
Master thesis

Department of Computer Science

Strategies for Private Households in the
Smart Grid

Author:
B.Sc. Christian Bischof

Supervisors:
Prof. Dr.-Ing. Jens B. Schmitt
Dipl.-Wirtsch.-Ing. (Informatik)

Mathias Dalheimer

Kaiserslautern
September 23, 2011



Versicherung an Eides Statt

Ich versichere hiermit, dass ich die vorliegende Masterarbeit mit dem Thema
“Strategies for Private Households in the Smart Grid” selbständig verfasst und
keine anderen als die angegebenen Hilfsmittel benutzt habe. Die Stellen, die
anderen Werken dem Wortlaut oder dem Sinn nach entnommen wurden, habe
ich durch die Angabe der Quelle, auch der benutzten Sekundärliteratur, als
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Abstract: This thesis addresses the divergence of today’s static and more
or less homogeneous and slowly but steadily growing power grid in a yet so
heterogeneous, dynamic and rapidly changing world and possible solutions
to this conflict. One of which is the core topic – demand side management.
Power consumption is growing and fossil fuel is being exhausted soon. This
and other reasons force us to think about different ways of energy production
and saving. One way to do this is the usage of regenerative power sources,
where currently a lot of research is done. The problem with some energy
production methods is the production being dependant on external factors.
Especially in case of wind and solar power this would be the weather. An
approach to deal with this circumstance is storing the power and using it
when it is needed, but this can only be accomplished with a quite low degree
of efficiency as storage devices (e.g. batteries) are not (yet) efficient enough.
This leads to a second approach – using energy whenever it is available. How
this can be achieved along with its advantages and disadvantages is described
in this thesis.

4





Contents

Contents

1 Introduction 7
1.1 Demand-side Management . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.2 Project integration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.3 Technical Aspects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.3.1 Power Plants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.3.2 The Power Grid . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
1.3.3 Consumers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

1.4 Why Change? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
1.5 Privacy Issues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
1.6 System Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
1.7 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2 Simulation 30
2.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.2 Usage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.2.1 Configuration Builder . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.2.2 Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.3 Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.3.1 Basic simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.3.2 Expected load . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
2.3.3 Load Adjustment . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

2.4 Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
2.4.1 Basic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
2.4.2 Improved . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.4.3 Knapsack . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
2.4.4 Heuristics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3 Simulation Results 64

4 Conclusion 75

6



1 Introduction

Figure 1: Various types of energy storage systems with their autonomy periods from [39]

1 Introduction

The power grid is changing. For a long time all the needed power was and still is
being produced in a centralized fashion where huge power plants or complexes of power
plants supply with current at different (voltage) levels of the power grid. This power
is transported and transformed throughout the different levels until it is consumed by
various kinds of industries, companies or private households – basically one-way. Now
that the general thoughts drift away from this fixed and centralized design towards a
more flexible and decentralized one, it gets harder to maintain the existing structure. In
this new grid we can find not only a growing number of actors but also a change in their
roles – namely more and more private households use and induce self generated energy.
This is mostly done by means of photovoltaic.

Facing the exhaustion of fossil fuel as well as general ecological and political aspects,
also the traditional producers are pushed towards increasing the usage of regenerative
energy sources like wind, water and solar power etc. As electrical energy is not easily
storable, one of the problems with this type of energy is the rather difficult matching of
the production to the usage time or vice versa (e.g. since there is no switch for turning
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1 Introduction
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Figure 2: Example load curve, showing base, average and peak load for one day as in[52]

on wind, it is only usable when it is actually windy; and if wind energy is available and
no one uses it, it is ”lost”1).
There are basically two (apparently trivial) solutions for this: either storing the energy,
which is a research area with a remarkable progress (e.g. degree of efficiency for batteries,
hydrogen-based, thermal-based[56] or compressed air-based[44] storage systems). Figure
1 shows a brief overview of various energy storage types and their power output as well
as the autonomy period. Furthermore Kaldellis and Zafirakis present, amongst other
things, a table with major characteristics of storage systems which they mentioned in
their paper[39], such as e.g. service period or power efficiency. In addition to this Ibrahim
et al.[38] and Carrasco et al.[8] give more detailed descriptions of possible energy storage
systems.

The other solution is moving the usage of energy from high energy usage time slots to
high energy availability time slots. This means trying not to use devices whenever energy
is short but to use them when more energy than used is available, instead. This is our
approach and the topic of my thesis.

1in case it is not needed, it is actually not even produced; but the potential can be seen as lost
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1 Introduction

Figure 3: Selected load management actions as mentioned in [35]

1.1 Demand-side Management

“Demand-side management (DSM) is the planning and implementation of those electric
utility activities designed to influence customer uses of electricity in ways that will pro-
duce desired changes in the utility’s load shape.”[35]
In his paper, Gellings describes the need and function of DSM. He extends the formerly
mentioned sentence by “i.e. changes in time pattern and magnitude of a utility’s load”
– thus the load curve’s shape. An example load curve can be found in figure 2. It shows
three parts: the first two are the base load (Grundlast) which represents the minimal,
steady load throughout the whole day and the average load (Mittellast), the expected
load for a given day exceeding the base load. Both of them are fairly easy to plan.
At last the peak load (Spitzenlast) shows the load exceeding the average load, which is
highly dependant on the given day and therefore it is very hard to readjust. Often it is
done minutes or seconds in advance. Each of those loads is served by according types
of power plants (this is an economically reasonable allocation) – base, average and peak
load power plants.
Amongst others, Gellings mentions load management and costumer generation as im-
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1 Introduction

portant points to achieve those changes in the utility’s load. While customer generation
plays an important role in the myPowerGrid project of Fraunhofer-Institut für Techno-
und Wirtschaftsmathematik, my thesis focuses on load management hence the consumer’s
device usage coordination in order to reshape the load curve. Figure 3 shows possible
scenarios how the load curve can be changed:

• Peak clipping focuses on reducing (the highest) parts of the daily load.

• Valley filling tries to fill the “valleys” in the load curve.

• Load shifting is a combination of both and tries to shift load from (usually high)
parts of the load curve to the “valleys”.

The idea of this thesis is to find good strategies for private households to coordinate the
consumer’s device usage in order to implement the ideas of peak clipping and especially
load shifting. It evolved from another project called mySmartGrid. Some additional
ideas about benefits and challenges that come along with DSM can be found in Strbac’s
work[49].

1.2 Project integration

The research institute Fraunhofer-Institut für Techno- und Wirtschaftsmathematik[29] in
Kaiserslautern has initiated a project called mySmartGrid[12, 30]. It is subsidized by the
German government and the state of Rhineland-Palatinate via Konjunkturprogramm II.
The project uses an almost completely open-source, easy to install and use infrastructure
that helps private households to keep track of their energy consumption and thereby
reduce the same. It basically consists of a measuring device called Flukso[23] that is
attached to the main power line in the fuse box. This device meters the live power
consumption and sends the data via WLAN to a router which again transfers it to
the mySmartGrid web server in order to be visualized by an user’s web browser. A
second WLAN device called Chumby[9] also polls this data and is able to visualize the
power consumption in a user friendly as described in [27], which also contributes to the
project. The integration of suggestions to “move” the runtimes of certain devices onto
more meaningful time slots is based on this thesis. A very easy and understandable
approach would be to move runtimes to time slots with a low energy tariff. More
complex approaches are possible which will be seen later on in the text. All this can
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1 Introduction

be supported by a wireless bus system that can control devices by switching them on
or off automatically, by user interaction or based on some other plan. For this reason
HexaBus2 [12] is being developed for mySmartGrid. This prototype is a 6LoWPAN[43]-
based micro controller that sends UDP packages to trigger relays and hence turn e.g.
devices or power sockets on or off.

The project is divided into three phases. Phase one includes the first mentioned device
Flukso. It is installed in test households mainly in the area of Kaiserslautern which
have access to the mySmartGrid website in order to visualize and compare their power
consumption values in a web browser. The data stored on the web server is being
cumulated over time; for the first hour the metered values are accessible in a resolution
of one minute, the values of the last 24 hours are available in a 5-minute resolution
and then over time in a 15-minute, one-day or one-week resolution. It can be plotted
as a graph and thus can help consumers to understand their consumption habits and
may lead to a better awareness of the like. This effect is emphasised by the Chumby
which steadily provides information about the current power consumption visually and,
if wanted, possibly audibly.

Phase two is controlling the devices in households. For example it usually does not
matter if the dishwasher runs in the morning or in the evening; or the freezer can run
and cool down whenever “too much” energy is available, and by this save energy later.
A pond pump might as well run whenever – potentially otherwise unused – renewable
energy is available. This is where my thesis supports this project.
The devices can be controlled (automatically or manually) by the Chumby and commu-
nication is done via the previously mentioned HexaBus.

In a third phase the households can incorporate in the form of a virtual consumer in
order to use their potential of regulation to negotiate special conditions with the network
operator.

1.3 Technical Aspects

Before we finally enter the actual topic, it is necessary to get a better understanding of
the technical aspects of the power grid.

2HexaBus evolved from OctoBus
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1 Introduction

The traditional producers use their power plants to operate generators to produce energy
by transforming various kinds of primary energy to electricity. The following sections
describe some types of power plants and their functionality as well as the transportation
to diverse consumers.

1.3.1 Power Plants

This section gives an overview of different power plant types with their degrees of ef-
ficiency and typical usage. This information, if not marked otherwise, is from and is
explained in more detail in Elektroenergiesysteme[45].

Steam Power Plants

This type of power plant consists basically of a boiler in which water is heated (usually
up to 560◦ C) and the steam is driving a generator with a pressure of about 370 bar.
When the steam exits the generator it is cooled down and the pressure is lowered in
a condenser. The result is (liquid) water that passes a pump so that the pressure is
increasing again and is led into the boiler where the process begins from the start.
This is basically the same process for a lot of types of power plants. In Germany that
are namely lignite with 25%, anthracite with 18%, natural gas with 13%3 and mineral
oil with 2% of the overall energy production of about 594 TWh in Germany in 2009 [33].
Depending on the primary energy source there are some more steps to be done before
or after the combustion process, e.g. desulfurization of oil or gas.
The degree of efficiency is – under today’s conditions – at most 44% and in average
38%.

Nuclear Power Plants

The next type of power plant works very similar but is usually distinguished from the
classical steam power plants – the nuclear power plant. The nuclear energy is used
to heat up an coolant4 which is again used to produce steam in a secondary circuit5.

3but natural gas is mostly used in turbine or combined gas-steam power plants
4gas, water or metal
5water, as in the classic steam power plants
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1 Introduction

Nuclear power plants produce 23% of the overall energy production mentioned above
and have a degree of efficiency of about 30%6.

The group of steam (and nuclear) power plants have a very long start-up and turn-off
time since they need the right pressure and temperature of all the involved materials to
function properly. For example a coal power plant needs some hours start-up time, a
nuclear power plant some days. The relatively cheap primary energy costs and the long
amortization time due to the very high construction costs (high pressure, high security
standards) are the reasons why they usually run at all times at almost maximum power7

as base load power plants.

Turbine Power Plants

Turbine power plants are distinguished between closed and open ones depending on
whether the used gas mixture is used again or not8.
Turbine power plants use a compressor to densify air, which is mixed with natural gas
and then burned. This causes the gas mixture to expand and drive the generator.
The degree of efficiency is at maximum 60% but if it is not fully utilized it is much less.
The construction costs are relatively low and the start-up times are short which is why
they are usually used as peak load power plants.

Combined Gas-Steam Power Plants

The combined gas-steam power plant is a combination of the previously explained steam
power plant and the turbine power plant. The exhaust gas of the combustion process
in the turbine is used to produce steam in the boiler9. With this approach a degree of
efficiency of up to 60% is feasible and they are used as base load or average load power
plants.

6note that the production costs of the primary energy carrier are relatively low and there is no CO2

accruement
7some capacity has to be saved in order to stabilize the power grid when necessary (controlling energy)
8in case it is, a cooling system is needed in addition to the following configuration
9either by directly heating with the 600◦ C hot exhaust gas or using it as pre-heated combustion air
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Cogeneration Plants

Cogeneration plants are basically plants with focus on heat production (for community
heating or industry). In order to extend the yield of the primary energy, back pressure
turbines are used to additionally produce electric energy. This allows a (combined) de-
gree of efficiency of 70 to 90%. The start-up and turn-off times depend on the underlying
heat production plant.
Small versions of cogeneration plants are more and more used in private households.

This concludes the “classical” power plant types and leads to the production of renewable
energy which constituted 16% of the overall energy production in Germany in 2009.

Hydro-electric Power Plants

Hydro-electric power plants are divided into many subtypes: run-of-river power stations,
storage power stations and pumped storage power stations as well as tidal power stations,
wave power stations and other rather rare types.

Run-of-river power stations steadily produce electricity by transforming the potential
energy of water in a river. These power stations are usually used as base load power
plants but can also act as peak load power plants as they are quickly adjustable. The
drop height is between 1 and 15 meters.

Storage power stations use some kind of storage (e.g. reservoir) to collect and store
water. This water is lead through pipes where it drives turbines and then is released at
a lower level (e.g. into a river). This mostly requires major restructuring measures in the
given environment and is suited to contribute to base and peak load. The drop height
is, depending on the pressure classification, more than 15 or more than 50 meters.

Pumped storage power stations work exactly in the same way but in times of low energy
consumption the water is pumped back to the storage. This and the start-up time of
less than a minute makes it possible to use this kind of power plant as a peak load
power plant as well. Further more it is not necessarily relying on a (maybe varying)
natural feed of the water storage. The degree of efficiency is depending on many factors,
but to name an example: One of Europe’s largest power stations Vianden[46] at the
German-Luxembourgian border achieves up to 75%.
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Tidal power stations are a specialization of sea flow power stations which use the kinetic
energy of the sea current. The flowing water drives turbines which produce electric
energy. In case of general sea flow power stations it is unidirectional, in case of tidal
power stations bidirectional (for low tide and high tide).

To show another very different approach of power generating devices, we take a look
at wave power stations which consist of many modules that use the relative movement
between each two of them to generate electricity.

The start-up and turn-off times of the hydro-electric power plants vary and often depend
on the local environment. For example it is rather easy to regulate some of those by
having a weir which controls the water level and hence the water flow through the
turbines. In case of sea flow power stations the turbine has to be stopped and lift out
of the water, which takes more time.

Wind Power / Windmills

Wind energy is produced in windmills by wind driving a turbine. Start-up and turn-off
times are low but nowadays they have to fulfill some regulations as e.g. grid stability
support. That means in case of a fault in the energy grid, windmills have to react to
the situation and help stabilizing it. Windmills support, depending on the weather, the
base load power plants and may even force them to reduce their production due to the
obligation to collect wind power whenever possible as written in ”Gesetz für den Vorrang
Erneuerbarer Energien (Erneuerbarer Energien Gesetz - EEG)”[7] in §8 (and §21).
Wind power is, with 6.4% of the overall energy production in Germany in 2009, the
largest group of renewable energy being used.

Solar Power

Solar power is distinguished between direct and indirect usage. The electromagnetic
radiation10 of the direct solar power is used to “create” electron-hole pairs in solar cells.
The electrons and the holes respectively are collected via electrodes which creates a DC
voltage between those. This voltage can transport electricity though a connected device
and has a degree of efficiency of – at best circumstances – 7 to 17%. This number drops

10solar radiation could – under absolutely perfect conditions – be used to generate 1011 MW; unfortu-
nately we can only use a very small fraction of it

15



1 Introduction

rapidly if the temperature in the solar cells rises11. Start-up and turn-off times are low.
The concept of indirect usage is quite trivial. Basically a lot of mirrors direct the sun-
light towards a single point, which causes a extremely high temperature at this point.
This is used to heat water and the rest of the setup is pretty similar to a steam power
plant which is why the start-up and turn-off times behave similar as well.

The last two energy types have one huge disadvantage: they are totally dependent on
the weather, which cannot be controlled. And especially those energy types should be
fully used whenever possible. It will be shown why this is a problem in chapter 1.4.

Biomass Power Plant

Biomass power plants are basically steam power plants (or cogeneration plants) but
instead of fossil primary energy sources they use renewable (local) energy sources. For
this, a large variety of substances can be used: e.g. wood, straw, rape oil, biogas from
anaerobic fermentation of liquid manure, etc. This material is used in the combustion
process to heat the boiler.

Geothermal Power Station

This power generation process uses thermal power from deep under ground to heat up
organic fluids (e.g. propane) that drive a generator. The degree of efficiency is between
10 and 20%, but the circulating pump uses up a lot of this energy. Furthermore it is
really expensive to drill to a sufficient depth so that this approach is usually restricted
to thermal active places.
Ronald DiPippo explains in his book Geothermal Power Plants[19] some more ap-
proaches to produce power, such as e.g. geopressure or magma energy.
Similar effects can be used in oceanic regions with easy access to hot and cold water.
The hot water boils e.g. propane which drives a generator and is cooled down with the
cold water until it can be reused. The start-up and turn-off times are lower than in
steam power plants since pressure and temperature are much lower.

110.5% each degree Kelvin
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Additional notes

Some of the thermal power plant types have additional requirements regarding minimal
up times and down times. For example a nuclear power plant needs 15-24 hours minimal
up-/downtime whereas a coal power plant needs 6-15 hours. That means accurate and
long-term planning is required in case one of these power plants needs to go offline and
so it is not possible to use them as peak load power plants at all.

1.3.2 The Power Grid

If one learns about electricity for the first time it is usually explained as water that runs
in pipes, which represent the cables. The thing that makes the water flow is a pump,
which would be the generator. That is fairly right and usually does the job. But if
we take a closer look at this model we detect some major differences[12]. Unlike water,
electricity is not storable at this scale (e.g. in some kind of a reservoir) and has to
be “created” as it is “consumed”12, which means that the power plants always have to
adjust to the very current consumption. This can be achieved by monitoring the power
line frequency, since a raise in energy consumption lowers it and a lowering raises it.
In order to organize the daily production it is being distinguished between the three
earlier mentioned types of power plants – base, average and peak load. Base load power
plants are used to cover the minimal energy usage throughout the day and the production
is planned months or even years ahead. Since this is the lowest and steadiest level of
energy needed, the base load power plants can be optimized in order to deliver this
amount of energy at an (economically) optimal level.
The next category are the average load power plants which cover the energy usage
exceeding the base load according to the expected usage of the day. These are the power
plants that can be switched on or off within minutes and that have a rather good to
medium degree of efficiency if operated under part load13.
Since consumption differs from day to day, there are differences between planning and
actual usage. This is somehow predictable but with a small uncertainty, it needs to be
checked continuously and is covered by the peak load power plants. They can be turned
on or off within a few minutes or even less than a minute and hence can be used to react

12actually a voltage difference is created that makes the current circulate hence it is not really used up,
but as in a colloquial manner this process is called producing and consuming energy, I stick to that
expression as well

13the important factors here are costs per unit and access time
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on raising or falling demand in a very short time.

Another difference to the water model is the structure of the power grid. Schwab explains
it in “Elektroenergiesysteme”[45] as divided into extra-high (transmission systems), high
(subtransmission systems), medium (primary and secondary distribution systems) and
low (low-voltage distribution systems) voltage grids14.
The extra-high voltage (220 kV, 380 kV) grid (cf. figure 4) is used to transmit energy
over long distances by point-to-point mediums (unidirectional) and within or between
control areas by an actual grid (multi-directional). Latter is important in case of damage
control; as one node usually has at least two connections, one of those can still be used
in case of the other one failing.
High voltage (110 kV) grids are used in control areas to transmit energy from the extra-
high voltage grids to energy distributors or to special customers (as e.g. chemical in-
dustry). There are two modes: a grid (multi-directional) to transport the energy and a
radial system (unidirectional) to distribute the energy to supply areas.
In case of point-to-point connections with more than 1,000 km length, DC overhead lines
are used. The reasons are lower transportation costs and no stability problems.
Medium voltage (10 - 30 kV) grids transport the energy within a supply area to local
distribution systems (e.g. villages or business parks) and finally to buildings within the
local distribution areas in low voltage (235 V, 400 V, 690 V) grids.
Between each level are transformer stations that transform the electric voltage from the
higher voltage to the lower. This leads to a problem which will be shown in section
1.4.

Finally there are a lot of actors involved in the power distribution process. The variety
goes from the four big players 50hertz, amprion, EnBW and TenneT that operate the
extra-high and high voltage grids to the many smaller (regional or local) companies15

that operate the medium and low voltage grids. All of those network operators buy and
sell their energy at a central market16. This very fact makes the power grid extremely
complex and the usage of renewable energy is yet another challenge (cf. section 1.4) for
this slowly grown and, despite all the complexity, still very fixed structure.

14one grid consists of all connected mediums with the same voltage
15municipal and other utilities
16European Energy Exchange (EEX)
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Type Energy usage in PJ

Industry 2,645
Transportation 2,575
Households 2,502
Business, Trading, Service 1,404

Table 1: Distribution of usable energy from a total of 14,280 PJ primary energy usage
in Germany in 2008

1.3.3 Consumers

Other entities of the power grid are the consumers. Ordered by access to the grid
levels, the first are the large industry companies (special customers, served from the
high voltage grid because of their need of huge amounts of energy) as e.g. chemical and
aluminum industry, businesses or business parks (served from the medium voltage grids)
and finally the private households (served from the low voltage grids). Table 1 shows
the distribution of the usable energy amongst the groups. Since industry companies
and other businesses that need a lot of electrical energy already optimized their energy
consumption17, the focus group of this thesis are the private households, where we see a
quite large potential of saving energy and which from now on the expression “consumers”
refers to.
As already adumbrated before, the consumers increasingly induce energy into the low
voltage grid. This is not only tolerated but supported by law, yet it is forbidden in some
areas. This might sound contradictory but it actually makes sense as we will see in the
next section (section 1.4) – why change the power grid?

17e.g. by using the energy when it is available (and cheap)
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1.4 Why Change?

Nowadays we know fossil energy is about to be exhausted (or extremely hard to exploit)
soon and recent events taught us that nuclear energy is not a very save power source
either. This raises the need of alternative, regenerative energy sources, some of which are
mentioned in section 1.3.1. As water energy is used for quite some time now, others as
wind, biomass, and garbage started to be noticeably used during the 1990’s; followed by
solar energy (photovoltaic) in the mid 2000’s [33]. Since then the production of renewable
energy has been growing steadily (as we can see in [33] and as [14] implies); not only in
a large scale fashion (energy producers) but also through private households (above all:
photovoltaic). To encourage people to produce (more) own renewable energy18, and by
that reduce the needed energy from the public power grid (which is dominated by fossil
energy), the government supports several modifications of or acquisitions for households
(cf. EEG[7] or website of BAFA[32]). This also includes subsidies[13], other financial
support (e.g. by the credit institution KfW[31]) or the assurance[7] that the network
operators purchase the excessive energy produced by households.
The feed of electric energy from private households is wanted, but as mentioned in section
1.3.3, sometimes forbidden. This is mostly the case in smaller villages where the low
voltage grid is too weak to carry all the additional energy. This effect is caused and
enforced by the fact that the transformer stations only transform in one direction hence
the excessive energy stays in the low voltage grid and the conductors may overload and
get damaged.

Table 2 and figure 5 show the overall installed power in MW of the regarded facilities
in EEG[7] in Germany in 2009. A steady growth of the usage of renewable energies is
needed in order to reach the goal of covering at least 30% of the total electric energy
supply with renewables by 2020[7, §1 (2)].
Along with the renewable energy comes the aspect of variability. The production of
water energy is mostly controllable whereas weather dependant energy sources as wind
and solar power are highly fluctuating and are not reliably predictable. As we have
seen in section 1.3.1 it is physically not possible to arbitrarily control certain types of
power plants and especially not if economical aspects are important as well. From the
economical point of view it is better to not use renewable energy sources, because they
are quite expensive compared to the base load power plants[54, 48, 47] and less reliable.
But as the need of a change arises and also the law dictates it, the network operators
have to use the energy provided by facilities regarded in EEG[7]. This does not only

18and also to use less energy in general
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2003 2004 2005 2006 2007 2008 2009

Solar 435 1,105 2,056 2,899 4,170 6,120 9,914
Biomass 903 1,292 1,850 2,639 3,290 3,836 4,102
Water 1,049 1,103 1,156 1,211 1,260 1,270 1,340
Gas 502 589 613 632 647 638 641
Geothermal 0 0,2 0,2 0,2 3 3 8
Wind 14,381 16,419 18,248 20,747 22,116 22,794 25,350

Sum 17,270 20,508 23,923 27,855 31,486 34,661 41,355
Growth compared - 19% 17% 16% 13% 10% 19%
to preceding year

Table 2: Installed power in MW of the regarded facilities in EEG[7] from EEG-
Statistikbericht 2009[6]

cause peak and average load power plants being substituted, but also base load power
plants. Which leads back to the technical point of view, because especially base load
power plants can only react very slowly to a deviation from the predicted to the actual
availability of renewables.
Hence a change in the energy generation implies a change in the handling of energy and
thus a change in the power grid.

One possibility to face this issue is to (efficiently) store the energy e.g. in pumped storage
power stations, batteries (decentralized, as for example in electric cars or centralized by
stationary systems) or any other way. Therefore being able to actually use available/po-
tential energy and reduce the impact of prediction errors. This is not topic of this thesis
but more information can be found in the references mentioned above. Another pos-
sibility is to perform demand side management in order to “move” periods of higher
energy consumption to times where more (renewable) energy is available than needed.
This would lead to a better exploitation of the renewable energy and potentially less
and/or smaller current peaks which again would be cheaper because peaks are otherwise
covered by extremely expensive19 peak load power plants.

Changing the consumption behavior can be supported by using different measuring de-
vices20 – smart meters – which are able to distinguish between various tariffs and to
measure the energy consumption in a very detailed manner.

19compared to base load power plants
20even though this is not the (only) reason to introduce those devices
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Figure 5: Installed power in MW of the regarded facilities in EEG[7] from EEG-
Statistikbericht 2009[6]
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Figure 6: Simulated load curve, showing an exemplary household

23



1 Introduction

1.5 Privacy Issues

With the introduction of those smart meters privacy became another issue in the new
grid. Metering point operators have the ability to check the meter reading of every
single private household as well as potentially set tariffs (e.g. night tariff, which could
be cheaper than the regular tariff), which thereby enables new opportunities in pricing
and marketing. Another example is the possibility to react on the currently measured
actual consumption. For those reasons they would like to have a relatively high resolution
(e.g. fifteen minute intervals) of transmissions of user data – the meter reading – and
especially this is a major point of intrusion in peoples’ privacy. With some experience one
can extract peoples behavior from this data. As an example figure 6 was added, which
shows the simulated load curve of an fictitious household in a one minute resolution
of one day. With a little background data a third person could tell what the owner
of the shown “household” did during the day. For example 1 is the hourly cooling of
the refrigerator and the freezer. 2 indicates the usage of a coffee machine, 3 a vacuum
cleaner, 4 a stove, 5 a computer and 6 a TV (simultaneous to the computer). Since real
live data would look a little different due to very device specific energy signatures, it
would be easy to identify devices and times and duration of usage if enough data was
collected. Even if the resolution of the chart was 5 minutes or 15 minutes, it would
be accurate enough to find daily routines. Despite the fact that this data is private,
it would – to give a rather extreme example – very much simplify a burglar’s robbery
planning in case one gets this data.
Even though all this data is (very) interesting for house or flat owners to track their
energy consumption and react on too high (or low) power usage, it is not really needed
for the mentioned applications. Since modern smart meters have more than one counter
register, they could count the energy consumption for different tariffs in different registers
which again can be queried (e.g. monthly or yearly) by the metering point operators
in order to calculate the charges. This does not require a high frequent transmission of
data, whereas data that is only meaningful if transmitted in high frequency (for planning
or reacting on current consumption) does not need to be personalized.
Efthymiou et al. describe an escrow based approach to assure peoples’ privacy in their
paper “Smart Grid Privacy via Anonymization of Smart Metering Data”[22]. It uses
two IDs in order to transmit the metering data. One that is identifiable by the network
operator: LFID (for low-frequency metering data, e.g. used for billing) and one that is
not: HFID (for high-frequency metering data, e.g. usage patterns). This is only one
approach and others can be found (e.g. NALM[36] techniques – non-intrusive appliance
load monitoring).
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1.6 System Structure

Focus of this thesis is demand side management. There are basically two types of man-
agement to be considered – centralized or decentralized. Both approaches have assets
and drawbacks as explained below:
A centralized architecture that allows a perfect solution would rely on a lot of sensi-
ble data as e.g. estimated energy production, administered households along with the
planned runtimes of all managed devices and access to those. This requires an external
centralized entity to be in total control of the managed (local) devices and a durable
connection to those; despite the fact that this requires a lot of resources, probably no-
body wants that.
Since every household wants and should have control over their own devices, this cen-
tralized entity could make runtime suggestions using a user interface. This way control
would be in households’ hands but that does not solve the other issues.
A third centralized solution would be sort of a ticket system. An entity would have
to know the potential amount of available/producible (and fitting21) energy in order to
serve registered households with time slots for their requests. This could be managed by
“starting” a device, which sends a request along with the needed wattage and runtime
and then runs in the assigned time slot. If no such time slot is available during the
requested time span, the least worst option could be used.

A decentralized solution could be initialized by the network operator by sending an esti-
mated demand set for the following day. This information could be used by households
to organize their devices’ runtimes. There are again many possible ways to do so. Three
of them are explained here:

• Open approach: All households communicate with each other to negotiate their
devices’ runtimes in a way that the demand set is fulfilled. This would lead to
the same, or even worse, privacy issue as in the centralized approach and a huge
communication overhead. To face this problem a partially open approach can be
used.

• Partially open approach: The households are organized in smaller cells. De-
pending on their average consumption, part demand sets are generated. This way
the information stays amongst a smaller group of people22 and hence reduces com-

21i.e. renewable energy
22that doesn’t solve the problem of sensible data being shared in the first place

25



1 Introduction

munication overhead; all that by (only) the cost of loosing some play in moving
potential. Preferably all households in one cell should have about the same power
consumption, otherwise it would be hard to create or use the part demand sets.
This approach reminds a little of the idea of microgrids described in Management
of Microgrids in Market Environment[37] of Hatziargyriou et al. The authors de-
scribe a scenario in which a group of e.g. households organize their own power
production and consumption in cells – microgrids. This involves more than just
planning the power consumption but the structure would be quite similar23.

• Closed approach: Every household gets a demand set (this could be the same
for every household or the same for every household in a “cell”) and can adjust
its energy consumption according to it, knowing full well that others try to fulfill
the same demand set. This approach keeps sensitive data within the households
and has almost no communication overhead (only the daily transfer of the demand
sets). However it may require a fine tuned diffusion process and is defective.

In addition to the communication overhead and information flow there is the aspect of
stability. In most of the approaches we need some kind of structuring to organize the
membership to the cells or coordination entity. In reverse that means any change, as
e.g. an additional consumer or a consumer moving away, could cause regrouping the
households and therefore may result in an instability of the structure. This effect is
minimal in the decentralized closed approach (that may or may not be organized
in cells) and along with the absence of communication overhead and privacy issues, this
seemed to be a good choice to implement.

1.7 Related Work

The concept of Smart Grids is not well known in public yet. A study conducted by
Forsa[25] in Germany in May 2010 shows 91% of 1,027 people never heard the term
“Smart Meter” before and 6% think they know what it is; out of which 48% actually
do. Yet, if the term “intelligent electric meter” is used, 52% never heard about “Smart
Meters” and another 34% only heard about the term once or twice. This might allow
concluding that roughly 14% of all people in Germany know what a Smart Meter is.
However, after a brief explanation, 72% of all people could imagine using one.

23except they use an internal coordinator, not an external one like a network operator

26



1 Introduction

If interested, these numbers can also be found in and supported by several diagrams
listed on the statista website[55] (using the search term “smart meter”).

In science on the other hand this is a quite known topic and active topic. A lot of research
is done in many directions using many concepts. This section aims at showing some of
those. Information regarding the development of electricity networks in Europe and
SmartGrids can be found on the web page of “European Commission, SmartGrids”[10].
As already mentioned, Gellings introduced his idea of “The Concept of Demand-Side
Management for Electric Utilities”[35] which covers the foundation of the idea behind
the simulation – how can the power grid and all players be adapted in such a way that
the load curve can be reshaped in a more “convenient” way and the producers’ as well
as the consumers’ expectations are fit.
One attempt similar to the one already introduced is called “Energiebutler”[2] from
“MVV Energie AG”. The idea is described as followed:

“We provided our test customers with a tariff that varies during the day. This way the
customer was able to save money if energy was used during cheap hours. Energiebutler
supported him/her by turning on devices with a high consumption like tumblers and
cooling devices only when energy was cheap.”

In 2008 MVV provided 20 customers in the area of Mannheim with price lists for the
next day using an internet connection. The main controller calculated an optimized plan
for running the devices and sent wireless signals to switches that turned on the devices.
In their test they used washers, tumblers, dish washers, refrigerators and freezers. Not
may results are published but one graph (cf. figure 7) shows two curves one of which
looks like a regular load curve (blue) and the other one is the load curve of the test
customers (yellow). Hence the red area is the amount of energy that can be moved to
the green areas by using the “Energiebutler”. This smoothes the load curve by clipping
the peaks, allowing for better predictions.

Akkermans et al. describe their concept of “Homebots” in the paper “Homebots: Intelli-
gent Decentralized Services for Energy Management“[3] from 1996. They are intelligent
agents which manage the power management and “would lead: (i) for the utility, to
a better utilization of the power grid as a result of reduction of peak (valley) loads of
the power net; and (ii) for the customer, to a minimization of the overall energy cost,
while maintaining a specified (individual) comfort level.” Key point is the ability to
communicate between utility and the customer. Akkermans et al. see the homebots as
individual players within a household, each with own (potentially) conflicting goals. Asa
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Figure 7: Average load curve of the “Energiebutler” test customers, MVV webpage[2]
from section “Praxistest”

whole they should follow global constraints which are highly influenced by the customer’s
“comfort level” and other demands. In their simulation they regard mainly heaters and
boilers which each has an agent that can place bids in order to run.

In his thesis[51], Többer tried to create a load curve for some devices in a single private
household. Therefore he modeled device classes and according devices in order to sim-
ulate their usage for a day. Többer examined his power usage, identified three devices
and tried to model them for the simulation. The graph in figure 8 shows the results: on
the x-axis we can see the time and on the y-axis the wattage; the black line shows the
simulated consumption and the grey line shows the real one. This is similar to one part
of what I needed, but it is too limited for my use. It seems to focus on a (very) small
group of devices with a high level of accuracy regarding its energy characteristics.

For my thesis I need an environment that is very flexible regarding the composition
and divergence of households and their devices’ presence and runtimes. This has to be
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Figure 8: Load curve of a refrigerator and two freezers as shown from his thesis on
Többer’s website[51]

sufficiently detailed to reflect the actual situation, but also not too detailed (amongst
other things for efficiency reasons). Furthermore it needs to simulate a simplified power
grid in order to transport energy and information and also to support with information
about production forecasts and load curve modifications as well as with strategies for
households to process them. This led to the decision to build a new simulation which
supports all my requirements.
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2 Simulation

In section 1.6 I chose to implement the decentralized close approach of a demand side
management aware system. Regarding complexity and extensiveness of entities, con-
straints and data involved in addition to possible variations, I decided to implement a
simulation covering all the important facts. Along this chapter all data sources taken
into account are explained, where no such data was available plausible assumptions were
made.

The smart grid simulation (SGS) is a C++ application that simulates a simplified power
grid. Basically it consists of a single power line (in contrast to the numerous grids
mentioned before) with attached households and producers. In each time step each
household’s wattage is “measured”, combined with all other households and saved in a
result file. In the beginning of each day the producer uses “forecasts” in order to pre-
dict the availability of renewables, adjusts the production of conventional power plants,
calculates an adjustment plan and sends it to the households. These react to the adjust-
ment plans by rearranging device usage. This again needs a strategy and even if one is
available, it is not always possible or wanted. With this simulation several modifications
and strategies can be tested and compared.

2.1 Data

In order to feed the simulation with reasonable data, at first it was necessary to get an
overview of the various households in Germany. The latest available data is from 2009
and can be found in “Statistisches Jahrbuch 2010”[18] from “Statistisches Bundesamt
Deutschland”[17] (DESTATIS) in table 3.

Further more, some data about retirees (23.1% in Germany in 2009) can be found in
“Statistisches Jahrbuch 2010”[18]. As there is no recent data available regarding shift
workers, some older statistics from DESTATIS were used. They state that around 7.3%
of all Germans in 2003 were shift workers (15.5% of all 38,633,000 working people, with
a total population of 82,520,000 people[15, 16]).
Since every household differs from another and it is impossible to cover all different types
of households and people’s behaviors within those, some model households based on the
existing data were created.
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household type percentage

1-person 39.8%
2-person 34.2%
3-person 12.8%
4-person 9.7%
5-person and more 3.6%

Table 3: Households by size (of a total of 40,188,000) in Germany in 2009

simulated household type percentage

retirees 23.1%
shift workers 7.3%
others:
1-2 persons 46.6%
3-4 persons 20%
5 persons and more 3%

Table 4: Households used in simulation in percentage of simulated households

Retirees usually live in one or two person households and shift-workers cannot be linked
to a specific household type. The other three household types (1-2, 3-4 and 5+) are
created by adding up the according values from table 3. This results in the types shown
in table 4. The shares might not be completely accurate but they are sufficiently good
as we can see if we compare a simulated load curve (figure 12) to a real load curve (figure
13) in section 2.2.2.

Those household types need to be equipped with devices, which as well as the expected
usage and weighting in the households can be found in table 5. The value in “p” shows
the probability of a household to own or use the according device, the value in “w”
indicates a (non-proportional) weighting for the usage of the device. For example in a
retiree’s home a computer can be found in 20% of the cases whereas one is available in
all of the “3-4” households. It is used more often in a “3-4” household than in a “1-2”
household (but it does not mean twice as much).

This results in a simplified but more or less realistic distribution of households and their
devices. To finally build the simulation the device runtimes had to be defined. Therefore
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Retiree Shift 1-2 3-4 5+
p w p w p w p w p w

Appliances 0.5 1 1 1 1 1 1 1 1 1

Boiler 0.33 1 0.33 2 0.33 2 0.33 2 0.33 3

Coffee machine 0.75 1 1 2 1 1 1 1 1 1

Computer 0.2 1 0.9 2 0.9 1 1 2 1 2

Dishwasher 1 1 0.85 2 0.5 2 1 2 1 3

Freezer 1 1 1 1 0.9 1 1 1 1 1

Fridge 1 1 1 1 1 1 1 1 1 1

Heater 0.25 2 0.25 2 0.25 1 0.25 2 0.25 2

Kettle 0.7 1 1 2 1 1 1 1 1 2

Light 1 1 1 2 1 1 1 2 1 2

Microwave 0.25 1 1 2 1 1 1 1 1 1

Oven 0.5 1 0.85 1 0.5 1 1 1 1 1

Radio 1 1 1 1 1 1 1 1 1 1

Stand-by 1 1 1 1 1 1 1 1 1 1

Stove 1 1 1 2 1 1 1 2 1 2

TV 1 2 1 2 1 1 1 2 1 2

Tumbler 0.75 1 1 2 1 1 1 2 1 3

Vacuum cleaner 1 1 1 1 1 1 1 1 1 1

Washer 1 1 1 2 1 1 1 2 1 3

Table 5: (P)robability of usage/availability and (w)eighting for each device in each
household

static times as well as variable times were used. For example the refrigerator has more
or less fixed runtimes (ten minutes each hour)24 whereas the vacuum cleaner can be
used at (almost) any time during the day for an arbitrary duration. Figure 9 shows
the definition of a refrigerator which runs every hour for 10 minutes with a variation of
10 minutes (+/- 5 minutes). It has a connected load of 120W and does not need any
energy in the remaining 50 minutes of the hour. In figure 10 a vacuum cleaner definition
is shown. It has a random connected load (between 300 W and 2200 W), runtime day
is a random day of the week, start time is 1pm +/- 5 hours and duration is 1 hour
+/- 45 minutes. Such definitions exist for each device and they are highly flexible and

24this is also varying, but not as much
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Fridge ( ) {
i n t e r v a l l = 60 ;
runtime = 10 ;
runt imeVar iat ion = 10 ;
addEnergyPlan (new EnergyPlan In f in i t ePer i od ( ” Fridge ” ,

i n t e r v a l l , runtime , 0 , 120 , runt imeVar iat ion ) ) ;
}

Figure 9: Simplified example configuration for a refrigerator

Vacuum( ) {
connectedLoad = getRandom (300 , 2200 ) ;
type = EnergyPlan : : Duration ;
day = getRandomDayOfWeek ( ) ;
s t a r t = 1 pm;
s t a r t V a r i a t i o n = 10 h ;
durat ion = 1 h ;
durat i onVar ia t i on = 1 .5 h ;
addEnergyPlan (new EnergyPlanSe lec t ive ( ”Vacuum” , day , type ,

s t a r t , durat ion , connectedLoad , s t a r tVar i a t i on ,
durat i onVar ia t i on ) ) ;

}

Figure 10: Simplified example configuration for a vacuum cleaner

adjustable which they need to be in order to be used for demand side management.

There is still some data missing in order for the simulation to operate correctly and
deliver usable and meaningful results. It will be explained in the following sections when
the according parts are described. First however, an explanation of the general design
of the software is given.
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2.2 Usage

SGS[5] is divided into two parts. The configuration builder and the simulation itself.
The configuration builder uses the household types and distribution as well as the device
profiles defined in section 2.1 to build a simulation configuration file (XML).
The main application takes the configuration filename as an argument, builds and links
the following components in the main memory and then runs the simulation.

2.2.1 Configuration Builder

After installing the application, the executable “cbuilder” is found in the “bin” directory
within the installation directory. It needs the parameters output file name, simulation
duration in days and number of households to be simulated to build the configuration
file (cf. figure 11) by adding the duration in the config part, describing the predefined
household types (retiree, shift, 1-2, 3-4, 5+) from section 2.1 with the according devices
and weights and finally adding the consumer owners to the medium (cf. section 2.3.1) –
each with an owner id (o-id) and a link to one of the predefined types (type) as table 4
dictates. An excerpt of a sample config file is shown in figure 11.

2.2.2 Simulation

In the same directory a file named “smgsim” can be found. This is the main simulation
executable. After loading and parsing the previously mentioned config file, the actual
simulation is performed. Each time the oneStep-function is called, the medium checks the
consumption by iterating through each consumer owner registered to it. Each consumer
owner again checks its owned devices which report their consumption for the given time
step according to their energy plan(s). The result is written to the log file and the next
step is performed.
When the simulation has finished, a graph similar to the one in figure 12 on page 36
can be created. It shows the load curve for an average day (out of 7 days) for 10,000
households from midnight to midnight in a 1-minute resolution. The graph in figure
13 on page 36 is a real load curve obtained from the mySmartGrid project[30] (average
out of 6 days). It shows the aggregated data of more than hundred metering points
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1 <?xml version=” 1 .0 ” ?>
2 < !DOCTYPE s imu la t i on SYSTEM ” c o n f i g . dtd”>
3 <s imu la t i on>
4 <c o n f i g>
5 <simDesc durat ion=”7” />
6 </ c o n f i g>
7 <endpoint−types>
8 <type id=” r e t i r e e−consumer”>
9 <consumer d−id=”1” type=” app l i ance s ” />

10 <consumer d−id=”2” type=” f r i d g e ” />
11 . . .
12 </ type>
13 <type id=” s h i f t−consumer”>
14 <consumer d−id=”1” type=” app l i ance s ” />
15 <consumer d−id=”2” type=” f r i d g e ” />
16 . . .
17 </ type>
18 . . .
19 </ endpoint−types>
20 <medium m−id=” cab l e ”>
21 <consumerOwner o−id=”1” type=” r e t i r e e−consumer” />
22 <consumerOwner o−id=”2” type=”fam2−consumer” />
23 . . .
24 </medium>
25 </ s imu la t i on>

Figure 11: Sample config file

distributed to private households mainly in the area of Kaiserslautern in a 15-minute
resolution and averaged from 29 days.

The whole process is automated in the script “exec.sh”. It uses the default parameters
configfile = config.xml, days = 7, and #households = 1000. It creates a graph such
as in figure 12 that shows the simulated days if the statistical computing application
“GNU R”[24] is installed and likewise shows the resulting graph if “GNU GV”[26] is
installed.
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Figure 12: Resulting one-day load curve of a simulation run
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Figure 13: Sample one-day data from the mySmartGrid project
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2.3 Design

After this rather coarse grained outline, this section describes the design details of the
simulation software. Figure 15 on page 39 shows a class diagram of the Smart Grid
Simulator with the most important components and figure 14 shows how they interact.
The detailed explanation is given in the following sections.

Figure 14: Sequence diagram of the smart grid simulator

2.3.1 Basic simulation

The simulation can be divided into different parts that represent the according parts in a
real power grid. First of all there are three classes called Simulation, SimulationBuilder
and DeviceFactory. Those work together to build the system as described by the Config-
urationBuilder. Therefore Simulation calls SimulationBuilder to parse the config file and
create and link the following components: Medium (cable/grid), ConsumerOwner
(private household), Consumer (device), EnergyPlan (runtime definition), Produc-
erOwner (network operator), Producer (power plant). DeviceFactory supports this
process by creating instances of the devices to be connected to the private households
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as well as the power plants. Since I wanted to be flexible regarding adding or removing
device classes this seemed to be reasonable. SimulationBuilder creates the medium and
all other entities, connects those to the medium and returns it to Simulation. As soon
as the system is built, Simulation runs the simulation by calling the oneStep-function
implemented in Medium as often as defined to get the households overall energy usage
for each step, prints the output in a file and exits. It also acts as an information entity
by offering data as e.g. current simulation time or resolution.

Medium

The “backbone” of the whole simulation is the medium but it is mainly as “dumb” as the
real medium. It implements methods for registering/connecting the ProducerOwners and
ConsumerOwners. The ProducerOwners have a special role as described later in section
2.3.3 and are not needed right here. For now the focus is on the ConsumerOwners which
are polled by the oneStep-function in order to inform about their current wattage. The
consumption is then combined and can be retrieved by the Simulation (step 13 in figure
14.

ConsumerOwner

The consumer owner represents a private household that is connected to the medium
in order to be queried, can register devices (Consumers) and iteratively query them to
calculate the overall wattage for one step (step 14 in figure 14). It stores fixed and
moveable devices separately to improve efficiency.

Consumer

Consumers represent devices located in private households. The class is abstract and
is implemented by various devices such as e.g. a fridge, a TV or a dishwasher. Each
of those has one or more energy plans and can inform about the current wattage. Two
examples are shown in figures 9 and 10.
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Figure 15: Class diagram of the smart grid simulator
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EnergyPlan

The energy plans belong to the consumers and describe the devices’ runtimes and
wattage. Therefore one or more energy plans can be combined to describe the de-
sired behavior. EnergyPlan itself is an abstract class which provides many functions to
support the usage of EnergyPlans (e.g. convert real time dates to simulation time or
calculate time variations) and is implemented by the following four specific types:

• EnergyPlanStatic always has the same wattage. This can be used for example
to described stand-by devices. Figure 17(a) on page 49 shows its states.

• EnergyPlanInfinitePeriod changes constantly between a high and a low (po-
tentially zero) wattage. In this simulation it is used to describe a fridge. Figure
17(b) shows its states.

• EnergyPlanSelective can be used to set specific days and times to activate
devices. For example a washer can run on Mondays, Wednesdays and on the
weekend at a specified time. Figure 17(c) shows its states.

• EnergyPlanSelectivePeriod is a combination of EnergyPlanInfinitePeriod and
EnergyPlanSelective. For example it can be used to describe the behavior of an
electrical heater that runs on weekdays from 6am to 6pm in hourly intervals each
with a high and a low (again potentially zero) wattage. Figure 17(d) shows its
states.

These plans (or variations of them) are suitable to describe the runtime behavior and
return the wattage at specific points in time of all regarded devices (step 15 in figure
14). At first there was an issue with determining the runtimes within the plans because
they were calculated for arbitrary points in time. That lead to a really long source code
which was not easy to read and it was difficult to make changes. Furthermore it became
really hard at the introduction of the “moving” of devices. Then, as only a rather small
time frame had to be regarded, the plans were redesigned by using time frames, i.e. in
the beginning of the simulation and at each end time, the next start time and end time
is calculated. These times are stored in the plans and so it is quite easy to determine the
devices’ states, even if they are rescheduled. Another problem was the fact that devices
could start running on one day and stop on the next day or even later. This was also
resolved by this new design.
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The prototypes of the implementations can be found in figure 16 on page 42 while the
parameters are explained here:

• period: time of one period

• highTime: the time within a period with high wattage (accordingly the rest of the
period implies the time with low wattage)

• wattage: a fixed wattage

• lowWattage: wattage of the device used during the implied lowTime (potentially
zero)

• highWattage: wattage of the device used during highTime

• runtimes: enumeration indicating the active days: this can be any (combination
of) day(s), “weekdays”, “weekend” or “alldays”

• ttype: indicates whether “time” is a fixed time or a duration

• start: start time

• time: end time or duration

• movable: indicates whether the energy plan is movable or not (usage will be ex-
plained later)

• maxStartVariation: this can be used to make “start” a bit more flexible, it indicates
the maximum deviation relative to “start”

• maxDurationVariation: this can be used to make “time” a bit more flexible, it
indicates the maximum deviation relative to “time”

• maxHighTimeVariation: this can be used to make “highTime” a bit more flexible,
it indicates the maximum deviation relative to “highTime”
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EnergyPlanStat ic ( int wattage ) ;

EnergyPlan In f in i t ePer i od ( int per iod , int highTime ,
int lowWattage , int highWattage ,
int maxHighTimeVariation ) ;

EnergyPlanSe lec t ive ( Runtimes runtimes , TimeType ttype ,
int s ta r t , int time , int wattage ,
int maxStartVariat ion , int maxDurationVariation ,
bool movable ) ;

EnergyPlanSe lec t ivePer iod ( Runtimes runtimes , TimeType ttype ,
int s ta r t , int time , int per iod , int highTime ,
int lowWattage , int highWattage ,
int maxStartVariat ion , int maxDurationVariation ,
int maxHighTimeVariation ) ;

Figure 16: EnergyPlan prototypes

With this setup the simulation can already be run as described in section 2.2.2. Many
(types of) households with many different devices, each with different runtimes and
variation possibilities create a load curve as shown in figure 12. Anyhow, the functionality
is far from what we need in order to implement and simulate strategies for private
households to “move” devices’ runtimes. First of all we need a mechanism that allows
the network operator to make a prediction about the expected consumption on the one
hand and to forecast the potentially available energy on the other hand. How this is
done is shown in the next section.

2.3.2 Expected load

In order to predict the expected consumption I chose the same approach an actual
network operator would pursue: remember the load curves and merge them with existing
ones. So I let the simulation run for a long time in order to get the mean load curve for
each day of the week. Obviously actual network operators optimized this process to be
as accurate as possible by having very long histories, revising them, regarding holidays,
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taking other seasonal data into account and so on. This is a reasonable approximation
with regard to the data at hand. It is made available to the ProducerOwner and an
example is shown in the graph in figure 18 on page 50. The expected load has an hourly
resolution and is marked red, the simulated load has a minute-by-minute resolution and
is marked black.
The process of predicting the potentially available energy uses this data to describe the
base load and the average load. Peak load is not modeled since it is readjusted along
time and is not available a priori, hence it cannot be included in the forecast anyway.
This functionality is described below and extends the previous setup.

Producer

Producers are power plants connected to a ProducerOwner and deliver data regarding
their expected production for the upcoming day with a resolution of one hour (step 3 in
figure 14). Producer is an interface that is implemented by the following power plants:

• Solar power plants are hard to predict due to fluctuations. The production times
differ from month to month since sunrise and sunset differ throughout the year.
This is somehow predictable by historical data, but even if these limits are known,
a lot of other factors play a role in how high the power consumption is. A real
impact has of course the weather. But again, even if the chances of a sunny day
are really high, there are artifacts as clouds and air movement.

• Windmill represents a windmill that delivers energy at seemingly random hours.
This is not much influenced by sunrise or sunset but there are other indicators
that can be used for predicting wind occurrence. The forecast is rather accurate
but still defective.

• Conventional represents a conventional power plant and is used to produce that
amount of energy that is required to serve the expected load. The expected pro-
duction of solar and wind power is taken into account.

Network operators are obligated by law to use power from renewable energy sources as
stated before, hence they have to be taken into account. And as already stated, it is
really hard to predict the availability of solar and wind power. The network operators
however need to produce good predictions, since having too much unexpected energy at
hand is expensive (because conventional produced energy would not have been needed
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and also the exceeding energy has to be “removed” from the power grid) and having too
little energy is also expensive (because of the need for acquiring more energy). Luck-
ily the law also requires the network operators to publish their predictions beforehand
and the actual production afterwards. The data can be found at the “European En-
ergy Exchange AG” website[1]. Loosely translated, it says there: The four German
transmission system operators 50hertz Transmission GmbH, Amprion GmbH, EnBW
Transportnetze AG and TenneT TSO GmbH are carrying out their duty to publish the
production and consumption data as demanded by “EU-Verordnung 1228/2003” (and
now by “EU-Verordnung 714/2009”) by means of this transparency web page.

Having this data, another challenge is to create a model that describes how it is used
during the production (forecast) process. Due to the lack of information about actual
internal processes regarding the planning of energy production (planning and improving
the production is how the network operators earn their money after all), I was forced to
model them on my own. Thus, here I describe my approach:

In order to get a realistic model of the planned renewable energy production, I used
this data to calculate the relative value of solar and wind energy production on grounds of
the conventional energy production. I did this for each hour and each day of four selected
months to get distinguished results for spring, summer, fall and winter represented by
those months:

relativeProductiontype =
plannedtypemonth,day,hour

plannedconventionalmonth,day,hour

with

type ∈ {solar, wind},month ∈ {1, 4, 7, 10}, day ∈ [1, 31], hour ∈ [0, 23]

These resulting factors (24 values for each of the 30/31 days in each of the 4 months) can
be used to model the planned renewable energy data in the simulation by picking one of
the 30/31 sets (from the regarded month/season) of factors and multiplying it, hour by
hour, with the demand set (expected load created by the simulation, which would equal
the conventional production if no renewable energy was used). The result is a realistic
forecast curve for the simulation data based on actual forecast data; it works for both,
wind and solar power.

The obtained data is raw and somewhat unreliable data, hence in order to use it for
planning the conventional energy production, it has to be adapted. Figures 19(a) and
19(b) show the relative errors (MAE) of planned and actual values of solar and wind
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energy production for each of the four months. Furthermore, the Swiss “Bundesamt für
Energie (BFE)” shows current predictions for Central Europe with an error25 of about
12-18% (rRMSE) for wind and 30% (MAE) for solar power in their research[28]. A
presentation of “RWE Transportnetz Strom”[50] from 23rd of October 2007 even shows
an error (RMSE) of 5.8% with a maximum of -30%/+40%.

The EEX data (in this case solar and wind, plan and actual) comes in a 15-minute
resolution split up by the four network operators (cf. table 6). So first I had to add up
the four values of the network operators’ plan data and calculate the mean for each hour
of the day. For example the mean of the first hour on 20th of April, 2011 would be

2043 + 2011 + 1981 + 1950 + 4 ∗ 210 + 2 ∗ 29 + 28 + 27 + 4 ∗ 532.2

4
= 2766.7.

I performed the same procedure for the actual data and calculated the absolute differ-
ences, added them up and divided the result by 24. This value again was divided by
the mean actual value for this day, resulting in the relative error for the regarded day.
I repeated this for all days in each of the four months and took the highest relative
error that covered 75% of all errors in the according month. Finally I divided it by two,
since in general we have to assume an equal share of positive and negative errors. The
resulting errors can be found in table 7.
As contracts for buying energy are concluded days or even months in advance, there
are no forecasts available which can be used to predict the renewable energy production
for some point in the future. Which means we have to approximate the renewables’
production in order to take it into account when concluding the contracts. As there
are also no models available, I took the previously mentioned factors for planning the
renewables and calculated the mean for each hour in each month (i.e. for summer I got
1 * 24 factors out of 31 * 24 factors).
Next step is calculating the approximated energy production (approxEn) for wind and
solar power by using the demand set (expected load), these factors and the errors from
table 7:

approxEnhour = demandSetdayOfWeek
hour · planFactormonth

hour · (1− errormonth)

I did this for all hours on the according day of the week and fitted (curve fitting by using
the least squares method26) the values and finally added them (wind and solar) up to
calculate the difference to the expected load. This difference needs to be covered by the
conventional power plant.

25please check the report for the conditions for this data
26for this I used an existing piece of code that was written by M.Sc. Peter Salz, University of Kaiser-

slautern

45



2 Simulation

Time 50Hertz Ampiron EnBW TNG TenneT

00:00 2043 210 29 532.2
00:15 2011 210 29 532.2
00:30 1981 210 28 532.2
00:45 1950 210 27 532.2
01:00 1914 193 27 521.3
01:15 1874 193 25 521.3
01:30 1833 193 24 521.3
01:45 1792 193 22 521.3
02:00 1752 146 20 478.2
... ... ... ... ...

Table 6: Sample data from the EEX transparency website[1] for wind plan data from
20th of April, 2011, values are in MW

Month Type Factor

Spring Solar 0.08
Wind 0.13

Summer Solar 0.08
Wind 0.16

Fall Solar 0.14
Wind 0.15

Winter Solar 0.23
Wind 0.21

Table 7: Factors by which the plan data is to be reduced

At this point I have three power plants, a solar and a wind power plant whose planned
production is based on simulation data adapted by real data from EEX and a con-
ventional power plant whose production is based on simulation data influenced by the
two former mentioned power plants. Each of those provide the production data if re-
quested by ProducerOwner. An example for the resulting graph with the cumulative
conventional, wind and solar production forecast is shown in figure 21 on page 51.
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ProducerOwner

ProducerOwner represents a network operator that owns Producers. It is responsible
for acquiring the needed data in order to create a load adjustment plan and making
it available to the medium, i.e. it should know when more energy than needed or less
energy than needed is available.

Before a new day is simulated, the ProducerOwner loads the according reference load
curve (expected load) and polls its Producers to get their forecast curves providing them
with the needed information (step 3 in figure 14). Then it adds up the forecast curves
(step 4 in figure 14) to get an overall prediction for the upcoming day (this could look
like in figure 21 on page 51 where the cumulated curves are shown) and calculates the
difference to the reference load (step 5 in figure 14). This results in a curve showing
when too much energy will be available (overplus) and when it will be missing (deficit).
Afterwards – if the total overplus is higher than the total deficit – the ProducerOwner
adds some more deficits by clipping the peaks. This allows for a higher potential to
move devices; not to move devices to overplus times but to reduce peaks.
This adjustment curve (cf. figure 20 on page 51) is made available to the medium and
thereby the producer part is closed.

In my simulation the peak load power plants are not regarded, because their energy
production is not predictable at all (at least not in the regarded time span). However
their production can be derived from the simulation data. The difference between the
expected and the simulated load has to be covered mostly by peak load power plants.
This energy is probably a bit higher as in a real environment, as the network operators
have decades of experience and a vast amount of historical data in order to perform more
precise calculations.

2.3.3 Load Adjustment

In order to utilize the adjustment curve, some of the formerly mentioned classes, shown
in the class diagram (figure 15), were extended by the following aspects:
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Medium

Each first time step on a new day the Medium polls its ProducerOwner (step 2 in figure
14) to get the adjustment curve and to pass it on to all ConsumerOwners (step 9 in
figure 14). Before the adjustment curve is passed on, the Medium resets formerly made
changes (steps 6-8 in figure 14)).

ConsumerOwner

ConsumerOwner gets the adjustment curve and passes it to one of the interchangeable
strategy classes. Their implementations are shown later in section 2.4; anyhow all of
them return a vector with valid movements from one time slot to another (step 10 in
figure 14). These movements contain the devices with their “move-from” and “move-to”
time slots and the new start time as well as the runtime and are passed along to the
Consumers (step 11 in figure 14) after a check if moving is possible. This uses functions
as e.g. activeInHourOnCurrentDay() or isMoveable (to see all of them, take a look at
the source code[5]).

Consumer

Each Consumer passes on the desired movements from its ConsumerOwner to all of their
EnergyPlans (step 12 in figure 14).

EnergyPlan

The according EnergyPlan checks (again) whether it is movable or not. In case it is, it
also checks whether it is running in the “move-from” time slot or if it is already running
in the “move-to” time slot. If no flaws arise, the movement is executed, a sanity check
is being performed and the internal status is updated.

After each day the EnergyPlans need to be reset to the original because the adjusted
load curve is only valid for the current day.
Now the implemented functionality covers the execution of the simulation with all the
preparation and building steps, the creation of forecast and adjustment curves and finally
the private households’ reaction to those. Though, there is one last piece missing – the
movement strategies.
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2.4 Strategies

The purpose of strategies in this simulation is to decide whether or not to move devices
from a specific time slot to another. The goal is to match the combined load curve of all
households (ConsumerOwners) with the expected load curve by using the adjustment
curve provided by the ProducerOwner. They are used by ConsumerOwners by passing
the adjustment curve and the moveable devices as parameters and represent the com-
ponents in step 3 in figure 14. The various strategies use their own specific technique in
order to realize the match but the idea of improving the overall energy balance is some-
thing they all have in common. This is a hard constraint, and moves that violate that
rule are not considered. All strategies return a vector with the best moves considered
by the according strategy. The following sections explain the regarded and implemented
strategies.

2.4.1 Basic

The first and most basic strategy is to analyse the curve, identify all the overplus time
slots and try to fill them with the deficit time slots. Therefore it creates two lists: an
overplus list, that holds all overplus time slots and accordingly a deficit list. It iterates
over the devices list and remembers if the current device was already moved. Then it
iterates over each element in the overplus list to get the time and energy value (the
energy value can be retrieved by using the adjustment curve). It saves this energy value
in the variable tmpOverplus and checks for each deficit if the device was already moved,
if tmpOverplus and the regarded deficit are (still) greater than 0 and if it is moveable
from the deficit time slot to the overplus time slot. If not, the deficit skips this round.
If it fits, the move is added to a moves list, the tmpOverplus is reduced by the device’s
connected load, the adjustment curve is updated and the device is marked as moved.
When it finishes, the overplusses are compensated by the deficits (but maybe by creating
new overplusses or deficits). This approach is the first implementation (cf. algorithm 1
on page 53) and does not regard many details (for example if a device is moved to a time
slot where it creates another deficit). I implemented this strategy as a first prototype in
order to see the effects of the movement.
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Data: device list device, overplus list overplus, deficit list deficit
Result: list with moves moves
foreach dev in device do

foreach o in overplus do
tmpOverplus = o.overplusSize;
foreach d in deficit do

if dev.notMovedY et AND tmpOverplus > 0 AND d.deficitSize > 0
AND dev.isMovable(d.time, o.time) then

moves.add(dev, d.time, o.time);
dev.setMoved;
tmpOverplus -= dev.amountOfEnergy

end

end

end

end

Algorithm 1: Basic Strategy

2.4.2 Improved

To slightly improve the basic strategy, I modified the algorithm a bit by adding another
condition in the innermost if-query: isEnergyBalancePositive(). This function checks
whether the energy balance is better or worse after performing the regarded move. In
case it is better, the move is added to the result list otherwise it is not. This strategy also
works a little different (cf. algorithm 2 on page 54) because instead of calculating the
overplusses and the deficits up front, it needs to recalculate them for each device. This
gives the advantage of being able to use newly created overplusses or deficits caused
by a prior move. This can occur in case the energy balance is better even though a
new overplus/deficit is created as for example in figure 22(a). The graph represents the
current energy balance and the blue rectangle a random device. If we want to move it, we
get the curve shown in figure 22(b), where the green part (this is what we want) marks
the used overplus and saved deficit and the red part (this what we do not want) marks
the new overplus created by the move. The wanted part is larger than the unwanted
part hence executing the move would be favorable.
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Data: device list device, adjustment values adjustment
Result: list with moves moves
foreach dev of device do

foreach i in [0..23] do
if adjustment at current hour < 0 then

foreach j in [0..23] do
if dev.notMovedY et AND adjustment at hour j > 0 AND
dev.isMovable(i, j) then

if energyBalanceOfMovePositive then
moves.add(dev, i, j);
dev.setMoved;

end

end

end

end

end

end

Algorithm 2: Improved strategy

2.4.3 Knapsack

The next strategy is based on the knapsack problem [34, 42, 40]. At first glance the
knapsack algorithm seems to perfectly fit to the given scenario since I wanted to pack
devices (with their energy consumption) into a “sack” of available energy. The knap-
sack problem is well-known and thus deeply investigated. Many implementations and
approaches were introduced and especially one of them attracted interest. To solve the
NP-complete[11, 34] problem, this algorithm uses dynamic programming[4, 20], allowing
a stepwise refinement of the problem by means of a table in order to get the best solution.
For sufficiently small problems it finds a correct and optimal solution with a runtime
(and space) complexity of O(n ·B) (where n,B ∈ N, n number of regarded elements and
B height of the boundary27).
As the original algorithm solves a decision problem, it is only usable to calculate the
maximum benefit regarding the used “space” without identifying the elements them-
selves. Therefore it is extended by another table to achieve this as well.

27space in knapsack
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(a) Before moving (b) After moving

Figure 22: Energy balance before and after moving a device

The algorithm checks, as the two earlier mentioned, for overplusses and deficits and
stores them in lists. Along with this process it counts the total overplus and assigns it
to a variable called boundary. Afterwards it checks which devices are moveable, thereby
it checks all combinations of times and saves the best for each device. If such a time
does not exist, the device is not regarded at all. The rest of the algorithm is shown
in figure 24 on page 61. The two matrices (tables) are initialized and filled with zeros,
then the actual algorithm is executed. For every element (considered device) it traverses
each row from position 1 to boundary and checks several conditions to decide what value
needs to be set for each position. If this part is finished both tables are filled, we know
how much profit fits into the backpack regarding the weight boundary and we can do a
reverse traversal of the table with the device IDs in order to identify the packed items.
Now we only have to create moves using the information stored with the packed items.
This algorithm has the same runtime complexity as the original one, however the space
complexity is doubled, hence O(2n ·B).
In my simulation the overplus time slot(s) represent the knapsack(s), and the devices in
the deficit time slots the items to “move”, respectively. Hence I could use the algorithm
to fit the devices (with their energy requirements) from the deficit time slots into the
overplus time slots.

As good as this approach seems to be, it has a huge flaw which came to mind as I
took a closer look at the structure of the “knapsack” and the “items”. The algorithm
assumes knapsacks or items with no (or flexible) shapes, whereas in this scenario both,

55



2 Simulation

a2a

a

Knapsack Item

Figure 23: Shaped knapsack and item

the knapsack and items are shaped. To clarify this, imagine a knapsack that holds x kg
and an item that weights y kg with a value of z monetary units. This algorithm decides
that the knapsack holds z monetary units if x ≤ y and 0 monetary units otherwise; but
as in the simulation the shape of the items is important as well, scenarios like shown in
figure 23 can occur. In this example the knapsack has a capacity of 2 · aW ·ah2 = a2Wh
and the item a “weight” of aW · ah = a2Wh. This would resolve to the item fitting into
the knapsack, but as the shape has to be regarded in this case, it is not possible to place
it there.
This is a problem most obvious at the outer parts of the “knapsack” where the capacity
is raising/dropping slowly (this is neither necessarily the case nor restricted to it). The
type of items I use is basically an amount of energy and as in the mentioned scenario,
I have a fixed runtime and a constant wattage during that runtime28 which results in a
“shaped block of energy” that needs to fit into the shaped knapsack. Now it is obvious
that placing those items in the knapsack is not possible without having offcut.
Another problem is the strict capacity. For example it is probably desirable to place a
large item into a slightly too small slot than not putting it there since the – in this case
– not used energy is more valuable than the tiny bit that would be used while it should
not. In order to solve this problem I used another approach.

2.4.4 Heuristics

The problem to be solved is a NP-complete problem, i.e. there is – in general – no
algorithm that solves it in polynomial time, thus neither those introduced below. It
is possible, however, to use techniques to get a solution that is considered to be well

28the wattage is constant, to simplify the calculations in the simulation as in the real world the wattage
is highly dependent on the according device and varies over time
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enough. Heuristics are supposed to discover good solutions without requiring them to
be optimal. They use a certain amount of information in order to develop an acceptable
solution by trying different possible (but in general not close to optimal) solutions and
comparing them. The comparison again is done by means of a cost function, which rates
the quality of the regarded solution in some way. This is an iterative process and as it is
based on probing (hence it cannot know if it already has the best solution), it has to stop
/ be stopped after some time. If the problem is small enough, it could stop by itself after
trying all possibilities, otherwise a termination condition has to be defined (e.g. 1000
iterations and/or solution is better than x). The methods to be introduced, account for
solutions that would be ruled out in the backpack scenario – specifically regarded to the
two problems mentioned above.
The following heuristics, Simulated Annealing and Threshold Accepting, are very similar.
Simulated Annealing is only described briefly to describe the idea of the algorithm.
Threshold Accepting on the other hand, is based on this idea, and the algorithm I chose
to implement for the simulation.

Simulated Annealing (SA)
Simulated annealing[41] (cf. algorithm 3) uses a physical phenomenon in order to get
results. It uses a temperature that indicates stability, very much alike the physical
process of cooling down e.g. iron which is liquid at very high temperatures and gets
solid as the temperature drops. In the simulation temperature constitutes the likelihood
of the algorithm to leave local minima (good local solutions) in oder to find possible
better minima (other good local or global solutions). As the temperature falls, it is less
likely to leave a local minimum, since it is more stable. By this, a probably good or
(close-to-)optimal solution can be found. Here the temperature is calculated by using
the fraction of the current processing time and the total processing time.
This approach uses a start configuration that consists of a reference state, a reference
energy level (costs), a first “best” solution and an iteration counter. While the solution
is not satisfying and the counter has not exceeded its threshold, the algorithm calculates
a “neighbour” state29 (neighbour() in algorithm 3), computes its energy level (getCosts()
in algorithm 3) and then uses a function to decide whether or not the new state and
energy level should replace the reference solution. This function uses an exponential
function and is defined as followed:

P (e, e′, T ) =

{
1 , e′ < e

exp( e−e
′

T ) , otherwise

29state, “similar” to the reference state
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Data: initial state s0, maximum number of steps kmax

Result: statebest
statecurr = s0; costscurr = getCosts(statecurr);
statebest = statecurr; costsbest = costscurr; k = 0;
while k < kmax do

statenew = neighbour(statecurr);
costsnew = getCosts(statenew);
if P (costsref , costsnew, temp( countcurrcountmax

)) > random() then
statecurr = statenew; costscurr = costsnew;

end
if costsnew < costsbest then

statebest = statenew; costsbest = costsnew;
end
k = k + 1;

end

Algorithm 3: Simulated Annealing based on [21]

Another comparison of the new setup and the so far “best” setup decides if the so
far “best” solution should be updated with the new one. Afterwards, the counter is
increased. When the simulation ends, the “best” solution is either good enough or no
better solution could be found within the number of iterations.

Threshold Accepting (TA)
Threshold Accepting (cf. algorithm 4 on page 60) is a very similar approach[21]. It
uses the same physical background but a different function to decide whether or not
the reference solution is updated – it tests the difference of the reference and new so-
lutions’ costs whose calculation is shown in algorithm 5 on 60. Basis for that is the
energy balance (algorithm 6 on page 62) for a given adjustment and a set of moves.
“Factor” in algorithm 6 allows for slightly worse energy balances (this helps to average
too high or too low energy balances). If the cost difference is lower than a threshold T,
the new solution is rejected, otherwise (especially if it is negative) the reference solution
is updated with the new values. The temperature is replaced by T which is reduced
as the algorithm processes. A new “neighbor” is created as shown in algorithm 7 on
page 63: First of all the adjustment for the currently used moves is calculated in order
to identify the overplusses and deficits, and by this all possible moves in this scenario.
The new set of moves is derived from the current set of moves by copying them and
applying changes. If no current moves are present, it is possible to add one move, if
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possible moves were found. If current moves are present there are more choices. If no
more possible moves are found, one of the current moves can be deleted. In case there
are possible moves, there are three choices – delete a random (present) move, add a
random (possible) move or replace a present move with a possible one (update). In case
none of the choices are possible (this might occur if the branch of “update” is chosen but
the move to be updated is not present (and thus would result in a “adding” which was
not intended) another recursion is done. This eventually ends, because either a possible
action is chosen or the delete branch is entered. The search is repeated until a “good”
solution is found or a maximum number of cycles is reached (outer).
The inventors of TA claim, this approach is faster due to the absence of generation of ran-
dom numbers30 (and relatively complex calculation of the decision function). Moreover,
it reputedly produces better results than SA.

Implementation
Due to the similarity of the two mentioned approaches and the better runtime behavior
of TA[21], I use this algorithm for my simulation with the following parameters:

• Threshold: 10,000

• Threshold factor: 0.5

• Inner steps: 30

• Outer steps: 10

• Initial state: Moves from Improved-
Strategy

• Condition: 70% of initial state’s costs

This concludes the description of the simulation setup with all involved parts and ideas
and the next section presents the simulation results.

30in the main algorithm; generating neighbors uses random numbers, but they would also be needed for
SA
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Data: initial threshold T > 0, threshold factor 0 < TF < 1, maximum number
of inner/outer steps innermax/outermax > 0, initial state s0, a condition
notGoodEnough, that indicates if the solution is good enough

Result: statebest
statecurr = s0; costscurr = getCosts(statecurr);
statebest = statecurr; costsbest = costscurr;
outer = 0;
while outer < outermax AND notGoodEnough do

inner = 0;
while inner < innermax do

statenew = neighbour(statecurr);
costsnew = getCosts(statenew);
if costsnew − costscurr < T then

statecurr = statenew; costscurr = costsnew;
end
if costsnew < costsbest then

statebest = statenew; costsbest = costsnew;
end
inner = inner + 1;

end
T = T · TF ;
outer = outer + 1;

end

Algorithm 4: Threshold Accepting based on [21]

Data: current adjustment, intended moves
Result: costs
costs = 0;
forall moves: move do

costs = costs - getEnergyBalance(adjustment, move);
end

Algorithm 5: Calculating the costs for TA
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// c r e a t e matr ices and pack bag
dynamicProf itTable [ numberOfElements + 2 ] [ boundary + 1 ] ;
dynamicElementTable [ numberOfElements + 2 ] [ boundary + 1 ] ;
for ( int i = numberOfElements ; i >= 1 ; i−−) {

cu r rE l t Id = i −1;
cu r rE l t = regardedElements . at ( cu r rE l t Id ) ;
for ( j = 1 ; j <= boundary ; j++) {

i f ( cu r rE l t . weight <= j ) {
i f ( cu r rE l t . p r o f i t + dynamicProf itTable [ i +1] [ j−cur rE l t .

weight ] > dynamicProf itTable [ i +1] [ j ] ) {
dynamicProf itTable [ i ] [ j ] = cur rE l t . p r o f i t +

dynamicProf itTable [ i +1] [ j−cur rE l t . weight ] ;
dynamicElementTable [ i ] [ j ] = cur rE l t Id ;

} else {
dynamicProf itTable [ i ] [ j ] = dynamicProf itTable [ i +1] [ j ] ;
dynamicElementTable [ i ] [ j ] = dynamicElementTable [ i +1] [ j

] ;
}

} else {
dynamicProf itTable [ i ] [ j ] = dynamicProf itTable [ i +1] [ j ] ;
dynamicElementTable [ i ] [ j ] = dynamicElementTable [ i +1] [ j ] ;

} } }
// i n i t i a l i z e e lement matrix f o r t r a v e r s a l to i d e n t i f y packed

i tems
int i = 1 , j = boundary ;
while ( sumProf it != dynamicProf itTable [ 1 ] [ boundary ] ) {

cu r r en tE l t Id = dynamicElementTable [ i ] [ j ] ;
BackpackElement item = regardedElements . at ( cu r r en tE l t Id ) ;
elementsInBackpack . add ( item ) ;
sumWeight += item . weight ;
sumProf it += item . p r o f i t ;
j −= item . weight ;
i ++;
while ( dynamicElementTable [ i ] [ j ] == cur r en tE l t Id ) i ++;

}
// e x t r a c t moves from elements in backpack , then re turn moves

Figure 24: Algorithm for the knapsack strategy based on [40]
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Data: current adjustments for each hour adjustment, time to move from from,
time to move to to, device runtime runtime, device wattage wattage

Result: energy balance balance
balance = 0;
factor = 0.3;
for i = from to min(from + runtime, 23) do

if adjustment[i] ≥ 0 then
balance = balance− factor · wattage

else
if wattage ≤ −adjustment[i] then

balance = balance + wattage
else

balance = balance− 2 · adjustment[i]− factor · wattage
end

end

end
for i = to to min(to + runtime, 23) do

if adjustment[i] ≤ 0 then
balance = balance− factor · wattage

else
if wattage ≤ adjustment[i] then

balance = balance + wattage
else

balance = balance + 2 · adjustment[i]− factor · wattage
end

end

end

Algorithm 6: Calculating energy balance for TA
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Data: current adjustment, set of moves
Result: set of newMoves
// calculate new adjustment for moves
// identify all possible moves

newMoves = moves;
if newMoves.size == 0 then

if possibleMoves.size > 0 then
newMoves.add(possibleMoves.pickRandomMove());

end

else
if possibleMoves.size == 0 then

newMoves.eraseRandomMove();
else

if getRandom() < 0.33 then
newMoves.eraseRandomMove();

else
tmpMove = possibleMoves.pickRandomMove();
if getRandom() < 0.5 AND
!newMoves.containsDevice(tmpMove.device) then

newMoves.add(tmpMove);
else if getRandom() < 0.5 AND
newMoves.containsDevice(tmpMove.device) then

newMoves.replaceWith(tmpMove);
else

newMoves = getNeighbor(newMoves);
end

end

end

end

Algorithm 7: Calculating neighbors for TA
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3 Simulation Results

In this section the results of some selected experiments are described. Table 8 shows the
configurations and the simulation outcome. Exp. no. identifies the experiment, days and
households are the number of days and households simulated and moving strategy is the
strategy used by the households to adjust their load. I performed each of the experiments
100 times (runs) in order to minimize the effect of extreme outliers (*experiment number
25 was performed 50 times). The remaining values in the table are the mean values of
those 100 runs. Runtime is the average time needed for performing one run (“smgsim”,
not the script “exec.sh”, i.e. generating config file and graphs is not included) in seconds.
Adjustment shows the mean adjustment rate (“moved energy” to total energy usage for
one day in %) that can be reached with the according strategy, whereat it is being
distinguished between the mean of all values (with zero-values) and the mean of values
larger than zero (thus the mean of results of runs that actually triggered adjustment).
Quantiles indicate the highest adjustments (including zero values) covering the lowest
25%, 50%, 75% and 100% of all 100 adjustment rates, as well in %. As in experiments 1
to 5 the households do not use any strategy to adjust their load, there are no adjustment
rates available.
For example we take a closer look at experiment 7: One day and 1000 households were
simulated using the basic strategy (cf. 2.4.1). In average this took 10.95 seconds and
reached an adjustment rate of 4.61%/4.75%. Furthermore in 25% of all runs, less than
4.36% of the daily energy usage was moved, in 50% less than 4.91% and in 75% less than
5.0%. The maximum adjustment rate was 5.27%.

Experiments 1 to 5 do not use any strategy, their purpose is to demonstrate the basic
behavior of the simulation. The runtime is more or less linear to the used resources
(households and time), e.g. experiment 3 uses nine times more households than exper-
iment 2 and the runtime is roughly 10 times as high. On the other hand experiment
2 simulates 1 day whereas experiment 4 simulates 7 days and the runtime is about 7
times as high. To be able to compare the experiments using strategies as well, I used the
same configurations for all of them. In general, the difference between the runtimes is
based on the creation of the adjustment curve (done by producers and producer owner)
and the application of the adjustment strategy (done by the households/consumers). By
comparing the runtimes, we can conclude that the majority of the additional runtime is
used for applying the adjustment strategy rather than for creating the adjustment curve.
That again means this difference would be the time used for applying the strategy in a
real environment (but this is less then 100ms for one household).

64



3 Simulation Results

The experiments using the threshold accepting strategy (experiments 21-25) are the
only one standing out in terms of runtime. It is mostly about 8 times as high as the
experiments using the same configuration but no adjustment strategy (e.g. experiment
2). Whereas the other experiments (6-20) show about the same runtime behavior as
experiments 1-5. Furthermore experiments 21-25 reach a much lower adjustment rate
than experiments 6-10. However, if we compare the two adjustment curves in figure
25 and 26 and the resulting load curves in figure 27 and 28, we notice, despite a lower
adjustment rate in a run from experiment 7 (4.52%) than in a run from experiment 22
(3.4%), a better application of the adjustment curve. In experiment 7, there is just a
small overplus in the hours from 12am to 5am and a larger one between 9am to 2pm,
but the load is a lot higher then expected during the first time frame and just a little
higher during the second. Whereas in experiment 22, the higher consumption matches
the higher overplus time frame (from 9am to 2pm). In both of the experiments, the
deficits between 7pm and 9pm lead to a reduced consumption within these hours. This
is supported by the according values in table 9, which show the mean deviance (of all 100
runs) of the simulated load curve to the adjusted demand set. The basic strategy moves
most of the energy to the early hours of the day which results in a average deviance of
14.05%, whereas the threshold accepting strategy tries to find the best energy balance
of the moves resulting in an average deviance of only 5.58%. During the rest of the day
the simulated load matches more or less the expected load. Small deviations are based
on the needed flexibility of the simulation.
Table 9 also shows the deviances for the first five experiments. They should have the same
value but they actually differ a lot. This is caused by the divergence of the household
types and the larger the number of the households is, the better they fit the expected
load (demand set). Experiments 4 and 5 are special because they simulate more than
one day, but their deviances are lower than the one from experiment 2, as well. This
can also be explained by the higher input of data (not households, but more days).

As already suspected, the knapsack strategy cannot find many devices to move. The
reasons are the generally low moving potential as well as the earlier mentioned problem
(cf. section 2.4.3) of fitting the “shaped energy blocks” into the “shaped overplusses”.
Figures 29 and 30 regarding experiment 17 show the adjustment curve and the load
curve for this experiment. At which the adjustment curve is very similar to the one in
experiment 7 (cf. figure 25), yet the adjustment rate is much worse (from one run in
experiment 17: 0.27%), i.e. the algorithm did not find many possible moves. Thus, the
simulated load curve highly matches the expected load curve.

Experiment 12, using the improved strategy, shows a similarly good result as experiment
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Figure 25: Adjustment curve from experiment 7

22 but with a much lower runtime. Figures 31 and 32 show the adjustment and the load
curve. Between 9am and 12pm, as well as between 4pm and 12am there is an overplus
and between 12pm and 4pm there is a deficit. Accordingly the simulated load is above
or below the expected load in the related hours. The adjustment rate for the shown run
is 3.05% and the mean deviance of the simulated curve to the adjusted demand set is
5.66%, which is slightly worse than in experiment 22.
The other experiments using the improved strategy (11, 13, 14, 15), also behave very
similar to the according experiments using the threshold accepting strategy (21, 23,
24, 25), as the adjustment values are very similar. Here as well, the deviance for the
improved strategies is just a little higher than for the threshold accepting strategies.
We can conclude that both strategies – improved strategy and threshold accepting –
work quite well in the given environment and find relatively good solutions.

Finally it is noticeable that in each group of experiments (by moving strategy), the
adjustment values, as well as the quantiles are very similar. This means the adjustments
are neither dependant on the number of simulated days nor on the number of households
simulated. A more detailed view of the quantiles of experiments 7, 12, 17 and 22 is shown
in figure 33 as ECDF plots of all 100 adjustment rates from each experiment. They can
also explain the two outliers 3.02 in experiment 15 and 0.69 in experiment 24 where the
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Figure 26: Adjustment curve from experiment 22

values differ from the others in their group. Figure 34 shows the ECDF plots of those
experiments. These are quite similar to the according ones (33(b) and 34(a), 33(d) and
34(b)) which could indicate that some of the adjustment rates were just a little “beyond”
a quantile margin, but show the same behavior.
Table 9 shows that, by trend, a higher number of simulated days or simulated households
lowers the deviance of the simulated load and the adjusted demand set.
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Figure 27: Load curve from experiment 7
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Figure 28: Load curve from experiment 22
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exp. days house- moving runtime adjustment quantiles (%)
no. holds strategy in sec. with w/o 25 50 75 100

1 1 100 none 0.56 N/A N/A
2 1 1000 none 9.56 N/A N/A
3 1 10000 none 99.66 N/A N/A
4 7 1000 none 68.82 N/A N/A
5 30 1000 none 268.78 N/A N/A

6 1 100 Basic 0.51 4.77 4.87 4.49 4.92 5.13 5.59
7 1 1000 Basic 10.95 4.61 4.75 4.36 4.91 5.00 5.27
8 1 10000 Basic 95.60 4.57 4.81 4.53 4.94 5.06 5.19
9 7 1000 Basic 60.25 4.69 4.83 4.56 4.96 5.06 5.25
10 30 1000 Basic 261.98 4.68 4.83 4.58 4.94 5.10 5.25

11 1 100 Improved 0.58 1.08 2.29 0.00 0.00 1.62 4.43
12 1 1000 Improved 9.20 1.05 2.10 0.00 0.01 2.95 4.23
13 1 10000 Improved 100.22 0.95 2.07 0.00 0.00 1.72 4.38
14 7 1000 Improved 63.49 1.04 2.03 0.00 0.01 1.88 4.41
15 30 1000 Improved 275.42 1.14 2.46 0.00 0.00 3.02 4.37

16 1 100 Knapsack 0.54 0.06 0.18 0.00 0.00 0.07 0.48
17 1 1000 Knapsack 8.93 0.06 0.21 0.00 0.00 0.01 0.64
18 1 10000 Knapsack 96.63 0.05 0.15 0.00 0.00 0.02 0.49
19 7 1000 Knapsack 65.20 0.08 0.25 0.00 0.00 0.04 0.64
20 30 1000 Knapsack 262.26 0.07 0.25 0.00 0.00 0.03 0.73

21 1 100 TA 7.92 0.99 2.14 0.00 0.00 1.94 3.61
22 1 1000 TA 78.55 1.06 2.07 0.00 0.02 2.04 3.52
23 1 10000 TA 800.17 1.08 2.12 0.00 0.02 3.05 3.53
24 7 1000 TA 564.38 0.71 1.88 0.00 0.00 0.69 3.55
25* 30 1000 TA 2297.38 0.87 1.80 0.00 0.00 1.18 3.54

Table 8: Simulation results for selected experiments
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exp. no. 1 2 3 4 5

mean deviance in % 8.00 2.87 1.62 2.61 0.03

exp. no. 6 7 8 9 10

mean deviance in % 17.08 14.05 13.45 15.54 14.75

exp. no. 11 12 13 14 15

mean deviance in % 9.87 5.66 4.94 6.79 6.88

exp. no. 16 17 18 19 20

mean deviance in % 9.24 5.32 5.11 6.08 6.15

exp. no. 21 22 23 24 25

mean deviance in % 9.32 5.58 4.90 6.10 6.51

Table 9: Mean deviance of simulated load curve and adjusted demand set
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Figure 29: Adjustment curve from experiment 17
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Figure 30: Load curve from experiment 17

0 5 10 15 20

−
15

0
−

10
0

−
50

0
50

Wattage Overplus/Deficit (according to expected load)

Time (h)

W
at

ta
ge

 (
kW

)

Overplus/Deficit

Figure 31: Adjustment curve from experiment 12
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Figure 32: Load curve from experiment 12
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Figure 33: Cumulative adjustment rates for experiments 7, 12, 17 and 22
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Figure 34: Cumulated adjustment rates for experiments 15 and 24
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4 Conclusion

This thesis tried to find and compare various strategies for private households in order
to perform demand side management in smart grids. Therefore a simulation was cre-
ated, covering all important aspects and entities involved. This includes the power grid
itself and the network operators with their power plants. As there is no information
available about the network operators’ internal production/prediction processes, a own
model was created in order to solve this issue. It uses real data from EEX to create
reasonable predictions, which can be used in the simulation to calculate adjustment
curves. These adjustment curves are sent to a definable number of households which
again contain a dynamic set of devices. Both, the households and their according set
of devices, are modelled by means of statistical data. The households are able to the
adjustment information to manage their energy demand accordingly. How this is done is
determined by the strategies in question. After defining and running experiments using
those strategies, the improved strategy and threshold accepting are found to be the best
for the given environment.
These results were more or less as expected, as the knapsack strategy did not deliver
good results, whereas the threshold accepting strategy performed quite well. On the
other hand, the improved strategy was not expected to operate similarly good.

Further experimentation would improve the gained knowledge, especially if different
models than the used one could be developed. This is especially true if more information
about the network operators’ internal forecast processes and historical data would be
available. This would allow for a real model instead of this “only” realistic model (that
still could be wrong). For this environment/setup I found a good parameterization for
the threshold accepting algorithm, but in a different environment other parameters (cf.
end of section 2.4.4, “Implementation”) could be better. Another parameter that could
be changed is “factor” in the TA energy balance calculation.
That should be kept in mind if altering/extending the simulation. Another aspect might
improve this simulation in another environment – the cost function (also for the threshold
accepting algorithm).

As mentioned earlier in the text, the simulation is available as open source software at
http://www.github.com/bischofc/sgs and every one is invited to fork and improve
it.
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