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Abstract: The paper provides grafical presentations of different electricity consumers and their consumption patterns on the territory
of a city. The City of Užice is located in Western Serbia and has about 70,000 residents, populating both the urban and suburban zone.
The processed data, obtained from a public utility company, represent the actual energy usage during a period of 56 months. The data
set includes 1,852,388 readings for a total of 40,548 consumers, thus covering all the actual metering supply points on the territory of
the city. The visualisation provides insight into different consumer categories and groups, showing the share of each of them in the
total energy consumption, both for the entire observed period and in individual months and seasons. Moreover, the months with the
highest energy consumption are graphically presented, as well as the consumers with the highest individual readings, and those with
the highest overall consumption. Based on such visual presentations, it is easy to draw conclusions about the demand and sufficient
electricity supply during certain months of the year, quarters or longer periods of time. Furthermore, the obtained results can be used
for making different plans about the distribution of electricity, and provide the basis for further research as well. And the most
important, the results obtained in this paper will serve as a basis for future work.
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1 INTRODUCTION

We are increasingly coming across the big data concept, and encountering problems of their interpretation and
understanding. A great number of authors are conducting research on the phenomenon using data mining or machine
learning techniques, starting from hypotheses that require extensive research and the application of various algorithms in
order to be accepted or rejected.

As such data are often quite complex, and data sets themselves comprised of a huge amount of unstructured data, it
is difficult to draw conclusions based on their textual presentation. It is in such situations that data visualisation comes to
the fore. Using various diagrams and graphical presentations, seemingly unclear and often ambiguous data gain in
significance.

This paper focuses on the visualisation of an extensive data set, containing electricity meter readings taken over a
specific period of time. In order to generate such a visual presentation of the data, which would facilitate the selection of
data processing techniques and methods in further research, the paper presents the data graphically. The aim is to draw
conclusions about electricity consumers, i.e. the existing consumer categories and groups, and their share in both the total
electricity consumption and the consumption during certain months or seasons of the year. Furthermore, the same
procedure will be used to present the consumers with the highest consumption in specific months, as well as those with
the highest overall consumption during the observed period. Data processing and visualisation are performed using the
Python programming language. According to [1], Python, which suddenly gained popularity between 2000 and 2005, has
been the second most frequently used programming language in 2021.

In addition to being substantial and not providing a true image of the actual situation, the data we work with (the raw
data) can also appear in different forms and formats [2]. Data visualisation usually refers to the process of presenting data
in the form of graphs and images, thus making it possible to communicate analytic results in a visual manner, detect
potential outliers, and make proper decisions on data processing and modelling techniques [3]. Python is one of the basic
tools for the visualisation of massive amounts of data because it is both easy to use and provides numerous packages used
for generating diagrams [3-6]. Although Python is basically a general purpose programming language, which can be used
in any field, its special strength lies in its flexibility and the ease of manipulating big data [7]. Since it appeared, (since
1991, when it was published), it has been constantly developing, and now it is one of the world’s leading programming
languages [1, 8].

Electricity consumption, especially household energy usage, has been drawing increasing attention over the last
decade [9-13]. The number of papers presenting the results of research into various aspects of electricity consumption,
including the illegal one, is growing [14]. The research is mostly conducted using data mining techniques and electricity
consumption projections obtained by means of these techniques [15-23]. Special emphasis is placed on the projections of
electricity consumption in households and residential buildings [24-26]. Based on the available data, collected during a
specific period of time in a specific geographical area, the authors in [27] use neural networks to predict energy
consumption, whereas in [28] neural networks are used to classify the existing consumers.
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The main goal of this paper is to get acquainted with the target set through a graphical representation of dominant
characteristics. This will particularly affect the reduction of time of the first - preprocessing phase in future papers.

2 MATERIALS AND METHODS

The paper provides an overview of processing a specific data set. The set comprises the information on electricity
consumption on the territory of the City of Užice, for each metering supply point, over the period of 56 months. The data
were obtained from the public utility company engaged in the distribution of electricity (‘EPS’), and comprise a total of
1,852,386 meter readings. Each reading is characterised by eleven attributes, such as the:

● consumer label (instead of personal information),
● consumer category (household or non-household consumers),
● area or zone where the consumer is situated (urban or suburban zone),
● consumer group,
● observed period,
● meter readings taken at the beginning and end of each month from single-rate electricity meters,
● meter readings taken at the beginning and end of each month from dual-rate electricity meters,
● total consumption in kWh for both tariffs.
In order to make more sense and provide a clear idea of the consumption, the collected data must be properly

interpreted. Their visualisation makes this possible. However, data visualisation itself is preceded by another important
phase, and that is data preprocessing, during which data are prepared for the subsequent phases.

Raw data parsing is one of the initial phases of data processing, which includes several sub-phases, such as data
collection, storage in proper formats, cleaning, ect [2]. In this phase, the unnecessary columns are removed and only those
relevant to the generation of each individual diagram are kept. For example, the columns providing information on meter
readings taken at the beginning and end of each month are removed and replaced with a column showing the months to
which the readings refer. Also, the columns showing meter readings taken from each meter type (single-rate and dual-
rate ones) are excluded and replaced with a column showing the total consumed energy in kWh for both tariffs. Then, the
type of the data relating to some of the attributes must be changed in order to be used for the purpose of visualisation.
The entire data processing and generating of diagrams in this case is performed using the Python programming language.

The Python editor (PyCharm) itself is embedded with some basic elements without which work with a data set cannot
begin, but any more complex work requires the installation of packages and add-ons that are not included in the basic
version of the editor. Several packages are used for data processing and visualisation in this research, such as: numpy,
pandas, matplotlib and seaborn. Each of them enables data manipulation, i.e. generating diagrams with specific
characteristics.

As the target data set can be viewed from different aspects, several different diagrams can be generated according to
different criteria. The y-axis of the diagrams shows electricity consumption in kWh (kilowatt-hours) or the number of
readings taken in the given period of time, whereas the x-axis shows the months (the observed period), consumer groups
and categories.

Entire data processing and visualization were performed using the Python programming language.

3 RESULT AND DISCUSSION

Based on the information included in the target data set, the following subchapters provide visual presentations of
electricity consumers and their consumption during the observed period in the form of bar charts, pie charts and line
graphs. Some of the diagrams show readings and the total electricity consumption during the observed period for all
existing consumer categories and groups, whereas some present a specific category, group or period of time.

3.1 Consumption overview - criterion: months of the year

Taking the whole data set into consideration, a diagram showing all existing consumers and their monthly
consumption during the entire observed period can be generated. In the diagram below (Figure 1), each column represents
the total consumption in the given month of the observed period. The months are shown on the x-axis, whereas the y-axis
represents the electricity consumption in kWh. The information on the exact consumption in kWh is given above each
column.

Figure 1 shows relatively small deviations in the consumption for the most part of the year. The highest consumption
was recorded in March (the red bar - 115,625,058 kWh), and the lowest total consumption was recorded in September
(the cyan bar - 74,057,810 kWh).
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Figure 1: The presentation of the total consumption and number on a monthly basis during the entire observed period

In a similar way, the number of readings in each of the twelve months can be analysed and compared (Figure 1- the
numbers in blue at the bottom of each bar). The number varies reaching a peak in August (169,749 readings for a total of
40,854 consumers). The number of readings was the lowest in September. The variation in the number of consumers is
the consequence of connecting new meters to the network during the observed period, and disconnecting some of the
existing meters, mostly in abandoned rural households. The sudden drop that can be noticed after August results from the
fact that the data set does not contain information for the subsequent months.

3.2. Consumption overview – criterion: summer and winter months

It is easy to assume that the seasons of the year also play an important role in electricity consumption. Figure 2
provides an overview of the consumption and number of readings in each winter and summer month of the observed
period for all the existing consumers and readings taken. The winter months (November through March) are marked in
cyan, and the summer ones (April through October) in orange. The graph below (Figure 2) shows, more precisely than
the above-given one, that the highest consumption in the winter months was recorded in March 2018 (30,008,798 kWh),
and the lowest in February 2014 (13,766,575 kWh), i.e. at the very beginning of the observed period. The total
consumption in all winter months is 604,134,359 kWh. As for the summer months, the highest consumption was recorded
in May 2018 (24,132,095 kWh) and the lowest in June 2014 (11,454,449 kWh). The total electricity consumption in the
summer months was 564,022,349 kWh.

Taking into account the number of consumers during the observed period (Figure 2 – the numbers in black at the
bottom of each bar), with regards to the winter months, the lowest number was recorded in January 2014 (the first month
in the observed period, with 25,939 consumers), and the highest in March 2018, i.e. the last winter month of the given
period, with 38,697 consumers). As for the summer months, the lowest number of consumers was recorded in April 2014
(26,940) and the highest in August 2018 (the last month of the observed period, with 40,584 consumers). Generally
speaking, there was a growing trend in the number of consumers during the observed period.

Figure 2: An overview of the consumption add the number of consumers in each month of the observed period
(summer and winter months)
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3.3. Consumption overview – criterion: months with the highest and lowest energy consumption

The above-given Figure 2 shows that the highest consumption was recorded in March 2018, and the lowest in June
2014. By generating the diagrams for these specific months, the representation as shown in the following figure is obtained
(Figure 3a and 3b).

Figure 3: An overview of the consumption and number of readings in a) March 2018 and b) June 2014

The x-axis on Figure 3 shows different groups of existing consumers on the given territory in the given months, and
the y-axis represents their consumption, i.e. the number of readings in these months.
Figure 3 shows that the consumer group labeled Large-scale consumption - dual-rate electricity meter had the highest
consumption both in March 2018 and June 2014. With regadrs to this consumer group, the same can be said about the
number of readings, though that is not the case with other groups. Some of the groups with the lowest number of readings
actually had rather high consumption and vice versa. In both observed months, the group labeled High voltage 110KV,
which includes only two, i.e. one consumer, had the second highest consumption.

3.4. Consumption overview – criterion: consumer category and months

The graphs provided in the previous subchapter (Figure 3a and 3b) shows that there are several different consumer groups.
A closer look at the data set shows that there are two basic consumer categories: household and non-household ones. In
order to make consumption monitoring easier, the following graph (Figure 4a) provides a comparative overview of the
consumption in each month (shown on the x-axis), during the entire observed period, but this time the consumer category
itself serves as the visualisation crtierion (the red bars represent household, and the blue ones represent non-household
consumers).



Figure 4: a ) A comparative overview of the consumption in each month b) – An overview of the number of readings
and consumption per consumer category

According to Figure 4a, it can be concluded that higher consumption was recorded with non-household consumers.
However, household consumers’ energy usage was significantly higher in January, and the situation was similar in
February and December. This ‘phenomenon’ could be explained by the fact that the winter months are also the coldest
months of the year in this region. Therefore, the amount of consumed energy is highly dependent on the fact that many
households use electricity for heating.
As for consumer categories, taking into account two basic ones - household and non-household consumers - the
distribution of the total number of consumers and total consumption based on these categories can also be visualised for
the entire observed period (Figure 4b). The pie chart (Figure 4b) clearly shows that there were much more readings in the
household category (1,712,083) than in the non-household one (only 140,303 readings). In percentages, the ratio between
the two categories is 92.4%:7.6%. However, taking the consumption in kWh into consideration, quite unexpected results
are obtained. The total consumption of all household consumers was 566,034,243 kWh, whereas the consumption of non-
household ones was 584,122,361 kWh, the difference between the two being 18,088,118 kWh, in favor of the non-
household category, which had an incomparably lower number of readings. The analysis of both ways of data visualisation
(an overview of the consumption in kWh and in percentages) indicates that, in order to draw proper conclusions, it is
necessary to communicate the results using their absolute values.
Table 1 shows the consumption and number of readings once again, but this time using consumer categories as the
criterion (the household and non-household category respectively), as well as consumer groups identified within these
categories. It can be seen that the household category comprises only two groups: Large-scale consumption - dual-rate
electricity meter and Large-scale consumption - single-rate electricity meter, whereas a significantly higher number of
consumers, i.e. 70.5% (or 1,207,173 precisely) possess dual-rate electricity meters. The remaining 29.5% possess single-
rate electricity meters. Such a ratio is clearly reflected in the electricity consumption by these two groups: 82.9% of the
total consumption by household consumers was measured using dual-rate electricity meters, and 17.1% using single-rate
electricity meters.
Unlike the household category, the non-household consumers comprise eight different consumer groups: Large-scale
consumption - single-rate, Large-scale consumption - dual-rate, Low voltage, Low voltage – self-consumption, Public
lighting, Medium voltage 10 KV, Medium voltage 10 KV – self-consumption and High voltage 110 KV. According to
the column which shows the number of consumers in each consumer group of this category, the lowest total number of
readings, i.e. only 12, relate to the group labeled Medium voltage 10 KV - self-consumption, which is immediately
followed by the Low voltage - self –consumption group, with only 55 readings, and High voltage 110 KV group with 99
readings, etc. Again, (as in Figure 3), the comparison between the number of readings and the consumption shows that
the total consumption of non-household consumers and the number of readings do not increase proportionally, as is the
case with the household category. On the contrary, the most numerous groups had a relatively low total consumption in
kWh, whereas the highest consumption by far was recorded in the group labeled High voltage 110 KV (the non-household
category).

Table 1: The comparison of different groups' consumption and number of readings – by category

Consumer category Consumer group
Consumption in kWh (sum

for all readings)
NO of readings

Household
Large-scale cons. - dual-rate 469,379,269 1,207,173

Large-scale cons. - single-rate 96,655,009 504,911

Non-household

Large-scale cons. - dual-rate 34,238,924 55,720

Large-scale cons. - single-rate 32,965,328 65,760

High voltage 110 KV 339,395,869 99

Low voltage 84,250,447 14,192

Low voltage – self-cons 443,738 55



6

Medium volt. 10KV - self-cons. 617 12

Medium voltage 10KV 76,361,483 615

Public lighting 16,466,024 6,851

3.5. Consumption overview – criterion: category and consumer groups in months with highest and lowest
consumption

Since we know that there are two main categories and several groups of consumers, we can generate graphs for the months
with the highest and lowest overall consumption in order to determine the share of individual consumer groups in the
total electricity consumption during these specific months. The graphical presentations are given in Figure 5.
Figure 5a and 5b provide an overview of the consumption and the number of readings in the household and non-household
category respectively in March 2018, which proved to be the month with the highest total electricity consumption.
The household category comprises two consumer groups: Large-scale consumption - dual-rate electricity meter and
Large-scale consumption - single-rate electricity meter (Figure 5a). The first group has a significantly higher share both
in the number of readings and the total household consumption. As for non-household consumers (Figure 5b), consumers
belonging to the High voltage 110 KV group had the highest consumption even though there were only two of them on
the entire territory in this specific month.

Figure 5: An overview of the consumption and number of readings: a) the household category in March 2018; b) the
household category in June 2014; c) the non-household category in March 2018 and d) the non-household category in

June 2014

Figure 5c and 5d shows the consumption and number of readings in the household and non-household category
respectively, but this time in June 2014, in which the lowest consumption during the entire observed period was recorded.
Again, in the household category, consumers with dual-rate electricity meters had both much higher consumption and
number of readings, whereas in the non-household category, the highest consumption again was recorded in the High
voltage 110 KV group, which included only one consumer in the given month.
If, in each of the two main categories (household and non-household), we were to single out the consumers with the
highest consumption on a monthly basis from the entire data set, then in the household category, it would be the consumer
labeled ’CONSUMER_14651’, in January 2016, with the consumption of 31,345 kWh. The consumer is located in the
urban zone, belongs to the Large-scale consumption group, and owns a dual-rate electricity meter. As for non-household
consumers, the highest consumption was achieved by the consumer labeled ’CONSUMER_39385’, in March 2018, and
it was 4,762,586 kWh. The consumer belongs to the High voltage 110 KV group.
If we visualise the consumption of these two consumers during the entire observed period, we get the graphs as shown in
Figure 6a and 6b.
The consumption by the consumer labeled ’CONSUMER_14651’ (Figure 6a, red line) was monitored from September
2014 until the end of the observed period, whereas monitoring of the consumption by the non-household consumer labeled
’CONSUMER_39385’ (Figure 6b, red line) started in February 2015. Both consumers had no readings taken during the



last month. With regards to the consumer labeled ’CONSUMER_14651’, the reason for such high consumption in a single
month may be the fact that there was no consumption recorded in the period preceding this reading, i.e. for some reason,
meter readings could not be taken for a period of a whole year (from January 2015 to January 2016).
Taking this into account, it can be assumed that these consumers, despite having the highest individual consumption in a
single month, are not necessarily the consumers with the highest total consumption during the entire observed period.
Grin line on Figure 6a and 6b provide an overview of the consumption by the consumers who achieved the highest total
consumption in all months (in the household and non-household category, respectively). In the household category, it is
the consumer labeled ’CONSUMER_28505’, with the total consumption of 270,566 kWh, and in the non-household
category, it is the consumer labeled ’CONSUMER_39386’, with much higher total consumption, which equals
176,753,825 kWh. Owing to the possibility of visualisation, the increase and decrease in the consumption during the
observed period can be clearly seen, as well as the months in which these consumers had the highest and lowest
consumption.

Figure 6: The consumers with the highest consumption in the entire observed period and in a single month –

a) the household category and b) the non-household category

4 CONCLUSIONS

The analysis of a data set providing information on electricity meter readings in the City of Užice poses a number of
questions, which can be answered owing to data visualisation:
As for the months, the highest total consumption on a monthly basis was recorded in March, whereas the lowest
consumption was recorded in September. As for the number of consumers (taken readings) on a monthly basis, the number
was the highest in August, and the lowest in September.
Several important consumer groups and categories are identified on this territory, but two basic categories include
household and non-household consumers. Household consumers actually represent the category with the lowest
consumption per metering supply point, whereas the non-household category comprises all metering supply points in
companies and enterprises, which are generally big energy users.



The graphs show that, in the household consumer category, there are only two subgroups of meters: Large-scale
consumption - single-rate and Large-scale consumption - dual-rate electricity meter, whereas, in addition to these two
groups, the non-household consumer category includes six more groups, and they are: Low voltage, Low voltage - self-
consumption, Public lighting, Medium voltage 10 KV, Medium voltage 10 KV - self-consumption, High voltage 110 KV.
As for the number of consumers, much more consumers belong to the household category. However, talking about the
total amount of consumed energy, the consumption by non-household consumers was higher.
In the household category, the consumer group labeled Large-scale consumption - dual-rate electricity meter achieved
higher total consumption. In the non-household category, these figures do not change proportionally. It turned out that
the smallest consumer group actually had much higher consumption than any other group (High voltage 110 KV).
With regards to the consumption by each individual consumer, the consumer with the highest consumption in a single
month actually was not the consumer with the highest total consumption during the observed period.
Based on the results presented in this paper, the basic consumer groups in terms of electricity consumption, and the
categories to which they belong can be identified. Such findings can facilitate the selection of techniques and
methodologies for future research. According to the obtained results, it is clear that some consumer groups might be
outliers when viewed globally, with other consumers, both because of being small in size and because of their enormous
consumption.
This paper is the first in a series of papers that will address the issue of forecasting electricity consumption on a monthly
basis using machine learning techniques, so the presentations from this will be useful in future papers.
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