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Abstract

Wellbore instability is a significant issue encountered during drilling operations. The mechanical
properties of the formation are among the many factors that affect wellbore instability. Poisson's
ratio is one of these mechanical properties and is a key factor in mechanical earth modeling
(GEM). It is extremely important to minimize risks in drilling and production operations like
sand output, collapse, tight holes, and pipe sticking. Poisson's ratio estimation contributes to
optimizing hydro-carbon recovery and making important choices for a suitable field
development plan. Poisson's ratio (v) can be estimated both statically and dynamically. Static
techniques measure the static properties in the lab, although static techniques are thought to be
the most accurate way to determine the Poisson's ratio, they are costly, time-consuming, and
unable to produce a continuous profile for Poisson's ratio. At the same time, dynamic methods
compute the dynamic properties from well logging, such as density and the velocities of the
compressional and shear waves, which are not always available. Thus, in this study, an artificial
intelligence (Al) model is developed to estimate the Poisson's ratio for carbonate formation in
the southern Iraqi oil field using available parameters during drilling. The dataset used in this
study comprises over 451 data points, which range from depth of 2228 to 2453 m for the
operations of training and testing. These data are including weight on bit (WOB), rotary speed
(RPM), mud flow rate (FLW), Torque (T), standpipe pressure (SPP), and rate of penetration
(ROP). The results indicate that new model can predict the Poisson’s ratio with a high degree of
accuracy (i.e., 93% correlation coefficients). Predicting rock Poisson's ratio from drilling data
enables the early construction of a geomechanical model and saves cost and time compared to
laboratory testing.

Keywords: Poisson's Ratio; Carbonate rock; Artificial Neural Network, Drilling data, Well
logging.

44


http://doi.org/10.52716/jprs.v11i2.496
mailto:yujieyuan@ynu.edu.cn
mailto:150070@uotechnology.edu.iq
https://creativecommons.org/licenses/by/4.0/

Journal of Petroleum Research and Studies

Open Access P P- ISSN: 2220-5381
Vol. 15, No. 2, June 2025, pp. 44-59 JERS E- ISSN: 2710-1096

gé dall &dlalaa e“ﬁﬂié Gl g3 S by oS ) g g3 Al Sty plsil) o adlal) ya8sl)
Glad) qusiag bl Jia

-

sduadAl

all ol sall (g (e 02 oS ALK (ailiadll ety jisdl illee Lggal 593,08 A0 s ) i il oo
) dale o Al (ailiadll oda (e Baal s (sl g du ety A )l pae e i
Ol ) e Uil s il Chuee 3 LA i 450 g a5 (GEM) 2,0 A8l A2l
KA NI PYSPTS TPt (QURG A POTNES. Dl JUPRYR N RSTE PV NNPIIITEL\ FU PP VS P P I
ALl Ll iy Saalipny (Sl JSS () Osml e A i Sy Auliall Jiall ki ddadl dagae
G5 yaciasi 5 A8lSa Ll W) ¢y gl 59 A ppanil A8y ISV 48, plall it ASLl) il ) a5 ¢ piitall (& pailiadl
Gohl ot cauds BN Byl Ba ge (md s Al B paiie LS £ e 5505 e s Sk B
S5 Y Sl il s dalinail) s sal) Cle jun s AESH Jia ¢ ll e (o GoSaalinall (ailadl) Ll
Jia 8 i S 0 oK1 () gl g At ol (A]) e likaa¥) olSA (Jaa gy ghad o3 Al jall o2 3 M Laila
DI e Al all o3 8 daddiusall Gl de gane Calli | jiall Ui daliall clilad) aladiuly () jed) Gosin Lol
e 050 Clibd) o2 el LIy il Clleal 1550 2453 () 2228 (Bas (e sl T Al 45] (e
) Iy ¢ (Tl e ¢ (FLW)ohl) Gaxi Jaas ¢ (RPM)Os de s « (WOB) 43l

481 (e e An 5 () saal 53 Ay i) 4 sl 3 gaill G ) i) 25 (ROP) GB1_saY) Jaxa s «(SPP)
SlSa ) Jpasall el clil) iad) il o sall g gual 53 Ay 331 iy (%93 Bl ) idlelaa (5l)
) Ll 4 e Sl S i

1. Introduction
Wellbore instability is one of the main issues engineers face when drilling and it can lead to
various drilling issues such as tight boreholes, lost circulation, pipe sticking, and bit balling [1,2].
It is common to attribute the causes of wellbore instability to mechanical effects. Changes in the
in situ stresses surrounding the wellbore or improper drilling techniques are the main causes of
mechanical failure [3,4].
To provide practical solutions for mechanically induced wellbore stability issues, it is crucial to
determine Poisson's ratio, which represents the elastic behavior of rock [5-8].
Poisson's ratio (v) is defined by the International Society for Rock Mechanics and Rock
Engineering (ISRM) as the ratio of longitudinal strain to lateral strain after a rock specimen is
subjected to a deforming force below the proportionality limit [9]. Poisson's ratio varies with
lithology and related rock characteristics like temperature, fluid saturation, bulk density,
porosity, and rock consolidation [10].
Poisson's ratio can be measured using two primary methods: dynamic and static methods.
Assessing the static Poisson's ratio (vst) requires performing destructive laboratory tests by
applying relatively high static stresses to rock samples. This static loading test yields stress and
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stain data that are used to determine important mechanical parameters, such as compressive
strength, Young's modulus, and Poisson's ratio. For a test, the Poisson's ratio equation is as
follows [11,12]:

lateral Strain 1)
Axial Strain
The value provided by Equation (1) varies with the amount of stress, and the slope of stress-

Uge = —

strain curves generally changes as stress increases.
However, the dynamic Poisson's ratio is obtained by utilizing well log data for the entire well,

such as sonic log, as follows [13]:
vp2 252
Vayn = (W) 2

Where: Vs is the shear wave speed, Vp is the compressional wave speed, and vayn iS the dynamic
Poisson’'s ratio.

The response of rocks' static Poisson's ratio to stresses can differ significantly from that inferred
from dynamic wave measurements [14]. Therefore, it is important to note that the values of the
dynamic and static elastic parameters typically vary. One of the main causes of this discrepancy
is the existence of microcracks in the rock. The dynamic and static Poisson's ratios for metallic
samples without cracks are nearly equal [15]. Moreover, dynamic loading induces elastic strains,
whereas static tests result in a portion of strains that are irrecoverable. These additional factors
contribute to the disparity between dynamic and static Poisson's ratio. Poisson's ratio is
employed in petroleum engineering in various applications. Rock core samples must be taken
from the formation for this purpose, which makes them very costly. On the other hand, any

engineering operation requires a continuous profile of Poisson's ratio. Table (1) presents Al

models that were used to construct the correlations.

Table (1): Previous Al-developed models for the Poisson's ratio

Input parameters Data points Reference
Vs, Vp, density " [16]
Vs,Vp, density.pore pressure 602 [17]
Vs, Vp, density 610 [18]
Vs, Vp, density, gammaray, porosity 580 [19]
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The majority of these models used formation porosity (&) and sonic transit time (Dt) to
determine the Poisson's ratio. However, when drilling the wellbore, such well-log data are not
always accessible because they are frequently acquired by a wireline logging technique, which is
typically carried out following wellbore drilling in order to prevent the harsh drilling
environment [20]. Importantly, drilling parameters have advantages over well logging data
including its availability and cost effective [21]. Thus, this study proposes to replace well logs
with drilling data to estimate Poisson's ratio.

Therefore, the primary goal of this study is to present a new ANN model for forecasting the

Poisson's ratio as function of drilling parameters.

1.1. Area of Study Geological Description
Regarding petroleum reserves, the Mesopotamian Basin is among the most abundant basins in
the world Figure (1) [22]. The Cretaceous carbonate layers contain a significant amount of oil
imprisoned within the basin Figure (2) [23]. The Mesopotamian Basin's carbonate sequence
can be classified into packages based on the highest flooding surfaces and regional-scale
discrepancies. Using these surfaces, the Mesopotamian Basin's early Turonian and late Albian
rocks were grouped into one megasequence [24]. At the top of this mega-sequence is the
Mishrif Formation, which is covered by the Khasib Member with an intense interaction that
indicates an early-middle Turonian discrepancy [25]. At its lowest point limit, however, the
Mishrif Formation gradually transitions into the Rumaila Formation underneath it, and in
several wells, it is difficult to distinguish between the two formations [24]. The Mishrif
Formation consists of detrital and bioclastic lime-stones and has reservoir porosity greater than
0.2 and permeability range of 0.1 to 1 Darcy and it is considered as the greatest significant oil
reserve in the Mesopotamian Basin[26]. The Mishrif Formation extends across the
Mesopotamian Basin, reaching depths of approximately 2100-2400 meters in the Basrah
District and thicknesses of 100-200 meters. However, Marly and Chalky limestones make up
the majority of the Rumaila Formation underneath Mishrif. Rumaila Formation is a
Cenomanian-aged member of the Waisa Group and serves as a significant reservoir in the

northern, central, and southern Mesopotamian Basins.
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Fig. (1): Tectonic zoning, the Late Cenomanian paleogeographic information, along with the
study area's location
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Fig. (2): Petroleum system components, sequence stratigraphic structure, lithostratigraphy,
and chronostratigraphy of Mesopotamian Basin

2. Methodology
2.1. Artificial Neural Network
Artificial neural network (ANN) aids in the identification and classification of intricate
systems that are too difficult for the human brain to understand [27-30]. We chose the ANN
model for this study because it can autonomously organize algorithms, leading to accurate
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results, in contrast to other machine learning techniques that depend on learned data for
decision-making [31]. Neural networks typically contain three distinct layer types: input,
hidden, and out-put layers. A set of weights and biases connects these layers, which are
modified as the network is optimized to control the network's prediction efficiency [32]. Only
transmitting the input data to the hidden layer is the input layer's job. Without performing any
calculations. The weighted sum of a neuron's input is subjected to a transfer function to
ascertain the neuron's output [33]. Figure (3) shows the methodology used in this study to

correlate drilling parameters with Poisson's ratio.

Gathering real drilling data
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Fig. (3): Flow chart for ANN model prediction Poisson's ratio

2.2. Data Description
An 8.5-inch section of an oil well located in the Mesopotamian Basin will be the area of this

paper's investigation. The Mishrif and Rumaila carbonate formations provided the study's data
that ranged in depth from 2228 to 2453 meters with a set of 451 data points. Drilling variables
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are regularly recorded at the surface using precise real-time sensors to monitor drilling
performance during operations used in this study weight on bit (WOB), flow rate (FLW),
speed of penetration (ROP), Torque (T), revolutions per minute (RPM), and standpipe
pressure (SPP). Poisson's ratio is obtained from well log data for the same depths of the
drilling variables measurements using Equation (2). The data was preprocessed to remove
outliers before machine learning model was created. To start, the drilling data were filtered to
eliminate clear outliers and situations in which drilling was stopped.

The degree to which the two factors are linearly related was determined using the correlation
coefficient (CC) to assess how strongly Poisson's ratio and the drilling data are related. The
range of its value is -1 to 1. When the CC-value is 1, it indicates that the relationships are
strong. However, reverse linear correlation is indicated by a CC-value of -1. On the other
hand, the CC-value of zero, on the other hand, indicates that the two study parameters are
unrelated. Figure (5) shows the relative importance of the output parameter (Poisson's ratio)
and the input parameters individually in terms of CC-value. The correlation coefficient's main
drawback is the presumption of a relationship that is linear. Additionally, if the dependent or
independent variables are scaled or modified linearly, the correlation coefficient will stay
unchanged. However, a low correlation coefficient may result from a non-linear connection
between dependent or independent variables, even though they clearly demonstrate a
relationship. Because of non-linear relation-ships, the correlation coefficient might not always
equal zero. A correlation coefficient evaluates how closely observations match a single
straight line rather than concentrating on the best-fit line. Figure (4) presents the correlation
coefficient for each drilling variable with Poisson's ratio. Figure (5) illustrates how Poisson's
ratio varies with the studied drilling variables (i.e. WOB, ROP, FLW, Torque, RPM, and
SPP). It revealed that the dataset showed good representation and data spread across a wider

range of drilling parameters.
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Fig. (4):
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Fig. (5): Variation Poisson's ratio as a function of the different investigated drilling variables
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3. Results and Discussion
In order to develop the new model for predicting Poisson's ratio and because the input (drilling
data) and output data (Poisson's ratio) have different ranges, a normalization process has been
applied to them before the new ANN model's training and testing process begins. The data is
normalized to a predefined range from its domain using the Min-Max normalization technique
[34]. This technique entails rescaling the attribute from its initial range to a new range, such as 0
to 1. The formulation of this method is as follows:

XI = (X — Xmin)
~ (Xmax — Xmin)

)

Where: Xmin is the lowest value of each parameter, Xmax is the maximum value of each
parameter, Xl is the value following normalization, and X is the original value for each data
point. The Poisson's ratio ANN model employed six input variables, including torque (T), mud
flow rate (FLW), standpipe pressure (SPP), rotary speed (RPM), weight on bit (WOB), and rate
of penetration (ROP). Following that, the dataset is split into 70% (318 data points) and 30%
(133 data points) at random for training and testing the model, respectively. A back-propagation
algorithm was employed to model the Poisson's ratio. The results indicate that the best number of
neurons for the hidden layer of the developed model is nine. The other characteristics of the
developed model are shown in Table (2).

Table (2): Poisson's ratio ANN model features

Property Poisson's ratio Model

Input 6(T,FLW,SPP,RPM,WOB,and ROP)
Output 1 (Poisson's ratio)

Hidden layer 1

Hidden layer's Neuron 9

Goal 1.0000e-07

Transfer function tansig

Train function Trainlm

Training data points 318

Testing data points 133

The results of the training process (318 data points) for the new model for Poisson's ratio
prediction are shown in Figure (6), which compares the predicted and measured Poisson's ratio.
With a correlation coefficient (R) of 0.93, the new ANN model's ability to predict the Poisson's
ratio is evident.
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Fig. (6): Poisson's ratio prediction results for the training data (318 samples)

Additionally, after training, the model is tested using 133 data points that were absent during
training. Figure (7) displays the result of the testing process. As can be seen from the correlation
coefficient value (R = 0.88), the new ANN model estimates Poisson's ratio with a high degree of

accuracy.
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Fig. (7): Poisson's ratio prediction results for the testing data (133 samples)
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The following empirical relationship for Poisson's ratio prediction is found after the final ANN
model is created, and it may be applied to any future tasks that employ identical data extend as

the present research without requiring the use of complicated ANN techniques:

9
2
PRy = wk; -1+b
N i1 J (1+e_2( W1i ROPyt W2iWOBNt W3i RPMy Y W4i Tyt WsiSPPNyT Wei FLW T bi) ) k ®)

PRn: normalized Poisson's ratio, i: hidden layer neurons, wli, w2i, w3i, w4i, w5i, and w6i:
weights between input and hidden layers for ROP, WOB, RPM, T, SPP, and FLW, respectively,
subscript, wkj: weights between hidden and output layers, bi: bias of hidden layer, and bk: bias
of output layer. Table (3) presents the weights and bias results of for the new model of Poisson's
ratio. Denormalization is applied to the output parameter in order to precisely predict Poisson's
ratio using the proposed correlation, and the resulting equation for Poisson's ratio is as follows:

Poisson’s Ratio = 0.2015076 PRy + 0.2226783 4)

Table (3) Bias and weights for the created Poisson's ratio model

Neurons Input to Hidden Layers weights (wij); i = 1 to 6 for ROP, WOB, Hidden Layer Hidden to Output
of Hidden RPM, T, SPP, and FLW, respectively Bias (b) output Layers Layer
Layer (j) ROP WOB RPM T SPP FLW weights (wkj)  Bias (bx)

1 -3.1831 -3.6714  -14.4775 0.71262  18.4092 0.078716 -6.6335 -0.0552

2 0.7156 -7.6906 -1.192 3.0659 -4.4118  -1.1162 4.363 5.8696

3 -8.3893  -20.8366  -3.9527 5.8835  16.9391  15.695 3.6619 -0.1654

4 1.0295 7.2633 2.4736 -11.527 9.1014 6.2216 6.143 -0.6764

5 -0.09732  0.038609 -0.03534  -0.0293  0.2122  0.08002 -0.69684 2.2002 1.613

6 39.9475 10.7839 7.0625 143015 -9.6226 -11.2761 45314 5.8752

7 -36.7366  -9.6556 -4.6391  -135165 9.1524  10.1623 -4.6734 5.9101

8 -245742 -4.4131 -7.3674 7.3538 -6.8711  -2.7684 -5.1736 -0.0779

9 0.79725 -7.9648 -1.115 3.1546 -45924  -1.0321 4.3883 -5.7327

Figure (8) compares the measured and predicted Poisson's ratio profiles. It is clear that the well
log-based Poisson's ratio profile of the examined oil well section closely matches the expected
Poisson's ratio profile for both training and testing processes. Taking everything into account, we
determine that the newly created model accurately predicts the PR from drilling data for the

formation under study.
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Fig. (8): Comparison of the measured and predicted Poisson's ratio profiles training and
testing processes

4. Conclusions
It is essential to comprehend the geomechanical properties to mitigate well-bore stability
issues and geomechanical modeling. One such geomechanical parameter is Poisson's ratio.
This study suggests a new method for accurately and economically estimating the passion
ratio values of downhole formations during drilling. Poisson's ratio prediction from drilling
data is a helpful technique for engineers because drilling parameters are readily available and
are an early type of information. This can help in enhancing the drilling efficiency, and

decreasing the risk during drilling new formations.
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The range of Poisson's ratio and drilling data used in this study are (0.22 to 0.42) for Poisson's
ratio, (5000 to 13025 Ib.ft) for torque, (4.56 to 20.4 kibs) for weight on bit, (1472 to 1627
L/mn) for flow rate, (56 to 62 rpm) for rotary speed, (1050 to 1264 psi) for standpipe pressure,
and (2.99 to 23.98 m/h) for rate of penetration.

The final models were created using a dataset of 451 points, which was collected from 8.5 in
an oil well section with depths from 2228 to 2453m for training and testing purposes. The new
Poisson's ratio model has a 93% correlation coefficient, which indi-cates that it can predict the
Poisson's ratio with reasonable accuracy. Thus, we conclude that when applied to a dataset
that is within the same range as the data used to train the new model, the performance of the

developed models to predict Poisson's ratio is assured.
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