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Abstract— The categorisation of the electricity users is 

carried out by using statistical analysis of the available data over 

a period of analysis, together with clustering techniques to 

create appropriate groups of consumers. The grouping is 

affected by the selection of the macro-categories based on 

general user’s attributes. This paper introduces the novel notion 

of internal categories for each macro-category. The main 

aspects referring to the selection of the user internal categories 

are analysed within an integrated framework that uses two-

dimensional features (i.e., reference power and monthly energy) 

and a clustering algorithm with a consensus-based procedure 

for the final categorisation. The partitioning into internal 

categories enables reducing the number of users to be 

considered together for load profiling purposes. The results are 

presented considering real data obtained over one year for a 

large set of low-voltage three-phase electricity users. 

Keywords—Electrical demand, load curve, clustering, 

statistical analysis, customer, internal categories. 

I. INTRODUCTION

A. Motivation and Background

In the analysis of the electricity consumption, the
categorisation of the users is a relevant aspect for the creation 
of customer groups that have a consistent electrical 
behaviour. This activity is carried out by gathering data from 
the field and continues until the load profiles become 
available for selected classes of users. The load profiles are 
load curves that indicate the representative behaviour of the 
electrical consumption for all the users that belong to the 
same class of users during a selected period of time and in 
specified loading conditions (e.g., weekdays or weekends, or 
with other seasonality effects) [1].  

Load profiling is a peculiar activity for the retailers that 
operate in a competitive context. Besides the applications that 
refer to retailing practices, load profiling has various 
applications relevant for the distribution system operator 
(DSO) [2]. The DSO has access only to limited information 
concerning the users. In particular, the DSO has no access to 
the contract data that the users have with their retailers, nor 
to the private data of the users referring to their internal usage 
of electricity. The main accessible data are the voltage level 
and the reference power. The monthly energy (in some cases, 
only the annual energy) could be available as well. In a few 
cases, generally for large users, the DSO measures the power 
curves with a given time step (e.g., 15 minutes). 

In the distribution systems, the load profiles can be used 
to compensate the lack of information on the users, when the 
data on the users are needed for executing power flow 
calculations for different purposes, such as state estimation 
[3]. Applications to mapping the distribution system feeders 
based on the monthly load profiles calculated from hourly 
load patterns are presented in [4] considering a feeder with 
initial unknown sectors and in [5] to determine the typical 

load profiles for each month. A load modelling-based 
approach, associated with the detection of voltage variation 
events in the distribution network to construct the features of 
the loads, is introduced in [6].  

Fig. 1 summarises the main points of the procedure 
considered for creating the load profiles. In particular: 
 Definition of the macro-categories: the macro-categories

are formed by considering different types of users for
retail purposes (e.g., residential, industrial, commercial,
traction, lighting), or for DSO purposes (e.g., ordinary
use, or temporary use), also considering the voltage
supply level (mostly relevant for the DSO).

 Definition of the internal categories: for each macro-
category, further internal categories can be identified
based on available data such as the reference power and
the energy metered for given periods (e.g., annual,
monthly), depending on the data accessible to the retailers
or the DSO. The reference power is the contract power,
which also defines the nominal power of the meter.

 Definition of the data sampling: even in the presence of a
new generation of smart meters with better resolution in
time (in general, 15 minutes or 30 minutes) with respect
to hourly data, the elaboration of all the data gathered
continuously for all the users may be excessively
demanding. For this purpose, statistical methods, such as
the stratified sampling approach [7], are useful to
establish the number of users to be monitored. The
partitioning given for the internal categories is considered
to form the layers. The stratified sampling approach is
used for determining the minimum number of users to
monitor for constructing the load profiles for each
category of users considered [8], using the same statistical
representativeness of the results (i.e., the same confidence
level for each layer).

 Choice of representative days & loading conditions: once
the minimum number of users to monitor has been
defined, the data are gathered from the smart meters for a
number of users equal to or higher than the minimum
number. The metered data are then partitioned by
considering the relevant periods (e.g., season), and the
weekdays, weekends or anomalous days, to obtain a
number of load patterns that can be associated to similar
loading conditions, i.e., the load patterns which represent
a number of days that can be pre-processed together to
reduce the number of data to send to the following steps.

 Bad data detection: During the data pre-processing, the
bad data have to be identified based on the absence of the
data, the indication of unreliable data provided by the data
gathering system, and the check of possible anomalies in
the data, carried out by using specific expertise in the
analysis of electrical load patterns (e.g., excessive values
in the context of the user or meaningless negative values).



The bad data can be simply removed (if a sufficient 
number of data is already available for the same loading 
condition) or can be replaced with an artificial meaningful 
data determined through specific techniques [9]. 

 Formation of the representative load patterns: for each
loading condition, using the available data and
considering the possible absence of some data as
indicated in the above point, the representative load
pattern (RLP) is constructed through a weighted
averaging process. The RLP can be represented either as
it stands (e.g., with no normalisation) or can be
normalised by using a suitable normalising factor (e.g.,
the reference or contract power, the average power, or the
peak power). In the case of normalisation, the normalising
factor has to be stored together with the normalised load
pattern to allow for successive reconstruction of the load
patterns that indicates the actual power.

 Selection of the clustering method: the RLP data can be
directly used as input features of the clustering algorithm,
or data reduction techniques can be applied to transform
the RLPs into a different set of H features in the time
domain, or in different domains [10]. The reduction in the
dimension of the dataset has also been addressed for data
visualisation purposes [11]. One or more clustering
algorithm can be selected for grouping the users based on
the selected features.

 Execution of the clustering: The clustering procedure is a

mapping ��,� → ��,�  in which the input matrix X =

{xmh} ∈ ��,� contains the h = 1,…, H features for each
member m = 1,…, M of the input dataset, and the output 

vector g = {gm} ∈ ��,� associates an integer value (i.e.,
the number of the cluster) to each member m = 1,…, M of 
the input dataset. In case of comparisons among different 
clustering techniques, the calculation of various 
clustering validity indicators may be used for providing a 
ranking among the algorithms. Independently of the 
features used in the execution of the clustering, the 
clustering validity indices have to be computed by using 
the same features (e.g., the RLPs) in all cases, with the 
different output vectors that characterise the output of 
each clustering execution.   

 Formation of the classes: in general, the clustering run
with different algorithms and features forms different
groups. The groups of users obtained do not necessarily
represent all the users with the same characteristics. A
post-clustering check is carried out to identify possible
refinements of the groups, based on the most recurrent
attributes in each cluster. The clusters are then re-
grouped, forming the class representative load patterns
(CRLPs) by averaging the RLPs of the users that belong
to the same class (a weighted average is needed if
normalised RLPs are used, considering the RLP
normalising factor as the weighting factor). The final
number of classes could be different with respect to the
number of clusters.

 Formation of the load profiles: the CRLPs are the final
load profiles that represent each class in the specified
loading condition.

 Classification: a classification phase is included at the end
of the procedure, with the aim of identifying the user’s
class that may be attributed to a new user, or to a user that
has changed its main characteristics [12].

Fig. 1. Overall scheme of the activity that leads to load profiling, with 
highlight of the novel contribution of the paper.   

More recently, the classical approach used for load 
profiling is being extended to the presence of active users (or 
prosumers), leading to revisiting the existing procedures in 
the light of a wider prosumer profiling [13]. 

Following the recent trends to apply more data-driven 
approaches based on the many data that become available 
from the new generations of smart meters, the classes formed 
and the corresponding load profiles could be updated more 
frequently than in the past. These updates may also be needed 
if the behaviour of one or more users changes based on the 
information available from a continuous flow of data.  

B. Contributions and Organisation

The novelty of this paper is the introduction of the
internal categories in the overall scheme that leads to load 
profiling. This provides an original view on the creation of 
user categories for a given macro-category of users, 
preliminary to further analyses aimed at creating for each 
category a number of classes for load profiling purposes. The 
key assumption used in this paper is that the data are managed 
by the distribution system operator (DSO). 

The specific aspects of this paper refer to apply clustering 
procedures for the identification of the internal categories 
based on two-dimension (2D) data (reference power and 
energy) used simultaneously, rather than on power or energy 
analysed separately. Using only power data, the internal 
categories depend on the rated power of the users but not on 
the electrical energy. Conversely, using only energy data 
there is no link with the size of the plant. The resulting 
categories are different in the two cases. The use of 2D data 
enables a unique categorisation that considers both aspects. 

The main points addressed are the preparation of the data 
to be used in a consensus clustering procedure specifically 
applied to form the internal categories, different from the 
clustering algorithms used in the next stage of formation of 
the classes based on the load patterns. Possible alternatives 
for creating the features used in the clustering procedures are 
discussed, in particular referring to data normalisation. 

Classification
method rules

Formation of the load profiles
normalised profile normalising factor

Formation of the classes
re-grouping class representative load patterns

Execution of the clustering
grouping validity indicators

Selection of the clustering method
algorithm features

Formation of the representative load patterns
non-normalised normalised

Bad data detection
removal replacement

Choice of representative days & loading conditions
season or period type of day

Definition of the data sampling
stratified sampling confidence level

Clustering-based definition of internal categories
based on reference power based on energy

Definition of the macro-categories
use-based voltage-based



The data analysis is illustrated from the point of view of 
the expert of the electrical domain, rather than going into 
detailed comparisons among different clustering algorithms. 
Nevertheless, specific indications are provided on the usage 
of the algorithms for carrying out the calculations. 

The next sections of the paper are organized as follows. 
Section II summarises the types of data used in the clustering 
procedure applied for the definition of the internal categories. 
Section III describes the consensus clustering procedure 
executed to aggregate into a single output the results of the 
individual clustering run for each month with the reference 
power and monthly energy data. Section IV shows the results 
of the application of the proposed procedure for defining the 
internal categories to a real large DSO dataset. The last 
section points out the concluding remarks. 

II. DATA PREPARATION FOR CLUSTERING

The dataset considered refers to a subset of users supplied 
by the same DSO. A preliminary selection of a macro-
category is carried out, on the basis of the internal rules 
adopted by the DSO to make a distinction among different 
types of applications, e.g., based on the voltage level, single-
phase or three-phase supply, and continuous or temporary 
users. These distinctions do not contain information on the 
type of consumer, e.g., residential, industrial or commercial. 

The lack of the information on the type of consumer is a 
significant difference with respect to what happens for the 
categorisation of the customer groups based on the 
information available from retailers. 

The available data include the reference power and the 
energy for each month, making it possible to check the 
possible permanence of the same reference power at each 
month, as well as to consider the monthly energy 
consumption to carry out a separate analysis for each month. 

If the reference power and the monthly or annual energy 
are used separately as clustering features, the groups formed 
will be different. In this paper, to avoid these different results, 
2D features are used for clustering, so that visualisation of the 
results in two dimensions is possible. However, the presence 
of these two different features raises the issue of how to 
represent the features in the relative way, namely, the data 
may be used with their quantities (e.g., kW and MWh), or can 
be normalised with respect to their maximum value.  

The choice on whether or not to apply normalisation 
affects the way the clustering operates and has a direct impact 
on the nature of the results. Specific examples are provided 
in Section IV to confirm this statement. 

For a monthly analysis, the selected clustering algorithm 
is executed for each month. The choice of the clustering 
algorithm depends on various factors, among which 
scalability is a key factor when the number of users is very 
high. Then, concerning the features there are again the two 
options of using the non-normalised or the normalised 
features for the input data. Moreover, once the clustering 
results have been obtained for each month, a synthesis is 
needed to reach a final grouping of the users. For this 
purpose, a consensus clustering procedure has been 
developed in this paper to exploit the monthly information 

and provide a general result. The details are indicated in the 
next section. 

III. CONSENSUS CLUSTERING

A. Procedure to implement the consensus clustering

The general scheme for consensus clustering is based on
aggregating multiple clustering results, with three steps: 

1) The procedure starts from the results of the selected
clustering method, which is executed separately for each
month. The reference power and monthly energy data for
each month j = 1, …, J, are contained in the vectors gj,
which form the matrix G = {g1 …, gJ } = {gmj, j = 1,…, J,
m = 1,…, M}.

2) Similarity indices are computed for each pair of users as
shown in Eq. (1)

where: 

 	
,� is the similarity index between the users denoted

with the letters a and b; 

 �
 is equal to 1/J if the users a and b belong to the same

cluster for the month considered, and zero otherwise. 
The similarity indices are collected in the symmetric 

similarity matrix P = {	
,�} ∈  ��,�. The entry 	
,�  of

the matrix P represents the posterior probability that the 
users a and b are located on the same cluster in all the 
months considered. The diagonal entries of the matrix P 
are equal to unity. 

3) In the third step, with the matrix P as input, the users are
merged into the desired number of groups running a
spectral clustering algorithm, as described below.

B. Spectral clustering

The spectral clustering [14] considers the structure of the
problem under analysis as a graph, with vertices and edges, 

and constructs the Laplacian matrix � ∈  ��,� = �ℓ
,�� ,
with the following characteristics: 

 The off-diagonal terms are null if the users a and b never
belong to the same cluster, otherwise, they contain the

opposite of the similarity index 	
,� , for �, � = 1, ..., �:

ℓ
,� = −	
,� (1) 

 The diagonal terms contain the sum of the similarity
indices located in the same row, e.g., for the user a:

ℓ
,
 = ∑ 	�,
���� (2) 

Following the classical notation [15], the diagonal terms 

are arranged into a diagonal matrix � ∈  ��,� = diag(!�,�),

and the Laplacian matrix is expressed as: 

� = � –  $ (3) 

 Starting from the matrix � , the spectral clustering

algorithm computes the % eigenvectors that correspond to 

the % smallest eigenvalues and forms the matrix & ∈
 ��,' = �(�,)�  of which the %  eigenvectors are the

columns. 

 The rows of the matrix & are formed as feature vectors 

(row vectors) *� ∈ ��,' = �+�,)� , for � = 1, ..., ,. 

 The feature vectors are sent to a clustering algorithm to
form the clusters. The classical choice is the kmeans
algorithm, with the initialisation of the centroids executed
with the kmeans++ approach [16] to limit the effects of
the randomness applied to the initial centroid selection –
a typical drawback of the classical kmeans algorithm.

	
,� =  - �.

/


��
(1)



IV. APPLICATION TO A DATASET OF LOW-VOLTAGE

THREE-PHASE USERS 

A. Description of the dataset

Let us consider the data extracted from the database of an
Italian DSO for one year, referring to Low-Voltage three-
phase users. The total number of users is 73,518, of which 
46,396 belong to the most numerous macro-category called 
ordinary use. The analysis presented in this paper refers to 
the ordinary use macro-category only. The same reasoning 
can be applied to the other macro-categories. A possible 
exception are the low-voltage single-phase users, about 95% 
of which have basically the same contract power, then the 
contract power feature is poorly useful to partition the groups. 

The first data filtering has reduced the data to 45,420 users 
with data present for all the 12 months of the year. Then, the 
number of users has been further reduced by removing the 
127 users that changed the reference power during the year 
and further 11 users with inconsistent data (e.g., null 
reference power or excessive annual energy/power ratio). The 
remaining 45,282 users have been processed for determining 
their partitioning into a given number of groups based on their 
reference power and monthly energy data. 

Several tests have been carried out, considering one-
dimensional data with reference power only or energy only, 
and the 2D data with reference power and energy. The latter 
case is illustrated below. The kmeans clustering algorithm 
has been executed to form the groups. The rationale for the 
choice of the kmeans algorithm is its computation time, 
which has been found to be viable considering the size of the 
data processed (about 0.13 s for a single execution on a 
MacBook Pro laptop with 2.3 GHz Intel Core i9 8 core, with 
Matlab-coded solver). The initialisation of the centroids has 
been carried out by using the kmeans++ procedure [16]. For 
the size of the dataset used, other classical clustering 
algorithms such as the hierarchical clustering are affected by 
scalability problems and have not been tested, even though 
research for developing scalable versions of the hierarchical 
clustering algorithm is in progress [17]. 

Concerning the choice of the 2D features used for 
clustering, the following variants have been tested: 

a) Clustering with reference power and annual energy data,
executed with normalised and non-normalised features.

The annual energy has been calculated by summing up the
monthly energy during the year. The reference power is
the same for each month by construction of the dataset.

b) Clustering with reference power and monthly energy data,
executed for each month with normalised and non-
normalised features. The results obtained from the
application of the consensus clustering are also presented.

The exemplificative solutions shown in this section have
been calculated by considering K = 10 clusters. This number 
of clusters has been chosen to represent a reasonable number 
of partitions that may be useful to the DSO for creating the 
main user categories, leaving to further analyses the creation 
of more detailed groups inside each user category. 

B. Clustering with reference power and annual energy data

Fig. 2 shows the 2D mapping of the kmeans clustering
results obtained with non-normalised features. Table I shows 
the corresponding number of users belonging to each cluster. 

Fig. 2. Clustering results with K = 10 clusters with non-normalised reference 
power and annual energy input data. 

TABLE I. NUMBER OF USERS IN THE K = 10 CLUSTERS (NON-
NORMALISED INPUT DATA FOR REFERENCE POWER AND ANNUAL 

ENERGY) 

cluster #users cluster #users 

1 27889 6 3394 

2 2647 7 877 

3 9123 8 699 

4 122 9 152 

5 46 10 333 

Fig. 3 shows the two-dimension mapping of the kmeans 
clustering results obtained with normalised features. Table II 
shows the corresponding number of users results belonging 
to each cluster. The normalisation with respect to the 
maximum values of each feature implies some changes in the 
structure of the clusters, however, these changes are not 
drastically relevant for the users with high reference power 
and high annual energy, whereas more evident changes occur 
for low reference power and low annual energy. 

The numbering of the clusters in Fig. 2 and Fig. 3 has been 
obtained automatically, and no attempt has intentionally been 
made to renumber the clusters, because the groups created in 
each cluster are different in the two figures. Considering the 
number of users, some similarities can be observed. For 
example, the most numerous clusters (cluster 1 in Fig. 2 and 
cluster 4 in Fig. 3) are located at the bottom left of the figures, 
the less numerous clusters (cluster 5 in Fig. 2 and cluster 9 in 
Fig. 3) are the ones with high annual energy, and so forth with 
the other clusters. 

Fig. 3. Clustering results with K = 10 clusters with normalised reference 
power and annual energy input data. 
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TABLE II. NUMBER OF USERS IN THE K = 10 CLUSTERS (NORMALISED

INPUT DATA FOR REFERENCE POWER AND ANNUAL ENERGY) 

cluster #users cluster #users 

1 12400 6 138 

2 5126 7 360 

3 142 8 516 

4 23774 9 38 

5 1905 10 883 

TABLE III. CONSENSUS CLUSTERING RESULTS FOR K = 10 CLUSTERS 

(NON-NORMALISED INPUT DATA FOR REFERENCE POWER AND

MONTHLY ENERGY) 

cluster 
power range 

(kW) 
#users cluster 

power range 
(kW) 

#users 

1 0-8 14711 6 40-41 15 

2 9-11 9717 7 40-63 2054 

3 12-21 11288 8 62-64 28 

4 22-23 32 9 62-92 937 

5 23.5-41 5440 10 > 89 1060 

C. Clustering with reference power and monthly energy data

When monthly data are considered with the use of non-
normalised reference power and monthly energy, the 
executions of the kmeans clustering algorithm provide the 
results shown in Fig. 4. The evident result is that the grouping 
is mostly based on the partition into successive ranges of 
reference power. The reason of this outcome is that the 
quantities represented in the two dimensions are different (the 
reference power is about one order of magnitude bigger than 
the monthly energy in MWh), so that the partitioning is 
mainly based on the identification of the reference power 
levels. Such a result is not surprising, as it normally happens 
when non-normalised patterns have different numerical 
values for each feature. For the same reason, if the monthly 
energy were represented in kWh rather than in MWh (with 
numerical values of two orders of magnitude bigger than the 
reference power values), the clustering results would show a 
“horizontal” partitioning of the users into monthly energy 
ranges (these results have been obtained during the testing 
and are not shown here because of their obvious meaning and 
for space reasons).  

Starting from the individual monthly results, the 
consensus clustering has provided the results shown in Fig. 
5. The numbers of the clusters are not indicated in the figure,
and are sequentially reported in Table III, with very small
overlapping of the reference power ranges. Moreover, the
vertical scale of Fig. 5 reports the annual energy, for the sake
of comparison with the points of Fig. 2.

An interesting aspect of the results obtained in this non-
normalised case is that the partitioning of the reference power 
ranges is obtained by using information on both reference 
power and monthly energy, rather than on the reference 
power only. In this way, the definition of internal categories 
based on the reference power ranges is supported by a wide 
analysis based on combined features and consensus 
clustering. 

When the normalised features are used for clustering, the 
results for K = 10 clusters are indicated in Fig. 6 for the 12 
months considered individually (with values shown in kW 
and MWh for the reference pwer and monthly energy, 
respectively, even though the normalised values have been 

used in the clustering procedure), and in Fig. 7 for the results 
of the consensus clustering (with annual energy data 
indicated for consistency with Fig. 2 and Fig. 5). Moreover, 
Table IV reports the numbers of users for each cluster for the 
consensus clustering results.  

Fig. 4. Cluster partitioning for K = 10 clusters in the 12 months of the year 
with non-normalised reference power and monthly energy input data. The 
months are sequentially indicated by rows. Horizontal axis: reference power 
in kW; vertical axis: monthly energy in MWh.  

Fig. 5. Cluster partitioning from consensus clustering for K = 10 clusters with 
non-normalised reference power and monthly energy input data. 

Fig. 6. Cluster partitioning for K = 10 clusters in the 12 months of the year 
with normalised reference power and monthly energy input data. The months 
are sequentially indicated by rows. Horizontal axis: reference power in kW; 
vertical axis: monthly energy in MWh.  
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Fig. 7. Cluster partitioning from consensus clustering for K = 10 clusters with 

normalised reference power and monthly energy input data. 

TABLE IV. CONSENSUS CLUSTERING RESULTS FOR K = 10 CLUSTERS 

(NORMALISED INPUT DATA FOR REFERENCE POWER AND MONTHLY 

ENERGY) 

cluster #users cluster #users 

1 45130 6 28 

2 7 7 2 

3 1 8 6 

4 1 9 92 

5 11 10 4 

The partitioning into clusters for each month is 
qualitatively similar to the partitioning shown in Fig. 3 with 
normalised reference power and annual energy data, as the 
normalisation keeps the values in the two dimensions at the 
same order of magnitude. However, the results of the 
consensus clustering indicate the creation of a very large 
group of users and the isolation of very small clusters as they 
were outliers. This effect depends on the permanence of many 
users in the same cluster of other users for various months, 
that creates a cross-link effect among many users with 
relatively low reference power and monthly energy, while the 
small clusters contain users with higher values of the features. 
In this last case, there is room for further improvement of the 
strategy used in the consensus clustering procedure, with the 
aim of avoiding the creation of a prevailing cluster that 
contains the majority of the users. 

V. CONCLUSIONS 

The creation of the user categories carried out by using 
reference power and energy data from the point of view of the 
DSO has some peculiarities that makes it different from the 
creation of user categories conducted with the point of view 
of the retailer. The main difference is the type of data and 
information available from the users. On these bases, in this 
paper a new stage that contains the creation of the internal 
categories for all macro-categories defined a priori has been 
explicitly included in the overall procedure for load analysis 
and profiling.  

The main principles for conducting the creation of the 
internal categories have been presented, showing the results 
of applying some clustering procedures to a large dataset of 
low-voltage three-phase users. A specific contibution has 
been the formulation and application of a consensus 
clustering strategy for synthesising the results of individual 
clustering executed for each month into a single final result.  

From the cases explored, data normalisation and the 
consensus clustering strategy have a relevant effect on the 
clustering results. When the reference power values are one 
order of magnitude higher than the energy values, the internal 
categories are formed with reference power ranges. This 
result could be useful to obtain a reference power partitioning 
based not only on reference power inputs. 

The next step is to send the user partitioning based on 
reference power and annual energy (the most appropriate case 
obtained) to the stratified sampling of the internal categories, 
for determining the minimum number of users to monitor.  

Further extensions include the development of a refined 
strategy for consensus clustering, the testing of different 
clustering algorithms, and parametric analyses on the number 
of clusters. 
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