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Abstract: Due to complexities in geologic structure, heterogeneity, and insufficient borehole informa-
tion, shale formation faces challenges in accurately estimating the elastic properties of rock which
triggers severe technical challenges in safe drilling and completion. These geomechanical properties
could be computed from acoustic logs, however, accurate estimation is critical due to log deficit and
a higher recovery expense of inadequate datasets. To fill the gap, this study focuses on predicting the
sonic properties of rock using deep neural network (Bi-directional long short-time memory, Bi-LSTM)
and random forest (RF) algorithms to estimate and evaluate the geomechanical properties of the
potential unconventional formation, Permian Basin, situated in West Texas. A total of three wells
were examined using both single-well and cross-well prediction algorithms. Log-derived single-well
prediction models include a 75:25 ratio for training and testing the data whereas the cross-well
includes two wells for training and the remaining well was used for testing. The selected well input
logs include compressional wave slowness, resistivity, gamma-ray, porosity, and bulk density to
predict shear wave slowness. The results using RF and Bi-LSTM show a promising prediction of
geomechanical properties for Permian Basin wells. RF algorithm performed superior for both single
and grouped well prediction. The single-well prediction method using the RF algorithm provided
the highest accuracy of 99.90% whereas Bi-LSTM gave 93.60%. The best accuracy for a grouped well
prediction was achieved employing Bi-LSTM and RF models, i.e., 96.01% and 93.80%. The average
prediction including RF and Bi-LSTM algorithms demonstrated that accuracy for single well and
cross well prediction is 96% and 94% respectively with an error below 7%. These outcomes show the
astonishing capability of artificial intelligence (AI) models trained to create a realistic prediction to un-
lock unconventional potential when datasets are inadequate. Given adequate training data, operators
could leverage these efficient tools by utilizing them to examine fracture interpretations with reduced
cost and time when datasets are incomplete and thus increase the hydrocarbon recovery potential.

Keywords: geomechanical properties; deep neural network; artificial intelligence; sonic logs; Permian
Basin; bi-directional long short-time memory; random forest

1. Introduction

The safety and success of hydrocarbon resource exploration depend on the accurate
estimation of the geomechanical properties. Geomechanical properties thus play an essen-
tial role in developing conventional and unconventional reservoirs [1]. However, accurate
estimation is challenging due to complexities in geologic structure, heterogeneity, and
insufficient borehole information [2]. Existing analytical methods are time-consuming and
very expensive, requiring extensive transformations and lengthy laboratory tests. In addi-
tion, reliable target zone identification during the exploration requires accurate location
identification [3].
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Geomechanical properties locate the sweet spots for fracturing, which is crucial for
hydrocarbon recovery from complex formations [4]. They are obtained from the com-
pressional and shear wave slowness data, which augments the accuracy of hydrocarbon
production and fluid detection prediction. Geomechanical properties calculation requires
acoustic logs, including compressional travel time (DTC) and shear travel time (DTS).
The sonic data are usually acquired through an acoustic log or from core samples using
laboratory testing.

However, the complication of the process, along with the lack of information on the
borehole, makes it very challenging and time-consuming to obtain reliable logging data,
resulting in higher recovery costs and incomplete data sets with a log deficiency [5,6].
Different empirical and petrophysical models are used for predicting shear wave velocity
for different types of reservoirs, including mudstone structures [7–10], requiring robust
data sets that include mineral composition, pore structure, and fluid parameters. However,
due to several factors and limitations, empirical correlations cannot be easily selected. Poor
prediction of sonic logs using the empirical correlations and elastic parameters of rocks
estimation will be erroneous, leading to big financial issues [11]. Therefore, it is important
to reconstruct missing and/or distorted log sections during formation evaluation and
reservoir characterization.

During logging operations, broken or faulty tools can lead to many errors. It could
take measurements of a few zones, thereby avoiding other potential pay zones; thus,
contributing entirely erroneous data suite. So, it is necessary to rebuild missing and/or
inaccurate log sections during reservoir characterization and prospect evaluation. Accord-
ing to Castagna, using formation-specific and regression-based correlations, shear wave
velocity (Vs) can be estimated from the compressional velocity (Vp) [8]. On the other hand,
Brocher predicted vs. from the Vp, but there is a limitation for the Vp range [12], which
trigger more investigation on acoustic logging.

In recent years, the use of artificial intelligence (AI) has been increasing extensively for a
wide range of engineering and industrial purposes [13,14]. Among them, one of the fastest-
growing sectors is the petroleum industry. This tool is predominantly used for the estimation and
optimization of petrophysical properties [15–19], geomechanical properties [20–22], reservoir
fluid properties [23–28], and parameters related to drilling [29–37]. Researchers employed
different ML methods, including an artificial neural network, fuzzy logic, functional network,
etc. to predict and analyze geomechanical properties [38–46]. The studies reveal that different
types of formation differ significantly in behavior, and rock mechanical properties are more
complex than ideal materials.

There is a knowledge gap in terms of the unavailability of algorithms for predicting
DTS, especially for the formation with distinct geologic heterogeneity, even with the
advances in the data-driven artificial neural networks applied in the petroleum field.
However, for the effective prediction of sequential data, the use of the Bi-LSTM model has
been reported [47].

The Permian Basin located in the West Texas region become one of the most productive
energy regions in the world. The geographic region is shown in Figure 1. The basin reserve
is reported about 92.3 billion barrels of oil and 300 trillion cubic feet of natural gas which
is 38 times Alaska’s reserves and forecasted capable of meeting U.S. energy demand for
60 years [48]. However, the basin continuously faces severe technical challenges during the
drilling, completion, and fracturing. In addition, there is a knowledge gap in terms of the
lack of an accurate method for estimating the elastic characteristics of the formation, which
is vital for safely and efficiently executing the drilling and completion program [49].
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model random forest (RF) algorithm were employed to predict the shear wave slowness.  

Prediction of the acoustic data accurately will give dependable data on the reservoirs’ 

elastic properties. This study elaborates an ancillary method for forecasting reservoir elas-
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Figure 1. The geographic region of the Permian Basin, West Texas. The study area is in the Reeves
county of Delaware Basin, and wells from Upton and Glasscock counties of Midland Basin (green-red
star). Midland and Delaware basin stratigraphy is adapted from Ramiro-Ramirez et al. [50].

This study focuses on a handy and easy-to-use artificial neural network (ANN) model
that is capable of predicting missing or incomplete information. To accomplish this objec-
tive, two ANN models were applied to forecast shear travel slowness (DTS) from different
input log data. Supervised deep neural network, Bi-LSTM, and classical ML model random
forest (RF) algorithm were employed to predict the shear wave slowness.

Prediction of the acoustic data accurately will give dependable data on the reservoirs’
elastic properties. This study elaborates an ancillary method for forecasting reservoir elastic
properties using the predicted acoustic data when data sets are incomplete or absent. The model
results of the two models were then compared to examine the model’s efficacy.

Therefore, accurate prediction of the ANN-based models developed in this study will
address the knowledge gap. There is a significant improvement in both the treatment design
and the role of the geomechanicist with the adoption of the ML algorithms developed
in this study. Further, the operator can utilize the ML or AI models to audit the fracture
interpretations, saving costs and reducing time.

2. Methodology

ANN is an effective tool for constructing relationships between non-linear constraints
in the absence of abundant data in its structure. The log-derived prediction algorithm
includes porosity, bulk density, compressional travel time, gamma-ray, and resistivity as
input to predict shear travel time. Then, ML and deep learning algorithms were used to
predict DTS. Finally, dynamic Young’s modulus, Poisson’s ratio, and minimum horizontal
stress are estimated using the petrophysical correlation with predicted DTS value and
compared. A total of two prediction methods are used to predict DTS value: single well
and cross well prediction.
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(a) In a single-well prediction, from the log data, 75% is used for training, and the
remaining 25% for testing, as illustrated from the workflow in Figure 2.

(b) Similarly, for a grouped or cross-well prediction (a group of wells from an identical
region), the data from two wells were used for training and the remaining third
well for testing. The three Permian Basin wells’ log data used for this study are
illustrated by the workflow in Figure 3. In this case, the test data are completely
unknown to trained models since the model is trained by another two wells from two
different regions.
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Figure 3. Algorithm for cross-well prediction.

We used both the ML algorithm random forest (RF) and a Bi-LSTM to examine and
compare the effectiveness of the prediction of geomechanical properties. Finally, we
calculated the average of both ML models’ results to generate a safe and realistic prediction.
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2.1. Machine Learning Algorithm

Random Forest: RF is an algorithm based on the decision tree which is used particu-
larly for providing precise and easy-to-interpret outcomes which are fit for purpose.

RF operates by constructing several decision trees from various subsets of data. The
model prediction is achieved by voting on the outcomes of multiple decision trees. (RF) is
implemented using the standard Python library [51]. We used the “RandomizedSearchCV”
library from Sklearn to optimize our hyperparameters for RF and found the optimized
parameter, where the estimator = 50, max features = ‘sqrt’ cross well, and max depth = 260.
We also changed these hyper-parameters for single wells and reported the results.

2.2. Deep Learning Mechanism

Bidirectional long short-term memory (Bi-LSTM): The current study's dataset is depth-
wise sequential. The prediction of the new dataset requires long-term dependencies. The
architecture of the LSTM model can learn patterns with long dependencies where the
conventional RNN models are not capable to perform for long-term relationships and
patterns [52–54]. During time series data prediction, LSTM has usually been found to
outperform RNNs. Thus, here, the LSTM model is employed as it is capable of capturing
both the temporal and spatial characteristics of the selected wells.

We defined a bi-directional LSTM layer with 50 neurons and set the batch size to 5.
To reduce the overfitting of the data, a dropout layer of 25% is applied after the first layer
of the Bi-LSTM model. ReLU is employed as the activation function. For the number one
layer, the Adam optimizer and MSE loss function are used in the current model and one
predicted output was in the last dense layer. During the training of the data, the model
iterated over 20 epochs. The ANN model employed in this study is presented in Figure 4.
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Figure 4. Architecture of Artificial Neural Network.

The Bi-LSTM architecture used in this study is shown in Figure 5. Where the LSTM
model has only a hidden layer and it predicts output based on previous information, the
Bi-LSTM model predicts based on the previous and subsequent data points. The well
data contextual in nature are sequential and can be used as bidirectional during the entire
training process. The hyperparameters are the same as the LSTM model mentioned above.
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Figure 5. Architecture of Deep Neural Network (Bi-LSTM) (adapted from Zaremba et al. [53]).

2.3. Processing of Data Set

The log data of the Permian Basin for the three wells studied in the work are numbered
from P1 to P3. Out of all unconventional formations in the USA, Permian Basin is the most
prolific hydrocarbon field that encompasses an area exceeding 86 thousand square miles in
West Texas. The well depth found in this study ranges from 3000 to 12,000 feet. The well
location and the lithologic characteristics are presented in Table 1.

Table 1. Well location and the lithologic characteristics.

Well County Basin Lithological Characteristics

P1 Glasscock Midland Clastic-carbonate and shaly limestone
P2 Reeves Delaware Interbedded sandstone with organic-rich siltstone
P3 Upton Midland Limestone interbedded with shale and sandstone

During the processing of the data, depth-wise acoustic data were recorded with other
logs. During the initial inspection of the raw, all the outliers were removed manually from
the data. The data source for this study is the Railroad Commission (RRC), Texas.

To predict acoustic velocity, for all three wells, the data points used are described in
Tables 2–4. To construct the model, a 75:25 ratio is used for training and testing the data.
About 3500 data points from three selected wells were made unseen from RF and Bi-LSTM
models and utilized later to validate. Each depth point has a total of six log parameters
utilized as input and the DTS value targeted an output.

Table 2. Dataset information from P1 well (Total datapoint = 14,235).

Depth RHOB RT GR POR DTC

Minimum 3221 2.337 0.167 6.332 0.0012 41.897
Maximum 10382 2.942 1065.73 570.639 0.218 96.009

Mean 6791.93 2.661 530.82 57.196 0.045 61.712
Std. Dev 2060.98 0.080 178.22 43.234 0.031 11.16



Energies 2022, 15, 8752 7 of 19

Table 3. Dataset information from P2 well (Total = 11,009).

Depth RHOB RT GR POR DTC

Minimum 251.5 1.475 0.0113 2.11 0.0001 44.93
Maximum 5822 3.625 1987.37 94.885 0.7554 154.414

Mean 3034.17 2.5490 705.45 28.417 0.1165 64.03
Std. Dev 1605.27 0.3561 183.98 16.697 0.087 12.3916

Table 4. Dataset information from P3 well (Total = 15,025).

Depth RHOB RT GR POR DTC

Minimum 5990 2.3355 6.3032 12.1092 0.0002 55.12
Maximum 8771 2.7409 1496.5 239.496 0.3225 93.197

Mean 7392.71 2.5494 184.07 86.283 0.1467 68.134
Std. Dev 800.01 0.056 615.94 28.67 0.0532 8.3736

Tables 2–4 presented the statistical parameters of the dataset used to construct the
models. The logging inputs below were obtained from Permian Basin wells and used in
constructing this model:

• Depth, (D) in ft
• Porosity (POR) in %
• Bulk density, (RHOB) in g/cm3

• Compressional travel time (DTC) in µsec/ft
• Gamma Ray (GR), in API
• Formation Resistivity (RT) in Ω-m

To avoid overfitting, AI algorithms employed have an early stopping nature. The
losses during training and validation events are assessed at each iteration, which is shown
in Figure 6 for three wells.
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Figure 6. Loss vs. Epoch on validation data during training for different wells.

The correlation matrix from the initial input data is shown in Figures 7 and 8 for
single-well and grouped-well cases respectively. These heatmaps show how each feature
is correlated with other well parameters. From Figures 7 and 8, it is evident that all input
parameters are positively correlated with each other, except for RT and RHOB values. This
inconsistency more likely happened due to the regional difference and bad quality of the
data obtained from the publicly shared domain, RRC. The parameters RT and RHOB are
negatively or weakly correlated, as shown in the heatmap, which impacted the predictions
made for both methods.
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2.4. Performance Evaluation

This study presented an open-source Python-based Keras machine learning and deep
learning application. Two statistical parameters were employed to compute and measure
the target and estimated value, accuracy (R2) and root mean square error (RMSE) [49].
These parameters can be expressed by Equations (1) and (2):

R2 = 1 − ∑n
i (yi − fi)

2

∑n
i (yi − ŷ)2 (1)

where yi is the original value; predicted value is fi, and ŷ is the arithmetic average of all
original values.

RMSE =

√
1
n

n

∑
i=1

(yi – fi)
2 (2)

3. Results and Analysis
3.1. Single-Well Prediction

In this prediction case, 75% of the data is used for training and the remaining 25% for
testing. The input logs contain the depth-wise DTC, PHI, RHOB, GR, and RT. The output is
shear wave slowness (DTS).

The R2 and RMSE of three wells predicted by these algorithms are presented in Table 5.
P2 well achieves the best model performance predicted by RF algorithms with an R2 value
of 99.90% and an error of less than 1% which is shown in Figure 9. Figure 10 shows the
single well prediction using Bi-LSTM. Well P1 performs best of all three well using DL with
an accuracy of 93.6%. In deep neural networks, Bi-LSTM exhibits lower accuracy compared
to RF.

Table 5. R2 and RMSE for single well DTS prediction.

AI Model Random Forest Bi-LSTM Average

Wells R2 RMSE R2 RMSE R2 RMSE

P1 0.996 1.229 0.936 5.620 0.966 3.424

P2 0.999 0.302 0.881 2.930 0.940 1.616

P3 0.903 5.831 0.809 7.600 0.856 6.716
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where 𝑦𝑖 is the original value; predicted value is 𝑓𝑖, and 𝑦̂ is the arithmetic average of all 

original values. 

RMSE = √
1

𝑛
∑(𝑦𝑖  −  𝑓𝑖)2

𝑛

𝑖=1

           (2) 

3. Results and Analysis 

3.1. Single-Well Prediction 

In this prediction case, 75% of the data is used for training and the remaining 25% for 

testing. The input logs contain the depth-wise DTC, PHI, RHOB, GR, and RT. The output 

is shear wave slowness (DTS).  

The R2 and RMSE of three wells predicted by these algorithms are presented in Table 

5. P2 well achieves the best model performance predicted by RF algorithms with an R2 

value of 99.90% and an error of less than 1% which is shown in Figure 9. Figure 10 shows 

the single well prediction using Bi-LSTM. Well P1 performs best of all three well using DL 

with an accuracy of 93.6%. In deep neural networks, Bi-LSTM exhibits lower accuracy 

compared to RF.  

Table 5. R2 and RMSE for single well DTS prediction. 

AI Model Random Forest Bi-LSTM Average 

Wells R2 RMSE R2 RMSE R2 RMSE 

P1 0.996 1.229 0.936 5.620 0.966 3.424 

P2 0.999 0.302 0.881 2.930 0.940 1.616 

P3 0.903 5.831 0.809 7.600 0.856 6.716 
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Figure 10. Single-well prediction using Bi-LSTM.

Figure 11 indicates the average model evaluation using both RF and Bi-LSTM for the
single well case. The result shows that the highest accuracy obtained is 96.6% for the P1
well. Though RF and Bi-LSTM performed dissimilar for each well, the calculated average
of both AI models’ predictions yielded a safe and realistic prediction, as shown in Figure 11.
The average error obtained for the single-well prediction is below 7%.
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The single-well DTS prediction results for all three wells are demonstrated in Figure 12.
Results obtained using both RF and Bi-LSTM show a promising prediction with an excellent
match of the predicted result with the original.
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3.2. Cross-Well Predictions

During the single-well prediction, the RF algorithm performed superior compared
to the Bi-LSTM model. Therefore, to enhance the model performance, the grouped well
prediction was made employing both the RF and Bi-LSTM model. Overall evaluation,
including individual well R2, RMSE, and the average for cross-well DTS prediction, is
illustrated in Table 6.

Table 6. R2 and RMSE for cross-well prediction.

AI Model RF Model Bi-LSTM Average

Wells R2 RMSE R2 RMSE R2 RMSE

P1 0.938 4.964 0.921 5.61 0.937 5.012
P2 0.930 5.922 0.960 4.51 0.941 5.431
P3 0.852 5.907 0.780 7.86 0.820 6.384

Figure 13 shows that the P2 well demonstrates the best performance among all three
wells for a cross-well prediction using the Bi-LSTM model exhibiting an accuracy value
of 96.0% and an error of less than 5%. Figure 14 shows the cross-well prediction using
Bi-LSTM. #P1 performs best of all three well using the RF algorithm with an accuracy of
93.8%. Deep neural network, Bi-LSTM exhibits better accuracy compared to RF except for
the P3 well.
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Figure 14. Cross-well prediction using Bi-LSTM.

Figure 15 shows the evaluation of the average model prediction for the single well case.
The results point out that the highest average accuracy was found at 94.10% for the P2 well.
The grouped-well prediction yielded an average error below 7%. Both RF and Bi-LSTM
performed closer for each well for cross-well prediction, but the calculated average of both
models yielded a representative prediction.
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Figure 15. Average R2 and RMSE for cross-well prediction.

Five-fold cross-validation was used to evaluate the model. In each stage of iteration,
a total of two wells were used to train the model, and the remaining third well was
used to model testing and DTC prediction. Finally, the arithmetic average was calculated
and reported for both R2 and RMSE. The DTS prediction results for grouped well are
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demonstrated in Figure 16 for all three wells. This prediction was successfully tested
blindly. While training the model, the predicted data were withdrawn completely from the
training datasets.
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Bi-LSTM.

3.3. Model Validation

The RF and Bi-LSTM model predicted results are validated by original DTS values.
To serve as blind validation, original DTS values from the training dataset have been
eliminated, thus boosting confidence in model performance. The contrast shows a great
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match between predicted and actual log data. The prediction results using the Bi-LSTM
model for three wells are shown in Figure 17 below.
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Figure 17. Validation for (a) P1 well, (b) P2 well (c) P3 well.

3.4. Estimation of Geomechanical Parameters

After blind validation and based on new prediction results, key elastic properties for
the P1 well are calculated (Figure 18) using the following equation [55–57]. Overburden



Energies 2022, 15, 8752 15 of 19

pressure is calculated using depth correlation, and pore pressure is assumed at 0.65 times
the vertical depth.

Young’s Modulus, E = ρbVs
2

(
3Vp

2 − 4Vs
2

Vp2 − Vs2

)
(3)

Poisson’s Ratio, υ =
1
2

(
Vp

2 − 2Vs
2

Vp2 − Vs2

)
(4)

Horizontal Stress, σmin =
υ

(1 − υ)

(
σv − Pp ) + Pp (5)
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4. Discussions

The data analyzed in this work were received from the public domain, RRC [58], where
obtained data quality was relatively poor for some wells. This impacted the prediction
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performance in the current study. Consequently, long steps were taken to perform the
hyperparameter tuning of the data. During data processing, missing data were filled
immediately before the data point of specific features. The average computational times
are given in Table 7. Time is a variable here since data points are different for each well.
The resistivity value (RT) obtained from the deep induction log shows very skewness and
abnormal statistical distribution indicating poor quality of the recorded data. The input RT
significantly impacted the prediction as indicated in the correlation matrix illustrated in
the heatmap in Figures 7 and 8.

Table 7. Average computational time.

Mode Random Forest Bi-LSTM

Single well ~1 s 1–2 min
Cross well 15–20 s 15–30 min

A deep neural network might provide better prediction results but requires a time-
consuming route for constructing and validating the model. Compared to the DL, RF
requires relatively a smaller amount of time for testing and training the model [59]. It is
noted that the deep neural network is best for large sets of data. The size of the numeric
data point used in this study is within 11,000–15,000 for which the RF model exhibits
efficiency. Therefore, choosing the model based on the data size is crucial for the efficient
use of these algorithms.

5. Conclusions

In this study, Bi-LSTM and RF models have been presented to predict the acoustic
properties and estimate the geomechanical of the Permian Basin wells. The key outcomes
obtained are as follows:

• The single-well prediction method using the RF algorithm provided the highest accu-
racy of 99.90% whereas in Bi-LSTM gives 93.60%. The maximum average accuracy
reported for a single well is 96.60%. The average error found for both single-well
prediction and grouped well method is below 7%.

• The best accuracy for a grouped well prediction was achieved employing Bi-LSTM is
96.01% whereas the RF model provided 93.80%. The grouped well prediction yielded
a maximum accuracy of 94.10%.

• Bi-LSTM shows better accuracy for P2 well in grouped prediction while the RF al-
gorithm achieved superior predictions for a single well, grouped well, known, and
completely unknown DTS data sets.

• To predict the geomechanical properties of shale formations where inadequate or
missing datasets are present, AI can be an efficient alternative to retrieve missing or
unknown information.

• Both RF and Bi-LSTM predictions show an excellent match with known and completely
unknown well-log datasets, demonstrating the strength of the prediction made in
this work.

The key outcome yielded from this study could be a predictive tool for increasing
hydrocarbon recovery from unconventional reservoirs. The output will be beneficial in
assessing the dynamic and static elastic characteristics which are crucial for planning an
effective and efficient completion plan with reduced cost.
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