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Revised  XXXXX Simandoux, Waxman-Smith and Dual water model are used to estimate
Accepted  XXXXX water saturation. The results are unreliable and strongly depend on costly

Available online xxxxx and time-consuming core analysis. This study presents ensemble neural

network approach for predicting water saturation using well logs. The
results predicted by the ensemble model in MATLAB was evaluated against
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well log, MATLAB determination (R?) and coefficient of regression (R). The results show that
core data, learning, the ensemble approach significantly improves prediction accuracy because
reservoir it closely fits the core data.

1. Introduction

The pore spaces in reservoir rocks are occupied by fluids-usually water and hydrocarbons. The
relative volumes of water and hydrocarbons in the pore volume of the reservoir rock are designated
as saturations. Water saturation (S_w) is the fraction of the pore volume occupied by water. It is a
vital parameter to estimate the hydrocarbon saturation in the formation (1—S_w). [1] Accurate
determination of water saturation is important for better reservoir characterization and subsequent
recovery of oil from hydrocarbon fields. Some of the common methods employed to determine the
water saturation are petro-physical log evaluation, saturation—height function from capillary pressure
data and core analysis. [2]. Estimating water saturation is one of the most challenging petro-physical
calculations.
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Special Core Analysis (SCAL) is the most reliable direct method to determine water saturation, the main
drawback with this method is the high cost for the coring process and the extensive laboratory analysis
involved. Water saturation is often estimated from well logs using empirical equations. [3] These
equations are complex and probe to errors because; they are based on assumptions, adjustment of
parameters depending on location and cross plot between logs. [4]

Reservoir properties, such as porosity, water saturation and permeability can be obtained from the
processing and interpretation of well-logs. Modern reservoir characterization has evolved from the use of
experts’ knowledge and statistics in the analyses of well-logs to the use of artificial intelligence (Al). [5,
6] This study proposes to use ensemble neural network to predict water saturation (S,,) from the
conventional well-logs and to compare the results obtained with values available from core analysis and
that calculated from empirical equation.

2. NEURAL NETWORK

Neural Network is a computational model inspired by the structure and functioning of neurons in the
human brain. It is made up of interconnected nodes called artificial neurons, organized in layers.
Basically, neural networks consist of an input terminal, one or more hidden layers, and an output layer.
Each layer contains one or multiple neurons, each neuron has an activation function, bias and connections
to other neurons. Inter-connection between neurons carry numerical data, called weights. Since neural
network is designed to mimic biological learning processes as it occurs in human brains, it has the capacity
to learn complex relationships between data when trained. [7]

Figure 1 is a typical neural network configuration showing the interconnection of artificial neurons
organized in layers: input layer (i), one or more hidden layers (h) and output layer (0)

Input laver : Hidden layers Output laver

Output |

Output n
—

Figure 1: A typical neural network architecture

During training, the training algorithm minimizes the mean square error (MSE) between the predicted
outputs of the network and observation outputs used in the training dataset. The learning occurs as the
network continues to adjust and update the weights and bias of the neutrons, in its search to provide the
optimal weight/bias configuration that maps the relationship between the input-output data. A well-trained
neural network with the updated best weights can generalize for unseen input data. The three learning
algorithm used in neural networks are: supervised, unsupervised and reinforced learning.

Generally, the relationship between the input and output datasets in a neural network model is given by
Eq. 1

Vi = folZj wijfu(Wjix; + b;) + by] 1)

Where: x; represents an input vector; w;; is connecting weights from the ith neuron in the input layer
to the jth neuron in the hidden layer and wy; is the connecting weights from jth neuron in the hidden
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layer to the kth neuron in the output layer; b; and by, are the biases of jth hidden neuron and the kth
output neuron, f;, and f,, denote the activation functions for the hidden and output neuron, respectively.
Feed-Forward Multilayer Perceptron (MLP) trained with back-propagation algorithm is the most common
type of neural network deployed in petroleum engineering applications. [5, 8] An Ensemble Network
(EN) is made up of two or more candidate networks, often called expert networks that are joined together.
Usually these expert networks have different network architecture, and they are trained differently on
same data set before combining their outputs. The expectation is that the differently trained experts
converge to different local minima on the error surface, and such that their overall performance is
improved by combining their outputs by ensemble averaging. [9]. Figure 1 is typical ensemble neural
network consisting of four (4) expert networks.

—p Expect MLP-1 —

Ensemble

Input data » Network » Oulput

YYYY

Figure 1: Ensemble Neural Network

The output of the ensemble network is given as:

YEN = 1/1\/ X Vi (2)

Where: y, is the output of each expert network. And N is the no of expert networks.

Data driven method like neural network has become popular in the domain of reservoir characterization
due to its ability to map complex non-linear relationships between data. By training a neural network on
a dataset of well logs and corresponding core measurements, the networks can learn complex relationships
between log responses and rock properties, and can make accurate predictions in new wells or areas where
core data is unavailable.[14].

Okon et al developed a artificial neural network (ANN) model using MATLAB 2015 neural fitting
toolbox. They deployed the ANN to successfully predicted porosity, permeability and water saturation
using logging depth interval, density log, resistivity log and gamma log. The porosity, permeability and
water saturation obtained in their study for Niger Delta region showed higher correlation value with
available core data[5]

Ahmed et al designed Avrtificial neural networks (ANNs) and the Adaptive Neuro-Fuzzy Inference System
(ANFIS) to estimate water saturation, then compared their result to water saturation obtained using
empirical equation as: Archie, Simandoux, Waxman-Smith, Dual water model and Indonesian equations.
Their result proved that the water saturation estimated by the ANN and ANFIS models displayed better
fit to core data compared to results from empirical equations. [3]

In order to improve the performance of data driven methods, researchers have embrace the idea of
combining multiple network systems. When creating ensemble network, the expectation is that the
differently trained experts converge to different local minima on the error surface, and the overall
performance is improved by combining their outputs in some way. [11] Ahmadi and Chen 2019, used
ensemble network consisting of multiple layer perceptron (MLP), genetic algorithm (GA), fuzzy decision
tree (FDT), imperialist competitive algorithm (ICA) and particle swarm optimization (PSO) to predict
porosity and permeability. The result of their study showed that the porosity and permeability values
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predicted by the ensemble network was better when compared to the prediction obtained for the ensemble
members. [12]

Sun and Dong deployed a committee network consisting of radial basis feedforward network (RBFNN)
and genetic algorithm (GA) to predict permeability. According to their study, the RBFNN-GA had higher
accuracy in permeability prediction compared to the candidate RBF or GA model. [13] Sambo et al.
integrated of artificial neural network (ANN) and NeuroFuzzy Systm(NFS) with seismic inversion to
predict water saturation in wells in Malaysian hydrocarbon field. Their study showed that incorporation
of Al technology in water saturation prediction workflow from pre-stack seismic data resulted in superior
accuracy and better performance. [14]

3. METHODOLOGY

3.1 Data Description

The well logs and core data used in this study was sourced from Shell Petroleum Development Company
(SPDC) in Port-Harcourt, Nigeria. The data was obtained from two (2) wells (Well-A and Well-B). The
original data had 1200 sample points for the well logs and 188 sample points for core data. The wide gap
between log and core data is due to the fact cores are acquired at choice intervals within the borehole
depth.

The wells had calculated/derived values for water saturation. This values will be treated as calculated
water saturation using empirical equations (EE). The petro-physical interpretation for the wells clearly
delineated regions of shale, oil, gas and water. This interpretation was used to carry out log-core
calibration so that that training, validation and testing data were representative of the formation.

Well-A data was used for training and Well-B data was used to test or simulate the trained networks. The
density, sonic, neutron and resistivity logs were used as input data while the core data was the
output/target. The Well-A data was divided into 3-sets: X% for training, Y% for validation and Z% for
testing. The values for X, Y and Z were decided by MATLAB, because the data split was set to
dividerand. Before training the entire data set was processed using network processing function:
mapminmax.

Mapminmax is a one of function commonly used in MATLAB for data pre-processing. It performs
normalization and linear scaling of data. The mapminmax function helps normalizes the input/target data
to a specified range for fast training. The equation for mapminmax function is:

y = (Ymax—Ymin)*(X—Xmin) (3)

(X*max—Xmin) +Ymin

3.2 Model Development

3.2.1 MLP Network Architecture

Seven (7) candidate Multiple Layer Perceptron (MLPs) were created and configured as feed forward
network in MATLAB Neural Network Toolbox (nnstart). Each candidate MLP network had 3-layers:
input layer, hidden layer and output layer as represented in Figure 2. The hidden layer consists of 15-30
neurons. Tansig was used as transfer function for neuron in the hidden layer, while purelin is used for
output layer.
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Figure 2: A typical neural network architecture for MLP
3.2.2 Ensemble Network (EN)
All the seven (7) MLPs were randomly initiated and trained multiple times using the Levenberg-
Marquardt (Trainlm) training function. This training function is the fastest and most suited for pattern
recognition task.
In the Toolbox, network performance is evaluated using mean squared error (MSE) during validation and
Pearson Correlation Coefficient (R) during testing. The criteria used to determine performance of network
is discussed in section 5.2. When the trained networks, four (4) MLPs which had best performance, were
selected and joined to form the ensemble network (EN). They are also called the expert networks.
3.2.3 Simulation of EN
The four (4) expert networks which formed the ensemble network (EN) were also randomly initiated and
trained multiple times on same training data. The Levenberg-Marquardt training function was also used.
Their respective outputs were added and the method of ensemble averaging (equation-2) was used to
compute the output of the ensemble network. The EN was also simulated with the test data.
3.2.4 Predicting Water Saturation with EN
The unseen Well-B dataset was deployed in the trained ensemble network to predict water saturation. The
water saturation values predicted by the ensemble network, expert network and the Empirical Equation
(EE) derived results were compared to that of core data.

4. DISCUSSION AND RESULTS

4:1 Dataset

The limited training and testing dataset used in this research was a major challenge because robust neural
network deployment require massive amount of dataset. To solve the problem of over fitting, high
variance and local minima that plagues limited data, we used three (3) approaches: (i) Before trainings,
the network were randomly initiated, this ensured the network weight were randomly assigned when
training begins, so that the network converges to different solutions (ii) each network configuration was
trained several times, in order to obtain network with best network performance, thereby reducing the
chance of being stuck in a local minima (iii) setting the data split to dividerand enabled MATLAB to
train and test the network with new data set for each run, thereby reducing the chance of over fitting.

4.2 Evaluating Network Performance

Performance of network was decided by two factors: closeness of predicted output to actual value and the
correlation between actual value and predicted value. The plotperformance function generates a plot of
mean squared error (mse) versus epoch, this helps to visualize closeness between actual value and
predicted output. The plotregression function creates a regression plot of the network predicted output
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versus the actual value. In this study, network output is the predicted value for water saturation. The
actual/target value is the water saturation for core. The criteria used to determine network performance is
given in table 1.

Table 1: Criteria for Network Performance

Parameter Poor Network Good Network =Excellent Network
Correlation (R) 0.00-0.49 0.50-0.79 0.80-1.00
MSE 0.1-0.01 0.001-0.01 0.0001-0.001

4.3 Evaluating performance of candidate MLPs and Expert networksPerformance of the seven (7)
MLP network was tested using well log data consisting of 50-samples of the unseen well-B data. The
density, gamma ray, sonic and resistivity logs were used as input variables and

core data as the target output. Table 2 shows the MSE and R for the seven MLP networks ranking. From
the table, MLP-4, MLP-5 and MLP-7 display excellent correlation (R) between predicted and actual water
saturation values. Also, the MSE values are good, indicating very small error. MLP-3 has small MSE
value, but the correlation to core data is good. Since MLP-4, MLP-5, MLP-7 and MLP-3 display
acceptable values, these models possess the capacity to effectively map the nonlinear relationship between
well log parameters and reservoir water saturation. Therefore, they will be joined to form the ensemble
network. Figure 2 shows the R-values between network and target for MLP-1, MLP-2, MLP-3 AND
MLP-4, figure 3 show the R-values for MLP-5, MLP-6 AND MLP-7

Table 2: MSE, R and Ranking for the 7-MLP Networks.

Network MSE R Ranking Remarks
MLP-1 0.01560 0.7194 3
MLP-2 2.56100 0.7074 1
MLP-3 0.00872 0.7592 4 4th
MLP-4 0.00021 0.8441 7 Ist (Best-Expert)
MLP-5 0.00032 0.8038 5 3rd
MLP-6 0.07510 0.7127 2
MLP-7 0.00037 0.8064 6 2nd
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Figure 3: Post regression plots for MLP-1, MLP-2, MLP-3 and MLP-4 Network
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Figure 4: Post regression plots for MLP-5, MLP-6, and MLP-7 Network
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4:4 Evaluating Performance of Expert networks

Performance of the four (4) expert networks was tested using well log data consisting of another 50-
samples of the unseen well-B data. Table 3 shows the MSE and R and ranking for the ensemble and expert
networks. From the table, the ensemble network has the best correlation with the core data, therefore it
possesses the capacity to map the relationship between the well logs and the reservoir water saturation. It

marginally out performs MLP-4, which is the best expert network. Figure 5 show the R-values for the
ensemble and expert networks

Table 3: MSE, R and ranking for the ensemble and expert Networks.

Network (MSE) (R) Ranking Remark
Ensemble Network 0.00005 0.9600

MLP3 0.00075 0.8329 1

MLP4 0.00034 0.9387 4 Best Expert

MLP5 0.00041 0.9015 2

MLP7 0.00050 0.9076 3
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Figure 5: Post regression plots for Ensemble network, MLP-3, MLP-4(best expert), MLP-5 and MLP-7

4:5 Comparing Ensemble Network, Best Expert and EE-Derived Values with Water Saturation of
Core

Table 4. Correlation (R) of Ensemble network, Best Expert and EE-derived Values
with water saturation of core

Network/Data (R) Remark
Core Data 1
Ensemble Network 0.9796 Best model
Best Expert 0.9557
t (Empirical Equation Derived S,,) 0.9228

Performance of the ensemble and best expert network was tested using 88 samples of well log data from
the unseen well-B data and the results were compared to water saturation values for core data and
empirical equation. Table 4 shows the ensemble model displayed the highest correlation (R) to core data.
The R?values for ensemble network (0.96), best expert network (0.91) and EE-Derived (0.85) shows that
the ensemble model fits the core water saturation strongly.

Despite the challenges posed by limited dataset size, the improved performance of the ensemble model
over others can be attributed to the diversity among the constituent experts, multiple trainings of expert,
random initialization of training and selective combination of the best-performing experts.

Figure 6 shows the Post regression plots for Ensemble network, best expert and EE-derived Values. Plots
of Coefficients of Determination (R?) for Ensemble Network (Figure 7), best expert (Figure 8) and EE-
derived water saturation (Figure 9) are also shown.
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Figure 6: Post regression plots for Ensemble network, best expert and EE-derived water saturation
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Figure 7: Coefficient of Determination (R?) for Ensemble Network
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Figure 8: Coefficient of Determination (R?) for best expert Network
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Figure 9: Coefficient of Determination (R?) for Empirical Equation Derived water saturation

5. CONCLUSION

This study presented an ensemble neural network as a potential data driven tool for predicting water
saturation from well logs. The results obtained showed that water saturation values predicted by the
ensemble network had the best fit with core data. The deployment of multiple trainings of the neural
network, random initialization of training, and random sharing of training data provides a reliable
framework for handling small datasets and improving prediction performance.
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