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A B S T R A C T

Climate change mitigation requires the urgent reduction of Greenhouse Gas (GHG) emissions, with the building
sector as a significant contributor. This study develops a system to identify appliance profiles from smart meter
data, enhancing energy consumption awareness and management. These profiles provide valuable insights into
users’ consumption patterns and habits, enabling more accurate load consumption prediction and effective
appliance scheduling strategies.

The proposed approach employs feature extraction techniques to characterise energy consumption profiles,
followed by k-means clustering to identify distinct appliance profiles. Eleven representative features are
identified, offering comprehensive insights into occupants’ energy usage habits.

The evaluation with real-case data shows accurate consumption cycle approximations for each profile, with
errors consistently below 10%. Performance assessment using classification metrics indicates well-characterised
and representative profiles, outperforming state-of-the-art methods with average values exceeding 0.88 for all
considered metrics. This system helps raise occupants’ awareness of appliance energy usage and facilitates
optimised scheduling through an Energy Management System (EMS). By promoting more efficient energy
consumption, the proposed approach contributes to overall energy reduction and, consequently, lower GHG
emissions in the building sector.
1. Introduction

Climate change is one of the major issues that the world is currently
facing. Governments worldwide are trying to address it by introducing
policies that drive a rapid reduction in Greenhouse Gas (GHG) emis-
sions, which are considered the primary causes of it. Energy-efficient
strategies are thus becoming increasingly important, especially in the
building sector, which is a significant contributor to these emissions.
Indeed, according to the International Energy Agency (IEA), buildings
account for approximately 36% of global energy consumption and
37% of carbon dioxide emissions [1]. The European Union established
targets to build only Net-Zero Energy Buildings (NZEB) by 2030 and
to ensure that the entire building stock achieves NZEB status no later
than 2050 in order to meet the objectives of the Paris Agreement [1].

Building occupants’ behaviour significantly impacts energy effi-
ciency, necessitating the development of systems that can assist users
in avoiding waste and making buildings more efficient [2]. One key
strategy to achieve energy efficiency in buildings is raising awareness
of appliance consumption profiles. This awareness enables occupants
to make informed decisions and identify energy-saving opportunities
[3,4].

∗ Correspondence to: Department of Electrical and Electronic Engineering, Cagliari, 09123, Italy.
E-mail addresses: francesca.marcello@unica.it (F. Marcello), michele.nitti@unica.it (M. Nitti), virginia.pilloni@unica.it (V. Pilloni).

Energy consumption profiles also play a crucial role in Energy
Management Systems (EMS), which monitor, control, and schedule
appliances to reduce energy consumption and GHG emissions. EMS
may use these profiles to identify high- consumption or inefficient
appliances, optimise usage patterns, and increase self-sufficiency by
scheduling appliances during off-peak hours or when Renewable En-
ergy Sources (RES) are available. This action would reduce the demand
for electricity during peak hours, when electricity prices are highest,
and reduce the need for fossil fuel-based electricity generation. For
example, in [5], the proposed EMS can guarantee a reduction in diesel
generator working hours by 22%, a decrease in the costs by 11%,
and improvements in PV utilisation of 6%, and of system efficiency
by 3%. These results can only be achieved with knowledge of loads
and consumption profiles in order to make predictions on the required
resources.

Identifying energy consumption profiles is not trivial, as even appli-
ances of the same type present different energy consumption patterns:
indeed, power consumption depends on the used consumption cycles,
as some consumption cycles consume more energy than others and
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thus have different profiles, and moreover it can vary significantly
ver time and have peaks and spikes that differ from nominal power
onsumption [6]. Furthermore, their usage depends on their owners’
abits in terms of preferred working time and preferred cycles.

The objective of this paper is to propose a novel system to identify
appliance profiles based on power consumption data collected by smart

eters. The approach involves processing data to extract features that
est describe consumption profiles and then employing a clustering

algorithm to identify clusters representing energy consumption profiles
for each appliance. The resulting cluster parameters provide valuable
information about occupants’ energy consumption habits that can be
useful for the occupants themselves or for an EMS.

Indeed, the main idea is that having appliance consumption pro-
iles based on user habits and preferences, differentiated by usage
atterns, is also helpful within the framework of EMS that automati-
ally schedules appliance operations by: (i) predicting usage and con-
umption based on user behaviour; (ii) considering energy costs, user
references, and estimated consumption; (iii) scheduling operations at
ptimal times, balancing energy savings and user comfort.

The main contributions introduced by this paper can be summarised
as follows:

• development of a system that monitors users’ energy consumption
habits associated with the activation of different appliances;

• design of a methodology to identify the most useful features that
can be used to recognise different appliance consumption profiles;

• identification of 11 features that are proven to be the most repre-
sentative of power consumption profiles;

• integration of an unsupervised clustering method based on k-
means to identify different consumption profiles for each appli-
ance based on the different ways the user uses them;

• testing of the proposed system on a real-case dataset.

The remainder of this paper is structured as follows. Section 2 exam-
nes the background and current state of research on profiling energy
onsumption habits and clustering mechanisms. Section 3 presents the

reference scenario and provides an overall description of the proposed
system. The design principles for the building blocks of the proposed
system are described in detail in Section 4. Section 5 presents and
iscusses the performance results of the system. In Section 6, some
otential application use cases of the proposed system results are

discussed. The paper is closed by Section 7, which draws conclusions
nd suggests possible areas for future research.

2. Background

In this Section, we will provide a background on the importance
f the profiles and their different definition and/or characterisations.
oreover, the main techniques, mainly based on the clustering mech-

nisms needed to derive them, are also presented.

2.1. Profiling of energy consumption habits

Obtaining energy consumption profiles represents a key point for
reating systems that can manage and monitor the energy of different

Smart Buildings in the best possible way and provide support to users to
ensure energy savings and a reduction in consumption. The exploitation
of these consumption profiles can be useful for obtaining the forecasting
of the attended energy consumption along the days and seasons in order
to manage the loads efficiently, avoiding, for example, the presence
of peaks or scheduling most of the consumption on time when the
energy is produced from renewable energy sources [7–9]. For example,
n [10], consumer’ profiling is performed by considering typical daily
onsumption profiles that can later be used to improve the accuracy of a

Machine Learning tool on forecasting energy consumption. Another use
case for these profiles is to give advice and recommendations to users
to make them aware of their behaviour and encourage better use of
2 
resources and energy. Indeed, for energy consumption inside residential
buildings, the fastest and easiest solution to achieve results in terms
of energy savings is tied to changing users’ behaviour [11]. Thanks to
feedback given directly to the users, energy saving can reach values
between 12% [12] and 15% [4] of the total residential energy. Authors
in [13] obtain daily appliance profiles, and by giving recommendations
about which appliance to turn on/off based on the consumption of the
house in real-time, their solution can achieve energy saving for 2%–17%,
depending on the considered house. In [14], users’ profiles are created
onsidering data about daily actions for using room lights, personal

computers, and monitors, along with their corresponding power con-
umption and the outdoors and indoor environmental conditions and
ser occupancy. Thanks to the recommendation system, which gives
dvice about turning off lights or monitors based on the presence of
he users and their surroundings, the consumption for the light system
as reduced by 75% with respect to the time when the system was
ot employed. Furthermore, thanks to the advice about turning off the
onitors when the user is away from the office for more than 15 min,

he mean energy consumption is reduced by 24% in comparison with
he scenario without recommendations.

In general, consumption profiles can be derived in different ways,
mainly depending on the characteristics being analysed and the at-
tributes that are taken into account.

Many research works focused on the total load curve of residen-
ial buildings under different scenarios, and the energy consumption
rofiling follows daily and weekly trends, seasonality, and geographic
reas [4,15]. In this kind of solution, the obtained profiles are dif-

ferentiated on a daily basis (i.e., time of day with greater peak) and
according to the seasons (i.e., higher consumption in summer due to
ooling systems). Other solutions can take into account also demo-
raphic characteristics and dwelling information [16,17], to provide
 different insight into how some external factors can influence the
nergy habits of different users. In these cases, the different profiles

obtained thanks to patterns in consumption volumes and timing are
also analysed by considering additional information such as residents’
ersonal data, the number of residents, and the building itself.

Therefore, in most cases, the consumption profiles are analysed
by considering all the buildings’ appliances and devices together and
analysing the different moments of the day, week, or season to identify
the different ways in which users consume the overall energy inside
the different buildings considered. Fewer research works are instead
focused on energy consumption profiles that consider the individual
loads of household appliances [13,18]. In these cases, the obtained
profiles are differentiated based on the usage of appliances during
the day. The profiles thus obtained take into account when household
appliances are generally used but not the different energy consumption
that can be associated with each of them according to the usage that
sers make of them. The profiles give information about the total
onsumption at different hours due to shiftable appliance activations

and suggest different times of use in order to achieve energy savings.
The evaluation of the profiles obtained in this way does not allow for
the precise distinction of the different ways in which the user could
use that single appliance and how this is reflected in different usage and
consumption profiles directly associated with that particular appliance.

Authors in [19] obtained detailed appliance profiling with the dif-
ferent cycles used by the residents for 12 different house appliances.
The profiles considered energy consumption and the frequency of
usage of each appliance by day, week, or month. The information
on the different usage cycles is obtained through precise observation
nd analysis of the data gathered using smart meters, for each ap-
liance. For this kind of solution, it is, therefore, necessary to have
nowledge of the appliances inside the home and of the functionality
haracteristics of the different cycles. In [20], the authors proposed
 method of predicting the consumption of household appliances by
valuating statistical distributions. Different consumption groups for

each appliance are evaluated together, considering a-priori information
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Table 1
Different clustering methods from literature review.

k-means k-medoids Fuzzy c-means
(FCM)

k-shape Self-Organisation Map
(SOM)

Hierarc. clustering

Robust to noise and
outliers

Low High High High High Low

Decide cluster # Yes Yes Yes Yes Set max. No
in advance constraint

Computational Low High High High High High
complexity

Scalability High High High Low Low Low

Other characteristics Easy implementation;
Quick convergence

Uncertainty
modelling

Time-series data;
Validity limited to
specific datasets

Select different initial
parameters; Clusters
often different from
natural clusters

Ability to detect nested
clusters

Ref.
Examples

[21,23–26] [27] [28] [29] [30,31] [7,32,33]
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about the duration of the cycles and the day of the week. On the other
hand, with an unsupervised learning method, the data are grouped
ogether based on the similarity of the different features considered
ithout dividing the usage cycles of the appliance in advance since

these cycles can be different according to the habits of different users.
Thus, most of the literature profiles energy consumption consid-

ring the overall consumption of the house, and even if some works
ifferentiate for appliances, the obtained profiles are generally used to
nderstand which devices are used at certain times and recommend a
hift in the use of these devices at different, more convenient, hours.
n [21], a more detailed analysis is made on the different operational

modes of the single appliance, which are then characterised as low,
edium or high consumption thanks to clustering and classification

lgorithms, but these modes are not useful to establish the user’s habits
nd precise consumption associated with them. The significance of
sage factors is shown in [22], where a system is proposed to gather

information on the energy efficiency of refrigerators. Usage factors are
deemed relevant due to persistent misconceptions about the proper
se of refrigerators, and their measurements uncover variations arising
rom appliance usage (door openings, filling levels). Therefore, in the

rest of this paper, a system is present that aims to understand automati-
ally, thanks to clustering algorithms, the different energy consumption
rofiles associated with an appliance, that reflect the different habits
n which users can interact with it and the corresponding different
nergy consumption values. These profiles can be useful not only for a
ecommendation system for the user to achieve energy savings but also
rom the point of view of a Building Energy and Comfort Management
ystem, which has to predict the different consumption inside the
ouse, based on the user’s habits, to predict and guarantee correct and
ore sapient use of the energy.

2.2. Clustering mechanisms

In recent years, above all, thanks to the presence and greater use
of smart meters, the solutions for energy consumption profiling are
based on data-driven models, in which clustering techniques are the
most frequently applied [23,25,32]. This type of application allows
he realisation of models obtained starting directly from the registered
ata, avoiding the need to make initial assumptions based on the

specific knowledge of one particular problem. In the context of energy
onsumption profiles, the data of interest are the power values read
sing smart meters, and similar patterns in the data are searched
hrough clustering algorithms in order to identify different representa-
ive groups. The obtained clusters can then refer to the different classes
f consumption and use of the energy for the residents, or they can

aim to identify residential users based on their socio-demographic or
ousehold characteristics [32]. Patterns similarity is usually evaluated

in terms of distance measure between a pair of samples. Several dis-
tance measures can be used in this type of problem; when working with
3 
continuous features, the Euclidean distance is one of the most popular
and intuitive metrics to use.

Another important choice concerns the method to be used. Cluster-
ng algorithms can generally divided into two categories based on how
he clusters are defined: hierarchical clustering and non-hierarchical
lustering (or partitional clustering) [34]. Hierarchical clustering algo-
ithms evaluate a criterion for merging or splitting clusters based on

similarity and obtain the optimal nested series of partitions. Partitional
clustering algorithms optimise a clustering criterion to identify the best
ivisions of the data, based on multiple metrics used to assess the
imilarity between cluster elements [35].

Other techniques exist that fall into different categorisations, such
s grid-based clustering algorithms like self-organisation map (SOM),
hich is a special kind of unsupervised artificial neural network [36]

that reduces data dimensions and groups similar data together.
Partition clustering algorithms are generally highly efficient and

have lower computational complexity than the others; they also work
ell with large datasets. Hierarchical algorithms are very flexible and

asily interpretable, but they require more computational complexity
nd yield poor results with larger datasets. As for grid-based methods,
heir main advantages lie in their ability to identify the most important
eatures with self-stability and find clusters with complex structures
ithout assuming a specific shape. Additionally, they are highly robust
gainst noise. The main disadvantages, once again, are computational
omplexity and the need to choose numerous initial parameters that
ffect performance.

These methods also diverge in terms of how the number of clusters
o be generated as the final result is defined. For partitional cluster-

ing, this is a requirement to be chosen upfront because each data
point is assigned to a single cluster. In contrast, hierarchical clustering
onstructs a hierarchy of clusters, and the number of clusters can be
etermined after analysing the dendrogram without specifying this
umber in advance. In the case of grid-based methods, specifically
OM, the algorithm requires knowing the clusters’ maximum value
or initialisation. This helps define the network’s structure, allocate
ppropriate computational resources, control model complexity, and
ailor the visualisation and interpretation capabilities to the specific
ata analysis goals.

Therefore, there is a variety of clustering methods that have been
applied to the data of households and smart meters, including k-
means [21,23,25,26], k-medoids [27], fuzzy c-means (FCM) [28], k-
shape [29], which all fall into the category of partitional cluster-
ing, SOM [30,31], and hierarchical clustering [7,32,33]. Table 1 sum-
marises some of the advantages and disadvantages of these different
lgorithms, as explained above, while Table 2 presents a brief review of

some of the literature’s works, with the specification about the purpose
of their solutions.

For example, the authors in [32] applied a hierarchical clustering
algorithm to cumulative, normalised hourly load profiles, obtaining
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Table 2
Objective of different solutions from literature review.

Objective Ref. Input Output

Consumption cycle profiling [21] Consumption cycle median power 3 clusters (low, medium, high)

Consumer groups profiling [23] Autocorrelation coefficients of hourly data 12 clusters about consumption differences

[26] Dwelling type data, billed annual consumption,
energy use from a survey

4 clusters (1 low, 2 medium, 1 high energy
consumers)

[28] Daily electricity consumption 3,8,10 clusters for comparison

Consumer groups profiling with demographic
indicators

[25] Half-hourly smart-meter data 6 clusters based on average summer load

Consumption profiling weekdays/weekends [27] Symbolic strings of motifs from smart meter data 4 clusters (House 1) 5 clusters (House 2)

Consumer groups profiling and
weekdays/weekends consumption

[29] Time-series of average hourly occupant movements
and total hourly occupant movements of similar
houses

5 clusters of consumer groups; different clusters
for weekdays and weekends of the single user

Most used group of appliances at each hour
profiling

[24] Frequency of appliances usage at each hour Different number of clusters for each interval of
time

Daily electricity profiling [30] Hourly electricity data of each day 10 clusters of daily electricity use

Consumer profiling consumption level
prediction

[31] Dataset1: kWh per area of monthly electricity
usage; Dataset2: daily energy consumption of a
single house

Dataset1: 4 clusters (energy consumption rate per
area of the residential buildings); Dataset2: 4
clusters (daily and monthly energy consumption)

Cluster prosumers for net load forecasting [7] Average daily net load patterns Best performance with 4 clusters

Cumulative and normalised hourly load profiles [32] Hourly average of aggregate electricity data (4–9
pm)

3 clusters

Cluster and prediction of residential peak
demand

[33] Hourly averages normalised over the minimum in
the 5–8 pm period

2 clusters differentiated by peak demand’s timing
𝐾 = 3 clusters differentiated in terms of the peak-period usage profiles.
On the other hand, among partitional clustering algorithms, the most
prevalent used is the k-means algorithm. Authors in [25] selected the
k-means algorithm to cluster residential customers in different groups
based on their usage patterns using half-hourly smart meter datasets
and finding the best solution for 𝐾 = 6 number of clusters. In [23],
the k-means algorithm is applied to autocorrelation coefficients, also
gained from smart meter data, and obtains the best results for 𝐾 = 12.
In [24], after defining the occupants’ habits in co-using their appli-
ances, the k-mean clustering algorithm is employed to associate specific
time intervals with groups of frequently used appliances, providing
insights into energy consumption patterns at distinct times. The optimal
number of clusters in the output depends on the considered time
interval.

None of the different clustering methods can be considered overall
better than the others; the performance indeed depends on the input
data, their nature, and the final objective for which the application of
the clustering algorithm is required. In this paper, we decided to choose
the k-means clustering technique due to its speed of convergence, easy
implementation, and efficiency; furthermore, it is particularly suitable
when working with statistical data and large datasets [17]. In any
case, the system could be straightforwardly extended, considering other
Machine Learning solutions; however, this discussion would be outside
the scope of this paper.

3. Reference scenario and system model

As mentioned in the Introduction, the main objective of the system
proposed in this paper is to use data from smart meters to find the
load profiles that best characterise the power consumption of home
appliances to support load forecasting and management. Fig. 1 de-
picts the reference scenario’s main elements and the proposed system’s
architecture.

Each appliance 𝑖 is connected to a smart meter 𝑠𝑖, which con-
tinuously monitors its power consumption and sends its values 𝑃𝑖(𝑡)
to the energy consumption profiling system. Such a system comprises
two components: the feature extraction and the appliance consumption
profiling blocks. The two blocks will be described in detail in the
following two Subsections.
4 
Fig. 1. Scheme of the reference scenario and proposed system.

3.1. Feature extraction

The feature extraction block is in charge of:

1. collecting the power consumption data values 𝑃𝑖(𝑡) for each
smart meter 𝑠𝑖 and associating them with a consumption cycle
𝑷 𝑖𝑗 , which includes all the power consumption values collected
between the starting time 𝑡𝑠𝑡𝑎𝑟𝑡𝑖𝑗 and the ending time 𝑡𝑒𝑛𝑑𝑖𝑗 , where
𝑗 identifies the specific consumption cycle;

2. processing 𝑷 𝑖𝑗 to create a feature vector  𝑖𝑗 that describes it by
means of meaningful characteristic parameters.

The consumption cycle 𝑷 𝑖𝑗 starts when some power consumption
is detected from smart meter 𝑠𝑖. However, smart plugs themselves
might introduce power measurement errors. These errors can lead to
reading consumption values even when the load is actually turned
off [37]. Generally, these values are reported in the datasheet of the
equipment in use. Most of these devices show errors 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒 < 3 W,
but the threshold can be chosen based on the specific smart plug when
the information is available. Therefore, in order to remove measure
errors and noise, power consumption values lower than 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒 are
considered equal to 0. Hence, when some 𝑃𝑖(𝑡) > 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒 is detected,
𝑡𝑠𝑡𝑎𝑟𝑡𝑖𝑗 is set to 𝑡 and the following power consumption values are included
in 𝑷 . To identify different consumption cycles also for always-on
𝑖𝑗
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Table 3
Features vectors obtained for two consumption cycles of Washing Machine (WM) and Refrigerator (Ref.).
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Fig. 2. Normalised data of one cycle of a washing machine.

Fig. 3. Normalised data of one cycle of a refrigerator.

appliances, such as the refrigerator or the modem, if 𝑠𝑖 is associated
ith one of these appliances, the power consumption values are first
ecreased by an offset equal to the median value computed according

to historical power consumption data, before being stored on 𝑷 𝑖𝑗 . The
onsumption cycle is considered finished, i.e., the system sets 𝑡𝑒𝑛𝑑𝑖𝑗 , when
𝑃𝑖(𝑡) ≤ 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒

𝑖𝑗 for more than 𝛩𝑇 𝐻 𝑜𝑓 𝑓 . Once the cycle is obtained, the
power values characterising every consumption cycle are normalised
efore the following processing steps. The reason for this normalisation
s related to the final objective of the proposed system, i.e. clustering
ogether consumption cycles with similar patterns [32]. Therefore, the

power values included in 𝑷 𝑖𝑗 are normalised according to the maximum
power value recorded for that cycle. As explanatory examples, Figs. 2
and 3 represent the resulting power signal processed and normalised.
The example is based on the data of the DEDDIAG dataset [38], which
will be better explained in Section 5. In particular, Fig. 2 refers to a

ashing machine cycle, whereas Fig. 3 refers to a refrigerator cycle.
After the normalisation process, the most representative features  𝑖𝑗
are extracted.

Several criteria have been considered to evaluate which features to
nclude in the feature vector. Both physical and statistical features have

been assessed since they are the most commonly used for feature-based
data clustering from power time-series [39,40]. While observing the
consumption cycles, we envisioned that some of their characteristics
5 
convey interesting information that can be associated with a pattern.
This is the case of (i) consumption peaks, and more precisely, the
umber of times they occur and their values; (ii) some context infor-
ation, more specifically, the time of activation of the appliances and

he day of the week. Based on these considerations, the following 11
eatures have been identified as representative of consumption cycle
𝑖𝑗 to define the feature vector  𝑖𝑗 : the number of peaks; the average

distance between them; the waveform shape factor; the skewness; the
urtosis; the mean value of power; the standard deviation (Std Dev); the

energy of the signal; the starting time expressed in hours; the overall
energy consumption for the cycle; the variance. Table 3 shows, as an
example, the features’ values for the two power consumption cycles rep-
resented in Figs. 2 and 3. The information about starting time, peaks,

ean power, and energy is logically and easily linked to appliances’
nergy consumption, and it can help convey the variations among
ifferent profiles and habits [41]. The other features presented are more
onnected to statistics and waveforms of the examined signals. For
xample, skewness and kurtosis provide information on the distribution
nd shape of the data [42]. They are generally used to derive informa-

tion on how consumption behaves between summer and winter months
or to evaluate different distributions between different customers [43].
In this study, the idea is to evaluate whether this information could be
useful in understanding if there is a difference in the distribution of
consumption data between different appliance profiles. Furthermore,
this data can also be useful for detecting anomalies, malfunctions, or
attacks [44]. The significance of each feature in profiling the appliances
is better justified and assessed in the following Sections.

The consumption profiling block uses the set of all these vectors
as input. How much each feature affects the profiling results is later
ssessed in Section 5. The algorithm of the Feature Extraction block is
ummarised in Algorithm 1.

Algorithm 1 Feature Extraction

Require: 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒, 𝛩𝑇 𝐻 𝑜𝑓 𝑓
𝑖

while 𝑡𝑒𝑛𝑑𝑖𝑗 not set do
if 𝑡𝑠𝑡𝑎𝑟𝑡𝑖𝑗 not set and 𝑃𝑖(𝑡) > 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒 then

Set 𝑡𝑠𝑡𝑎𝑟𝑡𝑖𝑗 ← 𝑡 and start collecting power consumption data on 𝑷 𝑖𝑗
end if
if 𝑠𝑖 is associated with an always-on appliance then

Subtract the median power consumption value from 𝑃𝑖(𝑡) before storing
it on 𝑷 𝑖𝑗

end if
if 𝑃𝑖(𝑡) ≤ 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒 then

Set 𝑃𝑖(𝑡) ← 0
end if
if 𝑃𝑖(𝑡) ≤ 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒 ∀𝑡 ∶ 𝑡 ∈ [𝑡∗ − 𝛩𝑇 𝐻 𝑜𝑓 𝑓

𝑖 , 𝑡∗] then
Set 𝑡𝑒𝑛𝑑𝑖𝑗 ← 𝑡∗

end if
end while
Normalise 𝑷 𝑖𝑗
Extract the feature vector  𝑖𝑗

4. Appliance consumption profiling

The main tasks of the appliance consumption profiling block are the
following:
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1. For each appliance 𝑖, find the set of K clusters 𝑖 = {𝑘𝑖}
obtained clustering all the vectors  𝑖𝑗 received from the Feature
Extraction block and then compute the reference consumption
cycle ∗

𝑘𝑖 for each cluster 𝑘𝑖 that is representative for the entire
cluster;

2. define the ordered list of features 𝑭 𝑖 = (𝐹1,… , 𝐹𝑚), associated
with appliance 𝑖, where 𝐹1 is the most significant feature and
𝐹𝑚 is the least significant one, in a total of 𝑚 = 11 features, to
provide the system and/or the users with profile  𝑖 of appliance
𝑖 where  𝑖 = {∗

𝑘𝑖,𝑭 𝑖}.

The appliance consumption profiling block performs the clustering
rocess on all the vectors of characteristic features associated with
 specific appliance 𝑖, i.e., it considers all the  𝑖𝑗 from the feature
xtraction block. The output of this process is given by the set of

clusters 𝑖 = {𝑘𝑖} identified by the clustering process, where 𝑘𝑖
represents the 𝑘th cluster of appliance 𝑖 which groups together the most
similar vectors  𝑖𝑗 .

To ensure that the number of outliers within each group was not too
igh and that they could not negatively influence the representation of
he cluster, some of these vectors  𝑖𝑗 were dropped from the cluster.
n particular, the vectors defined as outliers were all the elements of
𝑘𝑖 with feature values greater than three standard deviations from the
mean. In this way, the number of elements for each cluster decreased
by approximately 3.5%–6% from the original cluster.

Then, for each cluster 𝑘𝑖, a reference consumption cycle ∗
𝑘𝑖 is com-

uted, which defines, for each cluster 𝑘, the average value of the single
eatures; the purpose of this step is to find this reference consumption
ycle ∗

𝑘𝑖 that is representative for the entire cluster and it is defined
s follows:

∗
𝑘𝑖 = mean𝑗 ( 𝑖𝑗 ∶  𝑖𝑗 ∈ 𝑘𝑖) (1)

The appliance consumption profiling is entrusted with finding sim-
ilar patterns between the feature vectors acquired from the feature
extraction block to obtain different consumption groups, represented
with their reference consumption cycles, for each appliance. For that, a
clustering algorithm is needed in the process to divide the data based
on their attributes and organise them into meaningful structures.

Since the 11 features that constitute the consumption cycle vectors
are all numerical data and contain information of a statistical nature,
the k-means algorithm has been chosen among the different clustering
algorithms and methods to cluster the data into similar groups [45].
Indeed, this algorithm bases its operations on calculating the distance
between each point in the data and the centre of each cluster, and it
s, therefore, designed for situations where the features are numeric.

This unsupervised learning method partitions the dataset into differ-
ent and not overlapping clusters and assigns each observation to one of
these clusters. At every step, a centroid is computed that represents the
clusters, and the observations are assigned to the nearest centroid based
on the squared Euclidean distance. Every time a new sample is added
to the cluster, the centroid is recomputed, taking the mean of all data
points that have been assigned to that centroid’s cluster.

In the scenario under consideration, the information about power
onsumption is differentiated by appliance type. Therefore, the k-means
lgorithm is applied separately on each appliance features dataset so
hat the obtained set of clusters 𝑖 = {𝑘𝑖} is already distinguished for
very appliance 𝑖. In this way, it is possible to have the individual usage
rofile linked directly to the reference appliance and to characterise it
ccording to the user’s habits.

Every feature vector  𝑖𝑗 , associated with an individual consumption
ycle 𝑷 𝑖𝑗 , is assigned into one cluster {𝑘𝑖}. The corresponding refer-

ence consumption cycle ∗
𝑘𝑖 coincides with the centroid of the cluster

𝑘𝑖, since it consists of a vector made by the same 11 features used for
he definition of  𝑖𝑗 and each value is computed as the average value

of the same feature for all the  𝑖𝑗 elements that belongs to the same

luster 𝑘𝑖. Indeed, since the groups themselves are updated based on

6 
the centroid, which is always recalculated as the average between the
different samples of the cluster, the choice of selecting this element as
the reference one is the most coherent.

As a second step, it is necessary to understand which set of features
𝑭 𝑖, among the 11 ones, can be considered the most significant for the
lassification of the samples into each cluster. Indeed, the significance
f each feature is different from appliance to appliance and also from

home to home. The algorithm used to understand the most important
features is the one-way Analysis of Variance (one-way ANOVA) [46].
The analysis is performed for each feature, grouped by class (or cluster),
to evaluate if the training sets, including or not including that feature,
are significantly different; then, the features are ranked using the 𝑝-
values. The 𝑝-value represents the probability that the effects noted in
the observed samples can occur when the results are not statistically
significant to represent the overall population and, therefore, cannot
be generalised. Hence, to reject this hypothesis, these probability values
must be low. Typical significant values of 𝑝 are less then 0.05 [47,48].
The scores for ranking the features are then equal to values of −𝑙 𝑜𝑔(𝑝);
ccordingly, small values of 𝑝 will result in high scores in features
anking.

Therefore, the output at the end of this process consists of an
ordered list associated with appliance 𝑖, and defined as 𝑭 𝑖 = (𝐹1,… , 𝐹𝑚)

ith 𝑚 = 11, where 𝐹1 represents the most significant feature and 𝐹𝑚
epresents the least significant feature among the 11 considered.

Finally, the information that can be extrapolated from the reference
consumption cycle ∗

𝑘𝑖, and the information about the most significant
features 𝑭 𝑖, are used to represent the profile  𝑖 = {∗

𝑘𝑖,𝑭 𝑖}. This
onstitutes the usage profile for the appliance 𝑖 under consideration.

The most important steps of the appliance consumption profiling
algorithm are summarised in Algorithm 2.

Algorithm 2 Appliance Consumption Profiling
Require: set of feature vectors { 𝑖𝑗} of appliance 𝑖

Cluster the feature vectors { 𝑖𝑗}
Find the best number of cluster 𝐾
Obtain 𝐾 sets of cluster 𝑖 = {𝑘𝑖}
Compute reference consumption profile according to Equation (1)∗

𝑘𝑖 = mean𝑗 ( 𝑖𝑗 ∶  𝑖𝑗 ∈ 𝑘𝑖)

Find the most significant features 𝑭 𝑖 of 𝑖 and define the ordered list
𝑭 𝑖 = (𝐹1, ..., 𝐹𝑚), where 𝐹1 is the most significant feature and 𝐹𝑚 is the least
significant one;
Provide usage profile  𝑖 = {∗

𝑘𝑖,𝑭 𝑖} of appliance 𝑖

5. Performance evaluation

The performance evaluation of the proposed system is done using
the DEDDIAG dataset [38], which is a real-world domestic electricity
demand dataset. The processing and analysis of the data are performed
using the MATLAB platform for programming and numeric computing.

The dataset contains data from 15 different homes about power
easurements of a total of 50 appliances, recorded at a frequency of
 Hz. The appliances reported in the entire dataset are dishwashers,
ashing machines, dryers as well as refrigerators, coffee machines, and
Vs. Each house of the dataset can have a different combination of

these appliances; during the simulations, only the most representative
houses in terms of variety of appliances and completeness of data have
been considered. The houses under consideration are those labelled as
4, 5, 8, 12 and 14 in the original dataset, and the appliances under
consideration inside each home are reported in Table 4. Here, it is also
ossible to see the number of days each house has been monitored and
he percentage of missing data during these periods.

The selection of this dataset allows for the evaluation of various
appliances of interest, as well as the diverse habits of residents across
different households. Furthermore, the comprehensive dataset has been
recorded over an extended period, up to 3.5 years, depending on the
specific house and appliances. This long-term data collection enables us
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Table 4
Dataset description.

House Occu- List of Duration Missing
ID # pants appliances [days] days

4 3 Dishwasher (DW)
Refrigerator (Ref.)
Washing Machine (WM)

1331
1308
1331

0.22%
0.78%
0.31%

5 2 Coffee Machine (CM)
Dishwasher (DW)
Refrigerator (Ref.)
Washing Machine (WM)

568
890
890
884

1.06%
12.78%
8.23%
10.25%

8 2 Coffee Machine (CM)
Dishwasher (DW)
Office Desk (OD)
Refrigerator (Ref.)
Washing Machine (WM)

404
404
404
369
416

1.03%
1.04%
1.03%
0.00%
1.01%

12 3 Dishwasher (DW)
Dryer (Dry.)
Refrigerator (Ref.)
Washing Machine (WM)

320
320
320
320

3.27%
3.30%
3.28%
3.29%

14 NA Heat Pump (HP) 720 19.05%

to consider aspects related to seasonal climate variations, which influ-
ence consumption patterns and habits. Moreover, it accounts for diverse
weather conditions that may have occurred across different years.
Consequently, this approach permits a certain degree of differentiation
in these critical characteristics despite the dataset being acquired from
houses located within the same climatic region (in Germany).

The dataset records power measurements only when there is a
variation in their value; therefore, the data have been manipulated
to simulate the behaviour of a smart meter so that it was possible to
obtain a single value of measurements every minute, considering the
actual value for that minute the last one that has been recorded. The
data are then elaborated to get the different consumption cycles for
each appliance inside each home as explained in Section 4. From each
consumption cycle, a feature vector is obtained as explained in the
feature extraction block (see Algorithm 1); for every appliance inside
each home, there is a collection with all the feature vectors computed
during the simulation period. These collections are used to identify
the clusters that best represent the consumption cycle groups. The
parameters of the Feature Extraction algorithm are set as: 𝛱𝑇 𝐻 𝑛𝑜𝑖𝑠𝑒 = 1
W, 𝛩𝑇 𝐻 𝑜𝑓 𝑓

𝑖 = 15 min.
The choice of 1 W as the noise threshold is derived from observing

the specific smart meter used for the dataset under examination. It has
been reported that measurement errors around 1 W due to the smart
meter’s inherent inaccuracies [37,38] are possible. This is indeed re-
flected in the observation of the data under examination, where values
around the range of 0.2 − 0.8 W were recorded. These values led to
the belief that certain appliances (including dishwashers and washing
machines) were in an operational state for many consecutive days,
which seemed improbable. Consequently, such values were excluded.
However, this parameter can be easily adjusted to account for the
precision of the smart meter as indicated in its datasheet.

Regarding the selection of 15 min as the time interval without
consumption readings, this duration is a typical choice when addressing
energy consumption problems [49,50]. Based on initial data observa-
tion, the 15 − min interval appears reasonable to consider an operational
cycle as concluded. Indeed, it has been observed that once the con-
sumption dropped to 0 W for a period exceeding 15 min, the operation
was deemed concluded. Shorter intervals may lead to the misidentifica-
tion of temporary power reductions as cycle completions, while longer
intervals risk combining distinct operational cycles.

This choice appears consistent across all the different appliances
and various usage habits that have been examined in the different
households within the dataset under study.

The best number 𝐾 of clusters is found by searching for a suitable
trade-off between the higher similarity for points inside one cluster and
7 
Fig. 4. Features ranking obtained from ANOVA sensitivity analysis for appliances of
house 4.

the lower values of errors obtained for the same cluster. The similarity
between the points inside the same cluster is evaluated using silhouette
criterion values that can range from −1 to +1: a higher silhouette value
indicates that the points are well-matched inside the cluster and less
similar to the points of all the other clusters. The errors are considered
for each feature as the difference between the values of each element
of the cluster and the values of the average cycle used as representative
of that cluster. The value 𝐾 in all the simulations varies from 𝐾 = 2
to 𝐾 = 9, where 𝐾 = 9 has been set as the maximum so that all
the clusters have a significant statistical population for each group.
Taking into consideration the significant population parameter, which
is given by the group with the smallest population for each scenario
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with different values of 𝐾, the best results are chosen by taking the best
compromise between silhouette values, the mean percentage of errors
and the significance of the populousness of the clusters. The trade-off
for selecting the best value 𝐾 is given by a mean percentage error lower
than 10%, a silhouette coefficient higher than 0.55 and a percentage of
the smallest cluster’s population of at least 1% of the total number of
samples. According to [51], silhouette values greater than 0.5 indicate
that a reasonable structure has been found in the data; on the other
hand, the choice to consider groups of profiles containing up to 1% of
the population within allows recognising consumption profiles that are
less commonly used, yet still significant in terms of the total number of
samples. If more than one value of 𝐾 satisfies the three conditions, the
choice of the best number of clusters falls on the value corresponding
to the lower error value.

Therefore, once found the best number of cluster 𝐾 of every ap-
pliance 𝑖, for each of them, the reference consumption cycle ∗

𝑘𝑖 is
obtained and its definition is indicated in Eq. (1), in Section 4. Two
other solutions, in addition to this one, were also evaluated as possi-
ble reference consumption cycles: the real data sample closest to the
centroid and the features vector obtained as the median of the features
of the cluster’s data points. However, these reference cycles were less
representative of the entire cluster and led to greater errors in the
approximations of the real profiles with these reference profiles.

Regarding the selection of the most significant features, the ranking
of the features, as explained in Section 4, was obtained as an output
using the function for the ANOVA algorithm implemented in MATLAB.
All the Tables in the following Subsections highlight the first three to
four features with a 𝑝-value that can guarantee 𝑝 ≪ 0.05, i.e., 𝑝 <
0.001 [47,48]. ANOVA sensitivity analysis allows identifying the most
significant features for class/cluster separation. As an example, Fig. 4
ranks the features for the different appliances in House 4 based on
−𝑙 𝑜𝑔(𝑝) scores. The bars report the importance scores obtained from
MATLAB for each feature and every appliance. These results demon-
strate that all features have considerable importance, corresponding
to 𝑝− values < 0.001, with one exception: the ‘‘Mean Peaks Distance’’
feature of the Washing Machine. This feature has a score of 0.79,
corresponding to 𝑝 = 0.16, which may suggest reconsidering the use
of this feature in future analyses for this specific case.

All the results are differentiated by home and by appliance; in the
following Subsections, the results obtained for one of the houses of
the dataset, House 4, are reported in detail, and general considerations
about the overall system are presented. The remaining detailed results
regarding the other three houses under consideration are discussed
similarly to that of House 4 and can be found in Appendix.

5.1. House 4

House number 4 of the original dataset is equipped with the ap-
pliances reported in the first row of Table 4. The data about the
dishwasher have produced 1122 consumption cycles; from the refriger-
ator’s data, 4487 different cycles were obtained, while from the washing
machine, 676. These cycles are used to find the right number of different
clusters for each appliance, and the representative cycle is computed
as the reference profile of all the samples of the same cluster for each
cluster.

Fig. 5 shows the results obtained for each appliance, relating the
𝐾 number of possible clusters with the silhouette values and with
the average percentage errors that are calculated for each clustering
scenario for an increasing value of 𝐾. The bars in the figure show the
percentage value of populousness of the cluster with the lowest number
of samples in it.

Considering also the number of samples belonging to each cluster
for every scenario with different 𝐾, the best results are obtained with
𝐾 = 4 for the dishwasher usage and for the refrigerator, and with 𝐾 = 7
for the washing machine.
8 
Fig. 5. Comparison of the results obtained for different numbers of clusters for the
appliances inside House 4. The criteria for choosing the best value 𝐾 is given by: a
mean percentage error lower than 10%, a silhouette coefficient higher than 0.55 and
a percentage of the smallest cluster’s population of at least 1% of the total number
of samples. If more than one solution meets the criteria, the one with the lowest
percentage error is chosen.

Table 5 shows the results obtained for each cluster of the appli-
ances inside House 4 in terms of percentage errors calculated as the
difference between the reference profile used as the representative for
the cluster and all the other elements inside the same cluster. Each
column, from the first to the eleventh, is relative to one of the features
chosen for the clustering problem, while the last column shows the
percentage of elements that belong to each cluster for the appliance
under consideration.

The most significant features are highlighted in the table. For the
classification of the dishwasher groups, they are the Consumption, the
Energy of the Signal, the Mean Power and the Number of Peaks, and it
is possible to see that, especially for these important features, the errors
are always very low, particularly for the most populated clusters. The
higher errors are those related to the starting time, which is the less
significant feature of the dishwasher.
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Table 5
House 4-percentage errors and population of each cluster for every appliance.
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DW

1 3.61 3.65 1.44 3.15 2.61 1.96 1.34 2.07 9.22 3.18 1.68 23.89%
2 5.44 6.06 1.69 3.29 3.61 2.52 1.61 2.44 17.13 2.81 2.23 38.41%
3 5.82 6.25 1.62 3.27 3.29 2.37 1.56 2.20 13.69 2.57 2.12 36.70%
4 1.19 1.21 1.06 1.11 1.16 1.13 1.05 1.10 1.10 1.10 1.10 1.70%

Ref

1 7.70 4.63 0.97 8.92 9.21 3.65 4.04 5.77 36.51 6.33 5.97 26.32%
2 5.80 4.41 0.96 4.00 4.75 3.29 4.29 2.53 2.96 3.55 2.50 1.30%
3 3.43 2.88 1.58 9.40 10.99 7.43 4.75 3.24 7.57 15.37 5.39 8.28%
4 17.21 11.80 0.98 10.22 13.55 4.67 5.18 8.97 32.34 9.84 10.03 66.47%

WM

1 5.10 7.31 2.19 8.56 13.72 6.53 3.31 2.99 8.79 2.85 7.08 21.25%
2 2.57 3.35 1.61 18.47 7.48 4.09 1.45 0.89 3.34 1.03 3.11 11.09%
3 9.72 15.64 4.32 30.79 25.27 12.07 4.99 9.01 10.14 9.18 11.37 25.24%
4 5.38 7.72 3.17 32.91 18.70 9.26 3.53 1.96 7.29 2.38 7.85 19.08%
5 0.29 0.232 0.08 0.32 0.41 0.22 0.09 0.10 0.07 0.14 0.20 2.50%
6 5.04 6.21 2.79 26.31 14.58 7.67 2.54 1.25 6.99 1.83 5.53 17.44%
7 0.59 0.69 0.29 0.79 1.28 0.70 0.30 0.28 0.66 0.30 0.63 3.40%
Similar consideration can also be done for the refrigerator, for
which the most important features are the Consumption, the Energy
of the Signal, the Skewness and the Mean Power; while the washing
machine has the following features as the most significant ones: the
Consumption, the Energy of the Signal, the Number of Peaks and the
Start Time. The order of these lists is based on the ranks of the features,
from the most important to the least important, excluding those with
less significant values. Table 5 also shows the errors for each cluster
and each feature of the refrigerator and the washing machine. Also in
these cases, it is possible to see that the errors are always quite low,
especially for the most important features and for the most populated
clusters.

5.2. General considerations on the proposed system’s results

This Section summarises the results obtained for the single houses.
As explained below, it is possible to establish common trends by
grouping the results relating to the appliances inside at least two houses
under examination.

The dishwasher, refrigerator and washing machine can be found in
four of the buildings of the dataset described in the above subsections.
The optimal number of clusters for the dishwasher is in the range of
𝐾 = 2 and 𝐾 = 4, and the important features common to all houses
are the Mean Power and the Signal Energy. The errors for these two
features are close to 2% or a little above in most cases, except for the
dishwasher of House 5, which has a maximum error of 9.53% for the
Mean Power and of 3.99% for the Signal Energy.

Considering the refrigerator, the results show that the optimal num-
ber of clusters is 𝐾 = 3 for two houses out of four and 𝐾 = 4 for the
other two houses, with Signal Energy and Consumption as the most
important common features. The errors are a bit different between the
homes, but in general, it is possible to notice that they are always
lower than 10%, with the exception of an error of 15.37% for the
Consumption of the 3rd cluster in House 4.

The data of the washing machine’s cycles generate a higher number
of clusters for all the houses considered. The optimal value of 𝐾 varies
between 𝐾 = 5 and 𝐾 = 7. The common features of this appliance
are the Number of Peaks, the Signal Energy, and the Consumption. The
errors related to them are rarely higher than 5%, with the worst results
being an error of 9.72% in the Number of Peaks, 9.01% in the Signal
Energy, and 9.18% in the Consumption of the 3rd cluster of House 5.

The coffee machine is present in two houses, and the optimal
number of clusters is 𝐾 = 7 for House 5 and 𝐾 = 6 for House 8.
For this appliance, the most important features are the Energy of the
9 
Fig. 6. Average percentage errors obtained from the clustering of the Dishwasher’s
data of all the houses together.

Signal, the Consumption, and the Number of Peaks, and this result is
consistent in both homes. The worst error obtained in this case is an
error of 8.13% in the Number of Peaks of the 5th cluster of House 5,
while the Signal Energy and the Consumption have a maximum error
of 2.82% and 3.68%, respectively.

The dryer is present in House 12 only, and the optimal number of
clusters obtained in this case is 𝐾 = 3, with the Energy Signal, the
Consumption, and the Number of Peaks as the most significant features.
The maximum errors are 6.30% for the Number of Peaks, 4.09% for the
Energy of the Signal, and 4.12% for the Consumption of the 3rd cluster.

The office desk is present in House 8 only with 𝐾 = 3 clusters
and the Signal Energy, the Consumption, and the Number of Peaks as
the important features. For this appliance, the errors are very high,
considering all clusters and all the important features. Therefore, the
conclusion is that this representation needs to be revised for this kind
of device.

Lastly, the heat pump in House 14 gave the best result when the
number of clusters considered equals 𝐾 = 4; for this appliance, the
most meaningful features are the Signal Energy, the Shape Factor, the
Number of Peaks, and the Mean Power. The largest errors for these
features occur in the 1st cluster for the Number of Peaks, with a value
of 17.29%, and for the Signal Energy, with a value of 12.87%. On the
other hand, the results for the other clusters are always lower than 10%
for all the most important features.

Table 6 shows these results in summary, indicating the houses
where the significant features appear for each appliance.

Thanks to the analysis made home by home, it is possible to
establish that the different characteristics of appliances and the way
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Table 6
Most important features for each appliance and house occurrences.

N◦ peaks Shape factor Skewness Mean power [W] Std Dev [W] Signal energy [J] Start time [HH] Consumption
[W min]

Variance [W2]

DW House 4 House 8 House 4, 5, 8, 12 House 5, 12 House 4, 5, 8, 12 House 4
Ref. House 12 House 4 House 4, 5 House 4, 5, 8, 12 House 4, 5, 8, 12 House 8
WM House 4, 5, 8, 12 House 4, 5, 8, 12 House 4 House 4, 5, 8, 12
CM House 5, 8 House 5, 8 House 5, 8
Dry. House 12 House 12 House 12
OD House 8 House 8 House 8
HP House 14 House 14 House 14 House 14
Fig. 7. Average accuracy, precision, recall and F1-score results comparison with
OMICC [21].

individual owners use them generate distinct profiles, both in terms
of the final number of consumption profiles associated with each
appliance and the most significant features. Indeed, these results can
vary from house to house, even when considering the same type of
appliance.

The fact that profiles associated with individual users yield better
results and are more representative of their habits is evident from the
results obtained by clustering, for example, the data related to the use
of the dishwasher of 4 houses together, as shown in Fig. 6. From this
Figure, it can be observed that the average errors for different scenarios
with variable K, ranging from K = 2 to K = 9, are consistently high,
and in no case, an average error value below 10% is obtained, contrary
to the results achieved when considering the appliance individually in
each home.

Another interesting result for understanding the performance of the
proposed algorithm originates from comparing it to the one presented
in [21], where the k-means algorithm is used to form features represent-
ing cycle profiles. Subsequently, the performance is analysed in terms
of classification results of these profiles within the identified groups
(operational modes) to determine the consumption (light, medium, or
high) of the cycles themselves. In their work, for classification, the
K-Nearest-Neighbours (KNN) algorithm is employed, which, based on
a voting scheme, assigns an item to the class that is most common
among its k-nearest neighbours. Performance is then evaluated using
supervised learning classification metrics, i.e., Precision, Recall, and
F1-score.

In our case, this analysis presupposes a classifier training phase
conducted using a percentage of the data under examination (i.e., 80%)
and 5 folders cross-validation. The number of classes corresponds to the
number of clusters for each appliance. The remaining data (i.e., 20%)
is used to test the classifiers; thus, the KNN algorithm assigns the label
of the corresponding class to these unknown data according to the
algorithm’s voting scheme learned during the training phase.

Each appliance is trained and tested individually in order to de-
termine whether the classes obtained during the clustering phase are
representative of the individual cycles. By evaluating the metrics of
Accuracy, Precision, Recall and F1-score of the classification of the new
10 
data into these clusters, it is possible to assess if the profiles are clearly
identified and if the groups derived from the clustering algorithm are
well-characterised and recognisable.

Fig. 7 shows the results in terms of these metrics, averaged across
all datasets, and their values are compared with the results obtained
for the Operation Modes Identification using Cycles Clustering (OMICC)
system, presented in [21]. From these results, it can be seen how the
values obtained in our case are consistently very good and always
higher compared to those obtained with OMICC.

More in detail, Fig. 8 shows the results, averaged per number of
clusters, obtained for each appliance in each house. Also in this case,
the yielded values are always quite high, indicating the effective char-
acterisation and representation of the clusters. Additionally, it should
be noted that by employing different algorithms from KNN, such as the
Decision Tree classifier, the accuracy consistently exceeded 96% for all
the examined scenarios.

6. Discussion on application use cases of the proposed system’s
results

As presented in the previous Section, the obtained results report
errors that are always lower than the 10%, considering the most
significant features of high consumer controllable appliances, like the
washing machine, the dishwasher, and the dryer. Even for the coffee
machine, with maximum errors of 8.13%, and for the refrigerators,
where the maximum errors are of 15% in worst cases, the approxima-
tion of using the mean reference cycle instead of the real cycles can be
considered reasonable. The biggest errors are referred to the office desk
of house 8, for which the conclusion is that for this kind of load, with
variable low consumption values, this representation is inaccurate.

Therefore, considering the appliances for which the results and the
approximation are valid, these results allow the evaluation of differ-
ent use cases for a profiling system concerning the use of household
appliances like the proposed system.

The first application refers to the possibility of improving the users’
awareness about their energy consumption, depending on the employed
cycle. Indeed, the reference profiles can be used to show this informa-
tion to the user, together with other information reported by the most
significant features, whenever the user can easily understand these
features. For example, if the time of use is discriminating or if the mean
power is an important characteristic for the use of a device, these data
can also be presented to the users.

Another kind of use case concerns the application of these profiles to
establish home consumption predictions by associating an appliance’s
use with its possible consumption profiles and hours of use. In this
way, it will be possible to have more precise predictions on energy
consumption while also discriminating for different occupants’ habits
concerning appliances’ operations. Moreover, when the use of the
devices can be related to precise activities generally performed by the
user, the different energy consumption profiles can also be associated
with these daily activities that belong to users’ routines.

Finally, thanks to these associations between daily activities, ap-
pliances and different consumption profiles, this solution can be inte-
grated into a broader EMS within smart buildings. This will allow the
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Fig. 8. Average accuracy, precision, recall and F1-score for each appliance in each house.
Fig. 9. Overview of the Appliance Profiling System integration within the EMS.

overall system to obtain precise scheduling of controllable appliances
based on the calculations and predictions of energy consumption due
to the different activities and the various devices, as well as the users’
preferences obtained from the study of their daily habits.
11 
Therefore, as an illustrative example of this system’s functionality,
consider a user who habitually operates their washing machine on
Saturday evenings. The profiling system has established and estimated
a consumption profile for this recurring event. Thus, The EMS can
determine the optimal initiation time for the washing machine’s op-
eration, considering energy costs, the user’s preferred time window,
and the estimated consumption. Using this data, the EMS can, for
example, evaluate the availability of renewable energy sources to meet
the washing machine’s demand at the specified time. Based on this as-
sessment, the system can inform users of a more advantageous moment
to activate the appliance, thereby increasing awareness of how minor
habit adjustments can improve energy consumption. Alternatively, the
EMS can directly schedule the operation at a favourable time.

Fig. 9 presents an overview of the reference scenario where the
Appliance Profiling System is integrated as a fundamental module
within the overall EMS.
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Table A.7
House 5-percentage errors and population of each cluster for every appliance.
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1 5.28 6.23 1.14 5.93 10.53 4.66 3.08 0.58 14.16 2.39 6.65 20.46%
2 1.48 2.05 0.25 1.26 2.22 1.06 0.77 0.69 2.79 0.84 1.58 9.70%
3 4.58 0.31 0.26 0.04 0.02 0.29 0.12 0.38 8.67 0.29 0.24 14.56%
4 4.52 5.75 0.69 3.53 5.98 2.57 1.62 0.34 6.81 1.17 3.51 11.18%
5 8.13 7.87 1.30 6.74 12.01 5.41 3.68 2.28 20.25 3.68 7.80 31.86%
6 0.99 0.97 0.18 1.02 1.83 0.84 0.61 0.45 1.41 0.66 1.26 5.49%
7 6.10 5.04 0.58 3.97 3.89 1.70 0.93 0.24 2.77 0.60 1.95 6.75%

DW 1 9.08 19.59 3.85 12.61 14.15 8.50 3.07 2.42 24.96 2.37 6.20 40.77%
2 11.20 25.29 4.96 15.29 18.53 9.33 4.21 3.99 34.01 3.80 8.63 59.23%

Ref
1 65.05 41.56 0.03 50.76 16.94 1.64 12.41 7.62 71.31 7.72 28.89 69.39%
2 0.43 9.74 0.20 1.82 1.96 1.11 1.92 0.37 3.66 3.02 7.70 2.71%
3 20.18 61.62 0.06 12.73 9.64 0.86 5.11 2.92 42:71 3.13 3.84 27.90%

WM

1 0.66 1.12 0.30 0.60 0.99 0.69 0.34 0.33 1.34 0.37 0.69 32.86%
2 0.47 0.60 0.25 0.51 0.85 0.60 0.27 0.24 0.64 0.21 0.55 9.52%
3 1.15 1.75 0.69 1.20 2.05 1.59 0.66 0.44 1.07 0.48 1.37 4.29%
4 1.25 1.47 0.39 0.93 1.43 0.93 0.44 0.51 3.63 0.50 0.91 24.76%
5 4.53 4.95 1.12 2.26 3.69 2.30 1.19 2.25 10.62 2.24 2.39 7.62%
6 4.40 4.00 1.09 2.86 5.05 2.63 1.52 2.10 6.39 2.19 3.07 11.43%
7 0.77 2.39 0.66 1.27 2.28 1.50 0.59 0.21 1.44 0.33 1.26 9.52%
Table B.8
House 8-percentage errors and population of each cluster for every appliance.
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1 5.04 6.36 4.03 13.02 10.87 8.75 2.09 1.98 32.56 2.26 4.41 28.29%
2 0.26 0.45 0.35 2.35 1.22 0.75 0.21 0.15 2.07 0.17 0.48 2.48%
3 1.94 2.79 2.01 18.58 5.96 4.31 1.10 0.79 18.65 0.87 2.26 15.38%
4 3.20 4.81 3.32 25.98 9.38 7.13 1.73 1.24 30.98 1.52 3.55 25.06%
5 0.71 1.35 1.02 14.69 3.40 2.27 0.59 0.34 7.04 0.44 1.23 6.58%
6 5.61 6.60 4.27 4.45 11.12 10.12 2.07 2.82 12.84 2.93 4.34 22.21%

DW
1 7.53 8.66 0.72 2.91 2.55 1.54 0.50 1.65 27.05 1.79 1.00 58.92%
2 5.67 7.26 0.67 2.32 2.31 1.43 0.47 1.20 18.11 1.42 0.95 38.59%
3 0.23 2.06 0.57 0.75 1.88 1.43 0.51 0.08 1.06 0.08 1.27 2.49%

OD
1 42.72 4.64 0.02 60.02 27.41 1.14 34.80 93.32 89.65 42.56 229.34 59.68%

2 4.35 0.53 0.58 14.04 5.86 2.36 3.36 1.70 5.03 4.10 8.41 13.96%
3 12.15 1.14 1.10 44.52 14.23 5.32 15.30 6.84 7.91 9.68 66.10 26.35%

Ref

1 1.82 3.58 0.01 28.87 6.16 0.46 2.89 0.94 7.52 1.35 9.69 8.71%
2 6.18 1.30 0.01 69.53 13.88 0.87 1.73 0.80 41.18 1.14 3.68 21.24%
3 12.69 6.27 0.02 41.21 46.30 2.82 7.24 1.92 84.54 2.94 15.97 64.02%
4 0.90 3.46 0.02 40.95 3.63 0.50 12.09 2.47 12.11 2.91 10.59 6.03%

WM

1 5.80 6.87 0.67 1.86 3.55 1.91 1.47 3.37 9.96 2.62 2.99 27.53%
2 1.79 1.80 0.33 1.61 1.72 0.94 0.44 1.05 5.98 0.88 0.87 12.92%
3 1.36 2.14 0.81 1.90 3.46 2.10 1.11 0.84 4.72 1.11 2.32 11.24%
4 0.10 17.48 0.74 6.14 14.36 4.48 4.83 3.29 6.56 6.38 11.60 21.91%
5 0.68 0.73 0.24 1.86 0.85 0.52 0.13 0.52 3.36 0.49 0.26 8.99%
6 4.35 5.18 0.57 1.47 2.61 1.43 0.97 2.13 15.12 1.56 1.97 17.42%
d
s

7. Conclusions

This paper proposes a system for identifying appliance energy con-
sumption profiles using smart meter data, empowering occupants to
make informed energy decisions and fostering energy-conscious be-
haviour to reduce consumption. It also shows how EMS can optimise
appliance usage and reduce GHG emissions using appliance energy
consumption data.
12 
The system identifies energy consumption profiles by considering
consumption cycles and usage habits, using 11 features as robust indi-
cators. These features enabled unsupervised clustering with k-means,
categorising appliances into consumption profiles based on user habits
and usage patterns.

In conclusion, this work provides a significant step forward in un-
erstanding and profiling appliance energy consumption and promotes
ustainability inside buildings. Future research will focus on exploring

the integration of advanced machine learning techniques to refine
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Table C.9
House 12-percentage errors and population of each cluster for every appliance.
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1 2.19 3.55 1.13 6.67 3.69 2.41 0.74 1.39 46.72 1.05 1.48 38.96%
2 0.32 0.85 0.29 1.51 1.03 0.67 0.23 0.41 6.79 0.37 0.47 7.36%
3 1.15 2.25 0.71 4.30 2.21 1.55 0.52 0.84 38.85 0.73 1.05 28.14%
4 1.28 2.89 0.96 6.04 2.87 2.17 0.61 0.76 14.36 0.75 1.22 25.54%

Dryer
1 3.62 1.63 0.23 3.84 3.91 0.78 1.29 1.88 3.95 2.04 2.63 20.43%
2 4.34 4.19 1.66 40.79 10.61 3.85 3.51 1.81 7.43 2.49 7.54 26.88%
3 6.30 9.10 3.69 57.06 16.18 8.27 5.31 4.09 10.95 4.12 11.31 52.69%

Ref
1 3.66 2.43 0.01 4.62 5.68 0.43 1.30 2.29 41.26 2.35 2.63 26.41%
2 7.75 6.47 0.01 5.53 7.13 0.81 2.98 4.19 95.21 4.56 6.04 76.95%
3 3.02 3.02 0.01 19.27 5.43 0.41 9.70 2.20 30.15 2.18 42.21 18.06%

WM

1 6.49 7.83 1.90 3.27 5.47 3.62 1.87 2.54 8.32 2.59 3.85 29.76%
2 2.92 4.80 1.37 4.35 6.43 3.58 1.44 0.83 4.35 0.83 3.04 11.90%
3 4.07 7.67 3.03 6.05 17.54 5.75 5.04 5.09 5.62 3.25 14.12 13.69%
4 3.93 5.45 0.99 3.10 5.12 2.60 1.44 1.11 4.97 1.32 3.00 13.10%
5 7.99 10.18 2.90 4.31 7.96 4.60 2.79 3.02 10.53 3.37 5.84 31.55%
Table D.10
House 14-percentage errors and population of each cluster for the heat pump.
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1 17.29 15.65 0.06 18.57 15.54 2.35 16.36 12.87 75.66 14.32 52.90 53.28%
2 3.78 3.18 0.002 39.54 6.92 0.30 1.70 1.73 6.55 2.02 3.78 12.18%
3 8.03 8.44 0.02 7.41 5.40 0.99 6.30 3.93 52.71 5.30 14.73 30.57%
4 1.45 1.20 0.002 5.69 0.43 0.07 0.62 0.45 2.04 0.54 1.38 3.96%
appliance profiling and enhance energy efficiency strategies, as well as
improving adaptability and precision with real-time data integration
and smart grid technologies.
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Appendix A. House 5

The appliances considered for House 5 of the original dataset are the
four listed in the second row of Table 4. In this case, the total number
of consumption cycles obtained is 474 for the coffee machine, 287 for
the dishwasher, 19 951 for the refrigerator and 210 for the washing
machine. Taking into consideration the best values of percentage er-
rors, clusters populations and the silhouette values and making similar
choices as those taken for House 4, the best number of 𝐾 clusters
obtained for each appliance are 𝐾 = 7 for the coffee machine, 𝐾 = 2
for the dishwasher, 𝐾 = 3 for the refrigerator and 𝐾 = 7 for the
washing machine. The results obtained in terms of percentage errors
of every feature for the appliances under consideration are shown in
Table A.7. Here, the three most important for the coffee machine are
the Energy of the Signal, the Consumption and the Number of Peaks;
for the dishwasher, the Mean Power, the Energy of the Signal and the
Standard Deviation; for the refrigerator, the Consumption, the Energy
of the Signal and the Mean Power, and lastly for the washing machine
the Energy of the Signal, the Consumption and the Number of Peaks.
For all these features, the errors are always under 10%.

Appendix B. House 8

In the third row of Table 4, it is possible to see what kind of
appliances are considered inside House 8 of the original dataset. In this
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case, the number of consumption cycles is 896, and the best number 𝐾
of clusters is equal to 𝐾 = 6 for the coffee machine, 241 consumption
cycles and 𝐾 = 3 for the dishwasher, 444 consumption cycles and 𝐾 = 3
for the office desk, 3032 cycles and 𝐾 = 4 for the refrigerator and
lastly 125 cycles and 𝐾 = 6 for the washing machine. The results are
shown in Table B.8 for each appliance. The three main features for both
the washing machine and coffee machine are the Energy of the Signal,
the Consumption, and the Number of Peaks. For all these cases, the
errors are always very low, with a maximum value of 6.38% in the
Consumption of the washing machine. For the dishwasher, the main
features are in order: the Energy of the Signal, the Mean Power, and
he Shape Factor, and the errors reported in the table referred to this

appliance are always lower than 2% for all of them. The refrigerator’s
main features are the Consumption, the Energy of the Signal, and the
Variance, as highlighted in Table B.8. This last feature has the highest
errors, with a maximum of 15.97% in the 3rd cluster, while the other
two features follow the trend of the errors seen in the other appliances;
ndeed, they are very low and always under 3% for all the clusters.
ifferent conclusions can be drawn for the case of the office desk,
hich has very high errors, especially for the most populated cluster,

and considering the most important features, which are the Energy
f the Signal, the Consumption, and the Number of peaks. Therefore,

this representation is not reliable for this kind of load that has low
onsumption values.

Appendix C. House 12

The fourth row of Table 4 shows the appliances inside house 12.
Table C.9 shows the results that have been obtained in this scenario,
where the total number of consumption cycles is equal to 231, 93, 1761,
168, and the optimal number of clusters is 𝐾 = 4, 𝐾 = 3, 𝐾 = 3 and

= 5 respectively for the dishwasher, the dryer, the refrigerator and
he washing machine. The dishwasher’s errors, in the first four rows
f Table C.9, are all very low and under the maximum value of 6.67%,

except for the errors about the Starting Hour, which anyway is the least
mportant feature, while the main ones are the Energy of the Signal, the
ean Power and the Standard Deviation. In the case of the refrigerator,

he main features are the Consumption, the Energy of the Signal and the
umber of Peaks, with errors lower than 4.19%, except for the Number
f Peaks on the 2𝑛𝑑 cluster that has an error of 7.75%. The dryer and
he washing machine have the same three features of the refrigerator as
he most important, but in a different order since the Consumption and
he Energy of the Signal have inverted positions, and with the highest

error of 7.99% for the Number of Peaks of the washing machine’s last
cluster.

Appendix D. House 14

House 14 of the overall dataset is unique in featuring a heat pump
among its household appliances. The analysis identified a total of 1691
ycles, with optimal results achieved using 𝑘 = 4 clusters. Table D.10

presents these findings, highlighting the four primary features: Signal
Energy, Shape Factor, Number of Peaks, and Mean Power. The first
luster exhibits the highest errors, with values of 17.29% and 12.87%
or the Number of Peaks and Signal Energy, respectively. At the same
ime, the other two most significant features demonstrate lower error
ates. The remaining clusters generally show relatively low error values,
ith the exceptions noted for the Start Time and Variance features.

Data availability

The data used is from a public dataset.
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