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In this article, the model of forecasting of electricity consumption volume is analyzed
on the basis of harmonic analysis of a time series. Previously, we establish the presence of a
trend component described by a second-order polynomial. Based on the construction of the
autocorrelation function, the periodicity of the time series of electricity consumption volume
is proved, with periods equal to 1 year and 1 week, due to decrease in electricity consumption
in summer because of increase in daylight hours and decrease in production on weekends.
The model is tested on actual hourly data of United Energy System of the wholesale market
for electricity and power in Russia. The model is tested for adequacy using Fisher’s criterion
and the coefficient of determination. The introduction of two harmonic components (annual
and weekly ones) instead of the generally accepted one reduces the approximation error for
the current model from 2,25 % to 2,08 %, which provides increased energy efficiency for
consumers while reducing the fines of the balancing market. The proposed scientific tools are
recommended in the entity’s operating activity of electric power to forecast the major energy
market parameters in order to reduce the fines by improving the accuracy of forecasts.
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Introduction

In the energy market, the planned consumption volumes are formed on the basis
of bilateral agreements. In reality, the actual electric energy consumption volume is
practically always different from the planned one. Deviations from planned indexes are
sold in the balancing market (BM), and the System Operator of the Unified Energy
System of Russia (SO) regularly conducts an additional competitive selection of providers’
applications, which is based on the current forecast electricity consumption [1].

In Russian conditions, the problem of long-term forecasting of the basic parameters of
the electricity market is one of the most pressing.

1. Specification of a Type of the Time Series Model of Electricity
Consumption Volume

A graphical analysis of a time series of electricity consumption volume indicates the
presence of seasonal fluctuations, a period of which is one year; the most important
“outliers” in the dynamics of a time series take place during the transition from the fourth
quarter to the first one. Besides the fluctuations within a period which is equal to one
year, seasonal fluctuations are observed with the help of detailed consideration, the period
of which is equal to seven days. It happened due to a high electricity consumption at the
beginning of workweek and a decrease connected with the beginning of weekends [2]. The
additive model of a time series is selected for investigation, since the characteristics of
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frequency fluctuations are approximately constant:
Y =T+S+E, (1)

where T' is a tendency component of a time series, S is a seasonal component of a time
series, F represents random fluctuations.

2. Modelling Seasonal Fluctuations of a Time Series

Autocorrelation is a measure of an internal correlation within a time series. This is
a way to measure and explain an internal connection between the observations in a time
series, so it is advisable to use exactly autocorrelation to identify the seasonal component
of a time series.

An analysis of the autocorrelation function and correlograms allow to reveal the
structure of the series, i.e. to determine the presence of a particular component in the series.
Autocorrelation functions are found for the lag range. Linear autocorrelation coefficients
characterize the tightness of only a linear connection between current and previous series
levels. Therefore, according to the autocorrelation coefficients, we can estimate only the
presence or absence of (linear or nearly linear) dependence. To check whether a series
includes a non-linear tendency, it is necessary to calculate the linear autocorrelation
coefficients for a time series which consists of the logarithms of the initial levels. Non-zero

values of the autocorrelation coefficients indicate the presence of a non-linear tendency |[3,
4.
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Fig. 1. Correlogram of electricity consumption volume in the range of lag from 1 to 401
for the UPS of the Ural data from 2009 to 2015

All of the autocorrelation coefficients for the logarithms of the series levels are different
from non-zero values for the investigated time series, therefore, the non-linear dependence
is present. The existence of seasonal fluctuations with annual and weekly periods was
proved, therefore, the seasonal component can be regarded as a harmonic fluctuating
process.

Bectauk IOYpI'Y. Cepusa <Maremarudeckoe MOAeJIMPOBaHUue 81
u nporpamMmuposBanues> (Bectauk IOVpI'Y MMII). 2020. T. 13, Ne 3. C. 80-85



V.G. Mokhov, T.S. Demyanenko

For the time series of electricity consumption volume, the model of periodic
fluctuations can take the following form:

+ 27 o sin (27 & R e (2)
= Q ai + COS — - S1n — as + COS o a9 + S1N —
Yt 0 1 T 1 T 2 T, 2 T, )

G =Y, &1 = ;1zn:(yt) COS( )bl szt Sln( )> (3)

= Yoo (1) b= 2 3 sin (157, ()

where T is the period length. In this case, 1 = 365, 2 = 7, as it is confirmed by the

autocorrelation research.
After certain calculations, the equation takes the form

2w 2m
yr = 68766 + 92183 cos < 365) + 16740 sin ( 365) +

2 . 2
+8931 cos (t7) + 4503, 5 sin (t7) .

The average error of approximation of the obtained model is 3,32%. Graphic forecasting
results are shown in Fig. 2.
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Fig. 2. The time series of electricity consumption volume according to the UPS of the
Urals data from 2009 to 2015 and the harmonic model of periodic fluctuations

According to F-Fisher criterion, the obtained harmonic model is statistically
significant, and the Student’s t-criterion confirms significance of the coefficients [5].

3. The Model of Long-Term Forecasting Based on Harmonic
Analysis

In the article [2], the finding of a trend component was considered. A second-order
polynomial describes the most accurate source data, numerical characteristics of the
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model confirm it, namely, the smallest error of approximation and the greatest coefficient
of determination. The following equation for forecasting of the electricity consumption
volume was constructed as a result of combining the obtained models of trend and seasonal
components:

2 2w
= —0,0198z% + 82,53 621322 4+ 92183 t—o 16740sin | t —
Yy , T+ 82,001 + + cos( 365) + sin < 365) + (©)

2T ) 2T
48931 cos (t7) + 4503, 5 sin (t7) .

The average error of approximation of the constructed model is 2,08%. Graph of the
obtained model and the initial time series is shown in Fig. 3.
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Fig. 3. The time series of electricity consumption according to the UPS of the Ural data
from 2009 to 2015 and the harmonic model of seasonal fluctuations taking into account
the tendency component

Conclusions

We consider the model of long-term forecasting of capacity of the electric power market
using harmonic analysis of a time series. Also, we calculate indicators and criteria, which
prove efficiency and adequacy of the obtained model. The periodicity of a time series
of electric energy consumption is proved, periods are 1 year and 1 week. We construct
the additive model of a time series, which takes into account the tendency and harmonic
components. The average approximation error is 2,08%. The totality of these facts suggests
that the developed model is suitable for long-term planning of the electricity and power
market.
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MOAEJIb JOJI'OCPOYHOI'O IITIPOI'HO3NPOBAHNYA OB'bEMA
ITIOTPEBJIEHUS 9JIEKTPOSHEPI'IN HA ITPUMEPE O39C YPAJIA
C IIOMOIIIBIO TAPMOHMNYECKOI'O AHAJIN3A BPEMEHHBIX

PAIOB

B.I. Moxoe', T.C. Temvarenro*
'Oxkm0-Ypasbekuit rocyapeTBenHbIi YHIBEPCUTET, T. JeIa0nHcK,
Poccuiickas ®@enepariust

B crarbe paccMoTpeHa MOJIeJIh IIPOIHO3UPOBAHUS 00 HEMOB ITOTPEOICHUS JIEKTPOIHED-
IUU Ha OCHOBE MapMOHUYECKOTO aHaJn3a BPEMEHHBIX psioB. Panee aBTopamMu ObLIO ycTa-
HOBJIEHO HAJIMYNE TPEHJOBOW COCTABJIAIONIEH, OMUCHLIBAEMOI MOJUHOMOM BTOPOTO IIOPSI-
ka. Ha ocHOBe mocTpoeHunss aBTOKOPPEIIIINOHHON (DyHKIMK ObLIa TOKA3aHa IEPUOINTHOCTD
BPEMEHHOI'O psijia 00beMa MMOTpPEeDJIeHUsT FJIEKTPUIECKO YHEPruu, ¢ nepuojamMu 1 roja u
1 Hemesst, 9TO OOYCJIOBJIEHO CHUYKEHUEM 3JIEKTPOIIOTPEOJICHUST B JIETHHUI [IEPHO, 3a CUYET
YBeJIMYEHUsI CBETJION0 BPEMEHU CYTOK M CHHUXKEHHEM ITPOM3BOJICTBA B BBIXOJHBIE jHU. MoO-
JIeJTb TPOTECTUPOBAaHA HA (PAKTUIECKUX [TOYACOBBIX JaHHBIX OObeIMHEHHON SHEPrOCUCTEMbI
OmroBoro puiHKa JIeKTpodHeprun u MorHocTu Poccun. Mojesib mpoBepeHa Ha aJIeKBaT-
HOCTH ¢ ToMoIbio Kpurepusa Durnepa n Kosddumumenta merepMuHanuu. BBegenne aByx
FapMOHMYECKUX COCTAB/IAIOIUX (TOJOBOI U HEJEIbHON) BMECTO OOMIEIPUHATON OHON CHU-
3UJI0 OMIMOKY aNIpPOKCHMAIUU JJis Tekymeid mogeau ¢ 2,25 % mo 2,08 %, uro obecneunt
MTOBBITIIEHNE SHEPT03(hHEKTUBHOCTH TOTPEOUTENEH TP CHUYKEHNN BEJIUIUHBI MITPadOB Oa-
JIAHCHUDYIOIIETrO PbIHKA. Pa3paboTaHHbIil HayIHBIH WHCTPYMEHTAPUI PEKOMEHIyeTCsl B OTle-
PAIMOHHOI JIeATEIHHOCTH CYOHEKTOB 3JIEKTPOIHEPIETUKY [TPU ITPOTHO3UPOBAHUN OCHOBHBIX
[IapaMeTpoOB SHEPreTUIECKOrO PhIHKA JIJIsi CHUKEHUsI MITPagHBIX CAHKIIAN 38 CUeT IIOBbIIIe-
HUsI TOYHOCTH IIPOTHO30B.

Karouesvie crosa: modesu npozHo3uposaHus; 0CHOGHBIE NAPAMEMPBL; IHEP2EMUNECKUT

POIHOK; 2GPMOHUNECKUT AHANUS.
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