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Automatic Electrofacies Classification from Well Logs
Using Multivariate Statistical Techniques

Lim, Jong-Se’, Kim, Jungwhan” and Kang, Joo-Myung’

CHHZE B 7IME 0l28 E2/HE XNE=2FEQ M=t 2E

o

AZM - BFE - FF

Abstract : A systematic methodology is developed for the prediction of the lithology using electrofacies classification
from wireline log data. Multivariate statistical techniques are adopted to segment well log measurements and group the
segments into electrofacies types. To consider corresponding contribution of each log and reduce the computational
dimension, multivariate logs are transformed into a single variable through principal components analysis. Resultant
principal components logs are segmented using the statistical zonation method to enhance the quality and efficiency of the
interpreted results. Hierarchical cluster analysis is then used to group the segments into electrofacies. Optimal number of
groups is determined on the basis of the ratio of within-group variance to total variance and core data. This technique is
applied to the wells in the Korea Continental Shelf. The results of field application demonstrate that the prediction of
lithology based on the electrofacies classification works well with reliability to the core and cutting data. This methodology
for electrofacies determination can be used to define reservoir characterization which is helpful to the reservoir

management.
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Introduction

As the variation of petrophysical properties often corre-
sponds to lithologic variation, lithology determination plays
an important role for reservoir characterization. Subsurface
lithology is traditionally determined from both core and
cutting analyses. Cores are generally not continuous and
do not provide complete descriptions of formations cross-
ed by a well. Cuttings always have some uncertainties in
depth and it can be difficult to restore the components and
thickness of lithologic column. As a result, the lithology
based on those data is not sufficiently accurate and precise
for the quantitative use. On the other hand, well logs have
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the advantage of providing a continuous record over the
entire well and can be obtained in conditions where coring
is impossible. Therefore the integration of core and well
log data can give a good lithologic description of the
formations.

An electrofacies is defined as “the set of log responses
which characterizes a bed and permits it to be distingui-
shed from the others” (Serra and Abbott, 1982). The
electrofacies derived by selecting, weighting, and combing
well log data can be used as an indicator of lithology.
Once good correlations between electrofacies and core
analysis are established on a local basis, significant geolo-
gical information can be extracted from well logs alone.
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In this study, a systematic technique has been developed
for the electrofacies determination from well logs using
multivariate statistical analysis, and applied to the wells in
the Korea Continental Shelf,

Electrofacies Classification

Wolff and Pelissier-Combescure (1982) and Moline and
Bahr (1995) developed the multivariate statistical proce-
dures to determine the electrofacies. In this study, to
enhance the quality and efficiency of the interpreted
results, the zonation of principal components logs is
constructed prior to clustering. The segmented principal
logs instead of the original logs are used for cluster
analysis (Lim et al., 1997). The electrofacies determination
procedure used in this study is summarized by the flow
chart in Fig. 1.

Descriptive Statistical Analysis

Data can be revealed their features when they are
adequately organized. The univariate tools can be used to
describe the distribution of individual variable. Histogram
is known as one of the most common and useful present-
ation and organization of data for univariate description.
The importance features of most histogram can be captur-
ed by the summary statistics: measures of location,
measures of spread, and measures of shape (Isaaks and
Srivastava, 1989). In addition, the relationships and de-
pendencies among variables are important feature of data
when we analyze a multivariate data set like well logs.
The corelation coefficient quantifies a relationship bet-
ween two well logs which are closely related to each other.

Principal Components Analysis

To consider the contribution of each log and reduce the
computational dimension, multivariate logs are combined
into a single variable through principal components analy-
sis (Doveton, 1994). If m numbers of log responses from
a sequence of zones are plotted as points in a space with
mutually orthogonal axes, they form a cloud in m-dimen-
sional space. Principal components are the eigenvectors of
this cloud, which are computed to locate the major axes in
order of importance. The orientations of the principal
components are computed from either the covariance or
correlation matrix of the log data. The correlation matrix
is more commonly chosen because most logs are recorded
in radically different units. In order to avoid artificial and
undue weighting by any of the logs, the original data
should be standard normalized by subtracting the mean
and dividing by the standard deviation. Total variance of
the original set of m variables is the sum of their separate
variances. Because principal components logs are ordered,

Fig. 1. Flow chart of the electrofacies determination.

the last principal components logs usually contain very
little information and may be dropped from further
analysis without any significant effect. This can reduce the
complexity of cluster analysis.

Consider a hypothetical crossplot of density and neutron
porosity readings (Fig. 2(a)). Since the two logs are
recorded in different units, it is appropriate to standardize
them. Standardization converts covariance matrix to
correlation matrix. The correlation matrix is described
geometrically by an ellipse (Fig. 2(b)). The eigenvectors
of the correlation matrix locate the major and minor axis
of the ellipse. These eigenvectors are called the principal
components of the correlation matrix (Fig. 2(c)).

Zonation of Well Log

Well log data are so vast that the data compression is
strongly required before such data are analyzed and
interpreted. The data compression would enhance the
quality and efficiency of the interpreted results. A number
of methods have been derived to condense the well logs
data into zones. In this study, the concept of analysis of
variance (ANOVA) is applied for the zonation of well log
data (Dharmawardhana and Keller, 1985). An optimal
subdivision is attained if zones are established such that
the within-zone variance is minimized and the between-
zone variance is maximized. Since an observation is
assigned to only one of the zones, the single factor fixed
effect model is selected which is formulated as (1).

Xi]- =X +a +e; @)

where,
X;;=jth observation of the ith zone
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(b) Correlation matrix ellipsé superimposed
on standardized neutron-density axes

(c) Location of ellipse principal axes by
eigenvectors

Fig. 2. Schematic diagram sequence of principal component analysis.

X. = grand mean of the well logs
a; = effect of the ith zone
e; =random error associated with each observation

If the means of sub-zones are significantly different, the
variance of the combined zones reflecting both the zone
effect and the random error will be larger than the
variance of the separate groups reflecting the random error
alone. Thus, the method is based on the comparison of
two independently computed estimates of variance.

-1 TV 2
MSTR = "D ;”"(X" X))

_ 1 ron > 2
MSE = ;;[X, X, | ®)
where,

Log3

(a) Multivariate database of zones

|

A B

SAa44

(b) Dendrogram of zones

(c) Electrofacies

classification *

Fig. 3. Schematic diagram sequence of cluster analysis of log data.
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Fig. 4. Measured logs of G-1 used in the investigation.



Automatic Electrofacies Classification from Well Logs Using Multivariate Statistical Techniques 173

ORC Number of Data 2240

mean 662487
- §id. dev. 18.8862
coet, of var 2854
maximum 1244529
upper quartile - 79.8205
madian 51.8882
lowar guartile 50.5366
minimum  38.1873

D300
0200
0100
o000 EgiLt kal
88, 5, 75. 5. 115,
Variable
fHOC Number ol Data 2240
- ] mean 2.3871
| ed. dev. 1132
120 .gvu D474
ximum 26084
uarlile 24674
ian 24201
b ustile 2.3617
i imum 1.9197
g 080_]
040_
000_ Tt Ty
1900 2000 2100 2200 2300 2400 2500 2600 2700

Variable
Fig. S. Descriptive statistics for well logs of G-1.

r=number of zone

n;=number of observation in the ith zone
X;. =mean of the parameter in the ith zone
N =total number of observation

In diViding the well log into physically meaningful occurr-
ing zones, the criterion used is to minimize MSE and
maximize MSTR.

Cluster Analysis

This multivariate statistical technique is to group similar
objects and to distinguish them from other dissimilar
objects on the basis of their measured characteristics. The
most common class of clustering methods used in geology
is that of hierarchical analysis (Moline and Bahr, 1995:
Lim et al., 1997). The basic steps are shown in Fig. 3 as
an illustration of the clustering of hypothetical zones
based on their log responses. First, a database of attribute
measurements is compiled on the basis of the collective
treatment of the attributes. The clustering algorithm is
applied to the similarity matrix as an iterative process. The
pairs of objects with highest similarities are merged, the
matrix is re-computed, and the procedure repeats. Ultimate-
ly all the objects will be linked together as a hierarchy,
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which is most commonly shown as a dendrogram. At this
point, the objects are in one giant cluster. A certain
decision must now be made concerning where to cut the
tree diagram into branches that coincide with distinctive
groupings. The choice may be based either on visual
inspection, a mathematical criterion that appears to reveal
a natural breaking point, or some measure that can be
used to check potential clusters against some external
standard.

Applications

For filed application, the techniques developed in this
study is applied to G-1 well in the Korea Continental
Shelf. The logs selected for the electrofacies determination
were gamma-ray log (GR), sonic log (DT), density log
(RHOB), and neutron log (NPHI). Fig. 4 shows the
selected well logs of G-1 for the investigation. These logs
were chosen based on the descriptive statistical results and
the quality of well log data (Fig. 5). The principal
components were computed from the correlation matrix of
log measurements. The first two principal components
collectively accounted for 80% of the total variability. To
enhance the quality and efficiency of the interpreted
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Fig. 6. Zonation of the first PC log by statistical method.
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Fig. 7. Results of hierarchical clustering analysis.
(a) Dendrogram of log segments, (b) Electrofacies classification

results, the zonation of principal components logs were
constructed by statistical method prior to clustering. The
zone boundaries were determined such that the variance of
the within zones was minimized and the variance of the
between zones was maximized. The segmented first
principal component log and the zone boundaries are
shown in Fig. 6. Hierarchical clustering was used to group
the segmented principal components logs instead of the
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Fig. 8. Comparison of electrofacies from logs with mud-log des-
cription from cuttings of G-1 (a) mud log, (b) electrofacies

original logs with similarity based on their multivariate
means. The resulting clustered hierarchy is shown in the
dendrogram on Fig. 7(a). Each terminal branch represent-
ed an individual log segment. The five groups of
electrofacies were determined on the basis of the ratio of
the within-group variance to the total variance and core
standard (Fig. 7(b)). Fig. 8 shows the match between a
lithologic description from electrofacies and a mud-log
description. The results of field application demonstrate
that the lithology predicted based on the electrofacies classi-
fication matches well with the core and the cutting data.

Conclusions
A systematic technique has been developed for electro-

facies determination from well logs using multivariate
statistical analysis, and has been applied to the wells in
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the Korea Continental Shelf. The results of field appli-
cation demonstrate that the lithology predicted based on
the electrofacies classification matches well with the core
and cutting data. This technique can enhance the quality
and efficiency of the electrofacies classification. This
electrofacies interpretation can be used to define reservoir
characteristics that are valuable for reservoir management.
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