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ABSTRACT
Machine learning methods including support-vector-machine and deep learning are
applied to facies classification problems using elastic impedances acquired from a
Paleocene oil discovery in the UK Central North Sea. Both of the supervised learning
approaches showed similar accuracy when predicting facies after the optimization
of hyperparameters derived from well data. However, the results obtained by deep
learning provided better correlation with available wells and more precise decision
boundaries in cross-plot space when compared to the support-vector-machine ap-
proach. Results from the support-vector-machine and deep learning classifications
are compared against a simplified linear projection based classification and a Bayes-
based approach. Differences between the various facies classification methods are
connected by not only their methodological differences but also human interactions
connected to the selection of machine learning parameters. Despite the observed dif-
ferences, machine learning applications, such as deep learning, have the potential to
become standardized in the industry for the interpretation of amplitude versus offset
cross-plot problems, thus providing an automated facies classification approach.
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INTRODUCTION

Machine learning applications are already becoming increas-
ingly widespread in a variety of data-driven industries ranging
from financial services to life sciences. The data-rich environ-
ment of the oil and gas industry is also becoming an advocate
of this emerging technology. De-risking of exploration and
development opportunities, using quantitative–interpretation
driven by amplitude versus offset (AVO) workflows, is re-
garded as a crucial step in developing hydrocarbon resources.
The quantitative nature of this work often involves the
classification of facies using multiple elastic impedances and
is therefore ideally suited to machine learning algorithms.

Machine learning algorithms, such as the support
vector machine (SVM; Vapnik and Learner 1963; Vapnik
1995) method, have been used extensively in fields such as
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pattern recognition. There are two main problem-solving
capabilities to SVM: classification problems (Vapnik 1995)
and regression problems (Smola and Schölkopf 2004). In this
regard, SVM basically consists of three main elements: linear
neural networks (NN), kernel-tricks (Schölkopf et al. 1999)
and regularizations. The linear NN part consists of two layers
(input and output) and broadly imitates the neuron to synapse
model of a biological brain. The NN works with the maximal-
margin approach that attempts to maximize the margin (most
often Euclid distance) between data groups and their decision
boundaries in the feature domain. With the kernel-tricks, in
addition to linear decisions, non-linear decisions can also be
handled. Finally, the regularization helps avoid overfitting
problems, which when combined with the NN and kernel-
tricks provides the general procedure for most SVM applica-
tions. SVM’s simplicity in implementation provides the main
reason as to why it is easily adapted in many applications.
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Figure 1 (a) Regional map showing study area and the deposition of Dornoch, Cromarty and basin wide Paleocene Forties sandstones. The
depositional extents are modified from Mudge (2014). The field data used in this study is centred on the Avalon discovery in Block 21/6b.
Avalon’ s reservoir is contained within the Cromarty Member that is predominantly a late stage depositional system restricted to the basin
margins. (b) RMS amplitude through the reservoir interval of the Avalon discovery. The line of section, as depicted in Figures 11 and 12, is
shown along with the locations of Wells #1, #2 and #3.

Deep learning (DL; Hinton, Osindero and Teh 2006;
Hinton and Salakhutdinov 2006), on the other hand, pro-
vides a more recent advancement over SVM methods. In the
broad definition, DL consists of a multi-layer perceptron,
input layer(s), hidden layer(s) and output layer(s), which
collectively solves problems (e.g. classification) by automated

feature extraction. The perceptron is a self-training algorithm
for classifying data (Rosenblatt 1958). The simple (single)
perceptron solves linear problems while the multi-layer
perceptron has the ability to solve non-linear problems. DL
is considered a deep neural network rather than the already
established systems such as convolutional neural networks
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Figure 2 Schematic of the NN architecture used by the SVM approach
in this study. The original data x in the input layer are classified with
the indicator i , via the kernel K, with the weight w, and bias b.

(CNN being mainly for image-recognition problems) or
recurrent neural networks (used mainly for time-series
problems such as speech recognition).

Past studies, specifically focusing on AVO, have predom-
inantly used only SVM methods. Kuzma (2003) and Li, You
and Liu (2015) presented an AVO regression problem using
synthetic wells, whereas Li and Castagna (2004) introduced
AVO cross-plot classification using SVM but again only us-
ing a synthetic dataset. In the following case study, we show
the application of SVM and DL to a field dataset, obtained
from a discovery in the UK Central North Sea, for the purpose
of lithological classification using elastic impedance cross-plot
products. Furthermore, we compare the results from SVM and
DL with a more simplified linear projection and a Bayes-based
classification approach (Zabihi Naeini and Exley 2017).

F IELD DATA

The case study shown in this paper centres on a Paleocene
discovery, in Block 21/6b of the UK Central North Sea lo-
cated at the north-western edge of the Central Graben, just
south of the Buchan Field (Figure 1(a)). The discovery was ini-
tially identified using conventional, simultaneous, pre-stack,
inversion, followed by an exploration well that successfully
encountered a 26-m oil column in good quality sands. The

reservoir sands lie within the proximal part of the prolific
northwest to southeast, late Paleocene, Forties and Cromarty
depositional trends, which includes the giant Forties Field.
Post discovery, the seismic data were re-inverted but on this
occasion using a joint impedance–facies inversion (Kemper
and Gunning 2014) to provide updated seismically derived
elastic properties calibrated to the discovery well (Well #1 in
Figure 1(b)).

The initial discovery well (Well #1) was used to provide
the input rock physics data in order to train the support vector
machine (SVM) and deep learning (DL) methods detailed in
this paper. Post-training the equivalent elastic data (acoustic
impedance, AI and VP/VS

) output from the joint impedance–
facies inversion was characterized in terms of potential facies
using both SVM and DL. A further test was provided by the
drilling of an appraisal well (Well #2 in Figure 1(b)), which
along with an older well drilled outside of the discovery (Well
#3 in Figure 1(b)) provided two ‘blind tests’ for the SVM and
DL facies classification.

METHODOLOGY

The support vector machine approach

Structural risk minimization

Support vector machine (SVM) learning is based on two
fundamental theories termed statistical learning theory and
structural risk minimization (SRM; Vapnik 1995). Although
statistical learning theory aids in finding the maximal-margin
that corresponds to the solution of an optimization problem,
SRM provides us with a trade-off between hypothesis and
model complexity, which is called the Vapnik–Chervonenkis
dimension (VC-dimension; Vapnik and Chervonenkis 1974).
Since applications of SVM for exploration geophysics and
rock physics are not familiar, a brief description with step-
by-step equations follows. For a simple binary classification
problem, let us assume that we have a training dataset, T,
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Figure 3 Schematic of the NN architec-
ture used by the DL approach in this
study. The original data x in the input
layer are classified in the output layer
via the hidden layers. p and s indicate
multiplication and summation operations
of the weight w, and the bias b, of the
input. The activator is indicated as a.
6D, for example, indicates that it has six
dimensions.
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Figure 4 Synthetic elastic impedance cross-plot (AI and VP/VS
) results from the SVM where (a) is the cross-validation (CV) of the hyperparameters

and (b) is the classification. The filled circles are the supervisors (training data), the hollow circles are the classified (test data) and the crosses
are the ground truth. The hollow orange circles are the support vectors that were used to establish the boundaries in this realization. S, B, H
and T in the legend box stand for shale, brine-bearing sand, hydrocarbon-bearing sand and tuff facies. The four different background colours
correspond with the classified facies labels. Confusion matrices of the training and test accuracies are shown in Figure 6(a) and (c).

which contains nth number of vectorized samples xi , and
their associated labels y. Such a dataset can be written as:

T = ��
x1, y1

�
,
�
x2, y2

�
, . . .

�
xn, yn

��
, xi ∈ Rm, yi ∈ {0, 1}. (1)

We would like to find a learning function that classifies
the unlabelled or unknown dataset. The number of feature
dimensions in the input domain is m. In this case, the
empirical risk Remp( f ), which we would like to optimize in
order to obtain the learning function, can be described as:

Remp( f ) = 1
N

n�

i=1

�� f (xi ) − yi

�� , (2)

where | f (xi ) − yi | is, in theory, the so-called 0-1 loss function
used to evaluate if the learning function f (xi ) correctly iden-
tifies the expected value of yi and N is the total number of
training datasets. The function f (xi ) that minimizes equation
(2) over the training dataset is the learning function we eventu-
ally obtain. However, solving equation (2) often ends up with
an overfitting of the problem because the number of the train-
ing datasets N is not infinite. Here we can try to avoid this
issue by controlling the VC-dimension. The VC-dimension
gives bounds on the expected risk Rexp( f ), which we can-
not directly obtain due to the lack of information about the
probabilistic distribution of the whole dataset, as a function

C© 2018 The Authors. Geophysical Prospecting published by John Wiley & Sons Ltd on behalf of European Association of
Geoscientists & Engineers. Geophysical Prospecting, 67, 1040–1054



1044 Y. Nishitsuji and R. Exley

(a)

(b)

(c)

Figure 5 Synthetic elastic impedance cross-plot results from the DL approach where (a) is the cost function when the optimized hyperparameters
are used, (b) is the lowest costs between the learning and modelled outputs when different hyperparameter values are used and (c) is the
classification. The legend in (c) is the same as is described in Figure 4 with omission of the support vectors, which are not applicable to DL.
Equivalent confusion matrices of training and test accuracies are shown in Figure 6(b) and (d).

of both Remp( f ) and the number of data samples. Following
Vapnik (1995), this can be written as:

Rexp( f ) � Remp( f ) +
�

h
�
log

�
2N
h + 1

� − log
� �

4

��

N
, (3)

where h is the VC-dimension of the model used to solve
the problem, and (1 − �) is a probability that equation (3)
can satisfy. The second term of the right-hand side of equa-
tion (3) is called the VC-confidence. From equation (3), one
can expect that the VC-confidence gets smaller (thus N in-
creases and h decreases) when Rexp( f ) and Remp( f ) converge.
In other words, the best model occurs when the sum of Remp( f )
and the VC-confidence is minimized and should therefore be
automatically chosen by SRM.

Optimization problem

Support-vector-machine (SVM) theory, with respect to the
optimal hyperplanes that classify the dataset non-linearly in
the feature dimension via the so-called kernel-trick, has been
presented by Li and Castagna (2004) and Li et al. (2015).
Let us here directly start with the Lagrangian dual-problem
regarding the maximal-margin of the classifiers as shown
in the following:

maximize : L(�1, �2, . . . �n) =
n�

i=1

�i − 1
2

n�

i=1

n�

j=1

�i� j yi yj

× K
�
xi , x j

�
, (4)

with the constraints:

s.t.

	
0 � �i � c


n
i=1 �i yi = 0

, (5)

where �i are the Lagrange multipliers (weights), K(xi , x j )
is the kernel function that represents a dot (inner) prod-
uct of feature vectors and c is the cost (penalization) pa-
rameter of the hinge-loss function that indicates how many
misclassifications during the optimization run we can al-
low. c originally appeared in the primal problem (not shown
here) of the dual-problem equation (4). Together with the
Kuhn–Tucker conditions, the learning (identification) func-
tion can be obtained by solving equations (4) and (5) as
follows:

f (x) = sgn

�
n�

i=1

�i yi K (xi , x) + b

�

, (6)

where xi are the support vectors for �i �= 0 and b is the
bias parameter that shifts the classifiers from the origin of
the hyperplane solution. In Figure 2, a sketch of neural net-
works (NN) architecture for SVM is depicted. Since our ac-
tual problem is a multi-labelled classification, rather than
the binary one, we used the one-against-one classification
strategy.
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Training accuracy by SVM using synthetic data: 85.1%
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Training accuracy by DL using synthetic data: 85.1%
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Test accuracy by SVM using synthetic data: 76.5%
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Test accuracy by DL using synthetic data: 77.0%
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Figure 6 Confusion matrices from the synthetic data classification where (a) is the SVM and (b) is the DL training accuracies, whilst (c) is the
SVM and (d) is the DL test accuracies. The percentile in each bin is the prediction accuracy between the target and result classes. The integer in
each bin is the number of counts/samples used.

Kernel and hyperparameters

There are some parameters and functions that are precon-
ceived in order to train the support vector machine (SVM).
The key parameters are those associated with the kernel func-
tion and the hyperparameters. For the kernel function, fol-
lowing Schölkopf et al. (1997) who concluded that the radial

basis function (RBF or Gaussian) generally performed better
than other kernels, RBF is also selected in this study. The RBF
can be expressed as:

K (xi , x) = exp

�
− 

xi − x



2

2� 2

�

, (7)
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(a)

(b)

Figure 7 Elastic impedance cross-plot results from the SVM approach using the field data where (a) is the CV of the hyperparameters and (b)
is the classification. The legend in (c) is the same as is described in Figure 4. Confusion matrices of the training and test accuracies are shown in
Figure 10(a) and (d).

where � is the kernel width (variance) that determines how
far the influence should be reached. Intuitively speaking, we
get smoother (linear) classifiers when smaller values of � are
used and vice versa. � and the c parameters in equation (5)
are often referred as the hyperparameters of SVM.

In order to determine specific values of these hyperpa-
rameters, an exhaustive grid search was carried out followed
by a twofold cross-validation (Hsu, Chang and Lin 2003) over
the training dataset. Since the number of major hyperparam-
eters is two (� and c), we were not encouraged to apply a
random grid search (Bergstra and Bengio 2012) or Bayesian
optimization (Mockus, Tiesis and Zilinskas 1978). After find-
ing the optimized hyperparameters, via the exhaustive grid
search, they were then applied to the rest of the data.

The deep learning approach

TensorFlow

For the deep learning (DL) approach in this study,
we used TensorFlow developed and provided by Google
(https://www.tensorflow.org). In TensorFlow, the architec-
ture for DL is expressed as a graph that is basically a much sim-
pler representation of a conventional neural networks (NN).
Figure 3 shows the graph specifically designed for our prob-
lem. The architecture of Figure 3 can be translated into an
algebraic equation as:

q = a(p · w + b), (8)
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