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Abstract. Sonic log is an important aspect that provides a detailed
description of the subsurface properties associated with oil and gas
reservoirs. The problem that frequently occurs is the unavailability
of sonic log data for various reasons needs to be given an effective
solution. The alternative approach proposed in this research is sonic
log prediction based on Extreme Gradient Boosting (XGBoost)
machine learning algorithm, using available log data to build a
reliable sonic log prediction model. In this research, the predicted
DT log type is the Differential Time Shear Slowness (DTSM) log,
which is the velocity of shear waves propagating in a formation. Log
features used for training include gamma ray (GR), density (RHOB),
porosity (NPHI), resistivity (RS and RD) logs with DTSM log as the
prediction target. To optimise the performance and generalisation of
the XGBoost algorithm in predicting log DTSM, hyperparameter
tuning was applied using grid search technique to obtain optimal
parameters for the prediction model. Based on the experimental
results, this research found that hyperparameter tuning using grid
search technique improved the accuracy of sonic log (DTSM) model
prediction based on XGBoost algorithm, as proven by the decrease
of RMSE and MAPE values to 19.699 and 7.713%. The results also
pointed out the need for methods other than listwise deletion to
handle missing values as an alternative to improving model
accuracy. This research highlighted the need for continuous
improvement in data processing methods and algorithm optimization
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to advance the application of machine learning in geophysical
exploration.

1 Introduction

Sonic log along with other petrophysical logs such as GR, NPHI, RHOB, etc., are used to
evaluate lithology, reservoir properties, hydrocarbon carrier properties, and other important
parameters in hydrocarbon resources. Sonic log also contain important information about the
formation, which is necessary for oil and gas exploration and production activities [1]. The
application of machine learning in the geophysical domain has experienced a significant
improvement in recent years. Several researches have showed the potential of machine
learning algorithms in accurately predicting log values in various geoscience and petroleum
engineering applications.

Artificial neural networks have also been shown to predict sonic logs compressional and
shear wave along a wellbore from a producing well [1]. The application of artificial neural
network models to predict missing log data [2], the research and experiment conducted in
that study aimed to predict petrophysical properties of the Mishrif Formation in the Nasiriya
Oilfield using artificial neural networks (ANN). The ANN models were trained using well
logs data from surrounding wells, and the missing logs data of the targeted Ns-X Well were
generated. The results showed good correlation between the original and predicted logs, with
correlation coefficients ranging from 0.575 to 0.914. However, the Inductive Log Depth
(ILD) log prediction had the lowest correlation of 0.575. It was also observed that lithological
variation within the formation could affect the accuracy of the ANN models. The study
concluded that ANN could provide accurate predictions in less heterogeneous formations and
recommended further research to validate the predicted logs with cased log holes. Besides
that application of machine learning with artificial neural networks for shear log prediction
in the Volve field, Norwegian North Sea [3]. The research focused on using machine learning
with artificial neural networks (ANN) to predict shear logs in the Volve field in the
Norwegian North Sea. The study used a total of 50,885 observation data points from six wells
for training and testing the ANN model. The feature selection process showed a statistically
significant relationship between each input log and the shear log. The ANN model
demonstrated promising results with a Coefficient of Determination (R?) between 0.84 and
0.97 and a Root Mean Square Error (RMSE) between 26.68 and 119.21. This research
provides a tested machine learning (ML) approach for synthesizing shear logs on a full field
scale data set, which can be valuable for reservoir characterization applications and
geomechanical parameters calculation [2].

One of the powerful machine learning algorithms known for its ability to efficiently
handle missing data and weak structure prediction models to build more accurate models is
the Extreme Gradient Boosting (XGBoost) algorithm [4]. XGBoost is a boosting algorithm
based on the evolution of the Gradient Boosting Decision Tree (GBDT) algorithm, which has
achieved remarkable results in practical applications due to its accuracy, high speed, and
unique information processing scheme [5]. The study by Chen et al the found that XGBoost
has outstanding prediction capabilities, especially for prediction with tabular data, and its
ability to handle missing values is considered a significant advantage. In conclusion,
XGBoost is better at handling problems with missing values and large training data than
commonly used methods, such as random forests and networks [6]. Based on this, this study
will predict the log Differential Time Shear Slowness (DTSM) value using Extreme Gradient
Booosting (XGBoost) machine learning algorithm with hyperparameter tuning using grid
search technique. The results of this research are expected to be the basis for the application
and development of machine learning in the field of Geophysics.
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2 Research Method

The data used is open access data of Northeast Australia region owned by ConocoPhillips
which can be accessed at the following URL link https://www.occam.com.au/poseidondata.
The data used totalled 7 wells, i.e. Kronos 1, Pharos 1, Poseidon 1, Poseidon 2, Poseidon
North 1, Proteus 1, and Torosa 1. This process started with the compilation of well log data
such as gamma ray (GR), density (RHOB), porosity (NPHI), and resistivity (RS and RD).
Then, removing rows of data where there are missing values through the listwise deletion
technique [7]. After that, a feature scaling step was applied to normalise the values in the
dataset, thus ensuring each feature contributes equally to the classification model. Next, the
dataset was divided into two parts: 80% was used as training data and 20% as test data. In
this research, the XGBoost algorithm is used to train the model, XGBoost is known for
efficiency and effectiveness in prediction applications. To optimise the model, grid search
technique is applied. This technique systematically searches through combinations of
predefined hyperparameters, using cross validation to evaluate each combination and
determine the one that gives the best performance. Figure 1 shows workflow of this research
which provide step-by-step data processing, model development, and result of the research.
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Fig. 1. Research workflow.

After the model was trained, testing phase was carried out using the pre-separated test data,
which was also used to assess how reliably the model predicted the log DTSM based on the
previous features in training. The trained prediction model then evaluated the performance
using Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE)
evaluation metrics, using the following equations:

fi—ai

MAPE = 31, |

x 100% (1)

Where n is the number of data, f; is the predicted value at the i-th data, a; is the actual data
at the i-th data. Through the calculation of MAPE, the error value can be interpreted easily.

Then, RMSE is used as an additional error calculation so that the error calculation can be
validated by other calculations. This is formulated as follows:

Gi~y)?
RMSE = |yn 222t 2

n

The variable n is the number of data, yi is the predicted value, and yi is the true /actual value.
The RMSE value obtained is the average error value generated by the predictive model [8].
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3 Research Results

Based on the construction of the DTSM log prediction model using the XGBoost algorithm
involving hyperparameter tuning using grid search technique, parameter optimization was
obtained as shown in Table 1.

Table 1. Default parameters and hyperparameters used in the research.

No Parameter Default Parameters Hyperparameters
1 n_estimators 100 75
2 max_depth 6 9
3 learning_rate 0.3 0.1
4 reg_lambda 1 1
5 Gamma -0.214 None
6 colsample_bytree 0.1 0.8

In the default parameters, the XGBoost model is configured with 100 'n_estimators',
which is the number of trees used in boosting. The maximum depth of each tree ('max_depth")
is set at 6, and the 'learning_rate', which controls how fast the model learns, is 0.3. The
parameter 'reg lambda' as a regularization parameter on the model weights, is set at 1.
'Gamma', which determines the minimum loss reduction required to make further divisions
at a tree node, is set at -0.214, which may indicate the use of default values.
'colsample bytree' which specifies the proportion of features used for each tree is 0.1,
indicating only a fraction of the features are used, possibly to avoid overfitting.

In machine learning algorithms, hyperparameters have a significant influence on model
performance and generalisation [9]. To achieve optimal model performance, it is crucial to
choose the right hyperparameters [10], because hyperparameters manage various aspects of
the model class and learning procedure, and their optimisation is an important but difficult
part of the machine learning pipeline [11], [12]. Hyperparameters significantly affect the
performance of machine learning algorithms, and their adjustment can result in significant
model optimisation improvements [13]. Moreover, it has been proven that the influence of
hyperparameters on model performance can be found in various fields, such as image
classification [14], stock price forecasting [15], and deep learning [16].

Table 2. Model Evaluation on default parameters and hyperparameters.

No Parameters RMSE MAPE (%)
1 Default parameters 19.699 7.713
2 Hyperparameters 19.028 7.425

Table 2 are the results of a comparative evaluation of two predictive model
configurations: one using default parameters and the other using a set of hyperparameters.
The effectiveness of each model configuration is evaluated using two metrics: Root Mean
Square Error (RMSE) and Mean Absolute Percentage Error (MAPE), both of which are
expressed in percentage. For the model running with the default parameters, the RMSE was
19.699%, which indicates the standard deviation of the prediction error, essentially
measuring how far the predicted value differs from the actual value on average. For this
configuration, the MAPE was 7.713%, which indicates the accuracy of the prediction in terms
of the percentage error compared to the actual value. Both metrics show a slight improvement
when the model is adjusted with hyperparameters. The RMSE dropped to 19.028%,
indicating that the average prediction was closer to the actual value than the model with the



BIO Web of Conferences 89, 09003 (2024) https://doi.org/10.1051/biocont/20248909003
SRCM 2023

default settings. Similarly, the MAPE dropped to 7.425%, indicating slightly more accurate
predictions in percentage terms than the model with the default parameter settings, it can be
seen in Figure 2.
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Fig. 2. Predicted and actual DTSM logs (green line represents actual DTSM logs and blue line
represents predicted results using XGBoost algorithm).
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4 Discussion

Based on the experimental results, it can be seen in Table 2, that the set of tuned
hyperparameters: 'n_estimator' was reduced to 75, which was an attempt to reduce
computation time or avoid overfitting. 'max_depth' was increased to 9, which allows the
model to capture more complex interactions in the data, but also increases the risk of
overfitting. 'learning_rate' was reduced to 0.1, which may make the model slower in adjusting
the weights but may result in a more generalised model. 'reg_lambda' remains at 1, indicating
that the degree of regularization has not changed. 'Gamma' is changed to 'None', which could
mean that this parameter is not set or return to the XGBoost default value. 'colsample bytree'
increased significantly to 0.8, indicating that now most of the features are used to create each
tree, this may improve model performance if the features are relevant and useful. Overall, the
changes in hyperparameters indicate an attempt to adjust the model to better fit the specific
dataset at hand, balancing between bias and variance and potential overfitting. The
experimental results in Figure 2 show an improvement when the model is adjusted with
hyperparameters using the grid search technique. The evaluation matrix value changes, the
RMSE value and MAPE value decrease to 7.425% and 19.028%, which indicates that the
average prediction is closer to the actual value compared to the model using the default
parameter settings that can be said that the prediction performance has improved to be more
accurate. Overall, this is in line with some previous research, that understanding and
optimizing the parameters in the application of machine learning algorithms is crucial to
achieve the best performance in various applications [13], [17], [18].

In Figure 2, which shows the results of the DTSM log prediction, , qualitatively at some
depths there are still differences with the actual data. Such as at depths of 4552 - 4710 meters,
4725 - 4740 meters, 4755 - 4775 meters, and 4960 - 4975 meters. This is due to the lack of
quantity and quality of data so that the accuracy of the algorithm is not well enough to predict
DTSM logs at a particular depth. The quality of the data used has decreased due to the use of
the listwise deletion technique which is one of the processes in the preprocessing phase for
handling missing values. Listwise deletion is a method to handle missing data by deleting all
rows of records that have missing values. Although this approach is simple, straightforward,
and is used in almost 97% of studies [7], but listwise deletion can lead to a reduced sample
size, potentially causing a loss of statistical power and biased parameter estimates [19].
According to some studies this method may not be the most efficient method to deal with
missing data, as it discards valuable information and can produce mathematically
inconsistent metrics [19], [20]. In this research, the large amount of missing data means that
a lot of data has to be deleted making the dataset smaller, which can significantly affect the
results of the DTSM log prediction model. This smaller dataset constrains the ability of the
model to learn effectively, especially if the original dataset is not large. In addition, listwise
deletion may introduce bias into the model, especially if the missing data is not random.
Therefore, the model may not be able to accurately represent the formation at some wellbore
depths, resulting in less accurate predictions. It is important to carefully consider and find
alternative methods, e.g., imputation techniques for optimization to handle these cases of
missing values. Overall, there is a significant potential contribution of machine learning to
the sonic log prediction (DTSM) problem, which is represented by the experimental results
that show good performance with a MAPE value of 7.713% and an RMSE of 19.699.

5 Conclusion

The results of this research show significant impact of hyperparameter tuning using the grid
serach technique on the performance of machine learning models in sonic log prediction
(DTSM) is evident. The parameter tuning has resulted in better accuracy, as shown by lower
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RMSE and MAPE values of 7.713% and RMSE value of 19.699. Limitations in data quality
and quantity affect the training of machine learning algorithms, which is possibly one of the
reasons for the inaccuracy of DTSM log prediction results, especially at particular depths in
the well bore. In addition, the results highlight the need of alternative missing values handling
methods to improve model accuracy. The use of listwise deletion techniques to handle
missing data, showed drawbacks such as reduced sample size and potential bias, which
adversely affected the limitations in data quality and quantity. This affects the training of
machine learning algorithms, which is possibly one of the reasons for the inaccuracy of
DTSM log prediction results, especially at certain depths in the well bore. Overall, the results
of this research not only showed the potential and significant contribution of machine
learning in DTSM log prediction, but also highlighted the need of continuous methodological
advancements in data processing and algorithm optimization for future geophysical
applications.
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