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CONSTRUCTION OF A VELOCITY MODEL OF SHEAR WAVE FOR
COMPLEXLY STRUCTURED GEOLOGICAL MEDIUM USING NEURAL
NETWORK (BY EXAMPLE OF DATA OF THE SOUTH CASPIAN BASIN)

Object. Development of a method for predicting a two-three dimensional velocity model of a medium by
using a shear wave. Complexly structured geological medium is studied on the basis of geophysical and
geological data using an artificial neural network. Method. It provides the construction and use of medium
models according to geophysical well logging data and other terrestrial geophysical methods. In contrast to
existing methods, the proposed method also uses additional data on the medium. They include the
thermodynamic state of the medium, stratigraphic confinement of deposits, rock lithology, distribution of data
clusters, physical properties of the medium etc. According to the method, one-dimensional models are first
constructed on various properties of the medium based on data of complex of well logging. Then, the neural
network is studied to predict the shear wave velocity on a set of models. Subsequently, two-three-dimensional
models of the medium are constructed according to the results of terresterial geophysical studies. Two-three-
dimensional velocity model of a shear wave is predicted by using a complex of these models studied by a neural
network. Results. Velocity model of shear wave is predicted for complexly structured geological medium of the
South Caspian Basin using the method. Scientific novelty. It is possible to increase the accuracy and resolution
of prediction the medium model by increasing the number of types of data used. Practical value. Improving the
efficiency of seismic exploration in determining oil and gas saturation, elastic geodynamic state and other
physical properties of the geological medium.
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Introduction

The results of seismic studies show that the saturation,
fracturing, porosity of the rocks, the thermodynamic
state and other physical properties of the geological
medium have different effects on the kinematic and
dynamic parameters of pressure and shear seismic
waves [Castagna, et al., 1985; Eberhart, 1989; Puzyrev,
1985; Krief, et al., 1990; Schoén, 2015]. For example,
changes in temperature and pressure in a medium have
different effects on the petrophysical properties of
rocks. This feature is often manifested in sedimentary
rocks [Eberhart, et al., 1989]. The results of the studies
show that if geological medium, its thermodynamic
state are more complex, the relationship between the
petrophysical properties of the rocks of the medium
will be more complicated.

As it is known, two-three dimensional seismic
exploration (2D/3D) is mainly applied to the reflected
pressure wave to study the geological structure of the
deep layers of the studied area. If necessary, well logging
(WL) is also carried out. Single-wave 2D /3D seismic
exploration is quite effective in the study of relatively
simple geological media. However, it is necessary to
share data on the reflected pressure ( PP ) and shear
(SS) waves while studying complexly structured
geological medium using seismic 2D/3D seismic
exploration to increase its efficiency. It is possible to

© Kh. B. Aghayev, R. H. Kuliyev, Sh. Z. Yaqubova

use data on the exchange ( PS) wave in the absence
of data on the SS wave. This necessity is arisen even
when the quality and information content of data of
seismic exploration is high on PP wave. It is known
that, data on the shear wave velocity are necessary
information to assess the geodynamic state of a
medium [Guliyev et al., 2019]. The necessity of using
pressure and shear waves together makes it advisable
to use multiwave well and surface seismic surveys,
such as: engineering geophysical studies [Burger, et
al., 2006; Guliyev, et al., 2019], acoustic well logging
(AWL) [Ellis and Julian, 2008], vertical seismic profiling
(VSP ) [Meltem, 2016], two (2D ) and three-dimensional
(3D) multiwave seismic surveys [Puzyrev et al.,
1985; Garotta, 2000] while studying complexly
structured geological medium. Multiwave measurements
of seismic velocities are also carried out in the
laboratory on rock samples [Volarovich et al., 1974].
A source of pressure wave excitation and a special
arrangement of geophones are used to obtain data on
the geological medium on PP and PS waves in
terrestrial multiwave seismic exploration. A special
source of shear wave excitation is used along SS
wave [Garotta, 2000; Puzyrev, et al., 1985; Robert et
al., 2002] in the horizontal direction. In these types of
work, seismic waves are recorded using three-component
XYZ seismic receivers of displacement. As a result of
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processing field seismic records, PP, PS, SS waves are
distinguished, and their kinematic, dynamic parameters
are determined. Thin-layered 2D /3D models of the

medium by the velocity of pressure (Vﬁ}?/w),

exchange Vﬁ;)/w, shear (Vsst/w) waves and rock
density (pzD/3D) are deter-mined using seismic

inversion [Yilmaz, 2001; Veeken and Silva, 2004] of
time section of seismic profile.

Bottom seismic observations (4C ) are carried out
using 4 component XYZ and P (pressure) of seismic
receivers in marine multiwave seismic exploration for
simultaneous registration of PP and PS waves
[Garotta, 2000; Robert et al., 2002; Jack and Rodney,
2005]. We know that the determination of velocity on
PS wave due to the asymmetry of its hodograph is a
complex and insufficiently correct procedure [Puzyrev
et al., 1985]. Therefore, the accuracy of determination
of the velocity of PSwave and SS wave on it is
lower than that on PP wave. Carrying out specific
work of multiwave marine and terresterial seismic
exploration, processing of their seismic records is
quite complicated and time-consuming. Thus, multiwave
seismic exploration, especially4C is carried out
rarely. For this reason, it becomes necessary to predict
y2D/3D

sS

the model of velocity involving other methods.

There are various methods, algorithms of prediction
the velocity of shear wave along pressure wave. Some
of them are given below.

It is widely known that the intensity of the
reflected wave along its hodograph depends on the
angle of fall of the seismic wave on the reflection
boundary and on the ratio of the velocities of pressure
and shear waves along the adjacent layers of the
medium [Voskresensky, 2001]. AVO (“Amplitude
Variation with Offset”) conversion of seismic records
2D /3D of seismic exploration has been based on this
feature [Castagna, et al., 1993; Voskresensky 2001;
Qlang, et al., 2018]. Times sections of AVO attributes
like “Scaled Poisson's Ratio Change” and “Shear-
wave reflectivity R carry data on the ratio of pressure
and shear wave velocities along the sections. The

2D/3D

model is predicted on Vg calibrating these sections

to shear wave velocities determined on data of
multiwave AWL, VSP or seismology. However, it
should be noted that the reliability of sections of
AVO attributes is valid under certain simplified
conditions, which may not be acceptable for the
studied medium. In addition, the prediction accuracy
Vsst 3D on AVO attributes is limited by the length of

the seismic streamer and decreases with increasing
depth of the study.

There are other methods in which a model Vsst /3D

is computed using multidimensional empirical
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dependence between velocities of pressure and shear
waves and rock density [Shahoo, et al., 2014; Saeced,
et al., 2015]. Empirical dependence is determined on
data of multiwave VSP, AWL and laboratory
measurements of velocities. Then, thin-layered

models of layer velocity Vﬁ}? 3D and rock density
p 2D13D are constructed using the procedure of seismic

inversion according to data of 2D/3D of seismic
exploration on pressure wave. Further, the model

Vsst/ 3D s calculated using these models according to

empirical dependence. It is true if changes in the
thermodynamic conditions, lithological composition,
saturation, porosity and other properties of the rocks

of the medium equally affect the values Vﬁ}? /30 and

Vsst /3D along the seismic profile and in depth. However,

this condition is not fulfilled for a real geological
medium. It has been revealed that these influences are
complex even for rocks of the same lithological
composition [Aghayev, 2013; Eberhart et al., 1989].
This feature is often manifested in geodynamically
complex geological media consisting of sedimentary
rocks. Therefore, this method has a low accuracy in

determining the model Vsst/ 3D This model can only

be used as a priori data on the medium.

Recently, the artificial neural networks ( ANN) are
widely used in geophysical studies [Poulton, 2002;
Chashkov and Valery, 2011; Aghayev, 2013]. ANN is
used to cluster the data and to predict the physical
properties of the medium. Methods based on use of
ANN have a great opportunity of development. It is
mainly due to the fact that 4NN has an opportunity of
artificial intelligence. It allows determining and taking
into account the complex dependences between the
petrophysical properties of the medium, their varia-
bility, and solving nonlinear and non-stationary prob-
lems. Methods using these features are characterized by
higher accuracy of prediction of petrophysical properties
of rocks, versatility, ease of use, etc.

Methods of predicting the velocity of shear wave
using ANN are mainly subdivided into 2 types:

1. Prediction of a one-dimensional shear wave

velocity model (Vle ) using multiwave and single-

wave well logging data [Shahoo et al., 2014;
Eskandari et al., 2004; Saeed et al., 2015; Gholami et
al., 2014];

2. Prediction of a two-three-dimensional model

Vsst /3D using data of multiwave well logging and

single-wave seismic exploration on pressure wave
[Shahoo, et al., 2014; Habib, et al., 2014; Eskandari, et
al., 2004; Saeed, et al., 2015; Gholami, et al., 2014].

The “back propagation” algorithm is used to train
ANN in both types of methods [Poulton, 2002]. An
important requirement of methods is the use of large
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types of data on the petrophysical properties of rocks
whenever possible. In this case, the predicted model
of velocity will be more accurate. At the same time,
the identity of types of petrophysical properties of
rocks used in training and predicting should be
ensured.

First, one-dimensional (1D ) thin-layered models
of petrophysical properties of the medium are built
based on the data WL and AWL in methods of the 1st
type. An aggregate of models 1D of the well in
which the multiwave AWL is conducted to train
ANN. Further, using the trained ANN, a velocity
model of shear wave is predicted according to the data
of the well in which a single wave AWL has not been
conducted. It may be that, the velocity of shear wave
is not measured in some intervals of the depths of the
well while working AWL. It is possible to predict
velocities for the depth interval where 4AWL has not
been carried out.

The methods of type 2 and their various modifications
are created from the beginning of the one-dimensional
model 1D of the petrophysical properties of thin-
environment and seismic attribute records using data
WL, AWL and 2D/3Dseismic data. 1D models
refer to the location of the well. These models are
used to train the neural network. Then, 2D/3D
models of the physical properties of the environment
are prepared according to the results of terrestrial
geophysical studies, including seismic exploration.
With the use of 2D/3D models and with the use of

trained ANN, Vsst/ 3D s then predicted. In some of

these methods, numerous attributes of seismic records
[Yilmaz, 2001] are used as additional data to increase
the accuracy of velocity prediction. However, an
excessive increase in the number of used attributes
having low reliability may lead to an increase of the
prediction error. It is due to the fact that ANN will
“strive” to take into account all the specified types of
data with the same weights regardless of their
reliability while training and predicting. The main
disadvantage of these methods is the insufficient use
of various types of geophysical and geological data of

the studied medium. Only some data WL, Vﬁf? /3D
and various attributes of seismic records 2D /3D of
seismic exporation are used in methods of the second
type to predict Vsst/ 3D on neural networks. Since

these data do not fully characterize the physical
properties of the medium, these methods do not

provide the prediction of Vsst/ 3D with acceptable

accuracy.

It has been noted that WL conducted at internal
points of the geological medium allows accurately
determining the numerous petrophysical, including
acoustic properties of the rocks of the medium [Ellis

& Singer, 2007]. As a result of terresterial seismic
exploration, gravity exploration, electrical exploration
and magnetic exploration, the acoustic, density,
electrical and magnetic properties of the rocks of the
medium are determined, respectively, in depth and
area of study. Each of these methods of ground work
allows determining various physical properties of the
geological medium with different accuracy, but with
lower accuracy than on WL .

The geological structure, thermodynamic condition,
lithology, fracture, oil and gas saturation, acoustic and
other rock properties differ significantly in the area of
study by complexly structured medium on the same
layers. These properties with different reliability and
characteristics will be reflected in the values of the
measured physical parameters of the medium. Therefore,
if more types of information are set by such medium,
the prediction of velocity of shear wave will be more
accurate. The joint use of data of various geophysical
methods can improve the accuracy of prediction of

model Vsst/ 3D 1t is due to the fact that in the process

of training and predicting, ANN will “strive” to take
into account differences in values of geophysical data
due to the variability of properties of the medium
while moving away from the well, according to which
the training ANN has been conducted. It is necessary
to increase the number of types of input data set to the
input ANN considering it to increase the accuracy
VS2SD/30

of prediction , especially on complexly

structured media. It will provide “more accurate
training” ANN and predicting of Vsst /3D That is, if
more diverse data on the studied medium are given at
the input of ANN, so, the prediction of Vsst /3D will
be more accurate. All this indicates the necessity to
develop a new method of prediction of Vsst/ 3D on

ANN which provides the use of additional data on the
geological medium. The foundations of such approach
were developed in [Aghayev, 2012]. The method
involves the use of various types of data on the
studied geological medium. In particular: data and
their attributes on WL, VSP, seismic exploration,
electrical exploration, gravity exploration on the
geological medium etc. Testing the method showed
its effectiveness. There is a necessity to increase

its effectiveness while predicting Vsst/ 3D for complexly

structured media.

Method

An improved version of method of the prediction
of shear wave velocity described in [Aghayev, 2012]
is presented in this manuscript. The completed
procedures of the method designed to increase the
effectiveness of the method are described in the
proposed manuscript. The sequence of procedures of
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the method has been described in more detail. Some
of its elements are repeatedly given to complete the
description of the method.

The models 1D and 2D/3D are also used on the
physical properties of the medium in order The to

predict Vsst/ 3D The process of predicting a thin-

layered model Vsst /3D mainly consists of the following

basic procedures:

» creation of thin-layered 1D models of medium
properties using data WL , AWL , VSP , their attributes,
geological and other data;

» creation of 2D/3D models on properties of
the medium using data of terresterial geophysical
studies and geological data;

» correction of 1D and 2D/3D models on
properties of the medium;

» data clustering of an aggregate of 1D models
using ANN;

» training of neural network using dataset of 1D
models;

> prediction of V2P/3P

using the trained ANN.

To increase the effectiveness of this method, it has
been improved by adding the following procedures:

» Bringing the dispersion of values of 2D/3D

on set of models 2D /3D

models to the dispersion of values of 1D models
within each data cluster. The Implementation of this
procedure while calibrating, interpolating, and extrapo-
lating of models;

» correction of prepared 2D /3D models of the
medium along lines of seismic profiles;
» to increase the influence of values of separate

2D/3D

models on the values V¢ of re-setting these models;

» correction of the predicted model Vsst /3D pased

on a thick-layered shear-wave velocity model based
on seismological data;

» the use of seismological data to train and
predict velocities at depths not opened by wells and
areas located away from wells.

The implementation of these additional procedures of
the method makes it possible to correct the above

2D/3D
L /3 , S2D/3D

mentioned models, especially, and

C2P3P 1t is advisable in cases of tectonic faults,
changes in lithology, saturation, and other properties of
the rocks of the medium according to the study area or
profile line. An important improvement of the method is
to take into account the variability in the area of study of
the thermodynamic state of complexly structured
geological medium, both in training neural networks and
in predicting shear wave velocities.

The types of used data and the main procedures of
the method are shown in Fig. 1. The main elements of
the method are the following.

Creation of 1D models of medium properties.
Models are created according to the data of various
types of well logs, which allow determining: velocity

of pressure (V,LD) and shear (VS]D) waves; dens-

ity (plD ); radioactivity (G'?); resistance (RID);

r creation of 2D/3D models of !
I the peological environment 1

| Shear wave velocity }9 >
| Compressional wave veloeity |—-> | Compressional wave velocity |—>
| Rock density }é Y | Rock density }% g
| Electrical resistance }% E | Electrical resistance l% E
| Other geophysical data }%’ ; | Other geophysical data |% E
| Geophysical data attributes  |-> E | Geophysical data attributes }—% §
| Effective pressure }% : | Effective pressure }% E’
| Temperature }% 5 | Temperature }% E
| Numbers of data clusters }% 2 | Numbers of data clusters }% z
| Stratigraphic correspondence ’% | Stratigraphic correspondence l%
| Other geological data H | Other geological data }%
| Shear wave velocity < |

Fig. 1. A flowchart of a method of prediction of a velocity model of a medium on shear wave
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pressure (PID ); temperature (TID ). In addition, data
determined on WL on oil and gas saturation, porosity
etc. can also be used. The method also provides the
use of geological models of the medium as well as:

» distribution of rock lithology on the section of

the well defined in the form of lithology codes (LID );
» confinement of rock layers of the medium to

stratigraphic complexes of deposits (57 );

> distribution of data cluster numbers (C'?)
along the wellbore;

Data clustering WL . The method provides the
dismemberment of dataset of 1D models into clusters
using ANN. As a result of clustering, each cluster
includes data on the depths of measurements in the
well in which rocks with close values of petrophysical
properties are located [Poulton, 2002; Chashkov and
Valery, 2011; Aghayev, 2013]. Cluster numbers and
the distribution of data within them are the same
across all 1D models. The optimal parameters of
data clustering are determined by testing a set of one-
dimensional models of the physical parameters of the
medium, clustering algorithms, the number of clusters
and iterations. It has been revealed that the data are
divided into clusters more reliably, in detail, and
accurately due to increase in the number of models
according to the properties of the medium, clusters,
and iterations. The optimality criterion of the selected
values of the clustering parameters is the stability of
the dependence between various physical parameters
of the medium within each data cluster [Aghayev,
2013]. As a result of clustering, 1D model of the

distribution of cluster numbers (C'”) in depth is
prepared. This model is used to transfer data on the
distribution of data clusters from the well to the
seismic profile.

Creation of 2D /3D models of medium properties.

A velocity model on pressure wave Vﬁ}? /3D and

2D/3D

density of rocks p is based on the results of

seismic inversion [Yilmaz, 2001; Veeken, 2004] of
profiles of time sections 2D/3D. The model of

effective pressure (P2D /3D ) is calculated on the

empirical dependence or using models y 203D

fors and

p2D /3D considering the depths of the medium. The

temperature model of the medium (T2D /3D ) is
calculated on empirical dependence. Models are
calibrated to one-dimensional models P'?and T'P
built on the databasis of ANN. In this case, the
dispersion of values of 2D /3D models are brought to

the dispersion of values of 1D models. Then, models

of lithology codes (LzD/3D)

, of stratigraphic
confinement of deposits (S2°/3P) and numbers of
clusters of data (C2P/3P) are compiled. They are

created transferring models LID, SP and P

along the seismic profile. Calibration and transfer of
models are carried out in according with the positions
of the main seismic horizons at each “common deep
point” (CDP ) [Yilmaz, 2001] of the seismic profile.

The use of additional data while training ANN
and predicting allows considering:

» in models T2P/3Pand p2P/3P change of

pressure and temperature on depth and study area;

> in models [?P"3P and §2P/3P change of

lithology of rocks and stratigraphic confinement of
deposits on depth of the study;

> in models C2P/3P distribution of data clusters
on depth.

Each 2D /3D model is compiled as separate time
section of the seismic profile.

Alignment of models on parameters. The data
type on 1D and 2D/3Dmodels should be the same.
1D models are transformed from depth measurement
to time (4 — ¢t ) and with discretization step as in the
seismic profile (2ms, 4ms) to ensure the compatibility
of these models. At the same time, values on thin
layers are averaged within the step of discretization.
Transformation 4 — ¢ is carried out using a medium
model on the average velocity of pressure wave. This
model is determined on data VSP or 2D/3D. As a
result of the increase of step of discretization, data
approaches of frequency range, which increases the

accuracy of prediction Vsst /3D

the method 1D and 2D/3D models should have the
same depth range of studies and step of discretization
of data as 2D /3D models. The depth of the study of
WL is less than that of seismic exploration. And 1D
models should cover the entire range of changes of
thermodynamic conditions in the interesting part of
the geological section illuminated by the seismic
profile. 1D models are extrapolated to the required
depth range to ensure the same depth interval
according to borehole and surface geophysical data.
If there are several wells in the studied area, then
1D models are interpolated and extrapolated to the
seismic profile, taking into account the location of
wells and the stratigraphic confinement of layers of
the medium.

A software package GEOPRESS [Guliyev et al.,
2010] has been used while creating 1D, 2D/3D
models and preparation of data for working with ANN .
Data clustering, training 4NN and predicting the model

occur. According to

Vsst/ 3D s carried out using the software NeuroXL

[http:/meuroxl.com/products/excel-cluster-analysis-
software].

Training of ANN and prediction of velocity
model on shear wave. Training of ANN takes place
determining the relationship between the totality of
values of the above mentioned 1D models on the
medium and 1D of velocity model of shear wave. If
there are several wells with the same data types in the
studied area, then data of all the wells can be used
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while training. Wells can be remote for several
kilometers from the seismic profile. If the studied
medium is simpler, this distance can be higher, for
example, by several tens of kilometers.

The number of iterations and neural layers are
important parameters while training ANN . It has been
revealed [Aghayev, 2013] that, as the number of
iterations increases, the accuracy of prediction increases
while testing them. Within the data used, the greatest
accuracy has been achieved at 300—500 iterations. The
highest accuracy has been achieved at 300-500
iterations within the used data. A further increase in
the number of iterations does not significantly affect
the prediction error. The accuracy of prediction
decreases due to the insufficient number of iterations
with an increase in the number of layers of neurons,
especially after the 75th. The optimal parameters of
prediction are the following: the number of iterations
— 500, layers of neurons — 20; the prediction accuracy
is 0.95 % within these values. The optimal parameters of
prediction are the following: the number of iterations —
500, layers of neurons — 20; the prediction accuracy is
0.95 % within these values. The main reason for the
discrepancy between the given and predicted values
of velocities is the insufficient number of iterations. It is
due to the limitation of “computer time” of the working
day. It is hardly possible to achieve the obtained prediction
accuracy using multidimensional empirical dependencies.

Then, the model Vsst/ 3D has been predicted from the

trained ANN using the combination of the above
mentioned 2D /3D models.

Only those data on which there are the same 1D
and 2D/3D models are used while teching and
prediction. In training and forecasting, more or less
types of data models can be used than indicated in the
flowchart of the method while training and predicting
(Fig. 1). Prediction accuracy decreases due to decrease
in the number of models. It is more significant when
there is a good correlation between the velocity of
shear wave and the physical properties of the medium
on which models are not specified.

Database

The method has been tested according to
geophysical data of the geological structure, which is
located in the oil and gas South Caspian Basin. These
structure have anticlinal or diapir shape, a complex
geological structure, thermodynamic state complicated
by mud volcanoes and faults. Anomalous high
reservoir pressure is common here. The study area is a
seismically active zone. The sedimentary layer of the
medium lithologically consists of an alternation of
thin clay and sandy layers. Here the rocks are highly
porous, poorly compacted and very sensitive to
changes in effective pressure. The rocks of the same
layer are in significantly different thermodynamic
conditions in different parts of structures. The
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hypsometric level, temperature and geostatic pressure
can differ respectively about 2 km, 60 degrees and
1000 atm within the same strata in the anticlinal and
synclinal parts of the structures. There are local and
regional tensions of different directions here.

The data WL of one well and2D of the marine
seismic profile, which took place near the well have
been used while testing the method. The variability
and inhomogeneity of petrophysical properties of
rocks of the medium along the depth is shown as a
“cluster section” [Aghayev, 2013] of the well on 60
clusters (Fig. 2a). Here, clusters with close numbers
are observed in the form of bands. Each band indicates
the presence of thin layers of rocks in the medium with
similar petrophysical properties alternating in depth
within the band. The presence of 2-3 bands of
clusters in the section at close depths indicate the
presense of rocks sharply differing properties at close
depths of the medium.

For a visual assessment of the complexity of the
dependences between the petrophysical properties of
the rocks of the medium, the set of 1D models were
divided into 10 clusters. The clusters are overlapped
in depth in the graph on AWL (Fig. 2. b) for a visual
assessment of the complexity of the dependencies
between the petrophysical properties of rocks of the
medium and the reliability of data clustering. It
indicates the thin layer of the medium and the
presence at close depths of layers of rocks of the
medium with sharply different seismic velocities. The
results of data clustering indicate the complexity of
distribution of values of velocities along the depth of
the layers even within the same cluster. The
dependence between velocities of pressure and shear
waves, the nature of change of velocities are complex
and differ in clusters (Fig. 2, ¢). A large dispersion of
values of velocities of pressure and shear waves is
visible, and even the absence of dependence between
them on some clusters (Fig. 2, ¢). Similar dependences
are observed between various petrophysical properties of
even lithologically identical rocks. These factors indicate
that it is necessary to use more different types of data on
the petrophysical properties of rocks of the medium
for proper training and predicting of velocities on
ANN . These results indicate the unacceptability of
using empirical dependence to predict velocities of
shear wave.

Results and Discussion

Prediction of the velocity of two-dimensional
model of shear wave is performed in three options:

1. On empirical dependence, on the database of
velocities of pressure wave (“option 17);

2. On a neural network, on database on velocities
of pressure, shear waves, density of rocks and
attributes (instantanecous amplitude, phase and
frequency) of a seismic record (“option 2”);
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Fig. 3. Layer velocities of shear wave (a) and errors in their determination (b)

3. On a neural network, on database as on “option 2”
and using additional data on effective pressure,
temperature, lithology code, distribution of cluster
numbers, stratigraphic confinement of deposits
(“option 3”).

The error of values of velocities has been estimated as
the difference of velocities according to data of sonic log
and predicted on ANN (“option 2” and “option 3”). It has
been done along the seismic profile 2D for the CDP
point, which is the closest to the location of the well. The
values of velocities obtained on “option 2” are higher than
on “sonic” (Fig. 3a). The average values of absolute
values of errors are 5.4 % and 3.3 % on “option 2” and
“option 3” respectively. It follows that the use of addi-
tional data on “option 3” made it possible to increase the
velocity on empirical dependence is 22.5 %. The results of

calculation show that, as expected, as the distance from
the well, the error of the prediction of velocity increases. If
the geological medium is more complex, the gradient of
increase of error of the predicted velocity will be greater.
This trend can be reduced by using more different types of
data on the geological medium.

A thin-layered two-dimensional model VSZSD has
been predicted on the profile section remote 13.7 km
from the well location. Models VSZSD have been
predicted on the above mentioned three “options”.
Models are presented in the form of two-dimensional
time section (Fig. 4). Resolution of the record in the
section is significantly lower than in Fig. 3, a. It is
due to the limited frequency range of the real seismic
signal. The sections in shape are mostly similar but
differ in values of velocities.
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The section on “option 3” (Fig. 4, ¢) has higher and
differentiated in time values of velocities than on
“option 1” (Fig. 4, @) and “option 2” (Fig. 4, b). The
sections on “option 2” (Fig. 4, b) and “option 3 are
slightly more contrast and high-frequency than the
sections on “option 1”. Higher values of velocities have
been obtained in the section on “option 3” at time of 3.8—
4.8 sec. This section covers the variability of properties
of the geological medium in depth in more detail.

The differences of sections shown in Fig. 4. have
been calculated to estimate the error of prediction of

Ne CDP
5 15 25 35 45 5

km/sec sec km/sec sec

15 25 3% 48 5

velocity. Differences have been calculated from the
following three combinations of sections:

» the first, where the “option 3 section has been
calculated from the “option 1” section and the result
has been divided into “option 17;

» the second, where, from the section “option 17
the section “option 2” is calculated and the result is
divided into “option 17;

» the third, where the “option 3” section is
calculated from the “option 2” section and the result is
divided into “option 2”.

Ne CDP
15 25 35 45

Ne CDP

1.67 44

4.6

1.55 48"
km/sec sec

Fig. 4. Fragments of time sections of layer velocities of shear
wave predicted according to “option 1 (a), “option 2” (b) and “option 3” (¢)

Ne CDP

5 15 25 35 45 5 1

467

-1248
% sec

Ne CDP
15 25 3% 45 5

N: CDP
15 25 35 45

==

Fig. 5. Different sections of layer velocity of shear wave calculated according
to the first (a), second (b), and third (¢) combinations of deductible sections

Different sections are also presented in the form of
time sections, where the values of differences are
indicated in percent (Fig. 5). It follows from figures
that the difference between the values of velocities on
the first and second combinations varies from —12 %
from +16 % (Fig. 5, a, Fig. 5, b). That is, there are
significant differences between the values of velocities
predicted by empirical dependence and applying ANN .
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The difference between the values of velocitioes on the
third combination varies from -9 % to +1 % (Fig. 5, ¢).
Thus, there are noticeable differences while predicting
the velocities on ANN in cases without, and using
additional data. Based on the results of the estimation
of the velocity error on the well (Fig. 3) for the
case of a remote section of the profile from the
well (Fig. 4, Fig. 5), we can assume:
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» the application of ANN provides a higher
accuracy of the predicted values of velocities than
predicted by polynomial;

» application of ANNusing additional data
improves the accuracy of prediction of velocity which
is reflected in Fig. 5.

The reliability of values of velocities for the profile
section away from the well is indirectly estimated from
the time section of the Poisson's ratio. The section is
calculated using velocity of two-dimensional models of
pressure and shear waves. The values of the coefficient
in the section have real limits of change along the profile
and in depth. The results on evaluation the accuracy of
predicting the velocity away from the well are a priori.
Naturally, it is necessary to use as much data as possible
using the results of terrestrial geophysical studies to
increase the accuracy of predicting the velocity away
from the well.

Conclusions

A method of predicting a velocity model of
complexly structured medium on shear wave has been
developed using an artificial neural network. Unlike
existing methods, the use of a large number of
different types of additional geophysical and
geological data on the considered medium is provided
in it. According to the method, the neural network is
trained on a set of 1D models based on data of
geophysical studies of wells. A velocity model of
shear wave is predicted using complexes of various
2D/3D models on the physical properties of the
rocks. The method has been tested to predict 2D
velocity model of shear wave of complexly structured
geological medium of a certain section of the South
Caspian Basin. The use of additional data made it possible
to increase the accuracy of prediction the velocities by
1.64 times and the detail of illumination of the geological
medium. A thin-layered two-dimensional velocity model
has been predicted on a section of the profile that is
13.7 km away from a deep well. The results show high
accuracy in predicting 2D /3D velocity model of shear
wave. It is necessary to use a larger type of data from
ground-based geophysical methods to increase the
accuracy of velocity prediction.

Creating the possibility of predicting shear wave
velocities with acceptable accuracy allows using the data
on pressure, shear wave velocities and rock density,
determining the signs of oil and gas saturation, elastic
properties, parameters of the current geodynamic state and
other properties of the rocks of the geological medium.
The method can also be used to predict other physical
properties of complexly structured geological medium.

The present work had been performed within the
grant project No. 6284 of the Science and Technology
Center in Ukraine.
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[MOBYJIOBA IIBUJIKICHOI MOJIEJII TIOTIEPEYHOT XBUJII
JJBI CKIIAAHOCTPYKTYPHOI'O TEOJIOTTHHOI'O CEPEJJOBHILA 3 BUKOPUCTAHHAM
HEMPOHHOI MEPEXI (HA ITPUKJIAAI AAHUX IMIBJEHHO-KACIIIMCBKOI'O BACENHY)

Meta. Po3po0bieHHs METoMy MPOrHO3YBaHHSA BO(TPH)BUMIPHOI INBHIKICHOI MOJIENTI CEPEIOBHUINA IONCPEYHOI
XBuJI. J{0CITiHKEHO CKITaTHOCTPYKTYpHE TEO0JIOT YHE CEPEIOBHUILE HA OCHOBI F'e0(i3NYHUX 1 TEOJIOTYHUX JAHUX 13 3aCTO-
CYBaHHsIM INTYYHOI HEHpOHHOI Mepeki. MeTon nepebdayae MoOyAOBY Ta BUKOPUCTAaHHs MOJIEJIEH CepeloBHINa 3a Ja-
HUMH Te0(i3MYHUX JTOCIIDKCHb CBEPIIOBHH, CCHCMOPO3BIIKH Ta 1HIINX HA3eMHHUX reodi3uunHux MeTomdiB. Ha BimMiHy
BiJI ICHyIOUHMX METO/IIB, y TIPOIIOHOBAHOMY BHKOPHCTOBYIOTh TaKOXK JIONATKOBI JIaHi PO CEPEIOBHIIIE: PO TEPMO/IHA-
MIYHHH CTaH CEpeNOBHINA, CTpaTHrpadiuHy NPHYPOUEHICTh BiKIaeHb, JITONOTIIO TIOPi, PO3MONLT KIIACTEPIB JaHHX,
(i3MYHI BIACTMBOCTI CEPEJIOBHUINA TOIMIO. 3TiJHO 3 METOIOM, CIOYATKy OYIyIOTh OMHOBHMIpPHI MOIETI 3a Pi3HHMHU
BJIACTHBOCTSIMU CEPEIOBHINA HAa OCHOBI JaHUX KOMIUIEKCY reO(i3sHUHUX TOCITiPKEHb CBEPIOBHH. [10TiM 3a CyKyTI-
HICTIO Mojiefieli HeWpOHHY MepEeXy BHMBYAIOTH JUIS NPOrHO3YBAHHS IIBHJIKOCTI ITOTMEPEYHOI XBHII, BIATAK OymyIOTh
JIBO(TPH)BUMIPHI MOJIEITI CEPEIOBHIIA 32 PE3YbTaTaMH HA3eMHHX T€O(i3UUHUX JTOCIIHKEHb. 3 BUKOPUCTAHHAM CYKYII-
HOCTI IMX MOJeNel POTHO3YIOTh ABO(TPH)BUMIPHY IIBHAKICHY MOJENb norepeynol xBuwii. PesynsraTn. I3 3acrocy-
BaHHSM METOJy CHPOTHO30BAHO MHIBHIKICHY MOJEIb IIONEPEYHOI XBHUI UISl CKJIQJHOCTPYKTYPHOrO T€OJIOTIYHOTO
cepenoBuiia [liBnenno-Kacmiticbkoro Oaceiiny. HaykoBa HOBHM3HA. 30UTBIIEHHSM KUTBKOCTI THITIB BUKOPHCTAHUX
JIAHUX 3a0e3MeUyeThCs MiIBUIICHHS TOYHOCTI MPOrHO3YBaHHS MojIeNi cepeopuina. IlpakTiana miHHicTh. [lixBuieH-
Hsl e(h)eKTUBHOCTI CEHCMOPO3BIKY ITiJ] Yac BU3HAYEHHs! HA(TOra30HACUYEHOCTI, TPY>KHOr0 re0MHAMIYHOIO CTaHy Ta
IHIMX (PI3UYHUX BJIACTHBOCTEH re0JIOrYHOTO CEPEeIOBHUIIA.

Knmiouosi cnosa: ceficMiuHa po3BiJKa; XBUIIA TUCKY 1 3CYBY; CEHCMIiUHA MIBUIKICTh; CEPEIHA MOJENb; Tepe-
OayeHHs; HeipOHHA MEpexa.
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