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ABSTRACT

To estimate petrophysical parameters, seismic inversion techniques have been
frequently used for estimating attributes like P-impedance, elastic impedance, S-
impedance, density, Vp/ Vs ratio, and gamma-ray logs from seismic and well-log data.
These characteristics enable us to comprehend subsurface lithology for geo-seismic
analysis, including its extent and shape. Four different post-stack inversion techniques,
including bandlimited inversion (BLI), colored inversion (Cl), maximum likelihood sparse
spike inversion (MLSSI), and model-based inversion (MBI), have been applied to the post-
stack seismic data from the F3 block in the Netherlands in this study. The objective is to
compare the efficacy of these inversion methods over F3 block seismic data. For post-
stack inversion, the data was inverted into a very high-resolution P-impedance volume.
The analysis depicts that all four inversion methods provide mutually consistent
subsurface information with marginally better MBI results. Furthermore, geostatistical
techniques have been used intensively for further testifying the results obtained from
post-stack inversion methods. The geostatistical techniques use seismic data-derived
attributes and inverted impedance-derived attributes as input to estimate P-wave
velocity, porosity, and density away from the boreholes. Two geostatistical methods
namely probabilistic neural network (PNN) and multilayer feed-forward neural network
(MLFN) are used for the analysis. Porosity, density, and P-wave velocity have been
predicted using both techniques which highlighted different characteristics of the
subsurface with very detailed information. The derived results show that reservoir
properties have been better estimated with the combination of MBI and PNN techniques
for F3 block data over the other methods used in this study.

©2023 Kushwaha et al. Published by Avanti Publishers. This is an open access article licensed under the terms of the Creative Commons Attribution
Non-Commercial License which permits unrestricted, non-commercial use, distribution and reproduction in any medium, provided the work is
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1. Introduction

In contrast to well-log data, which can provide comprehensive layer information but is typically quite sparse,
seismic data contains amplitude with time and can only provide information on the subsurface interface. Seismic
and well-log data need to be combined to provide precise information on the subsurface rocks and fluids in the
inter-well region. The seismic inversion method combines well log and seismic data to get precise information
about the subsurface. Seismic inversion is a method for converting low-resolution seismic reflection data into a
high-resolution subsurface model of rock and fluid characteristics utilizing high-frequency well-log data. In the
petroleum industry, seismic inversion techniques are widely used to characterize reservoirs using seismic data.

Reservoir characterization typically specifies the total volume inside the trap, which can contain hydrocarbons.
The key elements in interpretation are the precision of reservoir approximation such as thickness as well as other
petrophysical parameters of each reservoir, and reservoir properties estimation, such as water saturation,
porosity, and other parameters from well log and seismic data. Seismic data can estimate reservoir parameters
quantitatively throughout the analysis; one such fundamental step is to relate the seismic volume at the well
position often via a synthetic seismogram (a sonic and density logs-derived seismic trace). Efforts throughout the
study concentrate on predicting the physical sub-surface properties of rocks that are essential in the discovery
and extraction of hydrocarbons. A significant element in quantifying producible hydrocarbons is the
understanding of reservoir characterization [1-5]. It is possible to obtain precise reservoir characterization from
well logs, mainly utilizing resistivity logs and gamma rays [2]. Supplementary studies of the geological structure
that can keep hydrocarbons in place must be considered to map hydrocarbon reservoirs as hydrocarbons in
geological traps, i.e., a rock formations combination that will prevent vertical or lateral migration of gas and oil.
The progress of a diversity of methods that try to spread log properties has been motivated by the need to
thoroughly analyze targets to identify ideal production approaches and also reduce the threat that may be
correlated with the exploration of hydrocarbon [6-9].

In the present study, four types of seismic inversion namely, model-based inversion (MBI), colored inversion,
bandlimited inversion, and maximum likelihood sparse spike inversion methods are used to estimate subsurface
acoustic impedance. The MBI is a form of post-stack inversion that estimates acoustic impedance (P-impedance)
from seismic data with inputs from well logs [10-13]. In this method, the error between synthetic and seismic data
is minimized by updating the model and the least error model gives final results. On the other hand, the Cl
method is another post-stack inversion method in which the inversion is interpreted as a convolutional procedure
where a frequency domain operator is utilized to convert the seismic traces into acoustic impedance [14, 15]. The
bandlimited inversion methods use the relation between impedance and reflectivity for the inversion of seismic
data. BLI method is the most common form of the inversion method, which presumes that the seismic amplitude
is related to the coefficient of reflection and transforms the input seismic trace into P-impedance traces. The input
seismic trace is normally wavelet processed [12]. Further, the MLSSI technique is the next inversion method
applied here, but unlike other techniques, it provides a reflectivity series calculation that would estimate the
seismic information with a minimum amount of (Sparse) spikes. In this scenario, non-uniqueness is expected to be
taken care of by implementing the sparse criterion of reflectivity. To achieve this, the maximum
likelihood deconvolution (MLD) was performed [10, 12].

Intelligent process is an efficient tool between two data sets to extract mathematical formulation. And in recent
years it has continued to spread to the oil industry [16-21]. Both reservoir characteristics and seismic
characteristics are essential [22-27]. Reducing the chance of finding productive sands and defining the boundaries
of such sands are the two main issues we face in reservoir studies in clastic environments. The quality of data is
also crucial to characterize the reservoir [28]. The latest approach to fixing such difficulties includes producing
seismic attributes, which are physically associated with the reservoir properties, and merging these attributes to
estimate the petrophysical properties of the reservoir [28-30]. Therefore, it is possible to predict porosity as well
as the density of the reservoir by using seismic data and attributes. Previous research has already shown that
reservoir porosity and density can be measured using statistical methods and intelligent systems [10, 31-33].
However, the majority of the time, neural network techniques rely on a linear fit between seismic features and
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reservoir properties [34-37]. This paper aims to use seismic attributes to estimate petrophysical parameters from
well-log data by applying PNN and MLFN neural network techniques.

The aim is to deliver a mechanism that will permit us to recognize and estimate the behavior of the reservoir
and lessen the ambiguity. Geophysicists constantly struggle to categorize heterogeneities in the reservoir because
seismic-guided prediction of petrophysical characteristics differs from those estimated in the borehole. The neural
network techniques can aid in the resolution of this issue by supplying volumes of predicted reservoir parameters
and ambiguities in such volumes. Then these volumes can be used to characterize the 3-D extent of the relevant
sand facies.

The ability to create a nonlinear link between seismic qualities and well-log properties is the PNN's strength.
The other neural network techniques are the multi-attribute regression method, MLFN, and radial basis function
(RBF) method. The probabilistic neural network (PNN) is a modern nonlinear neural network model created on the
statistical hypothesis [38-40].

Prediction of petrophysical parameters has been made by use of PNN and MLFN. The basic principle behind
these techniques is to find a connection between attributes and petrophysical parameters. These relations were
then used to interpolate or extend the properties to the entire seismic volume with some external attributes like
impedance as constraints. These techniques help interpret the fluid content, lithology, saturation, and limits of the
subsurface strata and productive zones [41-43]. Porosity, density, and P-wave volumes have evolved from
geostatistical methods with inputs from seismic and well-log data as internal attributes and inverted impedance
from MBI, Cl, MLSSI, and BLI methods as external attributes. MBI, Cl, MLSSI, and BLI methods were applied to the
F3 block, Netherland seismic volume. The geostatistical techniques (PNN and MLFN) have been religiously applied
to estimate various petrophysical parameters and to compare the various geostatistical techniques in predicting
the parameters.

2. Study Area

The data sets used in this analysis contain four wells and post-stack 3D seismic data from F3 Block,
Netherlands. Exploring the oil and gas reserves in the Upper-Jurassic to Lower Cretaceous layer, which is often
located below the stated interval, was the goal of this survey. Reflectors from the Miocene, Pliocene, and
Pleistocene make up the upper part up to 1200ms [15, 44, 45]. With a very high porosity, sand and shale make up
the deltaic bundle (20-42%).

Within the survey region, there are four vertical wells, and each well has sonic and gamma-ray logs. The well
log's depth was roughly 1700ms [45]. The seismic survey region comprises from cross-line 300 to 1200 and inline
100 to 750. The locations of wells FO2-1, F03-2, F03-4, and F06-1 are 362 inline and 336 cross line, 722 inline and
848 cross line, 442 inline and 1007 cross line, and 244 inline and 387 cross line, respectively. dGB Earth Sciences
(An open-source seismic repository portal) offers both seismic and well data used in this study. Fig. (1) represents
the location map of the study area, along with the survey region and location of wells. Within the survey region,
there are four vertical wells, and each well had sonic and gamma-ray records with a depth of around 1700ms. The
placement of the wells is at 362 inline and 336 crossline for F02-1, 722 inline and 848 crossline for FO3-2, and 244
inline and 387 crossline for FO3-4. The seismic survey region covers the crossline and inline distances of 300 to
1200. P-wave sonic, density, S-wave sonic, and check shot logs are the crucial pieces of information required for
the inversion process.

3. Methodology

The research methodology is described step-wise in the following sections. However, it is appropriate to
mention at this stage that due to the paucity of well and seismic log data from Indian oil fields and the regulatory
bodies, the study was performed on open-access data provided by F-3 Block, Netherlands. The main impetus for
formulating the methodology, after obtaining the data, was on obtaining the seismic-well log tie, performing a
host of prevalent inversion techniques, and finally verifying the inversion-based results by rigorously using the
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state-of-the-art geotechnical techniques to gather the pertinent parameters to delineate the reservoir. The
reservoir characterization is largely done by post-stack methods, but by using various geostatistical techniques for
characterizing the geophysical parameters is the way forward, which makes the characterization of the reservoir
much [18-24]. Therefore, rigorous scrutiny and implementation of various post-stack data in conjunction with the
use of recent geostatistical techniques has brought forth the novelty component in the present research and has
made the research findings very trustworthy.

Skm

North Sea
FO2-1
™

FO6-1

The Netherlands

Figure 1: The location map of the F3 block, Netherlands (After Kushwaha et al., 2020).

3.1. Seismic Inversion

In the current research, post-stack inversion techniques are used for the characterization of reservoirs. For this,
seismic and well-log data are used as input providers. The research has used the CGG Veritas Hampson Russell
Software (HRS) package to estimate the volume of P-impedance from various post-stack inversion methods over
the F3 block, Netherlands.

The first seismic inversion method used in this study is the model-based inversion method which is very
common nowadays. In this method, an acoustic impedance model is created based on a prior study, and a
synthetic section is generated using a forward modeling technique. For the forward modeling, the following
equation can be used.

S() =W(t) *R(t) + N(¢t) (1

Where S(t) is a synthetic trace, W(t) is a ricker wavelet, R(t) is reflectivity assumed based on prior information
and N(t) is the noise component. Once the synthetic data is generated, the least square error is estimated
between synthetic and real data and the least square optimization is used to minimize error. The error is
minimized by updating reflectivity R(t) and the least error model is assumed real subsurface model which is the
desired output of model-based inversion methods. The second seismic inversion method used in this study is
colored inversion.

In a seismic colored inversion, first, the spectrum of the operator is computed using the spectra of the acoustic
impedance obtained from log data. Since this operator's phase is -90°, it can be integrated with the reflectivity
series to produce impedances. The operator can be designed using seismic and well-log data. For all of the nearby
wells, the acoustic impedance is first estimated and displayed against frequency. To express the impedance
spectrum in the subsurface in the log-log scale, a regression line is fitted to the amplitude spectrum of the
acoustic impedance. Second, using seismic traces close to the wells, the seismic spectrum is determined. The
operator spectrum, which converts the seismic spectrum into the average impedance spectrum, is calculated
using these two spectra. Third, to construct the necessary operator in the time domain, the final spectrum is
mixed with a -90° phase shift. The third seismic inversion method used here is the bandlimited inversion method
which is the oldest technique and is still in use and provides good results.
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Seismic bandlimited inversion uses the relationship between impedance and reflectivity and the derived
relation between impedance and seismic trace. The desired relation can be written as follows:

J

Zji1 = Zyexp sti @

i=1

The last seismic inversion used in this study is maximum likelihood sparse spike inversion (MLSSI) which is
based on the I, norm. In this method, a sparse reflectivity sequence is computed for each trace by adding
reflection coefficients one at a time until the best set is identified. The broadband reflectivity is then gradually
changed until the synthetic trace produced is within a certain tolerance of the genuine trace. How far the
algorithm deviates from the initial guess model to match the actual data can be managed. Apart from these four
seismic inversion methods, two types of geostatistical methods are used to predict various petrophysical
parameters.

3.2. Geostatistical Techniques

The state-of-the-art geostatistical tools have been used to further estimate various petrophysical parameters
like density, porosity, and P-wave velocity for F3 block post-stack seismic data. The P-impedance derived from MBI
methods has been used as an external attribute while attributes extracted directly from seismic data (seismic
attributes) were used as internal attributes in the geo-statistical investigation.

The geostatistical techniques use seismic data-derived attributes and inverted impedance-derived attributes as
input to estimate various petrophysical parameters far from the boreholes. The four categories of these
geostatistical techniques are single-attribute analysis, multi-attribute regression, PNN, and MLFN. PNN and MLFN
derive nonlinear relationships rather than linear relationships as in a single attribute and multi-attribute case [10,
23-35].

Two types of geostatistical techniques, i.e., PNN, and MLFN have been used for the prediction of petrophysical
properties. The training time of the PNN method is shorter and accuracy is better than the traditional multilayer
forward network (MLFN) method. It is specifically beneficial for the nonlinear multi-attribute regression method.
PNN has outstanding performance on unseen data.

PNN is a subset of radial basis function networks and conditional Bayes statistical methods. PNN's mechanism
matches human behavior [46-49]. Another form of neural network is the PNN [11-13, 50]. It depends on the
estimation of the probabilistic density function of Parzen. PNN is a feedforward neural network with a complex
structure. It comprises an input layer, a pattern layer, a layer of summation, and an output layer [41]. PNN is, in
actuality, a form of computational interpolation, but it has a neural network structure. It has a more significant
function of interpolation than MLFN.

The PNN method consists of one input layer, one or more hidden layers, and one output layer that makes up
the MLFN network. Each network layer comprises of nodes which are linked to each other. Their connections are
termed as weights. These weights are the concluding component of the output decision as they play a very
significant role in the execution of MLFN. The required number of attributes to be examined during the MLFN
process determines the number of input nodes. The basic architecture of MLFN is shown in Fig. (2). This is the
difference between PNN and MLFN methods.

4. Software Used for Data Analysis

The geophysical application software package Hampson-Russell (a subsidiary of CGG Veritas) has been used to
execute the research in this study. Geoview was a well-database application for viewing logs. All post-stack seismic
inversion procedures were accessible in various modules of the Hampson- Russell Software (HRS) and the same
has been used for processing and interpreting the data. EMERGE was a tool of HRS for performing geostatistical
analysis.
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Figure 2: The architecture of the MLFN technique.

5. Results and Discussion
5.1. Application of Seismic Inversion

The seismic inversion is performed in this study using the following steps.

5.1.1. Seismic Data

In this study, post-stack seismic data have been used. Representative post-stack data from the F3 block, the
Netherlands are shown in Fig. (3). This seismic data is used as input in all types of seismic inversion methods.

Xline Well
1200 0 325 350 375 F06-1 400
5 fgsg{imﬁi“ R i ‘? i
E
= '{(({ RS
1600
1700 |
1800 ‘ S

Inline 244

Figure 3: A representative post-stack data from F3 block, the Netherlands.

5.1.2. Well Log Data

Well-log data is used as an input with seismic data which shows the variation of petrophysical properties with
depth. There are four wells FO2-1, FO3-2, F03-4, and F06-1 are used in the analysis and one well (FO2-1) is displayed

in Fig. (4).
5.1.3. Horizon Picking

A theoretical layer of earth is generally known as a demonstration of sedimentary surfaces and the boundary
between two sedimentary layers is known as horizons [51]. These horizons reveal contact characteristics between
two rock bodies containing dissimilar porosity, fluid content, density, seismic velocity, etc. in the seismic section.
The application of seismic data interpretation is performed based on these horizons. These horizons are crucial to
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Figure 4: A representative well log plot from F3 block, Netherlands.

seismic inversion techniques because they serve as a reference for interpolating well log characteristics between
wells. Picking the seismic horizon is a herculean job as it needs real technical expertise, understanding, time, and
concentration. The red-colored division line represents a manually picked horizon in Fig. (5).
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Figure 5: A representative image of horizon picking (from HRS).
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5.1.4. Wavelet Estimation

In most of the inversion methods, the seismic wavelet is used to generate synthetic data which is further
utilized to estimate error between synthetic and seismic data followed by the application of optimization to reduce
error hence the wavelet estimation becomes a very crucial step. The process of wavelet extractions is as follows:

1. To extract and taper the seismic traces.

2. To compute the autocorrelation based on the length of the preferred wavelet.

3. To compute the autocorrelation frequency spectrum.

4. To obtain the square root of the frequency spectrum modulus by silencing the zero hertz component.
5

To compute the inverse FFT. The original component of the inverse FFT output is the zero-phase wavelet
[52].

A seismic wavelet is the source signature of the seismic data and the relation between the geology (reflection
coefficients) and the seismic data (traces). Without knowing the wavelet, several valid interpretations of the
subsurface cannot be made [52]. Therefore, wavelet extraction is perhaps the most important step in the seismic
well tie, which is the correlation of a synthetic seismogram computed from well log data with the help of seismic
data. The synthetic seismogram is the convolution results between a wavelet and reflectivity derived from well
logs. Fig. (6) reveals the extracted zero-phase Ricker wavelet.

y Wavelet Time Response
Amplitude

0.50—
. /\ "\ \_/VA ’
N \\/ \V-_\\ \\ /.-'%
| [ I | I
40 =20 0 20 40

I I | l |
-100 -80 -60 - 2 60 80 100

Time (ms)

Figure 6: Statistical zero-phase seismic wavelet.

5.1.5. Seismic to Well Tie

Correction of the log data and seismic sections is finished using the check shot log. A check shot is a log that is
capable of transforming other geophysical logs from depth to time domain, that correlate seismic and well log
data. Integrating and calibrate information from well log data with the seismic is the objective of seismic to well tie.
The seismic to-well tie can also be performed using a manual created and plotted side by side with seismic traces.
The procedure of manually matching the synthetic seismic waveform and reflection seismic waveform known as
seismic to well tie is performed as follows. [10, 40].

e A synthetic trace was produced by utilizing well log data and comparing it with the nearest seismic trace at
the well location.

e Time squeezing and stretching were then implemented to the data to match the well-log and seismic
reflectors.
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The correlation coefficient (CC) and residual error have been computed between the seismic traces and
modified synthetic traces from the well log. A representative Fig. (7) indicates the results of a seismic well tie. The
seismic well tie and wavelet estimation were performed for all the wells within the seismic survey. Each well has
an optimum wavelet obtained from the preceding seismic well tie loop. Usually, the optimum wavelets obtained
for each well are unique. The final wavelets were obtained by averaging all the optimum wavelets. The blue traces
show pseudo synthetic traces produced using well log and wavelet. The red traces show seismic traces close to the
well location. The black traces show real seismic gathers.
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Figure 7: A representative seismic well tie using well log data with the help of seismic data.

5.1.6. Building Initial Model

In this step, preliminary petrophysical properties models are configured. These preliminary models have been
constructed by interpolating the petrophysical properties from well positions into the seismic section along the
crosslines and inlines. As a guide for the interpolation interpreted seismic horizons are used. In a post-stack
inversion, a P-impedance model is constructed which is a letter used for the seismic inversion process.

5.1.7. Inversion Analysis at Well Locations

In this step, post-stack inversion methods are performed to estimate petrophysical properties. To cross-check
the inversion algorithm, the composite trace close to the well location is used. This is performed for all the wells
available in the study area. If found satisfactory, then this analysis could be used to predict volumes of
petrophysical properties. If satisfactory results are gathered then, the algorithm would be performed for the
whole volume. For this, the inverted P-impedance volume is derived from all post-stack inversion methods. The
interpretation of the entire study area depends upon these inverted results.

The post-stack inversion has been done on the F3 block, in the Netherlands. All four inversion methods (MBI, Cl,
MLSSI, and BLI) have been found to provide similar trends but at different confidence levels, based on the degree
of correlation and residual average error values. These methods have been closely scrutinized at the well locations
to compare the inverted results of the P-impedance with the log impedance. The inversion analysis has been
performed for all the wells but only well FO6-1 results are presented for simplicity. The correlation of well FO6-1 for
MBI, Cl, MLSSI, and BLI is 0.99, 0.85, 0.89, and 0.87, respectively (Figs. 8, 10, 12 and 14). From the inspection of
inversion analysis results, it is discernible that MBI has yielded the best correlation results (0.99) while Cl yielded
the least correlation (0.85) among the four inversion methods. The cross plots for all the inversion methods
between original and inverted impedance are also presented in Figs. (9, 11,13 and 15), respectively. The
distribution of points is near the best-fitted line, which indicates that the original and inverted impedances are
close enough to each other. MBI cross plot shows a good best-fit line in comparison with the other three methods

(Fig. 9).
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Figure 8: Inversion analysis result obtained from MBI method with correlation 0.99.
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Figure 9: Cross plot between original impedance and inverted impedance obtained from MBI method.
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Figure 10: Inversion analysis result obtained from Cl method with correlation 0.85.
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Figure 11: Cross plot between original impedance and inverted impedance obtained from Cl method.
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Figure 12: Inversion analysis result obtained from MLSSI method with correlation 0.89.

12000
10000
o)
3]
)
*
@
£ 8000
L
<2
<
=]
L
=
£ 6000
-
153
©
L
>
=
4000
Bl o2
1 F03-2
Bl ro3-4
2000 B ro6-1
2000 4000 6000 8000 10000 12000

Origianl Impedance (m/s*g/cc)

Figure 13: Cross plot between original impedance and inverted impedance obtained from MLSSI method.
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Figure 14: Inversion analysis result obtained from BLI method with correlation 0.87.
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Figure 15: Cross plot between original impedance and inverted impedance obtained from BLI method.
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5.1.8. Entire Seismic Volume Inversion

Thereafter, inversion of the entire seismic volume for all inversion methods have been performed, and
impedance volumes estimated (Fig. 16). Fig. (16) provides a visual overview of all the four post-stack inversion
methods (Crossline 600-900, Inline 244). For convenience, inverted impedance cross-sections have been
represented only between 1500ms to 1850ms time intervals, which is described as an anomalous zone. The low P-
impedance region has been highlighted by the arrows in the figures for each inversion method. This reveals that
MBI provides better amplitude correlation, lower average impedance values, and the best vertical resolution, and
detects the geological inconsistencies in the horizontal layers than the other three inversion methods. The reason
behind the accuracy of MBI performance may be attributed to the fact that iteratively changing the acoustic
impedance model is done until the difference between the seismic trace and the inverted trace is below a certain
point.
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Figure 16: Estimated acoustic impedance using (a) MBI, (b) Cl, (c) MLSSI, and (d) BLI methods.
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5.2. Application of Geostatistical Methods

For geostatistical analysis, two different methods namely probabilistic neural network (PNN) and multilayer
feed-forward neural network (MLFN) techniques are used for different petrophysical parameter prediction. These
geostatistical methods use inverted impedance as input and hence the best results estimated by MBI are utilized
for this purpose. PNN and MLFN-generated predicted volumes are illustrated in Figs. (17) and (18), respectively.
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Figure 17: Predicted volumes using PNN for (a) porosity, (b) density, (c) P-wave (Inline 244).
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Figure 18: Predicted volumes using MLFN (a) porosity, (b) density, (c) P-wave (Inline 244).
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The anomalous zones are also highlighted by an ellipse in Fig. (17) and (18). The predicted volumes from the PNN
algorithm gave a slightly better resolution than MLFN predicted volumes. This geostatistical estimated section is
more revealing as compared to the seismic data due to two reasons; firstly, the section is giving layer property
whereas the seismic data is supplying interface property and secondly, it interpolates the well log property into
the seismic sections to offer thorough information. The 1700ms time interval is determined to be an anomalous
zone.

6. Conclusion

In the present study, four types of seismic inversion namely model-based inversion (MBI), colored inversion (Cl),
bandlimited inversion (BLI), and maximum likelihood sparse spike inversion (MLSSI) is utilized for the inversion of
seismic data. The results show that although MBI, Cl, MLSSI, and BLI methods have provided good results by
distinctly demarcating the low-impedance zone corresponding to the target reservoir, the MBI method has yielded
the best results. These inversions estimated subsurface acoustic impedance from post-stack seismic data which
provided very high-resolution subsurface information and helps to interpret different rock and fluid properties.
The study also demonstrated two very powerful geostatistical methods namely probabilistic neural network (PNN)
and multilayer feed-forward neural network (MLFN). These geostatistical methods are used to predict porosity,
density, and P-wave velocity in the inter-well region. The low impedance, high porosity, low density, and low P-
wave velocity, volumes derived from post-stack and geostatistical techniques suggest the presence of an
anomalous zone between 1680ms to 1700ms time interval. This time interval zone is equivalent to 1680m of the
depth of occurrence of the reservoir from the ground surface. The outcomes suggest that PNN is a trustworthy
method of porosity and density estimations among the methods applied in this study.
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