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SUMMARY

The current energy transition is not progressing fast enough to meet the targets of the Paris agree-
ment, which asks for limiting global warming well below 2°C and aiming for 1.5°C (Gerwen, Eijgelaar,
& Bosma, 2020). As a direct consequence, renewable energy sources are expected to increase enor-
mously in the upcoming years. These renewable sources, such as solar PV and wind, are by nature
non- dispatchable and display characteristics of high intermittency. Thus, they are commonly referred
to as variable renewable energy sources (VRES). Additionally, the electrification among many power
end-consumers of different sectors will increase spreading in the future to phase out fossil-fuel based
technologies, such as heat pumps instead of gas boilers. The combination of VRES power generation
and enhanced power demand during hours with peak power demand through electrification will put
high pressure on the future power grid (Gerwen, Eijgelaar, & Bosma, 2020). As a result, power markets
across the globe will experience profound changes in their power supply and demand characteristics,
which will eventually lead to higher power variabilities in their grids. Power markets from different
regions around the globe are exposed to distinct dynamics regarding the supply and demand side
which are, for instance, caused by unique weather regimes or human development indexes (HDI).
Thus, it is crucial to analyse current and future power markets of various regions and their correspond-
ing grid variabilities among pre-selected time-cycles such as hourly, daily, weekly, monthly, and sea-
sonal. By doing so, advice for flexibility measures on, for example, energy storage, can be provided for
each time-cycle.

This study describes a novel approach to analyse the power variability of geographical and demograph-
ical distinct power systems, by examining the residual power load with the aid of a power frequency
spectrum analysis. Thereby, the total power load profile was decomposed into relevant power sectors,
based on the Netherlands as a benchmark country. In the next step, the decomposed sectorial load
profiles were adjusted with country-specific factors to generate new total power loads per examined
country. Subsequently, the VRES generation profiles per country were calculated based on solar PV,
onshore, and offshore wind. Regional specific development indexes were applied to project the power
demand and installed capacity of VRES for low and high scenarios for the years 2030 and 2050. Conse-
guently, the residual power load profiles were created for current and future power markets of four
countries: Netherlands, Italy, Egypt, and Singapore, which subsequently were analysed for power and
electric energy variability on the pre-selected time-cycles. Additionally, the residual load duration
curves (RLDCs) were examined for peaking power demand and VRES surplus or curtailment.

Outcomes revealed significant discrepancies among geographically and demographically distinct re-
gions across the globe. Whereas the Egyptian and Italian power market in 2050 displays strong in-
tra- daily power variation, triggered by the domination of solar PV, the Netherlands also experiences
high-power variation on weekly time-cycles, which could be influenced by a high adoption rate of off-
shore wind in 2015. The Singaporean power market in 2050 has a significant variability peak on sea-
sonal time-cycles caused by high seasonality of wind power in South East Asia (SEA). The RLDC of all
examined countries resulted in a significant increase in cumulative VRES surplus by 2050 and thus,
requires more investments in more storage facilities or other flexibility measures.

The novel approach of this study can be of importance for future planning and maintenance of power
grids for utilities, power producers, transmission system operators (TSO), and the general energy mar-
ket. The methodology could also be extended and applied to other countries, based on another bench-
mark country.
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1. INTRODUCTION

1.1 Background

Energy markets across the globe are currently undergoing a profound change in their power mix with
an increased share of variable renewable energy sources (VRES) to pave the road towards a future
society with a net-zero carbon footprint. These VRES technologies will directly enhance the pressure
of current grids by intermittent power generation with a characteristic of high weather-dependency,
such as wind speed, temperature, and solar irradiance. Additionally, increased electrification within
distinct end-consumer of the power sectors, such as high adoption rate of heat pumps, air conditioning
(AC), and electric vehicles (EVs), will stress the grid in the upcoming years even further. The manufac-
turing or industrial sector is also expected to shift to more electrified processes along their supply and
production chains. As a result, the global power demand is expected to more than double between
2017 to 2050, increasing from an annual power consumption of 24 PWh to 53 PWh (see Figure 1) (DNV
GL, 2019). Thus, the supply side, or power generation, of the current power network will become more
variable and unpredictable, by increased shares of VRES, while simultaneously the demand side, or
power consumption, will increase in size through enhanced electrification of certain sectors. Conse-
guently, more power generation facilities, utilities, and grid infrastructure are required to operate fu-
ture power systems. Also, more investments in flexibility measures, for example, energy storage, de-
mand response (DR), vehicle-to-grid (H2G), power-to-gas (P2G) will be needed to mitigate high power
variabilities and thus, creating a reliable future power system (Gerwen, Eijgelaar, & Bosma, 2020).

Units: PWh/yr

Transport
Buildings
Manufacturing

Energy sector
own use

Power-to-H,

Other

1980 1990 2000 2010 2020 2030 2040 2050
Historical data source: IEA WEB (2018)

Figure 1: Global power demand by sectors and projections of the future with a time-period of 2018 -
2050 (DNV GL, 2019).

DNV GL’s energy transition outlook (ETO) report from 2019 predicts that solar PV will be the global
leading power source by 2050, providing 33% of the total power demand (DNV GL, 2019). Onshore
wind will be the source that delivers the second most power with a share of 18% (see Figure 2) (DNV
GL, 2019). These VRES are, by nature, variable and non-dispatchable at will. The growth of VRES and
their correspondent intermittency issues directly enhances the variability of the power supply. Wind
power generation exhibits variations among all time-cycles whereas solar PV power output correlates
with solar irradiation and thus, displays more defined intra-daily and seasonal cycles (Guozden,
Carbajal, Bianchi, & Solarte, 2020).
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Units: PWh/yr
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Figure 2: Global power generation by type of technology (DNV GL, 2019).

Aside from the weather-dependency of power generation of VRES, environmental conditions also have
an impact on the demand side of the power system. For instance, the power demand for space heating
and space cooling within the residential and commercial sectors are strongly correlated with the out-
side temperature. These environmental conditions display daily and seasonal cycles, resulting in similar
patterns in the annual load profile of such end-consumers, such as space heating or space cooling. If
current fossil-based heating technologies, such as gas boilers, are exchanged to heat pumps, the mis-
match of VRES power supply and power demand will increase and cause more stress during hours with
peaking power consumption. Also, the average working schedule is often represented by a workday-
weekend cycle, which results in a weekly pattern in the demand profile among all sectors but especially
in the industrial, commercial, and transport sectors (Gerwen, Eijgelaar, & Bosma, 2020).

In conclusion, the mentioned cycles of power supply and demand influence the variability of the power
system. Thereby, the variability of VRES generation and power demand can reinforce or cancel each
other at certain time-cycles. Future power grids with large shares of VRES will be even more exposed
to intermittency issues and thus, increased power variabilities, which could have significant impacts
for power producers, utilities, and transmission system operators (TSOs). The approach of this research
applies a methodology that examines the power variability based on the annual residual power load,
which is defined as the total load (demand side) minus the VRES generation (supply side) (see Figure
3). The residual load illustrates the power required by dispatchable sources, for example, natural gas
or, if the value is negative, that the power must be stored or curtailed.

Demand side (total load) Supply side (VRES) Residual load
¢ Residential sector e Wind ¢ Total load minus VRES
e Commercial sector e Onshore generation
e Industrial sector e Offshore * Demand whigh has to be
* Transportation sector * Solar PV matched by dispatachble

power sources (if positive)
or stored/curtailed (if
negative)

Figure 3: Demand- and supply side of the power network and their corresponding residual load used
in this study.
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1.2 Problem Definition

Ideally, the VRES power surpluses during peak generation hours (negative residual load) should be
stored and used in off-peak generation times. Nevertheless, in comparison to natural gas or district
heating grids, the power grid does not provide intrinsic storage capacity and thus, load variations must
be compensated and balanced out almost immediately. Currently, this is primarily achieved through
dispatchable generation with the ability to supply electricity almost instantly. Yet, the large shares of
VRES in future power systems will gradually diminish the obsolete dispatchable generation source and
by doing so enforcing more stress on the power systems stability, flexibility, and adequacy (Gerwen,
Sun, Eijgelaar, Bosma, & Dugstad, 2018). Therefore, there is an urgency of applying other measures
besides the currently used flexible generation (dispatchable generation) to increase the flexibility of a
VRES dominated power grid (see Figure 4). Not all flexibility measures can be implemented on the
same time-cycles and thus, it is important to analyse the grid variability during different time-cycles.

On both an hourly and daily basis, flexibility can be introduced by short-term storage options, such as
batteries, or so-called demand response and grid interconnectivity (see Figure 4). Demand-side flexi-
bility from smart appliances and EVs can be an effective measure to reduce peak loads and to aid
system balancing. Previous research has demonstrated that the demand response increases system
flexibility while reducing the requirements for storage (Li & Pye, 2018). Demand response promotes a
viable alternative to traditional supply-side remedies and represents the most cost-effective solution
to integrate large amounts of VRES in the power grid (Klein, et al., 2016). Weekly and seasonal varia-
tions encourage other more long-term measures. These longer variations display different behaviours,
like fewer cycles and the necessity of a larger energy storage system. Especially, in a carbon-free future
where the carbon price inevitably will increase drastically, seasonal storage systems will be a viable
solution in creating long-term flexibility and thus, resulting in a more reliable power grid (Gerwen,
Eijgelaar, & Bosma, 2020).

Providing flexibility of the

power system

Grid
interconnectivity

conventional fossil L L e.xportst& Wl Hourly/daily: batteries,
fuel based sources b liafelelngs AS

Flexible generation Flexible load

Storage

B Seasonal: compressed
hydrogen, PSH

Figure 4: Measures to provide flexibility of variable power grids (ten Klooster, 2017). (PSH = pumped-
storage hydroelectricity)

The energy transition is not occurring fast enough to meet the Paris agreement, which asks for limiting
global warming well below 2°C and aiming for 1.5°C. Thus, VRES are expected to grow drastically and
electrification will occur within many sectors, combining to put high pressure on the future power grids
(Gerwen, Eijgelaar, & Bosma, 2020). To advise on flexibility measures (see Figure 4), in terms of what
capacity is required during certain time-periods, it is critical to analyse the variability of current and
future residual power loads during different time-cycles and among geographically and demograph-
ically distinct regions. This is due to differences in weather conditions, power demand, and the human
development index.
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1.3 Research Aim

This research aims to simulate current and future residual power loads form different countries, lo-
cated in various regions, and examine their variabilities on pre-selected time-cycles. This is significant
for advising on flexibility measures and thereby facilitating more VRES to the power mix which even-
tually leads to a more sustainable future power system. As previously mentioned, the hourly annual
residual power load was used to calculate the grid variability by subtracting the VRES supply from the
total load (demand) for every hour within the year. Future power systems will most likely display larger
variabilities of residual power loads and therefore the aim was to create VRES forecast scenarios for
the years 2030 and 2050. Additionally, it is important to observe these variabilities among different
time-cycles because not all flexibility measures share the same characteristics and thus, cannot be
applied to all time scales.

This research examined the power [MW] and electrical energy [MWh] variability of the residual power
loads among hourly, daily, weekly, monthly, and seasonal time-cycles. Current and future power sys-
tems and grid variabilities of the Netherlands (Northern Europe), Italy (Southern Europe), Egypt (the
Middle East and Northern Africa (MEA)) and Singapore (South East Asia (SEA)) were analysed by creat-
ing scenarios with distinct shares of VRES in the nation’s future power mix. This was done to demon-
strate spatially distinct regions differences in their VRES supply patterns and to display differences on
the demand side, for example, a higher adoption rate of AC systems in warmer climates. Comparing
contrasting geographic locations by their residual power loads can help to understand which measures
have to be taken to increase the grid-flexibility and facilitate the integration of more VRES to the power
mix of different regions. This research generates a novel approach to analysing residual power load
variabilities with a power frequency spectrum analysis on pre-selected time-cycles. This analysis gives
an overview of the robustness of future power systems among varying geographic locations.

Due to the power sectors displaying differing annual hourly demand patterns, the total power load
must be decomposed into relevant sectoral profiles: residential, commercial, and industrial. The novel
approach of this research adjusts the decomposed load profiles with country-specific parameters and,
by doing so, generates future power loads for each country, which is a requirement for calculating the
residual power loads.

1.4 Gap of Knowledge

Previous research has focused on electrical energy variation on multiple time-scales to identify oppor-
tunities for flexibility measures (Olsen, et al., 2019; Ueckerdt, et al., 2015; Clerjon & Perdu, 2018).
Nevertheless, none of these studies decomposed the total power load into different sectors nor pro-
jected them to future scenarios, which neglects the increased variability on the power demand side in
future scenarios. Consequently, the impact of electrification in the future, and power demand for elec-
tric vehicles (EVs) is not considered. Furthermore, the studies focused only on specific countries (e.g.
Denmark for Olsen, et al., 2019) and do not analyse differences of power variabilities among distinct
climatic regions. Thus, the methodology of this research, which decomposes the total power load into
several sectors and adjusting them with country-specific factors and projecting the total power loads
of varying countries to future scenarios, is a novel approach and contributes to this research gap. Ol-
sen, et al., 2019 and Clerjon & Perdu, 2018 calculated both the grid variability with the aid of a Fourier
analysis which is a similar statistical method to the power frequency spectrum analysis applied in the
current study.

10
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1.5 Research Question

RQ: How can the power grid variability be analysed, based on the residual power load, of geograph-
ically and demographically distinct current and future power markets (2030 and 2050) among different
time-cycles?

e How can one decompose the total hourly power load profile into sub-profiles of all significant sec-
tors (demand side)?
o What are the relevant sectors which should be considered?
o What are the hourly, daily, weekly, and seasonal load profiles of these sectors?
o How do these load profiles differ among the pre-selected countries and how are they ex-
pected to change in the future?
e What are the hourly annual power generation profile and installed capacities of the VRES for the
pre-selected countries (supply side)?
o What are the realistic scenarios of future VRES shares of the total supply?
e  What is the power and electric energy variability of the resulting residual power load per country,
when analysed on hourly, daily, weekly, and seasonal cycles?
o How much peaking power demand and VRES surplus will remain when analysed on resid-
ual load duration curves (RLDC)?

1.6 Scope and System Boundary Setting

A methodology was generated for this study, which describes a novel approach to decompose total
power loads into relevant sectors and adjusting them with country-specific parameters. Two generic
models were created with the ability to create country-specific load profiles and to analyses variabili-
ties of the residual power load through a power frequency spectrum analysis. The system boundary of
the currentresearchisillustrated in Figure 5, which simultaneously represents the layout of the generic
models. In total, the load profiles of three main sectors (residential, commercial, and industrial) were
decomposed resulting in a remainder, which includes the remaining power demand (e.g. fishery sec-
tor). Additionally, the power consumption EVs was added to the total load profile.

The Netherlands was used as a benchmark country to create the basis of the load profiles for each
sector. To compare different geographical and demographical power systems, one pre-selected coun-
try of each examined region was selected and served as a representation for their corresponding re-
gion. The following countries/regions were selected: Netherlands/Northern Europe, Italy/Southern Eu-
rope, Egypt /Middle East and Northern Africa (MEA), and Singapore/South East Asia (SEA). Hourly data
of environmental conditions, such as temperature, of the examined countries were employed to adjust
the temperature-sensitive load profiles of certain sectors, for example, of space heating in the residen-
tial sector. Thermosensitive end-consumers, such as heat pumps and AC in the residential and com-
mercial sectors, are assumed to correlate with the outside temperature and thus, display contrasting
profiles between unique locations. Therefore, this research created load profiles of these end-consum-
ers for each examined country separately. Non-thermosensitive end-consumers, like appliances, EV,
and the industrial sector, are assumed to display the same load profile between distinct regions. The
effect of daylight length on the power consumption for lighting was neglected.

The power generation of VRES for each country was calculated based on three technologies: solar PV,
onshore, and offshore wind. Periods of four consecutive years (2015-2018) were selected for the anal-
ysis. The residual power load was generated by subtracting the VRES supply from the total power load
on an hourly basis. This remaining part, the residual power load, was analysed on power and electrical
energy variability of hourly, daily, weekly, seasonal and inter-yearly time-cycles. As a result, the grid

11
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stability and thus, demand for flexibility was observed. In addition, residual load duration curves (RLDC)
were created to examine the required capacity of installed dispatchable electrical power sources, like
natural gas, and flexibility capacity required, such as energy storage. Because this research aimed to
examine solely grid variabilities, the effect of flexible generation, grid interconnectivity, demand re-
sponse, and electrical storage flexibility measures on the residual power load was neglected and thus,
allocated outside the system boundaries (see Figure 5). Nevertheless, the current research advises on
the required capacity of flexibility measures on the examined time-cycles.

= e e e N
Country specific parameters

Demand: Supply:

- Power demand: - Power supply:
- Residential sector - installed capacity of VRES:
- Commercial sector - solar PV
- Industrial sector - Wind
- Others (e.g. agriculture, fisherie) - Onshore

- Expected growth-factor for 2030 and 2050 - Offshore

- of all sectors

- numbers of electric vehicles (EVs)

- heat pumps for space heating

- air conditioning (AC) for space cooling

- Expected growth-factor for 2030 and 2050
- installed capacity of all VRES

Climate conditions:
- outside temperature

- solar irradiance (capacity factor)

- wind speed (capacity factor)

Figure 5: System boundary of the current research and the layout of the generic models.
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2. RESEARCH METHODOLOGY

Country-specific Regional-specific

Power load VRES Expected Residual Power frequency
developement

decomposition generation
profiles profiles

power load spectrum

of load and profile analysis & RLDC

VRES

Figure 6: General overview of the applied research methodology. (RLDC = residual load duration
curve)

A general overview of the research methodology is illustrated in Figure 6 and serves as the basis of the
analysis paragraph (see Chapter 3), which explains each step more thoroughly. The primary objective
of the research methodology is to produce hourly profiles of the demand and supply side of the current
and future power system, which will then be used to create the residual power load profiles. This has
been done for each examined country and the resulting residual power load profiles for 2018, 2030,
and 2050 were subsequently analysed with a power frequency spectrum analysis and residual load
duration curve (RLDC) to examine the grid variability (see Figure 6).

The methodology of the demand side includes the decomposition of the total annual power load into
various sectors. This power load decomposition was based on the load profiles in 2018 from the Neth-
erlands. However, the decomposed sectorial load profiles were adjusted with country-specific param-
eters from the other examined countries which resulted in sector- and country-specific profiles. After
the total load profiles for each sector and country in 2018 were generated, future power load profiles
were created based on the expected power consumption of each sector. The anticipated development
(e.g. increase in power demand, the adoption rate of heat pumps) of each sector was used to scale the
original profiles to the predicted future scenario of 2030 and 2050. These predicted growth-rates are
regional-specific because they are based on the regional-development of each examined country (see
Figure 6).

The methodology of the supply side considers the VRES generation profiles of each country. The power
supply of solar PV, onshore, and offshore wind were calculated based on solar irradiance and wind
speeds occurring on sites within the country and thus, are country-specific (see Figure 6). The obser-
vation period of the supply profile prolongs over four years from 2015 until 2018. By doing so, intra-
yearly variabilities could be observed and the risk of inaccurate results through one extreme year (ab-
normal weather condition) could be mitigated. The supply profiles consist of hourly capacity factors,
which were then multiplied with the installed VRES capacity. Current installed VRES capacities in 2018
were based on country-specific data, whereas the development of installed capacities in 2030 and
2050 are regional-specific for Egypt and Singapore due to lack of data. In the case of the Netherlands
and ltaly, country-specific data was available for future installed VRES capacity.

The preceding step of the research methodology includes the analysis of the variability of current and
future grids per each examined country. The hourly residual power load was calculated, which subse-
guently was analysed for power and electric energy variabilities on different time-cycles with the aid
of a power frequency spectrum analysis (see Figure 6). In addition, the RLDC was created to observe
peaking hourly power productions and annual VRES surplus power.

In the following analysis section, this paper’s methodology will be expanded upon with the applied
equations, assumptions, and parameters.
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3. ANALYSIS OF METHODOLOGY

In the following paragraphs, the analysis of the novel research methodology applied in this study gets
elaborated more in detail. Thereby, the analysis is divided into the demand and supply side of the
power system as well as the analysis of the final grid variability based on the residual power load. The
detailed explanations of all analysis are explained in the following paragraphs.

3.1 Demand Side Analysis

Country-specific Regional-specific

Power load VRES Expected Residual Power frequency
decomposition generation
profiles profiles

developement
of load and
VRES

power load spectrum
profile analysis & RLDC

Benchmark load profiles

Netherlands

Sectors

Residential Commercial Industrial EVs
Space heating  Space heating

Space cooling  Space cooling

Non-thermosensitive profiles Thermosensitive profiles
Appliances, Cooking, Lighting of Space heating
Residential and Commercial
Sector Space cooling
Industrial
EVs

Adjusted with country/regional-specific parameters

Figure 7: Research design of the demand side including the load decomposition based on the Nether-
lands as benchmark country. (RLDC = residual load duration curve)
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To examine the growth factor of each sector (residential, commercial, and industrial) per examined
country, an approach was designed to decompose the total power load into profiles for the various
sectors. In addition, annual load profiles for space heating and space cooling were generated to analyse
the expected growth in the adoption rate of heat pumps and AC systems in the residential and com-
mercial sectors. Due to simplification and lack of data, annual load profiles for the different sectors
were based on the Netherlands. These load profiles served as benchmarks to generate the correspond-
ing load profiles for the other examined countries after they were corrected with country-specific pa-
rameters (see Figure 7).

In the first step, the total Dutch power load was disaggregated or decomposed. It is crucial to note the
decomposition of an existing load profile cannot be disaggregated into as many end-consumer profiles
as possible. Three significant aspects constrain the possibilities of disaggregating opportunities of cer-
tain power end-consumers (European Comission, 2018):

1. First, detailed information about the hourly load profile of the end-consumer is required. Ad-
ditionally, the expectation for changes in the future annual demand of this specific end-con-
sumer must be known or assumed based on certain country-specific parameters and presump-
tions. Issues with data access about certain end-consumers may emerge.

2. Secondly, it is impossible to completely decompose the load profile into all its parts and sub-
end-consumers, due to limited data availability. Nevertheless, the decomposition should con-
sider the most relevant end-consumers to generate an explicit representation of the total load
profile. The end-consumers considered in this research can be retrieved from Figure 7. The
remaining power demand (e.g. agriculture and fisheries) can be considered as an aggregated
remainder, represented by the difference between the retrieved total power load profile per
country and the summed-up power load profile of the residential, commercial, industrial sec-
tor as well as EVs consumption. Thus, decomposing the load profile could be described as a
partial decomposition (European Comission, 2018).

3. Thirdly, the load profiles can also be divided into thermosensitive and non-thermosensitive
demands (see Figure 7). This enables the examination of what sectors are dependent or cor-
related with ambient temperatures. The thermosensitive part depends on the outside tem-
perature (e.g. heat pumps, AC) whereas the non-thermosensitive component is independent
of the ambient temperature, illustrated by electric appliances, EVs, or industries (European
Comission, 2018). As previously mentioned, the impact of day-length seasonality on power
consumption for lighting is neglected. This analysis considers that the residential and commer-
cial sectors both include thermosensitive behaviour by the power demand in space heating
and space cooling.

In the second step, once the total load profile was decomposed, the load profiles of the sectors con-
taining thermosensitive behaviours (residential and commercial) were averaged and normalized. This
was done so they could be adjusted with country-specific parameters to generate the load profiles for
the other examined countries (see Figure 7). By doing so, the current annual power profile for space
heating and space cooling in the Netherlands was subtracted from the total power profile for the cor-
responding sectors. This resulted in the only non-thermosensitive part of the load profile for the resi-
dential and commercial sectors. Also, in the second step, two alternative methods were applied to
average the Dutch profiles for the remaining countries. For Italy, the annual non-thermosensitive pro-
files of both sectors (residential and commercial) were averaged over the entire year and served as a
base profile. Due to the significantly warmer climates in Egypt and Singapore, only the summer months
of June — August, and May — September were averaged over the year for the residential and commer-
cial sectors, respectively. The reason for the larger period considered for the commercial sector is, to
limit the effect of the Dutch summer holiday dip in power demand (see Appendix I; Figure 41). The
same normalized load profiles for the non-thermosensitive sectors (industrial sector and EVs) were
applied among all examined countries.
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In the last step, the distinct sectoral and country-specific load profiles were projected into the future
(2030 and 2050), based on expected growth rates in future power demands given by regional param-
eters. These forecasted power demands were retrieved from DNV GLs ETO report and are, among
others, influenced by the region’s gross domestic product (GDP), population growth rate (de-
mographics), human development index, and an expected increase in EVs (DNV GL, 2019). To create
the total future power load profile, all projected power profile loads of the sectors and the remainder
must be summed up to generate the new aggregated total load profile for the year 2030 and 2050 for
each country. These newly generated load profiles are likely to display different behaviour and varia-
bility than the initial one (European Comission, 2018).

In the following sections, the analysis of the demand side and considered power sectors are explained
more thoroughly, including the relevant equations and assumptions.

3.1.1 Total Power Load Decomposition (Netherlands as Benchmark Country)

The annual load profiles of the residential, commercial, and industrial sectors were generated with the
aid of the Dutch power profiles retrieved from NEDU. There are ten different power profiles with dis-
tinct characteristics, as illustrated in Table 1 (NEDU, 2018). The number of connections and averaged
annual consumption per power profile is based on the year 2018. The E1, E2, and E3 profiles represent
small, medium, and large end-consumers, respectively. E4A is a separate profile and consists of public
lighting up to 100 kW. All NEDU profiles are annually normalized and thus, must be multiplied with the
number of connections and annual consumption per profile to generate the total annual power de-
mand per profile. Since power profiles are in 15 minutes interval, a transformation to hourly data was
applied.

Table 1: NEDU power profile categories with grid connection capacity ouputs and number of
connections (NEDU, Verbruiksprofile, 2018). (OT = annual operation time)

Power Grid connection ca- Description Connections Averaged annual
Profile pacity (* 103) consumption [kWh]
E1A <3x25A Single tariff 1,496 2,584

E1B <3x25A Night tariff 4,879 3,097

E1C <3x25A Evening tariff 1,608 3,396

E2A >3x25A&<3x80A Single tariff 42 20,180

E2B >3x25A&<3x80A Double tariff 323 25,650

E3A >3x80A&<100kW OT<2000h 14 70,026

E3B >3x80A&<100kW 0OT2,000-3,000h 6 118,508

E3C >3x80A&<100kw 0OT3,000-5000h 2 165,359

E3D >3x80A&<100kwW OT2>5,000 h 0.2 183,017

E4A >3x80A&<100kW  Publiclighting 24 18,950

The power profiles from NEDU also include information about the number of connections per profile
(see Table 1). Accordingly, the aggregated NEDU connections of E1, E2, E3, and E4 are given in Table 2
(NEDU, 2018). The number of NEDU connections can be compared to the final stock (e.g. number of
dwellings) for the residential, commercial, and industrial sectors in the Netherlands for the year 2018,
illustrated in Table 2 (CBS 2, 2018). The following paragraphs describe how the load profile for each
sector was created based on these NEDU profiles.

Table 2: Number of connections per sector (CBS 2, 2018; NEDU, Verbruiksprofile, 2018)

Sector Residential Commercial Industrial Total
Final Stock (CBS) 7,814,912 942,026 194,977 8,951,915
Power Profile El E2 E3 E4 Total
Connections (NEDU) 7,983,000 365,000 22,200 24,000 8,394,200
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3.1.2 Residential Sector

According to CBS, the final stock in the residential sector for the year 2018 resulted in 7,814,919 dwell-
ings (see Table 2). Since the NEDU power profile E1 for the same year equalled to 7,983,000 connec-
tions and was only 2% higher than the CBS value, the aggregated E1 power profile was used for the
residential sector. The remaining 168,088 connections were assumed to belong to the small businesses
from the commercial sector. Thereby, the annual demand profiles of E1A, E1B, and E1C were gener-
ated, according to their number of connections and annual consumption. The final demand profiles
were then summed up and normalized representing the annual profile of the residential sector (see
Figure 8 (weekly profile) and Appendix I; Figure 40 (annual profile)).

Residential Sector
0.00025

0.0002
0.00015
0.0001
0.00005

0
5-2-2018 00:00 6-2-2018 00:00 7-2-2018 00:00 8-2-2018 00:00 9-2-2018 00:00 10-2-2018 00:00 11-2-2018 00:00 12-2-2018 00:00

Figure 8: The normalized load profile of the residential sector in 2018, on a weekly time scale in Feb-
ruary, representing the aggregated E1A NEDU profiles (NEDU, Verbruiksprofile, 2018).

3.1.3 Commercial Sector

According to CBS, the commercial sector entailed 942,026 buildings in 2018, which represents around
2.6 times more connections than buildings are equipped with E2 grid access (only 365,000 connections)
(see Table 2). Thus, the remaining 577,026 commercial building connections must display E1, E3, and
E4 power profile behaviours. Table 3 illustrates the exact profile-decomposition, applied in this study,
of the commercial sector into distinct NEDU power profiles. Since the residential sector does not make
use of all connections from the E1 power profiles (see Table 2), the remaining 168,088 connections are
assumed to belong to medium consumers and were counted towards the commercial sector. The
power profiles of E3 combined only add 22,200 connections (see Table 3). The public lightning (E4),
resulting in 24,000 connections, was also allocated to the commercial sector since it was claimed to be
a public service. The applied methodology equals 579,288 building connections and thus, the remain-
ing 367,738 are assumed to be equipped with E3C grid-connection. Many large consumers have their
own telemetry and thus, do not demand the allocation of consumption profiles by the grid operators
since they can precisely track and forecast their consumption (Energiemanager, 2018). As a direct con-
sequence, a sizeable share of large consumers in the commercial sectors and the industrial sector are
excluded from the numbers indicated by NEDU because they do not need forecast consumption pro-
files. Therefore, it is assumed that the remaining buildings of the commercial sector are large consum-
ers like the E3C power profile, due to its high number of operation hours (see Table 1). The power
profile of E3D displays even higher numbers of operation hours and is assumed to mimic the industrial
sector. The final load profile of the commercial sector is the result of the combination of the previously
mentioned NEDU power profiles, based on their specific contribution [%] to the final profile (see Table
3). Subsequently, the final profile was normalized over the year on an hourly basis. The weekly load
profile of the commercial sector is illustrated in Figure 9 and the annual profile can be retrieved from
Appendix | in Figure 41.
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Table 3: NEDU Power Profile decomposition, resulting in the load profile of the commercial sector
(NEDU, Verbruiksprofile, 2018).

Sector FromEl FromE2 FromE3 FromE4to Total Remaining Total
to E2 to E2 to E2 E2 from E3C

Commercial 168,088 365,000 22,200 24,000 579,288 362,738 942,026

[%] 0.18 0.02 0.39 0.03 0.38

Commercial Sector
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Figure 9: The normalized load profile of the commercial sector in 2018, on an weekly time scale in
February, representing the combination of different NEDU profiles (NEDU, Verbruiksprofile, 2018).

3.1.4 Industrial Sector

As previously mentioned, it is challenging to retrieve forecast load profiles of large power consumers
because of their ability to accurately monitor and forecast their demand with the aid of smart metering
applications. As a result, these large power consumers do not require the NEDU power profiles for
demand estimations of grid and transmission operators (Energiemanager, 2018). In addition, literature
and data-access on detailed power consumption on the industry-level are very limited (Cialani & Mor-
tazavi, 2018). Thus, it was assumed that the large power consumers of the industrial sector are dis-
playing an annual load profile equivalent to the E3D NEDU power profile (see Table 1). The very high
operation time of more than 5,000 hours per year illustrates a realist value for the industrial sector
because an analysis of a chemical manufacturing company showed on average a planned production
time of 8,304 hours per year (Mwanza & Mbohwa, 2015).

Industrial Sector
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Figure 10: The normalized load profile of the industrial sector in 2018, on an weekly time scale in Feb-
ruary, representing the aggregated E3D NEDU profiles (NEDU, Verbruiksprofile, 2018).
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The industrial profile pattern is more balanced with a lower daily power variability in comparison to
the residential and commercial sectors (see Figure 8, Figure 9, and Figure 10). Due to its more constant
production-process, the daily power profile of industrial end-consumers is much flatter compared to
the other sectors which, again, is most aligned with the E3D NEDU power profile (Granell, Axon, Wal-
lom, & Layberry, 2015).

3.1.5 Space Heating and Domestic Hot Water (DHW)

To simulate the effect of the electrification of heating technologies responsible for space heating and
domestic hot water (DHW) in the residential and commercial sector, annual power consumption pro-
files for heating purposes are required. In 2016, 98% of the total natural gas demand in the Dutch
residential sector was used for space heating and DHW (CBS 1, 2018). Therefore, the natural gas pro-
files retrieved from NEDU were employed and assumed to mimic the annual behaviour demand profile
for heating purposes (see Table 4). This assumption is also supported by a study that states that 96%
of the total gas consumption in dwellings is used for space heating purposes (Majcen, Itard, & Visscher,
2013). Further, also another study calculated and estimated heat pump power demands based on nat-
ural gas consumption profiles (Veldman, Gaillard, Gibescu, Slootweg, & Kling, 2010). It is worth men-
tioning that gas profile G2A and G2C have the same values and G2B is unavailable in the dataset which
thus, results in only one usable consumption profile for the G2 gas profile.

Table 4: NEDU natural gas profile categories, grid connection capacity and additional describitions
(NEDU, Verbruiksprofile, 2018)* (NEDU, Verbruiksprofile, 2020)? (OT = operation time).
Gas Profile  Grid connection capacity (annual consumption) Description

G1A! < 5,000 m3

G2A! > 5,000 m*& < 170,000 m? OT<750h

G2B?! > 5,000 m*& < 170,000 m3 OT 750-1,500 h
G2C! > 5,000 m3*& < 170,000 m3 OT 21,500 h
GXX? >170,000 m3& < 1,000,000 m?

The NEDU natural gas profiles are divided into three distinctive profile parameters. First, the heating
temperatures (HT) represent the threshold temperatures when space heating is required, thus, when
the outside temperature falls below these values the profile expects energy input to the system to
achieve the desired indoor temperatures. As expected, the HT numbers exhibit diurnal behaviour with
greater values during the day and decreased ones at night when residents are asleep. Second, the
regression coefficient (RER) illustrates the temperature-dependent parameter and is responsible for
calculating the energy demand for space heating according to the relation between outside tempera-
ture and the respective heating temperature (HT). And lastly, the temperature-independent parame-
ter (TIP) which calculates the energy consumption for DHW and is assumed to be not dependent on
the outside temperature (Energiemanager, 2018; NEDU, Verbruiksprofile, 2018). The final consump-
tion profiles of the distinct gas profiles (see Table 4), are calculated according to the following two
equations (Equation 1 and Equation 2), both requiring the input of country-specific outside tempera-
tures (Tout) ON an hourly basis. The NEDU document also includes averaged standard outside tempera-
tures (SOT) and if one would use them as the Tou the sum of the final consumption profile would
equal 1. Nevertheless, since this methodology must include outdoor conditions from several countries
in separate regions, actual measured outside temperatures for four consecutive years (2015-2018)
were retrieved from the data webpage Renewables.Ninja, averaged over one year and applied as the
true outside temperature (Pfenninger & Staffell, 2020). Thus, the final profile had to be normalized to
generate usable time series.
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If Tout S HT: FPF = (HT - Tout) * RER + TIP Equation 1
If Tout > HT: FPF =TIP Equation 2

Tout = outside temperature [°C]

HT = heating temperature [°C]

RER = regression coefficient, temperature-dependent parameter
TIP = temperature-independent parameter

FPF = final profile factor per hour

In the residential sector, the gas profile G1A was applied because it represents the only profile simu-
lating an annual gas consumption rate lower than 5,000 m3. The Dutch average gas consumption in
2016 for dwellings in the residential sector resulted in 1,300 m* and thus, justifying the selected gas
profile (CBS 3, 2018). The G1A profile distinguishes between the heating season (October — April) and
the non-heating season (May — September) with adjusted values for the above-mentioned profile-spe-
cific parameters (HT, RER, and TIP). The generic model applies the methodology of heating-degree-
days (HDD) to determine if the profile of the heating season or non-heating season serves as a basis
(van Breukelen, 2019):

HDD = i X Y2 (Tyase — T1)* Equation 3

HDD = heating-degree-days, daily
Thase = base temperature [°C]

T: = outside temperature of hour i [°C]
*=only positive values considered

For all examined countries, a base temperature of 15.5 °C was applied to indicate the threshold outside
temperature. If the outside temperature is below 15.5 °C space heating is expected (European
Environment Agency, 2019). The desired indoor temperature for all countries is assumed to be the
same and thus, not a variable in the HDD equation. The resulting hourly HDDs were summed up daily
(sum of 24 hours) to generate the daily HDD values. It was assumed that the heating season had daily
HDD values higher than 4 °C and the non-heating season had anything below this value or zero HDD.
Figure 11 illustrates the load profile for heating in the residential sector, based on the measured out-
side temperature in the Netherlands (averaged 2015 — 2018) during the heating season (5 February —
12 February). The morning and evening heating peaks are apparent as well as the dip during the day
when people are out at work or school and during the night when people are asleep.

NL G1A
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Figure 11: G1A gas profile mimicking the heating demand for the residential sector based on averaged
outside temperature from 2015-2018 in the Netherlands (NEDU, 2018; Pfenninger & Staffell, 2020).
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For heating purposes in the commercial sector, the GXX NEDU gas profile was used (NEDU, 2020).
Although the capacity of the grid connection is fairly high (see Table 4), the pattern of this gas profile
fits the electrical energy consumption of the commercial sector best because of the clear weekly vari-
ations (weekdays and weekends) which the other profiles (G2A, G2B, and G2C) show to a lesser extent.
Furthermore, the temperature-independent parameters (TIP) of the GXX have a peak throughout the
day, whereas the other profiles (G2A and G2C) have a strong and significant morning peak and lesser
evening peaks (see Figure 12). This is less realistic for businesses in the commercial sector where work-
ing people are often present during the day, increasing the demand for comfortable inside tempera-

ture.
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Figure 12: Temperature-independent parameter (TIP) of the G2A, G2C and GXX NEDU gas profile
(NEDU, Verbruiksprofile, 2018; NEDU, Verbruiksprofile, 2020)

Figure 13 illustrates the load profile for heating purposes in the commercial sector, based on the meas-
ured outside temperature in the Netherlands (averaged 2015 — 2018) during the heating season (5 Feb-
ruary — 12 February). A morning peak is still visible, but to a lesser extent in comparison with the resi-
dential sector profile (see Figure 11). Further, the power demand prolongs throughout the day and is
overall more constant. The profile also clearly demonstrates the weekly cycles with higher power de-
mands during the week and lower power demands over the weekend when people are not working.

GXX
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Figure 13: GXX gas profile mimicking the heating demand for the commercial sector based on averaged
outside temperature from 2015-2018 in the Netherlands (NEDU, Verbruiksprofile, 2020; Pfenninger &

Staffell, 2020).

The final country-specific load profiles of space heating for the residential and commercial sector, de-
pending on the local outside temperature, were added to the total power load of the corresponding
sector according to the expected shares of space heating and DHW from the total power demand for
current and future (2030 and 2050) scenarios. The shares of heating purposes from the total power
demand are related to the region and differ between geographic locations. Values were retrieved from
ETO database (see Appendix Il; Table 10, Table 11, Table 12 and Table 13) (DNV GL, 2019).
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3.1.6 Space Cooling

The power consumption profile for space cooling, based on AC, is based on research conducted for
Guijarat, India (Garg, Maheshwari, & Upadhyay, 2010; McNeil, Karali, & Letschert, 2019). These reports
differentiate between residential and commercial space cooling as well as between peak and off-peak
cooling hours. To generate the weekly demand pattern, two parameter values were applied to trans-
late the retrieved daily profile into a weekday and a weekend profile for either peak and off-peak hours
for both sectors, residential and commercial. Combined there are four distinct annual consumption
profiles for space cooling (see Figure 14). The parameters applied to transform the profile pattern from
weekdays into weekends were calculated by using the previously mentioned NEDU power consump-
tion profile from the residential and commercial sectors (see the power profiles in Figure 8 and Figure
9). Thereby, all weekdays and weekends were averaged separately and the variance among them rep-
resented the transforming-parameter from weekdays to the weekend. By doing so, the original space
cooling profile was multiplied with the calculated transforming-parameter for weekends in both sec-
tors. The transforming-parameters are 1.032 and 0.8 for the residential and commercial sector, re-
spectively, which leads to slightly higher power demand for space cooling during the weekend in the
case of residential dwellings and significantly lower values for space cooling among businesses in the
commercial sector on weekends (see Figure 15). Most space cooling in the residential sector is de-
manded during the evening and morning peak-hours and nearly disappears during the daytime when
people are outside of the home. The commercial sector, on the other hand, displays a strong peak
throughout the day and significantly reduces during night-time, aligning with standard working hours.
However, space cooling profiles for other regions may differ as these profiles were based on Gujarat,
India.
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Figure 14: The space cooling consumption profiles for the residential and commercial sector, split up
into peak and off-peak hours for the summer and winter seasons, respectively. All profile patterns
were transformed into a weekly pattern in addition to the daily pattern.
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Figure 15: Consumption profile pattern for space cooling in the residential and commercial sector, split
up into weekdays, weekends, summer (peak hours) and winter (off-peak hours) (Garg, Maheshwari, &
Upadhyay, 2010; Gelaro, et al., 2017).

The off-peak profiles (winter) in the residential sector are almost zero whereas the off-peak profiles
for the commercial sector continue to demand power for space cooling (e.g. hotels, data centre cooling
system) (see Figure 15). To create power consumption profiles for all considered regions separately,
the original space cooling profiles were corrected by applying the cooling-degrees-days (CDD) meth-
odology. A similar approach to generate the country-specific annual outside temperature for the space
heating power demand was used, resulting in hourly values averaged for one year based on four con-
secutive years between 2015 — 2018 (Pfenninger & Staffell, 2020). Due to hourly frequency tempera-
ture data, the hourly method for CDD calculations was applied as followed (van Breukelen, 2019):

CDD = i X ?il(Ti — Thase)” Equation 4

CDD = cooling-degree-days, daily

T; = outside temperature of hour i [°C]
Thase = base temperature [°C]

*=only positive values considered

For all examined countries, a base temperature of 22 °C was used as a threshold for outside tempera-
ture, and for anything above this, space cooling was expected to be needed (European Environment
Agency, 2019). The resulting hourly CDD were summed up daily (sum of 24 hours) and then divided
again equally among the 24 hours of the day. By doing so the daily CDD values can be multiplied with
the corresponding cooling profile. The final consumption profile patterns for each region’s residential
and commercial sector were calculated by making the following two equations:

If CDDgaity> 0: FPF = CDDgqity * PPSC Equation 5
If CDDggity < 0: FPF = OPPSC Equation 6

CDDaiy = daily cooling-degree-days
PPSC = peak profile space cooling
OPPSC = off-peak profile space cooling
FPF = final profile factor per hour

The final country-specific load profile for space cooling, depending on the local weather-condition, was
added to the total power load of the corresponding sector according to the expected shares of space
cooling of the total power demand, for current and future (2030 and 2050) scenarios. The shares of
space cooling are related to the region and values were retrieved from the ETO database (see Appen-
dix Il; Table 10, Table 11, Table 12 and Table 13) (DNV GL, 2019).
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3.1.7 Electric Vehicles (EVs)

The impact of EVs on this research only considered plug-in vehicles (PEVs) of battery electric vehicles
(BEVs) and neglect plug-in hybrid vehicles (PHEVs). PHEVs were excluded from the system boundary
because the DNV GL ETO report suggests that PHEVs should only be seen as a bridging technology until
the range of BEVs is sufficient enough, which is expected to be achieved in the near future (DNV GL,
2019). In addition, PHEVs display very high purchase prices and expensive operational costs, which will
ultimately lead to the phase-out of PHEVs in the future transportation system (see Figure 16). Hydro-
gen-powered fuel-cell electric vehicles (FCEVs) are not assumed to be used in the future for the pas-
senger (light-vehicle) road transport due to their low energy efficiency (half of BEVs), significant elec-
tricity loss when converting electricity to hydrogen (electrolysis), and higher cost of the more compli-
cated propulsion technology FCEVs (DNV GL, 2019).

World number of passenger vehicles by drivetrain
Units: Billion vehicles

Hl Combustion

‘ B Plug-in-hybrid
Hl Battery electric

2015 2020 2025 2030 2035 2040 2045 2050

Figure 16: Future dynamic of passenger vehicles in the transportation sector. PHEVs will slowly phase-
out and BEVs will become the dominant and only type of EV (DNV GL, 2019).

The annual power load profile of BEVs was retrieved internally from DNV GL (DNV GL, EV hourly
capacity profile). The profile has the characteristics of the hourly capacity of BEV over the year, with
daily and weekly variations (see Figure 17). By hourly capacity, the profile owner refers to the car’s
availability per hour for charging or vehicle-to-grid (V2G) purposes, represented as the percentage of
cars connected to the grid but are not necessarily actively charging. The profile allows researchers to
calculate flexibility services through smart charging. Nevertheless, this report only evaluates the vari-
ability and not flexibility measures. The profile still illustrates the activity or charging behaviour of EVs,
enabling it to nevertheless be used but must be normalized over the year. In the next step, the nor-
malized profile was scaled-up by multiplying it with the average annual power consumption of all com-
bined BEV existing in the corresponding country. The total annual power consumption of all BEV was
calculated according to the following equation:

Peons. = Effbat. * VKT * nr.gey Equation 7
Pcons. = annual power consumption of total BEV stock [kWh]
Eff.vat. = Efficiency consumption value of BEV battery [kWh/km]

VKT = country-specific annual vehicle kilometre travelled [km]
nr.gev = total stock of BEV

24



Maurin Horler 21.08.2020

Availability of EV capacity
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Figure 17: Availability of EV capacity on weekdays and weekends, based on the “hourly capacity pro-
file” from DNV GL (DNV GL, EV hourly capacity profile).

It is assumed that the current (2018) power consumption of full-electric passenger vehicles, such as
BEVs, have an averaged demand of 0.189 kWh per kilometre travelled (see Table 5) (ev-database,
2020). This value was retrieved from a database which considers a selection of 93 fully electric vehicles,
emphasizing the reliability and data integrity (ev-database, 2020). According to a study conducted in
Germany, Sweden, Canada, and the USA, the mean daily vehicle kilometres travelled (VKT) by passen-
ger vehicles is 47.8 km, resulting in an annual travelled distance of 17,447 km (Pl6tz, Jakobsson, &
Sprei, 2017). This amount lies within the range of 15,000 km — 25,000 km travelled, which was the
assumed global distance mentioned in the DNV GL report (DNV GL, 2019). Nevertheless, the report by
Pl6tz et al. 2017 emphasizes the high variance of VKT among demographically and geographically dis-
tinct regions, which range from 33 km to 57 km of daily VKT. Thus, the current analysis distinguishes
VKT between the examined countries (see Table 5). The VKT for the future scenarios (2030 and 2050)
is assumed to remain constant, whereas the overall efficiency of a BEV (battery and power train) is
expected to marginally increase. Compared to 2018, the average power consumption per BEV is ex-
pected to decrease by 6% and 17% for 2030 and 2050, respectively (DNV GL, 2019). This assumption
results in average power demand of 0.178 kWh and 0.157 kWh per kilometre travelled for a BEV pas-
senger car in 2030 and 2050, respectively (see Table 5). The total stock of BEV cars varies per country
and future expected shares of BEV from the total nation stock of passenger vehicles is based on the
region’s development according to the ETO database (see Appendix Il; Table 10, Table 11, Table 12 and
Table 13) (DNV GL, 2019).

Table 5: Characteristation parameters applied in this analsysis of current and future scenarios (2030
and 2050), regarding battery electric vehicle (BEV) and their battery efficiency. The annual vehicle
kilometers driven (VKT) varies for each country. (DNV GL, 2019)* (ev-database, 2020)? (Odyssee-mure,
2020)3 (iea, 2009)* (data.gov.sg, 2018)°

Scenario 2018 2030 2050
Battery efficiency [kWh/km] 0.1892 0.178* 0.157*
Country Netherlands Italy Egypt Singapore
VKT [km] 13,0243 8,1273 24,000* 17,500°
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3.1.8 Generating the Country-specific Decomposed Power Loads

To compose the country-specific annual power load profiles for the three sectors and BEV, the decom-
posed load profiles have to be adjusted and scaled up with country-specific parameters (see Appen-
dix Il; Table 10, Table 11, Table 12 and Table 13). Whereas the same normalized annual load profile for
the industrial sector and EVs was used among all countries, the baseload profile for the residential and
commercial sector retrieved from Netherlands had to be adjusted to serve as a basis for the other
examined countries. Most values for the future scenarios (2030 and 2050) were calculated according
to the expected increase or decrease of power demand, according to the regional development re-
trieved from the ETO database (DNV GL, 2019). The percentages for space heating and space cooling,
by heat pumps and AC, correspond to the share values from the total power demand per sector (in
2030: 34% of 37 TWh is used for space heating in the Dutch residential sector, see Appendix II; Table
10). The consumption of power producers and transmission system operators (TSOs) for 2018 was
calculated as the difference between the total measured power demand of each country, retrieved
from different sources (see Chapter 3.4; data collection), minus the power demand of all sectors. The
generated amount was transformed into a percentage of relations from the total power demand of
the sectors and used to calculate the power consumption in 2030 and 2050. These percentages of the
consumption of power producers and TSOs from the total power demand equal to 6.1%, 1.5%, 13.6%,
and 1.9% for Netherlands, Italy, Egypt, and Singapore, respectively.

To create the total power load for 2018, 2030, and 2050, the decomposed profiles were adjusted with
the country-specific values for space heating and space cooling for the residential and commercial sec-
tors. The profile of the industrial sector is assumed to remain constant since the variability of the pro-
file is much smaller, compared to the residential and commercial sectors. Nevertheless, the electrifi-
cation of the industrial and manufacturing process in the future was considered with an increased
power demand in 2030 and 2050. The stochastically remainder, defined as total power load per coun-
try minus all examined sectors, was used as the load profile for the remaining sectors, such as agricul-
ture and fisheries, and the consumption of power producers and TSOs. Expected future growth factors
per each considered sector are based on the ETO report and linked to the region’s development and
thus, differences among the future power demand between countries can be observed (DNV GL, 2019).
Thereby, Italy and Netherlands are based on the European (EU), Egypt on the Middle East and North
Africa (MEA) and Singapore on the South East Asia (SEA) expected growth factors. The space heating
values for Egypt were averaged between the values of MEA and Sub-Saharan Africa (SSA), because
they appeared to be more realistic for Egypt due to its higher average outside temperature than other
countries in the MEA region. For example, the average annual temperature in Egypt is 25 °C, compared
to the average in the Middle East, which is 20.3 °C (USAID, 2015; AverageWeather, 2020).

The baseload profiles for Egypt and Singapore had to be corrected for daylight-savings time (25.3.2018)
because of their constant time zone over the year. Also, a correction factor for differences in the week-
end days between Egypt and the other examined countries was applied because the Egyptian weekend
is from Friday to Saturday.
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3.2 Supply Side Analysis
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Figure 18: Overview of the supply side analysis including VRES technologies and their hourly capacity
factor. (RLDC = residual load duration curve)

Solar PV, onshore, and offshore wind were used as variable renewable energy sources (VRES) in this
analysis and represent the supply side of the created model (see

Figure 18). Spatially and geographically distinct regions display vast differences in their solar irradiance
and wind speed. Therefore, different supply profiles were generated for each benchmark country of
their corresponding region. The hourly supply profiles were retrieved from Renewables.Ninja database
and are prolonged over four consecutive years (2015 — 2018) to also include inter-annual variabilities
(Pfenninger & Staffell, 2020). The profiles include capacity factors, which are based on local solar irra-
diance, wind speed, and temperatures. The profiles for the future scenario 2030 and 2050 are also
based on the environmental conditions from 2015 -2018 but differ in their capacity factors due to the
expected increase in efficiency of the technology.

The database includes more detailed data for European countries and therefore, the capacity factors
of VRES for 2018 could directly be retrieved for the Netherlands and Italy. In the case of Egypt and
Singapore, the capacity factors can also be generated but one can only select one specific point on the
country perimeter (per point function in Renewables.Ninja).

The hourly capacity factors for the scenario 2030 and 2050 for all benchmark countries calculated with
the per point function in Renewables.Ninja, because it is assumed that the efficiency of technology will
increase making the original existing profiles for Netherlands and Italy irrelevant. The country-specific
installed capacity for each scenario, description of the used benchmark solar PV and wind farms (or
region), and corresponding averaged capacity factor per technology are illustrated in Appendix II; Table
14, Table 15, Table 16 and Table 17. For the Netherlands and Italy, more country-specific data was
available and thus, the 100% RES scenario from e-Highway 2050 served as a database for the 2030 and
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2050 scenarios (entsoe, 2013). For Egypt and Singapore, the regional development (MEA and SEA) was
used as the expected growth of VRES installed capacity (DNV GL, 2019).

3.2.1 Solar PV

For the 2030 scenario, it is assumed that all solar PV installed power plants are equipped with a one-
axis tracking system (azimuth) and display the most suitable country-specific tilt which was retrieved
from the Jacobson and Jadhavs report (Jacobson & Jadhav, 2018). For the 2050 scenario, it is assumed
that all installed solar PV power plants have an even two-axis tracking system (azimuth and tilt) making
them perfectly positioned to absorbed most solar irradiation. In all scenarios, only centralized solar PV
farms are considered, neglecting decentralized solar PVs installed on rooftops. It is assumed that the
solar PV system losses are 10% and if no tracking or single-tracking is included, that they are always
located with an azimuth angle of 180°either southwards or northwards facing for latitudes higher than
zero or lower, respectively (Pfenning & Staffell, 2016).

3.2.2 Wind (Onshore and Offshore)

Onshore and offshore wind capacity factors for 2030 and 2050 were generated by assuming that the
average onshore and offshore wind turbines for the corresponding scenario display the characteristics
seen in Table 6. The wind turbine types selected were based on a study conducted by the Berkeley Lab,
which indicates that in 2030 the average onshore wind turbine will have a hub height of 115 m and the
ability to generate 3.25 MW, while the average offshore wind turbine will display a hub height of 125 m
and a power generation capacity of 11 MW (Wiser, Hand, Seel, & Paulos, 2016). The Renewables.Ninja
database allows a selection of different wind turbine types and the ones mentioned in Table 6 display
characterizations like the above-mentioned values. The turbine with the greatest capacity that can be
selected is the Vesta V164 and is lower than the expected future value.

Table 6: Characteristics of future onshore and offshore wind turbines (Pfenninger & Staffell, 2020).

Parameter Type Capacity [MW] Hub Height [m]
Onshore Vestas V112 3.3 115
Offshore Vesta V164 9.5 125

3.2.3 VRES Scenario Analysis

While the demand side of future scenarios (2030 and 2050) was scaled up by the corresponding growth
factors, the supply side also considers growth factors of the installed capacity but is divided into a low
VRES and high VRES scenario (see Table 7). The values for either scenario are the percentages of the
expected country-specific growth factors per VRES technology (based on regional (Egypt and Singa-
pore) or national (Netherlands and ltaly) expected development parameters), which can be retrieved
from Appendix II; Table 14, Table 15, Table 16 and Table 17 (e.g. solar PV installed for low VRES scenario
in NL for 2030: 0.8 * 14.4 GW = 11.5 GW).

Table 7: Characteristics of low and high VRES scenarios for 2030 and 2050, in relation to the country-
specific installed capacity values.

Scenarios Shares from country-specific installed capacity [%]
Low VRES 80
High VRES 120
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3.3 Residual Power Load Analysis
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Figure 19: Overview of the residual power load analysis and the resulting examination of the current
and future (2030 and 2050) grid variability. (RLDC = residual load duration curve)

Once the summed up total power load profile and VRES generation profile on an hourly basis was
identified, the residual power load was calculated to analyse the grid variability of future electrical
energy markets per country. The residual power load was calculated according to the following equa-
tion (Buttler, Dinkel, Franz, & Spliethoff, 2016):

Presidual {X) = Pioad (X) - (PWind (X) + Psolar pv (X)) Equation 8

Presiquat = Residual power load of hour x, [MW]

Piad = Total power load (demand) of hour x, [MW]

Pwind = Onshore and offshore wind generation of hour x, [MW]
Psoiar pv = solar PV generation of hour x, [MW]

The hourly residual power load was also averaged and up-scaled to daily, weekly, and monthly residual
power load values to calculate the power and electrical energy variability on different time-cycles (see
Figure 20Figure 21).
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Figure 20: The Dutch residual power load in 2018 on different time-cycles (hourly, daily, weekly and
monthly).

3.3.1 Power Frequency Spectrum Analysis

Once the residual power loads for each scenario and benchmark country were realized, with the aid of
the generic model, the variability of this residual power load among different time-cycles, by a so-
called power frequency spectrum analysis like a Fast-Fourier-Transformation (FFT). Because the time
series are discrete, a standard discrete (FFT) method can be applied to examine hourly, daily-, weekly-

29



Maurin Horler 21.08.2020

and seasonal- cycles in VRES power production, in the power demand and in the corresponding resid-
ual load (Gerwen, Eijgelaar, & Bosma, 2020).

In total 17 different time-cycles were considered (see Table 8) and defined as intra-daily (24 hours),
weekly (7 days — 10 days), monthly (4 weeks), seasonal (6 — 12 months), and intra-yearly (2 years). The
generated model makes use, depending on the analysed time-cycle, of either the hourly, daily, weekly,
monthly, or yearly averaged value of the corresponding residual power load (see Table 8). For each
time-cycle, the maximum power to be delivered to balance the residual power load (amplitude of a
time-cycle) was calculated as well as the total amount of electrical energy which must be charged or
discharged by flexibility measures, to smoothen the residual power load (see Figure 21) (Clerjon &
Perdu, 2018). The final values are average over the observed time period (2015 — 2018).

Table 8: Considered time-cycles, correspond basis of the residual power load and value used in the
graphs illustrated in the result paragraph.

Time-cycles Basis of residual power load Value used in result graphs [h]
3 hours hourly 3

6 hours hourly 6

12 hours hourly 12

24 hours (intra-daily) hourly 24

3 days daily 72

5 days daily 120

7 days (weekly) daily 168

10 days (weekly) daily 240

2 weeks weekly 336

3 weeks weekly 504

4 weeks (monthly) weekly 672

2 months monthly 1,460
3 months monthly 2,190
4 months monthly 2,920
6 months (seasonal) monthly 4,380
12 months (seasonal) monthly 8,760
2 years (intra-yearly) yearly 17,520

3.3.1.1 Power and Electrical Energy Variability per Time-Cycle

The power and electrical energy variability of the examined time-cycles were calculated according to
Equation 9 and Equation 10. It is significant to note that each of the final values are the averaged power
and electrical energy variability outcomes over the observation period (2015 — 2018), thus, outliers

Residual load A
(power)
Variability energy Variability power
Maximum — . I
Average ‘ \\
Minimum | =

Time (1 cycle)

Figure 21: Visualization of the calculated maximum power and electrical energy variability of any given
time-cycle (frequency interval) (ten Klooster, 2017).

30



Maurin Horler 21.08.2020

could have significantly higher values when analysed individually. Nevertheless, the outcome gives a
valuable understanding of the averaged variability per each time-cycle. A visualization of the method-
ology applied to analyse the grid variability can be observed in Figure 21. Thereby, the oscillations of
different frequency intervals (examined time-cycles) of the residual power load time series were ana-
lysed by a power frequency spectrum analysis similar to a Fourier analysis (Olsen, et al., 2019). The
power variability of the residual load in a given time-cycle (frequency interval) was defined as the am-
plitude of the cycle and calculated according to the following equation (Buttler, Dinkel, Franz, &
Spliethoff, 2016):

Vi (Tx) = (Pmax(Tx) = Pmin(Tx))/2 Equation 9

V, = Power variability, [MW]

Pmax= Maximum power, [MW]

Pmin = Minimum power [MW]

Ty = time-cycle (e.g. 7 days) [hours, days, weeks, months, years]

The electrical energy variability of the residual load for a specific time-cycle can be calculated as the
inverse Discrete Fourier Transformation (iDFT) where positive. For any frequency interval (examine
time-cycle) this results in an integral in units of electrical energy [MWh] which was calculated according
to the following equation (Olsen, et al., 2019):

Ve(T) = Xinsre (Rn — Ry) ) Equation 10

Ve = electrical energy variability, [MWAh]

Rn = Residual power load at data point n, [MW]

R, = Mean Residual power load over time-cycle x, [MW]

t = duration of the selected time unit (day, week, month or year) in hours [h]
T« = time-cycle (e.g. 7 days) [hours, days, weeks, months, years]

3.3.2 Residual Load Duration Curve (RLDC)

The previously mentioned power and electrical energy variability equals the value needed to balance
the supply and demand, thus flattening the residual power load. This variability does not apply if the
amount must be charged or discharged (with flexibility measures) to the power grid. Nevertheless, it
gives advice on the flexibility capacity needed for each time-cycle. The RLDC, on the other hand, indi-
cates how much annual power surplus there is among each examined scenario. Thereby, the RLDC is
the residual load curve sorted from highest to lowest value displaying the amount of time the residual
load is positive (discharging needed from dispatchable source) or negative (charging needed in energy
storage for instance). This methodology gives a broad insight into how much power generation or stor-
age capacity is required but without including time-cycles (Gerwen, Eijgelaar, & Bosma, 2020). The
RLDC also can give approximations about the required installed capacity of each dispatchable power
generation technology based on the merit order system from base-generation (e.g. coal) to peaking
generation (e.g. natural gas) (see Figure 22).
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Residual load duration curve
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Figure 22: Residual load duration curve (RLDC) and remaining dispatchable power demand according
to the merit order in a scenario for Europe in 2050 (Gerwen, Sun, Eijgelaar, Bosma, & Dugstad, 2018).
(GT = gas turbine, GE = gas engine, ST = steam turbine, CCGT = combined cycle gas turbine, NG = natural
gas, LT = low temperature heat generation)

3.4 Data Collection Summary

All climate-related data, such as outside temperatures, solar PV, and wind capacity factors, were re-
trieved from the software database Renewables.Ninja (Pfenninger & Staffell, 2020). The report of Ge-
laro et al. 2017 describes the methodology and structure of the database. The annual total power load
for each examined country was retrieved from different sources but should represent measured and
realistic hourly data. The total power load from the Netherlands and Italy was retrieved from ENTSO- E
(entsoe, 2018). The total power load from Egypt was established from a DNV GL internal database
(DNV GL, 2014) and the one from Singapore from an energy market company (EMC, 2018). These total
power loads were used to calculate the stochastically remainder (total load minus each sector) for
each benchmark country. The load profiles for the sectors residential, commercial, and industrial as
well as space heating and DHW were calculated based on NEDUs forecast profiles of different connec-
tion capacities (NEDU, 2018).
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4. VALIDATION

4.1.1 Demand Profile Validation

The residential and commercial load profiles are based on Dutch and Indian datas (see Chapter 3.1)
but the final profiles were validated with measured load profiles in Egyptian households and Malaysian
businesses for the residential and commercial sector, respectively. The industrial sector was validated
with a Danish profile and the total load profile was validated for the German power market by com-
paring measured data with generated once (according to the methodology of this report).

4.1.1.1 Residential Sector

The residential load profile was validated based on the Egyptian profile because a report analysed daily
load profiles in Egyptian households (Attia, Evrard, & Gratia , 2012). The calculated profiles and the
once retrieved from the other report are visualized in Figure 23, divided into average, summer, and
winter profiles. The overall profile looks similar, with a small morning peak and a significant evening
peak with a gradual increase over the day. During the night the consumption is still quite high for both
profiles, due to AC. Both profiles display significant differences between summer and winter months,
as a result of the increased power demand for space cooling and almost no demand for space heating
in hot climate regions, such as Egypt. Overall, the calculated residential profile fits quite well with the
measured profile. However, the calculated summer profile displays a higher peak in the morning hours,
caused by the morning peak demand for space cooling in the Indian profile (see Figure 15).
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Figure 23: Validation of the residential sector, based on Egypt (Attia, Evrard, & Gratia, 2012)

4.1.1.2 Commercial Sector

The calculated profile for the commercial sector of Singapore was validated with a measured profile
from the neighbouring country of Malaysia (Ponniran, Mamat, & Joret, 2012). The profile retrieved
from a study is based on a single business unit that explains the low power consumption (see Fig-
ure 24). Nevertheless, the profile can be compared with the normalized calculated profile from Singa-
pore. Both profiles display peaks during the day, when people are at work and thus, business consum-
ing power. Before and after work hours the power consumption significantly declined for both profiles.
The peak-demand is at 12:00 and 14:00 for the calculated and measured profile, respectively. The dis-
parities could result from the measured profile, which had a considerably lower dataset (only one) and
thus, could differ from the average.
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Daily load profile of Singapore Commercial sector, calculated Total Consumption (kWh) for Commercial Consumers
0.00019

0.00017

0.00015

0.00013

0.00011

0.00009

Power Consumption (kW)
QR NWLHBUON®WOO

0.00007

> Y,

Y1,
>,
>, Y,
2

I P A
& FSHFSF TS S

E TS

0.00005
16-11-2018 00:00 16-11-2018 06:00 16-11-2018 12:00 16-11-2018 18:00 17-11-2018 00:00

%
%
%
%
)

SRS SR i o N N

%.
=
%,
%,
‘0.
Z

Figure 24: Validation of the commercial sector, based on Singapore (calculated profile) and Malaysia
(retrieved from report) (Ponniran, Mamat, & Joret, 2012)

4.1.1.3Industrial Sector

The Danish public enterprise Energinet, responsible for operating and developing the power transmis-
sion system, recently uploaded some hourly profiles for certain industries (energinet, 2020). The pro-
file of the Danish chemical industry was applied to validate the calculated industrial profile from the
current analysis (see Figure 25). Both profiles display significantly lower amplitude compared to the
residential and commercial sectors, with smaller power peaks during daytime. In both profiles, the
weekly cycles are visible. The measured profile from the Danish chemical factor does not reduce pro-
duction as much during the night-time as seen in the calculated one. An explanation could be that the
chemical industry has a substantially greater amount of operation hours (8,304 hours per year) com-
pared to other businesses in the industrial sector (Mwanza & Mbohwa, 2015).

Validation of Industrial sector profile
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Calculated industrial profile —Danish chemical industry
Figure 25: Validation of calculated industrial sector profile with measured profiles from the Danish
chemical industry (energinet, 2020).

4.1.1.4Total Power Load Profile

The total load profile of Germany was generated, by combining all sectors according to the methodol-
ogy of the current analysis (see Chapter 3). The profile was subsequently compared with the actual
measured load profile (see Figure 26), retrieved from ENTSO-E (entsoe, 2018). Both profiles have a
similar daily and weekly pattern, although the calculated profiles display a slightly decreased power
demand during the daytime. This could be explained by the fact that the generated model calculates
the power demand profiles based on the benchmark country, the Netherlands, and thus, power con-
sumption profiles for certain sectors (e.g. commercial) may vary for other countries.
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Validation of total load profile, based on Germany
120000

100000
80000

NSNS NS NSNS =

40000

[Mw]

20000

0
9-7-2018 00:00 10-7-2018 00:00 11-7-2018 00:00 12-7-2018 00:00 13-7-2018 00:00 14-7-2018 00:00 15-7-2018 00:00 16-7-2018 00:00

—— Calculated Germany Entsoe Germany

Figure 26: Validation of total load profile (demand side), based on Germany in 2018 (entsoe, 2018)

4.1.2 Power Frequency Spectrum Validation

The statistical software MATLAB was employed to validate the generic model, which analyses the
power variability of residual loads, by examining its power frequency spectrum. The Fourier theory
explains that even complex waveforms, such as a time series dataset (residual loads), can be described
by different sinusoidal signals. This statistical test analyses the frequency and amplitude of the sines
and cosines, which can have valuable insights into the fluctuation behaviour or variability of the origi-
nal waveform (residual power load) (van Winden, 2018). Whereas the discrete Fourier transformation
(DFT) transforms the signal into a frequency spectrum, the inverse discrete Fourier transformation
(iDFT) changes the frequency domain back to a time domain, which facilitates the interpretation of the
amplitude into specific time-cycles. The Fast Fourier Transformation (FFT) was performed due to the
considerable amount of equations with high calculation times of the DFT (van Winden, 2018). MATLAB
was used as statistical software instead of Excel which is limited to 4,096 samples for the FFT function.
DNV GL used a similar methodology to examine power demand cycles by using a frequency spectrum
analysis also based on FFT (Gerwen, Eijgelaar, & Bosma, 2020).

In Figure 27, the frequency spectrum analysis calculated in MATLAB and with the aid of the generated
model for the current Egyptian power market are visualized based on the residual power load of 2018
(see Appendix IV; Figure 67/Figure 68 for the Netherlands and Italy). For Egypt, the same time-cycle
peaks can be observed from both graphs (see Figure 27). The largest peak is exactly at 24 hours, rep-
resenting the daily cycle. A second peak can be seen around hour 8,760, which illustrates the seasonal
power demand cycles. Whereas the positions of the peaks correlate well with those calculated in
MATLAB, the amplitudes (MW) are slightly lower when running the statistical test in MATLAB. This may
have occurred because when using MATLAB, the frequency peak can leak part of its amplitude value
to neighbouring frequencies, which slightly spreads the peak and thus, lowers the maximum peak. The
generated model of the current analysis, examines the frequency spectrum of each time-cycle on its
maximum and minimum values (see Equation 9) which can lead to higher amplitudes, especially if, for
example, there are extreme values in one specific hour. Also, the plots for the Netherlands and Italy
display similar time-cycles (frequencies) (see Appendix IV; Figure 67 and Figure 68). The MATLAB code
can be retrieved from Appendix VI.
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5. RESULTS

5.1 Scenario Definition

A summary of the applied scenarios for each examined country is illustrated in Table 9. In 2030 and
2050 two scenarios were analysed, a low VRES and high VRES scenario (see Chapter 3.2.3). The low
VRES scenario equals to 80% and the high VRES to 120% of the foreseen installed VRES capacity in 2030
and 2050. The demand side of the power systems is assumed to be the same for both scenarios and
calculated according to the expected development of future power demand (see Appendix Il; Table 9,
Table 10, Table 11, Table 12 and Table 13). The following results are all based on the country-specific
residual power loads in 2018 and, for the future (2030 and 2050), according to a low and high VRES
scenario of each examined country (see Table 9). Thus, in total five scenarios were analysed per coun-
try.

Table 9: Overview of all scenarios included in this study for the year 2018, 2030 and 2050. Low VRES
scenairo 80%/high VRES scenario 120% of anticipated installed VRES capacity in 2030 and 2050 per
examined country (see Appendix Il; Table 14, Table 15, Table 16 and Table 17).

Scenarios 2018 2030 2050

Netherlands, Italy, Egypt Current installed  Low VRES High VRES Low VRES High VRES
and Singapore VRES

5.2 Power Frequency Spectrum Analysis

5.2.1 Netherlands (Northern Europe)

The generated power frequency spectrum analysis of the Dutch residual power load, among all sce-
narios for high VRES and low VRES for 2030 and 2050, is illustrated in Figure 28. It is predicted that the
shares of VRES in the power mix are increasing in the future and therefore the power variability of the
residual load is directly affected and power variations of low and high VRES scenarios in 2030 and 2050
are significantly increased (see Figure 28). Among all scenarios, there are two peaks visible which are
significantly larger than others at the intra-daily time-cycle (24 hours) and at the 10 days (240 hours)
time-cycle representing the weekly cycles. The intra-daily power variability increases from 2.5 GW in
2018 to 6.4 GW and 9.8 GW for the high VRES scenario in 2030 and 2050, respectively. The weekly
maximum power displays similar behaviour to the intra-daily time-cycle, inclining from 1.7 GW in 2018
to 7 GW in 2030 and 10.6 GW in 2050, for the high VRES scenario. The seasonal power variability (12-
month time-cycle; 8,760 hours) increases from 1.2 GW in 2018 to 2.7 GW/3.5 GW and 3.3 GW/4.4 GW
for the low and high VRES scenario in 2030 and 2050, respectively. The intra-yearly power variability
(17,520 hours) is only 0.5 GW for the high VRES scenario in 2050.

Inactive sleeping hours and working vs. non-working hours can be one explanation for the variability
peaks on daily and weekly time-cycles. Another explanation is, that with increasing shares of solar PV
and due to its diurnal power generation cycle, the intra-daily power variations is enhanced while the
increase in wind power affects the weekly and seasonal power variation more (see power frequency
spectrum of VRES in the Netherlands; Appendix V; Figure 69 and Figure 70). It is foreseen that in 2030
and 2050 the installed onshore and offshore wind capacity will be larger than the installed solar PV. It
is also anticipated that the VRES power supply will be dominated by wind and will also be influenced
by its higher capacity factor compared to solar PV (see Appendix Il; Table 14). This also explains the
noticeable peaks in the power variability on weekly and seasonal time-cycles for the future scenarios
2030 and 2050, triggered by installed wind capacity (see Figure 28).
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Power variability of the residual load
on different time cycles in Netherlands
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Figure 28: Power variability of the residual power load on different time-cycles in Netherlands, aver-
aged values over the observed time-period (2015 — 2018), see Table 8 for detailed description of ap-
plied time-cycles and corresponding amount of hours on the horizontal axis.

The electrical energy variability (power over time in GWh), increases among all time-cycles because
more power can be generated over a longer duration (see Figure 29). If more VRES is installed, the
electrical energy variability per each time-cycle is enhanced, and thus, more charge or discharge ca-
pacity (e.g. storage) is needed to balance out the grid. The intra-daily (24 hours) flexibility capacity
increases from 17 GWh in 2018 to 45 GWh and 66 GWh in 2050 for the low and high VRES scenario,
respectively (see Figure 29). The flexibility required on a weekly scale result in up to 451 GWh and
673 GWh for the high VRES scenario in 2030 and 2050, respectively. The seasonal storage in 2050 for

The electrical energy variability of the residual load
on different time cycles in Netherlands
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the Figure 29: Electrical energy variability of the residual power load on different time-cycles in the
Netherlands, averaged values over the observed time-period (2015 — 2018), see Table 8 for detailed
description of applied time-cycles and corresponding amount of hours on the horizontal axis.
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high VRES scenario in Netherlands requires a capacity of 8,271 GWh, in case no other storage or flexi-
bility measures are applied to smaller time-cycles. The intra-yearly (17,520 hours) electrical energy
variability is smaller than the seasonal variation among all scenarios with a required electrical energy
capacity of 4,769 GWh for the high VRES scenario in 2050.

5.2.2 Italy (Southern Europe)

The intra-daily power variability of the residual power load in Italy displays the highest peaks among
all time-cycles, with up to 40 GW for the high VRES scenario in 2050. Expectations for the Italian power
market predict that installed VRES capacity will be dominated by solar over wind (see Appendix Il;
Table 15), causing the large values for intra-daily power variability of up to 40 GW for the high VRES
scenario in 2050 (see Appendix V; Figure 72). The weekly variation has a maximum power value of
13 GW and 20 GW (at time-cycle 10 days) in the high VRES scenario in 2030 and 2050, respectively (see
Figure 30). The time-cycles based on weekly averages demonstrate the overall second smallest, after
intra-yearly, power variability of only 6.4 GW for the high VRES scenario in 2050 based on a 3-week
time-cycle (see Figure 30). The seasonal power variability (12-month time-cycle; 8,760 hours) increases
from 3.5 GW in 2018 to 7.9 GW and 11.3 GW for the high VRES scenario in 2030 and 2050, respectively.
The intra-yearly power variability is only 1.7 GW for the high VRES scenario in 2050.

Power variability of the residual load
on different time cycles in Italy
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Figure 30: Power variability of the residual power load on different time-cycles in Italy, averaged values
over the observed time-period (2015 — 2018), see Table 8 for detailed description of applied time-
cycles and corresponding amount of hours on the horizontal axis.

The charge or discharge flexibility capacity required in the future power grid of Italy is illustrated in
Figure 31. A gradual increase in electrical energy variability among larger time-cycles can be observed
and the highest variation occurs on the 12-month time-cycles (8,760 hours), of 25,464 GWh for the
high VRES scenario in 2050, which represents the seasonal differences of the residual power load. The
intra-daily (24 hours) flexibility capacity increases from 54 GWh in 2018 to 205 GWh and 310 GWh in
2050 for the low and high VRES scenario, respectively (see Figure 31). The flexibility electrical energy
required to balance the grid on a weekly scale result, in 778 GWh and 1,181 GWh for the high VRES
scenario in 2030 and 2050, respectively. Again, the intra-yearly (17,520 hours) electrical energy varia-
bility is smaller than the seasonal variation among all scenarios.
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The daily electrical energy variability of the residual power load for the high VRES scenario in 2050
results in 4.6-times higher variation (310 GWh) compared to the Netherlands, influenced by 2.7-times
more installed non-dispatchable VRES capacity which is dominated by solar PV (101 GW solar PV; 41
wind; see Appendix Il; Table 15).

The electrical energy variability of the residual load
on different time cycles in Italy
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Figure 31: Electrical energy variability of the residual power load on different time-cycles in Italy, aver-
aged values over the observed time-period (2015 — 2018), see Table 8 for detailed description of ap-
plied time-cycles and corresponding amount of hours on the horizontal axis.

5.2.3 Egypt (Middle East and North Africa MEA)

The power frequency spectrum analysis of Egypt with power variability and electrical energy variability
is illustrated in Figure 32 and Figure 33. The intra-daily power variability (time-cycle of 24 hours) dom-
inates with 28 GW and 40 GW for the low and high VRES scenario in 2050, respectively. The weekly
and seasonal power variability, on the other hand, display significantly smaller values (see Figure 32).
The weekly variation has its highest peak at the 10-day time-cycle (240 hours) ranging from 0.7 GW in
2018 to 6.7 GW and 9.7 GW in 2050 for the low and high VRES scenario, respectively. The seasonal
power variability (12-month time-cycle; 8,760 hours) increases from 1.7 GW in 2018 to 3.2 GW and
5.3 GW for the high VRES scenario in 2030 and 2050, respectively. The intra-yearly power variability
represents the overall smallest power variability with only 0.4 GW for the high VRES scenario in 2050.
Further, the time-cycles based on weekly averages demonstrate the second smallest power variability
ranging from 0.3 GW in 2018 to 3.5 GW in 2050 for the high VRES scenario, based on a 3-week time-
cycle.

Overall, there is a significant gap between the scenarios from 2030 and 2050, especially on intra-daily
power variability (see Figure 32). The reason for this phenomenon could be explained by the fact that
the Egyptian total power demand in 2050 is anticipated to increase 2.4-fold compared to 2018. Simul-
taneously, predictions regarding VRES generation foresee a significant increase from 9.7% to 55.8% of
the total power generation in 2030 and 2050, respectively (DNV GL, 2019). As a direct consequence,
the power grid for 2050 has significantly higher installed capacity of VRES (see Appendix Il; Table 16)
and thus, adds more variability to the power system. An explanation of the dominant variability peak
on intra-daily time-cycle is that in 2050 the installed capacity of solar PV in Egypt is expected to be
2.6 times larger than installed wind, both onshore and offshore combined, 75 GW and 29 GW, respec-
tively. Considering that the capacity factors of both VRES technologies differ, the shares from the total

40



Maurin Horler 21.08.2020

power generation equal to 31% and 25% for solar PV and wind, onshore and offshore, respectively
(DNV GL, 2019). The daily maximum power generation variability of solar PV is significantly higher (32
GW: high VRES 2050) in comparison to the maximum power generation variability for wind which dis-
plays peaks on weekly and seasonal time-cycles (range of 1.8 —8.5 GW: high VRES 2050) (see Appendix
V; Figure 73 and Figure 74). Whereas the solar PV generation in the Netherlands and Italy, aside from
the dominant daily cycles, shows a seasonal cycle in the power variation, the Egyptian solar PV pro-
duction does not have significant seasonality (see Appendix V; Figure 70, Figure 72, and Figure 74). As
a result of the aforementioned factors, the weekly and seasonal variations are significantly smaller
than the intra-daily variations.

Power variability of the residual load
on different time cycles in Egypt
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Figure 32: Power variability of the residual power load on different time-cycles in Egypt, averaged val-
ues over the observed time-period (2015 — 2018), see Table 8 for detailed description of applied time-
cycles and corresponding amount of hours on the horizontal axis.

The power variation output over time, defined as electrical energy variability, among all scenarios re-
garding the Egyptian power market is illustrated in Figure 33. The intra-daily variation of the Egyptian
power market in 2050 requires 249 GWh and 357 GWh as flexibility capacity to balance out the varia-
bility below a time-cycle of one day, considering the low and high VRES scenarios, respectively. In 2030
the electrical energy variability is decreased, resulting in 75 GWh and 105 GWh for low and high VRES
scenarios. All future scenarios display significantly larger intra-daily values than the current one (2018)
of 19 GWh which is equal to only 5% of the electrical energy variability in 2050 for the high VRES sce-
nario. The seasonal electrical energy variability illustrates smaller discrepancy compare to the intra-
daily and weekly time-cycle variation, among all future scenarios (see Figure 33). The seasonal varia-
tion ranging from 5,222 GWh in 2018 to 9,721 GWh in 2050 for the high VRES scenario. Further, the
intra-yearly (17,520 hours) electrical energy variability is smaller than the seasonal variation among all
future scenarios (low and high VRES in 2030/2050).
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The electrical energy variability of the residual load
on different time cycles in Egypt
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Figure 33: Electrical energy variability of the residual power load on different time-cycles in Egypt,
averaged values over the observed time-period (2015 — 2018), see Table 8 for detailed description of
applied time-cycles and corresponding amount of hours on the horizontal axis

5.2.4 Singapore (South East Asia SEA)

The power frequency spectrum analysis of the Singaporean power market divided into power variabil-
ity and electrical energy variability is visualised in Figure 34 and Figure 35. Overall, the power variability
of the Singaporean residual load is significantly larger in 2050 compared to 2030 for the low and the
high VRES scenario. Again, this discrepancy is triggered by the expected regional development in the
SEA region, which suggests that the shares of non-dispatchable VRES form the total power supply will
increase significantly from 6.6% in 2030 to 55.7% in 2050. Concurrently, the total power demand is
anticipated to increase by 3.2-fold between 2018 and 2050 (DNV GL, 2019). The peak power variability
occurs at intra-daily time-cycles (24 hours) with values of 8.3 GW and 11 GW in 2050 for the low and
high VRES scenario, respectively (see Figure 34). This is influenced by the fact that solar PV is expected
to be the dominant VRES power source in SEA with a share of 35% from the total power supply whereas
the combined wind power, onshore and offshore, is expected to contribute 20% to the power supply
(DNV GL, 2019).

The weekly power variability displays the highest peaks at the 10-day time-cycle (240 hours) with a
range from 0.3 GW in 2018 to 2.5 GW and 3.5 GW in 2050 for the low and high VRES scenario, respec-
tively. While the variation based on weekly averages results in smaller values compared to intra-daily
and weekly time-cycles, the seasonal power variability (12-month time-cycle; 8,760 hours) equals to
higher power variation than on a weekly time-cycle with a peak value of 4.2 GW in 2050 for the high
VRES scenario (see Figure 34). The fairly high seasonality is a different behaviour than observed in the
Dutch, Italian, or Egyptian future power systems (see Figure 28, Figure 30, Figure 32, and Figure 34).
Whereas the power supply profile of wind for the Netherlands, Italy, and Egypt display their largest
variability peaks on weekly time-cycles, the Singaporean wind generation curve results in a larger var-
iation on seasonal time-cycles (see Appendix V; Figure 69, Figure 71, Figure 73, and Figure 75). This
explains the overall higher variation of the residual power load of seasonal over weekly time-cycles in
the future power market of Singapore (see Figure 34). Like the previously examined country-specific
power frequency spectrum analysis, the intra-yearly (17,520 hours) power variability represents the
overall smallest power variability with only 0.3 GW for the high VRES scenario in 2050.
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Power variability of the residual load
on different time cycles in Singapore

12
10 , ‘-‘,.“.
8 ;.‘" \
5 2018
2] low VRES 2030
5 6 i \
z low VRES 2050
[e] F \
& high VRES 2030
4 . 7 ——high VRES 2050
"",‘ " "-‘.‘ /// \
.'/ " "_,‘ "..‘ ) AY
0 H/!\’M,P.——___—m
1 10 100 1000 10000

Time Cycles [h]

Figure 34: Power variability of the residual power load on different time-cycles in Singapore, averaged
values over the observed time-period (2015 — 2018), see Table 8 for detailed description of applied
time-cycles and corresponding amount of hours on the horizontal axis.

Like the power variation, the electrical energy variability of the Egyptian power market displays signif-
icantly different values between the year of 2030 and 2050 for either scenario, the low and high VRES
(see Figure 35). On 24 hours’ time-cycle (intra-daily), the flexibility electrical energy capacity required
for the low and high VRES scenario in 2050 results in 48 GWh and 77 GWh, respectively, whereas the
low and high VRES scenarios in 2030 lead to an electrical energy variability of 8.3 GWh for either sce-
nario. The weekly electrical energy variability ranges from 153 to 214 GWh for the same scenarios. The
flexibility electrical energy required to balance the power grid on a weekly time-cycle result, in 41 GWh
and 147 GWh for the high VRES scenario in 2030 and 2050, respectively. The electrical energy variabil-
ity on a seasonal scale (12-month time-cycle; 8,760 hours) equals to a range from 505 GWh in 2018 to

The electrical energy variability of the residual load
on different time cycles in Singapore
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Figure 35: Electrical energy variability of the residual power load on different time-cycles in Singapore
averaged values over the observed time-period (2015 — 2018), see Table 8 for detailed description of
applied time-cycles and corresponding amount of hours on the horizontal axis.
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7,468 GWh in 2050 for the high VRES scenario. Lastly, the intra-yearly (17,520 hours) electrical energy
variability has significantly smaller values than the seasonal variation among all scenarios, ranging from
8.5 GWh in 2018 to 2,262 GWh in 2050 for the high VRES scenario (see Figure 35).

5.3 Residual load duration curve (RLDC)

5.3.1 Netherlands (Northern Europe)

The residual load duration curve (RLDC) of the Netherlands with all scenarios is illustrated in Figure 36.
The power generation hours of peaking demand remain constant between 2018, 2030, and 2050
among all scenarios. The overall power demand of the Netherlands is only expected to grow 14% be-
tween 2018 and 2050, triggered by electrification and increased efficiency among all sectors, which
explains the fairly constant peaking demand hours (DNV GL, 2019). The current (2018) RLDC displays a
flatter decline compared to the other scenarios due to significate lower shares of VRES in the power
mix. The low VRES scenarios produce 1,816 hours and 4,323 hours surplus power with a maximum
surplus VRES generation of 12,313 MW and 23,945 MW, for 2030 and 2050, respectively (see Fig-
ure 36). The negative part of the RLDC for the scenarios high VRES 2030 and 2050 is predominant over
the positive values (4,750 in 2030; 6,448 in 2050), thus, there are more hours of the year where VRES
generates more power than demand, in case no flexibility measures are implemented. For the high
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Figure 36: Residual load duration curve (RLDC) for current and future scenarios in the Netherlands,
with VRES supply based on year 2015.
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VRES scenario in 2050, dispatchable power sources (e.g. coal/natural gas) can only operate for
2,312 hours of the year, while the remaining hour’s curtailment or energy storage is needed, due to
VRES surplus generation (see Figure 36). The largest surplus in the high VRES scenario is 23,968 MW
and 41,781 MW in 2030 and 2050, respectively. The cumulative annual power surplus increases from
4.7 TWh for the low VRES scenario in 2030 up to 77.3 TWh for the high VRES scenario in 2050.

5.3.2 Italy (Southern Europe)

The RLDC of Italy is illustrated in Figure 37 including the current and future scenarios for low and high
VRES. The hours of peaking power demand are, like the Dutch RLDC, very equal among all examined
scenarios and only differ in their value because the overall power demand for Italy is significantly larger
than the one for the Netherlands. The total power demand is expected to only increase 16% from 2018
until 2050 and thus, the peak demand of dispatchable power source only inclines slightly. The high
VRES scenario will generate 2,414 hours and 3,484 hours surplus power production with a maximum
surplus power value of 52,355 MW and 104,668 MW in 2030 and 2050, respectively. In comparison,
the low VRES scenario produces 758 hours and 2,538 hours surplus power production with a maximum
surplus power value of 24,241 MW and 58,690 MW in 2030 and 2050, respectively. The cumulative
annual power surplus increases from 4.7 TWh for the low VRES scenario in 2030 up to 125.7 TWh for
the high VRES scenario in 2050.
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Figure 37: Residual load duration curve (RLDC) for current and future scenarios in the Italy, with VRES
supply based on year 2015.
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5.3.3 Egypt (Middle East and North Africa MEA)

The peaking load power generation displays differences between the future scenario 2030 and 2050
for the Egyptian power market, as visualized by the RLDCs in Figure 38. An explanation for this phe-
nomena is because the total power demand among all sectors is expected to increase by 40% and
260% between 2018 — 2030 and 2018 — 2050, respectively (DNV GL, 2019). This has a direct conse-
guence on the discrepancy between the values for peaking power production in 2030 and 2050. Both
VRES scenarios (low and high) for the year 2050 result in significantly higher values of peaking power
demand compared to the year 2030, with values of 61,739 — 63,567 MW and 32,925 — 33,726 MW,
respectively (see Figure 38). The low VRES scenario generates only 167 hours and 1,992 hours surplus
power production with maximum overproduction values of 8,438 MW and 32,458 MW in 2030 and
2050, respectively. The high VRES scenario produces 2,148 hours and 3,636 hours surplus power pro-
duction with maximum overproduction values of 24,130 MW and 69,554 MW in 2030 and 2050, re-
spectively. The cumulative annual power surplus increases from 0.3 TWh for the low VRES scenario in
2030 up to 15.1 TWh and 97.8 TWh for the low and high VRES scenario in 2050.
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Figure 38: Residual load duration curve (RLDC) for current and future scenarios in Egypt, with VRES
supply based on year 2015.

Whereas the RLDC profiles in 2030 show a gradual decline, the scenarios in 2050 display an almost

S- shaped curve with a sharper decline around hour 4,500 (see Figure 39). It is expected that the in-
stalled capacity of solar PV will be 2.6-times higher than installed wind by 2050 (DNV GL, 2019). As a
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result, there will be a strong fluctuation of VRES production of day/night cycles. In addition, the capac-
ity factor calculated for the solar PV power generation in Egypt is on average 29.7% in 2050, whereas
the ones for Singapore, the Netherlands, and Italy are significantly lower with values of 14.2%, 16.7%,
and 22%, respectively. The combination of the large share of installed solar PV and the high capacity
factor can be an explanation for a strong diurnal difference of VRES power generation along the entire
year. This triggers the sharp decline at hour 4,500 in the RLDC of the Egyptian power system in 2050
(for low and high VRES scenarios).

5.3.4 Singapore (South East Asia SEA)

Like the Egyptian RLDC pattern, the peaking demand of dispatchable power generation is significantly
larger in 2050 compared to 2030 (see Figure 39), caused by an expected power demand increases by
71% and 333% between 2018 — 2030 and 2018 — 2050, respectively (DNV GL, 2019). Whereas the
maximum peak generation demands results in 22,477 — 22,587 MW for low and high VRES scenario in
2050, the same values in 2030 lead to 11,725 — 11,801 MW. Additionally, both VRES scenarios in 2030
result in no surplus generation of VRES and display a similar RLDC pattern compared to the current
(2018) situation (see Figure 39). The reason for this observation is that the predicted installed capacity
of VRES in 2030 covers only 6.6% of the total power demand (DNV GL, 2019). In 2050 the low and the
high VRES scenario generate 352 hours and 1,339 hours surplus power production with maximum
overproduction values of 10,657 MW and 25,209 MW, respectively. The cumulative annual power sur-
plus equals 1.1 TWh and 9.8 TWh for the low and high VRES scenario in 2050.
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Figure 39: Residual load duration curve (RLDC) for current and future scenarios in Singapore, with VRES
supply based on year 2015.
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6. DISCUSSION

6.1 Methodology

The new approach developed in this research allows for the observation of differences in current and
future grid variabilities with just a few parameters. Nevertheless, some simplification and assumptions
had to be done, which could have had an impact on the accuracy of the outcome values. All end-con-
sumers within the power sector among all examined countries are assumed to behave according to
the proposed benchmark load profiles of the Netherlands. Additionally, the space cooling profile to
illustrate the AC power consumption was based on a report conducted in India. This does not represent
reality because the behaviour of some individual end-consumers can be very subjective and might dif-
fer among geographically and demographically distinct countries. Additionally, the daily heating profile
of heat pumps might display a different, more constant, behaviour than a heating profile of a gas boiler
which was used in this study. This is because heat pumps have a slower heating up time and thus,
require more time to supply the energy demanded for a comfortable indoor temperature (Love ,
Oikonomou, Gleeson, & Chiu, 2017). The daytime length was not considered as a variable but could
have an impact on the power consumption of lighting appliances since the length of days differs per
latitude, seasonality, and thus, country. Also, public holidays were excluded in this study, which could
have an impact on the seasonal power variability. The reason for the exclusion was because the holiday
period is not the same for each region, and thus, it was difficult to introduce this variable in the generic
model. The methodology assumes the same approach for space heating and space cooling for all ex-
amined countries and neglects differences in desired indoor temperatures. Behaviours are very sub-
jective, and the heating or cooling profile could differ among geographical and demographical regions.

Furthermore, emerging issues of VRES technologies with different grid voltage frequencies than the
traditional 50 Hz and transformation issues from direct current (DC) to alternating current (AC) on the
power system were neglected although they could represent a technical hurdle to introduce more
VRES in future power systems (Gerwen, Sun, Eijgelaar, Bosma, & Dugstad, 2018). Additionally, it is
important to note that the methodology is neglecting the smoothening effect of VRES production,
which could have an impact on the variability, especially on small time scales (intra-daily). Hourly so-
lar PV and wind power generation values (capacity factors) are based on a specific location within the
examined countries and as a result, the calculated power variabilities stated in this research might be
higher compared to reality. The smoothening effect for wind power, and to a lesser extent for sola PV,
can lower the overall variability by geographical region spreading and thus, decrease the cross-corre-
lation of sites with distance. (Buttler, Dinkel, Franz, & Spliethoff, 2016). Finally, future projection on
the power demand and the VRES supply for 2030 and 205 are based on expected regional development
values for Egypt and Singapore. Only for the Netherlands and Italy country-specific predictions for fu-
ture VRES supply could be found. To introduce accuracy, country-specific values should be considered
among all examined countries.

6.2 Data Analysis

6.2.1 General

The averaged power and the electrical energy variability of the analysed time-cycles displayed different
behaviours between geographically and demographically distinct regions. Nevertheless, the electrical
energy variability graphs of all countries point to a steady and gradual increase along all time-cycles
with higher values for future scenarios (2030 and 2050) compared to the current state (see Figure 29,
Figure 31, Figure 33 and Figure 35). Greater shares of VRES and electrification of sectors, such as heat
pumps and AC, constitute the reasons for larger variability values in future scenarios. As a result, more
electrical energy is required to balance out the power grid by introducing flexibility measures (e.g.
batteries, G2V) with charging or discharging capabilities. Consequently, more investments in energy
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storage capacity are required for the future power system with increased VRES penetration rates (Ol-
sen, et al., 2019). Overall, the power variability display peaks on intra-daily, weekly, and seasonal time-
cycles with distinct values for each examined country. The intra-daily peak variation derives from diur-
nal cycles of power demand but also on the day vs. night fluctuation of solar PV production, and to a
lesser extent, the differences in wind speed (Buttler, Dinkel, Franz, & Spliethoff, 2016; Gerwen,
Eijgelaar, & Bosma, 2020). The weekly power variability of the residual power load is predominantly
caused by the workday and weekend power demand cycles, and to a lesser degree are caused by
weather conditions (Gerwen, Eijgelaar, & Bosma, 2020). Aside from daily cycles, the wind has a signif-
icant impact on the weekly and seasonal power variability of the residual power load. On the other
hand, solar PV production has a significantly larger impact on intra-daily variabilities compared to the
seasonal one, depending on the geographical region (Gerwen, Eijgelaar, & Bosma, 2020). Inter-annual
variability among all countries is small, which could be explained by the fact that solar PV and wind do
not display substantial variations of power generation between two consecutive years (yearly time-
cycle; 17,520 hours) within the observed time-period (2015 — 2018) of all examined countries (see
Appendix V; Figure 69 — Figure 76).

6.2.2 Netherlands

The power variability of the Dutch residual power load displays among all scenarios two substantial
peaks in intra-daily and weekly time-cycles. Currently, the flexibility measures on an hourly basis are
dominated by dispatchable power sources, such as natural gas. However, forecasted scenarios predict
that in 2050 VRES curtailment and import vs. export (besides energy storage) will be the predominant
measures for upward or downward flexibility on an hourly basis (Sijm, et al., 2017). Thus, it is expected
that by 2050 the Netherlands will be equipped with 33 GW of interconnection capacity which could
cover the intra-daily variabilities of 9.8 GW for the high VRES scenario in 2050 (Sijm, et al., 2017). Nev-
ertheless, it is worth mentioning that the variability values stated in the current research are averaged
over the observed period and extreme outliers could have significantly higher values. It is expected
that in 2050 the storage capacity of EVs in the Netherlands can provide 240 GWh, which can either be
charged or discharged (G2V/V2G) and could cover the averaged intra-daily electrical energy variability
of 66 GWh in 2050 (high VRES scenario). It is significant to note that these values are only required to
balance the residual load and do not reflect the overall energy storage demand (Gerwen, Eijgelaar, &
Bosma, 2020).

In the case of the high VRES scenario, the Netherlands will generate more surplus hours per year than
hours where power is required in 2030 (4,750 in 2030; 6,448 in 2050) in case no flexibility measures
are implemented (see Figure 36). The expected storage capacity of 240 GWh in EVs by 2050 would
only cover 0.3% of the total annual power surplus in 2050 in the high VRES scenario if no other flexi-
bility measures or VRES curtailment have been implemented (Gerwen, Eijgelaar, & Bosma, 2020). Nev-
ertheless, previous research has demonstrated that salt caverns and depleted gas fields can store
43 TWh and 456 TWh of hydrogen (power-to-gas (P2G)), which could be used as seasonal energy stor-
age for the Dutch power system in the future (Juez-Larré, van Gessel, Dalman, Remmelts, & Groenen-
berg, 2019).

6.2.3 ltaly

The power variability of the Italian residual power load displays a unique pattern among the examined
time-cycles when compared to the Dutch one (see Figure 28 and Figure 30). The peak on intra-daily
power variability is significantly larger for all scenarios than the weekly, monthly, and seasonal ones.
Currently, Italy is equipped with 26 MW of battery storage which would not have any consequential
impact on balancing the average intra-daily power variation of the residual power load in 2030 and
2050 among all scenarios (statista, 2020). Furthermore, all power variability values are significantly
higher compared to the Dutch values. This disparity is the result of a generally higher power demand
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for the Italian power market and thus, also more installed VRES capacity, in absolute terms, compared
to the Netherlands (see Appendix II; Table 14 and Table 15).

Among all scenarios, the mid-merit and base-load power demands expand over more hours per year
when compared to the Netherlands RLCDs (see Figure 36 and Figure 37). As a result, more dispatchable
power sources are required. None of the examined scenarios produced more surplus hours per year
than hours where demand is required. The source of this distinction between the Dutch and the Italian
power surplus is caused by the high VRES scenario in 2050 the Dutch power system will generate on
an annual, cumulative basis. This is 1.4 times more non-dispatchable power (VRES) than the total
power demand (184 TWh VRES; 131 TWh load), whereas expectations for the Italian market foresee
for the same scenario only 1.04 times more VRES generation than power demand (358 TWh VRES;
346 TWh load) (entsoe, 2013). Nevertheless, the annual, cumulative power surplus of 4.7 TWh in 2030
(low VRES scenario) cannot be covered by the current installed energy storage capacity of pumped-
storage hydroelectricity (PSH) of 0.7 TWh (Colbertaldo, Guandalini, & Campanari, 2018). Thus, more
flexibility measures need to be constructed or implemented in the future Italian power system, such
as demand response, G2V, interconnectivity, and VRES curtailment.

6.2.4 Egypt

The power variability of the Egyptian residual load displays a distinct pattern compared to both the
Dutch and Italian curves (see Figure 32). There is a substantial gap of power variation between time-
cycles of 2030 and 2050 for both low and high VRES scenario, caused by a significant incline in power
demand and VRES capacity between 2030 and 2050 (DNV GL, 2019). It is critical to note that the supply
and demand forecasts are based on the regional development of the MEA region and are not country
specific. The pumped-storage hydroelectric plant in Attaga, which is expected to complete construc-
tion in 2022, will be equipped with a capacity of 2.4 GW that could nearly balance the residual power
load on the seasonal time-cycle in 2030 for both low and high VRES scenarios (see Figure 32) (IRENA,
2018). The average intra-daily power variability dominates with up to 40 GW for the high VRES scenario
in 2050. However, the weekly and seasonal power variations are small, ranging between 2 and 10 GW
(see Figure 32). The adoption and instalment of concentrated solar power (CSP) with a heat buffer
instead of solar PV could be a measure to, at least partially, mitigate the high intra-daily variability due
to its ability to store electrical energy and dispatch it if required (de Castro & Capellan-Pérez, 2018).

6.2.5 Singapore

The Singaporean residual power load displays a considerable difference in grid variability between
2030 and 2050 (see Figure 34). Again, this is caused by the high growth-factor of total power demand
and installed VRES capacity. The forecasted increase in total power demand of the Singaporean power
market is expected to be even greater than that of Egypt (260% compared to 330%) between 2018 and
2050. As a result of Singapore’s high Human Development Index (0.935) compared to that of its re-
gional neighbours, the exact values for Singapore may differ because the growth factor is region-, and
not country-specific (UNDP, 2019). A better benchmark country for the region should have been se-
lected but was not possible due to the data on total power load profiles on an hourly basis being only
accessible for Singapore. Such data was required to apply the methodology of this study.

Currently, Singapore is targeted to reach an electrical energy storage capacity of 200 MW beyond 2025,
which could reduce costs for other required flexibility infrastructures to balance the load (energy
storage, 2019). For 2030, this storage capacity would be enough due to zero VRES power surplus, but
by 2050 more investment would be required due to annual cumulative power surpluses of 1.1 TWh
and 9.8 TWh for the low and high VRES scenario, respectively.
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7. CONCLUSION

7.1 Methodology

The objective of this research was to provide a novel methodology that analyses power grid variabili-
ties, based on the residual power load, on different time-cycles and among geographically and demo-
graphically distinct regions. With the methodology developed in this study, this objective was achieved
and required just a few country- and regional-specific parameters. This innovative approach generates,
in a simple way, a general overview of the average variability values on different time-cycles of globally
distinct current and future power markets.

In the first step, the total hourly power load profile was decomposed into three relevant sectors: resi-
dential, commercial, and industrial based on the Netherland as a benchmark country. Subsequently,
the sectorial load profiles were corrected with country-specific parameters and finally summed up
again to create, along with the power demand for EVs, the new total load profile per country in 2030
and 2050. In the second step, the annual non-dispatchable VRES power generation profile was gener-
ated for each examined country. Third, the resulting residual power load was calculated for a low and
high VRES scenario in 2030 and 2050. In the last step, with the aid of a power frequency spectrum
analysis, the power and electric energy variability was examined. Additionally, the country-specific re-
sidual load duration curve (RLDC) was analysed. A validation of this methodology was conducted via
real measured data for the generated sectorial load profiles and via a statistical software (MATLAB) to
confirm the outcome of the power frequency spectrum model.

The results of this novel approach have significant importance for the planning of future power sys-
tems, especially for power producers, utilities, and transmission system operations (TSOs). Thereby,
the proposed methodology enables awareness and offers suggestions for flexibility measures to bal-
ance the grid and thereby, can assist in reducing the risks of curtailment or blackouts.

7.2 Data Analysis

Four countries from various global regions were selected and examined with this methodology: the
Netherlands, Italy, Egypt, and Singapore. These countries represent the regions of Northern Europe,
Southern Europe, Middle East and North Africa (MEA) and South East Asia (SEA), respectively. Signifi-
cant differences between current and future power grid variability were observed among all examined
countries. The average power variability of the residual load on intra-daily time-cycles varied between
9.8 GW (Netherlands) and 40 GW (Egypt and Italy) for the high VRES scenario in 2050. The Netherlands
displays high power variations on weekly and seasonal time-cycles because it represents the only ex-
amined country expected to have more installed VRES capacity of wind, both onshore and offshore,
than solar PV (see Appendix Il; Table 14). In the case of Egypt, the future power system will be domi-
nated by intra-daily variabilities due to a substantial amount of installed solar PV capacity, which dis-
plays high diurnal power variability (see Appendix V; Figure 74). The Singaporean power variability for
2050 is the only one resulting in higher seasonal than weekly power variability. This is caused by high
seasonality on wind generation (see Appendix V; Figure 75). Overall, the electrical energy variability
increased among the time-cycle because more power can be generated over longer periods. Flexibility
measures, such as energy storage, will increase among all examined countries in the future for low and
high VRES scenarios. The RLDC of the Netherlands results in the most hours of power surplus per year
in 2050 (6,448 hours; high VRES) whereas the Singaporean power system only generates 1,339 hours
of VRES surplus in 2050 for the same scenario. Nevertheless, the high VRES scenario for Italy forecasts
with 125.7 TWh the largest annual power surplus in 2050 among all examined countries. This would
require significant investments from Italy in energy storage infrastructures or other flexibility
measures, such as hydrogen production or G2V if heavy VRES curtailment wants to be avoided.
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8. RECOMMENDATIONS

Itis advised that future research on power grid variabilities should consider more benchmark countries
to create a better overview of other regions, in addition to the countries examined in this study. To
apply this methodology, it is necessary to have current data on the total annual power load on an
hourly basis. Additionally, the decomposition of the total power load profile, currently based on the
Netherlands as a benchmark country, could be applied separately for each examined region or country
to generate more country-specific load profiles and thus, achieving increased accuracy of the total
current and future power load profile. Concerning the supply side, annual VRES generation profiles
should be calculated for multiple sites within a country to include the smoothening effect of VRES,
especially for wind. Furthermore, the effect of flexibility measures on the power variability, when im-
plemented on different time-cycles, could be analysed to observe which strategies could best mitigate
the variability and thereby lower power mismatches of supply and demand. Demand response (e.g.
V2G or G2V), grid interconnectivity, and energy storage technologies, such as PSH and compressed
hydrogen, could represent such flexibility measures.
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10. APPENDICES
10.1 Appendix |

10.1.1 Residential annual load profile (NL benchmark country)
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Figure 40: The normalized load profile of the residential sector in 2018, representing the aggregated
E1A NEDU profiles (NEDU, Verbruiksprofile, 2018).

10.1.2 Commercial annual load profile (NL benchmark country)
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Figure 41: The normalized load profile of the commercial sector in 2018, representing the combination
of different NEDU profiles (NEDU, Verbruiksprofile, 2018).
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10.1.3 Industrial annual load profile (NL benchmark country)
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Figure 42: The normalized load profile of the industrial sector in 2018, representing the aggregated
E3D NEDU profiles (NEDU, Verbruiksprofile, 2018).

10.2Appendix Il

10.2.1 Country-specific Power Demand Characteristics and regional development

10.2.1.1 Netherlands (Northern Europe)

Table 10: Parameter for Netherlands, serving as input values for the demand side of the generic model
(DNV GL, 2019)*(CBS 2, 2018)? (Odyssee-mure, 2020)* (Netherlands Enterprise Agency, 2019)%. (TSO =
Transmission system operators; BEV = Battery electric vehicle; DHW = Domestic hot water)

Parameter 2018 2030 2050
Residential Sector [TWh] 35.862 36.941 31.56!
Commercial Sector [TWh] 22.972 25.511 28.03*

T Industrial Sector [TWh] 372 39.221 45.141
g Other [TWh] 12.142 7.89! 8.01!
g Total Sectors [TWh] 107.97 109.55 112.74
g BEV consumption [TWh] 0.11 3.81 11.4
o q
_(;;)gzu[_rpvp\)/::;)n of Power producers and 6.6 6.71 6.93
Final Demand [TWh] 114.72 120.11 131.1
% fggc{e%l;eatmg & DHW (Residential sec- 1023 341 371
s . .
§. f.gra)c[etz%f]leatlng & DHW (Commercial sec 313 231 241
§ Space cooling (Residential sector) [%] 0.53 2.4% 2.61
T Space cooling (Commercial sector) [%] 5.53 131 12t
Total stock of passenger cars [nr.] 8,450,0003 8,619,000" 6,337,500
E Share of BEV [%] 0.53% 191 88!
Total stock of BEV [nr.] 44,984* 1,637,610 5,577,000
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10.2.1.2 Italy (Southern Europe)

Table 11: Parameter for Italy, serving as input values for the demand side of the generic model (DNV
GL, 2019)*(iea, 2019)? (Odyssee-mure, 2020)3 (Persson & Werner , 2015)* (Dittmann, Riviere, & Stabat
, 2016)° (Jakubcionis & Carlsson, 2018)°. (TSO = Transmission system operators; BEV = Battery electric
vehicle; DHW = Domestic hot water)

Parameter 2018 2030 2050
Residential Sector [TWh] 115.912 119.38¢ 1021
Commercial Sector [TWh] 65.652 72.88! 80.1!

T Industrial Sector [TWh] 93.732 99.35! 114.35!
g Other [TWh] 17.422 11.32! 11.5
T  Total Sectors [TWh] 292.71 302.94 307.95
% BEV consumption [TWh] 0.02 10.94 32.86
o .
_Ic_ggzuﬂr?vp\alﬂ?n of Power producers and 428 4.43 45
Final Demand [TWh] 297.01 318.31 345.31
'% fgf\)c;ﬁl']meatmg & DHW (Residential sec- 11.43 11 5 12.41
g fgf)c&l']leating & DHW (Commercial sec- 154 15 21 16.11
§ Space cooling (Residential sector) [%] 3.93 6° 12.5°
T Space cooling (Commercial sector) [%] 196 20° 21.9°
Total stock of passenger cars [nr.] 39,020,000° 39,800,400? 29,265,000"
§ Share of BEV [%] 0.03? 19t 88!
Total stock of BEV [nr.] 10,000® 7,562,076 25,753,200

10.2.1.3 Egypt (Middle East and North Africa MEA)

Table 12: Parameter for Egypt, serving as input values for the demand side of the generic model (DNV
GL, 2019)* (iea, 2019)? (CEIC, 2018)3. (TSO = Transmission system operators; BEV = Battery electric ve-
hicle; DHW = Domestic hot water)

Parameter 2018 2030 2050
Residential Sector [TWh] 43.222 59.211 116.69%
Commercial Sector [TWh] 66.82 88.851 136.95¢

T Industrial Sector [TWh] 40.832 62.471 115.15°
©
£ Other [TWh] 8.49? 10.1* 14.941
g Total Sectors [TWh] 159.34 220.63 383.72
3 BEV consumption [TWh] 0.0007 3.19 32.96
& Consumption of Power producers and
21. 29. 2.1
TSOs [TWh] 66 9.99 °2.15
Final Demand [TWh] 181 253.81 468.84
c Space heating & DHW (Residential sec- 531 20* 181
£ tor) [%]
§. & Space heating & DHW (Commercial sec- 91t 181 16
o tor) [%]
I Space cooling (Residential sector) [%] 18! 241 321
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Space cooling (Commercial sector) [%] 10! 111 16!
Total stock of passenger cars [nr.] 4,952,7343 7,478,628! 13,669,546
E Share of BEV [%] 0.003" 10t 64
Total stock of BEV [nr.] 149 747,863 8,748,509
10.2.1.4 Singapore (South East Asia SEA)

Table 13: Parameter for Singapore, serving as input values for the demand side of the generic model
(DNV GL, 2019)* (EMA, 2018)? (BudgetDirect, 2018)3. (TSO = Transmission system operators; BEV = Bat-
tery electric vehicle; DHW = Domestic hot water)

Parameter 2018 2030 2050
Residential Sector [TWh] 21.52 36.77" 63.43!
Commercial Sector [TWh] 7.22 14.331 24.71

T Industrial Sector [TWh] 18.62 30.32¢ 65.29!
g Other [TWh] 3.22 4.77° 10.4*
T  Total Sectors [TWh] 50.5 86.18 163.81
% BEV consumption [TWh] 0.00005 0.27 4.39
(-8 g
%)gzu[var\)/E(])n of Power producers and 0.96 163 31
Final Demand [TWh] 51.46 88.08 171.3
'% fgf\)c;ﬁl']meatmg & DHW (Residential sec- 13 171 111
g' Space heating & DHW (Commercial sec- 1 1
a tor)[%] ? ? 2
‘?1; Space cooling (Residential sector) [%] 251 38! 45!
£ Space cooling (Commercial sector) [%] 16! 21! 341
Total stock of passenger cars [nr.] 800,1473 1,440,111° 2,801,710
E Share of BEV [%] 0.002* 6! 571
Total stock of BEV [nr.] 16 86,407 1,596,975

10.2.2 Country-specific VRES Characteristics and regional development

10.2.2.1 Netherlands (Northern Europe)

Table 14: Parameter for Netherlands, serving as input values for the supply side of the generic model,
values for 2030 and 2050 were retrieved from e-Highway2050 “100% RES scenario” (entsoe, e-
Highway2050, 2013)* (IRENA, International Renewable Energy Agency, 2018)? (solarplaza, 2018)3
(Jacobson & Jadhav, 2018)*(wikipedia, 2020)° (Pfenninger & Staffell, 2020)°.

Installed capacity 2018 2030 2050
Solar PV [MW] 4,522° 14,3771 22,2471
Wind Onshore [MW] 3,436° 9,803! 14,9971
Offshore [MW] 9572 10,5311 15,900*
Benchmark farm Lat Long Tilt
Solar Zonnepark Groene Hoek? 52.3123 4.7224 3404
Onshore: Westereems Eemshaven® 52,7191 5.5999 -
Wind Offshore: Gemini® 54.0730 5.7418 -
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Capacity factors (averaged over 2015-2018) [%]

One-axis tracking (azimuth) 16.2°
Solar Two-axis tracking (azimuth and tilt) 16.7°
Onshore (Vestas V112) 36°
Wind
Offshore (Vesta V164) 52.96
10.2.2.2 Italy (Southern Europe)

Table 15: Parameter for Italy serving as input values for the supply side of the generic model, values
for 2030 and 2050 were retrieved from e-Highway2050 “100% RES scenario” (entsoe, 2013)* (IRENA,
International Renewable Energy Agency, 2018)% (wikipedia, 2019)3 (Jacobson & Jadhav, 2018)*

(windpower, 2020)° (recharge, 2019)® (Pfenninger & Staffell, 2020).

Parameter 2018 2030 2050
Solar Installed capacity [MW] 20,1082 61,289* 101,044!
Onshore installed capacity [MW] 10,230? 19,174! 28,9031
Wi
ind Offshore installed capacity [MW] 02 8,218 12,3871
Benchmark farm Lat Long Tilt
Solar Montalto di Castro® 42.3813 11.5865 27°4
Onshore: Puglia region® 41.4018 15.3537 -
Wind .6
Offshore: Taranto region 40.3324 17.1834 -
Capacity factors (averaged over 2015-2018) [%]
One-axis tracking (azimuth) 21.27
SR Two-axis tracking (azimuth and tilt) 227
Onshore (Vestas V112) 29.67
Wind
Offshore (Vesta V164) 26.57

10.2.2.3 Egypt (Middle East and North Africa MEA)

Table 16: Parameter for Egypt, serving as input values for the supply side of the generic model (IRENA,
International Renewable Energy Agency, 2018)* (DNV GL, 2019)? (IRENA, 2018)3 (Jacobson & Jadhav,
2018)* (power-technology, 2019)° (Mahdy & Bahaj, 2018)° (Pfenninger & Staffell, 2020)’.

Parameter 2018 2030 2050
Solar Installed capacity [MW] 750! 22,9003 75,1382
Onshore installed capacity [MW] 1,125% 15,0003 19,6622
Wind Offshore installed capacity [MW] 0! 5,6003 9,4152
Benchmark farm Lat Long Tilt
Solar Benban Solar Park® 24.4441 32.7243 24°4
Onshore: Ras Ghareb® 28.5260 32.9152 R
Wind Offshore: Southern coast of Sinai Peninsula®  27.7122 33.6111 -
Capacity factors (averaged over 2015-2018) [%]
One-axis tracking (azimuth) 28.87
Sk Two-axis tracking (azimuth and tilt) 29.77
Wind Onshore (Vestas V112) 527
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Offshore (Vesta V164) 45.17

10.2.2.4 Singapore (South East Asia SEA)

Table 17: Parameter for Singapore, serving as input values for the supply side of the generic model*
(IRENA, International Renewable Energy Agency, 2018)* (DNV GL, 2019)? (Jacobson & Jadhav, 2018)3
(The straitstimes, 2020)* (channelnewsasia, 2017)° (global wind atlas, 2020)® (Pfenninger & Staffell,
2020).

Parameter 2018 2030 2050
Solar Installed capacity [MW] 1601 2,9772 39,9222
Onshore installed capacity [MW] 0! 3752 4,320?
Wind Offshore installed capacity [MW] 0! 3332 6,4252
Benchmark farm Lat Long Tilt
Solar Tengeh Reservoir in Tuas* 1.3697 103.6642 10°03
] Onshore: Semakau Landfill® 1.2031 103.7729 -
Wind Offshore: Coast of Bandar Penawar® 1.5618 104.3054 -
Capacity factors (averaged over 2015-2018) [%]
One-axis tracking (azimuth) 14.27
Solar Two-axis tracking (azimuth and tilt) 14.27
Onshore (Vestas V112) 12.67
e Offshore (Vesta V164) 10.67
10.3Appendix IlI

10.3.1 Demand side (decomposed of total power load)

10.3.1.1 Netherlands (Europe North EUN)

Theoretical load NL 2018 (with annual data)
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Figure 43: Decomposition of total load profile of a winter week in the Netherlands in 2018.
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Theoretical load NL 2018 (with annual data)
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Figure 44: Decomposition of total load profile of a summer week in the Netherlands in 2018.

Theoretical load NL 2030 (with annual data)
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Figure 45: Decomposition of total load profile of a winter week in the Netherlands in 2030.
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Theoretical load NL 2030 (with annual data)
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Figure 46: Decomposition of total load profile of a summer week in the Netherlands in 2050.

Theoretical load NL 2050 (with annual data)
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Figure 47: Decomposition of total load profile of a winter week in the Netherlands in 2050.
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Theoretical load NL 2050 (with annual data)
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Figure 48: Decomposition of total load profile of a summer week in the Netherlands in 2050.

10.3.1.2 Italy (Europe South EUS)

Theoretical load 2018 Italy (with annual data)
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Figure 49: Decomposition of total load profile of a winter week in Italy in 2018.
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Theoretical load 2018 Italy (with annual data)
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Figure 50: Decomposition of total load profile of a summer week in Italy in 2018.

Theoretical load 2030 Italy (with annual data)
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Figure 51: Decomposition of total load profile of a winter week in Italy in 2030.
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Theoretical load 2030 Italy (with annual data)
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Figure 52: Decomposition of total load profile of a summer week in Italy in 2030.
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Figure 53: Decomposition of total load profile of a winter week in Italy in 2050.
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Theoretical load 2050 Italy (with annual data)
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Figure 54: Decomposition of total load profile of a summer week in Italy in 2050.

10.3.1.3 Egypt (Middle East and North Africa MEA)
Theoretical load 2018 Egypt (with annual data)
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Figure 55: Decomposition of total load profile of a winter week in Egypt in 2018.

69



Maurin Horler 21.08.2020

Theoretical load 2018 Egypt (with annual data)
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Figure 56: Decomposition of total load profile of a summer week in Egypt in 2018.
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Figure 57: Decomposition of total load profile of a winter week in Egypt in 2030.
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Theoretical load 2030 Egypt (with annual data)
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Figure 58: Decomposition of total load profile of a summer week in Egypt in 2030.
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Figure 59: Decomposition of total load profile of a winter week in Egypt in 2050.
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Theoretical load 2050 Egypt (with annual data)
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Figure 60: Decomposition of total load profile of a summer week in Egypt in 2050.

10.3.1.4 Singapore (South East Asia SEA)

Theoretical load 2018 Singapore (with annual data)
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Figure 61: Decomposition of total load profile of a winter week in Singapore in 2018.

72



Maurin Horler 21.08.2020

[(Mw]

Theoretical load 2018 Singapore (with annual data)
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Figure 62: Decomposition of total load profile of a summer week in Singapore in 2018.
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6000

5000

4000

3000

2000

1000

0
5-2-2018 00:00  6-2-2018 00:00  7-2-2018 00:00  8-2-2018 00:00 9-2-2018 00:00 10-2-2018 00:00 11-2-2018 00:00 12-2-2018 00:00

-1000

—Commercial —Residential —Industrial Remainder —EV cars

Figure 63: Decomposition of total load profile of a winter week in Singapore in 2030.
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Theoretical load 2030 Singapore (with annual data)
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Figure 64: Decomposition of total load profile of a summer week in Singapore in 2030.

Theoretical load 2050 Singapore (with annual data)
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Figure 65: Decomposition of total load profile of a winter week in Singapore in 2050.
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Theoretical load 2050 Singapore (with annual data)
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Figure 66: Decomposition of total load profile of a summer week in Singapore in 2050.

10.4 Appendix IV

10.4.1 Power frequency spectrum validation

Frequency spectrum
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Figure 67: Power frequency spectrum calculated in MATLAB (left) and generated model (right) for
Netherlands.
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Figure 68: Power frequency spectrum calculated in MATLAB (left) and generated model (right) for Italy.

10.5Appendix V

10.5.1 Supply side (Power frequency spectrum analysis of VRES)
10.5.1.1 Netherlands (Europe North EUN)

Maximum power variations of Wind (onshore & offshore) generation
on different time cycles in Netherlands
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Figure 69: Power variability of Wind (onshore and offshore combined) on different time-cycles and
scenarios (low and high VRES) in the Netherlands (2015 — 2018), see Table 8 for detailed description of
applied time-cycles and corresponding amount of hours on the horizontal axis.
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Maximum power variations of solar PV generation
on different time cycles in Netherlands
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Figure 70: Power variability of solar PV on different time-cycles and scenarios (low and high VRES) in
the Netherlands (2015 — 2018), see Table 8 for detailed description of applied time-cycles and corre-
sponding amount of hours on the horizontal axis.

10.5.1.2 Italy (Europe South EUS)

Maximum power variations of Wind (onshore & offshore) generation
on different time cycles in Italy
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.Figure 71: Power variability of Wind (onshore and offshore combined) on different time-cycles and
scenarios (low and high VRES) in Italy (2015 — 2018), see Table 8 for detailed description of applied
time-cycles and corresponding amount of hours on the horizontal axis.
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Maximum power variations of solar PV generation
on different time cycles in Italy
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Figure 72: Power variability of solar PV on different time-cycles and scenarios (low and high VRES) in
Italy (2015 — 2018), see Table 8 for detailed description of applied time-cycles and corresponding
amount of hours on the horizontal axis.

10.5.1.3 Egypt (Middle East and North Africa MEA)

Maximum power variations of the Wind (onshore & ffshore) generation
on different time cycles in Egypt
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'Figure 73: Power variability of Wind (onshore and offshore combined) on different time-cycles and
scenarios (low and high VRES) in Egypt (2015 — 2018), see Table 8 for detailed description of applied
time-cycles and corresponding amount of hours on the horizontal axis.
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Figure 74: Power variability of solar PV on different time-cycles and scenarios (low and high VRES) in
Egypt (2015 — 2018), see Table 8 for detailed description of applied time-cycles and corresponding
amount of hours on the horizontal axis.
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Figure 75: Power variability of Wind (onshore and offshore combined) on different time-cycles and
scenarios (low and high VRES) in Singapore (2015 — 2018), see Table 8 for detailed description of ap-

plied time-cycles and corresponding amount of hours on the horizontal axis.
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Figure 76: Power variability of solar PV on different time-cycles and scenarios (low and high VRES) in
Singapore (2015 —2018), see Table 8 for detailed description of applied time-cycles and corresponding
amount of hours on the horizontal axis.

10.6 Appendix VI

10.6.1 MATLAB code, based on (van Winden, 2018).

%General parameters

N=length (Aa);

f=1 %the number of observations per unit of time.

fregq=(1: (N/2))*f/N; %The frequency for graphs until the Nyquist frequency
Period=1./freq;

A noDC=A-mean (A); %This cuts the 0 Hz DC component

SFFT execution

X=fft (A noDC) ;

X mag=abs (X) ;

X _amp=X mag/N; $%$Normalises the magnitude into amplitude

X ampsingle=X amp (2:N/2+1); %$Limits the plot to the Nyquist frequency
X ampsingle(2:end-1)=2*X ampsingle(2:end-1);

3Plots of the frequency spectrum
figure('visible', 'on'")
subplot(1,1,1)
semilogx (Period, X ampsingle);
curtick = get(gca, 'XTick'); %$shows log units on x-axis
set (gca, 'XTickLabel', cellstr (num2str (curtick(:))));
grid on
grid minor
title('Frequency spectrum')
xlabel ({'Period [h]'});
ylabel ({'Amplitude [MW]'});
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