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Abstract: The present study aims to develop a methodology for the analysis of variations of electric 

consumption. The proposed methodology is tested using the data of a population located in Austin, Texas and is 

composed by 213 households in which electric consumption data was collected, by means of smart meters, 

provided by Pecan Street. The analysis of the database was carried out in three stages including: the creation 

consumption variation profiles, the segmentation of all existing profiles in a year and the consequent creation of 

annual patterns of variation of consumption, being possible to segment consumers by patterns. The creation of 

consumption variation profiles is an important point since it allows the identification of identical consumption 

behaviour changes in consumers with different consumption profiles. Following the proposed methodology, 

variation patterns were created. These patterns characterize the households according to the variations of 

consumption over a year. With only four patterns it was possible to characterize the consumption of 64% of the 

population, and the remaining 36% were characterized by 25 patterns. At the end of the study it was possible to 

associate two of the patterns with household characteristics inferred from the responses to the surveys. Pattern B 

is associated with the presence of an elderly person in the household, and Pattern C to the presence of at least 

one person at home on weekdays. 

Keywords: Smart metering data, consumer segmentation, consumption variation, consumer characteristics analysis 

 – Introduction   

 Energy Consumption 

Nowadays, the great energetic dependence of the 

society is satisfied using diverse sources of energy. 

By 2014, 73% of all final energy consumed in the world 

came from three sources: liquid fuels derived from 

petroleum; natural gas; electricity. The large oil 

consumption, 39.9% of the world's final energy, results 

from the current society's need to transport people and 

goods across the globe, coupled with the fact that almost 

all means of transportation need these fossil fuels. 

Transport uses about 65% of all final energy from oil [2]. 

It should be noted that electricity consumption, as in 

recent decades, has the highest growth worldwide when 

compared to other final energy sources [1]. 

According to the 'Key World Energy Statistics, 2016' 

report, over the last four decades’ world consumption of 

electricity has grown by approximately 400% [2]. 

In the European Union the final energy consumption 

has been decreasing, and between 2005 and 2014 

consumption decreased by 11%. During this period 

electricity consumption was reduced by 2.8% while 

consumption of natural gas and oil-derived fuels decreased 

by 18.6% and 16.1% respectively. It should be noted that 

electricity use fell by 2.8% while all primary energy used in 

the same period was reduced by 11%, mainly due to the 

economic slowdown and energy savings in certain 

countries [3]. 

Given the environmental consequences associated 

with the combustion of fossil fuels, several governments 

have implemented measures aimed at reducing the 

consumption of fossil fuels. Incentives for the purchase of 

electric vehicles are one of the most recurrent measures 

aimed at minimizing emissions of polluting gases, reducing 

the consumption of diesel and gasoline and increasing the 

use of electricity [5]. Since electricity can be obtained from 

renewable energy sources, it is an energy with potential to 

lower the global emissions of greenhouse gases. 

 Smart Grid 

In order to maximize electricity from renewable 

sources, ensure network security and reliability, increase 

efficiency levels, allow the integration of the electric car, 

increase the synchronism between producers and 

consumers, it is necessary to evolve the electric network to 

a concept called smart grid. 

In order to meet the above points, a smart grid 

incorporates new products and services with intelligent 

monitoring, communication and control technologies 

dispersed throughout the system [6]. To monitor and report 

consumptions and events of network subsystems, smart 

meters have been extensively installed in some European 

electricity networks, notably in Finland, Sweden and Italy 

where in 2014 collectively operated about 45 million smart 

meters [7]. These devices are one of the most important 

components in a smart grid. They are mainly characterized 

by digital measurement and recording of electricity 

consumption and bidirectional communication capacity. 

The combination of these features allows electricity 

distributors: to reduce costs of reading, activating, 

switching and disabling the supply; The creation of 

Demand Side Management (DSM) programs with variable 

tariffs; Improve the management of peak loads in the 

various components of the network. A smart meter also 
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brings advantages to the final consumer in the forms of: 

monthly billing regarding actual consumption; Visualization 

of the consumption profile and better management of 

consumption during peak hours [8]. 

Considering that smart meters record high-energy 

electrical consumption compared to traditional meter 

readings a few times a year, various data processing 

methods have been applied for the purpose of extracting 

knowledge from detailed consumption profiles. With regard 

to domestic consumers, which in the European Union 

accounted for 29% of total electricity consumption in 2014 

[4], the information obtained from the consumption profiles 

enables electricity marketers to address personalized 

marketing and energy efficiency campaigns to certain 

groups of consumers. Customers, improve the internal 

tools for forecasting consumption and, among others, 

predict the impact of new technologies, namely electric 

cars, photovoltaic solar panels and or local energy storage. 

Data collected in test programs with smart meters 

have allowed, around the world, several studies by the 

scientific community. In J.L. Viegas et al. [9], clustering, 

feature selection, and classification techniques are applied 

to data composed of time-consuming consumption profiles 

(from smart meters) and consumer characteristics 

collected through survey, in order to develop a new 

customer classifier. For the same purpose, in Ramos et al. 

[10] several clustering algorithms were applied in order to 

create characteristic profiles of consumer groups. From the 

profiles were extracted features to which a set of rules were 

applied, thus creating an automatic sorter of consumers. 

In Beckel et al. (2014) [11] and [12], detailed 

consumption profiles recorded by smart meters are 

analyzed in order to identify consumer characteristics, 

such as income level, children's existence, housing size, 

type of lighting, etc. The ability to derive some of these 

characteristics from consumer data significantly simplifies 

the information acquisition process that electricity 

marketers need in order to improve their services, whether 

in tariff planning, marketing campaigns or energy 

efficiency. 

 – Base de Dados, Pré-
processamento e Transformações 

 Data Base of electrical consumption of Pecan 

Street 

All analyzes in this work are applied to a database 

made available free for academic purposes by the 

research and development organization Pecan Street [19]. 

From the various databases provided by the organization, 

electric consumption data with hourly resolution and 

answers to surveys collected from hundreds of residences 

in Austin Texas in the United States were used.  

Pre-processing of data allows us to deal with the lack 

of precision in measurements, incomplete records and 

inconsistencies found in a large part of the current 

databases, due to their enormous scales, diverse sources 

of acquisition and respective problems. Regarding the 

database under analysis, once the data were collected by 

smart meters, it is assumed that the quality of the data is 

good as regards the accuracy of the measurements. 

However, there are many incomplete records that have 

forced the exclusion of some residences. The 

inconsistencies present due to the time shift in the summer 

were corrected with linear interpolation in the month of 

March and exclusion of the overtime in November. 

Considering for study, 213 consumers that in 2014 and 

2015 had the electrical consumption recorded of 99% of 

the time. After the selection of the data, the missing 

elements were filled by means of linear interpolations. This 

methodology of data preprocessing was implemented in 

[18]. 

 Consumption Profiles 

Consumption profile is the set of data that 

characterizes the electrical consumption of one or more 

consumers. Profiles will be used with hourly sampling and 

daily dimension. Since residential electricity consumption 

changes significantly between weekdays and weekends, 

the profiles analysed throughout the work do not include 

weekends. Based on the assumptions that users have 

constant habits throughout the month (Figure 2-1) and that 

little change throughout the seasons, the characteristic 

consumption profiles are defined from the average of all 

the records contained in these time spaces. 

The example in Figure 2-1 shows in strong line the 

daily profile of a consumer in January, composed by the 

average of the daily consumptions represented by fine line. 

 
Figure 2-1: Example of a consume profile (monthly average) 

 Profiles Normalization  

The normalization of profiles is an indispensable step 

for similar consumer dynamics to be identified as such, 

using clustering techniques, even though the total energy 

consumption varies among consumers. If no type of 

transformation is performed on the profiles, clustering 

algorithms based on distances between elements 

inevitably tend to group users by consumption quantity. 

The transformation chosen from different methods to 

normalize the daily profiles is then presented. 
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Figure 2-2: Examples of daily profiles not normalized  

 

2.3.1. Average 

The average transformation results from the ratio 

between the profile and its average. The profiles are not 

limited, they have unit average and its dynamics are 

adjusted taking into account the consumption. 

With the application of this transformation, constant 

profiles show few variations around unit consumption. 

Another important feature of this process is the emphasis 

given to profiles that do not consume electricity evenly 

throughout the day. As can be seen from profile C in Figure 

2-3, this transformation highlights the peak consumption of 

this user compared to the rest because much of the daily 

consumption is between 20h00 and 22h00. Since the 

original profile is divided by its average value, a normalized 

consumption of four units (as happened in profile C), 

means that the user during this period requested four times 

more power from the network than if he consumed 

electricity evenly throughout the day. 

 
Figure 2-3: Example of normalized daily profiles by the average 

 

2.3.2. Normalization selection 

Since consumer clustering is an unsupervised 

segmentation, as there is no absolute truth about each 

consumer's belonging to a certain group, if the 

normalization process highlights certain characteristics of 

the profile, it can introduce trends in the clustering 

processes. 

The profiles have a unit average and the difference 

between consumption peaks are the most significant 

reasons in the choice of normalization by the average 

throughout the work instead of other types of 

normalization. 

 

2.3.3. Normalization Implementation 

Once chosen the normalization to be applied, it is 

necessary to define the mode of implementation. This need 

arises from the fact that many of the subsequent analyzes 

use representative profiles of a consumer over a given 

period of time, monthly or quarterly. A monthly profile of 

normalized daily consumption can be obtained by 

calculating the average of the normalized daily profiles or 

normalizing the average of the daily profiles. The diagram 

presented in Figure 2-4 shows these two implementations. 

The normalization of the average of the daily profiles 

allows, by means of the final profile and to the total 

consumption of electricity of the user, to calculate the 

average profile of absolute consumption, in other words, it 

is possible to obtain averages of the daily consumptions of 

the time interval considered. This characteristic is not 

present in the implementation by the average of the 

normalized profiles, since each daily profile is normalized 

taking into account the consumption of that day. Therefore, 

the normalization of the average of the daily profiles was 

chosen. 

 

Figure 2-4: Diagram of the analysis of the implemented 
normalization processes 

 Variation profile 

Since the objective of this work is to analyse the 

electric consumptions taking into account their variations, 

it is necessary to transform the consumption profiles into 

variations. 

The variation profiles are calculated from the 

difference between two consecutive consumption profiles. 

Not being consumption profiles, these can have positive 

and negative values. The positive values of the variation 

profile correspond to increases in consumption compared 

to the previous month. Negative values indicate a decrease 
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in the amount consumed. A diagram of the variation profile 

calculation is shown in the diagram in Figure 2-5. 

 
Figure 2-5: Scheme of the calculation of the variation profile  

 

 – Algorithms   

 Clustering 

Clustering methods have the purpose of dividing a set 

of objects into smaller groups that have similar 

characteristics. Since an object can be defined by several 

variables, there are several ways to group them according 

to its similarities. Consequently, several clustering 

algorithms have been developed presenting differences 

regarding the definition of similarity. Being a fundamental 

analysis in the segmentation of customers through their 

consumption patterns, several clustering algorithms have 

been implemented in the literature. Given its simplicity and 

efficiency, the k-means algorithm is used systematically in 

the segmentation of profiles being the algorithm chosen in 

the references [9, 10]. 

 

3.1.1. K-means 

The k-means clustering method [13] aims to 

decompose a set of objects into a number of groups. The 

implementation of the method is translated into an iterative 

algorithm whose first step establishes k random vectors in 

a space with a dimension d, where k is the number of 

groups and d the dimension of the objects to be grouped. 

Assuming the k vectors as centroids of groups, each object 

is inserted into the nearest group. After allocating all the 

objects to their groups, the centroids are updated. From 

this point, the algorithm recalculates the distances between 

the objects and centroids of the groups, associates to each 

object the closest group and updates the centroids of the 

new groups. The groups are defined when the algorithm 

reaches a predefined number of iterations or the groups do 

not show any alteration. 

The execution of the algorithm presupposes the 

knowledge of the k number of groups. 

 Validation Indexes 

The evaluation of the results of a clustering process is 

not trivial. A recurring assessment technique of the groups 

consists of the analyst's knowledge and expectations 

regarding the problem with the support of internal 

validation algorithms. Contrary to external validation, which 

compares clustering results with known "true" information, 

internal validation uses only information contained in 

groups to calculate degrees of separation or proximity 

between different groups. When the number of groups is 

not a priorly known, calculating internal validation indexes 

for different numbers of groups can provide important 

relationships relating internal similarities to the number of 

groups. 

Since different validation indices quantify different 

criteria, the application of varied indexes makes the 

validation more robust. From the several existing indexes, 

in this work four are used, that are repeatedly applied in the 

literature [9] [10] [12] [14]. 

3.2.1. Silhouette 

The silhouette index [15] is calculated taking into 

account the cohesion between an object and the group to 

which it belongs and the separation of the object from the 

groups to which it does not belong. Cohesion, a(i), is 

evaluated by the mean of the distances between object i 

and the remaining elements of the group to which it 

belongs. Separation, b(i), is defined by the mean distance 

between object i and the nearest group, excluding the 

group which it is part of. With these two metrics the 

silhouette index s(i) is calculated by: 

𝑠(𝑖) = {

1 − 𝑎(𝑖)/𝑏(𝑖), 𝑖𝑓 𝑎(𝑖) < 𝑏(𝑖)

0, 𝑖𝑓 𝑎(𝑖) = 𝑏(𝑖)

𝑏(𝑖)/𝑎(𝑖) − 1, 𝑖𝑓 𝑎(𝑖) > 𝑏(𝑖)
 

Some considerations can be drawn from the analysis 

of the function s(i): 

 s(i) is a limited function between -1 and 1. 

 When an object is close to the remaining elements of 

the group to which it belongs, but away from the 

closest group to a(i) << b(i), s (i) approaches to one of 

them. Which means that the object has strong 

possibilities of being correctly grouped. 

 Values of s(i) close to zero indicate similar distances 

between the object, the nearest group and the group 

in which it is inserted. In these circumstances the 

object has as much affinity with the group that is 

inserted as the closest group, indicating weak 

separation between groups. 

 If the value of s(i) tends to -1, the object was probably 

included in the wrong group since its affinity with the 

nearest group is much larger than the distance to the 

own group b(i) << a(i). 

It is important to take into account that the silhouette 

index is more representative for groups dispersed in space 

but internally compact. The above assumptions are not 

necessarily valid with other data types. 
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3.2.2. Davies-Bouldin 

The Davies-Bouldin index [16] is defined taking into 

account the dispersion of the elements of each group and 

the distances between groups. 

Considering 𝑑�̅� the average distance between each 

element of the group i and the centroid of group i, 𝑑�̅� the 

average distance between each element of group j and its 

centroid, 𝑑𝑖,𝑗  the Euclidean distance between the centroids 

of groups i and j, and k the number of groups under 

analysis, the Davies-Bouldin DB index can be written as 

follows: 

𝐷𝐵 =
1

𝑘
∑ max𝑗≠𝑖  {𝐷𝑖,𝑗}𝑘

𝑖=1 ,       𝐷𝑖,𝑗 =
(𝑑𝑖̅̅ ̅+𝑑𝑗̅̅̅̅ )

𝑑𝑖,𝑗
 

As a consequence of the DB index being dependent 

on the maximum value of 𝐷𝑖,𝑗 and, since this represents the 

worst case scenario of similarity within the groups and 

distance between groups, the decrease of the DB value 

translates better defined groups. 

 

3.2.3. Dunn 

The Dunn index [17], like the Silhouette and Davies-

Bouldin validation indices, is derived from two measures, 

internal and external distances of the groups. Being 

defined by: 

𝐷𝐼𝑚 =
min𝑙≤𝑖<𝑗≤𝑚 𝛿 (𝐶𝑖 , 𝐶𝑗)

max1≤𝑘≤𝑚 ∆𝑘

 

Where 𝛿(𝐶𝑖 , 𝐶𝑗) represents the distance between 

groups, and ∆𝑘 is a distance measure between elements 

of the same group, such as the maximum distance 

between two elements. Since the numerator of the Dunn 

index is the minimum distance between groups and the 

denominator refers to the internal properties of the groups, 

higher values of the index represent a better distribution of 

the elements by groups. It should be noted that if in a data 

set a group is poorly formed, the index will have low values, 

even if the remaining groups are well defined, since in the 

DI calculation only the extreme values (maximum and 

minimum) are used. 

 

 

 

 

 

 

 

 

 

 

 – Analysis and Results 

 Data analysis of electrical consumption  

With this initial data analysis, we intend to organize 

and visualize the data in order to see if the energy 

consumption changes over time. The aim is to explore the 

relationships between annual variations in total 

consumption and daily profile variations. The adopted 

approach follows a refinement of data, that is, the data are 

interpreted starting from larger sampling times (average 

consumptions of the entire population throughout the year) 

to some examples of daily profiles of households with 

particularities highlighted throughout the exploration. 

Analyzing first the average consumption of electricity, 

the study population presents an annual cycle, increasing 

consumption in the summer months as can be seen in the 

graph of Figure 4-1. Figure 4-1 corresponds to the average 

hourly consumption of each month of 2014 and 2015 of all 

213 consumers. That is, the value of 1 kWh on the graphic 

for the months of January 2014 and 2015 means that on 

average each of the 213 households consumed 1 kWh of 

energy during all hours of the working days of January. 

This scale is used to facilitate reading between graphs 

such as that of Figure 4-2. 

 
Figure 4-1: Average Consumption per hour of all 2014 and 2015 

months (average of all households)  

 

The existence of a variation in the amount of electricity 

does not imply that the daily consumption profile also 

varies. For example, if the increase is a consequence of 

the higher consumption of a refrigerator in the summer 

months in order to keep the temperature constant therein, 

and since the consumption of the refrigerator is distributed 

almost evenly throughout the day, then the profile may not 

change. On the contrary, if the increase in consumption is 

due to the use of air conditioning systems, when they are 

switched on during the hottest hours of the day, they cause 

changes in the daily profile. 

When exploring the graph of Figure 4-2, where the 

average daily profile of the 213 residences is represented 

for all the months of 2014, it is evident the change of profile 

during the months of June, July, August and September. 

These changes in the profile are not particular of the year 

2014 and happen in phase with the cycle of increase of the 

average consumption above represented. 
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Figure 4-2: Daily profile of all 2014 months (average of all 

households)  

 

The existence of natural changes in the daily profile of 

consumption over the months (Figure 4-2) creates 

difficulties in the analysis of the profiles regarding their 

variation. A consumer with a certain profile at the beginning 

of the year will most likely not be identified with the same 

profile throughout the year. This variation can be 

characteristic of the consumer if analyzed on an annual 

time scale. In case the user changes consumption in the 

same way year after year, this variation does not represent 

a change in their behavior. 

Taking into account the existence of an annual cycle, 

the detection of behavioral changes using direct 

comparison between profiles is only possible between the 

same months of different years. Thus, the relationship 

between annual variations in the amount of energy 

consumed monthly by a residence and the annual 

variations between monthly daily profiles. 

For each residence, the parameters "Monthly 

consumption variation" and "Daily profile variation" were 

calculated and the graph of Figure 4-3 was plotted where 

each point represents a residence. The "Monthly 

Consumption Variation" is the sum of the absolute values 

of the monthly consumption variation of all months 

between 2014 and 2015. The "Daily Profile Variation" is the 

sum of the absolute values of the variations between the 

daily profiles of all the months between 2014 And 2015. 

 
Figure 4-3: Daily profile variation vs Monthly Consumption 

variation 

Looking at Figure 4-3 we can clearly distinguish: the 

great majority of consumers, grouped near the beginning 

of the referential with low variations of the daily profile and 

monthly consumption; of the users more dispersed by the 

graph. Four residences with red, yellow, green and purple 

colors were highlighted in the chart. These residences 

were chosen, given their positions delimiting the graph, for 

a more refined analysis. 

 

4.1.1. Consumer with the lowest daily 
profile variation 

 
Figure 4-4: - Daily profiles 2014 and 2015 (household with the 

least variation) 

 

The residence marked in red stands out for its 

invariability. As can be seen in Figure 4-4, although the 

daily profile changes over the course of 2014, this variation 

is characteristic of the household since in 2015 it follows 

practically the same patterns of consumption throughout 

the year. Of the 213 households, this one presents the 

lowest "daily profile variation" (Figure 4-3) and 

consequently one of the lowest values of "monthly 

consumption variation". The similarity of the consumption 

of 2014 with the one of 2015 is remarkable, considering the 

fact that the peak hours are so well aligned both in the hour 

as in the magnitude of the consumption. 

 

4.1.2. Consumer with the highest variation 
of the monthly consumption  

 
Figure 4-5: Daily Profiles 2014 and 2015. (household with the 

highest variation of the monthly consumption)  

 

At the far right of the graph (Figure 4-3) is the 

residence with the highest variation of monthly 

consumption. Observing the months of January, March 

and April in Figure 4-5 and in greater detail the month of 

February in Figure 4-6 b), the similarities between the 

profiles between 2014 and 2015 are notorious if the 

average consumption of electricity is not considered. This 

household is one of the cases where there is an increase 

in consumption without a change in the dynamics of 

consumption. 

     
(a) (b) 

Figure 4-6: a) Average Consumption; b) Daily Profile - February 
(household with the highest variation of the monthly 

consumption)  
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The increase in consumption present at this residence 

appears to begin sometime in the months of September or 

October 2014, extending through August of the following 

year (Figure 4-6 (a)). As the increase in the consumption is 

constant, as Figure 4-6 shows, the cause of this change 

may be a cooling system with some insulation anomaly, for 

example a refrigerator with poorly sealed door, leading to 

an extra and continuous consumption of energy. 

From the point of view of the evaluation of change of 

dynamics of the daily profile, using a normalization of the 

profiles, it is possible to disregard the average 

consumption and to identify the profiles as similar. 

 

 Profile and Temperature Variation 

The existence of a relation between the average 

consumption of electricity and the temperature does not 

impose a correspondence between variations of 

temperature and changes in the dynamics of consumption. 

Thus, in order to study the correlation between 

temperature variations and changes in consumption 

behavior, the variation profiles were divided into three 

groups. 

In the first group, all the consumption variations were 

grouped for months in which the decrease in temperature, 

relative to the previous month, was higher than 2ºC (Figure 

4-7 a)). 

Variations whose months did not show temperature 

variations higher than 2ºC were collected in the second 

graph (Figure 4-7 b)). In graph c) all other variations 

belonging to months with temperature increases above 2ºC 

were grouped. 

 
Figure 4-7: Average of the profiles with monthly normalized 

consumption as function of the temperature variation of each 
month  

 

The existence of patterns in graphs a) b) and c) of 

Figure 4-7 shows a correlation between temperature 

variations and change in consumption dynamics. In the 

months when the temperature is little changed (Figure 4-7 

b)), the consumption profiles also do not change, causing 

the consumption variation to be approximately zero. 

 Segmentation analysis of the variation 

profiles  

With this segmentation it is intended to group similar 

variations, thus reducing the large number of distinct 

consumption changes, without losing much information 

about the most predominant variations. 

In this way, the variation profiles corresponding to all 

the changes of season of the year were grouped, and to 

this new set, the k-means algorithm was applied. 

The k-means clustering algorithm in addition to the 

data to be grouped requires the number of groups in which 

the elements are to be divided. In the case under study, the 

data to be grouped is well defined, with 852 objects 

corresponding to the consumption variations of the 4 

station changes of the 213 residences. However, there is 

neither information nor constraint as to the number of 

groups to consider. Thus, validation indices using 

dispersion and cohesion measures are used respectively 

between groups and within each group, together with 

critical evaluation of the results to define the number of 

groups appropriate to the problem being studied. 

The calculation of the validation indexes was limited to 

12 groups. The value was chosen arbitrarily considering 

that the indexes no longer evolve significantly before the 

12 groups and in the literature it is not common to segment 

in more than 4 or 5 groups. 

 

 
Figure 4-8: ‘Silhouette’, ‘Davies-Bouldin’ and ‘Dunn’ Indexes from 

2 to 12 groups. 

 

According to the validation indices in Figure 4-8, and 

considering that the 'Davies-Bouldin' and 'Dunn' algorithms 

tend to zero and 'Silhouette' to one, when the dispersion 

between groups and the cohesion of each group increase, 

the number of groups that best differentiates the profiles is 

two. 

 

4.3.1. Two groups 

Although only two groups seem to be insufficient to 

describe the consumption variations of the 213 households 

throughout the year, which is the best evaluation of the 

three validation indexes, it was decided to analyze the 

profiles belonging to each of the two groups along with the 

average profile. Figure 4-9 shows them graphically 

At the bottom of the figure, to complement the profiles, 

the number of residences belonging to each group in each 

of the four station changes is exposed in the bar charts. 
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Figure 4-9: Graphs of the two groups elements and segmentation 

of each group by change of season 

 

Comparing the formats of the average profiles of 

groups 1 and 2 it is verified that the clustering algorithm 

separated the profiles mainly by the variation occurred in 

the afternoon. While in group 1 during the afternoon there 

is an increase in consumption, in group 2 a decrease is 

observed. 

In fact, splitting into two groups is possibly the best 

separation of data taking into account the dispersion of 

cluster centers, thus leading the validation indexes to 

consider this segmentation as the best division of data. 

However, the cohesion within the group is not very large, 

there is considerable variation between the group centers 

and some of its elements, suggesting the existence of other 

dynamics within each group. 

To have consumer segmentation it is necessary that 

in some season changes there are several groups to which 

each element can be included. The fact that the division 

into two groups separates the profiles according to the 

season of the year and not in different consumers leads us 

to consider grouping the profiles into a larger number of 

groups. 

4.3.2. Seven Groups 

Since the results of the validation indices does not 

satisfy the particularities of the problem in question, the 

results of the clustering algorithms for three to seven 

groups were calculated and visualized. This process aimed 

to find some stopping criterion that, along with the expected 

characteristics previously mentioned, justified the 

segmentation in a number of groups. 

With the profiles segmented into seven groups it is 

possible to distinguish several groups with different 

dynamics in each change of season. 

Two of the seven groups present a characteristic 

profile very linear and horizontal. However, although their 

dynamics are identical, the k-means algorithm separated 

them into two distinct groups. This is a consequence of the 

application of annual average consumption by the 

standardization of consumption profiles. This feature 

generates constant and non-zero profile variations when, 

between two seasons, the average consumption increases 

or decreases without any change in the consumption 

dynamics. 

Considering that there are two very similar groups in 

the segmentation with seven groups, this separation of 

similar profiles in different groups was considered the stop 

criterion. It was thus determined that the segmentation of 

the variation profiles should be composed by six groups. 

 

4.3.3. Six groups 

With the number of groups defined, the profiles of 

variation were segmented into the six groups present in 

Figure 4-10. 

 
Figure 4-10: Graphs of the elements of six groups and 

segmentation of each group by change of season  

 

Analyzing the groups created by the clustering 

algorithm regarding the distribution of profiles along the 

season changes, the variation profiles corresponding to the 

winter-spring and autumn-winter passages are, for the 

most part, allocated to two groups. Group 1 represents 

almost all consumers in relation to the variation of 

consumption from winter to spring. In the case of the 

autumn-winter variation, almost all consumers are 
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characterized by group 5. The lack of segmentation in 

these two cases, where almost all consumers are 

characterized by a group at these times of the year, is 

somehow expected given the low variation in consumption 

between these seasons. On the other hand, either in the 

variation between spring and summer as from summer to 

the autumn the profiles were segmented in two and three 

groups respectively. 

In the spring-summer variation, consumers are 

characterized by group 1 if their electrical consumption is 

slightly altered in the summer relative to spring or by group 

3 if consumption in the afternoon is considerably higher in 

the summer than in the spring. 

The change from summer to autumn season gives rise 

to three distinct groups. In group 4 belong the residences 

that least decrease consumption in the fall, while in groups 

2 and 6 were the remaining residences with much greater 

variations of consumption. 

 

 Annual Variation Pattern  

In the previous subchapter, the 852 variation profiles 

from the changes in consumption between seasons of the 

213 residences under study were segmented into six 

different groups. In this subchapter, by using the six groups 

that characterize the variation profiles, it is intended to 

segment the consumers taking into account the variations 

corresponding to a year of consumption. 

 

 
Figure 4-11: Annual variation patterns. Pattern A - red; Pattern B 

- green; Pattern C – blue; Pattern D - yellow 

 

In order to segment consumers according to the 

variations occurring throughout the year, these were 

grouped according to their annual variation pattern. The 

annual pattern of variation of a residence is defined as the 

set of four profiles of variation that characterize the 

consumer throughout the changes of season during one 

year. 

Among all consumers there are 29 distinct annual 

patterns of variation. However, 64% of households can be 

described by only four patterns (Figure 4-11). 

The diagram of Figure 4-11 is intended to show the 

most representative annual population patterns by 

arranging them graphically to facilitate visual analysis. The 

four patterns named by the letters A, B, C and D are 

represented by the colors red, green, blue and yellow 

respectively. 

The pattern A, in red, represents 27% of the 

residences and is distinguished from the patterns B, C and 

D in the spring-summer variation, where it is characterized 

by the group 4 profile. In this pattern, residences vary 

moderately in both Spring- Summer, rising, as in Summer 

- Fall, diminishing. 

Patterns B, C and D, which represent 37% of 

households, significantly vary consumption between 

Spring and Summer. Of these, the B pattern in green and 

C pattern in blue, which respectively describe 18% and 

10% of consumers, in the Summer - Fall variation, 

markedly decrease consumption in the evening. 

Finally, the D pattern, in yellow, combines a marked 

increase in Spring-Summer, with a moderate reduction, 

characterized by group 4, in the Summer-Fall period. 

 

 – Conclusions   

In this study, data on electricity consumption, exploring 

particular households was analyzed, applying 

transformations to consumption profiles, evaluating groups 

of profiles formed by clustering techniques, analyzing 

households taking into account their annual patterns of 

consumption variation and relating groups of households 

with their characteristics. 

Preliminary analyzes of the profiles show that 

consumers vary the dynamics of consumption throughout 

the year (Figure 4-2), however the vast majority do not 

change their behavior from year to year. 

Regarding the segmentation of consumers, the 

approach adopted differs from the common methods in the 

literature. The grouping of all the variation profiles 

presented in a year is innovative as it allows the creation of 

characteristic profiles not limited to a specific time of the 

year. This procedure reduces the total number of groups 

required to define the profile variations over a year, making 

it possible to group consumers according to their annual 

variation patterns. The creation of variation patterns (a set 

of four characteristic profiles that represent the variations 

throughout the four seasons) allowed to group consumers 

into 29 distinct groups, with only 4 of these groups being 

necessary to characterize 64% of the households. 
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