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Abstract—Smart Building Energy Management Systems sched-
ule appliances when it is more convenient, e.g. during off-peak
times or when power is produced by Renewable Energy Sources
(RES). In order to do so, it is necessary for the system to know the
power consumption profiles over time of the appliances present
in the building. Nevertheless, obtaining this information with
sufficient detail is not straightforward, since appliance consump-
tion varies significantly over time as compared to the average
consumption. Furthermore, considering appliances with different
working cycles, i.e., different power consumption profiles, such as
washing machines and dishwashers, the system does not know
which cycle will be selected in advance. This paper proposes
an appliance power profiling system that analyses the power
consumption data collected by smart meters, identifies which
features are most relevant for the specific appliance and, using the
k-means algorithm, extracts the set of power consumption profiles
that are associated with each appliance. Preliminary simulation
results show that each profile can be approximated with a single
reference consumption cycle representative for the entire cluster
with errors that are always lower than 10%, considering both
total energy consumption and power values time interval by time
interval.

Index Terms—Energy Consumption Profile; Home Appliances;
Smart Building; Data Clustering; k-means

I. INTRODUCTION

Energy efficiency is recognised as one of the most powerful
tools to fight global climate change. Since the building sector
is responsible for 36% of global energy consumption and
37% of CO2 emissions [1], a great effort is being spent to
make buildings more efficient from an energy consumption
perspective. To achieve the Paris Agreement objectives, the
United Nations set the goals to build only Net-Zero Energy
Buildings (NZEB) by 2030, and that the whole building stock
is NZEB by 2050 at the latest [1].

It has been demonstrated that building occupants’ behaviour
has a major impact on energy efficiency, not only by con-
sidering energy consumption per se but also on energy cost
[2][3]. Indeed, energy efficiency encompasses all the measures
to either reduce the total energy consumption, e.g. by reducing
appliance usage, or shift the consumption when it is more
convenient, e.g. off-peak hours of time-of-use rate plans or, in
the case that Renewable Energy Sources (RES) are installed,
when RES power is produced. To this aim, two of the main
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actions to reduce the impact of buildings on greenhouse gas
emissions are: raising awareness among building occupants
about their energy consumption habits, and scheduling appli-
ances to more convenient times. Both actions require to have
knowledge of the power consumption profiles of the building
appliances, which varies significantly over time, with peaks
and spikes that have very different values compared to the
nominal power consumption.

The objective of this paper is to develop a system that
identifies appliance profiles based on power consumption data
gathered by smart meters. The system continuously monitors
the power consumption of the appliances connected to the
smart meters, to extract the features that best characterise
their consumption profiles. Such features are later used by a
clustering algorithm to determine the clusters that better rep-
resent the energy consumption profiles that can be associated
with each appliance. Accordingly, the parameters associated
with each cluster can be used to convey relevant information
about occupants’ energy consumption habits, either to the
occupants themselves or to a Smart Building energy and
comfort management system.

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

o development of a system that monitors users’ habits about
energy consumption behaviour associated with the use of
different appliances activation;

« cight useful features are identified to recognise different
consumption profiles for individual appliances;

o thanks to unsupervised clustering methods (i.e. k-means
clustering), different consumption profiles are found for
each appliance under the different ways of use by the
user.

The remainder of this paper is structured as follows: Sec-
tion II analyses the background on the state of the art of energy
consumption habits’ profiling and clustering mechanisms. In
Section III, the reference scenario is depicted and the overall
description of the proposed system is presented. Section IV
describes in detail the design principles of the building blocks
of the proposed system. In Section V, some preliminary results
of the performance of the system are presented and discussed.
Finally, Section VI draws conclusions and outlines possible
future work.



II. BACKGROUND
A. Profiling of energy consumption habits

Obtaining energy consumption profiles represents a key
point for creating 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. In general, consumption profiles
can be derived in different ways, mainly depending on the
characteristics being analysed and the attributes that are taken
into account. Many research works focused on the total load
curve of residential buildings under different scenarios, and
the energy consumption profiling follows daily and weekly
trends, seasonality and geographic areas [4], [5]. In this kind
of solution, the obtained profiles are differentiated 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
cooling systems). Other solutions can take into account also
demographic characteristics and dwelling information [6], [7],
in order to provide a different insight into how some external
factors can influence the energy 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’ personal
data, the number of residents, and the building itself.

Fewer research works are instead focused on energy con-
sumption profiles that take into account the individual loads
of household appliances [8], [9]. 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 users make of them.
In [10], the authors proposed a method of predicting the
consumption of household appliances by evaluating statistical
distributions. Different consumption groups for each appliance
are evaluated together, considering a-priori information 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 together based on the similarity of the
different features considered without dividing the usage cycles
of the appliance in advance since these cycles can be different
according to the habits of different users.

B. 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 drive models, in which clustering
techniques are the most frequently applied [11], [12], [13].

Clustering algorithms can be divided into two categories
based on how the clusters are defined: hierarchical clustering
and non-hierarchical clustering (or partitional clustering) [14].
Hierarchical clustering algorithms 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
divisions of the data [15].
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Fig. 1. Scheme of the reference scenario and proposed system

Authors in [13] applied a hierarchical clustering algorithm
to cumulative, normalised hourly load profiles obtaining £ = 3
clusters differentiated in terms of the peak-period usage pro-
files.

Among partitional clustering algorithms, the most prevalent
used is the k-means algorithm. Authors in [12] 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 [11] the k-means algorithm is applied
to autocorrelation coefficients, also obtained from smart meter
data, and obtains the best results for £ = 12. The reasons
for choosing k-means clustering are mainly related to its
speed of convergence, easy implementation, and efficiency;
furthermore, it is particularly suitable when working with
statistical data and large datasets [7].

III. SYSTEM OVERVIEW

The reference scenario considered in this paper is that of
a Smart Building where appliances are connected to smart
meters so that their energy consumption can be monitored and
profiled, as shown in Figure 1.

Each appliance ¢ is connected to a smart meter s;, which
continuously monitors its power consumption and sends its
values P;(t) to the energy consumption profiling system. Such
a system is made of two components: the feature extraction
and the consumption profiling blocks.

The feature extraction block collects all the P;(t) values and
analyses them. More specifically, whenever appliance ¢ starts
consuming an amount of power higher than O, the feature
extraction block associates the following FP;(t) values to a
specific consumption cycle j. Once the consumption cycle is
considered finished, i.e. when the measurements of the power
reach a value lower than a threshold and this value is main-
tained for a sufficient amount of time, the feature extraction
block computes the set of parameters that characterise the
consumption cycle, i.e. its set of features F;.

The set of features is then sent to the consumption pro-
filing block. Once a sufficient number of sets of features is
available for a specific appliance %, the consumption profiling
block starts the clustering process on all the sets of features
associated with appliance ¢. The output of this process is given
by the set of clusters C; = {C,,;} identified by the clustering
process for appliance ¢, each of which corresponding to the



set of consumption cycles that are grouped in the cluster. For
each cluster {C,,;}, a reference consumption cycle PZ,. is then
computed.

IV. ENERGY CONSUMPTION PROFILING SYSTEM

As described in the previous Section, every appliance in the
Smart Building is associated with different energy consump-
tion cycles that depend on the users’ habits for that appliance.
The data on the power absorbed by each load is recorded and
then grouped according to different consumption cycles. This
information is used to recognise similar patterns automatically,
thanks to clustering algorithms. The approaches used to design
the blocks that compose the energy consumption profiling
system outlined in the previous Section are described in detail
in the following subsections.

A. Feature Extraction Block

The feature extraction block is the module of the system
in charge of extrapolating meaningful information from raw
data in order to obtain a feature vector representative of the
different appliance consumption cycles.

In order to separate the different cycles, first, the raw data
have been manipulated to eliminate some errors and noise. All
the power values P;(t) < 1W have been considered measure
errors of the smart meter and cleared. Then, the beginning of
each cycle is considered whenever there is a time ¢ in which
Pi(t) > 1W, while the end of it is considered for time ¢’
when P;(t') < 1W for at least 15 consecutive minutes. This
first processing only removes the major errors due to the smart
meter’s accuracy, but it is not sufficient to determine the dura-
tion of the consumption cycle precisely. Therefore, the data are
again manipulated to find more defined consumption cycles.
From the observation of the consumption cycles obtained, it
has been found that the consumption peaks convey interesting
information about the consumption cycle. Therefore, for each
cycle obtained from the first division, the first and the last
peaks P;(f), P;(l) are taken into consideration. The important
information is the times in which these peaks occur and their
values. The starting operational time is then considered as the
time ¢ where P;(t) > o - P;(f), while the ending time is the
time ¢ for which P;(t) < o - P;(1). The value of o has been
set equal to 0.1. Indeed, the power values read from the smart
meters tend to drop really fast whenever they concern only
fluctuations in the network and not accurate data about the
use of the appliance, so a value 10% lower than the peaks can
be considered as an error and discarded.

Once the cycle is obtained, it has to be described by different
representative features which take into account the information
extrapolated from the raw data. For each cycle, the feature
extraction block computes the feature vector JF;; based on
the information relating to the consumption, power, duration
and waveform characteristics. More specifically, it has been
observed that the most representative feature vector consists
of the following 8 features: the energy consumption at the end
of the cycle; the mean value of power; the max and min values
of power; the duration from start time to end time; the number

of peaks and the average distance between them and lastly the
waveform shape factor.

Therefore, for each consumption cycle, a feature vector is
created that describes the different usage that the user can
engage over the same appliance ¢, and that is then compared
and grouped with other similar feature vectors. The set of all
the vectors is then used as input for the consumption profiling
block.

B. Consumption Profiling Block

The consumption profiling block finds similar patterns be-
tween feature vectors in order to obtain different consumption
groups 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.

Given the numerical and statistical nature of the consid-
ered features, among the different clustering algorithms and
methods, the k-means algorithm has been chosen in order to
cluster the data into similar groups [16]. In fact, this algorithm
iteratively searches for the centroid that represents the cluster
and at every step, each data point is assigned to its nearest
centroid based on the squared Euclidean distance. The centroid
is recomputed taking the mean of all data points assigned to
that centroid’s cluster.

In this case, the k-means algorithm is applied separately
on each appliance features dataset so that the obtained set
of clusters C; = {C,;} is already differentiated for every
appliance ¢. Therefore, each of these clusters corresponds to
one energy consumption group.

Different consumption cycles j are associated with different
energy consumption groups as the algorithm clusters them; the
purpose of the consumption profile block is then to find the
reference consumption cycle P, . that is representative for the
entire cluster.

Therefore, the reference consumption cycle is computed
taking into account the mean power consumption, minute by
minute, of all the consumption cycles j that belong to the
same cluster C,,;:

Pri= meanj(Pij (t) : 'Pij (t) € Cmi)-

Since the cycles belonging to the same cluster have different
duration of time, this reference consumption cycle has the
same duration as the most extended cycle in the same group.

The information that can be extrapolated from it is used as
representative of the entire cluster.

V. PERFORMANCE EVALUATION

The performance evaluation of the proposed system is done
using the DEDDIAG dataset [17], which is a real-world
domestic electricity demand dataset. The dataset contains data
from 15 different homes about power measurements of a
total of 50 appliances that have been recorded at a frequency
of 1Hz. The appliances reported in the entire dataset are
dishwashers, washing machines, dryers but also refrigerators,
coffee machines and TVs.

At this early stage, the main focus of the system is on
monitoring and profiling the consumption of high-consuming
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Fig. 2. Comparison between the most similar cycle (a) and the less similar cycle (b) for Cluster 1 of the Dishwasher with respect to the reference consumption
cycle.
TABLE I
TOTAL ENERGY CONSUMPTION
DISHWASHER WASHING MACHINE DRYER
Estimated Energy Value | Percentage Error | Estimated Energy Value | Percentage Error | Estimated Energy Value | Percentage Error
Cluster 1 52777 1.1 27131 4.7 91153 0.4
Cluster 2 4505 0.4 31767 0.2 411590 2.0
Cluster 3 53619 32 58217 0.9 79944 2.5
Cluster 4 60183 0.7 19690 9.4 71296 0
Cluster 5 47449 0.8 45739 0.4 128310 4.1
TABLE II
MINUTE-WISE POWER ERRORS IN W - min
DISHWASHER WASHING MACHINE DRYER
Mean Power Values | Error Interval | Mean Power Values | Error Interval | Mean Power Values | Error Interval
Cluster 1 463.0 +79.0 130.4 +25.2 1688.0 +219.4
Cluster 2 21.1 + 2.0 392.2 +89.1 1470.0 +277.2
Cluster 3 646.0 +101.0 383.0 +80.3 1211.3 +249.3
Cluster 4 573.2 +81.0 180.6 +20.1 1584.4 +0.0
Cluster 5 481.9 +77.6 304.9 +29.5 1379.7 +253.2
controllable appliances; therefore, the only data considered TABLE III
are those about the dishwasher, the washing machine and the PERCENTAGE CLUSTER POPULATION
dryer. Furthermore, as a preliminary assessment of the system, DISHWASHER | WASHING MACHINE | DRYER
the inspected data entirely comes from one single house among Cluster 1 38.5% 35.6% 7.8%
the 15 reported in the dataset, i.e. House number 12. Cluster 2 7.3% 1.7% 18.6%
E his h h .. h i Cluster 3 1.2% 12.1% 24.5%
or this home, the monlto'rmg over the gpp iances was Cluster 4 7 3% 154% T0%
performed for 320 days, whit a rate of missing days of Cluster 5 252% 5.2% 481%

recording around 3%. The measurements are recorded so that
only value changes are stored; therefore, in order to be more
easily processed, the data have been padded to fill the gaps in
the incomplete datetime series, so that a power consumption
sample is available for every minute of the recording period
time.

From this data, the different consumption cycles are elabo-
rated as explained in Section IV.

The dishwasher’s data have produced 238 consumption
cycles, while for the washing machine and the dryer there are
only 190 and 107 cycles, respectively. The datasets composed
of the feature vectors obtained by the feature extraction block
from the consumption cycles mentioned above are used to
obtain the clusters for each appliance that best represent the

consumption cycle groups. In order to understand the best
k number of clusters, different tests have been performed,
changing the number of k£ from £ = 2 to £ = 15 and then
evaluating the optimal cluster number result. This evaluation
has been made using Calinski-Harabasz criterion values [16].
The Calinski-Harabasz criterion gives the highest Calinski-
Harabasz index value to the solution that has a large between-
cluster variance and a small within-cluster variance with
respect to the number .

During this simulation, the optimal number of clusters
obtained for all three considered appliances was k = 5. For
each of these clusters, the reference consumption cycle is
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Fig. 3. Comparison between the most similar cycle (a) and the less similar cycle (b) for Cluster 4 of the Washing Machine with respect to the reference

consumption cycle.
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Fig. 4. Comparison between the most similar cycle (a) and the less similar cycle (b) for Cluster 5 of the Dryer with respect to the reference consumption

cycle.

obtained as explained in Section IV-B. In order to ensure that,
within the cluster, the number of outliers was not too high and
that they could not negatively influence the approximation of
the reference cycle, some of these consumption cycles j were
dropped from the cluster. In particular, the cycles defined as
outliers were all the elements of C,,; with power values greater
than three standard deviations from the mean for every minute.
In this way, the total number of cycles decreased to 234 for
the dishwasher, 174 for the washing machine and 102 for the
dryer. Table III shows the percentage of elements that belong
to each cluster for every appliance.

In order to understand how the consumption cycles of the
same cluster could differ from the reference one, every one
of them has been considered based on their distance from the
cluster centroid. Therefore the one that is less similar to it is
far away from the centroid, while the one more similar to it
is considered the one closer to the centroid.

As an example, fig. 2 shows the two graphs that compare
the reference consumption cycle of the dishwasher’s cluster 1
with the two extreme cycles selected as explained above. Fig.
3 shows the same results for cluster number 4 of the washing
machine, while fig. 4 shows the graphs for cluster number 5 of
the dryer. The clusters chosen to be represented here are those

that have the higher number of elements in them, as shown in
table III.

From these images, it is possible to see that, especially
for the most similar consumption cycles, the reference one
is a good approximation of the entire waveform, also for the
peaks of the signals. The main problems of the less similar
consumption cycles can be found in the different duration,
as it is shown in the case of the washing machine 2(b) and
the dryer 4(b), or in the displacement of power peaks for the
dishwasher 2(b).

It has then been investigated how much the approximation
of using the reference consumption cycle in place of the real
consumption cycle, e.g. if it was used to predict the expected
consumption of an appliance in an energy and comfort man-
agement system, would affect the performance of the system.
To this end, the results of Tables I and II show the errors in
the energy consumption obtained at the end of the entire cycle
operations and on the values of power measurements, time
interval by time interval, with respect to the average power
value of the reference cycle.

Considering the overall energy consumption, the errors are
shown in Table I. The table presents the errors regarding the
percentage difference between the overall estimated energy



value obtained from the reference consumption cycle and
the energy values of the other cycles of the same cluster,
considering each cluster and every appliance. The errors equal
to O refer to a cluster that had a single element within it.

From the table rows, it is possible to see that, in general,
the percentage error is always less than the 10% in the total
consumption of the cycle. The best results are obtained for the
dishwasher, for which the cycles generally have a trend with
a lower number of peaks and are, therefore, more efficiently
represented by a reference cycle which is the average of their
values. For all the appliances, it is also possible to note that the
errors are always very low even for the clusters that were less
populated, i.e. cluster 3 for the dishwasher, cluster 2 for the
washing machine and cluster 1 for the dryer, not considering
in this last case the cluster number 4 that have only 1 element
inside.

The other type of error considered is the difference in
the values of power estimated for each interval of time. In
this case, the considered time is a one-minute interval, and
therefore the error is computed minute by minute until the end
of the reference consumption cycle. Table II shows, in column
1, the average power value that occurs for each minute when
considering the reference consumption cycle of each cluster,
while column 2 shows how much the individual cycle values
can deviate from the average for each interval. In this case,
it is possible to see that the errors are quite low if compared
to the mean value, and again the worst errors are found for
the clusters that have fewer data and are harder to define with
a single average representative cycle. For this table also, the
row with O values refers to a cluster composed of only one
element.

VI. CONCLUSIONS

This paper presents an energy consumption profiling system
that, based on the power consumption of appliances moni-
tored by smart meters, infers the consumption profiles that
best describe their most common usage characteristics. The
system first detects the most relevant features that define
the consumption cycles of appliances. Then, based on such
features, it clusters the sets of consumption cycles associated
with each appliance using the k-means algorithm. Simulation
results on a real-case dataset show that it is possible to find
different consumption profiles according to users’ habits of
appliance usage. From the clusters obtained, it is possible to
use a single reference consumption cycle that can be used as
the representative for all the cycles of the cluster with good
approximation and acceptable errors, both in the overall energy
consideration and in power instantaneous values referred to
specific intervals.

Future works will be focused on analysing if different sets
of features have different results depending on the appliance
considered. Furthermore, other data from different houses with
also diverse types of appliances such as HVAC, microwave
ovens and laptops, will be investigated. Finally, the system
will be integrated into an energy and comfort management
system.
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