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Abstract: Shear velocity is an important parameter in pre-stack seismic reservoir description. How-
ever, in the real study, the high cost of array acoustic logging leads to lacking a shear velocity curve.
Thus, it is crucial to use conventional well-logging data to predict shear velocity. The shear velocity
prediction methods mainly include empirical formulas and theoretical rock physics models. When
using the empirical formula method, calibration should be performed to fit the local data, and its
accuracy is low. When using rock physics modeling, many parameters about the pure mineral must
be optimized simultaneously. We present a deep learning method to predict shear velocity from
several conventional logging curves in tight sandstone of the Sichuan Basin. The XGBoost algorithm
has been used to automatically select the feature curves as the model’s input after quality control
and cleaning of the input data. Then, we construct a deep-feed neuro network model (DFNN) and
decompose the whole model training process into detailed steps. During the training process, parallel
training and testing methods were used to control the reliability of the trained model. It was found
that the prediction accuracy is higher than the empirical formula and the rock physics modeling
method by well validation.

Keywords: shear velocity prediction; tight sandstone; deep learning; rock physics modeling; deep
feed neuro network; Sichuan Basin

1. Introduction

Shear velocity is an important parameter in fluid replacement, pre-stack forward
modeling and inversion [1–3]. During the seismic forward modeling, the accuracy of
shear velocity will directly affect the results of subsequent pore and fluid replacement,
affecting the mechanism between the elastic parameters and seismic response at different
porosity and fluid saturation states [4]. In the pre-stack seismic inversion, due to the lack
of low-frequency information in seismic data, the low-frequency shear velocity model
often needs to be obtained by interpolation and extrapolation from wells [5]. In addition,
the low-frequency model often controls the whole sedimentary background of the study
area [6]. Therefore, the accuracy of the shear velocity log will also affect the final results
of the pre-stack inversion. In unconventional reservoirs such as shale gas and tight gas
reservoirs, the reservoir parameters can be calculated only with known shear velocity [7–9].
Therefore, shear velocity plays a significant role in predicting and evaluating conventional
and unconventional reservoir parameters [9,10]. In this case study, the P-impedance
overlaps between the gas reservoir and shale, but Vp/Vs can differentiate them better. Only
five wells have the shear velocity log in the whole project; thus, the accuracy of calculation
of Vp/Vs in other wells is very important for reservoir characterization.

At present, there are mainly empirical formula methods [11–18] and rock physics
modeling methods to predict shear velocity from conventional logging data [19,20]. With
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the empirical formula method, the single or multiple variable linear regression is used
to establish the functional relationship between shear velocity and gamma-ray, neutron,
compressional velocity, porosity, clay content, pressure, etc., and this relationship will be
applied to the wells without shear velocity. Because the fitting function is constantly rather
simple, the prediction accuracy is relatively low, and it is difficult to meet the requirements
of real applications. Many scholars have recently developed rock physics models to predict
shear velocity [2,21–25]. To meet the requirements of rock physics modeling, carrying
out the formation evaluation of key parameters, such as mineral content, porosity, and
gas saturation, is essential [21]. In addition, there are many input mineral parameters
involving eight parameters such as compressional, shear, density and pore aspect ratio
under two mineral conditions. If one mineral is added, more parameters will be needed. In
addition, the parameters, such as fluid property, temperature and pressure of the formation,
are not accessible. Therefore, due to a large number of input parameters, it is not easy
to optimize the essential parameters to fit best with measured logs during rock physics
modelling of tight sandstone. Therefore, many researchers have developed methods based
on machine learning to predict the shear velocity [17,26–28].

As a novel method, the core of machine learning is to use an algorithm to analyze the
data, train a model with a complex formula from the existing wells with shear velocity
and then apply the model to the wells without shear velocity to predict it. This indicates
that there is no need to write an explicit program to establish the relationship between
shear velocity and minerals, pores and fluids, but only to automatically import logging
data into the computer to learn the relationship between shear velocity and other logging
curves. At present, machine learning has been widely used in rock physics analysis, such as
identification of outliers in density and P-sonic curve, reconstruction of curves using a data-
driven method [29], lithofacies identification using an artificial neural network (ANN) [30],
facies prediction using ANN [31–33] and support vector machine (SVM) [34,35] and logging
interpretation by data mining [36].

As a type of machine learning, deep learning has experienced the following three
development stages:

Stage 1: Deep learning originated from cybernetics from the 1940s to the 1960s. The
McCulloch–Pitts neuron [37] was the original model. The linear model can identify two
different input types by checking the positive and negative of the function f(x; w) with the
weight x. The model’s weight should be set manually to make the output of the model
correspond to the expected category. In the 1950s, the perceptron [38] was the first model
to learn weights based on input samples of each category. Wildrow et al. used the adaptive
linear element (ADALINE) to simply return the value of function f(x) to predict a real
number [39].

Stage 2: The second stage of deep learning began from the connectionist approach
in 1980–1995, using a backpropagation algorithm [40] to train neural networks with one
or two hidden layers. The core idea of connectionism is that intelligent behavior can be
achieved when the network connects many simple computing units. Another important
achievement of connectionism is the successful application of backpropagation in training
deep neural networks and the popularity of backpropagation algorithms [41]. Hochreiter
and Schmiduber [42] introduced a long short-term memory (LSTM) network to solve
mathematical modeling problems.

Stage 3: The third stage of deep learning began in 2006. Geoffrey Hinton used
a greedy layer-by-layer pre-training strategy to effectively train the deep belief neural
network [43]. Other CIFAR-affiliated research groups have also shown that the same
strategy can be used to train other types of deep networks [44,45] and can improve the
generalization ability systematically on test data. At this research stage of the neural
network, the term deep learning was popularized, emphasizing that the researchers could
train deeper neural networks, which was not possible before, and focus on the theory of
deep learning [46–48]. At this time, the deep neural network was superior to other machine
learning technologies and manually designed AI systems. The third stage focused on the
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new unsupervised learning technology and the generalization ability of the deep model in
small data sets. However, at present, more research points are still traditional supervised
learning algorithms and depth models to fully use large labelled data sets. In recent years,
it has been possible to train much deeper networks due to more powerful computers, larger
data sets and technologies, and the popularity and practicability of deep learning have
greatly improved [49].

Deep learning has multiple levels of representation [43]. During the process of network
propagation from the upper level to the next level, deep learning transforms the represen-
tation of this level into a higher level representation through simple functions. Therefore,
the deep learning model can also be regarded as a function composed of many simple
functions. The deep learning model can express complex formulas with enough composite
functions. So, deep learning can fit any complex mathematical function theoretically. At
present, deep learning has been widely used in the exploration and development of the
petroleum industry, such as the use of deep learning algorithms for lithofacies inversion and
prediction [50], reservoir prediction [51–54], reservoir parameter inversion [55], waveform
classification [56,57] and production curve prediction [56–58].

Four types of neural network structures commonly used in deep learning include
feedforward neural network, convolution neural network, recurrent neural network and
graph network. In this paper, we present a detailed workflow and steps about improving
the accuracy of shear velocity calculation. Based on the quality control and data cleaning of
conventional logging data, the XGBoost machine learning algorithm was used to optimize
the input feature curve automatically, and a deep feedforward neural network (DFNN) was
constructed to predict the shear velocity. Through the quality control of key steps during
the training process, the parallel training and testing method has been used to test the
generalization ability of the model while training. Finally, a stable and reliable prediction
model has been obtained. Compared with the prediction results between the empirical
formula method, rock physics modeling and deep learning in validation wells, the accuracy
of deep learning in predicting shear velocity is higher, which shows the effectiveness of
this method.

2. Geologic Settings
2.1. Structural Geology

The Sichuan Basin is a typical superimposed basin in southern China [59]. Since the
late Indosinian period, the basin has experienced multi-stage strong tectonic movements in
the Yanshanian and the Himalayan periods, resulting in the current tectonic pattern of the
basin. According to the tectonic deformation intensity, the basin can be divided into five
structural belts [60], including the middle strong fold belt in southwest Sichuan, the middle
weak fold belt in middle Sichuan, the middle strong fold belt in west Sichuan, the weak
fold belt in north Sichuan and the strong fold belt in east Sichuan. The study area is located
in the weak fold belt in middle Sichuan (Figure 1), with no large faults, being at a higher
position of structure in the paleo-structure, with a beneficial geologic condition for the
formation of large gas fields. The gas reservoir of the Upper Triassic Xujiahe formation in
the Anyue area of the Sichuan Basin is the largest tight sandstone gas reservoir discovered
in the Sichuan Basin in recent years [61].
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Figure 1. Regional tectonic background and location of the study area in the Sichuan central weak
fold belt. The study area of Anyue Gas Field is a reputable gas field in China.

2.2. Sedimentary Geology

The tight sandstone reservoirs are Xu-2, Xu-4 and Xu-6, members of the Xujiahe
formation (Figure 2). The sedimentary Triassic Xujiahe formation consists of shale and
sandstone [62]. The sedimentary system is a braided river delta, and the effective reservoirs
are mainly distributed in the microfacies of distributaries channels, mouth bars and shore-
shallow lacustrine sand bars. The cumulative sandstone thickness is 200–340 m, with
an average porosity of 7.24%. The types of reservoir space are inter-granular pore, inter-
granular dissolved pore, matrix pore and micro-fracture [63]. The source rocks are dark
mudstones of T3X1, T3X3 and T3X5 members, with a total thickness of more than 130 m [64].
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Figure 2. Stratigraphy of Triassic and Jurassic in the study area. The Triassic Xujiahe formation is the
target formation.

3. Well Data

The study area covers 860 km2, with 115 wells in which the drilling data and the
conventional logging curves such as gamma-ray (GR), neutron porosity (NPHI), density
(RHOB), P-sonic, caliper (CALI), compensated neutron log (CNL) and deep and shallow
lateral resistivity are accessible. At the same time, S-sonic was available only in five wells
(Figure 3), unsatisfied with the pre-stack dedicated reservoir description. Therefore, Well-1
to Well-4 were used as training wells, and Well-5 was used as a validation well to confirm
the model’s reliability from deep learning.
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4. Methodology and Workflow

As a type of machine learning, deep learning uses multi-layer nonlinear units to
generate a multi-layer representation of data at different levels of abstraction. According to
the system structure, it can learn representations and characteristics directly from the input
without much prior knowledge, manual coding rules or engineering features [65]. The
DFNN used the error backpropagation algorithm [66] to optimize the weight matrix of each
layer (Figure 4). By comparing the error between the actual output and the expected output,
the error signal was propagated from the output layer to the input layer to obtain the error
signal of each layer, and then the weight coefficient of each layer was adjusted to reduce
the error, thereby obtaining a new weight. Then, we adjusted the weight continuously to
minimize the error to obtain the optimal weight coefficient.
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Figure 4. Schematic diagram of network propagation (Wi is the weight coefficient matrix, fi is the
nonlinear activation function).

The whole process includes the following steps (Figure 5):

1. Data preparation and cleaning: The purpose of this step is to remove the abnormal
values and eliminate the influence of the borehole environment on the input and
target curve.

2. Optimization of feature curves: XGBoost algorithm was used to automatically select
the most important curve associated with the shear velocity as the final input curve
for training.

3. Construction of feedforward neural network: We constructed a deep feedforward
neural network with multiple layers.

4. Network fitting and evaluation: Because the weight and bias coefficients of the hidden
layer cannot be obtained directly, the parameters of the network can be adjusted by
comparing the errors between the results of the output layer and the expected output
during the training process.

(a) Based on the optimization of the activation and loss functions, the constructed
network’s weight coefficient and bias were initialized randomly.

(b) Forward propagation of the network: We imported the optimized feature
curves into the input layer of the neural network, calculated the output value of
the output layer (see Equations (1) and (2)), compared them with the expected
output (shear velocity measured) and calculated the loss function value.

(c) Network backpropagation: If the loss function value cannot meet the terminat-
ing condition, the output will be backpropagated layer-by-layer through the
hidden layer to the input layer in a certain form, and the selected optimization
algorithm will be used to allocate the error to all neurons in the front layers to
obtain the error signal of each unit and as the basis for updating the weight
coefficient and bias.

(d) Suppose the loss function value meets the accuracy requirements or other
terminating conditions, in that case, the training process and parameters up-
dating should be ended, and the final network parameters can be saved for
subsequent shear velocity prediction. Otherwise, steps (b) and (c) should
be repeated.
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z(l) = W(l) · a(l−1) + b(l) (1)

a(l) = fl

(
z(l)
)

(2)
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The parameters are listed as follows:

fl(·) : the activation function of neurons in l- layer

W(l) ∈ Rm(l)×ml−1
: the weight matrix of neurons from l-1 to l- layer

b(l) the bias coefficient of neurons from the l-1 to l- layer z(l) ∈ Rml
: the net input of

neurons in l- layer
a(l) ∈ Rml

: the output of neurons in l- layer

5. Data Cleaning and Preparation

The wells covering more intervals were selected to ensure that the data points used for
training were representative and that the final model obtained by training was applicable.
To ensure the correctness of the input feature curve, it was necessary to edit the logging
data, mainly including the removal of abnormal values and standardization in multi-wells.

5.1. Removal of Outliers Values and Correction of Logging Curves

Invalid (null) logging data often appear at the top or bottom of the entire logging
curve. Different logging series were measured in several runs, resulting in different depth
ranges of null values for each curve. Therefore, before training, it was necessary to delete
invalid values (Figure 6). The statistical results after deletion are shown in Table 1.
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Table 1. Statistical table after deleting abnormal values.

CAL CNL RHOB DTC GR lg_RT lg_RXO DTS

Count 11,391 11,391 11,391 11,391 11,391 11,391 11,391 11,391
Mean 6.73 0.12 2.57 63.75 94.27 1.60 1.60 106.20

Std 0.48 0.06 0.10 5.91 33.84 0.40 0.41 13.66
Min 4.02 0.01 1.68 49.99 33.97 0.49 0.38 83.54
Max 9.15 0.65 2.84 88.26 313.11 4.57 4.79 180.04

The reason for data correction is to reduce the instability of model training due to the
error in data samples. Under the influence of a borehole environment, such as borehole
collapse or mud invasion, logging data often fail to reflect the real information about the
formation. Especially the RHOB curve, which was measured clinging to the borehole wall
with a shallow detection depth, was easily affected by the borehole environment [67,68].
Therefore, these wrong data points need to be corrected. Figure 7 is the ccrossplot before and
after correction. It shows that low-RHOB and high-NPHI data points were well corrected.
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5.2. Optimization of Feature Curves

Feature selection is selecting effective features from the original feature curves to
reduce the dimension of the data set, a key preprocessing step in machine learning and data
mining [69,70]. In the case of high-dimensional data sets, using a feature curve owing to low
correlation with the target curve will result in a low-quality model. There are several conven-
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tional logging curves; selecting the feature curve possessing a higher correlation with shear
sonic curve before model training is necessary. With the XGBoost algorithm [71], the impor-
tance was ranked according to its gain value in all boosting decision trees. The importance of
predicting the shear velocity increases with the growth of the F score. As shown in Figure 8,
the order of importance is DTC < GR < CNL < RHOB < log (RT) < log (RS) < CAL. There-
fore, the top five feature curves were selected according to the ranking of importance.
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5.3. Multi-Well Standardization

The logging data in the study area were collected in different years. The logging
histogram of the marker layer showed that the data distribution characteristics of different
wells were inconsistent, especially in the DTC curve. Thus, before training the model, the
histogram shifting method was used for multi-well standardization [72]. It can be seen
from Figure 9 that after correction, the distribution shape of the same curve in different
wells tends to be consistent.
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Figure 9. Comparison of statistical histogram pre- and post-multi-well standardization of input
feature curves. The upper figure is a histogram of preprocessing, and the lower figure is a histogram
of post-processing.

5.4. Data Splitting

From the data set of Well-1 to Well-4, 70% of the data was randomly selected as the
training set, and the remaining 30% was used as the test set (Figure 10) so that the training
and testing could be carried out simultaneously in the subsequent model training.
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5.5. Construction of the Network

A wide and deep neural network was constructed with five nodes in the input layer
whose number is identical to selected feature curves and three hidden layers. The input
layer is identical with the number of the selected feature curves; if we added more irrelevant
curves, the accuracy and stability of the trained model would be downgraded. The number
of neurons in each hidden layer is 32, the output layer has one node, and all layers are fully
connected. The activation function of each layer is Elu, the loss function is MAE, and the
parameter updating algorithm of the neural network is Adam. The trainable parameters of
this network are up to 2337 (the optimization of the parameters for network construction
will be discussed later). To compare the result, a shallow network was constructed in the
same way, with only one hidden layer, 10 neurons in this layer and 71 trainable parameters.
Comparing the training and test error curves of these two networks, the training and testing
errors of the deep network are smaller than those of the shallow network, and the error
curves are more stable (Figure 11).
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Figure 11. Comparison of prediction errors between the deep network and the shallow network:
(a) shallow network diagram; (b) deep network diagram; (c) trainable parameters of the shallow
network; (d) trainable parameters of deep network; (e) training error (blue curve) and test error
(red curve) of the shallow network; (f) training error (blue curve) and test error (red curve) of
deep network.

6. Training

The difference (y-y’) between predicted output and expected output of GR, RHOB,
P-sonic, neutron and log (RT) from four training wells was converted into loss function (J).
When the training error of the neural network was large, the loss was high, while when it
was small, the loss was low. The training goal is to find the weight matrix and bias vector
to minimize the loss function on the training set.

6.1. Normalization of Input Curves

In almost machine learning algorithms, it is necessary to normalize the input char-
acteristic curves. The neural network assumes that the input/output follows a normal
distribution with an approximate mean value of zero and a variance of one. The pur-
pose is to treat each feature fairly, make the subsequent optimization of solving weight
parameters stable, eliminate dimensional influence, etc. The normalized data accelerate
the convergence speed of the gradient descent algorithm [73]. The main normalization
methods include z-score, min–max, decimal scaling, etc. The normalization methods were
selected according to the statistical distribution shape of the feature curves, and the feature
curves conformed to the normal distribution characteristics. Therefore, the z-score method
was used (Equation (3)). After normalization, each input curve conformed to the normal
distribution with the mean value of zero and the standard deviation of one (Figure 12).
Figure 13 shows that the model trained by the normalized data has better generalization
ability on the test data than the one from pre-normalized data.

z =
x− µ

σ
(3)

where µ is the average value of the feature curve and µ = 1
N ∑N

i=1(xi), N is the number of
samples of a characteristic curve, and xi is the value at the i sample point of a feature curve;

σ is the standard deviation σ =
√

1
N ∑N

i=1(xi − µ)2
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Figure 12. Comparison of statistical characteristics of feature curves before and after normalization.
The sub-figures on the left side shows the logs before normalization (a) Density, (c) CNL, (e) log(RT),
(g) DTC, (i) GR. Whereas, the subfigures on the right side shows logs after normalization (b) Density,
(d) CNL, (f) log(RT), (h) DTC, (j) GR.
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Figure 13. Comparison of learning curves before (a) and after (b) normalization: blue curves represent
the error on the trained data, red curves represent the error on the test data.

6.2. Random Initialization of Model Parameters

Because the same activation function in the hidden layer is used in the network, if the
parameters of each hidden unit are initialized to the same values, then for each hidden
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unit, the same value will be calculated according to the same input and passed to the
output layer in the forward propagation. In backpropagation, the gradient value of each
hidden unit is equal. Therefore, these parameters are still the same after multiple iterations
using the gradient-based optimization algorithm. When the parameters are initialized
to the same value, the parameters cannot be optimized through the gradient descent
optimization algorithm. Therefore, the network’s model parameters (weight and bias
parameters) are randomly initialized with small values. Then, the network parameters are
updated according to the loss on the training data set through the optimization algorithm.

6.3. Selection of Loss Function

The loss function is used to estimate the error between the predicted value (ŷi) and
the real value (yi). It is a non-negative real-value function usually expressed by L(Y, f(x)).
The small value of the loss function indicates the more robustness of the model. The loss
functions used for regression are mainly MAE and MSE. Because the relationship between
MAE loss and the absolute error is linear, while the relation between MSE loss and error
is square, when the error is large, MSE loss will be far greater than MAE loss. Therefore,
when an abnormal value with a large error appears in the data, MSE will produce a very
large loss, adversely influencing the model training. The logging data is still subject to
acquisition noise even after the previous data cleaning and correction [74–76], so the MAE
loss function was adopted, as shown in Equation (4).

JMAE =
1
N

N

∑
i=1
|yi − ŷi| (4)

6.4. Optimization of Activation Function

The activation function is used for adding a nonlinear effect, and only the nonlinear
activation function can make the neural network approximate any complex function.
The selection of activation function in the deep network influences training dynamics
and task performance. The proper activation function can make gradient descent and
backpropagation more effective, avoiding the exploding and vanishing gradient problems
during the gradient calculation. Different activation functions have their specific application
scenarios, drawbacks and strengths. Optimizing the activation function can help to achieve
preferable results by neural network training.

The activation functions mainly include ReLU [77], Leaky-Relu [78], Selu [79], Gelu [80]
and Elu [81]; their function, forms and effects are shown in Table 2 and Figure 14. In this
paper, the activation function was optimized mainly based on the overall performance of
the model in the training set and test set. Figure 15 shows that the ELU function performs
best; the error curves in the training and test sets were smaller and more stable during each
training epoch.
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Table 2. Different activation function formulas and the effects.

Name of
Activation Function Formula Effect

sigmoid sigmoid(x) = σ = 1
1+e−x

Its effect is to scale the output of each input
neuron to 0–1.

ReLU ReLU(x) = max(0, x)

If the input x is less than 0, then make the
output equal to 0;

otherwise, then make the output equal to
the input.

Leaky-Relu LReLU(x) =
{

x if x > 0
αx if x ≤ 0

If input x is greater than 0, the output is x. If
input x is less than or equal to 0, the output is

α times the input.

Selu SELU(x) = λ

{
x if x > 0

αex − α if x ≤ 0

If the input value x is greater than 0, the
output value is x times λ. If the input value x
is less than 0, a singular function is obtained,

which increases with the increase of x and
approaches to the value when x is 0.

Gelu GELU(x) = 0.5x
(
1 + tanh

(√
2/π

(
x + 0.044715x3))) When x is greater than 0, the output is x,

except for the interval from x = 0 to x = 1. At
this time, the curve is more inclined to y-axis.

Elu ELU(x) =
{

x if x > 0
α(ex − 1) if x ≤ 0

The result is the same as that of ReLU; that is,
the y value is equal to the x value, but if the
input x is less than 0, we will obtain a value
slightly less than 0. The parameter α can be

adjusted as needed.
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6.5. Optimization of Algorithm

After determining the feature curves, network and loss function, we needed an algo-
rithm to search for the best possible parameter to minimize the loss function. The popularly
used neural network optimization algorithm is the gradient descent algorithm. In each
training step, a small amount of disturbance is made to each parameter, and the param-
eters are updated only when the loss of the training set is reduced. Most deep learning
models do not have analytic solutions. Thus, we can only reduce the value of the loss
function as much as possible by optimizing the model parameters with finite iterations.
Nine optimization algorithms are widely used: Gradient Descent [82], Stochastic Gradient
Descent [83], Mini Batch Gradient Descent [84], Momentum [85], Nestrov Accelerated
Gradient [86], Adagrad [87], AdaDelta, RMSProp [43] and Adam [88]. The Adam method
has its self-adapting learning rate and momentum for each parameter; thus during the
training process, each parameter updating is independent, which improves the training
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speed and stability of the model. Adam is a modified Momentum + RMSProp algorithm,
which can replace the first-order optimization algorithm of the traditional random gradient
descent process. It can update the neural network weight iteratively based on the training
data. By calculating the first-order and the second-order moment estimation of the gradient,
independent adaptive learning rates are designed for different parameters and are robust
for selected super parameters. Therefore, the Adam algorithm was used to update the
network parameters iteratively.

7. Validation

The trained model (the final updated weight and bias) was applied to the prediction of
shear velocity under the condition of input feature curves. This study uses a validation well
with measured shear velocity to illustrate the model’s reliability. The prediction accuracy is
compared with the shear velocity obtained by empirical formula and rock physics modeling,
where the formula was obtained by fitting the measured S-sonic (the reciprocal of shear
velocity) from P-sonic (the reciprocal of compressional velocity) (Figure 16); the correlation
coefficient was 0.86, and the fitting formula is shown in Equation (5).

DTS = −6.64568 + 1.77482 × DTC (5)

where DTC is the P-sonic curve with the unit of us/ft, and DTS is the S-sonic curve with
the unit of us/ft.
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Figure 17 shows that deep learning predicts the S-sonic curve and can better match
the measured curve, especially in the layer with complex minerals (depth range from
2180–2235 m). With rock physics modeling, it is difficult to obtain an accurate mineral
estimation result, and S-sonic’s prediction accuracy is relatively lower. According to the
statistical histogram of S-sonic error (measured–predicted curve) (Figure 18), the error
of empirical formula is between −10–10 us/ft, the error of petrophysical modeling is
between −10–10 us/ft, and the error of deep learning is between −4–4 us/ft. As Vp/Vs is
a prevailing indicator of lithology and fluid [89], it is crucial in evaluating unconventional
reservoirs. Therefore, we focus on the accuracy comparison from Vp/Vs. The ccrossplot
(Figure 19) shows that the Vp/Vs predicted by the deep learning method and the measured
one can be better concentrated on the perfect fitting line of X = Y. At the same time, the
Vp/Vs whose Vs was calculated by the empirical formula is a straight line, and that
calculated by the Xu-White model also has a lower accuracy.
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Figure 17. Comparison of S-sonic curves predicted by different methods (dts_emp, DTS_RM,
KERAS_DTS were calculated, respectively, by the empirical formula, the rock physics modeling
method, deep learning, and DTS is the measured S-sonic curve).
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Figure 18. Statistical histogram of S-sonic errors predicted by different methods: (a) Empirical
formula, (b) Rock physics modeling, (c) Deep learning.
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Figure 19. Crossplot of Vp/Vs predicted by different methods ((a) Empirical formula, (b) Rock
physics modeling, (c) Deep learning) and measured Vp/Vs in well validation.

8. Conclusions and Further Work

In this study, based on quality control and correction of logging data, the feature
curves were optimized automatically. By controlling the key steps in constructing the
DFNN network, even without dropout and regularization, the network performed better
in training and testing data. This shows that the model constructed by the DFNN method
has good applicability and generalization ability. The comparative analysis of validation
wells shows that the accuracy of deep learning is higher than that of empirical formula
and rock physics modeling. The model for deep learning and training is derived from
data; therefore, on the premise of a certain number of the reliable training set, this method
not only can be used for shear velocity prediction of tight sandstone but also for shear
velocity prediction under any other condition of complex lithology, and can be used for the
formation evaluation with logging data as well.
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