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Abstract

Los sistemas de Home Energy Management Systems son una tec-
noloǵıa que une hardware y software para supervisar, analizar o con-
trolar el uso de la enerǵıa y la producción de esta dentro de un hogar.

El objetivo global del proyecto es la implementación de un algo-
ritmo de optimización que minimice los costes energéticos de un hogar,
es decir, implementar un Home Energy Management System o HEMS
para tarifas de discriminación horaria.

Con este sistema de administración de la enerǵıa mostraremos
los beneficios que tiene tanto para el usuario com para la compañ́ıa
eléctrica adquirir un Home Energy Management System ya que per-
mite al usuario ahorrar dinero y a la compañ́ıa eléctrica le beneficia
ya que reduce las emisiones en horas de gran demanda.

La robusted del algoritmo ha sido demostrada, consiguiendo que
el usuario ahorre semanalmente hasta un 10% de los costes semanales,
tras esto se estudia el tamaño óptimo para su bateŕıa haciendo que
sus costes asociados también se reduzcan.

Home Energy Management System is a way of reducing the costs
of energy consumption,maintain customer comfort levels, make easier
the demand response management, and accommodate the integration
of distributed renewable energy resources.

The scope of this thesis will be mainly focused on the assessment
of a HEMS optimization algorithm being based on Time Of Use taris.
The objective of this thesis is to demonstrate from an economical point
of view the advantages for the user a HEMS can provide.

The robustness of the algorithm is proven under a forecast error
impact analysis. When the HEMS control is confronted against a
conventional control we obtain for our simulation a 10% of weekly cost
reduction. After the economical aordability of the battery is studied,
we propose several ways to improve the eciency that can lead the user
to higher benets.
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1 Introduction

The rise of the costs in energy production over the last years, the concern
about the environment, the Green house effect and the latest developments of
smart grids, has driven us to the research of new ways to improve the energy
management systems of our homes. That is when the known as HEMS (Home
Energy Management System) arrived in the electricity sector. Home Energy
Management System is a way of reducing the costs of energy consumption,
maintain customer comfort levels, make easier the demand response man-
agement, and accommodate the integration of distributed renewable energy
resources.

This study will be focused on the economical aspect of a Home Energy
Management Systems in a simulated household. We will study the economi-
cal benefits a HEMS can provide by optimizing the weekly consumption and
after that we will study how to improve the economical investment of the
battery, which is a key part of the system.

The methodology will be: Firstly we will review the state of the art of
the HEMS and the electrical tariff market (in Section 2). In section 3 the
algorithm that models a household with a HEMS will be described. In section
4 we will design a TOU tariff based on literature for the simulation and we
will analyze the behavior of this algorithm under it. To demonstrate the
robustness of the method we will show the weekly consumption profile of
this system under different forecast errors. After that we will confront the
HEMS control against a conventional control and the economical benefits
that the HEMS can offer to the user will arise. Last but not least, we will
study the optimal size of the battery for this system, calculating the cost of
its life taking into account the investment costs, the operation costs and the
cycle costs.

2 HEMS

Even there are many ways to refer to it, in the literature we can find dif-
ferent names for HEMS, like “Energy Management System”(EMS). “Home
Energy management System” (HEMS) and “Residential Energy Management
System”(REMS). Those terms [1] are defined as a technology that incorpo-
rate hardware and software to supervise, analyze and control the use and
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production of the house energy. Authors describe the main objectives for the
HEMS [2] as follows:

• Well-being: We would define well being as the state of being com-
fortable and happy. The amount of well being is difficult to measure
because it varies a lot depending on the consumer and its daily routine,
but it’s a huge purpose to obtain when managing the consumption of
the energy.

• Costs: Involve the amount of financial movements included inside the
management of the energy in a Home. The majority of the costs will be
the energy consumption, but its also important to include other costs
like environment taxes or the price of the devices.

• Emissions: As we said before nowadays the population has become
more concerned about the environment and the green house gas emis-
sions, most of them directly related to electricity consumption.

• Load profiling: [1] It measures the convenience of the load profile like
reducing the grid dependence or reducing the peak demand. Some
analyze the self consumption [3] ,the peak shaving [4], the load shifts
and cuts [5].

2.1 Electrical market context

One of the biggest problems the electrical industry has to handle with, are
the demand peaks in the grid, created by a big electrical demand on specific
times of the day. In other words, when customers run a lot of equipment or
appliances such as pumps, refrigerators etc. at the same time they increase
the peak demand on the network.

Under a traditional flat tariff scheme customers have no incentive to re-
duce their demand during peak hours. As such, utilities often use time pricing
as an incentive to alter household behavior with the aim of reducing system
peak demand and improving overall grid reliability. In some cases feed-in
tariffs have been an incentive for customers to install Photovoltaic panels at
their houses [30]. Under the feed in tariff, PV owners are offered a guaran-
teed long-term contractual purchase agreement by the electrical industry for

4



all the power they generate. Typically, producers get a fixed price pro kWh
for the PV power they generate, for example in [31] they get 0.175e/kWh, in
that way producers are incentives to optimize their PV efficiency and output.

The Renewable Energies are growing significantly in the later years, since
they are depending on the weather conditions its changeable and uncertain.
As we said before, the peak demand in electricity has increased in the past
and its not descending for the future. These conditions create a gap between
power production and consumption. A solution involving the improved trans-
mission distribution network, the reduced CO2 emissions, the reduced margin
for capacity generation are the main scope of Demand Side Management.

2.2 Demand Response Strategies

Demand response is defined as ”the changes in electric usage of end-use
customers from their normal consumption patterns in response to changes in
the price of electricity or to incentive payments designed to induce lower elec-
tricity use at times of high wholesale market price or when system reliability
is jeopardized”.

Demand Response has two options: price-based options and incentive-
based options. One example of the incentive-based option is Direct Load
Control (DLC), a program in which the utility remotely switches off a cus-
tomer’s electrical equipment (e.g. air conditioner, water heater) on a short
notice. The price-based options schemes are:

• Time of Use Pricing (TOU): the electricity tariff is low for the off-peak
periods, higher for mid-peak periods and the value is highest for on-
peak periods.

• Critical Peak Pricing (CPP): the tariff is lower than the fixed tariff
throughout the year and increases few days a year in case of critical
peaks.

• Real Time Pricing (RTP): the electricity price reflects the actual mar-
ket price at a given time and it changes in a short time step.
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In this thesis we choose to study just the TOU tariff.

2.3 Time of Use tariff

This kind of tariff applies different prices for electricity at different times
of the day. Time is divided into peak, shoulder and off-peak periods (reflect-
ing the level of demand on the electricity network, peak corresponds to the
highest demand, off-peak the smallest and shoulder the intermediate).

2.3.1 Characteristics

From the consumer’s perspective, under the TOU tariff, they have incen-
tives to save electricity bills by changing their electricity use from the peak
period to the off-peak period or use energy efficient products.

To implement the TOU tariff, it requires electronic meters for setting on
the different time periods of the day. This type of tariff encourages the adop-
tion of plug-in electric vehicles, solar photovoltaic pannels and distributed
energy storage technologies, because during the optimal time of charging(
the off-peak period) it provides lower rates, furthermore it provides high
rates during the discharge time.

On the other hand, electricity load reduction in the peak period may
enable electricity companies to avoid high electricity generation cost at the
peak period and additional peak capacity installation. The company offers
a fixed price for each of the three periods,(in some cases there are only two
periods instead of three). This prices are updated at least every six months
but it depends on the company.

In fact, TOU rates have some disadvantages too. They are not dynamic
because they are not affected by the changes in the actual wholesale market
prices which can be a problem when addressing specific events of the year,in
this case they are not as useful as dynamic rates. TOU rates do not provide
a large peak load reduction as these dynamic rates mentioned before due to
the price signal being averaged over a large number of high demand hours
instead of very high-priced hours.
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2.3.2 TOU in literature

The TOU tariff has been tested and implemented in some European coun-
tries, some states in the USA, Asia and Australia in the past decade. In the
literature, there are extensive studies on electricity pricing, because electrical
suppliers are seeking a more efficient pricing mechanism to deal with peak
periods.

One of the aims of this work is to find a representative tariff from the
different studies in literature. During the years, TOU tariffs have been inves-
tigated for the different seasons, it is during the summer season when we can
review some articles like [28] [15] where they have an specific tariff for the
summer season that is different to the rest of the year. In others like [29] the
summer season is treated like an off-peak period. Regarding weekends we
find that as happens with summer season in [28] they refer to the weekend
both as another specific tariff or as an off-peak period.

Due to the little agreement we find regarding the summer and weekend
topic, the tariff we are going to design in Section 4 is going to have a stable
and fixed price, no matter what season or day of the week it is. Therefore, in
Table 1 are listed the time ranges we find in the literature, for the different
periods of the day in 24hour format.
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Peak Period Shoulder Period Off-Peak Period Ref.

7:00-11:00 and 17:00-21:00 11:00-17:00 21:00-7:00 [15]
12:00-18:00 – 18:00-12:00 [16]
15:00-19:00 10:00-15:00 and 19:00-22:00 22:00-10:00 [16]
14:00-20:00 7:00-14:00 and 20:00-22:00 22:00-7:00 [9]

7:00-11:00 and 17:00-20:00 11:00-17:00 and 20:00-22:00 22:00-7:00 [17]
7:00-11:00 and 17:00-20:00 – 20:00-7:00 and 11:00-17:00 [18]

14:00-18:00 – 18:00-14:00 [18]
7:00-11:00 and 16:00-20:00 – 20:00-7:00 and 11:00-16:00 [18]

6:00-00:00 – 00:00-6:00 [19]
9:00-22:00 – 22:00-9:00 [16]
11:00-20:00 6:00-11:00 and 20:00-23:00 23:00-6:00 [16]

9:00-12:00 and 17:00-20:00 11:00-17:00 19:00-7:00 [20]
7:00-11:00 and 17:00-19:00 – 19:00-7:00 and 11:00-17:00 [21]

13:00-21:00 7:00-13:00 21:00-7:00 [16]
13:00-23:00 23:00-1:00 and 7:00-13:00 1:00-7:00 [22]
13:00-23:00 23:00-1:00 and 7:00-13:00 1:00-7:00 [23]
13:00-22:00 – 22:00-13:00 [?]
12:00-22:00 – 22:00-12:00 [24]
8:00-19:00 – 19:00-8:00 [25]
8:00-19:00 – 19:00-8:00 [26]
13:00-19:00 – 19:00-13:00 [27]

Table 1: TOU tariff periods in literature.

Table 2 contains the prices/kWh that have been used in literature, and
their corresponding ratio for each period. The currency is not included be-
cause each of the studies corresponds to a different country and the only
thing that matters is the ratio calculated from it.
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Peak Price Shoulder Price Off-peak Price Peak Ratio Off-peak Ratio Ref.

0.15989 0.14038 0.12154 1.1 0.9 [15]
0.1102 – 0.0675 1.2 0.8 [16]
0.183 0.075 0.048 2.4 0.6 [16]
0.3564 0.1408 0.0814 2.5 0.6 [9]
0.087 0.07 0.03 1.2 0.4 [17]

1 – 0.17 1.7 0.3 [18]
0.88 – 0.2 1.6 0.4 [18]
0.23 – 0.09 1.4 0.6 [18]

0.1215 – 0.04119 1.5 0.5 [19]
0.09 – 0.04 1.4 0.6 [16]
0.3 0.175 0.065 1.7 0.4 [16]

0.175 0.128 0.083 1.4 0.6 [20]
0.0777 – 0.0259 1.5 0.5 [21]
0.083 0.061 0.045 1.4 0.7 [16]

0.167534 0.092275 0.075605 1.8 0.8 [22]
0.156462 0.087415 0.067102 1.8 0.8 [23]
0.145726 – 0.063709 1.4 0.6 [?]
0.149806 – 0.07492 1.3 0.7 [24]

0.121 – 0.051 1.4 0.6 [25]
0.094 – 0.061 1.2 0.8 [26]
0.3784 – 0.0631 1.7 0.3 [27]

Table 2: TOU tariff prices in literature.

3 Modeling

Now that we reviewed the theoretical context where this thesis has been
developed, we can describe the behavior of the different objects and processes
involved in the algorithm through their modelling equations.

3.1 Optimization Function

In literature, a mixed integer linear programming problem(MILP) is the
most common for optimization, because is a kind of problem where some
of the decision variables are constrained to be integer values which expands
the scope of useful optimization, and some can be non-integers. Mixed In-
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teger Linear Programming problems are solved by Gurobi Optimizer. The
Gurobi Optimizer is a commercial optimization solver for linear program-
ming, quadratic programming, quadratically constrained programming, mixed
integer linear programming, mixed-integer quadratic programming and mixed-
integer quadratically constrained programming. Gurobi is using a linear-
programming branch-and-bound algorithm.

Function

The optimization objective is minimizing the operation costs of the dif-
ferent flexibility sources considering electricity price scheme and the feed-in
tariff.

Minimize

T∑
t=0

 import costs︷ ︸︸ ︷
Pimp(xd,t)Cimp,t−

export revenue︷ ︸︸ ︷
Pexp(xd,t)Cexp,t

 .

Subject to Pimp(xd,t) + PPV,t︸ ︷︷ ︸
electrical production

= Pexp(xd,t) +
D∑

d=0

Pd(xd,t) + Pdem,t︸ ︷︷ ︸
electrical consumption

.

Where Pimp(xd,t) and Pexp(xd,t) are respectively the imported and ex-
ported power from/to the grid. Cimp,t and Cexp,t are respectively the import-
ing cost and exporting revenue in e/kWh which depend on the electrical
pricing considered. PPV,t and Pdem,t represent the uncontrollable PV produc-
tion and electrical demand. Pd(xd,t) is a continuous variable representing the
power consumption of the scheduled device d, classified into classes.

3.2 Household devices

When we talk about categorizing the different house devices that are
included inside the modeling problem it can be difficult because of each of
them has their own characteristics. Some works have tried to define a model
that represent each device [7] [8] [9], and others tried to simplify it by creating
limited response classes for all devices.
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In this work we will use the following names for each response class based
on the names found in the literature even there is very little convergence in
this topic.

• Uninterruptible loads: These devices have a determined working time
so they should run for that specific time once they have started [10] [11].
Some of them are: Clothes dryer, Dishwasher, oven, washing machine

• Interruptible loads: The interruptible loads are characterized by the
possibility of being taken away from the current whenever its needed
to. As we can read in [6] the arised of Distributed Energy Storage De-
vices like Plug-in Electric Vehicle offers new possibilities like injecting
energy directly to the grid or to other home loads. A big door of new
possibilities is offered by this bi-directional energy movement. The de-
vices included in this category are: Electric vehicles or swimming pool
pump.

• Regulating loads: These kind of devices should keep a device’s energy
state near to a desired state. They have operating limitation or penal-
ties for deviating from the desired energy state to keep in balance the
well-being of the consumer.Their common names are: Controllable dy-
namic load, regular loads, thermal loads, thermostatically controlled
loads. [12] [13] [14] Some are: air conditioner, electric heater, heat
pump, refrigerator and water heater.

• Energy storage: As its own name says, those are for maintaining energy
to be used when needed, commonly they are Batteries, but there are
more types of energy storage [32].

3.2.1 Modelled devices

In this subsection we discussed the devices involved in the algorithm and
the equations that rule their behavior.

Electrical Heater

The electrical heater is a heating device constituted by an electrical resis-
tance. It’s installed in the water tank to provide heat power in order to fulfill
the Domestic Hot Water demand. The heat power output of the electrical
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heater is governed by the efficiency of the electrical heater ηEH . The selected
EH is “on-off”, it can be either not working or switch on.

PEH(t) =UEH(t)·PEH,max.

UEH(t) is a binary value, can be 0 or 1.

QEH(t)=ηEH ·PEH(t) .

The decision variables are UEH(t), PEH(t), QEH(t) and the constraints
are expressed in the previous equations. Through UEH(t)the electric power
consumption covers the two states.

Heat Pump

The heat pump is a very efficient thermo-electrical device. Using an in-
verse fridge cycle extracts heat power from a low temperature source such as
air or water. The heat pump in this work supplies the space heating system
radiators. The heat power output of a heat pump is leaded by the coefficient
of performance (COP) that is a function of the temperatures of the source
and the sink, but for simplicty we will assume it to be constant. The heat
pump chosen has two steps of working conditions so that the heat power
output can assume only the values determined by the steps.

PHP (t)=(stepHP (t)/stepsnum)·PHP,max.

stepHP (t) between [0, stepsnum] and is an integer.

QHP (t)=COPHP ·PHP (t).

The decision variables arePHP (t), stepHP (t), and QHP (t) which con-
straints are expressed in the previous equations.

Battery

We will consider a lithium ion battery model. The charging power Pcharge

[kW] and the discharging power Pdischarge [kW] are constrained by the power
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limitations due to the maximum admissible current in the cells and the in-
verted power.

0 ≤Pcharge(t) ≤Pcharge,max .

0 ≤Pdischarge(t) ≤Pdischarge,max .

The charging and discharging power relation is based on the following
equation, corresponding to the energy balance, where the time-step can last
15 min or 1 min depending on if the model is called during optimization or
scheduling and the time is discretized. The discharging and charging power
of the current time-step are assumed to have been constant in the previous
time-step while the energy accumulated in the battery evolves in time.

Ebatt(t)= Ebatt(t− 1) + 4t · (ηbatt ·Pcharge(t) - (Pdischarge(t) / ηbatt))) ,

Ebatt(t) [kWh] defines the energy stored inside the battery at given time-
step. ηbatt is the efficiency of the battery and the state of charge of the battery
is defined as follows:

SOCbatt(t)= Ebatt(t) / Ebatt,max ,

the state of charge SOC is expressed as:

SOCbatt,min ≤SOCbatt(t) ≤SOCbatt,max.

The decision variables of the MILP problem are Pdischarge(t), Pcharge(t),
Ebatt(t), Ebatt(t− 1), SOCbatt(t) and a soft constraint variable introduced to
avoid infeasibilities and the constraints are expressed in the previous equa-
tions.

Water tank storage

The water tank is a thermal device that stores thermal energy in the wa-
ter contained in it. The energy stored in the water tank is function of the
average inside temperature T(t). We can see the following equation, that
describes its thermal behaviour, discretized in time, together with the ex-
pression of the thermal losses and the definition of the water tank State of
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Charge with its constraints.

SOCWT (t)=EWT (t)/ EWT,ref ,

where:

EWT (t)= EWT (t− 1) + 4t(QEH(t) - QDHW (t) - Qlosses(t)) ,
EWT,ref= Pw·Cp,w·VWT ·(Tmax − Tmin) ,
Qlosses(t)=qloss·EWT (t− 1) ,
SOCWT,min ≤SOCWT (t) ≤SOCWT,max.

The energy stored in the water tank is decreased by the DHW demand
and by the thermal losses and is increased by the heat power supplied by the
electrical heater. The heat power loses are proportional to the temperature
difference between water tank and the ambient temperature and can be rep-
resented as a linear function of the energy stored. The decision variables are
EWT (t), SOCWT (t), Qlosses(t) and a soft constraint introduced to not have
infeasibilities.

3.2.2 Total Costs

The following equation describes how are calculated the total energy costs
of one week simulated:

Total costs =
∑T

t=0

 import costs︷ ︸︸ ︷
Pimp(xd,t)Cimp(t)−

export revenue︷ ︸︸ ︷
Pexp(xd,t)Cexp,t

 .

Pimp is the energy imported along the week [kWh] .
Cimp(t) electric grid importation price. In our case this price will be deter-
mined by the TOU tariff. In the next section we will show how this tariff is
implemented into the algorithm.
Pexp is the energy exported along the week [kWh] .
Cexp,t is the feed-in tariff [e/kWh] .

Given that:

Pexp ≤ 0.
If Pexp 6= 0,Pimp = 0 .

14



If Pexp 6= 0,Pexp = 0 .

That means that a given timestep is either characterized by energy importa-
tion, or by energy exportation. It’s not possible to have both simultaneously.

Energy import

The process when the energy is being bought from the grid, follows these
equations:

Pgrid(t)=Eneedtot(t)-Egaintot(t) .

If Eneedtot(t) > Egaintot(t) then Pgrid(t) > 0.
Where Pgrid(t) is the electrical energy from or to the grid at time-step t,
Eneedtot(t) is the total energy needed at time-step t,
Egaintot(t)is the total energy gain at time-step t.

Now Eneedtot(t) is substituted by the devices which consume energy: elec-
trical heater, heat pump, charging of the battery and uncontrollable loads.
The gains are photovoltaic production (PV) and discharging of the battery.
The equation converts into:

Pimp(t) =Euncontr(t) +Ebattcharge(t) +EEH(t) +EHP (t) -EPV (t) -Ebattdischarge(t).

Pimp(t) Energy imported from the grid at time-step t (> 0).
Euncontr(t) Energy consumed by uncontrollable loads at time-step t.
Ebattcharge(t) Energy charged by the battery at time-step t.
EEH(t)Energy consumed by the electrical heater at time-step t.
EHP (t) Energy consumed by the heat pump at time-step t.
EPV (t) Energy produced by photovoltaic system at time-step t.
Ebattdischarge(t) Energy discharged by the battery at time-step t.

Finally, the energy cost associated to an importation time-step is obtained
as follows:

C(t) = Pimp(t) ·Cimp(t).
C(t) Energy cost associated to the time-step t (> 0).
Pimp(t) Energy imported in the time-step t (> 0) .
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Cimp(t) is the price for the energy imported from the grid. So here again we
will need to implement the TOU tariff. Let’s discuss it in next section.

Energy export

The process when the energy is being sold to the grid, follows these equa-
tions:

Pgrid(t)=Eneedtot(t)-Egaintot(t) .

If Eneedtot(t) > Egaintot(t) then Pgrid(t) < 0 .
Where Pgrid(t) is the electrical energy from or to the grid at time-step t,
Eneedtot(t) is the total energy needed at time-step t,
Egaintot(t)is the total energy gain at time-step t.

Again, Eneedtot(t) and Egaintot(t) is substituted by the devices which con-
sume energy:

Pexp(t) =Euncontr(t) +Ebattcharge(t) +EEH(t) +EHP (t) -EPV (t) -Ebattdischarge(t).

Pexp(t) Energy exported to the grid at time-step t (< 0).
Euncontr(t) Energy consumed by uncontrollable loads at time-step t.
Ebattcharge(t) Energy charged by the battery at time-step t.
EEH(t) Energy consumed by the electrical heater at time-step t.
EHP (t) Energy consumed by the heat pump at time-step t.
EPV (t) Energy produced by photovoltaic system at time-step t.
Ebattdischarge(t) Energy discharged by the battery at time-step t.

The energy cost associated to an exportation time-step is obtained as follows:

C(t) = Pexp(t) ·Cexp.
C(t) Energy cost associated to the time-step t (< 0) .
Pexp(t) Energy imported in the time-step t (< 0).
Cexp Cost of the electricity sell back to the grid e/kWh.
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4 Simulation

The algorithm uses real data from a weekly profile of uncontrollable loads,
electrical demand, external temperature, heat demand, sun irradiation and
domestic hot water demand as inputs. We will name this weekly profiles as
scenarios or real scenarios.

We consider for the simulation 9 real scenarios that represent real data of
the energy consumption of a house in a given week. The algorithm iterates
across 5 increasingly higher error in the forecast. Each stage or iteration
correspond to a possible forecast error: “Error 0%”, “Error 10%”, “Error
20%”, “Error 50%”, “Error 100%”. Each forecast error represents the portion
of the highest error found in the literature for a given forecast [33]. For
example the highest error found for electrical demand is 12%, thus “Error50”
represents a error of 6% in the electrical demand.

For each ’Error%’ iteration the algorithm goes through each forecast set
(the 9 scenarios), finding the optimal schedule and calculating the expected
costs every time. It’s necessary to perform controls before the application of
the optimal schedule obtained, in order to verify that the optimal solutions
found fit in the requirements:

• Power limits

• State of charge

• Time for a device to switch on

• Internal temperature limits

The schedule is then applied with a time step of 1 minute. Each device is
assigned with the value of power consumption. While applying the schedule
and updating the quantities, the demand and weather data are the real ones.
The scheduling horizon has a duration of 24 hours and the rescheduling hori-
zon of 12 hours. The energy consumption, the exportation and importation
and associated costs are stored during the scheduling process. At the end of
the scheduled week, its possible to sum the costs to have the required result.
This process is repeated for every forecast set at a given real scenario and
for every real scenario at a given forecast error.
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Scheduling horizon (h) 24
Rescheduling horizon (h) 12

Optimization time resolution (min) 15
Scheduling time resolution (min) 1

Grid electricity prices (TOU) (e/kWh) 0.40824, 0.2916, 0.17496
Feed-in tariff (e/kWh) 0.12

4.1 Parameters chosen for the simulation

Previously in Section 3 we have described all the devices and processes
that contribute to the simulation. Now we will define the values for all the
parameters we defined in the household model. From the tariff to each device.

4.1.1 Designed TOU tariff

Based on the literature reviewed in Section 2, we now proceed to choose
the most representative TOU tariff to implement in the simulation.

In Table 1 there are 12 tariffs with a 2 time period schedule, from a total
amount of 21 references. In the other hand the most recent studies have
chosen a three period tariff for their implementations. With a perspective
to the future the time schedule we are going to choose is the correspond to
three time period. Because we cannot find an accurate similarity between the
others. In this case we will use the following one, which is in the literature
review repeated 2 in the 9 references for a three period tariff:

Peak Period 13:00 to 23:00
Shoulder Period 23:00-1:00 and 7:00-13:00

Off-Period 1:00-7:00

In order to create a justified tariff for our model, we calculate the ratio of
the prices for the different tariffs in literature and get the most representative
one. Once we have this we will create our time of use tariff with the base
price of the e/kWh in Germany.

To select the most representative prices, we look at Table 2, where the
ratio for the peak period with a value of 1.4 appears 6 times of 21 references.
The next value under this is 1.7 and appears 3 times o 21. The average of
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all the peak ratios has a value of 1.5. Though we will consider the ratio of
the 1.4 as the most representative because it is repeated several times and it
is close to the average.

The ratio for the off peak period we are going to choose is 0.6 as it’s
repeated 7 times of 21 and the next value under this is 0.8 and appears 4
times in 21 references. The average of all the off peak ratios has a value of
0.6, so we will consider it as the off peak ratio.

The calculation of the ratio was done in this way, in order to have a
competitive price compared to the flat rate tariffs. After settling the prices
for each period,our tariff stays as follows:

Period Corresponding timing Ratio Base price e/kWh Total coste/kWh
Peak 13:00 to 23:00 1.4 0.2916 0.40824

Shoulder 23:00 to 1:00 and 7:00 to 13:00 1 0.2916 0.2916
Off-peak 1:00 to 7:00 0.6 0.2916 0.17496

The given algorithm sets for the feed-in tariff a fixed price of 12ce/kWh
it means that when there is a surplus of energy due to the PV or the battery
storage this energy is going to be sold back to the grid.

4.1.2 Devices parameters values

Electric heater

The parameters related to the electrical heater, used in the simulations,
are in the following table:

Efficiency (-) ηEH 0.95
Maximum electric power (kW) PEH,max 5.0

Values assumed by UEH(t) (-) 0,1

Heat pump

The parameters related to the heat pump, used in the simulations, are
listed in the following table.

Coefficient of Performance (-) COPHP 3
Maximum electric power (kW) PHP,max 5.0

Number of steps stepsnum 2
Heat power output steps (kWth) 0, 7.5, 15

19



Battery

The parameters and their units, related to the battery, used in the simu-
lations are listed in the following table.

Capacity (kWh) Ebatt,max 4
Maximum discharge power (kW) Pdischarge,max 2

Maximum charge power (kW) Pcharge,max 2
State of charge max (-) SOCbatt,max 0.95
State of charge min (-) SOCbatt,min 0.1

State of charge initial (-) SOCbatt,initial 0.5
Battery efficiency (-) ηbatt 0.95

Water tank

The parameters and their units related to the water tank, used in the
simulations are listed in the following table where the water density and the
water capacity are assumed as constant.

Minimum water temperature [◦C] Tmin 40
Maximum water temperature [◦C] Tmax 60

Volume [m3]VWT 0.2
Water density [kg/m3]Pw 1000

Water specific heat capacity [J/(kgK)] Cp,w 4181.3
State of charge initial (-) SOCWT,initial 0.5
State of charge initial (-) SOCWT,max 0.95
State of charge initial (-) SOCWT,min 0.05

Losses coefficient [1/h] qloss 0.005

4.2 Consumption analysis

For each Error% folder and each of the 9 scenarios the code generates
qualitative information in 9 plots in .jpg format and quantitative information
about the costs and the energy consumption in .txt files.

The information that we can extract from the plots is key to see that
the algorithm has worked well with the TOU tariff and is making decisions
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to optimize consumption. We should expect that it will import energy from
the grid when the prices are low and avoid importing energy when we have
a peak price. We can see an example of the generated plots in Figure 1:

Figure 1: HEMS energy consumption (Error0, scenario0)

Concerning the Heat Pump, we can see that the program is keeping the
internal temperature in a comfortable value around 19◦C while concerning
about the different cost of buying energy to the grid at the different times
of the day (TOU tariff in yellow). Knowing this information we can see that
the behavior of the heat pump (P HP in the graph) is properly working, as
it doesn’t buy energy when the price is high.

At the same time we can observe, by looking the behavior of the SOC
battery and the SOC water tank, how both the Battery charge and the
Electric Heater (that heats the water tank) behave. In both cases we can see
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that most of the importation of energy happen avoiding peak price periods.
Thus saving money to the user.

About the battery we can see also that the battery discharges when the
peak period is ongoing, so the house still have energy supply when the prices
are higher. This plot shows that the battery is a key component of a HEMS
under a TOU tariff. Because it offers electrical flexibility to easily avoid the
peak periods while having energy for the house.

4.3 Impact of the forecast errors

As we pointed before the algorithm generates some .txt files with quan-
titative information about how much energy was consumed or the costs for
that consumption. This information is specially useful to compare the results
between scenarios and forecasts errors to see how sensitive the algorithm is
under the error in the forecasts. With the quantitative data in the .txt files
we made some plots in Excel to analyze this sensitivity.

In Figure 2 we can see that the 9 scenarios can be expressed as three
different groups of three similar scenarios, for each forecasts error. Having a
total of 27 points in the graph.
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Figure 2: Costs for a week for all scenarios and error0, error50 and error100

Only Error0, 50 and 100 are plotted because they are the most relevant.
The costs for similar scenarios are distant between each other (smallest group
around 3e, medium group around 24eand biggest group around 82e). In
Figure 3 we can see a zoom inside the triangular dots. These data correspond
to scenarios 0, 3 and 6.
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Figure 3: Costs for a week scenarios 0, 3, 6

The mean values for each group are:

Error Mean Value
0 23.2
50 24.5
100 25.9

As it was expected, bigger the error in the forecast, more expensive costs
for the weekly consumption. Quantitatively for these three scenarios the
difference in the costs between Error0 and Error50 is 1.3e and between
Error0 and Error100 is 2.7e.

In order to have a more general view of the impact of the forecast in the
optimization algorithm, we have created the next graph by doing the average
of the 9 scenarios results for each of the different errors.
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Figure 4: Costs and energy consumption for the different forecast errors

Figure 4 shows that when the error increases, both the energy consump-
tion and costs increase as well. Quantitatively we can see that the algorithm
is saving around 2e each week between not having any error and having
the maximum error (error 0= 36.3e and error100= 38.41e), and saving 1e
between Error0 and Error50.

To have a deeper look in the behavior of the algorithm across the errors
in the forecast, we show in Figure 5 the same plot than Figure 1, but for
Error100 instead of for Error0. In Figure 5 we can see qualitatively that
the algorithm consumes more energy, but it still avoids the peak periods, as
in Figure 1. In other words, having more error in the forecasts does not affect
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to the well behavior of the algorithm under the TOU tariff, which is to avoid
peak periods to consume energy to save money.

Figure 5: HEMS energy consumption (Error100, scenario0)

We want to highlight the robustness of the algorithm. Pointing out that
even with the highest error in the forecast, the HEMS will still make in-
telligent decision to minimize the costs. Now we will compare it with a
conventional control ant then, the positive economical impact of having a
HEMS will arise.

4.4 HEMS vs Conventional control

In the previous sections we have seen how the HEMS behaves under
a TOU tariff, how it makes decisions about energy consumption and how
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sensitive is the process to the forecasts errors. In this section we will show
why having a HEMS is a desirable tool for the management of energy in a
house as it allows the owner to save money in the energy bill. Showing this
result is the main goal of this thesis.

In order to see the economical impact of the system, we may see the
energy management of a regular house which is not regulated by a HEMS,
referenced as ’conventional control’ and compare it to our ’HEMS control’.
The scenario in Figure 6 is characterized by low temperatures, around 0
Celsius degrees. Under this condition the common practice most of the users
follow is to turn on the heat engine or heat pump and keep it on for all day
long. That is exactly what we can see in the Figure 6. We see a continuous
consumption of energy to stabilize the temperature inside the house. As the
consumption doesn’t stop during the week, the same amount of energy will
be imported from the grid in every TOU tariff period. Before analyzing the
numerical data, let’s see how the HEMS control works in this same scenario.

Figure 6: Thermal behavior (Conventional control, scenario 1)

27



Figure 7 shows a remarkable different approach to the same scenario.
While the conventional control consumes energy with no interruptions, HEMS
control imports energy in a more selective way: Turning off the heat pump
in shoulder or peak periods and eventually importing a bigger amount of en-
ergy. This behavior creates an irregular temperature profile inside the house,
but always fulfilling the comfortable temperature limits we have defined (17.6
and 19.6 Celsius degrees).

Figure 7: Thermal behavior (Conventional control, scenario 1)

When we analyze numerically both cases, the difference is clearer: While
the conventional control spends 89.1e for 292.3kWh, the HEMS control
spends 82.0 e for 320.1kWh. That is a significant costs reduction even with
more energy consumption. This case shows specially well why the HEMS
control is superior to the conventional control in terms of saving money.

However this difference exists in the rest of the scenarios but is not as
significant as the case we just reviewed. To have the best picture of these
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differences we should compare the average for all the 9 scenarios for both
controls. Figure 8 shows that even with the highest error in the forecast,
the HEMS control’s economical expenses are significantly lower than the
conventional control ones. We can see also that the energy consumption is
lower in the conventional control. As we expected, it follows the same trend
as the case we discussed before. To the point that for Error0 the economical
difference reaches about 10% of the weekly energy bill.

Figure 8: Conventional control expenses vs HEMS control expenses

In this section we have demonstrated the main objective of this thesis:
We have explained how the HEMS control beats the conventional control in
economical terms and how much impact it can have in a weekly energy bill.
Let’s point out that saving about a 10% of the weekly energy bill can be a
big deal in a domestic economy.
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4.5 Battery size analysis

The battery has a key role in the HEMS, because it offers flexibility to
avoid peak periods and improve the management. As the main goal of this
thesis is showing how convenient is a Home Energy Management System to
save money to the user, we shall consider the economical impact of having
different sizes for the battery. The battery implemented in the algorithm is
a Li-ion battery. This kind of battery has been demonstrated that has the
highest efficiency in the market [32].

Taking into account that a bigger battery would lead to higher investment
price (Cinvest), the cost per cycle of the battery (Ccycle) and the savings the
battery made or operating costs (Cop). With these 3 types of costs we can
calculate the life cost of the battery, following the next equation:

Clife [e] = Cinvest [e] + Ccycle [e] - Cop [e]

As we said before Cop is the money the user is saving for having a battery
implemented in the HEMS previously defined in comparison to the price we
obtain in a simulation without the battery. We obtained a value of 40.70
e/week for the simulation without battery, approximately 10% above the
weekly costs of the Error0 simulation with the initial battery. We represented
these savings (that is why the sign is negative) as e/week, but for this
equation we will need it as e. So we will consider a 10 year period to
evaluate this value for this equation. Cinvest is the initial investment for the
battery. It is estimated in 1000 e/kWh [34], so we will need it multiplied
by the amount of storage (in kWh) our battery has. Ccycle is also described
in [34], the authors propose the following equation:

Ccycle [e/cycle] = CBESS ·EBESS / ηBESS [e/cycle]

CBESS is the cost of the Battery Energy Storage System (BESS), which is
estimated in 1000 e/kWh, and EBESS is the energy the battery can storage
(in kWh). We can see that CBESS ·EBESS = Cinvest, as we have defined it.
ηBESS is the maximum number of cycles the battery can have, according
to [34], is estimated in 6000 cycles. As we want Ccycle to have [e] units,
we need to search the number of cycles/year and again consider a 10 year
period to evaluate the equation. The number of cycles/year is equivalent (by
a factor of 365/7) to the number of cycles per week.
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A cycle is defined as the process of charging and discharging the battery.
We calculate the cycles/week value taking the amount of energy discharged
by the battery per simulated week divided by the total energy the battery
can store. Now we can calculate the different Clife for different battery sizes.
The results are written in Table 3.

EBESS[kWh] Cinvest[e] Cop[e/year] Ccycle[e/cycle] Ccycle[e/year] Clife[e]
1 1000 88.64 0.17 77.69 890.50
2 2000 146.00 0.33 128.01 1820.11
4 4000 229.42 0.67 200.40 3709.74
6 6000 344.14 1.00 278.62 5344.74
8 8000 417.14 1.33 349.79 7362.49

Table 3: Clife for the different sizes of the battery EBESS

In Table 3 we see that all the Clife values are positive, this means that
after the time considered (10 years) the net worth of the investment is bigger
than the savings that the HEMS provided you for that period. In other
words, with the current implementation of the HEMS we have studied, the
market prices the batteries have and the number of cycles provided by the
state of the art Li-ion batteries, the result of the inversion is negative. We
want to say that we also considered 20 and 30 year periods and the results
are similar.

In Figure 9 we can see that the cost and the battery size follow an in-
creasing trend for our data.
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Figure 9: Impact of battery size in Clife

Firstly this analysis proofs that the best battery for this household sce-
nario and this algorithm is the smallest battery considered. With a 1kWh
storage in 10 years the net worth of the inversion would be an amount of
890.50 e to the user. We conclude that the best battery size for this house-
hold the best choice is the smallest considered, as it provides enough power
and it’s the cheapest. Unfortunately, with the technology and the market
prices we have worked in this thesis, this set of batteries are not economicaly
beneficial for the user. Nevertheless we are not disencouraged by this result.
Because in future studies, when the battery market can offer lower prices and
higher life cycles, we can come back to this analysis and reconsider the net
worth of the investment. In the conclusion we will propose other solutions
to this issue.

5 Conclusions

In this thesis we have studied the economical impact of a Home Energy
Management System under a TOU tariff for a simulated Household. The
time stepped shape of the TOU tariff has permitted the algorithm to take
advantage of the cheaper periods to import the majority of the energy for the
household. This approach benefits both the user, because of the savings, and
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the grid, because any household equipped with a HEMS will not contribute
to the high demand peak and therefore the grid will be less saturated.

The main objective of this thesis is showing how this system leads users
to a positive impact in their economies. Section 4.2 shows that the HEMS
makes intelligent decisions under a TOU tariff. In The results obtained in
Section 4.3 show the amount of energy and weekly costs for the different
forecasts errors in the simulation. The cost increases from the ground value
of 36.30e(for Error0) around 2.5% (0.96e) for the Error50, and around 5%
(2.11e) for Error100. In addition we have seen that the algorithm still makes
intelligent decisions when the error in the forecasts is maximum. These two
facts demonstrate the robustness of the algorithm, because the results under
uncertainties are coherent and make the users save money.

The best proof of the economical efficiency of the HEMS arises when
we compare it against a conventional control (Section 4.4). As this kind of
control lacks of optimization algorithm, the difference for the weekly costs
rises up to 40.26 e, around 10% more than the perfectly forecasted HEMS
control. It is also remarkable that the conventional control consumes less en-
ergy, which means that the HEMS control brings the user not only a positive
economical impact but more comfort in the Household.

As we have seen that the HEMS takes advantage of the lower price pe-
riods, we can consider the battery a key component of the HEMS. As it
electrical flexibility allows you to store energy to spend it when the price is
on peak. Therefore we have done a study about the economical impact the
size of the battery has in the simulation. In this study we have taken into
account the savings they can offer to the user in a period of 10 years and the
market values for the initial investment and the number of cycles the battery
can offer. The conclusion is that for the given household, market prices and
life cycles the optimal battery is the smallest among the considered (1kWh),
because is the one with the lowest Clife = 890.50 e.

This value of Clife represents the effective value for the user after 10 years
of usage. It is important to highlight the saving that it provides during 10,
20 or 30 years are not enough to compensate the initial investment that the
state of the art Li-ion batteries offer.

Nevertheless there are four future scenarios that can turn this result and
make the user benefit economically in the long term: 1) That the battery
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market prices decrease in a significant amount and that the future research
of batteries lead to an massive improvement in the number of cycles the
batteries can have. 2) Future improvements in the HEMS technologies than
can lead the user to save more money each week. 3) Developing better fitted
tariffs to the real consumption as well as a decrease in the prices of the
electrical market 4) A significant improvement in the energy efficiency of the
different household devices.

For all the scenarios we feel encouraged to make further studies regarding
the topic.
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