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SUMMARY

Shale anisotropy is essential for processing seismic data with
long offsets, wide azimuths and multiple components. How-
ever, direct measurements of shale anisotropy are not avail-
able in routine downhole measurements. We propose to train a
deep neural network to estimate the nonlinear relationship be-
tween well logs and anisotropy parameters. Since it is impos-
sible to collect massive labelled field data, we generate paired
synthetic data of features (e.g., velocities) and labels (mainly
elastic constants) based on the Hudson-Cheng’s model assum-
ing crack-induced anisotropy. By tuning hyperparameters such
as the number of hidden layers, the number of nodes in each
layer, etc., we obtain a fully connected neural network with
5 hidden layers that fits well with the synthetics. The neu-
ral network is applied to published laboratory measurements
and the field data of a China well and a US well. We show
that the estimated anisotropy using the neural network agrees
reasonably well with the published laboratory measurements,
and is consistent with the mineralogy log for the China well.
Moreover, the predictions of the neural network coincide well
with the traditional inversion results for both field data with
no modifications to the neural network. Therefore, the neural
network is reliable and generally applicable to shales. Lastly,
an unsupervised learning algorithm – Gaussian mixture model
is applied to the selected outputs of the deep neural network,
and is demonstrated to be a potential method for lithological
classification.

INTRODUCTION

Shales are vertical transversely isotropic (VTI) media due to
textural alignment of clay minerals and soft cracks at sub-
seismic scale (Bandyopadhyay, 2009). Ignorance of such fact
may influence the accuracy of seismic data interpretation and
the resolution of seismic imaging. Recently, shale anisotropy
becomes even more important as seismic data acquisition re-
quires longer offsets, wider azimuths and multiple components
in exploration, carbonate sequestration, etc. However, shale
anisotropy model building is challenging due to the limited
data we can acquire in the field. Although seismic data cover a
large area, the anisotropy model derived from the seismic data
is usually not accurate enough for direct lithological interpreta-
tion. Downhole measurements at sparse locations, which have
been used to calibrate the seismic data, cannot measure seis-
mic anisotropy directly due to the single directional nature of
a well. Hence, a rock physics model for shale is required for
anisotropy model building from well logs.

One commonly used anisotropic rock physics model is the
ANNIE’s model (Schoenberg, 1996). It assumes that the Thom-
sen’s parameter δ is zero, or alternatively, the P-wave anisotropy
(ε) is twice the anisotropy of S-wave (γ). However, the appli-

cation of ANNIE model is limited by its strong assumption.
Hudson’s model is the most widely used model that assumes
crack-induced anisotropy (Hudson, 1980, 1981). It has been
proven by Cheng (1993) that the second order Hudson the-
ory predicts increasing moduli with crack density beyond the
limit of small crack density (dc < 0.1) since the second order
correction term does not converge. Li et al. (2017) propose a
workflow to estimate shale anisotropy from vertical well logs
based on Hudson-Cheng’s model, which only retains the first
order perturbations to the background moduli. Although the
Hudson-Cheng’s model has the advantage that it contains no
empirical assumptions or coefficients and every parameter in
the model is physically meaningful and bounded, the inversion
results are not uniquely defined due to the expected noise in
well logs. Therefore, the results of the traditional inversion
workflow can be uncertain and subjective.

Machine leaning is a branch of artificial intelligence that auto-
mates analytical model building from training data with mini-
mal human intervention. It has been widely explored in oil and
gas industry due to its great potential in pattern recognition and
nonlinear regression. Specifically, unsupervised learning algo-
rithms such as self-organising map, cross-entropy clustering
and Gaussian mixture model are employed for automatic zon-
ing and lithofacies recognition (Fung et al., 1995; Wu et al.,
2018). Supervised learning methods, mainly artificial neural
networks, are applied to lithological classification and poros-
ity estimation from well logs (Bestagini et al., 2017; An et al.,
2018). However, few works demonstrate the ability of their
machine learning algorithms or neural networks in generaliz-
ing to new data outside the training dataset, such as the logs of
other wells. This may be related to the fact that machine learn-
ing algorithms demand massive training data that are hard to
collect in practice.

In this paper, we construct a deep neural network (DNN) that
predicts shale anisotropy from well logs using synthetic data
of the Hudson-Cheng’s model. The structure is as follows:
first, we introduce the way we generate large amounts of syn-
thetic data based on Hudson-Cheng’s model; second, we de-
scribe the structure of the well-trained neural network that has
equally low training loss, validation loss and test loss; third, we
presents (1) the results of applying the neural network to the
published laboratory data and well log data, as well as (2) an
exercise to automate lithological classification through apply-
ing the Gaussian mixture model (GMM) to the selected outputs
of the neural network.

DATA PREPARATION

Due to limited available well logs, the Hudson-Cheng’s model
is employed to generate training data for the neural network.
As shown in Figure 1, Hudson-Cheng’s model decomposes an
intact rock into two sections: (1) an homogeneous, isotropic
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background composed of a rock matrix and randomly distributed
spherical pores saturated with brine, and (2) a set of aligned
ellipsoidal cracks that accounts for VTI anisotropy (Li et al.,
2017). The effective elastic moduli for the entire rock are given
by

C∗
i j =C0

i j +C1
i j, (1)

with C∗
i j , C0

i j and C1
i j denoting the effective moduli, the back-

ground moduli and the first order corrections, respectively.

+

Isotropic background

=

Ellipsoidal cracksIntact rock

Figure 1: An illustration of the Hudson-Cheng’s model.

The background moduli C0
i j can be approximated by the Hashin-

Strikman (HS) upper bound (Hashin and Shtrikman, 1963; Mavko
et al., 2009) given the matrix moduli (K0, µ0), fluid moduli
(K f , µ f ) and the porosity (φ ). The first order corrections are
given by

C1
11 =−λ 2

µ
dcU3, (2)

C1
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µ
dcU3, (3)

C1
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µ
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C1
44 =−µdcU1, (5)
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66 = 0, (6)

with
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, (7)

U1 =
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, (8)

P =
K f (λ +2µ)

παµ(λ +µ)
, (9)

dc =
3φs

4πα
, (10)

where dc is the crack density that fully determined by the as-
pect ratio of the ellipsoidal cracks (α) and the soft porosity
(φs).

According to the Hudson-Cheng’s model, the stiffness tensor
and anisotropy parameters of a VTI medium can be fully de-
termined by 6 parameters, including porosity (φ ), density(ρ),
matrix moduli (K0, µ0), aspect ratio of the ellipsoidal cracks
(α) and crack density (dc). Hence, we generate around 8 mil-
lion examples through sampling uniform distributions for φ ,
ρ , K0, µ0, α and dc and then computing entire effective elastic
stiffness tensors, which give us vertical P-, S-wave velocities
and Thomsen’s parameters ε , γ and δ defined as ε = C11−C33

2C33
,

γ = C66−C44
2C44

, and δ =
2(C13+C44)

2−(C33−C44)(C11+C33−2C44)
2C2

33
.

Table 1: Sampling ranges for ρm, φ , α , K0, µ0, dc. Note that
the density is the arithmetic average of the matrix density (ρm)
and fluid density.

Parameter Lower bound Upper bound
ρm(g/cc) 2.6 2.8

φ 0.01 0.23
α 0.01 0.04

K0(GPa) 20 50
µ0(GPa) 10 40

dc 0 0.5

In addition, the sampling ranges for those parameters are cho-
sen to cover all possible values of shales to ensure the gener-
ality and abundance of the synthetic data (Table 1). Since well
logs normally contain noise from the data acquisition, process-
ing and interpretation procedures, we add 10% random noise
to the inputs of the neural network to enhance the robustness
of the neural network.

DEEP NEURAL NETWORK DESIGN AND TRAINING

As shown in Figure 2, we construct a fully connected neural
network with 5 hidden layers, 6 inputs and 6 outputs. The
inputs are commonly available parameters from routine down-
hole measurements. Specifically, K and µ represent measured
bulk and shear moduli given by K = ρV 2

p − 4
3 µ and µ = ρV 2

s ,
where Vp and Vs are P- and S-wave velocities in the vertical
direction.

Input layer Hidden layer Output layer
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Figure 2: The structure of the deep neural network.

Instead of predicting anisotropy parameters directly, the neural
network outputs 6 other parameters that fully characterize the
VTI media. The predicted K0, µ0 and α gives us C33 and C44
based on Hudson-Cheng’s model. Then the other outputs, C11,
C13 and C66, form a complete stiffness tensor together with
the estimated C33 and C44, from which we can calculate the
Thomsen’s parameters.

In the previous section, we generate around 8 million sets of
input features (φ , ρ , Vp, Vs, K and µ) labelled with correspond-
ing outputs (K0, µ0, α , C11, C13 and C66). These data are fur-
ther divided into training set (56%), validation set (19%) and
test set (25%) randomly. The objective of the neural network
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is to minimize the cost, or the mean squared error between the
labels and the DNN outputs using gradient descend method
through back propagation. As shown in Figure 3, the training
loss and validation loss decrease simultaneously and converge
to a relatively low value after 10 epochs, which implies that a
well-fitted neural network has been achieved. The test loss of
the best fitted model at Epoch 17, where the validation error
reaches its global minimum, is as low as the validation loss
and the training loss. It demonstrates that the neural network
can be generalized to new data. Overall, a well-trained neural
network is obtained using the synthetics.

Training loss
Validation loss
Test loss

(17, 0.56)

Figure 3: Learning curves of the neural network trained on the
synthetics with 10% random noise added to the input features.

RESULTS

In this section we present the results of applying the neural
network to laboratory data and field data. The ensemble of
the neural network outputs K0, µ0 and α are separated into
two clusters using Gaussian mixture model to determine the
lithological facies.

Validation with the laboratory data
Vernik and Liu (1997) measured the petrophysical properties
(density, porosity, directional velocities, etc.) and derived the
Thomsen’s parameters of 20 brine-saturated shale samples from
several US formations in the laboratory. The neural network
outputs results immediately after it receives the measured fea-
tures of the shale samples from the input layer. As shown in
Figure 4a, the DNN estimated ε and γ agrees with the mea-
sured data for most samples, whereas the mismatch in δ is rel-
atively larger. This may be because lab measurements on δ are
often less reliable due to the difficulty of cutting a shale sam-
ple at 45◦. Figure 4b shows that the DNN predicted C33 and
C44 agree well with the measured C33 and C44, indicating the
accuracy of the DNN predicted K0, µ0 and α and the success
of Hudson-Cheng’s model in modelling VTI media.

Application to the field well log data
Furthermore, we apply the neural network to field well log
data of a China well and a US well. The predictions of the
neural network are compared with the inversion results from
the Hudson-Cheng’s model for both wells, as shown in Fig-
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Figure 4: Comparison of the DNN predictions and the labora-
tory measurements of (a) Thomsen’s parameters, (b) C33 and
C44. Note that the DNN predicted C33 and C44 are derived
from the DNN outputs K0, µ0 and α . The DNN predicted ε , γ

and δ are computed from the rest of the DNN outputs C11, C13
and C66 together with the DNN predicted C33 and C44.

ure 5 and 6. The HS upper bounds for K and µ are obtained
from the DNN predicted K0, µ0 and α , and the DNN predicted
Thomsen’s parameters are computed from the estimated stiff-
ness tensors derived from all DNN outputs. Generally, the pre-
dictions of the neural network show good consistency with the
inversion results for both wells. As is expected, the estimated
shale anisotropy tends to be stronger at places with higher clay
content for China well. Hence, the neural network is capable
of producing similar results with the inversion methods in a
much more efficient manner and applies wherever the Hudson-
Cheng’s model applies.
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Figure 5: Comparison of the DNN estimations of (a)∼(b) the
Hashin-Strikman upper bounds for K and µ , and (c)∼(e) the
Thomsen’s parameters ε , γ and δ with the inversion results
based on the Hudson-Cheng’s model for the China well; (f)
mineralogy log.

Lithological classification using Gaussian mixture model
The lithofacies distribution can be considered as a multivariate
Gaussian distribution that retains contact relationships (Cáceres
et al., 2010). One widely used clustering method, Gaussian
mixture model, is used to estimate the probability density of
a multivariate Gaussian distribution. Therefore, we adopt the
Gaussian mixture model to the selected DNN outputs, K0, µ0
and α , for binary classification. K0, µ0 and α are chosen to be
the features because they represent the elastic and anisotropic
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Figure 6: Comparison of the DNN estimations of (a)∼(b) the
Hashin-Strikman upper bounds for K and µ , and (c)∼(e) the
Thomsen’s parameters ε , γ and δ with the inversion results
based on the Hudson-Cheng’s model for the US well.

properties of shales, as is assumed by the Hudson-Cheng’s
model.

Figure 7 shows that the clustering results of the China well
are in good coherence with the mineralogy log. The rocks are
more likely to be Class 2 at locations with higher clay content.
The logs of the US well are divided into 2 classes using the
Gaussian mixture model in the same manner. The clustering
results also show consistency with the well logs in that the sec-
tions with higher porosity, P- and S-wave velocities and lower
density are estimated to be Class 1, and the rest sections are de-
fined as Class 2. Overall, Class 1and Class 2 are supposed to
be sands and shales for both wells since shales normally have
higher clay content and density, lower porosity, P- and S-wave
velocities compared with sands.
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Figure 7: GMM clustering results of the China well and its
comparison with the log data.
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Figure 8: GMM clustering results of the US well and its com-
parison with the log data.

DISCUSSIONS AND CONCLUSIONS

In this paper, we construct a deep neural network that predicts
shale anisotropy from commonly available logs in a well. The
Hudson-Cheng’s model is chosen to generate paired data of
features (φ , ρ , Vp, Vs, K and µ) and labels (K0, µ0, α , C11, C13
and C66), which is impossible to obtain from the field because
there is no direct measurements of anisotropy in routine down-
hole measurements. Additionally, the synthetic features are
perturbed with 10% random noise to improve the robustness
of the neural network to the expected noise in well logs.

The neural network is proven to be accurate and feasible for
shales with a reasonable agreement between the DNN predic-
tions and laboratory measurements of shale anisotropy (Vernik
and Liu, 1997). Its applicability is further demonstrated with
the case studies of two wells from China and the US. The neu-
ral network outperforms traditional inversion methods in fol-
lowing aspects: (1) there is no subjective parameter to tune;
(2) it has good generalizability; (3) it is able to handle noise in
log data.

Furthermore, we propose a hybrid machine learning approach
that combines Gaussian mixture model and deep neural net-
work for automatic lithological classification. The Gaussian
mixture model separates the DNN predicted K0, µ0 and α into
two clusters that are supposed to be shales and sands according
to the well logs. Although this approach is more efficient and
reliable than human interpretation or unsupervised learning al-
gorithms, it may fail for multiclass classification.
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