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Abstract: The increasing share of renewable energy sources on the supply side, as well as the
so-called electrification pathways on the demand side, has led to peculiar challenges for electrical
systems: Indeed, the increasing load demand has to be balanced from the supply-side viewpoint.
In particular, the residential sector contributes to nearly 26% of the final energy consumption in
Europe, suggesting that a further understanding of households’ consumptions and load profiles
is needed to support an energy transition. In this context, this paper contributes to the existing
discussion by proposing a sociodemographic analysis of Italian households’ load profiles using
a smart metering experimental study, while also considering the households in energy poverty
conditions. For the sake of generality, results are presented based on a previously proposed household
segmentation of the Italian residential sector. The outcomes point out three prominent peaks on
load profiles for all the identified clusters, with a notable distinction in intensity. Where children
are present, a higher load profile is noted, reaching a maximum value of 600 W of absorbed power
between 19:30 and 22:30. Conversely, households in an energy poverty condition show a relatively
regular load profile, ranging from a minimum of 110 W of absorbed power in baseload conditions at
night time to a maximum of 280 W in the evening hours. The findings in this paper are in agreement
with existing research in the field, and accordingly the study proposes a better focus on domestic
appliances and sociodemographic parameters.

Keywords: residential electricity load profiles; household segmentation; electric appliances

1. Introduction

The European Green Deal (EGD) [1] sets challenging actions against climate change, including
the energy sector’s decarbonization. In this perspective, energy systems are undergoing significant
transformations, such as increasing the share of renewable energy sources (RESs), leading to a more
distributed and fluctuating power generation. Looking at the residential sector, households are
responsible for 26% of the EU’s final energy consumption in 2018 [2]. RESs and electricity account
for 45% in this share (natural gas for 32% and petroleum products for 12%), taking part in power
generation through photovoltaic (PV) and micro-CHP (combined heat and power) technologies [3,4].
Thus, households play an essential role in future and smart electricity systems as they are relevant
electricity consumers, and at the same time, they can contribute to increasing the share of power
generation capacity. In this context, a precise knowledge of households’ load profiles is needed, as they
strongly influence electricity systems [5]; moreover, knowledge of households’ load profiles supports
further investigations and actions in a broader level perspective, such as the supply capacity or the
energy market and economy.

In particular, in Italy, the residential sector has been experiencing an increase of electricity
consumption in the last few decades (Figure 1), with roughly constant values from 2013. In this
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context, the share of electricity consumption of the residential sector by different Italian regions, with
a major contribution from the Lombardy region, is indicated in Figure 2. In Italy, mitigation actions
related to the EGD are defined by the PNIEC, i.e., the Integrated National Plan for Energy and Climate,
which determines the energy transition in the residential sector, and is mainly based on RES. Overall,
the energy transition towards RES technologies, which are mainly based on electricity production,
requires a significant investment in the energy infrastructure, namely the electricity grid, in order
to ensure that the demand side defines the required transport capacity. In addition, the increase of
flexibility of RES systems is the main focus in the ongoing research [6,7] as a critical factor for capacity
in the demand response mechanism, as well as the possibility to modulate and decrease the peak load
of the system, meaning a reduced need on traditional power generation [8].
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Figure 1. Electricity consumption of the Italian residential sector from 1990 to 2018 [9].
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Figure 2. Electricity consumption of the residential sector in Italy in 2018 [9].

Nonetheless, in the residential sector, mitigation measures are strictly dependent on
sociodemographic spectra; thus, market segmentation is an effective way to identify consumers
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with similar needs and behaviors [10-12]. Moreover, the residential sector segmentation allows us to
better characterize the households in energy poverty conditions, and thus to better address economic
and technical support aiming at reducing this status [13]. It should be remarked that the identification
of energy poverty key parameters is of extreme importance to policymakers when planning investments
aimed at reducing the residential sector energy consumption. However, in energy systems modelling,
households are often represented by a standard load profile, as in Foteinaki et al. [14], based on
historical data, not entirely reflecting ongoing changes. A more detailed segmentation of the residential
sector, such as Yilmaz et al. [15], allows us to achieve representative electricity demand profiles and to
improve existing models concerning using standard patterns that fit all households. The definition
of user engagement actions for energy consumption reduction in the residential sector is critical due
to the difficulty in assigning energy consumption changes caused by behavioral measures rather
than other uncontrolled external factors. Some changes within observed and quantified variations
in the energy consumption could occur even without implemented actions [8]; thus, it is crucial
to investigate and replicate physical experiences that can be implemented in more extended cases.
The investigation on energy consumption changes, concerning the “baseline” case, often relies on
surveys [16], e.g., written questionnaires, phone interviews, ICT (information and communication
technology) guided; these take the end user’s self-certification of their performances, which requires
their perception on their own behaviors and habits, done in a subjective analysis that could be biased
against reality [17]. To exclude the subjective bias, a significant measure of energy savings should be
carried into the investigation regarding the overall energy consumption and the energy absorbed by
a single appliance [18]. In addition, the choice of users involved in the user engagement project is
essential: Studies based only on voluntary participation increase the risk of a bias in end-user typology,
making it challenging to obtain generalizable results. Thus, it is essential to choose a representative
sample and adapt the methodology to the different socioeconomic groups.

This paper contributes to the existing discussion by proposing a sociodemographic analysis of the
Italian households’ load profiles from a smart metering experimental study, while also considering the
households in energy poverty conditions. In particular, to measure the changes in energy consumption,
a monitoring campaign is defined within the project, referred to as “Energia Su Misura” (a phrase
meaning “customized energy”, with misura referring also to measurement and thus the wordplay).
This project aims at increasing consumer awareness, providing accurate information on the best
consumption-saving behaviors, and reducing bill costs. However, the physical testing can be carried
out for only a limited number of cases because of management costs and operational difficulties; thus,
the choice of families involved is undoubtedly essential. Hence, the Italian households’ segmentation
proposed by Besagni G. and Borgarello M. [19] is used as a reference to identify which clusters of
families to involve in the project, based on characteristics such as the family unit, the purchasing
power, the seniority, and the level of education; in addition, elaborations and estimates from the
Italian National Institute of Statistics (ISTAT) data and market research are used to define the types
and quality of domestic appliances available in the households, with the objective to further improve
households’ segmentation and cluster family choice. The defined clusters are thereby representative of
the Italian households consumptions and behaviors, with accurate approximations; thus, by conducting
measurements within the representative clusters, the results can be generalized and exploited to
characterize the possible energy savings of the different types of households ata national level (e.g., waste
reduction, appliances replacement) in the perspectives of awareness raising, training, and information
campaigns. Moreover, the results regarding the load profiles of both total and single-appliance energy
consumptions can be applied to validate load profile simulation models [14,15,20-22] or to decrease
the time steps of more general energy consumption estimation models, in particular in exploiting a
bottom-up approach such as MOIRAE [23].

The paper is structured as follows. In Section 2, a comprehensive literature review is carried
out. In Section 3, the monitoring campaign is defined, the representative sample is characterized,
and the Italian residential sector segmentation is introduced. The results regarding single-appliance
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usage and total electricity load profiles with a sociodemographic differentiation are then presented in
Section 4; in particular, households in energy poverty conditions are characterized. Thus, the results
are discussed in Section 5, and Section 6 includes the paper conclusions.

2. Literature Review

To better fit the proposed contribution within the present body of knowledge, a brief literature
discussion is proposed here. The pathways towards a decarbonized economy combine different
strategies, including the increasing penetration of renewable energies, the development of electric
vehicles, and the electrification of the energy systems. To achieve greater flexibility to manage the
different energy flows that are needed for energy transitions, the data from the electrical system and
its associated services (e.g., electricity grid) must be gathered to improve the efficiency, reliability,
and security of the system [24].

In this context, smart meters (SMs) provides large temporal datasets for household electricity
consumption, allowing for a high resolution at the level of individual households and thus representing
a powerful tool for time-series analyses [25,26]. The number of research activities related to the
analytics of smart meter data is overgrowing with a wide variety of potential applications. Moreover,
demand-side management measures for residential consumers have a great potential in providing
flexibility to the grid, thereby reducing investment needs; this leads to higher investment in the grid
infrastructure and an economic inefficiency, compared to increasing the supply-side capacity in order
to balance peak demands [27,28]. Based on smart meter data, households may switch electrical devices
on and off, within comfort boundaries, in order to handle demand peaks; sophisticated technical
solutions in this matter include an automatic system within a smart home [29-31]. Further insight into
household flexibility potentials is provided by Weber et al. [32], showing how an economic incentive
(a contest with different prices) can motivate households’ electricity consumption shift from peak times
to higher RES production hours, through a monthly information provision. Indeed, load management
can be exploited to better characterize individual end users in order to implement demand-response
programs [8,33]. However, smart meter application raises challenges related to privacy and security
aspects of energy data analytics, as discussed by Hu and Vasilakos [34]. Smart meter data can be
further exploited to forecast energy consumption. Their application within the residential sector is
widely spread [35], and thus their employment for demand forecasting methods [36].

Indeed, state-of-the-art models for residential demand forecasting are based on either survey
methods [14,22,37] or high time-resolution data [38] (e.g., provided by SMs). For instance, Ge et al. [20]
modelled daily load profiles through a generative network, setting a training dataset of real load
profiles and mapping such profiles’” probability distribution. Similarly, Sousa et al. [39] highlighted
how high-resolution load profiling data are fundamental for neural-network-based forecasting models,
and they proposed a day-ahead load profile prediction exploiting such data; moreover, the segmentation
of consumers was carried out through clustering algorithms, although sociodemographic variables
were not taken into account. Indeed, consumer viewpoints should be investigated in such models, thus
taking into account the effects of different types of households’ behaviors and characteristics on the
load profiles [19,40,41]. In this regard, Fischer et al. [21] developed a bottom-up method to generate a
stochastic high resolution of households’ electric load profiles by including socioeconomic features
to better estimate behaviors regarding different types of families; moreover, seasonal effects on load
profile were taken into account, using a statistical survey as input database. Conversely, time-use
data were exploited by Widén et al. [22] to compute the domestic energy demand for household
electricity and hot water, and their work showed a significant correspondence of the output with
measurement surveys.

In more recent years, smart building development and spread raised the need to model
efficient energy management tools, as addressed by Dadashi-Rad et al. [42], to optimize
responsive/nonresponsive devices and distributed RES exploitation. Moreover, the smart meter
as a monitoring system allows for the integration with the transport sector, representing an additional
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challenge for electrification at the household level, as discussed by Liu et al. [43]. However, energy
system models often assume a standard load profile of the households, as in Foteinaki et al. [14],
not entirely reflecting ongoing changes. As discussed by Hayn et al. [12] a more detailed segmentation
of the household sector, through sociodemographic factors, is essential to assess the future development
of residential load profiles, thus investigating its impacts on a wider scale. Moreover, the comparison
of clustering approaches carried out by Yilmaz et al. [15] pointed out that representative electricity
demand profiles derived from household segmentation significantly differ from the average profiles.
Thus, household segmentation can improve existing models through specific load patterns.

To further investigate households’ characteristic load profiles, monitoring campaigns are needed.
For instance, Craig et al. [44] studied the relationships between household occupants and energy
usage through a monitoring campaign in Northeastern Scotland to study how socio-demographic
characteristics relate to load patterns, and they found a strict relation with households’ carbon footprint.
De Almeida et al. [45] showed energy saving opportunities through an European monitoring campaign,
stating that high quality data availability allowed them to define energy efficiency strategies and
policy recommendations, along with market transformations. As stated above, a promising method
to obtain high-quality resolution data is represented by smart metering. However, a wider spread
and installation of smart meters should take into account technical assessments as well as social
issues, as discussed by Sovacool et al. [46]. Nonetheless, smart metering has a significant potential in
a variety of applications, including energy modelling implementation [20-22,36,38,39], households’
behavior characterization [12,15,44], grid infrastructure technical assessments [24-28], and an end
user’s awareness raising [8,32,33].

3. Materials and Methods

3.1. Monitoring Campaign

The Energia Su Misura project was structured in two phases: (i) baseline energy consumption
patterns characterization and monitoring; and (ii) the identification of actions for energy efficiency
improvement through monitoring data analyses and adoption of feedback tools to raise user awareness.
However, the main objective is to obtain a generalizable result that implements a method able to
extrapolate these results through punctual measurements. The possibility of generalization relies
on the choice of representative samples that are able to characterize as much as possible all Italian
households; thus, we determined which households should be involved in the project by using the
segmentation of Italian households proposed by Besagni G. and Borgarello M. [19] using ISTAT data
and identifying the different types of households included in clusters. Moreover, other challenging
issues have to be addressed: (i) the use of noninvasive technologies, which should also be reliable,
easy to use, nonhazardous, and cheap, thus allowing for their diffusion in the households; (ii) the
need for a heterogeneous sample representative of the Italian residential sector; (iii) the organization
of a sufficiently long measurement period that should also be compatible with the research time;
(iv) privacy and security issues that are related to the direct involvement of end users in the project,
with correlated effects on their comfort and behavior. For the first phase of the project, a monitoring
tool kit was installed to monitor the baseline energy consumptions for both the overall household and
the single appliances. Then, feedback systems were installed to provide personalized suggestions
to the users to enhance energy efficiency measures, while also allowing for significant variation on
their behaviors.

The EnergyNote [47] and FARNetworks [48] feedback systems were used for the abovementioned
purpose. EnergyNote is provided by the Green Energy Options company and includes a color display,
a transmitter of the energy measurement from the power meter, several smart plugs, and a bridge for
data transmission through a router and an internet connection. The main advantage of this system is the
noninvasive and user-friendly structure as well as the efficacy and affordability. However, even though
EnergyNote displays complete historical data (with a maximum range of two years), it presents some
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limitations on subsequent analyses, in that it only includes the total energy consumption and expense
per appliance, without the possibility to introduce a more in-depth investigation; moreover, the option
available for data export is given only for every single appliance. To overcome these limitations, we
used the FAR Networks system, developed with the partner company Flexvalley [49], and this system
is similar to EnergyNote. It includes a Raspberry Pi based concentrator with a UMTS (universal mobile
telecommunications system) interface, several smart plugs communicating through BLE (Bluetooth
light emission) with a concentrator and router for data transmission. Conversely, it has neither a color
display nor a transmitter of the energy measurement from the power meter, but it maintains the same
advantages of the previous system. Compared to the previous system, the FAR Networks system
presents a complete management platform that allows users to monitor the position and state (i.e.,
on/off) of every component and to conduct specific operations (e.g., restart, analysis, etc.); moreover,
the management platform supports the definition of the energy flows and the memorization of data
from multiple appliances and users. This allows us to perform more complex postprocessing analyses,
integrate the energy consumption data from all the users, and include external data (such as ambient
temperature) and personalized final reports; in addition, all data can be exported for further studies.
All feedback systems and components described above were tested in the Ricerca sul Sistema Energetico
(RSE) laboratories before installing them in the chosen end users” households. The installation of the
feedback systems is shown in Figures 3 and 4.

Figure 3. The power meter transmitter for the energy consumption measurement.

Figure 4. Display, bridge, and modem/router 3G installed for data transmission and feedback
system information.
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3.2. Monitored Households

The representative sample of monitored households consists of 67 families, located in Northern
Italy (55% of the total number of households), Central Italy (37%), and Southern Italy (7%). A significant
number of households (26 families) live in public housing in Milan (ERP) and may represent the
households living in energy poverty conditions. The other 41 families live in apartments and private
houses and may represent the nation’s middle class. The geographical distribution of the monitored
households is summarized in Table 1.

Table 1. Geographical distribution of monitored households.

Region City Type of Residence = Number of Households Monitored
Lombardy Bergamo Non-ERP 1
Lombardy Milan ERP 26
Lombardy Milan Non-ERP 2
Lombardy Segrate Non-ERP 5
Lazio Rome Non-ERP 9
Lazio Rome Non-ERP 16
Piedmont Verbania Non-ERP 3
Apulia Spongano Non-ERP 5

There is a significant difference in the number of individuals between ERP inhabitants (average of
1.4 individuals) and non-ERP ones (more than 3), and the average number of individuals is higher
in Southern and Central Italy than in Northern Italy, reaching the minimum in Milan. Moreover,
in ERP houses live mainly families that have one single female individual, and the number of ERP
households decreases exponentially as the number of individuals increases. Conversely, the non-ERP
households present a bell-shaped distribution for the number of individuals, reaching the maximum at
4 individuals. The inhabited surface area of ERP houses is, on average, 46 m?, taken independently
from the number of individuals, whereas the surface area of non-ERP houses increases linearly with the
number of individuals, ranging from 74 m? for single-individual households to 170 m? in large families.
Table 2 shows the composition by the age of the individuals in the monitored households. By increasing
the number of individuals, the number of youngsters increases as well, whereas the number of
elders decreases; indeed, elders represent a large part of single-individual families. Households with
3—4 individuals represent the typical Italian household, with individuals between 35 and 64 years
with children.

Table 2. Composition by the age of monitored households by the number of individuals.

Number of Individuals in Age of Individuals (Years)

Household <18 18-34 35-64 >65
1 0% 0% 16% 74%
2 10% 7% 37% 47%
3 25% 8% 50% 17%
4 37% 12% 47% 4%
5 47% 0% 33% 20%
6 50% 0% 50% 0%

Table 3 reports the number of monitored appliances, subdivided by ERP and non-ERP households.
The appliances involved were defined by their relevance in the Italian residential sector regarding
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energy consumption and distribution and usage. However, only a limited number of appliances could
be measured due to multiple factors: (i) the limitation due to the maximum number of measurable
appliances by the monitoring kit installed in the households (maximum 6); (ii) the difficulty to install a
smart plug-in in some particular cases (e.g., ovens and dishwashers integrated into the cabinetry); and
(iii) the local failures and damages of the measurement equipment, leading to data leakages. The major
appliances present in the active households are fridges, TVs, and washing machines because of their
diffusion and them having the most straightforward installation of the measurement kit, whereas
ovens’ and dishwashers’ plugs are harder to reach; conversely, microwaves are not present in all
households. Moreover, the monitored appliances (excluding power meters) contribute to about 43%
of total annual electricity consumption in the Italian households [23]; in particular the contribution
account for 15.3% from fridges, 7.0% from TVs, 10.6% from washing machines, and a minor contribution
of 5.3% from dishwashers, and 4.2% from ovens [23]. Nonetheless, in related future research activity,
other household appliances will be monitored, as well as a greater sample.

Table 3. The number of monitored appliances.

Type of Appliance
Residence  power Meter ~Dishwasher Fridge Microwave Oven TV  Washing Machine
ERP 24 0 18 7 4 25 17
Non-ERP 22 14 34 17 12 29 30

3.3. Residential Sector Segmentation

Following the households’” segmentation proposed by Besagni G. and Borgarello M. [19],
the monitored households were subdivided into clusters by type of household structure, by geographic
area, and by inhabited surface area, as follows:

1. Household structure:

Single person 18-34 years

Single person 35-64 years

Single person > 65 years

Couple without children 18-34 years
Couple without children 35-64 years
Couple without children > 65 years
Couple with 1 child

Couple with 2 children

Couple with 3 or more children

o e a0 o

-

j- Single parent
k. Other

2. Geographic area:
Northwest: Piedmont, Aosta Valley, Liguria, Lombardy

Northeast: Trentino-South Tyrol, Veneto, Friuli-Venezia Giulia, Emilia Romagna
Central: Tuscany, Umbria, Marche, Lazio

o n oop

South: Abruzzo, Molise, Campania, Apulia, Basilicata, Calabria

Following the criteria mentioned above by using the analyses described in Section 3.2 and
adopting the same definition as the reference [19], the households were grouped in clusters, as shown
in Figure 5 and Table 4. It is worth mentioning that the segmentation analysis proposed by Besagni and
Borgarello [19] was based on a statistical classification and regression trees (CART) approach, and such
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a method may be applied to other regions or countries, with the variables and predictors adjusted to
the specific case to be studied.

4 A
i-household
N J
v v v
d. Couple without children 18-34 years ( h
g. Couple with 1 child e. Couple without children 35-64 years a. Single person 18-34 years
Household structure h. Couple with 2 children f. Couple without children >65 years b. Single person 35-64 years
i. Couple with 3 or more children I. Single parent c. Single person >65 years
m. Other \_ Yy,
$ l £ 1 \ 4
N e N e N A e N
Inhabited surface area [m?] <146 2146 <152 2152 <124
- J - J \ J - J —
\ 4 h 4 A h 4 A 4
e A s N s N e N )
Cluster 1 Cluster 2 Cluster 3 Cluster 6 Cluster 7
- J . J \ J - J ——

Figure 5. Monitored households clustering.

Table 4. Clusters subdivision of the monitored Italian households.

f H hol f H hol
Household Geographic Inhabited Surface Number of Households Number of Households

Cluster Structure Area Area (m?2) by Type of Residence by Geographic Area
ERP  Non-ERP Total North Central South

1 d, g h,im - <146 2 18 20 6 12 2

2 d, g h,i,m - >146 0 9 9 2 6 1

3 e f,1 a,b,c d <152 5 6 11 6 4 1

6 e f,1 - >152 0 4 4 1 3 0

7 a,b,c a,b,cd <124 19 4 23 22 0 1

As shown in Table 4, Cluster 7 encompasses the majority of ERP households that are situated
in North Italy, whereas Cluster 1 includes mainly households in Central Italy. Leakage is seen in
the number of samples for Southern Italy; in further research activities, this gap will be addressed
to broaden the monitored sample, and the north—south diversity will be subsequently investigated.
For additional insight in this context and energy poverty issue, see Reference [50].

The monitored household clustering was validated by confronting their energy consumption
with data available from ISTAT, exploiting 15,000 households as representative samples. The average
values are coherent between the two, in particular for Clusters 6 and 7, whereas for Clusters 1 and
3 the results from the monitored sample are included in the standard deviation of the ISTAT data.
Results of Cluster 2 diverge significantly, but it should be noted that as the number of households
is very limited in this cluster, the influence of outlier values is more significant, thus resulting in an
evident difference. It is noted that Cluster 7 includes mostly ERP households, thus suggesting this
cluster to be representative of households in a situation of energy poverty. Table 5 summarizes the
data regarding the sociodemographic dimension of the clusters.
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Table 5. Sociodemographic characterization of the clusters.

C iti fpe
The Average Average byoénel;(:iselrlg’z) Composition by Age (%)

Cluster Number of Inhabited
Components Surface Area (m?) Male Female

<18 18-34 35-64 >65
years  years  years  years

1 3.6 104 47 53 31 14 46 10
2 44 173 43 58 43 5 45 8
3 2.1 69 48 52 17 0 48 35
6 2.0 180 50 50 13 0 13 75
7 1.0 51 35 65 0 0 26 74

3.4. Control Patterns

The main objective of the monitoring campaign is to characterize users” behaviors and energy
consumption patterns; thus, it is necessary to define a monitoring period long enough to reproduce the
baseline energy consumption pattern, and to exclude the unusual behavior and the outlier data, i.e.,
the data leakages due to the absence of users or to extreme weather situations. In particular, for power
meters, the data leakages regarding quarters of an hour were excluded since it is unlikely not to have
at least standby energy consumptions in the households, and thus this is interpreted as a signal error.
Opverall, the average monitoring time is around 188 days, as summarized in Table 6, with a minimum of
133 days and a maximum of 331 days, as shown in Figure 6. The monitoring period includes different
months to better grasp households’ daily routines. To better determine the measurements’ reliability,
the percentage of the monitored time concerning the overall monitoring period was computed; indeed,
it defines the representativity of the monitored values since it characterizes how much the feedback
system worked concerning the total monitored period. Figure 7 shows the values for all appliances and
all clusters; we noted a relatively low value for the power meters due to its high sensitivity to failures,
whereas for the appliances, the values are relatively high, reaching a maximum of 97%. On average,
the monitoring percentage is around 80% for the appliances, but the power meter one is slightly higher
than 50%, considering all the monitored samples.

Table 6. Average monitoring time by appliance.

Appli
Header ppiiance
Power Meter Dishwasher Fridge Microwave Oven TV  Washing Machine
Monitoring time (days) 183 175 170 220 186 191 194
Percentage of 53 87 86 81 85 84 84

monitored time (%)

Custer 1
Custer 2
Custer 3
Custer 6
Custer 7

Monitored days [days]

Figure 6. Average monitoring time by appliance and by cluster.
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100%
: Custer 1

Custer 2
Custer 3
Custer 6
Custer 7

80%

60%

40%

Percentage of monitored time [-]

20%

0% -

Figure 7. Percentage of monitored time concerning overall monitoring campaign.

4. Results

4.1. Monitored Appliances Usage

In Table 7, the distribution of monitored appliances and their average daily and annual energy
consumptions are reported. The average energy consumption was calculated by considering the total
consumption that was measured for all monitoring period and the significant number of days of
monitoring campaign, without distinction between weekdays and holidays. We noted how Cluster 7,
which includes a large number of ERP households and is representative of the energy poverty condition,
has the minimum energy consumptions in comparison with the other clusters. Moreover, Clusters 6
and 7 do not include dishwashers.

Table 7. Appliance energy consumption by type and by cluster.

Appliances Clusters

1 2 3 6 7

Number of monitored appliances 8 5 1 0 0

Dishwashers Average daily energy consumption (kWh/day) 0.0 0.47 0.16 0 0

Average annual energy consumption (kWh/year) 182 172 59 0 0

Number of monitored appliances 17 7 7 4 17
Fridges Average daily energy consumption (kWh/day) 0.86 1.34 0.93 0.77 0.93
Average annual energy consumption (kWh/year) 314 488 341 283 340

Number of monitored appliances 9 1 4 3 7
Microwaves Average daily energy consumption (kWh/day) 0.16 0.05 0.05 0.06 0.03
Average annual energy consumption (kWh/year) 59 16 17 22 12

Number of monitored appliances 5 2 2 3 4
Ovens Average daily energy consumption (kWh/day) 0.42 0.24 0.11 0.13 0.08
Average annual energy consumption (kWh/year) 153 87 41 48 30

Number of monitored appliances 15 5 10 3 21
TVs Average daily energy consumption (kWh/day) 0.57 0.42 0.62 0.48 0.32
Average annual energy consumption (kWh/year) 207 155 226 174 118

Number of monitored appliances 15 5 6 3 18
h‘;lvaacsl?iil?egs Average daily energy consumption (kWh/day) 0.35 0.34 0.21 0.18 0.12
Average annual energy consumption (kWh/year) 127 123 75 67 45

Total average daily energy consumption at power meter (kWh/day) 7.07 5.58 4.19 9.43 3.24

Total average annual energy consumption at power meter (kWh/year) 2580 2036 1529 3440 1183
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Table 8 summarizes the monitored domestic appliances by average energy consumption per cycle,
the average number of cycles per day, the average duration of the cycle, and average operating time.
A cycle is defined as a continuous operating time with an energy consumption higher than the standby
mode value, and it is preceded and followed by a period with a standby energy consumption or lower.
Standby energy consumption is set to 0.002 kWh/15 min, calculated with a mean absorbed power of
8 W in 15 min. In this way, local energy consumption decreases are interpreted as instantaneous power
decreases instead of new cycles. The average energy consumption per cycle is computed as the total
energy consumption divided by the number of cycles calculated, as stated above. The appliances
occasionally used have an average consumption from 0.5 to 1 kWh/cycle even with high absorbed power
(dishwashers, ovens, and washing machines); conversely, even with a lower absorbed power, TVs have
a similar energy consumption due to the continuous operating mode. Microwaves present a shallow
consumption (lower than 0.2 kWh/cycle), while fridges have a shallow consumption considering their
continuous operating mode, resulting in an average of 1 kWh/day of energy consumption.

Table 8. Appliance usage characteristics by type and by cluster.

. Clusters
Appliances
1 2 3 6 7
Average energy consumption (kWh/cycle)  0.84 1.06 0.40 0 0
Average number of cycles (cycles/day) 0.60 0.48 0.40 0 0
Dishwashers
Average duration of cycle (hours/cycle) 1.84 1.36 1.73 0 0
Average operating time (hours/day) 111 0.64 0.70 0 0
Average energy consumption (kWh/cycle) - 0.11 0.07 0.05 0.11
Fridges Average number of cycles (cycles/day) - 1483 1464 18.63 -
Average duration of cycle (hours/cycle) - 1.50 1.06 0.75 1.31
Average operating time (hours/day) 16.12 1695 1380 1336 13.52
Average energy consumption (kWh/cycle)  0.07 0.04 0.08 0.04 0.07
Average number of cycles (cycles/day) 2.37 1.18 0.63 1.80 0.85
Microwaves
Average duration of cycle (hours/cycle) 0.37 0.31 0.31 0.31 0.30
Average operating time (hours/day) 0.86 0.36 0.19 0.54 0.25
Average energy consumption (kWh/cycle)  0.86 0.54 0.10 0.45 0.52
o Average number of cycles (cycles/day) 0.53 0.44 1.79 0.33 0.23
vens
Average duration of cycle (hours/cycle) 1.10 0.94 0.45 0.73 0.79
Average operating time (hours/day) 0.57 0.41 0.69 0.24 0.15
Average energy consumption (kWh/cycle)  0.94 0.49 - 0.25 0.21
v, Average number of cycles (cycles/day) 2.37 5.53 2.02 2.22 1.90
s
Average duration of cycle (hours/cycle) 3.43 - - 2.22 414
Average operating time (hours/day) 8.04 7.79 9.00 4.41 6.59

Average energy consumption (kWh/cycle)  0.43 0.48 0.44 0.60 0.41
Average number of cycles (cycles/day) 0.75 0.67 0.73 0.39 0.34
Average duration of cycle (hours/cycle) 1.55 151 1.43 1.52 1.45

Average operating time (hours/day) 1.22 1.00 0.81 0.50 0.53

Washing machines

4.2. Load Profiles by Clusters

In this section, the load profiles of the monitored households are characterized. The definition of
the load profiles is significant, as it could help to modify the power generation side better accordingly.
Moreover, a comparison between different household typologies can be carried out, using the proposed
residential sector clustering. As the main objective is the definition of the load curves, only the
significant appliances having variable operational cycles were considered:
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e dishwashers;

e  washing machines;
e TVs;

e ovens;

° microwaves.

The probability of usage during the day for each appliance, which results from the monitoring
campaign, is summarized in Table 9.

Table 9. Probability of usage during the day: Monitoring campaign results.

Appliances Number of Uses Cluster 1 Cluster 2 Cluster 3 Cluster 6 Cluster 7

1 92% 96% - - -
Dish washers 2 7% 4% - - -
3 1% 0% - - -

1 25% - 72% 47% 57%

Microwaves 2 27% - 22% 29% 30%

3 21% - 5% 13% 9%

1 77% 76% 49% 88% 98%

Ovens 2 20% 21% 18% 10% 2%

3 2% 3% 17% 3% 0%

1 23% 15% 48% 36% 23%

TVs 2 31% 21% 24% 21% 31%

3 25% 25% 10% 20% 29%

1 68% 66% 72% 78% 81%

Washing machines 2 27% 25% 21% 16% 14%

3 5% 8% 6% 6% 4%

The probability of usage during the day by appliances and by clusters is shown in Figures 8-12.
Moreover, in Figure 13, the total electricity load profile by clusters that result from the power meter
monitoring is shown. Some data leakage may be present due to absence of users or to signal errors;
however, it should be noted that such data were detected in nearly zero-load conditions and in night
hours, as shown in Figures 8-12; thus, it does not affect the relevance of the measurements.

—-= Cluster 1
— -~ Cluster 2
—-= Cluster 3
—-= Cluster 6
—-= Cluster 7
—— Mean value

16%

14%

12%

10%

= 8%
=

6%

4% 1

2%

0% 4

00:00 01:30 03:00 04:30 06:00 07:3009:00 10:30 12:00 13:30 15:00 16:30 18:00 19:3021:0022:30
Hour [hh:mm]

Figure 8. Daily usage probability: Washing machines.
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Figure 9. Daily usage probability: Dishwashers.
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Figure 10. Daily usage probability: TVs.
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Figure 11. Daily usage probability: Ovens.
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Figure 12. Daily usage probability: Microwaves.
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Figure 13. Load profiles of monitored households’ clusters.
5. Discussion

In general, the Italian residential sector presents three peaks:

1. The most empathized one being in the evening hours between 19:30 and 22:30, reaching 580 W of
absorbed power for Cluster 1 and 6, and 250-310 W for Clusters 2, 3, and 7;

2. Inthe early morning from 7:30 to 9:30, reaching 600 W of absorbed power for Cluster 1, 410 W for
Cluster 6, and 180-210 W for Clusters 2, 3, and 7;

3. One at lunchtime between 11:30 and 13:30, reaching 480 W of absorbed power for Cluster 1, 500 W
for Cluster 6, and 210 W for Clusters 2, 3 and 7.

The power system minimum is reached at night-time hours, at around 2:30-5:30.
These results—with the load curve having its maximum in the evening, two relative maximums in
the morning, and a plateau in the night—is typical for an Italian working day and agrees with many
previous related research [51,52]. The baseload is due to the fridge, standby modes, and electric boilers:
they characterize a constant energy consumption all day. The variation in load profiles is mainly due
to the other appliances having an uneven distribution in the energy consumption during the day.

The sociodemographic characterization of the Clusters is displayed in Figure 5 and Table 4,
and it is noted that Cluster 7 is mainly representative of ERP households, thus reflecting behaviors
of households in energy poverty, while Cluster 1 and 2 both refer to households with children, with
the only difference in inhabited surface area; these definitions are relevant in the interpretation of
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the results. For instance, dishwashers load profiles are shown in Figure 9 and for which Clusters 1
and 2 are considered, whereas values for Clusters 3, 6, and 7 are not provided. Indeed, as displayed
in Table 8, Cluster 7 (representing mostly ERP households and single-person household structure)
are most likely to not possess a dishwasher for economic purposes. Moreover, the result between
Cluster 1 and 2 reveal a significant difference in its usage, reaching a probability of around 28% at
15:15 and 33% at 22:30 for Cluster 1. In contrast, Cluster 2 reaches its maximum probability peak
of 8% at 21:30, much lower compared to Cluster 1, considering that they only differ in terms of the
inhabited surface area. The overall load profile results are extracted from the power meter monitoring
and without the distinction between weekdays or holidays. Moreover, the energy consumption is
also related to seasons; thus, an extension of the monitoring days and a broader monitoring sample
should be considered to exclude punctual measurement failures, such as power meters and appliances
data leakages. An estimate on the power absorbed by appliances was necessary due to the absence of
this information; thus, greater knowledge on this matter for future campaigns could be relevant for
identifying the load’s profiles of each appliance with accuracy. Nevertheless, the results presented
can be analyzed from a sociodemographic point of view as a way to better address energy efficiency
actions; for instance, in Figure 13, we noted a massive difference in both absolute value and variation
of absorbed power shown in the total load profile of Cluster 1 compared to Clusters 2, 3, and 7.
In particular, the final few clusters are somewhat similar, and show a minimum of around 110 W of
absorbed power in night times (0:00-5:00). Thus, this value can be assumed as the baseload only due
to the fridge, standby modes, and electric boilers, as discussed before, as it is reasonable to assume
that Cluster 7 (ERP houses) is unlikely to have heating or cooling systems working at these hours.
The higher values at night times of Cluster 1, ranging from 220 to 420 W of absorbed power, suggests
that more significant economic and technical efforts have to be carried by the households represented
by Cluster 1 to significantly reduce energy consumptions, in a more general perspective, considering
the European decarbonization objectives and electrification tendencies on the residential sector.

Moreover, it is noted that the TV load profiles (Figure 10) are comparable within all clusters, so the
difference in the total load at night times can be related to heating/cooling and water heating electric
systems (which suggests that the absorbed power of TVs is much lower and comparable to the baseload
power), thus the difference in absorbed power in night hours between Cluster 1 and other clusters
gives an estimate on these systems, accounting for about 210 W. In addition, it is noted how Cluster 7,
which represents ERP households in energy poverty conditions, display a TVs’ load profiles comparable
to other clusters (Figure 10), as opposed to the other appliances, and its total load profile tendencies to
be lower, indicating such appliance to be almost the only form of entertainment used during all day.
Conversely, results of Cluster 6 show a high variance in TVs load profiles, mostly due to data leakages
and to the number of monitored samples, which were too few to be considered meaningful.

It should be noted how the described approach allows the data analysis to be disaggregated by
the end users’ viewpoint. Pattern recognition studies, such as Kwak et al. [53], often rely only on a
technical approach through appliances and building characterization, neglecting behavioral aspects
generalizable by parameters such as family structure as proposed by this paper.

6. Conclusions

This paper proposed a sociodemographic analysis of the Italian households’ load profiles from a
smart metering experimental study, while also considering households in energy poverty conditions.
The outcomes can be exploited for further research activities, including the validation or the calibration
of existing models [14,15,20-22], or they can be used to improve the time step of broader energy
consumption estimation models, such as MOIRAE [23], which is still under development. Indeed,
simulation models based on the consumption behaviors, as developed by Gao et al. [54], require data
acquisition either at the calculation procedure phase or at validation phase. Similarly, bottom-up
models with a hourly time-step resolution may rely on such data, either as input or for validation and
calibration procedures [55-58], as described by Raftery et al. [59]. Moreover, the proposed clustering
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may be beneficial in identifying demand-response strategies [60], or in determining the impacts of
smart monitoring with feedbacks systems given directly to the households [61]; indeed, the information
on households’ structure integrated with economic parameters may further improve the definition of
precisely addressed incentives [62,63]. For instance, Cluster 1 with higher peaks in power load have a
children-based household structure, and thus an incentive addressed particularly to this parameter may
be taken into account. In contrast, energy efficiency improvement in Cluster 7 have to be addressed for
the appliances influencing baseload absorbed power. The proposed approach, which disaggregates
the results through a sociodemographic clustering, allowed us to analyze and identify different
load profiles depending on behavioral aspects that are generalized by parameters such as family
structure and inhabited surface, as described in Figure 5 and Table 4. Thus, single-appliance usage
was characterized as well, enabling a structured analysis even from an energy community viewpoint,
such as clustering the community to better predict energy flows in determined hours. However,
some limitations in the described monitoring campaign should be taken into account: The limited
number of sample households impacts the quality of the measurements, and data leakages cannot be
excluded, as no “back-up” households are available. Further research activity should include a larger
sample to avoid outlier data that influence results, as well as other appliances and systems such as
cooling and heating load profiles. Moreover, broadening the monitoring sample could allow us to
further investigate the north-south diversity in Italy, with an insight in energy poverty distribution.
The proposed project and feedback system can be exploited outside the Italian country; for instance,
the “Assist2gether” project [64], within which RSE is involved, is based on the same methodology and
aims at identifying energy consumption improvements related to household behavior, in particular
focusing on households in energy poverty.
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