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Abstract

Seismic anisotropy parameters are essential in the processing and interpretation of modern
array data with multicomponent, long offsets and wide azimuth acquisitions. Traditional well logs do not
measure anisotropy in a vertical well and thus cannot provide the needed information. Conventional
calibration-based as well as recent inversion-based rock physics modeling methods involve tuning
parameters and subjective choices that are largely empirical and difficult to generalize. Here we present a
machine learning approach to alleviate these problems. Since it is impossible to collect massive labeled
field well log data, we generate paired synthetic data of features (porosity, density, vertical P and S wave
velocities, P wave and shear moduli) and labels (bulk and shear moduli of rock matrices and aspect ratio of
ellipsoidal cracks). By tuning hyperparameters we obtain an optimal fully connected neural network with
four hidden layers that fits well with the synthetic data. The neural network is applied to published
laboratory measurements and field well log data from a Chinese well and a U.S. well without any
modification. We show that anisotropy models estimated by the deep neural network agree well with the
inversion results and with the laboratory measurements. The neural network optimized by extensive
training based on massive synthetic data removes the subjectivity in parameter selection, generalizes to
different geological environments, and has the potential to provide real-time anisotropy estimation while
logging.

Plain Language Summary Seismic anisotropy, defined as the dependency of seismic wave
velocity on propagation directions, is essential for understanding the Earth's subsurface structure.
However, anisotropy Earth model building is challenging and ambiguous due to the lack of direct
measurements and the subjectivity commonly needed in rock physics modeling. Here, we propose a
machine learning approach using a deep neural network trained with artificial data generated from the
Hudson-Cheng model to predict shale anisotropy from conventional well logs. The well-trained neural
network is then used to predict anisotropy parameters for shale rock samples whose properties were
measured in laboratories and published in previous studies. The agreement between the deep neural
network prediction and these measurements validates both the chosen rock physics model and the
neural network. The neural network is applied directly to two field well log data sets, producing consistent
anisotropy models in different geological settings in China and the United States, and compared favorably
with the existing inversion-based results. Our neural network is shown to be very efficient and general
and can be applied in real time while well logs are being acquired.
1. Introduction
Many of Earth's materials are anisotropic, meaning that their properties such as elastic wave velocities
change with direction. Shales are common examples of that, although other sedimentary rocks such as
sandstones, as well as fractured granites and basalts, can also be anisotropic. Larger Earth features such as
oceanic crust and subducting slabs have also been shown to be anisotropic (Shearer & Orcutt, 1985; Stephen,
1981). Shales, in particular, are very common and play important roles in many applications: they act as cap
rocks for CO2 sequestration, oil and gas reservoirs, and both source rocks and reservoirs for unconventional
resources (Jarvie et al., 2007; Vernik & Liu, 1997; Vialle et al., 2018). Shales are mostly vertical transversely
isotropic (VTI) due to textural alignment of clay minerals, nonspherical pores, and soft cracks at subseismic scale (Bandyopadhyay, 2009). The degree of anisotropy found in shales can be quite high (Vernik & Liu,
1997).
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In order to properly image the subsurface, we need to take into account of the effects of anisotropy on seismic
wave propagation, thus the need for an anisotropic Earth model. Contrarily, ignorance of seismic anisotropy
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can lead to poor seismic imaging, mispositioning of the seismic reflectors, inaccurate well ties, and incorrect
interpretation of lithology and fluid content (Bandyopadhyay, 2009; Li et al., 2016a, 2016b). Recent developments in seismic acquisition which involve longer offsets, wider azimuths, and multiple components result
in wave propagation from larger apertures and more varied angles, making anisotropy a critical component
of any Earth model.
Despite the importance of seismic anisotropy, it is highly challenging to build anisotropic velocity models
due to limited data and cores we can acquire in the field. Seismic data suffer from low resolution and low
accuracy. Conventional well logging does not measure anisotropic properties due to the single directional
nature of wells. Even with the Stoneley wave information in modern acoustic logs, we can only measure S
wave anisotropy, leaving P wave anisotropy unresolved (Tang & Cheng, 2004). Laboratory measurements
provide best known estimation of anisotropy. Nonetheless, they are far from sufficient and exact due to
limited number of core samples, heterogeneity of the formation, and difficulties in handling shale samples.
It is commonly agreed upon that shale anisotropy is due to textural alignment that includes fine-scale
lamination and preferentially aligned minerals, microcracks and/or fractures. These scenarios lead to two
schools of fundamental geometrical models: modeling the laminations using Backus average (Backus, 1962;
Vernik & Landis, 1996) and modeling the microcracks using ellipsoidal inclusions (Cheng, 1993; Eshelby,
1957; Hudson, 1981). One of the major challenges of using these models is the unavailability of the exact
composition, shapes, and elastic properties of individual clay minerals and fluid components. Later studies
alleviate these constraints and accommodate complex mineral composites using self-consistent approximation methods (Jakobsen & Johansen, 2000), differential effective medium methods (Nishizawa & Yoshino,
2001), or a combination of both (Bandyopadhyay, 2009; Hornby et al., 1994). These methods drastically
increase the complexity of the rock model and the corresponding computational cost. Besides the mineral
fractions and properties, these models require additional parameters such as pore aspect ratio, compaction
factor, orientation distribution function, and organic content, none of which can be measured directly in
well logs and all of which are empirical and hence highly uncertain.
Among all anisotropic rock physics models, the ellipsoidal crack model of Hudson (1981) and Cheng (1993)
is the simplest and most efficient Eshelby inclusion-based model, with only four physically meaningful and
bounded parameters. Li et al. (2019) formalized an inversion workflow to estimate anisotropy from vertical well logs based on this simple model, yielding lithologically consistent results. Despite the consistency
and simplicity offered by the inversion workflow and the Hudson-Cheng model, significant amounts of
human interpretation and subjective parameter selection are still needed. This includes the setting of different lithozones in the well logs and the choice of different background matrix moduli in the absence of
measured mineralogical data. The criteria of these choices will change for different data sets. The subjective
interpretation and tuning may lead to inconsistencies and nonreproducibilities of the inversion results.
In order to avoid tuning the nuisance parameters and to reduce the subjectivity, we proposed to utilize
machine learning (ML) for anisotropy model building. ML is a branch of artificial intelligence that automates analytical model building from training data with minimal human intervention. It has been widely
explored in all different applications, including those in geophysics, due to its great potential in pattern
recognition and nonlinear regression. In geophysics, specifically for well log measurements, unsupervised
learning algorithms such as self-organizing map, cross-entropy clustering, and Gaussian mixture model
have been applied to logs for automatic zoning and lithofacies recognition (Fung et al., 1995; Wu et al., 2018).
Supervised learning methods, mainly classification or regression neural networks, have been employed for
lithological classification, and permeability, porosity, or shear wave velocity estimation from well log data
(Ahmadi & Chen, 2019; An et al., 2018; Anemangely et al., 2019; Bestagini et al., 2017). However, few works
demonstrate the ability of their ML algorithms in generalizing to new data outside the training data set.
This is partially due to the fact that ML algorithms demand massive training data that are hard to collect for
geophysical applications.
In this work, we propose to resolve the challenge of lack of training data using stochastic rock physics modeling, which generates an extensive synthetic database that covers the entire range of the well logs. Although
this strategy of training with synthetic data has been previously implemented, generalizability of the resulting neural network to field data is rarely tested. This paper addresses the fundamental challenges of ML
applications in the following order. First, we construct the training data set based on the Hudson-Cheng
YOU ET AL.
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Figure 1. An illustration of the Hudson-Cheng model.

model; second, we determine the architecture of the deep neural network (DNN) by tuning the hyperparameters to obtain an optimal DNN model; then, we test the generalizability of the DNN on published laboratory
and field well log data from two different locations; and finally, we discuss the contributions and limitations
of our work before providing concluding remarks. We demonstrate that this ML approach is accurate, efficient, and well generalized to data from different geological settings, making it possible to deliver real-time
anisotropy models while logging.

2. Methodology
DNNs are artificial neural networks with multiple hidden layers to progressively extract higher-level features
from raw inputs (Deng & Dong, 2014). Following established workflow in ML, we prepare training data first
and then optimize the DNN design by trial and error, details of which will be presented in this section.
2.1. Data Preparation
Neural networks are purely data-driven techniques that rely on the quality of training data. However, it is
impossible to collect massive labeled well log data in the field due to the lack of direct measurements of
seismic anisotropy in well logging. The Hudson-Cheng model has been demonstrated to be the simplest
applicable model to shale anisotropy estimation from well log data in our previous research (Li et al., 2019).
Therefore, we employ the Hudson-Cheng model to generate paired training data of features (i.e., the inputs
to the neural network) and labels (i.e., true values for the outputs from the neural network). As shown
in Figure 1, the Hudson-Cheng model decomposes an intact rock into two sections: (1) a homogeneous,
isotropic background composed of a rock matrix and a group of randomly distributed spherical pores, also
known as stiff pores, and (2) a set of aligned ellipsoidal cracks, also known as soft pores, that account for
VTI anisotropy (Li et al., 2019). The effective elastic moduli for the entire rock are given by
Ci𝑗∗ = Ci𝑗0 + Ci𝑗1 ,

(1)

with Ci𝑗∗ , Ci𝑗0 , and Ci𝑗1 denoting the effective moduli measured in laboratories or wells, the background
moduli, and the first-order corrections, respectively.
The background moduli Ci𝑗0 can be approximated by the Hashin-Strikman (HS) upper bounds (K HS+ , 𝜇 HS+ )
(Hashin & Shtrikman, 1963; Mavko et al., 2009), which are functions of the matrix moduli (K0 , 𝜇0 ), fluid
moduli (K𝑓 , 𝜇𝑓 ), and spherical (stiff) porosity (𝜙stiff ). Since the crack or soft porosity is typically a very small
fraction of the total porosity, we can approximate the stiff porosity 𝜙stiff by the total porosity 𝜙, without loss
of generality. The expressions for the background moduli Ci𝑗0 are
0
0
C11
= C33
= 𝜆 + 2𝜇,

(2)

0
C13
= 𝜆,

(3)

0
0
C44
= C66
= 𝜇,

(4)

where 𝜆 and 𝜇 are the background Lamé constants given by 𝜆 = K HS+ − 23 𝜇 HS+ , 𝜇 = 𝜇 HS+ .
The first-order corrections are
1
C11
=−

YOU ET AL.

𝜆2
dU,
𝜇 c 3

(5)
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Table 1
Sampling Ranges for 𝜌m , 𝜙, 𝛼 , K0 , 𝜇0 , and dc
Parameter

Lower bound

𝜌m (g/cm3 )

2.6

Upper bound
2.8

𝜙

0.01

0.31

K0 (GPa)

20

60

𝜇0 (GPa)

8

43

𝛼

0.01

0.03

dc

0

0.4

Note. The density is the arithmetic average of the matrix density (𝜌m ) and
fluid density (𝜌𝑓 = 1.1 g/cm3 ).

1
C13
=−

𝜆(𝜆 + 2𝜇)
dc U 3 ,
𝜇

(6)

1
C33
=−

(𝜆 + 2𝜇)2
dc U 3 ,
𝜇

(7)

1
C44
= −𝜇dc U1 ,

(8)

1
C66
= 0,

(9)

with
U3 =

4(𝜆 + 2𝜇) 1
,
3(𝜆 + 𝜇) (1 + P)

(10)

16(𝜆 + 2𝜇)
,
3(3𝜆 + 4𝜇)

(11)

U1 =

P=

K𝑓 (𝜆 + 2𝜇)
𝜋𝛼𝜇(𝜆 + 𝜇)

,

(12)

3𝜙

soft
is the crack density that is fully determined by the aspect ratio of the ellipsoidal cracks
where dc = 4𝜋𝛼
(𝛼 ) and the soft porosity (𝜙soft ). With the above formulations, under the assumption that the rock is water
saturated, the elastic properties of a VTI medium can be fully determined by six parameters: stiff porosity
(𝜙), density (𝜌), matrix bulk and shear moduli (K0 , 𝜇0 ), aspect ratio of the ellipsoidal cracks (𝛼 ), and crack
density (dc ).

We generate around 27 million examples through sampling 𝜙, 𝜌, K0 , 𝜇0 , 𝛼 , and dc from uniform distributions and then computing entire effective stiffness tensors using the Hudson-Cheng model. The sampling
ranges for those parameters, as shown in Table 1, are empirical values from field well log data and cover all
reasonable values in shale formations, ensuring the generality and abundance of the synthetic data. Given
the full stiffness tensors, we can easily calculate the vertical P, S wave velocities (Vp , Vs ), and Thomsen's
anisotropy parameters defined as
𝜖=

𝛾=

𝛿=
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∗
∗
C11
− C33
∗
2C33
∗
∗
C66
− C44
∗
2C44

,

(13)

,

(14)

∗
∗ 2
∗
∗ 2
(C13
+ C44
) − (C33
− C44
)
∗
∗
∗
2C33
(C33
− C44
)

.

(15)

4 of 14

Journal of Geophysical Research: Solid Earth

10.1029/2019JB019042

Figure 2. A schematic diagram of the ML approach to predict anisotropy parameters from well logs. The structure of
the optimal DNN is shown in the dashed line box. Following feature normalization, raw predictions given by the DNN
are scaled back to normal ranges, from which anisotropy parameters are derived based on the Hudson-Cheng model.
Note that x and x′ represent original and normalized features or labels; x̄ and 𝜎 denote the mean and standard
deviation of x.
∗
Among the synthetic data, 𝜙, 𝜌, Vp , and Vs are commonly available downhole measurements, and C33
and
∗
C44 can be calculated directly from them. Others, such as the background moduli and aspect ratio, can only
∗
∗
, and C44
and labels from the other parameters.
be inferred. Hence, we choose features from 𝜙, 𝜌, Vp , Vs , C33
In order to accelerate and stabilize the training process, we normalize the features and labels with respect
x
to their means (x̄ ) and standard deviations (𝜎 ) in the ensemble of training data with x′ = x−̄
, as they highly
𝜎
vary in units, scales, and magnitudes. Moreover, label normalization helps balance training loss given by
different labels for multitask regression.

After data generation and preprocessing, the synthetic data are randomly divided into training, validation,
and test sets by a ratio of 7 : 2 : 1. The weights of DNNs are updated along the gradient-descending path of the
training loss (i.e., the mean square loss of training set). The validation set is used for frequent unbiased evaluation of the accuracy of DNNs during training, while the test set is used to evaluate the DNN performance
after training. By observing the evolution of training and validation losses, we monitor the training status
to determine if it is under-fitting, just-fitting or over-fitting. As for test loss, it reflects the generalizability of
DNNs to new data.
2.2. DNN Design and Training
Following data preparation is DNN design and training. The design of DNNs is by trial and error. A set of
different DNN designs are explored and compared, out of which the optimal model is selected. The objective
for each DNN training is to minimize the loss function, which is the mean square error (MSE) between
the DNN predictions and labels, by optimizing weight matrices between successive layers using gradient
descend methods. Specifically, Adam optimizer (Kingma & Ba, 2014) is used here, which is the most popular
gradient descend method for DNN training and converges quickly.
Generally, the structure of DNNs can be modified by changing features and labels, the number of hidden
layers and nodes, the learning rate for Adam optimizer, etc. A large number of DNNs, which have 1 to 5
hidden layers, 8 to 512 nodes in one layer, and learning rates at different orders of magnitude (10−3 –100 ),
are tested till the convergence of training loss. Minimal validation loss during training, which often denotes
the just-fitting status of DNNs, is a good criterion to evaluate the level of fitting of DNNs to training data.
The optimal DNN model is the one with the lowest minimal validation loss, whose structure is shown in
Figure 2. It is a fully connected neural network with 4 hidden layers, 6 inputs and 3 outputs. The first to
′
′
the fourth hidden layers have 64, 128, 256 and 64 nodes, respectively. The inputs 𝜙′ , 𝜌′ , Vp′ , Vs′ , C33
, and C44
′
′
are normalized well log data benchmarked with the distribution of training data. By adding C33 and C44 to
the input layer, the influence of P and S wave velocities is strengthened. Instead of predicting anisotropy
parameters directly, the DNN model outputs three normalized rock physics parameters K0′ , 𝜇0′ , and 𝛼 ′ . They
YOU ET AL.
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are chosen as outputs because K0 , 𝜇0 , and 𝛼 restored from K0′ , 𝜇0′ , and 𝛼 ′ ,
together with the input benchmarks, fully characterize the elastic properties of shales for the chosen Hudson-Cheng model and hence are more
informative than anisotropy parameters. Apart from that, the estimation
of K0′ , 𝜇0′ , and 𝛼 ′ tends to be more accurate because the Hudson-Cheng
model is more sensitive to K0′ , 𝜇0′ , and 𝛼 ′ than anisotropy parameters. As
∗
∗
and C44
are measured moduli. Background moduli
mentioned above, C33
0
0
C33
and C44
can be computed from measured porosity and DNN predicted
K0 and 𝜇0 . The differences between measured and background C33 , C44
1
1
can be quantified as C33
, C44
, respectively, both of which are functions
of dc . Then the average of dc derived from C33 and C44 is considered as
the estimated dc . Given K0 , 𝜇0 , 𝛼 , and dc , the full stiffness tensor and
Thomsen's parameters can be easily calculated.
Figure 3. Learning curves of the optimal DNN model. Training loss and
validation loss are denoted with blue and orange lines, respectively. The
DNN model is tested on test data at Epoch 21, where the validation loss is
the lowest (red star).

To sum up, the general workflow of our DNN model to predict anisotropy
parameters from well log data is as follows: first the DNN model is fed
with normalized features, and then raw outputs of the DNN model are
scaled back to normal ranges via label denormalization, from which
anisotropy parameters are derived based on the Hudson-Cheng model.

The learning curves for the DNN model are shown in Figure 3. The training loss and validation loss decrease
simultaneously and converge to relatively low values after 12 epochs. The best fitted model is obtained at
Epoch 21, where the validation loss reaches its minimum. The test loss of the best fitted model is as low as
the validation and training losses. It demonstrates that the DNN model can be well generalized to new data.
Overall, a well-trained DNN model is obtained at Epoch 21 using the synthetic data.

Figure 4. Bivariate distribution map of C33 and C44 of the synthetic training data with scattered points of C44 versus
C33 of the laboratory data (green) and field well log data from the Chinese well (red) and U.S. well (yellow). The
frequency of the synthetic data is obtained by binning the synthetic data into a 40-by-40 evenly spaced grid between (0,
0) and (120, 40) and then dividing the counts of data points in each bin by the total number of data points. Published
laboratory measurements of shale samples from different formations (Johnston & Christensen, 1995; Vernik & Liu,
1997; Hornby, 1998; Wang, 2002) are represented with different markers.
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Figure 5. Bivariate distribution map of 𝜖 and 𝛾 of the synthetic training data with scattered points of 𝛾 versus 𝜖 that are
measured in laboratories (green) or inverted from the well log data from the Chinese well (red) and U.S. well (yellow)
based on the Hudson-Cheng model. The frequency of the synthetic data is obtained by binning the synthetic data into
a 40-by-40 evenly spaced grid between (0, 0) and (1, 1) and then dividing the counts of data points in each bin by the
total number of data points. Published laboratory measurements of shale samples from different formations (Johnston
& Christensen, 1995; Vernik & Liu, 1997; Hornby, 1998; Wang, 2002) are represented with different markers.

3. Results
In this section we present the results of applying the well-trained DNN model to published laboratory data
and field well log data from two wells. Additionally, the DNN predictions are compared with the inversion
results based on the Hudson-Cheng model and the methodology of Li et al. (2019).
3.1. Validation With Laboratory Data
Laboratory measurements of shale anisotropy are often taken as the “ground truth” since the petrophysical
properties of samples, including porosity, density, and directional P and S wave velocities, are measured
directly. A number of papers have reported laboratory measurements of the anisotropic properties of shale
samples from various formations under different confining pressures (Jakobsen & Johansen, 2000; Johnston
& Christensen, 1994; Lo et al., 1986, etc.). Here we collect 84 laboratory measurements from four published
papers (Hornby, 1998; Johnston & Christensen, 1995; Wang, 2002; Vernik & Liu, 1997) to validate our DNN
model.
As mentioned above, features and labels of the training data set are normalized such that they are centered
around 0 with a standard deviation of 1. In the application of the DNN model, feature normalization and
label denormalization are necessary as well. Usually, any live data that will be fed to the DNN model should
be normalized using the same statistics that have been employed to normalize the training data. In fact,
there exists an implicit assumption that the live data lie within the training data distribution. The bivariate
distribution map of C33 and C44 of the synthetic training data is shown in Figure 4, where the laboratory
measurements of C33 and C44 of shale samples from different formations are represented with green markers of different shapes. Obviously, the distribution of the laboratory data is quite different from that of the
training data since more than a half of the laboratory data distribute at the edge of the training data set distribution. The discrepancy in data distribution is even more obvious in the bivariate distribution map of 𝜖 and
𝛾 (Figure 5), where more than a half of the laboratory data are outside of the training data set. In such a case,
we choose to normalize features and restore labels from raw DNN outputs using the distribution of the live
YOU ET AL.
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Figure 6. Comparison of the DNN predictions and the laboratory measurements of (a) C33 and C44 and (b) Thomsen's
anisotropy parameters 𝜖 , 𝛾 , and 𝛿 . Eighty-four laboratory measurements of shale samples from 10 formations in 4
published papers are used here.

data. In other words, laboratory measurements of shale samples from the same formation are divided into
one group and then benchmarked with their own distribution in the process of feature normalization and
label denormalization. Since K0 , 𝜇0 , and 𝛼 cannot be measured directly in laboratories, we invert for a set of
K0 , 𝜇0 , and 𝛼 for each set of laboratory measurements based on the Hudson-Cheng model (Li et al., 2019)
and then use the distribution of the inverted K0 , 𝜇0 , and 𝛼 of each group to perform label denormalization.
Using the laboratory data as benchmark, the DNN model predicts K0 , 𝜇0 , and 𝛼 given measured 𝜙, 𝜌, Vp , and
Vs , from which C33 , C44 , 𝜖 , 𝛾 , and 𝛿 are obtained from the DNN predicted Hudson-Cheng model. As shown
in Figure 6a, the DNN predicted C33 and C44 agree well with the measured C33 and C44 . Figure 6b shows
that the DNN estimated 𝜖 and 𝛾 agree reasonably well with the measured 𝜖 and 𝛾 for most samples, whereas
the mismatch in 𝛿 is relatively larger. This is partially because laboratory measurements of 𝛿 are often less
reliable given the difficulty of measuring seismic velocity at 45◦ . Moreover, the Hudson-Cheng model has
less constraints on 𝛿 .
The benchmark with laboratory measurements serves two purposes. First, together with the inversion-based
method (Li et al., 2019), it demonstrates that Hudson-Cheng model is the simplest possible rock physics
model that is accurate enough to characterize shale anisotropy. Second, it demonstrates that the DNN model
trained entirely with synthetic data is an accurate approximation to the inverse of the modeling process and
generalizable to measurements from different geological settings.
3.2. Application to the Field Well Log Data
In this section, we test the performance of the DNN model when applied to field well log data. Our model
required inputs 𝜙, 𝜌, Vp , Vs , C33 , and C44 are commonly available well logs. The model is applied to data from
a Chinese well and a U.S. well, neither of which were involved in the building and training of the DNN. Since
true anisotropy measurements are not available for field well log data, inverted anisotropy models based on
the Hudson-Cheng model (Li et al., 2019) are taken as references.
As required by the inversion-based method (Li et al., 2019), two subjective decisions have to be made. First,
logs are subjectively divided into lithological layers based on the coherency and correlation among well logs,
the criteria of which change as geological conditions change. Second, assuming K0 , 𝜇0 , and 𝛼 are the same
within each layer, we can invert for a set of K0 , 𝜇0 , and 𝛼 for each layer. However, multiple combinations
of K0 , 𝜇0 , and 𝛼 can satisfy the objective function equally well. Joint posterior distribution shows that the
optimization is nonunique, and a significant trade-off between K0 and 𝜇0 exists. Eventually, The maximum
likelihood of the marginal posterior distribution for each parameter within the lowest 2% of the objective
function is chosen as inverted values because they are considered to be more robust. Figures 7 and 8 show
the two well log data sets from China and the United States, subjectively divided into five and seven layers,
respectively. For the U.S. well log, we remove the spikes in the data using a median filter. Due to the large
differences in Vp , Vs , and 𝜌, experiences learned dividing one well cannot be directly applied to the other well.
YOU ET AL.
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Figure 7. Log data from a well in Sichuan, China, including (a) caliper log, (b) S wave velocity log, (c) P wave velocity
log, (d) density log, (e) acoustic porosity log, (f) gamma ray log, and (g) mineralogy log. They are divided into Layers
1–5 along depth as denoted in (a) caliper log. Dashed lines are layer boundaries. Modified from Li et al. (2019).

As shown in Figure 4, measured C33 and C44 from both wells are positively correlated and densely distribute
in the middle area of the training data distribution. Similarly, as shown in Figure 5, inverted 𝜖 and 𝛾 from the
China and the U.S. well logs reside in the relatively high frequency area of the training data and show strong
positive correlation. Hence, it is fair to normalize the field data directly using the training data distribution.
Unlike the inversion method of Li et al. (2019), the DNN model gives point-wise predictions of K0 , 𝜇0 , and
𝛼 instantly for each depth without the layer assumption. Instead, point measurements at each depth are

Figure 8. Log data from a well in Texas, USA, including (a) S wave velocity log, (b) P wave velocity log, (c) density log,
and (d) porosity log. They are divided into Layers 1–7 along depth as denoted in (a) S wave velocity log. Dashed lines
are layer boundaries. The raw data are plotted in red. The blue curves represent despiked logs where we discarded data
points with abnormal P wave velocity jumps that are not present in the S wave velocity log.
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Figure 9. Comparison between the measured C33 and C44 and the estimated C33 and C44 given by (a) the inversion
method and (b) the DNN model for the Chinese well log data.

evaluated against the distribution of all training data. The predictions of the DNN model are compared with
the inversion results from the Hudson-Cheng model for both wells. As shown in Figures 9 and 10, although
both inversion-based and DNN models yield good match, the DNN model outperforms the inversion method
with a better agreement between estimated and measured C33 and C44 after removing the averaging effect
within each layer.
In Figure 11, the DNN predictions and rock physics inversion results for the Chinese well are plotted in
red and blue, respectively. As shown in Figures 11a–11c, K0 , 𝜇0 , and 𝛼 predicted by DNN not only agree
with the inverted values to the first order but also show much finer heterogeneity along depth. In particular,
the matrix moduli K0 and 𝜇0 show a good qualitative correlation with the volumetric quartz content in
the mineralogy log (Figure 11h). The same consistency also exists for anisotropy parameters 𝜖 , 𝛾 , and 𝛿
(Figures 11d–11f) and crack density dc (Figure 11g). Moreover, 𝜖 , 𝛾 , 𝛿 , and dc given by the DNN model are
slightly smoother than the those given by the inversion method, which is directly related to the assumption
of layered model employed in the inversion process. As expected, the estimated 𝜖 , 𝛾 , and dc given by both
methods are positively correlated with clay contents and with each other, while the estimated 𝛿 oscillates in
the near vicinity of 0. These results are further confirmed by laboratory measurements on core and seismic
measurements (personal communication, W Liu, 25th Oct. 2019).
For the U.S. well, DNN predictions and inversion results are compared in Figure 12, showing good overall
consistency. The relatively larger variation of the inverted anisotropy and crack density logs is due to the
simplified assumption of constant K0 , 𝜇0 , and 𝛼 within each manually partitioned layer in inversion. Moreover, the sand layer (Layer 3) is less anisotropic than the shale and interbedded shale and sand layers (Layers
1, 2, 4, 5, 6, and 7) as anticipated.

Figure 10. Comparison between the measured C33 and C44 and the estimated C33 and C44 given by (a) the inversion
method and (b) the DNN model for the U.S. well log data.
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Figure 11. (a–g) Comparison of the DNN predictions of background moduli (K0 and 𝜇0 ), aspect ratio (𝛼 ), anisotropy
parameters (𝜖 , 𝛾 , and 𝛿 ), and crack density (dc ) with corresponding inversion results based on the Hudson-Cheng
model for the Chinese well; (h) mineralogy log. The DNN predictions and inversion results are plotted in red and blue,
respectively.

4. Discussions
Application of ML in geophysics faces two significant challenges: first, to obtain sufficient training data, and
second, to evaluate its success. Both challenges originate from the lack of “ground truth” in Earth science,
where the data are scarce, the simulation process is approximated, and the inverse model building problem
is nonunique. Therefore, a pure data-driven application of ML can hardly be successful in geophysics. In
this paper, the known physics, here approximated by the Hudson-Cheng model, is used to generate a large
synthetic data set for the training of the DNN model. This is the most straightforward way to incorporate
known physics in the “black box” of the DNNs in order to solve interesting and pressing geophysical inverse
problems. The training, validation, and testing of a DNN model based on the synthetic data set ensure the
resulting DNN model is as good as the chosen physical model.
In this paper, the DNN predictions are first benchmarked with laboratory measurements, which are considered as the only available “ground truth” for anisotropy. The overall agreement demonstrates the accuracy
of the trained DNN model in capturing the implicit relationship between well log measurements and seismic anisotropy. Validation of the DNN model also further validates the chosen Hudson-Cheng model for
shale anisotropy. The relatively large mismatch in 𝛿 is likely due to both the model insensitivity and the
measurement uncertainty.
Due to the lack of “ground truth,” evaluation of the success of ML applications in the field is not as straightforward as that in the laboratory or in data-abundant applications. Based on the study in this paper, we
propose to add “consistency” as a measure for the success of a ML application. In our case, although well
log measurements at each depth are considered as independent inputs to the DNN model, the predicted
anisotropy models are consistent with lithological boundaries and across different well logs in different
areas, without changing any parameter in the DNN. The predictions by DNN are also consistent (at least
qualitatively) with the rock physics inversion results. The high degree of consistency with lithology despite
the geographical differences demonstrates the general applicability of the synthetics-trained DNN model.
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Figure 12. Comparison of the DNN predictions of (a, b) background moduli (K0 and 𝜇0 ), (c) aspect ratio (𝛼 ), (d, e, f)
anisotropy parameters (𝜖 , 𝛾 , and 𝛿 ), and (g) crack density (dc ) with corresponding inversion results based on the
Hudson-Cheng model for the U.S. well. The DNN predictions and inversion results are plotted in red and blue,
respectively.

The success of the DNN model is not only in predicting the anisotropy that is otherwise difficult to obtain
but also in its efficiency and consistency without data-dependent parameter tuning.
The generalizability of our DNN is improved by normalizing the features and labels with proper benchmarks. Normally, the training data distribution is the only benchmark for feature and label normalization
assuming live data lie within the training data distribution. In our study, the distribution of the training
data is designed to comply with field scale data since the sampling ranges for 𝜌m , 𝜙, 𝛼 , K0 , 𝜇0 , and dc are
empirical values from well logs of shales. Hence, training data distribution is always a good benchmark for
field well log data. Since our DNN has seen abundant reasonable field scale data during training, it performs remarkably well for field scale data. However, the collected laboratory measurements of shale samples
present significantly different distribution in both ranges and patterns from that of the training data. This
could result from many reasons, including the difference in scales, temperature, pressure, and triaxial stress
between laboratory and field data, and the inevitable degradation of the core during in situ core extraction and sample preparation. In addition, the laboratory data we used here, except for those given by Wang
(2002), were measured on multiple core samples cut in three different directions (vertical, horizontal, and
45◦ ), thus heterogeneity of the formation also contributes to the difference in distribution. Such difference
limits the generalizability of our DNN to the laboratory data. To overcome this problem, we benchmark the
laboratory data with their own distribution, so that they are mapped into the normalized distribution of
the training data. In this way, we achieve a good fitting between the DNN predictions and laboratory measurements, which in turn proves the flexibility of our DNN model. This idea can be applied to similar cases
where the live data fall outside the distribution of the training data as long as there exists a good reference
to normalize the features and labels.
Despite the success of the ML approach, it is still time consuming and computationally expensive to obtain
a well-trained DNN model. The average training time in serial mode is 1.5 h on one CPU or 15 min on one
GPU, given one set of hyperparameters. Since the possible combinations of hyperparameters are very large,
it takes weeks to tune those hyperparameters. Fortunately, after a well-trained DNN model is obtained,
the prediction process is almost instantaneous. The DNN model is able to give near-real-time predictions
using well log data from different formations without any modification. Thus, the long training time can
be consider as part of the development process and “overhead” cost. Once developed, the DNN model can
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potentially be applied across multiple wells without redevelopment and can be used to generate real-time
deliverable results.

5. Conclusions
To estimate the important, yet difficult to measure elastic anisotropy, we propose a ML approach based on
DNNs. The DNN approximates the implicit mapping between the commonly available well log measurements and the rock physics parameters that determine the elastic anisotropy. The DNN model is trained with
synthetic data generated by first sampling petrophysical parameters from normal ranges of well log data and
then conducting rock physics simulations based on the Hudson-Cheng model. The DNN model is applied to
laboratory data benchmarked with their own distribution and field well log data benchmarked with training
data distribution considering the compatibility of distributions. The success of the ML approach is demonstrated by the satisfactory benchmark with the laboratory “ground truth,” the lithological consistency of
DNN predictions across different wells in different areas, and the general agreement between DNN predictions and rock physics inversion results. Our study validates the applicability of the Hudson-Cheng model
for shale anisotropy and the generalizability of the synthetically trained DNN model. With a more complete training set, our ML approach has the potential to provide near-real-time anisotropy estimates from
commonly available well logs.
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