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Abstract 12 
Drilling costs and time are directly affected by the rate of penetration (ROP). Gas/oil well drilling in challenging 13 

environments is a costly operation due to the high cost of wellbore construction, and drilling optimization requires 14 

real-time decision-making. Therefore, it is necessary to estimate ROP accurately and thus assist in optimizing the 15 

drilling process. In this study, we used total depth, weight on hook, bit, revolutions per minute, torque, standpipe 16 

pressure, flow rates, mud weight, mud viscosity, hole size, and formation hardness as input parameters to forecast 17 

ROP. Nine machine learning algorithms, i.e., multiple linear regression (MLR), lasso regression, ridge regression, 18 

decision tree (DT), bootstrap aggregating (Bagging), random forest (RF), gradient boosting machines (GBM), 19 

symbolic regression (SR), and artificial neural networks (ANN) were performed using a dataset consists of 3484 20 

observations. Moreover, several network hyperparameters were adjusted, indicating that using a deep artificial 21 

feed-forward network, i.e., [9-11-1] neurons with logarithmic sigmoid transfer function as a predictor model, 22 

provided the most accurate model. Results showed that the random forest and artificial neural network models 23 

have the highest accuracy, and it estimates ROP with correlation coefficients of 0.93. Overall, the methodology 24 

employed in this paper performed well in predicting ROP in the absence of some unavailable parameters such as 25 

UCS. 26 

 27 
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Highlights  41 

 Effect of weight on hook (WOH) on rate of penetration (ROP) investigated for the first time by means 42 

of multiple (nine) robust machine-learning algorithms.  43 

 Multiple linear regression (MLR), lasso regression, ridge regression, decision tree (DT), bootstrap 44 

aggregating (Bagging), random forest (RF), gradient boosting machines (GBM), symbolic regression 45 

(SR), and artificial neural networks (ANN) intelligent models were proposed for estimating drilling rate 46 

of penetration. 47 

 The accuracy of the models was ranked as: ANN>RF > GBM > BA > DT > SR > Lasso > MLR > Ridge  48 

 A comprehensive databank of 3484 data points from a gas field in the Zagros basin was used. The 49 

predicted rate of penetration is highly influenced by the values of depth, WOH and RPM. 50 
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1. Introduction  1 
The rate of penetration (ROP) represents the efficiency of drilling and determines the cost and time of the 2 

operation. Efficiency enhancement of drilling operation requires the optimization of ROP. A large number of 3 

parameters are influential in ROP determination, including the bit type, formation type, revolutions per minute 4 

(RPM), unconfined compressive strength (UCS), and weight on bit (WOB). This parameter has been predicted by 5 

several means, including artificial intelligence and mathematical models. Unlike mathematical models, artificial 6 

intelligence algorithms derive their knowledge directly from data without relying on a predetermined equation [1, 7 
2]. In order to calculate ROP, several mathematical models have been developed. Bingham [3] developed a model 8 

between ROP, WOB, RPM, and bit diameter, by introducing two constants, a and b:  9 ROP = a (WOBdb )b RPM 
(1) 

where a (drill ability constant) and b (empirical WOB exponent) are dimensionless constants for each formation, 10 

RPM is the rotation speed [rev/min], db is bit diameter [in], and WOB is wight on bit [kIbf]. Eckel [4] proposed a 11 

new equation by considering the influence of hydraulics on ROP: 12 ROP = K × WOBa × RPMb × (kqρdnμ)c          2 < kqρdnμ < 100 
(2) 

Where a, b and c are exponents computed for a formation, K and k are constants, μ is the fluid viscosity [cP], ρ is 13 

the mud density [SG], and q is the flow rate [gpm]. Burgoyne and Young's [5] established one of the most 14 

comprehensive predictive models for roller cone bits. This model has eight different drilling parameters: 15 ROP = (f1)(f2)(f3)(f4)(f5)(f6)(f7)(f8) (3) 

Where f1 is formation drill ability; f2, the normal compaction; f3, the under compaction; f4, change in penetration 16 

due to mud weight; f5, WOB; f6, rotary speed; f7, tooth wear; and f8, change in penetration rate due to jet impact 17 

force. Hareland and Rampersad [6] derived a model by applying conservation of mass: 18 ROP = Wf a(RPMb WOBc) 14.14 Nc RPMdb cos α sinθ [(dc2 )2 cos−1 (1 − 4 Wmechπcosθ dc2σc)− ( 2Wmechπcosθ σc − 4Wmech2(πcosθ dc σc)2)0.5 (dc2 − Wmechπcosθ dc σc)] 
(4) 

where a, b, and c are cutter geometry correction factors, Nc is the number of PDC cutters, θ is the cutter back rake 19 

angle, dc is the cutter diameter [in], Wf is a bit wear function, α is the cutter side rake angle, σc  is the uniaxial 20 

compressive rock strength (UCS) [psi], and Wmech  is the mechanical loading per cutter [lbf]. Additionally, 21 

Motahhari [7] proposed an equation using the same mass conservation principle: 22 ROP = Wf(G RPMγWOBαdbS ) 
(5) 

Where α and γ are exponents, S is the confined compressive rock strength (CCS) [psi], and G is a model coefficient 23 

related to bit geometry and bit-rock interactions. It should be noted that some input parameters for applying 24 

mathematical models may be expensive, unavailable, or time-consuming. For example, the uniaxial compressive 25 

strength (UCS) of rock may be one of the input parameters. It can be determined through empirical correlations 26 

or calculated directly with a uniaxial compression test. Due to challenging rock conditions, these tests are time-27 

consuming, costly, and sometimes impossible to perform. Moreover, empirical correlations need some rock 28 

properties like effective porosity, and it depends on the quality of input data [8]. Therefore, reliable data, such as 29 

UCS may not be available in some cases, but it is still necessary to estimate the ROP accurately. In this study, an 30 

attempt has been made to predict ROP using the available parameters.  31 

 Many studies have recently attempted to employ artificial intelligence (AI) models for modelling drilling 32 

parameters [9-12] specially for ROP prediction and optimization purposes [13-20]. Elkatatny [21] adopted the artificial 33 

neural network (ANN) approach for ROP estimation through 3333 data points from a Middle Eastern offshore 34 

field. The input parameters of their model included RPM, WOB, standpoint pressure, drilling torque, plastic 35 

viscosity (PV), mud density, and pump rate. PV and mud density were reported to have the most significant effects 36 

on ROP estimation. The correlation coefficient of PV (mud density) was calculated to be 0.74 (0.85). Their model 37 

involved twenty neurons and made ROP estimations, and the average absolute percent relative error (AAPE) was 38 

calculated to be 5.6%.  39 

Hegde and Gray [22] employed intelligent algorithms for drilling optimization purposes. Torque on bit (TOB), 40 

mechanical specific energy (MSE), and ROP models were proposed based on the random forest (RF) method, and 41 

the model parameters included WOB, flow rate, RPM, and unconfined compressive strength (UCS). The models 42 

were optimized using a metaheuristic technique. It was suggested that the optimized MSE model enhanced ROP 43 

by 20% and reduced MSE by 15%. Moreover, TOB was reduced by 7%, which enhances the lifespan of the bit. 44 

However, the optimized ROP model resulted in a 28% rise in ROP and an undesirable increase in TOB and MSE.  45 

Yavari et al. [23] studied ROP estimation using an adaptive neuro-fuzzy inference system (ANFIS). They evaluated 46 

the ROP prediction performance of the analytical models (Bourgoyne and Young's  (BY) model [24] and Hareland-47 
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Rampersad model [25]) as well as the ANFIS model. Sonic log data, modular test data, and drilling data from 1 

several locations in the South Pars Gas Field, Iran, were employed to develop the models. It was observed that 2 

ANFIS made estimations of higher reliability.  3 

Momeni et al. [26] performed controllable drilling parameter optimization and ROP maximization using a genetic 4 

algorithm (GA) and ANN. The goal function of GAs was a visual mathematical model generated by turning the 5 

ANN black box into a white box. Hence, the integrated ANN-GA approach would be utilized to calculate 6 

optimized drilling parameters. The ROP estimation was performed at an MSE of 0.0037. 7 

Anemangely et al. [26] employed a multilayer perception (MLP) framework for ROP estimation. Particle swarm 8 

optimization (PSO) and the cuckoo optimization algorithm (COA) were evaluated to develop integrated PSO-9 

MLP and COA-MLP models. RPM, flow rate, WOB, shear wave slowness, and compressional wave slowness 10 

were used as the input parameters. The COA-MLP model was claimed to have great reliability as ROP estimation 11 

was performed under an R2 of 0.921.  12 

Ahmed et al. [27] used extreme machine learning (ELM), support vector machine (SVM), least-square SVM 13 

(LSSVM), and ANN approaches to estimate ROP. The input parameters included the measured depth, mud 14 

weight, bit size, flow rate, rotary torque, standpipe pressure, WOB, and RPM in two wells. It was found that the 15 

LSSVM algorithm outperformed the other approaches, i.e., a correlation coefficient of 0.94. In addition, the 16 

incorporation of specific energy as an additional input parameter was examined. This led to a 3-9% improvement 17 

in the root mean square error (RMSE) of the LSSVM algorithm.  18 

Soares and Gray [2] evaluated the ROP estimation performances of the analytical Motahhari, Hareland-Rampersad, 19 

BY, and Bingham models and compared them to the SVM, ANN, and RF techniques. The BY and RF models 20 

were found to have the highest accuracy, and RF had a higher accuracy than BY.  21 

Ashrafi et al. [28] developed ROP models using the drilling data and petrophysical logs of the Maroun Oilfield, 22 

Iran. A total of eight hybrid frameworks were proposed, and the input parameters included the shear wave velocity, 23 

RPM, WOB, pump pressure, pore pressure, density log, gamma-ray, and the pump flow rate. Furthermore, the 24 

biogeography-based optimized, imperialist competitive algorithm (ICA), GA, and PSO approaches were adopted 25 

for the purpose of training the radial basis function (RBF) and MLP models. Eventually, the models were 26 

compared to conventional ANN algorithms and multiple regression frameworks. The PSO-MLP (RMSE=1.12) 27 

and PSO-RBF (RMSE=1.4) models were demonstrated to have the highest ROP estimation reliability. Moreover, 28 

evolutionary algorithms were argued to outperform backpropagation techniques in ANN training.  29 

Sabah et al. [29] compared the MLP, SVM, RBF, and hybrid PSO-MLP models for estimating ROP. The input 30 

parameters were chosen the same as those employed in reference [28]. The MLP-PSO and SVM approaches 31 

exhibited the highest estimation accuracy. Table 1 shows a summary of this literature review: 32 

Table 1: A summary of ROP estimation works. 33 

Ref. Input  Output AI Technique Error (R2) 

[2, 27, 30-38] 

 WOB 

 RPM 

 Depth (footage/TVD) 

 Gross hours drilled 

 Mud circulation rate (GPM) 

 Mud weight 

 ECD 

 Hydrostatic head 

 Apparent viscosity 

 Hydraulic jet impact force 

 Formation type (Rock 

strength/UCS/Drillability 

coefficient) 

 Bit size 

 Bit type 

 ROP 

prediction 
 ANN 

 0.71-0.85 [27] 

 0.980 [30] 

 0.825 [31] 

 0.740 [32] 

 0.857 [35] 

 0.87 [38] 

 0.90 [2, 33, 34, 36, 37] 
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 Bit tooth wear 

 Pore pressure 

 Neutron porosity 

 Hydrogen index 

 Differential pressure 

 Resistivity logs 

 Gamma ray 

[21] 

 WOB 

 RPM 

 Drilling torque 

 Standpipe pressure 

 Pump rate 

 Mud density 

 PV 

 ROP 

prediction 
 ANN-LM  0.99 

[22] 

 WOB 

 RPM 

 Flowrate  

 UCS 

 ROP 

prediction 
 RF - 

[26, 39] 

 Depth, 

 Pore pressure gradient 

 ECD 

 WOB 

 Bit diameter 

 RPM 

 Fractional tooth height worn 

away 

 Reynolds number 

 ROP 

prediction 
 ANN-BP 

 0.9473 [26] 

 0.9 [39] 

[23] 
 WOB 

 RPM 

 ROP 

prediction 
 ANFIS  0.8625 

[40] 

 WOB 

 RPM 

 Flowrate 

 Compressional wave slowness 

 Shear wave slowness 

 ROP 

prediction 

 MLP-

COA 
 0.921 

[28] 

 WOB 

 RPM 

 Gamma ray 

 Pump pressure 

 ROP 

prediction 

 ANN-

MLP 

 MLP-

PSO 

 0.83 

 0.933 

 0.8931 

 0.85 
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 Pore pressure 

 Pump flow rate 

 Density log 

 Shear wave velocity 

 MLP-GA 

 MLP-ICA 

 MLP-

BBO 

 ANN-

RBF 

 RBF-PSO 

 RBF-GA 

 RBF-ICA 

 RBF-

BBO 

 0.8563 

 0.8107 

 0.8775 

 0.8819 

 0.8601 

 0.8579 

[29] 

 WOB 

 RPM 

 Gamma ray 

 Pump pressure 

 Pore pressure 

 Pump flow rate 

 Density log 

 Shear wave velocity 

 ROP 

prediction 

 ANN-

MLP 

 ANN-

RBF 

 SVM 

 MLP-

PSO 

 DT 

 RF 

 0.9284 

 0.8815 

 0.9687 

 0.941 

 0.8975 

 0.9185 

The hook load (HL) or weight on hook (WOH) is the vertical force that lowers on the elevator at the end of the 1 

traveling apparatus. The weight of the drilling string, as well as mechanical and hydraulic friction forces, affect 2 

the WOH. The WOH is a vital drilling parameter that is used to quantify downhole weight on bit (WOB), as well 3 

as to indicate downhole conditions and mechanical friction [41]. Dangerfield [42] formalized his analysis on WOH 4 

using the fact that hook load is the sum of the tensions in the lines connecting traveling blocks. In another study 5 

on WOH, Rabia [43] analyzed the effects of friction and block-travel direction. Luke and Juvkam-Wold [44] verified 6 

mentioned hook load analyses experimentally. Although many experimental and theoretical works on ROP 7 

modeling were conducted, they only considered the WOB as the effective weight without considering the WOH. 8 

The WOH is a critical parameter for managing the drilling operation and assessing its potential downhole 9 

conditions. The main goal of this study is to predict the ROP using all influential parameters, including WOH. 10 

This paper is organized as follows: Section 2 outlines the geological background of the gas field in the Zagros 11 

Basin. In sections 3 and 4, we briefly review the main data mining steps and the dataset description of this work. 12 

Section 5 discusses the modeling details of nine different regression algorithms. In section 6, we present the 13 

accuracy and errors of all models. Finally, the main conclusions are summarized in the last section. 14 

 15 

2. Geological background of Zagros Basin, Iran  16 

With massive oil and gas deposits, the Zagros Basin is one of the most important basins in the West of Asia. 17 

Regional tectonic and sedimentary evolution, basin structural division, petroleum distribution features, and the 18 

primary regulating variables of petroleum accumulation all point to this conclusion. Early Paleozoic intra-Cratonic 19 

pull-apart basin and platform margin basin, late Paleozoic platform margin basin, Mesozoic passive continental 20 

margin basin, and Cenozoic foreland basin are the four major phases that exist in this basin. From southwest to 21 

northeast, the Zagros Mountains Front Fault and the High Zagros Fault separated the basin into three zones: 22 

foredeep zone, simply folded zone, and Zagros thrust fault zone. The majority of oil fields are in the foredeep 23 

zone, whereas the majority of gas fields are in the simply folded zone, with only a few fields in the Zagros thrust 24 

fault zone. The Mesozoic and Cenozoic reservoirs get their water from the Lower Cretaceous Kazhdumi 25 

Formation mudstone, whereas the Paleozoic reservoirs get their water from the Silurian Gahkum Formation 26 

mudstone. The major reservoir is Cenozoic carbonate, followed by Cretaceous Sarvak and upper Permian Dalan 27 

carbonate. The foredeep zone's major seals are evaporite and mudstone, while the simple anticline zone's main 28 
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seal is mudstone. The key regulating elements for petroleum accumulation are the anticline structure and seal type 1 
[45]. 2 

Shanul anticline is a structural anticline which is located in coastal Fars in Zagros Basin about 220 km southeast 3 

of Shiraz, 20 km north of Varavi structure, 50 km south of Bandobast, and 10 km west of Bavoush anticline. It is 4 

separated with a narrow and low dip saddle from Shanul structure in the northwest plunge. Shanul is a nearly 5 

symmetrical anticline with an area closure of 32*8 km2 at the surface in Asmari Formation and 31*6 km2 on top 6 

of Kangan Formation with a 1000-meter vertical closure. The north flank of Shanul anticline is about 15°, the 7 

south flank dip is about 11° at the surface in the Asmari Formation, and the southeast plunge has about 8° dip 8 

angle. The Formations in the outcrop are Jahrum, Asmari, Gachsaran (Champeh & Moulmembers), Mishan, 9 

Aghajari, and Bakhtiyari, respectively, from old to young formations. Drilling the mentioned formations in the 10 

Shanul field is vital, and the rate of penetration and optimization can help supply energy resources. 11 

 12 

3. Data mining steps  13 

This study used a dataset consisting of 3484 observations from one of the Iranian wells. Firstly, this dataset was 14 

studied by applying the scatter matrix plot, and the correlation coefficients between variables were investigated 15 

to find the most correlated parameters. Secondly, the data were divided into two sets: 70% of it (i.e., 2439 16 

observations) were used to train the models, and the remaining data (i.e., 1045 observations) were utilized to test 17 

or validate them. Nine machine learning algorithms were used to consider the relations between the dependent 18 

and independent parameters. In the end, the performance of the models was evaluated and analyzed, see Figure 1: 19 

 20 

Figure 1: ROP prediction steps by using machine learning algorithms. 21 

 22 

4. Data description 23 

A total of 3484 data points were collected from drilling wells of a gas field in the Zagros Basin. As the present 24 

study utilizes real-life field data, the parameters involve inclusive ranges of operational circumstances. Table 2 25 

statistically describes the available dataset:  26 
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Table 2: Statistical description of the dataset. 1 

Parameter Min. Max. Median Mean 

Depth (m) 66 3551 1774.5 1788.7 

WOH (lbf) 63.6 263.8 179.1 179.6 

WOB (lbf) 0.8 40.3 19.5 19.03 

RPM  14 151 12 101.63 

Torque (lb.ft) 53 358 199 210.4 

SPP (PSI) 0 1916 302 384.88 

Flow Pumps (GPM) 5.58 366.87 101.08 135.45 

MW (PCF) 62.4 69 66 65.68 

VIS (Seconds) 27 60 41 39.82 

Hole Size (in.) 4.125 17.5 12.25 12.668 

Hardness 1 3.84 1.28 1.54 

ROP (m/hr) 0.84 93.27 12.86 18.32 

The scatter plot matrix was plotted to investigate the relations between parameters. We can draw scatter plots 2 

between all parameters and calculate Pearson correlation coefficients using this plot. The pearson correlation 3 

coefficient indicates the linear relationship between two parameters, see Figure 2. 4 

 5 
a) 6 

 7 
b) 8 
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Figure 2: Scatter plot matrix for all parameters, a) part (1), b) part (2). 1 

 2 

5. Methodology  3 
The input data was visualized and investigated, and outliers were identified and deleted. ROP was estimated using 4 

machine learning algorithms. This section describes how the models were developed. 5 

5.1 Multiple Linear Regression 6 

Linear regression is a straightforward and fundamental approach to building predictive models. If there is more 7 

than one independent variable, we can exploit multiple linear regression (MLP). The form of this model for P-8 

predictors is: 9 y = β1X1 + β2X2 + ⋯ + βPXP + β0 + ε (6) 

Where Xi is ith predictor, β0 is intercept, βi is ith coefficient, and ε denotes the error. 10 

The best-fitting line is calculated by minimizing a cost function as the residual sum of squares between the real 11 

and predicted data in the dataset. The cost function is described as follows [46, 47]: 12 Cost = ∑(yi − β0 − ∑ βjXijp
j=1 )2N

i=1  (7) 

When we obtain the coefficients, it is necessary to determine the significant and insignificant ones. To reach this 13 

goal, we can use P-Value to remove irrelevant variables leading to unnecessary complexity and low accuracy in 14 

the model, see Figure 3: 15 

 16 
Figure 3: R2 vs. the number of predictors. 17 

In this study, a variable that had a P-Value of smaller than 0.05 was considered statistically significant, e.g., 18 

insignificant variables were ignored from the rest of calculations. Afterwards, coefficients were obtained again. 19 

Table 3: P-Value and coefficients of the multiple linear regression (before selection). 20 

Predictor coefficients P-Value 

(Intercept) -96.9000 3.36e-17 

Depth 0.0064 2.48e- 4 

WOH 0.0528 2.18e- 2 

WOB -0.4506 2.26e-35 

RPM -0.2070 7.35e-56 

TORQUE -0.0220 2.96e- 4 

SPP -0.0056 6.94e-18 
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FLWpmps 0.0507 9.73e-36 

MW 1.6090 2.17e-20 

VIS 0.4607 3.02e-26 

HoleSize 0.2857 1.17e- 1 

Hardness -1.9280 1.90e- 6 

 1 

It can be concluded from Table 3 that the P-Value of HoleSize is more than 0.05, so we removed it from the 2 

model, and thus the suggested equation is: 3 ROP = 0.0058Depth + 0.0208WOH − 0.489WOB − 0.2068RPM − 0.011TORQUE − 0.00355SPP+ 0.0481FLWpmps +  1.94MW +  0.37VIS − 3.24Hardness − 103 

(8) 

 As we can see, the suggested equation may have large coefficients, and the removal of insignificant variables 4 

must be performed manually. However, several approaches are suggested to control the magnitude of coefficients 5 

and remove insignificant variables automatically. In the following section, two modified linear regression 6 

algorithms are discussed. 7 

Ridge regression can control our regression coefficients and reduce the errors, especially when there are a large 8 

number of predictors (P). It puts constraints on the magnitude of the coefficients, reducing fluctuations of the 9 

coefficients and errors. This model adds a penalty parameter to the objective function and is controlled by 10 

the tuning parameter (lambda=λ). The ridge regression’s cost function can be defined as [46, 47]: 11 Cost = ∑(yi − β0 − ∑ βjXijp
j=1 )2N

i=1 + λ ∑ βj2p
j=1  

(9) 

When lambda is zero, it does not affect coefficients, and by increasing lambda, it shrinks them towards zero. 12 

 13 
Figure 4: The effect of lambda value on the magnitude of the coefficients. 14 

Figure 4 displays the value of the coefficients versus lambda in a semi-log scale for all 11 predictors. It shows that 15 

when Log (lambda) is less than 8, the coefficients fluctuate a lot. Moreover, by increasing the lambda, these 16 

fluctuations decrease, but the number of variables remains constant (i.e., 11 variables). It is necessary to find the 17 

optimum lambda, which can control the magnitude of coefficients and maintain the model's accuracy. 18 



10 

 

 1 
Figure 5:  MSE of 10-fold cross- validation vs. lambda, ridge regression. 2 

Figure 5 illustrates the mean squared error (MSE) of performed 10-fold cross-validation versus different lambda 3 

values. Two dashed lines show lambda with a minimum MSE and an MSE within one standard error. In this study, 4 

to reduce the magnitude of coefficients as much as possible while keeping the model's accuracy, we used lambda 5 

with an MSE within one standard error. Application of the ridge regression algorithm suggests the following 6 

equation: 7 ROP = 0.0027Depth + 0.0640WOH − 0.0358WOB − 0.1156RPM + 0.0076TORQUE − 0.0039SPP + 0.0399FLWpmps +  0.0125MW + 0.0509VIS − 0.0006Hardness+ 0.0017HoleSize + 7.1256 

(10) 

It is possible to use the lasso algorithm classified as a modified linear regression. Lasso regression is similar to 8 

ridge regression with a slight modification in its cost function. Ridge regression pushes coefficients to approach 9 

zero (approximately); therefore, all independent variables remain in this model. The lasso model pushes them 10 

equal to be equal zero, so the lasso model reduces the number of predictors, and the algorithm applies feature 11 

selection automatically. The cost function is considered [46, 47]: 12 Cost = ∑(yi − β0 − ∑ βjXijp
j=1 )2N

i=1 + λ ∑|βj|p
j=1  

(11) 
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 1 
Figure 6: Automatic feature selection by lasso regression. 2 

Figure 6 shows that with the increase of lambda parameter, the number of features decreases from 11 to 2. 3 

However, it is necessary to find an optimum lambda, which reduces the number of variables with an acceptable 4 

MSE. Similar to ridge regression, by applying 10-fold cross-validation, an optimum lambda is acquired, see Figure 5 

7: 6 
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 1 

Figure 7: MSE of 10-fold cross- validation vs. lambda, lasso regression. 2 

As shown in Figure 7, by using a value of lambda with an MSE within one standard error, the number of predictors 3 

is reduced from 11 to 7. The obtained correlation is shown in Equation (12). As can be seen from Equation (12), 4 

the use of lasso regression leads to the following equation, i.e., Depth, TORQUE, HoleSize, and Hardness are not 5 

present in the equation. 6 ROP = 0.094023WOH − 0.1451WOB − 0.25674RPM − 0.00029SPP + 0.01642FLWpmps+  0.841072MW + 0.130286VIS − 31.2539 

(12) 

5.2 Decision Tree Regression 7 
A decision tree approach is a machine learning model that creates decision nodes and learns by making the best 8 

split of features [48, 49]. The decision tree (DT) regression algorithm partitions the training data into several 9 

subgroups; afterward, it fits a simple constant value for all observations in the subgroup. The main component of 10 

a DT model consists of a root node, i.e., all data, and a set of internal nodes, e.g., splits and a set of terminal nodes. 11 

Each node of the decision tree structure makes a binary decision. In principle, a decision tree is based on breaking 12 

down a complex decision into several simpler decisions, which may lead to a solution that is easier to interpret. 13 

This single tree can become unstable and may suffer from high variance. The growing is performed downward, 14 

and splitting is executed to achieve minimum errors. Several hyperparameters can be adjusted to optimize and 15 

create a balance between model complexity and accuracy. In other words, a deep regression tree (with many splits 16 

or leaves) tends to overfit, i.e., high accuracy on the training set and generalization (testing) accuracy is far less 17 

than it. For instance, when a tree is created and grown, the maximum number of splits can be considered criteria 18 

for controlling the depth of the tree. Thus, we use the genetic algorithm (GA) to find the tree's best values to 19 

control both the performance and complexity of the tree. We considered the mean square error (MSE) as the cost 20 

function, and the GA sought the optimum global point among many feasible solutions for the problem. The 21 

following figure shows the performance of the optimization algorithm. As seen in this, GA starts with random 22 

points and then crossover, mutation processes are applied iteratively until the algorithm is converged to the best 23 

solution after about 400 function evaluations (Figure 8). The optimum point includes: the minimum number of 24 

observations per leaf node (7), the maximal number of branch node splits (905), and the number of predictors for 25 

split (10). 26 
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 1 

Figure 8: Optimizing the hyperparameters of regression tree. 2 

As mentioned earlier, a single tree model may suffer from high variance. Bootstrap aggregating (bagging) method 3 

uses an averaging procedure, and thus it combines several different models to improve prediction performance 4 

and reduce the possibility of overfitting. At the beginning steps of this approach, the error decreases by increasing 5 

the number of trees, and consecutively it increases. Therefore, it is necessary to find the optimum number of trees 6 

to obtain a minimum error, see Figure 9: 7 

 8 

 9 

Figure 9: optimum number of trees for bagging model. 10 

According to Figure 9, by training many models for a different number of trees and calculating the errors, the 11 

optimum number of trees for this model equals 28. Moreover, it is possible to estimate the relative importance of 12 

each predictor that is used in the ROP estimation procedure, see Figure 10. 13 
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 1 
Figure 10: The relative importance of each predictor by bagging model. 2 

As illustrated in Figure 10, Depth, WOH, RPM and TORQUE significantly contribute in prediction of ROP using 3 

the bagging model. 4 

5.3 Random Forest Regression 5 

It is possible to use the random forest (RF) approach to increase the accuracy of ROP estimation. A machine 6 

learning model typically has several parameters. Unlike model parameters, there are several hyper-parameters that 7 

must be determined outside the actual training procedure. Finding the best hyper-parameters could significantly 8 

affect the prediction accuracy of these models. Therefore, they should be optimized before the actual training 9 

process begins. In the RF algorithm, a few hyper-parameters must be defined. For instance, ntree determines the 10 

number of trees to grow. Mtry is another hyper-parameter for the RF algorithm. Optimum values of this kind of 11 

parameters are acquired by grid search, and the default values are employed for other hyper-parameters. 12 

The RF model is represented in Equation (13) [50]. 13 f̂(X) = 1B ∑ fb(X)B
b=1  

(13) 

where f̂(X) is the output of random forest mapping function, fb(X) is the output of individual tree function, and B 14 

is the number of Regression Trees used for the ensemble and it is usually obtained through Cross-Validation [51]. 15 

The RF procedure is performed, and the results are shown in Figure 11. Results show that the optimum value for 16 

ntree and mtry are 606 and 5, e.g., the optimal value is the number that causes the least error. 17 

The random forest algorithm is trained by 70% of the data; afterward, it is tested by the rest of the data. Figure 12 18 

shows the relative impact within this model that a variable has on the target variable. Results show that Depth, 19 

WOH, RPM, and TORQUE have the most considerable effect on ROP estimation using the RF procedure. 20 
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 1 
a) 2 

 3 
b) 4 

Figure 11: Determining the optimum value of a) ntree, b) mtry. 5 

 6 
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 1 

Figure 12: The relative importance of each predictor by random forest model. 2 

5.4 Symbolic Regression 3 

Symbolic regression is also used to predict ROP. In this method, billions of models are made, and the algorithm 4 

approaches the best answer by minimizing the prediction errors. Symbolic regression uses a population of 5 

operators such as arithmetic, trigonometric, exponential to form non-linear regression models. Since symbolic 6 

regression continually iterates a new model to determine the most accurate model, we must choose criteria to 7 

accomplish the procedure. In this way, it neither stops too soon without sufficient accuracy nor spends too much 8 

time searching for improvements. The correlation that is suggested by symbolic regression is as follow: 9 Log(ROP) = 1.6346 +  5.2753 × 10−5SPP + 3.6862 × 10−7WOH × TORQUE × VIS− 0.0122VIS −  2.5938 × 10−5RPM × TORQUE − 0.0002WOB × HoleSize× Hardness 

(14) 

 Figure 13 shows the relative feature importance of each predictor in this algorithm, i.e., Depth, WHO, and RPM 10 

are determined as the most important parameters.  11 

 12 

Figure 13: The relative importance of each predictor by Symbolic Regression model. 13 

5.5 Gradient Boosting Model 14 

Gradient Boosting Machine (GBM) algorithm develops an ensemble of shallow learning and improving trees. 15 

Each tree is sequentially generated using information from previously generated trees, and thus, it is possible to 16 

use them and obtain models to predict the RPM. Similar to other machine learning algorithms, GBM is required 17 
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to optimize several hyper-parameters to reach maximum performance, i.e., the learning rate (shrinkage), the depth 1 

of each tree (interaction depth), the number of trees (ntrees), etc. 2 

A grid search method is performed to find the best values. In this method, the algorithm iterates over every 3 

combination of hyper-parameter, and then the performance of each combination is assessed. Therefore, it is 4 

possible to select the best combination. In this study, 256 models were made by various hyper-parameters. 5 

Subsequently, the combinations of hyper-parameters were tuned, and the results were ranked to find an optimized 6 

combination, see Table 4. 7 

Table 4: ranked hyperparameter combinations in GBM algorithm. 8 

Rank shrinkage Interaction depth n. minobsinnode bag. fraction n. trees 

1 0.1 3 5 1 997 

2 0.01 5 5 1 4999 

3 0.1 5 5 1 868 

4 0.01 5 5 0.8 4702 

5 0.3 5 15 0.8 198 

6 0.01 5 5 0.65 4229 

7 0.01 3 5 1 4928 

8 0.1 5 15 0.8 738 

9 0.1 5 5 0.8 396 

10 0.1 5 5 0.65 672 

 9 

In the following, the best hyper-parameters are obtained from the previous section, and the proper GBM model is 10 

built. Figure 14 shows the relative impact of variables obtained from this algorithm, i.e., Depth, WOH, RPM, and 11 

WOB are the most important variables in the ROP estimation. 12 

 13 

Figure 14: The relative importance of each predictor by Gradient Boosting model. 14 

 15 

5.6 Artificial Neural Network 16 
Before using ANN, data samples are divided into training (70%), validation (15%), and testing (15%) sets. This 17 

paper used different designs of feed forward networks with a maximum of three hidden layers and a maximum of 18 

20 neurons in each layer. In addition, the transfer function in each layer is investigated. Finally, the best model 19 

was a deep network with three layers, i.e., [9-11-1] (Figure 15) neurons and (logsig-logsig-purline) activation 20 

function in hidden layers and output layer, respectively. Moreover, the results showed that the network 21 

performance is improved by increasing the number of hidden layers. However, it should be noted that the time 22 

required to train the deep neural network is much longer than the shallow neural network.  23 
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 1 
Figure 15: schematic of ANN. 2 

Figure 16 shows the results of tuning parameters using the direct search optimization method for different network 3 

architectures. The bar plots represent the results of the feed-forward model. Each layer's optimal number of 4 

neurons is depicted as a vector above the bars. As can be seen, generally, Bayesian regularization (cyan bar) 5 

provides better results than Levenberg-Marquardt (blue bar). In contrast, BR takes longer to train a network model. 6 

Furthermore, LM requires more memory for computations. Consequently, two hidden layers feed-forward 7 

network, i.e., [9-11] units, is proposed as the optimum model of estimation.  8 

 9 

Figure 16: ANN results. 10 

The histogram of residuals is shown in figure 17. The blue bars represent training data, the green bars represent 11 

validation data, and the red bars represent testing data. The histogram can indicate outliers, which are data points 12 

where the fit is significantly worse than most data. In this case, a normal distribution could be fitted to the 13 

histogram that while most errors fall between -30 and 30. 14 

 15 



19 

 

 1 

Figure 17: ANN error histogram. 2 

6. Results and Discussion  3 
As mentioned earlier, 70% of the data are used to train the models, and the rest of the data are implemented to test 4 

or validate the model accuracy. It should be noted that the main step for the evaluation of the model performance 5 

is the testing step. In addition, all algorithms were trained and tested using the same data. Several algorithms only 6 

work well in the training step does not lead to good results in the test step, e.g., due to overfitting, etc. Therefore, 7 

in this section, the results from the test step (i.e., 30% of the data) are discussed. 8 

Figure 18 compares the accuracy of models by plotting the predicted results versus the actual data, and the 9 

correlation coefficient (R) is also calculated and shown. 10 
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 1 
Figure 18: Real vs. predicted ROP value for all models. A) MLR, B) Ridge, C) Lasso, D) DT, E), Bagging, F) Symbolic, G) 2 
GBM, H) RF. 3 

To compare the presented models' accuracy, the R, MAE, MSE, MAPE are calculated; the results are summarized 4 

in Table 5. As can be seen, RF and ANN showed the best performance and most minor errors in the test step. 5 

Table 5: Statistical comparison between models. 6 

 
MSE MAE MAPE R 

 
Train Test Train Test Train Test Train Test 

MLN 6.86 6.98 93.22 90.07 0.63 0.59 0.78 0.78 

Ridge 6.84 7.15 98.46 102.17 0.57 0.56 0.75 0.74 

Lasso 6.52 6.75 90.99 92.22 0.56 0.53 0.77 0.77 

Symbolic 5.51 5.82 75.72 80.73 0.40 0.39 0.82 0.80 

DT 4.96 5.38 47.99 55.50 0.43 0.42 0.89 0.87 

Bagging 5.04 5.34 47.91 52.99 0.45 0.43 0.89 0.87 

GBM 2.98 4.16 16.79 35.25 0.26 0.30 0.96 0.92 

RF 1.66 3.74 6.58 29.52 0.12 0.25 0.99 0.93 

ANN 2.69 3.88 17.14 29.32 0.20 0.29 0.96 0.93 

 7 
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 1 

Figure 19: Comparison of the performance of predictor models. 2 

As can be seen, Figure 19 shows and compares the testing and training accuracy of each predictor model and sorts 3 

models based on the training accuracy. ANN and RF provide better results than other methods. Thus, we proposed 4 

using it to predict ROP in other wells. To visualize the quality of the predictions, the measured ROP and predicted 5 

ROP of testing data are plotted as a function of depth, see Figure 20: 6 

 7 

 8 
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 1 

Figure 20: Predicted and measured ROP along the depth. a) Ridge, b) Lasso, c) MLR, d) Symbolic, e), DT, f) Bagging, g) 2 
GBM, h) RF, i) ANN. 3 

 4 

 5 

7. Conclusions  6 

The results demonstrate that machine learning algorithms can predict the rate of penetration (ROP) with a 7 

reasonable degree of accuracy in the absence of some time-consuming and expensive parameters. In this regard, 8 

3484 data points were used to perform ROP estimation studies. The scatter matrix plot was applied to analyze all 9 

variables. 70% of the data (i.e., 2439 data points) were selected as the training dataset, while the remaining 30% 10 

were used as the testing dataset to evaluate the performance of the models. Nine different algorithms, i.e., MLP, 11 

Ridge, Lasso, DT, Bagging, Symbolic, GBM, RF, and ANN, were developed to predict ROP. Moreover, the 12 

relative impact of variables on the estimation was investigated. It was concluded that it is essential to obtain 13 

optimum values for parameters and hyper-parameters before using the algorithms. Several statistical error 14 

measures were calculated, and results were compared to each other. It was observed that RF, and ANN algorithms 15 

outperformed the other models. The methodology used in this paper is offered to be implemented for ROP 16 

estimation purposes. 17 

 18 
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Nomenclature 29 

ANN: Artificial Neural Network 30 

BR: Baysian Regularization 31 

GBM: Gradient Boosting Machines 32 

ML: Machine Learning 33 

MLP: Multilayer Perceptron 34 



23 

 

MSE: Mechanical Specific Energy 1 

LM: Levenberg Marquardt 2 

PV: Plastic Viscosity 3 

Q: Mud flow rate 4 

RBF: Radial Basis Functions 5 

RF: Random Forests 6 

ROP: Rate of Penetration 7 

RPM: Revolutions per Minute 8 

SSP: Standpipe Pressure 9 

TOB: Torque on Bit 10 

UCS: Unconfined Compressive Strength 11 

WOH: Weight on Hook 12 

WOB: Weight on Bit 13 db: Bit diameter 14 dn: bit nozzle diameter 15 Nc: number of PDC cutters 16 Wf: bit wear function 17 Wmech: mechanical loading per cutter 18 μ: fluid viscosity 19 

 20 

Appendix A: definition of coefficients  21 

Pearson correlation coefficient 22 

r = ∑(xi − x̅)(yi − y̅)√∑(xi − x̅)2 ∑(yi − y̅)2 23 r = correlation coefficient 24 xi = variable values in x axis 25 x̅ = mean values of variable in x axis 26 yi = variable values in y axis 27 y̅ = mean values of varible in y axis 28 

Coefficient of Determination 𝐑𝟐 (Graphically) 29 R2 = 1 − SSESSyy 30 SSE:  Deviation of experimental data from predicted viscosity 31 SSE =  ∑ (μexperimental − μest)2ni−1  32 SSyy : Deviation of experimental data from mean value of viscosity that defines as follows: 33 SSyy = ∑ (μexperimental − μmean)2ni−1  34 

Mean Absolute Error (MAE) 35 MAE = ∑ |yi − xi|ni=1 n = ∑ |ei|ni=1n  36 

Mean Squared Error (MSE)  37 MSE = 1n ∑(yi − y)2n
i=1  38 yi = actual value 39 y = predicted value 40 N = number of data points 41 

Absolute Percentage Error (APE) 42 Ei = |μexp − μestμexp | 43 

Mean Absolute Percentage Error (MAPE) 44 Er = 1n ∑ Eini=1    45 
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