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Abstract—Forecasting methodologies are widely applied in the analysis of socio-economic sys-
tems. Employing robust forecasting techniques enables organizations to anticipate future de-
velopments, optimize resource allocation, and mitigate potential risks. In the energy sector,
accurate forecasting of supply and demand is essential for maintaining grid stability, reducing
operational costs, and enhancing reliability. This study aims to assess the effectiveness of sta-
tistical and neural network modeling methods in forecasting macroeconomic indicators within
the energy sector of the Russian Federation.
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1. INTRODUCTION

Amid significant transformations in the energy sector and increasing emphasis on sustainable
development, examining the challenges of forecasting the energy balance is essential. The energy
balance represents the interdependence between production capacity and consumption within the
energy system. Effective analysis of energy balance fluctuations requires consideration of a com-
prehensive range of economic, environmental, and technical factors.

The energy balance encompasses more than energy production and consumption. It also requires
consideration of both renewable and non-renewable resource utilization, seasonal fluctuations in
demand, and the influence of industrial and other economic sectors. These factors are essential for
a comprehensive analysis.

The relevance of the chosen topic is dictated by the need to overcome the general economic
problem of electricity shortage.

The article has the following structure. Section 2 describes the collection and processing of data
for making a forecast. Section 3 contains an analysis of forecasting methods. Section 4 presents
the results of the ensemble forecast. The final results are presented in Section 5.

2. DATA COLLECTION AND PROCESSING FOR FORECASTING

In order to obtain up-to-date data, annual macro-economic reports for the period 2005–2020
from the Unified Interdepartmental Information and Statistical System of the Russian Federation
(UIISS) were studied [1, 2]. The data summary sheets had different formats, encoding, and indicator
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USING MACHINE LEARNING METHODS 405

names. Hence, manual transposition was performed, the data were reduced to a common format,
and the names of the indicators were unified.

For the 2021–2022 data collection, annual summary statistical reports on the energy balance of
the Russian Federation were obtained from the official website of the Ministry of Energy [3]. Since
the data in these reports were based on the year-to-year relative change (percentage change) in
indicators, a consistent conversion of relative values to natural indicators (in million tons of reference
fuel) was carried out. At the next stage, an in-depth analysis of data sources was performed,
which proved the absence of freely available energy balance data for the Russian Federation in
the period 2023–2024. After receiving confirmation that the highest possible completeness of the
macroeconomic data is reached, the 2005–2020 and 2021–2022 data were combined and reduced to
a single format. As a result, a table of indicators has been formed, which contains data sorted by
date, type of energy, and consumption sector.

An array of data consisting of 29 blocks on 8 time series (sampled values) was obtained, where
each series had a length of 18 successive values. In this case, two values in each block are aggregators,
so that the total number of input data in the table can be defined as 4032 values. The fragments
of the input data are presented in Table 1.

Table 1. Fragment of the input data.

Based on machine learning methods and statistics, we will create forecasts for the next 7 years
(2023–2030).

3. FORECASTING SMALL SAMPLES OF MACROECONOMIC INDICATORS
OF THE RUSSIAN ENERGY SECTOR

3.1. Machine-Learning-Based Linear Forecast

Linear regression estimation and forecasting imply a number of conditions, such as the normality
of the sample distribution, the robustness of the predicted trend, a small quantity of outliers, and
the homoscedasticity of the series. Despite the fact that the linear method is the fastest, it is
extremely sensitive (not robust) to outliers and produces the largest confidence interval (forecast
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error). This method should be used only in cases where the immediacy is much more important
than the accuracy of the result [4–6].

Methodology. To use a machine-learning-based linear forecasting method, it is necessary to
determine the permissible limits of the values of the predicted variable. It should be noted that a
preliminary determination of the permissible limits of the values of functions and their arguments
is mandatory in almost all machine learning methods using gradient or stochastic optimization.
Usually, the limits are determined by judgmental methods (so, for example, the annual gas pro-
duction limit depends not so much on planning as on the availability of actual natural, material,
and human resources). If it is impossible to obtain the values collected from experts, the limits
are defined as the upper and lower likelihood bounds corresponding to the standard data spread
being two interquartile ranges of sample variance, or as logically reasonable values corresponding
to theoretically achievable maximum and minimum.

It should also be noted that in addition to the boundaries that ensure values are within the
likelihood range, the Tikhonov regularization method is also applied to linear forecasts, which
consists of eliminating sample outliers based on the assumption of a normal input data distribution,
followed by linear imputation of the average values to replace identified anomalies. Another widely
used method is linear forecasting with scheduling imputation, where outliers are determined not
by higher-order statistical moments, but rather based on the hypothesis that they are related to
the known crisis events.

In this case, the values corresponding to crisis moments are imputed using the smart method
(less commonly, the linear method).

1. The limits of permissible forecast values are defined.
2. If necessary, scheduling or statistical regularization is carried out.
3. The linear regression equation is calculated.
4. After checking the results, forecast values that exceed the limits are replaced.

For the mathematical implementation of the logical component of the fourth algorithm step,
piecewise constant functions are usually used, such as:

Kronecker function: δij =

{

1, i = j,

0, i 6= j,

Sign function: sgni =















+1, i > 0,

0, i = 0,

−1, i < 0,

Heaviside function: Hi =

{

1, i > 0,

0, i 6 0.

Using these functions as product elements that take values of either 1 or 0, they can be employed
to include or exclude blocks of values in additive equations.

In general, the linear forecast equation looks as follows:

yn+f = H(k1)H
(

Y+0 − (k1(n+ f) + k2)
)(

k1(n+ f) + k2
)

+H(−k1)H
(

−Y−0 + (k1(n+ f) + k2)
)(

k1(n+ f) + k2
)

+H(k1)H
(

−Y+0 + (k1(n+ f) + k2)
)

Y+0

+H(−k1)H
(

Y−0 − (k1(n+ f) + k2)
)

Y−0,
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where

k1 (slope coefficient) =
nΣn

i=1iYi − Σn
i=1iΣ

n
i=1Yi

Σn
i=1i

2 − (Σn
i=1i)

2
,

k2 (base coefficient) =

Σn
i=1Yi −

(

Σn

i=1
iYi−Σn

i=1
iΣn

i=1
Yi

Σn

i=1
i2−(Σn

i=1
i)

2

)

Σn
i=1i

n
,

yn+f—forecast value for a given date, Yi—sample elements, Y+0—upper limit of permissible forecast
values, Y−0—lower limit of permissible forecast values, n—sample size, f—prediction interval,
yi = k1i+ k2—linear regression equation.

Explanation of the logical components: H(k1) = 1, if the function increases; H(−k1) = 1, if
the function decreases; H

(

Y+0 − (k1(n+ f) + k2)
)

= 1, if the function did not cross the upper
limit; H

(

−Y−0 + (k1(n+ f) + k2)
)

= 1, if the function did not cross the lower limit; H
(

−Y+0+
(k1(n+ f) + k2)

)

= 1, if the function crossed the upper limit; H
(

Y−0 − (k1(n+ f) + k2)
)

= 1, if
the function crossed the lower limit.

3.2. ETS Exponential Smoothing Forecasting Model

The abbreviation ETS (error/trend/seasonality) means that the following predictive factors are
taken into account when making a forecast:

1. The general tendency of growth or decline (trend).
2. Seasonal fluctuations (periodic/harmonic motion).
3. The error significance level increases as we approach the starting point of the forecast.

The ETS forecast is also referred to as the exponential smoothing forecast, which is related to
the method of calculating the significance of the error (exponential amplification).

As in linear forecasting, the main approximation accuracy criterion in the ETS method is the
squared deviation, but in this case, instead of calculating the sum of squares, we obtain the sum
of the products of the squares by their weights, which increase exponentially as they approach the
forecast point [7–9].

The result of the forecast is an additive function consisting of linear and periodic components
[10–14].

The forecast algorithm:

Step 1. Definition of the permissible forecast value limits.
Step 2. Identification of the linear trend using the classic diagonal method.
Step 3. Approximation of the trend residuals by a periodic function.
Step 4. Expert definition of the “data inertia” value.
Step 5. Sample approximation by a linear function, taking into account the error weights.
Step 6. Summation of linear and periodic functions.
Step 7. Forecast generation based on the overall trend.
Step 8. Verification and replacement of the forecast values that exceed the limits.

Let us formalize the implementation of the ETS forecast as part of the algorithm steps mathe-
matically:

Step 2. Identification of the linear trend using the classic diagonal method:

yi1 =
n (nΣn

i=1iyi − Σn
i=1iΣ

n
i=1yi)

Σn
i=1i

2 − (Σn
i=1i)

2
+

Σn
i=1yi −

(

Σn

i=1
iyi−Σn

i=1
iΣn

i=1
yi

Σn

i=1
i2−(Σn

i=1
i)

2

)

Σn
i=1i

n
,
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where yi1—initial linear trend for obtaining seasonal residuals, yi—sample elements, i—element
indices, n—sample size,

k1 (slope coefficient) =
nΣn

i=1iYi − Σn
i=1iΣ

n
i=1Yi

Σn
i=1i

2 − (Σn
i=1i)

2
,

k2 (base coefficient) =

Σn
i=1Yi −

(

Σn

i=1
iYi−Σn

i=1
iΣn

i=1
Yi

Σn

i=1
i2−(Σn

i=1
i)

2

)

Σn
i=1i

n
,

where Yi—sample elements.

Step 3. Approximation of the trend residuals by a periodic function:

n
∑

i=1

(

k3ϕ(k4i)− (k1i+ k2 − Yi)
)2

→ min,

where k1—slope coefficient, k2—base coefficient, k3—selected amplitude coefficient of the periodic
function, k4—selected frequency coefficient of the periodic function.

Step 5. Sample approximation by a linear function with regard to the error weights:

The value of the data inertia coefficient α ∈ ]0; 1] is usually determined according to the expert
opinions; in the absence of such, it is recommended to take a value within 0.25–0.30. The significance
of up-to-date data grows with the increase of the coefficient, while the significance of “stale” data
decreases.

Step 6. Summation of linear and periodic functions:

n
∑

i=1

(

eαi(k5i+ k6 − Yi)

eαn

)2

→ min,

where α—coefficient of “data inertia” (staleness), k5—selected slope coefficient, k6—selected base
coefficient, Yi—sample elements.

Step 7. The final prediction equation without limits looks as follows:

yn+f = k5(n+ f) + k6 + k3ϕ
(

k4(n + f)
)

.

Step 8. Next, we check the results and replace forecast values that exceed the limits.

Thus, we obtain the forecast with limits:

yn+f = H(k5)H

(

Y+0 −
(

k5(n+ f) + k6 + k3ϕ
(

k4(n+ f)
)

)

)

(

k5(n+ f) + k6 + k3ϕ
(

k4(n+ f)
))

+H(−k5)H

(

−Y−0 +
(

k5(n+ f) + k6 + k3ϕ
(

k4(n+ f)
)

)

)

(

k5(n+ f) + k6

+ k3ϕ
(

k4(n+ f)
))

+H(k5)H

(

−Y+0 +
(

k5(n+ f) + k6 + k3ϕ
(

k4(n+ f)
)

)

)

Y+0

+H(−k5)H

(

Y−0 −
(

k5(n+ f) + k6 + k3ϕ
(

k4(n+ f)
)

)

)

Y−0.

3.3. Neural-Network-Based Forecast

A neural network functions through interconnected nodes called neurons. These nodes are
organized into a multi-layered structure that resembles the structure of the human brain.
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Fig. 1. Schematic drawing of an artificial neural network.

The most elementary neural network, called a perceptron, is a simplified simulation of the
activity of a biological network consisting of neurons and connections between them.

The structure of a formal neuron is shown in Fig. 1.

A set of signals is coming to the input. Each signal is subjected to a weighting procedure, i.e.,
multiplied by a preset coefficient:

netj =
N
∑

i=1

xiwij ,

where netj—total value that would result from processing all incoming signals of neuron j (neuron’s
summed input), N—total number of elements whose input parameters affect the input signal j;
wij—weight determining the strength of the connection linking neuron i with neuron j.

Summing up all the input signals, previously multiplied by the corresponding weights, we get
the total input signal of the neuron.

Each neuron functions according to its own internal algorithm that determines the input signal.
This algorithm calculates the result based on the total value received by the neuron. This rule is
called the activation function f(x).

Let us turn to the Widrow–Hoff learning rule, also known as the delta rule. Its objective is to
minimize the root-mean-square error that has arisen in the neural network. This error is calculated
for the input data using the formula:

E =
1

2
(Y − d)2,

where d—desired output value.

Each neuron performs weighted sum calculations using the following formula:

S = w1X1 + w2X2 − b,

where b—defines the critical level (threshold).

For example, consider the linear activation function given as Y = x. In this case, the functional
of the error will be determined by the following formula:

∂E

∂w1

= (X − d)X1,

∂E

∂w2

= (X − d)X2,

∂E

∂b
= −(X − d).
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The weights and biases of the neuron are determined by the following formulas:

wi(t+ 1) = wi(t)− α(Y − d)Xi,

b(t+ 1) = b(t) + α(Y − d).

In this particular scenario, the error functional is defined as:

E =
1

2
Σj(Yj − dj)

2.

The coefficients determining the weights and biases of neurons are calculated using the following
formulas:

wij(t+ 1) = wij(t)− α(Yj − dj)Xi,

bj(t+ 1) = bj(t)− α(Yj − dj).

The error back-propagation algorithm serves as the core tool for training multilayer neural
networks based on the principle of the forward signal propagation. Training essentially boils down to
two consecutive stages covering each layer of the network: forward and backward passes. Synaptic
weights, denoted as wk

i,j (i is the weight number, j is the neuron number, k is the layer number),
are adjusted to achieve the best match between the actual signal output and the desired output.
The output value of the jth neuron located in the kth layer is determined as follows:

Y k
j = F

(

Σwk
i,jY

k−1
i − bkj

)

.

The input signal for the jth neuron of the last layer is calculated as follows:

Yj = F
(

Σwi,jY
n−1
i − bj

)

.

The error functional of the neural network is defined as:

E =
1

2
Σj(γj)

2,

where γj = Yj − dj—error of the jth neuron located in the output layer.

Error of the jth element located on the kth hidden layer:

γkj =
∂E

∂Y k
j

= Σj

∂E

∂Yj

∂Yj

∂Sj

∂Sj

∂Y k
j

= Σj

∂E

∂Yj

∂Yj

∂Sj

wi,j = Σj(Yj − dj)F
′(Sj)wi,j = ΣjγjF

′(Sj)wi,j.

Error gradients:

∂E

∂wi,j

=
∂E

∂Yj

∂Yj

∂Sj

∂Sj

∂wi,j

= γjF
′(Sj)Y

k
j ,

∂E

∂bj
=

∂E

∂Yj

∂Yj

∂Sj

∂Sj

∂bj
= −γjF

′(Sj),

∂E

∂wk
i,j

= Σj
∂E

∂Yj

∂Yj

∂Sj

∂Sj

∂Y k−1
j

∂Y k−1
j

∂Sk−1
j

∂Sk−1
j

∂wk
i,j

= γjF
′
(

Sk
j

)

Y k
j .

The weights and biases of the neurons are determined by the following formulas:

wk
ij(t+ 1) = wk

ij − αγkj F
′
(

Sk
j

)

Y k
j ,

bkj (t+ 1) = bkj − αγkj F
′
(

Sk
j

)

,

where α(0 < α < 1)—learning rate.

AUTOMATION AND REMOTE CONTROL Vol. 87 No. 5 2026



USING MACHINE LEARNING METHODS 411

The algorithm will be executed until E > Em, Em, where Em is the desired value of the root
mean square error of the neural network.

Let us create a simple, non-recurrent, perceptron neural network for the autoregression of each
data series:

yn+f = kn0tanhkn1tanh





i=m
∑

i=1

knitanh





i=1
∑

j=i

knijtanh(Yij)







 ,

where yn+f—forecast at time n+ f , Yij—sample elements, tanh(x)—hyperbolic tangent function,
knij—coefficients of the neuron input weights calculated during training, f—forecast lead time,
m—number of input neurons, n—number of inputs of each first-layer neuron.

Let us train the neural network using the standard stochastic Hopfield method or the gradient
descent method (EBP), minimizing the sum of squared deviations.

3.4. The Ensemble Forecast

Figure 2 shows graphs for all three of the above types of forecasts (linear forecast, ETS forecast,
neural forecast).

As one can see, the forecasts are considerably different:

1. The linear forecast shows a significant decrease.
2. The ETS forecast shows a decrease, an increase, and then a decrease again.
3. The neural forecast shows an increase.

Such significant discrepancies in forecasts usually appear when predicting small and ultra-small
time series (less than 30 elements), since their statistical deviations are very large and, for example,
in a sample of 20 elements, may be up to 2σ.

In such cases, a predictive ensemble (combined forecast) is created from a set of disparate
forecasts, the main task of which is to give a consensual prediction depending on the degree of

Fig. 2. Linear forecast, ETS forecast, neural forecast.
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Fig. 3. Russian energy balance forecast.

Fig. 4. Forecast. Production and generation. Energy imports.

Fig. 5. Forecast. Energy exports. Total consumption in RF.

confidence in a particular methodology:

yn+f =
m
∑

i=1

diyn+fi;
m
∑

i=1

di = 1,

where yn+f—forecast at a time n+ f , yn+fi—forecast according ith method, di—confidence coef-
ficient of the ith method, m—number of forecasting methods.
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The simplest ensembling method is the Bayesian method, which assumes an equal degree of
confidence in all forecasting methods [15–17]:

yn+f =
m
∑

i=1

yn+fi

m
.

Using this method, we will calculate ensemble forecasts and plot such forecasts both for indi-
vidual indicators and the energy balance as a whole.

Let us consider the general ensemble forecast of the energy balance (Fig. 3).

As we can see, if current trends continue in the period 2023–2030, an energy deficit in the
amount of 20 to 120 million tons of reference fuel is expected, which, with the total volume of
current production, ranges from 0.7% to 4.2%. Such a deficit can be easily covered by a planned
increase in production by 0.6–0.7% per year.

Now let us find out the causes of a possible shortage. Figure 4 shows that total production will
remain unchanged, while energy imports will increase slightly.

Figure 5 shows that exports and domestic consumption will increase significantly.

Thus, even an intuitive analysis of the graphs let us conclude that the growth of domestic
consumption and exports of energy resources will be the main causes of a possible energy shortage.

4. RESULTS. ASSESSMENT OF FORECAST QUALITY

The estimate of the possible deviation of the predicted value represents the estimated limits
of fluctuations in the predicted value, defined as the confidence interval of the forecast. They
are usually designated as “pessimistic” and “optimistic” limits of the forecast. The value of the
confidence interval is based on the assumption that the predicted value has a Gaussian normal
distribution, as well as on the amount of uncertainty allowed in the forecast.

The value of the confidence interval is calculated for each forecast period using the formula:

∆Xn = nZαRMSE,

where n—prediction interval, Zα—multiplier of the significance level, RMSE—standard deviation
of the trend.

Thus, each subsequent value of the predicted variable expands its probabilistic bounds by at
least one standard deviation, and the maximum significance level of the forecast corresponds to a
deviation of 68%.

Let us estimate the confidence interval of the components of linear, exponential, neural, and
ensemble forecasts of the energy balance, which include exports, imports, production, and con-
sumption of energy resources.

For this estimation, it is first necessary to find the standard sample approximation error for the
linear, exponential, and neural trends of these components. In all three cases, it can be estimated
as:

RMSE =

√

√

√

√

√

n
∑

i=1

(Xi − xi)2

n− 1
,

where Xi—actual values of the predicted variable, xi—values of the predictive trend, n—sample
size of the actual values.

In this case, the limits of the confidence interval for the predicted values are defined as:

Di>n = xi ± Zα(i− n)RMSE,
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Fig. 6. Ensemble forecast of the Russian energy balance with confidence interval.

where xi—values of the predictive trend, n—sample size of the actual values, Zα—multiplier of the
significance level, RMSE—standard deviation of the trend.

Since the actual energy balance is a value reduced to zero, it is impossible to estimate its
deviation from any predictive trends. In this case, calculated estimates of the error in energy
balance components can be used, and regardless of whether the component has a negative or
positive effect on the energy balance, the fraction of error it introduces should be accounted for as
increasing the total error.

For each type of energy balance forecasts, we obtain the values of the cumulative RMSE using
Bayesian ensembling and estimate the error of the ensemble forecast as an arithmetic mean (see
Table 2).

Table 2. Benchmarking of forecasts

Energy balance forecast
Absolute

cumulative RMSE
Relative

cumulative RMSE

Linear 74.5223 5.14%

ETS (exponential) 75.4225 5.22%

Neural 77.5736 5,67%

Ensemble 75.8395 5.23%

Let us plot the resulting ensemble forecast with confidence intervals (see Fig. 6).

It should be noted that the confidence interval reflects outer limits beyond which the predicted
value will not exceed at the specified significance level [18–20]. However, the display of the confi-
dence interval, especially for long-term prognostic periods, suggests a low forecast accuracy and a
significant spread of possible values. Hence, for graphs, it is recommended to use a predictive corri-
dor, which is a visual representation of the standard deviation or the results of frequency analysis.
In this case, the display of the forecast limits will be smoother, narrower, and non-expansive. Let
us consider the limits of the predictive corridor for displaying the ensemble forecast of the energy
balance.

In this case, the limits of the predictive corridor for the predicted values are defined as:

Fi>n = xi ± ZαRMSE,

where xi—values of the predictive trend, n—sample size of the actual values, Zα—multiplier of the
significance level, RMSE—standard deviation of the trend.
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Fig. 7. Ensemble forecast of the Russian energy balance with predictive corridor.

Fig. 8. Three-dimensional graph of sectoral forecasts.

So, for α = 0.25, the expected deviation will be 1.15σ, which is reflected in the graph in Fig. 7.

As the figure shows, this representation of the forecast is much more favorable in terms of
psychological perception.

As a conclusive outcome, a three-dimensional graph of sectoral forecasts is constructed (Fig. 8)
in order to identify industries where energy supply requires special attention.
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From the graph (the green area of near-zero values on the right), it immediately becomes clear
which industries in the Russian Federation are not receiving enough attention. In order to better
diversify the economy, these industries need to be stimulated.

5. CONCLUSION

Based on the time series analysis of indicators of the energy balance of the Russian Federation,
both classical statistical models and deep learning methods, as well as their ensemble combination,
were implemented and investigated.

The results revealed the advantages and limitations of each forecasting model. It is shown that
the use of an ensemble model combining the predictions of various methods provides higher stability
and accuracy of the results compared with individual models.

The economic value of the developed forecasting system is confirmed by the possibility of its
application for strategic and operational planning, risk management, and the formation of com-
petitive advantages in the energy market. The practical implementation of the models and the
constructed ensemble based on real data has shown their applicability to the tasks facing energy
companies, traders, and government regulators.
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