_decrease=0.0, min_impurity split=None,
min_samples_leaf=2, min_samples_split=4,
min_weight_fraction_leaf=0.0, presort=False, random_state=42,
splitter="best")

model = AdaBoostRegressor(base_estimator = base_estimator, random_state = 42,
n_estimators=50, loss = 'square')

model.fit(X_train, y_train)

y_pred = model.predict(X_test)

#showing results

print('AdaBoost R2', metrics.r2_score(y_test, y_pred))

print('AdaBoost RMSE, sqrt(metrics.mean_squared_error(y_test, y_pred)))
print('AdaBoost MAE', metrics.mean_absolute_error(y_test, y_pred))
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