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Abstract

Smart grids are equipped with advanced smart metering infrastructures that enable the
two-way communication between end-users and utilities and record the consumption data of
electricity customers. The gathered smart meter data have opened up possibilities for
analyzing the consumption behavior of customers and understanding the underlying factors
affecting it. However, the dimensionality of recorded data necessitates the use of data
analysis techniques to extract valuable information from the load profiles. In this regard,
this thesis utilizes various methods to analyze the consumption and survey data of
residential electricity customers.

In the first two chapters, the concepts of smart metering, residential customers’ load
patterns, and clustering of load data are extensively discussed, and a comprehensive
discussion of the extant literature is presented.

Chapter 3 presents a comparative study of five main clustering approaches including K-
means, fuzzy c-means, hierarchical, self-organizing map, and Gaussian mixture models for
load pattern segmentation. Various parameters of each of these methods are explained in
detail and their performances are compared using six cluster validity indexes. The obtained
results are analyzed to find out the characteristic load shapes among the load curves of
customers and to identify the main consumption patterns.

The problems of data deluge and residential DR establishment are addressed in Chapter
4 using a combination of symbolic aggregate approximation (SAX), as a suitable
dimensionality reduction technique, a clustering algorithm, and the entropy concept. The

use of SAX can assist in the clustering of residential load patterns, which usually display




high variability. Moreover, the results are utilized for ranking the customers based on their
stability in usage patterns over time which is beneficial for different DR programs.

In Chapter 5, both the consumption data and survey data of residential electricity
customers are used to find out the effects of the households’ socio-demographic attributes
and building characteristics on load patterns.

In Chapter 6, a combination of clustering algorithms and optimization models are used
to design TOU tariffs for electricity customers. The problem is modeled as a mixed-integer
linear programming problem with the objective of maximizing the profits of an electricity
retailer that participates in different market settlements. The stochastic programming
technique is used to address the uncertainties in future load and price.

Finally, in the last chapter, future directions in the analysis of smart meter data and the
clustering of load patterns are briefly reported. Furthermore, the proposals for future work

are elaborated in this chapter.

Keywords: Residential Load Data; Data Mining; Clustering; Demand Response;

Data Size Reduction; Time of Use Tariffs
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1 Introduction

1.1 Background and Research Question

The electricity industry has transformed dramatically in the last decade and embraced
various novel technologies in different sectors. The significant increase in the installed
renewable generation, the uptake of energy storage systems in large and small scales, the
introduction of electric vehicles, and the vast deployment of smart meters are among the key
technologies which directly affect electricity networks. There is an agreement that
customers’ load shapes, overall network demand, and the grid’s control and operation will
be greatly impacted by these advancements. However, these changes vary vastly based on
different factors including but not limited to specific network structures, geographical
locations, electricity tariffs, and government incentives. Specifically, residential sector, due
to its underlying characteristics such as the sensitivity to costs and incentives and the
comfort considerations, will exhibit a much more diverse behaviour by adopting such
technologies. Therefore, the research studies usually consider various scenarios to predict
the future domestic load shapes and the distribution network demand.

Among the mentioned technologies, smart meters will play an important role by
providing electrical measurements of the network at the customer-side, thereby, increasing
the visibility and controllability of the network. Enhancement of the power networks using
advanced metering infrastructure (AMI), measuring equipment, and smart devices is
expected to restructure the existing power grids into a cyber-physical system. Such a system

is not only able to carry power flow but can also transmit data for advanced measurement



and control applications. The backbone of this cyber-physical system are smart meters and
other sensory devices. Smart meters are specified with the sophisticated measurement,
control and communication capabilities that they possess. Compared to a conventional
energy meter, a smart meter includes measurement and calculation hardware, software, and
communication capabilities that measures the energy consumption of a consumer and
provides added information to the utility company [1], [2]. In the future distribution
networks, smart meters will be integrated with different home, buildings, neighbourhood
and wide area networks under different communication protocols [3]. They will be in
constant communication with distribution (data) management system (DMS) for providing
online information and receiving commands.

It is projected that the total number of installed smart meters will reach 780 million in
2020 [4]. As some critical studies pointed out [5], despite the ongoing rollouts, many
utilities are still unclear about the optimal route to extracting value from these large
investments. In North America, the main priorities are to use smart metering information as
a means to support outage management and increase grid reliability. On the other hand,
European utilities are more focused on consumer-related capabilities. Therefore, from the
analytics point of view, the smart metering data is still mostly an underutilized area of value
for existing deployments. However, it is becoming recognized as a strategic next step for
many utilities. Another problem arises from the dimensionality of the data. The growing
prevalence of installed SMs has resulted in the collection of consumption data at
unprecedented scales [6], [7] as the energy consumptions of customers can be recorded in
intervals of an hour or less. The rate and volume of these data not only outpace the

capabilities of traditional systems of companies but also require redesigning the business



models of them [8]. As the deployment of smart meters is increasing, the main question is
how to utilize such a wealth of hourly or half-hourly measured data to gain benefits for
various stakeholders in power systems.

The overwhelming amounts of data gathered by smart meters call for a powerful and
cost-effective information management system for data processing, analysis, and storage
and necessitate the use of proper data analytics tools and techniques to analyze the load data
[9]. The use of data mining techniques offers a variety of potentials within the power
systems [10]. It provides unique opportunities for academia to study the consumption
behavior of residential customers and understand its underlying affecting factors. On the
other hand, it opens up possibilities for utilities to offer new services such as customized
demand response (DR) programs or tariff structures to their electricity customers.

In spite of these potential advantages, in most companies, electrical engineers are not
familiar with the data mining concepts. It is a serious obstacle to successfully reap the
potential benefits of smart meter data. Therefore, one of the primary goals of this thesis is to
utilize a cross-disciplinary approach spanning engineering and data science to present a
systematic study for the use of smart meter data. The concepts and studies in this thesis are
mostly oriented toward the practical applications and the results can guide the energy sector
for implementations of the techniques in real-world scenarios.

In this thesis, we use different data mining techniques including the clustering and
classification algorithms. Clustering is a well-known unsupervised data mining technique
for segmentation of a data set by assigning its objects to a set of clusters [11]. It has
numerous applications in different fields such as market segmentation analysis, biology, and

social network studies. Classification is a supervised data mining technique that deals with



the categorical outputs or discrete class labels [11]. Classification is common in almost
every aspect of everyday life, for example, to assign customers, stores, documents, emails,
or any other type of instances into a set of known classes.

Along with the aforementioned data mining techniques, dimensionality reduction
methods, statistical tests, as well as optimization methods are also used in different parts of
this research. These algorithms are employed to cluster load data and analyze residential
consumption patterns, propose improvements for residential DR programs, investigate the
relationship between the household characteristics and consumption patterns, and design

customized time of use (TOU) tariffs.

1.2 Research Objectives and Scope

The aims of this research can be summarized as:

e Evaluating the current status of residential DR programs and the challenges they
face.

e Providing a detailed study of the benefits and applications of data mining
methods, especially clustering of load data, for power systems.

e Presenting a comparative study of different clustering algorithms for load data
clustering.

e Applying proper data size reduction techniques to deal with the dimensionality
of smart meter data as well as difficulties of clustering due to variability of
residential consumption patterns and to decide on the customers for various DR

programs.



e Identifying the relationship between the consumption patterns of customers with
the building features and household characteristics.

e (alculating customized TOU tariffs based on customer clustering.

1.3 Dataset

In this research, the initial aim was to use the data of the Australian project, “Smart
Grid Smart City”, which was completed in 2014. This dataset includes a large amount of
information from the Australian electricity customers. Unfortunately, due to privacy issues,
the website which was dedicated to this project was completely shut down. In this regard,
another suitable dataset, which has been used in various academic publications, was selected
for the case studies. This dataset contains the consumption as well as survey data of a large
number of electricity customers and is collected as a part of the smart metering trial project
that was carried out by Commission for Energy Regulation (CER) in Ireland [12]. In the

following, the characteristics of this dataset are briefly described.

1.3.1 Consumption dataset

This data set contains the half-hourly consumption readings of 6445 customers
consisted of 4225 residential consumers, 485 small-to-medium enterprises, and 1735 other
customers for a period of one and half years, started from 14 July 2009 (day 194) and
finished on 31 December 2010 (day 730). The original data is stored in 6 big text files in
which each data instance is identified by three values: meter ID, a five digit code identifying
the day and time, and the electricity consumption during 30 minute interval (in kWh) for the

specified meter ID and time.



In this research, the focus has been on the residential customers and hence, only the
data of these customers are used. It was observed that only 3639 customers have complete
data (25730 recordings). For 539 users, a day of data was missing. For these customers, the
missing day was identified and its consumption values were correspondingly calculated as
the average of the consumption values of the day before and the day after it. In this way, the
total number of customers with available data added up to 4178.

Furthermore, the correction of daylight saving time changes in spring and autumn was
carried out. Two days (25 October 2009 and 31 October 2010) had two more recordings and
one day (28 March 2010) had two fewer recordings and the data were modified accordingly.

The dataset is also divided into subsets based on the seasons. The seasons were chosen
based on the meteorological seasons in the northern hemisphere. For example, based on this
convention, spring starts on March 1 and ends on May 31.

Eventually, a year of data starting from 1 December 2009 and ending on 30 November

2010, which comprises of four seasons, was selected for the studies.

1.3.2 Survey dataset

The CER data set includes a survey data which provides significant information about
the characteristics of those households that had participated in the trial. The responses to the
questions are tabulated in a spreadsheet file. For the residential customers, the file has 4234
rows which specify the users with their unique ID and 143 columns which are dedicated to
the questions. It should be noted that the responses for some of the customers are not

recorded in the survey data. The total number of customers that are common in both datasets



account for 3148, whose consumption and survey data are accordingly used for relevant

studies.

1.3.2.1 Survey structure

All the responses are saved as numbers. For example, the question about type of the

home can take a value from 1 to 5 which defines the type as apartment, semi-detached

house, detached house, terraced house, and bungalow respectively.

The proper code was written to extract the data. First of all, the response to some of

questions should be inferred from different columns of the spreadsheet file. For instance, the

question asking about the income of a household is like this:

Can you state which of the following broad categories best represents the yearly

household income before tax?

Category Recorded answer
Less than 15,000 Euros 1
15,000 to 30,000 Euros 2
30,000 to 50,000 Euros 3
50,000 to 75,000 Euros 4
75,000 or more Euros 5

Is that figure:
Category Recorded answer
Per week 1
Per month 2
Per year

Can I just double check is that figure:

Category

Recorded answer

Before tax

1



Or after tax 2

So, the final response should be found out based on all the responses to these three sub-
questions.

From this large number of questions the most relevant ones were selected which fall
under one of these categories: the dwelling characteristics, household characteristics (socio-

demographic data), appliances, and attitudes and knowledge toward energy saving.

1.4 Software

R software which is a well-known data analysis software and Matlab packages are used
for the extraction of data, analyses, and depicting the results. In addition, General Algebraic
Modeling System (GAMS) is used for solving the optimization problems.
Various packages in R including the following ones are used for the studies:
= xlsx package: for data extractions, data reading, and data writing
= Cluster package: especially for K-means clustering (Chapters 5 and 6)
» biganalytics package: for applying K-means for large matrixes (over 1,000,000 daily
load shapes) (Chapter 4)

= Stats package: especially for hierarchical clustering (Chapter 3)

= kohonen package: for clustering with self-organizing map (SOM) and visualizing the
results (Chapter 3)

= NbClust package: for calculating cluster validity indexes (Chapter 5)

= nnet and broom packages: for classification analysis (Chapter 5)

=  MASS package: for Chi-squared test of independence (Chapter 5)



*  GoodmanKruskal package: for Goodman and Kruskal’s tau measure (Chapter 5)
= Corrplot package: for visualizing the results of correlation matrix (Chapter 5)

= ggplot? package: for plotting some of the figures.

Various M-file programs were written in Matlab environment, especially for developing
the codes for:

= (lustering analysis including K-means, fuzzy c-means (FCM), hierarchical, and

Gaussian mixture model (GMM) (Chapter 3)

= (Cluster validity indexes (Chapter 3)

= Symbolic aggregate approximation (SAX) technique (Chapter 4)

= Data size reduction using principal component analysis (PCA) (Chapter 4)

= Entropy calculation (Chapter 4)

= Depicting the results

Furthermore, in Chapter 6, the large optimization problem is modeled in the GAMS

environment.

The high-performance computing resources of Advanced Research Computing
Laboratory (ARCLab) at University of Technology Sydney are used for studies in Chapter
4, especially for analyzing the large matrixes. Also, the server facilities and optimization
solvers of Network-Enabled Optimization System (NEOS) are used for solving the

optimization problem.



1.5 Contributions and Organization of the Thesis

The main contributions of this research and the structure of the rest of the thesis are

briefly summarized in the following:

1.

The underlying concepts of residential consumption patterns, residential DR, and
residential load data clustering are thoroughly illustrated in Chapter 2. In this regard,
the affecting factors on consumption patterns are summarized and the high
variability of residential consumption, as a major problem when clustering the raw
data, is explained. Accordingly, the use of representative load patterns (RLPs), as the
most common practice in the literature for clustering the load patterns, is described.
In addition, the various challenges of residential DR, which are neglected in most of
the studies, are clarified. This chapter also explores in detail the integration of
clustering techniques in business intelligence (BI) systems of utilities and reviews
and demonstrates its benefits for power systems. In this respect, the applications of
clustering for load forecasting, defining DR programs, design of tariff structures,
classification of new electricity customers, detection of non-technical losses, and
defining new class load profiles are explained in detail.

In Chapter 3, the major clustering approaches for load pattern segmentation are
methodically explored and their applications are analyzed. Five major clustering
algorithms including K-means, fuzzy c-means, hierarchical, self-organizing maps
(SOM), and probabilistic and generative models and their relevant parameters are

investigated. These clustering algorithms are firstly compared by using the daily data
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of one customer and subsequently, the application of them for weekdays and
weekend RLPs of more than 4000 customers are investigated.

In Chapter 4, a modified symbolic aggregate approximation (SAX) technique is
utilized to characterize the variable time series consumption data of residential
customers. The parameters of the method including the time axis partitioning and the
number of alphabets are carefully investigated. By applying the SAX and a
hierarchical clustering algorithm, the characteristic consumption patterns of
customers are extracted. In addition, the entropy concept from information theory is
utilized to compare the customers based on their stability over time which can help
in establishing DR programs.

In Chapter 5, using a clustering and classification procedure, the relationship
between the consumption data and household attributes are specified. Firstly,
customers are clustered using their consumption data. The questions in survey data
are transformed into appropriate variables and the Chi-squared test of independence
and Goodman and Kruskal’s tau measure are used to find the correlation and
association among the variables. A multinomial logistic regression (MLR) technique
is utilized to link the household characteristics with the cluster memberships.

A combination of clustering and optimization algorithms is employed in Chapter 6 to
design customized tariffs for electricity customers. The proposed formulation uses
the models of day-ahead markets, forward contracts, and storage units as well as the
concepts of customer clustering, stochastic programming and risk to model the

objective function of an electricity retailer. The problem is further linearized and is
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represented through mixed-integer linear programming which is solved using off-
the-shelf optimization solvers.

Finally, the possible future trends in load data clustering and the suggestions for
future works are elaborated in Chapter 7. In this regard, the innovative methods such
as distributed, online, and time series clustering of load data along with the
applications of deep learning methods for load data analysis are briefly introduced to
guide the interested readers for the future work and practical applications. The main
directions for continuing the studies of the current research are also explained in this

chapter.
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2 Background and literature review
This chapter provides an introduction about the concepts of smart metering, residential
load pattern characteristics, and clustering which is necessary for understanding the
presented materials in the following chapters. Furthermore, it comprehensively discusses the

potential advantages and applications of clustering techniques for power systems.

2.1 Smart Metering

Smart meters are considered as the third generation of meters after the electro-
mechanical and electronic meters. They are specified with the sophisticated measurement,
control and communication capabilities that they possess [1], [3]. Generally, the
functionalities of a smart meter depend on the minimum functionality requirements which
are set by local regulatory authorities. It can include a wide range of tasks including
measurements, communication, monitoring, and execution of received commands from the
control center. As shown in Fig. 2.1, in the future distribution networks, smart meters will
be integrated with different home, buildings, neighborhood and wide area networks under
different communication protocols and will communicate with data management systems
for providing online information or receiving commands [13], [14].

The full-scale rollouts of smart meters will cost billions of dollars for countries which
in some cases hinders the utilization of smart meter projects. Nevertheless, the potential
benefits of the smart meters for the utilities, network, and customers have encouraged

authorities to continue their integration into distribution grids [15].
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Smart meter Communication interface Data Management System

@)

Home, Building, Neighborhood,
and Wide Area Networks

Fig. 2.1 Structure of smart metering system

In recent years, local authorities in different countries have issued various guidelines,
directives, and standards about smart metering. They provide a perspective about the future
expansion of smart meters in power networks and set policies for proper operation and
management of them. It is projected that the total number of installed smart meters will
reach 780 million in 2020 which is mostly driven by China as well as North America. Table
2-1 summarizes the trends of installations in some parts of the world [3], [4], [5, 16-18].

Most of these deployments are driven by government mandates as in the cases in China
and the majority of European countries. The market-driven approach is accepted as the main
force by other countries such as Germany and Japan. In some other places, a mixture of both
approaches has been tried. For example, in Australia, the smart meter rollout was mandated
in State of Victoria, which led to the replacement of 2.6 million of the traditional meters
with the new meters [19]. The negative public view of this compulsory approach and
technical shortcomings caused the other states to follow a market-driven approach [16], [5],
[20]. Table 2-1 summarizes the trends of installations of smart meters in different parts of

the world [3], [4], [5, 16-18].
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Table 2-1 Smart meters’ projected rollouts globally

Country Trend
Australia 2.6 million SMs in 2014 and additional 5 million by 2020.

China Plan for deployment of 300 million smart meters by 2015 and up to 380
million meters by 2020.

Japan Near 60 million smart meters will be deployed by 2020.

EU Enacting a mandate that requires utilities in all of its member states to

provide smart meters to 80 per cent of their electricity consumers by 2020.

France Plan for installation of a total of 35 million smart meters by 2020.

Italy Almost all of 36 million customers had smart meters installed by 2011.

Spain All meters for supplies of up to 15 kW have to be replaced by new meters
by the end of 2018.

UK Plan for replacement of all 30 million traditional meters in homes and

small businesses with the SMs between 2015 and 2020.

USA Near 52 million in 2014 and an estimated amount of 130 million installed

smart meters by 2020.

While the number of smart meters is increasing rapidly in power networks, various
regulatory concerns still exist regarding minimum functionalities of smart meters,
communication protocols [3], [21], and privacy and security issues [12], [22]. The other
main challenge arises from the volume of AMI data. The data sampling resolution of smart
meters is usually set to 15 minutes, 30 minutes, or 1 hour. Sampling, reporting, and
processing energy consumption at such rates, demands more complicated hardware and

software capabilities. This necessitates the use of data mining tools such as clustering to
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analyze the datasets and extract value from the large amount of recorded data. This aspect

will be discussed in more detail in this thesis.

2.2 Residential Load Shape Characteristics

The main characteristic of residential customers’ load patterns is that they usually show
high variability which makes them different from the industrial and commercial load shapes.
Consequently, two major problems should be tackled when studying residential load curves.
The first challenge is that electricity consumption patterns of two residents could be
significantly different. On the other hand, daily load patterns can be different even for the
same customer [22].

Different factors are responsible for the energy use of a dwelling. In general, they can
be divided into three main categories [23-25]: 1) physical determinants which are based on
the building design and environmental factors, 2) time of day, week or year, and 3)
behavioral determinants which are habit driven. The first factor shows the effect of building
design like dwelling type, insulation and heating devices, and local climate factors such as
temperature, humidity or solar radiation on the daily energy use of a household. The second
factor demonstrates the relationship between the diurnal, intra-day and seasonal variations
of electricity demand and the time of the week, season and year [26]. Typically a customer
shows different energy usage patterns over the weekdays, weekend and holidays, and on
different seasons. For example, it has been noted that there are some unusual peaks
occurring on specific days such as Christmas and New Year’s Eve/day and there are
increases in demand during the Easter holidays [27]. The third determinant, which is related

to individual consumer’s behavior and their everyday practices, accounts for a substantial
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proportion of household energy consumption [28]. Consequently, the load curves reflect the
energy usage habits of customers, for example, the pattern of using different devices [29].
Fig. 2.2 displays the typical energy curve of a household during a week. Fig. 2.3 shows

the variation of consumption pattern of this dwelling for all the days in different seasons.
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Fig. 2.2 Variability of the consumption of a household over a week
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As these figures demonstrate, the consumption patterns of a residential customer can
vary on a daily basis and can be largely affected by seasonal changes. Such behavior makes
the analysis of energy data of residential customers more difficult. Especially, it imposes
challenges to the clustering of customers into a certain number of classes since the daily
load curves of a customer might assign to many different clusters.

Instead of dealing with many daily curves which may considerably differ from each
other, a representative load pattern (RLP) can be defined and assigned to each customer.
The common practice in most of the studies in the power system literature is to first define
an RLP for each customer based on the whole recorded data and then apply clustering
techniques on these representative curves. However, as explained in Chapter 4, there are
alternative approaches that are able to reduce the dimensionality of data while preserving
the temporal characteristics of load data.

Stages of constructing an RLP are visualized in Fig. 9. Initially, a set of different
loading conditions are defined based on the user preferences, climate conditions, and other
affecting parameters. For example, a good choice is to divide the year into 4 or 5 seasons
[30], [31] and then define for each season two or three types of days like weekdays and
weekends. By considering 4 seasons and two types of days, 8 different data sets will be
available that can be assessed separately. This partitioning among different time periods
improves the clustering results since consumption patterns of a customer in different loading
conditions are usually different from each other. The daily load data of each customer in a
specific loading condition can be organized to represent the customer’s consumption by
means of just one load pattern [32]. To this end, the daily load patterns are combined

instant-by-instant based on a statistical criterion like mean or median to create a
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representative load diagram. Finally, the normalized representative load pattern of each
customer can be made by normalizing the original representative load diagram with respect
to a reference power which is usually assumed as the maximum value of the diagram [33].
All values of this normalized curve lie in the [0, 1] range. This allows the clustering of the

customers with similar load shapes into a class, regardless of the actual quantities of

consumptions.
Defining Loading Conditions For Each Loading Condition
Year segmentation Customer
" " r " 1 IM .. /\/\ Hour
it AN J T AN 4 —>
R v’ R e

7
v Day 1 Day k

>
>
I

>

Weekdays Weekends . Weekdays Weekends : .
1 2 n-1 n
P | Customer /\_
j o Hour
Loading Conditions 1 to n ; >
Day 1 Day k
Representative Load Patterns Normalized Representative Load Patterns
Customer Customer 1
1 II our 1 Hour
0 24 0 24

Customer Customer 1
i Hour j
]
3 l
N 7
0 24

Fig. 2.4 Construction of representative load patterns for electricity customers

19



2.3 Effects of New Technologies on Load Patterns

2.3.1 Renewable energy status

The share of renewable energy in power grids has been constantly increasing in the last
two decades. Just in 2019, 200 GW of renewable generation is added to the electricity grids,
increasing the total installed capacity to 2600 GW [34]. From 2012, the annual additions of
renewable resources have been higher than the combined additions of conventional fuel-
based and nuclear power plants. Table 2-2 and Fig. 2.5 report the latest data on the total

power capacity of each renewable technology worldwide [34] [35].

Table 2-2 Renewable energy capacity

Technology Total Installed Capacity (GW)
2018 2019
Hydropower 1135 1150
Wind Power 591 651
Solar PV 512 627
Bio-power 131 139
Geothermal power 13.2 13.9
Concentrating Solar thermal power 5.6 6.2
Ocean power 0.5 0.5
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Fig. 2.5 Annual additions of solar PV and wind power

As can be seen, most of this renewable generation is produced by utility-scale plants,
although the share of rooftop solar photovoltaic (PV) panels has been growing gradually.
Solar PV is the main renewable generation available for use by residential dwellings. At the
end of 2019, the total renewable production and PV generation accounted for almost 27 and
3 per cent of global electricity generation, respectively. In the 2018-2019 period, the solar
PV capacity had the highest increase among all renewables that can be attributed to different
influencing factors such as the price drop as well as governments’ incentives. Nevertheless,
different issues need to be addressed in order for solar PV to become a main source in the
electricity networks including defining proper regulatory frameworks, introducing support
schemes, and resolving technical barriers. Government policies such as feed-in premiums

are still the main driver of the global PV market [36].
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2.3.2 Storage systems

Electricity storage systems (ESSs) can benefit the electricity grids in various ways.
They include a diverse range of technologies with different characteristics and are generally
classified into: 1) mechanical such as pumped hydro and compressed air, ii) electrochemical
including various kinds of batteries, iii) chemical such as fuel cells, iv) electrical including
supercapacitors and superconducting magnetic coils, and v) thermal such as heat storage
systems [37].

ESSs have been deployed in large scales for grid applications such as backup power
and frequency regulation for many decades. In recent years, there has been an increasing
interest in ESS utilisation in smaller scales for example, for microgrids and commercial and
residential buildings. This interest stems from the advantages for customers including the
short-term power supply in case of system failure, storage of renewable generation surplus,
and arbitrage of electricity based on time of use (TOU) tariffs.

Batteries are seen as the most common ESS for future residential applications. Different
manufacturers now offer batteries for dwellings. Lithium-ion batteries are the dominant
battery technology for households with desirable features such as relatively high energy and
power densities and high efficiency. The price of batteries has decreased rapidly as shown

in Fig. 2.6 [38] [39] due to technology advancements and large-scale manufacturing.
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Unlike the solar PV, the battery storage installation around the world has shown mixed
results in the past years as it slowed down in some markets and increased significantly in
some others [34]. In Australia, 233 MWh of new home batteries were added in 2019,
expanding the total capacity of home batteries to an estimated amount of 1 GWh [40]. On
the other hand, countries such as Korea and China experienced a decrease in battery

installation growth compared with the previous years.

2.3.3 Electric vehicles

Electric vehicles (EVs) are seen as a promising technology for future green cities. The
EV market is expanding vastly in different parts of the world owing to the sharp decrease in
prices and the availability of a variety of models to the customers. There were around 7.2
million EVs on the world’s roads in 2019, showing an increase of 2 million units from 2018

[34].
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While the share of EVs in the global stock is still low (around 0.6%), the fast adoption
of EVs in upcoming years can cause serious challenges for electricity networks. Lithium-ion
batteries represent the most used technology in EVs. Currently, the average battery capacity
in EVs is around 45 kWh with some models offering a capacity as high as 100 kWh (for
instance, Tesla X) or even higher. This large capacity can put pressure on distribution
networks and cause congestions in some parts. At the same time, with the proper
management and aggregation, the flexibility of EVs in operating in different modes
including the grid-to-vehicle (G2V) and vehicle-to-grid (V2G) can be harnessed to support

the electricity networks.

2.3.4 Impact of newer technologies on load profiles

The introduction of newer technologies will affect different parts of electricity grids.
These impacts have been studied vastly by academia and industry. On the grid-scale, these
effects will be evident on the annual energy consumption, daily and seasonal peaks of the
network, and aggregated load shape of the grid. They may also disrupt the normal operation
of distribution and transmission networks for example, by interfering the protection
coordination and causing congestion, voltage rise, transformer overloading, and so on. On
the household level, the impacts will be mainly on the load shapes of the customers and
their energy costs. Here, we limit the discussion to the effects on residential users.

Normally, there is a need to define various scenarios in order to project into the future
and predict the probable changes in domestic energy consumption. Typical scenarios should
involve the level of PV, storage, and EV uptake, the inclusion of an individual technology

or a combination of technologies, and the customers’ preferences in using these devices, for
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instance, the EV driving and charging pattern and the attitude towards the cost saving.
Besides, other external factors such as the geographical location influence the conclusions.
For example, the PV generation level is directly affected by the location and climate.
Therefore, not surprisingly, different studies can reach different outcomes based on the
specific inputs and scenarios.

A) Effects of solar PV without the storage system

Using PV systems without the storage can decrease the daytime load of the dwelling
but does not affect the evening peak. As will be explained more in the next chapters,
different households exhibit different load patterns and can be classified into certain clusters
based on their consumption habits. Therefore, households with a peak happening at daytime
can benefit most from the PV system. Also, as indicated in different studies [41] [42], the
PV impact is directly related to seasonal changes. For example, some studies showed that
even with high penetration levels, the PV may not make any contribution to the network
daytime peak during the winter [41].

Besides the technical aspects of solar PV integration, another important question is the
customers’ willingness for its deployment. The cost/benefit analysis is needed when
predicting the implementation of PV systems by customers. It is shown that the cost-
effectiveness of PV systems for users is related to different factors such as the customer’s
electricity usage and energy consumption behavior, PV capacity, dwelling’s location, and
electricity tariffs [43]. For instance, a study performed for New Zealand network has
modelled different combinations of these factors and has shown that (in the defined
circumstances) only a small fraction of these cases can be cost-effective [44]. This is due to

the high initial costs and the low tariffs for exporting the excess PV energy to the grid. By
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changing these two factors in the next years, the authors have demonstrated that PV uptake
can increase to 40%. As mentioned, these studies are completely dependent on the specific
scenario and differ among different countries. Overall, it can be concluded that in many
parts of the world, the government incentives are still necessary since the upfront costs and
relatively long payback periods might hinder the PV implementation by households [34]
[35].

B) Effects of electric vehicle

EVs have the potential to cause great changes in demand. Modelling the impact of EVs
on load profiles is difficult since it is largely dependent on the customers’ behavior.
Different approaches are proposed for EV modelling. Three key factors are important when
considering the effect of EV on load shapes including the charging location, the charging
need, and the charging moment [45]. The charging location can be the residential buildings,
workplaces, shopping centers, or specific charging stations. The charging need refers to the
amount of energy that EV needs when it is connected to the grid which depends on the used
energy during the driving. Modeling this aspect has been done in different ways, for
example, using probabilistic distributions. The charging moment can be modelled as either
the start time of the charging or the charging duration i.e. the period that EV is connected to
the grid. Again, various methods are proposed for modeling this EV aspect. For instance,
the EV can be charged immediately after the journey which might coincide with the
customer/system peak or be charged at off-peak periods (lower electricity prices).

The EVs can also act as unidirectional or bidirectional based on their ability to feed the
energy back into the grid. Additionally, many proposals are suggested for the aggregation of

EVs for grid-support applications such as the frequency regulation or demand response
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programs. Therefore, customers may participate in such programs which in turn will affect
their charging patterns.

Overall, the effect of EVs on the network and an individual household depends on the
mentioned factors. For the grid, there is a possibility of large demand increase, power losses,
overload, etc. if the EVs charge/discharge patterns remain uncontrolled [43].

C) Effects of storage systems combined with solar PV

Home ESSs are mostly used in combination with solar PVs. They have this potential to
significantly alter the household’s load curve by storing the energy provided by solar PV
and the grid and releasing this energy when it is needed. Selecting the best sizes of Solar PV
and ESS for a household depends on the household’s socio-demographic features (such as
young adults, older family, retired, big energy user, etc.) as well as their energy usage habits.
For example, an optimal choice for a family with 20 kWh average usage per day can be a
solar PV and a battery with the sizes of 5 kW and 3.5 kWh, respectively [46].

The charge/discharge strategies of batteries can be done in different ways based on the
defined goals, although, the control analysis and predictions are less complicated compared
with EVs. Three main strategies can be defined with these goals: 1) to smooth the
household’s load, ii) to achieve the highest profit, and iii) a combination of the first two
strategies. In the first case, the battery acts with the purpose of flattening the load curve by
discharging in household’ high consumption periods (above a certain limit) and charging in
low load times (below the certain limit). While this strategy partially benefits the customer,
it is advantageous for the network as well by reduction of peak load. The second approach

maximizes the customers’ profit by considering electricity prices. The hybrid strategy is a
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combination of these two approaches in which the ESS discharges when the dwelling load is
above the limit and charges during low-price periods.

In addition to control strategies applied within a home, there have been initiatives for
the utilization of household batteries in an aggregated way. For instance, a prototype of a
virtual power plant consisting of 1000 residential and business premises was established by
AGL company in South Australia [47]. In this project, the solar battery ESSs are managed
on a cloud-based system and form a 5 MW power plant. In such schemes, the
charge/discharge of batteries can be done based on the system needs and/or for the
maximization of the overall profits of participants.

The use of home ESSs even with solar PV is not still considered a cost-effective option
in many parts of the world due to high prices of batteries. For example, in Australia, the
total costs of the battery system, inverter, supporting hardware, and installation is generally
around 10008 per kWh. Ref. [46] presents a cost/benefit analysis for the utilization of
batteries in the Australian framework. It categorizes households into three different groups
based on their consumption levels and analyses the cost-effectiveness of the combined
solar/battery system for different flat and TOU tariff structures currently available in
different states in Australia (48 scenarios in total). As per 2020, this analysis suggests that,
except for one special case in Western Australia, none of the other scenarios makes the
financial sense since the payback period is almost the same as the lifetime of the battery.

It should be noted that the other storage systems such as the heat storage have been also
implemented in the residential premises. Some of these technologies offer a proper solution
for storing excess PV energy. However, they are less controllable compared with the

batteries.
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The methods that are suggested in the next chapters could be applied for both the
households equipped with the discussed technologies and the dwellings without them. In the
bigger picture, these technologies will be used along with the smart meter data and AMI
facilities to achieve smarter grids. Such structure will use renewable generations at the
household level, residential storage systems, EVs flexibility, demand response programs,
and the two-way communication using AMI to flatten the load curve of the system and

achieve greener networks with lower emissions and higher efficiencies.

2.4 Load Pattern Clustering

2.4.1 Clustering concepts

Clustering is an unsupervised data mining technique that enables the determination of
intrinsic patterns in data sets. The main aim of clustering is to partition data instances
(objects) of a data set into a number of groups (called clusters) which are as similar as
possible. Objects belonging to a cluster are more similar to each other than to those in other
clusters. Therefore, the ultimate goal is to achieve high intra-cluster similarity and low inter-
cluster similarity.

Expressing mathematically, a data set S which has n records (observations) can be
partitioned into a set of K clusters Cy, C5, ..., Cx that do not intersect (however, this
assumption is sometimes violated when the soft clustering is applied) and the union of them

is equal to the full data set as shown in (2.1):

s=Uk.c, and CCNC =0 for i #j (2.1)
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2.4.2 History of electricity customer clustering

In the power system domain, utilities and system operators are interested to classify the
electricity users into distinct groups as it offers advantages in decision making and control
of power network. However, this trend was naturally limited in power system studies as the
system operators and researchers did not have access to the fine grained consumptions of
the customers. Before the widespread availability of AMI data, little information about each
household’s consumption or energy use habits was available. The monthly usage of each
household and some fixed information such as voltage level and nominal demand were the
main sources of information for categorizing the households. On the other hand, utilities and
researchers also conducted in-home surveys in order to evaluate the effect of various
variables on consumption patterns. These variables could be categorized under one of these
elements: dwelling characteristics, demographics and socio-economic factors, habits of
energy use such as consumption timing, attitudes toward energy use like level of concern
toward energy conservation, knowledge about electricity consumption, and energy
efficiency goals. Table 2-3 summarizes these elements which are usually addressed in the
questionaries and the most important variables for each of them [48-52].

Based on those available data, it was a common practice among distribution companies
to define a set of classes and assign each customer to a specific class. For example, Pacific
Gas and Energy Company (PG&E) segmented its residential customers into eleven clusters
using a broad range of attitudinal and demographic variables [53]. In another attempt, 46
different customer class load profiles were defined by Finnish Electricity Association for
categorizing customers in residential, agricultural, industrial, and services sectors [23], [25].

18 of these load curves are for the residential users and each customer is attached to a
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specific load curve which is used as the base for billing and electricity distribution planning
[23], [25].

Such approaches were inherently inaccurate as they did not have access to the real
consumption data of customers. Installation of smart meters has fundamentally changed this
situation. Nowadays, the fine-grained measurements are available in a large scale for tens of
thousands to millions of users and moreover, they are accessible for successive years. As a
result, the customer categorization can be achieved by implementing appropriate clustering

techniques which are applied on the load data of the customers.

Table 2-3 The most important variables of in-home surveys

Elements Variables

Number of occupants / Age of dwellers / Presence of children or elderly

persons / Income / Education / Employment situation of residents /

Demographics Information and communication technology
o . Dwelling type / Size of home (number of rooms) / Age of home / Insulation /
Building design ) . .
(Dwell Heating devices / Home appliances / Presence and number of compact
welling _
o fluorescent lamps (CFLs) installed
Characteristics)
Thinking about ways to save energy / Thinking about ways to control energy
cost / Level of concern about energy or conservation / Strength of link
, between efficiency and environment / Effect of high energy use on global
Attitude

warming / Thinking about local energy issues / Paying more for

environmentally friendly products / Desired comfort levels
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Habits

Knowledge

Energy efficiency

goals

Consumption timing (day, night, etc.) / Reducing temperature in unused
rooms / Washing machine: full loads or using cold water / Full dishwasher or
air dry dishes / Turning off or using minimum lights / Turning off water
heater if away / Dressing warmer at cold weather or keeping thermostat at
lower degrees / Leaving windows open for ventilation in winter / Regularly

reviewing energy use

Aware of ways to save energy / Aware of energy efficiency and DR programs

/ Know where to get renewables information

Replace major appliances with Energy Star or energy efficient ones /
Maintenance of devices for improving efficiency / Set thermostats for
efficiency / Replace bulb or fixtures with energy efficient ones / Install

insulation or windows

2.4.3 Stages of load pattern clustering

Stages of electricity customers’ clustering is summarized and depicted in Fig. 2.7.

These stages are as follows:
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Fig. 2.7 Stages of load pattern clustering
Electricity consumption data gathering: The first step includes the collection of the
consumption data of electricity customers. Like any other practical world data gathering, a
pre-processing is needed to discover the missing (incomplete) or bad data in the data set.
The missing data can be repaired at this stage by using different techniques like regression
methods or can be handled by special ways as a part of clustering stage [11]. A customer’s

data may also be corrupted by the noise or by the occurrence of uncommon situations like
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anomalous days or unexpected failures. Consequently, elimination or replacement of bad
data is another essential pre-processing step.

Data size reduction/feature definition/ feature extraction: In some cases, before the
main clustering stage, the collected smart meter data are processed in some ways to reduce
the scale of input data or to define more meaningful features for categorizing the customers.
This preliminary stage can be categorized by feature definition (expert knowledge-based
feature extraction), feature extraction, and dimensionality reduction techniques. These
methods are described in Chapter 4.

Clustering stage: Use of proper clustering techniques and accurate selection of
parameters is vital in this stage; although, it depends on various factors such as the size of
available data, the final goal of clustering, on-line or off-line clustering, the analytics and
computational facilities, and user preferences. Sometimes more than one clustering method
may be applied to the load patterns, and final results will later be compared to attain the best
results. Furthermore, a combination of different clustering techniques is also possible to
speed up the process or to obtain better outcomes [54]. We will discuss the main clustering
techniques and their relevant parameters in Chapter 3 and study their applications for load
data segmentation.

Clustering performance assessment: Since the clustering of a data set is an
unsupervised process, it is not very clear how to assess the quality of the resulted clusters in
an objective way [11]. Intuitively, a good clustering method must ensure that each cluster is
compact and different clusters are widely separated from each other [55]. Usually, various

clustering validity indexes (CVIs) are used to evaluate the clustering results.
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Formation of customer classes: This stage represents the post-processing of the
formed clusters, mostly based on the real-world scenarios. For example, the final number of
clusters cannot be more than a certain number if the final goal of clustering is to define
cluster-specific tariffs or to apply DR programs. So, the number of customer segments
should be specified by the ultimate user like the retailer or DR aggregator. In this case, some

clusters that have similar patterns may be consolidated [53].

2.5 Literature on Clustering of Load Data

Many clustering algorithms are proposed in the data mining community, and for each
method, different variations are developed. In the power system literature, some of these
techniques have been applied to load patterns of customers.

In the following, a review of the most important works from the literature is presented.
Table 2-4 reports these clustering methods and the corresponding references.

K-center family methods are by far the most common approaches used in the literature.
Ref. [56] utilizes the electricity consumption usage of 103 residential dwellings with the
time resolution of 1 minute. The data are firstly averaged over each hour to build up the
hourly load profiles and a RLP is created for every home for each season of the year. K-

means is applied to partition the dwellings into two clusters for each season.

Table 2-4 Clustering methods for load data clustering

Method References

K-means [6] [53] [32] [57]1 [58] [59] [33] [60] [61] [62] [63] [64] [56] [65]
[66]

FCM [6] [67][32] [57] [59] [33] [60] [64] [68] [69]

Hierarchical [70] [32] [59] [54] [33] [30] [60] [64]
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SOM [6][71][72] [58] [33] [60] [61][73] [74][75] [76]

Model-based [48][70] [27][77]
approaches

Other methods

K-medoids [29] [58]
Adaptive K-means [78] [22] [54]
K-Shapes [65]

Follow the leader [32][79] [57]
DBSCAN [80] [81]
ISODATA [82]

Optimum-path forest [83]

A similar procedure is followed in [62], where the data of just working days are used.
An improved FCM is used in [67] to cluster the electricity consumption data of one month
of 938 households in China. FCM is also applied along with the K-means and hierarchical
algorithms to the consumption data of a group of South Korean high voltage customers [59].

Ref. [84] uses a fuzzy Gustafson-Kessel clustering for identification of non-technical
losses. This clustering method can be seen as an extension of regular FCM in which
Euclidean distance is replaced by a dissimilarity measure that results in hyperellipsoidal
clusters. This method can provide greater flexibility for the shape of clusters.

Clustering of a set of LV substations in the United Kingdom is performed in [30] using
a hierarchical algorithm. 15 different loading conditions are considered by dividing the year
into 5 seasons and 3 types of days.

Clustering with SOM has been done in several studies. In [71] an SOM-based

clustering of Finnish electricity consumers is presented. The aim is to introduce a visual
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data mining driven application to exemplify the potentials of real-time business intelligence
for electricity companies. In [74], besides the annual electricity usage, various physical
characteristics and property features are used for the clustering. On the other hand, an SOM-
based methodology used in [73] to segregate customers based on three different sets of
indices: information on the clients’ climate areas, quantitative information extracted from
daily load patterns, and quantitative and qualitative information obtained from
questionnaires.

GMM models are recently used in some studies to cluster electricity customers.
Labeeuw et al. [48] analyze the electricity demand of 58 households. They favour a GMM
approach to K-means, FCM and hierarchical algorithms because of the smoothing effect of
GMM and the need for data upsclaing. Moreover, GMM is used for segregating 3600
residential customers [27] and its performance is compared with K-means [77] and
hierarchical and K-means methods [70]. A few other algorithms such as adaptive K-means
[78] [22] [54], follow the leader [32] [79], k-shapes [65], and density-based spatial
clustering of applications with noise (DBSCAN) [80] [81] have been also used in the
literature for clustering of load data.

K-means method needs to determine the number of clusters before running the
algorithm. Instead of trying out several candidate values for K, an adaptive K-means
algorithm can be utilized to determine the final number of clusters during the cluster
formation process [85]. This algorithm starts with an initial best guess k = k,, but permits
changing it on the go whenever it appears too large or too small for a given dataset [11].

Kwac et al. [54] proposed a clustering methodology which combines adaptive K-means and
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hierarchical clustering. Firstly, adaptive K-means is applied to segregate customers to a
large number of clusters. In the next stage, a hierarchical clustering merges those clusters
that are highly correlated.

Fahiman et al. [65] compare the performance of K-means with a newly introduced
clustering method called K-shapes algorithm to cluster several thousands of dwellings. K-
shapes considers the shape of time series during clustering rather than treating the
observations as independent attributes. It consists of three main components [86]: 1) a
shape-based distance measure which is based on a cross-correlation measure, 2) time series
shape extraction which defines a centroid based on an optimization problem, 3) shape-based
time series clustering which clusters time series data based on the last two steps. The
authors claim that K-shapes significantly outperforms the K-means with respect to
clustering accuracy.

DBSCAN technique clusters those observations which are closely packed together and
specifies the data points in low-density regions as outliers. This technique is employed in
[80] for clustering customers’ load patterns and designing customized tariffs for each
household based on its dominant load pattern. Ref. [81] uses an adaptive DBSCAN to find a
typical consumption pattern in each season for each individual customer. K-means is then
applied to group these typical load curves into several clusters.

Biclustering techniques are used in [87] to analyze the building consumption data. The
biclustering allows simultaneous clustering of both the observations (buildings) and features
(days). The proposed method obtains subgroups of buildings that exhibit a similar

consumption pattern during a specific time period.
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Furthermore, Markov model is used in [22] to capture the dynamics of the load data and
transfer the large data set of load curves to some state transition matrices which are used for
clustering. Ref. [52] suggests that when weather effects are accounted for, household
consumption is solely based on the occupancy. Here, occupancy refers to socio-
demographic factors and the lifestyle. A hidden Markov model (HMM) framework is
utilized to infer the occupancy states from consumption data. Spectral clustering is used to

segment the collection of HMMs.

2.6 Clustering Applications in Smart Grid Environment

The availability of consumption data offers unique opportunities to electricity
companies to recapture the investment costs of AMI systems and to gain benefits through
new services. However, to make use of such opportunities, data analytics tools and
techniques need to be implemented in the business intelligence (BI) systems of electricity
companies [88], [71]. BI includes applications, technologies, and processes for gathering,
storing, accessing, and analyzing data to help end users make better decisions [89]. The
introduction of smart meters has opened up possibilities for companies to design various BI-
enabled business applications such as billing, tariff designs, and DR programs. Moreover,
these systems can integrate measured energy consumptions with the other data such as
demographics of customers as well as external data like market prices or weather
information to improve network operation, define new services, and benefit power
companies [71]. Fig. 2.8 illustrates such a structure including the BI system. As this figure
shows the data mining tools, specially clustering techniques, can be included in the BI

systems for defining innovative business applications.
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Fig. 2.8 Architecture of BI systems of companies

Despite the considerable advancements in the clustering of load patterns and the recent
publications which have explored the different applications of clustering of load data, there
is not any comprehensive study which summarizes and analyses these applications in power
systems. The previous publications in this area either reviewed merely the clustering of load
patterns [32, 55, 90] or briefly discussed some of the applications that can be facilitated by
clustering techniques [88], [2], [91]. In this regard, this section tries to fill this gap by
highlighting the major applications that can be established by including the clustering
techniques in the BI systems of companies. Each of these applications is described in detail,
with appropriate studies from the literature being reviewed. In addition, in each section,
characteristics of many projects/trials/studies, which have been conducted in various
countries and which utilized clustering techniques for mining load data, are summarized and

reported.
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2.6.1 Load forecasting

Load forecasting has always been an important issue for power system operation and
planning. Energy consumption prediction can be categorized by very short-term [78], short-
term [92], medium-term [93], and long-term load forecasting for different time horizons.
Short-term forecasting is critical in unit commitment, task scheduling of both power
generation and distribution facilities, and DR applications [94], [95]. Therefore, accurate
estimate of the electric load is essential for electricity providers and system operators. Any
error in this forecast might result in electricity shortage and reliability issues. On the other
hand, accurate forecasts allow utilities to operate at lower costs and save considerable
amounts of money each year. Also, decision makers need to forecast the load in the long-
term for planning and expansion of the network.

The prediction of the load at a specific time t in the future depends on a weather
independent component containing trend, seasonality and calendar effects, and a weather
dependent component that shows the effect of variables such as temperature and cloud
cover [96]. A wide variety of forecasting techniques have been proposed in the last two
decades including regression techniques [97], time series models such as auto regressive
with moving average (ARMA) models [98], support vector machines (SVM) [99] and
neural networks [100], [101].

The aforementioned techniques have been typically used at large scales, for example,
for forecasting the load of an entire region or even a country. So, the predictions are made
based on the aggregated data which comprise a large number of households. The global

rollout of smart meters has created new opportunities for further improvement of electric
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load forecast accuracy [94], [65]. In this regard, cluster-based load forecasting can be used
to divide customers into classes with similar consumption behaviors and perform
forecasting for each cluster of customers separately. This method has obvious advantages in
comparison with two extreme approaches that have been previously considered in the
literature [65], [101]: (1) completely aggregated method which aggregates the energy
consumption of all households into one time series (the aggregate consumption) and uses
this accumulated data for forecasting, and (2) completely disaggregated method that
forecasts the energy consumption of each individual household separately, and then adds the
individual predictions to obtain the prediction at the aggregated level. The latter approach is
complicated as the consumption of a single household is highly variable and fluctuates
widely. The former method, on the other hand, can be improved if more information of
individual customers’ load changes will be considered in the forecasting process. The
clustering-based approach allows cancelling out the individual variations in consumption by
aggregating the load in each cluster, and enables achieving higher accuracies in the
prediction by applying forecasting methods on each class separately. Furthermore, it is
possible to apply different forecasting techniques for different clusters. The structures of

these methods are shown in Fig. 2.9.

42



Customer 1 7 Customer 1
Customer 2 D Cust D d
. emand ‘ustomer emarn
—> z Forecasting z
Customer n Customer -
—_ F t
!
(a) ®)
Customer 1 Cluster |
Ng Y—>{ » }—> Forecast }|—> Demand
Customer g s —— Forecast }—>
: Clustering . ; : z
Customer n Cluster K
> —{ » }—>| Forecast I—P‘

(c)

Fig. 2.9 Different methods for load forecasting: (a) Completely aggregated. (b) Completely disaggregated.

(c) Clustering-based forecasting

The recent studies on cluster-based load forecasting can be categorized according to
their feature set selection methods, clustering techniques, and the applied prediction
methods. Table 2-5 summarizes the accomplished studies and their specifications.

The analysis in [101], which uses various forecasting algorithms including support
vector regression (SVR), linear regression, and multi-layer perceptron for one hour- and 24
hour-ahead forecast, confirms that cluster-based approach displays better results if a suitable
number of clusters are selected and the size of the customer base is large enough.

The load forecasting of the distribution system of a district in China is presented in
[102] using a combination of spatial load forecasting and clustering analysis. The
distribution network under study is divided into small regions called cells and the load is

predicted for each cell using different forecasting algorithms and partitioning method.
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Table 2-5 Studies that used clustering techniques for the improvement of load forecasts

Time
. . . Load forecasting .
Ref. Sample Size Dataset resolution Clustering method thod Descriptions
metho
(minutes)
Use of a weighted
3176 Traditional neural summation method
[65] residential CER (Ireland) 30 K-means & K-shapes | networks & deep neural | based on the number
consumers networks of members in each
cluster
Max-AC (maximize
the autocorrelation of
the energy
consumption of the
clusters) Seasonal ARIMA
7% Min-Stdev (minimize | Linear Regression
[101] CER (Ireland) 30 the fluctuation in the
customers )
clusters’ energy Multilayer Perceptron
consumption)
SVR
Max-Sim (maximize
the similarity among
customers within a
cluster.)
Online clustering
50 smart .
[78] N/A 15 algorithm ARIMA
meters
General forecasting .
2309 Pre-processing of
. . . . method employed by o
[96] industrial France 60 Hierarchical . individual customer
French Electrical .
customers load data using WT
Company
A periodic
~ 6000 Kernel spectral autoregressive model Comparing different
[103] CER (Ireland) 30 . . .
customers clustering with exogenous distance measures
variables (PARX)
3176 Examines three
[94] residential CER (Ireland) 30 K-means Neural Network representations of
customers data for clustering
1st dataset:
Consolidated
. 1st dataset:
Edison Company 15
of New York,
[8] N/A | K-means Neural networks
nc.
2nd dataset:
30

2nd dataset: CER
(Ireland)
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Table 2-5 Studies that used clustering techniques for the improvement of load forecasts

1st dataset:

5066
. . 1st dataset: Low Triple exponential
residential Ist dataset: .
Carbon London smoothing
consumers X 30
project
Recursive partitioning Evaluating various
2nd dataset: 2nd dataset: L . .
2nd dataset: CER Partitioning around regression tree representations of
[104] | 3639 30 . .
. . (Ireland) medoids (PAM) data prior to
residential .. . .
Conditional inference clustering
consumers 3rd dataset:
3rd dataset: 15 trees
Slovak electricity
3rd dataset: .
consumption data Random Forests
3630
consumers
1st dataset:
3639
. . 1st dataset: CER ..
residential 1st dataset: Seasonal naive method
(Ireland)
consumers 30
Multiple Linear Examining different
2nd dataset: .
2nd dataset: o 2nd dataset: Regression model-based
Slovak electricity .
[105] | 3607 . 15 K-means & PAM representations of
consumption data .
consumers Random Forests data prior to
3rd dataset: 3rd dataset: N ' clustering stage
3rd dataset: K 30 Conditional inference
Ausgrid dataset
300 . trees
. . (Australia)
residential
customers
. Deep neural networks
Slovak electricity .
11281 . with a Sequence to
[106] consumption data | 15 K-shape
customers Sequence (S2S)
architecture
Two case
study Use of a combination
[107] | buildings (a China 60 Fuzzy c-means SVR of SVR and wavelet
mall and a decomposition
hotel)
SVR/ Seasonal
decomposition of time .
. Studying four
series based on loses .
. representations of
[108] | N/A N/A N/A K-means regression / Random .
i data prior to
Forest/ Gradient .
K . clustering stage
Boosting Machine /
Regression Trees
. Ant colony fuzzy
[109] | N/A China N/A . SVM
clustering
Forecasting the
[110] | N/A China N/A Fuzzy clustering Target theory maximum load of a

grid
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Ref. [78] investigates the applications such as dynamic demand response (D’R) that
require very short-term load forecasting. Therefore, ARIMA model is used as a time series
forecasting method for the prediction of the load. The aim is to forecast the household’s
energy consumption. Hence, the goal of clustering is to minimize the ARIMA prediction
error for the cluster as a whole to minimize the cumulative consumption prediction error.
For the experimental stage, the data of 50 smart meters for a period of 3 months are used.
The first 2 months are used as training data and the last one month as evaluating set.

Both [111] and [95] use ant colony clustering for short-term load forecasting. In [111],
an SVM forecasting model based on ant colony fuzzy clustering algorithm is presented. The
main objective is to overcome the problems associated with SVM algorithm such as slow
convergence speed and low forecasting accuracy under the condition of much redundancy
and noise in the training data. So, historical data are preprocessed by clustering method.
Comparison of the results of the proposed method with the SVM results shows the
improvement in the processing speed and forecasting accuracy.

Authors in [110] use fuzzy clustering to address the correlation among different load
categories. By use of clustering, the influencing groups are determined and the groups
which have a strong correlation are classified as a category and the load forecasting is
performed for them.

Misiti et al. [96] investigate creating customer clusters to improve the accuracy of load
forecast of the French Electrical Company. The aim is to create customer clusters such that
the sum of disaggregated forecasts will perform significantly better than the aggregated
forecast. The method comprises three main steps: a pre-processing of individual customer

load data using WT, primary customer clustering which produces a large number of clusters,
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and finally an iterative optimization that reduces the number of clusters. Clustering is
performed using the hierarchical algorithm and the load is predicted based on the general
forecasting method employed by French Electrical Company. The forecasting performance
measured by long-term Mean Absolute Percentage Error (MAPE) shows a significant
improvement for disaggregated case (2.49%) compared with the aggregated approach
(4.06%).

The improved forecasting is achieved for CER data set [12] in different studies using
kernel spectral clustering [103], a combination of deep learning and K-shapes [65], and
application of K-means on three representations of the data set [94]. Ref. [65] compares the
performance and forecasting accuracy of four different approaches. Two clustering
algorithms, K-means and K-shapes, and two forecasting methods based on the traditional
neural networks and deep neural networks are utilised for this purpose. Another contribution
is the use of a weighted summation method for accumulating the forecasting results of each
cluster according to the size of their membership. Furthermore, three different
representations of CER data set are examined in [94] for clustering including the full load
pattern, average daily load pattern, and regression coefficients while the number of clusters
is fixed. The coefficients obtained from the regression method are different for each
customer and are used as the features for clustering. The artificial neural network is used for
forecasting purposes. The forecast error decreases dramatically using regression coefficients
in comparison with the case without clustering.

Neural networks are also deployed in [8] for forecasting the load of each cluster. K-
means is adopted for clustering load profiles and the number of clusters is decided based on

forecasting performance which is measured by MAPE.
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2.6.2 Demand response

DR is considered as one of the fundamental parts of demand side management along
with the energy efficiency and behavioral change programs [112], [113]. As the smart grid
concept continues to evolve, various methods have been developed to enhance the
efficiency of power system. DR is considered as one of the most cost-effective and reliable
solutions for the smoothing of the load curve and helping system when it is under the stress
[112]. According to the Federal Energy Regulatory Commission, DR is defined as:
“Changes in electric use by end-use customers from their normal consumption patterns in
response to changes in the price of electricity over time, or to incentive payments designed
to induce lower electricity use at times of high wholesale market prices or when system
reliability is jeopardized” [114]. Another recent definition by the European University
Institute designates it as: “changes in electric usage implemented directly or indirectly by
end-use customers/prosumers from their current/normal consumption/injection patterns in
response to certain signals” [48, 115]. This customer-enabled power consumption
management enables the adaption of power demands to time pricing or incentives which
consequently can improve the efficiency and reliability of power network [112, 116].

The research on DR provision from residential customers has significantly increased in
recent years as DR can contribute to ancillary service provision [117], facilitating renewable
energy integration [118-121] and making virtual power plants [122], [123].

DR programs were traditionally focused on larger electricity customers like industries
or commercial users. Residential sector was mostly neglected as in most cases there was no

access to loads of individual customers. The insignificant level of individual residential
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loads in comparison with the large loads was another determining factor in disregarding
consumption of the dwellings for DR applications. Introduction of AMI and smart meters,
however, allows the procurement of DR from the households. The new agents in electricity
system structures called DR aggregators are responsible for this [124] [125]. However, there
are still many unsolved questions regarding the role of these aggregators, the interactions of
them with customers and system (market) operators, and the challenges that they in practice
face.

Generally, the fundamental functions of DR can be explained by these three actions as
shown in Fig. 2.10: peak clipping which refers to reducing the peak energy consumption;
valley filling which refers to endorsing the off-peak energy consumption; and load shifting
which is a combination of the two above mentioned methods and aims at shifting the energy

consumption over the time horizon for example from peak to off-peak periods.
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Fig. 2.10 Fundamental functions of DR programs
DR programs are traditionally divided into two main classes: Price (time)-based DR
and incentive (event)-based DR [112, 126] [127]. Price-based program provides users with
different electricity prices at different times. They can also offer customers time varying
prices that are defined based on the cost of electricity in different time periods [128].

Incentive-based programs pay participating users for demand reduction during periods of
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system stress like peak load or system contingencies. The main price-based DR programs
include time of use pricing and critical peak pricing which respectively charge users with
different prices for different time of day (on-peak, mid-peak, off-peak) and for special peak
periods when system is under the stress. Major incentive-based programs are direct load
control (DLC) and interruptible/curtailable (I/C) load. DLC loads can be remotely cycled or
turned off by the utility, and can normally be deployed within a relatively short notice [129].
In I/C program customers receive a discounted rate for agreeing to reduce load on request
when the grid reliability is jeopardized [130]. They are also various other options for DR
which mostly have been used by large customers in industrial and commercial sectors.
Consumption of a household can be distinguished by three important features [54]: load
shape that displays households time of day energy consumption, actual volume of energy
use, and daily usage pattern stability over time. Different DR methods can target each of
these three aspects. Customer behavior, usage pattern, and willingness to participate in DR
are other important issues that significantly affect DR policies. Clustering of customers to
different classes that show similar patterns is a promising way for DR program targeting and
customer engagement. For example, if households whose peak demand corresponds to the
total system peak are identified, they may be good prospects for recruiting for residential
DR programs. However, the willingness and ability of households to shift energy usage off
peak must be determined by household surveys [53]. Clustering can help in this stage too to
divide the customers based on their attitude toward DR [48]. The studies on the application

of clustering for DR are reported in Table 2-6.
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Table 2-6 Studies that used clustering techniques for DR analysis

Time
Ref. | Sample Size Dataset resolution Clustering method Descriptions
(minutes)
. . Finding the best candidates for
[53] | 8337 residential households PG&E (US) 15 K-means .
reduction of summer peak
Different aspects are analyzed like
entropy, time and quantity of use,
218,000 (66 million load Adaptive K-means + | effect of climate zone, and
[54] PG&E (US) 60 . . . .
shapes) Hierarchical seasonality./ Household targeting for
energy efficiency programs and
recommendations for time of use shifts
Expectation-
maximization (EM)
model for clustering
Load data of 1693 based on the load In-home surveys are used for social
households/Surveys for 500 data segmentation.
[48] | households/ Electricity Belgium 15
measurement at appliance level K-means for Finding DR potentials of wet
for 58 households segmentation based appliances
on household
attitudes
K-medoids (DTW
Opower o .
. similarity metric) &
[29] | 13827 load curves Corporation N/A
K-means
(Us)
1800 users/ 700 network DR Use of PCA for data size reduction
plan, 700 retailer DR plan, 400 .
[72] Australia 30 SOM Lo
control group (55800 load Finding the effects of DR plans on
profiles totally) consumption
. . To understand the peak demand and
CER Gaussian Mixture . o
[27] | 3622 customers 30 major sources of variability in
(Ireland) Model (GMM) .
customers’ behavior
Use of surveys for relating the
1100 users/ socio-economic consumption data to certain household
data of 950 households using US based . characteristics
Spectral clustering
[52] | surveys/ weather Google 10 .
. and K-medoids o
measurements (5- to 15- min employees Understanding inter-temporal
resolution) consumption dynamics of users for DR
management
SAX for data size reduction
6,445 customers (4,511 L
. . . CER Distributed o . .
[22] | residents, 391 industries, and 30 . Investigating electricity consumption
(Ireland) clustering

1533 unknown)

dynamics/ Addressing the challenges
of high-dimensional consumption data
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Authors in [54] evaluate a huge amount of consumption data in different ways to
understand the main aspects of usage: time of peak, variability, and quantity as well as the
effect of seasonality and climate zone. For this purpose, they firstly decompose daily usage
patterns into daily total usage, which is later described through a log normal distribution,
and a normalized daily load shape which is used for clustering. Clustering is performed
through an adaptive K-means and a hierarchical algorithm. Based on this study, they
propose a multidimensional analysis which divides households to heavy, moderate and light
based on the consumption magnitudes and stable, moderate and variable based on the
variability of usage. All of these analyses can help to develop proper DR programs for each
residential household.

The potential of wet appliances (washing machines, tumble dryers, and dishwashers)
for DR is investigated in [48]. In this research, three sets of data are used: consumption
measurement, in-home surveys which ask customers about their attitudes towards DR, and
measurement at appliance level for a limited number of households. Firstly, a model-based
clustering algorithm is used to divide the households into ten classes based on their load
curves. Secondly, by using the K-means method, households are categorized into four
groups of advocates, supporters, sceptics, and refusers based on their attitude toward
demand reduction. Finally, the individual appliance measurements are scaled up among
clusters to characterize the potential of load reduction by wet appliances.

The authors in [29] explain three issues that needs to be tackled for providing DR from
customers: firstly, categorizing those users that have the most important impact on energy
reduction; secondly, predicting a given customer’s energy consumption; and thirdly,

estimating the devices and the time of use of them for that customer. The exact time of use
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or sequence in which devices are used can change greatly from one day to another. Thus,
the authors suggest that using a similarity metric such as dynamic time warping (DTW)
which tries to characterize underlying time shifted consumption behavior is most
appropriate. Since DTW is invariant to contraction and expansion and small shift, prediction
error from DTW is less.

Ref [131] addresses the problem of segmentation of electricity users for the utilities by
using consumption, demographics, and previous program enrolment data. The final goal is
to extract those users that are most probable to enrol in different energy efficiency or DR
programs and to target each group with efficient appropriate messages. The study is
performed on a large population of about 1 million users.

The effect of acceptance of two different DR programs on consumption patterns of
Australian households is studied in [72]. The authors try to give an insight into the change
of users’ actual electricity load profiles after participating in these programs. To this end,
two groups of customers, control group customers and customers under DR, are compared.
After applying a two-stage clustering by PCA and SOM algorithms, consumptions
behaviour are detected and customers are categorized by their consumption levels and time
of use. Analysis results show the effectiveness of DR programs as customers change their

time of use after subscribing to these programs.

2.6.3 Tariff design

One of the most important applications of clustering of electricity users is to design
suitable tariffs for different customers based on the classes that they belong to. A successful

tariff structure should be capable of shifting the load demand over the time and encourage
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customer acceptance by providing economic benefits. In the last two decades, TOU tariffs
have been employed by the utilities as an alternative to flat tariffs to encourage customers to
decrease their energy level during peak hours and save on their own bills. The findings of
clustering process could guide the electricity companies to formulate new pricing
differentiation strategies [71]. Therefore, as different customers show different load patterns,
clustering can help to design cluster-specific tariff structures which can result in the
reduction of peak load. For example, the customized electricity retail prices offered to

different clusters are shown in Fig. 2.11.
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Fig. 2.11. Customized tariff structures for different clusters

In practice, however, it is not possible to define various tariff patterns as it is not
practical for retailers or utilities to manage many kinds of tariff programs. A suitable
mechanism is to include the clusters with the most number of users or the clusters which
contain those customers that are categorized as heavy and medium energy users. The
appropriate tariff is identified for each class and the other customers can be assigned to the
most similar groups. The other major design concerns [70] include considering the yearly
load demand variations and seasonality effects, as well as customer acceptance of the

proposed tariff structure. Finally, the related utility or retailer should periodically monitor
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the daily load patterns of its customers, updates customer classes by automatic clustering,

and adjust the tariffs applied to each customer class [79].

Table 2-7 highlights the major works which utilized clustering techniques for defining

customized tariff structures.

Table 2-7 Studies that used clustering techniques for designing tariff structures

Time
Ref. Sample Size Dataset resolution Clustering method Descriptions
(minutes)
L K-means, Hierarchical,
Ameren Illinois
[70] N/A N/A GMM
database
210 load profiles of . . .
. Determining the optimal selling
[132] | medium voltage Iran N/A Fuzzy K-means . .. .
price for an electricity retailer
consumers
o Defining a set of indices for
471 non-residential X . .
[79] Romania N/A Follow the leader customer classification/
customers . . .
Studying the customized tariffs
Suggestions for segment-specific
o] | na Germany 15 K-means £8 gment-sp
tariffs
Smart Grid, . . .
Use of a mixed integer nonlinear
31 customers (2771 Smart .
[80] . . . 30 DBSCAN programming model for
daily load profiles) City project L. L
. customizing retail prices
(Australia)
Use of an artificial neural Use of meta-data (load
[133] | 2000 customers N/A 15 network and a locality condition) along with the load
sensitive hashing algorithm | data for real-time pricing
Defining price-oriented and
load-oriented tariffs and
[134] | N/A UK 30 GMM .
exploring the effects of these
tariffs on domestic DR

The work in [70] proposes a clustering-based methodology for determining optimal

TOU structures. The authors outline the underlying parameters of any TOU structure, and

compare three clustering algorithm (K-means, hierarchical, and Gaussian mixture model) to

characterize the monthly variation of TOU arrangement. To test the efficacy of clustering

algorithms, the total monthly bill and the degree of granularity of clusters are used as the

main metrics.
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In [132] an electricity retailer groups its customers into different classes in order to
maximize the annual profits. A weighted fuzzy K-means method is used for this purpose.
Then, the optimal selling price of each cluster is determined based on a profit function.

A multiple rate tariff structure is proposed in [79] to replace the single rate structure. It
defines four features and clusters customers by using a follow the leader method. To study
the new tariff structure, it is assumed that the total revenues under the new tariffs do not
exceed the total revenues with the previous one. Moreover, it suggests a procedure for
identifying the customer’s class and assigning an appropriate tariff to the customer.

Clustering of a group of customers in Germany is studied in [10] in which the authors
use K-means for clustering. A number of time zones based on the peaks and valleys of
customer are defined and a time-variable rate is assigned to them. In the next step, the
authors propose a segment-specific rate design which sets a different rate for each segment
of individual customers.

In a recent publication, the problem of customized retail prices are studied by Yang et
al. [80]. The customers are initially clustered using the DBSCAN algorithm. In the next step,
a mixed integer nonlinear programming (MINLP) model is formulated to optimize the
structure of TOU retail price and the price level for each cluster.

The developed method in [133], is suitable for real-time applications such as the real-
time pricing. The association between the load data and the corresponding meta-data allows
judging whether a certain load diagram represents a cost-efficient or expensive behavior at a
moment of time. In other words, the focus here is on a behavior classification of customers

rather than a standard customer classification.
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2.6.4 Classification of new electricity customers

Classification is considered as one of the major data mining tasks. The goal of
classification is to classify instances (observations) into a set of predefined classes or
categories [11]. In other words, classification is the problem of identifying to which of a set
of classes a new observation belongs, on the basis of a training set of data containing
instances whose class membership is known. Classification is common in almost every
aspect of everyday life, for example, to assign customers, stores, documents, emails, or any
other type of instances into a set of known classes. The algorithm that implements
classification and maps the instances to the classes is known as a classifier.

In power systems, classification can be used to assign new customers or the customers
without smart meters to the classes that are previously formed by the clustering process. A
set of features (explanatory variables) can be defined based on the survey data (or the fixed
data) and a limited amount of consumption data. Surveys contain the information regarding
the physical aspects of dwellings and household characteristics. Therefore, various features
can be extracted from the survey responses and a limited amount of energy data of the
customer. Based on these features, the classifier returns a variable indicative of the customer
group in which the customer best fits [62]. Such structure is illustrated by Fig. 2.12.

Table 2-8 shows the major works which have used the clustering process prior to the

classification.
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Fig. 2.12. Classification of electricity customers

Table 2-8 Studies that used clustering techniques as a preliminary stage prior to the classification

T
. tme . Clustering Classification L
Ref. | Sample Size Dataset resolution Descriptions
X method method
(minutes)
Logistic regression
(LR) Use of feature selection techniques
[62] |3440 CER (Ireland) 30 K-means . . . .
Classification and | Classification of new customers
Regression Tree
(CART)
. Korea Electric K-means, . .
3183 high . . Generating typical load profiles of
Power Hierarchical,
[59] |voltage . 15 N/A non-AMR customers
Cooperation FCM
customers
(KEPCO)
. K-means, other
1022 medium o
variations of K- . . .
[63] | voltage Portugal 15 C5.0 algorithm Classification of new customers
means
customers
Classification using the load shape
[61] | 165 Portugal 15 SOM, K-means | C5.0 algorithm indexes
824 Classifying unmonitored
[30] . . . . . substations/ Estimating the load
substations, UK 10 Hierarchical Multinomial LR .
[31] peak of substations by use of
3500 feeders .
regression methods
Classification of new users by a
625 (216376 . L
. . . SOM classifier and estimating the
[73] | daily load Spain 60 SOM & K-means | SOM classifier .
characteristics of energy
profiles) . .
consumption habits of them

Ref. [62] presents a detailed procedure for classification of new electricity customers

based on the survey responses and some information of the electricity consumptions. A
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limited amount of metering data is used in order to emulate the analysis of new electricity
customers for which only a small amount of data is available. In the first stage, clustering is
performed separately for each season and a total number of 4 clusters are decided for each
of them. In the next step, a large set of features are considered for classification including 47
features extracted from the survey information and a set of features which are defined based
on the available load data. To further improve the classification accuracy, application of
three different feature selection methods and two different classifiers are examined.

The attained results show that the use of survey data significantly increases the
accuracy of classification task (up to 20%). With the growth of available smart metering
data, the simulations show an increase in accuracy achieving up to 60%, 70%, and 80%
accuracy, respectively, with 1, 4 and 8 weeks of data.

The study in [59] seeks to generate the load profile of users without automatic meter
reading (AMR) facilities based on the usage data of customers equipped with AMR. It
firstly clusters AMR users and calculates a typical load profile (TLP) for each cluster as the
mean of load patterns belonging to that cluster. Then the daily load profile of each non-
AMR user is created by comparing different attributes of that customer with TLPs. So, the
most similar TLP is selected and the classification of non-AMR users is performed. Ref.
[63] also classifies the non-AMR medium voltage customers. The initial data set is clustered
by K-means algorithm and other variations of K-means and classification is achieved using
a rule set obtained by C5.0 classification algorithm.

Ref. [61] presents a framework for electricity consumer characterization. This
framework includes two parts: the load profiling module and the classification module. In

the first stage, the customers are grouped into clusters by using a combination of SOM and
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K-means algorithms and a load profile for each cluster is constructed. In the classification
stage, three load shape indexes (load factor, night impact, and lunch impact) and
commercial indexes are used to classify customers.

[30] and [31] report the findings of a project for estimating the peaks and shapes of
unmonitored low voltage substations in the UK. As the cost of installation of proper
measurement equipment for thousands of substations will be very high, a reasonable
approach is to assign the unmonitored ones to the formed clusters of monitored substations.
So, in the first step monitored substations are clustered using hierarchical and K-means
algorithms and a template is defined as the average normalized load pattern of load shapes
belonging to that cluster. In the second step, unmonitored substations are assigned to these
templates just based on their own fixed data like the capacity of low voltage substation or
information of outgoing feeders. For this purpose, a multinomial LR model is utilized.

The authors in [73] use an SOM classifier which allows a correspondence between new
users’ load profiles, and one of the obtained patterns from the clustering. Furthermore, the
characteristics of new customers based on the classification of their load curves are

predicted.

2.6.5 Non-technical loss detection

Losses in power grids include both technical losses and non-technical losses (NTLs).
NTLs are closely related to frauds through illegal electricity connection, hardware
tampering, and unpaid bills [135] [136]. NTLs have major negative consequences for both

developed and developing economies since they pose significant costs to utilities, states, or
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legitimate consumers [135]. The total amount of NTL costs is estimated to be around $25
billion every year [137]. Consequently, the reduction of NTLs has been receiving increased
attention both in academia and industry.

Different methods are proposed for the detection of NTLs which work based on the
analysis of consumption data, assuming that NTLs cause a deviation from normal
consumption behavior. The classification-based techniques including artificial neural
networks, SVM, decision trees, and naive Bayes are widely used for inferring the
probability of the presence of NTLs [138-140]. State estimation is another popular method
which works based on the estimation of the power flow to the customer node. They can find
a possible NTL when there is a significant deviation between the estimated power flow and
the billed energy consumption [141].

Clustering techniques are sometimes used directly to detect NTLs by identifying the
customers with irregular consumption behavior. However, in most cases, they are used as a
preliminary step to divide customers or load patterns into the groups that display similar
characteristics which are then used by the classification methods to discover NTLs.
Clustering is also utilized to calculate prototypes or power profiles. A significant difference
between a new sample from these prototypes suggests a possible fraud [142]. The literature
on NTL which employed the clustering techniques is reported in Table 2-9.

Ref. [143] proposes an approach which involves an SOM clustering to identify possible
periods of frauds for high voltage electricity customers. A detailed study of NTL
identification using OPF clustering algorithm is presented in [83] for two different datasets
consisting of commercial and industrial customers and the results are compared with other

traditional clustering algorithms.
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Table 2-9 Studies on NTL which used clustering techniques

Time
. . . Classification L.
Ref. Sample Size Dataset resolution Clustering method Descriptions
. method
(minutes)
Ist dataset: 3178 .
. . Optimum-path
industrial users/ 2nd data . .
[83] . Brazil N/A forest (OPF), K- OPF classifier Use of 8 features
set: 4948 commercial
means, GMM
customers
Defining and calculating
A subset of 20,126 . Fuzzy .
[136] Brazil N/A FCM : . 5 attributes for each
consumers classification
customer
Training data: 4701 load LR, SVM, K-
. Use of PCA before the
[144] | profiles/ test data: 1273 KEPCO N/A K-means nearest neighbour .
clustering
load profiles (KNN)
The method is compared
CER Fuzzy Gustafson- .
[84] 2515 customers 30 . X with K-means, GMM,
(Ireland) Kessel clustering
DBSCAN, and SVM
CER Use of PCA before the
[145] | 2982 consumers 30 DBSCAN X .
(Ireland) clustering
[146] | 200 Malaysia 30 K-means, EM X

An anomaly detection method for identifying cyber intrusion attempts is introduced in

[145]. The method combines PCA technique and DBSCAN clustering to verify the integrity

of measurements. The case studies are conducted for nearly 3000 customers where the 60-

week data of each customer is represented by only 2 principle components. DBSCAN

algorithm is then applied to distinguish between the points corresponding to regular weeks

and the points corresponding to anomalous weeks.

The NTL detection framework in [146] uses a clustering module, which compares three

clustering algorithms, in conjunction with a classification module. Angelos et al. [136] build

a two-step model encompassing a FCM clustering and a fuzzy classification for

identification of abnormalities in consumption patterns. Based on the six-month values of

consumption levels and inspection remarks, they define five features which are
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consequently used for the clustering. The procedure results in an index score with the
highest scores referring to the potential fraudsters.

Ref. [144] incorporates an additional stage in abnormality detection based on the
conditional probability. They assert that a load profile can be considered normal or
abnormal based on the different conditions and hence, the condition associated with a load
profile should also be considered in the abnormality detection. Therefore, the proposed
approach consists of three stages including building the representative prototypes using a
combined PCA and K-means clustering, generating a two-dimensional space using

conditional probability and similarity, and applying the classification techniques.

2.6.6 Other applications

i) Finding the relationship between household characteristics
and consumption patterns

The surveys and questionnaires include various data which can help in understanding
the energy consumption behavior of customers. The availability of survey data along with
the smart meter data provides this opportunity to assess the importance of each variable on
the electricity usage.

For an individual dwelling, it is usually hard to evaluate the correlation between these
attributes and its consumption behavior, as no comparisons can be made. On the other hand,
clustering can reveal those possible correlations between household features and electricity
usage, as customers with specific attributes usually belong to the same cluster. In this

respect, several studies paid attention to this possible application of clustering results.
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Table 2-10 displays those projects and their specifications which employed clustering

techniques to assess the relationship between the survey information and the consumption

data.
Table 2-10 Use of clustering techniques for studying the characteristics of households
Time
Sample . . s
Ref. Si Dataset resolution Clustering method Descriptions
ize
(minutes)
Exploring the relation between electricity price and
[56] 103 Austin/Texas | 1 K-means load shapes/ Finding the correlation between
household characteristics and load patterns
Profile classes are determined for each customer
CER K-means, K- . . .
[58] 3941 30 . using the clustering and are linked to household
(Ireland) medoids, SOM . . . .
characteristics by applying a multi-nominal LR.
CER Investigating the effect of household characteristics
[75] 3941 30 SOM
(Ireland) on the cluster they belong to.
Comparing each customer with similar customers
~8000 . Annual . . .. .
[74] Finland . SOM+K-means and creating customer specific electricity saving
customers consumption i
guidance.

In [56], customers are firstly clustered using K-means. In the next step, the correlation
between the explanatory variables in the survey data and the clustering results are found
using a regression model. Explanatory variables include a wide range of variables like the
number of males, females and kids, vehicles and computers, income, and other physical and
behavioral features. The results show that these variables are significant determiners for the
inclusion of a household in a special cluster.

A linear multivariate regression model is applied in [58] to figure out the association of
each explanatory variable (customer characteristics) with the profile classes which are
obtained using the clustering. They use the detailed information of dwellings, occupants and
appliance specifications for this purpose. On the other hand, McLoughlin et al. [75]

segregate four thousand electricity customers to nine groups and then investigate the
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dwelling and occupant characteristics including number and age bracket of dwellers and
social class of them to determine whether there is any significance to these characteristics
within each group.

The study in [74] creates comparison groups based on the characteristics of customers’
buildings. In this way, electricity usage of each customer can be compared with its
corresponding comparison group to encourage households to reduce their energy
consumption and think about the methods of energy conservation. Moreover, the presented

method provides a tool to target and create customer specific electricity saving tips.

ii) Defining new class load curves

Previous practices of customer categorization were involved building the customer
class load profiles through sampling consumption data in some pilot projects. In distribution
system calculations, such customer class load profiles were used extensively to model the
load [82], estimate the state of the network [147] and predict future loads in the distribution
system planning. Usually, distribution operators acquired different customer data including:
1) the customer connection information such as customer location, supply voltage, and
number of phases; 2) customer class as residential, industrial, agricultural, public and
commercial; 3) energy consumption which included some information about monthly or
yearly usage; and 4) additional information such as the type of heating systems or physical
characteristics of the home. These data were used to assign a predefined load profile to an
individual customer.

However, this approach involves several sources of error and presents important

uncertainties in dealing with distribution state estimation and planning. First of all, these
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customer class load curves are constructed using some sample measurements which
comprise an insufficient number of customers. Also, the data is out of date, which cannot
reflect the current consumption patterns of electricity customers. Secondly, the information
that is used for assigning a load profile to a customer is hardly updated. Therefore, the
possible changes in the customer habits, activities and appliances are not taken into account
and hence, it is very probable to have improper load profiles for the customers. In addition,
some customers may have irregular load patterns or patterns that cannot be fitted to any of
the existing customer class load profiles.

Now that thanks to smart meters the consumption data of customers are available,
defining customer class load profiles can be performed based on the clustering of customers.
To this end, [82] investigates the customer classification for Finish electricity grid. This
paper utilizes smart meter data to classify 660 customers which primarily belong to 6
general groups: residential, agricultural, industrial, public administration, commercial, and
the remaining customers. Iterative self-Organizing data analysis technique algorithm
(ISODATA) is used for the clustering and based on that, customer class load profiles are
calculated.

Ref. [23] addresses the problem of classification in Finland too in which 1035
customers are classified based on their hourly energy uses. Each of these customers is
assigned to a specific load category by distribution companies, so, correspondence between
these original load curves and energy use of customers is investigated. Then new load
curves based on the clustering results are created. The new load curves are constructed by
calculating the mean of electricity use of each cluster.

Specifications of the two above mentioned projects are further shown in Table 2-11.
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Table 2-11 Studies that used clustering techniques for defining new class load curves

. Time resolution Clustering L
Ref. | Sample Size Dataset . Descriptions
(minutes) method

660 Western The method also includes temperature dependency
[82] . 60 ISODATA _ _ )

customers Finland correction and outlier filtering.

1035 Eastern .
[23] . 60 K-means Use of 7 features for clustering

customers Finland

2.7 Summary

In this chapter, firstly, the main concepts, trend, and policies of smart metering were
explained. Secondly, the main characteristics of residential load pattern were briefly
illustrated. In the next step, the concepts, history, and stages of load pattern clustering were
presented in detail and a comprehensive review of current literature was provided.

Finally, we highlighted some of the most important applications of clustering
techniques for power systems. In each section, firstly, the basic concepts are introduced and
secondly, the major recent works from the literature were summarized and reviewed. In
Table 2-5 to Table 2-11, we summarized the major characteristics of various
projects/studies/trials which are carried out worldwide to characterize customers’ energy
usage. These projects not only differ in terms of the geographical location and scale but also
vary in terms of the time resolution, applied techniques, and final goals. Some of these
projects had limited domain by nature. On the other hand, some of them gathered a huge
number of load profiles [12], [148] and several studies analyzed millions of daily load
shapes [54], [131]. They are useful in providing an insight into the projects and research
studies that are carried out globally. The presented materials can greatly help the researchers
and the engineers form the energy sector to become familiar with the underlying concepts as

well as the applications of clustering techniques for power grids.
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3 A Comparative Study of Clustering
Techniques for Electrical Load
Pattern Segmentation

3.1 Motivation and Objectives

In Chapter 2, the basic concepts of load data clustering were introduced. In this chapter,
we will examine various clustering methods and their corresponding parameters which
affect the load data segmentation. This study is opportune, because, despite the considerable
changes which happened in this area, there is no comprehensive study on the application of
clustering techniques for power systems. It also lays the groundwork for the successive
chapters in which understanding the load data clustering process and interpreting its
outcome are necessary.

There are several features that distinguish the current work in this chapter from the
previous publications [2], [90], [32], mainly:

* Five major clustering techniques are introduced and the effects of their different
parameters for load pattern clustering are analyzed. Besides the well-studied clustering
methods such as K-means, fuzzy c-means and hierarchical algorithms, clustering with
the probabilistic and generative models and self-organizing maps (SOM) are also
discussed.

* These clustering techniques and their applications in customer segmentation are
compared.

* The results are analyzed to identify the main consumption patterns of customers.
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The following sections are organized as follows. Section 3.2 introduces the major
clustering techniques and their theoretical concepts. Section 3.3 discusses the clustering
parameters and their effects on clustering outcomes. Analysis of the methods and their
comparisons are carried out in Section 3.4 for two different datasets, one containing the
yearly load data of only one customer and the other one comprising of the RLPs of all the

customers for two different loading conditions.

3.2 Clustering Algorithms

In the following, the major clustering techniques that will be studied in this thesis are

briefly illustrated.

3.2.1 Distance-based methods

Distance-based methods are the most popular clustering algorithms since they are
generally fast and easy to implement. These algorithms use “similarity (dissimilarity)
measures” to construct the clusters. As the main purpose of clustering is to group similar
instances, defining proper measures that can express numerically the degree to which two
objects are similar to or dissimilar from each other is required. The main types of similarity
measures used in the literature can be categorized as [11], [149]: 1) difference (distance)-
based measures such as Minkowski distance (Lp-norm distance), Canberra distance, and
Gower’s coefficient, and 2) Correlation-based measures (similarity functions) such as
cosine measure and Pearson’s correlation measure.

Here, we confine the discussion to Minkowski measures as they are the most common

measure used in the power system literature. These similarity measures try to calculate a
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distance value based on the differences between the features (attributes) of the two

compared objects. If two load curves x; and x; are represented by h recordings, the

Minkowski distance of order p between them can be calculated as follows:

1/
Anginiey = (%01 = Xj,1|p + |xi2 = xj,zlp + ot |xg, = xj,hlp) ’ G.1

For p = 1 and p = 2 the Lp-norm distance is usually called the Manhattan distance (or
city block distance) and Euclidean distance, respectively. Euclidean distance is by far the
most widely used dissimilarity measure.

Two well-known and frequently used distance-based clustering algorithms are
partitioning methods and hierarchical clustering methods which are well presented in the
data mining literature.

A) K-centers family

K-centers family including K-means, K-medians, and K-medoids are the most widely
used partitioning clustering techniques. They do not create a tree structure to describe the
groupings of data, but rather create a single level of clusters. They share the same basic

operation principle which is outlined in Algorithm 1 [150], [151].

Algorithm 1. K-centers clustering

Require: Number of clusters and cluster centers as follows:
e The number of clusters is predetermined (k clusters)
e k points are selected as the initial cluster centers.
Repeat:
1- Assign each instance to the closest center until k clusters are formed.
2- Recompute the center of each cluster based on all instances that belong to it.

Until: The convergence criterion is met.
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K-means is a commonly used algorithm, which minimizes the square-error function,
defined as:

E = Z Z:Ix—ckl2 (3.2)
=1 x€Cy
where K is the number of clusters and cj, is the center of kth cluster donated by Cj.

Fuzzy c-means (FCM) is another popular method of K-centers family [152]. It is
similar to K-means clustering, but each instance has a grade of membership to each cluster
[33]. FCM minimizes the following objective function:

N K
= > ™l = el (3:3)
I=1 k=1
where N is the number of load curves (observations), p is the degree of membership of [th
load curve in kth cluster, and m is the parameter that controls the amount of fuzziness.

In fuzzy clustering, each load curve does not belong to only one cluster. Instead, the

degree of membership determines the amount of membership of each load curve to each

cluster, where:

K
Z we =1 (3.4)
k=1

An observation is assigned to the cluster to which it has the maximum value of

membership degree [69]. The membership degrees are updated in each step as:

-1

Z l”xl - Ck”l (3.5)
[l =
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Fuzzy overlap refers to how fuzzy the boundaries between clusters are and can take a
value above 1. The higher values of this parameter will result in fuzzier clusters.

B) Hierarchical clustering

Hierarchical clustering is a more flexible and deterministic algorithm than K-centers
method. The hierarchical algorithm produces a tree or dendrogram by either agglomerative
(bottom-up) or divisive (top-down) methods. In the agglomerative method, initially each
instance is classified as a cluster and then clusters are merged iteratively to build a bottom-
up hierarchy of the clusters until a single root cluster is reached. The divisive approach, on
the other hand, starts with a single root cluster and splits it into subclusters continuously,
generating a top-down hierarchy of clusters. Fig. 3.1 displays the hierarchical tree or

dendrogram of an agglomerative clustering method.

34
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Fig. 3.1 Dendrogram formed by a hierarchical clustering method
This formed hierarchy can be cut at any given level which allows obtaining the
corresponding clusters. This is the main advantage of hierarchical algorithms that makes
them considerably different from partitioning methods which require the number of clusters

before starting the algorithm. Also, hierarchical clustering has fewer assumptions about the
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distribution of data. However, it should be noted that hierarchical clustering is generally
more computationally expensive than K-means (time complexity of 0(n3) where n is the

number of observations compared to the linear complexity of K-means).

3.2.2 Self-Organizing Map

SOM is an unsupervised artificial neural network that projects the original input space
to a reduced output space [33]. It produces a graphical representation of the data which
allows an easy evaluation of the results and grouping them into clusters by visual inspection
[60] [153]. The SOM consists of a grid containing W; X W, map units (neurons). The
original h-dimensional data vector is transformed to a (typically) bi-dimensional space
where similar observations in the input space are mapped into nearby units. Each unit i is
represented by a prototype vector w; = [w;q, Wiy, ..., W; ], Which has the same dimension of
input vectors (/). The number of units can vary from a few dozen up to several thousand
[153]. Each unit is connected to adjacent units by a neighbourhood relation, which
determines the topology or structure of the map.

The SOM is trained iteratively. In each training step, a sample vector x from the data
set is picked out randomly. The distance of this vector and all prototype vectors are
calculated and the unit whose prototype vector is closest to x is selected as the best-

matching unit (BMU) or winning unit:

llx — wp |l = minllx — w;l (3.6)
l

The learning algorithm updates the weight of the winning unit and also the weights of

its adjacent units. The prototype vector of unit i is updated using the following equation:
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wi(t +1) = wi(8) + @O hy(O[x(E) — wi(®)] 37)

where t represents time, a(t) is the learning rate or adaptation coefficient at time t, and
hy;(t)is the neighborhood kernel (neighborhood symmetrical function) around the winner

unit b. The units that are topologically close to the winning unit b are activated using h; (t):

hy;(t) = exp (— %) (3.8)

where 1; represents the coordinates of unit i in the SOM grid and o (t) is the neighborhood
radius function. Both a(t) and o(t) decrease monotonically with time. Therefore, the
neighborhood size of each unit reduces in each training step and, finally, it ends with a

single unit.

3.2.3 Probabilistic and generative models

In the model-based clustering, it is assumed that instances arise from a distribution that
is a mixture of several components. The problem is to estimate the parameters of each
component (i.e., cluster) and identify which component produced each observation [150].
This process leads to the clustering of the data. In practice, the attention is mostly paid to
parametric mixture models, where all the components are from the same family of
distributions. Gaussian (normal) distributions are by far the most commonly used
representation in the model-based clustering. In this case, the mixture model is the Gaussian
mixture model (GMM), where components are Gaussian distributions with different means
and variances. The mathematical formulations of GMM are illustrated in the following

[154], [155], [156].
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Let X = {x4,X,, ...,Xp} be a set of n observations. The variable Xx; is assumed to be
distributed according to a mixture of K components. The probability density function (or

mixture distribution) of X; can be written as:

K

p(i10) = )t p(xi[0m) (3.9)

m=1
Where a4, ..., ag are the mixing probabilities and each 6, is the set of parameters
which define the mth component. 8 = {04, ...,0k, @4, ..., g} is the complete set of

parameters. The a,, must satisfy:

K
@y =20, m=1,..,K, and Z ay, =1 (3.10)

m=1
In the Gaussian mixture model, each component is specified by the parameters of a

multivariate Gaussian distribution:

K

P(i10) = PGl 1, 2) = D i N (Ki b, ) G

m=1

where,

exp {— % (%i = tm) " 2 (2 — '“m)} (3.12)

N(Xilluml Z'rrl,) = D 1
(2m)2 |22

For a D-Dimensional vector x, p and X are the D-dimensional mean vector and the

D x D covariance matrix respectively. In the case of a single variable x, (3.12) is reduced to:

exp {—ﬁ(xi _”m)z} (3.13)

N(Xilﬂm, 0_1%1) = 1
(2ma3)?
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where, 1 and o2 are the mean and variance respectively.
Usually, Expectation-Maximization (EM) algorithm is utilized for parameter estimation
of the model. Bayesian information criterion (BIC) and Akaike’s information criterion (AIC)

are the main criteria for choosing the best number of components (clusters) [27].

3.3 Discussion on the Algorithms

Each of the presented methods for the clustering has its advantages and disadvantages.
In addition, different considerations need to be taken into account before applying the
clustering algorithms. In this section the affecting parameters of each of the clustering

methods are discussed.

3.3.1 K-center family

For K-centers methods various parameters including the number of clusters, initial
centres, and the dissimilarity measure must be initially determined. Each of these
parameters can affect the final outcomes of the clustering. Initial centers can be selected by
a random fashion among the instances of the data set [33]. The random selection of cluster
centers may affect the final cluster formations. CVI measures can be used to find the best
choice for multiple runs of the clustering algorithm with different random initial centers
[11]. In addition, numerous initialization methods are also proposed for the selection of the
centers. Ref. [157] provides a thorough study of various initialization methods and
compares their performance for real and synthetic datasets. Table 3-1 compares the main

characteristics of the three main K-centers methods.
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Table 3-1 Characteristics of main methods of K-centers family

Method  Calculation of center Best dissimilarity  Disadvantages Advantages
measure

K-means  Center is calculated as the mean of Euclidean Not applicable to discrete Easy to implement and
members of the cluster attributes; efficient.
Handling the data containing
outliers;
Handling asymmetrically
distributed data.
Cluster centers might not be
similar to any instance.

K- Center is selected as the median of Manhattan More costly to calculate; More robust to asymmetric
medians ~ members of the cluster Cluster centers might not be distributions and outliers;
similar to any instance. Not skewed so much by
extremely large or small
values.
K- Center is the cluster member that is Different More expensive Robust with respect to
medoids  the least dissimilar to other cluster measures can be computationally than K-means  noise and outliers;
members, on the average used and K-medians. Guarantees convergence.

For FCM, the degree of fuzzy overlap needs to be decided. The selection of parameter
m has been the subject of many studies in the data science literature [158] [159] [160].
These studies follow different approaches for the selection of optimal m and suggest
different values and ranges for that. For example, [160] and [161] propose the selection of
m from the range of [1.5, 4] and [1.5, 2.5] respectively. The most frequently used and
accepted value in various applications is m=2 [161] [162] which is also the suggested value
in MATLAB software. In this thesis, the value of m is selected based on the results of CVIs.
FCM computation time is longer compared to K-means since the degrees of membership

need to be updated at each step.

3.3.2 Hierarchical

In almost all the studies in the power system domain, the agglomerative approach is
used as the preferred hierarchical method. For agglomerative methods, the formation of

clusters is based on the similarity measures. Firstly, using a distance criterion, a similarity
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matrix D is built in which d;; € D shows the distance between the observation i and the

observation j. In the next step, based on this similarity matrix, instances are grouped into

clusters using a linkage criterion. The linkage is an evaluation function which indicates the

best candidates for merging. Therefore, at each level the closest sets of clusters are merged

until the final cluster (which contains all the observations) is obtained.

Some of the most important linkage criteria and their features are reported in Table 3-2

[11], [150], [156], [163].

Table 3-2 Linkage criteria for hierarchical clustering

C;: ith cluster; c;: center of cluster C;; n; :

number of data points belonging to cluster i; d(x,y) =

distance between the objects x and y

Linkage
Description Features
criterion
Neglects the overall cluster structure
Sensitive to noise and outliers
: min d(x, y) . i :
Single xegi Capable of clustering non-elliptical shaped groups of data points
YECj
Not affected by the monotone transformations (like the logarithmic
transformation) of the original data
max d(x,y) Obtains more compact shaped clusters
Complete x€C; - )
YEC; Sensitive to outliers
1 A compromise between single and complete linkages
d(x, . . .
Average n;.n; ; (%) Computationally expensive, especially for large datasets
L
Yeg Noise resistant
) Does not have monotonic property i.e. a merged cluster might become
Centroid d(ci,¢p) _ o '
closer to other clusters than its descendants which is usually undesirable.
n.n; Not directly based on similarities between data points of the two clusters,
Ward d(c, Cj) . .. .
itn; instead works based on an objective function

In single linkage, the similarity of two clusters is determined based on the similarity

between their most similar members. On the other hand, in complete linkage the similarity
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of two clusters is measured as the similarity of their most dissimilar members. Average
linkage method (sometimes called UPGMA which stands for “unweighted pair group
method using arithmetic averages”) diminishes the problems associated with single and
complete linkage methods by considering the similarity between all pairs of instances
present in both of the clusters. So, the average dissimilarity between instances from two
clusters serves as the dissimilarity between the clusters. Another method called centroid
linkage clustering computes the dissimilarity between the center for cluster i and the center
for cluster j. In addition, linkages can be defined based on a specific quality criterion or
objective function. The most famous one among these linkage methods is Ward criterion
with the objective to minimize the total sum of squared dissimilarities between cluster
members and cluster centers for all the clusters. In other words, for every two clusters C;

and C;, Wards’ criterion measures the increase in the value of sum of squared errors for the
clustering obtained by merging them into C; U C;.

Likewise the dissimilarity measure, the choice of linkage can also have a significant

impact on the final clustering outcomes.

3.3.3 SOM

The parameters of neural network such as the learning rate and the radius of the
neighbourhood might slightly affect the partitioning of the data set by SOM. In addition, the

SOM results depend on the population of neurons as well as the topology or structure of the
map. For N data points, the number of neurons is recommended to be between 5 x VN to

20 X VN [60]. In addition, different topologies can be selected for the neural lattice.
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Traditionally, hexagonal or rectangular arrangements of neurons are chosen, in them
internal neurons are bounded by six and four adjacent neurons respectively.

A visual inspection of the generated SOM map can give an initial idea of the number of
clusters. This is particularly performed using a the unified distance matrix (called U-matrix)
that shows the distances between prototype vectors of adjacent units and can visualize the
cluster structure of the SOM. However, this process does not guarantee the best results.
Sometimes a two-level approach is used in which the prototypes are formed using the SOM
and then, a clustering algorithm is applied on the prototypes to obtain the final clusters [61]

[56]. This is especially beneficial when the data set contains a large number of data points.

3.3.4 GMM

GMM is able to model both continuous and categorical data which is an advantage of
this method over many clustering techniques such as K-means [27]. Interested readers are
referred to [164] for technical explanations and examples of applying mixture models on
mixed continuous and categorical variables. GMM requires the number of clusters to be
specified before fitting the model. In addition, for applying GMM, the parameters of
covariance matrix of each component need to be specified. The structure of the covariance
defines the shape of a confidence ellipsoid over a cluster. The detailed technical discussion
of the various covariance structures is beyond the scope of this paper. Interested readers are
referred to [165] and [166] for practical implementations in Matlab and R programs,
respectively. In this thesis, different configurations of covariance matrices are examined and
their effects on clustering results are studied. Firstly, two different structures for covariance

matrices, which specify the cases with correlated and uncorrelated predictors, are
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considered. In the case studies, the former and latter cases are denoted as full and diagonal,
respectively. Secondly, the effects of shared or unshared covariance matrices among all
components are investigated. Each combination of these parameters defines the orientation
and shape of ellipsoids. Since the appropriate covariance structure and number of
components (clusters) are not known, the information criteria like AIC or BIC are used to
compare different models. Lower values of AIC and BIC indicates better models with the
most suitable parameters or the best number of components.

Furthermore, EM algorithm that fits the GMM 1is sensitive to initial conditions and
might converge to a local optimum. To ensure global convergence is achieved, the
algorithm can be run repeatedly with different initial conditions [27]. The initial component
parameters can be decided in various ways, for example, in a random fashion or by applying

a k-means clustering to choose a number of observations [167].

3.4 Application of Clustering Algorithms to the Load
Curves of Customers

In this section, the impacts of discussed parameters of presented algorithms on
clustering of daily loads curves of electricity customers are discussed.

In the following, most of the case studies are carried out for clustering of 356 daily load
curves of one residential customer (sections 3.4.2 to 3.4.6). In addition, to investigate the
clustering of a large number of users, clustering techniques are also applied on a data set
comprising more than 4000 customers (section 3.4.7).

Since the aim is to cluster the daily load curves based on their shapes, each daily load

curve is normalized based on the maximum consumption of that day. Without normalization
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of daily curves, the resulted clusters will only reflect load magnitudes. The majority of
clustering studies mostly focus on the shape of load curves. The effect of customers’
consumption values can be examined with other methods. For instance, [54] clusters the
customers based on their load shapes. It also fits a mixture of log-normal distributions to the
daily consumption values of customers and based on that, divides them into heavy,
moderate and light energy users.

In the following, firstly, the effect of different parameters of each algorithm is

investigated and then, the performances of clustering methods are compared.

3.4.1 Cluster validity indexes

As explained in the preceding sections, parameters of each clustering method and initial
conditions affect the final results and hence, clustering outcomes should be evaluated
considering a range of parameters and conditions. CVIs can be used to study various aspects
of clustering results and to compare the methods. In the electricity customer categorization,
the CVIs may be used for different purposes, mainly:

* To determine the suitable number of customer clusters [23], [61]: Many clustering
methods require that the number of clusters be specified by the user. Therefore, there is

a need for the criteria to determine the best number of clusters. In this regard, clustering

process can be repeated for different pre-set number of clusters, and based on the values
of CVIs for each case, the best case can be selected.
» To compare the performance of different clustering techniques [32], [57]: Here, the

same data set is grouped into classes by using different clustering algorithms and the
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role of CVIs is to select the best clustering results. Also in some studies, they are used to

assess the performance of dimensionality reduction methods [168].

* To investigate the effect of method parameters on clustering results [169], [170]: The
variants and parameters of each clustering technique can have a significant effect on the
final clustering outcomes.

» To evaluate the performance of clustering when some attributes (features) are added or
removed [79], [171]: this is important in the process of feature selection since it is
desirable to have a set of features that can include all the necessary information of the
consumption pattern and provide a sound basis for comparisons.

Here, the comparison of parameters and methods are conducted based on 6 different
CVIs: mean square error (MSE), Silhouette index (SIL), Davies-Bouldin indicator (DBI),
mean index adequacy (MIA), the ratio of within-cluster sum of squares to between-cluster
variation (WCBCR), and Dunn index. The definitions of these CVIs are given in Table 3-3.
The rule in this table refers to the interpretation of the CVIs for choosing among the results.
For example, the minimum value of DBI indicates the best result. The DBI, SIL, Dunn, and
WCBCR indexes are explained in more detail in the following. Besides these CVlIs, AIC is

utilized for evaluating the results of GMM method.
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Table 3-3 List of CVIs

N: Number of observations (load curves); K: number of clusters; c;: center of cluster i; d(x,y) =

distance between the objects x and y;

n;: number of data points belonging to cluster i

Cluster validity index Descriptions Rule
I -
MSE = + (254 Tuec, 4% (1)) min
—1yk N\ — _ BO-AD max
SIL = —¥i=1 8; , where, s(@) = — BOAD)” where,
1 .
si=— Y 50)
" xjeC A(i) = within — cluster mean distance =
1
- % JECk d(x;, xj) >
Jj#i
B()
= the smallest of mean distances to other clusters
Gy 2 ¢
= min Xi, X;
min(— ) (%))
JEC1
1K min
DBI = Ezizlmaxﬁi
Ly e d Ly e d
n_iZXECi (x' Ci) +n_]ZJCEC] (xl Cj)
d(c, Cj)
1 K d¢, =the distance between cluster center ¢; and the | min
MIA = —Z de,” .
KZ£u,-1 member of the cluster i=
1
=3 de)
nk XiECK
Yh=1 Lxec, d*(xi c min
WCBCR = k 1K xlECkz ( i k)
1=i<k 4%(Cir Ci)
T{lil}n d;j d;;: the distance between the closest instances of two max
Dunn =
max D; clusters (separation)

D;: the largest distance between two instances that

belong to the cluster i (diameter)
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Let us consider the results of a clustering process that leads to the formation of K
clusters Cy, Cy, ..., Cx with the cluster centers and the number of instances in each cluster
denoted by cq,cy, ..., cx and nq, n,, ..., ng, respectively. Now, a set of distances can be
defined accordingly:

= Distance between two instances: d (x;, x;)

= Distance between an instance and a cluster center: d(x;, ¢;)
* The mean distance of the instances belonging to the cluster i to their corresponding

center:
5 = Z d
i — n; (x' Ci)
X€EC;

* Distance between two cluster centers: A; ; = d(c;, ¢;)
* The distance between the closest instances of two clusters (separation): d;;

» The largest distance between two instances that belong to the cluster i (diameter): D;

Based on these definitions, the most important CVI measures are illustrated in the
following.

Davies-Bouldin indicator (DBI):
1K 6; + 6
DBI = Ezizlmaxﬁi A—

i,j
(3.14)

1 1
=%/, MaXjs n—lz d(x,ci)+zz d(x,cj) /d(c;, c))

]
xeC]
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To calculate this CVI, firstly, the values of ((Si + 6;)/4; j) between a cluster and all
other clusters are calculated and the maximum amount of these values is selected for each
cluster. Then, the average of all these maximum values is selected as DBI index. The lower
DBI values indicate the better clustering results.

Dunn Index: Let us denote by d,,;, the minimal distance between points of different

clusters and d,,4, the largest within-cluster distance. So, d,,;,, and d,,4, can be written as:

Ainin = min d;j (3.15)
dinax = max D; (3.16)

Now, Dunn index can be defined as:

min

Dunn = (3.17)

max

Higher Dunn index values correspond to the more preferred results as they correspond
to inter-cluster dissimilarities that are large in comparison to intra-cluster dissimilarities [11].

SIL (Silhouette Index): Generally, three Silhouette measures can be defined:
Silhouette width for an instance, cluster mean Silhouette, and global mean Silhouette over
all the clusters [172].

For calculation of Silhouette width, we first need to explain two other distances: within-
cluster mean distance, A (i), and the smallest of mean distances to other clusters, B(i),

which are defined for an instance x; € C}, as the following:

(3.18)
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1
B() = min(_— g d(xi, x;)) (3.19)
k x]-ECkr

The Silhouette width of instance x; can then be defined as:

B(i) — A(i
s(@) = © . (). (3.20)
max (B(i), A(i))
The cluster mean Silhouette, which is defined for a cluster C;, is calculated as:
— 1 r
= s() (3.21)
ijCl

Finally, global Silhouette index can be defined as the mean of the mean Silhouettes

through all the clusters:

1 K
SI = —Z 2 (3.22)

i=

Juy

The Silhouette width of an instance is a number between -1 and 1, with those values
approaching 1 indicating that the instance is very well placed in the right cluster while

negative values near -1 displaying that the instance should be assigned to another cluster.

WCBCR (the ratio of within-cluster sum of squares to between-cluster variation):
Intuitively, clusters formed by clustering process should have these two features: they
should be compact and they should be as far from each other as possible. These notions can
be mathematically expressed by these definitions: within-cluster variation (WC) and

between cluster variation (BC) [173] as follows:
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we = Z Z 42 (x;, ci) (3.23)

=1x;€Ck

K
BC = Z d2(c;, c) (3.24)

1<i<k

Finally, WCBCR index is constructed by the combination of these two measures:

WCBCR = z z d2(x;, c) / Z d2(c, ci) (3.25)

=1x;ECk 1<i<k

3.4.2 Fuzzy c-means

For FCM, the main parameter is the fuzziness degree, characterized by parameter m in
Eq. 3.3. Fig. 3.2 shows the effect of this parameter on clustering results where the number
of clusters is fixed at 10. The value of m is changed from 1.05 to 4 at the steps of 0.05.
Since the initial centers are selected randomly, the clustering results slightly change in each
execution of the method. Thus, for each value of fuzziness degree, the clustering is carried
out ten different times and the outcomes are averaged for each CVI. As this figure shows,

the CVIs indicate that the best results happen at around 1.9 to 2.
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Fig. 3.2 Effect of fuzziness degree on the clustering results for FCM method

3.4.3 Hierarchical clustering

Here, 5 different hierarchical methods with different linkage criteria are compared for
varying number of clusters and the results are displayed in Fig. 3.3. The single and centroid
linkage models are selected as the best models by all CVIs except for MSE. Ward linkage
also shows good performance having relatively low values for DBI, MIA, and WCBCR, and
high values for SIL and Dunn. However, further inspection of the clusters shows that single
and centroid methods assign most of the daily load curves to only one cluster. It can be
observed by the dendrograms of the single and ward methods as shown in Fig. 3.4. For this

reason, ward method which well separates load curves into different clusters is preferred.
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Fig. 3.4. Dendrograms of (a) ward method and (b) single method

3.4.4 SOM

To cluster the load curves, the SOM in conjunction with a hierarchical clustering

20

method is used. The parameters under study are the neurons population and topology of the
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neural lattice. For 356 load patterns, the grid size changed accordingly from 10 X 10 (5 X

V356 ~ 94 ) to 20 X 20 (20 x V356 ~ 377). The width, W;, and height, W,, of the grid
are assumed to have the equal size. For each grid size, the effects of hexagonal and
rectangular topologies are studied.

Fig. 3.5 displays a sample 16 X 16 SOM grid which is divided into 10 clusters after
applying the hierarchical algorithm. To compare different configurations, the values of CVI
indexes are calculated in each case as shown in Fig. 3.6. In this case, superior results can be

observed for the grid size 18 X 18 with hexagonal topology.

Fig. 3.5. A 16 X 16 SOM grid and the corresponding clusters after applying the hierarchical method
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Fig. 3.6. Effect of grid size and topology on the two-level clustering of load curves using SOM and
hierarchical method (R: Rectangular, H: Hexagonal)

3.4.5 GMM

Generally, GMM produces the best results when the number of variables is limited.
Since the load curves have 48 variables (half-hour recordings) applying GMM might not
lead to the promising results. To this end, prior to GMM clustering, use of an indirect
clustering approach could be advantageous. For instance, in [27] the authors apply GMM on
a set of features which are extracted from the load data.

Here, the principal component analysis (PCA) is used to reduce the size of the input
data. Therefore, each load pattern is represented by a limited number of components. The
selection of the best number of components is described in the next sections. GMM 1is

applied to the PCA components and the impacts of parameters of covariance matrix (full vs.
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diagonal and shared vs. unshared matrixes) on final results are investigated using AIC as
depicted in Fig. 3.7. The lowest values of AIC occur for full-unshared method. By
increasing the number of clusters, diagonal-shared and full-shared observe a decreasing
trend while the AIC for full-unshared increases gradually. The results also suggest the best

segmentation with 8 clusters.
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Fig. 3.7. Effects of parameters of covariance matrix on the GMM clustering

3.4.6 Comparing clustering methods

In the previous sections, some of the most important parameters of different clustering
methods are illustrated and their effects on clustering results were analyzed. In this section,
four major clustering algorithms including K-mean, FCM, hierarchical, and SOM are
compared and the formed clusters are analyzed. The final aim is to determine the algorithm
which can better reveal the various patterns of consumption behavior and form clusters that
are more compact and well separated from each other.

The parameters of the methods are selected based on the analysis in previous sections.
Correspondingly, based on the results of section 3.4.2 to 3.4.5, the fuzziness degree is set to

1.9 for FCM, hierarchical clustering with ward linkage is chosen, and SOM is performed for
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a grid size of 18 x 18 with hexagonal topology. Fig. 3.8 shows the CVIs for the selected
algorithms.
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Fig. 3.8. The CVI values for four different clustering algorithms

It can be observed that hierarchical algorithm shows superior results for this special
data set which contains the daily load patterns of a customer. In fact, the highest values for
SIL and Dunn measures and the lowest values for DBI and WCBCR are obtained for this
algorithm. Furthermore, five CVIs indicate SOM as the worst clustering algorithm for this
case study. It can be seen from the related curves of SIL (lowest values) and DBI and MIA
(highest values).

For this specific value of fuzziness degree, the obtained results, for example, for SIL,
DBI, and MIA, indicate the good performance for fuzzy clustering. However, it should be
noted that in some cases, the results of FCM are sensitive to small changes in degree of
fuzziness. Therefore, while using FCM clustering, it is necessary to study various fuzziness

degrees for different number of clusters.
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Based on the CVI values for all the algorithms, it can be seen that the optimum number
of clusters falls into the range of 8 to 10 clusters. Eight clusters appear to produces the
satisfactory results since adding more clusters does not improve the results significantly.
This finding is in accordance with the GMM clustering outcomes. Generally, the final
number of clusters is decided based on the pre-defined objectives and needs. In practice, the
outcomes of electricity customer clustering will be used by the utilities for improving
different applications such as demand response programs and tariff design. Therefore,
typically, the number of clusters cannot be very large.

Fig. 3.9 and Fig. 3.10 display the final clusters which are formed by each method when
the number of clusters is set to 9. The center of each cluster is shown by the red line and is
computed by averaging on the load patterns belonging to the cluster. It can be observed that
clustering can reveal various distinct consumption patterns among the daily load curves of
the customer. Particularly, the following patterns are distinguishable (Here, the K-means
results are examined. The analysis is similar for the other methods.):

* Morning peak (cluster #1)

* Mid-day peak (cluster #5)

* Morning and afternoon peaks (cluster #4)
* Morning and night peaks (cluster #3)

* Morning and late night peak (cluster #8)

= Late night peak (cluster #9)

» Variable consumption pattern (cluster #6)
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Cluster #7 resembles to cluster #1; however, its corresponding peak has less magnitude
and happens at earlier hours. Moreover, cluster #2 characterizes the high consumption

during midnight and a local peak at around 10 am.
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Fig. 3.9 Final clusters of 4 different clustering algorithms
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Fig. 3.10. GMM clustering results

3.4.7 Clustering of a large number of electricity customers

Electricity companies desire to segregate their huge number of customers into certain
classes based on the daily load patterns. However, as we noted in the previous sections, the
daily load patterns of a certain customer might change significantly from a day to another
day. This makes the clustering of customers challenging. To overcome this problem, one
common approach is to cluster the customers based on their RLPs.

Here, the analyzed data set comprises load data of 4141 customers over a year. Since
the customers usually have different consumption behavior on the weekends compared with
weekdays, the data set is divided into weekdays and weekends (two loading conditions). Fig.
3.11 and Fig. 3.12 show the final clusters (obtained by a hierarchical algorithm) for
weekdays and weekends, respectively. The number of RLPs which belong to each cluster is
also displayed in these figures. In order to identify various consumption patterns among

customers, a sufficiently big number of clusters is selected.
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It can be seen that the difference between the weekday and weekend consumption
behavior is significant. For weekday clusters, generally a small peak happens in the morning
and the major peak occurs in the evening and nights. Specially, this pattern is clearly visible
for clusters #8, # 12, #1, and # 4 that have the highest number of RLPs and totally account
for around 40 per cent of load shapes. On the other hand, weekend clusters and particularly,
the clusters with the highest number of members i.e. clusters #4, #12, #1, and #6 have a late
peak around mid-day or early afternoon. Furthermore, it is also noticeable that the
magnitude of the afternoon peak is higher or equal of the night peaks. In addition it can be
observed that the consumption level is higher compared with the weekday consumption.
Such a difference among usage behavior is predictable since, in the weekends, the residents
usually wake up late and spend most of the day in the home while in the weekdays they

leave their homes in early mornings and are outside the home for most of the day.
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Fig. 3.11 Clusters of the weekday RLPs of 4141 customers
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Fig. 3.12. Clusters of the weekend RLPs of 4141 customers

3.4.8 Method comparisons based on the computation time

In this section, the processing time of the algorithms are compared for the clustering of
the larger dataset. Table 3-4 and Table 3-5 show the results for the clustering methods and
CVI measures, respectively. The results are the average values obtained by running the
algorithms 10 different times. The simulations are carried out on a personal computer Intel®

CORETMiS5 with processors clocking at 2.3 GHz and 8 GB of RAM.

Table 3-4 Comparison of processing time for different clustering algorithms

Clustering Number of clusters

method 5 6 7 8 9 10 11 12 13 14 15
K-means 0.128 | 0.138 | 0.156 | 0.235 | 0.172 | 0.293 | 0227 | 0.285 | 0.311 | 0.265 | 0.302
FCM-1.2 4.038 | 9.688 | 4.762 | 8.688 | 8.002 | 10.390 | 10.423 | 15.780 | 19.909 | 32.676 | 25.552
FCM-2 6.343 | 10218 | 9.708 | 14.455 | 15.533 | 14.379 | 17.375 | 24225 | 17.756 | 19.410 | 26.478
FCM-3 0.599 | 0.614 | 0.718 | 0.687 | 0.693 | 0.788 | 0.691 | 0.709 | 0.770 | 0.806 | 0.825
FCM-4 0.348 | 0.406 | 0369 | 0.381 | 0.441 | 0457 | 0.401 | 0.418 | 0389 | 0.391 | 0.372
H-Single 0.631 | 0.598 | 0.597 | 0.631 | 0.623 | 0.605 | 0.618 | 0.597 | 0.590 | 0.607 | 0.602
H-Complete | 0.601 | 0.561 | 0.572 | 0.639 | 0.587 | 0.582 | 0.622 | 0.578 | 0.593 | 0.564 | 0.599
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H-Average 0.634 | 0.603 | 0.609 | 0.644 | 0.631 | 0.616 | 0.665 | 0.594 | 0.604 | 0.638 | 0.635

H-Centroid | 0.954 | 0.943 | 0.930 | 1.053 | 0986 | 0.970 | 1.038 | 0.934 | 0913 | 0.944 | 0.981

H-Ward 0.619 | 0.611 | 0.610 | 0.686 | 0.617 | 0.610 | 0.633 | 0.611 | 0.625 | 0.604 | 0.643

SOM-H12 5.598 | 5.539 | 5.556 | 5.776 | 5.839 | 5.652 | 5.710 | 5.760 | 5.763 | 5.601 5.482

SOM-R12 5.617 | 5.655 | 5.675 | 5.869 | 5.946 | 5.697 | 5.851 5.847 | 5.730 | 5.692 | 5.571

SOM-H18 12.062 | 12.354 | 12.293 | 12.579 | 12.382 | 12.630 | 12.583 | 12.433 | 12.488 | 11.979 | 12.066

SOM-R18 12.129 | 12.069 | 12.337 | 12.218 | 12.686 | 12.341 | 12.527 | 12.689 | 12.422 | 12.060 | 12.178

Table 3-5 Comparison of processing time for different CVIs

P Number of clusters
5 6 7 8 9 10 11 12 13 14 15

MSE 0.017 | 0.012 | 0.010 | 0.011 | 0.011 | 0.013 | 0.012 | 0.015 | 0.011 | 0.011 | 0.011
SIL 6.916 | 6.796 | 6.885 | 7.017 | 7.712 | 7.324 | 7.192 | 7.660 | 7.403 | 7.314 | 7.469
DBI 0.033 | 0.024 | 0.017 | 0.018 | 0.018 | 0.020 | 0.019 | 0.019 | 0.018 | 0.020 | 0.019
MIA 0.022 | 0.012 | 0.013 | 0.013 | 0.013 | 0.013 | 0.013 | 0.014 | 0.012 | 0.013 | 0.015
WCBCR | 0.027 | 0.017 | 0.015 | 0.013 | 0.019 | 0.014 | 0.013 | 0.012 | 0.012 | 0.012 | 0.014
Dunn 0.420 | 0.392 | 0.402 | 0.394 | 0.424 | 0.409 | 0.399 | 0.406 | 0.399 | 0.404 | 0.402

It should be noted that the computation time for the algorithms depends on the
initialization parameters. For example, in K-means, the method for selection of centers
greatly affects the processing time. In addition, if the centers are selected randomly, the time
is multiplied by the number of iterations which is needed to repeat the clustering using the
new initial centers. Here, the results are reported for only one random selection of centers.

FCM calculation time depends on the fuzziness parameter. In Table 3-4, the processing
time for m=1.2, 2, 3 and 4 are reported. It is observed that by increasing the amount of
fuzziness degree, the calculation time increases at first and then experiences a steady
decrease.

For the hierarchical method, the calculation time only slightly differs for different

cluster numbers since the main processing time is dedicated to creating the dendrogram
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which can later be cut at any level. Centroid linkage method has the longest time followed
by average and Ward methods.

As expected, the time for training the SOM model is relatively high when the number
of observations is large. Also, it can be seen that by increasing the grid size from 12 X 12 to
18 x 18 the computation time almost doubles.

For CVI measures, MSE, DBI, WCBCR, and MIA calculate the distances between each
cluster center with the members of that cluster. Among them, DBI considers all the pairwise
combination of clusters which makes it more complicated. Silhouette and Dunn indexes
require the calculation of inter-cluster and intra-cluster distances between all the objects.
Silhouette has the most complicated formulation which makes it more computationally
expensive for large datasets. Table 3-5 also shows that the Silhouette and Dunn indexes
represent the longest computation time and the processing time of Silhouette is much higher

compared to other CVlIs.

3.5 Summary

In this chapter, we comprehensively explored the clustering of electricity customers
according to their daily load patterns. The primary aim is to detect different consumption
patterns which, subsequently, can be used for improving the other applications in the power
system domain such as DR programs. Firstly, the major clustering algorithms were
introduced and the main parameters of them are discussed. The case studies were performed
to show the effect of these parameters and to compare different clustering methods.

Furthermore, the applications of cluster validity indexes were described.
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4 A Pattern Recognition Methodology
for Analyzing Load Data and
Targeting Demand Response
Applications

4.1 Background and Motivation

The availability of smart meter data allows defining innovative applications such as
demand response (DR) programs for households. However, the dimensionality of data
imposes challenges for the data mining of the load patterns. In addition, the inherent
variability of residential consumption patterns is a major problem for deciding on the
characteristic consumption patterns and implementing proper DR settlements. In this
chapter, a data size reduction and clustering approach is utilized in order to analyze the
residential customers load data.

It should be noted that the introduction of new technologies can affect residential load
curves. The current status of three main technologies including solar PVs, ESSs, and EVs,
their possible deployments in short- and mid-terms, and their effects on residential load
profiles were discussed in detail in Section 2.3. It was highlighted that the implementation
of Solar PVs and batteries has the greatest impact on consumption patterns of dwellings.
Using the current data and available studies, it was also shown that the rate of current

deployments by households is still limited by the high initial investment costs.
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Home energy management systems (HEMSs) are another novel technology that can
alter the households’ consumption. A HEMS oversees the optimal consumption, generation,
storage, and charge/discharge activities in the premises. Therefore, it considers all the
affecting factors such as the PV generation, battery status, electricity prices, demand
response programs, and EV’s charge/discharge and decides on the operation of appliances.

The proposed methodology in this chapter can be used as part of these techniques for
identifying DR potentials in different households. The aim of the chapter is twofold: firstly,
to develop and apply a symbolic aggregate approximation (SAX) technique as a proper data
size reduction method on a large number of daily load shapes of the residential customers,
and analyze their underlying consumption patterns, and secondly, to apply the results for
DR program targeting for residential households. In spite of its efficacy, the application of
SAX in the power system publications, especially for the residential customers and a large
number of load curves, has not been explored in detail. To bridge this gap, this chapter
offers several contributions as follows:

* It investigates the application of a modified SAX technique on a large dataset
comprising hundreds of thousands of daily load curves of residential dwellings. Use of
SAX is appropriate since the residential load curves usually display high variability
from one day to another day. Therefore, instead of using the daily curves, the relevant
SAX representations can be used which brings in more meaningful outcomes.

* To apply the SAX, the main time periods of household activity during the day should be
identified. Therefore, an analysis of consumption data is carried out to identify the

critical time periods during the day which are used in the SAX to partition the time axis.

104



= Using a clustering approach, the SAX representations of data are assigned to different
clusters. In this stage, two modifications are applied to distance calculation to improve
the clustering results. In addition, the effects of the parameters of the SAX technique
and cluster numbers are studied by appropriate measures. The obtained results are
analyzed which give promising insights about households’ consumption patterns.

* The results of the clustering stage are utilized to help in procuring DR from the
residential households. The use of SAX is helpful in this stage too. It is in accordance
with the needs of retailers or DR aggregators which usually require DR or load changes
in specific time periods.

The following sections are organized as follows. In Section 4.2, the preliminary stages
before the clustering are briefly explained and the extant literature is summarized and
reported. Section 4.3 includes the problem statement and the suggested stages of the method.
The theoretical concepts of the methodology including the data size reduction technique,
clustering algorithm, and entropy analysis are introduced in Section 4.4. In Section 4.5, the
data set is evaluated to extract the main time periods which are used in the SAX method.
The case studies and the results are presented in Section 4.6. Finally, conclusions are

presented in Section 4.8.

4.2 Preliminary Stages Before the Clustering

In the previous chapter we studied the major clustering algorithms and their
applications. However, it should be noted that the volume of recorded electricity
consumptions is enormous. For data resolutions of 1 hour, 15 minutes and 1 minute, the

length of daily metered data will be 24, 96, 1440 respectively, which clearly shows the
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effect of sampling rate on the dimensionality of time series data. Specifically, analyzing
these massive sets of data from tens of thousands of smart meters could be a challenging
task for electrical utilities. Hence, applying clustering techniques on these data, especially
when the number of customers is very high or the time period of study is long, would be a
challenging task. Therefore, feature extraction/definition and dimensionality reduction
methods are examined in the literature to reduce the size of load data sets. The proper use of
these techniques can reduce the input data of clustering algorithms, save computing time,
and probably improve the clustering results. In the following, firstly, the applications of
feature definition/extraction methods are briefly discussed. Then, the use of principal
component analysis (PCA), as a popular data size reduction technique in power system

literature, is briefly presented.

4.2.1 Feature definition

Each customer load profile might be represented by a limited number of features. In
feature definition approaches some features are defined and employed by the user based on
the specific applications. In [23] the authors define seven features and extract them from the
raw data including the mean, standard deviation, skewness, kurtosis, chaos, energy, and
periodicity. Ref. [79] defines a set of shape indicators, for example, daily average load to
maximum load factor, to characterize the load patterns. Haben et al. [27] divide each day
into four time periods, overnight, breakfast, daytime, and evening periods. Using the
consumption values in these periods, seven attributes are defined for each customer. In [73]
different variables are derived from the hourly measured energy consumption of customers

such as the number of consumption peaks, hourly average consumption, and maximum
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consumption per day. Furthermore, [174] defines attributes in such a way that they can
represent the flexibility of each household in changing its load. Also, a regression analysis is
adopted in [94] which gives eight regression coefficients for the electric load pattern of any
customer. These coefficients are different for each customer and are used for the clustering
purpose. The proper clustering methods can be applied on these features to distinguish

customer classes.

4.2.2 Feature extraction

Feature extraction techniques can also be employed to extract certain features from the
load data using techniques such as frequency domain analysis [175], discrete Fourier
transform (DFT) [171], and wavelet transform (WT) [176]. DFT is used in [171] to
transform time-domain measurements to the frequency domain. Based on the acquired
information on amplitude and phase of the harmonic components, a set of features is
defined which is used by a modified follow the leader algorithm to cluster customers. Also,
frequency analysis of households is performed in [64] to identify the relationship between
the load patterns and the lifestyle of households. After calculating the representative
frequency for each dwelling, the households are divided into several groups. The application
of WT for extraction of features has been discussed in several studies [177], [178], [96],
[103]. Ref. [178] proposes two approaches based on WT for clustering one-year load data of
a group of French electricity customers. The first method employs discrete WT for feature
extraction and feature selection and K-means algorithm for clustering. This approach is very
fast and allows the elimination of non-informative features. On the other hand, the second

approach is to cluster using a continuous WT and partitioning around medoid (PAM)
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algorithm and can result in more refined clusters. Ref. [177] and [96] define a clustering
strategy by combining an individual signal pre-processing by wavelet denoising, a
dimensionality reduction step by wavelet compression, and a hierarchical clustering

algorithm which is applied to a suitably chosen set of wavelet coefficients.

4.2.3 Dimensionality reduction methods

The third approach uses data size reduction techniques to obtain a reduced data set from
the primary data set. Various data mining methods have been introduced for decreasing the
size of a dataset. In the power system literature, PCA is vastly utilized to convert the load
data into a few components which can be further used for clustering

The fundamental idea of PCA is to reduce the dimensionality of a data set consisting of
a large number of possibly correlated variables while retaining as much as possible of the
variation present in the data set. This is achieved by an orthogonal transformation that
converts the data to a new set of variables called principal components (PCs) which are
uncorrelated. This transformation transforms the data to a new coordinate system such that
the first few PCs retain most of the variation present in all of the original variables [179].
Therefore, the greatest variance by any projection of the data becomes the first coordinate
(the first component), the second greatest variance the second coordinate, and so on [180].
Often the number of PCs needed to sufficiently represent the original data is quite small and
this makes PCA a suitable tool for dimensionality reduction.

The application of PCA method to the customer data set for different number of PCA
components is carried out as shown in Fig. 4.1. Most of the variance is explained by the first

six components and its value does not change meaningfully after around 10 PCs. The
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adequate number of PCs and the suitable number of clusters can be acquired by CVIs as
displayed in this figure. By increasing the number of PCs from 2 to 4, the results improve
significantly. However, no considerable change can be observed for more PCs. In this case,

the number of final PCs can be selected as 5 or 6.
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Fig. 4.1. Performance of a combined clustering of PCA and K-means for different number of clusters and PCs

PCA is applied in several studies to characterize customers’ consumptions. In [77],
PCA is employed to understand and visualize measured consumption data. K-means
clustering is then used to cluster the data set based on the first four PCs. In [72], using PCA,
48 half-hour load data are converted to a few PCs and an SOM strategy is applied to reveal
a number of distinct behavioral components, for example, high consumptions vs. low
consumption. Moreover, in [68], PCA is used to reduce the dimensionality and to detect the
existence of seasonality in load curves. Also, the performance of PCA is compared against

two other data size reduction techniques in [57].
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SAX is a well-known dimensionality reduction technique in the data mining literature
[181]. It is a suitable technique for producing a representation of original time series data by
a limited number of features; however, its use for residential load data is not studied in
detail. In the next sections, an innovative SAX method will be utilized for analyzing the

residential customers load patterns and enhancing DR programs.

4.3 Problem Statement

Use of RLPs offers some obvious advantages as the consumption pattern of each
customer over a period of time is represented by only one curve. In particular, it reduces the
volume of data and makes the clustering achievable. On the other hand, the temporal
characteristics of load data, which is important for DR applications, can be missed by using
RLPs. For example, as shown in Fig. 4.2, two customers with completely different daily
load patterns can still have similar RLPs (shown by the black lines). According to this figure,
the first customer has a very unpredictable consumption behavior during a week, while the
other follows a very regular pattern. It means that, regardless of the consumption value, the
low and high consumption periods of the second customer do not differ considerably from
one day to another day. This is especially critical for DR applications when understanding

the stability of user’s consumption habits over time is of high importance.
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Fig. 4.2. Consumption behavior of two customers

Use of SAX technique can help in settling the aforementioned problems. It has two
suitable features which make it a perfect tool for analyzing residential load patterns. First, it
considers several important time periods during the day instead of focusing on the exact
time of consumption. Secondly, instead of dealing with the infinite number of consumption
values, it transforms the load data into a series of symbols. Using these two features, each
load pattern can be represented by a limited number of symbols. This allows limiting the
number of many daily load curve varieties while retaining the important information of
original load data. SAX representations can then be clustered using proper clustering
techniques. Furthermore, applying the SAX can facilitate DR applications for example, by

enabling the segregation of stable customers from variable ones.
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4.3.1 Stages of the method

Based on the aforementioned analysis, the proposed methodology in this paper which

includes four main steps is shown in Fig. 4.3.

Stage 1: Pre-processing and requirements Stage 2: Applying SAX : Stage 3: Clustering : Stage 4: Applications
A . Setting the alphabet size Analysis of formed
Pre-p rc('lc;f‘smg ° Identifying the time of SAX words Setting the number clusters
intervals of clusters

_:.> Transforming the data :*

Defining the loading into SAX words Choosing the best

condition . . clustering method Applications for DR
o Calculation of distance programs
Normalization matrix

'T' Cluster validity indexes T

Deciding the best number of alphabets and clusters

51 Entropy calculation

\Il

Dividing the dataset 9

Dataset into subsets

Fig. 4.3. Stages of the methodology

Data preparation: prior to data analysis, load data preparation is carried out in which
the data set is divided into weekdays and weekend sets. Public holidays are also extracted
from the weekdays and the customers’ daily load profiles are normalized based on the daily
maximum consumption. Loading conditions are defined in this stage and the data are
evaluated to determine the proper time intervals during the day, which are needed as the
breakpoints on the time axis in the SAX method.

Implementing the SAX: the second stage applies the SAX on the load patterns and
calculates the distance matrix. Two modifications are also applied in this stage to the SAX
method to accommodate the underlying assumptions of residential consumption and to
achieve better clustering results.

Clustering: clustering using a hierarchical algorithm is conducted in Stage 3. Different

hierarchical methods are evaluated and the best one is selected for the segmentation of load
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curves. Furthermore, the effects of SAX parameters and number of clusters are examined in
Stages 2 and 3.

Applications and DR targeting: The analysis of the results and further applications for
DR programs are conducted in Stage 4. In this step, the entropy concept from the
information theory is utilized to rank customers based on their stabilities over time which
can be further used in applying customized DR programs for different customers. In other
words, this measure ranks customers based on their variability in their daily load shapes
over time and distinguishes between the customers with stable and regular behavior and

customers with irregular and unstable behavior.

4.4 Methodology

In this section, the concepts and mathematical formulations of SAX technique,

clustering algorithm, and entropy measure are illustrated.

4.4.1 SAX method

Various methods have been proposed in the data mining literature for the high level
representation of time series data including the SAX technique. SAX is a symbolic
representation for the time series data which discretizes the original data into symbolic
strings. This technique, proposed by Lin et al. [181], uses an intermediate transformation of
raw data called piecewise aggregate approximation (PAA) for the dimensionality reduction
and then, symbolizes the PAA representation into a string composed of some alphabets.
PAA partitions the time domain into a specified number of time frames and reduces the

length of the original time series by replacing the data falling in the same time frame by
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their corresponding mean value. Usually, these time intervals have the same size. In our
proposed method, we determine the time intervals based on the approach defined in Section
4.5. Mathematically expressing, PAA transforms the original time series X = {x,

Xy, ..., Xy } to a vector of C = {cy, c5, ..., cx} (K < H) in which ¢; is defined as:

_ ijETi x]

c; = . (4.1)

where T; and k; represent the ith time interval and the number of the data values falling in
that time interval, respectively.

Once c; is obtained, their SAX representation can be realized by defining a series of
breakpoints {zy, Z,, ...,Zg—1} which partition the amplitude axis into Q intervals. These
breakpoints can be determined based on the quantile of the statistical distribution that
represents the probability density of the amplitudes in the whole data set [168]. A symbol is
then assigned to each of these intervals and the PAA values are mapped to these symbols
according to the interval they fall in. Therefore, if the set of symbols are defined as
{a1,az, ..., a0} and z;_; < ¢; < z;, then ¢; will be mapped to ;. In this way, the original
time series can be replaced by a SAX “word”.

Fig. 4.4 demonstrates the process of generating SAX word for a typical normalized load
curve. Each day is divided into four intervals which have the same length of six and the
amplitude breakpoints are selected as {0.25,0.5,0.75}. The data points falling in the same
time frame are averaged and mapped to the letters {a, b, ¢, d} hence, resulting in the SAX

word “abababacabbcaaacabab”.
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Fig. 4.4. PAA and SAX representation of a load curve for 5 days

In the proposed method, every normalized daily load curve which consists of 48 data
points will be replaced by its SAX representation of length five as a day is divided into five

periods.

4.4.2 Clustering stage

Considering that the SAX entries are categorical data, certain clustering algorithms
such as K-means cannot be used for the clustering. Other algorithms including K-modes,
hierarchical, and DBSCAN can be applied to partition the SAX representation of daily load
curves into a number of clusters. Hierarchical agglomerative clustering is a good choice
which is used here.

To apply the method, firstly, the distance between the pairs of data points (load curves)
is calculated and a similarity matrix is built. In order to apply the clustering algorithm on the
SAX representations of the data, the distance between two SAX words should be defined.
When dealing with the raw data, usually Euclidean distance is used to calculate the distance
between two load curves or two RLPs. For the symbolic representation of the load curves a

proper distance metric needs to be defined. When the time domain is partitioned into equal
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time frames, the following distance definition known as MINIDIST is usually used for

calculating the dissimilarity between two SAX words W; and W, [181]:

K
MINIDIST (W, W,) = |k. z (dist(a;, B;))? (4.2)
i=1

dist(a,ﬁ):{o’ if la =Bl <1

: 4.3
Zmax(a,ﬁ)—1_Zmin(a_ﬁ), otherwise ( )

where a; and f5; represent the ith symbols of W, and W,, respectively and k = H/K is the
number of data points in each time interval.

Therefore, when calculating the distance between two SAX words, the distance
between their individual symbols will be calculated first using (4.3). According to (4.3), if
two symbols are adjacent, then the distance between them is zero, otherwise, the distance
between them is calculated using the amplitude breakpoints. For instance, in the previous
example, dist(b,c) = 0 and dist(b,d) = 0.75 — 0.5 = 0.25 . It can be proved that this
definition for the distance between SAX words lower-bounds the Euclidean distance
between the two original time series.

We apply two modifications to the above distance calculation. Since the partitions of
time axis have different sizes the fixed k in (4.2) is replaced by k; which is equal to the data

points in each time interval. Accordingly, (4.2) should be re-written as:

K
MINIDIST(Wy, W,) = Z k;. (dist(a;,B;))? (4.4)
i=1
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The definition in (4.3) considers the distance of adjacent symbols as zero and ignores
the minimum and maximum points of time series. Therefore, here, the second modification
is proposed based on the work in [182] for calculation of the distance in (4.3), which shows
better results for clustering purposes. Firstly, for each interval, an indicator can be defined

as following:

Zi_1 + Zi

Indl- = )

(4.5)

For the lowest region, z;_; is the global minimum and for the highest one z; is the
global maximum. Secondly, the distance between two intervals can be defined as the

distance between their corresponding indicators:
dist(a, B) = |Ind, — Indg| (4.6)

Using the above definitions, the distance between the pairs of daily load curves, which
are represented by their SAX words, is calculated. This process results in a distance matrix
which will be used as the input of the hierarchical clustering algorithm. Based on this matrix,
clusters are merged using a linkage criterion. The linkage is an evaluation function which
indicates the best candidates for merging. Likewise the dissimilarity measure, the choice of
linkage can also have an impact on the final clustering outcomes.

The average linkage is selected for the hierarchical clustering since the obtained results

confirmed its superiority to the other methods. Let €, and C, be two clusters with n,, and
ng members, respectively. Then, based on the average method the distance between these

two clusters is:
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D(C,C,) = Z (X, %) =~ Z MINIDIST (W,;, W)

np. nq Xl'ECp prq WiECp (47)
YiECq WjECq
4.4.3 DR application

The consumption of a household can be characterized by several main features:
total/average energy consumption [183] [184], load shape [32] [60], the amount and time of
the peak [53], and the stability in usage pattern over time. The first three determinants are
well studied in the literature. In spite of its importance, the stability of the customer’s usage
behavior over time has been addressed in very limited studies [54], [52]. Nonetheless, it
remains as one of the main challenges of DR implementation. In the following, using the
results of clustering in the last subsection, the customers will be ranked based on their
stability over time.

By applying the clustering algorithm, the daily load curves of each dwelling will be
assigned to different clusters based on the customer’s consumption habits. The higher
variability of daily consumption patterns means that the daily load curves will belong to the
greater number of clusters. This gives an intuitive measure to compare households based on
their stability over time. However, this method does not provide a fair basis for comparing
customers. For example, the daily curves of two different customers can be assigned to the
same number of clusters in spite of having completely different patterns as shown in Table
4-1. Here, there are 100 daily load curves for each customer and the number of final clusters

is set to 10. As it can be observed, customer A has a very regular pattern since almost all of
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his/her daily curves are assigned to the Cluster # 2, while customer B follows much diverse

consumption habits as his/her daily curves are distributed among four different clusters.

Table 4-1 A sample assignment of daily curves of two customers to different clusters

Cluster Number

#2 #5 #7 #10
Customer A 97 1 1 1
Customer B 23 27 19 31

Therefore, a more sophisticated metric is needed to quantify the variability of
households and rank them. We borrow the notion of entropy form the information theory to
classify customers based on their stability over time. Shannon entropy is a popular entropy

measure in various fields and is used in this paper too. It can be expressed as [185]:

N
H=="p.logy() (4.8)
i=1

where N is the number of classes, and p; is the probability (relative frequency) of an object
from the ith class appearing. b is the base of the logarithm and its common values are 2, e,
and 10.

In our context, each class represents a cluster and the relative frequency, p;, is the
number of times the daily load pattern of a household belongs to the cluster i. Therefore, the
entropy metric not only considers the number of clusters but also the probability that they
appear in the customers’ daily load shapes. If a household has a completely stable pattern,

which means that all his daily curves belong to just one cluster, the entropy will be 0 (p; =
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1). In other extreme case, if a customer follows a completely irregular pattern, which means

that all the clusters are equally likely in his daily load curves, the entropy will be the highest.

4.5 Preliminary Analysis of the Dataset

The analyses in this section and the next section are performed for weekday and
weekend datasets. The presented concepts are firstly demonstrated using a dataset
comprising of 300 customers, while a much larger dataset consisting of 4141 customers is
used for further DR analysis.

In this stage, the aim is to find time periods during a day which are distinguished based
on the energy consumption levels and the local troughs and peaks. A detailed analysis is
performed in order to distinguish the proper periods during the day. These time intervals are
the characteristic time periods where certain consumption patterns can happen. These
periods correspond with the typical periods of household activity and the changes in the
energy usages. They will be used as the time breakpoints in the SAX method.

Fig. 4.5 and Fig. 4.6 show the box and whisker plots of the daily consumption data of
all customers for the weekdays and weekends, respectively. For simplicity, outliers are not
shown in these plots. The median value of the consumption in every hour is shown by the
solid line in the middle of each box. The two ends of the box show the first quartile, q;, and
third quartile, q3. The bottom and top whiskers are specified as q; — 1.5 X (g3 — q;) and

qz + 1.5 X (q3 — q41) and limit the range outside the box which is shown by the dashed line.
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Fig. 4.5. Boxplots of weekday consumption in different seasons
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Fig. 4.6. Boxplots of weekend consumption in different seasons
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Analysis of these figures reveals important information about the consumption
magnitude and pattern during different seasons. In addition, a significant difference can be
observed in the energy consumption patterns of weekdays and weekends.

For the weekdays, there are several local peaks which occur in the morning, mid-day,
evening, and night periods. Although the occurring times of these peaks slightly differ
among the seasons, the general trend is almost the same for all of them. As it is expected,
the daytime peak during the weekends is much higher in comparison to weekdays.
Specifically, for summer and spring, the daytime peak is the same or higher than the night
peak. It is understandable since during the weekdays most of the people are usually at the
workplaces, while they spend much more time in the home during the weekends. There is
no significant change in the night consumption. Another main difference for the weekends
is the shifting of the local peak of the morning to mid-day. Such pattern is also expected
since occupants usually wake up at later hours on Saturday and Sunday.

Table 4-2 reports the time intervals which are inferred from these plots which

distinguish the periods of household activity and are used as the input of SAX method.

Table 4-2 Characteristic time intervals of the day (used for the SAX method)

Weekdays
Recording number Hours Period
3-14 1 am- 7 am Overnight 2
15-18 7 am- 9 am Morning
19-33 9am- 4:30 pm Daytime
34-45 4:30 pm- 10:30 pm  Evening
46-2 10:30 pm- 1 am  Overnight 1
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Weekends

Recording number Hours Period
3-16 1 am- 8 am Overnight 2
17-20 8am- 10 am Morning
21-34 10 am- 5 pm Daytime
35-46 Spm- 11 pm Evening
47-2 11 pm- 1 am Overnight 1

4.6 Case Study

4.6.1 Application of SAX and clustering algorithms

The time periods that were defined for the SAX method cover the main time intervals
during the whole year. However, the usage patterns of customers might slightly vary based
on the temperature and seasonal changes. Usually, more similar consumption habits happen
during a season. The current practice in the literature is to divide a year into 4 (or sometimes
5) seasons and study the consumption behavior based on the seasons [81] [56] [30]. In our
case, since we were studying the customer stability over time, we tried to define the season
based on the temperature variations to expand the time period of study compared to the
usual practice which considers only one pre-defined season of data. The analysis indicates
that there is a good correlation between the temperature values (from Irish Meteorological
Service [186]) and the overall consumption pattern as shown in Fig. 4.7. This approach
represents a more realistic scenario as well as more number of days, resulting in 93 working
days including 11 days from the end of spring, 18 days from the beginning of autumn, and

all the working days of summer (64 days).
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Fig. 4.7. Daily total consumption and temperature variation

The presented concepts are firstly demonstrated using a dataset comprising of 300
customers, while a much larger dataset consisting of 4141 customers is used for further DR
analysis. Therefore, 27,900 load curves (300 customers X 93 days) are available for this
loading condition. For the weekends, a year of data is considered which consists of 104 days.
Consequently, for the time period under study, the total number of 31200 load patterns will
be available for the weekends.

The analysis is performed for various conditions mainly, by selecting different number
of symbols (amplitude partitions) and different number of clusters. As will be explained in
the next subsections, using seven alphabets shows superior clustering performance and

hence, it is used for explaining the results.
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The amplitude axis is partitioned into seven regions which are defined using the
quantile of the PAA values. Accordingly, there are six breakpoints which are determined
based on the cumulative density function (CDF) of the whole data. It means that these

breakpoints divide the CDF curve into seven equiprobable regions as shown in Fig. 4.8.
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Fig. 4.8. CDF of the whole data

These regions correspond to the letters ‘a’ to ‘g’. The normalized daily load shapes are
transformed into their corresponding SAX words. The distance matrix is constructed using
the modified MINIDIST function. Finally, the SAX words are clustered using the
hierarchical clustering algorithms into clusters. Cophenetic correlation coefficients are
calculated for average, single, complete, and Ward clustering methods in which the results
demonstrate the better performance for average clustering. Finally, the entropy of each
customer is calculated based on the frequency of appearance of clusters in his the load
curves.

It should be noted that the maximum number of different SAX words cannot be more

than 7° = 16708 as seven possible symbols exist for each period. Consequently, even if
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the number of daily load shapes increases considerably, the possible combinations of the

[P 4] e 9

symbols “a” to “g” are limited to this number.

4.6.2 Analysis of weekday and weekend clusters

The number of clusters is determined based on the values of DBI and MIA indexes.
Following the analysis presented in 4.6.4, the number of clusters is set to 120. Analysis of
the formed clusters and their shapes can give valuable information about the consumption
patterns. Fig. 4.9 depicts the clustering results for the weekday data set in which the centers
for 30 clusters with the largest number of members are shown. The center is calculated by

averaging all the curves that belong to the cluster.
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Fig. 4.9. Centers of the clusters with the highest number of daily load curves for the weekday data set
Each cluster characterizes a different consumption pattern. Especially, these patterns
are visible:
= Morning peak, clusters #6, #9, #13, and #15, #20, and #23: except for cluster # 6 whose
peak happens at early morning (around 6), other clusters show a late peak during the
morning. Clusters # 9 and # 15 represent a major peak which shows the energy

consumption by various appliances in this period.
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Mid-day peak; clusters #3, #22, #24, and #28: for this category, the peak happens at
early afternoon and, except for cluster # 3, they generally follow the same pattern of an
extended peak. It means that the consumption slowly increases until the peak point and
then again follows a slow decrease pattern.

Late night peak; clusters #1, #4, #5, #7, #10, #11, #14, and #19: these clusters show a
peak near to the midnight. Clusters #1, #7, #11, and #19 show a smooth steady increase
in the usage from early afternoon till midnight compared with clusters #10 and #14
which have a sharper rise of consumption.

Night peak; clusters #2, #17, #18, #27, #29, and #30: compared with other clusters in
this category, clusters #2 and #18 display a significant increase in consumption during
night time.

Dual peaks; clusters #8, #12, #26: these clusters show dual peaks happening in the
morning and in the evening.

Clusters #16, #21, and #25 classify those days when customer had an almost stable

consumption during the day starting from the morning and lasting until midnight.

Clusters #29 and #30 have the largest number of members (4187 and 2406 daily load

shapes, respectively) which account for around 24 per cent of all daily curves. Not

surprisingly, they represent a consumption pattern similar to the general trend of energy use

in summer which was shown in Fig. 4.5.

The same analysis that is performed for the week days can also be applied on weekend

data set. The centers of main clusters, that contain the largest number of members, are

depicted in Fig. 4.10. It can be seen that weekend clusters generally have a peak in the

afternoon and nights rather than in the morning. Especially, clusters #25 to #30 which have

127



the largest number of members follow this pattern. Cluster #30 has 5541 members and its

shape resembles to the consumption patterns shown in Fig. 4.6.
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Fig. 4.10. Centers of the clusters with the highest number of daily load curves for the weekend data set

4.6.3 Entropy analysis

The results of the method distinguish the customers based on their variability in the

defined periods. The highest entropy that a customer can have is —log (%) = 1.9685
which happens when each daily curve belongs to a different cluster. Here, the daily curves
of the dwelling with the lowest entropy are assigned to just 4 clusters, while for the
customer with the highest entropy they belong to more than 50 clusters. The entropy values
for the former and latter cases are 0.2444 and 1.5991, respectively. Fig. 4.11 shows the daily
curves of two customers with stable consumption behavior and two customers with variable
consumption behavior that are decided based on the entropy analysis. As it can be seen,

even the stable customers show slightly different patterns from one day to another day

which is an inherent feature of the residential energy usage.
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Fig. 4.11. Load curves of two customers with stable consumption behavior (top) and two customers with

variable consumption behavior (bottom)
Entropy analysis reveals that the weekend consumption is more variable than the
weekdays, which can be associated with the more stable schedule of households during the
weekdays. Furthermore, the study shows that those customers who show a stable behavior

on the weekdays do not necessarily follow a regular pattern on the weekends.

4.6.4 Effect of amplitude partitioning and number of clusters

The final clustering results are affected by the number of regions of amplitude axis i.e.
the number of alphabets. To investigate this effect on clustering results, the number of
amplitude breakpoints has been changed from 4 (5 regions) to 7 (8 regions). On the other
hand, the effect of the number of clusters is also studied by changing it from 50 to 300.

Fig. 4.12 and Fig. 4.13 display the results for DBI and MIA, respectively. It can be seen

that, both DBI and MIA values decrease with the increase of the number of clusters.
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However, they do not change significantly after around 120 and for this reason, the number
of clusters is set to 120. In addition, it can be observed that the best clustering has been

achieved when the alphabet of size 7 is used.
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Fig. 4.12. DBI values for different size of alphabets and different number of clusters
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Fig. 4.13. MIA values for different size of alphabets and different number of clusters
It 1s also interesting to study the effect of these variables on entropy calculations and
their ability to distinguish stable customers. To this end, for each number of clusters, the
entropies of customers are calculated for a different number of alphabets. Then, 100

customers with the lowest entropies for each of these four scenarios and for the different
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number of clusters were obtained. It is observed that there are at least 66 common users

among the 100 users for different number of alphabets.

4.6.5 Entropy analysis for a large number of customers

The presented method in the last section is precise, however, with the increase of the
number of load curves the computational time increases. The main reason is that SAX
words are categorical variables and the distance matrix for the clustering algorithm needs to
be constructed. Consequently, if there are n SAX words, the order of distance matrix is
n X n. More sophisticated approaches for clustering are needed that is beyond the scope of
this study. Therefore, here, we adopt a more straightforward approach in order to be able to
compare a large number of customers. The steps of the proposed method are illustrated in

the following:

Step 1: Define the K characteristic load shapes based on which all the load curves can be

compared. These characteristic load curves can be defined by the user or for example, as

a preliminary stage, they can be found by a simple clustering algorithm like K-means.

= Step 2: Convert these K characteristic load shapes to SAX words (representative SAX
words).

= Step 3: Convert all the daily curves of each customer to SAX words.

= Step 4: Compute the distance of each daily load curve of the customer with the
representative SAX words and assign it to the most similar one.

= Step 5: Calculate entropy.

The case studies for the working days and weekend days are illustrated in the following.

131



The simulations are carried out for the working days of one year which comprises 252
days. The partitioning of time and amplitude axis is the same as the previous section. The
number of representative load shapes is decided large enough to represent various load
patterns. It should be noted that some of the representative SAX words of these K centers
might be identical and hence, the replicated ones need to be removed. In our analysis, the
final number of representative SAX words is decreased to 39. For each daily curve, the
distance of its SAX word with these 39 load shapes is computed and it is assigned to the
most similar load shape. Finally, the entropy of each customer is calculated.

The histogram of Fig. 4.14 shows how the daily load shapes of customers are assigned
to different clusters. It can be observed that the daily load curves of most of the customers
are assigned to around 20 clusters. The daily load curves of the most stable customer belong
to only 2 clusters, while the ones of the most variable customer are assigned to 32 clusters.
However, as emphasized before, this measure cannot independently reveal the customer’s
variability. Fig. 4.15 and Fig. 4.16 show the load shapes of some of the stable customers for

the weekdays and weekend datasets respectively.
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Fig. 4.14. Cluster assignment distribution
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Fig. 4.15. Load curves of sample customers with stable consumption behavior for weekday dataset
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Fig. 4.16. Load curves of sample customers with stable consumption behavior for weekend dataset
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There are 104 days for the weekend dataset and the representative load patterns are
different for this dataset. The entropy analysis for weekend days reveals that customers
show more variable consumption patterns during the weekends.

In the next step, we investigate the stable customers who are common between the two
datasets. To this end, the customers are ranked based on their entropies and the top common
stable customers in the two datasets are found. The analysis shows that there is not any
direct relationship between the stable customers of the weekday dataset and the weekend
dataset. For example, among the top 500 stable customers for each of weekday and weekend

dataset, only 74 customers are common.

4.7 Comparison with current methods and applications

4.7.1 Current practices for DR aggregation

Increasing the number of participating users (or devices) in DR programs means that it
is a higher possibility to have adjustable loads available when the need arises to reduce or
increase the demand [187]. In other way, more effective DR can be achieved by having
more participants. Besides, current electricity market structures require a minimum amount
of bids for participation in the market [188]. Therefore, the DR aggregation can be seen as a
promising way for the exposure of small users such as residential customers to wholesale
electricity markets. The aggregation of loads can be achieved through an agent called
demand response aggregator (DRA). It can schedule DR and will be paid at the relevant
regional spot price for this response. It can also offer ancillary services from the load side.
The DRAs, on behalf of residential customers, can participate in different markets. Once the

market is cleared, the DRAs receive the DR schedule and require the customers with
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accepted offers to reduce loads during the contracted DR periods. Load reduction can be
achieved through load curtailment, load shifting, utilization of onsite generation and energy
storage systems [188].

A basic structure of DR mechanism involving DRA is depicted in Fig. 4.17.

Data exchange and DRA

DR Data Exchange > < Instructions for DR
~| DRA
Payment for DR DRA Payment for DR
y |
Market
Customer
Operator
)
Customer Payment
Payment for Energy Retailer for Energy

Fig. 4.17. Demand response aggregator model

A great deal of research conducted on DR assumes that there are available (and enough)
aggregated DR resources to be utilized for different market/system applications. In this case,
it 1s presumed that aggregation of small DR loads can be performed by a DRA; hence, no
attention is paid to the real source of DR, the methodology of aggregation or dynamics of
energy use [122] [188-190]. For example, ref. [188] and [189] consider the interaction of
DRAs in the market and distribution system, respectively. In [188] DRA offers multiple
contracts to customers and seeks to maximize its payoff for participation in
the energy market. However, the method does not specify a special kind of appliance. Ref.
[189] describes the interaction of several DRAs in a bi-level leader-follower framework in
which energy scheduling problem for a load serving entity that serves both inflexible and

flexible loads is discussed.

135



A limited number of studies present frameworks and ideas about the aggregation
process of a group of residents. In [191], a conceptual framework called Smartlink is
proposed for DR aggregation purposes. This model includes different nodes allowing
having as many as DRAs in a hierarchical way. For example, in a system with a two-level
hierarchy of nodes, the top DRA interfaces with the utility and three lower-level aggregators.
Ref. [192] adopts a multi-agent noncooperative game approach to residential DR
aggregation which demonstrates the interaction of self-interested households with a DRA in
order to integrate two separate subproblems of home energy management systems with DR
aggregation tasks. The aggregation of just homogenous appliances using queuing theory is
described in [193] in which the final goal is to determine the aggregation scale that is

needed for a specific amount of load reduction.

4.7.2 Challenges of DR aggregation

Few publications address the real requirements and challenges of DR aggregation.
Table 4-3 summarizes some of the main issues related to the DR aggregation of residential
customers [194-198].

Providing a proper infrastructure for the bidirectional data transfer between the DRA
and system operator and between DRA’s data centre and the customers is the fundamental

step for DR implementation and imposes the main costs to DRAs [194].

Table 4-3 Managerial and technical challenges of DR aggregation

Problem System | yp A [Users
operator
Design of customer engagement programs v v
Management
Investment in AMIs and SMs v v
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&
&

Specifications of contracts between DRAs and users

AN

DRA participation in energy and ancillary markets v

Investment in smart appliances

Competition among DRAs v

Approaches for remunerating customers

Customer behavioural factors/willingness affecting DR

Customer clustering

Communication infrastructure with bidirectional data
transfer

IR N EN ENIEN

Latencies

RGN EN

DR distribution over the network/voltage violations due
to the asymmetric DR balancing between the phases

Technical

IS RN NS ENI PN RN EN

DRA control over user’s appliances

Cold load pick-up, lead and rebound effects v

&
&

Customer willingness to participate in DR

&
&

Standards and communication protocols v

With the deployment of AMIs, it can be a proper solution for various purposes
including DR aggregations. However, the cost associated with the investment in such
infrastructures and other necessary equipment that DRAs need for the DR management
should be considered properly. Besides, many of the work reported in the literature requires
an extensive message exchange between the DRA and end-users. Hence, scalability issues
may arise in a large scale deployment [190]. Centralized and de-centralized approaches that
differ in computational complexity, optimization techniques and execution times may be
considered for these purposes [199]. Latencies are another challenge associated with AMIs
as they can affect both the grid stability and performance [200]. This is particularly the case
when fast response times are required or frequent control updates are issued, for instance

when providing spinning reserves by DR resources [201]. Eventually, installed AMIs and
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SMs in most cases belong to other entities like distribution system operators or retailers. So,
the use of them by DRAS raises questions about privacy and security issues.

DRAs usually have no concept of the network model and completely neglect the
distribution of DR across the network and its consequences [196]. One of these problems is
the increased consumption before and after the DR event usually referred to as “lead” and
“rebound” effects [113]. The lead effect is caused by the expectation of a DR event, for
example, a building may be precooled to reduce the afternoon air conditioning load. After
the termination of a DR event, the increase in consumption compared to the baseline shows
the rebound effect. Also, it is possible that phase unbalance arises during DR periods due to
asymmetrical DR distribution on phases. Another physical challenge is that regulation
service generally must be capable of both supplying and absorbing power [113].

Beside the system-wide effects, the DRA’s control on user’s appliances or its
interaction with smart appliances and HEMS is an important matter that needs to be
addressed. As far as DR programs are concerned, both incentive- and price-based DR face
challenges if they are to be implemented in large scale. DR programs usually disturb the
user’s comfort. Hence, attractive incentive-based programs are needed to persuade users to
get involved in DR actions. Many existing peak demand management programs that utilize
DLC are disruptive and can have significant effects on the end-users [201]. For instance, in
the hottest days the load is usually the highest, so, any interruption in the air conditionings
means curtailing them when their services are most in demand. Moreover, price-based
programs generally introduce reliability issues and may result in new peaks of demand by

shifting power from expensive peak hours to cheaper off-peak hours. Also, end-users may
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be hesitant to participate in DR programs with dynamic pricing due to their complexity
[202].

Maximizing the profit by offering in different markets is another challenging task for
DRAs. Several sources of uncertainty add to the problem complexity. They can also incur
penalties if the declared amount of DR cannot be met.

Another issue arises when calculating the accurate amount of load reduction based on a
baseline, which demands the proper methods for modelling the baseline. Customer
behaviour, usage pattern, and willingness to participate in DR are other important issues that
significantly affect DR policies. The load patterns of residential customers usually show
high variability and variety, which makes them different from the industrial and commercial
load shapes. So, clustering of customers to different groups that show similar patterns is a
necessary step for DRAs in the program targeting and customer engagement which can also

benefit them in the optimal market participation.

4.7.3 Application of the proposed method

In summary, there is a need to define a proper structure for DR aggregation. The
proposed method in this chapter can facilitate the DR aggregation from residential
customers and address one of the practical challenges that has been less addressed in the
literature. By dividing the customers into different groups based on their variabilities over
time, a DRA will be able to offer suitable DR programs to its customers. This approach can
lead to proposals that are less disruptive to the customer’s comfort and probably achieve the

highest overall benefits for the customers and the system.
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As mentioned in the previous sections, historically, the lack of data was the main
barrier to adopting the clustering methods for categorizing the customers. However, the new
proposals demonstrate the ability of smart meter data in clustering of customers for demand

response aggregation.

4.8 Summary

In this chapter, using a combination of SAX technique as a dimensionality reduction
method and hierarchical clustering algorithm, daily load shapes of customers were
segregated into certain clusters. Also, the stability of consumption pattern was investigated
using the entropy concept.

The results of clustering and entropy calculation provide insights for offering DR
programs to the electricity customers. First of all, the major load curves which represent the
main consumption habits can be determined as shown in Fig. 4.9 and Fig. 4.10. This, in turn,
will help the utilities to build DR programs or customized time of use tariff structures based
on the load patterns. Furthermore, the entropy analysis enables them to divide their
customers to various groups which can be targeted differently. For example, low entropy
customers whose their load peaks happen at the same period of system peak are good
candidates for price-based DR. On the other hand, variable users can be targeted by suitable
incentive-based DR.

The case studies using a large number of daily load patterns demonstrate the
applicability of the proposed method for DR management. Especially, the method is able to
capture the major consumption patterns of the households and overcome the problems of the

previous studies [54], which mainly dealt with the original daily load curves of residential
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customers that varies a lot on the daily and seasonal bases. Use of SAX method can produce
superior results, since the residential consumption patterns, which inherently display a lot of

variability, are transformed to a limited number of SAX words.
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S Investigating the Effect of Household
Characteristics on Consumption
Patterns

5.1 Background and Motivation

In Chapter 2, the importance of survey data in understanding the effect of building
characteristics, appliance use, and socio-demographic features on residential consumption
pattern/magnitude were briefly explained. Pilot projects such as CER trail, which include
both the load data of smart meters and the results of various survey questions, provide this
great opportunity to understand the link between the household characteristics and
consumption patterns.

In this chapter, using different data mining techniques, a methodology is proposed to
investigate the relationship between the household and dwelling features (HDFs) and the
consumption patterns of users. The relationship between the HDFs with their
total/average/maximum consumption has vastly studied in the literature [183] [184]. On the
other hand, the effect of HDFs on consumption patterns of customers has not been
investigated in detail and it is still considered as a new area of research. In the literature, a
few studies addressed this topic. Ref. [56] uses the survey and consumption data of 103
dwellings and investigates the correlations between the home characteristics and the
seasonal representative curves of customers which are obtained by clustering. However, the
customers are segmented into only two clusters in each season. McLoughlin et al. [75]

compare the results of three clustering techniques to extract a set of profile classes which
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can represent the households’ consumption patterns. Then, these curves are linked to HDFs
using a classification technique. There are some ambiguities in their procedure mainly in the
formation of profile classes. Also, the existence of relatively high number of clusters
produces uncertainties in the interpretation of results. Furthermore, in [74], using clustering,
a set of comparison groups are created based on the HDFs in order to compare the
electricity usage of each customer with its corresponding comparison group. This can help
in encouraging customers to decrease their energy consumption.

The proposed method in this chapter uses a three-stage methodology to analyze the
impact of HDFs on usage patterns of electricity customers. In summary, the contributions
of the chapter are:
= A three-stage structure is defined to associate the HDFs to the consumption behavior.
= A variable selection methodology along with two statistical tests is employed for the

proper selection of HDFs which can affect the consumption patterns.
» The effect of HDFs on consumption patterns is studied through a suitable classification
method.

The following sections are organized as follows. Section 5.2 describes stages of the
method. Sections 5.3, 5.4, and 5.5 are dedicated to the illustration of modules and
accordingly elaborate the clustering method, variable selection procedure, and final variable
selection and classification process. Section 5.6 reports the obtained results and their

corresponding interpretations. Finally, Section 5.7 summarizes the chapter findings.
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5.2 Stages of the Method

Fig. 5.1 explains the structure of the proposed method. It consists of three main parts
including the clustering, variable selection and transformation, and final variable selection
and classification modules.

Clustering: The first module is dedicated to clustering of customers based on their
consumption data. In this chapter, we only use the weekly consumption data. The similar
analysis can be applied to the weekend dataset. Firstly, using a feature definition approach,
the data of each customer is represented by seven features. Then, customers are clustered by
applying a K-means clustering and the best number of clusters is decided based on the
values of four different CVIs. The output of this module is the cluster membership for each
customer.

Variable selection and transformation: In this module, firstly, the relevant survey
questions are selected and are transformed to suitable formats. Some numerical variables are
converted into categorical variables and the categories (levels) for each categorical variable
are decided. In the next step, based on the distribution of the customers among each level of
the variables, the variables are further changed into new ones to correctly represent the
nature of survey data. Finally, a statistical test is applied on the variables to determine
possible strong association between two different variables.

Final variable selection and classification: This module involves two main stages. At
first, the correlations among the survey variables and the cluster memberships are
investigated in order to select the final variables. Based on this analysis, some variables are

dropped.
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Fig. 5.1 Stages of the method including clustering, variable selection, and classification modules
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In the next stage, a multinomial logistic regression (MLR), as a suitable classification
technique, is utilized to find out the effect of HDFs on the cluster membership. In our study,
the response variable is the cluster membership for each customer and the independent
variables are survey variables. Each cluster has unique features and represents specified
consumption patterns. Therefore, by using the classification, the effect of HDFs on

consumption patterns can be found out.

5.3 Clustering

Before applying the clustering algorithm, using a feature definition approach, the
weekly consumption of each customer during the whole year is transformed into a set of
features. Motivated by the work in [27] and using the time periods which were found out in
the last section (shown again in Table 5-1), seven features are defined as described byTable

5-2.

Table 5-1 The main time periods of household activity during the day

i Recording number Corresponding time

1 3-14 1 am- 7 am

2 15-18 7 am- 9 am

3 19-33 9am- 4:30 pm

4 34-45 4:30 pm- 10:30 pm
5 46-2 10:30 pm- 1 am
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Table 5-2 Defined features for each customer

No. Attribute Description
P; . . . .
1-5 Pravei = 7 Relative average power in each time period
5 - -
6 = %‘/P‘ Mean relative standard deviation
5
7 S§S= z |PW’i — PS,il /P; Seasonal score
i=1

P = Daily mean power over the entire year

P; = Mean power in time period i over the entire year

o; = Standard deviation of load data in time period i over the entire year
Py i = The mean power of time period i over the winter

Pg ; = The mean power of time period 7 over the summer

From the definitions of these features, it can be seen that features 1 to 5, represent the
consumption values during each time period which are normalized based on the daily mean
power over the entire year. This allows comparing the consumption of a household during
different time intervals and understanding the occupants’ tendency in using electricity in
different periods of the day. Feature 7 accounts for the seasonal changes in the consumption,
hence, differentiating between those customers who show a high seasonal change in their
usage and those customers with lower seasonal changes. This feature is also normalized
since without normalization, the customers with lower demands will display greater changes

than the customers with heavier demands. Finally, feature 6 reflects the variations in the
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consumption values during the whole year. Although these variations can be caused by
seasonal changes, they can also be related to the usage behavior of the customer.

For each customer these seven features are calculated based on the weekly consumption
values. In the next step, a K-mean clustering algorithm is applied on these features to
segregate customers into separate groups and the best number of clusters is decided using

proper CVlIs.

5.4 Variable Selection

There are 3418 customers that belong to both consumption dataset and survey data. The
variables that are initially selected for the study are summarized in Table 5-3. This table also

shows the number of customers that belong to each category (level) for each variable.

5.4.1 Considerations about the variables

The variables in Table 5-3 are extracted from the survey data. However, they cannot be
directly used for the analysis. Further assumptions and consideration are needed to
transform them into suitable formats. In the following, the descriptions of some of these
variables and considerations about them are elaborated.

Income: Almost half of the customers refused to answer the question about their
yearly income. In addition, among those that responded the question, many indicated the
income as weekly (less than 15,000) which makes it impossible to infer the total yearly
income. Therefore, after considering only those customers that reported their yearly income,
the number of customers reduced to 932 customers. Regarding this issue, the analysis was

performed without the inclusion of income. The income is usually considered as an
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Table 5-3

Selected survey variables

Variable | Classes (number of customers)
Dwelling characteristics
Dwelling type Apartment (58), Semi-detached (1026), detached (923), terraced
(485), bungalow (919)
Dwelling age Less than 10 years (631), 10-30 years (987), 30-60 years (1205),

More than 60 years (595)

Number of bedrooms

1 (38), 2 (289), 3 (1509), 4 (1187), 5 (386), 6 (9)

Heating water by electricity?

Yes (1952), no (1466)

Cooking type in home

Electric (2376), Non-electric (1042)

Proportion of energy-efficient light bulbs (CFL)

None (739), About a quarter (900), About half (576), About
three quarter (570), All (633)

Proportion of double glazed windows.

None (279), About a quarter (66), About half (101), About
three quarter (91), All (2881)

Insulated walls

Yes (1955), No (1068), Don’t know (395)

Socio-demographic information

Education of head of household

None or primary (440), Secondary to intermediate (1544), Third
level (1245), Refused to answer (189)

Social class

AB (501), C1 (908), C2 (569), DE (1316), F(87), refused (37)

Employment status

Employee (1582), Retired (1088), Self-employed (424),
unemployed (285), carer (39)

How many people over 15?

1 (817), 2 (1663), 3 (502), 4 (312), 5 (100), 6(20), 7 (4)

Yearly household income

Less than 15,000 (), 15,000 - 30,000 (), 30,000 -50,000 (),
50,000 -75,000 (), More than 75,000 ()

How many people under 15?

0(2478), 1(407), 2 (322), 3 (155),4 (45),5(9),6 (2)

Age of respondent

18-35 years (323), 36-55 years (1522), 56-65 years (738), Above
65 years (813)

Number of each appliance

Washing machine

0 (61), 1 (3333),2 (24)

Tumble dryer

0(1095),1(2319),2 (4)

Dishwasher

0 (1162), 1 (2248),2 (8)

Electric cooker

0 (788), 1 (2618), 2 (11), 3 (1)

Electric heater

0 (2353), 1 (823), 2 (181), 3 (61)

Standalone Freezer

0 (1704), 1 (1649), 2 (62), 3 (3)

Water pump 0 (2757), 1 (645), 2 (16)

TVs<2l in. 0 (1208), 1 (1334),2 (614), 3 (194), 4 (68)
TVs > 21 in. 0(545),1(1739), 2 (852), 3 (205),4 (77)
Desktop computers 0(1801),1(1517),2(85),3 (10),4 (5)
Laptops 0(1599), 1 (1428), 2 (288), 3 (70), 4 (33)

Number of game consoles

0(2292), 1 (757), 2 (275). 3 (70), 4 (24)

Attitude

s toward energy savings

Possibility to make major changes in electricity
use

We can reduce our electricity bill by changing
the way the people we live with use electricity

Scales 1to 5

It is too inconvenient to reduce our usage of
electricity

1: Strongly agree
5: Strongly disagree

I do not have enough time to reduce my
electricity usage
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important variable in consumption analysis [203], [204]. However, it generally shows a
correlation with the social class and/or the education level [205] and hence, we assume that
its effect can be reflected through these variables.

Social class: the customers are assigned to a social class based on the socio-economic
classification produced by UK Office for National Statistics (ONS) [206]. The definitions of
these classes are given in Table 5-4Error! Not a valid bookmark self-reference.. Social
classes “C1” and “C2” are considered usually in the same category and hence, they are

merged as class “C”.

Table 5-4 Definition of social classes

Social class Description

AB Higher & intermediate managerial, administrative, professional occupations

Cc1 Supervisory, clerical & junior managerial, administrative, professional occupations

C2 Skilled manual occupations

DE Semi-skilled & unskilled manual occupations, Unemployed and lowest grade
occupations

F Farmers

Number of bedrooms: since the number of dwellings with one bedroom is very low,
the levels “1”” and “2” are merged.

Number of people over 15: three levels defined for this variable including “17, “2”, “3
and more”.

Number of people under 15: three levels defined for this variable including “none”,

“1”, and “2 and more”.

150



Washing machine/ Tumble dryer/ Dishwasher/ Electric cooker/ Water pump/
Standalone freezer/ Laptops/ Desktop computers/ Game consoles: from Table 5-3 it is
obvious that only a few numbers of households have more than one of these items.
Therefore, these variables are considered as categorical variables with two levels showing
the “presence” or “no presence” of each of these items.

Cooking type: the variables “cooking type” and “presence of electric cookers” are
completely associated and so, we drop the former.

Respondent age: respondent age (which is supposed that accords with the age of the
head of household) shows a strong correlation with the building age. Thus, this variable is
also removed from the analysis.

Proportion of energy-efficient light bulbs: for this variable, three levels are defined:
“none”, a level comprising of the levels “about a quarter” and “half”, and a level including
the levels “about three quarters” and “all”.

Proportion of double glazed windows: since most of the dwellings have double
glazed windows, just two levels are defined for this variable: one consisting of “none” and
“about a quarter” and another one including the other three levels.

Number of TVs < 21 inch and number of TVs > 21: Three levels are considered for
each of these variables including “none”, “1”, and “2 and more”.

Change/ Reduce Bill/ Inconvenient/ Enough time: three levels are defined for each of
these variables including “Agree”, “Disagree”, and ‘“Neutral”.

Employment status: The levels “Employee” and “Self-employed” are merged.

The resulting selected variables are reported in Table 5-5. In this table, the base

category is shown in bold.

151



Table 5-5 Selected variables after the initial evaluation

Variable | Classes (number of customers)
Dwelling characteristics
Dwelling type Apartment (58), Semi-detached (1026), detached
(923), terraced (485), bungalow (919)
Dwelling age Less than 30 years (1618), 30-60 years (1205),

More than 60 years (595)

Number of bedrooms

1 or 2 (327), 3 (1509), 4 (1187), 5 or 6 (395)

Heating water by electricity?

Yes (1952), no (1466)

Proportion of energy-efficient light bulbs

None (739), A quarter or half (1476), Three
quarters or all (1203)

Proportion of double glazed windows.

None or a quarter (345), All or three quarters or
half (3073)

Insulated walls

Yes (1955), No (1068), Don’t know (395)

Socio-demog

raphic info

Education of HoH

None or primary (440), Secondary to intermediate
(1544), Third level (1245), Refused to answer (189)

Social class

AB (501), C (1477), DE (1316), F(87), refused (37)

Employment status

Employed (2025), Retired (1098), unemployed
(295)

How many people over 15?

1 (817), 2 (1663), 3 and more (938)

How many people under 15?

0 (2478), 1(407), 2 and more (533)

Appliances

Washing machine

No (61), Yes (3357)

Tumble dryer

No (1095), Yes (2323)

Dishwasher

No (1162), Yes (2256)

Electric cooker

No (788), Yes (2630)

Number of electric heaters

0 (2353), 1 (823), 2 or more (242)

Standalone Freezer

No (1704), Yes (1714)

Water pump

No (2757), Yes (661)

Number of TVs< 21 in.

0 (1208), 1 (1334), 2 and more (876)

Number of TVs > 21 in.

0 (545), 1 (1739), 2 and more (1134)

Desktop computers

No (1801), Yes (1617)

Laptops

No (1599), Yes (1819)

Game consoles

0 (2292), Yes (1126)

Attitudes toward

energy savings

Change: Possibility to make major changes in

electricity use

Agree (1702) , Neutral (721), Disagree (995)

Reduce bill: We can reduce our electricity bill by
changing the way the people we live with use
electricity

Agree (2655) , Neutral (509), Disagree (254)

Inconvenient: It is too inconvenient to reduce our
usage of electricity

Agree (605) , Neutral (415), Disagree (2398)

Enough time: I do not have enough time to reduce my
electricity usage

Agree (521), Neutral (379), Disagree (2518)
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5.4.2 Determining the association among variables

For numerical variables, the degree of correlation between two variables can be easily
calculated using different correlation measures such as Pearson correlation coefficient [207].
For categorical variables, defining the correlation between two variables is more
complicated. In this case, the correlation can be understood in terms of “strength of
association” and “significant test” [208]. In this study, Goodman and Kruskal’s tau (GKT)
measure and Chi-squared test are used for the former and latter cases to determine the final
variables which will be used for the analyses.

It is better to find the variables that show a strong association with each other since they
might affect the classification results. In addition, finding the relative association among
various variables can be beneficial in understanding the household characteristics. The GKT
measure is an asymmetric measure which decides whether a variable is associated with
another variable or not and also measures the strength of the relationship. The asymmetry
results from the fact that the measure is based on the fraction of variability in the categorical
variable Y that can be explained by the categorical variable X. Here, the mathematical
formulations of this measure are not explained. The interested readers can refer to [207] and
[209] for theoretical backgrounds and implementation in R, respectively.

By applying the GKT, the set of variables which show an association (above 0.1 in our
case) are determined. Some of these relationships, for example, the building type with the
number of bedrooms, or the number of people under 15 and the number of game consoles,
can be intuitively understood. Table 5-6 shows the values of this measure for the associated

variables.

153



Table 5-6 GKT values for the variables with a relatively high strength of association

Variables T(xy) T(¥,X)
Building type , Number of bedrooms 0.103 0.059
Building age, Insulating wall 0.129  0.06
Education, Social class 0.071 0.104
Employment, Social class 0.232  0.266
Social class, Respondent age 0.1 0.103
Employment, Respondent age 0.266  0.333

Number of game consoles, Number of people under 15  0.156  0.171

Number of bedrooms, Presence of dishwashers 0.139 0.048
Employment, Number of game consoles 0.106  0.079
Respondent age, Number of game consoles 0.135  0.09

Among these variables, employment shows a relatively strong association with the
social class and respondent age. However, the values of the measure are not big enough to
omit some of the variables and we keep all of them to study their effects on the cluster

membership.

5.5 Final Variable Selection and Classification

5.5.1 Final Variable Selection

In this section, “Chi-squared test of independence” is illustrated which will be used to
find out the correlation among the independent variables (survey variables) and response
variable (cluster membership).

Chi-squared test of independence is a well-known measure which determines the
statistical dependence between two categorical variables. Considering two categorical

variables X and Y, it starts with a hypothesis test as the following:

154



= H, (Null hypothesis): The variables X and Y are independent.

= H; (Alternative hypothesis): The variables X and Y are dependent.

To analyze the data, firstly a contingency table of two variables is built. For example,
for the categorical variables X and Y with three and four levels respectively, the

contingency table is:

Y | Yy | Y3 | Y,
Xl fll f12 f13 f14
X2 | for | foz | f23 | faa
X3 | fz1| f32 | f33 | faa

where f; ; represents the observed frequency count of observations belonging to i-th

category of X and jth category of Y (the value of ij cell of contingency table).

The Chi-squared test statistics can be defined as:

nrows ncols

S a

i=1

where e; ; is the corresponding expected count in ij cell of the contingency table if X
and Y were independent. For a given cell, the expected value is calculated as follows:

row. sum * col. sum SRS foi X YR fin

.= = 5.2
®Li = Total number o f customers N (5-2)

The calculated Chi-squared test is compared with a critical value obtained from Chi-
squared table and the resulting p-value is calculated. If the calculated p-value is small
enough (usually less than 0.05), the null hypothesis is rejected. It means that the variables

are correlated.
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This test will be applied on all the variables to decide on the final variables which will

be used in the classification procedure.

5.5.2 Classification method

A) Multinomial Logistic Regression

Given a set of m independent variables X, logistic regression models the probability
that the categorical response variable (Y) belongs to a particular category. When the
response variable is dichotomous (binary) or can take only two levels, the logistic function

is used to produce the probability that an observation Y}, is classified as 1:

p(X) = Pr(Y; = 1|X;) =

1 + e~ (bo+b1Xy) (3-3)

The probability of Y belonging to 0, is p(Y; = 0|X;) = 1 — p(X)).

When there are more than two categories (clusters in our case), multinomial logistic
regression (MLR) is used to calculate the probabilities. For K categories, the model contains
K — 1 logistics regression equations, when Pr(Y; = j|X;) describes the probability that a
particular observation, Y;, belongs to the category j when compared against the reference

category K [30]:

Pr(Y; = K|X;) =

5.4
1+ XKzl ebtx G4

iji

Pr(Y; = j|X,) =
( i ]l l) 1+21k<;%ebkxi

=Pr (Y =K|X)e" i, j=1,2,..,.K—1 (55)

where b/ = (bj ) e b,jn) represents the coefficients for jth category .The observation is

allocated to a category with which it has the highest probability.
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The sets of equations in (5.5) can also be rewritten as:

Pr(Y = jlX)
09( Pr(Y = KIX)

) = bIX = b} + bJxy + - + bl xp, (5.6)
where x; to x,, are the values of independent variables for the selected observation.
The left-hand side of this equation is usually called logit or log-odds.

The MLR model is usually fitted by the maximum likelihood to estimate the parameters.
The intuition behind the maximum likelihood is to estimate the b; parameters that plugging
them into the model yields the closest results to the actual categories that the observations
belong to them [210]. The likelihood function is defined as:

n K
ey =[] e = o= (57)
i=1 k=1

where € (b) is the likelihood function, b = (by, by, ..., bg) is the set of coefficients to be
estimated for all classes, and n is the number of observations. g(Y; = k) is an indicator
which is equal to 1 if the observation Y; belongs to class k, and 0 otherwise. The aim is to
maximize € (b).

Instead of (5.7), usually log-likelihood function is used which is expressed as:

n K
log(£ (1)) = ) )" gt = k).log (P(Y; = k) (5.8)
i=1 k=1
B) Interpreting the results of MLR

According to the explanations in the last section, the coefficients obtained by the MLR

should be interpreted based on the reference category. In this case, like the linear regression
models, to interpret the coefficient bij for one special variable x; for the category j of the

outcome, it is assumed that the other variables in the model are held constant. Therefore, it
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can be said that the multinomial log-odds of preferring the category j to the reference
category would be expected to change bij units for the one unit increase in the value of x;
[211]. In our study in this chapter, the variables are categorical. For categorical variables,
like the outcome, a reference level needs to be defined for x;. Consequently, the bij shows
the units of change in multinomial log-odds when the corresponding level of x; is compared

against its reference level.

The results can also be interpreted based on the exponentiation of the coefficients which
can be calculated as exp(bij ) for each coefficient bij . Again if all the other variables are held

constant, for the corresponding level of x;, the odds of an observation belonging to category
J (compared against the reference category of outcome) is exp(bij ) times the odds for the
reference level of x; (refer to (5.5)). It should be noticed that exp(bij ) <1 for bij < 0and
exp(bij) > 1 for the bij > 0.

By applying MLR on our data, a set of bij values are extracted which shows the effects

of survey variables on cluster membership.

5.6 Applications

This section explains the results after applying the proposed method on CER datasets. R

software is used for the clustering, classification, and statistical tests.

5.6.1 Clustering results

A) Selecting the number of clusters
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After calculating the defined attributes, the customers are clustered using a K-means
clustering algorithm. The best number of clusters is decided using four cluster validity
measures including: Davies-Bouldin, Dunn, Ball-Hall [212], and Silhouette measures. The
decision rule for the Ball-Hall index is based on the “maximum difference”. It means that
the best value for cluster number is the one which corresponds to the greatest difference
between two successive slopes [212].

The final clustering results will be used to associate the household characteristics with
their consumption data. In order to be able to draw the meaningful interpretations, the final
number of clusters should not be selected too small or too big. Considering this issue, the
clustering results were evaluated for the cluster number changing from 5 to 10. The initial
analysis of the clustering results indicates that there is a cluster with only 12 members. The
members of this cluster are considered as outliers and those 12 customers are removed from
the analysis. For the remaining customers, the clustering is carried out again. Fig. 5.2 shows
the values of CVIs for different number of clusters. The Silhouette, Davies-Bouldin, and
Ball-Hall measures indicate the best number of clusters as six. Only based on the Dunn
index the best number of clusters is decided as eight. Therefore, we select the six as the best

number of clusters.
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Fig. 5.2 Selecting the best number of clusters

B) Characteristics of the clusters

Table 5-7 shows the mean value of each of the defined features for each cluster.

Table 5-7 Characteristics of formed clusters

Cluster No. of Features
customers
Prave Pgrave,2 Praves Praves Praves ss
(Overnight2) (Morning) (Daytime) (Evening) (Overnight 1)
1 578 0.455 0.952 1.008 1.554 0.991 1.089 2.620
2 1037 0.474 0.837 1.035 1.537 0.999 0.905 0.967
3 535 0.423 1.568 0.967 1.529 0.760 1.082 1.424
4 957 0.431 0.760 0.948 1.669 1.109 1.036 1.699
5 208 0.497 1.030 1.007 1.482 1.004 1.364 4.016
6 91 0.594 0.890 0.976 1.448 1.058 1.442 6.352
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This table shows that these attributes can characterize the customers based on their
consumption values in different time periods and their corresponding seasonal changes as
well as mean standard deviation. In particular, some of the characteristics of the clusters can
be summarized as:
=  Cluster 1: All of the attributes of this cluster have average values compared with other

clusters.

» Cluster 2: This cluster has the lowest seasonal score and standard deviation among all
clusters. Interestingly, it is the largest cluster by the number of members too.

* Cluster 3: the distinguishing feature of this cluster is the high energy use during the
morning period which is the highest among all the clusters. On the other hand, this
cluster has the lowest consumption during overnight period. Thus, the corresponding
consumers of this cluster can be categorized as the morning users of electricity.

=  Cluster 4: Among all the clusters, this group has the highest consumption values during
the evening and overnight periods and the lowest consumption values during the
morning and daytime. This suggests that the members of this cluster incline to consume
more during the later hours of the day.

* Cluster 5: the values of o and SS are high for this cluster. Nonetheless, similar to the
cluster 6, this cluster contains a small number of customers.

= Cluster 6: this cluster displays a relatively high consumption during the 1 am to 7 am.
However, the most defining characteristic of this cluster is the high seasonal score and
high mean standard deviation. The former shows that the consumption of the customers
belonging to this cluster significantly changes during different seasons. In addition, the

high standard deviation implies that the consumption of the customers is widely spread.
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5.6.2 Chi-squared test

Following the procedure in the last sections, a matrix is built which contains the survey
variables for each customer and the corresponding cluster membership. Subsequently, the
Chi-squared test of independence is applied to find out which variables show a correlation
with cluster membership. The other variables which show no association with the clusters
are dropped from the analysis.

Here, we explain the results for only one variable. The analysis is similar for other
variables and is not repeated here.

The contingency table for the variable showing the percentage of CFL bulbs in the

dwelling and different clusters is shown in Table 5-8.

Table 5-8 Contingency table for the CFL and cluster membership

Clusterl Cluster2 Cluster3 Cluster4 ClusterS Cluster6 Total

None 128 204 107 224 48 24 735
A quarter or half 254 400 237 443 96 42 1472
3 quarters or all 196 433 191 290 64 25 1199
Total 578 1037 535 957 208 91 3406

For this variable, the calculated p-value from the Chis-squared test is 3.825e-05 which
is less than the cut-off value of 0.05. This confirms the correlation among this variable and
the output variable.

Fig. 5.3 shows the contribution of each cell of contingency table to the total Chi-
squared measure. In this figure, the diameter of the circle is proportional to the amount of
cell contribution. It also shows the positive (blue) and negative (red) association between

the corresponding row and column levels. For example, there is a strong negative
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correlation between the row “Three quarters or all” and column “Cluster 4”. This is an
interesting result as the cluster 4 has the highest consumption value among all the clusters

during the night periods. Using CFL bulbs apparently has a negative association with the

electricity usage in these hours.
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Fig. 5.3 Visualizing the contribution of each cell of contingency table to the Chi-squared value

3/4 or all

-2.55

Finally, the results were analyzed for all variables. The obtained results show that the p-
values for these variables are significantly larger than the cut-off value: Change, Enough

Time, Inconvenient, Water Pump, and Tumble Dryer. Therefore, these variables are not

considered in the next step of the study.
5.6.3 Classification

After all of the pre-processing, selecting the variables, and clustering process,

eventually, 23 household variables are remained. Each customer is identified by the values

of these variables and the cluster membership.
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We are now ready to apply the classification technique to identify the relationship
between the variables and the cluster membership. Cluster 1 is selected as the reference
class for all the analysis since its corresponding features have average values which make
the interpretations and comparisons easier. For household variables, the levels and the base
level were previously specified in Table 5-5.

Table 5-9 shows the results of MLR classification. Although the effect of all variables
can be discussed based on their corresponding coefficients, we limit the discussions to those
variables which are statistically significant (having a p-value less than 0.1).

» Cluster 2: This cluster shows the lowest SS and o. The older buildings show a strong
negative association with this cluster. This can be due to this fact that the older buildings
usually have older occupants, who can be retired or have less regular schedules and
consequently have higher SS and . On the other hand, the higher proportion of CFL
and double glazed windows are positively related to this cluster. As it is expected, those
households which have more adults and fewer children are more probable to belong to
this cluster. It is shown by the positive b values for “Over 15- 2” and “Over 15- 3+” and
negative values for “Under 15- 1” and “Under 15- 2+”. It seems that those appliances
that are considered as the base load (such as electric cooker, freezer, TVs, desktop
computers, and game consoles) which their usage do not depend on the seasonal
changes are positively correlated to this cluster. On the contrary, the higher number of
electric heaters shows a strong negative association to this cluster (the value of b is
—1.019 and — 0.56 for “Num. Elec. Heater- 2+” and “Num. Elec. Heater- 1”

respectively). The parameter “Reduce bill- Agree” also shows a positive effect on this
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Table 5-9 Results of MLR classification

Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
Variables
b Exp Std. b Exp Std. b Exp Std. b Exp Std. b Exp Std.
(b) Err (b) Err (b) Err (b) Err (b) Err
Dwelling
Type- 20.029 | 0971 045 | -0.092 | 0912 | 0543 | -0202 | 0817 0447 | 0123 | 1131 0588 | 1.124 | 3.076 1.152
Bungalow
Dwelling
Type- 20,011 | 0.99 0454 | 0313 | 1367 | 0544 | -0.123 | 0.884 0451 | 0395 | 1485 0591 | 1385 | 3.996 1151
Detached
Dwelling
Type- Semi- 0293 | 1.341 0447 | 0346 | 1413 | 0537 | -0.084 | 0919 0445 [ -0.007 | 0.993 0588 [ 1.185 | 3.271 1.156
det.
Dwelling
Type- 0262 | 1.299 0453 | 024 1272 | 0545 | 007 | 0933 0451 | -0.284 | 0.753 0.605 | 0.849 | 2.338 1.175
Terraced
f("“t':‘;;g Age | o5 | 0.779° 0.14 | -0.181 | 0.834 0.16 || -0263 | 0.769" 014 || -0.16 | 0852 022 | 0303 | 1.353 0.34
Building Age- | o 465 | 0628 | 0.07 | -0201 | 0748 | 0.195 | -0.587 | 0.556"" | 0.174 | -0.034 | 0.967 0249 | 0462 | 1.587 0373
Above 60
Num. -0.183 | 0.833 0208 || 0.118 | 1125 | 0246 | 0.159 | 1.172 0218 [ -0.001 | 0.999 0287 | -0327 | 0.721 0.4
Bedrooms- 3
Num. 20.176 | 0.838 023 | 0013 | 1.013 | 0271 | 013 1.139 0239 | -0335 | 0716 0331 | 0482 | 1.619 0435
Bedrooms- 4
Num.
Bedrooms- 0398 | 0.672 0267 | -0.638 | 0.528™ | 0324 | -0.131 | 0.877 0276 | -028 | 0.756 0388 [ -0477 | 0.621 0.599
Sor6
f;? 1/4 or 20013 | 0.987 0.146 | 0.084 | 1.088 | 0.166 | -0.058 | 0.943 0.142 | 0.07 1.072 0216 | -0.089 | 0915 0302
Crl-3dor 0252 | 128" | 0ast | oa0s | L | 0174 | 0278 | 0757 | oasi | 0004 | 1004 | 0232 | 0251 | 0778 | 0336
Double G
Window- 0379 | 1461" | 0183 | 0209 | 1232 | 0211 | 0422 | 1.525" | 0.186 | -0.203 | 0.816 0235 | 0484 | 1.623 0357
More than 1/4
Ins. Wall- Yes | -0.119 | 0.888 0.137 || 0.076 | 1.079 | 0.16 | -0.073 | 0.929 0.137 | -0.134 | 0875 0208 [ 0.046 | 1.047 0.284
gleei‘_v‘v(ze’ 20.067 | 0.935 0112 || 0275 | 1.316™ | 013 | -0.016 | 0.984 0.112 | -0.113 | 0.893 0.173 | -0.025 | 0.975 0254
Education- 004 | 0961 0179 || 0182 | 1.2 022 | -007 | 0932 0.181 | 0.056 | 1.058 0265 | -0.083 | 0.921 0.36
Sec. to interm.
g‘}:;‘r‘:‘"““' 0465 | 0628 | 0.198 | -0.115 | 0.891 024 | -0495 | 0609 | 0.2 0.045 | 1.046 0295 [ 0.082 | 1.086 0.406
i‘;"a' Class- 0468 | 1.597 0359 || 0.672 | 1.959° | 0.402 | 1235 | 3438 | 0402 | -0.194 | 0.824 0477 | -0486 | 0.615 0.697
Social Class- 0522 | 1.686 033 || 0367 | 1444 | 0376 | 1142 | 3134 | 0378 | -0.115 | 0.891 0422 | -0.019 | 0.981 0.582
SD"E“"‘ Class- 0.52 1.682 0346 || 0111 | 1117 0398 || 1.105 | 3.019™" | 0393 || -0371 | 0.69 0441 || -0262 | 0.769 0.604
Over 15-2 0312 | 1.366" | 0.148 | 0426 | 1532 | 0172 | 0.115 | 1.122 0.146 | -0.048 | 0.953 0209 [ -0.169 | 0.845 0.294
Over 15- 3+ 0442 | 1556 | 0.184 | 0449 | 1567 | 0.215 | 0269 | 1.309 0.184 [ -0.169 | 0.844 029 | -0219 | 0.803 0.424
Under 15- 1 20.689 | 0502 | 0.186 | -0.079 | 0.924 02 | -0452 | 0.636" | 0.186 | -0526 | 0.591 0355 || -04 0.67 0519
Under 15-2+ | -0.66 | 0517 | 0.192 || 0.02 1.02 0208 | -0249 | 0.78 0.189 [ 0.192 | 1212 0304 | -0277 | 0.758 0.525
ﬁ'e‘::’r':gme“" 0.146 | 1.157 0.183 | -0.13 | 0878 | 0215 | 0035 | 1.036 0.184 | 0315 | 137 0274 | 0202 | 1224 0384
Employment- | 157 | 35 0239 || -0.173 | 0.841 0294 | 0.001 | 1.001 0244 | 0487 | 1.628 0362 | -0.806 | 0.446 0.718
Unemployed
Washing - o
! 0.03 1.03 052 | -0283 | 0754 | 0578 | -0.564 | 0.569 0485 | -1.05 | 035 0531 | -2326 | 0.098 0.569
Machine- Yes
3‘::‘ Washer- || 174 | 084 013 || -0.02 | 098 0.149 | 0.187 | 1.206 0.132 | 0.044 | 1.045 0.198 | -0491 | 0.612° | 0.282
‘E(':s" Cooker- | 5293 | 1,34~ 0.128 || 0194 | 1214 | 0148 || 0286 | 1332 | 013 || 0463 | 1.59" 0205 | 0.053 | 1.055 0279
]:l'e’::éf_'f" 056 | 0571 | 0131 || -0.199 | 0819 | 0.148 | -0224 | 0.799" | 0.129 || 0345 | 1.412° | 019 | 0.603 | 1.827" | 0.283
Num. Elec. 21019 | 0361 | 0229 || -0333 | 0716 | 0246 | -0.449 | 0638 | 0212 || 07 | 2.014™ | 0268 || 1515 | 45517 | 0343
Heater- 2+
Freezer- Yes 0486 | 1.626™ | 0.113 | -0.048 | 0953 | 0.129 | -0.007 | 0.993 0.113 | -0.172 | 0.842 0.175 | -0222 | 0.801 0255
Dum.TVIess 0252 | 1286 | 0132 | o082 | ross | oas2 | 024 | 1272 | 031 | 09 | 0887 | 0198 | 0266 | 0766 | 0287
DumeTVIes Hoara | 15147 | oase | 0237 | 1267 | 0477 | 0223 | 125 0.157 | -0.601 | 0.548 | 0268 | -0.806 | 0.447" | 0.41
Num. TV 0117 | 1124 | 0168 || -0316 | 0720° | 0184 | 0124 | 1132 | 0169 | -0.415 | 0.66° 0233 | 0332 | 0717 | 0329
bigger 21- 1
Num. TV . . . .
A 0312 | 1.366 0.194 || -0421 | 0.656° | 0216 | 0366 | 1.442 0.195 | -0.529 | 0.589 0289 [ -1.102 | 0332 0.448
bigger 21- 2+
Desktop- Yes | 0311 | 1365 | 012 || 0118 | 1126 | 0137 | 0227 | 1255° | 021 | 0015 | 1.015 0.189 | -0.536 | 0.585" | 0.299
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Table 5-9 Results of MLR classification (Cont’d)

Laptop- Yes

0.079

1.082

0.125

-0.081

0.922

0.143

0.008

1.008

0.126

0.025

1. 025

0.193

-0.236

0.79

0.292

Game
consoles- Yes

0.367

1.444™

0.154

0.163

1.177

0.172

0.093

1.097

0.155

-0.287

0.751

0.269

0.39

1.478

0.413

Reduce Bill-
Agree

0.294

1.342°

0.152

0.257

1.293

0.178

0.183

1.201

0.152

0.005

1.005

0.219

0.541

1.718

0.354

Reduce Bill-
Disagree

-0.317

0.728

0.241

0.093

1.098

0.267

0.06

1.062

0.226

-0.253

0.776

0.332

0.16

1.174

0.501

" P<0.01,"P<0.05"P<0.1

cluster, though statistically it is less significant.

Cluster 3: This cluster manifests the morning usage of electricity. Dwellings with a high
number of bedrooms (“Num. Bedrooms- 5 or 6”) are less probable to belong to this
cluster. This is understandable since such buildings usually tend to use more electricity
during the evenings and nights too. Heating water by electricity shows a positive effect
on this cluster. The social class AB is positively related to this cluster. Having higher
number of adults also positively affects the probability of membership of customers to
this cluster. It can be attributed to regular working habits of them during the weekdays.
The other important factors are the number of TVs bigger than 21 inch with
corresponding negative coefficients which can be associated to the more use of TVs in
the evening periods rather than mornings.

Cluster 4: The customers belonging to this cluster use the highest electricity in the
evening and night. Older dwellings show a negative association to this cluster which can
be again related to the residents of such buildings. Households with the higher
proportion of CFL are less probable to be a member of this cluster. This negative
association was shown previously in section 5.6.2.1. All the categories of social classes
(which are compared against the base category that is social class F) display a very
strong positive association with this cluster. In addition, the higher social classes have

larger coefficients. It is an important result which shows the effect of social class on the
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electricity usage in these time periods. The presence of children in the households is
negatively associated to this cluster. The other important factors are electric cookers,
TVs, and desktop computers which indicate a positive association with this cluster and
electric heaters that display a negative relationship.

Cluster 5: This cluster has a relatively high o and SS. Therefore, not surprisingly, those
factors that have a negative association with cluster 2 usually have a positive association
with this cluster and vice versa. This is especially true for electric heaters and TVs,
which respectively associate positively and negatively to this cluster. The coefficient for
the washing machine (as a base load) is also negative.

Cluster 6: This cluster has the highest o and SS and a relatively high consumption during
1 am-7 am period. Again, the electric heater is the main factor affecting the membership
to this cluster with very high positive coefficients. On the other hand, washing machine,

dish washer, TVs, and desktop computers have a negative relationship with this cluster.

5.7 Implications of the study findings

Using the presented methodology in this thesis, we examined the association among

various variables with the clusters of customers. The process segments customers into

distinctive clusters, each one representing different consumption habits, degree of daily

variability, and seasonal changes, thereby, allowing studying the impact of HDFs on

consumption patterns. In terms of appliances and electric devices, the outcomes demonstrate

the effect of different base load appliances, TVs, and heaters on the time and variability of

consumption. The results also reflect the impact of household composition as well as certain

physical dwelling characteristics on these factors. While the findings of this study are
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beneficial for research activities, they have also several potentials for real-world
applications as described in the following.

Demand-side management is usually classified into three main categories including the
energy efficiency, conservation (behavioural change), and DR programs [113]. The
proposed approach in this thesis can help utilities, policymakers, and customers in each of
these directions. Especially, in recent years, research has increasingly considered residential
DR programs. Traditionally, DR programs were applied for large users such as industrial
and commercial customers. The introduction of advanced metering infrastructures, smart
meters, and the concept of smart homes has opened up the possibility of implementing
residential DR programs. As discussed in [124], in addition to technical challenges, several
managerial challenges need to be addressed for the proper utilization of residential DR
settings. Customer clustering, design of customer engagement programs, and customer
behavioural factors along with the customer willingness for DR are among the most
important ones. The knowledge obtained through this research can help utilities, retailers, or
DR aggregators to devise suitable DR programs for their customers. Incentive- and price-
based DR programs [112] can be offered to the customers depending on the cluster
membership or the household’s consumption habits, the household’s daily and seasonal
variability, and its composition. Eventually, this can lead to the load shifting and peak

shaving of the electricity network.
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5.8 Summary

The availability of smart meter data allows the analysis of consumption behavior of
electricity customers which in turn, can contribute to the more energy efficient and green
networks.

In this chapter, using various data mining techniques including statistical tests, feature
definition, clustering and classification, the effects of household’s socio-economic factors
and physical features of dwellings on consumption patterns of customers are investigated.
Using this analysis, firstly, those variables that have the highest impact on the formed
clusters are identified. In addition, the degree of effect of different categories of each
variable on the consumption patterns is found out and compared.

The same methodology can be applied on other datasets with different characteristics to

understand the underlying factors of residential consumption behavior.
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6 Tariff Design

6.1 Background and Motivation

In smart electricity grids, electricity retailers can offer various tariffs as well as demand
response programs to the customers. For instance, in the comprehensive Australian project
called “Smart Grid Smart City”, the effectiveness of different options including different
combinations of pricing plans (such as dynamic peak price, seasonal TOU, and pre-payment
plan), usage feedback options (such as in-home displays and text messaging), and financial
incentives (rebates) were tested on participating customer groups [72]. These structures
included 8 network trial plans and 12 retail trial plans. Network plans did not change the
electricity tariffs and only measured the effectiveness of smart meter-based products such as
feedback technologies and DR programs using interruptible loads. On the other hand, retail
plans evaluated the effectiveness of different tariff proposals with/without the feedback
options. Therefore, the diverse range of new technologies allows retailers to devise
customised plans for the customers. One such methodology is to segment the customers into
the groups based on the consumption data provided by smart meters.

In this chapter, we propose an approach for designing customized tariff structures using
the results of the clustering process. Compared with the limited number of studies which
used the clustering results for tariff design (Section 2.6.3), the current approach offers
several contributions and advantages:
= The problem is formulated from the perspective of an electricity retailer that intends to

maximize its profits.
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The uncertainties of loads and electricity prices are modeled through a stochastic
programming model by considering a set of scenarios.

Loads of customers are divided into the inflexible and flexible parts in which the
flexible part can react to retail prices through an elasticity function.

The nonlinearities in problem formulation are linearized through proper approaches and
the problem is modeled as a mixed-integer linear programming (MILP) which can be
easily and accurately solved through available software. Usually, finding global
solutions for the mixed-integer non-linear programs (MINLP) is difficult, especially,
when the problem includes different nonlinearities and a large number of binary
variables. This is a shortcoming of some previous works [213] [80].

In some studies [80], the obtained TOU prices for the periods of cluster peaks show a
sudden increase; around ten times higher than the off-peak prices. Such a TOU structure
1s unrealistic and very improbable to be implemented by the retailers. In this study, the
retail prices of different time periods change in a reasonable fashion.

The risk measure is included in the problem formulation which enables the retailer to
hedge against the possible risks.

The rest of this chapter is organized as follows. Section 6.2 describes the overall

procedure including the clustering and stochastic programming model. The explanations of

different parts of the objective function and their mathematical formulations are given in

Section 6.3. Section 6.4 presents the final objective function of the retailer. The two

linearization approaches are also explained in this section. The numerical results of the

application of the method on the CER dataset are reported in Section 6.5. Finally, Section

6.6 summarizes the findings of this chapter.
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6.2 Procedure

6.2.1 Problem statement and stages

The stages of the proposed method for constructing customized TOU structures are

shown in Fig. 6.1. These stages are explained in the following sections.

Clustering
~
[ [ Load data H Making normalized RLPs H Clustering; choosing the number of clusters ]
_J
Input data
v \
Other input data: Historical day- Calculating each
Forward contracts ahead prices Eusiegiua
characteristics; storage units; * +
elasticity function parameters ] ]
Scenario generation ] Scenario generation
Formulations ‘
~
Formulating the objective function Adding the risk Mixed-integer linear
Linearizing the non-linearity measure programming

J

Fig. 6.1 Stages of designing customized TOU structures

6.2.2 Clustering

The clustering of customers is achieved by segmenting them based on their normalized
RLPs. Normalization is performed since the aim is to characterize the customers based on
their load shapes. While the best number of clusters can be calculated using CVIs, here, we
choose the pre-defined number of clusters as six. This is an adequate selection since it can
represent the main customers’ load shapes and at the same time it keeps the number of
groups limited.

Once the customers are assigned to the clusters, the 24-hour load curve of the cluster is

determined by averaging non-normalized RLPs of its customers.
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6.2.3 Stochastic programming

A stochastic process refers to the random variables, for example, the electricity price or
demand, that their values evolve over time [214]. In electricity networks, the stochastic
variables such as market prices, customer’s demand, and the power generation of renewable
resources are the sources of uncertainties. Modeling of the stochastic processes can be done
by defining a set of scenarios, in which each scenario represents a single realization of the
process. For example, the load of customers for tomorrow, L, is a stochastic variable, and
each of its realizations can be represented by L(w) where w is the scenario index. The
probability of occurrence of each scenario is specified by m(w) and Zgﬁl m(w) = 1 where
N, is the number of scenarios.

Since the uncertain data are modeled as stochastic processes, the profit of the retailer
will be also a random variable. Therefore, in order to optimize the random objective
function, the expected value of the profit is maximized.

A sufficient number of scenarios need to be defined in order to model the stochastic
process accurately. However, in practice, defining a very large set of scenarios will result in
computational intractability. Usually, scenario reduction methods are utilized to decrease
the number of scenarios while retaining most of the information. The technical details of
scenario generation and scenario reduction are beyond the scope of this research. Interested
readers can refer to [214] for the concepts and formulations.

In the formulations of this chapter, the load of each cluster and the electricity price are

modeled through stochastic processes.
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6.2.4 Risk measure

As mentioned in the previous section, various sources of uncertainty (for example,
market prices or load level) are present in the in the electricity market environment which
affect the participants’ decision makings. Stochastic programming approach models the
uncertain data in which the profits/costs of participants are random variables with a
probability distribution. In this way, a common approach to control those variables is to

control their expected values.

As mentioned in the previous section, in the optimization processes, the expected value
of the objective function is optimized. However, obtaining an acceptable level of expected
profit through the optimization process does not mean that, in practice, the retailer will not
experience very low profits or even losses. This characterizes a serious shortcoming of such

optimization approaches.

Therefore, the conflicting objectives of maximising the value of the random variable
and the its desired range should be addressed carefully. To address this issue, a risk measure
can be added to the problem formulation to hedge against the risks. Such a measure limits
the variation of the random variable and bounds its value to the desired range.

Some of the common risk measures used in the literature include Value-at-Risk (VaR),
Tail Value-at-Risk, Expected Shortfall, and Stochastic Dominance [215]. Conditional value-
at-risk (CVaR) [214] is a popular risk measure that has been used in different studies [216],
[217] and is applied in this research too. Therefore, the final problem is formulated as a risk-

averse optimization.
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6.3 Formulation

We assume that retailer can procure its needed energy from two market settlements: the
forward contracts and the pool (day-ahead market). In forward contracts, constant power is
purchased for a specified time period at a fixed price. Since the decisions about the forward
contracts are made before the realization of the stochastic process, they are not modeled

through scenarios.

6.3.1 Forward contracts costs

The negotiating power of the retailer and the structure of forward contracts is usually
modeled through forward contracting curves [218] as shown in Fig. 6.2. As this figure
shows, the first block of energy (less than ﬁ]fl) can be procured at the price )_L]lfl. For the
excessive power more than 13]51 and less than ﬁ]fz, the retailer needs to buy the electricity at
the higher price Z}:Z. Therefore, the prices increase in a stepwise manner based on the traded
quantity.

Let F be the set of forward contracts, N; be the number of power blocks in the forward
contracting curve, and P]fj and /1]’5 ; be the power purchased from the j-block of the forward

contract curve of contract f and its corresponding price, respectively. The total cost of

buying energy through forward contracts can be calculated as:

Ny
cF =ZZA}EJ.PJFJ. d, (6.1)

feF j=1

Eq. (6.1) shows the cost of energy through forward contracts in each time period d;. d;

is considered as one hour in this study.
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Fig. 6.2 Forward contracts curve

6.3.2 Expected day-ahead market costs/revenues

Electricity market settlements usually consist of several trading markets. For example,
three trading floors including day-ahead, intra-day, and real time markets are used in several
studies. Other works have considered only one or two of these market in their problem
formulation.

Since the actual amount of consumption in each hour is not known, the retailer needs to
participate in the pool to purchase the needed energy for its customers. In this research, only
the retailer participation in the day-ahead market is considered and other market settlements
like real-time markets are not taken into account; however, they can be easily added to the

problem formulation.

176



The operator of the day-ahead market requires all producers and buyers to submit their
offers for the corresponding sales and purchases for day i + 1, on day i . Using these data,
the market is cleared and the market clearing price (day-ahead market price) is calculated.

The pool price is a stochastic variable and its values in each hour are modeled through
the scenarios. Let P24 be the amount of energy purchased from/sold to the pool and 124 be
the price of electricity in the day-ahead market in every time period t and each scenario w.

The expected pool cost/revenue can be calculated as:

Ngo 24

Z z PDA pDA 1 (6.2)

w=1t=

where 2 and N, represent the scenario set and the number of scenarios, respectively. m(w)

represents the probability of occurrence of each scenario.

6.3.3 Revenues

The retailer earns money by selling electricity to the customers. Usually, the retail
prices are higher than the day-ahead prices. As mentioned earlier, the retailer’s aim is to
determine the optimal TOU prices/structures for each cluster.

Generally, the amount of demand change based on the retail price level. It means that
customers consume less energy if they are exposed to higher prices. This relationship
between the demand and price is modeled through various mathematical models in different
studies, for example, through elasticity function [80], [213], price-demand quota curve
[218], [219], the bi-level problem considering the utility function of the customers [220],
and the bi-level problem minimizing the violation from comfort for the users [221]. Each of

these methods has its own advantages and disadvantages.
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In this chapter, a linear elasticity function is considered to model the reaction of
customers to retail prices. The load of the customers consists of inflexible (critical) loads
that cannot be curtailed or shifted and flexible loads [124]. Flexible loads can be adjusted in
response to variations in the electricity price or to incentive payments. Here, we assume that
only the flexible part of the loads will change according to price signals.

Let L, be the load of cluster k and A7, the retail price for this cluster in time period

t and scenario w. L, can be written as:
_ qin flex
Lotk = Lyin + Lk (6.3)

where L/ and L/!¢* refer to the inflexible and flexible parts of the load, respectively.

The elasticity function can be written as [222]:

EL(Xp) = [ —ﬁ(Lﬂ =L = (e — 250)] (64

r
AOt

where r; and 8 are the coefficients defining the elasticity function. Af; is the nominal retail
price in each time period t. In the case studies, it is considered that the parameters of the
elasticity function are the same for all clusters. It is also possible to define cluster-specific
elasticity functions. This issue is described briefly in Section 6.4.2.

The expected revenue from the customer-side is given as:

R= nwz Ryik (6.5)

where
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i l
Rotie = [Lighe + Ly ELQAT, ) 1A
l l
= (L kT Lz)telf T Lz)telf 0t) Aotk —T1 T2 L];:If (/11(:)1:}()2 (6.6)

— T T 2
= My wik Aotk — M2,wtk (Awotk)

In the above formulations, K refers to the total number of clusters.

In addition, we assume that the minimum and maximum bounds are asserted on the
retail price. This is a practical assumption since such bounds are either defined by the
system operator or imposed as a part of the agreement between the retailer and its own

customers.

6.3.4 TOU structure

high

In this study, it is assumed that the three different prices, high (1,°"), medium

(Amediumy “and low (A°W), are offered to each cluster for different time periods of the day
based on the load pattern of the cluster. Therefore, both the price and the price durations are
different between different clusters and are determined through the optimization process.
The formulation can be easily modified to include more or less prices instead of the 3-step
price scheme.

As mentioned, the retail price can take only three values during the day. Mathematically

speaking, the retail price can be written as:

high ,high . ,
Ay = U A 9" + vlow Alew 4 yigdium ymedivm v ) v ¢, k (6.7)
VIR plow p e = 1 Y,V Yk 6.8)
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high _ —
n< Y VI <A Vo, vk (6.9)
t=1
24
gszvmsﬁ,\m,w (6.10)
t=1
24
gszvg?fkdiumsﬁ,v@,w 6.11)
t=1
In the above formulation, vzit‘?ch , viow and vEAUM are the binary values where only

one of them can be 1 at each time period. n and n are the minimum and the maximum
number of hours that each of the high, low, and medium prices can occur. The values of n
and n can be changed based on the preferences of the retailer. For example, both n and n

can be set to 8 if equal time periods for all three prices are intended.

6.3.5 Energy storage units

Retailers can also possess their own facilities to produce electricity [219]. For instance,
the retailer can use distributed generation units, renewable energy resources, aggregated
electric vehicles, and energy storage units in order to reduce its energy procurement costs.
In this chapter, we suppose that the retailer owns several energy storage units that can be
discharged during the periods of high electricity prices and charged during the low-price
periods. It is assumed that the operation costs of the storage units are negligible. Other
complicated models for example, by formulating the aggregation of electric vehicles can

also be considered in the problem.
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6.3.6 CVaR formulation

The CVaR measure is incorporated into the risk-neutral problem. CVaR is equal to the

solution of the following optimization problem:

1
Maximise ;, =~ ¢ — 1= 2 Ty N (6.12)
aa)=1
Subject to:
Njy
F pF
Z ZRM ADA ZZAﬁPﬁdt < V@

feF j=1 (6.13)
0=<7u (6.14)

In the above formulation, @ € (0,1) is a predetermined value called confidence level. {

and 7, are the continuous and scenario-specific auxiliary variables, respectively.

6.4 Objective Function

Finally, the retailer problem can be formulated as the following objective function:

nich - hich Maximize _
Py 2B E A S A e divm p A g UL U
Ny
PTOflt— E T[w E E thk_ADAPDA E ZA?}PfF}dt

fEF j=1

. M (6.15)
+B 5—m2ﬂwﬂw
w=
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Subject to:

forward contracts constraints:
<P <P; '
retail price constraints:

—r
NM<A <A, Vo, Vt,VEk

r _ ,high high plow plow medium ymedium
wtk = Vopek Ai Votk A+ Votk Ak VoVt VEk
hlgh low medi _
Uik T Votk T Vaec =1, Vo,Vt,Vk
24
high _ —
n< vatk <n,Vo,Vk
t=1
24
n < Z vl <7 ,Vo,Vk
t=1

Qstgfkdium <n,Vo,Vk

battery constraints:

dis
wt

ESue = ESy(e-1) + nChP(f)}tl - s’

YoVt

0<Ph<Pph U, VoVt

0 < Pdis < pdis ydis | v o,V t

Uh + U35 <1, Vo,Vt

(6.16)

(6.17)

(6.18)

(6.19)

(6.20)

(6.21)

(6.22)

(6.23)

(6.24)

(6.25)

(6.26)
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ES,in <ES,; < ESpa, YVt (6.27)

ESi—1 = ES, (6.28)
power balance constraint:
K Ny
D Lunc+ Pk = PR+ PRI+ N Phd,, VoVt (6.29)
k=1 fEF j=1
CVAR risk constraint:
24 [ K Ny
f_z Zthk_Ag?PaD)tA_zzl}rjpr;dt SN,V (6.30)
t=1 \k=1 fEF j=1
variables conditions:
YMigh ylow ymedium € (0.1}, Vo,V t,Vk 6.31)
Uch  uds € {0,1}, Vo,V t (6.32)
0<PXM VuVt (6.33)
0<7ny,Vow (6.34)

The first part of the objective function (6.15) shows the expected profit of the retailer
and the second part characterizes the CVaR risk measure. Parameter f§ € [0,0) is a
weighting factor that determines the tradeoff between the expected profit and risk. If § = 0,
the formulation will reduce to a risk-neutral problem. On the other hand, by increasing the

value of 8, the problem will be more risk-averse. Therefore, in practice, the retailer can
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select the value of [ based on its preferences. For example, a retailer who is seeking higher
profits while accepting the higher risks will set the value of  close to zero.

Constraints (6.23) to (6.28) model the charging and discharging of the storage unit. PSP
and P25 indicate the charge and discharge power, respectively. US?/UZE are the binary
variables that determine the charge/discharge status in each time frame and n°*/n%* are the

charge/discharge efficiency. Also, the state of charge of storage unit is shown by ES.

6.4.1 Linearization

There are two nonlinearities in the objective function. The first one stems from the

) ) high ; . . )
product of the binary variables v, ", v, and vied™™ with the corresponding continuous

variables A’,zigh, AP and AMedium - The second nonlinearity is introduced by the term

(A7 )? in the revenue function.

In the following, proper solutions (by introducing the new variables and constraints) are
proposed to overcome these nonlinearities and make the problem linear. These sets of
equations represent exactly the original formulations. However, the linearization is achieved
by adding a significant number of variables and constraints.

i) Linearization of first nonlinearity
The first nonlinearity is linearized by introducing three auxiliary variables ¢Zig{h =

high Jhigh low _ . low jlow medium _ , medium jmedium
Utk Mk s Patk = Vark Ak » and gy = Uyptk Ak .
Therefore, the retail price can be written as:

. .
Tek = QLI + QLY + pUEIM v w0,V £,V k (6.35)

And the following constraints are added to the problem:
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¢)high < Irvhigh (636)

wtk — wtk
Pt = Vv (6.37)
Pute <N = XA —vgd (6.38)
AT A4 639
Pl <7 vlsth (6.40)
barie = v (6.41)
Path < A — X (L= vy (6.42)
ploth = AW =7 (1 —vls (6:43)
medim < 7 ymsdtum (6.44)
du " = At (6.45)
e TS LA — AT (1 — gt (6.46)
pmedium > ymedium _ Zr(l — ymedium (6.47)

ii) Linearization of second nonlinearity
The linearization of the revenue function is more complicated. Revenue function has a

quadratic form which can be accurately approximated by a set of piecewise blocks. The
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linearization of the quadratic production cost of the generators is done in different unit
commitment studies [223], [224], [225]. Here, based on the work in [223], a piecewise
approximation of revenue function is formulated.

Recalling the revenue function as:

Ryt = My otk Aotk — My wik (/wutk)z (6.48)

As shown in Fig. 6.3, the quadratic function is approximated by several linear segments.

Slope = F,

wtk

7

Revenue /]

$)

N
7
AN A, 7 Price
($/kWh)
Fig. 6.3 Revenue function and approximated piecewise revenue function
The original function and its piecewise approximate will be indistinguishable if the

number of these segments is considered large enough. Each segment [ is defined by the

lower and upper prices, Aq_qyx and Ay . Fy e is the slope of segment [ and &; g1

represents the incremental retail price which is limited between the zero and the A, —

A(-1),k- Therefore, the retail price and the linearized revenue function can be expressed as:

NLy

Aotk = A7 + Z Siotk, VEVE (6.49)
=1

186



NLj

RER™ = Ay + Z Fi otk Orwtk (6.50)
=1
where:
Apeke = Roee (A7) (6.51)
—r
Ay =|@ = )/NL], vk (6.52)
Alk=ir+l.AAk ) Vk,Vl=1,,NLk—1 (653)
0<61wk <d1p— 4", vt vk (6.54)
0 S 6l,wtk S Alk - A(l—l),k ) v t,V k,V l = 2, ...,NLk - 1 (655)
—r
0 < nppowtk A —Awpe-vr, VEVE (6.56)
Fi otk = [thk(Alk) - thk(/_lr)]/ﬂﬂk , Vi, VEk (6.57)

Frotk = [Rotk (@) — Roa(Aa-ni)/44k, YtV EVI=2,..,NL,—1 (6.58)

Fusotk = [Rote (2 ) = Rote(Ape-nic)| /44, YtV k (6.59)

NL represents the number of segments and its value can be different for each cluster

(NLyg).
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It should be noticed that in the above formulations, the variable set only consists of
81 wtk- Other parameters are determined based on the available data. For example, the slopes
(Frwek ) can be calculated using (6.48) for the intersection points. Therefore, (6.50)

represents a linearized form of the revenue function.

6.4.2 Other considerations
i) TOU structure

Usually, TOU price structures are designed in a way that each of the high, low, and
medium prices happen at consecutive hours. This is an assumption to assure that the
customers can follow the TOU prices. On the other hand, the availability of newer
technologies such as smart meters and home energy management systems, which
automatically manage the home consumption, allows defining more complicated pricing
schemes. In this regard, recent publications on electricity pricing or demand response
consider schemes such as the real-time pricing in which the price of electricity varies at
each hour and for each day.

In this chapter, we consider that only three prices are offered to each cluster and these
prices and the price structure are the same for at least several months. In order to avoid the
nonlinearity in the problem formulation, the condition of consecutive hours for each retail
price is relaxed. However, the aforementioned condition can be fulfilled by adding the

following non-linear constraints to the problem [80]:

high high high _ . high _
Uw,l,k w24k| + Z | Uptk w(t_l)k =2 (6.60)
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low low low
|Ua)1k_vw24k|+ E |va)tk a)(t 1)k|_2
t=2
24
medium medium medium medium| _
Vo 1,k — Vw,24,k | + E |thk ~ Vy(t- 1)k| =2
t=2

ii) Cluster-specific elasticity function

(6.61)

(6.62)

In this research, we consider the same elasticity function for all clusters. Based on the

available data, it might be possible to define the cluster-specific elasticity functions. In the

following, a possible approach is explained.

The CER dataset does not contain any specific questions or information regarding the

reaction of customers to retail prices. The questions that ask about the attitudes of customers

toward energy savings or energy reductions can be used to identify the potential of each

customer for the change in its energy use. These set of questions are shown in Table 6-1.

Table 6-1 Attitudes toward energy saving and knowledge about energy reduction: the responses are on a

scale of 1 to 5 where 1 is “strongly agree” and 5 is “strongly disagree”.

Questions
Capability
1 Possibility to make major changes in electricity use?
2 | We can reduce our electricity bill by changing the way the people we live with use electricity.
3 It is too inconvenient to reduce our usage of electricity.
4 | Tam not be able to get the people I live with to reduce their electricity usage.
5 | I do not have enough time to reduce my electricity usage.
Willingness
6 | Interested in changing electricity use if it reduces the bill.
7 | Interested in changing electricity use if it helps the environment.
8 We would like to do more to reduce electricity usage.
9 I do not want to be told how much electricity I can use.
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In this table, questions are divided into two groups, one set of questions that specify the
capability for changes and the other set of questions which designate the willingness of
customers. A set of rules can be defined to indicate either a customer belongs to one of these
sets from the elasticity perspective and sensitivity to energy prices: “very sensitive”,
“sensitive”, “slightly sensitive”, and “not sensitive”. Finally, the values of elasticity function

for each cluster can be defined based on the results of all customers who belong to that

cluster.

6.5 Numerical Results

The problem is formulated as a MILP and coded in the General Algebraic Modeling
System (GAMS) environment [226]. The server facilities and optimization solvers of
Network-Enabled Optimization System (NEOS) [227], [228] are used for solving the

problem.

6.5.1 Data

The values of different parameters which are used in the case studies are listed in Table
6-2.

The forward contracts are modeled through three different kinds of contracts including
the peak (9:00-22:00), off-peak (1:00-8:00 and 23:00-24:00), and round-the-clock (all day).

The characteristics of these contracts are illustrated in Table 6-3.
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Table 6-2 The values of different parameters for numerical studies

K: Number of clusters 6
Ng: Number of forward contracts 3
N;: Number of blocks in each forward contract 3
Nj: Number of scenarios 10
NLj: Number of segments for the approximated revenue function 100
ESax: Maximum energy of energy storage system 1500 kWh
ESpin: Minimum energy of energy storage system 200 kWh
ES,: State of charge at the beginning of the period 300 kWh
PER..: Maximum rate of charge 200 kW
P4 - Maximum rate of discharge 200 kW
n°M: Charge efficiency coefficient 0.95
n%s: Discharge efficiency coefficient 0.95
A":Minimum retail price 0.040 $/kWh
7 : Maximum retail price 0.075 $/kWh
a: Confidence level for CVaR risk measure 0.95
ry: First constant in elasticity function 1
15: Second constant in elasticity function 15.5

ot- The threshold price (nominal retail price) in elasticity function | 0.052 $/kW
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Table 6-3 Characteristics of forward contracts

Block 1 Block 2 Block 3
Price | Upper limit Price Upper limit Price Upper limit
($/kWh) (kWh) ($/kWh) (kWh) ($/kWh) (kWh)
Fl 0.051 1500 0.053 1200 0.056 800
(peak)
F2
(off-peak) 0.044 1300 0.046 850 0.050 750
F3
(round-the- | 0.049 1400 0.052 1000 0.055 1000
clock)

The historical day-ahead prices of Iberian electricity market [229] are used for
estimating the day-ahead prices and generating the price scenarios.

It should be noticed that by increasing the number of scenarios the number of variables
and the processing time increases significantly. Therefore, only 10 scenarios are considered
for case studies. In practice, a higher number of scenarios can be selected.

Scenario generation and reduction are performed using the method in [217]. The
technical descriptions of this process are beyond the scope of this thesis and are not

mentioned here.

6.5.2 Characteristics of clusters

Different tariffs can be set for different seasons or loading conditions such as weekdays
or weekends. Here, only the weekdays belonging to summer and winter are analyzed. The
analysis is similar for other seasons or weekends. Using normalized RLPs of customers, six
clusters are formed for each season as shown in Fig. 6.4 and Fig. 6.5. As described in the

previous chapters, each cluster characterizes different lifestyle and consumption pattern.
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6.5.3 Results

I) Benchmark 1: Fixed retail price for all customers

In this case, it is assumed that the retailer offers just a fixed price to all customers. The
optimum value of this price is determined through the optimization process. The optimum
value of the retail price and the profit of the retailer for the summer are 0.071 $/kWh and
$ 805.6 respectively. The corresponding values for the winter are 0.069 $/kWh and $ 1104.5
respectively.

IT) Benchmark 2: Calculation of TOU prices without the clustering

In this case, it is assumed that the retailer offers unique TOU price structures to all the
customers. The values of these prices are calculated through the optimization process.

Table 6-4 and Table 6-5 report the values of high, medium, and low prices for summer
and winter respectively. Furthermore, Fig. 6.6 and Fig. 6.7 show the TOU structures for the
summer and winter respectively. In this figures the black curve shows the cluster load and
the blue line displays the TOU structure. The attained profit of the retailer for the summer
increases from $ 805.6 in the previous case to $§ 821.3. The winter profit also observes an

increase from $ 1104.5 to $ 1135.

Table 6-4 Summer retail prices for benchmark scheme (without clustering)

AN ($/kWh) Amedium ¢/ jyp) ALV ($/kWh)

0.074 0.0705 0.0649
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Fig. 6.6 The summer retail structure for the benchmark scheme (without clustering)

Table 6-5 Winter retail prices for benchmark scheme (without clustering)

AN (/KW h) Amedium g /pyp) ALV (§/kwh)
0.0726 0.0677 0.0631
0.072
—1.5
0.07

0.068 x
a1
Lo M\/

0.064 \ / dos
v
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Time(H)

Price($/kWh)
Load(kWh)

Fig. 6.7 The winter retail structure for the benchmark scheme (without clustering)
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I1I) Calculation of TOU prices considering the clustering

In this case, the customers are segregated into separate clusters and the optimum retail
prices are decided for each cluster. The values of these prices for the summer and winter are
reported in Table 6-6 and Table 6-7 respectively. The TOU structure for each cluster in
these seasons is also shown in Fig. 6.8 and Fig. 6.9. In these figures, the black and blue lines
represent the load of the cluster and the calculated TOU structure for that cluster,
respectively.

In general, the TOU structure for each cluster reflects the load shape of that cluster. In
most cases, 4 or 5 time periods during the day are defined for the TOU tariffs. As mentioned
earlier, we can limit this to, for example, three consecutive time periods with the cost of the
nonlinearity of the optimization problem. In practice, the retailer is able to merge some of

these intervals based on its preferences.

Table 6-6 Obtained high, medium, and low retail prices for each cluster for summer

Retail prices
Clusters
AR (g /kwh) | Amednm (§/kwhy | AW ($/kWh)

Cluster 1 0.0722 0.0684 0.0652
Cluster 2 0.0708 0.0701 0.0635
Cluster 3 0.0729 0.0726 0.0656
Cluster 4 0.0719 0.0670 0.0645
Cluster 5 0.0712 0.0677 0.0638
Cluster 6 0.0733 0.0715 0.0684
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Table 6-7 Obtained high, medium, and low retail prices for each cluster for winter

Retail prices
Clusters
AN (g /kwh) | Amednm (g /iewh) | A ($/kWh)

Cluster 1 0.0726 0.0666 0.0631
Cluster 2 0.0726 0.0705 0.0638
Cluster 3 0.0736 0.0712 0.0701
Cluster 4 0.0729 0.0673 0.0617
Cluster 5 0.0715 0.0691 0.0635
Cluster 6 0.0733 0.0677 0.0652
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Fig. 6.8 TOU price structure for each cluster for summer
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Fig. 6.9 TOU price structure for each cluster for winter

Fig. 6.10 and Fig. 6.11 depict the purchased energy from the day-ahead market in each
time period. On the other hand, those forward contracts that are selected and the amount of
energy which is purchased through them are shown in Table 6-8 and Table 6-9. While the
optimal decision for the retailer is to sign all three kinds of forward contracts for the
summer, for the winter it is suggested to purchase the energy only for the peak hours
(forward contract F1).

Fig. 6.12 and Fig. 6.13 illustrate the charge/discharge status of the storage unit in each
hour. As expected, the charging happens at off-peak or the lower price periods. On the other

hand, the discharge mostly occurs at peak periods. The charge/discharge patterns are
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different for the summer and winter due to the different load patterns of the households in
these seasons.

An interesting result is observed for time period 3 am to 6 am of summer in which the
energy procurement through the day-ahead market is very low. These time periods also
correspond to the charging status of the storage unit. It means that the bought energy
through forward contracts is enough to supply the load and at the same time charge the
battery.

Finally, the overall profits for the summer and winter are $§ 885.7 and $ 1178.4

respectively which exhibit an increase compared with the previous benchmark cases.

8000 . .

7000 -

6000 -

P W

(=l (]

(=3 (=]

(=) S
T T

Energy (kWh)
(8]
(=}
g

2000

1000

1 6 12 18 24
Time(h)

Fig. 6.10 Purchased energy from day-ahead market (summer)
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Fig. 6.11 Purchased energy from day-ahead market (winter)

Table 6-8 Purchased energy from forward contracts (summer)

Block 1 Block 2 Block 3
(kWh) (kWh) (kWh)
F1 1500 - -
F2 1300 564.4 --
F3 1400 - --

Table 6-9 Purchased energy from forward contracts (winter)

Block 1 Block 2 Block 3
(kWh) (kWh) (kWh)
F1 1500 1200 -
F2 - -- --
F3 - -- --
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IV) Calculation of TOU prices considering the clustering/ without the forward

contracts

In this section, it is assumed that the retailer does not have access to any forward

contracts and procures the total demanded energy from the day-ahead market. This scenario

affects not only the profits but also the TOU structures as shown by Fig. 6.14 and Fig. 6.15.

For the summer and winter, the profit declines to $ 800.1 and $ 1134 respectively.
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Fig. 6.14 Summer TOUs without forward contract
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V) Calculation of TOU prices considering the clustering/ without the battery

Load(kWh) Load(kWh)

Load(kWh)

Removing the battery from the analysis decreases the retailer benefits; however, it is

less effective on TOU structures. It also affects the forward contracts as can be seen by

Table 6-10. In this case, the retailer buys a reduced amount of energy from the second block

of forward contract F2 (off-peak). It means that the energy which was previously used for

charging the batteries is not purchased through the forward contracts anymore. The forward

contracts for the winter are not affected in this case study.

In addition, the total profits for the summer and winter drop to $ 871.4 and $ 1150

respectively.
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Table 6-10 Forward contracts when the battery is not considered (summer)

Block 1 Block 2 Block 3

(kWh) (kWh) (kWh)
F1 1500 - -
F2 1300 364.4 --
F3 1400 -- --

VI) Calculation of TOU prices/ with both selling and purchasing in day-ahead market

The retailer may also be able to sell some of its excess energy in the day-ahead market.

This configuration enables the retailer to increase its profits.

For winter, the analysis shows that the retailer only purchases energy from the day-

ahead market. This can be attributed to the higher level of consumption in this season.

In summer, for two hours during the off-peak period, the retailer sells some energy in

the day-ahead market as shown in Fig. 6.16.
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The charge/discharge patterns of the energy storage are not affected by this new
arrangement and remain the same as the previous configuration. There is an increase in the
purchased forward contracts as shown in Table 6-11. It demonstrates that the retailer prefers
to buy some energy at lower prices and sells it later in the day-ahead market at higher prices.
Moreover, the values of retail prices are changed for this case as displayed in Table 6-12.
The structures of TOU prices change slightly. The total attained profit of retailer for the
summer is $ 909.5 that shows an increase from $ 885.7 when only purchasing energy from

the day-ahead market was considered.

Table 6-11 Forward contracts when selling in day-ahead market is allowed (summer)

Block 1 Block 2 Block 3

(kWh) (kWh) (kWh)
F1 1500 - -
F2 1300 850 --
F3 1400 - -

Table 6-12 Retail prices when selling in day-ahead market is allowed (summer)

Retail prices
Clusters
AR (g /kwh) | Amednm (§/kWhy | AW ($/kWh)

Cluster 1 0.0722 0.0684 0.0652
Cluster 2 0.0708 0.0701 0.0635
Cluster 3 0.0729 0.0726 0.0656
Cluster 4 0.0719 0.0670 0.0645
Cluster 5 0.0712 0.0677 0.0638
Cluster 6 0.0733 0.0715 0.0684
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VII) Impact of incorporating risk into the problem

In the previous case studies, the value of f was set to zero. To study the risk-averse
behavior of the retailer, the value of § is changed from 0 to 0.7 in steps of 0.1. Table 6-13
and Table 6-14 report the results for the profit and the CVaR measure for the summer and
winter respectively. As can be seen from these tables, by increasing f from 0 to 0.7, the
expected profit of the retailer decreases only 3.7% and 4.1% for the summer and winter
respectively. These results demonstrate the effectiveness of CVaR measure in hedging the
risks. It means that by a small decrease in the profit, the retailer is able to significantly

diminish the risk of experiencing low profits.

Table 6-13 Comparison of retailer’s profit and risk for different values of § (summer)

B CVaR (8) | Expected profit ($)

0 -- 885.7
0.1 148.8 882.8
0.2 224.1 879.2
0.3 298.1 873.5
0.4 381.3 870.1
0.5 457.8 863.4
0.6 533.8 857.8
0.7 610.1 852.9

206



Table 6-14 Comparison of retailer’s profit and risk for different values of § (winter)

B | CVaR (§) | Expected profit ($)

0 -- 1178.4
0.1 92.5 1168.6
0.2 185.1 1160.7
0.3 276.0 1153.7
0.4 371.5 1142.6
0.5 464.2 1136.8
0.6 555.5 1130.9
0.7 650.8 1129.8

6.6 Summary

In this chapter, a comprehensive formulation for modeling the behavior of an electricity
retailer in the smart grid environment was developed. It is assumed that the retailer
segregates its customers into several groups and offers them cluster-specific TOUs. The
retailer’s decision making was considered to be constrained by the maximum and minimum
retail prices and the reaction of customers to the offered prices. On the other hand,
clustering allows the retailer to maximize its profits. Case studies were done for different
configurations to analyse the effect of clustering, forward contracts, storage units, selling
energy in day-ahead markets, and the risk measure. The obtained results can help the
electricity retailers to use the smart meter data in more efficient ways to design innovative

customized tariff structures for their customers.
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7 Conclusions and Suggestions for
Future Work

This chapter summarizes the thesis and explains the possible future directions for
further research.

In Section 7.1, a general summary of the achievements and contributions of this thesis
is presented. In Section 7.3, the novel and more complex approaches to the load data
clustering are briefly reviewed to inform the interested readers. Finally, based on the
presented concepts in these two sections, Section 7.4 identifies important areas for further

research.

7.1 Summary and Conclusions

The clustering of electricity customers load data and its applications for smart grids
were explored in this thesis. We tried to tackle the real-world problems with the efficient
solutions using proper data mining techniques. The proposed approaches and the achieved
outcomes have practical merits and can be used by either researchers or utilities for
analyzing load data and offering new services to customers.

Chapter 2 was dedicated to a broad introduction of smart metering, residential
consumption characteristics, effects of new technologies, clustering in power system
domain and its advantages for power networks. We discussed extensively the adoption of
new technologies including solar PVs, storage systems, and EVs in residential buildings and
their impacts on daily consumptions. Overall, two major trends related to the use of EVs

and the combined solar PV and battery were observed. While EVs can greatly change the
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demand, it is expected that their penetration levels into the system would take much longer
time compared with the PVs and ESSs. Besides, the complexity of EV pattern makes it
harder to propose an ultimate prediction of the changes that it might cause in the consumer
demand. Solar PVs combined with storage systems have the highest impact on the load
shapes of the customers. They enable the owners to meet the zero-energy import from the
grid in some periods and earn benefits by devising a strategy based on the TOU tariffs.
However, with the current battery prices and the slow rate of the reduction of prices in
recent years (Fig. 2.6), their high penetrations in the short term would not be possible.

It was also highlighted that, in spite of the great opportunities that smart meter data can
provide, the route to extracting value from these data is still unclear. Therefore, we
emphasized the inclusion of data mining techniques in business intelligence systems of
electricity companies. As a special case, the services and advantages that clustering of load
data can offer were comprehensively reviewed and described.

Following the presented concepts in Chapter 2, Chapter 3 provided an extensive
comparison of the main clustering methods for segmenting the daily load curves of
customers. Firstly, the mathematical formulations of five major clustering techniques along
with six cluster validity indexes were presented and the parameters that can affect the
outcomes of each method were illustrated in detail. In the next step, these clustering
methods were applied on two different datasets and their performances in forming the
clusters were compared.

Chapter 4 addressed the variability of residential load data and proposed an approach
based on the SAX method to transform the variable load data into symbolic representations.

The rationale behind this approach is the suitability of SAX in division of a day into several
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time periods and its ability to transform the data into a limited number of symbols. After
identifying the time periods from the aggregated load data, a modified SAX method was
applied on a large data set of daily load curves of customers. Subsequently, the SAX words
were clustered using a hierarchical clustering method. In the next part of this chapter, the
notion of entropy was utilized to rank the customers based on their stability in consumption
over time that can help DR aggregators in interacting with different users.

In Chapter 5, a three-stage methodology was elaborated to investigate the relationship
between the socio-demographic characteristics of households and buildings features with
the consumption patterns of customers. At first, the survey dataset was analyzed in different
ways to sort the questions and to extract the suitable variables. Secondly, the load data of
customers were represented by seven features and the users were clustered into six groups
using a K-means method. Finally, the MLR was employed to find out the effect of each
variable on consumption patterns. The results give insights into the affecting parameters on
household energy consumption.

Chapter 6 aimed at designing TOU tariffs for residential users based on their
consumption patterns. The problem was formulated as an optimization problem in which a
retailer maximizes its profits. The optimization process decides the TOU structures, the
values of retail prices, the charge/discharge patterns of battery units, the needed forward
contracts, and the day-ahead market energy purchases. The CVaR measure was also

included in the formulation to study the risk-averse problem and its effects on the profits.
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7.2 Future Trends in Data Analytics of Smart Grids

In recent years, the volume of generated data in electricity grids has increased

significantly. Various sources of data such as smart meters, phasor measurement units

(PMUs), and distribution power quality monitors record the online data of the network and

customers. The adequate analysis of these valuable data is essential for the efficient

performance of smart grids.

Considering the availability of these data, several major trends can be tracked in the

industry and academia as outlined in the following:

Data sets: More datasets are now publicly available for research studies. In addition to
the well-known CER dataset that is also used in this thesis, other consumption datasets
have been published as parts of prototype projects by industry and academia. Examples
include: i) Pecan Street dataset which is an ongoing project that continuously measures
and collects the circuit-level electricity use of around 1000 homes (Austin, Texas) [230],
11) Smart Grid Smart City project (SGSC) that was a comprehensive project conducted
from 2010 to 2014 and collected various data of electricity users including their
electricity consumptions (Australia) [231], i11) UMass Start* datasets including a high-
resolution dataset of 400 homes and a lower resolution dataset at the appliance level for
three dwellings (Western Massachusetts, US) [232], and 1v) Ausgrid Solar Home dataset
containing the three-year data of 300 customers of Ausgrid company (Australia) [233].

Standards: Several organizations including IEEE (Institute of
Electrical and Electronics Engineers), IEC (International Electrotechnical Commission),

and NIST (National Institute of Standards and Technology) have initiated standards
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which directly or indirectly address the generation, collection, transfer, storage, and
analysis of data in smart grids [234].

Projects and joint initiatives: Various projects are currently performed worldwide by
various organizations and utilities that, entirely or partly, concentrate on data science
solutions for power systems [235]. Examples of projects and joints initiatives include
ESSnet Big Data project [236], the Bits to Energy Lab [237], and CITIES Innovation
Center [238] in Europe, projects funded by National Science Foundation (NSF) in the
United States, and the increasing number of projects supported by the National Key
R&D Program of China and the National Science Foundation of China. Also, leading
companies in the energy sector have started working on data analysis techniques for
power systems to control and monitor the network and increase their profits [239], [240].
Big data issues: Big data technologies are necessary for the analysis of data in the
future smart grids. Big data are usually characterized by three main features [234] [241]:
1) volume which refers to the size of generated data, ii) variety that reflects that
heterogeneity of data types and the existence of data in various formats, and iii) velocity
that is the speed of data collection, transfer, process, and so on. A recent definition by
International Data Corporation (IDC) explains big data as [242]: “big data technologies
describe a new generation of technologies and architectures, designed to economically
extract value from very large volumes of a wide variety of data, by enabling the high-
velocity capture, discovery, and/or analysis”. This definition specifies the most
important problem in big data, which is how to discover values from datasets with an
enormous scale, rapid generation, and various types [243]. To deal with the big data

problem in the smart grid domain, a wide range of technologies, tools, and platforms

212



such as the machine learning, deep learning, cloud computing, and internet of things
(IoT) can be utilized. Various issues need to be addressed including the establishment of
adequate processing and computing infrastructure, collaborative efforts between the
professionals from different sectors such as the engineers and data scientists, and

consideration of cyber-security issues including the privacy, security, and confidentiality.

7.3 Future Directions of Load Data Clustering

The changes which are gradually happening in power systems and the advancements in
data mining techniques will affect customer segmentation in various ways. The
improvements in algorithms of time series clustering, advancements in the parallel,
distributed, and on-line clustering, and introduction of other novel technologies in smart
grids such as cloud computing [244], [245] will have a great impact on clustering of
electricity customers. Along with these advances, more innovative applications can be
defined for power systems. In the following, some of these approaches are briefly described.

In recent years, new methods have been evolved and applied for clustering of customers.
One of these approaches is time series clustering. A time series is defined as a series of data
points indexed in time order. These data can be the values of a quantity obtained at
successive times (a collection of observations made chronologically), often with an equal
interval between them [246], [150]. In a wide variety of real-world cases like the sensor data,
stock markets, environmental applications, fault monitoring and medical data, the obtained
data are in the form of a time-series. The measured data by smart meters also represent a
time series data in which the electricity consumptions of the customers are the desired

values that are continuously recorded over time.
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Time series data are generally specified by some basic characteristics including the
necessity to be acquired continuously and the large data size [246]. The same goals that are
set for all other clustering applications are also applicable to the clustering of time series
data, however, the nature of time series data poses unique challenges for applying any
efficient clustering algorithm.

For time series clustering, the use of dynamic time warping (DTW) [247] as a similarity
measure can be beneficial. The Minkowski similarity measures such as Euclidean distance
are only defined for series of equal length and are sensitive to scale and time shifts [248].
They also reflect similarity in time by performing a one-to-one mapping between the data
instances of the time series under comparison. On the other hand, DTW distance reflects
similarity in shape by performing a one-to-many mapping, hence allowing time shifting, and
thus matches similar shapes even if they have a time-phase difference [150].

It should be noticed that calculating DTW is computationally expensive. If the lengths
of time series X and Y are n and m, respectively, the DTW distance between them can be
computed in O(nm) time, which is almost quadratic if n and m are similar [249]. For a
comprehensive discussion on the DTW distance and its implementation in R, one can refer
to [250], [251], and [252].

In spite of current achievements, the sheer quantity of data from smart meters poses
challenges for traditional data analysis tools of utility companies. In order to deal with this
big data, new infrastructure and tools are required. Companies in the energy sector, facing

this challenge of big data, need to implement more powerful analysis tools to extract value
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from the collected data. A few studies in the literature have addressed the
“dynamic”/“online” clustering of load data and the problem of big data.

Dynamic clustering of time series data is considered in [253] and [254] to deal with the
dynamic evolution of the consumption data through time. The presented framework in [253]
for dynamic clustering of load curves compares the performance of K-means and FCM
algorithms with different similarity measures.

Ref. [78] proposes an online clustering method for high dimensional load data. The
principle behind this online time series clustering is a batch divide-and-conquer scheme in
which the clustering is applied on chunks of data points and once the entire data set is
scanned, it combines the results to find the final clustering. Moreover, to tackle the problem
of big data, a fully distributed clustering framework is introduced in [22]. The procedure
starts with dividing the data set into k parts and applying an adaptive K-means to each
individual part to obtain the cluster centers. Then, these cluster centers are selected as the
inputs to another novel clustering algorithm to obtain the global clustering results.

In another approach, a novel encoding engine based on an artificial neural network is
developed in [133] which encodes and clusters load profiles in real-time by a distributed
approach. The advantage of this neural network-based auto-encoder is that it neither needs
to know anything a priori about the input, nor uses any fixed distance metrics like Euclidean
distance.

Deep learning-based clustering methods are other novel trends in the clustering of smart
meter data. In deep learning, multiple layers are used to extract higher-level features from
raw input. These methods can be divided into two categories: two-stage approaches and

integrated approaches [255]. While the former performs the feature extraction and clustering
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in two stages, the latter combines the representation learning process and the clustering
stage into one model. A probabilistic baseline estimation framework is proposed in [255] for
DR applications. It employs a deep embedded clustering which is able to extract new
features and forms the clusters jointly. A combination of deep neural networks and K-shape
clustering is used in [256] for load forecasting and a joint deep learning and clustering
process that captures daily and seasonal variations is proposed in [257]. Deep learning
techniques are used in other studies, for example, for identifying the socio-demographic
information from the load data [258] and designing incentive DR programs [259].

In addition to the application of novel clustering algorithms, the innovative techniques
can be used for the improvement of other aspects of load data clustering [235]. As
illustrated in this thesis, numerous CVIs are utilized to evaluate the results of clustering
methods. Instead of these measures, application-oriented indexes such as the accuracy of
load forecasting can be used for selecting the optimal clustering algorithm or the best results.
Definition/extraction of proper features before the clustering can also improve the clustering

results.

7.4 Future Work

The current research can be extended in various ways, mainly:

= Regarding DR programs, based on the goals of the end user (for example, DR
aggregator or system operator), different procedures can be followed to make the
use of clustering results. For example, if the stability of customers through time is
considered, the methodology described in Chapter 4 can be helpful. On the other

hand, if the consumption values of customers for a long period are considered, a

216



feature definition approach such as the one in Chapter 5 would be more beneficial.
Finally, the clustering with DTW measure is more suitable when one is interested in
the characteristic consumption behavior of the customer which can be shifted
through time from one day to another day. This latter case is especially important
when the general consumption attitudes such as the appliance uses, regardless of the
time of use, are under consideration.

In this thesis, the reaction of customers to TOU prices was formulated using an
elasticity function. Upper and lower bounds were also imposed on the retail price to
ensure the fair prices for the customers. The reaction of customers to the retail
prices can be modeled using more sophisticated approaches. For example, a bi-level
formulation can be formulated to maximize the retailer’s profits and minimize the
users’ costs at the same time.

The innovative clustering approaches can be pursued for the analysis and
segmentation of electricity customers. These methods can also be employed for the
improvement of different applications such as the enhanced load forecasting.

With the advancements in smart meter technologies, DMS tools, and data transfer
standards and protocols, fine grained electricity data with shorter time resolutions
can be gathered. The immediate impact will be on the real-time operation of power
networks. Until now, most of the clustering studies consider the offline data of
customers. On-line clustering of load data can improve the real-time management of
power systems. Possible applications include very short term load forecasting and
dynamic demand response. For instance, system operators, load serving entities, and

DR aggregators will be able to analyze the load consumption data at very short time
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scales to forecast the electricity demand and to initiate DR programs such as load
curtailments. Studying the on-line clustering of time series data and its impacts on

power systems are interesting areas of research.
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