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1. Seismic Attribute
2. Probabilistic Neural Network
3. Radial Basic Functions
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1. Seismic Synthetic Tie
2. Wavelet

3. Composite Trace
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9. Sparse Spike

10. External Attribute
11. Seismic Multiple-Attribute Method
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1. Cross Validation

2. Operator Length

3. Propabilistic Neural Network

4. Radial Basic Function Neural Network
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Introduction

Porosity is one of the most important parameters
of the reservoir, the distribution of which plays an
important role in drilling exploration, development
and production wells. The direct way to determine
this parameter in reservoirs is to drill wells, but wells
cover a small area of a reservoir, so it is always tried
to estimate the distribution of this parameter in the
distances between wells, for which seismic data can
be used [1]. Well data has good vertical resolution,
but it covers a small space of a reservoir and due to
geological complexities, this information cannot be
easily generalized to the whole reservoir but seismic
data compared to well data have a lower vertical limit
but, in the horizontal direction they cover the whole
area of the reservoir. Thus, a combination of these two
categories of information can be used to estimate the
petrophysical parameters of the reservoir, including
porosity [2]. Seismic attributes of mathematical
functions are derived from seismic data that are
extracted from seismic data in the field of time and
frequency [2]. Nowadays, the seismic attributes are
widely used to predict the lithological and petrophysical
properties of reservoirs and have many applications
in the field of extensive hydrocarbon exploration [3].
The main purpose of studying attributes is to provide
accurate information and details about the structures,
stratigraphy and lithological parameters related to
seismic discoveries for the interpreter [4]. In other
words, seismic attributes are all information obtained
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from seismic data using direct methods or logical
and empirical relationships. This basic information
includes time, amplitude, frequency, and energy
absorption, and these basic features make it possible to
classify attributes [5]. In recent years, a lot of work has
been done to estimate petrophysical parameters from
seismic attributes. Hampson et al. (2001) compared
multiple regression methods and probabilistic neural
networks to estimate porosity from seismic attributes
and concluded that using probabilistic neural networks
was better than multiple regression [2]. In 2004, Russell
thoroughly studied linear and nonlinear methods in the
conversion of seismic attributes, estimating porosity,
and introduced a radial basic function neural network
as a useful method for estimating porosity, which is
a combination of linear and nonlinear methods [1].
In 2011, Leite and Vidal estimated porosity from
seismic attributes using the neural network method
and concluded that using the neural network method
to estimate porosity is more accurate [6]. In 2019,
Gogoi and Chatterjee estimated the petrophysical
parameters using seismic multiple-attribute and neural
network methods and concluded that neural network
methods are more accurate [7]. The purpose of this
paper is to estimate the acoustic impedance using
different inversion methods and compare the accuracy
of these methods. In the following, porosity estimation
from seismic attributes will be performed using three
conventional industrial methods and their accuracy and
precision will be analyzed to lead to the introduction of
a suitable algorithm for similar reservoirs.



Materials and Methods

In this study, information and data from one of the
oil fields in southern Iran have been used. This oil
field is located in the northwest of the Persian Gulf,
in the Dezful Falls. In order to estimate the porosity,
information was provided from the studied oil field,
which includes acoustic logs, density, porosity, 3D post-
stack seismic data, well tops, seismic horizons, and
check shot data. Check shot data is used to align well data
with seismic data and to convert depth to time. In this
paper, Hampson-Russell geophysical software is used
to estimate porosity. First, in the Strata module, seismic
inversion was performed and the acoustic impedance
was calculated, then the calculated acoustic impedance
was used as an external attributes that has a specific
relationship with porosity, in the emerge module to
estimate the porosity. In the following, different stages
of porosity estimation from seismic attributes are given
and a brief description of each stage is provided.

Seismic Synthetic Tie and Wavelet Estimation

To match wells and seismic data, a seismic wavelet is
first extracted, which in this study was extracted using
statistical methods. Then, in the location of each well to
a certain radius, composite and synthetic seismography
are prepared. In order to make a synthetic seismograph,
from the product of velocity and density logs, the
acoustic impedance and then the reflection coefficient
are calculated. Then, with the convolution of wavelet
and reflection coefficient, synthetic seismography is
made [8]. Matching between composite seismography
and synthetic seismography was performed for all
wells (seven wells).

Seismic Inversion

Inversion is a method in which a geological model can
be obtained as output using seismic information as input
[9]. There are different methods for seismic inversion.
In this study, two inversion methods including model
based and sparse spike have been used to calculate the
acoustic impedance. The mean values of correlation
and error in all wells in the sparse spike method are
98 and 19%, respectively, while in the model-based
method, the mean values of correlation and error in all
wells are 88 and 47%, respectively.

Porosity Estimation Using Seismic Multiple-
Attribute Method

In this study, 20 attributes with an operator length of
17 were entered into the software and then 10 attributes
were selected as the optimal number using cross-
validation method. In the cross-validation method,
the number of optimal attributes is determined when
the validation error is minimized [ 10]. The correlation
and error for the seismic multiple-attribute method are
82% and 3% in training data. However, the correlation
and error are 68% and 3% in the validation step.
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Estimation of Porosity Using Neural Network
Methods

In this section, porosity was estimated using
two methods based on artificial neural networks
(probabilistic neural network and radial basic function
neural network). The input and output parameters
used to estimate the porosity are the same and also
10 seismic attributes with an operator length of 17
are used. In general, the correlation and error values
obtained from the probabilistic neural network
method for estimating porosity in training data are
91% and 2%, respectively, and in validation data are
71% and 3%, respectively. Also, the correlation and
error obtained from the radial basic function neural
network for estimating porosity in training data are
87 and 2%, respectively, and in validation data are
64 and 4%, respectively. The degree of conformity
of actual porosity with the porosity estimated using
neural network methods is higher than that of seismic
multiple-attribute method and the amount of error
is less. This is probably because artificial neural
networks are more efficient at estimating the nonlinear
and complex relationships between the input and target
parameters than regression methods.

Results and Discussion

Acoustic impedance is one of the most important
seismic attributes for estimating porosity. This seismic
attributes, which is obtained by multiplying velocity
by density. Acoustic impedance is inversely related
to porosity. In this study, two inversion methods
including model based and sparse spike have been
used to calculate the acoustic impedance. The acoustic
impedance calculated from the inversion method of
sparse spike is more accurate due to higher correlation
and less error and shows more details than the
inversion method based on the model. Figure 1 shows
the section of acoustic impedance calculated using the
sparse spike method. In this paper, both the acoustic
impedance calculated from the sparse spike method
and the acoustic impedance calculated from the model-
based method were used to estimate the porosity. In
this study, three different methods including seismic
multiple-attribute, probabilistic neural network and
radial basic function neural network have been used to
estimate the porosity from seismic attributes.

Table 1 shows the results of all the methods used.
According to Table | the probabilistic neural network
method has a better answer than other methods for
estimating porosity because the correlation values in
both training data and validation data are much higher
than the correlation values of other methods and have
less error.

Also, in Figure 2, the porosity section of the
probabilistic neural network method that provided the
best estimate compared to the other methods, is shown.
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Fig. 1 section of acoustic impedance calculated using the sparse spike method.

Table 1 Comparison of the results of the methods used to estimate porosity.
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Fig. 2 Porosity section obtained from probabilistic neural network method.

Conclusion

Acoustic impedance is one of the most important
seismic attributes for estimating the petrophysical
parameters of the reservoir, including porosity. In
this study, using two different inversion methods
including the model based and spars spike, acoustic
impedance is calculated. It was concluded that the
spars spike method provides a better answer than the
model-based method. The mean values of correlation
and error in all wells in the spars spike method are
98 and 19%, respectively, while in the model-based
method, the mean values of correlation and error in all
wells are 88 and 47%, respectively. After calculating
the acoustic impedance, the porosity was estimated
from the seismic attributes. For this purpose, three

different methods including seismic multiple-attribute,
probabilistic neural network and radial basic function
neural network were used. The probabilistic neural
network method presents 91% correlation between
training data and 71% correlation between validation
data. In addition, it was notified that the probabilistic
neural network method provided a better answer than
other methods. Therefore, it is suggested to use this
method to estimate the porosity of seismic data in fields
with similar geology. This is probably because artificial
neural networks are more efficient at estimating the
nonlinear and complex relationships between the input
and target parameters than regression methods.
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