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1-Introduction

Understanding and assessing the petrophysical and lithological parameters of oil and gas reservoirs through
various well logs is a crucial component of the oil industry, particularly during the exploration and
production stages. Compressional waves velocity alone does not adequately characterize formation
properties, especially lithology, due to significant overlap in compressional wave velocities across different
rocks types. However, the additional insights provided by shear wave velocity can help reduce these
associated uncertainties (Mohammadnia et al., 1382). Well-log data is one of the most important sources
of information for identifying rock properties in subsurface formations. Seismic wave velocity and other
petrophysical data are effective in assessing the properties of rocks and underground fluids. Shear wave
velocity is a crucial parameter in geophysical and geomechanical studies and provides valuable information
for determining pore pressure, pores fluid types, and the mechanical properties of reservoir rocks. Shear
wave velocity is typically measured with DSI tools or trough laboratory testing. However, DSI tools are
not recorded in many wells, especially old wells, due to their high cost.

On the other hand, laboratory core measurements are time-consuming and costly, and since the humber
of cores in wells is limited and discontinuous, they cannot express the properties of subsurface rocks.
Therefore, it would be highly beneficial to employ a method capable of rapidly and cost-effectively
predicting shear wave velocity along a well's depth. Several methods have been proposed to predict shear
wave velocity using log data, among the most notable of which are those developed by Castagna et al.
(1985), Eskandari et al. (2004), Pickett (1963) and Coello (2007).

2-Material and methods
In this study, the logs SGR, CGR, DT, RHOB, RT, NPHI, CALIPER, Vp, and PEF were available for
estimating shear wave velocity using deep learning algorithms.

To identify the most influential features and appropriate inputs for these algorithms, the correlation
coefficient of each feature with the shear wave velocity were evaluated. One method for feature selection
is calculating the Pearson correlation coefficient. Based on Pearson's correlation, the Vp, RHOB, NPHI,
and CALIPER logs were selected as algorithms inputs, as adding other logs increased error and reduced
accuracy. Figure 1 shows feature selection using the Pearson correlation matrix.

In research work, a total of 1633 data points were available, with 204 data points set aside as blind data
to validate the algorithm's results. The remaining data were divided into two parts for training and testing
purposes. Specially, 80% of the data (1143 data points) were allocated for training, while 20% of the data
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(286 data points) were designated for testing. To enhance accuracy, data normalization was performed
using the Min-Max normalization function, which scales the data zero and one.

The Adam optimizer was used for optimization. Model evaluation and comparison among deep
learning algorithms were carried out using RMSE, MSE, MAE error, and the R2 coefficient, with the
formulas presented in Equations 1, 2, 3, and 4.
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Fig. 1. Selection features using Pearson correlation matrix.
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3-Results and discussions
This study examined the results of three deep learning algorithms-MLP, LSTM+MLP, and CNN +MLP-
by calculating RMSE, MSE, MAE error, and R2 for training, testing, and blind datasets. Table 1 displays
the prediction errors and accuracy of shear wave velocity based on the test (20%) subset. Figure 2 compares
the predicted and measured shear wave velocity values for both training and test data while Table 2 provides
the Vs prediction errors and accuracy results for the blind subsets. Fig. 3, shows the comparison between
predicted and measured Vs for blind dataset.

Table 1. Shear wave velocity Prediction errors and accuracy for test data records using a deep learning algorithm.

Deep Learning

models
MLP

LSTM+MLP

MAE MSE RMSE R?
0.0084 0.0001 0.0119 0.9645
0.0067 7.1806e-5 0.0084 0.9821
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Fig. 2. Display of Vs., predict using deep learning algorithms for train and test data. (a), Vs. Prediction for train and
test data using MLP algorithm. (b), Vs prediction using LSTM+MLP. (c), Vs. Prediction using CNN+MLP. Blue log
(Vs. measured for training (original data)), orange log (Vs. predicted for training data), green log (Vs. measured for
test data (original data)), and red log (Vs. predicted for test data).

Table 2. Vs prediction errors and accuracy for blind data records using deep learning algorithms.

Deep Learning MAE MSE RMSE R?
models
MLP 0.0185 0.0005 0.0235 0.7989
LSTM+MLP 0.0082 8.8125e-5 0.0093 0.8984
CNN+MLP 0.0052 6.8915e-5 0.0083 0.9032
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Fig. 3. Display of Vs. Predicts using deep learning algorithms for blind data. (a), Vs prediction for blind data using
MLP algorithm. (b), Vs prediction using LSTM+MLP. (c), Vs. Prediction using CNN+MLP. Blue log (Vs. predicted),
orange log (Vs. measured).

4-Conclusion

Considering the importance of shear wave velocity in determining reservoir parameters, rock physics, and
geomechanical models and the unavailability of DSI logs in most wells, it is necessary to use a cheap and
accurate method to predict shear wave velocity. This study employed deep learning approaches, specially
the MLP, LSTM+MLP, and CNN+MLP algorithms - to estimate shear wave velocity, selecting appropriate
input features base on Pearson's correlation coefficient. Comparison of results from these three algorithms
indicates that LSTM+MLP and CNN+MLP algorithms perform well in predicting shear wave velocity, as
they achieve low error rates and acceptable coefficient of determination for both test and blind datasets.
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This suggests that they can be effectively used with standard well log data. So, in general, these findings
demonstrate that deep learning algorithms provide a reliable method for predicting shear wave velocity
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Table 1. Common empirical formulas used to predict shear wave velocity.

Model’s name
Pickett, 1963
Castagna et al, 1985
Eskandari et al, 2004
Brocher, 2005
Coello et al, 2007

Empirical equation
V; =V,/1.9

Vs = 1.0168V, — 0.05509V7 — 1.0305
Vs = 1.612V,, — 0.1236V¢ — 2.0357

V, = 0.0064V;* — 0.1238V3 + 0.7949V2 — 1.2344V, + 0.7758
V, = 1.09913326V 9238115636
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Table 2. Abbreviation signs.

Al: Artificial intelligence

ANFIS: Adaptive neuro-fuzzy inference system
ANN: Artificial neural network

ASR: Automatic speech recognition

BPANN: Backpropagation artificial neural network
CHAL: Caliper log

CNL: Compensate neutron log

CNN: Convolutional neural network

DL: Deep learning

DNN: Deep neural network

DT: Acoustic (sonic) log

ELM: Extreme learning machine

ENN: Elman neural network

FFANN: Feedforward artificial neural network
FL: Fuzzy logic

GA: Genetic algorithm

GEP: Gene expression programming

GR: Gamma ray log

GRA: Grey relational analysis LSTM Long short-term memory networks
GRG: Generalized reduced gradient

GRNN: General regression neural network
LSSVM: Least-squares support-vector machines
LSTM: Long short-term memory networks
MAE: Mean absolute error

MAPE: Mean absolute percentage error

MF: Memetic firefly

ML.: Machine learning technique

MLEM: Multi extreme learning machine

MLP: Multi-layer perceptron

MLP-ANN: Multi-layer perceptron artificial neural network
MSE: Mean square error

MGGP: Multi-gene genetic programming
NARX: Nonlinear autoregressive network with exogenous inputs
NRMSE: Normalized Root Mean Squared Error
OFIS: Optimized fuzzy inference

ONN: Optimized neural network

OSVR: Optimized support vector regression
PSO: Particle swarm optimization

RZ: Coefficient of determination

RHOB: Density log

RMSE: Root mean square error

RNN: Recurrent neutral network

RS: Shallow lateral resistivity log

RT: Formation true resistivity

SFIS: Surgeon's fuzzy inference

SML.: Single machine learning

SVM: Support vector machine

SVR: Support vector regression

Vs: Shear wave velocity

Vp: Compressional wave velocity
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Fig. 2. Schematic diagram of MLP (Alavi et al, 2010).
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Fig 3. The structure of a neuron in a recurrent neural network (Greff et.al, 2017).
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Fig 4. The structure of an LSTM block (Greff et.al, 2017).
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Fig 6. Workflow schematic for Vs prediction using Deep Learning algorithms.
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Table 3. Common parameters related to deep learning algorithms.

Algorithm MLP
Parameter
Bath_size 50
learning rate 0.0001
Iteration 400
Validation_split 0.1
Optimization Adam
function

LSTM+MLP CNN+MLP
50 50
0.001 0.0001
200 200
0.1 0.1
Adam Adam
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Table 4. Vs Prediction errors and accuracy for test data records.
Models MAE MSE RMSE R?

MLP 0.0084 0.0001 0.0119 0.9645
LSTM+MLP 0.0067 7.1806e-5 0.0084 0.9821
CNN+MLP 0.0050 3.7743e-5 0.0061 0.9906
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Fig 8. Display of Vs predict using deep learning algorithms for train and test data. (a) Vs prediction for train and test data
using MLP algorithm, (b) Vs prediction using LSTM+MLP and (c) Vs prediction using CNN+MLP. Blue log (Vs
measured for training (original data)), orange log (Vs predicted for training data), green log (Vs measured for test data
(original data)), red log (Vs predicted for test data).
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Table 5. Vs Prediction errors and accuracy for blind data records.

Models MAE MSE RMSE R?

MLP 0.0185 0.0005 0.0235 0.7989
LSTM+MLP 0.0082 8.8125e-5 0.0093 0.8984
CNN+MLP 0.0052 6.8915e-5 0.0083 0.9032
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Fig 10. Display of Vs predict using deep learning algorithms for test data. (a) Vs prediction for train and test data using
MLP algorithm, (b) Vs prediction using LSTM+MLP and (c) Vs prediction using CNN+MLP. Blue log (Vs measured),

orange log (Vs predicted).
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