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Figure 1: Drilling envelope where balanced WOB and RPM are needed [1] 

 

 

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 the rig, properties of mud, hydraulic factors as well as the mechanical factors. The 

previous five categories, as shown in Table 1, can fall under two general classifications 

which are controllable factors and uncontrollable factors. Controllable factors are those 

that can be altered quickly without necessarily causing significant operational economies 

such as the design of the bit, the revolution of string per minute (RPM), and weight of bit 

(WOB). On the other hand, the uncontrollable factors are impossible to alter due to the 
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geological and economic reason which include the 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. Therefore, 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 Penetration [2] 

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 wellbore [3]. 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 remove the rock 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 generating cuttings by the drill bit 

to the surface, in addition to cooling and lubricating. Those three items can be named 
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established methods include the basic mathematical and physics equations which are 

helpful 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 associated with the 

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 results [6]. There is a need to develop a new robust model that can 

be used to predict the ROP using the real-time data which combine the drilling parameters 

and mud properties, if available [7]. 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 horizontal well profiles across different formations. 

 

1.2 Problem Statement and Research Objectives 

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

rate of penetration. Different well profiles will be targeted including vertical, deviated and 

horizontal sections as shown in Figure 3.  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, real-time drilling data from measurement while drilling 

(MWD), logging while drilling (LWD) and mud logging sources will be screened identify 

the dominant parameters and also recommend optimal values for the identified parameters. 
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The main objectives of this work are: 

1. Selecting a field and setting up a database of drilling data from different sources to 

identify the important drilling parameters that affects the rate of penetration. Also, 

different well profiles across different formations will be selected. Wells with 

vertical profile will be segregated from the deviated and the horizontal. 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 such as artificial neural network (ANN), support 

vector machines (SVM), adaptive neuro-fuzzy inference system (ANFIS) and 

functional networks (FN). Optimizations within each AI technique will be carried 

out to determine the best possible outcome. 

3. Validate the developed model on another well with unseen data. One or more 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 the AI software. 

 

Figure 3: Well profiles that are considered  
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                                                ╡ ╒█▀
╦▓

╪▬
►                          (2.2) 

► ▄╝ ╝Ȣ Ȣ ╝ ▄╝         (Soft formation) 

► ▄╝ ╝Ȣ Ȣ ╝ ▄╝         (Hard formation) 

Cfd = Formation drillability   k = WOB exponent 

ap = 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 threshold can be neglected. 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 exponent (a5) which can be calculated thorough extermination 

thus suggesting a non-linear relation between ROP and WOB since WOB is to the power 

of (a5). He also suggested a linear relationship with the RPM and ROP. [10] 

 

                                                 ╡ ╚
╦

▀╫

╪
╝                         (2.3) 

a5 = 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 
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the bit efficiency. If MSE value is far away from the rock compressive strength, then it 

means a lot of energy is being lost, and vice versa. [11] 

                                           ╜╢╔
╝╣

▀╫╡╞╟

╦╞║

Ⱬ▀╫
                  (2.4) 

db = Bit Diameter, in2        T = Torque, lb-in 

 

Bourgoyne and Youngôs (1973 and 1974) presented a mathematical regression model 

that uses existing drilling data to calculate multiple exponents which is required in 

developing the full model. There are eight drilling parameters (xn) and eight unknown 

exponents (an) that require multiple regressions to come up with the best values for these 

constants. Each exponent captures a certain physical or mechanical meaning for the drilling 

process such as the effect of overbalance, overburden pressure and bit tooth wear. This 

model is considered to be one of the most important models since it doesnôt pre-determine 

the type of relationship between drilling parameters and ROP.  Instead, previous real data 

governs the type of the relationship. [12] 

                                                  
▀

▀◄
╡ ▄╪ В ╪░●░░                         (2.5) 

● Ȣ                  ● ȟ ╣╥╓  ● ╣╥╓Ȣ ▌▬ Ȣ  

● ╣╥╓▌▬ ⱬ▄╬          ● ἴἶ

╦╞║

▀╫

╦╞║

▀╫ ◄

Ȣ
╦╞║

▀╫ ◄

          ● ÌÎ  

● ▐  ● ἴἶ
ⱬ□

Ⱨ▀▪
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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. This means the generation of new cuttings, cutting removal, controls the rate of 

penetration. The model was modified later on to include chipôs hold down effects. His work 

suggested that ROP is varies non-linearly with RPM and varies with the square of WOB. 

[13] [14] 

 

                                                ╡
╪╢▀╫

╝╫╦

╬

╝▀╫
                         (2.6) 

a, b, c = bit constant  S = Confined rock strength 

 

Pessier and Fear (1992) modified 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 are both linearly dependent on mechanical specific energy. 

[15] [16] 

 

Osgouei (2007) used Bourgoyne & Youngôs model as a basis to improve its usage with 

PDC bits, inclined and 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 viscosity. [17] 
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Armenta (2008) modified Teale MSE model to include the effect of bit hydraulics. [18] 

                                    ╜╢╔
╦╞║

═║

Ⱬ╝╣

═║ ╡╞╟

ȟ ȟ ⱦ╗╟║

═║ ╡╞╟
                (2.7) 

= bit hydraulic factor  HPB = bit hydraulic horse power 

 

 

Khamis (2013) modified Armenta MSE model to modify the of bit hydraulic factor. [19] 

                                    ╜╢╔
╦╞║

Ⱬ▀╫

Ⱬ╝╣

▀╫ ╡╞╟

ȟ ȟ ╗╟║

▀╫ ╡╞╟
                (2.8) 

= 1.2651/db
2 

 

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

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

were calculated which are bit exponent and formation compressive strength. Each 

formation type had its own compressive strength coefficient. [20] 

                                    ╡╞╟
╦╞║╪ ╡╟╜╣ ╢╟╟╖╟╜

▀╫ ⱬ ╟╥╤╒╢
╫

                (2.9) 

 

a = WOB exponent  b = UCS exponent 

Ȏ = Mud Weight, pcf  PV = Plastic Viscosity, cP 
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2.2 Rate of Penetration Prediction Using AI 

Current established models in determining the rate of penetration include the basic 

mathematical and physics equations as well as the use of correlation. Given the complexity 

of the drilling process, the use of artificial intelligence (AI) has been a game-changer 

because most of the unknown parameters can now be accounted for entirely at the modeling 

process. In recent years, AI techniques were applied extensively in drilling engineering 

applications. ANN, for example, was among the leading techniques that made a 

breakthrough in this subject. Itôs much easier to setup in terms of programming, requires 

much less 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 neurons, number of layers, 

type of training algorithm and type of transfer function. 

Bilgesu et al. suggested the use of AI techniques for ROP prediction to overcome the 

weakness of the empirical correlations and to improve the accuracy of ROP predictability. 

He developed 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 bearing 

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 accuracy [21]. Amar 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 regression [22]. 

AlArfaj  (2012) compared extreme learning machines (ELM) and radial basis function 

networks (RBF) on Bourgoyne and Youngôs model, and showed that RBF gave best results 

in terms of accuracy and processing time [23]. Monazami (2014) used ANN feed-forward 

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 work encouraged future work to be done 

on ROP predication using AI techniques [24]. Coupling of the different AI models with 

linear regression for ROP optimization for horizontal wells was suggested by Mantha and 

Samuel. They used RPM, WOB, GPM, and gamma ray (GR) logs as inputs to estimate 

ROP. All suggested models predicted the ROP with high accuracy compared to actual field 

measured ROP [25]. 

Elkatatny (2017) proved that ANN can be used with high accuracy to determine the rate of 

penetration taking into account the drilling fluid properties such density, and the drilling 

mechanical properties such as WOB and RPM [26]. Amer (2017) used back-propagation 

feed-forward 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 [27]. Elkatatny (2017) used ANN feed-forward 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 average absolute 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 of 4% [28]. 
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Ahmed (2018) used least-square support vector regression (LS-SVR) to predict ROP based 

on MSE inputs. Using 8 inputs, the model outperformed other AI techniques in predicting 

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 of 0.94 [29]. 

Elkatatny et al. (2018) demonstrated that once ANN model is optimized and an empirical 

correlation is developed, the model can be converted from a black box to a white box 

making it flexible to deploy in real field applications and environments [30]. 

 

Ahmed et al. (2018) developed a rate of penetration support vector machine AI model. 

Using 10 inputs representing drilling mechanical parameters and fluid properties, he 

developed a resilient ROP model with an AAPE of 2.83% [31]. 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 a strong 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 [32]. A summary of these models including inputs and equations are presented 

in Table 2. 
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Table 2: Summary of Previous ROP models 

Reference Method Input Parameters Formula 

Maurer 

(1962) [8] 
Empirical RPM, WOB, Bit size, UCS ╡ ▓

╝╦

╓╢
 

Bingham 

(1965) [10] 
Empirical RPM, WOB, Bit size ╡ ╚

╦

▀╫

╪

╝ 

Bourgoyne & 

Youngôs 

(1974) [12] 

Empirical 

TVD, MW, Pore Pressure, 

WOB, RPM, Bit Wear, Q, 

TFA 

▀

▀◄
╡ ▄╪ В ╪░●░░  

Warren 

(1986) [13] 
Empirical WOB, RPM, Bit size, UCS ╡

╪╢▀╫
╝╫╦

╬

╝▀╫
 

Osgouei 

(2007) [17] 
Empirical 

TVD, MW, Pore Pressure, 

WOB, RPM, Bit Wear, Q, 

TFA, Bit type, Inclination 

▀

▀◄
╡ ▄╪ В ╪░●░░  

Al-

AbdulJabbar 

(2017) [20] 

Empirical 
RPM, WOB, Torque, SPP, Q, 

Bit size, UCS, MW, PV 
╡╞╟

╦╞║╪ ╡╟╜ ╣ ╢╟╟╖╟╜

▀╫ ⱬ ╟╥ ╤╒╢╫
 

Elkatatny 

(2017) [26] 
ANN 

Q, SPP, RPM, WOB, MW, 

Torque, PV 
- 

Ahmed 

(2018) [29] 
LS-SVR 

WOB, RPM, SPP, Q, Torque, 

Depth, MW, Bit size 
- 

Ahmed et al. 

(2018) [31] 
SVM 

Q, SPP, RPM, WOB, MW, 

Torque, YP, MFV, PV, SV 
- 

Ahmed et al. 

(2019) [32] 
ANFIS 

Q, SPP, RPM, WOB, MW, 

Torque, YP, MFV, PV, SV 
- 

 

2.3 Drilling Engineering  Applications Using AI 

The use of artificial intelligence techniques is not only limited to the rate of penetration. 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. This is due 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. 



16 

 

Elkatatny et al. (2016) concluded that ANN is the best technique to estimate the 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 section [33]. Al -AbdulJabbar (2018) used 

back-propagation ANN pattern recognition function to predict the formation tops in 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 0.94. Only one well was used 

in building the model which again shows the power of AI in modeling and prediction [34]. 

 

Table 3: Examples of AI Applications in Drilling Engineering  

Reference Method Input Parameters Targeted Output 

Moazzeni et al. 

(2015) [35] 
ANN 

ROP, WOB, RPM, SPP, Q, Bit size, 

Bit type, MW, TFA, Depth, Torque 
Lithology Identification 

Asadi (2017) [36] ANN 
ROP, Bulk Density, Porosity, Sonic 

time 
UCS 

Al -AbdulJabbar 

(2018) [34] 
ANN ROP, WOB, RPM, SPP, Q, Torque Formation Tops 

Ahmed et al. 

(2019) [37] 
ANN 

ROP, WOB, RPM, MW, Bulk 

Density, Porosity, Sonic time 
Pore Pressure 

Al -Azani et al. 

(2019) [38] 

ANN, 

SVM 

ROP, RPM, Q, Pipe Eccentricity, 

Inclination, MW, Temperature, PV, 

YP, SV 

Cutting Concentration 

Ahmed et al. 

(2019) [39] 
SVM 

ROP, WOB, RPM, MW, Bulk 

Density, Porosity, Sonic time 

Pore and Fracture 

Pressure 

Gowida et al. 

(2019) [40] 
ANN ROP, WOB, RPM, SPP, Torque Bulk Density 

Abbas et al. 

(2019) [41] 

ANN, 

SVM 

ROP, WOB, MW, RPM, SPP, Q, 

Hole size, Inclination, PV, YP, MFV, 

SV, MD, Fluid loss, Lithology, Gel 

10ò, Gel 10ô, Azimuth 

Lost Circulation 
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3 CHAPTER 3 

THEORY  

The rate of penetration is affected by several factors which are inseparable. Most 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 hand. Figure 4 and Figure 5 shows 

a typical drilling cabin where all the drilling action takes place. Normally 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 driller has a secondary chair next 

to the driller to assist him in all drilling operations especially racking and making up the 

drill pipes. 

 

 

Figure 4: Cyber chair with digita l 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 weight on bit. This implies that the maximum 

weight on bit allowed on the bit is 75% of the drill collar weight, in addition to the bit 

design limitation. Itôs not recommended to slack off more than 75% of the drill collar 

weight since this might cause the pipe above it to buckle, refer to Figure 7 for pipe failure 

types. 

 

 

 

Figure 7: Drill pipe failure types 
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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 bite the 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 bounce up and down since the force applied is not 

enough for the bit to bite the formation. The amount of weight on bit can be monitored on 

the rig floor using the weight indictor, shown in Figure 8. The black arrow indicates the 

total weight of the string and the red arrow indicates the amount of slacked of weight. 

 

 

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

String rotation speed or revolutions per minute (RPM) measures the frequency of pipe 

rotation per unit time. Normally, 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 assembly such as bit whirl and surface vibrations. 

There are three sources for the rotational force on the rig, and they are: top drive, kelly and 

downhole motors. On most rigs, top drive is replacing the Kelly since it provides more 

power and allows the string 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 drive or kelly. 

 

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



23 

 

3.1.4 Torque (T) 

Torque refers to the resistance of drill string to rotate, and it is reported in klbf-ft. This 

important parameter reflects and indicates the rock breakage 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 rock. Since 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 pressure 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 wellbore, thus pressure compensation should 

be applied from the surface to circulate the mud in and 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 allocate 65% of the pressure drop across the bit 

nozzle [43]. This will enable high jetting force to remove the drilled cuttings and sweep the 

hole to clean it so the bit wonôt drill the cutting again. 

Ὓὖὖ  ὈὶὭὰὰ ὴὭὴὩ ὴὶὩίίόὶὩ ὰέίί  ὄὌὃ ὴὶὩίίόὶὩ ὰέίί 

 ὴὶὩίίόὶὩ ὰέίί ὥὧὶέίί ὸὬὩ ὨὶὭὰὰ ὦὭὸ ὃὲὲόὰόί ὴὶὩίίόὶὩ ὰέίί         (3.1) 
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3.1.6 Pumping Rate (GPM) 

The mud pumping or circulating rate is captured in gallons per minute (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 loss. The term Hydraulic 

horse power per square inch (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 piston size in the mud pump. 

Higher pumping rates aid in lifting the cutting away from bit so it wonôt be re-drilled, as 

well as cleaning the annulus to prevent it from loading thus decreasing the annular friction 

losses. Too much pumping rate might wash the formation causing instability or losses, or 

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

                                                 ὌὛὍ                          (3.2) 

 

Figure 10: Mud Pump 



25 

 

3.2 Artificial 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 AI techniques before showing any 

results in the upcoming chapters. This will pave the way towards a quick overview of how 

these AI techniques works, and how different they are from each other. These are only 

some common AI techniques, however, there much more other types that can be found in 

the literature. 

 

3.2.1 Artificial Neural Network  

The concept of the artificial neural network (ANN) was derived from the biological 

neurons. They carry a specific function, and form huge circuits or networks once connected 

[44]. When comparing the biological neuron to the artificial, they both have known values 

with weight coming from certain branches, to form an output. Now when multiple 

biological neurons are combined, Figure 11, they from a huge neural network for complex 

decision making [45]. 
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Figure 11: Biological neural network vs. Artificial neural network  [46] 

 

 

During the design of any ANN network, certain important parameters has to be defined 

such as number of neurons, training function and transfer function. The 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 set [47]. The strength and stability of the ANN model will be known at 

the end of the training & testing process. Figure 12 shows a network that is memorizing its 

inputs versus another ANN networks that successfully learned, and is ready to predict 

without memorizing. Also, how overfitting and underfitting are not idea in designing any 

model [48]. 
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Figure 12: Underfitted and overfitted data causing poor prediction and data memorization [49], [50] 

 

The model in Figure 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 memorization or over 

fitting. The region between under and over fitting yields the best prediction accuracy. What 

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 desired [51]. 

Any typical ANN model will have certain inputs, then one of more layers in the middle, 

and a single or more output, as shown in Figure 13. 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 runs [52]. 
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Figure 13: Artificial Neural Network  

 

 

The user also has the option of manipulating the type of the training algorithm and 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 achieve the minimum error 

during training while reducing the computation speed and memory use. Transfer of 

activation functions, on the other hand, can be linear or nonlinear, and they are tasked in 

deciding whether to activate a certain neuron or not. Figure 14 below show the most 

common transfer function, and Table 4 list the most common training algorithm. Under the 

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

are explained [53]. 
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Figure 14: Common types of transfer functions [54] 

 

 

 

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

Training Algorithm  Algorithm  

trainlm Levenberg-Marquardt 

trainbr Bayesian Regularization 

trainbfg BFGS Quasi-Newton 

trainrp Resilient Backpropagation 

trainscg Scaled Conjugate Gradient 

traincgb Conjugate Gradient with Powell/Beale Restarts 

traincgf Fletcher-Powell Conjugate Gradient 

traincgp Polak-Ribiére 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 of Support vector machine (SVM) involves separating and classifying certain 

data points from others. This can be by plotting two different datasets, then drawing a 

straight or zigzag line between them. If data points are overlapping, then the surface plane 

of the data set can be adjusted, such as looking the data from the z-axis instead of the 

normal x-axis and y-axis. The vector name comes from the way the SVM algorithm 

identifies the patterns. This done through plotting multiple vectors to identify data 

gathering regions, or clusters. One of the important parameters in optimizing these vectors 

is the kernal, which has many types such as linear, polynomial and exponential [55]. 

 

 

Figure 15: Support Vector Machine (SVM) [55] 
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3.2.3 Radial Basis Function 

Radial basis function (RBF) aims to approximate multi-variable function through a 

combination of single variable functions. This enables to approximate functions that are 

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 spread. The spread controls how far the 

neurons will response to any input vector within that spread distance [56]. 

 

 

Figure 16: Radial Basis Function (RBF) [56] 
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Figure 18: A Functional Network setup [58] 

 

3.2.6 White Box Model 

The ANN structural output doesnôt include an empirical equation, instead it provides only 

sets of weights and biases that can be wrote as a matrix. To transform these weights and 

biases into an empirical equation, a mathematical operation needs to take place [59]. The 

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

 

I. The multiplication of the network inputs, x1, x2, x3, . . .xn by the associated input 

weights 

II.  The summation of the weight and input product to the bias value associated with 

the neuron 

III.  The passage of the summation result, u, through a linear or nonlinear transformation 

called the activation function, ʌ. 

 

The neuronôs output, y, is the result of the action of the activation function, as follows: 

                                      ɮ Ὢό                         (3.3) 



34 

 

                                     ώ ɮВ ὼύ ὦ ɮύὼ ὦ      (3.4) 

 

The most common transfer functions are: 

a- Logistic sigmoid activation function also known as logsig: 

Ὢό       (3.5)  

 

b- Hyperbolic tangent sigmoid activation function also known as tansig. 

Ὢό ρ     (3.6) 

 

c- Linear activation function also known as purelin. 

Ὢό ό      (3.7) 

 

For 1 layer ANN structure (plus one hidden), the equation can be written as: 

ώ ɮ В ύ ɮ В ύ Ø ὦ ὦ  (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 (a1, a2, é, an) and the constant (c) using: 

 

Coeff = LW*IW;  

Const = LW*b1+b2; 

 

3- The ñCoeffò matrix will be [1,n], so each input (x1, x2, é, xn) will his own 

coefficient (a1, a2, é, an). 

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

 

 

3.3 Mechanical Specific Energy 

Mechanical specific energy (MSE) is defined as the Energy-In divided by volume out. The 

energy-in is compromised of the vertical energy (WOB) and rotational energy (RPM). It 

quantifies the energy needed to destroy the rock, and was developed by Teale in 1965 [11]. 

The term later on was introduced as the drilling specific energy (DSE) where a hydraulic 

factor as added a third factor. 

        ὓὛὉ
  

 

╥▄►◄░╬╪■  ╡▫◄╪◄░▫▪╪■  

 
             (3.16) 

                                   ╥▄►◄░╬╪■ ὉὲὩὶὫώ Ὅὲὴόὸ
Ў

Ў
            (3.17) 

                              ╡▫◄╪◄░▫▪╪■ ὉὲὩὶὫώ Ὅὲὴόὸ
Ў

                (3.18) 
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If the drilling is efficient then the value of the MSE should be around the value of the 

formation unconfined compressive strength (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 unit in psi, one should watch for the units. 

 

                                                   ╜╢╔
╦╞║

═

Ⱬ╡╟╜╣▫►▲◊▄

═ ╡╞╟
            (3.19) 

                                                   
■╫

░▪

■╫

░▪
□░▪

■╫░▪

░▪
░▪

□░▪

              (3.20) 

                                                   ▬▼░▬▼░▬▼░              (3.20) 

Thus, the units must be: 

ὓὛὉ ὴίὭ , ὡὕὄ ὰὦ , Ὑὖὓ ὙὩὺȾάὭὲ 

ὝέὶήόὩὰὦὭὲ , ὃ Ὥὲ , ὙὕὖὭὲȾάὭὲ 

 

 

Figure 19: Inefficient drilling results in wasted energy and low ROP [18] 
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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 

lack of technologies. The profile wasnôt even controlled, which means there could be 

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 is tilted at an 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. Currently, rotary steerable system (RSS) pushed the limit 

even further by allowing 3-D wells to be drilled. In these 3-D well profile, the well path 

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

conjected area. 

 

 

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 a risk of anti-collision. 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 chosen mainly for 

high permeable gas wells or thick pay zones [60]. 

 

3.4.2 Deviated Well Profile 

Deviated well profile, or J-shape or slanted, requires the use of 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 to allow immediate angle correction. The sudden drop in the angle 

can be due gravity, or interbedded formations. This profile is used to get away from 

subsurface anomalies, or to increase the reservoir contact especially if horizontal profile is 

not achieved, or to intersect a well during a well relief operation. Itôs worth mentioning 

that J-shape well has a deeper kick off compared to a slanted well, however, both are called 

deviated [61]. 
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3.4.3 S-Shape Well Profile 

S-shape well profile, or S-well, 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 until a pre-defined 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 down-hole rotation. This will reduce 

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 get away from subsurface trouble zones such as fractures or salt 

domes [62].  

 

 

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

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

target entry, then directional BHA is picked the drill the curve section. The curve section 

begins at zero degree and end just before 90 degrees. The curvature 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 achieve 90 degrees. 

This well profile is used to increase reservoir contact in oil wells, or to make tight 

formations more economical through multi stage frac operations. Itôs worth mentioning 

that horizontal profile can be combines with S-Shape profile [63]. 
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4 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 well profile. 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 plotted against 

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 AI 

techniques. The below phases will be used under each well profiles shown in Figure 3. 

 

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 

- Pumping rate (GPM) 

- String rotation speed (RPM) 

- Torque (T) 

- Weight on bit (WOB) 

- Stand pipe pressure (SPP) 

- Hydraulic horse power per square inch (HSI) 

- Mechanical specific energy (MSE) 

- Bit size 
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- Depth 

- Well coordinates 

- Formation tops 

- Formation types 

- Flow return percentage (losses vs. full circulation) 

- Unconfined compressive strength (UCS) 

- Wellbore inclination and azimuth 

- MWD (drilling data) 

- LWD (petrophysical data) 

- Vibrations & shocks 

- Mud weight 

- Mud plastic viscosity 

- Mud yield point 

- Formation pressure (to get overbalance pressure) 

 

4.1.2 Phase II: Examine the effect of drilling parameters on ROP. 

Statistical analysis on the data gathered in the first phase will be used against the rate of 

penetration to see if there is any relation between them. Many statistical parameters will be 

used such as correlation coefficient, range, mean, median, skewness and kurtosis. This 

statistical analysis will identify the dominant parameters on the rate of penetration. This 

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

 

4.1.3 Phase III: Developing a rate of penetration AI model 

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

techniques. The datasets consisting of drilling parameters serving as input and the ROP 
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serving as the target variable will be used to train and evaluate the AI  model. The data will 

then be divided into training and validation sets. Many advanced AI techniques will  be 

considered including: ANN, SVM, ANFIS and FN. Optimizations within each AI 

technique will be carried out to determine the best possible outcome. 

 

4.1.4 Phase IV : Validating the rate of penetration model 

In this phase, new 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 model is. Some non-linear 

best subset selection algorithms will be used in case the model needs further optimization. 

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

 

4.1.5 Phase V: Develop a white box model 

The objective of the final phase is changing the black box of the AI model to a white box 

by developing an empirical correlation based on the weights and biases of the optimized 

AI model. This correlation can be used to predict and optimize rate of penetration outside 

the AI software. This phase is only applicable to the last section, as shown in Figure 3. 

 

4.2 Least Square Method 

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

any regression analysis. The 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 them. Correlation coefficient (R) 

measures the strength and relation between two data sets plotted on the X and Y chart, and 

closer this value to 1 the stronger the relationship. On the other hand, coefficient of 

determination (R2) gauges the strength of how can one variable be predicted by the other. 

The closer this value to 1 the stronger the prediction, as shown in Figure 22. One of the 

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

 

                                               ὶ
В В В

В В В В
                  (4.1) 

 

 

Figure 22: Example of different R2 values 

 



47 

 

4.3 Non-Linear Regression 

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

one or more independent parameters. It is best used with equations involving more than 

one parameter such as the rate of penetration, or data fitting that have a high curvature in 

it making it non-linear. If linear relation is applied compared to non-linear, the relationship 

will suffer from high errors and deviations from the original dataset. 

 

 

Figure 23: Types of correlations 
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4.4 Average Absolute Percentage Error 

Average absolute percentage error (AAPE) or sometime called mean absolute percentage 

error (MAPE) is used to measures the average value of the error without considering their 

direction. It calculates the absolute difference between predicted and actual values. 

                                                                 ὃὃὖὉ
В
ȿ ȿ

               (4.2) 

 

 

4.5 Root Mean Squared Error 

Root mean squared error (RMSE) measures how spread out the standard deviation of the 

residuals. The residual measures how far the data points are from the from the regression 

line. 

 

 

                                                          ὙὓὛὉ
В

    (4.3) 
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5 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 no inclination 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 (RPM). The BHA is relatively the same in almost all 

vertical wells, in which packed BHA is used to prevent any departure or bit walking. Hole 

cleaning isnôt a big challenge here since the cutting is being circulated upward with no 

concern of avalanching or creating cutting beds. 

 

5.1.1 Data Overview  

Field data was gathered 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 16ò which implies that this is an intermediate section, and the 

target entry is not a reservoir yet. This data was taken from a real-time sensor, 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 in real-time and that can be only 
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done on the parameters that are available in real-time. 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 a model that relays only on the data being transmitted by the 

real-time sensor will open the door for future modeling automation in real-time. 

Initially, the data will include all sorts of operations done on the 16ò hole section including 

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 in Figure 24. 

 
Figure 24: Data Cleaning Process 

 

This implies that if the current footage was 1,000 then suddenly the depth logs shows 930ô 

then it is a trip out of the hole. At the end, only drilling data will be present in the data set 

as shown in Table 5. Itôs worth mentioning that formation unconfined compressive strength 

(UCS) is included in the 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 visually. Figure 25 shows an example of a data cluster where x-axis 

indicates normalized ROP values and y-axis indicates the normalized torque. The values 

in blue color indicate high values at very low ROP values which can be associated with 

reaming operations or cement drilling. Thus, this data cluster can be eliminated. 
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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 using ANN feed-forward network with 6 inputs, 12 neurons and 1 

layer as shown in Figure 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 coefficient (R). The minimum number of 

neurons was 6 and the maximum was 20. As shown in Figure 27, 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 layers, training function 

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

 

 

Figure 26: ANN model setup 

 

 

For the number of layers, having two or more layers didnôt improve the results even with 

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 training function 

didnôt vary much between all nine functions, however, Levenberg-Marquardt training 
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function (trainlm) gave the least error while providing fast calculation speed. The transfer 

function used was pure-linear which showed significant improvement over Tan 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 

AI software, by developing an empirical equation. This equation can be used in any other 

custom software, or even embedded inside the rig console itself for real-time prediction. 

 

 

  

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

 

 

5.1.3 Results 

the best results were found using 12 neurons, 1 layer, Levenberg-Marquardt training 

function (trainlm) and pure-linear 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 count. 70% of well-
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A was trained then 30% was used for validation until the correlation coefficient of 0.92 

was achieved and average absolute percentage error of 9.8. As shown in Figure 28, once 

the training and testing phase was done, 2157 un-seen data point from well-B, equivalent 

to 15,099 data count, were used to validate the model which showed a correlation 

coefficient of 0.95 and average absolute percentage error of 7.4. Also, 849 un-seen data 

point from well-C equivalent to 5,943 data count were used on the model and showed a 

correlation coefficient of 0.94 and average absolute percentage error of 8.7. Itôs worth 

mentioning that well-A is nosier than the other two wells which actually gave an advantage 

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

it to learn better about ROP behavior in this field. 

 

 

Figure 28: Training & testing process 
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To have comprehensive comparison, five different AI 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 AI can predict ROP better or not. The number of inputs was selected based on a 

previous study performed earlier [20], in which these mechanical parameters were 

confirmed to affect the rate of penetration significantly. The total number of data is more 

than 4,500 data points. Well-A will be used to train and validate the model with 70/30 data 

ratio. Then two unseen data which are well-B and well-C will be used to test the model. 

More than 50 sensitivity analysis will be performed to achieve the best combination of 

parameters. 

 

The first AI technique to compare the previous results with is generalized regression neural 

network (GRNN) in which only the spread of the function can be changed. Three different 

spreads were selected which are 0.1, 1 and 10. The results of this technique are shown in 

Figure 29. The downside of this AI technique is the number of neurons which is set equal 

to the number of inputs. This causes a serious memorizing issue and lead to a prediction or 

validation failure. The second technique was radial basis function neural network (RBF), 

and this function 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 shown in Figure 29, and the 

correlation coefficient and error were much better compared to GRNN and were close to 

ANN. However, this AI technique also suffers from serious memorizing issue that leads to 

prediction or validation failure. The third technique was using fuzzy logic, and three sub-

techniques under it were used. Apart from grid partition which couldnôt handle the data, 
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subtractive clustering (SC) and fuzzy c-means (FCM) clustering 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 in Figure 29. 

 

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

 

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

changing many parameters such as kernel type and lag-rang multipliers (C). Compared to 

Gaussian kernel type, Polynomial gave more acceptable results as shown in Figure 30. Itôs 

worth noting that SVM AI method didnôt show good prediction especially with the error 

values, not mentioning the long calculation time. The fifth and last technique was 

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

linear and non-linear types. Almost all non-linear types predict the ROP while training 

well-A, however, they failed while testing especially on well-B. The most acceptable 
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scenario was using functional network exhaustive search method (FNESM) algorithm with 

linear type, as shown in Figure 30. This shows that ROP behave more linearly and agrees 

with ANN method where the best transfer function was pure-linear. 

 

Figure 30: Results of FN and SVM AI models 

 

Figure 30 above also shows the best results from all combines methods, and itôs clear that 

ANN was the best by far followed by fuzzy logic. Itôs worth mentioning that genetic 

algorithm (GA) was used here in conjunction with ANN method to optimize the training 

on well-A, however, neither improvement in the correlation coefficient was observed nor 

any reduction in error. This implies that ANN already reached the minimum global error 

while training well-A. 

The final results of all wells are shown in Figure 31. Well-A is nosier than the other two 

wells which actually gave an advantage during predicting since the AI model went through 

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

 

 

To compare the obtained results from AI 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 found to be 

K=4690897. The second model is Bingham and the three calculated constants after 

performing regression were K=0.119, a(WOB)=1.589 and b(RPM)=0.890. The third model is 

Bourgoyne and Young where all seven exponents were found to as: a1=4.737, 

a2(Compaction)=9.16E-05, a3(Overbalance)=-1.13E-04, a4 (Differential)=1.06E-07, a5(Bit)=1.412, 

a6(RPM)=0.541 and a7 (Hydraulics)=-0.303. The fourth and final model is Al -AbdulJabbar model 

[20] where the two constants were calculated and they were a(WOB) = 0.854 and b(UCS) = 1.189 

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

Horizontal profile is considered as a moderate when it comes 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 geo-steering is avoided, then the forces on the BHA can be 

anticipated if the lateral angle is fixed. Torque and drag are present in this well profile, 

causing some forces to be lost such as vertical forces (WOB) and rotational forces (RPM). 

The BHA normally contains MWD, or even LWD, so downhole parameters can be 

monitored. Hole cleaning is a challenge, but manageable, since the cuttings are agitated 

with the BHA rotation to minimize cutting 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 and directional bottom hole assembly (BHA) 

with logging while drilling (LWD) was used. The surface data was taken from a real-time 

sensor, and most of them were captures on a footage based. The logging data was received 

in real-time form the LWD, and later on was combined 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 real-time and that can be only done on the parameters 

that are available in real-time. 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 
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a model that relays only on the data being transmitted by the real-time sensor will open the 

door for future modeling automation in real-time. 

 

Initially, the data will include all sorts of operations done on the 6ò hole section including 

drilling, tripping and running completion. 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 in Figure 24. Itôs worth mentioning that formation 

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 (GR), bulk density (ɟb), neutron porosity (ʌ) and 

Photoelectric Number (PN). The behaviors of some of these logs are shown in Figure 33. 

The next step is to further clean the data checking it visually. Since this is a reservoir 

horizontal section, the data quality seen was among the best compared to vertical well 

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

real-time that aided in optimizing the drilling performance. 

 

 

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

The model was built using ANN feed-forward network with 10 inputs, 2 layers and 30 

neurons per layer as shown in Figure 34. 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 coefficient (R). The minimum number 

of neurons was 10 and the maximum was 50. As shown in Figure 35, 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 and increase the correlation strength. For the number 

of layers, having three or more layers didnôt improve the results even with different number 

of neurons. This showed that the model predicted ROP with lowest error using two layers. 

The type of the training function didnôt vary much between all nine functions, however, 

Levenberg-Marquardt training function (trainlm) gave the least error while providing fast 

calculation speed. The transfer function used was tansig for first layer & logsig for second 

layer, which showed significant improvement over using purely, whether it was alone, or 

in conjunction with another transfer functions. 

 

 

 

Figure 34: ANN model setup 
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The number of mechanical & hydraulic inputs was selected based on a previous study 

performed earlier [20], in which these mechanical & hydraulic parameters were confirmed 

to affect the rate of penetration significantly. The total number of data is more than 4,300 

data points. Well-A will be used to train and validate the model with 70/30 data ratio. Then 

one unseen data which is well-B will be used to test the model. More than 30 sensitivity 

analysis will be performed to achieve the best combination of parameters. 

 

 

 

 

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

 

 

5.2.3 Results 

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

30 neurons per layer and Levenberg-Marquardt training function (trainlm). 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 well-A was trained then 30% was used for 

validation until the correlation coefficient of 0.96 was achieved and average absolute 

percentage error of 5.4. Once the training and validation phase was done, 4100 un-seen 

data point from well-B, equivalent to 45,100 data count, 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 in Figure 36. Since the ANN model showed excellent prediction on Well-

A and excellent validation on Well-B, other AI models are unneeded here. 

 

          

Figure 36: Final results of both well-A & 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 abrasive. Unlike the previous Carbonate section, abrasive sand 

formations are harder to drill and results in severe vibrations and BHA failure. Also, the 

ROP values 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 from a real-

time sensor, and most of them were captures on a footage based. The logging data was 

received in real-time form the LWD, and later on was combined with the surface 

mechanical & hydraulic parameters. Initially, the data will include all sorts of operations 

done on the 6ò hole section including drilling, tripping and running completion. 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 in Figure 24. At 

the end, only drilling data will be present in the data set. Formation unconfined 

compressive strength (UCS) was provided for this abrasive section, 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 an abrasive sandstone horizontal well, the data quality in general was good, 

however, the ROP response was very noisy. The 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. 

 

 

 

Figure 37: ROP behavior in an abrasive sandstone horizontal well 

 

 

5.3.2 Initial Model Setup 

The model was initial built using ANN feed-forward network with 5 inputs, 3 layers and 

50 neurons per layer as shown in Figure 38. These selections seem extreme given the data 

complexity. 

 

 

Figure 38: ANN model setup 
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Even with this rigorous ANN model, the model ended up memorizing the Well-A with 

poor results. The model was even projecting negative ROP values, as shown in Figure 40. 

Another complex ANN model was constructed also to see if a better prediction can be 

obtained. The model was built based on Cascade-forward ANN, as shown in Figure 39. 

Even with this more complex network, the model failed again to predict the rate of 

penetration, and ended up poorly memorizing Well-A. The model was even projecting 

negative ROP values, as shown in Figure 40. 

 

 

 

 

Figure 39: ANN Cascade model 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 to the formation UCS values 
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indicated efficient drilling. Knowing that this abrasive formation has 25,000-45,000 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 the model. The best 

way is to analyze both wells MSE values. As shown in Figure 41, Well-A MSE values 

were plotted against ROP, and it is evident that low ROP values are correlated with high 

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 energy was lost in terms 

of shocks and vibrations. 

 

 

 

Figure 41: MSE and Shocks values for Well-A 
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The targeted MSE values are ranged between 25,000 ï 45,000 psi. Since ROP values are 

very small, an upper limit and lower limit of ±50% will be added. Thus, the new MSE 

range ranges between ±15,000 - ±75,000 psi. Unlike Armentaôs [18] approach of replacing 

the torque in Tealôs [11] MSE equation using Pessier and Fearôs [15] [16] bit specific 

coefficient, the below modified MSE equation will be used: 

 

                                                   ╜╢╔
╦╞║

═

╡╟╜

▀╫ ╡╞╟
               (5.1) 

 

It should be noted that the torque 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 linearly. Figure 42 below show Well-A were 

MSE (Eq 5.1) was plotted against ROP for different RPM values. When MSE was related 

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

term in Equation 5.1 is almost negligible. This can be written in below equation form: 

 

                                                   ╜╢╔ ╪╡╞╟Ȣ                (5.2) 

Or 

                                                   ╜╢╔╡╞╟ ╪               (5.3) 
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Figure 42: New MSE equation (Eq 5.1) vs. ROP for RPM values 

 

To carry further analysis on the value of óaô constant, multiple analysis will be performed. 

Under Figure 43, both Well-A and Well-B were plotted for the same RPM, the resultant 

equation is the same. Also, in Figure 44, the constant óaô was plotted against different RPM 

values to allow easier interpolation and extrapolation. If the constant óaô need to be 

calculated empirically, then it can be presented as below. Note that the constant on equation 

5.5 was there to reflect the unit conversion of torque to have MSE in psi rather than kpsi. 

The constant was kept even after removing the torque since the WOB term also uses the 

same constant. 

 

                                                   ╜╢╔
╦╞║

═

╡╟╜

▀╫ ╡╞╟
               (5.1) 

                                                   ╜╢╔ ╪╡╞╟                (5.4) 
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Comparing both Equation 5.1 & 5.4: 

 

                                                   ╪
╡╟╜

▀╫
               (5.5) 

 

 

Figure 43: MSE (Eq 5.1) vs. ROP for both Wells A & B 

 

 

Figure 44: Relating RPM to the óaô constant 
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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 equation. To go around that, 

the constant óaô will come into place. Going back to Equations 3.19 and 5.4 and Figure 44 

correlation: 

                                                   ╜╢╔
╦╞║

═

Ⱬ╡╟╜╣▫►▲◊▄

═ ╡╞╟
                            (3.19) 

                                                   ╜╢╔ ╪╡╞╟                (5.4) 

                                                  ╪ Ȣ ╡╟╜ Ȣ              (5.6) 

Combining Equation 3.19 (no torque), and Equation 5.4: 

                                                  
╪

╡╞╟

╦╞║

═

Ⱬ╡╟╜

═ ╡╞╟
              (5.7) 

Rearranging: 

                                                  ╡╞╟
Ⱬ
╡╟╜

═
╪═

╦╞║
              (5.8) 

 

Equation 5.8 is related to two parameters only, RPM and WOB even after the constant óaô 

is expanded. The idea behind the previous equations is to create an offset in the equation 

to make the ROP prediction much easier. Figure 45 below compared both actual ROP 

values and ROP using Equation 5.8. 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 as a 6th inputs along with other five drilling 

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

 

 

5.3.4 New Model Setup 

After performing sensitivity analysis using ANN, the best result was found using 1 layer, 

5 neurons per layer and Levenberg-Marquardt training function (trainlm). The first well 

had more than 1600 data points and each data point consist of 6 inputs and 1 output, totaling 

to 12,200 data count. 70% of well-A was trained then 30% was used for validation until 

the correlation coefficient of 0.98 was achieved and average absolute percentage error of 

5.2. Once the training and validation phase was done, 1,700 un-seen data point from well-

B, equivalent to 11,900 data count, was tested on the model and showed a correlation 

coefficient of 0.95 and average absolute percentage error of 8.9. The results are shown in 

Figure 46. The reason for not having too low error, giver higher R values, is 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 insignificant. Since the ANN model showed excellent 

prediction on Well-A and excellent validation on Well-B using small and simple ANN 

setup, sensitivity analysis or other AI models were unneeded here. 

 

          

 

Figure 46: Final results of both well-A & well-B using the developed ANN model 
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5.4 S-Shape Well Profile 

S-Shape well profile is considered among the most challenging profiles, depending on the 

tangent inclination, tangent length and total horizontal displacement. In this profile, 

directional BHA can be picked form the beginning, or only closed to the Kick of Point 

(KOP). Different formations will be drilled with inclinations ranging between 30o-50o, 

which causes wellbore stability issues across some formations. The sidewall forces keep 

changing and cycling depending on the BHA position. In the beginning of the profile 

inclination is being built, and toward the end itôs dropped. Torque and drag are present as 

well, causing some forces to be lost such as vertical forces (WOB) and rotational forces 

(RPM). The BHA normally contains MWD, but not LWD, so some downhole parameters 

can be monitored. Hole cleaning is a big challenge since the cuttings can easily avalanche 

downward. 

 

5.4.1 Data Overview  

Field data was gathered from three wells that have the same hole size and well profile. All 

three wells are S-Shape were directional bottom hole assembly (BHA) and Measurement 

While Drilling (MWD) were used. All well profiles started vertical, then the well was 

kicked off until the tangent section was reached. The tangent was held at ±25o-30o, then 

the well was dropped back to zero. All three wells profile are shown in Figure 47. The 

surface data was taken from a real-time sensor, and most of them were captures on a 

footage based. The survey data was received in real-time form the MWD through mud 



77 

 

pulsing, not memory. Since the survey is gathered every stand, data interpolation was used 

to generate the survey every foot. After that, it was combined with the surface mechanical 

& hydraulic parameters. Itôs worth noting that only inclination was used from the survey 

data. Azimuth data were excluded since it didnôt add much to the model accuracy. On big 

scale fields, azimuth maters especially when stress direction varies. In this field where the 

three wells data were sampled, minimum & maximum horizontal stresses were almost the 

same. Initially, the data will include all sorts of operations done on the 12ò hole section 

including 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 in Figure 24. 

 

Figure 47: Three S-Shape well profile 
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The next step is to further clean the data by checking it visually. Even though rotary 

steerable system (RSS) was used, yet the data were noisy somehow. RSS drive results in 

much smoother hole compared to using mud motor. However, different formations will be 

drilled with ±25o-30o inclination, which causes wellbore stability issues across some 

formations. Also, sidewall forces 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 quality. Figure 48 shows some data noise or outliers when 

plotting WOB vs. Torque. 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 approaching zero form its maximum value. The vector of stresses is the 

wellbore is changing where the forces are assisted by the gravity when the BHA is 

dropping. 

 

 

 

Figure 48: Data noise appearing as outliers when the inclination is dropping to zero 
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There appears to be a negative correlation coefficient, Figure 49, 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 as a result of other 

interconnected parameters, and vice versa. ROP behavior is clearly affected by inclination 

trend, as shown in Figure 50. The small drop in the middle around data count 1,500 caused 

the ROP to spike up. Towards the end when the inclination was dropping, the overall ROP 

trend was increasing. Also, torque values are increasing regardless of the RPM values, as 

shown in Figure 50. This is clear in the middle around data count 2,000-2,900 when RPM 

value was constant. This is due to the extra side forces and friction after building 

inclination. Towards the end, more RPM was needed 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. 

 

 

 

Figure 49: ROP trend increases when inclination decreases 
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Figure 50: Torque trend is increasing even with fixed RPM 

 

 

5.4.2 Model Setup 

Since S-Shape profile has dual inclination phenomena (build then drop), two wells were 

used in training, and one for predicting with ratio of 2:1, unlike previous models where 1:2 

ratio was used. The two wells with highest and lowest curvature will be used to predict the 

well in between. The inclination was excluded as an input since it only showed minor 

improvement, as shown in Figure 54. This will enable real-time prediction since surveys 

are taken only every stand. The model was built using ANN feed-forward network with 5 

inputs, 1 layer and 30 neurons as shown in Figure 51. The optimum number of neurons and 

layers was selected based on trial and error. The two governing factors for selection were 

root mean square error (RMSE) and correlation of coefficient (R). The minimum number 

of neurons was 5 and the maximum was 50. As shown in Figure 52, 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 reduce the error and increase the 

correlation strength. For the number of layers, having two or more layers gave the same 

results as the single layer neurons. Therefore, single layer was selected to make the 

equation extraction easier, and to increase the computational speed. The type of the training 

function didnôt vary much between all nine functions, however, Levenberg-Marquardt 

training function (trainlm) gave the least error while providing fast calculation speed. The 

transfer function used was tansig, which was very close to logsig in terms of accuracy and 

error. 

 

 

Figure 51: ANN model setup 

 

 

The number of mechanical & hydraulic inputs was selected based on a previous study 

performed earlier [20], in which these mechanical & hydraulic parameters were confirmed 

to affect the rate of penetration significantly. The total number of data is more than 7,900 

data points. Two wells (A & B) were used to train and validate the model with 70/30 data 

ratio. Then one unseen data which is well-C was used to test the model. More than 30 

sensitivity analysis will be performed to achieve the best 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, the best result was found using 1 layer, 

30 neurons, Levenberg-Marquardt training function (trainlm) and tansig transfer function. 

The first two well had more than 7900 data points and each data point consist of 5 inputs 

and 1 output. 70% of the data were trained then 30% were used for validation until the 

correlation coefficient of 0.93 was achieved with root mean square error of 6.2. Once the 

training and validation phase was done, 4000 un-seen data point from well-C, equivalent 

to 24,000 data count, was tested on the model and showed a correlation coefficient of 0.92 

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

 

 

To have comprehensive comparison, three different AI 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 AI can predict ROP better or not. The first AI technique is Radial Basis Function 

neural network (RBF), and this function 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 and error were much better compared to other AI methods and were 

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

correlation coefficient and low error doesnôt mean that the model can predict unseen data 
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with the same accuracy, unlike ANN. The second technique was using fuzzy logic, and 

two sub-techniques under it were used which are subtractive clustering (SC) and fuzzy c-

means (FCM) clustering. The main parameters to change were cluster radius size, number 

of clusters and number if iterations. 

 

 

 

Figure 54: Results of using four different AI methods, including sensitivity analysis 
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The third and last technique was functional networks (FN), where 5 different algorithms 

can be used in conjunction with linear and non-linear types. Almost all linear & non-linear 

types predicted the ROP while training. The most acceptable scenario was using functional 

network Forward Selection method (FNFSM) algorithm with non-linear type. It's worth 

noting that Support Vector Machine (SVM) couldnôt converge while modeling the data. 

Itôs either the computation time might take several hours, or the model failed to find a 

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 neglecting GPM is close enough 

to get similar results. This is not surprising since the GPM and SPP are highly related. This 

means the ANN model can rely on only one parameter to successfully predict ROP. On the 

other hand, SPP is also strongly related to GPM, however, it has stronger correlation with 

ROP. Thus, eliminating SPP had higher impact on model accuracy. Also, including 

inclination as an input showed only minor improvement. To compare the obtained results 

from AI 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 found to be K= 60087000. The second model is 

Bingham and the three calculated constants after performing regression were K=0.081, 

a(WOB)=1.037 and b(RPM)=1.077. The third model is Bourgoyne and Young where all seven 

exponents were found to as: a1=14.3, a2(Compaction)=-1.5E-03, a3(Overbalance)=-9E-04, a4 

(Differential)=-3E-04, a5(Bit)=1.496, a6(RPM)=1.269 and a7 (Hydraulics)=0.118. The fourth and final 

model is Al -AbdulJabbar model [20] where the two constants were calculated and they were 

a(WOB) = 0.0755 and b(UCS) = 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 sections 5.5 and 5.6, the AI model will be turned into a white box to prove that it 

can be portable outside the AI modeling software. In both sections, a large field will be 

selected, then random wells scattered around will be used to build the ROP model. Later 

on, it will be heavily tested to prove that ROP AI 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 surface parameters for a 

sandstone formation. The objective is to predict the rate of penetration for this sandstone 

formation using surface data or parameters. Series of data QA/QC were performed in 

addition to data analytics to ensure that only effective inputs are used. 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 limits were set 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 huge data 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 immediately after 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 unique output. This duplicate removal process 

successfully reduced the data point per input to around 5,000. Other data QA/QC were 

carried such as extreme outlier removal, and removing non-sense data such as negative 

hook height. 

 

 

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 values (data is recorded every 5 seconds, so depth fraction exists) 

Depth ROP (ft/h) SPP (psi) Torque (kft.lbf)  WOB (klbf)  

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 12.5975 2855.213 3.68 21.5458 

XXX3.46 12.5975 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 

1.5 ft drilled in 90 seconds 

should yield to average ROP 

of 60 ft/hr 

XXX1.569 63.134 

XXX2.092 126.681 

XXX2.161 26.833 

XXX2.161 13.348 

XXX2.559 29.639 

XXX2.93 146.507 

. 

. 

. 

    

XXX2.687 99.585 

3.5 ft drilled in 180 seconds 

should yield to average ROP 

of 70 ft/hr 

XXX3.147 120.411 

XXX3.713 122.389 

XXX4.606 135.35 

XXX4.973 102.033 

XXX5.075 27.091 

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 lighter data, itôs time to check the relations between various inputs, and the 

output. The best method is data visualization and calculating correlation coefficient. 

Wolfgang and Gerhard [64] method is not applicable at 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 whirl of 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 efficient drilling. 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 such as torque or RPM. 

 

A way forward is needed in this situation which is the mechanical specific 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 not yield to efficient drilling. The optimum value of MSE is 

close to the formation unconfined compressive strength (UCS). 

 

 

Figure 59: Example of RPM data noise (ex. due of stick and slip) 
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Figure 60: Example of WOB data noise 

 

 

Figure 61: Inverse trend between ROP and WOB 

 

Table 8: Correlation coefficient of ROP vs. WOB 

Well Correlation Coefficient 

Well-A - 0.643 

Well-B - 0.611 

Well-C - 0.515 

Well-D - 0.452 

Well-E - 0.738 

Well-F - 0.796 

Well-G - 0.667 

Well-H - 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 around 25,000-35,000 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 inputs from few thousand per well to few hundreds. 

 

 

 

Figure 62: ROP vs. MSE (including 25000-35000 psi) with wasted energy example 

 

 

Inputs falling in high MSE value range yields slow ROP, and inputs in low MSE ranges 

cause drilling 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 

MSE Range Correlation Coefficient 

Entire data range - 0.61(negative) 

10,000 ï 35,000 - 0.24 (negative) 

10,000 ï 20,000 0.22 

20,000 ï 25,000 0.14 

25,000 ï 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 MSE, torque had the most impact on 

MSE value. This is logical since torque is almost the only parameter that is related to many 

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

on it after modeling. 
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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 after the 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 vs. torque. 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 Well-D enhanced the correlation 

 

5.5.2 Inputs 

All 8 wells were prepared by performing data QA/QC and data analytics. The inter-data 

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) 

ROP (ft/hr) 

RPM (Rev/min) 

SPP (psi) 

Torque (klbf.ft) 

WOB (klbf) 
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Figure 65: Inter -data relations are much stronger, and physically and logically valid 

 

 

 

Figure 66: Inter -data relations are much stronger, and physically and logically valid 
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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 

(ft/h)  
GPM) RPM 

SPP 

(psi) 

Torque 

(klb f.ft) 

WOB 

(klb f) 

ROP 

(ft/h)  
1      

GPM 0.42 1     

RPM 0.44 0.46 1    

SPP (psi) 0.39 0.65 0.048 1   

Torque 

(kft.lbf)  
0.87 0.32 0.13 0.46 1  

WOB 

(klbf)  
0.69 0.22 0.32 0.15 0.64 1 
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5.5.3 Training & Testing the Model 

The model was built using ANN feed-forward network with 5 inputs, 1 layer and 5 neurons. 

The optimum number of neurons and layers were selected based on trial and error. The two 

governing factors in the selection process were average absolute percentage error (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 strength. For the number 

of layers, having two or more layers didnôt improve the results even with 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 training function didnôt vary much 

between all nine functions, however, Levenberg-Marquardt training function (trainlm) 

gave the least error while providing fast calculation speed. The transfer function used was 

pure-linear which showed better improvement over Tan Sigmoid. In addition, pure-linear 

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

complex to extract. 

 

 

Figure 68: ANN model setup 
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To have comprehensive comparison, four different AI 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 AI can predict ROP better or not. The total number of data is more than 4,400 data 

points. All 8 wells will be used to train and validate the model with 70/30 data ratio. More 

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

parameters. 

 

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

 

After performing the sensitivity analysis using ANN, the best result was found using 5 

neurons, 1 layer, Levenberg-Marquardt training function (trainlm) and purely-linear 

transfer function. All eight well had 897 data points and each data point consist of 5 inputs 

and 1 output, totaling to 5,382 data count. 70% of the data were trained then the remaining 

30% were used for validation until the correlation coefficient of 0.934 were achieved and 

average absolute percentage error of 7.5. 
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Figure 70: Training (70%) and testing (30%) results 

 

 

The first AI technique is Radial Basis Function 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 varied, and the correlation coefficient and error were much better 

compared to other AI methods and were close to ANN. The downside of RBF is that it 

memorized data very well. So high correlation coefficient and low error doesnôt mean that 

the model can predict unseen data with the same accuracy, unlike ANN. The second 

technique was using fuzzy logic, and two sub-techniques under it were used which are 

subtractive clustering (SC) and fuzzy c-means (FCM) clustering. The main parameters to 

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

 

Figure 71: Results of using four different AI 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 and lag-rang multipliers (C). Compared to 

Polynomial kernel type, Gaussian gave more acceptable results. Itôs worth noting that SVM 

AI method didnôt show good prediction especially with the error values, not mentioning 

the long calculation time. The fourth and last technique was functional networks (FN), 

where 5 different algorithms can be used in conjunction with linear and non-linear types. 

Almost all linear & non-linear types predicted the ROP while training. The most acceptable 

scenario was using functional network Forward Selection method (FNFSM) algorithm with 

non-linear type. 

 

To compare the obtained results from AI 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 found to be K= 

35298666. The second model is Bingham and the three calculated constants after 

performing regression were K=1.299, a(WOB)=0.452 and b(RPM)=0.677. The third model is 

Bourgoyne and Young where all seven exponents were found to as: a1=104.9, 

a2(Compaction)=-9.16E-03, a3(Overbalance)=0.0247, a4 (Differential)=0.001, a5(Bit)=0.654, 

a6(RPM)=0.503 and a7 (Hydraulics)=0.024. The fourth and final model is Al -AbdulJabbar model 

[20] where the two constants were calculated and they were a(WOB) = 0.0539 and b(UCS) = 

0.72-0.77 depending on UCS within the defined range of 25,000 ï 35,000 psi. 
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Figure 72: Comparison with other models 
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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 GPM or WOB 

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 

shown previously in Table 11. 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 other parameters that are 

strongly related to Torque. 

 

 

 

 

 

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 increase its prediction 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. In the upcoming 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 range which is 25,000 ï 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 

circulation, and average ROP thatôs within the model range. Three wells will be selected 

under this category. The indicators here will be correlation coefficient (R), average 

absolute percentage error (AAPE), and coefficient of determination (R2). 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 rate of penetration 

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 words, it seems shifted 

with a constant bias. 

   

  

 

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 tricone. Both 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 includes Well-4 thatôs within range (average ROP less than 80 ft/hr) and 

Well-5 & Well-8 with more than 100 ft/hr. The results show that Well-4 had excellent 

prediction, while Well-5 & Well-8 showed poor prediction due to data out of range. The 

closed the data to 80 ft/hr and below, the more the accurate becomes. 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 ROP values of 80 ft/hr. Well-4 proved that 

changing the bit type doesnôt alter the model prediction accuracy. The reason is that WOB 

is strongly related to torque as shown previously in 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 

 

 
































































































