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Abstract: Rising electricity prices and the greater penetration of electricity consumption in end-uses
have prompted efforts to set up data-driven methodologies to optimise energy consumption and foster
user engagement in demand-side management strategies. The performance of energy-management
systems is greatly affected by the consumer behaviors and the adopted energy-management method-
ology. Consequently, it is necessary to develop appliance-level, detailed energy-consumption informa-
tion models to inform citizens to improve behaviors toward energy use. The goal of the Home Energy
Management System (HEMS) is to foster an ecosystem that is energy-optimized and can manage
Internet of things (IoT) equipment over its network. HEMS allows consumers to reduce energy
costs by adapting their consumption to variable pricing over the day. With the use of descriptive
data-mining techniques, we have developed a numerical model that gives consumers access to infor-
mation on their domestic appliances with regard to the number and duration of operations, cycles
disaggregation for appliances that have cyclic operation (e.g., washing machine, dishwasher), and
energy consumption throughout various time periods basing on 15-min monitoring data. The model
has been calibrated and validated on two datasets collected by ENEA by real-time monitoring of
Italian dwellings and has been tested over several appliances showing effective analysis of the energy-
consumption patterns. Therefore, it has been integrated in the DHOMUS IoT platform, developed
by ENEA to monitor and analyse the energy consumption in dwellings in order to increase citizens’
engagement and awareness of their energy consumption. The results indicate that the developed
model is sufficiently accurate, and that it is possible to promote a more virtuous and sustainable use
of energy by end users, as well as to reduce the energy demand as required by the current European
Council Regulation (EU) 2022/1854.

Keywords: energy management; smart homes; smart appliances; patterns detecting algorithm

1. Introduction

Domestic energy consumption is estimated to account for 30–40% of worldwide gener-
ation [1] and it is expected to increase as more appliances and electronic devices are utilized.
Moreover, buildings contribute to one-third of worldwide final CO2 emissions, thus urging
a substantial reduction of both consumption and emissions in this sector [2]. Therefore,
energy efficiency has become one of the most important challenges. According to statis-
tics [3], customer engagement and awareness of better energy-consumption habits make
a considerable difference in energy reduction [4]. Consumers should be given individual
load-level consumption information rather than aggregated consumption information [5].
By raising customer knowledge on the usage habits of domestic appliances, appliance-level
energy information can significantly contribute to reducing energy consumption [6]. Home
energy-management systems (HEMS) can be an effective solution [7] by enabling a set of
long-term smart energy-saving applications [8]. They provide visual feedback to consumers
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in the form of energy-use statistics, utility-driven automation and control, load forecasting,
and optimum load-scheduling strategies [9]. With smart meters and sensors that can mea-
sure real-time power consumption, monitoring power consumption has become easier with
the help of signal-processing methods [10]. The Internet of things (IoT) adds a new degree
of machine-to-machine communication to the interactions between humans and apps.
The advancement of new communication technologies and smart devices that function by
parsing signals has increased the ability to manage different equipment. Smart home (SH)
devices can store data, respond to users’ prompts, provide feedbacks to users, and issue
alarms. SH-IoT promises to create an energy-optimized environment by connecting devices,
in addition to providing flexibility in home management and monitoring [11].

Unlike previous studies in which HEMS relies on raw data collected by energy meters
from which models disaggregate desired appliances by relying on classification methods
based on the prior information of appliance energy signatures, in this paper we propose
a model based on 15-min aggregated raw data that relies on descriptive data-mining
techniques. The model is quite simple and computationally less complex, yet effective. It
can detect energy-consumption patterns, the appliance operation (i.e., on–off, standby),
and the duration period in which the appliance is operative for all household appliances.
Moreover, it provides consumers with the information on the total number of cycles,
disaggregates cycles in close sequence, identifies cycles according to their duration (i.e.,
short, medium, and long cycles), and calculates energy consumption during customised
time periods. The model has been calibrated and validated on two datasets collected by
ENEA by real-time monitoring of Italian dwellings equipped with IoT devices. The former
dataset contains measurements of 58 domestic appliances from 14 homes over a period
of 2.2 years, and the latter contains measurements of 48 appliances from 10 homes over a
period of 6 months. The key contributions of this work are as follows.

1. A pattern-detecting method for different appliances (cyclic and noncyclic) has been
developed that is quite simple, computationally less complex, and that can accurately
disaggregate energy-consumption cycles occurred in the close succession. Moreover,
the algorithm developed herein could be applied to any device dataset.

2. The developed algorithms have been implemented in a code used to process the data
acquired by a IoT platform developed by ENEA and currently operating in some
dwellings, aimed at fostering user engagement and energy awareness by providing
customised feedbacks to the users.

3. The DHOMUS platform uses open and interoperable protocols for data acquisition at
the device and HEMS level and, therefore, can be easily replicated in broader contexts.

2. Literature Review

The diffusion of smart meters, low-cost sensors, and smart appliances has paved the
way for novel energy management strategies including communication and interaction
among users, devices, and the grid. Whereas greater resolution data is necessary for more
precise energy analysis, raw consumption data by itself is not enough to provide details on
the causes of energy demand and what can be done to reduce it.

Demand–response (DR) strategies can be used to boost the efficiency of smart grids.
There are several DR initiatives in the literature aimed at lowering customers’ bills and
reducing grid loads. Authors in [11] devised a homomorphic encryption-based alternate
direction technique of multipliers approach to address cost-aware appliance scheduling
optimization in a distributed way and scheduled home appliances without compromising
users’ privacy. They show that the suggested secure appliance scheduling for a flexible and
efficient energy-consumption method, termed SAFE, significantly decreases power costs
while protecting users’ privacy through an intensive simulation research by using real-
world datasets. Appliances’ operating mode identification, which uses the cycle-clustering
technique proposed in [12] is a smart home energy-management system primary approach
based on sensed power consumption values, which enables DR by allowing users to employ
energy-saving appliance operation modes. Cycles from an appliance single-usage profile,
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are extracted and reshaped into characteristics in the form of clusters of cycles. By using
K-nearest neighbours, these attributes are then used to determine the operating mode dur-
ing each occurrence. Identification of operation modes is deemed fundamental for several
possible smart DR applications inside HEMS. Authors in [13] presented the K-means clus-
tering technique to classify different modes of operations of home appliances. To validate
the proposed method, a case study based on a refrigerator was presented. By combining
an automatic switch-off system with load balancing and a scheduling algorithm, authors
in [14] proposed a smart-home energy-management system that reduces energy waste.
The load-balancing technique operates within defined limitations to keep the household’s
total energy consumption within a certain limit. The least slack time (LST) method is
used to schedule appliances, by considering the user’s comfort. The simulation results
demonstrated a considerable reduction in residential energy consumption aided by an
automatic switch-off mechanism thanks to the suggested LST-based energy-management
system (EMS). Support vector machines were used in [15] to identify load characteristics
of appliances in various operating modes, and a smart home energy-conservation system
was constructed to test the approach and validate the proposed EMS. The authors of [16]
applied an artificial neural network to identify usage patterns of some common household
electric appliances from daily profiles of energy records obtained with 15-min granular-
ity, and the proposed method showed effectiveness when applied to several daily load
diagrams captured by a few residential meters. The iterative disaggregation approach
based on consumption patterns presented in [17] is a method that merges the fuzzy C-
means clustering technique, which provides an initial working condition, with subsequence
searching dynamic time warping, which recovers single-source energy usage based on
typical power-consumption patterns. The results demonstrate that the suggested method
properly disaggregates power usage and is suited for situations when many appliances are
used at the same time. To decrease peak power and improve users’ comfort, authors of [18]
proposed an efficient home energy-management controller (EHEMC) based on the genetic
harmony search algorithm. With real-time electricity pricing and critical peak pricing tariffs,
they evaluated EHEMC for a single house and multiple dwellings. The study [19] provided
a nonintrusive affinity propagation clustering algorithm based on factor graph model and
the belief propagation theory, and the results revealed that the algorithm correctly recog-
nizes the basic and combination classes of household appliances. This strategy laid the
groundwork for power-management firms to efficiently and effectively allocate electricity.
The study [20] proposed a novel method for assessing the energy consumption of various
appliances, and it was utilized to develop a recommendation system that would advise
renters on how to reduce their usage.

Clustering, association rule mining, and artificial neural networks were all used to
perform data-mining tasks. Authors in [21] presented various unsupervised machine
learning techniques to find energy-usage patterns in a smart home. Moreover, they provide
solutions for smart metering systems that may help to: (1) raise energy awareness; (2) assist
accurate use forecasts; and (3) give input for demand response systems in homes that
provide users with timely energy saving advice. In [22], three data-analysis processes and a
data-mining framework, i.e., data classification, cluster analysis and association rule mining,
were proposed for efficient data analysis of buildings. A systematic approach for providing
immediate feedback and recommendations to building occupants to assist them in taking
appropriate action to minimize energy use was developed in [23]. For a specific building,
the notion of a reference building (RB), i.e., an energy-efficient building, was established,
and RB was created by using data-mining techniques that included clustering analysis
and neural networks. The performance of a building was determined in comparison to
a reference building, which provided feedbacks to suggest occupants the appropriate
actions to enhance building energy performance (e.g., turning off lights or heating and
air conditioning, etc.). In some other studies [24,25], the nonintrusive load-monitoring
(NILM) method was designed to identify the activation of a target appliance by analysing
the recorded active power transient response and estimating its consumption in real time.
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Smart metering, on the other hand, has been promising in several applications, such as
energy modelling [26–31], behaviour characterization [32–34], grid infrastructure technical
evaluations [35–39], and end-user engagement [40–42]. Power and consumption data for
household appliances used in a two-person family in Turkey was gathered with high
resolution in one-second intervals in [43]. Moreover, authors of [44] reported a dataset of
15 households in Germany over a 3.5-year period, with a total of 50 appliances monitored
at 1 Hz.

From the literature, it has been observed that most of work reported is related to overall
load-level consumption information, cost-aware appliance scheduling, load balancing, and
a scheduling algorithm based upon energy meter data. To the best of our knowledge,
we have not found simple models aimed at extracting patterns such as the number and
duration of operations, cycle disaggregation for appliances that have cyclic operation (e.g.,
washing machine, dishwasher), and energy consumption throughout various time periods,
which can be easily integrated into IoT platforms dedicated to residential users.

3. DHOMUS Platform

Data Homes and Users (DHOMUS), is a platform developed by ENEA (https://
dhomus.smartenergycommunity.enea.it, accessed on 1 December 2022) that is dedicated to
residential users for smart home applications. The layout of the smart home is depicted in
Figure 1 [45]. The main objective of DHOMUS is to make users aware of their energy data,
to let them understand how much energy they consume and why, to support reduction
of both consumption and costs, thereby contributing to decrease their impact on the
environment, to increase energy awareness, and to transform residential users into active
subjects that contribute to the stability of the grid. The DHOMUS platform currently
collects and analyses real-time data from smart homes located in Rome. They consist of
24 homes equipped with a kit of commercial sensors (their characteristics are described
in Table 1), which monitor the electrical consumption of the home meter and of selected
appliances, as well as the presence of people and indoor comfort. The management of
all these devices is wireless, based on Z-Wave protocol, and the gateway is connected to
the Internet through the energy box, which collects, integrates, and sends sensors’ data
to the cloud platform. As the electrical data acquisition time varies from sensor to sensor,
postprocessing is performed to calculate their 15-min averages, similar to the method used
for smart meters.

Figure 1. Smart home: representation of sensors.

https://dhomus.smartenergycommunity.enea.it
https://dhomus.smartenergycommunity.enea.it
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Table 1. Sensors used in the experimentation.

Sensor Manufacturer/Model Measured Quantity

Home energy meter Aeotec/ZW095-C power, energy
Smart plug Aeotec/switch 7 power, energy, current, voltage
Sensor and integrated or
comfort-presence

Aeotec/Multisensory 6 temperature, illuminance, humidity,
movement

Door/window contact Aeotec/Door window sensor opening/closing

3.1. Datasets

The model has been calibrated and validated based on two datasets of electrical
consumption of homes and single appliances monitored by DHOMUS platform, in the
following Dataset A and Dataset B. Dataset A includes energy measurements of 58 appli-
ances in 14 homes over 2.2 years, collected with a 15-min granularity. The start and end
times of the measurements are not the same for all dwellings, as reported in Table A1 in
Appendix A. Figure 2 depicts the available data for the appliances included in Dataset A.
For most of the appliances, the data are recorded over the period from February 2018 to
March 2020. Fridges, dishwashers, washing machines, and TVs are the most commonly
monitored appliances.

Figure 2. Percentage of available data for Dataset A.

Dataset B includes measurements of 48 appliances from 10 homes from June 2021 to
November 2021 and data were collected with a 15-min granularity as reported in Table A2.
Figure 3 shows the available data for the appliances in dataset B. Dishwashers and washing
machines have the most data available.
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Figure 3. Percentage of available data for Dataset B.

4. Methodology
4.1. Appliance Data Analysis Model

A model has been implemented in the MATLAB® environment to analyse the data
collected by the data acquisition system interacting with ENEA’s DHOMUS platform.
The model performs data mining and a statistical analysis of the energy use of the dwelling
energy meter and of single appliances, distinguishing between those that operate with
cycles (e.g., washing machine, dishwasher, tumble dryer) and those that operate continu-
ously (e.g., air conditioners, TV, etc.). The model can detect the operation mode (standby,
operating, off, monitoring sensor disconnected/not working) of all domestic appliances,
as well as the start, end, and length of operation. Moreover, a statistical analysis of electric-
ity consumption is also performed for each operation, determining the total consumption,
the average energy consumption on the reference time step, which is equal to 15 min,
and the maximum and minimum energy. Additionally, consumption is split into time slots
set by the ARERA Authority [46], as well as customised time slots between 8 a.m. and 8 p.m.
(with a minimum resolution of one hour). The model then carries out a monthly analysis of
the operation and calculates the number of times the appliance is working, the duration of
operation, and the total monthly energy, and then it compares these outputs with reference
values, based on similar users or benchmarks derived from the technical literature, in order
to make assessments on the actual use of the appliance. Additional outputs are calculated
for domestic appliances that operate in a cyclic mode. The model is simple, fast, and it can
distinguish nearby cycles in which one cycle runs immediately after another. It calculates
the number of times the appliance has been used and the corresponding consumption;
this information is used to provide households with feedback aimed at improving rational
energy use. The algorithms are detailed as follows.

The flow chart in Figure 4 represents the structure of the numerical model. First, the al-
gorithm imports monitoring data from .csv or .txt files exported from the data acquisition
system. Data for various homes, different household appliances, and for an arbitrary time
span could well be stored in the file. Input files have the following structure (taken from an
example file), and the description of parameters is shown in Table 2:
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home_id, sensor, date,sum_of_energy_of_power, delta_energy, last_value_switch
EnergyBox1, fridge plug,2019-01-01 00:30:00.0000,8.8,0,0
EnergyBox1, fridge plug,2019-01-01 00:45:00.0000,8.8,0,0
EnergyBox1, fridge plug,2019-01-01 01:00:00.0000,8.8,0,0

The quantities sum_of_energy_of_power and delta_energy provide similar informa-
tion on the consumption of the appliance; therefore, the model uses the former for the
energy calculations.

Module Smart Home Analyzer (SHAM) (i.e., module 1 in Figure 4) imports the mon-
itoring data in a table format. Then, it sequentially calls the modules explained below.
The call syntax is as follows:
smart_home_analyser_v2(B_id, B_name, elettrodom, energy_data).

The required inputs are B_id , the ID of the building which represents the energy box
(e.g., EB-1 to EB-14 for dataset A, and NEB-1 to NEB-12 for dataset B), B_name , the acronym
of the building used to plot the results and save the results, elettrodom, the name of the
appliance (e.g., “dishwasher”), and energy_data, a table with the imported quarter-hour
monitoring data. The code can recognize all possible appliances installed in the home.

Table 2. Input data for the model.

Parameters Description

home_id Name of the energy box
sensor Name of the sensor associated with the appliance
date Datetime
sum_of_energy_of_power Energy provided in Wh on a quarter-hour basis
delta_energy Energy counter, in Wh or kWh
last_value_switch sensor parameter (not used)

The module detects the dwelling and the appliance provided as input, and if it cannot
find the combination “house, appliance”, then it provides an error message and ends as
shown in Figure 4.

The function “smart home” (module 2 in Figure 4) is automatically called if the
dwelling and the appliance are found in the dataset. This function sorts the imported energy
data over time and removes any duplicate; moreover, it verifies the unit of measurement
of the energy quantities and, if necessary, converts from kWh to Wh. The module then
produces a table-formatted array containing the input quantities sorted through time,
checked, and with required units.

The function “appliances” (module 3 in Figure 4) automatically receives the following
inputs from the previous function: B_name is the acronym of the dwelling (e.g., “EB-
1”), B_appl and appl_name are the abbreviation and label of the appliance, respectively,
and they are used to plot and save the results, cyc_on is a boolean variable that indicates
whether the appliance has a cyclic operation or not, and t_cdz_i is the table array produced
by the "smart home" function.
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Figure 4. Flow chart of the numerical model.

Furthermore, the “appliance” module performs data analysis and data mining. First, it
provides a set of operating features that are used to calculate the appliance standby energy
and to setup customised daytime periods. Additional parameters are adopted for the study
of individual cycles if the appliance has a cyclic operation:

• Minimum cycle duration, i.e., shorter operations are neglected;
• Minimum cycle energy consumption, i.e., operations with a smaller consumption

are neglected;
• Parameters for the separation of nearby cycles;
• Threshold to skip the analysis for those months when insufficient data are available;
• Energy threshold to distinguish low consumption cycles;
• Time threshold for short cycles; and
• Time threshold for long cycles.

These parameters depend on the type of appliance, and therefore they require calibration.
The module creates a table with energy consumption and corresponding datetime,

which starts on the first day of the first month and ends on the last day of the last month
recorded in the imported dataset. This operation is useful to manage full months, especially
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to account for new sensors and for relying on a comparable data structure because sensors
may be connected to different appliances in different moments.

4.2. Information Analysis

The model relies on consumption during standby mode in order to determine whether
the appliance is operative or not. Standby energy (U) is calculated by the following equations,

F̂n(t) =
1
n

n

∑
i=1

Ei6t (1)

F = ∇F̂n(t) (2)

U = max(F), (3)

where F̂n(t)represents the empirical cumulative distribution of energy consumption Ei6t
function over time, and F represents the gradient of F̂n(t). The algorithm assumes that
switching from standby to normal operation corresponds to the maximum energy gradi-
ent; therefore, the standby consumption is calculated as the energy that determines the
maximum gradient of the cumulative distribution of measured consumption.

In actual operation, the appliance may perform several cycles in close succession (e.g.,
two washes, one immediately after the other for the washing machine). The model can
separate cycles in close succession based on their energy-consumption profile. The disag-
gregation of cycles is computed with the following equations,

Y = ∇θA (4)

∆Y = ZCI(Y), (5)

where θA is the energy consumption of aggregated cycles, Y is the gradient of consump-
tion and ∆Y is the position over time of the relative maxima of energy consumption in
aggregated cycles. The ZCI(Y) function interpolates from the points it identifies near the
zero crossings to linearly approximate the actual zero crossings. Maxima characterized by
energy consumption above the value that corresponds to the percentile set as a parameter
of the model (e.g., 85% of the consumption of the aggregated cycle) identify separate cycles
and are used by the algorithm to disaggregate nearby cycles. Typically, energy consump-
tion is higher during the first stage of the cycle (i.e., water heating) for washing machines
and dishwashers.

As anticipated, the model neglects operations that last less than or that consume less
than the thresholds set as input parameters in order to exclude those situations that may
not represent real operating cycles. The corresponding data (spurious data) are stored
separately in the results.

Then the model allocates energy consumption in time slots. In particular, hours
between 8 a.m. and 8 p.m. can be grouped in a customized number of time slots provided
as input. Moreover, the algorithm accounts for the standard time slots defined by the Italian
Energy Authority (ARERA) as follows [46]:

• F1: from Monday to Friday, from 8 a.m. to 7 p.m. (except holidays);
• F2: from Monday to Friday from 7 a.m. to 8 a.m. and from 7 p.m. to 11 p.m., Saturday

from 7 a.m. to 11 p.m., (except holidays); and
• F3: from Monday to Saturday, from 12 a.m. to 7 a.m. and from 11 p.m. to 12 a.m.,

Sundays and holidays.

For each individual period and cycle of operation, the following quantities are cal-
culated: total energy consumption, average 15-min energy consumption, maximum and
minimum consumption, and maximum/minimum ratio as an indicator of the variability of
the consumption during operation.

The code then performs a monthly analysis, and calculates the following quantities:
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a. Number of records in the dataset;
b. Number of NULL records, i.e., with sensor disconnected or inactive;
c. Number of records with zero consumption;
d. Number of records when the appliance is in standby mode;
e. Number of spurious records, i.e., characterized by either duration or consumption

below the input thresholds;
f. Number of records when the appliance is operative;
g. Number of records when the appliance is operative during F1 time slot;
h. Number of records when the appliance is operative during F2 time slot;
i. Number of records when the appliance is operative during F3 time slot; and
j. Number of records when the appliance is operative during the i-th custom time slot,

for all daytime slots set as input.

Similar quantities are calculated with reference to the monthly energy consumption.
For household appliances with cyclic operation, the following additional quantities are
calculated by differentiating cycles according to energy consumption and duration:

• Cycles with consumption above the minimum input value;
• Cycles with duration less than the input threshold Sd1 (short cycles);
• Cycles with duration between boundaries Sd1 and Sd2 (medium cycles); and
• Cycles with duration greater than the input threshold Sd2 (long cycles).

Moreover, for single cycles and for aggregated cycles (i.e., cycles before the application
of the algorithm that distinguish cycles in close sequence) the following monthly quantities
are calculated:

• Percentage of records in the month;
• Number of cycles recorded;
• Number of cycles extrapolated for every month, in the presence of missing data (i.e.,

the sensor returns NULL) and within the limits of acceptability set as input parameter
(e.g., months with only 10% of records are discarded, because extrapolation over the
month would not be reliable);

• Number of cycles extrapolated on annual basis, that comply similar condition on
missing data as for monthly extrapolation;

• Average cycle duration;
• Average cycle consumption;
• Maximum consumption; and
• Minimum consumption.

Finally, the code performs a series of energy balance checks and then results are printed
and plotted in graphs, and the relevant variables are saved in .xlsx and .mat files.

5. Results and Discussion

In this section, the analysis on the operation of a washing machine is used as an
example to describe the results and the logic of the model. Indeed, this electrical appliance
has many features that can be representative of other appliances, i.e., it is cyclic, and it can be
used to illustrate the main features of the model. Similar remarks apply to other appliances.

5.1. Calibration of Parameters

As the algorithm can analyse all domestic appliances, the control parameters need to
be tuned before deploying the model to the analysis of real data. Hence, Dataset A has been
used for calibration of these parameters, which are then are applied to Dataset B in order
to validate the model. Table 3 shows the range of parameters and the calibrated values
obtained for washing machines. In detail, parameter st_by_prc is the reference percentile
of energy used to evaluate the usability of standby energy. Parameter min_dur represents
the minimum length of useful operative cycles, and the calibrated value (30 min) has been
obtained from all cyclic appliances. Parameter min_Wh represents the minimum energy of



Energies 2023, 16, 824 11 of 23

useful operative cycles (i.e., 100 Wh for washing machines). All the other parameters are
equal for cyclic appliances.

Table 3. Parameter tuning for washing machines.

Parameter Calibrated Value Tuning Range

st_by_prc 98 [90–99]
min_dur 30 min [15 30 45]
min_Wh 100 Wh [50 100 150 . . . 500]
thr_en 800 Wh [500 600 700 800]
thr_d1 45 min [15 30 45]
thr_d2 120 min [90 105 . . . 500]

5.2. Algorithm Results

The energy analysis starts with the calculation of the standby consumption of the
appliance. Figure 5 depicts the cumulative distribution of the energy consumption for a
washing machine from which the standby energy is equal to 0.15 Wh. The model uses this
value to distinguish among periods of operation and inactivity for the specific appliance.

Figure 5. Cumulative distribution of the energy consumption.

The energy consumption profile in a typical cycle for washing machines is shown in
Figure 6: an initial peak of consumption corresponding to water heating is followed by a
longer phase (depending on the type of cycle set by the user as well as the type, model,
and age of the appliance) with lower consumption. The algorithm calculates the gradient
of energy demand and finds consumption peaks, which correspond to relative maxima
(i.e., zero gradient), for each aggregate cycle (multiple nearby cycles). The consumption of
the peaks that separate individual nearby cycles (i.e., the first phase of operation) exceeds
a specific percentile of the cycles’ consumption, the value of which is selected among the
parameters of the model. Once the various cycles have been recognized according to this
methodology, the model determines the start and the end time (which corresponds to the
lowest consumption before the peak of consumption of the next cycle), and duration of
the single cycles. Tests have demonstrated that the algorithm is reliable in distinguishing
nearby cycles, as shown in Figure 7. A finer sample period could produce better accuracy,
but for the purposes of this investigation, the quarter-hour interval is appropriate.
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Figure 6. Automatic identification of the phases in the consumption profile of a single washing cycle
of a washing machine.

Figure 7. Automatic detection of two consecutive washing cycles.

Figure 8 illustrates a bubble chart with relevant information on cycle length and
consumption of the same washing machine. The start hour during the day is displayed
(abscissa) versus duration (ordinate), and the consumption is represented by the coloured
scale of bubbles, whose size is proportional to the ratio between the highest and lowest
quarter-hour consumption in the cycle. Larger bubble sizes in washing machines (and
dishwashers) indicate washing cycles at a medium-high temperature.

Figure 9 depicts the subdivision of records (upper chart) and consumption (lower
chart) based on the type of operation: appliance operative, standby mode, off, spurious
data, and sensor not active (i.e., n/a label). Washing cycles correspond to a small fraction of
the time but are associated with most of the consumption, unlike standby mode. Moreover,
Figure 10 shows the subdivision of the records on a monthly basis, whereas Figure 11
illustrates the monthly (histogram on the left) and overall subdivision of consumption (pie
chart on the right) for ARERA time slots. The upper graphs in Figure 12 show the monthly
(histogram on the left) and overall (pie chart on the right) allocation of consumption
according to the customized daytime slots, in the specific case three time slots (i.e., 8 a.m.
to 12 p.m., 12 p.m. to 4 p.m., 4 p.m. to 8 p.m.), whereas the bottom graphs represent the
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number of operating hours (histogram on the left) and the overall operating hours (pie
chart on the right).

Figure 8. Duration, start time, and energy consumption of a washing machine’s cycles.

Figure 9. Subdivision of records (upper graph) and consumption (lower graph) based on the type of
operation for a washing machine.

Figure 10. Monthly subdivision of records based on the type of operation for a washing machine.
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Figure 11. Monthly allocation of consumption in the three time slots defined by ARERA.

Figure 12. Monthly allocation of consumption according to the user-defined daytime slots.

5.3. Comparative Analysis

This section illustrates the comparison of appliances characterized by different energy
classes. As described, the proposed algorithm is able to detect many features, and some of
them have been selected in order to compare the performance of appliances: total number of
cycles (recorded, extrapolated), percentage of consumption during peak hours, percentage
of short cycles (recorded, extrapolated), percentage of long cycles (recorded, extrapolated),
average energy consumption of short cycles and average energy consumption of long cycles.

Table 4 compares seven washing machines representing three energy classes (A, A++,
and A+++) belonging to both datasets described in Section 3.1. Washing machines installed
in homes EB-2 and NEB-4 are class A, those installed in homes EB-3, NEB-9, and NEB-10
are class A++, whereas homes EB-9 and NEB1 use washing machines of class A+++. Homes
have a different number of residents, and they use the appliance in different manners.
The model can determine the usage pattern of households in such different contexts. Fur-
thermore, Table 4 presents the relevant quantities considered in the comparative analysis:
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the total number of cycles (Tnθ) that is subdivided into short and long cycles, the energy
consumption during peak hours (PEC), and the percentage of short cycles (Pθs ) and long
cycles (PθL ). The washing machine installed in home EB-3 carried out the largest number of
cycles (Tnθ) in both datasets, as confirmed by the energy consumption of both short cycles
(AECθs ) and long cycles (AECθL ). As regards the energy consumption during peak hours,
the washing machine in NEB-9 operated at 96% in this time slot, whereas the household
of EB-2 showed a wiser behavior since he run his washing machine only for 28% of the
time during peak hours. The percentage of short cycles for the washing machines of NEB-4
and NEB-1 is approximately the same even though the number of short cycles is 23 for
the former and 52 for the latter, and the corresponding energy consumption during the
analyzed period is 2.263 kWh and 3.264 kWh, respectively. Therefore, the average energy
consumption in a single short cycle calculated for these appliances is consistent with their
energy labels, i.e., class A and A+++ respectively.

Table 4. Comparative analysis on energy consumption for washing machines.

Home EC NoP Tnθ PEC Pθs AECθs PθL AECθL
Rθ Exθ Peak Hours PRθs PExθs (kWh) PRθL PExθL (kWh)

EB-2 A 2 99 114 28% 6% 6% 1.140 54% 53% 8.523
NEB-4 A 2 31 36 45% 65% 64% 2.263 0 0 0
EB-3 A++ 4 340 391 72% 7% 6% 2.062 42% 41% 18.295
NEB-9 A++ 3 31 26 96% 9% 88% 3.759 0 0 0
NEB-10 A++ 2 80 74 44% 86% 85% 3.662 0 0 0
EB-9 A+++ 3 82 21 65% 12% 19% 1.492 4% 0 2.521
NEB-1 A+++ 4 76 82 60% 64% 65% 3.264 1% 1% 1.558

Similarly, the results obtained with seven dishwashers monitored in the two datasets
are reported from Figures 13–15. Figure 13 depicts the total number of cycles (recorded and
extrapolated) in both datasets. The model calculated the highest number of cycles for the
dishwasher in EB-12, while the total number of cycles for dishwashers in EB-1, EB-9 and
in NEB-1 are similar. Figure 14 illustrates the percentage of short and long cycles for the
dishwashers. The highest number of long cycles occurred in EB-1 while dishwashers in
NEB-1, NEB-4, NEB-9, and NEB-11 operated only short cycles. Figure 15 depicts the total
energy consumption of long (orange bar) and short (green bar) cycles during the analyzed
period. The dishwasher in EB-12 consumed more energy during long cycles. By comparing
the usage of appliances with their energy labels, it can be seen that even though dishwasher
in EB-9 run fewer cycles than the dishwasher in EB-12 (see Figure 13), they consumed a
similar amount of energy (see Figure 15). This outcome is consistent with the energy class
of those appliances, i.e., class D for the former and class A++ for the latter.

Figure 13. Energy recorded and extrapolated by the model for different dishwashers.
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Figure 14. Percentage of short and long cycles for dishwashers.

Figure 15. Energy consumption in short and long cycles for dishwashers.

In order to test the model on other datasets found in the literature, we applied it on
the GreenD Energy database [47], containing detailed information on energy consumption
obtained through a measurement campaign in households in Austria and Italy (December
2013 to November 2014). The results show that our implemented algorithms can extract
all patterns for the available appliances in the dataset, including disaggregation of energy
consumption cycles occurred in close succession, which is one of the distinctive outcomes
of the model, as shown in Figure 16.
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Figure 16. Comparison of energy consumption cycles occurred in close succession for the washing
machine.

5.4. Feedbacks to the Consumer in DHOMUS Platform

The implemented model has been integrated in the DHOMUS platform in order to
provide users with feedback on the electrical consumption and to compare their energy
habits and patterns with other users participating in the experimentation, and with bench-
marks as well. The platform provides a web interface for user feedback to encourage their
virtuous and conscious behaviours. Moreover, a monthly report presented in Figure 17
contains summary of the calculations carried out by model and some suggestions to pro-
mote energy saving. In particular, the monthly report shows the detailed results obtained
from the model and related to consumption during peak hours and to the shares of short
cycles (“cicli brevi” in Italian) and of long cycles (“cicli lunghi” in Italian). Furthermore,
tips are provided to the users, e.g., those reported in Figure 18 for the washing machine
(infographics are in Italian since the DHOMUS platform is native for Italian users), which
shows a comparison with similar users. Moreover, tips are provided to assess the impact of
virtuous behaviours, e.g., the reduction of the number of cycles by using the appliance at
full load in order to reduce water consumption as well. On the other hand, Figure 18 shows
the comparison of the average consumption with simular customers: washing machine,
refrigerator, and dishwasher are compared in a bar graph on the left side of the illustra-
tion. The orange bar reflects the average consumption of other users, while the blue bar
represents the average consumption of the specific user.

Figure 17. Feedback on the DHOMUS platform regarding the use of washing machine (in Italian).
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Figure 18. Section of the DHOMUS dashboard reporting the user’s consumption vs. average
consumption of other similar users (in Italian).

6. Conclusions

In this paper, a method for the detection of energy-consumption patterns from house-
hold appliances data for a smart home platform is described. The model is quite simple,
computationally not intensive, but effective in detecting patterns, such as the number of
times the appliance is on, off, in standby mode, start time, end time, etc. The method can
handle both cyclic and noncyclic appliances. For cyclic appliances, by using descriptive
data-mining techniques, the model provides quantitative information on the total number
of cycles and the disaggregation of cycles in close succession. Moreover, energy consump-
tion computation over customized time periods and disaggregation of aggregated cycles
is a distinguishing feature of the proposed model. The model has been applied on a set
of appliances for training and for parameter calibration. Validation has been done with a
different dataset, demonstrating that the model can efficiently detect energy consumption
and usage patterns. Results from two cyclic appliances (washing machine, dishwasher) are
presented to show how the model manages energy-consumption patterns, disaggregates
independent washing cycles, and performs monthly statistics. Based on these findings,
the implemented model has been integrated into DHOMUS, an IoT platform developed by
ENEA, to offer users feedback on their consumption patterns and enable them to effectively
compare their energy habits with those of similar customers.

The proposed model can be used with sufficient accuracy for all kinds of household
appliances. However, the current release of the model can only handle batch processing
data with 15-min granularity. Furthermore, in the case of high-frequency data sets (e.g.,
with 1-s data sampling), a frequency conversion algorithm is required before applying
our developed algorithm, because the current version of the model automatically imports
dataset where data have been already aggregated every 15 min by the IoT devices. More-
over, the current version of the model cannot be used in a real-time processing environment;
the latter feature has been selected among future developments of the numerical code.
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Abbreviations and Symbols
The following abbreviations and symbols are used in this manuscript:

DHOMUS ENEA’s Data Homes and Users Platform
DR Demand response
EC Energy class
HEMS Home Energy Management System
IoT Internet of Things
NoP Number of people
SH Smart home
NILM Non-intrusive load monitoring
Tnθ Total Numbers of cycles
Rθ Recorded cycles
Exθ Extrapolated cycles
PEC(F1) Percentage of energy consumption during peak hours
PRθs Percentage of recorded short cycles
PExθs Percentage of extrapolated short cycles
Sd1 Lower cycle duration limit (short cycles)
Sd2 Higher cycle duration limit (long cycles)
AECθs Energy consumption of short cycles
PRθL Percentage of recorded long cycles
PExθL Percentage of extrapolated long cycles
AECθL Energy consumption of long cycles
Ei6t Energy consumption function over time
F̂n(t) Empirical cumulative density function
U Standby energy
θA Aggregated cycles
Y Gradient over aggregated cycles

Appendix A

Table A1. Details of Dataset A.

Home Appliance Start Date End Date Time Span Days Available Data Data Holes

EB-1 Fridge 21/02/2018 28/03/2020 766 61.89% July–August 2019
EB-1 Dish washer 20/02/2018 28/03/2020 767 61.37% July–August 2019
EB-1 Washing machine 21/02/2018 28/03/2020 766 45.30% July–November 2019
EB-1 Tv 21/02/2018 28/03/2020 766 37.77% July–November 2019
EB-2 Fridge 22/02/2018 28/03/2020 765 34.73% March 2019–March 2020
EB-2 Bimby 22/02/2018 28/03/2020 765 28.60% March2019–March 2020
EB-2 Washing machine 22/02/2018 28/03/2020 765 33.76% March2019–March 2020
EB-2 Lamp 22/02/2018 28/03/2020 765 28.57% March 2019–March 2020
EB-2 Fan heater 22/02/2018 28/03/2020 765 15.89% March 2019–March 2020
EB-3 Fridge 14/04/2018 28/03/2020 714 87.83% Nov-18
EB-3 Air conditioner 14/04/2018 28/03/2020 714 85.16% Nov-18
EB-3 Washing machine 01/03/2018 28/03/2020 758 10.26% March 2018, November 2018
EB-3 Microwave 14/04/2018 28/03/2020 714 86.41% Nov-18
EB-4 Vacuum cleaner 02/03/2018 28/03/2020 757 5.58% February 2020–March 2020
EB-4 Kettle 02/03/2018 28/03/2020 757 44.95% February 2020–March 2020
EB-4 Washing machine 02/03/2018 28/03/2020 757 52.46% February 2020–March 2020
EB-4 Tv 02/03/2018 28/03/2020 757 58.91% February 2020–March 2020

EB-5 Dish washer 02/03/2018 28/03/2020 757 58.27% March 2018, 2019, January 2020–March
2020

EB-5 Washing machine 02/03/2018 28/03/2020 757 58.68% March 2018,2019, January 2020–March
2020

EB-5 Coffee machine 02/03/2018 28/03/2020 757 58.96% March 2018,2019, January 2020–March
2020
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Table A1. Cont.

Home Appliance Start Date End Date Time Span Days Available Data Data Holes

EB-6 Fridge 09/05/2018 28/03/2020 689 61.57% June 2019–August 2019, January
2020–March 2020

EB-6 Dish washer 09/05/2018 28/03/2020 689 52.80% June 2019–August 2019, December
2019, January 2020–March 2020

EB-6 Washing machine 09/05/2018 28/03/2020 689 59.37% June 2019–August 2019, January
2020–March 2020

EB-6 Microwave 05/03/2018 28/03/2020 754 48.17%
March 2018–April 2018, June
2019–August 2019, December 2019,
January 2020–March 2020

EB-7 Fridge 06/03/2018 28/03/2020 753 55.41% July 2019–March 2020
EB-7 Dish washer 06/03/2018 28/03/2020 753 47.23% July 2019–March 2020
EB-7 Washing machine 06/03/2018 28/03/2020 753 54.79% July 2019–March 2020
EB-7 Microwave 06/03/2018 28/03/2020 753 52.13% July 2019–March 2020

EB-8 Vacuum cleaner 09/03/2018 28/03/2020 750 29.95%
March 2018–April 2018, August
2018–September 2018,
February–March 2020

EB-8 Washing machine 06/03/2018 28/03/2020 753 47.61%
March 2018–April 2018, August
2018–September 2018,
February–March 2020

EB-8 TV 09/03/2018 28/03/2020 750 29.37%
March 2018–April 2018, August
2018–September 2018,
February–March 2020

EB-9 Fridge 05/04/2018 28/03/2020 723 65.16% April 2018, January 2020–March 2020
EB-9 Dish washer 06/04/2018 28/03/2020 722 65.10% April 2018, January 2020–March 2020
EB-9 Washing machine 05/04/2018 28/03/2020 723 26.81% April 2018, January 2020–March 2020
EB-9 Microwave 19/10/2018 28/03/2020 526 66.39% January 2020–March 2020
EB-9 Fan heater 05/04/2018 28/03/2020 723 64.51% April 2018, January 2020–March 2020

EB-10 Fridge 04/04/2018 28/03/2020 724 20.77%
August 2018–September 2018, March
2019–May 2019, August
2019–March 2020

EB-10 Dish washer 05/04/2018 28/03/2020 723 20.67%
August 2018–September 2018, March
2019–May 2019, August
2019–March 2020

EB-10 Washing Machine 04/04/2018 28/03/2020 724 20.56%
August 2018–September 2018, March
2019–May 2019, August 2019-
March 2020

EB-10 TV 05/04/2018 28/03/2020 723 20.75%
August 2018–September 2018, March
2019–May 2019, August
2019–March 2020

EB-11 Fridge 19/06/2018 08/06/2020 720 79.84% April–June 2020
EB-11 Washing machine 20/06/2018 08/06/2020 719 79.46% April–June 2020
EB-11 Lamp 19/06/2018 08/06/2020 720 75.31% April–June 2020
EB-12 Oven 27/02/2018 31/01/2020 703 82.25% No Holes
EB-12 Dryer 27/02/2018 31/01/2020 703 15.84% No Holes
EB-12 Dishwasher 02/03/2018 31/01/2020 700 83.45% No Holes
EB-12 Microwave 27/02/2018 31/01/2020 703 82.37% No Holes
EB-12 Washing machine 02/03/2018 31/01/2020 700 17.72% No Holes
EB-12 TV 27/02/2018 31/01/2020 703 79.11% No Holes
EB-13 Fridge 20/06/2018 08/06/2020 719 44.85% July 2019–June 2020
EB-13 Dish washer 13/06/2018 08/06/2020 726 45.74% July 2019–June 2020
EB-13 Washing machine 13/06/2018 08/06/2020 726 43.07% July 2019–June 2020
EB-13 Warmer 07/09/2018 08/06/2020 640 41.11% July 2019–June 2020
EB-13 Oven 07/09/2018 08/06/2020 640 29% April 2019–June 2018
EB-13 Fridge 12/06/2018 08/06/2020 727 38.06% April 2019–June 2018
EB-13 Dishwasher 07/09/2018 08/06/2020 640 29.49% April 2019–June 2018
EB-13 Microwave 12/06/2018 08/06/2020 727 36.31% April 2019–June 2018
EB-13 TV 12/06/2018 08/06/2020 727 38.01% April 2019–June 2018
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Table A2. Details of Dataset B.

Home Appliance Start Date End Date Time Span Days Available Data Data Holes

NEB-1 Dryer 01/06/2021 30/11/2021 182 92.20% No Holes
NEB-1 Kids’ computer 01/06/2021 30/11/2021 182 40.80% June–August 2021
NEB-1 Computer studio 01/06/2021 30/11/2021 182 40.81% June–August 2021

NEB-1 Bedroom air
conditioner 01/06/2021 30/11/2021 182 59.20% October–November 2021

NEB-1 Kids’ room air
conditioner 01/06/2021 30/11/2021 182 77.08% No Holes

NEB-1 Living room air
conditioner 01/06/2021 30/11/2021 182 92.20% No Holes

NEB-1 Whole house
lighting 01/06/2021 30/11/2021 182 39.86% June–August 2021

NEB-1 Dishwasher 01/06/2021 30/11/2021 182 92.22% No Holes
NEB-1 Washing machine 01/06/2021 30/11/2021 182 92.23% No Holes

NEB-1 Water heater and
heat pump 01/06/2021 30/11/2021 182 92.26% No Holes

NEB-1 Tv Bedroom 01/06/2021 30/11/2021 182 19.22% June–August 2021, November 2021
NEB-1 Tv living room 01/06/2021 30/11/2021 182 40.81% June–August 2021

NEB-2 Dryer 01/06/2021 30/11/2021 182 4.80% June–August 2021,
October–November 2021

NEB-2 Bedroom air
conditioner 01/06/2021 30/11/2021 182 0% Whole Period

NEB-2 Living room air
conditioner 01/06/2021 30/11/2021 182 10.61% June–September 2021

NEB-2 Dishwasher 01/06/2021 30/11/2021 182 4.82% June–August 2021,
October–November 2021

NEB-2 Washing machine 01/06/2021 30/11/2021 182 15.21% June–August 2021, June–August
2021, November 2021

NEB-2 Water heater and
heat pump 01/06/2021 30/11/2021 182 4.79% June–August 2021, June–August

2021, November 2021
NEB-3 Dishwasher 01/06/2021 30/11/2021 182 92.90% No Holes
NEB-3 Washing machine 01/06/2021 30/11/2021 182 92.94% No Holes
NEB-3 Tv 01/06/2021 30/11/2021 182 92.87% No Holes

NEB-4 Bedroom air
conditioner 01/06/2021 30/11/2021 182 3.32% June–July 2021,

September–November 2019
NEB-4 Fridge 01/06/2021 30/11/2021 182 87.77% No Holes
NEB-4 Dishwasher 01/06/2021 30/11/2021 182 87.70% No Holes
NEB-4 Washing machine 01/06/2021 30/11/2021 182 87.21% No Holes
NEB-5 Coffee machine 01/06/2021 30/11/2021 182 83.43% No Holes
NEB-5 Fridge 01/06/2021 30/11/2021 182 84.11% No Holes
NEB-5 Washing machine 01/06/2021 30/11/2021 182 84.11% No Holes
NEB-5 TV 01/06/2021 30/11/2021 182 84.07% No Holes

NEB-6 Dryer 01/07/2021 30/11/2021 152 83.75% No Holes
NEB-6 Fridge 01/07/2021 30/11/2021 152 83.85% No Holes
NEB-6 Washing machine 01/07/2021 30/11/2021 152 83.85% No Holes
NEB-6 Dishwasher 01/07/2021 30/11/2021 152 83.84% No Holes

NEB-6 Bedroom air
conditioner 01/07/2021 30/11/2021 152 73.49% No Holes

NEB-9 Washing machine 01/06/2021 30/11/2021 182 56.65% November 2021
NEB-9 Dishwasher 01/06/2021 30/11/2021 182 56.57% November 2021

NEB-9 Bedroom air
conditioner 01/06/2021 30/11/2021 182 56.65% November 2021

NEB-9 Bedroom air
conditioner2 01/06/2021 30/11/2021 182 56.63% November 2021

NEB-9 Dryer 01/06/2021 30/11/2021 182 56.60% November 2021
NEB-10 Washing machine 01/06/2021 30/11/2021 182 69.66% No Holes
NEB-10 Dishwasher 01/06/2021 30/11/2021 182 48.88% No Holes
NEB-10 Fridge 01/06/2021 30/11/2021 182 69.63% No Holes
NEB-11 Washing machine 01/06/2021 30/11/2021 182 2.70% July–November 2021
NEB-11 Dishwasher 01/06/2021 30/11/2021 182 55.68% No Holes
NEB-11 Fridge 01/06/2021 30/11/2021 182 55.65% No Holes

NEB-11 Bedroom air
conditioner 01/06/2021 30/11/2021 182 45.57% October–November2021

NEB-11 Air conditioner
hobby room 01/06/2021 30/11/2021 182 2.47% July–November2021

NEB-12 Fridge 01/06/2021 30/11/2021 182 69.75% No Holes
NEB-12 Washing machine 01/06/2021 30/11/2021 182 68.89% No Holes
NEB-12 Dishwasher 01/06/2021 30/11/2021 182 69.72% No Holes
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