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Figure 1: Drilling envelope where balanced WOBand RPM are needed¥

The rate of penetration is affected by several factors which are inseparable. These factors
have been categorized into five and they include formation characteristics, the efficiency
of therig, properties of mud, hydraulic factors as well as the mechanical fattwes.
previous five categoriegs shown inrable1, can fall under two general classifications
which are controllable factors and uncontrollable factGmtrollable factors are those

that can be altered quickly without necessarily causigigifssant operational economies

such as the design of the bit, the revolution of string per m{RR&), and weight of bit

(WOB). On the other hand, the uncontrollable factors are impossible to alter due to the

2



geological and economic reason which incltiie weight and type of mud, underbalance

in formation in pressure and the size of the bit. As it relates to the properties of fluids and
the effects of the rate of penetration, it is hard to alter a single property without causing an
impact on others. Thefore, it makes it hard to assess the real impact of a specific

parameter as it relates to the penetration rate

Table 1: Factors That Affects Rate of Penetratior?

Environmental Factors Controllable Factors (Alterable)
Depth Bit Wear State
Formation Properties Bit Design
Mud Type Weight on Bit
Mud Density Rotary Speed
Other Mud Properties Flow Rate
Overbalance Pressure Bit Hydraulic
Bottom hole Pressure Bit Nozzle Size
Bit Size Motor/Turbine Geometry

Three main items should be taken into consideration when drilling a well to allow access
to the wellbord®!. Weight applied on the bit is one of the items. In this case, the weight
applied on the bit should be sufficient to crush and removedtie but it should be
regulated not to get lodged into the formation being drilled. Secondly, the rotation
mechanisms of the bit as this will determine the grinding and detachment of the cutting
form the rock. Thirdly, the methods of lifting the newly gextimg cuttings by the drill bit

to the surface, in addition to cooling and lubricatifiose three items can be named






established methods include the basic mathematical and physics equations which are
helpfu in deriving the relationships between these items. Also, the use of correlation and
connecting them to obtain such relations has proved to be critical. However, there is no
reliable or solid that currently exist due to the level of complexity assoomthdthe
process of drilling. Also, it is not easy to capture each factor in predicting the penetration
rate. Therefore, it is important to treat them independently and come up with individual
correlation for reliable resultd. There is a need to develop a new robust model that can
be used to predict the ROP using the-teaé data which combinie drilling parameters

and mud properties, if avatblel”). In addition, subsurface data can be incorporated as well
which can include downhole drilling data such as downhole WOB and RPM, or
petrophysical data such as gamma ray or formation porosity. These models should account

for directional and horizontalell profiles across different formations.

1.2 Problem Statement and Research Objectives

The aim of this research is to develop a machiamlag algorithm for optimizing drilling

rate of penetration. Different well profiles will be targeted including vertical, deviated and
horizontal sections as shownkigure3. The research will be extended toward developing

a white box software that can be used to automate the rate of penetration optimization
process. Surface measurements,-tiea¢ drilling data from measurement while drilling
(MWD), logging while driling (LWD) and mud logging sources will be screened identify

the dominant parameters and also recommend optimal values for the identified parameters.



The main objectives of this work are

1. Selecting a field and setting up a database of drillingfdata different sources to
identify the important drilling parameters that affects the rate of penetratsm.
different well profiles acrosddifferent formations will be selectedVells with
vertical profile will be segregated from the deviated andhbezontal. Also,
Formation type within the same well profile will be designated.

2. Using the database, a rate of penetration model will be developed using a number
of machine learning techniques suchagsicial neuralnetwork (ANN), support
vector machires (SVM), adaptive neurofuzzy inferencesystem (ANFIS) and
functionalnetworks (FN). Optimizations within each Al technique will be carried
out to determine the best possible outcome.

3. Validate the developed model on another well with unseen data. Orr@®wells
will be used in the validation process to see how rigorous the model is.

4. Develop an empirical equation by extracting weights and biases from the developed
model. This correlation can be used to predict and optimize rate of penetration

outside theAl software.

T

Focus Areas

MR~

I 1

£

Vertical Horizontal S-Shape Whitebox
Software
\

Intermediate T Surface

. - Carbonate €7 Sandstone 0
b R P q ;u Section M Section

Figure 3: Well profiles that are considered






1 -‘zlr;—_ > 2.2)
> m’ 48 g d m’ (Soft formation)
> m’ 48 g 4 m’ (Hard formation)
Ciq = Formation drillability k =WOB exponent
& = Bit weariness factor r = function of RPM

Bingham (1965) performed multiple laboratory experiments in developing his ROP
model. He assumed that the weight on bit thresholdbeaneglected. This resulted in
having the ROP as a function of the rotary speed (RPM) and applied weight on bit. In his
model, he developed a WOB expongs} which can be calculated thorough extermination
thus suggesting a ndimear relation between RO&hd WOB since WOB is to the power

of (as). He also suggested a linear relationship with the RPM and BDP.

=

(2.3)

_H=

a = bit weight exponent K = drillability constant

Teale (1965)conducted laboratory experiments and developed a mechanical specific
energy (MSE) model, which is the energy needed to drill a volume of rock (Kpsi). He

observed that the MSE value was close to the rock compressive strength in psi, thus hinting

8



the bit eficiency. If MSE value is far away from the rock compressive strength, then it

means a lot of energy is being lost, and vice vésa.

J 4 _
Al '|| T |= ” 24
'” I =S F| zm, (24)
dp = Bit Diameter in? T = Torque, lbin

Bourgoyne and Youn grésented d Bath8matecal cegresstoid dhgdel
that uses existing drilling data to calculate multiple exponents which is required in
developing the full modelThere are eight drilling parameters,)and eight unknown
exponents (@ that require multiple regssions to come up with the best values for these
constantsEach exponent captures a certain physical or mechanical meaning for the drilling
process such as the effect of overbalance, overburden pressure and bit tootfhisear.
model is considered to b@® of the most important modelsi nc e i t-dettonee n Ot
the type of relationship between drilling parameters and ROP. Instead, previous real data

governs the type of the relationshig!

|
i<=| [ + 1:'? P (2 5)
e 8 . h 1T e dvf I- 8
wfl ozt
e drd= zat o it ¢ 1k
.‘H' <
° I ° [ 1 ZD!_t



Warren (1987) developed his model considering an optimum cleaning scenario for tricone
bit type where removal of cuttings rate under the bit equals to the rate of generating new
cuttings.Thismeans the generation of new cuttings, cutting removal, controls the rate of
penetration. The model was modified | ater

suggested that ROP is varmsnlinearly with RPM and varies with the square of WOB.

[13][14]

He 4
1 iy = (26)
a, b, c = bit constant S = Confined rock strength

Pessier and Fear (1992)nodified Teale equation (1962) by conducting computer
simulations and lab tests to introduce the concept of drilling a hole under dynamic
conditions where a hydrostatic column of fluid is present. Their Teale modified model

includes WOB and RPM which abeth linearly dependent on mechanical specific energy.

[15][16]

Osgouei (2007used Bourgoyne & Youngds model as
PDC bits, inclinedand horizontal wells. He modified previous parameters to be more
suitable for drag bits and directional drilling. Also, he included new parameters such as

nozzle diameters, hole cleaning efficiency, mud density and visco8ity.

10



Armenta (2008 modified TealeMSE model to include the effect of Hiydraulics [*¢]

iy - rtl 24 R R raly -
Ie'S” 57700 —=710 =7)
= bit hydraulic factor HPs = bit hydraulichorse power

Khamis (2013 modified ArmentaMSE model tomodify the of bithydraulic factor*°!

1l T Ell 24 h h g
Tr =% =31 —w1r (28)

=1.2651/¢?

Al-AbdulJabbar (2017 developed a new rate of penetration model taking into

consideration drilling parameters and mud properties. Using nine inputs, two exponents

were calculatedwhich are bit exponent and formation compressive strength. Each

formation type had its own compressstrength coefficient?®!

THT A 4 b
29
U B ey (29
a = WOB exponent b = UCS exponent
O= Mud Weight, pcf PV = Plastic Viscosity, cP

11



2.2 Rate of Penetration Prediction Using Al

Current established models in determining the rate of penetration include the basic
mathematical anghysics equations as well as the use of correlation. Given the complexity

of the drilling process, the use of artificial intelligence (Al) has been a-ghaeger

because most of the unknown parameters can now be accounted for entirely at the modeling
proaess.In recent years, Al techniques were applied extensively in drilling engineering
applications. ANN, for example, was among the leading techniques that made a
breakthrough in this subject. |l t6s much ea
muchless computation time and the network size is relatively small if utilized in solving

drilling engineering applications. In addition, it allows multiple customization options to

help fine tune the output results such as adjusting the number of neurobsy i layers,

type of training algorithm and type of transfer function.

Bilgesu et al. suggested the use of Al techniques for ROP prediction to overcome the
weakness of the empirical correlations and to improve the accuracy of ROP predictability.
He devéoped two artificial neural network (ANN) models for ROP estimation in nine
different formations drilled in several vertical wells in the United States. The first model
estimated ROP as a function of bit type and diameter, formation type, bit tooth and bea
wear, mud circulation, gross hours of drilling, footage, WOB, and RPM, while the second
model excluded the bit tooth and bearing wear from the inputs. The authors reported that
both models predicted ROP with very high accufgéyAmar and Ibrahim developed two

ANN models to estimate ROP as a function of the depth, WOB, RPM, tooth wear,

Reynolds number function, ECD, and pore gradient. Both ANN based models predicted
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ROP with very low average absolute percentage error (AAPE) compared with the available

ROP correlations that were developed based on linear regré&ssion

AlArfaj (2012 compared extreme learning machines (ELM) and radial basis function
networks (RBF) on Bourgoyne and Youngs0s mo
in terms of accuracy and processing tifie Monazami(2014 used ANN feedorward

network on one well to predict ROP using 13 inputs, 14 neurons, 3 layers and 336 data
points. With a correlation coefficient of 0.98, his workeunraged future work to be done

on ROP predication using Al techniqué8. Coupling of the different Al models with

linear regression for ROP optization for horizontal wells was suggested by Mantha and
Samuel . They used RPM, WOB, GPM, and gamme
ROP. All suggested models predicted the ROP with high accuracy compared to actual field

measured ROPB®!,

Elkatatny(2017)proved that ANN can be used with high accuracy to determine the rate of
penetration taking into account the drilling fluid pesties such density, and the drilling
mechanical properties such as WOB and RFM Amer (2017 used backpropagation
feedforward ANN to predict ROP using 24 inputs, 50 neurons and 1 layer. With more than
12,000 data points coming from six different wells, he obtained a correlation coefficient of
0.88[271, Elkatatny(2017) used ANN feedorward network to predict ROP on three well.
Using two wells, the model was trained on 3,333 data points with a correlation coefficient
of 0.99 and an avera@bsolute percentage error of 5%. Then using 2,700 unseen data from
the third well, the model was able to predict the rate of penetration with a correlation

coefficient of 0.99 and an average absolute percentage error&#.4%
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Ahmed (2018) used leastjuare support vector regression{&8R) to predict ROP based

on MSE inputs. Using 8 inputs, the model outperformed other Al techniques in pigedictin
rate of penetration with correlation coefficient of 0.93 while testing. Later on, the model
was used to predict another well with unseen data with a correlation coefficient 6?10.94
Elkatatny et al(2018)demonstrated that once ANN model is optimized and an empirical
correlation is developed, the model can be converted fidblack box to a white box

making it flexible to deploy in real field applications and environmg®its

Ahmed et al(2018)developed a ratef penetration support vector machine Al model.
Using 10 inputs representing drilling mechanical parameters and fluid properties, he
developed a resilient ROP model with an AAPE of 2.83%Ahmed et al. (2019) used
fuzzy logic to predict ROP in horizontal shale formation. Using 10 inputs that coupled
drilling mechanical parameters and fluid properties, such as PV, YP and mud weight, he
achieved atsong correlation coefficient of 0.97 and an AAPE of 7.3% after building the
model. The model outperformed other existing empirical models and provided faster
calculation speed. His work is among few who focused on ROP prediction in shaly
formations®2. A summary of these models includimguts and equations are presented

in Table2.
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Table 2: Summary of Previous ROP models

Reference | Method Input Parameters Formula
Maurer . o 4
(1962)® Empirical RPM, WOB, Bit size, UCS 9 Eﬂ_
Bingham - Lo LT Ty
(1965)1) Empirical RPM, WOB, Bit size q .
Bourgoyne & TVD, MW, Pore Pressure, -
Y o ung| Empirical | WOB, RPM, Bit Wear, Q, w] wt?®
(1974)2 TFA
Warren - o 4w L
(1986)13 Empirical | WOB, RPM, Bit size, UCS q ﬂ—ﬁf T
Osgouei TVD, MW, Pore Pressure, -
(2037)[17] Empirical | WOB, RPM, Bit Wear, Q, i wtt
TFA, Bit type, Inclination
Al-
iy RPM, WOB, Torque, SPP, ( THIT A 4 A kol
AbdulJabbar| Empirical L 1 kI -
(2017)20 Bit size, UCS, MW, PV "oz |y At
Elkatatny ANN Q, SPP, RPM, WOB, MWV i
(2017)8 Torque, PV
Ahmed WOB, RPM, SPP, Q, Torque
(2018)9 LS-SVR Depth, MW, Bit size ]
Ahmed et al. SUM Q, SPP, RPM, WOB, MW, i
(2018)B1 Torque, Y°, MFV, PV, SV
Ahmed et al. ANFIS Q, SPP, RPM, WOB, MW, )
(2019)B2 Torgue, Y°, MFV, PV, SV

2.3 Drilling Engineering Applications Using Al

The use of artificial intelligence techniques is not only limited to the rgteradtration. It

extends beyond that towards other areas that related directly or indirectly to drilling
engineering. Rate of penetration is the first brick towards developing a comprehensive
drilling advisory system and can predicts ahead of the bit.i3 kiige to the importance of

calibrating the rate of penetration values in order predict many other targets such as fluid

rheology, geological data and formation petrophysical data.
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Elkatatny et al(2016)concluded that ANN is the best technique to estrttad rheological
properties of the invert emulsion drilling fluid. The same technique was also used for drill
in fluids that are used in drilling the reservoir sectith Al-AbdulJabbar2018 used
backpropagation ANN pattern recognition function to predict the formation tops i real
time while drilling. Using 6,500 data point, 6 inputs, 20 neurons and 1 layer the model was
able to predict formation tops with correlation coefficient of 0.94ly@ne well was used

in building the model which again shows the power of Al in modeling and predifion

Table 3: Examplesof Al Applications in Drilling Engineering

Reference | Method Input Parameters Targeted Output
Moazzeni et al. ROP, WOB, RPM, SPP, Q, Bit sizg , . I
(2015)E5! ANN Bit type, MW, TFA, Depth, Torque Lithology Identification
Asadi(2017)1 ANN ROP, Bulk Degrsrlltg, Porosity, Sonid UCS
A _é%citélﬁ?i?bar ANN ROP, WOB, RPM, SPP, Qorque Formation Tops
Ahmed et al. ANN ROP, WOB, RPM, MW, Bulk Pore Pressure
(2019)87 Density, Porosity, Sonic time
) . ROP, RPM, QPipe Eccentricity
Al Azanl[ses'g al. | ANN, Inclination, MW, Temperature, PV,| Cutting Concentration
(2019) SVM
YP, SV
Ahmed et al. SVM ROP, WOB, RPM, MW, Bulk Pore and Fracture
(2019) Density, Porosity, Sonic time Pressure
G&"g‘f;% a1 ANN ROP, WOB, RPM, SPP, Torque Bulk Density

ROP, WOB, MW, RPM, SPP, Q,
Abbas et al. ANN, Hole size Inclination, PV, YP, MFV, Lost Circulation
(2019)144 SVM SV, MD, Fluid loss, Lithology, Gel

100, Gel 106,
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CHAPTER 3

THEORY

The rate openetration is affected by several factors which are insepaMb#t of these
factors, especially the mechanical ones, and directly related to the drilling equipment on
the rig, and the rig driller have them controlled under his Haigdre4 andFigure5 shows

a typical drilling cabin where all the drilling action takes plddermally a single man,
named driller, is assigned alone to take care of the operations happening on the rig floor.
However, in larger and more expensive rigs the assistant did#er secondary chair next

to the driller to assist him in all drilling operations especially rackingmaking up the

drill pipes.

Figure 4: Cyber chair with digita | control system
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is usually allocated to keep the string above it in tension and the rest 75% is allocated to be
slacked off on the bit to provide the necessary weigbitoihis implies that the maximum

weight on bit allowed on the bit is 75% of the drill collar weight, in addition to the bit
design I imitation. | t 6s n nt75%r oé theodnilhtellard e d t ¢

weight since this might cause the pipeabi to buckle, refer t&igure? for pipe failure

types.

Figure 7: Drill pipe failure types

20



Weight on bit provides the necessary force for the bit tooth to bite the formation and cause
to break. However, too much or little force can cause the rate of penetration to drop
significantly. If too much weight on bit is applied, the bit tooth will tite formation very

hard and prevent or reduce the rotation motion. Also, vice versa when little weight on bit
is applied causing the bit to rotate and bouncangdown since the force applied is not
enough for the bit to bite the formation. The amoumweight on bit can be monitored on

the rig floor using the wight indictor, shown ifrigure8. The black arrow indicates the

total weight of the string and the red avrimdicates the amount of slacked of weight.

THOUSAND POUNDS

130 POOND IR

SIXTEEN LINES :

Figure 8: Martin Decker weight indicator
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3.1.3 String Rotation Speed (RPM)

String rotation speed arevolutions peminute (RPM) measures the frequency of pipe
rotation per unit timeNormally, faster pipe rotation yields better and faster rate of
penetration, however, just like the weight on bit there is a threshold for it, in which less
rotation will not break the rock and faster rotation might cause instability of the bottom

hole asembly such as bit whirl and surface vibrations.

There are three sources for the rotational force on the rig, and théypaheve, kelly and
downhole motors. On most rigs, top drive is replacing the Kelly since it provides more
power and allows the shg to be rotated while pulling out of hole. Downhole motors
convers the mud flowing through it to a rotational force through the use of rotators and

stators, and they can be used in conjunction with the top drixellgr

Figure 9: Kelly (upper left), Top Drive (upper right) and Mud Motor (bottom)
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3.1.4 Torque (T)

Torque refers to the resistance of drill string to rotate, and it is reportddfift. This
important parameter reflects and indicates the roekKkage beneath the bit, and higher
values of the torque mean more friction and interaction between the bit and the formation.
Off course, there is an optimum range for this value otherwise too much energy will be
wasted to drill the same amount off rockn friction is the main cause of torque,
lubricator is used often to reduce it especially when dealing with long sections since high

torque values might exceed the pipe tensile strength and cause it to twist off.

3.1.5 Stand Pipe Pressure (SPP)

Stand pipe m@ssure refers to the total pressure applied from surface, down the bit and back
to surface again, and the unit for is psi. This is caused by pressure loss due to the fluid
friction which cause pressure drop along the welljthies pressure compensatiorosltu

be applied from the surface to circulate the mu@nd out. The biggest pressure drop
usually occurs across the BHA and the bit due to the major ID change out, and in bit
hydraulics it is always recommended to allocai&o6of the pressure drop acrdase bit
nozzle“®. This will enable high jetting force to remove the drilled cuttings and sweep the
hole to clean it cuttijgagaine bit wondt dril |

YOO Of QUM Qi iaEii @ 061 Qi a&ii @
Ni Qi G@indi HMDI "WAWo ¢ ¢ ogbdb NI &l @ (3.1)
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3.1.6 Pumping Rate (GPM)

The mud pumping or circulating rate is capturedatons peminute (GPM) and reflects

the amount of fluid pumped inside the wellbore. This parameter is strongly related to the
stand pipe pressure since more pumping rate yield higher pressure logsnTHgdraulic

horse power pesguareinch (HSI) actually combines both parameters to gauge and
measure the energy applied by the bit. Pumping rate can be increased by increasing the
number of strokes applied by the mud pumps, or changing the pistonthieenad pump.

Hi gher pumping rates aid in | ift-driked,ast he cu
well as cleaning the annulus to prevent it from loading thus decreasing the annular friction
losses. Too much pumping rate might wash the formatosing instability or losses, or

the drill string which creates holes in it and preventing transmitting the mud to bottom.

OYO——— (3.2

Figure 10: Mud Pump
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3.2 Atrtificial Intelligence Techniques

The sections below are only a quick brief of artificial intelligence techniques. The objective
is to outline only some major items regarding each Al techniques before showing any
resuts in the upcoming chapters. This will pave the way towards a quick overview of how
these Al techniques works, and how different they are from each other. These are only
some common Al techniques, however, there much more other types that can be found in

the literature.

3.2.1 Artificial Neural Network

The concept of thertificial neural network (ANN) was derived from the biological
neuronsThey carry a specific function, afmrm huge circuits or networksceconnected

[44] When comparing the biological neuron to the artificial, they both have known values
with weight coming from certain branches, to foan output. Now when multiple
biological neurons are combindegurell, they from a huge neural network for complex

decision making®l.
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input ANN Model
nodes hidden

nodes output

Xy

Input Features
Decisions

Figure 11: Biological neural network vs. Artificial neural network 6]

During the design of any ANN network, certain important parameters has to be defined
such as number of neurons, training function and transfer functioe complex the
dataset, the more complex ANN need to be. Also, the network tweaking parameters are
somehow tied to the input data type. Inputs that are simply linear integers cannot be treated
as logarithmic data s&t!. The strength and stability of the ANN model will be known at

the end of the training & testing proceBgyure12 showsa network that is memoriziritg

inputs versus another ANN networks that successfully learned, and is ready to predict
without memorizingAlso, how overfitting and underfitting are not idea in designing any

model8l,
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Figure 12: Underfitted and overfitted data causing poor prediction and data memorizatiori*d) 50

The model inFigure 12 start with high error due to the underfitted data, then reaches a
small plate at the lower side, then error starts to increase due to data memaorization or over
fitting. The region between der and over fitting yields the best prediction accurddyat

is being compared in the graph is the training data (70%) and the testing data (30%). The

70/30 ratio typical selection only, and they can be changed to any ratio d&sired

Any typical ANN model will have certain inputs, then one of mlageersin the middle,
and a single or more output, as showfrigurel3. The number of inputs and outputs are
fixed based on the user inputs. However, the number of neurons and layers can vary based

on model optimization rurig?.

27



Input Hidden Output
layer layer layer

o 4 Q { » Output

Figure 13: Artificial Neural Network

Input #1
Input #2
Input #3

Input #4

The user also has the option of manipulating the type of the tralyogthmand transfer

or activation function. The training function is the learning process for ANN model, and
has many types for the user to select from. All of them aim to achieweitimaum error

during training while reducing the computation speed and memory use. Trafhsfer
activationfunctions on the other hana@an be linear or nonlinear, and they are tasked in
deciding whether to activate a certain neuron or Rgure 14 below show the most
common transfer function, afdble4 list the most common traimg algorithm.Under the

last part of this section, more details regarding the ANN equations and how to extract them

are explained®.
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Figure 14: Common types of transfer functiong>4

Table 4: Common training algorithm (the top isrelatively fast compared to bottom)

Training Algorithm Algorithm

trainlm LevenbergMarquardt

trainbr Bayesian Regularization

trainbfg BFGS QuasiNewton

trainrp Resilient Backpropagation
trainscg Scaled Conjugate Gradient
traincgb ConjugateGradient with Powell/Beale Restarts
traincgf FletcherPowell Conjugate Gradient
traincgp PolakRibiére Conjugate Gradient
trainoss One Step Secant

traingdx Variable Learning Rate Gradient Descent
traingdm Gradient Descent with Momentum
traingd Gradient Descent
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3.2.2 Support Vector Machine

The concept oBupportvectormachine(SVM) involves separating and classifying certain
data points from otherd.his can be byplotting two different datasets, thedrawinga
straight or zigzag line between thelihdata points are overlapping, then the surface plane
of the data set can be adjusted, such as looking the data froraxie instead of the
normal xaxis and yaxis. The vector name comes from the way the SV§brahm
identifies the patterns. This done through plotting multiple vectors to identify data
gathering regions, or cluste@ne of the important parameters in optimizing these vectors

is thekernal, which has many types such as linpalynomialand expnential®®®.,

non-linear kernel mappging

Separating hyper-plane

Figure 15: Support Vector Machine (SVM) 153
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3.2.3 Radial Basis Function

Radial basis function (RBF)aims to approximate muitiariable function through a
combination of single variable functions. This enables to approximate functionsehat ar
only known at finite data points. RBF becomes much power when used in a neural network
as an activation function. During the modeling process, two important parameters can be
tweaked which are the number of neurons and the spfeadspread controls hdar the

neurons will response to any input vector within that spread dist§hce

1.5

Target

i * Data :

_-I ‘5 - .I Fur‘u:ti@n l:

: vmeneees (GAussian RBF :

-2 i 1 1 Lt
“05 0 05 1 5

Input

Figure 16: Radial BasisFunction (RBF) [5¢
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Figure 18: A Functional Network setup 58!

3.2.6 White Box Model

The ANN structural output doesndét include
sets of weights and biases that can be wrote as a matrix. To transform these ameights
biases into an empirical equation, a mathematical operation needs to také’plabe

fundamental element of ANN is the neuron. Each neuamdlles the following:

l.  The multiplication of the network inputs,x, X3, . . % by the associated input
weights
[I.  The summation of the weight and input product to the bias value associated with
the neuron
lll.  The passage of the summation result, u, threugtear or nonlinear transformation

called the activation function, .

The neuronés output, vy, is the result of

B Qo (3.3)
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®w BB W ® BU® ® (3.4)

The most common transfer functions are:

a Logistic sigmoid activation function also known as logsig

o] J— (3.5)

b- Hyperbolic tangent sigmoid activation functids@known as tansig.

N —— p (3.6)

c- Linear activation function also known as purelin.

W6 6 (3.7)

For 1 layer ANN structure (plus one hidden), the equation can be written as:
w B B 0B B 03 & o (3.8)
where

m =number of neurons, n = number of inputs

If linear transfer function was used on both layer#1 and hidden layer, then the above

equation can be written as:
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2- Calculate the coefficients{ee, &) andehe constant (c) using:

Coeff= LW*IW;

Cong = LW*b1+b2;

3The fACoeff o matrix wi hlx, b én Vilthjsroyn, SO
coefficient (a, &, &) a

4- The Constant will be a scalar number to be added to the end of the equation

3.3 Mechanical Specific Energy

Mechanicakpecificenergy (MSE) iddefined aghe Energyin divided byvolumeout. The
energyin is compromised of the vertical energy (WOB) and rotational energy (RPM). It
quantifies the energy needed to destroy the rock, and was developed by TealeliH. 1965
The term later on was introduced as dn#ing specific energy (DSE) where a hydraulic

factor as added a third factor.

0 "YO Tm> < FF. {° «F <« o - +m (3.16)
: L, v e, \ r 1 y -

Tm> <O RO®@ N 663 (3.17)

{ o «F <« -Gl 06 (319
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If the drilling is efficient then the value of the MSE should beuad the value of the
formationunconfinedcompressivestrength (UCS). If too much energy is applied, the value
of the MSE will exceed the UCS value and most of that energy will be wasted into

vibrations or shocks. To have the MSE unipgi oneshould watch for the units.

1 T F Z4 tq:- racom 319
-” [ — T (3.19
LEgE (3.20)
— -V -y (320
Thus, the units must be:
DYORi Q w6 &, YO O Y QR Q¢
"Y€ 1 1 60 Q¢ 0 @ , YO O QFa Q¢
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ROP (ft/hr)
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Figure 19: Inefficient drilling results in wasted energy and low ROP!8]
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3.4 Well Profile

During the early stage of the industry, it was only possible to drill a vertical well due to the
|l ack of technologies. The profile wasnot
uncontrolled deviation somewhere along the well path. Survey measurements were
developed later on to capture the actual path of the well. As the industry developed, it was
possible to drill a deviated well using a tilted rig. Basically, the rig isltdtean angle from
surface to allow penetrating all formation at that certain angle. This was only applicable to
shallow reservoirs. Moving forward, mud motor was the main enabler to drill deviated or
s-shape wells, or even horizontal. Currentttarysteerablesystem (RSS) pushed the limit

even further by allowing-B wells to be drilled. In these-B well profile, the well path

can be almost a circle where multiple smooth turns can be performed especially in

conjected area.

.

.

* i ALLARARRVARNRARRAY
|

Vertical J shape S shape Horizontal

Figure 20: Major common well profiles
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3.4.1 Vertical Well Profile

Vertical well profile is considered the easiest and cheapest one since no directional BHA
is needed. As the well goes deeper, it must be surveyed to check if any deviation occurred,
or there is aisk of anttcollision. This well profile is chosen if there are no surface and
subsurface issues. This means that the target entry and the target depth are matching the
surface coordinates. From reservoir point of view, the vertical profile is chosely foain

high permeable gas wells or thick pay zofgs

3.4.2 Deviated Well Profile

Deviated well profileor IJshapeor slantedrequires theiseof directional BHA at a certain

point to build indication(build and hold) Once the desired inclination is achieved, either

a packed BHA is used to hold that inclination to the target depth, or a directional BHA is
continued to be used &low immediate angle correction. The sudden drop in the angle

can be due gravity, or interbedded formatiofkis profile is used to get away from
subsurface anomalies, or to increase the reservoir contact especially if horizontal profile is

not achievegdor to intersect a well during a well relief operationt 6 s wor t h ment
that 3shape well has a deeper kick off compared to a slanted well, however, both are called

deviated®ll.

40



3.4.3 S-ShapeWell Profile

S-shapewell profile, or Swell, undergoes a build, hold, then drop section. The well begins

as vertical, then at the desired depth, directional BHA is picked to build and angle then
hold it unti a predefined departure is achieved, then the angle is dropped back to zero. In
the upcoming sections, rotary BHA can be used, however, the horizontal displacement was
very far, then performance motor is picked to allow ddwte rotation. This will redce

the surface RPM due to torque limitation. Also, casing protector need to be used to reduce
casing wear. This profile is selected if there is a surface location such as having a mountain
above the reservoir, or to gawayfrom subsurface trouble zonasch as fractures or salt

domed®2,

Figure 21: Side forcesalong drill pipe causes casing wear
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3.4.4 Horizontal Well Profile

In atypical horizontal well profile, the well start vertical until few hundred feet above the

target entry, then directional BHA pmcked the drill the curve section. The curve section
beginsat zero degree and end just before 90 degid®wscurvature the radius can be steep

or smooth depending on the lithology. In long radius, the well required more TVD to reach

90 degree, while in short radius only few TVD footages is required to achieleg®€es.

This well profile is used to increase reservoir contact in oil wells, or to make tight
formations more economical through multi stage frac operationsé s wor t h ment

that horizontal profile can be combines w&tshape profilg®3l,
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CHAPTER 4

METHODOLOGY

4.1 Proposed Work Plan

Field data will be used from multiple wells that have the same hole size, formation type

and wellprofile. The approach here is to study those real data and conclude if there is a
relationship between them or not, and how strong is this relationship. The data will be

screened and filtered to capture only drilling parameters, then they will be plotiedta

each other to identify the relationship between them. At later stage, the data and the
resulting relationships will be used to develop a rate of penetration model using Al

techniquesThe below phases will be usadder eachvell profilesshown inFigure3.

4.1.1 Phase I: Collect and screen field data to pick the required parameters.

The below drilling parameters and mud properties will be captured:

- ROP

- Pumpingrate (GPM)

- String rotation speed (RPM)

- Torque(T)

- Weighton bit (WOB)

- Stand pipe pressureB)

- Hydraulic horse power per square inch (HSI)
- Mechanical specific energy (MSE)

- Bitsize
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Depth

Well coordinates

Formation tops

Formation types

Flow returnpercentage (losses vs. full circulation)
Unconfined compressive strength (UCS)
Wellboreinclination and azimuth

MWD (drilling data)

LWD (petrophysical data)

Vibrations & shocks

Mud weight

Mud plasticviscosity

Mud yield point

Formation pressure (to geterbalance pressure)

4.1.2 Phase Il: Examine the effect of drilling parameters orROP.

Statistical analysis orhé data gathered in the first phase willusedagainst the rate of
penetration to see if there is any relation between tN&any statistical paraeters will be
used such as correlation coefficient, range, mean, median, skewness and. Kthi®sis
statistical analysisvill identify the dominant parameteps the rate of penetration. This

part is strongly focused on data Quality AssuranceCamlity Check (QA/QC).

4.1.3 Phase lll: Developing a rate of penetration Al model

Using the analysis in the second phase, the ROP model will be developed using Al

techniques. e datasets consisting of drilling parameters serving as input and the ROP

44



serving aghe target variable will be used to train and evaluaté&thaodel. Thedatawill
then be divided into training and validation sét&ny advancedAl techniqueswill be
considered includg: ANN, SVM, ANFIS and FN.Optimizations within each Al

techniquewill be carried out to determine the best possible outcome

4.1.4 PhaselV: Validating the rate of penetration model

In this phasenew wells with unseen data will be used to test the model. One or more wells
will be used in the validation process to see how rigorous the mo@&nse nordinear
bestsubset selection algorithms will be useatase the model needs further optimization

This will allow the rate of penetration model to predict more wells over its entire domain.

4.1.5 PhaseV: Develop a white boxmodel

The objective of the final phase is changing the black box of the Al model to a white box
by developing an empirical correlati based on the weights and biases of the optimized
Al model. This correlation can be used to predict and optimize rate of penetration outside

the Al softwareThis phase is only applicable to the last section, as shofigure3.

4.2 Least Square Method

Least square method is one of the popular and most important approaches when performing

any regression analysi$he term least square means minimizing the summation of the
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square of the error in the results of any equation. This ensures that most data on the chart

are nearly fitted with a line passing through most of th€arrelationcoefficient (R)

measureghe dgrength and relation between two data géttted on the XandY chart, and

closer this value to 1 the stronger the relationsfiip the other hand;oefficient of

determination(R?) gaugeshe strength of how can one variable be predicted by the. other

The closer tts value to 1 the stronger thmediction as shown irFigure22. One of the

easieshpplicationdo use is Excel, it offers friendly interface and quick to use layout.

\ B B B
i (4.1)
B B B B
[ ]
R? = (.85 A2 = 0.49
"
"™ .
:- i
*
V] 5 10 15 20 10 15 20

Figure 22: Example of different R? values
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4.3 Non-Linear Regression

Non-linear regression involves the use of Amear combination models that depends on

one or more independent parameters. It is best wghdequations involving more than

one parameter such as the rate of penetration, or data fitting that have a high curvature in
it making it nonlinear. If linear relation is applied compared to +iokear, the relationship

will suffer from high errors andeviations from the original dataset.

y y
-~ . . -
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® ¢ * |tends to decrease. ®o0
oo o bl T .
oo o b As x Increases, y
) o ®°© .
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[ 3N ] @
»X »X
Negative Linear Correlation Positive Linear Correlation
y - )
F 3 . . . . . r s
® oo *
e © e i
e e o P 0'. o
® 0
d % g 0o o s
e %o & - ..
®
" o .o
> X > X
No Correlation Nonlinear Correlation

Figure 23: Types of correlations
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4.4 Average Absolute Percentage Error

Averageabsolutepercentagerror (AAPE) or sometime calleaheanabsolutepercentage
error (MAPE) is used toneasures the averagalueof theerrorwithout considering their
direction It calculates thabsolute difference betweenedictedand actuaValues.

RS 8
0000

(4.2)

4.5 Root Mean Squared Error

Rootmeansquarederror (RMSE) measures how spread dhe standard deviation of the
residuals The residualmeasurefiow farthe data points are from tfi®m the regression

line.

YO YO

(4.3)
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CHAPTER 5

RESULTS AND DISCUSSION

5.1 Vertical Well Profile

Among all the three wells profile, the vertical profile is considered relatively the easiest.
There are ndnclination changes and side forces as well as drag are almost absent.
Depending on the section depth, there could be some forces that are lost such as vertical
forces (WOB) and rotational forces (RPMhe BHA:s relatively the same in almost all
verticalwells, in which packed BHA is used to prevent any departure or bit walking. Hole
cleaning isndébt a big challenge here since

concern of avalanching or creating cutting beds.

5.1.1 Data Overview

Field data was gathed from three wells that have the same hole size and formation type.

All three wells are vertical and conventional bottom hole assembly (BHA) was used. The
size of the hole section is 160 which i mpl
targetentry is not a reservoir yet. This data was taken from direalsensor, and most of

them were captures on a footage based. Mud rheology parameters such as density and
plastic viscosity were excluded on purpose, and only mechanical parameters were used.

The main reason is to enable future modeling automation htimealand that can be only
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done on the parameters that are available iate&l. Mud properties are not automated in
terms of measurement and they are done manually in the mud lab at e dgce or
twice a day. Thus, building a model that relays only on the data being transmitted by the

reattime sensor will open the door for future modeling automation irtireal

Il ni tially, the data will i ndoblasdcgonimdludings or t s
drilling, tripping and running casing. The first step was only to capture the part where new
footage was made and discard the rest. This requires human interface using data filtering

and elimination, as shown Figure24.

Eliminate any Continue if higher

footage less than
previous

Display all data footage is

recorded

Figure 24: Data Cleaning Process

This implies that i1if the current footage w,
then it is a trip out of the hole. Até end, only drilling data will be present in the data set

as shownn Table5. |l tds worth mentioning that for mat
(UCS) is included irthe work as a continuous log rather than average value for each
formation type. The next step is to further clean the data by normalizing it and checking

the data cluster visuallyFigure 25 shows an example of a data cluster wheiaxis
indicatesnormalizedROP values and-gxis indicategshe normalized torquelhe values

in blue color indicate high values at very low ROP values which can be associated with
reaming oprations or cement drilling. Thus, this data cluster can be eliminated.
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0.8 ® ROP -+ Torque

Normalized Torque

Normalized ROP

Figure 25: Example of data noise

Table 5: Correlation Coefficient of well-A.

ROP GPM RPM SPP Torque | WOB ucs

ROP 1.00 0.53 0.58 0.55 0.88 0.78 -0.09

GPM 0.53 1.00 0.24 0.43 0.51 0.61 0.08

RPM 0.58 0.24 1.00 0.62 0.44 0.48 -0.11

SPP 0.55 0.43 0.62 1.00 0.46 0.47 -0.06

Torque 0.88 0.51 0.44 0.46 1.00 0.75 -0.11

WOB 0.78 0.61 0.48 0.47 0.75 1.00 -0.16

ucs -0.09 0.08 -0.11 -0.06 -0.11 -0.16 1.00
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5.1.2 Model Setup

The model was built usingNN feedforward networkwith 6 inputs, 12 neurons and 1
layer as shown irfrigure 26. The optimum number of neurons and layers was selected
based on trial and error. The two governing factors for selection were average absolute
percentage error (AAPE) and correlation of cagdft (R). The minimum number of
neurons was 6 and the maximum was 20. As showigure27, 12 neurons gave the best
results when training the model and predicting unseen data. After selecting the optimum
number of neurons, sensitivity analysis was done on the number of layarsgtfanction

and transfer function to further reduce the error and increase the correlation strength.

Input

12 1

Figure 26: ANN model setup

For the number of | ayers, having two or mo
different number of neurons. This shows that the model can predict ROP with only one
layer, thus reducing the weight and biases matrix size. The type of the trainctoprh

di dnot vary much bet we e heveabergMarquardtgainihgu nct i o
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function (trainlm) gave the least error while providing fast calculation speed. The transfer

function used was puieear which showed significant improvement o¥en Sigmoid

as shown the sensitivity analysis. The advantage of having purely linear transfer function
is the ability to extract easy form equation. This enables taking the ROP model outside the
Al software, by @velopng an empirical equatiorirhis equatn can be used in any other

custom software, or even embedded inside the rig console itself faimegbrediction.

Number of Neurons Number of Layers
% B 6 Neurons 95 M 2 Layer, 6:6 Neurons
94 94
10 Neurons 2 Layer, 6:12 Neurons
93 93
© X 12 Neurons L4 ® 2 Layer, 12:12 Neurons
92 X [ * 92 n »*
91 15 Neurons a1 3 Layer, 6:6:6 Neurons
30 # 20 Neurons 90 # 3 Layer, 6:12:6 Neuraons
9.78 9.8 982 9.84 986 988 99 9.81 9.82 9.83 9.84 9.85 9.86
AAPE AAPE
Transfer Function Training Function
M trainlm
95 95 trainbfg
o M tansig 94 X trainrp
93 i 93 ¥ trainlscg
- 9 « logsig -4 02 B oex » trainlcgh
| x i )
o1 purelin 91 trainlcgf
trainlcgp
90 90 .
trainoss
9.75 9.8 9.85 9.9 9.95 10 9.75 938 9.85 99 995 10 .
# traingdx
AAPE AAPE

Figure 27: Training number of neurons layers, training and transfer function

5.1.3 Results

the best results were found using 12 neurons, 1 ldgMenbergMarquardttraining
function (trainlm) and purénear transfer function. The first well had 1528 data points and

each data point consist of 6 inputs and 1 output, totaling to 10,696 data/srof welt
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A was trained then 30% was used for validation untilabeelation coefficient of 02

was achieved and average absolute percentage error of 9.8. As sHagur&®8, once

the training andestingphase was done, 2157-aaen data point from welB, equivalent

to 15,099 data countyvere used tovalidate the modelwhich showed a correlation

coefficient of 0.95 and average absolute percentage error.oAl8al 849 urseen data

point from wellC equivalent to 5,943 data coumére usedn the model and showed a
correlation coefficient of 0.94 and aver ac
mentioning that wellA is nosier than the other two welldich actually gave an advantage

during predicting since the Al model went through a many scenarios and situations leading

it to learn better about ROP behavior in this field.

~ Training

Function

I Train & Test \

Well-A

Layers

Transfer
Function

N o

Error

Neurons

Validate Well-B & Well-C

Figure 28: Training & testing process
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To have comprehensive comparison, five different Al methods were considered to check
if the error can be reduced further. Also, four ROP models will be used as a comparison to
see if Al can predict ROP better or not. The number of inputs was selectedobased
previous study performed earlié?, in which these mechanical parameters were
confirmed to affect the rate of penetration significantlye Tétal number of data imore
than4,500 data pointd/Vell-A will be used to train and validate the model with 70/30 data
ratio. Then two unseen data which arell-B andwell-C will be used to test the model.
More than 50 sensitivity analysigll be peiformed to achieve thbest combination of

parameters.

The first Al technique to compare the previous results witeneplizedegressiomeural
network (GRNN) in which only the spread of the function can be changed. Three different
spreads were seledtevhich are 0.1, 1 and 10. The results of this technique are shown in
Figure29. The downside of this Al technique is the number of neurons which is set equal
to the nunber of inputsThis causea serious memorizing issue alehd toa predictioror
validationfailure. The second technique waadral basisfunctionneuralnetwork (RBF),

and this function allows more flexibility in controlling the training parameters such as error
goal, spread and maximunmumberof neurons While keeping the error goal zero, the
spread and maximum number of neurons were varied and shokgure 29, and the
correlation coefficient and error were much better compared to GRNN and were close to
ANN. However, this Al technique also suffers freerious memorizing ssiethatleads to

predictionor validationfailure. The third technique was using fuzzy logic, and three sub

techniques under it were used. Apart from gragtitionwh i ch coul dndt hand
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subtractive clusteringSC) and fizzy c-means (FCM)clusteing were used. The main

parameters to change were cluster radius size, number of clusters and number if iterations.

Fuzzy logic FCM type gave the closest results compared to ANN using Sugeno structure

type, as shown iRigure29.

General Regression Neural Network (GRNN) Radial Basis Function (RBF)
100 100
[ ] »
0 W 0.1 Spread, 25 Neurons
a0 M Spread =0.1 10 Spread, 50 Neurons
60 u
o * Spread = 1 - X 50 Spread, 50 Neurons
# Spread = 10 40 % 50 Spread, 100 Neurons
80
20 100 Spread, 50 Neurons
# 500 Spread, 50 Neurons
70 0
0 5 10 15 20 25 30 35 0 5 10 15 20 25
AAPE AAPE
ANFIS (Sugeno Fuzzy Logic) ANFIS (FCM Fuzzy Logic)
95 95
a3 M Radius = 0.7 & 200 iterations 93 W sugeno, 2 clusters
Radi 0.7 & 180 iterati sugeno, 4 clusters
adius = iterations e
21 X [ | * 91 e sugeno, 5 clusters
«= # Radius = 0.8 & 150 iterations o« X
89 89 © mamdani, 2 clusters
X Radius = 0.6 & 220 iterations X mamdani, 4 clusters
87 87
Radius = 0.9 & 150 iterations @ mamdani, 5 clusters
85 85
9.95 10 10.05 10.1 10.15 8 9 10 11 12
AAPE AAPE

Figure 29: Results of GRNN, RBF and ANFIS Al models

The fourth technique was using support vector machines (SVM). The function allows

changing manyparameters such as kernel type andréagymultipliers (C). Compared to

Gaussian kernel type, Polynomial gave more acceptable results as shoguré30.

worthn o t

ng that SVM Al method didnot

|l t 6s

show g

values, not mentioning the long calculation tinféde fifth and last technique was

functional networks (FN), where 5 different algorithms can be used in conjunction with

linear and nonrlinear types. Almost all nefinear types predict the ROP while training

well-A, however, they failed while testing especially on w&llThe most acceptable
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scenario was usingihctionalnetworkexhaustivesearchmethod(FNESM) algorithm with
linear type, as shown Figure30. This shows that ROP behave more linearly and agrees

with ANN method where the best transfer function was{linear.

Functional Network (FN) Support Vector Machine (SVM)
94 W ESM, Linear 95
ESM, Non-Linear
FSM, Linear 94 M gaussian, 2.9 Kernal, C = 300
% FSM, Non-Linear gaussian, 6 Kernal, C = 300
¥ BEM, Linear 3 X gaussian, 2.9 Kernal, C = 600
e 92 X . - !
* BEM, Non-Linear 92 ¥ gaussian, 2.9 Kernal, C= 1500
FBM, Linear i gaussian, 2 Kernal, C = 1500
Bx FBM, Non-Linear 91 polyhomog, 1 Kernal, C = 100
90 BFM, Linear- %0 poly, 5 Kernal, C = 100
10 105 11 115 12 #BFM, Non-Linear 10 105 11 115 12
AAPE AAPE

Best Results Per Al Method

95
W ANN, 12n, 1L, trainlm, purelin

93 GRNN, 10 Spread
]
91 T X RBF, 100 Spread, 50n
-4 X FIS_2, 0.6 Radius, 220 iterations
89
FIS_3, sugeno, 2 clusters
87 FN, ESM, Linear

a5 # SVM, poly, 5Kernal, C= 100

Figure 30: Results of FN and SVM Al models

Figure30above al so shows the best results from
ANNwashe best by far followed by fuzzy 1| o0og!
algorithm (GA) was used here in conjunction with ANN method to optimize the training
on wellA, however, neither improvement in the correlation coefficient was observed nor
any redation in error. This implies that ANN already reached the minimum global error

while training weltA.

The final results of all wells are shownhigure31. Well-A is nosier than the other two
wells which actually gave an advantage during predicting since the Al model went through

a many scenarios and situations leading it to learn better about ROP behavior in this field.
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Well-A Well-B Well-C
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Figure 31: Results of all wells

To compare the obtained results from Al with ROP models found in the literature, four
ROP models were selected and a comparison was done between all of them. The first model
is Maurer where the formatiodrillability constant, after regression, was found to be
K=4690897 The second model is Bingham and the three calculated constants after
performing regression were K119 gwoe)=1.589and krrm=0.89Q The third model is
Bourgoyne and Youngwhere all segn exponents were found to asi=&737,
a(CompactiorF9.16E05,  &(overbalancet-1.13E04, @ (pifferential=1.06E07, a&@Ein=1.412,
as(rRPM=0.541 and AnydraulicsF-0.303. The fourth and final modelA$-AbdulJabbar model

20l where the two constants were calculated and theyanase = 0.854andbucs)= 1.189

- 1.275depending on formation type. The results are shown belGigure32.
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Bingham Model
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Figure 32: Comparison with other models
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5.2 Horizontal Well Profile (Carbonate Reservoir)

Horizontalprofile is considereds a moderate wherciomes to drilling difficulty The well

is being drilled across a single lithology most of time, so drilling parameters are somehow
stable with less noise. If gesteering is avoided, then the forces on the BHA can be
anticipatedif the lateral angle is fed. Torque and drag are present in this well profile,
causingsome force$o be lostsuch as vertical forces (WOB) and rotational forces (RPM).
The BHA normally contains MWD, or even LWD, so downhole parameters can be
monitored.Hole cleanings achalleng, but manageableince the cutting are agitated

with the BHA rotation to minimizeutting beds.

5.2.1 Data Overview

Field data was gathered from two wells that have the same hole size and both are in the
reservoir section. Both wells are horizontal anddliomal bottom hole assembly (BHA)

with loggingwhile drilling (LWD) was used. The surface data was taken from atireal

sensor, and most of them were captures on a footage based. The logging data was received
in realtime form the LWD, and later on wa®mbined with the surface mechanical &
hydraulic parameters. Mud rheology parameters such as density and plastic viscosity were
excluded on purpose, and only mechanical parameters were used. The main reason is to
enable future modeling automation in réate and that can be only done on the parameters

that are available in redéilme. Mud properties are not automated in terms of measurement

and they are done manually in the mud lab at the rig site once or twice a day. Thus, building

60



a model that relays onlyn the data being transmitted by the #t&ale sensor will open the

door for future modeling automation in rdamhe.

Initially, the data will include all sorts of operations doneongive hol e secti on |
drilling, tripping and runningompletion The first step was only to capture the part where

new footage was made and discard the rest. This requires humdacetesingdata

filtering and elimination, as shown figure24.1 t 6 s wort h menti oning
unconfined compressive strength (UCS) was calculated from the logs, however, it was
poorly related to the ROP values, thus it was excluded. The effect of formation properties

is already being captures by Gamma Ray (G density (), neutron porosityx ) and
PhotoelectridcNumber (PN). The behaviors of some of these logs are shokigune33.

The next step is to further clean tHata checiag it visually. Since this is a reservoir
horizontal section, the data quality seen was among the best compaetidal well

profile. This is due to less vibrations and the availability of downhole measurements in

reattime that aided in apmizing the drilling performance.

ROP (ft/hr) =GR (API) Photoelectric Number
100 12
90
— %0 nl - 10 .
a
i - | R 2
- AV AV | ® 5
a o MEA a N 2
— 50 \ 6 E
= 1%}
S 40 2
5 30 4 2
g g
20 Y4 p ' = L 5
10
0 1 T T T T T T T T 0
0 500 1000 1500 2000 2500 3000 3500 4000 4500
Interval

Figure 33: GR, ROP & PN logs behavior
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5.2.2 Model Setup

The model was built usingNN feedforward networkwith 10 inputs, 2 layers and 30

neurons per layer as shownRigure34. The optimum number of neurons and layers was
selected based on trial and error. The two gowgrmactors for selection were average
absolute percentage error (AAPE) and correlation of coefficient (R). The minimum number

of neurons was 10 and the maximum was 50. As showigure35, 30 neurons gave the

best results when training the model. After selecting the optimum number of neurons,
sensitivity analysis was done on the number of layers, training function and transfer
function to further reduce the error amtriease the correlation strengfar the number

of |l ayers, having three or more | ayers didr
of neurons. This showed that the model predicted ROP with lowest error using two layers.

The type of the traininf uncti on di dndét vary much bet wee
LevenbergMarquardttraining function (trainlm) gave the least error while providing fast
calculation speed. The transfer function used was tansig for first layer & logsig for second
layer, whth showed significant improvement over using purely, whether it was alone, or

in conjunction with another transfer functgon

Output

30 1

Figure 34: ANN model setup
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The number of mechanical & hydraulic inputs was selected based on a previous study
performedearlier??, in which these mechanical & hydraulic pareters were confirmed

to affect the rate of penetration significantly. The total number of datarie thard,300

data pointsWell-A will be used to train and validate the model with 70/30 data ratio. Then
oneunseen data whicis well-B will be used totest the modelMore than30 sensitivity

analysiswill be performed to achieve theest combination of parameters.

Number of Neurons Transfer Function

100
B 10 Neurons 100
95 20 Neurons 95 ‘s W tansig (both Layers)
e >, % 30 Neurons x 90 logsig (both Layers)
20 .
| | 40 Neurons 85 v X purelin
85 # 50 Neurons 20 # tansig:logsig
0 5 10 15 0 5 10 15 logsig:tansig
AAPE AAPE
Number of Layers Training Function
100 M 2 Layers, 10:10 Neurons 100 ltrainlm
trainbfg
2 Layers, 20:40 Neurons 95 | X trainrp
95 &* X trainlscg
@ X 2 Layers, 30:50 Neurons e 90 X trainlegh
(- trainlcgf
90 u * 3 Layers, 20:20:20 Neurons a5 X trainlegp
% 3 Layers, 30:30:30 Neurons » trainoss
85 2L 30:30N 80 # traingdx
0 2 4 3 g 10 avers, SB:sheurons 0 2 4 6 8 10 12 14
AAPE 1 Layer, 30 Neurons AAPE

Figure 35: ANN sensitivity results on number of neurons, layerdraining & transfer functions

5.2.3 Results

After performing sensitivity analysis using ANN, the best result was found using 2 layers,

30 neurons per layer angkvenbergMarquardttraining function (trainlmn The transfer
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function for the first layer was tansig while logsig was the transfer function for the second
layer. The first well had 4300 data points and each data point consist of 10 inputs and 1
output, totaling to 47,300 data count. 70% of wlelvastrained then 30% was used for
validation until thecorrelation coefficient of 0®was achieved and average absolute
percentage error of 5.4. Once the training and validation phase was done, 4H#hun
data point from welB, equivalent to 45,100 dataunt, was tested on the model and
showed a correlation coefficient of 0.94 and average absolute percentage error of 6.1. The
results are shown Irigure36. Since the AIN model showed excellent prediction on Well

A and excellent validation on Well, other Al models are unneeded here.

Well-A Well-B
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Figure 36: Final results of both wellA & well -B using the developed ANN model
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5.3 Horizontal Well Profile (Sandstone Reservoir)

This profile is similar to what was mentioned in the previous section. However, this section
is tougher and more abrasivlenlike the previous Carbonate section, abrasive sand
formations are harder to drill and results inesewibratios and BHA failure. Also, the

ROP valus are much lower.

5.3.1 Data Overview

Field data was gathered from two wells that have the same hole size and both are in the
reservoir section. Both wells are horizontal and directional bottom hole assembly (BHA)
with Logging While Drilling (LWD) was used. The surface data was taken fromala re

time sensor, and most of them were captures on a footage based. The logging data was
received in reatime form the LWD, and later on was combined with the surface
mechanical & hydraulic parametetsitially, the data will include all sorts of operat®
doneonthéd0 hol e section incl udi completonhe first n g,
step was only to capture the part where new footage was made and discard the rest. This
requires human interface usidgta filtering and elimination, as shownhkigure 24. At

the end, only drilling data will be present in the data &&rmation unconfined
compressive strength (UCS) was provided for this abrasigton, and it ranges between
25,000 psi to 45,000 psi. The next step is to further clean the data then check it visually.
Since this is a abrasive sandsto®rizontalwell, the data qualityn general was good,

however, the ROP response was very ndilg. ROP profile indicates clear vibrations and
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stick and slip behavior. This is completely the opposite compared to the previously

mentioned carbonate formation.

Well-A

12

ROP, ft/hr

0 500 1000 1500 2000 2500 3000 3500
Interval

Figure 37: ROP behavior in an abrasive sandstone horizontal well

5.3.2 Initial Model Setup

The model wadnitial built usingANN feedforward networkwith 5 inputs, 3 layers and

50 neurons per layer as showrHigure38. These selectionseemextreme given the data

complexity.

Figure 38: ANN model setup
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Even with thisrigorousANN model, the model ended up memorizing the Wellith
poor resultsThe model was even projecting negative ROP vaageshown irFigure40.
Another complex ANN model was constructed also to see if a better predietiohe
obtained. The model was built based @ascaddorward ANN, as shown irFigure 39.
Even with this more complex network, the model failed again to predict theofrate
penetration, and ended up poorly memorizing W#ellThe model was even projecting

negative ROP values, as showrFigure40.

Figure 39: ANN Cascademodel setup
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Figure 40: ANN initial complex model (left) and ANN Cascade model (right)

With these poor results, and knowing that the formation is abrasive, the question that comes
is: is the well being drilled efficiently? The only possible way to check is through analyzing

the MSE values. As stated under chapter 3, MSE values close torttaidbn UCS values
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indicated efficient drilling. Knowing that this abrasive formation has 254%)000 psi

UCS values, then the focus should be there.

5.3.3 Data Preparation

It is now clear that the data requires more preparation before setting up theThedsdst
way is to analyze both wells MSE values. As showfigure41, Well-A MSE values
were plotted against ROP, and it is evident that low ROP values are caorreititdrigh
MSE numbers. To delve deeper in the analysis, the BHA shock values were pulled from
the MWD sensor, where higher numbers indicates more shocks and vibrations. The picture
now became clearer where higher MSE values meant that some a@siggt in terms

of shocks and vibrations.

Well-A
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S ,
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0
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Figure 41 MSE and Shocks values for WelA
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The targeted MSE valuese ranged between 25,00@5,000 psi. Since ROP values are
very small, an upper limit and lower limit a/50% will be added. Thus, the new MSE
range ranges betweeri5,000- +75,000 psiun | i k e Al approathafireplacing

thetor que M MB&aledgsuati on wusi 8@ P pitsspecificr an d

coefficient, thebelow modified MSE equation will be used:

- il
Al _” F '|r=|= | .%: ||'}: " (5.1)

It should be noted that titerque was removed from the equation. The first term (WOB) is
much less than the second term (RPM), so the main dominant parameters will be RPM.
The objective is to relate ROP with MSE lineafigure 42 below show WeHA were

MSE (Eq 5.1) was plotted against ROP for different RPM valen MSE was related

to ROP using Powerendline, the coefficient was almost the same indicating that the WOB

term in Equation 5.1 ialmost negligibleThis can be written in below equation form:

e A EEF® (5.2

Or

T rd FIF+ (5.3
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Figure 42: New MSE equation (Eq 5.1) vs. ROP for RPM values

To carry further acorsstangnsultige acalysistwill lee perfarmade o f
UnderFigure43, both WeltlA and WellB were plotted for the same RPM, the resultant
equation is the samAlso, inFigure44, t he constant 6éad was pl ot
values to allow easier i nter polnedaditoobe and
calculated empirically, then it can be presentdaté@wv. Note that the constant on equation

5.5 was there teeflect the unit conversion ébrque to have MSE in psi rather thigpsi.

The constant was kept even after removingttingue since the WOB term also uskes

same constant

1 il il
-” [— = TF (5.1

e EE (54)



Comparing both Equationb& 5.4
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Figure 43: MSE (Eq 5.1) vs. ROP for both Wells A & B
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Moving forward, a new correlation must be introduced that relates MSE to ROP indirectly.
If MSE value was directly used in the model, then the model will predict ROP with
accuracy of 100% since ROP is already an input in the MSE equatigyo aound that,

the constant 0 a &Goingbackto EuatoesRiamdts.d an@rigusedde .

correlation:
T rA Fl (5.4
£ 8 4} s (56)

Combining Equatior3.19 (notorque), and Equation 5.4:

+ zTHEl _z4 !

TFF = =at1 -9
Rearranging:

1 —37— (5.8)
Equation 5.8 is related to two parameters

is expanded. The idea behind firevious equations is to create an offset in the equation
to make the ROP prediction much easkgure 45 below compared both actual ROP
values and ROP using Equati&B. Even though the data fit is not perfect, yet the
correlation coefficient is just enough to guide the model towards better ROP prediction.
The newly introduced equation will be used ad"anputs along with other five drilling

parameters. This equation simply combines two inputs which are SORBPM.
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w
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Figure 45: Actual ROP vs. ROP calculated using Equation 5.8

5.3.4 New Model Setup

After performing sensitivity analys using ANN, the best result was found usinigyer,

5 neurons per layer aridcevenbergMarquardttraining function (trainlm) The first well
hadmore tharl600data points and each data point consi§tinputs and 1 output, totaling

to 12,200 datacount. 70% of welA was trained then 30% was used for validation until
the correlation coefficient of 0®was achieved and average absolute percentage error of
5.2. Once the training and validation phase was dbi80 un-seen data poirftom well-

B, equivalent t011,900 data count, was testees the model and showed a correlation
coefficient of 0.% and average absolute percentage err@. ®fThe results are shown in
Figure46. The reason fonot havingtoo lowerror, giver higher R valuess the low ROP.

For example, having ROP of 2.5 ft/hr instead of 2 ft/hr gives and error of 25, while in
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reality the ROP value difference is insignificaiince the ANN model shaed excellent
prediction on WelA and excellent validation on Well using small and simple ANN

setup, sensitivity analysis or other Al models were unneeded here.
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Figure 46: Final results of both weltA & well-B using the developed ANN model
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5.4 S-Shape Well Profile

S-Shape welprofile is consideredmong the most challenging profiles, depending on the
tangentinclination, tangent length and total horizontal displacemémtthis profile,

directional BHA can be picked form the beginning, or only closed to the Kick of Point
(KOP). Different formations will be driéld with inclinationsrangingbetween 3050°,

which causes wellbore stability issuasrosssome formationsThe sidewallforceskeep

changing and cycling depending on the BHA position. In the beginning of the profile
inclination is being buiTomueanadrdg atepresast d t he
well, causingsome force$o be lostsuch as vertical forces (WOB) and itidaal forces

(RPM). The BHAnormally contains MWDbut notLWD, sosomedownhole parameters

can be monitoreddole cleanings abig challengesince the cuttingcan easily avalanche

downward

5.4.1 Data Overview

Field data was gathered fraireewells that have the same hole size amdl profile. All
threewells areS-Shapeweredirectional bottom hole assembly (BHAhdMeasurement
While Drilling (MWD) were used.All well profiles started vertical, then the wealas
kicked off until the tangent section was reached. The tangent was Re28°30°, then

the well was dropped back to zero. All three wells profile are shovwigure 47. The
surface data was taken from a reale sensor, and most of them were captures on a

footage based. Theurveydata was received in retane form theMWD through mud
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pulsing, not memorySince the survey is gathered every stand, data intégpolaas used

to generate the survey every foafter that, itwas combined with the surface mechanical

& hydraulic parameters. t 6 s wor t h not i mwgs used &dam the survgy i n c |
data Azi muth data wer e exclhenohae acesuracycOnbig t di
scale fields, azimuth maters especially when stress direciigs In this field where the

three wells data wersampledminimum & maximum horizontadtreses were almost the
same.Initially, the data will include all sorts of operations doneonlif® h ol e sect i
including drilling, tripping and runningasing The first step was only to capture the part

where new footage was made and discard the rest. This requires humareintgrfgtata

filtering and elimination, as shown Figure24.

Well Profile

—Well-A Well-B Well-C

Last casing point

Depth (ft)

0 1000 2000
Displacement (ft)

Figure 47. Three SShape well profile
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The next step is to further clean thatal by checking it visually. Even thougbtary
steerablesystem (RSSjvas usedyet the data were noisy somehow. RSS drive results in
much smoother hole compared to usimgd motor. Howeverdifferent formations will be
drilled with £25°-3(° inclination, which causes wellbore stability issues across some
formations. Also, sidewalldrces keep changing and cycling depending on the BHA
position. This will introduce vibrations to the BHA as well as excessive torque and drag.
All that will affect the data qualitylFigure 48 shows some data noise or outliereen
plotting WOB vs. Torgue. This noise only appears when the well inclination is dropping
below the maximum number towards zero. These datapoints are only few outliers when
the inclination is apmraching zero form its maximum value. The vector of stresstbg
wellbore is changing where the forces are assisted by the gravity when the BHA is

dropping.

Inclination
= [ N N w
(=] 1% (=] v [=]
[=]
(=]

[

o

0 2 4 6 8 10 12 14 16 18
Depth Torque (kft.Ibf)

Figure 48: Data noise appearing as outliers when thiaclination is dropping to zero
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There appears to be a negatieerelationcoefficient, Figure49, between inclination & all

other paraments. This indicates that wellbore angle change affects drilling performance. If
the BHA is building angle, everything drops, either physically, or assaltrof other
interconnected parameters, and vice veR€2P behavior is clearly affected by inclination
trend, as shown iRigure50. The small drop in the middle amd data count 1,500 caused

the ROP to spike up. Towards the end when the inclination was dropping, the overall ROP
trend wasncreasing. Alsotorque values are increasing regardless of the RPM values, as
shown inFigure50. This is clear in the middle around data count 2.2@00 when RPM

value was constant. This is due to the extra side forces and friction after building
inclination. Towards the end, more RPM wa&eded to maintain good ROP which resulted

in torque value increase. The increase in torque is also associated with more side wall forces

or friction due to angle drop.

0
—02 I [
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Figure 49 ROP trend increases when inclinatiordecreases
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Figure 50: Torque trend is increasing even with fixed RPM

5.4.2 Model Setup

Since SShapeprofile has dual inclination phenomena (buitdendrop), two wellswere

used in training, and one for predicting with ratio of 2:1, unlike previous models where 1:2
ratio was used. Thavo wells with highest and lowest curvature will be used to prelaect

well in between.The inclination was excluded as an input since iy @ilowed minor
improvement, as shown figure54. This will enablereattime prediction since surveys

are taken only every stantlhe model was built using ANN feddrward network withb
inputs,1 layer and 30 neurons as showrrigure51. The optimum number of neurons and
layers was selected based on trial and error. The two mjagefactors for selection were
root mean square err@RMSE) and correlation of coefficient (R). The minimum number

of neurons wa$ and the maximum was 50. As showrFigure52, 30 neurons gave the
best results when training the model and predicting unseen data. After selecting the

optimum number of neurons, sensitivity analysis was done on the number of layers,
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training function and transfer function to further regluthe error and increase the
correlation strengthi-or the number of layers, haviingo or more layergavethe same

resultsas the single layeneurons.Therefore, single layer was selected to make the
eguation extraction easier, and to increasedngoutational speedhe type of the training
function didnot vary much bLevenbergMarquardt | ni n
training function (trainlm) gave the least error while providing fast calculation speed. The
transfer function used was tansighich was very close tlogsigin terms of accuracy and

error.

Hidden Layer Output Layer

Input Parameters
«
w
3
+
Tra%fer
Function
+ )
Transfer
Function
Output

Figure 51: ANN model setup

The number of mechanical & hydraulic inputs was selected based on a previous study
performed earlieP?, in which these mechanical & hydraulic parameters were confirmed
to affect the rate of penetration significantly. The total number of dataris than7,900

data pointsTwo wells A & B) wereused to train and validate the model with 70/30 data
ratio. Thenoneunseen data whicts well-C wasused to test the modeéVlore than30

sensitivity analysisvill be performed to achieve theest combination of parameters.
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Figure 52: ANN sensitivity results on number of neurons, layers, transfer function and training algorithm

5.4.3 Results

After performing sensitivity analysis using ANN, thest result was found usidgayer,

30 neuronsLevenbergMarquardtraining function (trainlmpand tansigransfer function.

The firsttwo well hadmore than 700 data points and each data point consi&tioputs

and 1 output. 70% dahe dataweretrained then 30%wvereused for validation until the

correlation coefficient of 0®was achievedavith root mean squarerror of6.2 Once the

training and validation phase was don@)@ untseen data point from we@, equivalent

to 24,000 data count, wassted on the model and showed a correlation coefficient f 0.9

with root mean square errof 6.7. The results are shown fgure53.
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Figure 53: Final results of both wellA/B & well-C using the developed ANN model

To have comprehensive comparistimeedifferent Al methods were considered to check

if the error can be reduced further. Also, four ROP models will be used as a comparison to
see if Al can predict ROP better or ndhe first Al technique ifRRadial BasisFunction

neural network (RBF), and thfunction allows more flexibility in controlling the training
parameters such as error goal, spread and maximum number of neurons. While keeping the
error goal zero, the spread and maximum number of neurons were varied, and the
correlation coefficient andrror were much better comparedtber Al methodsind were

close to ANN.The downside of RBF is that it memorized data very well. So high

correlation coefficient antbw errord o e s n 6 t mean that t he model
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with the same accuracynlike ANN. The secondtechnique was using fuzzy logic, and
two subtechniques under it were usetiich aresubtractive clustering (SC) and fuzzy c
means (FCM) clusterindhe main parameters to change were cluster radius size, number

of clusters and numbdfriterations.

Radial Basis Function (RBF) Functional Network (FN)
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Y Ve .
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80 W 0.1 Spread, 25 Neurons
* FSM, Non-Linear
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. 60 P 91 X BEM, Linear
3
2 X 50 Spread, 50 Neurons " BEM, Non-Linear
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Figure 54: Results of using four different Al methods, including sensitivity analysis
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Thethird and last technique was functional networks (FN), where 5 different algorithms
can be used in conjunction with linear andiaear types. Almost alinear & nortlinear

types predicdthe ROP while trainingrhe most acceptable scenario was using fanati
network Forward Selectioomethod (FNFSM) algorithm withnortlinear type.It's worth
noting that Support Vector Machine (SVM) c
|l tds either the computation time nmmdght t ak
prediction. The final sensitivity analysis to perform is the best combination of inputs during
ANN modeling. The aim of this sensitivity is determining the minimum number if inputs
needed for any future modeling. The results showed that neglectiMgsGiose enough

to get similar results. This is nstirprisingsince the GPM and SRiPe highly relatedThis
means the ANN model can rely on only one parameter to successfully predicDR@re.

other hand, SPP is also strongly related to GPM, howi\reas stronger correlation with
ROP. Thus, eliminating SPP had higher impact on model accufdsy, including
inclination as an input showed only minor improvem@istcompare the obtained results
from Al with ROP models found in the literature, four ROP models were selected and a
comparison was done between all of them. The first model is Maurer where the formation
drillability constant, after regression, was foundt K=60087000 The second model is
Bingham and the three calculated constants after performing regression We08K=
awos)=1.037and krpmy=1.077. The third model is Bourgoyne and Young where all seven
exponents were found to asi=24.3 a&compadon)=-1.9E-03, &(overbalancet-9E-04, &
(Differential=-3E-04, a5in=1.496 asrpm=1.269and & (Hydraulics0.118 The fourth and final
model isAl-AbdulJabbar modét” where the two constants were calculated and they were

awog) = 0.0755and hucs)= 0.75-0.84 depending on formation type.
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Figure 55: Comparison with other models
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5.5 Vertical Well Profile (White Box, Sandstone)

Under sectioa 5.5 and 5.6, the Al model will be turned into a whitex to prove that it

can be portable outside the Al modeling software. In both sections, a large field will be
selected, then random wells scattered arawifidbe used to build the ROP model. Later

on, it will be heavily tested to prove that ROP Al models can be generated for certain

specific fields. Moreover, a certain formation is targeted here as well.

5.5.1 Data Preparation

Total of 8 wells that are scattered across Field A were selected. These wells provide enough
coverage of the entire field structure. This ensures a proper capture of formation behavior
across the field. The data associated with each well are mainly speearaeters foa
sandstone formatiormhe objective is to predict the rate of penetratiortlice sandstone
formation using surface data or parameters. Series of data QA/QC were performed in
addition to data analytics to ensure that only effective ignétsised. In addition, the data

should be physically descriptive, meaning that they are valid logically and physically.
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Figure 56: Field-A map with the location of all 8 wells

5.5.1.1 Data QA/QC

The first step in data QA/QC is visualizing the data to quickly pick any anomaly. At this
stage, some well had nearly +50,000 data point for each input which is massive for only
single lithology. Other were around 10,000 data point. Next, certain limres se¢ on the

data set. For example, ROP or WOB values less than 2 or 5 were excluded since they are

too low to be used in ROP optimization and prediction. This helped to focus the data more
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on realistic data range. But a problem still exists which the ldiaga count. To overcome

this, all data duplicates were removed. For example, ROP values were the same for 10 to
20 consecutive data point, but with different other parameters. In other words, the ROP
values were 29.5 ft/hr and repeated 10 times imméyiater each other. Each 29.5 ft/hr

had different (but close) RPM, WOB and torque. Having such phenomena will create
confusion during modeling. Removing duplicates for each input parameters creates a
unique value for each data point to produce uniqueubutihis duplicate removal process
successfully reduced the data point per input to around 5,000. Other data QA/QC were
carried suchasextreme outlier removal, and removing reense data such as negative

hook height.
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Figure 57: Well-C before QA/QC and removing duplicates
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Figure 58. Well-C after QA/QC and removing duplicates

Table 6: Example of ROP duplicate valuesdata is recorded every 5 seconds, so depth fractxistg

Depth | ROP (ft/h) | SPP (psi) | Torque (kft.lbf) | WOB (kIbf)
XXX1.39 | 4.3253 | 2863.615 4.22 19.9866
XXX1.42 | 4.3253 | 2865.105 5.17 32.7846
XXX1.52 | 12.0027 | 2860.169 4.49 28.7528
XXX1.55 | 12.0027 | 2858.928 4.15 25.5525
XXX1.59 | 12.0027 | 2863.493 3.95 23.9092
XXX1.6 | 12.0027 | 2858.583 3.68 22.7243

XXX2.312 | 12,1049 | 2859.024 3.68 21.1902
XXX2.319 | 12,1049 | 2861.153 3.34 20.4355
XXX2.322 | 12.1049 | 2862.593 3.34 19.527
XXX2.328 | 12.1049 | 2853.115 3.27 17.96

XXX3.45 | 125975 | 2855.213 3.68 21.5458
XXX3.46 | 125975 | 2856.577 4.15 26.2083
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Table 7: Example of ROP data extreme variation (ex. due of stick and slip)

Depth ROP (ft/h) Notes

XXX1.394 36.148

XXX1.569 63.134

XXX2.092 126.681 1.5 ft drilled in 90 seconds
XXX2.161 26.833 should yield to average RO
XXX2.161 13.348 of 60 ft/hr
XXX2.559 29.639

XXX2.93 146.507

XXX2.687 99.585

XXX3.147 120.411
XXX3.713 122.389

XXX4.606 135.35 3.5 ft drilled in 180 g
XXX4.973 102.033 srllou}d ;Iieeid ;2 averzggogd
XXX5.075 27.091 of 70 f/hr
XXX5.33 69.509
XXX5.74 102.284
XXX5.931 15.066
XXX6.26 59.125
5.5.1.2 Data sensing and description
Now with the | ighter data, itbés time to ch

output. The best method is data visualization and calculating correlation coefficient.
Wolfgang and Gerhar¥ method is not applicablat this stage since they involve basic

data QA/QC. What is seen here is extreme data noise. This could be due to sensor error, or
inefficient drilling such as bit whirof stick and slip. To have a better understanding of
inter-data relations, ROP was plotted against WOB. Now, the relation is expected to be

strongly positive. However, what was seen is strong negative relation which is not possible
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in normal and efficiendrilling. Such behaviors clearly indicate severe downhole shocks
and vibrations such as bit whirl and stick and slip. This negative relation of ROP vs. WOB

also impacted many other inputs suchcaague or RPM.

A way forward is needed in this situatiaich is themechanicakpecific energy (MSE).

This parameter describes the energy applied on the bit to crush the rock beneath it. This
MSE parameter need to be managed efficiently. Too much energy will be wasted into
vibrations, and too little will notigld to efficient drilling. The optimum value of MSE is

close to the formatioonconfinedcompressivestrength (UCS).
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Figure 59: Example of RPM data noise (ex. due of stick and slip)
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Figure 60: Example of WOB data noise
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Figure 61: Inverse trend betweenROP and WOB

Table 8: Correlation coefficient of ROP vs.WOB

We 1Al -0. 643
We 1Bl -0. 611
We {Cl -0. 515
We {DI -0. 452
We {EI -0. 738
We {F| -0. 796
We {Gl -0. 667
We {HI -0.591
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5.5.1.3 Using UCS to cap MSE values

The UCS values ranges between 25,000 psi to 35,000 psi for the sandstone formation. This
means if the MSE value while drilling is aroul,000835,000 psi then efficient drilling

is expected. Moving forward, all data had to be filtered to only keep inputs that have MSE
value between 25,000 psi and 35,000 psi. All inputs outside this range were excluded. This

reduced the amount of data inpfitom few thousand per well to few hundreds.
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ﬁ ’I,
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100000
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Figure 62 ROP vs. MSE (including 2500835000 psi) with wasted energy example

Inputs falling in high MSE value range vyields slow ROP, and inputs in low MSE ranges
causedrilling issues such as bit stick and slip. This was confirmed when ROP vs. WOB

correlation coefficient was calculated using different MSE ranges.
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Table 9: Well-B ROP vs.WOB at different MSE range

MS E R a n| Correlation Coefficient
Entire d - 0.61(negative)
10, 039, O -0. 24 (neg¢
10,000i 20,000 0.22
20,0001 25,000 0.14
25,0001 35,000 0.31

Sensitivity analysis were carried out to determine the most effecting parameters on MSE
values. Apart for ROP which is inversely related to M®kEque had the most impact on
MSE value. This is logical singerque is almost the only parameter that isteeld@o many

other inputs such as WOB and RPM. It will be seen later onditate had the most weight

on it after modeling.

o [YE OWRIQI R O g > < Op PR 0Po <F « DGR 6 0
WE aOYIU € 0 QQ wWE a oY@ E LQQ
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1 4T 4 OeGRIMRM 0o 5 Y00
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Figure 63: Tornado chart for inputs mainly affecting MSE

5.5.1.4 Final data preparation

Final check was done on the data visually, and also by using correlation coefficient. The
reason is that aftené MSE filtration process, some outliers or anomalies exits. One of the
wells had an outlier that resulted in correlation coefficient of 0.34 for ROP vs WOB, and
0.24 for WOB vstorgue. After removing that outlier, the correlation jumped to 0.53 and
0.56 respectively. At this stage, the data was ready for modeling to predict rate of

penetration.
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Figure 64: Removing single outlier in WellD enhanced the correlation

5.5.2 Inputs

All 8 wells were prepared by performing data QA/QC dath analytics. The intefata

relations are now much stronger, and almost all trends are physically and logically valid.

Table 10: Final inputs vs. output

Inputs Output

GPM (galuS/min)
RPM (Rev/min)
SPP (psi) ROP (ft/hr)
Torque (ki.ft)
WOB (Kklby)
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RPM, WOB (klbs) and ROP (ft/hr)

——ROP —WOB ——RPM ——Torque

14

12

10

Data Count

Torque (kIbf.ft)

Figure 65: Inter -data relations are much stronger, and physically and logically valid
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0 0
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Figure 66: Inter -data relations are much stronger, and physically andbgically valid
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® \Well-A ®Well-B ® Well-C Well-D @®@Well-E ®Well-F ®Well-G @®Well-H

14
12

10

Torque, kft.lbf

0 10 20 30 40 50 60 70 80 90
WOB, kibf

Figure 67: Torque vs. WOB for all well follows common trend

Table 11: Correlation coefficient (R) of all inputs & output using the entire 8 wells dataset

ROP SPP | Torque {| WOB
@by | CPM) RPM gy (kibrft) | (Kiby)
ROP )
(ft/h)
GPM | 042 | 1
RPM | 044 046 1

SPP (psi)| 0.39 | 0.65 | 0.048 1

Torque

kithbp | 08 | 032 013 046 1
WOB

(klbf) 0.69 | 022 | 032 015 | 0.64 1
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5.5.3 Training & Testing the Model

The model was built using ANN feddrward network wittb inputs,1 layerand5 neurons.

The optimum number of neurons and layeeseselected based on trial and error. The two
governing factorn the selection procesgereaverage absolute percentagee(AAPE)

and correlation of coefficient (R). After selecting the optimum number of neurons,
sensitivity analysis was done on the number of layers, training function and transfer
function to further reduce the error and increase the correlation stré&ogtthe number

of |l ayers, having two or more | ayers didno
of neurons. This shows that the model can predict ROP with only one layer, thus reducing

the weight and biases matrix size. The type of the traiming €t i on di dndt Ve
between all nine functions, however, Levenbktarquardt training functior{trainlm)

gave the least errovhile providing fast calculation speed. The transfer function used was
purelinear which showedetter improvement over Tanggoid. In addition, purdinear

enables easy extraction of the model final equation, unlike Tan Sigmoid which is more

complex to extract.

Hidden Layer Output Layer
. RPM
2
‘3 GPM 5 c 3 c 5
\ N\
gl f + “‘ﬁ S + »‘5 2 9
£ £5 £5 3
[ o o O
a | SpP
- \
=]
Q.
= . wos
T
\—r )

Figure 68: ANN model setup
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To have comprehensive comparistour different Al methods we considered to check

if the error can be reduced further. Also, four ROP models will be used as a comparison to
see if Al can predict ROP better or not. The total number of data is more #88ndéta
points.All 8 wells will be used to train and valitlathe model with 70/30 data ratidore

than 60 sensitivity analysis will be performed to achieve the best combination of

Number of Neurons Transfer Function
95 95
94 94
] * * M 5 Neurons ] X
93 93
-4 10 Neurons -4 M purelin
92
X 20 Neurons 92 logsig
91 30 Neurons 91 X tansig
90 # 50 Neurons 90
74 75 76 7.7 7.8 79 8 74 76 78 8
AAPE AAPE
Number of Layers Training Functions
95 95 W trainim
trainbfg
o 2L 5:5 N o
ayer, 5:5 Neurons X trainr|
X e ’ n * x °
93 2 Layer, 10:10 Neurons 93 X trainlscg
@ @ .
92 % 2 Layer, 10:5 Neurons 9 trainlcgb
3 Laver, 5:5:5 Neurons trainlcgf
91 91 trainl
# 3 Layer, 10:10:10 Neurons rainicgp
90 0 trainoss
7.4 76 78 8 7.4 7.6 78 8 # traingdx
AAPE AAPE

Figure 69: ANN sensitivity results on number of neurons, layers, transfer function andraining algorithm

After performing thesensitivity analysis using ANN, the best resuésfound using5
neurons, 1 layerLevenbergMarquardttraining function (trainlm)and puré/-linear
transfer functionAll eight well had897 data points and eachtdgoint consist 0 inputs
and 1 output, totaling t6,382data count. 70% dhe dataveretrained therthe remaining
30%wereused for validation until the correlation coefficient of 34@vereachieved and

average absolute percentage error.6f
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Figure 70: Training (70%) and testing (30%) results

The first Al technique i®Radial BasisFunction neural network (RBF), and this function

allows more flexibility in controlling the training parameters such as error goal, spread and
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maximum number of neurons. While keeping the error goal zero, the spread and maximum

number of neurons were variathd the correlation coefficient and error were much better

compared tamther Al methodsand were close to ANNThe downside of RBF is that it

memorized data very well. So higbrrelation coefficient antbw errord o e s n 6 t

the model can prediainseen data with the same accuracy, unlike ANNe second

technique was using fuzzy logic, atwlo subtechniques under it were usedhich are

me an

subtractive clustering (SC) and fuzzynmeans (FCM) clustering he main parameters to

change were cluster radisize, number of clusters and number if iterations.

80

60

40

20

100

95

90

80

75

70

Radial Basis Function (RBF)

# poly, 5 Kernal, C = 100

80
P % 70
60
M 0.1 Spread, 25 Neurons 50
10 spread, 50 Neurons @ 40
u X 50 Spread, 50 Neurons 30
* 50 Spread, 100 Neurons 20
100 Spread, 50 Neurons 10
5 10 15 20 25 0
AAPE
ANFIS (Sugeno Fuzzy Logic)

1

B Radius =0.7 & 200 iterations

Radius = 0.7 & 180 iterations

# Radius = 0.8 & 150 iterations =
X Radius = 0.6 & 220 iterations
x4 ® Radius = 0.9 & 150 iterations
10 20
AAPE
Support Vector Machine (SVM)
1
M gaussian, 2.9 Kernal, C= 300
gaussian, 6 Kernal, C = 300
X gaussian, 6 Kernal, C = 600
X X gaussian, 10 Kernal, C =300 a
X. * gaussian, 50 Kernal, C =300
polyhomog, 1 Kernal, C = 100

95

90

85

80

75

70

80

60

40

20

Functional Network (FN)

b
A

10 20 30 40

ANFIS (FCM Fuzzy Logic)

5 10 15 20 25

Best Result Per Al Method

W ESM, Linear
FSM, Linear

% FSM, Non-Linear

* BEM, Linear
BEM, Non-Linear
FBM, Linear
FBM, Non-Linear
BFM, Linear

4 BFM, Non-Linear

ESM, Non-Linear

sugeno, 4 clusters
M sugeno, 2 clusters

sugeno, 5 clusters
4 mamdani, 2 clusters
% mamdani, 4 clusters

® mamdani, 5 clusters

[ % BANN, 5n, 1L, purelin

X FIS_2, 0.6 Radius, 220 iterations

X RBF, 50 Spread, 100n

FIS_3, mamdani, 4 clusters

FN, FSM, Non-Linear

4 gaussian, 10 kernal, C =300
25

Figure 71 Results of using four different Al methods, including sensitivity analysis
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The third technique was using support vector machines (SVM). The function allows
changing many parameters such as kernel type andalag multipliers (C). Compared to

Pol ynomi al kernel type, Gaussian gave mor e
Al met hod didnét show good predictnmn espe
the long calculation timeThe fourth and last technique was functional networks (FN),

where 5 different algorithms can be used in conjunction with linear antineam types.

Almost alllinear & nonlinear types prediedthe ROP while trainingflhemost acceptable

scenario was using functional netwéitrward Selectiomethod (FNFSM) algorithm with

nortlinear type.

To compare the obtained results from Al with ROP models found in the literature, four
ROP models were selected and a comparison washween all of them. The first model

is Maurer where the formation drillability constant, after regression, was found to be K=
35298666 The second model is Bingham and the three calculated constants after
performing regression were K299 awog)=0.452and krpm=0.677. The third model is
Bourgoyne and Young where all seven exponents were found to 125048
a(Compactiony-9.16E03,  &(overbalance;0.0247 & (pifferential=0.001,  &5Biy=0.654
asrPM=0.503 and & (Hydrauiics0.024 The fouth and final model i&\l-AbdulJabbar model

(20 where the two constants were calculated and they weee)a 0.0539and bucs) =

0.720.77dependng onUCS within the defined range of 25,0035,000 psi.
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Maurer Model Bingham Model
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Figure 72: Comparison with other models

105



One more final sensitivity analysis was carried which is the best combination of inputs
during ANN modeling. The aim of this sensitivity is determining the minimum number if
inputs needed for any future modeling. The results showed that neglecting GP®IBor W

is almost enough to get similar results. This is not surprising since the relation between
WOB and Torque is nearly 0.65, and the relation between GPM and SPP is also 0.65, as
shownpreviouslyin Table11. This means the ANN model can rely on only one parameter

to successfully predict ROP. In addition, the relation between ROP and Torque is 0.87
which more than enough to derive good prediction in absence of othergtara that are

strongly related to Torque.

Final Model
——~CalcROP ——Field ROP )
Final Model
ROP, ft/hr 100
0 20 40 60 80 100 | Average Absolute Error = 7.5 | .
0 80
R=0.934

AAPE=7.5 60

40
200

Field ROP, ft/hr

20 . X

0 20 40 60 80 100

400 Calc ROP, ft/hr

600
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Best Input Parameters
100

95

200 ® HNo GPM
90 A
A No RPM

X No SPP

80
X * No Toruge

75

1000 @ No WOB

70 @Al

1200

Figure 73: Final results, and best combination of input parameters
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5.5.4 Validation

After training the model successfully and testing it, the model now is ready to test data
outside its range to see how resilient it is. This will indicate whether the model is ready to
handle future predictions, or needs further optimization to incresapeeidiction accuracy.

Some of the reasons for the model not to predict accurately are data out of range, different
hole size, not having full returns, having PDC bit instead of tricone, or other unforeseen
geological reasons that can be localized. Inuppeoming sections, three main categories

will be used which are data within range, PDC bit, and loss circulation. Data out of range
will be imbedded in second & third category. Initially, all the wells are filtered to have
MSE values within the optimum rga which is 25,000 35,000 psi. Then the data were
used immediately in the model without any further QA/QC or data quality check. This

means that the model can be automated in the future to predict rate of penetration on the

fly.

5.5.4.1 Data Within Range

This section will include initial selected data conditions which are tricone bit, full
circulati on, and average ROP thatods within
under this category. The indicators here will be correlation coefficient §RRyage

absolute percentageerror (AAPE), andcoefficient of determination (R). Looking the

figures below, it is very clear that the model works strongly when predicting new wells

with unseen data. In some wells, the model was strong in predicting ragé@eaifaiion

values above 80 ft/hr while it was weaker in the others. The good thing is that the same
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trend is always followed regardless of the data accuracy. In other wosdemsshifted

with aconstant bias.
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Figure 74: Validation of data within range
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5.5.4.2 Bit Type

This section will test the model with wells using PDC bit compared to triddokh bits

differ in the formation drilling mechanics since tricone crushes the rock hence more WOB

is needed, while PDC shears the formation thus more RPM is needed. Here three wells will

be shown which includesWell t hat 6 s wi t hi n sgtleam8pé&/hr(aadv er a g ¢
Well-5 & Well-8 with more than 100 ft/hr. The results show that Wellad excellent

prediction, while Wel5 & Well-8 showed poor prediction due to data out of range. The

closed the data to 80 ft/hr and below, the more the accuratertes. The farther the data

goes beyond 100 ft/hr, the more error is generated. However, there seems to be a certain
shift in Well-8 while the prediction trend is following the actual data. This behavior is due

to the ANN bias generated to match only R@ues of 80 ft/hr. Weld proved that
changing the bit type doesndét alter the mo
is strongly related to torque as shomweviouslyin Table 11, thus both mechanics are
interrelated. PDC relies on RPM which is translated to torque while tricone is WOB related,

thus both mechanics can be interchanged in the model.
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Figure 75: Validation of bit type
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