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NEURAL NETWORK FORECASTING OF ENERGY CONSUMPTION OF A
METALLURGICAL ENTERPRISE

The subject of the research is the methods of constructing and training neural networks as a nonlinear modeling apparatus for solving
the problem of predicting the energy consumption of metallurgical enterprises. The purpose of this work is to develop a model for
forecasting the consumption of the power system of a metallurgical enterprise and its experimental testing on the data available for
research of PJSC "Dneprospetsstal”. The following tasks have been solved: analysis of the time series of power consumption;
building a model with the help of which data on electricity consumption for a historical period is processed; building the most
accurate forecast of the actual amount of electricity for the day ahead; assessment of the forecast quality. Methods used: time series
analysis, neural network modeling, short-term forecasting of energy consumption in the metallurgical industry. The results obtained:
to develop a model for predicting the energy consumption of a metallurgical enterprise based on artificial neural networks, the
MATLAB complex with the Neural Network Toolbox was chosen. When conducting experiments, based on the available statistical
data of a metallurgical enterprise, a selection of architectures and algorithms for learning neural networks was carried out. The best
results were shown by the feedforward and backpropagation network, architecture with nonlinear autoregressive and learning
algorithms: Levenberg-Marquard nonlinear optimization, Bayesian Regularization method and conjugate gradient method. Another
approach, deep learning, is also considered, namely the neural network with long short-term memory LSTM and the adam learning
algorithm. Such a deep neural network allows you to process large amounts of input information in a short time and build
dependencies with uninformative input information. The LSTM network turned out to be the most effective among the considered
neural networks, for which the indicator of the maximum prediction error had the minimum value. Conclusions: analysis of
forecasting results using the developed models showed that the chosen approach with experimentally selected architectures and
learning algorithms meets the necessary requirements for forecast accuracy when developing a forecasting model based on artificial
neural networks. The use of models will allow automating high-precision operational hourly forecasting of energy consumption in

market conditions.
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Introduction

Black metallurgy is one of the most energy-intensive
industrial sectors. It is characterized by a high level of
electricity consumption that is a significant component of
energy use. Thus, the share of electricity in the cost of
production of large enterprises in the industry varies from
11% to 16%, and in some cases its share increases
to 30% [1].

The most electricity-intensive are steel production
(its share of consumption is 32.3%), production of hot
(21.9%) and cold-rolled products (12%), as well as
agglomerative production (14.5%), blast-furnace based
steel production (6.9%) and coke production (5.2%) [2].

The maximum specific consumption of electricity
that is in electric steel production is 727 kWh / t of steel.
Under this condition the consumption of electricity per ton
of steel depends on the power of transformers, the specific
electric power of arc furnaces, the use of fuel and oxygen
burners, preheating of scrap and out-of-furnace
processing.

The power consumption forecast in metallurgy that
is necessary for optimal control of loading modes of
electric power plants, which includes regulation of active
and reactive loads of metallurgical enterprise,
minimization of losses from reactive power flows and
maintenance of voltage within set limits in electric
networks due to strict power quality requirements.

The power consumption forecast in metallurgy that
is necessary for optimal control of loading modes of
electric power plants, which includes regulation of active
and reactive loads of metallurgical enterprise,
minimization oflosses from reactive power flows and

maintenance of voltage within set limits in electric
networks due to strict power quality requirements.

The peculiarities of electricity consumption by
ferrous metallurgy enterprises include: a large number of
electrical equipment that is used in the implementation of
the technological process in each unit; great variety of
types and capacities of electricity receivers; relatively
weak links between the mutual influence of electricity
receivers in the implementation of the technological
process; a large number of electrical equipment that
participates in ensuring the technological process in each
unit and creates a conditionally constant load, also
depends on the intensity of the technological process;
factors those randomly affect the modes and volume of
electricity consumption; a large number of hours of use of
maximum electric power; large electrical intensity of the
final product types; the possibility of changing the modes
of operation and composition of equipment in the unit,
product range and other systematically acting factors [3].

Therefore, the problem of forecasting electricity
consumption in metallurgical production is one of the
important scientific and practical tasks in the power
industry today.

Planning is one of the main management functions.
The deviation of actual consumption from the declared
numbers by more than a certain percentage leads to the
purchase of electricity from the balancing market at a
higher price, deviation to a lesser value is also being
punished by payment for undelivered electricity, which is
determined by the difference between declared and actual
consumption by the set fee rates.

The complexity of the energy consumption forecast
caused by the need to consider many factors that affect
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electricity consumption (the environment temperature; the
level light; the day length; day of the week; transitions
from winter to summer time and back; the presence of
extraordinary events (disasters; mass actions); weather
forecasts the state of other factors that affect the change in
consumption in accordance to the data obtained from the
processing of consumption statistics).

Improving the accuracy of forecasting saves energy
resources, determines the efficiency of power supply
management and, accordingly, increases the profits of
energy companies. The need for accurate forecasting of
electricity consumption is conditioned by technological
and economic reasons. The total payment for the
consumed electricity for the enterprise as a market
participant consists of the payment for the actually
consumed volume of electricity and the payment for the
deviation of the actually consumed volume from the
declared (forecasted) one. The higher possibility of the
forecast error is, the greater is the deviation of the actual
amount of electricity consumed from the declared
(forecast) the greater is the additional costs of the
enterprise to pay for electricity. Thus, reducing the
forecast error will allow the enterprise to reduce the
additional fee for electricity consumption caused by
inaccurate forecasting.

In large energy-intensive industries, the share of
electricity bills in the cost of production can reach tens of
percent (for example, in metallurgical production, it is
11% - 30%) [4], and in a market economy, the prime cost
of production will determine its competitiveness. Thus, in
the conditions of modern energy market for large
enterprises and mining industries it is important to create a
system of hourly electricity consumption, which
minimizes the deviation of power consumption from the
declared.

Based on the done forecast, the actual and optimal
modes of operation of power systems are calculated, as
well as qualitative parameters (reliability, quality of
electricity, etc.) are evaluated. Clear forecasting of
electricity consumption provides optimal load distribution
within the production process.

Analysis of recent research and publications

Currently, forecasting of electricity consumption in
most of industrial enterprises is made on the experts’
evaluation method, which in most of cases is not able to
provide the necessary forecast accuracy. Electricity
consumption forecasting gives us primary information for
planning normal operating modes in energy management.

The accuracy of forecasting directly depends on the
calculation methods. There are a large number of models
and methods of short-term forecasting of the load on the
power system of a metallurgical enterprise.

The formation and development of methods of
mathematical modeling, forecasting and planning of
electricity consumption, in particular in metallurgy, is
related with the work of scientists, an overview of the
main ideas of those are given below.

The monograph by Belt C.K. [5] is a fundamental
work in energy management in the metallurgical industry.

The main idea that can be traced in it is that in the
metallurgical industry there are unique processes and
conditions those require a more individual approach. The
author gives an explanation that the general
methods of energy management in the very metallurgical
industry, describes the advantages and reasons for
implementing an energy management program, as well as

reveal the basic indicators, tells us about data
analysis,  project identification and  processes
improvement.

In the article [6] a group of scientists presents a
systematic review of existing publications on energy
management in industry, that identifies five main elements
of energy management, based on the following topics:
strategy; planning, implementation; operation, control;
organization and culture. The authors have developed a
conceptual structure of energy management, which
shows that a comprehensive approach is needed to
effectively use the existing potential of energy
efficiency.

The book [7] was written by the authors of the
Neural Network Toolbox for MATLAB and provides a
detailed description of the fundamental architectures of
neural networks, learning rules, and applications for
solving practical problems.

In [8], the authors offer the use of a deep neural
network (DNN) for short-term electrical load prediction
(STLF), which allowed to overcome the problems of
nonlinearity and achieve higher prediction accuracy.

The manual [9] covers the latest trends and
technologies in energy engineering and related industries,
contains the latest materials on energy planning and
policy.

The educational publication [10] explores a humber
of sustainable energy sources and tools used to analyze
industry and future energy trends. The text contains an
overview of energy economics with an integrated software
package for research on energy use dynamics and
forecasting; climatic and environmental factors of using
energy are taken into consideration.

The main disadvantage of the existing methods is the
need to build a load model and the constant refinement of
the designed model. Another disadvantage of these
methods is the inaccurate setup of the relationship
between input and output variables, because the
relationships between them are nonlinear.

Most of the existing power consumption forecasting
algorithms are developed in the energy sector function as
a combination of various statistical methods. However,
due to the nonlinear relationship between the factors and
the load on which it depends, qualitative modeling is a
very complex process. The known methods of forecasting
electricity consumption do not work with distorted or
incomplete data, so we need new methaods, approaches of
forecasting electricity consumption, those could take into
account different types of data.

In this paper, based on the analysis, the MATLAB
complex with the Neural Network Toolbox was
chosen to develop a model for forecasting the energy
consumption of a metallurgical enterprise on the basis of
ANN.
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Highlight of the earlier unresolved parts of the general
problem. Aim of the study

When we are building a model of forecasting
electricity consumption for a metallurgical enterprise,
several tasks are being set. They are:

1. To construct a mathematical model by processing
the data on the load for the past period of time;

2. To obtain a forecast based on the obtained model.

The task of this study is to get as much information
as possible from the available data to do and to build the
most accurate forecast possible. The specific actions are
selected on the basis of available data and availability of
informational and technical systems. The solvation of this
problem requires preliminary research and descriptive
analysis.

To solve the problem of forecasting electricity
consumption, a number of smaller subtasks are set, those
at the final stage will achieve the goal - to build a forecast
with maximum accuracy.

The general task is divided into a number of
subtasks, those include:

- descriptive analysis of the time series, or graphical
analysis. The graphic analysis gives us an ability to
identify obvious trends and patterns in the original data;

- time series research, as well as identification of
regular and permanent components;

- obtaining an accurate forecast of the time series,
taking into account fluctuations;

- evaluation of the quality of the constructed
forecast.

The study of forecasting approaches shows that there
is no standard, single method for forecasting electricity
consumption: any enterprise has its special technological
cycles, those together form a process that is unique to
every enterprise.

The electricity consumption processes have
functional, cyclical and random tendencies. The cyclic
dependencies (they are usually daily, weekly and annual)
are the easiest to predict. The cyclical trends, according to
preliminary estimates, are for about 70 - 80% of all
changes in the process of electricity consumption [11]. For
example, the most significant cyclic factors in almost all
industrial processes are the time, day of the week and the
length of daylight.

The second of the important factors those are studied
when solving the problem of forecasting are functional
nature patterns (10 - 15% of the total deviations) [12].This
group can include deviations, those are explained by
known and predicted factors those are specific to the
metallurgical enterprise they are: air temperature or
coolant use. Data analysis helps us to identify these
factors and calculate their weight share in the energy
consumption process.

The third component of the forecast is random
trends. Their percentage share in the overall process is
small, but the amplitude of deviations can be significant.

Operational forecast of electricity and power
consumption is studied with the base on the current
dynamics of power consumption at the last minute of each
hour, but the main guideline for the technologist who

forms the forecast of consumption for the planned period
is the trajectory of power consumption, placed in short-
term consumption forecast. Therefore, providing the high
accuracy of short-term forecast of electricity demand and
capacity in power systems is a priority task. The
operational ~forecasting of electricity and power
consumption is a component of short-term forecasting.

The objective of this paper is to develop a model for
forecasting the power system consumption of a
metallurgical enterprise and its experimental testing on the
data of "Dniprospetsstal” named after A. M. Kuzmin.

Solving the issue of improving the quality of
operational consumption forecasting will be considered as
a set of measures to improve the quality of short-term
forecasting.

Materials and methods

The task of short-term forecasting of electricity
consumption is a difficult task. The apparatus of artificial
neural networks (ANN) has the ability to generalize
information that describes nonlinear dependences in
complex objects, processes and phenomena.

The shares of electricity consumption in the energy
consumption  system of PrJSC  "Dniprospetsstal
Electrometallurgical Plant” are determined by the
production cycle, but in addition to the process of furnaces
loading, they are affected by other needs those appear
during the working hours. Therefore, as an array of input
data for forecasting, statistical information was taken on
the hourly consumption of electricity during the 24 hours
period for the autumn months. Units of measurement of
input information are MW / h.

Based on the training varieties and the formation of
the forecast at the initial stage of the research, it is
necessary for the ANN to select the weight coefficients in
such a way that the standard deviation of the values of the
outputs will be minimal. This requirement applies to the
network of direct data extension and reverse error
propagation (Feed-forward backpropagation - further FfB)
[13]. Such network architecture requires its training at the
expense of setting time targets, those should be the
standard in the formation of the forecast and the input data
that must be processed.

In order to set the input and target values of the
function for the ANN model, it is necessary to use the
architecture with nonlinear autoregression (NARX),
which is presented in Figure 1. It is a recurring dynamic
network with reversed connection that has several layers
and is based on the autoregressive model:

y(®) = f(y(t-1), y(t-2),... y(t—n), x(t-1),... x(t—n)) .(1)

The predicted value of y(t) depends on the n previous
values of the output and on the n previous values of the
time series. Fig. 1 shows the neural network scheme used
in this research.

The NARX network in figure 1 is a two-layer
reversed expansion neural network. The sigmoidal
function acts as a transfer function in the hidden layer, and
the linear function acts as a transfer function in the output
layer.
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The given network model uses delay lines with taps
to store the previous values of x(t) and y(t). The original
value of y(t) is given back to the input of the network
(after the delay), as y(t) is a function dependent on the
previous values: y (t-1), y (t-2), ..., y (t-d).

There are two entrances in the network. One is
external, and the other is connected to the output of the
network, from that the input values are obtained. For each
of the inputs there is a delay line with taps for storing the
previous values. The number of neurons at the latent level
will be established experimentally, and the number of
delays is 2.

A closed loop in nonlinear autoregression allows
one-step predictions, that is, it predicts the value of y(t)

from the previous values of x (t-1), x (t-2), y (t-1), and
y(t-2). A closed-loop circuit can be used to perform multi-
step prediction. This is caused by the fact that the
predicted values of y(t) will be used instead of the actual
future values of y(t).

Before you can start training a network that contains
delay lines with taps, you must fill them with the initial
values of input and output.

The task is to predict the time series, so as
the input data will be used the numbers of time
intervals in the prescribed manner, and as the
output - the wvalue of the analyzed energy
consumption.

4\ NARX Neural Network - Closed Loop (view)

Hidden

Fig. 1. Closed loop in a network of nonlinear autoregression

For effective network training, all input data is
divided into three subsets. The first will be needed for
training of a network (correction of scales). 70% of the
data was used for the first one.

The second subset is necessary to avoid network
overfitting. The control of network learning is carried out
by calculating the error on the data from this subset. At
the initial stage of learning the neural network, the error
should be reduced. The over fitting will be evidenced by
an increase in error. Therefore, a trained system will have
scales, at those the error on the test subset would be
minimal.

The third subset is a test. It is useful when comparing
different models as an independent test of a trained
network. Also, the test subset may indicate poor
separation of the output data, if the minimum errors
on the data and the verifiable subset are achieved in
substantially distant ones from one iteration. For the
second and third subsets, 15% of the data were

Another approach to forecasting energy consumption
is deep learning [14]. A deep neural network allows you to
process a large amount of input information in a short
time, has the ability to build dependencies on non-
informative input information, to detect hidden
dependencies between the inputs and outputs.

Neural networks with long short-term memory
(LSTM) have been created as a modification of recurrent
neural networks (RNNSs), those can be selected. Any
recurrent neural network has the form of a chain of
repeating modules of the neural network.

The core components of the LSTM network are the
input sequence layer and the LSTM layer. The LSTM
layer studies long-term relationships between time steps of
given sequences.

The diagram in fig.2 illustrates the architecture of a
simple LSTM network for forecasting. The network is
started from the input layer of the Sequence Input
sequence, which provides the LSTM layer. To predict
class marks, it ends with a Fully Connected layer and
regression of the source layer.

allocated.
Sequence
quen H LsTM H

Connected }_" Regression

Fully

Fig. 2. Simple LSTM network architecture
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To predict the meaning of future sequence time
steps, it is possible to train the LSTM chain from sequence
to sequence, where the answers are training sequences
with values shifted by one. Thus, at each time step of the
input sequence, the LSTM network learns to predict the
value of the next time step. The training of such
a network is carried out using the method of adam -
adaptive moment estimation, optimization
algorithm [14].

Forecast accuracy is estimated as the mean absolute
error in percentages (MAPE):

_i P ‘Yi _)_/i"
MAPE = pizzl:—yi 100,

)

where y, — actual load values, forecast result, p is the
amount of data.

According to the analysis of publications [7, 13, 15],
a forecast error of no more than 5% is acceptable.

Study results and their discussion

In the Neural Network Toolbox environment, it is
possible to use the following algorithms for learning
neural  networks: nonlinear  Levenberg-Marquardt
optimization, Bayesian Regularization methods and
conjugate gradient methods (Scaled Conjugate Gradient)
those are detailed described in sources [7, 13].

For objectivity of comparison of indicators of quality
of forecasting at application of various algorithms of
forecasting with use of the corresponding architecture of
construction of ANN one was chosen exactly and on the
same day that gave an opportunity to compare the results
of received forecasts in the most accurate way.

When modeling the process of electricity
consumption in the power system at the initial stage, a
network that has an architecture of direct data propagation
and  reverse  error  propagation  (Feed-forward
backpropagation, or — FfB) and trained according to the
Levenberg-Marquardt Algorithm was chosen.

The training results of the neural network in
MATLAB are presented in the following way (fig. 3).

4\ Neural Network Training (nntraintool)

)

Meural Network

. xit) Hidden
p—o— 13- [
1 Y
L2 W
yit) &
L b
1 10
Algorithms
Data Division: Random (dividerand)

¥it)

)

Training: Levenberg-Marquardt (trainlm)

Performance: Mean Squared Error  (mse]

Calculations:  MEX

Progress

Epoch: 0| 10 iterations | 1000
Time: | 0:00:01 |
Performance: 1.55e+07 | 2.9%e+04 | | 0.00
Gradient: 2.95e+07 | 1.04e+04 | | 1.00e-07
Mu: 0.00100 | L.00e +03 | 1.00e+10
Validation Checks: 0| f | 6

Fig. 3. The Neural network training results performed by Levenberg-Marquardt Algorithm on the architecture of the FfB model

In the following stages of the training, the same type
of architecture, FfB, was used, but the learning algorithm
changed: first, the Bayesian regularization algorithm, then
the combined gradient method.

According to the obtained results, the comparison of
the generated forecast from the actual values using
different training algorithms on the FfB architecture are
presented in fig. 4.
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where 1 - The actual value of energy consumption; 2 - forecast value of energy consumption according to Levenberg-Marquardt
Algorithm; 3 - forecast value of energy consumption according to Bayesian regularization algorithm; 4 - forecast value of energy

consumption by the method of combined gradients
Fig. 4. Results of energy consumption forecasting using ANN

In contrast to the above ANN, a separate software
solution is required for forecasting using the LSTM
network.

The sequence of software implementation of deep
training in the MATLAB package is:

1) to import data from Excel;

2) to divide the data into a training sample and a test;

3) to standardize the data to have a zero mean and
modular deviation;

4) to create an LSTM regression network. Set the
LSTM layer, which has 5 hidden modules. Further
increase in the number of LSTM modules or layers
doesn’t improve the forecast quality due to insignificant
quantity of training data in our case.

5)to set training options. Specify the ‘adam’
algorithm and train LSTM with the given training options
using train Network for 250 epochs. To prevent the
gradients from exploding, set the gradient threshold to 1;

6) to predict the value of several time steps in the
future, use the predict And Update State function;

7) to initiate a network state, first predict the training
data XTrain. Then we make the first prediction using the
last time step of the learning answer Y Train (end).

Table 1. Characteristics of ANN training

The results of forecasting with the LSTM network
are shown in fig. 5.

4 Forecast
42 10
. -... A AT Fact
n -+ Foraczst
#38 " .
ol
u L]
36r _A /
34"
0 3 10 15 20

Fig. 5. Display of actual and forecasted data values with the
LSTM network

The results of the obtained forecasts and calculations
of forecasting accuracy according to formula (2) on
different training algorithms are summarized in table 1.

Parameters Levenb;:go—rim?nrquardt Bayesian regularization algorithm | Combined gradients ngfv‘\l;(l)\l{lk
Epoches number 10 211 7 250

Training time 0:00:01 0:00:05 0:00:01 0:00:05
MAPE, % 2,87 3,07 3,27 2,59
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According to table 1, the best among the used ANN
for this training is the LSTM network, the maximum
prediction error is 2.59% modulus per operating 24 hours
period. In absolute terms, this is 1,069.76 MW.

The use of artificial neural networks allows to
increase the consumption forecasting efficiency, as well as
to consider the dynamic processes those are occurring in
the power system, which affect the nature of electricity
consumption and power, which increases the accuracy of
forecasts.

To implement this task, the optimal software and
hardware complex MATLAB was selected, that has tools
for building and realizing ANN. We had the wide range of
possibilities and proposed ready-made solutions so an
analysis of the choice of the ANN architecture and the
algorithm of its training was carried out in this software
package.

Using MATLAB software package, experiments on
the basis of statistical data of the metallurgical enterprise
by the method of artificial neural networks were
conducted. It is revealed that the developed neural
networks may be used to make a forecast of electricity
consumption for the 24 hours’ time period ahead with a
maximum accuracy of 2.87% of the actual volume of
electricity consumed.

Conclusion and perspectives of further development

Developed models for  forecasting  energy
consumption of "Electrometallurgical Plant
"Dniprospetsstal” named after A. M. Kuzmin power
systems based on LSTM ANN meet the requirements for
the quality of short-term forecasting of consumption in
power systems. But they fail to include all energy
consumption problems and factors that affect the energy
system of the enterprise. Therefore, there are a number of
ways for the further model’s improvement.

An important aspect of ferrous metallurgy
enterprises is the risk of downtime for various reasons, the
prediction of those using neural networks is considered in
the article [16]. This fact makes a challenge for further
research in this area regarding uninterrupted power supply
and the impact of risk factors on the random component of
the time series.

The issue is being analyzed in the articles by Chinese
authors [17] relate to forecasting energy consumption in
non-ferrous metallurgy, those enterprises have their own
characteristics. The method of hybrid regression of
reference vectors for research, that inspires to compare the
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HEWPOMEPEKEBE INPOT'HO3YBAHHSI EHEPT' OCIIO’KMBAHHSI
METAJIYPI'TUHOI'O INIIAITPUEMCTBA

[peamerom nocCiHiIKeHHS € METOAM MOOYIOBHM 1 HAaBYaHHS HEHPOHHHX MEpPEX SK amaparTy HETiHIHHOrO MOJENIOBaHHS Ui
PO3B'sI3aHHS 3aj1adi IPOTHO3YBAHHS E€HEProCIIOKMBAHHS METalypriiiHuX mianpueMctB. MeToro maHoi poboTu € po3poOka Mopemi
NIPOTHO3YBAaHHS CIIOKMBAHHS EHEPrOCUCTEMH METANTyprilfHOTO MiANpHEMCTBA 1 HOTO eKCIIepUMEHTalbHe BHIIPOOYBaHHS Ha
NOCTYNHHUX I JociipkeHHs paHux I[IpAT "[Iminpocmencrams". BupimeHi HacTymHI 3aBHAHHS: aHAI3 YacOBOTO PsIy
€JICKTPOCIIOKHMBAHH; OOYI0BAa MOJIENI, 3a JOIIOMOTOIO SKOI 0OpOOIISIOTECS IaHi PO €IEeKTPOCIIOKMBAHHS 33 ICTOPHYHMI Hepiox;
noOy/soBa SKOMOra TOYHIIIOTO MPOrHO3Y (AKTUYHOrO 00CATY eJeKTpoeHeprii Ha o0y BIEpeA; OILiHKa SKOCTI MPOTHO3Y.
BUKOpHCTaHO METOAM: aHali3y 4YacOBMX pAAIB, HEHPOMEPEKEBOIO MOJENIOBAHHS, KOPOTKOCTPOKOBOIO IIPOTHO3YBAHHS
CHEpPrOCIIOKMBAHHSA B METAIypriiHid mpommucioBocTi. OTpuMmani pe3yabTaTH: MO PO3poOKM MOZETI HPOTHO3YBAaHHS
€HEePTOCIIOKUBAHHSA METATypriifHOTO MiIIpHUEMCTBA Ha OCHOBI IUTYYHUX HEHPOHHUX Mepex OyB oOpanuii kommiekc MATLAB 3
nakeroM iHcTpyMeHTiB Neural Network Toolbox. IIpu mpoBeneHHI eKCHEpHMEHTIB Ha OCHOBI JOCTYIHHUX CTQTHCTUYHHX JAHUX
METaIypriifHOTO MignpueMcTBa OyJI0 BHKOHAHO BIiIOIp apXiTEeKTyp 1 adrOpUTMIB HaBYaHHS HEHpOHHHX Mepex. Kpamii pesymsratn
MOKa3aJll Mepeka MPSMOro HOIIMPEHHS AAHWX 1 3BOPOTHOTO IOUIMPEHHS NMOMIJIKH, apXiTEeKTypa 3 HeNiHIHHOIO aBTOperpeciero i
aJTOpUTMaMH HaBYAHHS: HeNiHiWHOI onTtmMmizanii Levenberg-Marquard, meron Bayesian Regularization i meron cromydeHHX
rpazgiedTiB. TakoX pO3MNIAHYTO iHIIMKA MiAXin — rauMOOKe HAaBYaHHS, a caMeé HEfpOHHa Mepeka 3 JIOBIOK KOPOTKOCTPOKOBOIO
nam'atTio LSTM 1 anroputmMoM HaByaHHS adam. Taka rimboka HeHpOHHa Mepeka J03BOJIE€ OOpOONSATH BEJNMKI OOCATH BXiIHOI
iHpopMarLii 3a KOpOTKHH 9ac i OyIZyBaTH 3aJeKHOCTiI 3a HeiH(popMmaTHBHOI BXigHoi iH(opmarii. HaiiGinem edexrtuBHOI0O cepex
PO3IIIHYTUX HEHPOHHUX Mepex BusBmwiaca mepexa LSTM, y skiff NOKa3HUK MaKCHMalbHOI TMOMIJIKM MPOTHO3YBaHHS MaB
MiHIMaJIbHE 3HaueHHS. BUCHOBKM: aHa3 pe3ysbTaTiB IPOTHO3YBAaHHS 3 BHKOPHCTAHHSAM pPO3POOJICHUX MoJeineil mokasas, LI0
oOpaHuil minxixg 3 eKCHepHMEHTAJIbHO BiTiIOpaHMMH apXiTEeKTYpOIO i alrOpUTMaM{ HABUYAHHS 3aJ0BOJIBHSE HEOOXITHHM BHUMOTaM
TOYHOCTI IPOTHO3Y HPH po3poOIi MOJeNi IMPOrHO3yBaHHs Ha 0a3i MITyYHHX HEHPOHHUX Mepek. 3aCTOCYBaHHS MoJelel JO3BOJINUTD
aBTOMAaTH3yBaTH BHCOKOTOYHE OIEPAaTHBHE ITOTOANHHE IIPOTHO3YBAHHS €HEProCIIOKMBAaHHS B PUHKOBHX yMOBAX.
KurouoBi ciioBa: eHeprocrnoXxuBaHHs;; MPOTHO3YBAaHHS; IITyYHa HEHPOHHA Mepeka; YaCOBUH PsJI.

HEWPOCETEBOE ITPOTHO3UPOBAHUE SHEPTOIIOTPEBJIEHUSA
METAJUTYPITHYECKOI'O IPEAIIPUATUA

I[IpeameroM wuccienoBaHUS SBIAIOTCS METOABI TOCTPOSHHS M OOYYEeHUs HEHPOHHBIX ceTel Kak ammapara HEeJIHHEHHOTo
MOJICTTMPOBAHMS JUIs PEIIeHHs 3aJadl MPOTHO3MPOBAHMS 3HEPronoTpeOneHus: MeTamryprudeckux npeanpusatuil. Lledabro manHOM
paboThI ABIAETCSA pa3paboTKa MOJENTH MPOTHO3HMPOBAHMS MOTPEOIEHHS 3HEPTOCHCTEMBI METAJLUTypPrHYECKOTO HPEINPHATHS U €ro
9KCIIEPUMEHTAIBHOE HCOBITAHWE Ha AOCTYNHBIX IS uccienoBaHus aaHHbIX YAO "JIHempocneuctans". PemieHsl cremyromue
3aJa4d: aHAIU3 BPEMEHHOTO psifia AJIEKTPOIOTPEOICHNS; OCTPOSHHE MOJIEIH, C ITIOMOIIBI0 KOTOPOH 0OpabaThIBaloTCsl JaHHBIE 00
IEKTPONOTPEOJICHNN 3a WCTOPUYECKUIl TNEepHOA; IMOCTPOSHHE KaK MOXHO OoJiee TOYHOrO TPOTHO3a (haKTHUECKOro oObeMa
JIEKTPOIHEPTUH Ha CYTKH BIIEPE; OL[EHKa KauecTBa MporxHo3a. Mcrnonp30BaHbl MeTOIbI: aHAJIN3a BPEMEHHBIX PsIJIOB, HEHPOCETEBOro
MOJICJIMPOBaHMsI, KPAaTKOCPOYHOTO MPOTHO3UPOBAHMS DHEPTrONOTPEONeHNs] B METALUTyPrH4ecKoil mpoMblinieHHocTH. [lomydeHHble
pe3yJbTaThl: IUIsI pa3pabOTKM MOJENH IPOTHO3HPOBAHUS SHEPrOMOTPEOICHHsS METaUTyprHYecKOro TPEANpUSITHS Ha OCHOBE
WCKYCCTBEHHBIX HEWPOHHBIX cereil ObuT BeIOpaH kommiekc MATLAB c¢ makerom macTpymMeHTOB Neural Network Toolbox. Ilpu
MIPOBEACHUN SKCIIEPUMEHTOB HA OCHOBE JOCTYNHBIX CTATUCTHYECKHX MAHHBIX METAJUTypPTHYECKOrO MPENpPHSATHS OBLT BBHITONHEH
0TOOp ApPXHUTEKTYp M aIrOPHUTMOB OOydeHHs HEHpOHHBIX ceTed. Jlydmme pe3ynbTaThl MOKA3alH CEeTh MPSMOTO PacIpOCTPaHEHUS
JAHHBIX ¥ OOpaTHOTO pAaCIpPOCTPAHEHWs] OIIMOKHM, apXUTEKTypa C HEJIMHEWHOIl aBTOperpeccMedl W alropuTMaMu OOy4YEeHUS:
HenuHelHo# ontumm3anmu Levenberg-Marquard, meton Bayesian Regularization 1 MeTon cONpspKEHHBIX TIpagueHToB. Takke
paccMOTpeH Jpyroil moaxoj — riy0okoe oOydueHHe, a MMEHHO HEeWpOHHAas CeTh C JUIMHHOW KpaTkocpouyHoil mamsateio LSTM u
anroputMoM o0yuenus adam. Takas riyOokass HEHpOHHAS CETh MO3BOJSICT 00pabaThiBaTh OONBIIME 00BEMBI BXOJAHOW HH(OpMAIUU
3a Majoe BpeMs M CTPOHUTh 3aBUCHMOCTH TIpH HeWHpOpMaTHBHOW BXoAaHOH wuH(popmaunuu. Hambonee sddexruBHOI cpemu
paccMOTpeHHBIX HEHPOHHBIX ceTeil okazanack ceTb LSTM, y KOTOpoi#l moka3zaTelh MaKCUMAaIbHOW OMIMOKH MPOTHO3UPOBAHUS UMET
MHUHUMaIbHOE 3HaueHre. BbIBOABI: aHAIM3 pe3ysbTaToOB NMPOTHO3HPOBAHUS C MCIOIb30BAHMEM pa3pabOTAHHBIX MOJENEH IOKa3al,
9YTO BBIOPAHHBIM TOAXOJ C OKCIIEPHMEHTAIbHO OTOOPAaHHBIMH apXHTEKTYpaMH W aITOPHUTMaMH OOydeHHs yJIOBIETBOPSET
HEOOXOIUMBIM TPeOOBaHHUSIM TOYHOCTH MPOTHO3a IPH Pa3paboTKe MOJETH MPOrHO3MPOBAHUS Ha 0a3e MCKYCCTBEHHBIX HEHPOHHBIX
cereif. [lpumeHeHne Mozeneil TMO3BOJINT AaBTOMATHU3HPOBATH BBICOKOTOYHOE OINEPATHBHOE I0YACOBOE MPOTHO3MPOBAHHE
3Hepr0n0Tpe6neHmI B PBIHOYHBIX YCJIOBUSX.
KiioueBble ciioBa: sHepronorpedieHne; MporHo3MPOBaHUe; HCKYCCTBEHHAs: HeHPOHHAs CETh; BPEMEHHOM P
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