Journal of Oil, Gas and Petrochemical Technology 10(1): 1-24, Winter and Spring 2023

RESEARCH PAPER

Young’s Modulus Estimation Using Machine Learning Methods
and Daily Drilling Reports

Parirokh Ebrahimi®?, Ali Ranjbar?, Fatemeh Mohammadinia®?, Hojat Ghimatgar®, Abbas Hashemizadeh*

! Faculty of Petroleum, Gas and Petrochemical Engineering, Persian Gulf University, Bushehr, Iran

2 Sustainable Exploitation of Underground Resources Research Group, Persian Gulf University, Bushehr, Iran

* Department of Electrical Engineering, Faculty of Intelligent Systems Engineering and Data Science, Persian

Gulf University, Bushehr, Iran

* Department of Chemical Engineering, University of Qom, Qom, Iran

ARTICLE INFO

Article History:
Received 19 August 2022
Revised 9 January 2023
Accepted 6 February 2023

Keywords:

Daily Drilling Report
Young Modulus
Geomechanical Parameters
Support Vector Machine
Artificial Neural Network
Random Forest

LSBoost

Baysian

ABSTRACT

To avoid drilling damages, it is very important to determine the field
stress. Prediction of elastic parameters such as Poisson's ratio and Young's
modulus is of great importance in determining in-situ stress and complet-
ing geomechanical modeling. These parameters are calculated statically
through laboratory tests on drilling cores or dynamically through log data.
However, such data may not be available in the oil field data-bank. There-
fore, Daily Drilling Reports (DDR) can be introduced as a suitable alterna-
tive for predicting rock elastic modulus. In this study, for the first time, an
attempt was made to estimate the Dynamic Young’s modulus using DDR
data with the application of a variety of conventional machine learning
methods. In this regard, linear, support vector machine (SVM), artificial
neural network (ANN), Random Forest (RF) LSBoost, and Baysian have
been used. Input data to these algorithms also include depth, string rotary
speed (RPM), rate of penetration (ROP), weight on bit (WOB), density
(RHOB), porosity (@), pump pressure (PP), and tangential velocity (TV).
Each of these algorithms was then compared in terms of accuracy using
correlation coefficient (R2), mean squared error (MSE), and root mean
square error (RMSE) criteria. Finally, using conventional experimental
correlations and core data, the resulting values were converted to static
values. The results showed that using daily drilling reports, based on the
above criteria, a good estimate of the elastic parameters can be achieved.
Moreover, Baysian and LSBoost methods had slightly higher and better
accuracy than other methods.
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1. INTRODUCTION

many mechanical problems and challenges exist,

In the upstream technology of the petroleum and solving them requires understanding the

industry, especially in wellbore drilling operations, geomechanical behavior of the hydrocarbon

* Corresponding Author Email: Ali.ranjbar@pgu.ac.ir

reservoirs. In this regard, calculating the elastic
and strength parameters of the rock and also
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interpreting the in-situ stresses are of great
importance. These parameters can be effective
in preparing geomechanical models [1, 2].
Elastic parameters have a significant impact
on several aspects in the oil industry such
as wellbore stability [3-7], determination of
safe mud window [8, 9], well completion [10,
11], exploitation [12], reservoir evaluation
operations [13, 14] and field development [15].

In other words, preventing possible problems
caused by not understanding the stress in the well,
such as pipe stuck in the well, falling of the well,
and loss of the well, requires the calculation and
understanding of the stress in the well. The stress
calculation is obtained from the integration of
geomechanical parameters. The most important
geomechanical properties of the rock are Young’s
modulus (E) and Poisson ratio (v) which define
the relationship between strains and stresses that
create deformation [16]. The Poisson ratio is an
elastic geomechanical property that is the ratio
between transverse and axial strains and is defined
according to Equation 1. The Poisson’s ratio for
isotropic and elastic rocks is linearly between 0
and 1, and for most rocks is between 0 and 0.5.
Young’s modulus indicates the rock’s stiffness,
defined by the relationship between stress and
strain according to Hooke’s law (Equation 2) [17].

Etrans = VEaxial (1)
0 = Eegxial (2)

whereé€trans and€axial are represented by transverse
and axial strain, respectively. v is the Poisson
ratio, ¢ is axial stress, and E is Young’s modulus.
These elastic properties can be predicted directly
through compression tests on core plug samples
in a laboratory by applying axial load or from
petrophysical and acoustic well loggings (using bulk
density, and compressive and shear wave velocity)
[18, 19]. In the first case, the loading and unloading
speed is significantly slower than in the second one.
Therefore, the elastic parameters calculated in the
laboratory are generally defined as “static elastic”
parameters, and the elastic parameters calculated
by petrophysical logs are defined as “dynamic
elastic” parameters [20-22]. In contrast with
dynamic elastic parameters, static ones play a key
role in geomechanical studies and interpretations.
Due to the lack of a sufficient number of cores
along the well and the cost of laboratory tests,

it is not possible to continuously obtain static
geomechanical characteristics; therefore, dynamic
measurements are used in this regard. In other
words, dynamicgeomechanical data obtained from
well loggings can be calibrated with static data.
To determine the dynamic Poisson ratio (vdvne),
and dynamic Young’s modulus (Edyne)from sonic

well log data, Equations 3 and 4 are used [23].

V2 —2V2
Vayne = 5o m )
2 = V)
312 — 42
Egyne = pV2—2—> (4)
yne S sz _ VSZ

where V, and V_ are compressive and shear
wave velocities obtained from DSl (Dipole
Sonic Imager) well log. and p is density.
The relationships between dynamic and static
parameters have been studied since the early
19th century when sound waves propagation
techniques were used to describe rocks in
mining, oil, and geotechnical engineering [20,
24]. There are different methods for measuring
static values. Many researchers have used
theoretical and experimental research to provide
empirical correlations to estimate the static
properties from the dynamic ones. Table 1 shows
well-known empirical correlations presented for
the different types of rock lithology by different
researchers. However, many of these empirical
correlations have been predicted using limited
samples for a specific type of formation, and
their use in different fields will face many
uncertainties. Instead of using the mentioned
relations, core data and its correlation to
petrophysical logs can be used. As mentioned
above, this requires the availability of logging
data to calculate dynamic elastic parameters
through mathematical equations (e.g., Equations
3 and 4). However, logging is a generally costly
and time-consuming operation. In addition, for
many reasons such as indirect measurements,
limitations caused by tool specification,
environment  effects, varying resolution,
sufficient log data may not be available within
the target reservoir thickness. Therefore, mud
logging unit can be used as alternative data with
high potentials to estimate the dynamic elastic
parameters of the rock using artificial intelligence
and machine learning methods [25-29].
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Table 1. Empirical correlations for predicting the static Young’s Modulus

Author Correlation Input Data sets Lithology R?
King [30] Eg = 1.263E4yne — 29.5 Edyne 174 Igneous and Metamorphic 0.82
Najibi etal [31]  Eg = 0.014E35%, Eqynes 45 Limestone 0.87
Eg, = 0.169V3324 Ve 0.90
Eissa and Kazi Eg = 0.74E4ypn, — 0.82 Egyne 76 Sedimentary 0.96
[20]
Van Heerden Eg = aEgynE Edyne 14 Different sandstones, quartzites, 0.95
[32] norite, and magnetite
Fei et al [18] Eg = 0.564E;,, — 3.4941 Egyne 22 tight sandstones 0.724
6
Per Horsrud Eg = 0.169V3324 Vp NA Shale 0.9
[33]
Christarasetal  Eg = 3.02¢%00055Vr Edynes 8 gypsum, phonolite, basalts, granite, 0.97
[34] Eg = 1.05E4yn, — 3.16 Vo limestone, and andesite 0.99
Feng et al [35] Ese = 0.81E4yn, — 13.88 Edyne 18 sandstone and siltstone rocks 0.84

Machine learning concepts. Machine learning has
become one of the important tools in engineering
and industry. It is used in predicting, diagnosing,
and describing trends from various aspects [36-38].
Today, machine learning is often used for general
reservoir description, core, log, and drilling data
processing [39]. According to the existing studies,
the most important issues that have been analyzed
based on machine learning techniques include:
e Casing collapse risk assessment and depth

prediction [40],
¢ Models development for rock strength [41],

e Acoustic logs prediction (P wave and S wave)

[42, 43],

* Rock failure parameters prediction [44],
e Establish a relationship for bubble point

pressure [45],
¢ Rate of penetration prediction and optimization

(ROP) [46-49],

e Static elastic modules prediction [50],

* Fracture and pore pressure prediction [51],

¢ Total organic carbon prediction [47, 52-55],

e Gas saturation in organic formations prediction

[56],
¢ Formation Lithology identification [57, 58],
¢ Formations tops (anticline) prediction [57, 59],
¢ New hybrid hole cleaning model [60].

One of the most prominent studies in this
field is the use of drilling data in estimating
various important parameters. For example, a
machine learning model has been introduced by
Abdelgawad et al. [61] for determining rheological
properties based on mud density, Marsh funnel
viscosity (MFV), and solid percent. The support
vector machine model developed by Ahmed S,
A et al [62], using drilling parameters such as
weight on bit (WOB), round per minute (RPM),
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rate of penetration (ROP), mud weight (MW),
Torque (TORG) as the model input parameter and
pore pressure as the target parameter. Finally,
the developed model based on the Gaussian
Kernel function, with an accuracy of R over 0.995,
predicted the pore and fracture pressure. In 2020,
Ahmed et al [63], by using 5 machine learning
methods including functional networks (FN),
artificial neural networks (ANN), support vector
machine (SVM), radial basis function (RBF), and
fuzzy logic (FL) estimated the fracture pressure
and compared it with the empirical correlations
in this regard. Onshore drilling data include D,
HKHT, HKL, FPWPMP, ROP, SPP, TOR, WOB, RPM,
W,,» CON,,, TMP , MW _, Pp, P. These data
were used in the construction of the ANN model
with R?=0.99 and AAPE=0.094% to estimate the
pressure of fracture in this study. Among these
researches, the study by Abdelaal et al [64] can be
mentioned. The scholars used machine learning
and drilling data to estimate the pore pressure.

In 2017, datasets from three wells in Alberta,
Canada were used by Atashnezhad et al [65], to
construct an experimental model to estimate
porosity. To find the best model, a differential
evolution (DE) algorithm was applied. In this study,
the developed model of unlimited compressive
strength (UCS) obtained from gamma rays at the
bit (GR) and the model of penetration rate (ROP)
which is a function of drilling parameters such as
WOB, RPM, bit geometry, hydraulic drilling, and
rock formation were used to estimate the porosity
of the formation. Finally, a model was proposed
in which the porosity could be generated
from drilling data in addition to the UCS value.

In 2018, ROP estimation was conducted by Diaz
et al [66, 67], with ANN modeling and decision
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regression, using drilling data such as depth, pore
pressure gradient, equivalent circulating mud
density at the bottom hole, rotary speed, Reynolds
number, the fraction of the bit tooth worn away,
weight on bit by its diameter. In this way, three
different scenarios of training data were evaluated
and 5% of the future section was predicted. The
first trained scenario used cumulative data, the
second one used different amounts of data, and
the third performed square root resampling. The
results showed that the total average values of
mean percentage error for accumulated training,
fixed sizes of 300, 200, and 100 points, and data
square root resampling were 21%, 24.5%, 29.2%,
20.5%, and 15.6%, respectively. In general,
accumulative training captured the general ROP
trend with depth, but its accuracy decreased
in deeper sections. Data resampling returned
the lowest mean percentage errors. Finally, it
was concluded that cumulative data and data
resampling could be used during ROP forecasting
to assist in drilling management and well planning.

Machine Learning Application in Estimating
Elastic Modulus. As mentioned in section 1, the
use of experimental methods in the calculation of
elastic parameters has one or more shortcomings,
for example, they are valid only at a certain depth
range and only for a certain lithology. Empirical
constants are different from field to field.
Moreover, these correlations are predicted using
limited parameters whereas it is obvious that other
effective parameters like rock density, porosity,
UCS, etc. can play important roles. Therefore,
along with the increasing progress of science and
efficiency of machine learning methods and the
lack of limitations mentioned above, the machine
learning methods can be used as a suitable
alternative with appropriate estimation accuracy.
Due to the lack of sufficient core data and the
high cost of coring as well as the possibility of
unavailability of petrophysical log data, the use of
drilling data seems a good alternative. It is because
these data are always available at the lowest cost.
From a practical point of view, data such as drilling
depth, WOB, ROP, SPP, RPM, T, and Q are applicative
parameters that are obtained during drilling [68].
Therefore, these parameters can also be related
to the elastic parameters, which depend on the
behavior and properties of the reservoir rock. In
recent years, the use of drilling data to predict
some essential parameters for future safe drilling

has been developed [28, 29, 69]. To develop
models for estimating critical parameters, the use
of machine learning algorithms along with these
data sets has a significant application in various
aspects of the oil industry. Several illustrious and
related studies can be mentioned as follows.
In 2017, in a study by Asadi et al. [70], porosity,
bulk density, acoustics logs, and ROP drilling
data were used as four input parameters for the
artificial neural network, and UCS was used as the
target output of the network; 77 core samples
datasets were used to develop an artificial neural
network model; Among these, 60% of the datasets
were used for model training, 20% for validation
and the 20% remaining for testing. Finally, with the
help of a designed network, which had 3 hidden
layers and 10 neurons, a model was developed for
estimating UCS with a correlation coefficient of 1
(= 1). Many researchers have also predicted the
rock resistance parameter using machine learning
and drilling data. Relevant studies include Amani
et al. [71], Kalantari et al. [72], and Gamal et al.
In 2021, Young’s modulus was predicted by
Elkatatny [29] based on drilling data (WOB, ROP,
torque, SPP, drill pipe rotation speed, Q) with
the development of an artificial neural network
model. He trained 2054 data from well A and
tested and validated the model on 871 and 2912
data from well B and well C, respectively. The
developed ANN model with errors of 0.986, 0.981,
and 0983, for training, testing, and validation
respectively predicted . In 2021, Siddig et al
predicted the Poisson ratio with the drilling data
mentioned above and used machine learning
algorithms with an accuracy of more than 0.98
and 0.97, for ANN and adaptive neuro-fuzzy
inference system (ANFIS), respectively. [28]. In
addition, many researchers have predicted the
Poisson ratio using machine learning methods
and drilling data in recent years [69, 73]. Table 2
summarizes the recent research in this regard.
Based on the follow-up of previous studies, it
can be found that the important parameters
such as pore pressure, porosity, uniaxial strength
of reservoir rock, Poisson ratio and Young’s
modulus, and so on can be predicted using
machine learning methods. Using modern
machine learning methods saves time. A review
of previous studies showed that estimating the
elastic parameters of rock such as Static Young’s
modulus is an up-to-date topic and demands
further research to use drilling data for estimation.
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Table 2. Models developed for elastic and rock strength parameters using Al

Author Output method Inputs Data Lithology R?
geomechanical sets
parameter
Mahmoud et al Eg FNN Vs,Vp, RHOB 592 Sandstone 0.99
(74]
Al-anazi et al [75] Es ACE Vs, Vp, RHOB, Pp, 602 NA 0.99
depth, overburden
stresses,Sy,
porosity
Mahmoud et al Es ANN with an Vs,Vp, RHOB 592 Sandstone 0.99
[50] optimization
algorithm
Asadi [70] ucs ANN Bulk density, Sonic 77 sandstone 1
travel time,
Formation Porosity,
ROP
Elkatatny [29] Egyne ANN WOB, ROP, T, Q SPP, 2054 sand, shale, and 0.98
pipe rotation speed, carbonate
Siddig [28] Vayne ANN, ANFIS WOB, T, SPP, Q, ROP 2905 carbonate, sandstone, 0.99
and shale 0.98
Ahmed [69] Vs FN, WOB, T, SPP, RPM, 1775 shale, sand, and 0.89
RF ROP, Q carbonate 0.94
Gamal et al [76] ucs FN, RF based on WOB, RS, T, SPP, Q, 2333 carbonate, sandstone, 0.97
PCA ROP and shale 0.99
Siddig [77] Eg ANN, ROP, WOB, SPP, T, 2280 sandstone, shale, and 0.92
SVM Drilling fluid pumping limestone 0.89
rate, Rotary speed
RPM
Abdulraheem et al Es NN, DT (Compression 77 NA 0.73
[78] FN, wave travel time, 0.52
FL RHOB 0.52
Abdulraheem et al Vs NN, DT (Compression 77 NA 0.40
[78] FN, wave travel time), 0.34
FL RHOB 0.30
Zeeshan Tariq et Vs FN Vs Vp< Gamma-ray, 580 Carbonate 0.97
al [79] bulk density, porosity
Tariq et al [80] Vg ANN Vs, Vp 550 Carbonate 0.98
Mingming He [81] ucs DCNN thrust force, torque, More Silurian marble, 0.99
penetration rate, than 30 sandstone, limestone,

rotation speed case granite, shale, phyllite,
rock grain, gneiss,

quartzite, and slate

In this study, we attempted to estimate Dynamic
Young’s modulus using Daily Drilling Reports
(DDR) instead of logging or mud-logging unit data.
The used DDR data include depth, string rotary
speed (RPM), rate of penetration (ROP), weight
on bit (WOB), density (RHOB), porosity (®), pump
pressure (PP), and tangential velocity (TV). Since
the purpose of this study was to comprehensively
investigate this issue, most of the conventional
machine learning methods were evaluated, which
adds to the novelty of this article. In this regard,
a variety of machine learning methods including
Linear, ANN, SVM, LSBoost, Baysian, and Random
Forest (RF) were used. The following sections discuss
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the way the models are compared with each other.

Furthermore, after estimating Young’s modulus
along the well, the values of the static Young’s
modulus were calculated using core data. Next, the
results were compared with the values obtained
from  conventional experimental methods.

2. Case Study
Thestudiedwellislocatedinoneoftheoilfieldsin
the Zagros sedimentary basin in Bushehr province,
located in southwest of Iran. The Zagros basin
includes the sedimentary sequence and geological
layers of the Cambrian to the present day, which
contains the giant oil and gas reservoirs of Iran and
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the world [82]. The folded and trusted Zagros belt
is the result of the convergent movement of two
Iranian and Arabian tectonic plates that began in
the Laramie phase of the Mesozoic [83] and the
late Cretaceous [84]. This convergent movement
has caused huge faults, folds, and other geological
structures such as diapirs. The Zagros Basin
is bounded on the east and southeast by the
Minab and Zendan faults. In the west, this basin
extends from the western boundaries of Iran to
Iraq and beyond. It is bounded on the north and
northwest by the Great Zagros, and on the south
by the Persian Gulf and Saudi Arabia with gentle
or no folds. Based on underground geology and
structural geology studies, the Zagros Basin is
divided into several sub-zones (Figure 1) [85].

The studied field is located in the north and east
of Bushehr and in terms of geological divisions in
the border between coastal Fars and the folded
part of the southern Dezful embayment. Among
the important anticlines of these areas that have
been affected by the Kazerun-Qatar fault are
Giskan, Siah, Chahpir, Kaki, Khormoj, and Kuh
Namak anticlines. In this study, drilling data,
core interpretations, petrophysical logs, and a
geomechanical model of one of the wells in the
field, which is an exploration well, were analyzed.
The purpose of drilling this well was to study and
evaluate Kangan and Dalan formations in terms of
reservoirpotentials. Figure2showsthestratigraphic
sequence of the formations of the study area.

20 300 Km

The large carbonate limestones of Dalan and
Kangan are the main reservoirs in the southern
fields of Iran. Based on age studies, the age of these
formations has been reported as Late Permian and
Early Triassic, respectively. Dalann Formation is
located between the clastic formations of Faraghan
at the bottom and Kanganate carbonate at the top
[88, 89]. This formation consists of three parts, the
upper and lower parts which are carbonate, and
the middle part which is evaporative sediments.
Kangan Formation consists of carbonate sequences
(limestone, dolomitic limestone, and dolomite)
along with anhydrite interlayers. In general, the
presence of various facies and various diagenetic
processes has caused the reservoir quality in
these structures to be different in various parts.

3. Methodology

In this section, first, how data sets were prepared
are explained. Then the theory of each machine
learning method is presented. In majority of
studies, the maximum value of several different
performances is reported as the final result.
However, due to the performance of machine
learning algorithms, which are highly dependent on
the training stage, the better results in a particular
training mode are not necessarily an evidence of
proper performance. In addition, when there is not
enough data for training, it is not possible to rely on
better performance with one run of the algorithm.
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Therefore, unlike other studies, in this article
averaging was performed and reported on 20
performances. In this case, the validation of
the results is more valid. The flowchart of the
proposed algorithm in the two stages of training
and testing is shown in the figure below (Figure 3).

3.1. Data Sets and their preparation

To begin the process, daily drilling reports
related to one of the wells studied in the reservoir
formations (Kangan and lower Dalan Fm.) were
available as image files. All daily reports were
carefully reviewed and a complete set of required
data was stored in a database. The datasets used in

this study, which were measured during drilling at
the surface, were depth, ROP, WOB, RPM, RHOB,
®, pump pressure (PP), and tangential velocity
(TV). These data were used as input parameters to
estimate dynamic Young’s modulus. The dynamic
Young’s modulus is calculated via sonic well
log data according to Equation 4 mentioned in
section 1 and is given as output data to machine
learning models. The statistical analysis of the
given datasets to determine and distinguish the
statistical descriptors are presented in Table
3. Statistical analysis shows that DDR reflects
good data representation and distribution. As a
result, all drilling parameters were selected as
input data to obtain the desired range of results.

Table 3. Statistical analysis of drilling datasets

Parameters ROP (ft/hr) WOB (Klbs) PP (PSI) TV (Lit/M) RPM (Es.)
Mean 2.202 19505.95 713.571 134.452 145.143
Min 0.58064 5000 400 95 58
Max 5.714 30000 1200 300 215
Mode 1.5 25000 550 128 60
Median 2.202 20000 625 128 149
Range 5.134 25000 800 205 157
Standard Deviation 1.089 6347.608 224.786 30.781 45.307
Skewness 0.709 -0.34783 0.811 2.0711 -0.294
Kurtosis 0.258 -0.684 -0.456 8.683 -0.839

3.2. Artificial Neural Network (ANN)
ANNs are one of the most widely used machine
learning techniques. ANN is a computational
and information processing system that
mimics the behavior of biological systems
and the functional characteristics of neural
networks such as human and animal brains.
Each artificial neural network, regardless of
the implementation structure, has several
basic features that are mentioned below [90]:
e An artificial neural network contains a large
numberofprocessingelementscalled “neurons”.
o All of these processing elements have a large
number of weighted connectionsbetweenthem.

* Relationships between elements represent
the distribution of the data presented.
e A learning process is implemented
to acquire knowledge.

Figure 4 shows the simple structure of
various types of artificial neural networks.
ANN is interconnected based on a set of
artificial neurons [91, 92]. Processing units are
usually arranged in a multi-layer topology that

is configured as an input layer, one or more
hidden layers, and an output layer. Each unit
consists of four basic components: input data,
weights, a transfer function, and output values.
The input for each neuron is multiplied by the
corresponding weight (W j, W_j, W_j, W j..., W j).
The collection value is then passed to a transfer
function (for example, tan-sigmoid “TANSIG”,
log-sigmoid “LOGSIG”), which is applied to
the weight inputs of a neuron to produce the
final output [92]. Multilayer perceptron (MLP),
briefly, is the classic type of neural network.
They consist of at least three node layers: an
input, a hidden, and an output layer. The data
is first passed to the input layer, then applied
to one or more hidden layers, and finally
prospects are done in the output layer (also
called the visible layer). MLP uses a supervised
learning method called backpropagation for
training [91]. Multiple layers and its nonlinear
activation function distinguish MLP from linear
perceptron, in which case it can well separate
data that cannot be separated linearly [79].

Journal of Oil, Gas and Petrochemical Technology 2023(10): 1-24, Winter and Spring 2023

(@) |



Ebrahimi P. et al. / Young’s Modulus Estimation Using Machine Learning

Hidden layers

Figure 4. Schematic of the simple structure of the four-layer ANN network [90]

Because the MLPs are a function of the global
approximation shown in Cybenko’s theory [93, 94],
they can be used to create mathematical models
by regression analysis. MLPs are very beneficial in
their research because of their ability to solve very
complex problems randomly, which often allows
approximate solutions. MLPs were a common
solution for machine learning in the 1980s, but
then faced stiff competition from simple support
vector machines [95, 96]. In literature, many
successful applications of ANN in the petroleum
industry have been reported [49, 73, 97-99].

3.3. Least Square Boosting (LSBoost)

The Boosting method uses a combination of
groups of models (e.g., decision tree) to find

Date collection ===== P> Date analysis and processing

(Pm, ) .
— argming,, ). [ — phixii0)]

2 mmmee Y=y, — F, (x),i=1N

solutions to classification and regression problems.
The performance of the models alone is poor, while
when their predictions are combined, a strong
model with high performance (high accuracy in
classification problems and low prediction error
in regression problems) is obtained [100]. The
Boosting method focuses on reducing the bias
and improving the model fit with the data. The
Least Squares Boosting Algorithm is a regression
Boosting algorithm that uses least squares as a
cost function to fit regression sets by reducing the
mean squared error. At each step, a new learner
receives training with a difference between the
actual value and the estimated value by all the
trainees which were previously created. Figure
5 shows the steps for the LS Boost algorithm.

semeeB Selecting Inputs : {y;, X JV.L(y, F) = (v — F)2/2,M

@rnnnn

veues Initialize

Fkx) =53

gnnnn

qnnnns

Final regression
function F, (x)

Fn(x) = Frooa (%) + pmh(x; @) *= =P

X

L]
. No .
L L]

Figure 5. Steps of LSBoost algorithm
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In this figure, F (x) is the initial guess function,
F_is the incremental function, p_is the weight of
the m-th model, a_ is the division variable and h (x;
a) is the basic learner function. x and y represent
the input and output variables, respectively. [X,
Y]" represent the training data, M represents
the number of iterations, and L represents the
cost function which is defined as follows [101]:

(y — F)?

5 (5)

L(y,F) =

The proposed model is obtained by assigning
different weights to each tree to minimize the
mean squared error between the actual value
of y and the estimated value of § . Initially,
the model uses the average of all § target
values and the trees add weight regression to
minimize the mean squared error as follows:

N
) = T +9 ) waTy() @
n=1

Where J(x) represents the predicted values,
W is the weight of the nth learning tree,
T is the weak learning tree, and 9 is the
learning rate, which ranges from 0 to 1.

3.4. Baysian Network

The history of the Baysian network goes back
to the discovery of the Baysian formula discovered
by the English priest Thomas Bayes in 1763. Later
the Baysian network was first designed by Judae
Pearl in 1988 [102]. Important advantages of this
model include the management of lost values
between input data, risk analysis and uncertainty
with more accuracy than other models, providing
approximate solutions using simulation techniques
or prediction methods in cases where an exact
solution is not available, and the possibility of
combining quantitative and qualitative data. The
Baysian network includes a probabilities chart
model that indicates a set of random variables
and their independent probabilities associated
with each other. The structure of a Baysian
network is a graphical representation network
that is graphically modeled from the vague
relationships of the variables. In addition to
showing the quantity of the relationship between
the variables as a numerical distribution that
uses their common probability, it also shows the

quality of the relationship between the problem
variables. This network is a straightforward
and cyclical diagram in which nodes are the
variables of the problem. The following equation
shows the Baysian correlation [103, 104]:

P (X|C)P(C)

PG = =55 ()

Where is P(Ci) the probability of occurrence
C, P (X) is the probability of occurrence X,
P(Ci | X) is the probability of occurrence
C occurs if X occurs and P (X [ C) is a
probability of occurrence X occurs if C occurs.

Each Baysian network consists of three main
components, including a set of nodes, a set of
clauses, and a set of probabilities [102]. In general,
nodes are either parents or children. A child node
can be generated by multiple parents. Nodes that
are preceded by another node in the graph are
defined by a conditional probability distribution.
Otherwise, they are expressed with the initial
probability. The probabilities related to the lowest
part of the Baysian network are obtained through
the law of total probability, and the probabilities
related to the upper parts of the network are based
on the Baysian law. As mentioned above, Baysian
networks allow the analyst to make forward and
backward calculations. In fact, not only from the
aggregation of the status of the causal parameters
to the disabled status can be achieved, but also
in this method, by having the disabled status or
the same parameter predicted by a backward
process, it will be possible to calculate the status
of effective parameters. In other words, it can be
determined how much each parameter will affect
the final risk. Of course, it is clear that if the Baysian
network model is developed and analyzed based
on very little observational information, the error
of analysis and related predictions will increase.

3.5. Support Vector Machine (SVM)

The support vector machine was firstintroduced
by Vapnik in the 1990s. It is an efficient learning
system and one of the supervised methods which
is used for the classification and regression.
Support vector machine system uses the inductive
theorem of structural error minimization to
provide an overall optimal solution[105].
Similar to all regression problems, in the SVM
regression model the target is to determine the
relationship between input and output variables
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with an algebraic function such as f(X) plus the
allowable error value €. This relationship is a
function related to the dependent variable Y,
which itself is a function of several X variables.

FO) =WT.0(X) +b (8)

Where W' is the transpose coefficients vector
and b is the constant of the regression function
properties and also ¢ is the kernel function. In
this case, the target is to find the function f
(X). By training the SVM model, the objective
function is determined by a set of data [106]. To
determine W and b, minimizing the error function
is necessary, Equation (9), in the SVM model by
considering the limitations, Equation (10) [107].

N
1
minEWTW+CZ(e,-+£,-*) (9)

i=1

yi—WTL.oX)+b) < e+ ¢
&,=20,i=12,..N

In the above equations, W is the weight vector,

and C is the positive real constant, which determines
the penalty when a model training error occurs. @ is
a kernel function, N is the number of data,
and the two properties ¢;, ¢ are slack variables.
In this algorithm, a kernel function is used to solve
the problem of large-scale operations, and the
input vectors are plotted into a multidimensional
space. A hyperplane is then created to separate
the input vectors as much as possible. In this case,
the operation can be performed with the same
speed as the input data space. In other words,
by using the kernel function, the problem of
multidimensional and nonlinear plot is solved. The
good performance of this algorithm depends on
the good choice of parameters and kernel function.
Figure 6 shows the structure of the support vector
machine [108].The input data of the SVM model
in this study are the drilling data mentioned in the
previous sections (including depth, string rotary
speed (RPM), rate of penetration (ROP), weight
on bit (WOB), density (RHOB), porosity (D),
pump pressure (PP), tangential velocity (TV) and
the output is the Young Dynamic Modulus. This
model processes the input data by using Kernel
function. Then by connecting the output and input
data, it is ready to estimate each new input data.

Input Vector || Bupport Vectors

Kernel Function

Output

L

X f—_

X/
v
XKX
BN

W

!

FX) —

Figure 6. Support vector machine structure
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3.6. Random Forest (RF)

Random Forest is a predictor and learning
model consisting of a set of N random regression
trees and can be used to solve classification,
regression, and other problems by constructing
a large number of decision trees during training
[109]. Random Forest divides the data set into
training and testing or OOB (out of a bag) for
classification tasks. During the training phase,
Random Forest uses hundreds of sets of decision
trees, each containing thousands of decision

leaves [110-112], and for regression tasks, the
average or mean prediction of individual trees go
back [113]. This computational model proposes
a way to extend training and testing datasets by
creating tree classifiers with unlimited capacity
while increasing accuracy for both datasets.
Random Forest modifies tree decisions to
adapt to the dataset; however, Random Forest
combines many classifiers to provide solutions
for complex problems [109, 114]. Figure 7 shows
the RF regression algorithm schematically.

TRAINNING DATA
n observations , m predictors

/

\

[ Sample 1 Sample 2 ] [ Sample k ]
k Bootstrap / \ / \ / \
samples InBag 1 | [00B 1| |InBag2 | |0O0B 2 InBag k | | 00B k
(2/3) || (1/3) (2/3) (1/3) (2/3) (1/3)
k trees
[ 1 — l 0
TEST DATA
n-N samples Pred. 1 | Pred. 2 | Pred. k
m predictors - -

[Average of single trees predictions

Figure 7. RF regression algorithm [115]

4. Results and Discussion

In this study, in line with previous studies, six
machine learning approaches (namely SVM, ANN,
LS Boosting, Baysian, Linear, and RF) were used to
estimate Young’s modulus. In this section, first, the
parameters of each forecast model are set. Each
model has one or more different parameters that
the performance of each model can be affected by
changing the relevant parameters. Also, the effect
of training to test data (the ratio of 70% training
data and 30% test data) for optimized models was
evaluated to obtain the optimal value. The division
of these two sets is described in detail in section

4.2. In the following, the overall performance of
different algorithms for the set parameters is
evaluated based on three criteria: RMSE, MSE,
and correlation coefficient (R?) for 20 different
implementations with different training sets.
The implementation of regression algorithms
and performance evaluation of these algorithms
were conducted using MATLAB software on
a system with 8 GHz RAM and 2.7 GHz GPU.

4.1. Adjusting the optimal parameters of each
model
To determine the best parameters of each model
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in the algorithms, different runs were performed in
each method. In this way, each of the six machine
learning methods was evaluatedin several different
runs for a wide range of adjustment parameters
of each model. In the ANN algorithm, the number
of layers, layer sizes, activation functions, and
step size tolerance were considered as regulatory
parameters. Although the evaluated algorithms
had many regulatory parameters, the parameters
that significantly affected the performance of the
regression algorithm, were focused on. Regulatory
parameters in SVM were considered as kernel
type and optimization process, in RF as several
trees and type of prediction, and in LSBoost as

several training courses and learning rate. The
results of optimizing the SVM parameters in
Figure 8 are shown as boxplot diagrams according
to R? criterion for 20 different performances. The
length of each plot box represents the scatter
of values around the mean, and the red line
represents the mean of the values per different
runs. In the SVM algorithm, the best performance
was obtained for linear kernel and optimization
routine as SMO (Social Media Optimization). It is
also observed that by choosing the optimization
routine as ISDA (Intelligent Systems Designs
and Applications), the results are much lower.

= == —+

&0 s\‘y’ o s%ﬁo
o o o W 0“\\‘3\
& Q&““ o

Figure 8. Adjust SVM parameters

The optimization results of the RF algorithm
parameters are shown in Figure 9. Values in
Figure 9 are given for different quantities of Nt =
10, 20, ..., 100 and for two cases with / without
OOB Prediction on 20 runs. As can be seen in
most cases (except Nt = 50), the results obtained
with OOB prediction are much better. Also, for
the value of Nt = 60, the highest performance
of the RF algorithm is obtained. Therefore, the
number of trees is equal to 60 and the prediction
process of the OOB prediction type is selected.
Figure 10 shows the results of the LSBoost
algorithm for two different parameters. The
values of learning cycles vary from 10 to 100 with
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step size = 10, and the values of the learning rate
are shown in different colors for the values 0.1,
0.4, ...,and.Ascanbeseen, forlesslearnrate(Lr),
the algorithm gives better results. In addition, for
learning cycles and learn rate, 50 and 0.1better
algorithm results were obtained, respectively
(higher mean and lower standard deviation).
In the Baysian method, the lasso regression
model, which prior distributions conditioned
on g2 was used. Each regression coefficient
in this distribution is double exponential
values and they are priori and independent.
The mean of these values is zero and their
scale is g/4 . In this relation A is the lasso
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shrinkage parameter that its increase will lead Table 4 summarizes the optimized parameters
the coefficients to tend towards 0. B and g% are with the lowest prediction error and the
dependent random variables, respectively. best performance of each algorithm.

0.8

[_IWith oobPredict
[ IWithout oobPredict

0.75

0.65|

0.55}

0.45|

10 20 30 40 50 60 70 80 90 100
Number of tree

Figure 9. Plot box RF performance for different number of trees and two prediction modes with / or without OOB Prediction
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Figure 10. The correlation coefficients versus learning cycles of 20 performance in LSBoost algorithm results
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Table 4. Design parameters of optimal models for estimating E

dyne

NN
Number of layers 2
Size of layers [20 5]
Activation function Relu
Step size tolerance 10~°
SVM
Kernel Linear

Optimization routine

Iterative Single Data Algorithm

RF
Number of trees 50
Type of prediction OOB Prediction (out-of-bag
prediction)
LSBoost
learning cycles 50
Learn Rate 0.1

4.2. Adjust training data ratio

The ratio of training data used in the training phase
to the total data used in the study can greatly
affect system performance. A low training data
ratio leads to not recognizing the existing patterns
in the problem and reduces the performance of
the algorithm. Conversely, if the ratio of training
data to total data (as well as test data) is very
high, overfitting usually occurs (meaning that
the accuracy of the algorithm is very good in the
training suite and far in the test suite). Figure 11

shows the performance of various algorithms for
the ratio of training data to the total available data
set (o = 10%, 20%, ..., 90%). With the increase of
training datasets, the performance of almost all
evaluated algorithms up to 70% is always improved.
From 70% onwards, in all algorithms except the
NN algorithm, the performance of the other
algorithms either decreases or does not change
much. In the following results, the educational data
ratio is considered to be 70% and the test data ratio
is considered to be 30% of the total available data.

0.8
0.6
0.4
0.2
-0.2
04 ——Linear ||
’ —— Baysian
NN
-0.6 —SVM
RF
——LSBoost
-0.8 | | | 1 I —
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

ratio of training set (%)

Figure 11. Evaluating and determining the ratio of training and testing
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4.3. Regression Results

The results of this section are based on the
optimized parameters in Table 4 as well as the
ratio of 70% training data and 30% test data
(based on the results of Figure 11). The results are
presented for both training and test data sections
based on different evaluation criteria in Table 5.
In this table, the mean and standard deviation of
RMSE, R? and MSE values for each of the studied
algorithms are reported for 20 different runs and
two sets of training and testing separately. The
performance of the NN algorithm on the training

set is significantly better than other algorithms;
however, this performance is not very reliable
because the performance of this algorithm per test
set, is much worse than other algorithms (average
performance 0.08 for R?). According to the training
test set, the performance of the Baysian algorithm
with an average RMSE of 7.34, an average R?
of 0.76, and an average MSE of 54.15 are better
than the other algorithms evaluated. Moreover,
the standard deviation of the values obtained
from the Baysian algorithm in different runs is
the lowest value compared to other algorithms.

Table 5. Mean and standard deviation of Young’s module estimation results using Linear, Baysian, NN, SVM, RF and LSBoost algo-
rithms based on three evaluation criteria RMSE, R*2and MSE on 20 different performances

RMSE R2 MSE
Train Test Train Test Train Test

Linear 6.35+0.17 7.40+£0.61 0.79+0.02 0.75+0.05 40.34+2.20 55.1449.19

Baysian 6.35+0.17 7.34+0.57 0.79+0.02 0.76+0.05 40.41+2.20 54,15+8.54
NN 1.2613.44 20.43+5.37 1.00+0.00 0.08+0.30 12.64+47.46 444.33+232.10

SVM 6.70+0.17 7.32+0.53 0.77+0.02 0.75+0.04 44.91+2.30 53.80+8.05

RF 6.05+0.16 9.43+0.93 0.81+0.01 0.67+0.05 36.59+1.90 89.75+18.10

LSBoost 3.06+0.17 8.84+0.50 0.96+0.01 0.63+0.05 9.42+1.07 78.34+9.10

In Figure 12 to Figure 17, the results of different
algorithms in their best runs are given for two sets
of tests and training. Since the performance of the
algorithm also depends on the training and the
test set, the best run from the 20 performances
of each algorithm is selected as follows:

(11)

— 2 2
X = max (Rtest X Rtrain)

train (Linear): R=0.83934

100

QO Data

Output ~= 0.7*Target + 23

50 60 70 80 90 100
Target

That is, the run is selected as the best performer
that maximizes the result by multiplying

and . The LSBoost algorithm has the highest
performance in the test set and training set. After
the LSBoost algorithm, Baysian, Linear, and RF
algorithms have the highest performance. Based
on the previous results and the results of this
section, it can be claimed that the two algorithms
Baysianand LSBoost offer the highest performance.

test (Linear): R=0.90922
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Figure 12. Results of different algorithms for both train and test datasets in the linear network
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train (SVM): R=0.85348
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Figure 13. Results of different algorithms for both train and test datasets in the SVM network
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Figure 14. Results of different algorithms for both train and test datasets in the NN network
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Figure 15. Results of different algorithms for both train and test datasets in the LSBoost network
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Figure 16. Results of different algorithms for both train and test dataset in Baysian network
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Figure 17. Results of different algorithms for both train and test dataset in RF network

4.4. Converting Dynamic to Static Young’s
Modulus

After predicting Young’s dynamic modulus
using daily drilling reports, as a geomechanical
parameter, it needs to be calibrated with static
data obtained from core data (laboratory
results). In section 1, it was mentioned that
many experimental correlations were proposed
by researchers to predict the static Young's
modulus in Table 1. In this paper, some
mentioned experimental correlations of static
Young’s modulus including King, Eissa and Kazi,
Feng et al, Fei et al, and Christaras et al were

used to calibrate the dynamic Young’s modulus.
Comparisons obtained from the calibrated
Young’s modulus from laboratory data (Figure
18 (b)) as well as the empirical correlations are
shown in Figure 18 (b). The results show that none
of the static values obtained from the empirical
correlations collected from the literature
review were sufficiently matched with Young’s
modulus calibrated with the core data and only
the empirical correlation which is presented by
Eissa and Kazi shows a better match (indicated
by the red arrow in the diagram in figure 18(b))
which has a correlation coefficient of 0.98.
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Figure 18. (a) calibrated Young’s modulus by employing core data (b) comparison between static young’s modulus values which is
obtained from empirical correlations in previous studies with calibrated Young's modulus from core data

5. Conclusion

In this study, considering the importance of saving
time, several models of machine learning methods
were trained. Since the Young’s modulus is of great
importance in determining the field stress, this
study dealt with the estimation of the dynamic
Young’s modulus. Young’s modulus is conventionally
predicted from shear and compressive wave
velocities, which is not always available. In this
study, a new model for predicting Young’s modulus
values from daily drilling reports was developed by
applying different machine learning methods. These
methods are linear, ANN, SVM, LSBoost, Baysian,
and RF. In addition, input data to these algorithms
include depth, ROP, WOB, RPM, RHOB, @, PP, ET, and
TV. According to the presented results, the following
can be concluded from the obtained research:
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(1) Among different mentioned machine learning
algorithms, the best prediction of Young’s modulus
was achieved using Baysian and LSBoost methods.
The correlation coefficient of Baysian for the train
and test phase were 0.79 and 0.76 respectively, and
the correlation coefficient of LSBoost for the train
and test phase were 0.96 and 0.63 respectively. (2)
The optimized parameters with the lowest prediction
error used in the algorithms were presented and the
best results were reported. (3) Compared to other
methods in the estimation of Young’s modulus, daily
drilling reports are more likely to be available without
extra cost and time. Therefore, the estimation of
young’s modulus from daily drilling reports will be
very useful and beneficial. (4) By using conventional
experimental correlations and core data, the
resulting values were converted to static values.
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Nomenclature
Acronyms
Al Artificial intelligence
RF Random forest
SVM Support vector machine
FN Functional networks
RBF Radial basis function
ANN Artificial neural network
FL Fuzzy logic
ANFIS Adaptive neuro-fuzzy inference system
ACE Alternating conditional expectation
PCA Principal component analysis
DCNN Deep convolutional neural network
LSBoost Least Square Boosting
MLP Multilayer perceptron
SMO Social Media Optimization
ISDA Intelligent Systems Designs and Applications
DDR Daily drilling reports
D Depth
HKHT Hook height
HKL Hook loud
FPWPMP Flow pump
SPP Stand pipe pressure
TOR Drilling torque
Wour Mud Weight out
CONn Conductivity in
TMPin Temperature in
MWy Mud weight in
Pp Pore pressure
P Fracture pressure
PP pump pressure
RS Drill string rotating speed
Q Pump flow rate
0] Porosity
ucs Unconfined compressive strength
WOB Weight on bit
RPM String rotary speed
ROP Rate of penetration
RHOB Density
MW Mud weight
TORG Torque
TV Tangential velocity
DE Differential evolution
GR Gamma rays
DSI Dipole Sonic Imager
00B Out of bag (Test dataset)
MFV Marsh funnel viscosity
Etrans Transverse strain
Eaxial Axial strain
v Poisson ratio
Vg Static Poisson ratio
Vayne Dynamic Poisson ratio
Young's modulus
Eg Static Young’s modulus
Egyne Dynamic Young’s modulus
p Bulk density
Vs Shear wave velocity
Vp Compressive wave velocity
Fo(x) Initial guess function
E, Incremental function
Pm weight of the mth model
am Division variable
h(x; a) Basic learner function
[X;, vV Training data
xandy Input and output variables
M Number of iterations
L Cost function
F(x) Predicted values
wy, Weight of the nth learning tree
T Weak learning tree
) Learning rate
P(C) Probability of occurrence C

20

P (X) Probability of occurrence X
P(C1X) Probability of occurrence C occurs if X occurs
PX|C) Probability of occurrence X occurs if C

b Constant of the regression function properties
a Kernel function
c Positive real constant
&, & Slack variables
w weight vector
Variables
R? Coefficient of determination (correlation)
MSE Mean squared error
RMSE Root mean square error
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