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In this PhD thesis PV power production, household electricity use and EV charging
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If my calculations are correct,
when this baby hits 88 miles per hour..
you're gonna see some serious shit.

Dr. Emmett Brown,
Back to the future (1985)
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1. Introduction

During the time before the industrial revolution people had to deal with poverty,
starvation and generally bad living conditions. Life expectancy and working
conditions were immensely bad compared with today’s standards. Even the
richest during those times — such as the kings — did not have access to mod-
ern day dentistry or simple medications such as antibiotics, which led to mis-
ery and suffering compared with even the most modest of today’s standards in
the western world. The industrial revolution brought on tremendous improve-
ments for people in the world by providing better food and curing deceases.

Technological advances enabled increased prosperity by more effectively
utilizing resources. The primary function of the revolution was not a redis-
tribution of the wealth — but rather the enabling of the development of spe-
cializations and innovations which in turn led to more efficient and diverse
production of goods and services by utilizing synergy. These processes of
industrialization are today present — where not hindered — in developing
countries. The total GDP of the world increased nearly 50 times from 1820 to
1998 [1, p.28] which indicates that the development of the world is dynamic
and not a zero-sum game. As a result of the industrial revolution societal
systems in the industrialized nations grew in prosperity, size and complexity
which required more energy to sustain their processes.

The historically rapid improvement in global prosperity through economic
and technological development has apart from synergistic accomplishments
also led to challenges associated with changing ecosystems, increased CO,
emissions and resource depletion. Since prosperity is necessary for the sur-
vival of life on Earth there is a continued need for human development and a
key feature in resolving these issues is technological advancement [2].

The primary necessity for upholding and advancing human societies lies
in the ability to harness a reliable and abundant source of power. Today all
energy sources — except nuclear, geothermal and tidal power — have their
origin in solar radiation. The crucial problem is how to utilize this irradiated
solar energy. Coal and oil are solar radiation energy stored over long time
during earlier epochs of the Earth’s history. Wind power obtains its energy
from the weather system — which in turn is driven by solar radiation. Hydro
power is energy from reservoirs that have been filled by rain, biofuel is derived
from plants that have absorbed solar radiation and via photosynthesis. Despite
modern PV cells having a typical efficiency of about 16 percent they are still
the most efficient utilisers of the sun’s radiation per unit area [3].

Although coal and oil are naturally replenished energy sources they are not
considered renewable due to the long time-scale on which they are renewed.
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The Earth is radiated by about 800 million TWh annually which is 10,000
times more than is necessary to match the global energy demand for a year [4,
p-13]. In terms of the time-scale of renewability photovoltaic power delivers
an instantaneous production of electricity when irradiance is present. Despite
these favorable features there are challenges for the large-scale development
of photovoltaic power production in the world. In particular this is true at
high latitude regions such as Sweden, with high seasonal variability in solar
irradiance.

There is no significant economy of scale of a PV system, hence making
large-scale centralized PV power plants no more feasible than local distributed
PV [5, p.32]. Considering costs associated with pole mounts and founda-
tion mounts for PV systems this makes existing building rooftops and facades
interesting. Residential buildings are particularly interesting because of the
proximity to the end-user in the grid along with the total nationwide rooftop
availability. Installing PV systems on a household level has become interest-
ing from an economic perspective, especially when the PV system is grid-
connected. Indeed, due to falling PV module prices and the aid of govern-
mental subsidies for installing PV-systems as well as generous feed-in tariffs
the market for distributed PV has increased considerably since the turn of the
millennium.

Large amounts of installed PV as distributed generation has further pushed
for the need to modernize and redesign the power system into a so-called smart
grid. Such systems aim to utilize information regarding electricity consumer
and producer behavior in order to improve efficiency, reliability, economics
and sustainability of the production and distribution of electricity [6]. The
design and operation of a smart grid is then dependent on the variability of
load and electricity production over time for different locations in the grid.

The injection of PV power into the grid at the end-user should not surpass
the so-called hosting capacity of the grid, that is when voltages or loading of
components and losses in the grid reach unacceptable levels [7, p.89]. For
Swedish conditions hosting capacities were found to be the highest for city
grids, followed by suburban and rural grids [8]. Given no local energy stor-
age in the household the proximity of load and power production is mostly
beneficial if the load is matched with the production.

In this context of PV power self-consumption local EV charging is inter-
esting. Since the number of plug-in EVs in the world is expected to increase
it is of particular interest to investigate the coincidence between PV power
production and EV charging. Generally electrification of transportation rep-
resents a significant potential for energy efficiency worldwide, and when con-
nected to renewable energy sources an even greater reduction of fossil fuel use
is achieved. In similarity with PV power production EV charging has an im-
pact on the power system when introduced. This means that quantifying EV
charging over time — like PV power production — is of interest for power
system design and operation.
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In general, to sum up, characterizing instantaneous PV power production,
household electricity use, EV charging and their combination is necessary for
the design and operation of future electricity grids and for the facilitation of
efficient energy use.

1.1 Aim of the thesis

The work presented in this thesis is the outcome of a PhD-project for in-depth
interdisciplinary investigations regarding distributed PV power production,
household electricity use and EV charging. This PhD project was carried out
within the Energy Systems Programme, a national research programme and
graduate school aimed at interdisciplinary research concerning energy sys-
tems. The research questions addressed within this project concern challenges
and opportunities with distributed PV power production, household electric-
ity use and EV charging. The overall aim is to develop models for PV power
production, household electricity use and EV charging that can be used to
quantify grid interaction and self-consumption. The study has the following
more specific aims, which are addressed in the appended papers:

e Develop mathematical models for solar irradiance and PV power pro-
duction (Papers I-II).

e Develop a mathematical model for household electricity use (Paper III).
o Develop mathematical models for EV charging (Papers IV-V).

e Develop, investigate and apply mathematical models regarding the com-
bined system of PV power production, household electricity use and
EV charging to study grid interaction and self-consumption (Papers VI-
VIII).

e [nvestigate and analyze grid interaction and self-consumption from me-
ter data on PV power production and EV charging (Paper 1X).

1.2 Overview of appended papers

This thesis is composed of papers based on interdisciplinary research col-
laborations. The results are based on the appended papers listed below. An
overview of methods and applications in the papers is included in Table 1.1.



e Paper I presents a probability distribution model for PV power produc-
tion based on solar irradiance data for Norrkoping, Sweden. A bimodal
Normal probability distribution model for clear-sky index is developed
and combined with a PV power production model. The model esti-
mates solar irradiance variability and PV power production for arbitrar-
ily orientated surfaces for single locations and introduces an approxi-
mate model for PV power production based on an aggregate clear-sky
index for multiple locations.

e Paper Il introduces an approach to solar irradiance modeling via the
process of convolution of probability distributions which results in a
generalized Angstrom equation relating solar irradiance to duration of
sunshine over time.

e Paper 111 presents Weibull and Log-normal probability distribution mod-
els for household electricity use based on data on Swedish household
electricity use from the Swedish Energy Agency. These models are de-
veloped primarily for simulating the individual household level, but in-
vestigations of multiple uncorrelated households are also included.

e Paper IV presents a model of EV home-charging as an extension to the
Widén Markov chain model for household electricity use developed in
[9]-[10].

e Paper V presents a Bernoulli probability distribution model for EV charg-
ing based on time-use data on Swedish travel behavior. The model as-
sumes charging at each stop and simulates city driving with a maximally
developed charging infrastructure. Investigations on aggregates of EV
charging is also presented.

e Paper VI presents a case study for the City of Westminster (London,
UK) of PV power production, household electricity use and EV home-
charging. PV power production was estimated from solar irradiance and
a model developed in [S]. The household electricity use was obtained
from the Widén Markov chain model, developed in [9]-[10], and the EV
charging was obtained from the Markov chain model for EV charging
developed in paper (IV). This project was carried out in collaboration
with the Energy Efficient Cities Initiative at Cambridge University.

e Paper VII presents a study regarding self-consumption of PV power pro-
duction from household electricity use and EV home-charging. This
paper is based on PV power production data from the Angstrém Labora-
tory, and household electricity use from the Markov chain model devel-
oped in [9]-[10]. The EV home-charging model was developed in paper



av).

e Paper VIII introduces a probability distribution model for PV power pro-
duction, household electricity use and EV home-charging based on the
probability distribution models developed in papers (1), (III) and (V).
This model is used to quantify the correlation between electricity load
and PV power production at for individual households and for aggre-

gates of households.

e Paper IX quantifies PV power production and EV charging meter data
from eight solar charging stations distributed across Sweden. The solar
charging stations and data was provided by Solelia Greentech AB.

Table 1.1. Methodology(ies) for each studied component in the appended papers.

Markov chain

Distribution

Data analysis

Photovoltaics
Household electricity use
Electric vehicles

IV),(VD,(VID)
V), (VD), (VII)

@), (1), (VIII)
(I11), (VIIT)
(V), (VIIT)

(IX)

IX)







2. Background

In this chapter the general background for the research in this thesis is pre-
sented. An introduction to system theory and power systems research is given
in Section 2.1 and a background to distributed generation and the power sys-
tem is given in Section 2.2. The background on PV technology and PV power
production is presented in Section 2.3, and the background on household elec-
tricity use is presented in Section 2.4. Finally the background on EV technol-
ogy and EV charging is presented in Section 2.5. The chapter is concluded
with identified research gaps in Section 2.6.

2.1 Systems theory

Interdisciplinary research has, in addition to research depth, also a research
width since it covers several traditional fields of research. In such research
it is particularly important to delimit projects by means of identifying and
quantifying systems with clearly defined limits. This can to some extent be
addressed by systems theory.

There are many types of systems such as physical systems, biological sys-
tems, social systems and power systems. Despite having different content sys-
tems often have many aspects in common, such as basic underlying structures
and rules. There exist principles, rules and models which are universal and can
be found in many systems. Regardless of area of application these principles
or rules are often formulated by mathematics, take for example the width in ap-
plication of probability distribution modeling in papers (I),(IT),(IIT),(V),(VIII)
and (XXII)-(XXIII). Bertalanffy defined General Systems Theory as a subject
matter of formulation and derivation of principles which are valid for systems
in general [11, p.31]. In that sense systems theory can be seen as an interdis-
ciplinary theory of how systems work in a general context. In many ways a
system can be seen as a set of components which together constitute a complex
structure [12].

The research in this thesis regards several kinds of systems, where the sys-
tem setup for each study is necessarily dependent on the aim of that particular
project. The concept of system levels can assist in classifying this from a
system perspective. When studying PV power production the outermost sys-
tem limit is the solar system, and for most current applications the sun-earth
system.



Within this system it is instructive to first imagine the fusion-based produc-
tion of electromagnetic radiation in the sun’s interior, the radiative transport
through the different layers of the sun. Further on the system limit is narrowed
down to include radiative transport through the Earth’s atmosphere where it
is attenuated by absorbtion, emission and reflection. Then finally the system
limit surrounds the interactions of the incoming photons with the electrons in
the semi-conductor material in the PV panels. In turn this expands the system
limit to include societies which enable human control of solar energy in terms
of produced and accessible electric power. An increased coverage of PV pan-
els in the world increases the total solar power that is harnessed by humans,
and for studies of PV power production the system limit expands. Finally it
can reach an upper limit of maximization — an outer system limit for solar
energy — corresponding to a hypothetical so-called Dyson sphere, which is a
proposed megastructure where the sun is completely covered with PV panels
[13].

For most studies simplifying assumptions are applied, which represent sys-
tem limits in an abstract sense. Take for example household electricity use. It
is to a large extent dependent on the daily activities of residents in combination
with available appliances. EV use and charging is also dependent on human
behavior, where delimiting assumptions often regard setup on EVs, charging
stations and route planning. PV power production is also based on delimiting
assumptions regarding for example atmospheric conditions. But regardless of
study there are often common grounds for interaction between sub-systems.
For example a study involving PV power production, household electricity
use and EV charging have common grounds of interaction such as diurnal and
seasonal variations in weather and temperature, which affect all three compo-
nents, albeit in different ways. A schematic illustration of investigated systems
in this thesis is shown in Figure 2.1.

A key issue in devising projects for determining the interrelation between
these — or any generally interacting — systems is then to define system limits
in such a way that the interaction is maximally quantified whilst extraneous in-
formation is minimized. This suggested "interdisciplinary research optimum"
perhaps qualifies as a representative of a proposed optimal junction between
principle-based theory and a pragmatic approach [14].



Figure 2.1. A system-based schematic illustration of a house, a resident, an electric ve-
hicle and a photovoltaic system which in essence constitutes the systems investigated
in this thesis.

2.2 Distributed generation in the power system

In this section the Swedish power system and distributed PV power production
are reviewed.

2.2.1 The Swedish power system and distribution grid

Power systems have been described as the most complex systems ever created
and operated by humans [15, p.139]. Historically in Sweden — in the late
19th century — electric power production was local. In Sweden the transition
was often made from old hydro-powered mills to hydro power plants [16]. In
those places where a hydro power plant could not be constructed a coal power
plant was built instead. As the technology for transmission and distribution of
electric power was developed the possibility for establishing centralized power
production was enabled. The use of alternating current made it possible to first
construct regional grids and eventually a national system [16].

The current energy mix in the grid in Sweden consists of mostly hydro
power and nuclear power, but with a growing fraction of renewable energy.
The renewable electricity production, other than hydro power, is dominated
by wind power [17]. In 2013 the total wind power production was estimated
at 10 TWh, which was a 7 percent share of the total electricity production in
Sweden. PV provides a small contribution in Sweden with an installed power
of 43.1 MW, — or a 0.03 percent of total annual electricity production — at
the end of 2013 [18].

The Swedish transmission and distribution grid can be divided into three
major levels. The national level has a 400 kV or 220 kV, which is distributed
to regional grids where it is transformed to 30-130kV [19, 20]. In turn this
is transformed to 10 kV in the distribution grid [19]. From there substations
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transform it to 400 V which is distributed at the household level [19]. Dis-
tributed generation can be injected into any level of the electricity grid. The
grid-connected PV power production In this thesis the PV power production
is primarily assumed to be injected at the household level.

2.2.2 Challenges with distributed generation

Distributed generation stands in contrast to centralized generation by being
injected at various different locations and levels in the electricity grid. It is
also potentially without centralized operation and control. This means that an
increased introduction of distributed generation in the power system increases
the complexity of the system. There are basically two different challenges
with distributed generation, which is particularly important when dealing with
intermittent power generation such as PV.

On the one hand, with large amounts of intermittent power production there
is an increased need for power system balancing to keep the system frequency
within limits. On the other hand, which is most relevant for this thesis, the lo-
cal distribution grid may experience new, reversed, power flows, voltage rises
and component overloading. Voltage disturbances include reduction of equip-
ment lifetime, erroneous tripping of the equipment, and damage to equipment
[7, p.92]. This calls for advanced power system control when large quantities
of intermittent power generators such as PV are connected at the end-user in
the grid [15, p.139].

The challenge for distributed generation is that the distribution grid has
limits regarding the amount of power which may be injected at the end-user
site. Hosting capacity is defined as the amount of distributed generation for
which the performance becomes unacceptable [7, p.89]. It is measured for
example as a fraction of injected power compared with the load on an annual
basis [8]. It is a performance index which is suitable to use as power quality
indicator regarding issues such as voltage rise, overloading and harmonics. As
an example it was determined that the hosting capacity in Sweden was 60%
for rural and suburban grids while for a city grid it could be as high as 325%

[8].

2.2.3 Renewable energy

Modern distributed generation such as PV is often based on sources of renew-
able energy. For a modern society the production of electric power is necessary
for providing a decent life for any citizen, which means that if many options
for electric power production are available then there is usually a preference
relation among these options. In face of possible abundance limitations of
fossil fuel combined with potential environmental problems related to their
combustion considerable amount of attention has been given to the field of
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renewable energy sources [21]. The definition of renewable energy sources is
the following according to Encyclopedia Britannica [22]:

Renewable energy is usable energy derived from replenishable sources such as
the sun (solar energy), wind (wind power), rivers (hydroelectric power), hot
springs (geothermal energy), tides (tidal power), and biomass (biofuels).

Today most electricity production in the world comes from non-renewable
energy sources where fossil fuels constitute 78.4 percent, nuclear 2.6 percent
and renewables 19.0 percent [21, p.21]. Among the renewable energy sources
PV has expanded considerably during the last decade. Most of the installed
PV power is in the International Energy Agency Photovoltaic Power System
Programme (IEA-PVPS) countries, where the biggest producers are Germany
and Italy [23, p.39]. The cumulative installed PV power in the world is shown
in Figure 2.2.

The overwhelming majority of the installed PV systems are grid-connected
and connected at the very lowest voltage level of the distribution grid [23,

p.14].
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Figure 2.2. Global cumulative installed PV peak power between 2003 and 2013 [24,
p.171].

2.3 Solar irradiance and photovoltaics

This section reviews photovoltaic technology, its applications and challenges
with integration in the power system.

2.3.1 Photovoltaic technology

The common consensus when speaking of active solar energy is that it regards
direct conversion from solar radiation into heat and/or electricity [15, p.61].
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In this category PV is a special case since it directly converts the energy from
incoming solar photons into a current using semiconductor materials [25, p.4].
In terms of physics solar cell technology is based on the photovoltaic effect
first reported by Bequerel in 1839 [25]. The function of each photovoltaic
cell is to absorb the incoming photons which then frees electrons via charge
separation in the absorbing material [15, p.62]. This in turn generates a voltage
in the material, which in a circuit generates an electric current. In 2013 silicon-
wafer based PV technology accounted for about 90 % of the total production
in the world [26, p.4].

Depending on size and efficiency these modules typically range from a few
watts up to some 100 watts, hence PV systems have a wide range in size
from pocket calculators to parks of PV arrays. Current silicon PV modules
have a typical efficiency of about 16 percent and the world record for high-
concentration multi-junction solar cells is 44.7 percent [26, p.6]. One example
of a PV module, which was analyzed in terms of power production in paper
(IX), is the Yingli 240p-29b based on polycrystalline technology with 14.7
percent efficiency and a peak power of 240 W, [27]. An example of a park of
solar-tracking PV arrays is shown in Figure 2.3.

T

R T el N s
Figure 2.3. A park of solar-tracking PV arrays in Visteras, Sweden. Photo: Joakim
Munkhammar 2014.

The output of power from photovoltaic systems depends on the setup of the
particular photovoltaic system used. Latitude and tilting of planes are exam-
ples of important variables for the setup of a photovoltaic system, which will
be discussed in detail in Section 3.2.5. In Figure 2.4 simulated daily average
PV power production over a year for an 81 m?> PV array located at Uppsala,
Sweden, is given along with an example of a simulated average daily load
profile from one-year household electricity use.
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2.3.2 Photovoltaic power production

PV power production is generally classified into being either stand-alone or
grid-connected [23], of which the overwhelming majority of installations to-
day are grid-connected [23, p.14]. The total installed PV power capacity in
the world was in 2013 nearly 140 GW,, as was shown in Figure 2.2 along
with a ten year trend of development. Potentially large amounts of PV power
production injected into the grid at the end-user could cause problems if it ex-
ceeds the hosting capacity. In order to avoid costly grid-reinforcements there
are essentially three main methods for increasing the hosting capacity for PV:
adjusting tap changer settings at the transformer substation, PV inverter ac-
tive power curtailment and reactive power control [8]. It was shown that the
most effective options for dealing with over voltages during limited time in-
tervals and narrow control ranges was reactive power control and curtailment
[8]. During times of high-load adjusting tap changers lowered all voltages, not
just the critical ones [8, p.7]. Another way to circumvent the problem of insuf-
ficient hosting capacity is to increase the self-consumption of the PV power to
lower the power injected into the grid.

2.3.3 Photovoltaic power self-consumption

Based on data and model estimates the coincidence between PV power pro-
duction and household electricity use is generally suboptimal [28, p.1953].
In particular this regards countries at high latitudes, such as Sweden, where
household electricity demand and PV electricity production are negatively cor-
related both on annual and diurnal basis [28, p.1953]. As a way of illustrating
this mismatch an example of a daily average household electricity use profile
is given along with a PV power production profile in Figure 2.4.

The importance of increasing the hosting capacity by increasing the level of
self-consumption of PV power was mentioned previously. There are emerging
technologies that integrate PV systems with energy storage systems mainly as
a means to increase the level of self-consumption [29, 30, 31, 32]. Even tariffs
favorable for self-consumption have been implemented [23]. Self-consumption
is particularly interesting for countries with a mature PV market such as Ger-
many where feed-in tariffs have declined. Studies on battery storage as a
means to increase self-consumption also point to the need for improved tech-
nology and demand-side management [30, 33, 34]. There are new technologi-
cal solutions which help to improve the self-consumption, such as the "Sunny
Home Manager" from SMA [32]. Self-consumption of PV power has been
investigated in connection with net-zero energy buildings (NZEBs) in for ex-
ample [35], and EV charging in [36]. Another study shows the impacts of
various options for obtaining a lower mismatch between production and con-
sumption [28]. That study focused on the following three possible options: PV
array orientation, demand side management and electrical storage. Electrical
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Figure 2.4. Year-average daily PV power production (dashed) and household load
(solid) are given. The household load is represented by synthetic load generated from
the Weibull probability distribution model developed in paper (III). The PV power
production is synthetically generated by the PV power production probability distri-
bution model developed in paper (I), for location Uppsala, Sweden (59° 50°19" N 17°
38’50" E). The simulated PV system is sized up for annual net-zero energy with an 81
m? PV system facing south with optimal 42 degrees tilt, corresponding to 12.2 kW,

storages such as for example batteries were concluded in [28] to be the most
effective option for increasing self-consumption, at least for a higher penetra-
tion level. The increasing amount of EVs in the world has led to higher interest
for EV battery as potential PV power storage [30]. For a recent review of PV
power self-consumption, see [37].

2.3.4 Modeling photovoltaic power production

The first statistical investigations of the relation between sunshine and cloudi-
ness were carried out by Angstrém nearly a century ago [38, 39, 40]. Early
investigations indicated that the relative amount of sunshine compared with
clear-sky conditions — called the clear-sky index — was bimodally distributed
or at least that it displayed asymmetry with respect to the mean value [41, 42,
43,44, 45, 46]. These studies were followed by characterizations of daily and
hourly probability distributions [47, 48, 49, 50]. Over time the resolution im-
proved from 5-minute to 1-minute to near instantaneous [51, 52, 53, 54]. A
complete model of instantaneous radiation is yet to be achieved [55].
Examples of distribution families include single Gamma distribution [49],
single Boltzmann distribution [48], Bi-exponential [56], double Normal dis-
tributions [53], double Beta distributions [57], double Boltzmann distributions
[54], Logistic combined with Weibull [58] and triple Normal distributions
[55]. There appears no preference in the literature for a particular distribu-
tion family for representing the clear-sky index. Modeling the clear-sky index
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for various conditions and locations is directly useful for estimating the PV
power production variability and overall potential.

2.4 Household electricity use

The total electricity use in Sweden 2012 was 128 TWh whereas 21 TWh rep-
resented household electricity use [59]. Thus, quantifying household elec-
tricity use patterns and variability can contribute significantly to the under-
standing and predictions regarding Swedish energy use over time. Quantifying
household electricity use is also valuable for integrating distributed renewable
energy supply in the built environment and designing electricity distribution
grids for urban or rural communities [8, 60, 61]. However, household electric-
ity use with high time resolution is complex to quantify. Not only are there
seasonal and diurnal variations in electricity use from for example heating
and lighting, but the load is also highly stochastic [62]. The complexity of
describing human activities over time suggests an interdisciplinary approach
where both quantitative and qualitative research is useful in order to properly
characterize domestic electricity use [61].

2.4.1 Modeling household electricity use

Based on monitoring data from households it is possible to study electricity
use via devising "bottom-up" models based on assumptions or data for activity
patterns, appliance use and appliances [61, 63, 64, 65, 66, 67, 68, 69, 70]. Here
[63, 65, 66, 69, 70] make use of detailed information on household appliances
and occupancy to model electricity use of any number of households while
[9, 10, 67, 68] use data on occupancy and appliances to construct stochastic
models. Here bottom-up modeling means estimating household electricity use
based on activity patterns or individual household electricity data with the aid
of some assumptions as a means for estimating electricity use for individual
households and then potentially estimating this for a regional or national sce-
nario [60, 62].

Conversely a "top-down” approach only typically considers the residential
sector as an energy sink with no resolution of individual households [60, 62].
Top-down models need only aggregate data while bottom-up models need
more detailed data on household level [60].

The problem of quantifying individual household electricity use by means
of bottom-up strategies could be condensed to quantifying three factors: (a)
the set of appliances in the household, (b) the electricity use of the appliances
and (c) the appliance use patterns [9]. The stochastic nature of household
electricity use mostly stems from (c), which is mainly the result of human
activities.
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Figure 2.5. Deterministic and stochastic bottom-up models of household electricity
use based on activity data or electricity use data.

Activity patterns can be used to estimate electricity use in households.
There are many approaches to characterizing and quantifying household ac-
tivity patterns [71]. One of these approaches is the method involving time-use
data (TUD), in particular via so-called fime diaries. This concept involves col-
lecting data about the particular states of activity for residents in households
[71]. These time diaries are distributed to residents with the intent that they
write down their activities over time [71, 72]. One assumption in the time di-
ary approach is that each resident only occupies one state at the time, and that
they at any time may switch from one state of activity to another [9, 10, 73].
Time-use data was used as the basis for the Widén Markov chain model for
household electricity use described in Section 3.3.1.

As an example of electricity use data there is a data set provided by the
Swedish Energy Agency, which was thoroughly analyzed in [74], and used in
papers (III), (VIII) for developing probability distribution models. See Section
3.3.2 for more information.

For bottom-up modeling based on time-use data or electricity use data on
the household level there are two methodologies: deterministic and stochastic
modeling. A deterministic model is defined as always producing the same
output given the same input. In contrast a stochastic model is calibrated with
input data and produces synthetic output which not necessarily gives the same
output for the same input [75]. A deterministic model can for example be used
to give a direct connection between activity data and electricity consumption.
A stochastic model is used to produce synthetic activity patterns which can
then for example be used in power system calculations. Both deterministic
and stochastic models of energy use may be based on time use data, see Figure
2.5.

Examples of deterministic approaches for estimating household energy use
are [63, 64]. Stochastic approaches to modeling household electricity use
include Markov chain modeling [9, 10, 67, 68] and probability distribution
modeling [69, 76, 77, 78, 79, 80, 81, 82]. It is also possible to character-
ize household electricity use by other means, such as for example by using
clustering [83]. A conclusion which can be drawn from the literature is that
there is generally no unique or canonical distribution type suitable for model-
ing household electricity use [76, 84]. However there are benefits associated
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with probability distribution modeling such as the possibility to use analytic
calculations regarding grid interaction [7].

2.5 Electric vehicles

The first EV was built by Gustave Trouvé from France in 1881 [85, p.12].
It was a tricycle powered by a 0.1 horsepower electric motor fed by lead-acid
batteries. As gasoline powered vehicles started to become more powerful, flex-
ible and easier to handle the EV started to disappear from the market [85]. The
efficiency related to power regulation of the EV was improved in the 1940’s
with the invention of the transistor. The most prominent EVs that used this
updated technology was perhaps the Lunar Roving Vehicle, which the Apollo
astronauts used on the Moon [86]. Despite advances in battery technology and
power electronics in the 1960°s and 1970’s the EV range was still a significant
obstacle [85]. During the 1980’s a number of EVs from major car manufactur-
ers were released, for example the EV1 from GM. Throughout EV history the
main problem has been battery capacity, and above all the amount of energy it
can store per kilogram weight.

Today EVs have diversified into several sub-types of electric and hybrid
electric vehicles which have different niches and applications.

2.5.1 Modern electric and hybrid electric vehicles

Despite having a long history EV technology was revived in a large-scale
global development program in the 1990s [87]. Today the electric vehicle
concept covers a wide range of different types of vehicles. Plug-in electric ve-
hicles (PEVs) have an electric motor and the possibility to be charged from the
grid. The performance sedan Tesla model S [88] (see Figure 2.6), the two-seat
Renault Twizy [89] and the best-selling electric vehicle in the world Nissan
Leaf [90] are examples of modern PEVs [91].

There are also hybrid electric vehicles (HEVs) which have both an electric
engine and an internal combustion engine (ICE). The best selling HEV is the
Toyota Prius [92]. There are also plug-in hybrid electric vehicles (PHEV), for
example limited production supercars such as McLaren P1 [93], Porche 918
[94] and Ferrari LaFerrari [95] but also standard production cars such as the
top selling PHEV Chevrolet Volt [91]. Additionally, there exist experimental
and concept EVs with on-board PV modules for charging the battery, an ex-
amples of this type of vehicle is the concept car NLV Quant [96]. These main
types of electric vehicles cover electric vehicles that in scale and function aim
to mimic ordinary vehicles with ICEs. There are other types of vehicles with
electric propulsion such as the two-wheeled self-balancing Segway PT [97]
and electric bicycles (e-bikes). The EVs which are considered in this thesis
are mainly PEVs and PHEVs.
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Figure 2.6. A Teslamodel S in a Tesla retail store. Photo: Joakim Munkhammar 2014.

About 604,000 PEVs, PHEVs and electric utility vans were sold worldwide
by September 2014 [91], whereas 247,700 were plug-in hybrids. USA has the
largest amount of EVs [98] in the world but Norway had the largest percentage
of EVs in terms of market share in 2013 [99]. The Swedish car fleet had about
4.5 million cars registered for use in 2013 [100], out of those 1,010 were pure
EVs. But a total of about 28,000 were HEVs and out of those 1,671 PHEVs
[100].

2.5.2 Electric vehicle engine and battery

The electric motor has an efficiency of about 80 percent which can be com-
pared with the around 30 percent efficiency of ICEs [101]. While ICEs typi-
cally run on gasoline, diesel or biofuel the electric engine is usually powered
by a battery. Since an EV is typically powered from the grid the stored battery
energy has its origin in the current energy mix. Apart from the cost one im-
portant aspect of a battery is its ability to contain stored energy per kilogram
— the so-called specific energy of the battery [102]. There are many types of
rechargeable batteries such as for example lead-acid, nickel-cadmium, nickel-
metal hybride, lithium-ion and lithium-polymer. With high specific power,
cycle lifetime and an energy density of about 150 Wh/kg [103] lithium-ion
batteries are particularly useful, and is the most common type of battery used
in modern EVs [104]. The lifetime and performance of modern batteries is re-
duced with deep discharges and affected by external temperatures [105]. The
battery on board EVs are currently expensive and have low specific energy
compared to fuel for ordinary ICEs [104, 105]. As an example of battery ca-
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pacity for different types of EVs Renault Twizy has 6.1 kWh [89], Nissan Leaf
has 24 kWh [90], and Tesla Model S has 60-85kWh depending on version [88].

2.5.3 Electric vehicle grid interaction

When a PEV or PHEV is plugged into the grid there are several possibilities
for charging worldwide without any universal standard at the current time. In
Sweden the most common type of connection available is the one phase outlet
which allows for charging of 2.3 kW (230V, 10A) AC. It is also possible to fast
charge EVs with for example CHAdeMO [106, 107] charging type with max-
imum charging power of 50 kW [108]. There is also the Tesla supercharger,
distributed across US, Europe and Asia, which can deliver 90 kW charging
[109].

The most common type of charging is conductive technology, but induc-
tive solutions are also being considered [110]. Another possibility is to have
replaceable batteries and battery swapping stations [111].

In contrast to using the EV battery only as a storage, meaning power flow
only in one direction, it is in practice possible to reverse the power flow and
enable the EV to deliver power to the grid [112, 113]. A collective name for
these technologies is Vehicle to Grid (V2G) [112]. The work presented in this
thesis does not include any simulations of V2G.

2.5.4 Modeling electric vehicle charging

EV charging and grid interaction has been studied considerably recently [114,
115, 116, 117]. Studies regarding smart charging have been presented [118,
119] and more efficient battery management systems have been investigated
[120, 121, 122]. Generally the feasibility of model approaches and renewable
energy use in EV grid integration [123] and strategies for energy management
for plug-in hybrid EVs have also been studied [122, 124]. Regional studies on
the grid-impact of EV charging have been made, such as for Swedish condi-
tions [125, 126].

The possibility of on-board PV power production has been investigated
[127]. Recent studies also investigate the benefit of using PV as a curtail-
ment of PHEV load on a large scale [36, 128, 129], and there are case studies
regarding co-benefits of EV charging and PV power production [130]. In gen-
eral there seems to be a consensus in the literature that the introduction of
EVs in the grid has a potential to assist renewable energy integration into the
grid [123, 127, 128, 131], albeit with the potential for new problematic issues
[131]. A common theme is also that smart charging, which a collective name
for charging strategies and advanced charging technologies, is necessary in or-
der to properly introduce EVs into the grid [123]. However, in order to devise
smart-charging strategies a first step is to quantify the interaction with other
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sources and sinks of electricity such as household electricity use, PV power
production and uncontrolled EV charging.

As regards EV charging there exist many studies that investigate uncon-
trolled EV charging based on user habits, e.g. [132, 133, 134, 135, 136,
137, 138, 139, 140, 141, 142, 143, 144]. EV charging can be modeled us-
ing predefined time periods for charging [137, 141] and charging only after
all trips of the day made with the vehicle [134, 135, 138, 140]. Also gen-
eral spatial and temporal charging has been investigated recently [145]. Mod-
els for EV charging can be deterministic [135, 136], stochastic with the use
of Monte Carlo simulations [134], Markov chains [138, 146] or distributions
[140, 144, 147, 148, 149].

2.6 Identified research gaps

The existing scientific literature includes large amounts of research on PV
power production, household electricity use, EV charging and combinations
thereof. This section lists and summarizes identified research gaps, and how
the research in this thesis assist in filling them.

e Photovoltaic power production. The current state-of-the-art science of
solar irradiance is in need of further studies, in particular regarding vari-
ability over space and time as well as applicability in fields such as PV
power production. Paper (I) develops a model for PV power produc-
tion which is useful for computing PV power production on arbitrarily
oriented surfaces and for dispersed locations. Paper (II) introduces a
new approach to modeling solar irradiance by convolution of probabil-
ity distributions as a means to characterize variability of solar irradiance.

e Household electricity use. For load matching with for example PV
power production as well as for the design and operation of local elec-
tricity grids there is a need to characterize individual and aggregate
household electricity use, in particular based on high resolution regional
data. Paper (III) develops a probability distribution model using a large
data set on recent household electricity use in Sweden, which is used
directly to characterize aggregate household electricity use.

e Electric vehicle charging. The lack of EV charging data, and the ne-
cessity for quantifying EV charging, has generated a vast amount of EV
charging models in the literature. It can be concluded that there is a
particular interest for applicable models and models which are based on
regional data, which can be used for regional studies. In papers (IV) and
(V) stochastic models for different types of EV charging were developed
based on Swedish driving habits. In paper (IX) we present and analyze
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meter data on EV charging.

Grid interaction. In terms of grid interaction most studies have focused
on the separate components of PV power production, household elec-
tricity use and EV charging. There is a shortage of stochastic models
combining all components, while for design and operation of the elec-
tricity grid there is a need to quantify this variability. In particular no
probability distribution model combining all components exist in the
literature. Paper (VII) aims to provide a combination model based on
the data for PV power production, the Widén Markov chain model for
household electricity use and the EV home-charging model developed in
paper (IV) based on the Widén model. In paper (VI) this setup is applied
to a case study for the City of Westminster, London. Finally in paper
(VIII) a state-of-the-art probability distribution model for the interaction
of electricity consumption and production from the complete system is
developed.
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3. Methodology and data

In this chapter the methodology and data used in this thesis is presented. In
Section 3.1 the mathematical methodology is presented. In Section 3.2 PV
power production models and data are outlined, followed by model descrip-
tions of household electricity use in Section 3.3 and EV charging models and
data in Section 3.4. Data from the solar charging stations is presented in Sec-
tion 3.5. Finally self-consumption methods and measures are presented in
Section 3.6.

3.1 Mathematical modeling

The work presented in this thesis is to a large extent based on mathematical
modeling by means of using different mathematical and statistical methods.
In this section these general methods are presented. It should be noted that
most model simulations and data analysis in this thesis were carried out with
MATLAB, when nothing else is mentioned.

3.1.1 Markov chain modeling

A discrete-time Markov chain S; is a discrete stochastic process which occu-
pies one state £, out of a number of states in a state-space u € [1,...,N] for
each time step . For the application in this thesis N is the number of states and
T is the number of time-steps. The probability for each state to become oc-
cupied in the next time-step is calculated on the basis of the transition matrix
Quv(t) defined for the stochastic variable X; at time-step ¢ [75]:

Quv (1) = Prob(X, 1 = Ey|X, = Ey,). 3.1)

The transition matrix for a particular model can be estimated from a time series
of states. Markov chains are used in papers (IV), (VI) and (VII). A schematic
illustration of a Markov chain process is given in Figure 3.1.

3.1.2 Probability distribution modeling

Probability distribution modeling in this thesis consists of calibrating proba-
bility density functions (PDFs) based on data, and in turn utilizing statistical
properties of these distributions as tools for modeling. In this thesis Normal,
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Figure 3.1. A schematic illustration of a Markov chain process entering one state at a
time.

Log-normal, Weibull, Gamma and Bernoulli distributions are used, and are
presented below. For a more thorough mathematical account of these distri-
butions see [150]. Probability distributions were used in papers (I), (II), (I1I),
(V) and (VIII).

The Normal, or Gaussian, PDF is defined as (see, for instance, [150]):

u
202, —oo < X < 00, (3.2)

In(xsp,o) = e
oV2m

with mean value p and variance 6. When integrating (3.2) one arrives at the
Normal cumulative distribution function (CDF):

1
3 1+erf<cf>] 3.3)

where erf(x) is the error-function defined by [152, p.297]:

erf(x) = / (3.4)

There is also have the PDF of a Log-normal distributed stochastic variable
[150]:

Fy(xu,0) =

1 _ (nx—p)?

e 22 , x>0, 3.5
2n

where exp(u + 62/2) is the mean value and (exp(c?) — 1) x exp(2u + 62)
is the variance. The integrated version of (3.5), the CDF of a Log-normal

variable, is:
1 In(x)—p
=—|1+erf| ———

fL(-X;.uaa) = O

Fi(x;1,0) (3.6)
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The PDF of a Weibull distributed random variable is defined by (see eg. [150,
p-61], [151]):

k

k()T s
;l,k — )L( ) € X2 Y,
fiw (4. K) {0 x<0,

=

3.7

where k > 0 is the shape parameter and A > 0 is the scale parameter. The
integrated version of (3.7), the cumulative distribution function (CDF) of a
Weibull distributed random variable, is:

| —e-@AF x>0,
FW(X;%k)Z{O © i;o (3.8)

For the special case of k = 1 the Weibull distribution is equivalent to the expo-
nential distribution and for k = 2 it is equivalent to the Rayleigh distribution.
The distribution has the following mean value (ut):

w=AL(1+1/k), (3.9)
and the variance (62):
6% = A} C(142/k) — (T(1+1/k))?] (3.10)
Here I'(x) is the I'-function which can be defined through the Euler integral
[152, p.255]:
I(x)= /OmtX*le*fdt, (3.11)

for which I'(n) = (n— 1)! holds for any positive integer n. There is also the
Gamma distribution, which has the following PDF [150, p.60]:

. b s
fG(x’k’s)_SkF(k)x e % for x,k,6>0. (3.12)

The Gamma distribution has mean value k8 and variance k82. The integrated
version of (3.12) gives the Gamma CDF:

Fg(xk,8) = W, (3.13)

where I'(k) is the Gamma function, see (3.11) and y(k, 0) is the (lower) in-
complete Gamma-function:

0
y(k,0) = / e ldr. (3.14)
0

The probability mass function (PMF) fg of a Bernoulli distributed stochastic
variable is defined as:

p  ifk=1,

fB(kvp):{ 1—p ifk=0, (3.15)
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with mean value p and variance p(1 — p). The Bernoulli PMF can also be
written in terms of the Binomial PMF:

fa(k,p) = p*(1—p)'~* ~ Bernoulli(p) ~ Bin(1,p), for kel0,1],

(3.16)
where the Binomial PMF is defined as (see for instance, [150]):
n _
funlton.p) = ()rHa=prt 617
n! k —k
= —p(1—-p)" k=0,...,n.
Ao—1” (I-p)"", seeeyll
The CDF of the Bernoulli distribution is defined by:
0 itk <O,
Fe(k,p)=¢ 1—p if0<k<]1, (3.18)
1 ifk=1.

3.1.3 Convolution and the central limit theorem

In application it can prove useful to define the sum of stochastic variables
Xl,Xz, ...,XNi

N
Sv=Y X. (3.19)
i=1

Finding an explicit mathematical expression for the distribution of Sy means
finding the convolution of the probability distributions for each stochastic vari-
able. Obtaining an analytic expression for the convolution of any set of dis-
tributions can be difficult, and sometimes it is not even even possible. This
difficulty is present even if the stochastic variables are independent. In this the-
sis convolutions of Normal, Log-normal, Weibull and Bernoulli distributions
as independent variables are investigated in papers (I), (III) and (V). Also a
convolution involving dependent variables is investigated in paper (VIII). The
convolution of N stochastic variables from each distribution family considered
in this thesis is shown in Table 3.1.

As shown in Table 3.1 there are no analytic expressions for the convolution
of the Weibull and Log-normal distribution families. However it should be
emphasized that there exist analytic convolution expressions for the N-fold
convolution of approximate distributions [153, 154].

Even though it might not be possible to obtain analytic expressions for the
convolution of N PDFs it is possible with the central limit theorem to give
limiting distributions for large N [150, p.91]. This theorem states that for
N independent stochastic variables X;,X,...,Xy from the same distribution
f with expected value E[X] = u and variance V[X] = 62 the mean of the
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Table 3.1. Distributions and convoluted distributions.

Distribution family =~ N-variable convolution Parameter range
Normal(u, o) Normal({‘,f;’:1 ,ui,Zﬁlvzl 61-2) —oo < U < 00, 6,2 >0
Bernoulli(p) Binomial(N, p) O<p<l,N=1,2,..
Gamma(a, f3) Gamma():gvzl Otl-,ﬁ>, 0 >0,8>0

Log-normal(,0) ——— _
Weibull(k, 1) S _

variables as N grows large is normally distributed with expected value E[X]| =
u and variance V[X] = 62 /N:

(x—p)2N
:fZe_ 207, (3.20)
(e} T

fN(xaNaG/\/N) =

This theorem allows for an approximate analytic expression for the PDF of
large numbers of independent stochastic variables. This theorem was used in
papers (I), (IIT) and (V).

3.1.4 Mixture distributions

A mixture distribution f(x) over the variable x is defined as the sum of a
number of PDFs f;(x) with weights w;:

F&) =wifilx) +wafo(x) + ..., (3.21)

where f;(x) typically belongs to some family of distributions such as for exam-
ple Normal, Log-normal or Weibull. Two important aspects arise in statistical
modeling with mixture distributions: on the one hand, the number of mix-
tures, on the other, the family of probability distributions (the same family of
distribution is here assumed for all components of the mixture). However, care
has to be taken regarding the number of modes (which are equivalent to local
maxima in the probability density function) versus the number of actual pop-
ulations. For instance, it can be shown that for the mixture of two normally
distributed populations, the mixture probability density is bimodal if and only
if |t — pp|/o > 2, where (U;, i) are the two means and 6 is the common
variance [155]. A mixture of one distribution is called a unimodal distribution,
a mixture of two distributions is called a bimodal distribution and a mixture of
three distributions is called a trimodal distribution. Mixture distributions were
used in paper (I) and indirectly in paper (VIII).
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3.1.5 Parameter estimation

In this thesis the estimation of parameters for the distributions was made with
a maximum likelihood estimation [156]. In such an estimation, given data set
values x = {x1,x2,...,xy} and an assumed PDF f with unknown parameters
u, o, the likelihood function:

N
Lf(X;.u'ac) :f(xl;“76> Xf(XZ;‘U,G) Xoae Xf(xN;.uaG) :Hf(xi;:uvd)

B (3.22)
is maximized in order to obtain the parameters i and o, see [150, p.80] for
more information. An illustration of a histogram from fictive data and a fictive
PDF fit to the data is given in Figure 3.2.

A Probability
ay
\

——1

Figure 3.2. Anillustration of fictive data in a histogram along with a fictive distribution
which is fit to the data.

3.1.6 Kolmogorov-Smirnov test

To estimate the goodness of fit between original data sets and proposed dis-
tributions, several tests exist in the literature. A commonly used test is the
two-sample Kolmogorov—Smirnov (K-S) test. This test is based on the max-
imum deviance between two distribution functions, and tables with critical
values (or their implementations in statistical software) can be used to deduce
statistical significance. A test quantity D can be formulated as:

D= max |F1(x) — Fa(x)| (3.23)

where Fj(x) and F,(x) are cumulative distribution functions. It is possible
to compare distribution families or data using this method. K-S tests were
used in papers (I), (II) and (VIII), where data was generated from each dis-
tribution and compared with original data. The smaller D is the better fit the
distribution is. It should be noted that although more specialized tests have
been developed for e.g. the Weibull distribution, the Kolmogorov—Smirnov
test remains widely used [151, 157].
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3.2 Photovoltaic power production

This section will present models and data used in the appended papers regard-
ing:

e Solar irradiance.

e Conversion of solar irradiance from the horizontal plane to the tilted
plane.

e PV power production.

In papers (I), (I) and (VIII) models of solar irradiance were developed and
applied, and in papers (I), (II), (VI) and (VIII) conversion of solar irradiance
from the horizontal plane to tilted plane was used in applications to PV power
production. In paper (IX) data on PV power production was analyzed.

3.2.1 The clear-sky index

The variability of solar irradiance at any location is dependent on two things:
the deterministic path of the sun across the sky and the stochastic variabil-
ity of atmospheric conditions. The solar irradiance on a horizontal surface is
defined by the Global Horizontal Irradiance (GHI). GHI can in turn be decom-
posed into Diffuse Horizontal Irradiance (DHI) and Beam Horizontal Irradi-
ance (BHI) according to:

G =G, + Gy, (3.24)

where G =GHI, G;, =BHI and G, = DHI. This can be normalized by the GHI
for clear-sky G, which is defined as the so-called clear-sky index «:

G
— =K, + Ky. 3.25
G. b+ Ky (3.25)

K

Here G, is the GHI for clear-sky, which is determined by the sun’s position
on the sky dome. The clear-sky index represents the stochastic part of solar
irradiance on a horizontal surface since it suffices to multiply the clear-sky
index by G, to obtain solar irradiance.

3.2.2 Bimodal probability distribution model

As a means to model solar irradiance a probability distribution model was
developed in paper (I). This model was based on the clear-sky index, which
in turn was used used to model solar irradiance and PV power production, see
Sections 3.2.5 and 3.2.6 for the latter part. The main idea was to fit a PDF to
the clear-sky index data set, which is shown in the histogram in Figure 3.3.
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The data for solar irradiance that was used to estimate the clear-sky index
was one-minute resolution over one year (2008) obtained from SMHI for Nor-
rkoping, Sweden (59°35'31” N 17°11'8” E) [158]. Global clear-sky irradiance
was calculated with the Ineichen-Perez model [159]. In order to avoid infini-
ties associated with low solar angles the clear-sky index was only obtained for
solar angles above 20 degrees. The total number of one-minute resolution data
points used was then 111,221.

It should be noted that estimating the clear-sky index from data requires
the process of estimating global horizontal clear-sky irradiance for each time-
step. This includes for example the sun’s position on the sky dome, but also
assumptions regarding atmospheric turbidity. Since this can underestimate and
overestimate the clear-sky index in the order of a few percent, this setup serves
as an approximation. The mean of the clear-sky index, and the position of the
peaks of the distribution, are then likely scaled by a few percent.

This model consists of a fit-to-distribution approach of the clear-sky index
to a bimodal distribution, which is a common approach in the solar irradiance
research community, see e.g. [41, 42, 43, 44, 45, 46]. A bimodal distribution
is a two-distribution special case of mixture distributions, see Section 3.1.4.

It is possible, by visual inspection, to observe two or three peaks in the
histogram of the clear-sky index in Figure 3.3.

Frequency

0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 1.8
K

Figure 3.3. A histogram over the clear-sky index from the one-year minute resolution
data set obtained for Norrkoping, Sweden, during 2008 [158].

A standard tool for estimation of mixture models is the EM (Expectation—
Maximization) algorithm, see Section 3.1.5. A version implemented in the
software R and found in the package mixtools was used [160]. Parameters
for the distributions and mixing weights were obtained. The goodness-of-fit
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Table 3.2. Estimated parameter values for the bimodal Normal distribution of clear-
sky index using (3.26).

15 o (o] ] w1 w2
0.58 1.07 035 0.04 0.63 0.37

for this model was estimated with the use of Kolmogorov-Smirnov tests, see
Section 3.1.6 for more information on that.

In paper (I) mixture distributions with unimodal, bimodal and trimodal Nor-
mal distributions were investigated. A bimodal Normal distribution was cho-
sen since it was best fit according to K-S tests. According to the setup of
mixture distributions in Section 3.1.4 a bimodal Normal distribution f(x) with
variable x can be written as:

f(x) =wifn(x i1, 01) +wafn(x; i, 02) (3.26)

where w; and w, are weights, (1 and U, are the mean values, o7 and o> are the
variance for each Normal distribution in this bimodal configuration. Assum-
ing that the clear-sky index can be modeled as a bimodal Normal distributed
stochastic variable with estimated parameters in Table 3.2, then (3.26) repre-
sents an approximate probability distribution of the clear-sky index.

3.2.3 Solar irradiance for remote locations

The bimodal probability distribution model of the clear-sky index was de-
signed for modeling probability distributions for solar irradiance with the in-
tent of estimating PV power production for a single location. By defining the
clear-sky index as a stochastic variable it was also possible to model the ag-
gregate solar irradiance for multiple remote (uncorrelated) locations. As an
extension to the clear-sky index an aggregate clear-sky index was defined for
any number of dispersed uncorrelated locations.

In similarity with the single-location clear-sky index k the aggregate clear-
sky index, here denoted by Ky for N locations, was assumed to be a stochastic
variable defined as the average of N stochastic variables:

1 N
Ky = — ; 3.27
Ky N;'ﬂ, (3.27)

where k; represents the clear-sky index at each remote location i. See [49, 55,
161, 162, 163, 164] regarding the decline of correlation with distance for pairs
of locations. Results regarding aggregate clear-sky index will be analyzed in
Section 4.1.1.
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3.2.4 Convolution approach

As an alternative approach to modeling solar irradiance via probability density
distributions a convolution approach was introduced in paper (II).

By treating BHI and DHI as stochastic variables it was conjectured in paper
(IT) that GHI could be obtained via a convolution of probability distributions
for BHI and DHI. Since there is a complex dependency between BHI and DHI,
the study in paper (II) was setup as an initial study with the aim to provide esti-
mates mainly regarding expected values. This proved useful for the derivation
of a generalized form of the Angstrt')m equation, which had empirically been
conjectured by Anders Angstriim in 1922 [38, 39, 40]. The methodology for
this ansatz is described below and the derivation of the generalized Angstrém
equation is presented as a main result of that study in Section 4.1.2.

The clear-sky index can be decomposed into the diffuse and beam compo-
nents according to K = Ky + K, as was described in Section 3.2.1. It should be
emphasized here that there is a complex dependency between k; and k[165].
Modeling such a dependency requires a detailed statistical analysis, which is
outside the scope of paper (II), which aims to show that such an approach has
a deep connection to a generalized Angstrom equation. A complete model
including the dependency of k;, and Kk is yet to be achieved.

If x; is assumed to be represented by a stochastic variable X; and xj, is
represented by a stochastic variable Xj, then an analogue for x can be defined
as stochastic variable X:

X =X;+Xp, (3.28)

which constitutes a convolution of the probability distributions for the stochas-
tic variables X; and X}, (see Section 3.1.3 on convolutions of probability distri-
butions). In the literature the distribution for empirical measurements of x; is
typically assumed to be unimodal whereas k3, is assumed bimodal [54]. As an
approximation it is here assumed that the bimodal peaks of k;, correspond to
two states: bright sunshine, no bright sunshine [165]. This is motivated by the
fact that beam irradiance essentially only reaches the Earth’s surface when no
clouds obscure the sun [165]. That is, kj, is approximately a two-state distri-
bution with one peak close to zero corresponding to cloud coverage blocking
the sun and one peak between zero and one corresponding to bright sunshine.
The bright sunshine peak is dependent on the interpretation of the definition
"bright sunshine" in this particular probability distribution approach. A scal-
ing parameter f3 is introduced that relates the beam irradiance distribution X},
to a two-state Bernoulli distribution (See Section 3.1.2):

X, = BX;, (3.29)

where:
X;, ~ Bernoulli(p). (3.30)

The scaling factor f is assumed to be the average beam irradiance index above
a threshold o. This also defines p as the proportion of beam irradiance index
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fractions greater than o. In total this represents a fit-to-distribution for the
beam irradiance index by means of a weighted Bernoulli distribution. Any
calibrated unimodal distribution valid for x > 0 such as Gamma, Weibull or
Log-normal PDFs could be used to model the diffuse stochastic variable X,
in this particular study. As a typical positive unimodal PDF the Gamma PDF
was by inspection chosen to represent the diffuse stochastic variable: X; ~
Gamma(o, §). For detailed information on the distributions, see Section 3.1.2.

In this study the parameters ¥ and & were set by the fit-to-distribution rou-
tine gamfit in MATLAB. The data set used in the simulations in paper (II)
was a one-year minute-resolution data set on DHI and BHI for the location
of Norrkoping, Sweden (59°35'31” N 17°11’8” E) from 2008 [158]. Global
clear sky irradiance was calculated with the Ineichen-Perez model [159]. In
order to avoid infinities in the data set the clearness indices were only evalu-
ated for solar angles above 20 degrees. This constitutes the convolution model
for solar irradiance in paper (II). Results and the derivation of the generalized
Angstrom equation are given in Section 4.1.2.

3.2.5 Conversion of solar irradiance from the horizontal to the
tilted plane

With measured or synthetic data on solar irradiance it is useful for modeling
PV power production to be able to calculate solar irradiance on a tilted plane.
In order to do this a number of transformations are required, which can be
performed in this order:

1. Split GHI into DHI and BHI.

2. Convert DHI and BHI to the tilted plane of the PV array.

3. Apply models for the PV system components, e.g. PV modules and in-
verter.

There are many options available for all three steps. The following is one
option, and it was used in papers (I) and (VIII).

In order to simulate a PV system with arbitrary orientation, in terms of tilt
angle B and azimuth angle v, GHI has to be split into BHI and DHI because
these components have different incident angles on the tilted plane and thus
need to be re-scaled separately. Several models have been proposed to deter-
mine the diffuse fraction of GHI, for a review of models see [166]. The Erbs
model [167] was used in paper (I), and indirectly in paper (VIII).
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Figure 3.4. A schematic illustration of angles associated with a tilted plane relative to
the horizontal plane. f is tilt, ¥ is azimuth and 6, is the zenith angle of incidence.

The diffuse fraction x; is

K; =1—0.09x for k¥ <0.22,

K, =0.9511 — 0.1604 Kk +4.388%% — 16.638%" + 12.336k* for 0.22 < k < 0.80,
x; = 0.165 for k > 0.80.

(3.31)

The diffuse and beam radiation components from (3.24) are then obtained by:
Gy = k4G, (3.32)

Gb = (1 — K'd)G. (333)

Next, radiation on the tilted plane is obtained by scaling beam radiation by the
geometric factor R, = cos 0/ cos 8, where 0 and 6, are the incidence angles
for beam radiation on the tilted plane and the horizontal plane, respectively
[168], see illustration in Figure 3.4. Diffuse and ground-reflected radiation on
the tilted plane have to be calculated with other, semi-empirical models. With
the Hay & Davies model for diffuse radiation, which was also used in paper
(D), the global radiation on the tilted plane is given as [168]:

Gr = GyRy+ Gy [(1 _A) (H—;osﬁ) —i—Ain] +Gp, (l_gosﬁ> (3.34)

where the anisotropy index A; is the ratio between the incident beam radiation
Gj, and the extraterrestrial radiation Gg on the horizontal plane, f is the tilt
angle of the plane and p, is the ground reflectance. This can then be connected
to models of PV power production.
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3.2.6 Photovoltaic system simulations

With available measured or synthetically generated data on solar irradiance on
tilted surfaces it is possible to model PV power production for any arbitrarily
oriented PV system.

For irradiance Gr a simple model for the DC output from the PV array is:

Pyc :AGTnm(l _Qa) (3.35)

where A is the area of the array, 7, is the PV module efficiency and ¢, ac-
counts for different losses in the PV array not modeled explicitly.

The inverter in the PV system limits the output AC power to its rated power,
and is therefore important to include in the model since there is a finite proba-
bility, albeit small, that very high x samples are obtained, leading to high DC
powers being cut by the inverter. The output AC power can be modeled as
[169]:

P, dc — PsO
Pac = Paco Pieo — Pro (336)
for Py, values between Py and P;.o where P, is the rated inverter AC power,
Py 1s the DC power at which the AC rating is achieved and Py is the inverter
threshold power, i.e. the lowest DC input that gives an AC output. Below Py
the output is zero and above Py it is limited to P,.9. This model for PV power
production was used in paper (I).

Another model for PV power production, which was used in paper (VI),
was developed in [5]. This model made use of solar irradiance data provided
by the Meteonorm software for the location of Westminster, London (51°30/
N 00°08’ E) [170]. That model was based on input parameters such as tem-
perature and PV system efficiency.

For paper (VII) the following model for PV power production was used.
The PV power output was simulated from high-resolution incident solar radi-
ation and the power output of the PV module was calculated from the formula:

va(t) =N xXAX G(l‘), (3.37)

where Ppy (1) is the power output over time 7, A is the PV area (m?), ) is the
efficiency of the PV system and G(¢) is the incident solar radiation (W/m?).
The system efficiency was set to 7 = 13 percent. The incident solar radiation
data G(¢) was minute resolution, scaled from 5-second resolution data mea-
sured in a plane tilted 45° with a pyranometer at the Angstrom Laboratory at
Uppsala Sweden (59°50'19” N 17°38/50” E) during January 1 to December
312011.

In paper (IX) PV power production data was analyzed. This data repre-
sented meter values for PV power production for a number of locations over
the duration of 281 to 310 consecutive days, depending on which solar charg-
ing station was measured.
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3.3 Household electricity use

This section describes the household electricity use data and modeling which
was used and developed in this thesis.

3.3.1 The Widén Markov chain model

In papers (IV), (VI) and (VII) the Widén Markov chain model for generating
synthetic household electricity use data was used. This model was developed
by Joakim Widén in [9, 10], and also extended to include EV home-charging
in paper (IV), described in Section 3.4.1. For general information on Markov
chain modeling, see Section 3.1.1.

The model was based on simulating activity patterns over time with a Markov
chain and estimating electricity consumption via appliance use associated with
each activity [9, 10]. In the model each Markov chain state was considered
equivalent to an "activity" performed by an individual. The model was con-
structed based on the following two assumptions:

(I) Each individual occupies one state of activity at each time-step.
(II) The number of possible states is a fixed number.

Based on these assumptions and a large set of time-use data over activity
patterns the probabilities for transition from one state to another in the Markov
chain model were obtained [9, 10]. The model was based on the assumption
that for each activity a certain set of appliances was used, and that when for
example entering state "dishwashing" the dishwashing machine was started
with a complex washing program in the background even if the state of activity
of the resident was changed from the state "dishwashing" or not. The model
was designed as bottom-up from an individual resident level so that a load
profile was generated for each resident of the household. These load profiles
where then added together with the exception of a "sharing scheme" which
implied that certain appliances were shared among individuals, such as "TV"
for example. If two or more residents in a household would happen to share
for example the state "TV", then the electricity use of "TV" would only be that
of one TV active, see [10, p.1882] for more detailed information.

The transition matrices were calibrated from a large set of Swedish activity
data collected by Statistics Sweden (SCB), see [10, 72] for more informa-
tion on activity categorization. The model was based on minute resolution
with hour resolution transition matrices divided into categories of weekday
and weekend day. The model also contained the option of simulating de-
tached house or apartment. In order to obtain electricity use from activities
an assumption of connection between states and appliance use was assumed
together with a seasonal and diurnal dependent lighting scheme [9, 10]. In
Table 3.3 the different states (activities) of the Markov chain model are given.
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Table 3.3. States and corresponding activities in the Markov chain model [10].

State  Activity
Away
Sleeping
Cooking
Dishwashing
Washing

TV
Computer
Audio

Other

O 01O N B W=

3.3.2 Probability distribution model

In paper (III) a probability distribution model representing household electric-
ity use was developed. This section begins with a description of the model, and
then moves on to describe the data set which was used to obtain the parameters
for the PDFs in the model.

The model was designed for two system levels: Individual households and
aggregates of households. Two assumptions defined the model:

(I) At any time, the magnitude of power demand for a household is a ran-
dom outcome.
(Il) The probabilities for all possible magnitudes of electricity use can be
approximated by a continuous PDF.

Assumption (I) includes the random aspect of household electricity use.
Assumption (II) suggests that household electricity use could sufficiently well
— in approximation — be described by continuous PDFs. Together these
principles set the stage for fit-to-distribution of electricity use data.

The model was developed according to the flow-chart in Figure 3.5. A de-
scription of the fit-to-distribution process in the model is illustrated in Figure
3.2 which include a histogram from a fictive data set and a fictive PDF cali-
brated with that data set.

Based on inspection of the histograms of the data sets Log-normal and
Weibull PDFs were chosen since they appeared to capture the essential ran-
dom features of the data sets. See Section 3.1.2 for details regarding the distri-
butions. In order to include most of the diurnal and seasonal variation whilst
keeping the number of distributions within a reasonable limit in the model,
both Weibull and Log-normal distributions were obtained for the following
categories:
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Household electricity use
data set
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Sum up electricity use data over
appliances, divide into hour,
weekday and month categories
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Estimation of Estimation of
Weibull Log-Normal
distribution distribution
parameters for parameters
each category for each
category

\ 4 \

Statistical analysis of data
and distributions

Figure 3.5. A flow chart of the process for developing the probability distribution
model for household electricity use.

- Each hour of the day. (24)
- Each day of the week. (7)
- Each month of the year. (12)

This means in total 24 x 7 x 12 x 2 = 4032 probability distributions in the
model, with an estimation of 8064 parameters in total. It should be noted
that the data set had 10-minute resolution. The parameters of the distributions
were calibrated with the aid of maximum likelihood estimates for each of the
Weibull- and Log-normal PDFs, a method briefly described in Section 3.1.5.
In practice MATLAB routines wblfit and lognfit were used for this purpose.
Although the model was designed for modeling individual households it was
possible to obtain PDFs for any number of households.

If one assumes that the power consumption in household i at time 7 is given
by a stochastic variable X;, then the electricity use of NV households is the sum
of the stochastic variables: Sy = X +X» + ... + Xy, which constitutes a convo-
lution of the distributions for stochastic variables X; (cf. Section 3.1.3). If the
household electricity use of each household in the aggregate of households can
be considered independent, then for sufficiently many households it is possible
to represent the household electricity use as a Normal distribution, according
to the central limit theorem presented in Section 3.1.3.

It should be noted that the average electricity use of a few households might
not be accurately represented by a Normal distribution like (3.20) since the
central limit theorem is only necessarily true for large N [171].
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In order to estimate goodness-of-fit of the model K-S tests were performed
with original electricity use data on the one hand and a data set obtained from
Monte Carlo simulations of the probability distribution model on the other.
Given a significance level of e.g. Q = 0.05, the p-value is returned from the
computation. Based on this a measure was defined as the ratio of "pass" rel-
ative to total number of distributions, corresponding to the number of cate-
gories, as was done in [171]. Results from this model are presented in Section
4.2.1.

The data which was used to obtain the distribution parameters in this model
was thoroughly analyzed in [74], however that investigation did not include
the development of any stochastic model based on the data, this was instead
carried out in appended paper (III). The data was obtained from 400 house-
holds in Sweden: 40 of these households were measured for approximately
one year and 360 households for approximately one month. Measurements
were made on most of the appliances in each household (including heating
when electric) on 10-minute resolution. Half of the data set was comprised of
data from detached houses, the other half was data from apartments. In the
study in paper (III) data for detached houses was used. This data set consisted
of 200 households where 20 households were measured for a whole year and
the rest for approximately one month. For more detailed information such as
regarding residents, appliance specifications and electricity use see [74].

For this model certain assumptions regarding the data set were made. The
goal of the study in paper (III) was to model household electricity use of an
average household, and since the set of appliances were unique for each house-
hold the electricity use for each time-step was summed up for each household.
Furthermore all electricity use data was divided up in categories for each hour,
for each day of the week and for each month as described in the list of cate-
gories above. Each such category contains data from several different house-
holds, and it can be assumed that the data set is representative for the electricity
use of detached houses in Sweden. The parameters of the probability distri-
butions were obtained from the entire data set instead of for example dividing
up the data set into training data and test data. This division can be found in
machine learning theory, often applied if there is a classification issue, while
the objective of this study was to fit probability distributions to data.

3.4 Electric vehicle charging

In this section the methodology for EV charging modeling is described. Two
types of EV charging models were developed in papers (IV) and (V). In pa-
per (IV) a Markov chain model was developed and in paper (V) a probability
distribution model was developed. Both models are stochastic, but based on
two different types of methodology. In paper (VIII) these models were com-
bined to make a probability distribution model of EV home-charging which in
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turn was used in combination with the probability distribution models for PV
power production published in paper (I) and household electricity use in paper
(11D).

3.4.1 Electric vehicle Markov chain model

Based on the Widén model for generating synthetic household electricity use
an EV extension for estimating the electricity consumption from a home-
charged EV was developed in paper (IV). This EV extension connects the
synthetic activity patterns for residents in a household with EV use and con-
sequent charging. Although this extension is based on the Widén model, it is
also based on additional principles:

(I) The EV is used by one fixed resident in the household during a certain
percentage of the states "Away" for that individual.

(I) The choice for the fixed resident to take the EV is with the probability in
(I) made each time the state changes to state "Away". This choice is kept
for every time step after this which is not changed from state "Away".

(IIT) The EV electricity consumption is proportional to the EV’s time away
until the state of charge (SOC(t)) reaches the minimum state of charge
SOCin.

(IV) If the EV is away for longer time than is possible with the limited battery
capacity, thus reaching the minimum state of charge (SOC,,;,,) before the
trip is completed, then the EV is assumed to have paused during the trip
or run on some other fuel during the remaining part of the trip (if it is a
PHEV).

(V) The EV is only charged when at home and not fully charged.

Formally this model follows the mathematical structure of the Widén Markov
chain model described in Section 3.3.1. According to principles (I) and (II)
there is a certain probability gy that the EV is used by a resident when the
resident state is changed to the state "Away", see Table 3.3 for a list of states
in the Widén model. According to principle (III) the EV consumes a constant
amount of electric power during each time step when away, but according to
principle (IV) this is only true for as long as the minimum state of charge
SOCin 1s not reached. For trips with longer duration than there is battery state
of charge for — according to this setup — there is an assumption that the EV
stopped during the trip and depleted the state of charge upon arrival home.
Another interpretation of this scenario is that the EV has some other on-board
engine (for example an ICE) which provides the energy for the remainder of
the trip.

The state of charge of the battery is given by SOC(t) at time . When fully
charged the state of charge is at a maximum level SOC(t) = SOC,,,x. When
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the EV is used then according to principle (III) the state of charge is decreased
linearly with an electricity consumption of CE" times the seasonal coefficient
S(t), until it is depleted to the minimum depth of discharge (DoD), which is
here modeled as a minimum state of charge SOC,,;,, or returned home (as the
state has changed from "Away" to some other). Upon arrival at home the EV
is immediately plugged in and charged according to principle (V). The EV is
charged with charging power C¢"¥"#¢, which in practice increases SOC(t) until
some time step 7 for which SOC(1) equals SOC,,,,. With time-step Az this can
be expressed via the following equation:

SOC(t) — CEVS(t)At  if consuming,
SOC(t+At) =4 SOC(t)+CCseAr  if charging, (3.38)
SOC(t) else.

The level of charge C"¢¢ is dependent on which type of charging is used.
The EV extension also has to ensure that the state of charge is kept within the
accepted limits:

SOCpin < SOC(t) < SOC gy (3.39)

The parameters and nomenclature is listed in Table 3.4. The results for this
model in combination with household electricity use is given in Section 4.3.1.

Table 3.4. Parameters for the Markov chain EV home-charging extension.

Description Parameter
Maximum state of charge [kWh] SOCax
Minimum state of charge [kWh] SOCin
Charging power [kW] CCharge
Electricity consumption [kW] ctv
Probability to take the EV [%/100] Py
Average driving velocity [km/h] Vv

Driving electricity consumption [kWh/km] v
Seasonal coefficient [%/100] S(z)

Upon arrival at home the EV is assumed to be immediately connected to the
grid and charged with C¢"%’8¢ yntil the the maximum state of charge SOC,ax
has been reached or the EV is taken out driving again. This grid interaction is
described by:

CCharge if charging,

0 else. (3.40)

Pry (l‘) = {
The seasonal variation in fuel consumption for the standard setup is a fac-
tor S(z) times the average fuel consumption. For the different seasons these
factors in appended paper (IV) were set according to the following values:
Winter: S(z) = 1.2, spring: S(¢) = 1, summer: S(¢z) = 0.8, fall: S(z) = 1.0.
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The seasonal coefficient adjusts the variability of load from vehicle use from
seasonal conditions from for example heating.

3.4.2 Electric vehicle probability distribution model

In addition to the Markov chain model for EV charging a probability distribu-
tion model was developed in paper (V). First the model will be described, then
a description of the data set which was used to calibrate the model follows.

This model was based on Bernoulli probability distributions and a maxi-
mally opportunistic charging scheme; charging every time the vehicle stopped.
The model was set up according to the schematic illustration in Figure 3.6.

While there are many different types of probability distribution models for
EV charging a Bernoulli distribution approach, calibrated with data on driving
patterns in Sweden, offered a simple framework for charging based on assum-
ing charging at every stop. In this way variability of charging and average
charging patterns could be obtained.

This setup is based on a number of assumptions. The assumption is that the
probability for being out driving an EV is similar to the probability for being
out driving an ordinary vehicle. Hence it is assumed that data for driving an or-
dinary vehicle can be used as a basis for determining the driving behavior of an
EV. Second one can assume that probability distributions for a feasible charg-
ing pattern can be reasonably estimated from Monte Carlo simulations based
on the probabilities for being out driving together with a simple model of the
EV with a given battery size, average fuel consumption and charging power.
Also, for simplicity, it is assumed that the charging is binary: no charging or
full charging at each time step (10 minutes resolution, see below).

Finally, in similarity with the EV Markov chain model, the assumption is
that when the EV is not being driven it is charged until fully charged or taken
out driving again. These assumptions suggest that the model ideally represents
shorter EV-trips, typically within a city. The short distance approximation in
this model is related to the time-step resolution, so a 10 minute time-step —
that is a 10 minute typical trip length — is reasonable. It should be noted
that from these probability distributions it is possible to for example estimate
expected values for electricity use or use Monte Carlo simulations in order to
obtain a time series for charging. Also, an model based on Bernoulli proba-
bility distributions is a general concept and could be applied to time series of
charging under the assumption of binary charging: only full charging or no
charge. This was done using data for home-charging from the Markov chain
EV charging model in paper (IV) in order to represent home-charging on a
probability distribution basis for paper (VIII).

The first step of the model is to estimate the probabilities for driving com-
pared with not driving from a time-use data set for Sweden [172]. This was
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done for the following categories:

- Each hour of the day (24)
- Week day/Weekend day (2)

This categorization of in total 2 x 24 distributions was chosen in order to
obtain enough data so that each distribution represented actual driving habits
accurately within reasonable limits, while maintaining a level of resolution in
the model which represents sufficient data for estimating realistic and applica-
ble charging patterns. The time-use data was collected on five-minute basis for
week day and weekend day [172]. For each category there was between 4860
and 5172 data points. The data set was obtained from 926 time-use diaries
from 464 persons in 179 households in a Statistics Sweden pilot study from
1996 [72, p.45]. These individuals reside in households with different setup
(e.g. couples, singles, with and without children), and the survey included
both apartments and detached houses [172]. The resolution was five-minute
and the data was based on activities, later categorized via "activity codes”. In
this data set one particular activity was classified as "vehicle driving". The
frequency of this subset of data for each household was used to obtain the pa-
rameters for the probability distributions. The model setup is shown in Figure
3.6.

Estimate probability out driving for:
e Each hour of the day
o Week day/weekend day

Time-use data on
out driving frequency

Y

PEV charging model .
Parameter inputs

For each time-step, Monte Carlo simulate if the PEV is driven or not. Batter_y
capacity
e Minimum
State of
Consume electricity until finished charge
driving or battery is depleted e Average
electricity
; ; consumption
Charge until battery is fully charged Charging
power
Estimation of probability Monte Carlo simulation from distributions
distributions for charging
during: P Sample electric vehicle charging from
e Each hour of the day probabilities of charging. Charge with pre-set
e Week day/weekend day charging power.

Figure 3.6. A flow chart of the EV charging probability distribution model.
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Formally, from the time-use data the probability p (), for using the EV
or not, was obtained for the categories of time detailed above. The next step
was to perform a Monte Carlo random sample using the estimated probabil-
ity puse(t) (use the EV or not). The state of charge over time in the model
was determined with the same setup as for the Markov chain model for home-
charging in (3.38), but with the seasonal faction S(z) = 1 for all seasons. This
implies that the state of charge decreases when out driving and gets replen-
ished until fully charged or taken out driving again. Here CEV is the average
electricity consumption when being driven, and C¢""¢¢ is the charging power.
At is the time-step of the simulation; set to ten minutes in the paper. In order
to have a reasonable battery life expectancy the battery was restricted from
dropping below a minimum state of charge SOCyy;,. The setup of the paper
(V) was SOCyip, = 0.6 X SOCpy4x. When the EV was not in an "being driven"
state it was charged, and the grid interaction was defined in the same way as
for the Markov chain EV home-charging model in (3.40). This represented the
grid interaction of the EV charging. When performing simulations to obtain
data series for a large number of weeks it was possible to quantify the proba-
bility distributions of charging for the following categories (the same type of
categories as for the distributions of being out driving in the list above):

- Each hour of the day (24)
- Week day/Weekend day (2)

A nomenclature of parameters is found in Table 3.5. It should be noted
here that the battery model used in this EV charging model is the same battery
model as was used in the Markov chain EV home-charging model described
in Section 3.4.1. This distribution model could perhaps be characterized as
maximally opportunistic since the EV is always connected and charged when
it stops, even though the state of charge might be high and there is no necessity
for charging.

Table 3.5. Parameters in the EV distribution model.

Description Parameter
Electricity consumption [kW] CTEV
Charging power [kW] CCharge
Maximum battery charge [kWh] SOChax
Minimum state of charge [kWh] SOCyuyin
Average driving velocity [km/h] Vv

Driving electricity consumption [kWh/km] v

The probability distribution setup for charging is discussed in the following
section.
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In similarity with the probability distribution approach to clear-sky index
in paper (II), described in Section 3.2.4, this model utilizes a Bernoulli distri-
bution approach. The Bernoulli PMF was introduced in Section 3.2.4, but the
EV charging application of Bernoulli distributions will be described more in
detail in this section.

If one assumes that there is a probability p at a time-step for charging, and
thus probability 1 — p for not charging at that time-step, a natural setup is a
Bernoulli distribution.

The model is defined by the probability of charging or not charging, this
means that the electricity use Q could be modeled by a stochastic variable
X ~ Bernoulli(p) with a weight for power use C¢g¢:

Q = CCharsey (3.41)

This setup can then be used for Monte Carlo simulations of electricity use, but
as a probability distribution it could for example directly be used to calculate
the electricity use of several uncorrelated EVs. If one generalizes (3.41) the
electricity use Qn from N uncorrelated EVs is:

Oy = Charse (X + X + -+ Xy) (3.42)

where X; ~ Bernoulli(p). This power use can be calculated analytically di-
rectly from the convolution of Bernoulli distributions [173] (See Section 3.1.2):

N
Y Xi ~Bin(N, p). (3.43)

Furthermore since for large N it is possible to approximate the discrete prob-
ability distribution in (3.43) with a normal distribution if one assumes that
the mean value 4 = Np and variance 6> = Np(1 — p) holds for the Normal
distribution:

Bin(N, p) ~ Normal(Np,Np(1 — p)). (3.44)

Results for the probability distribution model of EV charging is presented in
Section 4.3.2.

3.5 Solar charging station data

In collaboration with the Swedish company Solelia Greentech AB we were
able to quantify and investigate PV power production and EV charging from
a set of eight solar-charging stations distributed across Sweden. Each solar
charging station consisted of an EV charging station and an adjacent PV power
production facility owned and operated by companies or municipalities. All
systems were connected to the so-called "solar bank", a concept and a tech-
nological infrastructure system that stores data on EV charging and PV power
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production for the purpose of obtaining and transferring guarantees of origin
(GO:s) for the PV power production and EV charging.

The eight solar charging stations in the study were located in pairs at four
sites: Eskilstuna city center, Uppsala city center, Marieberg mall in Orebro
and in Gothia Science Park in Skévde. Each site contained eight Yingli 240p-
29b PV panels with a peak power of 8x240 W, along with two EV charging
outlets based on 2.3 kW AC (230V, 10A) power.

In order to compare power production with power consumption the PV
power production is evenly divided in two so that there is both electricity con-
sumption and production at each station, not just one for each pair. Thus each
charging outlet and adjacent PV power production system was defined as a
station in this setup.

The data was comprised of separate meter-data for EV charging and PV
power production for each site. The data sets are based on minute resolution
for each station for between 281 and 310 consecutive days depending on site.
Results from the data analysis of the solar charging stations are presented in
Section 4.5.2.

3.6 Grid interaction

There are different indicators of self-consumption which were used and de-
veloped for this thesis and papers (VI), (VII), (VIII) and (IX). These will be
described here.

3.6.1 The complete model

In order to investigate the interaction of the models for PV power production,
household electricity use and EV charging a complete model framework was
developed. The power consumption/production at the end-user in the grid for
the individual household level with PV power production Ppy (¢), household
power consumption Py oysenoid(t) and EV home-charging power consumption
Pgy (1) over time ¢ can be expressed in a single equation:

P(I) = PPV(I) _PHousehold(t) _PEV(I)‘ (3.45)

In this equation negative power production means in practice power consump-
tion. With this complete model given any data — modeled or measured —
it is possible to quantify the total electricity consumption/production at the
end-user. For an aggregate of N households (3.45) is generalized to:

N
P(1) =Y (Ppv.i(t) = Prousehota,i(t) — Pev,i(t)). (3.46)

i
This complete model was utilized in papers (VI) and (VII) with the aid of the
Widén Markov chain model for household electricity use (see Section 3.3.1),
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EV Markov chain home-charging (see Section 3.4.1) and PV power produc-
tion (see Section 3.2.6). The complete model was also outlined in the not
appended publication (XVI). A flowchart for the complete model presented in
Figure 3.7. Results for the complete model is presented in Section 4.4.1.

Time use data of
activities

Markov-chain

Solar irradiation Time use data of
data activities

model
PV model Stochastic EV model
model extension

| S
Electricity Power Power Total power
production consumption consumption production

{t) - P EV(t) = P (t)

B pv(t) - PHousehold

Figure 3.7. A schematic illustration of the complete model connecting PV power
production, household electricity use and EV home-charging which was used in paper
(VID.

In paper (III) the complete model was generalized to using stochastic vari-
ables. A stochastic generalization of (3.45) representing power production
over time is given by:

X = A x Xpy — Xyousehota — XEv, (3.47)

where Xpy represents the bimodal Normal probability distribution-based stochas-
tic variable (see Section 3.2.2) with PV area A. Xpgyousenora represents the
Weibull probability distribution-based model stochastic variable (see Section
3.3.2) and Xgy represents the EV Bernoull probability distribution-based stochas-
tic variable described in Section 3.4.2 but calibrated with home-charging from
the EV Markov chain model 3.4.1. This calibration uses a power consump-
tion profile generated from the Markov chain EV home-charging model and
sets up Bernoulli probability distributions for charging during each hour of the
day for weekday and weekends. A flowchart for the complete model based on
stochastic variables is presented in Figure 3.8.

The grid interaction equation (3.47) corresponds to a convolution of the
probability distributions for the stochastic variables corresponding to PV power
production, household power consumption and EV charging. This convolution
was numerically computed in paper (VIII). The complete probability distribu-
tion model can also be generalized to N households, which corresponds to a
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Figure 3.8. A schematic illustration of the complete probability distribution model
connecting PV power production, household electricity use and EV home-charging
which was developed in paper (VIII).

convolution of the distribution of each household:

N
Xy = Z (XPVJ — XHousehold. i _XEV,i) .

i

(3.48)

It should be noted here that while the central limit theorem applies to convolu-
tions of variables, a requirement is that the variables are not dependent, which
is generally not the case for the stochastic variable setup in (3.48). Results for
the complete probability distribution model will be given in Section 4.4.2.

3.6.2 Solar and load fractions

Two useful measures of self-consumption were used in papers (VII) and (IX):
Solar fraction (SF) as the fraction of load covered by PV power production,
and load fraction (LF) as the fraction of PV power production covered by load.
For alternative nomenclature and measures see [37].

Since SF is defined as the fraction of load that is matched with PV power it
can mathematically, together with the nomenclature described in the illustra-
tion in Figure 3.9, be represented as:

B

SF = ————.
A+B+C

(3.49)

Conversely, LF is defined as the fraction of PV power which is matched by
load, which can then also be defined mathematically as:

B

LF = ——. (3.50)
B+D

It should be noted that for NZEBs the solar fraction equals the load fraction

since the parts A + B+ C and B+ D under those circumstances are equal. In

similarity with the time series based estimates for evaluating solar fraction
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A power

Time

Figure 3.9. A schematic illustration of a load curve (solid) and production curve
(dashed) with appropriate labels for energy that is used to obtain solar and load frac-
tions.

and load fraction it is possible to use a stochastic variable approach instead.
In such an approach SF and LF become stochastic variables based on (3.49)
and (3.50), but with A,B,C and D as stochastic variables. For an applicable
mathematical model for estimating SF and LF from time series of power con-
sumption and production, see not appended paper (XVI).

In this thesis distributions for SF and LF were determined via time series
generated by Monte Carlo simulations of each component in paper (VIII).
With the use of time series for load and production (3.49)-(3.50) can be used
to estimate time series for SF and LF, which in turn can be used to make
histograms. Results for this is presented in Section 4.4.2.
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4. Results

In this chapter the results are presented. In Section 4.1 results regarding PV
power production are presented and in Section 4.2 results regarding household
electricity use are given. In Section 4.3 results for EV charging are presented
and finally in Section 4.4 results regarding self-consumption and grid interac-
tion are given.

4.1 Photovoltaic power production

This section presents results from the studies on solar irradiance and PV power
production in papers (I) and (I).

4.1.1 Bimodal probability distribution model

The bimodal Normal probability distribution model for solar irradiance and
PV power production was developed in paper (I), and described in Section
3.2.2. In Figure 4.1 histograms of clear-sky index and calibrated PDFs are
given for each tested setup of unimodal, bimodal and trimodal Normal distri-
butions. The left-most plot shows unimodal Normal fit, then bimodal Normal
fit and finally a trimodal Normal fit is given to the right.

In order to ascertain goodness of fit Kolmogorov-Smirnov tests were per-
formed for the unimodal Normal, bimodal Normal and trimodal Normal distri-
butions and obtained the following test-values: 0.4740, 0.4498 and 0.4503 re-
spectively. The bimodal Normal distribution has the lowest K-S value, which
indicate that it is best fit. Overall the K-S test values are relatively low for
all distributions, which is probably related to the lack of smoothness in the
histogram of the clear-sky index. With the Expectation-Maximization (EM)
algorithm the parameter setup for a bimodal Normal distribution fit to these
data is presented in Table 4.1.

It should be noted that most weight is put on the distribution with mean
(at lower values) while the distribution with mean t, has a smaller standard
deviation.

One of the main aims of the study in paper (I) was to obtain the clear-
sky index and PV power production for dispersed uncorrelated locations by
defining and investigating an aggregate clear-sky index. In this process the
aggregate clear-sky index was shown to be normally distributed for five or
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Figure 4.1. Histograms of the clear-sky index data described in Section 3.2.2 along
with calibrated distributions: unimodal Normal distribution (Left), bimodal Normal
(Middle) distribution and trimodal Normal distribution (Right).

Table 4.1. Estimated parameter values for the bimodal Normal distribution of clear-
sky index using (3.26).

18] o (o] ] w1 w2
0.58 1.07 035 0.04 0.63 0.37

more dispersed locations. Since the locations were assumed to be dispersed
enough to be uncorrelated the distribution of the average aggregate clear-sky
index follows the central limit theorem and is by inspection approximately
N (u,6/+v/N). As an example this is shown for various numbers of dispersed
locations in Figure 4.2.

This simplifying method was analyzed in terms of usefulness, in terms of
application to PV power production, by quantifying the deviation on a tilted
plane between making the conversion from the horizontal to the tilted plane
for each location separately and for the aggregate clear-sky index. With the
Erbs model for estimating PV power production on a tilted plane, described
in Section 3.2.5 PV power production was obtained for two cases: horizontal
plane and 40 degrees tilt. The resulting daily power production for these cases
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Figure 4.2. Line plots based on histograms of the simulated average aggregate clear-
sky index for N dispersed locations by using the bimodal Normal distribution of single
location clear-sky index.

on one typical moment during one typical day is shown in Figure 4.3. The
parameter values in the PV power production model is shown in Table 4.2.

Table 4.2. Setup on the PV power production model connected to the bimodal Normal
distribution model for clear-sky index.

Vin qa A Pq P, acO P, dc0 PSO
15% 15% 10m*> 20% 1500W 1550 W 15 W

The line plots based on histograms for aggregate horizontal mounted PV
power production show that PV power production is the same when using
the aggregate clear-sky index compared with using an average of PV power
production for each location. When the PV power system was inclined (here
45 degrees) the results from the two approaches diverge.

This deviation stems from the impossibility to properly separate direct and
diffuse components of the solar irradiance when using only the aggregate
clear-sky index. This is not an artefact of the model, instead this can be traced
to the loss of information inherent to the convolution process of the aggre-
gate clear-sky index. The index loses information in the convolution process
since the state of cloudiness for each location is averaged and the separation

53



of beam- and diffuse components of clear-sky index for inclined plane power
production calculations is not longer possible to perform correctly. Instead the
aggregate clear-sky index serves as an approximation for multiple dispersed
locations, typically if no other information is available.

Aggregate distribution of five locations PV power production on horizontal plane

Based on the average clear-sky index
Calculated for each location separately

g

(]

>

o

o

w

0 0.5 1 15

Power(kW)
Aggregate distribution of five locations PV power production with 40 degrees tilt
T T

Based on the average clear-sky index
Calculated for each location separately

Frequency

Power(kW)

Figure 4.3. Line plots based on histograms of aggregate PV power production from the
aggregate clear-sky index and aggregate PV power production simulations from the
model of PV power production for each location. PV power output in both scenarios
are shown for zero and 40 degrees tilt facing south for one minute on one arbitrary
summer day: 12:00 on June 19.

4.1.2 Convolution approach

A convolution approach to modeling solar irradiance was introduced in paper
(IT), and described in Section 3.2.4. Here the data and the fit-to-distribution
results are shown along with the derivation of a generalized Angstrém equa-
tion.

In paper (II) data for DHI and BHI was obtained for the location of Nor-
rkoping, see Section 3.2.4 for more information on the setup. Histograms
along with the calibrated probability distributions for DHI and BHI with scal-
ing parameter B = 0.69, a consequence of using a threshold of ¢ = 0.01, are
shown in Figure 4.4.

It has proven possible to empirically estimate solar irradiation from the
number of bright sunshine hours relative to clear-sky irradiance, as was first in-
vestigated in [174] and [38, 39]. This can be expressed as the Angstrém equa-
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Figure 4.4. Histograms and fit-to-distributions for the DHI clear-sky index, corre-
sponding to a Gamma distribution, and the BHI clear-sky index corresponding to a
weighted Bernoulli distribution.

tion relating average solar irradiance to duration of bright sunshine [39, 165]:
G

c —a+(1—a)s. (4.1)

Here H is the monthly average of daily horizontal surface radiation, H,. is
the average daily clear sky solar radiation, S € [0, 1] is the fraction of bright
sunshine and « is a parameter for each location.

Based on the setup of the convolution model in Section 3.2.4 the follow-
ing can be concluded regarding expected values of the convolution approach.
GHI is, by definition, the clear-sky irradiance weighted by the clear-sky index
according to (see Section 3.2.4 for nomenclature):

G = (X4 +Xp)Ge, 4.2)

where G and G, are now considered stochastic variables as well. Recall from
(3.29) that X;, = BX/, where B is a constant, then one gets the following ex-
pected value of (4.2):

E[G] = E[(X; +X4)G.] = E[X4 + BX;)E[G.], 4.3)

where one can identify the ratio of monthly average daily horizontal irradiance
H and the monthly average of clear-sky irradiance H, via the ratio of expected
values for G and G_:

(4.4)
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Despite X; and X, are correlated, the expected value of the sum of X; and
Xp, is equal to the sum of the expected values, which brings the following
expression:
H ,
7= E[xq]+ BE[x}). 4.5)
c
It is known that E[X,] = yd is the expected value of the Gamma distribu-
tion (3.12). Here this represents the average solar irradiance from cloudiness.
E[X]] is the expected value of the Bernoulli distribution:

E[X;] = p. (4.6)

This brings a generalization of the Angstrém equation (4.1) for estimates of
solar irradiation:

H
- Y0+ Bp 4.7)
where one can identify Y8 ~ a and p = S in the Angstrém equation (4.1), but
B is not necessarily equivalent to 1 — a, which defines the generalization of
the Angstrém equation. It should be pointed out that (4.7) is similar to the
empirical ;\ngstr(im—Prescott equation with the difference that the Angstrdm—
Prescott equation is based on extraterrestrial radiation instead of clear-sky ir-
radiance [165, 175]. With data on DHI and BHI from one year (2008) solar
irradiance measurements for the location of Norrkdping, Sweden (59°35'31”
N 17°11’8” E) [158], along with proper fit-to-distribution routines for the data
set outlined in Section 3.2.4, one arrives at: Y0 = 0.32 and 8 = 0.64. It should
be noted that value of B is achieved with a threshold of ¢ ~ 0.01.

These estimates can be compared with Angstrém’s original results for Stock-
holm, Sweden in 1924: o = 0.25 (compared with Y6 = 0.32)), | — @ = 0.75
(compared with B = 0.64) [39].

4.2 Household electricity use

This section shows results for household electricity use based on the probabil-
ity distribution model developed in paper (III). Results for the Widén model
are not given explicitly in this thesis, since the model was previously devel-
oped, validated and analyzed by Joakim Widén [10]. Instead it is compared
with the probability distribution model in Section 4.2.2 and in connection with
the Markov chain EV charging model in Section 4.3.1.

4.2.1 Probability distribution model

The probability distribution model for household electricity use is described
in Section 3.3.2. Based on a large data set on electricity use from detached
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houses in Sweden Weibull and Log-normal probability density distributions
were calibrated for different time-bins for each hour, each day of the week
and each season. Unlike the Widén model this model contains electric heating
as well. As an example of the output from the model a Weibull probability
distribution of power consumption for each hour of the day during winter time
is shown in Figure 4.5.
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Figure 4.5. A surface plot of Weibull probability density distributions representing
electricity use for each hour on Mondays during winter time, generated from the
household electricity use probability distribution model from paper (III). The gray
line situated in the power-time plane represents the average power consumption for
each hour of the day. This surface plot is also present on the front page of the thesis.

From this figure it is possible to determine that the average power con-
sumption is highest during late evening, but with a minor spike during noon.
A minimum is reached around 05:00 in the morning. The more pronounced
the peak is in probability density the lower the variability of power use, it
is thus noticeable that the midnight variability appears to be lower than the
daytime variability. This is presumably related to the variability in activities
during daytime, which is mostly lacking during nighttime.

4.2.2 Comparison of models

The Widén Markov chain model for household electricity use was used in
papers (IV), (VI) and (VII). The Weibull probability distribution model was
developed in paper (III) and also used in paper (VIII). In this section these
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models are compared. The year average diurnal power consumption is shown
in Figure 4.6.
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Figure 4.6. Year-average power consumption simulated from the Weibull probability
distribution model compared with a five resident detached house simulation in the
Widén model. Both models are simulated with minute resolution.

The Widén Markov chain model was designed to produce time series of
electricity use from activities based on probabilities for changing activity and
electricity use associated with each activity. In comparison the probability dis-
tribution model is primarily designed to characterize electricity use in terms of
PDFs, but also secondarily to be able to produce time series of electricity use.
This implies that the Markov chain approach produces perhaps more realis-
tic time series, while the probability distribution model gives more applicable
analytic expressions quantifying the variability of electricity use.

The total yearly electricity use estimated by the Weibull probability distri-
bution model for detached house setup is 13.7 MWh and for the Widén Markov
chain model with five residents and detached house setting it is 8.3 MWh. One
major difference between the models is that the probability distribution model
is fit-to-distribution directly on a large data set of electricity use for detached
Swedish houses whereas the Markov chain model is based on activities and
assumes electricity use for each activity and background appliances such as
refrigerator. The probability distribution model then represents an average
type of household in the data-set whereas the Widén model has free variables,
such as the number of residents. The main model-setup difference in terms of
estimated energy consumption is the inclusion of electric heating in the prob-
ability distribution model. This is the main factor in the difference in yearly
electricity use. It should be noted that the Widén model was validated with
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the same electricity use data provided by the Swedish Energy Agency which
was used to calibrate the distributions in the household electricity use proba-
bility distribution model, see [74] for more information on the data set. This
similarity is reflected in the profiles of the year average diurnal load shown in
Figure 4.6, where on average both models have a high base load, a peak in
consumption during morning and a larger peak in the evening.

4.3 Electric vehicle charging

A Markov chain model for EV home-charging was developed in paper (IV)
and a probability distribution model of EV charging was developed in paper
(V). Results for the EV home-charging model, which was an extension to
the Widén-model for household electricity use, is presented in Section 4.3.1.
Results for the probability distribution model for EV charging is presented in
43.2.

4.3.1 Electric vehicle Markov chain model

This model was developed in Paper (IV). It was also used in paper (VI) as a
basis for estimating EV charging in the City of Westminster and in paper (VII)
for estimating the correlation between PV power production and EV charging.

This EV charging model was designed to be a home-charging model (see
Section 3.4.1). As an example one may setup the Widén model with two
residents in a detached house and one home-charged EV. The free parameters
of the EV are setup to match the specifications of Tesla model S combined
with standard driving behavior used in paper (IV), see parameters in Table
4.3.

Table 4.3. Simulation setup on the Markov chain EV home-charging model.

CCharge  CPEV. gprv SOChmin SOComax D 1% v

23kW 84kW 0.2 OkWh 85kWh 37km 46km/h 0.2 kWh/km

A combination of model output for household electricity use and EV home-
charging is presented in Figure 4.7. The corresponding yearly electricity use
for this setup is given in Table 4.4.

In this simulation the total electricity use from the two resident detached
house excluding any form of electric heating is 4.13 MWh/year and the EV
charging is 5.60 MWh/year. Keep in mind here that the EV model is limited to
one resident as driver of the EV. Figure 4.7 shows a large power consumption
on average during the day, but with a pronounced peak during evening and
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Figure 4.7. A stacked bar-plot over year average daily power consumption from ap-
pliance categories and a home-charged EV with specifications in Table 4.3. The cor-
responding electricity use from each category of appliances is given in Table 4.4.

Table 4.4. Electricity demand (MWh/year) from the Widén model with the EV home-
charging extension. Nomenclature list is given in Figure 4.7.

A B C D E F G H I J
0.72 033 0.09 020 028 039 006 1.13 093 5.02

nighttime. This model is further investigated in connection with PV power
production in Section 4.4.1.

4.3.2 Electric vehicle probability distribution model

In this section simulations of the EV probability distribution model are pre-
sented. In similarity with the simulations for the Markov chain EV home-
charging model this model is also setup with Tesla Model S specifications
for these simulations. The parameter setup is shown in Table 4.5 and a year
average daily power consumption profile is given in Figure 4.8.

Table 4.5. Setup on the EV charging probability distribution model, for nomenclature
see Table 3.5.

(Charge CPEV  SOChin  SOCpax 1% v
23 kW/11 kW (fast) 84kW OkWh 85kWh 46km/h 0.2 kWh/km

The result indicates an average power consumption peak in the morning
and a larger average peak in power consumption in the evening. The model
predicts a total yearly electricity use of 2.2 MWh. Overall the introduction
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Figure 4.8. A year average daily power consumption profile for EV charging simu-
lated via the EV charging probability distribution model with setup from Table 4.5.
Note that the half-battery size is hidden behind the power consumption profile of the
standard setup. This is because the half-battery capacity setup has a negligible impact
in this maximally opportunistic charging setup, which charges often.

of fast-charging of 11 kW instead of 2.3 kW merely shifts the average load
profile in time, with slightly higher peak but no significant difference in energy
use. The most striking feature is perhaps the lack of an effect of reducing
the battery capacity to half, from 85 kWh to 42.5 kWh. This is because of
the maximally opportunistic setup of the model. By assuming that it charges
whenever stopped the EV has a tendency to charge often, which means that the
battery is rarely depleted, even if having a low capacity. This also emphasizes
the short-trip limit — typically city trips — applicability of the model. It can
also be seen as a model for the intermediate step between charging at a few
locations (such as only at home) and a completely electrified infrastructure.

4.3.3 Comparison of models

The similarities and the differences between the Markov chain model for EV
home-charging and the Bernoulli probability distribution model for maximally
opportunistic EV charging can be quantified in terms of electricity use and
average daily variability. In Figure 4.9 year average diurnal plots of power
consumption for the standard setup of the Markov chain EV home-charging
model and the maximally opportunistic Bernoulli distribution EV charging
model are presented. The setup is presented in Tables 4.3 and 4.5 with the
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exception of using a smaller available battery capacity of 14 kWh in order to
put the models on par with a relatively short-range EV.

0.8 T
= = = Distribution model
Markov-chain model

0 L
00:00 12:00 24:00

Figure 4.9. Year average diurnal variability of EV charging from the Markov chain
model for EV home-charging and the Bernoulli probability distribution model for
maximally opportunistic EV charging at any place. Both models were setup with
parameters in Tables 4.3 and 4.5 with the exception of using 14 kWh for both models
in order to put the models on par with a relatively short-range EV setup.

The probability distribution model had an energy consumption of 6.2 kWh/day
or 2.3 MWh/year while the Markov chain model had 4.3 kWh/day or 1.6
MWh/year, which suggests that maximally opportunistic charging uses more
energy with the same setup. Although this is a model-difference feature there
might be an actual realistic reason for this that stems from the difference
between opportunistic charging anywhere and home-charging. The Markov
chain model limits individuals from too long excursions by requiring home-
charging, which can be interpreted as a form of range-anxiety, see [176] for a
study on range anxiety using this model. The probability distribution model
on the other hand lacks any conceptual connection to range anxiety since the
charging stations in that model are considered maximally abundant by the
"charging anywhere when stopped" assumption. The electricity use profile
from the probability distribution model has a peak in the morning and a larger
peak in the evening which differs from the electricity use profile from the
Markov chain model which indicates a stark prevalence of charging during
evening and nighttime. This suggests different applicability of the models. It
should be noted that it is possible to combine these two models to achieve
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a home-charging probability distribution model, which was realized in Paper
(VIII), see Section 3.4.2.

4.4 Grid interaction and self-consumption

This section investigates self-consumption and grid interaction for the com-
bination of PV power production, household electricity use and EV charging
with different models. First results from the complete model combining the
Widén model and the EV extension with PV power production estimated from
solar irradiation are provided in Section 4.4.1. Second, results from the com-
plete probability distribution model combining PV power production, house-
hold electricity use and EV charging are presented in Section 4.4.2.

4.4.1 Markov chain electric vehicle charging model

In paper (VII) the correlation between household electricity use and EV home-
charging with PV power production was investigated by using the Widén
model for household electricity use with EV home-charging extension. The
one minute resolution of PV power production for the Angstrom Laboratory
at Uppsala Sweden (59°50'19” N 17°38'50” E) during January 1 to December
31 2011 was used along with the setup of household electricity use and EV
charging described in Section 4.3.1. The PV power production was setup with
45 degrees tilt, facing south. The module efficiency was set to 17 percent, and
the system efficiency set to 13 percent. See Section 3.2.6 for more information
on PV modeling from solar irradiance data.

With this setup the yearly net-zero energy PV power production for the two
resident detached house was generated by 25 m? PV panels, corresponding
to 4.3 kW,,. The yearly net-zero energy setup of the EV charging when us-
ing the Markov chain EV model with Tesla Model S setup in Table 4.3 is 30
m? PV panels, corresponding to 5.1 kW,,. The total net-zero energy PV area
setup is 55 m> which then corresponds to 9.4 kW,,. The average daily power
production and consumption for each setup is shown in Figure 4.10. On av-
erage EV charging increases the load during evening and nighttime and PV
power production is centered around noon. Since this is a year average plot
over diurnal electricity use it is tempting to estimate matching by inspection.
However averages can be misleading, instead the duration of the time series of
the generated data should be examined, as is done in Figure 4.11. It should be
noted that in paper (VII) the setup was different from the Tesla Model S setup,
in particular the available battery capacity was there set to 14 kWh instead of
85 kWh as here. The choice of a large battery capacity for the simulations pre-
sented in this results section is to more accurately represent the largest battery
capacity available today as an extreme scenario, and also to address future
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scenarios for EVs, which in all likelihood have larger battery capacities on
average compared with today’s standards.
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Figure 4.10. Year average daily power production from various net-zero energy setup
of PV power production and power consumption from two resident household elec-
tricity use and EV home-charging. The PV power production is generated by the
linear model based on solar irradiance presented in Section 3.2.6, synthetic household
electricity use and EV home-charging are generated from the Markov chain models,
see Sections 3.3.1 and 3.4.1.

In order to show grid interaction Figure 4.11 displays a duration diagram
for each component and for the combination of components.
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Figure 4.11. Duration plot representing one year electricity use associated with PV
power production, household electricity use and EV charging for various combina-
tions. The 9.4 kW, PV setup is net-zero energy setup for household + EV whereas
4.3 kW), is net-zero energy setup for only household electricity use.
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The duration diagrams in Figure 4.11 show that the introduction of EV
home-charging increases the high power load, and when the PV power pro-
duction is added there is a reduction of household and EV charging load, but
at the cost of net injection of electricity into the grid.

4.4.2 Probability distribution model

This section presents the results from paper (VIII) regarding the complete
probability distribution model which combines the probability distribution mod-
els for PV power production, household electricity use and EV home-charging
developed in papers (I), (III) and (V). Here household electricity use, EV
home-charging and PV power production are labeled as "components" in the
probability distribution model.

The study in paper (VIII) was developed according to descriptions in Sec-
tion 3.6.1. The household electricity use was obtained from the Weibull prob-
ability distribution model developed in paper (III) and described in Section
3.3.2. The PV power production was setup as yearly net-zero energy with
respect to the household electricity use: 81 m? PV system with 42 degrees
tilt facing south with efficiency 150 W/m? resulting in 12.2 kW,. EV home-
charging was simulated using the EV probability distribution model described
in Section 3.4.2, but with probabilities for charging calibrated by the Markov
chain EV home-charging model described in Section 3.4.1. The Markov chain
EV home-charging model was setup with the parameters in Table 4.6, along
with the seasonal seasonal coefficient (see Section 3.4.1).

Table 4.6. Setup on EV charging in the complete probability distribution model, for
nomenclature see Table 3.4.

PEV CCharge CPEV SOCin SOC D Vv v
02 23kW 84kW 21kWh 35kWh 37km 46km/h 0.2 kWh/km

This was studied on two system levels: individual household level and ag-
gregates of households. Initially the individual household level will be de-
scribed, followed by aggregate levels of households. Results for one year
minute-resolution data can be seen in Figure 4.12.

Probability distribution modeling of each power consuming/producing com-
ponent at the end-user in the grid gives an indication of the grid interaction.
In Figure 4.12 the probability density distribution on the positive side repre-
sents a histogram of consumed electricity from the grid, and the part of the
probability density distributions on the negative side represents a histogram of
electricity injected into the grid. Only the magnitude of the probability density
distribution at zero represents self-consumption. When adding standard setup
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Figure 4.12. Histograms of probability distributions obtained via convolution for each
setup of PV power production, household electricity use and EV home-charging gen-
erated from models developed in papers (I), (IIT), (V) and presented in paper (VIII).
See Section 3.6.

EV charging to the typical Weibull distribution setup of household power con-
sumption the effect is a small bump at around 2.3 kW. One has to keep in
mind that the magnitude in the histogram does not necessarily represent the
actual impact on the grid, it only describes the probability for each level of
power consumption/production. For this setup the household electricity use
is 13.6 MWh/year and the EV charging is about 1.7 MWh/year, and the PV
power production is sized to achieve annual net-zero energy consumption with
respect to the household electricity use.

The probability density distributions for each configuration of components
over time of day for a year using surface plots of histograms is shown in Fig-
ure 4.13. In this plot it is possible to see the average diurnal variation in grid
interaction, above all the probability distribution of PV power production in-
jected into the grid is prominent, despite being a net-zero energy setup. This
highlights the mismatch issue of intermittent PV power production, household
electricity use and EV home-charging from a probability distribution perspec-
tive.

The self-consumption measures of instantaneous load fractions (3.50) and
solar fractions (3.49) become probability density distributions in the proba-
bility distribution model. These probability density distributions are shown
in the form of histograms produced by the model, shown in Figure 4.14. The
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Figure 4.13. Surface plots over daily power consumption/production histograms for
each setup in the probability distribution model combining PV power production,
household electricity use and EV home-charging generated from models developed
(D, (IIT) and (V) and presented in paper (VIII).
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Figure 4.14. Histograms over instantaneous solar fraction and load fraction from
the probability distribution model combining household electricity use, EV home-
charging and PV power production generated from models models developed (I), (IIT)
and (V) and presented in paper (VIII).
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result shows that the solar fraction is approximately Bernoulli distributed, hav-
ing peaks around zero and one. By the definition of the solar fraction (found
in Section 3.6.2) this means that the household electricity use is most of the
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time either completely covered by PV power production or it is not covered at
all. The introduction of the EV does not change this situation, perhaps fast-
charging could change the distribution more significantly, which could have
an effect on the solar fraction. The load fraction histogram on the other hand
hints a descending distribution from zero up to one where there is a peak.
The load fraction represents by definition the level of PV power production
which is covered by load. The peak at one has an obvious explanation since
the model includes nighttime when there is no PV power production, and it is
completely covered by load. The reason for the descending Gamma or Weibull
type of distribution between zero and one is less obvious to explain, but it is
probably related to mornings and evenings and possible winter time since dur-
ing those occasions there is less PV power production — but not necessarily
zero. Also the load fraction does not change in any significant way when the
EV is introduced with the setup in this paper.

One has to keep in mind that in this particular probability distribution model
there is no dependence between each component as they are considered inde-
pendent by approximating assumptions. An approach which accounts for this
correlation, for example between EV charging and household electricity use,
would probably give different results.

These results represent the individual household level. The paper also in-
cludes an investigation of the effect of the power consumption/production dis-
tributions of aggregates of households.

The histogram line plot for the individual household scenario presented in
Figure 4.15 is identical to the histogram in Figure 4.12. As the number of
houses increase there are only small changes compared with the original dis-
tribution for power consumption and production. Above all the resulting dis-
tribution does not appear to converge a Normal distribution, which was the
case for the individual probability distribution models of PV power produc-
tion, household electricity use and EV charging as a result of the central limit
theorem. For the combined model there is an indirect dependence between
each component, which violates the variable independence criterion of the
central limit theorem. Thus despite the fact that the probability distributions
are independent variables by onset, they share indirect dependencies such as
diurnal and yearly variations in solar irradiance. This artefact arises because
the fit-to-distribution process for each model is performed for different time
bins, such as seasonal and diurnal time-bins for the household electricity use
model, which then connects to the (deterministic) seasonal and diurnal vari-
ation of PV power production. This non-Normal distribution feature in the
power consumption/production of aggregates of households is interesting be-
cause it highlights the dependence between each component of the system. In
turn this is interesting from a grid perspective, where aggregates of households
are used for design and operation of the local electricity grid.
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Figure 4.15. A line plot based on a histogram of power consumption for the setup of
aggregates of PV power production, household power consumption and EV home-
charging generated from the complete probability distribution model developed in
(VII), based on papers (I), (IIT) and (V). The PV setup is 81 m?, or 12.2 kW, for
each household, which corresponds to net-zero energy with respect to the household
load on a yearly basis.

4.5 Case studies

This section presents case studies regarding PV power production, household
electricity use and EV charging. First a study on PV power production, house-
hold electricity use and EV charging in the City of Westminster is presented in
Section 4.5.1 and then an analysis of PV power production and EV charging
from eight solar charging stations is presented in Section 3.5.

4.5.1 City of Westminster case study

In paper (VI) the self-consumption and grid interaction study presented in
paper (VII) was applied to a case study of the City of Westminster, London. In
that study data for solar irradiance was provided by the software Meteonorm
[170]. Data for the City of Westminster was used such as available rooftop area
from UKMap [177] and data on number of residents per household [178, 179].
A scenario of maximum introduction of PV in the City of Westminster was
identified from UKmap with the assumption that 25% of available rooftop area
(due to e.g. chimneys) could be feasible for PV. The Markov chain model for
household electricity use and EV home-charging was then used to characterize
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Figure 4.16. A one year duration diagram over the simulated power consumption from
household activities and EV home-charging with PV power production in the City of
Westminster. The simulation was setup with an assumption of complete electrification
of all current vehicles and with a maximum feasible coverage of PV in the City of
Westminster.

electricity consumption and production for each household size and for the
entire City of Westminster. A duration diagram of the electricity use for the
City of Westminster with household electricity use, all 48,810 current vehicles
replaced with home-charged standard setup EVs (with setup from Table 4.6)
and a maximum coverage of 465,509 m? or 70 GW,, PV (assuming 15 percent
system efficiency) is shown in Figure 4.16.

The results show that a maximum feasible introduction of PV in the City
of Westminster showed no net production of electricity. The total electricity
use and standard deviation of electricity use for each scenario is given in Table
4.7.

This table shows the small effect on total electricity use of introducing EV
charging and/or PV power production, but with a higher standard deviation of
electricity use for those scenarios. This could have an effect on the power grid,
in particular at the end-user where the variability is larger.

4.5.2 Solar charging station data

In paper (IX) data for EV charging and PV power production from eight
Solelia Greentech solar charging stations distributed across southern Sweden
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Table 4.7. Energy use and standard deviation of power consumption for the different
scenarios for the City of Westminster.

Energy use Net power demand
System setup (GWh/yr) Std MW)
Households 431 11.5
Household + EV 514 17.5
Households - PV 416 11.9
Households + EV - PV 498 18.2

was quantified and analyzed. The solar charging stations and the data are de-
scribed in Section 3.5.

Each solar charging station was based on different charging conditions: free
public charging or free charging for the company owning the charging station.
The data set was one-minute resolution for 281 and 310 consecutive days of
data (depending on station) with a lack of PV power production data for two
stations. Data on cumulative EV charging during the periods for each station
along with cumulative PV power production for the same stations are given in

Table 4.8.
Table 4.8. Total electricity production and consumption for each solar charging sta-
tion.
Station | Dates Production (kWh) | Consumption (kWh)
1 08Sep2013- | 0 162
06Jul2014
2 08Sep2013- | O 342
06Jul2014
3 08Sep2013 - | 493 373
06Jul2014
4 08Sep2013 - | 493 795
06Jul2014
5 08Sep2013 - | 603 214
14Jul2014
6 08Sep2013 - | 603 260
14Jul2014
7 070ct2013 - | 544 338
14Jul2014
8 070ct2013 - | 544 744
14Jul2014

The cumulative electricity use from EV charging is at a similar level com-
pared with the cumulative PV power production during the same period of
time for most solar charging stations. The average diurnal variability of EV
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charging and PV power production for each solar charging station is shown in
Figure 4.17.
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Figure 4.17. Plots representing average daily electricity consumption and produc-
tion data with hour-resolution from the solar charging stations. From upper left to
lower right the plots represent the output from stations 1-8 included in paper (IX). The
solid line represents the average daily EV charging power consumption profile and the
dashed line the PV power production. Note that in order to highlight the profiles for
each station the y-axis limits differs between the plots.

In this figure there is a large variation between the EV charging power pro-
files in terms of both diurnal variability and average magnitude. These can be
compared with the results of the EV charging models developed in papers (V)
and (IV), shown in Section 4.3.

The EV charging model developed in paper (V) was based on an oppor-
tunistic charging scheme, charging whenever the vehicle stops, while the EV
charging model developed in paper (IV) was based on home-charging only.
The difference between these approaches compared with the setup of the solar
charging stations is that the EV modeling was based on the actions of one EV,
and where it was charged, whereas the data was obtained from each charging
station, regardless of the number of EVs. This makes a complete compari-
son impossible. Despite this the diurnal variability of station 1 is somewhat
similar to EV home-charging (at least for small battery setup, see paper (IV))
and station 4 is similar to opportunistic EV charging. Any reason for these
potential connections is yet to be found.
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grid interaction in terms of self-consumption is presented in Table 4.9. The
level of self-consumption — in terms of load fraction — varies between 0.2
and 10 percent, and a study by means of the probability distribution models
of only EV as a means for PV self-consumption based on models is yet to be
done, thus no comparison can be made so far. Nevertheless, there is a large
potential for improvement regarding PV self-consumption by means of EV
charging. A first step is to maximize the amount of EVs that charge at the
solar charging stations, a second step could perhaps be to introduce smart-
charging schemes, such as various incentives for charging at different times
during the day.

Table 4.9. Total grid interaction and self-consumption of the solar charging stations.

Station | Net consumption | Net production | Self-consumption
(kWh) (kWh) (kWh)

1 162 0 0

2 342 0 0

3 363 483 10

4 759 457 36

5 592 203 11

6 586 243 17

7 512 306 32

8 506 706 38
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5. Discussion

This chapter presents a discussion on the topics and results presented in the
thesis and the appended papers.

5.1 Discussion

Gaining insight, by means of devising accurate models with potential forecast-
ing, of the space-time variability of solar irradiance on Earth’s surface is of
direct use in utilizing renewable energy via PV systems. In combination with
models for electricity use from residential houses and potential EV charging
this presents interesting possibilities for optimization.

EV charging patterns are highly dependent on conditions for charging. The
difference between the Markov chain home-charging model and the probabil-
ity distribution model for opportunistic charging is highlighted both in magni-
tude and variability. Also solar charging station data indicates a strong vari-
ability between stations, which suggests that EV charging is perhaps more
suitably modeled on the basis of stations and their setup rather than on the
basis of the EV users.

Generally, probability distribution models present a good way of condens-
ing large sets of data into manageable systems with preserved information
regarding variability. When applied to electricity use and production these
models present valuable information regarding the magnitude and variability
of grid interaction and load matching which can assist in devising grid inter-
action indicators [35]. The use of probability distributions for characterizing
power production and demand on an individual household level also assist
in the process of modeling power production and demand from aggregates
of households via methodologies of probability distribution theory. This has
applications for grid calculations and can assist in power system design and
policy development. It can also assist in the analysis of for example NZEB
electricity consumption and production mismatch.

5.2 Future work

This thesis provides models and research regarding PV power production,
household electricity use, EV charging and the combinations thereof. There is
more to be done within these topics. I hope the following comes to fruition.

75



The combination of PV power production and only EV charging, both
home-charging and charging elsewhere is interesting to quantify. Also since
real-life data on EV charging is scarce it would be interesting to continue the
analysis of model predictions in this thesis compared with actual data on EV
charging. This could also prove to be a useful pursuit in attempts to sort out
relevant models in the massive — and expanding — body of literature on EV
charging models.

A continued study of PV power production, household electricity use and
EV charging in terms of probability distributions could prove interesting for
estimating grid interaction. In turn this could be used in advanced calculations
for estimating grid-impact.

Studies on forecasting PV power production with probability distribution
modeling could be interesting, in particular for the setup of smart-home man-
agement systems. Generally pushing the state-of-the-art of solar irradiance
modeling for single and multiple locations is of importance for PV power pro-
duction estimates globally.

The development and direct utilization of approximating statistical meth-
ods could dramatically improve the applicability of statistical models for PV
power production, household electricity use and EV charging.

Also implementing easy-to-use smart charging strategies for EVs could be
interesting to investigate both theoretically via modeling, but also via real-life
implementations. This is particularly interesting in connection with PV power
production, such as for the solar charging stations.

Generally devising test studies for implementation of PV systems and EV
charging stations for houses and neighborhoods presents a great opportunity to
verify models and to identify new research opportunities while simultaneously
providing residents with state-of-the-art energy efficient technology.
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6. Summary of conclusions

This chapter summarizes the main conclusions of the studies presented in this
thesis. This relates to the aims presented in Section 1.1 and identified research
gaps in Section 2.6.

Solar irradiance and PV power production modeling (Papers

(I)-(ID))

o It was shown that a stochastic variable with a bimodal Normal mixture
distribution could be used to model the clear-sky index, subsequent solar
irradiance and PV power production. For remote locations the aggregate
clear-sky index was shown to approach a Normal distribution.

e With the aid of Gamma-distributed and Bernoulli-distributed stochastic
variables it was possible to show a correlation between solar irradiance
and number of bright sunshine hours over time by providing a general-
ized Angstr(ﬂm equation.

Household electricity use modeling (Paper (III))

o It was shown that it is possible to model household electricity use with
either Weibull or Log-normal distributed stochastic variables. For aggre-
gates of households the resulting electricity use profile at any moment
was shown to approach a normal distribution as the number of house-
holds increased.

Electric vehicle charging modeling (Papers (IV)-(V))

e EV home-charging was modeled as an extension to the Widén Markov
chain model for generating synthetic household electricity use patterns.
EV home-charging was shown to have a peak during evening and night
time with a yearly electricity use of 1.6-5.6 MWh/year.

e It was shown that EV charging could be modeled via Bernoulli dis-

tributed stochastic variables. For aggregates of EVs the probability dis-
tribution for charging was shown to approach a normal distribution.
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Modeling of PV power production, household electricity use and
EV charging (Papers (VI)-(VIII))

e A complete model of PV power production, household electricity use

and EV charging was developed using stochastic variables. Indirect de-
pendencies between each component of the model implied that the re-
sulting power consumption/production was not normally distributed for
aggregates of households with this model (in contrast to the results of
the individual components).

A complete model of PV power production, household electricity use
and EV charging with the use of data on solar PV power production
and Markov chain models of household electricity use with EV home-
charging was developed. Results from simulations indicated that while
the EV increases the self-consumption of PV power production it in-
creases the total electricity use from the grid due to evening and night-
time charging.

As a case study for the City of Westminster a complete model of PV
power production, household electricity use and EV charging was de-
veloped. The model was based on the Widén Markov chain model for
household electricity use and with EV home-charging extension com-
bined with PV power production obtained from a PV model and Me-
teonorm data. In no feasible scenario did PV power production exceed
the power consumption of the households in the city.

Analysis of EV charging and PV power production from solar
charging stations (Paper (IX))
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e Data on EV charging and PV power production from eight Solelia Green-

tech AB solar charging stations was quantified and analyzed. The charg-
ing patterns of the solar charging stations were shown to be diverse
in magnitude and diurnal as well as seasonal variability. The cumula-
tive electricity use of EV charging covered PV power production be-
tween 43% and 162% for the duration of the study, but due to mismatch
between power consumption and production the PV self-consumption
(Load fraction) was between 0.2% and 10%.



7. Sammanfattning pa svenska

Genom sjunkande priser pa solceller sa har solelinstallationer, speciellt pa hus-
tak hos privatpersoner, blivit allt vanligare i Sverige och virlden 6ver. Néstan
alla installationer 4r idag dessutom inkopplade direkt till elnétet vilket gor att
man kan leverera den del av solelen som man sjilv inte konsumerar till el-
nitet. Beroende pa lagar och avtal for leverans av solel till nétet sd kan man
tjéna pa att antingen silja den egenproducerade elen till nitet eller att anvéinda
den sjdlv genom hushallselanvindning eller exempelvis elbilsladdning. Det
dr darfor intressant att undersoka hur solelproduktionen sammanfaller med
elkonsumptionen.

Hur vl solelproduktion verensstimmer med hushéllselanvéindning r till
viss del kind sedan tidigare, men hur vil den stimmer 6verens med elbil-
sladdning har varit en 6ppen fragestillning. Genom stigande priser pa bensin
och diesel samtidigt som batterier och elbilstekniker forbittrats sa har det blivit
allt mer 16nsamt och vanligare med elbilar och hybrider, det vill sdga elbilar
med en extramotor som gér pa bensin eller diesel. Det har dven blivit allt van-
ligare att hybrider gar att ladda direkt fran elnitet med plug-in teknik. Efter-
som bade nitansluten solel och elbilsladdning utgor en belastning pé elnitet
sa dr det onskvirt att undersoka detta fran ett elnitperspektiv, speciellt infor
framtida elnétsforbéttringar.

I denna avhandling sé presenterar jag forskning kring solelproduktion, an-
vindning av husehéllsel samt elbilsladdning. Jag har skapat matematiska
modeller som aterspeglar verklig solelproduktion, hushéallselanvidndning och
elbilsladdning for individuella hushall, for grupper av hushall samt for hela
stader. Dessa modeller dr utvecklade utifran principer och antaganden samt
uppmitta data som relaterar till solel, hushallsel och elbilsladdning och utgor
en del av resultatet av denna avhandling. Modellerna, samt analys av data for
solelproduktion och elbilsladdning, vilka presenteras i denna avhandling, &r
publicerade 1 internationellt ansedda vetenskapliga tidsskrifter.

Resultaten visar att elbilsladdning hemma troligen mestadels kommer att
ske under sen eftermiddag, kvéllstid och natt. Tillsammans med solel och
hushéllselkonsumtion s visar detta att elbilsladdning dkar egenanvindningen
av solel, men att elbilsladdning hemma till storsta delen inte laddas med solel
utan fran nitet, oavsett storlek pa solcellsystemet. En annan modell for el-
bilsladdning utvecklades dr elbilen laddades varje gdng den stannade. Denna
modell visade pa elbilsladdning under middag och eftermiddag, ndgot som kan
visa sig vara mer effektivt for matchning mot solelproduktion. En av studierna
som &r inkluderade i avhandlingen &r en fallstudie av stadsdelen Westminster
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i London, Storbritannien, som genomfordes tillsammans med forskargruppen
EECi vid universitetet i Cambridge. Dér konstaterades att solelproduktionen
fran en komplett rimlig beldggning av solceller i stadsdelen inte skulle Gver-
stiga elkonsumptionen fran hushallen. I en annan studie gjordes en analys av
uppmiitt elbilsladdning och solelproduktion for atta av Solelia Greentech ABs
solcellsladdstationer.

De modeller jag har utvecklat har dven anvints i elnétsstudier som ut-
forts tillsammans med STRI och Sweco for att uppskatta nodvéandigheten for
forbdttringar av Svenska elnitet framover. Vidare forskning inriktas pa att
fortsitta undersoka solelproduktion, hushéllselkonsumtion och elbilsladdning
fran olika perspektiv samt att utveckla mer avancerade matematiska modeller.
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