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Long-term household electricity demand forecasting is one of the tasks of the
corresponding problem of forecasting the general demand for electricity in any region
or country. This task is also relevant for Ukraine, which, in turn, necessitates the
search for approaches to developing new more accurate forecasting methods. One
such approach in the long-term forecasting of household demand for electricity may
be to take into account average monthly temperatures. This study is devoted to the
study of known approaches in the world to this approach.

Scopus was used to search for relevant scientific papers. No results were
obtained for the query "TITLE-ABS-KEY (household AND electricity AND demand
AND forecasting AND average AND monthly AND temperatures)". Only 3 works
[4, 9, 18] were received for the query "TITLE-ABS-KEY (household AND electricity
AND demand AND forecasting AND monthly AND temperature)". The request
"TITLE-ABS-KEY (household AND electricity AND demand AND forecasting
AND temperature)" received 27 publications [1-22 et al.]. Next, let's look at key
points from the most relevant publications over the past three years.

The purpose of paper [4] is to investigate the impact of temperature on
residential electricity demand in the city of Greater Accra, Ghana. It is believed that
the increasing trend of temperatures may significantly affect people’s lives and
demand for electricity from the national grid. Monthly data for the temperature and
residential electricity consumption for Greater Accra Region from January 2007 to
December 2018. Data on monthly electricity demand and temperature are obtained
from the Ghana Grid Company and GMS. The theoretical framework for residential
electricity consumption, the log-linear demand equation and time series regression
approaches was used for this study. To demonstrate certain desirable properties and
to produce good estimators in this study, an analysis technique of ordinary least
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squares measurement was also applied. This study showed an impact on residential
electricity requirements in the selected regions of Greater Accra owing to temperature
change. The analysis suggests a substantial positive response to an increase in
temperature demand for residential electricity and thus indicates a growth of the
region’s demand for electricity in the future because of temperature changes.

Authors of [18] write that it is crucial to plan the electricity supply to match
the future demand since electricity has become a dominant utility. Sri Lanka as a
developing country has over 98% of households electrified, which sometimes suffer
from interruptions in supply. This study aims at forecasting monthly electricity
consumption in Sri Lanka by considering the influence of weather patterns. Rainfall,
humidity, and temperature are the three main weather parameters found to affect the
electricity demand. We compared eight forecasting approaches including four
econometric models and four algorithmic forecasting methods in forecasting monthly
electricity consumption. Twenty meteorological stations were considered to spatially
interpolate the weather data using the Inverse Distance Weighted (IDW) interpolation
method. Results revealed that Autoregressive Distributed Lag (ARDL) model which
incorporates the weather patterns as predictors outperforms in forecasting the
monthly electricity consumption compared with all other forecasting approaches.

All other publications found on this topic are devoted to short-term
forecasting. In addition, the above-mentioned publications selected warm countries as
the study area, in which electricity consumption increases with increasing
temperature due to increased demand for air cooling.

Previous studies of average monthly temperatures and electricity consumption
in Ukraine have shown a two-way process: electricity consumption decreases with
increasing temperature to 20 °C (as the costs of both space heating and hot water
heating decrease), but then with increasing temperature energy consumption also
begins to increase (primarily due to the growing demand for indoor cooling).

For the future, the authors plan to use data on monthly household electricity
consumption (https://ua.energy/) and data on average monthly temperatures
(https://climatecharts.net/) in Ukraine.

Given that the territory of Ukraine differs somewhat in climatic, in particular
temperature, indicators, a separate important task in the long-term household
electricity demand forecasting taking into account average monthly temperatures is to
determine the average monthly temperature for Ukraine.
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JIAJIEKTUKA B3AEMO3B'A3KY I'EOI'PA®IYHOI'O I
COOIOKYJIBTYPHOI'O IPOCTIP Y PO3BUTKY MICTA

Baiictpyk O. B., crygentka 4 kypcy rp. ['K3 HaBuanbHo-HayKOBUH I1HCTUTYT
OyI1BENIbHOT Ta IMBLIBLHOT 1HXKEHEPii

Panionosa JI. O., no11., kaua. ¢uoc. HayK, JoUEeHT kKadeapu giurocodii 1 moIIToNori

Xapxiscbkuil HaAYioOHALHUL YHIGEpCUmMem MICbK020 20CN00apcmea
imeni O. M. bexemoesa, Xapkie, Ykpaina

AKTYyanbHICTh JOCHIIPKEHHS COLIIOKYJIBTYPHOTO MpPOCTOPY MicTa, HOro
CTPYKTYpPH, a TakoX CcHelu(pIKu Ta TMEepCHeKTUB PpO3BUTKY BH3HAUYeHa SK
byHIaMEHTAIbHUMH ~ TEOPETUYHUMHU  TMHUTAHHSIMH, TakK 1 3aBJaHHIMH, IO
BHCYBAIOThCSI KOHKPETHO-HAYKOBUM aHAJI30M CYyYaCHUX COLIOKYJIbTYPHUX IMPOIIECIB
Ta mnpakTuk. COLIOKYJIbTYpHUH PO3BUTOK MicTa BiAOYBAa€TbCS SK Mi BIUIMBOM
JOBKLISL, 1 1] BILIMBOM BHYTPIIIHIX 3aKOHOMIPHOCTEH PO3BUTKY CaMOTr0 MICTa.

[lornsng Ha MICTO 3 MOIUIAAY MPOCTOPOBOI MapagurMU Ja€ MOXIHUBICTH
copuiiMati 0araTo MOro CKjiIaJ0BUX a0OCOJIIOTHO MO-HOBOMY, BHSIBIISITH paHillle HE
3a3HaYeH1 3aJeKHOCTI Ta B3aeMo3B'a3ku. Hampukian, 3B's130k MK reorpadiyHUMU
naHocTaIMH  (QI3MYHKMMH, MaTeplaJbHUMHU, PEYOBUMH) Ta COUIOKYIbTYpPHUMH
¢dbeHomeHnamu (ysIBHUMHU, TyXOBHUMH, CUMBOJIYHUMU. [ €OKyIbTypHY, TOOTO CUHTE3
(GI3UYHOTO Ta CEMaHTUYHOIO MPOCTOPIB, WHIO0 CTAHOBUTH MICBKOTO MPOCTOPY
po3rsigaroTh Taki npociuigHuku, sk J[. H. 3amaria, FO. A. Benenin, B. JL
Karancpkuii.

VY reorpagii MICBKMII TpOCTIp € KIIOYOBUM OO0'€KTOM BHUBYEHHS 3
METO/IOJOTTYHOI OCOOJMMBOCTI 1III€l AMCHUIUIIHM — TeorpadiuHa Hayka BHBYAE
NPUPOAY 1 CTPYKTYpPY 3€MHOI IMOBEPXHI, HEBIJ'€MHOI0 YAaCTHHOIO $IKOi € MiChKe
MoCeJIeHHs. 3a 1pOHIYHMM BHCJIOBOM ypbOanicta B. JI. I'masudoBa, CIOBO «MICTO»
BXKMBAIOTh YCI, ajie TUIbKU reorpadu TOYHO 3HAIOTh, IO BOHU MPU [LOMY MalOTh Ha
yBa3l — y HUX € KapTa, Ha KapTi CTOITh Kpamnka, 1 Mops1 — Hanmuc «Mictoy [1].

['eorpadiss BUBUae pe3ynbTaTH PO3MIIIEHHS Ta TMPOCTOPOBY OpraHi3alliio
apredakTiB Ta TpUpOAHUX 00'ekTiB Ha 3emul. lle m03BoJsie MOeaHYBaTH BCI
reorpadgiuHi Haykd, SKI BHMBYAIOTh SIK 3aKOHM MPUPOAM, TaK 1 3aKOHHU
(GYHKUIOHYBaHHSI TOCIOAApCTBA Ta CYCHuUIbCcTBAa. [IpeamMeToM JOCHIKEHHS €
TEPUTOpIaIbHI CUCTEMHU: MICBKI arjomeparlii, TPaHCIIOPTHI CUCTEMH, MPOMHCIOBI
palioHH Ta 1H — B €KOHOMI4HI# reorpadii; KIIMaTUYH1 30HH, OCOOJIMBOCTI pebedy Ta
1H. — y pi3uuHii reorpadii.

B pamkax reorpadivyHOro mMmiAXOAy MO’KHA CIOCTEpIraTd JBa OCHOBHI
JTOCIIAHUIBK] HAPAMHU, SIKI MOXKYTh OyTH BUKOPHUCTaHI CTOCOBHO aHai3y MICHKOI'O
npocropy: Gi3udHUM (TOOTO MPUPOIHUIT); eKOHOMIUHE (TOOTO rOCIOIapChHKE).
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