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Abstract—Society is facing a big challenge. To achieve a more 

sustainable development the power distribution system needs to 
change. The development of Smart Grid is one way of making the 
electricity market more sustainable. More information about the 
grid, such as information about where renewable energy sources 
are installed, is essential for the development of Smart Grids. 
When new energy sources, for example solar panels, are 
connected to the grid there will be consequences. Sudden changes 
in the energy transportation in the grid when the weather 
changes from sunny to cloudy will affect the balance. The grid 
owners need to be able to control the grid more actively to 
compensate the inconsistency of renewable energy sources. One 
way of handling this is to obtain more information about the end 
users’ consumption patterns and to analyse this information to 
create a useful tool for the grid owners. This project aims to 
propose a method for classification of power consumption 
profiles for Swedish household by using hourly data from smart 
meters. The presented method first divides the data according to 
season and type of day and thereafter it is normalised before it is 
clustered into typical clusters using the K-means algorithm. To 
be able to run K-means, the number of clusters needs to be set in 
advance. The presented method therefore tries to find the 
optimum number of clusters by controlling the similarities 
between clusters, using cross correlation. The project shows it is 
possible to profile Swedish households using K-means. 

I. INTRODUCTION 
ociety is facing a transformation of the power distribution 
system. Due to current climate goals, the system is shifting 

towards Smart Grids and a more sustainable energy 
production. Future grids will, unlike from present ones, 
include more Information Communication Technologies 
(ICT), where the smart meter will have a great role in the 
operation of the networks and the integration of renewable 
energy resources. In order to maintain a secure operation, the 
network owners will need information about readings from 
their electricity customers [1]. In the development of the 
Smart Grids, more information about grid usage etc. is a 
fundamental prerequisite. 

According to [2] there is a lot of information about 
generation of electricity but insufficient information about 
how end-users tend to use it. Through smart meters, the 
available amount of information on electricity usage will 
increase. This enables analyses of electricity usage on time 
basis. Commonly in the USA, meters send power consumption 
data per hour or 15 minutes. The time aspect is important for 

 
 
 

the production. Electricity is expensive to store due to 
expensive batteries and is therefore usually produced at the 
same rate as it is consumed. The needed balance between 
production and consumption can cause an unstable electricity 
price, which is especially evident when the grid is top-loaded. 

A. Related Work 
Reference [2] used data on electricity usage from homes in 

Austin, TX, to investigate how end-user load profiles varies 
depending on season and to find the optimal number of 
normalised curves that is needed to represent the user profiles. 
By using surveys they also wanted to find non power related 
connections between the profiles, such as education and 
income. It is concluded that the lifestyle variables had a large 
impact on the result. For example the results were used to see 
how electricity usage is affected by different lifestyles.   

Reference [3] presented Visualization and Insight System 
for Demand Operations and Management (VISDOM), which 
is a platform for interpretation of energy data patterns to 
provide support in research, applications for load control and 
as a tool to achieve energy efficiency. The algorithm takes 
data from smart meters into account as well as other 
information about the customer such as geographic location. 

Reference [4] used a large amount of hourly electricity data 
to create an algorithm that chooses appropriate customers for 
demand response programs. For example, a demand response 
program can be used as a tool to control the indoor 
temperature. 

The mentioned examples of earlier research are based on 
data from the USA. USA and Sweden have different 
conditions for electricity consumption, partly because of 
different climate zones and lifestyles. Several states in the 
USA have a very hot climate in the summer, causing a high 
energy usage due to air conditioning [2]. In contrast, Sweden 
has its peak consumption during the cold winter, when large 
amounts of energy is used for heating buildings [5]. To the 
authors’ knowledge, cluster analysis research on electricity 
data has also been made in South Korea, Greece, China and 
Germany [2], [6]. To create a better understanding of 
electricity usage in Sweden, it is necessary to analyse data 
from Swedish end-users. In Sweden most households have 
smart meters installed [7], which makes it possible to analyse 
Swedish data. In Sweden measurements are often sent hourly. 
A beginning of the development towards Smart Grids is to 
better understand the consumption patterns of end-users. This 
project is one step towards increasing this understanding.  
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B. Scope of the Project 
The aim of this project is to increase the understanding of 

the power consumption of Swedish households by analysing 
hourly data from smart meters in order to facilitate for 
electricity distributors to get an overview of load points, in this 
case households. Information about load points can be of 
interest for identifying where maintenance work is needed and 
where the networks need to be developed. Future grids need to 
be able to cope with fluctuations in the electricity supply, 
which is an effect of connecting new renewable resources to 
the grid.  

More precisely the aim is to propose and test a method for 
classification of end-user profiles based on data from smart 
meters among Swedish households. The goal is to design a 
method that can be used by electricity distributors to facilitate 
their work with future energy challenges, such as installation 
of solar panels.  

Since the aim is to make a classification of Swedish 
households’ consumption patterns, Sweden is used as a 
geographical boundary. The original data used for testing the 
method contains information about type of building, which 
makes it possible to divide apartments, row houses and 
detached houses into separate groups. This project is defined 
to focus on the detached houses’ power consumption; 
therefore only data from detached houses is used for the 
classification. Furthermore, the houses have different types of 
heating systems: direct heating, heat pump, air heat pump or 
district heating and are located in a relatively limited area in 
Västerås, Sweden.  

In the following sections is the classification method 
described and thereafter tested on a set of power consumption 
data. The received results are thereafter presented and 
discussed.  

II. METHOD 
As a first step in the suggested classification method the 

hourly data was divided into seasons depending on time of the 
year. In the following step the data was divided into weekdays 
and weekends. Before the last classification step, the measured 
power consumption data was normalised to a value between 0 
and 1 in order to be able to compare households with low 
power consumption and households with high power 
consumption. To divide the clusters resembling each other into 
the same group, the last step in this classification was to use 
the K-means algorithm. All of the steps were performed in 
MATLAB. These steps are further described in the following 
sections. 

A. Season and day Division 
As mentioned earlier the electricity consumption is closely 

related to the outdoor temperature and since the data originates 
from households in a limited geographical area, the 
assumption that all households were in the same climate zone 
was made. In order to take the outdoor temperature into 
account, the hourly data was first divided into four seasons; 
winter (December-February), spring (March-May), summer 
(June-August) and autumn (September-November). No 

account was taken into which year the data belonged to or the 
houses’ exact position. Every household was assumed to have 
the same climate, resulting in the same seasonal timing for all 
households.  

Another factor affecting the power consumption is the 
number of people living in the house, which has not been 
taken into account in this project. In this analysis the 
occupancy trends is assumed to differ between weekdays and 
weekends. Therefore the daily profiles are divided into 
weekdays, Monday to Friday, and weekends, Saturday to 
Sunday. The division into seasons and type of day is explained 
in Fig. 1. 

 

 
Fig. 1.  The division into seasons and weekdays and weekends.  

B. Normalisation 
The purpose of the classification is to visualise when power 

peaks occur and to some extent, where these peaks occur. 
Therefore, the absolute value of the power consumption is 
uninteresting. Focus should be on the change of power 
consumption over time, i.e. trends. The data is therefore 
normalised using the Min-Max normalisation method, which 
is done before using the K-means algorithm. Min-Max 
normalisation takes the absolute value in physical units and 
transforms it to a unit less scale of 0 to 1. Equation (1) shows 
the formula for the Min-Max normalisation [8]. 

 
 𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖)  =  

𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑚𝑚𝑖𝑖𝑚𝑚
𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑥𝑥𝑚𝑚𝑖𝑖𝑚𝑚

 (1) 

 
Where xi is the non-normalised value, in this case power 
consumption, for hour i. xmin and xmax is the minimum and 
maximum value for that particular day.  

With a normalisation step a comparison between high and 
low power consumers can be made. In this way a high 
consumer and a low consumer with similar usage pattern can 
end up in the same cluster although their absolute power 
consumption never matches. The data is normalised per day 
for each household using minimum and maximum values for 
power consumption for that particular day to scale all the 
absolute power consumption values. 

C. K-means 
To create end-user profiles the K-means algorithm was 

used. Within clustering analyses, K-means is one of the most 
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used methods. The K-means method has previously been used 
for classification of electrical power consumption patterns, 
with data from households in the USA and Germany [9], [6]. 
Roughly explained the method divide the entire data set, X, 
into K non-overlapping clusters [10]. The K-means algorithm 
is based on an iterative approach. Assume that the data points 
can be found in a 𝑛𝑛 × 𝑚𝑚 matrix, where n is the number of 
observations and m is the dimension of the observation. The 
aim of using the method is to divide observations similar to 
each other into one cluster. The number of clusters, K, must be 
decided in advance. The result will be a 𝑘𝑘 × 𝑚𝑚 matrix, θ, 
where each row in θ is representing a cluster centroid. A 
cluster centroid is a cluster’s geometric center. For the first 
iteration MATLAB guesses one set of clusters for θ, based on 
the original data set [11], then the algorithm runs through all 
the observations, rows in X, and identify to which cluster 
centroid each row is closest to. In the next step the first set of 
cluster centroids is updated by taking the mean of all the 
vectors closest to the cluster. This process, updating the 
centroids of the clusters, will move the cluster centroids to 
areas with a higher density of observation. According to [12] it 
can be shown that the K-means minimise the cost function 

 
 

𝑚𝑚𝑚𝑚𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ��𝑢𝑢𝑖𝑖𝑖𝑖𝑑𝑑𝑚𝑚𝑚𝑚𝑑𝑑(𝑥𝑥𝑖𝑖 ,𝜃𝜃𝑖𝑖)
𝑘𝑘

𝑖𝑖=1

𝑚𝑚

𝑖𝑖=1

. (2) 

 
The uij becomes either 1 or 0, 1 when xi lies closest to 

cluster θj and 0 for the rest of the clusters. 𝑑𝑑𝑚𝑚𝑚𝑚𝑑𝑑 stands for a 
distance function. The most widely used distance function in 
K-means is the Euclidean distance. To summarise, K-means 
minimises the total sum of the Euclidean distance squared 
between the data point and its nearest cluster [12]. 

One disadvantage with K-means clustering is that it does 
not guarantee to find a global minimum; it only guarantees to 
find a local minimum. In other words, the first guess for the 
cluster centroids will affect the result. With a different first 
guess the result can differ. Another disadvantage with K-
means is its sensitiveness towards outliers [10], [12], i.e. 
points that deviate much from the rest of the points. K-means 
possesses the quality of often converging after only a few 
iterations [12]. Only needing a few iterations is beneficial 
when the amount of data becomes very large. Running the 
algorithm with a big data set with fewer iterations will be time 
saving. 

With the motivation that the K-means method converge fast 
the number of iterations was set to 100 iteration. K-means was 
set to start over with a new set of starting clusters 15 times, i.e. 
15 replicates.  

When a set of test data was run through the K-means the 
cost function, the total sum of the Euclidean distances, 
changed very little when the number of replicates was altered. 
1) Number of Clusters, K 

A requirement to implement the K-means is to determine 
the number of clusters, K, in advance. The aim in this project 
is to create a method to classify usage patterns in households 
to enable a better overview for grid owners on how their grids 

are loaded. The final clusters should therefore exhibit 
differences between each other. Time when the power peaks 
occur, how long they last and how many power peaks a cluster 
exhibit during a day are some examples on parameters that can 
differ clusters from each other. To get an overview, the 
number of clusters cannot be too large. Due to the nature of K-
means, the cost function will decrease when the number of 
clusters increases. A balance between how many clusters the 
classification results in and how small the cost function should 
be is therefore needed. 

In the authors’ presented method the similarity between two 
clusters centroids were evaluated by using cross correlation. 
Cross correlation is a basic tool when analysing multiple time 
series [13].  The cross correlation is calculated between two 
vectors X and Y, in this case the cluster centroids. Both X and 
Y are vectors with the dimension1 × 24, since the daily 
profiles include 24 power measurements. The cross 
correlation, R, is calculated using (3) and (4). 

 
 

𝑅𝑅�𝑚𝑚𝑥𝑥(𝑚𝑚) = � 𝑥𝑥𝑚𝑚+𝑚𝑚𝑦𝑦𝑚𝑚

𝑁𝑁−𝑚𝑚−1

𝑚𝑚=0

    𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚 ≥ 0 (3) 

 
 𝑅𝑅�𝑚𝑚𝑥𝑥(𝑚𝑚) =  𝑅𝑅�𝑥𝑥𝑚𝑚(−𝑚𝑚)       𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚 < 0         (4) 

 
Where N is equal to the dimension of the vectors X and Y and 
𝑚𝑚 = 1,2, … , 2𝑁𝑁 − 1 [14]. The result when calculating cross 
correlation is a vector c, where the elements are described in 
(5). 
 
 𝑐𝑐(𝑚𝑚) =   𝑅𝑅�𝑚𝑚𝑥𝑥(𝑚𝑚 − 𝑁𝑁)     

𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚 = 1, 2, … , 2𝑁𝑁 − 1         
(5) 

 
The cross correlation can be described as the total sum of 

the products between the vectors elements, where the sum will 
be calculated for different time lags. With zero lag there is no 
time difference between the elements xi and yi. This can be 
described by arranging the two vectors above each other and 
then taking the product for elements connected vertical to each 
other. With zero lag, (6), the two vectors are in line over each 
other, when the lag is -1, (7), the second vector is moved one 
step to the left and for lag +1, (8), one step to the right. 
 

 (𝑥𝑥0 … 𝑥𝑥23)
(𝑦𝑦0 … 𝑦𝑦23)          (6) 

   
 (𝑥𝑥0 … 𝑥𝑥22 𝑥𝑥23)

(𝑦𝑦0 𝑦𝑦1 … 𝑦𝑦23)          (7) 

   
 (𝑥𝑥0 𝑥𝑥1 … 𝑥𝑥23)

(𝑦𝑦0 … 𝑦𝑦22 𝑦𝑦23)         (8) 

 
With vectors corresponding to hourly power consumption 

the lag will be shifting between -23 to +23, which results in 47 
different time lags between one pair of clusters. The reason for 
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checking the cross correlation between the clusters is to find 
clusters with similar properties, meaning identifying clusters 
with power peaks on the same time, or roughly the same time, 
and peaks with the same characteristics. If the peaks, from two 
different clusters, occurs ±1 hour from each other than the two 
clusters are defined as similar. Therefore only raw correlation 
representing ±1 lag or zero lag is used to check the similarity. 
If the cross correlations are greater than a certain limit the K-
means clustering is run once again with a new smaller value 
on K. Fig. 2 shows a flow chart on how this iteration works. 
Assuming that a standard cluster just consists of a straight line, 
the limit for the cross correlation is set by using the maximum 
mean value for all of the normalised data. The mean is 
calculated for each hour and then the hour with the highest 
mean value is used. The parable limit is set to the zero lag 
cross correlation between the standard cluster and a cluster 
with 80% of the standard cluster’s values. 
 

 
Fig. 2. The cross correlation iteration 

D. Visualisation  
In the last step, the resulting clusters are plotted for one 

specific day type and season. The clusters are arranged in 
descending order based on the size of the clusters. The cluster 
with most day profiles included are placed first and the second 
largest placed next. To make the picture informative the plot 
shows the cluster’s centroid and a span between 5th and 95th 
percentile. Using this type of plotting, the picture of each 
cluster shows the cluster’s mean and also how widespread the 
different days in the cluster is. The plotted span represents 90 
% of the measurements in the cluster.  

A table, showing most frequent cluster for each house, is 
also compiled, see Table IV for an example. The table makes 
it easy to establish which households are connected to which 
cluster and how strongly they are connected. By plotting the 
5th and 95th percentile the plot excludes outliers. Though, the 
outliers will still impact the result since one disadvantage 
using K-means is its sensitiveness towards outliers. 

III. RESULTS 
The data set used for testing the authors’ classification 

method contained hourly data from 124 detached houses from 
different time periods between 1 January 2014 and 29 June 
2015, i.e. the time period is not equal for all houses. This 
causes a variation in the number of days in each season. The 
spring period contained for example more than twice as many 

observations as the autumn, where one observation is a daily 
load profile containing 24 power consumption measurements. 
Table I shows how many observations each season contained.  

The start value for number of clusters, K, was set to 30 for 
every season. The number of clusters was then adjusted to fit 
the restrictions for the cross correlation. The limits for the 
correlation are depending on the maximum value of all of the 
mean values for every hour in the data set and are therefore 
shifting slightly between the seasons. In Table II are the cross 
correlation limits presented for each season. Due to fact that 
the input values used in (3) are unit less, the cross correlation 
limits also are unit less. The greater the value is the greater is 
the similarities. The final K is depending on the cross 
correlation and varies therefore for each season, see Table III. 

Some of the replicates did not converge during the 100 
iterations. MATLAB printed a warning for those replicates 
that did not converge. 

 

TABLE II 
CROSS CORRELATION LIMITS FOR EACH SEASON 

Season Winter Spring Summer Autumn 

Cross correlation limit - 
Weekdays 5.89 4.80 3.49 5.49 

Cross correlation limit - 
Weekends 5.94 4.68 3.54 5.65 

 
TABLE III 

NUMBER OF CLUSTERS FOR EACH SEASON 

Season Winter Spring Summer Autumn 

Number of clusters  
Weekdays 16 9 4 22 

Number of clusters  
Weekends 12 9 5 22 

 
In Fig. 3 are all the cluster centroids for weekdays and all of 

the observations included for the winter period plotted. Fig. 4 
also shows the winter weekday clusters, but here is the span 
between the 5th and 95th percentile and the cluster centroid 
plotted. Fig. 5 and 6 are the equivalent plots for winter 
weekends. In all the figures the clusters are plotted in an order 
with the largest cluster first and then in descending order, 
where the largest cluster contained the most observations. At 
the end, after the number of clusters had been adjusted with 
the cross correlation, the largest cluster for the winter 
weekdays included 984 number of observations compared to 
the smallest cluster, which included 352 observations. The 
clusters for the weekends included fewer observations and 

 

TABLE I 
NUMBER OF OBSERVATIONS INCLUDED IN EACH SEASON, WHERE ONE 

OBSERVATION CONTAINS 24 MEASUREMENTS 

Season Winter Spring Summer Autumn 

Number of observations 14732 20624 13390 9689 
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therefore the largest cluster contained 459 observations and 
the smallest only 225 observations. 

 
Fig. 3. Plot showing the cluster centroids (black) and observations (grey) for 
weekday clusters during the winter in descending order with the largest cluster 
first.

Fig. 4. Plot showing the 5th and 95th percentiles for weekdays during the 
winter in descending order with the largest cluster first. The red line is the 
cluster centroid.  

The resulting clusters for winter weekdays show some 
differences from each other. 12 of the clusters show constant 
power consumption between 0.00-5.00. Cluster 11, 13 and 16 
show a wide span between the 5th and 95th percentile despite 
this resemblance they exhibit some unique characteristics. 
Cluster 13 has a dip in power consumption during the early 
afternoon and cluster 16 exhibits a decreasing trend during the 
day. Cluster 2, 4, 5 and 7 have a high peak in the early 
evening, the difference between them is the time. Beside from 
their evening peak they are similar for the rest of the day. The 

time differences for the evening peak are quite small, only a 
few hours, but it is still significant, especially when it comes 
to stress on the grid. The result for winter weekends shows 
fewer clusters than for weekdays. A common result is a peak 
in power consumption on the second half of the day in all the 
clusters. In some cases the peak is not pronounced, for 
example in cluster 11 and 12. The tendency with low power 
consumption during the first hours of the day, which was 
significant for the weekday clusters, can also be found among 
the weekend clusters.  

 
Fig. 5. Plot showing the cluster centroids (black) and observations (grey) for 
weekend clusters during the winter in descending order with the largest cluster 
first. 

 
Fig. 6. Plot showing the 5th and 95th percentiles for weekends during the 
winter in descending order with the largest cluster first. The red line is the 
cluster centroid.  
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The clusters for the rest of the seasons can be found in 
Appendix A. In each season, for both weekday and weekend 
profiles, there is at least one cluster with a wide span, so wide 
that span between the 5th and 95th percentile almost cover the 
whole plot. A feature they all have in common is that the wide 
clusters are not one of the largest clusters. Another feature 
many of them share is the low demand of power between 
0.00-5.00. The summer clusters stands out from the rest. They 
all have a wide span. One explanation is that there are fewer 
clusters, both for the weekdays and the weekends and the 
clusters will therefore contain more days.   

For each household the most frequent cluster is identified. 
Table IV shows an extract over a few households’ most 
frequent cluster for weekdays during the winter period, the 
number of days in the specific cluster and how much the 
household belonged to the cluster in per cent. 

 
TABLE IV 

MOST FREQUENT CLUSTER DURING WINTER WEEKDAYS FOR A FEW 
HOUSEHOLDS 

Household number Most frequent 
cluster 

Number of 
days 

Per cent 
(%) 

1 9 25 39.1 

2 4 24 22.6 

3 6 13 31.0 

 

IV. DISCUSSION 
The aim for the presented method is to, based on smart 

meter data, identify common 24-hour end-user profiles. In the 
presented method the results are based on normalised data 
using daily maximum and minimum values. The purpose of 
the normalisation step is to make it possible for a comparison 
of trends during a 24-hour period between high and low power 
consumption. The reason for using the maximum and 
minimum values per day was to assure that the cluster showed 
the daily trend and not trends over a season. With a 
normalisation over a season the data would include 
information of how the power demand changed over the 
season. This could be problematic, for example if one 
household exhibits one peak for a very short time, which is 
much higher than the rest of the peaks for the season. The 
normalisation step would then result in a low value for every 
peak, except that “one time high” and comparison with other 
households would not contain information about common 
peaks. If the normalisation instead is based on daily maximum 
and minimum values all of the houses will exhibit at least one 
maximum peak per day, which makes it possible to identify 
common peaks. The “one time high”-peak could be an 
incorrect measurement and since this method does not provide 
a data cleansing step, one incorrect point could have great 
impact for the classification of one household if the 
normalisation was done seasonal. By using daily maximum 
and minimum values for the normalisation instead, one 

incorrect measurement would affect only one day and not a 
whole season. 

The reason for dividing the year into seasons is to take the 
temperature shifting into account. Using this argument, why 
not use a monthly division instead? The shifting in 
temperature during a month will, presumably, be less than the 
shifting within a season. The aim is however to present a 
method to create a better overview over power usage. Using 
more time periods there would be more sets of clusters to 
analyse and information to use, which might not be helpful for 
the electricity distributors. Therefore is the year divided into 
four seasons: spring, summer, autumn and winter. 

Using normalised data, one can wonder if the division into 
seasons is necessary. If the data is normalised using each 
house’s maximum and minimum value per day, does the end-
usage pattern really vary between different seasons? After the 
normalisation is done only activities such as cooking or 
watching TV will affect the pattern. For example, during the 
winter in Sweden a lot of energy is used for heating but since 
the heating system most likely is running constantly it will not 
affect the normalised data and will instead be seen as a sort of 
background noise. The most contributory activities affecting 
the pattern is probably not depending on season, meaning that 
the basic needs and common activities is most likely the same 
throughout the whole year. Thus, it is questionable if the 
division into seasons is necessary.  

The ulterior motive with this method is to analyse end-
usage for one type of household, in this case detached houses. 
Since the data is normalised the result should not depend on 
type of heating system etc. and the method could therefore be 
used for more than one type of living at the same time or other 
types of households than detached houses separate. The reason 
for only using data from detached houses is to get a more 
representative picture of one type of household. The results 
can be used as support for grid owners or other actors, which 
want to increase their understanding about end-users and 
usage of the electricity grid. Furthermore, detached houses 
have a relatively high-energy usage and should therefore be 
susceptible for saving energy, since it will both save money 
and decrease the environmental impact.  

Whether the size of the living area is affecting the results or 
not can also be discussed. Depending on how large the living 
area is, different amount of lightning is needed. Since 
lightning is most likely not used constant during a day it 
should not disappear in the normalisation and should therefore 
affect the end-use pattern. In the results for the tested data, 
winter and summer almost have the same amount of days but a 
very different number of clusters, see Table I and II. Energy 
usage during the summer might be more or less the same 
regardless size of living area but during the winter lights will 
affect the usage and the living area might therefore have an 
impact on the result, which might be causing the different 
number of clusters for summer and winter.  

The K-means algorithm assumes that the number of 
clusters, K, is known in advance. When identifying common 
end-user profiles, how can one know if the chosen K is 
optimal and further, how can one define what optimal means 
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in this context? The aim for this classification method is to 
create a better understanding for where and when power peaks 
occurred. Therefore it is impractical to have a lot of clusters 
and to make the information about the clusters useful; each 
cluster must show unique characteristics. If two clusters show 
great resemblance, the use of two clusters becomes 
unnecessary. By calculating the cross correlation, this method 
tries to achieve clusters with different characteristic. One 
could use other tools for identifying similar clusters, for 
example different types of correlation. However, cross 
correlation is a common choice of tool when analysing time 
series [13]. The result on the other hand reveals several 
clusters with great resemblance, for example cluster 2, 4, 5 
and 7 among the winter weekday clusters. The cross 
correlation limit should therefore represent a “maximum of 
similarity” between two clusters that is acceptable. To 
determine the cross correlation limit this analysis first 
calculates the maximum value of all the mean values for every 
hour in the data set and then assumed a “mean”-cluster as a 
straight line with this value and then checked the cross 
correlation value at zero time lag with a straight line that was 
20 % lower and the “mean” cluster. The result shows that this 
estimation for the cross correlation limit is too rough. For the 
winter and autumn, the estimated limit became quite high 
resulting in more clusters especially for the autumn clusters 
and in the summer case the estimated limit came out to be 
much smaller resulting in too few clusters, see Table III for 
cross correlation limits and Table II for the number of clusters. 
To create the optimal cross correlation limit one could 
presume the number of clusters to be approximately equal for 
all seasons and also the cross correlation limit. The “mean”-
cluster estimation used in this analysis results in significant 
differences for the cross correlation limit. With an optimal 
strategy for calculating the cross correlation limit the resulting 
limit should not differ too much between different seasons. It 
can also be desirable to have a limit in a scale between 0 and 1 
to simplify limit adjustments to fulfil the chosen classification 
requirements.      

There are several advantages using the K-means algorithm. 
As mentioned in the method, K-means is a well-known and 
used method, which gives the method credibility. It is also 
supposed to converge fast towards a solution, which is 
positive when running the algorithm for large amounts of data. 
Though it is not certain that the received result is the best 
possible. Depending on the start guess, different results may 
be achieved, which is a disadvantage since the most optimal 
start guess is not always known. Another disadvantage using 
K-means is outliers’ possible large impact on the result.  

How could a method for classification of power 
consumption pattern be of use to grid owners? To grid owners 
it is important to ensure the quality of the electricity, i.e. 
secure that the voltage remains on a steady and constant level. 
When the grid was built, the power flow was in one direction, 
from centralised power plants to the end-users. With the new 
distributed and intermittent renewable resources connected to 
the distribution networks the power needs to be able to flow in 
both directions so the produced electricity can be used where 

the demand is located. Present distribution networks are not 
designed for bi-directional power flows. These new type of 
usages will require a lot of controlling and regulating. In the 
future grid owners will need more information about the 
utilisation of the grid. Today, distribution grids are connected 
to the transmission grids at a few connection points. The grid 
owner predicts their customers’ peak aggregated power 
consumption and puts after that on a safety buffer. Based on 
this information the grid owner pays a tariff for connection to 
the transmission grid. Like every other company, the 
distribution grid owners aim for a high yield and would 
therefore support a better way of exactly knowing the 
maximum consumption so that their prediction can be more 
accurate. With more information about power usages, the grid 
owner can also be better prepared for future development and 
maintenance on the grid. 

A. Future work 
Developing Smart Grids requires a lot of the electricity grid, 

including new technologies and control systems. More 
information about usage will be needed to be able to control 
and operate the grid safely. This project provides a start in 
profiling usage but there are still many questions to be 
answered.   

A major question to be answered is how to decide an 
optimal K. Is there a better way than using cross correlation? 
If cross correlation is a suitable tool, it is necessary to 
investigate how the limit should be set. Another aspect worth 
exploring is if K-means is the best method to use for this type 
of profiling or if other clustering methods are more preferable.  

Since this method uses normalised values it would also be 
interesting to investigate if the method gives different results 
depending on type of household. If not, maybe all types of 
households should be included since everyone should be able 
to reduce their electricity consumption relatively, or at least 
change the pattern to reduce power peaks in the grid. It may 
also be valuable to investigate if the size of living area is 
affecting the results. If that is the case it might be interesting 
to partition into groups based on living area. 

V. CONCLUSION 
The proposed method mainly relies on a K-means clustering 

method and the result shows common clusters for the 
households. Taking into account that this is a first approach on 
trying to profile typical end-usage patterns among Swedish 
households, this first trial on hourly data from 124 detached 
houses shows it is possible to describe daily profiles with 
typical clusters using K-means. Though, to make it useful to 
grid owners, questions like how one can determine what an 
optimal number of clusters is and how unique a profile needs 
to be requires further studies. 

APPENDIX 
For appendix, see separate file Appendix A.   
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