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ABSTRACT - Shear-wave velocity (Vs) is an essential metric for subsurface characterization and CO2
storage evaluation. However, Vs measurements are frequently unavailable in mature fields due to limited
data acquisition. This research employs a machine-learning approach utilizing a Fully Connected Neural
Network (FCNN) to predict Vs and Vp/Vs logs at a potential CO: injection site within a heterogeneous
carbonate reservoir. Seismic elastic properties, particularly Acoustic Impedance (Al) and Vp/Vs, play a
crucial role in assessing reservoir capacity by linking elastic responses to petrophysical properties such as
porosity and water saturation. Conventional approaches, including the Castagna empirical relationship and
Multiple Linear Regression (MLR), are commonly used for Vs estimation. Nevertheless, these methods
often inadequately account for fluid-related effects. To address this limitation, this study examines two
predictive approaches: (1) indirect Vp/Vs derived from predicted Vs, and (2) direct prediction of Vp/Vs
prediction using a FCNN model. The findings indicate that direct Vp/Vs prediction demonstrate stronger
correlation with observed data (R = 0.8023) and improved sensitivity to lithological and fluid variations
compared to traditional methods. These findings underscore the advantage of directly predicting fluid-
sensitive elastic properties through machine learning, providing a more reliable framework for reservoir

characterization and CO: storage assessment in data-constrained carbonate formations.

Keywords: machine learning, Vp/Vs, multi-linear regression, castagna.

Copyright © 2026 by Authors, Published by LEMIGAS

How to cite this article:

Dayyan Dhaifullah, Sonny Winardhi, and Ekkal Dinanto, 2026, Prediction of S-Wave Using
Conventional Method and Machine Learning, Scientific Contributions Oil and Gas, 49 (1)
pp- 351-366. DOI org/10.29017/scog.v49i1.1988.

DOl org/10.29017/scog.v49i1.1988 | 351




Scientific Contributions Oil & Gas, Vol. 49. No. 1, March 2026: 351 - 366

INTRODUCTION

This study aims to predict shear-wave velocity
(Vs) at a site designated for potential CO: injection.
Achieving global net-zero emission targets requires
effective CO. mitigation technologies to reduce
atmospheric greenhouse gas concentrations. In this
context, seismic data are essential for monitoring
CO: injection and modeling carbon storage using
elastic attributes such as Acoustic Impedance (Al)
and the Vp/Vs ratio. These elastic properties can be
correlated with petrophysical parameters, including
porosity and water saturation, to evaluate the
reservoir's long-term carbon storage potential.

However, as commonly observed in mature
fields designated for CO: injection, data
availability remains limited particularly for shear-
wave velocity (Vs). Vs is a critical parameter in
CO: monitoring as it provides a more robust
representation of subsurface rock properties and is
relatively insensitivity to fluid variations, thereby
reflecting intrinsic lithological characteristics such
as porosity. Consequently, developing reliable
techniques to compensate for the lack of Vs data is
essential for improving reservoir characterisation,
especially in heterogeneous carbonate reservoirs.

In recent years, the utilization of machine-
learning methodologies in geophysical and
petrophysical studies has grown substantially.
Numerous studies have demonstrated that data-
driven models outperform traditional empirical and
linear approaches in predicting elastic properties by
effectively capturing nonlinear relationships among
well-log parameters. By integrating multiple
petrophysical logs, machine-learning models
achieve higher predictive accuracy and better
generalization across complex lithologies, thereby
improving reservoir characterization (Mehrad et
al., 2022; Zhang et al., 2022). Machine Learning
(ML) also provides a cost-effective and efficient
alternative to conventional methods for log
prediction (Zainuri, 2023). However, many
previous studies have primarily focused on
prediction accuracy without thoroughly addressing
fluid sensitivity and its implication for interpreted
elastic properties. Conventional techniques for
estimating Vs, such as the Castagna empirical
relationship and Multiple Linear Regression
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(MLR), have been widely employed and generally
produce acceptable results. However, these
approaches may struggle to accurately capture fluid
-related effects, given that Vs is inherently less
sensitive to fluid content variations. As a results,
Vs predictions derived from fluid-sensitive input
parameters may lead to misinterpretations in
reservoir characterization and CO: monitoring.

To overcome these limitations, this study
employs a machine-learning framework based on a
Fully Connected Neural Network (FCNN) to
predict Vs and directly estimate the Vp/Vs ratio.
The FCNN, also known as a dense neural network,
is one of the most widely used artificial neural
network architectures, characterized by full
connectivity between successive layers and its
ability to  model complex  nonlinear
relationships. Previous studies have successfully
applied neural network methodologies for Vs
prediction (Rajabi et al., 2023; Mousavi et al.,
2024; Bettir et al., 2024), demonstrating superior
performance  compared to  conventional
approaches in heterogeneous reservoirs.

The novelty of this research lies in the
comparative  evaluation of two predictive
strategies: (1) indirect estimation of Vp/Vs based
on predicted Vs, and (2) direct prediction of the
Vp/Vs ratio using an FCNN model. By comparing
this strategies with traditional approaches such as
MLR and the Castagna equation, this study
emphasizes the benefits of directly predicting
elastic properties that are more sensitive to fluid
variations. This approach reduces uncertainty
associated with fluid effects and provides a more
reliable representation of subsurface conditions for
CO: injection evaluation.

Overall, this framework contributes
methodologically by demonstrating that direct
machine-learning prediction of Vp/Vs exhibits
greater sensitivity to lithological and fluid
variations than traditional Vs-based methods. The
findings provide significant insights for predicting
elastic properties in data-scarce carbonate
reservoirs and support the application of machine
learning for improved reservoir characterisation in
CO. storage research. By leveraging nonlinear
relationships among well-log parameters, machine-
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learning models can generate predictions that more
closely represent actual subsurface conditions.

METHODOLOGY

In this study, Castagna method and machine
learning is used for prediction of Vs by utilizing
Vp/Vs approach. The Castagna method is use as
bridge to help machine learning building a initial
model for prediction of Vp/Vs, as the data in this
study has a limitation on depth for complete well,
Castagna method is used to help the deep well and
learning the Vs log model for the machine learning
initial model build. When the result shows a good
correlation to the complete data well. The model
will be used to predict the Vs data for well that
have a missing Vs log.

Empirical method of castagna

This study applies the Castagna wet limestone
relationship as a validation tool for wells without
measured Vs data. Cross-well validation is
essential in machine learning processes to ensure
that the model's predictive performance accurately
represents actual subsurface conditions. The
Castagna wet limestone relationship is an empirical
correlation developed by Castagna et al. (1993) to
estimate  shear-wave velocity (Vs) from
compressional-wave velocity (Vp) in water-
saturated carbonate rocks (wet limestone). This

measurements and well-log data across various
lithologies, including sandstone, shale, and water-
saturated limestone. As illustrated in figure 1, a
linear relationship exists between Vp and Vs.
Using Equation (1), Vs logs can be derived from
measured Vp logs. For wet limestone lithology, the
empirical equation is expressed as follows:

Vs = —0.05508. V2 + 1.0168V, — 1.0305 (1)

This equation demonstrates that lithology and
fluid saturation influence the relationship between
shear-wave velocity (Vs) and compressional-wave
velocity (Vp). Therefore, the Castagna wet
limestone correlation serves as a reliable empirical
reference for wvalidating the Vs predictions
generated by machine-learning models.

In addition, this study employs Multiple Linear
Regression (MLR) to predict the Vs log, providing
a benchmark for comparison with machine-
learning results. Rather than only using Vp log as a
conventional predictor of Vs, this study modifies
the traditional approach by incorporating multi-
attribute inputs within the MLR framework. The
resulting Vs predictions derived from MLR are
subsequently used to estimate either Vs directly or
the Vp/Vs ratio.

Multi-linear regression.

Multi-Linear Regression (MLR) is a statistical

technique employed to represent the linear

correlation was established using laboratory  relationship between a dependent variable (Y) and
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Figure 1: Crossplot between Vs and Vp illustrating the castagna wet limestone empirical relationship
(Castagna et al., 1993).
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multiple independent variables (Xi, Xa, ..., Xp).
The MLR model aims to construct a linear
equation that predicts the value of Y as a linear
combination of the input variables. In geophysical
log analysis, MLR is commonly applied in multi-
attribute log prediction, where several well-log
attributes are integrated to estimate missing or
unmeasured log parameters. In this study, MLR is
used as a baseline model to evaluate the predictive
performance of Vs and Vp/Vs logs generated by
the machine learning approach.

Fully connected neural network

The Fully Connected Neural Network (FCNN),
also known as a dense neural network, is a
fundamental and widely utilized design in Artificial
Neural Networks (ANN). In a FCNN, every
neuron in a given layer is directly connected to all
neurons in the subsequent layer, unlike the
localized connections employed in Convolutional
Neural Networks (CNNs).

Figure 2 illustrates the structure of a typical
FCNN neuron. This architecture emulates the way
human brain processes information processing
through interconnected layers of neurons. Each
neuron computes its output as a weighted linear
combination of its inputs, followed by the application
of a nonlinear activation function.

740

The fundamental operation of a single fully
connected layer can be mathematically expressed
as follows:

7O =W Oa=1) 4 p® (2)
a® = f(z(l)) 3)

where a(/ - 1) is the output (activation) from the
previous layer, W(') is the weight matrix that
connects layer / - 1 to layer /, and b(") is the bias
vector associated with layer /. In this study, FCNN
method was utilized to predict log Vs, and also Vp/
Vs ratio. The predictive performance of these two
outputs is then compared to evaluate the
effectiveness of direct versus indirect elastic
property estimation.

A Fully Connected Neural Network (FCNN)
architecture is developed based on the previously
mentioned framework. The design of the model
requires careful selection of several components
known as hyperparameters, which are defined prior
to the training process.

Unlike model parameters, which are learned
directly from the data, hyperparameters are
predefined and play a critical role in controlling
model complexity, convergence behaviour, and
generalization capability (Sudrazat et al. 2020).
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Figure 2. Example of neural network structure architecture with two hidden layers (Schmidhuber 2015).
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This study adopts a supervised learning approach,
which requires labelled data during training;
therefore, hyperparameters must be specified before
the training process (Probst et al., 2018). The
selection of hyperparameters is particularly important
in predicting elastic properties because subsurface
elastic responses are governed by complex and
nonlinear interactions among lithology, porosity, fluid
content, and pressure conditions. Machine-learning
models are capable of capturing these nonlinear
relationships and integrating multiple petrophysical
logs simultaneously, offering advantages over
conventional linear or empirical methods.

In this research, hyperparameters are categorized
into four main categories: (1) Architectural
hyperparameters, including the number of hidden
layers, numbers of neurons per layer, activation
functions, and output functions; (2) Learning
hyperparameters, such as learning rate, optimizer,
batch size, numbers of training epochs, and weight
initialization; (3) Regularization hyperparameters,
involving dropout rate, batch normalization, and
early stopping, which applied to prevent
overfitting; and (4) Data and training strategy
hyperparameters, comprising validation split ratio,
data shuffling, scaling method, loss function, and
learning-rate scheduling. The dataset is divided
into training and test sets, with the training data
used to build the machine-learning models.
Hyperparameter tuning and cross-validation are
subsequently performed to ensure that the model
produces consistent predictions (Wardhana 2021).

Each hyperparameter is carefully selected to
guarantee that the model accurately captures the
nonlinear behaviour of elastic parameters while
maintaining stability and generalization, especially
under data-scarce conditions. In this study, Mean
Squared Error (MSE) is used as the loss function
(see Equation 4), as it penalizes large prediction
errors and is well suited for regression-based
elastic parameter estimation. The application of
MSE facilitates optimization of the FCNN model
for precise prediction of Vs and Vp/Vs logs,
thereby enhancing the reliability of elastic property
characterisation.

MSE—lN | — ¥i)? (4)
—NZ(W yi)

where N is the number of samples, ); represents the
actual (true) value, and y; represents the predicted value.
The MSE quantifies the average squared difference
between the predicted and actual values; smaller MSE
values represent better model performance.

Data preparation

This study utilizes data from the East Java
Field, consisting of two wells: one with available
Vs log data (Well 2) and one without Vs
measurements (Well 1). Due to these data
limitations, the analysis emphasizes prediction of
the Vp/Vs log rather than direct estimation of Vs in
all intervals.

The two wells also differ in penetration depth.
The shallower well contains measured Vs data,
whereas the deeper well does not. This discrepancy
may affect machine learning-performance, as the
training dataset is dominated by shallow interval
information. To mitigate this limitation, data from
both wells are integrated into the training process.
Additionally, the Castagna equation is applied as a
reference constraint to guide predictions in Well 1.

Prior to model development, feature selection is
conducted to determine which logs should be used
as input variables. A correlation matrix is generated
to identify the logs most strongly correlated with
the target variable, as shown in Figure 3. This
matrix illustrates the degree of linear association
among logs, allowing selection of the most relevant
for training the machine-learning model. Based on
the result above, the most relevant features are
selected while non-informative features are
removed. This  process improves model
performance by reducing data complexity and
minimizing the risk of overfitting (Zainuri et al.,
2023). The correlation between Vp/Vs and Vs is
presented in the Table 1 below.

Table 1 indicates that only in-situ well-logs —
directly measured within the borehole — are used,
ensuring that the data accurately represent actual
subsurface condition. The table demonstrates the
relationship between the in-situ logs and the
predicted Vs and Vp/Vs logs, demonstrating a
reasonably strong correlation. The results suggest
that Vp/Vs prediction is sufficiently reliable, as the
overall trend is consistently preserved when
compared with the original well log data.
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Figure 3. Correlation matrix showing relationships among well logs.

In this study, Vs obtained from Multiple Linear
Regression (MLR) is used to support machine-
learning training process. Conventionally, Vp logs
are used as a reference predicting Vs because Vp
and Vs are known to exhibit a predominantly linear
relationship. However, Vp is highly sensitive to
fluid content, whereas Vs is relatively insensitive to
fluid variations. Consequently, if the predicted Vs
exhibits fluid sensitivity similar to Vp, it may not
accurately represent the true shear-wave velocity.
To address this issue, Vs derived from the multi-
attribute MLR approach is incorporated as training
input for machine learning model.

Once all relevant features are selected, the
machine-learning model can be constructed. The
initial step involves defining the appropriate
hyperparameters for model development. Careful
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hyperparameter selection is essential to prevent
overfitting and ensure that the trained model can
generalize effectively to other wells.

Data normalization

Data scaling is an essential preprocessing step of
machine-learning model development, especially
for gradient-based optimization algorithms such as
those used in Fully Connected Neural Networks
(FCNN)  (Goodfellow, 2016). The primary
objective of scaling is to ensure that all input
features share a comparable numerical range,
enabling stable and efficient model training.

Without proper scaling, features with large
numerical values (e.g., the Sonic log measured in
microseconds per foot) may dominate the weight
update process, while features with smaller
numerical ranges (such as porosity or gamma-ray
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Table 1. Result of Vs and Vp/Vs correlation to other logs.

Attribute Correlation with Vs Correlation with Vp/Vs
Vp 0.77 0.5
Vs 1 -0.86
Resistivity 0.69 -0.57
Gamma Ray -0.56 0.81
Neutron Porosity -0.95 0.79
Density 0.63 0.45

logs) may contribute less significantly. This
imbalance can lead to slow convergence, unstable
training, or even failure to converge due to
disproportionate gradients updates. In this study, the
Robust Scaler is employed as the normalization
technique for all logs used in model training. The
Robust Scaler utilizes median and interquartile range
(IQR) statistics for scaling, making it particularly
suitable for datasets containing outliers. As illustrated
in Function 5, the Robust Scaler transforms the data
using quartiles and IQR, thereby minimizing the
influence of extreme values.

Well-log data often exhibit significant
variability caused by lithological heterogeneity
or fluid presence. Therefore, the Robust Scaler
is considered appropriate for this application, as
it preserves important geological variations
while minimizing distortion from outliners. The
equation for the Robust Scaler is presented in
Equations 5 and 6.

. x —median (x)

X TTTI0RM ®)

IOR (x) = Q3 — Q1 (6)

The original data value (such as a log
measurement like density, gamma ray, or Vs) is
represented by x. The dataset's median, or median
(x), is the middle value when the data are sorted. It
is a reliable indicator of central tendency that is
less susceptible to outliers than the mean. The
interquartile range, represented by the quantity IQR
(x), is the difference between the first quartile (Q1)
and the third quartile (Q3), where Q1 is the
dataset's 25th percentile and Q3 is its 75th. By
deducting the median from the initial value and
dividing by the IQR, the normalized value x' (x

prime) is produced. This successfully scales the
data according to its spread while reducing the
impact of value.

Model evaluation

In the model evaluation stage, the selected
hyperparameters utilized in developing the
machine-learning models are clearly defined. A
key consideration is the proportion of data
allocated for training and validation. This study
examines the impact of different training—
validation split ratios to assess the model’s
generalization capability, particularly under limited
data conditions.

The choice of activation function and the
number of hidden layers form part of the network
architecture design. A four-layer neural network is
implemented in this study to balance model
complexity and overfitting risk while preserving
the intrinsic structure of the data. The Rectified
Linear Unit (ReLU) activation function is adopted
due to its computational efficiency and ability to
facilitate stable gradient propagation, making it
well suited for regression-based modeling task.

Model evaluation metrics and regularization
parameters are vital for performance assessment. In
this study, mean absolute error (MAE) is used as the
primary evaluation metric to quantify prediction
accuracy. In addition, the Pearson correlation
coefficient is applied to measure the strength and
direction of the linear relationship between predicted
and actual values. Equations 7 and 8 present the
mathematical formulation of MAE and the Pearson
correlation coefficient, respectively.

1
MAE = ;Zlml —ni| ...... (7)
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For equation 7, m; represents the measured
value, n; denotes the predicted value, and x is the
total number of samples. For equation 8, y; is the
actual value at i-th data point, y; is the
corresponding predicted value, y is the mean of the
actual values ¥ is the mean of the predicted values,
and N is the total number of observations.

A well-performing model is characterized by a
Pearson correlation coefficient approaching 1 and a
low MAE value, indicating minimal prediction
error and strong agreement between predicted and
observed data.

Figure 4 illustrates the workflow for predicting
the Vp/Vs log using a Fully Connected Neural
Network (FCNN). Several factors are considered
during model construction, including the learning
rate, the number of hidden layers, and the number of
neurons in each layer. These parameters significantly
influence model accuracy, convergence behavior, and
generalization performance, while also helping to
reduce overfitting. In this study, a learning rate of
0.001 is employed to ensure stable convergence

and alignment between predicted outputs and the
distribution of actual log data. Additionally,
regularization techniques such as early stopping
and batch normalization are implemented during
model training to further mitigate overfitting and
enhance generalization across different wells.

After identifying the optimal model
configuration, the trained FCNN is applied to predict
the Vp/Vs log in Well-2 , which contains complete
measured data. The predicted Vp/Vs values are then
compared with the corresponding  actual
measurements to evaluate model performance. If the
resulting correlation and error metrics are satisfactory,
the trained model is subsequently applied to predict
the Vp/Vs log for Well-1.

RESULT AND DISCUSSION

This study addresses several key aspects
necessary for accurate elastic property prediction.
As discussed previously, the Vs log is predicted
using both Multiple Linear Regression (MLR) and
the Castagna equation. However, within the
machine-learning workflow, the primary objective
is not to directly predict Vs, but rather to estimate
the Vp/Vs ratio. This methodology leverages the
capability of machine-learning models to capture
non-linear relationships between well-log attributes
and the Vp/Vs log.

o

@ TN

Figure 4. Workflow for building machine-learning model
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The develop the machine learning model begins
with defining appropriate hyperparameters and
validation  scenarios. Ulil  Albab  (2025)
demonstrated that hyperparameter selection
significantly influences model performance. Rather
than  extensively = modifying  architectural
hyperparameter, this study focuses on varying the
proportions of training and validation datasets to
investigate their impact on predictive accuracy.

The training dataset is selected based on strong
correlations observed in Figure 3. The input logs
comprise NPHI, GR, RHOB, Resistivity, and Vs
MLR approach. Multiple
modeling scenarios are designed to assess model
performance different  data-splitting
configurations, as detailed in Table 2. Using a

derived from the
under

random split method across both wells, the training
proportion is varied from 50% to 70%. The
exhibits
performance under the 70% training configuration.

machine-learning model robust
When comparing the Vs log derived from the
predicted Vp/Vs ratio with the actual Vs log from
Well-2, the model

coefficient of 0.8204.

achieves a correlation

Further analysis shows that even when the
training subset is reduced relative to the validation
set, the model maintains a high correlation,
demonstrating the robustness of machine-learning
approach. Consequently, the trained model is
considered reliable for predicting the Vp/Vs log in

Well-1. Subsequently, Vs logs obtained from
MLR, the Castagna equation, and the machine-
learning model are compared using Well-2 data,
which contains measured Vs values.

Based on the correlation results in Table 3,
MLR produces higher correlation values compared
to other methods due to its ability to identify
linear relationships among log data. However,
its performance differs when fluid effects are
present. As shown in Figure §, both MLR and
Castagna methods fail to clearly identify gas-
bearing intervals.

Although Figure 5 indicates that all methods
show strong correlation with the measure Vs log in
Well-2 and that differences among methods appear
minimal, this similarity in the Vs domain does not
necessarily imply equivalent performance in
reservoir interpretation. All methods appear
reliable when evaluated solely against Vs
measurement. However, a critical consideration
is the role of Vp. According to the Castagna
relationship, Vs is linearly related to Vp, yet Vp
is significantly more sensitive to fluid content
than Vs.

To minimize fluid-drive bias, this study predicts
Vs indirectly through direct estimation of Vp/Vs
without explicitly using Vp as an input in the
machine-learning process. By directly predicting
the Vp/Vs, the model learns nonlinear interactions
among the input logs and generates Vs estimates

Table 2. Validation data scenarios used in the machine-learning model.

Parameter Correlation
No . Da}ta of Vs
validation/test Hidden Batch Epoch Activation Learning Well 2
layer size function rate
1 70%/30 % 4 128 1000 ReLu 0.001 0.8204
2 60 %/40 % 4 128 1000 ReLu 0.001 0.8236
3 50 %/50 % 4 128 1000 ReLu 0.001 0.8263

Table 3. Comparison of Vs predictions from all methods.

No Method Correlation
1 Machine learning 0.8204

Multi-linear regression 0.9384
3 Castagna wet limestone 0.7801
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Figure 5. Comparison of elastic properties prediction from all methods (Well-2). With red line is Vs_castagna, Blue line
is Vs machine learning, green line is Vs MLR and purple line is real Vs data.
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Prediction of Vs logs on Well 1
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Figure 6. Comparison of Vs Prediction from all methods in Well-1. With red line is Vs_castagna,
Blue line is Vs machine learning and green line is Vs MLR.
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Figure 7. Comparison of Vp/Vs logs from all methods in Well-1 . With red line is Vs_castagna,
Blue line is Vs machine learning and green line is Vs MLR
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Figure 8. Comparison of Vp/Vs logs from all methods in Well-1 with the Sw log.
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that are less influenced by fluid sensitivity.
Machine-learning techniques are particularly
suitable for this task due to their ability to model
complex nonlinear dependencies.

After achieving satisfactory results in Well-2,
evidenced by strong agreement between predicted
and measured Vs values, the trained model is
applied to Well-1. Figure 6 presents the predicted
Vs logs. The red curve represents the Castagna-
derived Vs, the green curve represents MLR-
derived Vs, and the blue curve represents the
machine-learning predictions. While the overall
trends appear similar, the Castagna method
consistently produces slightly lower Vs values
compared to the other approaches.

However, when these Vs results are transformed
into Vp/Vs ratios — an essential parameter for
reservoir characterization — clear differences
emerge. Although Vs logs appear comparable,
to Vp/Vs highlights

pronounced discrepancies among the methods. This

converting them more

emphasizes the importance of evaluating elastic
property predictions not only in the Vs domain but
also through derived elastic parameters such as Vp/
Vs, which provide more direct insight into

subsurface fluid conditions.

Figure 7 shows the Vp/Vs ratios obtained from
each method. In conventional approach, Vp is used
to derive Vp/Vs, whereas the machine-learning
model predicts Vp/Vs directly. The analysis
focuses on the red-highlighted. The Castagna
derived Vp/Vs (red curve), and MLR-derived Vp/
Vs (green curve) predominantly indicate water-
saturated conditions. However, the Sw log clearly
shows reduced water saturation at specific depths,
suggesting the presence of gas.

Under gas saturation conditions, Vp/Vs is
expected to decrease due to a reduction in Vp while
Vs remains relatively stable. Neither Castagna nor
MLR effectively captures this behavior. In contrast,
the machine-learning prediction (blue curve)
accurately reflects the gas-bearing interval by
detecting the reduction in Vp/Vs corresponding to
the Sw anomaly. This demonstrates that direct
prediction of Vp/Vs allows the model to capture
subtle nonlinear relationship influenced by fluid
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presence, which are not adequately represented by
traditional empirical methods.

These findings indicate that elastics property
prediction is more effective when performed directly
on parameters used to reservoir characterization, such
as Vp/Vs, Poisson’s ratio, or lambda—mu-rho
attributes. Although Vs is valuable for lithological
interpretation due to its relative insensitivity to fluid,
predicting Vs using fluid-sensitive inputs may
introduce ambiguity.

A more robust approach involves directly
predicting fluid-sensitive elastic attributes such as
Vp/Vs while subsequently deriving Vs if required.
This approach reduces uncertainty, improves of
fluid interpretations, and yields elastic responses
that more accurately reflect actual subsurface
conditions.

CONCLUSION

The results of direct prediction of Vp/Vs logs
demonstrate strong performance, aligning with
expectations for reservoir characterization. The
predicted Vp/Vs ratios effectively identify fluid
variations, highlighting the capability of machine-
learning techniques to model complex subsurface
relationships.

This study also evaluated various training-
validation configurations and finds that even
limited training data can produce satisfactory
predictive results. Comparison between machine-
learning predictions and measured data in Well-2
yields a correlation coefficient of approximately
0.8204, indicating the robustness and reliability of
FCNN approach for elastic property prediction.

Overall, direct production of Vp/Vs proves
more effective than indirect Vs-based approached
This study
show that machine learning able to predict the

for fluid-sensitive reservoir analysis .

condition of Vs log with the presence of fluids by
utilizing Vp/Vs approach. This study show the
limitation of depth has an effect to machine
learning initial build model that could cause miss
interpretation on the result of prediction so that’s
why by using Castagna method to help the learning
process for the machine learning in the missing Vs.
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GLOSSARY OF TERMS & SYMBOLS

Terms & Definition Unit
Symbols
Vp Velocity of P-wave m/s
Vs Velocity of S-wave m/s
RHOB Rock's density g/cc
NPHI Neutron porosity %
GR Gamma ray API
Sw Water saturation 0.Sw
FCNN Fully connected

neural network
ANN Artificial neural

network
MLR Multiple linear

regression
MAE Mean absolute

error
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