
Abstract
Static Young’s Modulus is a measure of reservoir rock stiffness and is best determined by experimental studies on 
cores. However, the experimental procedures are demanding with considerable cost. On the other hand, a dynamic 
Young’s modulus can easily be estimated from readily available petrophysical data. The static young’s modulus can 
easily be obtained from the dynamic counterpart by empirical relationships. This research attempts to use AI tech-
niques to predict Static Young’s modulus. Two thousand three hundred fifty data sets were collected from several 
wells in the Middle East with sandstone and limestone lithology and used to build an AI model. Each data set contains 
static Young’s Modulus as a function of the bulk density, shear wave arrival time, and compressional wave arrival 
time. An artificial neural network (ANN) model was developed to predict the static young’s modulus with high accu-
racy of R2 = 0.999 and AARE of 0.028%. The proposed model was validated with measured reservoir rock data and 
was compared with four different correlations. The results showed that the model provided the highest coefficient of 
determination (R2) and the lowest standard deviation.
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Introduction
Young's modulus and Poisson's ratio are two rock 
properties often used to estimate in situ stresses and 
wellbore stability analysis, [1,2] reservoir compaction 
survey, and prediction of optimum drilling mud pressure.
When drilling hydrocarbon wells, the static Young's 
modulus (Estatic) parameter is used to describe the in 
situ stresses of the well in addition to the mechanical 
and petro-physical properties, and the results ensure 
wellbore stability [3]. However, static measurement tests 
are notoriously difficult since they necessitate adequate 
rock core quality, which isn't always available. Instead, 
the dynamic elastic parameters, which are highly 
influenced by the pores and cracks, can be discovered 
using ultrasonic testing on well log data, which is always 
available in the oil industry [4]. 
The dynamic Young's modulus (Edynamic) is 1.5 to 3 times 
less than the Estatic. The huge disparity between the 
two testing procedures is related to a difference in strain 
amplitude, according to tests. Small strain amplitude 
oscillations are used to acquire the dynamic moduli, while 

relatively large amplitudes and slowly increasing stresses 
are used to obtain the static moduli. Additionally, there is a 
considerable change in parameter values obtained during 
the first loading and values observed during successive 
loading cycles for the static moduli [5].
Static measurements take a long time and are not cost-
effective. Due to these challenges, theoretical models 
and correlations for determining rock's mechanical 
properties directly from well logs have been created [6]. 
The difference between the Estatic and Edynamic derives from 
the energy loss caused by the reflection and refraction at 
the rock interface as the wave pulse moves through the 
rock pores [7].
The static elastic modulus of Microcline Granite can be 
derived using the dynamic elastic modulus (as seen in 
Equation 1) [8].
Estatic = (1.137 Edynamic) -9.685                                               (1)
For clay rock and wet soil, two empirical correlations 
were established to estimate Estatic using Equations 2 
and 3 [9].
Estatic = (0.033 Edynamic ) + 0.0065                                              (2)
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Estatic = (0.061 Edynamic) + 0.00285                                             (3)
King developed a correlation for calculating Estatic in igneous 
and metamorphic rocks (as seen in Equation 4). He also 
stated that the difference between modulus is readily visible 
in soft rocks (sandstone) against hard rocks (granite) in the 
Canadian shield rocks [10].
Estatic = (1.263 Edynamic) -29.5                                                      (4)
The dynamic elastic modulus (Edynamic) and formation density 
can also be used to compute Estatic (as seen in Equation 5) [11].
log (Estatic) = 0.02 + 0.77log (γEdynamic)                                         (5)
Estatic can be predicted from Edynamic using geotechnical and 
geophysical data gathered from boreholes excavated by 
the British geological survey, most of which are Jurassic in 
age. The geophysical logs were used to determine Edynamic in 
the borehole. It necessitates using the sonic log to calculate 
Vp and shear Vs wave velocity as well as the gamma log to 
determine formation density using Equation 6 [12].
Estatic = (0.69 Edynamic) + 6.4                                                           (6)
Estatic is connected to porosity. The gap between the Estatic 
and Edynamic grows with porosity increase and becomes more 
substantial for greater porosities, according to a series of 
studies performed on high permeability cores [13].
Estatic= (0.956 Edynamic) -0.69                                                            (7)
or soft and hard rocks, Wang estimated Estatic from Edynamic. 
They concluded that Young’s modulus for soft formations 
ranges from 1000,000 to 1,000,000 psi. For medium 
formation, the modulus is 2,000,000 to 10,000,000 psi, while 
the modulus reaches 12,000,000 psi for hard formation [14].
Estatic = Edynamic -15.2                                                                     (8)
Fei et al. established an empirical correlation based on tests 
done on core samples from tight sandstone reservoirs to 
predict Estatic from Edynamic [15].
Estatic = (0.546 Edynamic) -3.4941                                                    (9)
Najibi et al. derived two empirical equations to predict 
Estatic. If, Vs is unavailable, the first empirical equation 
was developed using limestone core specimens. The second 
developed correlation employs the compressional velocity 
(VP) to forecast the Estatic values [16].
Estatic = 0.014*Edynamic

1.96                                                            (10)
Estatic = 0.169*Vp

3.24                                                                 (11)
Elkatany et al. developed an equation that relies on wireline 
information and doesn’t require the knowledge of Edynamic. 
The bulk density(ρb), were used as independent variables, 
whereas compressional (VP) and shear (Vs) transit times, as 
well as Young’s modulus, was used as dependent variable. 
They also claimed that data clustering enhances Estatic 
prediction accuracy [17]. Estatic values vary significantly 
between formations, necessitating the estimation of Estatic 
along multiple parts of the drilled well [18].
lnEstatic = 14.9-0.61ln (Vp) -2.18ln (Vs) + 1.42lnρb                           (12)
lnEstatic = 14.845619-0.613326ln(VP) -2.179364ln (Vs)
+1.417512lnρb                                                                               (13)
Abdulraheem et al. improved three machine learning models 
without specifying rock formation type to calculate Estatic 
and the static Poison’s ratio. In addition, the ability of the 
generated models to estimate reservoir rock mechanical 
properties was proven [19].
Tariq et al. developed an accurate model for Estatic prediction 
using wireline logs input. Their conclusion stated that an 
artificial neural network best fits their suggested model is 

artificial neural network [20].
Rashidi et al. investigated the precision of ANN-based 
correlation between Estatic and Edynamic for limestone formation. 
The findings revealed that ANN is an effective tool for 
predicting data in situations where some parameter data have 
no relationship. It can also generate specialized lithological 
correlations to evaluate static elastic modulus data derived 
from dynamic Young’s modulus data [21].
From conventional well logs, Mahmoud et al. employed 
artificial neural networks (ANN) to estimate Estatic for 
sandstone formation. Values of compressional (VP) and shear 
(Vs) transit times, as well as bulk density(ρb) were used to 
predict Estatic [22].
Elkatany et al. built an artificial intelligence model to predict 
the Estatic using measured core data. Their results showed 
that artificial neural network (ANN) is the best artificial 
intelligence technique compared to other methods [23].
Badrouchi et al. used core samples from eight different 
drilled wells to estimate the elastic properties of the Bakken 
formation using an artificial neural network (ANN). The 
neural network was trained using bulk density (ρb) and 
compressional (VP) and shear (Vs) wave velocities. Their 
results demonstrated that ANN could better predict Estatic than 
the correlation method [24].

Estatic Prediction Methodology 
The preparation and processing of data is a critical phase in 
building any ANN-based mathematical model. The quality and 
number of data points used in the developed model determine 
its performance. As acquiring elastic parameters using triaxial 
tests on cores in the laboratory is quite expensive, well log data 
are used as input for the developed model. The wireline log 
data used are gamma ray, neutron porosity, bulk density, shear, 
and compressional wave arrival time.

Data Description and Analysis 
In this study, 2350 data sets of Young’s modulus as a 
function of the gamma-ray, neutron porosity, bulk density 
(ρb), in g/cm3, shear wave arrival time (Vs), μs/ft and 
compressional wave arrival time (Vp), μs/ft, are collected 
from various Middle Eastern wells with limestone and 
sandstone lithology. The bulk density was found to have a 
standard deviation of 0.06 and a sample variance of 0. The 
neutron porosity’s standard deviation and sample variance 
were 0.08 and 0.01, respectively. The standard deviation for 
shear and compressional wave velocity was 0.22 and 0.36, 
respectively. At the same time, the sample variance for shear 
wave velocity and compressional wave velocity were 0.05 
and 0.13, respectively. The Estatic had a standard deviation 
of 1.95 and a sample variance of 3.80. Table 1 presents a 
detailed statistical description of the data.
70% (1644 datasets) of the data were set as a training data, 
15% (353 datasets) were set as a validation data to develop 
the model and the last 15% (353 datasets) was used for testing 
the model performance which is presented in this manuscript. 
The objective is to find the best artificial intelligence model for 
predicting accurate Estatic, defined as having the highest R and the 
lowest AAPE. In addition, the artificial neural network technique 
(ANN) was used to develop new empirical correlation based on 
the best combinations of the available logs.
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Table 1 Statistical description of 2350 data points.
Parameter Mean Median Mode Minimum Maximum Range Standard Deviations Sample Variance Skewness Kurtosis
RHOB (g/cm3) 2.53 2.53 2.54 2.39 2.85 0.47 0.06 0.00 0.12 1.35
Porosity 0.30 0.296 0.30 0.06 0.46 0.40 0.08 0.01 -0.50 0.07
GR 86.53 73.85 71.26 12.09 176.75 164.67 34.99 1,224 0.79 -0.38
Vs (μs/ft) 1.81 1.75 1.74 1.38 2.93 1.55 0.22 0.05 1.41 3.20
Vp (μs/ft) 3.46 3.44 3.43 2.70 5.39 2.69 0.36 0.13 1.073 -3.20
Estatic (GPa) 6.08 5.53 5.23 3.10 20.87 17.77 1.95 3.80 2.44 9.57

Building Model Using AI Techniques
In Figure 1, it is indicated that Young’s modulus correlates 
with the bulk density (ρb), neutron porosity, gamma ray, shear 
wave arrival time (Vs) and Compressional wave arrival time 
(VP), with correlation coefficients of 0.67, -0.78, -0.60, 0.98, 
and 0.94, respectively. As a result, the parameters which have 
the highest correlation coefficient with Estatic, are chosen to 
simplify the model. These are the bulk density, compressional 
wave, and shear wave velocity.   

Fig. 1 Correlating Young’s modulus with input parameters.
The model consists of an input layer; the first layer consists 
of three neurons. The second layer, which is the hidden layer, 
includes ten neurons. Last, the output layer, the third layer, 
consist of only one neuron for the output parameter.

Table 2 Neural network model complete description.
Neural Network Parameters Description
Number of inputs 3
Number of outputs 1
Number of neurons in the hidden layer 10
Number of the hidden layer (s) 1
Training algorithm Levenberg-Marquardt
Hidden layer transfer function Logistic Sigmoid
Outer layer transfer function Pure linear
Training percentage 70
Testing percentage 15
Validation percentage 15

The weights and biases between the input, hidden layers, 
and outputs are shown in Table 3. The inputs for the hidden 
layer using ANN as the developed model are calculated using 
Equation 14 and expressed as;

N

i, j ij j ij 1
S (w ,x ) b∑

=
= +                                                                 (14)

Where xj represents the normalized ρb,Vp and Vs, respectively.
The normalized ρb, Vp and Vs can be calculated using 
Equations 15, 16, and 17 respectively;
ρb n = 4.301075ρb -11.25806                                                       (15)
VP

n = 0.743771VP -3.009669                                                     (16)
VS

n = 1.29199VS -2.784238                                                        (17)
The static Young’s modulus can be calculated by the following 
functions using Equation 18;
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Mathematical Model Development Using ANN
After several trials, it was discovered that for the training 
algorithm, a Levenberg-Marquadt technique is the best, the 
sigmoid function is used as a transfer function for the hidden 
layer, and the pure linear is used for the output function. The 
developed neural network model is described in Table 2.

Table 3 Weights between the input, hidden layers, and outputs.
Neuron # wi,j=1 wi,j=2 wi,j=3 bi whoi bho

1 1.3952 -2.5985 3.8647 -6.0262 -0.5619 -0.44077
2 -0.00875 2.7266 -2.7206 -4.4192 -3.047
3 -3.4199 1.8286 2.3013 2.5262 0.010348
4 3.3734 0.79317 2.7589 -2.8637 -0.00573
5 0.2248 0.90683 0.32589 -2.5864 6.4313
6 -0.12404 -1.4146 0.48188 -0.12676 -1.1801
7 -0.27375 0.12288 1.7617 0.12739 0.19753
8 0.8954 4.8995 -1.6576 1.8017 -0.00573
9 3.641 1.8059 0.84416 5.8678 -0.00468
10 1.0974 3.8853 -3.3913 7.015 0.1677

Results and Discussion

Validation and comparison 
Figure 2 shows the cross plots of the efficiency of the net-
work. For an ideal fit, the data points should fall around the 
line of the unit slope, where the network results are equal to 
the targets. For more validation of the proposed model, we 
used 45 unseen data sets taken from Najibi et al. As a result, 
the proposed model predicted the value of Estatic with a high 
coefficient of determination (R2) as shown in Figure 3.
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Fig. 2 Cross plots of the efficiency of the network.

Fig. 3 Model Validation using Najibi measured data.

Table 4 and Figures 4 - 7 conclude the results of 4 correlations 
analysis which have been used to conduct the comparison 
with the developed correlation. The proposed correlation 
has the highest coefficient of determination (R2) and lowest 

standard deviation according to the results. In addition, 
compared to the other correlations, the proposed model has 
the lowest ARE and AARE.

Table 4 Comparison between the proposed model and other correlations.
Correlation # Author (s) R2 SD RMSE ARE AARE
1 [?]  Eissa and Kazi (1988) 0.876 9.247 2.122 76.366 76.366
2 [?] Belikov et al. (1962) 0.877 6.71 10.333 144.410 144.410
3 [?] Najibi et al. (2015) 0.883 3.53 5.208 14.684 14.684
4 [?] Fei et al. (2016) 0.972 2.89 5.158 37.873 37.873
5 Our Correlation 0.999 0.028 2.83E-06 0.0281 0.0281
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Fig. 4 Testing published correlation 1.

Fig. 5 Testing published correlation 2.

Fig. 6 Testing published correlation 3.

Fig. 7 Testing published correlation 4.

Conclusions
An artificial neural network model was developed to calcu-
late the Estatic based on 2350 data sets of Young's modulus 
as a function of bulk density, VP, and Vs that were collected 
from different wells in the Middle East. This model was com-
pared with other published empirical correlations and AI-
based models. The proposed ANN-based model calculates 
Young's modulus with high accuracy, achieving a coefficient 
of determination of 0.999 with an absolute average relative 
error of 0.028 %. 
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Nomenclatures
bi, bias between input and hidden layers of neural network 
for ifh neuron; bho, bias between hidden and output layers 
of neural network; 
J, total number of input parameters; 
N, total number of neurons; 
R, correlation coefficient; 
R2, coefficient of determination; 
wi j, weights vector between input and hidden layers of neu-
ral network; 
whoi, Weights vector between hidden and output layers of 
neural network.
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