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Abstract

Electric energy consumption is becoming a relevant toptbénlast years due to environmental
and economic reasons. One of the field of interests in thigggn@oblem is the reduction of
the consumption in a house environment. Nowadays peopieh@ve information about the
total energy consumption of their homes while a detailedmepf the appliances individual
behaviour would be useful to identify which appliances dfectively consuming more energy.
In this way it will be possible to make a decision to reducettit@l consumption based on the real
consumption of the single appliance. A practical methodeéasure each appliance consumption
IS necessary to achieve this purpose.

The non-intrusive appliance load monitor (NALM) approackasures aggregate power en-
ergy use as power enters the home.reverses the traditiatzadde, with simple hardware but
complex software to analyse the collected data. It is necgde install only one measurement
unit, which permits very easy installation, removal, andntemance compared to traditional
intrusive load monitoring techniques. Then complex soféMaas to disaggregate the overall
measured data in the single appliance.

The aim of the project is the design of a self-learning alponithat automatically identifies
the appliances in a NALM system, determining itself the Bigant signatures and the associ-
ated appliances without any external information. The |genohbis divided into two parts: event
detection and cluster analysis. The first part extracts fiteeoverall data significant signatures
that characterise the appliances. The extracted data lked eaents. The second part analyses
the extracted events to find frequent patterns which idetit# appliances.

The implemented system is described in detail and validatégk final chapter. The first part
presents the demonstrator we use to collect and analysadatshows some examples which
validate the model. The second part estimates the paraofetee model. Finally, in the third
part, the model is applied in a real environment.
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Introduction

Electric energy consumption is becoming a relevant toptbénlast years due to environmental
and economic reasons. The interest in energy efficiency ivated by the growing concern on
climate change and the desire to reduce the energetic €ostsof the field of interests in this
energy problem is the reduction of the consumption in a heasegonment. Nowadays people
only have information about the total energy consumptiotineir homes while a detailed report
of the appliances individual behaviour would be useful teniify which appliances are effec-
tively consuming more energy. In this way it will be possitdemake a decision to reduce the
total consumption based on the real consumption of theesimgpliance. A practical method to
measure each appliance consumption is necessary to athisymirpose. The traditional ap-
proach measures every load in the home separately using@omptrumentation systems that
individually meter each device energy consumption. Thishoe involves complex hardware
but simple software. It is necessary to install a monitopogt at each appliance and interior
wires to connect each one to a central point. A new approachinteoduced in 1989 by G.
Hart [8]. This method uses a single non-intrusive applidoed monitor (NALM) to measure
aggregate power energy use as power enters the home. The Nfsphach reverses the tra-
ditional balance, with simple hardware but complex sofemaranalyse the collected data. It is
necessary to install only one measurement unit, which gemwery easy installation, removal,
and maintenance compared to traditional intrusive loaditoong techniques. Then complex
software has to disaggregate the overall measured data sirthle appliance.

The aim of the project is the design of a self-learning alponithat identifies the appliances
in a NALM system. There are two different types of set-up whddALM system is installed:
Manual Setup (MS) and Automatic Setup (AS). The first one iregua one-time intrusive pe-
riod. During the installation period, when the appliancesswitched on and off a signature is
observed. The observed signature is manually named asrttiespgonding appliance. The "Au-
tomatic Setup” determines itself the significant signaguned the associated appliances without
any external information. It only uses a priori informatiabout the possible appliance charac-
teristics. The AS-NALM system is preferable for its complgtnon-intrusive approach. This
project proposes a solution to the "Automatic-Setup” peoinl The problem is divided into two
parts: event detection and cluster analysis. The first pénd@s from the overall data significant
signatures that characterise the appliances. The exdrdata are called events. The second part
analyses the extracted events to find frequent patterngwidrentify the appliances.

The thesis is organized as follows.
Chapter 1 describes the system model, presenting the akigiodel proposed by Hart. In

3



4 Self-learning algorithm for energy disaggregation

particular the architecture of the system, the electricatieh, the various steps of the NALM
algorithm and the possible signatures that characteresdetices are described. Then the prob-
lem we want to solve is described in details. The state of thivathe "Automatic-Setup” and
the improvements we want to achieve are presented.

Chapter 2 describes our solution for the problem of the esdetgictor. The chapter is divided
into three parts. The first part gives a theoretical definibbthe event. Then the tools and the
algorithm we use to extract the events are introduced. Tingplart estimates the parameters of
our model by looking at the output in an ideal environment.

Chapter 3 describes our solution to the cluster analysis.chiapter is divided into two parts.
The first part describes a known algorithm we use to createltis¢éers and the modifications we
made to make it more suitable to our specific case. The seamdihfroduces a new approach
to the cluster algorithm that allows us to recognise morepieriypes of devices.

Chapter 4 validates the model we presented in the previaters. The chapter is organised
into three parts. The first part presents the demonstratarsedo collect and analyse data and
shows some examples which validate the model. The secohdgianates the parameter of the
model. Finally, in the third part, the model is applied in alrenvironment.



Chapter 1

System model

This chapter presents the architecture of a NALM system. ditegter is organised into two
parts. The first part is an overview of the system model. Theegg concepts and the state of
the art of a NALM system are presented. The second part defieggoblem we want to solve,
the choices we made and the improvements we want to add tetine golutions.

1.1 System model

A non-intrusive appliance load monitor (NALM)I[8] deternesithe energy consumption of the
appliances by analysing both current and voltage measuara@dsingle point. This approach
permits a detailed analysis of the energy consumption withstalling a measure point at each
appliance of interest. The current and voltage are measwi@dingle point. Complex software
for signal processing and analysis extracts from the oMaagh information on the consumption
of the single devices. Itis possible to estimate the numieétype of the appliances, their energy
consumption and other statistics. The NALM system lookschatain "signatures” which give
information about the operating status of a particular cevin the load. For example, if we
measure a 600 W step increase in the overall power and we Kraivittere is a device, e.g. a
hair dryer, consuming the same power, this step indicatdslitle hair dryer had been switched
on. The change in power is an example of a particular elattsignature. The NALM system
has to choose certain signatures which describe the appBan the environment. A signature
has to be characteristic of the electrical behaviour of g@iance. It has to be very different for
different appliances in order to recognise them. The NALIgtsg is organised as an algorithm
in eight steps. During these steps the data are collectedraatgsed, the final outputis a detailed
analysis of the appliances in the load and a statistic of tugisumptions.
There are two main options in a NALM system:

e "Manual Setup”: A MS-NALM requires a one time intrusive period. During tiperiod
the appliances are switched on and off and the observedtsigna named as the cor-
responding appliance. This period is necessary to creatddtabase of the appliances.
After this period no intrusive access is needed and the sysgtimates by itself the con-
sumptions and statistics of the single appliances.

5



6 Self-learning algorithm for energy disaggregation

e "Automatic Setup”: An AS-NALM sets itself the database of the appliances witrany
external information. It only uses a priori information dretpossible type of device. It
has to detect significant signatures and relate them to tnesponding appliances.

The MS-NALM system has been the basis to the developing AABWIALM system and it will
be useful in situations where the AS-NALM fails. The AS-NALBtechnically more ambitious
because of its total non-intrusiveness.

The possible applications of a NALM system can be residerd@nmercial or industrial.
These classes are considered separately because of therdiffypes of appliance that are
present. The implementation and field test have focused ororesidential loads because there
is more difficult to use intrusive techniques. Some examplexpplications are the monitor of
single appliances consumption to give a detailed repot@Energetic consumptions. Suppose
to install in a home environment a NALM system during one rho#it the end of the month the
system can give a detail report of the consume of the singleaaqes. The disaggregate ener-
getic bill can be useful to suggest ways to reduce the consamprhe costumer knows which
appliances are effectively consuming more energy and ¢aeietions to reduce the total energy
consumption. Another example is the monitoring for failarelysis or security purpose. Fail-
ures can be detected if there is an unusual power consungdtsmme appliances. For example
we observe that a device , e.g. a freezer, that normally tgeeveth ON-OFF cycles is always
in the ON-state at maximum power. The system can give a fekdifahe detected failure. An
example of the use of a NALM system for security purpose isaffy@ication in vacation homes.
The system is installed in a home that is unoccupied for largpds. If there is a failure or un-
expected consumptions the owner would be notified so it isiplesto take actions to solve the
problems. Another class of applications where the NALMeystan be useful are the situations
where it is not possible to get physical access to the indalidppliances. In these situations it
is not possible to use an intrusive measurement.

In a NALM system a single sensor unit measures the total lofidd the signatures that give
information about the working devices. The collected datsent to a central processor which
disaggregates the data to characterise each device. Tieensysdel description is divided into
three parts. The first part presents the electrical modeé sEtond part is an overview of the
possible signatures that are generally used to charaetbadevices. The third part presents the
most important steps of the algorithm of a NALM system.

1.1.1 Electrical model

The electricity network, Fig[_1l1, is modelled as a set ofliapges connected in parallel to
an ideal sinusoidal voltage generat@(t). The voltage generator operates at the fundamental
frequencyf, (50 Hz in Europe) and has an internal impedadge It is possible to measure the
power, the current or the admittance of the total load. Asifi@iances are connected in parallel
these values measured at the end point are the sum of thetiespealues measured at each
appliance. The measured power and current depend on theolitagel” that is supposed to be
constant. In reality this value is time varying(¢) due to variations like rapid fluctuations that
can affect the total measure. For these reasons the adoaitizia preferable signature for the
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Vo (t)

Figure 1.1: Equivalent electrical scheme of a single phase house.

devices. The admittance is voltage independent and isieelehen the devices are connected
in parallel.

Phasor values

The total load admittancE (k) can be calculated from the measured po@gr) and the RMS
voltageViys(k):

S(k)

Y (k)= (1.1)
V}%MS(k)
To better understand the value assumed by the admittanceriteitvas the normalised
power. The normalised power is the value the power is sugptmskave with constant voltage

‘/ref:

S 2 Vier \?
S(k) = Vigy (h) = (2 ) s k) (1.2)
whereV,..; = 230[V].

The normalised power can be written as sum of the normalipeepof the devices that are
ON at timek:

N

S(k) = P(k) +jQK) = Vi > bnYa(k) (1.3)
n=1

whereby ,, indicates the devices that are ON at titlne

b — { 1 if appliance nis ON at timé 1.4)

0 if appliance nis OFF at timg
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andN is the total number of appliances.

In this analysis we have used the phasor notation. Here thesaf voltage, current and
complex power are obtained.

We can write the voltage as:

vox(t) = V2Vrus (k) sin(wt 4 a(k)) (1.5)
where w
fo= o =50Hz2 (1.6)

is the fundamental frequency.

The indexk is a discrete time index that indicates the number of theodeanda (k) is the
phase that can change every period

The Root Mean Square (RMS) value at instant k of the voltagefisied as:

ot T
Viars (k) = \/ % / V(b dt (1.7)

whereT = io is the period of the waveform arigl is an arbitrary time instant.
The voltage phasor is defined as:

Vo(k) = Vs (k)e?®® (1.8)
We can write the overall current as:

b0tk (t) = V2I pars.ior (k) sin(wt + B(k)) (1.9)

tp+T
Tnars (k) = \/ % / 2(t)dt (1.10)

k

where

andg(k) is the phase.
The equivalent current phasor is:

Lot (k) = Trars.sor(k)e?®, (1.11)

Finally the instantaneous power is defined:

ptot,k(t) = Ul,k(t)itot,k(t) (1.12)
whereuv,  is the voltage seen by the devices:
Ul,k = U07k(t) — Z(]itot,k<k>- (113)

We can assumg, = 0 sowv; ,, = v ;. We can rewrite the instantaneous power as:

ptot,k(t) = VRMS(k)]RMS,tot(k) COS(¢(IC)) - VRMS(k)]RMS,tot(k) COS(QWt + 204(]?) - Gb(k))
(1.14)
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whereo(k) = a(k) — 5(k) is the difference between the phase of the voltage and theepifa
the current.
The first term of[(1.14) corresponds to the real power:

1

to+T
P(k) = = /t p(£)dt = Vinrs (k) Irars.con(k) cos(e(k)) (1.15)

The complex powef6 (k) in the phasor notation is defined as:
S(k) = V (k) Lot (k) (1.16)

We can write it as the sum of the real and reactive power:

S(k) = P(k) + jQ(k) (1.17)
where the real poweP(k), as defined in{1.15), is:
P(k) = Vs (k) Iras or (k) cos(o(k)) (1.18)
and the reactive powe (k) is:
Q(k) = Vans (k) Irars ot (k) sin(o(k)). (1.19)

1.1.2 Signature

The appliance signatures are the essence of the NALM sysleroharacterise the appliances
we need to choose a unique electrical feature which repiefie® appliances. This feature can
be defined as an appliance signature. An appliance signatareneasurable parameter of the
total load that gives information about the nature or opegedtate of an individual appliance in
the load.

The signature disaggregation can be intrusive or nonsiveu The intrusive signatures re-
quire a physical or electrical intrusion to measure disettte behaviour of a device.

We are interested in the non-intrusive approach. A nonusne signature is the one which
can be measured at the central load point. Within the nonsive signatures there is a sep-
aration in steady state, transient or others signatures. difference between steady state and
transient signatures is the time of extraction of the infation that characterises the signature.
A transient signature considers only the information dyitime transition from one state to the
other. Transient signatures are more difficult to detecabse they are present only for a small
period of time. They can be useful to detect appliances thet the same steady signatures but
are characterised by a different transient.

On the contrary a steady state signature is continuouskepteafter the transition during
the operational time of the appliance. These characiesistiake the steady state signatures
easier to detect. The steady state signatures derive fredifference between the two operating
states before and after the transition. Another charatieis that they are addictive. If two
appliances change status at the same moment the total steséelgignature is the sum of the the
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Appliance
signatures
6.

Nonintrusive
6.A

Steady-State Transient Other Physically
6.A.1 6.A.2 6.A.3 (“Tags”)
6.B.1

Intrusive
6.8

Electrically
6.8.2

Fundamental Harmonic Direct
frequency currents current
6.A.1.a 6.A.1.b 6.A.1.c

Time
Constant

Duration

LCurrent—I LAdmittance ] I ng'fr;‘ia’l‘it:a%?én I

Figure 1.2: Signature

two signatures if they were operated separately. This ptppenot always true for the transient
signatures.

The steady state signatures can be divided into three grdupdamental frequency, har-
monic currents and direct current. The first group includigb@signatures that can be measured
at the utility fundamental frequency (50 Hz in Europe). Ehare three possible measurable sig-
natures of the total load: power, current or admittance. thhee parameters can be considered
equivalent as they are related to each other by the lineg@lt&his is true only in theory while
in a real environment the line voltage is not constant buffesceed by small fluctuations. For
this reason the admittance is more stable than the otherigwatsires. The admittance is inde-
pendent from the voltage and is addictive. A common sigeatoirepresent the admittance is
the normalized powel (1.2). This signature is the measuwtedttance multiplied by a constant
scaling factor. This value represents the expected povee Viathe line voltage was constant.

The fundamental frequency signatures consider all thecdsvas operating linearly with
respect to the current. There are some devices that presetinear components. These com-
ponents can be detected to characterise the devices in acoioygete way. It is possible to
differentiate devices with the same signatures at the foneddal frequency but different be-
haviour at higher frequencies. Two examples are the sigemtusing harmonic frequency or
direct current. The harmonic frequency signatures useuhemt components that some appli-
ances generate at higher frequency than the fundamentalTdreedirect current signatures is
another non linear property that is present in some devidean be used to characterise them.

1.1.3 Algorithm model

The algorithm model introduced by Halt [8] divides the paghlin eight steps (Figl_1.3) de-
scribed below.

A. Measure Power and Voltage.The power is measured at the utility interface. The mea-
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Analog Waveforms

\

I A. Measure Power and Voltage j

1-second RMS Data

IB. Normalize: Pporm = <1Tzo> z:l

1 Hz Normalized real, reactive power on each leg

IC. Edge Detection l

* List of step changes

| D. Cluster Analysis l

Clusters of step chi Not required
¢ usters of step changes in MS-NALM

[E. Build Appliance Models l

¢ On/Off models or FSMs

F. Track Behavior in Terms of
Models

* On and Off times of each appliance

l G. Tabulate Statistics

Energy vs. time of day, ...

Ii Appliance Naming

Not required
in MS-NALM

¢ Consumer’s name for each

Figure 1.3: Algorithm model
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sured values are averaged over a time window. The choicesafitidow length is impor-
tant to determine the separation time between differenttevét is not possible to separate
events that happen inside the same time window. If the windahorter it is possible to
separate more events.

. Calculate Normalised Power.The normalised powet (1.2) is used to extract the events as

it is more stable than the complex power because it is notteffieby the voltage fluctua-
tions.

. Edge Detection.The edge detection algorithm analyses the normalised pdiettracts

the time and size of the rapid changes in the normalized povhere are many techniques
to find these values. The most used are signal processingitees such as filtering,
differentiating, and peak detection.

. Cluster Analysis. The size of the changes extracted in the edge detection stefha

input for the cluster analysis. The time stamps are not usetthé moment. The observed
changes define a scatter plot in PQ-plane. The points in #me@re grouped into clusters,
that ideally have to represent the state change of one applialThe cluster size can be
different with respect to the appliance state it is represgen\Very consistent appliances,
for example resistive heaters, are represented by small sinisters while appliances in
which the start up load can be very variable are representétde sized clusters.

. Build Appliance Models. There are three classes of appliances models: ON/OFF, FSM

(finite state machines) for devices with a finite number aiestand continuously variable
for devices with an infinite number of states. During thigpdteese models for each ap-
pliance in the load are created from the cluster output. kample, the ON/OFF model

can be constructed coupling the clusters that are symralyrjglaced with respect to the

origin.

. Track Behaviour. A decoding approach is used to identify the appliances. Ppéances

are represented by models generated in the previous step.

. Tabulate Statistics. It is possible to tabulate a lot of different statistics aboperating

power and energy consumed for each device.

. Appliance Naming. A final task for the AS-NALM is to give a name to each detected

appliance. The statistics calculated in the previous stafhelp to differentiate the devices.

1.1.4 State of the art

In our analysis we are interested in the state of the art ofCttad D steps of the algorithm
defined by Hart[[B]. The C step identifies the events while thsté&p creates the clusters to
identify the devices.[[12] gives an update of the structuré methodology used to solve the
NALM problem.
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The presented event detector can only extract variatiagtsehithan 100 WL[12]. This is a
strong limitations to identify smaller devices. An ovewief the signatures is presented [in [9]
The appliance usages can be recognized using the real atidegrower features [8] £[5]. More
complex device that have similar P-Q characteristics cainléetified using other features. In
[3] the event detector uses the energy of the transient aratpdevices with the same real and
reactive power.[[17] proposes an approach where the eventdentified looking at the shape
of the transient. IN[11] is also shown how is possible to ceteme events when their transient
periods are overlapping. In[10], the current waveformauses to characterize the appliances in
a more specific way than the P-Q characteristic. Anotherlprolis the detection of events that
do not present a sharp or particular shape transient. Aisoltd the problem of more complex
events is presented inl[4]. The transient is approximatedsdesw ramp.

The problem of disaggregation presents numerous solutionsdifferent theoretical fields
as optimization problem or pattern recognition. An apphoasing genetic algorithms is pre-
sented in[[1B]. Several studies use neural networks to gieggte the power [2]f [1]. Another
interesting approach using the detection theory of comoatinn system is presented|in [7] Most
state of the art algorithms for cluster analysis considestelrs in the PQ-plane from the events
extracted before. I [16] a self learning process to detedt@assify devices based on their
electrical behaviour is presented. An approach to detagteat a circuit level is presented in

[14].

1.2 Problem definition

The aim of the project is the design of a self-learning albanito identify the appliances in a
NALM system. Initially, we have to choose which signaturesise to characterise the devices.
A signature has to represent the characteristic of an ap@i#o differentiate each appliance
from the others. Then the self-learning algorithm procedsdivided into three parts: steps C,
D and E of the algorithm described in section 1.1.3. Step Geddr event) detector, identifies
appliances changing status and extracts the chosen sigeafthe detected changes are called
events. Step D, cluster analysis, analyses the identifiedteto find common patterns repre-
senting the appliances. Step E, Build Appliance Model, tifies clusters representing different
state of the same device. In our analysis we only consideDNOFF model.

1.2.1 Signatures choice

The first step in our analysis is the choice of a signature lwbltaracterises the device. The
choice of the signature is an important step and determineesext steps of the algorithm, event
detector and cluster analysis. In our analysis we focus estémdy state signatures, Fig.]1.2. A
signature can be of two types: a snapshot form or a delta fdfexconsider the delta form which
is the difference between two consecutive snapshot formasiges. We consider two different
signatures to characterise the appliances. The first sighet the delta form of the normalized
powerAS ([.2). The space of all the normalized power signatures \igadimensional space.
One dimension is the delta form of the real poweP, the second one is the delta form of the
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reactive power\(Q. We consider an event that begins at the time instartind finishes at the
time instantk,. We can write the normalized power signature of the event:

AS = S(ky) — S(k1) = AP + jAQ (1.20)

whereAP = P(ky) — P(k;) andAQ = Q(ks) —Q(k1). This signature utilises only information
at the fundamental frequency.

The second signature we utilise is a delta form of the cumeveform [1.8). Some devices
present a non linear behaviour. The current waveform dokalways have a sinusoidal wave-
form but sometimes has other components at higher fregeentie delta form of the current
waveform is:

Ni() = Gtots (E) — ot (2) (1.21)

wherek; andk, represent the starting and ending time of the eventgndis the overall current
[1.9 at periodk. The current waveform is represented BY,,.c,.; = f—FO samples, wherg; is the
fundamental frequency( Hz in Europe) and is the sampling frequency. We use a sampling
frequencyF = 10000 Hz, so the current waveform is representedMy,..., = 200 samples.
Ne..rent 1S the dimension of the current signature space. Using thisagure it is possible to
identify devices that have the same power value but diftezerrent waveforms.

1.2.2 Problems and improvements

The difficulty in the design of the system is to recognise desiwith very different electrical
behaviours using the same tools. The event detector hagraxesgignificant events which are
analysed by the cluster algorithm. We consider significaatavents caused by a device that is
changing status but we do not want to consider events withgdsin power caused by operating
status of the devices. Most state-of-the-art algorithnmsardy detect very large rapid changes
in power. This is a strong limitation for the detection of o®s which have more complex
transients. For example some devices, e.g. vacuum cleawiéches on as a sequence of steps.
The event detector as defined in literature identifies a semuef state changes and not an unique
event as desired. Other devices, e.g. some lamps, switearyfElowly without an instantaneous
change in power which make very difficult their detection.

The aim of our project is to develop a self-learning algantthat allows us to detect and
recognise not only devices characterized by simple ON OERts\but also the ones which have
a more complex type of transient. The idea to recognise momgtex devices is to identify
them using the cluster procedure. The event detector hasablb to detect simple step changes
in power. The cluster algorithm has to analyse the extraeteahts to identify more complex
patterns. After coupling together clusters representiffgrdnt states of the same device, the
final output of the system is the identification of the devigessent in the environment.

The second chapter describes the solution to the eventtdef@oblem. The third chapter
describes the cluster algorithm and proposes a solutiatettdify more complex type of devices.
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Event detector

The aim of the event detector is to extract significant sigrest that characterise the appliances.
The chosen signatures are two steady state delta form aigsathe normalised powexS and
the current waveform\i(¢). These signatures are the difference of the respectivalbveiues

in two different instants. The event detector has to idgmniio steady state instants representing
a device changing status and extract the two signaturestftermeasured voltage and current.
These changes are called events.

We calculate the normalised power from the measured voldadecurrent and we use it as
input to the event detector to identify a change. The ove@inalised power is the sum of the
normalised power of the active devices. If a single devianges power consumption by, e.g.
AS, the overall power would change by the same amdwusit Therefore the device characteristic
features can be extracted by observing the variations iokeall normalised power. The key
challenges are in coupling the variations of the normals®asler to the variation of the status of
a device. The difficulty of the problem lies in the differemhaviour of different devices. The
switching on of a complex device, e.g. a TV, generates a seguaf variations (or small events).
These small events can be interpreted as changing statosatifdevices, e.g. lamps. Another
problem is the duration of the changing states. Some dewogssome lamps, do not present a
clear step in the power change. The change can be very slodifficdlt to detect.

This chapter presents our solution to the problem of the tedetection. The chapter is
organised into three parts. The first one gives a definitiogveht. The second one presents the
tools and the algorithm that we use to extract the eventstiiteepart evaluates the output of the
algorithm on some examples of ideal events. This analykis/alus to estimate the theoretical
parameters of the model.

2.1 Event definition

The aim of the project is the identification of the devices. idmntify the presence of a device

when it changes its status. The difficulty in the detectiorihafse status changes consists in
different behaviours of different devices. It is not possito use a unique event detector to
identify all the device changing status. The idea is thaethent detector has to extract the most

15
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Figure 2.1: Example of the subdivision into stable and changing peripétiart

simple features. Then the classifier has to analyse thenstwide the device changing status.

Fig.[2.1 shows the subdivision in interval representinfedéint periods done by Haft![8].

The inputS(n) : Z — C to the event detector is the measured overall normalizeapatv
time instantT" whereT" is the sampling period of the normalised power. We use thmalised
power to identify the changes. We introduce two parametdrsand K. The first parameter
N defines the length of the observation windolv:= 2N. The input signal is analysed on a
sliding window of lengthL. The second parametéf defines the observed value as stable or
not. It is used to separate variations due to changing pefroth small variations due to noise.
We consider the signal in a window centrednin We split the input signal into two parts and
calculate the mean of the two parts.

1 N—
‘“NE: n—m-—1) (2.1)
is the mean of the first part while
1 N-1 ~
ASfin(n) = Z S(n+m) (2.2)

=0

is the mean of the second part. We look at the absolute valtieedfifference of the two mean
values and compare this result with the threshold paranieter

AS;in(n) — Asm(n)) > K (2.3)

We define an interval of length = 2N centred in the time instant a transient if[(2.B) is
true. A transient interval represents a time period durihgctva device is changing status. It is
characterised by its center valueand the two mean valuegsSy;,(n) andAS;,(n). Different
devices are described by different sequences of transietitsglifferent mean values. The idea
is to use this information as input for the classificationeThassifier has to analyse sequences
of transients to find out common patterns which represerdéirece changing status.
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However,ASy;, andAS;, are sensitive to the sampling phase. Transients of the saweed
can assume very different values. To avoid this limitatiwe, define an event as the longest
sequence of consecutive transients. This feature is les#ise to the sampling phase.

The output of the event detector is a sequence of eventsatbared by four values: two
signature values, a starting time and a time duration. rl,gt be the first time instant of the
sequence and,,,, the last one. The first time instant,;, is the time instant where the first
transient interval is centred. The last time instan}, is the time instant where the last transient
interval is centred.

The signature valué\S is equal to the difference of the mean values of the two wirslow
centred after and before the event:

Ag = (Aszn(nmam + 1) + ASin(”max + 1)) — (Aszn<nmln — 1) + ASm(nmm — 1)) (24)

This value is less sensitive to the sampling phase. ThetsignealueAi is extracted in the same
way:

Al<t) = (A,lflnvnmaz“rl(t) + Azlnynmaz‘i’l(t)) - (Alfznynmznfl(t> + Azlnynmznfl(t>) (25)

where

1 N-1
Nifina(t) = 2 totmtm(t) (2.6)
and
1 N-1
A'lm,n(t) - N mz_oitot,nml@)- (27)

The event starting.;.,: IS equal to the first time instant of the sequengg;;,,. The time
durationAtg,. is equal to the length of the sequence:

Atdur = Nmaz — Mmin T 1. (28)

These four values characterise an event. The events ardagihtify the devices in the
classifier.

2.2 Filter design

In this section we define the functions and the algorithm dnatused to extract the events from
normalised powef(n) : Z — C using the two paramete($V, K'). The overall current, ,, (t)
is used as input to calculate the current signature. We defiitter i (n):

h(n) = %RN(nJrN— - %RWL_ 3 (2.9)

whereRy is the discrete rect function:

1 fo<n<N
Ry(n) = { 0 elsewhere (2.10)
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hy(n)
1
! N
5 1 N
-(N —1) | | "
_% ! |
Figure 2.2: Filter hy(n)
The output of the filter:
yn(n) = (S *hy)(n Z S(m)hy(n —m) (2.12)

m=—0oQ

represents the difference between the two valgg;,(n) and AS;,(n) in the observation in-
terval centred im. If Jyy(n)] > K the interval[S(n — N),S(n + N — 1)] is a transient

(2.3). Otherwise it is stable. An event is the longest seqeaf consecutive values such that
lyn(n)| > K.

S(n) hy(n) yn(n) |Algorithm1 | event(m)

A A

Fa(n) zn(n)

_iorn(t)] fy(n) una(t)

Figure 2.3: Event detection

The procedure to extract the events is described in Algorith(Extract events). The algo-
rithm to extract the events operates as followsyif(n)| < K, n belongs to a stable period. An
event is starting when we find the first value such thatyy(n,)| > K. The event lasts until
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Algorithm 1 Extract events

n < 1 {ntime instan}
m < 0 {m total number of detected evehts
event + () {detected even}s
{M total number of samplés{K threshold valug {L=2N filter length}
while n < M do
if lyn(n)| > K then

m+—m+1

Sini» < z2nv(n—1)

szz(t> — uN,n71<t)

nstart<m) —n

Atdw(m) —1

n+<n+1

while |yy(n)| > K do

n<n-+1
Atdw« (m) < Atdw« (m) +1

end while

AS(m) + zy(n) — Sinis

Ny (1) <= unn(t) — Giniz (1)

event(m) = {AS(m), Nip (1), Ngtare (M), Atgur(m)} {values of the m-eveht

end if

end while
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is found a final value:, such thatyy(ns)| < K. The valuen, belongs to a steady period. The
starting time of the event,,,,; = n; and the time duratiot\t,,,. = n, —n;. To extract the event
value we introduce a new filtefy (n):

This filter is a mean function and it is used to reduce the noislee steady period when the
step change of the event is calculated.
The output

an(n) = (S fy)(n Z S(m) fx(n —m) (2.13)

m=—0Q

is the mean of the input sigr351(n) on intervals of length.;, = 2N. The power signature is
calculated as the differenc®S(1) = zy(n2) — zy(ny — 1). The output

(e o]

una() =Y torm(t) fv(n —m) (2.14)

m=—0oQ

is the mean of the current, ,,(¢). The current signature is calculated as the differehGét) =
UN,ny (t) - uN7n1,1(t).

When the event signatures are extracted we can proceed tb&mnext event. The next value
ns such thaty(ns)| > K is the starting time of the second event. The end of the evehita
values are extracted in the same way described for the fiestteWhen the procedure follows
detecting the next events. This procedure identifies aletlemts and their characteristic values.

A

fn(n)

Figure 2.4: Filter fx(n)

The final outputs of the event detector are the four chanattewvalues of each detected
event. The event detector scheme is shown in[Eig. 2.3.
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2.3 ldeal input

In this section we analyse the output of the event detectahfee different ideal input signals.

The output result depends on the choice of the two paramgters’). The comparison of the

different outputs, changing these two parameters, allaw® @stimate a theoretical choice for
the two parameterd and K.

z1(n) xo(n)

tr

Figure 2.5: Inputz;(n) andz(n)

We consider three ideal inputs to describe the switchingfahedevices. More complex
examples of switching on can be modelled as sequences @f tines inputs. We analyse only
the switching on because the switching off can be modelleédeaspposite of these signals. The
theoretical analysis for the switching off is symmetric.

x3(n)
A

Figure 2.6: Inputz3(n)
The first input, in FigL25, is a step of amplitude

x1(n) = Au(n), (2.15)
whereu(n) is the discrete step, defined as:

1 ifn>0
u(n)—{o 0 (2.16)
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The second one, in Fi§. 2.5, is a ramp with slopg?;of

A ifn>tr
za(n) =< 2An fO<n<tr , (2.17)
0 ifn<O

wheretr is the length of the changing period.

z3(n) = Ad(n) = { 13 :]‘: " ;8 . (2.18)

The third exampld (2.18) analyses the problem of an evehitbao not want to detect. We
propose an example of a very sharp jump that lasts only fosangle, figuré 216.

We are interested in the detection of the event. We do not é&dke event signatures. The
expected results for the first input(n) are: ng.+ = 0 and time duratioMt,,,, = 1. The
expected results for the second inpytn) are: ngy,,+ = 1 and time duratiom\t,,,. = ¢r. Both
inputs have a final amplitudAS = A. The expected result for the third inpug(n) is no
detection of an event.

2.3.1 Output results

We compare the different outputs in relation with the twoapaeters(V, K). This analysis
allows us to make a choice on the valueg &t K') with respect to the events we want to detect.
The outputyy () only depends on the paramet€r whereL, . = 2N is the length of the filter
hN(’I’L)

The output for the first input is:

[e.9]

yin(n) = (@ xhy)(n) = 3 @i (m)hy(n —m) = Atri (%) (2.19)
where
tri(n) = { o ‘n(l :I‘s@wielre ) (2.20)

In Figure[2.7 we can observe that/sisncreases as the support of the output becomes larger.
The maximum is im,,,, = 0 for all the outputs); x(n) for N = 1, .., co. The maximum value
is the same for all the output functions and is equal to thelitumae of the step functionl. This
value gives the starting time of the event,.; = n;, = 0 and the amplitude(n,,..) = A. The
event is identified for all the possible values/éfif K < A.

The outputy, y(n) of the second input.(n) is a symmetric function centred at the time
instantn,,,,. = ”2“. The outputye x(n) has its maximum value in,,,,,.. If tr is an even number
we have at least two maximum values situateahin,.. = %" and inng e = %" + 1. This

is depending only on the sampling rate, so we can considas an odd number to have only
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W

Figure 2.7: Outputy, y(n) for the first inputz, (n).

N Y(Nmaz) Number maximum values,,,, | Length supporf,,,,
<Z AN tr —2(N — 1) 2N +tr —2
> | A(1- gl ) 1 2N + tr — 2

Table 2.1: Output values for the second inpti(n1")
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one maximum value to simplify the result. We consider twdedént values ofL;,, = 2N
filter length in comparison with the transient length The first one is when the filter length is
shorter that the transienfy < Z. The second one is when it is longe¥ > Z. If N < &
the output does not have a unique maximum value. It will hageguence of maximum of
length L., = tr — 2(N — 1) with maximum valuey(n...) = 2N. As the filter lengthLy,
increases the maximum value increases and the number ofmaaxvalues decreases. We find
only one maximum value iV > . We calculate the maximum value, the number of maximum
values and the length of the support. The results are shoWwake[Z.1. The event is detected
if K < y(nm.). If the filter length is longer than the transient there isyoohe maximum
value. The maximum approachdswith the increasing ofV. The length of the support is
Loy = 2N + tr — 2. Another observation about the filter length is that the tartge filter the
higher the support of the output function increases. Thishb@aa problem in the overlapping of
events that happen close together. This problem will beyardlin the Section 2.3.2.

e W B R

T I = - TR~ P & R R S L g

Figure 2.8: Outputy, y(n) for a ramp of slope@

v

In Fig. [2.8 the outpui, x(n) is shown for an input signal with amplitudé = 100 and
transient of lengthir = 7. The outputs are obtained from the different filters for= 1, ..., 10.
We can observe that the green outpit & 4) is the first having only one maximum value,
N=4> %‘ As N increases the maximum approaches to the amplitude vhlue

The last examples(n) is an input signal that we do not want to identify as an evenabse
this signal does not imply a persistent change in the ovpaalier.



Chapter 2. Event detector

25

y3,n (1)
1

: N

| 1 N

T o
_% ! |
Figure 2.9: Outputys x
ys.n(n) = (z3 x hy)(n) = Ahy(n) (2.21)

The output of the filter; v (n) changing the parametéy¥ is reported in[(2.21). The filter

analysis shows that as the filter length increases the mawivalue decreases (fig._2.9). The
event is not detected & > 4

2.3.2 Separation of different events

¥(n) 44 B

Figure 2.10: Inputx(n)

Until now we have considered only events that happen separitom each other. The
previous results show that if the filter is longer we can deteare events and do not detect very
short jumps. A problem we have not considered is the separafievents that happen close to
each other. When two events are close together it is usueltgrto use a short filter to detect
them. If the filter is too long the event detector identifies/@mme event.

We consider a simple example: two events that have a stegierdr{Fig[2.1D):
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0 ifn<0
x(n) = A if0<n<D (2.22)
A+ B ifn>D

The first event has an amplitudla?l = A and starts at time; = 0. The second has an
amplitudeAS, = B and starts at time, = D. The time distance between themlissamples.

The output functioryy(n), in Fig.[2.11, is equal to:

yn(n) = (% hy)(n) = Atri (%) + Btri (%) (2.23)

y(n)

ny Nsep N2

Figure 2.11: Outputy(n)

We want to investigate how the filter length can change theatien of the two events. We
consider different values of the filter length,, = 2NN in comparison with the time distance
between the two event®. To simplify the mathematical analysis we consider D as anev
number. We evaluate the resultsin,, = %. The expected result is a very low valuerig,,
and two peaks im; andn,. The expected values of the two peaks are the amplitudesialue

y(n) = Aandy(ny) = B.

N y(nl) y(nQ) y(nsep)

Expected values A B 0

<2 A B 0
A 2(A+B

- g A B %B =2 D :
A

> 2 A | B | 42(Nv-2)
A

> D >A | >B %(N - %)

Table 2.2: Output changing the filter length;,,, = 2N

The results in table 2.2 show the differences in the outplutegachanging the filter length.
If the length of the filter is lower than the time differente then the two events are separable
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and recognizable for all the values &f. If the value is higher tha@D than the events are not
separable and the values in the peak points are differanttfie original jump. If the filter length
is betweenD and2D it is not always possible to separate the events. The respértls on the
choice of the second paramef€r The two events are separablesif> y(ng,):

K> (A+B) (1 - %) (2.24)

2.3.3 Parameters N-K

The choice of the two parametefd/, K') determines which events are detected with respect
to the amplitude of the jump and the type of event. In the mevipart we have analysed the
different output results for three types of transient: gsteramp and an impulsg.). We
determine which events are detected with respect to theeld{ V, K).

The first inputz;(n) is an ideal step of amplitudd. We can detect all the events of the
first type with amplituded > K for all the possible values a¥. The detection of this type of
events is independent of the filter length, = 2N. The parametek” determines the smallest
amplitude we can detect. This first example suggests to elmemall value oK to detect also
small variations due to small devices. It does not give afgrimation about the length of the
filter L = 2. We define:

amplitude,,;, = K (2.25)

as the minimum step amplitude that is detectable fixed theegdl and K.

The second input,(n) is a ramp of slop(-%é. A is the final amplitude andr is the duration
of the changing period in samples. We divide these eventsarbig categories with respect to
the length of the filte.,,, = 2N. The first one is composed by short events where: 2V
and the second one is composed by long events where2 N. The events of the first group are

detected if: (tr— 1)(tr + 1)
r— T+
K < A(1 - ) (2.26)
The events of the second group are detected if:
K<2n (2.27)
tr

In this second example the detection depends also on theecbbihe paramete¥. This ex-
ample suggests to choose a big valuéVao detect also events characterised by a long transient.
The value of the threshold has to be small like the previous example. We define:

K
N
as the minimum slope we can detect fixed the vahiend K.

The last example;(n) determines a lower bound fé¢. This example shows a type of event
we do not want to detect. We do not detect an event of the tyyel with amplitude A only if:

A
K> (2.29)

(2.28)

Slopemin =
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This example fixes a lower bound for the threshold valielt also suggests to choose a large
value of V like the previous examples. We define:

impulsé e = KN (2.30)

as the maximum amplitude an impulse event can assume that detectable. This analysis
shows that the best choices are large values for the pareétnd K.

We want to choose a value @f small enough to detect also the small variations of the
first type, but large enough to do not detect a sharp instantanevent of the third type. The
three parametersmplitude,,;,, slope,;, andimpulse,,., give an indication on which events
are detectable for given parametéfg K).

This first analysis let us think that if we choose a large valtiev we can detect all the
relevant events, also the ones that are characterised byydovey transient and discard the
sharp jumps that last only for a very short time. On the ottardh if we choose a very large
value of N it is difficult to separate two events temporally close tbget We investigate the
minimum distance necessary between two events to detett ésetwo separate events. The
distance between two events is equal to the distance bettheesnd of the first event and the
beginning of the second event. We analyse the result of tep sansients described in the
previous section. The two events are separable if

LB (-2)

K >
2

(2.32)
When the two paramete(d/, K') are fixed the minimum required distance to separate two svent
is:
K

Dy = 2N(1 - B) (2.32)
This result gives an upper bound to the paraméteand a lower bound to the paramefér If
we choose a smaller value for the filter lendth, = 2N it is possible to separate events that
are closer to each other. This example shows the result vieemvb input functions have a step
transient. The distanck is different if the events do not have a step transient. Wengée the
distanceD in the case that the two events are two ramps with transiagthetr; andtr,. The
output has two maxima centredin andn., the middle of the two ramps. The distanbefor
two ramps transient is:

f}’f’2+1 f}’f’1+1
)—<n1+ )

Dram - ( -
p= 2T 2

(2.33)
The values of the amplituded + B) changes in?- + Z.

These results determine the detectable events with theelbbihe two paramete(sv, K).
This choice also determines the minimum distance necessagparate two events. The final
choice suggests an upper bound for the filter lengtlh = 2N with respect to the minimum
distance to separate two events. The threshold vAldeas to be small enough to detect also
variations due to small loads but big enough to not deteattevithat are not significant and to
separate events that are close one to the other.
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2.4 Conclusions

The event detector analysis gives a theoretical backgroaitide possible events that we can
detect. The choice of the two parametéh§ K') determines which events are detectable. The
choice of the two parameters determines four valuesplitude,,;, the minimum instantaneous
amplitude that is detectablelope,,.;, the slower slope that is detectableipulse,, ., the maxi-
mum impulse value that is tolerable any,;,, the minimum distance between two events that is
necessary to separate them.
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Chapter 3

Cluster analysis

The goal of the second part of our analysis is to find frequattems in the extracted events to
identify the appliances. We detect an event when there isagghin the total power consump-
tion. The change is supposed to be caused by a device chasigiug. The cluster analysis
looks for similar patterns in the extracted event. We wamgrtaup together similar events. Each
group (cluster) has to represent a device changing status.
The chapter is divided into three parts. The first part giveba@t overview of the clusters

algorithm and characteristics. The second part introdtteeshosen algorithm and the modifi-
cations we add to it. The last part introduces an approadetatify more complex devices.

3.1 Event Clustering

Clustering tries to find natural grouping in a set of data. réhere several ways to define the
concept of natural grouping. Here we give an overview of the most significant definitions.

The first one, well-separated clusters, is an ideal defmiicclusters. A cluster is defined as
a set of objects in which each object is more similar to evémgioobject in the cluster than to any
object not in the cluster. This definition is applicable omllgen the data have a structure where
each cluster is quite far from the others. The second ondotype-based, uses a prototype
element to define a cluster. A cluster is defined as all the olajiects that are closer to the
prototype that defines the cluster than to any other pro&type prototype is often the mean of
the elements of the cluster. The third one, contiguity-dasses the relations between objects. A
cluster is composed by all the points that are closer to at ta@e point of the cluster than to any
other point in another cluster. These clusters are seasdimoise. Noise can create connections
between different clusters. The fourth one, density- bassds density to define a cluster. A
cluster is defined as a dense region of objects that is sutenlipy a region of low density. This
definition is useful when the clusters have an irregular staaq in presence of noise. Noise is
modelled as a low density region.

There are other properties in the cluster definitions thptess the relation between clus-
ters and between an object and the clusters. Here we desiebuain differences. We can
distinguish various types of clustering. The most commatinttion is if the set of clusters
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is hierarchical or partitional. A partitional clusteringa division of the set of data into disjoint
clusters such that each data object is in exactly one sub$ierarchical clustering is obtained if
clusters have subclusters. The structure of a hierarctigster is a tree where each node, except
for the leaf nodes, is a cluster. The leaf nodes are the d@atsland each cluster is the union
of its children (subclusters). The root of the tree is thest@ucontaining all the data objects.
Furthermore a cluster can be exclusive, overlapping onffulzz an exclusive cluster each data
object belongs only to one cluster. On the contrary if a dajaat can belong to more than one
group we have an overlapping clustering. In a fuzzy clusteevery object has a weight related
to each cluster. The weight is between 0 and 1 and expressgsdhability to belong to that
cluster. Finally we can distinguish in complete or partiaktering. While a complete clustering
assigns every object to a cluster the partial does not. Th@pauster is used if there is noise
or outliers in the data set.

The previous definitions use the concept of similarity betmvebjects to define the clusters.
A problem, in the clustering analysis, is how to define theilsinty between two data objects.
There are several measure to compare the objects. The nmost@o measure is the distance
between the data objects.

3.1.1 Choices

The events extracted from the event detector are the inpotio€luster algorithm. The event
detector identifies changes in the normalized power. Thetswege not always representative of a
significant change. For example two devices that switch timedame time cause a change in the
normalized power that is the sum of their expected values Vidlue is considered as an outlier.
It will happen only few times and we want to discard it as adieutAnother characteristic of
the input data is the difference of the data distributiondata representing different devices.
The extracted data can be a little bit different for diffdrdavices. This is due to their electrical
behaviour. In the cluster analysis this causes clustersffefeht shapes. These are the main
reasons to choose a density based clustering approachehsaydbased approach we divide the
input data space in high and low density regions. We can bahelproblem of outliers that are
modelled as low density regions. We can create clusterdfefeint shapes for different devices.

In relation to the property of the cluster, we choose a panid, exclusive, partial clustering.
We choose a partitional cluster because we want each chesher representative of only one
device status. In the exclusive cluster each element bslonly to one cluster. We choose the
exclusive cluster because we assume that the elementsusitardhave to be relevant. If they are
not representative of that cluster we prefer to discard tHanally we choose a partial cluster to
deal with noise. Using a partial cluster we can discard efgsn@e do not consider relevant and
keep only the data we are interested in.

The used metric is the euclidean distance.
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3.2 Clustering algorithm

We use a density based approach and a structure based o3 ¢pa@present the density re-
gions. The nodes are the data objects. A cluster can be defshadyroup of data objects that
are connected to each other. Elements in different cluateraot connected together. The sim-
ilarity measure can be used to create the connections betasdes. For example, if we use
the euclidean distance as measure of similarity, we canelafoconnection if the euclidean dis-
tance between two data objects is less than a given thredhajéneral we definé(p, ¢) as the
distance between two nodgsndq according to the metric we choose.

We give some definitions of the relations between objectsgraph structure [6].

There are several methods to define density. We use the d&ded approach where density
is estimated for each point in the data set by counting thebeurof points inside the circular
region of radius centred in the point we want to estimate its density. Thehisgrs of a point
p given the radius are the elements of the set:

Ne(p) = {qld(p,q) < €}. (3.1)

A pointis defined belonging to a dense region if the numbeeajmoours inside the circular
region of radius is more than a given numbét:

N.>P (3.2)

The density will depend on the choice of the radiand the threshold.

These two definitions give an indication of the type of regianpoint belongs to. Now we
introduce other definitions that express the relation betwdifferent points.

The first definition defines which points are connected to atponia dense region.

Definition 1 (Directly density-reachable) A point p is directly density-reachable form a point
g giveng, P if:

e p e Nq)

e N.(q)>P

The second definition, density reachable, determines thaemions between two points
using a chain of directly density reachable points betwbemt Two density-reachable points
are shown in Fig._3]1.

Definition 2 (Density-reachable) A point p is density-reachable from a point q givenP if
there is a chain of pointg,, ..., p,, p1 = ¢,p, = p such thatp,, is directly density-reachable
fromp;.

Finally, the definition of density-connected points defitltesconnection between two points
if they are both density reachable from a common point.
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Figure 3.1: Density reachable

Figure 3.2: Density connected
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Definition 3 (Density-connected)A point p is density-connected to a point g give® if there
is a point o such that both, p and g are density-reachable fagivene and P.

This definition allows to create group of points in denseareghat are connected together.
The density-connected relation is shown in Figl 3.2.
We describe an algorithm that uses this structure to créagéecs.

3.2.1 DBSCAN Algorithm

DBSCAN (for Density-Based Spatial Clustering of Applicats with Noise) is a density based
clustering algorithm. It was proposed by Martin Ester, HReser Kriegel, Jorg Sander and
Xiaowei Xu in 1996 [6]. In a density based algorithm low déysegions separate high density
regions.

The algorithm is divided into two parts. In the first part, guents belonging to a dense region
are identified and the connection between points are crebid¢ide second part, the connections
between points are analysed to create the clusters.

The algorithm uses two parameters to define denditys and MinPts. Two points are
neighbours if the distance between them is less #ign A point belongs to a dense region if it
has at leasb/in Pts neighbours in a circular region of radii®s centred on itself, as shown in
B3).

The points of the data set can be classified into three cagsgaore, border or noise points
based on the density of the region they belong to:

e Core points: A point is a core point if the number of pointshiita radiust/ps exceeds
the threshold\/inPts. It is a core point if it satisfies condition (3.2).

e Border points: A border point is not a core point but it is agidiour of a core point.

e Noise points: A noise point is a point that is neither a conafoor a border point.

Each node is labelled as core, border or noise point.

After classifying the points, the first part of the algoritlumeates the connections between
points.

The graph related to the algorithm uses direct edges to cotime points. An edge can start
only from a core point. An edge is created between each conésgand all its neighbours.

The second part uses the structure to create the clusteessDBBCAN algorithm puts in
the same cluster the core points that are connected by an €dgéorder points are put in the
cluster of the closest core point connected to them. Thesmméts are discarded as outliers.

Using the definitions of the previous sections, a clusterefinédd as the maximal set of
density-connected points.

A clusterC in the data seD (with parameter#/ps andMin Pts) is a set of points oD such
that:

e Vp,q € Dif p e C andgq is density reachable fromwrt. Eps andMinPts theng € C
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e Vp,q € C pis density connected ip

The algorithm procedure is described in Algorithim 2.

Algorithm 2 DBSCAN

Label all points as core, border or noise points

Eliminate noise points

Put an edge between all core points that are wiftyir of each other

Make each group of connected core points into a separateclus

Assign each border point to one of the clusters of its astatidosest core points

border point core point

- { I //\\
AN

Figure 3.3: Core, border and noise points

| Eps

In Fig.[3.4 the cluster formed by the different labelled rogeshown.

3.2.1.1 Complexity

The time complexity of the DBSCAN algorithm depends on theetto find the neighbours of a
point. The algorithm executes that query exactly one timeséxh point. The time complexity
is O(n?), wheren is the number of points, with a proper indexing structurehsas kd-trees, the
complexity can be reduced @(n logn).

The memory required i®(n) because for each point it is only necessary to save few data
such as assigned cluster and the identification of a poinbi@s border or noise point.
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Figure 3.4: DBSCAN Cluster: red are core points, yellow are border p@intl blue are noise
point

3.2.2 Parameters

The metricd(p, ¢) used to define the distance between two pgirdadq in the dataseD is the
euclidean distance:

Saq
d(p,q) = llp—all = \| O Ipx — a?) (3-3)
k=1

wheresS, is the dimension of the elementc D.
The parameters that we have to choose are the r&isgnd the minimum number of points
MinPts. Two pointsp, ¢ are connected if:

llp —ql| < Eps (3.4)

A common problem in the algorithms based on density is to ficdramon radiugZps to
define regions with different density. The DBSCAN does nétesthis problem. The radiuBps
is the same for all the clusters. In our data set we noticeligatlements in a cluster with larger
absolute mean value are more spread than the ones withistarcith lower mean value. This
characteristic is due to the electrical behaviour of thea=s We introduce a new parameter
« to give a different weight to the radius, based on the inplites Using this new parameter
the radius is not a fixed value but it depends on the input abtsellue. Two pointp, ¢ are
classified as neighbours if:
P+q

. (3.5)

lp—dll < Eps+a

The second parametéfin Pts determines the label we associate to each node: core, border
or noise. We introduce another normalization factor basethe dimension of the data set. The
idea is that if the data set increases we need a region to bedeose to be considered as a new
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cluster. If we do not use a normalization based on the totalb@ar of elements it is possible that
outliers values create new clusters. We introduce a norat&n factors.

MinPts = MinPts;, + 3 * M (3.6)

where M is the total number of identified events. We fix the valueMéinPts;, = 3 and
g = 0.01. The valuesZps anda depend on the characteristics of the input data set.

3.2.3 Input-Output results

The input to the clustering algorithm is the output of therg\aetector. The event detector, as
described in Chapter 2, extracts two signature valuesringtdime and a time duration for each
identified event.

The input to the clustering algorithm is only a signatureueal The cluster algorithm runs
separately on the two signature values as input. We define:

AS if we use the power signature

ASign = { Ai(t) if we use the current signature (3.7)

We create two different dataset with respect to the chosen signatuxé&ign. The dataset
contains all the signature valugsSign of each extracted event.

The output of the cluster algorithm is a set of clusters. Ezokter represents a device
changing status. For example if we have a lamp switching @ahadhthe expected result is
two different clusters. One cluster is composed by all trenevalues extracted when the lamp
switches on. The other cluster is composed by the evenisatett during the switching off. The
extracted events that are not representative of these atessdre supposed to be discarded.

The two signature values give two different output resulibe current signature is more
sensitive to variations due to operating status of the @svicit on the other hand is more accurate
as it also considers the shape of the waveform.

3.3 Device model

The second step of the classification procedure aims atifigiegtthe devices that are presentin
the environment.

There are three classes of appliance models: ON/OFF, Btate Machine (FSM) and con-
tinuously variable. The ON/OFF model considers the devasasomposed only by two possible
states: ON or OFF. The FSM model considers the presence ef digcrete states and discrete
transitions. The continuously variable model consideesdtvices as composed by an infinite
number of states.

In our analysis we are interested in the simplest model: W/ ®ig.[3.5 shows an example
of an ON/OFF model. The two states represent the device OND&itdstates. The transition
from the OFF to the ON state is caused by a positive changevrepAS. This transition
identifies an element in a cluster representing the devidelswg ON. The transition from the
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dP = (+/-) 1300
dQ = (+-) 1250

P=1300 W
Q= 1250 VAr

Figure 3.5: Device ON/OFF model

ON to the OFF cluster is caused by a negative change in pew¥ with opposite value with
respect to the OFF/ON transition. This value identifies amelnt in a cluster representing the
device switching OFF. We want to couple together the twotehssepresenting the same device
that is switching on and off. This procedure is done by couypliogether clusters that have
opposite mean value.

3.4 Identifying complex devices

Figure 3.6: Example of devices with a periodic behaviour during theieiging status

The last part of this analysis focuses on recognizing peripatterns in the extracted events.
Some devices, e.g. stove burner in fig.] 3.6, have some cyete@sydheir operating status. The
detection of this periodic behaviours allows us to iderttify presence of these particular devices.
Another periodic pattern is due to complex device, e.g. stamgs in fig.[3.V, which change
status as a sequence of events. The event detector ideatseguence of different events but
it cannot relate these events to the same appliance. Thetidetef these frequent sequences
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Figure 3.7: Example of devices, lamp with nominal power 4W, with a compfetransient:
detected as two steps

allows us to describe more complex types of device changatgs

The idea is to detect these periodic behaviours as a seqokeeents that happen at a certain
time distance between them.

The input data (events), where we look for periodic pattess sequence of extracted signa-
tures at different time instants. There are two problem&éndetection of the periodic patterns.
The first problem is the time distance between events. Riffigoeriodic sequences have different
time distances between their events. We cannot look fouéetisequences of signature values
but we have to look for frequent sequences of signatureseasdime time distances between
them. The second problem is the length of the periodic semuenhe length of the sequence,
which is the number of events that compose it, is not knownaipkVe do not know how many
events compose a sequence.

3.4.1 Time-Clustering

The idea to identify these periodic sequences is to use the sluster algorithm adding infor-
mation about the time distance between the events. Thiwslis to group together events with
similar signature that happen at a similar time distance.

The second problem to solve is the length of the periodic secgl We initially suppose
to know the length of the periodic sequence. For example wease that the length of the
sequence is equal to two. We want to find frequent sequencegadvents at a certain time
distance.

We call S, the dimension of the event signaturg.is equal to two for the normalised power
signature and it is equal to 200 for the current waveformasigre.

The cluster algorithm as explained before looks for clssterthe S; dimensional space.
It can identify frequent signature values but it does notehamy information about frequent
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sequences. To identify sequences of length two we look fmstets in a space of dimension:
Dimy = 2% Sy + 1. The elements in this space are the signatures of two evedttha time
distance between them. The dense regions in this spaceseapreequent sequences of two
events at a certain time distance. Adding the time inforomaitn the input space where we look
for dense regions allows us to determine frequent sequehesgnts of different time distances.
For example we can identify two different clusters représgnwo different sequences which
have the same signature values but different time distadret@geen them.

This procedure identifies all the sequences of length twe. grbcedure to identify frequent
sequences of three events is the same as described befoeediffEmence is the input space
where we look for dense regions. The input space has dimedgio; = 3 x S; + 2 : three
event signatures and two time differences between thegVene first time difference is the time
distance between the first and the second event, the secoedliiference is the one between
the second and the third event. The clusters found représgpient sequences of three events.

Generally, the input space to identify a sequence of lehds dimension:

Dim; =1 Sq+ (1—1). (3.8)

The clusters found represent frequent sequencés\wants.

The procedure is shown in figure B.8. Each léwepresents the detected sequences of length
l.

The second problem of identifying a sequence is that we damew a priori from how many
events is composed.

The idea to identify the length of a frequent sequence is fyajme cluster algorithm to
successive level until no cluster is found. If there is nstduwe know that the cluster found at
the previous level was the longest most frequent sequence.

The final algorithm starts looking for sequences of length @mly signature values without
time information). Then sequences of length two are identiind so on until no cluster is
found. The algorithm stops the maximum cluster laygr. when new clusters are not identified.

3.4.2 Algorithm

Algorithm 3 Sequence-I

r<1
forr=1—-M—-1+1do
fort=1—1(do
Y(r,t) = ASign(r +t —1)
end for
fort=1—1—1do
Y(T’, t+ l) = Ktemp(nstart(r + t) - nstart(r +t— 1))
end for
end for
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Figure 3.8: Time-Clustering

In this section the algorithm is explained. The implemeatetf the algorithm looks only to
sequence of consecutive events. The procedure to idertifyesices of events, also no consecu-
tive, is the same but it requires an higher computationa tioocompare more sequences.

The vectorASign andng,., in Fig. [3.8, are the inputs to the time clustering algorithm
The vectomg;,,¢ contains the values of the starting time of the events andim&nsion isM
where) is the total number of extracted events. The ved&&ign contains the event signature
value. It can be the powexS or the current waveformi(t)signature of the detected event.

AS if we use the power signature

Ai(t) if we use the current signature (3.9)

ASign = {

The dimensiorS, of the signature vector is equal to 2 for the power signatuseand 200 for
the current signaturdi.

The first part creates the input to the cluster algorithm.hHeeel corresponds to a different
sequence length of events. For exampleittevel corresponds to a sequence @bnsecutive
events. Each row of; is an element of the dataset of leveh sequence dfevents. The block
which creates the sequence is explained in Algorithm 3. Tseléyer is the case without time
described in sectidn 3.2.3. The vec¥y contains only the event valuésSign:

Yi(r) = ASign(r). (3.10)

Y has dimension/, S;) The output of the first Iaye@fgli)gn(r) is equal to the cluster assigned
to the element’(r).
The second layer input is the matik, where the- elementy-line is the vector:

Yo(r,1:2% Sq+ 1) = (ASign(r), ASign(r + 1), Kiemp(Nstart (T + 1) — Nstare(1)). (3.11)
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We introduce a parametét,.,,, to normalize the time values to the corresponding signature
value.Y, has dimensioid/ — 1,2 % S; + 1). The output of the second Iayé]fi)gm(r) is equal
to the cluster assigned to theelementYs(r, ;).

Thel-layer input is the matriXy; where the- elementy-line is the vector:

Yi(r,1:1xSq+1—1) = (ASign(r), .., ASign(r + 1 — 1), Kiepp(Nstart (1 + 1) — Nstare (1)), -,
Ktemp(nstart<r + l - 1) - nstart<r + l - 2)))
(3.12)

Y, has dimensioid — 1 + 1,1 % Sy + [ — 1). The output of the-layer nggn(r) is equal to
the cluster assigned to theelement,Y;(r, :), which is the sequence beginning wittSign(r)
of lengthl. The sequence is composed/lonsecutive events:

ASign(r), ..., ASign(r +1—1) (3.13)

Thel,,..-layer is the maximum layer. THg,, inputis the matrixy,__, where the- element,
r-line is the vector
Yioa (P 1t Lg% Sq + lynae — 1) = (ASign(r), .., ASign(r + lpee — 1),

max

Ktemp(nstart(r + 1) — Nstart (T)), cey Ktemp(nstart(r + lmax - 1) - nstart(r + lmaa: - 2)))
(3.14)

Y., hasdimensiofM — l,a: + 1, Lyas * Sa + Lnae — 1). NO cluster is identified in this layer
so the algorithm stops.

This procedure identifies all the frequent sequences oftewdrifferent lengths. The algo-
rithm stops when we find the longest sequences. All the pierjzatterns are identified.

3.5 Conclusions

The cluster algorithm identifies the devices that are pteisethe environment. It is divided
into two parts. The first part uses only the signature infdroma The second part adds infor-
mation about time to look for periodic patterns to identifpna complex devices. The output
of the algorithm is a set of clusters. The clusters reprasgnihe same device are coupled to-
gether. The detected devices are assigned to differenpgrioased on their extracted electrical
characteristics.
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Chapter 4

System Performance

This chapter describes the implementation of the systememdde chapter is organised into
four parts. The first part describes the demonstrator andékiees we use to test the system.
The second part shows some examples which validate the randeghe implementation of the

algorithm in the demonstrator. The third part estimategptr@ameters of the model. Finally, in

the fourth part, the algorithm is applied in a real environine

4.1 Demonstrator
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Figure 4.1: Architecture system

The set-up is fed by mains that behave as a single distritbatiannel that delivers electricity
to the house. A differential voltage sensor is used for theatestrator. The voltage sensor is
located just after the current sensor. The voltage sensps e voltage into 0-5 volts range
to ensure safe input to the AD converter. We use an Agilerteatiprobe to sense the electric
current. The current probe operates at 0.1 V/Amps configurand it is linear within a high
dynamic range from milli-Amperes to tens of Amperes. Thdaage and the current values are
fed into a 24 bits national Instrument AD converter thatfatees with LabVIEW. The 24 bits
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ADC with 10 Volts range provides a granularity of approxielgt0.6 V. With the 0.1 V/A
division range of current probe and 1/200 division rangeadifage amplifier, 0.¢:V" granularity
projects to GuA for current and 0.12 mV for voltage measurement. We made ttiesices to be
able to distinguish also very small loads {W) and to discard the effects of quantization on the
performance of the algorithms. The AD converter runs at 1@ iKbimpling rate.

LabVIEW takes the data from the ADC and shares them with Ndatlaere we implemented
the algorithms. The data is provided in batches of 1k samfles makes the communication
process faster compared to single data transfer. One thdssenples correspond to 5 periods
of current signature, i.e. a period has 200 samples, as thelisg frequency and line frequency
are 10 kHz and 50 Hz, respectively.

L&

2

Z
~
2

4

Figure 4.2: Demonstrator

Fig.[4.2 and fig['4]3 show the demonstrator.

4.1.1 Devices

The devices used in the experiment are listed in table 4.1eStevices have more than one
status, e.g. hair dryer and vacuum cleaner have two diffe@dh status. In our model we
consider only devices characterised by two status: ON artd @E model the second ON status
as a different device. For example we have one hair dryertwithdifferent stages of respective
nominal power 720 W and 1400 W. We consider to have two diffiehair dryers the first one
(Device 8 in talh.4]1) with nominal power 720 W and the secamal (@evice 9 in tall_411) with
nominal power 1400 W. Table 4.1 reports the nominal powehetievices. Fid. 414 shows some
devices we used in the experiments. The second signaturengger is the current waveform.
In figures[4.b and 416, we report the current waveforms of #naces. These values give
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Figure 4.3: Electrical connections in the demonstrator

Device number |

Device name |

Nominal power |

Device 1 Led Lamp 4w
Device 2 CFL 5W
Device 3 Lamp 14W
Device 4 CFL 20W
Device 5 Incandescent Lamp 40W
Device 6 Lamp 400W
Device 7 Water cooker 2400W
Device 8 Hair dryer 720W (stagel)
Device 9 Hair dryer 1400W (stage?2)
Device 10 Vacuum cleaner | 400W (minimum)
Device 11 Vacuum cleaner | 1250W(maximum)

Table 4.1: Device used in the experiments
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Figure 4.4: Some devices used in the experiments
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Figure 4.5: Current waveforms of the devices 1-5. The x-axis representine in samples.
200 samples correspond to one period of 0.02s. The y-axisgepts the current amplitude in
Amperes
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Figure 4.6: Current waveforms of the devices 6-12. The x-axis reprabentime in samples.
200 samples correspond to one period of 0.02s. The y-axisgepts the current amplitude in
Amperes
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the testing database we used. We suppose not to know it arfthgheyoal of the system is
to identify the appliances reconstructing this databadee dvent detector has to extract these
signatures and the cluster analysis has to identify theespanding devices states. The device
are identified coupling the respective ON/OFF clusters.

4.2 System demonstrator

We report an example of the system.In this example we onlywshe output of the cluster algo-
rithm for the first layer. We do not look for frequent sequengcédevice. We run an experiment
on six devices. The six devices are the devices number 3748510 in tabl€ 4]1. The sampling
rate for the normalised power 18 = 0.1[s]. We switch on and off each device separately from
the others ten times each one. The parameters we use in thedstector are:N = 1 and
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(a) Plot (b) Zoom first plot

Figure 4.7: Real normalised power for six devices switched on ten tirael ene. x-axid" =
0.1[s], y-axisP(n)

K = 2. The expected number of detected event§ is; = 120. The number of detected events
IS Nge; = 121. The cluster algorithm is run separately using the two oBiffie signatures. The
parameters of the cluster algorithm are:inPts = 3 and = 0.01. Firstly, the cluster algo-
rithm is applied using the power signature. The parametersse areR = 0.8 anda = 0.06.
The results of the cluster algorithm using the power sigeatwe shown in Fid._41.8. These pic-
tures represent the signature power space. It is a two-diimreal space where the x-axis is the
real normalised power signatureP and the y-axis is the reactive normalised power signature
AQ. The first picture shows the cluster result values. The skgicture is the zoom around
zero to show clusters of small devices. The dots in the @atepresent the signature value of
the detected event. The color of the dot identify to whiclstdu the event belongs to. Events
with the same color belongs to the same cluster while diftezelors represent different clusters.
Black dots are outliers. The results of the cluster algoritive reported in Table 4.2. The total
number of events in the clustersig,;,,;; = 120. One event is discarded as outlier. The identified
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Figure 4.8: Output first layer cIusteCfgl) using power signature for six devices input

No. Cluster Device detected (status Mean value [W] | No. of elements
1 Device 3 (Lamp ON) 14 + 51 10
2 Device 3 (Lamp OFF) —14 — 62 10
3 Device 4 (CFL ON) 18 + & 10
4 Device 4 (CFL OFF) —18—9i 10
5 Device 5 (Incandescent lamp ON) 40 10
6 Device 5 (Incandescent lamp OFF) —40 —1 10
7 Device 7 (Water cooker ON) 2223 — 41 10
8 Device 7 (Water cooker OFF) —2209 + 24 10
9 Device 8 (Hair dryer ON) 675 — 21 10
10 Device 8 (Hair dryer OFF) —671 10
11 Device 10 (Vacuum cleaner(min) ON) 387 — 527: 10
12 Device 10 (Vacuum cleaner(max) OFF) —386 + 512i 10

Table 4.2: Output values first layer cluster algorithd‘él) using power signature
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clusters do not represent a device. They represent a degiee B1 our model we only consider
device characterised by two states: ON and OFF. It is passitouple together clusters which
have opposite mean values that represent the same devichisgiON and OFF. The identified

Device identified No. cluster ON event No. cluster OFF event
Lamp (Device 3) 1 2
CFL lamp (Device 4) 3 4
Incandescent lamp (Device b) 5 6
Water cooker (Device 7) 7 8
Hair dryer (Device 8) 9 10
Vacuum cleaner (Device 10) 11 12

Table 4.3: Identified devices after coupling ON and OFF clusters usioger signature

devices are listed in table 4.3. Each device is charactebyewo clusters. The two clusters
represent the ON and OFF events. This is the output of thddyst using the power signature.
The cluster algorithm is run separately using the currermefiam signature. The parameters
we choose arelz = 0.28 anda = 0.06. The mean of the current waveform we extract for each
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Figure 4.9: Mean value current waveform for each cluster. x-axis 200@ascorresponds to
one period of 0.02[s]. y-axis: current amplitude [A]

cluster is reported in figl_4.9. Talle #.4 reports the idexdifilusters using current signature.
We can couple together clusters which present oppositefarms to identify clusters represent-
ing the ON and OFF state of the same device. Table 4.5 repmtisléntified devices after the
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No. Cluster Device detected (status) Irys Mean value [A]| No. of elements
1 Device 3 (Lamp ON) 0.094 10
2 Device 3 (Lamp OFF) 0.0913 10
3 Device 4 (CFL lamp ON) 0.1337 10
4 Device 4 (CFL lamp OFF) 0.131 10
5 Device 5 (Incandescent lamp ON) 0.1748 10
6 Device 5 (Incandescent lamp OFF) 0.1739 10
7 Device 7 (Water cooker ON) 9.6676 10
8 Device 7 (Water cooker OFF) 9.6029 10
9 Device 8 (Hair dryer ON) 2.9385 10
10 Device 8 (Led lamp OFF) 2.9144 10
11 Device 10 (Vacuum cleaner ON 3.8045 10
12 Device 10 (Vacuum cleaner OFF) 3.7529 10

Table 4.4: Output values first layer cluster algorithm.(l) using current signature

Device identified No. cluster ON event No. cluster OFF even
Lamp (Device 3) 1 2
CFL lamp (Device 4) 3 4
Incandescent lamp (Device b) 5 6
Water cooker (Device 7) 7 8
Hair dryer (Device 8) 9 10
Vacuum cleaner (Device 10) 11 12

Table 4.5: Identified devices after coupling ON and OFF clusters usungent signature
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coupling of the ON and OFF clusters. This example shows ttidesgning algorithm results
in our environment. We can identify all the devices usinghb&ignatures: power and current
waveform. In the next subsections we analyse the differbet@een the two signatures and the
higher layers of the cluster algorithm.

4.2.1 Detection of devices using current waveform

The example in this section shows the difference betweepdiver and current signatures. The
current signature has more information than the power. ¢Jia current signature it is possible
to separate devices which have a close value in power baetreift current waveforms. In this
example we switch ON and OFF separately ten times each onéédwioes. The devices are
two lamps with respective nominal power of 4W and 5W, devitesd 2 in tabl€ 4]1. These
devices have a very close value in power but their currenefeamns do not have a sinusoidal
shape. The difference in the current shape allows us toifgéhé two devices using the current
signature. Figure 4.10 shows the plot of the real normaji@seer. The total number of expected
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Figure 4.10: Real normalised power device 2 (lamp 5W) and device 1 (lamps#¥¢ched ON
and OFF ten times each one separately. x-8xis 0.1[s], y-axisP(n)

events isN,.,;, = 40. The number of detected eventsNg,., = 43. We detect for three times
over ten the device 2 (5W lamp) switching on as a sequence eé2% in total 6 events. We
are not interested now in the detection of sequence of ewamth is analysed in subsection
4.2.3. We want to consider these six detected events assutBo the total number of detected
eventsN,; = 37 + 6 where 37 is the number of events we want to classify and 6 dfieisu
The expected result is shown in tablel4.6. Firstly we run thster algorithm using the power
signature. The output result is shown in fig._4.11 and table 4'he output of the cluster
algorithm using the power signature identifies only two ®@us The first cluster represents the
switching off event and it is composed by 23 elements. Thistel is the union of the OFF
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Figure 4.11: Output values first layer cluster algorith(i‘él) using power signature

No. Cluster| Device status| Nominal power [W]| No. of elements
1 Device 1 (on) 4 10
2 Device 1 (off) -4 10
3 Device 2 (on) 5 7
4 Device 2 (off) -5 10

Table 4.6: Expected output result

No. Cluster| Device detected (statug)Mean value [W]| No. of elements
1 Device 1-2 (off) -5 —2i 23
2 Device 1-2 (on) 4+ 17

Table 4.7: Output values first layer cluster algorith(ﬁél) using power signature
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events of the two devices and three outliers. The seconteclepresents the switching ON and
it is composed by 17 elements. This cluster is the union ofQheevents of the two devices.
Only three outliers over six are labelled as outliers. Thester result using the power signature
can only identify two clusters representing the ON/OFFestatf a single device. We apply

current cluster
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Figure 4.12: Cluster output using current device 1 and 2

No. Cluster| Device detected (status)/zys [A] | No. of elements
1 Device 2 (off) 0.034 10
2 Device 2 (on) 0.0349 7
3 Device 1 (off) 0.0278 10
4 Device 1 (on) 0.0284 10

Table 4.8: Output values first layer clusterir(gi(l) using current signature for 4W and 5W lamps

the cluster algorithm using the current signature. Theltrésshown in fig.[4.1P and table 4.8.
Using the current signature we can identify the clustershefdxpected result, talp. #.6. The
cluster representing the OFF event using the power signétluster No.1 in tab_4l.7) is split
into three clusters: device 1 (4W lamp) OFF (cluster No.2m[#.8), device 2 (5W lamp) OFF
(cluster No.1 in tal._418) and three outliers. The clusterasenting the on event using the power
signature (cluster No. 2 in tab._4.7) is split into two clustedevice 1 (4 W lamp) ON (cluster
No. 4 in tab.[4.B) and device 2 (5W lamp) ON (cluster No.2 in {48). The difference in
the shape of the two current waveforms allows us to sepdratevients due to different devices
using the current signature. The power signature does metagiough information to divide
them. The difference between the current waveforms is shioig. [4.13. The current signature
also allows the separation of the three outliers that arsecin power to the off events. The
current signature is useful when we want to separate dewibah have a close value in power
but different current waveforms.
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Figure 4.13: Current waveforms Device 1 and 2: lamp 4 and 5 W

4.2.2 Example of devices working together

In the previous examples the data are collected switchingg@NOFF each device separately
from the others. One device is switched ON when all the otkeicgs are OFF. In this section
we want to identify a device even if there are other devicessDiNe same moment. The example
we choose is the detection of the device 5 (40 W incandesaem)lin presence of other devices
working at the same time. The chosen devices are the CFL ldmpce 4), the lamp (device
6), the hair dryer (device 8) and the water cooker (deviceejure[4.1# shows the plot of the
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Figure 4.14: Real normalised power of device 5 (lamp 40W) and other dsvigeaxisT =
0.1[s], y-axisP(n)

real normalised power. The lamp is switched ON and OFF 15stiwith different backgrounds.
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The cluster result using the power signature is shown i fif3.4The black dots represent the
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Figure 4.15: Output first layer cIusteCfgl) using power signature for device 5 (40W lamp)

outliers. The devices used to create a different backgrammdot switched ON and OFF enough
times to create their own new cluster. Tabld 4.9 reports &haes of the detected clusters. The

No. Cluster Device detected (status) Mean value [W]| No. of elements
1 Device 5 (Incandescent lamp on) 39 15
2 Device 5 (Incandescent lamp off) -41-i 15

Table 4.9: Output values first layer clusterin@fl) using current signature for device 5 (40W
lamp)

two clusters represent the switching ON and the switching @Fthe lamp. The result using
the current signature are shown in fig. 4.16. The values otlingters are listed in table 4]10.

No. Cluster Device detected (status) Irys Mean value [A]| No. of elements
1 Device 5 (Incandescent lamp On) 0.1736 15
2 Device 5 (Incandescent lamp Off) 0.1755 15

Table 4.10: Output values first layer clusterin@fl) using current signature for device 5 (40W
lamp)

Figure[4.1V shows the current waveform of the two identifiedters. This example shows that
we can detect and identify a device even if we are in presehb&ger loads working at the
same moment. The device is detectable using both power mntigignature.
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Figure 4.16: Output first layer cIusteCZ.(l) using current signature for device 5 (40W lamp)
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Figure 4.17: Current waveforms clusters device 5 (40W lamp)
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4.2.3 Cluster of sequence of events

The successive layers of the cluster analysis look for daripatterns, frequent sequences of
events. In this section we show an example of a frequent segumused by a device switching
ON which is detected as a sequence of two events. In the preexample, sectidn 4.2.1, the
device 2 (5W lamp) sometimes switches ON as a sequence ovemse If we apply the cluster
algorithm we can not identify these sequences as a uniquesdevanging status. In this section
we show an example of how the second layer of the clusterigigosolves this problem. We
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Figure 4.18: Real normalised power of device 11 (Vacuum cleaner maxinumer). X-axis
T = 0.1]s], y-axisP(n)

choose to analyse the device 11 in tdblé 4.1, the vacuumesieahen is switched ON and OFF
using the maximum power level. We switch ON and OFF the vaculeaner ten times. No
other devices are used in this experiment. The normalisgdp@ver is shown in fig[4.18.
In fig. [4.19 the zoom of the switching on of the vacuum cleaseshown. The first picture
shows the real power during the vacuum cleaner switching OMN. vacuum cleaner switches
ON slowly and there is a stable period during the switching @he second picture shows the
output of the event detector. The event detector identiiesdifferent jumps. The jumps are
represented with different colors. The color is relatechis¢orresponding cluster in the output
of the first layer without using time information. In fig_4136d tablé 4.7]1 the output of the first
layer of the cluster algorithm using power signature is ghowWwhe cluster algorithm identifies
three clusters. Two clusters represent the switching ONoaeccluster represents the switching
OFF. As shown in figl_4.19 the switching ON of the vacuum cleamdetected as a sequence of
two events. The first event belongs to the first cluster (red)the second to the second cluster
(green). There is no relation between the two events. We teadentify them as belonging to
the same device. We apply the second layer of the clusterttigoadding time information. We
look for frequent sequence of two events at the same timardist In tables4.12 and 4113 the
output of the cluster algorithm second layer is shown. Thewtof the second layer identifies
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Figure 4.20: Output first layer cIustequl) using power signature for device 11 (Vacuum cleaner
max)

No. Cluster Device detected (status) | Mean value [W]| No. of elements
1 Device 11 (Vacuum on-partial) 480 — 6631 10
2 Device 11 (Vacuum on-partial) 826 + 543i 10
3 Device 11 (Vacuum off) —1290 4 98 10

Table 4.11: Output values first layer clusterir(gg) using current signature for device 11 (Vac-
uum cleaner max)
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No. Cluster Device detected (status) | No. of elements
1 Device 11 (Vacuum on-partial) 10

Table 4.12: Output second layer clustei*g) using power signature for device 11 (Vacuum
cleaner max)

No. Cluster| Mean value [W] first| Mean value [W]second Time difference [s]
1 480-663i 826+543i 1

Table 4.13: Output values second layer clusterimf) using power signature for device 11
(Vacuum cleaner max)

the presence of one frequent sequence of two events at a istaeck of one second between
them. The number of element is ten like the number of switglN. This result shows that
all the events representing a sequence of switching ON angled together. We do not know a
priori by how many elements is composed a frequent sequéimeecluster algorithm is applied
then to sequences of three events. No cluster is found dagfes When no cluster is found the
algorithm stops. The second layer is the maximum layer wiverean find sequence of events.
All the switching on are identified and detected as belongprige same device. The same result
is obtained if we use the current signature adding time médion. In tablé 4,14 and fig, 421

No. Cluster Device detected (status) | Izys [A] | No. of elements
1 Device 11 (Vacuum on-partial) 4.7411 10
2 Device 11 (Vacuum on-partial) 5.6253 10
3 Device 11 (Vacuum off) 5.6586 10

Table 4.14: Output values first layer clusterir@.(l) using current signature for device 11 (Vac-
uum cleaner max)

the results of the first layer of the cluster algorithm using turrent signature are shown. As
expected we find three different cluster. Two cluster regmethe two steps of the ON event and
one cluster represents the OFF event. We apply the secomddishe cluster algorithm looking
for frequent sequences of two events. The output of the sElayer identifies a sequences of
two events which represent the switching ON of the vacuurange The results are listed in
tabled 4.15 and 4.16. The sequence of events caused by thenvateaner switching ON is
identified all the times using the current signature too.sTéxample shows that is possible to
identify periodic patterns using power or current signatur

4.3 Parameter estimation

This section estimates the parameters of the model. Fitstlynetric we used are presented.
Then the metric are used to estimate the parameters. Thusguce is done for the event detector
and for the cluster analysis separately.
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Figure 4.21: Current waveforms of the three detected clusters usingeotigignatures. x-axis
time 200 samples=0.02 [s], y-axis current [A]

No. Cluster

Device detected (status)

No. of elements

1

Device 11 (Vacuum on-patrtial)

10

Table 4.15: Output second layer clustefﬁi(z) using current signature for device 11 (Vacuum

cleaner max)

Cluster number

Trus [A] first

Irns [A]second

Time difference [s]

1

4.7411

5.6253

1

Table 4.16: Output values second layer clusteriﬁﬁz) using current signature for device 11

(Vacuum cleaner max)
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4.3.1 Event detector

The two parameters, that characterise the event detectoly and K. The first parameteiN
determines the filter length,,,, = 2N. This parameter is related to the stability of the original
input signal. The second paramefé€ris a threshold to determine when a time instant can be
considered part of an event. Now we want to estimate the peteEamin a real environment. As
described in chapter 2, the event detector algorithm estrfaom the original signal a certain
number of events. Two signature values, a time instant septeng the beginning of the event
and a time duration are calculated for each event.

We consider the estimation as a problem of binary classibficaEach element is labelled as
positive (p) or negative (n). There are four possible outesifrom a binary classifier:

TP (True Positive): if both the outcome from the predictionl éhe actual value are p

FP (False Positive): if the predicted value is p however tiiea value is n

TN (True Negative): if the predicted value is n while the attwalue is p

FN (False Negative): if both the predicted value and theastalue are n

In our analysis we consider the two values: false positir) @nd false negative (FN). An
element is labelled as positive (p) if it is considered amévydetected or real). Otherwise it is
labelled as negative (n).

The first group (False positive FP) represents an eventshdstected by the event detector
of parameterg$ N, K) but is not a real event. Itis not a real event means that tsexehange in
the power that we do not want to consider as a device chantatey § his change can be caused
by the operating state of a device so we do not want to detect it

Each detected event has to be labelled as belonging to thgroixgo (FP) or not. The detected
event is labelled belonging to the group FP if there is noeheeent happening during the same
duration time. Otherwise it is labelled as not belonging.to i

The second group TN (True Negative) represents the reatetigat are not detected by the
event detector. Each real event has to be labelled as balpihgithe second group or not. It
belongs to the second group (TN) if it is not identified by tkere detector.

We define two ratios:

TN

e True Positive RateE— N

* False Discovery RateZ"

whereN,..; 1S the total number of events anid;,, is the total number of detected events.

The first ratio determines the rate of identified events irntot@ number of real events.

The second ratio determines the rate of detected eventddhaat represent a real event in
the total number of detected events.

These two ratios are used to estimate the parameters of alaglmo



Chapter 4. System Performance 65

4.3.1.1 Experiment and results

The experiment to estimate the parameters of the eventtdetscharacterized by six devices
with different electrical behaviour. The chosen devicesd®avices number 1, 2, 4,5, 7 and 8 in
table[4.1. Each device is switched on and off ten times. Tta tumber of expected events is
Nge: = 120. Each device is switched on and off separately from the sthfedevice is switched
on only if all the other devices are OFF at that moment. Thegarameters we have to determine
are(N, K). N determines the filter lengtl;,, = 2N. K is the threshold value.

FP| TN | Nge
38| 0 | 179
5 2 | 144
0 | 102| 104
35| 120| 175
6 | 120| 146
3 | 102 | 107
30 | 120| 170
11| 120| 151
7 | 103| 120

W W W[ NN N R R =
g N R o N | o] N | X

Table 4.17: Numerical results

N | K | False discovery rate| True positive 'rate’
11 0.21 1

12 0.0347 0.98

1|5 0 0.85

2 |1 0.2 1

2 |2 0.04 1

215 0.028 0.85

3|1 0.18 1

3|2 0.07 1

3|5 0.058 0.86

Table 4.18: Results rate

Table[4.1V shows the output values of false positive andriegative events. Table 4]18
contains the ratios of False Discovery and True Positivee diosen values ar¥ = 2 and
K = 2. We choose these values because they are the ones whichgivedt True Positive Rate
with a low enough value of the False Discovery Rate.
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4.3.2 Classifier

The evaluation measures that characterized the clustelityadre classified into two different
groups[15]:

e Unsupervised These measures utilise only internal information. Thestelts are eval-
uated looking at the data that characterise a cluster. F®rehson these measures are
called internal indices. There are two large classes: measf cluster cohesion, which
determine how similar are the objects inside a cluster, aedsores of cluster separation,
which determine how different are the elements from difiedusters.

e Supervised These measures utilise external information. The datatpaire labelled as
belonging to a given category. These measures estimate letithe clustering output is
similar to the assigned category structure.

In our analysis we use a supervised measure. There are ldgpe®of measures belonging
to this class. We consider the ones based on the mapping lofiteat between its cluster and
category.

Being C the set of clusters to be evaluatddthe set of categories and the number of
items, the precision of a clustét, for a given category.,,, is

|C N Ly
|Cal

The precision]l, of a cluster related to a given category expresses thedrect the cluster
that consists of the elements of the given category. Theategesalue is equal to one for only
one category and zero for all the others categories. Thikeshat the cluster is composed only
by elements of one category.

A similar measure is the recall. The recall for a clusterfor a given category.,, is

I(Cy, Ly,) = 4.1)

|C N Ly,
| Lim|
The recall of a cluster expresses how many elements of tlee gategory are present in that
cluster. The expected value is one for one category and peadlfthe others. That implies that
all the elements of the category (that assumes a value emgjaak) are present in that cluster.
We give two more general definitions to compare the cluswrlte The first is called purity
and uses the precision values definedinl(4.1). The purityevial calculated taking the weighted
average of the maximal precision values:

Recall(Cy, Ly,) = (4.2)

Purity = Z maXH (Ch, L) (4.3)

In the same way we can define the inverse purity. We use thé vatae defined in[(4.]2).
The inverse purity looks at the cluster with maximum recadld given category.

InversePurity = Z | Ll max Recall(C,,, L,,) (4.4)



Chapter 4. System Performance 67

These two measures are used to evaluate the parameterscafdtes.

We fix the two values of\/inPts = 3 andg = 0.01 and estimate the two parameters: radius
R and normalization factat.

In the cluster algorithm we can use two different data ingut:normalised power step or the
current waveform. The parameteksand o will assume different values in these two different
cases.

4.3.2.1 Experiment and results

We run a similar experiment to estimate the parameters o€ltster algorithm. The chosen
devices are devices number 3, 4, 5, 7, 8 and 10 in fable 4.1 d&dce is switched on and off
ten times separately from the others. We estimate the twanpetersk anda separately for the

normalised power signature and for the current waveformegige.

R| « Purity | Inverse purity
1|0 1 0.72
3|0 1 0.94
5|0 0.79 0.98
1]0.03 1 1
310.03] 0.89 0.99
510.03| 0.8 1

1] 0.06 1 1

3| 0.06 1 1
5]0.06| 0.8 1

Table 4.19: Results normalized power signature

The best results are obtained for the couglBsa): (1,0.03), (1,0.06) and(3,0.06). We
choose the couplél, 0.06) because the single values Bf= 1 anda = 0.06 are the ones which
give best results. This choice, a smaller valueRand bigger fory, allows us to create clusters
of devices which have a big mean value, even if they are sprghite we can separate small
devices with a close value in power because they are lesgedfey the value of.

The best results are obtained for the couglesa): (0.5,0.03) and (0.5,0.06) We choose
the couplg0.5,0.06) for the same reason explained before.

4.4 Real environment

The previous examples, in sectionl4.2, show the validatidheosystem. The data are collected
using the demonstrator, so we know which appliances areimgik the environment. In this
section we show an example where the algorithm is applieddbdata. We do not know what
we are looking for and we analyse the output of the systemetotity the devices. The data are
collected during one day on the lamps of a floor in the Philifises.
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R |« Purity | Inverse purity
03|0 1 0.7
050 1 0.84

1 |0 0.76 0.84
0.3/0.03, 1 0.96
05/0.03 1 1

1 |0.03] 08 1
0.3|/0.06| 1 0.99
05|0.06 1 1

1 |0.06| 0.8 1

Table 4.20: Results current waveform signature
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Figure 4.22: Real normalised power lamps measured during one day. x{axis 1[s], y-axis
P(n)
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Fig. shows the plot of the real power. The sampling pioo the normalised power is
higher:T" = 1[s]. The algorithm is applied using the power signature.

250
200
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50 .t. e

Reactive power [VA]
o

-1001

=150

—200

-250¢

-200 -100 0 100 200
Real power [W]

Figure 4.23: Output first layer cIusteCfgl) using power signature

No. Cluster| Mean value [W]| No. of elementsg
1 215+ 407 12
2 —27—T1i 19
3 26 + 5t 10
4 —213 — 302 6

Table 4.21: Output values first layer clusterir(gél) using power signature

In figure[4.28 and table_4.21 the results of the cluster algariare reported. We identify
four clusters. Two opposite clusters with absolute meanesbaround 200W and two opposite
clusters with absolute mean values around 30W. This firstlrafiows the presence of two
devices.

We apply the second layer of the cluster algorithm adding timhormation.

No. Cluster| Mean value [W] first| Mean value [W] second Time [s] | No. of elements
1 —213 — 28 —27 — 10z 9.75 4

Table 4.22: Output values second layer clusterimf) using power signature and time infor-
mation

Table[4.22 shows the output of the second layer. [Fig. 4. 2#kisdtal output of the first layer
adding the new cluster identified in the second layer. Thers®tayer identifies one cluster
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Time clusters
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Figure 4.24: Output second layer clust«ﬁ‘g) using power signature and time information
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Figure 4.25: Example lamp switching OFF, identified cluster 2 layer
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representing a lamp which switches off very slowly. The éwstector identifies two different
events during the switching off. The switching off is platie fig.[4.2%. The third layer does not
identify any cluster so the algorithm stops.

Final clusters
250

200
150

100

Reactive power [VA]
o

-1001

=150

—200

-250¢

-200 -100 0 100 200
Real power [W]

Figure 4.26: Final output cluster algorithm: first and second layer

Device identified| Mean value ON event Mean Value OFF event

Lamp (red) 215 + 40i —212 — 35i

Lamp (red) 215 + 404 —239 — 38i = (—212 — 28i) + (—27 — 104)
Lamp (green) 26.5 + 51 —26 — 67

Table 4.23: Identified devices after coupling ON and OFF clusters

In fig. the final output is plotted. The new identified téuss the sum of the two events
that were identified as a sequence from the second layer efukeer algorithm. The signature
space has two different regions: the red one representsslampminal power around 200 W,
the green one represents smaller devices. The five finabctuate coupled together identifying
three different types of devices. Two are lamps that hav®tdevent in the red cluster but they
have different OFF events. One lamp switches off instammasly while the other present a very
long switching off (identified as two events). The third etrhis a smaller element belonging
to the green region. The results are reported in 4.23.

This result shows that we are able to identify the presendéfefent lamps using the power
signature. The time information added to the cluster atgoriallows us to detect more complex

devices, for example lamps switching off slowly, which aod detectable using only the first
layer of the cluster algorithm.
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4.5 Conclusions

This chapter shows the validation of the system model. Wevshe demonstrator and the imple-
mentation of the algorithm on it. We report some examplesiefvalidation of the model using
the data collected with the demonstrator. The algorithnhéntapplied to a real environment
with satisfactory results.



Conclusions

The non-intrusive appliance load monitoring system (NALpApvides information about the
electrical consumption of the appliances measuring veleagl current in a single point. This
system is preferable to the traditional approach becaueadasy of installation, maintenance
and low cost. In this thesis we design an Automatic Setup NAdydtem (AS-NALM). This
system is less intrusive then the classic MS-NALM systertedtns by itself about information
on the appliances that are present in the environment ancctresumptions.

Firstly, an event detector was developed. It detects clgaimgihe normalised power which
exceed a given threshold. When a change is identified the desgctor extracts two signatures
to characterised the corresponding device. One signattine inormalised power step, the other
is the current waveform difference.

Secondly, a cluster algorithm analysed the output of tha@tesetector to find out frequent
patterns which identify a device status. The cluster aimigscomposed by different layers to
find out frequent sequences of events. These sequenceas$jigeniodic patterns in the extracted
events.

Finally a device model is created. The cluster represeudliifgyent states (on and off) of the
same device are coupled together. Then a name is given tdehgfied devices looking at their
electric behaviour.

The system was tested in a demonstrator to validate the megleroposed. Then it was
applied to a real environment where the number and chaistatesf the devices was unknown.
The final result shows that the system is able to identify theads.
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