2 M processes

Article

Neural Network Model for Permeability Prediction from
Reservoir Well Logs

Reda Abdel Azim 1-*

check for
updates

Citation: Abdel Azim, R.; Aljehani, A.
Neural Network Model for
Permeability Prediction from
Reservoir Well Logs. Processes 2022,
10, 2587. https://doi.org/10.3390/
pr10122587

Academic Editors: Qingbang Meng
and Albert Ratner

Received: 10 November 2022
Accepted: 2 December 2022
Published: 4 December 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Abdulrahman Aljehani 2

Petroleum Engineering Department, American University of Kurdistan, Sumel 42003, Iraq
2 Faculty of Earth Sciencs, King Abdulaziz University, Jeddah 21589, Saudi Arabia
*  Correspondence: reda.abdulrasoul@auk.edu.krd

Abstract: The estimation of the formation permeability is considered a vital process in assessing
reservoir deliverability. The prediction of such a rock property with the use of the minimum number
of inputs is mandatory. In general, porosity and permeability are independent rock petrophysical
properties. Despite these observations, theoretical relationships have been proposed, such as that
by the Kozeny—Carmen theory. This theory, however, treats a highly complex porous medium in a
very simple manner. Hence, this study proposes a comprehensive ANN model based on the back
propagation learning algorithm using the FORTRAN language to predict the formation permeability
from available well logs. The proposed ANN model uses a weight visualization curve technique
to optimize the number of hidden neurons and layers. Approximately 500 core data points were
collected to generate the model. These data, including gamma ray, sonic travel time, and bulk density,
were collected from numerous wells drilled in the Western Desert and Gulf areas of Egypt. The results
show that in order to predict the permeability accurately, the data set must be divided into 60% for
training, 20% for testing, and 20% for validation with 25 neurons. The results yielded a correlation
coefficient (R2) of 98% for the training and 96.5% for the testing, with an average absolute percent
relative error (AAPRE) of 2.4%. To validate the ANN model, two published correlations (i.e., the dual
water and Timur’s models) for calculating permeability were used to achieve the target. In addition,
the results show that the ANN model had the lowest mean square error (MSE) of 0.035 and AAPRE of
0.024, while the dual water model yielded the highest MSE of 0.84 and APPRE of 0.645 compared to
the core data. These results indicate that the proposed ANN model is robust and has strong capability
of predicting the rock permeability using the minimum number of wireline log data.

Keywords: neural network; permeability; weight curves; dual water; well logging; machine learning

1. Introduction

The reservoir characterization process plays an important role in assessing the eco-
nomic success of reservoir development. Reservoir characterization is a complex process
since most reservoirs are heterogeneous due to the depositional environment and nature of
rock. Porosity and permeability are key parameters to assess volume and flow behavior in
reservoirs. Despite their importance, permeability (in particular) is difficult to estimate from
well logs because of its dynamic nature, which led researchers to propose several methods
to estimate permeability. Chehrazi et al. (2012) [1] proposed a comprehensive study for
permeability prediction using theoretical and soft computing models. In the theoretical
model, porosity and initial water saturation are used as inputs. The main drawback of the
presented model is the difficulty in obtaining the permeability from laboratory-measured
core data.

Well log interpretations are widely used to estimate porosity and permeability values
at various depths due to its minimum cost compared to the coring process. In addition, well
log data provide a solution to the lack of continuity information from core samples [2,3].
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Lucia et al. (2013) [4] showed that petrophysical heterogeneity is commonly found in
carbonate reservoirs, and it is demonstrated by the wide variation in porosity—permeability
cross plots of core analysis data. Research has shown that basic rock fabrics control
petrophysical heterogeneity; within rock-fabric facies, porosity and permeability have little
spatial correlation and are widely variable at the scale of inches and feet. Petrophysical rock
typing (PRT) and permeability prediction are of great significance for various disciplines
of the oil and gas industry. One of the most important usages of rock typing is predicting
unknown reservoir properties, specifically permeability in un-cored intervals. Coring from
several wells is often unavoidable and an essential task to obtain basic data on the field.
However, coring in all wells of large-scale fields or from all zones of interest in a single well
poses a substantial financial burden. Permeability can also be calculated using empirical
relationship between core-measured porosity and permeability [5,6].

Hasanusi et al. (2012) [7] presented an effective technique for carbonate reservoir char-
acterization using hybrid seismic rock physics, statistics, and an artificial neural network.
This methodology integrates various data sets to produce the coherence correlation among
input data and their target. The data set consisted of core (i.e., lithology, lithofacies, fracture
intensity, fracture width, and porosity), well log (gamma ray, density, water saturation,
porosities, sensitivities, etc.), multi-attribute seismic (either pre-stack or post-stack) of dif-
ferent vintages of 2D seismic lines, and seismic rock physics. The whole array of input data
was trained together using natural workflow which is also combined with statistic and
artificial neural network.

The available numerical equations for permeability estimation are unreliable and
strongly dependent on core analyses, which are costly and time consuming. In addition,
wire-line-collected information has critical issues, including missing data during the log-
ging process due to excessive temperature, pressure, and operator errors that limit the
operation [8,9]. Therefore, the need to seek alternative ways to predict porosity and per-
meability is highly recommended. This study presents a novel technique that integrates
core and well log various data to generate a suitable artificial neural network model that
can overcome the abovementioned concerns. The artificial neural network (ANN) tech-
nique is one of the latest techniques available to the petroleum industry for porosity and
permeability prediction [10-13]. The presented literature review shows that numerous
models have been developed to estimate rock permeability. These models suffer from
numerous shortcomings, including a poor ability to precisely predict the permeability in
Egyptian oil fields. Therefore, the purpose of this study is to present a new model by using
an ANN with the back propagation algorithm using FORTRAN language to propose a
new correlation for accurately estimating rock permeability of different oil fields located
in Egypt and, consequently, predicting precisely other reservoir properties in the case of
missing core and wireline data.

In order to fulfill this purpose, more than 500 core and well logs points were collected
from Egyptian oil fields. The data are used to develop the ANN model in the direction
of predicting the formation permeability. The proposed novel correlation incorporates
parameters including gamma ray, porosity, and travel sonic time. In addition, a new
convergence structure is presented to accelerate the performance of the proposed ANN
model. Furthermore, in this study, the weight visualization curves (WV-curves) technique
was used in optimizing the network architecture.

2. ANN Application for Porosity—Permeability Prediction

Malki et al. (1996) [14] used a self-organizing algorithm to classify well logs for lithol-
ogy prediction to predict porosity and grain density. Smith et al. (1999) [15] proposed a
neural network algorithm for porosity, permeability, and grain density predictions. The
authors used gamma ray, neutron porosity, and sonic travel time as inputs. The predicted
petrophysical properties were compared to the collected core data, and the errors were eval-
uated based on certain tolerance. Osborne (1992) [16] used a back propagation neural net
to predict permeability by using porosity and reservoir flow units as input data. The input
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data was divided using approximately 10% for training and 10% for testing process. The
model robustness is not valid as the model is developed from the same training data. Os-
borne concluded that the predicted permeability from neural net model provided superior
values to those from regression model. Zhou and Wu (1993) [17] presented a comprehensive
study for porosity prediction from well logs using regression and neural nets techniques.
The study concluded that the neural nets produced the best results. Jian et al. (1995) [18]
presented a case study for porosity—permeability prediction by comparing genetic and
nongenetic approaches. Other studies used various machine learning techniques to predict
porosity and permeability values at different depths [19-24].

Khayer et al. (2022) [25] proposed an efficient method for image segmentation using
logistic function method for seismic attributes estimation. The ANN model was used
in identifying a complex relationship between rock properties and wireline information.
Rezaee et al. (2012), Wang et al. (2013), and Anifowose et al. (2013) [26-28] proposed an
ANN model based on the back propagation algorithm for porosity prediction using genetic
and nongenetic approaches. The models used several inputs in designing a suitable ANN
model for their predictions.

It is worth noting that a multiple regression technique (MLR) was performed by
Wendst et al. [29] to predict permeability from well logs. Wendt et al. (1986) [29] concluded
that using the MLR technique as a predictive model resulted in a poor data distribution
and a narrower than the original data set. Rogers et al. (1995) [30] mentioned the same
conclusion regarding permeability prediction from the regression technique compared to
neural networks. In addition, Rogers et al. (1995) [30] showed that neural networks do not
direct the prediction to the mean and the extreme values outside the range of the training
data. In addition, the main advantage of neural network techniques over multiple linear
regression (MLR) is that they reproduce a minor nonlinearity embedded in the common
log to porosity and permeability transforms.

Another algorithm used in the prediction of various well logs is the convolutional
neural network (CNN) [31]. The main disadvantage of a CNN is the large number of
training data needed for the CNN to be effective. In addition, CNNs tend to be a much
slower than ANN models. Overfitting, exploding gradient, and class imbalance are the
major challenges while training the model using CNN technique. Zhang et al. (2018) [32]
proposed a cascaded long short-term memory (C-LSTM) based on the LSTM technique.
The study by Zhang et al. (2018) [32] concluded that, although LSTM-based models can
generate well logs, the technique has a poor prediction accuracy, as the LSTM technique
does not perform well on small training data sets. Chen et al. (2019) [33] proposed an
ensemble neural network (ENN) to address this issue, which offers advantages in small
data problems, but it is not suitable for handling sequential data.

The main drawback of the backpropagation algorithm used in this study is the con-
vergence or the local minima problem and a slow performance [34,35]. Nevertheless, this
study proposed a new convergence technique to speed up the performance of the network
by adding an acceleration factor (see Section 3.1).

3. Artificial Neural Network

One machine learning algorithm is the artificial neural network (ANN), which mimics
the human central nervous system [36]. An ANN consists of organized layers containing
single units and artificial neurons that are connected through weight functions [37,38].
There are different types of neural networks, and they can be differentiated depending on
the neurons transfer functions, learning rules, and connected formula.

A complex computational framework is performed in ANNSs to predict the output
responses. Furthermore, an ANN uses massive parallel connections between a nonlinear
parameterized and bounded function, which are referred to as neurons [39,40]. The neurons
are designed in a way that defines the network architecture using multilayer perception
(MLP), where neurons are assembled in continuous layers. Using MLP, neurons in each
layer share the same inputs without intersecting with each other.
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Although the number of hidden layers and neurons in each layer is arbitrary [41], an
increasing number of neurons can cause overfitting. On the contrary, decreasing number of
neurons may result in a poor network performance. Perhaps the main advantage of using
an ANN over other methods is that it can process a larger number of data sets [42]. Figure 1
shows a typical ANN structure consisting of an input layer, hidden layer, bias unit, and
output layer.

Bias Unit

Input 1

he

Input 2
Bias Unit

Input 3

Input Hidden
Layer Layer

Figure 1. Schematic showing the ANN structure used in this study for one hidden layer.

The output function, fy), in Figure 1 is calculated as:

o = 5t =5 (0 Y +03a? + 0ef? + ) 8

where (g) is the sigmoid function and can be calculated as:

86 =+ L @)

14e72)
The activation function for each neuron is vectorized in a matrix of Z as:

723 = o1+ ol + 0 + 01
23 =01+ oV + 0 h + 001 3)
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The size of the neural network (number of hidden layers and number of neurons)
determines the degree of complexity in the ANN. However, Soroush et al. (2015) [43] argue
that an ANN should be designed with a sufficient level of complexity to avoid data being
over fitted.

The neuron network is trained using an algorithm to minimize the error between the
network output values and the target values. This was achieved by an iterative process to
find the optimum values of the weights and biases. There are many algorithms presented
in literature to train the network, and the most well-known training algorithm is the
Levenberg-Marquardt (LM).

3.1. Back Propagation Algorithm

This study used a back propagation algorithm (BP) for the developed ANN model
and the gradient of the error function. The term back propagation is used to describe the
multilayer perception of the ANN architecture [44]. The error function of a specific input
pattern set can be defined as:

MSE — \/Zﬁﬂ Y12 (xp — yp) @)

ny.mp
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where MSE is the mean square error, n1; and n, are number of training outputs and neurons,
respectively; x, and y, are the target and estimated outputs, respectively.

The backpropagation algorithm has numerous limitations, including a slow conver-
gence, inability to handle multiple objectives, and a high probability of being trapped
in the local minima during a training process [45]. Therefore, this study presents a new
convergence technique to speed up the network by adding an acceleration factor, as follows:

w(t+1) = w(t) + BlAw(t)] + afw(t — 1)] (5)

where « is the energy constant; w is the weight; ¢ is the increment by 1 for each epoch; and
B is the learning constant. This constant is used to effectively increase step size to reduce
abrupt gradient changes. The learning and momentum constants are set in a range of 0 to 1.

4. Methodology
4.1. Collected Data Analysis

Approximately 500 core data points were used and collected from various fields in
Egypt to design and develop the ANN model. The data contained three inputs, including
sonic travel time (DT), gamma ray (GR), and bulk density (RHOB). The input parameters
are used in the training process, while the output is permeability. The data set is normalized
in a range of 0 to 1, and the statistical analysis for the collected data is presented in Table 1.

Table 1. Statistical analysis of input and output data.

Sonic Travel Bulk Densit Permeabilit Porosit
Parameter Time (DT) (us/f) ~ ORN (g/co) ! (md) ’ @) '
Minimum 43.302 18.188 2618 0.1251 0
Maximum 63.641 66.151 2.933 24.491 0.143
Standard deviation 75.10102 223.6315 1.5488 116582 0.633
Skewness 1.217074 0.376381 —0.087 1.4221 1.620
Mean 48.5665 36.4085 2.801 1.9400 0.0168

4.2. Analyzing the Collected Data
Distribution of the Inputs

The data set was divided into 60% for training and 20% for testing. The BP algorithm
was used to minimize the resulting error between the actual and target outputs with the
log sigmoid function. The BP learning algorithm provides an exceptional result with
an R2 of 0.9806 and MSE of 0.024 compared to other algorithms, including a gradient
descent (GD) and a stochastic gradient descent (SGD), which produced an MSE of 0.25
and 0.39, respectively. Stochastic gradient descent (SGD) introduces the momentum for
the weight update technique. Figure 2 presents a comprehensive flow chart for the ANN
model used in this study. The ANN model parameters including several hidden layers;
the neurons and training/testing ratio were optimized to increase the robustness of the
developed model. It can be seen from Figure 2 that during the network training process, the
overall error was reduced during the training process using the updated connection weight.
This weight updating process was performed two ways: epoch updating and stochastic
updating. In the epoch updating, all weight changes were added for the input patterns
before completing the updating process. The main advantage of the epoch updating process
is ensuring the stability and reliability of the learning algorithm. In addition, no problems
were encountered during the network convergence. Table 2 summarizes the optimized
parameters used in this study.
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Figure 2. Flow chart showing the ANN model process.
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Table 2. ANN optimized parameters (OPs).

Parameter Tested or
Neurons numbers 5-30 25
Hidden layers 1-3 1
Algorithm function tansig/logsig logsig
Learning rate 0.001-0.8 0.08

Further, an analysis process was performed to assess the dependency of the outputs
(i.e., permeability and porosity) to the inputs of sonic time (DT), bulk density (RHOB), and
gamma ray (GR) using a correlation coefficient (CC). Figure 3 shows that the permeability
and porosity values were intensely dependent on the DT, GR, and RHOB with CC of 0.262,
—0.385, and —0.319 for porosity and CC of 0.806, —0.316, and —0.133 for permeability,
respectively. An average correlation coefficient (avr-CC) was calculated using the absolute
values of CC for DT, GR, and RHOB. Figure 3 also shows that permeability had a higher

avr-CC with the input parameter of 0.4.
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Figure 3. Correlation coefficient for inputs and outputs.

4.3. Optimizing the ANN Model Parameters

One of the main challenges during the learning of a neural net is to find the optimum
network parameters, including the choice of input variables, initial weights, and the
number of hidden layers. Choosing the number of inputs is a straightforward process,
while optimizing the number of hidden layers requires the use of nonlinear inputs to avoid
using more than one hidden layer in some cases. The size of the hidden layer and the
training epochs require the training of the network to obtain the maximum performance
of the unseen data. Therefore, in this study, the weight visualization curve technique was
used to select the number of the input and hidden neurons. The weight values were used to
calculate the average contribution of a neuron in a layer to a neuron in the next layer [46].

i
Pij = ——— -100% (6)
X[Wi
where Pj; is the average contribution of neuron i in a layer to neuron j in the next layer; W
is the weight between connections.

The weight visualization curves (WV-curves) technique was used to select a proper
input patterns for the training process to save computational time. The use of the weight
visualization curves technique has not been discussed before; therefore, in this study, the
performance of the WV technique was modified to optimize the network architecture
parameters, including the selection of the number of input and hidden neurons. In this
study, the WV-technique uses the nonlinear inputs to choose the optimum parakeets based
on the learning behavior of different network configurations.

Using the equation below to measure the average contribution of an input variable to
the hidden layer as:

_ Wy
Zzlzo Z;'il |Wij |

where A is the average contribution of the input variable i; n! and n? are the number of
neurons in the input layer and the hidden layer, respectively.

In Figure 4, the WV-curves show that the weights of RHOB and RHOB2 (RHOB x RHOB)
and DT and DT2 (DT x DT) to the hidden neurons had almost the same behavior. This
conclusion led to using one curve; RHOB and RHOB?2 (similarly DT and DT2) can be
omitted. Next, it was noted that there are five hidden neurons also contributed closely to
the same amount to all the output neurons. Therefore, 5 neurons could be removed from
the hidden layer, and a 3-25-1 configuration (i.e., RHOB, DT, and GR) was handled in the
network architecture.

@)
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Figure 4. WV-curves for the 1-25-1 configuration.

The data set from the various wells located in Egypt was collected. The data set consist
of 500 patterns of core and well logs. The cross plot of the sonic travel time (DT) and bulk
density (RHOB) is displayed in Figure 5. It can be seen from this figure (Figure 5) that there
was an inverse relationship between the two variables. The data including inputs of sonic
time (DT), bulk density (RHOB), and gamma ray (GR), while the output is permeability.

3.0 T T T T

2.9+

RHOB (g/cc)
N
=2}
1

2.7=

2.6 T T T T
40 45 50 55 60 65

DT (us/ft)

Figure 5. Relationship between the bulk density and sonic travel time of the collected data.

In this study, numerous trials were performed to optimize the network parameters.
The first trial used only two independent inputs, RHOB and DT. The results show that
5000 epochs with four hidden layers resulted in an R2 of 92%. In the second trial, three
inputs namely DT, RHOB, and GR were used, and the results show that 1500 epochs with
25 hidden neurons were used to obtain the highest network performance with an R2 of
98% and better convergence during the training. Figure 6 shows how the network was
optimized using various trials. Each trial was repeated 10 times using different initial

random weights.



Processes 2022, 10, 2587

90f17

Trial 1: RHOB and DT

'

B Trial 2: RHOB, GR and DT
- »
Combine Combine
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[ Trial 3: DT and GR [ Trial 4: RHOB and GR J

Figure 6. Relationship between the different optimization trials.

Therefore, trial number 2 was used as the final configuration, as it exhibited the least
number of epochs and the highest R2 value. Table 3 shows the average contribution of each
input to the network. The results show that sonic time (DT), bulk density (RHOB), and
gamma ray (GR) were equally important to the network since all variables contributed the
same amount.

Table 3. Contribution percentage of each input variables including bias.

Parameter Contribution (%)
Density 31.2
Sonic time 29.2
GR 30.4
Bias 9.2

5. Results and Discussion

Using the optimized parameters, including 25 neurons and one hidden layer in the
training and testing process, the data set was divided as 60% for training, 20% testing,
and 20% for validation. Figure 7a shows the relationship between gamma ray (GR) and
neutron porosity, while Figure 7b shows the Poro-Perm relationship for the collected data.
Figure 8a,b show a cross plot of the predicted permeability versus the core permeability for
the training and testing processes. The average absolute percent relative error (AAPRE)
for the training was 98%, while the testing AAPRE was 96.5%. These results show the
reliability of the proposed ANN model. In addition, Figure 9 shows a comparison between
core permeability and permeability values extracted from the ANN model based on the
inputs. It can be seen from Figure 8a,b that a good matching was achieved with a minimum
square error (MSE) of 0.024.

Using the results of the training and testing processes, a mathematical correlation was
created to show the relationship between the permeability and the sonic time (DT), bulk
density (RHOB), and gamma ray (GR) to be used in the forecasting of the permeability in
the Western Desert and Gulf wells. The weights and biases for the generated equation are
provided in Table 4.

The novel correlation generated using the ANN for the permeability estimation is
given by:

+ by (8)

N J
k, = [Z wy; tan(sig) (Z wy; i Xj + bij>
j=1

i=1

+ by 9)

N
1
kn - |JZ] Wo; <1 + exp(f(GR.ZUljll+DT.w1]',2+RHOB.w1]"3)+b1) )
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where k;, is the normalized permeability; (w; ;) is the vector weight between the hidden
layer and output layer; (wy, ;) is the vector weight connect the input and the hidden layer; j
is the neuron number; by is the biases vector for the input layer; and b, is for the output
layer, (sig) is the sigmoid function, gamma ray (GR), sonic travel time (DT), and bulk
density (RHOB).

The extracted k equation can be attained by de-normalizing kn as follows:

k = ky 4+ 0.125 (10)

In conclusion, it can be seen from the results that the ANN can predict permeability
values at different locations using the proposed ANN model and extracted correlation. The
presented correlation in this study proposes a solution for companies in Egypt to precisely
predict the permeability values without using ANN software and that can lead to saving
extensive computational time.
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g T T T T 15
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Figure 7. (a) Relationship between GR and NPHI; (b) Poro-Perm cross plot of the collected data.
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Table 4. Weights and biases for the generated correlation from Equation (9).

Hidden Weights (wq) Weights (wy) Hidc.len Layer OutPut Layer
Neuron GR DT RHOB Bias (b1) Bias (b2)
1 —0.2625 —0.2925 —0.08 0.0425 —0.12 6.08

2 0 0 0 0 0

3 0 0 0 0 0

4 0.015 0.08 0.095 —0.0975 —0.6225
5 —0.0975 0.0525 0.035 0.025 —0.01
6 —0.1075 0.04 —0.1225 —0.0875 0.005
7 -0.11 0.025 —0.015 —0.0725 —0.005
8 0.11 0.0225 —0.0325 —0.11 0.0025
9 0.075 0.0475 —0.055 —0.0675 0.0075
10 —0.035 0.0725 —0.0625 0.0675 —0.0075
11 0.085 —0.045 0.075 0.0575 0.01
12 —0.325 —0.685 0.05 0.115 —0.0125
13 0.0775 0.02 0.06 0.02 —0.0075
14 —0.1075 —0.0875 0.055 0.02 0.0025
15 0.1225 0.03 —0.065 —0.08 —0.0125
16 —0.05 —0.1 0.1175 —0.02 0.005
17 0.0525 —0.005 —0.1125 —0.12 —0.0075
18 0.085 —0.0875 —0.08 0.095 0.0075
19 —0.0575 0.0675 0.0425 0.1125 0.0125
20 0.01 0.0725 —0.015 0.0575 —0.005
21 0.2125 0.62 0.02 0.115 0.005
22 —0.0525 0.08 —0.1125 0.05 —0.0025
23 —0.025 0.115 0.0125 —0.1025 0.0075
24 —0.0875 0.1225 —0.0075 —0.095 —0.0125
25 0.035 —0.0775 0.0425 0.1125 0

Validation of the ANN Model

In order to validate the developed ANN model, a new data set was used to perform
the task. These data were unseen during the training process. The generated correlation
was used to predict core permeability using the measured sonic time, gamma ray, and bulk
density, and the collected data that used during the validation were for wells located in the
Western Desert of Egypt. Numerous published correlations were used in the validation to
estimate core permeability as well.

These correlations are most widely used for permeability prediction in the Egyptian
oil fields. The correlations were the dual water model [47] and Timur’s model [48];

The dual water model is:

k = (100 X ¢e(1 — Su;)/ Swi)* (11)

where ¢, is the effective porosity; Sy; is the initial water saturation. The initial water
saturation values at each depth were collected from wireline log data. While the Timur’s
equation is given as:

k= (ax¢7) x S5 (12)

Coefficients a and b were determined statistically and had a range of 2-5. The main
drawback in Timur’s equation is the wide range of coefficients a and b that are used for the
permeability estimation. Furthermore, water saturation values must be available.

Figure 10 shows the cross plot for the predicted and actual core permeability using
the ANN model developed in this study. It can be seen from Figure 10 that the R2 was
0.94 with an MSE of 0.0325 and an AAPRE of 0.024 (see Table 3). Figure 10b shows that the
results of the predicted permeability using the dual water model could not predict core
permeability and yielded an MSE of 0.84 with an AAPRE of 0.645 and an R2 of 0.165. In
addition, Timur’s equation provided a poor result for core permeability values for the same
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data set, with the highest MSE of 0.95 and AAPRE of 1.35 and the lowest R2 of 0.045 (see
Figure 10c). Table 5 summarizes the statistical analysis of the validation process.
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Figure 10. Scatter cross plot showing a comparison of the predicted permeability using the developed
ANN model and core permeability: (a) ANN model; (b) Dual water model; (¢) Timur’s equation.
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Table 5 shows that the estimated permeability values by the ANN model had the
lowest MSE of 0.035 and AAPRE of 0.024, while the dual water model yielded the highest
MSE of 0.84 and APPRE of 0.645 compared to the core data. These results indicate that the
proposed ANN model is robust and has strong capability of predicting rock permeability
using a minimum number of wireline log data. The reason behind poor permeability values
when using the Timur and dual water models was the need for initial water saturation
values (S,,;). Due to the limitations of these models, ANN techniques have become a more
adaptable alternative in this problem domain. Therefore, the presented ANN model and
correlations can be used for better forecasting and without the need of S,,; values.

Table 5. Statistics analysis for well-known correlations and the ANN model.

Correlation AAPRE MSE Correlation Coefficient (R2)
Dual water model 0.645 0.84 0.165
Timur 0.82 1.35 0.045
This study’s ANN 0.024 0.035 0.94

Figure 11 shows a comparison between the actual core permeability and that from
the Timur’s and dual water models. This clarifies that the published correlations do not
have the ability to predict core permeability for different formation lithologies and various
hydraulic flow units.

Q- © Dual Model
— Core

o ° — Timur's Eq

*

oo

K(md)

0 100 200 300 400
Data index

Figure 11. Core permeability vs. the predicted permeability for the numerous correlations used in
this study.

6. Conclusions

(1) This study presented a novel correlation for accurately estimating the formation
permeability with different lithologies and flow units located in the western part of
Egypt using a comprehensive ANN model. The ANN model could forecast the core
permeability with a high accuracy of 98%.

(2) The use of weight visualization curves (WV) technique is discussed in the literature;
however, this study improved the performance of the WV technique to optimize the
network architecture parameters, including the selection of the number of input and
hidden neurons.

(3) The ANN model used the weight visualization curve technique to optimize the
network parameters in conjunction with the backpropagation algorithm and a learning
rate of 0.08.
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(4) A comparison study was performed using well-known correlations. The study
showed that these correlations had a deficiency in estimating core permeability for
various lithologies, and to obtain better forecasting, the data must be divided into
flow units.

(5) The proposed ANN and novel correlation may facilitate the issue of permeability
prediction that requires using ANN software, and the correlation would be evaluated
further using large number of oil fields with various lithologies.

(6) Itis highly recommended that future research tests the proposed ANN model and cor-
relation on different wells in the Gulf area of Egypt to show its robustness.
In addition, the authors are working on developing another SVR code using FOR-
TRAN language in the comparison process for obtaining more accurate weights and
biases of the derived correlations.

(7) In addition, this study anticipated a solution for companies in Egypt to predict the
permeability precisely without using ANN software.
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