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Chapter 1 I ntroduction

1. Research Background

Gl obal ed cercs uw mpcti it oyn has been i ncreasi
commerci al , and industrial sectors aroun
of electricity worldwide, ranging from 7:

in 2021. The gemptiadtntirenidnaodifc &xtoemd by t he

steady increase except for the year 2020
compared to al/l previous years. The slig
Covl1d. Both persomalti amdi esmmar ecniaamly coun

interrupted during those years resulting

Net consumption of electricity worldwide in select years from 1980
to 2021(in billion kilowatt hours)

30000
25800

25000

4 20459 20858 21279 2187

1980
20000

15000

10000 7353

Billion kilowatt hours

5000

1980 1990 2000 2010 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Year

Fi glTihh.e el ectricity conspgmption from

The continuous increase may 2l dacke rted oa e:
i's essential to bridge any dém®drOdh eamnwd ys u |
to expand the geneamadidinst tirp®d M yewetren

there are difficulties in building new pc
(1t)he availability of suitable sites, an
providing 6way |l eaved for transmission
environment al pb5pt éihtei ocno npceelpitc ioefs demand
(DSM) i s sugtge salelde maisatae wagwer shortage a
gap since it encourages customers to amer



and enables energy suppliers to minimize
| oad pr7rpopf8he benefit of MDSIMhdhwust bpi@mn ged!
countries such as Chimat,hewhbeuriel ditn gh aisn douese
The total electricity consumption within
k Wh , with the construction of | arge pub
electricity consumptiononnofthetfenduser D
public building constr-dO0t% of edrmcefrfiect.iy
wasted and also i mprove power [tTGnsfor mal

When DSM is applied in the residential
comparable to the industri al sdg diteo rp,o0welre
of each is |l ow, which means that it is m
through the same type of DSM application
i mprove DSM efficiency and femagibndiviydu:

| oad operational characteristics and pow
aggregated contr ol of | oad cluster cou
managemé¢ndtl ,t @@t ool which would require a
residentieverl,oaidn &omwesi denti al home, t h¢
can easily be over a dozen, and the oper
appliances are always operating in paral/l
to diftedeepowatreconsumption of individual

ti mels3,, DT4h]lis tracking only monitors the
custrome thin a period ltbHTfougbtaner ghemdat
residenti al DS M, new residenti al l oad m

proposed.

1. Residenti al Load Monitoring Methods

I n residenti al |l oad monitoring, t wo n
monitoring. The direct approach invol ves
to the appliance, the sensors are embeddi
of dl ommonitoring. The indirect approach a

el ectric par amet erress i fdle amwai ngdlo i tinlgpermeé nd eod uac e s

appliances have operated anfdiag,hellfile ilnat tve



i's a computational techni que baismetdr ysuirved

way of | oaf[dl8nonliGjoring

1.2.1 I ntrugiwayl oad monitorin
I ntrusive monitoring installs sensors
appliance operation status and power co

directly measuring and recording the usa

i ntrusi ver mag.

Intrusive monitoring method
Electrical
supply entry | -
point
Sensor Sensor Sensor Sensor
- IR
Fi g2Sic.chematic diagram of intrusive
Due to the different data needed, mu | t

Drenk2er$ es power sensors to monitor house
provides power mela’dzluyegnendrss oransgdetkeltloy mo
current, phase angle, active and reacti ve

i ntrusive monitoring system bagnhiaghoacci

is high, and it i s chdildtemigh wntged omead warbdr
i n actuall2.2grFaiattihea , the installation an
i nconvenience for customer s. Il ntrusi ve |
wi despread residenti al | oad moniptooweirng,

consumpfltiamcapp
1.2.2intNosive | oad monitoring (NILM)

Al l househdlnk sy acncrsect ed i n paral/l
supply ptiimth means switching ON and OFF



current, power, anf281iheheceétleect.i cNclpLaW a sne

can monitor household appliances' bpperat
anal tdiese el ectric parameters. Compared
mul tiple sensor s, NI'LM uses a single sen.
a household appliance monitored using NI |

sensor  Non-intrusive monitoring method

Electrical
supply entry (-
point

Fi g3Slc.chemat i c diiangtrrauns iovfe nmoonni t or i ng

The technique of NI'LM rwesi ddamrtsitéd lya pgpple
Half24h the 1980s. Data of th@) twasalmeaaddury
and collected at theomkbeTHe icBhalngesp pley ep
anal ysa@& dpnmreadp i Nt o a power feature space t
responsi ble for the change. Since then,
el ectric paramet ansl parsadsecsesmmige xt od aitnapr o v
accufrasly

Ref er[e2nécheowed how weighted i mages gene
Currelnt qwrves were used asrahponeéet Wwor k a( C
identify the working current of vari ous
public datasets (PLAI D and WHIZT@ARMRR 8yvas a
used Active Deep Learning (ADL) and Disci
and identify applianceaf kealteucrtersi cfarl,o ns utphpe
achieving an accuracy of above 90% thr ouc
[ 29]a combination ofNeGwoneka(GAd) Adwndr CaNI
denoise the current datatfled®caxtircadt stulpe
which resulted in a monitor] 3@f ialcicauegph cay C

neur al net wor k t hat -nceotnwboirnke dwiat hr eag r ®lsa9 &



net wor k based on the power data and st
di saggregate t hthedhiexcad ipcoawe s iudpatl &fy3plori enft e r
proposetiloacbrmeehod and a greedy met hod 1
daattheel ectrical nswpphy poidntvi dual applian

Al t hough monitoring accuracy has i mpro

the NILM application. -] BBasthe omhi rrsetf elr iemic

monitoring takes a | ong td mgatdaepn®c epInp
efficiency of identifying and monitoring
switching events occur, anot her applianc
processing period and affect tmhe atioal it

related to the design of the feature ext
used to train and construct correspondin
|l ead to fault monitoring if iinmipmg oand a
constructing process. The third Iimitatdi

with the similar electric features.
13 Moti vati on

Power shortage has become a serious proc

cannot beolrelsplbedenl|l arging-st e pmaweamg e sme
( DS M) utilizes monitoring and control t e
systems and manage power distribution, m
chall enge. D SvMe rcaaln gaocahlise,v esusceh as provi di
energy efficiency information, il lustratd.i
efficiency, and gui di ng -stahveinm g ometaaskuer ecso.r r
suppliers, DSWe camarhtel @r ii dnpirmpl|l ement ati o
shortages, ensure power grid stability, I
the composition of electric energy consu
power .

Therefore, mornesamhdmoregupaki ons encol
energy efficiency directive allows every
power management, either alo®2]Fourr tbhye rangogr
i n t he Uk, Scottish Powkf Cosprgatthsei w
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mpanies and mar ket i nstitut-sbde pawer
nagement . I n 2013, power transmission
xiliary service dd rtelcta | yye tftrloemen tt hme ah ¢

ad mana3ge manthfed Ber al energy relBBERG@Y ory
sued Act No. 841, which provided that t
n participate in the powle?3.7pGhrikneat, tihnr o2
ecified det ai |l-edder upewerf oma ndenmnamed t (
ckground, principles anidmmplbg reefrn3ti8ajteiso ro f
16, the plan for electric industry dev
gni ficance off 3@dwer2tmanagemengover nment
wer semdae&ndnanagement . Tpheer apg rn @t iicse boefn e
vironment al protection, green power ,
newabl e energy enriched by the devel opl

&t ed company i ssued the powemgtrleen apowe

nagement regul ations, furoinhewergi ¥y sitge n
i ag-i0Ni ty

As rul eaegiemgc BM devel opment become mor
cus more on DSM, it will event (Jalllly be
wever, any | oad managementunsyestsedmnmdu sntg
di vi dual appliancesd running character
king |l oad monitoring technology increa:
re attention for two reasons: | @aym&htM |

nce -itrhter lnsoinve approach only requires t|
ta to be analysed at the electrical su|
nning condition of each appl inaendc emowiet h |
onomically. To wi del yt iaaplgpd y mdNn iLtMo riim g
aknesses in accuracy, practicability a
me of the common wehpkonpPposas sofonNhloM &«

e m:



Faul tiyt omoinng results are always caused
features to train and conshker ukblt at ber &d Yy

effective appliance features must be sc¢
met hod desigwalito feadateresutoinl oad i de
The computation process of NILM is too
ti me for monitoring. Anot her applianc
monitoring and reegligiblT@isndencehae 1id
reduce the response time of NILM, mi ni |
simplify the calculation process of exi
, The accuriarctyr wsfi vneonmoni toring is signif
in the monitoring of appliances wi t h
monitoring accuracy, a cembcthnmatc ompplfi
f eatcuarnesbe used in the monitoring proce

Most NILM model s adaet aseesttse,d whsiicnhg aprueb | n
residenti al power environments, and th
increase the credibility of testing, p
test NILM model s

1. 4 Aims and Research Objectives
This thesis i nvestigat eisnttrhuesi pet emettihac
monitoring electric consumption in resic
Ssystem. The aim is to improve the monit
response nthiammec,e arhde eracticability of NI |
settings. Here are four main objectives:
, The first objective is to offer an updese
identificati on, as previous Iresearebt e
electric features for model construct.i

comparison of comprehensive features wi
valid in NILM, which wil|l hel p opti miz

makihneg moni t oring process more accurate



The second objective is to reduce the c
time of NILM. The disparate and vari at

and off events are more valiaadbBg dahan

separating and Il denti fying only the d
computation process of NILM wild.l be mu
time is reduced. Furthermore, the separ

and aweprt o further reduce NILM response

The third objective is to improve moni
similar in many different appliances,
optimize and train the identification |
wi || i ctawisteabflayul ty i dentification and
Combithhengappl i ancei notpoe rtalte ommo mpiattareirmg ¢
i ssue and | argely improve the monitorin
The fourth objective is to toof fehecak ctoh

practical application of NILM. Althougt

be used to test monitoring methods, t h
computer progr am, which i1idealizes or C
act uaaclt ipcral applications. Testing the pr

from an actualndesheéempoiwalr kKamea from p
will provide more genuine results and a

application of NI LM.
1.®riginal Contribution of the Thesis

This thesis makes sever al original con

ith techniques used to achieve the rese:

Original CGCmaptibdbut3 onodducts a systemat
of appliance features to select the mos
and analysing features from frequently
effective ones ar @ heeIndcetaetdutrieiss ameée €ic $

actual measuring, which is used for the



researchers who did not carry out appl
equal i mportance on boamd appdelanest dela
This reduces the faulty monitoring resu
features.

Original Cehmtapiteutsi é&dn azlrxd 5 propose a
short response ti meoanpd erxed wec €d aqghderap yida
Heuristic method isfomprhfawswded,dewlicdh ons
switchi.Tbsepaemetdilnadd t he current data bei
the switching event i s tdesiugimead easrsdriym
of reduplicative andni €ChatpiiehbKSN dmad del

recons
3. Thi

tructed and trained based on the

s reduces the storageespatses séquci

as welhle a@sata process progr am.

Origin
resul t
probl e
BPNN i
patter
resear
only wu
approa

the co

Origin
bot h o
of flin
reside
onl ine
homes
anot he
the pr
met hod

al C&€haptbut boprd®poses a correct]
s to consider appliance operatio
m of appl i ancpei neg eicrt rtilce freariutr ersi

trainedelwadthr iap pfl @ atnicree 1 otho  f i t
, which is used as a reference

s
n
ch, this correctiowmrady.,ataemgd timpr
s
c

ed as an offline technology to ¢
h incorporates the better regre:
mpl exity of. the monitoring methooc
al C Cratprtielru t6i otne s4t:s t he proposed
ffline data and online data measu
e test I rweaclovase d3 ddawys safmpped di

ntial environnbenti twhiocfh tphreo vperdo ptoh
test consists of two parts, whic

for a day (24 hours) to test the

r direct applicatiton ttesstl tdcoemeasetli
oposed met hod. Compared with tesH
s that use public datasets and \



compl eted in the computer programj st his
to be carried out under a real and pr a
and can effectively check the .advantage

1. 6hesis Organization

This thesis focuses on NI LsM nbgalsee da popnl ital
A complete framewaftusatoemonhit ®rmnolg system
hif§hequency sampling. The framework incl

identificati on of wor king curr entds of

i dentification results to I mprove monitor
under practical environments to demonstr
as foll ows:

Chapter 2 presents a gener alolouvteirovnise w o
data acquisition and analysis. The metho
their advantages and disadvantages are ¢
presented.

Chapterse3 amdlgompares various parpiiri anc

resefacrc hNI L M, the features with higher i
contents for further research. The sel ec
t he actual residenti al environments.

Chap4 edevel opist cfhaisntg evernftesat de esc tsieqpmar
met hods,t hEi Hewulry stic method is 1Iimproved
detection; when the switching event I's d
appliance is sephratedi theoegbetmet mod:i

Chapter &meprhemsdeinmhpsr ove t he identificatdi

similar el ectrikicradtaleypréhr aat erhiestfircesquency

di fferent appliance wor ki ng scfuerrrreendt sf,r otnh
time domain to the frequency domain to ic
met hTode KNN model i's reconsthomet applainan a.
have dsiwf empbmtbgabi | i ti eNNiisn tar ad anye.d , A bBaF e
running period and times of known applia
these appliances. The operation pattern

10



di st

r i buatpipd naaodb ethhee i dent i fi cation resul't

t hsewi tching probability.

Chapter 6 is the application of the pr
houses are monitored, the power consumpt
runniaghoappepli ance is tracked.

Chapter 7 draws conclusions and provi d:¢

17 Publication

Sheng Wu and-i Kt Ludiovéd Nmani toring algor
with similar electrical characteristic, o
10.3390/pr8111385, 2020.

Sheng Wu and Liya VLi u,RieRseisdeeanrtcihal onL o e
Establishment of Feature Library, 606 in 2(
and Energy System Integration (EI 2), DOI
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Chapter 2 Lit erMettuhroed oR eovgipetw tiasnNdo B

Load Monitoring

2.1 I ntroducti on

This chapter conducts a | iteratturuesivev
moni toring for residenti al appliances. F
Section 2.2 whissh itmv alc\qeaid rtewd hte i ntegr a

data at the power seuptphe oetnttaiyn epdoidhat;a tfoc
appliances running states and power cons
common data acqufiosri tNIloLnM naerteh oidmturecccwyc esda:m
and flroequency sampl e. alnnail @pgrcotcieosns 2i.s4,i ntthr
which consists of the following three s
switched appliance feature separation,

advantages and disadvantages odr et htehedn f

compared. Il n Section 2.5, the proposed m¢
2.2 Ov e rivniterw soifveNolnoad Moni toring Res
The purpose of NI'LM is to obtain runni
i ndi vidual appl i and east ftrhoen e lheec tdraitcai tcyo | sl u

power (theepowtri oft)y aeu@mmlyy speicntf i ¢ t i m
the running states and corresponding pow

powedat time t caasn: be expressed

06 B & 0620 o (2.1)
Ois the number of runoregreaepphitantése al
appl idaantc etdi¢me® p (the appliance iso,Junnin
ot hercwidsar,0 6is the powedatofdDiapgghicearcer e,
processing the obtained data attheetpopwe!
of apaplhireamd&ea,tcle atdi mehe running states and

of every appliances can be monitored. Fig

12



«| 1. Data Acquiring Residen

Monitoring home
. Sensor
_ ’_wl ’_\I --;I_)I
R

-2

Current Amplitude/A

§ —F

0
00 so%icf 10%107 156107 202107 25x107

Sampled point/N
Detecting appliance
switching event
Separating the
appliance feature
Identifying the
appliance type

@ Output

Input

»

2. Data Analyzing

3. Mornitoring Result

Power consumption Running Time

e 0.8kWh 15 minutes

3.1kWh 25 minutes

Gurrent Amplitude/A

e 4.7 kWh 17 minutes

20
oo 50x0F  1.0x107 15«07 20«107  25x107
Sampled point/N

Fi glThe general monitoring proce:

As shoFwng .i2n 1, the electric data is fi.
: t |
detecting, separatingtaedtiygentbiheywippdvesan

poi nt by the monitoring sensor. Next

O f or epalcihanacpe and th@&ir RBRippal lhaheeld gpead o

appl itéhbe@am@val ues, the power consumpti on
appliance are monitored.

Thi s data acquisition i s essential t o
parameters <collected, and the acquired ¢
appliance features. Wit hout accurate and

analysis becomes meaningless due tes.dat a
For data anal ysitshsewa s ddeft cevgrs i ibrh eFisg .a2 .t 1
moni t,ovhiimfpf ect s the sensiThei degt aé siomom i t

13



affebesval,ue ah appliance was switched a
det ectaemp!| itchrdcswi Islt alh eTheetsegpsarhti on met ho
integrity of tthlee ageddraantceed ffeemdtuuregs i s
identificwedbomalamud mebomenflTi ficati on me t
accuracy of monitoring. Thus, any errors
affect t hreesiointiat otryipneg of a@poefl i amrlei, an e, p:
runningobtappl iToncenprove the monitoring
use more sophistmevbheds aadh asivamcedoweyv
anal ysiesmapyr oncoets sbhe feasapplki daei ooki e NI

computing poa&edNI bM, 0d) significant i ncr e
monitoring. Therefore, a better monitori
aspects of detecting, separating and id

computation powerapbpd mooutatiengn
Lastl vy, it i's important to ensure the
consumptions and running periods are as

margins are not too | arge.

2. 3 Met hodol ogy of MoeswitlaMomg Househc

intr 8gsvem

During the monitoring process of a hou
accuracy and the computation complexity
acquisition, appliance switching detecti
appl i a@&ndaeaetntphfei cfaotlil oormeihmad | s esautmnmanrd ze and

advantages and disadvantages of these f ol
2.3.1 Data Acquisition

At the power supply entry point of any
active power prodvereax@atin be directly meas:
ot her electreotchapnfameqeescy components i
current har moni c waves, t he apparent e
mi croscopic value changes in voltage and

be derived and cal cawdrartendt ,f rwan ttahgee naenads u

14



corresponding parameters wil/l inevitably
cal cul ation, which may affect the accur ac
and power are themethere mdesd ismuiNlalbbMe gpsar
data can be acquired directly at | ow and

For flroewwuency NILM, the sample frequenc
60Hz. This simplifi ensakt mg héaredwlaartea itnrvaen
storage more convenreiqeuretn.c yHsvwempdri,ngl oaw NI
chall enging due to sever al reasons. Firs
i's instantaneous, | ow fea edqautean cd/u rsiamp | ti magr
[ 42] Secondl vy, noise from unknown appli a
fluctuations can distort the acquired da
di stinguish between real data andnadi st or
have serious overlapping when sampled at
the electric parameters [madh[dbied huonng utahr aatn t
al though power data i s acquiredehtr omown
frequency sample devices, the obtained d:¢
from each differ en2t0 % ervaitcee oafl wearyrso rh,a swha c
errors in subsequent data analysis.

As fofrréaggéncy NeELMregbensgmpbk usually
Hz or-Hmegahe obtained data is more refin
t hoebt aii mfealr mati on i s abundant and various

from tthreedquegmcy samptespdatiangttéevicce usu
cost and requires a speciall 4®ésvhgne Tinie
researchers -cdesi glmeée & @acbowsition system
Measure Once). The system uses current t|
a nmomtrusive way. The accuracy and resol u
vari ous | oad mo ni tmo rdiw gt or e luW.r edm@hare f €&r
intelligent dtiigdin adn g oaveal yassmeugesg | @€C d @ m imt
Power Meter) was designdd etguenuwcpyp aratt amuwlc
The hardware requirements anfdr eqpwdarmnscyrhl I

Comparingrelgeehowrangdehcghsampling met

the for mer met hod i s more suitable for |

15



system noise and the running of applianc
choice ampeini dihhee running I s more random &
t hesi s f oc ufsreesqweln cyhes aamplhi ng met hod.

2.3.2 Switching Event Detection

After the electric parameters (current
point ad ewistatmphiegh or | ow frequenci es, t
di scret edfé&yghE Bncewldetraear e the correspondi
each sampled data. As shown in Fig. 2.2,

s a mpd aetda .

X574 is the running | x 683 Xg9o=6.74
status change point

5] Xiop=1:64 Xy0y=1.64 X;0=1.64

The value of the sampled data/A

i T % T % T Yy T v T
0 200 400 600 800 1000
The sample point/N

Fi g2tzh.e s a nmrpnt saglencewith 1000 sample points

As seen from Fig. 2.2, the sampled dat:
when the running status of appbidnces is
anad are the same. This suggests that mos:

only the data surrounding the switching ¢
knowing the appliaarce camrftiusmicrngantglee pap m
operbefone disaggregati ng [o4 ¢ cdoemet iefsysienngt
in decreasing the response time and c¢omy

main objectiveverdt tdet escwtiitocrhiing lence to

16



ap
ac
fi

N |

i n

pliance runningnadthass bbdhestiedadged i on
hieved in two ways: firstly, by judgin
xed period, andhesentuotnadtliyo n bpyo idnett efcrtao nm gt

2.3.2.1 Ségqgdénmpi Dat §

Heuri sti ¢48¢tebeimain method for judgin
L M. First, an observation period is o

cl asdamgl ed da&t sa.amfjéxtdd, daha in the obse

dat a&IFER . Finally, the differ@hce betw

an
t h
cCo
| f
p e
s h
po
ob
Pe

ev

d mini®Unmvidtaltian one data set is used 1t
e change amount i's |esst hihsano bas ea e/ratt a i
nsidered as a stable region, which indi
the chaggeabampbpumthansthe threshol d, t
riod is defined as the change area, wh
ows an example in which t@eprmesmtmprie de
i nts, with foadwr. odhse rcv@EstniganBdppedé ovre esna c h

servation period is 5.49, 0.2, 0.09 anc

riod 4 is significant, so they are ide

ent has occurred.

Period 1 Period 2 Period 3 Period 4
Xlmax =785 | [X| gy =253 | [Xlpgy =262, x| =259
Xl =236 | |X]

-
o

=2.33 lemin =2.71 |X|min =1.09

min min

(-]

o

EN

N

o

The value of the sampled data/A
N

b & A

. . } . . : . . | T .
0 1x108 2x10°8 3x10° 4x10° 5x10° 6x10°
The sample point/N

Fi g3H2.ur i stic detection process

17



The principle of Heuristic d[e4,&]cstoi am ei
response time of a switchtiinnge.e vHeove vdeert,e ctt
two disadvantages when it iteeauxiBagydimei n NI L
meter is required during the observation period. However, the coordination between
the auxiliary timemeter and the data acquisition device is unsatisfactdnch can
lead to an increase in the complexitytbé hardware and monitoring press. The
second disadvantage is the limited ability to detect the switching event of small power

appliances with negligibld at a change. The inability to
these small power appliances dedreecdad @an |
met hod.

2.3.2.2 Detecting Mutation Dat a

The cumul ati veg 49 (| OWYSUM)kel i h@joe r at
commonly wused metahhadosn tpowicdchdtsectn nNd L M. | r
whet her sampled data within an observat.i
each sampled data by calculation to det ec
a higher detecting sensitivity.

ThewUM i s a sequential analysis approac
vary from their mean values based on the

of the samples can be calculated using t|

DQwe - B ® ( 2.
0 O ® 0QmE ( 2).

whee s ¢t seampl ed electric data (such as

curre@dd s the average valputee of @dsiawmpt ke d
€ cumul ati veé¢suamplad dledatfa. The i Biitsi al ¢
taken to be zero; the mutation data i1s ol
cumul ative sum. When applying CUSUM to o
one disadvantagaetial teatedsecurersant , p o

sinusoi dal signals. Al though tOoheOeoafppl i ar

18



sampled data changes and the cumul ati ve
errior st he detection process.

As f drl Rehéfdd]it relies on the change o
to cat bladgptlei kel i hood ratio when the mea
c hangesasbpeeycwoinfdi ci tvad aare overcomes the prol

modi fying Tihne GuhaSWUM.cal cas$ at olohows ocess i s

w ——h g ©8

mh S ©8

Qi'Q ( 2).

Ca C2

whebies Qhampl eQi'dast a;heQddmplodd ammd a;
are the mean values of sGsmpmeldediad att et s
variancse;the threshold. The mutation dat a
QiQval ue. I f the | og lairneetl i enlolotdh ermtti loes dan
the maRiiusn t he mutation point of this se
is that the s@ti sofditfhfriecsunlotl dvhveanl wehe sy st
is a | arge nuniMenrthedo ¥ a laspteolsmad, the aoise may be
detected as a switching event. On the other hand, whan the | isilarge, some
switching events may be missed.

Whil e mutation data can blRc aled wlca teido nbsy
i n d ithe accuerence of switching evertsh e number of such dat a
becomes too huge. Especi-adéguesmnnyg es &mpIMi n
mi nute of the sampled data contthhee msval mui

of i ntelpovat s. I ntelligent al gorithms at
mut ation point is caused by the applianc
Ref er[ebnBclei | ds IR napphrecabantb i my ng i1t with thi
clustering algorithm. 't |l earns to adjus
through i mmedi at e [eXxP]ami e mpe .ovied reefeart e mMc
based on CUSUM is propoBacdedTOptc onmazapti o
i's used instead to Iimprove the robustnes

t hough this helped to r emnohvee nsuonmbee ri rorfe | nec
points is stildl | arge and most o f tthhee m

efficiency of detection is | ow.
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Comparing the CUSUM, LI'R and Heuristi
detection method iys atnhde hlaoswetshe isnh osretnessitt
identifying the switching points of the
i mproved and the observation period meas

Heuri stic detectioni method!| wi ot det aat e

points.
2.3.3 Appliance Feature Separation at
Once the appliance switching events ar

separate -qualeitt wff datglhr es ifdemt itfhye tstaempd p
tymensd cal culate dheThepékbnaet poweor sep
feature or combinati omneprfedeemnrtt utrtees it ditv ic
There are two ways foronmM.eature separati ol
The first way for feature separation
parameters are changed because of a swit
after the switching event are represente
and (QwsH )t wdh sampl ed di scr ettheewsteqhengesveE
represedtendd bhyespect i viefow, andwdhte i eare the

corresponding values of each sampled data

~

@ & hd o FE (2.5)

o) & K Iy FE hd (2.6)
hence the Uhamge wodaadhnidd can be directly s

the difference method,

Y O O O O OGFER © @7
wheda repr etsheentwsar dacthsomgiothg .i nitno ot her w
YO contains features of the switched app
and other parameters.

This principle of feature separation, L

|l esscomsnemi ng. The obtained f&ldadmnrtesi my e

20



massive information. However, one disadyv
data sequence frioan It hien reeri ideditd awa\we g .e sl
point to fix the phase of sampled data s
then the change value between the two sat
authenticity of the data iIis decreased.

The second way for feature extraction
wavelet transfor m, S trans{6gmbpr ent hact
electric features such as the appliance
mean <curyepeakalwerent value and power
extracted features can beapmrsle{da.6 Hoenaesvielry,
i f several appliances are running simul-t
be serioudlsyp]dhet oersedt ant features obt
appliances iamniddonaost t he i nd

Upon comparing the difference method wi
former yields a more comprehensive and
features, resulting in a more unique Si
di fference method. A reference point of

sampled data sequences.

2.3. 4 Appliance Type I dentification

Once the features of switched applianc:e
appliance type aand twherkimeg isdanti fi ed. I T
met hods to do this: graph signal processi

2.3.4.1 |l denti fication Model Based o1

Graph Signal PHho¢easnew (@ERBR) anal ysi s t
and classification. |t prové déspamdencwy,t
or other properties among data el ement s.
with complex structures. I n NILM researc
previously been defined anpdr eas ewmdai gthhtee ds eg

featurnehd,atenrdni ne the maxi mum categories
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suitable for data classification probl en
appropriate models is challenging.

I n GSP, the aggregation of separated |
dat asewhich is expresemBd whetshe¢ hgr aph ofo
gra@h and baomatri x which is the welOght ed
Eachemerntn datasetspondsyL it Tdhree rred dd i on s
bet weemamnuwidee det er mi neda ba@, twhe cehl e nse nir i t

5y Qon —— ( 3.

wheries a scachamoarfeacatnoyr ,t wo el ements i n o
relationship benhweeam @mypmoidesconstructe

exampl e -noofd ea gfroawprh coO netwrauce t ed fr om

S

A13 o A24

Fi gdAGSP example with four nodes

In Fig.2.4, the thickness of the edges
nod¥BYRYanWdenote a set of classification
| abel, and if the dif fwan&hs esWal fcoatsu rdeg
piecewise smooth r eYoattipwda tics G.ndTlcat ®malb
graphl samdhahence the best <classification
scal able, and flexible data mining and si
for data classification when training per
moeall[s5.8] However, the Dbiggest ' i mitation

appliance electrical parameters from the
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power factor, harmonic components active

new matri xcodnusrtirnugc ttiloen o f the graph. [ n
physical meaning of the relevant par amet
feat mfer mati on. Al though GSP can identif

cannot f ur tamedr qaalnaulfayt et he power consut

appliances.
2.3.4.2 l denti fication Model Based o1
Pattern recognition identifies and cl

categories based on thenfaaduuverkdowhesam
NI'LM research, this pattern recognition
home applianceeptoat ddmntdhechnpwittideer n r ecogn
cambt aitry pteltse of h ome alpepdriminncge sp rucsceeds. s Tchaen

a supervised | earning algorithm or an un:
For a supervised | earning algorithm, p
necessary to |l earn the appliance el ectri

processedneamastehKbKNLE 9,amdd ]|]support vect ol
(SVMpate two commonl y rug etdo slugp eirnv i NleldM.l e
Fig. 2.5 shows a basic identification e:

the principle

A\

K=5

VAN

Fi ghBza.si ¢ principle of KNN
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In Fig.2.5, the black circle represents the unknown sample while the triangle and
rectangle represent the known training samples. The model training process is to learn
the features of the known samples. Once the feature learning is completed, the
unknownsample is fed into an identification model. If the training samples match the
feature of the unknown sample, they will distribute themselves around the latter. When
K = 3, it means that there are 3 training samples in the green circle. As there are more
triangles than rectangles, the black circle is thus identified as the triangle category.
Conversely, if K =5, which means 5 training samples are found. The black circle is
identified to belong to the rectangle category because there are more rectangles than
triangles (see the yellow circle area). There are three key factors for identification
using this KNN method [59]. They are feature difference measurement, size of K, and
classification of the unknown sample based on the K found training samples. Each of
these factors is discussed separately below.

First, the feature difference betweadetraining sample antheunknown sample
is calculated. The training samples sebis 0 o h0 o FE ho ko , where
0 is the number label of the training samped Qs the number of training samples;

w is the QQtraining sample in set A, where the feature aggregationo of
"OROFE RO , and'OROFE RO are the corresponding values of the component
features. Once the training samplestset constructed, the training tife KNN model

is completed.

The unknown sample is representeddby 0 hb , wherel is the number
label of the unknown sampleXQis one unknown sampley "OROFE RO |,

"OROFE RO is the feature aggregation an®RiORE RO are the corresponding
values of the component features.

Based on the feature aggregation of the training sampléanodknown samie,

the difference betwedhetwo samples is commonly calculated by:

O ofw B O O (2.9)

In equation (2.9)D oo is the feature difference between the unknown sample

"Qand the training sample. "O is the Q@component in feature aggregation of

unknown sampléx "0 is the’JBcomponent inhefeature aggregation of the training

24



samplew. 0 is thenumber of components containedtfie feature aggregation of the
training sample and the unknown sample. The valugisfset artificially, which is
usually 1 or 2. When p = 2, this distance is Euclidean distance.

Secondly, the size af is determined. As previously established, all training
samples are divided into different categories. Each training sample can only belong to
one category. The size of K affects the number of samples that can be used in the
identification process, hence it can significantly impact the accuracy of the algorithm
used. If the size dj is small, such as whan p, the unknown sample is related to
only one sample and category, thus increasing the identification error. However, if the
value ofv is large, the unknown sample can be associated with samples from
numerous categories, resulting in an underfit. Generaliypractical applications)
is a small odd number.

Thirdly, the unknown sample is classified according to the feature difference and
thesizeobh.0t rai ning samples which are nearest
0 O o ho o FERO Fd  are found. This is recorded as sét

O o hO o FEhO RO, and then the category of the unknown sanipke
classified. To keep the classification error rate small, the empirical risk of
identification must decrease, and using majority votiag eninimize this risk.
Therefore, the unknown sample is simply and directly classified by majority voting of
O EO .

KNN recently gained prominence as a load monitoring identification algorithm
due to is simple principle. However, the identification accuracy is linearly dependent
on the feature space dimensionality of training sam@2} it alsodetermineghe
complexity of model trainingWhen it is applied to detect online residential appliance
monitoring, if the feature space dimensionality of training dafargge it is more
difficult for online devices to meetuch storage needsyet, if the feature space
dimensionality of training data gnall the model training will be insufficient, and the
features learning will be uncompletecheTidentification accuracy lswer.

Besides the KNN method, SVM is another model that has proverstacbessful
i n various classification scenari os. The
features by finding a set of hyperplanes in kaginersional spacg3], whichrequires
a large support vector (SV) set to ensure identification accuracy but this can lead to an
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increase in memory usage and larger computing effort. High dimensionality also
demands similar increase in memory usage and computation effort. Hence, SVM may

not be suitable for online reéilme monitoring butis more suited foo fIfi ne dat a
NI'LM processing.

An unsupervised |l earning algorithm does:s
can directly mine the simiapati znuce emteat
Clustering meneltaomds -BDaesndsdi dsp &t i al cl uster.i
wi t h noi se ( DBSCAN) and ot her s ar e use
identification, which wuses Hi |l bteor tc |tursatnesr
the I oad with[édNThari demghiattiuc &@tsi on base
| earning cahgddrei tthrmeated as a blind sign
embadahdes cl ustered appliance feature to fil

i mproves the iden[te5,i cB@&]cans @ eamlhgpaurmatnizcres

achieve identification only through si mi
with more types of appliances running in
running at the same ti me, t he arcvciusreadc y
al gortithaontmpghs i s not commonly wused in resi

2.3.4.3 |l denti fication Model Based ol

I n recent years, identification based
applied i hetpimohitebdi hg systems [a&h]i eve
and B[PBNBENpve been gradually appliedein NI
massive amounts ofnsdataand rneackoeg np rzed ipcattitc
without being explicitly programmed to p
operate by ol earning an6d Jil npr @aVvigmg i ft honm i
evaluating whether a prediction and I de
capabilities nofbeswsammarsiyzsetdemsca process

based on past occurrences.

Yang7r @ oposedayert woeur al net wor k with
architecture. It combines the HMM ( Hi dde]
to di sagwergadatap which i s { &dif dch ovhigthh t h

monitoring accuracy is da@lhmoanond9G% rh aasgge ch c
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deep |l earning ndtnwaruk i avrec Hticassdh enibfne rt oar
e 1 s a-t eomg memor vy (UBZIIM)t heetsveacaoknd on
noiasiemgoder (DAEB] hhed wowdk deep | earnin
sted using the UK domesdalce)afdgddilaens et |
st r esut bhLeS Tsmh onwehtawkmoarbki gher i denti ficati
wer asppbutanice is unabl e tsoa OAEnbhefwol by
S higher identi owcpbiwens, apedi a&dye froorn i
curacy for | argel phoema taeptpwaraknsc ecannot
nitoring accuracy for all/l appliances,
ructure cdenot falala ptoyophe ocfof appliances.
The main disadvant agenBeLosy snoaint asdé nigh &t
remost, thereal sanoi wgdetyatheggpaad a
universally wused for any monitoring
signing the specific networ k sstprewd tfurce
nNitoring sceieariincd iha gthleesgacgasdebut fi cat
| arge amount of tdhheearnsngeepdedetose, swpp
gnitude higher than the tramgni s@ dat a
rtually 1 mpossible to design a specifi

ery electricity consumption situation

condl vy, by adopting a DL systeyn dfn on
arning is more powerful than the tradi
pport the corresponding |l earning and
guirements o6fbamwoamd owvermny HRieggh,ceand ¢t he
hweh ol e NI LM wil |l be too compl ex.

Comparing the graph signal prl ceoaigls @1 ng,

The graph si gaanl ye motciefsys itnlge acpapnl ni oatn coeb tt ayi

t h
an
on

ne

e foauattaheppowet heomxcwmmutnitamg and runni ng
alysimg identifying accuracy of patter
l ine devicdbdestderepagéeabningyidenti fyin
twork structurer adidf fl @eraeg mti nrgD hseét rtr eafit sengey, d

27



w h
de
Th
p a
mo

o o

,_..
-+ O O < O T u»w o =T

o O O M T

t h
ev
Th
t h
de

enhied e nt i Mhad ddedt icoormp | et ed by combining th

ep ttroagiemtiheegrs hortcomings of each met hod
e combining of pattermameicromgmadve otnh ea nac
ttern recognition identifying and use
nitoring scenari o.

2.4 posPerdo Monitoring Approach

After reviewing the data sampling, ever
entification methods, a successful onl
hi eved by | everaging the osereogihg oh

mi tBccomps et e thel monicooompiun gt wodpmd r actoemp
e integral anglciuamtce |l fyeatdemaesg faghohe ap
sponsdetimmai toring met hbdirys,ilse dewsn geretd
sampled with high frequency Satondéyho
e sampl ed detuag hi & hpersec ashseece tsht eps t o c
we randl abel)hédeur met hed udetdect appliance
a2 he di fference met hod 8¢mar KINNs mteh é o
mbi nes wiidheyBtildN atppl.ila@®@ceedypesiwhy ch
rrespondamd wledathoidmpr ovements have beer

t he chsagen i metrloaddiced briefly.
2.4SvMi tching EvemteubDetséatci Mgt wmiotdh

The Heuristic method is used to detect
mpl e cal cul ation process and reduced c
l ine computing power and shortens the I
To over conoef tlhoew idsestueect i ng sensitivity
e threshold value I S combined with al
aluating the change of all sampl ed dat
i's enhances dettye candoni nmporiosvee si ndmeutneic t i or
esi s, themedwexiliisareyl itmimeat ed to i mpr ovVve

tection in NILM. The specific detectior
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2. 4S@paratingt Cwetrlenbi Ffear ence Met hod

The difference method is chosen 06ass t he
current features t bdeki ftfweor ernecaasommasta h oRliar st
authenticity of data and ensure the sepese
appliance type i dehngtsisfeint ataiomme VBielclondl wa
practical potweer dsiyfsfteerne,n caendnern diedabasi ays
separate electrical features, without noi

As for the issue of having no referenc
seqguences when using tbhyisi mgetthloae ,voltt a@e
signals together. The voltage datasets a
data. This process is further el aborated

2.4.3 Accurate I dentification of Appl

The identification is achieved by com

networks to optimize both approachesd i

-

equirements. The identification is fund
shortens t hteorovnegr all é s proonnsie t i me. The id

modi fied and cappleicareade usp enrgattihcen patter

BRINN o i mprove its monitoring accuracy.
A K NN identification mo d e | S recons
di mensionality of training data is select

features analysis to minimize the effect

specifideKNNumbdi ng process is set out i
of poor uni versality |l earning strategy
application, this thesis uses BPNN to re
the | earynihgr sobtaiegi ng appliance operat
maj ority monitoring scenario. Further mor
t echnolporgoyctelses appl i ance operation featu

complexity of +tdc.e Troins tmorrd megs smedafh oBPNN t |

pattern regressing iIis detailed in Sectiol
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5 Summary

i ng NI LM-sfiodre dpeormaenrd management recei
to its significant advantaegeswedeeraict
towards achieving NILM. This incluc
t detecti on, appliance feature sepa
ngths and | imitations of di fedrent

oubhedqowewncy data acquisition is the
equency data acquisition has gained
ntages of preserving the appliance f
on point detection, Heuristic detect
g a pattern recognition methodsto ic¢
tric features and operation featur e:
rasyreVvVhew showed that as each step
ur es, a comprehensive wunderstanding
essful appliance switching event det
iancenicedeél fhbeiatdo I n the next chapt
combination of avail able appliance f¢
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Chapter 3 AppAnhahgmedBEatwuaesi on for

3. Lntroducti on

Extensive research in NILM focuses on
with unigwe gapphurteascaen di scri minate diff

appliance features have been repovretred i n
used. There is also an advwsetnematoifc recsm@marlc
combination of the features. Systematic

di scriminate applpre@sedishi wa sc haanpaeleyo me hal |
appance features and compare them system

Firshleydi fferent electric featurthemr e
t hdei fferent electric features @daatrtaekilea act
features with obvious peculiarity are th
online NILM processimnlyge i @l eScetcrtiicond a3t.a2 . o

apphtes are sampled in a real residenti al
the selected appliance features. The res
electric features of appliances to over

di ssceuds i n Section 3. 4.
3.2 Researching of Household Appl i anc

The features that can be ekdpemd ebtefr
sampl inhg5]rAdtle features cemadpe andsdttgtaanssz e

depending on the state of { A.6]Imkarstuirfeydi g

di stiimguitsthe di fferent appliance feature
monitoring process. However, not all fea:
NI L M. |l noconhemsdiitnegc tmentohnoi dtso, the object

t o choose a Subset of features t hat C &
di scriminative performance to using al/l
transi ent sctlautdei nfge arteufreerse,nciers t o t heir e
Table 3. 1.
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I n Table 3.1, the 32 appliance featur
identification in NILM research. They <ca
power, current, harmonic and wavel et:

Power categob)y:armdearl e gp@twieviee (proovsetr o 0 mmo
used steady state features to identify &
( ON/ OFF) -ponwke rhicpmsumpti on. However, it
| o-pvower consumption appmloitafneatsu rtessi ndfueo n |
significant overlap in the corresponding

during the identdhif{cetal opopencadsslertmerr

(reactive power aflOt efmaxiymemnss tfamdtmul md we

(mini mum steady power) are wused Iinstead
However, these four features are only
significant spikes in their poweriadmaw wt

Comparing these six Stleady) $t at edbapPwer f
with instantaneous Powgrmafxd antunr evsal sutec to fa
power P arfdnini mum value of transient pow

features are higher in their unigueness,

ssues to identify most appliances.

According tnent ha& maldyosvees , the eight p o
xtracdedi dually freimdltd.e spaltyisad thien qsre e s
ompares the feature differences between
milarities bet ween appliances-powe di ff

onsumption applBahb€es mpach &$ ubampcent

r o u o o

amp have signidhn@dfamat wrves.l alps Fing. 3. 1(b

0,0 , andeatures are extracted from t

o Ca
o}

ta, asthgmiefisant difference in the corre
Therefore, these0g§igx polwer, Obacnaayr ot ofbe
sui tfaobrl ef urt her appliance i1 dentification
i nstantaneous power feature can distingui
I n Fig.3.1(d)t hidnlsd asiit minlea@amuist yp owfer feat ul
Washi Machine category. Therefore, i nstan
have a better distinguishalwliélndbtureatimc!
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further NILM processing.

(a) The power Features Comparation (c) The Rnaxtr and Pmin-tr
of 4 Small Power Appliances Comparation in 11 Appliances
1000
10 = [
800 -| & 5 hi
4
& 4
600 7
2
400
u 11
2 4 10
200 A 12
3 B 679
Pnorm 0 T 2 T
Prmax-tr Pmin-tr
1:Washing Mashing 2:Refrigerator 3:Lamb 4:Vaccun|
5:Air -conditioning 6: Microwave oven 7:Geyser 8:Bulb
—=— Lamp —v— Incandescent Lamp —4— Bulb —e— Compact Fluorescent 9:Compact Fluorescent10:Kettle 11:Hairdryer
(b) The Power Features Comparation (d) 5 sets of Rax-tr and Pmin-tr
between 3 Washing Machines from Washing Machine
1000 [ Pmax-tr
4 5 ] Pmin-tr
Pmin Q 12 I
800 -| T 3]
600 -
400 -
Pmax Pnorm 4 5
N ﬁiﬁ_ﬂ
0 . T
< . 3 . < . Pmax-tr Pmin-tr
—=— Washing Machine1 —e— Washing Machine2 —4— Washing Machine3
Fi glPo.wkeatawampar i ngdibfeftemeeemnt appl i anc

Current categoftynedVi thpmboiregmeestlkeaidyg a
transient wor ki ng cguertr emminsenefrshasdeonappl |
sd he current f eat udiense nbse coonnaed . moFrier smd lyt i
Ot hset eady workidg hcenotemepbasdeate of di
appliances become distinct enough to dir
the steady ®Wpnc&n nlyge cdecempose@oantdenant i\
activeQa.urTletshiemiwRardirtayvs i n di fferent a
similar piobvewerl evempgred to their power
the steady current signal apail Wvatnhcehe est

makes tihasesthapxetataicte oa computationally
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current feature approach more robust. H
resi dent hsapxarsamdetsle rtsr ajfedvVt ory ( Asymmetry,
Net Area, Curvat urdee nan donSltchpee )s Baaraed ¥id eopner r
the twelve curretnhe feaepduiraesaesta®e s,earr e
nonacti v achul rv@ mtaj ect ory paramet &remar e
t he publTihce daetdauskepts.aged i n Fig. 3.2, which
bet ween each feature, making the corresp
Thereforegcetbeéeeadgp!l wanking current I's vi
and further fAe asttueesd ke xntgr accuriroennt  wi | | t h
primary feature for further NILM processi
irms irms
Slope ia Slope ia
Area if Area if
Asymmetry Asymmetry
—m— Air-conditioning —®— Microwave oven —mu— Compact Fluorescent —e— Bulb —A— Lamp
—a— Washing Machine Vaccum ¢ TV Incandescent Lamp Laptop
Fi g2A.pl i ances current features <co
Har moni c category: Har monic contents o
Fourier Transform of high frequenc-y meas
l i near -athat enudpgpl i ances, tlhuutesalmoo emalee og
The magnitude an® p(htaser raenngtl eh aorfmotnhiec) o f
current are unique signatures fdro&pplia
har monic can specifically improve the di
them a key codfifnieairenappfloranoeni dent i fi

co
t h

mponents along withfZg®tafl dwurmomt cwav ef

e wtalyedfeort i f i elatniecanr oafw am dvnamagpaddtiiced rec e s .
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appliancesd steady current harmonic compc
and the result is shown in Fig. 3.3, It d
The aperilbet ween di ffereompapeptht antes han
Therefore, the appliance harmonic content

for further application.

1st 1st

9th

\ N . \@ /

=Y

7th 5th
—u— Microwave oven—e— Washing Machine —A— Bulb —u— Air-conditioning —e— Compact Fluorescent
v— Vacuum Fan —4— Incandescent Lamp —4A— Lamp Fridge Hairdryer
Fi g3A2.pl i ances hacompaci hgatur es
Wavel et category: A wavelet transform

scale wusing wavelets that have adaptabl
transforms (CWT3$tobcha ai gewlilsoadalsl oyg nda tf uf ri
from the original signal . It decomposes
recommended 8&3$ rae fperroemmicsee xgr appanNsgemtt d e a
i n NI L M. To avoid computati onaWavcednepl e x
Transform (DWT) is used as an alternati v
Refefé8appl i ed DWTomfcurhreentturtnr ansi ent a s
showed advantages over CWT in the transi
achieve high di sdcurei nionatth e nhiaglcair adiyf f er
appliances in this wavelet category. But
s ame category ar e al so very di ftfiemeent ,
applications. Hence, eavebhetedeanhdr s ewi

identi fication.
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Whil e power, current, har monic and wayv
type i1 dentification when used individual
categories can furtlkerofi mpirecsvee [feef diurisq
Ni es[cthleked the regression coefficient of
compl emépftedthef 8Bpedutt héhatrontoami ¢ di st orti
wavefor ms Oahidf og wiotald i derftoiefiedat-iFdn of Ak m.
noi se to def i neanadp plla taenrc ee xsti egnndaetdu rtehse i r W
features of the el ectromaeégrdt ikcHzi 9r3gdenrgfee r
Kong9d$ed the frequency and amplitedle of
cepstrum of the voltage and power signal
appliances. The cepstrum is defined as t
of the specidBdmSuwlfitoed®npesmbgnald horemecmuirc e nwi
|l ow frasedcpower features and voltage w:

is only wused to distinguish appliances
appliances, the el ectri dof e amphueo gdee gvielel oc
appliance differenti-ateonri dtf eat urietsali nt
appli aaececnonc features such as the ti me

are wused to compl ement the featumg com
appliances cannot be identified. Therefo
di screte pul ses whe hcahviimoffuar nagbtoiue p ph(utnhame e ¢
switchidwugr aa magprp| oG nc 9 owpeéndatheonal so extr
I de mttii foinc

Ef fective and uni feragwirlelapbé a@ah @ad reelad c
residenti al power consumption environmen
in the next Section 3.3, which include a
working current harmonic comepbdrerentrsc ifres
related to appliance operation.

3.3 Appliance Electric Feature Extr ac

I n this section, voltage and current C
using the independent data acquisition di
extracted from this acquired data. The dez¢
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paametehdsatcaf acqui sition device are as fo
EM96 36Bprheicgihsi on data acquisition-toard,
di gital data concheansneoln dainfdf esruepmptoiral 1par a

oftf he voltage transfor mer i n the data ac
current transformer is 1000:1; toghttheesi s
sampling frequency of the data acqui siti
of the power system is set at 50Hz; the v

Electrical____NEUTRAL WIRE
supply
. LIVE WIRE
point ——— Voltage
Transformer o
ata
2203 ¢6 L
} { fAcquisition
Current Device
ey Resistance Transforme
Socketf = EM9636
1508 1000 1 L
Appliance

Fi gdSk.hematic diagram of data acqui

The current and voltage data of the ail
kettl e, mi crowave oven, TV, vacuum cl ean
data acquisition process, theéhseoamaetn gPD WS
suwppd y p b hheotu soef, and the appliance is conn
coll ection of the current and voltage dat

3.3.1 Appliance Steady State Working

Using the current transfor mer devel op:¢
appl isae@aely state working current dat a ce¢
current data s eqpuleontctee do ft oa psphl oiva ntchees apsp | i
wavefovhmch an entire sequence inclsudes 1
Fig.3.5 shows plots of sample data of the

and their steady. state working currents
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Fi ght3h.e sstteaatdey wor ki ng currents of a

The steady state wor ki nigdicsutrirrecentti feo.r Tdh
state wor ktied ecunrnentkeaft |l e and geyser is
wave, while the working currents of the |
conditioning and refrigerf atrodre dweerree ndi ssthoa
To better idsetsicnrestb estteehasdoyd ki ng current of
mean s ®yaarned mpl | Ou)d e o f( tshteat £t evaodrykairreg ¢ u |

cal cul ated as:

Qs -B 0Q ( 3).
O aOsdQ i Q 0 ( 2.

whe@®i Qs ampl ed cOiOrsenhhedatmber of the seé

current sequ@nsethampéak uder r entthcr esbne ¢
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coef fOciientthd rati o oPyvtahleu ep.e alks icnugr rtehnet eac
and3. 2), the result is as shown in Tabl e

TablZedt ure values of steady state cur

Applian m3g( A) Ampl itu Cé:erfefsit'

Electric 3.53° 5. 000 ( 1.413:-

Geyser 4. 50 6. 400 1. 421¢

Air Cond 8.65" 10. 428 1.204°

Refrige 4. 86t 5. 250 ( 1. 442

Mi crowayv 1. 95 3.600 ( 1.845.

Vacuum c 3. 45! 5. 400 1.562°

Laptop 0. 26! 0.457"° 1. 700

TV 0. 67 0.527: 1. 938:
According to Table 3.2, it is clear tha
domestic appliances have certain regul ar]
be used to realize appliance | adaeplifhncati

i's closer to 1. 4. Fwuretsh esrt movreet,chadpipdo infeimg fe eot

the more the crest coefficient devi at es |
3.3.2 Appliance Working Current Har mc

Transferring the currentcadatmakienttd et lta

features even more distinct. The sampl ed
obtain its harmonics in frequency domain
® o o OBlo — & OEd o — E
© OE®M o6— (3.

wheio®i, s the obtaimeidsctheedCWsiogpodlesent s

the fundament al c ompdme pth acsfe caawnrgrl eentofs itg
sigwnalepr es@htag moma ¢ component sofphasrer amg

of @Wohear monic signal. Once the frequency
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0 - 1 i ﬂ@ .nELW = B o

DC first second third fourth fifth sixth seventh eighth ninth

Current harmonic (non-normalized)

Amplitude pu
g = oy
o o0 o

<
=

=
[(\S)

Fi geClu.rr ent

> be
15 1 6 O

70
15 O

e
8

L

-
4|

,,,,,,,,,,,,,,,,,,,,,

0
DC first second third

Current harmonic (normalized by fundamental value)

har moni
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I n addition, the total haamphcandastsort

be calcul ated basedomponéPBPhesucaleaul datair ono

represented as foll ows:

YOO B — ( 3.
whe®ei s the fundamental compone@i ©oft hee
Q&har monic of working current. According
appliance |l oad is calculated, and their |

Tabl3FTHD value for each appliance

Appl i an THD

Mi crowayv 38 %
Vacuum c 47 %
Air cond 14 %
Laptop 37 %
TV 14%
El ectri 2 %
Geyser 7 %
Refrige 13%

Comparing the working current har moni c:
evident that theadusmoclte amenmr ait®e tolie thiegt
of up to 47%. The THD values of microwav:«
38%. The difference in amplitude between

di stinction between them cl ear.

3.33App!l iTaracnes i ent Pawmdre &t ea €y

The appliance instantaneous power can
current and voltage data, using the foll
nQ 0QOQ ( 3).
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wheirf@represents the 0ihissgh®Rt ameloasd polwteage
Qi Qs ampl ed cpr@Qendi ssatlae number of the
ongeriod of FO0O.g03. Jeicdsuidasn ttameeous power cu
| oad. The fundament al characteristic of
appliances is the periodicity, buathet he a
overl apping i hstweap@awebeis®s @rjsohuisch can b

treated as a unique feature.

Appliance Instantaneous Power Wave

[—®— Microwave oven—@— Geyser Refrigerator
3000 | ¥ Kettle—+—Air-conditioning —&— Vaccum cleanerf? o TV
-—&— Laptop fﬁ - y \'\LA{_

¥

N

/ Y W
< L \\
Z 2400 \ /
= I
o 2100
3 I
8 1800 -
1500 +

0.000 0.005 0.010 0.015 0.020
Time /s

Fi gZlh.stantaneous power curve of t\

To provide a clearer description of the
powampl i ©u)detalf@o ubl etY @r eaar e( i n trreopd uecseedh t t

i nstantaneous power acedoldewswhich are d:i

0 T A& Qshp Q O (36)

Y B 9 70Qs (37)
The amplitude and doubl et area of appliar
main parameters, as |isted in Table 3. 4:

43



Tabl 4l n3s.t antpowkeeas ure of each applia

Applia Doubl etd Ampl i/t VA

Mi cr ow. 75. 42 1032. 4
oven

Vacuum ¢ 116. 41 1632. 9

Air coni 98. 68 1067.5
Lapt o} 5. 35 79. 59
TV 36.61 409. 4:

El ectri 31.03 363. 5:¢
Geyserl 154. 63 1524. 6

Refrige 135. 46 1419. 5

| t can be seen from Table 3.4 that t he

appliances are significantly different.
1632. 95VA, but the ampy i TAd29VVA. tThtee d ea plta
can thus be extracted to realize | oad i d:
Compared with the appliance instantane:
i's not suitable for appliance typéuitdent.
steady state power is a vital parmeaneher t

running state char adtaenrd srtelc tpicwerh( alsi d hh

cal cul ated as foll ows:
0 B 0 B ®ObE e ( 8).
0 B 0 B o0 Q¢ ( 9).

wheban@re the kth harmonic value of vol't
of a nor mal w o ri ksi ntgh ea pppo wearn &kfeae@trcers ean gl

har moni ¢ number.
3.4 elHenhricnfFeaducei on

Despite all the above efforts to selec
remains challenging to generate a unique

bet ween v aAsi ofuosr -dtoleeedtsn o f eat andeeyp,e ntdleand e
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on the cushametmwdisobs dagge al most unmsiugcuthe ap|
ashe appliance running regularity and op
duration of di fferent appl itahnec exsdu nfedirgtgd n .
appl iiasmicgbl y, dwhtlclhusstthraat et he operation p
appliance is a unique and valid feature.
1400 Running Period of 180+ Running Period of
5661 Geyser 160 = ==
— 140
3 1000
= 120
B 8001 100
; 600 |\ 80
S 400 hy o
=% 40
- zooT me L W il
Time of the day o : ———— ol o
00:00 08:00 10:00 12:00 16:00 18:00 22:00 24:00 09:00am’  13:00pm 17:00pm_ 21:00pm
Running Period of 1200+ Running Period of 1800 Running Period of
250 Refrigerator o Mo Air-conditioning 1600 Vaccum Cleaner
hiihpn 1400
200+ 3004 1200
- 1000
600 e
100- 400 600
ol 400
200+ o
oo w0 tem w0 200 27300 09700 11100 1300 15100 17:00 18:00 21:00 §30 700 890 900 10:00 1100 12:00 130
1800 Running Period of P Running Period of 200 Running Period of
1600 Microwave oven [][| | Electric Kettle 180 Laptop
1400 ] 1000- 1601 F"T N MTn n
1200 m“ 140]
1000 4 | 1201
800 | 600 100
600 ] P £
601
400 1 il
2004 znu-. 20]
5am 6am 7am 8am 9am 10am 11am 12am 13pm 14pm 8am 12pm 4pm  8pm 10pm 12pm - 00:00 04:00 08:00 12:00 16:00 20:00

Il n Fi g.

ot her ap
duration
pdtrn fo
feature
uni qgue.
usual ly
periods

period t

Fi g8A.pl i ances running period

3.8, each appliance exhibits a
pliances, the running periods of
of @&hreelrautninvienigy tciommest ant . Il n ot

rr- the refrigerator is uniform thr
of 't he troetfhreirg earpaptloira nicse ss,i mitlsarop e
I n contrast, t he micr owaevse aorvee n

switched on/off and running betw
are relatively stable, their ope]
O obtain. -dbrediruinemninigg t ieé,i olf andoth
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constant throughout the day, so the oper

onger observation period to obtain oper e
haracteristics of the eight iaepdpliimtnoc etsh |
ategori es. Each appliance was observed

c

c

corresponding OCGoperabtannpathermappliance
be unique features, wihdert icfainc @teil on tac d um
f

or | oads with similar electrical char aci

1. Set tnning appliance: This type of app
throughout the day such refrigerator ar
fi xeendd the switching probability is wunc
the corresponding switching time- recor

electric featur e.

2. Manually switch on/ off appliance: Thes
us age shuacbhi tass, TV, oven, and | aptop, whi
work and rest. The switching probabilit

of switchings and the corresponding ru
period. The | pagieodt htthe em@®irecwr eci ceait
extracted.

3. Seasonal appliance: These appliances s
seasons,comdhta®snaing and heatiedgcapplci

features needditoi deakkyrfhoted di fferent
3. 5ummary

This chapter concludes the review of a
i dent i.f iTchhrtosuggs t e nraitassnd o mma by s can wi de vari
featuseme odi gthiengnoirehabl e and relevant f
i n NIThBfseeat ures were then extracted from

Once the featuresareeffectfifeelentolapail nad
t he rpgsemafr chhi LMI esedomphese features wild.|
construct the monitoring magel jiai cae sit chre
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intrusive way. This monitoring process i
appliance featappl isempaeg atypa waddnti ficat
di scussed in the next two chapters.
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Chapter 4 Appliance Switching Event

Current separation

4.1 I ntroduction

I n the introduction Chag@theaptewas amnxgl t@ah
an individual apptheaddhdeh aamllysimomift craeng
electricity supply point. This process i
appliance electric feature separation,
chapter aims to proposeg aaveamptprdathactfioo
appliance working current separation.

Filryytt he characteristics of the househoc
anagtky The relationship between the appl
current willsskeda finr Seett i dinsdu 2.

Secondl vy, the switching evenitmpofovappl
Heuristic detwlitimpmavemset hbd efficiency of
reducing the anal yFsuirst hoefr ndourpéle iu ot ahtsete i dnaptdao v

el i mitrheet eusse of anetandkiddmBptyb thbmese. envir
This process wil/l be el aborated i n Secti
Thirdly, the current feature of t he s

switching event wmethgodt hdhei tieiématci on o
i's resalmeedpohase angle of the Meparaetai lc

are provided in Section 4. 4.

Lastly, the proposed method for switchi
separation is +DAdtEed 503 dppttaket UKThe r e
di scussed in Section 4.5.

4.2 The Character of Running Househol d

Fig.4.1 illustrates the relationship be
Al l theeapmlrieamonnected in parallel, Wi
i ndependent to the others. Once the appl
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appliance power is supplied by the electr

suppl yspaihet sum of all the running appli

Electrical Supply
Entry Point NILM

———

—— System

/

Appliance 1 , _
_.* | Appliance M |

Appliance 2 Appliance 3 | .-

Fi glAp.pl i anceds connection diagr e
I n Fig.4.1, the house current at the e
operapphgancesd working currents. Theref

by equation (4.1).
‘0 B OO0 00 (4.1)

wheiOer epresents the house current which
whet her the awPNcam@@FFR.presents the wor ki

an applrieepmrceesents the numbeioaofeprersrinig &

noi sengaws stortion to the appliance work
current . There are two noise sources. T
transients and appliance running fluctua
applianage cwormrlinn , power and ot her el ect
considered negligible. The second noi se
intrusion from the external environment .

current .

I f the har momiwgoti ngéir @siOmnicrane quathieon (

49



remains stable and unchanged prior to t
appliance is switched on, the house curr
steady state warlilodmaasntmo st floousaehpo!l d ap
switch off once they ar e t0oaifetderona slhvhietra

event can be expressed using the foll owi
‘D B OO0 O 0 OO0 ™06 "o ™0OVoO ¢¢.2)

Il n thisOeignat hen,stable house current af
B ™Oo0is the stable house weusevietnd h ebode,f oared t
mi x current) apmlsiiasntdesgd owadri kcihregp sesremé eids
V0.0 o0is the working current of switched
causes t he Bhouosteo cauhraregna (G oai sneepw essteanttee d
byDo. Oormresents the system noise
According to this ea@vwatkiiomrg (cd.r2)e,ntal Ic a
i nto two parts: the combined current in
working currents of the )swihueheldaywppt han

for further switching event detection ant

4. 3 Appliance Switching Event Detecting
Met hod

The house curren® iins Sreecpfeosnan4 éA.uasbuat
because of a switclooagan ebendobt dihead abwye s
constant frequency. As explained in the 1
in Chapter 2, e@cihn sammpdbesdenrvpeéueodfi s i
find the maximum and mini mum sampl ed dat:
values is calculated to detect the switoc
requires anmauei | aady mosme duplt heatdaad.a la
i mprove the efficiency of this pmetess an
this thesis employs the calculation of t|
period to replace chechilrmgl aft i magch hea mpulmd
times can substitmeeefor the auxiliary ti
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As for the detection process, the obser

frequency is kept constant, the number o
fxed, and t hoeb sleernvgatthi oonf peri od can then b
the number of sample ti mes. Based on the

in each observation peri@Qdis tdal chuoluastee dc
equation (3.1). QAVvalkue cwitchiateaghtbbser

di fferen®Qevalkutawseinn adjacent periods can
wWwQ N Q0 0 M0 p 43)

I n equdtYQoMi ¢ Adei f f evrad ouf@e b e t W@0a m @
pZSo bserpatiWd@an@ Qparectuheewsal u€@for
an@ pzZsobserpatiod r &vheacl ivediui@da n @
pZobserpatiremai ns wcMasgedhpeoe i s no swi
eveni@ bserpat.i oBlly contrast i fQtweol uaedsj aacreen
di ffeRe®Wt s -nemoswihehing atve@lodbsecwvasi on
peraodsampbent being with @Wermaxd sSasmpled
as the swiTthcehisnvgi tpcohiinntg. t vwaermtmpiag @ gt ect e
di fferewhtceh replaces the checking of eac!

However, according to equation (s4.2),
can affect the house curren®wQ "Goeectaweseen o f
TCoan@d p Z6obserpati od may never be zero. A
Heuristic princ,ptemmanltyhrresrhgpilrdg fr om (
overcome themoiskludmeiss athriesshap@! i ed i n
met hod to «@h®c.k Itdide tOhbeavte e@Ba n °Q p Z6Q
observatisesnl pegendt ha fObe- t haeswdbtdhing
may occWwiQ EWmensome of the appliances ma

others remain switched off.

Fig.4.2 is an example of an actual ho
sequence is sampled at,thadftkhedctirequoene
ratio (SNR) is high. Ten switching event
red | ines. The switching eventt hdiest ect i o

sequence.
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. Current Amplitude/A

-15 4

Sample Frequency:10000Hz

Fi g20dn.e

T T T T T T T T T T T 1
0.0 6.0x10° 1.2x107  1.8x107 24x107 3.0x10" 3.6x107

Sample Point/N

hour 6s house current sequ

From Fig.4.2, OOhecheasescorrdppblkeases

switching events.

Based Qnofeebsampdtidon

peri®dcal cwhatbhdincludes 20000 sampl ed d:
switching evdpt epoipnitit ha me@dt e

Tabl @Swi.t c hi negt eecvtei snugl d

Real Switchin Detected Swit
SwitchNo. Switc No. of p The~v
Event Point | nonew@ Q ofyQ Q
1 202617 271098 3. 27
2 398114 303715 0. 26
3 152818 5029811 0.03
4 208736 1529133 0.03
5 21202 9 6 5 208813¢ 3.54
6 2173892 210327¢ 0. 27
7 238187 2174715 27 8
8 30692900 232901¢ 0.51
9 3834147 2392973 0D
10 33672578 2918913 0. 03
30692900 1.73

3834147: 021

3372578 3. 23
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I n

Tabalel 4s.wili,t ching event potihg® s Qare ol

bet wad@amdQ p Z6Qper i cal ¢ 8l fatud éQi s -neomo, t he

samp
swit
| f
sSwit
fluc
as
absc
poin
t he
t han
reta
det e
t he
t he
poin
det e
Th
hi gh

0.

l e point with the @@pxeirmuond siasmpd eetde cdt:
ching point.

the threshold was not applied, t he
ching points, when only 10 switching
tfuractm iomg deta@eptlted nacaxe switching event
Imitzoe mihnis. FiawQ 4Qv3a | cucersp awi e sh alhle v al

I ssaf cahlkitshe sample points. I f a san
t, tue Qi sl e stifigepoedes pondi ngt hoerrdwinsaet e
ordinate value is 0. | n @i gQa4d .e3,| ewist |
0.1, the corresponding detected swi

Il ned detecting switchingpponhsts wildh
ction accuracy of 100%. The interval

detected switching point does not ex
time difference between tke seal chwin:
t is |l ess than one second. Hence, sel

cting thealsow trcdii sngg wstndm i n

13

| Threshold 8

0.5+

2 4 o | 17
|

3 9 10

Current RMS Value Difference
P
1

-0.5

T T T T T T T T T T T 1
0.0 6.0x10° 1.2x107 1.8x107 2.4x10" 3.0x107 3.6x107
Sample Point/N

Fi g3Th.e, y val cempwi thhe threshold of O

e current sequencealionw Fiog .s4. 2 nwd g oman
SNR. But f or t hheaursneosn itch asto uarrcee ,c | tohsee S
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Fig.4.4 shows the curhegh segqgsenpoweamgsly
hour. ThougWi bohyngigwhénts occurred durir

was al ways fluctuating

w

[}
[&,]

Current Amplitude/A
o

L4
o O
PR T I

)
o
1

Sample Frequency:10000Hz

' 1 ' I ' 1 v I ' 1 N I
0.0 6.0x10% 1.2x107 1.8x107 24x10" 3.0x107 3.6x107
Sample Point/N

Fi gdOn.e hour 6s current sequence Wwi

The sampled current pegouescaeldcivdyaki g. 4.
val aead chdx k@wmagl ues to detect switching
period was also 2 seconds Wikert WE@OMDd sam
(QpzZ5Qadj acent obsesvanilecwDp®edoat rays no
zero between two,ablmeset v ataichhn opesreirvédg i on
sampbent that i s detected as a switching

Fig. 4.5 shows all sample pointsThaken t
absci sssaf cseaahnspilset fpioai nstasmpl e poi nt was det
point, tue Qi sl wes sifiggpnedesponding ordinate
the ordinat®Bwow atl uree s Is010d v aMhu ecSmaaarkee ds eats a
red anmhdmnkelspeect i veWwdt hirne shhiog .ddswhal wsecs eaerne o
detected pointomphesedybydi hbesemtndreesul t
di fferent threshol ds
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— — Threshold ValueE 0.1
— — Threshold ValueE 1

N w
o o
1 L

N
=]
1

iy
o
1 "

Current RMS Value Difference
o o
1 1

-mlid--l—r = Ll.‘r v vl Pr L—.:l.—.;]r.‘..'l— —J.—il‘

o
o
l

T ’ T b T N T ' T b 1
0.0 6.0x10° 1.2x107 1.8x107 2.4x107 3.0x10" 3.6x107
Sample Point/N

Fi ghTdh.e switching detection result
threshold for current sequence Wwi

From Fig. 4.5 ¢Qt @Mbeewaer maoyobaskeaweat i o

the threshold of O0.1. The noise influenc
switchisngAletvhreonugh all the rearlealwidweintng
account for 2% of the total det emmttend npgoi r
to do with the switching events. These de

al so decrease the efficiency ofw@e®ecti ol

—+

hat are below the thresholidt olii ig mawe rbte
mall appliance working currents. Using t

o O»

vewmed det ewhieadh i s considered | ow detectio

—+

hreshold value decreases ltargges @ rmgietsihwil tc

o

ecrseae®e accuracy of detection. Detecting

Nt erftéar@augii xed -4 dtrteisihgl dan be chall eng
nvironment . It i s often neqestsoartyhet odiafd

ystentconodiidtet omisact i cal applications, onc

o u o

annot be arbitrarily changed.

Besides using theyYOhtshseh awiB@améip pZ6@ach, t
adjacent observation pEkrisofdst canf ibestcoomlp
periodsan@psohfe the | ast obs@¥Ov@iisod ap greirc
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than onesQ fisforsRk @fps, a switching event
switching event in high noise environment

using the following equation:
YyQ s -790 W YO s -79Q0 Qps (49

Using a threshold value obtriOedt aselqgu én
Fig. 4.4 was psacesied dendcecdreal yesult i s

w
o
1
w

= g n
[¢1] o (4]
1 1 1

Current RMS Value Difference
P
N

1
LT 6
| S S

i T T T i T
0.0 6.0x10° 1.2x10" 1.8x10" 2.4x10" 3.0x10" 3.6x107
Sample Point/N

o
(4]
]

Fi g6Th.e switching detection result ur
and addd4 ggigyponcampari ng

| n Fiwh.ed .8t @Mbet ween two adjacent obser

with equation (4.4), the sample point, wk
period, wild/l be detected s Qilse assvsii tgonheidn
t hceor r es pondvanlgu eo,r dd tnhad rew Bisxe ptohien tvsa | weer ei s
and retained, where the detected points
Table 4.2 compares the real switching ev

The time di f feerreenacle sbweittweheinngt hevent point
poi nt was | esAl tthhoaung ha t $1éen®@d mda.s e mv ihri ogrhme r

detection accuracy and detection efficiel
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T a b | ZThedreal switching event point and the detected switching point

Real Switchin Detected Swit

Switchi No. of] No. of p The v
Event Pointftnonenw@ Q ofQ Q
1 2576 5 2 257127 0. ¥

2 433287 4 433016 2. 26
3 6769 4] 677579: 2.93

4 9 3908 14 93¢% 2 1 .45
5 112347 2 1115161 0 55
6 280898 280979¢ 0. 35

After each switching event, the house

then quickly settle into it sasdtesnadyy sdtadte

known as the transient state. Once the t
remain relatively stabl e, and detection
det eirnmghet her a transi ent state is over ¢
event detection process. The pe&Qmigxy par .
bet ween two obser v¥Q i'@anddQerQ pdrsee.maWhsn

c

nchanged, the transient st adteedddy osteat e

t hheouse current should remain stable unt.

system noise, aT ldetaeasmidni ag tShoevnhaolnd equ
_Fo & o Vs -
YQ & sQ Q Q Qops (4.5)
¥Q 0Qps 2 Qp Q Qcs
The fl ow <chart in Fig.4.7 provides an

switching event detection mettmodiwsidng,ht
observation period iIis set as 2 seconds h:
times, the house current rms value of ea
the rms value difference f or ftelree ntcveo vmd r
meets the conditions of the threshold val

event i s considered to have occurred. Af
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current

iI's calcul ated continuously, the

enters a transient ebaeevalThenhpe

the house current goes into a

over.

Sampling

4 HSAeparating

current data

Calculating the
Irms(j), Irmsgl)and
c Irms(j)

| cIrms(j)[>e
| ¢ Irms(j)|>1/5]Irms(j)| b | ¢ Irms(j)|>1/5]Irms(j-1)] —

l Yes

Appliance switching
event may happen

Calculating the Irms(j),
Irms(f1),Irms(}2), “
c Irms(j) andc Irms(j1)

No
| ¢ Irms(j)|=|Irms(j)-Irms(}1)|
| ¢ Irms(}+1)|=|Irms(j-1)-Irms(}2)| —
|clrms()|b | cIrms(F1)|> &

i Yes

One switching event detecting
finishs and starts separating current

r

ms val u

steady

No

Fi g7F4d .ow chart ofdestwedctcihomg

Met hod

After

detecting an appliance

WoekAppl Crocegmtt he

S Wi

eve

st a

nt

Di f fer el

t chi

ng

appliance will then be separegeat(i2oagden
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and (4.2), the working currents of switec
st eady state house current sequence befor
current sequenca eafitdgeomtavailé cwi mgn meé mt al
cursengtaalks single phase sine wasvheoswheeFi g. 4

sampled current and voltage signal s.

—— Sampled Voltage Sequence < %0
—— Sampled Current Sequence

200

100

-100

-200

The Value of Sampeld Voltage Data/V
(=]
The Value of Sampeld Current Data/A

T T 5 T X T T T -10
0 100 200 300 400 500
Sampled Point/N

Fi g8Th.e differencerbenveamegquehnticagehas
angl e

Sampled Voltage Sequence

- 10
Sampled Current Sequence ]

N

(=]

o
1

100

-100

The Value of Sampeld Voltage Data/V
o
The Value of Sampeld Current Data/A

N

[}

o
1

T T T T
0 100 200 300 400 500
Sampled Point/N

Fi g9 ®heldi fference bet weersexquwrerneret pahmad e
angl e
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it
of

Sampled Voltage Sequence
Sampled Current Sequence

N

o

o
1

100

-100

The Value of Sampeld Voltage Data/V
o
1

The Value of Sampeld Current Data/A

N

o

o
1

T T G T T X
100 200 300 400 500
Sampled Point/N

o

Fi gl®Bheli fference bet weers equrerneret pahmd
angl e

I n Fig. 4.8, Fig. 4.9 and Fig.4.10, the
S voltage as et he xewit tlowegeof appliance
each sequence Mamml ismgnpil $ ngl s @akreandaadm.

phase angles of the sampled sequences ca
bet weheens e samphged seadqduaun®ed dédn dJre&2GB pecti vel

Al

t hough all t hes ef rsoeng utehnec essa mee rceu rsraempt! eac

the features of the obtained sequence va

reduced the accuracy g@asdtuirndretrhe demppl if

current under varyeng phabkkengdbkbe. i s &athi

f eadduirset orti on caused in the sampling pr:¢

reference.

As for residential power systems, the v

such as 230V/ 50Hz in the UK and 120V/ 60H

woOremains stable regardless of t he numb

sequenacnep lied §rom the same voltage value

sequence wil |l stay wunchanged. Il n this t|
sampling starting from a zero voltage an
conditionwsare as follo
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WO p T
Wo T ( 8).
WO p T

When the voltage valuendwieltls bhdesammlide
sampl ed vol teagehdvel mwehwhelries t he number of

~—+

i me st daanrde t he sampled voltage values. A
ol tage sequencelJdWietrhe faetrpphhaassee aanrgd lee odf Os
ol tage skfhueheesamp®disng wdl ttdhggee and cur
ame time, with the phase angl & dafhet lpd asa
ngle of the sampled house currenf seque
urr ent ‘Os &GHEENFOec an @mé nebt with its)dphase

epresents the number of data points in t

O 9 o < <

-~

ot huencertain phase angle of the house cur
Whemethouse currentsampglge ¢ hfwiepdtdase ttdhreq! o
working current of switched appliance cal

According toOegesathens(éab®2p, house curr
switchding,the stable house cuBasgaed ahteh
sampl ed s®©pwenidoeTld wor ki sgquafaces wt t ched
appliances can be separated according t
bet ween t he cudreradadryt hbafsor epared safdt as $ wil i

O O O Th'O OhEh'O O ( 2.

Inequati c@& (@OYERO,itepresents the sampl ed
sequence after the OapHOhBERxC ¢ t wpsesemnt €he
ampled steady state curreniO B®uédhce bef

(7]

~

h®O Ois the working current s e g uvehnicceh o f

[Th

(@]

auses tslkeguchclreangi ng tsce qgtuhéén Ecewyr. rde nltl s h o
a current sepabrbagcsieon eeax avmplgeebwess ngd t hi s
sampling approach to obtain the ,wotrtke ng

|l ength of the current sequence is 100 se
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I n Fig.4.11A, the current sequearce
sampled at 10000Hz (100 secondsfed 1% na
sampled point. I n Fidgesd . 1A®BQ @ dientssequ®E.nk
sampled sequence i sthsdwe tlcbusg ewvemneéent whe
working current of a single appliance.
the sampled sequencéhavei ttchhei rhg ueswee rctu.r rletn |
of the switched appliance working current
the switching event I n Fig. 4. 11D,
the difference bet wefetnert hteh ec usrwietncth ibnegf oerv
be the working current of the switched
and periodiaoadwawaefi ogmg hat the separated
actual currents of the appliances.
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4. Sesting of Switching Event Detection

This section presents the testing resu
usi ng -DALlE UK57] dataset. Fig.4.12 shows t
an hour fBogE®AB: & Wi t chi ng event i s markec

5123 4 56 7 8 9 10 11
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FiglZlhe one houro6s current seque.

Using the sequence in Fig.4.12, the pr
evethelet ecéesufhgts are3shown in Fig. 4.1
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I n Fig.4.15, the black curvet rseeqursrand

before the switching event. When switchi
house current was then sampled, and the
cur ve. The current sequence before swit

sauegnce after switchimsdg,owtehda hsu lbtl ruaec tciunrgv
represents the switched appliance workin
switching event is then stored for the nc¢

The Separation of Appliance Working Current at Event 1
— Switched appliance working current sequence
. —— House current sequence after switcing event
8 1 —— House current sequence before switching event
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I n Fig. 4.16, the switching event was |
appliance, and hence the current sequenc
i dentical except for their amplitudes. TI
sequenbefore the appliance operation stat
house <current sequence after the applia

sequence before running state change al s

afterg rsuthantien change, using the same separ
working current. The resulting separated
di stortion, all owing for the separation

di fferedce met ho
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The other separated curre8nt asdquéepcesr
waveforms generally coincide with the si
regul ar and periodi c.diHofwerveenrc,e st hienr et haer e
current waveforms of some ®and h%. s&ngutehnec
h a nadt,hseerquences are al most identical, ma K
directly. Therefore, t hbee sfeuprat shadtrefda nwaaltvyed
identification purposes
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4. 6 Summary
This chapter presents the detection anct
current Firstly, the original Heuri stic
sensitivity and | e3Fbedet empamoameaneplpadinsed
t eesdt using real residential electric dat a
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the switching is detected, the house cur
subtracting the house current befrortehea s\
switching event, provides the working cu
separation process is based on the diff et
being able to obtain the phase »xtngdhamptiers

the separated appliance working current |
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Chapter 5 The Switched Appliance Ty

5.1 Il ntroducti on

With the working current offr eagq usem cy hfeeda
of the separated current can thus be use
current frequency features may overl ap
identification accumnacayreathér sghametyhde:
behavamdir appliance operation pattern Wi
identification process. Ther e dreehatvhiroeuer
and running pattersaref sashdad peoolid i aagp Itihan
for further appliance operation pattern
Secondl vy, by wusing the appl thaemae swo rnkeii gg
( KNMet hod can be used to achieve basic |

KNN model is trained and reconstructed t
and reduce the response time of identif
oper atarom \piattptr cap abgaactki on neur al net wor k
correct the identification results.

For the fi resltecparitc, dtantea,nonm-DAL E hle2 Pplu,b |

on appliance swintadttyhseegu 3 &g eu sleab ittost hoef C L
appliance running pattern. Thhe hsa va modulry s i
appliance running pattern is an effecti
specific analysis and pRocess are discus:

For the se@aomdnmarstet ast formed using t
the KNN model is constructed and trained
the unknown appliance features with thos
identification babBedgenet al pestesnatach. K
and appliance i dentification is given in
approach for appliance identification is

I n the third part of this chapter, a BI
patterns from the appliance switching dat
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model and regressing the operation patte
5 4. 2. The obtained operation pattern curl
The basic identification resul:t of the K
mi stakes caused by overlaps in the appli:
corection methods are tested in section !

5. Analtylsee usage habits of customer and t

UKDALE dataset is the data resource for

and -enloenctri c

dat a iff faegprpd nta nlccerss a mo Ifd sv ei n

shows the data information used in this |
Tabl ¥Th5e. -WAKLE data [s2lt] det ail s
HouAe HouBe
Date of
measur e 20140 9 201032 7
Date of
measur e 2 0 1050 5 201-BaL O
Duratic
measur e 78 6 23 4
Numbefr
appli a 53 19
House cu House ¢
El ectr House v House Vv
par amet Total, p Tot al [
Appli anc
Norl ect Appl i an Appl i ai

par amet

switehime swi t ¢hir

Different switching remgaHagiidillre dpplliys
operation patterns and switching probabi
behasjoas shown in Fig.5. 1. 't shows the
ofoufr appliances, namely the oven in Hou:
House B and theTlkiestpeovindedouas er 8ugh pro
operation patterns and the appliance swi:t
i sumi gque feature for the different appli a
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In Fig.5.1, the switching times of the
(Fig. 5FLgA5andB) were counted for one we:¢
represents the number of times of applia
of a day. From the corresponding axis, tt
kettl eovaennd ftohre ev er yT hgeusae tfeoau ro fd iaang rhooms s |
di fferent trends and waveforms. Although
featuneée switching times of these -four e
hour o dué ftoredhmtainunmsueorper ati on pattern. Fur
usage is random and switching events are
switching iodo mperntiraantceeds during specific t
switching of the oven in house A is most|
of the oven in house B is around 5 pm (Fi
habits ofrst.he cust ome

The appliance usage habits of the cust
operation pattern can be mined from the :
determine the periods when the switching
Haowever, such simple statistics cannot r ef
From Fig.5.1. D, the switching regularity
ot her three, in other words, thebwipeusatio
Wit hout clear swihteplpil n@nceguli ariitsy cdifal | €
accurate operation pattern, and the <calc
operation pattern becomes meani ngl ess.
effectively enhance the regularity of th
operation patterns and <cl earer <customer
results of the kettleds switchingrteiemes i

weeks, si x weeks and ten weeks.
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In Fig.5.2 A, the switchwemgetunmed, ofwht
d not produce significant patterns. B
havwindurappli ance operaxioacpadt ewinsh weh
coming clearer moving from Fig.5.2.B t«
ables pombeadmhlilty events of the appliar
be included in the waatastowesn dJdwirt @i
th such inclusions, the obtained operat
nditions. By considerbenignvgt hehpdobhabiahit
e day, the cal opuloataiband idafy tdh e tgwibtud hiom
re accurat e. However, a period of ten
|l i zed i n practical applications. It
ces st exrhmp rstteart irsetgirceeassls datcaurtad e appl i an
switching probabéetThda yBRINNt demanhsbnat
rning capability to do exactly this ai
ttern regiessm slg akatsa.s car t

5. 3 |l denti fication of Appliance Type

The KENH®O®®] used to classify and identi
e type of switched appliance 1s obtai
mplified, the | earning strategy of the
l e of KNN i sl momdprfowaemenig,h taHe f ast <
hi eved, and the 1improved KNN met hod i

application scenario

5.3.1 The ekchoM sMetuhcad ng and separated

The separated current is identified thr

Filrgytt he KNN model i's trained and reconst

S
S
\Y

(@]

e

e

a

n

a

t . Secondl vy, tdhreenecleechh eti we efne att we e uk
parated current) and al |l btisreaitninmgg as asmpe
l ue K, the K training samples that ar
known sample are fommlde iLsasall s sitthiee dini

tegory it most closely aligns with.
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The first step of this process is to ob
and then expand them using appel iIForuaoa rarscdct
respecti vihearanpopnliicancceempoobnde€r e naoaltyheir
sequences in Chapter 3. These duwrraecnttusal a
residenti al p.o wlelre efnivri srto nnc@omtpouodtnh esehcalr ma
app!l ®=monrckei ngi sbo,weaatd the unit of the har

amper e

Tabl2F §to fbobarmbnics of eight appli:

Appli al 1st 2nd 3rd 4t h
Har mo Har mon Har mon Har moi
TV 0. 34 0.009 0.31¢C 0. 00¢
Refrige 1.20 0.033 0.07c¢ 0.00
Mircwav e 7.62 0. 682 2. 94¢ 0.10:
Ai-condi t 4. 47 0.691 0. 334 0.18°
Laptogp 2.76 0.172 0. 43¢ 0. 27
El ectri 5.114 0.005 0. 08¢ 0.00
Geyser 2.30 0.538 0.13¢ 0.01!
Vacuum C 6.51 0.728 2. 13¢ 0. 23t
I n Table 5.2, each known appliance serv

The features ofanrdeg@rtersainnienlg byampleed i r st
Once thet teatinmriengofsampl e has been | earne
of the KNN model is complete. The | earni
space to record aelauceh offe agaucrhe terl aimeinnhg vs a
one training sample with four el ements tc
time for. | ater steps

I n the second step, the featurehdaiffe
separated wogwiitnghed rapmlti afce) and the t
using the Euclidean distance. The Euclid
can be calcul at®d uJUsbhge ©&gadatcioonpaft2s t hi

bet ween 8 traiemictng osdmpl es wi th
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Tabl3FThbe. Eucli dean di stance between 8 tr

TV RE MO AC LAP GE E K vVC

TV 0 0. 86 730 4 182 42 4 806. 206 20
RE 0 86 0 6. 4¢3 331 56 3 945 345 34
MO 7. 306 44 0 343 4 89 25571101 10
AC 4 18 3 33 3.43 0 1.8:0.9:2 032 03
LAP 2. 42 1. 57 4 87 1. 78 0 2. 38 3. 77 3. 77
GE 480 3 94 2 56 09582 37 0 1. 52 1 52
EK 6.205 341 102 03377152 0 0. 86
VC 6.205 341102 033 771520 86 0
I n Table 5.3, the Euclidean distance
di fference or si mi |l ame &y uthhext gdeevecnl | adpemlni adn
bet ween t he utnhken oswenp asraanipel de swwi rt kcihnegd cauprprl eir
and emabnisampl et he tdeewveal sf feature mat
These measured results are used in the ni
I n the third step, the val o9& ]Bds Kd wanr f
Euclidean distance calculated earlier, t
unknown sampéremiwidd. Dblef dtelte near est Eucl
certain value, the unknown appliance wil
appliance types not included in the trai
I n the fourth step, the ankeowai samppek
category througd8imaK otrriatiynivnogt isnagmpl esag | f
to the same category, there is a high po:
to this category. However, the number of
only one or two appliances in kbwalischt emo
di fferent categori es. The number of S a mg
i dentical and hence decrease the reliabil
I n order to i mprove the reliability o
i denti fi cameiiognh,t idnigf fiesr egnitven to di fferent
voting process. The Euclidean distances
training samples are also not the same.
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the dibhédteweeamr et he unknown sample and the
probability that the unknown sample and 1
i's | ow. Hence, training samples with a
sampl e carrhyt iang owert hweeingaj ori ty voting p
samples with smal.l Euclidean distances
weighting in the majority voting process

sample for thecaeanmag,oraltly Bwdliindge @m odi st anc

Equation (5.1) is used to achieve the nol
> h
U p 5 ; (5. 1)
whelrgeis the nor malohz aitsi otnh er erseuclitp,r oc al o f

di stance betweeh arhce tthreiwnnr ligo veplr Bdpd rep | e

x o can be cyalcul ated b

y N p
0 wh — 5.2
O wh 4 ( )
After nor mali zation, the weightings of

| arger the weighting, the higher the pro

sample are from the same categoegomds app

more reliable. The basic ideatification |
5.3.2 l denti fication Testing Based ol
The above method is an i mprovement of
[ 97] t hmansht ructi on of t heaikKhN omodele armud ei
voting. It saves storage space for the

identification scenarios that have few aj
proposed met hod and[ 9the imed rmtoidf y nt ree f e @
from House-DAL&td hseetUK The date was 2012/
wa6: 00 to 22:30. A total of 59 switching

period. The 9 separated currents are di s|
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to separat eareamacdi weempuiemceabl e 5. 4. These

identification process of the proposed KI
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I n this identification process, the wo
first separated, itirstabhouhoobptwh bBammbaei
currasihemw used to calculate the feature ¢

KNN model . The corresponding harmonic val

Tabl®Th5., frequency feature aggregation

1st 2nd 3rd 41t h
Separated 0.3 0.01 0. 2 0. 01¢
Separated 1. 4 0. 0z 0. 4 0. 00¢
Separated 0.6 0. 0z 0.5 0. 02¢
Separated 5.6 0. 0z 0. 4 0.02:
Separated 0.6 0. 0z 0.5 0. 01¢
Separated 5.9 0. 0:¢ 0.1 0.01:
Separated 0.2 0.01 0.1 0.01:
Separated 0.6 0. 0z 0.5 0. 01c¢
Separated 1.5 0.01 0. 4 0.01"°
Secondl vy, the Euclidean distances bet v

training samples were calculated using ec
in Table 5.6

Tabl&Eusk.l i dean di stance between the trai
current

TV RE MO AC LAP GE EK VC
Separcastrerde 0. C058 7. 34.21.64.86.26. 272
Separated 0.£0.26.23.1109 3.€5.15.1
Separated 42 2.31.0C3.¢513 4.t55.¢3.7
Separated 6.3 5 3 48 5.35.83.332347
Separcasrerde 1. 3. ¢7.C5.¢€0.24.t55.¢5.¢
Separated 5.€4.73.71.€1.71.51.42. ¢
Separated 1.22.¢1.24.22.44.86.26. 72
Separated 3.25.£57.03.¢€2.10.40.235.¢
Separcarerde 2. 14. 33.C3.€5.06.€¢5.C01.C
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Thirdl vy, K was set as three, whi ch me:
freqgiemdtcaysr eshe separated current were fou
were normalised using equation 5.2, and |

Table 5.7 The normalized Euclidean distances the training sample and

separated current

TV RE MO AC LAP GE EK VC
Separated 0.90.0 O O 0.0 O 0 0
Separated 0.10.7 O O 0.1 O 0 0
Separated 0O 0227 0668 O 0 0 0O 014
Separated 0 0 0 0 0O 0630.730.55%
Separated 013 05 O 0O 081 0 0 0
Separated 0 0 0 O 0.030.8 0.638
Separated 04130138 0 O 0.0 O 0 0
Separated 0 0 0 O 0.00.40.5: 0
Separated 025 0 0184 O 0 0 0 055

Basethennormalization results, the app
the majority voting process. he identif]

Table 5.8 Identification result based on KNN method

Separcaurerde TV - - - - - - -
Separated - RE - - - - - -
Separated - - MO - - - - -
Separated - - - - - GE EK -
Separated - - - - LAP - - -
Separated - - - - LAP GE - -
Separated TV - - - LAP - - -
Separated - - - - - GE EK -
Separated - - - - - - - VC

Unknown appliance No. 1 has been identi
No. 3 the microwave oven, No. 5 the | apt ¢

81



ot her unknown appliances, their features
apptesn resul ting i n similar wei ghting
Therefore, their i dentification resul ts
correction. Fig.5.4 compares the identif
ei ght aptpweemctelse bpgr oposed met hod of thi

reference [97].

Identiifcation Accuracy for each Appliance

== —
S
.

[-2] @
3 & 3 g
: \ ; .

o
1

m Accuracy of proposed method m ldentification Period of Proposed method
@ Accuracy of reference[97] () A Identification Period of Reference[97]
A
(7]
T 1.1 A A
° b 2 10
n LJ * [ ] : 3
—————— - - - - — g = — - — = = = 0.9 A
(Accuracy=80%) t
o 0.8
T A
£ 0.H
l ___ e ____ ___ 2 06
=50% S
i (Accuracy=50%) 3 osl beriod=0.4S
£ eriod=0.
u g0_4__5___{_______1___A__)
w [ ] n ] L 1
% 0.3 - L]
B 02
[ [ E 0.H
TV GE MO AC LAP RE EK VC TV RE MO AC LAP GE EK VC
Name of Appliance Name of Appliance
I A€ I BE
Fig.5.4 The comparing of identification accuracyand period between two

methods

I n Fig.5.4 A, the proposed met h-od wuse

conditioning (AC) has an accuracy rate

accuracy rate achieved by the method in

met hod couflyd thtoe apmgintances with similar

kettle (EK) and geyser (GE). The main res

when a sepaerxahtiebtietecsurrenfewdbounppl i ances,

subdifveadtedr es t o help differentiate them.

built a stronger granular training sampl
overcome feature overlapping, but contril
thahis proposed met hod. However, t he 1ide

geyser (GE) remains around 50% for the m

unsatisfactory f.or monitoring purposes

Fig.5.4 B presents thetwao meetplteod 0dt arse

each appliance identification. The met hoc
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- 9 O «Q unw o

©

dentify each appliance than the proposec

uch identification vaplieancaeeipewndl ngdonf
hhedenti fication of a | aptop took 1 secon
ook OsYosecmmldete. I n contrast, the prop
n its training featsune meets,pewhi clo mpas ulin
he feature differences. Consequentl vy, t
mount of time toe.dentify each applianc
I n other words, the proposed met hod u:
equi r ear algees ss psatc e . To achieve hi gher a
dentification process for appliances wi

nd corrected

5. 4 Modi fication of |l denti fied Result
Pattern

Duri ng dtemd ilfasctatii on test wusing the KNN

ot be identified because their electric
n the identification results. As discus
| ecaatiwr efs ;e ltelcdairri cndmreatur es, such as th
witched on and its running duration, ar .
eysers have al most the same current f e
ur atarenscompl etely different. The appli:
pplied to improve the identification a
ol l owing modified method to help ident

atterns.
Firsmnoaltcheet ri ¢ data about known appliar

o train BPNN. After completing the trai

ppliances can then be obtained.

Next, three additional weeks ,ofwhaipcph i &
ncludes the times of the apmpl iramme nkgei r
eriod, to validate the appliance operat.
Lastl vy, the running and switching <con
ompared wiitom tplaed teper &atur ves of the know
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appl opepcati ons did not match with the opec¢
appliance, the unknown appliance is not
Conversely, thetyme&knoavn bae pild eamtcief i ed i f

consistent with that of a known applianc:
5.4. NNPr iBiPci pl e for Operation Pattern R

As outlined in Section 5-:e2,ecarliaeangarn as

to obt aéd napmpplciuamde operation patterns anda

However, this can be difficult to reali z:i
used to prdacecagas stthad i shorctal data to obtai
pattednswiatching probability distributior

BPNN i sf @ar weeredd net wor k model[ 1v0i06®] a mL
wh ch comprises an input | ayer, a hidden
receives data that holds significance 1in

i nput data based on the correspondheng act
net workodéds response to the input dat a. Ea
connected between | ayers via connection v

BPNN structure is shown in Fig.5.5.

Induced Propagation

Input layer | Hiclden laer Output layer
Ly-—4Neron, !

-4 Neron 4

—
—_
———————

ti_r--{Neron;_;!
L

----------------------

Weight Update
Hidden layer Output layer

i Neron ! Error of Yh(ﬁ)"' Neranu.i---Ermr of Yoo
o
: i
.----i Neron | Error of yh(]')"
i |
i !
! i
(1)~ {Nerons-i5/—— Brror of i}y 7 {Nerons b Error of yy

Fi goB8>.NN structure

i
|
Neron g Error of y )
1
I
1
I
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Fig.5.5 shows how the BPNN performs th
updg@et.Yare the number of neurons in the
the output l ayer, respectively. EGach | ay
denotes the connect@ ommuwengltfi ndg @Rea tnweue:
neurfont diodk eatyigiri.s t he connect i & eweriogh toifn g |

hi dden 1 ®@&wyeur camdof the output | ayer respe
The quantity of input | ayer neurons 1S
I nput data. An aoti wateidon nf urhcétnijdmp Gits | a

neur ons i n itshaep pierdp uto Itddyeerreicd den | ayer

As for data processing in the hidden |
|l ayer i s set manually and can adjust acc
Every neuron in the hidden | ayer has ind

eachuti nppyer neuron. The i npQtTlkeofouttpathiod

t hhei dden @l aTyheedn i s mappeudt pot thayer

As for data processing in the output |
according to requirements. Based on the
| ayer feeds back its r ds@oindpmoet topfithel BY&d

neur ®nl hies out put of thedodthpui ndageddproe

i somplwehteend obt aining the output of each n

The network error in the BPNN is then
bet ween the expected iIinputf ddatea eanmdrt he
net work error wil/l be decreased through

The BPNN is constructed once the active
i n each | ayexredhavishebeenmdufced propagati on
updates are repeated until thedeated wnirrke e |

range. This is the training of the BPNN.

wi || be used gnapplei carirespondi n
5.4. 2 Operati BraskRalt N BPrn Regression
This section presents the building of E
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pattern regression. First, the dataset b
Secondly, depending on the sizthieufmbterrai ni
of neurons in each | ayer are determined
cosnecutive update of connection weight.

curve can be regressed according to the
54. 2. 1 Training data set building

The size of training data pbftentsatlt hdat

on appliance operations is huge, which ca
time, and switching times. The more dat a
patterns obtained, but t hings pg®dN]GZX]|Tect t
i mrove convergence speed while maintaini

ivided into 24 time periods. The number

n in each period was cotuDnAtLeEd draetsap exd ti .v

d
0
consi der ibreg tolfe ampwprhi ance switching ti mes
and switching time points are captured v
n

amely the geyser, @oVdmMQdpwerpe saenlde oried ot
BPNN as shown in Table 5.9

Tabl®¥rh5e. number of switchi ptyK}ii mes of

AM AM AM AM AM AM AM AM AM: AM: AM: AM: 1

Perl "'p .3 @ & % G :B :® 910 1@l 1412 -PM: I
Geys 6 7 8 9 9 8 8 8 8 10 9 9
TV 0 0 0 0 0 0 0 0 0 0 1 3
Lapt O 0 0 0 0 0 0 3 7 7 5 2
MO 0 0 0 0 0 0 0 0 1 0 0 1
ceri PM PM PM PM PM PM PM PM PM: PM: PM: PM: 1
P B3 3 . H B 4G B 8 910 1a1 1112 AM: 1
Geys 10 10 10 9 7 10 9 12 11 13 12 9
TV. 0 0 1 1 2 5 4 4 3 3 1 0
Lapt 1 1 2 1 0 4 7 6 8 6 2 1
MO 0 0 0 0 0 0 1 1 3 0 0 0

I n Table 5.9, the first ¢ihdeay:owls: 0sCh oavm
2: 00 am is the 1st period, 2: 00 am to 3:
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am i s the 24th period. The remaining r 0oWw:
switched on during each corresponding pe.l

The data iasTabbeeuédntwly converted ir
purposes. The first rwuoftime merioxsdi s

row displays the number of times an appl:i

period. The dawaematheinxesed to@ train the
the geyser, TV, | aptop, and microwave O0VEe
Matrix 1: Training data set of

MatriTkalning data set of TV

Matrix 3: Training data set of

Matrix 4: Training data set of Mi

54. 2. 2 BPNN Training

Af toebrt ai ning the training data, the BPI

constructed and trained next. Depending

BPNN is constructed accordingly, i n this
hi ddes havwemomne output | ayer. The input I
| ayer had 32 neurons, and the second hid

had 1 neuron. The pndpbobedpBRPHNNZ&Etl dautsaturrae
in Fig.5.6
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Induced Propagation

Time period
from 1 to 24

Fitted operation
pattern curve

Operation times
in each period

First hidden Second

Input layer layer hidden layer Output layer

Fi géBP.NN structure for operation pat

Once the | ayer and neuron structures o
data was input into the network, and a r e
t hgeeyser as an example, the process of ob

First, the geyser was switched on si x
am to 22\&@13 smput into the network. and t
usi ng nesquat.i3o0 to (5.7).

Next, the geyser was switched on six t
lam to prvvaars, isngut into the BP network. T

BPNN was then obtained.

This process was r epeatnad gf adrataal Iwh2 4c hc c
i nto the network one after another to obi

Using these 24 outputs of t he BPNN, t
operation pattern curve.

Lastly, the error between the regresse
i's cal cudopue(dbwudd ntgo (5. 11), then the con
to decr ea%hee tchoen neercrtooron wei ghting was up

shotwlse convergence trend of network error
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process. As

Further mor e,

t he
t he

number

net wor k

of

updat es

error of

i ncr e
al | f

suggestsathatwvathon f utlbneeitomo rakn da rset rbuwd thu ra

150 4 .
v wl Microwave oven

120 4

90 4

Error

60 4

30

0 S
T

T T T T — T iy g T x100
’ “ Tim;; of It;gationrﬁ e ’ 2aTimesmu:nf Iter‘:xotionINEm 0
16 \ Geyser 1004 Laptop
4] |
\ 80
12 \‘\, ‘
10 "‘. _ 0 [
54/ \ s 1 |
I \ w40 \
6 \ I‘
4 \ 204 |‘
2 B o
0 o | 20 4 | e | 8 100 %100 0 2 40 60 80 100 ¥100
Times of Iteration/N Times of Iteration/N
Fi g7iBINPP error trend during trainir
Wh etnhneet wor k error was cl ose dcom@l ettedck.
A mature BPNN is constructed

5. 4. T2hABpl i GpreceaPat OREIGM es si on

Once

the training of BPNN is completed
by the BPNN will closely approximate to
operation pattern curve only conforms to
which the training data was extracted. F
cannot reflect a universal appl i-BAE runr
dat aset which includes 786 days of switch
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pattern curve, it is difficult to accur
appliance switching patTheerrnesf caesess at et
fit and regress multiple dayso som@grdati on
evail otghte possibility of appliance switch
curves.

A random extraction of 40 daysodé6 data w
the switching data of geyser, TV, | aptop
waegressed to obtain an operation patter:t
coordinate system. The ordinate represe
switching, the abscissa represents the t

oper ateironn cpuartvtes obtained.

Geyser Mi crowave oven
12 10:23 o 10:23
10 H 18-
13 switching events
8 157
6+ 9 switching event: 121
4 1
6
2
34
0

0 -
23:00 01:00 03700 05:00 07:00 09:00 11:00 13100 15:00 17:00 19:00 2100 23:00 01:00 03:00 05:00 07:00 09:00 11:00 13:00 15:00 17:00 19:00 21:00

TV Laptop

10:23

7 switching events

11 switching events

0
0300 01100 03000 05i00" 07700 0900 11100”1300 1900 1708 18:00 2T-00 23100 07100 0300 0500 0700 0900 1100 1300 1800 17:00 1800 Zhi00

Fi g8Tth.e operation pattern curves
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I n Fig.5.8, the abscissa i
events, the 40 regressed app

upper edge of the area repre

tt me, the | ower edge of the area

at a given time. Take for ex

s the ti me

o

|l i ance opera

sents the maj

represen

ample the swi

geyser switching event s, a minimum of 9

10. &3 Bt is highly probable

t hat the swi

re
t |

any day fal/l within this zone. Therefo
pattern curves, the average values of
operattennpaurve is thus derived. Usi ng
tot al number of switching events within
of switching events at each minute is di"
t o cale udvaittechtihng probabil ity toHdeatyhe Thp

appliance operation pattern

curves with

p |
t

to Fig.5.12, whichhgeppkesanbe pwiobhabedi aty

the day.

Geyser opeartion pattern

0.14 - I Tlme' of i‘he 'day'
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0.11 -

Switching Probability/P

e 0 o o o

o o o o —

(=2} ~ o Qo o
! I | I |

0.05

00:00 03:30 06:40 10:00 13:30  16:40 _ 20:00  23:30
Y T ’ T T Y 1

Time (Nth minute in one day)

T T ' I T I T I T T T T T
0 200 400 600 800 1000 1200

T
1400

Fi g9Th.e gemeraii eon pattern curve
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TV opeartion pattern
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Microwave oven opeartion pattern
00:00 _03:30 _06:40 _10:00 _13:30 _16:40 _20:00 _ 23:30
1 Time of the day
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Figl®dhe gemerati on pattern curve of ¢
54. 3 Veri fication and Testing of Oper.

When otpleg ati on pattern curve and appl:i

obtained, the others three weeksd data w:
curve and switching probability. The nun
|l aptop, amdvémi@nNowacecd hour was counted, |

t he-DBAdata set s, Table 5.10 shows the av

the four appliances during each hour.

Table 5.10 The number of switching times offour appliances[UK]

Peri AM AM AM AM AM AM AM AM AM AM: AM: AM: 1
12 3 3 o AH5 B 4 B 8® 910 11 1112 PM: 1
Geys b5 7 9 8 9 7 9 7 8 11 8 8
TV 0 0 0 0 0 0 0 0 0 0 1 3
Lapt 0 0 0 0 0 0 0 3 7 7 5 2
MO 0 0 0 0 0 0 0 0 1 0 0 1

Peri PM: PM: PM: PM: PM: PM: PM: PM: PM: PM: PM: PM: 41

12 23 34 45 56 67 78 89 910 1@1 112 AM: 1
Geys 10 10 9 9 8 11 7 10 11 12 12 11
TV 0 0 1 1 2 5 4 4 3 3 1 0
Lapt 1 1 2 1 0 4 7 6 8 6 2 1
MO 0 0 0 0 0 0 1 1 3 0 0 0
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Fig.dam@Bares the geyser's operation pat

switching times of the geyser in each hou
chart are compared together. As for the
numbetri noefs t he appliance is switching, t6Fh
under the corresponding axi s, and the hi
geyser running in each hour. As for the

beg nt he appliance has been switched on,

day O(mid4ndut es) , under the corresponding a
appliance operation pattern curve, whi ch
switching on.

Period( each hour in one dag)
3 6 9 12 15 1
0-14 5 T Y T v T Y T ) T ¥ 1 ¥
0.13 | [C__] Number of switching times(N)|
Operation pattern curve(P)

0121

0.1 = . g
0.10 \

0.09 1 Y] / ’./— ] / N
00s] /)| [N/ _

0.07 / ]
0.06 | M .
0.05
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0.03 .
0.02 1
0.01 |
0.00 0

T T
0 200 400 600 800 1000 1200 1400
Time (Nth minute in one day)

-

-]

Switching Probability/P
1
9

. w ‘ £
Switching times in each hour

N

1 1
-

Figl¥deyser regression operatabnspacaeér ni

| Fi g. D.mpAricng tbwi hdalimmeg @amd t he oper e

curve that the geyser was @omereateerd,s haptp

when the probability was highmeanst hteh eop
swit-cmedrobability distribution curve is
appliance is completely regressed.

From Fig.5.14 to Fig.5.16, they compa
switching times and teren applvieancFeors adper
tested, t mgpph umnieteshoifng ti mes foll ows t |
regressed operation pattern. Il n the per.i
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probability that appl i ancpepsl iwaenrcee sswiittcchheic

was also high. By contrast, in the peri ot
an appliance was switched on, the numbe
appliance running coincideéeserwitcthrivke tr el

Perlod( each hour |r1150ne dagl)

3 21 24
1 L
:] Num er of sm‘)tohwg Pme |r| each hg [

] Switching probability line during one
5
£ R dg 5
£ -
54 E
:
= 16
Z3- =
= M o
g =
] alln 14
5 £
54 124
2
’ A/ |

0 a T T T y T 3 T ' % T 0

0 200 400 600 800 1 000 1200 1400
Time (Nth minute in one day)

Fi gl®dV regression operation patgern cur

Figl®aptop regression operation pattern
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