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Introduction

The term “electrofacies” was introduced by Serra
and Abbott (1980)1 and has been defined as “the set of log
responses which characterizes a bed and permits this to be
distinguished from others.” Electrofacies can usually be
assigned to one or more lithofacies as log responses are
measurements of the physical properties of rocks. Identifying
facies is an essential component of petroleum prospecting
and reservoir characterization. Traditionally facies has been
identified manually with the aid of graphical techniques like
crossplotting from wire-line logs and thereby correlating their
behavior to cores. Most recently several mathematical
models have been introduced to automate the task of facies
identification. These include methods based on multivariate
statistics and regression such as Principal Component
Analysis2, Multivariate Analysis and Nonparametric
Regression3, Classification Trees4, techniques based on
Artificial Intelligence5 and Clustering6.

In this paper, we would take a critical approach
towards identifying the lithological and depositional facies
from wireline logs using an approach based on Feed Forward
Neural Network and Clustering using a computer program#

which utilizes both the methods in classifying electrofacies.

Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is one of the most
popular neural networks and provides a flexible way to
generalize linear regression because it does not require any
relationships between variables. Usually ANN is arranged
in multiple layers as shown below:

In the diagram Figure-2, there is one input layer,
one output layer and one or more hidden layers. Each layer
contains a number of nodes (also called neuron’s processing
units) which are connected to each node in the preceding
layer by simple weighted links. Except for nodes in the input
layer, each node multiplies its specific input value by the
corresponding weight and then sums all the weighted inputs.
Sometimes a constant (the ‘bias’ term) can be involved in
the summation.

Fig. 1: Analogy between Human Neurons and Artificial Neural Network

Fig. 2: A Schematic diagram of the Multilayer Feed Forward Neural Network

The final output from the node is calculated by
applying an activation function (transfer function) to the sum
of the weighted inputs as shown in below equation.
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where y is the vector of the output variables, x is the vector

of the input variables, α is the bias term, are the

connection weights on the link from i  to node, 

n

 is the

number of the hidden nodes, and ni  is the number of the
input variables.

A critical aspect in a neural network is the learning
process of forcing a network to yield a particular output for
a specific input. For multilayer feed forward neural network,
a more powerful supervised learning algorithm, called
backpropagation is also built in the computer program to
recursively adjust the connection weights so that the
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difference between the predicted and the observed outputs
is as small as possible.

In the present study, we have used a typical feed
forward model that consists of one input layer, two hidden
layer and one output layer. In addition, the optimum number
of hidden nodes was determined by trial and error.

Cluster Analysis

The aim of cluster analysis is to classify a data set
into groups that are internally homogeneous and externally
isolated on the basis of a measure of similarity or dissimilarity
between groups. The underlying philosophy involved in
cluster analysis can be compared with unsupervised
classification as the classification is neither dictated by an
external model nor determined by reference to a training set
of objects whose identity is known beforehand. One of the
important considerations which must be considered in Cluster
Analysis is the usage of logs which are sensitive to lithology
when lithological discriminations are required.

Basic steps involved in Cluster Analysis can be
summarized as:
1. Firstly, a database of attribute measurements is compiled

for the objects to be clustered (Figure-3)
2. Then a matrix of similarities or statistical distances

between the objects is computed 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 the
highest similarities are merged, the matrix is recomputed,
and the procedure is repeated. Ultimately, all the objects are
linked together as a hierarchy which is shown as a
dendrogram (Figure-4). At this point, the objects are in one
giant cluster and decision is now applied to cut this tree
diagram into branches that coincide with the distinctive
groupings. The choice should be made based on visual
inspection and some mathematical criterion.

Methodology

In our study we took a test dataset for 5 wells having
DT, RHOB, NPHI, GR and PEF log curves. The complete
interval was divided into a number of zones based on some
of the already identified markers. In the Cluster analysis, 4
wells were selected to create a model, a log curve rejection
criteria was specified based on lower and upper cutoff values
of the selected log curves. The log curves were then
normalized based on standard deviation and a Principal

Component Analysis was done. The K-Means clustering
method was used. The resultant clusters were then observed
through a dendrogram (Figure-5) and final clusters were
then calculated.  The identified clusters were then assigned
a facies type (Figure-7) and using the same logic facies was
then determined for a unknown well having all the above
curves (Figure-9).

For Electrofacies Classification using Neural
Network, the same dataset was used. 4 Key facies were
identified for a key well. A Supervised Neural Network

Fig. 3: Multivariate database of zones

Fig. 4: Dendrograms of zones according to hierarchical clustering
of the zones based on their similarities
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Fig. 5:  Dendrogram highlighting key facies

Fig. 6: Key facies classification for one Test Well – A (Neural Network
Method)

model was used with 2 layers having 10 Nodes per layer.
After the electrofacies were determined for the key well
(Figure-6), the same logic was used to determine for a
unknown well (Figure-8).

Conclusions

The main idea of the present comparison was to
predict electrofacies accurately which has very significant
bearing on other reservoir parameter calculations like
permeability, lithology and depositional facies. For
classifying electrofacies we used a conventional “supervised”
Neural Network technique and model based clustering to
identify clusters from unique characteristics of well log

Fig. 7: Key facies classification for one Test  Well – A (Clustering Method)

Fig. 8: Resultant facies classification for Test Well – E (Neural Network
Method)

Fig. 9:  Resultant facies classification for Test Well  – E (Clustering Method)

responses reflecting minerals and lithofacies from the logged
interval. Our results and methodology show that a
combination of Supervised Neural Network and Clustering
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technique will help in doing the accurate prediction of facies
and lithology for the logged wells and correlation for uncored
wells.

# LithoToolKitTM is a multiwell, multicurve
lithofacies and log curve estimation tool consisting of
quicklook estimation, clustering, Neural Network,
Multidimensional Histogram and missing log curve
statistical estimation techniques. LithoToolKitTM is licensed
and supported worldwide by Schlumberger Information
Solutions.
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