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Since the emergence of the virus that causes COVID-19 (the SARS-CoV-2) in Wuhan in December 2019, societies
all around the world have had to change their normal life patterns due to the restrictions and lockdowns imposed
by governments. These changes in life patterns have a direct reflection on energy consumption. Thanks to Smart
Grid technologies, specifically to the Advance Metering Infrastructure at secondary distribution network, this
impact can be evaluated even at the customer level. Thus, this paper analyzes the consumption behavior and the
impact that this crisis has had using Smart Meter data. The proposed approach includes the selection and
normalization of features, automatic clustering, the obtaining of the estimated consumption without considering
the crisis (at short and mid-terms) and the impact evaluation. The proposed approach has been tested on a case
with a real Smart Meter infrastructure from Manzanilla (Huelva, Spain). The results of this use case showed that
residential customers have increased their consumption around 15% during full lockdown and 7.5% during the
reopening period. In contrast, globally, non-residential customers have decreased their consumption 38% during
full lockdown and 14.5% during the reopening period. However, referring to non-residential customers, five
different consumption profiles were found with different short-term and mid-term behaviors during the COVID
crisis. The different behavior found shows customers who have maintained their normal consumption during the
lockdown, others who have reduced it (to a greater or lesser extent) and have not recovered it after the removal
of the restrictions, and others who have reduced the consumption but then they recovered it when the re-
strictions were removed. The metadata of the customers in each behavior cluster found are highly correlated to
the restrictions imposed to control the spread of the virus. This study shows evidence about the proposed
approach usefulness to analyze the behavior and the impact at customer level during the COVID-19 crisis.

1. Introduction

In December 2019, China reported 27 cases of a pneumonia of an
unknown character related to the city of Wuhan [1]. On January 7th, the
pathogen that causes these pneumonias was discovered: SARS-CoV-2.
The illness caused by SARS-CoV-2 has been named COVID-19. Since
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the emergence of this virus in late 2019, governments from all around
the world have been taking action that have changed the behavior of
societies, firstly in Asia and later in Europe and continental America.
Many countries have established lockdowns to control the spread of
the virus. On January 24th, 2020, China was the first country to lock-
down, specifically at the Hubei province, limiting 40 million people to
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their homes. With the arrival of the virus in Europe, there were also
limitations on mobility, business closures and confinements of people in
their homes. On March 7th, Italy limited movement in the northern
region of the country by putting into lockdown 16 million people.
Subsequently, on March 9, Italy closed the entire country, becoming the
first European country to lockdown its entire population. On March
11th, the World Health Organization (WHO) declared COVID-19 a
global pandemic [2].

In Spain, where the spread of the virus had a similar pattern to Italy,
the “State of Alarm” was decreed on March 14th lockdown the entire
country. From that date, Spain went through different levels of lock-
downs, with strict levels of confinement (one of the toughest in Europe)
at the beginning and gradually releasing the restrictions throughout the
country until the lifting of limitations on June 21st.

As a consequence of these limitations, changes have been taken place
in societies, businesses and the economy of the countries. In particular,
in Spain, the closure of businesses and prohibition of non-essential ser-
vices during lockdowns has had a tremendously serious impact on the
economic and social environment. This impact has been reflected on
supply consumption and transport services. In this sense, focusing on
how COVID-19 has been reflected on the consumption of supplies and, in
particular, in the electric sector. This paper shows the impact on energy
consumption at secondary distribution level.

In contrast with other related papers that have evaluated the impact
of the COVID-19 at aggregated levels (country or region), the proposed
approach at secondary distribution level is able to get more detailed
results of the impact of the containment measures to control the spread
of the virus at specific economic activities or even at customer level. The
main contribution of the paper is to propose and evaluate this approach
as a possible tool that reflects various aspects about the economic
structure of the analyzed dataset and how their respective recuperation
was with regarding to the COVID-19 restrictions.

Thus, this analysis is based on data from Smart Meters collected
through the Advance Metering Infrastructure (AMI) Systems at sec-
ondary distribution (at low-voltage) level. With this analysis, customers
are split into residential and non-residential customers. Non-residential
customers are clustered, depending on their economic activity and on
their consumption profile, taking into account the restrictions imposed
due to the COVID-19 lockdowns. Once this clustering is obtained, the
forecasted consumption of these groups of clients is obtained (assuming
that lockdowns had not taken place). Thus, the impact of the COVID-19
pandemic from the point of view of the energy consumption on different
activities is presented.

Additionally, as a use case, the impact of the COVID-19 lockdowns
from the energy point of view in Manzanilla (Huelva, Spain) has been
evaluated. However, the proposed approach can be applied with any
dataset coming from the AMI system of the secondary distribution
network.

The paper is organized as follows. Section 2 gives an overview of
what was being done in the bibliography related to the impact of the
pandemic from the data point of view. The context of the study per-
formed in this paper is given in Section 3. In Section 4, the approach is
presented. The results of applying the proposed approach on a use case
(the town of Manzanilla) is provided in Section 5. The discussion of the
results is presented in Section 6. Finally, the conclusions are presented in
Section 7.

2. Related work

Since the emergence of the virus, some contributions have studied
the impact of it on non-medical sectors.

In this sense, analyzing environmental data, some authors have
conducted research in order to study the COVID-19 impact. In [3], the
impact of lockdowns in China are studied from CO; emission data
obtaining that CO, emissions decreased by 18.7% according to the au-
thors estimations. Similarly, [4] estimates a reduction of 15% in the COy
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emissions in the United States. And [5], where their authors contribute
with a global study in which a 17% reduction in the CO, emissions, is
obtained. In addition to the CO, reduction studies, [6] analyzes the
relation between the decrease of air pollution during lockdowns in India
and the increase of photovoltaic generation thanks to the increase of
solar radiance because of clear skies.

Thanks to these contributions, it is clear that lockdowns have had an
impact that is reflected in pollution data. In addition to these environ-
mental studies, other authors have made contributions based on the
changes on the energy consumption profiles as result of the COVID-19
crisis. Some of the studies related to the impact on energy consump-
tion are presented below.

How the energy consumption profiles changed in European countries
during lockdowns are studied in [7,8]. In [9], an open-access data hub to
track the impact of the COVID-19 on the energy consumption on some
states of the US is proposed. Additionally, in this last study, the authors
evaluate the reduction in the energy consumption on the different states.
The impact of the COVID-19 restrictions on the electric sector is
analyzed in [10], in which the authors evaluated the energy consump-
tion drop in several countries, the changes in both electricity prices and
the generation mix and the challenges for the power system operation.
The changes in electric energy prices in Spain have also been studied in
[11]. How the generation mix has changed in three Transmission System
Operators in the United States due to the COVID-19 is also assessed in
[12]. In [13], a deeper analysis of the electric energy demand in the
states of California, Florida and New York has been conducted. An en-
ergy consumption analysis over the whole country of Italy during the
COVID-19 crisis is performed in [14]. In this last study, the authors state
that the energy consumption has been reduced 25% during the full
lockdown period in Italy. A similar study has been performed in Spain,
in which authors obtained a 13.5% reduction in the global energy
consumption of the country [15]. In [16], the authors affirm that the
state of Ontario (Canada) has had a reduction of 14% in the energy
consumption during lockdowns. A study of the energy consumption
profile during lockdowns in the state of Kuwait is presented in [17],
where their authors estimate that the energy consumption has been
reduced in a 17.6% during the full lockdowns. In [18], the impact in the
electric energy consumption in different regions of Brazil has been
estimated, obtaining reductions between 20% and 7% depending on the
region. The work presented in [19] studies the impact on energy con-
sumption in Indian utilities and the challenge that it has supposed.
Additionally, in this last study, the authors proposed a list of recom-
mendations for a smooth operation of the power grids during the
pandemic. [20] analyzes the impact on energy generation primary
sources (coil, gas, renewable, etc.) and how the lessons learnt during the
pandemic could help obtain a more reliable, flexible, and sustainable
energy grid. Artificial Intelligence and data analytics were also used in
the literature to study the COVID-19 impact. As an example [21] uses
Artificial Neural Networks to model the impact of lockdowns in China at
the beginning of the crisis.

Besides to the global analysis of the COVID-19 impact on energy
consumption in countries or regions, other authors are focusing on other
more specific events related to the COVID-19. As an example, in [22] the
impact on the energy consumption and grid stability of the public soli-
darity gesture with frontline healthcare workers in India (in which
public lights were turned off during 9 min) is analyzed. Other authors
have taken advantage of the energy consumption patterns during lock-
down periods to estimates the decrease in the Gross Domestic Product
(GDP) due to the COVID-19 lockdowns in Italy [23].

As a conclusion, several papers have been published evaluating the
impact that the COVID-19 has had on societies using non-medical data
(mainly environmental and energy consumption data). The proposed
analyses in the literature are performed with aggregated data at country
or regional level not focusing on specific activities. To the best of the
authors knowledge, only the work presented in [24] attempted to
evaluate the impact of the COVID-19 at a disaggregated level in energy
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demand. However, the authors carried out an exploratory pilot in which
the consumption of a virtual neighborhood with 166 buildings was
simulated, obtaining the behavior in energy consumption due to the
COVID-19, based on different containment levels. Even though the study
is interesting, the results are limited because of the lack of real data
measurement as the authors of the mentioned study state.

Thus, our proposal is to use the real information from the Smart
Meters deployed for the AMI infrastructure at the secondary distribution
network and the metadata associated to each one, to perform a retro-
spective analysis in order to obtain the different consumption profiles of
low-voltage customers. Thus, using this kind of analysis, not only could
the big picture of the impact on the energy consumption because of the
COVID-19 restrictions be obtained, but also the impact on smaller
groups at customer level depending on their consumption profiles dur-
ing the COVID-19 lockdown. This approach based on disaggregated
information has the advantage of allowing one to discover behavior that
is normally hidden when using aggregated data. Moreover, with the
proposed approach, the impact on the consumption profile of different
economic activities, which is difficult to quantify at aggregated levels
[17], can also be obtained and analyzed. To the best of our knowledge,
no analysis of this kind has been done using data at customer level using
Smart Meters.

3. Context overview

As described above, this paper studies how the COVID-19 crisis has
been reflected over low-voltage customers. In order to do that, Smart
Grid technologies will be used [25,26]. These technologies have taken a
great step forward during the last few years for the management of
electric grids [27]. In this sense, the AMI is one of the keystones of a
Smart Grid [28,29]. Specifically, AMI philosophy has been exploited by
Distribution System Operators (DSOs) for the secondary distribution
network (at low-voltage) management [30]. The AMI is a system that
makes it possible to gather and analyze data coming from the grid in an
automatic way. Mainly, at the secondary distribution network, the AMI
is made up by two types of devices which are deployed along the
network: Smart Meters and Concentrators. On the one hand, the Smart
Meters are deployed along the network, one at each customer supply
point, making it possible to monitor their consumption, communicating
it using Power Line Communications (PLC) over the distribution lines.
On the other hand, the Concentrators, which are located at the sec-
ondary distribution substations, make it possible to manage the Smart
Meters and gather their measurements.

With this AMI deployment, DSOs can perform Automatic Metering
Reading (AMR) and Automatic Metering Management (AMM) tasks.
AMR provides the DSOs to get measurements in an automatic and
remote way while AMM allows them to remotely manage the Smart
Meter devices and perform customer management operations (e.g. tariff
change, power limit settings, etc.).

This level of digitalization is allowing a new era in the low-voltage
distribution that has also opened up to data analytics applications
using the AMI data. In this context, the BALANCE Project (Spanish
acronym of “Big Data Analytics and Cyber-Physical Instrumentation for
Distribution Grid Support Operations™) is applying artificial intelligence
techniques to obtain information from the data coming from the AMI.
The BALANCE Project is supported by the Spanish Government and it is
being done in collaboration with the Medina Garvey Company, which is
a DSO from the west part of Andalusia (Spain).

4. Methods

In the BALANCE project framework, this paper studies how the
COVID-19 has affected energy consumption at a customer-level point of
view using data from the low-voltage AMI systems. This subsection
provides a methodology approach which can be applied over different
datasets in several geographical locations. This allows one to analyze the
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impact of the COVID-19 from different point of views, not only at
aggregated levels (countries or regions). The aggregated approach is
widely described in the references from the related work subsection. In
this case, this paper is centered on the analysis of mid and short-term
impact at disaggregated level.

As a summary, the proposed approach for the analysis is shown in
Fig. 1. First of all, data acquisition from the DSO systems is performed. In
the second stage (period selection), the consumption during relevant
periods of the pandemic will be extracted from the system (see periods in
Table 1). Thirdly, the whole sample is split into two parts: residential
and non-residential customers. Later, an automatic clustering is per-
formed on non-residential customers according to their consumption
profiles during the COVID crisis obtaining the different behaviors. In
addition, some relevant groups of customers are obtained based on their
economic activity codes. Observing the characteristics of the obtained
clusters, the evolution of the consumption during the lockdown can be
analyzed. The expected consumption profile without considering lock-
downs is also obtained for each cluster. Finally, based on the expected
consumption and on the behavior during lockdowns impact metrics for
every group of clusters, are obtained. This approach provides tools to
analyze the evolution of consumption during a certain time period,
evaluating the mid and short-term impact, based on real data from a real
DSO. A detailed description of each phase is provided during the
following subsections.

4.1. Dataset acquisition

The data set collected from the DSO systems is made up of hetero-
geneous information about the consumers: economic activity, con-
tracted power, Smart Meter data, etc. The criterion basis to select a
population to perform the study should be related to the economic ac-
tivity, the population, and the location. In Spain, as well as in other
places, locations are usually related to specific economic activities. With
this approach, several scenarios could be analyzed but it is important to
dismiss the cases in which the economic activity is focused on a single
sector (as the results will be biased). Additionally, other criterion is the
population density of municipality: when the population density is
increased, the services and infrastructures are increased to support the
population needs. Thus, it is important to consider this fact when
selecting a population to perform the study.

4.2. Period selection

To analyze the impact on energy consumption, it is necessary to
firstly take into account how the restrictions and their subsequent
removal during the COVID-19 crisis have been temporarily happening.
Particularly, in Spain, which will be the focus of the use case, from
March 14 to May 11 the Spanish government established that all the
population must stay at home. From May 11 until June 21, the limita-
tions in Spain gradually disappeared, allowing the opening of non-
essential businesses, restaurants, etc.

In addition to these two timeframes, the interval between February 1
and March 14 is also used to establish the reference consumption pre-
vious to the COVID-19 lockdown. Therefore, the analysis is split into
three main time frames as can be seen in Table 1.

Furthermore, in order to establish a comparison with the forecasted
consumption at mid-term without considering the COVID-19 crisis, the
consumption on the same intervals in the previous years is also used.

4.3. Sample split

To correctly evaluate the impact that the measures imposed due to
the COVID crisis have had on energy consumption, it is necessary to
separate customers according to their consumption profiles.

In this sense, the economic activity has a direct relationship with
consumption [31]. Specifically, in Europe, the NACE (French acronym
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Fig. 1. From left to right: steps of the proposed method to analyze the behavior and the impact of COVID-19 restrictions on Smart Meter data.

Table 1

Data intervals for each phase of the analysis.
Description Start End
Previous to the COVID-19 lockdown 01/02/2020 13/03/2020
Strict lockdown 14/03/2020 10/05/2020
Reopening 11/05/2020 21/06/2020

of “Statistical Classification of Economic Activities in the European
Community”) code is a categorization in behavioral groups [32].
Therefore, using this code, customers can be split into residential and
non-residential activities. In general, residential customers should have
a similar pattern of consumption during lockdown. Conversely, non-
residential customers behave differently depending if they are essen-
tial or not according with the restrictions decreed by the government.

Thus, non-residential customers could behave differently depending
on the government restrictions (e.g. some of them were considered as
essentials and were able to open, some others not, some others were able
to open with restrictions, etc.). In order to analyze the impact on the
electric consumption during lockdowns, non-residentials need to be
grouped depending on their behavior. Using the NACE code of these
non-residentials customers, these customers can be split again according
to their economic activity but, even having the same economic activity,
customers could be considered as essential or not. For example, two
small size businesses may have the same economic activity code
(4700-4799 according to the NACE code in Europe) but one could be a
small grocery store and the other a computer store. Additionally, this
code, sometimes, may not be very specific.

Therefore, there is no direct way to cluster non-residential customers
depending on their behavior during lockdowns. In this context, one way
to group customers depending on the impact of the COVID-19 re-
strictions is to use an unsupervised segmentation based on their energy
consumption over the different phases of the imposed restrictions.

4.4. Clustering and economic activity-driven modeling

In order to cluster the non-residential customers according to their
consumption profiles over the COVID-19 restrictions, the mean energy
consumption per day is obtained as features for the chosen periods.

There is a great variety of segmentation algorithms available, one of
the most used ones is the K-Means algorithm [33], which has been
widely proposed for automatic customer load clustering [34,35]. The K-
Means algorithm has been widely used for customer segmentation using
Smart Meter data [36,37] and is especially useful for domestic loads

characterization [38,39]. K-Means is a centroid-based algorithm which
choose centroids that minimize the within-cluster distances to them, as
can be seen from the cost function shown in Eq. (1) (k is the number of
clusters, d the dimension of the features, x the features of a sample with
x € k, and u the cluster centroid).

k d

argmin = Z Z [|; 7;{/|\2 1

=1 =1

As this algorithm tries to minimize the distances of the features to the
cluster’s centroids, all the features must be normalized in order to enable
the comparison between consumers, regardless of the absolute energy
consumption of each one of them. Therefore, the features are normalized
using L2 Ridge Regression [40] before using them to feed the algorithm.

One important question when a segmentation is done is the selection
of the number of clusters: the value of k. For unsupervised clustering,
several methods are available for this task. The most common ones are:

e “Elbow”: This criterion is one of the simplest, it consists of plotting
the sum of squared distances error (SSE) for every value of k. The
value of k when the SSE starts to decrease slowly, it is the selected
value of k. This method is quite simple, but it has some limitations: it
does not take in to account the cohesion of the points nor the over-
lapping of the clusters.

Silhouette: The silhouette method is a graphic representation based
on the silhouette coefficient which is calculated based on the mean
distance between data points in the same cluster and the mean dis-
tance between samples and the nearest clusters [41]. Unlike the
elbow method, this analysis gives a measure of the cohesion of the
points with their own cluster and the separation with the rest of
clusters.

Davies-Bouldin Index (DBI): This index measures the separation
between clusters [42]. It is obtained using the distances between
clusters and the size of them. Thus, this index gives a measure of the
overlapping between clusters (the lower the better).

As can be seen, each metric evaluates a different parameter: prox-
imity to the centroid (elbow), cohesion of the cluster (silhouette) and
overlapping of the clusters (silhouette and DBI). Therefore, with joint
evaluation of all these metrics, the optimum number of clusters can be
obtained.

Using the described tools in this subsection, non-residentials cus-
tomers will be clustered based on their impact on consumption due to
the COVID-19 restrictions.



S. Garcia et al.
4.5. Analysis of consumption evolution

Once the k-means segmentation algorithm has been applied using
the optimum number of clusters obtained from the above metrics, the
consumption behaviors can be extracted. As the segmentation algorithm
has been fed with the normalized mean energy consumption profiles of
the customers as features, each cluster will represent a different con-
sumption profile during the COVID-19 pandemic. A simple way to
observe the evolution in the consumption profiles is to represent the
features in each period of the lockdown of the customers of each cluster
in a box plot. This is clearly seen in the case of the proposed used below.

4.6. Estimated consumption without considering the COVID crisis

To evaluate the impact of the COVID-19 crisis it is necessary to es-
timate the consumption that would have happened without this singular
situation.

To evaluate the estimated consumption of a cluster (considering that
the COVID-19 crisis had not happened), the aggregated energy con-
sumption profile of the cluster must be obtained. In order to do that, the
consumption cannot be obtained just adding the individual raw con-
sumptions of the customers associated to each cluster because of the
possible differences that individual raw consumptions may have. For
example, if there is a customer with an average consumption much
higher than the rest of the customers in a cluster, the total consumption
will be biased by this customer. Therefore, prior to getting the aggre-
gated consumption of the cluster, the consumption profile of every
customer is normalized. This normalization is done using the proposed
method by Reem Al-Otaibi et al. in [36]. In the cited paper, the authors
normalize the consumption profile of Smart Meter data between the
interval [0,1].

After getting the normalized consumption profile of the individual
customers, the mean normalized consumption of the cluster is obtained.

Once the normalized aggregated consumption profile of the cluster is
obtained, it is necessary to establish a methodology to get the expected
consumption without considering this abnormal situation. In this sense,
the exceptional situation is relatively long (a few months). Therefore, it
is important not to use any of the affected days for the estimation of the
consumption. Two possible approaches can be followed to perform the
estimation, short-term (a few days during the start of the quarantine)
and mid-term (a few months, including all the quarantine period). The
criteria of short-term and mid-term is the same that other authors apply,
as can be seen in [43]. In this paper, C. Kuster et al. states that short-term
refers to forecasting from one hour to several days, while mid-term is
applicable for predictions from one month to a season.

These two approaches are applied to each cluster obtained in the
clustering analysis previously exposed, which pretends to group cus-
tomers of the same typology according to their observed behavior during
the lockdown. Another subset has been considered as especially inter-
esting, deserving its own analysis. Additionally, the estimation of con-
sumption has also been applied on the “economic groups”, which are
groups of customers in the same type of economic activity according to
the registers of the distribution company. Not all the existing groups are
exposed, but only those that were considered as especially interesting
from the point of view of their number of customers, or their magnitude
of consumption. The chosen economic groups are: small stores, restau-
rants, and food and drink services, residential and all of those different
from residential activities (non-residential).

The applied methods to get the estimations are as described in the
next sections.

4.6.1. Short-term impact

The change in tendency during the first days of the quarantine is
analyzed comparing the registered consumption and the forecasting.
This forecasting is obtained using the average value of similar days
during a previous week while maintaining a gap of two weeks before the
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day to be predicted. The reason for this gap is to be sure of keeping the
abnormal days out of the dataset used to make the forecasting. Specif-
ically, three groups of similar days are considered: days from Monday to
Friday as the first group, Saturdays as the second group (half-working
days in some cases) and Sundays as the third group (non-workable days
generally).

To clarify how the short-term forecasting under these considerations
is obtained, some examples of forecasted days using the described
method are given:

— The forecasted consumption for the 2nd of March is the average
value of the days 10th to 14th February.

— The forecasted consumption for the 5th of March is the average value
of the days 13th February, 14th February, and 17th to 19th February.

— For the day 7th of March, the forecast is equal to the consumption on
the 15th of February (which was Saturday).

4.6.2. Mid-term impact

A mid-term impact includes the whole exception period, i.e., about
four months (from March to June). Of course, the previously exposed
method of day averaging is not valid for this new analysis, as it would
require a huge gap between the day to predict and the input days (to
avoid using the abnormal days affected by the COVID-19), which would
introduce errors due to the difference of season, temperature, etc.

Therefore, the methodology for this mid-term impact study is the
direct comparison of historical data of the year 2020 with the average
consumption of the two previous years. This is the most common way to
evaluate the impact, many authors who have studied the variation of
energy consumption due to the COVID have assessed the impact eval-
uation using the energy consumption in previous years
[7-10,14-17,19,20,23].

4.6.3. Measuring the impact.

Once the expected consumption has been obtained for the different
periods studied (assuming that the COVID crisis has not happened), a
Variation Rate (VR) with respect to the expected consumption will be
obtained. This rate will be obtained from Eq. (2).

100 n Pirenl _ Plz_‘xc

exc
no 4= P

(2)

Variation Rate(%) =

where n is the number of samples in the evaluated interval, P{ the
expected consumption and P/*¥ the current consumption at sample i. As
can be seen, this Variation Rate is based on the MPE (Mean Percentage
Error) as our approach is meant to measure the deviation on energy
consumption.

5. Use case

The proposed approach is implemented in a use case using data from
a real AMI network throughout this section.

5.1. Data set acquisition

Thanks to the collaboration within the BALANCE project with the
Medina Garvey Company, the data from Manzanilla, which is a town
from Huelva (Spain), are available. In this sense, the AMI systems of the
DSO have been integrated into the management systems of the BAL-
ANCE project, allowing the same AMR functions that the DSO has. The
AMM has not been implemented due to security reasons. The general
architecture of the system is shown in Fig. 2 in which the different el-
ements of secondary distribution network and their relationship with
the AMI systems are depicted.

Using the described data acquisition system, data from all Smart
Meters of the Manzanilla town can be easily gathered. The collected
dataset includes hourly energy consumption and metadata associated
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Fig. 2. AMI structure and its relationship with the secondary distribution network.

for every client (economic activity, contract information, etc.). This
phase corresponds to the stage A of the Fig. 1.

The town of Manzanilla has 14 secondary distribution substations
with a mean of 102 Smart Meters per secondary substation having a total
of 1426 customers. The mean power consumption of the town is around
550 kW with important differences depending on the seasonality.

5.2. Customer clustering

Firstly, customers will be split into residential Fig. land non-
residential (stage C of Fig. 1) Fig. 1. Additionally, non-residential cus-
tomers will be clustered based on their behavior during the COVID-19
crisis, which corresponds with the stage D of the Fig. 1.

5.2.1. Residential clients

As described in the previous sections, using the NACE code the res-
idential customers can be obtained. A total of 1348 Smart Meters are
labeled as residential customers. In Fig. 3 a), the total energy con-
sumption of residential customers is shown. In this figure, four time-
frame intervals can be seen: previous to the COVID lockdowns, during
full lockdown in Spain, the reopening period (with restrictions) and the
full reopening. From this figure, an increase in the consumption can be
seen just after the start of the lockdowns and during the full reopening
but, only with this figure, no conclusions can be extracted as this in-
crease may be the normal consumption pattern of the town of
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Manzanilla or it may be due to the seasonal nature of the data. However,
as it will be seen later from the analysis done in this paper, the increase
just after lockdown is clearly because of the COVID restrictions removal.

5.2.2. Non-residential client clustering

A total of 78 customers with non-residential economic codes were
found in the dataset. The total energy consumption of these clients is
shown in Fig. 3 b). As can be seen in this figure, unlike residential cus-
tomers, non-residential customers have decreased their consumption
after lockdown but, again, this decrease may be the normal consumption
of these customers or it may be due to the seasonal nature of the data.
Nevertheless, as it will be analyzed later, this decrease has been mainly
because of the COVID-19 lockdowns ending.

Of these clients, 19 were found to have an unusual low consumption
(previous to the lockdowns) so they were discarded. Most of these clients
were labeled as storage locations or garages. Thus, 59 non-residential
customers were used. With the normalized mean energy consumption
computed per day on the timeframes described in Section 4.2 used as
features, the best selection for the number of clusters were obtained
using he described methods: the “elbow” method, Silhouette analysis
and Davies-Bouldin index (Figs. 4 and 5).

From the elbow method, the optimum number of clusters is between
five and six.

According to the silhouette analysis, from five (included) onwards,
the mean silhouette value (red line) starts to decrease. Although all
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Fig. 3. Aggregated consumption profile of residential and non-residential customers during the COVID-19 crisis; a) residential; b) non-residential.
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Fig. 5. Silhouette score analysis for different values of k.

clusters from five onwards remain samples above the average Silhouette
value, some groups begin to over-split, becoming very thin, indicating
possible over-segmentation.

If we look at Davies-Bouldin index, it starts to stay from five at the
same values, with lower indexes in 8 and 10 clusters but very insignif-
icant differences with the rest.

Taking this analysis into account, and according to these metrics, the
selected number of clusters for the study was five.

In this sense, using five clusters, a K-Means model was obtained. A
box plot of every cluster is shown in Fig. 6. Every subfigure shows one of
the clusters, the boxes are the features of the customers that have been
assigned to the depicted cluster (normalized consumptions during the

periods described in Section 4.2). From left to right: previous to the
COVID-19 crisis, during strict lockdowns and during the openings after
the strict lockdowns.

Some conclusions can be extracted from Fig. 6. Customers from
Cluster 0 have maintained their consumption during all the COVID
crisis. Clusters 1 and 2 have reduced their consumption during full
lockdown and the reopening having a more notable drop in consump-
tion in cluster 1 than cluster 2. Clusters 3 and 4 have reduced their
consumption during full lockdown but have recovered after it. Cluster 3
has had a much smaller drop in consumption than cluster 4 and it has
had a higher consumption during the re-opening than it has previously
to the lockdown.
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Fig. 6. Box plot of the selected features during the different containment periods for each of the obtained clusters.

This behavior extracted from the features is clearly seen if the
normalized mean consumption of the clusters is represented (Fig. 7).

Additionally, Table 2 shows a summary of the economic activities of
the customers of every cluster.

5.3. Expected consumption without considering the COVID crisis

Once the clients are split into this subsection, the expected con-
sumption is obtained considering that the pandemic has not occurred

both in short and mid-terms (stage F of Fig. 1).

5.3.1. Impact analysis validation

The short-term and mid-term impact analysis have been validated
first using time intervals not affected by the deviation in the consump-
tion profiles due to the COVID-19. Specifically, the short-term analysis
has been performed and evaluated for the whole year of 2019 while the
mid-term analysis has been performed using the average consumption of
2017 and 2018 and evaluated using 2019. The comparison between the
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Fig. 7. Normalized consumption profile during the selected periods for each cluster.
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Table 2
Summary of economic activities found in the customers of each cluster.

Cluster  No. Summary of economic activities found in the cluster

Customers (NACE code)

0 16 Businesses (mainly for grocery activities), public
services (public lights and water distribution), health
services (pharmacies and health centers)

1 10 Restaurants, pubs and public institutions.

2 13 Public institutions and industrial services.

3 11 Small businesses.

4 9 Restaurants and small businesses

expected consumption and the real consumption of 2019 for the
aggregated consumption of the town of Manzanilla for both approaches
is shown in Fig. 8.

As can be seen, the short-term approach has higher precision (lower
dispersion around the error) than the mid-term. The variation rate (see
Section 4.5.3) between the expected and real consumption has been
obtained for both approaches, with a result of a 0.57% and a —1.03% for
the short and mid-terms respectively. Taking into account the level of
disaggregation (the consumption of a town with 1426 Smart Meters),
the results are in the range of what is expected.

The short-term approach seems to be a little bit better but, as it was
explained in Section 4.5.3, the short-term approach is only valid to
predict the impact of an abnormal situation two weeks from the start of
it, as predicting further than that would require introducing in the
prediction some of the abnormal days (biasing the forecast by these
days). Thus, the short-term is a great and relatively easy way to obtain
the impact of a certain event but it is only valid for the next two weeks
after the start of the event.

In contrast, the mid-term approach is more appropriate to obtain an
estimation of the expected consumption for longer intervals, but it has
lower accuracy than the short-term approach. However, as the objective
is to measure the impact on energy consumption, the mid-term approach
is a good estimation, as the variation rate shows (—1.03% of error). This
is because in longer intervals, although there are some errors in some
days, the global compute of energy consumption for the interval, which
is what the variation rate measures (and the objective of the study), is
able to obtain good results.
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As a conclusion, each impact evaluation approach has its advantages
and disadvantages, both being complimentary approaches to each other.

5.3.2. Short-term impact analysis

Using the described methodology in Section 4.5.1, the short-term
impact of the first weeks of lockdown has been obtained.

Firstly, the short-term impact has been obtained for all the customers
in Manzanilla. Fig. 9 represents the normalized expected and real con-
sumptions for the first weeks after lockdowns. As can be seen, the con-
sumption during the first weeks of the lockdown is slightly higher than
the expected. This is explained because the vast majority of customers in
the town of Manzanilla have a residential profile that, because of the
restrictions, had to remain at home during lockdown.

Additionally, the same analysis has been separately done for the
aggregated consumption of residential customers and non-residential
customers. In Fig. 10, the forecasted consumption for the first weeks
of lockdown is depicted. As can be seen, residential customers have
increased their consumption during the first weeks of lockdown in
contrast to non-residential customers who have dramatically decreased
their consumption compared with the expected forecasted consumption.
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Fig. 9. Normalized real consumption and the expected consumption for the
whole town of Manzanilla during the first weeks of lockdown.
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Fig. 8. Short-term (a) and Mid-term (b) validation against 2019 for the aggregated consumption of Manzanilla (each point represents the consumption of a day).
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Fig. 10. Normalized real consumption and the expected consumption for residential (a) and non-residential (b) customers during the first weeks of lockdown.

Additionally, the results of the short-term forecasting against the
aggregated consumption of each cluster obtained in Section 5.2.2 are as
shown in Fig. 11:

As expected from the cluster’s representation depicted in Fig. 6,
clusters 1 and 3 have almost maintained their normal consumption just
after lockdowns (slightly increasing it in the case of cluster 0 and slightly
decreasing it in the case of cluster 1) while clusters 1, 2 and 3 have
decreased their consumption.

Furthermore, some representative non-residential economic groups
have been analyzed thanks to the NACE economic code. Specifically,
small businesses (NACE codes from 4700 to 4799) and food and drinks
business (NACE codes 5600 to 5699 which corresponds to restaurants,
pubs, take away foods, etc.). Fig. 12 shows the expected consumption
and the real consumption during the first weeks of lockdown. As can be
seen, small businesses have maintained their expected consumption
after the first weeks of lockdown. On the contrary, food and drink ser-
vices have drastically decreased their consumption.

A summary of the variation rate of the expected consumption and the
real consumption of the described grouping of customers during the first

Cluster 0

Cluster 1

weeks of lockdown is shown in Table 3. Positive values mean an increase
in energy consumption while negative values mean a decrease.

5.3.3. Mid-term impact analysis

A mid-term comparison has also been done using the consumption
during the same periods in the two previous years. Firstly, the global
consumption of the town of Manzanilla compared to the average con-
sumption of the previous years is shown in Fig. 13.

Following the same structure as in the previous subsection, the same
mid-term comparison has been done in Fig. 14 for residential customers
and non-residential customers. From these figures, it is also clear that
residential customers have increased their consumption while non-
residential customers have decreased it.

Fig. 15 shows the same mid-term real and expected behavior analysis
during all of the COVID-19 crisis for the obtained clusters of customers.

Also, the same comparison has been done for the small businesses
and food and drinks economic codes. Fig. 16 represents this comparison.

The impact of lockdowns can be clearly observed in the groups of
customers with the same economic category (NACE codes). One of these
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Table 3
Variation rate on the real and the expected consumption during the
first weeks of lockdown different groups of customers.

Description VR (%)
All customers 10.4
Residential 13.1
Non-residential —35.2
Cluster 0 12.2
Cluster 1 —70.3
Cluster 2 —36.0
Cluster 3 -7.1
Cluster 4 —77.0
Economic Activity: Small businesses -8.8
Economic Activity: Food and drinks —66.4
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Fig. 13. Normalized real consumption and the expected consumption for the
whole town of Manzanilla during all the COVID-19 crisis.

groups includes shops and minor selling in general, with a predomi-
nance of grocery stores in the group of customers under study. The
evolution of this group shows stable behavior during which the food and
essential products stores were open until the final period of the quar-
antine, in which the opening of all types of shops (not only food and
essential products) was permitted again. One of the most affected eco-
nomic sectors are also analyzed: drink and food services, such as bars,
restaurants and caterings. Their evolution performs an asymmetric V-
shape, suffering a big drop on their consumption during the quarantine
with a slow recuperation during the end of the period.

In the same way, the variation rate with the consumption of the same

11
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period of the previous year has been obtained in Table 4.
6. Discussion of the impact on energy consumption

It is clear that the lockdowns imposed due to the COVID-19 have had
an impact on energy consumption. Specifically, an increase on the global
consumption for the analyzed customers of a 10.4% during the first
weeks of the lockdown, a 12.1% during all the lockdown period and a
6.0% during the reopening have been obtained. This result contrasts the
15% to 25% decrease that has been obtained in the already published
papers. This is mainly due because the already published papers are a
global analysis in which aggregated data at country or regional level is
used. However, as our results are based on low-voltage customers, the
vast majority of the customers used are residential which, during lock-
down, are forced to stay home and, therefore, have increased their
consumption.

This is clearly seen if residential and non-residential customers are
analyzed separately, as it has been done along this paper. In this sense,
residential customers have increased their consumption in a 13.1%
during the first weeks of lockdown in contrast to the 35.2% of decrease
of non-residential customers. This result is consistent, based on the re-
strictions of the Spanish government during the second half of March
2020 in which all the population had to stay home and non-essential
business had to close. The increase in the residential sector is also
consistent with the results found by other authors. For example, Zhang
et al. [24] found an increase of a 14.3% for a level 4 containment level
(full lockdown) of a residential neighborhood while Madurai Elavarasan
et al. [19] found an increase of a 14% in residential consumption in
North-Western Melbourne (Australia).

In addition, an automatic clustering based on the behavior of non-
residential customers has been performed. The results showed that
five different consumption profiles can be found in low-voltage cus-
tomers. If the result of the clustering is analyzed, they are also consistent
with the restrictions imposed by the government and with the behavior
of the Spanish society. In this sense, if the clusters are analyzed:

o Cluster 0 has almost maintained the same consumption as it would
have normally had as the mid-term impact shows (2.7% increase
during full lockdown and 1.8% increase during the reopening). Even
though it has maintained their consumption during all the COVID
crisis, during the first week of lockdown the customers associated to
this cluster have increased in a 12.2% their consumption. Addi-
tionally, the metadata of the customers associated to this cluster
show that are mainly grocery stores and essential public services
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Fig. 14. Normalized real consumption and the expected consumption for residential (a) and non-residential (b) customers during all the COVID-19 crisis.
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Fig. 15. Normalized real consumption and the expected consumption for the obtained clusters during all the COVID-19 crisis.

(health and supplies). This result can be associated to essential
businesses based on the lockdown restrictions.

Cluster 1 has drastically reduced their consumption as the short-term
(—=70.3%) and the mid-term (—71.2% during full lockdown and
—47.9% during the reopening). Based on this behavior it is expected
that these customers would be fully non-essential customers that
have not recovered after the restrictions. The metadata of the cus-
tomers of this cluster show that they are mainly restaurants, bars and
some public institutions.

Cluster 2 reduced their consumption but much lower than cluster 1
as the variation rates indicates: —36% for the short-term (first weeks
of lockdown), a —27.4% during the full lockdown period and a
—3.7% during the reopening. Seeing this data, these customers are
expected to be non-essential businesses that have recovered their
normal consumption. This is partially supported by the metadata of
the clients under this cluster: industrial services and some public
institutions.

Cluster 3 have decreased their consumption during lockdowns: there
seems to be an increase during the first weeks of lockdown (—7.1%

12

according with the short-term analysis) but during the whole lock-
down period the consumption has decreased much more (—24.2%
according to the mid-term). In addition, this group of customers have
recovered their consumption during reopening (1.3% of increase
compared with previous years).

Cluster 4 have drastically reduced the consumption both during the
first weeks of lockdown (—77%) and during all the lockdown period
(—78.5%) but have recovered almost their normal consumption
during the reopening (1.9%). These customers are expected to be
non-essential businesses that were allowed during the reopening and
they have effectively reopened.

Thanks to this segmentation of customers’ behavior, it can be said

that some of them have maintained their normal consumption (Cluster
0), others have decreased their consumption with higher or lower rates
but then have recovered (Clusters 1, 2 and 3) while others have
decreased their consumption not recovering it during the reopening
after lockdown (Cluster 4).

Additionally, some information can also be extracted from certain
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Fig. 16. Normalized real consumption and the expected consumption for small businesses (a) and food and drink services (b) during all the COVID-19 crisis.

Table 4
Variation rate on the real and the expected consumption during the full lock-
downs and the reopening periods for the different groups of customers.

Description VR during lockdown VR during the
(%) reopening (%)
All customers 121 6.0
Residential 15.0 7.5
Non-residential —38.0 —14.5
Cluster 0 2.7 1.8
Cluster 1 -71.2 —47.9
Cluster 2 —27.4 -3.7
Cluster 3 —24.2 1.3
Cluster 4 —78.5 1.9
Economic Activity: Small —20.2 2.9
businesses
Economic Activity: Food and ~ —72.5 -21.7
drinks

economic activities. As an example, bars and restaurants that have been
studied showed that they have decreased their consumption —-72.5%
during lockdown and with a —21.7%. These results show that the COVID-
19 restrictions have had a serious impact on this specific economic
activity.

Other economic groups that have been analyzed is the related to
small businesses which, due to the location (a town), are mainly local
shops. This economic group shows a decrease in the consumption of an
8.8% during the first weeks of lockdown, a 20.2% of decrease during the
full lockdown period and a 2.9% of increase in the reopening. These
results show that small businesses have had an impact during lockdown
but then they have recovered.

7. Conclusions

The COVID-19 has had a tremendous impact on societies and on the
economies of countries and regions all over the world. This impact is
clearly reflected on energy consumption. In this paper, an approach to
evaluate the behavior and the impact on energy consumption at the
secondary distribution network over Smart Meter data is proposed.
Thus, not only the impact at aggregated levels of the COVID-19 re-
strictions can be extracted but also the impact on smaller groups at
customer level.

Using this approach, automatic customer clustering can be per-
formed based on the consumption profile behavior during the COVID-19
crisis. This has the advantage that the behavior of small groups that they
may not affect at aggregated levels can be discovered. As an example, in

13

the presented use case, the global consumption of Manzanilla has
increased its consumption during lockdown but, if the data is analyzed,
it can be seen that this increase is biased towards residential customers.
Moreover, it is also possible to analyze the impact on customers of
specific economic categories, showing interesting results regarding the
response and resilience of some of them, and showing which have been
the most vulnerable ones (those which had to be closed, temporally or
permanently).

In the study case of Manzanilla, a total of five types of behavior
(clusters) were identified for non-residential customers, showing
different impacts and differences both in short and mid-term. These five
clusters are consistent with the expected consumption profile based on
the restrictions in Spain. Regarding of the economic groups, the most
affected areas were those related to food and drink services, while the
area of small businesses (mainly little local shops) showed a lesser
impact in their electric consumption. The behavior of the residential
consumption was characterized by a remarkable increase during the
quarantine.

Additionally, some future research lines can be established. With
larger data sets, more accurate and comparable results of the energy
consumption behavior of secondary power distribution customers could
be addressed, obtaining not only the behavior between relevant date
intervals but also, hourly behavior (since more features could be used to
segment the behavior) obtaining how the pandemic has changed the
consumption slots during the day. Moreover, as the clusters can be
associated to specific groups of customers, the obtained models can be
used to reclassify customers who do not have their economic activity
correctly labeled. Thus, all customers could be classified using these
models and determine which of them might be mislabeled.

As a final conclusion, the proposed approach got results that reflect
various aspects about the economic structure of the analyzed town, and
how their respective recuperation was. Its application over other type of
towns or even regions in the future could grant a detailed analysis
including other types of activities.
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