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ABSTRACT	 Accurate determination of shear slowness (DTS) is essential for well placement 
optimisation, mechanical rock property estimation, and reservoir characterisation. 
However, direct DTS measurement is expensive, limited in availability, and lacking 
repeatability. Traditional empirical methods require extensive calibration and are only 
valid for specific rock types. This study presents the voting regressor (VR), an ensemble 
machine learning (ML) technique combining Extra Trees, Random Forest, Gradient 
Boosting, LightGBM, support vector regressor, and multi-layer perceptron to enhance 
DTS prediction. The model uses well logs including gamma ray (GR), bulk density (RHOB), 
porosity index (PHIX), and compressional slowness (DT), applied to the Tensleep Formation 
in the Teapot Dome field, Wyoming, USA. Each model was evaluated using the coefficient 
of determination (R2), mean absolute error (MAE), mean-squared error (MSE), and root 
mean-squared error (RMSE). A weighted averaging approach based on R2 performance 
was used to build the VR model, achieving an R2 of 0.96, RMSE of 0.19, MAE of 0.12, and 
MSE of 0.037. DT, PHIX, and RHOB were the most important features, while GR showed 
minimal impact. Validation on two unseen wells confirmed a strong generalisation of the 
VR (R2 = 0.91-0.92). This work highlights the potential of ML for accurate DTS prediction 
and improved subsurface characterisation in data-limited settings.
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1. Introduction

Machine learning (ML) has become a transformative tool in geophysics, particularly in 
well logging and reservoir characterisation (Yazid and Gaci, 2022, 2024; Lawal et al., 2024). 
As subsurface formations grow increasingly complex, drilling costs rise, and challenges 
(such as missing well-logging data) persist, the need for accurate predictions of key logging 
parameters [such as shear slowness (DTS) and compressional slowness (DT)] has become 
critical. DTS plays a fundamental role in evaluating mechanical rock properties and identifying 
fracture zones (Boulassel et al., 2025a, 2025b; Ma et al., 2025) as well as determining fluid 
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types and characterising overall formation properties (Gaci and Hachay, 2017; Amoura et 
al., 2019, 2022; Boulassel et al., 2021; Meng et al., 2024). These insights are essential for 
optimising drilling operations, enhancing reservoir characterisation, and reducing exploration 
risks.

Given the high cost and technical challenges associated with direct DTS measurements, 
predictive techniques have gained considerable attention. Traditional mathematical correlations 
and regression models, such as those cited in Olayiwola et al. (2021), have been widely employed 
to estimate Vs (or DTS) from related parameters like compressional velocity (Vp), bulk density 
(RHOB), and resistivity. These techniques range from simple linear relationships, such as the 
Picket (1963) model (VS = VP/1.9), to more complex polynomial and multivariate equations, like 
the Brocher (2005) and Anemangly et al. (2019) formulations. While these approaches provide 
a foundation for DTS estimation, their applicability often hinges on specific lithological and 
depositional conditions, limiting their generalisability across diverse formations (Greenberg and 
Castagna, 1992; Brocher, 2005). Furthermore, formation-specific bias, wireline environmental 
effects, and variations in borehole conditions, which should be considered when interpreting 
results, can affect the applicability of any predictive model.

In contrast, ML approaches offer a powerful and flexible alternative by learning complex, 
nonlinear relationships directly from data. These methods leverage a wide range of well-logging 
inputs to predict DTS with improved accuracy and robustness. By effectively filling gaps in 
datasets and accounting for local geological variations, ML techniques can outperform traditional 
correlations in heterogeneous and complex reservoirs. The application of ML in geophysics can 
be traced back to the early use of neural networks for seismic data processing. Since then, its role 
has expanded significantly with the availability of big data and increased computational power. 
Currently, ML techniques are trained on historical well-logging data to predict critical logging 
parameters in new or under characterised wells, effectively reducing the need for expensive and 
time-consuming logging operations. This approach also offers the advantage of inferring missing 
data in older wells from neighbouring wells with similar geological settings (Dongapure, 2024; 
Nwankwo et al., 2024).

Various research efforts have demonstrated the efficiency of ML techniques in predicting 
DTS and DT. For instance, techniques such as Gradient Boosting (GBoost), Random Forest (RF), 
Extra Trees (ETR), Support Vector Regressor (SVR), and others have been employed individually 
to predict DTS based on available well-logging data, showing high accuracy (Yu et al., 2021; 
Cui et al., 2025). Furthermore, deep learning approaches, including artificial neural networks, 
and convolutional neural networks, have significantly enhanced prediction performance by 
capturing nonlinear connections and spatial dependencies in complicated reservoir formations 
(Kanfar et al., 2020; Zhang et al., 2022). In addition, unsupervised ML approaches, that include 
clustering algorithms and principal component analysis, have been utilised to categorise 
distinct lithofacies based on well data (Joshi and Raghuvanshi, 2021; El-Dabaa et al., 2024). 
Hybrid models, which combine ML with geostatistical methods, have also been developed 
to improve the spatial resolution of predictions across reservoir intervals (Al-Handhali et al., 
2023; Zhang et al., 2025).

However, ML application continues to face challenges in geoscience, particularly in model 
generalisation and interpretation. Reservoir heterogeneities and the quality of training data can 
significantly affect model performance. While ML techniques can achieve high accuracy, they 
may be difficult to generalise across geological contexts. The evolution of ML algorithms has 
addressed many of these limitations. Although individual techniques such as RF, ETR, and GBoost 
are effective, recent advances in ML have demonstrated that combining multiple improved 
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algorithms into a single predictive framework can further enhance accuracy and robustness. 
This approach, known as voting regression (VR), integrates the strengths of different models, 
resulting in better generalisation and performance across diverse datasets (Drucker et al., 1996; 
Cui et al., 2025).

This work presents an ensemble-based approach that combines six ML models: GBoost, RF, 
ETR, LightGBM (LGBM), SVR, and multi-layer perceptron (MLP) to estimate DTS using well-logging 
data. Each method contributes its strengths, enabling the model to perform reliably in varying 
geological formations. This strategy is beneficial when direct DTS recordings are not available, 
offering a practical and efficient alternative for petrophysical analysis.

The structure of the paper is as follows: after the introduction, Section 2 describes the 
methodology and the approach proposed and Section 3 presents the outcomes of the suggested 
model, along with a discussion of the results from each executed step. The paper concludes with 
a final section that summarises the results.

2. Methodology and proposed approach

This study presents a hybrid ensemble framework to estimate DTS from well-logging data, 
utilising a VR that integrates six well-established ML models: ETR, RF, GBoost, LGBM, SVR, and 
MLP. The selection of these specific individual models was informed by their demonstrated 
performance in previous applications (Huang et al., 2020; Aziz et al., 2023). These models, 
widely recognised in geoscientific and petrophysical research (Anemangely et al., 2019; Xu et al., 
2022; Cherana and Aliouane, 2024; Hassaan et al., 2024; Lawal et al., 2024), are combined in a 
unified ensemble to exploit their diverse learning capabilities and improve generalisation across 
heterogeneous subsurface settings.

The ensemble leverages a VR, which synthesises predictions from multiple models into a 
single output. A weighted voting strategy is employed, where the influence of each model on the 
final prediction is proportional to its performance during validation, thus allowing more reliable 
models to contribute more significantly. This avoids the unrealistic assumption of equal model 
efficacy inherent in simple averaging methods. By integrating tree-based, kernel-based, and 
neural-based learners, the models capture complex linear and nonlinear relationships within the 
logging data. This design minimises individual model biases and enhances prediction robustness 
across variables. 

The contribution of each model to the final ensemble prediction is governed by a weighting 
scheme based on the average R2

2 score across test wells. The individual average performance of 
model Mi, denoted 

_
R2

i  , is computed as:

(1)

where T is the number of test wells and R2
i,j is the performance of model Mi on the j-th test set.

These averages are, then, normalised to form weights wi satisfying Σm
i=1 wi = 1, where m is the 

number of models (Chen and Luc, 2022):

(2)
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Weights are non-negative, normalised to sum to one, and computed from out-of-fold R2 
values. Near-uniform weights reflect the comparable strength of the base learners and help 
stabilise variance. The final ensemble prediction is obtained as a weighted sum of the individual 
model outputs, thereby enhancing robustness and favouring models with stronger generalisation 
capacity. As an avenue for future work, stacking approaches (e.g. non-negative least squares on 
out-of-fold predictions) could be used to estimate weights adaptively.

The model development process consists of two major phases: data preparation and 
ensemble construction and evaluation. In the data preparation phase, well logs were cleaned, 
normalised using the Yeo-Johnson power transform, and split into training and test sets with 
fixed random seeds to ensure reproducibility. During ensemble construction, each base model 
was trained individually and their outputs were aggregated under the voting scheme to yield the 
final regression output.

Fig. 1 illustrates the structured architecture of the ensemble workflow, which supports 
coordinated training and evaluation, yielding reliable and generalisable results for DTS 
prediction. 

Fig. 1 - Model training and evaluation workflow.



5

Ensemble voting regressor for shear slowness	 Bull. Geoph. Ocean., XX, XXX-XXX

2.1. Data collection and preprocessing

Following the acquisition of well-logging data, a systematic preprocessing pipeline is 
implemented to ensure data integrity and analytical reliability. The procedure includes the 
following steps:

a)	 variable selection: the input features used for model development include GR, RHOB, total 
porosity (PHIX), and DT, which are well-established indicators of lithological and elastic 
properties relevant to DTS prediction;

b)	 normalisation: to mitigate disparities in scale and units, the Yeo-Johnson power transform 
is applied. This method is particularly effective for stabilising variance and addressing 
skewed distributions, making it suitable for the typical characteristics of well-logging data;

c)	 statistical profiling and outlier detection: descriptive statistics (mean, standard deviation, 
quartiles) are computed for each feature. Box plots are used to visually detect and remove 
anomalous values that may distort the learning process;

d)	 correlation analysis: pairwise relationships among variables are explored using pair plots 
and correlation matrices to assess redundancy and identify the most influential predictors.

2.2. Model training and validation framework

To rigorously evaluate model performance, two validation schemes are employed. First, the 
models are trained on the combined data from all wells and tested individually on each well, to 
assess generalisation to unseen spatial domains. Second, the dataset is randomly partitioned 
into training (70%), test (15%), and validation (15%) subsets to evaluate temporal or intra-well 
variability. For reproducibility, the random seed was fixed (at 42) during partitioning. 

The split was performed without stratification by well, allowing samples from all wells to 
be represented across training, validation, and test subsets. Because this random split was 
not stratified by well, the 70/15/15 results primarily assess within-field interpolation. Cross-
well generalisation is, therefore, evaluated via the held-out wells (W9 and W10). Each of the 
six regressors is independently trained and fine-tuned using the training set. The predictions 
are subsequently aggregated using a weighted voting mechanism, informed by the relative 
predictive power of each model. 

To quantify the prediction quality, four commonly used regression metrics are computed:

(3)

(4)

(5)

(6)

where yi and ŷi denote the observed and predicted DTS values, y
_

 is the mean of observed values, 
and n is the total number of samples.
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3. Results and discussion

3.1. Data acquisition

We gathered well-logging data from 10 wells located in the Tensleep formation (refer to Table 
1). The U.S. Department of Energy and the Rocky Mountain Oilfield Testing Center (RMOTC) 
manage the Teapot Dome field, which is under the ownership of the U.S. government. The 
Teapot Dome field, also known as Naval Petroleum Reserve-3, is an asymmetrical Laramide-age 
anticline on the south-western edge of the Powder River basin (Fig. 2). The direction of its axis is 
NW-SE (Beinkafne, 1986; Cooper et al., 2001). It was formed as a result of geological constraints 
created by the Laramide orogeny, a period of uplift and reverse subsurface movement on a 
W-SW thrust beginning in the Palaeocene and ending in the Lower Eocene (Fanshawe, 1971; 
Mankiewicz and Steidtmann, 1979).

Table 1 - Data acquisition and organisation for model development.

	 Well	 Usage	 Split	 Features (inputs) and target (outputs)

	 W1 to W8	 Training/testing/validation	 70% training	 GR, RHOB, PHIX, DT → DTS GR, RHOB, PHIX, DT

			   15% testing	 → DTS GR, RHOB, PHIX, DT → DTS GR, RHOB, 

	 W9 and W10	 Unseen data	 15% validation	 PHIX, DT → DTS

			   100% testing

Fig. 2 - Location of the 
Teapot Dome field: 
a) map showing the 
geographical position of 
Teapot (Fox et al., 1990); 
b) structural direction of 
Salt Creek (topographic 
relief in green); c) 
structural map at the top 
of the Teapot oilfields 
(RMOTC document).
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3.2. Variable analysis

This section details the results of preprocessing of well-logging data, as well as statistical 
analysis and outlier removal. Fig. 3 shows an example of well-logging data for two wells (W1 and 
W4) in the studied depth interval. Table 2 presents the statistical description for the key features 
of the 10 wells studied, including GR, PHIX, RHOB, DT, and DTS. 

Table 2 - Descriptive statistics of the key well features from 10 wells.

	 Statistic	 GR (API)	 PHIX (v/v)	 RHOB (g/cm3)	 DT (µs/ft)	 DTS (µs/ft)

	 Mean	 91.995	 0.135	 2.547	 76.947	 138.895

	Standard deviation	 35.717	 0.062	 0.122	 13.562	 29.327

	 Minimum	 8.372	 0.000	 2.158	 45.587	 86.000

	 25th percentile	 70.393	 0.084	 2.467	 64.851	 114.083

	 Median (50%)	 91.222	 0.140	 2.541	 77.717	 138.832

	 75th percentile	 112.709	 0.186	 2.633	 88.116	 160.996

	 Maximum	 357.762	 0.347	 2.996	 137.331	 286.941

Fig. 3 -Example of well-logging data for W1 (top) and W4 (bottom) in the studied depth interval.
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These data provide a complete understanding of the formations travelled, showing the variety 
of geological and physical parameters, which is critical for further study and predictive reservoir 
modelling.

Fig. 4 - Correlation matrix of well-
logging data.

The correlation matrix from well logging gives a summary of the linear relation among 
variables, ranging from -1 to 1 (Fig. 4). There is a high positive correlation (around 1) seen between 
PHIX and DTS (0.86), as well as between DT and DTS (0.85), and between PHIX and DT (0.84), 
showing that these features tend to rise together. Moderate positive correlations were also seen 
between GR and DTS (0.58), GR and DT (0.56), and GR and PHIX (0.47). On the other hand, a 
strong negative correlation exists between PHIX and RHOB (-0.91), DT and RHOB (-0.72), and DTS 
and RHOB (-0.72). Based on this analysis, it can be concluded that DT, PHIX, and RHOB exhibit 
stronger correlations with DTS, while the contribution of GR is moderate but comparatively 
less important. The presence of outliers in the database negatively impacts the execution of 
ML techniques and, therefore, to address this problem, we use several methods such as the 
One-Class SVR, Isolation Forest, Minimum Covariance Determinant, Local Outlier Factor, and 
Standard Deviation Filter. The provided boxplot illustrates the impact of these outlier removal 
methods on well-logging data; we compare the distribution of the log variables before and after 
outlier removal (Fig. 5). The original well-logging data used for this study, contain numerous 
outliers, as seen in the boxplot, with many points outside the whiskers, especially in the GR 
and RHOB logs. After applying the One-Class SVR method, a significant reduction in outliers 
appears across all logs and the data distribution becomes more compact and symmetric, which 
indicates effective outlier removal, with 31,168 samples out of the original 34,633. The Minimum 
Covariance Determinant method shows effectiveness similar to the One-Class SVR method and 
achieves a compact and symmetric distribution across all logs while retaining 31,169 samples. 
The Isolation Forest and Local Outlier Factor methods show a substantial reduction in outliers, 
particularly in the GR and DTS logs, but the RHOB logs still have some extreme values. These 
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methods remove a large percentage of the data and retain only 17,317 and 24,243 samples, 
respectively. In contrast, the Standard Deviation Filter has the least impact, leaves most outliers 
in the data and retains 34,356 samples.

To choose the best method for outlier removal, it is crucial to balance outlier reduction with 
sample maintenance. Both the One-Class SVR and Minimum Covariance Determinant methods 
are effective, but One-Class SVR is slightly better due to its consistent performance, which makes 
it more suitable for accurate well-logging interpretation.

The pair plot shows the correlations between different scoring variables before and after 
using the One-Class SVR method to remove outliers. Before removal (left panel), the scatter plots 
indicate a significant presence of outliers that differ significantly from the overall data patterns, 
particularly in variables such as GR and PHIX (Fig. 6). After removal (right panel), the scatter 
plots indicate a tighter distribution, with fewer outliers, meaning that the method effectively 
identifies and removes outliers. The distribution of density on the diagonal reveals that the data 
distribution becomes more normalised when outliers are removed. 

These findings highlight the critical role of choosing suitable outlier removal methods to 
preserve the accuracy and consistency of the dataset. Ensuring the quality of data through 
effective outlier handling remains a key focus of current research in the field (Jha et al., 2022; Ali 
et al., 2023; Dastjerdy et al., 2023).

Fig. 5 - Effect of different outlier removal methods on well-logging data.
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Fig. 6 - Well-logging data pair plots before and after outlier removal using the One-Class SVR method (31,168 of 34,633 
samples retained).

3.3. Evaluation of machine learning models

Hyperparameter tuning was carried out for each ML model. These hyperparameters, 
which are critical model parameters, can significantly improve a model’s accuracy and ability 
to generalise when appropriately fine-tuned. The dataset was split into training and test sets. 
To explore a range of hyperparameter values, GRid Search Cross-Validation (GridSearchCV) was 
employed. The optimal values identified through this process are summarised in Table 3, which 
also explains the meaning of each hyperparameter, the range of values tested, and the selected 
optimal settings.

Each model was trained using the selected features (depth, GR, DT, PHIX, and RHOB) and 
the target variable (DTS). The testing step was conducted across eight wells (test 1 to test 8). 
The performance metrics for each model are presented in Fig. 7 along with the results for the 
proposed voting model for comparison. These results highlight the strong performance of both 
individual techniques and the proposed VR ensemble model. The variation in performance across 
different wells may be attributed to the fact that the same techniques and hyperparameters 
were used across all wells. This suggests that the size of the data available for training in each 
well influences the model performance, with more data generally leading to better performance.

Consequently, the data splitting strategy adopted in this study, with 70% for training, 15% 
for validation, and 15% for testing, ensured the development of a robust model capable of 
generalising well to unseen data. Six individual ML techniques were evaluated for their ability to 
predict DTS from well-logging data.

Among these, GBoost achieved the best performance with an R² of 0.9623, RMSE of 0.1846, 
and MAE of 0.1055, closely followed by LGBM with an R² of 0.9601 and RMSE of 0.1899. RF and 
ETR techniques also exhibited strong performance, with R² values around 0.959, while the SVR 
and MLP showed comparatively accuracy lower than the previous models, particularly the MLP, 
which achieved an R² of 0.8572 and RMSE of 0.3593. The results are summarised in Tables 4 and 5.
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Table 3 - Hyperparameters and optimal values for different models.

	 Algorithm	 Hyperparameter	 Search values	 Optimal value

		  Max_depth	 (5, 10, 50, 100, None)	 100

		  Max_features	 (3, 5, 10, 15)	 3

	
RF

	 n_estimators	 (200, 500, 1000, 1200)	 1080

		  Min_samples_split	 (2, 5, 8, 10)	 5

		  Max_depth	 (5, 10, 50, 100, None)	 100

		  Max_features	 (3, 5, 10, 15)	 3

	
ETR

	 n_estimators	 (200, 500, 1000, 1200)	 1087

		  Min_samples_split	 (2, 5, 8, 10)	 5

		  Learning_rate	 (0.01, 0.05, 0.1)	 0.01

		  Max_depth	 (5, 10, 50, 100)	 10

	
GBoost

	 n_estimators	 (500, 800, 1000, 1200)	 1000

		  Subsample	 (0.5, 0.7, 0.9, 1.0)	 0.7

		  Learning_rate	 (0.01, 0.05, 0.1)	 0.01

		  Max_depth	 (5, 10, 50, 100)	 10

	 LGBM	 n_estimators	 (500, 800, 1000, 1200)	 1000

		  Subsample	 (0.5, 0.7, 0.9, 1.0)	 0.7

		  Random_state	 (0, 21, 42)	 42

		  Kernel	 (linear, poly, rbf)	 rbf

	 SVR	 C	 (0.1, 1, 2, 10, 100)	 2.0

		  Epsilon	 (0.01, 0.1, 0.5)	 0.1

		  Hidden_layer_sizes	 ((15,), (50,), (100,), (150,))	 15

	 MLP	 Max_iter	 (500, 800, 1000)	 1000

		  Random_state	 (0, 21, 42)	 42

Table 4 - Prediction results on the test set for different models.

	 Model	 R² (test)	 RMSE (test)	 MAE (test)	 MSE (test)

	 RF	 0.9591	 0.1923	 0.1108	 0.0370

	 ETR	 0.9595	 0.1913	 0.1108	 0.0366

	 GBoost	 0.9623	 0.1846	 0.1055	 0.0341

	 LGBM	 0.9601	 0.1899	 0.1117	 0.0361

	 SVR	 0.9436	 0.2257	 0.1411	 0.0510

	 MLP	 0.8572	 0.3593	 0.2667	 0.1291

	 Linear regression 
	 (baseline)	

0.8308	 0.3909	 0.2951	 0.1528

To leverage the strengths of the previous models, a weighted voting model was developed, 
combining the individual techniques with weights proportional to their contributions.

The proposed weighted voting model demonstrates a good performance compared 
to individual models, effectively balancing accuracy and generalisation. By combining the 
predictions of six techniques through weighted averaging, the voting model achieves an R² of 
0.9582 and an RMSE of 0.1943 on the test set (Tables 6 and 7). This performance is on par with 
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Fig. 7 - Prediction 
evaluation results for 
each ML algorithm in 
each well.

Table 5 - Prediction results on the validation set for different models.

	 Model	 R2 (validation)	 RMSE (validation)	 MAE (validation)	 MSE (validation)	 Execution time (s)

	 RF	 0.9563	 0.1972	 0.1108	 0.0389	 207.8902

	 ETR	 0.9581	 0.1930	 0.1092	 0.0372	 79.1228

	 GBoost	 0.9596	 0.1897	 0.1052	 0.0360	 183.6903

	 LGBM	 0.9587	 0.1918	 0.1114	 0.0368	 2.3130

	 SVR	 0.9446	 0.2219	 0.1368	 0.0493	 48.9106

	 MLP	 0.8632	 0.3488	 0.2595	 0.1216	 2.8410

	 Linear regression 
	 (baseline)	

0.8320	 0.3865	 0.2929	 0.03888	 0.0000

Table 6 - Average weights for each model. Weights are computed from Eqs. (1) and (2) using the average per-well R2. 
Because all models achieved similarly high R2 values (≈ 0.94 – 0.96, Tables 4 and 5), the resulting weights are nearly 
uniform, indicating balanced contributions across models.

	 Model	 RF	 ETR	 GBoost	 LGBM	 SVR	 MLP

	 Average weight	 0.17	 0.170074	 0.170563	 0.170176	 0.167257	 0.15193

Table 7 - Performance assessment of the proposed voting model. Execution time for the ensemble includes aggregation 
overhead (units: s).

	 Voting model	 R²	 RMSE	 MAE	 MSE	 Execution time

	 Test	 0.9582	 0.1943	 0.1223	 0.0378	 532.7050

	 Validation	 0.9572	 0.1951	 0.1201	 0.0381	 -
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the best individual models, such as GBoost, LGBM, ETR, and RF, while surpassing SVR and MLP. 
Similarly, on the validation set, the voting model maintains its high accuracy with an R² of 0.9572 
and an RMSE of 0.1951, highlighting its capacity to effectively generalise to novel, unseen data. 
Relative to a linear regression baseline (DTS ~ DT + RHOB + PHIX), the ensemble improves by 
ΔR² ≈ 0.13 and reduces RMSE by ≈ 0.20 on the test set, underscoring the value of nonlinear 
learners and ensembling.

Execution time analysis reveals a clear trade-off between accuracy and computational cost. 
While the ensemble voting model required ~533 s due to its integration overhead, individual 
models such as LGBM (2.31 s), GBoost (183.69 s), RF, and ETR (tens to hundreds of seconds) 
delivered comparably high accuracy within substantially shorter timescales. This indicates that 
in time- or resource-constrained applications, single models may be the more practical choice. 
Nevertheless, the ensemble remains valuable for its robustness, as it combines complementary 
strengths of multiple learners, mitigates bias and variance, and ensures more consistent 
performance across heterogeneous wells.

Scatterplots of predicted versus actual DTS values further validate the model’s performance 
(Fig. 8). The voting model shows minimal deviation from the ideal fit line, highlighting its 

Fig. 8 - Scatter plots of actual DTS versus predicted DTS for six individual techniques and the proposed model compared 
with baseline classical linear regression, for both the test and validation sets.
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accuracy and robustness. By comparison, SVR and MLP show greater spread, indicating weaker 
predictions. The weighted voting model is particularly advantageous because it combines 
the complementary strengths of GBoost, LGBM, and other techniques while minimising the 
influence of weaker techniques like MLP. This ensures competitive accuracy, improved stability 
and reliability, making the ensemble model more effective for predicting DTS in well-logging 
tasks.

To explain the performance of each model, the analysis of feature importance across various 
regression techniques provides valuable insights into how well-logging parameters influence the 
prediction of DTS, as presented in Fig. 9.

These relationships align with physical principles (Table 8). The key predictor in all 
techniques is DT, which demonstrates a strong correlation with DTS due to the fundamental 
relationship between compressional and shear wave in rock physics (Serra, 1984; Asquith et al., 
2004).

The relationship between DT and DTS is further explained through the Vp equation, 
highlighting how changes in DT significantly influence shear wave velocity. This makes DT the 
most influential predictor in DTS prediction. Shear velocity (Vs) is inversely related to DTS and 
reflects the critical role of rock properties, such as elasticity and density, in determining shear 
velocity and influencing DTS prediction. While DT and DTS both vary in response to similar 
elastic properties and RHOB, they differ in magnitude, with DT generally being lower than DTS. 
Total PHIX is another important feature, especially in nonlinear techniques like SVR and MLP. 
Higher PHIX typically reduces shear velocity, consistent with theoretical understanding. RHOB 
also impacts DTS prediction but is secondary to DT and PHIX. GR remains the least important 
feature, consistent with its role as a lithological indicator rather than a direct predictor of elastic 
properties (Serra, 1984; Asquith et al., 2004).

Table 8 – Key equations used in the analysis of future importance.

	 Equation	 Description	 Reference

		  Compressional slowness as a function of porosity. 
		  DT: compressional slowness (μs/ft); φ: porosity (fraction);	 Serra (1984) 
		  Δtma: matrix slowness (μs/ft); Δtf: fluid slowness (μs/ft).

		  Compressional (P-wave) velocity. Vp: velocity 
		  (m/s or ft/s); K: bulk modulus; μ: shear modulus;	 Pirson (1963) 
		  ρb: bulk density (g/cm3).

		  Shear (S-wave) velocity. Vs: velocity (m/s or ft/s); 
		  DTS: shear slowness (μs/ft).	 Asquith et al. (2004) 
		  Other symbols as above.	

		  Bulk density mixing law. ρb: bulk density; ρf: fluid density; 
		  ρma: matrix density. Densities in (g/cm3).	

Serra (1984)

		  Gamma-ray response. First expression: theoretical 
		  activity concentration. ρ: mineral density (g/cm3); 
		  V: volume fraction ; A: specific activity (Bq/g);	

Pirson (1963) 
 

		  ρb: bulk density (g/cm3). Second expression: practical	
and Serra (1984)

 
		  logging calibration. [K]: potassium (%);[U]: uranium (ppm); 
		  [Th]: thorium (ppm). a, b, c: tool-specific calibration 
		  constants (API per unit concentration).
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Tree-based techniques such as RF, ETR, and GBoost emphasise DT as the leading feature, 
with moderate consideration of RHOB and PHIX. LGBM assigns slightly more weight to GR due to 
lithological effects, whereas MLP and SVR techniques give greater importance to PHIX.

From Fig. 10, the feature importance of voting model analysis confirms that DT is the most 
influential predictor, followed by PHIX, RHOB and GR that have a moderate to lower influence. 
These findings align with earlier research (Castagna et al., 1985). Thus, tree-based techniques 
and the boosting model best capture the impact of acoustic travel time, density, and porosity 
on DTS, which explains their more accurate predictions compared to techniques emphasising 
secondary features.

a

c

e

b

d

f
Fig. 9 - Feature importance of each individual model. Note: for tree-based models (RF, ETR, Gboost, and LGBM), 
importance corresponds to impurity-based measures, whereas for SVR and MLP it is obtained via permutation 
importance on a common held-out test set. Importances are not directly comparable across model families but 
indicate the relative influence of features within each model.
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3.4. Performance assessment of voting techniques on unseen data

In the final phase, the VR model was validated on two independent wells, W9 and W10, 
which were excluded from training and testing to provide an unbiased evaluation. On the 
normalised scale, the model achieved an R2 of 0.92 for both wells, with low errors (RMSE ≈ 0.28; 
MAE ≈ 0.17-0.18). On the original (denormalised) scale, performance remained strong with 
R2 = 0.91. For W9, RMSE was 9.02 ms/ft and MAE was 5.42 ms/ft, while for W10, RMSE was 
8.54 ms/ft and MAE was 5.59 ms/ft. Visual inspection of the crossplots confirmed the close 
agreement between predicted and observed DTS values.

Residual analysis showed that for W9, the mean residual was 171 ms/ft with a standard 
deviation of 8.86 ms/ft, while for W10, the mean residual was -1.70 ms/ft with a standard 
deviation of 8.37 ms/ft. These results indicate that most predictions fall within ±9 ms/ft of the 
true values, reflecting minimal uncertainty relative to the DTS range and reinforcing the reliability 
of the VR model (Figs. 11 and 12 and Table 9).

Fig. 10 - Feature importance of the voting model. The ensemble-level importance was derived by aggregating the 
contributions of base learners according to their weights.

Table 9 - Validation results of the VR model on wells W9 and W10 (left block = normalised scale; right block = original/
denormalised scale).

		
R2	 RMSE	 MAE	 R2	 RMSE	 MAE	 Mean	 Std. dev. 

	 Well	
(normalised)	 (normalised)	 (normalised)	 (original)

	 (original,	 (original,	 residual	 residual 
						      µs/ft)	 µs/ft)	 (µs/ft)	 (µs/ft)

	 W9	 0.92	 0.28	 0.17	 0.91	 9.02	 5.42	 1.71	 8.86

	 W10	 0.92	 0.27	 0.18	 0.91	 8.54	 5.59	 -1.70	 8.37
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Fig. 11 - Comparison of actual 
versus predicted DTS for wells 
W9 and W10 with residual 
analysis.

Fig. 12 - Scatter plot of actual versus predicted DTS with model performance metrics for wells W9 and W10.
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4. Conclusions

This study introduced an ensemble ML approach to predict DTS using well-logging data 
from the Tensleep Formation, aiming to enhance reservoir characterisation. Data preprocessing 
techniques, including outlier detection methods such as One-Class SVR and Minimum 
Covariance Determinant, were applied to enhance model predictions by refining the input data, 
which is critical for accurate subsurface analysis and characterisation. Several ML algorithms, 
i.e. ETR, GBoost, RF, LGBM, SVR, and MPL, were employed to predict DTS, with performance 
evaluated through R², MAE, and RMSE. The VR approach, which integrates the strengths of 
multiple models, showed superior performance compared to individual algorithms, with tree-
based and boosting methods delivering the best results in terms of accuracy and consistency. 
This highlights the advantage of ensemble techniques in improving prediction reliability. Feature 
importance analysis indicated that DT, total PHIX, and RHOB were the most influential variables 
for predicting DTS, while GR had minimal impact, in agreement with physical expectations. A 
limitation of this study is that the models were developed and validated on data from a single 
geological formation and region (Tensleep, SE Wyoming). Future work should, therefore, explore 
lithofacies or zonation-aware ensemble models to improve generalisation across different 
reservoirs and depositional settings. Overall, the ensemble methodology provides a robust 
framework for DTS prediction and offers valuable potential for broader geophysical applications 
in subsurface modelling.

Acknowledgments. The well-logging data used in this study are based on the Teapot Dome (RMOTC) 
dataset, with additional confidential extensions that cannot be shared. The RMOTC dataset is available 
under the original provider’s licensing terms. The code developed for model training, evaluation, and figure 
generation is part of ongoing research; however, the corresponding author can provide access for research 
collaboration upon reasonable request. Full methodological details are described in the manuscript. All 
experiments were executed on a laptop equipped with an Intel® Core™ i7-8550U CPU @ 1.80 GHz, 8 GB 
RAM (2400 MHz), and a 2 GB GPU, running Windows 11 (version 24H2, build 26100.6584). Models were 
implemented in Python 3.11 using scikit-learn (version 1.7.2) and LGBM (version 4.6.0). Execution times 
reported in Tables 5 and 7 represent wall-clock measurements obtained on this system. Ensemble times 
explicitly include both base-learner training and aggregation overhead.
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