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SUMMARY

The total electricity consumption of plggdin electric loads (PELS) currently
accounts for more usage than any other single used service in residential and
commercial buildings. Compared with other categories of electric loads, PELs possess
significant potential to be efficiently controlled and managed in buildings. Theze
accurate and reliable PEHentification methods that are used to collect identity and
performance information are desired for many purposes. However, few existing electric
load icentification methods are designed for PELs to handle unique challenges such as
the dwersity within each type of PERNnd similarity between different types of PELs
equipped by similar fronend power supply units.

The objective of this dissertation is develop nofintrusive, accuate, robust, and
applicable PELidentification algorithms utilizing voltage and current measurements.
Based on the literature review of almost all existing features that describe electric loads
and five types of existing methodsr electric load identification, a twevel framework
for PELs classification and identification is proposed.

First, the supervised sedfrganizing nap (SSOM) is adopted to classify a large
numberof PELs of different models and brands into severaluggoby their inherent
similarities Therefore, PELs with similar fromnd power supply units or characteristics
fall into the same group. The partitioned groups are verified by their power supply unit
topology. That is, different groups should have défdrtopologies.This dissertation
proposes a novedlombination of the SSOM framework and the Bayesian framework
Such a hybrid identifier can provide the probability of an unknown PEL belonging to a
specific type of load.

XXii



Within each classified group by &hSSOM, botlrstatic and dynamic methods are
proposed to distinguish PELs with similar characteristics. Static methods extract steady
state features from the voltage and current waveforms to train different computational
intelligence algorithms such as t8&OM itself and the support vector machine (SVM).
An unknown PEL is then presented to the trained algorithm for identificdticoontrast
to static methodsdynamic methods take into consideration the dynamics oftienmg
(minutes instead of millisecosyl waveforms of PELs and extract elements such as

spikes, oscillations, steadyate operations, as well as similarly repeated patterns.
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CHAPTER 1 INTRODUCTION AND O BJECTIVES

1.1 ELECTRICITY CONSUMPTION OF PLUGGED-IN ELECTRIC LOADS

In the United Statelectric loaddn residential and commercial buildings accounted
for around 75% of the total electricity consumption in 2Q1R Moreover, the total
consumption byesidential and commercial buildingasbeenincreasing for the past six
decades[1], as shown in the following figureThe economic, operational, and
environmental impacts of increasing electric power consumption have drawnwideld
attention to the need for better energy consumption management and direct cbnt
electric loads in not only residential houses but more importantly also commercial

buildings such as hospitals, schools, and data centers.
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Figure 1.1 U.S. electrictty retail sales by sectors from 1949 to a9



Electric loads in residential and commercial buildings are commonly divided into
groups such as space conditioning, water heating, ventilation, lighting, major appliances,

and misellaneoug?2]. Miscellaneous electrical loads (MELS) are the diverse collection

of electricityconsuming devices including portable loadsich are electronic appliaas

plugged into socketsalong with all harewired loads that do not fit into other major end

use categorief3]. The suggested partition of all electric loads[By as well as some

examples, is shown in the following figure.

Electric loads in residential and commercial buildings

\ 4

A 4 A 4 A 4 A 4

\ 4

Space o s Major Water
Conditioning Lighting Ventilation Appliances Heating MELs
Incandescent Refregirator C;r\r;p;tfr
Examples: F g‘srfszzlt Washer DVD player
Fluorezcent e SRE-Tp Lox
Stove Portable fan

Figure 1.2 Classification of electric loads in buildings

It is reported that MELs currently consume more electricity than any other single end

use service in residential and commercial buildif8jsFurthemore,a recent report from

the United States Department of Energy (DQ#)i nd i c a tmiseellanebua tses i

domi nat e

electricity consumption of TV sets and -$e@p boxes surpassed that of refrigerators in

gr owt h i n electricity

demand?o

2010. Itis also predicted [d]t hat MELsO®6 consumpti on

(e.

g.



devices) will increase by an average of 2.3 percent per year and, in 2035, will account for
about 40 percent otbtal electricity consumption in the commercial sector. The rapid
growth in both residential and commercial builditgsommonly considered to be driven

by consumer electronics. It is predicted that the growth will continue and even accelerate
due to netvork connections of MELSs ithe future[5].

Portable MELs, which account for the majority off MELs, are of special interest in

this dissertation fothe following several reasons.

(1) Nonportable MELs, such as distribution transformers, -read electric
vechiles including electric trams, eteic locomotives, and wheeled vehicles
that are not intended for use on public roads (such as airport ground support
equipment), magnetic resonence imaging (MRI), and elev§irare less
frequently installed, not as easily accessible and controllable compared with
portable MELs. Note thaher e ficont r ol -tineebdlreetdoadme a n s
control accordingly to different needs and scenarios.

(2) A large number of electric loads in other categories are also portable, such as
refrigerators, washers and driers, air conditioners, and lighting ape$ia
These portable loads can be controlled in the same manner as portable MELSs.

(3) A large number of portable electric loads ammpireloads[6, 7]. In other
words, they are defined by DOE as fel
electricity while in standby mode or being switched dd. Such vampire
energy should be efficiently managed to reduce the amount of wasted energy.

This dissertatn focuses on portable MELs and other portable major appliances,

which will be referred to apluggedin electric loads(PELSs) within this dissertation.



Specifically, the PELs considered in this dissertation includeakeutot limited to, the

appliancedisted in Table 1.1.

Table 1.1 List of PELs considered in this dissertation

Residential Commercial

Home
entertainmen

TV:LED, LCD, plasmg and CRT

TV accessories: s¢bp box (STB), DVD player, vide
cassette recorder (VCR), and audio devices

Video game onsoles: PlayStation, Xbox, Wii, etc.

Home
appliances Washer and dryer, Portable Spa
Lighting: dimmer, incandescent, fluorescent, and compact fluorescent I
Public Space conditioning: portable fan, space heater, humidifier, dehumi
appliances and portable air conditioner
Vending machine, Water dispenser
Network Modem, Router Server
Cooker,
Stove
Dish washer
Kitchen Microwave oven
appliances | Coffee brewer
Portable refrigerator
Toaster
Hot water kettles
Computer | Desktop, laptopand (external) monitor
Projector
Fax machine
Office Copy machine
appliances | Multi-function device (MFD)
Shredder
Cordless phone and answering machine
Charger: any with battery
External hard drive
Other Home security system

Clock radio/small stereo
Portable electric space decoration device




1.2 NEEDS AND OPPORTUNITIES FOR PLUGGED-IN LOAD M ANAGEMENT

The large portion of the total electricity consumption by PELs offers opportunities to
managePELs usageand consumptignreduceenergy wasted by vampire loadsrd
regulatePELs operatiorfor a sustainable future. Compared with othexjor high power
electric load such as water heating and space conditiomipgliances PELs possess
great and unique potentials to be efficiently managed in buildiegbey can bdirectly
controlled (e.g., turned ON/OFF) by the switches in power strips, main sockets, and
power outletsin which PELs are plugged intéurthermorethe controllability of PELs
results in a large number of ongoing wddk many purposes including energgving,

building management, and demand response.

1.2.1 Energy saving byegulations anddirect PEL control

Energy Starindicates that in United States on average it costs each household $100
per year for PELs while they are off or in standby mode. On a wwdtimasis, standby
PELs consumes more than 100 billion kilowatt hours annually and contributes to more
than $10 billion in annual energy costs. Proper PELs consumption management can result
in as much as 75% standby power savif@jsand 40 million tons of carbon emission
reduction expected per year in United St§8}s

Current work on reducing the amount of energy consumed by vampire loads can be
summarized as follows:

(1) Introduction of regulations to reduce the energy consumptioPBls in

standby or OFF modd-=or exampleEnergy Starstandard 5.1 requires that

gualified TV sets must consume no more than one watt while in sleep mode



[10], which has been introduced as a regulation byQGhdifornia Energy
Commissiorin 2011[11]].

(2) Direct control (e.g., turned ON/OFF) of PElghen they are in standby or
OFF mode.For example, aecenteffort by DOE, Building America has
started to identyf and reduce PELs consumptifii?] and aims at 50% energy

savings in new homes by 2015.

1.2.2 Management of PELs in smart buildings

For tre purpose of a sustainable futuROE has announced its goal of achieving
market ready netero energy residential and commercial buildings by 2020 and 2025
[13]. This requires a centralized management of electric loads, renewable energy sources,
and possibly energy storageRhe zero net energy consumption of these buildings are
achieved by &rvestingenergy fronrenewable energy sourceach as solar panels and
wind generatorsutilizing high-efficiency electric loads,and reducingthe amount of
wastedenergythrough proper load and building management

Recentl vy, a new building management sche
been prposed in[14], which aims at scheduling thermostatically controlled household
electric loads based on price and consumption forecasts to meéiedpeptimization
objectives such as maximum users' comfort level. Similar electric load management
schemes are investigated[ib] via binary oroff policies of the smart flexible devices
with user 6s c¢comf or twitkctle expanding depldymentotipluggede r mo r
in medical equipment and electric vehidlds16], certain types of PELs are expected to

be managed with specific requirements.



Besides energy saving to achieve net zero energy consumption, PEL management can
also enhance the capability of building management sys{@iS), introduce more
intelligence into PEL operations, and improve building occupant experigfoe
instance, the protection device on an uninterruptible power supply (UPS) or a power strip
cuts df all connection when oveturrent happens but such an unexpected power cutoff
will cause a pluggedh desktop computeptloss all its current work. In this case of aver
currentevent proper load managemesikould disconnect/turn off noncritical loadsda
keep the desktop computer omhis example can be extended to a more general
application to keep a selected set of critical loads (such as network servers and
computers) on under all circumstasc&éhese two examples illustrate that incorporation
of more intelligence into load management can help to improve building occupant

experience and enhance BMS capabilities.

1.2.3 PEL management for demand response

For the purpose of demand response, many efforts have been devoted by others to the
demandside managemen{DSM) of electric loads in residential and commercial
buildings[17-25]. DSM of electric loads typically aims at improving system reliability,
dynamic pricing[26], reducing energy consumpti¢f7, 28], and introducing advanced
reattime control[29-31], and load balancin§32, 33]. With the fast deployment of
pluggedin electric vehicles (PEVs), new demand response sch¢Bdéswith large
numbers of PEVs at homes as shiftable electric loads as well as etweges 35| are
still under investigation.

Typical demand response in buildings to reduce energy consunghiiamg peak

energyconsumptiorhours is achieved by a dealized building automation system with
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time schedulingA number of such building automation systems have been desagwed

are available, such &emengiDemand Response Solutions for Commercial Buildings

[36], Lawrence Berkeley National Laboratorg a ut o mat ed dend@8hd resp

Pacific Northwest National Laboratadys faci |l ity ener gfB88.deci sior
A major problem within these automated building demand response system is that

theyhighly rely on time signal from utilities to start and end demand responses. In other

words, these systems do not perform load management and energy saving during normal

hours. Therefore, besides centralized buildlexg! building management system for

demand respuse during certain peak hours, distributed oudeel load management

systems are also desired for building occ

individual needs.

1.2.4 Needs for smart power outlets

To summarize previous discussionsdue to their special characteristics in
universality, flexibility, and controllability, PELs possess unique potentials not only in
energy saving but also in many other purposes such as intelligent building energy
management, granular consumption information collection building efficiency
certification,anddemand response for reliable and economical operdtiathermore, a
centralized building management system cannot meet the needs of PEL control and
management in many caséddiierefore, smart power outlets (anart power strips) are
desired by many applications to collect usage information and perform control actions on
individual PEL. The general framework of deploying smart outlets and smart power

strips in a distributed manner is shown in the following figure



Building-Level- e Local-Level-
Management & Management

Figure 1.3 Deploying smarbutlets and smapower stripsn buildings[39]

Figure 1.3 shows that smart outlets and smart power strip can collect information of
PELs plugged into them, communicate with either Ideakél or buildinglevel
management system, amrform control actionsSeveral examples of commercially

available smart outlets and smart power strips are shown in the following figure.

Figure 1.4 Commercially available smart outlets and smart postieps
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To summarize, most smart strips typically have controlable sockets and
uncontrollablesocketsUsers can plug the loads that they would like to manually control
into controllable sockets and turn ON/OFF PELs through wireless communication
between the remote and the power strip. Moreover, Ipadgedinto the uncontrollable
sockets stay connected to thidity networkall the timeas there are no switches in these
sockets to control PELs

More intelligenceis desired to be incorporated into current smart power outlets and
smart power stripsdrauseall control actions need to be performed manually by users.
Instead of manually control PELs every day, users may tockave programmable smart
outlets such that they are define certain rules for the smart outlet to carry out in an
automatic mannmeln order to achieve automatic PEL management through smart power
strips, it is necessary for the smart power strips to have the capability of knowing what is
the identity (model, type, and operating status) ofghmggedin load follow the pre
defined management rulesand perform necessaryactions tocorresponding PELs. In
other words, without knowing the PEL identity without ambiguity, smart power strips

may perform undesired actions to PELSs.

1.3 NON-INTRUSIVE PELSIDENTIFICATION

As discussed aboven iorder to achieve the various PELsS management prospects
discussed above, the information of PELs identitynsumption, and performande
required. Specifically, PELs identity information (i.e., the type or model of each PEL) is
the most important part bause the consumption and performance information should be

credited to specific PELs and the building management system should know without

10



ambiguity which PELs are under control. Therefore, reliable and accurate PELsS
identification methods are the foun@an of all PELs management prospects.

However, the majority of electric loads in residential and commercial buildings still
remain unidentified due to the lack of embedded identity labels inside electric loads as
well as communication between electricdeaand a building management system. This is
particularly true for PELs due to their low costs, gigantic totahber, and dynamic
portability. The relatively low costs of PELs make it not economic to embed internal
identity signal generator with communiizen capability.

There are two kinds of load identification approaches, intrusive andntasgive. A
physically intrusive approach is proposed[4#0] where sensors are installed on every
electric load to monitor status of tleads, and signals are sent to data processor through
a power line. However, the intrusive approach needs the cooperation of manufacturers
and users. Furthermore, the communication of signals and information is also demanding.

As a result, it is more reatic to design a PELs identification algorithm in a ion
intrusive manner. In other wordgjstallation of extra, interior, or intrusive wiring or
sensors into any ELs or existing pluggeth sockets in buildings is not required.

The only available inforation for norintrusive PELs identification includes voltage
and current waveforms collected from sockets or outlets. PELs often present unique
characteristics in these electric signals, which are discussed in more details in later
chapters. Such load chateristics provide a viable means to identify the type of a PEL
(e.g., computer, TV, or lamp, etc.) and even possibly its operation status (e.g., startup,

normal, standby, etc.) by analyzing these electric signals.

11



The general framework of the namtrusive PELs identification problem is illustrated

in the following figure.

Power Outlet PELS

T\ P PELSType;
oy SEGES. 2 PEL s Identification [==={0c ating status

v(t)

12 7T Veltage (V)
// \\

-1 p—

s<lElElE

Figure 1.5 General framework of nemtrusive PELs identification

Note that the PELs identification problem is nmtrusive because the voltage and
current wavefoms are measures externally withantrusive wiring or sensors into the
PEL. Also, the only source of information for the nmtrusive PELs identification

problem is contained in theltage and current waveforms.

1.4 CHALLENGES OF PLUGGED-IN ELECTRIC LOAD IDENTIFICATION

Starting with the original idea of neintrusive load monitoring (NILM) by Hart in
the late 1980$41], many methods have been proposed to monitor and identify electric
loads over the past twenty years. A comprehengiview of existing work is provided in
Chapter Twoof this dissertation. However, few methods are designed specifically for

PELs and have addressed the following challenges.
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1.4.1 Diversity within each PELs type and similarity between different PELs types

The fast development of froreénd power supply units and wide deployment of
personal electronic devices such as tablet computers and smart phones bring challenges to
PELs identification. Some of the most challenging problems are listed as follows.

(1) Different types of PEL are equipped with similar freehd power supply units
and thus have similar characteristics;

(2) Each type of PEL could be equipped with different frentl power supply
units as more efforts have been devote to regulate PEL power consumption.
Therebre, PELs of the same type may have quite different characteristics;

(3) A PEL may show quite different characteristics in different operating modes.
For example, current waveforms of a PEL with a power factor correct (PFC)
unit are quite different when the EFRunit is turned on or off;

(4) Intelligent PEL identification methods should have the capability of receiving
inputs or feedback from users or building managers to improve their
robustness. No identification method can guarantee 100% success rate or no
error under all scenarios. However, inputs or feedback can help when
identification algorithms cannot tell apart certain PELs without ambiguity.

(5) Several PELs are typicallgonnected into one power odutlet. In this case
single current waveform would consistrmixed signals of multiple PELs.

Several plots of reakorld current waveforms are shown in the following figure to

illustrate the above challenges. Three cases are considered including

(1) Characteristics of a PEL can be different: an LED TV in active modan@

in energy saving mode (b);
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(2) Characteristics within a type of PELs can be different: LED TVs of two
different manufactures: (a, b) and (c);
(3) Characteristics of different types of PELs can be similar:an LED TV (c) and a

settop box (d).
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Figure 1.6 Current waveforms to illustrate the diversity in types and similarity between

types of PELs

The above example shows that the diversity witbach type of PELs and the
similarity betweendifferent types of PELs significantly complicate the identification.
Few existing methods have addressed these challenges. As a result, ac@itabé&rcial
load identification and monitoring products have limited capabilities to consider only

several PELs with quite different power ratings.
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For example, the home energy management system developedviegaS™ only
considers coffeemakers, TVs, mgérators, lamps, and vacuum sweepers, as shown in the

following figure [42].

Y& 90 m @S Lpuwr

Top 5 usage sat 21st Nov 15:42pm

Figure 1.7 lllustration oftheNavetas™ energy management system

M

Also, the home energy management system developeénBpverMe™ cannot

identify low-power (less than 100 W) loads, as illustrated in the following figure.

OVERALL POWER WATER HEATER DISHWASHER ELECTRIC OVEN
CONSUMPTION

Figure 1.8 TheenPowerMéM load monitoring system
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1.4.2 Utilizing long-term waveformsfor PEL identification

As reviewed and summarized in Chapter Two, most existing Idadtification
methods in literature utilize only shadrm voltage and current waveforms (for instance,
typically several electrical cycles), which is not so reliable in some cases when applied to
PEL identification. For example, the following figures shahe shorterm (several

electrical cycles) and lontgrm current waveforms (several seconds) of an LCD TV and

a laptop computer.

CumrentdA
Cument/A

0 10 20 30 40 50 60
Time/s

(a) Long-term curent waveform of aLCD TV (b) Long-term current waveform of a laptop
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(c) Shortterm arrent waveform of an LCD Td) Shortterm current waveform of a laptop

Figure 1.9 Longterm and shofterm current waveforms ofan LCD TV and a laptop

computer

The shortterm current waveforms of the LCD TV and laptop computer are quite

similar, which makes it dficult to tell them apart. However, the lostgrm operating
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current waveforms of these two PELs are quite different and should be used to get more
accurate PEL identification.

Thus, a reliable method is needed to model or represent the shapes -tdriong
voltage and current waveforms with the capability to extract information about the
operating status of PELs for the purpose of PELs identification. Some recent work has
started to identify operating modes from letegm (hours or days) waveforms utilizing
the active power with a low resolution (e.g., one data point every hour) and it focuses on
the total energy consumed over a given time period. However, the following issues still
remain unsolved:

(1) Identify load operating modes in retithe from high resoltibn data (e.g., 70

10° data points per second) for reahe direct load control and energy
management;

(2) Identify the stead\ptate operation as well as the transient operating modes

during startup in reatime;

(3) Report not only the total amount of powemsaimed at each operating mode

but also the total amount of time that the PEL is operating at this mode over a
certain time period,;

(4) Detect certain operating modes in réale from longterm voltage and

current waveforms for the purpose of intelligent eledoad identification.

1.5 PROBLEM STATEMENT

This dissertation aims at developing accurate, reliable, efficient, and robust PELs

identification using load features extracted from electric signals such as voltage and
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current measurements. The proposed rebkefarcuses on the following four aspects to
provide solutions for advanced PEL identification.

(1) Robustnessachieve meaningful classification and identification of PELs
listed in Table 1.1 based on freamhd power supply unit circuit topology and
electricaloperation principles to handle the diversity within each type of PELs
and the similarity between different types of PELs;

(2)  Accuracy achieve certain identification success rates under all scenarios and
provide solutions when the identification cannot be enadhout ambiguity;

(3) Adaptivenesslearn from user inputs or feedback, update classification and
identification rules if necessary, and inclueriori information and required
identification granularity;

(4) Intelligence extract signatures/patterns when i PELs are connected
into a single outlet or power strip such as startup transients and -Stesely
features,investigate the applicability of the extracted signatures/patterns for
effective PELsactivity recognition and identify the unknown PELs i@

certain level of granularity.

1.6 HIERARCHICAL |DENTIFICATION FRAMEWORK

Considering the diverse nature of PEL, the enormous number of PELs, and the
challenging aspects of advanced PEL identification, this dissertation follows existing
work [2, 43-45 which have developed meaningful taxonomy of typical PELs in
commercial buildings, uses the suggested taxononi3n and proposes a hierarchical

PEL identification framework as shown in the following figure.
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Divide PELs into several categories based on power supply design, and
firstly identify which category a PEL falls into

- Expecting 100% accuracy

- diversity within each type and similarity between ditferent types

v AN

Within each categories, identify Within each categories, identify
PELs with similar power supply PELSs with similar power supply
Expecting 95% accuracy Expecting 95% accuracy

[ Interaction with users and on-line update ]

Figure 1.1Hierarchical PEL identification framework

As shown in Figure 1.8, the proposherarchical(multi-level) PEL identification

framework consists of three steps:

(1) (Top level)Classification of PELs into a number cdtegoriedased on their
front-end power supply units topology. In this step, an unknown PEL is first
spedfied into ore of the PEL categories

(2) (Middle level) Within the specified PEL category classified stgp (1),the

next step is to indicatihe actual identity (and operating status if possible) of

the unknown PEL.
(3) (Bottom level)lf necessary, the proposed PEL idenation framework could

interact with users and receive inputs to update its identification rules.
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1.7 DISSERTATION OUTLINE

A comprehensive literature review of the existing methods and techniques pertinent
to this dissertation is summarized in Chapter T@hbeters Three to Seven constitute the

main body of this dissertation, which can be divided into three parts:

1.7.1 Feature extraction for PELs

Chapter Three proposes a low computatiauest but yetefficient method to extract
load signatures for PELslassificaton and identification. Instead ofcarrying out
frequency domain analyssich as DFT and FEThapter Thre@roposes to extract the
similarity of voltagecurrent (\/1) trajectories between loadsy maging V-1 trajectories
to a grid of cells with binary dlevalues. A novel set of gaphical signaturesxtracted
from the grid cells with M trajectories mapped on is presented, which can be utilared

many applications.

1.7.2 Classification of PELs into categories

Chapter Four introduces the fundamental fram&wof the selorganizing map
(SOM) and the extension of SOM to a supervised manner for classificatidn
identification of PELs. The supervised SOM (SSOM) can classify a large amount of
PELs into several groupBifferent sets of PEL features, includingth time domain and
frequencydomain feature, are considered to be used in SSOdpter Five presents a
novel combination of the SSONMameworkand the Bayesiamentifier framework to
function as a hybrid identifier and provide the probability of an amkmPEL belonging

to a known category
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1.7.3 Identification of PELs in each category

Chaptes Six and Sevendiscussin-category identification of PELs, i.e., identifying
similar PELs witln each PEL category.

For static methodC hapter Six presents a novel hghSSOM/SVM identifier for the
multi-class incategory PEL identification problem. The proposed hybrid identifier
utilizes the power of previously supervised Setiganizing Map (SSOM) classifier for
PELs proposed in Chaptere it and Five to first clagg an unknown PEL into one of
the seven PEL categories discussed in Chapter Three. Within each cluster, a more
accurate identification decision is made by the well establish-wialis oneagainstall
SVM classifier. The results are satisfactory for tdgting purpose.

For dynamic method<C hapter Seven proposasnovel finitestate machine (FSM)
representation of lonterm operating waveforms for the purpose of indicating load
identity and operating modes. The operating current or voltage waveformvereed
into a quantized sequence of states. A set of elemental states and events are defined to
reduce the number of states and extract numerical features to represent and identify PELs
under different operating modes. Three major categories of repep#tigrns in
waveforms that correspond to repeating operating actions are summarized, and
identification methods are proposed for each such category.

Finally, Chapter Eight summarizes the main contributism$ lists outcomesf this

dissertation.
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CHAPTER 2 LITERA TURE REVIEW

2.1 INTRODUCTION

Started with its first introduction by Haf41] in the late 19®&, the nosintrusive
load monitoring (NILM) problem has attracted wide range of attentions and interests
globally. A large amount of work habeen reported on electric load identification by
worldwide researchers. Most existing work in the literature follows a common process
which is summarized as a general ramework and presented in section 2.2.

This general framework for electric load idem#tion containsthree main
modules/stepsevent detectionfeature extractiorand load identification using extracted
featuresThe load identification process starts if a turn ON/OFF event is detétigdto
detect ON/OFF events is reviewed in sectidh 2

A set of features of an electric load is defined as its unique signature which can
represent its characteristics. With an electric load with unknown identity represented by a
pre-defined set of features, the identificatidacision is thermade by comaring the
features with a reference databamed finding out a known load with most similar
features Major existing electric load features afeature comparison methods the
literature are reviewed in sect®24 and2.5, respectively.

Some recent ark aims at determining not only the identity of electric loads but also
the operating status of electric loads, which is not a part of the original NILM problem.
Related work in the literature is discussed in section 2.6.

Finally, section 2.7 summarizésis chapter.
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2.2 GENERAL FRAMEWORK FOR ELECTRIC LOAD | DENTIFICATION SYSTEMS

Starting with the original idea of neintrusive load monitang (NILM) by Hart in
the 1990Gs [41], many methods have been proposed to monitor and ideredirielloads
over the past 20 years. Many electric load identification systems have been proposed,
built, and tested based on these methods. Most existing electric load identification

systems follow the general framework shown in the following figd6e48§].

Electric System ‘

el ) Data Acquisition

<L

| Data Preprocessing |

<~

| Event Detection |

<~

Feature Extraction

<>

Load Identification

~~

| Load Management

Load
Feature
Database

Figure 2.1 General framework for electric load identificatisystems [4244].

In Figure 2.1, the data acquisttion (DAQ) module captures sistadg raw data as
well as transient signals if necessary, and then the data preprocessing module carries out
predefined data conditioning and processing actions such as filtering, normalization, and

frequery spectrum calculation by thasdrete Fourier &amsformation (BT) or the fast
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Fourier transformation (FFT). Some load identification methods depend on the event
detection module to detect whether there is an actual electric load being switched on/off.
The event detection module can be implementediggdring simple thresholds such as
instantaneous active power or sophisticated thresisaidh as roetmeansquare (RMS)
values, harmonics, and/or transient values.

The feature extraction module is the key part, which varies notably in different
systems & it determines the accuracy and performance of the overall load identification
system. Features can be either tidmmain (from voltage and current waveforms) or
frequencydomain (from harmonic spectrum of steastgite signals). The extracted
features repesent the characteristics of electric loads. The load identification module
utilizes the extracted features, compares them with a database of features of known
electric loads, and identifies the unknown load based ordefieed rules such as
maximum simiarity.

The load management module, usually decoupled froro#e identification section
composed of the previous five modules, utilizes the information generated from the load
identification module and provides granular load energy consumption andrpanice
details to drive various building energy management tasks such as energy intensity
reduction, demand reduction, peak shaving, energy optimization, and proactive
equipment maintenance.

The major differences between the various load identificatiote sysmainly fall into
the secalled adoptedeaturesandfeature comparisomethod reviewed in the rest of this

chapter.
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2.3 REVIEW OF EVENT DETECTION M ETHODS

Event detectionbased methods have typically been adopted in the earlier load
identification systemsand have later been replaced by other more advanced load

identification methods.

2.3.1 Event detection using steaehtate alues

Early work [49-51] proposes to continuousiyonitor the operation of electric loads
and search for changes in steatyte active and reactive power. A significant change of
exceeding a predefined threshold of adopted features is considered as an indication of an
electric load being switched on/adihd the differences in steadtate active and reactive
power values are considered to be the distinguishing characteristics of that load.
Subsequent identification is then made by comparing the distinguishing characteristics of
that load with a library tknown characteristics of typical loads.

However, this method works only for a limited number of scenarios with only a few
quite different electric loads. It is shown JA9] that this method can identify the
switching of a refrigerator, an oven element, and a stove burner. Furthermore, the steady
state real andeactive power are even less informative in commercial buildings where
substantial efforts, such as power factor correction and load balancing, are made to

homogenize the steadyate behavior of different loads.

2.3.2 Event cetection using transient baracterisics
In order to overcome the limitations of steagtgte values, some later work suggest
considering transient characteristics. [B52], a multiscde transient event detection

algorithm is introduced to identify individual loads in buildings by examining measured
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transient profiles observed in the aggregated current waveforms évedlathe service
entry. This algorithm can be used to identify oled transient waveforms even when
multiple transients overlap. 1fb3], a transient event detection method using voltage
distortion is proposed. The implementation of transient event detector using a
multiprocessor is explained ifb4]. However, these methods are deed for major
appliances with distinguishing characteristics but cannot be directly applied to PELs with
similar characteristics.

The event detection module is typically not included in later load identification
systems, the majority of which directly eatt timedomain or frequencgomain electric
features as the characteristics of electric loads. Compared with events, the electric
features of electric loads are of higher dimension and thus possess a better descriptive

capability.

2.4 REVIEW OF FEATURES FOR ELECTRIC LOADS

The performance of almost all existing load identification methodde literature
highly depends on the electrical features (also called signatures in some context) of the
|l oads, which are defined t caddeece drappliacd ect r i
di stinctl[44.possesseso

Assume that the voltage and cutreraveforms can be representedtbg following

equations:
V() =&V, sin(lugt +4), @
It =& 1, sinkug +q), @
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where vy, is the fundamental frequency, and g, denote the magnitude and phase
angle d the k-th harmonic in voltage, anti and g, denote the magnitude and phase

angle of thek-th harmonic in current, respectively.
The following steadistate featurefor electric load$48-51, 55] can be deduced from
the voltage and current waveforms and are widely used in various electric load

identification systems.

2.4.1 Active and reactive pwer

The amount ofctive power an electric load consumes in-t@ak or the average
amount of active power it consumeser a certain period of time is probably the most
straightforward and intuitive feature of this lodéurthermore the amount of reactive

power can roughly indicate whether this load is resistive, inductive, or capacitive.

2.4.2 Peak, average, and RMSucrent values

Peak current and average current are proposed for load identificatig®o]in
Furthernore, the root mean square (RMS) valyg,s of the current measurement is also
considered57, 58]. However, | ,,,s gives equivalent information on the active power but

needs no additional multiplication (with voltage).

2.4.3 Instantaneous alues

Instantaneous values such as instantaneous active powgs9], curreni, , and
admittancey,,, can serve as features. Some electronic converter connected loads may

have huge spikes of instantaneous admittance, which separate them frolocather
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The main disadvantage of instantaneous values is that a proper time scale should be
defined because there cannot be either too many or too few number of instantaneous

features.

2.4.4 Harmonics spectrum of thewarent waveform

The tarmonicspectrum of th current is proposed to identify loadg41, 48, 50, 60|
as the current waveform in the time domain provides one of the most complete sets of
information to describe the behavior of electric loads. The main advantage of using
current harmonics lies in the high regt@n of the signal which can reflect detailed
characteristics of the appliance.

More specifically, the '8 and 3" harmonics are more informative than others. Any
single phase device (such as desktop, laptop, TV, and LCD monitor) which contains a
switching mode power supply (SMPS) contains high percentages of'theng 5"
harmonics in the current waveform. Therefore, the magnitude and phase Gfahd 3"

harmonics in the current waveform can also be considered as features.

2.4.5 Total harmonic dstortion (THD)

The total harmonic distortion of the current waveform is widéB; 61, 62] adopted
to describe the linearity of an electric load as well as power quality. Linear loads draw
current that is sinusoidal while nonlinear loads draw a current that is not perfectly
sinusoidal, i.e., distorted. With the harmonicrgmnentsl, k =1,..., g,0f the current
waveform calculated by the Fourier transformation, the THD in the cuwaméform

shown by equation (23 defined as
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THDI:—i%——IDU% (3)

1

2.4.6 Power factor

There are several different power factor definitions available such as displacement

power factorPFgsp, distortion power factoPFgs;, and power factoPF [63, 64]. They

provide equivalent information and are defined as follows.

I:)Fdisp = COS@. - m (4)

1

= —— (5)
J1+THD,
_cos@ - g

4ﬁ+THDf (6)

= PF,PF,

disp dist

PF,

PF

whereth andd; are the fundamental voltage and current angles, respectively.

Typically, only one or two of the above three definitions are used in one system to

avoid redundancy. In this dissertatitwo differentdefinitions ofthe power factor by4)

and(5) are adopted.

2.4.7 Crest factor or peako-average atio

The cest factor CF), also called peako-average ratio, is defined to be the ratio of

peak value to the RMS value of a certain waveform. For example, the crest factor for

currentCF, is defined as
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cF, = o ™

2.4.8 Transient features
The transient power is also used as a feature for variable electric[Ghd5-67).

The following figure is taken frorf65] as an example.
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Figure 2.2 Transient features in active power of (a) a lamp bank and (b) an induction
motor [65].

The trangnt power is suggestad [53, 65 to be calculated for every hadlectric
cycle (each electric cycle is 1/60 sedmnin U.S.)and the resulting switching transient
waveforms are shown in Figure 2.2. It is straightforward to observe that the active power
transient of the lamp bank has a sharp rise to its peak value and then drops to is steady
state value in less thahl second. However, the active power transient of the induction

motor drops much more slowly (in around one second).
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Other work by Leeland his tean52-54, 65] proposes to use shapes of tt@nsient
waveforns to distinguish different loads. This approach can identify simultaneously
switched loads when the transients do not overlap. However, when the loads aredswitch
on too frequently so that their transients overlap significantly, the loads may not be
identified.

The major problem of using transient featuneseatworld applicationds that they
may not be able to be observed or detected repetitively for differeaels or brands of a
certain electric loadbecause a type of electric loadsy have similar not identical
transient profiles. In odr words, the transient featunéeach loads typically concluded
within a certain rangénstead of a certain valudhus, the identificationecisionwould
be inaccurate if different electric loads have overlapping ranges of transient features. This
issue has not beewell addressed in the literature for the purposeetfttric load

identification.

2.4.9 Graphical features

Instead of using numerical values as features for electric loagsprioposed ij44]
to use graphical signatures in the tdionensional voltageurrent (M) trajectoryas
electric load features\ V-I trajectory is plotted in a twaimensional figure with voltage
values on the horizontal axis and current values on the vertical axis.

It is claimedin [44, 68] that V-I trajectories of different types of electric loads have
distinct graphicalshapes, which are related to the operating characteristics of the loads.
Two examples of VI trajectories of differentlectric loads are showim the following

figure.
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Figure 2.3 V-l trajectories of (a) desktop computeand (b) a refrigeratqe4].

It is summarizedn [68] thatthere are eight shape features that can describ€-the

trajectory: asymmetry, looping direction, area, curvature of the mean line, self

intersection, slope of middle segment, area of left and right segments, and peak of middle

segment. For instance, the asymmetry property and the looping direction dasebesd

in Figure 2.3. Moreover, the following figure is taken frq68] to illustrate how to

divide the /I trajectories into several segments (left, middle, and right) and extract

graphical features from each segment.
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Furthermore, all loads are classified according to the shape features, and the
taxoromy of all loads is constructed and then compared to the taxonomies based on
traditional features such discussed above.

Notethat these graphical features proposed@g} areextended andisedin [69] to
study the load disaggregation problem as shown in the following figline. load
disaggregation problemims at identifying muiple electric loads (which are connected
to the same power supply source and thus) from mixed voltage/current waveforms The
load disaggregation problem does not fall into the scope of this dissertation and thus is
not discussed in detailSome recent suey papers[70, 71] can be referred to as

summaries ofoad disaggregation methods.

33



»7 I'I a
//’ b
- o _‘ , C
/,/""-- : v
2200 —— <l . 200
// v
- //
Fs -
/ ~
i -
| 7
H ~
|
'
4 J

AC Mains H

REDD

Canomical Waveforms

PQ. HAR, WS

Signature
Repository

Signature
Reinforcement

,l

Benchmark
Datasets

Event Detection

Signature Extraction

.....

Learning /
Disaggregation
Algorithm — Model
Selection, Training

2

Model Repository

Event
Labeling

ANN (EDE)
ANN + EA (EDE)
SVM (EDE)
Adaptive Boost

Consumption/Diagnostic
Feedback, Anomaly Detection

Figure 2.5 Using graphicafeatures for load disaggregatifG®9]

Like other features, different loads with similar fraamd power supply units would

possess similar Y trajectories, especially after normalization on the voltage and current

data.
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2.4.10 Summary of éatures

To summarize, many tirrdomain, fequencydomain, and graphicddased features
have been proposed in the literature to characterize electric loads. The major source of
information is the measured voltage and current waveforms forintassive load
identification. Therefore, some featur@®vide similar information and characteristics as
others and thus it is redundant to use all available existing features.

Furthermore, the major criteria to evaluate different features include the complexity
of computing features, the similarity betweteatures of loads of the same type, and the
diversity between features of loads of different types. Unfortunately, there is no existing
set of features that can distinguish all electric loads without ambiguity. A comparison of

existing features can be fodim [12, 24, 26, 31, 42].

2.5 REVIEW OF | DENTIFICATION M ETHODS

The load identification module takes extracted features as its inputs and compares the
features of an unknown load to a database containing features of known loads. The
general principle for ideffication is that the unknown load is identified as the one of the
known loads when the unknown load has features that are most similar to those of one of
the known library loads. Many methods have been proposed in the literature to describe
how to measurehe similarity between two sets of features, which are summarized as

follows.

2.5.1 P-Q pane
Hart [49] proposes to use a twdimensional complex power plane-@ plane) to
locate relative positions of different appliances, as shown in the follow figure. The real

and imaginary axes in the complex@plane denote the val@f active and reactive
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power values, respectively. Loads that lie far away from each other in the plot can be

identified using only real and reactive power, as shown in the following fig@te
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Figure 2.6 Relative positions of a group of appliances in the compi€xplane[49].

This method has certain drawbacks indicated i{60]. For example, this method
only works forelectric loadsthat arelocated far away from each other in & plane,
which may not be true of adllectric loads especially in commercial buildings. Also, the
P-Q plane becomes crowded with indigjuishable loads as the number of loads

increass.

2.5.2 Decision tee
Assume that a set of features has been chosen to set up a database of known loads,
and that the value range of each feature of each load can be concluded from the database

[43, 72]. When the features of an unknown load come in, an identification decision can
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be done by comparing the incoming features withudlele ranges of database features

step by step, with one feature at each step.

2.5.3 Optimization nethods

The similarity problem between unknown and known featurassasformulatedo be
solved as an optimization problem [47]. The objective function is defined as the
minimum difference while comparing an electric load with unknown identity with a set

of loads with known identityrom adatabase, i.e.,

N ~
argmin & w, Gz - % f )
k=1

I

where ¥, , is thek-th feature of the feature vectpin the known database of loadsg,

is thek-th feature extracted from measurement of the unknown l@ad@ the weight of
feature k, N is the total number of featurdhe weightwy can help to adjust the

significanceof each feature

2.5.4 Expert g/stem

It is proposed in50] to utilize the expert system to identifjifferent household
appliances. The features adopted include current values, voltage values, active power,
duration and shape of the current transient, l@anthonics in theurrentwaveform The
household appliances useat Experiment are divided into categories such as resistive,
pump-operated, motedriven, electronicalkfed, and fluorescent lighting.est results for

selected cases are acceptable.
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The disadvantage of using thepert systenior load identification isthat the expert
systerdepends on the engineerbés domain knowle

the electric loads being considered.

2.5.5 Artificial Neural Networks (ANNS)

Artificial neural networks (ANNs) can be used to identify electric loads by training
ANNs to learn features of known electric loads. Through the training process, the
structure and parameters of ANNSs are built to capture different featuicesisf56, 73].

Different types of ANNs, such as multiyerperceptron (MLP)radiatbasisfunction
(RBF), and support vector machines (SVM) agplied in[74, 75]. The ANN is first
trained by a database of features of known loads. Once trained, the ANpPerdarm
identification tasks when it is presented with the same set of features of the unknown load.
A comparison of performance shows that MLP and SYilted models are both able to
determine the presence of particular devices based on their harmonic sigijures

To summarize, the major advantage of ANNSs lies in their capability to evolve and
learn without extra knowledge. The training process of ANNs is statistical in nature.
Therefore, the ANNsre able to extract the statistical information of features from the

database and utilize this information to do identification.

2.5.6 Summary of identification rethods

Existing methods can be divided into two major categories: methods comparing
similarities betveen extracted steadyate or transient features and their variations with a
predefined database as wellcasnputationaintelligence algorithms.

Methods in the former category cannot distinguish between different electric loads

without ambiguity when sracted features of the unknown load are very similar to
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several known loads in the database. On the other hand, ANNs are powerful tools but
they also suffer from problems including lack of knowledge during the training,
computational cost, convergencetenia, and initial parameter selection.

To summarize, most existing methods cannot efficiently handle the diversity within
each type of loads and similarity between similar types of loads and thus cannot be

directly applied to the identification of PELs

2.6 REVIEW OF OPERATING M ODE IDENTIFICATION M ETHODS

Instead of identifying electric loads based on features extracted dtwmrtterm
waveforms, recent efforts have started to identify operating modes frortelomg hours
or days) waveforms. A recent repdry the German Federal Ministfy6] analyzed 4
operating modes of communication devices: normal, standbynade, and off.

In the U.S., a study by the Lawrence Berkeley National Labord#fyemploys a
nonintrusive inventorybased method to study the power stabdsoffice appliances
during nighttime. It only considers snapshots at single points in time and thusndbes
provide the time spent in each power status. The National Renewable Energy Laboratory
presented a histogram heuristic clustering techniquevideda data set of electric loads
operation for several days into clusters based on similarity criteria and extracted
operating modefrg].

To summarize, these efforts mainly utilize the active power with a low resolution
(e.g., one data point every hour) and focus on the total energy consumed in a given time
period. However, some technical problemt sgtmain unsolved, such as identifying real
time operating modes using high resolution data and reporting the total amount of time

operating at a certain mode.
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The following figure shows the current waveform (of 60 seconds) of two electric
loads in offies. Figure 2.6(a) shows the transition from standby mode to faxing (active)

mode of a fax machine, and Figure 2.6(b) represents a fundiiional device (MFD) in

double sided photocopying mode.
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Figure 2.7 Current waveforms of office appliances in different operating modes
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The detection of the transition from a standby to an active mode in Figure 2.6(a) is a
crucial stp for energy management, which should not only rely on detecting the change
in power. Also, in Figure 2.6(b) the instantaneous peak current isvanyng and
typical identifying features in the literature vary from cycle to cycle. Thus, existing
methodsmay fail to correctly identify this mu#tiunctional device (MFD). Therefore, a

method is needed which can extract features fromterrg and timevarying operations.

2.7 SUMMARY OF CHAPTER

This chapter first presents a general framework for the electrit identification
problem, which has been widely used by most existing work in the literature.
Furthermore, mjor existing methods for different modules in this framework, such as
feature extraction, event detecticamd load identification are reviewed acdmpared.
Advantages and disadvantages of most reviewed methods in this chapter have been

presented.
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CHAPTER 3 PLUGGED-IN ELECTRIC LOADS
CLASSIFICATION BY FE ATURES FROM V-l TRAJECTORIES

3.1 INTRODUCTION

As discussed in Chapters One and Two, a primary factor thatndeésr the
performance of any electric load identification system is the set of features selected to
represent electric loads. Therefore, a large number of work on different electric load
features in the literature has been reported by researchers asrkinesection 2.4.

This chapter proposes a set of computationally efficient but yet accurate features to
represent PELs for the purpose of PEL classification. Section 3.2 presents a classification
of PELs into seven categories by their fr@ntd power sugy circuit topology.Based on
the power supply circuit topology,-Vtrajectories of PELs within the same category are
very similar in shapeTypical V-1 trajectories of each PEL category are shown in section
3.3.

Based on the analysis in section 3.3gtof graphical features are then proposed
section 3.4y first mapping a M trajectory onto a grid of cells with binary values and
then extract certain graphical features from the mapped cell grid.

The computational cost of the proposed features adyaed in section 3.5 which
shows thatthey require less computational resources than features in the literature.
Expected values of the proposed features for each PEL category are sumnrarized
section 3.6 for the purpose of PEL classification

Finally, section 3.7 summarizes this chapter.
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3.2 CLASSIFICATION OF PLUGGED-IN ELECTRIC LOADS BY FRONT-END POWER

SUPPLY CIRCUIT TOPOLOGY

The number of types and models of commercially available PELs currently used in
residential and commercial buildings is enormdustthermore, considering the fact that
voltage and current waveforms are the only source of information available for PELs
feature extraction and identification, fremhd power supply units of PELs play a key role
as they directly determine the characiees of the current waveform. For instance, as
discussed in section 1.4.1, PELs within the same type (i.e-pdial TVs) could be
equipped with different power supply units and thus present quite different current
waveforms. On the other hand, diffetdagpes of PELs may be equipped with similar
power supply units.

Therefore, it is neither feasible nor necessary to characterize and identify each PEL
individually in many applications. Instead, it is sometimes more practical and robust to
first classifyall PELs into several categories by their fremd power supply topology
and then extract common signatures for PELs in each category as shown in the
hierarchical identification framework shown in Figure 1.8.

Based on a study on over 95% of all commédiciavailable frontend power supply
topologies, it is proposed [A#3] to divide PELs into the following seven categories based

on their frontend power supply circuibpology:

(1) Resistive loadqCategory R): a typical PEL in this category contains a
resistance directly connected to the frent terminal and thus there is no

phase angle difference between its current and voltage waveforms;
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©)

(4)

()

(6)

Reactive loadgCategory X):a typical PEL in this category contains an
inductance directly connected to the fr@nid terminal through a rectifier and
thus there is a large phase angle difference between its current and voltage
waveforms;

Electronic loads without power factor conton (Category NP): a typical

PEL in this category consists of a freamd electromagnetic interference
(EMI) filter, a rectifier, a voltage or current filter, and a T converter.
There is typically a very small phase angle difference (close to zetegén

its current and voltage waveforms but the current waveform contains a notable
amount of harmonics;

Electronic loads with power factor correctiq@ategory P): a typical PEL in

this category consists of a freahd EMI filter, a rectifier, a voltagegulator,

a power factor correction (PFC) module, and aDC converter. Its current
waveform is similar to resistive loads, but notable current discontinuity and
switching noise can be observed;

Complex structure load€ategory M) typical PEL in thicategory consists

of multiple circuits supplied by independent freamid power supply units and
thus its overall current waveform is composed of current waveforms from one
or more of the above four categories;

Linear loads (Category T): a typical PEL inhts category consists of a
transformer, a rectifier, and electronic components. Its current waveform is
highly distorted due to transformer saturation. Notable phase angle difference

can also be observed;
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(7) Phase angle controllable load@Category PAC): a pjical PEL in this
category continuously adjusts its current waveform by controlling the firing

angle of a thyristor.

Furthermore, category Nbadsalso include PELs that operate at several different
power levels and switch between these power levels exigaturing usage. These PELs
are programmedn a predefined manneto operate in this repeated switchingde
manner because their functional performance may require repeated processes in a certain
sequence.

For example, most high volume printers hawe {or more)printing enginegmotors
in a single device and are able to print both sides of the paper in a single.g@ass
doublesided printing A doublesided printing job is a repeated process of feeding a sheet
of paper, printing and rolling the papforward, holding the paper for the ink to dry,
reversing the paper to print on the other side, and then feeding the next sheet of paper.
The two engines are programmed to operate in different combinations with different
power consumption levels duringi$ repeated process, and these combinations could fall
into one or several other categories.

Note that the fronend power supplgircuit topology of categories T and PAC are no
longer adopted in modern power supply industry, but these two categoeiestilar

included in this dissertation for completeness.

3.3 TYPICAL V-l TRAJECTORIES OF EACH PEL CATEGORY

In the literature, a large number of existing works on the characterization and
identification of PELs use features extracted from the harmonic spectfuouari@nt

waveforms derived by discrete Fourier transformation (DFT) or fast Fourier
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transformation (FFT). However, for the purpose of practical applicatmitis only
limited computational capability or hardware capabiliijge computational cost of DFT
or FFT is probably too high in some cadesr example, if a PEL identifier is desired ina
power strip or a power outlet, these applications may only hawecreprocessor with
very limited amount of memory. Fourier transforms may not be desired in these
applications.

It is observed that the normalizedI\frajectories oPELs within each category share
very similar shapes, which can be used to describe and represent PELs within each
category. Furthermore, PELs of different categories possess quite wtiffer@pes of
normalized VI trajectories. In other words, normalized|\frajectories described in a
properly defined metric space can be used as features to distinguish different categories
as they are close withitategory but quite far away betweeategories in the manner of
distances.

Typical normalized M trajectories of the seven load categories discussed above are

shown in the followindigure.
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Figure 3.1 Typical normalized M trajectories of the seven load categories
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Note that here fnor maHimesadpbhg mesaamentstofn at t
the voltage and current waveform are normalized by their maximum valigese 3.1
shows that normalized -V trajectories from different load categories appear different.
Some recent studies focus on developing graphical (load) featuned/ftdrajectories to
represent different loads whose voltage and current measurements form the
corresponding M trajectories. A notable study based on 126 sets of operating data of
different PEL types and modes summarizes that there are eight shagarsegtiaat can
be considered to describe the-l1Mrajectory: asymmetry, looping direction, area,
curvature of the mean line, safitersection, slope of middle segment, area of left and
right segments, and peak of middle segnjé4t

However, calculating these graphical features still requires a large amount of
computational resources &se entire VI trajectory needs to be traversed in a certain
order or direction. Also, these features are designed for a taxonomy of loads that is
similar to the load groups defined by IEC Standard 618@0 Therefore, they are not
suitable for the propesl seven PELs categories. For example, PELs from Category R
and Category P have very similar such features and thus cannot be effectively

distinguished without ambiguity.

3.4 FEATURE EXTRACTION BY MAPPING V-l TRAJECTORIES TO CELL GRIDS WITH

BINARY VALUES

3.4.1 Limitation in performance of existing graphical load signatures
The existing graphical load features discussed above are purely based on the shape of
a V-l trajectory. However, as discussed in Chapter One, different models of PELs within

the same category came equipped with similar (but not identical) freemd power

48



supply topology. Therefore, such PELs present similar (but not identical) current
waveforms as well as -Vtrajectories. In this case, there can be significant differences in
some of the existingraphical load features, which are supposed to be identical as these
PELs belong to the same type or category. Moreover, some existing graphical features
may no longer be true or useful.

Several examples are presented in Figures 3.2(a) and 3.2(b), vilowhtse A
trajectories of two portable fans. These twd Wajectories have similar shapes but quite
different area values of both the entird Wajectory and ofthe left and right segments, as
well as thepeak values of the middle segments

As anotler example, Figures 3.2(c) and 3.2(d) show thetMjectories of two flat
panel TV sets, which have similar shapes but quite different zero crossing times (and thus
left, middle, and right segment values). Also, determining the asymmetry, looping
direction, and area of Figure 3.2(c) is complicated and consumes much computation

effort due to the oscillations in theMrajectory.

V- trajectory V-l trajectory
2 il 2
77’.‘4; Ul: 04 02 0 _“; _‘l UL: o8 1 1 03 06 04 02 0 02 0
Normakized Voltage Normalized Voltage
(@) A 32-inch portable fan (b) A 9-inch portable fan
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V-l trajectory
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I T ' 1
AL wdan

Normalized Current
Normalized Current
|
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I i i i I I

Normalzed VVoltage Normakzed Voltage

(c) An LED TV (d) An LCD TV

Figure 3.2 Normalized VI trajectories of four pluggeth electric loads to illustrate the

limitation in performance of existing graphical load signatures

3.4.2 Binary mapping from \/l trajectories to cell gds

In order to effectively handle the variance e tcurrent waveform as well as the
difference between ¥ trajectories of PELs within the same PELs category and reduce
the error as well as computational castdiscussed earljethis dissertation proposes to
first map a VI trajectory to asquare)grid of cells. Each cell is assigned a binary weight
value.

Furthermore, fi the V-l trajectory crosss though a cellin the grid this cell is
consideredo beoccupied bythis V-1 trajectory and then assigits binary weight value
to bel. Anoccupied cells shown as a solid black cell as showrFigure 3.3 If not, the
cell is then assigned l@naryweight value of 0 and shown as an empty cell as shown in

Figure 3.3
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Figure 3.3 Mapping \4I trajectory to a binary cell grid

The binary cell grid is a generalizatiof V-I trajectories. VI trajectories with similar
but not identical shapes can have identically mapped binary cell grids. This is because
two V-l trajectories can pass through a cell along slightly different paths but the cell is
yet considered as occieg and assigned a value of 1. Also, the distortion in-A V
trajectory that is caused by the harmonic present in the current waveforms can be
smoothed out as the part within an occupied cell is represented by this cell, no matter
how distorted this partfahe V-1 trajectory might be. For example, thelVWrajectory of a
PEL from category P shown in Figure 3.2(c) is quite distorted. On the other hand] the V
trajectories of other PELs from category P shown in Figure 3.2(d) and Figure 3.3 are
much more smother with no notable distortion. However, after mapping to a grid of
cells, all of these three-Vtrajectories look the same, i.e., similar (if not identical) to the
mapped cell grid in Figure 3.3.

The binary cell grid mapping algorithm is defined @kofwvs.
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(1)

@)

(3)

Load the voltage and current data: assume that there are a tédalatd points
of the form (v,,i,), wherek= 1, » K. Also, v, andi, are the voltage and

current values of sampled data pdintespectively;

Calculate
Viax = maka ,
Vo, = Miny,,
Imax = maXlk ’
Imin = mlnlk’ (9)
_1 d
VO E(Vmax Vmin)' an
IO :l(l max min)'
2

Note that in generdV, .|, [V @nd [ . i mi- ThUs (4 ,i,) are used as the

origin of the cell grid instead of (0, 0).
Read inputN which defines the size of the grid in therizontal direction and

calculate

D\/ _Vmax- VO
N (10
Di rax = 1o
N

and generate two sequences

{o- N ODy (N 1) -v ODy »vy-B ¥ ON) vy N K
and
fi,-N GO, (N1 -i, OR i, 4D i+ 0 P iir,N-i},
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(4)

()

(6)

which both have2N elements. Note that the former sequence is from voltage
sampling measurements and the latter one is from current. Also, both sequences
use the sam& because the ¥ trajectory considered is noriieed and the

range of both horizontal and vertical direction are betwedn 1] and

symmetrical.

Define an2N3 2Nsquare cell gridand te (x‘“, y‘h)cell is assigned with a
position value (v,+ D (0 Ny, j ityDN)) ard a binary model value
B, ,which is initialized to be 0;

Load data points of onbalf cycle, starting from the zero crossing point from
negative to positive to another zero crossing point from positive to negative;

Start with the fist data point of the data points loaded in step (5), which is

denoted by(vlh, |1“) , and execute the following loop (described in pseudo code):

for everycell(N+1,y),y= N+1,N+2,é , 2N

it (V- Vo) <%ano|(ilh-(iO €y N) i;‘)D%i

cell (N +1, y) is occupied andB; , , =1;

cell (N +1, y)is stored as theinnerof (v},if');

BREAK;
end

end
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(7) For the remaining halfycle data points from step (5), repeat step (6) but only
search the 8 adjacent cells (as shoiv the following Figure 3.3 of the

previous winner indicated by the above pseudo code.

1 2 3
8 -
i 6 5

Figure 3.4 Eightneighbors ofa cell in the grid

(8) Repeat from Step (6) for a pdefined number of times.

(9 End.

Note that besides defining the size of the cell ghtB(N, N=2 [), the parameteN
can also be interpreted as the width of each cell because the cell grid is square,
normalized, and defined overl] 1] by F1, 1] (in other words fixed overall width).
Therefore,N should be carefully chosen based on different applications. If there are too
many cells, the mapping of-Vtrajectories to the bary cell grid may not effectively
handle the variance of similar-Mrajectories. However, the mapped binary cell grid may
not correctly represent the-Mrajectories if the number of cells is insufficient.

An example is given in the following figures illustrate the mapping of a-V

trajectory to a binary cell by the above algorithm. The voltage and current waveforms of
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a portable fan in mediwgpeed steady operating state is shown first in Figure 3.5(a). The

corresponding M trajectory from this steof voltage and current waveforms as well as

how it is mapped to a cell grid are shown in Figure 3.5(b) and 3.5(c), respectively.

Voltage(V)

Current(A)

Load Input Voltage V- trajectory

100 /. ” ?
g \ f/- : / 0B - /‘/
wo XL AN
1} U.UIUE U.Im U.UI15 U.IUZ 0.025 IJ.IUB 0.035 004 0045 % 02
Time(s) % : /
Load Input Current = /
T e —_— E 02
M\ : /\ : /\ : / 2 o
oL A / w1/
02 \ \\ //] \\ /// 0.8
D4U 0.005 U[m UUI15 UBZGEHZS U]UB 0.035 UNUZ'EIEIZIS ,ng;‘/ﬂa 04 02 i} 0.2 DE4 0.6 DiB il
Time(s) Normalized VVottage
(a) Voltage and current profile ofa fan (b) Correspond+htrdjectory
' :,I>IA1'|<:
16 Lpge 1 1 1 P
15 e ]‘I """
i e e | U
— FAYS
i}
2 vt I o]
1 i H
min Yo J\/L Vinax
1 23 45 6 7 8 9 10 11 121314 1516

(c) The cell grid after mappg a \A trajectory

Figure 3.5 lllustration of mapping a M trajectory to a binary cell grid
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In this example, sampled voltage and current measurements of one cycle (1/60
seconds in U.S.) are mapped to a cell grid with binary values by the algorithm proposed
above. For the purpose of illustration, in FiguBs5 the parameteN is set to be 8 and
thus the generated cell grid is of the siB3 1€.

From the sampled data for this example,

v = 169.2V,
v, = 168.3V,
i = 0.45A,
i = 0.44A,
v, =0.45V,
i, =0.05A,
Dv =21.1V,
Di =0.05A.

which can also observed in Figu8é(a) and are labeled in Figure 3.5(c).

To illustrate the position valug¢v,+ D (£ N}, | i€yDN) and the binary

model valueB, ,of a cell (x”‘, y”‘), the (12", 1Y) cell marked by the star in Figuss is

selecte as an example. It has the positional value (0.4524.1, 0.05+4 0.05)=(84.85,

0.25) and the binary model value O (i.e., not occupied).

3.4.3 Application of proposed mapping algorithm to collectedtd
In orderto validate the techniques proposed in this dissertation, a lab environment has
been setup with a set of data acquisition device, with details shown in Appendix A. Over

200 realworld data files of over 50 PELs have been collected to form a databasefA set
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46 representative Vtrajectories from this database and their mapped cell grids using the

proposed algorithm above are shown in Appendix B.

3.4.4 Features atracted from thebinary cell gid

Besides reducing the variance by the difference betweérnrajectories of PELs
within the same load category, the mapping elf tvajectories onto binary cell grids can
also reduce the effect of distortion but preserve the graphical characteristics. For each
category of PELs, a novel set of signatures that can betlyindentified from the binary
cell grid according to two key cells and three key lines, as showigure 3.6.Note that
compared with Figure 3.5, Figure 3.6 uses the same set of voltage and current
measurements but the parameNeis now set to equab 12 instead of 8 to illustrate the

values of certain features.

....................................
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=
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Figure 3.6 Two key cells (C1 and C2) and three key lines-{13} in a cell grid
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The following set of signatures is proposed to represent each load category:

(1) The binary value of the left horizontakell (LN), mar ked as cell

instance, irFigure 3.6the binary model valuB; ;- of cell C1, ie., cell (1, 12), is

0.
(2) The binary value of the central c§IN,N), mar ked as cell AC20.

Figure 3.6the binary model valuB;, 1,0fcellC2, i.e., cell (12, 12), is 1.

(3) The multiplication of the binary values of all adiagonal grid cells, i.e., all cells
traversed by Iine AL20. This value 1Is a
V-1 trajectory is linear. For instance, Figure 3.6multiplication of the binary
values of all antdiagonal grid cells equals to 0 as some-digtgonal cells are not
occupied (and thus are of 0 value).

(4) The number o€ontinuuns of occupied cells (i.e., withinary value 1) within all

cells (N,[1:2N]) , which indicates the number of intersections of the V
trajectory and the base voltagel i ne ( marked as |l ine AL1O0)

Note that the notatiofiL: 2N]denotes all integers from 1 @®N and a continuum

of occupied cells means a set of cells that are occupied and adjacent to one
another in the grid, as shown in the following figure. Also, the number of
continuums of occupied cellinstead of the number of occupied cells, is counted

to make the proposed PELs feature more robust to variations and measurement

noise.
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Figure 3.7 Example of a continuum of occupied cells in the grid

(5) Whether there exist any seffossing intersections of the-Mrajectory itself. As
shown inFigure 3.15), there are seffrossing intersections in the-Mrajectory
for PELs from Category M. On the other hand, there are no there arzcssing
intersections in the ¥ trajectory for PELs from Categories R aKdas shown in
Figures 3.1(1) and 3.1(2).

(6) The number of intersections of thel\Mrajectory with thev,+0.2N 3 \ line

(marked as |ine AL30).

This feature is mainly designed for PELs in Category PAC as thdir V
trajectories are basitha an antidiagonal straight line with triangles as shown in
the following figure. Note that the representation of the triangles in the V
trajectories of PELs in Category PAC by this feature is not unique. There can be

other similar features.

59



L3

Normalized Current
(e]
1

_1 1 1 1
-1 -0.5 0 0.5 1

Normalized Voltage

Figure 3.8 lllustration of graphical features for PELs from Category PAC

3.5 DETERMINING THE NUMBER OF SELF-CROSSING |NTERSECTIONS

The VI trajectories of some electric loads crasgersect themselves, as shown in
Figure 3.17). It is suggested if44] that the number of setfrossing intersections
contained by a M trajectory could be related to the orderafmonics. A simulated load
with a significant 3rd (or ) harmonic component in the current has two (or four) self
crossing intersections. However, it can also be caused by loads in Category M, i.e., loads
with multiple independent frorénd power suppglunits.

Therefore, this dissertation proposes a general but yetcdsiv algorithm to
determine the number of salfossing intersections contained in al Yrajectory, as

shown in the following figure.
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Figure 3.9 Determining the number of salfossing intersetions

(1) Read onehalf cycle (ﬁ)seconds) of sampled data points, [0+], starting with

the zerecrossing data point from negative voltage values to positive voltage
values (denoted by-Pand ending with the zercrossing data potirfrom positive
voltage values to negative voltage values (denoted by 0+);

(2) For every data point j within the region-[Qpeak+] where peak+ denotes data
point in [0, 0+] with the maximal positive voltage value, find the data phkint

whose voltage value @osest to poin;

(3) Denoting a data poinjt with voltage valuev;and current value; by a vector
1 =(v;,i;), check whether values of the sampled current seq L{ejidej_il}

and{k- l,Ig,k_+]} are monotonically increasing. If yes, go to step (4); if not,

repeat step (3) and start wight+1;
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(4) Check whether data points-1= (v,_,,i, ;j)and k+1= (v,,,,i,,,)are on different
sides ofthe line determined by -1=(v, ,,i, ;)and j+1=(v,,,i; ;) using the

following criterion[79]:

{(j+1-j-1) {j+1k;1)} {(j("}lj- 3 (i+ qk+_)} ( 11)

where ® denotes the cross product akdienotes the dgiroduct of two vectors.

In other words, for anyandk, an instance whefil) is satisfied is considered as
a selfcrossing intersection.

(5) End.

3.6 COMPUTATIONAL COMPLEXITY ANALYSIS FOR PROPOSEDSIGNATURES

Most existing load signatures are extracted from hlemonic spectrums of the
voltage and current waveforms, which require computing the discrete Fourier
transformation (DFT) or the fast Fourier transformation as well as their inverse. Though
many fast Fourier transform (FFT) algorithni80, 81] have been proposed and
implemented in practice to reduce the computational cost of computing th§8RF83],
computing the FFT may béils be too expensive in computing cost in many Joost
applications.

The graphical features fd?ELsproposedn section 3.3, i.e., from the binary mapping
of V-I trajectories, can greatly reduce the computational cost but nevertheless achieve

more thaman average of 99% accuracy in field tests.
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The following table compares the number of real multiplications and real additions

needed by the proposed binary mapping method, with several widely used DFT and FFT

algorithms.
Table 3.1 Comparison of the number of realltiplications and real additions
needed by different algorithms
Algorithms Goertzel[84 Radix2 FFT[85 Propose_d binary
mapping
N-point data . N-point data
M DFT terms N-point data Any size cell grid
Complexity O(NM) O(Nlog, N) O(N)
.R‘?a' . (2N +4)M 2N log, N ~4N
multiplications
Real additions (4N +4)M 2N log, N ~8N

Note that determining the minimum, maximum, and mean values in eq(2tidoes
not require much computational effort as data pointgpasposed in this dissertation to
be taken into computation hadfycle by halfcycle (corresponding to each electric cycle
of 1/60 seconds in the U.Sahd within each halfycle the dta points are ordered by the
magnitude of their voltage values.

Furthermore, for the mapping to the binary grid, only one-dlfe data points are
necessary, and each is compared with adjacent unoccupied cells in one direction, as

shown in the followig figure.
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Data point j occupies
this cell

DU——
Data point j+1 only
checks these
unoccupied cells

q Voltage values of data point
increases in this direction

Figure 3.10Checking adjacent unoccupied cells in one direction

Note that in Figure 3.10 filled cells denote occupied cells with binary model value
B =1, while unfilled cells denote unoccupied cells wih=0. In this case, each data
point may compare with 0 to 5 adjacent cells as the algorithm searches in one direction.
A rough estimate of the average numbers of cells that each data point checks would be 4
cells. Furthermore, each such comparison needs 2 medtiplications and 4 real
additions, which are independent of the grid size. In other words, the size of the cell grid
has no impact on the complexity of the proposed mapping algorithm.

In the extreme case of only computing the fundameli@hdV, as well as the '3

and 8" harmonics in current Icand 1), i.e., M=4, the proposed algorithm still has

computational advant agl®4. Indypieal cas€sotlatat fuller | 6 s

64



harmonic spectrum is esent, the proposed algorithm needs the same number of
multiplications and additions whea¥=4. However, in practical casésis much greater
than 4 and thus the proposed set of features freintrjectories are expected to save a

large amount of computatn efforts.

3.7 EXPECTED VALUES OF PROPOSED FEATURES FOR ALL PELS CATEGORIES

The proposed graphical features from binary mapping -oftdjectories for the 7
categories of PELs are expected to have values in the following Table 3.2. It can be
observed that # proposed set of features is distinct for each PEL category. Test results
of the performance of the proposed set of features usingvoell data are presented in
later chapters of this dissertation, after the introduction of the supervise@rgalhizng

Map (SSOM) in Chapter Four.

Table 3.2 Expected signatures of all 7 PELategories

Feature 1 Feature 2 Feature 3 Feature 4 | Feature 5
Feature 6
Categor value of value of |multiplicatior] number of self
left . . . number of
. central ce| ofanti [continuuns of crossing |. .
horizontal di nal cell iedcelldintersecti nmtersectlon
cell lagonal cellfoccupiedcellsintersectio with line L3
0 1 1 1 0 1
0 0 0 2 0 2
NP 1 1 0 1 0 1
P 0 1 X 1 0 1
M 0 X 0 2 1 or more 2
0 0 0 2 0
PAC X 1 1 1 0 2
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where fAX0 means either 0O or 1.

3.8 CHAPTER SUMMARY

This chapter proposes a low computatiecadt but yet accurate algorithm for
signature extraction from the voltage and current waveforms of PELs for classification
and identification. Instead of utilizing digital signal processing and frequenmaiio
analysis, this dissertation abstracts the similarity of volagesnt (\:1) trajectories
between loads and proposes to map thetMjectories to a cell grid with binary cell
values. Graphical signatures can then be extracted for many purposepropbsed
method significantly reduces the computational cost compared to existing frequency
domain signature extraction and analysis methods. It is shown in Chapter Four that an
average of over 99% of success rate can be achieved using the proposed.featur

The proposed graphical features from mapped cell grid are designed for PEL
classification. In other words, the proposed features can achieve an average of over 99%
of accuracy to assign an unknown PEL into one of the seven PEL categories. However,
these features cannot be used to distinguish PELs that are in the same category with
similar characteristics. Other features and methods are discussed in Chapters Six and

Seven to identify PELs in the same category.
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CHAPTER 4 SELF-ORGANIZING CLASSIFIC ATION AND
IDENTI FICATION OF PLUGGED -IN ELECTRIC LOADS

4.1 INTRODUCTION

The dversity within each type of PEand the similarity between different types of
PELs significantly complicate the identification of PERs shown by examples in
Chapter OneHowever, very few existingnethods have addressed these challenges as
shown in Chapter Two. Thishaptemproposes to applg supervised version of the Self
Organizing Map (SOM) to classify and identify PELs. The SOM, invented by Kohonen
[86], is an unsupervisedurtificial neural network (ANN) mapping from a high
dimensional data space to a l@iimensional neuron grid while preserving statistical and
topological information.

A major advantage of the SOM is that it classifies all training data into several groups
by their i nher ent relationships, known as
number of different PELs of different brands and models, an SOM can divide them into
several groups such that PELs with a similar power supply and features aredlirgte
the same group. For the purpose of load identification, the basic SOM is extended to a

supervised SOM (SSOM) in this dissertation to function as a classifier.

4.2 SELF-ORGANIZING M APS

The SOM is an unsupervised ANN trained by competitive learnisgoutput is a
low-dimensional (typically twedimensional), discretized grid of neurons with similar
characteristics as the input data. Necessary notations and concepts are introduced as

follows.
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4.2.1 Neurons and their assignedalues
Consider an SOM withK neurons and a set of training data consisting l-of

dimensional vectorsq = [Xq1, Xq2, %3, --- » %]. Each neurom; is assigned witli86] the

following values:
(1) a timeinvariant topological position (i.e., an twimensional coordinat in
the output grid);
(2) atimevarying parametric weight (also calledference, modebr codebook
vectorm = [mj1, Mg, Mg, ... , M] of the same dimension as the input data;
(3) a predefined function which defines a neighborhood (e.g., a circle oagesqu
in two-dimensions) centered at the neuron.
All neurons compete to respond to the input but only one neuron wins at each time
the sense of minimum distand@enoted by the subscript the winning neuron is called

the Best Matching Uni{BMU):
c= <':1rgimin{H>_<q -m, H} (12)

where ||(pis a distance functiohn many applications, the Euclidean distance funadids

used to measure closeness.
III 2
dz (M, X,)=./a (M, ')%k) . (13
k=1

Furthermore, there are two types of training algorithms for the S&&kuentialand
batch Sequential training takes one single input vector at each training step and updates
the weights, whereas the batch training presents all input data vectors to the neuron grid

before any updates are made at each training step.
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The processes of Hosequential training and batch training are provided as follows.

4.2.2 Sequential training algorithm

The basisequentiaBOM training algorithm is defined as folloy&6]:

(1) Al'l neur ons an, wherei g=hlt, 2ypeécinitiolizes;

(2) A training datavector is chosen randomly from the training data and presented
to all the neurons;

(3) Findthe Best Matching Unit (BMW} to this input training vector;

(4) Calculate he radius of the neighborhodd(t) of the BMUc according to the
neighborhoodunctionhg(t), wherei denotes any other neuron than the BMU.
Also, h¢(t) is usuallychosen as a function of the distance betweeand r;

such thahe i(t)Y 0 whentY B.. For exampleb i(t) can bein Gaussian form:

é 2

.. rc - r.i ”

h, (0 =a() &p® E—=
¢

25 (t) 14
where Ut) is a scalarlearning rate factorthat is monotonically decreasing
with time, which is usually set to a high value early in theining to produce
a rough training phasél(t) defines the width of the kernel corresponding to
the radius of the neighborhodd(t).

(5) All neuron that has a Euclidean distance to the BMW ldsan the
neighborhood radius update their weighiibe closer aeuron is to the BMU,

the more its weights get altered during the training process. That is,

m(t+1) =m() B OIX) (A (15
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wheret=0,1, 2, €é is an integer denoting t
(6) Returnto step 2 and repeat Writerations whereN is the total number of

input training vectors presented to the SOWmMay exceed the number of data

vectors in the data base, in which case thaitrgivector is each time selected

randomly from the data vector base. Past experience shows that for good

performanceN should be at least 500 times the number of neurons.

Remark: one important property of the SOM is that it provides a topology preserving
mapping from the input space to the tdimmensional neuron grid. This means that data
points that are close or share many common features in the input space are mapped to
neurons that are positioned close to one another to forrcallsalcluster

The SOM therefore converts complex, nonlinear statistical relationships between
highh-dimensional data items into simple geometric relationships on alimwensional
grid. As it thereby compresses information while preserving the most important
topological and mitric relationships, the SOM can also be considered to peodaice

degree of abstractions.

4.2.3 Batch training dgorithm

Batch training isan improved version of the above sequential training algorithm.
Instead of process input data vector-dyeone in a segential manner, batch training is
significantly faster, especially with MATLAB36]. In this dissertation, the batch training
is adopted using the MATLAB SOM toolb¢&7]. Details on how taisethis toolbox are
provided in Appendix C.

The batch SOM training algorithm proceeds d®ves:
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(1) Initialize weight vectorsn;
(2) Partition the input data set into tlieronoiregiong[86] of the weight vectors,
..e., each input vectogy belongs to the region of its closest neungn

(3) Updatem; according to

«« N h
m;(t+1) M (16)

a.qzlhq,c(t)
(4) where cis the BMU of the input vectoty, hqdt) is the neighborhood
function, andK is the number of neurof8f].

(5) Returnto stef2) and repeat a number of times. y

Note that data vectors with similar values in the input space are mapped to neurons
that are positioned close to one another and thus form a cluster. Thus, different brands
and malels of a type oPEL are mapped into the same cluster. Different types of PELs

are expected to be mapped into different clusters.

4.2.4 Representations of the SOM

The unified distance matrix fuhatrix) [88] is widely used to represent an SOM. The
U-matrix illustrates weight vectsrby showing the distances between adjacent neurons.
For each neuron, the distance between itself and its adjacent neurons (the number of
which depends on its neighborhood topology) is calculated and presented with different
colorings or with a gray scaleage. Light colors depict the closely spaced neurons and
darker colors indicate the more distant neurons. Groups of light colors can be roughly

considered as clusters, with dark parts considered as the boundary regions.
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As an examplethe featurevectoss of tenPELs from threePEL categoriesincluding
two settop boxegSTBs) one DVD player, one space heater, one plasma TV, one LCD
TV, one LED TV, one LCD monitor, one laptop computer, and desktop computer,
are presented tain a 50by-50 SOM for dassification. The corresponding fdatrix is

shown in the following figure.

|J-miatrix
’ 272

*\-.m.f"‘r

T W™ 136

3.54e-006

B i e e

Figure 4.1 The U matrix visualizes distances between neighboring neurons, and helps to

show the cluster structure.
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These terPELs are classified into four clusters. However, thenatrix does not tell
which PEL falls into which cluster, which is mainly because the training data is not
labeled and the training is unsupervised. Other tools, such as the labeled neuron grid, are

usually used together with the-tdatrix to provide extra inforation.

4.3 SUPERVISED SOM (SSOM)FOR PELS CLASSIFICATION AND |DENTIFICATION

In this dissertation, the basic SOM is extended to a supervised SOM for PELs
identification. The SSOM wutilizes the SOM

preserves statistitatructure, and uses the trained map to do identification.

4.3.1 Supervised SOM

The SOM introduced so far is unsupervised as the training vectors are not labeled and
no class identity information is attached or used during the training. Such unsupervised
SOMs ae not intended for identification.

Assume that there aM known classesyi, 2, ¥ €wm, andreach input feature vector
Xq IS preassigned to one of the classes. Egaghltemains unchanged in its numerical
values but labeled by a string containing its-pssigned class identity. Only the
numerical values ofy are used in the tiaing, and the BMU for eacky is labeled the
same a¥q. When the training is finished, neurons that have become the BMU to one or
more input vectors are classified into one of the classes/btireg mechanismrhat is, if
a neuron has been the BMU to Itiple input classes (each for probably multiple times),
then it is classified into the class for which it has been the BMU for the greatest number
of times. Neurons that have never been a BMU to any input vector are marked as

funclassifiedafter the traning has been completed
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After labeling the training data and having completed the training, the SOM can be

turned into a classifier or predictor by partitioning the grid neurons into clusters. Revisit

the above example in section 4.2.3 with the PELs daba$

(1) twosett op boxes and 1 DVD player | abel
(2) oneSpace heater labeled by A20;

(3) oneplasmaTVvV: | abeled by @A30;

(4) one LCD TV, one LED TV, one LCD monitor, one laptop computer, and one

desktop computer: |l abel ed by

40,

and the labeled neuron giad the trained SOM is shown in the following figure.

Boundaries between classes
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Figure 4.2 Labeled neurogrid of the SOM representing t€rELs.
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In Figrue 4.2 solid lines represent boundaries showrfFigure 4.1 Note that the
observable clusters in the labeled neuron grid match thevaliderboundaries in the-U
matrix in Figure 4.1 Moreover, the labeled neuron grid or thematrix gets very
crowded and the boundaries are difficult (if not impossible) to observe with large
numbers of PELS, classes, or types. However, it does not dféePHLs identification as
these representations are just for illustration and the identification is carried out using the

trained weight vectors of the neurons.

4.3.2 SSOM for PELs classification anddentification

After training, there are usually some neuravisich have never been BMUs to any
inputs and thus only a subsetk§< K neurons are classified by the voting mechanism
and classified into one of the pdefined known classes. When an unknown feature
vector x is presented to the SOM, is compared to &lKs classified neurons and is
classified to be within that same class as the newitnthe minimum distance t® in
the vector space. The Euclidean distance is used in most applications of the SOM.

The performance of the SSOM identifier can be verifigdcross validation The
input data set is divided into two subsets, performing the classification on one subset
(called thetraining set) and validating the identification on the other subset (called the
testing set). Both subsets are labeled by classtity labels. A correct identification is
said to be made if the actual class identity label of a testing feature vector matches the
class identity label assigned by the SSOM identifier. Otherwise, it is an incorrect

identification. The success rate igthdefined as

number of correct identification
success rate= : 17
number of teting vectors
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The crossvalidation framework is shown in the following figure.

Training
Clustered _\ Identification
Class _|/ of testing data

‘ Data

Data )

Actual Labels

Figure 4.3 The crossvalidation framewdk of the SSOM identifier

4.3.3 Discussion on prformance d the SSOM dentifier

To summarize, the SSOM identifier is first trained by collected PELs data. Different
brands and models of each type of PELs are classified together to form clusters. The
SSOM idenifier does not only achieve high accuracy when handling known PEL models
but also performs well to identify unknown PEL models. An unknown model to the
SSOM identifier falls into the cluster in whichhetr models of this PEL type do
Therefore, the SSOM dhtifier extracts information contained in the large amount of
training data and store simplified information in the trained neuron grid. For practical
purposes, the trained neuron grid, instead of the training data set, is sufficient to be
stored, updatedand used for identification. The only-dine computation required is to

compute the feature vectors representing incoming unknown PELSs.
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The SSOM identifier presented so far can only identify PELs to a certain granularity
because different types of PEWith similar features could also be clustered together. For
example, inFigure 4.2 LCD TVs, LED TVs, and LCD monitors are labeled the same
since most flapanel display devices are equipped with frentl power supply units of
similar design topology. Anncoming unknown PELwhich falls into this cluster is
identified as an LCD TV, LED TV, or LCD monitor. It is sometimes difficult or
unnecessary to distinguish LCD TVs from LED TVs. More discussions on how to
achieve a finer granulayilevel are provideadh later dapters.

Furthermore, as shown kigure 4.2 there are a number of neurons that have never
been BMUs to any input and thus not labeled. During the test, similar to the training
phase, there is a BMU to each testing feature vector. If some BMtbis testing data are
not labeled, identification decisions can be made based on those labeled BMUs. In the
extreme case that all BMUs are not labeled, the unknown PEL would be identified as

MNewo .

4.4 TESTS ONPERFORMANCEOF THE SSOMON PELS CLASSIFICATION

In this section, results of several tests on performance of the SSOM on PELs
classification and identification are presented. A lab environment has been established to
collect data from available commercial PELs in a-mirusive manner. The data is
collected using a printed circuit board (PCB) sensor module with current and voltage
sensors and a set of data acquisition devices. The circuit schematic of the PCB sensor
module is given in Appendix A. It is designed with the capability of being placed as
accessories as well as the purpose of introducing no influence on the operation of PELs.

For accuracy and convenience, the sampfieguency is set to 30.72 k$S/se., 1024
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sampled data points per electricity cycle (1/60 seconds in U.S.). Lower sampling
frequencies such as 7.68 kS/sec and 3.84 kS/sec are also tested and the cross validation

results of the SSOM identifier remain relatively the same.

4.4.1 PELs features used inests

Besides the proposed graphical features from mapping of normalizdchjéctories
to cell grid as introduced in Chapter Three, another set of PEL features from harmonic
analysis is also considered for the purpose of completeness and comparison. The
proposed graphical features achieve an average of over &3%racy on PELs
classificaion, but may need to be combined with other feature ® firs identification.
With the voltage and current waveforms given by equatig@hand (2) in Chapter Two,

the following features can be utilized from harmonic analysis:

(1) The RMS currenirus

(2)  The total harmonic distortion (THD) in currefitHD, as defined by Equation

A3);
(3) The power factopf as defined by Equatio(6);
(4) The crest factor as defined by Equat{@n;

(5) The 3rd and 5th harmonics (amplitude and phase) in current;

(6) Percycle difference inrms
DIFIRMS (T) =?RMS T) ?1 RMST '1)§ (18)

(7) Mean square error (MSE) Iausdefined to be
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MSE,,_ (T) =(Trac& DIE_(T)"*DIF _(T) . (19

whereT denotes the index of cycles of voltage and current waveforms (i.e., edehscy

1/60 seconds in the U.S.).

The percycle differenceDIF, (T) in Irus (as well as in other features) is

equivalent to the firsbrder rate of change, and the MSEljus (as well as in other

features) is equivalent to the seceoer rate of change. THRISE_ _can be used to

distinguish PELs have similar characteristics, as shown in the following example.

Based on a statef-the-art study, DVD players and sttp boxes (STBs) have similar

features listed as foles:

1)
)
3)
(4)
()

(6)

A small power factor around 0.5.

The THD in the current varies between-1.8.

Similar power consumption between 25 to 50 W.

A high crest factor: around 3.5.

A very high ratio of 3rd harmonic amplitude compared to the
fundamental: close to 1.

A very high ratio of 5rd harmonic amplitude compared to the

fundamental: around 0-8.9.

In other words, conventional features in literature cannot distinguish DVD players

from STBs without ambiguity. However, thdSE_ _values of DVD playersind STBs

are different as shown in Figuréhe MSE_ of STB remains close to 0.1 without any

79



sudden spikes. On the other hand, for DVD players, spikes can be observed and detected

intheMSE_ .
msein L, fora DVD player 4
—mse | ora §”

mse in IRMS fora STB
L
=
|5}
=03
=
QO

A A A 'l A

Time (s)

Figure 4.4 The comparison oMSE_ _ofa DVD player and a STB.

Furthermore, features (6) and (7) in the above definition can be extended to any other

features (]-'X5)’ such a'SD”:THD ' DIF3rd in current and DIFSth incurrent *

Note that insufficient number of features reduces the performance of the SSOM, but
too many features also imply redundancy in information and extra computational cost.
The above set of features was selected for best performance after many tests.

Also, asthe selected features have values of different ranges and the distance function
used in forming the SOM clusters is Euclidean, features with large values may have a
larger influence in the distance/difference function than features with small values,

although this does not necessarily reflect their respective significance in the design of the
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classifier. However, tests show that normalization of data significantly reduces the PELs
identification accuracy. It is possibly because of the strong represemtertain PELs

by several features. Therefore, in this dissertation all features are not normalized

4.4.2 Test on the mcessanamount of data torain SSOM

One of the many advantages that the SSOM possesses is that it requires only a small
amount of data to @in compared with other ANNE86], such as the Support Vector
Machine (SVM) and Radial Basis Function (RBF) networks.

Several scenarios are considered to investigate the amount of data necessary to train
the SSOM. Test results of terdypical PELs and different choices are showm @st
Success Rates of the SSOM Identifieor all the tests presented in this Chapter,-512
point FFTs are employed to calculate the features as there are 102édsdatp points
per cycle. Also, the total amount of feature vectors (for training and testing) for each
tested PEL is 3600, as each data file is of time duration 60 seconds (i.e., 3600 cycles).
Each row represents a different set of tests with differentgmtage of data used for
training and testing. For example, 5%/95% means 5% of the available data is used for

training and the remaining 95% is used for testing.

Table 4.1 Test Success Rates of the SSOM Identifier

DVD TV Fan Overall
5% / 95% 49.36% 81.99% 97.3%% 76.23%
10% / 90% 91.30% 87.81% 97.69% 92.26%
20% / 80% 96.74% 94.03% 93.92% 94.90%
67% / 33% 99.75% 99.83% 98.00% 99.19%
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Table 4.1 showshat with sufficient training data, the SSOM identifier can reach a 99%
success rate for PELs known to the SSQ@Q#&/1, PELs whose data files have been used for

trainingthe SSOM

4.4.3 Performance of the proposed graphicadtures

In this test, a 5®y-50 SSOM is first trained with a database of a total of 627 sets of
reatworld PELs data. For each set of PELs data, teéads/state current and voltage
waveforms for 60 seconds are stored and converted to a set of graphical features as
proposed in Chapter Three. For accuracy tests, a total of 75 sets of PELs (of 23 types)
steadystate current and voltage waveforms are usedyerted to the proposed graphical
features, and tested. For each testing data set, a total number of between 900 td 3000 V
trajectories are selected and mapped to-8y684 cell grid.

Two tests of different scenarios are carried out and the reswdtshown in the

following tables.

Table 4.2 Tests on the performance of the proposed graphical features

Tzérget Load Load Type Total Nu-[r?tt?alr of Success Rate
ategory Models Tests (%)
Battery Charger 1 3000 83.4
DVD Player 4 3000 100
NP Desktop Computer 2 3000 99.8
LCD Monitor 7 3000 99.5
Printer 1 3000 99.9
Electronic Circuit Board 1 3000 98.7
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Table 4.2 continued

LCD TV 8 3000 98.5
LED TV 3 3000 99.2
P Plasma TV 2 3000 99
Multi Function Device 3 3000 93
Projector 4 3000 99.9
M MicrowaveOven 4 1800 99
Space Heater 4 1800 93
Coffee Maker 2 1800 98
R Incandescent Lamp 4 1800 99.2
Electric Skillet 2 1800 98.6
T Stapler 1 1800 98.9
Adapters 5 1800 100
Fan 5 3600 98.5
Refrigerator 4 3600 100
. Water Dispenser 1 3600 100
Shredler 2 3600 65
PAC Incandes_cent Lamp with 1 1800 50
Dimmer

Table 4.2validates that the proposed graphical features by binary mapping-bf V
trajectories in Chapter Three used with the SSOM classifier can achieve an average of
over a 90% success rate v relatively large load set and with seven PELs categories.

Furthermore, the major cases with low success rates are fioenRBELs in Category
PAC; such PELsare mistakenly categorized as being in the Category R due to the

similarity between their nornliaed V-I trajectories. Increasing the sampling rate may
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help to improve the performance. Meanwhile, from the application point of view if an
incandescent lamp with dimmer with a relatively small phase angle is identified as a
resistive load, then the reléing classification is still acceptable.

The following table shows the results of another test to validate the performance of of
the proposed graphical features in Chapter Three compared with conventional features
from harmonic analysis. The same databfiem previous example is used to train a 50
by-50 SSOM and a total of 30 sets of PELs (of #8) are testedror each testing data
set, 100 VI trajectories are selected and mapped to al®6856 cell grid.

This test aims at comparing the perfornaraf the SSOM usedvith proposed
graphical features as well as thet ofselectedfeatures defined in section 4.4.1. The

comparison is shown in the following table.

Table 4.3 Comparison of proposed graphical features and conventional features

Total Total Success Ratg Success Rate
Test Loads Nunber of | Number of| by Graphical|by Conventiong
Loads Tests Feature Feature
LCD TV 3 300 100% 100%
Settop Box 4 400 100% 100%
Space Heater 2 200 99% 96%
Laptop 2 200 99% 98.7%
LED TV 2 200 99% 100%
Microwave Oven 4 400 92% 91%
Desktop 2 200 97% 47%
Bluetooth Charger 1 100 99% 66.4%
Multi-Function Device 3 300 100% 76.8%
LED Light 1 100 99% 96%
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Table 4.3 shows that the proposed graphical PELs features achieved greater accuracy
on PELs classificatioffi.e., into oneof the PEL categories)ompared to conventional

features from harmonic analysis that are designed for general electric loads.

4.5 CHAPTER SUMMARY

This chapter has explaingtie extension ofhe standard SOM to a superviseOM
to function as &lassifierfor PELs. With large amounts of realorld data, the supervised
SOM (SSOM) idenfier first classifies a large number of PEido several clusters. An
classificationdecision is made to locate the neurghich has theclosest weights to an
input feature vectorwithin the trained neuron grid. The SSOM itiéar has the
advantage that it achievlgh success rate in different cases:

(1) If the testing PELs have been used for training the SSOM, the SSOM can

achievealmost 100% success rate

(2) If the testing PELs haveot been used for training but other simiRELs

have,the SSOM can achieve an average of over 95% success rate.

Moreover, the SSOM isobust to variance in featuresnd requires limited online
computational effort.

Furthermore, the next chapter extetis SSOM framework presented in this chapter
and combines it with the Bayesian identification framework. The proposed framework
can indicate the probability of an unknown PEL belonging to eacygaat as well as
each type.

Note that the SSOM is originallgesigned as a classification tool. Therefore, with
selected sets of features, the SSOM classifier can achieve an average of over 95% success

rate to assign an unknown PEL into one of the seven categories proposed in Chapter
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Three. However, if directly apied to identification of PELS, in some cases the SSOM
classifier can only achieve a success rate lower than 60% as PELs with similar
characteristic fall into theasne cluster and thus stay closel the trained SSOMOther
features and methods are dismg in Chapters Six and Seven to identify PELs with

similar characteristic.
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CHAPTER 5 PROBABILISTIC IDENTI FICATION OF
PLUGGED-IN ELECTRIC LOADS

5.1 INTRODUCTION

In the proposed PELs classification and identification framework, the identification
decision made by theS®M identifier discussed so far gard or absolute In other
words, an unknown PEL is assigned into one (and only one) of the known classes. As
discussed in Chapter One, the electrical signatures that represent PELs from the same
class may have statisticeariations. Therefore, an absolute decision is sometimes not a
desired result as errors often exist and no classifier can give 100% success rate.

Instead, asoftor probabilisticdecision may be desired which indicates the probability
of an unknown PEbelonging to a particular type. A hard decision can be made based on
the probabilities if needed. That is, the task now is to design PEL identifiers that
classifies an unknown PEL8%Yiin the most pro

This dissertation proposes to combine the SSOih whe Bayesian framework to
estimate thea posteriorprobabilities by utilizing some information which is generally
ignored in literature during the training of the SSOM. In the identification step, feature
vectors of an unknown PEL are provided to theppsed identifier to get the probability

of the unknown load belonging to a specific class of loads.

5.2 OVERVIEW OF BAYESIAN DECISION THEORY AND PROBABILITY ESTIMATION

The Bayesian decision theory is a statistical framework which takes variation of the
paterns as well as costs and risks into consideration and then classifies an unknown

pattern in the most probable sense. Specifically, given a classification tdklagses,
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¥1, 2,¥ € u,.,and &an unknown PEL which is represented by a feature vectbe

Bayes classifier assigns to be classyj by maximizing the conditiona& posteriori

probabilities Pr(w/ |x) [89, 90] for all i. That is,
W, =argmax P wk)i, =1,2,.M (20)

in which eachPr(w |x) represents the probability of the unknown PEL falls into each

respective class;, given that the observed feature vector of the corresponding PEL takes
the valuex. Therefore, this type of Bayesian classifier is usually calledaaximuma
posteriori (MAP)classifier.

Therefore, the problem of PEL classification and identification is converted to
calculate the conditional probabilities. Unfortunately, the true valueBr@# |X)are

generally inaccessibl®1] and thus are usually estimated from available feature vectors
corresponding to the database of known PELs by methods satdtiatical learning92,
93] and ANNS[94, 95].
One of the most commonly encoumerprobability density functions in practice is
the Gaussian or normal density function. The major reasons for its popularity are its
computational tractability and the fact that it models adequately a large number of cases.
In general, different method®f probability estimation can be divided into three
types[89]: parametric nonparametric andsemiparametric In the parametric method
the probability density function (pdf) is assumed to be of a standard form (e.g., Gaussian
or uniform) and its parameters can theneséimated either using maximum likelihood
estimation (MLE)[96] or other methods. The nonparametric methods, such as histogram
and Par ze n[87% geweraltlydrequre large amounts of data and appropriate
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parameters which are usually set by taatierror [89]. The semi parametsimethods,
such as the mixture of known distributiof@8], offer a tradeoff between the simple and
limited parametric mdods and the computational intensive nonparametric methods. For
instance, the Gaussian mixture model (GMM) has been quite popular and widely used for
speaker identification and face recognition for its simple but powerful $88jp The
parameters of GMM can be estimated either using the gradient descent method or the
expectation maximization (EM) algorithfh0Q.

Two scenarios, with an unknown PELrepresented by a single feature vector and by

a set of feature vectors, are discussed as follows.

5.3 PROBABILISTIC IDENTIFICATION OF AN UNKNOWN PEL REPRESENTED BY A

SINGLE FEATURE VECTOR

Given an unknown feature vectey = [Xq1, X2, %43, -.-. %] , t he Bayeso t he
that
plXq | W | Pr
Pr(Wj |Zq)= ( q J) ( W) (21)
p(x,)

where Pr¢;) denotes thea priori probability of classy; and p(Xq) is the probability
density function (pdf) okq. As data is digitally sampled and stored, it is not necessary to
estimate a continuous pdf but raththe values of the pdf at given conditions, which is

much faster and easier. That is,

Pr(w, 1x,) = Pr(xq Iw;) P '4’)_ 22
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The a priori probabiities Pr(¥j), j = 1, M2carebe estimated from the training
data. If the total number of available feature vectors for traininy @nd N; of them
belong to the class;, then Pr¢;) N& N, which is a widely used approximation in many
applicationd89]. For instance, ithe training data set contains 18432 samples from class
¥1 (for example, DVD players) and 55296 samples from clas¢for example, TVs),
thenPr§;)) & 0. x5 an . Prr5(.

If the actual numerical value of each individualR1(x), is not requiredp(x) is not

needed because it appears in evlér(/m,/ |x), represented by (5.2), as the denominator.

In other words, allPr(u |x) have the same denominator, which can be normalized and
thus not taken into account during the classification. In this casemth@amuma
posteriori (MAP) classifier returns the same identification result, which is the class that

gives the maximuna posteriori probability PF(I/L{ |x). The relative relationships or
ranking based on numerical value of Bit(1 |x) remain tle same, with and without the

normalization byp(x).
On the other hand, even if the actual numerical value of an individuaj| R)(is
required, the common denominafofx) can be calculated by (5.3), as shown in the

following equation:

pr(w |x) = PO PrlH) 23)
a p(x|w)p( )

i=1

Ifan individual Pr(w |x,)is not required,Pr(x,)can be ignored. Otherwis®r(x,)

is either still not needed &Br(; |x, )can be normalized oPr(x,)can be calculated by
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Pr(gq):a';":1 Pr()_(q |Wj) . Therefore Pr(x, |w )is the only difficulty to estimate
Pr(Wj |5q) . Note that this method should work with a sufficient amount of samples for

adequate accuracy.

Therefore, p(x|¥i), the likelihood function ofx with respect to¥;, is the only
difficulty in the MAP classifier. Note that when the feature vectors takly discrete
values, the density functiop(x|¥;) becomes probabilities and is usually denoted by
Prixj¥;). In other words, an accurate estimation of the underlying environmental pdf

needs to be derived from the available data.

The probability Pr(x, |# )can be estimated from the training data. For each glass

suppose there ar§ feature vectors available for training akdx,) denotes the set of

training feature vectors that are closgdo

Y, (xo) =ty g ly x| 24
wheres-is a predefined parameter describing the acceptable error in difference. Then

car Y, (x,}
T

I

Pr(x, v )° (29

wherecard denotes cardinality of a set.

The accuracy of25) depends on facte such agj, the resolution of features, and the
parametes: With a higher resolution (e.g., the power factor is stored to be 0.9088 instead
of 0.91), the number of possibtancreases exponentially fast. For instance, suppose that
a set of 13 features is adopted and every feature is normalized to be withamgbeof

[0,1] with the resolution equal to FOIn this case, there are 1026 possible values of
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Even this number can be significant reduced by a prepbut may still too large to

handle.

5.4 HYBRID SSOM/BAYESIAN CLASSIFIER
Compared to utilizing thestatistical information contained in the labeled training

data, Pr(x, |w )can also be estimated using the statistical information contained in the

SSOM neuron grid and the BMU history. As the SSOM has already extracted statistical
information from the training data set during the training, the latter one greatly simplifies
the estimation process while preserving the accuracy. In fact, there exists information in
the training process of the SSOM that is generally ignored in literature.

Recal that one neuron is selected to be the BMU at each training step and labeled to
be the same class as the incoming feature vector. When the training is complete, each
neuron could have been the BMU to feature vectors from several differekbqnen
classs and thus labeled differently or have never been a winner. This observation
contains rich and important information which can be utilized to estimate the conditional
probabilities. The reason lies in the fact that the voting mechanism is applied when the
training is completed to determine each ne
are ignored. This dissertation proposes to include all information contained in the training
process.

Assume that there affefeature vectors used in the trainingeactivationAy(n;) [101

for a neurom; from the clasyj is defined as

Aﬁ(ﬂ)=card{5 i N afgim"’ﬂlz mill}} (26)
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which denotes how many times this neurgrhas been the BMU to training feature

vectors fran classy;. Then

prix, w)e — 9 @7)
a . A9

wherec is the BMU toxq.

In the case that has never been the BMU to class Pr(x, |w ) is defined to be 0.

5.5 ESTIMATION OF CONDITIONAL PROBABILITIES WITH AN  UNKNOWN PEL

REPRESENTED BY A SET OF FEATURE VECTORS

A more practical problem is to estimd&ew; |X ) of an unknown PEIX represented

by a set of feater vectors. As the number of testing samples increases, the estimation in
this case becomes more precise. Under an analysis similar to Chapters 5.1 and 5.2, the
identification is made by21) and (22) and the problem can also be transformed into

estimating Pr(X |w; ) whereX consists of a set of feae vectorg, whereq is an index.

For eachxq, the individual probabilityPr(x, | )can be estimated using statistical

information contained in the labeled training data as show@4hand (25) or utilizing
the SSOM neuron grid and BMU history as show(28) and(27).

For the set of BMUs correspondingXo letK - denote the nubver of neurons that are
labeled during the training. For each labeled neurdhat has been the BMU %, it
may have been the BMU to feature vectors from different classes during the training and
thus labeled to be different classes for multiple tinfé® labels of each are stored and
ordered according to theirequency(total number of times), which are reflected by its
activations (26) from different classes. Furthermore?r(X |Wj )can be the average,
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maximum, or other function of all activations. A weighted average of all activations,

defined as
A.e. KLé _ 5
o1 = éfp..ﬁ”(”) 3T Gf K- .0 s
PI’(X|WJ‘) ':*ailei izlfé%_j:lA‘.(rl) 0 ’ (29)
f New PEL, if K-=0

is proposed and utilized in this dissertation, where
T = cad{g IX|In argmid|x m ||}} (29)

denotes the frequency ofbeing BMU toX.

5.6 DIRECT ESTIMATION

It is observed in a number of tests of training an SSOM with different data sets that
with proper choice of features, most neurons have a surjective correspondence with
classes. Thais, each neuron has only been the BMU to one class. In this case, the

probabilities (26) from activations would be 1 and a fast but accurate estimation of

Pr(w; |X)can be made by directly utilizing the distribution of all BMUs to the training

feature vectors.
Assume that thd BMUs appearT; timesasthe BMU to classyi, T» timesasthe
BMU to classy, € , Tuwamedasthe BMU to classsy, then(27) can be simplified

as

Pr(w 1X)° - 30
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These estimated probabilities are in fact percentages. If all BMUs are labeled, they
are equivalent to the success rates. This estimation seems simple but quite accurate in

tests where not all BMUs are labeled.

5.7 TESTS ON THEHYBRID SSOM/MBAYESIAN |DENTIFIER

For practical purposes, the SSOM should be trained by sufficient amounts of data to
minimize the chance of encountering unknown PELSs types. However, for the purpose of
illustration, in this testan SSOM is trained by the data of 4&semtative PELs from 12

types, which are labeled into 7 groups, listed as follows.

(1) Cellphones;

(2) Computers: desktop and laptop;

(3) DVD players and Sebp boxes;

(4) Resistive PELS: space heater and portable fan;
(5) LCD TVs, LED TVs, and LCD Monitors;

(6) Microwaveovens

(7) Plasma TVs.

The number of PELs models from each group is listed as follows, which is used for

the estimation of P().

Table 5.1 Number of PELs from each group

Group 1 2 3 4 5 6 7

Number of PELs 5 7 10 10 8 5 3
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In this test, 8 PELs are used to providesthtesting scenarios. For each PEL, 360

independent tests are carried out.

(1) Test PELs numbered by4: data of these 4 PELs used in training. For this
case, a 100% accuracy is expected because the statistical information of the
data should have already lbegtored in the SSOM.

(2) Test PELs numbered by 5 and 6: PELs included in the training but a different
set of data of these 2 PELs not used in training are used for testing. For this
case, a high accuracy (for example, greater than 90%) is expected because
different samples of the same load may contain noise and fluctuations.

(3) Test PELs numbered by 7 and 8: PELs whose models not considered in the

training.

Note that, due to space limitations, Scenario 3 considers only cases of unknown
models. In other words,h¢ test PELs types are assumed known to the proposed
identifier.

The current waveforms of test PELs are as follows.

0.0
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Figure 5.1 Current waveforms of test PELs
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The testing results are summarized inthe Table 5.2. The actual label of each test PEL
is shown in the ® column from the left. For each test PEL, the BMU history from the
training is listed in the "8 column from left. Based on the BMU history, testimated
probabilities by the hybrid SSOM/Bayesian method and the direct method are listed in
the 4" and 3" columns from left, respectively. Based on the estimated probability, an
absolute decision can be made based on the greatest probability, sveladwin in the
2" column from the right. Finally, the most right column shows the success rate based on

absolute decisions.

Take test PEL 5 for example, for which the test PEL is labeled as group 3. For 360
inputs, 329 BMUs are labeled and all of thera dabeled asrgup 3. Therefore, the
estimated probabilities by both methods are both 100% to be group 3, which is correct.
Since not all neurons are labeled, the success rate based on individual decisions is

329/360=91.39%.

Table 5.2 Test results for 8 PELis 3 Senarios
Estimated | Estimated Decision Slic;[;gss
Test | Test probability | probability based on  based
PEL | PEL BMU history by by )
. . . estimated on
index| group hybrid direct
classifier method prob. abspl_ute
decision
For 360 inputs:
1 There are 360 BMs
7 all BMUs are labeled | 100%in | 100% in 0
1 1 Group 1 Group 1 Correct 100%
to be Group 1
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Table 5.2 continued

¢ all 360 BMUs are

labeled.

100% in 100% in o
Group 3 Group 3 Correct 100%
q all of themlabeled as
Group 3.
1 all 360 BMUs are
labeled.
100% in 100% in
[0)
Group 6 Group 6 Correct 100%
¢ all of themlabeled as
Group 6.
1 all 360 BMUs are
labeled.
100% in 100% in o
Group 4 Group 4 Correct 100%
¢ all of themlabeled as
Group 4.
1 329 BMUs are
labeled.
100% in 100% in 0
Group 3 Group 3 Correct | 91.39%
1 all of themlabeled as
Group 3.
1 353 BMUslabeled.
1 304 BMUslabeled as| 81.4%in | 86.12% in
Group 2 Group 2
Group 2;
Group 3 Group 3
Group 3;
Group 5 Group 5

Group 5;
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Table 5.2 continued

1 88 BMUs are labeled

1 1 BMU labeled as

. Y i 0 i
5 Group 4; ggriﬁgoén g(griﬁg)?)m Correct | 24.17%
1 87 BMUslabeled as
Group 5;
1 all 334 BMUs are
labeled.
1 11BMUslabeled as op O i
5 96.58% in| 96.58% in Correct | 86.39%

Group 9; Group 6 Group 6

1 322 BMUslabeled as
Group 6;

Table 5.2showsthat

(1) Tests 14 all have 100% success rate. Other tests also get satisfactory success
rate except 7. The reason for low success rate (24.17%) based on absolute
decisions for PEL7 is that only a small number of BMUs are labeled and thus
a large number of t asstleis BMU$ a&e notdabeted i f i e c
during training

(2) Estimation by the hybrid and the direct method are the same in cases where all

BMUSs are labeled;
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(3) Test7 has a low success rate as most BMUs are not labeled. Thus, a
probabilistic decision becomes meaningfukhis case to make identification
decision

Furthermore, two representative examples are shown in the following table to explain

details on estimatimby the hybrid identifier.

Table 5.3 How probabilities are estimated by the hybrid identifier

Activation Aj(n)
BMU aroup label
Test| neuron| K- | T, (frequency 6 Pr(X|Wj)
x n
Num highest | oiner
freq freq
4 339 | '6(339) As all BMUs label
198 18 6(18)
3 41 1 '6(1)"
2400 5 g
2500 @) Pr(X |ug) =1
2016 2 2(1) 4
2065 1 5(18) 2(4) | Pr(X|m)=(2 4 2—— 1+4+153
2066 7 Null Null o é?; -
2120 1 '2(3)'
2959 4 2(3) +4 36 30 18 1% 2)#35
2260 153 | '2(9) =0.8617
2261 21 | '3(11)
2262 19 '3(7)"
2267 1 '2(3)' Pr(X|m)=(21 419 8)/33 043¢
2309 36 | '2(54)
6 | 2310 | 19| 2 '2(21)'
2311 8 '3(9)' _ 18 .
5312 6 2(6) Pr(X |Mé)——18+4/360 =0.002:
2313 23 '2(8)"
2361 4 '2(14)
2363 36 | '2(24) Pr (| X) = 0.8617 7
2364 10 2(4) : 0.8617 7 +0.136 310 9.0023
2422 13 '2(7) =0.814
2473 11 | '2(15)
2474 2 '2(4)"
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* The indexing number of neuron in the-6§-50 neuron grid map, not related to
other numerical values.
** Note that for data that has been used in the training, the testing BMU frequencies

for winning neurons are exactly the same as the thoseeitradiming. For example, 339

matches 6(339).
Note that in Table 5.3 the activatidq(n) i s denoted in the for
(frequency)o. For exampl e, 6 (339) "gowrrespo

of Table 5.3 means that the neuron bem4 has been BMU to group label 6 for a

frequency of 339 times.

5.8 CHAPTER SUMMARY

This chapter proposes a simple yet efficient and practical method for the probabilistic
identification of PELs. The SSOM is combined with the Bayesian decision making
methodto perform as a hybrid identifier. The history of the best matching units (BMUSs)
during the training is used to estimate the probability of an unknown PEL belonging to
each known class and achieves high accuracy.

The proposed hybrid classifier achievedreot classification decision in the tests.
The proposed framework is also quite robust to how n&viys are labeledRemaining
question related to the hybrid classifier is that the confidence level of the estimated
probability, which requires another larget of data to calculate. Also, in all the tests the
estimateda posteriorprobabilities are quite different in magnitudes. For instance, in
Table 5.2 the estimated probabilities are 81.4% in Group 2, 18.35% in Group 3, and

0.25% in Group 5The errors irestimation have no impact on the hard decision based on
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maximum a posteriorprobabilities as 81.4% is much greater than 18.35%. However, if
in some cases that the estimatadoosteriorprobabilities of several different categories

are quite close, therrors in estimation may cause incorrect hard decision.
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CHAPTER 6 MULTI -CLASS IDENTIFICATION OF PLUGGED-
IN ELECTRIC L OADS BY SUPPORT VECTOR MACHINE

6.1 INTRODUCTION

As discussed earlier in Chapters Four and Five, the supervised SOM (SSOM)
identifier can classify a lge number of PELs into a number of clusters in its neuron grid.
However, the SSOM framework has been originally designed as a data classification and
visualization algorithm rather than an identificaton method. Therefore, the SSOM
identifier could encourtr problems to distinguish some PELs equipped by similar-front
end power supply units (and thus similar characteristics) within each of the seven PEL
categories proposed in Chapter Three. For example, in Figure 4.2 an LCD TV and a
desktop computer bothleh g t o Category NP, are all I
the same cluster. In this case, the SSOM identifier has a low success rate in identifying
each PEL within this cluster. Therefore, other methods are desired to solve the problem
of identifying similar PELs within each category, referred to as itheategory PEL
identification in this dissertation.

In this dissertation, it is proposed to use two different methods foategory PELs
identification: namely static and dynamic. The static methathtabased. That is, the set
of training data for the SSOM is again used for (stestdie or static) feature extraction
and algorithm training to achieve more precise identification results. However, many
PELs, such as office appliances and personabpetans, exhibit timevarying operations
with respect to time and usage. Therefore, these PELs may possesarjing steady

state features. Another case in which steady operating states are not well defined is
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during the startup and transient operatirgfdes. For example, the current waveform of a

copier during the copying process is shown in Figure 6.1.

25

Current {A)

1 1 1 1 1
10 20 30 40 50 60
Time (s)

Figure 6.1 Current waveform of a copier in operation for 60 seconds

On the other hand, the dynamic method is more mbdséd rather than daltesed.
In other words, the incategory PELs identification is carried out based on the
understanding of the operating principles and mechanisms of target PEL models. In this
case, this dissertation proposes to model-kemg (in minutes or hours, compared to
shortterm which is mainly in cycles or seconds) waveforms to extract information and
patterns and perform identification.

For the static method, the support vector machine (SVM) is considered-for in
category PELs identification and presented in this chapter. On ttiey dand, the

proposed dynamic method is discussed in Chapter Seven.
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6.2 IN-CATEGORY PEL IDENTIFICATIONBY SVM

6.2.1 Introduction to Support Vector Machine (SVM)

The basic SVM107 is inherently designed for classification of two classgsand
¥, Of patterns which are represented by a dataset of labeled feature vectors. An SVM
first train itself with the dataset, constructs hyperplaneshigladimensional (possibly
infinite dimensional) vector space, and then assigns each input feature wegitbr
unknown identity into one of two known classes.

Given a set of data in which the two classgsand ¥, are assumed to be linearly
separablethe first step an SVM carries out is to find a (linear) hyperplane that separates

the training data, denoted by

g =r"x +§ € (31

in which xi R' is anl-dimensional feature vector in the training data sek, R' is

known as thaveightof the hyperplaneand ¥, is thethresholdof the hyperplangg89].

Formally, a hyperplane xj( (typically denoted by its parameters, (¥ o)) separates
the training dataset if feature vectors belong tofall into one side off, ¥ o) and those
feature vectors belong to, fall into the other side. Such a separating hyperpaner ()
iIs not unique for a training dataset. Instead, tltgpacally exist many such separating
hyperplanes. Therefore, an SVM searches for pairs of separating hyperplanes such that
they separate the training dataset and there are no training feature vectors fall between

them. The region bounded by a pair of sepiag hyperplanes is called theargin of this
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pair. The output of a basic SVM is a pair of separating hyperplanes with greatest
distancetypically known as thenaximurmamarginhyperplanes.

To summarize, the basic SVM is a linear classifier. When theetashtnvo classes is
not linear separable, it is proposed in 199@3 to extend the basic SVM to a nonlinear
classifier by applying th&ernel First, an SVM Lutilizes a (typicallnonlinear) mapping
0 to map the training dataset from the original feature vector space to-ditighsional

(possibly infinite dimensional) Euclidean spade

F:xIR'- Fx)I H, (32

in which the two classes; and ¥ of patterns can be separated by a hyperplane denoted

by
g(¥) =¥"x +%. (33

Generally, the SVM only depends on the training dataset through inner prodHgts in

i.e. on functions of the form

K. %) =( Rx), Fx)). (34)

where K is usually called &ernel function. It is common that onlK needs to be

specifiedinstead of knowing the explicit form @f when training &8VM.
Let x,i=1,2,... be feature vectors in the training data. For eactdenote the
corresponding class indicator by (e.g., +1 fory, and-1 for ¥2). Once an appropriate

kernel has been selected, thatimal hyperplane, ¥o) can be determined by solving
the constrained optimization problefg89
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1 .
m,axga/i-g al %y Kex) (39
Ci i

subject to

0¢/ @, i £2.N

a’y =0 59

wherea-is the vector of nonnegative Lagrange multipliarand C is a parameter to be
chosen by the user with largércorresponding to assigning a higher penalty to errors.

The resutlting classifier assigrgo ¥ (¥2) if

90=A/yKx 3 +y &)6 @37

i=1

The SVM tilizing a kernel functioK is shown in the following figurd89].

Figure 6.2 The SVM framework utilizing kernel functions.
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6.2.2 Multi-class dentification by S\M

The basic SVM introduced in section 6.2.1 is designed for two class identification
problem, i.e., on@gainstone. When the training dataset consists of feature vectors from
a number oM classes Nl is greater than two) and an input feature vector néede
assigned into one of the classes, the basic SVM cannot be directly applied to this multi
class identification problem. A recent empirical styd94 indicates that most efficient
method for extending SVM to multilass identification is to decompose it into
multiple one-againstoneproblems which can be handled by basic SVMsanM-class

identification problem, there are two common extensions of the 8MI] :

(1) The first extension considers th-class identification problem as a set\df
two-class problems, known aseagainstall.
(2) The other extension aims at trainifM-1)/2 basic SVM classifiers, called
oneagainstone
Furthermore, researchers are also invasitig other extensions of the basic SVM to
efficiently handle the multclass identification problem. For instance, Crammer and
Singer[106] proposed a nmiticlass SVM method which casts the multiclass classification
problem into a single optimization problem, rather than decomposing it into multiple
binary classification problems. Other notable extensions of the binary SVM to multiclass
identification prolems include fuzzy logicELl07, 108, decision tree architectuf@¢09,
and adafive directed acyclic grapi1Q.
However, there is no conclusion yet in literature which extension works better.

Different extension metids are used in different applications such as protein fold
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identification[111], image classificatiofl12], document categorizatiodl3, and text
classification[114, 115.
In this dissertation, the ora&gainstall multiclass SVM $ adopted. In other words,

for eachy; of the M classes, the onegainstall SVM aims at determining optimal

hyperplanes,gi(x), i =1, 2V, &0, thatg(x)> g(x) for all j fandixi w . The

classification rule is given bj9]

xi w if i =arg max{g, (x)} (39

Many kernels are available for use in an SVM, such as polynomials, radial basis
function (RBF), and hyperbolic tangent kernels.this dissertation the Gaussian RBF
kernel[116] is selected, which is also the most commonly adopted kernel in pattern

recognition problems.

6.3 IN-CATEGORY PEL IDENTIFICATIONBY ONE-AGAINST-ALL SVM

As discussed above, the SVM identifier is known to perform well when handling
similar but not identical sets of feature vectft45] and thus can be applied to the in
category PEL identification problem. Furthermore, the SVM can be either directly
applied for multiclass incategory PEL identification or combined with the SSOM
framework presented in Chapters Four and Five. The latter combination is expected to
have better performance because it is based om tpeori category information and
deals with fewer numbers of PELs to be identified. This combination of the SVM and the
SSOM forms a hybrid SSOM/SVM framework which is studied and adopted in this
dissertation for multclass incategory PEL identificatiofiL17].

The architecture of this hybrid SSOM/SVM PEL identifier is shown in the following
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figure.

1. Extract a set of pre-defined features from available PEL data with
known identity, and then train the SSOM with extracted features

2. Extract the same set of pre-defined features (as in Step 1) of the
unknown PEL, and classify it into one of the 7 categories based on the
trained SSOM in Step 1

3. Extract a set of pre-defined features (possibly different from Step 1) from
available PEL data with known identity in the PEL category classified in Step
2, and then train the SVM with extracted features

4. Extract the same set of pre-defined features (as in Step 3) of the unknown
PEL, and specify its identity based on the trained SVM in Step 3

Figure 6.3 The hybrid SSOM/SVM identifier framework

Note that in Figure 6.3 steps 1 and 3 may use different sets of features because the
SSOM and the SVM utie different principles in the training process and thus the
training outputs are also different. For instance, the training output of an SVM is a set of
parameters describing a higimensional hypeplane, which cannot be visualized in a

two-dimensionaks it can be in the SSOM framework. Therefore, a set of features that
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works well for the SSOM may not achieve the same accuracy for the SVM.

Based on the above discussion, it is necessary to compare the performance of
different steadystate features inhe SVM that are widely used in the literature.
Considering the large number of available features as discussed in section 2.3 and the
even larger number of combinations, it is unlikely and unnecessary to test all
combinations. Furthermore, as discusse@ apter Four, a set of tindomain features
are selected for the SSOM after a number of tests.

In the literature, several research¢w!, 75 have used the SVM for signature
recognition and harmonic source identification in power distribution networks, in which
the harmonic spectrum (i.e., frequersdymain features) is considered for SVM training
and identificatbn. Following these existing work using frequettiymain features and
other work in the literature using tirdomain features as reviewed in Chapter Two, this
dissertation compares the performance of tdoenain and frequenegomain features

used in SVM fo PEL identification.

6.4 COMPARISON OF TIME-DOMAIN AND FREQUENCY-DOMAIN FEATURES FOR SVM

This section compares two sets of features that have been widely used to represent
PELs:

(1) Time-domain features: as listed in section 4.4.1;

(2) Frequencydomain features fouhin the harmonic spectrum of the current
waveform. For example, the features used in this chapter are all the odd
harmonics from the fundamental to thé"25

Consider a dataset consists of feature vectors for 3 selected PELs with quite different

current vaveform characteristics (such as shape, total harmonic distortion, power factor,
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and real power). The three selected PELs include a DVD player (labeled as D), an LCD
TV (labeled as T), and an oscillating fan (labeled as F). The length of measurement is 60
seconds for all three PELs, i.e., 3600 electrical cycles of data for each PEL. Therefore,
the total number of available feature vectors for each PEL for training and testing is 3600
if harmonic components are calculated by an FFT for each cycle.

Their curent and voltage profiles are shown in the following figure.
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Figure 6.4 Current and voltage profiles of three PELs with quite different
characteristics: Fan (top left), TV (top right), and DVD (bottom)

113



Figure 6.4 shows that the selected three PELs have qiffieredt current
characteristics: the current waveform shape of the tgml€ft) is significantly different
from the TV({op right) and the DVD player (bottgmAlso, the peak current value of the
TV (top right)is around 2 A, which is significantly greatthan the fantgp left) and the
DVD player pottom). The purpose of selecting distinguishable PELs is to show that in
this simple case the timdomain features with the SVM can guarantee 100% accuracy
but the frequencygomain features cannot.

Furthermae, three different cases with different ratios of training and testing data are
tested and compared, and the testing results are shown in the following table. Note that
the results are generated by solving melliss oneagainstall SVMs using the SVM
KM toolbox [118 for MATLAB. More details on the inputs and outputs of the
MATLAB program are provided in Appendix D.

Note that the cross validation mechanism shown in Figure 4I8oisadopted to test
the performance of the o1@gainstall SVM identifier. The identification success rate is

defined and calculated in a similar manner as in Figure 4.3.

Table 6.1 Comparison of testing success rate of different feature sets using multi

class oneagainstall SVMs

Success rate with different

training/testing ratio and featurg

270 points for

training , 3330

540 points for

training , 3060

1080 points for

training , 2520

for testing for testing for testing
Time-domain features 100% 100% 100%
Frequery-domain features 99.56% 99.53% 99.43%
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Table 6.1 shows that simply using harmonics cannot guarantee a success rate of 100%
even with only the three relatively distinct PELs with the quite different current
waveform characteristics of Figure 6.4. In othleords, errors may occur even for a
simple case of mukilass PEL identification if PELs are represented by frequency
domain features. Moreover, these errors can be avoided if the PELs are represented by
time-domain features. Therefore, in this disseotationly the set of (timelomain)
features listed insection 4.4.1 is used to represent PELs for-category PEL
identification by SVM, similar to what has been used for the SSOM.

Furthermore, one well known advantage of the nuliiss oneagainstall SVM
classifier is that it requires a relatively small amount of training data compared with other
notable classifiers. Some test results for the three PELs shown in Figure 6.4 but with
different choices of crosgalidation are shown in the following table,which the ratios
between training data and testing data are indicated in the first column.

In these tests, 51goint FFTs are carried out to calculate the harmonics if necessary.

Table 6.2 Testing success rate of the mualtass oneagainstall SVM and SSOM
identffiers with different amount of data

Success Rate DVD TV Fan Total

SVM (5% for training, 95% for test)| 100% | 93.77% | 100% | 97.92%

SVM (10% for training, 90% for test)) 100% | 93.43% | 100% | 97.81%

SVM (20% for training, 80% for test)) 100% 100% 100% 100%

SVM (30% for training, 70% for test)| 100% 100% 100% 100%

115



Table 6.2 continued

SSOM (5% for training, 95% for test] 49.36% | 81.99% | 97.34% | 76.23%

SSOM (10% for training, 90% for tes| 91.30% | 87.81% | 97.69% | 92.26%

SSOM (20% for training, 80% for tes| 96.74% | 94.03% | 93.92% | 94.90%

SSOM (67% for training, 33% for tes| 99.75% | 99.83% | 98.00% | 99.19%

As another advantage of combining SSOM and SVM, it is clear in Table 6.2 that the
multi-class oneagainstall SVM classifier can get 100% success rate with only 20% of
thetotal data. On the other hand, the SSOM identifier trained by the same amount of data
only achieves an average success rate of 94.9%, which is much lower than the success

rate of the SVM.

6.5 TESTING THE PERFORMANCE OF THE HYBRID SSOM/SVM CLASSIFIER ON A
LARGENUMBER OF PELS
Two tests are carried out in this section to show the performance of proposed methods
for multiclass incategory PELs identification. These two tests are carried out with the
SSOM trained by feature vectors (as listed in section 4.4f) 32 different PELs of 12

types mixed together. Moreover, each PEL has 3600 feature vectors.

6.5.1 Comparison of performance of the SSOM identifier and the hybrid SSOM/SVM
identifier on in-category PEL identification
In this case, three different types of TY{tsne LCD TV, one LED TV, and one

plasma TV) are tested. The voltage and current profiles of these three TVs are shown in
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the following figure. These three PELs share similar fiemd power supply units as well
as feature vectors, and thus all belong ttegory P. Therefore, this case represents a
multi-class incategory PEL identification problem. Both the SSOM identifier and the
hybrid SSOM/SVM identifier are used to compare their performance on tb&tegory

PEL identification problem.
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Figure 6.5 Current and voltage profiles of LCD TV (toft), LED TV (top right), and
plasma TV (bottom)

Figure 6.5 shows that these three TVs have very similar current waveform
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characteristics. In the trained SSOM, these three TVs fall into the same clusteeand a
thus very difficult to be identified without ambiguity using the SSOM identifier.

The success rate of-tategory PEL identification by the SSOM identifier and the
hybrid SSOM/SVM identifier are listed in the following table. Table 6.3 shows that the
SOM identifier achieves an average success rate around only 85% to identify each type
of TVs. On the other hand, the hybrid SSOM/SVM classifier can achieve an average

testing success rate greater than 95%.

Table 6.3 Testing success rate of the hybrid SSOM/SVM idemtand the SSOM
identifier for incategory PELs

Success Rate LCD TV LED TV Plasma TV | Average
SSOM identifier 80.17% 97.85% 85.25% 85.28%
Hybrid SSOM/SVM
identifier (20% data for] 98.30% 78.89% 98.96% 92.05%
training)

Hybrid SSOM/SVM
identifier (30% dé&a for | 95.99% 90.95% 98.85% 95.26%
training)

Furthermore, Table 6.3 shows that the more training data for the SVM in the hybrid
SSOM/SVM identifier, the better performance it has. However, the SVM training in the
hybrid SSOM/SVM identifier still requés far less data than the pure SSOM classifier as

discussed in section 6.3.
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6.5.2 Testing the performance of the hybrid SSOM/ SVM classifier on a large
number of PELs
The following Table 6.4 summarizes test results to show the performance of the
hybrid SSOM/SVMidentifier for incategory PEL identification. A SVM is first trained
by the same data that is used to train the SSOM, and 13 PELs from 5 major categories are

test to check the performance of the raliiss oneagainstall SVM identifier.

Table 6.4 Testing succss rate of typical PELs using the mudtass oneagainstall
SVM identifier

PEL Category Success Rate (%)

Compact Fluorescent Light P 98.67
Fluorescent Lights R 100
Incandescent Lights R 100
Fan X 100

Printer M 99.66
Cellphone Charger NP 100

DVD player NP 98.66
Heater R 100

LCD TV P 99.72

LED TV P 93.33
Microwave M 100

Plasma TV P 89.66
Set Top Box NP 100
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6.6 DISCUSSION ON THE PERFORMANCE OF THE HYBRID SSOM/SVM IDENTIFIER

Compared with existing methods such as only SSOM or SVM identifiers, the
proposed hybrid SSOM/SVM identifier performs better in the sense of accuracy,
robustness, and applicability. The SSOM identifier first extracts information from the
large amount of training data and store that simplified information in the trained neuron
grid. When an input feature vector is presented, the hybrid SSOM/SVM identifier first
determines which load category the input feature vector falls into and then utilizes the
SVM discriminant function for each category to get a robust and correct iderificat
decision. Tests results based on-watld data show that an average accuracy of over
99% can be achieved by the hybrid SSOM/SVM identifier.

However, the ircategory PEL identification by SVM (combined with the SSOM or
not) is still based on the regsentation of PELs by steadtate (or static) features. &h
SVM identifier may have diffiulty in handling PELs with highly dynamic activities over
time. For instance, as shown in Table 6.3 the hybrid SSOM/SVM identifier achieved a
lower success rate identifying LED TVs (93.33%) angblasmaTVs (89.66%). As
shown in the Chapter Seven, the dynamic characteristics of some PELs should be

addressed for reliable PEL identification as well as operating mode identification.

6.7 CHAPTER SUMMARY

This chapter presesita novel hybrid SSOM/SVM identifier for the mudtiass in
category PEL identification problem. The proposed hybrid identifier utilizes the power of
previously supervised Se@rganizing Map (SSOM) classifier for PELs proposed in
Chapters Four and Five fost classifier an unknown PEL into one of the seven PEL

categories discussed in Chapter Three. Within each cluster, a more accurate identification
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decision is made by the well establish maliss oneagainstall SVM classifier. The
average success edbased on different tests is over 95%, which is satisfactory.

The proposed hybrid SSOM/SVM identifier still suffers from several disadvantages,
such as only handling steadtate conditions and still having a high computational cost
especially with largeaumber of classes in each category. Moreover, the features used for
the hybrid SSOM/SVM are still extracted from cybgcycle waveform, i.e., sheterm
observations. Chapter Seven proposes a method to extract features and information from

long-term obsevations.
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CHAPTER 7 IDENTIFICATION OF PLUGGED-IN ELECTRIC
LOADS BY LONG -TERM WAVEFORMS

7.1 INTRODUCTION

As discussed in section 1.4.2, it is desired by various applications to have a reliable
and efficient method to identify not only the type but also the operatoderaf PELSs.

Since the introduction of nemmtrusive load monitoring (NILM)J49] in the 1980s, much
effort has been devoted to identify the type and model of different electric loads. A
comprehensive survey of existing load identification methods can be foupdblin
However, very few existing work has considered identifying the operating status or
modes (i.e., standby, active, or sleep) of loads intme; ignoring such information
may lead tancorrect load identification as shown in section 2.5.

Furthermore, without considering the operating modes and status of PELS, existing
load identification methods may assign an incorrect identity to an electric load that
exhibits different current wavefms (and thus differerturrent characteristics) under
different operating modeslhe rapidly developingdesigns of fronend power supply
units and worldwide implementation of regulations on energy efficiency further
complicate the load identificatioMMoreover, mny electronic appliances are currently
equipped with power factor correction (PFC) units which may be turned on or off
automatically while in different operating modes. Examples can be found in Figures 1.4
and 1.7 in Chapter One.

This chaptemproposes a novel finitstate machine (FSM) representation of lotegm
operating waveforms of electric loads for the purpose of indicating load identity and

operating modes. The operating waveform is first converted into a quantized sequence of
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states. Eachtate is assigned with tadimensional numerical values: RMS current values

and stayingtime values. A set of elemental states and events are defined to reduce the
number of states and extract numerical features to represent and identify electric loads
urder different operating modes. Three major categories of repeating patterns in
waveforms that correspond to repeating operating actions are summarized, and

identification methods are proposed for each such category.
7.2 REPRESENTING LONG-TERM WAVEFORM BY FINIT E-STATE M ACHINE

7.2.1 Finite-state nachines

A finite-state machine (FSM) consists of a finite numbestafes a set of actions,
and a set of state transitionsween states. A state transition is an action that starts from
one state and ends in another state. If the start state and the end state are the same, it is
called aselfstate transition. A state transition is triggered by adefned event or a
condition. In some context, the FSM framework is also known asatihematatheory
[119.

Formally, a finitestate machin& is a 4tuple whereF is defined as

F=(Q ad.q) (39

whereQ is the nonempty set atates a is the set okventsd: Q3 & -Qis thestate
transition function andq,l Q is the initial state. Note thatx denotes the Cartesian

product of two sets and denotes apnto mapping.

The following figure illustrates the elements of a FSM:
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Figure 7.1 Anexample oA FSM illustrating its elements

In Figure 7.1, a FSM corsts of the following elements:
(1) AsetofstatefQ={q, g} ;

(2) Alnitial state q,;

(3) AsetofeventsS %e¢, e, €, €};

(4) A state transition functiom’ such that:

(0, &) = Gy
(0, €1) = G
ad(q,. 8,) = o;
d(q. &)= 4
(0%, &), €%, 8). (@, ). (g g) notdefine

In other words, starting from the initial stadg, the FSM either transits to stade as
defined by d(q,, €,) or stays atg, as defined by the sedtatetransition d(q,,e,) .

When the FSM is at statg, the FSM either transits to statg as defined byd(q,, e,)

124



or stays atg, as defined by the sedftatetranstion d(q,, g,). Other state transitions are

not defined.

7.2.2 Representation of longerm current waveforms

Existing representation methods of operational waveforms do not perform well for
the identification of electric load operating modasréaitime. For PELs identification,
waveforms are typically represented by a set of 4ilmenain or frequencgomain
features, which requires high resolution data (e.g., at leassd®ples per second).
However recent effort{76-78] represent longerm operation of electric loadmly by
very low resolution data (e.g., one active power measurement every 5 minutes or even an
hour).

This dissertation represaithe longterm operation of any electric load by a sequence
of RMS current valueikkug), wherelrmgn) denotes the RMS current value over apre
defined time windown. The length of the prdefined time window can be from one
cycle (e.g., 1/60 seconds in U.S.) to minutes or hours, depending on the purpose of
different applications.

The representation bizus has many advantages compared with other options. For
instance, the sequence of peak current values can also represestrioongerations but
a high sampling rate is typically required to maintain accurate measurement of peak
values. Alsolrugn) provides equivalent information about the average active power at
time window n but needs no additional multiplication (with RMS teaje) and thus

reduces computational costs.
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7.2.3 Definition of states

For the purpose of redime identification of operating modes, sequencetk@f(v)
representing longerm operation of electric loads are then sent into the pempo
algorithm for reakime process and analysis. Agug() sequence is transformed into an
event sequence which is represented by a FSM, from which a set of features can be
extracted to identify different operating modes. Besitles capability of extracting
features from numerical varianceslud () values, another advantage of FSM modeling
IS its capability to efficiently handle the concept of time. Specifically, if an electric load is
in steady operastg mode and consumes an almost constant amount of power, the
corresponding FSM then stays at a certain state enabled tstageltransition as defined
in section 7.1.1. In other words, the FSM representation also records how long it stays at
each state.

To summarize, the representationlhpg) is actually twedimensional, i.e., includes

time durations and values of current. Therefore, each Stgte, T,) within an associated
FSM is assigned two values, oneresponds tdhe current value (denoted bly, ) and
the other one corresponds to the total amount of time (denotdg )byvherek is an

index for states.

Let Irmgi) be a sequence of RMS current values, wherl,2, » N denotes an
index for RMS current values amdlis the total number of available RMS current values.
A set of statesS (1., T,) with assigned values$, and T, can be etracted fromgugi) by

the following algorithm.
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1)
)

3)

(4)

Start withk =1, assignl, =1 (1), and lef, =1;

Continue with i=1 and compute the stepwise differenge

Di+li JIRMS(|+1) .'l RMS(I )| betVVeenIRMS(H'l) and IRME(') If Di+1j >
' ‘ lRMS(I) ‘

where Dis a predefined threshold valughenk =k #and go to step (3).
Otherwisei =i 4, T, =T, 4, andrepeat step (2);
Assignl, =1 (i 1), let T, =1, and compute the stepwise differeridg,; .

If D,;, > , thenk=k 4 and repeat step (3). Otherwise=i 4 and

T, =T, 4, and repeat step (3);

Stop wheni =N, whereN is the total number of RMS data points.

Note that the above algorithm analyzes operating current waveforms-itinmealn

time.

other words, RMS \aes of current of each time window are analyzed and compared

with those of a previous time window to represent the operating patterns with respect to

The following figure showsin exampleConsider the operating current waveform of

a desktop competr for 60 secondshown in thefollowing figure, whichincludes the
transient period from OFF to Offftom around 2 seconds to 3 seconds) as well asugiart
period during active ON mode lasting for more than 55 secadirus time window is set

to be one cye in this example (1/60 seconds in U.S.) and dthes3600.
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Figure 7.2 Actual and quantized operating current waveformsmdamarV for 60

seconds

For comparison, the actuldudi), i =1,2, »,3600 are plottedas thedasled line (in
red color)and the associated state vallgsare plotted as thsolid line (in blue color)in
Figure 7.2. Furthermore, extracted stag$l,, T, )are shown in the following figure.
Note thatk is typically far les thanN (in this examplek =112) because each stag&
corresponds to a total number §f RMS values of currerthat are within the region
(- By ).

Note that in Figure7.3 the upper bars (above the zeadued horizontal axis)

represent the values of associated RMS current iglue each state and the lower bars

(below the zerevalued horizontal axis) represent the values of assocsddgthgtime

T, of each state.
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Figure 7.3 Extracted states with associated current and time values from the operating

waveform in Figure 7.2

The stadup process of the desktop computer only takes a few seconds. The power
consumption of the congger in active mode (when running) varies for a large part of
time except the two time periods between around 15 to 20 seconds and between 45 and
52 seconds. These shapes can be observed within the corresponding extracted states.

However, the relevant b contains too many states and does not explicitly include
the stadup transients such as spikes. The next section defines several elemental states
and events to reduce the number of states, highlight states of interests, and extract

describing features.

7.3 REDUCTION OF STATES AND DEFINITION OF ELEMENTAL STATES AND EVENTS

For the purpose of reducing the number of states and extracting useful information,

the following four elemental states as well as the spike event are defined.
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(1) Standby stateif the associeed |, valuefor a states is less than a predefined
threshold value (e.g., 0.1A), theyis defined as atandbystate Furthermore,

if a standby state is the initial state (or thetfstate in sequence), it is called
the start state.

(2) Steady stateif a representing FSM stays at a certain state for at least 5
seconds, then the state is defined to beeadystate;

(3) Semisteady stateif a representing FSM stays at a certain stateafdeast 1

second but less than 5 seconds, then this state is caflethizteadystate
(sometimes all calledemistates for abbreviation in this dissertation)

(4) Oscillation stateif a representing FSM stays at a certain state for less than 1

second, tln this state isadled anoscillationstate;

(5) Spike event:if s (1) > g and lws (1)

[ () lws (i +2)

defined threshold values, therspikeevent is defined to occur éitne stepi.

>e,, where g ande, are pre

Note that a spike is actually an event instead of a state.

Remark: Although the spike event is defined over RMS current values, it can be
equivalently defined ovet, values because each st&ecorresponds to a total number

of T, sequential RMS curremtilues with a small variance in magnitude. That is, a spike
event does not occur between associated RMS current values of any state but only

possibly occur between thg-th I, value of stats, and the firstl,,, value of stateS,,, .

Therefore, a spike event indeed triggers transition between states.
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Remark: the theshold valuese and e, determine the performance of the proposed FSM

presentation and thus should be properly selected according to applications and

comparisons of different choices. The number of spike evdetseases and some

obvious spike events could be missedi&nd e,are too large. On the other hand, there
might be too many spike events dfand e,are too smll. Therefore, selectingroper
threshold valuess and e, is a tradeoff between different factors. There is no general
rule on how to select threshold valuesind e, but it is suggested to choogeand e,

between 1 and Based on a large number a&is and tests

Continuing with the above example in section 7.1.3, Figure 7.4 plofetigo-peak
envelop of theoperating current waveform offdasmaTV for 60 secondsFurthermore,
Figure 7.5 shows the corresponding extracted states with their associated current and

stayingtime valuesfrom the current waveform shown in Figure.7.4

Y e
g —

02 4 6 8101214 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60

Figure 7.4 Peakto-peak qerating currat wavefom of a gasma TV for 60 seconds
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Figure 7.5 Corresponding states with associated values extracted from Figure 7.4

The following figure illustrates corresponding spike events, st@aidy states, steady

states, and oscillation states extracted from theabipg current waveform in Figure 7.4.

| spike

|

{ SEMI-STEADY 485

|

R K — | C— / \ 1 STEADY
/] SPIKEZ\ e

/1 Nisteapy 1.
-'_|'_\"|'|_'_|_'\'Sl?lKE\S‘|'|'|w‘|'|'\w'|'|'|‘|'\w'|'|'w|'|'|w'|
0 2 4 6 8101214 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60

TIMES (S)

Figure 7.6 Corresponding spikes, sesteady states, steady states, and oscillation states

extracted from Figure 7.4
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Note that the elemental states can be directly identified byfthalues shown in
Figure 7.5.

It can be observed in Figure 7.6 thatrénhare several spikes when tHagma TV is
turn on (between-A5 seconds), which should be detected in order to correctly identify
the startup mode. After a notable step raise of the RMS current faumdidA to 3 A,
the dasma TV gradually operates in active mode but the RMS current values vary with
time. Accordingly, in Figure 7.5 the representing FSM stays in one steady state for over
20 seconds, in 3 steady states for over 5 seconds, in 5stEaty states for over 1
second, and in over 70 states for a very short period of time.

The corresponding FSM representatioriheef operating waveform of thdagsma TV

is shown in the following figure.

e STEADY SEMI - STEADY
\STEADY STEﬁ\DY SEMISTEADY \STEADY
o 0 TEADY

SEMI
. | STEADY STEADY " SEMISTEADY
SEMI-STEADY /EEMl )

~ " \STEADY

STESDYﬁ__/ /
SEMI—?FEADY / @ e
SEM- STEADY @ /
) STEADY, SPIKE
ST

Figure 7.7 Corresponding spike events, sesteéady states, steadgptes, and oscillation

states extracted from Figure 7.6

133



7.4 CLASSIFICATION AND IDENTIFICATION OF REPEATING ACTIONS AND M ODES

As lllustrated inthe above examples, many electric loads consume a\tangng
amount of power in active mode, which poses challenigehe identification of electric
loads from longerm operating waveforms. Furthermore, many electric loads repeat
certain actions which are separated by time intervals withidemtical length. In other
words, there exist repeating patterns that regmeoperating actions that are similar but
not identical. For various applications discussed in Chafteeand Twq it is desired to
have a comprehensive understanding of repeating actions and operating modes during
PEL operatios as well as an efficienmethod to classify and identify these repeating
patterns.

Several examples of repeating similar patterns in-kengy operating waveforms are

shown in the following figure.

Current (A)
o

i i i i i
0 0 0 0 50 0 1} 10 20 30 40 50 B0
Time (s) Time (sec)

(&) A microwave oven in reheat mode(b) A printer in doublesided printing mode;
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(c) A multi-functiondevicein printing mode; (d) A fax machine in faxing mode

Figure 7.8 Current waveforms of four office appliances in different operating modes

These resultshowthat some electric loads possess almost identical waveforms when
repeaing certain operating actions or operating modes, such as the loads shown in
Figures 7.8(a), 7.8(b), and 7.8(d). On the other hand, some electricré&zesnon
identical but sinfar waveforms as well as patterns, such as shown in Figure 7.8(c). For
the purpose of accurate identification of electric loads and their operating modes, it is
necessary to develop a set of features as well as an identification mechanism to detect the
existence or notexistence of repeating similar patterns (and possibly how many times

they repeat).

7.4.1 Repeating patterns in FSM representations

In order to reliably identify repeating patterns, it is necessary to first understand how
they are repeated in therin of states (as well as their associated values) and events in

the FSM representations. To extract information from a large number of states with
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different values, the following characteristics are useful based on a study of a large set of
reatworld opeating waveforms.

(1) The type of the states, i.e., sesteady or steady.

(2) Associatedl, values for all steady and sesteady states. Repeating similar
patterns are observed to have similarvalues.
(3) Associatel T, values for all steady and sesteady states. Repeating similar

patterns should spend similar amounts of time staying in each steady or semi

steady state.

(4) The occurrence of spikes before and after steady andsteaadly states.

As an example, the operating waveform of a microwave oven in reheat mode as
shown in Figure 7.8(a) can be represented by a FSM with 3 ®teady states and 2

steady states. The associatgd(in A) and T, (in seconds) are listed as follows:

Table 7.1 Associated!, and T, values of states in the FSM of operating waveform

in Figure 7.8(a)

StateType . (A) T, (9
Steady 1536 25.1
SemiSteady 0.47 15
Steady 15.37 27.6
SemiSteady 0.47 1.6
SemiSteady 14.6 2.1
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The similar -Opadt7toerard 4R&HSsad B considered to be

cardidates that represent repeatgerating actions, wbh match the waveform shown in
Figure 7.8(a). Moreover, these two candidate patterns also have sstaijamgtime
A251L.150 aNé@.fA27.6

To summarize, a pattemhich repeatsn a similar manner during a fixedrie length
of observatiorconsists of sequence of steady and sesteiady states, each of which has
similar values of current argtayingtime as well as the same stdypes. For example, a
repeating pattern in a seque e o f t wo states s)iisemstaadyy ( 15.
(0.47 A, 1.5s )can be observed twice in Figure 7.8(a).

Moreover, the spike events also play an important role in identifying repeating
patterns as discussed in the next section.

Based on evaluating a largember of realvorld PEL currentwaveforms as well as
a compreénsive study o the frontend power supply topology design anost
commercially available PH, it is observed that there are three types of repeating

patterns, described as follows.

7.4.2 Almostidentical repeating patterns

This type of repeating patterns contaepeating semsteady or steady states whose
associatedl, and T, values have similar numerical values. In other words, a certain
number ofsemisteady or steady statepeatsseveral times. Oscillation $&s and spike
events may occur between these repeating-sexady or steady states but they aoe¢
needed to identify this type of repeating patterns and thus generally not used for this

pattern type
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A typical example is given in Figure 7.8(d), whicihndze modeled by a FSM with 1
semisteady and 6 steady states. The associgtgth A) and T, (in seconds) are listed

in the following table.

Table 7.2 Associatedl, and T, values of states in the FSM of operating waveform

in Figure 7.8(d)

State Type . (A T (9
Steady 0.33 19.7
Semi 0.53 2.1
Steady 0.66 5.8
Steady 0.67 5.8
Steady 0.67 5.8
Steady 0.68 5.8
Semi 0.67 3.7

The results in Table 7.2 show that the steady state lyitaround 0.67 A and
stayingtime T, around 5.78 seconds repeats four times. Note that the final steady state

with peak current 0.67 A is not codered as repeated becausesitsyingtime is only

3.73 s which is caused by the cutoff of the observation waveform.

7.4.3 Step up/down repeating patterns

This type of reurring similar patternsisuallyrepeats in a sequence of step up/down

waveforms which cabe represented by a sequence of seteady and steady states with

step up/downl, and T, values. Similar to the case of almost identical repeating patterns
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discussed above, oscillation states and spiketseveay occur but they are not utilized
for identification in this case.
The operating waveform of a laser printer in dotsideed printing mode shown in

Figure 7.8(b) falls into this category, and can be modeled by a FSM with assdgiated

and T, values listed in the following table.

Table 7.3 Associatedl, and T, values of states in the FSM of operating waveform

in Figure 7.8(b)

After combining Subsequence
State similar states q
Type
LA | T [ LB T06
semi 14.70 493 | 1470 | 4.93
. Subsequencel
semi 1.96 1.23 1.96 1.23
semi 13.96 1.1
13.96 5.13
semi 13.71 4.03 Subsequenc&
semi 2.13 1.22 2.13 1.22
semi 14.09 1.42
: 14.09 5.17
semi 12.58 3.75 Subsequence3
semi 2.00 1.47 2.00 1.47
semi 13.72 4.22 13.72 4.22
Subsequencet
semi 2.17 1.20 2.17 1.20
semi 13.72 3.25 13.72 3.25
Subsequence
semi 1.88 1.17 1.88 1.17
semi 13.54 3.2 13.54 3.2
Subsequences
semi 2.00 1.2 2.00 1.2
semi 13.57 3.27 13.57 3.27
Subsequence’
semi 1.98 1.23 1.98 1.23
semi 13.42 3.2 13.42 3.2
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* semidenotes sensteady states

After combining adjacent seraieady states with almost identical state values (i.e.,
semisteady states with state values 13.96 A and 13.71 A), the repetithsegubnces of
states indicated in Table 7.3 represent the recognizable repetitive patterns.

In this example, seven sidequaces with a steplown pattern in both state values
and state durations can be observed and detected. The first severdbwtegub
sequences have relatively higher-gtep state values and state durations, i.e., 14.70 A,
13.96 A, and 14.09 A, as the pter transits from standby mode to active mode. The
latter three sulsequences have relatively smaller but almost identicakippe state
values, 13.72 A/3.25,d3.54 A/3.2 s, and 13.57 A/3.27 as the printer is in a stable
active mode. The postep state values remain close to 2 A and the {stexp state

durations remain close to 1.2 s

7.4.4 Spikelead repeating patterns

Somecurrentwa vefor ms include repeati-bgt swieminloar
time durations of their occurrences are not umiioilhese types ofepeating patterns
usually stas with a notable spike and thus can be detected by comparing the variance in
the ratio of the step up/down current values of the s#@aidy and steady states after
spike events.
An example of spikdead rgeating patterns is given in Figure 7.8(c), in wheth
printing jobs are performed durirthis observation. Accordingly, spepeating patterns
can be detected in the representation of a sequence of a spike event followed by a semi

steady state (with siitar but not identical associateld and T, values).
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Table 7.4 Associatedl, and T, values of states in the FSM of operating waveform

in Figure 7.8(c)

StateType 'k T Sli}es%eqtittjg r?ces

spike 23.21 0

semi 11.08 | 2.87 Subsequensd
semi 11.02 1.07

semi 2.98 2.18

spike 20.32 0

semi 12.75 | 3.32

semi 1.18 2.38

semi 269 | 188 | Subsequencé
semi 3.36 1.75

sem 3.76 1.48

spike 23.22 0

semi 12.96 | 3.55 Subsequenc8
semi 4.24 4.25

spike 20.80 0

semi 13.04 | 2.38

semi 4.08 2.45 Subsequencd
semi 4.50 2.53

spike 21.97 0

semi 13.85 4.5

semi 4.10 4.5 Subsequencé
semi 4.60 2.43

spike 22.97 0

semi 14.17 | 4.45 Swbsequencd
semi 4.15 3.63

* semidenotes sensteady states
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7.4.5 Summaryof repeating @tterns
To summarize, typical repeating similar patterns shown in Fig@@) (d) illustrate
cases from three majolasses of patterns. The existence andaxistence of these three

classes of repeating patterns can be accurately determined Ipysamgl T, values of

sequences of spike events, sestgiady and steady $#a. In this dissertation, it is

proposed to start with each spike and check the existence of a repeated sequence of states.

This method works well for most electric |
steadyspike spikespike steadyspikesteay 6 t he Subseasdeandye iUl
three times. In addition, to make sure that this repeated sequence of states is indeed
generated from repeated operation of electric loads, the assogieded T, values of

each sermsteady or steady state asocompared.

Several examples of operating waveforms that do not contain notable repeating

pattern are given in the following figure.

Current {(A)
Current (&)

1 1 1 1 L _2 5 1 1 1 1
0 10 20 30 40 50 60 RE] 10 20 30 40

L
50 60
Time (s) Time (s)

(@) A desktop computer in activeode; (b) A laptop in active mode;

142



5
0 10 0 0 0 50 0 7 10 20 0 40 50 80
Time (5] Time ()

(c) AnLCD monitor in active mode; (d) AnLCD TV in active mode.
Figure 7.9 Four PELs in active mode as examplesafexistence of repeating patterns

7.5 FEATURES EXTRACTED FROM THE FSM REPRESENTATION

The next problem is how to distinguish between different FSMs in a numerical way.
Different FSM representations should preferably be converted into a set of numerical
featues that can be used to indicate the identity and operating modes of electric loads in
reattime. A novel set of numerical features is proposed and listed as follows.

(1) Number of spikes

(2)  Number of sembteady states

(3) Number of steady states

Total time in semi-steady state
(4) Length of the operating wavefor

Total time in steady states
(5) Length of the operating wavefor

(6) Number of states per time window

(7) Existence or notexistence of repeating patterns
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In contrast withabsolute values that are directly measured from relevant FSM

representations such as features-(8)) features (4)6) are relative values that

correspond to the intrinsic characteristics of the operating waveforms. Features (4) and

(5)

relatively constant values of RMS current, featuresadd (5) should be quite a small

reflect

how

Afsteadyodo an

operating

wayve

number. Otherwise, features (4) and (5) would be quite large. Moreover, feature (6)

indicates how long oscillationfast in an operating wavefornfror a waveform that

oscillates all the time, such as Figure 7.9(b), feaf@irsvould be a large number.

The above seven features of a selected set of important office electric loads are

summarized in the following table. Over 99% identification accuracy rate is achieved in

tests using these proposed features.

Table 7.5 Summary of Featers of a selected set of important office electric loads
Office appliance Monﬁ_(i;s and
Computer Microwave Stary Stead
Pattern 1| Pattern 2 up Y
transient State
Number of Typically
Spikes 011 ~10 <10 <5 <5
Number of .
. <25, Typically
Semistealy nonzero | around 10 1-16 1-5 510
states
Number of | <5, typically ) i
Steady states 0 0 110 15 0-2
Time in semi Typically
steady/Total <0.6 <0.7 0.4 <0.2 <0.2
Time in <0.4
steady/Total | Typically O 0 0.150.8 >0.8 >0.8
Number of . .
On
stateger time >5 Tyglig ly Tygicglly <1 ~1 Y
. . one
window
State
Repeaied None Yes 2-5 None
Patterns
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7.6 CHAPTER SUMMARY

This chapter has proposedn efficient method to represent leteym operating
waveforms of electric loads by fin#gate machines (FSMs). Theajor advantage of a
FSM representation lies in its capability to detect repeated patterns, reduce duplicate
states and transitions by allowing self state transition, and extract time values associated
with each state. Each repeated pattern may not lmlg xae same and the time durations
in-between the repeated patterns are also not exactly identical in practice, but the FSM
representation can extract the common pattern by state transitions and eliminate the effect
of time by self state transitions.

A set of numerical features are proposed for indicating the identity and operating
modes of electric loads in refiine. A high identification accuracy rate is achieved in
tests on a large set of reabrld date using the proposed features.

There are two potgial problems of the proposed statechine representation of
long-term waveforms. First, the performance of the proposed method may be affected by
the accuracy of sampled data. For example, if the sampled data points are only with
accuracy of one decimalace, the difference between adjacent RMS current values may
be affected and the proposed algorithm may give a different set of states with different
staying time values. Second, detecting spike events depends highly on parameters. In this
dissertationthe ratio between two adjacent RMS current values is set to be 1.85 to detect
spikes, which is based on trials. If this ratio is set to be much larger, there would be only
a very small number of spikes detected and important spike events may be misged. On

other hand, if this ratio is set to besanaller number, there could be too many spike
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events. For a different data set, this ratio needs to be carefully selected based on trials and

applications.
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CHAPTER 8 CONCLUSIONS AND CONTRIBUTIONS

8.1 INTRODUCTION

This chapter concludes this dissertation by first reviewing the objective of this
research and proposed solution framework, summarizing the technical development and
major contributions of Chapters Three to Seven, and finally presenting the list of
outcomes sut asU.S. patent applications, journal papers, and conference pipsaty
contributed by Chapters Three to Seven of this dissertation.

Finally, section 8.5 presents several future research directions that can extend the PEL

identification problem as Weas proposed techniques to other applications.

8.2 CONCLUSIONS OF THIS DISSERTATION

The objective of this dissertation is to develop -iatnusive, accurate, robust, and
applicable PELs identification algorithms based on voltage and current measurements. A
two-level framework for PELs identification is proposed: first classify an unknown PEL
into one of the predefined classes and then identify the unknown PEL within this class.

Chapter Threeproposes a low computatioredst but yet accurate algorithm to
extract features from the voltage and current waveforms of PELs for classification and
identification. Instead of utilizing digital signal processing and frequency domain
analysis, the proposed feature extraction algorithirst abstracts the similarity of
voltagecurrent (1) trajectories betweerdifferent PEIs and then maps the VI
trajectories tacell grids with binary cell values. Graphicdatues can then be extracted
for many purposes. The proposed method significantly reduces the computational cost

compared to existing frequenadpmain signature extraction and analysis methods. It is
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shown in Chapter Four that an average of over 99% of success rate can be achieved using
the proposed features.

Chapter Fouproposes the extension tife basic SOM to aupervised manner for
classification of PELs. The supervised SOM (SSOM) can classify a large amount of
PELs into several group€£hapter Five extends the framework in Chapter Four and
presents a novel combination of the SSOM and the Bayesian frameworkctofuas a
hybrid identifier and provide the probability of an unknown PEL belonging to a known
group. Extensive research has been carried out to test the performance of PELs
classification and identification using the SSOM, and the testing resultstisfaciary.

In Chapters Six and Sevestatic and gnamic methods are considered for in
category PELidentification, respectively. Fathe static method, a hybrid SSOM/SVM
identifier is proposed. The proposed hybrid identifier utilizes the powdhesipervised
SelfOrganizing Map $SOM) classifier for PELs to first classify the large amount of
PELs models into several clusters. Within each cluster, a more accurate identification
decision is made by the well establish maltdss oneagainstall SVM clasifier.

For dynamic modeling, a continuous current waveform is first converted into a quantized
sequence of current values. This sequence is then transformed into atéitgtenachine
(FSM) consists of different types of states and transitions betwatrssiA set of features
can be extracted from the formulated firstate machine, which is utilized to represent and
identify electric appliances with different operating principles and modes

The overall testing results of different features and proposetthods are summarized in

the following table.
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Table 8.1 Summary of testing results in this dissertation

Chapter Method Purpose Features Average Success
Rate
- Proposed graphical
e features in Chapter
Chapter Four| SSOM ir?t?sczrrtgagﬁgs Three > 95%
9 - A set d 13 selected
features
Probabilistic
. SN - A set of 13 selected >95% based on
Chapter Five| SSOM classrflcatlo_n Nt Jtures MAP
categories
Chapter Six SVM _In-C._';\_teg(_)ry - A set of 13 selected ~95%
identification features
- A set of 7 features
State In-Category .
Chapter Seve| Machine identification greovpeor?ed in Chapter >95%

8.3 CONTRIBUTION OF THIS DISSERTATION

The main contributions of thdissertationlie in several different aspects of a novel
two-level PELs classification and identification algbrm, summarized as follows:

(1) Robustnessthe proposed SSOM identifier first classifies the large amount of
reatworld PELs into clusters and then identifies their types within each class.
In this manner, the diversity within each type of PELs and the sityila
between different types of PELsrche handled in a robust manner.

Another contribution is a novel hybrid methdy combining the SSOM
framework and the Bayesian framework to utilthe training information to
provide probabilistic identification reds;

(2)  Accuracy with each classified class, both static and dynamic methods are
proposed to achieve high successful identification rates under all scenarios but
modeling the steadsgtate characteristics as well as dynamic performance and
operating princigds of PELS;
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©)

(4)

Adaptiveness the proposed framework can learn from user inputs or
feedback, update classification and identification rules if necessary, and
includea priori information and required identification granularity;

Intelligence the proposed methoalso has the capability to investigate the
applicability of the extracted signatures/patterns for effective PELs
disaggregation, and identifying an unknown PEL to a certain level of

granularity.

8.4 QOUTCOMES OF THIS DISSERTATION

The literature review and rearch work presented @hapters Two to Seven tfiis

dissertatiorhave resulted ia number opublications andJ.S. patent applications, listed

as follows:

8.4.1 U.S.Patents

[1]

[2]

Bin Lu, Ronald G. HarleyLiang Du, Yi Yang, and Sharma K. Santosh, Prachi
Zambare, ad Mayura Madanel).S. Patent Applicatioh3/304,758P ublication
US20130138651iSystem and method employing a -eseffanizing map load
feature database to identify electric load types of different electrictbpads f i | e d
November 28, 2011Patent pubdiation date: May 30, 2013.

Bin Lu, Ronald G. HarleyLiang Du, Yi Yang, and Sharma K. Santosh, Prachi
Zambare, and Mayura Madang,S. Patent Applicatioh3/597,324fSystem and
method for electric load identification and classification employing support

vector machiné , filed on. August 29, 2012
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[3]

[4]

[5]

8.4.2

[1]

[2]

[3]

YiYang, Liang Du, and Dawei HelJ.S. Patent Applicatioh3/920,602/ISystem

and method for instantaneous power decomposition and estimation f i | ed o
June 18, 2013

YiYang, Liang Du, and Dawei Hel).S. Patent Apjcation13/912,819,iSystem

and method employing graphical electric load categorization to identify one of a
plurality of different electric load type, filed on June 7, 2013
Liang Du, Yi Yang, Ronald G. Harley, Thomas G. Habetler, and DawelH®,

Paent Applicationl3/908,263;Method and system employing finite state
machine modeling to identify one of a plurality of different electric load

types" filed on June 3, 2013

Journal Paper

Liang Du, Jose A. Restrepd,i Yang, Ronald G. Harley, and Thomas G

Habetler, iNonintrusive, SelOrganizing, and Probabilistic Classification and
Identification ofPluggedin Electric Load® |IEEE Transactions on Smart

Grid, vol. 4, issue 3, pp. 1371380, 2013

Dawei He,Liang Du, Yi Yang, Ronald G. Harley and Thomas Babetler,

fiFront-End Electronic Circuit Topology Analysis for Moe@tiven Classification

of Appliance Loads6 | EEE Transactions on Smart (
2293, Dec 2012

Liang Du, Yi Yang, Ronald G. Ha r Re&lymea nd T
Identification of Electric Loads Using Loxierm Operating Waveformsander

review, |[EEE Transactions on Smart Grid
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[4]

8.4.3

[1]

[2]

[3]

[4]

Liang Du, Yi Yang, Ronald G. Harley and Thomas G. Habetler,
fiCharacterization and Identification of Electric Loads by Binary Volt@gerent

Trajectory Mapping @0 besubmitted to IEEE Transactions on Smart Grid

Conference Paper

Liang Du, Yi Yang, Dawei He, Ronald G. Harley, Thomas G. Habetler, and Bin
Lu, iSupport Vector Machine Based Methods For Mdrusive ldentification of
Miscellaneos Electric Loads |n Proceedings othe 38th Annual Conference of
the IEEEIndustrial Electronics Society (IECON 2012pct 2528, Montreal,

Quebec, Canada

Dawei He,Liang Du, Yi Yang, Ronal d G. HarAl ey,
ModelDriven Taxonomy ofAppliance Loads:Front-End Electronic Circuit
Topology Analysis , Prbceedings of thEEEE Energy Conversiond@hgress and

Exposition (ECCIg p.12281232 Raleigh, NC, USASepemberl5-20, 2012

Liang Du, Dawei He, Yi Yang, Jose A. Restrefgnald G. Hrley, and Thomas
G. Habetler iiSelfOrganizing Classification and Identification of Miscellaneous
Electric Load® , Prbceedings of thEEEE Power & Energy Society General

Meeting (PESGM 2012), July 226, San Diego, CA,USA

YiDuy, Liang Du, Bin Lu, Rona d G. Har l ey, andRévkewe mas
of Identification and Monitoring Methods for Electric LoadsGommercial and
Residential Buildingg In Proceedings of thEEEE Energy Conversion Congress

and Exposition (ECCE 2010), p.452%33,Atlanta, GA USA, Septembei2-16,

2010
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8.4.4 Contribution of chapters

The contribution of each chapter of this dissertation is listed in the following table.

Table 8.2 Contribution of each chapter of this dissertation

Chaot Paters Listed in Journal PaperListed n Conference Paper
aptes
P Section 8.41 Section 8.&2 Listed in Section 8.8
Two Paper [2]
Three Patents [3] and [4] Papes[2] and [4] Paper [4]
Four Paper [3]
Patent [1] Paper [1]
Five
Six Patent [2] Paper [1]
Seven Patent [5] Paper [3]

8.4.5 Other Contribution
The following journal and conference paperspagcomes of class projeatsiring my

graduate studyhave been published or under review

[1] Liang Du, Santiago Grijalva, and Ronald G. Harle¥istributed Potential
Game Formulation of Constrained Economic Risgh with Guaranteed

Convergence under review, IEEE Transactions on Control of Network Systems

[2] Liang Du, Lijun He, a nd A Bwveyaof Meth@ls forHShunt e vy

Capacitor Banks Placemein a Distorted Power Netwodk,In Proceedings of
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The 38th Aanual Conference of the IEEE Industrial Electronics Society (IECON

2012), Oct 2528, Montreal, Quebec, Canafi2(Q

[3] Liang Du, Santiago Grijalva, and Ronald G. HarlgRotentiatGame
Formulation of Optimal Power Flow problemddn Proceedings of thEEEE
Power & Energy Society General Meeting (RES1 2012), July 226, San

Diego, CA[12]]

8.5 FUTURE WORK

8.5.1 Implemengtion and field tests

Techniques proposed in Chapters Three, Four, and Seven have been implemented in
different product prototypes developed at Eaton Global Research and Technology center.
Field tests of prototypes with techniques from this dissertatime b&en scheduled to
take place in the National Renewable Enetgporatory (NREL). Test results and

feedback can be analyzed to further improve the proposed framework.

8.5.2 PEL disaggregation

The PEL identification problem studied in this dissertation is basdtie assumption
that a set of voltage and current waveforms is available for each PEL. However, in some
cases, such waveforms for each PEL are not available. For example, in the case of
multiple PELsare plugged into the same outlet or strip, measuwe@ ot waveform is an
aggregated signal of multiple PELs. The problem of identifying multiple plugged
electric |l oads from mixed voltage/ current
di saggregat i on 70 i7ln 123. IGeren lonlyt teig aggragated current
waveform, the PEL disaggregation problem diffensnf the (single) PEL identification
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problem in the sense that it is not practical or possible to follow the PEL identification
procedure as shown in Figure 2.1 to solve the PEL disaggregation problem due to the
following reasons:

(1) The number of commercial BLs being used in reavorld is enormous.
Moreover, the number of different combinations of PELs increases
exponentially with the number of available PELs. Unlike in the PEL
identification problem, it is impossible to build and maintain a database of
aggregated waveforms of PELs with known identities (model and type) for the
PEL disaggregation problem.

(2) Continuing with the above discussion with database of PELs with known
identities, this database providea priori information which relates
voltage/currentwaveforms to PEL identities. The solution to the PEL
identification problem proposed in Chapters Thie&éven of this dissertation
does not require otherpriori information.

On the other hand, the PEL disaggregation problem does requireagbhieri
information including, but not limited to, the number of PELs that are connected
at a common supply source and which PELs are currently in active mode.
Without thisa priori information, it is not reasable to adopt the techniques
developed for the PELldentification, i.e., comparing with a database of PELs
with known identities even if such a database exists.

For instance, an aggregated current waveform may be contributed by four PELs
in active mode and two PELs in standby/sleep mode (and thu®nttouting

much). This aggregated waveform is then compared to a known database
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(assume it exists) and found to be very similar to an aggregated current
waveform consisting of five PELs in active modes. However, it is not a
reasonable or convincing soitut to match five PELs with known identities to

six unknown PELs.

(3) A unique difficulty in the PEL disaggregation problem is that it is sometimes
not possible to identify several PELs of the same category which are plugged
into a common supply source.

For exkample, considering the case that one space heater (500 W), one portable
fan (60 W), and one incandescent light (100 W) are plugged into a common

power strip. These three PELs all belong to category R, i.e., resistive or linear

load. The aggregated curremtiveform is almost sinusoidal. In this case, it is

not possible to tell whether it is a portable fan (60 W) or another incandescent
light (60W) because either of them aggregated with the other two PELs would

present the same sinusoidal aggregated cuwaweform.

(4) Another difficulty in the PEL disaggregation problem is that some PELs that
consume a small amount of power may be dominated by other PELs consuming
much higher amount of power.

For instance, if a space heater (800 W) is aggregated with ahceke 10 W)
or a laptop computer (50 W), the aggregated waveform is dominated by the
space heater (and thus almost sinusoidal). In this case it is nearly not possible to
detect the existence of the cell phone or the laptop computer.

To summarize, the PELishggregation problem is much more complicated and

challenging than the PEL identification problefss an extension of this dissertation, the
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FSM modeling method proposed in Chapter Seven can be extended to a timed FSM for
the purpose of event detectiorr BEL disaggregatignin which the starting time and
ending time associated with each state are also recorded besides the overaitiataying

in each stateAn example of aggregated current waveform is given in the following

figure.
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Time (S)

Figure 8.1 Measured aggregatedirrent waveform

Using the previously proposed FSM presentation of -@ng observationsin
Chapter Severthe above current waveform can be represented by a sequence-of semi
steady and steady stateshose associated current values and statying valies are

shown in the follow table.

Note that the spike events are not shownthe following figure for notational

convenience.
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Table 8.3

Timed sequence of setsteady and steady states represent Figure 8.1

Current| Staying | Staying | Stayng
States Events
(A) time (s) | from (s) | until ()
standby| n/a 11.88 0.017 11.9 <= At 11.9s, LCD Monitor ON
semi 0.931 2.9 20.12 23.0 <= At 23.6s, desktop computer ON
semi 3.364 1.467 26.22 27.67
semi 2.825 4.317 28.77 33.07
steady | 2.82 8.25 33.95 42.18
semi 2.334 1.067 45.18 46.23
semi 2.434 1.383 46.55 4792 | <= At 50.3s, lamp ON
semi 2.928 2.133 56.15 58.27
semi 3.115 1.817 61.75 63.55
semi 3.143 2.067 63.62 65.67
semi 3.122 1.183 66.15 67.32
semi 3.107 1.75 84.78 86.52
semi 3.096 1.083 89.73 90.8
semi 3.007 2.95 91.55 94.48 | <= At 95.6s, portable fan ON
semi 3.85 2.25 96.67 98.9
semi 3.801 1.2 98.95 100.1
semi 3.805 2.883 100.2 103.1
steady | 4.223 8.617 104.8 113.4
semi 4.091 4.567 113.5 118.1 | <= At 113.3s, projector ON
semi 4,512 3.883 118.1 122.0
semi 4,978 2.033 122.0 124.0
steady | 5.521 45.28 124.0 169.3
steady | 4.963 | 6.867 169.3 176.1
steady | 5.183 14.3 177.4 191.7
semi 5.183 1.317 191.7 193.0
semi 5.207 1.267 193.5 194.8
semi 5.169 3.567 194.8 198.4
steady | 5.13 5.35 198.5 203.8
semi 5.649 1.183 203.8 205.0
semi 5.051 1.383 205.0 206.4
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Table 8.3 continued

semi 4.998 2.2 206.5 208.7

semi 3.209 1.517 208.7 210.2
steady | 3.058 8.083 210.3 218.4
steady | 3.012 36.68 218.4 255.1
steady | 2.459 13.27 2%.1 268.3
steady | 2.424 | 9.983 268.4 278.4

semi 2.389 2.467 278.4 280.9

semi 14.31 1.533 281.0 282.5
steady | 19.46 60.08 282.7 342.7
steady | 2.482 14.65 342.8 357.4
steady | 2.176 6.433 357.4 363.8
steady | 2.265 6.817 363.9 370.7
steady | 2.255 | 6.733 371.0 377.7
steady | 2.382 14.52 377.8 392.2
steady | 2.473 13.32 392.3 405.6

semi 3.321 3.867 407.5 411.4
steady | 3.284 84 411.4 419.8
steady | 3.651 5.4 419.8 425.2

semi 4.044 1.017 425.2 426.2

semi 4.509 1.4 426.2 427.6
steady | 4.447 6.233 427.7 433.9
steady | 5.208 | 39.27 434.0 473.2
steady | 4.216 | 38.07 473.3 511.3
steady| 2.33 11.33 511.3 522.7

<= At 208.7 s, projector OFF

<= LCD monitor OFF

<= At 255.1 s, lamp OFF

<= At 280.88 s, a microwave ON

<= At 340.72 s, the microwave OF¥
<= At 357.4 s, the fan OFF

<= At 398.9 s, LCD monitor ON
<= At 405.6 s, fan ON

<= At 419.8 s, projector

<= At 473.2S, fan OFF
<= At 511.3S, projector OFF

Another possible extension of the features proposed in Chapter Three is to develop
similar graphical features based or Yfajectories to help to detect ON/OFF events for
PELs disaggregation.

More details on these extensions to study the PEL identification problem is currently

under development and is expected to be reported in the near future.
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APPENDIX A  DATA ACQUISITION S YSTEM AND LAB

ENVIRONMENT

All the tests in this dissertation are based on-veald PH. data collected for this

researchA data acquisitioiDAQ) systendesignedwith help fromDr. Jose A. Restrepo

and builtfor data collectiorrontains the following components:

1)

)

@)

A printed circuit board(PCB) sensors module with current and voltage
sensors which measures the actual voltage and current waveforms of
connected PELs. The measuens of the PCB sensors modudge sent out

as outputs througtwo BNC BayonetNeilli Conelmar) type connectorsand

two cablesone for the voltage waveform and the other one for the current
waveform.

A set of National Instrument(NI) analog/digital data acquisitio(DAQ)
devices to sample the voltage and currents waveforms measured by Bhe PC
sensors module in step (IJhe input channels of the NI DAQ device are
connected to the PCB sensors module through the two BNC cables. The
output channels of the NI DAQ device are connected to computers through
high-speedUSB cables.

A National Instrumat (NI) LabView progranrunning on computers to store

the sampled data in a pdefined format. This LabView program also has the
capability of plotting reatime waveforms inprogrammeduser interfaces

(Uls).
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A.l PCB SENSORSM ODULE

Two figures of the PCB smors modulesiewed from differentangles are shown in
Figure A.1 The desigrdetailsof this PCB sensors modupgesented in this secticare

describedy courtesy of Dr. Jose A. Restrepo.

Figure A1  Two views ofthe portable PCB sensors module

The PCBsensoramodule is contained in a pleglass box for insulation, protection,
and portability. It has one input cable which can be plugged into any 120 V outlet and
one output electrical socket into whicHoad can be pluggedh. This permits data to be
capturedat any location. Also, the module has two BNC outpaihnectors to the NI
DAQ device The left BNC connector provides the voltage waveform and the right one
provides the current waveform.

The PCB circuit schematic is givémthe following figure
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Figure A.2  PCB cicuit schematic

A more detailed PCB dagi schematic is show in the following figure
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Figure A3 PCB design schematic

A list of componentsaippeardelow:
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1 (1) Tamura 3FS328 transformer

1 (2)731000069 BNC connector

1 The rectifier bridge is made with fouraties (1n4007)
1 (1) LEM LA-55P current sensor

1 (1) LEM LV-25P voltage sensor

7 (2) 100 Ohm % W resistors

1 (2) 200 Ohm % W multiturn trimming potentiometer.
7 (1) 18K, 3 W resistor

1 (2) 1000uF/25V radial capacitor

1 (2) 1uF/25V ceramic capacitor

7 (1) LM7805 (1A positie regulator)

7 (1) LM7905 (1A negative regulator)

1 (2) TERMINAL BLOCK 3.5MM 3POS PCB.

Note that the wirghrough the current sensor ha# loopsor turnsto increase the

conversion ratio.

A.2 BNC CONNECTOR AND CABLE

The PCB sensors module and the NI DAQ dewae connected through BNC

connectors and cables, as shown in the following figure.
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Figure A4  BNC connectors and cables

A.3 NI DAQDEVICE

Two different sets of NI DAQ devices have been used for data collectitime éarly
stage of this research,set of NI SCXt1000 DAQ systenwas used, whickonsists of
the following three components:

(1) NI SCXI-1000: compact-4lot AC-powered chassis
(2) NI SCXI-1305: 8 channel AC/DC coupling BNC terminal block

(3) NI SCXI-1141: 8 channel elliptic lovpass filter

The NI SCXI1000 DAQ systenis shown in the following figure.

Figure A5 NI SCXI-1000 DAQ system
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Some of the targeRELsare large in size and weight, such as household refrigerators
and TVs over 40 inche#t. turned out thatile NI SCX11000 DAQ systerwas physically
too large and too heavip be carried to differenest sites. Therefore, aobile DAQ
system(see Figure A.§)the NI USB6008 DAQ system was acquirefbr convenience

and mobility
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Figure A6 NIUSB-6008 DAQ system

The NI USB6008 DAQ system has 13t accuracy with8 analog inp& and 2
analog oytuts, an interface ofl2 digital I/O slots is powered by a USB cable from
computers ands compatible with LabView. This USB DAQ device suppostagle
channel(at 10000 samples per secora) multiple (upto 8) channelsof sequential
sampling, where each channel is sampled at 1250 samples per second. For example, for
this dissertationtwo channels (current and voltage waveforms) are used and thus each

chamel has a max sampling rate 5000 samplesspeond The actualtime difference
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between sampling of the two channels not given by NI but is suggested to be

negligible.

A4 LABVIEW PROGRAM

A program was written in the NI LabViewsoftware (version Professional 8.3p
configure and acquire current and voltage measurements from the P@Bsseosiule.
The following figureshows the block diagram of the LabView program written for such
purposes. The sampling frequencyckosen as30.72k-Hz and the data is saved to

multiple files on the computer.

Write Ta
DA Assiskant Measurement
data ¢ Filez

— Tt Signals
S

=
Current Em
A
Ll )

=

Figure A7  Block diagram of the LabView data acquisit program.

There are usually two stages to sample the waveform. First the current and voltage
are sampled for one minute to record the transition when the load is turned on. Then, after
fifteen minutes, the current and voltage are sampled again fomomde to record the

dynamic changes affected by any thermal or other issues.
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A.5 CALIBRATION

The calibration of this entire DAQ system waalidatedby connecting the PCB
sensor module to the utility. The voltage output channel coming from the PCB sensor
modue through the Lab¥w system on a computer was compared with a direct
measurement of this same output voltage usifigekironix differential voltage probe.
Results agree well.

The supplying voltage in calibration was providedagalibratedFLUKE 177 Trie
RMS multimeter whichhas arerrorof less that 1%the offset of the current sensaras
measured asl1mvwith a maximum output capaci#/V; the offset of the voltage sensor
was measured aémvwith a maximum output capaci® V. The final measuring szle
of sensitivityis 1 V in the output for 5 A in the input of the current sensor, and 1 V in the

output for 50 V in the input of the voltage sensor.

A.6 HARMONICS IN THE SUPPLY VOLTAGE

The 120 V ac utility power source in thab testing environment contaimsise and

distortion,as shown in the following figure

Voltage (V)
T
1

30
Time (ms)

Figure A.8  Ultility single phaseoltage waveform in the Lab
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Figure A.8 shows that the singihase voltage supplied by utilities is not pure
sinusoidal and notable distortion can be observed in the volageform. Therefore, it
is necessary to verify that the harmonic distortion in the utility supply voltage is within a
certain limit defined by utility standards (e.g., IEEE standEt@8 124)).

A measurement of this voltage wavefomithout any load connectednd using a
YokogawaWT1600 digital power meterevealed thathe total background harmonic

distortion (THD) is around 3.13%, as shown in the following figure.

Uover:m m m = m  Spd:im PLL Src: U1 YORKOGAWA 4
JIover' m m m m m Trq:m Display
sseseene U 1 LISt  sesesewse sewsesese U 1 LiSt  sesscsesgd Format
Or. urvl Hdf[:21 Or. urvl Hdf [:21
PLL ui 119.24 dc Numeric
Freq Error 1 119.19 99.95 2 0.91 0.01
3 Z2.61 Z2.19 4 6.01 9.81 4 Item Amount
u1 119.24 V 5 1.28 1.07 b 0.91 0.01
I1 a.0004 A 7 a.99 6.83 8 6.01 8.861 [ Single List
P1 -0.82 W 9 9.93 0.78 16 0.92 8.01
51 .82 Va 11 1.00 0.84 12 0.91 0.01 4
01 -0.80 var 13 1.12 0.94 14 0.93 8.62 | List Items
Al -0.9714 15 0.60 0.50 16 0.02 0.02
@l 193.75 ° 1?7 a.98 8.76 18 0.02 8.01
Uthdi 3.13 = 19 9.42 8.35 26 F Order
Ithd1l 92 .44 21 22
Pthdl 2.17 = 23 24 Total
Uthf1 1.79 25 Z2b
Ithf1 66.17 27 28
utif1 62.14 29 30
Itifl1 —0 F— 3 32
hufil 1.48 33 34
hcfil 38.19 = 35 36
F1 119.19 v 3?7 38 Page Up
F2 - — 39 40 scroll Exec
F3 - 41 42
F4 -—- 43 44
1 -ug——-- 45 46 Page Doun
Scroll Exec
Waiting 4882 Trend 4] 20100426 14:31:22

Figure A9  Total harmonic distortion in voltage

The harmonic spectrum of the distorted utitypplied voltage waveform is shown in
Figure A.10, in which the verticaxis is of logarithm scale to better show harmonics

with small magnitudes.
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. order+: ?. order

Upuer:m = m m m Spd:m PLL Src: u1 YOKOGAWA 4
Iover: s m = m = Tri:m [ Display
Bor U 1 1. 000KV (103 Scal T - 1 ) ) 4 Format
: I # S 8.99 V
LYk 1.0 V Bar
B b4 A 9.60 U
«x: 11 M Bar Format

....... e Bl g[S Tart Order
: : : : : : i : @ End Order
. . . . . . . . 11
fu : : : :

Waiting 4968 Trend [£]

20100426 14:32:37)

Single

\PBar Item No.

1

[{  Function

u

1 Element

Element 1

Figure A.10 Harmonic spectrum of the distorted ac utigtypplied voltage waveform

The following table summarizdsigures A.9 and A.1@nd verifies that the harmonic

distortion in utilitysupply voltage in the lab meets IEEE standards.

Table A1  Harmonics in utility single phase voltage in the lab

Harmonic | Harmonic magnitude | Harmonic compareq Harmonic compared to
order V) to RMS (%) fundamenta(%)
1st 119.19 99.95 100
3rd 2.61 2.19 2.19
5th 1.28 1.07 1.07
7th 0.99 0.83 0.83
Oth 0.93 0.78 0.78
11th 1.00 0.84 0.84
13th 1.12 0.94 0.94
15th 0.60 0.50 0.50
17th 0.90 0.76 0.75
19th 0.42 0.35 0.35
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APPENDIXB  MAPPING OF REPRESENTATIVE V -
TRAJECTORIES TO BINARY CELL GRIDS

A set ofV-I trajectoriesof 42 rgresentative PELEom thedatabaseollected by the
DAQ system presented in Appendixahd their mapped cell grids using the proposed

algorithmin Chapter Threare shown in this section.

Table B.1  42representative M trajectories mapped to binary cell grids

Number PEL V-1 Trajectory Mapped Binary Cell Grid

V-l trajectory
. T 'v

it

1 Space Heater

Normalized Current

04 0.2 0 02
Normalized Vokage

V-l trajectory

2 Bread toaster

Nomalized Current

54 02 0 02
Normalized Voltage

V-l trajectory

3 CoffeeMaker

Nomalized Current

4 02 ¢ 02
Nomalized Vokage
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Table B.1 continued

SpaceHeater

2

V-l trajectory

o
)

Normalized Current
o

&

05 0 05
Normalized Voltage

ESKCaffeeMASE 5 lip s\HO7B1 27 B1COfleeMaker_Philips_1400W_HD761278_Ac
T T T .

SpaceHeater

3

V-l trajectory

Normalized Current

05 0 05
Normalized Voltage

TT4B0ERD _Kitchenia_G0DW_IKT T4B0ERD,

SpaceHeater

4

V-l trajectory

Normalized Current
°

0.5 0
Normalized Voltage

1aceHeatertNawaif Y OAAHADMS pacaHeatar_Ne

ADOW_NY OA-AH-400_Me

9 Inch

Portable Fan

V-l trajectory

-

Normalized Current

35 04 02 92 04 08 08

Normalized Vokage

:_Emerson_ tom

32 InchTower

Fan

V-l trajectory

Normalized Current

s

Normaiized Vokage

Portable_Fan\32inch_Tower_fan\Fan_32TowerFan_lowSieady. vm
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Table B.l1continued

V-l trajectory

KERZ L8 morel7 1L\Fridge_Kenmore_SemiAutoDefrost_7 1Litre_Activel t

\
8- -
2 oA
Portable
9 R
Refrigerator 2
o
t 0€ 04 02 02 04 06 08
Normalized Vokage
V-l trajectory
o8 e
08 /
x 04
3
S0
10 Mi I 1
iIcrowave g..
£o
Z 04
08
08
. 74’.H u[’—ru.-i -0.2 [] 02 04 08 08 1
Normalized Vokage
V-l trajecto ry Portable_Fan\Patton_HY_far\F an_HvFan_medSteady. vm
£ 05
5
9]
o
0
11 PortableFan
£
S
Z 05
] — i
4 05 0 05
Normalized Voltage £ Ll 15 ]
e FigHachine P WA W endingWiachine_Peps,_na_10A ending! 1
V-I trajectory 3 - —
0s = ; |
Vending f.
12 i
T i3
. £ oot il
Machine
9 i
Ty B T T T
Nomalized Vokage
V-l trajectory Portable_Faninch faniFan Sinch_highSteady hm
€ 04
Space Heate
13 ] -
5 -
05 06 94 02 0 02 04 06 08
Normalized Vokage
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Table B.1 continued

V-| trajectory

MIKESKFarlLskewaodiWC2000VF an_Lakewood_BoxF an_WC2000_Active2 txt

0 y
08 - £
g0
5 02 e
=
14 Portable Fa i
£
Z 04
Y| -
95 04 02 0 02 04 06 1
Normaiized Vokage
V- trajectory S AKEBkShredden M MAITShredder_Mirl_na_na_Acivet txt
- 04 ;
§ 7
5 02
o
-
15 Shredder
£
Z 04
T T
Normalized Voltage
’ le trajecto'ry —— Callphons\LGAcallohons_LG_charging_steady. vm
08| fv‘ ;
08 ‘ |
% I
3
S ‘
16 DVD Player i \
Y ol ]
2.0
Qs
asfl !
08|ty
i
08 06 04 02 02 04 06 08
Normaiized Vokage
VA trajectory Desktop\DelDesktop_Dell_steady.hm
1
. ]
. i
§ 04 H
§ 02 i
17 Cellphone i -
p ol
E 02pf
2 |
Qe
as il |
08t
i
58 06 04 02 0 0z 04 08 08 1
Normalized Vokage
V-l trajectory DVD_PlayerToshiba\Toshiba_4990\DVDplayer_Toshiba4390_steady. hm
¥ T T
o8 ! |
08
w 04
Laptop
18 i
é 02
5
Computer
28 1
ast
|
i i
08 06 04 02 92 04 06 08 1

Nommalized Vokage
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Table B1 continued

V-l trajectory

LCD_MoritorDelhLCDMonitor_DellE22_steady

[E:] §
I
08} )
£ 04 |
Lapto g |
ptop e
S |
19 i -
g2 5
Computer 2 2 04 :
08 o
08
= 08 0 6 04 02 0 h..‘ 04 08 08
Normalized Vokage 5 10 15 20 P
V-l trajectory LaptopidacAinLaptop_Maciir_charged_steady hm
1 T
08
06
£ 04
4
S0 ]
3 | — o - o
20 DVD Player2 i =
# 42 ]
5
Z 04
06
) ]
1‘3 08 04 02 02 04 HIU 08 1
Normalized Vokage
. V-l trajectory Celphone\Samsungiceliphane_Ssmsung_charging_steady. hm
08
08
£ 04 1
Desk : ‘
eskto £ 0 ‘
2 j
2 ]
21 i : = -
g oaffd Il
5 |
Computer
08| il
08
55 08 04 07 0 07 04 06 08 1
Normalized Vokage
V-l trajectory
M
08 ‘1 1
o6
= [
5 osf f
S | I
3 02 i
=
3 . . 3
] - = = it
22 LED TV i
E U,l‘ f
2
04}
l
il
\. 0 06 04 0. ] 02 04 ) 6 08
Normalized VoRage
VA trajectory Set_Top_Bos\ComeasSTB_Comcast_steady hm
1 T 0
T
o8 I
06 ‘1 3
% 04
2 10
3
- 3
23 LCD Monitor ]
s
£ 15
5
2
06+
| pil
08
]
g 08 EAD 04 H‘f 02 04 06 08 1 25

Normalized Vokage
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Table B.1 continued

V-l trajectory

LagtopiThinkpadTS{(HLaptop_ThinkpadT510_charged_steady.hm

1
I\
1
s = 1]
24 Cellphone2 g ' ‘
|
5
"“ 08 06 54 02 0 02 04 06 0 ]
Normalized Vokage
V-l trajectory
Jet
I
06 f “E
|
25 Cellphone3
88 04 02 02 04 06 08
Normalized Votage
V-l trajectory
1 - s s T
08 i
08 | !
i
ERE
|
26 SetTop Box 1.
o8 " “'
aa
i i
08 —J‘t -04 02 0 02 04 08 08
Normalized Votage
V-I trajectory .
DVD_PlayenSony\DWP_SR200PADVDplayer_SonySingleDisk _steady.hm
| o
05
i. |
2 i/
27 DVD Player3 i e
s T
Z
s f
08 06 04 02 o 02 04 06 08
Nomalized Voltage § 10 1% 2 F-1

28

SetTop Box2
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