U.P.B. Sci. Bull., Series C, Vol. 77, Iss. 2, 2015 ISSN 2286-3540

CLUSTERING BASED APPROACH FOR CUSTOMERS’
CLASSIFICATION FROM ELECTRICAL DISTRIBUTION
SYSTEMS

Gheorghe GRIGORAS', Elena-Crenguta BOBRIC?

The paper presents a clustering based approach for consumers’
classification in representative categories characterized by typical load profiles. For
determination of the consumption categories, every customer must be characterized
by the following primary information: daily (monthly) energy consumption, average
load and peak load. The used database contains the daily load curves corresponding
to the small customers from a rural distribution system from Romania. The obtained
results it demonstrated that the proposed approach can be used with the success in
building specific tariff structures of the customers or in the optimal operation and
planning of distribution systems.
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1. Introduction

The electric load in distribution system varies with time and place.
Therefore electric companies need by the accurate load data of the supply
customers for distribution network planning and operation, load management,
customer service and billing [1], [2]. There are several factors that influencing the
customer’s load:

. customer factor: type of consumption, electric heating, size of building etc;
. time factor: time of day, day of week, time of year;

. climate factor: temperature, humidity etc;

. other electric loads correlated to the target load;

. previous load values and load curve patterns.

For an electric customer, the behaviour is represented by a load profile
corresponding to the electric power consumption for every period of time.
Availability of such data depends on the type of customer. Generally, the small
customers (like residential ones) are poorly described since a communicating
meter is too expensive regarding to their consumption: for these customers there
are only a few points of the curve every year. For larger customers, a
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communicating meter is often available for many reasons: the billing is done
every month, the consumption is high and justifies the communicating meter
investment, a detailed record of consumption is necessary because prices depend
on the period. Analyzed load curves may correspond to individual customer
curves or to aggregates over an electric substation [2], [3].

Distribution system planners traditionally approach load modelling by
estimating maximum demand values in conjunction with coincidence factors at
various network levels. Although this approach has been adequate, it has several
shortfalls [2], [4], [5].

The typical load behaviour during off-peak periods is unknown.

. There are inherent inaccuracies due to the use of diversity and coincidence
factors which must be guessed or linked to billing information, if
available.

. Energy calculations, especially losses, are not very accurate.

. Voltages at various network positions are unknown.

. Load profile dependent initiatives such as Demand Side Management

(DSM) cannot be accurately modelled and evaluated.

Solving of these problems can be more efficiently using load profiles
associated nodes from electric distribution networks. The power required by
consumers is represented by time series, called load profile. Today, the concept of
"load profile" acquires a new dimension, due to modern ways of approach and
broad prospects for effective use. Load profiles are here assumed to be described
by the same number of points (24 points for a daily hourly measured curve). Each
profile is thus considered as a point in a p-dimensional Euclidian space (324 for
daily curves). The Euclidian distance is used as a measure of dissimilarity
between profiles. If this distance is not accurate, a preliminary process normalizes
the profiles so that the Euclidian distance becomes appropriate [2].

In the following, it presents an approach for determination of the
customer’s consumption categories and typical load profiles of the consumers
from these consumption categories, based on the clustering techniques. For
determination of the consumption -categories, every consumer must be
characterized by the following primary information: daily (monthly) energy
consumption, average load and peak load.

2. Clustering Techniques

Clustering techniques is the name of a group of multivariate techniques
whose primary purpose is to identify similar entities from the characteristics they
possess. The essence of clustering approaches is classification according to
natural relationships [5], [6].
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Clustering methods have as input a set of elements. An element (or feature
vector, observation, or datum) is a single data item used by the clustering
algorithm. These methods build a tree which approximates the similarities
between elements. These similarities many given in two ways:

. directly as a similarity or distance matrix between elements;

. indirectly: elements are described by some characteristics (attributes) and
similarity between two elements is defined according to the similarities
between the element characteristics.

The output of these methods is a tree where each leaf is an element and
intermediate nodes represent groups of elements.

The main task of the user when performing a clustering of elements is to
build a partition of the set of elements into some disjointed classes. This aspect
can be illustrated by graphic presentation of a bivariate example, Figs. 1 and 2.
Each point presents one element that has one value for characteristic X and one
value for characteristic Y.
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Fig. 1. Ungrouped elements Fig. 2. Grouped elements

For instance, if the set of elements is a set of customers, classes may
represent types of customers and aggregate may be the typical load profile for
each class of customers.

There are some clustering methods which directly build a partition of
elements (K-means method). K-means clustering is one of the simplest
unsupervised learning algorithms that solve the well known clustering problem.
The main idea is to define k centroids, one for each cluster so minimize an
objective function. The function is a squared error function. In this case the user
has to choose in advance the number of cluster and different trials are necessary to
find the right number of cluster.

Other clustering methods (hierarchical methods) provide different number
of clusters depending on the user.  So, the result of the hierarchical clustering
interpretation can be defined as follows:
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. A partition of the elements into classes. Each element is described by a
new characteristic which correspond to the class (an element belongs to a
single class).

. Each class is summarized by a label given by the user after a careful
interpretation of the characteristics of the elements belonging to the class.

3. Determination of the consumption categories

Because of the large number of small customers, sampling is the only
possible way to collect data. The problem is how the selection and the analysis of
the sample of customers should be made to finally get the most accurate load
estimates for practical network calculations.

In this context, the electric companies require a set of load curves to
represent all consumption classes. Deciding the optimal number of classes and the
type of load curve for one class is a complicated problem. The practical criteria
for determination of the consumption classes can be, [2], [5], [7], [10]:

. load curve variance in one class customers’class should be as small as
possible;

. number of classes should be representative;

. classes should be easily linked with the database of electric company.

In order to form the consumption classes, the whole set of customers can
be preliminarily partitioned into macro-categories defined on the basis of global
criteria: residential, commercial, industrial, etc, [8] - [10]. Inside each macro-
category, a refined classification can be identified by taking into account the daily
energy consumption, average load, and peak load. Finally the typical load curves,
corresponding to consumption categories are determined.

The proposed algorithm has the following major steps:

l. Customers Research: In this step a representative sample of the set of
consumers is identified, the most relevant attributes to be measured, the
cadence for data collection is defined. Finally the collected data is gathered
in a large database.

2. Data cleaning and Pre-processing: In real problems, like this, involving a
large number of measurements, spread over a large geographic area,
collecting data during a considerable period of time different kind of
problems will affect the quality of the database. The most relevant and
frequent are communication problems, outages, failure of equipment and
irregular atypical behavior of some consumers. The result will be a very
large database with problems like noise, missing values and outliers. This
data (after being cleaned, pre-processed and reduced) is used to obtain the
division of the initial data set in classes.
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3. Partitioned into macro-categories: The whole customer database is
preliminary partitioned into consumption categories defined by the activity
type: residential, commercial and industrial.

4. Classification: Inside each consumption category a classification into
more classes, in function by the daily energy consumption, average load
and peak load of the consumers is done. For realization of this
classification, the Ward method is used. For every consumer from the class
is determined the normalized load profile using a suitable normalizing
factor (energy consumption by the period). The typical load profile for
each class is obtained by averaging the values for each hour.

5. Assignation: Finally, to the each customer class is attributed a typical load
profile according to their consumption category.

4. Determination of the consumption categories

In our study, we have considered a database described by 87 load curves
corresponding to the consumers from a rural distribution network from Romania.
The analyzed database belongs the residential consumer -category. The
measurements of individual consumers load curves were performed using
electronic equipment. A sensor and an electronic device for pulse counting and
data storage compose this equipment. Every measurement is a curve of 24 hourly
points describing the behavior of a consumer during a day.

For each consumers were determined the daily energy consumption,
average load, and peak load. The consumers with missing values, outliers or
energy consumption equal with zero were excluded. For clustering process, only
74 consumers were eligible. Then, using the Ward method from the hierarchical
clustering methods, the customers were grouped in representative clusters. The
clustering process is represented by dendrogram from Fig.3.

The clusters are represented in Fig. 4 and their characteristics are
presented Table 1. The values of these characteristics are the medium values
obtained through averaging inside each cluster.

Table 1
Characteristics of the clusters corresponding to the consumers’ categories
Cluster No. Peak load | Average load | Daily energy consumption
consumers [kW] [kW] [kWh]
Cl 20 0.233 0.060 1.35
C2 15 0.313 0.089 2.05
C3 14 0.072 0.011 0.25
C4 21 0.605 0.138 3.08
C5 4 1.273 0.262 5.87
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Fig. 3. Dendogram obtained from clustering process using Ward method
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Fig. 4. The representation of the clusters obtained from clustering process

In the next step the load profiles corresponding to the consumers from
each category were normalized relatively to the daily energy consumption. Then,
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the average values corresponding for each consumer class were calculated.

These values transform the energy consumed by the medium member
(customer) of the class in average active power demanded by it. The typical load
profile for each class from the consumers’ categories is obtained by representation
of these coefficients, Figs. 5—9.
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Fig. 5. Typical load profile for cluster C1 Fig. 6. Typical load profile for cluster C2
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Fig. 7. Typical load profile for cluster C3 Fig. 8. Typical load profile for cluster C4
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Fig. 9. Typical load profile for cluster C5
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From the comparison of the typical load profiles, it results that a
classification of the customer’s categories is useful in view of the building of the
tariff structures, demand-side management, optimal operation and planning of
distribution system and so on.

5. Conclusions

In this paper a new approach, based on the clustering techniques, is
proposed for determination of the consumption categories of the customers.
Clustering techniques are extremely useful for assisting the distribution services
providers in the process of electric customer classification on the basis of
electrical characteristics (daily/monthly energy consumption, peak load, average
load). The obtained results on a database of rural customers demonstrated that the
methodology can be used with the success in building of the tariff structures for
the customers or in the optimal operation and planning of distribution system.
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