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The development of dynamic energy distribution grids to optimize energy
resources has become very important at the international level in recent years.
A very important step in this development is to be able to characterize the
population based on their consumption behaviour. However, traditional
consumption meters that report information at a monthly rate provide little
information for in-depth analysis. In Colombia, this has changed in recent
years due to the implementation and integration of advanced metering
infrastructure (AMI). This infrastructure allows to record consumption values
in small time intervals, and the available data then allows for the execution of
many analysis mechanisms. In this paper we present an analysis of the
electricity demand profile from a new dataset of energy consumption in
Colombia. A characterization of the users demand profiles is presented using
a k-means clustering procedure. Whit this customer segmentation technique
we show that is possible identify customer consumption patterns and to
identify anomalies in the system. In addition, this type of analysis also allows
to assess changes in the consumption pattern of users due to social measures
such as those resulting from the coronavirus disease (COVID-19) pandemic.
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1. INTRODUCTION

The increasingly massive integration of advanced metering infrastructure (AMI) has led to energy
consumption data collection in a way we have never seen before. One possible application consists of being
able to characterize users based on the way they demand electrical energy, analysing how the demand curve
varies from hour to hour. This would allow us to know the different types of users that make up a distribution

system.

In Colombia, the implementation of AMI is at an early stage. Although some progress has been made
from a regulatory perspective, the deployment is still based on small pilots that have been implemented in
different areas of the country. However, these pilots continuously generate data that can be an input to identify
the types of electricity consumers that exist in the country. Additionally, by identifying additional variables
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such as those related to the geographical location of the metering points such as average temperature or height
above sea level, the impact of these types of variables on consumption can easily be evidenced.

In this paper we present a new database processed from the collection of power consumption
measurements in Colombia between 2017 and 2021. The data were provided at the discretion of five regional
grid operators, and therefore we had no influence or decision on the dates of coverage or the number of samples.
Each sample in the dataset contains information related to energy consumption levels, and in addition, for each
user there is information on the type of user and the geographic location. Each user is registered among three
possible classes: residential, commercial, or industrial. The geographic location allows to relate climate and
altitude information. Although Colombia is in the tropics and has no climatic seasons (the average temperature
varies little throughout the year), there are marked differences in different parts of the country. The climate
depends directly on the altitude above the sea level, which in inhabited areas ranges from 0 m.a.s.l. (as in the
north of the country) to above 2,600 m.a.s.l. (as in the capital Bogota). Average annual temperatures can then
range from 12 °C to beyond 30 °C, and this is expected to have a direct impact on electricity consumption
behaviour. For these reasons we will take this information into account in the segmentation analysis.

We perform data processing and subsequent user segmentation using the k-means clustering method.
K-means is an unsupervised machine learning method that automatically clusters data depending on the
similarity between their features and has been previously used successfully in similar tasks [1]. With our
method we show that: i) the average consumption in each hour of the day for a user is a good basis for
representing the type of consumption of that user; ii) K-means successfully captures the characteristics of the
data in the feature space created for them, obtaining easily interpretable clusters that can be related to the
climatic variables of the country; and iii) it is possible to track the effects on the consumption behaviour
produced by major social restrictions, which may be helpful in future planification processes.

The rest of the paper is organized as follows: in section 2 we will give a brief overview of the related
work about user characterization in power grids. In section 3 we will look in detail at the characteristics of the
dataset and the processing of the data. In section 4 we present the results of the clustering process and in
section 5 we present the conclusions of our work.

2. RELATED WORK

The current need to build reliable grid services has led to many research efforts in energy consumption
profile analysis. Much of the previous work has focused separately on analysing data coming exclusively from
industrial consumption, or exclusively from buildings or residential areas. It is notable however that, regardless
of the source, data collection plays a major role in these processes. This is due to the variability of the data
structure, and the fact that this information can usually be easily complemented by geographical,
meteorological and socio-economic information.

After collection, the final clean-up and adequacy of the data depends very much on the objective of
the analysis. These can range from demand response analysis, through energy system management, to control
analysis or energy flexibility performance indicators [2]. In any case, for the customer segmentation task, a
customer feature space needs to be constructed. For this, average daily load profiles have been used [3], [4],
where the available daily load profiles of each user are averaged, in order to identify large-scale patterns.
Analyses can also be made on the basis of peak demand periods and the percentage overlap of these periods in
the day. This is in order to study how likely it is that a user can respond to consumption stimuli in different
time periods [5], [6]. Or it can be analysed directly using daily load profiles, without further processing, so that
day-to-day consumption variations of users can be studied [7], [8].

Regarding the analysis methods, again, the use of various models depends on the final objective.
However, clustering methods are practically mandatory for the task of user characterization and segmentation
[2]. Classified within the family of unsupervised learning methods, these methods allow finding clustering
patterns according to the similarity of the data representation and therefore allow finding average trends of
energy use. This provides a basis for finding latent relationships between descriptors and external factors in
the data and is a good first input for the task of characterizing the population and general demand behaviour.

There are several options for clustering. K-means, one of the most famous, works by optimizing the
average distance between each of the data to an assigned centroid. The number of centroids is chosen in advance
and is a parameter to be explored from the direct interpretation of the results. Derived from this method is the
fuzzy c-means, which makes cluster boundaries more flexible and allows overlapping of clusters, or algorithms
for hierarchical clustering, which allows grouping by levels. Although there is no consensus on the preference
of a particular method to perform clustering tasks [2], and while often the results reached with each algorithm
may be the same, for the demand characterization task, k-means was found to be more consistent [9].

Clustering methods have been implemented for a variety of purposes related to building energy
consumption, such as pattern recognition [10], identification of abnormal energy behaviour [11], general
characterization of building energy demand [12], demand management in the industrial [13] and residential
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sectors [14], forecasting of building energy consumption [15], and peak demand [16]. These techniques are
also used for a variety of applications, such as identifying priority targets for energy efficiency programs [17],
optimizing equipment sizing, energy storage, grid operation, renewable energy integration [18] and commercial
offers [19]. Studies have mainly focused on households and later mixed industrial and commercial buildings,
as reported in [16].

Finally, the comparison of clustering methods has been extensively studied [20]. For example, the
performances of k-means and hierarchical clustering algorithms have been investigated by Quintana et al. [11],
Satre-Meloy et al. [16], Chicco et al. [19], who also compared them with fuzzy k-means and follow- the-leader
algorithms, and Xu and Massachuse [5], who also tested adaptive k-means and symbolic aggregate
approximation methods. Beyond all this exploration, k-means is still the most used algorithm for performance
analysis of non-residential buildings [20], and has proven to be the best clustering method for the analysis of
residential buildings [21].

3. METHOD
3.1. Dataset

The collection of data of each grid operator begins with a formal request from them. Once the
communication channel has been initiated, the signing of a confidentiality agreement is proposed, which will
guarantee that the information will only be used for academic purposes. Once the agreements have been signed,
the information is delivered by the grid operators. In this sense, different means have been used for this purpose
depending on the amount of data to be delivered. A first way is through access to cloud repositories where
access to information is allowed. Another way to deliver this information is through the delivery of physical
hard drives which contain the different variables that are collected from the AMI system. It is important to
mention that AMI measurements from 6 grid operators were integrated. However, it was evident that each
operator handled its own form of data storage, making its integration difficult.

The data was collected from 166,630 smart meters belonging to five regional grid operators. This
generated 3,104,870,233 records with consumption information. This database is the first to integrate metering
information from different network operators in Colombia. The specific details on the number of meters and
records by grid operators are given in Table 1. In addition, the type of user and its geographical information is
also available which is further is used in the characterization analysis.

Table 1. Detail of the number of meters and the number of records by grid operator in the database

Grid operator N° of meters N° of records
Operator A 34,495 21,088,752
Operator B 50,723 598,883,091
Operator C 7,004 7,423,829
Operator D 73,793 2,470,092,041
Operator E 615 7,382,520

3.1.1. Pre-processing

For optimised storage purposes, a first filter of the raw data is made leaving only measurement values,
date and time, and sensor identification. This is stored in Parquet files. This allows the subsequent manipulation
and cleaning to be done in Python, using Dask [22] and Pandas [23], [24]. Further cleaning of the data consists
of filtering out only the active energy data, standardising the date and time information. This allows to select
those samples where measurements are available for the 24 hours of the day.

3.1.2. Feature selection

Once the pre-processing is made, a database is created where each sample consists of the measurement
value for each of the 24 hours of the day. Then a grouping by sensor is made, and in each group the values
corresponding to each hour of the day are averaged. If there are, for instance, five records for the same sensor,
each one of them with measurements in the 24 hours of the day, from five different days, at the end of the
process we may obtain a single record in which for each hour of the day we will have an average value.
Then, for that sensor we will have the mean consumption for each one of the 24 hours of the day. In this way,
we have a set of 24 unique features for each sensor. Figure 1 shows the demand curves generated in this way
for different users: Figure 1(a) corresponds to a residential profile, Figure 1(b) depicts a commercial profile,
and Figure 1(c) an industrial profile. The quantitative details of the final dataset thus created are described in
Table 2.

Int J Elec & Comp Eng, Vol. 13, No. 5, October 2023: 4798-4809



IntJ Elec & Comp Eng ISSN: 2088-8708 O 4801

St
D

/-...\_\II

Energy [normalized p.u.]
Energy [normalized p.u.]

Hour Hour

@ | ®)

Energy [normalized p.u.]

: Hour
(©)

Figure 1. Load profiles samples after data prepossessing and normalization, (a) a load profile of a residential
user, (b) a load profile of a commercial user, and (c) a load profile of an industrial user

Table 2. Detail of the final number of mean records by grid operator in the database. Each mean record
consists of 24 values corresponding to the mean of the measured consumption for each hour of the day

Grid Operator N° of Meters
Operator A 8400
Operator B 47798
Operator C 6291
Operator D 62595
Operator E 77

3.2. Clustering

Clustering is a processing approach that seeks to find groupings in the data based on its possible
intrinsic patterns. It does not use any kind of labelling to learn how to segment the data. Therefore, it is widely
used precisely in the tasks of customer segmentation, exploratory data analysis, pattern recognition and
information compression. Among the many clustering algorithms, k-means appears within the family of
unsupervised machine learning methods, posing an optimization problem based on the initial choice of
centroids that will later define the clusters. K-means has been tested repeatedly and has been shown to be the
best for energy user segmentation purposes, both at industrial and residential level [20], [21], so we used it for
our data segmentation procedure.

3.2.1. K-means
K-means is an unsupervised machine learning method that works by finding a set of optimal centroids
by minimizing the inertia, given by (1):

min Eeo Zues = il W

where C is the set of clusters, {u;}; is the set of centroids and {x;}; is the training data. Inertia is a measure of
coherence or cohesion of the resulting clusters. The number of clusters is a parameter that must be chosen
before starting the optimisation process, and therefore must be explored and chosen according to the same
measure of inertia, or to other performance metrics such as the silhouette score [25], as well as a final inspection
and interpretation of the results. The initialization of the centroids can be made randomly, although this may
affect the final convergence of the algorithm. While convergence is guaranteed, k-means can reach a local
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minimum. For this reason, the procedure is initialized several times, using for this different initialization
techniques that seek to find well-spaced centroids to begin the optimization process [25].

4. CUSTERING RESULTS AND DISCUSSION

The experimental implementation was made in Python using Scikit Learn [26] and Dask [22] with a
Scikit Learn backend. Initialization of the centroids is made using the kmeans++ algorithm, exploring 10
different initializations, and a maximum of 300 iterations. Experiments were performed by testing a number of
clusters in a range from 2 to 60, and the inertia graph is inspected. From this, a fixed number of clusters is
chosen for inspection of the centroids. These centroids represent the average demand curve of all users in the
same cluster. The inspection of these centroids and their interpretation will verify whether the chosen number
of clusters is adequate or not.

4.1. Cluster analysis

40 final clusters were chosen. The centroid of each cluster accounts for the average consumption
profile. 23 clusters have a residential consumption profile and 17 have a non-residential consumption profile.
The decision as to whether a cluster corresponded to residential or non-residential profile was made on the
basis its shape of consuming energy. In addition, based on the geographical information of the sensors, and
using information from the Colombia Institute of Hydrology, Meteorology and Environmental Studies
(IDEAM) [27], we could categorize each cluster according to the predominant altitude and climate associated
to the samples of the cluster. The complete description of altitude and climate categorization can be found in
Tables 3 and 4 respectively. It is worth noting that during this process, measurements for some users evidenced
that although they are classified as residential users by the grid operator, they present a behaviour of a
commercial user.

Table 3. Description of altitude categorization criteria

Altitude category Description
High Higher than 2000 meters above sea level
Medium Between 1000 and 2000 meters above sea level
Low Less than 1000 meters above sea level

Table 4. Description of the climate categorization criteria

Climate category Description
Cold Average temperature below 18 °C (~64 °F)
Temperate Average temperature between 18 °C (~64 °F) and 24 °C (~75 °F)
Warm dry Average temperature above 24 °C (~75 °F)
Warm Humid Average temperature above 24 °C (~75 °F)

4.1.1. High altitude/cold climate

23 clusters correspond to users located in a high-altitude region. In Colombia, this automatically
implies a cold climate. 13 out of those 23 clusters have a residential consumption profile and can be classified
in four types of users:

a) Customers with progressive increase in consumption Figure 2: this type of customer is characterized by
low energy consumption in the early hours of the morning, gradually increasing consumption throughout
the day until peak consumption is reached at around 20:00 hours.

b) Customers residential Figure 3: this group of residential users has two consumption peaks throughout the
day. The largest peak is in the morning hours and the second peak is in the evening hours.

¢) Customers with double peak consumption Figure 4: this type of customer is characterized by two
consumption peaks throughout the day. The main peak occurs in the evening at around 20:00 hours.
However, in the morning there is an increase in demand that may be associated with the use of electrical
appliances before going out to do their daily chores.

d) Customers with low consumption during the day and peak demand in the evening hours Figure 5: this type
of customer has a stable low consumption during the hours of the day. From 18:00 hours onwards, there is
a significant increase in energy consumption until it reaches its peak at around 21:00 hours.

The 10 remaining clusters have a non-residential profile, and can be categorized in three groups:

a) Bell-like commercial curve Figure 6: this type of customer has a stable low consumption during the hours

of the day.
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b) Double-peak commercial curve Figure 7: this type of customer has a bell-shaped curve with two peaks
throughout the day. The first peak occurs during the day. Subsequently, there is a decrease in energy
consumption, followed by a further increase in energy consumption in the evening hours.

Energy [normalized p.u.]

—— mean
std

0.28 -
0.26 -
0.24 -
0.22-
0.20 -
0.18 -
0.16 -

0.14 -

01234567 891011121314151617181920212223

Hour

Figure 6. Non-residential cluster mean of
customers with a bell-like commercial curve

0.30-

— mean
std

—

3

o 025-

-

[T}

N

= 0.20 -

©

£

I

o

c 0.15 -

>

o

]

c 0.10 -

w

01234567 891011121314151617181920212223

Hour

Figure 7. Non-residential cluster mean of
customers with a double-peak curve
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c)

Night-time commercial customers Figure 8: this type of customer is characterised by having their peak
energy consumption hours at night and in the early hours of the morning. Their energy consumption starts
at 18:00 hours, with peak demand at around 20:00 hours, and they maintain significant consumption during
the night and early morning hours, with consumption decreasing from 07:00 hours onwards.
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Figure 2. Night-time commercial mean customer

4.1.2. Medium altitude/temperature climate

Fifteen clusters correspond to users located in a medium altitude region. This means users living in a

temperate climate. Nine clusters have a residential consumption profile, and can be classified in two types of users:

a)

b)

a)

b)

Customers with higher consumption in the early hours of the morning Figure 9: for this type of user,
consumption is low during the day and gradually increases, with peak demand at around 18:00 hours.
Residential customers Figure 10: this group of residential users has a peak demand in the early hours of the
morning that can be associated with the use of electrical appliances. It maintains a stable behaviour
throughout the day until 17:00 hours when it increases its demand until it reaches the peak.

The 6 remaining clusters have a non-residential profile, and can be categorized in two groups:
Commercial customers Figure 11: the energy consumption is bell-shaped. It is worth mentioning that the
start of energy demand for this type of user is around midday.

Night customers Figure 12: this type of customer has a higher consumption at night and in the early hours
of the morning than in the evening.
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4.1.3. All altitudes/all climates

Two final clusters do not present a predominant altitude/climate relation. One of them Figure 13

correspond to a residential profile. This type of residential users is characterized by having peak demand at
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night and a progressive increase in demand during the day. And the other one Figure 14 presents an industrial-
like behaviour, that has a constant consumption throughout the 24 hours with variations in consumption at
specific times and of short duration.
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Figure 14. Generic industrial profile. This cluster
does not have a predominant presence of costumers
in any particular altitude/climate

4.2. User type coherence by cluster

In each cluster we can see how the different attributes mentioned above are distributed, especially the
type of user (residential, commercial, industrial) and the socio-economic classification. In this sense, it is
remarkable to see that in 11 of the 23 clusters with a commercial profile, most of the samples correspond to
users originally categorized as residential users. For instance, in Figure 15 we can see the average load profile
of a cluster composed by 542 users, where only 22 (0.5%) of them are registered by the grid operator as a
commercial user. In fact, 490 of the users in that same cluster (more than 90%) are registered as residential
users. On the other hand, for all of the residential-like clusters, most of the users belonging to those clusters
are indeed registered as residential users by the grid operator.

4.3. Pandemic-related effects

Data collected before and after the 24 March 2020 is available for one of the grid operators. On this
date, the nationwide quarantine begun in Colombia. Therefore, a simple analysis could be made about the
effects of the quarantine in the load profile of the users. 211 meters were selected with the complete data
collection for this task including measurements of the grid operator operating in island territory. The pre-
pandemic dates cover from January 1, 2020, to March 23, 2020. Pandemic dates (or quarantine dates) cover
from March 24 to December 31, 2020.

A separate cluster analysis was made over the data from the two periods of time. K-means inertia on
pre-pandemic data suggests 7 clusters while for pandemic data it suggests 5 clusters. To have a better
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understanding on the changes of the different load profiles, for each cluster learned from the pre-pandemic
data, we calculated the mean load profile of the elements of the same cluster but using the pandemic data.
Therefore, we would have a direct comparison of the consumption behaviour for the same users in the two

periods of time. The results are shown in Figures 16 and 17.
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Figure 15. Sample of a commercial cluster centroid. This load profile clearly corresponds to a commercial-
night club establishment. However, only 0.5% of the cluster samples are originally categorized as
commercial users
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column: five of the seven clusters found for the pre-pandemic period. Right column: the mean load profile

corresponding to the same users in each cluster, but in the pandemic period
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Figure 16 confirms that for the first five clusters there was not a significant change in the power
demand behaviour caused by the pandemic lockdown and restrictions. Three of these unchanged clusters are
mostly composed by commercial customers, one is residential, and the other one is industrial. The clusters for
which there was some changes are all composed mostly by commercial users. Figure 17 shows two slight
trends: some flattening of the consumption curve, and some changes in at least one of the peaks of demand.
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Figure 17. Clusters of users with visible pandemic-related changes in energy consumption patterns. Left
column: two of the seven clusters found for the pre-pandemic period. Right column: the mean load profile
corresponding to the same users in each cluster, but in the pandemic period

5. CONCLUSION

In this work we presented an energy demand analysis of a new dataset of load profiles from Colombia.
Data collection was made by five grid operators and was used to perform a customer segmentation by means
of a k-means clustering. The number of clusters was explored by means of the inertia and the direct inspection
of the centroids. In this way, 40 clusters were found. The following step was a visual analysis. The objective
was to find out what are the predominant types of consumption in a population, understanding what are the
main factors that influence the form of consumption.

Climate is the first key explanatory factor for consumption. And if this is so, it means that it is
dominated using air conditioning elements. The climate consistency makes it possible to make such
conclusions. And it is much more common to use air conditioners in hot climates. In cold climates, on the other
hand, it is very unusual to use heaters. The next explanatory factor is the type of user, and in this sense the
distinction is simple: there is residential and non-residential behaviour. Non-residential users are identified by
having bell-type consumption curves that concentrate their consumption around noon. Through this exercise it
was possible to identify users classified as residential by the grid operator but who have a commercial type of
behaviour. Likewise, it was possible to identify various types of residential consumption curves, associating
some of these curves with typical behaviours of the areas where the meters were located.

This kind of analysis is useful to make an initial categorisation of new customers. Just by knowing the
climate and the type of user, a grid operator can narrow down the possibilities associated with the demand
curve. This information is also relevant to detect erroneous information registered by the operators, with respect
to the type of user. For example, as each network operator has a type of profile registered for each user, we can
compare the coincidence of the type of profile registered with the type of profile of the cluster to which it
belongs. Thus, we find that in more than 47% of the commercial clusters, most of the users are registered as
residential consumers. This anomalous behaviour is not observed in any of the residential profile clusters. In
other words, in these clusters, most users are indeed residential.

Another important aspect is to observe how the information from the AMI meters and the
characterization analysis allow us to identify the impact that large-scale events can have on energy consumption
habits. We saw this in the comparative analysis between pre-pandemic and pandemic seasons. Analysis of the
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users for whom we had records for the two time periods showed that, surprisingly, most consumption patterns
changed very little but, if they did change, there was a tendency for the consumption curve to flatten and,
therefore, a change in the magnitude of peak demand.

Overall, we show the effectivity of conducting a characterization process. We also show how this
allows for a better understanding of the users and their consumption habits. This can be the starting point for
improving the services offered to them and even initiating new business models.
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