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This paper describes a technique for hierarchical neural networks based on the 
nearest neighbor method with preliminary clustering of the original training data-
set and construction of a search cluster decision tree. This method is a promising 
alternative to neural network technologies with deep learning and has quite a few 
advantages: high learning rate, identification of objects with a low degree of simi-
larity, and the ability to generalize and retrain. As shown by testing the hierarchical 
neural network method on real data from the West Siberian oil and gas province, 
predicting the oil saturation in the Vikulov suite interval is much faster and more 
efficient than inversion approaches to quantitative interpretation of seismic data 
while achieving fairly similar geological results. This characterizes the proposed 
method of hierarchical neural networks as an effective tool for the quantitative 
interpretation of seismic data to solve geological problems.
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INTRODUCTION

The application of machine learning methods in vari-
ous scientific fields has recently shown stunning results. 
The use of a large amount of information has contributed 
not only to the ability to classify, recognize, and generate 
speech and texts, but also to the advent of smart chatbots, 
virtual assistants, and more. The relative universality of 
algorithms and the similarity of tasks make it possible to 
apply machine learning methods in related fields of re-
search, including the interpretation of well and seismic 
data for the purpose of forecasting promising oil and gas 
objects.

Such problems are often solved using machine learn-
ing methods, in which the forecast is based on a training 
dataset. The latter consists of a set of (X, Y) pairs, where 
X is a vector of values characterizing the properties or 
characteristics of objects (vector of object features) and Y 
is a vector of forecast parameter values.

The most common way to obtain a forecast for the da-
taset being analyzed is to use deep machine learning al-
gorithms based on multilayer neural networks. When set-
ting the task of directly forecasting reservoir properties 
based on well data and seismic exploration, the training 
dataset can be enormous. This often happens when a 
considerable number of wells are involved in the project 
and seismic data are presented over broad areas or have 
high multiplicity. In this case, a large multilayer neural 
network is required to forecast reservoir properties, 
which is quite difficult to train. The training process it-
self can take a long time, which is not always feasible 

under tight project deadlines. In addition, neural net-
works are very sensitive to the quality of well-to-seismic 
ties if the forecast is performed in the time domain, as 
well as to the quality of seismic data processing results. 
This can lead to noisy and laterally intermittent forecast 
results and a decrease in the accuracy of forecast param-
eters at well locations. 

Another similar and common approach is the nearest 
neighbor method, which seems to be quite a simple and 
popular algorithm in various fields of machine learning. 
It requires directly comparing all the features of the ana-
lyzed object with the features of objects from the training 
set. This method does not have a training stage. The fore-
cast result is calculated on the basis of selecting the most 
similar elements in the training dataset pairs. Due to the 
high degree of freedom and smoothness of the proximity 
field, the nearest neighbor method is less sensitive to the 
quality of the well tie and to areas where the seismic data 
quality is reduced. However, performing the operation of 
comparing the objects under study with each element of 
a large training dataset can take an unacceptably long 
time, which is a disadvantage of this method. 

There are many approaches to accelerating the nearest 
neighbor search, such the method of hierarchical naviga-
ble small world graphs (Malkov and Yashunin, 2018). It 
is suggested in this paper that one should use a similar 
method, which is related to hierarchical neural networks 
and based on sequential clustering of the original train-
ing dataset and the construction of a search cluster deci-
sion tree.
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HIERARCHICAL NEURAL NETWORKS

The method proposed in this study is based on the 
idea of accelerating the nearest neighbor method by pre-
creating a search cluster decision tree based on the train-
ing dataset.

In the case of predicting the properties of oil and gas 
reservoirs based on well measurements and seismic data, 
the proposed method can be represented as a scheme 
consisting of the following blocks (Fig. 1):

Block 0: Input Data Conditioning. This block is not 
directly related to the method under consideration, but is 
necessary and important for all types of scientific and 
production work related to the quantitative interpretation 
of seismic data.

It includes data gathering, analysis, loading, and qual-
ity control of input geological and geophysical informa-
tion. Particular attention is paid to the preparation of well 
data and wave fields for quantitative interpretation. Seis-
mic data should be processed to preserve true amplitude 
variation with offset (AVO) effects and should have a high 
signal-to-noise ratio. Well measurements are used to cal-
culate target parameters that are consistent with well log-
ging (WL) data and laboratory results of core data analy-
sis, such as volumetric models of rock mineral composi-
tion, fluid saturation, discrete distributions (lithotypes), 
porosity, permeability, and geomechanical properties. 
The quality of well-to-seismic ties in the time or depth 
scale domains is also emphasized.

Block 1: Training Set Formation. The training set is 
formed by grouping input seismic data and target param-
eters in wells to create a set of seismic response – fore-
cast parameter pairs (for convenience, “response” and 
“parameter” are italicized to describe the training set 
pairs in this paper). Full stack and partial (angle or offset) 
stacks, or prepared pre-stack seismic gathers after migra-
tion can be used as input seismic data (Fig. 2).

In the given example, the target parameter is a poros-
ity distribution obtained from the quantitative interpreta-
tion of WL data. When forming a training dataset pair, 
the forecast parameter corresponds to the average poros-
ity value falling within a cell of a regular seismic grid 
and is calculated along the wellbore trajectory. The seis-
mic response is an m x n seismic wavefield window, 

where m is the number of vertical samples in the time or 
depth domain of the input seismic data, and n is the num-
ber of the nearest traces. The window center corresponds 
to the location of the forecast parameter cell. The values 
of m and n are user-defined and selected during quantita-
tive prediction.

Block 2: Construction of a Search Cluster Decision 
Tree. A search cluster decision tree is constructed on the 
basis of the idea of multilevel clustering of seismic re-
sponses depending on their similarity or differences. As 
a result, clusters of seismic responses with a high degree 
of similarity are formed at the end nodes of the tree (tree 
leaves), which have the corresponding values of the tar-
get parameters. This approach significantly accelerates 
the decision-making process. As compared to simple 
enumeration, this approach makes it easier and quicker to 
obtain target parameter distributions between wells 
based on seismic data using the nearest neighbor or sev-
eral nearest neighbors. 

The construction of a search cluster decision tree is 
performed based on a set of seismic responses from the 
pairs of the training sample formed in Block 1 (Fig. 2). In 
the initial («root») node of the decision tree, the input set 
of seismic responses is divided into a given number of 
clusters. In the next internal tree node, each upper-level 
cluster is divided into lower-level clusters down to the 
lowest level – the “leaves” of the decision tree (Fig. 3).

The number of clusters and the tree depth are deter-
mined by the user during the parameter analysis when 
performing quantitative prediction. If there is division 
into two clusters for each node, then a binary search tree 
is created. Dividing into a larger number of clusters al-
lows for more complex search trees, with the formation 
of leaves at different levels. If the minimum number of 
objects in the leaves is set, the tree depth is determined 
automatically.

The clustering process is based on the unsupervised 
classification algorithm known as Kohonen’s method of 
self-organizing maps (Kohonen, 2001) using the Koho-
nen 1D/2D/3D multidimensional space projection options 
(Priezzhev et al., 2019). With this approach, two seismic 
responses are assigned to the same cluster if their shapes 
are similar. The similarity measure is defined by the dis-
tance between response shapes in a multidimensional 

Fig. 1. Scheme of the hierarchical neural networks applied.
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space. In a simple case, the distance can be defined as the 
difference in squares between two responses (L2 norm).

Mathematically, the classification procedure for one 
tree level can be described as follows. For simplicity, the 

Kohonen 1D clustering variant is considered. Let the 
training sample of Block 1 include the element Si as the 
i-th seismic response, which contains n seismic samples. 
The use of the Kohonen 1D algorithm assumes creating a 

Fig. 2. Principle of forming a training dataset using well and seismic data. Here and in Fig. 4, the porosity colour scale shows the 
change in values from low (cold tones) to high (warm tones), and porosity is chosen as an example of a predictive geological pa-
rameter. The green square indicates the window in which the seismic response is determined. Together with the value of the 
forecast parameter (yellow square), pairs of training samples are formed.

Fig. 3. Cluster decision tree construction scheme.
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neural network of a predetermined size k, where each j-th 
neuron ( j = 1, k) is described by vectors of the same size

W w w wj j j nj� �� �1 2, , , .

Initially, neurons are initialized with randomly select-
ed seismic responses from the training dataset. Further 
cycles are organized over all elements of seismic re-
sponses Si from the training sample, and the closest 
“winning” neuron Wj from the neural network is obtained 
using various measures of proximity, for example, in the 
form of L2 norm:
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The values of the “winning” neuron are then adjusted 
with weights aij inversely proportional to the number of 
seismic responses previously included in it (corrections 
performed):

W W a Sj j ij i
new old� �

The values of neurons closest to the “winning” neuron 
by index j are also adjusted. The adjustment is performed 
using weight coefficients, which increase in value as they 
approach the “winning” neuron. 

For the Kohonen 2D and Kohonen 3D clustering vari-
ants, one can use a structure of neuron arrangement ei-
ther with two indices ( j1 and j2) and dimension k · k (class 
map) or with three indices ( j1, j2, and j3) and dimension 
k · k · k (class cube), respectively. In this case, the values 
of the neurons close to the “winning” neuron in all indi-
ces are adjusted. The resulting indices can be interpreted 
as new variables, and the Kohonen 1D/2D/3D clustering 
algorithm can be considered not only as a method for 
grouping similar objects (seismic responses), but also as a 

method for reducing the feature space from size n to size 
k (1D), k · k (2D), or k · k · k (3D). Increasing the clustering 
dimension to 2D or 3D reduces the possibility of cluster-
ing errors, thereby improving the quality of search cluster 
trees when constructing a hierarchical neural network.

After creating a cluster tree, the seismic response – 
forecast parameter pairs are analyzed in each tree leaf. It 
is logical to assume that, if the seismic responses in each 
tree leaf have a high similarity measure, then the forecast 
parameters should also be similar to each other. In this 
case, the use of the k-nearest neighbors method allows 
one to average pairs by accounting for the weight coeffi-
cients of their similarity measure and/or spatial proximi-
ty. In the case of predicting discrete property values 
based on well data, such as reservoir/nonreservoir or 
lithofacies, the averaging operation is performed by se-
lecting the maximum number of identical values in a list 
of the nearest neighbors. As a result, the most probable 
forecast parameter among the k-nearest neighbors is ob-
tained. If the forecast parameters differ significantly 
from each other within one leaf, then the seismic re-
sponse – forecast parameter connectivity in the training 
set is either low or absent.

Block 3: Prediction Based on Seismic Data. In this 
block, target parameters are predicted for the entire seis-
mic dataset using the “nearest neighbors” method based 
on the search cluster decision tree created in the previous 
block.

The entire seismic dataset used to form the training 
sample is fed to the cluster decision tree. The seismic re-
sponse in each trace of the input set is compared within a 
user-specified time window (target interval) to seismic 
responses in each cluster of the search decision tree. The 
comparison process begins with the root node and ends 
with one of the tree leaves. Thus, the seismic response is 
assigned the value of the target forecast parameter in ac-
cordance with the pairs of the training dataset (Fig. 4).

Fig. 4. Example of hierarchical neural network porosity forecast based on seismic data.
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tive interpretation of seismic data, but also for the case of 
search for promising nonstructural oil and gas targets us-
ing neural networks. 

The field under study has 3D seismic data in both the 
time and depth domains, processed using the well-driven 
approach. The total area of the seismic survey is about 
1700 km2 with a seismic fold of 72. Additionally, more 
than 1500 wells have been drilled in the field, and the ef-
fective oil-saturated thicknesses have been calculated in 
1250 of them. Moreover, the detailed interpretation of 
WL data with continuous assessment of oil saturation in 
the studied interval has been performed in 37 wells 
(Fig. 5). Part of the Vikulov suite in the field is compli-
cated by an incised valley (VK2–3 inset), whose deposits 
are also oil-saturated (Fig. 5b). 

It should be clarified that the hierarchical neural net-
work method described in this study has been tested over 
the entire seismic survey area. However, for reasons of 
confidentiality, the research results are shown in a limit-
ed region highlighted by a polygon in Fig. 5 with a modi-
fied survey geometry. 

The main target parameter for neural network predic-
tion in the studied field is the oil saturation of the pore 
space in the Vikulov suit reservoirs. It is noteworthy that 
it is often impossible to forecast fluid saturation using 
seismic data due to many factors, including the rigidity 

of the mineral matrix, the low porosity of reservoir rocks, 
and the similar elastic properties of oil and water. How-
ever, as shown in (Shubin et al., 2023), the effect of oil 
saturation in the Vikulov suit interval on the seismic re-
sponse is expressed by the presence of a regression rela-
tionship between effective oil-saturated thicknesses and 
the far offset (angle) amplitude values. This creates the 
prerequisites for predicting oil saturation based on seis-
mic data over the entire region under study, including the 
use of neural networks.

The training set for the hierarchical neural network al-
gorithm described in this paper includes oil saturation 
curves obtained from 30 wells after the detailed interpre-
tation of WL data (seven wells were used as blind wells) as 
the target parameter, as well as sets of angle stacks with 
average angles (equal to 5°, 15°, 25°, 35°, and 45°), their 
amplitude/frequency attributes, and calculated AVO (Am-
plitude Variation Offset – the dependence of the change in 
the amplitude of reflected waves on the distance) attributes 
(intercept and gradient) as the seismic response (Fig. 1, 
Block 1). Hierarchical neural networks are trained using 
the Kohonen 1D classification algorithm with 30 nearest 
neighbors. The number of hidden layers corresponds to 
five, with 15 neurons in each hidden layer. 

One of the main problems in using neural networks in 
the quantitative interpretation of seismic data is the geo-

Fig. 6. Oil saturation forecast sections passing through blind wells: a – based 
on hierarchical neural networks; b – based on petroelastic inversion. Here and 
in Fig. 8, the well numbers in the diagram correspond to the well numbers in 
the section. The contour of the polygon is indicated around well 7, according to 
which the publication of results is allowed. For more information, see the text.
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for the overall correlation coefficient of IRP and 0.71 for 
the hierarchical neural networks.

RESULTS AND DISCUSSION

As shown by testing the proposed algorithm on real 
data, hierarchical neural networks are a fairly effective and 
fast tool for quantitative interpretation of seismic data. 

The use of hierarchical neural networks in one of the 
fields of the Krasnoleninsky arch in Western Siberia in-
dicates that the obtained results are quite similar to the 
IRP results for quantitative estimates of oil saturation 
(Fig. 8) and lateral geological details (Fig. 6). However, a 
significant advantage of the developed algorithm is the 
quickness of forecast calculation. For example, the calcu-
lation time for the entire study area (1700 km2) in the 
Vikulov suite interval is approximately 1.5 h, whereas 

the calculation using only IRP based on the available 
acoustic impedance cubes and the vP/vS ratio requires 
about two days. The calculations are performed using a 
workstation with the following specifications: Intel Xeon 
CPU E5-2667 3.20GHz, 192 GB RAM, and Nvidia Tesla 
M60x2. 

For the purpose of better visual comparison, the stag-
es of predicting the proposed hierarchical neural network 
algorithm and the IRP technique are presented in the ta-
ble below (Table 1): 

It is also worth noting that the number of stages re-
quired for performing a forecast using hierarchical neu-
ral networks is significantly smaller than in classical 
methods of dynamic interpretation of seismic data. This 
largely reduces the possibility of subjective human error 
in the neural network forecasting process as compared to 
multistage methods, such as seismic inversion and IRP 
(Table 1). 

Fig. 8. Comparison of oil saturation forecasts obtained using petroelastic inver-
sion and hierarchical neural networks (‘blind’) wells on a single general scale. 
1 – the result of the petroelastic inversion, 2 – the result of the hierarchical neural 
networks application. R – the correlation coefficient, c.u. Inset – the designation of 
a stratigraphic reference corresponding to an incised river valley.

Table 1. Comparison of the stages of the process of obtaining a forecast using IRP and hierarchical neural networks 

Forecast stage Petroelastic inversion Hierarchical neural networks

1 Construction of a volumetric lithological-petrophysical model on the 
basis of WL data

+ +

2 Analysis of petroelastic bonds + +
3 Petroelastic modeling + ↓
4 Seismic synchronous inversion + ↓
5 Inversion of petroelastic model parameters + ↓
6 IRP/neural network forecast + +
7 Interpretation of results + +

Note. The arrow indicates skipping the stages. «+» – the stage must be completed.
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Aside from its application in the direction of quantita-
tive interpretation of seismic data, the proposed method 
of hierarchical neural networks can be used in scientific 
fields beyond the scope of the oil and gas industry. For 
example, the method has also been tested in handwritten 
character recognition tasks using a well-known dataset 
from the Modified National Institute of Standards and 
Technology (MNIST). The MNIST database contains 
60,000 images of handwritten characters with a size of 
28 × 28 pixels for training and 10,000 images for testing. 
The method involves constructing a search cluster deci-
sion tree based on the training set of characters, which is 
then used to find similar images from the test set. In the 
case of using the full training dataset without dividing it 
into clusters, the search time for the nearest neighbors is 
80.41 min with a recognition error of 369 characters 
(3.69%) across all tested characters. After constructing a 
search cluster decision tree consisting of ten clusters at 
each level and with a tree depth of up to five levels, the 
prediction time for the test set is reduced to 0.12 min, 
making it 670 times faster. However, the recognition er-
ror also increases to 564 characters (5.64%) due to the 
ambiguity of cluster division.

CONCLUSIONS

The hierarchical neural network algorithm presented 
in this paper is an effective tool for the quantitative inter-
pretation of seismic data, which can be used as an alter-
native or supplement to classical interpretation technolo-
gies for solving complex geological problems. The main 
advantages of the algorithm include a high learning rate, 
the ability to identify seismogeological objects with a 
low degree of similarity, and the capacity for generaliza-
tion and retraining. 

As compared to multistage methods, such as seismic 
inversion and inverse rock physics, the use of hierarchi-
cal neural networks allows for performing one-step cal-
culations without relying on a number of complex soft-

ware packages to obtain intermediate results. This sig-
nificantly reduces the time required to calculate target 
geological and geophysical parameters, decreases the 
probability of error accumulation when transitioning 
from one stage of quantitative interpretation to another, 
and increases the efficiency of the resulting forecasts of 
oil and gas reservoir properties based on well and seis-
mic data.

The authors express their gratitude to colleagues from 
the National University of Oil and Gas (Gubkin Univer-
sity), the Lomonosov Moscow State University, PAO NK 
Rosneft, and PAO Lukoil for the opportunity to test the 
developed hierarchical neural network algorithm on real 
data and to publish the results obtained.
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