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Abstract
Electricity load forecasting has been an important risk management 
and planning tool for electric utilities. Load forecasting is 
necessary for economic generation of power. Classification of load 
pattern is an important task for load forecasting of customers and 
grouping them into classes according to their load characteristics. 
The different unsupervised clustering algorithms (modified 
follow-the-leader, k-means, fuzzy k-means and two types of 
hierarchical clustering) and the Self Organising Map to group 
together customers having a similar electrical behaviour. In the 
approach, all load curves of customers are first clustered with the 
clustering algorithms under a given number of clusters. This paper 
shows supervised and unsupervised algorithms for classification 
of electricity customers. 
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I. Introduction
In recent years, due to the rapid growth of economy and living 
standards, peak loads have grown faster than the average loads, 
the distribution side of the electricity industry has to face new 
challenges in providing satisfactory service to customers. Along 
with these challenges, there is the constant pressure for continuously 
decreasing the distribution service costs, which eventually reflects 
on the satisfaction of the supplied customers. At the same time, 
the distributor needs to provide these services with a fair revenue, 
in order to cover its distribution costs. The aim is to classify the 
load pattern of different types of customers. Conducting load 
pattern analysis is an important task in obtaining Typical Load 
Profiles (TLPs) of customers and grouping them into classes 
according to their load characteristics. When using clustering 
techniques to obtain the load patterns of electricity customers, 
choosing a suitable clustering algorithm and determining an 
appropriate cluster number are always important and difficult 
issues. Identifying the consumption patterns of the customers 
and grouping together customers having similar patterns may 
be significantly more helpful. The system load is a random 
non-stationary process composed of thousands of individual 
components. The system load behaviour is influenced by a number 
of factors, which can be classified as: economic factors, time, day, 
season, weather and random effects. The objective is utilization 
of electricity, developing Tariff on different types of electricity 
customers, Selection of generators. In the approach, all load curves 
of customers are first clustered with the clustering algorithms 
under a serial given number of clusters. Clustering methods that 
can be used for cluster analysis and clustering method may identify 
groups whose member objects are different. Implementation of 
load profile , classification of  load profile and the typical load 
profile generation of large electricity customers. This includes 
such characteristics as average load factor, utilization factor, and 
responsibility factor. These all can be calculated based on a given 
load profile. Conducting load pattern analysis is an important 
task in obtaining typical load profiles  of customers and grouping 

them into classes according to their load characteristics. When 
we are using clustering techniques to obtain the load patterns of 
electricity customers, choosing a suitable clustering algorithm and 
determining an appropriate cluster number are always important 
and difficult issues.
Many methods or techniques for clustering load curves have 
been proposed in the literature. Some clustering methods are: 
k-means [12-13], modified follow-the-leader [4, 8], average 
and Ward hierarchical methods [9], fuzzy c-means (FCM) [13], 
statistic-fuzzy technique [14], the self-organizing map (SOM) [13, 
15], Support Vector Machines (SVM) [2], and extreme learning 
machine [1]. Some hybrid techniques [16] have been proposed 
to improve the clustering effect.
The purpose of this paper is to survey and classify electric load 
classification techniques. Researchers had worked on to decide 
which clustering algorithm is best for classification of  load 
pattern analysis for different types of  electricity customers. They 
compared most of the clustering algorithms. 

II. Clustering Process
Web The classification of different types of electricity customers 
are achieved by applying clustering techniques, fig. 1, shows the 
flow chart of classification and load profile generation of large 
electricity customers which include the following basic steps:

A. Data Selection
The power consumption data of customers can be recorded by 
an automatic meter reading system with time periods in steps of 
15 min, 30 min, or 1 h. A preliminary data selection of customers 
can be carried out by geographical region and voltage level (high, 
medium, and low). The daily chronological load curves for each 
individual customer are determined for each study period (month, 
season, and year).

B. Data Cleaning
The load curves of each customer are examined for normality, 
in order to modify or delete the values that are obviously wrong 
(noise suppression). For example, we remove those daily load 
curves with 0 MW values and unreasonable load curves for known 
reasons (such as network failure or meter error). 

C. Data Reduction
The data reduction is done using previous knowledge about the 
way the loading conditions, like the season of the year and the 
type of weekday (working days or weekends), affect electricity 
consumption. Data are separated, according to the different loading 
conditions, in smaller data sets. To obtain a more effective data 
reduction, without loosing important information, the data from 
each individual consumer are reduced. This is based on the 
reduction of the measured daily load diagrams, corresponding 
to each loading condition, to one representative load diagram. 
These representative load diagrams are obtained elaborating the 
data from the measurement campaign. For each consumer, the 
representative load diagram is built by averaging the measured 
load diagrams. Each consumer is then described by one single 
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representative load diagram in each data set, for the different 
loading conditions. The diagrams are computed using the field-
measurements values, so they need to be brought together to a 
similar scale for the purpose of their pattern comparison. This can 
be done using normalization. 

D. Data Preprocessing
Clustering load curves are based on the shape of a load curve but 
not by absolute MW values, so the data should be normalized. 
Normalization is particularly useful for classification algorithms 
involving distance measurements. The different methods for data 
normalization are: min-max normalization, z-score normalization, 
and normalization by decimal scaling. In this paper, the data 
is normalized by z-score normalization [10]. The data were 
normalized in the range of (0, 1) by using as the normalizing factor 
the peak value . Following equations are used for normalizing a 
load curves.

NL =     (1)

     (2)    
where  and  are the mean and standard deviation, respectively, 
of attribute A.

Fig. 1: Flow Chart of Classification and Load Profile Generation 
of Large Electricity Customers

E. Load Curve Clustering
Various clustering algorithms are used to cluster the normalized 
load curves. Based on our observations that under a given number 
of clusters, the clustering results obtained from a multiple-run 
in most cases are different when using the same algorithm, the 
difference can be shown by the number of groups of the load 
pattern results. 

F. Customer Classification
Each load pattern contains a certain number of customers, no 
“empty” patterns exist. The customer classes can be obtained 
according to the load patterns. The typical load pattern for each 
customer can then be generated by the load curves belonging to 
the same load pattern; each typical load pattern is a centroid curve 
of a cluster of load curves connected with a load pattern.

II. Literature Survey
In 2004, G. Chicco, R. Napoli, et. al. proposed that Two 
approaches for customer classification—a modified follow-the-
leader algorithm and the self- organizing maps [3]. The two 
methods presented can effectively assist the electricity providers 
in performing customer classification. In 2004, Hong-Tzer Yang, 
Shih-Chieh Chen, and Win-Ni Tsai, proposed that DSM techniques 
[5] contribute to reshape the load curves and to reduce the peak 
demand of the utilities. In evaluating the performance of Direct 
Load Control (DLC) programs, an essential task is to classify the 
DLC curves into either the one complying with the program or 
not. To enhance the efficiency of clustering, k-means algorithm 
were employed for the final clustering of the prototype vectors 
derived by the SOM networks.
In 2005, V. Figueiredo, F. Rodrigues, Z. Vale, and J. B. Gouveia, 
proposed that an electricity consumer characterization framework 
[7] based on a knowledge discovery in databases (KDD) procedure, 
supported by data mining (DM) techniques. The core of this 
framework is a data mining model based on a combination of 
unsupervised and supervised learning techniques. Two main 
modules compose this framework: the load profiling module 
and the classification module. The load profiling module creates 
a set of consumer classes using a clustering operation and the 
representative load profiles for each class. the characterization 
of electricity consumers using historical data. A new and robust 
framework, based on DM techniques, to find relevant knowledge 
about how and when consumers use electricity.
In 2006, G. Chicco, R. Napoli, and F. Piglione, proposed that 
Sammon map, principal component analysis (PCA), and 
Curvilinear Component Analysis (CCA) [4] able to reduce  the 
size of the clustering input data set, in order to allow for storing   
a relatively small amount of data in the database of the distribution 
service provider for customer classification purposes. Clustering 
techniques are extremely useful for assisting the distribution service 
providers in the process of electricity customer classification on 
the basis of the load pattern shape.
In 2007, G. J. Tsekouras, N. D. Hatziargyriou, and E. N. Dialynas, 
proposed that Two-stage methodology[6]  that was developed for 
the classification of electricity customers. It is based on pattern 
recognition methods, such as k-means, Kohonen adaptive vector 
quantization, fuzzy k-means, and hierarchical clustering. In the 
first stage, typical chronological load curves of various customers 
are estimated using pattern recognition methods, and their results 
are compared using six adequacy measures. In the second stage, the 
customers’ classification is carried out by using the representative 
customer’s clusters being obtained in the first stage. The additional 
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contributions of this methodology are the following:
formation of the typical daily load curves for each • 
customer;
modification of k-means and fuzzy k-means, as well as the • 
proper parameters calibration, such as the training rate of 
AVQ, in order to fit the classification needs;
comparison of the performance of the clustering algorithms • 
in both stages by using the adequacy measures, especially 
the ratio of within cluster sum of squares to between cluster 
variation.

In 2008, A. H. Nizar, Z. Y. Dong, and Y.Wang proposed that new 
approach to nontechnical loss (NTL) analysis for utilities using 
the modern computational technique is extreme learning machine 
(ELM) [1]. Nontechnical losses represent a significant proportion 
of electricity losses in both developing and developed countries. 
The ELM-based approach presented here uses customer load-
profile information to expose abnormal behavior that is known 
to be highly correlated with NTL activities. ELM algorithm was 
faster than that of the SVM alternative in batch processing mode 
and that of the OS-ELM algorithm in online sequential learning 
mode. ELM and online sequential-ELM (OS-ELM) algorithms 
are both used to achieve an improved classification performance 
and to increase accuracy of results. The approach proposed in 
the present paper extends the research work to include more 
advanced data-mining techniques that deliver improved accuracy 
and efficiency.
In 2009, G. Chicco and I. S. Ilie, proposed that an original and 
effective application of support vector clustering (SVC) [2] to 
electrical load pattern classification. The proposed SVC-based 
approach combines the calculation of the support vectors, carried 
out by using a classical procedure adopting a Gaussian kernel, 
with a specifically developed deterministic algorithm to form the 
clusters. Its implementation is less computationally intensive than 
other existing approaches. The proposed SVC method is able to 
provide both a suitable retrieval of the outliers and a meaningful 
grouping of the remaining load patterns into classes.

III. Proposed Approach
Difficult to select number of clusters for huge amount of electricity 
data. In supervised algorithm, if the number of cluster size is less 
then it improve the classification rate. In this work, we focus on 
the k-means unsupervised clustering algorithm and support vector 
supervised clustering algorithm.
The classical k-means clustering [12] groups a data set of x(n) 
(n = 1, …, N) samples in k = 1, …, K clusters by means of an 
iterative procedure. A first guess is made for the K cluster centres 
c(k) (usually chosen in a random fashion among the samples of the 
data set). The K centres classify the samples in the sense that the 
sample x(n) belongs to cluster k if the distance || x(n) - c(k) || is the 
minimum of all the K distances. The estimated centres are used to 
classify the samples into clusters (usually by Euclidean norm) and 
their values c(k) are recalculated. The procedure is repeated until 
stabilisation of the cluster centres. Clearly, the optimal number of 
clusters is not known a priori and the clustering quality depends 
on the value of K. To improve the k-means algorithm include the 
concept of modified follow-the-leader. In modified follow-the-
leader The follow-the-leader [4] does not require initialization of 
the number of clusters and uses an iterative process to compute 
the cluster centroids. A first cycle of the algorithm sets the number 
of clusters and the number of patterns belonging to each cluster 
by using a follow-the-leader approach, depending on a distance 
threshold ρ. The subsequent cycles refine the clusters, by possibly 

reassigning the patterns to closest clusters. The procedure stops 
when the number of patterns changing clusters in a single cycle is 
zero. The process is essentially controlled by the distance threshold 
ρ, which has to be chosen by a trial-and-error approach.
Support vector clustering is based on the support vector approach 
introduced in [19]. The application of the SVC method does not 
require preliminary assumptions on the number of clusters, and 
operates with any shape of the data patterns. The SVC method 
is composed of two stages. The first stage is dedicated to the 
determination of the support vectors. The second stage handles 
the results obtained at the first stage to form the final clusters. 
The SVC method is able to provide both a suitable retrieval of the 
outliers and a meaningful grouping of the remaining load patterns 
into classes. The combination of unsupervised and supervised 
algorithm help to improve the classification of load profile of 
electricity customers. 

IV. Conclusion
The paper presents the procedure how to determine the typical 
load profile based on the clustering methods. Data normalization 
is also a very important issue in clustering techniques. Different 
normalization methods may cause different clustering results. 
In this work, we study the supervised and unsupervised clustering 
algorithm for classifying a load pattern of different types of 
electricity customers. In unsupervised algorithm less number of 
cluster improve the classification rate and in supervised algorithm 
the as large as number of percentage of testing data improve the 
classification rate of load pattern of huge electricity customers. 
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