
Deep neural networks for estimating S-wave velocity in tight sandstone
reservoirs from log data

Zhijian Fang1, Jing Ba2, José M Carcione3, Fansheng Xiong4, Qiang Guo5, and Wei Cheng6

ABSTRACT

Accurate estimation of S-wave velocity from well logs is rel-
evant for processing seismic data from hydrocarbon reservoirs,
CO2 storage sites, and geothermal systems. Standard methods
rely on empirical relationships and basic rock-physics models
(RPMs), such as the Gassmann equation, which are often inac-
curate because they cannot account for the complex factors that
influence the relationship between S-wave velocity and other
properties. Machine-learning techniques, such as deep neural
networks (DNNs), have been shown to be effective methods
for the indirect estimation of S-wave logs and other rock proper-
ties. In this work, we develop a novel prediction method that
combines RPMs (Xu-White and Biot-Rayleigh [BR] models)

and DNNs based on pseudolabels, i.e., a class of algorithms that
use model outputs to assign labels to unlabeled samples, which
are then used as labeled samples during training. The BR model
takes into account the volume ratio of inclusions and treats it as a
spatially varying parameter, allowing for a better description of
the pore microstructure. Data from five boreholes demonstrate
the applicability of our model. A single well is used for training,
and the remaining four wells are used as a blind test. Compared
with DNNs without physical poroelasticity models, the method
driven by models indicates a significant improvement in predic-
tion accuracy. By incorporating pseudolabels into the
BR model, the prediction performance of the network model
is improved. The method proposed in this work is validated
and applied in other work areas.

INTRODUCTION

Given the demand for hydrocarbons during the global energy
transition period, tight sandstones have attracted increasing atten-
tion in recent decades (Ba et al., 2023a, 2023b; Zhang et al.,
2023). These unconventional reservoirs play a crucial role in meet-
ing energy needs while lower-carbon alternatives are being devel-
oped (Zou et al., 2012; Kadkhodaie and Kadkhodaie, 2022; Jia
et al., 2023; Sambo et al., 2023; Kocoglu et al., 2024; Evro
et al., 2025). In tight sandstone reservoirs, the mineral composition,
cement types, and their volumes vary considerably, resulting in an
uneven spatial distribution of the rock mechanical and elastic
properties. In addition, pore types are diverse, and pore sizes

and connectivity show remarkable variations. This strong hetero-
geneity increases the uncertainty in the prediction and evaluation
of reservoirs (Dautriat et al., 2011; Guo and Fu, 2024; Guo
et al., 2024; Pan et al., 2024; Brantut and Baud, 2025).
Wellbore S-wave velocity, together with other rock properties,

plays a key role in the field of geophysical exploration, i.e., forward
seismic modeling and inversion, fluid and lithology identification,
and reservoir stress analysis, especially in tight sandstone reservoirs
(Lee, 2006; Dumke and Berndt, 2019; Oloruntobi and Butt, 2020;
Zhao et al., 2020). In addition to conventional hydrocarbon appli-
cations, S-wave velocity has emerged as a critical parameter for car-
bon capture and storage projects (Agofack et al., 2018; Carcione
et al., 2023; Khalilidermani and Knez, 2024). It enables a quanti-
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tative assessment of the caprock sealing efficiency through dynamic
mechanical property analysis (the ratio of the P- to S-wave velocity
and Young’s modulus), monitors CO2 plume migration via time-
lapse velocity changes, and optimizes storage capacity estimation
through fluid substitution modeling (Kim et al., 2011; Ivanova
et al., 2012; Ajo-Franklin et al., 2013; Khatiwada et al., 2013).
However, due to various factors, such as well conditions, logging

tools, high acquisition costs, and incomplete measurements in old
wells, S-wave logs are often not available (Rezaee et al., 2007;
Wang and Cao, 2021; Feng et al., 2024; Zhao et al., 2024), making
their estimation essential.
In the absence of S-wave velocity (VS) data in well logging, ex-

tensive prediction methods have been conducted. These conven-
tional approaches can be divided into two categories: empirical

equations and rock-physics models (RPMs). Em-
pirical equations are primarily established by de-
termining the relationship between VS and other
rock-physics properties (e.g., P-wave velocity
[VP] and density) through experiments or well-
logging data (Mavko et al., 2020). For instance,
Wilkens et al. (1984), Han et al. (1986), and Qin
et al. (2022) measure the VP and VS of rock sam-
ples in the laboratory and establish an empirical
equation between these two quantities to predict
VS. This approach demands a large amount of
data and is highly susceptible to regional varia-
tions, horizontal and vertical, which may nega-
tively impact prediction accuracy. In contrast,
RPMs are more reliable, with the most widely
used RPM being of the Xu-White model (Xu
and White, 1995, 1996). Following the Xu-
White model, several improved RPMs have been
proposed to predict VS in different reservoirs

Figure 1. Log data of (a) the density, (b) porosity, (c) clay volume, (d) water saturation,
(e) P-wave velocity, and (f) S-wave velocity from well 1.

Figure 2. Workflow for the RPM-driven DNN.
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(Carcione et al., 2011; Guo and Li, 2015; Wang et al., 2019; Fang
et al., 2022, 2024). However, these S-wave predictions have been
performed by assuming simple pore structures, and these models do
not account for microheterogeneities and fluid patches as do more
complex theories, for instance, the Biot-Rayleigh (BR) poroelastic-
ity model (Ba et al., 2011, 2017).
With the use of big data and machine-learning (ML) methods,

deep neural networks (DNNs) have become popular for predicting
reservoir properties from borehole data. By training network mod-
els with large data sets, the relationship between well data and res-
ervoir properties can be effectively mapped (Rajabi et al., 2010;
Anemangely et al., 2017; Qadrouh et al., 2019; You et al., 2020,
2021; Xiong et al., 2021; Zou et al., 2021; Li et al., 2023). Previous
researchers have conducted extensive studies on the prediction of
reservoir properties and have made significant progress. For exam-
ple, using well data, Zhang et al. (2018) show that well logs syn-
thesized using long short-term memory (LSTM) are more accurate
and better suited for complex problems than those generated by
fully connected neural networks. Gu et al. (2019) develop a hybrid
data-driven model by using particle swarm optimization (PSO)
and support vector machines (SVMs), which shows excellent per-
formance in permeability prediction. In particular, various ML tech-
niques are used to predict the VS data, such as gated recurrent units,
artificial neural networks, LSTM, PSO, and SVM (Bagheripour
et al., 2015; Singh et al., 2015; Anemangely et al., 2019; Wang
and Cao, 2021; Jiang et al., 2022; Yang et al., 2023; Zhao et al.,
2024). Compared with traditional ML methods, DNNs possess
an inherent capability to hierarchically extract discriminative fea-
tures directly from the raw input data, eliminating the need for
manual feature engineering through their end-to-end learning para-
digm. This representation learning capacity enables DNNs to not
only discover complicated latent patterns within
high-dimensional data spaces but also to exhibit
robust generalization performance when applied
to previously unknown data sets, as evidenced by
their superior performance in various ML bench-
marks. Most methods for predicting VS using
ML primarily focus on improving the prediction
accuracy of reservoir properties through model
type selection, structural adjustments, parameter
settings, and data processing. However, they
often overlook the potential improvement in pre-
diction accuracy that could be achieved by con-
sidering the correlations between reservoir
properties (Fang et al., 2024). In addition, the tra-
ditional ML-based method for VS prediction
faces challenges due to limited generalization
and insufficiently labeled data for building pre-
dictive models, making it difficult to implement in practice
(Feng et al., 2024).
This work aims to improve the accuracy of VS prediction by us-

ing RPM-driven DNN approaches. To validate the effectiveness of
the proposed methodology in a practical scenario, we train the neu-
ral network (NN) model using data from one well and subsequently
assess its performance on the remaining wells within the tight sand-
stones of the Ordos Basin. Two RPMs (the Xu-White and BR mod-
els) for VS estimation, which incorporate more potential physical
information, serve as physical constraints in the process of DNN
training. In particular, when modeling is based on the BR equation,

Figure 3. Deep neural network.

Figure 5. Workflow of the BR model.

Figure 4. Workflow of the Xu-White model.

Figure 6. (a) The loss function curves of a DNN model and (b) the RMSE of different
parameter group inputs used in training the DNN model.

Table 1. The prediction accuracy of different feature
combinations.

Number of input
feature (s) Selected input feature (s) Average RMSE

1 VP 0.1417

2 VP, ρ 0.1397

3 VP, ρ, ϕ 0.1296

4 VP, ρ, ϕ, Vcl 0.1219

5 VP, ρ, ϕ, Vcl, Sw 0.1207
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we consider the inclusion volume with spatial variations to describe
the rock heterogeneities. Finally, the proposed method is validated
and applied in other areas.

GEOLOGY AND DATA

The reservoir

The structural features of the Ordos Basin are generally considered
to be an asymmetric, dustpan-shaped syncline that is gentle in the east
and steep in the west. Based on bedrock characteristics, structural
attributes, and geologic evolution history, the Ordos Basin can be sub-
divided into six structural units. The study area in this work is situated
within the Shanbei Slope structural unit, located in the northern central
region of the basin. This unit is characterized by a monocline struc-
ture, covering an area of approximately 900 km2. The area is marked
by several rows of low amplitude, gently sloping elevations that ex-
tend across the slope in a northeast-to-southwest orientation.

Data preparation

The data set consists of borehole measurements made at five bore-
holes in the study region. After data preprocessing, we obtain 19,581
data points suitable for training and testing, covering all required var-
iables. The number of data points varies across different wells. To
evaluate the DNN model performance, wells 3, 4, and 5 are selected
as a test data set. Wells 1 and 2 (7989 data points in total) are used for
training the DNNmodel. Figure 1 shows the data from well 1, includ-
ing density (ρ), porosity (ϕ), clay volume (Vcl), water saturation (Sw),
and P- and S-wave velocities (VP and VS, respectively).

METHODOLOGY

Workflow

The aim of this work is to predict the VS in tight sandstone res-
ervoirs by using the proposed RPM-driven DNN
approach. Figure 2 shows the workflow. First, the
collected data are preprocessed by removing the
outliers. Because the magnitudes of the different
parameters vary, normalization is required before
the data are entered into the DNN model, as this
facilitates the convergence of the NN and in-
creases stability. Feature selection is required
to determine the optimal combination of input
parameters. After feature selection, the measured
data, i.e., ρ, ϕ, Vcl, Sw, and VP, are used as in-
puts, whereas VS is used as the output. A DNN is
then used to train the model. We integrate the Xu-
White and BR models into the DNN. We imple-
ment several physics-driven DNN strategies,
such as constructing pseudolabels and using an
RPM-driven loss function.

Deep neural networks

DNNs consist of several layers, usually an in-
put layer, one or more hidden layers, and an out-
put layer, as shown in Figure 3. The input layer
consists of neurons corresponding to the number
of input features, whereas the output layer con-
tains neurons representing the number of outputs
to be predicted. Hidden layers, which may con-
sist of multiple layers and neurons, process the
outputs of the previous layer and pass them on

Table 2. Rock properties for the Xu-White and BR models
(Mavko et al., 2020).

Property Symbol Value and unit

Quartz bulk modulus Kquartz 37 GPa

Clay bulk modulus Kclay 21 GPa

Feldspar bulk modulus Kfeldspar 37.5 GPa

Water bulk modulus Kwater 2.34 GPa

Gas bulk modulus Kgas 0.081 GPa

Quartz shear modulus μquartz 44 GPa

Clay shear modulus μclay 7 GPa

Feldspar shear modulus μfeldspar 15 GPa

Quartz density ρquartz 2.65 g/cm3

Clay density ρclay 2.60 g/cm3

Feldspar density ρfeldspar 2.62 g/cm3

Water density ρwater 0.945 g/cm3

Gas density ρgas 0.204 g/cm3

Aspect ratio of pores αs 0.12

Aspect ratio of cracks αc 0.035

Radius of inclusion R0 0.05 m

Angular frequency ω 100π rad/s

Viscosity of fluid η 0.001 Pa·s

Figure 7. The predicted VP and VS obtained by using the Xu-White and BR models.
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as inputs to the subsequent layer to enable feature mapping (e.g., Qa-
drouh et al., 2019). This mapping is achieved by a combination of a
linear transformation within each neuron and a nonlinear activation
function.

Poroelasticity models

RPMs are used to derive VP and VS based on mineral composi-
tion, pore geometry, porosity, and fluid type. In this study, the Xu-
White and BR models are primarily used to generate pseudolabels,
which, in combination with additional features, expand the informa-

tion available for network training and improve the generalization
capability of the model. These pseudolabels are integrated into the
network together with the original well attributes to facilitate model
training.

Xu-White model

The Xu-White model introduced by Xu and White (1995) is used
to predict the elastic properties of fluid-saturated media. It consists of
three main steps: (1) estimating the elastic moduli of the rock matrix
and fluids, (2) calculating the elastic moduli of the dry rock, and
(3) performing fluid substitution. The workflow of the Xu-White
model is shown in Figure 4. First, the elastic properties of the mineral
mixture are determined using the Voigt-Reuss-Hill average. Then, the
elastic moduli of the dry rock are derived by including the pores and
cracks in the matrix using the differential effective medium (DEM)
model (Mavko et al., 2020). Later, the elastic properties of the wet
rock are calculated using Gassmann’s equation (Gassmann, 1951).
Finally, the VS is determined from the shear modulus and density
of the rock. In addition, the fluid mixture’s bulk modulus (consisting
of gas and water) is determined using the Wood equation.

BR model

The BR model (Ba et al., 2011) considers the rock as a double-
porosity medium, characterized by spherical inclusions embedded
within an unbounded host medium, each exhibiting distinct poros-
ities and pore structures. The governing equations for this model are
provided in Appendix A. Unlike traditional RPMs, such as Gass-
mann’s model, which rely on homogeneous assumptions, the BR
model explicitly accounts for heterogeneities resulting from varia-
tions in mineral composition and pore geometry. The workflow of
the BR modeling is shown in Figure 5. The dry-rock moduli are first
derived using the DEM method, followed by fluid substitution. In
contrast to the process shown in Figure 4, the BR model treats the
matrix as a composite of the embedded inclusions and the host
medium, both consisting of solid grains and pores. We compute
a plane-wave analysis of the BR differential equations to obtain
the P-wave phase velocity (see equations A-1–A-8). The S-wave
velocity is estimated using the shear modulus of the skeleton
and the density of the fluid-saturated rock. The fluid mixture’s bulk
modulus is determined using the Wood equation.

Figure 8. The empirical relationship between the inclusion and clay
volume.

Table 3. Sampling ranges for the rock properties.

Property Symbol (unit) Lower bound Upper bound

Density ρ (g/cm3) 1.5 3

Porosity ϕ (v/v) 0.001 0.15

Clay volume Vcl (v/v) 0.01 0.99

Water saturation Sw (v/v) 0.01 0.99

Figure 9. Prediction accuracies of the VS for different pseudolabel data volumes: (a) RMSE and (b) R2.
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In complex reservoirs, the pore structure and mineral composi-
tion distribution are heterogeneous. The BR model addresses this
problem by modeling the rock as a medium containing spherical
inclusions with a low volume fraction vc within a host medium
of higher volume fraction vh. The total rock porosity ϕ is given
by ϕ ¼ ϕ10vh þ ϕ20vc and vh + vc = 1. Here, ϕ10 and ϕ20 corre-
spond to the porosities of the host and inclusion components, re-
spectively. To account for fabric heterogeneities, the inclusion

volume v is treated as a depth-dependent variable. This variable
is derived by matching the predicted wave velocities (Vcal

P ; Vcal
S )

to the real log wave velocities (Vreal
P ; Vreal

S ) during the well-log
calibration process as follows:

v̂ ¼ argmin

�
1

2
× ðkVcal

P ðvÞ − Vreal
P k2

þ kVcal
S ðvÞ − Vreal

S k2Þ
�
; (1)

where v = [vc1, vc2, : : : , vcj]T with j representing
the sample number in the well.

Loss function

The loss function quantifies the deviation be-
tween the predicted and real results, guiding the
NN to optimize its parameters accordingly. In
this study, the mean-squared error is used to de-
fine the physically driven loss function. Initially,
the discrepancy between the real and predicted
values is computed as

L1 ¼
1

M

XM
i¼1

ðVreal
S;i − Vpre

S;i Þ2; (2)

where Vreal
S;i is the ith sample point of the S-wave

velocity as the ground truth, Vpre
S;i is the value es-

timated by DNN at the ith sample point, andM is
the number of samples.
Similarly, the deviation between the RPM and

DNN prediction values is calculated as

L2 ¼
1

M

XM
i¼1

ðVRPM
S;i − Vpre

S;i Þ2; (3)

where VRPM
S;i is the value estimated by the RPM.

Thus, the total loss function is

Loss ¼ λ1L1 þ λ2L2; (4)

where λ1 and λ2 are the weight factors, which we
set equal to one.

Data normalization and evaluation
metrics

Data normalization is a critical preprocessing
step, as the input features often vary significantly
in scale and units, which can adversely affect the
performance of activation functions and the over-
all training process. Normalization not only en-
sures consistent scaling but also accelerates the
convergence of the model. Given the input data
set X, the maximum and minimum values (xi

max

and xi
min), respectively) for each feature can be

determined. Alternatively, normalization can be
performed by using the mean and standard

Figure 10. The calculated VP and VS of the pseudolabels using the Xu-White model
(the black curve) and the BR model (the red curve).

Figure 12. Comparisons of the DNN test for VS prediction by using the Xu-White and
BR models for well 2 training.

Figure 11. Comparisons of the DNN test for VS prediction by using the Xu-White and
BR models for well 1 training.
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deviation of the training data. In this study, each feature xi is nor-
malized to the range [−1, 1] with

xnormi ¼ −1þ 2

xmax
i − xmin

i
ðxi − xmin

i Þ: (5)

The accuracy of the predictions is measured by
calculating the average squared differences be-
tween the observed and predicted values (root-
mean-square error [RMSE]) and the proportion
of variability explained by the model (R2),
given by

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn
i¼1

ðyi − yp;iÞ2
s

; (6)

R2 ¼ 1 −
Xn
i¼1

ðyi − yp;iÞ2
�Xn

i¼1

ðyi − ȳÞ2;

(7)

where n is the number of samples; yi and yp;i are
the actual and predicted values, respectively;
and ȳ ¼ P

n
i¼1 yi=n.

RESULTS

Input feature selection

In this section, five combinations of log
parameters, (VP), (VP, ρ), (VP, ρ, ϕ), (VP, ρ,
ϕ, Vcl), and (VP, ρ, ϕ, Vcl, Sw), are evaluated
to identify the most effective input features.
For training the DNN-based VS prediction
model, a data set comprising 7989 data points
from two wells (3729 and 4260 from wells 1
and 2, respectively) is used. The data points from
wells 3 to 5 (3562, 4089, and 3941 from wells 3,
4, and 5, respectively) are used to validate the
DNN model’s performance and evaluate its pre-
diction accuracy. A fully connected network ar-
chitecture is adopted, consisting of five hidden
layers, each containing 30 nodes. The tanh func-
tion is the activation function, and the Adam
optimizer is used with an initial learning rate set
to 0.001. The learning rate decay is achieved
through the “lr_scheduler” in PyTorch, which
dynamically modifies the learning rate according
to the epoch count. This strategy helps stabilize
the loss function minimization process by reduc-
ing fluctuations in the loss curve. During optimi-
zation, the DNN parameters are continuously
refined to achieve a lower loss value.
The loss value is shown in Figure 6a. As can

be seen, the training loss gradually decreases and
reaches its lowest point after 10,000 epochs. The
RMSE is computed for all predicted data. Ac-
cording to Figure 6b and Table 1, increasing

the number of inputs in the VS prediction NN enhances prediction
accuracy. Therefore, the subsequent sections of this work will use
five inputs (VP, ρ, ϕ, Vcl, and Sw) to train the NN.

Figure 13. Crossplots of the real and predicted VS using the Xu-White and BR models
for well 1 training: (a) well 2, (b) well 3, (c) well 4, and (d) well 5.

Figure 14. The same as Figure 13, but for well 2 with (a) well 1, (b) well 3, (c) well 4,
and (d) well 5.
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Testing RPMs and the generation of pseudolabels

Before creating pseudolabels with rock physics, we test the per-
formance of predicting the VP and VS of wells 1–5. Table 2 shows
the properties for the tests. The matrix is a mixture of quartz, clay,
and feldspar minerals, and the feldspar content is low, with the ratio
of feldspar to quartz being approximately 3% (Li et al., 2022). The

comparison of the actual log data (the black curves), the estimated
VP and VS obtained with the Xu-White model (the light green
curves), and the BR model (the orange curves) is shown in Figure 7.
The predictions of the BR model show a higher degree of agreement
with the real log data.
Next, the pseudolabel data set for training is created by a Monte

Carlo method, by assuming that the key parameters (ρ, ϕ, Vcl, and
Sw) are statistically independent. Each parameter is considered to
follow a uniform distribution within a specified range, and random
sampling is performed within this parameter space to derive the po-
tential combinations of these parameters. The main difficulty in cal-
culating the wave velocities with the BR model is determining the
inclusion volume, which has a correlation with the clay volume
(Guo et al., 2022). Therefore, we statistically analyze this correla-
tion in wells 1–5 (Figure 8) and derive an empirical relationship.
Based on that, the inclusion volume of the synthetic data is calcu-
lated. Subsequently, the VP and VS are determined using the
Xu-White and BR models. Table 3 shows the sampling ranges for
the rock properties obtained from the actual data.
To ascertain the required number of pseudolabel data points for

training, various training sets are created through random sampling
with differing sample sizes. Six DNN models are trained with 0,
1000, 2000, 3000, 4000, and 5000 pseudolabel data points added
to well 1. The data points of wells 2–5 are used to check the per-
formance of the DNN model and analyze the prediction accuracy.
As shown in Figure 9, the accuracy is relatively low when the num-
ber of pseudolabels is small, and then increases when it reaches a
value of 2000. Figure 10 shows the VP and VS (Figure 10f and 10g)
obtained with the Xu-White model and the BR model, respectively,
for 2000 synthetic data points.

Evaluation of RPM combinations

In this section, we investigate the effects of different RPMs on the
prediction accuracy of VS. Our goal is to improve the understanding
of DNN-based predictions, especially in scenarios with limited la-
beled data. To validate the effectiveness of our proposed RPM-
driven DNN strategies, we train the DNN model with data from
one well and perform blind tests with the remaining four wells.
As shown in Figures 11 and 12, we take wells 1 and 2 as the cases

to evaluate the prediction results of the blind wells using the Xu-
White (the dotted line) and the BR (the dashed line) models. It can
be seen that the prediction has been improved by using these mod-
els, especially in areas where the error is high without models (e.g.,
Figure 11b at the depths of 3460–3535 m and 3575–3630 m). Com-
paring the areas indicated by the dashed orange boxes in Figures 11
and 12, it is shown that the DNN model driven by the BR model
outperforms the performance driven by the Xu-White model in
terms of prediction accuracy at locations with larger errors. Com-
pared with the Xu-White model, the BR model captures more
physical information about the target layer, providing a better rep-
resentation of the heterogeneity caused by pore structures in tight
sandstone reservoirs. Furthermore, in rock-physics modeling, the
spatial variability of the inclusion content associated with micro-
cracks is considered, enabling the RPM to better characterize in situ
pore structures.
Figures 13 and 14 show crossplots of the real and predicted re-

sults of four wells. The black dots represent the results predicted
without rock physics, the dark green and light blue dots represent
the results predicted with the Xu-White model, and the pink and

Table 4. The relative RMSE and R2 between the real data
and the prediction results in Figure 11.

Well Training data Relative RMSE R2

2 Without models 0.0745 0.6499

3 0.0478 0.8422

4 0.0613 0.8176

5 0.0670 0.6502

2 Xu-White model 0.0734 0.6595

3 0.0441 0.8658

4 0.0557 0.8492

5 0.0636 0.6854

2 BR model 0.0684 0.7044

3 0.0425 0.8754

4 0.0549 0.8536

5 0.0583 0.7354

Table 6. Sampling ranges for the rock properties.

Property Symbol (unit) Lower bound Upper bound

Density ρ (g/cm3) 2 3

Porosity ϕ (v/v) 0.001 0.15

Clay volume Vcl (v/v) 0.01 0.99

Water saturation Sw (v/v) 0.01 0.99

Table 5. The relative RMSE and R2 between the real data
and the prediction results in Figure 12.

Well Training data Relative RMSE R2

1 Without models 0.0733 0.7925

3 0.0538 0.8002

4 0.0667 0.7843

5 0.0500 0.8048

1 Xu-White model 0.0727 0.7957

3 0.0507 0.8221

4 0.0618 0.8147

5 0.0493 0.8111

1 BR model 0.0684 0.8195

3 0.0479 0.8417

4 0.0608 0.8203

5 0.0477 0.8225
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orange dots represent those of the BRmodel. In addition, as indicated
in the lower right corner of Figures 13 and 14, we compare the R2

between the actual and predicted values with and without RPMs. It
can be seen that the RPM-driven DNNmodel improves the prediction
performance, especially for the BR-DNN model, with R2 increasing
from 0.6499 to 0.7044 for well 2, from 0.8422 to
0.8754 for well 3, from 0.8176 to 0.8536 for well
4, and from 0.6502 to 0.7354 for well 5 in the case
of training well 1. Similarly, R2 is increased from
0.7925 to 0.8195 for well 1, from 0.8002 to
0.8417 for well 3, from 0.7843 to 0.8203 for well
4, and from 0.8048 to 0.8225 for well 5 in the case
of training for well 2.
Tables 4 and 5 provide the relative RMSE and

R2 between the real log data and the prediction
results for the three DNN-based models. It can be
seen that the BR-DNN results match the ground
truth well. Especially when we use well 1 as the
training data to predict well 5, the relative RMSE
is decreased by approximately 13%.

General applicability of the proposed
DNN method

To illustrate the potential applicability of the
proposed method, data from a tight oil sandstone
reservoir are used to train the neural network.
The data set is from the Changqing oil field in
the Ordos Basin. It is comprised of 2570 data
points with VP, VS, ρ, ϕ, Vcl, and Sw.
The data set is comprised of three wells, labeled A, B, and C. To

assess the effectiveness of the methodology, we select wells B and C
as the test data set. Well A, with 1243 data points, is used to train the
NN model as real labels. Subsequently, the pseudolabel data set
used for training is generated by a Monte Carlo approach. After
testing, a total of 500 pseudolabel data points are generated. Table 6
shows the sample ranges for the rock properties obtained in wells
A–C. Subsequently, VP and VS are determined using the Xu-White
and BR models, respectively.
The results are shown in Figure 15. It can be observed that when the

Xu-White and BR models are considered for well A, the results are in
better agreement with the log data. Table 7 shows the relative RMSE
and R2 of the VS predictions for the three DNN-based models. Com-
pared with the DNN model without modes, the
DNN with the Xu-White model shows no signifi-
cant improvement in prediction accuracy for well
B but reduces the relative RMSE for well C by
approximately 17.5%. In contrast, the BR model
reduces the relative RMSE for wells B and C
by approximately 12.1% and 19.7%, respectively.
As shown in Figure 16, the results obtained with
the BR model show a stronger correlation with the
actual data, as most data points are predominantly
close to the standard line. Although the previous
examples focus primarily on a tight gas-sandstone
reservoir, the case presented in this section shows
that the proposed method is also applicable to tight
oil-sandstone reservoirs. These cases demonstrate
that the methodology presented here offers accu-
racy and generalizability.

DISCUSSION

Because RPMs are imperfect, inaccurate pseudolabels could af-
fect the performance of the DNN model. Therefore, based on the
two sets of pseudolabels in Figure 10, we sequentially add 5%,

Figure 15. Comparisons of the DNN test results for VS prediction by using the Xu-
White and BR models for well A training.

Table 7. The relative RMSE and R2 between the real data
and the prediction results in Figure 15.

Well Training data Relative RMSE R2

B Without rock-physics driven 0.0423 0.8537

C 0.0645 0.5901

B Xu-White model driven 0.0420 0.8554

C 0.0532 0.7214

B BR model driven 0.0372 0.8864

C 0.0518 0.7362

Figure 16. Crossplots of the real and predicted VS by using the Xu-White and BR mod-
els for well A training: (a) well B and (b) well C.
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10%, and 20% random noise to each set and insert them into the
training data of well 1 to train the DNN model. The model is then
validated using blind tests in wells 2–4, where the corresponding
relative RMSE and R2 values were calculated. The results are
shown in Figure 17 (where Figure 17a and 17c shows the results
based on the Xu-White model, whereas Figure 17b and 17d shows
the results based on the BR model). Figure 17 shows that the in-
clusion of pseudolabels decreases the relative RMSE and increases
the R2 value in blind hole predictions, thereby improving the pre-
diction accuracy. Although the introduction of random noise gen-
erally worsens prediction performance, the results are still better
than those of the DNN models trained without pseudolabels. This
indicates that, despite potential shortcomings in the RPMs, the
pseudolabels derived within acceptable error margins can improve
the predictive capability of the DNN model to a certain extent. A
comparison of Figure 17a and 17c with 17b and 17d shows that the
pseudolabels generated from the BR model generally provide better
blind hole predictions, with and without random noise, than those
derived from the Xu-White model. Therefore, it is more important
to select an appropriate model to characterize reservoir properties,
as it can provide pseudolabels with richer information about reser-
voir characteristics.
Although the current study shows that a pretrained model can be

adapted to a new region by fine tuning it with limited well data, this
process is more akin to transfer learning than a true generalization of
the original model. This distinction is important because a true gen-
eralization would imply robust performance across multiple regions
without retraining, whereas transfer learning explicitly uses prior
knowledge while adapting to new data. However, this work primarily
focuses on investigating how more accurate pseudolabels generated
fromRPMs affect the performance of DNNmodels under limited real
data conditions, while validating their applicability in different study
areas. Although advanced transfer learning techniques (e.g., domain

adaptation, layer freezing, or feature-space align-
ment) were not investigated here, they represent a
promising way to improve model performance,
especially in cases where there are limited labeled
data for the target domain. Future work should
systematically evaluate these methods to further
improve the adaptability of the model to different
geologic settings.

CONCLUSION

A methodology for RPM-driven DNNs is pro-
posed to predict S-wave velocity in tight sand-
stone reservoirs from logging data, by using
density, porosity, clay volume, water saturation,
and P-wave velocity. Our framework combines
two RPMs, namely, the Xu-White and BR mod-
els. In particular, the variation of the inclusion
volume with depth is considered to describe
complex porous structures in the BR modeling.
These RPMs are used to generate pseudolabels
and construct a rock-physics-related loss func-
tion. The proposed method is validated in the
tight-gas sandstone reservoirs of the Ordos Basin
by training the DNN model with data from a sin-
gle well and evaluating its performance with data

from the other four wells. We find that both RPM-driven DNN ap-
proaches effectively improve prediction accuracy. The combination
of the BR model with the rock-physics pseudolabeling strategy
shows good improvements, reducing the relative RMSE by up to
13%. Moreover, the predictions in different regions and reservoirs
show that the proposed method has generalization capabilities and
provides a technical framework for supporting the evaluation of
sweet spots in tight reservoirs. Future work will extend this
DNN-based method to process data from carbon storage and geo-
thermal reservoirs.
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APPENDIX A

THE BR EQUATION AND ITS PLANE-WAVE
SOLUTION

To describe wave propagation in a double-porosity medium, Ba
et al. (2011) propose the BR model. The governing equations are

Figure 17. (a and b) The relative RMSE and (c and d) R2 values for blind well pre-
dictions using pseudolabels with added random noise for (a and c) for Xu-White model
and (b and d) the BR-based model augmented DNN, respectively.
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N∇2uþ ðAþ NÞ∇εþQ1ðζð1Þ þ ϕ2ςÞ þQ2ðζð2Þ − ϕ1ςÞ
¼ ρ11üþ ρ12Üð1Þ þ ρ13Üð2Þ þ b1ð _u − _Uð1ÞÞ þ b2ð _u − _Uð2ÞÞ;

(A-1)

Q1∇εþ R1∇ðζð1Þ þ ϕ2ςÞ ¼ ρ12üþ ρ22Üð1Þ − b1ð _u − _Uð1ÞÞ;
(A-2)

Q2∇εþ R2∇ðζð2Þ − ϕ1ςÞ ¼ ρ13üþ ρ33Üð1Þ − b2ð _u − _Uð2ÞÞ;
(A-3)

ϕ2ðQ1εþ R1ðζð1Þ þ ϕ2ςÞÞ − ϕ1ðQ2εþ R2ðζð2Þ − ϕ1ςÞÞ

¼ 1

3
ρf ς̈R2

0

ϕ2
1ϕ2ϕ20

ϕ10

þ 1

3

ηϕ2
1ϕ2ϕ20

κ1
_ςR2

0; (A-4)

where u denotes the displacement vector of the dry rock skeleton,
whereas U(1) and U(2) correspond to the average fluid displacement
vectors of the host and inclusions, respectively. The terms ε, ζð1Þ,
and ζð2Þ describe three divergence fields associated with displace-
ment. The scalar ζ represents the fluid change resulting from fluid
flow. The absolute porosities of the host and inclusion are denoted
by ϕ1 and ϕ2, respectively. Here, κ1, η, and R0 represent the per-
meability of the host medium, the fluid viscosity, and the radius of
inclusions, respectively. The equations include two Biot dissipation
coefficients (b1 and b2), six stiffness parameters (A, N, Q1, R1, Q2,
R2), and five density coefficients (ρ11, ρ12, ρ13, ρ22, ρ33).
By using the plane-wave kernel in equations A-1–A-4, the equa-

tion governing P waves can be expressed as

������
a11k2 þ b11 a12k2 þ b12 a13k2 þ b13
a21k2 þ b21 a22k2 þ b22 a23k2 þ b23
a31k2 þ b31 a32k2 þ b32 a33k2 þ b33

������ ¼ 0; (A-5)

with

a11 ¼ Aþ 2N þ iðQ2ϕ1 −Q1ϕ2Þx1;
b11 ¼ −ρ11ω2 þ iωðb1 þ b2Þ;
a12 ¼ Q1 þ iðQ2ϕ1 −Q1ϕ2Þx2; b12 ¼ −ρ12ω2 − iωb1;

a13 ¼ Q2 þ iðQ2ϕ1 −Q1ϕ2Þx3; b13 ¼ −ρ13ω2 − iωb2;

a21 ¼ Q1 − iR1ϕ2x3; b21 ¼ −ρ12ω2 − iωb1;

a22 ¼ R1 − iR1ϕ2x2; b22 ¼ −ρ22ω2 þ iωb1;

a23 ¼ −iR1ϕ2x3; b23 ¼ 0;

a31 ¼ Q2 þ iR2ϕ1x1; b31 ¼ −ρ13ω2 − iωb2;

a32 ¼ iR2ϕ1x2; b32 ¼ 0;

a33 ¼ R2 þ iR2ϕ1x3; b33 ¼ −ρ33ω2 þ iωb2; (A-6)

and

x1 ¼
iðϕ2Q1 − ϕ1Q2Þ

Z
; x2 ¼

iϕ2R1

Z
; x3 ¼ −

iϕ1R2

Z
;

Z ¼ iωηϕ2
1ϕ2ϕ20R2

0

3κ1
−
ρfω

2R2
0ϕ

2
1ϕ2ϕ20

3ϕ10

− ðϕ2
2R1 þ ϕ2

1R2Þ:

(A-7)

The phase velocity is (Carcione, 2022)

VP ¼
�
Re

�
k
ω

��
−1
; (A-8)

where k and ω are the complex wavenumber and the angular
frequency, respectively.
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