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Abstract

This thesis presents the development of techniques which enable appliance recognition
in an Advanced Electricity Meter (AEM) to aid individuals reduce their domestic
electricity consumption. The key aspect is to provide immediate and disaggregated

information, down to appliance level, from a single point of measurement.

Three sets of features including the short term time domain, time dependent finite
state machine behaviour and time of day are identified by monitoring step changes in
the power consumption of the home. Associated with each feature set is a membership
which depicts the amount to which that feature set is representative of a particular
appliance. These memberships are combined in a novel framework to effectively

identify individual appliance state changes and hence appliance energy consumption.

An innovative mechanism is developed for generating short term time domain mem-
berships. Hierarchical and nearest neighbour clustering is used to train the AEM
by generating appliance prototypes which contain an indication of typical parame-
ters. From these prototypes probabilistic fuzzy memberships and possibilistic fuzzy
typicalities are calculated for new data points which correspond to appliance state
changes. These values are combined in a weighted geometric mean to produce novel

memberships which are determined to be appropriate for the domestic model.

A voltage independent feature space in the short term time domain is developed
based on a model of the appliance’s electrical interface. The components within that
interface are calculated and these, along with an indication of the appropriate model,

form a novel feature set which is used to represent appliances.

The techniques developed are verified with real data and are 99.8% accurate in a
laboratory based classification in the short term time domain. The work presented
in this thesis demonstrates the ability of the AEM to accurately track the energy

consumption of individual appliances.
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List of mnemonics, abbreviations and acronyms

ADC

AEM

BBN

CL

COq

dz/dt

d (Xi, Cj) or dz’j

ECI
FCM

FEB

FSM
HMM
Hz
iori(t)

IM

m; (]) or mij

Analogue to digital converter.

Advanced Electricity Meter - the name assigned to the device in-
tended to implement the set of techniques developed in this thesis
Bayesian belief network.

Capacitance.

Confidence level. The confidence to which a particular classification
is made.

Carbon dioxide.

The time based differential of signal z.

The distance between the " feature vector x and the j* cluster
center c.

Energy consumption indicator.

Fuzzy C-means clustering.

Feature extraction block of the AEM system design. Developed in
Chapter 6.

Finite state machine.

Hidden Markov model.

Frequency measure used in the UK.

Time dependent current signal.

Interface model. Interface models are developed in this thesis and
are indicative of a particular type of electrical interface.
Inductance.

Denotes the membership vector for a particular observed feature
vector.

Denotes the membership value which indicates the level to which

feature vector ¢ belongs to known appliance j.



MGB

NALM

NN clustering

PC

PHC, NHC, TC

RF

RMS

t

THD
v-section
v or v (t)
Va

WPT

Membership generation block of the AEM system design. Devel-
oped in Chapter 5.

Non intrusive appliance load monitoring. Denotes a series of tech-
niques which are used to monitor appliance load profiles in a non-
intrusive manner.

Nearest neighbour clustering. Clustering method which classifies
by assigning new data points to the nearest known cluster.
Personal computer.

Positive half cycle, negative half cycle, total cycle respectively.
The probability of obtaining particular outcome z.

The probability of obtaining particular outcome z given a set of
conditions y.

Resistance.

Radio frequency. Describes signals with frequency between about
3Hz and 300GHz.

Root mean square. The RMS value of a signal is the square root
of the mean of the squares of the values that make up the signal.
Time.

Total harmonic distortion.

A segment of a time series which exhibits significant variation.
Time dependent voltage signal.

The magnitude of the n'* voltage harmonic.

Wavelet packet transform.

This denotes the feature vector which is extracted from an individ-

ual appliance.



Ai (t)

Change in current signal observed when an individual appliance
changes state, i.e. indicative of the current drawn by that individ-
ual appliance.

Change in power signal observed when an individual appliance
changes state, i.e. indicative of the power drawn by that individual
appliance.

The frequency, in radians, of the time dependent signals. For the
mains voltage in the UK this value is approximately 1007 radians
(i.e. 50Hz).

The sum of a1 +as + ...+ apn_1 + ay.
The sum of a; 4+ as + ... for variable a over all values of j.

The product of a; X as X ... X ap,_1 X a,.
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Chapter 1

Introduction

The aim of this thesis is to develop a set of techniques to be implemented in an Advanced
Electricity Meter (AEM) which gives homeowners useful information about the way in
which they use electricity in the home so that they may be provided with the means and

motivation to reduce their domestic energy consumption.

This chapter examines the broad context of the thesis aims, including an examination
of the links between domestic energy consumption and global warming, and develops a

roadmap which enable these aims to be satisfied.

Section 1.1 identifies the reasons behind the drive to reduce global warming which is
shown to be linked to carbon dioxide emissions. Mechanisms by which carbon dioxide
emissions may be reduced are explored in Section 1.2 and it is shown that a large reduction

is possible by taking energy efficiency measures.

The importance of the domestic sector in potential savings from energy efficiency is
discussed in Section 1.3. This sector accounts for approximately one third of all the
energy consumed in the UK and the home is a place where individuals have a large
amount of control over the way in which energy is consumed. Therefore, any significant
savings made through energy efficiency measures taken in the domestic sector may result

in significant reductions of carbon dioxide emissions in the UK.



Having explored the context within which this research is carried out, Section 1.4 iden-
tifies the set of objectives which must be met in order to establish an effective set of

techniques which enable individuals to reduce their domestic energy consumption.

1.1 Why save energy? Global warming and the chal-
lenge to reduce carbon dioxide emissions.

This section is concerned with understanding why there is a current need to reduce
energy consumption. This is done by illustrating the links between global warming
(which has potentially catastrophic consequences), carbon dioxide emissions and energy

consumption.

Global warming is the increase in the air temperature and ocean temperature of the
earth. Figure 1.1 shows the smoothed annual temperature anomaly from 1850 to 2000
which clearly indicates a significant rise over the period in question. The catastrophic
effects due to a global temperature increase are beyond the scope of this report, but more

information can be found elsewhere [1].

Anomaly (C)
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Year (AD)

Figure 1.1: Temperature anomaly from 1850 to 2000. The zero level on the graph is the
mean temperature from 1961 to 1990. This image is taken from a report by P. Brohan
et al. [2].

These increasing levels of temperature that the world is experiencing due to global warm-

ing are closely linked to the increasing levels of carbon dioxide in the atmosphere as can be

seen in Figure 1.2. This graph illustrates a comparison between solar variation, amounts



of the isotope 80 of Oxygen gas, levels of methane, relative temperature and levels of car-
bon dioxide. The increase in concentration of these greenhouse gases is thus inevitably
linked to the greenhouse effect, global warming and the effects of climate change the
world is now experiencing. When the levels of carbon dioxide are high, the temperature
variation is also high. Thus to reduce the rate of global warming, or even to stop it, the
levels of carbon dioxide in the atmosphere must be reduced.
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Figure 1.2: Vostok Ice Core Data. This image is taken from [3].

Carbon dioxide is present in the atmosphere due to a number of natural processes [4],
however, since 1860 the effect of human behaviour on global warming has been so great
that the world entered a new era; the Anthropogenic Era [5]. When fossil fuels are
burnt carbon dioxide is released into the atmosphere and this disturbs the near balance
of natural transfers of COs between the oceans, sediments, terrestrial biosphere and
atmosphere, thereby causing levels in the atmosphere to rise [6]. Currently over 70%
of the energy used in the UK comes from fossil fuels including coal, oil and natural gas
as illustrated in Figure 1.3. With current trends relating to the increase of energy use
year on year, it is expected that the world demand will increase by more than 50% by
2030 [7]. If the energy generation mix remains as it is, this increased demand will lead
to increased levels of carbon dioxide in the atmosphere, higher temperatures and raised

levels and frequency of catastrophic incidents [1]. Actions must be taken to cut carbon

3



dioxide emissions and curb the potential effects of global warming. The need for action
is so strong that it is backed by government policy, with a call to cut carbon emissions

by 60% by the year 2050 [8].

Bl 3%
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\ Nuclear
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Source: DTI, 2006

Figure 1.3: UK Energy Generation Mix in 2005. This image is taken from the DTI
Energy Review [9].

1.2 Mechanisms to reduce carbon emissions

This call to cut carbon emissions can be answered by a number of measures, one of
which involves decreasing the use of fossil fuels and consequently increasing the use of
renewables. The government has set out a framework in the DTI Energy White Paper
2007 [8] in order to ensure an increase in the proportion of renewables in the energy
generation mix to 20% by the year 2020. This will provide some reduction in the amount
of carbon emissions, but this is not the entire solution. Other reductions will come
from improved technologies and efficiencies in the transport sector, a carbon trading and
offsetting scheme and energy efficiency measures. Table 1.1 shows how the government
expects these measures to impact the reduction of carbon dioxide. Energy efficiency
measures account for about 30% of the total reduction of carbon emissions by the year
2020, higher than the effects expected to be seen by improving the energy supply mix

and transport infrastructure put together.

Energy efficiency measures include both the reduced emissions of products with newer,

more energy-efficient technologies, but also an improved efficiency in the way in which



Measures MtC abated in 2020

Energy Efficiency 6.8-11.5
Energy Supply 0.7-2.1
Transport 1.8-5.1
Trading and Offsetting 14.1-14.3
Total 23.4-33.0

Table 1.1: Estimated carbon impact from various measures. Data from the DTI White
Paper [8].

energy is used. Both of these measures are important, although the improved technolo-
gies will only affect people who buy these new products to replace older, less efficient
ones. Improving the way in which energy is used is a measure which can be adopted by
everyone in all aspects of their life and this thesis explores the mechanism by which indi-
viduals can reduce their energy consumption through efficiency measures in the domestic

environment.

1.3 Energy reductions in the domestic sector

Energy efficiency measures play an important role in the reduction of COs released into
the atmosphere and the domestic sector represents an arena with the potential for large
savings in energy for two reasons. The first reason is simply due to the magnitude of this
sector as the domestic sector represents a significant proportion of the carbon dioxide
emissions by end use in the UK. This is illustrated by Figure 1.4 which shows the UK

emissions of COs by end user for 2004.

E.7 NiC

B0.5 M

Public sector
Business

I Transport (including freight)
Rasidantial

Fource: DTI, 2005

Figure 1.4: UK Energy Use By Sector in 2004. This image is taken from [9].



The second reason that the domestic sector can allow for a large energy saving due to
improved behavioural efficiency is because the home is a place where the homeowner has
control over a large number of factors relating to how they use their energy. Aside from
refrigeration devices, the homeowner has control over when and how often appliances are
used. Even refrigeration devices can be controlled to some extent by setting the desired
temperature. By providing homeowners with the means to become more energy efficient
there is a large potential for savings to be made. For example, in one particular study
[10] up to a 39% reduction in energy use of a cooking appliance has been observed simply

by making users aware of the implications of their actions.

1.4 Thesis roadmap

It should be recalled that the objective of the AEM is twofold. The first is to provide
individuals with the motivation to reduce their energy consumption and the second is to

provide individuals with the means to do so.

Therefore, before the techniques implemented in the AEM are developed, a set of key
questions are posed in order to understand the mechanism by which such a device may
satisfy its objectives. The answers to these questions are contained in the work in the

following chapters and this section outlines the path taken by this research.
The first questions is:

How can individuals be motivated to change their behaviour patterns?

This question is answered in Chapter 2, which considers the factors surrounding moti-
vation. It is shown that individuals who are intrinsically motivated, i.e. those who are
motivated to perform a specific task for reasons which relate to the actual task alone
(rather than motivation coming from some external reward or punishment scheme), are
more likely to perform that task with greater endeavor and persistence than individuals

motivated through some other reason. It is therefore desirable to encourage individuals



to develop an intrinsic motivation towards a task and this may be cultivated by mak-
ing the task interesting, novel and challenging. Furthermore, individuals must perceive
themselves to be in control of their actions (rather than taking actions to please some
external body) and the must have useful and timely feedback about their actions so that

they may observe the consequences of any actions undertaken.

Having established the mechanism by which individuals may be motivated to reduce their

energy consumption, the second question is:

How can individuals be enabled to reduce their domestic energy consumption?
In order for an individual to reduce their domestic energy consumption they must possess
both the means and the motivation to do so. Consequently, the factors which affect the
ability of an individual to reduce their domestic energy reduction are explored in 7

different studies in Chapter 2. The factors investigated include:

e The links between knowledge base about the way different appliances in the home
use energy and feedback provided to the user about their own energy consumption

patters.

e The levels of user interaction with feedback mechanisms and the ability of the user

to set themselves goals in the task of reducing energy consumption.
e The time intervals at which feedback is presented to individuals.

e The quality of the information provided to the individual about their energy con-

sumption patterns.

It is shown that individuals do better at reducing their energy consumption when they
are provided with automated feedback about their energy consumption on a daily basis
in a manner which allows them to investigate the consumption patterns of individual
appliances in the home. This, along with commercialisation considerations of such an

appliance, enables the proposition of a set of key design criteria for the AEM.



What are the implications of the design criteria?

The implications of the design criteria are explored in Chapter 3. It is shown that
the AEM should track the daily energy usage of individual appliances so that the user is
provided with information which both encourages them and enables them to modify their
behaviour. It is also identified that the data should be collected in a non-intrusive manner
so that the AEM remains a usable device. Furthermore, to satisfy cost constraints, it
is established that the AEM must identify the energy use of individual appliances using
simple hardware to monitor the the total energy consumption of the home and complex

software to identify individual appliances within the total load.

It is also identified in Chapter 3 that the research in this thesis is only concerned with
the implications of the design criteria which relate to the mechanism by which individual
appliances may be tracked within the total load. Any implications which relate to the

presentation of feedback are not dealt with in this thesis.

Is there any existing state of the art?

The existing state of the art is discussed in Chapter 3. Two types of analysis are explored
from which other existing systems stem. These types of analysis include steady state
non-intrusive appliance load monitoring (NALM) and transient non-intrusive appliance
load monitoring, although this is considered in this work to be too sophisticated for the
domestic sector. NALM analysis monitors the total power consumption on the home
and, when a change in level occurs, a signature relating to that change is extracted from
the signals monitored. In the existing state of the art this signature contains 2 features —
the real and reactive power of the observed change, which should correspond to the real
and reactive power of some appliance in the home. There are, however, limitations to
the NALM analysis and these are mainly due to errors in identifying appliances caused
by a lack of information extracted when a step change in power is observed. Therefore,
a scheme is proposed for the AEM which attempts to overcome the limitations of the

NALM analysis by extracting a more informative signature when a step change in power



is observed.

What information is used to form the appliance signature?

The information which contributes to the appliance signature is deduced in Chapter 4
by considering the current drawn by an appliance when it is in use, as well as accounting
for the ways in which appliances are used. It is identified that one possible set of features
may be extracted from the current drawn by an appliance. When a voltage is applied to a
set of electrical components a current will be drawn which is indicative of that particular
combination of components. Therefore, features which are extracted from the current
signal are representative of the particular electrical construction of an appliance. Further
features are identified by considering the ON-OFF state diagrams of appliances. These
features relate to the Finite State Machine (FSM) model of appliances. For some appli-
ances, e.g. a kettle, there may just be ON and OFF states, however, other appliances,
e.g. a washing machine, may have a number of states which are cycled through when
the appliance is in use. Finally, a feature which depicts the influence of the time of day
on the use of an appliance is identified. Therefore, it is shown in Chapter 4 that the ap-
pliance signature is comprised of three different sets of features, or feature domains: the
short term time domain features, the FSM domain features and the time of day domain

features.

How does the AEM use the appliance signature in a classification framework
to identify appliances in the total load?

The mechanism by which the appliance signature is used to identify the appliance from
which it is drawn is developed in Chapter 4. The appliance signature is comprised
of three different types of features which must therefore be considered separately. By
considering the type of information present in the features and identifying the desired
framework capabilities, a novel classification framework is proposed. This framework
analyses each feature domain separately and the analysis results in the generation of

a set of membership values. These values represent the degree to which the features



belong to each of the appliances which the AEM has been taught to identify. Once these
membership values have been generated, it is identified that they should be combined
in a weighted geometric combination to produce a final membership value to enable

classification.

The analysis developed in this chapter poses 2 further questions. The first relates to the
mechanism by which the memberships are generated and the second to the mechanism
by which the features are extracted from the data. It is also established at this point
that the remainder of the work in this thesis focuses only on the development of the short

term time domain features and corresponding memberships.

How are memberships generated for the short term time domain features?

The mechanism by which memberships are generated for the short term time domain
features is explored in Chapter 5. It is identified that the work in this thesis focuses only
on development of a membership generation algorithm in the scenario that the AEM may
be trained to know the set of appliances which it must later identify from the features
generated. Therefore, the membership generation is broken down into two regimes, the

training phase and the working phase.

By considering the data available and the desired properties of the membership function,
a set of criteria is developed. These criteria are used to guide and assess mechanisms
which enable the AEM to evaluate appliance prototypes' and subsequently to generate

membership values for feature vectors extracted during the working phase.

By considering the possible multi-modal operation of appliances, a novel algorithm is
proposed for use in the training phase. This algorithm determines the number of modes
of operation of the appliance before determining prototypes for each identified mode. To
satisfy the criteria it is proposed that the prototypes consist of the appliance label, a

typical feature vector, and a measure of the spread of data.

L Appliance prototypes are a set of parameters which fully represent the set of possible features
generated by an appliance when in use, using as little information as possible.

10



A novel algorithm is also proposed for the generation of membership values for feature
vectors not used in the training phase. It is shown that these memberships are based on
both the proximity and relative proximity of the feature vector to each of the existing
cluster prototypes which enables memberships to represent the typicality of a data point
in the clusters whilst also taking into account the mutual exclusivity of the occurrence
(i.e. only one appliance is assumed to change state between subsequent observations of

the system).

How are the short term time domain features extracted from the data?

Chapter 6 explores the mechanism by which features are extracted from the data. It is
determined that the features, x, must be compatible with the method of membership
generation developed in Chapter 5. It is also identified that the selected features should
separate different appliances within the identified feature space? and to allow vectors
from the same appliance to occupy a compact and disjointed region within the space.
This enables the membership generation algorithm to generate meaningful results which
may later be used to identify appliances from their feature vectors. Consideration of
the signals which are monitored leads to the proposition of a set of criteria to which the
identified feature set must adhere. Guided by these criteria, a novel method of feature
extraction is proposed whereby the features are based on a model of an appliance’s
electrical interface. The electrical interface is defined as the set of electrical components
which constitute the front end of an electrical appliance, i.e. those which are ‘seen’ by
the supply. For example, fan heaters or hairdryers may be modelled as a single resistive
component connected in series or parallel with an inductor between the live and neutral
of the supply®. Features extracted in this way are shown to satisfy all the feature set

criteria.

2Feature space is a d-dimensional space, where d corresponds to the number of features, so that
feature vectors are represented as data points within that space.
3For diagrams of the electrical interfaces modelled in this thesis refer to Figure 6.21 in Chapter 6.
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How are the individual objectives met to enable the development of tech-
niques which will aid users to reduce their domestic energy consumption?

Chapter 7 uses the proposed methods of feature extraction and membership generation
for the short term time domain features in a real world example in order to demonstrate
the classification ability of the developed analysis. A kettle, a fan heater, a soldering
iron and a hairdryer are selected for use. The voltage and current of each appliance are
monitored and used to generate 2 data sets. The first is used to generate prototypes
for each appliance considered and the second data set is used along with the appliance
prototypes to generate membership values for each feature vector x which represent the
degree to which is belongs to each of the known prototypes. These membership values
allow appliance identification based on the short term data alone and, although it is
beyond the scope of this report, it is proposed that they are then used in the classifica-
tion framework identified in Chapter 4. This enables a more robust classification which
includes FSM and time of day features. The identification of appliance state transitions
allows the energy use of individual appliances to be tracked and this information can
then be provided to homeowners in order to aid them to reduce their domestic energy

consumption.

1.5 Novelty value of the work

The opportunity is taken here to highlight the novelty introduced by the work presented

in this thesis. There are four main aspects which are discussed briefly in this section.

The first novel aspect of the work produced in this thesis is in the development of the
classification framework in Chapter 4. The framework enables each feature domain to
be analysed separately to produce a set of membership values whereby each membership
represents the degree to which the corresponding feature set belongs to a particular

appliance. These memberships are then combined in such a way that allows each feature

12



set to strengthen the reliability of the classification whilst letting more rigorous features

play a stronger role in the final result.

The second novelty is in the mechanism by which the AEM is trained to know a set
of appliances in the home. Standard techniques are combined in an innovative way in
order to determine appliance prototypes from a set of labelled training data in which the

number of modes of operation is unknown.

The third novelty is in the mechanism by which memberships are generated to represent
the level to which a feature vector belongs to each of the appliances to which the AEM
has been trained. This membership enables the degree of belongingness to depend not
only on typicality of that feature vector to the known appliance groups, but also to be
influenced by the assumption that the feature vector must have been generated by a

single appliance.

The final novel aspect developed in this research is in the method by which the short
term time domain features are extracted from the data. These features are dependent on
the electrical interface of the appliance, which is deduced by observing particular aspects
of the current drawn by that appliance when in use. This enables the features for each
mode of operation of each appliance to be represented by a set of parameters which,
when plotted for a large amount of training data within the selected feature space, form

compact and disjointed clusters.

An initial IP search has been performed to identify any similar work in this area. The
search did not discover any work which is similar with regards to the specific techniques
developed in this thesis for identifying individual appliance energy consumption. A patent
application was made early on in the development of the work and was later dropped
due to its similarity to existing state of the art. However, this apparent similarity was
caused by a lack of detail in the original application and the option to re-apply with a

more detailed description of the work is currently under consideration.
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Chapter 2

Behaviour Modification to Reduce
Consumption

This chapter aims to identify the mechanisms by which individuals may be provided with
both the motivation to change their behaviour patterns and the means by which they

may reduce their domestic energy consumption.

The amount and type of motivation an individual possesses for a particular task will
influence the effort to which they undertake that task and the persistence with which
they carry it out. Section 2.1 considers the factors which cultivate an intrinsic motivation
(whereby the individual is motivated by factors inherent to the task in itself), since this

type of motivation results in increased effort and greater persistence.

Section 2.2 explores 7 studies that investigate the ability of individuals to reduce their
domestic energy consumption in order to examine the influence of various factors. These
factors include the links between feedback about energy consumption and knowledge
base about how appliances in the home use energy, the links between levels of user
interaction with feedback mechanisms including the ability of users to set themselves
goals, the time intervals at which feedback is provided to the user and the quality of the
feedback provided. This allows the theories relating to motivation, effort, persistence and

knowledge to be considered in the context of the domestic environment.

By considering the implications of the different studies with reference to motivational
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theory, a set of criteria are developed in Section 2.3. These criteria relate to the type,
frequency and presentation of information that should be given to individuals in order to
most effectively encourage and enable them to reduce their domestic energy consumption.

This forms the basis for the design of the AEM.

2.1 Influences on motivation

In order to enable an understanding of the factors which influence an individual’s motiva-
tion to reduce energy in the domestic environment, this section introduces the concept of
motivation, including the different types of motivation a person might possess for a task
and the consequences in task performance. Having established the type of motivation
which results in increased effort and persistence towards a task, the factors which culti-
vate this type of motivation are examined. This allows a set of conditions to be proposed
which attempt to facilitate an environment to enhance an individuals motivation and

subsequent task performance.

Motivation can be split into two broad categories, intrinsic motivation and extrinsic mo-
tivation [11]. Intrinsic motivation is a type of motivation which is due to the task in itself,
whereas extrinsic motivation is caused by a separate outcome of the task. Intrinsically
motivated people tend to have more interest and excitement for the task compared to
those who exhibit extrinsic motivation which is externally controlled and this intrinsic

motivation results in better task performance, persistence and creativity [12].

Extrinsic motivation, although dependent on some external outcome, varies along a scale
of how internalised that behaviour has become. Figure 2.1 presents the different types

of motivation and the associated perceived locus of causality! and regulatory processes.

External regulation of extrinsic motivation is a motivation which is brought on by some

!The locus of causality [13] is an individuals perceptions as to the cause of their performance in a
task. This may be internal, whereby is it due to factors inherent to the individual performing the task,
or external, whereby it is due to some influence over which the individual has no control.
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Extrinsic Motivation Intrinsic Motivation

External Introjected Identified Integrated Intrinsic
Regulation Regulation Regulation Regulation Regulation

Increasingly internalised regulatory process
Increasingly internalised perceived locus of causality

Figure 2.1: Types of motivations, regulatory styles and loci of causality. Information
taken from [12]

external system of punishment or reward. The motivation for the particular task comes
either from the reward to be achieved by carrying out the task, or in order to avoid some
punishment for non-participation. Slightly further along the scale towards internalisa-
tion is introjected regulation of extrinsic motivation. This type of motivation induces
behaviour which is undertaken in order to achieve some internal reward or avoid an inter-
nal punishment (for example, guilt or anxiety). Further along the scale still is identified
regulation of extrinsic motivation. In this case the individual identifies with the particu-
lar values of the task and undertakes the behaviour due to its personal importance. The
most internalised form of extrinsic motivation is integrated regulation whereby the indi-
vidual evaluates the regulations and brings them on-board with their other values and
needs. This type of motivation is very similar to that of intrinsic motivation, however,
the difference is due to the reasons for which the behaviour is undertaken. In extrinsic
motivation the behavior is undertaken in order to attain the outcome of the task (even
though the individual has taken on board the values and meanings of the task as their

own) rather than for the essential enjoyment of the task in itself.

Increasing internalisation of motivation leads to increased persistence of the task, an
increased engagement with the task and more positive self-perceptions, with intrinsic
motivation at the top of this scale [11]. Therefore, in order to achieve better results in
the task of reducing energy consumption in the home, an intrinsic motivation and an

interest in the actual undertaking of the task should be cultivated.
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Whilst intrinsic motivation will only occur for a task which holds intrinsic interest for
that individual, including an appeal of novelty, challenge or aesthetic value, certain en-
vironments can be cultivated in order to facilitate this type of motivation rather than
undermine it. Feelings of competence can enhance intrinsic motivation but only when
accompanied by an internally perceived locus of causality, whilst external rewards will

diminish this motivation if viewed as an external controller of behaviour [11].

Internalisation of extrinsic motivation can also be facilitated in certain environments. Ex-
trinsically motivated behaviour is normally undertaken when the behaviour is prompted
or valued by a significant other. The perceived levels of competence are an important
factor as an individual is more likely to adopt activities that are valued by others if they
view themselves as being competent at them. In order for this extrinsically motivated
behaviour to become internalised the individual must perceive a level of autonomy in
carrying out the task and its meaning must be understood and taken on board as their

own [12].

Perceived competence and self-efficacy? in the activity has an important influence on
the subsequent motivation levels and performance [15]. Hence, in order to improve task
motivation and subsequent performance, an individual’s perception of their competence

and self-efficacy in undertaking that particular task must be raised.

An individual’s perception of their own performance based on previous experiences will
affect the beliefs they hold about the current task. This is also affected by certain social
influences specific to the task. These task specific beliefs are related to the individuals
perceived ability to perform the task, the difficulty level of the task and the specific goals
that the task holds. These task specific beliefs in turn affect the individual’s belief about
the expected task outcome and the amount to which they value that task. The perceived

outcomes will influence the choices the individual takes in terms of performance, effort

2Feelings of competence and perceived self-efficacy are judgments of how well a person views them-self
of being able to execute courses of action to deal with prospective situations [14].
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and persistence applied to the task. This is illustrated in Figure 2.2.

HE ; Task Specific
lnd“,"duals . Beliefs . Achievement choices
perception of their Expectancies Betioimarcs
own experience = Ability > V:E:e . » Effort
Soctal infusncss Perceived Difficulty Persistance
Goals

Figure 2.2: Specific beliefs affecting the way in which a task is performed [15]

Therefore, in order to improve an individual’s performance, effort and persistence in a
specific task, their perceived self-efficacy levels must be heightened, since an increase in
perceived self-efficacy leads to increased coping efforts. These expectations of personal
efficacy can be affected by 4 factors. Previously attained successes will heighten perceived
self-efficacy whilst repeated failures will reduce it, especially if these failures appear early
on [14]. These performance accomplishments based on personal experiences are the most
influential of the 4 factors which can affect the expectations of personal efficacy. The
other 3 include observation of the success of others, verbal persuasion and states of

psychological arousal including anxiety and stress [16].

External incentives may also increase personal efficacy. Whilst they have been seen
to diminish motivation for those people intrinsically motivated for a task [11], positive
incentives can verify existing competencies when they are received for attaining successes
in desired outcomes through challenging performances. These authentications of self-

efficacy may subsequently promote further interest in the task [14].

Performance accomplishments and external incentives may well increase motivation for a
subsequent task, but they cannot induce motivations for the current task in a backward
propagation. Instead, visualisations and representations of these future events allow likely
outcomes to be anticipated and goals to be set in order to affect the desired outcome of

the future event [17].

Goal setting and intermediate goal setting is a way in which self incentives can be set

and task performance can be improved [14]. Feedback allows the individual to observe
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whether their levels of actions match their expected outcomes, which in turn enables
them to take appropriate action to achieve the desired standard. Once this standard has
been reached the goals need to be re-adjusted in order that the effort does not diminish

17].

Individuals tend to be influenced more by perceived successes than actual successes [14],
so it is important to ensure that the efforts are noticeable when presented in feedback.
This is particularly important in this application as the individual may feel that they
are unable, as a single person, to have an effect on climate change, although within a
certain community the effects may be noticeable. In order for the collective efficacy of a
group to increase, the individuals must believe that they have an ability to influence the
outcome and to sustain this collective efficacy the efforts of the group must be noticed

without long delays [14].

Therefore, in order to improve task performance, effort and persistence, the task should
be made challenging, novel and interesting so that an intrinsic motivation is cultivated for
that task. Perceived task ability will also affect the levels of motivation for the task and
this can be improved through well presented feedback relating to task performance. The
feedback given should be done so in a timely manner so that individuals can see the results
of their efforts and the way in which the feedback is communicated should be positive
and show the overall impact that they are making through their actions. There should
be a method of allowing individuals to set themselves goals and targets for reaching their
objectives and opportunities to revise them once initial standards have been met. This
self regulated feedback is an important factor in task performance and Section 2.2 will
continue to explore how this may be implemented in the home environment to improve

performance in the task of reducing domestic energy consumption.
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2.2 Feedback in the domestic environment

As outlined in the previous section, feedback can be a useful tool in aiding homeowners
to reduce their energy consumption, but only if presented to them in a useful and timely
manner. This section will explore seven studies which investigate various mechanisms of
feedback, including the tools used and information provided, in order to determine their

effectiveness.

Section 2.2.1 considers the dual influence of feedback and information. The feedback is
the data presented to the user about their own energy consumption and the information
is data relating to tips and hints on how to conserve energy. Section 2.2.2 considers
interaction between the user and the feedback system in order to explore influences
on task enjoyment and consequently effort and persistence. Section 2.2.3 considers the
time lapse between actions and feedback. It shows that timing of information plays an
important role not only in allowing the user to interpret the feedback, but also allows
them to see the consequences of their actions. Finally, Section 2.2.4 considers the quality
of the feedback presented and the effect of this on the ability of the user to reduce their

energy consumption.

2.2.1 Mutual supportiveness of feedback and information

In order for a behaviour change to be adopted, both information and feedback need to
be present, since regardless of the way in which feedback is provided, if a person has
no understanding of how to make a change, their willingness to do so will not become
realised. A London study set out to identify links between the amount of understanding
a person possesses about energy use in the home, their energy literacy and the levels
of energy conservation behaviour undertaken in the home [18]. This study reports that
the differentiating factor between those individuals who do make attempts to conserve

energy and those who do nothing is related to their knowledge about energy saving
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techniques and their beliefs about the effect of these savings and how much they are
actually contributing. Hence, to encourage non-savers to reduce their energy usage and
put in place more conservative actions, these incorrect beliefs must be challenged and
the individuals must also be presented with some knowledge on how to conserve in

combination with incentives encouraging them to adopt conservative actions.

These ideas linking energy literacy to conservation behaviour were put to test in a trial
consisting of 160 London homes all of which had gas fired heating. The 160 homes were
split into four groups consisting of a control group and three experimental groups. One
of the experimental groups were provided with daily feedback, another was provided with
a leaflet containing energy saving information and the third was provided with both the
daily feedback and the information. The daily feedback consisted of a chart on which the
participants had to record their daily energy use by looking at their energy meters. The
trial lasted for 6 weeks though the energy use statistics were recorded over the following
12 weeks in order to study the longer term effects of the trial. Interviews were conducted
following the trial to establish what conservation measures were undertaken and the effect

of the trial on energy conservation beliefs of individuals.

The results of the trial compared the increase of weekly energy use in weeks 1-3 (i.e.
during the first half of the trial) to that in weeks 7-18 (the 12 weeks following the
experimental period). These are illustrated in Table 2.1 for gas and electricity (data
taken from [18]). The most prominent observation is that for all the groups, both the
electricity consumption and the gas consumption increased over the time period of the
experiment. This is because the experimental period began at the start of November and
the decrease in temperature over the winter months (and other conditions which affected
all the households) is reflected by the increase in energy use. The data relating to the
increase in energy consumption of the no feedback or information group is therefore used

as the baseline for comparison.
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‘ Gas Electricity
Feedback No Feedback | Feedback No Feedback
Information +24% +32% +3% +5%
No Information | +41% +46% +15% +12%

Table 2.1: Increase in gas and electricity use from weeks 1-3 to weeks 7-18.

It can be seen from the results that those in the feedback plus information group saved the
most in both gas and electricity consumption suggesting a mutual supportiveness of the
two strategies. The feedback generated an initial interest in the subject, the information
provided the means for the individual to change their behaviour and further feedback
allowed the results of behavioural changes to be observed and pro-conservation beliefs to
be strengthened. There are also suggestions from the trial that those in the feedback and
information group and those in the information only group may have undergone longer
term changes in behaviour. This is because the increase in energy used by these groups
when compared to the control indicates savings made in the post-experimental period,

suggesting some longer term effects after the short 6 week experimental period.

From the interviews conducted after the experimental period, it was established that
savings were made by homeowners turning down central heating, reducing the time it
was on for and trying to use less hot water. It was concluded that the savings made were
because of more pro-conservation beliefs and increased knowledge about conservation in
parallel with the ability to see results of conservation measures undertaken. This ability
to see the results of energy saving endeavours is a very important factor when encouraging

individuals to modify their behaviour and attempt to reduce their consumption.

It can also be seen from the results that those in the feedback only group made no sig-
nificant savings, suggesting that the results from the feedback were difficult to interpret.
From the interviews it was also established that the members of this group had little abil-
ity to understand where the energy was being used in their home and they had further
problems in observing how changes in usage affected the overall consumption. It was also

suggested that the method in which the feedback was collected became a burden. The
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disengaging nature of the feedback method may have prevented the users from spending
time trying to understand the feedback they obtained. From information presented in
Section 2.1 it is postulated that for an effective behaviour change to occur, users should
become interested in the particular task they are undertaking by making it challenging,
enjoyable and novel. Perhaps the disengaging method of collecting feedback, combined
with the lack of understanding between actions undertaken and energy saved, prevented

individuals in the feedback only group from reducing their energy consumption.

Therefore, any mechanism designed to enable individuals to reduce their energy con-
sumption should be made enjoyable by removing the burden associated with collecting
the data. It should also ensure that the links between energy saving endeavors and the

effects of endeavors undertaken are clear to the user.

2.2.2 The importance of self regulation and user interaction

This section explores the ideas presented in Section 2.1 which link increased levels of

perceived self efficacy, competence and autonomy to a more effective task performance.

Goal setting within a task allows the homeowner to feel that their actions are internally
regulated and allows them to clearly see the effects of any actions they take (recalling
that performance accomplishments are the most influential factor on an individual’s
perceived self efficacy). A study in the Netherlands [19] set out to understand the effect
of goal setting and electronic daily feedback on the natural gas energy use of the involved

participants.

In total 325 homes participated in the experiment, split into 3 experimental groups and 3
control groups. The first experimental group was provided with an Indicator device. This
device displayed the daily temperature-corrected gas use in comparison to some standard
set by the user and was placed in a visible location. They also received conservation

information. The second experimental group received monthly external feedback about
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their gas use, along with conservation information. The third experimental group received
a self monitoring chart as well as conservation information. The first control group
received only conservation information. The second control group were unaware of their
participation and the third control group was comprised of those homes unwilling to

participate.

The results are presented in Table 2.2 which shows the percentage change in gas use in
the experimental and post-experimental periods from the baseline. The baseline gas use
is that observed during 1983, the experimental period is defined from February 1984 to

February 1985 and the post-experimental period is February 1985 to February 1986.

Condition Change from baseline during
experimental period post-experimental period
IND -12.3 -2.1
MEF -7.7 -3.2
SMO -5.1 -1.5
INF -4.3 +14
C2 -0.3 -2.2
C3 -0.2 -2.9

Table 2.2: Change in gas use from the baseline in the experimental (1984) and post-
experimental (1985) periods. Baseline is taken as the gas use in the pre-experimental
period 1983, in which there is no statistical difference between the groups. NOTE: IND
= indicator group, MEF = monthly external feedback, SMO = self monitoring, INF
= information only i.e. control group 1, C2 = control group 2, C3 = control group 3.
Results are taken from study conducted by J H Van Houwelingen et al. [19]

From the results it can be seen that for the 3 experimental groups and the information
only control group, a significant reduction in gas use is observed during the experimental
period, with no significant savings made by control groups 2 and 3. This indicates the
effectiveness of conservation strategies which include goal setting, feedback about energy
consumption and conservation information. Furthermore, the energy conserved for the
indicator group is significantly larger than that conserved by either the MEF group or

the SMO group [19].

The ability of the goal setting and daily electronic feedback in enabling users to take

control of their actions and to clearly see how their actions affected their behaviour in
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comparison to a desired behaviour, resulted in effective conservation measures. The elec-
tronic feedback was more effective than the self monitoring charts, echoing the negativity
associated with acts which are considered a burden presented in the study [18] discussed

in Section 2.2.1.

It is also observed from Table 2.2 that there are no significant savings made by any of
the experimental groups in the post experimental period. The ability of the feedback in
enabling individuals to reduce their consumption by observing the effects of their actions
is not an effective conservation strategy once the feedback is removed. This may be
in part due to a lack of intrinsic interest in the task resulting in reduced actions when
there are no attainable results and may be in part due to the inability of individuals to
assess their energy consumption without any feedback information. This implies that
individuals need a constant reminder in order to conserve and the links between timely

feedback and conservation are explored further in Section 2.2.3.

The effectiveness of cultivating an intrinsic interest for an activity and thus increasing
an individual’s effort and persistence in a task is further explored in a study in Bath [20]
which investigated various methods of providing consumption feedback to homeowners.
This study consisted of 120 households split into 6 experimental groups plus a control
group. The study was conducted over a 9 month period during which the energy con-
sumption of each home was compared to weather corrected energy consumption data

from the previous year.

The feedback was provided in the following manner to the different experimental groups.
The first group received a comparison of their own energy use to their own previous usage,
the second had a comparison between their consumption and the consumption of other
homes, the third received feedback about energy consumption in financial terms, the
fourth in environmental terms and the fifth received feedback about their energy use as

well as a leaflet presentation about actions they could take to reduce their consumption.
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The sixth group had a computer installed in their home which included graphical displays
about their current energy consumption and their consumption in the previous year, a

questionnaire about general energy saving and a directory of energy saving advice.

Table 2.3 presents a comparison between the number of households reducing and increas-
ing their energy consumption. Values for the mean percentage increase/decrease along
with the standard deviation are also presented. A binomial test carried out in the study
suggested that only the group with the computers installed in their homes showed a

significant difference in the numbers of homes reducing their energy consumption.

A focus group carried out after the study suggested that despite concerns for environ-
mental issues, there was little desire to change behaviour with regard to lighting, heating,
cooking and washing. One of the main issues was money — conservation became a trade
off between cost and comfort. A further point discussed concerned the visibility of en-
ergy and the need for a constant reminder to conserve energy. Those in the computer
group had this constant reminder as the computer was set up in a visible location, whilst
those in the other groups only received monthly information. Those in the computer
group also had the ability to receive feedback on demand and to interact with the data
through the programs installed on the computer. This interaction made the task novel
and interesting and the immediacy of the feedback allowed the users to see clearly the

effect of any energy saving endeavors they made.

2.2.3 The importance of timely feedback

Because motivation is affected by perceived successes it is important to ensure that the
feedback provided enables the user to see the effects of their energy saving endeavors in
order that they do not become disheartened with their efforts. Therefore this section
explores the links between energy conservation measures undertaken and the ability the

see the results of these measures.

26



"[0g] woxy waxey eye( Apnjys oy ur Suryedoryred SOWOT S} UL 9SRIINOP PUR 9SBOIIUI ASIoud Jo uostreduwo)) ¢z o[qR],

JIOS SA J198,
SIOTIQO) SA J[OS,

6 L 0T 1 8 6 4l PoseaINop oym ON

8 9 ¢l 8 0T L € poseaul ogm ON

00°8T 09°€T  09¢€e  Or'¢rt  0€6T 098I 08°0¢ UOTIBIAOD PIBPURYS

%IV'V WV8V-  W8LL  %6E0- %0ST  %09F-  BIET- OSEo.OUT UBIT\
JUOWIUOTIAU ~ AQUON  [0IJU0D) PRI SA S ,0 A S I1mdwo)

sdnoin)

27



Currently the main method of feedback for energy consumers in the UK is their bill,
which is often received quarterly and generally provides just an averaged estimate. It
therefore provides little information about how the energy is being used and the timing
is such that the information provided is so long after the act that users are unable to
understand the link between their actions and their energy use. A study in Norway, [21],

set about looking at the potential of energy savings through a more informative energy

bill.

The study considers the impact on savings from frequency of billing, presentation of infor-
mation and comparative contexts. The experiment lasted 3 years and consisted of 1286
participating homes, split into 4 groups (including 1 control group and 3 experimental
groups). All 3 experimental groups were presented with more frequent bills. Experimen-
tal group 1 received feedback about their actual consumption, group 2 received graphical
feedback about their current consumption as compared to previous consumption and
group 3 received feedback about their current consumption compared to some standard,
as well as energy saving tips. It was found that at the end of the 3 years the experimental
groups averaged® a saving of 10% over the control group, up from the saving of 7.6% at

the end of the second year, showing a persistence of the effects induced.

These results suggest that the crucial factor in this particular study is the frequency
with which the bill is presented. The experimental groups reported that the actions
undertaken in order to conserve energy were mostly related to heating - the experimental
groups were more likely than the control group to turn down heaters when airing homes

and waited for lower outside temperatures to prompt heating use.

Figure 2.3 illustrates a typical bi-monthly energy bill compared to the standard. From
this new billing system (presented to all three experimental groups) the relationship

between increased heating (during the winter months) and the increased energy use is

3The average values are discussed as there was no statistical difference between the saving of the
different experimental groups.
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very obvious. However, the effects of other actions undertaken by the user on their total
energy consumption is not obvious from this bill. The time lapse between the feedback
and actions other than those relating to heating is too long to observe any effects of the
actions on energy consumption. Therefore more frequent billing is unlikely to help users
reduce consumption of energy other than that used for heating. As there are very limited
actions which can be undertaken to reduce the heating energy consumption, this may

explain why the three experimental groups all conserved the same amount of energy.
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Figure 2.3: Ability to distinguish seasonal variation in energy use with bimonthly billing
as opposed to average billing. Picture taken from [21].

The study also allowed the following relationship to be identified. The increased feedback
led to an increased awareness and /or knowledge about energy use which in turn prompted

changes in energy use behaviour and decreases in consumption.

The studies considered so far have all looked at total energy consumption. Two of these
studies ([18], [21]) have identified through focus groups that the main actions undertaken
in order to conserve energy are those relating to heating and hot water. This is due to the
lack of information available in the feedback which can be linked to other appliances in
the home. It is quite obvious from observing the total energy use what effect varying the
heating and hot water has on the total energy use as these either tend to be on a separate
system (many UK homes use gas for heating and hot water only) or the uses can be seen

clearly through the seasonal variations. The ability to identify the energy consumption
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of other appliances from the total energy observations is harder. The following section
therefore considers how the quality of information affects the ability of homeowners to

reduce their consumption.

2.2.4 The importance of feedback quality

A utility bill which presents the homeowner with only their overall energy use can be
likened to a shopping bill where the final amount is known, but where none of the
individual items are priced [22]. Consumers therefore find it hard to identify what actions
they can undertake in order to save energy and many are under the impression that
turning off lights would result in the same amount of energy savings as using less hot
water. When questioned as to their ideas about which appliances were the largest energy
consumers many homeowners identified the washing machine to be in the top three.
However, lighting, freezing and dishwashers are in fact the top energy consumers [10].
This lack of understanding of energy use results in the consumer having little idea as to

the effect of various energy savings actions they may take.

Furthermore, if only the total energy consumption is displayed to users, any energy
savings made with regard to a specific appliance may seem very small when considered
in the context of the entire energy bill and consumers may doubt their conservation
actions [22]. Therefore, so that individuals are provided with greater understanding
as to the energy consumption patterns of individual appliances and so that they may
observe the effects of any conservation actions undertaken with regards to a particular
appliance, it is desirable to provide them with feedback about the energy consumed by

each individual appliances.

Cooking is one domestic activity which has a large possibility for behaviour modification.
Up to 50% variation in electricity consumption has been observed between 6 chefs all

cooking the same meal [10] and therefore the following study investigates the behaviour
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modification possible when providing users with detailed information about how their

cooker consumes energy.

In a field study carried out to investigate the effect of providing consumers consumption
information about the electricity use of their cookers, a total of 44 households were split
into 4 groups. The first group of 12 (although 3 had to later be excluded from the
study as they were single households with non-typical cooking patterns) represented the
control. Group 2 was provided with a 17 page, A4 pack containing information about
the consumption patterns of electric cookers and tips on how to reduce the energy used
when cooking. Group 3 was provided with an electronic energy consumption indicator
(ECI). This indicator allowed consumers to investigate their energy use of specific events
as well as the consumption of the cooker during the day, the previous day, the current
week and the previous week. Group 4 was presented with both an energy consumption

indicator and an information pack.

The groups were monitored for 12 months. Summer use was taken as the baseline and
the electricity used by the control groups was was 11%, 9% and 22% higher in spring,
autumn and winter respectively. This allows for seasonal adjustment of the results. Table
2.4 shows the overall energy savings, compared to the control group, obtained from the

three experimental groups.

Group No of Homes Average Change % that saved Savings made
Info Pack 12 -3% 66% 6.4%
ECI 10 -15.2% 80% 20%
ECI and Info 8 ¢ -8.9% 75% 14%

*Two of the homes has to be dropped from this group. One was due to problems when transferring
data and the other due to a distinct lifestyle change during the experimental period which drastically
affected the results.

Table 2.4: Comparison of energy savings made in the experimental groups. The total
average consumption changes are listed for each group, along with the percentage of
homes in each group that saved and the savings made by this percentage. Data taken
from [10].

The ECI seems to be far more effective than the information pack in aiding consumers
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to reduce the energy consumption of a single activity. However, when questioned, the
members of the ECI group had less idea about energy saving practices that could be
undertaken than those in the information pack group. Those in group 4, information
plus ECI, also had very little knowledge about energy saving techniques when cooking,
suggesting that they paid far more attention to the ECI than the information booklet.
These findings suggest that substantial savings can be made simply by providing an

interaction between the user and the energy consumption of an individual appliance.

The ideas relating to energy savings through feedback about the energy consumption of
individual appliances is investigated on a larger scale in 2 studies carried out in Japan [23]
[24]. These studies investigated the impacts on energy consumption of putting energy
display systems into a number of homes consisting of a married couple with between one
and three children. The first study conducted in Kyoto in early 2000 consisted of installing
an information terminal in nine residential homes (though one was removed from the
results due to the presence of a photovoltaic system). The information terminal displayed
to the users both the total house energy consumption and the energy consumption of
individual appliances (given in terms of Japanese Yen in order for the participants to
understand the values) averaged over 30 minute periods. Users were able to see the daily
usage curve of the appliances, the daily changes over 10 days and a comparison to past
data. They were also provided with energy saving hints for the various appliances and
were asked (through buttons on the display) to select whether they would take the advice

given or not.

The second study was conducted in late 2002 and differed from the first only slightly.
The new energy measuring devices were installed in 10 homes and users were provided
with additional information relating to room temperature and city-gas consumption of
the home. There was also a control group of 9 homes involved in this study in order to
compare the energy savings made through changes to space heating (as this varies with

external temperature).
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The results of the trials were two fold. The first was to do with the interaction between
the user and the system. This was observed by monitoring the buttons pressed on the
display, which allowed the energy consumed by appliances and the users’ response to tips
to be investigated. The trials showed a very strong initial interest with large number
of user interactions. This interest decreased gradually as the trial continued. From the
second trial it was seen that those houses which exhibited a large initial interest in the
display continued during the experiment to keep their interest high. Those who were not
that interested initially decreased their interaction more considerably over the period of
the experiment. The most investigated usage was that concerned with the daily load

curves of individual appliances.

The second result was concerned with considering the actual decrease in power and energy
consumption of various appliances. Two time periods are defined as Period 1 and Period
2. In trial 1 these consist of 40 weekdays before and after installation of the display
respectively. In trial 2 it is reduced to 28 weekdays before and after the installation of

the display system.

The first trial showed that power consumption of the whole house reduced on average by
9% following installation of the monitoring device. Power consumption for heating the
living room dropped to 77% of the initial value and dropped to 84% for the other rooms.
A 12% reduction in power consumption of displayed appliances was observed, along with

a 5% reduction in the power consumed by non-displayed appliances.

The second trial showed that those homes with energy monitors reduced their average
power consumption by 5150Wh/day (17.8%) after installation whilst those without the
monitors only reduced by 891Wh/day (4.7%). Installation of the energy monitoring
device resulted in an average reduction rate of total energy consumption of 12%, with a
20% reduction in the energy consumption for space heating, one of the largest contributors

to the total energy consumption.
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From these trials it can be seen that the provision of detailed energy feedback including
the energy use of individual appliances allows the user to significantly reduce the energy
consumption of those appliances. It also increases their energy awareness and as such
they reduce the energy consumed by appliances which are not monitored (though by a
much smaller amount). The trials also showed that the users were interested in the daily
load curves of the appliances, as this may be where they can most clearly see how their
actions affect the energy consumed by the appliances. The conclusions from these trials
and from the others considered in Sections 2.2.1, 2.2.3 and 2.2.2 allow a set of criteria
to be established for the design of the AEM to ensure that the user is presented with

useful, timely and interactive feedback.
2.3 Design criteria

The AEM is a tool which aims to empower homeowners to reduce their domestic energy
consumption by providing them with feedback relating to their energy use. The content of
the feedback should enable users to understand their energy demands and consequently
see how they might reduce their consumption. It should also allow them to observe
the effects of any actions they undertake. The presentation of the feedback should be
in such a manner as to attempt to cultivate an intrinsic interest. Therefore Section
2.3.1 explores the implications of the results from the trials discussed in the previous
sections alongside a reference to motivational theory. Consideration of these implications
alongside a commercial constraint allows a set of design criteria for the AEM to be

established. These design criteria are presented in Section 2.3.2.
2.3.1 Implications of the studies

From these studies and the theory relating to behaviour change presented in section 2.1, it
can be seen that for individuals to effectively reduce their domestic energy consumption,

they must possess a motivation to modify their behaviour. They must also be presented
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with information relating to pro-conservation behaviour. Whilst feedback alone is not
enough to allow the user to understand what changes they need to make in order to
reduce their energy consumption, care must be taken not to overwhelm them with too

much information as in the ECI study presented in Section 2.2.4.

In order to cultivate an intrinsic interest for the task of reducing energy consumption
the feedback should be gathered and presented to the user in a such a way that it is not
considered a burden. This implies an automated system which captures the information
and a feedback system that is interesting, challenging and novel. It should also allow
the user to set themselves goals in order that they perceive the task to be internally
regulated. By allowing interaction between the user and the monitoring system further

interest in the task is cultivated and this results in more effective energy conservation.

The feedback should be on a timescale to allow the users to see the effects of any con-
servation actions they take for 2 reasons. The first is in order that they gain further
knowledge as to the energy saving consequences of various actions. The second is so that

they do not become disillusioned with their efforts.

Feedback provided on a bi-monthly basis is effective in aiding users to reduce their energy
consumption for space heating. However, in this time frame users cannot see the effect
of other energy saving endeavors and therefore feedback should be presented on a daily

basis as in the Japanese studies presented in Section 2.2.4.

The results of modifying behaviour with regards to heating is obvious when considering
the total energy bill as heating represents a large amount of the total home energy
usage. However, users have little knowledge about which appliances are the largest
electrical energy consumers and about the potential savings from various energy saving
actions. To observe these savings and to prevent users from becoming disheartened with
their endeavors they should be able to see the detailed energy consumption patterns of

individual appliances. This implies providing the user with daily disaggregated feedback.
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These implications are useful in the design of the AEM in order that individuals are
provided with feedback about their energy use in such a way that encourages as large a

reduction in consumption as possible.

2.3.2 Design of the AEM

For the purposes of this research the design of the AEM will focus only on the reduction
of electrical energy consumption. The reason for this is due to the relative simplicity
of the gas framework and complexity of the electricity framework within most homes.
The reduction of gas consumption does not required detailed feedback, as large savings
are possible from feedback about the total gas use as illustrated in the studies above,
[18] [21]. However, the reduction of electricity consumption is not so easy when only
the total electrical energy use statistics are provided* . This analysis will require a more
complex feedback system which is able to provide individuals with information about the
energy use of each appliance and therefore this thesis is concerned with electrical energy

consumption reduction.

On top of the ideas presented above in Section 2.3.1, the AEM should be usable. The
method of monitoring should be such that it is easy to install. The AEM should also
be relatively cheap so that it is an attractive option to the user. A one year payback
period is desirable, so assuming the system will save users on average between 10 and
20% of their electricity bill, the AEM should cost a total of no more than 20% of the
average UK electricity bill. In 2008 this was £405 for standard credit payments, £376
for direct debit payments and £424 for users with prepayment meters [25]. The average
electricity price for the same year was £0.1263 per kWh [25], so, if it is assumed that
users will save up to 20% of their electricity bill, this corresponds to an annual saving of

up to approximately 51kWh or 50kg of CO, [26].

4This is because the user is unable to determine the energy consumption of individual appliances and
is unable to determine or observe the energy saving endeavors of individual actions.
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The feedback presented to the user should allow the user to act on the information and
therefore the user must be able to understand how to subsequently reduce their energy
use. The feedback should also allow user interaction, perhaps via goal setting. This
allows them to perceive themselves as being in control of the task and helps cultivate an

intrinsic interest.

Finally, in order that the feedback allows the user to see the consequences of their energy
saving endeavors, the feedback should be instantaneous. It should also allow the user to

investigate individual appliance energy use.
To summarise:

1. The system should be easy to install as difficult measures, that are considered a
burden, disengage people from the task.

2. The system should be cost effective in order that it is an attractive option to the
user. The average UK energy bill is £383 and the target price is between 10% and
20% of this to allow a one year payback, therefore the AEM should be commercially
available for less than £70.

3. The information must be useful and allow the user to act on the information.

4. The user must perceive themselves to be in control of the task, their actions and
consequent results.

5. The user must be able to compare their current performance with a goal they have
set themselves based on their own previous consumption and average community
consumption.

6. The system must provide instantaneous feedback.

7. The system must allow the user to get accurate in-depth information about their

energy consumption (i.e. by appliance information).
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2.4 Chapter summary

In this chapter it is established that in order to reduce energy consumption in the home
changes need to be made towards the way in which energy is consumed. For homeowners
to take more pro-conservation energy behaviour on board they need to change the way in
which they perceive and consequently use energy. This behaviour modification requires

both motivation and knowledge.

In order that the changes are persistent and effective, the individual should possess
as near an intrinsic motivation for the task as possible, which can be accomplished
though useful, timely and interactive feedback about how energy is being consumed.
The feedback should allow the user to understand where they are using energy in their
home, along with tips on how to conserve in specific areas. It should also allow the user
to see the effects of all conservation measures they take. In an electricity framework, this
implies providing disaggregated feedback so that the user can see which appliances are
consuming electricity. In order that the system is usable, the AEM should be easy to

install and cost no more than £70.

The dual implications of a monitoring system which is cheap and easy to install, and
which can provide interactive and disaggregated feedback to individuals about their en-

ergy consumption forms the basis for the rest of this thesis.
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Chapter 3

Critical Analysis of Existing State of
the Art

The aim of this chapter is to identify the implications of the design criteria (proposed
in Section 2.3.2 at the end of Chapter 2) and to determine whether there is any existing

relevant state of the art.

Before the implications of the design criteria are discussed, Section 3.1 begins by providing
a short discussion about smart metering in the UK. Whilst the objective of this thesis to
develop a tool to aid consumers reduce their electrical energy consumption, it is noted
that there are further considerations in the broader context of smart metering. Section
3.1 outlines the general requirements of smart meters, the current drive to replace existing

meters with smart meters and the implications of this on the design of the AEM.

Having established the role of the AEM within the context of smart metering, a discussion
into the implications of the design criteria of the AEM is presented in Section 3.2. This
results in a proposed system designed to track individual appliance energy consumption
which monitors the total energy consumption of the home using simple hardware. Com-
plex software is then employed to identify individual appliances within the total load and

to subsequently track their energy consumption.

This thesis considers three possible mechanisms of extracting characteristic signatures

which may be used to identify which appliances are drawing power from the supply at
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any one time. These mechanisms, which are explored in detail in Section 3.3, include
probing the supply and analyzing the returned signature, tagging appliances so that they
generate a particular characteristic signature when they are turned on and monitoring
the current drawn by appliances when in use and identifying a signature from this signal.
By considering the consequences of each mechanism, it is decided to identify appliances in
a non-intrusive manner by identifying characteristic signatures observed in the electrical

current drawn by an appliance.

Having identified the mechanism by which the energy consumption of individual appli-
ances is tracked within the total load, Section 3.4 considers the current state of the art in
the context of the proposed system design. The discussion is constrained to two papers

which present work in the area of non-intrusive appliance load monitoring.

The limitations of the existing research is explored in Section 3.5. This enables the
proposition of a possible mechanism designed to overcome some of these limitations.

This mechanism forms the basis for the work in the following chapters.

3.1 Smart Metering in the UK

3.1.1 What are smart meters?

Smart meters are not universally defined but at their most basic they must contain
a measurement system with some amount of data storage (to monitor the electrical
energy consumed and store the data) and a communications link (to communicate the
information to another device). This communication link may be one way or two way.
A one way system only allows the energy information to be transferred from the meter
to some external data collection point allowing for remote accurate meter readings, but
a two way system allows for automated meter management with greater possibilities
including remote switching between credit and prepayment [8] and remote tariff-change

and time-of-day tariffs [27] which may aid in the reduction of the peak load demand.
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The key capabilities of a smart meter are therefore defined as [27]:

e The ability to measure the electrical energy consumption at defined time intervals.

The ability the record the electrical energy consumption at a ‘billing-level” accuracy.

A two way communications link.

The ability to store the time-interval electrical energy consumption data and trans-

fer information remotely to a data collection point.

The ability to store and display both the electrical energy consumption information

and the price tariff information.

3.1.2 Government expectations

In the 2007 White Paper on Energy [8] the government states that it intends to ‘roll
forward a package of measures in Great Britain which will change the way in which
energy use is communicated to customers’. The expectation is that, by 2017, all domestic
energy consumers will have smart meters with visual displays installed in their homes.
The government also states its belief that all interested customers should have access
to a real-time electricity display which enables them to observe their immediate energy
consumption. It is proposed that from May 2008 all homes in which electricity meters
are being replaced and all newly built homes should be provided, free of charge, with a
real time electricity display. Furthermore, until March 2010, any households requesting
a real time electricity display should be provided with one free of charge by their energy
supplier. These displays provide real time feedback about the energy consumption in the

home and the associated costs at a minimum performance requirement of 95% accuracy.

These statements made by the government tackle two key issues. The first is in the
installation of smart meters in UK homes which will provide a large range of benefits to

the supplier (as outlined in the following section). However, because the requirements of
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a smart meter do not have implications on the feedback of information to consumers, the
roll out of smart meters may not provide much potential for energy (and money) savings
to consumers. This is tackled by the requirement for a real time display, which has been

shown in the previous chapter to help individuals reduce their energy consumption.

3.1.3 What are the benefits of smart metering?

This section briefly outlines the potential benefits of smart metering for both the sup-
plier and the consumer. Supplier benefits were identified by considering smart metering
projects undertaken by other countries and following discussions with suppliers [27], [28].

These include:

e Reductions in meter reading costs due to communications links enabling automated

remote meter reading.

e Reductions in fraud, theft and debt - remote meter readings eliminate need for
estimated bills, better use of prepayment options, automated detections of meter

tampering.

e Improved cash flow - more frequent accurate meter readings result in reduced time

periods between electricity usage and accurate payments.

e Reductions in customer service costs - more accurate billing and hence reduced
billing query calls, reduced problems with pre-payment meters hence fewer call

outs.

e Increased ease of supplier switching with more accurate data transfer between com-

panies.

e Possibilities of time of day price tariff to help reduce peak demands which results

in lower costs to suppliers and better security of supply.

e Possibilities for users to switch remotely between credit and prepayment methods
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to help reduce costs.

e Possibilities for companies to better direct retail packages at individual users - e.g.

time of use tariffs; energy services, micro-generation, increased dual fuel offers.

Consumer benefits are more focused towards improved cost management schemes and

include [27]:

e More accurate bills. This has been shown to result in some amount of savings (in
both money and energy), particularly with regards to seasonal changes in use of

appliances (i.e. the increased use of heating and lighting in winter than summer).

e Better consumer information about energy consumption from a display in the home.
This has been shown to result in significant energy and cost reduction from more

efficient use of appliances.
e Improved ease of supplier switching and benefits of new offers from suppliers.

However, despite the potential benefits to both the supplier and consumer, and the
potential reduction in energy use and carbon dioxide emissions, there is not a clear
business case for widespread deployment of smart meters [27] and policy or regulatory
intervention is needed if the targets set out in the Energy White Paper are to be met.
The next steps must therefore be a full analysis into the possible smart meter deployment

options, with the government, Ofgem and the industry working hand in hand [28].

3.1.4 Possible technical options for smart meters

Recall that smart meters must electrically monitor and store electricity consumption
data (at a billing level accuracy) for defined time period durations. It must also have
a two way communications link to enable this information to be fed to both the sup-
plier and a feedback display within the consumers home and to allow automated meter

management. Figure 3.1, taken from a paper by Marvin, Chappells and Guy [29], il-
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lustrates the communications links which may be considered for smart meters, and the
environmental opportunity and smart applications systems which may subsequently be
harnessed. These environmental opportunities and smart applications are key in realizing
the potential benefits to both consumer and supplier which may be delivered from smart

metering.
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Figure 3.1: Illustration of the possible technology options for smart metering systems,
image taken from [29].

3.1.5 The role of the AEM in smart metering

Meeting the objectives set out in this thesis lies in the development of a device which will
enable individuals to reduce their domestic electricity consumption. It does not focus
on the other potential benefits which smart meters may deliver, though these should be
kept in mind as possible sideline opportunities of the AEM. Therefore, the AEM should
facilitate effective feedback of information to individuals, whilst retaining the potential

to provide this information to energy suppliers.
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The AEM shall be viewed as a smart application opportunity of smart metering in
lieu of Figure 3.1. The AEM shall monitor the electricity consumption (though it may
be possible that this data is read in from the actual smart meter), manipulate this
information and communicate some form of intelligent feedback to the consumer. This
feedback of information will add to the Information Provision environmental opportunity
of Figure 3.1. A more detailed outline of the design of the AEM is established by

considering the implications of the design criteria of Section 2.3.2.

3.2 Implications of the design criteria

This section considers the implications of the design criteria, established in Chapter 2, on
the mechanism by which the AEM monitors the domestic energy consumption in order

to provide useful feedback to individuals.

Design criteria 1 and 2 relate to the physical construction and installation of the AEM.
The AEM must be easy to install and cheap to manufacture (in order that it is commer-
cially available for less the £70) if it is to have an impact on the UK domestic market.
This places constraints on the construction of the AEM and on the data processing,

memory and communications specifications of the device.

Design criteria 3, 4 and 5 have implications on the method by which the information
(once collected and analysed) is presented to the user. For the information to be useful
it must allow the user to understand where they are using the energy in their homes.
From the studies carried out in Japan [23] [24] it is observed that the information used
the most frequently by participants relates to the energy consumption patterns over the
course of a day. This implies that the AEM must provide the capabilities of storing the
necessary information. This may require links to a PC if the standalone AEM device
is to cost less than £70 to the consumer. To allow the user to compare their energy

use to a community average, a link via the PC to some connected website is possible.
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The implications of these design criteria are important in enabling the structure of the
AEM to be considered, however, further consideration into these feedback mechanisms

are beyond the scope of this thesis.

Design criteria 6 states that the user must be able to get instant feedback about the
energy consumption in their home. This implies links between the monitoring system
and a display in a visible location which allows the user to instantaneously observe any
changes in their consumption patterns. Again, the method by which this information is

provided to the user is beyond the scope of this thesis.

Finally, design criteria 7 states that the user must be able to obtain in-depth information
about which appliances are drawing power from the supply at any one time. This implies
some method of tracking the state of every appliance in the home so that at any one

time it is known which combination of appliances are consuming energy.

There are two potential methods which enable the tracking of individual appliance energy

consumption.

1. Monitor each appliance individually using complex hardware. Use simple software

to collate these results and present to the user.

2. Monitor the total energy consumption using simple hardware. Use complex software
to identify individual appliances within the total load and having identified the

states of the appliances use this information to track their energy use.

If Method 1 is used to track the energy consumption of individual appliances the problem
of identifying which appliances are drawing energy from the supply at any one time be-
comes a very simple problem. However, this method implies the use of complex hardware
which is likely to violate design criteria 1 and 2. If each appliance is to be monitored indi-
vidually, a tracking device must be placed between the socket from which each appliance
draws energy and the actual appliance. Whilst this may be a simple problem for some

appliances, it is not so for built in appliances (such as ovens or electric showers), which
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tend to be the most energy consuming. Furthermore, if multiple monitoring devices are
required, which all have communication capabilities, it is unlikely that the total product
will be in the price bracket determined by design criteria 2. This method is therefore not

currently suitable for use in the domestic environment.

Method 2 proposes the use of a single monitoring device which measures the energy
consumption of the whole home. By ensuring that the proposed monitor is compatible
with standard UK electricity meters it is possible to design a system with hardware
which satisfies design criteria 1 and 2. The software implemented in the system must
enable individual appliances to be identified within the total load and therefore a complex

system of software is required.

Figure 3.2 illustrates the system design of the AEM under Method 2. Data relating to the
total energy use of the home is monitored at a single point. This may be data collection
part of a smart meter, if it is found that the required information for the AEM is identical
to that captured by smart metering. Otherwise, the data shall be collected at the user
side of the smart meter, before the branching of the supply into smaller circuits. Once
the data is captured is it stored. Again, if the two storage requirements are identical, it
may be that the storage part of the smart meter will form the storage solution, otherwise
a separate data storage unit will be needed. Once this information has been captured and
stored, the main body of the AEM processes this data. This is in order to establish the
energy consumed by individual appliances. Communications links between the various
parts of the system are indicated by arrows on the diagram. These communications links

may be any of those described by Figure 3.1.

Once the AEM has manipulated the information, it is sent to a real-time display, a PC
and to the energy supplier. The real-time display is one of the requirements set out
by the government in the Energy White Paper [8] and this will enable individuals to

see how much energy in total they are currently using, with comparison to other total
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energy use stats. The links to the PC allow the user to delve more deeply into the energy
consumption statistics - it is here that they will be able to interact with the data and
observe the energy consumed by individual appliances. There are further possible links
to an on-line community. This will not only allow the user to compare their energy
consumption with others in the area, but will also enable software upgrades for the
programs on the PC. Because the AEM main unit also has communications capabilities
it is possible that automated upgrades will be available for this part of the system.
Communications links to the energy supplier allow the supplier to see how particular
users are consuming energy, and it may enable them to offer various energy packages to
encourage peak demand reductions. However, before online or supplier communication
links are solidified, it is important to evaluate data security and privacy issues.

Accessible
Timely information

Display
Immediate feedback
of energy
East to install consumption data
Cheap to consumer Interactive to capture interest ~ Share data about appliances
Usable (1 measurement point ) Iy Graphs and displays Share general usage data
Useful information Online comparison to others
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AEM main unit PC Website
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Figure 3.2: System design overview for the AEM.

The research presented in this thesis is concerned with the monitoring point, data storage,
AEM main unit and the mechanisms by which individual appliance usage can be tracked
using the proposed hardware. The aspects of the system beyond this point are not

considered further in this research. In order to identify methods for tracking individual
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appliance usage, the domestic environment is first modelled. This provides an insight

into the plethora of available information.

3.3 The domestic model

The monitoring point tracks the total load, which, for the domestic environment, can
be likened to a set of appliances connected to the supply (between the live and neutral

lines) in parallel, as illustrated in Figure 3.3.

LIVE

AC
230V @

Tumble

Cooker Dryer

NEUTRAL

Figure 3.3: Hlustration of the connection of various loads within the domestic system.

When an appliance is switched off, the switch between the supply and the appliance is
opened and it appears disconnected. However, when an appliance is on, the switch is

closed and characteristics inherent to that appliance may be investigated.
This thesis considers three possible mechanisms for investigation:

1. Electrically probing the appliance with some input signal and analysing the re-

turned output.

2. Tagging appliances with some external device which is connected in such a way

that it emits a particular signal when the corresponding appliance is switched on.

3. Observing the current and power drawn by the appliance when it is in use. These

signals are individual to the particular electrical construction of the appliance.
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The following sections consider each of these mechanisms in greater detail and explore

their implications with reference to the key design criteria.
3.3.1 Electrical probing

When a signal is applied to an electrical appliance it reacts in a way determined by the

components which constitute its electrical interface.

Three common linear electronic components include resistors, inductors and capacitors,
denoted R, L and C respectively. These are included in the construction of a large number
of electrical items and therefore the mechanism of electrical probing may be explored by
considering the different outputs which may be observed by electrically probing these
simple components. Under a 50Hz voltage source, v = Vj sin (wt), the current drawn by
the three components will be i = %2 sin (wt), i, = 2 cos (wt) and ic = —VowC cos (wt)
for the resistor, inductor and capacitor respectively, where w is the fundamental frequency
of the voltage. However, if the voltage source injected contains some component of
the 3rd harmonic, so that v = Vjsin (wt) + Vs sin (3wt), the current now drawn by the
resistor, inductor and capacitor will be ir = % sin (wt) + 2 sin (3wt), iy, = 22 cos (wt) +

22 cos (3wt) and ic = —VowC cos (wt) — 3V3wC cos (3wt) respectively.

Therefore, features which are indicative of the components contained in an appliance’s
electrical interface may be deduced by probing the appliance with some constructed signal
(for example amplified harmonics of the voltage signal or transient pulses) and observing

the changes in the current drawn by the appliance [30].

This method of analysis allows the system to be interrogated at times determined by the
user and makes no constraints as to the number of appliances which may have changed
state between two inspections of the system load. It simply considers the appliances

which are in use at any one time.

However, a system which attempts to monitor the actual state of all the appliances
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in the home suffers from a complexity problem. If the system contains N appliances,
which exhibit only ON/OFF behaviour, there is 2V possible combinations of appliances
to consider. For a home with 20 appliances! this results in 1,048,576 combinations
of appliances. This requires large computational power which is not available in the
proposed system and therefore a system which monitors the changes occurring in the

system would do better.

There are further problems which relate to interference and power quality [30] which
discourage utility companies from backing this form of appliance interrogation. For these

reasons this mechanism is not explored further in this thesis.

3.3.2 Tagging appliances to generate features

It is possible to tag appliances with radio frequency (RF) devices which emit a particular
RF signal when the appliance is in use [31]. This signal is carried over the power lines to
a read-write device (RWD) which identifies the appliance from the features of the signal

received.

The tag is attached to each individual appliance. This requires an intrusive approach,
although this only needs happen one time unless the appliance or tag needs to be replaced
or repaired. In the case of portable appliances the tag is attached to the power cord to
enable identification even if the appliance is moved. Once the tag is installed it emits a

signal over the power lines whenever the appliance is in use.

This approach allows easy identification of appliances if each tag is individual and even
allows two identical appliances to be identified as separate appliances. However, this

method of appliance identification currently invalidates design criteria 1 and 2.

The proposed system is no longer easy to install as tags need to be added to each

appliance in the home. Furthermore, to prevent interference on neighboring electricity

120 is selected for this example as it represent the typical scale of magnitude for the number of
appliances in the home.

51



supplies, filters must be added to the system. The system now comprises a number of
pieces of hardware (the tags, filters and monitoring devices) which are unlikely to satisfy
the cost constraints. For these reasons this method of generating features is not explored
further in this thesis, however, it is acknowledged that at some point in the future smart
appliances may well be produced with integrated tags, removing all problems discussed

here.

3.3.3 Extracting features from the current

Each appliance draws current from the power supply in a way which is governed by its
electrical interface. The observed current is therefore a signature which is indicative of
the appliance’s electrical interface and consequently of the underlying appliance. A set
of three current signals are show in Figure 3.4. The method by which this data, and
in-fact all the data used in this research, was captured is detailed in Appendix A. From
Figure 3.4 it can been seen that a large variation in current may be observed, even for
two appliances which are similar by end use. It can be seen that the current drawn
by TV1 is largely resistive whilst that drawn by TV2 is non-linear and perhaps caused
by some kind of switching behaviour. The current drawn by the CD player is different
again, exhibiting positive peaks at 90° and 180°, and negative peaks at 270° and 360°.
This illustrates the plethora of information available in the current drawn by individual

appliances when in use.

By extracting features from the current observed when an appliance is in use, appli-
ances with different currents are represented by different parameters. From Figure 3.4
it can be seen that there is a plethora of information which can be extracted by consid-
ering the shape of the current and all this information is available for use in aiding the
differentiation between various appliances. The features should be chosen so that dif-
ferent appliances have parameters which clearly distinguish them from other appliances

(Chapter 6 explores the type of available information in much greater depth).
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Comparison of the current curves of a CD player and 2 TVs
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Figure 3.4: Comparison of the current drawn from different appliances. llustrated here
is a CD player and 2 TVs illustrating that even appliances which can be classed with
the same name (i.e. TV) may have very different features depending on their electronic
construction.

Unlike the previous two mechanisms of identifying feature sets, this method is non-
intrusive and does not require the use, or complex installation, of any expensive hardware.
Therefore, it is possible to implement this type of analysis without invalidating the design

criteria.

The difficulty of this method lies in identifying individual appliances within the total
load. This can be demonstrated using the following simple example. Consider the sce-
nario that the features identified from the signals monitored correspond to the power
consumption of appliances and that the home contains 5 appliances with the following
power consumptions: 100W, 200W, 300W and 401W and 500W. If the observed total
power consumption of the home reads 500W, then it is possible that either the 200W
and 300W appliance are switched on, or the 500W appliance is on. Furthermore, if
the reading suddenly changes to 501W, it would now appear that the 100W and 401W

appliance are on, despite the unlikely ability of all 3 or 4 appliances to switch on/off
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simultaneously. It is more likely that there is just some variation within the reading due
to noise, measurement, errors or voltage variation (the voltage in the UK is set at 230 V

+10% -6% [32]).

This example demonstrates two problems with the proposed analysis. The first is its
inability to consider multiple loads if the feature set does not provide enough information.
This is also worsened by the fact the number of appliances in the home is more likely to
be in the region of 20 , resulting in a possible 1,048,576 combinations of appliances which
may be on or off. The second problem is due to the variation within the features emitted
by a single appliance. The system must be able to ignore small changes which occur and

are likely to be caused by noise, the variation in voltage or errors in measurements.

Both problems may be overcome by considering changes in the feature sets observed,
which correspond to the parameters of an individual appliance, rather than the feature

sets in themselves.

3.3.4 Identifying appliance state changes

This section considers the mechanism by which the current drawn by an individual ap-
pliance is isolated from the total current drawn by the home in order that features may

then be extracted from this isolated current.

When an appliance switches on or off (or changes between states if it has more than one
mode of operation) a change in the power signal will be observed. In most cases this will
correspond to a step change in the power as seen in Figure 3.5. By comparing the current
waveform before and after the occurrence of the step change, the difference is isolated and

it is this difference which represents the current consumption of the individual appliance.

However, the observation of a step change must be considered with reference to other
surrounding transitions in order to avoid misrepresentation of the change in current

observed. This is because the step change in power may occur in two, rather than one

54



transition, which can be seen by observing the data points in Figure 3.5. The first step
change in power is from OW to 1120W and the second from 1120W to 2250W. As seen
in the graph, 2250W is the working power of the appliance. The reason that the step
change in power occurs in two transition is because the appliance is switched on mid

voltage cycle, as illustrated in Figure 3.6.

Power Consumption of a Kettle
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Figure 3.5: A plot of the observed power being drawn by the kettle before and after the
kettle is switched on. Each data point corresponds to the power of an individual current
and voltage cycle.

It is also possible that the power may rise above the steady state value before settling
back down due to some transient behaviour. For instance, this will occur during switch
on if there is a large capacitor in an AC-DC power supply. A capacitor draws current
according to the equation i = C%. Therefore, if the voltage seen across the capacitor
at switch on is larger than that already stored on the capacitor, the value for % will

be large and consequently there will be a current surge whilst the capacitor charges up.

This will cause a transient peak in the power for typically one cycle.

The current of the individual appliance is calculated by taking the difference in current

waveforms before and after the state change is observed. Because the features are based
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Plot of the Voltage and Current Curves For a Kettle During Switch On
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Figure 3.6: A plot of the current being drawn by the kettle and the voltage across it
before and after the kettle is switched on.

on the steady state behaviour of appliances, any transient behaviour should be ignored
when calculating the current waveform for the individual appliance. For this reason,
when a step change in the power is observed, the first cycle after the step change is
ignored (as the chance of switch on being at the exact start of a cycle is 1 in 256) and the
difference in current and power consumption is only measured once the power is observed

to settle into steady state.

Steady state is defined as a constant current (above the noise floor) for a defined period
of time, 7. 7 is defined by considering appliance state changes — 7 must be small enough
to ensure that other appliances do not switch on during this time frame, but must be
large enough to avoid problems caused by transients being misclassified as steady state.
Therefore 7 is defined as 0.1 seconds, or 5 cycles. Assuming that the current and voltage
monitors contain 8 bit ADCs (analogue to digital converters) which must account for
positive and negative signals, there are effectively 7 bits with which to measure the signals.

The smallest bit is assumed to contain noise error and therefore the conversion to digital
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may contain an error of approximately 1%. Assume that there may be approximately
this much error also present in the analogue side of the monitoring system for both the
current and voltage signals. Therefore, define a constant current to be one for which the

power varies by less than 5% of the average power over 5 cycles.

It should be noted that only short timescale transients will be removed by considering a
steady state as 5 cycles and longer timescale transients will not be accounted for. One
very common transient which occurs over a longer time scale than that considered here
is due to the heating effect in resistors. This causes the resistance of a device to increase
during use and the power consumption to decrease, as observed in Figure 3.7. Initially
the power consumption is at 1250W, but this decreases to 1185W over time. The switch
on characteristics will correspond to those features identified at the 1250W operation, but
the switch off characteristics (assuming that the hairdryer is in use for longer than about
a second which is the time taken for the change in resistance to occur) will correspond to
the usage at 1185W. It is not possible to remove these longer duration transients due to
the increasing probability with time that further appliances will switch on, and therefore

these transients must be accounted for by the system (this is explored further in Chapter

5).

This method of detecting changes in the observed power above a certain threshold value
removes the problem of identifying features of individual appliances within the agglom-
erated current and also removes the problems of apparent changes in features due to

noise.

One fundamental problem with this method of analysis is the inability to detect appli-
ances which do not have a step change when switched on or off (i.e. appliances with
a ramping function) and the inability to detect more than one instance of the same
appliance. However, these issues are unlikely to be overly problematic in the domestic

environment. This is because there are not many appliances in the home which exhibit
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Power Consumption of a Hairdryer
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Figure 3.7: A plot of the power consumption of the hairdryer before and after switch on.

ramping power curves — the most common is dimmer switches on lights, but these tend
to have step changes followed by ramps in the power. It is also unlikely that the inability
to detect between separate instances of the same appliance will be problematic when
considering the context in which this research is carried out — if the user does not know
which one of two identical appliances are consuming energy it is unlikely to affect their

energy conservation actions a great deal.

Having identified the mechanism by which the energy consumption of individual appli-
ances is tracked within the total load, the following section considers the current state of

the art.

3.4 Existing mechanisms which monitor the energy
consumed by individual appliances

This section considers existing systems which have been designed to identify the energy
consumed by individual appliances whilst non-intrusively monitoring the total load and

extracting relevant features from the signatures observed.
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Whilst it has been acknowledged in the previous section that the mechanism for detecting
the energy consumption of individual appliances in the home should consider step changes
in the power to highlight the state changes of those appliances, Section 3.4.1 begins by
exploring a method which tracks the states of appliances by considering the harmonic
content in the steady state signals monitored. This work is included for completeness,
and the problems with this type of method are presented in Section 3.4.2. This reiterates

the need to consider only the step changes observed in the system.

When a step change is observed in the power consumption in the home it is assumed
to be caused by an appliance switching states. Once the power has settled into steady
state, the real and reactive power changes may be calculated. Section 3.4.3 presents
a paper published by George Hart in 1992 [30] which explores the method by which
these real and reactive powers may be used to identify appliance energy usage. Two
options are presented. The first is in the scenario that the system has undergone a
manual training procedure so that the observed features may simply be matched to a set
of known features. The second is when this manual training is not present, and state
diagrams are deduced for appliances under pseudo names. The method by which these
state diagrams may be deduced is presented in work by Baranski and Voss in 2004 [33],
however, this is determined to be too complex for the work presented in this thesis and

for the time being it is assumed that there shall be a manual training procedure.

Section 3.4.4 considers work which uses the presence of transient features to identify
appliances. Sections of the power signal where the total load is varying rapidly, denoted
v-sections, are used to help identify the underlying appliance causing the transient. Two
methods are presented. The first is in a paper published by Leslie Norford and Steven
Leeb in 1996 [34]. The second method is formalised in a patent application by General

Electric Company, filed in 2007 and published in 2009 [35].

The limitations of the existing state of the art are explored in Section 3.5. By considering
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the reasons behind these problems a set of solutions are proposed which may be used to
overcome the existing limitations, and this forms the basis for the computational design

of the AEM.

3.4.1 Harmonic content of steady state signals

This section considers work carried out by Katsuhisa Yoshimoto in the Komae Research
Laboratory in Japan [36]. This work is based on the ability of a non-intrusive load
monitoring system, attached to an external revenue meter, to infer the states of individual
appliances within the home. It is particularly targeted towards appliances which have
load consumption fluctuations, such as inverter driven systems present in many homes

in Japan.

When appliances are in use they drawn current from the supply in a way unique to that
appliance. Because the current signal is repetitive in the 50Hz frequency domain, it may
be decomposed into an infinite harmonic series. Therefore, when an electrical appliance
is switched on, a set of harmonics are observable which are unique to that appliance.

These harmonics may therefore be used to infer the appliance which generated them.

The methodology applied by the researchers in the Komae laboratory was to train a
neural network to learn the correlation between the harmonics observed and the load
consumption of appliances. More information on neural networks is available in books
[37], [38] and is not presented in this thesis due to spacial constraints. A set of training
data was generated for the neural network by variously combining 5 typical household
appliances including an inverter-driven air conditioner, an inverter-driven refrigerator,
an incandescent lamp, a fluorescent lamp and a television. An experimental verification
of the algorithm was then performed with a correct inference rate 99% of the time.
Therefore, the algorithm developed may correctly identify the energy consumption of

these 5 appliances, combined variously, with 99% accuracy.
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3.4.2 Limitations of the harmonic approach

The main limitation of the approach described above is due to the time and data concerns
with neural networks in general. Because the system is not considering state changes of
appliances and instead monitors the signal generated by any combination of appliances,
every time a new appliance is added to the system the network will need to be entirely
retrained to incorporate the new appliance as the harmonics observed in the total signal
will be different. The time taken to retrain the network will be proportional to either
N xd or N? * d depending on the type of algorithm used in the network, where N is
the number of appliances and d is the number of harmonics used to characterise each
appliance [37]. Therefore as the number of appliance which are connected to the system
increases, and as the number of features used to represent appliances increases, so does

the time to train the network and the amount of data needed to train the network .

By considering only step changes in the system, characteristics indicative of individual
appliance may be isolated from the background noise and consequently, when the system
needs to be trained to a new appliance, the effect of all the other appliances connected to
the system may be ignored. This strengthens the case for identifying the step changes in
the power signal and subsequently extracting a set of features which are indicative only

of the appliance which has just changed state.

3.4.3 Non-intrusive appliance load monitoring

The proposed system uses a non-intrusive appliance load monitoring (NALM) mechanism
in order to determine the energy consumption of individual appliances. The appliances
considered in the analysis are limited to those which are represented by ON/OFF state

diagrams and those which are represented as finite state machines (FSM).

The NALM system monitors the whole house current and voltage waveforms once every

second. The power is calculated and normalised to account for changes in magnitude

61



of the voltage waveform (which may be up to 10%). When an appliance in the home
changes state there is a corresponding change in the observed power consumption of the
total load. Edge detection is used in order to track these changes and the features which
correspond to this change are isolated. In this analysis the features, extracted from the
current and voltage, correspond the the real and reactive normalised power of the change.
The output from this step of the analysis is a list of the features identified at every step
change in power consumption. The task is to use these features, which form the appliance

signature, to identify the appliance from which they were drawn.

If the NALM system has undergone a training procedure during installation, there will be
an on board database corresponding to the specific signatures of the appliances contained
within the home. This allows the set of observed features to be labelled with the appliance
name of the corresponding known signatures. The ability to track the energy use of
individual appliances is now reduced to a simple problem of tracking the on and off times

of individual appliances and tabulating statistics.

However, in the event that the list of known appliances is non-exhaustive, or in the case
of a NALM system which has not undergone a manual training procedure, the observed
signatures are classified in the following way. The set of observed step changes are
plotted in feature space (a 2-dimensional space including the real and reactive power)
and clusters are formed from this data. Each cluster corresponds to a single transition
of a single appliance. The analysis then uses these clusters to determine the ON/OFF
and FSM diagrams based on the magnitudes of the observed changes. Having identified
which change belongs to which model, these changes are tracked under pseudo names
and the final requirement is to match these pseudo names to real names for the individual
appliances. In the work presented by Hart the methodology by which the FSM diagrams
are determined is not so clear and it has been further developed by Baranski and Voss
[33]. However, for simplicity, it is decided to constrain the work presented in this thesis

to those times when manual training is possible (though it is noted that extension to
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an automated training regime is possible) and therefore a more detailed discussions into

Baranski and Voss’s work is not presented here.

Limitations of the NALM system

The NALM system has limitations in both the information that is collected and the
mechanism by which that information is analysed. Whilst the system proposes sensible
methods for physical data collection (so that the hardware is easy to install and cheap to
manufacture) and training procedures (in both the manual and automated cases), it is
not so clear as to how an appliance signature, once identified, is matched to the appliance
from which it is drawn. Consider the case in which the system is trained manually during
installation. In this scenario the system will already have a collection of typical signatures
for the appliances within the home. Once the NALM system is working in appliance
tracking mode (as opposed to training) it will identify signatures which correspond to
every observed step in power consumption. However, due to noise on the system or
variation in the voltage signal (discussed later in Section 6.1), these signatures may be
slightly different to those measured during training. There is no clear way in which these
signatures are subsequently matched to the set of known signatures. This classification
task of identifying the underlying appliances from which a set of observed signatures is
drawn must therefore be further developed if the non-intrusive mechanism of monitoring

appliances is to become successful.

A further limitation of the NALM becomes evident when considering the information
present in the identified appliance signature. The analysis used considers only two fea-
tures, the real and reactive power of the appliances. Therefore, if two different appliances
have similar power levels they may be classified as the same appliance. This problem
is particularly evident when there is no training regime and the analysis must use the
observed transitions to build FSM models of appliances. A cluster analysis procedure is

used and there will therefore be problems of misclassification if two or more clusters lie
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close together in feature space (cluster analysis is discussed at much greater length in

Chapter 5).

Further problems are introduced when considering appliances which have transient or
ramping behaviour. If an appliance has a power which ramps up or down during use, the
on and off characteristics may not mirror one another. If the appliance ramps from zero

power, the system may miss the appliance all together.

If an appliance exhibits transient behaviour during start up, the NALM system may
wait some time for steady state behaviour before determining the changes occurring. If
another appliances changes state during this time, the system will observe an appliance

with switch on characteristics which are a sum of the two individual appliances.

Different appliances have different turn on transients due to inherent differences in start
up. Therefore, the observed transients may be useful in adding a further dimension to

the appliance signatures, which will aid more accurate tracking.

3.4.4 Using transients to identify appliances

This section considers the way in which transient behaviour may be added to the NALM
method of analysis in order to aid classification when tracking individual appliance energy

use from the total load.

This method of analysis considers the start up signal of an appliance to be a segmented
time series. In each segment the power may be changing rapidly, or it may be fairly
constant. The transient detector identifies the segments which have significant variation,

denoted as v-sections. Each v-section has a characteristic shape associated with it.

There is a training regime which is necessary for this analysis, during which the transient
detector segments the start up time series to determine a particular sequence of v-sections

which is representative of a class of loads, for example, an induction motor.
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When the power signal of the home changes, rather than wait for the steady state con-
ditions, the transient detector searches for a precise time pattern of v-sections and these
are used to identify particular characteristics of the underlying appliance. This section
considers two different sets of research which employ this analysis. The first was de-
veloped by Norford and Leeb and published in 1996, the second by Durling et al. and

published in the US Patent Application Publication in 2009.

In the method employed by Norford and Leeb [34], two transversal filters are used to
positively identify particular sequences of v-sections.The first filter identifies particular
shapes in the data stream x, .. The inner product is determined for z, . and the template
shape t,.., with an output of 1 indicating a perfect match. Due to noise on the system
and small variations in the repeatability of v-sections, some amount of error is allowed for
and therefore any output value within a designated tolerance limit of 1 is considered to be
a match. The second filter considers the magnitude of the v-sections to ensure that any
noise which appears to resemble an individual v-section in shape (but not magnitude) is

not mistaken for a v-section.

The work published by Durling et al. [35] does not go into detail into the methods
used to match the v-sections identified in the working phase to templates built during
training, but rather builds on the work done by Norford and Leeb. The transient detector
monitors the voltage and current signals and when transients occur particular parameters
(including amplitude, before and after differentials, harmonics and phase) which are used
to characterise that transient are recorded. The pre-programmed look up table is used
to determine the transient index for the occurrence, denoted TL,,, from a set of known
transient patterns T'1y,...,TIy;. Whilst the method by which this is done forms the
bulk of the paper published by Norford and Leeb, it is not detailed in Durling’s patent
application, perhaps because the techniques employed are similar to those previously

developed.
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Once the transient occurrence has been identified, the task of the transient event detector
is to match this to a particular appliance. Durling uses Bayesian theory to perform this
task. A set of conditional probabilities Pr (7'I,,|A,) for appliances A, (n = 1,...,N)
are determined in offline lab experiments. These denote the probability of observing a
particular transient in the scenario that the event is known the be caused by a particular
appliance. A Bayesian classifier is then employed to choose the appliance which max-
imizes the joint probability Pr (71, A,), where Pr(T1,,, A,) = Pr(A,|T1,).Pr(A,).
Pr(A,) is approximated using a time series analysis by considering the historical time
series of on and off events for particular appliances and thus determining the probability

of the time for the next event for that appliance.

Limitations of transient monitoring

Transient monitoring will run into problems if a second appliance switches on during
the v-section segment of the start up period of the first appliance. However, if the first
appliance has a short transient this is unlikely due to the rate of occurrences being low
in comparison to the time constant of the transient. If the first appliance has a long
transient, it is unlikely that the whole transient will contain v-sections and therefore it
is also unlikely that a second appliance will switch on during a v-section time segment.
However, the event detector may have to unravel a set of v-sequences which belong to

more than one particular load.

The analysis also required significant training, although most of this may be done offline
as the transient represents a type of load and not a particular appliance. Furthermore,
the same appliance may exhibit a different transient dependent on where in the voltage

cycle the switch on occurs.

Transient monitoring also requires a more sophisticated monitoring system than steady
state analysis as it needs to cope with the higher frequencies observed during transient

behaviour, as well as greater memory capacity to cope with the additional information
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requiring storage. This type of system may well be useful in small and medium enter-
prises (SMEs) where variable loads cause problems for the steady state detection system,
however, it is likely to be more sophisticated and costly than necessary for the home
environment. Therefore, the transient option is not considered further in this research,

although it is acknowledged that it may be useful in more sophisticated systems.

3.5 Limitations of the existing state of the art

This section considers the limitations of Non-intrusive Appliance Load Monitoring sys-
tems in more detail so that a possible mechanism which overcomes these limitations may

be uncovered.
The main limitations of the NALM system include:

1. Inability to detect appliances which have power consumptions which ramp up and

down.

2. Errors if two appliances are too close to one another in feature space. This will
occur because there is some amount of variance in the power consumption of the
appliances and this may cause the features of two appliances to overlap and create

problems of classification.

3. Errors if more than one appliance switches on between subsequent observations of
the system load. This is particularly prevalent when the power of the two appliances

matches the power of another single appliance.

4. Lack of classification framework - this problem has been tackled in Durling’s re-
search for the particular information present in that system, however, this needs
to be further explored for the type of information present in steady state appliance

load monitoring.

The problem in detecting appliances with power consumptions which ramp up and down
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is inherent to the method of analysis used in the NALM system. This could potentially
be overcome by considering the entire appliance behaviour as a slow transient and using
transient analysis to detect these events. However, for the purposes of this thesis, it will

be assumed that appliances which exhibit this type of behaviour shall not be detected.

The next two limitations can be overcome by considering the source of the errors. Lim-
itation 2 is caused by a lack of features chosen to represent appliances. Figure 3.4 in
Section 3.3.3 illustrated the large amount of available information in the monitored cur-
rent. Therefore, by extracting more useful features, this problem of misclassification can

be overcome.

Limitation 3 is due to more than one appliance changing state between subsequent in-
spections of the system load. This may be due in part to the NALM system monitoring
the load at a slow rate of 1 Hz, but may also be due to slow transients of appliances
turning on - the appliance load is only considered once it is in steady state. A simple
solution is to increase the rate at which the system is monitored, although this will not
overcome the problem of slow transients. If such a problem occurs, the NALM system
attempts to identify the two separate instances by considering the possible features when
two events are combined. In some cases this may be successful, but the analysis falls over
when the summation of the two feature sets appears to belong to a third appliance. By
choosing a more useful and larger set of features (recall that NALM uses just the real
and reactive power) it is possible to overcome this problem by reducing the likelihood of

the summation of the two feature sets matching a third appliance.

The final limitation with the NALM system is the lack of classification framework which
enables identification of the underlying appliances from the observed features. This prob-
lem is overcome by identifying the desired capabilities of the framework with reference

to the available information.

Therefore, a system is proposed in the following chapter which enables appliance identi-
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fication using non-intrusive methods, satisfying the identified system layout and design
criteria. Furthermore, this system will overcome some of the limitations of the NALM
analysis by extracting a larger and more useful set of features and utilising a classification
framework to enable the features to be used in a sensible manner so that the underlying

appliance may be identified from the features observed.

3.6 Chapter summary

This chapter set out to provide a discussion into the existing state of the art. This was
accomplished by first considering the implications of the design criteria in order that
the discussion was limited to those areas of research relevant to the work presented in
this thesis. This resulted in a proposed system designed to track individual appliance
energy consumption using simple hardware which monitors the energy use of the home
from a single point. Complex software is needed to subsequently identify the individual

appliances within this total load.

Having determined the system design, the domestic model is then considered so that
possible mechanisms of tracking individual appliance energy use may be identified. From
the three methods explored, it was proposed to identify appliances based on features

observed in the current and voltage of an appliance when it is in use.

Having identified the area of the research in this thesis, the relevant state of the art was
then explored. This discussion was constrained to three proposed systems of analysis.
The first considered the steady state harmonic content of the system and was discarded
due to the high demands of training required for this system. The other two considered
step changes in the power signal which are assumed to correspond to a single appliance
changing state. Two types of analysis were then explored - the first considered the steady
state load profile of that individual appliance, the second monitored transient behaviour

due present at switch on/off.
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The limitations of the existing state of the art were then explored and used in order to
propose a mechanism of analysis for the AEM which allows most of the limitations to
be overcome in a manner which does not invalidate the design criteria. This proposition

forms the basis for the work presented in the remainder of this thesis.
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Chapter 4

The Domestic Environment - A
complex system and the need for a
suitable framework

This chapter aims to identify a set of features, based on non-intrusive appliance load
monitoring, which form an appliance signature to represent appliances so that the prob-
lems of the existing state of the art are overcome. Furthermore, an innovative framework
for classification is proposed which allows the appliance signature to be used in a sensible

manner in order to identify appliances changing state within the total load.

Since the proposed system monitors the total home energy use and identified features from
the non-intrusive signals observed, it satisfies the design criteria established in Chapter
2. The discussion in Chapter 3 identified the limitations of the existing systems which
employ this type of analysis, which are mainly due to the lack of information extracted
from the data. Therefore, Section 4.1 considers the set of potential data which may form

the appliance signature.

Further limitations in the existing state of the art relate to the identification of the un-
derlying appliance once the features have been extracted. There seems to be no clear
framework within which this classification takes place, and therefore no protocol devel-
oped for the mechanism by which an identified feature set is assigned to a particular

appliance. In the work presented in this thesis there is a strong need for this framework
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due to the extended appliance signature developed. Therefore Section 4.2 considers the

features contained in the signature and the desired capability of the framework.

Initially a Bayesian belief network is proposed to enable appliance identification to use of
all the feature sets contained in the appliance signature, however, this network does not
satisfy all of the desired framework capabilities. Consequently, a novel framework which
generates membership values which denote the amount that a particular set of features
belongs to particular appliances (i.e. the level of belongingness) is proposed in Section
4.2.3. The memberships for each set of features are considered independently, and these
are combined in a novel manner in order to allow all the identified feature sets to play a

role in enabling appliance identification within the domestic environment.

4.1 Appliance signatures

It was identified in Chapter 3 that the limitations of the NALM system were due in part to
the lack of information extracted from the monitored current and voltage. This analysis
considered only the real and reactive power of the appliances, however, as observed in
Figure 3.4 in the previous chapter, the shape of the current and power drawn is able to

provide a much greater amount of information.

Therefore, it is possible to extract features from the current which contains informa-
tion not only about the power drawn by the appliance, but also about the shape of the
waveform, which may provide information about the electrical interface of the appliance.
These features may include information as to the linearity of the waveform, or the pres-
ence of harmonics or peaks in the signal. These features are drawn from the monitored
50Hz current and voltage signals and form the short term time domain feature set. These
features, which are only a subset of the appliance signature, are explored in greater detail

in Chapter 6.

A further aspect of the appliance signature is due to the finite state machine (FSM)
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behaviour exhibited by appliances. Any appliance which has step changes in power
consumptions and therefore a discretely defined number of states can be modelled as an
FSM. For a large number of appliances this may be a 2 state model, with just on and
off modes, however, other appliances may cycle through a specified number of modes, for

example a washing machine. These state diagrams are illustrated in Figure 4.1.

FSM model for a kettle FSM model for a washing Machine

Figure 4.1: FSM models for a kettle and a washing machine.

When the appliance exists in a particular state, there will be a set of possible state
transitions, and each of these will have an associated probability of occuring. This
probability is dependent solely on the current state that the appliance is in. Furthermore,
each state in itself is unobservable, rather there are a set of features which are observed
when the appliance is in a particular state. These features relate to the short term time
domain features noted when the appliance changes state. This type of system is similar
to a Hidden Markov Model, and therefore a short discussion into this type of model is

provided in Appendix B.

One final point to note about the FSM models is their dependency on time. Whilst
this is not true of HMM behaviour in general, the probabilities of a particular state
transition occurring will be dependent on the time passed since the observation of the
current state. This is more prevalent for some appliances than for others as the time
between state transitions determines the time of use of the appliance within a particular

state. Some appliances have a large range of time over which they may be operational,
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for example a TV. In this case the user has total control over the time of use of the
appliance, which may range from less than a minute up to a number of hours. Other
appliances, such as a kettle, are more restricted in their usage times. In this case there is
only a small amount of user influence (changing the amount or initial temperate of water
to heat) and the usage time is governed by the appliance. By considering the average
usage times and the typical variance for a set of appliances, the FSM models can be
developed to incorporate this feature as a function which determines the probability of
observing a particular state transition given the previous state. The average usage times

are depicted for some typical household appliances in Table 4.1.

Appliance Average Duration of Use in Minutes
Refrigerator 10
Hob (electric) 21
Oven (electric) 43
Kettle 2
Microwave 6
Dishwasher 75
Washing Machine 60
TV 30

Table 4.1: Average duration of use in minutes of typical domestic appliances. Data taken
from [39]

Furthermore, the probabilities of observing an appliance turn on when it is previously
seen to switch off may be affected for some appliances by the length of time for which
the appliance is off. Whilst this will add little extra information in the case of a kettle,
consider the operating conditions of a refrigeration device, or an electric heater. These
appliances will be on for a long period of time as far as the user is concerned, but if they are
working correctly they will be switching on and off rather frequently at appliance defined

times. This adds to the appliance signature and may aid the classification procedure.

The final aspect of the appliance signature takes into account the time of day in which
the appliance is used. Refrigeration devices are equally likely to be on at any time of
the day, but all other appliances have typical load curves which vary with time. In a

study considering typical loads of various types of appliances [39] it is shown that cooking
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devices are generally used between midday and 8pm, with the largest use between about
4pm and 7pm, whilst wet appliances have their largest usage between Gam till 11am,
with decreasing load from 1lam until midnight. Lighting is mainly used between 6pm
and midnight, and between 7Tam and 10am, with smaller consumption during the rest of
the day. Therefore, by noting the time of day during which the appliance is in use adds

a further feature to the appliance signature.

This section has demonstrated the large amount of information which forms the novel
appliance signature and which is available for use in matching an observed power change
to the appliance responsible for the change. This information is present in 3 different
feature domains, where each domain contains a different type of information with a
different analysis procedure. The first domain relates to the short term features observed
in the current when an appliance changes state. The method by which this is analysed
is discussed in Chapter 5. The second domain is that information which relates to FSM
behaviour. It is analysed in a HMM type network, which allows the observations of
particular states to determine the time dependent probabilities of future observations.
The final domain relates to the time of day during which the appliance is observed to be
in use. This domain of information is user dependent and will vary between households.
The details which govern the way in which this domain is analysed is not considered

further in this thesis.

Since the short term domain contains the most rigorous information, this thesis con-
centrates on identifying useful features within this domain. This work is presented in
Chapter 6. However, when developing the classification mechanism for the AEM it is
important to identify the effects of the multiple feature domains in the appliance signa-
ture on the methods used in classification and the subsequent results. This enables the
development of a system which has the ability to cope with the full set of information

available.
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4.2 A framework for classification

In Section 3.4.3 it was identified that one of the limitations of the NALM system was the
lack of development of a classification system which could be used to aid identification
from appliance signatures. This aspect of a non-intrusive monitoring mechanism is par-
ticularly important for the AEM, in which information is present in multiple domains,
all of which are useful in appliance identification. Therefore, this section explores the
classification mechanisms which are used in the AEM in order to identify an appropriate

framework to handle the information present.

The mechanism by which energy tracking of individual appliances takes place is as follows.
The current and power consumption of the home are monitored. The power is normalised
by the voltage as in the NALM analysis [30] in order to allow for changes in the voltage
waveform. When the power is steady, there are no state changes occurring within the
system. Any appliances which are known to be on remain on, and those which are off

remain off.

When a significant change is observed in the normalised power waveform, it is assumed
to be caused by an appliance changing states. By tracking just the changes that occur
on the system a single appliance is isolated from the total load. In order to simplify the

complex domestic system, the following assumptions are made:
e Only a single appliance changes state between two inspections of the load.

e When an item changes state a step change in power consumption occurs. This
ignores the problem of identifying appliances with ramping power functions which

is not dealt with in this thesis.

e If two identical appliances exist within the home, they shall be classified as the

same appliance.

Once a step change in the normalized power consumed by the home is observed and the
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power returns to steady state behaviour, the difference in the current and power signals
before and after the change is calculated. This allows the steady state behaviour of
the appliance which has just switched on to be captured. These differential signals are
denoted Ai (t) for the current and Ap (t) for the power, and a set of short term domain
features denoted x are drawn from these signals. Analysis of x allows the appliance
electrical interface to be deduced, which goes some way to identifying the underlying

appliance.

This feature vector will also allow the FSM model to deduce the state transition which
has just occurred (for a particular appliance). In some cases the feature vector may
be indicative of a number of possible state transitions. This allows the time dependent
probability distribution of observing the subsequent state transition to be determined.
Once this subsequent transition occurs, the probability assumes a particular value rather

than a distribution.

Having deduced the transitions which are assumed to be occurring, the probability of

observing that particular appliance during the observed time of day can be identified.

All this information is available for use in order to identify the appliance corresponding to
the observed step changes in power. This overcomes the problems in the NALM analysis
of misclassification due to overlapping clusters in power space, whilst still satisfying the
constraints imposed by the design criteria. However, the existence of multiple feature
domains requires a formal framework in which classification is performed in order to allow

the entire feature set to have an input into the appliance identification.

The available information
e Set of features identified from the 50Hz current and voltage waveforms.
e F'SM behaviour consideration including duration of use information.
e Time of use (during the day).
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The desired capability of the framework
e Each feature domain must have some input into the final classification result.
e More rigorous domains should have a greater influence on the final result.
e The addition of a domain should strengthen the final result rather than weaken it.

e The observation of a particular transition within an FSM model should trigger the
analysis to expect to observe the following mode at some defined time period after
the first observation. For example, once the kettle has been seen to turn on, there
should be an increased time dependent probability of observing a step change in

power corresponding to it turning off.

e The output should indicate the identified appliance along with a term which depicts

the strength of the classification.

e Any new items should be output as unidentified as the AEM has not yet been

trained to learn their feature sets.

It should be recalled that for the purposes of this thesis it is assumed that the AEM will
operate in a mode which enables a manual training capability. However, as described in
the NALM analysis, it is possible to extend the capabilities of the AEM to enable an

automated training regime on observations of step changes in the power waveform.

4.2.1 Bayesian belief network for classification

A Bayesian belief network (BBN) is a graphical model which allows the probability of
obtaining a particular output (i.e. the probability of the observation belonging to a
particular appliance) to be calculated by considering the probabilities of obtaining the
observable inputs. By defining probabilities for each observation, probability theory is
used in order to allow all the individual domain information to contribute to the resultant

probability of the output. This allows the output (i.e. the individual appliance) to be

78



dependent on all 3 feature domains. There is much literature on this topic both in books

[38] [40], in academic journals [41] and on the world wide web.

Each feature domain is considered in a separate node in the BBN. The observable inputs
are considered for each domain at it’s corresponding node. Each node takes any one of a
discrete number of inputs, each with an associated probability. For the domestic system
there will be three nodes. The first will relate to the short term time domain. The features
identified in this domain relate to the underlying electrical interface of the appliance and
this feature set therefore gives rise to the probability of obtaining a particular class of
appliance (determined by similarity of electrical construction) rather than a particular
appliance type (determined by similarity of operation). This distinction is important,
because, as observed in Figure 3.4 in the previous chapter, appliances which are similar

by operation may have very different operating conditions.

The second node considers the FSM behaviour. This node will have inputs relating to
the deduced state of the appliance (determined by considering the feature set x), the
previous state that the appliance was known to be in, and the time lapse between the
two observations. The probabilities generated therefore link together the two consecutive

states of the appliance.

The third node accounts for the time of day during which the appliance was known to be
in use, and therefore generates probabilities of the observation belonging to a particular

appliance given the time of day of the observation.

The probability of observing a particular appliance is determined by the inputs into all

3 nodes of the BBN, and these dependencies are illustrated in Figure 4.2.

The probability of the observed data set belonging to a particular appliance is calculated
by looking at P(Appliance|A, B,C'), where A represents the time of day variable, B
represents the FSM behaviour and C' represents the class of device based on the electrical

interface.
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Figure 4.2: Bayesian Belief Network for Classification Algorithm.

To calculate the probability P(Appliance|A, B,C), some amount of training data must
be captured. Bayes theory is used to expand and manipulate this probability to decipher
the necessary inputs and ensure that these values are noted in training. To simplify

matters begin by considering just a single node. Let the appliance be represented by W;.

P(A|W;) P(W5)
P(A)

P(Wi]A) = (4.1)

The probabilities on the right hand side of the equation can be calculated by looking at

training data. Adding a level of complexity to the model by considering 2 nodes:

P(Wi) P(A|W;) P(B|W;, A)

As node B is not dependent on node A this can be simplified:
_ P(Wy) P(A|W;) P(B|W;)
and extended to more variables:
P(W;)P(A\W;)P(B|W;)P ;
P B.C) — POVIPAIT) PUBIW) P(CIW) o

P(AYP(BYP(C)
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Having established the information that must be collected, the nodes themselves are now
considered in more detail to understand how this information is used. Recall that each

node must exist in any one of a pre-defined discrete number of states.

Node A This node represents the time of day of use. Recall from Section 3.3.3 that
different types of appliance (classed by similarity of use rather than construction) have
different typical usage times, with some appliances more likely to be used at different

times of the day than others [39)].

By considering appliance usage patterns, along with a total daily usage curve for various
types of households (working/non working, winter/summer etc.) the time of day is split
in order to represent the typical usage patterns most accurately. For this reason it was
decided to split the time of day into 5 time periods based on existing research in this

area [39]. These are:

Time Period 1: Midnight until 6am

Time Period 2: 6am until 10am

Time Period 3: 10am until 4pm

Time Period 4: 4pm until 7pm

Time Period 5: 7pm until midnight

Therefore, the probabilities P(A) and P(A|W;) can be estimated by considering the
proportion of the entire day that each time period represents, along with the typical

usage curve of the various appliances with reference to the time periods.

Node B Node B corresponds to the FSM behavior. The inputs into this node are
features relating to the duration of use of the appliance, the current assumed state of
the appliance, and the known or assumed previous state. Whilst the data relating to

the state of the appliance already exists in a discrete number of possibilities, the data
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relating to the duration of use needs a little more consideration.

As mentioned earlier, the length of time for which an appliance is observed will have some
effect on the probability of occurrence of the observed transitions. For some appliances
the time period is clearly defined by the appliance, whilst the time period for other

appliances is more ambiguous due to user interaction.

The time periods are therefore defined by considering a set of training data. Training
data is data that is gathered which relates to the particular observation in question,
where all the information is known about the data. By making observations about the
various lengths of times that different appliances are used for it is possible to determine

natural time splits in the data. These might correspond to:

e Less than 10 minutes

e Greater than 10 minutes but less than 1 hour

o QGreater than 1 hour but less than 5 hours

e Greater than 5 hours

However, actual data would be needed to justify these times. Once the data has been
divided, the training data can be used to generate certain probabilities for the appliances.
For example, the probability of observing a kettle switch off if the time of use is greater
than 10 minutes should be low, though it should be much larger if the usage time is less
than 10 minutes and more in the typical time frame of use. These dependencies can be

accounted for by this node.

Node C Node C'is a little more complex. This represents the class of the appliance,
where the grouping is based on the short term feature set data rather than the appliance
type data. Appliances which have similar feature sets, such as a kettle and an electric

heater, will belong to the same class ¢; in C', whilst belonging to different appliance type
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groups. The features X to Xy (where N is the total number of features) are generated
by each appliance during use. By monitoring individual appliances, feature sets are eval-
uated (this is discussed in more detail in Chapter 6) and, by making various assumptions
about the distribution of the features, the probability of observing a particular feature set
can be calculated. Therefore, the probability generated is that of observing a particular
feature set, x, given the appliance class ¢;. Mathematically this is written P(x|c;). How-
ever, the data needed for the classification network is P(c¢;|x). This is the probability of
actually having appliance class ¢; given that the observed feature set is x. Bayes theory
tells us that:
P(X|C)P(Cy)

MO =5 pxic P, (45

which allows training data to be used in order to determine the class of appliance to
which the short term data belongs. Once this class has been identified it can be used in

order to represent the dependency of the appliance on the electrical interface observed.

4.2.2 Limitations of the Bayesian network

A Bayesian belief network satisfies the following desired framework capabilities:
e BEach feature domain must have some input into the final classification result.

e The observation of a particular transition within an FSM model (e.g. a washing
machine) should trigger the analysis to expect to observe the following mode at

some defined time period after the first observation.

e The output should indicate the identified appliance along with a term which depicts

the strength of the classification.

It does not directly allow some domains to have a greater influence on the result (however
this can be done by broadening the expected distributions of the less rigorous features)
and the addition of more information may not strengthen the result. Also, because of

the constraints imposed by probability theory, the sum of the probabilities of the feature
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set belonging to one of the known appliances must be 1, i.e. > P(W;|featureset) = 1.
all 4
If the feature set observed actually belongs to an unknown appliance, or is due to some

transient or noise on the system then there will be a resultant misclassification because

the network does not allow the option of an unidentified or noise group.

A further limitation of the Bayesian network (BBN) is due to the way in which the
information present in the appliance signature is processed. In the Bayesian network the
nodes must exist in one of a discrete number of possibilities. For example, the duration
of use of an appliance exists for each appliance as a distribution function with mean
and covariance as established during a training procedure. However, in the BBN this is

reduced to 4 categories which may not entirely match the distribution.

Therefore, it is necessary to develop a system which matches the useful capabilities of
the BBN, whilst allowing different domains to contribute to the classification result at
differing strengths, with each subsequent domain adding strength to the classification, as
well as allowing for the scenario in which the output appliance is unknown. Furthermore,
the developed system should allow the information to remain in its original format rather

than constricting it to discretised groupings.

4.2.3 A model for memberships

This section proposes a novel method by which the 3 feature domains in the appliance
signature are combined in a framework which satisfies all the desired framework capabil-
ities. Because the construction of the Bayesian network is appropriate to the domestic
model, the Membership Model is based on the network proposed in Figure 4.2. The en-
sures that all 3 feature domains have an input into the final appliance classification, and
allows FSM type behavior to be accounted for. However, if the framework is to overcome
the limitations of the BBN, the data presented at each node and the combination of the

data in each node must be dealt with in a different manner to that described in Section
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4.2.1.

One of the major problems of the BBN is the inability of the system to allow for an
unknown appliance. This is due to the constraints imposed by probability theory which
states that the sum of the probability of the observed feature set in all appliance groups
must be 1. By relaxing this constraint, and dealing with memberships instead of proba-
bilities, this limitation can be overcome. Rather than each node generating a probability
P(W;|A), a membership is generated which represents the degree to which the observed

feature set belongs in each known appliance group.

The second major problem with the BBN is the representation of the information at each
node. In the BBN the features are divided into a discrete number of groups at each node,
for example, the duration of use node is split into 4 groups. However, for each appliance
the duration of use is a continuous distribution function and inaccuracies are introduced
when this data is sectioned into discrete groupings. Therefore it is important that during
classification the data must be present at each node in it’s original format and this raw

data should be used to generate memberships.

The proposed classification method is illustrated in Figure 4.3. A single monitoring point
collects data about the voltage and current. A step change in power indicates the presence
of an occurrence (i.e. some appliance connected to the system changing states) and the
current drawn by this individual appliance, Ai (¢), is isolated from the total load, i (¢).
Features are extracted from these short term time domain signals and the mechanism
by which this is done is discussed in Chapter 6. The memberships generated from these
short term time domain features are discussed in detail in Chapter 5. Memberships are
also generated for the FSM and Time of Day features, though the details of this are not
dealt with in this thesis. Therefore the proposed classification system uses the identified
feature set values to generate memberships at each node which represent the degree to

which the observed feature belongs to each of the appliance classes.
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Figure 4.3: Hlustration of the system design of the AEM. Parts in blue are explored in
Chapter 3, pink corresponds to Chapter 4, dark red to Chapter 5 and green to Chapter
6. The FSM membership generation and Time of Day membership generation blocks are
not developed in this thesis.

The remainder of this chapter is concerned with identifying a mechanism by which the
(Classification Framework block in Figure 4.3 combines the memberships in such a way
that allows the different domains to have a differing level of input into the final classifi-
cation and so that the addition of information does not weaken the result. Furthermore,
the classification network must be able to cope with signatures from appliances which

are not yet known.

The following sections explore two well known methods of combining classification results,
before an adapted mechanism is proposed for use in the AEM. These two known methods

include membership combination via the arithmetic mean and the geometric mean [42].

Arithmetic mean

Let the individual membership functions be denoted by m;(j) for the " feature set,
where i = 1,2,..., N, in the j** appliance group. The resultant membership function is
then given by:
1 N
Miotal(J) = N > mi(j) (4.6)
i=1
The highest and lowest values obtained place boundary limits on the final value, so that

the resultant membership cannot be greater than the highest individual membership,
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or smaller than the lowest one. It is also possible to give different membership values
different weightings in order to allow some of the values to have a greater effect on the

overall membership than others.

However, it is desirable that the time of day and duration of use values only have a
small effect on the resultant membership unless their values are close to zero. This is
not possible using an arithmetic combination. Even if one of the membership functions
is set to zero indicating an impossible scenario, the final membership value will not be

zero unless all the other membership values are also.

Geometric mean

Using the geometric mean the resultant membership function is generated by:
N 1/]\7
mati) = (TTmi)) (47)
i=1

As with the arithmetic mean, the highest and lowest values obtained for the individual
membership functions place boundaries on the resultant membership function. Whilst
a membership value close to zero in this scenario will bring the final membership value
toward zero, indicating a better model than the arithmetic mean for this particular
application, all membership functions have equal weighting. The following paragraph
proposes a mechanism of combining the different membership functions so that some are

allowed to play a stronger role in the final membership value than others.

Varying the weightings in the geometric mean

It is possible to vary the weightings of the various elements in the geometric mean, so

that the resultant membership is actually calculated according to:

1/2521 a;
) (4.8)

N
i) = (T )

i=1
where the value a; determines the weighting of the individual memberships.
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Graph to illustrate the effect of varying the weightings in the geometric combination of two
membership values
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Figure 4.4: Graph showing the effect of changing the weighting of the individual mem-
bership functions.

Figure 4.4 illustrates the effect of varying the relative weightings of two membership
functions. The first membership function is given a weighting of 1. This membership
value is plotted along the x-axis. The second membership value is set at 0.5, and its
weighting a is varied according to the values in the legend. It can be seen that when the
value a is small in comparison to 1, the second membership value plays a much smaller
role in determining the final membership then when its value is large in comparison. By
changing the value of a the different feature domains are given different weightings in the

final classification.

The actual values chosen for the weightings are subject to further research and are not
considered in this report. This is due to the limitation of the discussion presented in this

this to those features in the short term domain only.

Once the memberships have been combined there will be an overall resultant membership

of the total feature data in each appliance group M (W;|data). This can then be used
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to classify the appliance. In an ideal situation there will be only one appliance with
a significant membership value, however, this may not be the case. Consequently it
may also be desirable to develop a confidence level for the classification based on the
absolute and relative membership values. This confidence level indicates the strength of

the classification.

4.2.4 Developing a confidence level

The objective of a confidence level should be to determine the strength of the classifica-
tion. The first assumption is that a final classification is made. Assume that so long as
the final membership value is above 0.2 (the reason that 0.2 is chosen as the critical value
is explained in Section 5.3.7), then a classification can be made so that the appliance with
the highest membership value is the classified appliance. The strength of this classifica-
tion will depend not only on the final classification result (a higher membership value will
result in a stronger classification), but also on the gap between the highest classification
and the second highest [43]. The larger the gap between the highest membership value
and the second highest, the stronger the classification. This section proposes a mech-
anism for generating a confidence level based on the final top two membership values

generated in the classification process.

Following the classification process the information present is a set of membership values
corresponding to the likelihood of the data set belonging to each of the ‘known’ appli-
ances that the system has been trained to recognise. The classification is a good one if
the membership value of the data in the ‘chosen’ appliance group is high, and if the mem-
bership values of the data set in all the other appliance groups is low. If either the gap
between the 2 strongest classifications (i.e. the two largest membership values) becomes
small, or the actual final membership value for the ‘chosen’ appliance becomes small,
then the resultant confidence level should be small. This scenario implies a geometric

combination. Let the final membership value be denoted M; for the highest membership,
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Plot of Confidence Level of Final Classification
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Figure 4.5: Confidence level based on membership values of the two highest final mem-
bership values in the classification network. The plot shows the final confidence level for
a number of values of M; and all values of M, up to the value of Mj.

and M, for the second highest. The confidence level, C'L is defined such that:

CL = /M, (M, — M) (4.9)

The variation in confidence level with membership values M; and M, is shown in Figure
4.5. From this figure it can be seen that the value M; and M; — M, provide the boundary
for the confidence level. The confidence in classification will be no higher than the highest
resultant membership value, and it will be no lower than the difference between the two.
Therefore, a strong classification results as the highest membership value approaches 1,

and when the second highest approaches 0.

The classification system proposed in this section allows for all the various features to
be taken into account, whether their memberships are based on probability theory or
otherwise. They can be combined in such a way to give stronger weighting to certain
features which may be deemed more reliable, so that less rigorous features only have the

ability to rule out an appliance group, rather than significantly strengthen the result. It
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also allows for the inclusion of the unknown if new appliances are added to the system,
and an ability to determine the confidence strength of the final classification. All these
facts make this system a very versatile one which satisfies the criteria imposed and which

is therefore a good model for the classification framework of the AEM

4.3 Chapter summary

At the end of this chapter both a novel appliance signature and an innovative framework
have been proposed in order to allow individual appliances to be accurately identified

within the total load in a manner which satisfies the design criteria developed in Chapter

2.

The appliance signature was developed by considering the possible information available
for use in characterising appliances. Three domains of interest were identified which
correspond to the short term time domain information present in the 50 Hz current and
voltage signals, the time dependent FSM behaviour of appliances, and the time of day

during which the appliance is used.

Having established the type of information available, and the method by which it is
extracted from the observed signals, a classification network was proposed in order to
allow the different domains of information to all play a part in the identification of
appliances from their signatures. The available information and the desired capabilities
of the framework were determined and subsequently used to analyse the performance of

the proposed solution.

Initially a Bayesian belief network was proposed to account for the dependency of the
appliance on the multiple domains of information, however, this network did not quite
match the available data or the desired capabilities. Consequently a novel framework was
proposed in order to overcome these issues. The proposed framework allows each domain

to generate a membership value which represents the degree of belonging of the observed
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feature set within the appliance group. These membership values are then combined

geometrically to enable the different domains to each contribute to the classification.

Finally, a confidence level was generated for the classification. This was determined by
the strength of the classification (i.e. the resultant membership value) and the strength

of the second highest membership value.

The work explored in this chapter has therefore identified the way in which an appli-
ance signature is extracted from the observed data when a state change occurs, and
subsequently used in a structured framework to track individual appliance energy con-

sumption.
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Chapter 5

Mechanisms For Classifying Short
Term Data

This chapter is concerned with the Membership Generation block (MGB) in the AEM
system design, as illustrated in Figure 5.1. The aim of this chapter is to establish a
mechanism by which membership values are generated for the short term time domain
feature vector x, which represent the level to which that feature vector belongs to each
of the known appliances. The membership value is therefore a vector of length equal to

the number of known appliances.

This chapter begins by making assumptions about the spread of data generated by each
appliance and assessing the objectives of the MGB in order to develop a set of criteria to
which the developed membership generations methods must adhere. This is presented in

Section 5.1.

v(t)
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i(t) Ait) Extraction Generation
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Figure 5.1: Membership Generation Block.
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For the purposes of this thesis the AEM is based on the NALM system (see Chapter
3) that chooses to incorporate a manual training procedure and Section 5.2 explores the
method by which the AEM is trained to know a set of appliances. Each mode of operation
of each appliance is represented by a set of parameters which characterise that appliance

using as little information as possible.

The number of modes of operation for a particular appliance may be unknown and
the first objective of the training procedure is to determine the number of modes (or
number of clusters), M. This is presented in Section 5.2.1. Once the number of modes of
operation has been determined, Section 5.2.2 explores the method by which the number
of samples, N, which are needed to characterise each mode are determined. Each mode
of each appliance is then represented by the mean, covariance and average intracluster

distance of the N samples.

Section 5.2.4 applies the developed training mechanism to a set of data representing a
fan heater operating in 3 different modes. The accuracy of the predicted cluster centres
is calculated and the training algorithm is found to represent the modes of operation to

an average accuracy of greater than 98%.

Once the AEM has been trained to know a set of appliances, the method of generating
memberships for a new set of feature vectors is considered in Section 5.3. The member-
ships are based on the proximity and relative proximity of the new vectors to the set of

existing clusters.

The proximity measure used in this thesis is defined in Section 5.3.1. The Mahalanobis
proximity measure is used which allows the distance between the unlabelled vector and
existing clusters to be influenced by the spread of data within each cluster and therefore

accounts for the varying size of the clusters.

Because the membership value determines the degree to which a data point belongs in a

set of clusters, the membership values must exist along a graded scale from 0 to 1, where
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0 represents no level of belonging to a cluster and 1 represents complete belonging to a
cluster. This scale of memberships implies the use of fuzzy clustering, which is introduced

in Section 5.3.2.

Probabilistic fuzzy clustering and possibilistic fuzzy clustering membership generation
schemes are considered in Sections 5.3.3 and 5.3.4 respectively and the benefits and
problems of each method are discussed. Sections 5.3.5 and 5.3.6 explore existing methods
which attempt to alleviate the problems of probabilistic and possibilistic fuzzy cluster-
ing by generating memberships and cluster centres which tie together the two individual
schemes. These existing methods are, however, not appropriate for the type of infor-
mation considered in this chapter and a consideration of their limitations leads to the

proposition of a novel scheme for membership generation, presented in Section 5.3.7.

The novel method of membership generation is applied to a real set of data in Section
5.3.8 and analysis of the results shows promising performance, with a total of 99.5% of
the new set feature vectors having significant memberships (i.e. greater than 0.2) in the
clusters to which they belong and negligible memberships in the clusters to which they

do not belong.

5.1 MGB citeria

This section aims to develop a set of criteria to which the MGB must adhere and which
can be used as a benchmark for identifying and assessing any mechanisms proposed.
These criteria are developed with consideration of the type of information presented to

the block and the objective of the membership function.

The vector x which forms an input to the Membership Generation block is representative
of the short term time domain signals, v (¢) and Ai(t). The way in which the features
are generated from these signals is considered in Chapter 6, however, it is important

to acknowledge the dependency of this feature vector on the electrical interface of the
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appliance from which it is drawn. Therefore, the following assumptions are made:

e Each appliance will generate feature vectors which form compact and disjointed

clusters in feature space.

e Fach individual mode of operation of appliances with more than one ON state
will generate feature vectors which form compact and disjointed clusters in feature

space.

It should be recalled from Chapter 3 that the NALM system, upon which the AEM is
based, has two modes of operation. The first incorporates a manual training procedure
into the initialization of the device, whilst the second uses a clustering procedure to
enable the identification of likely FMS models of unnamed appliances before deducing the
corresponding appliance labels. This thesis is concerned with identifying a mechanism for
membership generation in the case that the system undergoes an offline manual training

period, with the extension to automated training being beyond the scope of this research.

Therefore, the MGB has two objectives. The first is to enable a training phase during
which accurate representations are generated for known appliances. These representa-
tions must allow each mode of operation of each appliance to be represented separately
and must also allow all possible operating conditions to be accounted for. (For example,
during use, the resistance of an appliance may increase due to the heating effect, causing
the current drawn by the appliance to vary. The representation should ensure that the
entire spectrum of possible resistance values are accounted for.) Furthermore, due to the
hardware constraints of the AEM, the representations should aim to use as little memory

as possible.

The second objective is to enable the generation of membership values for unlabelled
data points. These membership values indicate the degree to which the unlabelled feature
vector belongs to each of the known appliances and therefore the membership value should

be based on the proximity of the unlabelled data point to the appliance representation.
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It should also take into account the spread of the feature vectors belonging to each
appliance as some modes of use may have larger ranges of operating points than others.

This spread may be measured during training.

The membership value should also take into account the assumption that only a single
appliance changes state between subsequent observations of the system. This can be done
by considering the relative proximity of the unlabelled feature vector to all the existing
appliance representations. Finally, the membership value must allow for the option of
the unlabelled data point belonging to a new appliance to which the system has not been

trained.
Therefore the following criteria can be identified:
e For the training procedure
1. Allow every mode of every appliance to be represented as a separate group.
2. Represent each group with a few parameters as possible.
3. Ensure that each representation encompasses all possible operating points.
4. Ensure that the representation accounts for the spread of the data.
e For the membership generation procedure

1. Membership values must exist as a value between 0 and 1, with 0 representing

no degree of belonging to a cluster and 1 representing complete belonging.

2. Membership values should account for the proximity of the unlabelled data

point to the appliance representations.

3. The proximity measure should take into account the spread of the data in the

appliance representation.

4. The membership value should take into consideration the relative proximity

of the data point to the appliance representations.
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5. It must be possible to allow all membership values to be small in the case that
the unlabelled data point belongs to none of the known appliance representa-

tions.

These criteria are used to guide and assess the mechanisms proposed to first enable
appliance representations to be generated during the training phase and subsequently to

generate membership values for unlabelled feature vectors.

5.2 The training phase

This section explores the mechanism by which appliance representations may be gener-
ated. This process is done for each appliance individually and the first step is to determine
the number of modes of operation, M, exhibited by each appliance. It is assumed that

the appliance data within each mode forms a compact and disjointed cluster.

Once the number of modes has been established, the training procedure assigns feature
vectors, generated during determination of M, to the clusters in order to generate cluster
representations. The feature vectors are assigned under a nearest-neighbour scheme
(a nearest-neighbour mechanism is fast and has small memory requirements) until a
stopping criterion is met. This stopping criterion is used in order to prevent a cluster
from becoming over-represented at a particular operating point, due to the presence of

slow transient behaviour in the data.

Once there are sufficient feature vectors representing each cluster, the final step of the
training is to deduce a cluster prototype so that the amount of memory required to

represent each cluster is minimal.
5.2.1 Determining the value of M

The value M represents the number of modes of operation of a particular appliance. It

is likely that each mode of operation will draw a different current and because the short
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term features are based on the current, it is fair to assume that each mode of operation
will generate different feature vectors and as such each mode of operation should be
represented separately. Furthermore, the modes of operation may not be controlled by
the user and therefore the data generated by an appliance and the corresponding feature

vectors extracted, may not be separated into their individual modes.

The number of clusters within a given data set may be determined using a a hierarchical
clustering algorithm. This algorithm produces a nested set of clusters and by considering
the error present when the data is split into a given number of clusters, the natural
number of clusters is determined. This procedure uses a standard set of techniques and

is presented in Appendix C.

Whilst the techniques for determining the number of clusters may be simple, the difficult
part is in ensuring that all the modes of operation and represented in the data set which
is input into the hierarchical clustering algorithm. For appliances with defined ‘on’ times,
such as a washing machine, the training should take place over the entire time frame of
operation in order to ensure that all modes are captured. Other appliances for which the
duration of use is user controlled must be operational for at least their average usage time
(as discussed previously in Chapter 4) to try and ensure that each mode is operational

for a sufficient time duration.

For an appliance which is in use for 60 minutes, this results in a total of 180,000 feature
vectors being generated (assuming that a feature vector is generated to represent every
50Hz cycle). Because of the memory and processing constraints in the AEM, this amount

of data cannot be either stored or fed into the hierarchical clustering algorithm.

To overcome these processing limitations, whilst still ensuring all modes of operation
are fully represented, a two-fold solution is proposed. The first part of the solution
reduces the amount of data by a factor of 10 by only storing every 10th feature vector

generated. This is valid because it is unlikely that any substantial changes will occur
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over a period of 10 cycles. The second part of the solution is to section the feature
vectors into smaller groups as they are generated and determine the number of clusters
present and corresponding cluster centre of each group. The set of initial data may then
be discarded, freeing up space in memory. Once the entire training data set has been
processed in this way, the cluster centres generated may then be fed into the hierarchical
clustering algorithm one last time to determine the actual number of modes of operation

of the appliance. This is summarised as follows for groups of size ny,.

e Switch the appliance on and begin generating feature vectors. Throughout this

procedure store every 10th to memory space 1.

e Once ny, feature vectors have been generated, copy them into the program memory

and begin to collect another n; vectors.

e Use the data set in the program memory in a hierarchical clustering algorithm to
calculate the number of clusters present in the data and the corresponding cluster

centers. Store this information in memory space 2.
e Repeat steps 2) and 3) until data has been captured over the entire time frame.

e Form a further data set from the cluster centres which have been determined during
training so far. Use this new data set to determine the true number of clusters
in the data (and corresponding cluster centers) using a single linkage hierarchical
clustering algorithm (see Appendix C) to account for any underlying trend including

the heating effect of resistors.

It is possible to establish a value for n;, by considering the limitations of the processing
capacity and the number of feature vectors generated. It is found in practice that a
maximum of 500 feature vectors should be input to the hierarchical clustering algorithm
and therefore a maximum value of 500 is placed on nj,. However, if an appliance is only
on for 5 minutes then only 1,500 feature vectors will be generated and using n;, = 500

will result in only 3 groups. If each group contains only 1 cluster, it is not then possible
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to use the hierarchical clustering algorithm as some of the assumptions in the analysis
become invalid, so when the number of samples is small it is more appropriate to have a

value of n;, = 100. Therefore, the value for n;, is assigned in the following manner:

n > 4000 ny = 500
2000 < n < 4000 ny, = 200 (5.1)

n < 2000 np = 100

This method ensures that all modes of operation are accounted for, even if they only
represent a small proportion of the total usage time. It also reduces the program time

complexity and memory requirements.

5.2.2 Splitting the data set into M clusters

This section considers how a data set of feature vectors may be split into M clusters in
order to use the data set to generate cluster representations. It is important that these
representations account not only for the mean of the data, but also for the variability®

of the feature vectors within each cluster.

Accounting for the variability within each cluster does ensure that the entire operating
range of each appliance is considered, however, this goes hand in hand with a loss of
information about specific trends exhibited by appliances when in use. For example, the
same variance representation may be generated by an appliance which draws power in

any of the 3 ways illustrated in Figure 5.2.

For the purposes of this thesis any underlying steady state trends shall be ignored and it
shall be assumed that the loss of information is unimportant in the ability of the AEM
to classify appliances. Therefore, a set of feature vectors are required to represent each

appliance in order to ensure that the training regime incorporates all operating points.

IThis variability is due to some changes in the parameters of the electrical interface of the appliance,
which may be caused by automatic effects such as the heating effect, causing resistance values to change,
or manual effects, such as load variation of a motor.
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Figure 5.2: Plot of possible power variations with time.

Having determined the number of clusters present in the data and the corresponding
cluster centers, the training procedure continues by assigning feature vectors generated

and stored in memory during training to each of the clusters.

The feature vectors are assigned to each cluster based on a nearest neighbour (NN) clus-
tering procedure [44]. The reason for using a NN clustering rule is due to the simplicity
and minimal time complexity of the process. It can also be done one vector at a time,
rather than using a pre-determined amount of data and feature vectors are assigned with

complete certainty to a single cluster. This makes the NN scheme suitable for the training

procedure of the AEM.

The NN clustering procedure assigns a feature vector to the cluster for which ||x — p|
is smallest for 1 < i < M. This assumes that all the clusters are accounted for (which is
known to be true according to the way that M is calculated) and that they have similar
and hyper-spherical spreads of data. Clustering is continued until a stopping criterion is

met and the j cluster contains n; data points.

The stopping criterion must ensure that all operating conditions (and therefore the entire
spread of data) are represented within each cluster. It is also important that the clusters
are not over-represented, which may occur if the appliance exhibits an underlying trend

as illustrated in Figure 5.2 (a). As the number of data points used to represent the
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cluster are increased beyond a certain limit, the variance of the cluster reduces and data
points that lie furthest from the mean will not appear to be representative of that cluster.
This may be problematic if the AEM is presented with a feature vector to identify which
comes from the start of use of that appliance, at which point the feature vector obtained
will lie the furthest from the mean. Therefore, the remainder of this section explores a
mechanism by which the critical number of data points required to represent a cluster

may be established.

The only information which is available about the entire population of individual clusters
is the mean, as this value is returned from the hierarchical clustering algorithm. There-
fore, one method in determining the point at which the number of data points in the
cluster representation is truly representative of that cluster (and consequently no more
data point should be used as this will result in over-representation) is to observe changes
in the cluster mean as more data points are added. This is done using Student’s t-test

[45] to determine whether any observed changes are deemed significant.

The t-test is used to determine whether the mean of the first n samples of the data is
statistically different from the mean determined during hierarchical clustering which is
assumed to be accurate given the large amount of data used to determine this value. If
these two values are statistically the same then n samples is adequate to represent that
mode of operation, whilst a difference means that the n samples are not adequate and

further samples are necessary.

The t-test is performed by comparing a calculated value, t, to some critical value. The
critical value is dependent on the number of samples tested, n, and the percentage level,
P, at which the test is performed and may be found in look-up tables [46]. The t value

is determined according to the following equation:

_ T — Mo

~s/yn

t (5.2)

where ¥ is the mean of the data, pg is the cluster centre as determined by hierarchical
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clustering, n is the number of samples and s? is the sample variance.

The null hypothesis is that the 2 values are equal, which can be rejected at the P percent
level if |t| > t, (P) where t, (P) is the critical value for v degrees of freedom (v =n —1).
Therefore, the stopping criterion for the NN clustering scheme is when the null hypothesis

is no longer rejected.

The process by which clusters are formed during training is illustrated in Figure 5.3.
To reduce the process time, feature vectors are considered in sets of 10 rather than
individually and it is assumed that the feature vectors have already been separated by
cluster so that all 10 belong to the same cluster. Once the number of data points in
a cluster increases by 10, hypothesis testing, as outlined above, is used to determine
whether or not the addition of the new feature vectors results in significant difference
between the cluster mean, produced from hierarchical clustering and the mean of the
data points in that cluster. Under the null hypothesis the two values are not statistically
different. If this is found to be true, the stopping criterion is met and no further data
point need be added to the cluster. If the values are different then the process is repeated

with further sets of feature vectors until the stopping criterion is met.

Does
adding new
feature vectors

Setof 10
Feature
Vectors

Determine
closest
cluster, j

Cluster |
n; data
points

Stopping
criterion
met

Stopping criterion
not met, consider
more feature vectors

Figure 5.3: Method for generating M clusters which may be used to represent all modes
of operation of an appliance.
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5.2.3 Generating cluster prototypes

The objective of a cluster prototype is to describe the properties of individual clusters
using as few parameters as possible. The prototype must also allow membership values to
be generated for future unlabelled feature vectors based on the proximity of the feature
vector to the cluster, using a proximity measure which accounts for the spread of data

within the cluster.

For these reasons the cluster prototypes shall consist of the mean feature vector, pu, the
covariance matrix ,Q [47], and the average intracluster distance 7 [48]. For a cluster

containing n feature vectors, these values are calculated according to the following equa-

tions:
1 n
m = — Z Xk (53)
n3
1 n _ _
Gij = . (@i — 7) (2 — 75) (5.4)
n—1;4

where g;; is the element in Q which represents the covariance between features ¢ and j
and

n= Zi: d (g, 1) (5.5)

S|

Where d (xy, pt) is the Mahalanobis distance measure (see Section 5.3.1).

The proposed method of training allows every operational mode of each appliance to
be represented individually, with no reference to other modes of operation. Each rep-
resentation encompasses all possible operating points, due to the consideration of the
changing mean of the data. The prototypes generated from the representations account
for the spread of the data using the covariance and average intracluster distance and
each prototype uses only 3 parameters (though the actual size of the cluster centre and
covariance matrix depends on the number of features used, discussed further in Chapter
6). Therefore the proposed training regime for the AEM satisfies all 4 criteria established

in Section 5.1.
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5.2.4 Application of the training algorithm

The proposed training algorithm is applied to a set of training data which contains
feature vectors corresponding to 3 different modes of operation of a fan heater. Due
to the limitations of the data set size (caused by memory constraints in the laboratory
equipment used) there are 1370 feature vectors generated in total. These are split into

13 groups each containing 100 feature vectors.

The first step is to determine M, the natural number of clusters in the data. This is
done for each group individually and the cluster centres produced are input into a final
hierarchical clustering algorithm. This allows the true number of clusters in the data and

corresponding cluster centres to be determined.

Once the number of modes of operation and the mean of each mode is known, the
feature vectors are assigned to the clusters according to a NN clustering rule. A t-test is
performed to determine the critical number of feature vectors and this enables the cluster

representations to be produced and from these the cluster prototypes are calculated.

Determining M The results for this part of the training regime are shown in Figure
5.4. The entire data set of 1370 is plotted in cyan. From this is can be clearly seen that
3 modes of operation exist in the data. It can also be seen that there are some outliers,
most probably caused by transient behaviour resulting in misrepresentation. Therefore,
the objective of this part of the training algorithm is to correctly identify the existence of

3 clusters and to correctly determine the cluster centers, without including the outliers.

The blue data points in Figure 5.4 represent the cluster centres established for each group
of 100 data points. From this it can be seen that the outliers have been removed as the
algorithm is designed to remove clusters which contain an insignificant number of data

points (i.e. indicating the presence of a noise or transient data point).

The red data points in Figure 5.4 represent the final cluster centres determined when the
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Fan Heater in 3 Operating Modes
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Figure 5.4: 2 dimensional representation the cluster data and cluster centres resulting
from the training algorithm.

blue data points are fed into the hierarchical clustering algorithm. It can be seen that
the data set has been correctly partitioned into 3 clusters. The error between the cluster
centres calculated (as illustrated by the red data set in Figure 5.4) and the true cluster
centres has a mean value across all dimensions of 1.17% and a maximum of 7.56%2. The
cluster centres as calculated by the proposed method are therefore accurate to within 10%

for each feature individually and on average are accurate to within 1.5%.

Determining N This part of the training algorithm is concerned with determining
the critical value of data points required to represent each cluster. For each cluster the
cluster mean is known. 10 feature vectors are added to each cluster representation at a

time and the mean of the representation is calculated. The significance of the difference

2The reason that the error is significantly larger for one feature than the others is due to the magnitude
of the feature. Whilst the absolute size of the error does not vary significantly, the small magnitude of
one particular feature results in a larger percentage error.
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between the two values is analysed using Student’s t-test [45] at the 1, 5 and 10 % level.

The number of data points required to represent each cluster at these different percent
levels is given in Table 5.1. The cluster representations are calculated using the number
of data points needed at the 10% level. The 10% level is chosen as this is the worst case
critical percentage level for the null hypothesis being rejected in the comparison between
the true cluster centers and those returned from the hierarchical clustering algorithm.

Cluster | Percent level

1% 5% 10%
1 450 450 450
2 360 390 400
3 310 340 360

Table 5.1: Number of data points required to represent each cluster as determined by
the t-test at the 1, 5 and 10% levels.

Generating cluster prototypes The cluster prototypes are calculated from the clus-
ter representations and consist of the cluster centres (which are calculated during hierar-
chical clustering), covariance matrices and average intracluster distances. These proto-
types are stored in memory and are available for use when generating memberships for

unlabelled feature vectors.

5.3 Membership generation for new feature vectors

The aim of this section is to develop a mechanism by which memberships are generated
for a new set of data points in each of the clusters to which the AEM has been trained.
The data available is the location of the new feature vectors and the cluster prototypes,
generated during training, which include the cluster centers, covariance matrices and

average intracluster distance for all of the known appliances.

It should be recalled that the membership value should be based on the proximity and

relative proximity of the new feature vector to the existing clusters and should take into
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account the spread of the data within each cluster. Section 5.3.1 therefore considers how
the proximity measure is calculated to ensure that the spread of the data is accounted

for.

Having determined the set of proximity values, Sections 5.3.3 and 5.3.4 explore two
well developed methods of membership generation. The benefits and limitations of each
method are discussed and this gives rise to two schemes which attempt to overcome
the problems of each individual method of membership generation. These schemes are
explored in Section 5.3.5 and 5.3.6 and whilst they provide an interesting insight into
membership generation, the mechanisms proposed are not entirely appropriate for the

work presented in this research.

By considering the information available and the desired capability of the membership
function, a novel mechanism of membership generation is proposed and assessed against
the key criteria in Section 5.3.7. It is then applied to a real data set, the results of which

are analysed in Section 5.3.8.

5.3.1 Proximity measures

The proximity measure should define the distance between feature vectors which are
considered to be data points in d-dimensional space. This proximity measure is denoted
as d(x;,c;), or d;; and represents the distance between data point i and cluster centre j in
feature space. This section examines three well known methods of calculating distances

between two data points.

Euclidean distance The Euclidean distance [49] is defined by:

da(x;,¢j) = \lkz_:(xm — CM)2 (5.6)

Where the number of dimensions in feature space is equal to d. This distance measure is

quite commonly used although a drawback is the assumption that all the features have
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the same unit. Recall that the feature vector is extracted from the current and voltage
and the individual features may take different units, for example, time, watts, amps,
ohms etc. If the Euclidean distance is to be used as a similarity measure then these

features would need to be standardised to the same unit.

This distance measure is a particular instance of the Minkowski metric.

Minkowski metric This is defined as [50]:

d
dp(xi, ¢5) = d > (@ik — cix)” (5.7)

k=1
The drawback with the use of the Minkowski metric as a distance measure is the over
domination of the larger features, although it is possible to normalise the features so that
this does not occur. However, this type of distance measure predicts hyper-spherical
clusters in feature space and may become distorted due to linear correlation amongst

the features. Furthermore, the Minkowski metric does not account for the differences in

spread of data within individual clusters.

Mahalanobis distance The Mahalanobis distance is defined by [51]:
A (x5, ¢5) = (% — %) Q) (x5 — x;)" (5.8)

Where Q; is the covariance matrix of cluster j. By using the Mahalanobis distance as a
distance measure, any correlation between features and differences in values and spread
amongst features can be taken into account. It does not assume hyper-spherical clusters
as the Minkowski Metric does and therefore it satisfies the criteria that the proximity

measure take into account the different spreads of data within each cluster.

The one drawback with this proximity measure is the assumption that the data is already
split into clusters so that the covariance matrices of each cluster may be determined.

However, for the particular application of calculating distances between new feature
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vectors and existing cluster, this drawback is not encountered. Therefore the Mahalanobis

distance is used as the proximity measure in the following sections.

5.3.2 Fuzzy clustering

Fuzzy clustering is a method of clustering the data points so that each point is associated
with every cluster by a membership function varying between 0 and 1 rather than an
absolute membership (as in hard clustering where the data point belongs to a single
cluster with complete certainty) [52]. This allows the data points to belong with a
limited certainty to more than one cluster, which may be appropriate for some of the

appliances considered.

Fuzzy clustering is an unsupervised clustering technique, which is normally applied when
there is no other information about the data available apart from the location of the data
points and the number of clusters which it should form. The mechanism by which it is

performed is as follows [53]:

1. Choose K individual data points to coincide with K cluster centers.

2. Generate memberships for each data point in each of the K cluster centers. The
method by which these membership values are generated is discussed in Sections
5.3.3 and 5.3.4.

3. Recalculate the cluster centres based on the assigned memberships.

4. Repeat steps 2 and 3 until some stopping criterion is met.

Because the AEM has been through a training routine the cluster centres are already
known and therefore standard fuzzy clustering techniques are not entirely appropriate.
However, the mechanisms by which the memberships are generated in Step 2) of the
fuzzy clustering algorithms are worth considering and the following sections explore two

well developed methods.
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5.3.3 Probabilistic fuzzy clustering

This section explores the Fuzzy-C Means (FCM) clustering algorithm whos membership
generation is based on probability theory. Probabilistic fuzzy clustering uses the mem-
bership function to determine the relative degree of belonging of each data point to each

cluster. It places the following constraint on the membership matrix U [54]:

w;; € [0,1] for all ¢ and j (5.9)
N
0< > u; <N foralli (5.10)
j=1
M
Y u;; =1 forallj (5.11)
i=1

where M is the total number of classes. In the FCM algorithm [55] memberships are

assigned so that the objective function J,, is minimised whereby:

M=

M
I = 2 2 il || — Gl 1<m< oo (5.12)
1

1=

(2

Il
_

which, along with the criterion imposed by equation 5.11, implies membership values

generated according to:

Ug; = L (5.13)
v & (Hxi—cju)% '

= \lzi=el

In the above equations, m is called the fuzzifier and it determines how rapidly the mem-
bership function decays as a result of distance from the cluster center. This is dealt with
in greater detail in Section 5.3.4. For the FCM algorithm, a value of m = 2 is known to

produce good results [56].
This method of membership generation satisfies only the following 3 of the 5 criteria:

e Memberships may exist between 0 and 1 according to their level of belonging in a

cluster as is the case in all fuzzy clustering schemes.

e Memberships account for the varying spread of data in a cluster as the Mahalanobis

distance is the proximity measure used.
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e Memberships take into account the relative proximity of data points to clusters, as
the distance between the data point and every cluster is used to determine every

membership value.

Two of the criteria are not met. The first is that the membership values are based only
on the relative distance to the clusters rather than the absolute distance and therefore
do not take into account the actual proximity measure. This causes a problem which
is illustrated in Figure 5.5. Points A and B are equidistant from the cluster centre of
Cluster 1 and should therefore have the same membership in the cluster, however B will
have a higher membership than A in cluster 1 due to A’s proximity to cluster 2. For the
same reason point C will have the same membership as point B in cluster 1, even though
it should have a higher value as it is more typical.

Clusters 1 and 2 in 2 Dimensions
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Figure 5.5: 2 dimensional representation of Cluster 1 and Cluster 2

The second criteria which is not met is the ability of the memberships to account for
the data point belonging to none of the known clusters. This is due to the constraint
that the sum of the memberships for a data point across all clusters must be equal to

1. This means that a feature vector which lies a great distance from any cluster may
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be given membership values which do not accurately represent the level to which that
vector belongs in the clusters. This may occur due to noise or transients on the system,

or due to the addition of new appliances to which the system has not yet been trained.

Both these problems are overcome by relaxing the constraint that the cluster memberships
must sum to 1 for each data point (as stated mathematically in Equation 5.11), as is the

case in possibilistic fuzzy clustering.

5.3.4 Possibilistic fuzzy clustering

This section explores the mechanism of membership generation based on possibilistic
fuzzy clustering. In this type of clustering the constraint imposed by equation 5.11 is

relaxed so that it becomes [54]:

o

=1

In order to avoid the trivial solution of all memberships being equal to zero when min-
imising the objective function J,,, the objective function must include a term to increase
the membership values of all representative data points, whilst allowing the membership
values for data points which are not representative of the data to tend to zero [54]. This

can be achieved with an objective function [48]:

K N
Jy = ZZU%C@ + ZTh‘ Z (1 —ug)” (5.15)

i=1j=1 i=1 j=1
d;; is the distance from the j™ data point to the i cluster center, v is the fuzzifier

(discussed below) and 7; is the average intracluster distance. The minimisation of this

function implies a membership generated by [54]:

1
wy = ———— (5.16)

1
d12 y—1
1+(%)

The membership value u;; is therefore solely dependent on the normalised absolute dis-

tance, dfj / i, between the i feature vector and the j* cluster centre. Figure 5.6 illus-
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Variation of membership function with normalised distance
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Figure 5.6: Plot of the variation of membership value with increase in normalised distance
from the cluster centre for a range of m values

trates the variation of the membership value with normalised distance from the cluster

center.

From this figure it can be seen that the membership value is reduced to 0.5 at a normalised
distance of 1, regardless of the value of 7. Therefore, n is a measure of the ‘elasticity’ of

the cluster - a compact cluster will have a lower value of n than an elongated cluster.

It can also be seen from Figure 5.6 that the value of v has a large influence on the way
in which the cluster membership value varies with normalised distance. As the value for
v increases, the rate of decay of the membership value with distance decreases. It was
suggested for the FCM algorithm that a value of m = 2 produced sensible results [56],
however, it can be seen from figure 5.6 that a value of v = 2 decays at a fairly slow rate

with normalised distance.

A suitable value of v can be estimated by considering the probability distribution within

a hyper-shperical normal distribution. Under these conditions, 95% of data points are
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contained within a distance of 20 from the mean. Therefore, a value of v which results

in u;; > 0.05 for data points within 20 of the mean is appropriate.

Approximating 7n; by o2, a distance of 20 from the mean corresponds to a normalised
distance, dfj / n;, approximately equal to 4. From Figure 5.6 it ca be seen that a mem-
bership value of 0.05 at a normalised distance of 4 occurs at v = 1.5 and therefore this

value is deemed a more suitable fuzzifier in possibilistic fuzzy clustering [56].

The memberships generated through a possibilistic fuzzy clustering scheme do better
than the probabilistic memberships as they satisfy 4 of the 5 criteria. However, the
criteria that the membership must be based on the relative proximity of the data point
to a cluster is not satisfied because the memberships are generated by considering only

the absolute distance between a feature vector and a cluster center.

This is analogous to considering memberships based on mutually independent events
[57], which causes problems with the types of memberships considered here. A signifi-
cant membership value in a particular appliance group (which implies the observation of
that particular appliance changing states) should rule out the possibility of a significant
membership value being generated in another appliance due to the assumption made in
Chapter 4 that only a single appliance changes state between two inspections of the sys-
tem. However, because possibilistic memberships for one cluster are calculated without
any consideration to the data points proximity to other clusters, it may be possible that

significant membership values are generated in multiple clusters.

Therefore, a method of generating memberships needs to be developed whereby the
memberships are based on mutually exclusive events (as in probabilistic fuzzy clustering
[57]) but which overcomes the problems of misclassification based on the constraint that

the sum of the memberships must be 1.
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5.3.5 Graded membership values

This section explores a method of generating memberships which is representative of a
system with events which lie somewhere between being mutually exclusive and mutually
independent, which is more representative of the domestic system than either option

individually.

The probabilistic membership values are under the constraint that the total membership
of a feature vector across all clusters must be equal to 1, whereas the possibilistic mem-
bership values are under no such constraints. Therefore, a graded mechanism is proposed
whereby the total membership value is constrained to some degree which is dependent

on the level to which the system resembles the probabilistic and possibilistic systems.

When considering a possibilistic membership function, the only constraint on the values
that the membership must take is such that each membership value lies between the
limits of 0 and 1 and the sum of this membership across all clusters must be less than or
equal to 1. Considering a case where there are K clusters, the sum of the membership
values for a single data point across all clusters must therefore lie somewhere in the region
between 0 and K. The membership function can be thought of as a unit hypercube in K
dimensions, where the membership function can occupy any area of the hypercube [57].
Reducing the argument to two dimensions for illustration purposes, Figure 5.7 shows a
unit square, where the axes represent the membership values for cluster 1 and cluster 2. In
the possibilistic model, the membership in cluster 1 has no influence on the membership in
cluster 2 and the data point representing the 2 dimensional membership value , |11, 2],
can exist anywhere within this square as represented by point A. In the probabilistic
approach, the two memberships must sum to 1, hence the data point representing this
2D probabilistic membership must exist along the line p; + o = 1, as shown by point B.
The graded approach allows the membership to exist in a region inside the box bounded

by constraints less restrictive than those implemented in the probabilistic approach, but
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more restrictive than the possibilistic scenario. This is illustrated by point C, which can
lie anywhere between the two dotted lines. This can be extended mathematically to more

than 2 dimensions as follows [57].
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Figure 5.7: Tllustration of how membership values can vary for a 2 cluster scenario. Graph
modified from information presented in [57].

Let £ be a variable so that:

£§<E<¢ (5.17)

and allow there to be a particular value £* € [§ , E}, so that:

K *
Sug =1 (5.18)
j=1

In the probabilistic approach £ = 1 and £ = 1, whilst the possibilistic approach sets limits
of £ =0 and & = oco. In the graded approach, select § = aand £ = i where a € [0, 1],

so the single parameter a controls the level of possibility.

The membership value is now calculated as w;; = v;;/Z;, where v;; is the ‘free’” member-
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ship as calculated in possibilistic clustering and Z; is calculated as follows [57]:

K @ K
Z; = <zl vjj/a> if glv}j/o‘ > 1

K o K

Z; = (z vgj) if > oud <1 (5.19)
i=1 i=1

Z;=1 otherwise

Although this approach is still less constraining than the probabilistic approach, consider
the scenario that the new data point to be classified is from an unknown cluster. This
may be due to a new appliance added to the system, or the detection of a transient, or an
error. The distances from the new data point to the existing cluster centres will be very
large and consequently, the free membership value, v;;, will be very small for all clusters.
This means that the value for Z; will be very small and if one free membership value,
v;+j, is considerably larger than the others (which may be the case as they are all very
small), the value for Z; will be dominated by the largest free membership value. This
means that the corresponding membership value u;+; will be close to 1, despite the large

distance between the data point and the cluster center.

This can also be seen by reference to Figure 5.7. The membership value generated in
graded clustering will never be allowed to approach zero for all clusters (i.e. an unknown
data point) unless the value for « is sufficiently small that the allowed region for graded
clustering is almost the entire square, with results approaching possibilistic clustering.
Therefore, the criteria which states that the membership generation must allow a data

point to remain unidentified is not satisfied.
A method for membership generation which allows both the probabilistic and possibilistic
values to individually have an input to the final membership value may be more suitable.

5.3.6 Fuzzy clustering using a combined approach

This section explores a way in which both the probabilistic and possibilistic membership

values may have an input into the fuzzy clustering algorithm. Although the mechanism
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considered here is not entirely suitable for the approach taken in this research, there are

important ideas which are subsequently used in a novel way (explored in Section 5.3.7).

A fuzzy clustering algorithm is proposed which calculates both the probabilistic member-
ships, u,;, and possibilistic typicalities, ¢;;, and combines the results in order to perform
the cluster centre update equation (Step 3 in the fuzzy clustering algorithm outlined in

Section 5.3.2) in the following way [58]:

> (au?f + btzj) X;
C; = !

N

=1
~ - ; (5.20)
1; (auij + btij)

where 1 < j < K and K is the total number of clusters. As discussed above, the exponent

m should be set to 2 and 7 set to 1.5. By varying the relative weightings of a and b, the

amount of influence of u and ¢ into the cluster centres can be varied.

This algorithm combines the probabilistic memberships and possibilistic typicalities in
order to overcome problems presented when using u and ¢ independently to calculate the
cluster centres from a set of unlabelled, unclustered data. Whilst this is inapproporiate
for the work considered in this thesis, as the cluster centres are already known, the idea
of combining the probabilistic and possibilistic membership values to generate a novel

membership is explored in the following section.
5.3.7 Generating membership values

This section considers the combination of the probabilistic and possibilistic memberships
in order that they can be used to overcome the potential problems when either is con-
sidered independently. The problem with the probabilistic membership is the potential
misclassification that may occur if a data point is from an unknown source and therefore
not typical in any cluster. In this scenario it is desirable that the membership of the
data point be negligible in all clusters, but this will not be the case due to the constraint

that the membership values across all clusters must sum to 1. However, the possibilistic
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typicality will be close to zero for all clusters and may therefore be used to modify the

probabilistic membership.

In the case that a data point is highly typical in more than one cluster, for example, if
there are two clusters with large spreads of data which are close together, the possibilistic
typicality may be significant for both clusters and distinction between these clusters will
be hard. However, due to the constraints on the probabilistic membership, this value
should be higher for the more typical cluster and lower for the less typical one and
therefore in this case the probabilistic membership may be used to modify the possibilistic

typicality.

A geometric combination of the probabilistic membership and possibilistic typicality is
proposed in order to overcome the potential problems present in either of the individual
memberships. Taking the geometric mean allows the possibilistic typicality and the
probabilistic membership to provide the bounds for the overall membership, such that

they both play a role in the resultant membership value, m;;, where:

mg;; = a+\b/ ufjtfj (521)

An unweighted geometric mean in which a = b = 1 gives equal weighting to both the
probabilistic and possibilistic membership. However, it is possible to give one of the

variables more weighting by changing the relative values of a and b.

Varying the relative weightings of probabilistic and possibilistic memberships

The relative weightings to give to the probabilistic membership and possibilistic typicality
may be determined by considering the range of values that these variables may take and

determining the bounds on each for which classification should be possible.

This section begins by making a set of assumptions about the data to enable a critical

membership value, m,., to be established. The value for m, must be known so that a
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comparative context may be placed on following discussion about the membership values

obtained through combination of u and ¢.

Therefore, to allow a critical membership value to be calculated, it is assumed that the
clusters to which the AEM has been trained are compact and disjointed so that the
probabilistic membership generated for a data point in the cluster to which is actually
belongs is close to 1. Lower bounds on the range for this membership function should

still lead to classification and are discussed later in this section.

It should also be recalled from Section 5.3.4 that the value of ¢t will be greater than
0.05 for 95% of data points in a particular cluster due to the mechanism by which ¢
is generated. Therefore, to determine a critical membership function, an unweighted
geometric combination is performed on the values of u = 1 and t = 0.05 and this leads

to the proposition of a critical membership value of 0.2, i.e. m, = 0.2.

Having determined a value for m,, it is possible to explore the effect of varying the
relative weightings of a and b on the final membership value over an appropriate range of
u and t. The appropriate range of these value is from 1 down to a lower bound which is

determined by considering the scenarios under which particular values may be generated.

In order to determine an appropriate lower bound for wu, it is necessary to determine at
what point the value obtained is no longer considered substantial enough for classification
to occur. This is done by considering the value that would be deemed substantial in a
home with 20 appliances. Let a substantial probabilistic membership be defined as one
in which the membership value for a single cluster is at least 10 times bigger than that
in any other cluster. For simplicity, let is also be assumed that the values generated in
all the other clusters are equal. If m; denotes the membership value in the single cluster
and mo the membership value in all other clusters, these constraints may be written
mathematically:

my + 19my = 1 (5.22)
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These equations can be solved to give m; = 0.34 to the nearest 2 decimal places. There-
fore, if the probabilistic membership is greater than 0.34 it is defined as substantial and
it is desirable that data points with « > 0.34 and ¢ > 0.05 (to include 95% of data points

in a cluster) have a final value of m greater than m..

Table 5.2 shows the variation in m by changing the relative weightings of a and b in the

combination of v = 0.34 and ¢t = 0.05.

Variation of a/b | Resultant membership m
0.1 0.06
0.5 0.09
0.8 0.12
1.0 0.13
1.5 0.16
2.0 0.18
3.0 0.21
4.0 0.23
5.0 0.25

10.0 0.29

Table 5.2: Variation in m by varying exponent a relative to b for membership values of
u = 0.34 and t = 0.05.

From this table it can be seen that a ratio of a/b > 3 results in classification when

u = 0.34 and ¢t = 0.05.

If the possibilistic typicality is to be used to modify the probabilistic membership in
the scenario that a data point is atypical in a cluster but still has a high probabilistic
membership value in that cluster (the reasons for which were discussed in Section 5.3.3),
then the combination of the values of u and t generated in this scenario must ensure that
m < 0.2. To ensure that classification does not occur unless a data point is more than
0.1% typical in a cluster, a value of ¢ < 0.001 should ensure that data points, regardless
of their probabilistic membership value, do not have a final membership value greater

than 0.2.
This relationship is examined for ratios of a/b in the region of 3 and the results are
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displayed in Table 5.3.

Variation of a/b | Resultant membership when u equals
1.00 0.80 0.60 0.40 0.34

2.5 1014 0.12 0.10 0.07 0.06

3.0]0.18 0.15 0.12 0.09 0.08

351022 0.18 0.14 0.11 0.09

4.010.25 0.21 0.17 0.12 0.11

Table 5.3: Variation in m by varying exponent a relative to b for a range of membership
values of u > 0.34 and t = 0.001.

From Table 5.3 it can be seen that the resultant membership value is only reduced to

below 0.2 when the ratio of a/b is less than or equal to 3.

Therefore, a ratio of a/b = 3 satisfies all the constraints which are placed on the combi-

nation of v and ¢ and the geometric combination used in the AEM is:
1/4
mi; = (ud) x t;) / (5.24)
5.3.8 Application of membership generation

This section considers the method by which the cluster prototypes calculated in Section
5.2.4 are used in a novel algorithm to generate membership values for new data points

according to the mechanism described in Section 5.3.7.

Method

1. For each new data point calculate the Mahalanobis distance to each cluster center.

The distance from the j** data point to the i*" cluster is calculated as:
_ T
dij = (x; — i) - Q7" - (%5 — i) (5.25)
where y; is the cluster centre of the i** cluster and Q; is its covariance.

2. Use the distance measures and the average intracluster distances to calculate the

membership values u;; and ¢;; (where 1 < ¢ < M) for the 5t data point. The
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membership values are calculated according to:

M/ g\ D\ T
g = i (5.26)
’ k=1 (dkj>

(5.27)

3. Calculate the resultant membership value m,; for each data point j in very cluster

1 according to Equation 5.24.

4. Use the resultant membership to determine which appliances the data point may
belong to based on the short term time domain features only. Membership values

must be greater than 0.2 for classification.

Results and analysis thereof

During the training procedure, the AEM is trained to ‘know’ the cluster prototypes for
a fan heater with 3 modes of operation. The recognition data which is used to test the
proposed method consists of a new data set belonging to the fan in all 3 modes in addition
to data belonging to an unknown appliance. In this example the unknown appliance is
chosen to be a kettle due to is similarity in electrical construction with the fan heater

when it is operating in its heating mode.

Figure 5.8 shows a plot of the recognition data for each cycle for the kettle and the fan
heater in all 3 modes. The feature data is plotted for each cycle of each appliance, along
with the cluster centres obtained during training. Membership values are generated for

each data point in each of the known clusters.

Figures 5.9, 5.10 and 5.11 illustrate the variation of the membership values of the new data
sets belonging to the fan heater in mode 0 (fan only), mode 1 and mode 2 respectively,
in the cluster to which they belong. The membership values generated for each new data

set are negligible in the clusters to which they do not belong. Figures 5.12, 5.13 and 5.14
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Regocnition Data for Fan Heater in 3 Operating Modes and Kettle
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Figure 5.8: Plot of recognition data projected onto 2 dimensions.

illustrate the variation in membership values of the data set generated by the kettle in

each of the known clusters from training.

From the figures it can be seen that for the data sets from the appliances to which the
AEM has been trained (i.e. the fan heater in all three modes) only 5 data points have a
resultant membership value of less than 0.2 in the cluster to which they belong. It has
also been stated that the resultant membership value, m, must be greater than 0.2 for
classification to be possible. This illustrates that more than 99.5% of data points are
classified correctly based on their short term membership data alone for the appliances

used in this example.

The resultant membership values are negligible for the kettle data points in each of the
known clusters. Even though the probabilistic membership lies close to 1 for the kettle

data points in the cluster prototype for the fan heater in heat mode 2, the possibilistic
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Figure 5.9: Plot of membership values for the fan heater in fan only mode in the corre-

sponding cluster.

Figure 5.10: Plot of membership values for the fan heater in heat mode 1 in the corre-

sponding cluster.



Plot of Membership Walues for the Fan Heater in Heat Mode 2 in the Corresponding Cluster
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Figure 5.11: Plot of membership values for the fan heater in heat mode 2 in the corre-
sponding cluster.

Plat of Mermbership “Walues for the Kettle in Cluster Corresponding to Fan Heater in Fan Only Mode
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Figure 5.12: Plot of membership values for the kettle in the cluster corresponding to the
fan heater in fan only mode.
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Flot of Membership “alues for the Kettle in Cluster Carresponding ta Fan Heater in Heat Mode 1
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Figure 5.13: Plot of membership values for the kettle in the cluster corresponding to the

fan heater in heat mode 1.
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Figure 5.14: Plot of membership values for the kettle in the cluster corresponding to the
129

fan heater in heat mode 2.



typicalities generated are small enough to prevent misclassification

These results illustrate the ability of the membership function to generate correct classifi-
cations at an accuracy rate of 99.5% whilst preventing false positive results for appliances
which are unknown to the system. These results therefore demonstrate that, for the ap-
pliances considered in this chapter, the membership values perform in the way that they

were designed to.

5.4 Chapter summary

This aim of this chapter was to develop a mechanism for generating the short term
membership values for unlabelled feature vectors in a set of existing clusters, which

represent the degree to which the unlabelled feature vector belongs to that cluster.

This has been done in a two stage process. The first stage involved training the AEM
to ‘know’ various appliances by storing information relating to the average values of the
features obtained, covariance matrices and average intracluster distances for each mode

of operation of each appliance.

The second stage was the development of a method for generating memberships for an
unlabelled data point in each of the known clusters by considering the proximity and
relative proximity of the data point to the known clusters. Probabilistic memberships, wu,
and possibilistic typicalities, ¢, were calculated and used to generate a novel membership

m, where m = (u?® x t)1/4.

This membership value is assessed to be 99.5% accurate when used to identify the appli-
ance to which an unknown data point belongs. Therefore the mechanisms proposed in
this chapter generate memberships to represent the degree to which an unlabelled feature

vector belongs to a set of known clusters to a classification accuracy of 99.5%.
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Chapter 6

Short Term Features

The aim of this chapter is to identify the feature set x, which is extracted from the
observed voltage and delta current signals when an appliance changes state. This extrac-
tion is performed by the Feature Extraction Block (FEB) of the AEM system design, as

highlighted in Figure 6.1.

vy )
e
Monitor it) Al(t Feature =
Extraction
Occurrence
Isolation
Trigger FSM PM o | ™| Classiication APPLIANCE
diagrams memboersnip Framework IDENTIFICATION
generation
Edge Detector
Time of day Time of Day m;
membership

generation

Figure 6.1: Feature Extraction Block.

Because the feature set is extracted from the voltage and current and because the current
drawn by an appliance is intrinsically linked to the voltage via the appliance’s electrical
interface, Section 6.1 begins by exploring variations which may occur over time within
the voltage signal. These variations may be carried through to the current and it is

important that the features extracted by the MGB are independent of any variations.

Having determined the set of possible voltage variations over time, Section 6.2 examines a

selection of typical currents drawn by appliances in the home. This analysis is performed
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in order to highlight any potential problems that the AEM will have to overcome when

extracting features from these waveforms.

By considering the implications of variations in the voltage and issues highlighted by the
current signals observed, a set of criteria to which the selected features must adhere are
proposed in Section 6.3. These aim to ensure that when appliances are represented by
the selected features, each appliance forms a compact and disjointed cluster within the

chosen feature space.

Section 6.4 presents an overview of three possible methods of feature extraction from the
voltage and current signals. These three methods are discussed in Sections 6.5, 6.6 and

6.7.

Section 6.5 considers features which are based on a power analysis of the voltage and
current monitored. Due to the interdependency of the features established, only the
real and apparent power of each half cycle waveform are retained in the 4-dimensional
feature set. However, because the positive and negative half cycle power drawn by
most appliances is identical, the feature space effectively collapses to 2 dimensions. This
results in possible misclassification due to lack of information and therefore this method

of feature extraction is not considered appropriate.

Section 6.6 consider how further features may be generated by convolving the current
with various test signals. This allows the amount to which the current resembles the
current drawn by particular known interfaces to be quantified. However, this method of
feature extraction results in features which vary with voltage varations and therefore it

is not appropriate.

The final and chosen method of feature extraction attempts to overcome the problems
encountered with the previous methods by choosing features which model the underlying
electrical interface of individual appliances. Section 6.7 explains how features which

correspond to the component parameters of a limited number of appliance interfaces may
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be extracted from the voltage and current observed and used to represent appliances. This
method of feature extraction is limited by the appliance interfaces proposed, however,
the features obtained are appropriate and adhere to the criteria established in Section

6.3.

In Section 6.8 the selected feature set is extracted from real data and an analysis is
performed to determine how well the chosen features perform in their ability to represent

appliances.

6.1 Variation of the voltage signal with time

The feature set considered in this chapter is extracted from the voltage and current
waveforms observed for individual appliances. These two waveforms are linked together
via the appliance’s electrical interface and therefore any changes occurring in the voltage
waveform over time may be mirrored in the current waveform. Since it is desirable that
the selected features be independent of any voltage variation, this section considers the
potential variation in the voltage waveform and the subsequent variation in the current

waveform.

Figure 6.2 shows a plot of two cycles of the observed voltage waveform against time. Two
data sets are included in the plot. These data sets are captured in the Thom Building
(one of the engineering department buildings in Oxford) on different days of the week and
at different times during the working the day in order to illustrate the possible variation

in the signal over the course of a day in the same location®.

The first observation to make is that the signal forms a non-ideal sinusoid. The voltage
signal is normally taken to be a 50 Hz ideal sinusoid for mathematical calculations,

however, from Figure 6.2 it can be seen that higher harmonics are present in the signal.

Tt is noted that a better illustration would be a comparison of the voltage observed during the peak
daytime hours against that seen during the night, however, because the measurements are not used as
absolute values and rather as an indication of what may be possible, the two times selected here are
sufficient to observe potential voltage variations.
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The second observation is that the two curves are slightly different in magnitude and
shape, indicating not just a difference in the magnitude of the fundamental harmonic
but also in the higher harmonics. This is illustrated further in Figure 6.3, which shows a
plot of the relative magnitude (compared to the fundamental) of the harmonic content of
these two signals. This highlights the possible variation in both magnitude and relative

magnitude of the harmonic content of the voltage signal.

In order to explore the possible impact of this voltage variation on the current, consider
3 fundamental linear components which are likely to be present in a large proportion of
appliances. These are a resistor, R, an inductor, L, and a capacitor, C'. The following
equations describe the way in which current would be drawn for the 3 types of impedance

under an applied voltage V':

in=%
i, = JWLL (6.1)
ic :]WCV

Therefore the current will not only be dependent on the magnitude of the fundamental
voltage, which has been seen to vary from the curves plotted in Figure 6.2, but also on
the magnitude of the harmonics. This harmonic effect is magnified when considering the
harmonics in the case of a capacitor due to the multiplication of the magnitude of the

voltage harmonic by a factor of w.

As an example, if there is a 2% change in the magnitude of the fundamental voltage
(with the relative magnitudes remaining constant) applied across a capacitive interface
there will be a 14% change in magnitude of the 7** current harmonic? and a 16% change
in the the 7th harmonic of the power. Therefore, when considering which feature set to
use to represent various domestic appliances, care must be taken in order to ensure that

the features are invariant to these changes in the voltage signal over time.

2Recall that for a capacitor i = jwCv where i is the current, w is the frequency and C is the
capacitance. If the relative magnitudes of the harmonics remain the same, for the 7t harmonic w = 7wy
and therefore for a 2% change in the magnitude of the fundamental, there will be a 14% change in the
magnitude of the 7** harmonic.
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Plot of Voltage Sampled at Different Times
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Figure 6.2: A plot of two cycles of the voltage signal for data capture at two different
time periods.
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Figure 6.3: A plot of the harmonic content of the voltage signal for two signals captured
at two different time periods.
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6.2 A selection of typical current curves

This section explores the properties of some typical current signals of various domes-
tic appliances in order to highlight any potential problems that the AEM will have to
overcome when extracting features from these waveforms. The appliances selected are in-
dicative of the range of the appliances used in the home and include a kettle, a hairdryer,
a fan heater, a CD player and a TV. Sections 6.2.1 to 6.2.5 illustrate the typical voltage
and current waveforms for the 5 appliances. 2 cycles are chosen from a section of the
sampled data just after turn on and 2 cycles are chosen from near the end of the sam-
pled data, so that any underlying trend in the data can be observed. The voltage and
current waveforms are plotted in both the time and frequency domains, in order to allow
for observation of variations in the the fundamental and higher harmonics between the
start of use and end of use data. The implications of these observations are discussed in

Section 6.2.6.
6.2.1 Kettle

The first device to be considered is a kettle3. Figure 6.4 shows a plot of the voltage and
current drawn by the kettle against time for 2 cycles of data captured shortly after switch
on and 2 cycles worth of data taken shortly before switch off. The time between switch
on and switch off in this case is about 3 minutes, which corresponds to the time taken for
the kettle to boil. This plot clearly illustrates two points. The first is that the shape of
the current curve is very similar to that of the voltage curve. A kettle is mainly resistive
and consequently the device is linear with little or no phase shift when compared to the

voltage.

The second point to draw is the similarity between the two sets of data which is reflected

by the relative magnitude of the harmonics, plotted on a dB scale in Figure 6.5. The

3Tesco value cordless kettle, model number JKO4W.
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Plot of Current At Start and End of Usage Cycle for Kettle
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Figure 6.4: Plot of voltage and current signal drawn by a kettle against time. The current
curves are represented by solid lines and the voltage curves by dashed lines.
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Figure 6.5: Plot of relative magnitude of harmonics (when compared to the fundamental)
on a dB scale for both sets of voltage and current data.
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magnitude of the fundamental current varies by less than 0.03A (less than 1%) between
the two data sets. From this plot it can be seen that all harmonics are at least 75dB
smaller than the fundamental and the harmonics are nearly all co-incident for the two
current data sets. Any small differences in the current signal is due to the small change

occurring in the voltage signal as seen by considering the harmonic at 400Hz.

One factor which has not been considered here is the effect of changing the load by
increasing or decreasing the amount of water the kettle has to boil. It shall be assumed
for the purposes of this thesis that load variation will just result in an increase in time
taken to boil. This is a valid assumption as kettles are simple and cheap appliances
and are therefore unlikely to have a mechanism for detecting the load and subsequently

adjusting the electrical interface.

6.2.2 Fan heater

The second appliance chosen is a fan heater* used in the fan only mode. Figure 6.6 shows
the plot of the voltage and current drawn by the fan. It can be seen that the current
lags the voltage by about 45°. This is due to the inductive nature of the fan motor.
Furthermore, the shape of the current is not similar to that of the voltage and seems
to exhibit some peaking effect. This indicates that there is some significant amount of

higher harmonic content present, probably due to saturating magnetic components.

Figure 6.7 plots the harmonic content of the signals. From this plot it can be seen that
the magnitude of the fundamental differs by about 18% between the two sets of data.
Furthermore, the magnitude of the 3rd harmonic is significant for both data sets as it
is only about 30dB smaller than the fundamental. The relative magnitudes of the 2nd,
4th, 7th, 8th and 9th harmonics are not the same for the 2 data sets. This difference is
not due to changes in the voltage but may be caused by changes in the relative values of

the underlying electrical components due to a change in the motor speed.

4Consort fan heater, model number FHA2.
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Plot of Current At Start and End of Usage Cycle for FanHeater
4DD T T T T T T T D4

Start of Use — End of Use

200

Yoltage!
[ }

Current/a,

-200

-400

1 1 1 1 1 1 1 _|:|4
0 [0.005 0.01 0.015 .02 0.025 0.03 0.035 0.04
Timels

Figure 6.6: Plot of voltage and current signal drawn by a fan heater against time. The
current curves are represented by solid lines and the voltage curves by dashed lines.
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Figure 6.7: Plot of relative magnitude of harmonics (when compared to the fundamental)
on a dB scale for both sets of voltage and current data.
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6.2.3 Hairdryer
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Figure 6.8: Plot of voltage and current signal drawn by a hairdryer against time. The
current curves are represented by solid lines and the voltage curves by dashed lines.
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Figure 6.9: Plot of relative magnitude of harmonics (when compared to the fundamental)
on a dB scale for both sets of voltage and current data.
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The third appliance considered in this Chapter is a hairdryer®. Figure 6.8 shows a plot
of the voltage and current drawn by the hairdryer for 2 cycles just after switch on and 2
cycles after 20 seconds. From this figure it can be seen that the current is only drawn in
the negative half of the cycle. Therefore, there must be a controlled half wave rectifier
in the electrical interface to prevent current in the positive direction. The current is in
phase with the voltage and appears to be resistive. The current drawn towards the end
of usage is smaller than that at the start of usage, but except for the magnitude, the

waveforms are similar.

The similarity can be further explored by considering the harmonic content in Figure
6.9. The magnitude of the fundamental of the current varies by 5% between the two
data sets. The magnitude of the direct current is substantial (and infact bigger than
the fundamental) as the current curve only exists in the negative part of the cycle. The
relative magnitudes of the higher harmonics are generally similar between the data sets

which suggests that any variation is due to variation in the voltage.

6.2.4 CD player

The fourth appliance to be considered is a CD playerS. The voltage and current drawn
by this appliance is illustrated in Figure 6.10 for two sets of data taken at different times
during the use of the appliance. From this plot it is seen that the shape of the current
and voltage signals are very different to one another. By considering where the current
curve crosses the 0V axis, it is seen that the fundamental of the current lags the voltage

by about 45°.

For both data sets the shape of the current is similar for the positive and negative parts
of the cycle, however there are some differences. The peak that occurs at 0.005s/90°

(and also as 0.025s) is larger than the corresponding negative peak at 0.015s/270° (and

5Revlon hairdryer, model number 097X.
6Technics radio and cd player, model no SCEHT790.
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Flot of Current At Start and End of Usage Cycle for COPlayer
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Figure 6.10: Plot of voltage and current signal drawn by a CD player against time. The
current curves are represented by solid lines and the voltage curves by dashed lines.
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Figure 6.11: Plot of relative magnitude of harmonics (when compared to the fundamen-
tal) on a dB scale for both sets of voltage and current data.
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0.035s). This peak is approximately co-incidental with the peak of the voltage curve. The
current curve for this appliance also exhibits another smaller peak. This second peak
occurs in the positive part of the cycle at 0.01s/180° (and 0.03s). This corresponds to
where the voltage crosses the voltage axis from positive to negative. This peak is smaller
in the positive part of the current cycle than its corresponding negative peak occurring

at 0.02s/360° (and 0.04s).

The two data sets are similar to one another when observing a plot of the current against
time and this similarity is mirrored by the plot of the relative magnitudes of the harmonics
to the fundamental for both data sets. The magnitude of the fundamental differs by less
than 0.1% between the two data sets and from Figure 6.11 it can be seen that data
points illustrating the relative magnitudes of the various harmonics are co-incident for
the two data sets even when the voltage harmonics vary. It can also be seen that the
magnitudes of the harmonics up to 450Hz are significant in representing this particular
data set. Some of the higher harmonics are only 10dB smaller in magnitude than the
fundamental and the odd harmonics up to the 9th (450Hz) are all less than 50dB smaller

than the fundamental.

6.2.5 TV

The final appliance considered in this chapter is a TV’. A plot of the voltage and current
drawn by the TV is illustrated in Figure 6.12. The voltage is very similar between the
two data sets, however the current curve varies considerably. Although the magnitude is
quite similar between the two plots, the phase changes by about 10 degrees between the
two curves. The peak of the current at the start of use occurs at about 0.0015 seconds
(30°) after the peak of the voltage curve, whilst the peak of the current at the end of
use occurs at about 0.002 seconds (40°) after the peak of the voltage. Because of the

shape of the current it is likely that the electrical interface of the TV will contain an

"Toshiba TV, model number 26 WLT66.
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ad-dc converter and therefore a small change in the steady state voltage of the output

may cause the observed phase changes.

Plot of Current At Start and End of Usage Cycle for TV
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Figure 6.12: Plot of voltage and current signal drawn by a TV against time. The current
curves are represented by solid lines and the voltage curves by dashed lines.

Magnitude of Harmonics Present in the Current Signal for TV

D * T T T T T T T T
) © Current (start), fundamental magnitude =5.3129
ok ® +  Voltage {start), fundamental magnitude = 3225211 |
* Current (end), fundarmental magnitude = 5.3852
-:'.:-2‘ Yoltage (end), fundamental magnitude = 322.7683
20k 8 -
a0k -
@
m -40F -
= )
4
2 -G0f -
=
[=)
fut
= @ .
&
70k -
a0k -
o0 - -
*
400 | " I I I I ¢ I i
0 50 100 150 200 250 300 350 400 450 500
Frequency/Hz

Figure 6.13: Plot of relative magnitude of harmonics (when compared to the fundamen-
tal) on a dB scale for both sets of voltage and current data.
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More information can be obtained by considering the harmonic content of the signals in
Figure 6.13. It can be seen that the magnitude of the fundamental of the current varies
by less than 1% between the two sets of data. It can also be seen that the magnitudes of
the odd harmonics are significant — the magnitude of the third harmonic is less than 10dB
smaller than the fundamental and all odd harmonics up to the 9th are less than 50dB
smaller than the fundamental. Furthermore, all the odd harmonics are co-incident in
magnitude. The even harmonics are much smaller in magnitude than the odd harmonics
and are close to the noise floor of the measuring equipment. Therefore, any variation in

the magnitude of the even harmonics is negligible.

6.2.6 Issues highlighted by the current waveforms

This section considers particular features observed in the current drawn by the 5 appli-
ances and examines the potential causes and consequences of variation of the signals over
time. This allows these variations to be accounted for when considering a feature set

with which to represent appliances.

By considering the set of current curves, three observations are made which are useful in
distinguishing between appliances. The first observation is to do with the actual shape
of the curve. Appliances which have a purely resistive front end, such as the kettle, have
a current which has a shape similar to that of the voltage. Other appliances with more
complex front ends, such as the CD player or TV, have current waveforms with more
complex shapes. This is evident when considering the harmonic content. The kettle has
little harmonic content for harmonics higher than the fundamental, whilst the CD player
and TV have non-negligible harmonic content up to 450Hz. It can also be seen that the

odd harmonics tend to be considerably greater in magnitude than the even harmonics.

The second observation is the difference between the positive and negative half cycles, as

seen very clearly when considering the hairdryer. Again, this is reflected in the harmonic
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content. There is considerable dc (direct current) content and the odd harmonics are

larger than the even harmonics in this case.

The third observation is that the phase of the current with respect to the voltage varies.
For the kettle the current is in phase with the voltage, whilst the fan exhibits current

which lags the voltage by about 45 degrees.

Each of the appliances considered above show some variation in the voltage and current
signals over time. The variation in the voltage waveform has already been considered in

Section 6.1. There are three potential causes for changes in the current waveform.

The first cause is due to the changes in the voltage waveform. The current waveform is
dependent on the voltage through appliance’s electrical interface. Therefore, care must be
taken when selecting features to represent the current waveform and thus the underlying
appliance in order to ensure that any variation in the voltage is not reflected in the

features.

The second cause for observing changes in the current signal over time is due to slow
transients present in the data. This has already been illustrated in Figure 3.7 for the

heating effect observed in resistors.

The third cause for changes in the current is due to a change in the operating conditions
of a particular appliance, e.g. the effect of varying the load or temperature settings in a
washing machine. This effect might not be seen during a single use of an appliance, but

rather over multiple uses.

To overcome any changes in the current waveform due to causes 2 and 3 it should be
ensured that that all operating points are considered when the AEM is trained to obtain

the cluster prototypes for each appliance.

The observations and implications considered in this section are useful in establishing

the feature set criteria to which selected features are compared.
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6.3 Criteria for selecting a feature set

Recall that the objective of this chapter is to establish a feature set which allows each
appliance to occupy a compact and disjointed region in feature space, ensuring that
the selected features are compatible with the classification framework and clustering

algorithm proposed in Chapters 4 and 5 respectively. Therefore the following criteria are

established:

1. The features selected should allow data points from the same operating mode of the
same appliance to lie co-incident in feature space, with data points from different
appliance falling a great enough distance away in order to be able to differentiate

between the appliance.

2. The features should be as independent as possible of any changes which may occur

in the voltage signal.

3. In order that a subset of the features do not become dominant, the features should

be approximately similar in magnitude.

4. In order that the features can be used to form a d-dimensional feature space, the
features should have the same dimensions (i.e. angle’s and magnitudes should not

be compared within the same feature space).

5. To keep the time complexity of the clustering algorithm to a minimum, it should
be ensure that the feature set contain fewer than approximately 20 features. This

will also help reduce the memory requirements of the AEM.

For each method of feature extraction proposed, the selected features are considered
with reference to the established criteria in order to examine their potential for use in

the classification algorithm.

147



6.4 Overview of feature extraction

The following sections explore 3 known mechanisms of feature extraction. For each
mechanism, an overview of the technique is considered with reference to the potential
benefits of manipulating the raw data. The method of feature extraction is explained

and the results are presented and examined with reference to the feature set criteria.

It should be recalled that the AEM provides instant feedback to the user about the
total power consumption of the home. Since the AEM is already calculating the voltage,
current and power, Section 6.5 considers features based on the power consumption of
appliances. The features considered are the RMS® current, RMS voltage and the real,
reactive and apparent power. However, because of the co-dependence of these variables, it
is shown that for most appliances there are only 2 independent features and consequently

there is a large scope for the violation of feature set criteria 1.

An extension to this feature set is proposed in Section 6.6, whereby features are produced
by convolving the current waveform belonging to each appliance with a particular ‘test’
signal. By choosing appropriate test signals, linear and non-linear aspects of the current
may be identified. However, this analysis is directly dependent on the shape of the current
waveform and therefore changes in the voltage signal are carried through to the features,

thus violating feature set criteria 2.

Section 6.7 proposes a novel method of feature extraction from the voltage and current
signals to model the underlying electrical interface of appliances. This removes the de-
pendence of the features on the voltage signal. There are limitations prevalent in this
method as it is only considered for a finite range of electrical interfaces, although ex-
tension to a larger range is possible but non-trivial and beyond the scope of this thesis.

However, even with the limitations, this method of feature extraction is selected for use

8RMS stands for Root Mean Square. The RMS current is the square root of the mean of the squares
of the sequence that makes up the current waveform.
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in the AEM and Section 6.8 proposes the innovative mechanism by which the feature

extraction is performed so that it is usable in the existing classification framework.

6.5 Features relating to power consumption

All smartmeters already monitor the voltage and current signals of the home and use
these to calculate the overall power consumption. Therefore, if the features are based
on these signals, any existing smartmeter can be adapted slightly so that it is able to

provide disaggregated feedback about individual appliance usage.
6.5.1 Method for extracting features

Features are based on the time domain current and voltage curves. These curves are
monitored by the AEM and sampled at a rate of 12.8KHz. This corresponds to 256
samples per cycle. Each cycle is analysed independently in order to allow features corre-
sponding to that particular cycle to be represented. This allows any underlying trends

to be observed and accounted for.

By using the voltage and current signals to calculate the apparent, real and reactive
powers, appliances are separated based on the magnitude of the current drawn, as well
as the proportion of resistive and reactive electrical components contained in the electrical

interface of the appliance.
Therefore, the following features are calculated for each cycle:
e RMS current, i,,s, and RMS voltage, v,,,s. The RMS value of a signal, r, is

calculated in the following way [59]:

(6.2)

where N is the number of points used to represent a single cycle of the signal in

the time domain.
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e Apparent Power, S, calculated as [60].

S = Upms X lrms (6.3)
e Real Power, P:
55
P=— wji, (6.4)
Nj:1 7%

e Reactive Power?, Q:

Q=52 P2 (6.5)

Of these features, there are only three independent variables. (@) is entirely dependent
on the P and S and is therefore discarded as a feature. S is further dependent on v,
and 4, and therefore one of these must be discarded as a feature. It is decided not to
discard v,.,,s because this is uniform across all appliances and therefore acts as a constant
of proportionality between S and 7,,,s. Therefore, S is retained because it is more likely
to satisfy feature set criteria 3 which requires that the features be similar in magnitude©.
Of these 3 retained values, only the real and apparent power are used as features. This

is because the voltage is independent of the appliance in use.

The feature values are calculated for the positive and negative half cycles separately,
because, as illustrated in Section 6.2, the two half cycles may have entirely different
parameters and a complete cycle representation will not be an accurate representation

of either half cycle.

6.5.2 Appliance representation using the half cycle real and ap-
parent powers

The voltage and current data points for a set of N, cycles are used to generate the feature

vector in the following way:.

9For the purposes of this thesis it is assumed that @ includes the dispersive power associated with
higher harmonics.

0Tn previous work Hart [30] uses the real and reactive power, however, because of the feature set
criteria established, the apparent power is more suitable that the reactive and therefore is included in
this work instead.
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Method

e Take N, cycles of voltage and current data for each appliance.
e For each cycle, split the 256 data points into positive and negative half cycle.

e Use the 128 positive half cycle data points to calculate vyps4) and iy, and the
128 negative half cycle data points to calculate v,,,4—) and 4,,5-) according to

Equation 6.2.

e Use the values for vyms(s)s trms(+), Urms(—) and i.ms—) to calculate the apparent

power for the positive and negative half cycles according to Equation 6.3.

e For each cycle calculate the real power in the positive and negative half cycles (see

Equation 6.4).

e Plot the apparent power against the real power for each half cycle and for each

appliance.

Results and analysis thereof

The half cycle real and apparent power is calculated for 100 cycles worth of data for the
5 appliances and the results are plotted in Figures 6.14 and 6.15 for the positive and

negative half cycles respectively.

From the results it can be seen that the 5 appliances do form compact and distinct
clusters in feature space. Therefore, feature set criteria 1 is satisfied for the appliances

considered in this chapter.

Feature set criteria 2 states that the features should be as independent as possible of
any changes occurring in the voltage signal. For the features examined here, this is not

true, as the power is directly dependent on the voltage. Some amount of this dependence

2

“mss although this will only remove variation in the

may be removed by dividing by v

151



Plot of Apparant Power against the Real Power for the Positive Half Cycle of the & Test Appliances
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Figure 6.14: Plot of the RMS current against the power factor for the 5 appliances under
consideration for the positive half cycle.
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Figure 6.15: Plot of the RMS current against the power factor for the 5 appliances under
consideration for the negative half cycle.
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magnitude of the fundamental and not in the variation of the relative magnitudes of the

harmonics.

From the results it can be seen that the values obtained for the real and apparent power

are similar in magnitude and dimensions and therefore feature criteria 3 and 4 are satis-

fied.

The final feature criteria is that the feature set contain fewer than 20 features. This is
satisfied as the feature set contains only 4 features. However, for appliances which have
similar positive and negative half cycles (in this case all the appliance aside from the
hairdryer), the effective number of features is reduced to 2. This is because the values
obtained for the positive half cycle and negative half cycle features will be the same. As
more appliances are added to the system there is the possibility that different appliances
will overlap in feature space as this space is limited in its dimensionality thus violating

feature set criteria 1. Therefore a larger feature set is desirable.

6.6 Identifying linear and non-linear content in the
current

Further features are generated from the current by identifying particular patterns within
the waveform. This is done by convolving the current with a particular ‘test’ waveform.
The current curve is denoted by x and the test signal by y. For N pairs of observations

of the two variables, the sample correlation coefficient is defined as [61]:

_ Zi]il<xi - E)(yz - g)
VEN (o — 22 2N (v — 9)?

The value of r obtained (—1 < r < 1) reflects to what extent the current is similar to the

r

(6.6)

test signal. The higher in magnitude the value of r, the greater the similarity. A negative
value indicates a 180 degree phase shift. Therefore, by choosing test signals which reflect
the way in which typical electrical components may draw current, the amount that the

appliance resembles any particular component can be observed.
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6.6.1 Identifying linear components

Linear components including resistors, inductors and capacitors all have sinusoidal cur-
rents. The difference between these components is the phase between the current and the
voltage waveforms. The current through a resistor is in phase with the voltage across it,
whilst the current through an inductor lags the voltage by 90° and the current through
a capacitor leads the voltage across it by 90°. Therefore, the amount to which a particu-
lar signal resembles a resistor, inductor or capacitor can be identified by convolving the

current with a sinusoid. This type of analysis is similar to a Fourier representation.

6.6.2 Identifying non-linear components

By considering the current waveform obtained for the fan heater, CD player and TV in
Figures 6.6, 6.10 and 6.12 respectively, it can be seen that these appliances contain non-
linear peaks in their currents. Therefore, in order to identify these non-linear components,
the test signal in the convolution should resemble the shape of the underlying non-linear

components.

Two typical non-linear components are transformers (in ac to ac converters) and bridge
rectifiers feeding capacitors (in ac-dc converters). Transformers exhibit non-linear be-
havior due to saturation of the B-H curve of the iron core, resulting in a current curve
as illustrated in Figure 6.16. This curve is generated based on the assumption that the

properties of the transformer core may be modelled as B o tan™! (H).

Figure 6.17 illustrates the current curve which may be produced when a large rectifying
capacitor is connected to an alternating current voltage source. This model is generated
by assuming that below a critical voltage no current flows (due to diodes in the circuit)
and above this voltage a current flows through a purely resistive circuit which is attached

in parallel with the rectifying capacitor.

Therefore the size and location of non-linear peaks may be identified by selecting a test
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signal which has a similar shape to that of the current curves illustrated in Figures 6.16

and 6.17. This type of analysis is similar to a Wavelet Transform Analysis.

6.6.3 Application of the analysis to real data

Method

1. Generate a set of test curves which are used to determine the amount of a particular
behaviour contained in the current drawn by appliances. For the purposes of this
thesis 4 test waveforms are used to observe both the linear and non-linear behaviour
of the current. The linear curves include a sinusoid and co-sinusoid and these model
the amount or linear resistive, capacitive and inductive behaviour. The non-linear

curves include those illustrated in Figures 6.16 and 6.17.
2. Extract one cycle from the current being monitored.

3. Perform the correlation according to Equation 6.6 to generate a correlation coeffi-

cient for each of the 4 test signals.

4. Repeat steps 2 and 3 to generate a set of correlation coefficients for a particular

current signal over time.

5. Plot the correlation coefficients on a set of graphs.

Results and Analysis Thereof

For each appliance 50 cycles of the current over time were used in the algorithm. The
results are displayed for the linear correlations in Figure 6.18 and for the non-linear corre-
lations in Figure 6.19. The linear correlation was also performed for the 50 corresponding
voltage cycles to observe the effect of voltage variation over time on the features and is

illustrated in Figure 6.20.

From Figure 6.18 it can be seen that the kettle and the hairdryer have large linear
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Plot of the Correlation Coefficient for Linear Components of the Current
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Figure 6.18: Set of linear correlation coefficients for the current.
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Figure 6.19: Set of non-linear correlation coefficients for the current.
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Flot of the Correlation Coefficient for Linear Components of the Voltage

D [ [ I
*  Kettle
Fan Heater ' ' '
Hairdryer
-0.01 A EEEEEEEE Fesmmeos S EEEEEEETEL b P R EEEEEEEES -
W CD player | | * :
®oTY
P S S S SR S :
-0.03

-0.04

Cosinusoidal Component

-0.05

005 i i i I
0.9975 0.998 0.9985 0.999 0.9995 1
Sinusoidal Component

Figure 6.20: Set of linear correlation coefficients for the voltage.

sinusoidal components, and insignificant co-sinusoidal components. This is because these
two appliances exhibit linear waveforms which are in phase with the voltage. The reason
that the sinusoidal correlation coefficient belonging to the hairdryer is smaller than that

of the kettle is due to the lack of current in the positive half cycle for the hairdryer.

The fan heater, TV and CD player all have significant linear correlation coefficients.
This indicates the presence of some fundamental content in the current drawn by these
appliances, although from Figures 6.6, 6.10 and 6.12 it can be seen that these appliances
are clearly not linear. The relative magnitude of the correlation coefficients allows the
phase (when compared to the voltage with positive numbers corresponding to a leading
current) of the fundamental to be deduced as 45° for the fan heater, 37° for the CD player

and 25° for the TV.

It can be seen that whilst the feature presented in Figure 6.18 do fall in different regions of
feature space, the clusters into which they fall are by no means compact. This invalidates

feature set criteria 1. Furthermore, upon examination of Figure 6.20 which shows the
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linear correlation coefficients of the voltage, it becomes evident that the elongation of
the clusters in the voltage correlation coefficients are reflected in the current correlation
coefficients, which invalidates feature set criteria 2. This dependency may be removed!!
by normalising the features by the magnitude of the fundamental of the voltage, thus
solving the two problems discussed in this paragraph, but there are further problems with

this feature set which may be seen by considering the non-linear correlation coefficients.

By considering the current drawn by the various appliances, it is predicted that the fan
heater should have high non-linear inductive correlation coefficients, and the CD player
and TV should have a significant non-linear capacitive correlation coefficients. The kettle
and hairdryer are linear appliances, and therefore should not exhibit high non-linear
correlation coefficients, however, it can be seen from Figure 6.19 that the kettle has a non-
linear capacitive component of 0.5 and the hairdryer of 0.3. They both have negligible
non-linear inductive components as the current drawn by these appliances is in phase
with the voltage. The reason that these appliances appear to exhibit non-linearity is due
to the overlap of positive areas and overlap of negative areas (with no positive /negative
overlap) occurring between the current signals and the non-linear capacitive test wave.
The correlation coefficient between an ideal sinusoid and this test wave is 0.51, and
therefore there are problems when attempting to use this particular test wave to model

non-linear behaviour.

More problems with this method are explained by considering the correlation coefficients
generated for the TV. From Figure 6.12 it can be seen that the shape of the current
drawn by the TV is very similar to that of the non-linear capacitive test wave, however
the correlation coefficient between these two data sets is relatively small. This is because
the location and width of the test wave and the current signal are not the same, and

consequently the identification of the behaviour is missed. Furthermore, the location of

1 Assuming that the variation in the voltage is due solely to variations in the fundamental, and that
the relative magnitude of the harmonics remain constant.
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the peak in the current drawn by the TV shifts over time. This gives rise to the elongation
of the cluster generated for the TV, as illustrated in Figure 6.19. Therefore, the non-
linear capacitive correlation coefficients do not satisfy feature set criteria 1, because the

clusters formed when they are included in the analysis are not compact and disjointed.

A solution for this would be to use a Wavelet Packet Transform (WPT) analysis [62] to
account for the varying location of the peak with time, however, this type of analysis
produces a large number of features as the convolution between the sample and test wave
is performed on multiple scales and locations of the test wave along the sample wave.
WPT analysis was investigated in great detail but, because the features generated do not

satisfy the criteria and because of space constraints, it is not presented in this thesis.

Furthermore, whilst the dependency of the features on the voltage variations may be
largely removed for the linear analysis, this is not possible for non-linear appliances and
therefore the feature set examined in this section will continue to violate feature set
criteria 2. Whilst the other feature set criteria may be satisfied, the two most important

are not and convolution techniques are not explored in further detail.

6.7 Modelling appliance parameters

This section considers a feature extraction mechanism which attempts to remove any
dependency of the features on the voltage signal by modelling the parameters of an
appliance’s electrical interface. In general it is not possible to remove the voltage variation
due to the fact that different electrical interfaces react to the variation in different ways.
However, if the electrical interface is assumed, a set of equations may be developed which
govern the way in which that particular set of electrical components draw current when
a particular voltage is applied. Therefore the voltage variation is accounted for and

removed for that electrical interface only.

This thesis considers 3 different types of electrical interface. The list of electrical interfaces
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modelled in this section is by no means exhaustive, but extension of this analysis beyond
those models considered here is non-trivial and beyond the scope of this thesis. The
interfaces which are modelled are illustrated in Figure 6.21. Models (a) and (b) consider
a large range of linear devices as Z may model an inductor, Z = jwL, or a capacitor,
Z = 1/jwC. This covers electrical appliances such as lights, motors whose inductors do
not saturate (those which do saturate are complicated models and beyond the scope of
this thesis) and those containing heating elements including fan heaters and hairdryers.
It should be noted that under a purely sinusoidal voltage source these two models are
identical. However, the actual voltage is not ideal and does contain higher harmonics, as

seen in Figure 6.2, and consequently both these models are included in the analysis.

Model (c) illustrates a simple full bridge rectifier. Although the resistive, inductive and
capacitive components in this model are all linear, because of the presence of diodes,
the mode of operation is non-linear. This model may do well at representing appliances

which contain ac-dc converters, for example, a TV with a cathode ray tube.

i i i L A I
Za - . Y'Y Y o ] C R
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VT z VRT R, VT R, S
X I
() (b) ()

Figure 6.21: Three possible electrical interfaces modelled in this thesis.

This section proposes a feature set which corresponds to the appliance parameters of the
model which most accurately represents the underlying appliance. If it is assumed that
the selected model does accurately represent the appliance, then the features selected are

independent of the voltage and will therefore satisfy feature set criteria 2.

Mathematical models are developed in order to determine the component parameters
by considering the circuit analysis for each of the proposed models and constructing

simultaneous equations to solve. This analysis is based on Kirchoft’s current and voltage
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laws [63] which state:

n
e The sum of the currents into a junction is zero, i.e. Y. I = 0 where n is the total
k=1

number of currents flowing into that point.
n
e The sum of the voltages in any circuit loop is zero, i.e. Y Vi = 0 where n is the
k=1
total number of individual voltages (e.g. sources or impedances) present in the

loop.
6.7.1 Determining the parameters for models (a) and (b)

Kirchoft’s laws may be applied to circuits (a) and (b) by considering the harmonic content.
Circuit (c) must be considered separately as harmonic content analysis is not appropriate

due to the presence of the diodes. For circuit (a) the analysis proceeds as:

UV = UR + Uz (67)
VR =1 X R, (68)
vz =ix Za (6.9)

Substituting these values for vz and vz into Equation 6.7:
v=1Xx (Ry+ Z,) (6.10)

The same analysis can be done for circuit b) to produce circuit equation 6.11:

. ZyRy >
=17 X 6.11
vl (Rb + Zy ( )

Once these equations are known, the parameters R and Z for models (a) and (b), along

with the suitability of each model, is determined in the following way.

Models (a) and (b) assume linear currents and therefore the total harmonic distortion
(THD) of the current must be assessed to determine whether these models are appropri-

ate. The THD is calculated according to [64]:

(12 — I?)
THD = (6.12)
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where I? is the power in the current signal and I? is the power contained in the fun-
damental. By considering the relative harmonic content of the appliances tested in this
chapter, it can be seen that those appliances which are non-linear have harmonics with
relative magnitude of around 20dB smaller than the fundamental. Therefore, it is as-
sumed that if the relative harmonic content is greater than -20dB that the appliance is

non linear. This corresponds to a THD of 0.1.

If the appliance is deemed linear, i.e. THD< 0.1, Equations 6.10 and 6.11 are used
to determine the magnitude of R and Z. These equations contain two unknowns and
therefore 2 simultaneous equations are required for a solution. These two simultaneous
equations are obtained by considering the sinusoidal and co-sinusoidal components of the

fundamental of the voltage and current separately'?. For model (a) this is:

U1(sin) = il in Ra - il cos Za
(sin) (sin) (cos) ( 6.1 3>
V1(cos) = Z.l(sin)Za + Z.1(cos)}%a
where the subscript ; denotes the fundamental and the subscripts g, and .,s denote the

sinusoidal and co-sinusoidal component of the signals respectively. For model (b) the

simulations equations produced are:

Vl(sin) = ZZb’irRﬁb (i1(sin)Zb - i1(cos)Rb) (6.14)
Vl(cos) = % (h(sm)Rb + i1(cos)Zb)

If a positive value is obtained for Z then the imaginary impedance corresponds to an

inductor, whereby |Z| = wL. However, if the value returned is negative, this indicates

the presence of a capacitive impedance in which case |Z| = 1/wC'". Therefore, the features

returned consist of the parameter values in both half cycles (i.e. Rpos, Rneg, Zpos and

Zneg )-

12The sinusoidal and co-sinusoidal components may be isolated from the signal by performing an FFT
on the signal and deducing the respective components from the real and imaginary amplitudes returned.
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6.7.2 Determining the parameters for model (c)

If the THD returned is larger than 0.1, indicating that neither models (a) nor (b) are
appropriate, the parameters for model (c) are calculated. The equations for model (c)
are somewhat more complex than for models (a) and (b) and must be considered in the
two regimes of operation. The first regime is when the diodes are conducting and the
second regime is when they are not. These two regimes are illustrated in Figure 6.22.
Harmonic analysis may not be used in this scenario as the voltage across the resistance
and capacitance is not known for the entire cycle. Therefore, an innovative analysis,
which deduces the parameter values by considering particular aspects of the current

waveform, is proposed as follows.

C.
Y v, — R Y

T

Figure 6.22: Illustration of the two modes of operation of model (c). The regime in which
the diodes conduct is illustrated on the left and the regime in which they are turned off
is on the right.

The voltage vy is not constant, however it is known at the point at which the diodes
switch on, i.e. at t = 0, as v = vy. If v, is assumed to be constant just after switch on the
equation v; = v — vy may be solved at time t = 7 where 7 < 10~*s. This assumption is
reasonable due to the time constant introduced by the resistor and capacitor connected

in parallel. Therefore, the magnitude of the inductance may be estimated as:

VL (t=7)

L~————
(dz/dt)tzr

(6.15)

Once the inductance is established, the voltage across the inductor for the remainder
of the period during which the diode is conducting is calculated as v, = Ldi/dt and

therefore the voltage across the capacitor and resistor is estimated whilst the diodes are

164



conducting.

The value R, is obtained by considering the power consumption of the appliance. This
power is due to the voltage across the resistor, R., and although this voltage does vary
throughout the cycle, it is estimated as v,—,. Therefore:

(Ut:7)2

R. = ~ .
> Ukly
=1

(6.16)

2=

Finally, the value of the capacitance is obtained by considering the current consumption

of the capacitor whilst the diodes are conducting according to the following equations.

le =1 — Ud/RC (6.17)
t=to .
2 dedt
o =9 Jen (6.18)
4 Vd(t=ts) — Vd(t=t1)

The feature vector returned for this model consists of the resistance, inductance and

capacitance values, R, L and C.

6.8 Application of the analysis to real data

This section proposes a mechanism by which the analysis presented in Section 6.7 may
be used in order to determine a set of features for each appliance. The feature set should

contain an indication of the correct model and the corresponding parameters.

Method

1. For each appliance take N, cycles worth of data. Consider each cycle separately.

2. For each cycle calculate the THD in the positive and negative half cycle, assuming
that the half cycle RMS current is greater than 0.1A. Note - if the half cycle current
is less than 0.1A then set the corresponding half cycle parameters to zero in the

rest of the analysis.
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3. If the THD in both half cycles is less than 0.1 then assume that the appliance is
linear and calculate the model parameters for models (a) and (b). If the THD
is greater than 0.1 the appliance is non-linear and the model (c¢) parameters are

calculated.

4. Determine the suitability of each model proposed. This is done by considering the
error, €, between the current observed and the current predicted using the observed

voltage and the model parameters obtained, where, for models (a) and (b),

e=\¥ 2 (it = prediencry) /iRMS (6.19)

and for model (c),

t=Toff t=Tofs
t—f Z(t)dt - _f Zpredict(t)-dt
. - (6.20)
t=Ton

where 7,, is the moment at which the diodes begin conducting, and 7,5 is when the
diodes switch off and no further current is drawn. This happens twice per cycle, as

seen in Figure 6.12, so both half cycle errors should contribute to the total error.

5. Consider the error. If € < 0.1, select the model with the smallest error and features

corresponding to the appropriate component parameters.

6. If ¢ > 0.1 then none of the models proposed in this chapter are suitable. This
scenario may occur for the appliances considered in this thesis due to the limited
range of electrical interface models proposed, however, as the number of models
expands, the chance of this happening reduces. However, for the purposes of this
thesis, when this situation does occur, use a generic feature set containing the
normalised real and reactive power of the first, third and fifth current harmonics'3.
Although this feature set does not satisfy all the feature set criteria (see Section

6.6) it prevents the feature vector remaining empty for appliances who electrical

interface do not match the proposed models.

13The harmonic content is obtained by performing the FFT Matlab function on the current signal.
This is then normalised by the ratio of 230V to the magnitude of the fundamental of the voltage signal.
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Results and analysis thereof

The above analysis is performed for the kettle, fan, hairdryer, CD player and TV. 50
cycles are examined for each appliance, the model type (if applicable) of each cycle is
determined and the corresponding model parameters are calculated. For each appliance,
the number of cycles which fall under each model type is listed Table 6.1. Models A and
B consider the positive half cycle (PHC) and negative half cycle (NHC) separately whilst
model C considers the total cycle (TC).

Number of cycles of data belonging to each model

Appliance Model A Model B Model C Comment

PHC NHC | PHC NHC TC
Kettle 0 0 20 50 0 -
Fan 0 0 0 0 0 THD>0.1, (c) not suitable
Hairdryer 0 33 0 17 0 (a) and (b) suitable
CD Player | 0 0 0 0 0 THD>0.1, (c) not suitable
TV 0 0 0 0 40 e > 0.1 in 10 data cycles

Table 6.1: Number of cycles of data (out of 50 for each appliance) assigned to each model
type.

From Table 6.1 it can be seen that the kettle, hairdryer and TV may be represented by
the proposed models A, B or C, though the fan and the CD player are not covered by
any of the model types. This is because the current drawn by the fan and CD player
appliances is non-linear (therefore neither model A nor B are appropriate) and does not
correspond to a rectifier (therefore model C is not appropriate). In this thesis models for
the type of electrical interfaces assumed by the fan and CD player are not considered.
They both contain non-linear saturating inductors and extension of circuit analysis to

cover this type of model is non-trivial and beyond the scope of this research.

The kettle is linear in both positive and negative half cycles and every cycle considered
is best represented by model B. The hairdryer is also linear in the negative half cycle (no
current flows in the positive half due to a half bridge rectifier) and may be represented
by both models A and B. As seen in Table 6.1, model A is more accurate 66% of the

time and model B 34% of the time.
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The TV is non linear and is represented best by model C. By considering the electrical
interface of the TV is it known that model C should produce an accurate representation
of the current drawn. However, the model is only accurate to within 10% 40 times out
of 50. Figure 6.23 shows the rectified predicted current compared to the rectified actual
current when Model C is deemed a good match, and Figure 6.24 shows the comparison
when the error is greater than 10%. From these figures it can be seen that the general
shape of the curve is correct in both cases, but the ability of the model to make an

accurate prediction is dependent on the parameter values returned.

The reason that the parameters obtained during circuit analysis are inaccurate at mod-
elling the current 20% of the time is because the parameters are based on the derivative
of the current (see Section 6.7.2). The derivative of the current is calculated by consid-
ering the changes in the value of the current between consecutive sampled data points.
This paragraph considers the potential for error in the derivative signal by considering
the equipment used to monitor the current. The current is monitored using an 12 bit
ADC (analogue to digital converter). The most significant bit is used for sign determi-
nation and this reduces the effective number of bits to 11. The least significant bit is not
reliably accurate and therefore there is a potential error of up to approximately 0.1% of

the maximum value measured. This error is denoted by &ax-

In order to obtain the maximum possible error in the derivative curve over the entire
cycle, it is assumed that the first data point is smaller than it should be by €.y, the
next current value is larger than it should be e,,,x and so on. Whilst this is unlikely to
occur, it places the bounds on the maximum possible error, averaged over a cycle, that
may be observed in the derivative curve. By varying the error in the current as described
above, every point in the derivative curve will have an error of 2¢,,,,. This error may be
represented as a percentage of the RMS value of the derivative curve and this maximum

potential error is found to be as high as 87% if the current is assumed to be sinusoidal.
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Figure 6.23: Plot of the rectified real and predicted currents drawn by the TV under
model (¢) when the prediction is accurate.

Plot of the actual and predicted current for the TV
14 T

Actual current
Predicted current

12F

10F

CurrentfA

i 1 1
0 0.5 1 1.5 2 24 3 34
Timels « 1DB

Figure 6.24: Plot of the rectified real and predicted currents drawn by the TV under
model (c¢) when the prediction is inaccurate.
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Therefore, in order to improve the performance of model C so that it generates parameters
which more accurately model the TV a greater percentage of the time, a larger ADC is
required. By using a 16 bit ADC the average maximum potential error in the derivative

curve is reduced to 5%.

Further improvements will be made to the results obtained for model C by increasing
the sampling rate of the ADC. In the experiments described in this thesis, the sampling
rate is limited to 256 samples per cycle due to restraints on the equipment available.
However, due to the assumptions on which Equation 6.15 is based, a faster sampling rate
will enable a more accurate pinpoint of the moment at which the diodes switch on and
a more accurate representation of the inductance. It should be noted, however, that this
may increase the error in the derivative curve and must be considered with respect to

the accuracy of the ADC.

Figures 6.25 to 6.28 show a plot of the features returned for each of the appliances in
each of the applicable models. From these plots the extent to which the proposed feature
set meets the feature set criteria is assessed. From these figures it can be seen that most
of the appliances lie in different feature spaces due to their different electrical interfaces.
This improves the ability of the features to differentiate between appliances with different

electrical construction.

Feature set criteria 1 states that data points from the same appliance should lie co-
incident in feature space, with data points from different appliances falling a great dis-
tance away. From the figures it can be seen that data points from different appliances

do lie far away from each other, and in many cases fall in separate feature spaces.

From Figures 6.25 to 6.27 it can be seen that the data points from the same appliance
do lie co-incident along the R axis, but have a larger spread in general along the Z axis.
This may be explained by considering the relative magnitudes of the observed real and

imaginary impedances. In Model A where the real and imaginary impedances are in
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Plot of Megative Parameters for Model A
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Figure 6.25: Plot of the negative parameters for model A.

series, the magnitude of the real impedance in the hairdryer is over 500 times bigger
than the magnitude of the imaginary impedance and therefore the imaginary impedance

is negligible and most likely to be caused by errors in measurement or stray capacitance.

In Model B, where the real and imaginary impedances are connected in parallel, the ratio
of the imaginary impedance to the real impedance is over 500 for the hairdryer and over
100 for the kettle. Therefore, these imaginary impedances may be likened to an open
circuit and again present due to measurement errors. In both these scenarios is may be
more applicable to model the kettle and the hairdryer as pure resistances. Therefore,
under the scenario that the data belongs to model A whereby R/Z > 50, or to model
B whereby Z/R > 50, both models are deemed inappropriate and the data is actually
assigned to model R, which has 2 features; R,,s and R,.,. These are calculated with
respect to the power consumption of the appliance, i.e. R = V2 /P.,.,. A value of 50
is chosen because this represents the scenario in which the phase measurement error is
maximum, i.e. when there is some appearance of phase difference between the voltage

and current signals due only to quantization errors.
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Figure 6.26: Plot of the positive parameters for model B.

% 104 Plot of Negative Parameters for Model B
D T T T T T T |
o *  Hairdryer
O Kettle
b m
2k i
Stk * -
3 +
*
A4k 4
k-
_*.
Ak I .
6+ 4
_? 1 | 1 | | 1 | 1 -*-

Figure 6.27: Plot of the negative parameters for model B.
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Plot of Parameters for Model C projected onto two dimensions
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Figure 6.28: Plot of the parameters for model C.

Figure 6.29 shows a plot of Model R feature space for the kettle and hairdryer. It is seen
in this figure that the hairdryer appears to no resistance in the positive half cycle, i.e.
R,,s = 0 for all data points. This is caused by the lack of current in the positive half
cycle, which results in an infinite resistance. Because an infinite resistance is impossible

to plot, is it plotted instead as exactly zero resistance.

From Figure 6.29 it can be seen that the data points from the same appliance do lie near
enough co-incident in feature space so that the clusters generated do form compact and
disjointed clusters. This satisfies feature set criteria 1. Furthermore, by modelling these
appliances as resistances, the potential problems caused by having the same appliance
fall under two different models (the hairdryer is modelled sometimes under model A and

other times under model B) is removed'*.

Feature set criteria 2 states that the features should be as independent as possible of any

changes in the voltage. Because the features are extracted by considering the underling

14Tt should be noted that the sole reason that the hairdryer does fall under two different models is
because the observed capacitance is due to measurement errors and stray capacitance and therefore not
an indication as to the underlying electrical construction of the appliance.
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Plot of Parameters for Model B
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Figure 6.29: Plot of the parameters for model R.

electrical construction, if the selected model is accurate, any changes occurring in the
voltage signal are accounted for in the features and therefore the features are indeed
independent of these changes. If the model is not accurate, then the changes in the voltage
will not be removed when calculating the features and they will be carried through.
However, because the model is only applied in the case when the error between the
modelled current and the observed current is less than 10%, any inaccuracies in the
model should be small and therefore any voltage dependencies should be minimal, thus

satisfying feature set criteria 2.

The third feature set criteria states that the magnitudes of the features should be approx-
imately equal. In models A and B the maximum of the real to imaginary impedances is
50. If the ratio exceeds this then the data is assigned to model R. In model R the ratio

between the resistance in the positive half cycle and negative half cycle is determined by
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the appliance data, however, the limiting ratio is 1000*°. In model C the ratio of the real
to imaginary impedances is 50 for the inductive impedance and 1000 for the capacitive
impedance. Therefore, the largest observed magnitude difference is in the region of 1000,
which is easily accountable for if a 16 bit ADC is used (where the ratio of the MSB to the

LSB for signed numbers is 32768). Therefore, the third feature set criteria is satisfied.

The forth feature set criteria stipulates that the features must be of the same dimension in
order that they may be plotted in the same feature set criteria. All the features considered

in this section are impedances and therefore this feature set criteria is satisfied.

The final feature set criteria is that the feature set must contain 20 or fewer features.
The feature set proposed in this section contains one feature corresponding to the model
type (which is not actually used in the clustering algorithm) and a further set of features
corresponding to the appropriate appliance parameters. For models A and B this may be
up to 4 features and for model C there will be 3 appliance parameter features. Therefore,
this final feature set criteria is satisfied for the models proposed in this section. Whilst
an extension to further models is deemed necessary to allow the proposed feature set
to identify a greater range of appliances, by keeping the models relatively simple and
limiting the number of electrical components, this feature set criteria should continue to

be satisfied.

Because all 5 feature set criteria are satisfied, the method of feature extraction proposed
in this section is selected for use in the FEB of the AEM system design. Whilst it is
acknowledged that the range of appliances which may be identified is constrained due to
the limited number of models developed in this thesis, this feature set is still proposed
due to it suitability with regards to the feature set criteria. It is also acknowledged that
the range of models proposed may be extended to cover a greater spectrum of appliances,

however, this is non-trivial and beyond the scope of this thesis. Furthermore, without

151f the ratio is greater than 1000 then the current drawn in one half cycle is less than 0.1% of the
current drawn in the other half cycle and therefore cannot be measured due to the resolution of the 12
bit ADC.
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knowing the actual appliances connected to the system, this method of analysis enables
the power consumption of particular types of appliances (i.e. an ‘untrained’ system might
know that a heating type appliance is drawing power whilst the ‘trained’ system would

recognise this as a particular kettle known to be used in the home) to be determined.

6.9 Chapter summary

The aim of this chapter was to identify the feature set x, extracted from the observed
voltage and delta current signals when an appliance changes state. This chapter set about
identifying the feature set x by first considering the nature of the signals and highlighting
any observed issues in order to establish a set of criteria to which the features should

adhere.

The objective of the feature set is to represent appliances so that they are separated
into compact and disjointed clusters in the feature space identified. To ensure that the
features do form compact clusters they should be independent of changes occurring in the
voltage signal. They should also be of the same dimensions so they may be represented
in the same feature space and of similar magnitude to avoid over-domination of any one
feature. These objectives formed an array of 5 feature set criteria to which any features

proposed are measured.

Initially a set of features based on a power analysis was proposed. The apparent, real
and reactive powers are calculated from the waveforms monitored and used as features in
x. Of these features only two are independent and therefore the features retained in the
feature set correspond to the real and apparent power in the positive and negative half
cycles respectively. The features are based to some extent on the underlying electrical
construction, as the real and imaginary impedances are both represented and therefore
the data points do form compact and distinct clusters. However, the features are not

independent of changes in the voltage signal and furthermore, because the feature set is
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so limited (especially when the negative and positive half cycles are the same), there is
a high possibility that when a greater number of appliances are considered, the clusters

formed may overlap in feature space.

In order to enable an expansion of the feature set to improve the ability of the features
to distinguish between appliances, a method of feature extraction which allows linear
and non-linear components to be identified from the current was proposed. This method
of feature extraction proposes a convolution of the current with different test signals.
Various linear and non-linear components are identified with careful consideration of the
test signals proposed, with linear convolution analogous to a Fourier analysis and non-
linear convolution analogous to a Wavelet Transform Analysis. However, this method
of feature extraction results in features which are entirely dependent on the shape of
the current, which varies with any voltage variation and therefore the features are not
independent of the voltage. Because of this, convolution is not discussed in greater detail

here.

To overcome the voltage dependency problems of the previous features, an innovative
feature set is proposed which attempts to model the underlying electrical interface of the
various appliances by identifying particular aspects of the current drawn by the appli-
ance. The features in this set correspond to the identified model which best represents
each appliance (assuming that the representation is reasonably accurate) and the cor-
responding components contained in the electrical interface. These features satisfy all
the feature set criteria for the set of models proposed in this chapter and whilst some

appliances remain unidentified, this is due to the limited range of models proposed.

Having identified a suitable feature set, a novel mechanism of feature extraction was
proposed. This mechanism first determines the linearity of the underlying appliance and
then establishes the parameter values for the set of models which may be appropriate.

Once the parameter values have been determined, they are used to generate a set of
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expected currents, which are compared to the observed currents in order to determine
the accuracy of the model. The most accurate model (assuming that the accuracy is

above a certain threshold) is then used to represent that appliance.

Therefore, this chapter has satisfied its aim in identifying a feature set x which may be
used to represent appliances in a manner which satisfies all the established feature set

criteria.

178



Chapter 7

A Worked Example

This chapter uses the theory and ideas presented in Chapters 4, 5 and 6 and applies it to
a real example in order to demonstrate the ability of the proposed classification scheme

to correctly identify appliances based on their observed current and voltage waveforms.

Before the AEM may be used to identify the energy consumption of appliances, it must
first be trained to know the appliances in use in the home!. Therefore, Section 7.1 begins

by considering the mechanism of data collection to train the AEM.

The data collected is analysed separately for each appliance and used to determine the
model type and corresponding features which may be used to represent each appliance
considered in this chapter. The model type of each cycle is first determined, as outlined
in Section 7.2.1. Each model type has a different set of parameters which are used to
represent it and therefore each model type is considered separately. For each model type,
the corresponding appliance parameters (which form the feature set) are calculated and
from the set of features generated, the number of modes of operation of the appliance is

determined, as described in Section 7.2.2.

Each mode of operation is characterised by a set of cluster parameters, which include the

cluster centre (already determined in the previous part of the analysis), the covariance

IThere is the possibility of extending the analysis proposed in this thesis to incorporate an AEM
which does not require manual training, see Chapter 3 for more details, however, this is beyond the
scope of this research and not considered here.
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matrix, average intracluster distance and cluster label. The covariance matrix varies
with the number of data points used to calculate it and Section 7.2.3 describes how the
number of required data points is determined. Once this value is determined, the cluster

prototypes are evaluated and stored to memory, as described in Section 7.2.4.

Having established a set of cluster prototypes for all the appliances considered, Section
7.3 explores the mechanism by which a set of membership values are generated for a
new set of data points. These membership values represent the level to which each new
data point belongs to each of the known clusters, in order that they may be used to
identify the appliance to which the new data point belongs. The results are compared
to the known identity of the data points and this enables the accuracy of the techniques

developed in this research to be determined.

In Section 7.4 confidence levels are generated for each of the classifications made in
the previous section. Therefore, this chapter illustrates the workings of the AEM with

reference to the short term time domain features.

7.1 Generating training data

This section examines the set of training data which is used to train the AEM. The
data comes from a total of 4 different appliances but covers 9 user controlled modes of
operation. For the rest of this chapter it is assumed that there are 9 separate appliances,
as each user controlled mode may be operated separately. These appliances include a

4 and a

kettle?, a fan heater® in 3 modes (fan only, heat 1 and heat 2), a soldering iron
hairdryer® in 4 modes (heat-low-fan-low, heat-low-fan-high, heat-high-fan-low and heat-

high-fan-high).

The data collected corresponds to the voltage and current signals observed when each

2Tesco value cordless kettle, model number JK04W.
3Consort fan heater, model number FHA2.

4Weller soldering iron, model number WTCP 50.
5Revlon hairdryer, model number 097X.
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appliance draws power from the supply. These signals are sampled using an 12 bit ADC
at a rate of 256 samples per cycle. The number of cycles collected (see Table 7.2) are
sufficient to cover all operating modes of each appliance (see Section 5.2 in Chapter
5). For each cycle of data sampling is begun as the voltage crosses the zero point with a
positive gradient. Three cycles of the current for each appliance are illustrated in Figures
7.1 to 7.9. The data collected is then used to generate cluster representations for each

appliance.

From Figures 7.1 to 7.9 it can be seen that the kettle, the fan heater in heat modes 1 and
2 and the soldering iron have currents which are sinusoidal with similar parameters in
both the positive and negative half cycles. This implies that these appliances are linear.
Of these 4, the kettle and the fan heater in both modes are in phase with the voltage
and are therefore mainly resistive, whilst the soldering iron exhibits a significant current

phase lag indicating the presence of an inductor.

The hairdryer in all 4 modes has a current in phase with the voltage and therefore
indicates the presence of a resistive electrical interface. However, there are differences
in the magnitude of the current drawn in the positive and negative half cycles which is
particularly prevalent in the low-heat-low-fan mode in which no current at all is drawn
in the positive half cycle. This implies a linear resistive behaviour within a non-linear

interface.

The only truly non-linear appliance considered in this chapter is the fan heater in fan
only mode. The current is similar to that drawn by an electric motor with a saturating

inductor (indicative of the cheap 2 pole motors found in this type of apparatus).

7.2 Generating cluster prototypes

Having collected a set of training data for each appliance, this data is then used to

determine a set of cluster prototypes. Cluster prototype generation is performed for each
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Figure 7.1: Plot of 3 cycles of the current curve for a kettle
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Figure 7.2: Plot of 3 cycles of the current curve for a Fan Heater in fan only mode
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Plot of current drawn by the FanHeat?
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Figure 7.3: Plot of 3 cycles of the current curve for a Fan Heater in heat 1 mode
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Figure 7.4: Plot of 3 cycles of the current curve for a Fan Heater in heat 2 mode
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Plot of current drawn by the Solderinglron
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Figure 7.5: Plot of 3 cycles of the current curve for a soldering iron
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Figure 7.6: Plot of 3 cycles of the current curve for a hairdryer with low fan and low heat
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Figure 7.7: Plot of 3 cycles of the current curve for a hairdryer with low fan and high
heat
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Figure 7.8: Plot of 3 cycles of the current curve for a hairdryer with high fan and low
heat
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Plot of current drawn by the HairdryerHHFH
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Figure 7.9: Plot of 3 cycles of the current curve for a hairdryer with high fan and high
heat

appliance in the following way:

1. For each cycle of data collected determine the feature vector used to represent the
appliance. This contains the model type and corresponding parameters (or if none
of the models are appropriate, the generic feature set containing the normalised

real and reactive power of the first third and fifth current harmonics).

2. Consider each model type separately. For each model type use the feature vectors
generated to determine the number of clusters in the data and corresponding cluster

centers. This is done according to the method described in Section 5.2.1.

3. Once the number of cluster centres is known, determine the number of data points

needed to characterise each cluster according to the method described in Section

5.2.2.

4. Use the pre-determined number of data points to generate cluster prototypes, in-

cluding the cluster center, covariance matrix and average intracluster distance for
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each cluster found in the data (see Section 5.2.3).

7.2.1 Determining the model type and parameters

Each appliance may operate in a number of uncontrollable modes and each mode may
correspond to a totally different electrical interface and parameter set. Because different
appliance models cannot be considered in the same feature space, it is necessary to
separate the data by model type before the number of clusters within each model type

is determined.

Method

Each cycle of data is considered separately to allow trends or changes in the current to be
observed. For each cycle of data the model type and corresponding appliance parameters

are calculated as explained in Section 6.8. The model types and parameters include: The

Model Parameters Comment
A R, R,, Z,, Z, Developed in Chapter 6
B Ry, Ry, Zy, Zy, Developed in Chapter 6
R R, R, If A/B appropriate but dominated by R
C R, L C Developed in Chapter 6
G Hyyeo Hiimy Havey, Him, Hspey Hyim® Generic model when IMs? invalid

“Hnre, Hyim denotes the power of the N** real and reactive harmonics in the current.
IM stands for Interface Model, i.e. Models A, B, R and C which are based on the appliance interface.

Table 7.1: List of possible model types and their corresponding parameter values.

model type and corresponding parameter values which are considered most appropriate
to represent each cycle of data form the feature vector which is subsequently used in the

clustering procedures.

Results and Analysis Thereof

Table 7.2 lists the number of cycles used to describe each appliance and the corresponding

number of cycles which fall under each model type considered.
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Appliance Number of Cycles

Model A Model B Model R Model C  Model G | Total
Kettle 0 0 4768 0 1 4769
Fan Only 0 0 0 0 903 903
Fan Heat 1 0 0 1860 0 0 1860
Fan Heat 2 1 0 2024 0 0 2025
Soldering Iron 0 3535 0 0 4 3539
Hairdryer HLFL 0 0 976 0 0 976
Hairdryer HLFH 0 0 722 0 1 723
Hairdryer HHFL 0 0 963 0 1 964
Hairdryer HHFH 0 1 915 0 0 916

Table 7.2: Number of cycles which fall under each model type considered, listed for each
appliance.

From Table 7.2 it can be seen that most cycles for all appliances bar the fan heater in fan
only mode fall under one of the IM types. Every cycle for the fan heater in heat mode
1 and the hairdryer in heat-low-fan-low mode fall under a single IM (model R in both
cases), although it should be noted that this does not automatically imply that these

appliances will have just a single mode of use.

The fan heater in heat mode 2 and the hairdryer in heat-high-fan-high mode are appli-
ances which have training data corresponding to two different IMs. However, in both
scenarios there is a dominant type which accounts for over 99% of the cycles monitored,
indicating that the second model type is probably an anomaly due to noise on the system

or transient behaviour.

The kettle, fan in heat 1 mode and hairdryer in heat-low-fan-high and heat-high-fan-
low mode have nearly all cycles of data falling under a single IM, with the remaining
few belonging to the generic feature set. However, in all these cases less than 0.1% of
cycles belong to model G and this can again be assumed to be due to noise or transient

behaviour.

The fan heater in fan only mode is the only appliance whose data is not represented
by any of the IMs. This may be explained by considering the current drawn by this

appliance in the context of the models considered. It can be seen from Figure 7.2 that
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the current drawn is non-linear. This is confirmed by the value of the total harmonic
distortion (see Section 6.7) which has an average value of 0.1954 in the positive half cycle
and 0.2243 in the negative half cycle. Therefore models A, B and R will not accurately
represent the fan heater in fan only mode. Model C is representative of a rectifier which
draws current in a manner indicated in Figure 6.12 in the previous chapter. Again, this
is not representative of the fan and consequently model C will not accurately represent
this appliance. For the purposes of this thesis this appliance is therefore represented by
a generic feature set consisting of the the real and reactive power of the first, third and
fifth current harmonics (normalised by the magnitude of the voltage). All the cycles of

data considered for the fan in this mode are represented by the generic model type.

Figures 7.10 through to 7.12 show a plot of the parameters obtained for each cycle,
projected onto 2 dimensions, for each of the appliances considered. From these figures it
can be seen that most of the appliances considered in this chapter have purely resistive

electrical interfaces.

From Figure 7.10 it can be seen that, despite the limited features used to represent
appliances, the clusters formed are disjoint. Most of the clusters formed are also elongated
and this elongation is due to the heating effect of the resistors. It can also be seen that
the data points for the kettle and the fan heater lie along the line R,,s = [yeq, Whilst
those data points from the hairdryer lie off this line, due to differing resistances in the
positive and negative half cycle. Furthermore, in a low heat and low fan mode, the
hairdryer has no current in the positive half cycle and this is represented by a resistance

of exactly 0 (explained in Chapter 6).

The soldering iron is the only appliance to be represented by model B (see Figure 7.11)
and the fan heater in fan only mode is the only appliance to be represented by model
G (see Figure 7.12). The soldering iron forms a compact cluster, though there are some

points which lie slightly away from the bulk. This is probably due to transients caused
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Plot of parameters for model R

== mmmm e e == mm == === === g = = = i = g = = = = = = = = = == g ===

Fan Heat 1

Fan Heat 2

Hairdryer HLFL

Hairdryer HLFH
¥ Hairdryer HHFL

¥ Kettle

o

Hairdryer HHFH

L e e e S e e |
.
.
|
|
e ey
.
|
|
-
.
.
|
|
|

e e e B Bl

100 [--------
90 f--nnnnee

7
BO [ eenneee
0] S
il
3
OF-------2

[

sWyD 7 8|1242 Jey aajefau ul 8auelsisay

40 60 80 100 120 140 160

20

Resistance in positive half cycle / Ohms

Figure 7.10: Plot of data, projected onto 2 dimensions, which forms the feature vector

for appliances with model type R.

Plot of parameters for model B
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Figure 7.11: Plot of data, projected onto 2 dimensions, which forms the feature vector

for appliances with model type B.
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Plot of parameters for model G
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Figure 7.12: Plot of data, projected onto 2 dimensions, which forms the feature vector
for appliances with model type G.

by changes in the voltage signal®. The data points from the fan heater form an elongated
cluster, as these features are correlated. If the magnitude of the current increases for
some reason (due to the heating effect of resistors, or due to changes in the voltage
signal) this will be reflected by all the harmonics so long as the shape of the current

waveform remains the same.

Although it is seen from Figures 7.10 to 7.12 that the data from each appliance falls in a
single cluster, the natural number of clusters in the data is determined mathematically

via the hierarchical clustering algorithm.

7.2.2 Determining the number of clusters

Having determined the model type of all the cycles of data considered for each appliance,
each model is assessed individually in order to determine the number of clusters into

which the feature vectors form.

6Whilst the selected features do not reflect steady state changes in the voltage signal, they will
respond to transient behaviour.
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Method

Each feature vector contains the model type (A, B, R, C or G) and the corresponding
appliance parameters. For each appliance each model type is considered separately. The
appliance parameters are used in the clustering algorithm described in Section 5.2.1 to

evaluate the natural number of clusters in the data and the corresponding cluster centers.

Results and analysis thereof

For each appliance only one model type is applicable. Section 5.2.1 states that the
hierarchical clustering algorithm is performed multiple times on different groups of data
so that each group contains y feature vectors, where y is determined according to Equation
5.1. Table 7.3 shows how many clusters are formed each time the hierarchical clustering

algorithm is performed”.

From Table 7.3 it can be seen that the resultant number of clusters for each appliance is
1 for all the appliances considered in this chapter. This is the correct value in all cases,
as none of the appliances considered in this chapter are multi-modal, aside from the fan
heater and hairdryer where the different modes are user controlled and considered as

separate appliances.

From Table 7.3 it can also be seen that the hierarchical clustering of data subsets often
produces more than one cluster. This is due to the mechanism by which the data is
clustered. Ward’s clustering mechanism is used to determine the number of clusters in
each group of y data points. In this clustering mechanism the nested set of clusters
produced is done so according to a function which minimizes the Euclidean error at
each step (see Appendix C for more information). However, because of the presence of
slow transients caused by the heating effect of resistors, or slight changes in operating

parameters during use of appliances, often the underlying data sets may be elongated.

"Recall that hierarchical clustering is performed multiple times in order to ensure that all possible
modes of operation are included in the training algorithm.
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This elongation of the data is not accounted for in Ward’s clustering algorithm and

subsequently results in the apparent presence of more than one cluster.

Because of the nature of the data, the final set of cluster centres produced are also likely
to form an elongated cluster. Therefore, a single linkage algorithm (see Appendix C) is
used to cluster this data set to account for the underlying trend and consequently the
apparent existence of extra clusters is removed. It should be noted that the single linkage
algorithm is not used at every step in the clustering procedure because is it corruptible

by noisy data which may to be present in the initial data set.

At the end of this stage of the training algorithm, the number of clusters in each data set
and the corresponding cluster centres have been identified. Table 7.4 shows the cluster
centres produced and Table 7.5 shows the error between the true cluster centres and the
cluster centres returned from the algorithm. This error is present because in the final
clustering procedure it is assumed that each of the existing cluster centres (from which
the final set of clusters and corresponding cluster centres are determined) should have
the same weighting. This is not the case, because in the previous clustering steps, the
different clusters produced contain a varying number of data points. However, from Table
7.5 it can be seen that the error between the true cluster centres and those obtained from
the algorithm is less than 0.5% in all dimensions for each appliance. The limitations on
the ADC used to measure the current and voltage produces an error of 0.2% on each

signal and therefore an error of this magnitude may be assumed negligible.

7.2.3 Determining the number of data points needed to char-
acterise the clusters

Having determined the number of clusters in the data and the cluster centers, this section
explores the mechanism for determining the number of data points needed to characterise

each cluster prototype.
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Cluster centres Returned for all Appliance

Appliance Model Cluster Centre in Dimension
1 2 3 4 5 6

Kettle R 24.76 24.42 - - - -
Fan Only G 2290 -2440 5.60 397 -0.63 -0.68
Fan Heat 1 R 38.27 37.79 - - - -
Fan Heat 2 R 19.59 19.30 - - - -
Soldering Iron B 1038.15 1025.33 11.79 11.91 - -
Hairdryer HLFL R 84.22 - - - - -
Hairdryer HLFH R 152.03 86.05 - - - -
Hairdryer HHFL R 85.66 32.32 - - - -
Hairdryer HHFH R 32.58 27.69 - - - -

Table 7.4: Cluster centres returned by the hierarchical clustering algorithm. Note that
units for the Fan Only are Watts in all dimensions, for all other appliances dimensions 1
and 2 are Ohms and 3 and 4 are Henrys.

Errors in Cluster centres for all Appliances

Appliance Model Percentage Error in Dimension
1 2 3 4 ) 6

Kettle R 0.011 0.006 - - - -
Fan Only G 0.050 0.000 0.125 0.096 0.000 0.000
Fan Heat 1 R 0.213 0.211 - - - -
Fan Heat 2 R 0.312 0.310 - - - -
Soldering Iron B 0.031 0.015 0.010 0.001 - -
Hairdryer HLFL R 0.000 0.007 - - - -
Hairdryer HLFH R 0.186 0.210 - - - -
Hairdryer HHFL R 0.042  0.029 - - - -
Hairdryer HHFH R 0.191 0.210 - - - -

Table 7.5: Error between the true cluster centres and the cluster centres returned by the
hierarchical clustering algorithm. Error is expressed as a percentage of the true cluster
centre value in each dimension considered.

Method

The number of data points, n,, needed to characterise each cluster are determined with
consideration to the cluster mean. As the appliance is in use there may be some trend
in the data set, be it an underlying ripple (for example, motor variation in a washing
machine) or slow transient (for example, the increase in resistance caused by the heating
effect in lights or heaters). This variation will cause a change in the cluster centre
calculated as the number of data points used to calculate the cluster centre increases.

The number of data points needed to characterise a cluster is therefore determined with
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Number of cycles needed to characterise each cluster

Appliance Number of cycles

Case 1 Case 2
Kettle 1670 1820
Fan Only 250 260
Fan Heat 1 200 220
Fan Heat 2 200 230
Soldering Iron 870 890
Hairdryer HLFL 50 20
Hairdryer HLFH 30 30
Hairdryer HHFL 110 110
Hairdryer HHFH 80 90

Table 7.6: Number of cycles needed to characterise each cluster. Case 1 is the instance
that the cluster centres returned by the clustering algorithm are used whilst Case 2 is
when the true cluster centres are used.

consideration to the changing cluster centre as more data points are added. The method

used is described in detail in Section 5.2.2.

Results

For each appliance the number of data points needed to characterise each cluster is
expressed in Table 7.6. From this table it can be seen that the number of cycles needed
to represent the clusters varies considerably, from a minimum of 30 for the hairdryer in
heat low fan low mode, to a maximum of 1670 for the kettle. The reason for this variation
is due to the variance of the data. Recall that the t-test is performed according to the

equation:
_ T — Mo

~ s/yn

Therefore, a cluster with a small variance will produce a larger t-value and consequently

¢ (7.1)

the null hypothesis, which is that the data mean and the cluster centres are identical, is

more likely to be rejected, thus requiring a larger number of data points to be considered.

Having determined the number of data points which are needed to characterise each
cluster and the number of clusters and cluster centers, the next step is to determine the

cluster prototypes.
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7.2.4 Determining the cluster prototypes

This section explores the generation of cluster prototypes for each appliance according to
the method outlined in Section 5.2.3. The cluster prototype is composed of the cluster
centers, covariance matrix, average intracluster distance and cluster label. The cluster
centres are those calculated from the clustering algorithm (although it should be noted
that those calculated from the set of n, data points needed to represent the cluster are
not statistically different according to the t-test). The covariance matrices and average
intracluster distances are calculated from the set of n, data points and these are written
to hard memory so that they may be used in the recognition side of the algorithm.
The results are not displayed here as the actual covariance matrices would prove to be
somewhat meaningless at this stage. Rather, the discussion as to the cluster prototypes
developed is performed when considering the membership generation of a new set of data

points in the set of known clusters.

7.3 Membership generation for new feature vectors

This section considers the way in which memberships are generated for a new set of data
corresponding to each of the known appliances in order to demonstrate the ability of the
classification scheme to correctly identify appliances based on the features selected to

represent them.

A set of data is gathered for each of the 9 appliances considered in this chapter to be used
in the recognition side of the AEM. For each of the 9 appliances, Ng cycles of data are
gathered over a period of time. The applicable model if first established for each of the
Ng cycles. Once this has been determined the corresponding feature vector of parameter
values is calculated. Both the model type and the corresponding feature vector of the new
data point are then used along with the existing cluster prototypes in order to generate

a set of membership values for that data point. These membership values indicate the
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level of belongingness of that data point in each of the known clusters.

Method

e For each appliance generate Ny cycles of recognition data. In the actual imple-
mentation of the AEM in the domestic environment, the recognition data would
be generated when a step change in the power signal is observed. This recognition
data is denoted S5 and corresponds to the voltage seen by and the current drawn
by the individual appliance which has just changed state. For the purposes of this
research Ss is approximated by the individual current cycles generated and the
voltage measured across the appliance terminals.

e For Ss determine which model (A, B, C, R or G) is appropriate to model the
appliance and calculate the corresponding appliance parameters.

e Having determined the appropriate model and feature space, use the appliance
parameters to calculate the probabilistic membership and possibilistic typicality
for the new data point in each of the existing clusters in that feature space. This
is done according to the method described in Section 5.3.8.

e Use values obtained for u,;; and ¢;; to calculate m;; according to Equation 5.24.

e Use my;; to determine the appliance (if any) to which the unknown signal, Sj,
corresponds. In the fully developed AEM this involves combining the short term
membership values generated with a set of long term memberships according to
the method developed in Section 4.2.3. However, for the purposes of this thesis it
will be assumed that the long term memberships add no beneficial information and
therefore classification is performed using the short term membership values only.
This assumption is valid for the purposes of this research because the objective of
this work is to determine the classification ability of the short term time domain
features and the membership generation algorithm to correctly identify appliances

from which they were drawn.
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e (Calculate the confidence level for the classification using the set of m membership

values generated according to the method described in Section 4.2.4.

Results and Analysis Thereof

This method is performed for 100 cycles worth of data which have not been used in
training from each of the 9 appliances considered in this chapter. For each appliance the
number of cycles which fall under each model type is illustrated in Table 7.7. From these
results it can be seen that all of the cycles considered for each appliance type fall under
the correct model type (i.e. the model type to which the underlying appliance actually

belongs to), however, this does not necessarily mean that each cycle will be correctly

identified.
Appliance Number of Cycles
Model A Model B Model R Model C  Model G | Total

Kettle 0 0 100 0 0 100
Fan Only 0 0 0 0 100 100
Fan Heat 1 0 0 100 0 0 100
Fan Heat 2 0 0 100 0 0 100
Soldering Iron 0 100 0 0 0 100
Hairdryer HLFL 0 0 100 0 0 100
Hairdryer HLFH 0 0 100 0 0 100
Hairdryer HHFL 0 0 100 0 0 100
Hairdryer HHFH 0 0 100 0 0 100

Table 7.7: Number of cycles which fall under each model type considered, listed for each
appliance.

Once the model type has been determined, the corresponding feature vector is calculated

for each cycle of data. These feature vectors are plotted in 2-D feature space for each of

the appliances in Figures 7.13, 7.14 and 7.15 for models R, B and G respectively.

From these figures it can be seen that the set of recognition data does not fall equidistant
around the existing cluster prototype of the cluster to which is belong. In the case of
Models B and R this may occur because the recognition data is captured at the start of
use of the appliance (in order to ensure it is as similar as possible as that data which may

be observed in the signal S5) which, due to the heating effect of resistors, means that it is
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Plot of the new data sets and existing cluster prototypes for Model R
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Figure 7.13: Plot of the feature values generated for the recognition data which falls
under Model R and the existing cluster prototypes which fall under the same model.

Plot of the new data sets and existing cluster prototypes for Model B
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Figure 7.14: Plot of the feature values, projected onto two dimensions, generated for the
recognition data which falls under Model B and the existing cluster prototypes which fall
under the same model.
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Flot of the new data sets and existing cluster prototypes for Model G
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Figure 7.15: Plot of the feature values, projected onto two dimensions, generated for the
recognition data which falls under Model G and the existing cluster prototypes which
fall under the same model.

not necessarily identical to the mean of the training data which covers the entire mode of
use of the appliance. In Model G the difference in data value may be cause by variations
in the voltage between capture of the training data and capture of the recognition data,
because the parameters in the feature vector in this model are dependent on voltage

variations.

The differences observed between the recognition data and the cluster prototypes is
particularly important when considering the set of membership values which are subse-
quently generated. These membership values are plotted for each set of recognition data
in the cluster to which they actually belong in Figures 7.16 to 7.24. The membership
values for each cycle of recognition data in the clusters to which they do not belong is

negligible.

From these figures it can be seen that for all recognition data points bar one, the resultant

membership value is greater than 0.2 and consequently 899 of the 900 data points in the
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Figure 7.16: Plot of the membership values generated for the recognition data for the

kettle in the cluster generated by the corresponding training data.

Membership Values For Data Belonging to the FanHeater

In the Cluster Corresponding to the FanHeater
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Figure 7.17: Plot of the membership values generated for the recognition data for the
fan heater, fan only mode, in the cluster generated by the corresponding training data.
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Membership Walues For Data Belonging to the FanHeat1
In the Cluster Corresponding to the FanHeat1
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Figure 7.18: Plot of the membership values generated for the recognition data for the

fan heater, heat mode 1, in the cluster generated by the corresponding training data.
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Figure 7.19: Plot of the membership values generated for the recognition data for the
fan heater, heat mode 2, in the cluster generated by the corresponding training data.
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Membership Yalues For Data Belonging to the Solderinglron
In the Cluster Corresponding to the Solderinglron
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Figure 7.20: Plot of the membership values generated for the recognition data for the

soldering iron in the cluster generated by the corresponding training data.
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Figure 7.21: Plot of the membership values generated for the recognition data for the
hairdryer in low-heat-low-fan mode in the cluster generated by the corresponding training
data.
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Membership YWalues For Data Belonging to the HairdryerHLFH
In the Cluster Corresponding to the HairdryerHLFH
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Figure 7.22: Plot of the membership values generated for the recognition data for the
hairdryer in low-heat-high-fan mode in the cluster generated by the corresponding train-
ing data.
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Figure 7.23: Plot of the membership values generated for the recognition data for the
hairdryer in high-heat-low-fan mode in the cluster generated by the corresponding train-
ing data.
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Figure 7.24: Plot of the membership values generated for the recognition data for the
hairdryer in high-heat-high-fan mode in the cluster generated by the corresponding train-
ing data.

recognition data set are classified correctly according to their short term time domain
features. This, along with the observations made regarding Figures 7.13, 7.14 and 7.15,
illustrates that the cluster prototypes do account for data points which are typical in that
cluster but which are not coincident with the cluster mean, whilst rejecting data points
which do not belong in that cluster. This indicates well designed cluster prototypes
which are able to accurately identify those data points which exist some distance from

the cluster prototype.

From Figures 7.16 to 7.24 it can be seen that in general the performance of the member-
ship generation algorithm is better for those appliances whose features correspond to the
IMs considered in this chapter. The only appliance which has features corresponding to
Model G is the soldering iron and it can be seen that whilst the possibilistic memberships
generated for the recognition data points in this cluster are close to 1, the possibilistic
typicalities are significantly smaller than those generated for the other recognition data

sets. Furthermore, the data point which has a resultant membership of less than 0.2 does
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so because of the low possibilistic typicality generated for that data point. This indicates
the improved performance of the IM feature sets, which are independent of the voltage

variations, compared to the generic feature set.

Whilst the accuracy of classification of the 100 data points per appliance considered is
very high (99.8%) there may be scenarios in which the classification is not accurate. This
is demonstrated by considering the initial set of training data. From Table 7.2 it can be
seen that a total of 8 data points of the 16675 considered are identified as belonging to the
incorrect model. Therefore, had these data points been observed during the recognition
part of the algorithm, they would have been incorrectly classified or not classified at
all. However, this represents less than 0.1% of data points. Therefore, the classification
algorithm is deemed to be accurate to greater than 99.8% for the data considered in this

chapter.

7.4 Generating confidence levels for the classifica-
tions made

Recall from Chapter 4 that the objective of the confidence level is to determine the

strength of the classification made. The confidence level, C'L, is calculated according to

CL = /M, (M, — My) (7.2)

where the final membership value be denoted M for the highest membership and M for

the second highest.

These membership values, M, are obtained through combining the short term member-
ships m, calculated as described above, with long term membership values calculated
according to the methods described in Chapter 4. However, the version of the AEM
presented in this thesis does not consider long term membership values and therefore, for

the purposes of this work M is replaced by m, the short term membership values.
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The confidence levels are calculated for each of the classifications made and these are

presented in Figures 7.25 to 7.33.

Confidence Levels For Clasifications Made for Data Belonging to the Kettle

In the Cluster Corresponding to the Kettle
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Figure 7.25: Plot of the confidence levels generated for the recognition data for the kettle

in the cluster generated by the corresponding training data.

Confidence Levels For Clasifications Made for Data Belonging to the FanHeater

In the Cluster Corresponding to the FanHeater
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Figure 7.26: Plot of the confidence levels generated for the recognition data for the fan
heater, fan only mode, in the cluster generated by the corresponding training data.
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Confidence Levels For Clasifications Made for Data Belonging to the FanHeat1
In the Cluster Corresponding to the FanHeat1
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Figure 7.27: Plot of the confidence levels generated for the recognition data for the fan

heater, heat mode 1, in the cluster generated by the corresponding training data.
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Figure 7.28: Plot of the confidence levels generated for the recognition data for the fan
heater, heat mode 2, in the cluster generated by the corresponding training data.
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Confidence Levels For Clasifications Made for Data Belonging to the Solderinglron
In the Cluster Corresponding to the Solderinglran
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Figure 7.29: Plot of the confidence levels generated for the recognition data for the

soldering iron in the cluster generated by the corresponding training data.
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Figure 7.30: Plot of the confidence levels generated for the recognition data for the
hairdryer in low heat and low fan mode in the cluster generated by the corresponding
training data.
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Confidence Levels For Clasifications Made for Data Belonging to the HairdryerHLFH
In the Cluster Corresponding to the HairdryerHLFH
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Figure 7.31: Plot of the confidence levels generated for the recognition data for the
hairdryer in low heat high fan mode in the cluster generated by the corresponding training

data.
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Figure 7.32: Plot of the confidence levels generated for the recognition data for the
hairdryer in high heat low fan mode in the cluster generated by the corresponding training
data.
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Confidence Levels For Clasifications Made for Data Belonging to the HairdryerHHFH
In the Cluster Corresponding to the HairdryerHHFH
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Figure 7.33: Plot of the confidence levels generated for the recognition data for the
hairdryer in high heat high fan mode in the cluster generated by the corresponding
training data.

From these figures it can be seen that the confidence levels lie on the line C'L = m; and
therefore the confidence in the classification is as strong as the classification itself. This
is because in all cases the value of ms is negligible. Therefore the confidence levels lie in

the range 0.2 < CL < 1.0%.

7.5 Chapter summary

This chapter has shown how the classification techniques developed in Chapters 4 and 5
are implemented in an example using real world data for 9 different appliances. Initially
a training algorithm is performed on a set of training data for each of the appliances.
This first determines the natural number of clusters in each appliance’s data set, before
determining the cluster center, covariance matrix and average intracluster distance for

each of the clusters considered.

8The confidence level has been generated for the data point which belongs to the soldering iron which
has m < 0.2 and therefore CL < 0.2, however, in the working regime of the AEM this data point is not
classified and therefore no confidence level would be generated.
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Once the cluster prototypes are determined, a set of labelled recognition data is taken
for each of the appliances for which training data is available. For each appliance in the
recognition data the correct model is first identified in order to determine the feature space
within which to perform the recognition algorithm. For each cycle of the recognition data
a set of membership values are generated in each of the existing cluster prototypes in the
correct feature space. The membership values generated are those for the probabilistic
membership, u, the possibilistic typicality, ¢, and the resultant membership value, m =
¢/ (u? x t). Classification is performed if the resultant membership value is greater than
0.2 and for the data used in this chapter, over 99.8% of the recognition data is classified

correctly.

A confidence level is developed for each of the classifications, which shows that the
confidence level of the classification is as strong as the actual classification itself, as the

second highest membership value generated for each data point is negligible.

Therefore, the data considered in this chapter illustrated how the current and voltage
signals from an individual appliance are used in order to identify the correct appliance

to a 99.8% degree accuracy using only the short term data.
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Chapter 8

Conclusion

The aim of this thesis was to develop a set of techniques to be implemented in an Ad-
vanced Electricity Meter which provides homeowners with useful information about the
way in which they use electrical energy in the home to give them the means and mo-
tivation to reduce their domestic energy consumption. So that these techniques were
developed in an appropriate manner, a set of key questions were posed in order to un-
derstand the mechanism by which such a device may satisfy its objective. The work
presented in this chapter recaps on how these key questions were answered and how the
set of objectives was satisfied in order to enable the development of an appropriate set

of techniques and on the novelty introduced in this development.

8.1 Key steps in the research

How can individuals be encouraged and enabled to reduce their domestic en-
ergy consumption?

In order to establish how to aid individuals most effectively to reduce their domestic
energy consumption Chapter 2 first explored factors which influence an individuals mo-
tivation towards a task. It was found that motivation varies along a scale from extrinsic
externally controlled motivation (whereby a task is undertaken in order to avoid external

punishment or to receive some external reward) to intrinsic internally controlled moti-
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vation which is due to the task in itself. Task performance is affected by the type of
motivation an individual possesses towards the task and it is found that intrinsically mo-
tivated individuals undertake tasks with more effort and persistence than extrinsically
motivated individuals. Therefore, in order to cultivate an intrinsic interest, the task

should be made challenging, novel and interesting.

Levels of motivation are also affected by perceived task ability and therefore to increase
an individuals coping efforts towards a task, which will in turn affect their effort and
persistence, perceived self efficacy and competence levels should be heightened. This
can be done by allowing individuals to set themselves goals and intermediate goals and

providing them with feedback so they can see the results of their efforts.

Having established a set of factors which improve general task performance, Chapter 2
examined these factors with reference to the specific task of reducing domestic energy
consumption. In order to cultivate an intrinsic interest, the method by which energy
information is captured and presented to the user should not be considered a burden,
but rather be challenging, novel and encourage user interaction. This implied an au-
tomated method of calculating the energy consumption and a method of feeding back
this information to individuals whereby they can set themselves goals and monitor their

performance in a self controlled manner.

In order to heighten perceived task ability, the feedback should allow individuals to clearly
observe their energy saving endeavours. This has two implications. The first is that the
feedback should be available immediately and the second is that they should be able to

see the energy consumption of individual appliances.

Therefore, individuals can be encouraged and enabled to reduce their domestic energy
consumption by providing them with an automated feedback system which presents them
with instantaneous and disaggregated information relating to their domestic energy con-

sumption.
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What are the design implications of such a feedback system?

The design implications of the proposed feedback system were explored in Chapter 3
and were based on the set of design criteria established as a result of the implications
on motivation and task performance. These design criteria also take into account the
feasibility of such a system and it was proposed that the developed system be easy to
install into existing homes and cost no more than £70 to purchase. This implies that
the system must utilise simple hardware and monitor the electricity consumption of the

home from a single point.

The proposed design should also allow the user to observe the energy consumption of
individual appliances, which, along with the criteria discussed above, implies that the
system must use complex software in order to track the use of individual appliances from
the total electricity consumption. To do this, it is proposed that the AEM examine step
changes occurring in the whole house power consumption (corresponding to appliances
switching on and off) and from this extract an appliance signature which may be used

to identify the individual appliance causing the step change in power.

Is there any existing state of the art?

In Chapter 3 a critical analysis was performed on other systems already in existence
which satisfy the design implications of the AEM. The most fitting existing systems are
based on non-intrusive appliance load monitoring (NALM), as intrusive load monitoring

requires more complex hardware than is appropriate for the AEM.

The NALM system works by monitoring the total power consumption, identifying step
changes in power consumption, extracting features from the step changes which corre-
spond to the real and imaginary normalized power and uses these features in order to
build state diagrams for individual appliances to subsequently track the energy consump-

tion of these appliances.

The advantages and limitations of such a system are discussed and it is established
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that one of the largest problems is due to the lack of features which may be used in
order to identify appliances. Existing systems utilize only two features (the real and
reactive power) from which to identify appliances, so a question was posed as to a possible

extension of the feature set which may be extracted to form the appliance signature.

What information is used to form the appliance signature?

An appliance signature is proposed in Chapter 4 which is made up from 3 different
sets of features. These feature sets correspond to the short term time domain behaviour
(which relates to the shape of the current drawn and therefore to the appliance’s electrical
interface), the FSM behaviour observed (which may or may not be time dependent) and

influences on appliance use due to the time of day.

The features contained in these different feature sets allow more information to influence
the identification of appliances and therefore the accuracy with which appliances may be
identified following step changes in power is improved. However, because these features
exist in different domains, a framework within which the classification can take place is

deemed necessary.

How can these features be used in a framework to identify the underlying
appliance?

The mechanism by which the different feature sets may be used together in a framework
to enable appliance identification was explored in Chapter 4. The set of available infor-
mation (which corresponds to the three feature sets discussed above) is noted and the
desired capabilities of the framework are identified. With consideration to the desired
capabilities and the inter-dependency between feature sets, a Bayesian Belief Network is
proposed. However, problems with this network relating to the inability to account for

unknown appliances leads to the proposition of a novel membership model.

A novel framework is proposed with similar characteristic to the BBN, but which analyses

memberships, rather than probabilities, for each feature set. These memberships deter-
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mine the level to which each feature set belongs to each of the known appliances and
these memberships may sum to zero across all appliances if the feature set is generated

from an unknown appliance.

Having identified the membership values for each set of features in each applicable ap-
pliance group, the memberships are combined in a weighted geometric mean in order to
allow the different feature sets to have a differing level of input to the final classification

and to ensure that the addition of information does not incorrectly weaken the result.

The actual values chosen for the weightings are subject to further research and are not
considered in this report. This is because the research contained in this report is con-
cerned with the method by which the set of short term features extracted from the ap-
pliance signature are used to determine the membership values in each appliance which
is ‘known’ to the AEM. This poses three questions. The first is concerned with how the
short term features are extracted and is dealt with at a later stage. The second consid-
ers the mechanism by which the AEM can be trained to ‘know’ various appliances and
the third explores the way in which these ‘known’ appliances are subsequently used in
order to generate memberships for an unlabelled feature vector in order to identify the

appliance to which it belongs.

How can the AEM be trained to ‘know’ individual appliances?

Chapter 5 explored a novel mechanism by which the AEM is trained to ‘know’ the
individual appliances connected to the system. It is assumed that the features generated
by an appliance in a particular mode of operation form a normal data distribution and
fall into compact and disjoint clusters within the selected feature space. These clusters
may be represented by a set of parameters which characterise the data set and the AEM

may therefore be trained by determining the set of parameters.

However, appliances may exhibit more than one mode of operation and the features

generated by each mode may be different to one another. Therefore, whilst the feature
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sets generated while the appliance is in use are known to come from that appliance, the

mode of operation is unknown and furthermore the total number of modes are unknown.

The novel mechanism by which the AEM may be trained is twofold and utilises two
standard clustering techniques. The novelty is in the particular implementation of the
established techniques to overcome the problems caused by the unknown number of modes
in the data. Because the modes of operation are uncontrollable, a hierarchical clustering
procedure is used to determine the natural number of clusters (i.e. the number of modes
of operation) into which the data for each appliance falls. Once this value has been
deduced, nearest neighbour clustering is performed whereby data points are assigned to
their corresponding clusters. This allows the data from each appliance to be separated

into individual modes so that each mode may be characterised separately.

Two important questions must be answered before the clusters can be characterised:
1. What information should be used to characterise each cluster?
2. How many data points are needed to characterise each cluster?

In Chapter 5 it was identified that as well as representing each mode of operation sepa-
rately, each mode should be represented with as few parameters as possible, whilst still
ensuring that the representation encompasses all operating points and accounts for the
spread of the data. The mean, covariance and average intracluster distance are therefore

chosen as parameters with which to characterise the data.

Therefore, to train the AEM to individual appliances, a set of data points is used in order
to generate the parameters which represent each mode of operation. The mean of the
entire data set is calculated during the hierarchical clustering procedure, however, because
of the presence of slow transients in the data set, the covariance matrix is dependent on
the number of data points used to characterise each cluster. To prevent generating
misrepresentative covariance matrices, a Students t-test is proposed to determine the

number of required data points.
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Therefore, Chapter 5 illustrated the mechanism by which the features from the short term
time domain are used in a novel algorithm which determines a set of representations for
each mode of operation for each appliance. Storing these cluster representations enables
the AEM to ‘know’ these appliances in order that they may subsequently be used to

generate membership values for unknown data points.

How can these cluster prototypes be used to generate membership for an
unlabelled data point in order to identify the appliance to which it belongs?
Having established a set of cluster prototypes for each mode of each appliance to which
the AEM has been trained to recognise, these prototypes are then used in order to
generate a set of membership values for an unlabelled feature vector x. These membership
values represent the degree to which x belongs in each of the existing clusters and are
subsequently used in order to determine the identity of the appliance from which x was
drawn. The method by which this is done was explored in Chapter 5, whereby a novel
method of membership generation based on both probability and possibility theory was

proposed.

When a step change in power is observed and feature vector x subsequently identified,
this feature vector corresponds to a single appliance changing states. Because of the
assumption that only a single appliance changes states between two inspections of the
system load, this implies that the membership values should be representative of a set
of mutually exclusive events. Therefore a membership value based on the probability
of the feature vector belonging to one appliance group over another is generated. This
membership value is denoted u; for the membership of the data point in the " cluster
and it is calculated by considering the relative distance between the data point given
by x and the existing cluster prototypes. Because the memberships represent mutually
exclusive events, the membership values across all the clusters must sum to 1. This
constraint causes problems if the data point is representative of noise or transients on

the system, or of a new appliance to which the system has not been trained.

220



Therefore, a method of generating memberships based on the extent to which a data
point is typical in each cluster without consideration of any of the surrounding clusters is
proposed. This allows the membership values to be negligible in all the existing clusters
if the data point is not representative of any existing appliances. This membership value
is denoted t; and is function of the absolute distance from the data point to the cluster

center.

From these two well documented memberships, a novel membership, m, was proposed
which combines the probabilistic and possibilistic memberships geometrically. In the do-
mestic model an observed appliance state change is a mutually exclusive event due to the
assumption that only a single appliance changes state between subsequent observations
of the system. However, the model should also account for the observed state change
to belong to none of the known appliances due to the ability of an individual to update
their domestic appliances at any time. Because this new membership m combines u
and ¢ geometrically it allows both mutual exclusivity and typicality within a particular
grouping to play a part in the resultant membership and this makes it appropriate for

use in the domestic model.

Chapter 5 also considered the relative weightings of u and ¢ in determining m. A con-
straint imposed in Chapter 4 stated that a classification will not be made unless the final
membership value is above 0.2. This, along with a consideration of the distribution of
u and t values expected for positive and negative results, allowed the relative weightings
to be determined. Hence m is calculated according to m = v/u3 x t. These membership
values can then be used to identify the appliance based on just the short term data (by
classifying the data point to the appliance in which its membership value is the largest,
assuming that it is above 0.2) or can be fed into the classification network proposed in

Chapter 4.

Therefore, Chapter 5 identified a novel mechanism of generating memberships for an
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unlabelled data point x by considering the extent to which the data point belonged in
each existing cluster prototype. These membership values and corresponding cluster
prototypes are subsequently used to identify the appliance from which the data point

was drawn.

The mechanism by which the membership values are generated and subsequently used
in the proposed classification network has so far developed independently to the features
which constitute the feature vector x. However, in order to implement the proposed
classification scheme, a mechanism of generating features which are compatible with the

developed algorithms needed to be considered.

How are features extracted from the current and voltage signals?

It is established in Chapter 6 that the aim of the feature set x is to represent individual
appliances so that data points from the same appliance are grouped together and data
points from different appliances are separated within the feature space identified. In
order that the selected features allow the clustering algorithm to successfully identify
appliances in the feature space, the data points identified from each appliance should

adhere to the following criteria.

1. The features selected should allow data points from the same operating mode of
appliance to lie co-incident in the feature space, with data points from different
appliance falling a great enough distance away in order to be able to differentiate

between the appliance.

2. The features should be as independent as possible of any changes which may occur

in the voltage signal.

3. In order that a subset of the features do not become dominant, the features should

be approximately similar in magnitude.

4. In order that the features can be used to form a d-dimensional feature space, the

features should have the same dimensions (i.e. angles and magnitudes should not
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be compared within the same feature space).

5. To keep the time complexity of the clustering algorithm to a minimum, ensure that
the feature set contains fewer than approximately 20 features. This will also help

reduce the memory requirements of the AEM.

Three methods of feature extraction are explored in Chapter 6 and are assessed against
the feature set criteria. The selected method proposes a novel mechanism which extracts
features based on the observation of particular characteristics in the current and voltage
signals which give rise to a model of the appliance’s electrical interface. In this thesis
3 different models are considered!. The first two are the linear combination of real and
imaginary impedances connected in series and in parallel. The third is the non-linear

combination of linear components which constitute a rectifier.

For each set of voltage and current signals generated by each appliance, the three models
are considered and used to calculate the corresponding parameter values. Current signals
are then generated based on the observed voltage and deduced electrical interface and
the errors between the generated current and actual current is then used to determine
whether or not the model is correct. The feature set therefore contains an indication as

to the accurate model as well as the corresponding parameter values.

This innovative method of feature extraction satisfies all of the feature set criteria, as
long as the appliance falls under one of the proposed model types. If it does not a generic
feature set is used which contains the power of the real and reactive 1st, 3rd and 5th
current harmonics. This feature set does not satisfy all feature set criteria but it is used
to prevent the feature set remaining empty when none of the interface models developed

to data are appropriate. As more models are developed, the generic feature set is used

I'The number of interface models is extended to 4 when the results produced in this chapter are
analysed. The fourth model is a purely resistive electrical interface, and is proposed if either model (a)
or (b) is selected whereby the voltage drop across the imaginary impedance or the current drawn by
the imaginary impedance is significantly smaller than the voltage drop across the resistor or the current
through the resistor respectively.
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less and less often and therefore the non-satisfaction of all feature set criteria for this

generic feature set is not problematic.

Chapter 6 has thus established a novel mechanism by which features are extracted from
the voltage and current signals of each appliance considered, in order that they allow
data points from different appliances to be separated in feature space and allow data

points from the same operating mode of the same appliance to lie close together.

How well do the techniques developed in Chapters 5 and 6 cope with the task
of identifying appliances based on their short term time domain data?

In order to demonstrate the ability of the techniques developed in Chapters 5 and 6 to
identify appliances based on their short term time domain features, these techniques are

applied to a set of real world data in Chapter 7.

The proposed clustering algorithm generates memberships for unlabelled feature vectors
based on their probabilistic membership and possibilistic typicality in the set of existing
appliance groups. Therefore, before the algorithm is applied to a set of test data, a
set of training data is used to generate the cluster prototypes. Chapter 7 explores the
mechanism by which the AEM is trained to ‘know’ a set of 9 different appliances. A set
of training data is drawn from each of the appliances considered, features are extracted
from each cycle of training data and for each appliance the feature sets are used to first
determine the number of clusters and then to determine the cluster representations. FEach
appliance exhibits one mode of operation and for each mode the cluster representation
(including the model to which the data belongs and the corresponding cluster center,
covariance matrix and average intracluster distance) and cluster label is stored in a

cluster prototype.

Having established a set of cluster prototypes, features are extracted from a set of test
data which consists of 100 cycles worth of data per appliance considered. For each feature

vector the correct model type is established and a set of membership values are generated
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for the feature vector in each of the existing appliance groups within the identified feature
space. These membership values are calculated according to the method proposed in

Chapter 5.

The membership values are subsequently used to identify the appliance and to calculate
the confidence level of the classification. From the data used in Chapter 7 it was shown
that the proposed clustering algorithm produced the correct appliance classification for
over 99.8% of the data points. The reason that the classification accuracy is less than
100% is due to the final membership value generated being below 0.2, the value deemed
necessary for classification, for one of the test data points generated by the soldering

iron.

Confidence levels were generated for each classification made and it was shown that the
confidence levels for every classification are equal to the strength of the classification
itself. Therefore, in this thesis, there are no circumstances under which a false positive

classification may occur when these results are used in the classification framework.

Therefore, a mechanism by which the techniques developed in Chapters 5 and 6 are imple-
mented on a set of real world data has been illustrated in Chapter 7. This implementation
demonstrated that the ability of the classification scheme proposed to correctly identify
appliances based on their short term time domain data alone is greater than 99.8%,

whereby the errors are due to false negative classifications and no false positives.

8.2 What novel work is produced in this research?

The novelty of the work presented in this thesis is in the specific application of existing

techniques to solve a unique problem.

The first novel aspect of this work is the development of the classification framework

which enables each feature domainto affect the determination and strength of the fi-

2These include short term time domain, time dependent FSM model domain and time of day domain.

225



nal classification. This framework proposes an innovative use of memberships (which
are based on the degree to which the particular feature set belongs within a particular
appliance group) combined in a weighted geometric mean to allow more confident and
rigorous features to have a greater contribution to the final classification than weaker and
more flexible features. This enables more information to be incorporated into appliance

identification than any previous similar systems.

The second novel aspect identified in this research is in the particular application of known
clustering techniques in order to characterise existing appliances in the home. Supervised
and unsupervised clustering techniques are combined in an innovative manner so that a
set of labelled training data with an unknown number of user modes may be characterised
by a compact set of parameters which represent the distribution of the features generated

by each mode.

The third contribution to knowledge is the mechanism by which short term time domain
memberships, which represent the degree to which a new data point belongs to each of the
known appliances, are generated. These new memberships are produced by a weighted
geometric combination of two known fuzzy memberships, the probabilistic membership
u and the possibilistic typicality ¢, and enable both mutual exclusivity and typicality to
be incorporated into the final result. The particular manner in which the memberships

u and t are combined is such that it is appropriate for use in a domestic model.

The final innovation presented in this thesis concerns the mechanism by which features
are extracted from the short term time domain signals to form the short term time domain
feature set. It is not new to use models of electrical interfaces to determine the current
which is drawn by that interface, however, this research uses particular characteristics in
the current signal to determine the underlying interface. The new feature set proposed
thus contains an indication of the electrical interface model and the corresponding set of

parameter values. This feature set therefore first separates appliances by their interface
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model type, reducing the number of appliances which exist in each feature space®, before

representing appliances with features which satisfy all the proposed criteria.

This section has highlighted the four novel contributions of the work presented in this

thesis to the scientific community:.

8.3 Areas of further research

There are four areas of future work which are evident in order to develop the AEM further

and which are discussed in this section.

The first extension of work to this thesis is further development of the electrical interface
models which are used to determine the short term time domain features. More complex
models which include the operation of non-linear components within both linear and
non-linear interfaces should be included. This allows interfaces to be included in the
analysis which are particularly prevalent in the domestic environment (e.g. saturating
transformers which are present in many cheap motors including the one contained in the

electrical interface of the fan heater of Chapters 6 and 7).

The second area of further work is the further development of the classification algorithm
to cope with multi-modal appliances. For and appliance with two on modes, x and Yy,
the state transitions may be x<y as well as off<»x and off«y. If both modes have the
same electrical interface, for example, a heater with two different heat settings, both
resistive, they will have the same model type and the transition x—y may be modelled
as a linear combination of x—off and off —»y. However, if the different modes of operation
have different electrical interfaces and thus different model types, for example a washing
machine, the analysis becomes more complex as the combination of the two transitions
will most likely not belong to any of the IMs developed. By considering the previous

changes on the system and the known FSM models it may be possible to predict these

3Previous work has only considered features generic to all appliances and therefore, within each
feature space there exist clusters representing all the appliances connected to the system.
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more complex occurrences and enable an limited search through various combinations of

events, but further research is needed to justify this.

The third extension includes the development of the FSM features and the Time of Day
features within the classification framework. Research should be carried out into the
effect of both these feature domains on the probability of observing particular appliance
state changes. For example, a washing machine may have a number of wash cycles, each
of which may be represented as a time dependent finite state machine. Once the machine
has been observed to enter the first state, the probability of observing the subsequent
state transitions increases at particular time intervals after the previous state transition.
These state/time dependencies should be incorporated in the final membership through
the classification framework. Therefore, further work includes modelling the various
domestic appliances to deduce the membership generation mechanism for the FSM and
time of day nodes of the classification framework, as well as deducing the particular

combination of the memberships within the framework.

The forth area of further work is in the ability of the AEM to become self training. As seen
in the NALM analysis, training regimes may be replaced by an algorithm which builds
usage patterns of particular appliances from repetitive observations, without knowing the
actual appliances. Because the AEM uses multiple feature domains, this algorithm should
know the type of electrical interface possessed by the appliance, as well as typical state
diagrams and time of day usage patterns. With this large amount of information it may be
possible for the AEM to deduce the appliance from the database of information present.
Other possibilities include on-line cataloguing of information, much like that present
in music systems such as iTunes, so that the AEM may use the feature patterns built
up about appliances along with some on-line system to deduce the specific underlying

appliance.

This section has outlined four areas of future work which are needed in order to further
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develop the AEM in the hope that the techniques developed in this thesis may contribute
to the development of a smart system which may accurately identify the electrical energy

consumption of individual appliances in the home.

8.4 Publications

Early in the development of this research a patent application was made but subsequently
dropped due to it’s similarity to the work done in this area by Hart. However, as the
research presented in this thesis has progressed it has become evident that the reason for
the apparent similarity was due to the lack of detail in the original patent. Consequently,

the option to re-apply is currently being considered.

At the time of submission of this thesis there are no outstanding publications of this
work. This is due to reasons relating to IP issues. However, a series of papers are
planned for submission to Energy and Buildings, an international journal by Elsevier

which investigates the energy use and energy efficiency in buildings.

229



Appendix A

Apparatus for Data Collection

This appendix provides details into the apparatus used to collect the data. The schemat-

ics are provided in Figure A.1.

Picoscope
Testec voltage probe 3224PC —— PC
TT-SI 9001 I Scope
Farnell code 354971

|_ o Insﬁted_Box_ _i

AC

230V | Appliance

LEM HEME PR20 =
ac/dc current
probe, 20A

Figure A.1: Illustration of the apparatus used to collect the data relating to the voltage
across and the current drawn by individual appliances.

An appliance is connected to the mains voltage supply across the live and neutral termi-
nals. Between the mains point and the appliance is an insulated box (to protect the user
from the voltage which lies in the region of 230V rms) in which the voltage and current

measurements take place.

The voltage is measured using a Testec voltage probe connected between the live and
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neutral terminals. This probe measures the differential voltage between these terminals.
To account for the differential magnitude (i.e. up to approximately £350V maximum
differential amplitude) the attenuation factor is set to 100 at which the cut off frequency

is 2bMHz.

The current is measured using a LEM current probe connected around the neutral wire.
This probe measures current up to a maximum value of £30A at a resolution of 1mA.
The output sensitivity of the probe is 100mV /A with a cut off frequency of 20kHz. The
fundamental frequency is 50Hz, and therefore up to 400 harmonics may be accounted for
without any attenuation, which is more than enough to correctly represent the current

drawn by the types of appliances considered in this research.

These measurements are fed into a Picotech oscilloscope. This scope has an input volt-
age range of 220mV up to 20V in 10 different ranges. The software may be set to
automatically select the desired range for the most accurate readings. The bandwidth of
the scope is 10MHz and the data is sampled at 256 samples/cycle (i.e. 12.8kHz) using a
12 bit ADC. The sampling of each cycle is begun when the voltage crosses the 0V axis

from positive to negative. The readings are then stored to a file on the PC.
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Appendix B

Hidden Markov Models

In certain scenarios in the domestic environment a Hidden Markov Model (HMM) may
be appropriate for generating probabilities of observing a particular sequence of events.
A HMM becomes very complex as the number of possible states is increased (for a
system with N linked appliances or modes of operations there are 2V possible stated) and
therefore this model should only be used for FSM models which link together different
operating modes within an appliance, or 2 appliances which are used together, for example

a computer and a monitor.

When a state transition is observed, the actual state of affairs is in itself unobservable and
the actual observation relates to the short term features seen in the current waveform. A
HMM is one in which the state of the system itself cannot be seen, but the output relating
to a particular state can be observed. This appendix therefore explores the development

of an HMM appropriate to the domestic system.

The state of the system relates to which appliances are in which state at any one time.
Each state of the system is influenced only by the previous state, which is a phenomenon
observed with some appliances in the home. For example, once a computer has been
switched on the likelihood of a monitor being switched on increases from what it would
have been if the PC had not been switched on. This process is illustrated in Figure B.1

with the total number of appliances limited to just two, the monitor and the PC. There
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Y+ Yo

Figure B.1: Transition diagram for a Hidden Markov Model.
are 4 possible options for the states:

o State 0 — PC off and monitor off
e State 1 — PC off and monitor on
e State 2 — PC on and monitor on

e State 3 — PC on and monitor off

There are two potential observations in this example if the sign of the observation is
ignored (i.e. the features corresponding to a switch off are identical to those for a switch
on aside from the direction of the change). These observations relate to the feature set
obtained when the PC is switched on or off, (Yp), and the feature set from switching the
monitor on or off, (Y7). The probability of observing event Y, when in State j is given
by bji. The a's are also probabilities, but these relate to state transitions, where a;; is

the probability of the next state being j given that the current state is 1.

Given a set of training data it is possible for the model to learn the parameters a;; and

bji for all 7, j and k using the Forward-Backward algorithm [65]. Once these parameters
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have been identified and the model completed it is then possible to predict the state
changes following the observable outputs by calculating the likelihood of particular paths

and concluding on the most likely path [65].

This model exhibits some behaviour which is appropriate to the particular system under
consideration, but there are also problems associated with it. One problem is to do with
the observable outputs, Y, and the probabilities of these observations given a particular

state. This is demonstrated by considering the simple HMM above.

If the system undergoes the state transition 0 — 1, the underlying transition is that of
the monitor switching on, so the probability of observing the feature set Y; is very high
whilst the probability of observing the feature set Y; is low. This implies that by is large
and byg is small. However, now consider the transition 2 — 1, i.e. the PC switching
off and monitor remaining the same. This implies a small value for b1; and a large one
for byp. These 2 situations cannot both be true and the error is because the observable
outputs are indicative of the change in the system and not of the state of the system.
It may be possible to overcome this problem by adapting the model slightly so that the
observable outputs of the system are related to the changes rather than the states as

illustrated in Figure B.2.

This model also has a number of problems which can be observed by considering the
transition of the PC remaining the same and the monitor switching on. This would result
in the observation of event Y;, although it would not be clear from this information alone
whether the state transition occurring is from State 3 to State 2 or State 0 to State 1.
There are therefore two possible options for the current state, 1 or 2. This becomes more
complex as more interconnected appliances or interconnected states within appliances
are added to the diagram and there are many options for the states of other appliances

to remain the same whilst a single appliances switches state.

Another problem with the Hidden Markov Model is its inability to account for time.
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Figure B.2: Transition diagram for a Hidden Markov Model where the observable outputs
relate to the transitions between states rather than actual states.

The state transitions are solely dependent on the previous state of the system and not
on the time lapse between state changes. Consider the simple example used in this
section of the computer and monitor. If the initial state of the system is 0 so that both
the appliances are off, the probability of either the monitor or computer being switched
on is independent of time. This means that the probability of transitions 0 to 1 or
0 to 3 (ag; and agg respectively) are independent of the time lapse between the state
changes. However, once one of these appliances has been switched on, the probability of
observing the other appliance being switched on becomes dependent on the time lapse
between the state changes. In this example it is likely that the second appliance will be
switched on within a short time period of the first being switched on and the probability
of the observation will decrease with time. This problem can be overcome by making the

probabilities a15 and ass functions of time.

Therefore, if a particular FSM type behaviour is observed, a HMM in which the observable

outputs are indicative of a state transition and where the probabilities are functions of
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time may prove useful in generating a probability of observing a future transition due
to this state like behaviour. This will feed into the respective node in the classification

framework.
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Appendix C

Hierarchical Clustering

This appendix explores the way in which a hierarchical clustering algorithm is used in

order to determine the number of natural groupings within a data set.

C.1 Producing a nested set of clusters

Consider a set of n data points which exist in d-dimensional feature space. The data
points exist in a number of natural groupings M but this number is unknown. The
following algorithm [53] is implemented in order to produce a set of nested clusters from

which the natural number of clusters can subsequently be identified.

1. Begin by assuming that each data point is a separate cluster in it’s own right and
therefore the number of clusters K is equal to n. The cluster centres are therefore
the locations of the individual data points.

2. Reduce the value of K to n—1 and determine the new cluster centers. This is done
by merging the two closest clusters and recalculating the new cluster center.

3. Repeat Step 2) until only a single cluster remains.

There are a number of ways in which the clusters can be merged at each step which
depends on the definition of closeness used to define the distance between the two ‘closest’

clusters. The following paragraphs explore a few different standard techniques.
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Single linkage

In a single linkage clustering algorithm the closeness between a pair of clusters is defined
as a function of the distance between the closest two data points in the clusters [66]. This

can be defined mathematically as:

d(cr, cs) = min (dist (x4, 255)) 1€ (1,2,...,n,) j€(1,2,...,n) (C.1)

Where ¢, and ¢, are clusters r and s respectively, with corresponding number of data
points n, and ng. This mechanism of clustering will join two clusters if just two points
are similar, regardless of the similarity between the other points in the clusters. This
tends to produce clusters that are elongated and it does not cope well with noisy data

[53].
Complete linkage

By contrast with the single linkage algorithm, the complete linkage defines the distance
between the two closest clusters as the maximum distance between any of the points in

the two clusters [67].

d(cr, cs) = max (dist (x4, 255)) 1€ (1,2,...,n,) j€(1,2,...,n) (C.2)

This tends to favour clusters which are compact and disjointed in feature space, which is
not entirely suitable for this application, as the clusters produced do tend to be slightly

elongated due to the correlation of some features.

Average linkage

This computes the average distance between cluster r» and s by defining the distance as
the average of all pairwise combinations between the two clusters r and s [66] such that:

1 Ny Ns

SN dist (24, 2 5) (C.3)

Nes 5553

d(cm Cs) =
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This method allows all the data points to have some input into the closeness measure
between the two clusters so should avoid the problem in single linkage of merging two
clusters if two data points are similar even if the others are not. However, each time two
clusters are merged to form a reduced cluster set, the distance between the new cluster
and the existing ones needs to be recomputed to include all the data points in the new

cluster.

Ward’s linkage

Ward’s clustering mechanism [68] reduces the number of clusters from n to n—1 by joining
together the two clusters such that an objective function is minimised. This objective
function is related to the error increased caused by merging two clusters. Define the error
in present in each cluster as the sum of squares distance between each data point and
cluster center, so for cluster j which contains n; data points, the error is defined as:

i)=Yt () )

i=1 nj \iza
When two clusters are merged the error always increases, so the definition of the two

closest clusters are those which result in the smallest increase of the total sum of squares

error over all clusters, giving a distance measure:

Iz, — 2]l (C.5)

It has been chosen to use Ward’s Linkage for the algorithm due to its direct link to the
error introduced by merging two clusters, rather than just merging the two apparently

nearest in Euclidean distance to each other.

Having established the way in which to measure the distance between clusters, a hi-
erarchical clustering algorithm is applied to the data. For illustration purposes this is
performed on a data set consisting of 4 natural groupings and the dendrogram as illus-
trated in Figure C.1 is generated. As the distance measure decreases, the number of

clusters increases one at a time, though the distance between these events is varying.

239



Dendogram of Heirarchical Clustering for 4 Appliances Each Containing 10 Data Points
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Figure C.1: Dendrogram illustrating hierarchical clustering for 4 appliances

From the dendrogram in Figure C.1 it seems fairly obvious that the natural grouping of
data is into 4 clusters, however, by considering the dendrogram at a different scale as
shown in Figure C.2, it becomes less obvious to see the actual natural number of clusters.
In order to fully determine the true number of natural clusters, it is important to have
some means of testing the data to see if further splits in the number of clusters results

in a better natural grouping.

C.2 Determining the number of clusters

This section considers a mechanism by which the natural number of clusters can be de-
termined from the obtained nested set of clusters. In order to provide some mathematical
grounding to the mechanism, an error measurement is used to determine whether or not

a given cluster should be divided into two separate smaller clusters.

A common error measurement is the sum of squares error:

S x| 6

i=1

K
(2, L K)=)
=

where there are K clusters in a cluster set £ in the feature set 2. This error will reduce
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Dendogram of Heirarchical Clustering for 4 Appliances Each Containing 10 Data Paints

= o8k

Distance Measure

06—

1ol d e

24 28 21 029 22 26 23 2% X 1 17 15 12 16 13 18 1 2 5 3 9 4 8 20 10 19 6B 7 14 30
Data Point Number

Figure C.2: Dendrogram illustrating hierarchical clustering for 4 appliances at a lower
scale

as the cluster set .Z, selected from the feature set 2", becomes a better representation

of the actual grouping of the data.

However, this error alone cannot be used as an objective function, otherwise the trivial
solution of n clusters (n is the total number of data points) will result, corresponding to

a zero error! The error will always reduce as the number of clusters increases.

Assuming there are a natural number of M clusters, the error should decrease rapidly as
the number of clusters are increased from 1 to M and then the error should decrease slowly
as the number of clusters is further increased. It is therefore necessary to understand
what constitutes a statistically significant reduction of the error. This can be done by
the following hypothesis testing taken from ‘Pattern Classification” by R. Duda, P. Hart

and D. Stork [65].

Postulate a null hypothesis of the data containing K clusters. Begin with K = 1. The
aim of the test is to determine whether there is any reason to assume that the data comes

from more than just a single cluster.
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Null hypothesis All n samples come from a normally distributed population of mean

i and covariance o?I, where I is the identity matrix.

If the null hypothesis is true then any multiple clusters found would be formed by chance
and therefore any reduction in the error as a result of multiple clusters would have to
be considered insignificant. Considering the error calculation for a single cluster (and
dropping the 2" and £ as the error will be assumed to be minimised for the particular

number of clusters under investigation) the error resulting from a single cluster will be:

(1) =3 |Ixi — ¢l (C.7)
i=1
Under the null hypothesis, this error should be normal with mean ndo? and variance

2ndo?, where d is the dimension number of the data. If the data is now partitioned into

two subsets, there error will be:

2 ny

e2)=>>

j=1i=1

x? — [ (C.8)

()

As the optimal partitioning is not known the answer cannot be exact, however, an approx-
imation can be made by considering the sub-optimal partitioning of the data through

the sample mean. The error resulting in this partition should be approximately nor-

mal with mean n (d — %) 0% and variance 2n (d — %) o*, demonstrating that the error
with two clusters is indeed smaller than that for a single cluster. By considering this
sub-optimal partition as nearly optimal and assuming a normal approximation for the

sampling distribution, the critical value for this €?(2) can be approximated. Estimate o>

as:
&= L3 x—cff = L) (C.9)
nd — nd
Therefore, reject the null hypothesis at the p-percent significance level if:
e2(2) 2 2 (1 —8/m2d)
1——— _ C.10
e2(1) < md nd ( )

Where a can be determined by:

p= 1007\/12_7Te—“2/2du =50 (1 —erf (a/V2)) (C.11)
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Recalling that p is the percentage significance level and erf is the standard error function.

Therefore, by considering the error at each step and the critical value as determined from

the data set, the natural number of clusters, M, is determined.
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