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ABSTRACT

Technical advances and the decreasing costs of photovoltaic (PV) and battery

(B) systems are key drivers for the consumer-prosumer transition, and crucial com-

ponents in many countries’ energy strategies for reducing the emission intensity in

energy systems and supporting the phase-out of nuclear energy generation. The

build-up and expansion of solar capacities in response to the gradual reduction of

electricity generated from fossil or nuclear fuels leads to an increasingly decentral-

ized energy supply system, which consists of many small utility- and residential-scale

generators spread across a service area alongside larger centralized power plants that

compensate for the intermittent nature of renewable energy sources. Consequently,

the decentralization of the energy system also implies a shift from large (mostly

publicly owned) investors in centralized power stations to smaller, private investors

in small-scale PV systems.

During the past decade, remuneration rates for PV systems in many countries have

been continuously reduced in response to falling PV module costs. In some service

areas, the remuneration rate is considerably less than the retail rate for energy,

making it more attractive to self-consume a large share of the generated electricity.

Self-consumption is defined as the share of the annually generated energy that can

be directly consumed by the prosumer. The fraction that cannot be self-consumed is

injected into the grid at a remuneration rate. The achieved rate of self-consumption

is an important factor that influences the profitability of photovoltaic battery (PVB)

systems and depends (among other factors) on how well the load profile of a house-

hold concurs with its solar production. However, the influence of the individual

load profiles on the profitability of PVB systems has received little attention in the

academic literature. Therefore, the first objective of this thesis is the assessment of

the impact of load profile heterogeneity on the profitability of solar battery systems

under various system cost scenarios. A techno-economic simulation model has been

developed to account for load profile heterogeneity by processing a dataset consisting

of more than 4000 real world load profiles with today’s costs (without subsidies) and

future cost scenarios. The simulation results for the location of Zurich suggest that

the profitability of PVB systems varies considerably between households, even for

households with comparable total annual demands. About 40% of the households

can reach profitability under today’s cost assumption (PV: 2000 e/kWp, B: 1000
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e/kWh). Solar becomes profitable for nearly all (94%) analyzed households if costs

drop to 1000 e/kWp. For battery storage to be profitable for prosumer households,

battery system costs must fall to 250-500 e/kWh.

Utility companies and service providers have started to offer information systems

that enable households to estimate the profitability of PVB systems based on some

basic inputs, such as annual demand or orientation of the solar arrays. However,

these information systems omit household specific load profile data, which also con-

tains information about the shape of the load profile. The integration of load profile

data can provide more personalized and reliable estimation of profitability, opti-

mal PV and battery size, as well as annual performance factors, like expected self-

consumption and self-sufficiency rates. However, household specific smart-meter

data is often not available because utilities do not store smart-meter data with

sub-hourly resolution by default. Thus, the estimation of household specific prof-

itability, optimal system sizes and expected annual performance factors need to rely

on smart-meter data recorded over a time period comparable to the duration of the

tendering process for a PVB system, which typically lasts a few months. At the

beginning or throughout the tendering phase, smart-meter data can be collected

to estimate profitability, optimal sizes and annual performance factors would allow

households to make more cautious and confident investment decisions. The academic

literature already provides statistical methods that help predict self-consumption or

self-sufficiency from annual demand or installed solar power. However, very few

existing studies include the load profile and its shape as an input factor and apply it

to an unseen dataset large enough to verify its application in the tendering phase of

a PVB system. Given the importance of the load profile for the personalized estima-

tion of profitability, the second objective of the dissertation is the development and

evaluation of a machine learning algorithm for the prediction of PVB profitability.

The proposed machine learning algorithm uses the load profile as an exclusive input

factor and predicts the PVB profitability, along with the optimal PV size, optimal

battery size, achieved self-consumption and self-sufficiency rates. Good prediction

accuracy was found if the smart-meter data is collected over a minimum timeframe

of 30 days, which is acceptable for the prediction of profitability, optimal system

sizes and annual performance factors during the tendering phase of a PVB system.
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Given the growing gap between the remuneration of injecting generated electricity

into the grid and retail rates, one promising alternative might be electricity trading

in peer-to-peer (P2P) networks. P2P energy networks may offer an alternative sys-

tem in which prosumers market their surplus energy directly to consumers at a rate

closer to the retail tariff that households face when they consume energy from the

utility. Prosumers are therefore incentivized to maximize the share of their surplus

generation that can be traded within a P2P network. However, little is known about

optimal network or community configurations (i.e. number of households, prosumer

share, generation and storage capacity) that reduce imports and exports out of the

P2P network compared to stand-alone households. Hence, the third objective of the

dissertation is the quantification of optimal P2P network configurations regarding

optimal number of households, generation and storage capacity. To this end, the

previously mentioned techno-economic model is extended to account for energy flows

between prosumers and consumers that are part of a P2P network. Energy flows

between peers lead to reductions in imports and exports at the community-level

and can be compared against the sum of individual household-level imports and

exports under various community configurations. The simulation results indicate

that increasing the number of households within a community reduces the imports

and exports out of the community, thus increasing the self-consumption and self-

sufficiency rate of the entire community and enabling prosumers to market parts of

their surplus generation directly to peers. However, the results also indicate that

the self-consumption and self-sufficiency rate of the community already levels off

with 10 participating households. Hence, adding more households to a community

will only marginally increase its self-consumption and self-sufficiency rate. There-

fore, larger communities are only marginally more effective in reducing imports and

exports compared to many small communities consisting of at least 10 households.

Prosumer-dominated communities are less effective in reducing imports and exports

compared to communities with smaller prosumer shares, because the surplus gener-

ation and demand concur less frequently in communities consisting predominantly

of prosumers. In a P2P community network, households should store energy only if

that unit of energy cannot be simultaneously consumed elsewhere in the community.

The more surplus energy generated by prosumers in a network that can be directly

consumed by other households within the community, the less storage capacity is

required. The simulations indicate that battery storage systems – sized to maximize
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the net present value – are not required if the prosumer ratio in the community is

not larger than 25%. Even in the extreme scenario where all members of the commu-

nity are prosumers, the battery units of the individual households can be reduced by

26% if the batteries cooperate to reduce imports and exports at the community-level.

Overall, the results of this thesis are relevant for households making individual

investment decisions as well as for utility companies to more effectively identify and

approach relevant customers for the installation of PVB systems. The results in-

dicate that large spreads in profitability will continue to persist if costs for PVB

systems fall in the future. Furthermore, the dissertation develops and evaluates a

prototypical machine learning algorithm for the prediction of profitability, optimal

system sizes and annual performance, even if incomplete input data, such as load

profiles, are available. Beyond that, the dissertation provides simple design guide-

lines for P2P energy networks, suggesting that small communities of 10 households

already maximize the self-consumption and self-sufficiency rate by effectively re-

ducing imports and exports compared to individual households. Given the small

community size required to reduce imports and exports, communities should be em-

bedded locally on the low-voltage grid. The results of this dissertation highlight

the need to discuss and develop regulations that facilitate community building and

tariff schemes that incentivize local balancing.
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KURZFASSUNG

Der technische Fortschritt und die sinkenden Kosten von Photovoltaik- (PV)

und Batterie- (B) systemen sind wichtige Treiber für den Übergang von Konsument

zu Prosument. Photovoltaik- und Batterie- (PVB) Systeme sind zugleich wichtige

Komponenten in den Energiestrategien vieler Länder zur Verringerung des Ver-

brauchs von fossilen und nuklearen Brennstoffen. Der Auf- und Ausbau von Solarka-

pazitäten führt zu einem zunehmend dezentralen Energieversorgungssystem, das aus

vielen kleinen und mittelgrossen Produzenten besteht, die über ein Versorgungsge-

biet verteilt sind, sowie aus grösseren zentralen Kraftwerken, die den stochastischen

Erzeugungscharakter von erneuerbarer Energiequellen kompensieren. Die Dezen-

tralisierung des Energiesystems impliziert daher auch eine Verlagerung von grossen

(meist öffentlichen) Investoren von zentralen Kraftwerken zu kleineren privaten In-

vestoren von kleinen PV-Anlagen.

Die Einspeisetarife für eingespeisten Solarstrom wurden in vielen Ländern in den let-

zten zehn Jahren als Reaktion auf sinkende PV-Modulkosten kontinuierlich gesenkt.

In einigen Versorgungsgebieten ist der Einspeisetarif deutlich niedriger als der Tarif

für elektrische Energie, was es attraktiver macht, einen grossen Teil des erzeugten

Stroms selbst zu verbrauchen. Der Eigenverbrauch ist definiert als der Anteil der

jährlich erzeugten Energie, der vom Produzenten direkt verbraucht werden kann.

Der nicht selbst verbrauchte Anteil wird ins Netz eingespeist und mit dem Ein-

speisetarif vergütet. Der erzielte Eigenverbrauch ist ein wichtiger Faktor, der die

Rentabilität von PVB-Systemen beeinflusst und unter anderem davon abhängt, wie

gut ein Lastprofil (typisches Tagesprofil des Stromverbrauchs) eines Haushalts mit

der Solarproduktion übereinstimmt. Der Einfluss des individuellen Lastprofils auf

die Rentabilität von PVB-Systemen wurde bislang in der Fachliteratur jedoch wenig

beachtet. Daher ist es das erste Ziel dieser Arbeit, zu evaluieren wie sich die Het-

erogenität der Lastprofile auf die Rentabilität von PVB-Systemen auswirkt in ver-

schiedenen Systemkostenszenarien. Um der Heterogenität des Lastprofils Rechnung

zu tragen, wurde ein techno-ökonomisches Simulationsmodell entwickelt, das einen

Datensatz von mehr als 4000 realen Lastprofilen mit den heutigen Kosten (ohne Sub-

ventionen) und zukünftigen Kostenszenarien verarbeitet. Die Simulationsergebnisse

für den Standort Zürich deuten darauf hin, dass die Rentabilität der PVB-Anlage

zwischen den Haushalten sehr unterschiedlich ist, selbst bei Haushalten mit ver-
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gleichbarem jährlichen Gesamtbedarf. Etwa 40% der Haushalte können unter den

heutigen Kosten (PV: 2000 e/kWp, B: 1000 e/kWh) Rentabilität erreichen. Ein

PV-System wird für fast alle (94%) der analysierten Haushalte profitabel, wenn

die Kosten auf 1000 e/kWp sinken. Damit die Batteriespeicherung für Haushalte

wirtschaftlich wird, müssen die Kosten für das Batteriesystem auf 250-500 e/kWh

sinken.

Versorgungsunternehmen und Dienstleister haben begonnen, Informationssysteme

anzubieten, die es Haushalten ermöglichen, die Rentabilität von PVB-Systemen an-

hand einiger grundlegender Faktoren wie dem Jahresbedarf oder der Ausrichtung der

Solaranlagen zu schätzen. Diese Informationssysteme berücksichtigen jedoch nicht

haushaltsspezifische Lastprofildaten, die auch Informationen über die Form des Last-

profils enthalten. Die Integration der Lastprofildaten des jeweiligen Haushalts in die

Rentabilitätsberechnung gestattet eine individuellere und zuverlässigere Schätzung

der Rentabilität, der optimalen PV- und Batteriegrösse sowie der jährlichen Kenn-

zahlen wie erwarteter Eigenverbrauchs- und Autarkiegrad. Haushaltsspezifische

Smart-Meter-Daten sind jedoch oft nicht verfügbar, da die Versorgungsunternehmen

Smart-Meter-Daten nicht standardmässig mit einer Auflösung von unter einer Stunde

speichern. Daher muss sich die Schätzung der haushaltsspezifischen Rentabilität,

der optimalen Systemgrössen und der erwarteten jährlichen Kennzahlen auf Smart-

Meter-Daten stützen, die über einen Zeitraum erfasst wurden, der mit der typ-

ischen Dauer einer Ausschreibungs- und Angebotsphase für ein PVB-System ver-

gleichbar ist. Die wissenschaftliche Literatur bietet bereits statistische Methoden,

die es ermöglichen, den Eigenverbrauch oder die Autarkie aus dem Jahresbedarf

oder der installierten PV-Leistung vorherzusagen. Nur sehr wenige beinhalten je-

doch das Lastprofil und seine Form als Eingangsfaktor und wenden es auf einen

unbekannten Testdatensatz an, der gross genug ist, um die Anwendung der Meth-

ode vor oder während der Ausschreibungs- und Angebotsphase eines PVB-Systems

zu überprüfen. Angesichts der Bedeutung des Lastprofils für die personalisierte

Schätzung der Rentabilität ist das zweite Ziel der Dissertation die Entwicklung

und Bewertung eines maschinellen Lernalgorithmus zur Vorhersage der Rentabilität

einer PVB-Anlage. Der vorgeschlagene maschinelle Lernalgorithmus verwendet das

Lastprofil als einzigen Inputfaktor und prognostiziert die PVB-Profitabilität zusam-

men mit der optimalen PV-Grösse, der optimalen Batteriegrösse, dem erreichten
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Eigenverbrauchs- und Autarkiegrad. Eine gute Vorhersagegenauigkeit wurde erre-

icht, wenn die Smart-Meter-Daten über einen Zeitraum von mindestens 30 Tagen

gesammelt werden, was für die Vorhersage von Rentabilität, optimalen Systemgrössen

und jährlichen Leistungsfaktoren während oder kurz vor der Ausschreibungs- und

Angebotsphase eines PVB-Systems akzeptabel ist.

In einigen Versorgungsgebieten ist der Vergütungssatz für PV-Strom deutlich niedriger

als der Energiepreis selbst. P2P-Energienetze können ein alternatives System bi-

eten, bei dem die Prosumenten ihre überschüssige Energie direkt an die Verbraucher

vermarkten. Dies kann zu einem Preis erfolgen, der näher beim heutigen Endver-

brauchertarif (d.h. Strombezug vom Energieversorger) liegt. Prosumenten haben

somit ein grosses Interesse, den Anteil ihrer Überschussproduktion, der innerhalb

eines solchen P2P-Netzwerks gehandelt wird, zu maximieren. Über optimale Netzwerk-

und Gemeinschaftskonfigurationen (Anzahl der Haushalte, Prosumenten-Anteil, in-

stallierte PV-Leistung und Speicherkapazität), die den Import und Export aus

dem P2P-Netzwerk im Vergleich zu Einzelhaushalten reduzieren, ist jedoch wenig

bekannt. Daher ist das dritte Ziel der Dissertation die Quantifizierung der optimalen

P2P-Netzwerk-Konfigurationen hinsichtlich der optimalen Anzahl von Haushalten,

installierter PV-Leistung und Speicherkapazität. Zu diesem Zweck wird das zuvor

erwähnte techno-ökonomische Modell erweitert, um Energieflüsse zwischen Prosu-

menten und Verbrauchern zu berücksichtigen, die Teil eines P2P-Netzwerks sind.

Der Energiefluss zwischen den Nachbarn führt zu einem Rückgang der Importe und

Exporte auf Gemeinschaftsebene und kann mit der Summe der Importe und Ex-

porte der einzelnen Haushalte in der Gemeinschaft verglichen werden. Die Simula-

tionsergebnisse deuten darauf hin, dass die Erhöhung der Zahl der Haushalte inner-

halb einer Gemeinschaft die Importe und Exporte aus der Gemeinschaft reduziert.

Dadurch wird die Eigenverbrauchs- und die Selbstversorgungsrate der gesamten

Gemeinschaft gesteigert und die Prosumenten haben die Möglichkeit, mehr von

ihrer Überschussproduktion direkt an ihre Nachbarn zu vermarkten. Aus den Sim-

ulationsergebnissen kann abgeleitet werden, dass sich ab einer Gemeinschaftsgrösse

von zehn Haushalten der Eigenverbrauchs- und Autarkiegrad der Gemeinschaft

nicht massgeblich weiter steigern lässt. Grössere Gemeinschaften sind daher bei

der Reduzierung von Importen und Exporten nur geringfügig effektiver als viele

kleine Gemeinschaften mit mindestens zehn Haushalten. Reine Prosumentenge-
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meinschaften sind bei der Reduzierung von Importen und Exporten weniger effektiv

als Gemeinschaften mit kleineren Prosumentenanteilen, da die Überschussenergie

und Nachfrage in Gemeinschaften, die überwiegend aus Prosumenten bestehen,

weniger häufig zusammenfallen. In einem P2P-Gemeinschaftsnetz sollten Haushalte

nur dann Energie speichern, wenn diese Energie nicht zeitgleich von einem anderen

Mitglied in der Gemeinschaft verbraucht werden kann. Je mehr überschüssige En-

ergie direkt innerhalb der Gemeinschaft verbraucht werden kann, desto weniger

Speicherkapazität wird benötigt. Die Simulationen zeigen, dass Batteriespeicher-

systeme - ausgelegt für die Maximierung des Netto-Kapitalwerts - nicht erforderlich

sind, wenn der Prosumentenanteil in der Gemeinschaft nicht grösser als 25% ist.

Selbst im Extremszenario, in dem alle Mitglieder der Gemeinschaft Prosumenten

sind, können die Batteriegrössen der einzelnen Haushalte um mindestens 26% re-

duziert werden, sofern die Batterien mittels einer intelligenten Steuerung zusamme-

narbeiten, um Importe und Exporte auf Gemeinschaftsebene zu reduzieren.

Die Ergebnisse dieser Arbeit sind sowohl für Haushalte relevant, um individuelle

Investitionsentscheidungen zu treffen, als auch für Energieversorger, um relevante

Kunden für die Installation von PVB-Systemen besser zu identifizieren und anzus-

prechen. Die Ergebnisse deuten darauf hin, dass auch bei sinkenden Kosten für

PVB-Anlagen in Zukunft weiterhin hohe Rentabilitätsunterschiede zwischen Pro-

sumenten mit verschiedenen Lastprofilen bestehen. Darüber hinaus entwickelt und

bewertet die Dissertation einen prototypischen maschinellen Lernalgorithmus zur

Vorhersage von Rentabilität, optimalen Systemgrössen und jährlichen Kennzahlen,

auch wenn nur unvollständige Basisdaten - wie z.B. Lastprofil von wenigen Wochen

- vorliegen. Darüber hinaus bietet die Dissertation einfache Dimensionierungsregeln

für P2P-Energienetze, die darauf hindeuten, dass bereits kleine Gemeinschaften von

zehn Haushalten den Eigenverbrauch und die Autarkierate maximieren, indem sie

Importe und Exporte im Vergleich zu einzelnen Haushalten effektiv reduzieren. An-

gesichts der geringen Gemeinschaftsgrösse von zehn Hauhalten, die zur Reduzierung

von Importen und Exporten erforderlich ist, sollten diese Gemeinschaften lokal in

das Niederspannungsnetz eingebunden werden. Die Ergebnisse dieser Dissertation

unterstreichen die Notwendigkeit, neue Vorschriften zu diskutieren und zu entwick-

eln, die den Aufbau von Gemeinschaften erleichtern mit Tarifsystemen, die den

lokalen Absatz von Solarenergie fördern.
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Chapter 1

Introduction

1.1 Motivation

Many countries have set ambitious targets to increase the share of energy they gen-

erate from renewable sources. For instance, the European Commissions Energy

Roadmap 2050 foresees an almost emission-free electricity production in Europe

by 2050 [1]. Photovoltaic (PV) systems, which are seen as a cornerstone of these

plans, have recently experienced a considerable increase in market diffusion in many

countries. Spurred by a rapid price decline with prices for residential PV systems

falling by over 80% from 2008 to 2016 in most competitive markets [2] solar PV

represented almost half of newly installed renewable power capacity in 2016 [3]. As

a result, global PV deployment increased from 3.7 GW in 2004 to more than 300

GW by the end of 2016 [4].

Switzerland’s power system has a low emission intensity compared to other coun-

tries, thanks to its large hydro power and nuclear capacities, which accounted for

59.7% and 31.7% respectively of the total power generation of 61.5 TWh in 2017 [5].

However, the new Energy Act adopted by referendum in 2017 rules out concessions

for the construction of new nuclear power plants. This new energy act foresees the

generation of 14.5 TWh annually (or 23.6% of annual production) from renewable

sources (other than hydro power) by 2035 [6], to replace some of the capacity from

Swiss nuclear power stations, which will be decommissioned on a step-by-step basis.

A large share of that 14.5 TWh will need to come from solar power, which ac-

counted for only 1.85 TWh in 2017 [7]. Replacing large capacities with solar power
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will necessarily disrupt the power sector because solar power systems must be de-

ployed in a fairly decentralized way, ranging from installation of larger utility-scale

systems to small-scale, residential roof-top systems. Decentralizing parts of the pre-

viously centralized generation capacity also implies a shift from large (and mostly

publicly owned) investors to smaller private investors. It is therefore imperative

that the profitability of decentralized solar systems be guaranteed so that they can

contribute to replacing large, centralized power systems.

In the past decade, the uptake in adoption of solar energy has largely been in-

centivized by feed-in tariffs, which were guaranteed for a duration of up to 20 years.

The profitability of solar power systems with guaranteed feed-in tariffs can be pre-

dicted with good accuracy because the annual yield of a solar power system mainly

depends on the roof orientation and the geographical location. However, govern-

ments have reacted to the previously mentioned decline of PV costs by lowering

feed-in tariffs over the years [8, 9]. In some regions of Switzerland, the feed-in tariff

may be as low as 25% of the actual electricity purchase tariff [10]. Households are

therefore better off if they self-consume their generated solar energy to the greatest

possible extent. In this case, however, estimation of profitability is more complex

because it depends not only on the available roof space and the roof orientation,

but also on when a household consumes energy: A solar system is more likely to

achieve profitability if the consumers load profile concurs with the solar generation.

Self-consumption can be optimized by moving flexible loads (heat pumps, electric

boilers and electric vehicle chargers) to periods of solar generation. Battery manu-

facturers recently started offering stationary batteries to increase self-consumption

and self-sufficiency rates for residential-scale PV systems. The launch of these prod-

ucts has relaunched the debate on self-sufficient buildings and to what degree the

solar and battery technology stack can decentralize the current energy system while

remaining economically competitive.

On a macro level, policymakers need to estimate what share of households can

profit from solar and battery systems to project the extent to which capacities from

fossil and/or nuclear power stations can be replaced by solar power. However, the

profitability assessment is important not only for policymakers, but also for the in-

dividual households that want to invest and transform from consumers to prosumers
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[11]. Decision support systems and recommendation engines are already available

in other businesses, like online and physical retail, which support or guide the con-

sumer in finding the best product. Despite the high investment costs of solar power

systems, personalized and data-based recommendations for optimal PV or battery

sizes have not yet found their way to the residential solar industry.

The self-consumption of solar energy enables prosumer households to save on their

electricity bills if the levelized cost of electricity is below the grid supplied electricity.

However, prosumers generally cannot self-consume their entire solar generation, and

are consequently forced to inject a part of their generated electricity into the public

grid [12]. Therefore, the profitability of a PV system operating in self-consumption

mode also depends on the remuneration or feed-in tariff for the injected solar energy.

In particular, households with large and optimally oriented roofs but small demand

depend on a reasonable feed-in tariff to successfully amortize the PV system over

the operating years. A peer-to-peer (P2P) energy market allows consumers and pro-

sumers to directly trade surplus generated electricity, and frees both groups from

their previously passive roles as price takers: Rather than passively accepting fixed

feed-in tariffs determined by a utility company and a regulator, prosumers in P2P

energy networks can actively participate in determining the price of their generated

energy. Consumers, on the other hand, can purchase energy from the P2P market

according to their preferences (for example, by setting a maximum price for the

purchase of solar energy generated in the community). Beyond that, the operation

of flexible loads, like batteries, heat pumps for space heating or domestic hot water

heating, can be shifted to periods of high solar production or low market prices.

Most importantly, P2P energy markets could provide a mechanism that decreases

the spread between the retail prices for energy and the remuneration tariff for so-

lar energy, which can potentially increase the investment security for prosumers.

The players in a P2P market are confined by a microgrid, where the utility or grid

operator charges the prosumer or consumer for the infrastructure used. The inter-

actions and energy exchanges between the players can be quite complex because

they depend on when the individual households consume energy and to what extent

the load profile of a household corresponds to the surplus energy of a prosumer in

the neighborhood. However, there are few guidelines for the general configuration

of microgrids, such as minimal microgrid size and optimal allocation of solar and
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battery capacities.

1.2 Research objectives

Decentralized solar systems have the potential to significantly decrease the carbon

intensity of the electrical energy system [13]. Given this potential, a vast body of

academic literature focuses on investigating and optimizing different components of

PV and battery (PVB) systems. However, one aspect that has received little atten-

tion is the impact of household-specific consumption patterns on the profitability of

PVB systems. To that end, the first objective of this dissertation is:

Objective 1: Assessment of the impact of load profile heterogene-

ity on the profitability of solar battery systems under

various system cost scenarios.

With this quantitative study, the dissertation aims to shed light on two main ques-

tions: First, what share of households can achieve profitability with PVB systems.

Second, what are typical system sizes for both PV array and battery size that max-

imize profitability.

In practice, the insights generated from the profitability analysis subject to dif-

ferent load profiles cannot be directly used in personalized end-user applications to

estimate profitability and optimal system configuration, because this requires ad-

ditional data sources that are typically not available to end-users or practitioners.

For instance, location-specific ambient data (irradiation and temperature) and, in

particular, the specific load profile of a household, is typically not available for the

duration of one calendar year to run classical techno-economic models to estimate

profitability. For this reason, it is important to design decision-support tools that

can provide profitability estimates based on short-period smart-meter data records.

A key research question is therefore whether the performance factors, such as prof-

itability, system sizes, expected self-sufficiency and self-consumption, can be pre-

dicted based on a limited snippet of smart-meter data collected over a time-frame

much shorter than one year. The second objective for this thesis is therefore:
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Objective 2: Development and evaluation of a data-based and per-

sonalized decision support system that can predict

profitability, performance and optimal system sizes

based exclusively on smart-meter data collected over

a time-window much shorter than a calendar year.

The development of this data-based decision support system aims to simplify the

procurement process for a solar battery system, and to support consumers with a

better and personalized estimation of its profitability. One of the main objectives

for the system is to determine the minimal timeframe required for the collection of

smart-meter data to achieve sufficiently high prediction accuracy.

As described in the motivation, prosumers may sell surplus energy directly to their

neighbors, and thereby increase self-sufficiency or self-consumption on the commu-

nity or microgrid level, due to aggregation effects (surplus energy from prosumers

that corresponds with consumers consumption patterns in the microgrid). However,

it is unclear to what extent the benefits of sharing surplus energy is influenced by

the community configuration, such as the number of households, the share of pro-

sumers, and their generation and storage capacities, and little is known of optimal

configurations. This motivates the third research objective:

Objective 3: Assessment and quantification of the benefits of P2P

community energy networks over individual house-

holds due to aggregation effects under various com-

munity configurations and sizes.

This part of the thesis aims to address two key research questions. First, the quan-

tification of the optimal community size required to leverage the bulk of the aggre-

gation effect under various sizing strategies. The second research question focuses

on the effectiveness of individual household-level storage systems as compared to

community-level storage systems with regard to import and export reduction. The

insights from this part of the thesis will help practitioners to optimally size microgrid

communities in terms of generation and storage capacities.
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1.3 Methodology

In order to pursue the first objective described in the previous section, a techno-

economic simulation model is developed that can resolve the energy flows between

typical prosumer technologies, like PV systems and battery systems, the load and

the grid. The model is highly flexible, written in Python, and has been designed for

parallel processing and deployment to high performance servers for the analysis of

large smart-meter datasets.

The second objective is approached by utilizing the simulation results from the

first objective as ground truth to train a machine learning (ML) algorithm. The

ML algorithm is able to predict the profitability and optimal system sizes based on

incomplete smart-meter data (i.e. collected over a time period much shorter than

one calendar year).

The third objective uses the techno-economic simulation model from the first objec-

tive and is expanded to account for energy flows between prosumers and consumers

in P2P communities. This model is highly flexible and allows for effectively process-

ing different community sizes and configurations.

Each of the objectives involves the application of several quantitative techniques,

like dynamic system modeling and machine learning. The application of system dy-

namic techniques requires load profile data and ambient time series data as inputs.

The dataset used throughout this thesis is composed of load profile data from more

than 4000 household and described in section (3.2.2).

1.4 Dissertation outline

The remainder of the thesis is structured as follows: Chapter 2 provides further

information on the research context and related work, with a specific description

of the research gaps for each of the objectives. Chapter 3 assesses the profitability

of the consumer-prosumer transition by taking load profile heterogeneity into ac-

count. The chapter starts out by introducing the dataset used and a description

of the techno-economic model, followed by the simulation results for various cost
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scenarios. As illustrated in Figure (1.1), the fourth chapter builds on the results

of the third chapter by using the simulation results as ground truth to train a ma-

chine learning algorithm that is able to predict profitability, system performance

and optimal solar and battery sizes. Building on the third chapter, which evaluated

Figure 1.1: Graphical representation of the relation between the different analyses
of the thesis

the consumer-prosumer transition, the fifth chapter evaluates the transition from

a group of individual consumers and prosumers to P2P communities. The chap-

ter evaluates the benefits of sharing surplus energy from individual prosumers with

consumers, and quantifies the aggregation effects of P2P communities under various

community configurations and sizes. Chapter 6 concludes this thesis with a general

discussion of the key findings, its limitations and contributions to practice.
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Chapter 2

Research background and related

work

2.1 Profitability of photovoltaic battery systems

2.1.1 The consumer-prosumer transition

Small-scale PV systems on residential or commercial buildings account for about a

third of the globally installed PV capacity and generation [14, 15]. Owners of small-

scale PV systems can either inject the electricity produced into the distribution

grid at a feed-in tariff, or self-consume it to cover the building’s electricity demand.

Adding on-site battery (B) storage to PV systems makes it possible to store PV-

produced electricity for later use. Similar to the declining costs of PV modules,

the price of lithium-ion batteries has also started to decrease substantially and is

expected to follow a similar price decline as that seen for PV panels [16, 17, 18]. In

particular, for consumers whose production and demand times do not correspond,

the addition of battery storage increases the self-consumption ratio (SCR) – the ratio

of electricity generated by the PV system that is directly used at the installation site

to the total amount of electricity generated [19]. When the generation cost of PV and

battery-supplied electricity is below the retail price, self-consumption is favorable

from an owner’s perspective. In most regions, the remuneration for feeding electricity

into the grid was gradually reduced and many policymakers push to remove feed-

in tariffs [20]. Consequently, self-consumption has become increasingly attractive

in many countries over the past few years due to increasing electricity prices in
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the residential sector, decreasing feed-in tariffs, and falling levelized costs of PV-

produced electricity [21, 19].

2.1.2 Household specific profitability of PVB systems and

load profile heterogeneity

The installation of a photovoltaic-battery (PVB) system is not equally profitable

for all consumers. A household that consumes large amounts of electricity during

sunny hours may amortize the investment into a PV system much more quickly

than a household with the same annual demand that uses electricity primarily in

the evening hours. Previous research suggests that there is large variability in the

profitability of these systems even among households that face the same component

costs and the same local conditions regarding climate, weather, and electricity rates

(grid-supplied electricity and feed-in tariffs) [21, 22, 12]. The configuration of the

PVB system to achieve the highest profitability depends on consumer-specific pa-

rameters, in particular annual electricity demand, orientation and tilting angle of the

PV array, and congruence of production and demand [11]. In fact, two households

with the same annual demand may require completely different optimal system con-

figurations and achieve very different net present values [23]. Yet, previous research

has only partially addressed the heterogeneity of real-world load profiles and its in-

fluence on the optimal configuration and economics of PVB systems [24, 19]. Many

existing studies use synthetic load profile data [25, 26, 24, 27] or average reference

profiles [28, 29, 30] and thus neglect the variability of households’ demand [31].

2.1.3 Related work

PVB systems can be understood as key components for decentralized energy systems

and have been studied for many years. In many regions, solar PV is approaching

or has reached grid parity [32, 23]. Costs for battery storage systems have also

declined substantially in the past few years [16, 18]. These developments have

sparked an increased interest in PVB systems. As a result, in addition to the vast

body of research that assesses particular technical aspects of specific PVB system

components in detail (including ageing of different battery technologies, advances in

the efficiency of PV modules or of inverter power electronics), a considerable body
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of literature provides holistic evaluations of the technical and economic performance

of those systems.

The majority of those articles are based on simplified techno-economic models of

PVB systems to analyze how various input parameters influence different variables of

interest. Different configurations of PV power and battery sizes may serve as input

parameters or may be calculated implicitly in the optimization of other variables of

interest – most typically, self-consumption ratio, self-sufficiency ratio, or economic

performance. Most articles assess system profitability as key variable of interest

[11, 23, 19] and perform discounted cash flows analyses, reporting either the net

present value (NPV) or internal rate of return as outcome variable [28, 33, 34].

While economic factors are pivotal for the adoption and diffusion of residential

PVB systems, in many cases, nonmonetary factors may also play an important role

in those investment decisions. Aside from environmental or geopolitical aspects that

individuals may want to contribute to, many people value the reduced dependence

on utility companies and pursue the reassurance of being self-sufficient as a goal

of its own [35, 32]. Consequently, a considerable number of articles focus on self-

sufficiency [36, 37] or self-consumption [22, 31] as primary variable of interest. Many

articles also investigate how these outcome variables are intertwined. In particular,

the impact of self-consumption on the economics of PVB systems has a pronounced

position in the scientific literature [21]. Luthander et al. [38] recently summarized

the previous research in the field of self-consumption of electricity from residential

PV systems. The input parameters studied cover a wide range from political bound-

ary conditions on the macro-level (e.g., subsidies, feed-in tariffs), to local weather

conditions, technology-related aspects (e.g., system costs, hardware efficiency, type

of battery technology), and individual household-level characteristics (e.g., system

orientation, annual demand, load shape).

Regarding political boundary conditions, a number of articles assess how elec-

tricity retail tariffs [23, 39, 31, 24], interest rates [40, 41], and subsidy schemes [34]

affect the economic viability of grid-connected residential PVB systems, and others

evaluate the role of feed-in tariffs in near- and post-grid parity markets [41, 20]. Sev-

eral studies compare the profitability of PVB systems in different climatic regions

and weather conditions within or between countries [42, 31, 24, 34].

Aside from regulatory and climatic conditions, many techno-economic models as-

sess the influence of technology-related aspects. This includes studies that compare
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the effect of different battery technologies on the economics of PVB systems [43] and

a large number of studies that evaluate how different technology cost scenarios affect

the economic feasibility of grid-connected PV-battery systems [23, 11, 40]. While

PV systems are increasingly profitable in many regions [38], adding battery storage

is not profitable yet for most households under today’s cost and tariff conditions.

Existing studies differ in their estimates of how far battery prices need to decline to

make the addition of battery systems generally profitable. For the context of Ger-

many, for instance, Merei et al. [40] conclude that ”even unrealistic battery prices of

less than 200 e/kWh cannot lead to an economic solution” (p.177), whereas others

find that storage costs of 500-600 e/kWh may already make PVB systems generally

profitable in Germany – even in the absence of subsidies [11, 44, 34].

Aside from the primary variable of interest (optimal system size, self-consumption,

self-sufficiency ratio, or economic performance) and the input parameters studied,

existing techno-economic models also differ in the methods and input data they

use. For an overview, we categorized recently published related work based on the

following attributes (Table 2.1):

• Integrated optimization: classifies whether a techno-economic optimization

has been applied to identify the optimal system size (such as PV and battery

size), as opposed to an exploratory analysis using different system sizes, tariffs,

installation costs, etc.

• Load profile type: indicates whether the analysis is based on real-world profiles

(R) or on synthetic load profiles (S) and specifies their temporal resolution.

For instance, R15 stands for real load profiles with a temporal resolution of

15 min.

• Number of load profiles that have been analyzed.

• Influence of annual demand on SSR (resp. economics): indicates whether

the article evaluates the impact of annual demand on SSR (and economics,

respectively).

• Influence of profile heterogeneity on SSR (resp. economics): indicates whether

the article assesses how heterogeneity in real-world load profiles influences SSR

(and economics, respectively).
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As Table 2.1 shows, there is large variety in the methods and load profile data

on which previous studies base their assessments.



13

Author In
te

g
ra

te
d

o
p
ti

m
iz

a
ti

o
n

o
f

P
V

L
o
a
d

p
ro

fi
le

ty
p

e

N
u
m

b
e
r

o
f

lo
a
d

p
ro

fi
le

s

In
fl
u
e
n
ce

o
f

a
n
n
u
a
l

d
e
m

a
n
d

o
n

S
S
R

In
fl
u
e
n
ce

o
f

a
n

n
u

a
l

d
e
m

a
n
d

o
n

e
co

n
o
m

ic
s

In
fl
u
e
n

ce
o
f

p
ro

fi
le

h
e
te

ro
g
e
n

e
it

y
o
n

S
S

R

In
fl

u
e
n

ce
o
f

p
ro

fi
le

h
e
te

ro
-

g
e
n

e
it

y
o
n

e
co

n
o
m

ic
s

Mulder et. al. 2013 [45] yes R5 7 no no no no
Hoppmann et al. 2014 [46] yes R15 1 no no no no
Bortolini et al. 2014 [47] yes R60 1 no no no no
Weniger et al.2014 [11] no R1 1 no no no no
Tjaden et al. 2014 [42] no R15 74 no no no
Meunier et al. 2015 [48] no S15 6 yes no no no
Khalilpour & Vassallo 2015 [49] yes R60 3 no no no no
Khalilpour & Vassallo 2016 [23] yes R60 6 no no no yes
Parra et al. 2016 [39] no R1 1 no no no no
Nyholm et al. 2016 [22] yes R60 2104 no no no no
Beck et a. 2016 [21] yes R0.17 25 no no no no
Quoilin et al. 2016 [31] yes S15 894 no no no no
Merei et al. 2016 [40] yes R1 1 no no no no
Johann & Madlener 2016 [41] no S? 10 no no no
Zhang et al. 2016 [36] no R60 1 no no no no
Schopfer et al. 2016 [50] yes R30 4232 no yes no no
Linssen et al. 2017 [51] no S5 3 yes no no no
Bertsch et al. 2017 [34] yes R/S30 200/200 yes yes no no
Present work yes R30 4190 yes yes yes yes

Table 2.1: Overview of recent related work on PVB-systems
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The load profiles studied vary considerably in their time resolution, an aspect

whose importance has been studied by Linssen et al. and Beck et al. [19, 21].

While some articles use measurement data from real households, others perform

their analyses on synthetic data [25, 26, 24, 27] or average reference profiles [29, 30].

Among the studies that use real-world measurement data, many are based only on

a single or just a few households. Several researchers have recently pointed out the

importance of using realistic consumption data and accounting for the heterogeneity

in real-world load profiles: Linssen et al. advise against using aggregated load

profiles, as the optimization results may be too optimistic in terms of total costs

and required battery size [19]. Likewise, Tjaden et al. [42] and Quoilin et al. [31]

emphasize the importance of using realistic load profiles, as aggregated data does not

sufficiently reflect the dynamics in the load of individual households, which makes

them ill-suited for the assessment of self-sufficiency and self-consumption.

While the list of articles in Table 2.1 is by no means exhaustive and many other

relevant related contributions exist, the table (and this section in general) provides

an overview of the ongoing debate and state of research in the field.

2.1.4 Research gap

The previous chapter indicates that a systematic analysis of the influence of the load

profile on key performance variables (SSR, SCR, NPV, and optimal PVB configu-

ration) has not been presented so far. To that end, we develop a techno-economic

simulation model that uses Zurich bassed weather data and current electricity rates

as input to optimize the battery size and installed PV power for each given load

profile. In a first step, we analyze for what fraction of households in Zurich, Switzer-

land, a PVB system is profitable already today. To account for the variability in

real-world consumption data, the analysis processes a large set of smart-meter data

from 4190 households to account for load profile heterogeneity. In a second step, we

conduct a sensitivity analysis with different cost scenarios to investigate how future

price reductions of PV and PVB systems affect optimal system configuration and

profitability.
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2.2 Prediction of optimal PV battery configura-

tions

2.2.1 PVB potential prediction during tendering phase

Households interested in transforming from consumers to prosumers require key

performance figures for the PV(B) systems to be installed to better assess their

investments. The chosen configuration strongly affects the SSR and SCR that can

be reached in a typical year of operation, which in turn determines the profitability

of the entire system. An estimation of these key performance factors (with all factors

unknown prior to the installation) would provide households with a better basis for

a purchase decision regarding the sizing of the system.

Profitability computations, as touched on in the first section of this dissertation,

depend on a large parameter space and use annual load data and environmental data

(irradiation and ambient temperature) as time series with hourly or sub-hourly time

resolution. A simulation model time steps through all of the time series entries and

computes the energy flows between the components of a PVB system. However,

such data is typically not available to practitioners. Furthermore, it is impractical

to collect load profile data for one year just for the sake of running a classical annual

simulation because the tendering phase of a system is typically on the order of a

few months. Utility companies read the smart-meters for billing purposes only,

which happens infrequently. Therefore, in many cases the relevant consumption

information for a consumer is limited to the annual demand.

During the tendering phase of a PVB system, load profile data with sub-hourly

resolution could be collected to predict the key performance factors. The load

profile data can be collected by a smart-meter operated by a utility company or by

a temporary smart-meter if the commissary is a private installation company. This

thesis presents a machine learning algorithm that is able to predict optimal system

sizes based on smart-meter data snippets that have been recorded for a time period

much shorter than one year.

2.2.2 Related work

Over the last few years, many online platforms have emerged that offer solar-

potential estimation services for households interested in installing solar systems.
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A prominent example is Google’s free service Project Sunroof [52], which combines

Google Maps with solar-potential estimation and connects consumers with local

installers via Google’s search engine. Project Sunroof estimates roof pitch, roof ori-

entation, shading and available solar array area to estimate the annual yield and

the expected payback time for a system. The user of the platform must provide the

location of the building and the annual demand in order to get an estimate of the

yield and the expected payback time. Companies in the energy domain, like utility

companies, installation companies and manufacturers operate their own customer

estimation platforms for acquisition purposes. Manufacturers like Tesla and Sonnen

provide a similar service for battery size estimation.

The estimation of the annual solar yield is important if all of the produced energy

must be sold to the grid or if a net-metering policy is in place. However, recent

studies [11] show that the annual yield of a solar power system, and therefore the

orientation and pitch angle of the roof (which maximizes the annual yield), become

less important if a household operates the system in self-consumption mode. Rather,

what is important is that the alignment between the produced solar energy and the

household’s load should be maximized to utilize the solar panel optimally and to

avoid electricity import from and export to the grid.

The academic literature includes a vast amount of work on the short-term pre-

dictions for solar power plants. However, the literature provides far fewer insights on

the predictions for annual key performance factors like self-sufficiency rate (SSR),

self-consumption rate (SCR), optimal PV and battery size, and net present value

(NPV). Recent articles provide first empirical models that explain or predict some

key performance parameters with limited data. McKenna et al. [53] point out that

there is remarkably little evidence of empirical determinants for self-consumption

levels, and the authors present a regression inference model for self-consumption as

a function of gross demand, PV generation and time-coincidence with an R-squared

of r2 = 0.757. However, the estimates are limited to self-consumption (kWh per

year) and assume that annual quantities are available. Quoilin et al. [31] use the

results of a simulation study to infer a parametric model that is able to map the PV

and battery size to the expected self-sufficiency and self-consumption rate. They

evaluated the parameters of the model with 36 households and reported r2 values

of more than 0.99. The presented analytical expression that maps PV and battery

size to the SSR and SSR is averaged over 36 load profiles, which might explain the
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high score of determination due to lack of load profile heterogeneity. Leicester et al.

[54] present a probabilistic Bayesian network able to compute the posterior distri-

bution of self-consumption conditioned on PV yield and annual consumption. The

Bayesian model can be extended by treating the PV yield and annual consumption

themselves as posterior, which can depend on occupancy periods and even consumer

census data. However, the demonstrated predictive capacity of the model in the pre-

sented state is rather limited because the authors only compare their model outputs

with two empirically obtained self-consumption values from two different articles.

2.2.3 Research gap

The literature review above reveals that only a few articles deal with predicting the

annual performance factors of PVB systems (like SSR or SCR). However, the few

articles available share one important insight: The annual performance factors can

be modelled with a much smaller input parameter space than classical time-stepping

simulation models. Therefore, most of the articles [53, 31] provide a statistical

explanatory analysis between various factors (mostly PV power and annual demand)

and a set of dependent variables (the SSR and SCR). While such studies provide

insights into the dependency of various factors, there are currently no published

articles where the trained model is applied to a large enough and unseen dataset.

To the best of the author’s knowledge, only one study takes the effect of load

profile heterogeneity into account [54]. However, there are no studies that deal with

the problem of predicting the optimal system sizes, expected annual performance

(SSR, SCR) and the expected profitability (NPV) from an incomplete smart-meter

dataset (smart-meter data snippet). This situation occurs often in practical appli-

cations even where smart meters are already available, as utilities do not necessarily

store high-resolution data over extended periods of time. If a prediction of the key

performance factors from a smart-meter data-snippet of given length is possible,

utilities or installers could sample smart-meter data at the beginning or during the

tendering phase to provide better information and to support a household interested

in installing a PV or PVB system with the decision-making process.

This thesis provides a novel methodology that uses the results of the techno-

economic optimization method from section (2.1.4) as ground truth to develop and

evaluate a machine learning algorithm that predicts system profitability based only



18

on a limited set of input data (annual demand and daily average load profile). The

thesis investigates how shorter timeframes for smart-meter data (snippet) affect

the prediction results for optimal system configuration, self-consumption ratio and

profitability.

2.3 Performance of peer-to-peer (P2P) energy net-

works

2.3.1 Definition, types and value streams of P2P networks

Traditionally, only two methods were available to the consumer and prosumer for

tracking, buying and selling renewable energy: A Guarantee of Origin (GoO) and

bilateral power purchase agreements (PPAs) [55]. In many countries, GoOs are

traded in over-the-counter (OTC) markets and suffer from lack of transparency and

consumer trust due to their lack of granular enough data [56, 57]. The granularity

of production data from renewable energy sources like solar energy is important due

to its intermittency. Current GoOs systems, however, apply an annual balancing

period and do not take the intermittency of renewable sources into account. On the

other hand, PPAs are contracts that are expensive to set up and are thus only used

by large corporate entities with large trading volumes [55].

Where legally possible, P2P market models disrupt these traditional approaches

and allow even residential-scale prosumers to directly market their surplus energy

(with or without a GoO) to consumers via an online platform to achieve better

remuneration rates for the generated surplus energy than offered by the utility or the

regulator via feed-in tariffs. The online platform operates on a sub-hourly time scale

to account for the temporal intermittency of solar energy. P2P energy networks is an

umbrella term for an unstructured interaction model between a set of consumers,

prosumers, DSOs and energy suppliers [58]. The concept of a microgrid can be

understood as the physical infrastructure layer where the energy that is traded

on the P2P platform can be exchanged. A microgrid connects the consumers and

prosumers using the grid from one or multiple DSOs. The connection between

consumers and prosumers within a microgrid can occur physically or virtually [59].
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Virtual microgrids and their value streams

Virtual microgrids are geographically less restricted than physical microgrids. An

aggregator virtually connects consumers and prosumers, who can be far apart from

each other, by including them in a balance group. A balance group keeps track

of the net import and export, which can be traded on national wholesale markets.

P2P markets require an aggregator because electricity regulations (even in liberal-

ized markets) are not adapted to situations where many prosumers supply many

consumers using ”many-to-many” type contracts. Therefore, an aggregator func-

tions as an umbrella institution that maintains its contractual relations to every

single consumer and prosumer with ”one-to-many” type contracts. Prosumers may

benefit from virtual microgrids in times of falling feed-in tariffs [20] and may achieve

better rates by directly selling their surplus energy to their peers. For consumers, on

the other hand, the value of P2P markets lies in the increased transparency for the

origin of the supplied renewable energy provided through online platforms, which

allow consumers to enter preferences or define specific suppliers. As costs for solar

photovoltaic systems are expected to decrease further in the near future, consumers

may also benefit from lower energy costs.

Physical microgrids and their value streams

Physical microgrids are locally constrained and can be operated in a connected

mode (with one or more connections to higher voltage levels via a substation) or

in an islanded mode without a connection to the public grid. In an islanded mode,

prosumers and back-up units provide the energy required in the islanded micro-

grid. Connected microgrids may temporally disconnect to self-supply community

members during short periods of outages in the higher grid levels.

Prosumers in physical microgrids are also incentivized to market most of their

surplus energy (the fraction of solar energy that cannot be self-consumed) within the

microgrid, especially if the remuneration of the exported energy from the microgrid

is low. This incentivizes local balancing, i.e. maximization of self-consumption

within the microgrid. Local balancing can be further facilitated by introducing a

locational (or bottom-up) grid tariff [55]. Grid operators split up their operating

and capital costs by voltage levels [60]. The highest network level connects large

central power plants, which transport energy down to the low-voltage level networks,
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where households are located and connected to the power grid. The cost for the

grid follows energy flows from large power plants and are accumulating from higher

voltage levels down to lower voltage levels, following a top-down pricing scheme.

Therefore, large or industrial consumers who are connected to the medium voltage

level pay less for grid costs than residential consumers located on a low-voltage grid

[60]. The idea of locational (or bottom-up) grid pricing [55] is to charge community

members who trade electricity on the same voltage level only for the grid costs of the

low-voltage level and not the costs of the higher grid levels. If a consumer cannot

be supplied with energy from a community member, energy must be provided from

large power stations outside of the community, where the full (top-down) grid costs

apply. In addition to the value streams of virtual microgrids, locational or bottom-

up schemes for grid pricing provide an additional incentive for local balancing by

temporarily reducing the need for the wider electricity network. However, there are

very few examples of locational pricing models deployed in the field and there is

not much quantitative data on the value to distribution networks or the impact on

customers [55].

2.3.2 Performance evaluation of P2P networks

As described in the previous section, there are qualitative indications of how P2P

networks can unlock value for consumers, prosumers and even utilities. In particular,

P2P energy networks allow households to consume surplus generated solar energy

from prosumers who could not self-consume their production within a specific time

window. This part of the thesis quantifies to what extent the surplus energy from

prosumers can be consumed by other community members. This exchange of energy

between peers is referred to as the aggregation effect and applies when the system

boundary is expanded from the household-level to the microgrid/community-level.

The aggregation effects depend on the microgrid configuration, i.e. the number

of households, the prosumer share of the installed power and storage capacities.

This part of the thesis attempts to come up with simple design rules by analyzing

the energy flows between consumers and prosumers on a fundamental level. The

system dynamic model that is built as the first objective of this thesis is therefore

extended for the computation of energy flows between peers. This dissertation aims

to provide simple design rules, like the minimal number of households and the share
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of prosumers required to achieve a given self-sufficiency or self-consumption rate

for a given microgrid. Such simple design guidelines are valuable to practitioners,

utilities and policymakers to facilitate exploring and fostering novel business models

for decentralized energy systems.

2.3.3 Related work

A large and growing body of literature has investigated different aspects of micro-

grids due to their potential to achieve a lower-carbon, secure, reliable, flexible and

affordable energy future [61]. The work of Wang et al. [61] classifies existing re-

search in 6 distinct areas: DER devices (energy storage, inverter, virtual controllers,

etc.); economic analysis and markets; operation and control of microgrids; planning

and optimization of microgrids; reliability and resiliency; and demand-side response.

The rest of this subsection focuses on planning and optimization of microgrids as

this relates closely to the design challenges and the quantification of the aggregation

effect.

Most of the work in this category uses an existing urban area or district with

known load profiles as a case for the analysis of the optimal sizing strategy [62,

63, 64]. The analysis presented by those authors is mostly holistic because it in-

cludes thermal and electric loads. The allocation of solar and storage capacities

is derived using sophisticated methodologies, like particle swarm optimization [63]

or (mixed integer) linear programming [62, 65]. Grosspietsch et al. [64] analyze

a neighborhood aiming to achieve full self-sufficiency with two different technology

scenarios composed of PV-battery systems and PV-battery systems with hydrogen

storage. The authors find that the costs of achieving 100% self-sufficiency for heat

and electricity for the neighborhood-scale community is about twice as high as the

legacy system (grid electricity and oil heating system). The paper by Zhang et al.

[66] shows that the net-exchanged energy between the microgrid and higher grid

levels can be reduced by 42% using a game-theoretic control approach. Barbour

et al. [67] demonstrate that a community storage system is more effective in re-

ducing the exports of a community by analyzing 200 communities combined from

more than 4000 households with available monthly demands. The authors compare

export reduction rates per kWh storage capacity and find that the optimum storage

at the community level was 65% of that at the level of individual households, and
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each kWh of community battery installed was 64-94% more effective at reducing

exports from a given community to the wider network. McKenna et al. [68] studied

different community sizes in Germany with the goal of determining economically

optimal community sizes. They found that a community of 560 households could

achieve complete autonomy with economic benefits, and also stress that increas-

ing self-sufficiency on a household-level is considerably more expensive than on a

community-level.

2.3.4 Research gap

The reviewed articles indicate the benefits of sharing distributed generation within

a microgrid. The aggregated generation of community members can be consumed

by consumers without requiring solar PV installation, which thereby decreases the

export of the generated solar energy to the wider network (outside of the microgrid).

In all the studies reviewed in the previous section, a common approach can be

identified: All of the investigations, with the exception of [68], are based on a fixed

microgrid with given demand, fixed solar installation and a constant number of

households. However, the size of the microgrid and its solar and storage capaci-

ties affect the performance of the microgrid and alter its annual import and export

rates. For instance, a microgrid with large solar generation capacities may reduce

the export by adding more members to the microgrid (if physically possible). How-

ever, the academic literature does not provide any design guidelines for the minimal

number of households or optimal prosumer share. Thus, a systematic assessment of

aggregation effects in microgrids as a function of participating households, installed

solar and storage capacities is missing.

Beyond the assessment of aggregation effects for different network configura-

tions, another relevant focus of the analysis is evaluating the potential reduction of

storage capacity. Sharing solar energy within a microgrid due to aggregating effects

of generation and consumption can reduce the required storage capacities signifi-

cantly, because the injected solar energy from a microgrid member can be directly

consumed, which does not require storage but uses parts of the public grid. This

effect has already been observed by Barbour et al. [67], who focused, however, on

export reduction and on a set of specific microgrids with different sizes.

The study in this section aims to explore the relationship between the microgrid
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size (number of households) and optimal configurations that optimize the microgrid

export and import. The goal is to come up with simple design rules for microgrid

size, installed solar and storage capacity. Furthermore, the thesis investigates the

degree to which the storage size of individual household members can be reduced if

they unite the generation and storage capacities in a microgrid.

To address this research gap, the same smart-meter dataset mentioned in sub-

section (2.1) is used to simulate different sizes of microgrids with different configu-

rations. The simulation allows us to systematically evaluate aggregation effects and

possible limits of the aggregation effects. To this end, we also analyze the required

storage capacities in a microgrid for given self-sufficiency and self-consumption goals.

The results are then compared to the required storage capacities for the same self-

sufficiency goal at the individual household-level.
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Chapter 3

Techno-economic assessment of

photovoltaic battery systems

3.1 Profitability of photovoltaic battery systems

The profitability of photovoltaic-battery (PVB) systems significantly depends on

installation costs, component costs, grid-supplied electricity rate, as well as the

consumers load profile. The literature review in subsection (2.1.3) revealed that

the impact of different user load profiles on the economics of PVB systems has

only partially been addressed. However, from the perspective of a household, the

personalized evaluation of the profitability of PVB systems can significantly impact

the purchase decision. In this chapter, we present a techno-economic evaluation

of PVB systems for the location of Zurich, Switzerland. The analysis makes use

of a techno-economic model that is able to process a large smart-meter dataset

to account for load profile heterogeneity and its impact on the economics of PVB

systems. In addition, we present a sensitivity analysis that accounts for future PV

and battery system cost scenarios.

We restrict the analysis to the location of Zurich, Switzerland. The subsection

(3.1.1) gives a quick overview of the Swiss market conditions and is followed by the

description of the dataset and the methods used (subsection (3.2)). The simulation

results are presented in subsection (3.3) followed by a conclusion in subsection (3.5).



25

3.1.1 Local market situation

The majority of Switzerland’s annual electricity demand is covered by hydro power

(57%) and nuclear energy (26%). Solar energy covered about 1580 GWh or 2.27 %

of the total Swiss electricity demand in 2016 [69]. The mean electricity demand per

household is 5100 kWh [70]. Like in many other service territories in Switzerland,

residential customers in Zurich are subject to a dual time-of-use-tariff structure,

with a distinct daytime and nighttime tariff. The average current daytime tariff

(6-22h) is 0.24 e and the nighttime tariff (22-6h) is 0.14 e. Dual tariffs (or, more

generally, time-of-use-tariffs) are not a Swiss particularity, but common in countries

like Australia, Canada, Italy, Portugal, the United Kingdom, and USA. In 2018,

Switzerland adopted the new energy act by referendum according to which PV

producers with installed power smaller than 100 kWp will not receive a guaranteed

subsidized feed-in tariff any more. They will continue to receive a remuneration for

the electricity they inject into the grid [71], but the local utility company can set

and adjust that remuneration rate every calendar year according to current market

conditions. An interactive overview of current remuneration rates can be found in

[10].

3.2 Data and Methodology

3.2.1 Overview

The evaluation of the economic viability of PVB systems depends on various input

parameters, both at the level of the individual household (in particular, time-series

data on the electricity demand) and regarding local conditions (including weather

data and electricity tariffs). Subsection 3.2.2 describes the two main sets of in-

put data, namely the load profiles and the preprocessed weather data. In a first

step (subsection 3.2.3), we develop a techno-economic simulation model that is able

to compute the optimal PV and battery size configuration for a given household

and its load profile. For each optimal configuration, the model calculates the net

present value along with a set of other output variables (e.g., self-sufficiency and self-

consumption ratio). In order to assess how differences in annual demand or how the

heterogeneity in real-world load profiles affects the economic viability of PVB sys-

tems, a large dataset of load profiles with different consumption patterns is needed.
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With the ongoing massive rollout of smart meters in many countries, such large

datasets with real-world load profiles are increasingly available. In a second step

(subsection 3.2.4), we analyze the sensitivity of the outputs of the techno-economic

model to different scenarios of future PV and battery costs.

3.2.2 Data

Smart-meter consumption data

While many analyses use synthetic or aggregated load profiles, we take a large

dataset of smart-meter data from actual households, which allows us to take the

heterogeneity of real-world load profiles into account. The original dataset contains

the electricity demand (in kWh) of 4232 households with a temporal resolution of

30 min. The dataset was collected over 75 weeks between July 10th 2009 and De-

cember 26th 2010 in Ireland [72]. The dataset is of high quality: only 42 of the

observed households (<1%) have missing datapoints or unrealistic entries, resulting

in a dataset with 4190 useful load profiles. The mean annual electricity demand

of the sample is 4304 kWh, with a standard deviation of 2164 kWh. The data

is anonymous and not tagged with geolocation. The sample of 4190 households

contains the following building types: Apartments (1.7%), semi-detached houses

(31.7%), detached houses (26.5%), terraced houses (14.5%), bungalow (25.5%), un-

known (0.2%).

As Ireland’s solar PV installed capacity per inhabitant is the lowest of all EU

countries with just over 2 MWp installed in 2015 [73], we decided to transfer the load

profiles to Zurich, Switzerland, as a central European country with a more significant

share of PV. The choice of Zurich was motivated by the fact that from a regular

dialogue with local utility companies and policy makers, the authors are familiar

with the regulatory environment and better able to anticipate future developments

(for instance, development of feed-in or remuneration tariffs over the next few years).

Switzerland had 1394 MWp installed in 2015 [69] and a mean electricity demand

per household of 5100 kWh [70], which is comparable to the mean annual demand

of the sample (18% higher) and a similar number of sunshine hours throughout the

year (see Appendix (A.1)). The transfer of load profiles from one country to the

weather conditions of other countries is common practice in analyses of PV-battery

systems [31, 74, 39].
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Preprocessing of weather data

We combine the smart-meter dataset [72] described above with weather data of

a typical meteorological year (TMY) for Zurich [75]. The quantities of the TMY

data used include direct irradiation, diffuse irradiation, and ambient temperature.

For each time step, direct radiation is projected onto the normal vector of the PV

panel using modeled azimuth and solar elevation angles [76]. The diffuse radiation

is modified by considering that an arbitrary tilted PV module faces only a portion

of the hemisphere. The projection of irradiation data onto the tilted surfaces is a

common preprocessing step in the analysis of solar systems [76].

3.2.3 Step 1: Techno-economic optimization model

Configuration and operation of the PVB system

PVB systems can be realized in different configurations. The analysis in this study

is based on the configuration shown in Figure (3.1). The system comprises PV

modules, an inverter that converts direct current (DC) into alternating current (AC),

and a battery system.

Figure 3.1: Major components of a PVB system and simplified connection scheme
are shown on the left. The right side denotes the annual amount of energy transferred
between the components.

Battery systems can be integrated into the DC or AC circuit. In this study,

we assume that the households install the battery in the DC circuit by using hy-
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brid inverters, which can manage direct PV conversion as well as battery charg-

ing/discharging. Hybrid inverters are both a cost-effective and efficient choice for

PV battery systems, as they ensure high efficiency and do not require the installation

of an additional battery inverter or charger.

The battery operation follows a common, straight-forward strategy: it charges

whenever surplus solar energy is available and discharges if demand exceeds PV

output and the battery is not (almost) empty (see Equation (A.5)). More precisely,

the battery operates between 10% and 90% state of charge levels, which corresponds

to a depth of discharge (DoD) of 80%. We assume that the battery can achieve

Nc = 4000 cycles with 80% guaranteed capacity at its end of life.

Model specification

The techno-economic model maximizes the NPV for each household in the dataset

based on a set of input parameters (weather, load profiles, tariffs, physical properties,

and component costs). We apply a discounted cash flow analysis, which takes into

account incoming and outgoing cash flows, discounted by the discount rate r. In line

with Hoppmann et al. [46], we set r to 4%. The degrees of freedom (DoFs) for the

optimization include battery size and installed PV power for each household, and

are summarized in the DoF vector xDoF =
(
ER

bat, P0

)
. The optimization problem for

the maximization of the NPV is given by

max
xDoF

NPV = max
xDoF

{
−C0 +

NT=20∑
i=1

Si

(1 + r)i

}
with xDoF ∈ Ωx (3.1)

where C0 includes the investment costs for both the PV and battery system and Si

denotes the cash flows (or net savings) generated in year i. Si comprises savings

resulting from avoided electricity costs by substituting grid-supplied energy with

PV-generated energy WPV→L +WB→L and profits accruing from electricity injected

into the grid at the local remuneration rates. The cash flows Si take into account

expenditures for operation and maintenance, as well as battery replacement costs

due to cyclic aging (see A.1.4 for a detailed explanation). A.1.5 provides a more

detailed description of the cash flow model applied.

The NPV is obtained numerically using grid search over the domain Ωx, which

contains discrete power ratings P0 of the PV panel and possible capacities ER
bat of
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the battery:

P0 = [8, 9, . . . , 12, 14, 16, 18, 20, 30, . . . , 120]× Pmod (in kWp) (3.2)

ER
bat = [0, 1, 2, 3, 4, 5, 6, 8, 10, 12, . . . , 38, 40] (in kWh) (3.3)

Pmod is the rated peak power of a single PV module, which is Pmod = 0.260 kWp.

We assume a minimal PV system size of 8 × Pmod = 2.08 kWp [77]. The set Ωx

contains 24× 24 = 576 PV and battery combinations in discrete steps. All samples

of Ωx are forwarded to the techno-economic model, which evaluates the NPV for

all 576 combinations. Following Equation 3.1, the value for xDoF that maximizes

the NPV is retained. Thus, the model chooses the configuration of battery size

and PV array size that optimizes the NPV for any given combination of the input

parameters (load profile, weather data, retail tariffs, system costs, etc.).

The system configuration obtained by Equation (3.1) is then used to derive the

self-sufficiency ratio (SSR), meaning that, annually, an amount of SSR·WL (in units

of kWh) is produced and self-consumed using the PVB system. The remaining

portion of (1 − SSR) ·WL must be bought from the local grid provider. The self-

sufficiency ratio is defined by

SSR =
WPV→L +WB→L

WL

(3.4)

The share of generated solar energy that covers the load directly or via the

battery is referred to as self-consumption ratio and defined by

SCR =
WPV→L +WB→L

WPV

(3.5)

Therefore, the amount (1− SCR) ·WPV (in units of kWh) corresponds to the solar

energy injected into the grid.

The optimal PV power and battery size can be normalized with respect to the

annual and mean daily demand, respectively. The production to demand ratio

(PDR) is the ratio of the net produced solar energy WPV and the annual demand

or, more formally

PDR =
WPV

WL

=
SSR

SCR
(3.6)

A PDR of 1 is often referred to as net zero energy building [12], which means that
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over the year the household produces as much energy as it consumes, irrespective

of production and demand concurrence.

Battery systems available on the market today typically have a capacity between

1 and 10 kWh for residential applications. The ratio between battery size and daily

average demand is an intuitive score. Thus, we define the storage to demand ratio

(SDR) as

SDR =
ER

bat

wL

(3.7)

where wL = WL/365 is the mean daily demand. If the optimization for a household

yields a SDR of 1.2, we should size the battery such that it can store 20% more than

the daily average demand. The dimensionless ratios are helpful for the comparison

of different households and PVB configurations.

Techno-economic simulation parameters

The performance of a PVB system depends on a large parameter space, which

must be specified prior to running the simulation. Many parameters depend on the

local building properties such as available roof surface area, roof orientation, and

roof tilting. In addition to the technical system properties, the local weather and

the price of the grid-supplied electricity affect the economic performance of PVB

systems. All input parameters are specified in Table (3.1). For a detailed description

of the assumptions made, please refer to A.1.

The analyzed smart-meter dataset has no reference to the location, roof shape,

or orientation of the building. Therefore, the orientation and tilting angle of the PV

array are input parameters generated using probability distribution functions for

roof orientation and tilting angle. The distributions follow Li et al. [78], assuming a

Gaussian distribution (with location=180o, scale=50o) for the orientation angle and

a Gompertz distribution (location=0, scale=12, shape=0.03) for the tilting angle.

The distributions are shown in Figure (3.2).

In central European countries, PV systems generate the maximum annual en-

ergy output when oriented south with a tilting angle between 20◦and 30◦[11]. Such

configurations are optimal if the produced energy is reimbursed with a constant FiT.

Many countries have adopted an FiT policy over the past years. In European coun-

tries, FiTs are continuously dropping due to the adjustment to falling PV module

prices. In Switzerland, subsidized FiTs for small-scale PV systems (smaller than
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Input parameter Adopted value References
Building properties
Weather station Zurich [75]
Orientation stochastic [78]
Tilt stochastic [78]
PV module properties [79]
Open circuit voltage and
short cut current at STC
VOC,STC, ISC,STC 37.9 V, 8.73 A
Max. power point characteristics
VMPP, IMPP 31.6 V, 8.73 A
Temperature coefficients: αI , αV -0.31 %/K, 0.06 %/K
Module area Am 1.63 m2

Battery properties [80]
Cycle life Nc 4000
End of life 80% of ER

bat at Nc

Depth of discharge DoD 80%
Efficiencies [81]
Inverter/Charger efficiency ηinv 0.95
Charge/discharge efficiency ηc, ηd 0.95
Economic parameters
PV cost scenario cpv 1000-2500 e/kWp [77]
Battery cost scenario cbat 250-1000 e/kWh [34]
Battery replacement costs c?bat cbat/2
Operating and maintenance costs rom 0.01 [82]
Discount rate r 0.04 [46]
Electricity escalation rate resc 0.025 [83]
Remuneration rate reduction per year rrem 0.1
Project lifetime NT 20 years [82]
Tariffs [84]
High tariff periods tht 6am to 10pm (Mo-Sa)
Low tariff periods tlt otherwise
High tariff costs cht 0.240 e/kWh
Low tariff costs clt 0.120 e/kWh
Remuneration rate cirem 0.068 e/kWh

Table 3.1: List of simulation input parameters

100 kWp) were replaced with a cash-bonus-type subsidy in 2018 [6]. This policy

shift motivates owners of a PV system to maximize self-consumption and minimize

their dependence on remuneration rates. Under this self-consumption policy, the in-
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Figure 3.2: Probability distribution of orientation angle and tilting angle

fluence of orientation and tilting angle on the self-consumption factor is weaker [11],

as the coincidence of load and production is more important than the annual energy

output of a PV system. In our simulation, we assume a remuneration rate of 0.068

e/kWh (current Zurich tariff [84]), which is annually depreciating by 10% (utili-

ties are allowed to adjust the remuneration rate annually). This reflects that the

remuneration rates are adjusted annually to account for falling PV module prices

[85]. To get an unbiased financial perspective on PVB systems, we have entirely

neglected such subsidies based on cash bonuses and included a comprehensive sen-

sitivity analysis to account for future PV and battery cost developments. However,

the effects of the cash bonus subsidy can be estimated based on the variation of PV

costs as explained in the next subsection.
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Base case cost scenario

Both PV and battey system prices can vary significantly as they depend on local

conditions (i.e., difficulty of installation), differences in manufacturer prices, and

different margins for suppliers and installers etc. A survey in Switzerland estimated

the system prices in 2015 for PV installations and reported a median cost of approx-

imately 2100 e/kWp. The smallest observed system size was 2 kWp [77], which

corresponds to the minimal values of the search domain Ωx defined in Equation

(3.2). Based on the survey, we assume 2000 e/kWp as a reasonable price tag for

installations as of 2018.

The cost variation of battery installations may be just as high as for the PV

system itself. Dehler [86] found a variation between 870 and 3200 e/kWh in battery

system costs and points out that cell costs alone amount to 300 e/kWh and could

fall to 200 e/kWh in 2020 and 150 e/kWh in 2030 [87]. Truong et al. reported

battery system costs of 780 e/kWh for a 6 kWh Tesla Powerwall [88]. Single

battery systems with a size of 2-3 kWh can already be purchased today for 500

e/kWh (before installation) [89]. Linssen et al. [19] assumed 1000 e/kWh including

installation, which we adopt in this study as a base case. Note that the sensitivity

analysis introduced in section (3.2.4) considers future battery costs as low as 250

e/kWh, which are well below current market prices of 1000 e/kWh.

3.2.4 Step 2: Sensitivity analysis

Future system prices are assumed to further decrease [90, 91]. In the last 35 years,

the module price decreased by 23% with each doubling of the cumulated mod-

ule production (cost reductions result from economies of scale and technological

improvements) [92]. To account for these future developments, we evaluate the

techno-economic model under 16 different PV and battery system cost scenarios.

For the PV costs, we chose 1000, 1500, 2000 and 2500 e/kWh. For the battery

costs, we applied the same cost variation as Bertsch et al. [93], which ranges from

250, 500, 750 to 1000 e/kWh. Note that the base case cost scenario described

in section (3.2.3) is one of the 16 cost scenarios. The sensitivity analysis resolves

the relationship between annual demand and achieved NPV for each cost scenario.

In addition to reporting the share of households that achieve profitability in each

scenario, we show how the optimized PV power, battery sizes, SSR and SCR are
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affected by the technology costs.

3.3 Results

3.3.1 Simulation results for the base case scenario

This subsection presents the simulation results for the base case cost scenario of

(PV: 2000 e/kWp, B: 1000 e/kWh). Figure (3.3) displays the NPV as a function

of the annual demand, where each of the 4190 dots represents a household. In

line with previous studies, the figure indicates a strong correlation between annual

demand and NPV, which flattens out around 6000 kWh towards a NPV of about

1500 e. About 40% of the households reach a positive (or zero) NPV. Whereas the

mean NPV across all households is negative (-389 e), the mean NPV of the 90th

percentile is 1659 e, compared to -2570 e for the 10th percentile. Households in

the 90th percentile have a mean annual demand of 7868 kWh, compared to 1440

kWh for the 10th percentile.

The bottom panel of Figure (3.3) shows a histogram with the relative frequency

of annual demand, where non-profitable (NPV< 0, in blue) and profitable cases

(NPV≥ 0, in orange) are displayed separately. The first households reach prof-

itability at an annual demand of approximately 3000 kWh. By contrast, almost all

households with an annual demand of 7000 kWh reach profitability. In the range

between 3000 kWh and 7000 kWh annual demand alone is not sufficient to predict

whether a household reaches profitability.

The spread of the datapoints along the y-axis in the upper panel of Figure 3.3

already gives a first qualitative impression that there is great heterogeneity in the

profitability even among households with a similar annual demand. Figure 3.4 pro-

vides more detailed quantitative results. In that chart, households are grouped into

equidistant bins of similar annual demand (±250 kWh). The blue lines in the box-

plots indicate the median NPV for each bin. The NPV spread between the upper

and lower quartile (the ±25% of the households around the median, depicted by the

black boxes) ranges between 2200 and 3000 e within each bin. Thus, the spread

of the NPV between the upper and lower quartile within each bin is larger than

the variation of the NPV between two neighboring bins. So, while annual demand
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Figure 3.3: NPV of each household as a function of the annual demand (upper panel)
and histograms for profitable (in blue) and non-profitable installations (orange)
based on the annual demand

has a large impact on the system’s profitability, it alone leaves a broad range of

uncertainty. Hence, for individual investment decisions, other factors load shape in

particular should be taken into account; we will return to this point in subsection

4.3.1.

While about 40% of the households reach a positive NPV in the base case sce-

nario, only 0.1% of the profitable systems comprises a battery storage system. In

roughly 4190 × 40% × 0.1% ≈ 2 households the optimization resulted in a battery

size of 1 kWh (minimal configuration) for the base cost scenario. Therefore, bat-

tery storage systems to increase self-consumption are not profitable in base cost

scenario. The next subsection presents the analysis for different solar and battery
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Figure 3.4: Box plots of the NPV with 500 kWh consumption bins (PV: 2000
e/kWp, B: 1000 e/kWh)

cost scenarios.

3.3.2 Sensitivity studies for different PV and battery costs

The simulation results in the previous section were based on PV installation costs

of 2000 e/kWp and battery installation costs of 1000 e/kWh. In this subsection,

we analyze how different cost scenarios affect profitability, optimal system config-

uration, self-sufficiency (SSR), and self-consumption ratios (SCR). For this reason,

we repeated the techno-economic optimization for 4x4 = 16 cost scenarios. We used

PV installation costs of 2500, 2000 (base case), 1500 and 1000 e/kWp. As for the

battery storage, we adopted the values of 1000 (base case), 750, 500 and 250 e/kWh

as already applied by Bertsch et al. [93].
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Sensitivity analysis of the NPV

Figure (3.5) displays the histograms of the resulting NPVs for the 4190 households

for the each of the 4x4 cost scenarios, along with the estimate for the concrete pro-

portion of households with NPV≥ 0. In that matrix, PV costs decrease from the

top to the bottom panels and battery costs decrease from left to right. The base

case is depicted in the first picture from the left in the second row. In each of the

16 cost scenarios, the NPV distribution spreads over a range of 6000 to 7000 e on

the x-axis. Lower PV costs cause a substantial shift in the distributions towards the

right, considerably increasing the share of households with NPV≥ 0. For PV costs

of 2000 and 2500 e/kWp, the share of the households that achieve profitability is al-

ways below 50%, except for the configuration of (PV: 2000 e/kWp, B: 250 e/kWh),

where 60.8% of the households achieve profitability. In the most optimistic case of

PV costs (1000 e/kWp), the share of households with NPV≥ 0 is always above

94%, independent of battery costs.

Regarding battery costs, reductions from 1000 e/kWh to 750 e/kWh and even

to 500 e/kWh barely increase the share of households with NPV ≥ 0. We can only

observe a significant improvement in the share of households that reach profitability

for battery costs of 250 e/kWh. This implies that battery costs will only signifi-

cantly improve the profitability of PV systems once they reach that price range.

Table (3.2) contains the mean NPV for the top and bottom 10% of households.

Depending on the cost scenario, the mean NPV of the top and bottom 10% of the

households differs by 2146 to 2848 e. The table also displays the average annual

demand of those households. For all cost scenarios, the annual demand in the

bottom 10% for the NPV is about 1440 kWh, while the top 10% NPVs correspond

to annual demand of about 7900 kWh.
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Figure 3.5: Sensitivity of the NPV distribution to PV and battery system costs



39

PV cost Battery cost NPV≥ 0 Mean NPV Mean NPV Mean NPV Demand of bottom Demand of top
(e/kWp) (e/kWh) (%) bottom 10% (e) (e) top 10% (e) 10% NPVs (kWh) 10% NPVs (kWh)

2500 1000 10.2 -3761 -1573 545 1443 7865
750 10.2 -3757 -1568 550 1440 7865
500 11.2 -3743 -1507 589 1430 7854
250 26.8 -3468 -947 1058 1431 7740

2000 1000 39.7 -2574 -394 1656 1443 7870
750 39.8 -2570 -389 1659 1440 7868
500 42.5 -2556 -331 1705 1430 7826
250 60.3 -2281 226 2291 1431 7780

1500 1000 73.1 -1387 762 2911 1443 7878
750 73.2 -1383 763 2885 1440 7895
500 74.6 -1369 824 2972 1430 7883
250 84.1 -1094 1462 4007 1431 7948

1000 1000 94.1 -200 2066 5081 1443 8025
750 94.2 -196 2030 4922 1440 8048
500 94.3 -183 2110 5041 1431 8030
250 96.6 83 2931 6470 1423 8147

Table 3.2: Mean NPV for the bottom and top 10% (and mean of all households), along with the annual demand of the
top and bottom 10% of the households for each cost scenario
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Sensitivity analysis of the PV and battery sizes

Each of the cost configurations results in different optimal system sizes. Table (3.3)

provides the resulting mean PV and B sizes (along with their standard deviations)

for profitable households. In addition, we report the production to demand ratio

(PDR) and the storage to demand ratio (SDR). Figure A.1 in A.3.3 displays the

histograms with the PDR and SDR distributions for an additional visual impression.

In the base case scenario (PV: 2000 e/kWp, B: 1000 e/kWh), the average PV power

(among the 40% of the households with NPV≥ 0) is 2.2 kWp. The average PDR

in the base case is 44% and 54% of the electricity produced is self-consumed. The

optimization model computed a battery size greater than 0 kWh only for 0.1% of the

households as reported in Table (A.3). For battery costs of 750 e/kWh and above,

batteries are practically irrelevant for most households, resulting in a mean battery

size close to zero. Similar to the NPV, the PDR remains unchanged for a given

PV cost when moving from 1000, to 750 and 500 e/kWh. A small but noticeable

increase of the PDR can be achieved if the battery costs decrease to 250 e/kWh,

which indicates that larger PV systems can be built if storage prices decrease to 250

e/kWh.

Changes in PV costs, on the other hand, have a much bigger impact on most

size-related metrics. For instance, a 500 e/kWp reduction compared to the base

case increases the average PV size by 0.4 kWp (about 1.5 modules), PDR by almost

40% to 0.61, and reduces SCR from 54% to 44%.

Batteries increasingly become economically viable if PV costs are equal or below

1500 e/kWp. With battery costs of 750 e/kWh, the optimal configuration includes

a battery for only 8.7% of the households (again, of the minimum size specified).

By contrast, with battery costs of 500 e/kWp the situation fundamentally changes:

in that scenario, 95.7% of the households would benefit from the integration of a

battery. While the majority of optimal configurations imply only a small battery in

that scenario (resulting in a mean size of 1.3 kWh), the mean battery size at battery

costs of 250 e/kWp is 7.4 kWh, and the installation would be profitable for every

household analyzed.

For all PV costs equal to or higher than 1500 e/kWp, the maximum PDR just

crosses the PDR = 1 mark. This implies that from a profitability point of view,

households should not produce more than they consume. For PV costs of 1000

e/kWh, the average PDR is just above 1; this means that in those cost scenarios,
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PV systems should produce as much solar energy on average as the household con-

sumes.

With regards to self-sufficiency ratio (SSR) and the self-consumption ratio (SCR),

we generally observe that the SCR is high for high-cost scenarios (due to the small

system sizes) and increases for the cheapest battery cost considered. By contrast,

the SCR decreases for falling PV costs. The SSR increases as both PV and battery

costs decrease and reaches a maximum mean SSR of 54% in the most optimistic

cost scenario. The highest SSR achieved for a household is 80%, as indicated by

Figure (A.2) in the Appendix.
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PV cost Battery cost Mean (std) Mean PDR Mean (std) Mean SDR Mean SSR Mean SCR
(e/kWp) (e/kWh) of P0 in kWp (-) of ER

bat in kWh (-) (-) (-)
2500 1000 2.1 (0.3) 0.34 0.0 (0.0) 0.0 0.21 0.64

750 2.1 (0.3) 0.34 0.0 (0.0) 0.0 0.21 0.64
500 2.1 (0.3) 0.34 0.7 (0.5) 0.04 0.24 0.70
250 2.2 (0.3) 0.41 4.7 (1.1) 0.27 0.33 0.81

2000 1000 2.2 (0.4) 0.44 0.0 (0.0) 0.0 0.23 0.53
750 2.2 (0.4) 0.44 0.0 (0.0) 0.0 0.23 0.54
500 2.2 (0.4) 0.45 1.0 (0.4) 0.06 0.27 0.62
250 2.4 (0.6) 0.54 5.8 (1.9) 0.41 0.40 0.76

1500 1000 2.6 (0.7) 0.62 0.0 (0.0) 0.0 0.26 0.43
750 2.5 (0.7) 0.61 0.1 (0.3) 0.01 0.26 0.44
500 2.6 (0.7) 0.62 1.3 (0.6) 0.09 0.32 0.52
250 2.9 (1.0) 0.74 7.4 (3.3) 0.57 0.50 0.69

1000 1000 4.0 (1.7) 1.07 0.0 (0.0) 0.0 0.31 0.30
750 3.7 (1.6) 1.02 0.4 (0.5) 0.03 0.32 0.33
500 3.8 (1.6) 1.03 2.0 (1.1) 0.16 0.40 0.40
250 4.4 (2.1) 1.19 9.6 (5.2) 0.78 0.62 0.54

Table 3.3: Mean PV and battery configurations for each cost scenario
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3.4 Discussion

3.4.1 Discussion of findings and implications

As the results of the techno-economic simulation (base case with PV: 2000 e/kWp,

B: 1000 e/kWh) show, PV systems are already profitable today for 40% of the

households without any subsidies and at today’s PV and battery costs, central

European weather conditions, and current electricity tariffs. Integrating battery

storage, however, is not profitable yet for 99.9% of the households analyzed. The

mean PV power that maximizes profitability is rather small (2.2 kWp) and results in

a mean self-consumption ratio of 53%. These results are in line with the predictions

of Weniger et al. [11] who noted that the optimal PV system size will shrink to

small-scale systems with higher self-consumption rates, as the incomes from the

feed-in payments will play a minor role in future (p. 87). Annual demand is a key

predictor of profitability. As a simple rule of thumb, the installation of a PV systems

is profitable for households with an annual demand above 7000 kWh, but not for

those below 3000 kWh; in between those two values and thus for a large number of

households, the installation may be profitable or not, depending on the load shape

and other factors.

Based on the 4190 real-world load profiles analyzed, we find large variability in

the NPV and in the optimal system configuration, even for households with a sim-

ilar total annual demand. These results corroborate the importance of taking into

account the heterogeneity of real-world profiles rather than analyzing aggregated or

synthetic load profiles [42, 31]. The findings also highlight the importance of consid-

ering a household’s load shape in PVB-related investment decisions a consideration

that, to the best of our knowledge, is not part of most profitability assessments of

PV(B) systems.

Our simulation model allows policymakers to systematically assess which factors

are critical levers for increasing private investments into PVB systems in their region

and to predict how future developments like component costs are likely to affect the

future diffusion of PVB systems. The results of the sensitivity analysis reveal the

large influence of PV costs on the share of households that reach profitability. In

the most optimistic case of PV costs (1000 e/kWp), the share of households with

NPV≥ 0 is always above 94%, regardless of battery costs. By contrast, batteries can

only considerably improve the profitability of PV systems at very small costs close
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to 250 e/kWh. Once battery costs decrease to that price range, a tipping point is

reached: for almost all households, the optimal configuration then comprises a small

battery, which increases the mean self-consumption ratio by another 8-22%.

Assuming that all households with NPV≥ 0 install the optimal system, depend-

ing on the cost scenario, the total share of grid-supplied energy would be reduced

by 9% in the base case, by 29% in the most optimistic cost scenario for PV (1000

e/ kWp), and up to 60% in the most optimistic cost scenario for both technologies

(PV: 1000 e/ kWp, B: 250 e/kWh). Such a scenario has fundamental implications

for infrastructure-related decisions that require long amortization periods such as

transregional high-voltage transmission lines.

To the extent that households base their investment decisions on the expected

profitability, the results of the sensitivity analysis provide an estimate for the diffu-

sion of PVB systems and of the size of those systems depending on PV and battery

costs.

3.4.2 Limitations and outlook

The results are subject to the choice of input parameters and environment studied.

First of all, the numbers are based on the assumption that tariffs for grid-supplied

electricity are fairly stable (with a moderate 2.5% increase every year) and that

the households’ annual demand is stable. Future load profiles might be subject to

significant changes, due to the diffusion of EVs and the substitution of oil heating

systems with heat pumps.

Another limitation is the transfer of load profiles from Ireland to the local con-

ditions of Switzerland. The load profiles of these countries may differ with respect

to daily, seasonal and annual consumption characteristics. While the mean annual

consumption between the two countries is similar (see section 3.2.2), significant dif-

ferences regarding daily and seasonal variations of the load profiles cannot be ruled

out. Given the similar sunshine hours of the two locations A.2.1, one might expect

that daily consumption patterns contained in the Ireland dataset may also be found

in Swiss households. However, seasonal variations of the load profiles are expected

to be more pronounced in Swiss households due to the more continental climate

in Switzerland with lower average temperatures during winter months compared to

Ireland A.2.1. As only 7% of the households in the Ireland dataset are equipped
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with electrically sourced space heating, seasonal effects in the Ireland dataset may be

absent in most of the households’ load profiles. The low share of electrically driven

space heating (through heat pumps) is a short coming of the dataset because more

and more households replace their fossil fueled heating systems with heat pumps

to cut costs and reduce emissions. The implications on the results obtained in this

chapter regarding the missing seasonal effects are twofold: First, seasonal variation

caused by electric space heating using heat pumps will significantly increase the

annual demand and likely increase the profitability of PVB systems (as discussed

in chapter (3.3)). Therefore, it can be argued that the profitability for households

with heat pumps might be higher than than reported in this chapter. However, as

space heating is mostly used in winter month when less solar power is available, the

model based on the Ireland dataset presented in this chapter will likely overestimate

self-sufficiency and likely underestimate self-consumption (increasing the load will

increase the likelihood that the additional load can be covered with solar energy,

which results in better utilization of the PV system). The overestimation of self-

sufficiency will be larger in magnitude for households with electric space heating.

Future work should therefore seek to include load profiles from collected from Swiss

households.

Extending the model to include thermal (hot water) storage systems would allow

for calculating optimal ratios of battery and thermal storage systems. Furthermore,

these applications may substantially increase the yearly demand of many households

in the future. Since the current model assumes a stable annual demand, our results

for system profitability are rather conservative.

Moreover, the dual tariff structure in place in the local context studied –with

its pronounced difference between daytime and night time tariffs – the electricity

consumed during night hours does not contribute positively to the profitability of

the battery. In countries with a flat (and high) electricity tariff, battery storage is

likely to be more profitable. The model proposed in this contribution, however, can

be easily adjusted to reflect such tariff regimes.

Different future system costs have been analyzed in this chapter and estimates

about profitability, self-consumption and self-sufficiency have been reported based

on cost. The sensitivity of the results regarding feed-in tariffs have not been inves-

tigated and were assumed to be fixed to the current Zurich feed-in tariff with an

annual depreciation rate of 10%. Qualitatively speaking, self-consumption is from



46

an economic point of view not desirable if the feed-in tariff is above the rate for grid

supplied electricity. Feed-in tariffs were indeed above the gird supplied electricity

rate to compensate for the high investment costs for solar energy in the first decade

of the 21st century. However, under current system costs solar energy can be gen-

erated below the grid supplied electricity rate in most European countries. As a

consequence, countries like Switzerland have removed subsidized feed-in tariffs for

residential scale PV systems or reduced them continuously even if the feed-in tar-

iffs are already below the grid supplied electricity rate. If a self-consumption mode

is economically feasible, feed-in tariffs can improve the economics of PVB systems

and increase the NPV to some degree. Future studies should therefore quantify to

what extent feed-in tariffs influence the economics and optimal systems sizes of PVB

systems for a variety of household load profiles.

In reality, other aspects are likely to play a role in the investment decision: on

the one hand, people may decide to install a system that is unprofitable from to-

day’s perspective to reduce their dependence on utility companies [35], or to hedge

against the risk of anticipated electricity price increases. The decision to install a

PV system may also be driven by nonmonetary reasons: Social interactions (peer

effects and spatial knowledge spillovers) have been shown to influence the decision of

installing a PV system [94]. People might also value the possibility to publicly signal

their pro-social engagement and contribution to pro-environmental causes [95]. On

the other hand, consumer inertia, search costs, and uncertainty may prevent people

from taking the action necessary to install a profitable system.

The techno-economic model developed in this study has been deliberately de-

signed in a simple way and considers only fundamental physical processes. While

parts of the model might be expanded, the current version allows for a techno-

economic bottom-up estimation of optimal system configurations and profitability

and allows for systematically examining sensitivities of the system profitability to

various input factors. Moreover, the current model does not take into account shad-

owing from trees or neighboring buildings. Depending on the environment of a PV

system, the actual solar production may be lower. Moreover, the model assumes

that sufficient rooftop space for the installation of the optimal PV size is available,

which may not be the case in reality. Future analyses should validate the solar

production calculated by the model with real-world PV production data.
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Another interesting avenue to pursue is the assessment of increased battery cycle

life. Differences in cycle life between different battery technologies and manufactur-

ers depend on the depth of discharge (DoD). The simple battery model presented

here could be extended to account for complex degradation effects to assess the

influence of cycle life on PVB economics and optimized charging algorithms that

adapt to user consumption patterns could be taken into account to minimize battery

degradation.

The model could also be expanded to reflect more complex configurations. Sec-

ondary applications like providing arbitrage and reserve [96, 97, 98] or an integrated

energy dispatch of thermal energy and electricity have been shown to improve the

profitability for battery systems [99], which could be included in the future.

3.5 Conclusions

We developed a techno-economic model that identifies the optimal configuration of

PVB systems under consideration of the heterogeneity of electricity consumption

profiles. To account for the heterogeneity in real-world load profiles, we used smart-

meter data from 4190 households. The model computes the profitably as well as

additional key performance variables including self-sufficiency ratio (SSR) and self-

consumption ratio (SCR). Furthermore, we explored how different scenarios of future

PV and battery costs affect optimal systems choice and performance indicators. To

enable utility companies to identify households among their customers that can

reap financial benefits from a PVB system, we have also proposed and evaluated a

predictor that identifies such customers and estimates several key outcome variables

based only on a limited set of input data, more precisely, on the total annual demand

and average daily load profiles.

The results of the techno-economic model reveal high variability in the prof-

itability and in the optimal system configuration, even for households with a similar

total annual demand, which highlights the importance of taking into account a

household’s individual situation in investment decisions. In the central European

context studied and without subsidies, we find that PV(B) configurations that op-

timize profitability will generally not include battery storage in the near future.

For PV-systems with batteries to become profitable at population scale, substan-

tial decreases in battery costs (towards a price range of 250-500 e/kWh) would be
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necessary; even then, small battery sizes will be most profitable to implement. De-

pending on future costs of PV and battery storage, PVB systems may considerably

reduce the demand of grid-supplied energy in the future, which raises the question

how fairly allocate contributions to the grid infrastructure in the future.
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Chapter 4

Prediction of optimal solar-battery

configurations

4.1 From simulations to machine learning models

The previous chapter provided a model-based techno-economic analysis using a

bottom-up engineering approach. More than 2 Million annual simulations were

executed for each of the 16 cost scenarios to find the optimal PVB configuration for

every household in the dataset. This methodology is lengthy, computationally inten-

sive and requires to time step through all time-series (load profiles, solar irradiation

and ambient temperature) with a large parameter space for the definition of the nec-

essary system components for the simulation. However, such data is typically not

available to practitioners. In this chapter, a model-free methodology is presented

that can predict profitability, optimal system sizes and annual performance factors

based on a much smaller parameter space.

The simulation results of the techno-economic optimization method are used as

ground-truth to develop and evaluate a machine learning algorithm that predicts

system profitability based only on a limited set of input data (annual demand and

daily average load shape). In particular, we investigate how shorter timeframes

of smart-meter data affect our prediction results for optimal system configuration,

self-consumption ratio, and profitability.
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4.2 Data and methodology

4.2.1 Overview

The processed dataset produces a large amount of simulation outputs, especially

when repeated over different PV and battery system costs. Subsection (4.2.2) makes

use of this large output dataset by training and evaluating a machine learning al-

gorithm that predicts the NPV, the optimal PV size, the optimal battery size and

the SSR/SCR. More precisely, for each of the five output variables of interest, we

train an algorithm that predicts the output if only the daily average load profile (24

values) as well as PV and battery costs are known and evaluate the performance

of the algorithm for different timeframes on which the daily average load profile is

based.

4.2.2 Predictor training and testing

Point of departure

As point of departure, we assume the following situation: a household is considering

the installation of a PV or a PVB system. The goal now is to predict – based on

the limited set of data that utility companies have available – the optimal PVB

configuration of for the given household and its NPV.

In the previous chapter, we used 30-minute load curves and TMY weather data to

derive the optimal system configuration and the exact resulting system profitability,

SCR, and SSR. In the prediction, we now strictly limit the input data to information

that is available at the end of the year 2009 as this would be the input the decision

maker has available at the time of decision making. The data for 2010 is only used

ex post in order to evaluate the quality of the system choice and the accuracy of the

prediction of the system’s performance.

As input for the predictor for a given household k, we use the mean daily con-

sumption of household k and its characteristic daily load curve, both from 2009, as

well as the expected PV and battery costs. The daily load curve of household k

- we also refer to it as load snippet hereafter - consists of 24 hourly values of the

average daily demand. These hourly averages are calculated based on L days of

smart-meter data from 2009. We deliberately restrict the timeframe L of the smart-

meter dataset to cover between one and 160 days, as most utility companies do not
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store fine-grained data by default. For the sake of the predictive model’s practical

applicability, the consumption data needs to be stored only if a customer commis-

sions the configuration and NPV assessment. The predictive model - essentially a

Figure 4.1: Schematic on test train split and the variable snippet length used as
input feature for prediction

regression (as described later in this subsection) - needs to be trained before it is

being put to use. The feature space and explanation of the procedure is described

in subsection (4.2.2). In order to avoid overfitting, we carefully separated the data

into training and test (or evaluation) data and made sure that the model is not built

on information that is used to assess its quality in a later step. We apply a ten-fold

cross validation for that purpose; additional information of the cross validation pro-

cedure can be found in (B.1). Figure (4.1) illustrates the separation of the input

data.
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Input to and output of the predictive model

In this subsection, we describe how the simulation outputs from the previous chapter

are used to train and evaluate the predictor; Figure (4.2) illustrates the procedure.

The simulation results serve as dependent variables, and the following data serve as

input variables (features) of the predictor:

• The normalized daily average load profile (with hourly resolution), referred to

as load shape

• The average daily demand of the 2009 dataset w
(2009)
L ≈ W

(2009)
L /365

• The specific PV costs cpv (in e/kWp)

• The specific battery costs cbat (in e/kWh)

The load profile and the average daily demand are quantities that can be used

if only incomplete smart-meter data (i.e., sampled for less than a calendar year) is

available. In this situation, the load shape is computed from the smart-meter data

snippet available and passed on to the predictive model, which can then compute

the optimal PV and battery size. The accuracy of the predictor is affected by the

Figure 4.2: Training of the predictor with the existing simulation outputs.

quality of the input data (especially by the length of the smart meter data snipped

to construct the characteristic load curve). The longer the time frame, the better

the estimation of characteristic load shape and the daily average demand. We vary
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the snippet length between (1, 7, 14, 30, 60, 90, 160) days (always ending end of 2009)

and report the error scores for each snippet duration. The total annual demand is

a quantity that all utility companies track and store for billing purposes. As we

only have about half a year of data for 2009 available, our model input describing

the average daily demand for 2009 is less accurate than the input a utility company

could use. Thus, the estimates represent a conservative estimate of the predictor’s

performance. The predictor is more flexible than the techno-economic model from

the previous chapter, as it can still provide accurate results even for situations where

only incomplete smart-meter data readings (collected for a period much shorter than

a year) are available. In addition, the computational burden is greatly reduced, as

no extensive grid search for the optimal configuration is performed.

Predictive model specification

The four features can be further formalized in the feature matrix X. The k-th

sample can be written as

Xk =
(
ŵk(t1), ŵk(t2), . . . , ŵk(tm), . . . , ŵk(t24), wL,k, cpv, cbat

)
(4.1)

The values ŵk(tm) for m = 1, 2, . . . , 24 represent the normalized average daily con-

sumption in hour m of the day. The sum of the normalized loads over all hours

tm is
∑24

m=1 ŵL(tm) = 1. The feature vector Xk contains the load shape feature

(normalized daily average demand), the daily average demand wL,k = WL,k/365,

the specific PV power costs (in e/kWp), and the specific battery costs (in e/kWh).

The function f maps the features X to an output of interest without a mathematical

specification of f , as opposed to the previous efforts where the function f for a set

of input factors has been parametrically defined. We aim to predict the following

output variables:

y =
{

NPV, P0, E
R
bat, SSR, SCR

}
(4.2)

The goal is then to construct a regressor fi that is able to predict the target variable

yi given the feature matrix X. Mathematically, this is

yi = fi(X) i = 1, . . . , 5 (4.3)
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A machine learning algorithm can then be trained on the feature matrix X for

each of the five output variables. The benefit of using a machine learning algorithm

is that the functions f1, . . . , f5 can be directly derived from data and do not need to

be explicitly defined as in classic statistical analysis. Many machine learning algo-

rithms exist that can approximate any function from measured data by minimizing

a target function (optimization goal) like the mean square error (MSE). We use

the random forest algorithm to approximate f1, . . . , f5 by using MSE minimization,

as this algorithm can construct nonlinear relations between input features and the

outputs and does not require large parametrization efforts [100]. The original model

described in A.1 with its large input parameter space can be represented by a ran-

dom forest algorithm f1, . . . , f5 that implicitly contains all input parameters except

for the load shape and average daily demand itself.
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Figure 4.3: Prediction flow diagram visualizes how the test matrix can be con-

structed for the prediction.

Once trained, the feature matrix for testing and validation purposes must be

constructed as illustrated in Figure (4.3). The first step in this process is the pre-

diction of the NPV. If the NPV is negative, no prediction of the system sizes occurs.

If the predicted NPV is positive, we subsequently estimate the optimal system size,

the expected SSR and SCR, respectively.
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4.3 Results

4.3.1 Prediction of profitability and optimal system config-

uration

Predictor performance

In this section we provide the results of the evaluation of the machine learning

algorithms described in Section 4.2.2, regarding their ability to predict the key

outcome variables based on only a limited set of input data. Figure (4.4) displays

the mean absolute errors (MAE) on the left for each outcome variable and the r2

values on the right for different snippet lengths of smart meter data. The detailed

error scores as a function snippet length L are also available in Table (B.1) in the

Appendix.

In general, for all outcome variables, the mean absolute error decreases and the

r2 value increases with increasing snippet length. The MAE of the NPV decreases

from 829 e for a one-day snippet to below 600 e for 30-day snippets. Given to the

6000 to 7000 e range of observed NPVs (cf. Figure (3.5)), the ratio of MAE and

the NPV spread is on the order of 10%. The r2 already exceeds the 0.5-mark with

seven days of measurement data and and increases up to 0.88 for a snippet length

of L = 160.

The MAE for the PV size prediction also decreases rapidly with the snippet

length and reaches 0.30 kWp for 30 days of measurement. Thus, the MAE achieved

with a 30-day snippet is comparable to the power Pmod = 0.26 kWp of one module.

With a minimal PV size of 2 kWp, the relative error for the smallest system size is

about 15%. Increasing the snippet length from 30 days to 160 days increases the r2

of the PV power prediction from 0.6 to 0.75.
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Figure 4.4: Predictor error and R-squared as a function of snippet length L of

smart-meter data.

The error scores for the prediction of the battery size improve less than for the

PV power predictor. The MAE obtained with a 30-day snippet is 0.81 kWh and

barely improves even for 160 days of measurement data. That is a rather high value

in particular in comparison to the small size of most batteries in the range of 1-3

kWh. Likewise, the r2 increases only little between 0.53 for a 7-day snippet, to 0.6

for a 160-day snippet.
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Both the SSR and SCR can be predicted with a MAE smaller than 6% points

for a snippet with a minimal duration of 30 days. The r2 values obtained with a

30-day snippet are 0.42 for the SSR and 0.27 for the SCR; with longer periods of

measurement data, the r2 for the SSR increases to 0.56 for the SCR to 0.39.

Feature importance

In addition to the error scores, we also provide relative importance, referred to as

feature importance for the prediction of the output variables. Table (4.1) lists all

features and their importance for the prediction of all 5 output variables.

Predictor outputs
Feature NPV PV power Battery size SSR SCR
Load shape 15.8 % 19.8 % 9.7 % 22.0 % 14.2 %
Mean daily demand 33.2 % 47.2 % 14.0 % 5.5 % 9.2 %
PV costs 48.5 % 29.2 % 9.2 % 21.8 % 36.1 %
Battery costs 2.5 % 3.8 % 67.1 % 50.7 % 40.5 %

Table 4.1: Feature importance for all five machine-learning models

Obviously, the relative importance of the different features is subject to the

particular cost scenarios studied; nevertheless, the feature importance scores provide

an estimate of the relative importance of the different features for the cost scenarios

studied. PV costs are the most important feature in the prediction of the NPV

(48.5%); mean daily demand and load shape together amount to the same value.

The mean daily demand is about twice as important as the load shape in the estimate

of the NPV. Battery cost is the least important factor for the NPV, as in many cases

household reach profitability without batteries. Not surprisingly, PV costs play an

important role (relative importance of 29.2%) in the prediction of the optimal PV

power. Battery costs have a strong relative influence on the optimal battery size

(67.1%), SSR (50.7%), and SCR (40.5%).
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4.4 Discussion

4.4.1 Discussion of findings and implications

In practice, a complete dataset with detailed smart-meter data readings over a full

year is often not available for PVB investment decisions. Therefore, we trained a

machine learning algorithm that is able to predict system profitability and other key

variables of interest based on much less input data than the techno-economic opti-

mization model, whose output data serve as ground truth. The results show that it

is possible to predict a household’s optimal PVB configuration and profitability with

good accuracy from its averaged daily load profile; in particular, good prediction

results can already be achieved when the average daily load profile is based on short

timeframes of smart-meter data collection. When historic data on the household’s

annual demand is available, already with a 30-day snippet of smart meter data the

NPV can be predicted with a mean average error below 600 e and a r2 of 0.65; with

160 days of smart meter data, the r2 increases to 0.88 and the mean average error

to 328 e. A single month of smart meter data is sufficient to predict the optimal

PV power with a mean average error equivalent to the size of about a single module.

Thus, the predictions can provide a helpful indication for consumers on how large

their PV system or battery should be to optimize profitability.

Our prediction algorithm provides a simple assessment tool for households to

individually determine their optimal system configuration and to forecast its prof-

itability. Today, investment decisions for PV(B) systems are often not data-driven,

leaving many prospective prosumers without reliable estimates on profitability and

system sizing. Our prediction algorithm could mitigate this lack of a data-based

decision support system. Based on a limited set of input data (average daily pro-

file based on a few weeks of data collection), it can provide a decent estimate of

the optimal configuration, profitability, and self-sufficiency rate and thus, a much

better basis to make the investment decision. In addition, the predictor could be

used re-estimate the performance if new and heavy electricity load (like EVs or

heat pumps) are introduced in the household. Utility companies could use already

existing smart-meter data to identify relevant households for whom the installa-

tion of a PV(B) system would be profitable. This would allow them to focus their

PVB-related marketing campaigns on high-net-worth customers and to better tar-

get their communication. This could improve not only the cost-effectiveness of their
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marketing efforts, but also customer loyalty and sales.

4.4.2 Limitations and outlook

The findings in this chapter are subject to at least two limitations. First, the ground

truth used to train the model relies on simulated data, which have been already

computed for chapter (3). The accuracy of the techno-economic model in chapter

(3) could not be estimated as there is no measured prosumer household available

(i.e. measured PV solar output in sub-hourly resolution with known geographic

position and orientation) to validate the techno-economic model. Therefore, the

error scores presented in this chapter rely on the accuracy of the techno-economic

model presented in the previous chapter (3). Hence, the error scores presented in

this chapter do not take into account modeling errors from the techno-economic

model. As a consequence, the error scores obtained when training on measured

rather than simulated data can potentially be larger than presented in this chapter.

Even if real world load profiles have been used for the simulation future work should

incorporate measured solar production profiles and possibly include isolated charging

and discharging cycles of batteries for the training set. This would pave the way for

a more data driven estimation of optimal PV and battery sizes that include also real

world disturbances like shading or actual losses in conversion devices and cables that

are difficult to capture in simulation models. In addition, machine-learning models

can be better automatized than system dynamic models because machine-learning

models require less assumption about the underlying physics of the system. The

application of methods based on artificial intelligence is currently ongoing in many

industries. Therefore, utilities may also adapt data driven evaluations of prosumer

systems in particular or other aspects of the power system.

However, the value of the predictor even if trained is not to underestimate and

can be used to overcome the cold start problem and later retrained with actual

field data to improve its performance. The second limitation arises from the fact

that the input data to predict the profitability, optimal size and annual performance

factors is only available over the second half of the year 2009 (June to December).

Therefore the model could be only tested on smart-meter data snippets collected

over the second half of the year 2009, which end always on the last day of the

year 2009. Future efforts should investigate whether the same error scores can be
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achieved if the smart-meter data snippets are collected randomly over a calender

year.

While the prediction of optimal sizes and annual performance factor can serve as

valuable reference point for consumers, some households may request the estimation

with other preferences than the economically optimal system. For example a house-

hold may want to estimate the achieved profitability and self-sufficiency degree if

the given roof-area is fully utilized, or an estimation of the required system size to

reach a prescribed self-sufficiency degree.

4.5 Conclusion

The evaluation of our prediction algorithms shows that the profitability of a PVB

system and other key variables of interest can be estimated with decent accuracy

even for situations where only limited smart-meter data are available. The approach

provides a simple and praxis-relevant tool for households to individually assess their

optimal system configuration and to forecast its profitability. It also enables utility

companies to use already available smart-meter data to identify customers for whom

the investment into a PV(B) system is particularly profitable. Thus, the results

exemplify how utility companies can use smart-meter data analytics to provide more

personalized and customer-oriented services.
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Chapter 5

Performance of peer-to-peer

energy networks

5.1 Aggregation effects in microgrids

The analysis in chapter (3) already showed that a prosumer’s capacity to self-

consume the generated solar energy is generally limited by the individual consump-

tion pattern of the household. The misalignment between solar generation and

consumption can cause substantial exports to the grid, which are potentially remu-

nerated at low feed-in rates (typically lower than the retail tariff). As an alternative,

households could share generation and storage capacities in a peer-to-peer commu-

nity, which would allow prosumers to market their surplus energy at rates closer

to the retail level. In a microgrid, consumers and prosumers collaborate and re-

duce imports and/or exports (due to surplus generation of prosumers within the

microgrid) on a community scale rather than on an individual household scale. A

prosumers capacity to self-consume the generated solar electricity is usually lim-

ited, and the larger the solar installation is the larger the share that the prosumer

must export to the grid. A prosumers exported share can be consumed by another

community member at a rate that may be beneficial for both the producer and con-

sumer. The random cancellation between surplus generation and consumption from

peers is referred to as the aggregation effect. More precisely, the aggregation effect

is the difference between community-level imports/exports and the sum of individ-

ual household-level imports/exports as illustrated in Figure (5.1). If prosumers in
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a microgrid community supply consumers with electricity from their surplus solar

energy, the community-level imports will be smaller than the sum of the individual

household-level imports. The same holds true for the community exports: The sum

of the individual household-level exports is larger than the community-level exports

if energy flows between peers are non-zero. Figure (5.1) conceptualizes the difference

between household-level imports/exports and community-level imports and exports.

Figure 5.1: Household- and community-level imports and exports for a community
with two prosumers and one consumer. The aggregation effect is the difference be-
tween community imports/exports and the sum of household-level imports/exports.

The magnitude of the aggregation effect greatly depends on the configuration

of the community. A large microgrid community with few prosumers will result in

small export rates over the course of a year, while a prosumer-dominated community

will likely export more energy due to misalignment of surplus production and the

residual community load. The quantification of the aggregation effect under various

conditions is therefore the main focus of this chapter. The analysis in this chapter

is separated into three studies, parts A, B and C.

The first study (part A) focuses on microgrids without deployed battery storage:

The goal is to quantify the reduction of community imports and exports due to

aggregation effects relative to the sum of individual household-level imports and

exports of the community. Study A assumes a generic PV sizing strategy, where

each household sizes its PV system to meet a predefined production-to-demand ratio

(PDR). A strategy often cited in literature is the net zero energy building [12], which

produces as much energy as it consumes over the course of a calendar year. In terms
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of the production-to-demand ratio, the net zero energy building can be described

with PDR= 1. The aggregation effect and the relation between community sizes and

their annual import and export rates are analyzed under various prosumer ratios,

community sizes and different PDR sizing strategies.

The second study (part B) assumes a heterogeneous sizing strategy by commu-

nity members, where each household sizes its PVB system to maximize the NPV.

Therefore, the optimal configuration computed in chapter (3) can be reused for the

community simulations. The second study also assesses how different community

configurations (number of households and prosumer shares) with the given sizing

strategy reduce community- level imports/exports over individual household-level

imports/exports.

The third study (part C) puts the focus on the sizing strategy for the battery

system in individual households and assesses the effectives of household-level battery

storage systems compared to community (or community-controlled) battery storage

systems. Prosumers with installed battery systems that belong to a microgrid com-

munity may store units of electricity within a given time frame even though the

prosumers surplus energy could have been directly and completely consumed by a

household located in the same microgrid community. From an economic point of

view, the installation of a battery system at the household-level must be questioned,

because the marginal cost of storing energy might be considerably higher than trans-

porting that energy over the neighborhood grid to a consumer who is willing to pay

a fair price to the prosumer for generated electricity. In addition to economic con-

siderations, frequent exchanges of energy between prosumers and consumers will

lower the required storage capacity at the community-level: If the prosumer ratio in

a community is very small, the battery of individual households may be completely

avoided to match the sums of imports and exports at the household-level to the

community-level imports and exports. Therefore, the third analysis quantifies to

what extent the total deployed storage capacity of individual prosumer households

can be reduced to match the sums of individual household-level imports/exports

to the imports/exports at the community-level of. The analysis treats the individ-

ual storage units as one large community battery storage system that charges only

to avoid community-level exports rather than individual household-level exports.

However, the large community battery storage can be represented as a virtual com-

munity battery storage system that is made up of many smaller household-level



65

battery systems. The distributed battery systems would then cooperate with the

same community-level control logic as the real community battery storage system.

The actual distributed battery system can achieve the same SSR/SCR scores if they

work together as one large community storage system. Therefore, the batteries de-

ployed would cooperate and only charge if the community exports electricity and

would discharge if the community imports electricity.

The next section introduces the methodology for peer-to-peer (P2P) simulations

and the description of the data that serves as input for the simulation. The re-

duction in community-level imports and exports and the sums of household-level

imports are reported in terms of the self-sufficiency and self-consumption rates on

the community-level. Community-level performance factors with and without ag-

gregation effects are also defined in the next section.

5.2 Methods and data

5.2.1 Overview

Both the simulation model from previous chapters and the load profile data are used

for the analysis presented in this chapter. The large dataset with load curves from

4190 households can be used to randomly construct different microgrid topologies

with different prosumer and consumer compositions.

The simulation model used in section (3) is adapted to account for energy flows

between prosumers and consumers within a microgrid. Subsection (5.2.2) introduces

the formalism for energy flows between peers and shows how the existing simulation

model is applied to resolve community-level energy flows. The formalism introduces

the residual solar energy flow, which represents the share of generated electricity

that cannot be self-consumed or stored by the individual households that are part

of a microgrid. Therefore, the simulation technique introduced in (3) can be reused

with the residual solar energy flow as an input parameter. After reapplication of

the model, the imports and exports of an arbitrary microgrid can be computed for

the scenarios A, B and C.
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5.2.2 Formalism for microgrid energy flows

The execution of a single simulation run for a PVB system over a typical meteoro-

logical year requires the computation of the electric power output of an arbitrarily

oriented solar array system. For every time step, the energy flows between the PV

system, storage, load and grid must be computed. The simulation model described

in chapter (3) can be written as a simple simulation function S given by the following

equation 
P

(j,k)
PV→G

P
(j,k)
PV→L

P
(j,k)
PV→B

P
(j,k)
B→L

P
(j,k)
G→L

 = S(P
(j,k)
L , P

(j,k)
PV , E

(j)
bat) (5.1)

The simulation requires the load profile P
(j,k)
L and the generated PV energy P

(j,k)
PV

as well as the battery size of the j-th household at the time slot k. The quantities

P
(j,k)
m→g describe the energy flows between component m = { PV-array (PV), load (L),

battery (B), grid (G) } and g 6= m for a household j and the time slot k. Note that

the energy flows between the components can be converted to transported energy

as defined in equations (A.6)-(A.10) between the components using

W (j,k)
m→g = P (j,k)

m→g ·∆t (5.2)

For microgrid simulations, the quantity P
(j,k)
PV→G is of particular interest because it

represents the fraction of the generated solar energy that could not be self-consumed

by household j, but could potentially be used by another member of the microgrid.

Given a microgrid with Nmg households, the residual solar generation across all

households is given by

P
(k)
PV,resid =

Nmg∑
j=1

P
(j,k)
PV→G (5.3)

The quantity P
(k)
PV,resid represents the generated solar energy that could not be self-

consumed by the households. Likewise, the residual load of each household is the

fraction of the load that could not be covered with self-generated solar energy and
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can be computed using the following equation

P
(k)
L,resid =

Nmg∑
j=1

P
(j,k)
G→L (5.4)

Where P
(k)
L,resid is the residual load of the entire microgrid at any time step k. The

computation of the microgrid performance can now be reevaluated using the two

quantities for the residual load and generation capacity with the following equation
P

(k)
exp

P
(k)
PV,resid→L,resid

P
(k)
PV,resid→Bc

P
(k)
Bc→L,resid

P
(k)
imp

 = S(P
(k)
L,resid, P

(k)
PV,resid, Ebat,c) (5.5)

The quantities P
(k)
exp and P

(k)
imp describe the exported and imported power for any

time step k, respectively. The surplus energy generated by the individual house-

holds that can be consumed by another household in the microgrid referred to as

the aggregation effect [67] is denoted by P
(k)
PV,resid→L,resid. The surplus energy from

the individual prosumers in the microgrid may be collected by a community battery

of size Ebat,c. The energy flows into and out of the community battery system are

described by P
(k)
PV,resid→Bc

and P
(k)
Bc→L,resid, respectively. Note that distributed batter-

ies among the microgrid members with equal federated size of Ebat,c can potentially

achieve the same performance if coordinated accordingly as one single community

battery.

The self-sufficiency and self-consumption rates for single households can then

be computed using equations (3.4) and (3.5), respectively. But using the above

definitions, the self-sufficiency SSRc and self-consumption rate SCRc on community-

level can be defined in the following way

SCRc =

∑
k

(∑
j P

(j,k)
PV − P

(k)
exp

)
∆t∑

k

∑
j P

(j,k)
PV ∆t

= 1−Wexp/WPV,c (5.6)

SSRc =

∑
k

(∑
j P

(j,k)
L − P (k)

imp

)
∆t∑

k

∑
j P

(j,k)
L ∆t

= 1−Wimp/WL.c (5.7)
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where
∑

j P
(j,k)
PV ,

∑
j P

(j,k)
L with j = 1, . . . , Nmg denote the total solar DC power and

the total community demand, respectively. The abbreviations for the total annual

community demand WL,c =
∑

k

∑
j P

(j,k)
L ∆t, the annual community DC production

WPV,c =
∑

k

∑
j P

(j,k)
PV ∆t, the annual export out of the microgrid Wexp and the

annual import into the microgrid Wimp have been applied. Note that community-

level self-sufficiency SSRc and self-consumption SCRc include aggregation effects

between community prosumers and consumers. In order to compare the microgrid

Figure 5.2: Example of self-consumption and self-sufficiency rates without
(SCRo/SSRo) and with aggregation effects (SCRc/SSRc) for a community consisting
of 3 households

performance to a group of isolated consumers and prosumers, we derive the SSR
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and SCR without including aggregation effects, and it can be expressed as

SCRo =

∑
k

∑
j

(
P

(j,k)
PV→L + P

(j,k)
B→L

)
∆t∑

k

∑
j P

(j,k)
PV ∆t

(5.8)

SSRo =

∑
k

∑
j

(
P

(j,k)
PV→L + P

(j,k)
B→L

)
∆t∑

k

∑
j P

(j,k)
L ∆t

(5.9)

The above expressions in the numerator can be understood as the sums of individual

household level self-consumption, which does not included any aggregation effects

between peers.

Figure (5.2) illustrates the computation of the SCR and SSR for a community

with two prosumers and one consumer. Essentially, the SCR and SSR without ag-

gregation effects are computed as the sum over household level imports and exports,

while the SCR and SSR for the community refers to community level imports and

exports accounting for energy flows between peers. If no flows between peers occur,

the SCRo/SSRo are equal to SCRc/SSRc, respectively.

All results in this chapter are expressed in terms of the SCR/SSR with and

without aggregation effects. The next section describes simulation scenarios and

their input factors.

5.2.3 Microgrid simulation scenarios and input factors

The performance of a microgrid greatly depends on the individual household con-

figuration (installed PV array size and battery size), as well as community level

properties such as the number of households and the share of prosumers in the mi-

crogrid. The analysis in this chapter is divided into three parts A, B and C, as

laid out in the chapters introduction. Each of these three analyses uses different

simulation input factors.

• Part A:

The focus of the first part of the analysis, part A, is the relation between

the number of households (and the share of prosumers) and the aggregation

effect a community exhibits. The goal of this analysis is the quantification of

optimal community sizes and prosumer ratios under fixed PV-sizing strategies

for each of the households. The fixed-sizing strategy is defined in terms of the
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production to demand ratio (PDR). The community simulations are executed

with PDR= [0.25, 0.5, 1.0, 2.0], where PDR= 1.0 corresponds to a net zero

energy building [12].

• Part B:

As opposed to part A, the second analysis (part B) is based on a very specific

sizing strategy: It is assumed that each household sizes its PVB system to

maximize the NPV as already computed in chapter (3) for various future

PVB system costs and microgrid prosumer ratios of rpro = [0.25, 0.5, 0.75, 1.0].

Note that the optimal system configurations in chapter (3) are reused for

this chapter and are based on a remuneration rate of crem = 0.068e/kWh.

The goal of this analysis is to estimate the gain in self-consumption and self-

sufficiency of a microgrid over individual households assuming sizing strategies

that maximize the NPV for current and future PVB system costs.

• Part C:

The analysis in part B investigates how aggregation effects decrease the im-

ports and exports of a given community configuration. Part C, on the other

hand, presents an analysis where annual imports and exports are held con-

stant in favor of a reduced cumulative storage capacity. Given the high in-

vestment costs, reduction of the total battery storage size without sacrificing

self-sufficiency and self-consumption could further improve the economic and

ecological performance of PVB systems.

Table (5.1) defines the required input parameters that are needed to run mi-

crogrid simulations for parts A, B and C. The simulations in parts A, B and C

essentially assume different sizing and microgrid composition scenarios. The analy-

sis in part A assumes that households size their PV systems to achieve predefined

production to demand ratio PDR and a predefined prosumer ratio rpro. The un-

derlying scenario for the analysis in part B assumes that all households size their

systems to maximize the NPV. Households that cannot reach profitability may be

part of a community in the form of a pure consumer. In part C of the analysis,

the total installed battery capacity is modified to maintain the SCR and SSR that

individual households achieve by themselves but with reduced total storage capacity

due to aggregation effects.
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Input
factor

Analysis part A: Analysis part B: Analysis part C:

PV sizing
policy

PDR ∈
[0.25, 0.5, 1.0, 2.0]

PV size that maxi-
mizes the NPV

PV size that maxi-
mizes NPV

Battery
sizing
policy

No battery storage
considered

Battery size that
maximizes the
NPV

Total battery size
required to main-
tain the SSR/SCR
in the microgrid
over individual
household level
SSR/SCRs

Solar array
tilt and
orientation

according to distri-
bution function in
Figure (3.2)

according to distri-
bution function in
Figure (3.2)

according to distri-
bution function in
Figure (3.2)

Number of
households
in the
microgrid
Nmg

[2, 5, 10, 20, 50, 100] Nmg = 10 Nmg = 10

Prosumer
share rpro

[0.1, 0.2, . . . 1.0] [0.25, 0.5, 0.75, 1.0] [0.25, 0.5, 0.75, 1.0]

Table 5.1: Description of input factors for the analysis presented in the chapter.
Part A focuses on the impact of microgrid compositions and sizes on the aggregation
effects in the microgrid. The analysis in Part B makes use of the learnings of part A
and considers microgrid performances if the individual households size their systems
to maximize profitability.
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5.2.4 Description of the simulation procedure

Unit microgrid simulation

In order to quantify the impact of the aggregation effects in a microgrid, different

compositions of microgrid communities must be simulated. A household is repre-

sented by a load profile of the CER dataset [72] as already assumed in the chapter

(3). In each simulation run a community with Nmg households is constructed by

selecting Nmg load profiles at random. Some of the Nmg households are selected as

prosumers. The number of prosumers Npro per microgrid is fixed before the simu-

lation. In part A the selection of prosumers is completely random. In parts B and

C only households that achieved an NPV≥ 0 in the analysis of chapter (3) will be

selected as prosumers.

The prosumer ratio in the microgrid is rpro = Npro/Nmg. Each prosumer in the

microgrid is then simulated on the household level by evaluating Equation (5.1)

for all prosumers. The household internal energy flows obtained by Equation (5.1)

are retained. Once all prosumers have been simulated, the expressions for SCRc,

SCRo, SSRc and SSRo in Equations (5.6)-(5.9) must be evaluated to quantify the

aggregation effects in microgrids.

Repetition of unit microgrid simulation

For a given microgrid size Nmg and prosumer share rpro, the unit simulation de-

scribed in the previous subsection is repeated 30 times and the average values for

the community level SSR/SCR and individual level household as defined in Equa-

tions (5.6)-(5.9) is reported. The repetition generalizes the computation and miti-

gates the impact of randomly selected microgrid compositions that over-perform or

under-perform in terms of SSR/SCR.

5.3 Results

5.3.1 Simulation results for part A

Figure (5.3) shows the self-consumption rate with aggregation effects SCRc and

without aggregation effects SCRo. The quantity SCRo describes essentially the sum

of the household level exports relative to the solar generation of a randomly selected
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household (the subscript 0 indicates that this quantity does not account for energy

exchange between peers in a microgrid). The PDR is set to 0.25 (i.e. all prosumers

annually produce 25% of their annual consumption) in the upper graph on the left

hand side of Figure (5.3). The situation in which a community consists of only

one consumer and one prosumer (rpro = 0.5 and Nmg = 2) is shown for all PDRs.

The prosumer achieves a self-consumption rate of just above SCRo = 0.60 for a

PDR= 0.25. If the consumer and the prosumer create a microgrid community, they

will together achieve a self-consumption rate of approximately 80%, meaning that

the prosumer can provide approx. 80%-60%=20% of the annually generated energy

to the consumer. The share that cannot be consumed by the consumer (approx.

100%-80%=20%) must be exported from the microgrid. If both households in a mi-

Figure 5.3: Self-consumption rate with aggregation effects (SCRc) and without ag-
gregation effects (SCRo) as a function of different prosumer ratios and for different
microgrid sizes
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crogrid of size Nmg = 2 have PV systems installed (i.e. rpro = 1), only a small share

of the generated surplus energy can be sold between the two prosumers. As Figure

(5.3) shows, diminishing aggregation effects (i.e. the difference between SCRc and

SCRo) can be observed for increasing PDRs and all microgrid sizes. For pure pro-

sumer microgrids, only small aggregation effects are observable if the PDR is equal

to or greater than 1.0. A small sizing policy with a PDR of 0.25 and rpro ≤ 0.6 or,

PDR= 0.5 and rpro ≤ 0.3, will result in considerable aggregation effects, provided

that the number of households is equal to or greater than 10. Most importantly,

the marginal improvement of the aggregation effect for a fixed PDR and prosumer

ratio is insignificant if the number of households in a microgrid is greater than 10.

Therefore, a community with Nmg = 100 households and a fixed prosumer ratio will

not achieve a significantly better SCRc than a community with Nmg = 10 house-

holds with the same prosumer ratio. The self-consumption rate without aggregation

effects (SCRo) decreases with increasing PDRs because systems with small PDRs

can achieve higher self-consumption rates, as demonstrated in chapter (3). Con-

sequently, with increasing prosumer share, the self-consumption rate SCRo of the

community decreases. Exports from the microgrid (with aggregation effects) can be

completely avoided with a PDR= 0.25 and a prosumer ratio of up to 40% irrespec-

tive of the microgrid size (excluding Nmg = 2). Exports (with aggregation effects)

can be avoided if the prosumer ratio is below 20% (irrespective of the microgrid

size), using a PV sizing policy with PDR= 0.5. Avoiding exports becomes more

difficult with PDR≥ 1: For a PDR of 2.0 and prosumer share of 10%, the SCRc

drops from approx. 90% as the prosumer share increases and approaches the SCRo

as rpro → 1.

Figure (5.4) shows the self-sufficiency rates of the community SSRc and the com-

bined value for the setting with individual households (SSRo). Most importantly,

the SSRc does not significantly improve if the community size is equal to or above

greater than 10 households, irrespective of the PDR and rpro. In the extreme case

of rpro = 1.0, there are still aggregation effects (difference between SSRc and SSRo)

observable up to approx. 10% points. In contrast to Figure (5.3), the aggregation

effects shrink to zero for rpro = 1.0 and PDR≥ 1.0. The SSRc of the community in-

creases more quickly with the prosumer share if rpro ≤ 0.5 for PDR≥ 1.0. Increasing

the prosumer ratio from 0.5 to 1.0 will increase the SSRc only about 5% points.

The most interesting result of the analysis of part A is that a microgrid should
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Figure 5.4: Self-sufficiency rate with aggregation effects (SSRc) and without ag-
gregation effects (SSRo) as a function of different prosumer ratios and for different
microgrid sizes

consist of at least 10 households to leverage the aggregation effects. Above ten

households, however, the aggregation effects are only increased insignificantly by

the marginal increase in the number of households. Therefore, a community with 50

households is not more effective in reducing imports or exports than 5 communities

consisting of 10 households each.

5.3.2 Simulation results for part B

Community simulation results are presented in this subsection by assuming that

each household sizes its PVB system to maximize its NPV of the PVB installation.

The same sizing strategy has already been applied in chapter (3) for each of the
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analyzed cost scenarios (PV:1000-2500 e/kWp, B: 250-1000 e/kWh). In part B,

the community size is fixed to Nmg = 10, as the results of part A show that at

this network size, the aggregation effects are saturated. In other words, a larger

network size provides only very limited marginal aggregation effects. As in part A

Figure 5.5: Comparison of household level performance (SCRo/SSRo, without ag-
gregation effects) and community level performance (SCRc/SSRc, with aggregation
effects)

of the analysis, the self-sufficiency and self-consumption rates with (SCRc, SSRc)

and without (SCRo, SSRo) aggregation effects as summarized in Table (C.1) and

visualized in Figure (5.5) are reported. Again, the averages of the community scores

with and without aggregation effects result from 30 simulated communities with

randomly selected households.

Figure (5.5) shows the household level and community level SCR and SSR at

4 different prosumer ratios [0.25, 0.50.75, 1.0]. For each prosumer ratio, the corre-
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sponding points with (blue squares) and without (red circles) aggregation effects

are connected with a dashed gray line. As illustrated in Figure (5.3), the aggrega-

tion effects generally decrease with an increasing prosumer ratio. As the prosumer

ratio increases, the tendency for random load cancellation between producers and

consumers decreases, resulting in smaller aggregation effects for high prosumer ra-

tios. In other words, microgrids with high prosumer ratios generate fewer benefits

regarding the SCR and SSR than microgrids with low prosumer ratios, compared to

the base scenario of stand-alone households. High system costs (PV: 2500 e/kWp,

B: 1000 e/kWh) generally lead to sizing strategies with small PV system sizes (and

zero storage capacities), which achieve high SCR but low SSR. Decreasing PV costs

increase the SSR but decrease the SCR substantially. If battery costs decrease to

250 e/kWh the self-consumption generally increases. A uniform decline in both PV

and battery system costs tends to increase both the SSR and SCR at the household

and community levels.

At system costs of 2500 e/kWp, the solar energy produced within a community

can be nearly fully absorbed from consuming peers if 25% of the households are

prosumers. The community self-consumption decreases with higher prosumer ratios

and can only be maintained above 90% if battery costs decrease to 250 e/kWh.

In the base case cost scenario (PV: 2000 e/kWp, B: 1000 e/kWh), the house-

holds reach an SCRo and SSRo of 54% and 7% if only 25% of the community

members are prosumers (excluding aggregation effects). With aggregation effects

included, the SCR almost doubles to a rate of SCRc = 91%, while the SSR in-

creases to SSRc = 12% (with aggregation effects). The aggregation effects reflected

in the SCR are larger than the aggregation effects observed in the SSR, especially

for small prosumer ratios and high system costs. The aggregation effects with a

prosumer ratio of rpro = 1 with system costs of the base case scenario (PV: 2000

e/kWp, B: 1000 e/kWh) increase the SCR from SCRo = 55% (at the household

level) to SCRc = 69% (at the community level) and the SSR from SSRo = 22%

to SSRc = 28%, respectively. The low cost scenario of (PV: 1000 e/kWp, B: 250

e/kWh) leads to high PV and storage capacities, which increases the SSR due to

aggregation effects from SSRo = 65% (at the household level) to SSRc = 70% (at

the community level), and the SCR increases from SCRo = 57% to SCRc = 62%

and remains at a similar level as the base cost scenario (PV: 2000 e/kWp, B: 1000

e/kWh).
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To sum up, the analysis for part B reveals similar findings as those in part A,

even though the sizing strategies in part B are less homogeneous than in part A.

The optimization in part B may lead to quite different PDRs for each household,

and the deployment of battery storage can change the temporal distribution of

household level exports significantly. Despite the differences in sizing strategies,

similar community performance scores can be observed on a qualitative level, that is,

communities with a small prosumer ratio are more effective in reducing community

level inputs. Conversely, high prosumer ratios and decreasing technology costs (both

PV and batteries) lead to less effective communities regarding import and export

reduction.

5.3.3 Simulation results for part C

The two analyses presented in parts A and B have evaluated the gain in SCR and

SSR due to aggregating effects in the microgrid community. However, households

with individual battery units might store a unit of electricity in their homes even

if this unit could have been consumed by another member of the community. As

explained in section (5.1), the focus of study C is not the quantification of reduction

in imports or exports from aggregating households into communities, but rather the

reduction of the storage capacity required to maintain the sums of household level

imports/exports when a group of prosumers and consumers cooperate in the form

of a community.

The simulation results from part C are presented in Tables (C.2) and (C.3) and

visualized in Figures (5.6) and (5.7). The simulation results are presented in two

subsections: First, the results for matching individual households level exports with

community level exports; and second, the results for matching individual household

level imports with level imports.

Simulation results for export matching

The plots on the left hand side of Figure (5.6) show the relation between the SCR

and the normalized storage capacity (SDR from Equation (3.7)) for battery costs

of 250 e/kWh, while the right hand side shows the same dependency for battery

costs of 500 e/kWh. The cost scenarios with 750 and 1000 e/kWh from chapter

(3) have not been considered for part C, because only few households obtained a
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non-zero storage capacity for battery costs of 750 and 1000 e/kWh. The red curve

in each graph describes the relation between the storage to demand ratio (SDR)

from Equation (3.7) and the SCRo, which does not include any aggregation effects

and relates the sum of the avoided household exports to the total generation in the

microgrid. Note that the SDR in this graph corresponds to the ratio of the sum of

all individual household-level capacity to the mean community demand. The blue

curve, on the other hand, is the SCRc, which includes aggregation effects. The SCRc

is for all plots equal to the SCRo because the required battery size has been reduced

to match the sums of the household exports to the export for the community. The

battery sizes from the techno-economic optimization of chapter (3) are for battery

costs of 500 e/kWh small: The optimal battery size does not exceed 17% of the

mean daily demand (without aggregation effects). However, in all cases where the

battery cost is 500 e/kWh and the PV cost is 1500 e/kWp and above, the self-

consumption ratio without aggregation effect can be maintained even if no battery

storage is deployed (except for rpro = 1, where the SDR can be reduced from 0.09

without aggregation effect to 0.01 with aggregation effect). At system costs of (PV:

1000 e/kWp, B: 500 e/kWh) and rpro = 1, where all households are assumed to be

prosumers, the SDR of 0.17 can be reduced by 44% to achieve the same exports on

a community level.

At battery costs of 250 e/kWh, the deployed battery sizes are considerably

larger compared to the battery sizes at 500 e/kWh, and reach a maximum mean

capacity of 79% without aggregation effects relative to the mean daily community

demand (if all members are assumed to be prosumers). Storage will not be required

at battery costs of 250 e/kWh if only one quarter of the community members are

prosumers (rpro = 0.25) in order to match the sums of the household level exports

with community exports. If half of the community members are prosumers, storage

can be avoided for very high PV costs of 2500 e/kWp. In that case, the households

would then size their systems to be small enough to achieve a high SCRo, which

also leads to a high community SCRc for the case with rpro = 0.5. An interesting

extreme scenario to consider is the case where all community members are prosumers

(rpro = 1) and the PV and battery costs fall to the lowest cost scenario (PV: 1000

e/kWp, B: 250 e/kWh). The SCR in this scenario falls to 57% with fixed battery

costs of 250 e/kWh and indicates that 43% of the total solar production of the

households must be exported with an average SDR of 0.79. The required storage
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Figure 5.6: Computed storage reduction that matches the sums of individual house-
hold level exports to the community level exports expressed as the SCR

capacity in the low-cost scenario can be reduced to an SDR of 0.58 in order to match

the community exports with the sum of the individual household-level exports. This

corresponds to a relative reduction in the SDR of 26.8%. The smallest storage

reduction observed in all cases is 26% for (PV: 1500 e/kWp, B: 250 e/kWh) and

rpro = 1, where the SDR can be reduced from 0.56 to 0.42.

Simulation results for import matching

The results for the matching of community level exports and household level exports

were described in the previous subsection. In this subsection community simulation

results are presented that match community level imports to individual household
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level imports by reducing the total storage size in the community.

Like Figure (5.6), Figure (5.7) shows the relation between the SSR of the normal-

ized storage capacity (SDR from Equation (3.7)) for battery costs of 250 e/kWh,

while the right hand side shows the same dependency for battery costs of 500

e/kWh. The red curve is the SSRo, which does not include any aggregation ef-

fects and can be obtained from the sums of the individual household household-level

imports. The blue curve corresponds to the SSRc, which can be derived from com-

munity community-level imports and includes aggregation effects. As in the previous

subsection, the SSRc is for all a given cost scenario and community configurations

equal to the SSRo in favor of a smaller total battery capacity. It can be observed

that the achieved self-sufficiency increases for decreasing PV costs independent of

the community configuration and battery costs. With the decreasing PV costs, the

deployed storage sizes increase in the case of the SSRo. For battery costs of 500

e/kWh the same self-sufficiency rates can be obtained if no more than 75% of the

community members are prosumers, regardless of PV cost scenario (except for PV

cost scenario of 1000 e/kWp and rpro = 0.75). The largest SDR observed in these

cases is SDR=0.08 (or 8% of the mean daily community demand), which can be

reduced to zero (with aggregation effects). If 75% of the households are prosumers,

the total community storage can be reduced by 91.3% (Table (C.3)) with specific

PV costs of 1000 e/kWp. If the community consists only of prosumers (rpro = 1),

the deployment of storage can be neglected if the PV costs are 2000 e/kWp or

higher. At 1500 e/kWp, the SDR reduces from 0.09 to 0.01 and for 1000 e/kWp

from 0.17 to 0.09, respectively.

For battery costs of 250 e/kWh, storage is not required for the configuration

with rpro = 0.25. If half of the community members are prosumers, storage can

be avoided only at very high PV costs of 2500 e/kWp. With PV costs of 1000

e/kWp and rpro = 0.5, the deployed storage size can be reduced from SDR= 0.41

to SDR= 0.07. The largest storage capacity of SDR= 0.79 results in the extreme

scenario where all members of the microgrid are prosumers and a price scenario of

(PV: 1000 e/kWp, B: 250 e/kWh), where the total storage size of the individual

households can be reduced to SDR= 0.58 (the same reduction of 26.8% as for export

matching). The smallest storage reduction observed in all cases is 26% (just as in

the export matching) for (PV: 1500 e/kWp, B: 250 e/kWh) and rpro = 1.
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Figure 5.7: Computed storage reudction reduction that matches the sums of individ-
ual household household-level imports to the community community-level imports
expressed as the SSR

5.4 Discussion

5.4.1 Discussion of findings and implications

The first study in this chapter sought to determine optimal community sizes that

effectively reduce the imports and exports of individual consumer and prosumer

households. While it is intuitively clear that exports from the microgrid can be

avoided by having few prosumers and many consumers in the microgrid, it is less

clear what the effect of the total community size is on the aggregation effect. Pre-

vious articles studied static community sizes, which were considered fixed because



83

the analyses targeted a concrete district or microgrid [67, 66, 64]. Studies that var-

ied the community size had the aggregation effects already included in higher-level

economic models and did not analyze the exaggeration effect in an isolated manner.

The first study of this chapter shows that the aggregation effects can already be

saturated with only 10 households. However, increasing the community size above

10 households does not significantly increase the aggregation effects. Yet this does

not imply that larger communities should not be designed: Larger communities may

benefit from the economic scaling effects of community batteries or utility scale PV

systems, which come with lower specific costs as sizes increase. However, our analy-

sis shows that many small communities (with a minimum of 10 households) are just

as effective in reducing imports and exports as one large community consisting of

100 households (provided that the combined demand of the 10-household commu-

nities is equal to the demand of the larger community with 100 households). This

insight might be of particular use for the design of local networks that share the

public distribution grid on the same voltage level. The number of households that

are connected to a common substation is typically much higher than 10 households,

which leaves local communities and grid operators enough freedom for different de-

signs, arrangements and configurations. However, the challenge of designing local

communities is finding the incentive structure that promotes local balancing. Loca-

tional grid pricing [55], as described in section (2.3.1), may be a promising option

to incentivize local balancing between community members downstream of a shared

substation if only 10 households are needed to optimize exports and imports for a

community.

The second part of the analysis reused the optimal PV and battery size for every

prosumer from chapter (3) to estimate aggregation effects under the assumption

that every household that is part of a microgrid community sizes their PVB system

such that the NPV will be maximized. The results indicate that the exports at the

household level can be considerably reduced, especially if a quarter or less of the com-

munity members are prosumers. As an example, the community self-consumption is

always above 80% with a prosumer ratio of 25% and PV costs of 1500 e/kWp and

above. The aggregation effects decrease as more consumers become prosumers. The

observed difference between (pure prosumer) community imports/exports and the

sum of individual household level imports/exports is less than 6% points for imports

and less than 15% points for exports, respectively. However, additional overhead
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costs for hardware, operation and organization of a microgrid must be taken into

account to reduce a communitys exports and imports.

The third study set out with the aim of assessing the reduction in deployed

storage sizes if a community was to match their individual household level sums of

import/export with the actual community level import/export by reducing the de-

ployed storage size. The study reveals that the storage size can be reduced by more

than 80% if no more than 50% of the community members are prosumers. In pure

prosumer microgrids, the lowest observed reduction in storage is 26%. Returning to

the example of the pure prosumer microgrid, which only achieved 6% improvement

in community imports over individual level imports, the reduction in storage of 26%

might be a more cost effective option (especially as long as batteries are still expen-

sive). The overall reduction potential assumes that the community deploys either

one large community storage system or distributed smaller batteries that aggre-

gate to one virtual community storage system. Irrespective of the implementation

of the deployment (distributed or community storage), the reduction potential can

be only achieved if the community battery (central or decentralized) operates to

minimize the community imports/exports and not the individual household level

imports/exports.

Life-cycles of batteries (especially Lithium-Ion) are not optimal because of their

energy intensive manufacturing processes [101] and may negatively contribute to the

decarbonization of the electric grid. Community building is therefore an interesting

option for reducing the deployed mass of batteries without sacrificing local perfor-

mance. In addition to the aggregation effects, batteries in communities might be

deployed in larger sizes than just residential sizes, which further reduces the specific

costs of batteries and further increases the economics of entire microgrids.

5.4.2 Limitations and future work

The presented simulation results depend largely on the input factors for the sim-

ulation, which has been discussed in chapter (3). The load profiles in particular

are assumed to be fixed and static. However, in real operation flexible loads that

may already be included in the load profile dataset may not schedule optimally with

respect to local production. Heat pumps and domestic hot water heaters in partic-

ular may time-shift to absorb surplus community production even if the household



85

with the flexible load is not a prosumer. Additionally, batteries might cooperate

with each other to further reduce community imports/exports, even in prosumer-

dominated microgrids. These control aspects need to be further assessed in future

studies to quantify the extent to which community imports and exports can be

further reduced.

The presented studies quantify the performance under various microgrid config-

urations, which surely provide generalizable performance scores for many real-life

cases and standard configurations. However, microgrids in real life may have com-

pletely different configurations. Communities may make use of large roof surfaces

(hutches for animals, sheds or publicly owned buildings such as schools) rather than

many small and individual surfaces to improve the economics of PV installation.

Such uneven distributions of solar energy would need specific analysis to quantify

their performance. However, the presented methodology and implementation can

be easily adjusted to account for specific community configurations.

The presented analysis shows that microgrids are already effective in reducing

imports and exports if the community size is equal to or larger than 10 households.

In addition, it has been demonstrated that at least 26% (worst case) of the de-

ployed storage can be saved if the deployed batteries optimize against community

imports/exports and not individual household level imports/exports. These find-

ings are fundamental in the sense that they relate to physical exchange processes

between peers. Future work should attribute cash flows to these technical findings

and study different tariff structures that promote local balancing of surplus solar

energy. Locational grid pricing [55] might be a promising model to incentivize local

balancing. As microgrid constructs increase grid independence, the cost for the pub-

lic grid must be distributed over fewer customers, which results in an increased tariff

for the grid. Therefore, research is needed on tariff structures that provide concepts

to incentivize local balancing, but are still fair for consumers who cannot transform

into prosumers or are not part of a community. Future research should also address

to what degree future incentive systems of location grid pricing will influence sizing

strategies and to what degree the sizing strategy increases the decentralization of

the energy system.
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5.5 Conclusion

The present study was designed to determine aggregation effects that occur when

consumers and prosumers are combined in a microgrid under various configurations.

Throughout this thesis, the aggregation effect has been defined as the difference

between the sum of individual household-level imports or exports and the actual

imports or exports on the community level. The latter includes energy flows between

peers that decreases both imports and exports.

Very little generalizable/systematic information was found in the literature on

the questions of on how large a microgrid should be and how the share of prosumers

in the microgrid affects the optimal size. Previous articles have studied very large

microgrids (on the order of 100 or 1000 community members)[68, 67], with the goal

of optimizing the economics of the microgrid, its community storage system or the

control logic. However, in this chapter the focus is restricted to the comparison of

community- and household level imports and exports. The first key finding is that

communities require only 10 households to saturate the aggregation effects, inde-

pendent of the share of prosumers in the microgrid. This implies that a community

of 50 households will not be more effective in reducing imports or exports than 5

communities consisting of 10 households each (assuming the annual demand of the

50 households is equal to the demand of the 5 smaller communities). The aggrega-

tion effects generally decrease with increasing prosumer share. If all households in

a community are prosumers, then the effect of aggregation will diminish, especially

as individual households increase the size of the PV system.

Based on optimal PV and battery sizing strategies from chapter (3) and different

cost scenarios for future PV and battery system costs, community simulations were

performed. It is evident that the aggregation effects are largest for small prosumer

ratios of 25% or less. The increase in community self-consumption is generally larger

than the increase in self-sufficiency. In fact, at PV system costs equal to and above

1500 e/kWp, the achieved community level self-consumption SCRc is always above

80%, indicating that the community exports only 20% of its generation outside of

the microgrid. As the system costs become less expensive, the aggregation effects

also decrease, because the households may increase the size of their PV and battery

systems leaving less chance for peers (that are possibly also prosumers) to consume

any surplus energy. In the most optimistic cost scenario of (PV: 1000 e/kWp, B: 250
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e/kWh), and under the assumption that all community members are prosumers,

the sums of the total household level imports relative to their annual demand is

on average equal to SSRo = 65%. If communities with at least 10 households (all

of which are prosumers) are formed, the avoided community import relative to the

annual demand of the community (community level self-sufficiency) can be increased

only by 5% to SSRc = 70% on average.

Storage would be an integrative part of the prosumer household if battery costs

fall below 500 e/kWh as the results of chapter (3) show. However, their integration,

optimal operation and size in a community setting is very different from an indepen-

dent household: A prosumer should not store surplus energy if it can be consumed

elsewhere in the community. Consequently, the energy would only need to be stored

if the surplus energy within a given time frame would need to be exported to the

wider grid. This chapter shows that communities require less storage to achieve the

same imports/exports as the sum of individual household level imports/exports.

Battery storage systems can be avoided in many cases if system costs are high and

if the prosumer ratio is small or moderate. The smallest observed storage reduction

is 26% on average, even if the community is completely prosumer dominated (100%

prosumer ratio) and in the most optimistic cost scenario of (PV: 1000 e/kWp, B:

250 e/kWh).
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Chapter 6

General discussion and

implications

6.1 Context and motivation

Solar power systems have the potential to support the ongoing and future efforts to

decarbonize the electric grid and to reduce dependency on nuclear power. Unlike

the current centralized power system, the deployment of solar power takes place

in a decentralized fashion, ranging from utility-scale solar power plants to small

residential roof-top systems. Therefore, the transformation of the energy system

depends considerably on the adoption of these technologies by private households

and private investors. Subsidies may support the initial uptake of decentralized

solar power, but the widespread transition to a decarbonized system also needs to

guarantee long term profitability for the individual household or investor [20] with-

out subsidies. The profitability of PVB systems depends on a large set of technical

parameters, including building geometry, pitch angle of the PV arrays and conver-

sion efficiencies of various components, as well as on the characteristic consumption

pattern of the household. Previous articles have provided fragmentary evidence re-

garding the relationship between load profile heterogeneity and the profitability of

PVB systems [23, 42]. Therefore, the first goal of this dissertation is the investi-

gation of how load profile heterogeneity impacts the profitability of PVB systems

under today’s and future cost assumptions.
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The second part of the thesis is set out to incorporate the findings from the first anal-

ysis of load profile heterogeneity into an application/tool that predicts profitability,

performance and optimal system sizes based exclusively on the household load pro-

file. This tool can potentially assist consumers who want to install a PVB system,

by providing them with a fully personalized evaluation based on the measured load

profile of the household. The prediction tool provides a data-based method for mak-

ing investment decisions, and enables better estimates of future returns and payback

times based on their personal consumption profile. Despite large investment costs

for PVB systems, such household specific analysis tools have not yet found their way

into the solar industry. A key challenge of this analysis is to evaluate the timeframe

required for the collection of the smart-meter data to achieve satisfactory prediction

accuracy.

While the first two objectives of this thesis address the profitability of the consumer-

prosumer transition, the third part of the thesis is set out to evaluate the benefits

for consumers and prosumers who collaborate as a peer-to-peer (P2P) community in

a microgrid. A key benefit of a P2P community is the so-called aggregation effect,

which refers to the generated solar energy that is fed into the grid and consumed

by another household within the community. Previous research on microgrids has

a strong focus on evaluating performance and control systems [61]. However, there

are no general guidelines available on how many households a community should

contain and what share of the households should ideally be prosumers in order to

leverage aggregation effects. In order to provide guidelines for optimal microgrid

sizes and configurations, the aggregation effect needs to be quantified under vari-

ous microgrid sizes and sizing strategies for individual prosumers. These guidelines

are important for utility companies to assess the scale at which these communities

can be embedded in the public grid, as well as to explore new business models and

improved revenue streams for individual prosumers.
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6.2 Key findings and discussion

6.2.1 Techno-economic assessment of PVB systems

Key finding 1.1 Large variance in profitability of PVB systems,

even for households with comparable annual de-

mand.

The profitability of a given PVB system located in Zurich and under a local tariff

structure increases with increasing demand because a household with higher annual

demand is more likely to consume energy during periods of solar production. There-

fore, households with a comparable annual demand yet different characteristic load

profiles reach very different net present values (NPV). Based on a large dataset of

4190 load profiles, the results of this thesis indicate, for instance, that the NPV for

PVB systems can range from -3000 e to 5000 e in the base cost scenario (PV: 2000

e/kWp, B: 1000 e/kWh) for a typical household with an annual demand of 5000

kWh. The analysis excludes all forms of subsidies and reveals that 40% out of the

4190 analyzed household reach a positive NPV in the base cost scenario. Previ-

ous studies [23, 34] observed differences in the NPV between a limited number of

different households but could not provide a range for the NPV or an estimate for

what percentage of households with a PVB system reaches profitability because the

analyses in these articles were based on considerably smaller datasets. The present

thesis therefore expands on previous findings by quantifying lower and upper ranges

for PVB profitability using a substantially larger and real-world dataset. One note-

worthy finding is that the range of observed NPVs of roughly 8000 e (difference

between smallest and largest estimated NPV) also applies to the future cost sce-

narios considered. Thus, the results suggest that large differences in profitability

will persist even if the costs for PVB systems drop and thereby increase the share

of households that can potentially achieve profitability with PVB systems. Utilities

or installers may use this insight to focus their PVB-related marketing campaigns

on high net-worth-customers with reliable estimations of profitability and a high

expected NPV. This, however, requires the availability of household specific smart-

meter data, which is addressed in objective 2 of this dissertation.
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Key finding 1.2 Large-scale profitability of PV systems can be

reached if PV costs drop to 1000 e/kWp. Bat-

tery system costs must reach 250 to 500 e/kWh

to be profitable for prosumer households.

As PV and battery costs are expected to continue to fall in the coming decades

[102, 17], the dissertation aims to generalize the findings regarding profitability un-

der today’s base cost assumptions of (PV: 2000 e/kWp, B: 1000 e/kWh) to future

cost scenarios. This allows for specifying the share of households that reach prof-

itability under future cost scenarios. As stated in the findings in section 1.1, about

40% of the analyzed households reach profitability under the base cost scenario. The

share of households that reach profitability can be increased to over 94% if the PV

system costs fall to 1000 e/kWp, irrespective of future battery costs. This implies

that PV systems can be potentially profitable for the vast majority of households

(assuming a suitable roof with little shading and decent orientation is available).

In order to reach economic optimum at system costs of 1000 e/kWp, households

should size their system roughly such that they produce as much as they consume

over a calendar year (average production-to-demand ratios (PDR) range from 1.07 to

1.19). In the base cost scenario (PV: 2000 e/kWp, B: 1000 e/kWh), the optimiza-

tion for 4 out of the 4190 households yields a battery size equal to the smallest unit

of 1 kWh and corresponds roughly to the smallest unit that can be currently pur-

chased on the market. Therefore, battery systems are not profitable under base cost

assumption and current electricity tariffs. Batteries are primarily used to provide

stored electricity during cloudy periods and evening hours. However, most Swiss

utilities apply a dual tariff structure with high tariffs during the day and low tariffs

at night time. Under today’s battery system costs of roughly 1000 e/kWh, the

levelized cost of electricity from battery storage is far above the night tariff, which

is the main reason why batteries are not profitable under Zurich tariffs. Countries

like Germany have higher and constant electricity tariffs throughout the day and

are therefore better suited for battery storage systems to increase self-consumption.

The analysis in this dissertation shows that battery storage starts to become prof-

itable at system costs of 500 e/kWh. However, the system sizes are fairly small,
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and households should store on average only 4% to 16% of their mean daily demand

to maximize the NPV. Battery systems will overcome a major profitability barrier if

battery costs drop to 250 e/kWh, even under the day/night time dual-tariff scheme.

In order to maximize the NPV, households should size their battery systems so that

they can store between 27% and 78% of their mean daily demand. These battery

storage sizes correspond to typical sizes that are already available on the market to-

day. Whether costs of battery systems can be reduced to the target of 250 e/kWh is

unclear and very ambitious; for reference, today’s cell costs amount to 300 e/kWh

but could fall to 150 e/kWh by 2030 [87]. It is important to bear in mind that

battery system costs of 250 e/kWh would be required to reach profitability for the

Swiss market. However, in other markets with higher energy costs, like Germany or

Italy, battery systems are already profitable for some households [88]. Note that the

present analysis assumes that the battery operates only to increase self-consumption

of individual households. However, batteries can assume other functions, like peak

shaving or provision of reserve that can be monetized. Including additional service

functions for batteries increases the complexity to control and manage batteries, but

also enables new sources of revenues for a battery system, which are not taken into

account in this dissertation.

6.2.2 Prediction of optimal solar battery configurations

Key finding 2.1 Optimal PV and battery sizes, profitability and

annual performance factors can be predicted

with decent accuracy for load profiles measured

over a time frame of approximately 30 days

The aim of the second objective (described in section (4)) is to develop a decision-

support system that can predict all key parameters (i.e., NPV, self-consumption,

self-sufficiency and optimal system sizes) necessary for a household to take an in-

vestment decision. The predictor has been designed with simplicity and scalability

in mind and therefore takes only the mean daily load profile as an input parameter

along with the PV and battery costs. Most importantly, the predictor is designed

to achieve high prediction accuracy even if the mean daily load profile is derived

from load profile data collected over a timeframe much shorter than an entire cal-

endar year. This is important, because utilities do not by default store sub-hourly
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load profiles of households. If the decision support system can provide estimations

based on short duration smart-meter data, utilities may record the consumption pro-

file over a limited timeframe to provide estimations on key performance factors to

households. Thus, the random-forest algorithm is implemented, trained and tested

with the simulation results from chapter (3) and for different timeframe lengths.

The analysis indicates that all relevant parameters can be predicted with decent

accuracy if the load profile data has been collected over a minimum period of 30 days.

For the timeframe of 30 days, the NPV can be predicted with a mean average error

(MAE) of less than 600 e. Compared to the variation of the NPV across different

households of 6000-7000 e(see chapter (3)), the MAE of 600 eis in a satisfactory

range. The MAE for the optimal PV size is 0.3 kWp, which is on the order of the

power rating of a standard PV module. The mean average error for the battery

size is about 1 kWh, which is more or less the smallest unit that can be currently

purchased on the market [89]. Very important factors to be provided in estimations

are the self-sufficiency and self-consumption scores that can be achieved: Once the

system is installed, self-consumption and self-sufficiency are usually reported on the

electricity bill or on information systems provided by the manufacturer of a system

component, and allow households to evaluate and compare the performance of their

system for a calendar year with the provided prediction. The mean average error

of the self-consumption and self-sufficiency score is below 6% points and may be

comparable to annual variations across different calendar years.

To the author’s knowledge, this is the first study that attempts to predict key

performance indicators (NPV, self-consumption, self-sufficiency scores and optimal

system sizes) based exclusively on smart-meter data snippets using a machine learn-

ing algorithm. The results are of high practical value because the machine learning

algorithm can be used in a variety of settings (from utilities to installers) and assist

interested households in taking well-informed investment decisions based on little

input data.

6.2.3 Performance of peer-to-peer communities

The key findings of this section deal with the quantification of the aggregation ef-

fects, which is defined as the difference between the sums of imports and exports at

the individual household-level and community-level imports and exports. The latter
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includes the aggregation effects (energy flows between peers) and can be compared

against the former.

Key finding 3.1 Solar powered communities should have a mini-

mum size of 10 households to leverage aggrega-

tion effects

Microgrid simulations of different sizes (2 to 100 households) and prosumer ra-

tios (0.1 to 1.0) were carried out to quantify the energy flows between peers and

the imports and exports of microgrids with different configurations and PV sizing

strategies. The PV sizing strategy was fixed in terms of the production-to-demand

ratio (PDR) - a metric that relates the annual production of a PV system to the

annual demand of the household. Therefore, a PDR of 1.0 corresponds to a net

zero energy building [38] (a household that consumes as much energy as it produces

over a calendar year). Simulations were carried out for PDRs of 0.25, 0.5, 1.0 and

2.0. Irrespective of the sizing strategy and configuration, the results suggest that

a P2P-community should at least consist of 10 households in order to maximize

the self-sufficiency and self-consumption rate of the entire community by leveraging

the aggregation effect. Including more than 10 households does not significantly

decrease imports or exports relative to the annual demand or annual production.

This does not imply that larger communities should be avoided. On the contrary,

larger communities may benefit form larger utility-scale PV systems or batteries,

which come at lower specific costs as they can be deployed in larger quantities.

However, one large community will not reduce more imports or exports than many

small communities of approximately 10 households each.

These findings are of high practical relevance, because the minimum commu-

nity size of 10 households identified is much smaller than the number of households

that are typically connected to the same substation. This implies that communities

should be built within real physical microgrids, as they may benefit from locational

grid tariffs (to the extent that future regulations allow such schemes). Microgrids

with locational grid tariffs may incentivize local balancing and avoiding exports of

locally produced energy whenever possible.
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Key finding 3.2 Pure prosumer communities only marginally re-

duce annual import and export rates compared

to the individual prosumer-level import and ex-

port rates

The simulation results indicate that increasing prosumer shares in microgrids re-

duces aggregation effects. Low PV and battery cost scenarios lead to larger PV

and battery sizes and thus to higher self-consumption and self-sufficiency rates, yet

substantially reduce the frequency of random cancellation between producers and

consumers (aggregation effect) in a microgrid. The aggregation effect decreases even

further if the community consists solely of prosumers.

Assuming all members of a community are prosumers, the base cost scenario

(PV: 2000 e/kWp, B: 1000 e/kWh) self-consumption increases from 55% (at the

household-level)to 69% (on the community-level). Likewise, the self-sufficiency rate

increases from 22% (at the household-level) to 28% (at the community-level).

For comparison, in communities with a 25% prosumer ratio (only 25% of the

households are assumed to be prosumers) and base case PVB costs (PV: 2000

e/kWp, B: 1000 e/kWh), the self-consumption ratio increases from 54% (at the

household-level) to 91% (at the community-level). Irrespective of future battery

costs and a prosumer ratio of 25%, the self-consumption at the community-level is

always above 90% for PV costs of 1500 e/kWp or higher, enabling prosumers to

market almost all of their solar surplus energy within the microgrid. Communities

with prosumer shares of 25% will also benefit in terms of self-sufficiency, but to a

lesser extent: The self-sufficiency increases from 7% (at the household-level) to 12%

(at the community-level) in the base cost scenario.

In the low-cost scenario (PV: 1000 e/kWp, B: 250 e/kWh), self-consumption

increases from 57% (at the household-level) to 62% (at the community-level), and

self-sufficiency from 65% to 70%.

To sum up, P2P energy networks can reduce imports and exports (at the community-

level) over individual household-level imports and exports. The magnitude of this

reduction depends on the community configuration and the prosumer ratio in partic-

ular. While it is intuitively clear that larger shares of prosumers will reduce aggre-
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gation effects, it is striking that the community-level imports and exports are only

marginally smaller compared to the sums of household-level imports and exports for

prosumer-dominated communities and the low cost scenario. Future work should

examine to what extent additional load shifting strategies can make better use of lo-

cal resources with the goal of reducing imports and exports at the community-level.

Key finding 3.3 The sum of the household-level imports and ex-

ports can be maintained at the community-level

with considerably smaller community battery

storage systems.

The next part of the thesis is set out to compare the effectiveness of battery stor-

age systems deployed at the household-level and at the community-level. At the

household-level, batteries reduce imports and exports for the individual household:

A prosumer might charge the battery regardless of whether a consumer in the com-

munity could consume that unit of energy. However, in a microgrid setting, the bat-

teries distributed in the member households – or alternatively, one large community-

scale battery – ideally operate to reduce imports and exports at the community-level.

Storing energy in the community can be avoided if the produced surplus energy can

be simultaneously consumed elsewhere in the microgrid community. This suggests

that battery systems in microgrids with low prosumer ratios might not be necessary

because the surplus energy of the prosumers may be directly consumed within the

community. The sums of the individual household-level imports and exports (with

batteries) can therefore be equal to the imports and exports at the community-level

(without requiring battery storage at all or reduced battery storage sizes). The

reduction potential in deployed battery size greatly depends on the assumed PVB

costs and the prosumer ratio. The simulation results indicate that storage systems

are not required at all if the prosumer ratio in the community is not larger than 25%

(irrespective of future battery costs). Communities with larger prosumer ratio may

not be able to completely avoid the deployment of battery storage systems, yet they

might be able to reduce the required capacity thanks to the aggregation effects in

communities. For microgrids with a prosumer ratio of 50%, a storage reduction of

more than 80% is estimated, irrespective of cost scenarios. An interesting extreme
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case to consider is communities consisting solely of prosumers (100% prosumer ra-

tio). In the low-cost scenario with aggregation effects, the same level of imports

and exports can be achieved at the community-level with 26% less storage capacity,

compared to the stand-alone household scenario (i.e. without aggregation effects).

To sum up, communities require considerably less battery storage to maintain

the sums of imports and exports of the individual households at the community-

level. The degree to which the battery storage can be reduced depends greatly on the

configuration of the microgrid and the sizing strategy of the individual prosumers.

Consequently, the evaluated potential for battery storage reduction ranges from 26%

to 100% (no storage at all). Previous work has already quantified the reduction po-

tential for some specific microgrids. However, the present dissertation also estimates

the reduction potential in extreme scenarios and generalizes the reduction potential

for various prosumer shares, network configurations and cost scenarios.

Thus, a P2P community provides a network where the same import and export

rates can be reached with less storage capacity compared to individual prosumer

households combined. Therefore, P2P communities provide a more effective setting

that avoids over-sizing of household-level battery storage systems, which are still

expensive and problematic due to energy intensive manufacturing processes [101].

In addition, P2P communities enable and support the deployment of larger battery

units. Larger battery systems come with lower specific costs due to economic scaling

effects and further increases in the effectiveness of battery storage units.

6.3 Limitations

The techno-economic assessment of PVB systems is subject to various limitations.

The solar resource is modelled using classical approaches from the literature that do

not account for real world disturbances, like shading or losses through cables, which

have not been explicitly captured by the presented model.

A fundamental assumption applied for the techno-economic model is that house-

holds size their systems to maximize the NPV. In practice, however, other factors

like aesthetic arrangement of the roof-top system may be more important to some

households than the maximization of profitability. Regardless of individual prefer-

ences, the configuration, which maximizes the NPV, is an important reference point

to consider for individual households as well as for utilities and policymakers to
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estimate the costs and benefits of a decentralized energy system on a macro level.

The main reason for the poor profitability of battery storage systems is the Zurich

tariff structure, which is also applied by many other utilities across Switzerland. The

dual tariff with lower rates in the evening requires very low battery costs to reach

profitability for battery systems. It is conceivable that future tariffs may become

more volatile throughout the day as the market liberalizes. The profitability of

battery storage systems is sensitive to time-varying tariffs and must be reassessed

for other tariff schemes.

Another limitation is the transfer of load profiles from Ireland (where the load

profiles were originally collected) to the local conditions of Switzerland. As dis-

cussed in section 3.2.2 and in A.2.1, the two countries are similar with respect to

annual electricity demand and daily sunshine hours. However, future work should

include Swiss load profiles as well to account for local consumption patterns in the

simulation results. Furthermore, the techno-economic model does not assume any

change in load profiles for the project lifetime of the PVB system. However, load

profiles are likely to change due to the diffusion of electric vehicles and the replace-

ment of oil heating systems with heat pumps. To account for changes in household

load profile, the techno-economic model must be re-evaluated with the modified load

profile. On the other hand, the ongoing electrification of the transport and heating

system increases the profitability of PVB systems. Thus, the profitability of PVB

systems under today’s load profiles can be considered a conservative estimate.

The predictor presented in this chapter (4) can be used to assist households in-

terested in installing PV systems with the estimation of profitability, performance

and optimal system sizes. The machine-learning algorithm has been trained with

load profile data ranging backwards from December 2009 to June 2009 to predict

the performance factors for the year 2010. It is assumed that the recording of the

smart-meter data ends on the last day of December 2009. Therefore, the training

data is limited to the time range between June 2009 and December 2009. This may

be problematic because seasonal effects may bias the predictor, which must be ad-

dressed by including the month in which a smart-meter snippet has been measured

as a feature. Such a measure would generalize the predictor as it accepts smart-

meter data snippets as input for the prediction measured in any month of the year.

However, this requires a large smart-meter dataset that is collected over two full
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calendar years (one calendar year as the input and the second calendar year for the

calculation of the ground truth).

Another limitation of the predictor is that it can only predict the system size and

the associated performance and profitability for the economically optimal case. This

is surely an important reference point, but households may be interested in predict-

ing more tailored solutions: For example, the system size that matches a predefined

self-sufficiency rate or the prediction of self-sufficiency based on the available roof

size.

The principal limitation of the predictor is that the ground truth is based on

simulated performances. Real world PVB system performances depend on distur-

bances (like shading, cable losses etc.) that have not been accounted for in the

simulation model. Therefore, future work should include measured performances of

real PVB systems to train the predictor and should be benchmarked against the

predictor presented in this thesis.

The simulation results of P2P communities indicate that significant benefits can

be realized by sharing surplus generated energy within a community. The benefits

are especially evident for the case where only a few community members are pro-

sumers, who then market most of their surplus generation to other members of the

community. As the prosumer ratio increases, more electricity must be exported out

of the microgrid due to the misalignment between surplus generated energy and the

load profile of consumers in the community. Flexible loads of consumers (without

their own solar generation), like heat pumps and domestic water heaters, may be

used to balance the locally generated electricity and avoid exports to the wider grid

even in microgrids with high prosumer ratios. Such mechanisms are complex to

model and have not been included in the performance evaluation of microgrids.

Local P2P energy systems require an incentive mechanism that promotes local

balancing. Such an incentive structure can be introduced through locational grid

pricing [55], which consists of a reduced grid tariff if energy is exchanged within a

local microgrid. However, novel tariff structures have not been included in perfor-

mance estimation of P2P communities. The presented work should be attributed

with cash-flows to study novel grid tariff structures that promote local balancing

but enable utilities to recover grid costs at the same time.
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6.4 Outlook

The insights generated in this thesis rely to a large extent on quantitative models.

The basic model presented in this thesis has been designed with simplicity in mind

and includes very basic laws to describe and simulate the energy flows between

system components. It is possible to integrate more complex constitutive laws to

describe the energy flows between the components to further increase the model

accuracy. A very interesting avenue to pursue would be modeling more flexible loads,

like heat pumps for space heating and domestic hot water heating or electric vehicle

charging. This would allow for studying both imports and exports at the household

and community-levels, and could also lead to improved community performance

scores for communities with high prosumer ratios.

While the integration of flexible loads provides a more holistic modeling approach

to estimate household- and community-level performances, future work should also

include more data-driven and model-free estimations of PVB systems to provide

prediction algorithms that are trained from observed PVB systems. This would in-

ternalize and incorporate disturbances of PVB systems, like shading, losses of cables,

self-discharging of batteries and many other losses, directly into a machine learning

model. This would provide a more data-driven estimation of PVB profitability and

performance scores that would not depend on the drawbacks of simplistic models.

Learning from field data could also enable new applications, like automatic detection

of system faults and comparison of performance scores to similar PV systems.

Another important problem that can be tackled with the current system model

is the evaluation of different incentive schemes to promote local balancing in P2P

communities. The present model can be used to study different grid tariff schemes

that are: A) fair for prosumers and consumers (and are not discriminative towards

consumers outside the microgrid), and B) enable grid operators to charge temporar-

ily higher grid costs to consumers who consume more energy during periods of peak

demand across the entire service area than consumers who avoid peaks during these

times (by shifting loads or discharging batteries). Insights regarding novel grid tar-

iff schemes can potentially contribute to the ongoing debate regarding volumetric

and peak pricing for grid costs. While most utilities levy charges for the grid on

a volumetric basis (per unit of energy consumed), they may be forced to switch to

peak pricing to recover grid costs if more and more consumers become prosumers.
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Yet, peak pricing is problematic for two reasons: A) peaks from different households

do not concur temporally and are therefore not causative, and B) peak-pricing on

household-level reduce prosumer savings and make the transition from consumer to

prosumer financially less interesting (especially without battery). P2P communities

may offer a more suitable framework to allocate grid costs on a fair basis by intelli-

gently combining volumetric on a household-level and peak pricing schemes on the

community level for grid usage on. Quantitative assessments as presented in this

thesis can potentially provide a crucial contribution to the ongoing debate on how

grid cost recovery can be realized in a decentralized energy system.

P2P communities may offer an alternative solution to allocate grid costs on a

fair basis by intelligently combining volumetric and peak pricing schemes for grid

usage

Modeling and simulation concepts are optimal tools to test new ideas and to

estimate the techno-economic performance of technical systems without the need to

design costly real world experiments. This thesis has provided many insights that

have already led to a field project called Quartierstrom, which tests the idea of a

P2P market with locational grid pricing in the village of Walenstadt (Switzerland).

The project is funded by the Swiss Federal Office of Energy as a lighthouse project.

In this project, flexible loads and new local tariff structures with a local energy

market will be implemented and empirically tested with participating consumers

and prosumers. The key goals of the Quartierstrom project are the assessment of:

A) the technical feasibility of a blockchain-based community energy system regard-

ing local utilization of solar energy, grid quality and energy efficiency, B) resulting

dynamics regarding local market prices, and C) user acceptance. The overarching

research question that guides the Quartierstrom project is to what extent a local and

decentralized market place improves prosumer and consumer needs over traditional

regulated approaches with feed-in tariffs.
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Appendix A

Additional material for chapter 3:

Techno-economic assessment of

photovoltaic battery systems

A.1 Techno-economic model

A.1.1 Key assumptions for the analysis

This subsection provides further details on the underlying assumptions made for the

techno-economic model. Our aim is to keep model complexity low by simplifying

the physical processes in the PV modules, batteries, and inverters. However, we

also make several assumptions regarding the combination of different data sources

used, which are then processed using the model. The following list summarizes the

assumptions made in this paper:

A. Each load profile is assumed to represent an individual household.

B. All households are assumed to be located in Zurich, Switzerland.

C. The dataset has been cropped from 26.12.2009 to 26.12.2010 to represent one

full calendar year.

D. Each building is characterized by one orientation and tilting angle tuple (ran-

domly assigned based on the distributions shown in Figure (3.2)). We further
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assume that the optimal panel size – calculated in step 1 – can always be

accommodated on the roof of the consumer’s building.

E. The PV modules and PV field experience no partial shadowing.

F. No losses (voltage drops) occur due to wiring between the major components.

G. Battery discharging rates are not limited by the nominal power of the inverter.

H. Changes in state of charge occur continuously within the time step ∆t.

I. Inverter and battery charging/discharging efficiencies are assumed to be con-

stant.

J. Battery degradation depends on the total energy throughput that can be de-

rived by the cycle life numbers issued by the manufacturers.

A.1.2 PV module modeling

The power output of a PV module is obtained by a simple state translation model,

which is driven by local irradiation and temperature conditions. The description of

the state translation model outlined in this subsection is based on Paulescu et al.

[76].

A PV module is usually described by several voltage and current characteristics

provided by the manufacturer. At any time step k, any voltage-current pair on the

characteristic curve (VSTC, ISTC) under standard testing conditions (STCs) can be

translated from the STC to any outdoor condition using

V k = VSTC

( V k
OC

VOC,STC

)
(A.1)

Ik = ISTC

( IkSC
ISC,STC

)
(A.2)

where the expressions for the translated open-circuit voltage V k
OC and the translated
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short-circuit current IkSC to outdoor conditions are given by

V k
OC =

VOC,STC(
1 + αV

(
TSTC − T k

m

))(
1 + δ · lnGSTC

Gk

) (A.3)

IkSC =
ISC,STC

1 + αI

(
TSTC − T k

m

) Gk

GSTC

(A.4)

PV modules operate sufficiently close at the maximum power point (MPP) using

inverter-integrated MPP trackers. Thus, the assumption that each panel is operating

at the MPP is applied to equations (A.1) and (A.2). Using this assumption, the

pair (VSTC, ISTC) can be substituted with (VMPP, STC, IMPP,STC). The efficiency of PV

modules increases at lower module temperatures Tm, which can be modeled using

Tm = Tamb +Ct ·G with Ct =(45oC-20oC)/800W/m2 = 0.031oC·m2/W for any time

step k (further details on the temperature coefficient Ct can be found in [76]). The

power output of n equally oriented modules at any time step k is then obtained by

P k
DC = n · P k

DC,Nm
= n · V kIk. The empirical technology factor δ can be used to

account for different PV technologies. The simulation assumes a mono-crystalline

PV technology with δ = 0.085 [76].

A.1.3 Battery energy balance

Considerable literature is available on various battery models [103]. Many of these

models describe charge, mass, and chemical species transport on the cellular level

[104]. However, this study aims to reveal insights on the degree of self-sufficiency and

profitability of various customer groups. For that purpose, a simple linear energy

balance model is developed. Given a load profile P k
L at time step k, the energy

balance reads,

Ek+1
bat =

{
min

(
Ek

bat +∆P kηc∆t,E
max
bat

)
, ∆P k ≥ 0

max
(
Ek

bat +∆P kη−1d ∆t,Emin
bat

)
, ∆P k < 0

(A.5)

where the quantity ∆P k = P k
DC − P k

L · η−1inv describes the difference between local

production P l
DC and load P l

L (before the inverter). The situation ∆P k > 0 represents

the case where the solar production exceeds the demand. Depending on the state of

charge of the battery, surplus energy may be stored in the battery (direct coverage

with production is prioritized over battery discharging). If the demand matches
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the production ∆P k = 0, the state of charge of the battery remains unchanged

within a time step. The battery may be discharged if the local production is not

large enough to cover the load, which is described by the condition ∆P k < 0. The

usable battery capacity given by the interval [Emin
bat , E

max
bat ] depends on DoD and the

residual battery capacity due to cyclic aging. Throughout this study, we assume

that the battery capacity fades out linearly until it reaches the end of life (EoL ) at

80% of its original capacity. This implies that the fraction of the effectively usable

battery capacity due to fading out can be approximated as the average between

100% and 80% of the battery capacity and is given by σCL = 1− (1− 0.8)/2 = 0.9.

The interval of the effectively usable battery capacity over its lifetime is given by

[Emin
bat , E

max
bat ] = ER

bat · σCL · [1−DoD/2,DoD/2]

At each time step, the energy flows between the major components – PV mod-

ules, batteries, grid, and load – can be described by Equations (A.6)-(A.10). By

summing up over all time steps, annual energy flows can be obtained as illustrated

in Figure (3.1).

WPV→B =
∑
k

W k
PV→B =

∑
k

max
(
Ek+1

bat − E
k
bat, 0

)
(A.6)

WPV→G =
∑
k

W k
PV→G = ηinv ·

∑
k

max

(
∆P k∆t− W k

PV→B

ηc
, 0

)
(A.7)

WB→L =
∑
k

W k
B→L =

∑
k

max
(
−(Ek+1

bat − E
k
bat) · ηdηinv, 0

)
(A.8)

WPV→L =
∑
k

W k
PV→L =

∑
k

(
P k
L∆t+ min

(
∆P k∆t, 0

)
· ηinv

)
(A.9)

WG→L =
∑
k

W k
G→L =

∑
k

(
P k
L∆t−W k

PV→L −W k
B→L

)
(A.10)

The quantities WPV→B, WPV→G, WB→L, WPV→L, and WG→L describe the annual

energy transferred between the PV modules (PV ), the battery (B), the grid (G),

and the load (L) respectively.

A.1.4 Battery aging

Batteries are subject to cyclic aging, which is a complex nonlinear function of the

battery operation itself and depends on the battery chemistry, and therefore, on
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DoD, charging rates, charging currents, charging voltage, etc. Since this paper makes

no assumption on the underlying battery chemistry used, a simplified approach to

determine the EoL of the battery is chosen. Assuming that battery life depends on

the total energy throughput [105, 106], the point in time of the theoretical EoL can

be calculated using

tEoL =
ER

bat · σCL ·Nc ·DoD

WB→L

(A.11)

where WB→L is the energy supplied to the load from the battery per year. Through-

out this paper, a fixed cycle number of Nc = 4000 with a DoD of 80% is assumed;

self-discharging of the battery has been neglected [105].

A.1.5 Cash-flow modeling

The economic viability of a PV battery system can be assessed using the discounted

cash flow method. The profitability of an investment in a PVB system can be

expressed using the NPV, which depends on the investment costs C0 and the costs

Ci and revenues Ri in year i:

NPV = −C0 +
T∑
i=1

Si

(1 + r)i
= −C0 +

T∑
i=1

(Ri − Ci)

(1 + r)i
(A.12)

C0 = cpv · P0 + cbat · ER
bat (A.13)

Ci = clt (1 + resc)
i ·
∑
k∈tlt

W k
G→L + cht (1 + resc)

i ·
∑
k∈tht

W k
G→L

+C0 · rom +

{
c?bat · ER

bat, i = z · int(NT/tEoL)∀z ∈ N
0, otherwise

(A.14)

Ri = clt (1 + resc)
i ·
∑
k∈tlt

W k
L + cht (1 + resc)

i
∑
k∈tht

W k
L

+cFiT (1− rrem)i ·WPV→G (A.15)

The investment costs (Equation (A.13)) include the total system cost (hardware plus

installation) for both the PV and battery systems. The avoided costs Si represent

the difference between grid supplied energy cost and the self supplied energy saved.

With increasing system size (and therefore C0) every household reaches a limit where

Si might not increase sufficiently despite increasing C0 in order to reach a NPV≥ 0.
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The quantity
∑

k∈tlt W
k
G→L returns the amount of the grid-supplied energy con-

sumed during low-tariff hours. Accordingly, the function
∑

k∈tht W
k
G→L returns the

amount of the grid-supplied energy consumed during high-tariff hours. The same

formalism is applied to compute the consumption without the PVB system for low-

tariff hours
(∑

k∈tlt W
k
L

)
and high-tariff hours

(∑
k∈tht W

k
L

)
, respectively. The bat-

tery may be subject to multiple replacements at a cost of c?B ·ER
bat. The revenues are

understood as the costs the consumer would incur without installing a PVB system,

while the costs are modeled as the grid-supplied energy with a PVB system plus

operating and maintenance cost (C0 ·rom) and battery replacement costs (c?bat ·ER
bat).

Additional revenues are generated through grid-injected electricity reimbursed at a

rate of cFiT .

A.2 Data sources

A.2.1 Comparison of climate and weather conditions in Ire-

land and Switzerland

Month Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec

Zurich 2 3 4 5 6 6 7 7 5 3 2 1
Dublin 2 3 4 5 6 6 6 5 4 3 2 1

Table A.1: Average daily sunshine hours by month

Location Sunrise Sunset Day length Average tempe-
(h) rature (◦C)

January Zurich, CH 8:13 16:45 8:32 2
Dublin, IE 8:32 16:36 8:04 5

July Zurich, CH 5:44 21:18 15:34 19
Dublin, IE 5:15 21:45 16:30 16

Table A.2: Day length and average temperature in summer and winter

The two Tables (A.1), (A.2) compare average local conditions for Dublin, Ireland,

and Zurich, Switzerland, which may affect PV production and household electricity

consumption. Comparison of daily sunshine hours in Dublin (Ireland) and Zurich
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(Switzerland) [107]. The comparison of day length and average temperature in

summer and winter in Dublin (Ireland) and Zurich (Switzerland) [107, 108] is shown

in (A.2). Note that sunset and sunrise times are indicated for 15 Jan. and 15 July.
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A.3 Complementary tables and graphs

A.3.1 Battery sizes

PV cost Battery cost Battery size in kWh
(e/kWp) (e/kWh) 0 1 2 3-10 > 10

2500 1000 100.0% 0.0% 0.0% 0.0% 0.0%
750 99.8% 0.2% 0.0% 0.0% 0.0%
500 27.7% 71.5% 0.6% 0.2% 0.0%
250 0.0% 0.6% 3.2% 96.2% 0.0%

2000 1000 99.9% 0.1% 0.0% 0.0% 0.0%
750 99.3% 0.7% 0.0% 0.0% 0.0%
500 8.7% 85.9% 5.3% 0.1% 0.0%
250 0.0% 0.4% 2.5% 95.8% 1.3%

1500 1000 99.9% 0.1% 0.0% 0.0% 0.0%
750 91.2% 8.7% 0.1% 0.0% 0.0%
500 4.3% 69.4% 23.4% 2.9% 0.0%
250 0.0% 0.3% 3.3% 83.4% 13.0%

1000 1000 99.7% 0.3% 0.0% 0.0% 0.0%
750 64.1% 33.8% 2.1% 0.0% 0.0%
500 4.1% 33.7% 32.8% 29.4% 0.0%
250 0.1% 1.3% 3.1% 59.9% 35.6%

Table A.3: Relative frequency of battery sizes by cost scenario for profitable house-
holds (NPV≥ 0)
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A.3.2 Sensitivity of production to demand ratio (PDR) and

storage to demand ratio (SDR)

Figure A.1: Distribution of production to demand ratio (PDR) and storage to de-
mand ratio (SDR) in different PV and B cost scenarios.



111

A.3.3 Sensitivity of self-sufficiency (SSR) and self-consumption

ratios (SCR)

High installation costs for PV and battery systems result in small PV array sizes

(mostly with no battery). In the most expensive cost scenario considered (PV:

2500 e/kWp, B: 1000 e/kWh), this results in high SCRs, but low SSRs, as the

histograms in the first panel in Figure (A.2) indicate. The resulting mean values for

SCR (64%) and SSR (21%) are also reported in the first line of Table (3.3).

Figure A.2: Histogram of the achieved self-sufficiency ratio (SSR) and self-
consumption ratio (SCR) for all cost scenarios
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Appendix B

Additional material for chapter 4:

Prediction of optimal solar battery

configurations

B.1 Cross validation

It is common practice in supervised machine learning to hold out a part of the

available data as a test set and to train the machine learning algorithm on the

remaining set, referred to as a training set that is not a subset of the test set.

Once trained on the training set, the machine learning model then predicts the

output factors of the test set and compares it against the true output factors for the

evaluation of error scores. In this article we use 90% of the dataset as the training

set and the remaining 10% as the test set. In order to avoid overfitting, the dataset

is randomly split 10 times, where 10% of the dataset serves as the test set and the

remaining 90% as the training set in each of the 10 folds. This procedure is referred

to as 10-fold cross validation and commonly applied in machine learning problems

[109].

In addition to the 10-fold cross validation, the load shape and the daily mean

demand are estimated if only a fraction (snippet) of the annual time series in the

test set is known as input for the machine learning model. Therefore we vary the

snippet length in intervals of L = [1, 7, 14, 30, 60, 90, 160] days always measured

before December 26th 2009. The training data on the other hand spans from July
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19th to December 26th.

All algorithms are trained using the random forest regressor. The accuracy of

the random forest regressor depends on the number of estimators (i.e., the number

of decision trees that make up the forest). We found that 10 estimators are sufficient

to predict the requested output factors. Doubling from 10 to 20 estimators increased

the r2 less than 1%.

B.2 Error scores

Snippet NPV PV power Battery size SSR SCR
length L (e) (kWp) (kWh) (%) (%)

MAE r2 MAE r2 MAE r2 MAE r2 MAE r2

1 829 0.37 0.42 0.23 0.88 0.41 5.88 0.09 6.62 0.12
7 649 0.58 0.35 0.5 0.84 0.53 5.22 0.27 6.34 0.18

14 620 0.62 0.32 0.58 0.83 0.56 4.92 0.37 6.14 0.23
30 589 0.65 0.3 0.6 0.81 0.58 4.74 0.42 6.02 0.27
60 559 0.69 0.28 0.64 0.81 0.59 4.57 0.46 5.93 0.28
90 520 0.73 0.27 0.66 0.8 0.6 4.44 0.5 5.83 0.31

160 328 0.88 0.22 0.75 0.79 0.6 4.08 0.56 5.45 0.39

Table B.1: Error and r2 scores of the predictors with variable snippet length L (days
mesured before Dec. 26th)
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Appendix C

Additional material for chapter 5:

Performance of peer-to-peer

energy networks

C.1 Simulation results part B

Prosumer PV cost Battery cost Mean Mean Mean Mean

ratio rpro (-) (e/kWp) (e/kWh) SCRo SCRc SSRo SSRc

0.25 2500 1000 0.65 0.94 0.07 0.11

0.25 2500 750 0.65 0.94 0.07 0.1

0.25 2500 500 0.71 0.95 0.07 0.1

0.25 2500 250 0.84 0.95 0.1 0.11

0.25 2000 1000 0.54 0.91 0.07 0.12

0.25 2000 750 0.56 0.92 0.08 0.13

0.25 2000 500 0.63 0.93 0.09 0.14

0.25 2000 250 0.8 0.95 0.14 0.17

0.25 1500 1000 0.43 0.8 0.09 0.17

0.25 1500 750 0.44 0.81 0.1 0.18

0.25 1500 500 0.54 0.86 0.12 0.19

0.25 1500 250 0.74 0.92 0.21 0.26

0.25 1000 1000 0.31 0.51 0.14 0.24

0.25 1000 750 0.34 0.55 0.16 0.25
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0.25 1000 500 0.42 0.6 0.2 0.29

0.25 1000 250 0.59 0.69 0.46 0.53

0.5 2500 1000 0.65 0.88 0.13 0.18

0.5 2500 750 0.65 0.88 0.14 0.19

0.5 2500 500 0.72 0.91 0.15 0.19

0.5 2500 250 0.84 0.94 0.21 0.23

0.5 2000 1000 0.54 0.8 0.15 0.22

0.5 2000 750 0.53 0.78 0.15 0.22

0.5 2000 500 0.63 0.84 0.18 0.24

0.5 2000 250 0.8 0.92 0.27 0.31

0.5 1500 1000 0.44 0.64 0.18 0.26

0.5 1500 750 0.45 0.65 0.18 0.27

0.5 1500 500 0.55 0.71 0.23 0.29

0.5 1500 250 0.73 0.84 0.38 0.44

0.5 1000 1000 0.31 0.41 0.24 0.32

0.5 1000 750 0.34 0.44 0.25 0.33

0.5 1000 500 0.43 0.51 0.32 0.39

0.5 1000 250 0.58 0.66 0.52 0.59

0.75 2500 1000 0.65 0.82 0.18 0.23

0.75 2500 750 0.64 0.82 0.18 0.23

0.75 2500 500 0.72 0.86 0.2 0.24

0.75 2500 250 0.84 0.92 0.28 0.31

0.75 2000 1000 0.54 0.71 0.2 0.26

0.75 2000 750 0.54 0.71 0.19 0.26

0.75 2000 500 0.64 0.77 0.24 0.29

0.75 2000 250 0.8 0.88 0.36 0.4

0.75 1500 1000 0.44 0.56 0.23 0.3

0.75 1500 750 0.45 0.58 0.23 0.3

0.75 1500 500 0.54 0.64 0.28 0.33

0.75 1500 250 0.73 0.81 0.47 0.52

0.75 1000 1000 0.3 0.36 0.29 0.35

0.75 1000 750 0.35 0.41 0.31 0.37

0.75 1000 500 0.42 0.47 0.38 0.43
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0.75 1000 250 0.58 0.64 0.6 0.66

1.0 2500 1000 0.65 0.8 0.2 0.25

1.0 2500 750 0.65 0.79 0.2 0.25

1.0 2500 500 0.72 0.83 0.23 0.26

1.0 2500 250 0.84 0.91 0.31 0.34

1.0 2000 1000 0.55 0.69 0.22 0.28

1.0 2000 750 0.54 0.67 0.23 0.28

1.0 2000 500 0.64 0.74 0.26 0.31

1.0 2000 250 0.79 0.86 0.39 0.43

1.0 1500 1000 0.44 0.54 0.25 0.31

1.0 1500 750 0.44 0.55 0.25 0.31

1.0 1500 500 0.54 0.61 0.32 0.36

1.0 1500 250 0.73 0.79 0.52 0.56

1.0 1000 1000 0.31 0.36 0.32 0.37

1.0 1000 750 0.34 0.39 0.33 0.38

1.0 1000 500 0.42 0.46 0.41 0.45

1.0 1000 250 0.57 0.62 0.65 0.7

Table C.1: Simulation results for part B: Achieved

community self-sufficiency (SSR) and self-consumption

(SCR) without aggregation effects SCRo/SSRo and with

aggregation effects SCRc/SSRc

C.2 Simulation results part C
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Prosumer ratio PV cost Battery cost Achieved Mean household Mean community Storage
rpro (-) (e/kWp) (e/kWh) SCR (-) level storage SDR (-) level storage SDR (-) reduction (%)

0.25 1000 250 0.85 0.16 0.0 100.0
0.25 1500 250 0.9 0.13 0.0 100.0
0.25 2000 250 0.93 0.09 0.0 100.0
0.25 2500 250 0.94 0.07 0.0 100.0
0.25 1000 500 0.87 0.03 0.0 100.0
0.25 1500 500 0.92 0.02 0.0 100.0
0.25 2000 500 0.94 0.01 0.0 100.0
0.25 2500 500 0.94 0.01 0.0 100.0
0.5 1000 250 0.6 0.41 0.07 83.5
0.5 1500 250 0.73 0.29 0.03 88.2
0.5 2000 250 0.8 0.23 0.02 90.9
0.5 2500 250 0.86 0.15 0.0 98.4
0.5 1000 500 0.61 0.08 0.0 100.0
0.5 1500 500 0.74 0.05 0.0 100.0
0.5 2000 500 0.84 0.03 0.0 100.0
0.5 2500 500 0.88 0.02 0.0 100.0

0.75 1000 250 0.57 0.63 0.34 46.2
0.75 1500 250 0.74 0.47 0.26 45.6
0.75 2000 250 0.79 0.32 0.15 53.5
0.75 2500 250 0.84 0.23 0.08 66.0
0.75 1000 500 0.44 0.14 0.01 91.3
0.75 1500 500 0.61 0.08 0.0 99.5
0.75 2000 500 0.72 0.05 0.0 100.0
0.75 2500 500 0.82 0.03 0.0 100.0
1.0 1000 250 0.57 0.79 0.58 26.8
1.0 1500 250 0.73 0.56 0.42 26.0
1.0 2000 250 0.79 0.39 0.26 34.4
1.0 2500 250 0.84 0.26 0.14 45.6
1.0 1000 500 0.42 0.17 0.09 44.2
1.0 1500 500 0.54 0.09 0.01 88.5
1.0 2000 500 0.66 0.06 0.0 100.0
1.0 2500 500 0.79 0.04 0.0 100.0

Table C.2: Simulation results for part C: Achieved community self-consumption (SCR) without aggregation effects
with reduced storage capacities due to aggregation effects
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Prosumer ratio PV cost Battery cost Achieved Mean household Mean community Storage
rpro (-) (e/kWp) (e/kWh) SSR (-) level storage SDR (-) level storage SDR (-) reduction (%)

0.25 1000 250 0.18 0.16 0.0 100.0
0.25 1500 250 0.14 0.13 0.0 100.0
0.25 2000 250 0.12 0.09 0.0 100.0
0.25 2500 250 0.1 0.07 0.0 100.0
0.25 1000 500 0.17 0.03 0.0 100.0
0.25 1500 500 0.12 0.02 0.0 100.0
0.25 2000 500 0.1 0.01 0.0 100.0
0.25 2500 500 0.1 0.01 0.0 100.0
0.5 1000 250 0.34 0.41 0.07 83.5
0.5 1500 250 0.27 0.29 0.03 88.2
0.5 2000 250 0.24 0.23 0.02 90.9
0.5 2500 250 0.2 0.15 0.0 98.4
0.5 1000 500 0.29 0.08 0.0 100.0
0.5 1500 500 0.24 0.05 0.0 100.0
0.5 2000 500 0.2 0.03 0.0 100.0
0.5 2500 500 0.19 0.02 0.0 100.0

0.75 1000 250 0.52 0.63 0.34 46.2
0.75 1500 250 0.42 0.47 0.26 45.6
0.75 2000 250 0.33 0.32 0.15 53.5
0.75 2500 250 0.28 0.23 0.08 66.0
0.75 1000 500 0.35 0.14 0.01 91.3
0.75 1500 500 0.29 0.08 0.0 99.5
0.75 2000 500 0.26 0.05 0.0 100.0
0.75 2500 500 0.23 0.03 0.0 100.0
1.0 1000 250 0.66 0.79 0.58 26.8
1.0 1500 250 0.51 0.56 0.42 26.0
1.0 2000 250 0.4 0.39 0.26 34.4
1.0 2500 250 0.32 0.26 0.14 45.6
1.0 1000 500 0.42 0.17 0.09 44.2
1.0 1500 500 0.31 0.09 0.01 88.5
1.0 2000 500 0.28 0.06 0.0 100.0
1.0 2500 500 0.25 0.04 0.0 100.0

Table C.3: Simulation results for part C: Achieved community self-sufficiency (SSR) without aggregation effects with
reduced storage capacities due to aggregation effects
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Nomenclature

Abbreviations

B Battery

Bc Community battery

DoD Depth of discharge (-)

DoF Degrees of freedom

EoL End of life

FiT Feed-in tariff

MAE Mean absolute error

ML Machine Learning

MPP Maximum power point

NPV Net present value (e)

PDR Production to demand ratio (-)

PV Photovoltaic

PVB Photovoltaic-battery

SCR Self-consumption ratio (-)

SDR Storage to demand ratio (-)

SSR Self-sufficiency ratio (-)
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STC Standard testing conditions (TSTC = 25oC, GSTC = 1.0 kW/m2)

TMY Typical meteorological year

Greek symbols

αI Temperature coefficient of current at STC (%/K)

αV Temperature coefficient of voltage at STC (%/K)

∆t Time step (s)

δ PV technology coefficient (-)

ηc Battery charging efficiency (-)

ηd Battery discharging efficiency (-)

ηinv Inverter efficiency (-)

σCL Effective fraction of battery capacity usable due to cycle life degradation (-)

Ωx Sampling distribution for xDoF

Symbols

Am Module surface area (m2)

C0 Investment costs (e)

Ci Costs in year i (e)

cbat Specific battery system costs (e/kWh)

c?bat Replacement cost of battery (e/kWh)

cpv Specific PV system costs (e/kWp)

crem Feed-in remuneration (e/kWh)

cht High tariff electricity cost (e/kWh)

clt Low tariff electricity cost (e/kWh)
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Ebat Battery charging state (kWh)

Emax
bat Upper bound charging state (kWh)

Emin
bat Lower bound charging state (kWh)

ER
bat Rated battery capacity (kWh)

G Total in plane radiation (kW/m2)

GSTC In plane radiation under testing conditions (1 kW/m2)

IMPP Module current at MPP(A)

IMPP,STC Module current at MPPand STC (A)

ISC Short circuit current of PV module (A)

ISC,STC Short circuit current of PV module at STC (A)

L Snippet length (days)

N Number of load profiles/households

Nc Number of cycles before EoL is reached

NT Time horizon (years)

PDC DC power of all PV modules (kW)

PDC,Nm DC power of a PV module (kW)

PL Load (kW)

r Discount rate (-)

Ri Revenues in year i (e)

resc Escalation rate on electricity prices (-)

rrem Annual reduction rate for feed-in remuneration rate (-)

rom Share of C0 that accounts for operation and maintenance cost (-)
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Tamb Ambient temperature (oC)

tht Daily high tariff hours

tlt Daily low tariff hours

Tm Module temperature (oC)

VMPP Module voltage at MPP (V)

VMPP, STC Module voltage at MPP and STC

VOC Open circuit voltage of PV module (V)

VOC,STC Open circuit voltage of PV module at STC (V)

WB→L Energy supplied to load from the battery bank (kWh)

WG→L Energy supplied to load from the grid (kWh)

WPV Energy (DC) produced by the solar panels (kWh)

WPV→B Energy supplied to battery from the PV modules (kWh)

WPV→G Energy supplied to grid from the PV modules (kWh)

WPV→L Energy supplied to load from the PV modules (kWh)

WL Annual energy demand (kWh)

wL Daily average electricity demand (kWh)

ŵL Normalized daily average electricity demand (-)

wL(ti) Daily average electricity demand during hour i (kWh)

ŵL(ti) Normalized daily average electricity demand during hour i (-)

xDoF Degree of freedom vector (P0, E
R
bat)
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