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Abstract

The Load Profiling and Research started way back in 1934 by AEIC (Association of
Edison [luminating Companies) for tariff design, planning, expansion, etc. With com-
petition and conflicting interests of various entities in the competitive market, these
exercises are now being considered essential tools by all players for survival and growth.
These activities involve the acquisition, processing and analysis of the massive amount
of data acquired continuously by load-serving entities. In this thesis, the load profiling
procedure is revisited, an improved partitional clustering algorithm is developed and
subspace clustering based approach ‘Time Aligned Subspace Clustering’ has been pro-
posed for better consumer behavioural analysis. The approach will be more suitable
for various demand-side management applications.

A Literature survey indicates that consumer end data is widely preferred for load
profiling. There are several developing countries like India, where automated smart
metering infrastructure is not well in place. Also, load profiling based on individual
household metered data have some ethical and security issues associated with it. Post
deregulation, there are many actors in the industry having the opposite positions on
market outcome. Further, each player is required to adjust its position as the real-time
load-generation balance has to be followed for system stability and non-compliance may
result in penalties. Thus, accurate knowledge of future demand is essential, and load
profiling and research are tools which provide pre-requisite information. These actors
can make use of this publicly available data to devise their strategies in the market.

The study has proposed and used distribution feeder data for load profiling, which

is made available in the public domain by many distribution utilities. Also, since
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the feeder data represents a combined consumption pattern of a particular area, the
outcome of profiling will help the utility to identify areas where Distribution System
Management (DSM) activities like load shifting, planning, expansion, etc. would be
more beneficial.

Load profiling is a process of grouping load curves of equal time interval based on
the similarity of shape. Thus, any algorithm suitable for time series clustering can be
adopted. Various load profiling methods suggested in the literature can be adopted, but
these require initial guess about a number of clusters. Except hierarchical clustering,
most of the algorithms are inherently iterative optimization programs. The algorithm
tries to decompose data-set into a set of disjoint clusters by optimizing specific criterion
function that emphasizes the local structure of the data. Among all the proposed
methods in the literature, the K-means and its variants are emerging as a leading
choice for load profiling.

The outcome of K-means is heavily dependent on the initial conditions, and it leads
to the convergence to sub-optimal solutions. The above limitation is addressed to some
extent by running the algorithm multiple times with different random initialization and
selecting the best outcome from the available solution. The mean pattern of all clusters
might look similar to some extent, but the members of clusters are not always unique
and change with each run. The effect is very significant if the data-set is big with
high dimensionality. All partitional clustering require initial guess about a number of
clusters. The initial guess regarding a number of clusters for load profiling is seldom
available.

Further, the conventional clustering algorithms do not scale well to cluster high-
dimensional data-set regarding effectiveness and efficiency because of their inherent
sparsity. This limitation of conventional clustering algorithms in dealing with high
dimensional data-sets has motivated the concept of subspace clustering or projected
clustering, whose goal is to find clusters embedded in subspaces of the original data

space with their associated dimensions. The existing subspace clustering methods



vii

have too many parameters, and and it is difficult to find optimal values of parameters
combination as per requirement.

The thesis has customized and developed a plug and play tool for load profiling
application by reducing stochasticity of K-means algorithm and using a g-Means algo-
rithm (a variant of K-means algorithm which does not require pre-requisite information
regarding the number of clusters and evaluate them from input data based on statis-
tical test). The proposed methodology requires one parameter, i.e., significance level
« to be specified as an input. Thus, eliminating the requirement of multiple runs of
clustering algorithms to finalize the number of clusters and their respective profiles.

The traditional profiling assumes that the behaviour of a particular class of con-
sumer represented by load profiles will be uniform throughout the day. However, the
clusters and their respective memberships may be different during different intervals
of the day. The thesis proposes the subspace philosophy of clustering for load profil-
ing application. The available subspace clustering algorithms require large numbers of
parameters to be specified as an input. It is difficult to find the optimal parameter
setting for load profiling application. A novel plug and play type "Time Aligned Sub-
space Clustering" (TASC) clustering algorithm suitable for load profiling application

(time series clustering) has been developed and proposed. .
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