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PENETRATION RATE OPTIMIZATION IN HETEROGENEOUS
FORMATIONS WITH SUPPORT VECTOR MACHINES METHOD

SUMMARY

The exploration of petroleum and natural gas resources is at topmost importance
because of the unending demand for energy resources. Due to the oil companies' cost-
efficient policy, the importance of reducing cost and increasing performance has
ascended. Accordingly, there have been significant advances in drilling technology.
Nowadays, cost and performance can be optimized thoroughly by using developing
technology and computer science.

The primary optimization problem in oil and gas exploration has always been related
to minimize costs due to market volatility related to the decreasing oil prices. Drilling
operations constitute a significant part of the exploration costs. Thus, the main
objective of cost optimization is to reduce total well costs. One way to achieve this
goal is to optimize or maximize the rate of penetration (ROP). The ROP starts to
decrease as a drill bit wears within a run that cause additional cost.

Practically, if the lithology is homogeneous, the optimum ROP can be achieved by
adjusting controllable drilling parameters and considering the drilling cost starts to
increase after a minimum value. On the other hand, this approach usually fails when
drilling through complex lithological formations known as a heterogeneous
environment distinctly non-uniform in lithological composition.

There is no widely accepted model for defining the optimum ROP since various
variables affect the cost and time relationship. It is clear that maximizing ROP or
minimizing drilling costs is a multi-parameter optimization problem that requires
optimization techniques. There exist some mathematical and statistical models to
optimize ROP and various drilling parameters. The most commonly used ROP model
in the drilling industry is Bourgoyne and Young Method (BYM). In BYM, the aim is
to calculate eight regression coefficients related to standard drilling parameters by
applying multiple linear regression (MLR) analysis to drilling data for predicting ROP.

The BYM involves eight drilling parameters and requires statistically at least thirty
inputs obtained from the formations with uniform lithology. The number of input data
required to obtain such a large number of parameters may not always be possible. This
is especially the case in drilling environments where there are not many shale zones,
and where there are few wells in a field, or where complex lithology is dominant such
as in the fields of Turkey. Thus, the results obtained by using the BYM in these limited
conditions are meaningless, observations obtained from the field practice, and method
results give very different values. On the other hand, the support vector machines
(SVM) method effectively predicts ROP with higher sensitivity and conservation
without decreasing the number of parameters.

The main purpose of this study is to implement a different type of regression model as
an alternative to multiple linear regression by modifying BYM by introducing several
geomechanical parameters to estimate a relationship between the rock mechanical
properties and the heterogeneity, which are shale index, uniaxial compressive strength,
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brittleness index, shear failure gradient, and torque. In this study, several predictive
methods are used to build a model for ROP prediction: MLR, support vector regression
(SVR), and artificial neural networks (ANN). Feature selection is performed via
random forests method. The prediction accuracy of each predictive model is compared
by using several statistical comparison criteria: root mean square error (RMSE),
correlation coefficient, and statistical significance (p-value).

The main focus of the applications in this study is to perform rate of penetration (ROP)
predictions in heterogeneous formations. With a field data taken recently, it is possible
to show the prediction performances of MLR, SVR, and ANN on the dataset taken
from heterogeneous lithology. Since data quality is one of the essential process of data
analysis. Hence, data cleansing and data selection are made precisely while
constructing the cases and the datasets.

In the results, it is clearly shown that BYM performs well in terms of ROP prediction
in homogeneous formations. In heterogeneous formations, SVR with radial basis
function (RBF) kernels gives better prediction results in terms of RMSE. On the
contrary, for the homogeneous formations, linear models produce lower errors. ANN
also performs well in heterogeneous formations in terms of ROP prediction. Adding
some extra features related to the rock mechanics have different effects on prediction
performances for all models. Torque is found as the key parameter to define the
relationship between ROP and heterogeneity. Depth is another important parameter on
ROP prediction in heterogeneous formations. Moreover, feature selection based on the
random forests algorithm is applied. The cut-off value is found as formation-specific.
Hence, it is stated that feature selection should be performed for each data set
exclusively.

The studies’ findings in this dissertation are expected to provide significant time and
cost savings since it is expected that faster and more accurate results will be achieved
than those of currently available methods. The results will provide a basis for
monitoring the condition of a drill bit on a real-time basis during any drilling
operations and determining the best time to change the drill bit while avoiding a
possible increase in the overall drilling cost.
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DESTEK VEKTOR MAKINESiIi YONTEMI iLE HETEROJEN
FORMASYONLARDA iLERLEME HIZI OPTiMiZASYONU

OZET

Petrol ve dogal gaz kaynaklarinin arastirilmasi, enerji kaynaklarma olan bitmeyen
talep nedeniyle biiyilkk 6nem tagimaktadir. Daha 6nce sondaj yapilmamis bir sahada
acilacak olan bir kara arama kuyusunun toplam derinligi 7.000 metreyi
bulabilmektedir. Ac¢ik deniz kuyularinda ise su derinligi 2.000 metreye kadar
ulasabilmektedir. Sondaj maliyetleri, arama sahalarmndaki yiiksek petrol ve gaz arama
maliyetlerinin yaklagik %70'ini olusturmaktadir.

Petrol fiyatlarindaki dalgalanma ve sirketlerin diisiik maliyet politikas1 sebebiyle,
sondaj operasyonlarinda maliyeti diisirmenin ve performansi artirmanin énemi giin
gectikce artmaktadir. Dolayisi ile sondaj teknolojisinde 6nemli stratejik ve teknolojik
gelismeler yasanmaktadir. Gliniimiizde maliyet ve performans, gelisen teknoloji ve
bilgisayar bilimi kullanilarak kapsaml bir sekilde en uygun hale getirilebilmektedir.

Optimizasyon, mithendisligin temel bir yontemi olup, tanim olarak bir fonksiyonun
minimum veya maksimum degerini veren kosullar1 belirlemektir. Optimizasyon, en
uygun kosullar1 bulmayla ilgili cok sayida kavrami kapsadigi gibi, tiim optimizasyon
problemleri i¢in benzersiz bir teknik veya ¢Oziim yoktur. Bir optimizasyon
probleminin uygunlugu, kisitlamalara ve amag¢ fonksiyonuna baghdir. Amag
fonksiyonu tanimlandiginda ve matematiksel olarak formiillestirildiginde, en uygun
¢oziim farkli sayisal teknikler kullanilarak hesaplanabilmektedir. Bu teknikler,
matematiksel programlama yontemleri, stokastik siirecler, istatistiksel yontemler ve
modern makine 6grenimi modelleri olarak 6rneklendirilebilir.

Petrol ve dogal gaz aramaciliidaki birincil optimizasyon problemi, diisen petrol
fiyatlarma bagh olarak piyasa dalgalanmasi sebebi ile her zaman maliyetleri en aza
indirmekle ilgili olmustur. Maliyet optimizasyonunun temel amaci, toplam kuyu
maliyetlerini diistirmektir. Sondaj operasyonlarmin ise arama maliyetlerinin 6nemli bir
boliimiinii olusturdugu gz oniline alindiginda, yiiksek kuyu maliyetlerini diisiirmenin
etkin bir yolu, sondaj ilerleme hizin1 en uygun hale getirmek veya miimkiin olan en
biiyiik degere yiikseltmektir. Sondaj operasyonlar1 esnasinda matkap disleri asindik¢a
ilerleme hiz1 azalmaya baslamakta, bu durum da ekstra maliyete sebep olmaktadir. Bu
sebeple sondaj esnasinda matkabin durumunun ve ilerleme hizinin dikkatli bir sekilde
takip edilmesi, maliyet optimizasyonu problemi i¢in yliksek derecede Oonem arz
etmektedir.

Pratikte eger litoloji homojen ise, kontrol edilebilir sondaj parametreleri ayarlanarak
ve sondaj maliyetinin minimum bir degerden sonra artmaya basladigini diisiinerek en
uygun ilerleme hiz1 elde edilebilir. Ote yandan bu yaklasim, stratigrafik anlamda
belirgin bir sekilde diizenli olmayan (heterojen bir ortam olarak bilinen) karmasik
litolojik formasyonlarda sondaj yaparken genellikle basarisiz olmaktadir.

Cesitli degiskenler maliyet ve zaman iligkisini etkiledigi i¢in en uygun ilerleme hizini
hesaplamak i¢in yaygm olarak kabul edilen bir model yoktur. Ilerleme hizint miimkiin
olan en yiiksek degere c¢ikarmanin veya sondaj maliyetlerini en aza indirmenin
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optimizasyon teknikleri gerektiren ¢ok parametreli bir optimizasyon problemi oldugu
aciktir. En yiiksek ilerleme hizi ve en diisiik maliyeti belirleyebilmek igin gesitli
yontemler ile calismalar yapilarak literatiire kazandirilmistir. Ilerleme hizini ve gesitli
sondaj parametrelerini en uygun hale getirmek i¢in bir takim matematiksel ve
istatistiksel modeller gelistirilmistir. Sondaj endiistrisinde en yaygin olarak kullanilan
ilerleme hizi tahmin modeli Bourgoyne ve Young Metodu'dur (BYM). BYM'deki
temel amag, ilerleme hizin1 tahmin etmek i¢in sondaj verilerine ¢oklu dogrusal
regresyon yontemi uygulayarak standart sondaj parametreleriyle ilgili sekiz adet
regresyon katsayisini hesaplamaktir. BYM yonteminde ele alinan sondaj parametreleri
formasyon kazilabilirligi, derinlik, esdeger sirkiilasyon yogunlugu, gdzenek basinci
gradyani, matkap iizerine verilen agirlik ve matkap capi, dizi dondiirme hizi, matkap
dis asmimi ve hidroliktir.

Teorik olarak, sekiz degisken (veya parametre) i¢in sekiz korelasyon katsayisini (veya
sekiz denklemi) tahmin etmek i¢in sekiz girdi verisi yeterlidir. Ancak bu durum,
gerceklesen sondajmn sekiz denklem ile yalnizca kusursuz bir sekilde temsil edildigi
durumlar i¢in gecerlidir. Bu durumun pratikte asla gerceklesmeyecegi ise bilinen bir
gercektir. Bununla birlikte, az girdi verisi kullanmak, regresyonda negatif katsayi
degerleri elde edilmesine neden olacaktir. Matematiksel olarak, dogru modeli
olusturmak ve korelasyon katsayilarmni en iyi dogrulukla tahmin etmek i¢in belirli
sayida parametre i¢in minimum sayida girdi verisi mevcut olmalidir. Buna bagl
olarak, parametre sayis1 azaldikga minimum girdi verisi ihtiyaci da azalmaktadir.

BYM igin en kritik durum, sekiz sondaj parametresini temsil eden sondaj verilerinin
belirli bir saha igerisinde birden fazla kuyudaki tek tip bir formasyondan (6zellikle
seyl) alinmas1 gerektigidir. BYM, matematiksel olarak dogru regresyon sonuglar1 elde
edebilmek i¢in en az 30 veri setine ihtiya¢ duymaktadir. Bu veriler, BYM’nin orijinal
caligmasinda da belirtilen Offshore Louisiana bolgesi gibi kalin seyl formasyonlarmin
egemen oldugu sahalardan rahatlikla elde edilebilir. Ancak, arama sahalarinda
(ozellikle Tirkiye’de) litolojik olarak asir1 karmasikliga sahip bir formasyonun
kazilmasi durumu ile siklikla karsilasilabilmektedir. Bu tiir ortamlar, BYM'nin tahmin
dogrulugunu 6nemli 6l¢iide diisiirmekte ve formasyon heterojenligi nedeniyle BYM'yi
kullanigsiz hale getirmektedir. Bu sebeple, ilerleme hizini daha iyi tahmin edebilmek
icin ¢oklu dogrusal regresyon yontemi disinda baska bir tahmin yontemi arastirilmali
ve kullanilmaldir.

Geleneksel matematiksel optimizasyon tekniklerini kagit iizerinde biiyiik boyutlu bir
veri setine uygulamak miimkiin degildir. Ayrica bu teknikler uzun hesaplama stiresi
gerektirmektedir. Bununla birlikte, bilgisayar teknolojisinin donanim ve yazilim
bakimmdan gelistirilmesi, zorlu optimizasyon problemlerinin ¢dziilmesini olduk¢a
kolaylastirmaktadir. Makine Ogrenimi kavrami, eldeki verilerden bir model
olusturarak yeni veriler veya amac¢ fonksiyonu hakkinda tahminlerde bulunma
amaciyla gelistirilmistir. Makine 6grenimi, bir¢ok yonden verilerden bir model
olusturmak ve olusturulan bu model analiz etmek i¢in oldukga kullanisli bir aragtir.

Makine 6grenmesi yontemleri, petrol miihendisliginde 1980'lerin ortalarmdan beri
kullanilmaktadir. Giinliikk hayatimizin hemen her alaninda kullanilan yapay zeka
yontemleri, petrol endistrisi uygulamalarinda genis bir yelpazeye sahiptir. Petrol
miihendisliginde kullanilan makine 6grenmesi yontemleri arasinda en sik kullanilan
yontemler Destek Vektor Makineleri (DVM) ve Yapay Sinir Aglar1 (YSA)'dir.

Literatiirde karmasik litolojilerin hakim oldugu durumlar i¢in ilerleme hizi tahmininde
coklu dogrusal regresyon yonteminin dogru ve anlamli sonuglar vermedigi
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belirtilmistir. Bunun yanmnda arastirmacilar, YSA yonteminin ¢oklu dogrusal
regresyon yontemine gore ilerleme hizi tahmini i¢in daha anlamli ve dogru sonuglar
verdigini ifade etmislerdir. Ancak YSA yonteminde kullanilan girdi verisi sayisi,
DVM yonteminin gerektirdigi veri sayisinin yaklasik 2-3 kat1 kadardir. Ayrica
literatiirde diger konular i¢cin gerceklestirilen arastirmalarda DVM'nin daha az girdi
verisi kullanarak YSA'dan daha hizli ve daha dogru sonuglar verdigi belirtilmistir.
Bununla birlikte DVM’nin BYM'de tanimlanan parametre fonksiyonlarini kullanarak
heterojen formasyonlarda ROP tahmini i¢in kullanilmadigi literatiir arastirmasi
sonucunda ortaya ¢ikmistir. Bu baglamda, DVM'nin dogrudan BYM fonksiyonlarina
uygulanarak heterojen formasyonlarda ilerleme hizi tahminini iceren bu doktora tezi,
literatiirde bir ilk olmasi sebebiyle benzersiz bir yone sahiptir.

Bu doktora tezinin temel amaci, mekanik kayag 6zellikleri ile heterojenlik arasmdaki
bir iliskiyi belirlemek i¢in g¢esitli jeomekanik parametreleri tanitarak BYM'yi
degistirmek ve ¢oklu dogrusal regresyon yontemine alternatif olarak farkli bir
regresyon modeli uygulamaktir. BYM’ye ilave edilen jeomekanik parametreler seyl
indeksi, tek eksenli basmg dayanimi, kirilganlik indeksi, kesme kirilmasi gradyan: ve
torktur. Bu ¢alismada, heterojen formasyonlarda ilerleme hizi tahmini amaciyla bir
model olusturmak igin farkli tahmin yontemleri kullanilmistir. Bu yontemler ¢oklu
dogrusal regresyon yontemi, destek vektor regresyonu yontemi ve yapay sinir aglart
yontemidir. Verinin kalitesi, veri analizinin temel niteliklerinden biridir ve model
dogrulugu i¢in yiiksek 6nem arz etmektedir. Bu nedenle, veri setleri olusturulurken
veri temizleme ve veri segimi islemleri hassas bir sekilde yapilmistir. Oznitelik se¢imi
rastgele ormanlar yontemi ile gerceklestirilmistir. Her bir tahmin modelinin dogrulugu
ortalama kare hatasi, korelasyon katsayis1 ve istatistiksel anlamlilik (p-degeri)
degerleri kullanilarak degerlendirilmis ve birbirleri ile karsilastirilmistir.

Sonuglarda BYM'nin homojen formasyonlarda ilerleme hizi tahmini agisindan iyi
performans verdigi gosterilmistir. Heterojen formasyonlarda ise Gauss cekirdek
fonksiyonlu DVR, diger tahmin yontemlerine gore daha diisiik hatalar ile daha iyi
tahmin sonuglar1 vermektedir. Diger taraftan, homojen formasyonlarda ilerleme hiz1
tahmini i¢in dogrusal modeller daha diisiik hata ile tahmin ger¢eklestirmektedir.
Ayrica, YSA yonteminin ilerleme hizi tahmini agisindan heterojen formasyonlarda iy1
performans gosterdigi goriilmiistiir. BYM yontemine jeomekanik parametreler
eklemenin farkli modellerin ilerleme hizi tahmin performanslari iizerinde farkli etkileri
oldugu gdzlenmistir. ilerleme hizi ve heterojenlik arasindaki iliskiyi tanimlayan
anahtar parametre tork olarak belirlenmistir. Heterojen formasyonlarda ilerleme hizi
tahmininde diger bir 6nemli parametrenin ise derinlik oldugu goriilmiistiir. Bunun yan1
sira, rastgele ormanlar algoritmasmna dayali Oznitelik se¢cimi uygulamasmda esik
degeri, formasyona 6zgli olarak degiskenlik gostermektedir. Bu nedenle, 6znitelik
se¢iminin her bir veri seti i¢in 6zel olarak yapilmasi gerektigi belirtilmistir.

Elde edilen ¢iktilar 1s181nda, bu ¢alismada kullanilan yaklasimin mevcut yontemlerden
daha hizli ve daha dogru sonuglara ulastig1 goriilmiistiir. Dolayist ile bu doktora
tezindeki bulgularin sondaj operasyonlarinda 6nemli dlciide zaman ve maliyet
tasarrufu saglamas1 beklenmektedir. Elde edilen sonuclar, sondaj operasyonlar1
esnasmnda maktabin dis asmim durumunu ger¢ek zamanl olarak izleme ve sondaj
maliyetinde olas1 bir artis1 dnlemek i¢in en uygun matkap degistirme zamanmi
belirleme hususunda da bir temel saglayacaktr.
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1. INTRODUCTION

Petroleum and natural gas exploration is at topmost importance because of the
unending demand for energy sources. Total depth of an onshore wildcat well for oil
and gas exploration can reach up to 7,000 meters. Likewise, in offshore wells, water
depth can reach up to 2,000 meters. Drilling costs constitute up to 70% of the current
high costs of oil and gas exploration in unexplored fields, which is illustrated by a data

taken from Norway in Figure 1.1.
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Figure 1.1 : Exploration costs, adapted from (NPD, 2020).

Due to the oil companies’ cost efficiency policy, the importance of reducing cost and
increasing performance has ascended. Accordingly, there have been significant
advancements in drilling technology. Nowadays, cost and performance can be

optimized thoroughly by using developing technology and computer science.



Optimization is an essential aspect of engineering. Optimization is to find the
conditions which give the minimum or maximum value of a function (Rao, 2009, p.
2). An example of the maximum and minimum values of a function is illustrated in

Figure 1.2.

f(x)
A
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Figure 1.2 : Maximum and minimum values of a function.

Optimization covers numerous concepts about finding specific optimality. There is no
unique technique or solution for all of the optimization problems. However, the
compliancy of an optimization problem is hinged on the constraints and the objective
functions (Yang, 2010, p. 15). When the objective function is defined and
mathematically formulated, the optimum solution can be found by using several
numerical techniques. These techniques can be mathematical programming
approaches (linear programming, quadratic programming), stochastic processes
(Markov processes, simulation methods), statistical methods (regression analysis,
clustering, discriminant analysis), and modern machine learning models (support

vector machines, artificial neural networks, genetic algorithms).

The primary optimization problem in oil and gas exploration has always been related
to minimizing costs due to market volatility related to the decreasing oil prices.
Drilling operations constitute a significant part of the exploration costs. Thus, the main
objective of cost optimization is to reduce total well costs. One way to achieve this

goal is to optimize (or maximize) bit penetration rate (ROP) among the approaches.



The ROP starts to decrease as a drill bit wears off within a run, which results in extra

cost.

Practically, if the lithology is homogeneous, the optimum ROP can be achieved by
adjusting controllable drilling parameters (weight on bit, rotary speed, drilling
hydraulics, etc.) and considering the drilling cost starts to increase after a minimum
value. On the other hand, this approach usually fails when drilling through distinctly
non-uniform complex lithological formations called heterogeneous environments

(Bourgoyne Jr. and Young Jr., 1974).

There is no widely accepted model for defining the optimum ROP since various
variables affect the cost and time relationship. It is clear that maximizing ROP or
minimizing drilling costs is a multi-parameter optimization problem that requires
optimization techniques. Several studies were conducted to determine the maximum
ROP and minimum cost. There exist some mathematical and statistical models to
optimize ROP and various drilling parameters. The most commonly used ROP model
in the drilling industry is Bourgoyne and Young Method (BYM) (Bourgoyne Jr. and
Young Jr., 1974). In BYM, the aim is to calculate eight regression coefficients related
to standard drilling parameters by applying Multiple Linear Regression (MLR)
analysis to drilling data for predicting ROP.

A critical and vital issue for BYM considering eight drilling parameters is that the
drilling data must be taken from one type of uniform formation (especially shale) from
more than one well in a particular field. Mathematically speaking, BYM requires at
least 30 data sets to obtain accurate regression results. Besides, these data sets must be
taken from different depths of uniform lithology in various wells in a field. This
number of inputs can be acquired from the fields with thick shale sections such as
Offshore Louisiana Area indicated in the original study. However, drilling through a
formation with extreme complexity (non-uniform) in lithology can be confronted
frequently worldwide, particularly in the exploration fields such as Turkey (Okay,
2008). These kinds of drilling environments make the prediction accuracy of BYM
decrease substantially and make the BYM impractical because of the formation
heterogeneity. Hence, another predictive method other than MLR must be searched
and used to predict ROP better.



It is impossible to apply conventional mathematical optimization techniques to a large-
sized data set by using pen and paper. In addition, these techniques necessitate long
calculation time. However, by improving computer technology with hardware and
software capabilities, it is now easy to solve challenging optimization problems.
Machine Learning (ML) concept is developed to learn and build a model from data to
make predictions about new (unseen) data or objective function. ML is a convenient

tool to analyze and build a model from data in many aspect.

ML methods have been used in petroleum engineering since the mid-1980s. Artificial
intelligence (Al) methods, which are used in almost every aspect of our daily lives
today, have a wide range of petroleum industry applications (Kor and Altun, 2020).
Among the ML methods used in petroleum engineering since the 1980s, the most
frequently used methods are Support Vector Machines (SVM) and Artificial Neural
Networks (ANN). Figure 1.3 shows the number of studies and publications on SVM
and ANN found in the OnePetro database (main publication database of petroleum

engineering related subjects).
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(OnePetro, 2021).



In this study, two of the commonly used ML methods are implemented to predict ROP

in heterogeneous formations along with the BYM: Support Vector Regression (SVR)

and ANN. To summarize, this dissertation is organized as follows:

Chapter 2 is the literature review based on ROP prediction models.
Chapter 3 represents the problem statement and the scope of this dissertation.

Chapter 4 is the detailed explanation of the BYM and additional geomechanical

parameters to define heterogeneity.

Chapter 5 contains the explanation of methods and predictive models used in the

study.
Chapter 6 is the results and discussions of the calculations performed in this study.

Chapter 7 includes the conclusions and future recommendations.

Chapters 2 and 3 are introductory for the scope of the study. Chapters 4 and 5 include
the theoretical concepts and the mathematical background of BYM, MLR, SVR, and

ANN. The data taken from the literature is given in Appendix A. The detailed

derivation of the SVR method is given in Appendix B. The code written in R Statistical

Programming Language used for the calculations is provided in the Appendix C.

Graphical presentation of the calculations in Chapter 6 is given in Appendix D.






2. LITERATURE REVIEW

Several studies were performed to predict and optimize the drilling penetration rate.
Essentially, the goal is to minimize the cost and achieve the maximum rate of
penetration (ROP). Research, as an ongoing and always challenging subject, in ROP
optimization will sustain its priority in the drilling industry because of the volatility

and dependency on oil prices.

There are various studies in the literature on ROP optimization by using different
approaches. These approaches are grouped and investigated in this study under the
following topics: (1) drilling and fluid parameters optimization, (2) hardware design
and laboratory experiments, (3) mathematical optimization and statistics, (4) data-
driven and machine learning methods, and (5) ROP optimization in heterogeneous

formations.

2.1 Drilling and Fluid Parameters Optimization

The very first drilling parameters optimization was studied by Speer (1959). The
author developed a primary method to determine the optimum combination of weight
on bit (WOB), rotary speed (RPM), and hydraulics giving the minimum cost by
establishing empirical correlations. It was showed that the optimum WOB depends on
the formation drillability and RPM for a given WOB. The relationships were combined

and placed on a chart to determine the optimum parameters for desired conditions.

The other primary drilling parameters optimization was performed by Graham and
Muench (1959). In this study, an analytical model was developed by taking RPM and
WOB under consideration to minimize the cost. It is indicated that either WOB or
RPM are increased, the cost decreases because of ROP increment. Nevertheless, either
WOB and RPM s selected excessively, the bit life decreases, which causes trip time
and bit cost increase. Hence, empirical correlations were derived to determine
expected bit life and ROP parameters using WOB, RPM, and depth data.

One of the most critical ROP optimization models was developed by Galle and Woods
(1963). Several charts were generated to find optimum parameters that minimize the



cost for various cases, including the optimum constant WOB and RPM, the optimum
WOB for variable RPM, and the optimum RPM for variable WOB. This model

considers milled tooth bits only by evaluating both tooth wear and bearing life.

The importance of drilling fluids and hydraulics on ROP optimization was investigated
by Lummus (1971). It is indicated in the study that it is possible to optimize drilling
operations thoroughly by being able to provide sufficient hydraulic force, RPM, and
WOB.

Warren (1987) indicated that the ROP limitation for the roller cone bits was due to the
occurrence and removal of the cuttings during drilling. An ROP model was introduced,
including the effect of formation chipping and cuttings removal. It is also mentioned
that the ROP could decrease in high overbalance because of the cratering and borehole

cleaning.

Igbal (2008) performed an analysis on Galle and Woods method to determine the
optimum WOB and RPM for the maximum ROP. The author implemented software
to find and adjust the optimum parameters to maximize ROP. It is reported that the

cost decreases, as well as the ROP increases.

He et al. (2016) found a global correlation between rock brittleness and petrophysical
and geomechanical properties. A system was designed for estimating ROP for
polycrystalline diamond compact (PDC) bits using several log data such as gamma-
ray, neutron, density, and sonic logs. The results showed a good match between

observed and estimated ROP values in homogeneous formations.

Lee et al. (2018) divided the abrasiveness of drilling bits into several steps. They used
the bit life expectancy equation to develop an algorithm to calculate the bit changing
trip time. A BYM-based methodology classifies the depth based on the formation

characteristics and drilling parameters introduced in the study.

Eren and Kok (2018) studied the data of 40 wells drilled in the Middle East region. It
is showed that previous drillability comparisons were not reasonable for
benchmarking. It is stated that a new methodology using advanced technology and
data acquisition systems was required in the drilling industry to benchmark the drilling

performance of the wells accurately.

Alkinani et al. (2018) investigated the effect of mud weight on ROP. A method to
determine the optimal mud weight window by using rock hardness was introduced.



Field data were acquired from more than 800 wells to examine the relationship
between the mud weight and the ROP based on the rock hardness. The results showed
that mud weight has an inverse relationship with ROP for weak formations. On the
contrary, it is stated that mud weight directly relates to ROP for the medium and hard

formations.

Al Rubaii et al. (2018) studied the effect of bottom hole cleaning on the ROP to assure
optimum drilling performance. It is mentioned that having more information about the
bottom hole cleaning can improve the ROP. Fluid carrying capacity index, cuttings
concentration, and mechanical specific energy (MSE) were used to estimate the
cleaning condition and the ROP performance. The method was validated in the
challenging sections, where the ROP was improved by 55% as MSE is degraded by
54%.

2.2 Hardware Design and Laboratory Experiments

One of the early laboratory experiments with micro bits was performed by Eckel
(1967) in a low-permeability limestone. The tests were operated at a constant WOB
and RPM along with variable flow rate and nozzle configuration. It is showed that
ROP with a constant flow rate and a given nozzle configuration is related to the
kinematic viscosity. Also, a Reynolds number function explains the effect of drilling

fluid properties and hydraulics on ROP.

Laboratory tests to investigate the effects of hydraulics and hole cleaning on ROP with
soft formation insert bits were conducted by Doiron and Deane (1982). Shale samples
in certain fixed conditions were used in tests. It is stated that ROP is increased with
increasing hydraulic force, and ROP is decreasing with the increasing nozzle size or
number. Additionally, it is mentioned that hydraulic horsepower over limits can be

cost-effective due to high overbalance when ROP is low.

Pessier and Fear (1992) conducted simulator tests under laboratory conditions to
develop an MSE drilling model considering hydrostatic pressure. Field data analysis
shows a good match between the simulator and actual results. It is also indicated that

MSE can be a good performance indicator for accurate drilling operations.

Caicedo et al. (2005) developed a new method to calculate confined compressive

strength (CCS) regarding rock mechanics. A methodology was introduced to select the



input parameters for optimum bit performance based on CCS and MSE, validated with
laboratory tests. It is mentioned that the new method is robust and requires almost no
calibration to improve drilling performance and minimize drilling costs by

determining optimum parameters.

Judzis et al. (2009) described the limiting factors in ROP as depth, circulation systems,
and drill bit design. Numerous high-pressure tests were performed in a laboratory with
four different same-sized drill bits, three different types of rock samples, and five
different types of drilling fluids. It is stated that PDC bits perform better in ROP rather

than roller cone bits.

Hareland et al. (2010) performed tests with tungsten carbide inserts (TCI) for the rock
failure mechanism. A new ROP model for TCI bits was developed. It is mentioned
that ROP and compressive strength can be predicted by the new ROP model with offset

data.

Esmaeili et al. (2012) carried out tests within a lab-scaled drilling rig to demonstrate
the effect of vibration on the ROP. A sensor placed on different locations on the rig
recorded the vibration and various drilling parameters while drilling through a
sandstone sample with different WOB and RPM values. Several models were
constructed by using artificial neural networks (ANN) to analyze data and optimize
ROP.

Anemangely et al. (2018) used punch penetration to determine the rock drillability
index. In the study, several samples were taken from the two wells drilled in the same
formation. It is stated that the relationships between different features and the
measured ROP were fit to the exponential and power-law model. Evaluation of the
models between the features and actual ROP showed that the exponential model fit the
calculated values. A comparison between the estimated and the measured ROP values
indicated that the estimated ROP from the proposed index is accurate and can represent
the rock drillability.

Al Dabyah et al. (2018) mentioned the importance of real-time geomechanics using a
downhole tool in a case study. It is indicated that usage of the right tool with expert
engineers made real-time parameter interaction possible. It is also stated that downhole

optimization via real-time geomechanics improved the performance. Additionally, it
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is mentioned that including geomechanical studies in the well planning phase and the

operations resulted in higher ROP and less well instability problems.

Millan and Ringer (2018) presented a workflow to observe real-time drilling
efficiency. It is stated that the method could be used to predict the ROP, optimize the
drilling parameters, and estimate the optimum bit pulling time. The method was first
initiated in a lab-scale drilling rig. Then, the results were validated in drilling
operations. It is mentioned that the method is powerful enough to estimate drilling
efficiency in real-time and predicting bit wearing and the ROP.

Mazen et al. (2020) proposed a model to build the relationship between the ROP and
drilling parameters to estimate the PDC performance and wearing during operations.
The model analyzed the effect of rock strength, bit design, and hydraulics on cutter
wearing by calculating MSE, torque, and depth of cut. Then the model was validated

by predicting the wearing condition of the PDC cutters in the field.

Han et al. (2020) established a relationship between the MSE measured from micro-
drilling tests and scratch tests. A new model to predict the rock drillability of PDC bits
is established. Several types of rocks with various ranges of hardness were used in the
scratch tests. It is stated that the results from the scratch test model had a good match
that those of micro-drilling tests. It is also mentioned that the model can be used to

characterize the rock in terms of mineral composition.

2.3 Mathematical Optimization and Statistics

Reed (1972) used a Monte Carlo approach to solve the ROP optimization problem of
variable WOB and RPM. The results of the study were compared and matched to those
of the method of Galle and Woods. It is stated that variable WOB and RPM
optimization give slightly better results when compared to the constant WOB and RPM
approach. As a result, computer software was designed, which used the conjugate

gradient technique to solve the constant WOB and RPM problem.

One of the most widely used statistical ROP models was developed by Bourgoyne Jr.
and Young Jr. (1974). The Bourgoyne and Young Model (BYM) was primarily
designed to detect abnormally pressured intervals while drilling, which can also predict
ROP. The model is based on multiple regression analysis to determine the effects of

several properties such as formation strength, depth, compaction, overbalance, WOB,

11



RPM, bit tooth wear, and hydraulics. This ROP model is the fundamental of this

dissertation and will be investigated in detail in later chapters.

Tansev (1975) presented an experimental approach including regression and
optimization with raw data. Equations to predict ROP was found by regressing data
granted from several bit runs. WOB, RPM, and hydraulics are selected as control
parameters. ROP equations were implemented to the cost equation to minimize drilling
cost by adjusting controlling parameters. It is also indicated that the approach is
suitable for drilling a homogeneous formation with similar types of bits.

Al-Betairi et al. (1988) presented an application and verification of the BYM, which
predicts optimum ROP, WOB, and RPM by using field data gathered from three wells.
It is indicated that the regression coefficients are data-sensitive, and it is crucial to
perform a multicollinearity sensitivity analysis for each parameter.

Barragan et al. (1997) introduced a Monte Carlo approach to determine optimum
drilling conditions for a specific bit run and compared the results with other ROP
estimation models. It is indicated that the drilling cost can be minimized for an entire

well by using and implementing the approach.

Bahari and Seyed (2007) applied four statistical models to field data to predict ROP.
The models were multiple regression, least-squares curve fitting, Gauss-Newton, and
trust-region, which are applied directly to the data converted into the BYM. The trust-
region approach is the best model to estimate parameter coefficients, which can also

be used when the data is limited and exceeds recommended ranges.

Osgouei (2007) modified BYM by developing a bit tooth model for roller cone and
PDC drill bits. The new model also included the effects of hole cleaning, fluid loss,
and well deviation on ROP prediction. The model was tested in a field. It is mentioned

that the modified Bourgoyne and Young model can predict the ROP with a 25% error.

Hamad-Allah and Ismael (2008) applied a mathematical ROP model, modified BYM
to data taken from forty wells in different fields in Southern Iraqg. It is stated that MLR
results indicated a high correlation coefficient among the actual and predicted ROP
values. A non-linear optimization method is applied to the model to estimate the
optimum drilling parameters. It is mentioned that the optimization resulted in a

remarkable reduction in the drilling cost.
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Bahari and Seyed (2009) studied several cases from a gas field in Iran. Mathematical
methods were applied to cost per foot and MSE approaches, and the results were
compared. It is indicated that a proper combination of the theory and the practice

contributes to notable savings in time and money for the drilling operations.

Bataee et al. (2010) performed an optimization on drilling parameters using BYM,
Bingham, and Warren methods. This study aimed to determine the best ROP model
for both roller cone and PDC bits using these methods and validate each method using
actual field data. In conclusion, the optimization of several parameters has a
remarkable effect on both ROP and the drilling cost.

Rahimzadeh et al. (2011) proposed a new method to determine the parameters
constants of the BYM. It is stated that several probable outputs are selected within the
recommended range, and the best solution was chosen and compared with new
probable outputs. The iteration was continued until the convergence criteria had been
met. It is stated in the results that the new method was found suitable for determining
the coefficients in the BYM.

Irawan et al. (2012) applied BYM to a field dataset to investigate various drilling
parameters’ effects during drilling operations. MLR was used to determine the
optimum WOB during drilling by predicting the ROP value within a given interval.
The results were compared and proved with an industry-standard drilling simulator
called Drillsim 500.

Arabjamaloei and Karimi Dehkordi (2012) tested and compared several models for
ROP prediction. A new ROP prediction model based on fuzzy logic is introduced. It
is stated that ANN can perform better ROP predictions if a large-sized data set is
available. Additionally, it is stated that current mathematical equations are not

sufficient in terms of ROP prediction, although they are considered as easy to apply.

Amjad et al. (2015) optimized drilling ROP to decrease drilling time and minimize
drilling cost. The method used in optimization included BYM as the basis. As a result
of this study, it is stated that possible problems could be overcome to improve future

wells’ drilling efficiency.

Wiktorski et al. (2017) extended the BYM by adding the dogleg severity as an input

parameter and applied it to field data. It is stated that the ROP prediction accuracy was
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increased in all cases. It is also mentioned that the model is both suitable for ROP

optimization and directional well trajectory design.

Alsubaih et al. (2018) performed a drilling performance optimization study in the
Mishrif reservoir section. Data gathered from twenty-five wells and analyzed via MSE
and statistical point of view. The optimization process resulted in an excessive increase
in the ROP by monitoring the MSE. It is stated that several drilling parameters can be

optimized to reduce the cost.

Diaz et al. (2018) investigated the drilling parameters to improve ROP prediction
accuracy for the enhanced geothermal systems. Data taken from a 4200-meter pilot
well was analyzed. The Fourier filter smoothed the oscillating ROP values. The effect
of smoothing was controlled by multiple regression and ANN. The smoothing process
improved ROP prediction accuracy by 90% correlation for the low degrees of filtering.
It is suggested that the smoothness degree should be optimized for each dataset

individually.

Al-Abdullabbar et al. (2019) introduced a new ROP prediction model for carbonate
formations using numerous drilling parameters with about 7000 data rows. It is
indicated that ROP is directly affected by WOB, RPM, torque, and flow rate. It is also
mentioned that the new ROP model surpassed the current mathematical ROP models,

such as BYM, Bingham, and Maurer.

2.4 Data-Driven and Machine Learning Methods

One of the earliest data-driven and computerized ROP optimization studies was
conducted by Young Jr. (1969). An on-site data acquisition and rig controlling system
was developed in to control WOB and RPM by any means of optimizing ROP in terms

of minimum-cost drilling.

A milestone of the real-time drilling optimization was studied by Simmons (1986) by
developing a method based on d-exponent with several drilling parameters. The
method lets the driller and the drilling engineer tweak and modify drilling parameters
such as WOB, RPM, and hydraulics to achieve optimum performance in real-time.

Bilgesu et al. (1997) developed a new method to model the ROP and bit wear. An

ANN simulator was designed to gather drilling data and remove the noise to find the
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drilling parameters’ relationship. The validity of the method was compared with the

data taken from a field.

Fear (1999) introduced a curve-fitting method to identify the factors affecting ROP.
The input parameters were gathered from mud logging unit (MLU), geological
properties, and drill bit specs. Correlations were used to develop instructions to

maximize ROP in real-time drilling.

Millheim and Gaebler (1999) presented a new empirical concept called Virtual
Experience Simulation by acquiring data from 22 different wells and processing them
into different features such as geology, logging, drilling, etc. The data subsets were
gained value and knowledge based on previous drilling experience. The system works
as a learning expert system and lets the individuals use the drilling experience for
future drilling operations.

John et al. (2002) facilitated a remote drilling operations system called InterACT. The
InterACT system uses modern information technology, enabling the geologists and
drilling engineers located in offices to control and monitor the drilling operations
remotely. The system was designed as a wellsite monitoring and controlling system

based on the rig data transferred through the internet and accessed via web browsers.

Another remote operations system called Real-Time Operations Center was
demonstrated by Ursem et al. (2003). The system was based on learning from

experience and making operational decisions itself.

An innovative drilling automation and simulation system was introduced by
Rommetveit et al. (2004). The system was designed to acquire all surface and
downhole data in real-time to optimize the whole drilling operations, where computer

controllable drilling equipment was available.

Bjornsson et al. (2004) performed an optimization using a bit selection expert system
(ES) and an ROP prediction algorithm to overcome drilling performance uncertainties.
The results were compared with actual drilling data, and it is stated that ROP
estimation showed good accuracy within lithological intervals.

Dupriest and Koederitz (2005) designed a real-time drilling optimization system that
lets rig site personnel achieve the maximum ROP by monitoring the MSE. It is stated
that the pilot results from six selected rigs show a 133% increment in average ROP by
monitoring MSE and optimizing ROP.
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Monden and Chia (2007) performed several case studies in an operation center by
modeling drilling parameters, including shock and vibration, to improve ROP. It is
stated in the study that the ROP is increased when optimum WOB and RPM are

selected.

Bahari et al. (2008) applied Genetic Algorithm (GA) to BYM to estimate regression
coefficients more accurately. It is mentioned that GA improved the accuracy of
estimating the coefficients where BYM gives nominal values. The GA approach was
tested with actual field data. It is stated that field results validated the excellent

approximation of coefficient estimation with GA.

Eren and Ozbayoglu (2010) established a real-time ROP optimization system based on
the BYM by gathering data from the rig data acquisition system. The ROP model was
optimized for the functions of BYM for each data point. It is mentioned that the ROP
can be estimated and optimized in real-time as dependent on various drilling

parameters.

Moradi et al. (2010) presented a soft computing method based on k-mean clustering to
predict ROP. Prediction accuracy was resulted in better than BYM when the method

was applied to field data.

Bataee and Mohseni (2011) introduced an Artificial Intelligence (Al) based
optimization program to optimize the drilling parameters accurately with ANN. It is
stated that ANN is capable of estimate the accurate values for the parameters to
maximize ROP without any need for an equation. It is also indicated that the optimum
ROP is chosen by learning from existing ROP values and applying optimum drilling

parameters.

Arabjamaloei and Shadizadeh (2011) introduced a new model based on ANN to
predict the ROP. The data was gathered from the Ahwaz field in Southern Iran. GA
was integrated into the model for estimating the optimum parameters for the maximum
ROP. It is stated that the new model was suitable for predicting the ROP in shaly

formations.

Amar and Ibrahim (2012) compared the multiple regression with two ANN
approaches; extreme learning machines (ELM) and radial basis function networks. The
comparison was made based on the field data with no correction, then with WOB
correction, and finally with the interpolated WOB and RPM correction. BYM
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functions were used as the input parameters. The approaches were compared in terms
of training/testing time and accuracy. Simulations showed that ELM resulted in the

best accuracy and the shortest processing time.

Gidh et al. (2012) introduced a drilling optimization system with ANN to maximize
the drilling footage and maximize the ROP by using offset data. Moreover, prediction
residuals were imported again to the algorithm to increase the prediction accuracy for
later datasets. It is mentioned the system is highly beneficial for improving bit life and

eliminating unplanned or unnecessary trips.

Monazami et al. (2012) used ANN to predict ROP with field data. It is mentioned in
the study that ANN is a powerful tool to correlate complex drilling parameters.
Furthermore, it is stated that the method can be used either in the planning phase or
during operations. A three-layer feed-forward network was created to estimate the
correlation coefficients. It is emphasized that ANN can predict the ROP better than
BYM.

Jamshidi and Mostafavi (2013) introduced two ANN and GA-based models. The first
model was developed to select the appropriate drill bit for optimum ROP. The second
model was developed to estimate the optimum drilling parameters acquired from the
first model to maximize the ROP. The model could allow the drilling system to
maximize the drilling efficiency by eliminating the anticipation of bit wearing sooner

than expected.

Yi et al. (2014) optimized the ROP using the Shuffled Frog Leaping Algorithm
(SFLA). In this study, real-time gamma-ray data are used to evaluate the rock strength
and tooth wear. The other parameters used in this study are WOB, RPM, and flow rate.
It is stated that this method was found effective in calculating optimum parameters for

different formation characteristics.

Valisevich et al. (2015) developed a real-time optimization system for drill bits to
improve the ROP and reduce bit wearing. The focus of the study was to minimize
human-related errors. An ANN-based analysis was performed on several drilling
parameters of the offset wells. The selected parameters were conducted to the rig to
make the driller adjust the parameters to reach optimized ROP. It is stated that ROP

was increased minimum of 6% as a result.
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Wallace et al. (2015) introduced a machine learning (ML) based system for the ROP
estimation. This system’s basic statistical model included Random Forests (RF), ANN,
and ensemble techniques to perform predictive analytics on real-time and offset data.
The model runs on different formations separately. It is mentioned that this mothed

does not need data sources in terms of rock strength, drillability, etc.

Evangelatos and Payne (2016) conducted a new bottom hole assembly (BHA) and
ROP model using ANN on drilling data. Several drilling parameters were used as input
data for the model to correctly determine the rock and the bit interaction. As a result,
this model could let the projection of bit response with different BHAs and different

drilling parameters.

Kristjansson et al. (2016) used offset data to enhance drilling performance by using
pattern recognition techniques. Several drilling parameters were analyzed from offset
data to be created real-time drilling parameter schemes. These schemes are then used
in comparison with trial wells. The results indicated a significant increase in the ROP

and remarkable savings on drilling costs.

Mantha and Samuel (2016) developed a new model including regression analysis and
ANN to estimate ROP using actual drilling data in horizontal wells and one particular
formation type. This model used predictive methods such as step-wise regression
(SWR), ANN, SVR, classification regression trees, and RF. The structure of the model

is constructed to predict the values of future wells with remarkable accuracy.

Moraveji and Naderi (2016) performed and optimized the ROP prediction using the
response surface method and Bat Algorithm (BA). Response surface methodology was
used to engender the mathematical expression between the ROP and six parameters:
depth, WOB, RPM, jet impact force, yield point/plastic viscosity ratio, and 10-min/10-
sec gel strength ratio. Then, a BA was used to determine the ranges of these parameters
to maximize the ROP. The results show that ROP can be predicted accurately within

a 95% confidence interval.

Jiang and Samuel (2016) made an ROP optimization by combining the ANN and ant
colony optimization in complex drilling groundwork. Bayes type ANN algorithm was
compared to the Warren ROP model. It is stated that ANN was found acceptable to
evaluate ROP from parameters such as WOB, RPM, flow rate, depth, and gamma-ray.
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Taylor et al. (2016) developed a benchmark process focused on ROP to improve the
drilling efficiency. An autonomous process including real-time analysis was built to
estimate the best drilling performance. A case study was presented to show the
improvement in drilling efficiency. It is stated that the process allowed rig site

personnel to take immediate action to decrease drilling inefficiency.

Shi et al. (2016) implemented the extreme learning machine (ELM) and upper-layer-
solution-aware methods (USA) for ROP prediction. Formation type and mechanical
properties, hydraulics, and bit properties are used as input parameters. ANN was used
as a benchmark method to compare the results. All the methods are suitable for ROP
prediction, while ELM and USA methods are more advantageous in terms of

prediction accuracy, learning speed, and generalization.

Eskandarian et al. (2017) performed a data mining approach to predict ROP to
minimize drilling operation costs. The authors used the Cubist method, RF, and
monotone multi-layer perceptron (MLP) models to estimate the ROP. They verified
the reliance of the model by using a 10-fold cross-validation technique and stated an

excellent accuracy.

Hegde et al. (2017) compared physics-based and data-driven modeling approaches in
terms of ROP estimation. The models used drilling surface parameters to predict the
ROP. Data-driven models were based on ML algorithms. It is stated that data-driven

modes gave better results rather than other models.

Elkatatny et al. (2017) made an optimization on the ROP using ANN by taking mud
properties under consideration as the basis. The authors developed a new empirical
ROP model by using more than 3,000 data points of several parameters. They stated
the model could estimate the ROP with very high accuracy. Furthermore, the authors
indicated the importance of combining both mechanical and drilling fluid parameters

for ROP estimation.

Amer et al. (2017) studied ROP prediction and bit selection in Nile Delta Area using
ANN. The model inputs in this study were formation lithology, drilling parameters,
and bit data. Actual field data were used in statistical analysis to expel outliers and
low-quality data. This model’s results showed relatively low values in terms of average
absolute percent error, standard deviation, maximum error, and root mean squared

error.
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Bezminabadi et al. (2017) derived mechanical rock properties from well logs and used
them to develop a new ROP prediction model with ANN and multiple non-linear
regression (MNR). It is stated that the prediction accuracy of the model was increased
after implementing the parameters regarding mechanical rock properties. It is also

mentioned that ANN performance was slightly better than MNR in ROP prediction.

Hegde and Gray (2018) evaluated three models for drilling optimization based on
several criteria. Models for ROP, torque on bit, and MSE were developed with a data-
driven approach using the RF algorithm for several drilling parameters. A meta-
heuristic optimization algorithm optimized the models to determine the optimum
drilling parameters. It is stated that model optimization increased the average ROP by
28% and increased the MSE and torque. Then, optimizing the model based on MSE
resulted in ROP increment while observing a decrease in MSE and torque, resulting in
longer bit life and cost savings. Furthermore, hypothesis testing was used to prove the

simulations’ validity by showing statistically significant results.

Hegde et al. (2018a) applied several optimization algorithms to an objective function
derived from a data-driven ROP model. WOB, RPM, flow rate, and rock strength are
stated as the input parameters. It is indicated that data-driven models are appropriate

for real-time ROP optimization with proper algorithms.

Nadhan et al. (2018) studied the digital twin concept of a drilled well and analyzed the
effect of the concept on planning and operations by introducing several case studies.
It is stated that digital twinning directly influences both rig site and office engineers
by making the personnel decide faster and more accurately. It is also mentioned that
the concept helps achieve the maximum ROP and minimum non-productive time by

allowing real-time optimization.

Elkatatny (2018) introduced the usage of the self-adaptive differential evolution
method to optimize ANN parameters. The method was used to predict the ROP by
using various drilling and fluid parameters. It is stated that ROP had a strong
relationship with RPM, WOB, and torque. The validity of the model was shown by the

importance assignment of the drilling and fluid parameters.

Hassan et al. (2018) investigated different approaches to calculate the torque and drag
and develop an ROP model. In the study, ROP was estimated with real-time torque
data and MSE calculations. The importance of several parameters is investigated
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through statistical analysis. An ANN model was built to predict ROP and torque. It is

mentioned that the model lets the drilling parameters being optimized in real-time.

Al-Abdullabbar et al. (2018) built an ROP model with ANN using the minimum
number of inputs. More than 4,500 data points were gathered from the field for
modeling. The model inputs were stated as flow rate, WOB, RPM, torque, standpipe
pressure, and Uniaxial Compressive Strength (UCS). Data from one well was used to
train and test the model. Unseen data from two other wells are used to test the model.
It is stated that ANN is an effective tool to estimate ROP with a high value of

correlation coefficient.

Nasir and Rickabaugh (2018) applied several predictive models such as random
forests, SVM, and boosted trees to develop an ROP model. It is mentioned that random
forests work faster and more accurately than ANN. It is also stated that the models

used in the study require less time and resources when compared to ANN.

Abdulmalek et al. (2018) predicted ROP by using several drilling parameters and
drilling fluid properties. Data was gathered from shale sections of more than 400 wells
to estimate the ROP with SVM. The SVM method surpassed the theoretical ROP

models in terms of high correlation coefficient and low error.

Hegde et al. (2018b) explored deterministic, data-driven, and hybrid approaches to
model the ROP. The hybrid model was formulated by using ensembles of single and
deterministic models to introduce the physics of drilling to the ML algorithms, such as
trees, k-Nearest Neighbors (KNN). It is mentioned that hybrid models perform ROP
predictions more accurately than the deterministic model and have higher
interpretability than the data-driven model. Moreover, the hybrid model was used to
obtain optimum drilling parameters, such as WOB, RPM, and flow rate in specific

types of formations.

Abbas et al. (2019a) performed a bit selection optimization to achieve the maximum
ROP. An ROP prediction model was developed using ANN with numerous drilling
parameters. Optimization was performed via GA to estimate the optimum parameters
for choosing the appropriate bit that achieves maximum ROP. It is stated that the
method lets the rig site engineer choose the best option among several cases to

maximize ROP.
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Hegde et al. (2019) introduced a methodology, which combines the ROP optimization
with an ML-based vibration modeling that estimates optimum drilling parameters.
Analytical models were used to model the ROP while optimizing the WOB and RPM
with a gradient ascent algorithm. The model was validated in a field by showing an

increment in ROP by about 14% on average.

Abbas et al. (2019b) proposed a computational approach to predict the ROP with
ANN. The feature importance of several input parameters was ranked and selected
accordingly. The method was also used to examine the effect of WOB, RPM, and flow

rate on the ROP. The model results were compared with the field measurements.

Sabah et al. (2019) compared several ML algorithms to assess the performance in ROP
prediction. The noise was removed by using a smoothing filter. GA was used to fine-
tune the hyperparameters of ML algorithms by using numerous drilling parameters as
inputs. It is stated that ROP was predicted accurately by all of the algorithms. It is also
mentioned that prediction accuracy was increased when filtered data was used in the

models.

Ashrafi et al. (2019) developed hybrid Al models to predict ROP with high accuracy.
Data was gathered from a well drilled in Southern Iran, and the noise was removed by
applying a smoothing filter. GA was applied to perform the feature selection. Eight
hybrid ANN models were built and trained by several algorithms. MLR and MNR
were used as the benchmark to compare the results. It is stated that hybrid ANN models
are more efficient than conventional neural networks in terms of ROP prediction

accuracy.

Gan et al. (2019a) introduced an Al model to predict the ROP. The geological
properties were introduced to the model. The noise was detected by frequency
spectrum analysis and then reduced by filtering. The model inputs were determined,
and a hybrid bat algorithm was applied to tune the SVM hyperparameters. The model

was verified in field operations.

Soares and Gray (2019) investigated the real-time ROP prediction potential of several
models. Data were acquired simultaneously during drilling, yet it is assumed that
models could learn to improve the prediction accuracy. It is stated that ML models
could produce low testing errors in ROP prediction. It is also mentioned that cross-
validation is a suitable approach to determine the best real-time ROP prediction model.
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Gan et al. (2019b) proposed a new hybrid bat algorithm to maximize the ROP by
establishing a data-driven model with the combination of wavelet filtering and SVM.
Several modifications were applied to the model to improve the global optimization
performance. The model was validated through a field operation and showed about a
35% increment in the ROP.

Zhao et al. (2020) developed several ANN-based real-time ROP prediction models.
The best ROP model was selected by comparing the results with various statistical
comparison criteria. Additionally, an artificial bee colony algorithm was implemented

to optimize the drilling parameters. The model was verified in field operations.

Mehrad et al. (2020) introduced a combination of several predictive algorithms such
as least-squares SVM, cuckoo optimization algorithm, particle swarm optimization,
and GA for developing a model ROP prediction with standard MLU parameters and
several geomechanical parameters. Outliers were detected via histograms and Tukey’s
method. Feature selection was performed with GA. It is indicated that modeling error
was increased when the number of input parameters was increased. Hence, only six
parameters were used as inputs. It is stated that least-squares SVM outperformed the

other models by resulting in high prediction accuracy.

Elkatatny (2020) evaluated the suitability of adaptive neuro-fuzzy inference systems
(ANFIS), functional neural networks, RF, and SVM for real-time ROP prediction in
S-type directional wells. Data were gathered from three wells. Two of the wells were
used for training and testing, and another well was used for validation purposes. As a
conclusion, ANFIS, functional neural networks, and RF were stated as the best ROP

prediction models in terms of minimum error.

Kor and Altun (2020) showed the applicability of SVR to predict ROP when the
number of input data is limited. In the study, two kinds of regression techniques were
used (MLR and SVR), and the results were compared to each other. For the
calculations, a field data set taken from the literature was used. The dataset was trained
and tested based on different data selection cases. The results of several predicting
methods for each dataset were compared to each other to demonstrate the effectiveness
of the support vector regression method subjected to fewer input data. The results
showed the significant effect of data selection on the accuracy of penetration rate
prediction. This study is published within the scope and studies of this dissertation.
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One of the most powerful methods in machine learning, SVR, was used for ROP
optimization for the first time in the literature with this study. In this way, the chance
for further investigations and studies on the practicability of SVR on penetration rate

optimization is created.

2.5 ROP Optimization in Heterogeneous Formations

Al-Saleh (1999) conducted a study in Kuwait, including optimization of the whole
drilling process starting from the drilling design. It is stated that the optimization
resulted in less average cost per footage.

Mensa-Wilmot et al. (2004) introduced a new PDC bit technology by presenting the
improvements in the analysis of formation drillability in highly heterogeneous
formations. It is addressed the effectiveness of the improvement of the drilling
performance as a result of this technology.

Rastegar et al. (2008) optimized multiple bit runs established on ROP models and cost
per foot equation in Persian Gulf carbonate fields. UCS was used in terms of footage
drilled to calculate the ROP for using in bit design and construct the learning curve to
optimize bit hydraulics and drilling parameters. It is stated that this optimization can

reduce the drilling costs if there are offset wells in the same field.

Thomson et al. (2011) used a hybrid bit to improve Brazil’s heterogeneous formations’
drilling efficiency. It is indicated that a hybrid bit can achieve higher ROP than
standard or PDC bits. Furthermore, it is stated that a 35% decrease in time spent on

drilling in heterogeneous formations with this hybrid bit.

Zhu et al. (2012) tested several mineral components to investigate the lithological
properties of heterogeneous deep-sea formations of the oil fields in the south-western
China Sea. The authors developed a prediction model for rock mechanics parameters
formed on UCS, drillability, hardness, plasticity, and core samples’ abrasiveness taken
from interest formation. Based on three characteristics, a bit structure was designed

and used. The results showed a significant increase in average ROP and footage.

Okutucu et al. (2013) performed a field experience of a new generation of a hybrid bit
used in the south-eastern region of Turkey. The authors indicated that the bit runner

economized several TCI bit runs and achieved two times faster ROP than that of the
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most successful TCI bit run in the same field. The same well is drilled faster with this

new generated drilling bit within the same highly complex formations.

Pinheiro et al. (2015) built a new drilling optimization methodology that works in pre-
salt formations in Brazil, highly heterogeneous. This methodology was based on
simulators, drill string vibration, MSE, reamer and shock absorber usage, drilling
fluids optimization, and real-time monitoring. It is indicated that the target depth

arrived 60 days earlier if the scheduled program was based upon this methodology.

Kutas et al. (2015) made an application of BYM in Brazilian pre-salt formations. It is
indicated the importance of the normalization factors within the functions of the
method. Also, it is stated that this method can be used in limited functionality in these

formations because of the complex characteristics of pre-salt layers.

Miao et al.(2016) established a field run of a hybrid drilling bit used in heterogeneous
formations of China oil fields. The authors stated that several TCI runs were conserved
and drilled 100% more and reached two times faster ROP within the same well in the

same oil field.

Guo et al. (2017) generated an ROP optimization by analyzing formation
characteristics and offset well data in poor-drillable southern China Sea formations.
By considering the previous wells drilled, an ROP optimization design including PDC
development was conducted to overcome the drillability problems in these
heterogeneous formations. It is stated in the results that this optimization had a

significant effect on reducing the drilling costs.

Ahmed et al. (2019) explored the ROP prediction efficiency of several predictive
models such as ANN, ELM, SVM, and least-squares SVM with the data taken through
two wells. All the data is normalized in order to eliminate data scatterness due to
litgological differentiation. It is stated that all of the models performed ROP prediction
within an acceptable range of accuracy, where least-squares SVM outperformed the

other models in terms of a higher correlation coefficient.

Yuswandari et al. (2019) used ANN to predict ROP in a geothermal field containing
heterogeneous formations. ANN was conducted for training until the convergence
criteria, while the relationship between the drilling parameters was established. It is
stated that the prediction accuracy of ANN was affected mainly by depth, WOB, and
RPM. It is also mentioned that modeling the parameters using the data from one well
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and predicting the ROP in another well resulted in high errors. However, it is stated
that this process generated a general idea about the ROP estimation between nearby

wells.

Gan et al. (2019c¢) introduced an Al method to predict ROP in complex environments
by taking missing data, duplication, and non-linearity under consideration. Missing
data were completed by cubic Hermite interpolation. The formation drillability model
was built with ELM by determining the highly correlated parameters with the ROP.
ANN-based ROP prediction model was optimized by particle swarm algorithm. The
model was validated in the field and stated that the study’s method outperformed

conventional ROP prediction methods.

Elkatatny (2021) developed an empirical equation to predict ROP in real-time with
several Al methods, such as ANN, ANFIS, and SVM. PDC design parameters, total
flow area, mud weight, gamma-ray log readings, and numerous drilling parameters
were used as inputs in the model. Data were acquired from two wells. One well was
used for training, and the other well was used for validation. All the methods could
perform ROP prediction in heterogeneous formations with high accuracy, while ANN

was selected as the best method.

2.6 General Overview and Interpretations

In the light of the literature review within the scope of ROP prediction and
optimization, the reviewed studies are mainly based on analytical, empirical, and
statistical optimization methods. Regarding computer and information technology
improvement, real-time data monitoring and analysis have gained importance and have
been used in drilling automation to achieve the maximum ROP. Hardware designing
looks like the superior subject on ROP maximization studies for heterogeneous
formations. On the other hand, there is not any generalized model to optimize the
drilling parameters. Nevertheless, BYM is one of the most commonly used ROP
prediction and optimization models, which creates a basis for most recent ROP

optimization studies.

There are numerous studies regarding ML applications with different approaches for
ROP prediction. A comparison matrix for the studies considering the applications of
the ML methods for ROP prediction is given in Table 2.1.
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Table 2.1 : Comparison matrix for the studies regarding ML applications for ROP

prediction.

# of Compared Considering Considering

Reference ML Methods Inputs  w/BYM Heterogeneity ~ Real-Time
Bilgesu et al., 1997 ANN 10 No No No
Bjornsson et al., 2004 ES 8 No No No
Babhari et al., 2008 GA 8 Yes No No
Moradi et al., 2010 Fuzzy 8 Yes No No
Bataee and Mohseni, 2011 ANN 5 No No No
Arabjamaloei and Shadizadeh, 2011 ANN,GA 7 Yes No No
Arabjamaloei and Dehkordi, 2012 ANN,ANFIS 11 No No No
Esmaeili etal., 2012 ANN 18 No No No
Amar and lbrahim, 2012 ANN 7 Yes No No
Gidhetal., 2012 ANN 12 No No Yes
Monazami et al., 2012 ANN 13 No No No
Jamshidi and Mostafavi, 2013 ANN,GA 6 No No No
Yietal., 2014 SFLA 3 No No Yes
Valisevich et al., 2015 ANN 5 No No Yes
Wallace et al., 2015 RF,ANN 4 Yes No Yes
Evangelatos and Payne, 2016 ANN 13 No No No
Kristjansson et al., 2016 Pat. Rec. 9 No No Yes
Mantha and Samuel, 2016 ANN,SVR,SWR,RF 4 No No No
Moraveji and Naderi , 2016 BA 6 No No No
Jiang and Samuel, 2016 ANN 5 No No No
Shi etal., 2016 ANN 10 No No No
Eskandarian et al., 2017 RF,ANN 6 No No No
Hegde etal., 2017 RF 4 No No No
Elkatatny et al., 2017 ANN 7 Yes No No
Amer etal., 2017 ANN 20 No No No
Bezminabadi et al., 2017 ANN 9 No No No
Diazetal., 2018 ANN 8 Yes No No
Hegde and Gray, 2018 RF 4 No No No
Hegde et al., 2018a RF 4 No No Yes
Hegde et al., 2018b RF,kNN 3 Yes No Yes
Elkatatny, 2018 ANN 8 No No No
Hassan et al., 2018 ANN 6 No No No
Al-AbdulJabbar et al., 2018 ANN 6 Yes No No
Nasir and Rickabaugh, 2018 RF,SVR 3 No No No
Abdulmalek et al., 2018 ANN,SVM 12 Yes No No
Abbas et al., 2019a ANN,GA 19 No No No
Abbas etal., 2019b ANN 19 No No No
Hegde et al., 2019 Gradient 4 Yes No Yes
Sabah et al., 2019 ANN,RF,SVR 11 No No No
Ashrafi etal., 2019 ANN,GA 11 No No No
Ganetal., 2019a ANN,RF,SVR 6 No No No
Soares and Gray, 2019 ANN,SVM,RF 4 Yes No Yes
Ganetal., 2019b Bat 4 No No Yes
Ganetal., 2019c ANN 7 No Yes Yes
Zhao et al., 2020 ANN 7 No No Yes
Mehrad et al., 2020 SVM,GA 6 No No No
Elkatatny, 2020 ANFIS,ANN,SVM,RF 5 Yes No Yes
Kor and Altun, 2020 SVR 8 Yes No No
Ahmed etal., 2019 ANN,SVR 8 No Yes No
Yuswandari et al., 2019 ANN 7 No Yes No
Elkatatny, 2021 ANN,ANFIS,SVM 11 No Yes No

As seen in Table 2.1, there are total of 51 studies using ML methods for ROP
optimization and prediction. Nevertheless, only 4 of these studies consider formation
heterogeneity. Plus, none of them is neither compared with nor based on BYM.

Heterogeneous drilling environments make prediction accuracy of BYM decrease
substantially and make the BYM impractical. Most of the studies for heterogeneous
formations consider of designing PDC cutters and hybrid drilling bits to obtain

maximum achievable ROP within a single bit run. However, these approaches do not
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consider the functional relationships of various drilling parameters defined in BYM.
In the light of these explanations, implementing a different type of regression model
as an alternative to MLR by modifying BYM to predict ROP in heterogeneous
formations is the main purpose of this study. This is done by introducing several
geomechanical properties and torque data to the BYM to estimate a relationship
between the rock mechanical properties and the heterogeneity. Therefore, this

dissertation has its unique aspect in the literature.
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3. STATEMENT OF THE PROBLEM AND SCOPE OF THE THESIS

It is acknowledged that there is a strong relationship between maximizing the
penetration rate (ROP) and minimizing the drilling costs. Hence, it is crucial to predict
the ROP accurately in both well planning stage and during operations. There is no
widely accepted model for defining the optimum ROP since various variables affect

the cost and time relationship.

It is clear that maximizing ROP and minimizing drilling costs is a multi-parameter
optimization problem that requires advanced optimization techniques. Several studies
were conducted to determine the maximum ROP and minimum cost. There exist some
mathematical and statistical models to optimize ROP and various drilling parameters.
The most commonly used ROP model in the drilling industry is Bourgoyne and Young
Method (BYM) (Bourgoyne Jr. and Young Jr., 1974). In the BYM, the aim is to
calculate eight regression coefficients related to standard drilling parameters by
applying Multiple Linear Regression (MLR) analysis to drilling data for predicting
ROP. The drilling parameters considered in the BYM are drillability, depth, equivalent
circulation density, pore pressure gradient, weight on bit, rotary speed, bit tooth wear,

and hydraulics.

In theory, eight input data are sufficient to estimate eight correlation coefficients for
eight variables (or parameters). This situation is only valid for the cases representing
the drilling process with perfection, which is a known fact that this never occurs in
actual drilling. Moreover, using too few input data will result in negative coefficient
values (Bourgoyne Jr. and Young Jr., 1974, p. 374). Therefore, a minimum number of
input data for a given number of parameters must be present to build the model and
estimate the correlation coefficients with maximum accuracy. Accordingly, as the

number of parameters decreases, the minimum number of input data also decreases.

A critical and vital issue for BYM considering eight drilling parameters is that
minimum of thirty data sets must be acquired within short intervals (2 to 5 meters) in
one type of homogeneous formation (especially shale) from a single well or from

different depths of the homogeneous formations (shale sections) in various wells
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(Bourgoyne Jr. and Young Jr., 1974). This can be achievable for fields with thick shale
sections such as Offshore Louisiana area in which the original study was performed.
However, drilling through formations with extreme complexity (non-uniform) in
lithology is confronted frequently worldwide, particularly in the exploration fields
such as Turkey (Okay, 2008). These kinds of drilling environments make prediction
accuracy of BYM decrease substantially and simply make the BYM impractical
because of the formation heterogeneity, such as: (i) absence of requisite shale sections
in a single well to collect enough amount of drilling data, (ii) an insufficient number
of wells in one particular field containing enough shale sections, (iii) drilling through
a heterogeneous formation having extreme complex lithology. Encountering either one
of these cases will be eventuated in data restriction. When drilling data is not sufficient
to correlate accurately, the reliability of predictions with MLR decreases. To overcome
this problem, another predictive method rather than MLR must be used to predict ROP
better.

Machine learning methods have been used in petroleum engineering since the mid-
1980s. Atrtificial intelligence methods have a wide range of petroleum industry
applications (Kor and Altun, 2020). Among the machine learning methods used in
petroleum engineering studies, the most frequently used methods are Support Vector
Machines (SVM) and ANN.

According to the literature, the MLR does not give accurate and meaningful results in
ROP prediction where complex lithologies dominate. Artificial Neural Network
(ANN) in the petroleum literature mainly performed the work done using the machine
learning techniques. Researchers have expressed that ANN gives more meaningful and
correct results than MLR. However, the number of input data used in the ANN method
is about 2-3 times higher than the number of data required by the SVM method (Al-
Baiyat and Heinze, 2012). Moreover, the Support Vector Machine (SVM), another
machine learning model, has not been used in ROP prediction using the parameter
functions defined in BYM until now. It is also reported that SVM gives faster and more
accurate results than ANN by using fewer input data in researches for other subjects
(Jahanbakhshi et al., 2012). In this context, this study, which includes the SVM’s use
to predict the ROP in heterogeneous formations by directly applying to BYM
functions, will be a first and unique aspect in the literature.
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The BYM involves eight parameters and requires sufficient amount of input data
points obtained from the formations with uniform lithology with statistically at least
thirty different properties. The number of input data required to obtain such a large
number of parameters may not always be possible. This is especially the case in
drilling environments where there are not many shale zones, and where there are few
wells in a field, or where complex lithology is dominant such as in the fields of Turkey.
Thus, the results obtained by using the BYM in these limited conditions are
meaningless, observations obtained from the field practice, and method results give
very different values. On the other hand, the SVM method effectively predicts ROP
with higher sensitivity and conservation without decreasing the parameters. It is the

main reason that establishes the purpose of this dissertation.

As a summary of the literature survey, it is clarified that the recent studies about the
ROP prediction and optimization consider uniform lithology, i.e., homogeneous shale
formations. Consequently, none of these studies brings a solution to the ROP
prediction problems encountered in non-uniform lithology, i.e., heterogeneous
formations. Therefore, this study aims to close this gap by introducing an approach to
predict ROP more accurately in the well programming stage for complex or non-

uniform lithologies by using offset drilling data.

The main purpose of this study is to implement a different type of regression model as
an alternative to multiple linear regression by modifying BYM by introducing several
additional geomechanical parameters to estimate a relationship between the rock
mechanical properties and the heterogeneity, which are shale index (SI), uniaxial
compressive strength (UCS), brittleness index (BI), shear failure gradient (SFG), and
torque. In this study, several predictive methods are used to build a model for ROP
prediction: multiple linear regression (MLR), support vector regression (SVR), and
artificial neural networks (ANN). Feature selection is performed via random forests
(RF) method. The prediction accuracy of each predictive model is compared by using
several statistical comparison criteria: root mean square error (RMSE), correlation

coefficient, and statistical significance (p-value).

The studies’ findings in this dissertation are expected to provide significant time
savings and cost savings since it is expected that faster and more accurate results will
be achieved than those of currently available methods. The results will provide a basis

for monitoring the condition of a drill bit on a real-time basis during any drilling
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operations and determine the best time to change the drill bit while avoiding a possible

increase in the overall drilling cost.
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4. BOURGOYNE AND YOUNG METHOD

There are numerous rate of penetration (ROP) prediction models. However,
Bourgoyne and Young ROP model (Bourgoyne Jr. and Young Jr., 1974) is the most
commonly used ROP prediction and optimization method in the industry. Bourgoyne
and Young Method (BYM) takes a non-linear relationship of various drilling
parameters under consideration to predict ROP. The parameters in BYM are (1)
drillability, (2) depth, (3) pore pressure gradient, (4) equivalent circulation density
(ECD), (5) weight on bit (WOB), (6) rotary speed, (7) bit tooth wear, and (8)

hydraulics. The parameters consist of the BYM is shown in Figure 4.1.

Drillability
-
Hydraulics Depth
o Yy
. PENETRATION
Bit Tooth Wear RATE jl- Pore Pressure
( \ \\ // /  Equivalent
Rotary Speed Circulation
N \__ Density

Weight on Bit &
Bit Diameter

i

Figure 4.1 : Parameters of the BYM (Kor and Altun, 2020).

The aim is to estimate ROP for desired conditions by multiple regressing the offset
data consisting of the eight parameters in Figure 4.1. ROP equation in the form of the

functional relationship of the drilling parameters can be expressed as in equation 4.1.
R=(f)(f,)..(f.) 4.2)

Each f term in equation 4.1 stands for a function of relevant drilling parameters.
According to the least-squares principle, equation 4.1 can be written as equation 4.2 in
MLR form.
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Rzexp[aﬁZajxj) (4.2)
j=2

In equation 4.2, a; through as are regression coefficients that belong to one particular

field. x, through xg are the functions belonging to several drilling parameters.

4.1 Default BY M Parameters
In this section, default BYM parameters that affect ROP are introduced.

4.1.1 Effect of drillability

In the BYM, constant a; directly represents the drillability (formation strength). It is
mentioned that drillability is inversely proportional to the natural logarithm of the
square of the constant described by Maurer (1962) (Bourgoyne Jr. and Young Jr.,
1974). The a; constant also corresponds to other drilling parameters not modeled in
BYM, such as mud type and solid content.

4.1.2 Effect of normal compaction

Murray and Cunningham (1955) introduced the exponential relationship between the
ROP and well depth in a normal-compacted formation through micro-drilling bit
experiments. The exponential trend was also mentioned by Combs (1968) via actual

field data. The ROP and depth relationship is shown in Figure 4.2.
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Figure 4.2 : Effect of compaction, adapted from (Bourgoyne Jr. and Young Jr.,
1974, p. 372).
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The effect of normal compaction is expressed as in equation 4.3.
X, =10000-D (4.3)

In equation 4.3, D is well depth (ft), which is normalized for 10,000 ft.

4.1.3 Effect of under compaction

Under compaction is the consequence of the pore pressure. It is accepted that ROP is
increased exponentially when the pore pressure gradient is increased. The compaction
theory explains the phenomenon. The effect of under compaction is expressed as in

equation 4.4.
X, =D**(g,-9) (4.4)

In equation 4.4, D is well depth (ft), gp is the pore pressure gradient (pounds per gallon,
ppg or lbm/ft), which is normalized for 9 ppg.

4.1.4 Effect of overbalance

Overbalance is the pressure differential across the bottom hole. As indicated in several
studies, there exists an exponential relationship between the ROP and the bottom hole
pressure (Cunningham and Eenink, 1959; Garnier and van Lingen, 1959; Combs,
1968; Vidrine and Benit, 1968). The ROP and overbalance relationship is shown in
Figure 4.3.
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Figure 4.3 : Effect of overbalance, adapted from (Bourgoyne Jr. and Young Jr.,
1974, p. 372).
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The effect of overbalance is expressed as in equation 4.5.
X, =D(9,-p.) (4.5)

In equation 4.5, D is well depth (ft), gy is the pore pressure gradient (ppg), and pc is
equivalent circulation density (ECD) (ppg).

4.1.5 Effect of weight on bit per bit diameter

The effect of WOB relative to bit diameter on the ROP was investigated thoroughly in
the literature. The general idea is to plot the ROP corresponding to variable WOB
while the remaining drilling parameters stay constant. The ROP and WOB relationship

is shown in Figure 4.4.

ROP

woB

Figure 4.4 : ROP and WOB relationship, adapted from (Bourgoyne Jr. et al., 1991,
p. 226).

In Figure 4.4, point (a) indicates the threshold WOB, section (a-b) shows the increment
in ROP with increasing WOB, section (b-c) is the linear trend, section (c-d) represents
the slight increment in ROP with higher WOB. Finally, section (d-e) shows the bit

floundering with excessive WOB values (Bourgoyne Jr. et al., 1991).
The effect of WOB per bit diameter is expressed as in equation 4.6.

stln((wb/db)_(wb/db)tj (4.6)

4—(W,/d,),

In equation 4.6, Wy/dp is the WOB per bit diameter (Ib/in), (Wp/dp): is the threshold
WOB per bit diameter (Ib/in), which are normalized for 4,000 Ibs/in.
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The threshold WOB value can be determined with drill-off tests (DOT) performed at
drill bit or formation changes to estimate the optimum WOB and rotary speed
combination for the maximum ROP with a reasonable tooth wear rate (Lyons, 2010,
p. 315). A DOT is performed by applying a high amount of WOB with a constant
rotary speed, locking the brake, monitoring the decline in WOB, and recording time.
The procedure is repeated by using a couple of different constant rotary speed values
in short intervals. The optimum WOB and rotary speed selection are determined by
selecting the combination that gives the shortest time, which means the highest ROP.

Moreover, it is stated that the threshold WOB can be neglected for the bits used in
wells drilled through less than 5000 ft with relatively soft formations (Bourgoyne Jr.
and Young Jr., 1974). Furthermore, since excessive WOB can make the well deviate
unintentially, an alternative controllable parameter, such as RPM should be optimized.
The threshold WOB value is taken as zero in this study, as in the original study of
BYM.

4.1.6 Effect of rotary speed

Rotary speed is relatively directly proportional to the ROP. The relationship between
the ROP and rotary speed can be shown by plotting the ROP corresponding to variable
rotary speed while setting other drilling parameters to constant. The ROP and rotary

speed relationship is shown in Figure 4.5.

ROP

Rotary Speed

Figure 4.5 : ROP and rotary speed relationship, adapted from (Bourgoyne Jr. et al.,
1986, p. 226).
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In Figure 4.5, there is a linear response in the ROP with increasing rotary speed up to
some values. The ROP starts to decrease after exceeding a limit. This limit is called
the bit flounder point.

The effect of rotary speed is expressed as in equation 4.7.
X, = In (ﬂj (4.7)
In equation 4.7, w is the rotary speed (rpm), which is normalized for 100 rpm.

4.1.7 Effect of bit tooth wear

Several studies about the effect of bit tooth wear on the ROP are present in the
literature (Galle and Woods, 1963; Edwards, 1964). The previous models were much
complex to implement in a regression analysis (Bourgoyne Jr. and Young Jr., 1974, p.

372). A comparison of the bit tooth wear models is shown in Figure 4.6.
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Figure 4.6 : Bit tooth wear model comparison, adapted from (Bourgoyne Jr. and
Young Jr., 1974, p. 373).

In Figure 4.6, the most consistent bit tooth wear model is the Bourgoyne & Young
model, in which the wearing exponent is bit and formation dependent (Bourgoyne Jr.
and Young Jr., 1974, p. 372).
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Essentially, fractional tooth wear is determined in the 0-8 scale via measuring the worn
tooth height of a roller cone bit or estimating worn portion of the tungsten carbide

insert (TCI) bits. A sample scheme of dull tooth grading is given in Figure 4.7.
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Figure 4.7 : Dull grading chart (Smith, 2008).

The effect of bit tooth wear is expressed as in equation 4.8.
X, =—h (4.8)
In equation 4.8, h is the fractional tooth wear.

Additionally, the bit tooth wear model in the BYM is valid only in the presence of
roller cone bits. It is stated the effect of tooth wear on the ROP can be negligible for
polycrystalline diamond compact (PDC) or TCI bits (Bourgoyne Jr. and Young Jr.,
1974, p. 372). Hence, the x7 term should be neglected in these kinds of situations.

4.1.8 Effect of hydraulics

The effect of hydraulics on the ROP was first investigated by Eckel (1967) by
introducing a Reynolds Number function that is directly proportional to the ROP.
When the WOB increases, the behavior shifts upward by preserving its trend.
Nevertheless, Eckel’s model does not involve the phenomenon in the flounder point.
Hence, this model is not recommended to use in field practice (Bourgoyne Jr. et al.,
1991, p. 232).

It is known that hydraulic horsepower and jet impact force approaches are the most

common hydraulic models used in the industry (Bourgoyne Jr. et al., 1991; Wright et
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al., 2003). Additionally, Reynolds Number function, hydraulic horsepower, and jet
impact force models give similar trends in ROP and hydraulics correlation, given in
Figure 4.8.
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Figure 4.8 : Effect of hydraulic models (Bourgoyne Jr. et al., 1991, p. 231).

The effect of hydraulics is expressed as in equation 4.9.
_in| 5 (4.9)
%=1 To00 '
In equation 4.9, Fj is the jet impact force (Ibf), which is normalized for 1,000 Ibf.

4.2 Additional Features from Geomechanical Properties

Several additional features should be added to the ROP prediction model to improve
the prediction accuracy for the BYM in heterogeneous formations. In this study, four

new features related to geomechanics and rock mechanics are introduced and

40



evaluated: shale index, uniaxial compressive strength, brittleness index, shear failure

gradient, and torque.

4.2.1 Shale index

Gamma-ray logs can be used to estimate shale volume since shales are more
radioactive than sand and carbonate rocks. Figure 4.9 represents the response of

gamma-ray readings to different types of lithology.
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Figure 4.9 : Gamma-ray responses for different types of lithology, adapted from
(Bassiouni, 1994).

The first step needed to determine Vs from a gamma-ray log is to calculate the gamma-
ray index (lgr). There are several non-linear empirical correlations for estimating lgr
from a gamma-ray log. These non-linear correlations are established by taking
geographic area or formation age under consideration. In this study, a non-linear shale
index modeling (Larionov older rocks model) is used, which can be expressed as
equations 4.10 and 4.11.

GR-GR .
=_—— =~ mn 4.10
o GRmax _GRmin ( )

V,, =0.33( 2% 1) (4.11)
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In equation 4.10, Igr is the gamma-ray index, GR is the gamma-ray log reading (API),
and GRmin and GRmax are the minimum and maximum of the log readings of a specific

formation (API). In equation 4.11, Vs is the shale index (or shale volume).

4.2.2 Uniaxial compressive strength

Uniaxial compressive strength (UCS) is a measure of the strength of a material. UCS

is also named as the unconfined compressive strength since confining pressure is zero.

UCS is measured by an unconfined compression test. During the test, the right-
cylindrical sample is only applied compression lengthwise. The confining stress is set
to zero, while the axial stress is applied at a constant rate. The maximum stress
recorded during the test resulted in the UCS (Agustawijaya, 2007). Based on these
loading tests, several empirical correlations have been developed to estimate UCS
using different input variables such as elastic modulus, porosity, formation hardness,

compressional wave velocity, density, etc. (Brisevac et al., 2016).
In this study, UCS is calculated via equation 4.12 (Sahin, 1995).

6
C, = 3.464x%x(0.008x%h +0.0045x (1-V,, )) (4.12)
In equation 4.12, Co is UCS (psi), E is Young’s modulus (Mpsi), AC is bulk

compressibility (upsi), Vsn is shale index.

4.2.3 Brittleness index

The brittleness index (BI) concept is developed from a rock’s tendency to fail in brittle
type, which means the opposite of ductile failure where inelastic strain overcomes
elastic strain that causes catastrophic deformation (Mathia et al., 2016). Bl is defined
to classify rocks based on the tendency to fail brittle or being ductile. There are several
empirical equations to define BI. In this study, BI related to Young’s modulus and

Poisson’s ratio is used, which can be calculated via equation 4.13 (Rickman et al.,

2008).
Bl =0.5x| | = Fmn | | NN (4.13)
Emax - Emin Nmax _Nmin

In equation 4.13, Bl is brittleness index, E is Young’s modulus (Mpsi), N is Poisson’s

ratio.
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Young’s modulus and Poisson’s ratio can be estimated from compressional/shear

sonic logs by using equations 4.14, 4.15, and 4.16.

_ O.5(vp/vs)2 -1

(4.14)
(vp IV )2 -1
E =2G(1+N) (4.15)
G =1.34x - x10" (4.16)
At

S

Here E is Young’s modulus (Mpsi), N is Poisson’s ratio, vV, and vs are compressional
and shear wave velocities (m/s), G is shear modulus (Mpsi), py is bulk density (g/cm?3),

and At; is shear sonic log reading (us/ft).

4.2.4 Shear failure gradient

In the beginning, rock strength is in balance with the overburden and confining
stresses. During drilling, this equilibrium state is deteriorated by the interaction
between the formation fluids and drilling mud, resulting in borehole instability.
Mechanical instability occurs when the stresses exerting on a rock surpass the
compressive or the tensile strength. Additionally, under the action of combined
stresses, failure occurs when the energy of distortion reaches the same energy of failure
of the rock under tensional force (McLean and Addis, 1990). A sample illustration of

the borehole failure mechanism is given in Figure 4.10.
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Figure 4.10 : Borehole failure mechanism (Tingay et al., 2005).
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Shear stresses cause compressive failure as a result of the usage of low mud weight.
Shear strength is the minimum tensile strength that encounters the borehole stresses
during drilling. The safe mud weight window to prevent any fluid loss or kick can be
defined as the envelope between the pore pressure and the fracture gradients.
Moreover, the mechanical safety window to eliminate the shear and tensile failure can
be expressed as the envelope between minimum horizontal stress and shear stress
(Seving, 2020, p. 34).

In compressive failure, the most common criteria to predict instability is the Mohr-
Coulomb criterion. However, it is recommended to use the Stassi-D’Alia failure
criterion (Stassi-D’Alia, 1967) for the failure calculations in shale formations
(Stevenson et al., 2013; Seving, 2020). Stassi-D’Alia failure criterion was derived in
terms of tensile strength and UCS, as in equation 4.17 (Rahimi and Nygaard, 2015).

(0,-03) +(0,-0,) +(0,~03) =2(Co =T, ) (0, + 0, + )+ 2C, T, (4.17)

In equation 4.17, o1, 02, and o3 are maximum, intermediate, and minimum principal
stresses (psi), respectively, Co is UCS (psi), and Ty is tensile strength (psi). The tensile

requirement can be assumed as in equation 4.18.

So__4 (4.18)

T, Je+1-c

Here c is the coefficient of internal friction angle, which can be calculated via equation
4.19.

c=tané@ (4.19)

In equation 4.19, @ is internal friction angle (degree).

4.2.5 Torque

Torque can be expressed as the difference between the power applied from the rotary
table and available at the bit (Caglayan, 2014). In other words, torque is the rotational
impulse between the formation and the bit regarding the friction and side forces acting
on the drill string. Friction occurs due to the drill string motion. Side forces, including
normal forces, exist among the wellbore and any component of the drill string. The

forces acting on a drill string component is shown in Figure 4.11.
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Tension/Compression

Figure 4.11 : The forces acting on a drill string component, adapted from (Wu et al.,
2011).

Poor hole cleaning and wellbore geometry also cause torque during drilling. Hole
tortuosity, which is the ratio of the actual path and the length of the travelled distance,
establishes the friction level that affect the surface torque and drilling efficiency.
Additionally, cuttings removal issues due to high tortuosity hinders the ability of the
drill string to rotate, which results in decrease in ROP and increase in surface torque
(Maehs et al., 2010).

As indicated in the literature review, the studies using BYM is performed in
homogeneous formations. It is known that BYM provides respectable ROP prediction
in homogeneous formations (Kor and Altun, 2020). On the other hand, heterogeneous
drilling environments make prediction accuracy of BYM decrease substantially and
simply make the BYM impractical because of the formation heterogeneity. Besides,
the studies performed in heterogeneous formations do not use the functional
relationships of the BYM and do not compare the results with BYM as a benchmark.
This study is primarily focused on BYM, which uses multiple linear regression as the
predictive model. One of this diessertations's goals is to show the incapability of BY M
in predicting the ROP in heterogeneous formations. Another goal is to propose an
alternative machine learning method by using the functional relationships proposed by
(Bourgoyne Jr. and Young Jr., 1974) with implementing several geomechanical

parameters additional to the functions defined in BYM.
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5. MACHINE LEARNING AND PREDICTIVE MODELS

It is not viable to represent the problem with only one independent variable in many
situations in engineering. Several variables can have dependencies, of which those
may affect each other depending on the problem’s nature. Hence, it is not feasible to

execute a simple regression analysis.

Computers can learn relationships, create models from those relationships, and make
decisions based on the model. The perception of equipping computers with this
capability is called artificial intelligence (Al) (Shi, 2011). The most common approach
to make a computer learn from data is machine learning (ML). In ML, computers
extract the information from the attributes via data mining, make decisions on the

future circumstances, and engender solutions for congruous problems.

In ML, there exists a task to appoint the substances to different classes for binary
classification. The idea is to generate a relationship between the features and the
classes by building a model with a training data set (Flach, 2012, p. 11). The general

concept of the ML is shown in Figure 5.1.

Domain )
%/Features\ |
\. %

Learnlng l:[ )O—LM>
\Algonthm > Mode l

Figure 5.1 : General concept of ML.

As seen in Figure 5.1, an appropriate model built from data is necessary to generate a
task. The model building process from the training data constitutes the learning
problem. Tasks are undertaken by the models, while learning problems are solved by

learning algorithms used to build the models (Flach, 2012, p. 12).
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There are two types of ML models: Supervised and unsupervised learning models.
Supervised learning involves building a model within a pre-labeled training data set
(Zhang, 2001, p. 103). On the contrary, unsupervised learning generates the model by
using an unlabeled data set (Ghahramani, 2004, p. 3). A simple illustration is shown

in Figure 5.2.

Supervised Learning Unsupervised Learning

O-0 VAYVARR
O A
OO ’_ﬁ\\\ A/\/
(N
/_\'A \AA /

Figure 5.2 : A sample illustration of ML types.

ML models can be labeled under three subgroups. First is the geometric model, where
attributes are expressed with geometrical terms such as distances, coordinate systems,

lines, etc. (Mulmuley, 1994, p. 26)). An example of a geometrical expression is shown

in Figure 5.3.
X1
O-~-0
O
L0 ©
A AA
A

X2

Figure 5.3 : An example of geometrical distribution in 2-D space.

The second is the probabilistic model and has the same concept as the Bayes classifier

(Flach, 2012, p. 25). This model’s basis estimates the posterior probabilities and the

likelihoods with Bayes’ rule via equation 5.1.

P(X Y ) P(Y)
P(X)

P(Y[X)= (5.1)

In equation 5.1, P(X) is the probability and P(Y) is the prior probability.
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The third is the logical model, which makes the model been transformed into a tree
structure that can be used to make decisions in an organized way (Flach, 2012, p. 32).
A sample of a decision tree is given in Figure 5.4.

Dry well
0© 11 unit of loss

4 units of
investment

0.3 2 units of production
" +1 unit of profit

07
5 units of production
+2.5 units of profit

A$0
Figure 5.4 : An example of a decision tree.
5.1 Predictive Models

This section focuses on the theory and the mathematical background of the predictive

models used in this study.

5.1.1 Multiple linear regression

The primary focus of the multiple linear regression (MLR) analysis is to assess the
relationship between the dependent and independent variable(s) while estimating the
effect of the independent variables on the dependent variable concerning change in
response (Yan and Su, 2009, p. 41). Additionally, multiple regression analysis is much
more problematic than a simple regression due to the complex interpretation of
independent variables’ interrelationships (Freund et al., 2006, p. 73). An MLR model

can be expressed as in equation 5.2.
y=8,+BX+L6X+.+BX +0O (5.2)

In equation 5.2, Bi (i=0,1,...,n) are the regression coefficients, y is the dependent
variable, x terms are independent variables, and ® is the error term. Here, the model
expresses a hyperplane in an n-dimensional space. f is called intercept. f; (i=1,...,n)
represents the estimated change in the dependent variable when other independent
variables stay constant (Montgomery and Runger, 2003, p. 411).

The vector-matrix notation of equation 5.2 is given in equation 5.3.
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y=Xp+O (5.3)

In equation 5.3, the terms can be expressed as equation 5.4.

Y1 1 Xp o Xp o oo Xy :Bo ®1
Xor  Xop ter X Q]
y= %,x: e N B @,mﬂ@: & (5.4)
yn 1 an an T Xnk IBk ®n

In the least-squares (LS) principle, the aim is to find the LS estimators that minimize

equation 5.5.

L= 0’=0'0=(y-Xp) (y-Xp) (5.5)

i=1
The solution for the p can be expressed as in equation 5.6.

oL _,

hd? 5.6
v (5.6)

The system can be solved via equation 5.7.
X'Xp =Xy (5.7)

In equation 5.7, B is the vector of LS estimators. Equation 5.7 can be solved via
multiplication of both sides with the inverse of X'X. Hence, B can be found with

equation 5.8.

A

B=(XX)" XYy (5.8)

The matrix form of the model is given in equation 5.9.

B n n n N [ n N
n zxu sz ink oA Zyi
i=1 i=1 i=1 :Bo i=1
n n ) n n A n
Xi z Xiy Z XipXip o Z Xig Xik ﬂl _ Z X1 Yi 5.9
i=1 i=1 i=1 i=1 N =1 ( . )
n n n n ﬂ’\k n
2 L .
Xik Xi1 X Z XigXig o Xik Z X Yi
L i=1 i=1 i=1 i=1 | | i=1 |

The regression fit for equation 5.9 is given in equation 5.10.

~ k ~
9. =B+ B,x; wherei=12,..,n (5.10)
j=1
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The vector-matrix form of equation 5.10 is expressed as in equation 5.11.

A

y=Xp (5.11)

The difference between the actual and the estimated value is called residual, defined

in equation 5.12.

e=y-y (5.12)

5.1.2 Support vector machines

Support vector machines (SVM) is a learning method based on obtaining a hyperplane
that separates multi-dimensional data into its classes (Boswell, 2002, p. 1). The aim is
to generate a classifier appropriate for new data to be generalized ultimately, as shown

in Figure 5.5.

Margin

8/\ Separating Hyperplane
._ o o

Support Vectors

Figure 5.5 : Linear classification, adapted from (Meyer, 2014, p. 2).
In Figure 5.5, the nearby points of two classes are support vectors, the Euclidean
distance between these support vectors is margin, and the classifier maximizing this
margin is separating hyperplane (Gunn, 1998, p. 5).
5.1.2.1 Support vector machines for classification

The classification problem is to separate the dataset into its classes with a hyperplane,

as expressed in equation 5.13.
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f(x)=(w,x)+b

D = (1) oo (X, ¥ andx e B,y 1) (5.13)

In (Eq 5.13), w is the weight vector, b is the bias and | is the number of training data.
If b is assumed as zero, the data points corresponding to w'x=0 exist perpendicular to
w while intersecting the origin. This condition can be described with a line in 2-D and
a plane in 3-D, which are called a hyperplane. The bias term’s geometrical implication
is the interpretation of the distance between the hyperplane and the origin (Ben-Hur

and Weston, 2009, p. 3). The hyperplane equation can be given as in equation 5.14.
{x: () =w'x+b=0} (5.14)

Equation 5.14 divides the sample space into two parts. f(x) is the linear discriminant
function. The sign of f(x) represents the part of the divided space. It is possible to state
that the data points are optimally separated, and the margin is maximum while
assuming that the error is zero. It is suitable to implement an optimal canonical
separating hyperplane (OCSH) to eliminate any generality loss (Vapnik, 2000). Hence,

the constraints can be described as in equation 5.15.

min|(w, x;)+b| =1 (5.15)

The constraint in equation 5.15 makes the formulation simpler, which states that the
norm or the measure of the weight vector should be equal to the inverse of the distance
between the hyperplane and the closest data point(s) (Gunn, 1998, p. 6). A sample
illustration of the OCSH is shown in Figure 5.6.

X2 : (wa)+b =+1 O
(w'x)+5 10 l O Class #1
. O y=+
(wa)+b=—14 \ 7
e OO©
0 7 N\C
A=)

Margin
X1

W, [IClass #2
y=-1

Figure 5.6 : The OCSH, adapted from (Kecman, 2001, p. 154).
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The hyperplane shown in Figure 5.6 separates the data into two classes. Additionally,
the nearest data points to the hyperplane, support vectors, are shown with the gray

color in Figure 5.6.

In terms of the geometrical approach, an OCSH must compensate the constraints in

equation 5.16.

y [(w,x;)+b]>1

5.16
(i=1..,1) (.10
The distance from the hyperplane can be expressed as in equation 5.17.
X +Db
d(w,b;x) = M (5.17)
wi

As stated previously, an OCSH maximizes the margin regarding the constraints in

equation 5.16. The margin can be calculated via equations 5.18, 5.19, 5.20, and 5.21.

M = min,d (wiix )+ mind (w.6:X) 19
xV+b X ) +Db
M = min v )+ ‘+minKW Jhi (5.19)
%:yi=—1 ”W” %1y =1 ”W”
1 . :
v :M(Xml‘anW’xi>+b‘+xrpy'i[‘1‘<w’xi>+b‘) (5.20)
M=% (5.21)
[wl

Hence, the OCSH minimizes equation 5.22.
1,
@ (w) = |w| (5.22)

This ideal situation is valid for the linearly-separable data. Otherwise, to determine the
optimum hyperplane, noise in the data should be estimated (Gunn, 1998, p. 10). To
make the hyperplane separate the data correctly, a penalty function with non-negative
variables defined in equation 5.23 should be implemented in the training phase (Cortes
and Vapnik, 1995).

F(&)=D.¢ (5.23)

53



In (Eq 5.23), ¢ are called slack variables that represent errors due to misclassification.
By implementing the slack variables, the optimization problem is transformed into
minimizing both the bound of the Vapnik-Chervonenkis (VC) dimension and the
misclassification error at the same time. The constraints in equation 5.16 should be

updated as in equation 5.24 to perform this optimization.

y, [(w,xi>+b]21—§i

2
(i=1..1),¢ =0 (6:24)

Thus, the generalized OCSH can be estimated via the weight vector that minimizes

equation 5.25.
1
(w,¢) :§||w||2 +CY ¢, (5.25)

In equation 5.25, the complexity, or the penalty parameter (C) is a user-defined scalar
value used to modify the margin to minimize the slack variables. It should be noted
that a high value of C may be resulted in a high penalty. Similarly, a low value of C

may cause misclassification.

5.1.2.2 Kernel functions

In SVM, the OCSH is controlled to finesse generalization capability. If data is not
suitable to be separated linearly, the classifier may not have the generalization ability.
In this situation, the input space should be mapped into a high-dimensional feature
space (Abe, 2010, p. 31). The mapping process can be performed by implementing
kernel functions, which transform the data from the input space into the feature space

by applying linear or non-linear mapping, as illustrated in Figure 5.7.

4

Mapping

Input Space Feature Space

Figure 5.7 : Input and feature space mapping.
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Kernel functions are based on Mercer’s condition (Mercer, 1909) and Reproducing
Kernel Hilbert Spaces (Aronszajn, 1950; Girosi, 1998; Heckman, 2012). Kernel

functions can be expressed via equation 5.26 in terms of a dot product.

K (x,X)=(¢(x),4(x))
$(X) =(4(%), 4 ()

In equation 5.26, K is the kernel function that maps the data linearly or non-linearly

(5.26)

from input space to feature space.

Various kernel functions were introduced, such as linear, polynomial, radial basis
function (RBF), splines, tensor products, etc. (Gunn, 1998, pp. 19-23). In this study,
linear and RBF kernels are used for calculations given in equations 5.27 and 5.28,

respectively.

K (x,x")=x"X (5.27)
K(x,X')= exp(—y||x—x’||2) (5.28)
In equation 5.28, y is a user-defined parameter to control the radius.

5.1.2.3 Support vector regression

SVM can also predict numbers instead of class labels. Support vector regression (SVR)
is a type of SVM, which produces a number as the output (Flach, 2012). The basis of
SVR is much similar to SVM with a few differences. Essentially, SVM can be
performed as a regression by implementing a loss function (LF) (Smola, 1996). Several

LFs are illustrated in Figure 5.8.

(a) Gaussian Loss Function (b) Laplacian Loss Function

2 7 2
/
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(¢) Huber's Loss Function (d) Epsilon Insensitive Loss Function
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’,/
1 / 9
0.5 0.5
0 U= 0

Figure 5.8 : Different loss functions, adapted from (Chu et al., 2001, p. 2).
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In Figure 5.8, (a) is the quadratic LF based on the least-squares criterion. (b) is the
Laplace type of LF that has minor deviation sensitivity when compared to quadratic
LF. (c) is the Huber LF (Huber, 1964) considering the optimal conditions in an
unknown distribution type. Nevertheless, (a), (b), and (c) do not represent the
sparseness in the SVs (Gunn, 1998., p. 30). On the other hand, the LF (d) having a
similar concept with (c) is suitable to be used to determine the support vectors (Vapnik,
2000).

g-insensitive support vector regression
Like the SVM for classification, the optimal regression can be performed via

minimizing equation 5.29.
q)(w,§)=%||w||2 sCY (6 ¢) (5.29)

In equation 5.29, " and {* are lower and upper bounds of the slack variables. The e-

insensitive LF can be expressed as in equation 5.30.

0, [f(x)-y|<e

5.30
f(x)—y|—&,  otherwise (5:30)

Lg(y)={

The implementation of the e-insensitive loss function and the slack variables that

remain outside of the user-defined ¢ band are illustrated in Figure 5.9.

Figure 5.9 : e-insensitive loss function and slack variables (Smola and Scholkopf,
2003).

v support vector regression
In e-SVR, each data point involves an error (&) while the values outside of the ¢

envelope are slack variables ({) that are regulated by the penalty parameter (C).
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Nevertheless, it is not simple to estimate the optimum & (Abe, 2010, p. 431).
Correspondingly, it is recommended to use a user-defined controller parameter (v) to
modify the training model by adjusting the amount of & (Scholkopf et al., 1998). In v-
SVR, the optimization problem is expressed in equation 5.31 with the constraints in

equation 5.32.

(W, ¢)= %||w||2 +C(vg+%Z(§i +gi*)j (5.31)
((w,x;)+b) -y, <&+
Y, —((w,x)+b)<e+¢) (5.32)
£20,4,20

5.1.3 Artificial Neural Networks

Acrtificial neural networks (ANN) is a model based on neurons’ nature in the human
brain process. The fundamental unit in a neural network is a neuron. A neuron acquires
input from the other neurons or an external source and produces an output. Each input
is associated with weights (w), which is assigned to an input related by importance. A
neuron applying a function to the weighted sum of inputs and generating output

(perceptron) is shown in Figure 5.10.

X2

Figure 5.10 : A sample of a perceptron.

In Figure 5.10, numerical inputs x; and x, have associated weights w; and w.. The
external input b is called bias. This variable affects the transmission of the information
obtained due to the sum function to the next neuron. The prediction is computed via

equation 5.33.

|
¥ =sgn [ijxj +b} (5.33)
j=1
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Like the SVM, perceptron has a linear model, where the separating hyperplane is
defined as a line (Aggarwal, 2018, p.8). As a general concept, the goal of optimization
is to minimize the prediction error. The perceptron algorithm was derived to minimize
the misclassification errors. Hence, the perceptron algorithm can be expressed in terms
of least-squares as in equation 5.34.

minL,= > (y-9) (5.34)

(x.y)eD

In equation 5.34, L, is the loss function. Equation 5.34 is seen as in least-square form,
which is valid for continuous target variables. However, the sign function is not
differentiable at specific points. Moreover, the sign function is assumed zero over the
domain’s large scales, making the gradient zero at specific differentiable points
(Agoarwal, 2018, p. 7). Therefore, a smoothing approximation in equation 5.35 is used
to overcome this problem.

VLsmooth: Z (y_y)x (535)

(x,y)eD

As mentioned before, a neural network feeds each input data into the network one at a
time to perform a prediction. At the same time, the weights are updated gradually based

on the prediction error. The weight updating is shown in equation 5.36.
wew+a(y—y)x (5.36)

In equation 5.36, a represents the learning rate. The perceptron algorithm is run
regularly until the convergence criteria are met. Hence, the gradient-descent updating

in terms of error can be expressed as in equation 5.37.

w<=w+aE (x)x (5.37)

One important assumption is that the neural network runs through the data points
randomly in the training phase and updates the weights based on the corresponding

data point’s prediction error.

In ANN, the non-linear activation function f is used to implement non-linearity into
the output by applying a fixed mathematical operation. The most frequently used
activation functions are the sigmoid function and hyperbolic tangent function, shown

in Figure 5.11.
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Figure 5.11 : Activation functions.

The activation functions can be defined as in equation 5.38.

f(x)= 1ex (sigmoid function)
(5.38)

f(x)= - j (tanh function)

A feedforward neural network is the primary type of ANN with multiple neurons
formed in layers, connecting neighboring neurons. All the connections have associated
weights. In a feedforward network, the output flows in the only forward direction
through hidden layers. A Multi-Layer Perceptron (MLP) consists of one or more
hidden layers. MLP can learn non-linear functions and make regression (and
classification) using a given set of features and targets. Figure 5.12 shows an MLP

with a single hidden layer.
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Figure 5.12 : An MLP with one hidden layer.
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5.1.4 Random Forests

Bootstrap aggregation (or bagging) is a technique used to reduce the variance of
estimation. The same regression tree is fitted through the bootstrapped training
samples repeatedly, and the results are averaged (Hastie et al., 2009, p. 587).

Boosting is an ensemble algorithm to reduce both bias and variance (Breiman, 1996).
Most boosting algorithms work by defining weak classifiers iteratively, adding to a
final classifier, and assigning a weight based on the accuracy of the weak classifiers.
Consequently, the data weights are re-weighted. While misclassified input points’
weights are improved, correctly classified data points’ weights are degraded. Hence,

unseen weak learners engage in the misclassified data points.

Random forests (RF) algorithm, similar to boosting algorithms, is a bagging
implementation that generates large-sized uncorrelated trees and averages the results
(Breiman, 2001). For the identically distributed variables, the average variance can be

expressed as in equation 5.39.

ol = po’ +1_|—'002 (5.39)

In equation 5.39, p is the pairwise correlation, ¢? is the sample variance, and | is the
number of training data. Naturally, as the number of training data increases, the plus
term in equation 5.39 converges to zero. The general idea in RF is to reduce the
correlation to decrease the bagging variance (Hastie et al., 2009, p. 588). Hence, the
input variables are chosen randomly to generate the trees. The RF regression predictor

is expressed as in equation 5.40.

£ (x) = %ZT (x.&) (5.40)

i=1
In equation 5.40, T represents the tree and & characterizes the it" RF.

Variable importance for RF can be estimated using out-of-bag (OOB) samples, which
are the observations that generate its RF predictor by averaging designated
bootstrapped samples in specific trees. In i™" tree, the OOB samples are delivered to
the tree with designated prediction accuracy. Next, the values of ji variable are
randomly re-assigned within the OOB samples, which generates a new prediction

accuracy. Hence, the importance of the variable j is computed by averaging the decline
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in the prediction accuracy due to the permutation in all the trees, which can be defined

as a percentage.

5.2 Overfitting and Cross-Validation

As stated, ML’s general idea is to train a model with the training data set and make
predictions on an unseen data set via a trained model with a maximum of prediction
accuracy. In other words, maximizing training accuracy is not mandatory.
Nevertheless, when the training accuracy is not maximum, the model may fit the noise
to the learning curve by memorizing the data instead of building a bias (Dietterich,

1995, p. 326). This situation is called overfitting, which is shown in Figure 5.13.

o0—p M=0 1t
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Figure 5.13 : Overfitting due to degree of the polynomial (Bishop, 2006, p. 7).

In Figure 5.13, the learning curve’s fitting capability excels when the degree of the
polynomial (M) is increased, even corresponds to data points with zero error at
excessive degrees. This situation creates overfitting by making the learning curve

represent the designated function in an inadequate way.

Overfitting may also occur due to the number of input data, which is shown in Figure
5.14.
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Figure 5.14 : Overfitting due to the number of input data (Bishop, 2006, p. 9).

In Figure 5.14, the learning curve’s fitting performance is enhanced when the number
of input data points (N) increases, which means the model complexity is improved.
Hence, it is recommended to use a multiple (i.e., 5 or 10) of the feature number as the
minimum of the input data amount (Bishop, 2006, p. 9).

To eliminate the overfitting problem, a statistical analysis method called cross-
validation (CV) is used. CV is a technique to estimate the trained model’s
generalization ability on a validation data set independent from training and testing
data sets (Flach, 2012, p. 349). One of the most common approaches in CV is the k-
fold CV. In k-fold CV, the data is first divided randomly in k folds. The model is
trained via k-1 folds while being tested in the k" fold until each fold is tested. The most

common application is to set k to 10, in other words, 10-fold CV.

5.3 Outlier Labeling and Standardization

In statistics, a data point that deviates substantially from the other samples in a
distribution is called an outlier (Grubbs, 1969, p. 1). An outlier can arise from
experimental errors, miscalculations, or measurement uncertainties, leading to crucial

statistical analysis issues. An example of outliers is shown in Figure 5.15.
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Figure 5.15 : Qutlier example.
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Statistical interpretation of the raw data sets, including outliers, may be misleading.
Hence, outliers in the data must be determined and treated accordingly. Two of the
most commonly used outliers labeling techniques are used in this study: Tukey’s

method and z-score analysis.

5.3.1 Tukey’s method

It is possible to have some extreme values which can behave as outliers in a noisy
dataset. Hence, outlier labeling must be performed on the data before processing. One
of the best approaches is Tukey’s method that takes the interquartile range (IQR) under

consideration for labeling outliers, which applies equation 5.41.
IQR=Q;-Q (5.41)

In equation 5.41, Qg3 is the 3" quartile, and Q is the 1% quartile of the data. The upper
and lower limits of the extreme boundaries are determined by multiplying IQR value
with a factor, then subtracting from Q: and adding to Qs. The most commonly used
value for this factor is 1.5. A sample process is given in Figure 5.16, which is also an

example of the Box-Whisker plot.

Possible outliers Possible outliers
| Q1 Qz Q3
O O I I O O
Lower extreme \ / Upper extreme
value limit Interquartile value limit
Q+-1.51QR Q;+1.51QR
(@ ) Range (IQR) Qs )

Figure 5.16 : Box-Whisker plot and outlier detection, adapted from (Bakar and
Rosbi, 2017).

5.3.2 z-score analysis

The z-score analysis is a standardization method, which can be used for outlier labeling
in one dimension. In this method, the data is assumed to be in Gaussian distribution.
The data points placed in the extremes of the distribution are labeled as outliers. z-

score for a data point is calculated with equation 5.42.

7 =5 TH (5.42)
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In equation 5.42, z; is the z-score of the data point x;, « and o are the mean and the
standard deviation, respectively. A data point is labeled as an outlier when the absolute
value of its z-score is greater than a threshold. Commonly used threshold values are
2.5, 3.0, and 3.5. In this study, the threshold value is selected as 3.0. A sample
illustration of standard normal distribution and the relationship between the z-scores

and data centiles are shown in Figure 5.17.

Proportion within

each sector 0.1% 2.1%,/13.6% 34.1% 34.1% 13.6%\ 2.1% 0.1%

z-score -4 -3 -2 -1 0 1 2 3 4

Centile 0.0003% 0.13% 2.3% 159% 50% 84.1% 97.7% 99.87% 99.997%
Figure 5.17 : Relationship between the z-scores and data centiles.
5.3.3 Data normalization

In many cases, samples may vary on a vast scale. The scaling problem can diverge any
regression’s accuracy by misestimating each variable’s importance by the nature of
regression analysis. Hence, minimum-maximum (min-max) normalization can be
applied to the dataset before performing predictive analytics to overcome the scaling
issue and reduce the scattering and total variance. In this way, the effect of scaling and
variance is eliminated by normalizing each variable (or feature) within a pre-defined

range (0 to 1) through equation 5.43.

x = X" Xmin (5.43)

norm
Xmnax ~ Xmin

In equation 5.43, Xnorm IS normalized value, Xmin and Xmax are the minimum and

maximum data of the entire column.

5.4 Statistical Performance Measures

Various statistical performance measures are used to compare predictions from a

predictive model and actual values. In this study, three statistical performance criteria
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evaluate testing performance: root mean squared error (RMSE), correlation

coefficient, and statistical significance test.

5.4.1 Root mean squared error

RMSE is a verification criterion that standardizes the results in terms of residuals.

RMSE is calculated via equation 5.44.

RMSE = /%Zeﬁ (5.44)

In equation 5.44, | is the number of data and e is the residual.

5.4.2 Correlation coefficient

The correlation coefficient is the meaning of the statistical relationship between two
variables. This relationship is expressed numerically between the range of -1 and 1 by
equation 5.45.

_cov(x,Y)
Xy — _ _

(5.45)
O, 0
X7y
In equation 5.45, ry, is the correlation coefficient, cov(x,y) is the covariance, oy and oy
are the standard deviation of the variables x and y, respectively. -1 means the negative

correlation, 1 means the positive correlation, while 0 indicates no correlation.

5.4.3 Statistical significance test

The statistical significance level is expressed as a p-value, which is the probability of
achieving the test results as same as the actual observed value assuming the null
hypothesis is correct (LaerdStatistics, n.d.). One approach to obtaining the p-value is
performing a t-test to determine whether the two test sets differ. The t-statistics can be
calculated via equation 5.46.
X — Hy
t=—2 (5.46)
s/l
In equation 5.46, t is the t-score, x is the mean of sample differences, uo is the
hypothesized mean, s is the standard deviation sample differences, and | is the sample

size. After calculating the t-score, the corresponding p-value is found by using

Student’s t-table or software. A lower p-value means higher statistical significance.
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5.5 Software and Toolboxes

It is impossible to solve the optimization problems mentioned in this study in an
analytical way since the data sets include a massive input data amount. Hence, various
software and toolboxes are used for calculations in ML applications. The software and
toolboxes used in this study are either open-source (licensed under GNU General

Public License) or licensed by Istanbul Technical University.

5.5.1 R statistical programming language

R is one of the most used statistical programming languages for statistics and ML
applications. One of the best features of the open-source R language is the user-defined
libraries (or packages) that make the programming language expandable. Most of the
work performed in this dissertation is done via R programming language by using
various valuable packages such as ‘“PerformanceAnalytics” for data visualization,

“e1071” for SVM, “neuralnet” for ANN, and “caret” for RF.

5.5.2 IBM SPSS statistics

SPSS initially stands for “Statistical Package for the Social Sciences” and later
changed into “Statistical Product and Service Solutions”, an IBM software widely used
for statistical analysis. Additionally, there are additional features such as data
manipulation and documentation. The statistical toolboxes are embedded in the
software accessible through the graphical user interface or the console via syntax. In

this study, SPSS is used for statistical significance testing.
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6. APPLICATION, RESULTS, AND DISCUSSIONS

The main goal of the applications in this study is to perform rate of penetration (ROP)
predictions in heterogeneous formations. It was mentioned that SVR could make
predictions with good approximation when the number of training data is limited (Kor
and Altun, 2020). With a field data taken recently, it is possible to show the prediction
performance of multiple linear regression (MLR), support vector regression (SVR),
and artificial neural networks (ANN) on the dataset taken from heterogeneous
lithology.

The applicability of MLR, SVR, and ANN is investigated by generating different case
scenarios and using different datasets. The cases are constructed with the following

structure:
1. Case 1: Data taken from the literature (homogeneous cases)
e Case 1.1: Calculations with data from Bourgoyne Jr. and Young Jr. (1974)

e Case 1.2: Calculations with data from Irawan et al., (2012)

e Case 1.3: Calculations with data from Al-Betairi et al., (1988)
2. Case 2: Data taken from the Well C-1
e Case 2.1: Calculations with data from formation F-4 (homogeneous case)
e Case 2.2: Calculations with data from formation F-5 (homogeneous case)
e Case 2.3: Calculations with data from formation F-6 (heterogeneous case)
3. Case 3: Data taken from the Well C-2
e Case 3.1: Calculations with data from formation F-4 (heterogeneous case)
e Case 3.2: Calculations with data from formation F-5 (homogeneous case)

e Case 3.3: Calculations with data from formation F-6 (heterogeneous case)

6.1 Application

The general flow chart of application process is shown in Figure 6.1.
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Figure 6.1 : General utilization flowchart.



Process steps in Figure 6.1 for each case and data set are explained in individual
sections. The effect of additional geomechanical parameters along with the Bourgoyne
& Young Model (BYM) is examined. The investigation sequence is constructed as

following:

1. Default BYM parameters
2. Default BYM + Shale Index (SI)

Default BYM + Uniaxial Compressive Strength (UCS)
Default BYM + Brittleness Index (Bl)

Default BYM + Shear Failure Gradient (SFG)

Default BYM + Torque (TRQ)

Default BYM + All additional parameters

Feature selection

6.1.1 Data preparation

In Case 1, data sets given in Appendix A are used for the calculations. ROP values for

the data taken from the literature is given in Figure 6.2.
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Figure 6.2 : ROP values of the datasets from the literature.

On the other hand, collection of real and recent field data with high quality constitutes
the significant and essential part of this study. Data belonging to the wells drilled in
one of the Turkish Petroleum Corporation fields are used in Case 2 and Case 3. Due
to confidentiality, confidential information such as field name, well name, formation

names, depth, and logs related to the well has been restricted. The wells are named C-
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1 and C-2. The data was acquired from the ASCII version of mud logging unit (MLU)
records, daily drilling reports, composite formation evaluation logs, drill bit records,
and shear sonic logs. ROP values recorded in C-1 and C-2 wells are shown in Figure
6.3. Due to data confidentiality, the depth scale is restricted. ROP axis is scaled from
0 to 50 m/hr.
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Figure 6.3 : ROP values of the datasets from the wells C-1 and C-2.

The sample rate of MLU is four records per meter. That means each ROP value
represents the average penetration rate within the range of 0.25 m. Coring operations
are excluded from the dataset since MLU was in standby mode. MLU records include
the following drilling parameters: measured depth, average penetration rate, mud
weight in and out, the flow rate in and out, hook load, weight on bit, hours on the bit,
total pit volume, motor rotary speed, surface rotary speed, total rotary speed, and
average standpipe pressure. Other BYM parameters such as jet impact force and
equivalent circulating density are calculated via relevant formulas using MLU data for
each data row. Fractional tooth wear values are granted from dull grading for each drill
bit written in daily drilling reports and bit records. Geomechanical values are
calculated by using gamma-ray and sonic log data. Finally, formation lithologies and
heterogeneity are determined from composite formation evaluation logs.
Heterogeneity is based on lithology volumes derived from gamma-ray readings. Bit

torque is not available for both wells. Yet, since C-2 is a near vertical well, the
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available top-drive (surface) torque data can be used instead of bit torque. The
formation thickness and lithological composition of the wells C-1 and C-2 are given
in Table 6.1.

Table 6.1 : Formation thickness and lithological composition for the wells C-1 and
C-2.

Formation Lithology Thickness (m)

Well C-1 Well C-2
F-1 Sandstone* 708 738
Claystone
Conglomerate
Dolomite
Siltstone
Shale
F-2 Siltstone* 728 758
Sandstone*
Claystone
Shale
F-3 Shale* 760 984
Siltstone*
Sandstone
Claystone
Marl
F-4 Marl* 634 478
Shale*
Tuff
Sandstone
Siltstone
Dolomite
F-5 Marl* 36 45
Limestone w/ clay
Tuff
F-6 Sandstone* 2,866 1,747
Shale*
Marl
Siltstone
Conglomerate
* Dominant lithology

Since ROP is the target function or dependent variable in regression analysis, it is
important to estimate and analyze the noise in data. The reasons for noise can be time
drilling, drilling in sliding mode, and ROP limitations by Geology and Geophysics
Department for low ROP values. Time drilling is a process requiring an extremely low
rate of penetration, sometimes less than 1 m/h. In directional or sidetracked wells, to

kick off the well, the driller must time drill the first few meters to ease the well into its
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new trajectory. Sliding is the predominant method to build and control or correct hole
angle in modern directional drilling operations. Bit pointing is accomplished through
the bent sub, which has a small angle offset from the axis of the drill string, and a
measurement device to determine the direction of offset. Without turning the drill
string, the bit is rotated with a mud motor, and drills in the direction it points. With
steerable motors, when the desired wellbore direction is attained, the entire drill string
is rotated and drills straight rather than at an angle. Additionally, drill breaks, MLU
misleading, sensor malfunctions, and calibration errors can generate noise in

accordance with high ROP values.

It is essential to perform quality assurance and quality control (QA/QC) on the dataset
before using it in the regression analysis. The noise in the data should be estimated.
The data points that generate noise caused by the reasons above and downscaling raw
data resolution should be excluded from the main dataset. This process can be done by
Tukey’s Method and z-scores. First, data resolution is reduced to 1 m. In order to avoid
data clutter and keep data in reserve for treating outliers, rows corresponding to
integers on a depth basis have been selected for being used in the master dataset. Next,
the data rows containing missing values, intervals drilled in sliding mode, and the
values corresponding to one or more of the situations above are removed from the
dataset. Then, outlier labeling is performed on the data before progressing to data
normalization. This process is done via Tukey’s method. Data rows containing one or
more outlier are replaced with another data row representing the same characteristics
within 1 m interval. After the data cleansing process, the raw data is ready for

sampling.

6.1.2 Data preprocessing

The first process in this stage to select drilling parameters (or features) related to BYM
and convert them into the functions of BYM as given in equations 4.3 through 4.9. It
is essential to imply that BYM is designed for milled-tooth bits, and x7 term can be
neglected if insert or polycrystalline diamond compact (PDC) bits are used since insert
bits are operated at moderate rotary speed and WOB (Bourgoyne Jr. and Young Jr.,
1974). In F-4, F-5, and F-6 formations all drill bits were PDC bits for the both wells.

Since tooth wearing tends to occur less in PDC bits and has a slight impact on ROP,
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the x7 term is not selected as a feature in this study. After the conversion process,

geomechanical features are added to the datasets.

Then, z-score analysis is applied to the datasets to sample data correctly via equation
5.42. As mentioned previously, data that fall outside the threshold of -3 and +3

standard deviations are removed, and the datasets are finalized.

In the BYM, the functions vary on a vast scale. Hence, min-max normalization is
applied to the datasets to subdue the scaling problem. This way, scaling and variance
response on the output is discarded by normalizing each feature within a range of 0 to

1 via equation 5.43.

After the sampling and normalizing process, the datasets are partitioned into subsets

of train and test randomly by the ratio of 75-25%, respectively.

6.1.3 Feature selection

The main goal of the calculations in this study is to perform ROP predictions in
heterogeneous formations. As mentioned in the literature review, SVR could perform
accurate predictions when the number of training data is limited (Kor and Altun, 2020).
Since there is real field data taken recently with a sufficient number of inputs, it is
possible to show MLR, SVR, and ANN's prediction performances on the dataset taken
from heterogeneous lithology by implementing various geomechanical features to the
BYM. Thus, to interpret the relationship between ROP and the heterogeneity, several
subcases are constructed by selecting and investigating these geomechanical features

individually.

Besides MLR and SVR, ANN is also used as an alternative predictive method in this
study to create a benchmark. Before processing to the calculations, a sensitivity
analysis to select an optimum number of hidden layers for ANN is performed. Since
the initial conditions were chosen randomly, each model was trained 15 times, and the
results were averaged to maintain the reliability of the results. The optimum number

of hidden layers are selected by considering RMSE and correlation coefficient.

For the calculations of C-1 well, a sensitivity study was implemented to determine the
most effective feature selection scenario to better map the ROP to a geomechanical
feature. For the calculations of C-2 well, feature selection was performed via Random

Forests (RF) method to estimate the feature importance case wise.
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6.1.4 Model training and validation

After selecting features, cross-validation (CV) is applied to the training subset to avoid
overfitting problems. One of the most commonly used CV methods is the k-fold CV.
In this study, 10-fold CV is used, which means the model is trained on nine folds and

evaluated on the remaining fold until each fold has been tested for once.

The hyperparameters (C, ¢, v, y) of SVR are tuned via 10-fold CV and grid search. The
combination of parameters that is resulted in minimum error within a given interval is
selected as the optimum parameters for a specific case. After selecting the optimum

parameters, the model is ready to be trained.

6.1.5 Model testing and post-processing of the results

After training and evaluating the training performance, the model is tested on a
separate dataset that the model has not seen before. Three statistical performance
criteria evaluate testing performance: root mean squared error (RMSE), correlation
coefficient, and p-values. The null hypothesis for statistical significance test is
determined as there is no difference between the means of the actual ROP values and
the predicted ROP values.

6.2 Results

The applicability of different predictive models (MLR, SVR, and ANN) and the effect
of additional geomechanical parameters are investigated by generating individual
cases. Prediction results of training and testing steps for each case are given in
graphical presentation since there are too many data to tabulate. Additionally,
considering the data confidentiality, the predicted and actual ROP values are given in

normalized form.

To construct a general idea about how the calculations are performed, the calculation
steps of Case 1 are shown explicitly. All of the other cases are calculated with the same

procedure and intermediate steps are given in Appendix D.

6.2.1 Case 1: data taken from the literature (homogeneous)

The applicability of different predictive models is investigated by generating
individual cases for the drilling data taken from the literature. The data in each

reference are taken from the wells drilled in homogeneous formations.
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6.2.1.1 Case 1.1: calculations with data from Bourgoyne Jr. and Young Jr.
(1974)

In Case 1.1, the original dataset of the Bourgoyne Jr. and Young Jr. (1974) with 30
rows is used. Since there are too few data rows, all data is used for both training and
testing to evaluate the training performances. Descriptive statistics of the dataset is

presented in Table 6.2.

Table 6.2 : Descriptive statistics of the dataset for Case 1.1.

ROP Compaction co%rr])gigon Overbalance WOB RPM 1\;8:;? Hydraulics
(y) (XZ) ( XS) (X4) (XS) (XG) (X7) (XS)
Number 30 30 30 30 30 30 30 30
Min 1.82E+0 -1.03E+4 0.00E+0 -3.46E+4 -1.60E+0  -5.45E-1 -9.10E-1 -1.60E+0
Max 3.77E+0 4.85E+2 7.12E+3 -3.32E+3 -6.19E-2 2.55E-1 -1.00E-2 2.55E-1
Range 1.95E+0 1.08E+4 7.12E+3 3.13E+4 1.54E+0 7.99E-1 9.00E-1 1.86E+0
Mean 2.83E+0 -2.95E+3 3.13E+3 -1.19E+4 -6.80E-1  -2.48E-1 -4.01E-1 -2.13E-1
Median 2.76E+0 -2.61E+3 4.16E+3 -8.34E+3 -6.47E-1  -2.61E-1 -3.80E-1 -9.52E-2
Q 2.60E+0 -4.70E+3 1.83E+2 -1.47E+4 -8.98E-1  -3.71E-1 -5.70E-1 -2.90E-1
Qs 3.05E+0 -8.40E+2 5.40E+3 -6.30E+3 -3.50E-1  -2.11E-1 -2.00E-1 -1.61E-2
Variance 1.99E-1 6.53E+6 7.01E+6 6.66E+7 1.74E-1 3.46E-2 5.99E-2 1.81E-1
Std. Dev. 4.46E-1 2.56E+3 2.65E+3 8.16E+3 4.18E-1 1.86E-1 2.45E-1 4.25E-1
Skewness 3.43E-1 -8.76E-1 -1.12E-1 -1.48E+0 -5.02E-1 1.23E+0 -4.29E-1 -1.93E+0
Kurtosis 4.71E-1 6.64E-1 -1.83E+0 1.61E+0 -3.52E-1 2.09E+0 -8.19E-1 3.89E+0

The correlation plot of the dataset is represented in Figure 6.4. In Figure 6.4, scatter
plots for each pair of variables are presented on the lower left, correlation coefficients
and significances based on p-values are shown on the upper right as stars, histograms

and density plots are placed in the middle.
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Figure 6.4 : Correlation plot of the dataset for Case 1.1.
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It is seen in Figure 6.4 that xo and x3 are highly negative correlated, which are the
functions of depth and pore pressure gradient. Also, it can be seen in Figure 6.4 that
there is a non-linear inter-relationship between the ROP and the other functions in the

scatter plots.

Box-Whisker plots for each feature is given in Figure 6.5. The circles in Figure 6.5

indicate the outliers in the data.
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Figure 6.5 : Boxplots of the dataset for Case 1.1.

A sensitivity analysis to select a proper number of hidden layers for ANN is performed
for each case individually. The number of nodes is determined case-wise through
validation, which is between the sizes of the input and output layers. Since the initial
conditions were chosen randomly, each model was trained 15 times, and the results
were averaged to maintain the reliability of the results. The results of the sensitivity

study for Case 1.1 are presented in Figure 6.6.
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Figure 6.6 : ANN hidden layer sensitivity for Case 1.1.

According to Figure 6.6, the optimum number of hidden layers is selected as 5, since
this setting has the highest correlation coefficient (0.93) and the lowest RMSE (0.085).
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The SVR hyper-parameters are tuned via 5-fold CV, and grid search is plotted in
Figure 6.7.

£-SVR 5-fold CV v-SVR 5-fold CV
1 1
0.028 | ’ 0.038
0.027 ‘ 0.036
0.8 0.026 0.8 | | 0.034
0.025 ‘h il || 0.032
c o.024 M |‘ ‘ |] | H | ) " : 0.030
806 oo _os—/ | | || H “ h 0028 B
a co2Z  Z Ml U T O O 0.026 @
w 0.021 m | | | 0.024 m
0.020 04 YYYYYYY. / -
o 0.019 AAAAANNS A \f\ﬂf\ 0.022
0.018 0.020
o008
0.017
0.2 0016 0016
0.015 0.014
2 4 6 8 10
Cost Cost

Figure 6.7 : 5-fold CV grid search plots for Case 1.1.

In Figure 6.7, hyper-parameters of SVR are selected according to the lowest RMSE
corresponding to the combination of the parameters. The selected parameters for Case
1.1 are represented in Table 6.3.

Table 6.3 : SVR hyper-parameters for Case 1.1.

e-SVR v-SVR
Linear RBF Linear RBF
C ¢ C vy ¢]C v C vy v
15 03 30 1.0 0.1 10 09 15 10 1.0

Normalized ROP predictions for each model are placed in Figure 6.8.
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Figure 6.8 : ROP predictions for Case 1.1.
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In Figure 6.8, real ROP values and predicted ROP values with each predictive model
are shown in scatter plots in the normalized form. Residual histograms are given in

Figure 6.9.
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Figure 6.9 : Error histograms for Case 1.1.

Statistical comparison of the results is presented in Figure 6.10.

- 1 0.10 1
5 | n | N -
Q08 — 0.08 08 [ —
% L 4 o 1
306 — 0.06 2 Sosf -
c [ 7 n £ T 7
004 —004m 041 —
= i | B i
o 1l _ - _|
= 0.2 [ cor. Coef. 0.02 0.2
8 @ RMSE B B 1
0 = 5 55 bz 0.00 0 TR
S 2 22 g s 2 2w %
i R L A o 4 - 4 r o
r r = = X ¥ = =
> > 9 9 > > b oo
w9 w > W w oo >
w > w >

Figure 6.10 : Statistical comparison for Case 1.1.

Figure 6.10 shows that the correlation coefficient, RMSE and p-values are compared
among predictive models. According to the p-values in Figure 6.10, it is failed to reject
the null hypothesis. The best predictive models for Case 1.1 are SVR with RBF
kernels, which have the highest correlation coefficients and the lowest RMSE values.
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It can be also inferred that SVR is better model for predicting ROP rather than MLR
(default regression method of the BYM) for the original data of the BYM.

6.2.1.2 Case 1.2: calculations with data from Irawan et al. (2012)

In Case 1.2, the dataset from the study of Irawan et al., (2012) with 25 rows is used.
Since there are too few data rows, all data is used for both training and testing to
evaluate the training performances. Descriptive statistics of the dataset is presented in
Table 6.4.

Table 6.4 : Descriptive statistics of the dataset for Case 1.2.

ROP Compaction cozggi;;on Overbalance WOB RPM -\I;\(;g;? Hydraulics

(y) (XZ) ( X3) (X4) (XS) (XB) (X7) (XS)

Number 25 25 25 25 25 25 25 25
Min 1.10E+0 -4.30E+3 -3.38E+2 -1.92E+4 -2.28E+0  -4.31E-1  -1.00E+0 -4.59E-1
Max 5.14E+0 7.85E+3 7.80E+2 -1.21E+3 -2.02E-1 5.88E-1 0.00E+0 2.91E-1
Range 4.04E+0 1.22E+4 1.12E+3 1.80E+4 2.08E+0 1.02E+0 1.00E+0 7.50E-1
Mean 3.35E+0 1.36E+3 -4.25E+0 -9.64E+3 -8.90E-1 2.17E-1 -3.35E-1 8.59E-3
Median 3.33E+0 6.37E+2 -1.27E+2 -9.73E+3 -8.21E-1 1.82E-1 -2.50E-1 6.02E-2
Q 2.76E+0 -1.22E+3 -2.57E+2 -1.21E+4 -9.70E-1 1.61E-1 -6.25E-1 -1.54E-1
Qs 3.86E+0 3.94E+3 4.17E+1 -6.25E+3 -4.90E-1 4.70E-1 0.00E+0 1.81E-1
Variance 8.99E-1 1.22E+7 1.23E+5 2.28E+7 2.91E-1 8.91E-2 1.26E-1 4.98E-2
Std. Dev. 9.48E-1 3.49E+3 3.51E+2 4.78E+3 5.39E-1 2.98E-1 3.55E-1 2.23E-1
Skewness -2.62E-1 2.37E-1 1.39E+0 -1.10E-2 -1.04E+0  -8.03E-1 -6.74E-1 -6.53E-1
Kurtosis 5.11E-1 -8.07E-1 6.65E-1 -1.69E-1 6.39E-1 3.65E-1 -9.66E-1 -5.00E-1

The correlation plot of the dataset is represented in Figure 6.11. In Figure 6.11, scatter
plots for each pair of variables are presented on the lower left, correlation coefficients
and significances based on p-values are shown on the upper right as stars, histograms

and density plots are placed in the middle.
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Figure 6.11 : Correlation plot of the dataset for Case 1.2
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It is seen in Figure 6.11 that x», X3, and X4 are highly correlated, which are the functions
of depth, pore pressure gradient, and ECD. Also, it can be seen in Figure 6.11 that
there is a non-linear inter-relationship between the ROP and the other functions in the

scatter plots.

Box-Whisker plots for each feature is given in Figure 6.12. The circles in Figure 6.12

indicate the outliers in the data.
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Figure 6.12 : Boxplots of the dataset for Case 1.2.

The results of the ANN sensitivity study for Case 1.2 are presented in Figure 6.13.
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Figure 6.13 : ANN hidden layer sensitivity for Case 1.2.

According to Figure 6.13, the optimum number of hidden layers is selected as 4, since
this setting has the highest correlation coefficient (0.86) and the lowest RMSE
(0.1047).

The SVR hyper-parameters are tuned via 5-fold CV, and grid search is plotted in
Figure 6.14.
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Figure 6.14 : 5-fold CV grid search plots for Case 1.2.

In Figure 6.14, hyper-parameters of SVR are selected according to the lowest RMSE

corresponding to the combination of the parameters. The selected parameters for Case
1.2 are represented in Table 6.5.

Table 6.5 : SVR hyper-parameters for Case 1.2.

e-SVR v-SVR
Linear RBF Linear RBF
C € C v ¢ |C v C v v
15 065 1.0 1.0 01 20 0.15 1.0 1.0 0.9

Normalized ROP predictions for each model are placed in Figure 6.15.
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Figure 6.15 : ROP predictions for Case 1.2.
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In Figure 6.15, real ROP values and predicted ROP values with each predictive model

are shown in scatter plots in the normalized form. Error histograms are given in Figure

6.16.
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Figure 6.16 : Error histograms for Case 1.2.

Statistical comparison of the results is presented in Figure 6.17.
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Figure 6.17 : Statistical comparison for Case 1.2.

According to the p-values in Figure 6.17, it is failed to reject the null hypothesis. The

best predictive models for Case

correlation coefficients and the

1.2 are SVR with RBF kernels, which have the highest
lowest RMSE values. It can be also inferred that SVR

is better model for predicting ROP rather than MLR for this dataset.
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6.2.1.3 Case 1.3: calculations with data from Al-Betairi et al. (1988)

In Case 1.3, the dataset from the study of Al-Betairi et al., (1988) with 21 rows is used.
Since there are too few data rows, all data is used for both training and testing to
evaluate the training performances. Descriptive statistics of the dataset is presented in
Table 6.6.

Table 6.6 : Descriptive statistics of the dataset for Case 1.3.

Under- Tooth

R’(;))P Co m(;;a;:tlon compaction Over(lij)lance VE/)((D)B R(;l;/l Wear Hyd(r)z;:llcs
i (Xa) > (x2)

Number 21 21 21 21 21 21 21 21

Min 1.63E+0 6.75E+2 -2.99E+2 -3.79E+4 -550E+0 -1.63E-1  -1.00E+0 1.64E+1
Max 4.58E+0 8.81E+3 2.74E+2 -1.10E+4 2.28E-1 1.82E-1 0.00E+0 4.89E+1
Range 2.96E+0 8.14E+3 5.73E+2 2.70E+4 5.73E+0 3.45E-1 1.00E+0 3.25E+1
Mean 2.86E+0 3.76E+3 1.06E+2 -2.76E+4 -3.96E-1 2.05E-2 -3.99E-1 4.00E+1
Median 2.58E+0 2.65E+3 1.55E+2 -3.01E+4 2.31E-2 0.00E+0 -5.00E-1 4.07E+1
Q 2.05E+0 1.97E+3 6.69E+1 -3.18E+4 -1.78E-1 -2.64E-2 -6.25E-1 4.07E+1
Q3 3.76E+0 6.15E+3 2.21E+2 -2.61E+4 1.55E-1 9.53E-2 -1.25E-1 4.12E+1
Variance 9.25E-1 6.82E+6 3.30E+4 6.79E+7 1.78E+0 1.11E-2 9.32E-2 5.16E+1
Std. Dev. 9.62E-1 2.61E+3 1.82E+2 8.24E+3 1.33E+0 1.05E-1 3.05E-1 7.19E+0
Skewness 5.66E-1 7.95E-1 -1.55E+0 9.64E-1 -3.37E+0 1.89E-1 -2.57E-1 -2.22E+0

Kurtosis -1.04E+0 -7.24E-1 1.37E+0 -1.57E-1 1.17E+1 -7.92E-1 -9.20E-1 6.16E+0

The correlation plot of the dataset is represented in Figure 6.18. In Figure 6.18, scatter
plots for each pair of variables are presented on the lower left, correlation coefficients
and significances based on p-values are shown on the upper right as stars, histograms
and density plots are placed in the middle.
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Figure 6.18 : Correlation plot of the dataset for Case 1.3.
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It is seen in Figure 6.18 that y, x2, and x4 are highly correlated, which are the functions
of ROP, depth, pore pressure gradient, and ECD. Additionally, xs and xs are also high-

correlated, which are the functions of WOB and hydraulics.

Box-Whisker plots for each feature is given in Figure 6.19. The circles in Figure 6.19

indicate the outliers in the data.
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Figure 6.19 : Boxplots of the dataset for Case 1.3.

The results of the ANN sensitivity study for Case 1.3 are presented in Figure 6.20.
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Figure 6.20 : ANN hidden layer sensitivity for Case 1.3.

According to Figure 6.20, the optimum number of hidden layers is selected as 4, since
this setting has the highest correlation coefficient (0.97) and the lowest RMSE
(0.0771).

The SVR hyper-parameters are tuned via 5-fold CV, and grid search is plotted in
Figure 6.21.
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Figure 6.21 : 5-fold CV grid search plots for Case 1.3.

In Figure 6.21, hyper-parameters of SVR are selected according to the lowest RMSE

corresponding to the combination of the parameters. The selected parameters for Case

1.3 are represented in Table 6.7.

Table 6.7 : SVR hyper-parameters for Case 1.3.

e-SVR

v-SVR

Linear RBF

Linear

RBF

C ¢ C v

€ C v

C

Y v

100 03 20 1.0 01 75 095 45 10 0.2

Normalized ROP predictions for each model are placed in Figure 6.22.
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Figure 6.22 : ROP predictions for Case 1.3.
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In Figure 6.22, real ROP values and predicted ROP values with each predictive model
are shown in scatter plots in the normalized form. Error histograms are given in Figure

6.23.
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Figure 6.23 : Error histograms for Case 1.3.

Statistical comparison of the results is presented in Figure 6.24.
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Figure 6.24 : Statistical comparison for Case 1.3.

According to the p-values in Figure 6.24, it is failed to reject the null hypothesis. The
best predictive models for Case 1.3 are SVR with RBF kernels, which have the highest
correlation coefficients and the lowest RMSE values. It can be also inferred that SVR

is better model for predicting ROP rather than MLR and ANN for this dataset.
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6.2.2 Case 2: data taken from the well C-1

The calculations performed in Case 2.1 and Case 2.2 (F-4 and F-5 formations) belong
to the homogeneous formations. The effect of several geomechanical features with
different predictive models on ROP prediction is investigated by generating individual

cases for the drilling data taken from the heterogeneous F-6 formation in Well C-1.

6.2.2.1 Case 2.1: calculations with data from F-4

For calculations in Case 2.1, a dataset with 57 rows is used. Descriptive statistics of

the dataset is presented in Table 6.8.

Table 6.8 : Descriptive statistics of the dataset for Case 2.1.

ROP Compaction Under: Overbalance WwOB RPM -\I;\(;Oth
) o) omPRsion Gy %) (%) ear
(%3) (x7)
Number 57 57 57 57 57 57 57
Min 9.65E-1 7.21E+2 -3.55E+1 -1.90E+4 -1.67E+0  -1.63E-1  -1.51E-1
Max 3.90E+0 9.05E+2 3.39E+2 -7.82E+3 -2.24E-1 4.12E-1 4.43E-2
Range 2.94E+0 1.84E+2 3.75E+2 1.12E+4 1.44E+0 5.75E-1 1.95E-1
Mean 2.87E+0 8.13E+2 1.56E+2 -1.44E+4 -6.11E-1 1.81E-1 -9.92E-2
Median 3.30E+0 8.13E+2 1.80E+2 -1.45E+4 -5.38E-1 2.93E-1 -9.77E-2
Q 1.98E+0 7.66E+2 7.32E+1 -1.63E+4 -8.21E-1 -8.92E-2  -1.21E-1
Qs 3.45E+0 8.59E+2 2.34E+2 -1.28E+4 -3.42E-1 3.15E-1 -8.58E-2
Variance 7.00E-1 2.96E+3 1.15E+4 7.07E+6 1.03E-1 4.29E-2 9.20E-4
Std. Dev. 8.36E-1 5.44E+1 1.07E+2 2.66E+3 3.22E-1 2.07E-1 3.03E-2
Skewness -1.02E+0 0.00E+0 -1.03E-1 3.18E-1 -1.08E+0 -9.82E-1 1.82E+0
Kurtosis -5.04E-1 -1.20E+0 -7.28E-1 -4.16E-1 1.02E+0 -9.66E-1 7.74E+0

The correlation plot of the dataset is represented in Figure 6.25. In Figure 6.25, scatter
plots for each pair of variables are presented on the lower left, correlation coefficients
and significances based on p-values are shown on the upper right as stars, histograms

and density plots are placed in the middle.
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Figure 6.25 : Correlation plot of the dataset for Case 2.1.
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It is seen in Figure 6.25 that y and Xs are highly correlated, which are the functions of
ROP and RPM. Additionally, x» and xs are also high-correlated, which are the

functions of depth and pore pressure.

Box-Whisker plots for each feature is given in Figure 6.26. The circles in Figure 6.26

indicate the outliers in the data.
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Figure 6.26 : Boxplots of the dataset for Case 2.1.

The results of the ANN sensitivity study for Case 2.1 are presented in Figure 6.27.
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Figure 6.27 : ANN hidden layer sensitivity for Case 2.1.

According to Figure 6.27, the optimum number of hidden layers is selected as 5, since
this setting has the highest correlation coefficient (0.97) and the lowest RMSE
(0.0704).

The data is randomly split into training and testing subsets with the ratio of 75% and
25%, respectively. The SVR hyper-parameters are tuned via 10-fold CV, and grid
search is plotted in Figure 6.28.
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Figure 6.28 : 10-fold CV grid search plots for Case 2.1.
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In Figure 6.28, hyper-parameters of SVR are selected according to the lowest RMSE

corresponding to the combination of the parameters. The selected parameters for Case
2.1 are represented in Table 6.9.

Table 6.9 : SVR hyper-parameters for Case 2.1.

e-SVR

v-SVR

Linear

RBF Linear

RBF

C € C

e | C v

Y

C

Y \%

35 025 25 10 01 25 04 35 1.0 0.2

Scatterplots for the model training is given in Figure 6.29.
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Figure 6.29 : Model training for Case 2.1.
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Training errors for each predictive model are presented in Figure 6.30.
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Figure 6.30 : Training errors for Case 2.1.

Normalized ROP predictions with testing subset for each model are placed in Figure

6.31.

-

o
)

o
o

o
'S

Normalized
Predicted ROP
T I T I T ‘ T

o
o

o

-y

o
o

o
[}

o

'S
Illllhlll
o
N

Normalized
Predicted ROP

o
o

0

SN NI NI N

o

02 04 06 08
Normalized
Actual ROP

€-SVR RBF

1

(e}
o
~ 0
~

I I 1 I 1 | 1 I 1

0 02 04 06 08

Normalized
Actual ROP

1

Normalized
Predicted ROP

o
o

Normalized
Predicted ROP

o
[

ey

o
@

o
»

o
'S

0

2 0 D
~ o o
\||r||b||l
L™ o o
~
N

o

€-SVR Linear

o ¢
7,

0133

‘o

rd

e

P
‘0
[+]

0% .,
o -
’

- O
SATIN I NI T

0

02 04 06 08
Normalized
Actual ROP

v-SVR RBF

1

o

02 04 06 08
Normalized
Actual ROP

1

-

o
o

o
o

o

Normalized
B

Predicted ROP

o
o

o

o o
o 0

o
~

Normalized
Predicted ROP

o
[

0

v-SVR Linear

’
o
o

%0 +
—o.r
O,

,I I 1 I 1 | 1 I 1
0 02 04 06 08
Normalized
Actual ROP

ANN

1

’,
—089’ 0©
- 7
/I I 1 I 1 I 1 I 1
0 02 04 06 08

Normalized
Actual ROP

1

Figure 6.31 : ROP predictions with testing subset for Case 2.1.

Error histograms are given in Figure 6.32.
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Figure 6.32 : Error histograms for Case 2.1.

Statistical comparison of the results is presented in Figure 6.33.
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Figure 6.33 : Statistical comparison for Case 2.1.

According to the p-values in Figure 6.33, it is failed to reject the null hypothesis. The
best predictive models for Case 2.1 are MLR, SVR with linear kernels, and ANN,
which have the highest correlation coefficients with high p-values and the lowest
RMSE values. It can be also inferred from Figures 6.30, 6.32, and 6.33 that linear
models give better testing results rather than RBF kernels, although RBF kernels give

the best training performance.
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6.2.2.2 Case 2.2: calculations with data from F-5

For calculations in Case 2.2, a dataset with 34 rows is used. Descriptive statistics of

the dataset is presented in Table 6.10.

Table 6.10 : Descriptive statistics of the dataset for Case 2.2.

ROP Compaction Under: Overbalance WOB RPM Hydraulics
compaction

(W) (x2) (x) (%) (xs) (Xe) (xs)

Number 34 34 34 34 34 34 34
Min 1.37E+0 6.03E+2 2.48E+2 -1.82E+4 -1.16E+0  -1.74E-1 -6.02E-1
Max 3.36E+0 7.18E+2 5.39E+2 -2.80E+3 -7.81E-2  4.19E-1 -2.35E-2
Range 1.99E+0 1.15E+2 2.91E+2 1.54E+4 1.08E+0  5.93E-1 5.79E-1
Mean 2.48E+0 6.60E+2 3.61E+2 -1.00E+4 -6.52E-1  1.04E-1 -1.59E-1
Median 2.75E+0 6.57E+2 3.46E+2 -1.03E+4 -6.61E-1  2.66E-1 -1.28E-1
Q1 1.66E+0 6.29E+2 2.66E+2 -1.18E+4 -8.84E-1  -1.63E-1 -1.87E-1
Qs 3.18E+0 6.91E+2 4.43E+2 -8.33E+3 -5.31E-1  3.36E-1 -1.12E-1
Variance 5.82E-1 1.27E+3 8.66E+3 1.04E+7 8.82E-2 5.94E-2 1.17E-2
Std. Dev. 7.63E-1 3.56E+1 9.31E+1 3.23E+3 2.97E-1 2.44E-1 1.08E-1
Skewness ~ -2.41E-1 1.70E-2 2.68E-1 1.50E-1 3.96E-1 -1.82E-1  -2.58E+0
Kurtosis -1.77E+0 -1.31E+0 -1.37E+0 5.78E-1 -5.16E-1  -2.01E+0 8.35E+0

The correlation plot of the dataset is represented in Figure 6.34. In Figure 6.34, scatter
plots for each pair of variables are presented on the lower left, correlation coefficients
and significances based on p-values are shown on the upper right as stars, histograms

and density plots are placed in the middle.
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Figure 6.34 : Correlation plot of the dataset for Case 2.2.

It is seen in Figure 6.34 that y and xs are highly correlated, which are the functions of
ROP and RPM. Additionally, x, and xs are also high-correlated, which are the

functions of depth and pore pressure.

Box-Whisker plots for each feature is given in Figure 6.35. The circles in Figure 6.35

indicate the outliers in the data.
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Figure 6.35 : Boxplots of the dataset for Case 2.2.

The results of the ANN sensitivity study for Case 2.2 are presented in Figure 6.36.
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Figure 6.36 : ANN hidden layer sensitivity for Case 2.2.

According to Figure 6.36, the optimum number of hidden layers is selected as 5, since
this setting has the highest correlation coefficient (0.97) and the lowest RMSE
(0.0931).

The data is randomly split into training and testing subsets with the ratio of 75% and
25%, respectively. The SVR hyper-parameters are tuned via 5-fold CV, and grid
search is plotted in Figure 6.37.
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Figure 6.37 : 5-fold CV grid search plots for Case 2.2.

93



In Figure 6.37, hyper-parameters of SVR are selected according to the lowest RMSE
corresponding to the combination of the parameters. The selected parameters for Case

2.2 are represented in Table 6.11.

Table 6.11 : SVR hyper-parameters for Case 2.2.

e-SVR

v-SVR

Linear

RBF

Linear

RBF

C ¢ C

Y

e | C v

C

Y Vv

10 05 15 10 01 10 01 15 10 1.0

Scatterplots for the model training is given in Figure 6.38.
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Figure 6.38 : Model training for Case 2.2.

Training errors for each predictive model are presented in Figure 6.39.

0.16

MLR R

¢-SVR Linear

v-SVR Linear

e-SVR RBF
v-SVR RBF

ANN

Figure 6.39 : Training errors for Case 2.2.
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Normalized ROP predictions with testing subset for each model are placed in Figure

6.40.
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Figure 6.40 : ROP predictions with testing subset for Case 2.2.

Error histograms are given in Figure 6.41.
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Figure 6.41 : Error histograms for Case 2.2.

Statistical comparison of the results is presented in Figure 6.42.
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Figure 6.42 : Statistical comparison for Case 2.2.

According to the p-values in Figure 6.42, it is failed to reject the null hypothesis. The
best predictive models for Case 2.2 are MLR, SVR with linear kernels, and ANN,
which have the highest correlation coefficients (0.97) and the lowest RMSE values. It
can be also inferred from Figures 6.39, 6.41, and 6.42 that linear models give better
testing results rather than RBF kernels, although RBF kernels give the best training

performance.

6.2.2.3 Case 2.3: calculations with data from F-6

For calculations in Case 2.3, a dataset with 919 rows is used. Descriptive statistics of
the dataset is presented in Table 6.12. The correlation plot of the dataset is represented

in Figure 6.43.
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Figure 6.43 : Correlation plot of the dataset for Case 2.3.
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Table 6.12 : Descriptive statistics of the dataset for Case 2.3.

Under-

ROP Compaction . Overbalance WOB RPM Hydraulics

) (o) TR (x5 (o) (o) ! ves B! SFG

Number 919 919 919 919 919 919 919 919 919 919 919
Min 8.31E-01 -4,66E+03 -1.59E+03 -6.83E+04 -3.57E+01 2.60E+00 3.92E-01 1.55E-01 1.74E+04 1.74E-02 9.51E+00
Max 3.81E+00 3.96E+02 8.56E+02 -1.02E+04 4,26E+01 3.58E+00 1.19E+00 7.90E-01 6.88E+04 6.46E-01 1.21E+01
Range 2.97E+00 5.06E+03 2.45E+03 5.81E+04 7.83E+01 9.83E-01 7.99E-01 6.34E-01 5.14E+04 6.29E-01 2.61E+00
Mean 2.64E+00 -1.94E+03 -1.30E+02 -3.39E+04 1.46E+00 3.16E+00 7.59E-01 4.73E-01 3.74E+04 3.27E-01 1.09E+01
Median 2.74E+00 -1.92E+03 -1.24E+02 -3.32E+04 1.39E+00 3.22E+00 8.13E-01 4.62E-01 3.50E+04 3.17E-01 1.09E+01
Q: 2.18E+00 -2.90E+03 -5.20E+02 -4.16E+04 3.04E-01 2.98E+00 6.63E-01 4.10E-01 2.92E+04 2.56E-01 1.05E+01
Qs 3.13E+00 -8.93E+02 2.03E+02 -2.66E+04 2.91E+00 3.30E+00 8.36E-01 5.25E-01 4.34E+04 3.91E-01 1.14E+01
Variance 3.63E-01 1.84E+06 2.51E+05 1.22E+08 5.54E+01 3.67E-02 1.85E-02 1.01E-02 1.09E+08 9.95E-03 3.22E-01
Std. Dev. 6.02E-01 1.35E+03 5.01E+02 1.10E+04 7.44E+00 1.92E-01 1.36E-01 1.01E-01 1.05E+04 9.98E-02 5.68E-01
Skewness -4.58E-01 -1.36E-01 -5.90E-02 -1.24E-01 103E+00 -6.12E-01  -9.08E-01  4.76E-01 8.20E-01 498E-01  -6.40E-02
Kurtosis -5.56E-01 -9.01E-01 -5.24E-01 -1.27E-01 9.82E+00 -7.44E-01 3.50E-02 4.90E-01 4.00E-03 2.64E-01 -6.24E-01
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It is seen in Figure 6.43 that X3, x4, and SFG are highly correlated, which are the
functions of various drilling parameters such as depth, pore pressure, ECD, and shear
failure gradient. Box-Whisker plots for each feature is given in Figure 6.44. The circles

in Figure 6.35 indicate the outliers in the data.
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Figure 6.44 : Boxplots of the dataset for Case 2.3.

The data is randomly split into training and testing subsets with the ratio of 75% and
25%, respectively. The results and graphical presentations of the intermediate steps for
Case 2.3 is given in Appendix D. The results of the ANN sensitivity study, ANN
hidden-layer settings, optimum SVR hyper-parameters and grid search plots,
scatterplots for the model training and training errors, normalized ROP predictions
with testing subset for each model, and error histograms can be found in the
corresponding section of the Appendix D. Cumulative statistical comparison of the

results for Case 2.3 is presented in Figure 6.45.
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Figure 6.45 : Cumulative statistical comparison for Case 2.3.
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As seen in Figure 6.45, prediction accuracies in Case 2.3.2, Case 2.3.4, and Case 2.3.6
are not better than the default BYM case (Case 2.3.1). On the other hand, adding the
SFG parameter to default BYM (Case #2.3.3) and predicting with e-SVR RBF gives
the best result in terms of correlation coefficient (0.848). Additionally, in Figure 6.43,
SFG is strongly correlated with Functions x3 and x4. Hence, to find a possibility of
increasing the prediction accuracy, a feature selection study is performed. Figure 6.43
clearly shows that the Function xs is not correlated to any other variable in the master
dataset. Additionally, the Function xs has a narrow data range when normalized,
meaning that WOB can be effective in ROP prediction when the parameter range is
wider. However, in this study, the effect of WOB in terms of ROP prediction with
BYM is negligible. As a result of the feature selection study, extracting the Function
xs from the SFG model increases prediction accuracy. Training errors for feature

selection is presented in Figure 6.46.
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Figure 6.46 : Training errors of different models with e-SVR RBF for Case 2.3.

As seen from Figure 6.46, excluding the Function xs from the model increases training
accuracy. Another case (Case 2.3.7) is created by adding SFG and excluding the
Function xs from the default BYM to determine testing accuracy. Performance

comparison charts are given in Figure 6.47 in terms of correlation coefficient and

RMSE.

99



Correlation Coefficient (r) RMSE

1 0.16

m e e e — = - _ e o e e - - -
08 - T o2 m m |
R L S
0.6 - * 2 1
o -4 0.08 - Z —
04 — L Z 4
02 _| 0.04 — / —

0 BYM+§F BYM;SEF 0 BYM+SF BYM+SFG

excluding x5 excluding x5

| Bl VLR ] e-SVR Linear e-SVR RBF [[] n-SVR Linear [ n-SVR RBF EZ] ANN ‘

Figure 6.47 : Statistical performance comparison of Function xs for Case 2.3.

Error box-plots are presented in Figure 6.48.
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Figure 6.48 : Residual box-plots for SFG model with and without Function xs for
Case 2.3.

Linear models including MLR and SVR do not give satisfactory results in terms of
high RMSE values, except the case of BYM and all other geomechanical features
(Case 2.3.6). ANN gives better results rather than linear models as seen in Figures
6.45, 6.47, and 6.48. For the most of the cases (Cases 2.3.1-2.3.5 and Case 2.3.7), RBF
kernels give the best results based on RMSE and correlation coefficient. This outcome
can also be inferred from Figure 6.48, which indicates that RBF kernels have narrow
error (or residuals) distribution among other predictive models. The best result is in
the case with e-SVR RBF, which includes BYM with SFG and excluding Function Xxs
(Case 2.3.7) with a higher correlation coefficient (0.859) than that of including
Function xs (Case 2.3.3).
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6.2.3 Case 3: data taken from the well C-2

The calculations performed in Case 3.1 and Case 3.2 (F-4 and F-5 formations) belong
to the homogeneous formations. The effect of several geomechanical features with
different predictive models on ROP prediction is investigated by generating individual

cases for the drilling data taken from the heterogeneous F-6 formation in Well C-2.

6.2.3.1 Case 3.1: calculations with data from F-4

For calculations in Case 3.1, a dataset with 218 rows is used. Descriptive statistics of
the dataset is presented in Table 6.13.

The correlation plot of the dataset is represented in Figure 6.49. In Figure 6.49, scatter
plots for each pair of variables are presented on the lower left, correlation coefficients
and significances based on p-values are shown on the upper right as stars, histograms
and density plots are placed in the middle.
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Figure 6.49 : Correlation plot of the dataset for Case 3.1.

It is seen in Figure 6.49 that x3, x4, and SFG are highly correlated, which are the
functions of depth, pore pressure gradient, ECD, and shear failure gradient.
Additionally, xs and xg are also high-correlated, which are the functions of RPM and

jet impact force.
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Table 6.13 : Descriptive statistics of the dataset for Case 3.1.

Under-

ROP Compaction . Overbalance WOB RPM Hydraulics

v) (o) MR T O I e

Number 218 218 218 218 218 218 218 218 218 218 218
Min 2.82E+00 6.75E+02 -1.40E+03 -3.75E+04 0.00E+00 2.78E+00 7.96E-01 5.65E-02 3.31E+03 2.22E+00 4.66E+03
Max 4.23E+00 1.72E+03 1.66E+03 1.07E+04  8.15E-01 3.17E+00 1.14E+00 3.30E-01 1.44E+04 1.02E+01 9.52E+03
Range  1.41E+00 1.05E+03 3.06E+03 4 82E+04  8.15E-01 3.83E-01 3.42E-01 2.73E-01 1.11E+04 8.00E+00 4.86E+03
Mean 3.73E+00 1.19E+03 3.22E+02  -1.04E+04 3.99E-01 3.02E+00 9.97E-01 1.16E-01 7.76E+03 6.27E+00 7.16E+03
Median 3.80E+00 1.16E+03 2.81E+02  -1.21E+04 4.35E-01 3.03E+00 1.02E+00 1.10E-01 7.74E+03 6.35E+00 7.26E+03
Q: 3.59E+00 9.21E+02 -9.69E+01 -1.56E+04 2.10E-01 2.93E+00 9.41E-01 9.20E-02 6.20E+03 5.80E+00 6.40E+03
Qs 3.90E+00 1.48E+03 8.04E+02  -3.83E+03 5.61E-01 3.13E+00 1.08E+00 1.27E-01 8.87E+03 6.84E+00 7.90E+03
Variance 7.67E-02  9.43E+04 3.36E+05 7.23E+07 4.37E-02 1.45E-02 1.01E-02 1.56E-03 3.74E+06 1.55E+00 7.82E+05
Std. Dev. 2.77E-01  3.07E+02 5.79E+02 8.50E+03  2.09E-01 1.20E-01 1.01E-01 3.95E-02 1.93E+03 1.24E+00 8.84E+02
Skewness -9.54E-01  1.50E-01 -2.05E-01 -2.90E-01 -9.30E-02 -6.09E-01 -7.17E-01 2.28E+00 6.21E-01 -2.31E-01 -3.04E-01
Kurtosis 6.09E-01 -1.33E+00 -1.36E-01 5.30E-01  -9.70E-01 -9.54E-01 -7.50E-01 7.51E+00 5.24E-01 2.00E+00 -5.05E-01
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Box-Whisker plots for each feature is given in Figure 6.50. The circles in Figure 6.50

indicate the outliers in the data.
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Figure 6.50 : Boxplots of the dataset for Case 3.1.

The data is randomly split into training and testing subsets with the ratio of 75% and
25%, respectively. The results and graphical presentations of the intermediate steps for
Case 3.1 is given in Appendix D. The results of the ANN sensitivity study, ANN
hidden-layer settings, optimum SVR hyper-parameters and grid search plots,
scatterplots for the model training and training errors, normalized ROP predictions
with testing subset for each model, and error histograms can be found in the

corresponding section of the Appendix D.

Cumulative statistical comparison of the results for Case 3.1 is presented in Figure
6.51.
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Figure 6.51 : Cumulative statistical comparison for Case 3.1.
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As seen in Figure 6.51, adding torque parameter to default BYM (Case 3.1.5) and
using ANN give the best result in terms of the correlation coefficient (0.819). On the
other hand, adding all additional parameters to default BYM (Case 3.1.6) and using v-
SVR with RBF kernel yield the minimum RMSE value (0.1162). Hence, feature
selection is performed via RF algorithm to find a possibility of increasing the

prediction accuracy. Feature importance are presented in Figure 6.52.
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Figure 6.52 : Relative feature importance for Case 3.1.

As a performance indicator, RMSE values of the sensitivity analysis for the feature
selection algorithm regarding relative feature importance showed in Figure 6.52 is
presented in Table 6.14.

Table 6.14 : RMSE values of the feature selection for Case 3.1.

e-SVR ¢-SVR v-SVR v-SVR

MLR Linear RBF Linear RBF ANN
TRQ 0.1524 0.1479 0.1546 0.1531 0.1588 0.1546
+X, 0.1740 0.1757 0.1633 0.1751 0.1618 0.1591
+xs 0.1230 0.1233 0.1066 0.1230 0.1083 0.1246
+ X4 0.1420 0.1420 0.1509 0.1431 0.1504 0.1472
+xs 0.1515 0.1532 0.1335 0.1510 0.1498 0.1331
+x3 0.1420 0.1481 0.1625 0.1405 0.1665 0.1305
+ UCS 0.1364 0.1457 0.1662 0.1356 0.1662 0.1317
+ SFG 0.1471 0.1523 0.1399 0.1539 0.1385 0.1233
+SI 0.1400 0.1379 0.1671 0.1380 0.1668 0.1503
+Xs 0.1188 0.1205 0.1414 0.1162 0.1399 0.1426
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As seen from Table 6.14, the minimum error (0.1066) is found when torque, x2, and Xs
parameters are used in the regression. Another case (Case 3.1.7) is created by using
torque, X2, and xs parameters as features to determine testing accuracy. Performance
comparison charts are given in Figure 6.53 in terms of correlation coefficient and

RMSE.
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Figure 6.53 : Statistical performance comparison of feature selection for Case 3.1.

Error box-plots are presented in Figure 6.54.
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Figure 6.54 : Residual box-plots of feature selection for Case 3.1.

As seen in Figure 6.51, linear models, including MLR and SVR, do not give
satisfactory results for default BYM (Case 3.1.1) and the cases that additional features
used individually, except torque parameter (Case 3.1.5). By using torque, ANN gives
a better correlation coefficient when compared to other cases and models. However,
as seen in Figure 6.53, the minimum error is in Case 3.1.7 with e-SVR RBF, including
torque, X2, and xs functions, which can also be seen from the error distribution in Figure

6.54.
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6.2.3.2 Case 3.2: calculations with data from F-5

For calculations in Case 3.2, a dataset with 31 rows is used. Descriptive statistics of

the dataset is presented in Table 6.15.

The correlation plot of the dataset is represented in Figure 6.55. In Figure 6.55, scatter

plots for each pair of variables are presented on the lower left, correlation coefficients

and significances based on p-values are shown on the upper right as stars, histograms

and density plots are placed in the middle.
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Figure 6.55 : Correlation plot of the dataset for Case 3.2.
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It is seen in Figure 6.55 that y, X2, X3, X4, SI, and SFG are highly correlated, which are

the functions of depth, pore pressure gradient, ECD, shale index and shear failure

gradient. Additionally, xs and xs are also high-correlated, which are the functions of

RPM and jet impact force.

Box-Whisker plots for each feature is given in Figure 6.56.
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Table 6.15 : Descriptive statistics of the dataset for Case 3.2.

Under-

ROP Compaction . Overbalance wOB RPM Hydraulics
) () TP (x5 () (%) ! ves sFe TR

Number 31 31 31 31 31 31 31 31 31 31 31
Min 9.65E-01 1.53E+02 8.76E+01 -1.71E+04 150E-01 283E+00 8.66E-01 1.02E-02 1.33E+04 9.84E-01 3.97E+03
Max 2.65E+00 2.98E+02 1.19E+03 1.69E+03 6.50E-01 3.10E+00 9.77E-01  2.18E-01 3.05E+04 4.50E+00 8.58E+03
Range 1.68E+00 1.44E+02 1.10E+03 1.88E+04 5.00E-01 2.67E-01 1.10E-01 208E-01 1.72E+04 3.52E+00 4.61E+03
Mean 1.82E+00 2.19E+02 5.37E+02 -9.42E+03  4.25E-01 298E+00 9.00E-01 1.27E-01 2.16E+04 2.95E+00 6.08E+03
Median 1.78E+00 2.09E+02 454E+02 -1.09E+04  4.04E-01 295E+00 8.88E-01 1.35E-01 2.27E+04 3.38E+00 6.12E+03
Q1 1.30E+00 1.81E+02 2.24E+02 -1.47E+04  3.35E-01 293E+00 8.79E-01 8.97E-02 1.74E+04 1.34E+00 5.24E+03
Qs 2.25E+00 2.74E+02 8.30E+02 -4.45E+03 535E-01 3.03E+00 9.23E-01 1.65E-01 251E+04 3.83E+00 6.73E+03
Variance  2.74E-01 2.28E+03 1.27E+05 3.70E+07 143E-02 4.40E-03 8.54E-04  2.72E-03 2.14E+07 1.46E+00 1.19E+06
Std. Dev.  5.23E-01 4.78E+01 3.57E+02 6.08E+03 1.19E-01 6.64E-02 2.92E-02 521E-02 4.62E+03 1.21E+00 1.09E+03
Skewness  8.40E-02 3.99E-01 4.01E-01 4.08E-01 -1.12E-01 4.67E-01 1.04E+00 -2.37E-01 -1.73E-01 -6.30E-01 2.42E-01
Kurtosis -1.16E+00 -1.25E+00 -1.19E+00 -1.18E+00 -5.98E-01 -3.62E-01 3.66E-01 -4.31E-01 -9.54E-01 -1.22E+00 -1.10E-01
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The data is randomly split into training and testing subsets with the ratio of 75% and
25%, respectively. The results and graphical presentations of the intermediate steps for
Case 3.2 is given in Appendix D. The results of the ANN sensitivity study, ANN
hidden-layer settings, optimum SVR hyper-parameters and grid search plots,
scatterplots for the model training and training errors, normalized ROP predictions
with testing subset for each model, and error histograms can be found in the

corresponding section of the Appendix D.

Cumulative statistical comparison of the results for Case 3.2 is presented in Figure

6.57.

Figure 6.56 : Boxplots of the dataset for Case 3.2.
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Figure 6.57 : Cumulative statistical comparison for Case 3.2.
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As seen in Figure 6.57, adding all additional parameters to default BYM (Case 3.2.6)
and using v-SVR with linear kernel give the best result in terms of the maximum
correlation coefficient (0.895) and the minimum RMSE (0.1089). Feature selection is
performed via RF algorithm to find a possibility of increasing the prediction accuracy.

Feature importance are presented in Figure 6.58.
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Figure 6.58 : Relative feature importance for Case 3.2.

As a performance indicator, RMSE values of the sensitivity analysis for the feature
selection algorithm regarding relative feature importance showed in Figure 6.58 is

presented in Table 6.16.

Table 6.16 : RMSE values of the feature selection for Case 3.2.

e-SVR ¢-SVR v-SVR v-SVR

MLR Linear RBF Linear RBF ANN

X2 0.1759 0.1680 0.1599 0.1835 0.1589 0.1766

+ SFG 0.1533 0.1658 0.1860 0.1548 0.1847 0.1495
+x3 0.1469 0.1515 0.1777 0.1522 0.1876 0.1367
+Xx4 0.1416 0.1455 0.1979 0.1394 0.2001 0.1254
+Xxs 0.1261 0.1645 0.1536 0.1517 0.1770 0.1306
+SI  0.2001 0.1958 0.2083 0.1916 0.2072 0.1580
+xs 0.1766 0.1838 0.2603 0.1802 0.2745 0.1614
+ UCS 0.1963 0.1233 0.2237 0.1185 0.2243 0.1732
+ TRQ 0.0813 0.1054 0.2532 0.1079 0.2544 0.1397
+Xs 0.1601 0.1359 0.1318 0.1089 0.1380 0.1637
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As seen from Table 6.16, the minimum error (0.0813) is found when all the parameters
except xe are used in the regression. Another case (Case 3.2.7) is created by using all
the parameters except xs as features to determine testing accuracy. Performance

comparison charts are given in Figure 6.59 in terms of correlation coefficient and

RMSE.
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Figure 6.59 : Statistical performance comparison of feature selection for Case 3.2.

Error box-plots are presented in Figure 6.60.
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Figure 6.60 : Residual box-plots of feature selection for Case 3.2.

As seen in Figure 6.57, SVR with RBF kernels do not give satisfactory results for
entire cases. Furthermore, as seen in Figure 6.59, the maximum correlation coefficient
and the minimum error is in Case 3.2.7 with MLR, including all the parameters except

Function xs, which can also be seen from the error distribution in Figure 6.60.
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6.2.3.3 Case 3.3: calculations with data from F-6

For calculations in Case 3.3, a dataset with 967 rows is used. Descriptive statistics of

the dataset is presented in Table 6.17.

The correlation plot of the dataset is represented in Figure 6.61. In Figure 6.61, scatter
plots for each pair of variables are presented on the lower left, correlation coefficients
and significances based on p-values are shown on the upper right as stars, histograms

and density plots are placed in the middle.
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Figure 6.61 : Correlation plot of the dataset for Case 3.3.
It is seen in Figure 6.61 that x3 and x4 are highly correlated, which are the functions of
depth, pore pressure gradient, and ECD. Additionally, xo, xg, and TRQ are also high-

correlated, which are the functions of depth, jet impact force, and torque. UCS and BI

can be named as high-correlated.
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Table 6.17 : Descriptive statistics of the dataset for Case 3.3.

ROP Compaction coLnjwr;])ci\iEon Overbalance WOB RPM Hydraulics S| UCS Bl SEG TRQ
V) (%) (X5) (x2) (%) (X6) (Xe)

Number 967 967 967 967 967 967 967 967 967 967 967 967
Min 8.31E-01  -533E+03  -1.83E+03  -6.85E+04  4.93E-02 2.70E+00 3.38E-01  5.90E-02 7.36E+03 3.35E-01 2.33E-01  1.00E+03
Max 3.90E+00  -5.55E+02 2.48E+03 1.11E+04  1.47E+00 3.45E+00 5.26E-01  4.02E-01 3.65E+04 6.00E-01 1.00E+01 9.95E+03

Range  3.06E+00  4.77E+03 4.31E+03 7.96E+04  1.43E+00 7.50E-01  1.89E-01  3.43E-01 2.92E+04 2.65E-01 9.82E+00 8.95E+03
Mean 2.40E+00  -3.15E+03 3.26E+02 -2.77TE+04 6.20E-01 3.12E+00  4.07E-01 2.35E-01 2.19E+04 4.60E-01 4.50E+00 6.23E+03

Median  2.35E+00  -3.30E+03 3.18E+02 -2.81E+04  6.12E-01 3.15E+00  3.94E-01  2.38E-01 2.13E+04 4.57E-01 4.40E+00 6.36E+03
Q1 2.06E+00  -4.40E+03  -1.73E+02  -3.90E+04  4.08E-01 3.00E+00 3.81E-01  1.90E-01 1.80E+04 4.30E-01 3.29E+00 4.71E+03
Q3 2.62E+00  -2.08E+03 8.85E+02 -1.42E+04 8.08E-01 3.23E+00  4.35E-01 2.80E-01 2.54E+04 4.87E-01 5.45E+00 7.89E+03

Variance  2.66E-01 1.98E+06 5.14E+05 2.24E+08 7.87E-02  2.23E-02 1.66E-03 3.98E-03 2.49E+07 1.81E-03 2.82E+00 3.87E+06

Std. Dev.  5.16E-01 1.41E+03 7.17E+02 1.50E+04 2.81E-01 1.49E-01 4.07E-02 6.31E-02 4.99E+03 4.25E-02 1.68E+00 1.97E+03

Skewness  4.62E-01 2.47E-01 -6.80E-02 -1.74E-01 3.56E-01 -3.25E-01 1.19E+00 -7.70E-02 3.75E-01 3.78E-01 5.64E-01 -2.90E-01

Kurtosis 6.70E-01  -1.07E+00  -4.72E-01 -8.33E-01  -2.04E-01 -9.12E-01 6.92E-01 -3.91E-01 -4.36E-01 1.64E-01 1.33E-01 -6.07E-01
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Box-Whisker plots for each feature is given in Figure 6.62.
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Figure 6.62 : Boxplots of the dataset for Case 3.3.

The data is randomly split into training and testing subsets with the ratio of 75% and
25%, respectively. The results and graphical presentations of the intermediate steps for
Case 3.3 is given in Appendix D. The results of the ANN sensitivity study, ANN
hidden-layer settings, optimum SVR hyper-parameters and grid search plots,
scatterplots for the model training and training errors, normalized ROP predictions
with testing subset for each model, and error histograms can be found in the

corresponding section of the Appendix D.

Cumulative statistical comparison of the results for Case 3.3 is presented in Figure
6.63.
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Figure 6.63 : Cumulative statistical comparison for Case 3.3.
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As seen in Figure 6.63, adding torque parameter to default BYM (Case 3.3.5) and
using ANN give the best result in terms of the maximum correlation coefficient (0.858)
and the minimum RMSE (0.0865). Feature selection is performed via RF algorithm to
find a possibility of increasing the prediction accuracy. Feature importance are

presented in Figure 6.64.
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Figure 6.64 : Relative feature importance for Case 3.3.

As a performance indicator, RMSE values of the sensitivity analysis for the feature
selection algorithm regarding relative feature importance showed in Figure 6.64 is

presented in Table 6.18.

Table 6.18 : RMSE values of the feature selection for Case 3.3.

e-SVR ¢-SVR v-SVR v-SVR

MLR Linear RBF Linear RBF ANN

X2 0.1294 0.1295 0.0990 0.1294 0.0994 0.1069

+Xs 0.1185 0.1186 0.0938 0.1191 0.0938 0.1042
+ TRQ 0.1014 0.1019 0.0949 0.1017 0.0948 0.0993
+xg 0.0974 0.0976 0.0826 0.0977 0.0831 0.0931
+Xs 0.0962 0.0961 0.0930 0.0960 0.0895 0.0909
+xs 0.0913 0.0916 0.0798 0.0917 0.0815 0.0862
+x3 0.0889 0.0891 0.0870 0.0893 0.0873 0.0841
+ Bl 0.0999 0.1008 0.1029 0.1008 0.1026 0.0974
+ SFG 0.0978 0.0978 0.0964 0.0975 0.0975 0.0936
+SI 0.0988 0.0980 0.1109 0.0981 0.1108 0.0995
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As seen from Table 6.18, the minimum error (0.0798) is found when default BYM

except xe and torque parameters are used in the regression. Another case (Case 3.3.8)

is created by default BYM+TRQ except Xs as features to determine testing accuracy.

Performance comparison charts are given in Figure 6.65 in terms of correlation

coefficient and RMSE.
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Figure 6.65 : Statistical performance comparison of feature selection for Case 3.3.

Error box-plots are presented in Figure 6.66.
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Residual box-plots of feature selection for Case 3.3.

As seen in Figure 6.63, linear models do not give satisfactory results for most of the

cases, except Case 3.3.7, which is the case that all additional parameters alongside

default BYM are used for regression. Furthermore, as seen in Figure 6.65, the

maximum correlation coefficient and the minimum error is in Case 3.3.8 with ¢-SVR

RBF kernel, including all the parameters with torque and except Function xs, which

can also be seen from the error distribution in Figure 6.66.

115



6.3 Discussions and General Evaluations

As mentioned previously, the primary focus of this dissertation is to apply a different
regression model as an alternative to MLR and to modify BYM by implementing
additional geomechanical features to generate a relationship between the heterogeneity
and the ROP. The concept is limited to a single type of homogeneous or heterogeneous
formation, and the study is performed from a well programming stage perspective.
Several predictive models (MLR, SVR, and ANN) are used to build an ROP prediction
model. Feature selection is performed with sensitivity analysis and RF algorithm.
Prediction accuracies for each predictive model are compared with performance
metrics, including RMSE, correlation coefficient, and p-value. The summary of the

overall results is presented in Table 6.19.

Table 6.19 : Summary of the overall results.

Case Formation No of Feature Best Effective
No Type Input Data  Selection Model Features
1.1 Homogeneous 30 No e-SVR RBF BYM
1.2 Homogeneous 25 No e-SVR RBF BYM
1.3 Homogeneous 21 No e-SVR RBF BYM
2.1 Homogeneous 57 No v-SVR RBF BYM
2.2 Homogeneous 34 No MLR BYM
2.3 Heterogeneous 919 Sensitivity &-SVR RBF BYM+SFG-xs
3.1 Heterogeneous 218 RF e-SVR RBF  TRQ+Xz+Xs
3.2 Homogeneous 31 RF MLR BYM+AIl-xs
3.3 Heterogeneous 967 RF e-SVR RBF BYM+TRQ-x3

As seen in Table 6.19, it is shown that e-SVR with RBF kernel can predict ROP with
high accuracy for the cases, including data taken from the literature (Cases 1.1, 1.2,
and 1.3). However, these cases contain a limited number of training data (being less
than 30). On the other hand, it is seen that v-SVR with RBF kernel and MLR give
better predictions in remaining homogeneous cases, including data taken from the
wells C-1 and C-2 (Cases 2.1, 2.2, and 3.2). Finally, e-SVR with RBF kernel with RF
feature selection algorithm is the best predictive model for the heterogeneous cases
(Cases 2.3, 3.1, and 3.3).

The results are related to multicollinearity between the features, which can be directly
seen in pairwise correlations in the designated correlograms. Moreover, the number of
training data also has an essential effect on the prediction accuracies. In homogeneous

cases, some overfitting problems are observed in the training phases since the number
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of training data is relatively low (less than the square of the number of features). This
problem is overcome by fine-tuning the hyper-parameters of SVR and performing

cross-validation techniques.

As mentioned in Chapter 2: Literature Review, 51 studies in the literature consider ML
applications for ROP optimization and prediction. However, only 4 of these studies
include formation heterogeneity (Ahmed et al., 2019; Gan et al., 2019c; Yuswandari
et al., 2019; Elkatatny, 2021). Moreover, these studies take the complexity in the
formation lithology as drilling through various types of formations. On the other hand,
lithology complexity and formation heterogeneity are defined as containing different
volumes of lithologies for a unit interval in this dissertation. Additionally, none of
these four studies mentioned above is neither compared with nor based on BYM.
Furthermore, one particular study (Elkatatny, 2021) has its limitation by constructing
the testing subset within the range of the training subset. Moreover, the other studies
for heterogeneous formations, which consider PDC and hybrid bit designing, do not

include any functional relationships of the drilling parameters defined in BYM.

In line with the explanations above, different regression models are implemented as
an alternative to MLR by modifying BYM to predict ROP in heterogeneous
formations. This process is carried out by introducing several geomechanical features
and surface torque data to the BYM to generate a relationship between the ROP and

the heterogeneity, which creates the unique aspect of this dissertation.
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7. CONCLUSIONS

The primary purpose of this study is to apply a different type of regression model and
modify BYM by implementing geomechanical parameters to construct a relationship
between the mechanical rock properties and the heterogeneity. These geomechanical
parameters are shale index, uniaxial compressive strength, brittleness index, shear
failure gradient, and torque. In this study, several predictive methods are used to build
a model for ROP prediction: multiple linear regression (MLR), support vector
regression (SVR), and artificial neural networks (ANN).

Several predictive methods are applied to the datasets taken from the literature, which
belong to homogeneous formations. Finally, the results are compared from a statistical
point of view to determine the best predictor in each case. The findings of these cases
are presented in an SClI-e indexed journal paper (Kor and Altun, 2020). It was
mentioned that SVR could make predictions with good approximation when the
number of training data is limited (Kor and Altun, 2020).

As expressed in Chapter 6, the main goal of the applications in this study is to perform
rate of penetration (ROP) predictions in heterogeneous formations. For this purpose,
data belonging to the wells drilled in one of the Turkish Petroleum Corporation fields
are used. The applicability of predicting ROP in heterogeneous formations by
modifying BYM is shown and presented for the first time by the findings of this
dissertation, which are also published in an SCI-e indexed journal paper (Kor et al.,
2021). The results are compared within statistical aspects, and the main conclusions

regarding the particular datasets are given below.

e Itis essential to perform quality assurance and quality control (QA/QC) on the
dataset before using it in the regression analysis. The noise in the data should
be estimated. The data points that generate noise should be excluded from the

main dataset.

e Different implementations of SVR are applied to the dataset taken from the

studies of other researchers. It is showed that when the number of training data
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is insufficient (being less than 30 datasets), the accuracy of MLR is relatively

low in predicting ROP.

For the cases including a limited number of training data (Case 1.2 and 1.3),

SVR with RBF kernels generates better predictions.

Formations F-4 and F-5 of the well C-1 contain homogeneous lithology.
Therefore, the cases belong these formations (Case 2.1 and 2.2) are related to
the homogeneous formations. For each case, linear models (MLR and SVR
with the linear kernel) give the best prediction performances among other

predictive models.

Formation F-6 is highly heterogeneous. Linear models (MLR and SVR with
the linear kernel) do not perform well in ROP prediction by yielding higher
RMSE and lower correlation coefficient. On the other hand, SVR with RBF

kernels gives better prediction results for most cases (Cases 2.3.1-2.3.5).

Furthermore, the prediction accuracies of SVR with RBF kernels are higher
than MLR, which is the default predictor method of BYM. ANN also performs
better than MLR in terms of ROP prediction.

Additional geomechanical parameters related to heterogeneity have different
effects on prediction performances for all models. Adding SFG parameter to
default BYM (Case 2.3.3) gives maximum increment in correlation coefficient

between actual and predicted ROP values.

Feature selection is highly informative. Excluding the WOB effect (Function
xs) from Case 2.3.3 resulted in an increment in prediction accuracy (Case
2.3.7). WOB can be effective in ROP prediction when the parameter range is
wider. The effect of WOB for ROP prediction is negligible for this particular

dataset due to the narrow range of the variable.

For the C-2 well, in heterogeneous formations (Case 3.1 and 3.3), SVR with
RBF kernels gives better prediction results in RMSE. On the contrary, for the

homogeneous formations (Case 3.2), linear models produce lower errors.

Adding some extra features related to the rock mechanics has different effects

on prediction performances for all models. Torque is found as the key
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parameter to define the relationship between ROP and heterogeneity. Depth is

another critical parameter on ROP prediction in heterogeneous formations.

Feature selection based on the Random Forests algorithm is applied. However,
the cut-off value is formation-specific. Therefore, feature selection should be

performed for each data set exclusively.

This study considers ROP prediction in well programming phase by using
offset drilling data. However, the approach provided in this study can be
modified for real-time applications. Further investigation on predicting ROP in

heterogeneous formations in real-time operations is required.
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APPENDIX A: Datasets Taken from the Literature

Table A.1 : Data from Bourgoyne Jr. and Young Jr. (1974).

Bit

Data Depth ROP  Weight OB poon  Réynolds oy Pore
Entry  [f]  [fuhr]  [1000  SP%d  \yepr  Number 0y Cradient
Ib/in] [rpm] Function [Ib/gal]

1 9515 230 258 113 0.7 0.964 95 9.0
> 9830 220 115 126 0.38 0.964 95 9.0
3 10130 140 081 129 0.74 0.827 9.6 9.0
4 10250 100 095 87 0.15 0.976 9.7 9.0
5 10300 160 102 78 0.24 0.984 9.7 9.0
6 10500 190 169 81 0.61 0.984 9.7 9.1
7 10575 130 156 81 0.73 0.984 9.7 9.2
8 10840 166 163 67 0.38 0.932 9.8 9.3
9 10060 159 183 65 0.57 0.878 9.8 9.4
10 11060 157 203 69 0.72 0.878 9.8 9.5
11 11475 140 169 77 0.20 0.887 10.3 9.5
12 11775 135 231 58 0.12 0.852 11.8 10.1
13 11940 62 226 67 0.2 0.976 15.3 12.4
14 12070 96 207 84 0.08 0.993 15.7 13.0
15 12315 155 311 69 0.40 1.185 16.3 14.4
16 12900 314 282 85 0.42 1.150 16.7 15.9
17 12975 427 348 77 0.17 1221 16.7 16.1
18 13055 386 329 75 0.29 1.161 16.8 16.2
19 13250 434 282 76 0.43 1.161 16.8 16.2
20 13795 125 160 81 0.56 0.272 16.8 16.2
21 14010 211 104 75 0.46 0.201 16.8 16.2
22 14455 190 176 64 0.16 0.748 16.9 16.2
23 14695 187  2.00 76 0.27 0.819 17.1 16.2
24 14905 202 235 75 0.33 0.419 17.2 16.4
25 15350 271 212 85 0.31 129 17.0 16.5
26 15740 148 235 78 0.81 0.802 17.3 16.5
27 16155 126 247 80 0.12 0.670 17.9 16.5
28 16325 149 376 81 0.50 0.532 17.5 16.6
29 17060 138 376 65 0.91 0.748 17.6 16.6
30 20265 90 341 60 0.01 0.512 17.7 16.6
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Table A.2 : Data from Irawan et al. (2012).

Bit

Data Depth  ROP Weight Rotary Tooth Reynolds ECD Por.e
Enty  [f]  [fuhr]  [1000  SPeed  \yeqr  Number o oan  Gradient
Ib/in] [rpm] Function [Ib/gal]
1 2150 171 0.82 120 0.500 0.882 8.93 8.365
2 2155 20 0.57 110 0.125 0.819 9.06 8.365
3 3591 160 0.82 120 0.500 1.290 9.11 8.365
4 5190 82 1.63 120 0.750 1.290 9.11 8.365
5 5872 49 2.45 120 0.875 1.290 9.11 8.365
6 6000 43 2.45 120 0.250 1.290 9.11 8.365
7 6080 64 1.63 120 0.625 1.062 9.49 8.365
8 6322 36 2.45 120 0.875 0.772 9.67 8.365
9 6592 27 2.85 120 1.000 0.772 9.67 8.365
10 6679 14 0.41 120 0.625 1.338 9.69 8.365
11 7341 83 1.63 180 0.375 1.145 9.69 8.365
12 8921 46 1.63 180 0.000 1.216 9.68 8.365
13 9363 47 1.63 180 0.000 0.868 9.88 8.571
14 9652 19 2.85 100 1.000 1.192 9.96 8.960
15 9660 3 2.45 65 0.125 1.192 9.96 8.960
16 10662 34 1.22 180 0.000 1.097 9.96 8.910
17 10735 16 2.86 65 0.125 1.192 9.96 8.900
18 10900 35 0.82 150 0.000 1.034 9.96 8.890
19 11214 12 3.27 70 0.250 1.114 9.96 8.880
20 11224 5 2.94 100 0.375 0.903 11.10 9.390
21 11481 26 1.76 170 0.000 0.975 11.02 9.370
22 12885 28 1.76 160 0.000 0.975 11.02 9.860
23 13180 11 1.76 130 0.000 0.825 10.96 10.120
24 13810 21 1.76 150 0.000 0.632 10.97 10.040
25 14300 15 1.76 160 0.000 0.632 10.95 9.980
Table A.3 : Data from Al-Betairi et al. (1988).
Bit Jet
Data Depth  ROP Weight F;oiré/ Tooth Impact ECD G;(()jrig nt
Entry  [f]  [fhr]  [1000 P Wear  Force  [Ib/gal] el
Ib/in] [rpm] (Ibf) [lbo/gal]
1 1187  80.0 0.02 120 0.000  16.362 18.2 9.0
2 1675  97.6 0.24 120 0.125  24.933 28.5 9.2
3 2084 818 2.04 120 0.250  46.031 17.1 9.4
4 2720 56.5 3.35 110 0.625  46.031 16.3 9.5
5 3563  56.2 3.35 90 0500  48.907 13.3 9.5
6 3944 282 3.35 110 0500  48.907 12.7 9.5
7 6069  39.0 4.09 100 0.750  42.842 14.9 9.5
8 6290  13.0 441 100 0.125  40.700 14.5 9.5
9 6530  17.8 4.09 100 0500  40.700 14.3 9.5
10 6739  14.9 4.09 100 0.625  40.700 13.9 9.4
11 7346 16.2 5.03 100 0.875  40.700 13.5 8.4
12 7467  10.1 456 110 0.750  40.700 13.4 9.4
13 7646  10.5 5.03 100 1.000  40.700 13.3 9.5
14 7711 10.0 5.03 120 0500  40.700 13.3 9.5
15 7881 7.5 5.03 100 0500  39.707 13.3 9.3
16 8008 5.1 5.03 100 0.250  40.700 13.1 8.4
17 8114 7.1 4.09 100 0.000  40.700 13.1 8.4
18 8564  13.2 3.63 90 0.250  40.700 12.9 9.3
19 8903 7.9 3.63 85 0.000  40.700 12.7 9.5
20 9298 5.5 4.09 90 0.000  40.700 12.6 9.5
21 9325 6.0 3.63 90 0.250  38.762 12.7 9.5
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APPENDIX B: Derivation of Support Vector Machines

The classification problem is to separate the dataset into its classes with a hyperplane,
as expressed in equation B.1.

f (x)=(w,x)+b
D= {(xl, Y (XY )}and xeR"ye{-11}

In equation B.1, w is the weight vector, b is the bias and | is the number of training
data. If b is assumed as zero, the data points corresponding to w'x = 0 exist
perpendicular to w while intersecting the origin. This condition can be described with
a line in 2-D and a plane in 3-D, which are called a hyperplane. The bias term’s
geometrical implication is the interpretation of the distance between the hyperplane
and the origin. The hyperplane equation can be given as in equation B.2.

{x: f(X)=WTX+b=O} (B.2)

(B.1)

Equation B.2 divides the sample space into two parts. f(x) is the linear discriminant
function. The sign of f(x) represents the part of the divided space. It is possible to state
that the data points are optimally separated, and the margin is maximum while
assuming that the error is zero. It is suitable to implement an optimal canonical
separating hyperplane (OCSH) to eliminate any generality loss. Hence, the constraints
can be described as in equation B.3.

min|(w,x;) +b[=1 (B.3)

The constraint in equation B.3 makes the formulation simpler, which states that the
norm or the measure of the weight vector should be equal to the inverse of the distance
between the hyperplane and the closest data point(s).

In terms of the geometrical approach, an OCSH must compensate the constraints in
equation B.4.

y' [(w,x;)+b]>1

B.4
(i=1..1) (B4
The distance from the hyperplane can be expressed as in equation B.5.
X )+b
d(w,b;x):KW X)+ ‘ (B.5)
[w]

As stated previously, an OCSH maximizes the margin regarding the constraints in
equation B.4. The margin can be calculated via equations B.6, B.7, B.8, and B.9.

M :Xmi:rlld(w,b; xi)+xrpy5£11d(w,b; X;) (B.6)
X )+b X )+b
M = mln KW Xl>+ ‘-i-min KW Xl>+ ‘ (B?)
S T
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M= ||w||(xny1."11KW %)-+b|+ min (w, i>+b\) (B.8)
M =2 (B.9)
[w
Hence, the OCSH minimizes equation B.10.
1
®(w)= E”W”2 (B.10)

Equation B.10 does not involve the bias term since the bias in equation B.4 does not
change the value of margin but only affects the hyperplane by shifting it within the
normal direction. Equation B.10 can be minimized within the constraints in equation
B.4 by implementing Lagrangian multipliers as in equation B.11.

@(W,b,a)=%||w||2—izl_1:ai(yi [(w,x,)+b]-1) (B.11)

In equation B.11, « is the Lagrangian multiplier, minimized for w and b while being
maximized with « > 0. Equation B.11 can be transformed into a dual problem for
simplicity as in equation B.12.

maxW (a)= max(

a

min®(wb, )| (B.12)

w,b
The minimization process with respect to w and b is shown in equation B.13.

|
%% =0—> Zai y, =0
=t (B.13)

oD !
— =0-> VX =W
o =0 X

i=1

By merging equations B.12 and B.13, the primal problem is converged into the dual
problem as in equation B.14.

maxW max——ZZa <xi,xj>+zllak (B.14)

The solution for equation B.14 is given in equation B.15 with the constraints in
equation B.16.

| | |
o =arg mmiZZa BRSO RN (B.15)
i=1 j=1 k=1
|
,Z::‘a‘y’ (B.16)
o >0 (i=1..1)

Equations B.13 and B.16 are called Karush-Kuhn-Tucker (KKT) conditions. Applying
the conditions in equation B.16 to equation B.15 and solving the problem provide the
OCSH as given in equations B.17 and B.18.
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|
W= Zai YiX (B.17)
=

b* = _%<W*’ Xclassl + Xclassz> (B 18)

In equation B.18, Xclass1 and Xciass2 are the support vector for designated classes.

Generally, classifiers can be defined in two subgroups: Hard margin classifiers and
soft margin classifiers, which are given in equations B.19 and B.20, respectively.

f(x) =sgn(<w*,x>+b) (B.19)
-1, z<-1

f(x)=hy ((W*,x>+b)whereh(z)= z, -1<z<1 (B.20)
+1, z>1

In equation B.20, hyc is Vapnik-Chervonenkis (VC) dimension, which is a scalar value
that can be used the bounds of any hyperplane in machine learning. VC dimension can
be expressed via equation B.21.

he <min(R*A%,n)+1 (B.21)
In equation B.21, R is the radius of the sphere encapsulating the data points, A is the
holding bound and n is the degree of dimension.

Soft margin classifiers generate an output of a real number within the range of -1 and
1 when the hyperplane is inquired within the margin, where there is not any training
data. Therefore, it is recommended to use soft margin classifiers rather than hard
margin classifiers.

An additional KKT condition is given in equation B.22.
o i ((w,x ) +b)-1]=0 (i=1,...1) (B.22)

The only data points xi having non-zero Lagrangian multipliers are called support
vectors (SVs), which satisfy equation B.23.

Y ((w,x;)+b) =1 (B.23)

SVs are placed through the margin if the data is linearly separable. Additionally, the
hyperplane is generated via a small number of the training data, while other data points
are ignored. That situation yields equation B.24 valid.

||W||2 :Zai =Y =2 > aayy, <xi,xj> (B.24)

ieSV ieSV jeSV

This ideal situation is valid for the linearly-separable data. Otherwise, to determine the
optimum hyperplane, noise in the data should be estimated. To make the hyperplane
separate the data correctly, a penalty function with non-negative variables defined in
equation B.25 should be implemented in the training phase.

F(&)=2¢ (B.25)
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In equation B.25, & are called slack variables that represent errors due to
misclassification. By implementing the slack variables, the optimization problem is
transformed into minimizing both the bound of the VC dimension and the
misclassification error at the same time. The constraints in equation B.4 should be
updated as in equation B.26 to perform this optimization.

yi[(w.x)+b]21-&
(i=1..1), & >0

Thus, the generalized OCSH can be estimated via the weight vector that minimizes
equation B.27.

(B.26)

O (w, &)= %||w||2 Y4 (8.27)

In equation B.27, the complexity, or the penalty parameter (C) is a user-defined scalar
value used to modify the margin to minimize the slack variables. It should be noted
that a high value of C may be resulted in a high penalty. Similarly, a low value of C
may cause misclassification.

The goal is finding a solution to equation B.27 with the constraints in equation B.26.
The solution is given in equation B.28.

®(w,b,a.&,f) :%||w||2 X
S (u[(wox) +0] -1+ &)~ 3¢

In equation B.28, « and f are the Lagrangian multipliers. The aim is given in equation
B.29 in terms of the dual problem.

(B.28)

maxW (a,p)= rg%x(rvpbi?q)(w,b,a,ﬁ,ﬂ)) (B.29)

The minimization process with respect to w, b, and & is shown in equation B.30.
oD

|
—=0-> y. =0
ab ;alyl
oD '
8W ;alyll ( )
oD
o0 ah

By merging equations B.30, B.29, and B.28, the primal problem is converged into the
dual problem as in equation B.31.

maxW(oc):max—%zzfxiocjyiyj <xi,xj>+Z|:ock (B.31)
@ k=1

@ i=1 j=1

The solution for equation B.31 is given in equation B.32 with the constraints in
equation B.33.
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. . 1 | |
a :argofmnEZZoziozjyiyj (%)= (B.32)

i=1 j=1 k=1

|
2.y, =0
-1

0<e <C (i=1..1)

(B.33)

Like the SVM for classification, the optimal regression can be performed via
minimizing equation B.34.

1 - g+
®(w, &)=l +CX(&¢) (B.34)
In equation B.34, £~ and &* are lower and upper bounds of the slack variables. The

e-insensitive LF can be expressed as in equation B.35.

0, [fx)-y|l<e

_ (B.35)
[f(x)-y|—&,  otherwise

L.(y) ={
Equation B.35 can be implemented to the solution via equation B.36.

@, —argmin 23 (o~ (= o, ) -3 o=t )

. "~ (B.36)

+Z(ai —ai*)g
i=1
Equation B.36 is solved within the constraints in equation B.37.

;(ai_ai )=0 (B.37)
0<qg,a <C (i=1..1)

Hence, the solution becomes as in equations B.38 and B.39.

|
V_VZZ(O‘i —ozi*)xi (B.38)
i=1
5:—1<\Tv,x, L+ Xy 2> (B.39)
2 class class
The solution must meet the KKT conditions in equation B.40.
aa, =0 (i=1..,1) (B.40)

As mentioned, the SVs are non-zero Lagrangian multipliers. Therefore, ¢ is set to zero.
The optimization problem is simplified into equation B.41 with the constraints in
equation B.42.

min2 >3 b, (x.%,) - . A (B.41)

i=1 j=1
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zlﬂ =0 (B.42)
-C<p <C (i=1..,1)

Finally, the regression function becomes as in equations B.43 and B.44.

W= i BX, (B.43)

= 1

b= _§<V_V’ Xojass1 T Xcla552> (B44)
In e-SVR, each data point involves an error while the values outside of the ¢ envelope
are regulated by the penalty parameter. Nevertheless, it is not simple to estimate the
optimum e. It is recommended to use a user-defined controller parameter (v) to modify
the training model by adjusting the amount of &. In v-SVR, the optimization problem
is expressed in equation B.45 with the constraints in equation B.46.

CD(W,§,5)=%||W||2 +C(vg+%2(§i +§i*)j (B.45)
((w,x)+b)-y, <e+&
Y —((w,x;)+b)<e+& (B.46)
£20,&>0

The solution can be expressed explicitly as in equation B.47.

O (w,b,a, B,1,é,¢)= %”W”2 +Cvg+%2(§i +§i*)

—leai (&+y,—(w,x)-b+¢)
= (B.47)

—Za:(fi*+ Y; —(W,Xi>—b+5)—ﬂg

_izlll(nigi + 77:5:)

In equation B.47, a, f, and 5 are the Lagrangian multipliers. If the derivatives of the
primal variables (w, ¢, b, &) are set to zero, the dual problem yields to equation B.48.

W:izlll(ai*—ai)xi

| (B.48)
Cv—Z(ai*+ai)—,B:O

Finally, v-SVR optimization can be performed via maximizing equation B.49 under
the constraints in equation B.50.

W(a) =3 ¥ (- )(xx,) (o)) - Y(e-a )y, (B49)

i,j=1 i-1
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(B.50)
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APPENDIX C: R Script for the Calculations

R Script

B i i i i
#R Script Source Code for PhD Dissertation#
#Author: Korhan Kor #
#Version: v2.1 #
SR

FHEHH AR
#Plotting Correlogrami
FHEHH AR

#Loading libraries
library (readxl)
library (psych)

#Loading dataset

input <- read excel ("Data.xlsx")
dataset <- data.frame (input)
summary (dataset)

#Correlogram settings

pairs.panels (dataset, smooth = FALSE,scale = FALSE,density = TRUE,ellipses =
FALSE,method = "pearson",pch = 21,1lm = FALSE,cor = TRUE, jiggle = FALSE, factor
= 2,hist.col = 8,stars = TRUE,ci = FALSE)

SR i
#Random Forests Feature Importancei#

g sssisdiaasdasdadiasaanaRndii

#Loading libraries
library (readxl)
library (mlbench)
library(caret)

#Loading master dataset

setwd ("E:/Kovan/PhD/Progress Reports/6/Data")
input <- read excel ("Data.xlsx")

dataset <- data.frame (input)

summary (dataset)

#Training the random forest model

control <- trainControl (method="repeatedcv", number=10, repeats=3)
model <- train(y~., data=dataset, method="rf", preProcess="scale",
trControl=control)

#Estimating variable importance

importance <- varImp (model, scale=FALSE)

print (importance)

plot (importance)

results <- as.vector (importance$importance)

pp <- results/sum(results)
write.csv(results$importance, file="importance.csv")
write.csv(pp, file="percentage.csv")

FHEHHEE AR R
#Main Script for the Calculations#
SR i i

#Loading libraries

library (readxl)

library (el071)

library (hydroGOF)

library (PerformanceAnalytics)
library (caTools)

library (grDevices)

library (neuralnet)

library (RColorBrewer)
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#Loading master dataset

input <- read excel ("Data.xlsx", sheet = 2)
dataset <- data.frame (input)

summary (dataset)

#Dividing dataset into train and test subsets
set.seed (101)

sample = sample.split (dataset, SplitRatio = 0.75)
dataset.train = subset(dataset, sample == TRUE)
dataset.test = subset(dataset, sample == FALSE)
summary (dataset.train)

summary (dataset.test)

#Saving data to file
write.csv(dataset.train, file = "data train.csv")
write.csv(dataset.test, file = "data test.csv")

#Calculating total sum of squares
tsstrain <- sum((dataset.train$Sy-mean (dataset.trainly))"2)
tsstest <- sum((dataset.test$y-mean (dataset.testSy)) "2)

#Multiple Regression
reg <- lm(y ~., data = dataset.train)
print (summary (reg))

#Training performance for MLR

reg.predtrain <- predict (reg,newdata = dataset.train)
write.csv(reg.predtrain, file = "reg predtrain.csv")
reg.rsstrain <- sum((dataset.train$y-reg.predtrain)"2)
reg.r2train <- 1-(reg.rsstrain/tsstrain)

reg.rmsetrain <- rmse (reg.predtrain,dataset.traindy)
reg.cortrain <- cor(reg.predtrain,dataset.traindy)
reg.traincortext <- signif(reg.cortrain, digits = 2)

#Testing performance for MLR

reg.predtest <- predict (reg,newdata = dataset.test)
write.csv(reg.predtest, file = "reg predtest.csv")
reg.rsstest <- sum((dataset.test$Sy-reg.predtest)"2)
reg.rmsetest <- rmse (reg.predtest,dataset.testSy)
reg.cortest <- cor(reg.predtest,dataset.test$y)
reg.r2test <- 1-(reg.rsstest/tsstest)

reg.cortext <- signif (reg.cortest, digits = 2)

#Setting up k-fold cross validation
tc <- tune.control(cross = 10)

#e-SVR w/ linear kernel

obj.esvrl <- tune.svm(y ~.,data = dataset.train, type = "eps-regression",
kernel = "linear", cost = seq(from=1.0,t0=10.0,by=0.5), epsilon =
seq(from=0.1,to=1.0,by=0.05), tolerance=0.001, tunecontrol = tc)

print (obj.esvrl)

k.esvrl <- which.min (obj.esvrl$performances(, 3])

c.esvrl <- obj.esvrlSperformances|[,1] [k.esvrl]

e.esvrl <- obj.esvrlSperformances|[,2] [k.esvrl]

kk.esvrl <- min (obj.esvrl$performances|, 3])

aa.esvrl <- paste("Best performance: ", signif(kk.esvrl, digits = 4))
esvrl <- svm(y ~.,data = dataset.train, scale = T, type = "eps-regression",
kernel = "linear", cost = c.esvrl, epsilon =

e.esvrl, tolerance=0.001, shrinking=T, fitted=T)
print (esvrl)
write.csv (obj.esvrlSperformances, file = "eSVR CV.csv")

#Training performance for e-SVR linear

esvrl.predtrain <- predict(esvrl,newdata = dataset.train)
write.csv(esvrl.predtrain, file = "esvrl predtrain.csv")
esvrl.rsstrain <- sum((dataset.train$y-esvrl.predtrain) "2)
esvrl.r2train <- 1l-(esvrl.rsstrain/tsstrain)
esvrl.rmsetrain <- rmse (esvrl.predtrain,dataset.traindy)
esvrl.cortrain <- cor (esvrl.predtrain,dataset.trainly)
esvrl.traincortext <- signif (esvrl.cortrain, digits = 2)

#Testing performance for e-SVR linear
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esvrl.predtest <- predict (esvrl,newdata = dataset.test)
write.csv(esvrl.predtest, file = "esvrl predtest.csv")
esvrl.rsstest <- sum((dataset.test$Sy-esvrl.predtest)"2)
esvrl.rmsetest <- rmse(esvrl.predtest,dataset.tests$y)
esvrl.cortest <- cor(esvrl.predtest,dataset.testSy)
esvrl.r2test <- 1l-(esvrl.rsstest/tsstest)

esvrl.cortext <- signif(esvrl.cortest, digits = 2)

#e-SVR w/ RBF kernel

obj.esvr2 <- tune.svm(y ~.,data = dataset.train, type = "eps-regression",
kernel = "radial", cost = seq(from=1.0,to0=10.0,by=0.5), epsilon =
seqg(from=0.1,to=1.0,by=0.1), gamma = seq(from=0,to=10,by=1) ,tolerance=0.001,
tunecontrol = tc)

print (obj.esvr2)

k.esvr2 <- which.min (obj.esvr2$performances][,4])

g.esvr2 <- obj.esvr2$performances[,1l] [k.esvr2]

c.esvr2 <- obj.esvr2$Sperformances[,2] [k.esvr2]

e.esvr2 <- obj.esvr2$performances|[, 3] [k.esvr2]

esvr2 <- svm(y ~., data = dataset.train, scale = T, type = "eps-regression",
kernel = "radial", cost = c.esvr2, epsilon = e.esvr2, gamma = g.esvr2,
tolerance=0.001, shrinking=T, fitted=T)

print (esvr2)

#Training performance for e-SVR RBF

esvr2.predtrain <- predict(esvr2,newdata = dataset.train)
write.csv(esvr2.predtrain, file = "esvr2 predtrain.csv")
esvr2.rsstrain <- sum((dataset.train$y-esvr2.predtrain)"2)
esvr2.r2train <- 1-(esvr2.rsstrain/tsstrain)
esvr2.rmsetrain <- rmse (esvr2.predtrain,dataset.traindy)
esvr2.cortrain <- cor (esvr2.predtrain,dataset.trains$y)
esvr2.traincortext <- signif (esvr2.cortrain, digits = 2)

#Testing performance for e-SVR RBF

esvr2.predtest <- predict (esvr2,newdata = dataset.test)
write.csv (esvr2.predtest, file = "esvr2 predtest.csv")
esvr2.rsstest <- sum((dataset.test$Sy-esvr2.predtest)"2)
esvr2.rmsetest <- rmse(esvr2.predtest,dataset.tests$y)
esvr2.cortest <- cor (esvr2.predtest,dataset.testSy)
esvr2.r2test <- 1l-(esvr2.rsstest/tsstest)

esvr2.cortext <- signif (esvr2.cortest, digits = 2)

#n-SVR with linear kernel

obj.nsvrl <- tune.svm(y ~.,data = dataset.train, type = "nu-regression",
kernel = "linear", cost = seq(from=1.0,t0=10.0,by=0.5), nu =
seq(from=0.1,to=1.0,by=0.05), tolerance=0.001, tunecontrol = tc)

print (obj.nsvrl)

k.nsvrl <- which.min (obj.nsvrl$performances(,3])

c.nsvrl <- obj.nsvrlSperformances[,1] [k.nsvrl]

n.nsvrl <- obj.nsvrl$performances[,2] [k.nsvrl]

kk.nsvrl <- min (obj.nsvrl$performances(,3])

aa.nsvrl <- paste("Best performance: ", signif(kk.nsvrl, digits = 4)
nsvrl <- svm(y ~.,data = dataset.train, scale = T, type = "nu-regression",
kernel = "linear", cost = c.nsvrl, nu =

n.nsvrl,tolerance=0.001,shrinking=T, fitted=T)
print (nsvrl)
write.csv (obj.nsvrl$performances, file = "nSVR CV.csv")

#Training performance for n-SVR linear

nsvrl.predtrain <- predict(nsvrl,newdata = dataset.train)
write.csv(nsvrl.predtrain, file = "nsvrl predtrain.csv")
nsvrl.rsstrain <- sum((dataset.train$y-nsvrl.predtrain)"2)
nsvrl.r2train <- 1l-(nsvrl.rsstrain/tsstrain)
nsvrl.rmsetrain <- rmse (nsvrl.predtrain,dataset.trains$y)
nsvrl.cortrain <- cor (nsvrl.predtrain,dataset.train$y)
nsvrl.traincortext <- signif (nsvrl.cortrain, digits = 2)

#Testing performance for n-SVR linear

nsvrl.predtest <- predict (nsvrl,newdata = dataset.test)
write.csv(nsvrl.predtest, file = "nsvrl predtest.csv")
nsvrl.rsstest <- sum((dataset.test$Sy-nsvrl.predtest)"2)
nsvrl.rmsetest <- rmse(nsvrl.predtest,dataset.test$y)
nsvrl.cortest <- cor(nsvrl.predtest,dataset.test$y)
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nsvrl.r2test <- 1l-(nsvrl.rsstest/tsstest)
nsvrl.cortext <- signif(nsvrl.cortest, digits = 2)

#n-SVR with RBF kernel

obj.nsvr2 <- tune.svm(y ~.,data = dataset.train, type = "nu-regression",
kernel = "radial", cost = seq(from=1,to=10.0,by=0.5), nu =
seq(from=0.1,to=1.0,by=0.1), gamma = seqg(from=0,to=10,by=1) ,tolerance=0.001,
tunecontrol = tc)

print (obj.nsvr2)

k.nsvr2 <- which.min (obj.nsvr2$performances|[,4])

g.nsvr2 <- obj.nsvr2$Sperformances[,1] [k.nsvr2]

c.nsvr2 <- obj.nsvr2$Sperformances[,2] [k.nsvr2]

n.nsvr2 <- obj.nsvr2$Sperformances[,3] [k.nsvr2]

nsvr2 <- svm(y ~.,data = dataset.train, scale = T, type = "nu-regression",
kernel = "radial", cost = c.nsvr2, nu = n.nsvr2, gamma = g.nsvr2,
tolerance=0.001, shrinking=T, fitted=T)

print (nsvr2)

#Training performance for n-SVR RBF

nsvr2.predtrain <- predict(nsvr2,newdata = dataset.train)
write.csv(nsvr2.predtrain, file = "nsvr2 predtrain.csv")
nsvr2.rsstrain <- sum((dataset.train$y-nsvr2.predtrain)"2)
nsvr2.r2train <- 1l-(nsvr2.rsstrain/tsstrain)
nsvr2.rmsetrain <- rmse (nsvr2.predtrain,dataset.traindy)
nsvr2.cortrain <- cor (nsvr2.predtrain,dataset.traindy)
nsvr2.traincortext <- signif (nsvr2.cortrain, digits = 2)

#Testing performance for n-SVR RBF

nsvr2.predtest <- predict (nsvr2,newdata = dataset.test)
write.csv(nsvr2.predtest, file = "nsvr2 predtest.csv")
nsvr2.rsstest <- sum((dataset.test$Sy-nsvr2.predtest)"2)
nsvr2.rmsetest <- rmse(nsvr2.predtest,dataset.test$y)
nsvr2.cortest <- cor (nsvr2.predtest,dataset.testSy)
nsvr2.r2test <- 1l-(nsvr2.rsstest/tsstest)

nsvr2.cortext <- signif(nsvr2.cortest, digits = 2)

#Neural Network

ff <- ncol(dataset)

feats <- names(dataset[2:ff])

f <- paste(feats,collapse=' + ')

f <- paste('y ~',f)

f <- as.formula (f)

nn <- neuralnet (f,dataset.train,hidden=5,1linear.output=FALSE)

#Training performance for ANN

ann.train <- compute (nn,dataset.train[2:£ff])
ann.predictl <- ann.train$net.result

ann.predtrain <- data.frame (ann.predictl)
write.csv(ann.predictl, file = "ann predtrain.csv")
ann.rsstrain <- sum((dataset.train$Sy-ann.predtrain)"2)
ann.r2train <- 1-(ann.rsstrain/tsstrain)

ann.cortrain <- cor(ann.predtrain,dataset.train$y)
ann.traincortext <- signif(ann.cortrain, digits = 2)
ann.rmsetrain <- rmse (ann.predtrain,dataset.traindy)

#Testing performance for ANN

ann.test <- compute (nn,dataset.test[2:ff])
ann.predict2 <- ann.test$net.result

ann.predtest <- data.frame(ann.predict?2)
write.csv(ann.predict2, file = "ann predtest.csv")
ann.rsstest <- sum((dataset.test$y-ann.predtest) "2)
ann.r2test <- l-(ann.rsstest/tsstest)

ann.cortest <- cor(ann.predtest,dataset.testS$y)
ann.cortext <- signif (ann.cortest, digits = 2)
ann.rmsetest <- rmse (ann.predtest,dataset.testSy)

#Statistical comparison

plot.rss <- c(reg.rsstest, esvrl.rsstest, esvr2.rsstest, nsvrl.rsstest,
nsvr2.rsstest, ann.rsstest)

plot.rmse <- c(reg.rmsetest, esvrl.rmsetest, esvr2.rmsetest, nsvrl.rmsetest,
nsvr2.rmsetest, ann.rmsetest)
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plot.cor <- c(reg.cortest, esvrl.cortest, esvr2.cortest, nsvrl.cortest,
nsvr2.cortest, ann.cortest)

plot.r2 <- c(reg.r2test, esvrl.r2test, esvr2.r2test, nsvrl.r2test,
nsvr2.r2test, ann.r2test)

plot.train <- c(reg.rmsetrain, esvrl.rmsetrain, esvr2.rmsetrain,
nsvrl.rmsetrain, nsvr2.rmsetrain, ann.rmsetrain)
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APPENDIX D: Graphical Results of Intermediate Steps

D.1. Intermadiate Steps for Case 2.3
D.1.1. Case 2.3.1: Default BYM
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Figure D.1 : ANN hidden layer sensitivity for Case 2.3.1.
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Table D.1 : SVR hyper-parameters for Case 2.3.1.

e-SVR

v-SVR

Linear

RBF Linear

RBF

C I

C v € C v

C v v

25 065 3.0 1.0 0.15 10 045 3.0 1.0 1.0
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D.1.2. Case 2.3.2: BYM+SI
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Table D.2 : SVR hyper-parameters for Case 2.3.2.
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D.1.3. Case 2.3.3: BYM+UCS
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Table D.3 : SVR hyper-parameters for Case 2.3.3.

e-SVR v-SVR
Linear RBF Linear RBF
C € C v ¢€|]C v C vy v
75 075 15 10 0.2 15 06 15 1.0 0.4

e-SVR Linear v-SVR Linear

N O O H H H H D
S S S
Sequence No

e-SVR RBF

1 i 1

o R -
5 e

o
S 0.6 E 0.6
N N
w04 ® 0.4
E E
S ]
= 02 =02

ol—L 1 1 | [§
O D OO OO O D
A S S

Sequence No

0

O P PP PP DS
TS S A
Sequence No

Figure D.17 : Model training for Case 2.3.3.

Rl i

0.12 %%% ”
Sl )T
2 0.08 %%%y &/
]
L
N

Figure D.18 : Training errors for Case 2.3.3.

164



€-SVR Linear v-SVR Linear

-

1 1
o 0.8 o 08 a 0.8
i 38 L
N 08 NS08 N o8
g 3 E 3 g 2
Q (3] (5]
5:60'4 5;50.4 16;50.4
zg zQ zp
o022 o 02 o o2
0 0 1 l 1 I 1 | 1 l 1 0
0 02 04 06 08 1 0 02 04 06 08 1 0 02 04 06 08 1
Normalized Normalized Normalized
Actual ROP Actual ROP Actual ROP
£-SVR RBF v-SVR RBF ANN
1 1 1
o 0.8 o 08 o 08
HE : e
N 06 NS08 NS08
E 2 E i} g 2
Q Q Q
16;30.4 :6-_50.4 \6;50.4
zp z@ -
o 0.2 oo02 o o2
0 1 I 1 I 1 I 1 I 1 0 0
0 02 04 06 08 1 0 02 04 06 08 1 0 02 04 06 08 1
Normalized Normalized Normalized
Actual ROP Actual ROP Actual ROP
Figure D.19 : ROP predictions with testing subset for Case 2.3.3.
MLR €-SVR Linear v-SVR Linear
80 80 80
>, 60 -, 60 60
1) 1) o
5 5 5
S 40 S 40 S 40
o o T
g g g
20 % 20 20
0 0 0
-04 02 0 02 04 06 04 02 0 02 04 06 -04 -02 0 02 04 06
Residual Residual Residual
£-SVR RBF v-SVR RBF ANN
100 100 80
60
) oy )
& & &
S =] S 40
=3 <3 o
8 g g
w w (T

0 0 0
04 02 0 02 04 06 -04 02 0 02 04 08 -04 02 0 02 04 06

N
o

Residual Residual Residual

Figure D.20 : Error histograms for Case 2.3.3.

165



- 1 0.16 0.16
S N
08— N _
% | i \.___.---. — 0.12 0.12 |— R
S o6 . o g -
-t —0.08 3 'S 0.08 —[]
O 04— 1
:gO I ] m & B
B 0.0 — 0.04 0.04 |
= “ | Cor. Coef. i i
S @ RMSE
o ——— 000 o LA
1 © © [0
S 28R R % s g 2ee
J 3Jd ry - 4 ¥
r ¥ = > r o > >
> > @ @ > > 0
n B ow > » u o w >
w > w >
Figure D.21 : Statistical comparison for Case 2.3.3.
D.1.4. Case 2.3.4: BYM+BI
- 1 0.16
q‘:, n
Sosf ®e
=l Heile|—{0.12
o
Q06— 7] A
2 - —0.08 =
wn
0 04— i m
© L
02 — 0.04
= Y| [] Cor. Coef. _
8 -@ RMSE
0 0
1 2 3 4 5

# of Hidden Layers

Figure D.22 : ANN hidden layer sensitivity for Case 2.3.4.

€-SVR 10-fold CV

bl A A A A v v w

_<[( ‘[
Tt HV |

06— | »

0.2

0.0209

aAataAAAalalalaAﬁ

v-SVR 10-fold CV

i\

|'| ‘7\ “
”H Il |

’\1‘ |H “

l ‘
“ ‘ m \u‘l l‘\

tl

i
‘H\ U “‘\HL1

,‘_
IV

I |

U' |

2

o0 —

4 6 10

Cost

Figure D.23 : 10-fold CV grid search plots for Case 2.3.4.

166

ANN



Table D.4 : SVR hyper-parameters for Case 2.3.4.
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Figure D.27 : Error histograms for Case 2.3.4.
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0.2

- 1 0.16
q‘:, n
008 ®—e_
% | -.“"-....___. — 0.12
006 § p)
LC’ - —0.08 g
004 i m
= L
02 — 0.04
= V< | [[] Cor. Coef. _
8 -@ RMSE

O——F——=% 3 24 5 0

# of Hidden Layers

Figure D.29 : ANN hidden layer sensitivity for Case 2.3.5.
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Figure D.30 : 10-fold CV grid search plots for Case 2.3.5.
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Table D.5 : SVR hyper-parameters for Case 2.3.5.
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Figure D.32 : Training errors for Case 2.3.5.
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Figure D.34 : Error histograms for Case 2.3.5.
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Figure D.37 : 10-fold CV grid search plots for Case 2.3.6.
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Table D.6 : SVR hyper-parameters for Case 2.3.6.
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Figure D.38 : Model training for Case 2.3.6.
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Figure D.39 : Training errors for Case 2.3.6.
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Figure D.40 : ROP predictions with testing subset for Case 2.3.6.
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Figure D.41 : Error histograms for Case 2.3.6.
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Table D.7 : SVR hyper-parameters for Case 2.3.7.
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Figure D.45 : Model training for Case 2.3.7.
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Figure D.47 : ROP predictions with testing subset for Case 2.3.7.
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Figure D.48 : Error histograms for Case 2.3.7.
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Figure D.51 : 10-fold CV grid search plots for Case 3.1.1.
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Figure D.55 : Error histograms for Case 3.1.1.
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Figure D.57 : ANN hidden layer sensitivity for Case 3.1.2.
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Figure D.61 : ROP predictions with testing subset for Case 3.1.2.
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Figure D.63 : Statistical comparison for Case 3.1.2.
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Figure D.64 : ANN hidden layer sensitivity for Case 3.1.3.
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Table D.10 : SVR hyper-parameters for Case 3.1.3.
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Figure D.66 : Model training for Case 3.1.3.
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Figure D.67 : Training errors for Case 3.1.3.
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Figure D.68 : ROP predictions with testing subset for Case 3.1.3.
MLR €-SVR Linear
16 16
o 12 o 12
Q Q
5 5
S 8 S 8
o (=2
E o
4 oy
0
06 04 02 0 02 04 06 -04 02 0 02
Residual Residual
e-SVR RBF v-SVR RBF
25 25
20 20
515 515
Q (7]
=] =
g 10 2 10
S 1=
N ('S
5 5

-0.6

04 02 0
Residual

0.2

-0.6

04 02 0
Residual

0.2

v-SVR Linear
12
> s
c
[«}]
-
o
2.
0
06 -04 -02 0 02
Residual
ANN
16
> 12
Q
&
S 8
o
£
4
0
06 -04 -02 0 02
Residual

Figure D.69 : Error histograms for Case 3.1.3.
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Figure D.70 : Statistical comparison for Case 3.1.3.
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Figure D.71 : ANN hidden layer sensitivity for Case 3.1.4.
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Figure D.72 : 10-fold CV grid search plots for Case 3.1.4.
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Table D.11 : SVR hyper-parameters for Case 3.1.4.

e-SVR v-SVR
Linear RBF Linear RBF
C € C v ¢€|]C v C vy v
45 085 10 1.0 0.2 10 0.1 15 1.0 0.6

MLR s-SVR Linear V- SVR Linear
1 1
&os &os
14 [+'4
208 D06 1§
N N r
T 0.4 ® 0.4
E £
Soz Soz2
0 0
’IS)Q (]95 rLQQ
Sequence No Sequence No
€- SVR RBF V- SVR RBF
1 1 !
o o o
o 08 o 08 o 08
14 3 14 14 i
D06 D06 g D06 ff
N N N I
W04 ™ 0.4 ® 04
E Er EF
So2 So2 I D02
0 0 | 0
& ) & S S
Sequence No Sequence No Sequence No

Predicted @—@—@ Actual

Figure D.73 : Model training for Case 3.1.4.
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Figure D.74 : Training errors for Case 3.1.4.
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Figure D.75 : ROP predictions with testing subset for Case 3.1.4.
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Figure D.76 : Error histograms for Case 3.1.4.
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Figure D.78 : ANN hidden layer sensitivity for Case 3.1.5.
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Figure D.79 : 10-fold CV grid search plots for Case 3.1.5.
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Figure D.80 : Model training for Case 3.1.5.
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Figure D.81 : Training errors for Case 3.1.5.
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Figure D.82 : ROP predictions with testing subset for Case 3.1.5.
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Figure D.83 : Error histograms for Case 3.1.5.
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Figure D.84 : Statistical comparison for Case 3.1.5.
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Figure D.85 : ANN hidden layer sensitivity for Case 3.1.6.
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Table D.13 : SVR hyper-parameters for Case 3.1.6.
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Figure D.87 : Model training for Case 3.1.6.
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Figure D.88 : Training errors for Case 3.1.6.
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Figure D.89 : ROP predictions with testing subset for Case 3.1.6.
MLR €-SVR Linear v-SVR Linear
25 25 30
20 20
y ry & 20
€ 15 c 15 c
[+}] 1] Q
& > >
o 10 o 10 o 10
|18 [T (T
5 5
0 L 0 0
04 -02 0 02 04 06 04 02 0 02 04 06 04 02 0 02 04 06
Residual Residual Residual
£-SVR RBF v-SVR RBF ANN
25 20 25
20 16 20
§15 512 §15
Q Q [+}]
& & =
@ 10 ] 8 @ 10
L [T IS
5 4 5
0 0
06 -04 02 0 02 06 -04 -02 0 02 04 02 0 02 04 08
Residual Residual Residual

Figure D.90 : Error histograms for Case 3.1.6.
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Figure D.91 : Statistical comparison for Case 3.1.6.
D.2.7. Case 3.1.7: Feature Selection (Xo+xs+TRQ)
= 1 0.16
c
-q—, B .\_.ﬂN ]
Q08
= B — 0.12
8 0.6 7] A
2 - —0.08 =
wn
004 i m
© n
02 — 0.04
= Y| [] Cor. Coef. _
S -@ RMSE
0 0
1 2 3 4 5
# of Hidden Layers
Figure D.92 : ANN hidden layer sensitivity for Case 3.1.7.
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Figure D.93 : 10-fold CV grid search plots for Case 3.1.7.
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Figure D.97 : Error histograms for Case 3.1.7.
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Table D.15 : SVR hyper-parameters for Case 3.2.1.
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Figure D.101 : Model training for Case 3.2.1.
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Figure D.103 : ROP predictions with testing subset for Case 3.2.1.
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Figure D.111 : Error histograms for Case 3.2.2.
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Table D.17 : SVR hyper-parameters for Case 3.2.3.
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Figure D.115 : Model training for Case 3.2.3.

Figure D.116 : Training errors for Case 3.2.3.
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Figure D.117 : ROP predictions with testing subset for Case 3.2.3.
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Figure D.118 : Error histograms for Case 3.2.3.
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Figure D.123 : Training errors for Case 3.2.4.
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Figure D.124 : ROP predictions with testing subset for Case 3.2.4.
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Figure D.125 : Error histograms for Case 3.2.4.
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Figure D.128 : 10-fold CV grid search plots for Case 3.2.5.
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Table D.19 : SVR hyper-parameters for Case 3.2.5.
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Figure D.129 : Model training for Case 3.2.5.
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Figure D.132 : Error histograms for Case 3.2.5.
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Figure D.131 : ROP predictions with testing subset for Case 3.2.5.
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Figure D.135 : 10-fold CV grid search plots for Case 3.2.6.
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Table D.20 : SVR hyper-parameters for Case 3.2.6.
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Figure D.136 : Model training for Case 3.2.6.
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Figure D.138 : ROP predictions with testing subset for Case 3.2.6.
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Figure D.140 : Statistical comparison for Case 3.2.6.
D.3.7. Case 3.2.7: Feature Selection (BYM+AIl excluding Xs)
= 1 0.16
[«}] B -
208 N 0.12
[ — J.
"'qo'; 0.6 i I 7] A
c,_f - —0.08 =
004 - m
© L
° 0.2 — 0.04
= V< | [[] Cor. Coef. _
Q -@ RMSE
O 9 0
1 2 3 4 5
# of Hidden Layers
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Table D.21 : SVR hyper-parameters for Case 3.2.7.
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0.12
0.08
Ll
2]
=
(14
0.04
7
W 7
B EIEEE
s ¢ 2o Z
i | - e Y
£ €5 g
Q9 &
w >
Figure D.144 : Training errors for Case 3.2.7.
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Figure D.145 : ROP predictions with testing subset for Case 3.2.7.
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Figure D.149 : 10-fold CV grid search plots for Case 3.3.1.
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Table D.22 : SVR hyper-parameters for Case 3.3.1.
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Figure D.152 : ROP predictions with testing subset for Case 3.3.1.
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Figure D.153 : Error histograms for Case 3.3.1.
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Figure D.156 : 10-fold CV grid search plots for Case 3.3.2.
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Figure D.159 : ROP predictions with testing subset for Case 3.3.2.
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Figure D.160 : Error histograms for Case 3.3.2.
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Figure D.161 : Statistical comparison for Case 3.3.2.
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Figure D.162 : ANN hidden layer sensitivity for Case 3.3.3.
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Figure D.163 : 10-fold CV grid search plots for Case 3.3.3.
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Figure D.164 : Model training for Case 3.3.3.
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Figure D.166 : ROP predictions with testing subset for Case 3.3.3.
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Figure D.167 : Error histograms for Case 3.3.3.

228



0.12 1

- 1
5 L N _
0 0.8 - ro e e e ] 0.8 — e
b= n N A
@ —008 _
So06- A 506 —
_ i = = 4
c w >
2 04— m &o04 —
=L — 0.04
[
= 0.2 [ cor. Coef. - 0.2 — ]
3 @ RNSE
0% = 5 L WL Z 0.00 0% = h'u_'Tz
1 © o o © [0
= £ 2R R % =2 2R %
- 4 r¥ 3 J o
r e = =2 r o = >
> > @ @ > > 0
n n o w > » u o w >
w > w >
Figure D.168 : Statistical comparison for Case 3.3.3.
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Figure D.173 : ROP predictions with testing subset for Case 3.3.4.
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Figure D.174 : Error histograms for Case 3.3.4.
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Figure D.175 : Statistical comparison for Case 3.3.4.
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Figure D.176 : ANN hidden layer sensitivity for Case 3.3.5.
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Figure D.177 : 10-fold CV grid search plots for Case 3.3.5.
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Table D.26 : SVR hyper-parameters for Case 3.3.5.
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Figure D.180 : ROP predictions with testing subset for Case 3.3.5.
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Table D.27 : SVR hyper-parameters for Case 3.3.6.
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Figure D.186 : Training errors for Case 3.3.6.

236



€-SVR Linear v-SVR Linear

1 1 1
o 08 o 0.8 o 08
38 HE -
N o6 NS08 Noo08
Es | £8 ES |
Q (%] Q
15;50.4 3;50.4 3;30.4
z9 Z9 zQ
o 02 o 02 o 02
0 0 0
0 02 04 06 08 1 0 02 04 06 08 1 0 02 04 06 08 1
Normalized Normalized Normalized
Actual ROP Actual ROP Actual ROP
£-SVR RBF v-SVR RBF ANN
1 — 1 1
| (<93
o 0.8 o 08 o 08
38 38 B
N506 NS08 Nso06
22, 2%, 2
Q O
zg zQ zp2
o2 o 02 o 02
0 0 0
0 02 04 06 08 1 0 02 04 06 08 1 0 02 04 06 08 1
Normalized Normalized Normalized
Actual ROP Actual ROP Actual ROP
Figure D.187 : ROP predictions with testing subset for Case 3.3.6.
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Figure D.188 : Error histograms for Case 3.3.6.
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Figure D.189 : Statistical comparison for Case 3.3.6.
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Figure D.190 : ANN hidden layer sensitivity for Case 3.3.7.
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Figure D.191 : 10-fold CV grid search plots for Case 3.3.7.
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Table D.28 : SVR hyper-parameters for Case 3.3.7.
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Figure D.192 : Model training for Case 3.3.7.
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Figure D.193 : Training errors for Case 3.3.7.
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Figure D.194 : ROP predictions with testing subset for Case 3.3.7.
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Figure D.195 : Error histograms for Case 3.3.7.
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Figure D.196 : Statistical comparison for Case 3.3.7.
D.4.8. Case 3.3.8: Feature Selection (BYM+TRQ excluding xs)
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Figure D.197 : ANN hidden layer sensitivity for Case 3.3.8.
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Figure D.198 : 10-fold CV grid search plots for Case 3.3.8.
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Table D.29 : SVR hyper-parameters for Case 3.3.8.
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Figure D.199 : Model training for Case 3.3.8.
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Figure D.200 : Training errors for Case 3.3.8.
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Figure D.201 : ROP predictions with testing subset for Case 3.3.8.
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Figure D.202 : Error histograms for Case 3.3.8.
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Figure D.203 : Statistical comparison for Case 3.3.8.
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