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Abstract
Estimation of reservoir water saturation (Sw) is one of the main tasks in well logging. Many
empirical equations are available, which are, more or less, based on Archie equation. The present
study is an application of Radial Basis Function Neural Network (RBFNN) modeling for estimation
of water saturation responses in a carbonate reservoir. Four conventional petrophysical logs (PLs)
including DT, LLd, RHOB and NPHI related to four wells of an oil field located in southwest of
Iran are taken as inputs and Sw measured from core analysis as output parameter of the model. To
compare performance of the proposed model with empirical equations, the same database was
applied. Superiority of the RBFNN model over empirical equations was examined by calculating
coefficient of determination and estimated root mean squared error (RMSE) for predicted and
measured Sw. For the RBFNN model, R2 and RMSE are equal to 0.90 and 0.031, respectively,
whereas for the best empirical equation, they are 0.81 and 0.042, respectively.
Keywords: Water saturation, Petrophysical logs, Radial Basis Function Neural Network, Iran.
1–Introduction
Water saturation is one the most important
petrophysical properties of a hydrocarbon
reservoir that is mainly used to estimate the
volume of hydrocarbon in place and
determining pay zones. This parameter can be
measured directly from Routine Core Analyses
(RCAL) or estimated by petrophysical methods.
Various equations have been developed based
on petrophysical models like Archie equation
for clean sand formations (1942). The presence
of clay mineral in sand formations
(Worthington, 1985) or irregular distribution of
pore sizes in carbonate rocks (Van Golf–Rocht,
1982) causes an additional conductivity while
Archie equation presupposes that the matrix of
rock doesn't have electrical conductivity. This
additional conductivity causes overestimation in
156

prediction of water saturation. Diverse
equations have been presented to estimate water
saturation in shaly–sand formations which can
be categorized into two groups:
The first group includes models that import
shale volume in their equations (Hossin 1960;
Simandoux 1963; Poupon and Leveaux 1971,
Dual–water 1977) and suppose that the
additional conductivity is related to the volume
of the shale.
The second group includes models that consider
the influence of clay mineral types in addition to
the shale volume (Waxman and Smits 1968; and
Dual–water 1984). These models that have been
developed based on the concepts of cation
exchange capacity and ionic double–layer, have
some disadvantages. For example, the
laboratory tests to obtain the input variables of
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these models are usually non–economic and
time consuming. In addition different laboratory
techniques result different answers for same
core sample and it also depends on precision of
the operator. Hence, some methods have been
developed to overcome this limitation like new
LSU model (2002).
Beside the above mentioned equations, some
other activities have been done. Balch et al.
(1999) predicted the water saturation in a
sandstone reservoir in Mexico using artificial
intelligence and seismic attributes. Kamel and
Mabrouk (2002) introduced an equation for
estimating water saturation in clean formations
utilizing resistivity and sonic logs. The effect of
water and gas saturation on P and S wave
velocity values in sandstone samples have been
studied by Kitamura et al. (2006). Al–Bulushi et

al. (2009) developed an artificial neural network
to estimate water saturation and fluid
distribution. A new predictive capillary pressure
function have presented by Tillero for Better
Estimation of permeability and water Saturation
(2012).
However, all of these models are appropriate for
shaly–sand formation. Consequently, it seems to
be necessary to find a new method for carbonate
reservoirs with respect to their special
properties. There are just a few works on the
prediction of water saturation in carbonate
reservoirs (Obeida et al., 2005; Lucia, 2007;
Mollajan et al., 2013). The present study
focuses on Sw prediction from PLs in a
carbonate reservoir using Radial Basis Function
Neural Network (RBFNN).

Figure 1) Scatter plot of selected PLs versus water saturation in well No. 1. (a) As resistivity decreases, Sw
consistently increases. (b) DT has decreased in corresponding with increase in S w. (c) Increase in Sw
(hydrogen content) causes dropping of NPHI. (d) Increasing rate of RHOB, resulting in Sw increasing.
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2–Data set
To commence this study, four conventional logs
including DT, LLd, RHOB, and NPHI related to
four wells of an oil field in southwestern Iran
were used as input data. As satisfactory
estimation results could only beobtained
through the selection of appropriate data, the
water saturation measured from core analysis
were used as output of the model and well test
responses were also employed to verify the
results. Scatter plots between selected PLs and
Swfor well No.1 is shown in Figure 1.
3–Methodology
3–1–Radial Basis Functions
Radial Basis Functions Neural Network
(RBFNN) is an excellent tool for prediction or
interpolation used as an alternative for MLP

neural networks. A particular RBFNN consists
of three layers namely: input layer, hidden
layer(s) and output layer. The input layer is a
buffer that presents data to the network and
contains the input variables while the hidden
layer is composed of a number of RBF nodes
with radial Gaussian activation functions. The
output layer is the following layer in the
network, which presents the output response to
a given input and is connected to the previous
nodes in the hidden layer by linear weights
(Bishop, 1995).
The Figure 2 shows the typical RBF neural
network architecture used in this study. In
Figure 2, x1, x2…, xN represents the number of
input nodesϕ1,ϕ2,ϕ3,....,ϕM represents the basis
functionnodes,w0 is the weight of the bias node
(optional), and w1, w2,……, wM are connection
weights between hidden nodes and output node.

Figure 2) Schematic representation of a radial basis function neural network.

The net output from hidden layer (y) will be:
( )

∑

( )

As is stated before, in this study the Gaussian
function is employed as commonly used basis
function in Eq.1 ( ) and can be expressed as:

(1)
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frequently used equations from Vsh models has
been proposed as predictors for Sw. Selected
equations are shown in Table 1.

(2)

where μj and σj are the center and width
parameter, respectively.

In these equations, shale volume ( ) and
resistivity of water formation ( ) can be
obtained through the following equations,
respectively:

In the learning process, the network is presented
with a pair of patterns and network computes its
own output. Afterward, the actual output is
compared with target values or the desired
output. So, the error can be calculated at any
output in layer j as follow:
E= yj– tj

(

(

∑

[ ( )

]

(5)

)

(6)

where is the formation temperature and
is
the salinity of water formation. For Dual–water
equation (Clavier et al., 1977), parameters are
defined as follow:

(3)

Where tj is the desired output and yj is the actual
output. The total error function is given by:
∑

)

(

(4)

)

(7)
(8)

3–2– Empirical equations
As mentioned earlier, water saturation is
conventionally
estimated
using
several
suggested equations which are exclusively
developed for shaly–sand formations. In this
study, Archie equation in addition to two

*

(

)+

(9)

It is noted that the value of Rsh can be calculated
from resistivity logs at shaly intervals.

Table1) Different conventional predictors
Equation

Name
Archie (1942)
Hossin (1960)

[

Dual Water (1977)

(

presented. Minimum and maximum values of
the PLs used in the models along with their
symbols are shown in Table 2.

4– Implementation process
In this section, the results obtained from the
above mentioned methodologies are briefly

Table 2) Description of input and output parameters in models.
Type of data
Input

Output

Well log
Neutron
Deep Resistivity
Density
Sonic
Water Saturation

)]

Symbol
NPHI
LLd
RHOB
DT
SW
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Min
0.0056
2.89
2.24
162.401
0.06

Max
0.31
196.79
2.705
279.19
0.93
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In this study, to validate the predictive models
based on the comparing predicted and measured
values, R2 (Eq.10) is used. Also, RMSE (Eq.11)
is used to compare the results of RBFNN and
empirical models.
[

( )

∑
√∑

̅

(
̅

(

√ ∑

(

̅

)(
) ∑

)
̅

(

)

)

]

(10)

(11)

Where
is the ith measured element,
is the ith estimated element, ̅
and ̅
are
average of measured and estimated values,
respectively, and n is the number of data used.
The
following
sections
describe
the
implementation process and results of each of
the models.
4–1– Sw estimation using RBFNN
To predict the water saturation in carbonate
intervals, the RBFNN model was used. In this
regard, four conventional logs including DT,
LLd, RHOB and NPHI were considered as
inputs and Sw measured from core analysis as
output of the models. In order to build the
proposed model, the bellow steps have been
followed:
(1) Existing wells were divided into two
groups; one for model construction
(including wells 1 to 3) and one for
examining
the
generalization
capability of the model (well No.4).
(2) Model construction data set randomly
were subdivided into two data sets
namely training data, with 70% of the
data points and testing data with the
remaining 30%.
(3) To check the generalization ability of
the models, data associated to the well
No 4 that were not entered in model
construction were used.
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Figure 3) Linear Regression results for RBFNN.

The trial and error method was used to establish
the number of hidden neurons. Using this
strategy the optimal number of hidden neurons
is the one that produces the least network error.
Applying this method, the 4–10–1 network
structure is considered to be the desired
network. The radial basis function parameters
(i.e. μ and σ) were obtained from normalized
input data using method of random sampling.
Also, the weights are computed to minimize the
error function (Eq. 4).
Figure 3 shows the results obtained from
RBFNN model in well No.4. As seen, the
determination
coefficient
(R2)
between
predicted and measured Sw values and measured
RMSE for this well are0.90 and0.031,
respectively.
4–2– Sw estimation using empirical equations
To evaluate performance of the empirical
equations, the same datasets used for RBFNN
model were applied.
It was observed that Dual–water predictor is the
most appropriate predictor among the
conventional models, better fits the data and has
a greater determination coefficient whereas,
Archie predictor is the poorest one (Fig. 4).
Also, the values of estimated error for all
methods have been offered in Table 3.
According to this table, for Dual–water equation
the value of determination coefficient is the
highest one and its calculated RMSE is lower
than other empirical equations that are
considered.
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Hossin (1960)
Dual-water (1977)

0.040
0.042

0.80
0.81

5–Discussion
The results of this study are shown in Figure 5
and Table 4.As can be seen, RBFNN model is
closer to the measured Sw, whereas estimation
by conventional equations has wide variation. In
addition, these empirical models are appropriate
for clean sands as well as shaly–sand formations
and are not efficient enough for carbonates due
to their specific properties as mentioned in
introduction.

Figure 4) Results of empirical equations.
Table 3) error values in employed equation
Model
RMSE
R2
Archie (1942)
0.042
0.78

Figure 5) Comparison of the estimated Sw with measured.

According to the results, because of the very
low shale volume, the results of empirical
relations are very close to each other. However,
the proposed model has considerably high
performance in estimation of Sw. It is concluded
that, at least in carbonate reservoirs using this
method for calculating water saturation is more
appropriate.
Table 4) comparison between error values
Model
RMSE
R2
Dual-water (1977)

0.042

0.81

RBFNN model

0.031

0.90
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6–Conclusions
This paper presents a new approach based on
Radial Basis Function Neural Network
(RBFNN), for equations of water saturation
from PLs in a carbonate reservoir. The proposed
model was constructed by using data related to
three wells and its performance was examined
by a well which were not incorporated in the
model development. Also, to compare the
results of the RBFNN model with empirical
equations, the same database was applied. It was
concluded that performance of the proposed
model is considerably better than the empirical
models. For the RBFNN model R2 and RMSE
were equal to 0.90 and 0.031, respectively and
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for the best model of empirical models (Dual–
water) were 0.81 and 0.042, respectively. Also,
according to the obtained results, it is obvious
that there is no need to calculate the complex
coefficients such as cementation factor,
tortuosity factor, saturation exponent and etc.
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