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A B S T R A C T

Currently, oil and gas companies play a key role in ensuring the economic growth of various countries around the world. In 
this regard, highly accurate forecasting of energy prices is of paramount importance for the leadership of various countries of 
the world and commodity producers. One of the modern methods of such forecasting is artificial intelligence, more precisely 
artificial neural networks. To date, quite a lot of research has been accumulated on predicting the prices of Brent and WTI crude 
oil using artificial intelligence. At the same time, there are practically no similar works for Urals crude oil. The purpose of this 
study is to predict the spot price of Urals crude oil using artificial intelligence. Unlike most well-known works, both types 
(trend and regression) of neuromodels are used simultaneously. Moreover, for trending neuromodels, a series of computational 
experiments are conducted first in NeuroSolutions, and subsequently in Google Colab (in the Python programming language), 
respectively, with artificial neural networks of classical (MLP, GFF, JEN and MNN) and new topologies (LSTM, WLSTM, GRU 
and CNN with the attention mechanism). Based on the results of these experiments, three ensembles of neuromodels of different 
topology and configuration were developed. They allow us to generate a short-term forecast of both the daily and monthly spot 
prices of Urals crude oil with a high degree of accuracy.
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1. Introduction  
The global trend is towards a low-carbon or decarbonized 

economy. However, environmentally friendly energy resourc-
es still account for only a small proportion of the total amount 
of fuel consumed by various countries of the world. At the 
same time, oil, gas, and coal remain the classic fuels. Currently, 
oil and gas companies play a key role in ensuring the economic 
growth of various countries around the world. At the same 
time, due to a number of objective reasons (in particular, the 
decisions of OPEC countries, COVID-19, military conflicts), 
high volatility in energy prices and, above all, crude oil of all 
reference grades is observed on world markets [1-2].

The largest crude oil exporting countries are Saudi 
Arabia, Russia, Iraq, the United States, Canada, the United 
Arab Emirates, Kuwait, Norway, Nigeria and Brazil. For 

natural reasons (each deposit stores a unique raw material), 
a wide range of crude oil grades circulate in the modern 
market. At the same time, the so-called marker or reference 
grades of crude oil are distinguished. The most famous of 
them are European Brent crude, American WTI (West Texas 
Intermediate), Middle Eastern Dubai Crude and Russian 
Urals. Economic growth is influenced by many factors. 
However, at the same time, all researchers emphasize the 
important role of energy resources in the business activity of 
entities of all industries and sectors of the national economy 
in almost every country. Considering the above, it can be 
concluded that economic growth in various countries of the 
world largely depends on crude oil prices.

There are many studies on the dynamics and forecasting 
of oil prices. However, it is dominated by works focusing on 
Brent and WTI crude oil. At the same time, there are practical-
ly no studies devoted to the dynamics and forecasting of pric-
es for Dubai Crude and Urals oil. This study seeks to address 
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this gap in the scientific literature. The purpose of the study is 
to forecast the price of Urals crude oil. In the modern world, 
there are many economic and mathematical methods that 
make it possible to form such a forecast with a high degree of 
accuracy [3-7]. A fairly detailed overview of known methods 
is presented, for example, in [6]. However, particular atten-
tion is given to a relatively new group of artificial intelligence 
methods – artificial neural networks. The choice of method is 
not accidental. For example, neural networks allow, in par-
ticular, to work with noisy source information and include all 
significant factors in the models, even those that are closely 
interrelated. Currently, scientists from all over the world are 
paying special attention to artificial neural networks. The 
scientific literature addresses not only applied problems, but 
also works on the development of tools [8, 9]. For example, 
there are many search studies devoted to the modification of 
a relatively new topology of recurrent artificial neural net-
works LSTM [10-12]. However, these studies mostly focus on 
trend-type neuromodels, while insufficient attention is paid 
to regression-type neuromodels. Therefore, within the frame-
work of this work, both types of artificial neural networks are 
used for the prospective assessment of Urals crude oil prices, 
i.e. both trend and regression neuromodels.

In the course of this empirical research, two working 
hypotheses are consistently tested: 1) the possibility of 
providing highly accurate short-term forecasting of Urals 
crude oil prices using trend and regression neuromodels of 
classical topologies; 2) improving the accuracy of short-term 
forecasting by using relatively new topologies of artificial 
neural networks.

2. Literature review
The objective of the study determined the logic and struc-

ture of the literature review: 1) works devoted to the study of 
factors that have a significant impact on the change of crude 
oil prices; 2) works focused on the development of tools for 
forecasting crude oil prices. Most researchers share the view 
that the key factors influencing crude oil prices are oil reserves, 
supply and demand, as well as the situation on financial mar-
kets. In the article [13], it was proposed to divide all the factors 
involved in the formation of Brent crude oil price into two 
groups: classical determinants, coronavirus with a mechanism 
of direct and indirect effects. One of the key determinants is the 
price of gold. For instance, studies [14, 15] revealed a correla-
tion between the prices of crude oil and gold. In other works 
[16], gold is considered an important indicator of future infla-
tion and inflation expectations, which ultimately affects crude 
oil prices. In addition to gold, oil prices are also influenced by 
the foreign exchange market [17, 18]. In particular, researchers 
have recorded a joint movement between oil prices and the 
euro [16] and the US dollar [19]. At the same time, the weak-
ening of the national currency of an oil exporting country, as 
a rule, leads to lower export prices for its oil, which, in turn, 
creates price competition in the world market with an impact 
on domestic and world oil prices [20- 22].

Predictors of fuel and oil consumption play a key role 
for the oil market. For example, the estimated indicators 
of prospective energy consumption are closely interrelated 
with the corresponding indicators of economic development 
[23-26]. Industrial production indices and freight transport 
indicators are often used as indicators forecasting economic 
activity [27-29]. The Organization of the Petroleum Exporting 

Countries (OPEC) has a significant impact on the oil market. 
Based on global oil demand conditions, it sets oil production 
for its member states, thus maintaining a certain kind of 
market equilibrium. The influence of OPEC summits [30] and 
decisions taken during these meetings [31] on domestic and 
global oil prices has been empirically proven. It worth men-
tioning that in the modern world, prices for various energy 
resources tend to move together. For example, the study [32] 
empirically proved a close correlation between oil, gas and 
coal prices. The influence of classical determinants on crude 
oil prices was distorted by the coronavirus pandemic [33-37]. 
Thus, the pandemic affected the GDP of all countries of the 
world, as the restrictions imposed and the incidence of dis-
eases directly led to a drop in production in many industries, 
and consequently, to a reduction in overall economic output. 
The adverse impact of the pandemic on macroeconomics 
[38] contributed to a decrease in oil demand. The direct and 
indirect effects of the coronavirus pandemic on Brent crude 
oil prices are presented in more detail in [13].

Currently, along with traditional econometric models, 
modern machine learning techniques, including artificial 
neural networks, are also used to predict oil prices [39-49]. 
It should be noted that they are dominated by trend-based 
neuromodels, rather than regression-based ones. Moreover, 
works using a relatively new topology of recurrent artifi-
cial neural networks, the so-called LSTM (Long Short-Term 
Memory) and their various modifications, are particularly 
popular [50-55]. Researchers usually confirm the selection of 
a certain neuromodel by the results of a comparative analysis 
of  approximation accuracy and subsequent oil prices fore-
casting. For example, in [56], based on data from February 
1986 to May 2021, the LSTM (compared to ANN /Artificial 
Neural Network and ARIMA / Autoregressive Integrated 
Moving Average) provided higher accuracy in forecasting 
crude oil prices. In the context of present study, the work 
presented in [57-59] should be highlighted. The authors of 
the article conducted computational experiments with recur-
rent artificial neural networks of relatively new topologies. 
In addition to LSTM and GRU (Gated Recurrent Unit), the 
model range also included such modifications of LSTM as 
WLSTM (LSTM with a preliminary wavelet transform of the 
initial data) and WLSTM with the attention mechanism. In 
an empirical study on an array of data from several stock 
indices (S&P 500, DJIA / Dow Jones Industrial Average and 
HSI / Hang Seng Index), high forecasting accuracy for stock 
quotes of indices was proved using WLSTM with the atten-
tion mechanism. Due to the versatility of such tools, it can 
also be used to predict crude oil prices.

3. Data and methods
In this work, artificial intelligence —specifically artificial 

neural networks - is used to approximate the initial data, and 
subsequently to predict the spot price of Urals crude oil. The 
information base of the study consists of monthly and daily 
financial series (fig. 1). 

The data required for neuromodeling is disclosed on the 
official website investing.com. In the case of monthly data, 
the task is to form an ensemble of adequate regression neu-
romodels. Therefore, based on our previous research and the 
work of foreign and Russian scientists, a system of indica-
tors (factors) has been developed that can have a significant 
impact on the price of Urals crude oil.
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Based on the calculation and analysis of Pearson pair-
wise correlation coefficients, the strength of the relationship 
between each factor and the effective indicator is estimated. 
Regression-type neuromodels include only factors that have 
a strong influence on the spot price of Urals crude oil. If 
required, lagged variables are also included in the neuromod-
el. The lagged endogenous variable for the current month is 
the Urals crude oil price for the previous month. The data 
array in the case of lagged exogenous variables is construct-
ed in the same way as for the lagged endogenous variables. 
Their number depends on the number of factors included in 
the neuromodel. In the case of trend neuromodels, the data 
set is constructed from daily financial series using a sliding 
window method. The input indicators (factors) for trend-type 
neuromodels in this study consist of fifteen lagged variables 
with a one-day offset back. For example, the value of the last 
input variable lags the value of the performance indicator by 
one day. In turn, the fourteenth lagged variable is also one 
day behind the fifteenth, and etc. To improve the accuracy of 
trend neuromodels, the study takes into account data for the 
post-covid period, i.e. starting from 2021. At the same time, 
in any case (both with monthly and daily data), information 
corresponding to the periods when the relevant financial 
instruments were traded is applied.

For two types of neuromodels (regression and trend), 
neuromodeling is first performed in a special software prod-
uct (NeuroSolutions for Excel 6.0). Then, using the example 
of trending neuromodels, computational experiments are 
conducted in Google Colab (in the Python programming 
language). In the first case, computational experiments are 
conducted using five classical topologies of artificial neural 
networks: 

1.	 Multilayer Perceptron (MLP); 
2.	 Generalized Feed Forward neural Network (GFF);
3.	 Recurrent neural networks of Jordan and Elman 

(Jordan / Elman Network, JEN); 
4.	 Principal Component Analysis (PCA); 5) Modular 

Neural Network (MNN).
In the second case, an artificial recurrent neural network 

of a relatively new topology is used – WLSTM with an 
attention mechanism. WLSTM is a modification of LSTM 
(Long Short-Term Memory Network), which involves a 
preliminary wavelet transform of the source data. During 
computational experiments, the number of hidden layers 

(one or two) and the number of neurons within them are 
varied (from two to nine with a single step). In neuromod-
eling, a special software product searches for the optimal 
number of neurons for the first or second hidden layer. In 
the case of neuromodels consisting of two hidden layers, the 
results of the search for the optimal number of neurons for 
neuromodels with one hidden layer are taken into account. 
The type of activation function for the hidden layers and the 
output layer, respectively, the hyperbolic tangent and linear 
remains unchanged throughout all computational experi-
ments. Prior to conducting computational experiments, the 
set of observations is divided into training and test subsets. 
In the case of regression -based neural models, the training 
and test subsets consist of 154 and 15 observations, respec-
tively. For trending neuromodels, the number of observa-
tions of the training and test subsets is 935 and 101, respec-
tively. Moreover, the test subset includes observations with 
dates closest to the time of the study.

Increased attention is paid to the accuracy of the approx-
imation of the initial data when conducting computational 
experiments. Only adequate neuromodels are included in the 
ensemble. The adequacy assessment is based on the calcula-
tion (based on observations from the test subset) and analysis 
of the values (comparing the actual and experimental values 
of the output variable) of five indicators: 

1.	 Correlation coefficient (r); 
2.	 Average approximation error (E); 
3.	 Maximum approximation error (max e); 
4.	 and 5. number and percentage of correctly recog-

nized observations (Ntest) and (Ptest) with an individual 
approximation error (e) not exceeding 5 or 8 %. 

The last two indicators jointly constitute the so-called 
frequency quality criterion. The limit values for each of the 
above five indicators are specified during computational 
experiments. At the same time, neural models with the larg-
est approximation error exceeding 8% are not automatically 
included in the ensemble.

4. The results of the study and discussion
I. Regression-type neural models
Based on the works of foreign and Russian scientists pre-

sented in the literature review, an initial version of a factor 
system was constructed, consisting of  9 indicators that may 
influence the spot price of Urals crude oil (Y):
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Fig. 1. Dynamics of the spot price of Urals crude oil (USD): a) For the period January 1, 2011 - February 1, 2025 
(monthly data); b) For the period January 1, 2021 - January 31, 2025 (daily average)
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1.	 Futures price of Brent crude oil (X1);
2.	 Spot price of gold (X2);
3.	 Exchange rate of the US dollar against the Russian 

ruble (X3);
4.	 Euro-US dollar exchange rate (X4);
5.	 Dow Jones Industrial Average (X5);
6.	 Bulk Cargo Shipping Cost Index / Baltic Dry Index (X6);
7.	 Moscow Stock Exchange Oil and Gas index (X7);
8.	 Market price of ordinary shares of PJSC NK Rosneft (X8);
9.	 Futures price of natural gas (X9).
The decision on the expediency of including certain fac-

tors in the neuromodel is made based on the calculation and 
analysis of the values of Pearson pairwise correlation coeffi-
cients (table 1).

As can be seen from the data presented in table 1, only 
two factors (the first and the fourth) exhibit a strong direct 
impact on the performance indicator in the present study. 
Only these pairwise Pearson correlation coefficients exceed 
0.7. Therefore, only the two above factors are included in 
regression-based neural models. The specification of neuro-
models is finally clarified based on the results of a series of 
computational experiments. In our case, in order to ensure 
the adequacy of the approximation of the initial data, each 
regression model includes not only an effective indicator and 
two factors, but also three lagged variables. The latter indica-
tors are derived indicators, i.e. in our case it is an endogenous 
variable and two exogenous variables for the current month 
indicated with values for the previous month. As a result of 

a series of computational experiments, an ensemble of ade-
quate artificial neural networks of various configurations was 
constructed (table 2). This ensemble enables to predict the 
spot price of Urals crude oil depending on the futures price of 
Brent crude oil and the euro-US dollar exchange rate.

As can be seen from the data presented in table 2, the 
ensemble consists of six regression neural models: two 
artificial neural networks of three different topologies with 
both one and two hidden layers. The results of the adequacy 
assessment of the ensemble of regression neural models are 
presented in table 3.

As can be seen from the data presented in table 3, the con-
structed ensemble of regression neural models provides a high 
degree of approximation accuracy for the initial data and, con-
sequently, enables forecasting of the spot price of Urals crude 
oil. In addition, it can be concluded that the results obtained 
are stable. Thus, for all adequacy indicators without excep-
tion, any regression neural model provides almost identical 
approximation accuracy and prediction. In particular, all neu-
ral models correctly identified observations with an individual 
approximation error within 8%. At the same time, across the 
neural models, both the average and maximum approximation 
errors varied slightly, respectively, ranging from 2.9 to 3.5 % 
and from 7 to 7.5 %. Visualization of the main results of regres-
sion-based neural modelling (using the example of MLP, GFF1 
and MNN1), namely a graphical representation of the actual 
and experimental values of the effective indicator for the test 
subset of observations is shown in figure 2.

Table 1
 Matrix of Pearson pairwise correlation coefficients

Indicator Y X1 X2 X3 X4 X5 X6 X7 X8 X9

Y 1                  
X1 0.965 1                
X2 0.065 0.160 1              
X3 -0.668 -0.577 0.531 1            
X4 0.740 0.625 -0.248 -0.805 1          
X5 -0.357 -0.245 0.718 0.867 -0.665 1        
X6 0.152 0.174 0.347 0.223 -0.022 0.463 1      
X7 -0.461 -0.411 0.514 0.852 -0.662 0.888 0.467 1    
X8 -0.336 -0.286 0.572 0.807 -0.559 0.878 0.522 0.957 1  
X9 0.411 0.502 0.023 -0.249 0.119 0.024 0.336 -0.149 -0.098 1

Source: Compiled by the authors

Table 2
 Ensemble of artificial neural 

networks (regression)

Th
e 

ne
ur

o-
m

od
el

The optimal number 
of neurons:

in the first 
hidden 
layer

in the second 
hidden layer

MLP1 4 -
MLP2 4 9
GFF1 9 -
GFF2 9 7

MNN1 8 -
MNN2 8 9
Source: Compiled by the authors

Table 3
 Adequacy assessment of the ensemble of artificial neural networks (regression)

The neural models r E, % max e, %
Ntest Ptest , %

e < 5% e < 8% e < 5% e < 8%
MLP1 0.913 2.9 7.0 12 15 80 100
MLP2 0.907 3.0 7.4 12 15 80 100
GFF1 0.908 3.4 7.0 12 15 80 100
GFF2 0.910 3.2 7.5 11 15 73.3 100

MNN1 0.912 3.1 7.3 12 15 80 100
MNN2 0.894 3.5 7.4 11 15 73.3 100

The ensemble of neural models: 0.907 3.2 7.3 12 15 77.8 100
Source: Compiled by the authors

A. M. Abbasov et al. / SOCAR Proceedings  No.3 (2026) 143-153



147

As part of the study, the analysis is limited to the develop-
ment of a short-term forecast with a two-month lead period. 
Due to the presence of lagged variables in regression-based 
neural models, the forecasting procedure is implemented 
step-by-step. So, for the second month of forecasting, the ini-
tial information consists of the previously obtained forecast-
ing results, i.e. for the first month of forecasting. On the one 
hand, this improves forecasting accuracy, on the other hand, 
it increases the complexity of the computational experiments. 
The resulting short-term forecast of the spot price of Urals 
crude oil is presented in table 4.

As can be seen from the data presented in table 4, against 
the background of a monthly increase in the futures price of 
Brent crude oil, a monthly increase in the spot price of Urals 
crude oil is expected for the period from February 1 to April 1, 
2025. At the same time, the projected increase in the spot price 
of Urals crude oil should be 0.8 and 0.1 %, respectively, for 
February and March 2025. It should be noted that on the offi-
cial website investing.com Urals crude oil spot price data are 
published with a delay. At the time of writing this article, only 
monthly data for February 1, 2025 were available. Therefore, it 
is not possible to assess the accuracy of the obtained short-term 
(monthly) forecast in the present study. 

II. Trend- based neural models
Trending neuromodels can be considered an alternative 

to regression-based neural models. To ensure high accuracy 

of the trend-based neural models, computational experi-
ments in this work were carried out using daily data on spot 
prices of Urals crude oil. 

1. Neuromodeling in a special software product 
(NeuroSolutions for Excel) 
The configuration of the constructed ensemble of trend-

based neural models of various topologies and the results 
of its adequacy assessment are presented, in tables 5 and 6 
respectively.

As can be seen from the data presented in table 5, seven 
artificial neural networks of four topologies were included 
in the formed ensemble of trend based neural models on the 
results of computational experiments. At the same time, neu-
romodels with both one and two hidden layers were included 
in the ensemble according to three different topologies (with 
the exception of JEN). In the case of JEN, it was advisable 
to include only a neural model with one hidden layer in the 
ensemble. Thus, computational experiments demonstrated 
that the addition of another hidden layer led to a significant 
decrease in the approximation accuracy of the initial data 
using an artificial neural network of the JEN topology. A com-
parison of the results presented in tables 2 and 5 allows two 
conclusions to be drawn: 1) the presence of an artificial neural 
network of the JEN topology in the ensemble for trending 
neuromodels; 2) a differentiated optimal number of neurons in 
hidden layers, depending on the type of neuromodels (regres-
sion or trend) of identical topology.

Fig. 2. Spot price of Urals crude oil (regression-based neural models, USD): 
a) MLP1 ;  b) MLP2 ;  c) GFF1 ;  d) MNN1

Table 4
 Results of short-term forecasting of the spot price of Urals crude oil (monthly data)

Date Brent oil futures price, USD Euro to US dollar exchange rate Spot price of Urals crude oil, USD
01.03.2025 74.71 1.0818 66.01
01.04.2025 74.91 1.0801 66.08
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As can be seen from the data presented in table 6, the 
ensemble of trend-based neural models, as well as regres-
sion-based models provides high accuracy in approximating 
the initial data and subsequent forecasting of the spot price 
of Urals crude oil. In addition, the results obtained on the 
basis of trend neuromodels are stable. Thus, for almost all 
adequacy indicators (with the exception of the correlation 
coefficient), approximately the same values are observed 
for any delusional neural model included in the ensemble. 
Visualization of the main results of trend-based neural mod-
elling (using the example of MLP1 , GFF1 , JEN1 and MNN1), 
namely a graphical representation of the actual and experi-
mental values of the effective indicator for the test subset of 
observations is shown in figure 3.

Based on the results of a comparative analysis of the data 
presented in tables 3 and 6, as well as figures 2 and 3, it can 
be concluded that the ensemble of trend-based neural mod-

els (compared with the ensemble of regression-based neural 
models) provides higher approximation accuracy of the ini-
tial data. This is indicated by the analysis of the values of the 
average approximation error (E) and the so-called frequency 
quality criterion (Ntest and Ptest) at e < 5%. In the case of trend-
based neural models, even at e < 5%, each artificial neural 
network allows almost completely correct recognition of 
observations. As previously noted, for regression-based neu-
ral models, only a more «mild» condition (at e < 8%) ensures 
complete correct recognition of observations. It should also 
be noted that the ensemble of trend-based neuromodels 
provides a significantly lower (almost twice less) value of 
the average approximation error. A short-term forecast (for 
February, in daily terms) of the spot price of Urals crude oil 
is generated using the ensemble of trend-based neuromod-
els. The forecasting results are presented in table 7 and in 
figure 4.

Table 6
Adequacy assessment of the ensemble of artificial 

neural networks (Trend / NeuroSolutions)

The neuromodel r E, % max e, %
Ntest Ptest

 , %
e < 5% e < 8% e < 5% e < 8%

MLP1 0.878 1.6 6.9 98 101 97 100
MLP2 0.876 1.6 6.8 98 101 97 100
GFF1 0.871 1.6 6.9 98 101 97 100
GFF2 0.872 1.6 6.1 98 101 97 100
JEN1 0.835 1.9 7.2 98 101 97 100

MNN1 0.859 1.8 7.0 99 101 98 100
MNN2 0.866 1.7 7.4 98 101 97 100

The ensemble of 
neuromodels: 0.865 1.7 6.9 98 101 97.2 100

Table 5
 Ensemble of artificial neural networks 

(Trend / NeuroSolutions)

The neuro-
model

The optimal number 
of neurons:

in the first 
hidden layer

in the second 
hidden layer

MLP1 5 -
MLP2 5 9
GFF1 8 -
GFF2 8 8
JEN1 8 -

MNN1 9 -
MNN2 9 4

Fig. 3. Spot price of Urals crude oil (Trend-based neural models / NeuroSolutions, USD): 
a) MLP1 ;  b) GFF1 ;  c) JEN1 ;  d) MNN1
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As can be seen from the data presented in table 7 and 
figure 4, the ensemble of trend-based neuromodels ensures 
high forecasting accuracy for the price of Urals crude oil. 
For example, according to several observations (6, 10, 12, 17, 
20 and 24 February), the deviation between the forecasted 
and actual price values did not exceed 0.3%, i.e. it was an 
arithmetic error. For the entire forecast period, the largest 
deviation between the forecasted and actual price values did 
not exceed 3.5% (observed on February 11 and 25, respective-
ly, there was an underestimation and overestimation of the 
actual price).

2. Neural modelling in Google Colab (in Python 
programming language) 
Based on the results of a series of computational experi-

ments conducted in Google Colab (in the Python program-
ming language), an optimal ensemble of 4 neural models 
of two topologies CNN (Convolutional Neural Network, 
convolutional neural network) and GRU (Gated Recurrent 
Unit, controlled recurrent unit) was constructed. It should be 
noted that based on empirical results  CNN and GRU should 
be included in the optimal ensemble, rather than LSTM 
and WLSTM, as originally planned, due to a more accurate 
approximation of the initial information. The main parame-
ters of the neural models included in the optimal ensemble 
are presented in table 8.

As can be seen from the data presented in table 8, each 
neural model included in the optimal ensemble has a unique 
architecture and parameters. The main differences are related 
to the following characteristics or distinguishing features:

– the type (or topology) of neuromodels (CNN/GRU);
– the size of the time window («window size») and, as 

a  result, the variation in the number of «input» parameters 
of neuromodels;

– hyperparameters of regularization (L2 Lambda and 
dropout); 

– the number of layers and neurons within them.
Key features of neural models:
1. Model 1 (CNN):
1.1. The largest time window («window size» / 10), which 

allows the analysis of long-term dependencies. 
1.2. An attention mechanism with 5 heads is used. 
1.3. A low L2 Lambda regularization value (0.001645), 

which may indicate a lower risk of overfitting.
2. Model 2 (CNN):
2.1. A two-layer architecture with a high L2 Lambda 

regularization value (0.009396), which compensates for the 
complexity of the model. 

Table 7
Short-term forecasting results (ensemble of 
trend-based neuromodels / NeuroSolutions)

Date

Spot price of Urals 
crude oil, USD Deviation of the 

forecast price value
 from the actual 

value, %ac
tu

al

fo
re

ca
st

03.02.2025 68.51 70.07 2.3
04.02.2025 70.05 68.95 -1.6
05.02.2025 68.53 69.91 2.0
06.02.2025 68.32 68.28 -0.1
07.02.2025 68.15 68.44 0.4
10.02.2025 68.3 68.07 -0.3
11.02.2025 70.62 68.13 -3.5
12.02.2025 70.01 70.03 0.0
13.02.2025 68.77 69.72 1.4
14.02.2025 67.71 68.65 1.4
17.02.2025 67.79 67.91 0.2
18.02.2025 68.71 67.73 -1.4
19.02.2025 69.59 68.03 -2.2
20.02.2025 69.69 69.51 -0.3
21.02.2025 68.06 69.31 1.8
24.02.2025 67.76 67.82 0.1
25.02.2025 65.49 67.80 3.5

Fig. 4. Dynamics of change in the spot price of Urals 
crude oil, USD (daily average / NeuroSolutions)

65

66

67

68

69

70

71

03
/0

2/
20

25
04

/0
2/

20
25

05
/0

2/
20

25
06

/0
2/

20
25

07
/0

2/
20

25
08

/0
2/

20
25

09
/0

2/
20

25
10

/0
2/

20
25

11
/0

2/
20

25
12

/0
2/

20
25

13
/0

2/
20

25
14

/0
2/

20
25

15
/0

2/
20

25
16

/0
2/

20
25

17
/0

2/
20

25
18

/0
2/

20
25

19
/0

2/
20

25
20

/0
2/

20
25

21
/0

2/
20

25
22

/0
2/

20
25

23
/0

2/
20

25
24

/0
2/

20
25

25
/0

2/
20

25

actual price
forecast price

Table 8
Main parameters of the optimal ensemble of trend-based neural models (Google Colab)

Parameter Model 1 (CNN) Model 2 (CNN) Model 3 (GRU) Model 4 (CNN)
Window Size 10 9 4 3

Units 117 171 172 229
Dropout Rate 0,25 0,16 0,34 0,26
Dense Units 42 75 34 16
Batch Size 16 16 16 16

L2 Lambda 0.001645 0.009396 0.000082 0.008686
Number of Layers 1 2 1 3
Attention Heads 5 3 7 3

A. M. Abbasov et al. / SOCAR Proceedings  No.3 (2026) 143-153



150

2.2. A high window size (9) combined with a low dropout 
value (0.16).

3. Model 3 (GRU):
3.1. The only artificial neural network of the GRU topolo-

gy in the ensemble. 
3.2. A short window (4), focusing on short-term patterns. 
3.3. A high dropout value (0.34) to reduce overfitting. 
4. Model 4 (CNN):
4.1. The shortest window (3) and three-layer architecture. 
4.2. The highest number of Units (229) in convolutional 

layers.

The strategy for constructing the optimal ensemble is as 
follows:

1. Heterogeneity of architectures:
First, the combination of CNN and GRU enables to cover 

both spatial (through CNN / «convolutions») and temporal 
(through GRU) dependencies. 

Second, variation in the «window size» provides an anal-
ysis of patterns on different time scales. 

2. Regularization: 
Dropout and L2 Lambda regularization are configured 

individually for each model, which reduces the risk of joint 
retraining.

3. Aggregation of predictions: 
The outputs of neural models are averaged or combined 

through weighted voting, which improves generalizing 
ability.

The adequacy of the formed ensemble of neural models is 
evidenced by the values of 3 metrics (indicators):

1.	 MAE (Mean Absolute Error, average absolute error) 
– 1.5306;

2.	 MSE (Mean Squared Error) – 4,2191;
3.	 RMSE (Root Mean Squared Error, the derived indica-

tor is the square root of MSE) – 2.0540.
The  low values of MAE, MSE, and RMSE indicate high 

forecasting accuracy. At the same time, the presence of vari-
ous topologies within the ensemble of neural models reduces 
error variance, which is typical for bagging methods.

However, the adequacy of the optimal ensemble can be 
futher improved in the following areas:

1.	 Using different aggregation methods (for example, 
stacking).

2.	 Adding transformers to analyze global dependencies.
3.	 Optimization of model weights within the ensemble.
The results of short-term forecasting obtained using an 

optimal ensemble of 4 neural models (Google Colab) are pre-
sented in table 9 and visualized in figure 5.

In this case, a comparative analysis is carried out with the 
previously obtained results (table 7 and fig. 4) to determine 
the preference of the methodology used. As can be seen from 
the data presented in table 9 and figure 5, which also shows 
that, as in the previous case (computational experiments were 
conducted in NeuroSolutions), thr ensemble of trend-based 
neuromodels enables to generate a short-term forecast of 
the price of Urals crude oil with a high degree of accuracy. 
For example, for several (i.e. 9) observations, or 52.9% of 
their total number, the discrepancy between the forecasted 
and actual prices did not exceed 1%. A comparison of the 
newly obtained results with the data presented in table 7 and 
figure  4 do not allow to draw an unambiguous conclusion 
regarding the preference of a particular methodology. On the 
one hand, the optimal ensemble of 4 neural models (Google 
Colab) allows to get a larger number of observations that 
deviate from the actual values of the effective indicator with-
in 1%. However, on the other hand, the ensemble of neural 
models (NeuroSolutions) demonstrates the best results based 
on the number of observations that ensure almost complete 
coincidence between the experimental and actual values of 
the Urals crude oil price.

Table 8
Short-term forecasting results (Ensemble of 
trend-based neuromodels / Google Colab)

Date
Spot price of Urals 

crude oil, USD
Deviation of the fore-
cast price value from 
the actual value, %actual forecast

03.02.2025 68.51 69.97 2.1
04.02.2025 70.05 71.19 1.6
05.02.2025 68.53 70.25 2.5
06.02.2025 68.32 69.93 2.4
07.02.2025 68.15 68.71 0.8
10.02.2025 68.3 70.87 3.8
11.02.2025 70.62 70.61 0.0
12.02.2025 70.01 70.11 0.1
13.02.2025 68.77 69.41 0.9
14.02.2025 67.71 67.43 -0.4
17.02.2025 67.79 67.27 -0.8
18.02.2025 68.71 70.04 1.9
19.02.2025 69.59 71.49 2.7
20.02.2025 69.69 70.10 0.6
21.02.2025 68.06 71.98 5.8
24.02.2025 67.76 67.11 -1.0
25.02.2025 65.49 65.27 -0.3
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Fig. 5. Dynamics of change in the spot price of Urals 
crude oil  (USD,daily average / Google Colab)
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Conclusion
Based on the literature review, the authors developed an initial system of factors influencing crude oil 

prices. This system of factors was refined based on the calculation and analysis of Pearson pairwise correla-
tion coefficients. Based on the monthly data for the period from January 1, 2011 to February 1, 2025, it was 
defined that the spot price of Urals crude oil was strongly influenced by only 2 factors, the futures price of 
Brent crude oil (Factor 1) and the EUR/USD exchange rate (Factor 4). The results obtained («screening out» 
of insignificant factors) were taken into account later during the formation of an ensemble of regression-type 
neuromodels. Specifically, based on a series of computational experiments conducted using a special software 
product (NeuroSolutions), 6 neuromodels of 3 different topologies (MLP, GFF and MNN) were included in the 
ensemble. An analysis of the values of the main adequacy indicators allowed to conclude that the monthly spot 
price of Urals crude oil can be accurately forecast. Currently, trend-type neuromodels represent an alternative 
to regression-type neuromodels. Therefore, in the framework of the study, increased attention was paid spe-
cifically to trend-type neuromodels. Initially, computational experiments were conducted in NeuroSolutions 
using artificial neural networks of classical topologies (MLP, GFF, JEN, and MNN). Subsequently, similar 
experiments were carried out in Google Colab (Python programming language) for relatively recent (modern) 
topologies of artificial neural networks (LSTM, WLSTM, GRU and CNN with an attention mechanism). It was 
experimentally established that both ensembles of neuromodels allow for short-term forecasting of the daily 
spot price of Urals crude oil with a high degree of accuracy. According to the results of the empirical study, 
the first hypothesis was confirmed. Both trend-based and regression-type neuromodels provided high accura-
cy in approximating the initial data and subsequent short-term forecasting. The second hypothesis was only 
partially confirmed. Trend-based neuromodels of relatively new topologies demonstrated better predictive 
capabilities only in terms of individual adequacy indicators compared to neuromodels of classical topologies. 
The results obtained may be applied in practice, for example, in the planning and forecasting the values of the 
main indicators of the production and financial activities of oil companies worldwide. In this case, artificial 
intelligence can contribute to making such plans and forecasts more realistic.
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