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Abstract— Facies classification for well log data is an
important task that helps facilitate the estimation of some
other properties such as permeability, porosity, and liquid
content. This paper presents a new approach for facies
classification based on cross recurrence plots from well
log data. The proposed method is evaluated using real
well log data collected in Cuu Long basin. The
experimental results show that the approach is efficient
for facies classification, especially when the data has a
small number of well log curves. This is very meaningful
in real world implementation where the collection of well
log measurements is either difficult or expensive.
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. INTRODUCTION

Facies are the overall characteristics of a rock unit that
reflect its origin and differentiate the unit from others
around it [5, 7]. According to the Dictionary of
Geological Terms [11], facies are defined as “the aspect,
appearance, and characteristics of a rock unit, usually
reflecting the conditions of its origin; especially as
differentiating it from adjacent or associated units”. Each
facies class distinguishes itself from other classes based
on mineralogy and sedimentary source, fossil content,
sedimentary structures and texture. In reservoir
characterization and simulation, the most important facies
properties are the petro-physical characteristics which
control the fluid behavior in it [1]. Some certain facies
classes exhibit characteristic measurement signatures that
help facilitate the prediction of some important properties
such as permeability, porosity, and liquid content. Hence,
correct labeling of facies classes for well log data is an
important and challenging task for oil and gas engineers.
Recently, most of the researches on facies classification
are based on well log data. It is desirable to find either the
relationship between well log measurements and facies
classes or well logs patterns corresponding to each class
representation. There have been a lot of methods based on
wireline log measurements including statistical
approaches, fuzzy methods, and artificial neural networks

[2].
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In this study, a new facies classification approach
based on cross recurrence plots (CRPs) [3] is investigated.
CRPs, which are extension of recurrence plots (RPs) [9],
are an efficient tool to visualize the relationship between
two processes. They are built based on the construction of
phase states from time series of different processes [3].
The proposed method is evaluated using real well log data
collected from Cuu Long basin and the results show that
the classification performance of this approach is very
promising where the accuracy rate is almost 90%.

The structure of this paper is organized as follows.
Section Il provides all initial materials used in the
research, including the description of the data as well as
the background information in cross recurrence plots. The
detailed method for facies classification based on CRPs is
presented in Section [Ill. Section 1V includes all
experimental results and discussion of the proposed
approach. Section V concludes what have been
accomplished in the research.

Il. MATERIALS

Dataset

In this research, we investigate the possibility of
detecting facies classes based on well log curve shapes. In
other words, the relationship between the well log curve
shapes with all facies classes is utilized for facies
classification using CRPs. In general, well log data
contains a lot of measurement curves. However, there is a
limited number of log curves that have relationship with
facies classes. Some well know published datasets, some
commonly used log curves for facies classification
problems include gamma ray, resistivity logging,
photoelectric effect, neutron-density porosity difference
and average neutron-density porosity [7]. Indeed, each
published dataset may have different number of log
curves available for the facies classification task. It is
expected that each facies class creates its own trends in
well log features, which are different from one class to the
other classes. It also well stated in the literature that there
is some correlation between facies classes and well log
shapes [4]. Duboisa et al. [4] show that log curve shapes
can be utilized as predictive tools for facies interpretation.
Nazeer et al. [6] present five common shapes of gamma
ray (GR) corresponding to different facies classes, which
are cylindrical shape, funnel shape, bell shape, bow
shape, and irregular shape. Based on their research, the
first four types of curve shapes are useful for facies class
identification. However, the fifth type of curve shape is
unpredictable and can worsen the facies classification
results. Besides, each facies classes can also cause
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different trends in many other log features, resulting in a
lot of inconsistent trends of log curves caused by one
particular facies class.

In some cases, using known data trends of one
particular log curve may help identify some facies classes
efficiently. However, in most cases, the combined
trending information from different log curves is needed
to completely display facies classification results for well
log data. Finding an efficient tool for visualizing the data
trending of well logs is our goal in this paper. This tool
must be able to present the characteristics of natural
geologic data, which is believed to be nonlinear and non-
stationary.

Among many log curves available in well log data,
there are empirically only 6 most significant curves useful
for facies classification, which are compressional wave
delay time (DTCO), gamma ray (GR), neutron porosity
(NPHI), effective porosity (PHIE), bulk density (RHOB),
and volume of clay (VCL). These six log curves are used
in this research. 12 well log datasets collected from Cuu
Long basin are used. All the data samples are classified
by experts and divided into two subsets, each of which
consists of 6 well logs. One subset is for training process
and the other is for testing.

Following section will present technical tools to
capture the trending behaviors of well log data useful for
facies classification.

Cross Recurrence Plots

Recurrence is an important characteristic of a dynamic
system, according to which the system tends to return to
its current working state at some points in the future [8].
Recurrence plots are a tool proposed by Eckmann et al.
[9] that help visualize the trends of time series from
complex dynamic systems. Assuming that a working
system is observed using a time series x(t). The phase
state of the system at the time ¢; is defined as [10]:

u, = [x(¢), x(t; + 1), ., x(t; + (m— 1)) (D)
where t is the delay and m is the dimension of the
embedding phase space. Typically, T is chosen such that
all components in one phase state are not correlated,
while m depends on the number of factors that directly
influent the system states. A recurrence plot of x(t) is an
N x N matrix, each element of which is calculated by the
following equation.

R;=0 (- |w-wl) ij=12..N (2

Where © (-) is the unit step function, ¢; is the cut-off
distance, and ||-|]| is the Euclidean norm. According to
this, if a state vector u, is within the range of &; from
vector u;, then R;; = 1, otherwise, R; ; = 0. The values
one or zero in the matrix can be represented by colors
black and white. The distance & can be either a
predefined value or iteratively chosen such that there is a
fixed number of neighbors at every state u,. The
predefined value of ¢ is greatly based on the
characteristics of the time series x(t) as well as the
applications of its recurrence plots. Recurrence plot is a
powerful tool to visualize the recurrence behavior of
nonlinear and dynamic systems. It is noted that single
recurrence point at (¢;, t;) does not contain much
information about the current states at the time ¢; and ¢;.
In general, the totality of recurrence points can be used to
reconstruct the properties of the data [9].
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Cross recurrence plots (CRPs) [3] is an extension of
recurrence plots, which enables visualizing the dependent
behavior of two processes using time series. CRPs is
based on the comparison of the two trajectories in the
same phase space of the two processes. It can be utilized
to study the similarity between two different phase state
trajectories. CRPs of the two time series x(t) and y(t) is
an N-by-M matrix, of which each element is computed by
the equation:

CRi; =0 (& — [w - 7)),
i=1,.,N;j=1,..,M (3)

Where  u, = [x(t), x(t; + ), ..., x(t; + (m — 1)71)]
and FJ’ = [y(tj),y(tj + ’L'), ...,y(tj +(m— 1)1)]. Other
notations are the same as in the definition of recurrence
plot presented above. If the state at time ¢; of the second
process is close to the state at time ¢; of the first process,
then CR;; =1, which is presented by a black dot,
otherwise, CR; ; = 0, which is presented by a white dot.
In fact, this does not represent the recurrences of any state
but the conjunctures of states of the two processes. In
other words, the CRPs reveals all the time points when
the phase space trajectory of the first system visits
roughly the same area in the phase space as the second
system is at a given point of time. The data length of both
processes can be different resulting in a non-square CRP
matrix.

The following session presents the detailed facies
classification method based on CRPs.

I1l. METHODOLOGY

The general facies classification approach based on
cross recurrence plots from log curves is depicted in
figure 1. Training data is divided into smaller data groups.
Each facies data group, which only contain the data
sequences of one facies class, will be the input for the
detection algorithm based on CRP to detect the
appearance of that particular facies. The data samples are
stored in nature sequences collected from wells. Fusion
stage combines all individual labeling results from all
facies class detection algorithm to provide the final
sequence of facies classes for all test well log samples.
For simplicity, majority voting is used in fusion stage.
This research focuses on the first part of the whole facies
classification system, which is to detect one particular
facies class from one data group using CRPs. Figure 2
illustrates the name of all facies classes as well as their
color codes. In general, there are 11 facies classes for well
log data. However, in most cases, not all 11 classes
present in one well log.

CRPs between testing well logs and training data of
each facies class are calculated using the fixed cutoff
thresholding method, i.e. ¢ is fixed. CRPs help visualize
the closeness between each phase state in testing data and
all available states in the training data corresponding to
each facies class. If one phase state of testing data is close
to a phase state of one particular facies class of training
data, the data sequence constructing that state will be
considered to be in that class. In this research, we only
investigate the application of CRPs on labeling one
individual class to the testing data. A binary facies
classification algorithm is proposed based on CRPs to
determine which portion of the testing data belonging to
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one specified facies class. Our future work will be
proposing a data fusion mechanism to combine the results
from all individual binary labeling process for the
complete presentation of all facies classes for testing data.

)
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well logs
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each facies
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CRPs of testing
data and each
training facies
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Decision
fusion

v

[ Facies class labels for testing data ]

Figure 1: Flow chart of facies classification approach
based on cross recurrence plots.

The motivation of the proposed algorithm is from the
nature properties of geological facies. Each facies, for
examples depositional facies, is created by one
depositional process, which may take about thousands of
years. Different facies contain different structure of rocks,
sands, and soils. This results in different representation of
well log curves, which may be recognized by CRPs
properties. In other words, CRPs help differentiate the
phase states of the well log data from different facies.
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Figure 2: Facies class names and their color codes.
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Algorithm: label one facies class to testing data using
CRPs

Input: training well log data of one facies class,
testing data including well log cures of some
unlabeled well points; select distinctive curves: GR,
VCL, PHIE.

Step 1: Construct CRPs of testing well log curves and
training well log curves. All parameters for CRP
construction are determined empirically.

Step 2: Construct a histogram curve presenting
number of training phase states neighboring to each
testing phase state.

Step 3: If total number of neighboring states for one
testing state exceeds a predefined threshold A, the
whole data sequence constructing that testing phase
state will be labeled as targeted facies class.

Output: testing data labeled with investigating facies
class

In fact, well log data may form different types of phase
states. Those single states may arbitrary be almost the
same between different facies classes. However, due to
the geological properties of each particular facies class,
one phase state of the well log data belonging to one
facies class will be similar to a bigger number of other
phase states within its facies class compared to the phase
states of the other classes. Step 3 of the algorithm aims at
discarding situations where one phase state is similar to a
small number of random phase states of different classes.

This proposed method requires that training data must
contain sequences of data with the length of greater or
equal to the data length of a phase state. This is to ensure
there are enough phase state data in the training set. In
other words, the proposed method is expected not to work
well with facies classes having too small training datasets,
or the training data are so scattering that not enough phase
states can be formed.

IV. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed approach,
several scenarios of the experiments have been
conducted. Data from first six wells are used for training,
while data from remaining six wells are used for testing.
Based on the nature of the data, class 5 has the biggest
amount of training data. Only facies class 5 is concerned
in the experiments. In other words, samples of class 5 are
labeled as “1”, while data of all other facies classes are
labeled as “0”. Since all six log curves are measured in
different units and scales, they are normalized to the
range of [0, 1] before any further processes. Based on
different empirical trials, it is noted that three log curves
(GR, PHIE, VCL) have the highest relationship with the
facies labels. In this work, these three curves are
investigated more often.

Several experimental scenarios have been conducted.
First, each curve of GR, PHIE, or VCL is input to the
facies classification algorithm. Next, each of the
combination of two curves of GR, PHIE, and VCL is
input to the algorithm. Then, all three curves are input to
the algorithm. Finally, all six curves are input to the
algorithm. All parameters of CRPs constructed in each are
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empirically selected with the highest correction scores.
Figure 3 and 4 illustrate examples of CRPs constructed

from different sets of parameters.
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Figure 3: CRPs with different sets of parameters
constructed for testing well 7
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Figure 4: CRPs with different sets of parameters
constructed for testing well 11

In order to identify which testing state is close to
training state of the concerned facies class, a threshold A
is set on the histogram to avoid any confusion caused by
random states that are similar to the investigated testing
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state. Different values of A lead to different performance
quality of the system. Figure 5 presents some examples of

different

A values with their respective classification

performances. After investigating different combinations
of CRPs parameter sets and A values, the set of m = 4,
=1, € =0.0001, 4 =50 is selected for all scenarios
since it can provide acceptable performance scores. The
experimental results of all scenarios are summarized in
Table 1. Classification performance is evaluated based on
three indices: precision, recall, and accuracy.
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Figure 5: different values of A correspond to different
classification performances
Table 1: Performance information of the methods using
different number of log curves

Scenario Precision | Recall | Accuracy
Input: curve GR 0.82 0.89 0.847
Input: curve 0.82 0.97 0.877
VCL
Input: curve 0.84 0.95 0.88
PHIE
Input: curves GR 0.88 0.81 0.846
and VCL
Input: curves GR 0.88 0.84 0.858
and PHIE
Input: curves 0.82 0.97 0.873
VCL and PHIE
Input: curve GR, 0.89 0.82 0.855
VCL, and PHIE
Input: all 6 0.86 0.94 0.89
curves
Experimental  results show that classification

performance of the proposed method based on CRPs is
very promising. There are some slight changes in the
accuracy between different scenarios. The most important
thing from those results is that there is not different in
classification performance between using one curve and
using many available curves. In other words, the proposed
approach is very useful when the number of available log
curves is limited. This is very meaningful for oil & gas
industry, where measuring geophysical information at
some well logs are very expensive or difficult.

As discussed in the previous session, the proposed
approach is expected to work well with facies classes
having long enough sequences of training and testing
data, where phase states can be formed properly. For
some facies classes with small number of log samples,
especially with too short sequences of log data, this
classification algorithm cannot work. In this case, the
proposed method can be combined with some other
machine learning techniques to fully classify all
remaining facies classes. The main advantage of the
classification method based on CRPs is the ease of
implementation, and it requires only small number of well
log measurements.
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V. CONCLUSIONS

In this research, a new facies classification algorithm
based on CRPs is introduced. CRPs are an efficient tool to
visualize the relationship between two processes
presented in time series. This helps recognize the data
patterns of different facies classes, which facilitate the
facies classification process based on pattern detection.
Experimental results show that the proposed approach can
work well with facies classes having long data sequences.
The new method can be combined with traditional
machine learning tools to efficiently provide the complete
facies classification picture for well log data
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MOT PHUONG PHAP PHAN LOAI TUONG BIA
CHAT DU'A TREN ANH HOI QUY CHEO

Tom tit: Phan loai tuéng dia chét cho dir lidu giéng
khoan 13 mot nhiém vu quan trong trong viéc thuc ddy
kha nang danh gia mot s6 tinh chit dia chit khac nhu do
thim, do6 x0p va ham luong chat 1ong. Bai béo nay trinh
bay mot cach tiép can méi trong viéc phan loai phéan loai
tudng dia chat dwa trén cac anh hdi quy chéo chéo tir cac
dit liéu dia chit d3 duge minh giai rd rang vai cac dir liéu
moi ldy 1én tir giéng khoan. Phuong phap dé xudt dugc
danh gi4 bang cach st dung dit liéu giéng khoan thyuc
duogc thu thap trong luu vie Ciru Long. Cac két qua thir
nghiém cho thiy phuong phép ndy c6 hiéu qua ddi voéi
viéc phan loai tudng dia chét, dac biét 1a khi dir li€u chi
¢6 mot sb it duong thong tin giéng khoan. Diéu nay rat co
¥ nghia trén thyc tién vi viéc thu thap cac thong so do tai
giéng khoan 12 rat kho khan va ton kém.

Tw khoa: phén loai tudng dia chét, anh hoi quy chéo,
duong do gieng khoan.
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