LUT

«?® University

Long term load projection in high resolution for all countries globally

Toktarova Alla, Gruber Lotta, Hlusiak Markus, Bogdanov Dmitrii, Breyer Christian

Thisis a Final draft version of a publication

published by Elsevier

in International Journal of Electrical Power and Energy Systems

DOI:  10.1016/j.ijlepes.2019.03.055

Copyright of the original publication: © 2019 Elsevier

Please cite the publication as follows:

Toktarova, A., Gruber, L., Hlusiak, M., Bogdanov, D., Breyer, C. (2019). Long term load
projection in high resolution for all countries globally. International Journal of Electrical Power and
Energy Systems, vol. 111. pp. 160-181. DOI: 10.1016/}.ijjepes.2019.03.055

This is a parallel published version of an original publication.
This version can differ from the original published article.



OCoONOOULTPWNE

A PP DA, DD PEDWWWWWWWWWWNNNNNNNNNNNNRRPRRRRERPRRRRPR
coONO UL P WNREFPOOOLONODULLPAPWNEFPOOONOOTUPWNPEPRPOOOOLONOOULPEWDNDELO

Long Term Load Projection in High Resolution for All Countries Globally
Alla Toktarova @, Lotta Gruber °, Markus Hlusiak °, Dmitrii Bogdanov 2, Christian Breyer 2°*

& LUT University, Yliopistonkatu 34, 53850 Lappeenranta, Finland

b Reiner Lemoine Institut gGmbH, Rudower Chaussee 12, 12489 Berlin, Germany
* Corresponding author. LUT University, Yliopistonkatu 34, 53850 Lappeenranta, Finland.
E-mail addresses: AllaToktarova@gmail.com (A. Toktarova), Christian.Breyer@Iut.fi (C.
Breyer).

ABSTRACT: Electricity demand modelling is the central and integral issue for the planning and
operation of power systems. Load projection provides important information for electricity
network planning, and it is essential for the electricity system development. This work investigates
the impact of specific economic, technical and climate characteristics on the shape of the electricity
demand and introduces a methodology to project electricity demand in hourly resolution within a
single framework for all countries. The method used is a multiple linear regression in terms of
spectral analysis. 57 real load data profiles of diverse countries were decomposed into a set of sine
functions to analyse the cyclical pattern of the data. Fourier coefficients contain information about
frequencies and amplitudes in these sinusoids. The sum of various sine functions can be used to
calibrate and project hourly electricity demand for any country with available input data for any
year in the addressed period. The accuracy of proposed model function is represented in terms of
R-squared error. The proposed model is flexible to be applied to different socio-economic
scenarios based on alternative assumptions regarding both long-term trends as well as short-term
projections.
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Nomenclature

al Amplitude

b Frequency

c) Phase of shift

d! Additional ordinate offset

d first First day of year (from Monday to Sunday, 1-7)

E Uave [MWh] Average electricity consumption over the year

E Ycap [kWh/cap] Electricity consumption per capita

E Jing [%] Proportion of the electricity generation share of hydro, nuclear and
geothermal power plants in a country j

E Jind [%] Industry factor, i.e. the power consumption in the industrial sector

EY, [TWh] Annual electricity consumption

GDP Y,  [€/cap] Gross Domestic Product per capita

GDP 1o [%] Tourism and travel share in GDP

n Extent of sine

Lat! [°] Latitude

Lon’ [°] Longitude

Peak Y [MW] Maximum electricity demand for the years 2017-2100

Sunset [h] Vector with the time of sunset for the specific geographical region

T Je month [°C] Average temperature of the coldest month
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T iocal hours [°C] Vector of temperature for each hour of year for “nearest” point to the
geographical location

T, [°C] Warmest Temperature

T Jy montn [°C] Average temperature of the warmest month

AT! [°C] Difference of the warmest and the coldest month temperature
i Number of sine function

j Country index

t Year index

1. Introduction
1.1 Motivation

The power system is one of the main subsystems of larger energy systems. It is a complex system
consisting of an ever-changing infrastructure used by many actors of very different sizes.
Mathematical models facilitate power system planning, operation, transmission and distribution,
demonstrating problems that need to be solved over different timescales and horizons [1].

The liberalisation of power markets, an aging infrastructure and high penetration rate of
renewables have increased interests in electrical load projections [2]. For these reasons, electrical
load projections have been a trending topic in power research, and many new approaches have
been introduced to improve projections.

1.2 Literature review

Depending on the time horizon and the operating decisions that needs to be made, electric load
forecasts are categorized as short-term, medium-term and long-term [3]. Long-term demand
forecasting indicating the prediction horizon from several months to several years ahead is a vital
component in planning new electricity facilities and the development of transmission and
distribution systems [4]. Short-term forecasting is needed for the operation of today’s power
systems [5]. In current research on load, short-term demand forecasting prevails and attracts more
attention than long-term demand forecasting [4, 6]. A large variety of methods and ideas has been
applied to load forecasting, with varying degrees of success. In the following, a brief overview
over some of the models and methods is given.

Table 1
Overview of forecasting methods and related resources.
Methods Sources
1. Statistical methods
Regression-based models [4, 7-14]
Time-series approaches [15-19],
Exponential smoothing [20]
2. Atrtificial intelligence-based methods
Artificial neural networks [21-22]
Fuzzy logic [23-26]
Support vector machines [27]
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Regression, as a statistical model, is a widely used technique for electric load forecasting [2]. The
load is represented as a function of some descriptor variables [28]. The explanatory variables and
their functional forms are key concepts for the accuracy and precision of a forecast [21].

Bianco et al. [9] suggested a linear regression model for forecasting long-term annual electricity
consumption in Italy, based on gross domestic product (GDP) and population, up to 2030.
Mohamed et al. [10] built a multiple linear regression model to predict electricity consumption for
New Zealand, thoroughly investigating the effects of GDP, population and price of electricity on
annual load. Hor et al. [8] studied the influence of weather variables and socio-economic factors
on the monthly electricity demand in England and Wales by using multiple regression analysis.
Kankal et al. [11] expressed energy consumption patterns for Turkey as functions of socio-
economic and demographic variables using regression analysis and artificial networks. Glnay [21]
also used multiple linear regression and artificial networks approaches to describe the demand as
a function of population, gross domestic product per capita, inflation percentage, unemployment
percentage and average temperature to forecast annual electricity demand. The results were
presented for Turkey to the year 2028 with an annual resolution. Hong et al. [7] proposed a
probabilistic forecasting approach modernized with hourly demand data and multiple linear
regression for long-term electricity forecasting. The proposed approach has been deployed across
many U.S. utilities.

Similarly, in the majority of presented studies, the period of forecast is relatively short, and the
described electricity load pattern has a low resolution. Recently, there has been a trend towards
modeling and long-term forecasting electricity consumption in high resolution [3]. Trotter et al.
[13] proposed a method to forecast the Brazilian electricity demand for the period 2016 to 2100
paying attention to weather uncertainty. Fan and Hyndman [17] introduced a short-term load
forecasting model also including the impact of the weather variables. Wang el al. [29] applied a
segmented regression technique to develop a short-term electricity load forecast for the Unites
States. Temperature has been seen as the main parameter controlling electricity demand.

Another specific aspect of all studies is the focus on only one country [9-11, 21, 30-31]. Yukseltan
et al. [12] proposed applying their model to any country, but quantitative results were presented
only for Turkey. In [32], the hourly load curve of the Spanish power system was modelled. The
model allows to combine long and short-term features by employing temporal disaggregation
techniques.

Electricity demand data take the multiple pattern (classified by time, day of the week, and season),
which makes it important to consider such multiple pattern in order to improve the predictability
of a model. Gould et al. [18] developed models considering both additive and multiplicative
seasonality. The estimation of the parameters can be done using exponential smoothing.

Boroojeni et al. [19] modeled the historical load data employing time series with various cycles of
seasonality in a power network. The model covers a time horizon from the short-term up to the
medium-term using autoregressive and moving average components. The evaluation of data
forecasting was made based on using two information criteria, namely the Akaike and the
Bayesian. Quantification methods consider the complexity of a model by penalising it and the
accuracy of the method by rewarding it.
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1.3 Our contribution

The aim of this paper is to develop long-term projections of electricity demand of individual
countries and respectively aggregated world regions until the year 2100 in hourly resolution. The
model is based on a multiple linear regression considering the real demand profiles and socio-
economic drivers.

The main contributions of this paper are as follows:

According to Ferndndez-Blanco et al. [1], regional and national scopes are the main geographical
objectives of power system models, whereas local and global scopes are less used due to high
complexity. The proposed model allows to project electricity demand structures in hourly
resolution for all countries globally while keeping the computational complexity within acceptable
limits. This includes also changing structures of countries over time, due to changing macro
variables, in particular gross domestic product per capita, or a changing temperature regime due
to progressing climate change. This answers a research gap, all modelers of global-local energy
transition scenarios in high temporal and geographic resolution are faced to. This paper is in
particularly designed to close this research gap.

The overview of the research shows that electricity demand models have become more advanced
in recent years. However, it remains unclear to what extent it is possible to develop a complex
modeling tool that can represent as much input information as possible (transparent linkages
between input variables and demand, hourly resolved data, geographical coverage, etc.). This
paper addressed in particular such issues.

1.4 Organisation of the paper

In this paper, a methodology to model and project electricity demand on a national level with an
hourly time scale for every year between 2017 and 2100 is proposed. The remaining parts of the
paper are organized as follows. Section 2 describes the data and construction of variables. In
section 3 the linear regression model is presented using the sum of various sine functions to
calibrate and project electricity demand. Applications of the model accuracy results are presented
in section 4. In section 5 the main contributions of this paper are highlighted, and possible research
directions are discussed. Section 6 draws conclusions. Figure 1 depicts a schematic overview of
the paper.
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Fig. 1. Schematic overview of the paper.

2. Data

Determination of the relevant variables affecting electricity demand and selecting the appropriate
model basis are important steps in modelling and projecting electricity demand. Several applied
parameters are well known and most commonly used in the literature [33], such as existing load
data, economic data, annual electricity consumption, annual peak load, temperature and some
country-specific economic data.

2.1 Available load data

A set of countries with available real electric load data and real peak data is presented in the
Appendix (Table Al). The collected data have been used to calibrate and verify the synthetic load
model. Figure 2 illustrates the collected data and how the different regions in the world are

represented by load data in full hourly resolution for an entire year, or at least by the peak load.
Load data availability
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Fig. 2. Available load data in full hourly resolution for an entire year (green) and peak Iozﬁ data (orange).
2.2 Economic Data

A strong relationship between electricity consumption and economic growth has been confirmed
[34-36]. In this paper, the GDP per capita in purchasing power parity (PPP) data has been chosen
as an economic indicator. The World Bank and International Energy Agency (IEA) provide GDP
per capita values worldwide for the period 1990-2014 [37]. Long term GDP per capita projection
was modelled by applying a logistic-growth function [38] based on the assumption that by the year
2100 goals set in the United Naations (UN) Resolution adopted by the General Assembly will be
achieved and inequalities between countries will be declined [39]. Eq (1) is the logistic growth

function in its generalized form.

K-A
f(t)—A'i'W 1)

where t is time, A is the lower asymptote, K is the upper asymptote, B is the growth rate and M is
the time of maximum growth.
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The population weighted average value of GDP per capita of the 30 countries with highest GDP
per capita in the period from 1990 to 2014 has been adopted as a reference line of convergence for
all countries in the year 2100, assuming that the GDP per capita growth rate in the leading countries
will be equal to the rate of growth over the past 25 years, which was 1.0% per year in real terms.
The 30 countries with highest GDP per capita have been used to the UN target of high standards
of living for all people and in addition for a good statistical basis for the projection. This long-
term, stable economic growth of the reference wealth level leads to a unique, global GDP per
capita of 88,000 € in the year 2100. A long-term average exchange rate of 1.33 USD/€ is employed,
so that shorter term exchange rate variations can be avoided.

2.3 Annual Electricity Demand and Peak Load

Historical data on annual electricity demand per country is provided by IEA [40-41]. Based on the
assumption that electricity consumption is closely associated with the national economy [42], a
world global electricity demand trend was found as a function of GDP per capita by a two-term
exponential function. Electricity per capita values were found by applying population data
developed by the UN Department of Economic and Social Affairs [43].

Correlation between electricity demand per capita and GDP per capita values for the year 2012 is
visualized in Figure 3. Wealthy countries have a stronger correlation between electricity demand
and the value of GDP per capita than poor countries. It is also found that energy intensity decreases
for higher GDP, since energy intensity per additional GDP unit shows a negative gradient (Fig. 3
right).

Electricity consumption per capita and GDP per capita for year 2012
100000 T T
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T
El.cons./cap. (GDP/cap.)
a*fexp(b*x) - exple*x))
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Fig. 3. Electricity consumption per capita as a function of GDP per capita for the year 2012 (left) and the
derivation of the smoothing function (right).

Eq. (2) represents the dependence of electricity consumption per capita (E Yeap) ON GDP per capita
(GDP Y¢qp) for a certain country j and year t.

Eﬁép =a- (e(b'GDPctép) _ e(C'GDPCtt]I'.p)) (2)

Coefficients are:
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a=7.721-10* KWh, b =-1.95-107° 1/(€/capita), ¢ =-5.655-10"° 1/(€/capita).

Eq. (2) is used to estimate the electricity consumption per capita for the years 2013 to 2100. This
equation describes the global electricity demand trend. In the model weighted average electricity
demand values are used as the trend. The trend was formed by the convergence of the individual
country electricity demand trend lines to the global demand trend. The convergence growth rate
equals 2% per year from the year 2013. Starting from the year 2060 national electricity demand is
calculated according to the global trend presented in Eq. (2). The dependence of peak demand per
capita on GDP per capita is established using the linear regression method. The correlation
between peak demand per capita and GDP per capita for country j and year t is shown in Figure 4.
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Fig. 4. Peak demand per capita as a function of GDP per capita.
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The future projection of peak demand per capita is calculated based on Eq. (3).

Peakti=a GDPY.,p+b 3)
where a is 0.0456 W/€ and b is 14.48 W/capita.

The synthetic values of peak demand, considering the deviation of the individual peak demand of
a country from the trend line in percent, are used as input variables in the model for countries with
available peak demand data maintaining the relative individual peak from the trend line. For
countries with unknown peak demand data, a global synthetic peak demand trend line is used.

2.4 Temperature

Mirasgedis et al. [14] illustrated the influence of temperature on electricity consumption. In this
research, hourly temperature data from 1984 to 2005 are obtained from National Aeronautics and
Space Administration of the United States of America (NASA) databases [44-45] and partly
reprocessed by the German Aerospace Center [46]. The global temperature raw data in Kelvin
units are resolved on a 0.45° x 0.45° degree and an hourly basis. For the further calculation, these
data are converted to °C and aggregated on a daily and monthly basis. In the model an hourly
resolution is used as well as daily and monthly aggregation.
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2.5 Electricity Production, Industrial Power Consumption, Contribution Tourism to GDP

The ratio of industrial electricity consumption to total electricity consumption is taken from [40-
41] and defines the industrialisation of a region. If this value is not available, the corresponding
ratio of industrial GDP to total GDP from [48] is used. The higher the level of industrialisation,
the stronger the baseload characteristic of the entire load curve and the lower the ratio of minimum
to maximum load. To consider the impact of baseload power sources with low marginal costs, the
ratio of electricity sourced from hydro, nuclear and geothermal power to total generated electricity
[40-41] is used in the model. This has an impact in the northern hemisphere on electricity-based
heating. Other impact of specific generation technologies on the load profile could not be observed,
not for solar photovoltaic and wind energy, and therefore this has been also not regarded as a factor
in the model. Electricity generation of solar photovoltaic prosumers is regarded as part of
electricity supply and not as a demand reduction, such as efficiency measures. This approach is
also supported by separated meters in most countries which allows to trace the total load. Storage
units, such as pumped hydro storage or battery systems are considered as energy system
components supporting the match of generation and load without impact on the load. The
contribution of travel and tourism to GDP [49] is used in the model to consider peak loads during
the tourist season. Such an impact can be observed for classical tourist countries, which are quite
often islands in sunny regions. Data described in this section is mainly for recent years from the
2010s, but depends on the specific dataset.

3. Methodology

The following methodology aims to describe the hourly resolved load of the power sector in its
current structure. Therefore, future additional electricity demand of other energy sectors, such as
for transport, is not included in the overall electricity demand nor in profiles. Such an additional
demand is typically added separately to the electricity demand in the power sector for analysing
energy transition trends by the means of energy system models.

Load patterns depend on the month of the year, day of the week, and hour of the day [2]. Real load
profiles (see Table Al) show multilevel seasonality governed by periodic astronomical events
affecting temperature, lighting and climate at a given location, but also show regular cultural and
economic characteristics. As the main model-building approach, the sum of sine functions was
chosen to describe various relationships between demand and underlying influencing parameters.
The sine function, as a real-valued function of the complex-valued exponential function,
describing mathematically periodical events, matches well different influencing factors for the
load, but can be also used for linear factors. The model is represented by the following fundamental
equation (4) describing the load:

load(x) = ¥;yi(x) = ¥;a;sin ™ (bix +¢;) + d; 4)

where x is the time in hours since the beginning of the year, running from 1 to 8760. Additional
parameters are a; the amplitude, b; the frequency, c; the phase shift, d; the additional ordinate
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offset, n; the power of sine (only values 1 and 2 are used), and i denotes the number of sine
functions used to describe the full load curve.

3.1 Annual consumption trend
The average consumption in MW is set to the arithmetic mean of the annual electricity

consumption expressed in TWh equally distributed to all hours of the year. The average
consumption ensures a constant bias of electricity consumption for all hours of the year.

Y1 =aysin " (bix+¢;) +d; 5)

a; =0 (5a) by =0 (5b) ¢, =0 (5¢0) ny, =0 (5d)
_ tj 108

dl = Ey 87601 (56)

Where E Yy is the electricity consumption of the regarded year and country in TWh.
3.2 Annual oscillation

3.2.1 Basic annual oscillation

Three basic patterns have been revealed for annual oscillation: (i) Temperature has a significant
fundamental influence on the annual oscillation of electricity consumption for all countries, (ii)
the demand is observed to be higher on cold days, (iii) on hot days the demand is also increased
due to air conditioning.

Y, = ay sin "2 (byx +¢,) +d, (6)
d,=0 (6a) n, =1 (6b)

The frequency of the annual cycle is b,. The number 8760 in the denominator stands for the
number of observations in the period, here, hours in a year as an hourly sampled data set is used.

2T
b, = 55 (60)
The time shift parameter c, differs for the northern and southern hemisphere. The latitude in the

formula is defined as follows:

¢, = 0.225 - 2 &L (6d)

[lat|

Countries where the difference between the warmest and the coldest monthly averaged
temperature A7 varies from 0 to 3.1 °C show a constant electricity demand without significant
peaks during the year.

£ (47 = {1, AT/ < 3.1

. 6
0, AT/ > 31 (6¢)

al=0 (6f)

A sharp increase of electricity consumption in the summer period is observed in regions where
warmest temperature T )y can exceed 32.41 °C during the year.

10
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1, T! > 32.41

}azz(]cjmonth): { " onth (6g)
TJ 4
0' w month <3241

. 1, lat/e[-34,35
fa(latf) o= v 100 €L (6h)
2 0, lat’e[—90,—34) U (35,90]
: 32'2_T\]/‘vmonth
a% = Eé{}e 1—e" 479 (6i)

where E Y is the average electricity consumption over the year and T Jc montn iS the average
temperature of the coldest month.

For other countries the seasonal demand pattern exhibits higher consumption during winter than
in summer.

- 1, T/ <3241
fa42 (chmonth) = { M{month (6])
0, T’ > 32.41
. w month =
. 1, lat’ € [-90,—34) U (35,90]
5(lat)) := . 6k
ACY {o, lat) € [-34,35] (6l
: 12'5_Tr]_:month
a3 =01335-E) [1—e™ 152 (61)

where E Uy is the average electricity consumption over the year and T I montn iS the average
temperature of the coldest month. Fig. 5 displays the combined parameter a; of Eg. (6m).

15

10

a2

-20 -15 -10 -5 0 5 10 15
Average temperature of the coldest month [°C]

Fig. 5. Dependence of coefficient a, on average temperature of coldest month T )¢ montn .
1 j 2 (] 3 ' 4 (j 5 '
a, = aj S (AT) + a3 S (T ontn) fa, (lat]) + a3 Sy (T ontn) S (lat]) (6m)

3.2.2 Annual oscillation driven by electric heating
The effect of increased electricity demand on cold days is substantially higher than average for
countries with a high proportion of hydro, nuclear and geothermal generation of electricity in the

11
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total annual production. Such generation is characterised by rather low marginal cost, which leads
to the use of electric heating to meet heat demand during the cold season.

y3 =azsin ™ (bzx +c3) +d3 N
d; =0  (7a) ns=1  (7b)
The frequency and the time shift are equal to the basic annual oscillation (6c), (6d).
2 l
by = b, = —— (7¢) 3 = ¢,=0.225 - Znu%; (7d)

The amplitude value for annual oscillation driven by heating electricity is calculated for regions
where Ty month > 12 °C, T Je month < 11 °C, AT'> 5 °C and E’hng varies between 80% and 100%.
1, T/ > 12

1 (] _ w month =
fas (Twmonth) - {0, T L <12 (7e)

w mont

1, T/ <11

fazg (chmonth) = { c'month _
]
0’ Tc month >11

1, AT/ =5
0, AT/ < 5

. 1, Ei__€[80,100
CICOES N
0, Ej,,€(0,80)
Jj tj .
af = et gl (7)
where T ¢ month is the average temperature of the coldest month, E Yae is the average electricity
consumption over the year and E Ynng is the proportion of the electricity generation share of hydro,
nuclear and geothermal power plants in a country. Fig. 6 visualises the parameter az of Eq. (7]).

79
3 a1y = | 78)

(7h)

.......

4{] e mmmmmAm =TT Y i :

___________
_________

-------

Industry factor [%] 35

a0 15 10 5

Average temperature of the coldest month [C]

Fig. 6. Dependence of coefficient as on average temperature of coldest month T Jc month and industry
factor EJing.

az = a% ’ fa13 (TM]/' month) ) fazs (chmonth) ) fa33 (ATj) ) fat (Efjl.ng) 1)

12



407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422

423

424
425
426
427
428
429

430

431
432
433

434

435
436
la37

where T Jy montn is the average temperature of the warmest month, T i month iS the average
temperature of the coldest month, AT 1 is the temperature difference between the warmest and the
coldest month, and E Jng is the proportion of the electricity generation share of hydro, nuclear and
geothermal power plants.

3.3 Diurnal oscillation

3.3.1 Basic diurnal oscillation

The electricity consumption pattern over a day shows substantial intraday variability. The demand
is higher than average during noon and evening, while night demand tends to be lower than
average.

V4 = agsin " (byx +c,) +d, €))
d, =0 (8a) ng=1 (8b)
Periods of 24 and 12 hours are introduced to model daily oscillations.

2m
b4 = % - 365 (8C)
One hour corresponds to 27/24. The minimum point is 2/3x, this corresponds to a time of 18:00.
It is assumed that the lowest demand during the day corresponds to 03:00 in the morning. This
implies a phase shift of 9 hours, which was fine tuned to 9.1 hours, as realised by the parameter
Cs.

s =—912 (8d)
The magnitude of the amplitude follows a decreasing exponential function.

tj
~GDP gy

a, =012-E - (1 —e 10 ) (8e)

where E Yave is average electricity consumption over the year and GDP Yeap is the gross domestic
product per capita. Fig. 7 displays the parameter as of Eq. (8e).
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Fig. 7. Dependence of coefficient as on GDP per capita, GDP Ygap

3.3.2 Diurnal oscillation driven by low electricity prices

A high national share of hydropower, geothermal or nuclear energy typically implies low energy
prices, which in turn leads to, in general, more electricity consumption due to a lower level of
efficiency.

ys = agsin s (bgx + ¢5) + ds 9
d5 =0 (93) ng = 1 (gb)
The frequency is equal to the basic diurnal oscillation (8c).

bs = by = ——- 365 (9¢)

Sine, shifted by «t, oscillation reduces the amplitude of the basic diurnal oscillation.
Cs =c4+7r=2.9§—z (9d)

The amplitude for daily oscillations is driven by low electricity prices induced by a high share of
low marginal cost generation, which is indicated by the supply share of hydropower, nuclear and
geothermal energy (E 'nng) and applied for a respective share of higher than 80% of the total
electricity supply. The function Eq. (7h) described above in section 3.2.2 is used to define the
amplitude of diurnal oscillation driven by low electricity prices.

al =012 Ed, - () )° (9e)

as = a% : fa43 (E;Lng) (9f)

where E Y is average electricity consumption over the year.
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3.3.3 Double frequency of diurnal oscillation
The available load data exhibit a double peak structure, i.e. one peak around noon and another in
the later afternoon to early evening.

Y6 = Qg sin "6 (bgx + cg) + dg (10)

dg =0 (10a) ng =1 (10b)

The period 12 hours is introduced to simulate a daily double peak oscillation.

bg = —==- 365 - 2 (10¢)

Ce = 2-04—%712 —36.2;—2 (10d)
(ag—as) tj _% ti 4 i

46 = ;.715 =0.044 Eg, | | 1—e 10 - (Ehizg)g 'fa3 (Eijmg) (10e)

3.4 Optimal summer day oscillation

This oscillation is almost identical to the double peak structure of Eq. (10); however, a phase
shift is chosen so that the afternoon peak disappears, and the amplitude is weaker.

y; =a;sin ™ (b;x +¢;) +d; (11D
d; =0  (11a) n,=1  (11b)

by = bg = =+ 365 - 2 (11c)
€= =2 co+m =844 (11d)
@ =55 =0032-Eghe-(1—e™ (11e)

3.5 Week oscillation

3.5.1 Basic week oscillation
Electricity demand is not uniform throughout the week. It peaks during weekday working hours
and is at its minimum during nights and weekends.

yg = agsin "8 (bgx + cg) + dg (12)
dg=0 (12a) ng =1 (12b)

Frequency of a weekly cycle expressed in hourly terms:

by = =22 (120)
It is assumed that the lowest electricity demand of the weekly oscillation occurs at 3 o'clock on
Sunday morning. This hour is the 147" hour of a week. For a given length of the period of 168
hours (24 h-7 = 168 h), the lowest load of the week is equal to the 126" hour of the week
(168-3/2-m, since 3/2-m equals the minimum of the sine function). The phase shift is therefore (126-
147)/168-2n = -0.257n. The phase shift follows to:
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cg = =025 + (dpirse — 1) - (12d)

where dsirst is the first day of the year € N, [1,7] for Monday =1 and Sunday = 7.

Countries with the weekend on Friday and Saturday have the lowest demand of the weekend
oscillation on Saturday morning at 3 o'clock, the 123™ hour.

Cg = —0.257 + dpirge - o (12e)

The amplitude of the weekly oscillation has a significant dependence on the power consumption
of the industrial sector, E Jing. The more a region is industrialised, the less pronounced is the
difference between weekdays and weekends.

ag = 0.063263-E} - EY, (12f)

where E Jing is the industry factor, or the power consumption in the industrial sector, and E Yave is
the average electricity consumption over the year.

3.5.2 Double frequency of week oscillation

The basic week oscillation would provide too much stress on Wednesday, so the oscillation of the
3.5-day period and half of the amplitude corrects the Wednesday value and the minimum value is
further emphasised.

Y9 = agsin " (bgx + cg) + dg (13)

dg=0 (13a) ng=1 (13b)

ag =2=0.032"E},; - Egye (13¢0)
2m 365

b9=87—’;)~7~2 (13d)

Cg = -2 Cg — %T[ =-—-n—2- dfirst : 2771' (136)

3.6 Weekend oscillation

3.6.1 Basic weekend oscillation
To consider the difference between weekdays and weekends, another set of oscillations is used.
With ki €N, [1,52] we get
124—(dfipse—1)-24+ (k1 —1)-24-7
For xu' € [172—Ed;mi—lg-24+Ek1—1§-24-7]
It is assumed that weekends start at 05:00 on Saturday and end at 03:00 on Monday. For countries
with the weekend on Friday and Saturday, xw is defined as follows:
2 [100—(dfirst—1)'24+(k1—1)-24--7]
WE 148 —(dfirg—1) 28+ (kg —1)-247
It is assumed that weekends start at 05:00 on Friday and end at 03:00 on Sunday.

Y10 = Qg0 8in 10 (byox + ¢q9) + dyg (14)
with X € N, Xu!, Xw’.
dlo = 0 (143) n10 = 1 (14b)

The length of the period is equivalent to the length of the period of the basic diurnal period.
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bio = by = —=- 365 (14¢)

A sinusoidal oscillation is shifted by a half period to weaken the amplitude of the basic diurnal
period.

Co=citT=29-2 (14d)

Industrial activity has the dominating influence on the difference between weekday and weekend
demand oscillations. The higher the industrial share in the total demand, the more the weekly
spread is reduced.

) ) ) -aoP,, ) )
ajo = (a4 —as) - EiJnd = Ei]nd $0.12- Ectz{;e (1 —e 10 > - (E;L{'lg)g ‘fa43 (Eijlng) (14e)

where E Jing is the industry factor, i.e. the relative power consumption of the industrial sector.

3.6.2 Double frequency of weekend oscillation
To reduce the daily amplitude of the load curve over the weekend, it is also necessary to reduce
the double daily frequency during that period.

Y11 = @q18in "1t (byix +¢q1) +dyy (15)
with X € N, xu!, xw? (for xw'and x? see section 3.6.1)
dll = 0 (153) nll = 1 (15b)
2
by, = bg = ﬁ 365 - 2 (15¢)
Cip=Co+m=—242-2 (15d)
. . t. __GDPE'('zp t. .
ajy = ag Ely = 0.044 - E} ;- Eghe | [ 1—e™ 10 | = (Eph)® - fa (Enng) (15€)

where E Jing is the industry factor.

3.6.3 Decreased weekend average
The average demand on weekends is lower than on weekdays, which needs to be adjusted.

Y12 = gz 8in "2 (bypx + ¢15) + dyp (16)

with x € N, xu!, xw? (for xw'and x.? see section 3.6.1)

a12 = 0 (163) b12 = 0 (16b) C12 = 0 (16(:) n12 = 1 (16d)
; _E{n

dy, = 0.136493 - EJ . <1 - e‘o.sssi) (16e)

where E U4 is the average electricity consumption over the year and E Jing is the industry factor.

3.7 Afternoon and evening peak
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Eq. (17) is introduced to account for lighting and other electricity demand correlating to activity
in the dark hours of the day. A single sine period formulated as sin? is used to have positive values
only. This begins at sunset and ends at midnight, when it is assumed this additional demand ends.

Y13 = Zigzg agsin " (by,x + ci,) + dy, (17)
de, =0  (17a) Ny, =2 (17b)

As sunset occurs at various times every day, it is necessary to model 365 individual oscillations.
The individual oscillations are limited to the period of the respective sunset until midnight by
limiting the definition range of x (the hours of the year). The oscillations are calculated for the
daily hours from 08:00 to 24:00; this time corresponds to an interval x e [24 = (k; — 1) +
sunset (k1), 24 * k1], where k; € the 365 days of a year.

The sin2 oscillation of the afternoon / evening has the period length from the time of sunset to
midnight.

_ 2m
bi, = 2-(24—sunset(k,)) (17¢)
¢k, = (24 (ky — 1) + sunset(ky)) - by, (17d)

The amplitude is dependent on the GDP per capita (GDP Ycp ) and the time of the sunset on the
specific day. In case sunset is after midnight or the sun does not set at all on a particular day, its
amplitude is set to zero.

tj

tj oS pp
ay, = Egpe +(0.036 — 0.036 - 0.8 - (sunset(k;) — 19.5) + 0.5 - 6000 "~ "cap .

(1 _ sunset(kl)—17)> (17e)

24-17

where E Uy is the average electricity consumption over the year and GDP Ye,p, is the gross domestic
product per capita.

3.8 Air conditioning
3.8.1 Day peak

If a location exhibits a temperature of more than 25°C for more than 300 hours in a year, it is
assumed that air conditioning is present in a significant amount. Again, a sin? function is used to
add load.

Yia = Yooy ai,sin ™2 (by,x + ¢x,) + dy, (18)
dp, =0  (18a) ny, =2 (18b)

2
by, = 2*’175 (18¢)
ek, =24x(k;—1)+8 (18d)

The period and the phase shift are modelled to have a maximum at 15:30 provided that the
maximum temperature of a day exceeds 25°C.
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The oscillations are calculated for the daily hours from 08:00 to 23:00; this time corresponds to an
interval x € [24 * (k, — 1) + 8,24 = k, — 1], where k> € the 365 days of a year. The amplitude is

described in Eq. (18i) and applied for temperatures above 25°C.
£ (1) )= 1, length(Tl{?ml nours > 257 €C) > 300h (18¢)
o\ HlocalRours? o, length(T} > 25° C) < 300h

. . ocal hours
Basic condition:

tempP:=T) .ot hours(x € [24 % (ky — 1) + 8]: x € [24 x ky — 1]), (18f)
where temp is the temperature data vector in hourly resolution. Temp vector values correspond to

a given hours in the interval x, temp eR

h:=max(temp) (18g)
where h is the maximum value of the temp vector.
1, h > 25
A ={y 2% (18h)
EY ~6DPChy ~(f1(n)-26)
al =Zave . [ 1 — g7 1000000 |- {1 =€~ 7 (18i)
k2 ™ 900
Ak, (x) = a’%z 'fakz (Tl{Jcal hours) (18))

where E Y, is the average electricity consumption over the year and GDP ¢4, is the gross domestic
product per capita.

3.8.2 Summer night peak

A basic assumption was made that air conditioning systems are used to a significant extent only if
the temperature above 25 ° C was measured for at least 300 hours per year according to Eq. (18e).

Vis = Zi?il ay,sin "3 (by,x + ci,) + dy, (19)
for x € [24 % (k3 — 1)+ 1,24« (k3 — 1) + 48], two full days, before and after the summer
night.

ag, =0 (19a) by, =1 (19b) ¢, =0 (19¢) ng, =1 (19d)

If summer nights have a maximum temperature exceeding 22°C between 21:00 and 08:00,
additional load is set for two days adjacent to the night. Warm nights correspond to hours in the
interval x € [24 * (k3 — 1) + 21,24 * (k3 — 1) + 32], where ks € the 365 days of a year.

Basic condition:

temMP2:=T, 1 nowrs (X € [24 % (kg — 1) + 21,24 % (k3 — 1) + 32]), (19)
where temp. is a temperature data vector in hourly resolution, and temp> vector values correspond
to given hours in the interval x, tempz eR

h2:=max(temp2) (190)
where h is the maximum value of the temp; vector.
1, 22
f) =0 122 5 (199)
5t ~0.038-GDPH ) (F2(h2)-22)
d]1€3 = —are ., <1 —e 10000 ) (191’1)
1700
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die, = dis_, 'fakz (Tl{)cal hours) _ (191)
where E Y,y is the average electricity consumption over the year and GDP ¢4, is the gross domestic
product per capita.

3.8.3 Winter peak

It is assumed that air conditioning in winter exists, based on the same conditions as defined in Eq.
(18e). However, it is also assumed that no other form of heating exists if the minimum temperature
does not fall below 2 °C and that air conditioning is used as heating on cold days through reverse
cycling.

Y16 = Yooy Ak, sin ™4 (by,x + cx,) + dy, (20)
ag, =0 (20a) by, =1 (20b) Ck, =0 (20¢) n, =1 (20d)
The oscillations are calculated for the daily hours from 06:00 to 23:00; this time corresponds to an
interval x € [24 = (k, — 1) + 6,24 * (k4 — 1) + 23], where ks € the 365 days of a year.

|1, min(T}, ) =2

J ocal hours
fdk4 (Tlocal hours) - 0, min(le )< 2 (20e)

ocal hours
Additional restriction for this oscillation checks that daily average temperature should fall below
15 °C.
tempa:=T) o1 hours(* € [24 % (ky — 1) + 1,24 * k,]), (20f)
where temp is the temperature data vector in hourly resolution. The Temps vector values
correspond to a given hour in the interval x, temps eR

hs:=max(temps) (20g)
where hs is the maximum value of the temp vector.
_ (1, hy < 15°C
fdk4(h3) - {0, h3 > 15°C (20}1)
] —GDPE{IP _<15_fdk4(h3)>
d}% =0.1- Eé{w . (1 — e‘W> d1—-e77 1 (20i)
dk4 = d’1€4 'fakz (Tl{)cal hours) 'fdk4 (leocal hours) (20))

where E Y, is the average electricity consumption over the year and GDP Yg,p, is the gross domestic
product per capita.

3.9 Travel and tourism contribution

Real load data shows that in countries with a strongly developed tourism sector, consumption of
electricity is increased during the summer period.

Y17 = g sin "ks (b x + cx) + dy, (21)
ag, =0 (21a) b, =0 (21b) k. =0 (21¢) ne, =1 (21d)

5

20



713
714
715

716

717

718

719
720

721

722

723

724
725
726
727
728
729
730
731
732
733
734
735
736
737

738
739

740

741
742

743

744

745

The oscillations are calculated for countries where the warmest temperature T 1, can exceed 29 °C
during the year and the tourist and travel share of the GDP 1, exceeds 10.2%.

: 1, T. > 29
fin ) ={0 T @16
5 0, T) <29
. 1, GDP) >10.2
12, (oorl) =11 6070 an
0, GDP) <10.2

. 1, lat/€[15,90]

3 (lat/)) := . 21
iy, (lat)) {o, lat/ e(~90,15) (21g)
The summer period corresponds to hours in the interval x € [24 = (ks — 1) + 1,24 = k<], where ks
€ the daily interval, which is equal to [152,243].

1, xek
4 . — ’ 5
fay, (¥): = {0, X €k (21h)
i —GDP%;O
d,lcs = Eg,e “1—e s (21i)
dy, = di, " fd, (Ta) - fd,,(GDPy,) - f3, (lat/) - fi () (21))

where E Yy is the average electricity consumption over the year and GDP Jr, is the tourism and
travel share in the GDP.

3.10 Maximum demand consumption

To adjust the peak load of the countries, an additional function Eq. (22) is used, provided that the
maximum of the target function load(x) exceeds the value of Peak Y.

Yig = QqgSin "18 (bigx + ¢1g) + dyg (22)
d18 = 0 (223) n18 = 1 (22b)

The length of the period and the phase of the shift are equivalent to the length of the period of the
annual oscillations.

big = by = —= (22¢)

8760 lat

a
C18 = Cz = 0225 . an (22d)
1, max(load(x)) > Peakt
1 load = .
fals(maX( oa (x))) {0’ max(load(.x)) < Peakt} -
The amplitude is formed by an exponential function. Countries where the warmest temperature Ty

can exceed 40 °C during the year have the following amplitude:

(22e)

- 1, T > 40
feo(Ty) == { ¥ (22)
0, T) < 40
1 ti 32'2_T\];v month
ajg = —Peakl -|1—e 47.9 (Zzg)
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Eq (22h) defines the amplitude of the countries where the seasonal demand pattern exhibits higher
consumption during winter than in summer. Therefore, the functions Eq. (6j) and Eq (6k) described
in section 3.2.1 are used to determine the amplitude of the maximum demand oscillation.

12.5-T/

a2y = —0.1335 - Peak!/ - (1 - e‘il'é.’?"mh) (22h)

ayg =akg - i (max(load(x))) - f2,(T)) + adg - fil, (max(load(x))) - fit (T omen) - £, (1at))
(22i)

where Peak Y is the maximum electricity demand for the years 2017 to 2100 and T ¢ month is the
average temperature of the coldest month.

3.11 Calibration of total annual demand
The total annual demand is an input variable to the model and this last summand ensures that the

integral of the annual load matches the total annual demand. To maintain the annual electricity
demand, a bias constant is applied over all hours of the year.

Error= w (23)
load(x) = Y,;yi(x) +Error (24)
EJ = [ load(x) dx (25)

where E Y, is the annual electricity consumption, yi is the sum of sine functions (i denotes the
number of sine functions), Error is the mean absolute error, and load(x) is the hourly synthetic
electricity demand.

3.12 Estimation of future electricity demand and load profile

The model introduced in this section is well suited for founded estimates of the future electricity
demand and the respective hourly demand profile for all countries in the world. The future
electricity demand of countries is estimated by applying the model to an assumed future economic
development level and related variables, such as electricity demand, peak load and GDP per capita
as described in the data section. It is assumed that these explanatory variables are the most
important for electricity demand and the load profile in long-term projections.

4. Results and application
4.1 Modeled load curve quality

The accuracy of the proposed model is tested using actual load values in hourly resolution as
presented in the Appendix (Table Al). An error analysis, based on the R-squared error, is provided
to estimate the model performance and its reliability. The R-squared error is calculated as follows:

2 _q _SSE
R?=1-— (26)
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where SSE is the sum square error and SST is the sum of squared total. These performance
measures are defined as;

SSE = ¥;-1(load,.; — load,, ;)?
SST = ¥;-,(load,.; — load ; )

(27)
(28)

where load, ; and load,, ; denote the actual values and modeled values of the load, respectively,
for the i-th hour. The value load,; shows the average value of the hours of each day of the year.
Equation (28) constrains the R-squared error to consider an annual oscillation, i.e. the line
describing load passes through the average value of the hours of each day of the year.

The R-squared errors for 57 countries with available real load data are illustrated in Figure 8. The
R-squared error values show satisfactory results.
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Fig. 8. Values of R-squared error for countries with real load data. Abbreviations of countries relate to
their internet endings.

The error values for all countries with real load profiles are summarised in the Appendix (Table
A2).

4.2 Modeled peak load quality

To evaluate the modeled peak load quality, the actual peak load has been compared to model peak
load results. The deviation (Dev) is provided as a measure of accuracy of the model in reproducing
the peak load and defined as follow:

Peak,,—Peak,

Dev = [ Peak, ] -100

(29)

where Peak,, and Peak, are the modelled and real values of the load peak, respectively. Figure 9
illustrates the peak load deviation. A share of 41 % of the countries with real peak load data have
peak load deviations within an error bar of +5%. As can be observed in Figure 9, countries with
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electricity consumption varying between 300 and 5000 TWh have the smallest peak deviation,
which means synthetic peak values are close to real peak load.
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Fig. 9. Peak load deviation.

The deviations of the modeled and real load peaks are provided in detail in the Appendix (Table
A3).

4.3 Model results for exemplarily countries and special impact variables

4.3.1 Impact variables

It was detected that specific economic, technical and climate characteristics have a significant
influence on the quality of the results.

Tourism factor

The impact of tourism on electricity demand was examined for the example of Cyprus, where the
share of tourism and travel in GDP equals 19.3%. It can be seen from Figure 10 that a lack of
tourism impact in the model for Cyprus leads to growth of modelling error during the summer.
The peak load deviation increased by 1.3%, i.e. the peak load values with and without the tourism
factor are 689 MW and 601 MW, respectively, compared to the real peak load of 954 MW. As is
depicted in Figure 10, the histogram of the modelling error is almost symmetrical around the zero
value of the ordinate axis. However, the modelling error increases without the tourism factor and
leads to a different appearance in the sides of the histogram.
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Fig. 10. Actual load data and synthetic load data (i), the modelling error (ii), and histogram of the
modelling error (iii) for Cyprus in the year 2015 with (left) and without (right) tourism impact.

Industrial production factor

Electricity consumption depends also on industrial production. In Russia, where 52% of total
electricity consumption is industrial electricity consumption, this impact is significant. Figure 11
shows the actual and the synthetic load profiles, the modelling error and histogram of the modelling
error for Russia in the year 2014. It can be noticed that the amplitude of the synthetic load
significantly exceeds the real load amplitude. The graphical representation of the error illustrates
the influence of the industrial impact on the load observed during the year. The difference between
histograms of the modelling error with and without industrial production impact is significant.
This can be explained by the magnification of the modelling error range due to the removal of the
industrial production factor. The peak load deviation increased by 2.0%, i.e. the peak load values
with and without the industrial production factor are 151 GW and 161 GW, respectively, compared
to the real peak load of 155 GW. The main explanation of the high relevance of this factor is that
industrial demand is closer to baseload due to 24/7 production conditions compared to the much
higher relative demand during daytime and evening hours of private households. This is also true
for commercial demand, such as retailers and many service businesses. Hence, the higher the
industrial demand in the overall power sector, the less pronounced the relative minimum and
maximum loads compared to the daily average.
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Fig. 11. Actual load data and synthetic load data (i), the modelling error (ii), and histogram of the
modelling error (iii) for Russia in the year 2014 with (left) and without (right) industrial production
impact.

Air conditioning factor

Weather and climate conditions represent the most influental exogenous variables. Temperature is
the most commonly used weather variable. Air conditioning in Japan as an example of the
temperature influence is examined in the following. An increasing modelling error for the period
between hours 3000 and 6000 can be observed based on the histograms in Figure 12. The
elimination of air conditioning impact leads to an increased peak load deviation from -6.9% to -
17%.
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Fig. 12. Actual load data and synthetic load data (i), the modelling error (ii), and histogram of the
modelling error (iii) for Japan in the year 2015 with (left) and without (right) air conditioning impact.

Electric heating factor

The ratio of electricity sourced from hydro, nuclear and geothermal power to total generated
electricity in France is 89%. The inflexible nuclear baseload generation leads to electric heating
systems, which can use the excess electricity during night hours, often stored for the following
day, and leading to the strong temperature sensitivity of the French power sector. Figure 13 shows
that the distribution of the modelling error in the histogram deviates towards negative values. This
implies that the values of the real profile exceed the synthetic load values because of the
elimination of the electric heating impact. The R-squared error increases from 0.97 to 0.98 by
introducing the electric heating factor. In addition, the elimination of electric heating impact leads
to an increased peak load deviation of 1.3%.
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Fig. 13. Actual load data and synthetic load data (i), the modelling error (ii), and histogram of the
modelling error (iii) for France in the year 2015 with (left) and without (right) electric heating impact.

Sunset hours factor

The time factor, such as sunset hours, affects electricity demand. The influence of sunset hours is
shown for the example of New Zealand. As depicted in Figure 14, the exclusion of sunset hours
for New Zealand results in an increase in the modelling error for the period between hours 3000
and 5000. The peak load deviation is increased from -7.5% to -17.5%.
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Fig. 14. Actual load data and synthetic load data (i), the modelling error (ii), and histogram of the
modelling error (iii) for New Zealand in the year 2015 with (left) and without (right) sunset hours

4.3.2 Sweden

In Figure 15 the model results are presented for the examaple of Sweden, and the harmonics of the
annual, diurnal and weekly variations for the year 2015 are displayed. The synthetic load demand
achieves an R-squared error of 99% and the peak deviation is 0.8% compared to the actual peak.
The electrical load pattern in the country varies for the different seasons. The electricity
consumption is highest in January, and lowest during the holiday season in August.
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Fig. 15. The synthetic and the actual demand of Sweden for the year 2015.

Figure 16 presents the synthetic and the actual demand of Sweden for the year 2015 as a matrix
for all 8760 hours in a resolution for the 365 days and the 24 hours. The graphs for the actual and
synthetic load show the daily minimum in the early morning hours at around 03:00. Furthermore,
both graphs demonstrate two load peaks, one around noon and the second in the early evening
around 19:00. In the winter months, the evening peak is substantially higher than the noon peak,
whereas in summer months the peaks are very similar. It can be seen from the actual error plot that
the maximum value of the absolute error is -7 GW, equal to -48%. A share of 47% of the load
deviations are within an error bar of +5%.
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Fig.16. Actual load data (top, left), synthetic load data (top, right), absolute error (bottom, left), and
relative error (bottom, right) for Sweden in the year 2015.

Figure 17 shows for the resolution of one week in October, whereby both weekday and weekend
intraday variations are reproduced. The weekly demand profile exhibits lower consumption during
weekends. The peak demand switches from one peak in the late morning to a weaker peak in the
afternoon.

Sweden
October

19 T T

\ |

= synthetic load profile

=== real load profile

11 1 1 1 1 1 1
6820 6840 6860 6880 6900 6920 6940 6960 6980

Hours of a week
Fig. 17. The synthetic and the actual demand for Sweden in the year 2015, for a representative week in
October.
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Figure 18 illustrates that the overall performance of the model is good for the example of Sweden.
However, a closer look at Figure 18 indicates that the model values diverge more from the actual
values in the modelled load region between 20 GW to 25 GW. At lower temperatures it is observed
that the deviation of modelled values from the actual values is more significant. Warm summer
days also show deviations since the model tends to project low load values compared to the fact
that the Swedish power system does not tend to show load values significantly below 1 GW.
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Fig. 18. The model performance for Sweden and the year 2015 depending on temperature.

Figure 19 depicts that the model is satisfactory for the example of Sweden. The graphical
representation of the error is empirically reliable. The histogram shows the relative error sorted
into a certain interval of error values. It can be seen from Figure 19 that the distribution is almost

symmetrical around the zero error.
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Fig. 19. Actual load data and synthetic load data (i), the modelling error (ii), and histogram of the
modelling error (iii) for Sweden in the year 2015.
4.3.3 Iran
Projections have been created for annual electricity demand by applying the assumption of section
2.3. Figure 20 shows modeled values of annual electricity demand for the example of Iran for the
years 2017 - 2100. The logistic growth of the electricity consumption can be observed reaching a
plateau level at around the year 2070.

Iran
T

1400 T T

-
N
(=]
(=]

1000

800

600

Annual electrcity demand [TWh]

L 1
.\Q %Q QS

o S o o S o o> &
VvV Vv Vv Vv Vv Vv Vv Vv Vv
Year

Fig. 20. The synthetic annual demand of Iran for the years 2017 - 2100.

The synthetic and the actual electricity demands of Iran for the year 2015 are presented in Figure
21. It can be seen from Figure 21 that consumption is highest in the summer period. There is a
strong divergence between the curves in March. This is because the model does not include the
influence of religious and public holidays. The Iranian New Year falls between 20 March and 24
March. The holidays last 5 days in general, and 14 days for schools and universities, resulting in a
decrease in electricity demand during this period.
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Fig. 21. The synthetic and the actual demand of Iran for the year 2015.

Figure 22 illustrates the actual load, the synthetic load, absolute error and relative error as a matrix
for all 8760 hours in a resolution of 365 days and 24 hours for the year 2015.The increased demand
during the summer can be easily observed from the actual load and the synthetic load graphs. In
winter it can be noticed that the evening peak is higher than the noon peak in both graphs. The
maximum of the errors is observed during the Iranian New Year, due to religious and public
impacts not being included in the model. A share of 35 % of the load deviations are within an error
bar of +5%.
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983

984  An October week is illustrated in Figure 23. This shows the magnitude of the weekly and daily
985 load curves. The load decreases on Thursday and Friday, and in the night hours of all weekdays.
986  The weekend in Iran is Thursday and Friday, and the model correctly considers decreasing load
987  during the Iranian weekend.
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991

992  Figure 24 presents the performance of the model in the case of Iran for the year 2015. The
993  maximum mismatch of loads is observed at minimum temperatures from 0 to 5 °C.
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996
997  Figure 25 illustrates the actual and synthetic load profiles, the modelling error and histogram of
998 the modelling error. The difference in the sides of the histogram and the increase of the modelling

999 error during March can be explained by the exclusion of holidays in the model.
1000
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Fig. 25. Actual load data and synthetic load data (i), the modelling error (ii), and histogram of the
modelling error (iii) for Iran in the year 2015.

All results for countries with real load and peak data can be found in the Appendix.
4.4 Projection of electricity demand and the respective load profile

The introduced model allows the estimation of annual electricity demand and its hourly resolution
for all countries based on available data and assumptions for the period from 2017 to 2100.
Estimates for the annual electricity demand for all countries in the world are presented for the years
2015, 2030, 2050, 2070 and 2090 in the Appendix (Table A4). Projections of the hourly electricity
consumption as a matrix for 8760 hours in a resolution of 365 days and 24 hours are presented for
all countries, regions, continents and the world for future decades in the Appendix (see spreadsheet
files).

The model results are compared to the findings of Finnish research on future Finnish electricity
consumption in baseline and vision scenarios used by the Finnish Ministry of Employment and the
Economy [47]. The results are presented in Table 2 and Figure 26.

Table 2

Finnish electricity demand scenarios in TWh. Data for 2010 is historic data; for 2015 the projected data of the two
VTT (Technical Research Centre of Finland) scenarios are shown as well as the historic demand for the case of this
model.
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Scenarios 2010 | 2015 | 2020 | 2030 | 2040 | 2050 | 2060 | 2070 | 2080 | 2090 | 2100
VTT baseline | 875 | 98.1 103 108 113 116
VTT vision 875 | 981 99 95 90 80
This model 875 | 823 | 847 | 925 | 99.3 | 1015 | 101.8 | 102.7 | 104.5 | 105.3 | 105.6

From Figure 26 it can be seen that the two scenarios and the model projection differ, in particular
the VTT baseline and VTT vision scenarios, which project two diametrical trends, as a business-
as-usual case and a scenario based on either very high efficiency gains or drastic economic decline.
The projection of this research is comparable to the business-as-usual scenario but shifted to lower
values. The result of this research shows an increasing trend till 2040/2050 and then a saturated
plateau till the end of the century. The starting data of this model is from 2015, which takes into
account the declining economic development of the recent years, which had been not possible to
be anticipated by the VTT scenarios.
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Fig. 26. Finnish electricity consumption scenarios.

Figure 27 depicts a relatively constant seasonal pattern of electricity consumption throughout the
presented years for the case of Finland. It can be observed that electricity consumption is higher
during the winter months. The diurnal electricity demand pattern shows a peak demand close to
noon and in the evening for all years.

36



1044

1045
1046

1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067

Finland Finland

Synthetic load 2030 Synthetic load 2050

15 GW 15 GwW

14 GwW

14 Gw

13 GW

13 GwW

126w 126w

Load
Load

116w 11Gw

10 GW 101.5 TWh synthetic load 10 GW
[ | 14.87 GW synthetic peak load

9GW

- 9GW
50 100 150 200 250 300 350 50 100 150 200 250 300 350

Days of a year Days of a year
Finland Finland

Synthetic load 2070 Synthetic load 2090

15 GW 15 GwW

14 GW 14 Gw
13 GW 13 GwW

126w 126w

Load
Load

16w 16w

102.7 TWh synthetic load 10 GW 105.3 TWh synthetic load 10 GW
I | 15.09 GW synthetic peak load 15.38 GW synthetic peak load 1

9GW
50 100 150 200 250 300 350 50 100 150 200 250 300 350

Days of a year Days of a year

Fig. 27. The synthetic hourly electricity demand of Finland for the years 2030, 2050, 2070 and 2090.
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5. Discussion

A long-term electricity projection model, based on the relationship between the electricity load
and relevant driving parameters, has been developed in this paper. In the model the most
commonly discussed driving parameters, such as existing load data, economic data, annual
electricity consumption, annual peak load, temperature and some country-specific economic data
are applied [33]. In addition to the common parameters mentioned in the literature, new parameters
such as the time of sunset, tourism, travel share in GDP, and proportion of the electricity generation
share of hydro, nuclear and geothermal power plants are introduced.

A multiple linear regression method is used in this research. The major concern with multiple
linear regression is overfitting. A lot of predictors and a limited number of real load profiles can
create such a problem. This arises from the target to develop an unified model for all countries. A
further increased sample of real data and combining closely correlated predictors could reduce
describing variables in further research.

The main difference between the proposed model and other multiple regression models [4,7-14] is

that the electricity demand projection is developed in an hourly resolution, not annual. However,
research about modelling demand in hourly resolution is being increasingly discussed in the
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literature [3,7,12]. The main focus in the literature is on modelling the demand of one specific
country and authors propose applying a similar methodology to other countries. In this research a
projection model is proposed that can be used for all countries globally. Furthermore, in contrast
to other studies, the approach projects an electricity demand for the period from 2017 - 2100.

The historical hourly load data of 57 countries [50-92] all around the world are compared with the
modelled results for the same years to verify the results or the thus calibrated model parameters. It
was found that specific economic, technical and climate characteristics, such as high shares of
marginal cost generation, air conditioning, impact of tourism and industrial consumption, local
temperature and seasonal effects have significant influence on the quality of results. For example,
in Cyprus, a country with a high share of tourism in total GDP, it can be seen that if the tourism
and travel share in GDP is not taken into account in the model, the modelling error of Cyprus is
significantly increased during summer.

Meanwhile, the industrial consumption impact on the electricity demand pattern can be observed
in Russia. Without this factor, the peak deviation of the model changes from -2.1% to 4.1%. The
proportion of the electricity generation share of hydro, nuclear and geothermal power plants has a
major impact on the results for France, where the electricity generation share of hydro, nuclear and
geothermal equals 0.89, mainly driven by nuclear energy. The resulting R-square error varies
between 0.97 and 0.98 depending on the inclusion of this parameter. Another important parameter
is the influence of air conditioning on the electricity demand pattern. In countries such as Japan,
where air-conditioning is used heavily, the peak load deviation of synthetic load increased from -
6.9% to -17%. For New Zealand the impact of sunset hours leads to a larger modelling error in the
winter.

Based on the obtained results of the case countries Sweden and Iran, it is obvious that the model
shows satisfactory synthetic load profiles for countries with different geographic, socio-economic,
climatic and technical conditions. The synthetic load demand achieves an R-squared error of 99%
for both countries. This means that, despite the high availability of the real load profiles for
European countries and less for emerging and developing countries, the model shows appropriate
results for diverse countries without a bias towards developed countries. The strong impact of
temperature is also covered well for the case of Iran.

The proposed electricity demand model, based on only a few easily accessible parameters, is the
very first model that is applicable to all countries globally. The model can be also used to project
future electricity demand and the respective load profile. This makes the model in particularly
relevant for energy scenario research, which increasingly requires not only a projection for the
annual electricity demand, but also an hourly resolution for entire years due the increasing share
of variable renewable energy generation all around the world.

Long-term electricity demand forecasting is a crucial part of planning and expansion of electric
power systems [2]. In fact, it plays an essential and important role in the planning of the
construction of new generation facilities. The obtained results could have a significant impact and
support energy transition studies towards sustainability. The results of this work can be applied to
power network planning, and power networks can be analysed by this methodology over a long
time period.
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Future research dedicated to further improvements may be related to introducing a new
temperature profile, taking temperature increase due to climate change into account. In addition,
good data on country-wide vacation periods, holiday seasons and religious and cultural events may
also further improve the model. Future energy technologies can have an influence on the electricity
demand in the future. For instance, energy storage and flexible demand can decrease peak power
demand while electric vehicles can increase the peak power demand. Electric vehicles will very
likely penetrate the markets on a large scale in the future and will increase electricity demand. The
impact of the heating and cooling load on the electricity demand pattern could be considered in
more detail to improve the predictability of the model. Electricity consumption varies considerably
between diverse types of buildings. For instance, in detached houses, more electricity is usually
consumed per square meter compared to flats. Moreover, the buildings structure, the heating and
cooling systems and the growth of area demand per capita in houses as a consequence of increasing
GDP could be taken into account in future research.

Distributed generation will be one of the major trends in electricity networks in the long term.
Solar will become the most important generation technology in the years to come [97]. The impact
of the mentioned trends on the load curve may be better understood for improved modeling in
further research. At the same time, the results of this research provide a good starting point from
which these trends can be added or adaptations can be made. Research on the possible extent to
which various flexible demands of the future can be incorporated into global energy systems must
start from a basic knowledge of the potential peaks and valleys of future energy demand. A first
step in projecting what future electricity demand may change to must involve projecting what it
may change from. This research also provides such a starting point.

6. Conclusion

A model has been proposed, tested and illustrated to project electricity demand based on UN
targets for all countries globally from present till the year 2100. The model is based on a linear
regression method in terms of oscillations of the daily, weekly and seasonal variations [2]. Specific
economic, technical and climate characteristics, such as high shares of marginal cost generation,
air conditioning, impact of tourism and industrial consumption, local temperature and seasonal
effects, which are important factors to improve modeling results, have been determined. The main
advantage of the proposed model is the usage of the real load data of 57 countries for validation.

The main findings and contribution of the presented research are:

1. The explanatory variables such as annual electricity demand, peak demand, temperature,
GDP, population, industrial production, day duration matter for electricity load. In
addition to analyse the impact of oscillations of a different frequency (annual, weekly,
weekend, diurnal), five main factors have been introduced: air conditioning, electric
heating, tourism, industrial impact and day duration. All of these factors reduced the
modelling error for a specific class of countries.

2. Geographical coverage is caught in high resolution. Synthetic load profiles are projected
for 180 countries in hourly resolution and also for decades to come based on an applied
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scenario. This feature of the introduced methodology may be of high value for enegy
system modelling in global-local resolution.

3. The proposed method, multiple linear regression, is flexible enough to be applied to
different socio-economic scenarios based on alternative assumptions. It could help
promote knowledge sharing and thus increase efficiency and transparency in the modelling
community.

4. The model performance was analysed based on 57 real load profiles and the R-square
error. The R-square error values for the modelled and actual loads vary between 0.968 and
0.998.

As future work, real temperature profiles in high resolution should be added in order to further
improve the prediction accuracy off energy demand. Moreover, new technologies such as electric
vehicles and energy storage may bring changes to the electricity load profile in the future. The
result is that the effect on the load profile may be considerable and versatile, which should be
considered in futher research.
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