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ARTICLE INFO ABSTRACT

Article history: Highly deviated and extended reach wells became a popular practice to achieve
Received 3 September 2025 maximum contact to oil and gas reservoirs and solve numerous production challenges.
Received in revised form 12 March 2026 This study presents an efficient and accurate ROP prediction method that can be
Accepted 31 March 2026 applied in highly deviated wells. To accomplish this, artificial neural network (ANN) and

Available online 11 May 2026 random forest (RF) are utilized to predict the rate of penetration in highly deviated

wells in Egyptian fields located in the Mediterranean Sea. A data set with 6000 points
of common drilling parameters are subdivided into training, validation and testing
data. These data include true vertical depth (TVD), flow in, mud weight, hole size,
weight on bit (WOB), hook load (HL), standpipe pressure (SPP), torque, rotational
speed (RPM), inclination angle and lithology. Using these data, several ANNs (using
MemBrain software and Python) and RFs are tested to help predicting ROP efficiently.
Comparing the results of different trials to the real reported ROP using the mean
square error, the RF models showed two folds improvement in errors (RF= 0.003112;
Python ANN= 0.0076287; MemBrain ANN= 0.0080767). Furthermore, RF enables
combining numerous parameters in a simple structure and coding compared to ANN
Keywords: technique. To present a real well plan, a random set of hypothetical data is generated,
and RF is applied for ROP prediction and alternatively a sensitivity analysis is
performed. Results indicated that the developed RF model provided an efficient tool
for ROP prediction at low cost that enables adjusting drilling parameters for optimum
drilling performance.
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1. Introduction

Drilling optimization is accomplished using various techniques through different phases including
planning of optimized drilling practices [1,2], well control [3], data analysis [4], predicting ROP [5,6],
and other drilling issues [7-9] to reduce borehole problems and non-productive time (NPT). Some of
these methods are qualitative while others are quantitative. Thus, optimization is based on specific
conditions determining the drilling cost per foot that is highly affected by the achieved ROP [10].
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Consequently, accurate forecasting of ROP controls optimized drilling. Numerous models have been
proposed to relate ROP to different drilling parameters such as [11, 12] (d-exponent), Bourgoyne and
Young Drilling Rate Model [13], Warren’s model [14] and its modifications.

Maurer [11] developed an equation for cutter roller bits that relates ROP to bit size, rock strength,
RPM, and WOB. The equation was based on single tooth impact with the formula presented in Eq.
(1).

ROP =

Where:

K is constant of proportionality; N is the revolutionary speed (rpm); W is weight on bit (Ibs); Wo is
the threshold weight on bit (Ibf) representing the minimum weight on bit required to start drilling; dp
is the bit diameter (inch); S is rock strength (psi); ROP is rate of penetration (ft/h).

Jorden and Shirely [12] published an analytical model for predicting ROP that involves the well-
known d-exponent shown in Eq. (2)

ROP = kW% N (2)

Where: k is the drill-ability of the formation (unitless), d is the exponent for weight on bit
(unitless).

Bourgoyne and Young [13] developed a model that relate the ROP to numerous drilling
parameters including formation strength, compaction, overbalance, mud type, solid content, rotary
speed, bit type, bit tooth wear and bit hydraulics (Equation 3). This model is proposed for predicting
ROP for a drill string with roller cone bits.

ROP=fixfoxfaxfaxfsxfexfr*fg (3)

Where:

fi = e#3%3%1 jnvolves all parameters not included the model function.

f, = e%303a2(10000-D) g the formation normal compaction function.
fs = 2303a:D°°(9p=9) s the formation compaction function.
fi =e* 303“4’3(9? Pe) is the differential pressure of bottom hole function.

K N(W-W,)
dp?s?

(1)

fs = l( b t| is the bit weight and diameter function.

fo = (5 is the rotary speed function.
f7 = e is the tooth wear function.

ag
fe = (K) is the hydraulic function.

a1 to ag are constants based on local drilling conditions; D is the TVD (ft); gpis the pore pressure
gradient (Ibm/gal); (dﬂ) is the threshold weight on bit per inch of bit diameter (Ib¢/in); h is the bit
b/t

tooth dullness.

As an alternative and approximate solution, machine learning techniques are used to capture the
well scenario. Neural network has been successfully used in various fields due to their ability to
identify complex relationships when sufficient data is available [15, 16]. Artificial neural network
(ANN) can combine different parameters to predict various situations [17, 18]. ANN can significantly
enhance the ability to predict ROP accurately even with the changes in lithology, bit type, hole size,
drilling parameters and mud properties. The flexibility of this method permits analysing an extensive
range of information and carry superior ROP prediction [19, 20]. Dashevskiy et al. [21] presented an
approach that uses neural network for modelling the dynamic behaviour of a non-linear input/output
drilling system. They suggested adding an optimizing controller to the model to provide
recommended quantified corrective actions required for optimal drilling conditions. The parameters
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that affect performance are classified into three categories including control parameters, plant
characteristics and media parameters. Bataee et al. [22] studied optimizing the drilling parameters,
predicting ROP, estimating the drilling time and reducing the cost of the drilling process using ANN.
Their study was based on data from the Shadegan oil field in Iran. The developed model included bit
size, mud weight, WOB, depth and RPM as inputs while the output was set as the ROP. The study
resulted in practical ranges and guidelines for different parameters. Monazami et al. [23] applied
ANN method using MATLAB for accurate ROP estimation for an Iranian oilfield. The input parameters
involve mud properties, drill string & BHA size, operation parameters, borehole geometry
information and formation characteristics. Similarly, Jahanbakhshi et al. [19] used ANN model to
investigate and predict ROP in an oilfield in South Iran. Offset wells drilling parameters (operation
parameters, mud properties, bit data, formation characteristics, hydraulics, and others like hole size)
are used to predict the new wells ROP and the model has proven its efficiency as a real-time tool.
Several attempts are made to determine the number of hidden layers and number of hidden neurons
in each layer (trial and error) to optimize ANN structure and alternatively achieve minimum errors.
Duan et al. [24] presented an ROP optimization method based on back propagation (BP) neural
network and particle swarm optimization (PSO) algorithm. This involves constructing a prediction
model for a target well in Yuanba, China from well logs using BP neural network, and delineating the
optimized well operating parameters through PSO algorithm. Manshad et al. [25] used multi—-layer
perception (MLP) neural networks for optimizing the drilling operation with two models to determine
the type of bit and ROP. Alternatively, the inputs of the second model were optimized by a genetic
algorithm (GA) for achieving maximum ROP. Testing these models showed has high prediction
accuracy. Elkatatny [26] evaluated the effect of the drilling parameters, drilling fluid properties and
formation strength on ROP and developed a new ANN model to estimate the ROP as a function of
drilling parameters and fluid properties using 3333 data points. The developed model was able to
predict ROP with high accuracy (R of 0.99 and AAPE of 5.6%). The high accuracy of the developed
correlation (AAPE of 4%) confirmed the importance of compiling the drilling parameters and the
drilling fluid properties.

Hegde et al. [27] used statistical learning (machine learning) methods including trees, bagging,
and random forest (RF) to predict ROP. Trees enabled a great visualization of the data but with limited
accuracy and can result in considerable overfitting. However, the results were generally adequate for
real time prediction. The limitation can be treated using bagging or RF to increase accuracy. Using
trees and RF showed advantages over ANN in computational efficiency accuracy and evaluation of
the input relative importance. Among the three techniques including trees, bagging and RF, RF
showed the least RMSE for all formations. All these works demonstrated the feasibility of using
artificial intelligence to control drilling dynamics and predict the optimum ROP. In the present study
ANN and RF are tested to develop a real time prediction model for ROP in highly deviated wells in
the Mediterranean basin using simple drilling parameters available on rig. These two methods
provide nonlinear approximation techniques that utilize various function to best fit the input data to
the target output over training and optimization runs. A comparison of the resulting models verifies
consistency and ensures noise reduction and optimum model development.

2. Methodology and Data Set
The data set used in the present study is mostly raw data available at mud logging unit in addition
to lithology and inclination. These data include TVD, flow in (volumetric rate in), mud weight, hole

size (bit size), weight on bit (WOB), hook load (HL), standpipe pressure (SPP), torque, rotational speed
(RPM), inclination and lithology. The available data is approximately 6000 data points reported in
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highly deviated sections only. These data are subdivided randomly into three categories with 70% for
training, 20 % for validation and 10 % for testing. First, a simple graphical analysis is used to identify
the dominant operating range for different controllable parameters in various borehole sizes. Then,
machine learning is applied to generate an accurate model to predict optimum ROP.

Machine learning tools, ANN and RF of various structures, are used for optimizing ROP prediction
in highly deviated wells (inclination > 60°) by comparing their results to the real reported ROP. The
numbers of hidden layers, neurons, and estimators are changed for ANN and RF, respectively. In ANN
structure, the hyper parameters to change involve the number of hidden layers, number of hidden
neurons in each layer and the teaching algorithm [28,29]. On the other hand, the number of
estimators is the only hyper parameter to change for the RFs. Numerous structures are developed
for both ANNs and RFs and meanwhile the results are compared to real data to select the optimum
prediction model. This optimum model is selected based on the calculated mean square error (MSE)
values. Figure 1 presents a sketch of the methodology applied in the present study. Two different
tools, MemBrain software [30] and Python programming language [31] are applied to construct the
ANN models while RF models are constructed using Python programming. After identifying the
optimum machine learning model and evaluating its performance using the test data, the model
would be ready for predicting ROP in highly deviated wells to help planning new wells. A random
hypothetical data set is generated using practical criteria of various alternatives for drilling
parameters available for choice. The purpose of this step is to simulate a real case where a well
designer gets an estimate to ROP for specific drilling parameters using the developed model. In
addition, a sensitivity study to several important drilling parameters is accomplished to determine
their influence on the optimum ROP.

Data Collection

Y
Machine Learning Analysis

! l

Artifical Neural Network Random Forest
A A

Verification

> ROP Prediction <

Fig. 1. A flow chart for the applied Methods
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3. Results and discussion

The available drilling data of three wells with several side tracks have been analyzed graphically
and the data range of dominant operating parameters together with the corresponding ROP are
presented for 8.5-inch and 12.25-inch holes in Tables 1 and 2, respectively. Thus, such dataset could
present a representative set of values that involve the drilling parameters for optimum ROP in
deviated wells. Several ANN and RF models of different structures are developed using these drilling
parameters. For the ANN constructed by MemBrain, several back-propagation teachers are tested,
and the results of these trials are shown in Table 3. The effect of lithology is evaluated using several
trials (Table 3). Lithology is fed to ANN either through three neurons using one binary value (i.e. Os

and 1s) for each neuron or only a single neuron with five binary digits.

Table 1
The dominant operating parameters ranges for
highly deviated section in 8.5 " holes.

Parameter Optimum range
Flow in (gpm) 425-440
WOB (mton) NA
HL (mton) 95-105
SPP (psi) 2250-2500
Torque (Ib.ft) 7600-10150
RPM 115-120

Table 2

The dominant operating ranges of drilling
parameters in highly deviated 12.25" holes.

Parameter Optimum range

Flow in (gpm) 750-830

WOB (mton) NA

HL (mton) 85-115

SPP (psi) 3100-4250

Torque (Ib.ft) 6000-10500

RPM 120-145

Table 3
The MSE values for ANNs developed using MemBrain.
Lithology Teacher Number of No. of neurons  No. of neurons MSE
hidden layers in 1% layer in 2" layer
Not applied RPROP 1 3 0.0107244
Not applied BP-momentum 1 3 0.012903
Not applied RPROP 1 4 0.01041395
Not applied RPROP 1 5 0.01538221
Start using the lithology as input parameters

3 neurons RPROP 1 3 0.01017448
3 neurons BP-momentum 1 3 0.0117187
3 neurons RPROP 1 4 0.0098912
3 neurons RPROP 1 5 0.00956825
3 neurons RPROP 1 6 0.01798139
3 neurons RPROP 1 7 0.00943913
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3 neurons RPROP 1 8 0.0080767
3 neurons RPROP 1 9 0.00897663
3 neurons RPROP 1 10 0.00921613
3 neurons RPROP 1 11 0.00813411
3 neurons RPROP 1 13 0.008471643
3 neurons RPROP 2 3 2 0.016676194
3 neurons RPROP 2 5 2 0.00876026
3 neurons RPROP 2 10 2 0.00888365
3 neurons Cascade-RPROP 0.05095855
3 neurons Cascade-BP 0.575363

1 neuron, 5 binary digits RPROP 1 3 0.00955239

1 neuron, 5 binary digits RPROP 1 4 0.0248158

Table 4 presents the lithology encoding terms used in three neurons or single neuron techniques.
The three neurons method appeared practical and showed better results compared to the single
neuron technique as indicated by the lower MSE (0.0098912 for the three neurons technique and
0.0248158 for the single neuron technique). Thus, the three neurons technique is adopted to
complete the ANN structure. The different ANNs adopted several teachers including BP with
momentum, RPROP, Cascade correlation RPROP and Cascade correlation BP (Table 3). Table 3 also
shows the number of hidden layers together with the number of neurons in the first and second
hidden layers. For the same network structure, the performance of RPROP teacher has given slightly
better results compared to BP with momentum as indicated by MSE; 0.0107244 for RPROP teacher
versus 0.012903 for BP (Table 3). Cascade correlation is used twice, one was BP and the other was
RPROP, and the results are not generally convenient compared to other teachers (Table 3).

Table 1
The Lithology encoding techniques applied in the present study

Lithology Company’sindex 1 neuron 5 binary code 3 neurons, single digit code
Sand/ Sandstone 20 00010 0-0-0

Clay 31 00100 0-1-0

Shale 28 00001 1-0-0

Siltstone 30 10000 1-1-0

Of the various ANN architectures and the different teachers, the best ANN structure with the
lowest MSE (0.00550776) comprised one hidden layer with 8 neurons trained with RPROP teacher
and the lithology is considered as an input parameter using 3 neurons. Figure 2 shows the net MSE
throughout learning and testing processes for the best reported ANN structure. The testing data is
further investigated through plotting the predicted ROP versus the corresponding actual value to
evaluate the performance of ROP prediction (Fig. 3). The optimum prediction occurs where both
predicted and actual ROP values are identical and such a case is presented with the dotted line in Fig.
3 and the deviation of this trend indicates the miss-prediction.

To validate the performance of the techniques applied for constructing ANN models and at the
same time search for a better ANN model to predict ROP in highly deviated wells, new ANN models
are constructed using Python programming language using the same data set. Table 5 presents the
resulting MSE obtained from Python for each ANN structure using training and validation data for
some of the network structures. Since back-propagation algorithm showed the best performance in
MemBrain trials, it has been used in training the networks developed by Python. In addition, the
lithology is fed into the neural networks through three neurons as previously described in MemBrain
models. Of these numerous trials, the best achieved MSE (0.004856) is reported for the network
made of a single hidden layer with 18 neurons. The other ANN structures developed using Python
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varied in the calculated MSE between 0.004976 and 0.01162. Once the optimum structure ANN is
determined, the eighteen-neuron single layer ANN is tested using 600 data points. Generally, the
MSE for this network for the test data reported 0.0076287 that indicated a slight improvement
compared to the optimum model developed by MemBrain, 0.0080767. This slight enhancement in
MSE of the test data is probably because of cross validation and/or the capability of the model used
to represent the available data set.

Net Error Graph
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Fig.2. The Net Error calculated for the training and
validation data
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Fig. 3. A cross plot of the predicted ROP using MemBrain versus the
corresponding actual value
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Table 5
The MSE values for a sample ANNs developed using Python.
Number of hidden No of neurons in No of neurons in

layers the 1st layer the 2nd layer MSE

1 1 0.006897
1 2 0.01126
1 3 0.009227
1 4 0.007336
1 5 0.010402
1 6 0.008521
1 7 0.00968
1 8 0.009326
1 9 0.007068
1 10 0.006892
1 11 0.00732
1 12 0.005533
1 13 0.005887
1 14 0.007103
1 15 0.005902
1 16 0.00568
1 17 0.005325
1 18 0.004856
1 19 0.005568
1 20 0.004921
2 1 1 0.007395

Random forest is applied to the same data sets to predict ROP in deviated wells to compare its
results to the results obtained by ANN techniques and confirm the validity of prediction. As random
forest learns the available data set, prediction performance is evaluated using MSE. These calculated
MSEs are plotted against the corresponding value of estimators (trees) (Fig. 4). The MSE starts to
stabilize around 0.003 after using 10 estimators that appears match-able to the reported average
value (0.00316). In addition, the minimum MSE is calculated for 30 estimators with a calculated value
of 0.002772708 reported for training and validation data. When the testing data set is used, it results
in a MSE of 0.003112. Figure 5 shows the predicted ROP using the selected RF from python vs the
actual ROP for the test data. As shown in Fig. 5, the predicted ROP is windowed around that line
which shows small differences between the predicted and the actual values than ANN (Fig. 3)
indicating better data match and successful predictions. On comparing the performance of the
different prediction methods using MSE as an indicator (RF= 0.003112; Python ANN= 0.0076287;
MemBrain ANN= 0.0080767); RF shows two folds improvement in the calculated MSE for the
difference between predicted and actual ROP data. In addition, RF has the advantage of being simple
in structure and coding that enables incorporating several variables without the complications
associating ANN design. The code of the optimum RF and ANNs models that achieved the best RME
using Python is available in Appendix 1.

132



Semarak Engineering Journal
Volume 14, Issue 1 (2026) 125-138

0.0055
0.005
0.0045
w
(%]
= 0.004
0.0035
0.003
0.0025
0 10 20 30 40 50 60 70 80 90 100
Iteration
Fig. 4. The MSE for various RFs developed using Python
60 -
-~
-"
°
50 ‘ ) )
'y e
."
40
<
S~
£ .
[a
e
° 20 °
o °
2
o
o
20
10
0
0 10 20 30 40 50 60

Actual ROP; m/h

Fig. 5. A cross plot to the predicted ROP from optimum RF model versus actual ROP

133



Semarak Engineering Journal
Volume 14, Issue 1 (2026) 125-138

Generally, the data points of ROP below 30 m/h typically deviates + 3 m/h away of the true value
but as the ROP increases the prediction error increases to report up to 10 m/h for ROP of 50 m/h.
Such an increase in prediction errors with the ROP increase is typically related to the nature of
training data as most ROP values are usually below the 25 m/h. The typical ROP rarely increases above
40 m/h. Such results indicate that the developed models can be used to predict ROP in highly
deviated wells with an acceptable accuracy that in most cases fall close to 90%.

For designing a well program, there are unlimited number of drilling parameters to be assigned.
Therefore, simplified constraints have been assigned to enable ROP calculations swiftly within
practical and achievable ranges of drilling parameters. Using these synthetic data as input
parameters to the verified and tested RF model and based on the different combinations, various
ROP is calculated. Table 6 lists sample values for both input variable drilling parameters and the
resulting ROP for each drilling parameters combination in sandstone and shale, considering layer-
cake formation architecture. Generally, the comparison between sand and shale ROPs shows strong
correlation and such correlation is best achieved at lower and middle ROP values (up to 20 m/h) with
minimal difference that is usually less than 1 m/h. However, as the ROP goes above 30 m/h, a marked
deviation between ROP shale and ROP sandstone is depicted and the difference is usually over 5 m/h
with ROP in shale dominantly higher than that ROP calculated for sandstone. In all cases the
correlation between ROP shale and ROP sandstone is within Pearson correlation coefficient of almost
0.9. Considering the high ROP category with the dominant depth around 2700 m, the shift in this
category can be interpreted by presence of shale in more data points of greater depth in the training
data. The sensitivity analyses for both depth and lithology showed that both depth and lithology has
minor effect on ROP in the available data ranges. However, WOB and SPP showed significant effect
on ROP prediction while torque and RPM had moderate effect. Sandstone reported higher ROP
compared shale under the same drilling conditions that match real drilling conditions indicating
successful model performance. Generally, the data points follow the normal trend of inverse
relationship between ROP and depth. The shift from this general trend shown at shallow depth (Table
6) is probably attributed to lack of training data at these depths. Despite the successful performance
using the present input data, ROP prediction can be enhanced by including other parameters such as
bit type, BHA type and size, bit wear, and hydraulics

Table 6
The predicted ROP values with the corresponding variable parameters
values for 8.5-inch hole.

TVD WOB SPP Torque RPM Inclination ROPss ROPsh
2700 25 3510 8487 140 69 54.25212  46.50094
2700 19 2300 10724 59 73 32.68512 42.84704
2700 21 2560 15160 130 62 25.1173 26.9659
1700 8 1557 14414 142 68 20.19622 19.88627
1700 5 2812 12915 105 71 14.5773 16.66881
2000 21 2560 15160 130 62 13.57457 14.43699
2000 25 3510 8487 140 69 6.629988 6.312067
1700 1 1450 6135 50 58 5.945333  5.456757

4. Conclusions

In the present study different artificial intelligence tools and trials have been applied to predict
the rate of penetration in highly deviated wells in the Mediterranean basin. Both Artificial Neural
Network and Random Forest are proved to be efficient tools for ROP predication from surface
available data at high accuracy and low cost. In a general sense, a simple model is always

134



Semarak Engineering Journal
Volume 14, Issue 1 (2026) 125-138

recommended for ANN and RF structures before considering complicated ones. Random Forest
provided the best result for the available data set and proved capable of overcoming some of the
limitations in ANN techniques such as complexity of the training process and the volume of the data
needed. Generally, the thirty-tree RF model shows high accuracy when 5 < ROP <30 m/h due to the
availability of numerous data points in this range. The applicability of ML models proved to be
sensitive to the dynamic range of the teaching data compared to the teaching technique. In addition,
ROP prediction can be enhanced by including other parameters such as bit type, BHA type and size,
bit wear, and hydraulics. Furthermore, extending the data base (intensity & range) from additional
wells at the same basin would significantly improve the prediction quality.
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Appendix 1:
The code developed for testing the optimum ANN and RF models using python.

from sklearn.model_selection import cross_val_predict
from sklearn.tree import export_graphviz

from sklearn.model_selection import cross_val_score
import csv

from sklearn.externals import joblib

from time import time

from sklearn import metrics

from sklearn import preprocessing

from sklearn.neural_network import MLPRegressor
from sklearn.ensemble import RandomForestRegressor

def ReadTData(dir):
with open(dir) as tsvfile:
tsvreader = csv.reader(tsvfile, delimiter="\t")
allData=[]
counter=0
for line in tsvreader:
allData.append([float(i) for i in line[0:len(line)]])

Inputs=[]

Outputs=[]

for row in allData:
x=row[0:len(row)-1]
yy=row(len(row)-1]
Inputs.append(x)
Outputs.append(yy)

return Inputs,Outputs

Traininglnputs,TrainingLables=ReadTData("D:\\masters\\Thesis\\Data\\\work\Python\\data\\train.txt")
TestInputs, TestLables=ReadTData("D:\\masters\\Thesis\\Data\\work\\Python\\data\\validation.txt")

min_max_scaler = preprocessing.MinMaxScaler()
minmaxTraininglnputs = min_max_scaler.fit_transform(Traininglnputs)
minmaxTestlnputs = min_max_scaler.transform(TestInputs)

min_max_scaler = preprocessing.MinMaxScaler()
traininglablesBeforeNorm= TraininglLables

TraininglLables = min_max_scaler.fit_transform(TrainingLables)
TestLables = min_max_scaler.transform(TestLables)

#clf = MLPRegressor(hidden_layer_sizes=(18),activation="relu’)

clf =RandomForestRegressor(n_estimators=30)

scores = cross_val_score(clf, minmaxTraininglnputs, TrainingLables, scoring="mean_squared_error',cv=10)
print("Accuracy: %0.5f (+/- %0.5f)" % (scores.mean(), scores.std() * 2))

print scores

pred = cross_val_predict(clf, minmaxTraininglnputs, TrainingLables, scoring="mean_squared_error',cv=10)
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testbeforeNorm=TestLables
predBeforeNorm=pred
pred = min_max_scaler.transform(pred)

f=open('D:\\masters\\Thesis\\Data\\work\\Python\\data\\Results.txt',"w"

i=0

for prediction in predBeforeNorm:
f.write(str(traininglablesBeforeNorm [i])+'\t'+str(prediction))
f.write('\n")
i+=1
f.flush()

f.close()
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