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Abstract

In this work we propose an alternative form to interpret
facies in well logs using the suport vector machine
algorithm (SVM), especifically, the suport vector
classifier (SVC) present in the scikit-learn package
of Python programming language. The dataset used
was the well log data of two different wells, from
Namorado field in Campos basin, Brazil, labeled with
our interpretation and some informations of the core
Data.

Two faciological interpretations were made in wells
NA02 and NA04, that contain a turbidity sandstone as
reservoir. These wells were used in the training of
the machine learning algorithm to predict the five main
types of facies of the well log data.

The goal is to build a model of the distribution of
lithological labels in terms of four predictors features:
Gamma-ray, resistivity, density and neutron porosity
logs, using the classifier algorithm in well NA07.

Introduction

Well logs present a detailed plot of formation parameters
versus depth. From the plots, interpreters can identify
lithologies, differentiate between porous and nonporous
rock and quickly recognize pay zones in subsurface
formations. The ability to interpret a log lies in recognizing
the significance of each measurement (Varhaug, 2016).
In many practical cases, particularly in offshore oil
exploration, the absence of outcrops combined with limited
number of core well collaborate with the insufficient
geological support to identify the facies of interest to all
boreholes in the oilfield to supply the geologic information
needed for formation evaluation (Lopes & Andrade, 2013).

A variety of multivariate statistical approaches,
supervised or unsupervised, to the problem of facies
classification have been applied using wire-line log curves
measurements, such as: K nearest neighbor (KNN), fuzzy
logic, neural networks and others (Dubois et al., 2007).
Support vector machines (SVMs) are a set of supervised
learning methods used for classification, regression and
other learning tasks. This algorithm is a generalization of
a simple and intuitive classifier called the maximal margin
classifier (James et al., 2015). There are applications

of this technique to recognize seismic data patterns for
exploration and reservoir characterization applications.
The SVM is recommended to classify data with nonlinear
characteristics.

A different approach were applied to interpret facies from
the classification algorithm (SVC), and were confronted
with the conventional interpretation, to evaluate the
performance of the algorithm in this problem .

Theory

A support vector machine constructs one or a set of hyper-
plane in a high or infinite dimensional space, which can
be used for classification, regression among other tasks.
In general, if our data can be separated by hyperplanes,
there will be an infinity number of modes to do it. A natural
choice is the maximal margin hyperplane (also known as
the optimal separating hyperplane), which is the separating
hyperplane that is farthest from the training observations
(James et al., 2015).

First, we are going to introduce the concept of maximal
margin classifier.

Maximal Margin Classifier

The mathematical definition of a hyperplane is given by the
Eq.(1):

β0 +β1X1 +β2X2 + ...+βpXp = 0, (1)

and suppose that we have a n× p data matrix X that
consists of n training observations in p-dimensional space,

x1 =

x11
...

x1p

 , ...,xn =

xn1
...

xnp

 , (2)

These observations are going to fall into two classes:
y1, ...,yn ∈ {−1,1}, where −1 represents one class and 1
represent the other class. Assume that it is possible to
build a hyperplane that separates the training observations
perfectly according to their class labels. The natural choice
to separate the training observation is the maximal margin
hyperplane, which is the separating hyperplane that is
farthest from the training observations, shown in Figure 1.

Analysing the Figure 1, we percept that three training
observations are equidistant from the maximal margin
hyperplane and lie along the dashed lines indicating the
width of the margin. These observations are known as
support vector, since they are vectors in p-dimensional
space (in Figure 1, p = 2). The maximal margin hyperplane
depends directly on the support vectors, but not of the other
observations.
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In this work there will be more than two classes.

Figure 1: The are two classes of observations, shown in
blue and in purple. The maximal margin hyperplane is
shown as a solid line. The margin is the distance between
one of the dashed lines and the solid line. An Introduction
to Statistical Learning with Application in R (James et al.
2015).

Support Vector Classifier (SVC)

The SVC is a powerful classification technique proposed by
Cortes & Vapnik (1995). The optimization criterion here is
the width of the margin between the classes, and the empty
area around the decision boundary defined by the distance
to the nearest pattern (Bagheri & Riahi, 2013).

Considering the task of constructing the maximal margin
hyperplane based on a set of n observations X1, ...,Xn ∈ℜp

associated to the class labels y1, ...,yn ∈ {−1,1}. A linear
function can be defined as follows:

f (x) =W tXn +b, (3)

where,

W tXn +b≥ 1 i f yn =+1 f or all n, (4)

and

W tXn +b≤ 1 i f yn =−1 f or all n. (5)

W is the gradient vector and is perpendicular to the plane
in the χ space. The Eqs. (4) and (5) can be rewritten as
Eq. (6):

yn(W tXn +b)≥ 1. (6)

The square of the margin is inversely proportional to:

‖W‖2 =W tW, (7)

and to maximize the margin, we have to minimize ‖W‖2.

To do this we use a standard optimization technique. We
construct a Lagrangian:

L(W,b,α) =
1
2
‖W‖2+

Ns

∑
n=1

αn(yn(W tXn+b)−1), αn ≥ 0, (8)

and L must be minimized with respect W and b, and
maximize for each αn. αn are the Lagrange multipliers.

Derivating L with respect to W and b, we obtain the Eqs.
(9) and (10):

∂L(W,b,α)

∂W
=

(
W −

Ns

∑
n=1

αnynXn

)
= 0, (9)

∂L(W,b,α)

∂b
=

Ns

∑
n=1

ynαn = 0, (10)

and from Eq. (9) we can written:

W =
Ns

∑
n=1

αnynXn. (11)

Now, we can get the following equation:

L(α) =
Ns

∑
n=1

αn−
1
2

Ns

∑
n=1

Ns

∑
m=1

ynymαnαmX t
nXm, (12)

or

L(α) =
Ns

∑
n=1

αn−
1
2

Ns

∑
n=1

Ns

∑
m=1

αnQαm, (13)

and

Q =


y1y1X t

1X1 y1y2X t
1X2 ... y1yNs X

t
1XNs

y2y1X t
2X1 y2y2X t

2X2 ... y2yNs X
t
2XNs

... ... ... ...
yNs y1X t

Ns
X1 yNs y2X t

Ns
X2 ... yNs yNs X

t
Ns

XNs

 . (14)

L must be maximized with respect to the αn. Q is called
quadratic coefficients matrix.

Cortes and Vapnik (1995) solves the following primal
optimization problem (Eq. (15)):

min
W,b,εn

1
2W tW +C ∑

Ns
n=1 εn

sub ject to yn(W tφ(Xn)+b)≥ 1− εn,

εn ≤C and εn ≥ 0

(15)

where φ(Xn) maps Xn into a higher-dimensional space and
C > 0 is the regularization parameter. Due the possible high
dimensionality of the vector variable W , usualy we solve the
following dual problem:
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min
α

1
2 α tQα−utα

sub ject to ytα = 0

0≤ αi ≤C, n = 1,2, ...,Ns

(16)

u = [1, ...,1]t is the unit vector, Q will be rewritten as the
matrix Qn,m = ynymK(Xn,Xm), where K(Xn,Xm) is the kernel
function, defined by Eq. (17):

K(Xn,Xm) = φ(Xn)
t
φ(Xm). (17)

There are many examples of kernels function. In this work
is used the gaussian RBF kernel (Eq. (18)).

K(Xn,Xm) = exp(−γ‖Xn−Xm‖2) (18)

The decision function is:

sgn(W t
φ(X)+b) = sgn

(
Ns

∑
n=1

ynαnK(Xn,X)+b

)
. (19)

Methodology

The wells NA04 and NA02 were used as training data. This
set of data were labeled using the flowchart proposed by
Nery (2013), shown in the Figure 2, to define the oil zones
and the shales zones, and facies information from the core
data.

Figure 2: Flowchart used to calculate Saturation in
hydrocarbon.

The twenty facies, presented in the well, were grouped into
five facies and labelled as shown in Table 1:

Facies Label
Shale 1
Marl 2

Sandstone with HC with SHC ≥ 45% 3
Sandstone with SHC < 45% 4

Carbonates 5

Table 1: Facies used in the labeling of training data of the
Namorado oilfield. This table contains a summarize of the
main lithologies present at the well.

Figures 3 and 4 display the interpretation of the well NA02
and NA04.

Figure 3: Well logs with the facies interpretation of the well
NA02 made using the flowchart and informations of the
core.

After labeling the facies in the well in function of the
characteristics: gamma-ray, resistivity, density and neutron
porosity, the training data was fit to build the SVC predictor
to the algorithm interpret the blind test (well NA07).

To evaluate the quality of the prediction we used the F1score
equation, defined by:

F1score = 2
precision× recall
precision+ recall

. (20)

The Eqs. (21) and (22) show the precision and recall,
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Figure 4: Well logs with the facies interpretation of the well
NA04 made using the flowchart and informations of the
core.

respectively:

precision =
tp

tp + fp
, (21)

recall =
tp

tp + fn
, (22)

where tp is the number of true positive of the class, fp is
the number of false positive and fn the falses negatives.

Results

To evaluate the behavior of the physical properties in
relation to the facies, a set of crossplot are made to analysis
the distribution of the labels, shown in the Figure 5:

The predictor variables are the four wireline values.

After we trained the classifier using the training set to creat
our model, we could predict the facies in a set of data
test selected by a module of the Scikit-learn package to
evaluate the accuracy of the classifier. Was selected 10%
of the training data to be our test data, and the results about
the performace of the predictor is shown in Table 2.

The Table 2 shows that the predictor has difficulty in classify
sandstone in the test data.

In the SVC algorithm were used the parameters C = 1000
and γ = 0.1 on the fit of the data set.

Figure 5: Crossplots of the distribution of the lithologies for
the training data. The main diagonal shows a histogram of
each property evaluated.

Lithology precision recall F1score
Shale 0.94 1.00 0.97
Marl 0.76 0.86 0.81

Sandstone HC 0.95 0.95 0.95
Sandstone 0.69 0.48 0.56
Carbonate 0.88 0.85 0.87
Average 0.87 0.88 0.87

Table 2: Parameters related to prediction quality in the test
data in each facies. Were selected 10% of the total set of
training data.

The well NA07 was chosen to be applied to the blind test.
Applying the predictor in the features of the blind data, the
algorithm made the interpretation shown in Figure 6, that
also contains the interpretation using the flowchart and the
core information.

The Table 3 presents the parameters related to prediction
quality in the blind test compared with the prediction.

Lithology precision recall F1score
Shale 0.99 0.88 0.93
Marl 0.17 0.38 0.24

Sandstone HC 0.78 0.84 0.81
Sandstone 0.76 0.59 0.66
Carbonate 0.88 0.96 0.92
Average 0.84 0.80 0.81

Table 3: Parameters related to prediction quality in the blind
data in each facies compared with the prediction.

The prediction was more accurate to delimitate the
carbonate limit, shown in the final depth of the well.
Some facies, present in the well, were not informed
to the algorithm due the simplified interpretation. In
the interval between 3100m and 3150m some facies are
classified as carbonate while in the interpretation made
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Figure 6: Features with the facies interpretation of the well
NA07. The fourth track shows the interpretation made by
the interpret and the fifth track shows the interpretation
made by the SVC algorithm.

by us indicated as sandstone. In this case, the classifier
was not completly wrong because in this interval there
is occurrence of sandstone cemented with calcite. Near
3150m the algorithm predicted intercalation of sandstone,
shale and marl, coherent with the core information.

It is possible to affirm that the algorithm presents a certain
difficulty in distinguishing sandstone and marl, possibly due
to the accuracy of the training data that does not cover with
detail the whole well.

The Figures 7 and 8 show the behavior of the properties
in the well facies interpreted by the interpreter and the
prediction in the well NA07. It is noticeable to notice that the
properties are distributed in a similar way in both figures,
showing the efficiency of the SVC algorithm in classifying
of the facies in the well NA07.

Conclusions

Analysing the results obtained by the SVC algorithm was
possible to say that the prediction made by algorithm
was similar to the interpretation made by the interpreters.
In some cases, the algorithm shows more efficiency to
descrimanate some typical lithological answers in the well
logs, for example marls and carbonates.

To formulate more precise interpretations, a larger
database is needed with accurate information of the
positions of the facies. Probably the algorithm will present

Figure 7: Crossplots of the distribution of the lithologies
in relation the well logs of the interpretation made by
interpreter in the well NA07. The main diagonal shows a
histogram of each property evaluated.

Figure 8: Crossplots of the distribution of the lithologies
in relation the well logs of the interpretation made by SVC
algorithm in the well NA07. The main diagonal shows a
histogram of each property evaluated.

a smaller precision in the faciologial interpretation, but will
show a more realistic distribution of the present facies.

In general, the SVC classifier showed efficiency in
this study, presenting a relatively high value of F1score,
which shows that the algorithm learned and applied the
interpretations taught to it in an adequate way.
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