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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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neural network. 

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; Schön, 

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 ( DD 3/2 ) 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 DD 3/2 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 DD 3/2  seismic exploration to increase 

its efficiency. It is possible to 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 ( D2 ) and 

three-dimensional ( D3 ) 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 
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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 processing field seismic records, PP , 

PS , SS  waves are distinguished, and their kinematic, 

dynamic parameters are determined. Thin-layered 

DD 3/2 models of the medium by the velocity of 

pressure (
DD

PPV
32

), exchange DD
PSV

32 , shear ( DD
SSV

32 ) 

waves and rock density  ( DD 3/2 ) are deter-mined 

using seismic inversion [Yilmaz, 2001; Veeken and 

Silva, 2004] of time section of seismic profile.  

Bottom seismic observations ( C4 ) 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 PS wave 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, especially C4  is 

carried out rarely. For this reason, it becomes 

necessary to predict the model of velocity DD
SSV

32

 
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 

DD 3/2  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 SR ” carry data on the ratio of 

pressure and shear wave velocities along the sections. 

The model is predicted on DD
SSV

32

 
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 
DD

SSV
32

 
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 
DD

SSV
32  is computed using multidimensional 

empirical dependence between velocities of pressure 

and shear waves and rock density [Shahoo, et al., 

2014; Saeed, 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 
DD

PPV
32

 and rock 

density DD 3/2 are constructed using the procedure 

of seismic inversion according to data of DD 3/2  of 

seismic exploration on pressure wave. Further, the 

model DD
SSV

32 is 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 
DD

PPV
32

and DD
SSV

32  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 
DD

SSV
32 . 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 ANN  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 (
D

SV 1
) 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 
DD

SSV
32 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]. 
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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 

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 ( D1 ) 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 D1  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 AWL  has not 

been carried out. 

 The methods of type 2 and their various 

modifications are created from the beginning of the 

one-dimensional model D1 of the petrophysical 

properties of thin-environment and seismic attribute 

records using data WL , AWL  and DD 3/2 seismic 

data. D1  models refer to the location of the well.  

These models are used to train the neural network. 

Then, DD 3/2  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 DD 3/2  models and with 

the use of trained ANN , DD
SSV

32  is 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 , 
DD

PPV
32

and various attributes of 

seismic records DD 3/2  of seismic exporation are 

used in methods of the second type to predict DD
SSV

32  

on neural networks. Since these data do not fully 

characterize the physical properties of the medium, 

these methods do not provide the prediction  of 
DD

SSV
32 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 DD
SSV

32 . It  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 of prediction 
DD

SSV
32 , especially on complexly structured media. It 

will provide “more accurate training” ANN  and 

predicting of DD
SSV

32 . That is, if more diverse data on 

the studied medium are given at the input of ANN , 

so, the prediction of  DD
SSV

32 will be more accurate. 

All this indicates the necessity to develop a new 

method of prediction of DD
SSV

32 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 DD
SSV

32  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 
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proposed manuscript. The sequence of procedures of 

the method has been described in more detail. Some 

of its elements are repeatedly given to complete the 

description of the method.  

 The models D1  and DD 3/2  are also used on the 

physical properties of the medium in order The to 

predict DD
SSV

32 . The process of predicting a thin-

layered model DD
SSV

32 mainly consists of the 

following basic procedures: 

 creation of thin-layered D1  models of medium 

properties using data WL , AWL  , VSP , their 

attributes, geological and other data;  

 creation of DD 3/2  models on properties of 

the medium using data of terresterial geophysical 
studies and geological data; 

 correction of D1  and DD 3/2  models on 

properties of the medium; 

  data clustering of an aggregate of D1  models 

using ANN ;  

 training of neural network using dataset of D1  
models;  

 prediction of DD
SSV

32 on set of models DD 3/2  

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 

DD 3/2 models to the dispersion of values of D1  

models within each data cluster. The Implementation 

of this procedure while calibrating, interpolating, and 

extrapolating of models; 

 

 correction of prepared DD 3/2  models of the 

medium along lines of seismic profiles; 

 to increase the influence of values of separate 

models on the values DD
SSV

32 of re-setting these models; 

 correction of the predicted model DD
SSV

32

 
based 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 

mentioned models, especially, DDL 3/2 , DDS 3/2  and 

DDC 3/2 . It 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 (
D

PV 1
) and shear (

D
SV 1

) waves; dens- 

ity  ( D1 ); radioactivity   ( DG1 );   resistance ( DR1 ); 

 

 
 

Fig. 1.  A flowchart of a method of prediction of a velocity model of a medium on shear wave. 
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pressure ( DP1 ); temperature ( DT 1 ). 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 ( DL1 ); 

 confinement of rock layers of the medium to 

stratigraphic complexes of deposits ( DS1 ); 

 distribution of data cluster numbers ( DС1 ) 

along the wellbore;  

Data clustering WL . The method provides the 

dismemberment of dataset of D1 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 D1  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, D1  model of the 

distribution of cluster numbers ( DС1 ) 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 DD 3/2  models of medium 

properties. A velocity model on pressure wave 
DD

PPV
32

and density of rocks DD 3/2  is based on the 

results of seismic inversion [Yilmaz, 2001; Veeken, 

2004] of profiles of time sections DD 3/2 . The model 

of effective pressure (
DDP 3/2

) is calculated on the 

empirical dependence or using models 
DD

PPV
32

 
and 

DD 3/2  considering the depths of the medium. The 

temperature model of the medium (
DDT 3/2

) is 

calculated on empirical dependence. Models are 

calibrated to one-dimensional models 
DP1

and 
DT 1

 

built on the databasis of ANN . In this case, the 

dispersion of values of DD 3/2 models are brought to 

the dispersion of values of D1  models.  Then, models 

of lithology codes (
DDL 3/2

), of stratigraphic 

confinement of deposits ( DDS 3/2 ) and numbers of 

clusters of data ( DDC 3/2 ) are compiled. They are 

created transferring models 
DL1

, DS1

 
and  DС1

 
 

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 DDT 3/2 and DDP 3/2  change of 

pressure and temperature on depth and study area;  

 in models DDL 3/2  and DDS 3/2
  change of 

lithology of rocks and stratigraphic confinement of 

deposits on depth of the study;  

 in models DDC 3/2  distribution of data clusters 

on depth. 

    Each DD 3/2  model is compiled as separate 

time section of the seismic profile. 

Alignment of models on parameters. The data 

type on D1  and DD 3/2 models should be the same. 

D1  models are transformed from depth measurement 

to time ( th ) 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 th  is carried out using a medium 

model on the average velocity of pressure wave. This 

model is determined on data VSP  or DD 3/2 . As a 

result of the increase of step of discretization, data 

approaches of frequency range, which increases the 

accuracy of prediction DD
SSV

32 occur. According to 

the method D1  and DD 3/2  models should have the 

same depth range of studies and step of discretization 

of data as DD 3/2  models. The depth of the study of 

WL is less than that of seismic exploration. And D1  

models should cover the entire range of changes of 

thermodynamic conditions in the interesting part of 

the geological section illuminated by the seismic 

profile. D1  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 D1  

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 D1 , DD 3/2   

models and preparation of data for working with ANN . 

Data clustering, training ANN  and predicting the model 
DD

SSV
32  is carried out using the software NeuroXL  

[http://neuroxl.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 D1  models on the 

medium and D1  of velocity model of shear wave. If 

there are several wells with the same data types in the 
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studied area, then data of all the wells can be used 

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 DD
SSV

32 has been  pre-

dicted from the trained ANN  using the combination 

of the above mentioned DD 3/2  models. 

Only those data on which there are the same D1  

and DD 3/2  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 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 and D2  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 D1  models were 

divided into 10 clusters. The clusters are overlapped 

in depth in the graph on AWL  (Fig. 2b) 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. 2c). 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. 2c). 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 1”); 

2.  On a neural network, on database on velocities of 

pressure, shear waves, density of rocks and attributes 

(instantaneous amplitude, phase and frequency) of a 

seismic record (“option 2”); 
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Fig. 2. The distribution of numbers of data clusters (a), the change of velocities of waves in depth (b) 

and the dependence  between velocities of waves (c) in clusters. 
 

 

 
 

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 D2  for the СDP  
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 D
SSV 2  has 

been predicted on the profile section remote 13.7 km 

from the well location. Models D
SSV 2  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. 3a. 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. 4c) has higher and 

differentiated in time values of velocities than on “option 

1” (Fig. 4a) and “option 2” (Fig. 4b). The sections on 

“option 2” (Fig. 4b) 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 

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 1”; 

 the second, where, from the section “option 1” 

the section “option 2” is calculated and the result is 

divided into “option 1”; 

 the third, where the “option 3” section is 

calculated from the “option 2” section and the result is 

divided into “option 2”.  
 

 

 
Fig. 4. Fragments of time sections of  layer velocities of shear  

wave predicted according to “option 1” (a), “option 2” (b) and “option 3” (c) 

 
Fig. 5. Different sections of  layer velocity of shear wave calculated according  

to the first (a), second (b), and third (c) 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. 5a, Fig. 5b). That is, there are 
significant differences between the values of 
velocities predicted by empirical dependence and 

applying ANN . The difference between the values of 

velocitioes on the third combination varies from -9% 
to +1% (Fig. 5c). 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 ANN using 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 D1  models based on data of 
geophysical studies of wells. A velocity model of 
shear wave is predicted using complexes of various 

DD 3/2  models on the physical properties of the 

rocks. The method has been tested to predict D2  
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 DD 3/2  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 № 6284 of the Science and Technology 
Center in Ukraine. 
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ПОБУДОВА ШВИДКІСНОЇ МОДЕЛІ ПОПЕРЕЧНОЇ ХВИЛІ ДЛЯ СКЛАДНОСТРУКТУРНОГО 
ГЕОЛОГІЧНОГО СЕРЕДОВИЩА З ВИКОРИСТАННЯМ НЕЙРОННОЇ МЕРЕЖІ (НА ПРИКЛАДІ 

ДАНИХ ПІВДЕННО-КАСПІЙСЬКОГО БАСЕЙНУ) 

Мета. Розробка методу прогнозування двох-трьох мірної швидкісної моделі середовища поперечної хвилі. 
Досліджується складноструктурне геологічне середовище на базі геофізичних і геологічних даних із засто-
суванням штучної нейронної мережі. Метод. передбачає побудову та використання моделей середовища за 
даними геофізичних досліджень свердловин, сейсморозвідки та інших наземних геофізичних методів. На 
відміну від існуючих методів, в пропонованому методі використовуються також додаткові дані про сере-
довище: про термодинамічний стан середовища, стратиграфічну приуроченість відкладень, літологію порід, 
розподіл кластерів даних, фізичні властивості середовища та інші. Згідно з методом, спочатку будуються 
одномірні моделі за різними властивостями середовища на основі даних комплексу геофізичних досліджень 
свердловин. Потім за сукупністю моделей нейронна мережа вивчається для прогнозування швидкості 
поперечної хвилі. В подальшому будуються двох-трьох мірні моделі середовища за результатами наземних 
геофізичних досліджень. З використанням сукупності цих моделей прогнозується двох-трьох мірна швидкісна 
модель поперечної хвилі. Результати. Із застосуванням методу спрогнозована швидкісна модель поперечної 
хвилі для складноструктурного геологічного середовища Південно-Каспійського басейну. Наукова новизна. 
Шляхом збільшення кількості типів використаних даних забезпечується підвищення точності прогнозування 
моделі середовища. Практична цінність. Підвищення ефективності сейсморозвідки при визначенні нафтога-
зонасиченості, пружного геодинамічного стану та інших фізичних властивостей геологічного середовища. 

Ключові слова: сейсмічна розвідка; хвиля тиску і зсуву; сейсмічна швидкість; середня модель; 
передбачення; нейронна мережа. 
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