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In recent years, with the introduction of renewable energy sources
(RES) and digital technologies, grids in Europe have become smarter.
This is motivated by the need to effectively use the infrastructure in
cases of high penetration of RES. Consumer participation is one of the
important features of smart grids. This customer participation can be
individually controlled or collectively controlled by an aggregator.
This thesis simulates a neighbourhood where each house is equipped with
a photovoltaic (PV) system and a battery storage
system such that each house is a net-zero energy building (NZEB). A
comparison is made between the cost savings for the households when the
battery is individually controlled and when an aggregator controls all
batteries. The battery scheduling is optimized using genetic algorithm
(GA). The results show higher savings in the case of aggregator
control: the self-consumption (SC) increased with 4 percentage points,
and the total energy costs for the whole neighbourhood was reduced by
more than 40%. This thesis prepares the training data needed to
implement the energy management system (EMS) using recurrent neural
networks (RNNs).
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ANN

Artificial neural network

DoD

Depth of discharge

DR

Demand response

DSM

Demand-side management

DSO

Distribution system operator

EFC

Equivalent full cycle

EMS

Energy management system

EV

Electric vehicle

FiT

Feed-in-tariff

GA

Genetic algorithm

IEA

International Energy Agency

LPG

Load profile generator

NZEB

Net zero-energy building

PV

Photovoltaic

RES

Renewable energy sources

RNN

Recurrent neural network

SC

Self-consumption

SS

Self-sufficiency

ToU

Time-of-use

TSO

Transmission system operator

VPSC

Voluntary price for small consumers
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1

Introduction

1.1

Electricity in Europe

In the classical model of the electricity system which has widely been applied during
many years, there were large power plants supplying power to consumers spread out
over a country (see figure 1a). These power plants covered the electricity demand for
all customers and during the whole year. The electricity always flowed downstream. For
this reason, the electricity grids have been built with the current structure: big high-ways
for power transport between the large power generators and the large consumers such as
cities and industrial zones [1].
As an outcome of the internationally signed Paris Agreement and the necessity to
tackle climate change, the European Union is committed to reducing greenhouse gas
emissions. These goals are going to be achieved by increasing energy efficiency and
dependence on renewable energy sources (RES). However, RES such as wind and solar
are of variable nature, making them non-reliable sources of energy [2]. The reliability of
the electricity supply should not deteriorate by increasing the share of RES, and therefore
the electricity system needs adaptation. A reform in system management, its components,
the market structure, pricing schemes, market actors is inevitable [3]. Different challenges
arise in the fast change the energy system in Europe is undergoing. Among them, there are
the large-scale deployment of renewable energy generation, storage, and the management
of the different assets. The national grids have to be upgraded to accommodate new
power flows. Furthermore, a stronger transmission connection between EU member states
fosters European market competition [4].
Also the electricity market inherits its structure from this system; it was highly regulated and vertically integrated as it grew as a service from the state [5]. Initially, single
tariffs ensured the supply of availability covering network and energy costs. With the unbundling1 of the different electricity supplying activities, new tariffs needed to be made.
Each service provider, such as utilities, transmission system operators (TSOs), distribution system operators (DSOs) and retailers, needed to be adequately rewarded for their
part in the value chain. Costs for these providers can be upfront investments or operational expenditures and vary in time [5]. For simplicity, the tariffs as seen by the end
consumers are mostly flat, not reflecting any fluctuations in costs for the providers. For
example, access tariffs and network tariffs are often fixed tariffs (independent from the
consumer’s demand profile), while energy tariffs are billed in e/kWh, still often with day
and night-flat tariffs.
In this changing energy system, new players are expected to appear, and there is
a potential of energy saving for the end consumer [5]. A competitive market gives the
customer the possibility to choose from different pricing schemes. As an example, Spanish
consumers have more options in their electricity contract offers today compared with
before. Back then a single tariff structure was available for small consumers [7]. It still
exists and is defined and regulated by the Spanish state under the name of voluntary price
for small consumers (VPSC) [8]. However, under the electricity market deregulation
packages from the European Union, electricity retailers created their own, new offers.
This means that nowadays, a small customer (defined as < 10 kW contracted power)
1

The unbundling is the effort of the EU of separating the different activities within the electricity
supply chain. This was part of the Third Energy Package and was meant to increase competitiveness
and reduce prices for consumers [6].

1

has the choice between the VPSC and any other commercially available contract with an
electricity supplier. More on dynamic pricing and VPSC in section 2.1.4.

(a) Traditional grid structure, where high voltage transmission lines transmit power
from the power plants to the consumers over long distances and where a medium
or low voltage distribution grid delivers power to the end customers.

(b) Example of a smart grid where transmission lines and power plants coexist with
RES and low voltage distributed generation such as wind and PV. Consumption
is smarter thanks to communication technologies and storage systems. The flow of
electricity can be bidirectional and the grid is managed by smart systems acting in
real time.

Figure 1: The evolution of the electricity grid. This figure is inspired by [1].
It can be useful to involve electricity consumers in the energy supply chain. If independent consumers get insight in the supply chain and real-time operations of the grid,
their load can be modified accordingly. They might value the electricity service more and
consume energy in a more intelligent way. This can be done through incentivization or
rewarding for flexibility in demand [5]. These cost-saving programmes are already existing for big electricity consumers, such as large industries [5]. They often have an ad-hoc
electricity tariff and have energy efficiency measures in place to efficiently use electricity
and thus pay less. A wide adoption of such measures (including individual households) is
a characteristic of the smart grid [1]. In a smart grid, the electricity does not always flow
downstream, as generation can be integrated in every part of the grid. Moreover, the
assets in the grid are operated by interconnected intelligent technologies. As a result, the
2

grid is more interconnected and flexible as loads and generation are spatially distributed
and can respond to price and grid signals [5]. For example, a factory with a photovoltaic
(PV) system installed on the roof can be a net consumer during the weekdays and be a
net generator on weekends. A graphical representation of an example of a smart grid is
provided in figure 1b. The shown elements part of the smart grid such as storage system,
electric vehicles (EVs) or wind generation are examples out of numerous flexible new
loads or newly added grid components.
To conclude, the electricity system is changing: electricity shares are increasingly
coming from RES, utilities and DSOs are experimenting with new tariff schemes and
demand response (DR) makes its way to industrial consumers [5]. These efforts are
required to move to an energy use that is more sustainable.
In this thesis, a small distribution grid of 93 houses was simulated, in which each
house had its own home energy management system (EMS), as shown in figure 2. If they
are all provided with a PV system and a standard battery pack, they have the possibility
to act on their electric loads as seen from the grid, and control their consumption. As
prosumers (producer-consumer), they change their consumption profile, as they start not
only consuming but also injecting electricity. Prosumers with battery can charge and
discharge at any time. This results in a net load that is different from conventional loads
in the grid. Moreover, if they benefit from a real-time tariff, there is a potential of costs
savings on their energy bill [5].
The current distribution grids were, just like the transmission systems, designed for
unidirectional power flow on the lines that is predictable. When all prosumers in a grid
simultaneously produce power, from e.g., PV, the hosting capacity might be exceeded,
and the grid safety might be compromised.
Moreover, new players are expected to appear on the market, the so-called energy
aggregators [4]. They can establish agreements with households, industries and electricity
service providers, for managing their assets. As such, a household could provide flexibility
to the aggregator. In return, the household could reduce its energy bill or receive financial
reimbursement. The aggregator, as a manager of a large portfolio of assets and having
control over numerous loads in a distribution grid (aggregated loads), can help DSOs or
TSOs in balancing their networks in case of grid congestion.

1.2

Aim of the thesis

The aim of this thesis is to analyse the benefits an aggregated control of assets can bring
over individual control. The control system is an EMS, in combination with PV and
storage, installed at each individual household. The optimization of energy use (battery
charging and discharging) is done with a genetic algorithm (GA). The GA controls the
EMS, thus change the load of the household as seen by the grid. The energy savings
of the houses are presented, as well as the the impacts of the change in the load on the
grid. Moreover the thesis must be seen as a preparatory work for future development: the
development of the EMS itself with artificial neural networks (ANNs), more specifically
recurrent neural networks (RNNs). The RNN has the possibility of acting as a decisionmaker in the management system in real time, with the proposed training data made by
the GA [9].
3

Figure 2: Each house in the grid is modeled with its loads, a PV system
and a battery. The loads vary from one house to the other. The PV system
produces intermittent electricity, but is intermittent. The battery and the
grid are always available to store or supply electricity. The EMS of the house
controls the electricity flow to and from the battery and as such determines
the flow between the grid and the house.

1.3

Thesis structure

This thesis has, after the introduction, 5 sections. Section 2 introduces the concepts
used in the work and can be useful to understand the proposed solution. Moreover, it
provides information on the context and the challenges in the field of DR. In section
3, the methods are described, such as the GA and the data analysis tools. The data
used for the optimization is presented in section 4. The results of the algorithm are
provided in section 5, for the optimization of the GA for individual households and for
the neighborhood as a whole. The conclusions are drawn in section 6.

4

2

Background

In this section, background information around important topics for the thesis are given.
In section 2.1, energy topics are discussed, mostly related to the expected future electricity
grid and structure. Section 2.2 talks about machine learning topics studied in the context
of this thesis. They are ANNs and GAs.

2.1

Energy

The notions related to energy necessary to develop this work are presented here. First,
a deeper definition of smart grids is given; smart grids are the electricity grids of the
future and necessary for the energy transition. Next, demand-side management (DSM) is
discussed, this is the customer participation aspect that the smart grid aims for. Further
comes aggregation, or the role new entities can play in the electricity field. At last,
dynamic pricing is discussed, showing different existing schemes, discussing the one used
in this thesis, and the effect it can have on the efficient use of electricity.
2.1.1

Smart grids

As stated before, the electricity system in the EU is evolving to be more energy efficient
and low-carbon. To achieve this, digitalisation of the energy management assets is expected to play a major role. Those combined efforts make the grid evolve into what is
known as a smart grid. The definition for smart grids given by the International Energy
Agency (IEA) in their report on smart grids [10] is:
“A smart grid is an electricity network that uses digital and other advanced technologies to monitor and manage the transport of electricity from all generation
sources to meet the varying electricity demands of end-users. Smart grids coordinate the needs and capabilities of all generators, grid operators, end-users and
electricity market stakeholders to operate all parts of the system as efficiently as
possible, minimising costs and environmental impacts while maximising system
reliability, resilience and stability.”
The smart grid as a concept builds an environment that is flexible, where consumers
get to not only consume, but also generate, store and manage; and that accommodates
RES. Energy efficiency is the prime focus, without putting at risk the availability of
the energy for the end consumer. The IEA in [10] further cites the following common
characteristics of smart grids:
• Customer participation
Consumers adjust their loads in an informed and responsible way: they help in
balancing the grid. They are informed by new communication and automation
technology and based on electricity pricing, incentives or a contract with an aggregator.
• Distributed generation and storage
Customers have the ability to generate their own electricity without compromising
the stability of the smart grid.
5

• New products and services
The smart grid environment allows for market opportunities and new business models to emerge. Bringing competition between energy service providers pushes for
efficient energy management.
• Custom power quality
Not all the customers require the same power quality. Electricity and consequently
price can be differentiated according to the specific need of the different customers.
• Full asset utilisation and operating efficiency
Constant monitoring and incorporating the latest technologies keeps the grid optimally performing. Maintenance can be condition-based instead of routinely.
• System resilience
Thanks to better and digital management, problems in the grid can be quickly
isolated and restored. It improves the stability and security of supply from disturbances or natural events.
The smart grid is not created from one day to another. It must be seen as a gradual
adaptation of the currently existing grid [11]. It therefore represents a significant challenge of coordination between old parts and new parts in the system. For example, the
introduction of RES into an old grid can be seen as a part of creating a smart grid.
Old tariff structures are not suitable for the smart grid, as they might not reflect the
real costs associated to the supply of electricity [5]. Also coordination of the electricity
supply, such as production allocation, is a reflection of the way the grid used to work.
Traditionally, state owned energy service providers could charge a single fee covering
both network and energy expenses. With the unbundling of those companies (TSO DSO - supplier), along the set of directives of the European Commission, part of the
Third Energy Package [6], this is not possible anymore and new tariff structures came
into place [5]. Recently however, it has been shown that these tariff schemes, in which the
producer with the highest marginal cost sets the market price, can undermine the viability
of large RES shares [12]. The phenomenon in which the low or zero-marginal-price of
these RES results in smaller revenue margins, making those projects cost-ineffective is
known as price cannibalisation [12]. Each additional zero-marginal-price generation unit,
e.g., PV, reduces the wholesale electricity prices, and reduces the revenues for covering
the investment costs of all other projects. If this happens on a large scale, it will slow
down the deployment of RES projects [12].
Significant investments and planning are needed to fully deploy smart grids around
Europe. The development however will depend on the local situation and challenges,
which can be linked to the available infrastructure, types of energy resources, available
technologies, regulatory limits [10].
2.1.2

Demand-side management and demand response

DSM can be one of the solutions for the challenges the electrical system in Europe is
facing [5]. A definition is given by Enelx of the Enel group in [13]:
6

“The term demand-side management is used to refer to a group of actions designed to
efficiently manage a site’s energy consumption with the aim of cutting the costs incurred
for the supply of electrical energy, from grid charges and general system charges, including taxes. The aim of these optimisation actions is to modify features of electricity
consumption with reference to the overall consumption picture, consumption time profile, contractual supply parameters (contractual power and grid connection parameters)
in order to achieve savings in electricity charges.”
Examples of actions which can be part of a DSM program are the following:
• changed habits, such as postponed charging of EVs,
• improving energy efficiency such as insulating homes or changing electronic devices,
• reusing waste heat,
• installing RES systems,
• installing energy storage systems,
• employing automated EMSs.
In literature, various definitions of DR can be found, but they all include the changing
of electricity demand as a reaction to signals from the electricity system, such as peak
production, network congestion or prices [5]. In [3], the following definition was used:
“Demand response is a tariff or programme established to incentivize changes in electric consumption patterns by end-use consumers in response to changes in the price of
electricity over time, or to incentivize payments designed to induce lower electricity use
at times of high market prices or when grid reliability is jeopardised.”
DR can thus be seen as a part of DSM, in which the change of electricity consumption
is responsive. They are considered as temporary responses to the conditions of the grid
and of that specific moment [3]. DR can have several application types. It also presents
some benefits for the actors involved. As DR aims at changing the load profile, it is usually
used to target the reduction of high peaks or fill the gaps in case of low consumption [5].

In figure 3, some possible strategies of DSM are shown, of which 3a and 3b are
considered examples of DR. Peak shaving means that a consumer will not consume beyond
a certain power. This can happen in extreme situations in which the electricity supply
is endangered. This type of DR is in place in Brittany, France with aggregator Voltalis,
applied to the electric heating systems of homes [5]. More common in DR programs, is
load shifting, where the consumption profile of a consumer is changed without changing
the amount of electricity that is used. By consuming the electricity on a different moment,
the consumer saves on the energy bill or can be rewarded for safeguarding the supply. In
figure 3c, an example of energy efficiency is shown. This is part of DSM strategies and
reduces the energy consumption at all times. It can be achieved by, e.g., changing old
appliances for energy efficient ones, insulating homes or reducing energy needs.

7

(a) Peak shaving: curtailment of loads in critical
moments.

(b) Load shifting: DR
measure to flatten consumption curves or react
to signals from the grid.

(c) Energy efficiency:
long
term
strategy
within DSM to permanently reduce electricity
consumption.

Figure 3: Types of DSM strategies [14]. The red line represents the original
load, the green line the new load. A red area corresponds to a decrease in
electricity consumption and a green area corresponds to an increase.
DSM and DR have both short and long term benefits, three main reasons for the use
of DR can be identified: economic, environmental and network performance [5].
Economic benefits The cost of energy supply can be reduced in the short-term
with DR, when for instance low-marginal cost generation units, such as wind turbines are
used more (when available) and others less. Also houses and industries which invested
in PV panels can benefit from consuming more during the sunny hours and less at night,
in case there is no feed-in-tariff (FiT). In the long term, if DR manages to permanently
decrease the highest peaks of consumption reached in the grid, it reduces the needs for
expensive network investments.
Environmental benefits By the introduction of RES in the energy mix, greenhouse gas emissions will decrease. As a result, the environment will benefit. Unfortunately, wind and solar energy production are intermittent and are rather unreliable
electricity sources compared to nuclear or gas generators. With DR schemes, the classical generation-follows-demand structure can be replaced by an increasingly demandfollows-generation structure, allowing for more RES. DR can thus be a catalyst for RES
integration and reinforce its potential.
Network performance benefits Rolling blackouts or load shedding, events in
which the utility has to turn off parts of the electricity grid because of stability issues,
can be avoided by a collective DR programme. In this case, the DSO or TSO needs to be
able to communicate their network congestion issues. The German transmission grid, for
example, lacks sufficient power transmission capacity on the North-South net of TenneT
[15]. Under high wind conditions, with wind farms mainly in the north of the country,
and the big loads in the south, DR could relief congestion. Notice that this is a concrete
example of how the integration of unpredictable RES in the European electricity grids
poses challenges to those same grids.
Participation in a DR programme can be done in two ways: through explicit or implicit
DR [3]. In explicit DR, the actor participates on the energy market as a trader of demand
8

or generation. Since it is active on the wholesale markets it can receive comparable prices
to other market actors. It is possible to participate in explicit DR only for big consumers
or an aggregator which contracts its service to smaller players. In implicit DR, consumers
adapt their consumption based on the electricity price. This is therefore called price-based
DR. The prices reflect the situation of the grid and are part of the contract with their
supplier. Consumers can decide at all times if and to what extent they participate [3].
2.1.3

Aggregation

Aggregation means gathering of the power consumption and generation of a set of consumers (large or small). The aggregator has the potential of managing large portfolios
of consumption and generation and therefore can potentially more efficiently manage the
individual components. The end customer agrees to enter into a contract with the aggregator, who receives a certain degree of control on the load, generation or storage, to
be used when deemed necessary. The aggregator can as such reduce the energy bill of
the customer or share energy savings (avoided costs) with the end customer [4]. The
aggregator is therefore seen as a service provider, who acts on behalf of multiple demand
and generation units. The service of demand flexibility and optimization of the use of the
assets of an individual customer is not a trade of energy, and is therefore separate from
the electricity supplying contract. The supplier may carry out this aggregation service,
but the aggregator may also be an independent new player [3].
For most consumers, the services of an aggregator are needed to trade on the wholesale
markets. The process of selling generation or providing flexibility in consumption is often
too complex for small consumers [3]. By grouping multiple small loads, the aggregator can
sell their collective flexibility as a single resource. When it participates in the wholesale
market, the benefits it reaps are higher, because it can receive better prices [3].
In Europe, aggregators that are already in operation, mainly engage with industrial
and commercial consumers, as they have larger loads and can provide more flexibility [4].
The potential in savings and consumption flexibility for households is high, but implicates
a larger number of members involved [5]. Some examples of aggregators on a contract
with households also exist, such as Energy Pool in France [5]. A residential consumer
needs smart equipment, such as a smart meter to engage in a contract with an aggregator.
The roll-out of smart meters on a large scale makes them increasingly eligible for such
contracts. Also distributed generation gives the aggregator more assets in its portfolio,
increasing its monetary saving potential [16]. The residential flexibility is expected to
become more commercially attractive, because smart equipment will make it easier to
schedule loads, such as the heating and cooling loads in buildings [4].
2.1.4

Dynamic pricing

In order to implement implicit DR, electricity market participants can adopt a dynamic
pricing scheme instead of a flat tariff, in order to react on fluctuating prices in real-time.
Industrial players nowadays already have the option to negotiate for varying electricity
prices, and can as such alter their operations accordingly [17]. This is, because they are
often big consumers and offering this flexibility results into significant changes in the
electricity system [5]. The common pricing schemes that exist today include a flat tariff,
9

time-of-use (ToU), critical peak pricing and real-time pricing. All but the flat tariff are
considered forms of dynamic pricing, according to [16], and allow for DR.
Flat tariff In a flat tariff, a fixed price is offered to the consumer for a certain
period of time. The price that the consumer pays is independent of fluctuations of the
market and is usually with a mark-up for the end consumer. The provider takes the risk
in fluctuating wholesale market prices. This tariff is usually adopted by households that
prefer no exposure to market volatility. Consumers with a flat tariff cannot implicitly
participate with DR, but can, in collaboration with aggregators, deliver flexibility in
change for a payment or a reduction of the electricity bill [16].
Time-of-use In ToU tariff schemes, the wholesale market price fluctuations are
partially reflected. A common example of a ToU tariff is a peak and off-peak tariff,
where the client usually has a lower price for the electricity at predetermined off-peak
hours and a higher price during peak-hours. Peak and off-peak hours often correspond
to day and night periods respectively. However, these periods can be different from one
supplier to another. The prices can also vary from one season to another, and are always
known ahead in time [16]. The energy provider makes estimates of the average prices for
the different periods of the day, week or year to make the tariff schemes.
Critical peak pricing Customers who have critical peak pricing, are offered a fixed,
low tariff during the whole year, except during specific periods, called critical events.
During these events, the electricity price is raised to significantly higher values. These
events occur when the utility anticipates high wholesale prices as a result of an emergency
or extreme weather. These pricing schemes are usually offered to large consumption
clients as they can substantially change their energy consumption during these periods
of high demand. In the price agreement, the maximum number of times the utility is
allowed to call off a critical event is fixed, and usually lies around 20 times per year [18].
Real-time pricing When a customer has a real-time pricing contract, the electricity
price paid follows the wholesale market, on an hourly or 15 minutes basis. Therefore a
smart meter is necessary, and the customer is responsible for its own electricity bill. As
the wholesale market prices fluctuate, the customer should keep in mind that consumption
during certain hours can be more expensive. The prices are usually publicly available
12h ahead. The day-ahead market sets the price and closes at 12 p.m. (noon) for the
following 24h period starting at 12 a.m. (midnight). This means that consumers can
optimally act according to prices, in order to reduce on their electricity bill [16].
Historically, small consumers such as households, had flat or ToU tariffs. But with
the roll-out of smart meters in all houses around Europe, there is a possibility for new
pricing schemes [16]. With the introduction of RES, wholesale market prices are becoming
more variable [12]. This creates a need for pricing structures which include ToU and
billing according to power consumption, and not only energy [5]. The deployment of
smart meters enables this shift to new electricity pricing schemes. Moreover, the smart
meters provide a large amount of data to individual households, which were previously
unmeasured. These data insights have a potential for the households to act on their
consumption to save money. The pricing scheme of European households might change, if
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consumers have the option and choose to be exposed to the fluctuating wholesale prices.
As traditional consumers become prosumers, it might be essential to adopt dynamic
pricing also on a small scale, a development that might be seen in the coming years in
Europe [16].
Two cases of advanced real-time pricing that are already in place today are analysed
next: the VPSC tariff in Spain and the market-priced exchange electricity tariff offered
in Finland.
VPSC in Spain Spanish small electricity consumers (defined as < 10kW contracted
power) have the choice between getting a contract on the regulated market, with the
VPSC tariff, or on the free market, where tariffs are varying from one provider to another.
With the deregulation of the markets all around Europe, the offers on the liberalized
markets are increasingly competitive. The VPSC is the default tariff for the eligible
customers and in 2017 around 50% had already made the change to a commercial offer
on the free market [16]. The tariff is composed of the energy price, distribution fees
and taxes. The variable components of the fees, are set by the Spanish government and
depend on the type of sub-tariff opted for. The three ToU tariff options within the VPSC
tariff scheme that are available are [8]:
1. General tariff
• Varying energy component according to the energy market
• Fixed access and distribution fee
2. Nocturnal tariff
• Varying energy component according to the energy market
• Alternating day and night access and distribution fee
3. Super Valley tariff
• Varying energy component according to the energy market
• Alternating day, evening-morning and night access and distribution fee
With the European push for liberalized markets, as described in [19], the VPSC is set
to disappear, being an unfair competitor to the preferred free competition in electricity
retail.
Market-priced exchange electricity in Finland For those who are able to follow
the electricity price, HELEN, one of the main electricity providers in Finland, provides
the option of having a real-time based price. The energy component in the bill is then
calculated as the electricity day-ahead spot price +0.0024 e/kWh [20]. This means
that households can prepare 12h ahead of time with the NordPool2 prices and receive
transparent pricing . In this tariff, only the energy component of the bill is variable. The
network access fees still apply on top of this energy component. Moreover, also taxes are
part of the final bill and depend on various parts of the bill.
2

NordPool is a power exchange in Europe and the main trading platform in the Nordic countries.
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Figure 4: Breakdown of the average electricity bill for households in the EU,
Spain and Finland. Showing the energy component, network component and
taxes part of the final bill in the respective countries in 2017 [21].

In this thesis, the price that is considered for the home management system is only
the price for energy. Roughly taken, this amounts to only 30% of what the customer pays.
A report published by the European Commission [21], shows the different components of
the average energy bill in the European households. On average in the EU, the energy
component accounts for around 35%, network related fees for 25% and the various taxes
such as energy tax and VAT around 40%. The numbers for Spain and Finland can be
seen on figure 4. Note that these numbers are for households only as industries usually
benefit from reduced network fees and special tax schemes.
The Finnish proposal for a real-time pricing tariff for small consumers is part of the
liberalized market [20]. This market is set to become the standard contract provider in
European countries, under the EU’s Third Energy Package [6]. Currently, no real-time
pricing tariff is offered on the liberalized market to small consumers in Spain. Therefore,
a hybrid pricing system is considered in this thesis. The structure of the Finnish realtime pricing tariff offered by HELEN was applied to the Spanish wholesale prices. This
is a potential evolution of available contracts on the Spanish free market, as also Spanish
consumers would be able to benefit from DR schemes. This hybrid tariff could be a
simplification of the real future scenario as wholesale market prices might change, and
the feasibility of these tariff schemes might vary from one country to another. The Spanish
VPSC could have been chosen as the real-time pricing for this analysis. However, it is a
regulated tariff and the prices don’t reflect the wholesale market prices one-to-one. The
final price as seen by the consumer also includes access and capacity fees which damp the
price fluctuations. This was found by data analysis of the VPSC data available in the
database of RED [22].
Apart from real-time energy pricing, real-time network tariffs could have been considered. These are set by the DSO, to better manage congestion in the grid. However, due
to the limited examples of these real-time electricity transport prices in Europe, and for
simplification of the problem, they have not been considered [5]. Another problem that
arises when incorporating both varying energy and network prices is that they could have
opposite incentives at the same moment, canceling each other. An example could be that
under low energy prices, the energy tariff will encourage consumers to consume, while
the network might be congested locally because of high power demand, thus increasing
the network tariffs.
12

2.2

Machine learning

Within machine learning, two fields have been studied: ANNs and GAs. ANNs, and
more specifically the RNNs are proposed as future work: the development of the EMS
itself. GAs have been used for the optimization in this work.
2.2.1

Artificial neural networks

As said earlier, DSM consists (amongst others) of planning loads, shifting loads, reducing
energy consumption and optimizing storage use, which are problems that can be solved in
a variety of different ways. A smart algorithm has to make decisions in order to consume
electricity in a smart way, and at the same time preserve some flexibility for when it will
be needed. The solving of these complex problems can be done through mathematical
optimization such as, e.g., stochastic optimization, as presented in reference [23], where
it is used to represent peaks as being stochastic events rather than considering a forecast
or expected load. In [24], particle swarm optimization was proposed as optimisation
algorithm for the scheduling of flexibility assets in households such as battery storage,
shiftable loads, and adjustable loads. The scheduling is done one day ahead and shows
significant results in cost reduction. Also Castillo Cagigal in [25], used swarm intelligence
in combination with coupled oscillators to smooth the aggrgegated cosumption profile in
a distribution grid with distributed generation. It proved that the efficiency of the grid
could be increased when more energy was managed by the system.
This thesis can be seen as a preparatory work to the optimization problem around
DR with ANNs. The thesis creates the data points that can be used for the training of
a RNN that is able to do the decision-making in real time. Within the field of machine
learning, ANNs are considered to be better at pattern-recognition and has been widely
used in forecasting [26].
2.2.1.1

Structure of artificial neural networks

ANNs have been inspired on, as their name can tell, biological neural networks, such
as those present in human brains. Biological networks are complex and are still being
studied, and therefore ANNs are a simplified representation of this concept [27]. The
network consists of a large number of neurons or nodes that are highly interconnected by
axons.
The output and the way by which the ANN works depends on the strength of the
interconnections between the nodes. As such, by varying the weights within a network,
it can be tuned and trained to give a certain output [27]. A neuron in the mathematical
representation of ANNs is summarized in figure 5. Each neuron receives input p, each of
which is weighted with a different weight w. Another -optional- input to the neuron is
a bias b. The neuron sums the input and the bias and passes it through an activation
function f to form the output a. The working of a single neuron can thus be expressed
as:
a = f (wp + b),
(1)
where generally w and p are vectors because of multiple inputs.
Now, the ANN does not exist out of just one neuron, but of a number of n neurons,
each needing inputs, bias, and giving their output. The neurons are organised in layers,
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Figure 5: Representation of a multiple-input neuron in an ANN context [27]
where one layer exists of S neurons which work in parallel. All neurons in this layer
receive the same inputs and their outputs will be the inputs for the following layer. As
such, the expression which characterizes the layer of the ANN becomes:
a = f (Wp + b).

(2)

Note the differences with the single neuron: the outputs a and biases b are now vectors
- a value for each neuron in the layer. The weight vector W is now a weight matrix - a
vector of weights for each neuron. The visual representation of the structure of a layer
can be seen in figure 6.
Generally speaking, a neural network performs better when it has more than one layer
[27]. It becomes more powerful and can solve problems of a higher complexity. We can
distinguish three different types of layers: input, hidden and output layers. The input
layer is the first layer in the ANN structure and receives the external inputs p. It then
passes on its output to the next layer. When the ANN is composed of three or more
layers, the middle ones are often called hidden layers. Neither their input, nor their
output are known states, as their input is a result of the calculation of the input layer or
of another hidden layer. Similarly, their output is used as input for the following layer.
The last layer in the ANN structure is called the output layer as it gives the output of
the network [27]. As such, an output of a network with 3 layers can be written as:
a = f 3 (W3 f 2 (W2 f 1 (W1 p + b1 ) + b2 ) + b3 ),

(3)

where the superscripts correspond to the layer of the multiple-layer ANN.
This basic structure of an ANN is called a feedforward neural network. The input
produces a certain output and the information flows in only one direction. It can therefore
be seen as a function. This type of network usually works well for data classification or
pattern recognition [27]. If the problem that is tried to be solved involves sequential time
steps, it can be useful to incorporate a loop in the structure of the ANN. Doing so, the
output will have an influence on the output of a next iteration. This type of ANN is
called RNN and it is discussed in the next section.
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Figure 6: Representation of a single-layer ANN with multiple inputs [27].
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(a) Representation of a RNN with its input p(t) and temporal output a(t). A
feedback loop feeds the temporal output in for the following iteration [28].

(b) Unfolded representation of a RNN where the different time steps are shown.
The hidden state h(t) is the output from a calculation and is reused as input for
the following iteration. The temporary output a(t) is the arrow pointing upwards
and corresponds to the hidden state after activation by the activation function
a(t) = f (h(t)).

Figure 7: The general RNN structure in folded and unfolded representation.
2.2.1.2

Recurrent neural networks

Feedforward neural networks act like functions, they produce output for a given input, and
they do not have memory nor do they represent any dynamic behavior. In some problems
however, it is necessary to implement a sequence of records and remember previous steps.
This is where RNNs excel [28]. A part of the input of the network consists of the output
of the same network in a previous step [27]. Several types of RNNs exist, each with their
own structure and specification, but the general structure is summarized in figure 7 [29].
Figure 7a shows how the network relates to its input, and how the loop goes from the
output to the input. What is produced as output in time t, is sent back as input to
the network. The output that is sent back is often the calculation of the network before
the final activation function is applied, so that we speak of a hidden state. In figure 7b,
the same scheme is shown but unfolded, showing each step in the iterative process. The
sequence starts with an initial condition h(t = 0) and produces after each calculation an
output a(t) and the hidden state h(t) is carried forward to the next iteration.
It is clear that the network will produce different outputs according to past events.
The network is thus better adapted to solve problems that involve time series [28].
2.2.1.3

Learning

There are two main steps to training of ANNs. First, the structure of the network needs
to be selected. Secondly, the parameters of the chosen structure need to be learned.
The structure and parameters must be optimized so the ANN produces the best results
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possible to the proposed problem. This means that all the internal parameters of the
ANN, the weights and biases need to be set to a certain value that will give the best
results. The ANN is said to be learning as it is adjusting its parameters, alternatively
also called training of the ANN. The training of the ANN can be divided into three main
types of learning: supervised learning, reinforcement learning and unsupervised learning
[27].
Supervised learning In supervised learning, the network is trained with input
data for which the result is known [27]. The data set that will be used for the training
of the ANN consists of both input data and the corresponding output or result. If the
ANN is trained with enough data from the entire possible set of input points, the ANN
is expected to be able to find results also for new data points. The result produced by
the network can be verified and compared to the desired answer to a set of input data.
In the beginning of the training, the answers of the ANN might be far away from the
desired result, but they will get closer and closer as more and more data is given to the
ANN to process [27]. For each couple of computed and desired result, an error function
calculates the error, indicating how far they are from each other. Based on this error, the
parameters of the ANN are updated to give an output closer to the target. If the ANN
sees the same data again, it is expected to do better than before. The updating is usually
done with back-propagation, which follows the gradient of the error from the back of the
ANN (where the error was calculated) to the front (input). Where the gradient of the
error is biggest, the weights should be adapted accordingly [27].
A common pitfall in supervised learning is over-fitting [30]. This happens when the
network sees the same type of data -or literally the same data- too many times and
has become extremely good at recognizing that specific data [30]. It performs really
well at the training data, but poorly on new, previously unprocessed data. Therefore it
is common practice to keep part of the data set apart as a testing data set [30]. The
algorithm should give similarly good results on the training data set as on the testing
data set.
Reinforcement learning Reinforcement learning can be used in cases where the
input and output pairs are not available, but where there is a notion of good or bad
behavior [27]. In the learning process, the output of the network receives a score, and
the learning algorithm’s goal is to increase its scores. The scoring, also called rewarding,
is determined according to a previously established scoring function, which should reflect
the performance and need to be balanced between rewarding and punishing for good and
bad behaviors respectively. The optimization of the network’s output is a more stochastic
process as it is not possible to know which element contributes more to the error in the
final result [31].
Unsupervised learning In unsupervised learning, no teacher tells the algorithm
whether an outcome is good or bad. The network learns by its own and draws certain
features from the data. This type of learning is often used in clustering where the ANN
categorizes the input data [27]. It is usually used on unlabeled data that exists in large
amounts [31]. Through unsupervised learning, algorithms could for example also detect
anomalies in the data-sets.
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2.2.2

Genetic algorithms

GAs are algorithms used for solving optimization problems. They employ evolutionary
processes, similar to these found in nature [32]. Just as ANNs, the origin of GAs is found
in biology and they have proven to be efficient processes in computer sciences [33]. GAs
can find optimal solutions by creating a large pool of organisms, called a population, and
letting them evolve over several generations [34]. Each organism in a population gets
evaluated with a scoring function to test their fitness to the current problem. The worst
scoring organisms of the population are discarded of the group and the remaining better
scoring ones participate in the creation of new organisms of the following generation. To
the biological analogy, the surviving organisms -those who are the fittest- mate to create
new organisms [35]. These new organisms are created by combining the parameters
or genes of one or more of the better scoring organisms, and are also called offspring.
The process of recombining is inspired on the crossing over of genes of -usually- two
organisms [35]. It is possible to mutate some of the parameters of the newly created
organisms, in order to explore new solutions and bring variation in the set of candidates.
When all new organisms of the population are created, their fitness is again evaluated
to make a new generation [32]. This process has the ability to explore a wide variety of
potential solutions, where other optimization algorithms usually have a limiting searching
or optimization space [34].
2.2.3

Artificial neural networks in smart energy homes

In energy management, machine learning has been widely used for scheduling and forecasting of loads and generation. As previously said, ANNs are particularly interesting for
forecasting and working with time series. In article [36], research conducted at the Marche
Polytechnic University, neural networks have been used for the forecasting of loads and
PV generation, for three houses in Marche region in Italy. This one-hour-ahead forecast
were used in a device that, based on the current electricity price, schedules deferrable
loads such as washing machines or unplugging passively consuming devices. The goal was
to make the customer more informed about their energy choices and PV self-consumption
(SC). This was important due to the locally high electricity prices. The proposed strategy
increased the SC by up to 8% and decreased the electricity purchased from the grid by
up to 25%.
In a study carried out at Hanyan University, ANNs were used in combination with
a decision agent, trained through reinforcement learning [37]. The ANN was used for
forecasting of the electricity prices for the coming hours. Based on this forecast, the
multi-agent decision maker could turn on or off certain loads depending on whether they
were shiftable or controllable. The objective of the decision maker is to not only reduce the
electricity costs of the house, but also to keep satisfactory consumption levels (imposed
by the user). The combined algorithm was able to reduce the electricity costs by up to
72.3 % for a 24 h time slot. The higher savings were obtained when the consumer put
lower expectations of meeting certain demand levels. Vice versa, when the consumer put
high demands on consumption, less flexibility could be used for optimizing the electricity
use [37].
RNNs have been used for the control of a battery storage system in an off-grid system
on a small island in article [38]. The RNN is used both for sizing and control of the
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battery storage system, as well as for a selection of the best type for the case study. The
paper is technology agnostic and opens to the possibility of new technological innovation
by keeping the algorithm flexible in its inputs. The battery was complementary to the
intermittent renewable generation sites including wind and PV power. The aim of the
RNN was to reduce the size of the battery as much as possible by optimizing its operation.
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3

Methodology

Two simulations were done with the GA, one for the individual households and one for
the aggregated grid. In the individual analysis, each house is optimized for cost reduction
with its own assets. The aggregated optimization reduces the costs for the grid commonly.
In both simulations, three cases were analyzed, each adding on top of the previous case.
1. In the first case, only the loads in the house were considered. This would be
the yearly price that houses payed before the upgrading to a smarter and energy
independent home.
2. A second case was made, where PV was added on the roof. This brings savings
to the households, as they have to buy less electricity during the day, usually the
moment in which the price for electricity is highest.
3. The third case included the PV, battery and EMS, providing the largest savings in
the energy component of the electricity bill.
The aggregated analysis is presented as a solution in which an external entity, the aggregator, does the optimization for the households jointly. This analysis consisted of running
the same GA, with the summed assets and loads of the 93 houses of the simulated neighborhood.

3.1

Algorithm evaluation

The results of the GA are evaluated for their effectiveness in solving the problem. The
scoring function is the primary indicator for comparison between simulations. However,
to quantify results also other parameters can be analyzed.
3.1.1

Temporal matching metrics

SC occurs when the produced electricity from RES is instantaneously consumed by local
loads [39]. The self-consumed electricity over a period from t0 to t1 is defined as:
ESC =

t1
X

min(PL (ti ), PP V (ti )),

(4)

i=t0

in a system without storage device, as described in [40]. It is defined as:
ESC =

t1
X

min(PL (ti ) + Pbat (ti ), PP V (ti )),

(5)

i=t0

in a system with storage device, analogous [40],
where,
• PL (t) is the load of the system,
• PP V (t) is the generated power by the PV system, and
• Pbat (t) is the power demand from the battery. Pbat (t) > 0 corresponds to charging
and Pbat (t) < 0 corresponds to discharging.
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The self-consumed electricity is needed for the calculation of the SC, which is defined
as:
SC =

ESC
,
EP V

(6)

where,
• EP V is the generated energy by the PV system over a period from t0 to t1 , or
t1
P

PP V (ti ).

i=t0

The SC is expressed in percent and is a measure of to what extent the locally produced
electricity is consumed by the local load. Usually houses with a PV system reach between
20% and 50% of SC, because of rather low loads during the day and high loads at night
[41]. Commercial activities such as offices and supermarkets have higher SC because their
consumption occurs more during generation hours [41].
Another parameter that can be analyzed, and is common in studies involving home
electricity consumption in combination with local electricity production, is the selfsufficiency (SS) [39]. It measures to what extent the need in energy is met by the local
generation:
ESC
,
(7)
SS =
EL
where,
• EL is the electricity consumed by the loads over a period from t0 to t1 , or

t1
P

PL (ti ).

i=t0

In net zero-energy buildings (NZEBs), the electricity generated locally equals the total
consumed on annual basis. Therefore, the SC equals the SS in NZEBs. As in this thesis
the PV system is sized to cover the annual loads of the houses, all are considered NZEBs.
3.1.2

Equivalent full cycles

In this thesis, the battery was considered as linear and battery degradation was not modeled. However, the way a battery is used determines the length of life of the battery [42].
Factors that act upon the degradation of a battery include the operating temperature,
the operating state of charge, the number of cycles and the depth of discharge (DoD) of
these cycles [43]. Degradation leads to reduction in the energy capacity, reduction in the
peak power delivery and increase in energy losses. Eventually, a battery reaches its end
of life and then needs to be replaced, which represents a high cost.
To quantify the number of cycles the battery goes through, the notion of equivalent
full cycles (EFCs) can be used. It is calculated as the total energy that goes through the
battery divided by the total energy capacity. A larger contributor to the degradation of
a battery is the DoD. The deeper the DoD, the higher the degradation of the battery.
As an example, 1 cycle of 100% DoD (1 EFC) shortens the life of the battery more than
10 cycles of only 10% DoD (also 1 EFC) [42]. The field studying battery degradation is
vast, as some degradation mechanisms are not fully understood [43].
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3.1.3

Cost savings

The interest for households in installing the several components of the EMS is measured
through the savings they can obtain with a PV system and the battery respectively. The
cost considered in the analysis is that of the energy component of the electricity bill. No
FiT is considered for the solar electricity injected on the grid. Therefore, the costs related
to each case are calculated as follows:
t1
X

C(ti ) ∗ PL (ti ),

(8)

C(ti ) ∗ max(PL (ti ) − PP V (ti ), 0),

(9)

C(ti ) ∗ max(PL (ti ) + Pbat (ti ) − PP V (ti ), 0).

(10)

Ccase1 =

i=t0

Ccase2 =

t1
X
i=t0

and
Ccase3 =

t1
X
i=t0

Here,
• C(t) is the electricity wholesale power price, and
• Ccase1 , Ccase2 and Ccase3 are the costs over time period t0 to t1 for the respective
cases.

3.2

Genetic algorithm design

For the design of the EMS, the only controllable part of a house’s electricity load is
considered to be the energy that is stored in the battery. The resulting demand profile
from the grid is changed by the EMS as it is charging or discharging the battery. The
charging and discharging cycles are optimized by the GA based on the real-time price.
The GA has been fully written in Python in the scope of this thesis. It creates a
population of organisms, each with a single chromosome. These chromosomes are strings
of values, filled with genes, to its biologic analogy. The end solution of the optimization
problem is a string of hourly values for the charging and discharging of the battery, with
a length of 8760 corresponding to a full year. When the value is positive, it means the
battery is charging, and the demand from the grid is increased or the energy sent to the
grid is decreased. This usually happens when the prices are low or when the generation is
high, respectively. When the value is negative, the battery is discharging its energy: the
energy prices are high. Through evolutionary combination and selection of organisms,
the population evolves and becomes fitter to the pursued solution.
In this work, the year is divided to be solved in 52 separate weeks. This means that
the chromosomes have a length of 168, instead of 8760 if the optimization was to be done
on the entire year as a whole. The advantage of working with shorter chromosomes (compared to e.g. monthly or yearly optimization) is having shorter computation times, and
ease of finding an optimal solution [34]. The computational complexity of the GA grows
with N , the number of organisms in the population, L, the length of the chromosomes,
and G, the number of generations [34]. The population size is a parameter that can be
freely chosen for an evolutionary algorithm, and no strict rules on its dimension exist
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as it varies from one problem to another. The size of the population affects the calculation time, but also the quality of the results [34]. Starting an evolutionary algorithm
with too few initial organisms produces poor results [34]. This is because the number of
initial genes and combination of genes that exist already limits the development of the
optimization from the start [34]. Finally, the GA converges to a local optimum, without
discovering other, maybe better performing sets of genes. So, in order to create and keep
diversity in the population, the population size needs to be increased with the length of
the chromosomes [34]. This would create exponential computing complexity.
In each generation, all the organisms are to be evaluated according to their fitness to
the envisioned solution. A numerical value needs to be attributed for the score comparison
between the organisms of the population [32]. The function that evaluates the proposed
solution is called the scoring function. In this work, the score is based on the costs
incurred by the organism’s solution compared to the scenario with only the PV system.
The score is thus defined as
Ccase2
,
(11)
Ccase3
are the costs related to the respective cases, as defined before in
Score =

where Ccase2 and Ccase3
section 3.1.3.

The GA therefore optimizes the ratio of the base cost over the cost of the proposed
solution. Unfavourable solutions might be generated by the algorithm, such as those
which are physically impossible. Constrained optimization can use a penalty system, in
which improper behavior is identified and penalized. This penalization can make it less
probable for an unacceptable solution to appear in following generations [44]. Here, a
score of 1 is given when a solution goes outside of the boundaries. The following elements
are constraints to the solutions of the GA:
• the state of charge of the battery should not exceed 100% nor be less than 0%,
• the charging power of the battery may not be exceeded (5kW continuous flow [45]),
• the proposed solution must have a lower cost compared to the base scenario.
The score assigned to each organism lies within the interval [1, ∞[.
The number of organisms in the algorithm was chosen to be of 500 individuals. This
number was found through trial and error, for a trade-off between population size and
calculation time. It showed to be providing acceptable results with relatively small computation times. Generation after generation, new individuals are created from two existing organisms. The process in which the individuals are chosen for reproduction is called
parent selection. First, the organisms of a generation are divided into two pools. The first
pool, P1 contains all the well-performing candidates, or those with a score which is > 1.
The second pool, P2 contains the organisms which have a score of 1, meaning they have
provided a solution that is outside the physically possible boundaries. The first parent
is selected by rotation between the 14 P1 best candidates. This means that they have an
equal chance in procreating, maintaining diversity into the following generations. The
second parent is selected randomly from P1 . The organisms of P2 are excluded from the
mating process.
24

Mating between two organisms was done through chromosome crossover. The genes
of the two parents are mixed and combined to create a new chromosome, i.e., the load
for one week. The genes are randomly selected from the first parent, and complemented
by the second parent. The offspring receives twice as much genetic data from the first
parent than from the second. This was chosen because it showed better results. Moreover,
the first parent is expected to be closer to the optimal solution, as on average, the first
parent has a higher score than the second. In order not to lose the best found solution
so far in the optimization, a clone of the best candidate was always kept in the following
generation.
Each organism, before being evaluated by the scoring function, is mutated. This
means that a portion of its genes is slightly changed. This is done to create new solutions
within the population, to improve diversity and to explore new areas within the searching
field. If the probability of mutation of a gene is too high, the algorithm can become a
random search [46]. In [46], several GA works were analyzed and it stated that in most
studies, the mutation probability lied between 0.01 and 0.2. In this study, the mutation
probability was chosen to be of 0.17 (or 1/6). This mutation probability proved to work
in this search because of the slight change in value of a gene a mutation brings. Moreover,
as the population size was similar to the problem size, this assured a constant renewal in
the genes. The mutation occurring to a gene changes its value with a random percentage.
The change always lies within [−10%, 10%] of the original value.
The algorithm is stopped when no improvement has been made in the proposed solution for 10 consecutive generations. These are called stall generations [35].
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4

Data

As future scenarios of electric power systems are being studied, researches are commonly
confronted with a specific issue: the availability of reliable data. Even though smart
meters are nowadays being introduced in more and more homes, these highly valued load
profiles often remain in the hands of DSOs and utilities.

4.1

Load profiles

As written previously, no real load profiles for the studied households were available.
Therefore another way for obtaining this data has been to use the load profile generator (LPG) developed at the TU Chemnitz in partnership with the Bern University of
Applied Sciences [47]. It is a tool that simulates the behavior of energy consumption
in houses, with a set of different appliances, which work during the whole year. A big
set of households with different occupancy rates and varying characteristics can as such
be simulated [47]. In order to simulate the behavior and load profile of a small city or
neighborhood, a settlement was created in the software. The idea is that this settlement
was an approximation of the houses connected to a distribution feeder in a general distribution grid. The houses are of different sizes and are occupied by a variety of different
people. First, the software creates the households, or the profile of the people that will
live in the houses. Therefore, it has a set of pre-made templates such as a couples, singles
or families. To each household category, also an age range was assigned, along with the
occupation of the inhabitants. Some examples are given here:
• family, 2 children, 1 working,
• single woman, with 1 child, unemployed,
• single man, 30-64 years, working,
• couple over 65 years,
• single man, under 30 years, working,
After having created the households that are part of the settlement, the houses themselves need to be determined. Each household needs to be assigned a house that has
certain characteristics with respect to heating and cooling and general energy use of the
house. The houses in the settlement that are simulated include:
• normal house with 15 MWh heating, continuous flow gas heating,
• normal house with 15 MWh heating, and 5 MWh cooling, electric air conditioning,
continuous flow gas heating,
• normal house with 20 MWh heating, continuous flow heat pump,
• normal house with 15 MWh heating, gas heating and hot water storage tank.
The software then generates for each house the electricity load it will have for one
year, on a chosen resolution. In this work, 1 hour has been chosen as time step. In
the sampling process of this load data only templates - already available consumption
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Figure 8: A week of electricity load for a house with heat-pump based heating,
in winter and in summer.
patterns - from the software were used. It can be noted however, that any device could
be added - given its load profile and total consumption. Or any type of person could
be simulated, using certain devices more than others, analysing their habits down to the
smallest details. The LPG is thus modular, and can be used to simulate a specifically
targeted type of household with a specific set of devices (say with a washing machine
but without a dryer or with a hairdryer but without an alarm clock). The results of the
simulations can thus be traced back to each element in the house. This level of detail is,
however, beyond the scope of the thesis. As a result, the templates were used with default
values. The heating and cooling needs of the houses are based on the meteorological data
in the area of Madrid of 2019.
The list of default houses and inhabitants used in this thesis can be found in the
Appendix section A.
4.1.1

Load profile examples

In this section, some of the profiles of the households are presented. For a household
which has a heating system based on heat pumps, a seasonal difference can be identified
clearly in figure 8. Even though consumption peaks can be high in summer, the base
load consumption is significantly higher in winter. This corresponds to the heating of the
home, and an average of 1.5 kW of continuous feed for the heat pump.
As can be seen in figure 9, the LPG software makes a difference between working days
and weekends. It also takes into account special holidays, such as the 1st of January or
Christmas. During the weekdays, a peak can be observed during morning hours and in
the evening. On the other hand, during weekends activity can be observed also during
the day. In this house, Saturday seems to be the busiest day of the week, which could
for example be the running of a washing machine, combined with other home cleaning
activities. In the group of the generated load profiles, there are two houses with a peculiar
profile: the fifth and the tenth smallest payers in the base scenario, as can be seen on figure
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Figure 9: Load profiles of an average weekday, Saturday and Sunday for a
house occupied by a working couple.

Figure 10: Electrical load of the house with the 5th smallest costs in the base
scenario.

12. These two households had a particular load profile, as they had high consumption in
the summer because of an AC installation, and very low to almost no consumption during
other months. In other words, they were most probably summer houses. Moreover, they
were both occupied by a single person. A week during the winter months is shown in
figure 10. The base load was low and consumption spikes occurred during short moments.
Other houses also show fluctuations in demand between seasons, due to electric heating or
cooling needs, but in this example the differences were large. The electricity consumption
of a week in summer was up to 20 times higher than a week in winter. As a result, the
PV system was oversized for most of the time of the year. In winter, there was low
consumption but high generation, meaning the electricity was mostly injected on the
net. As such, the EMS only had a limited effect. For completeness, and because outliers
always exist, they are included in this study.
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4.2

PV generation

Each household in this thesis is provided with a PV system, proportional to their yearly
consumption. Reliable irradiation data is modeled out of satellite imagery [48]. As
such, it is more easily available for research compared to load data. With models of PV
generation, it is possible to generate reliable PV generation data from the irradiation data.
Here, hourly PV production data for 2019 has been taken from the software HOMER
Grid [49]. HOMER Grid evaluates energy systems and performs economic designs, apart
from providing a large database. The generation profile of 2019 was taken for a 1 kWp
system located in Leganés, in the metropolitan area of Madrid. The orientation was
assumed to be south-facing and with a tilt angle of 30°. In one year, the 1 kWp system
produced 1.57 MWh of electricity, which corresponds to a capacity factor of 17.9 %.
This lies within the classical boundaries of a solar PV system: usual values range from
10 to 25 %, depending on, amongst others, the climate, location on Earth, presence of
smog or shadow [50]. This generation data is built based on the irradiation, weather and
temperature data from the year for the chosen location, with the panel model used in the
software. The results included generation and inverter losses.
Since all the households in the analysis of the thesis were located in the same distribution grid, they were considered to be in the same neighborhood, and have the same
irradiation. This means that they all show the same generation peaks on sunny moments
and present no generation after dark. All the parameters, except the capacity, of the
installed PV systems were assumed to be the same for all households.
The capacity of the installed PV was chosen based on the yearly consumption of the
household, such that the yearly PV yield equals the yearly consumption. This results in
the houses being NZEBs, however, the SS might not be 100%. This is due the temporal
mismatch between the load and the PV power production. On average, the households
had a 4.3 kWp system, but this varied from 0.5 kWp to 12.3 kWp. Figure 11 presents
the production of a 1 kWp during a winter and a summer week.

4.3

Battery

The battery in the home system is considered to be the same for all households. The
model is the home battery that is already offered by Tesla under the name Powerwall,
and has a capacity of 14 kWh of storage. The charging and discharging power is 5 kW
for continuous flow and can reach up to 7 kW in peak, in the scope of this thesis, only
the 5 kW limit was considered [45]. The Tesla Powerwall charging and discharging cycles
were simplified to being almost a linear storage device, presenting a round-trip efficiency
of 90%, as stated in [45].

4.4

Day-ahead pricing

As said before, the pricing applied to the households for the optimization of the EMS,
is the Spanish real-time wholesale price. In order to receive the pricing in advance, the
prices that are sent to the customer are the day-ahead prices. In the scope of reducing
the costs of the electricity customers, only the energy component of the energy bill was
considered. The day-ahead prices were found on the website of ENTSO-E which collects
and publishes data on electricity generation, transportation and consumption in Europe
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Figure 11: PV power generation during a winter and a summer week for a 1
kWp installation in Leganés, Madrid.
[51]. It was taken for the year 2019 and considered the prices of the Spanish wholesale
electricity market.
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5

Results

This section shows the results of the GA, first for the optimization done on individual
household’s basis, and then for the aggregated case. For both cases, the SC of the
households and the peak loads in the distribution grid are described, as well as the
associated savings to each case. After the presentation of the optimization results, also
the performance of the GA is presented.

5.1
5.1.1

Individual household optimization
Case 1: Only loads

On average, the 93 houses consumed 6.88 MWh of electricity per year per house. The
smallest consumer consumed 0.82 MWh and the largest 19.37 MWh. They respectively
corresponded to a small house, with a single occupant and with no electric heating; and
a large family house, occupied by 6 people and with a heat pump.
The peak load in the distribution grid in the base case with no PV nor battery, was
160.7 kW. This is a measure of what loads the distribution feeder was designed for. It
is however, only a simulated distribution grid, with generated loads. If the peak load
exceeds the value of the designed line, the safety of the grid might be at risk. In this
case, the circuit breaker in the grid might trip and cut out a part of the grid from any
power supply. The breakers are highly necessary, because otherwise there would be risk
of cables heating up, causing damage to the infrastructure or causing fire [52].
In the base case, the average amount paid for the energy component in the bill was
of e416 per year. The smallest and biggest consumers paid respectively e49 and e1169.
The values for the other houses can be seen in figure 12.

5.1.2

Case 2: Loads and PV

In case 2, only the PV system was added to the houses. The SC of the households was
on average 38.6%. It ranged between 27.3% and 49.5%.
High penetration of PV in a distribution grid might cause grid stability problems,
as the power fed back through the feeder can be higher than what it was designed for
[52]. With the addition of PV generation to the houses, generation peaks occurred in
the grid. Previously, there were only high load peaks, the highest reaching 160.7 kW in
the distribution feeder. In this case, new peaks appear, of PV power production. The
highest generation peak of this reverse flow is 266.6 kW, sent back to the grid.
The average energy cost was e250 per year, or an average reduction of e166 (40%)
compared to case 1. Certain households saved more than others. This depended on the
temporal matching between the PV power and the load of the house. The savings related
to each house and each case analyzed are shown in figure 13. The customers with highest
matching scores saved up to 50%, while the ones with the lowest saved 28%.
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Figure 12: Yearly energy costs for the 93 houses of the simulation and the
average house. The three cases are shown for each house. The average is
highlighted in a different color. Case 1 represents the initial situation without
PV an battery. Case 2 represents the case with PV system. Case 3 adds the
battery and EMS to case 2.
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Figure 13: Yearly energy savings for the 93 houses of the simulation and the
average house. The savings related to case 2 and 3, respective to case 1 are
shown for each house. The average is highlighted in a different color. Case 1
represents the initial situation without PV an battery. Case 2 represents the
case with PV system. Case 3 adds the battery and EMS to case 2.
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Figure 14: Average summed power demand from the 93 households at the distribution feeder’s interconnection point. Case 1 represents the initial situation
without PV an battery. Case 2 represents the case with PV system. Case 3
adds the battery and EMS to case 2.
5.1.3

Case 3: Loads, PV, battery and EMS

The battery system, individually installed behind the meter, increased the SC, as it was
cheaper to utilize the home-generated energy than having to buy it on moments where
there was no production. After implementation of the battery system, the SC reached
an average value of 77%. Among the houses, the SC ranged between 31% and 88%. It
is important to point out that the houses which reached the lower values were again the
same outliers with very distinct consumption profiles (see figure 10). As the SC equals the
SS for NZEBs, and the houses in this thesis are NZEBs, the SC may also be interpreted
as the extent to which the households are independent from the grid.
As regards the power on the grid, the average day for the three cases is shown in figure
14. Case 3 shows that the consumption and generation peaks were reduced, thanks to
the EMS. The highest peaks in consumption on the distribution grid was of 188.4 kW
when the EMS was in place. The highest peaks in generation were of 173.6 kW.
With the EMS and the battery in place, the households were able to further reduce
their energy costs. The average house paid e112 per year. This means a further reduction of e138 from the second case and e304 from the base case. The savings ranged
between 32% and 86% when compared with the base case. The smallest consumer had
the potential of reducing their energy component of the energy bill to as little as e19.
The largest consumer saved e743 yearly. All savings can be seen in figure 13.
To get an idea of how much the batteries were used in the system, the number of
EFCs can be calculated. As discussed in section 3.1.2, the EFC is a measure for the
degradation of the battery [43]. In this analysis, the houses went through an average of
178 EFCs in a one year span, the highest was 297 EFCs and the lowest was only 18 EFCs.
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Figure 15: Example of load shifting with the battery and EMS. The power
demand from the grid for three days is shown. In case 2, higher power peaks
can be observed. Case 3 relieves the grid from these peaks. Case 2 represents
the case with PV system. Case 3 adds the battery and EMS to case 2.
The number of EFCs can give an initial guess of how much energy was cycled through
the battery.
Two examples of the load shifting by the EMS are given in figure 15. The battery
clearly shifts the power to form a smoother profile.

5.2

Aggregated optimization

When an energy aggregator starts managing all the combined assets of the houses, the
electricity assets of the neighborhood can be used more efficiently. In case 2, when
the grid is observed from the aggregator’s perspective, the SC is of 43.5%. This is
slightly higher than the average SC of the houses as seen individually. The SC of the
combined neighborhood was of 81%, 4 percentage points higher than the case in which
the households individually optimize their assets. The maximum peak of generation was
of 237 kW and the maximum load peak was 199 kW.
The costs in case 1 for the entire neighborhood were e38’700 annually. In case 2,
the entire neighborhood paid e23’214. When the optimization was done individually in
case 3, the joint energy costs were of e10’434. Now when the neighborhood’s assets are
all managed by the central aggregator, the energy cost for all the houses combined was
e6’404 per year.

5.3

Genetic algorithm operations

The GA, if working correctly, should be producing better organisms after each generation.
This would mean that it is getting better and better at solving the problem. The well37

Figure 16: Example of the evolution of the maximum, average and minimum
score of the population through the generations of the GA.
performing organisms combine to create a new population that is more fit than the
previous generations. To understand whether the GA is doing this, the evolution of
the scores of the population can be analyzed. Figure 16 shows this evolution through
the generations of the GA. As can be observed, the performance improved when the
population reached maturity. It means that the algorithm leads effectively to an increase
in energy performance of the houses. Note that figure 16 also shows the 10 stalling
generations in which no improvement can be made to the proposed solution. They are
visible in the green line from generation 360 to 370.
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6

Conclusions

In this work, the savings potential of a PV system in combination with a battery and
EMS was estimated. The EMS was simulated with a GA optimization, for a simulated
neighborhood of 93 houses. A comparison was made between cases in which households
had, consecutively, only loads (case 1), loads and a PV system (case 2), loads, a PV
system, a battery and EMS (case 3). Moreover, a comparison was made between an individual and aggregated optimization. In the individual optimization, each house manages
its own assets with its EMS, with no information exchange from the other houses in the
grid. The aggregated optimization however, considered all assets of the houses combined
into one portfolio, managed by a central aggregator.
The GA developed in thesis demonstrates its ability to reduce the energy costs for
consumers. A PV installation brought savings to households, but a battery system showed
further reduction of the electricity bill. The GA showed its ability to react correctly to
price incentives. This means that it is a good solution to an optimization that seeks
to reduce costs, but could also be used to relieve congestion in the grid. Loads were
successfully moved from periods with high consumption to those with high generation.
However, the GA provided only limited extra savings compared to a passive battery3 . If
a case 2.5 (loads + PV + battery) would have been studied, it could have been observed
that the savings associated to a passive battery are 300 e/y on average in case of the
individual optimization. This effect is observed because the batteries used in the thesis
are, on average, too large. The positive impact of the GA is more significant for large
consumers with small batteries. As such, a techno-economic optimisation of the battery
and PV system size considering possible monetary savings would increase the interest of
the GA.
Moreover, the optimization for the neighborhood as a whole, under the aggregated
optimization, presented further benefits. It allowed for further savings for the houses
or could mean a reduction in the number of batteries present in the system. The aggregator could redistribute its savings to the households in exchange for the flexibility
they provide. Moreover, having become a large energy player representing several small
consumers, it might reach an agreement with DSOs or energy suppliers for new tariffs.
This would represent another benefit the aggregator can bring to the consumers. Also for
grid balancing purposes, the DSO could be an ally for the aggregator, who could provide
balancing services.
The savings calculated by the algorithm were of the energy component of the electricity bill only. In reality the absolute value of these savings lies slightly higher, as a
reduction in energy consumption also implies a reduction in the paid taxes. The taxes
on electricity and VAT in Spain are described in [53]. For an absolute saving of e100
on the energy component, there are extra e5.11 of avoided electricity taxes. The VAT
corresponds to 21% of the total and thus adds another e22.07 of savings. This tallies up
to e127.18 of total savings.
However, a battery is an expensive solution compared to the PV installation. The
3

A passive battery is defined here as a battery that charges when an excess of generated PV electricity
is observed, i.e. PP V (ti ) > PL (ti ) and discharges when a lack of generated PV electricity is observed,i.e.
PL (ti ) > PP V (ti )
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cost of a Powerwall in Spain today is e8240 [45]. It comes with a warranty period of 10
years. Considering this period, the EMS should provide savings of at least e824 yearly
on top of the savings brought by the PV system (which also has its cost). This level
of savings was not met by any household of this study. The household with the largest
savings has an additional saving of e242 annually thanks to the EMS - on top of the
savings of the PV system. Considering the avoided taxes, the total maximum savings
of a household is e308. This is not enough to cover the costs of the battery. Moreover,
the calculated savings assumed that there is no financial reward for the energy that is
injected on the grid. A FiT would reduce the savings of the EMS, as now the injected
energy is considered as lost to the households.

6.1

Future work

In this thesis, the systems considered for optimisation were simplified. Other parameters,
could be included in further studies. Among them, there is the possibility of scheduling
loads, as done in [37] or [54]. Loads that can be scheduled add flexibility in the electricity
load and can reduce the size of the needed battery. It relieves the battery use, allows
for a smaller battery and prolongs its life [54]. These deferrable loads can be washing
machines, dishwashers or heating systems. The recently adopted EVs also belong to this
category. Charging of EVs increases the household’s electricity consumption, and this
can induce problems to the grid if several of them charge simultaneously [55]. Therefore,
EV charging is a challenge that needs to be included in further studies describing the
future grids.
Real-time tariffs can incentivise consumers to change their consumption profile. As
described in [5], real-time tariffs could be used for energy costs or transportation costs, or
both simultaneously [5]. This thesis regarded only the energy component, while a further
work might consider both varying tariffs. However, as described before in section 2.1.4,
they can have an opposite effect on one another. Including the grid stability problem
in DR schemes can reduce power peaks. This has the possibility of reducing future
investment costs in the grid.
Calculations were made on an hourly resolution, whereas in fact, fluctuations in load
and generation can occur in shorter durations. DR at a higher time resolution has been
studied in article [56]. It showed that the smaller time-scale, i.e., higher resolution, has
benefits on the grid’s stability, as wind and solar energy are of variable nature. Moreover,
it allowed for savings in operational costs.
A future work will be to develop the ANN, which would handle the real-time operation
of the EMS. The GA developed in this thesis provides the data points that can be used
for training an RNN. This RNN would operate on real-time and historical data to make
a decision for the coming time step.
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Appendix
A

Load profile generation: characteristics

A.1

Houses

The following list contains the chosen template houses which the LPG [47] software uses
for simulating the behavior in electricity consumption.
• HT03: House with a solar thermal system and 300 L storage tank, gas heating
• HT06: Normal house with 15.000 kWh heating, continuous flow gas heating
• HT07: Normal house with 15.000 kWh heating and 5.000 kWh cooling, electric air
conditioning, continuous flow gas heating
• HT08: Normal house with 15.000 kWh heating and 5.000 kWh cooling, continuous
flow electric heat pump
• HT09: Normal house with 20.000 kWh heating, continuous gas heating
• HT10: Normal house with 20.000 kWh heating, 5.000 kWh cooling, electric air
conditioning, continuous flow gas heating
• HT11: Normal house with 20.000 kWh heating, no cooling, continuous flow heat
pump
• HT12: Normal house with 30.000 kWh continuous flow gas heating
• HT13: Normal house with 30.000 kWh continuous flow gas heating and 10.000 kWh
electric cooling
• HT14: Normal house with 5.000 kWh air conditioning, no heating, electric Warm
Water
• HT15: Normal house with 5.000 kWh space heating, continuous flow gas heater
• HT16: Normal house with 20.000 kWh heating, continuous flow heat pump
• HT18: Normal house with 15.000 kWh gas heating and a hot water storage tank
• HT19: normal house with 15.000 kWh heat demand, heat pump with COP3 and
hot water storage tank
• HT20: single family house (no heating/cooling)
41

A.2

Households

The following list contains the chosen template households which the LPG [47] software
uses for simulating the behavior in electricity consumption. Each household was assigned
to a house with characteristics, creating a wide variety of combinations.
• CHR01: Couple both working, under 30
• CHR02: Couple both working, over 30
• CHR03: Family, 1 child, both at work
• CHR04: Couple, 1 at work, 1 at home, 30 - 64 years
• CHR05: Family, 3 children, both with work
• CHR06: Single man, jobless
• CHR07: Single with work
• CHR08: Single woman, 2 children, with work
• CHR09: Single woman, with work, 30 - 64 years
• CHR10: Single man, shift worker, 30 - 64 age
• CHR11: Student, woman
• CHR12: Student, man
• CHR13: Student, with work
• CHR14: Family, 3 adults: 2 at work and senior at home, 30- 64 years
• CHR15: Family: 2 working, 2 children, 2 seniors
• CHR16: Couple, over 65 years
• CHR17: Couple, shift workers
• CHR18: Family, 2 children, parents without work
• CHR19: Couple, both at work, 30 - 64 years
• CHR20: Family, 3 children, one at work, one works home
• CHR21: Couple, shift worker, 30 - 64 years
• CHR22: Couple, 2 children, husband at work
• CHR22: Single woman, 1 child, with work
• CHR23: Single man, over 65 years
• CHR24: Single woman, over 65 years
• CHR25: Single woman, with work, under 30 years
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• CHR26: Single woman, without work, under 30 years
• CHR27: Family, 2 children, parents at work,
• CHR28: Single man, without work, under 30 years
• CHR29: Single man, with work, under 30 years
• CHR32: Couple, without work, under 30 years
• CHR33: Couple, with work, under 30 years
• CHR34: Couple, one at work, one at home, under 30 years
• CHR35: Single woman, with work, 30 - 64 years
• CHR36: Single woman, without work, 30 - 64 years
• CHR37: Single man, with work , 30 - 64 years
• CHR38: Single man, without work, 30 - 64 years
• CHR39: Couple, with work, 30 - 64 years
• CHR40: Couple, without work, 30 - 64 years
• CHR41: Family, 3 children, parents at work
• CHR42: Family, single man, 2 children, with work
• CHR43: Family, single man, 1 child, with work
• CHR44: Family, 2 children, 1 at work, 1 at home
• CHR45: Family, 1 child, 1 at work, 1 at home
• CHR46: Family, single woman, 1 child, without work
• CHR47: Family, single woman, 2 children, without work
• CHR48: Family with 2 children, without work
• CHR49: Family with 1 child, without work
• CHR50: Family, single woman, 3 children, without work
• CHR58: Couple, with work, 30 - 64 years
• CHR63: Family, 2 children, man at work
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