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1-Introduction

Petrophysical logs are the most convenient and accessible tools for obtaining information about physical
properties of reservoirs (Anemangely et al., 2019). Among different logs, shear wave is one of the
geomechanical parameters of the reservoir, which is considered as one of the most important elements in
the identification and development of reservoirs. Several studies have been devoted to the use of intelligent
systems to predict shear wave velocity using petrophysical data (Rezaee et al., 2007; Khandelwal et al.,
2010; Rajabi et al., 2010; Maleki et al., 2014; Onalo et al., 2019.). In this study, the shear wave velocity
was estimated by using ensemble learning methods in the Asmari reservoir of the Mansouri oilfield.

2-Methodology

The ensemble learning paradigm is a new computational intelligence algorithm, where multiple base
learners are built and multiple results are integrated with a certain strategy as the final result. The advantage
of ensemble learning is combining the predictions of several base estimators to improve generalizability
and increase model accuracy (Gao et al., 2019). Firstly, in the process of data preparation, all data were
guality controlled and out of trend data were removed. Bad hole intervals were recognized based on the
caliper and bit size logs and their data were not included in the models. As the petrophysical data used in
this study have different scales, prior to construction of the models, they were normalized. Then to make
an accurate estimate, it is important to choose appropriate inputs for the model. Accordingly, the RFE
method determined conventional well logs such as density log, neutron porosity, acoustic log, gamma ray,
spectral gamma ray and depth as optimal inputs for training models. Optimal values for parameters are also
obtained by the grid search cv method. Grid search is the most widely used method for learning the
hyperparameter configuration space, which tests and tunes all the hyperparameters given to the grid
configuration (Belete et al., 2021). Then, the selected features were considered as input parameters for
ensemble methods, including, voting, stacking, bagging and boosting. Basic learners such as, support vector
regression, linear regression and the nearest neighbor algorithm were used to build Voting and stacking
models. Also, the mentioned basic models were trained and evaluated for comparison with ensemble
methods. In order to make a comparison, hybrid methods including neural network-genetic algorithm
(ANN-GA), neural network-particle swarm optimization (ANN-PSO), and adaptive neuro-fuzzy inference
system (ANFIS), were compared with ensemble learning methods.

3-Results and discussion

The obtained results for quality measurements including Correlation Coefficient (R) and MSE values of
training and testing data were computed for each model. Considering the testing phase, among all of the
methods applied for shear wave estimation, CatBoost ensemble learning method has provided the lowest
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error and highest correlation coefficient. Moreover, comparison of the results shows that the proposed
ensemble learning methods compared with individual intelligent systems and hybrid methods can
sufficiently improve the computational efficiency and performance of the shear wave prediction.

4- Conclusion

This paper presents ensemble models to predict shear wave velocity by using well logs in Mansuri oilfield.
It can be observed that the CatBoost ensemble learning method outperforms the other intelligent base
learners in all cases and quality. Meanwhile, the developed CatBoost ensemble learning model can serve
as an effective tool for estimation of other petrophysical rock properties.
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Table 1. Tuned hyperparameters for conventional models and hybrid methods

Model Parameters Optimal Values
SVR Penalty parameter, C 0.5
Gamma (SVR) 0.2
KNN N_neighbors 3
Input layer 6
ANN Hidden layer 7
Output layer 1
ANFIS Number of inputs 6
Number of outputs 1
Population Size 150
ANN-GA Generation (Iteration) 50
Number of particles 50
ANN-PSO Number of iteration 100
C1, C2 4

o S50k sl se slp oad wla gla el ol -V Jour

Table 2. Tuned hyperparameters for ensemble learning models

Model Parameters Range of parameters Optimal parameters
Penalty parameter, C (SVR) 0.1-4.0 4.0
Voting Gamma (SVR) 0.1-0.9 0.1
Number of neighbors (KNN) 3-10 3
Penalty parameter, C (SVR) 0.1-4.0 0.5
Stacking Gamma (SVR) 0.1-0.9 0.1
Number of neighbors (KNN) 3-10 3
Base estimator - Decision tree
Bagging Number of estimators 10-1000 150
Max sample 0.1-1.0 0.9
Base estimator - Decision tree
Adaboost Number of estimators 10-1000 1000
Learning rate 0.1-0.9 0.5
Maximum tree depth 5-20 5
Xgboost Number of estimators 10-1000 500
Learning rate 0.1-0.9 0.1
Maximum tree depth 5-20 9
Catboost Tterations 10-2000 1500
Learning rate 0.1-0.9 0.1
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Table 3. Comparison of root mean square error and correlation coefficient related to training and testing data for

conventional models and hybrid methods

Method Training Testing
Result Result
R? RMSE R? RMSE

Linear 0.842 0.267 0.836 0.244

regression

SVR 0.904 0.203 0.891 0.188

KNN 0.933 0.176 0.916 0.165
Shear Wave Decision 0.911 0.197 0.904 0.176

tree

ANN 0.968 0.118 0.962 0.124

ANFIS 0.956 0.145 0.941 0.138

GA-ANN 0.945 0.157 0.942 0.152

PSO-ANN 0.966 0.122 0.960 0.129

650k sl Joe sl ‘_,’_a;‘l.oﬂ 5 6&ij sbosls 4y bgy o (R2) Scor (o 2o 9 (RMSE) Uas &lay o :5ko dii ;) aslie -F Jgo
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Table 4. Comparison of root mean square error and correlation coefficient related to training and testing data for ensemble

learning models

Method Training Testing
Result Result

R? RMSE R? RMSE
Voting 0.973 0.078 0.964 0.093
Stacking 0.974 0.073 0.966 0.084
Shear wave Bagging 0.993 0.033 0.967 0.087
Adaboost 0.999 0.005 0.971 0.083
Xgboost 0.999 0.001 0.975 0.074
Catboost 0.998 0.019 0.983 0.058
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R*=0.964 , RMSE = 0.093
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Fig. 5. Comparison of real and predicted shear wave velocity ensemble learning for test data
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