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a b s t r a c t

Heating and cooling consumption is one of the most significant terms in the total supply, which may
come to represent half of the total demand in European countries. These appliances are supplied by a
wide range of sources, being electrical devices of special interest in the Smart Grid. Current tools allow
the assessment of the consumption with a high accuracy, nevertheless, they lack the temporal resolution
or low-level details to study advanced control techniques. In this context, bottom-up stochastic models
are a main tool to simulate high-resolution demand profiles. This paper presents a 1-min resolution
model for electricity demand of heating and cooling appliances. The system is based on the simulation of
individual households considering variables such as the number of residents, location, type of day
(weekday or weekend) and date. It was used to simulate daily profiles which showed two main demand
peaks, one during mornings and another during dinner time, for heating, and a high demand during
midday for cooling consumption. Moreover, annual simulations depicted the importance of cooling
appliances, which despite having a lower annual demand, can overcharge the grid with their concurrent
utilisation, highlighting the usefulness of this tool for studying the impact of these devices.

© 2017 Elsevier Ltd. All rights reserved.
1. Introduction

Based on the total energy demand, the residential sector rep-
resents on average 30% of the total energy consumption in the
worldwide supply [1]. In the case of Spain, this figure is around 17%
of the total energy consumption and 25% of the total electricity
demand [2]. Moreover, this consumption is increasing in recent
years due to the higher level of comfort required by the standards of
modern society and by thewidespread installation of newdomestic
appliances. These devices mainly comprise of electronic loads,
whose supply quality specifications must also be accomplished [3].

Inside the global domestic electricity demand, different types of
consumption can be distinguished such as those from lighting,
general appliances, and heating and cooling electrical devices. From
all of these sources, the energy demand due to heating and cooling
appliances is probably the most significant and variable term [4].
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The maximum heating demand in some European countries may
come to represent more than half of the total energy consumed in
the residential sector [5]. On the other hand, the cooling energy
term is significantly lower, but with an upward trend [6]. Specif-
ically in Spain, heating and cooling appliances represent between
15% and 18% of the total electricity consumption for a household,
and usually, the heating systems have a higher energy demand than
the cooling appliances [7].

Information about heating and cooling demand in the residen-
tial sector, as well as daily load profiles for various appliances,
already exist for some European countries, specifically inside the
REMODECE (Residential Monitoring to Decrease Energy Use and
Carbon Emission in Europe) project [8]. However, Spain was not
included in this study, and the different schedules of this country
[9], as well as the major use of electrical appliances for heating, in
contrast with other European countries, reinforce the importance
of this analysis. This fact is especially significant in the context of
the future Smart Grid. General domestic appliances are supplied
with electricity, whereas awide range of technologies and different
energy sources such as natural gas, propane, fuel oil, and hot water
(district heating) can be used for the heating systems, making the
modelling process more complex than for other energy end uses
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[10].
In addition, not only do these devices have a heterogeneous

distribution and a high demand, but the interdependence between
their consumption and the weather conditions is even more sig-
nificant. What is more, this relationship has been found to be more
sensitive in the case of residential buildings due to the higher ratio
of building envelope surfaces [11]. These external factors also in-
fluence the renewable resources integrated into the grid such as
solar or wind power. Hence, to reduce the electricity consumption
and provide a better understanding of this type of demand, it is
essential to have a high level of resolution in the consumption
profiles and a separate treatment of each specific energy end use
[12,13], instead of merely knowing the aggregate figures [14]. This
higher resolution of the results is also justified since most demand
response (DR) strategies require a level of granularity between 5
and 30min [15].

Previous works have studied the interdependence of electricity
consumption and temperature mainly by means of so-called tem-
perature response functions. A review of thesemodels can be found
in Fazeli et al. [16]. Pardo et al. [17] and Valor et al. [18] studied the
seasonality of the electricity demand in Spain due to the influence
of the temperature using linear symmetric models. Likewise, in the
work of Moral-Carcedo and Vic�ens-Otero [19], the influence of
temperature on consumption was studied, emphasising the exis-
tence of a nonlinear relationship and proposing different regression
strategies. In addition, some other works can be found in the
context of Europe [20]. However, these functions can only estimate
the daily trends, but not the actual daily behaviour of each heating
or cooling load.

In parallel, a wide range of modelling systems based on infor-
mation regarding the building structure and/or historical con-
sumption records can also be found in the literature. These models
are usually classified as white, black or grey-box. The white-box
models or physical driven models require a detailed knowledge of
the building structure and parameters. As opposed to, the black-box
models or data-driven models establish a relationship between the
source and the consumption by means of statistical techniques.
Finally, the grey-box models lie somewhere in between, making
use of both building parameters and statistical approaches [21].

Currently, many calculation tools that implement some of these
models are available on the market and are widely applied such as
EnergyPlus, TRNSYS, DOE-2, BLAST or ESP-r among others [22,23].
However, in the context of electricity consumption and grid impact
simulation, they present some problems such as the necessity of a
large amount of information regarding the constructions, low
temporal resolutions (usually the minimum available time step is
an hour), and high computational load. Consequently, if the heating
and cooling electrical consumptions of a whole community
composed of 500 or 1000 households are to be simulated, consid-
ering the heterogeneity and the residents' behaviour, their use is
limited [24].

In this field, bottom-up modelling techniques have shown to be
the solution to generate high-resolution energy profiles, while
keeping the individual dispersion of the parameters, since they use
data corresponding to entities below the global heating and cooling
demand. Thus, by using occupancy variations of households, ap-
pliances consumption data, and temperature profiles, for instance,
the daily electricity demand can be modelled [25].

Different models were previously developed using a bottom-up
approach and stochastic techniques. Richardson et al. developed a
model grounded in the usage of daily occupancy profiles [26],
which were subsequently employed as the base data for the esti-
mation of lighting [27] and appliances [28] consumption. Never-
theless, in this paper, only the space heating consumption was
considered, relating its use with the occupancy and temperature
seasonality. Later, a thermal-electrical model was developed by the
same authors, but the heating appliances were supplied with hot
water [29]. Likewise, Wid�en et al. also studied the different elec-
tricity and hot water profiles for Swedish households, but without
specifically focusing on the energy consumed by heating devices
[30]. Moreover, none of them considered the air conditioner con-
sumption, due to the different climate characteristics of the
locations.

Therefore, based on these considerations, the main objective
and the novelty of this work is the development of a model to
simulate not only the heating, but also the cooling electricity con-
sumption in the residential sector, with a high temporal resolution,
and enough flexibility so it can be adapted to different geographical
locations. This model not only takes into account the temperature
seasonality, but also some other parameters such as the type of day
(weekday or weekend), the number of residents per household and
the operation of the actual appliances. The methodology for
developing the model, its application to the case of Spain and its
capabilities for assessing the impact of cooling and heating appli-
ances on the grid are presented.

The following structure will be used in the paper. Section 2
addresses the different data required, the methodology, and the
simulation process. Next, Section 3 presents and discusses the re-
sults obtained using the proposed model, while in Section 4 a
comparison with other previous studies and an error analysis is
performed. Finally, Section 5 gives some conclusions of this work
and future lines.

2. Methodology

The model follows a bottom-up approach and uses a stochastic
algorithm to obtain the consumption profiles of the electricity
demanded in the residential sector by the use of heating and
cooling devices. Moreover, it is not very complex and computa-
tionally efficient. However, it previously requires some information
related to the cooling and heating electricity consumptions, the
appliances, the external weather conditions, and the consumers'
behaviour. The following subsections describe the required data-
sets and the calculation procedure in detail.

2.1. Parameters and data

The input parameters comprise a collection of datasets that aims
to assist in the energy modelling process. Five main groups of data
can be distinguished which are the active occupancy of the
dwellings, the external weather conditions, the relationship be-
tween external temperature and energy consumption, the type,
technology, penetration rate and modelling techniques for the
heating and cooling appliances and the household thermal losses.
Each of these datasets mainly depends on the region to be studied.
The following subsections explain the methodology employed to
obtain and use these data.

2.1.1. Active occupancy in households
The occupancy profile is the cornerstone of the model since

energy consumption in the residential sector is strongly related to
people's activity at home. This occupancy is considered as an active
household occupancy, meaning the number of residents at home
and not sleeping. The residential daily occupancy profile was
generated by simulating a stochastic model based on Markov-
Chains theory and Monte-Carlo techniques. This modelling tech-
nique was previously implemented and validated by Richardson
et al. for UK [26], Lopez et al. for Spain [9], and Wid�en et al. for
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Sweden [31]. In addition, the model developed by Lopez et al. was
already used in a previous work to simulate the lighting con-
sumption in the residential sector showing accurate results [32].

The transition matrices for the Markov-Chain model were ob-
tained from the Time Use Survey (TUS), conducted in Spain during
the year 2010 covering 19,295 people living in 9541 homes [33].
However, similar surveys have been carried out in most of the
European countries and their information is periodically collected
by the harmonised European time use surveys (HETUS) [15]. In this
study, each interviewee wrote information in a diary, during a
completed day and with a frequency of 10min, about the daily
activities they performed, where these activities took place, and
whether someone accompanied them.

The occupancy profile throughout the day was calculated as a
transitional procedure, where the next state of occupancy depends
on the previous one. In Markov-Chains theory, this is ruled by the
so-called transition matrices [34,35]. Since it is a non-
homogeneous Markov process, these matrices were calculated for
each of the 144 instances of time (intervals of 10min for a whole
day). Using these matrices and the Markov-Chains calculation
procedure, the daily active occupancy profiles were obtained, being
able to differentiate between different numbers of residents, loca-
tions and the types of days (weekday or weekend). Finally, the
results are supplied to the main algorithm to estimate the heating
and cooling consumption.
Fig. 1. Climate zones for the study of temperatures (Z) and for the appliance selection
(coloured).
2.1.2. Nonlinear response between temperature and energy
demand. Smooth transition regression (STR)

The use of heating and cooling appliances is directly related to
temperatures. Nevertheless, this relationship is clearly nonlinear
since both increases and decreases in temperature around a so-
called comfort threshold produce a consumption increment.
Some authors previously estimated this threshold around 20 �C
(68 �F). Sailor et al. [36] considered 21 �C (70 �F) for Florida and
Giannakopoulos and Psiloglou [37] 22 �C (72 �F) for Greece. How-
ever, other authors such as Sarak and Satman [38] obtained 15 �C
(59 �F) for Turkey, or in the case of Spain, 18 �C (65 �F) by Valor et al.
[18].

The Heating and Cooling Degree days, HDD and CDD respec-
tively, daily defined as the difference between the average tem-
perature and a given base temperature T� [39], are widely-used
tools to study this relationship. Nevertheless, as different previous
studies depicted, the main problem is the lack of consensus over
the comfort reference temperature T�, which has led to the exis-
tence of various bases for the HDD and CDD calculations. Further-
more, the HDD and CDD methods do not take into account the
progressive transition between the cooling and heating consump-
tion [20]. Consequently, in this work, the relationship between
temperature and energy consumption intensity was studied by
means of smooth transition regression (STR) techniques as it was
previously done by Moral-Carcedo et al. [19].

The STR is based on two linear regression models whose influ-
ence is weighted by means of a logistic function that depends on
temperature T and limits the cooling and heating trends. The total
demand intensity DðTÞ is obtained as the sum of the linear heating
trend of coefficients a1, b1 and the cooling regression with co-
efficients a2, b2. Its expression is indicated in (1).

DðTÞ ¼ ða1 þ b1TÞð1� GðTÞÞ þ ða2 þ b2TÞGðTÞ (1)

In this equation, GðTÞ is the logistic function which varies in the
interval [0,1] and has two parameters as indicated in (2). The
parameter g controls the smoothness of the transition between the
heating and the cooling area, whereas c determines the value of T
for which the change of state occurs.
GðTÞ ¼ 1
1þ e�gðT�cÞ (2)

To establish the relationship between the temperature T and the
consumption D, both daily temperatures and consumption values
were collected for the studied region. The values of the daily
temperatures used in this work were specifically obtained from the
State Meteorological Agency (AEMET) comprising of hourly values
for the years 2014, 2015, and 2016 [40]. Seven representative
climate zones were selected based on the cluster analysis per-
formed by Moral-Carcedo et al. [19] taking a reference city for the
daily temperature profiles. The location of each zone, as well as the
referenced cities, are illustrated in Fig. 1.

As it can be observed each of these climate zones represent a
different percentage of the whole population. Thus, a weight factor
was assigned to each zone according to the 2015 population census
of the country, so the total consumption of the country could be
related to the weighted temperatures. The selected data are indi-
cated in Table 1.

As regards the Electricity demand, it was obtained from the
national network operator in Spain, Red Electrica Espa~nola (REE)
[41]. These data include the total aggregate consumption of the
country with a 10-min resolution for the same years as the tem-
perature (2014, 2015, and 2016). Unfortunately, no disaggregate
data for the residential sectors were available, so a preprocessing
was carried out to eliminate the influence of holiday periods, as
well as sectors which are insensitive to the temperature such as
large industrial consumers. Therefore, the official holiday periods
were eliminated and the daily average consumption of the indus-
trial sector was subtracted from the aggregate figure.

Finally, the historical temperature data indicated above were
employed as the input explanatory variable, whereas the con-
sumption data represented the output response variable. The four
coefficients of the linear functions for the heating a1, b1 and cooling
regression a2, b2, as well as the two parameters of the logistic
function g and c, were obtained using the non-linear least squares
method as proposed by Ter€asvirta [42].
2.1.3. Cooling and heating appliances percentages
The active occupancy and temperature influence the heating

and cooling consumption. Nevertheless, the number and



Table 1
Selected climate zones, reference cities and weight factor for the study.

Zone Weight Reference City

Z1 0.2391 Madrid
Z2 0.1647 Valencia
Z3 0.1073 Valladolid
Z4 0.1037 Seville
Z5 0.1451 Bilbao
Z6 0.1629 Barcelona
Z7 0.0773 Malaga
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technology of the appliances installed in each household will
eventually define the demand. Hence, information about the
possession rate of these appliances, as well as their technology and
distribution, is necessary for an accurate estimation. Furthermore,
this information will be necessary for each one of the geographical
locations in which the simulations will be implemented since the
rates of possession might vary even within the same country.

The percentages of installed heating and cooling appliances in
Spain were obtained from the report published by the Institute of
Diversification and Saving of Energy (Instituto para la
Diversificaci�on y Ahorro de la Energía, IDAE) [7]. In this report,
corresponding to the year 2011, an analysis of the energy con-
sumption in Spain was carried out, distinguishing between the
energy source, energy end use, and climate region. Three climate
regions were defined: the North Atlantic (NA) area (black), the
Continental (CO) region (light grey) and the Mediterranean (ME)
region (dark grey). Each of them is represented in Fig. 1.

Three different figures were used for the simulation model. For
simplification, the subscript H=C will be employed in all of the
expressions meaning that the calculus is performed for both
heating and cooling appliances. First, the probabilities of a house-
hold having at least one heating pH and/or one cooling pC appliance
respectively were calculated for each region r. For that aim, from all
the households Nh the total number of houses H with one or more
heating or cooling appliance aH=C were divided between the total
number of households in the studied region. The employed
expression can be seen in (3).

pH=CðrÞ ¼
PNh

h¼1H
�
h; r

��aH=CðhÞ � 1
�

PNh
h¼1Hðh; rÞ

(3)

Subsequently, the average number of appliances per each
household with heating or cooling installation AH and AC was
determined, by dividing the total number of devices between the
number of houses with heating or cooling installation for each case
as indicated in (4). This means that, whereas some households
might not have cooling or heating appliances at all, the ones which
possess these kinds of devices might have installed more than one
for this purpose.

AH=CðrÞ ¼
PNh

h¼1aH=Cðh; rÞPNh
h¼1H

�
h; r

��aH=CðhÞ � 1
� (4)
Table 2
Percentage use of heating and cooling installation. Average number of appliances per ho

Region Heating

Households with Installation ðpHÞ Appliances per Household ðAH

NA 0.9275 1.18
CO 0.9505 1.23
ME 0.8615 1.41
Spain 0.9001 1.31
The probability and the average number of appliances for each
region can be observed in Table 2. The heating systems are installed
in almost every house with an average number of devices per
household greater than one. The lower percentage of possession is
found in the Mediterranean region where winters are softer.
Regarding the cooling appliances, the situation is completely
different with almost no penetration in the NA region, while in the
CO and the ME areas the percentages are significant but not as high
as in the case of the heating equipment.

In addition to the installation rate and the number of appliances
per household, the type of each one was studied. The probability of
an appliance belonging to a certain technology or type pdH=C

was

obtained by dividing the total number of each type of appliance dH
or dC between the total number of appliances installed in each
region as expressed in (5).

pdH=C

�
r; dH=C

�
¼

PNh
h¼1aH=C

�
h; r;dH=C

�
PNh

h¼1aH=Cðh; rÞ
(5)

Table 3 shows the obtained percentages for different types of
appliances considered, differentiating between climatological re-
gions. It can be observed that a significant variation is obtained
between the values corresponding to the ME region and those
corresponding to the others. Specifically, the heating appliances
such as the conventional or the condensing boilers, which work
mainly with natural gas, have a lower percentage of use in ME
climate than in any of the other regions. However, the percentages
of electric heating appliances are higher in the ME zone, high-
lighting the electrical heater and the electric radiator, along with
non-reversible heat pumps.

Among all these devices, this paper only considers those ap-
pliances which are supplied with electricity, which are the non-
reversible heat pumps, reversible heat pumps, electric radiators
and electric heaters. That is a key point since, whereas in the NA
region the use of heating devices is significantly higher than in the
ME region, as it was observed in Table 2, the appliances in the NA
region are not usually supplied with electricity, while the ones in
the ME are, therefore, their impact on the grid is higher.

As regards cooling appliances, also shown in Table 3, the
observed percentages within the Mediterranean region are higher
too. The use of reversible pump systems for cooling achieves almost
83%, whereas fans and air conditioners represent a relatively small
percentage. It should be also emphasised that reversible pump
systems could be used for both cooling and heating, nevertheless,
they have a marginal usage rate for heating. In this case, all cooling
appliances are supplied with electricity, consequently, the three
proposed, fans, air conditioners, and reversible pump systems,
were considered in the model.

2.1.4. Model of an appliance and thermal behaviour
Each heating or cooling electrical device is modelled using a

series of parameters that identify its behaviour. The definition
combines the operation of the device and the influence of the
insulation and external conditions. In this way, each appliance is
assignedwith an on power Pon, a coefficient of performance COP, an
usehold.

Cooling

Þ Households with Installation ðpC Þ Appliances per Household ðAC Þ
0.0112 0.98
0.3986 0.99
0.6765 0.99
0.4959 0.99



Table 3
Percentage use of each heating and cooling technology.

Appliance NA ðpdH=C
Þ CO ðpdH=C

Þ ME ðpdH=C
Þ Spain ðpdH=C

Þ
Conventional Boiler 0.4972 0.6098 0.2062 0.3756
Condensing Boiler 0.0144 0.0162 0.0063 0.0106
Not Electric Heater 0.0432 0.0300 0.0375 0.0357
Solar Panels 0.0115 0.0101 0.0052 0.0076
Other Heating 0.0649 0.0572 0.0605 0.0599
Non-reversible Pump (Heating) 0.0025 0.0672 0.2459 0.1571
Reversible Pump (Heating) 0.0078 0.0045 0.0039 0.0046
Electric Radiator 0.2138 0.1152 0.1977 0.1722
Electric Heater 0.1447 0.0898 0.2368 0.1768

Fan 0.6683 0.0890 0.0495 0.0620
Air Conditioner 0.0485 0.2543 0.1215 0.1570
Reversible Pump (Cooling) 0.2832 0.6567 0.8293 0.7810

Table 4
Parameters of the appliances considered in the model.

Appliance Pon [W] COP PF PTh [%] Tth [�C] d [�C]

Non-reversible Pump (Heating) 1142 4.05 0.9 86.46 24.5 4.52
Reversible Pump (Heating) 1151 4.02 0.9 86.46
Electric Radiator 2200 1 1 75.72
Electric Heater 1200 1 1 57.81

Fan 70 1 0.9 0 25.3 5.87
Air Conditioner 1200 3.34 0.9 100
Reversible Pump (Cooling) 1300 3.75 0.9 100
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on time ton, an off delay toff , a power factor PF and a probability of
having a thermostat control PTh, which have associated an average
threshold temperature Tth that varies with a given standard devi-
ation d whose value was obtained from Ref. [43].

The values for ton and toff were assigned by considering a one-
thermal mass equivalent thermal parameter (ETP) model of a
household as it was proposed by Smullin [44]. The thermal mass C
is coupled with the outdoor temperature Ta by means of the
equivalence transmittance radio of the house denoted as H. In
addition, a coefficient Qloss has been added to represent the internal
gains. The expression of toff in minutes for the cooling case is
indicated in (6) where TthL ¼ TTh � d represents the thermostat low
threshold and TthH ¼ TTh þ d is the upper bound. This expression is

only valid when Ta þ Qloss
H > TthH since, otherwise, the temperature

will be between the comfort limits and no coolingwill be necessary,
meaning toff ¼ ∞. Practically, this value was considered as an hour
for the study, a value long enough to allow for further switch-on
events.

toff ðTaÞ ¼

8>>>><
>>>>:

C
H$60

ln

"
Ta � TthL þ

Qloss

H

Ta � TthH þ Qloss

H

#
; Ta þ Qloss

H
> TthH

60 ; Ta þ Qloss

H
� TthH

(6)

In the sameway, the ton for the cooling is expressed in (7) where
Qc is the heat removed, considered positive for the cooling case and
calculated as (8). As well as in the previous case, this expression is
only valid when the removed heat can compensate the rest of the
thermal losses, for the rest of the cases where the operating time
will be equal to infinity, again a maximum period of operation of an
hour was selected.

tonðTaÞ¼

8>>>><
>>>>:

C
H$60

ln

"
TthH�TaþQC �Qloss

H

TthL�TaþQc�Qloss

H

#
; TaþQloss

H
�TthL<Qc

60 ; TaþQloss

H
�TthL �Qc

(7)

Qc ¼ COP � Pon (8)

The Equations (6)e(8) are also valid for the heating case, but the
thresholds TthL and TthH are interchanged since the behaviour of the
hysteresis band is the opposite and the heat Qc from the heating
appliances has to be considered negative.

In the case of non-thermostat controlled appliances, no toff is
assigned and the ton is regulated by the users' behaviour and the
external conditions with a continuous operation until the switch-
off event. The mean power, COP value, as well as an average esti-
mated power factor, were obtained after a study of the main
available products from some heating and cooling manufacturers
[45e48]. In addition, the ton of each appliance for the non-
controlled cases was selected based on [49], where the use pat-
terns of the domestic appliances within Europe were studied.
Table 4 lists the selected values.

Regarding the insulation parameters and the type of construc-
tion that allows for the calculation of the parameters C and H, the
data collected in the European project ENTRANZE [50] were
considered. The values are presented in Table 5.

2.2. Simulation methodology

The simulation process was implemented in two stages. First,
each dwelling is assigned a group of heating and cooling devices, as
well as thermal characteristics, depending on the climate zone.
Furthermore, for the selected period and the number of residents
the active occupancy profile is estimated. After this and using the
daily temperature profile, the system determines the on/off events
of each appliance with 1-min resolution, consequently, calculating
the electrical consumption that they have associated. Fig. 2 depicts
this process whose operation is described in the following
subsections.

2.2.1. Initialisation process
The initialisation process is carried out for each of the Nh

households that will be simulated. In this stage and after loading
the probabilities for the selected region, the system defines the
heating and cooling appliances, and the insulation characteristics.
The appliances are selected using three stochastic processes. First,
two random numbers rH and rC uniformly distributed between
[0,1] are generated and used in an inverse sampling in the cumu-
lative distribution function (CDF) of having heating PH or cooling PC
devices installed, where PH=C are Bernoulli distributions with



Table 5
Distribution of dwelling stock for the studied region.

Year Stock (%) U Floor [W/m2K] U Walls [W/m2K] U Ceiling [W/m2K] U Windows [W/m2K] Area [m2]

<1945 13 2.45 2.52 1.75 5.7 87
1945e1969 23 2.45 2.13 1.37 5.7 73
1970e1979 19 2.45 2.13 1.37 5.7 86
1980e1989 12 0.8 1.6 1 3.3 88
1990e1999 12 0.8 1.6 1 3.3 88
2000e2008 20 0.7 0.8 0.54 3.1 99

Fig. 2. Flowchart of the simulation algorithm.
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p ¼ pH=C , calculated as indicated in (3).
If this operation equals 1 for the heating H and/or the cooling C

installation, then the number of devices of each type is determined.
In this process, two more random numbers are generated aH and
aC , and then sampled inversely in the normal distributions PHa, PCa
with mH=C ¼ AH=C , as in (4), and sH=C ¼ 1. After this, the number of
heating NH and cooling NC appliances is calculated.

Subsequently, each appliance is finally assigned to a given
technology from the ones considered in Table 3. For that aim, a
random number dH=C is generated for each of the NH=C appliances
and used in an inverse sampling over the discrete CDF of an
appliance belonging to a certain technology PHd=Cd, whose proba-
bility mass function (PMF) is defined by the columns corresponding
to each region in Table 3. As it was indicated, the modelling process
only considers those appliances supplied with electricity. Thus, in
some cases, although the number of heating NH and cooling NC
devices in the previous stage could be different to zero, if the
selected technology in this step does not use electricity, the final
number of devices will be zero.

Once the appliances are distributed, the insulation parameters
of each house are assigned. This process is performed bymeans of a
random number i uniformly distributed between [0,1], which is
used to perform a random sampling over the discrete CDF of
households' stock Pi . The PMF pi in this case is defined in Table 5 as
the stock of households of each year and insulation characteristics.

After the definition of the household, three steps are carried out
before starting the simulation process for each minute. First, the
initial conditions of the system are calculated, which means the
initial occupancy Oðt ¼ 0Þ as well as the operation point of each
appliance. The initial occupancy is assigned based on the discrete
CDF of active occupants for the initial minute of the simulation,
whereas ton and toff are calculated for each device using (6), (7), and
(8), but multiplying the duty cycle by a random number between
[0,1].

After that, the occupancy profile for the selected period is
calculated with a 10-min resolution, using the number of residents
in the household and the type of day. For each 10-min instance t10,
a random sampled number Rt uniformly distributed between 0 and
1 is generated. After this, the random number is employed to
calculate the following state of occupancy Onðt10Þ by means of the
inverse probability sampling of transition matrix Pij for the step t10
and considering the previous occupancy state of the dwelling
Onðt10 � 1Þ as indicated in (9).
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Onðt10Þ ¼ P�1
ij ðt10jOnðt10 � 1Þ;RtÞ (9)

Since the occupancy profile has a lower resolution than the
simulation algorithm, the occupancy is considered constant for
each 10-min interval, an approximation that has no impact on the
results since the occupancy changes have a much lower frequency
than the appliances' activation and deactivation events.

Finally, before starting the simulation, the temperature profile
which is contained in a database, was accessed depending on the
date and selected region, and subsequently loaded. The profiles in
the database are stored with 1-min resolution, but they were lin-
early interpolated from 1-h resolution data as indicated in Section
2.1.2. Nevertheless, the evolution of the temperature during the day
is slow and hourly interpolated data were found to be enough to
estimate accurate profiles. What is more, the structure of the sys-
tem allows new data to be stored with more resolution when
available.
2.2.2. 1-Minute consumption simulation
The simulation process after the initialisation of each household

is performed for every minute of the simulation interval and for
every appliance, evaluating the state of them and updating the ton,
toff , and PðtÞ accordingly. The whole process can be observed on the
right side of Fig. 2.

In this way, first, the system checks the active occupancy of the
dwelling, being a necessary condition for the activation of the
heating and cooling appliances, but not sufficient. Nevertheless,
since some appliances can be programmed to operate over periods
of inactivity (absent or sleeping residents) an additional condition
was added when no occupancy was detected. Thus, when no active
occupants are in the dwelling a random number rsw is generated
and inversely sampled over the discrete CDF Psw that follows a
Bernoulli distribution with p ¼ 0:05. This parameter is an average
probability obtained from the survey on households and environ-
ment [43] where the interviewees indicated if they left the heating
and cooling devices activated when they were either absent or
sleeping. If the result of this comparison is false, the appliance is
deactivated and its Poff is added to the 1-min total power profile
PðtÞ.

In case there is active occupancy, the appliance can be in three
different states: active ðton >0Þ, waiting ðtoff >0Þ or deactivated�
t ¼ 0; toff ¼ 0

�
. If the appliance is in the active state, its operation

cycle is decreased and its active power Pon is added to the total
power profile. When the appliance is waiting, the off cycle, in this
case, is decreased and the inactive power Poff is aggregated to the
total load. Otherwise, if the appliance is completely deactivated the
possibility of turning it on is evaluated based on the temperature
profile, the active occupancy and the house insulation parameters.
Two stages comprise this evaluation.

First, the relationship between the average daily temperature
and the consumption intensity is evaluated by means of the STR
function DðTÞ previously described. This function was normalised
ðDzÞ by dividing the generated values between the demand in the
estimated equilibrium temperature (18.7 �C) and depends on the
fitted parameters that will be presented in the results. Likewise, the
active occupancy is considered but as an effective occupancy [12].
This relationship was obtained from the data provided by U. S.
Energy Department in the so-called Residential Energy Consump-
tion Survey [51]. This survey was carried out in 2009 in the United
States and includes information about the end uses of each
household and their characteristics (number of residents, appli-
ances), allowing to relate the number of residents per household
with the equivalent yearly consumption EðOðtÞÞ. As in the previous
case, it was divided between the average consumption for 1-
resident houses so it was normalised EzðOðtÞÞ. This normalisation
also allowed us to use U.S. consumption data although the model is
being applied to Spain.

By means of these two indices Dz and Ez and a calibration scalar
for each type of appliance, zH=C , which is discussed in the following
section, a probability is obtained and a comparison is performed
with a randomly generated number R. In case this number is lower
than the obtained probability the conditions of temperature and
occupancy might require the use of heating or cooling appliances
respectively. Otherwise, the appliance will remain inactive.

Finally, if the conditions determined that it is possible to use the
appliance, the active ton and waiting time toff are assigned based on
(6) and (7). These final equations take into account the household
thermal characteristics and the high-resolution temperature pro-
file. Therefore, depending on the values of these parameters the
final assigned operation time could also be null, but they allowed
for the simulation of the low-level behaviour of the appliances
during the day, one of the main novelties of this model.

2.3. Calibration

Due to the random and stochastic techniques employed, the
power and energy results are not scaled with the real values
observed within the region where the simulation was accom-
plished. Therefore, an iterative process was implemented to cali-
brate both heating and cooling consumption by means of zH and zC
variables, which previously appeared in Fig. 2. To obtain each of
these scalars, 10 iterations over 1000 different households Nh were
performed, considering the heating and the cooling appliances
separately.

fH=CðsÞ ¼
E�H=Ch

1
N
PNh

h¼1EH=CðhÞ
i (10)

zH=CðsÞ ¼ zH=Cðs� 1Þ$fH=CðsÞ (11)

Before starting the calibration process, a value of 1 is given to
zH=C . In each of the 10 iterations (denoted by s) fH=CðsÞ and zH=CðsÞ
are determined by means of (10) and (11). fH=CðsÞ is the quotient
between the average value of the heating application consumption
observed within the studied region E�H=C , taken as reference, and

the average result of the 1000 simulated houses, being EH=CðhÞ the
energy consumed during a year, and for a specific household h. The
value of E�H was selected as 265.899 kWh and E�C equals to
139.311 kWh [2]. zH=CðsÞ is the updated scalar value obtained for
each iteration s, which will be inserted in the next iteration using
the Equation (11). This figure will be employed to update the value
of the scalar for each iteration, where zH=Cðs� 1Þ is the value of the
scalar obtained in the previous iteration (or 1 if it is the first
iteration).

3. Results

3.1. Model implementation

The simulation process was implemented using JAVA pro-
gramming language. This language and its object-oriented philos-
ophy facilitated a flexible implementation with interoperability
between operating systems, and other features required in this
development such as database and network connectivity, concur-
rency and functional programming. The systemwas developed as a
JAVA enterprise application and was provided with a RESTful



Fig. 3. Logical implementation of the simulation system and developed GUI.

Table 6
Estimated values for the STR model using nonlinear least squares.

Parameter Estimate Std. Error

a1 589,700 18,950
b1 0 7236
a2 90,370 90,190
b2 17,500 3224
g 0.2911 0.06241
c 15.16 1.798
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application programming interface (API) and a database to store the
required information as it is illustrated in Fig. 3. Using this API, the
simulation parameters and the results can be sent to the system
from any device that implements a network connection and the
HTTP protocol which increases the usability and integrability of the
system in other simulation platforms. In addition, a general user
application (GUI) was developed to ease the use of the system,
where the simulation parameters can be configured (Conf. GUI) and
the results visualised (Results GUI). This GUI is integrated into the
previous one developed in Ref. [32].
3.2. Temperature-energy STR function

The methodology described in Section 2.1.2 used the weighted
temperature data by region and the filtered electricity consumption
to estimate the STR model by means of the non-linear least squares
method as proposed by Ter€asvirta [42]. The scatter plot in Fig. 4
illustrates both the data point (black round symbols) and the
fitted values (grey diamond symbols). As can be seen, the estimated
trend clearly matched the observed values. An equilibrium tem-
perature was observed with a value of 17.8 �C for which the elec-
tricity consumption is insensitive. This value was almost similar to
the one previously found by Valor et al. [18]. Any value above or
Fig. 4. Smooth Transition Regression (STR) model for temperature-demand
relationship.
below this threshold has associated a consumption increase.
The estimated parameters are listed in Table 6 together with

their standard errors. It can be seen that the slope modelling the
heating consumption b1 was estimated as zero with no significance
for themodel. That is due to the deviation of the parameter c, which
regulates the transition value for the logistic function, from the
equilibrium temperature (17.8 �C). This is caused by the increase
that the cooling consumption presents. In this way, whereas the
heating demand reached a saturation point for lower temperature
values, the cooling consumption increased even at high tempera-
tures. This effect confirms the previous observations of Moral-
Carcedo and Vic�ens-Otero [19] for data from 1995 to 2003. In that
study, a small upward trend in the cooling demand was observed
throughout the study years. This trend is clearly visible in this study
where data from 2014 to 2016 have been used, showing the higher
penetration rate of cooling devices.

3.3. Daily aggregate trends

The results were obtained using the presented calculation al-
gorithm and with the aid of the developed GUI. The individual daily
profiles of an isolated house present a chaotic pattern as might be
expected of a stochastic model. Therefore, in order to observe and
detect aggregate trends, daily simulations were performed
considering a group Nh houses located in different regions and for
different dates. The daily consumption vectors of each household
P1440 were aggregated according to (12):

PNh
1440 ¼

XNh

h¼1

ðP1440Þh (12)

Fig. 5 represents the daily consumption profiles for an aggregate
of 10,000 households, simulated for a weekday in the locations of
(a) Seville, (b) Madrid and (c) Bilbao and for 4 relevant dates in the
year 2015.

As it can be appreciated in Fig. 5, the shapes and trends of the
daily consumption profiles are highly related to the season and
consequently with the type of appliances which are used in each
case. During the months of January, February, March and part of
April, heating appliances are responsible for the daily curve shape,
so the highest consumption peaks are associated with the periods
of high active occupancy and low temperature. As it can be
observed for the 1st January (solid black line), these two peaks take
place from 08:00 h to 12:00 h and from 20:00 h to 00:00 h.

Nevertheless, their amplitudes depend on the location. Thus, for
(a) Seville, located in the south, the peaks aremore pronounced due
to the higher temperatures during midday, but the consumption is
also larger since mainly electrical appliances are used. In the case of
(b) Madrid the installation rate of electrical appliances is lower so
the power demand is too. The same trend is observed in (c) Bilbao,
which due to the lower temperatures, presents a higher con-
sumption than (b) Madrid even though the installation rate of
electrical heating devices is lower.

In the Summer scenario, the 28th June (solid grey line), the daily



Fig. 5. Daily consumption profiles for heating and cooling appliances.
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profile shows the main demand peak from 13:00 h to 18:00 h. This
higher demand can only be observed in (a) Seville and (b) Madrid,
whereas in (c) Bilbao almost no energy consumption takes place
during the summer months as the percentage of cooling appliances
is extremely low (around 1%) and the temperatures aremoderate. It
should also be pointed out that the cooling peak is almost twice the
amplitude of the heating peaks. This higher figure is related to the
hot and dry summers of the studied locations and the fact that only
Fig. 6. Annual Demand Profiles for different locations.
electrical appliances are employed for cooling purposes.
Finally, two other days, one in spring the 18th April (dashed grey

line) and another in autumn the 15th October (dashed black line)
were studied. They correspond to transition days between the
heating and cooling consumption and vice versa. In the case of (a)
Seville, no consumption is observed in these days as the city is
located in the south and the temperatures are usually within the
comfort limits in these dates. In contrast, both (b) Madrid and (c)
Bilbao present consumption for the studied days, although the
power demand is not as high as in the winter scenario.

For the 18th April, the consumption has a flat shape during the
day once the active occupancy has started. In the case of the 15th
October, the consumption figures are almost similar but the
morning and night peaks are more pronounced since the thermal
amplitude during this month is higher. To visualise this a broader
time horizon was studied in the following section.
3.4. Annual demand

The daily estimationwas extended to a year, although themodel
allows for simulating even a sequence of years, providing the
temperature data are available in the system database. Using the
three previous locations Seville, Madrid and Bilbao a cluster of 1000
households was evaluated for the year 2015. The results are illus-
trated in Fig. 6, where the daily energy demand for the whole year
is represented. The results were obtained by calculating the daily
energy of the aggregate power consumption Pi of each household h
for the Nh houses selected for the simulation as expressed in (13).

ENh
365 ¼

XNh

h¼1

0
B@
" X1440

i¼1

1
60

½Pi�
#
365

1
CA

h

(13)

The annual profiles show the peculiarities of each climate zone.
In the case of Bilbao in the North (solid grey line), the consumption
during thewinter season is similar to the one found in Seville in the
South (dashed black line). Nevertheless, although the temperatures
in Seville are higher than in Bilbao the percentage of electrical
appliances in Seville is almost twice as high as Bilbao. In the case of
Madrid (solid black line), the use of electrical heating appliances is
similar to the one in Bilbao but the temperatures are not so cold so
the consumption is slightly lower.

Regarding the summer, the trend is completely opposite. Bilbao
(solid grey line) shows no consumption at all during this period,
whereas Seville (dashed black line) and Madrid (solid black line)
Fig. 7. Load duration curve for 200 households located in Seville during a year.



Table 7
Comparison between the developed model and REMODECE data for different
countries and dates.

Country Winter Summer

France Portugal Italy Greece

N Meas. 27 5 10 11
RMSE 849 102 222 172
NVF 0.7009 0.1601 3.5866 0.6905
E/day [kWh] 24.3 6.13 2.82 4.97

E/day [kWh]
Model

4.61 5.63
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have a considerable high energy demand, being the highest con-
sumptions of the year found during the months of July and August.
Likewise, if the transition between the heating and cooling con-
sumption is observed, Seville presents a very low or almost null
consumption from April to the middle of May and from October to
the middle of November, whereas Madrid and Bilbao have a low
demand but still not zero.

3.5. Impact on the grid

The two previous simulation methodologies were combined to
obtain a 1-min resolution annual power profile. Using this profile,
the load duration curve for both heating and cooling demand was
calculated. In this way, a simulation of 200 households located in
Seville was performed for the year 2015. Fig. 7 represents the ob-
tained results where the Y-Axis indicates the instantaneous power
demand for the whole cluster of households and the X-Axis is the
amount of time that this instantaneous power demand occurs
during the studied year.

As it can be observed in Fig. 7, the cooling load presents higher
instantaneous power demand than the heating curve for an
equivalent time longer than 50 days a year. However, the heating
load has a significant value for almost 110 days whereas the cooling
load only presents a high consumption for 70 days. Hence, although
the annual cooling energy demand is generally lower than the
heating load, the concurrence of a high-power demand in a short
period might cause the overcharge of the network. This is of special
interest in the current context due to the integration of more
renewable energy resources and the purchase of more cooling
appliances to increase the comfort level.

4. Validation

The accuracy of the proposed model was evaluated by
comparing the daily generated profiles with previous works. The
main reference in the European context that includes high-
resolution disaggregated data is the REMODECE project [52]. This
research did not take into account Spain so a direct comparison
cannot be performed. Nevertheless, other regions with similar
climate characteristics were used in order to evaluate and validate
the profiles. For this aim, the database of the REMODECE project
was queried [8]. This database includes not only data from the
REMODECE project (years 2006e2008) but also data from some
other local projects such the Eureco project (years 2000e2001) in
the case of Italy.

To allow the comparison of the profiles generated by the pro-
posed model and the individual hourly energy records of the
REMODECE project for each household, the model was used to
estimate the average curves for one day of winter and one day of
summer, calculated for 10,000 households, and weighted between
the different studied location of Spain. Subsequently, the hourly
Fig. 8. REMODECE data for dif
energy consumption was calculated and compared with the
average results of the REMODECE project for France and Portugal in
the case of winter and Italy and Greece for the summer consump-
tion. The results can be seen in Fig. 8 where the winter profiles are
presented in the subfigure (a) and the summer consumption in the
subfigure (b).

In the case of the winter profiles (a), a larger energy consump-
tion is presented in the case of France with a consumption peak
during the night, which might be justified due to the higher
installation rate of storage heating systems and the colder winters.
Nevertheless, the profile obtained for an average Portuguese
household almost resembles the one estimated by the model. On
the other hand, in the case of the summer profiles (b), the energy
estimated by the model is larger than the one obtained for Greece
or Italy in the REMODECE project. However, the different daily
schedules, as well as the milder temperatures of these countries
due to the sea influence, could lead to these different figures and
profiles.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
t¼0

ðPModelðtÞ � PMeasðtÞ Þ2
vuut (14)

NVF ¼ MSE

PMeas
2 ¼

Pn
t¼0ðPModelðtÞ � PMeasðtÞ Þ2

n
�1
n
Pn

t¼0PMeasðtÞ
�2 (15)

The profiles were numerically evaluated by means of two in-
dicators, the root mean squared error (RMSE) expressed in (14), and
the normalised variation factor (NVF), a pseudo-variance in which
the mean squared error (MSE) between the generated profiles
PModelðtÞ and the measured data from the REMODECE PMeasðtÞ is
normalised using the squared mean of the reference measures as
indicated in (15). The results are listed in Table 7 together with the
number of measures (N Meas.) that were found in the REMODECE
database for each country.

As can be seen, the highest RMSE was obtained between the
model winter profiles and the ones found in France. Nevertheless,
ferent locations vs Model.
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the climate characteristics also vary significantly. In the rest of the
cases, the RMSE and NVF have similar values indicating that
although themodel does not perfectly match the reference profiles,
the estimated power figures are within the expected range. It
should also be highlighted that, whereas the IDAE report used in
this project [2] is composed of 6390 interviews and 600 details
measurements of 22 appliances, the REMEDOCE database only in-
cludes a handful of households and offer a much lower temporal
resolution (1-h) than the one proposed in this model (1-min).

Regarding how this accuracy compares with other simulation
methodologies and previously published works in the field of load
modelling [53], it should be considered that the main goal of the
proposed model is to study the impact of low-level appliances such
heating and cooling devices on the electrical grid for the residential
sector. Thus, the chaotic behaviour of the residents and the het-
erogeneity of the buildings and installed appliances forced us to
seek a compromise between precision and diversity.

In the context of energy forecasting, artificial neural network
(ANN), autoregressive integrated moving average (ARIMA), and
regression models are usually applied to hourly and sub-hourly
predictions [54]. These models showed, in general, a higher accu-
racy than the proposed one [55,56], but they are limited to the
context of a single building [57], mainly commercial ones with fixed
schedules and patterns that also conferred them a good robustness
[58,59]. Nevertheless, they lack the flexibility to be applied on a
larger scale such as a district, a city or a region [60].

As opposed to, the bottom-up approach proposed in this article
has a stochastic nature that provides a wide diversity of con-
sumptions at the individual household level, but, as depicted by the
figures, it presented a good accuracy in the aggregate trends as well
as robust results due to the calibration process that is performed.
Moreover, it provides a capability that none of the other method-
ologies has, which is the low-level simulation of the appliances.
This feature makes the model especially suitable for studying the
impact of the appliances in the grid in twoways. First, the operation
of heating and cooling devices at an individual household level can
be modified to simulate demand response programs and assess the
benefits, both from the economic and the environmental point of
view. Secondly, since the rate of possession of heating and cooling
devices can be modified, future scenarios can be evaluated such as
the increase in the number of cooling appliances and the possible
overcharge of the network.

Finally, in terms of speed, the model is mainly designed to
operate offline as an assessing tool. However, if the household
parameters are known, the environmental variables are measured,
and the occupancy patterns are established or given, an online
simulation can be carried out, calculating the next consumption
step based on the current state of the system.

5. Conclusions

This work has presented the development, implementation,
along with the capabilities and potentialities, and followed by the
validation process, of a stochastic model whose goal is the gener-
ation of synthetic high temporal resolution electricity consumption
profiles for heating and cooling appliances that can be used to study
the impact of these devices in the future Smart Grid. All the input
data used in the simulations were obtained in the context of Spain.
Nevertheless, the flexibility of the simulation procedure allows for
the inclusion of new locations by providing the required input
datasets as exposed in the Methods section.

The proposed algorithm was implemented using the high-level
programming language JAVA and a server based philosophy so it
can be easily integrated into other simulation tools. Likewise, a GUI
was built in order to facilitate the selection of the input parameters
for the model and the visualisation of the results, allowing the
export of the data to CSV files and performing further processing
with other software.

The daily profiles have shown the existence of two well-
differentiated consumption intervals during the year. From
November to the end of March, the energetic consumption can be
attributed to the heating appliances, distinguishing twomain peaks
in the daily consumption profiles: one during the morning hours
and another during the dinner time. In contrast, the demand during
the middle hours of the day varies within the different regions. In
opposition, during May, June, July, and August, cooling appliances
account for the energy consumption. Therefore, the consumption
was observed to be concentrated during the central hours of the
day having a higher demand than the heating consumption in some
locations.

That was confirmed by the yearly simulations which showed the
ability of the model to simulate the climate characteristic of given
locations. Thus, not only is the system able to simulate the daily and
yearly variations, but also the peculiarities in the different zones,
provided the system database contains the necessary input data.

Combining the 1-min resolution and the yearly simulations, the
impact of the cooling and heating appliances on the grid was
assessed by mean of the annual load duration curves. The results
depicted the benefits of this tool that allowed the detection of the
high instantaneous demand required by the cooling system. These
devices, despite having a lower annual energy consumption can
overcharge the electrical network due to their concurrent uti-
lisation and their widespread use nowadays.

Finally, the results were validated against previously developed
works focused on disaggregated consumption metering. The
comparison between the REMODECE curves and the ones obtained
by this model showed that the figures estimated by the model are
concordant with the observed trends in other countries. Never-
theless, due to the differences in the climate characteristics be-
tween the studied region and those included in the REMODECE
project the results are not directly comparable and do not perfectly
match the reference data.

Therefore, this simulation model together with a previous one
regarding lighting consumption simulation [32], are the first steps
by the authors to build an assessment tool for the future Smart grid.
The final aim is to develop an integrated platform for modelling the
electricity consumption in the residential sector. Thus, a general
appliances consumption model is being implemented, following
the presented stochastic philosophy, and will be discussed in future
papers. This will provide an overview of the global electrical con-
sumption for the residential sector and it will also be the base from
which to analyse the impact of different energy saving policies,
focusing on both DR techniques and more efficient appliances.
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