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ABSTRACT

This dissertation aimed to study the measurement of the electrical energy
consumption of household electrical appliances by measuring at the main power point or
the main input circuit of a house using the Nonintrusive Load Monitoring (NILM)
technique, and to analyze the behavior of electrical appliances in the house. The data were
continuously recorded for the determination of the guidelines for energy conservation in
the residential sector.

This dissertation presents how to design an embedded NILM system for
household energy conservation. A microcontroller with embedded software was selected
to read the data into the NILM process at a low sampling rate every 1 second. Four
features of pattern were extracted, containing the information of the active power change,
the reactive power change, the number of intersection points between the active power
data and the reference line, and the estimation of the starting characteristic of the electrical
appliances.

The proposed NILM system was tested in a sample test house that used the single
phase power system. A typical meter was also installed to compare the results among the
electrical appliances with the proposed NILM technique. The validity of the tests was
checked for 1 month in 3 houses for analysis of the test results. The proposed method was
able to detect 91.3% of total events. The accuracy of the average ability of the system to
disaggregate devices was 0.897. The comparison of accumulative power consumption
was 0.927. The continuous record of electrical appliance with use of NILM technique can
be done with low cost investment. The data can be analyzed for the electrical appliance
behavior for preventive maintenance and alarm.

Keywords: NILM, embedded system, disaggregation load
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wmsnseydnendssmilunafiegendefednnuglilnii uslegaindeyalunsed 1.2 wui
Fruuseldlnilunafiogendoiistuaumnda 90.08% vivlvinisldndsnuluiisesed
uniflelfisuiuAsnsuuanansuazing Weeuiudeyanislalniaumnsed 1.1 7 2562
Anadensldlviluiansvuiananuarlngjsoseagi 907,121 miresed Aadsmaiied
010yl 2,218 miresod ﬁaﬁ?mﬁammmmgmaqL%’W%aaﬁagaﬂﬁa nsasmuiionisoysneg
wdsrufatulunafansuanaaasivg duarlifuaiesannislindanuligein uidh
wosnwsmailegordlindsnuluihasie 24.64% wardnulufifivgsdunnd msdaaiy
mseydnumdssdmiumaiegendodsniala

A15199 1.1 51t 2562

el (Gwh)

83 LIS p /! AaNIFVUIANAIY

VNogondy AINIVINALEN .

X uazlvg

Y 2562 43,932 20,706 109,671

Y 2561 41,285 19,767 105,316

U 2560 36,447 17,016 100,496
Sovazdfialusou 1 7 6.03 4.53 3.97
Sovaydfialusou 5 U 17.04 17.82 8.37

Sagaznsigluin U 2562 24.64 11.61 61.52




AN51997 1.2 uuglalnil 2562

gLl (31e)

8 4 . - B A2N5VUINNAY

maqmml AYNIIVUINLAN LLaSSL‘VTQJ:

U 2562 19,801,917 2,056,377 120,900

U 2561 19,300,577 1,972,830 115,397

U 2560 17,666,752 1,784,592 98,782

Sovaviiviivlusou 1 U 2.53 4.06 4.55

Sovaviiviivlusou 5 U 10.78 13.22 18.29

Sovavg Ll U 2562 90.08 9.35 0.55

Hagumngléliihdesnsnsnasunislélii anunsogldandiimesfignaadun
L b vTenuLaeiine35I1Y0981A 1SN NTRTIvaaUIINtuLTsA i luyng Wy
Fslsiavannsoninsaaouvieuimsdanisiundanuliin uaznismsdeyafsdudeya
amrmvasiatu Vil nsddunuduniseyindndanulunegunsallditeyaiidaau
U3 OMUILIUATUNITBUS N ENG R TUABINTIATIENNTIENE s uvesaunsallviii neludu
dodldmaiiudeyadnnuinnuagldnauiuamsui 1.1 WeliAnmseyinsndsauluniad
ogorBunduazdedldimaluladfinisamus Tnsuszgndldnistanisldndsauliiag
Feni Nonintrusive Load Monitoring (NILM) Tnensiaiufindeyadsnanazinsauaiosinly
fyaidienihsasmidindnvesemns Tnsannsousnuesldmeuiiinaalwihiladsldnuey
thawadldmdalaiuinlamusud 1.2 Inedeyaiidedlndidsstunisinaiesinlifilvanusay
Hlnenss uilsevdnaldaneveedasiiotauasiauilildmildtumnthudeu

msnudadiunslimdsnulniluszdugunsaluasifunedlumdesefuasvinld
NMIeuEYeMsUfTRAmNRINsTimisufunseudnYndsnuugiieansusnda
WaUAINTInTIRARUNalAS) dsmarensuftRkuudeles 1ty MITasIAUuAgaMgd
\3esUSuAfl 25 s FlaliihannsanaseuyfumamiuzthuazUSoudisutuadiusu
Un@ mnanuianliunndng famnsansavaeunansuszndaldnielu 2 fu fenndesasu
fasaedaatandsnuliinfiedosusvornmadioguadinadrienldsunissau fetes szuu
NILM agtfumadon udanslindsmduszdugunsaiitléaninsyuu NILM WudlaeUszana
Fsffeslinsfnwnideiismsdualildailndidsanniign uwaglusurannisAnainsly
wasuliiiangunsaliivay Wy szuuvisasaliiiinigludiu eradasialawinduaiy
Panmiflindreiuszu TOU ifleandanudesnisinigsan (peak demand) Tuamsauiia
Usena drunuamnmssdnduligldlwnsemindefiunvesanlinnelutiuvesnuiostiu
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annsaildlagnisnisadrsssuulididadeyaldazannuazifindoyadionisiiaseiids
wuzth 1w AiesgdszdunislindsnureaaissfuenauuuseideniioUssidurasai
msdaATesfuana Anneviaianieuuanimaiosnainsilialnsviedenadiadailorgly
IWanvaa1a4 Ineiiia Application dmiuaruaugUnsailuiindeaunsvinuruszuy
n39nil Famadidsdeyaludagurildhetunnanudrniweanaluladlutiagtuuas
N13831958VULAASUBLAWUY loT (Internet of Thing) Fadumsinuussuuiadetieriili
mMansndeyanislindanuliiwuunansiuasdeidowhlddmsunnasaiseu
nsnsuteyanislindsauliindusiegunsaiuvudeidesazvi i 14w
USuidsunginssuiionsununissendamdanulnildussanm 12% deifeuiunismsiu
Foyavesnslindanunuesidudunedoudadummsudeyandmnldlniiug qud
MINsuNLToU sz sauliinUszana 3.8% [1] muguil 1.3

fTiwashnii ALl
s Y A
Hame \ W UDUANNTIY
- wensiennseLheu

Aliusnsaulniiy/

MNBNUBYTNYNE 11U
foyafingm

- menslilwihsiaifou

- 13N lilnihgeluseud
- msliwdssnilwihsalunadiegends

UM 1.1 msasndandsaulniiludagiu

mmaﬂﬂﬁwwaam:iw NILM il

AliusnsAulngn/ .

MNBNUBYSNYNE 191U dayaingiu

foyaiingy - mhemsldlnisaifou

- wihensidlihseifou - nslindsnuliihvesguniniusazvin
- gaanislalnihgeluseud - YIa1nsvinuUnsallsavyile

- msldndanulnihsnilunaiiegeds - UszAvnmuesgunsalitddgy

- msliwdsenlwihuesgunsaiusiavein - JoyarUTouiisumsldngsnulnives
- 9383a1M VU UNsalsazyile gunsaldAglutaaaiirun

UM 1.2 msasndandsanuliinieussuy NILM
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12.0%

Real-Time
Plus

Daily/ Feedback

LY e
Real-time info
Feedback down to the

3.8% \ appliance level
Household-
El’lhanced specific info,
e = advise on
Bl“lng daily or
Householc!- weekly basis
specific advice

“Indirect” Feedback “Direct” Feedback

(Provided after Consumption Occurs) (Provided Real Time)

JUN 1.3 nan1suunginssusienismsudeyamsldmslandenulnitlusedudngg [1]

1.2 ngUszaeAn13I
1.2.1 dednunnsiandsnulifimesgunsallihmeludlasfesauaiesialiye
FenThssvitmdnyestusinendaseimaia NILM
1.2.2 WlodiaszvingAnssuvesgunsalliinaelutuanmsduiindeyaiduse
IREDRRIE LG
1.2.3 iefeufisusunuresnisindaeiesinddsinihiigunsaliasasefuniste
el NILM

1.3 auNAgIUNITIY
1.3.1 Anwmstandsnuliihvesgunsalwihmeludnwilpefaduaiesinligaien
fhsrsvidmdnvesinine de
1.3.2 Wpszvinginssuvesgunsallwinneglutuainnistuiindeyaluseaunsal
uuusieLiles
1.3.3 msthdeyaldndanululiiandeyadildain NILM dusunisivuninnsns
susnendssnluneiiogoide

NnaNNAgILYeINTIde dsilithmneiemiandsnuliiwesgunsalluiimely
Srulnsfndaiaiostaligmieiiasidndnvestiuinendedemaia NILM uaznstu
nginssuesgunsailiiinelutuannistuiindeyafusegunsaiuuuseies tu §3ded
fawpansinidunudsgud 1.4
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Joya (Input)

AnwIn1sin
nasuliveg
gunsallviinely
Hilaeing
\3esinlianiden
frsasvndngn
Y3t UNNeAY

AS¥UIUNTTS (Process)

nadny (Output)

=

= a a dy
Anwraiiinyu
A o =
Wednsduiin
v <
voyalluIY
gunsallviiinely
UnusuusiaLies

AsAnwLazaiunig
1. ANYINTITTANG 991U
li1voegunsallulii
aeludrulnofnga
a3 0etaliqaLdeai
1995V NV NG NV
UnuinedemeLALla
NILM
2. TATIEANGANTINVOY
gunsalluineludnu
nnsduiindeyadu
iwqﬂmaimwiaﬁm

a a
N15UsSLAUAULEYS
1. finwin1sdnv ey an
v = [ 4
vunnidusivaunsal
LUUM Db 29Uy
Yszlewilunisniinum
W|nsoysnEwa
a I3 = =
2. IeszmUSeuieu
AUNUTDINITANAS
LA589IANaI LA
gUnsallaenseiunis
TaaEnALA NILM

JoyangAnssuvetgunsel
I rareludruainnis
Guinteyailusegunsel
wuus ol g Tnadass
\3esinliRiferinsasen
Wmidnvastnuina fe

nsdteyaldndeanulni
7oy At 1910 NILM
AIMTUNITAINUANINTANT
oudndndsulunadieg
oalatd

UM 1.4 NTOULLIANARYEINTTITY
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1.4 YaULYANNTIAY

1.4.1 ponuuuszuuaTeiamdsnuliivesgunsalluiihaneluthusislvanasilae
a9 indignsuidsluiimandomaia NILM nFeudisuifisunugnies
wazdunuiumsintauaiosaidsiihiigunsallnenss dmsuthuinerded
Ansafimaslihuuy 1 wla suedines 15(a5) A w3e 30 (100) A

1.4.2 "3miwvﬁwqamimmaﬂﬂim“lw%]ﬁuﬁmiwammﬁmﬂmiﬂ'uﬁﬂ%’auaLfJ U3
EJIJﬂ'iﬂJLLUUG]EJLuaW]’JEJL‘Vlﬂ‘IM NILM dmsududoyanuziilunisldndsamuls
fiusvAvEnmgetuiivmnsaufuuaraniud

1.5 UABUNISIFY

andun1sidentadu 2 dnvaur Aenisdiassdlglusunsudmszvinieaulngi
LAEN15RNLUUSYUUTSS InadnluAnwiuavesnuuulunsasdimuesszuu NILM fad

1.5.1 ﬁﬂw’ﬁ’miam%;ﬂmm‘ié’aﬁLﬁm%a LLazs?J’aqﬂasuaﬁzwﬁﬁiﬁé’fﬂ’mﬁwmmiﬁw

1.5.2 AnwigadnuuzveslnanUszianeingg 1lew1ismsimnzaslunisnsiady
NSty

1.5.3 nMs31aeemelusunsuimszsnianiulnin

1.5.4 miwmaaué’wmiam@?ﬂqﬂﬂid

155 "3meﬁwqaﬂiimaqqﬂﬂsmﬂlﬂ/\lﬁ'}ﬂjﬁﬂiuammﬁmﬂmiﬁ’uﬁﬂﬁﬁayjmﬁuiw
qﬂﬂizﬁuwmﬁaqﬁammﬁﬂ NILM

1.5.6 a@3uwua

1.6 Uszlpwifiianinazldsu
1.6.1 I@dunuuszuunenuezfemaia NILM Aanunsauennisldmdslniiseeu
gunsallwihannsnsaninflgasuridsluilingn
1.6.2 annsnimindeuuriilunisliwdinulitvssaninmaalufvangauduusios
N GAIERY!
1.6.3 T ludeyaniseusnundsunisldndanuvesaiasuasinusaula
1.6.4 Hudeyadmiviauvssansnmnslindsnuveaniadliluinsaeg 16
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Un 2
=) o o cl' cl' 74
MQE{]LLE’IN’]U’J’«JHVIWEJ’J‘ZJ@Q

' 1%
& ala U/

Tagtumnglalnindesnsnsaaeumslglwihaimnsaglanndlnesifameuuan
Inihriefunsfinessumuermaineds niensaaaeunnluudsanlnii-lunng e dalsl
d2AINABNITNTINAOUNS 0UTNITTANITAUNaI Ul waznisnsiudeyafazidudoya
amsuresiediy Mildmsdidunuiunseydndndanulusegunsalliiteyad daau
w3 anlgnusumMsayshenduiemiinsgimsldndsnuvasgunsailningludi
doddnmsifuteyadurusnnuadlinau weliAnnseysndndsnulunafiegorfoun
TuazdedldinaluladAdnisasuin lasuszyndldnisianisldndsaulaiafiFends
Nonintrusive Load Monitoring (NILM) Tngn1siatiufindoyadananasfaduaiosialifiya
Feafhssndmdnveserms Tasansouenuerldhmevuiifnanlwihialadaldauogdn
wagldfdalniuinle InedeyaiseslndifusiunsAniadesinliiivanusazilaonss s
UsgndaanliinsveaniestioTauariauilildaulifunntuteu

Aded Jadumshienginislindsnulaimesgunsallniinnielutulee
paninfignsuidslniimdndomada NILM uaymsinuinislideyaituiinfusisgunsal
wusieiflosuselovilumstmusimseysnemdsny

2.1 53UV Nonintrusive Load Monitoring (NILM)

s¥UU Nonintrusive Load Monitoring (NILM) Bafinisieunsadeusnlud a.e. 1980
1ne GW. Hart [2] 1§38nsaadumsidsuutasidslniiiate (P) wazidalniuondn Q) 7
Dimasiunms wdisuiivuiudeyaianizvesgunsailiihdmiunenueynsudsuudas P
way Q nsrduldunduinnnnsieuniengarhauresgunsalladile Tngslandn
VBITEUU NILM ﬁammaﬂamé’ﬂwmsLa‘wwé’hsuaqqﬂﬂmﬂlw%aaﬂmﬂﬁ@mmm [3] lng
sATeMsi1u NILM TFSunsiamnegsreided Tasannglutag 5 Iurudiundnisaiius
unauAeIiu NILM fisegieoides mugud 2.1 Tnewunldunsifiuifigeluaonndasi
unanusuansedinesaugui 2.2 faduwunldumsiamnszuunsntandsaulniiily
vannnanedii Inedeyadisnadaainthunain Google Scholar
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UM 2.2 AS1LUS8UINUIUANSARUAUNALLABIAU NILM tazausaimes

'
s o

dmIugun 2.3 uansinag eI sIndryaus kA dyyildimatia NILM wen

[ >] [
'
=1} | o o

gunsal 3 ¥lia laun dv8u Insimd waziean Weaiuisanenaiidsluiiadeanuldn

ausammnsianasauveniodddlniusazetald ieourvayailaluldluaueysng
nasulurusely
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Refrigerator Power (w)

Total Power (w) 100

UM 2.3 dyaausiuuasdyananld NILM wenudaggunsal

2.1.1 MUl TELUaITEUU NILM
2.1.1.1 wiaUsennnu Hardware @nansanusld 2 Ussinvmudasinisdutoya
V94 Hardware [4]-[6] Ag
1) High Sampling rate "ch‘iVfﬁﬂﬂiiﬂ‘ajaﬂﬂaﬂﬂﬂﬂWﬂﬂﬁ’JﬁJﬂ’mﬂJﬁ’q&ﬂ’jﬂ
anafiugiuveatdsliil Taeldanuflusedy kHz shlvddoyatiazBeslunisusninan ud
14 Hardware #i51A0g9
2) Low Sampling rate "'cg\‘iﬁ?ﬂﬁiﬂ"ajaﬂﬂaﬂﬂﬂﬂﬂﬂﬂﬁ’mﬂ’mmﬁl@éﬁﬂ’jﬂ
anuifiugiureshddiaih lnedauannldanyd 1 Hz viesinin feyadilddanuaziBend
AILUU High Sampling rate waUsendaalda1aniu Hardware 16 waghninisiiatuseaia

2.1.1.2 wUsUseLanmIu Event Detection Algorithm @1unsauusla 2 Uszian

1) Event Based Algorithm 1Jun15as199udnwaugian1zAvoslnan
Inl¥ (Load Signature) Bslaauannazans@lily 1 92sms Sampling flgunsallwiinifisasn
Ferfudsuannznmsie

2) Nonevent Based Algorithm Tunsdlfifinesiinisaassliudalaons
grudieyaiiniudish 1 -15 uriirends Nonevent Based Algorithm Fsfintsimulnguseyndld
Hidden Markov Model dnsusgyaniigmsviaruvesgunsailninanmaslniisy

2.1.1.3 wusUseLaneu Data Disaggregation Algorithm wuslé 2 Usiam [4]

1) Supervised Learning unslddeyavesigunsaivanindudnuoue

nngimedvanussinvila nsiinaeuliszuuandrsuuuuazusnuszdeyadisuanls 3]
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2) Unsupervised Learning ifumslifssuunenuerdeyailduinlaeio
Ifeyafiidnuuriameiwesnaslndifsiuazanangunsallaindszianifisafunasiilo
wisteyavonidunguy 1Hudr ndulddeliusasnduinugunsoilifaislasiely (8]

2.1.2 anwazlanzivedian (Load Signature, LS)
TnanluinfiwnnsnetuarfidnuaensTdlniifunansieiu Inednuaefunnsig
uiZunndnwasienzihvesinan lnednyarianyivesluansieg dumsarasiaduld

ewedasfioTaialy annsaedunediuauntsd 2.1 16wsd (6]

e

LS; = {fi1(B,0), fi2(B, 1), . fim (B, O)|AL = T} (2.1)
AoanwuzLanIzAvedlian i

Aeusunamisludiising Avals

fi1(B,0) Aodnwaziau (features) 7 1 vaslnan i Faldandeyaitin
Aesnudnwas T e iRsan
AamuatlunsIudy I

nanfe LS Wugnvesdnunziumsliidddannisteusiamisiiiuesinandus dauen
T Wumunalumsiausinamsliiin e T Hduenseilumsnsndu LS mesuduaa
semnuafiinnnianuiyagiudeninssivlales Sadumsindemiuiigeilramisai
gﬂé’i’ﬁyﬁymﬁumGmﬁusuaqiwamlﬁasm%’wLauﬁqgﬂﬁ 2.4 M¥auuuiildmsuenueslnanyi
IFheuifeddiniadiotafidnmunuazdosdinmsmiadyaiasuniuia

o ip 20
g : ' i .%. % v,-"//\\ g 10 /A\
g / 2 >N\ 1110 - v
5 4 “\." 7 3 S ba / N 10
= Air conditioner | Air conditioner IT’ Q Induction cooker
-6 10 20
0 s 10 15 20 o 5 10 15 20 ) 5 10 15 20
Time [ms} Time (ms) Time (ms)
is i o2
F10 /\ y — £ o: A
é 5 / G e § 'v' \ g I\
1o/ M ~ gerdla e
& 5 L / 3 \/ -
510 Nt 3° - i S v
- Microwave Fan DVD
-15 1 0.2
o 5 10 15 20 o s 10 is 20 o s 0 is 9
Tima {ms) Time (ms) Time (ms)
a -_— 1 E z
E 2 e = Tos / ‘ B
= 2 f 2 \
E / N\ £ 7 42 . £ \
= o N\ = o e — = o0 o -“
¥ \, / F ¥ \ /
! 2 \.\ / ‘_‘, 0.5 = \! 1 “’
s Rice cooker ™ 5 Amplifier i TV
-] 5 10 15 20 o s 10 15 20 o s 10 5% 20

Time (ms) Time (rs) Time (mms)

JUT 2.4 fegadneaianeivedvanluseaululas [6]
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andnwazanivedmanlndi daduildannisinusuamaluiiniieg wagihmndy
duuszneuresnudnuasiangdieduanlwihlddnsinwuas s nulAlasd

2.1.2.1 gﬂﬂ?{uﬂima (Current Waveform) I%amMamﬁwﬁgUﬂ?{uﬂisLLa‘f/‘i
wansnefuFsay ndudidulnanaudiunugedunssuaasddnwazidy Sinusoidal
TuvagiiniesfuonalligunsaindnidueimesvilisundunsuaffinsddnvaslndiAss i
Sinusoidal Tnsviriusznouainisasdidnnsedndsundunszuaaylsiilu Sinusoidal daumdy
findugundunseuaaziensuedngs

2.1.2.2 Mmaslwvaauagidslui3uenfiv (Active power: P, Reactive power:
Q) i P uay Q Wumfignilldlunisingadnuuziomziundign wunsld Complex
Power Space (P-Q Plane) #3317 2.6 lagerafimsifiudinsosdeyaiii edndeyasuniu
vseeseenty [4] dnsfiansandeguaduidslnindeaznanfduidedely samfsms
Avusinasifisifylunsdanenuseinmvadivanldii (9]

1.1.2.3 g1508ln (Harmonics) 1unsinlusgdulalasineldniuiadunisin
Fanrudilémsuinnii 2 whwsserwiensuednfiadla (5] nstauvvdenaldarudaeds 2
kHz Fee1avmisiaamzluaniiedang (Transient) w3evidluaniizdanguazaniizai
(Steady State) Inanlniianaziinesludniiunnsietu 3315t reddindesataiifisnm
unauaziosiulaiaiteldvesanae Transient doswilouidunng ada

2.1.2.4 UnAuM&lN (Power Waveform) 1umsggunduvesiidslniinads
wararngUaduiamsailuusUssinmastnanlndild (101 905Ut 2.5 T8uslnanladh
panlu 3 Useam lé’LLﬂ'UismwﬁﬁmiﬁmuuwmﬁauLLanmﬁﬁﬂMﬂuﬁmL'Jmé'jm Sigh!
13 0ednin Useiandifimsidsladhfinisunsenennuige uagdseianiiadidslaiigha
AsfivideIUAsundasandsyy
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U 2.5 fhogregunduidsladiinvesivanluidieingg [10]
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2.1.3 Mswenugzlnanlnii
A8nsuanueznslendslndivednanusiazioonainaisiui Taunlavy
anusauuslidu 2 sUwuu Faoadenlduuulauuuniiateldvis 2 wuunaunauiy Ao

2.1.3.1 Optimization Problem gnunsaeduiela ALANNTST 2.2 fadl
P() = Xz, ai(OP; +e(t) (2.2)

edl PO #e amdlndislasfisals
a;(t) Ao a@nnurvaslranusaz@l 1 Bunefie ON way 0 wuneds OFF
P; Ao armalniveduanimaze
n fo Srunulvanfifiviofiavlavzienuezaani

e(t) Ao AIPURANAIAFIE

AR a;(¢) Avilian e(r) Sadlndidesivu 0 winitan neldToulusiegi
Mnun Feedrinwesisnisilaeissemsiuan Py AlndiAueiuriase Sununedunisuanues

vananuIUL s 18NS

9/

2.1.3.2 Pattern Recognition {umsldisnismenisdanistona JeymruseReg

U &3

#3035n15MAeuR 5B WodwunAm el Taldesndudeyanisldlniives

=

nanusiazifianla lnodnmsdmungusuudnuasionzivedvanl idwiifieldsyuuls
Seukazandl nann1IRNa1I81vI AUk NE Y BN MENN1S Optimization weiagly
Fmeulfuugnilunsdifisnddeyadnunzianieivedvanliidfisame

2.1.4 fpgeisnsuenueglnan

2.1.4.1 Integer linear programming [11] DuBmsdmumnane v ey
auaunisi 2.2 Tnefiaunts 2.3 Wuiegneflaidululuswnsy MATLAB dmsumainnsine
vasgunsalliluguiuy 2 anie 1Ua-Ta Tneimuaveuas (1b) vesius x 1u 0 wag veu
UL (ub) 1eeuUs x B 1 fezldnanaudumsiuiuiy 0 uaz 1 Tagl@ds x = intlinprog
(f, intcon, A, b, Aeg, beg, b, ub)

x(intcon) are integers

ir X subject to
IT{\}I] f 2 J Aeq = beq (23)
Ib < x < ub.
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fo e aunsiaduiifiesnsnmansufisiignaneldteuluiidivun
x fi dudsfideanis
intcon fio drduresFuusiidesnisnansuduausiuausiy
A*x < b fio Fouluwvutesnimdewiniu
Aegix = beq e Weulvwuuwiiu
ln, un A9 VOUIAAENUDY X LAZTBUTINAUUVDY X

2.1.4.2 Bawaunnsnenluaa (Hidden Markov Model : HMM) 1ulunan1aais
[12] thaszgndldiuszuuidiluguiuudng Avarnvatsigu svuuidides ssuuidiam
e adenisnennsal Wy weansalseudnning (131 HMM HumadiamsiSeuiaivaun
1191nfuUIN$AEY (Markov Models) Tngldduunguuuuresadiumsmsainiiss ded1su
voummsniazgnitaedlieglugiueshdunsidsuuasmesaniuy Tmstazerdudrmiu
Uragifuresnisiudsuaniuy uazArmuuiazduvesvindeyaiidaunn (Observation
Symbol) vesfuvuidedinddsuaniusiintuannisteudoyavesdrdunisdana wag
naansazgnihluldlumsdnduladndeyatidifessls annznisvauvesgunsalladily
ansodanaldlneasinnnseiuardoyadidsliiihsundinesfunig dedu HMM Fady
madenflaviunmamanusfidanalllfifowsnusznmihnuvesgunsal lnsesdusznaud
drfresiunuudnnunisnonlunan uaunisy 2.4

A={S,0,P,A B} (2.4)

e S fe anuy (States) Thiululy
O #e Yoyafi&unm (Observation) MdulUL
P, Ao AmthazduresaniugSuduiine t,
A fo Areuiiasduresnisiwdeuaniug (Transition Matrix)

B fia Annsnszanamuiasuvesdeya (Emission Matrix)

inwuali g s dulldainiu K wardrwuenudululdvedoya
Y wiAU N 2unaves A Ae K x K Fadudrriuiiazduresnisidsuaniugainaad -1
TUnan t wansldmuaunis?l 2.5 wazauinves B fie K x N Judurianuiiaziduvesoya

YUI190a7 t hanalAmINaNNITN 2.6

Al j]l = p(S: = jlSe-1 = 1) (2.5)
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B[j,n] = p(0; = n|S; =) (2.6)

1351959 hmmdecode(x.  xJ,A,B) Tu Matlab Fadulusunsumuiniiieau
HMM [14] Taei sfdudazmuiamanuuiaz durasuravaniug Wo x., uae x 1ud
AdaliTinan t-1 uas t mmgﬂﬁ 2.6 mﬂﬁ?ummqaqmaammm%L?;quaaamusﬁnm t
wnonsasnugifiossyanazvesgUnsaitsasi nifulsssnuveddliihvesgunsal

WHAZFINUEUNITN 2.7

Input

UM 2.6 luwmanismAanugeg HMM

P = Y Ppear ki (2.7)

dla P, fie mmidsliinialdannTmesudnivia t
k™ Ao anuzvesgUnsaladuil m leRinnisoensianivian t a1 0 wax 1
P Ao mmaaliihgeanvesgunsalddui m

2.1.4.3 Artificial Neural Networks (ANNs) TAs9918Usy@1fien ©50978971u
Useanifiey (Artificial Neural Network, ANN) fig Tutnani19at ad1dns %S aluinanis
ABURIADTENNSUUTLUIANAANTAUNAA 1IN ITATUIURVUADUUATU TER (connectionist)
WnARBLEULATAG RN NN sAnTAsee g (bioelectric network) luases
[15] FaUseneude waduszam (neurons) Wag IAUszaILUTEa (synapses) aaluiaadl
PesnlszamAnannsdensesyuiaeaduszam audundetneiivinusuty Ui 2.8
LLamImqa%ﬁqﬁugmmaﬂmqﬂﬂaﬂizmwﬁwﬁﬁ 2 Bunm 2 Hidden wag 2 L@1anm N3y
wady 3 Jumeused
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Input Hidden Output

out,; f—»targetl

»|out, l—target2

UM 2.8 Iassadwiiugiuvedlassiesyamidiey

1) ArsAwrnwuulutneania (Feed-forward computation) [16] Fumeu
ff1uan Net vosBunafiduiusiu Hidden wag Net voaiandnm LazAuIMM LN ATES
Hidden mﬂﬂfuﬁwmmmﬁmwmmm

2) NISATUILUUE BUNE S (Backpropagation to the output and
hidden layer) fumeufidnuandminioiwauagtimin Hidden duuldswnalusevsely
Tnefifiaunsdsuutasiuminnanasiu

3) nsUSuAtuin (Weight updates) nsAurailuudazsaudiosdinig
Usuetmiinlianeugidn Tnsngadmdemfsnaratesniia it

2.1.5 MyBATIEAngs (Clustering analysis)

nsiasigrinaudedfnisifeusgwuuludeasu (Unsupervised learning
technique) Fefiidmnerionsiuunnaudeyaiifiandnunzadeiueglunguidediu [17]
Tnedeyausiarnguazgniend adames (Clusten) Mdnssivieduunngudoyaduaise
wesanldidu 2 Ussavldun Fmsuuuadutu (Hierarchical algorithms) wag 3amswuulsl
Fuddutu (Non-hierarchical algorithms)

2.1.5.1 Hierarchical Clustering msdnnguuuuddududumaianisnisiidands
MUANUARIEAUYRITBYER AEITN1TIRANNAR B 8RNI Y Euclidean, Cityblock,
Mahalanobis, Cosine L1Jufu [18] JUkUUNITHARINATEY Hierarchical Clustering A Qnueans
Tusuvesdiulsineluusay class node awtsenaulude child nodes inafafianunsnuy s
msadreduldlandu 2 Ussianfe Agglomerative (Bottom-Up) wag Divisive (Top-Down)

28



samples A B c D E F G L0 ]
A 0 0.5000 0.4286 1.0000 0.2500 0.6250 0.3750 ]
B 0.5000 0 0.7143 0.8333 0.6667 0.2000 0.7778 J
C 04286 0.7143 0 1.0000 0.4286 0.6667 0.3333 1
D 1.0000 0.8333 1.0000 0 1.0000 0.8000 0.8571 3
E  0.2500 0.6667 0.4286 1.0000 0 0.7778 0.3750 ]
F 06250 0.2000 0.6667 0.8000 0.7778 0 0.7500 ]
G 0.3750 0.7778 0.3333 0.8571 0.3750 0.7500 0 1
0.0 —

BFAECGD
UM 2.9 MsuUanguaIeIBnIg Hierarchical Clustering

2.1.5.2 K-Means Clustering [19] fedsnsduunngudayaniedsnisuustaya
dalutRauen k Aifmus lnonszuiumsvhaudens k Bududmiuiluanaidunsiangs
wazUsuAmunseuIunssell 1) don dexa di dwiuinszerrnaiual K Sudundl 2)
fvunyadeya di Wiy K Alndfian wazdfum K milidumnaiswosndudeya wazngmide
A K lalBguudas dsdumsld kmeans clustering Ssanmnsathaldnudensivduundgs
fidosnsuundiuduey nadnsiassseissenindoyaamnsaliiinmsdunnsseesndld
wanay WU Euclidean, Person Correlation, Superman Rank Correlation Wudu

i Randomly Generated Data Cluster Assignments and Centroids
*  Cluster 1
3l { *  Cluster2 .
3r Centroids .
. .
2 : 2 .’ .
¢'( . = '.' 0' L .
- .

- = . o o‘. e @

1 N ol
- 1 'Y . oot :. 3
‘et . . .
0 0 < % . . :.. e** S.
. 4 » . * -
. -:": .® * o * e
L g 'Sk &3,
-1 . 1 0, 0" * o
. ~ 1 ]
- N
ge.”

2 2 * . i

.
3 3

3 2 1 0 1 2 3 4 3 2 1 ) 1 2 3

U 2.10 M3udengudnedBns K-Means Clustering
2.1.5.3 Mean Shift Clustering [20] azl9 na nn15v89 kermnel density

estimation (KDE) lunsmisununguvestaya %se centroid Tuvaiedl k-means agldiade
5211319901U centroid Tumsudu centroid lUiSae9 Mean shift ludndudesiduunguues
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foyaneu dw k-means Suduiiesinon i Mean shift Afidduusifiosusuesmunisld
sl Fenn kernel bandwidth nsidenen kernel bandwidth Hudnaesiuau cluster fiag
16" #1961 bandwidth fif1a1n9 enaagldisrurundudeyaifiudmiugaaedls uididon
Aigaifuluenldnduiie fedumilfesusulimneanlasnmanomienisliitnisdus

Bandwidth Value: 2

. .:.o; . .
10 (14 o0e ¥ 2 . ® 10
.o v
. ... o . .o
PR = .
. ; "o ® sl
..0 o ‘OI "o .
W . .
ae e = ’.‘::{' e o
o. .. ° 7
0 ° 0

- 5
-10 5 0 5 10 15 20 10 5 0 5 10 15 20

U 2.11 M3udsngudaeTBnns Mean Shift Clustering

2.2 yuATpiigads
2.2.1 UnANLIdY
22.1.1 G. W. Hart [2] Ifuengunsaflaiihflifdaidsluihunnndr 150 W auld
Fadugunsalluiinfignldndnlutu fersasmugudl 2.12 n) Inefia1san PQ-Signature v
guUnsallvlfanuguil 2.12 9) vhnsiadeyanszuauazuseiuludas 1 Hz namsnaaaudl
AugndaInsIndssn +/-10% Wevihmsmeaeufugunsal 5 win

SIGNATURE SPACE

Utifity ACTON HOUSE 1)
transfor
a mer “rera=LEGT 7Ba:
(’::v) i %——‘ 600 [~
C Dehumidifier
g -.~~..LEG: & C
| | g€ seof-
| " el T
[ E
¥ E
S 308
o E
g 200 E_. ce Naker
: S .Y -1 X - = E
LEG1 LEG 2 Balanced Unbalanced %] E
Appli Appli 240V 240V o 100 [~ Jefrigerstor
?192'0.3)“ Wl(li'\,;)“ Appliance Appliance ¥ E S B'om[‘i’::, ent Fan
E -
Lr ° :_ o ﬁl?ugm @ 1o
E | L lieiniin clociiiin
77 B T - et L
REAL POWER (W)
| Qs 1 5 s
) NIRDNITNATDU V) MDY PQ-Signature Y8IgUNTU

UM 2.12 M5si899sUaziIeEg 1 PQ-Signature vasgunsal [2]
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2.2.1.2 Zhenyu Wang [21] lduusnquaunsaiiliu 9 JUsuy uaamaison p-
Signature g I-Transient LJudnwaziiuvetgunsal mugul 2.13 Ednsnsinnseuauas
Maslninegi 10 Hz Tnaneaeuluiesufjiinsiismanugnieswanisnaaey 80%

AC Heat

15 - | -~ - - - 4 -~ - -
= I3
5 10 | 5
E 52 —
&) [&] ‘
2 ° ‘ 2 ‘
T (" s ‘\

0 0 L

0 20 40 60 80 100 0 20 40 60 80 100

Time (Second) Time (Second)
PC Microwave oven

4 10 —
2. | Z o
S8 | =
E | E o
E E | f
3 2 3 ‘ |
o ‘ O a4 /
(2] | <2} et
= 1 ‘ = o \
o (| Nesry €

o- ) | S =V 0—L : _ 2

0 20 40 6.0 80 10.0 0 20 40 60 80 100
Time (Second) Time (Second)

U 2.13 mstufindnwazisiuvosgunsallafiilusuuuy -Transient [21]

2.2.1.3 Parson O. [22] duwengunsal 5 winainariiasluiigu @513 Model
A8 HMM (Hidden Markov Model) 31n%aya Tracebase dataset ﬁﬁmiﬂuﬁﬂsﬁa;&awﬂ 1119
uagvadouiuyateya REDD Afimstuiindeyann 3 Jund linseunarfudeyadniuuen
gunsalvng 30 u#

2.2.1.4 Stephen Makonin [23] @519 Model 728 SHMM nag@ouiuyadaya
REDD mnmgniissnsuendeya 91% lasldneufiameslunisusznana ffansviaunugud
2.14

Smart Meter

; Super-State o | Sparse Viterbi » | Consumption

1
Sub-Meter ) > ! > :
HMM Algorithm Estimator

Data :

gﬂﬁ 2.14 7971591191 SHMM [23]
2.2.1.5 Md. Zulfiquar Ali Bhotto [24] 19" Aided Linear Integer Programming

(ALIP) wigufiu Linear Integer Programming (IP) Tun1smianugmsvianuvesgunsailnii &
AANNNABIATUUTEINM 5-8% Lagldmaufiumeslunisussunana
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Number of blocks

gﬂﬁ 2.15 MymanugnMsinanuvesunsailui [24]

2.2.1.6 Chuan Choong Yang [25] 19 Naive Bayes Tun1sdnnguaunsaliiuim 4
yin lnanedouluiesujuinisuazldamdeluiaiadudoyananues Ussuiananiu
lulaspaulnsaiaasinnugnaes 70%-80%

av aa

M19197 2.1 3T Ivesiunufinusaiu NILM

7 1338 aszdfgy
2012 ZhenyuWang  #53330A1 PRAI8EWIINISAUTRYA 10 Hz n5393UN1s
et al. WasuuUaswes AP afanadnwarTes P uayAELAY dAngy
[21] WUY Supervised ugUnsalluiaslURinis uanamawuuLia
939

2014  Oliver P. Zhenyu W. n5937A1 P a288n51n15d 11N 3 TU1 n5133UN13
efal. Waguwawes P 1gudnn1s HMM FANGuk UL Unsupervised fiu
22 b\ v . -
2] gunsal 5 viln vesyAteya REDD UszananauAaNimes

2014 AggelosS.etal. asadaAuwuuANige 10.24 kHz a5aadunsidsuiuacues

[26] P wazAaueindvesnszua afnnnudnuvuzeslnaniaye
ISUAY AANGURUY Supervised NAdaUAUIATRIUSUIN ALY
duesines
2015 B.Wild. etal. A9 TRAMUUANNA Y 12 kHz A5I9d01UEN15Y UMY
[21] Window asiamsivdsuudadvainseuadmnansiuiing 8 ddu

SN AANEURUY Unsupervised YDIYATBLA BLUED

2016  Stephen M. M5ITAAN P A8dNIINITAUNNY 3 TUIT #5I9TUNT
[23] Wazuudaswes P 1dudnnis sHvm Sanguuwuy Unsupervised
flugunsed 5 il veayATeya REDD
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av a a

M13197 2.1 MTeAgesiugulinusau NILM (se)

7 1398 aszdngy
2016 KaustavB.etal.  @5991AAT P A28dW5IN5AUNNTY 10 TN ATIR@DIUENIS
[28] UL Non-event afnAadnuyuziauves P fAnguwuy
Supervised lunseutiatveya 4 9lue asunann 1 iu
UsgaanarIunauines
2017  Chinthaka et al. ATIIAAT V, |, P AednsIn1sdunng 1 widl asianIugnis
[29] IUVUFIY Non-event diAAMANYALIDI P TANGULUY
Supervised IM8RITUMIMIAVDILAAL TUUTENOU NAFOUAIY
Yatoya AMPds2 Uszananan1unauiaimnes
2019 Yiling Jia et al. NIRRT P AILENTINTANA RV uTeyagUwuugUnsaif
[32] aula Tdvdnnis TreecNN nagauneyateya Datapor
2021  Piccialli et al. NAADUAIEYATOYA REDD WAy UK DALE THMANNIT Attention-
[33] Based Deep Neural Network UszanananIunauines
2021 Hao Ma et al. NAAOUAILYAVOYA Dataport hag UK DALE 1gnann1s Multi
[34] Chain lngdnaunsainndndy 3 suwuu Mndulddayafisut

asamsUsuUduldld

2.2.2 33U NILM Alganuiandig
2.2.2.1 The Energy Detective (TED) 10 u@aeog19nil 97 dsvuvunisianisld
naaulnihfuen load profile vatgunsailwilaled 5 dvenuiain load profile 53 tagly
o < e a & a & a A A v o 9 ! [ .
Jndudesdanediinesiiungunsailuirinesnsina Wneluaadenanmsidulnanuuy Single
State AiafinnslamdaluihAsutnsnsinaeaarvinulansHanusun 2.16

U 2.16 TED Foot Print Software
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Qs

2.2.2.2 Plot Watt 1usegns Software fldlunisuonuezsrdslniinvesivanus

= s

avdl00nAnMaslnif15nATendy “Wattprint” lagsrudedug ndndlinasuesieiau
BlueLine et iawasyuy NILM ag1easuiiuauysel ausuit 2.17

Save money with real-time energy tracking GETSTARTED |

a
o

—
§ How We Do It
"Energy disaggregation,” "Electricity Disambiguation,” "Non-
d V wi it,it'sa
ol

U 2.17 Wattprint Tsunsudilduenuegluanuas Plotwattn

2.2.2.3 Bidgely 1Judog1s Software Wuu Cloud Service Mltusnuezaalasi
vaslvanuiagiansaldnulduugunsaimaleUseian mugun 2.18

Bidgely Technology

How our-Algorithms Work

;J‘Uﬁ 2.18 Software wuvU Cloud Service

2.2.3 dnvazlanizivesluanusgianenge
wnuusgunsallihaudrudsenavvasanmasiniudald 2 susuu fegunsal
i AfiArh&slniaTeogaion iy w13a wievetn ludu uazgunsailuiindfed
MaslaiinassuazidslninSuondn wu fifu wdesufueinia iJudu Tasgunsailadig
Fruuanurlurnglfauiuandesulud d8arsuily 2 Uiy Ao wou 2 donug uae 3
anue
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o o

2.2.3.1 Inandidaidslifihisosadien InanUssinniagusznevdogunenii
duanusumuetaieidaasiidmdsliiaseedafie lasgunsallwinelutuiidu
Tnanusziamilléun wifevadm e nssfinthfeu infesimirgu wneulnih msvhaufes
Juwuu 2 anuy Ja-Un wiouuu 3 d@a1uy Ja-qu-Un mMasuinuadausnuedianyszny

Taglufimsnsynvesiaslningse augun 2.19

UM 2.19 fegadnunzianizivemlenitn

2.23.2 Inand farddlnd 195 wagidslni S uonin TnanUssinnilay
‘Uisﬂau@haqﬂﬂiaiﬁﬁaqmiﬁwé’qiw%%LLaﬂa‘V\ILLasﬁﬁﬂWWWa‘%ﬂumiﬁwm MdyIanIzud
&y grnnsswuioniluaniuy Leading Auualiaridslaiwuuwendiniduau
Tuvaefidyaunszuad mdidyaiaussuiiSoniiwanuuy Lagsing fsrusleifdslngia
wunSuendviduuan Tnegunsallwihanelutuiidulnanuuu Lagging loun §ifu iestndh
13 osUsuema Weaw gunsallstinaneluthuiidulvanuuy Leading 1dun Tngvimd 1a3es
e Waay nsheufasduiuy 2 aonug Ja-Ua wieuvu 3 datue We-so-Tn n1555%
FreundusnvesnandssnniiesiinnssmnveshdciialofelsyeznanUssnananon
iiganraslniung muguf 2.20

5UT 2.20 fegradnuziameivesaiesliuena

35



2.2.4 Midraeamglusunsuiasgimiaiulii

fupeniidunmsadreguuuumshauesgunsailiiihdelusunsumslifilog
Gonldlusunsa MATLAB dusuuvudiaesvesgunsallaiinfiadsduasilulivaaeuisnig
nenueznuvesgUnsalluii Inedutisnansinuvesgunsalliin delidnsdlfnw
fannmanetiu Weieufunisnnaielnenss Ineldunougendsdl

2.2.4.1 asadagduuuldmdalnivesgunsalliiiareludu Tneniseeniuy
Lﬂ‘%laqﬁaifwmmqlw%LﬁaﬁuﬁﬂﬁayaiwaqﬂﬂiaiéfqLwiqﬂﬂiai(%'w?wmmu?;juqﬂmiﬂ/‘mm e
Wiluiluteyadmsuaiiuuuinassgunsalluinaiinsey

2.2.4.2 ahreuuudraesgunsallniedinniie felusunsy MATLAB Taeasadu
vhonvasgunsaldmsufanldlunmsiuaninisnisves NILM

2.2.4.3 Wisuileunavestoyamslwiluunegunsallwiivhavandeyasded
Inlsarnde 1) euiuteyaildanuuudaesmude 2)

2.2.4.4 panuuulusunsuliansaihudenvesgunsallniiuseldeu Talleou
fmseeldsugunsailiiineis ngannsodmuaardidaladii nainsduiheu naivge
vha1u vesgunsailuihiindrefunisligunsailuiinass

2.2.4.5 randildnmstusinnsldauuuudassgunsallniridadines indu
3 (p3eaialu MATLAR) 1ihglusunsuenuesanumdnns NILM dssumaniugnisineny
vosgunsailniudunem mnduihnedldluieudsuiudinesiiinsegunel (eFasialy
MATLAB) Wieuszifiumnugniovesidnsuonie maménns NILM

2.3 dqudsenauszuu NILM
2.3.1 83AUTENBUTEUU NILM

szuu NILM flesdusgnoumugudl 2.21 utseanity 4 dau el

23.1.1 @1un323979 (Load Monitoring) 18 iauag v uindoyad ez
UsgnaunIsuenies

2312 1uA5197154U3 sunUaq (Events Detection) 1 ud1uns193un1s
Wasuwlasemalaihfiuansisnmsidsuanisznishauvesgunsallnii

2.3.1.3 druarndnwa sy (Feature Extractions) \Judufiadaiodnuazidy
U OSRHGELGHE

2.3.1.4 druuenuey (Classification or Disageregation) dudufiviviifiuenues
vidednngugunsailwihfildanmslinseidnuugianefiadneeninaindeyaainasiain

uenINdLNANI 4 danfindunudadelidndnsznouifiufuRedugadeya
d11suni15i3eug (Training data) #3 eiduteyatanizvasgunsallni wazdiunisuanna
(Display) Fadudriviminuansnslindanulnihvesgunsallsifuuusedliglduinig

Tl dudeyaluniseysnendsnunmelutnu Mmsiuvesssuuuaninugui 2.22
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| @unsiaia
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. l
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s
’

‘{ drumAuanvavIanIY
ﬁ A//,‘ :' """"""" 1
AULENUEY [ ------ M AISUAAIHA |

U 2.21 dhnuszneuvesszuy NILM

User Interface

;njﬁ 2.22 MNIVITEUU NILM

2.3.2 A1598NLUUSYUU NILM 1desy

gUnsalfildlduninTostiotauazdudindmalwiinigy useiuldin nszualwdi
fdslaidh fhusznaumds wagndseuladh Aldseueuiuszuutuiindeyansldlndig
wonuezrdalnanlduuy NILM Ausznoudiediunsiaianimislai diuuseaianase
lulnsroulnsataes uazronfiunesiilusunssiinsginislindanuliivosgunsalluius
avaia dwsuiunounisiraesfelumnsdnseimadulnidenlflusunsy MATLAB &
yannTInenden favandnislinulusun nsfndsszuuaiauaniniu U 2.23 wazuuy
s1wazBoniloadiu (Schematic design) Tesdumuuszuy NILM uandldmusuil 2.24
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Embedded System

e -
o m—

JUT 2.23 unisinfdiinesniauszuy NILM

220 Vac
N L

Narrow band
Internet of Things

Single phase
cT energy meter NB-loT
Tlx Ile
? Rx2 Tx2
RS4851t0 TTL | pEe
Converter ] E§P32
A Tx|— Rx1
B Rx{— Tx1
RS485/TTL
Microcontroller
Power supply with WIFI
| ] L 3.3Vdc
AC/DC

LOAD

;J‘Uﬁ 2.24 Schematic Circuit 98¢ NILM Embedded system

WANN1SVINIU N9 UasdnuazianzwiasgUnsal T89AuLUUTEUU NILM
2.3.2.1 Single phase energy Meter ¥utinfiiaa1idalniness (P) Adsludn3
woadn (Q) wagnassrulwiiarnssuuladi 1 wa lnesunszuaansyuulaindendoudas

38



nszld (CT) wagSudyauussiuas L-N neutnnasusudygralisungauiuled andsnu
iedasiedeyaluliyniinsizsineld
Joulvmadenldlme s ndselvid i

1) filaddumstufindoyadnilsiihfiaseuaquesineg fedl usedulai
nsgualni Mdalningge ddelwdihdueasin Maslwihusing dusenaumas wasnulnin

2) fanugniesveanisinnszudlriiuazussduluding Class 1.0

3) nstufinteyasulwihamiieanudifesdseunianlaiiu 1 3und

4) seefunisisteyadnmiieanudivedinesmegunsalnieuontii
anedeansuuy RS485

5) se9umsevlaudanszua (CT) wuuades iileArmazaInlung
Ansa Tnedfifamsdudgugisessuawavesiinesunsnslnil 1 45 A 100 A s

2.3.2.2 Microcontroller utifiuszanana Ansefugunsalineg uazdlusunsy
Usgananamumdnyes NILM nfendl WIFI Module lush iilededoyaiiinsiesidi server sy
\n3evedumesidn wazdvthomnuddmiuivdoyayaiFeus Amsluflunsdluiagy
dndeyavinalgjazdstufinddumesidaluifiuiigiudeya seueadiviminiiuanstoyad
frfmes musUuuuiidvun Tuganavhmihfidugiudeyanavesszuy Reulvnisidentd
lalasmeulnsaiaed fded
1) Uszanana 32 On LLasiaﬁummﬁﬂixmamaqq 1 160 MHz tJudu
2) fvlaeAudT SRAM 110 i 512 Kbytes 1Jumu
3) fnneAnudNUTUNTILIN 1L 16 Mbytes 1 Judu
1) sea3unisdeansliaemumnsg iy IEEE 802.11 b/g/n
5) se33uUMsAsaNSHIUAIBIUY UART a8hation 2 Y9
6) 5895UN3ReULUTUNTUHIY Arduino IDE
2.3.2.3 NB-loT I\ eusodumesin Wudufisiudmivanuiflaldfinds
Sumodidn Foulunidenld NB-loT sl
1) soefumsloniuindenelnsdnvidofiovesfliuinmsluuszmalne
2) ses3umsdeansiiuasiuu UART Aulilasrerlnsaiaes

2.4 FnslunsduveesaUsenauszuu NILM
2.4.1 d@un37270 (Load Monitoring)
nsAnwdnsnaglediannsedndinesTaiaalniiads AasludZuensiv
us9AU wagnszua MRueas Sudyanunszua CT anusuil 2.25 mnikldlulasreulnsaiaes
Fadloya 1 adereTundt mugy 2.26 iudeyauestdslniinge (P) sumsdeas RS485 uas
Wnnluglwesdmiuseuu NILM wuuswlugaidiediu
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JUT 2.25 fegnisiniguniaidiunsiaie

P (watt)
2000 I

Total Meter

1000 b

15001~

500 - b

\ | | |
0 200 400 600 800 1000 1200

0

t (second)

JUN 2.26 fhedrstoyaridslninaisdiiuamn 1 Jund

2.4.2 dyupsiansiufigunuad (Event Detection)
seuunsINsAsuLUadtauelunwIfedldldisnsiafmadluiiate 3
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2.4.3 dudaneanuwuelny (Feature Extraction)

Wansanuiinnsiuagunlas ssuvagiuaindneaueiau (features) 8anun
U A1 AP A AT Anwasnuliiiaindeyamidalndingge A1 AQ andeyardslnii3uansin
g JULULTRy AR silsuN siUdsusUasuiuganisildsuidamestoyariidelnihase

wagraslniiduandn audegelugudl 2.29 dwsuidutoyaianizdmedivanlniiniy
aunsil 2.1 dewlUuenuegsialy

2000

1500 —

1000 ' Y
1 Y 1
500 |- % L H
x ‘U 1 I
0%y t T T
04 \ \ 200 ' 400
1 i X 1
/|: ;|\ A 4 L 4 ¥ ¥
AT ™ k-
t1 t2 h I

3UM 2.29 fegdadnwugauiignainesnun
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P(t) +jQ(0) = Xl a;(O(P; +jQ,) +e(t) (2.9)

el P(D),Q1) Ao masluihademuuasidsluisueninswdivals
a;(t) fio @ouzvaslvanumazil 1 nueda ON wag 0 nuedls OFF
P, Q; Ao AMaslinasanarmasluinSuenfinveslranusasii
n Ao Srunulvanfiiviefiavlavzuenuezaeni
e(t) A9 AIAURANAINAN

AwInan a;(t) #vilvian e(r) fanlnalAesiu 0 uinfian meladeulusne
Afvus Wwedewmsiuaiaslninasisazidalninswaninveduanwsas i

Cluster 3
3 £§S>
AN
S

i

0

S ﬂ“ 1
e, uster
S

Unknown Event Cluster 2

Cluster 4

Closetlus
2000

AP duwan dlaTnaa

AP dveu  ilaTvaa
JU# 2.30 M3dnngudeyanium P uag Q vasgunsel

2.4.5 AIULAAINE
= | Y o ~ |
Juausananslindsnuliihveddvansiy warqunsallwihiaulariugduuy
#1197 LU NsgUeyanudumesiln lnenisdsteyaluifuiiunasuinisiintayauaziansua
WUUNSIN 43 ThingSpeak NETPIE tdusiu mugud 2.31 1udreg19d1msu ThingSpeak 14
Audeyadmsutnimuw loT (Intemet of Thing) AeulzfuuanINaTigUNTluanINaBUY 1
aunsnlu

a2



Q Thlngs peak"‘ Channels = Apps Community  Support ~ HowtoBuy  Signin  SignUp

Field 1 Chart 2 o Field 2 Chart g o

Electric Data Electric Data
650 500

P_Total (W):581.06
Sat Jan 27 2018
19:12:41 GMT+0700

450

400
-, .
350 ...J .

500 300
19:05 19:10 19:15 19:20 19:05 19:10 1915 19:20

Date Date

ThingSpeak.com ThingSpeak.com

Q_Total (Var)

P_Total

gﬂﬁ 2.31 FI0YNNITHARINAUY ThingSpeak Platform

2.5 WUsziupg
2.5.1 M3UTEHUANUYNABINITVBIN TV WIEHA
Hagtuddaifnmsimunminssuisussidunanishnuvesssuu NILM $aann
nsAnwmuTadoualdifinaueitmssadulivainuas lulasan$3¥edld Confusion
Matrix drusudsziliunansvineu [30] eewuudsluidaziidawindu 1.00 lnedewmsiudeya
AT
“True Positive (TP) Aeduaudeyaiinnegnindumsiasunawesgunsaifiauls
“True Negative (TN) Aod1unuteyaiivihunegnitlbidunisidsunlaswesgunsalavla
- False Positive (FP) Rodrunudeyaivhuneiaindunsidsundamesgunsaifianla
False Negative (FN) Aedhinuteyaiivihueindililadumsdsuuaesgunsaiaula
si¥afifenldflusnidedieg 4 a1 swaumsfl 2,10 Feaumsdl 2.13 i
- Precision ANuuiug1lun15nsIdu
Precision = TPATP+FP) (2.10)
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- Fl-score Auauanuansavesszuulunisienuey

F1l-score = 2x (Precision x Recall)/ (Precision + Recall) (2.13)
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JU# 3.5 dadudsenauvesyninnginssuvesgunsallndh

RS485 to UART

U 3.6 gunsalyaiangAnssuvesgunsailiih

seaziduavadgunial (Specifications)

1. CT

2. Power Meter

3. RS485 Module

4, Microcontroller

5. SD Card

Rated Input / Rated Output

Accuracy

Voltage Range

Phase

Max Operating Current
Secondary Input
Accuracy Class

Power Consumption
Communication
Operating Voltage
Interface Converter
Operating Voltage
Speed

Flash Program Memory
Digital 1/O Pins
Communication Port
Memory

Communication

51

3  Microcontroller

2 SD Card

50A/01V

0.5%

176~276V AC

Single Phase

150 A

01V

Class 1 [EC62053-21
<2 W /10 VA

RS485 Port MODBUS RTU
33Vto5V

TTL to RS485

5V

160 MHz

512 Kbytes

25

2 UART TTL / 12C / SPI
4 GB

SPI
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Active Power (P : w)
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Inductance Reactive Power (QL : var)

| randi([240 260]) |

Power ON-OFF Time (s)
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Abstract: The measurement of the energy consumption of electrical appliances, where the meter
is installed at a single point on the main input circuit of the building, is called non-intrusive load
monitoring (NILM). The NILM method can distinguish the loads that are currently active and
break down how the loads consume electricity. A microcontroller with embedded software was
selected to read the data into the NILM method process at a low sampling rate every 1 s or 1 Hz.
The measured data and the data obtained by the NILM algorithm were displayed via an internet
platform. This article presents an alternative low-cost embedded NILM system for household energy
conservation with a low sampling rate, which could identify electrical appliances such as an air
conditioner, refrigerator, television, electric kettle, electric iron, microwave oven, rice cooker, and
washing machine. Four features of symmetry pattern were extracted, containing information on
the value of active power change, the value of reactive power change, the number of intersection
points between the active power data and the reference line, and an estimation of an equation for
the starting characteristics of the electrical equipment. The proposed NILM system was tested in
a selected test house that used a single-phase power system. A typical meter was also installed to
compare the results with the proposed NILM. The validity of the tests was checked for 1 month in
3 houses to analyze the results. The proposed method was able to detect 91.3% of total events. The
accuracy of the average ability of the system to disaggregate devices was 0.897. The accuracy value
for total power consumption was 0.927. The continuous data recording of the NILM method provides
information on the behavior of electrical appliances that can be used for maintenance and warnings.

Keywords: nonintrusive load monitoring (NILM); embedded system; disaggregation load

1. Introduction

Currently, if electricity consumers want to check their electricity consumption, they
can read it from the meter on the electricity pole or from the common meter board in
their residential building, or they can check their electricity bill every month, which is
unfavorable for energy conservation or management. The feedback of the total electricity
consumption gives an overview of the whole house. However, there is no clear information
about the energy consumption of each appliance. The Thai Energy Consumption Report in
2020, prepared by the Provincial Electricity Authority and the Municipal Electricity Au-
thority, indicates that residential electricity consumption is 27.1% of the total consumption,
while the number of electricity users in the residential sector accounts for 89.7% of all users.
Real-time data on the electricity consumption of electrical appliances are required to achieve
effective energy savings. Continuous feedback of each appliance’s electricity consumption
data enables users to change their behavior and save about 12% of their electricity, while
monthly feedback of electricity consumption enables savings of about 3.8% of electricity [1].
To improve the efficiency of electrical appliances, continuous data on appliance energy
consumption can be used to plan and maintain appliances, such as by analyzing data on
refrigerator defrosting or air conditioner cleaning. If energy conservation agencies want
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to analyze the electricity consumption of residential electric appliances, data collection is
very time-consuming and labor-intensive. To achieve effective residential energy savings,
a low-investment technology is needed that uses electrical power measurement, called
non-intrusive load monitoring (NILM).

Generally, determining the consumption status of electrical appliances requires the
installation of a voltage sensor and a current sensor on each electrical appliance, which
is referred to as direct measurements or intrusive load monitoring systems [2,3]. Several
disadvantages have been found in this method, such as the interruption of the load circuit,
the cost of the electricity meter, the installation cost, the free space for the installation of
the hardware, etc. NILM methods or indirect measurements focus on the use of a main
electricity meter to indicate the operating status and energy consumption characteristics of
electrical appliances [3]. Non-intrusive load monitoring is becoming increasingly important
in terms of information needs for power management, and more and more smart meters
are being installed in the power grid [4].

NLIM classification is based on the sampling rate: a high sampling rate (<1 s), low
sampling rate (1 s—15 min), or very low sampling rate (15 min-1 h). The implementation of
complex features such as harmonics, transients, or current-voltage relationships requires
a high sampling rate from a dedicated meter [5]. A smart meter with a communication
interface of 1 Hz [6,7] is an example of a low sampling rate. Automatic meter reading
(AMR) corresponding to every 10, 15, 30, and 60 min [8-10] is a very low sampling rate data
collection method. In this study, a single master point energy meter was used to achieve
an active power sampling rate of 1 Hz. In recent years, several electricity consumption
datasets have been made publicly available for testing the NILM algorithm. The best-
known and most widely used dataset that records power consumption at 1 sample per
second is the Reference Energy Classification (REDD) dataset [7]. Other datasets include the
Building-Level Labeled Electricity Disaggregation (BLUED) dataset [11], which contains 8
days of household electricity data, and the dataset measured every 1 min known as the
Almanac of Minutely Power (AMPds) [12,13], which contains two years of data. Event-
based algorithms can be classified into two categories as follows [14]: an event-based
algorithm is a load signature detection algorithm that assumes that only one electrical
device changes state at a given time, and a non-event-based algorithm in the case of a
meter installation with a low reading frequency of once every 1-15 min is developed with
a hidden Markov model to evaluate the operating conditions of the electrical device based
on the total active power. Classification by a data disaggregation algorithm can be divided
into two types [15]: supervised learning, i.e., using unique electrical device data to train the
system to recognize patterns and discriminate the data, and unsupervised learning [4,16],
in which the data are discriminated assuming that similar features come from the same
type of devices, and then the data are divided into groups for devices. Moreover, natural
language processing has been used to solve the NILM problem [16-19]. The relationship
between different device models or sub-models connected in a chain has been used for
disaggregation for NILM [20,21].

In this article, we present our work to develop a low-cost embedded NILM using
only one microcontroller. The proposed method presented in this article for detecting
the first change in the data set is based on estimating the reference line using polynomial
equations and then finding the intersection between the data set and the reference line.
Four features of symmetry patterns are extracted containing the following information: the
value of symmetry change in active power (AP), the value of symmetry change in reactive
power (AQ), the amount of incremental and decremental changes from a set of active power
by estimated reference lines using polynomial equations, and equations for the starting
characteristics of electrical appliances obtained via polynomial curve fitting.
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2. Principle of Nonintrusive Load Monitoring
Indirect measurements of the energy consumption of household electrical appliances

are a core concept of non-intrusive load monitoring. Household electrical data are collected

at the main circuit and then extracted to obtain the power consumption and operating time
of appliances classified as a system.
The NILM system consists of components as shown in Figure 1, which are divided

into four parts as follows [22]:

e Data monitoring is the part that measures and records the data used for disaggregation.
There are various electricity meters that measure the gross weight of a building [15,23],
such as smart meters;

e  Event detection is the part that detects changes in electrical values that represent a
change in the operating conditions of electrical appliances [24];

e  Feature extraction of electrical data from the main meter is the extraction of certain
features in relation to time;

e  (lassification is the part that breaks down or groups the electrical appliances that have
been analyzed using the features extracted from the meter data.

'
/| DataMonitoring | | Training data i
1

S — BN AT o R i

Figure 1. NILM system elements.

In addition to the four main components mentioned above, there are other components:
a training dataset or specific data on electrical appliances and a display part, which displays
the energy consumption of each electrical appliance to consumers as information in order
to save energy in the household.

3. Load Model

Measurement of the energy consumption of electrical appliances for energy conserva-
tion requires all appliances to be measured to determine the potential for energy savings,
especially in terms of maintenance and operation. Table 1 shows the percentage of house-
holds in Thailand ranked by ownership of electrical appliances and the corresponding
energy consumption [25-27]. From the data in Table 1, when analyzing the percentage
of household energy consumption, it can be concluded that air conditioners consume the
most energy because they are appliances that consume a lot of electricity and have a long
operating time even if they are not in use all day. The next appliance is the refrigerator,
which does not consume a lot of electricity but is in operation all day. When analyzing the
percentages of energy consumption for the whole country, the refrigerator is the appliance
with the highest energy consumption; this is different from the percentages of household
energy consumption because the ownership rate of air conditioners is much lower than
the ownership rate of refrigerators. This article breaks down the electrical appliance con-
sumption rates for the air conditioner, refrigerator, television, electric kettle, electric iron,
microwave oven, rice cooker, and washing machine.
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Table 1. Percentages of households classified by ownership of electrical appliances with their
proportion of energy consumption.

Percentage of Percentage of Energy Percentage of Energy
Appliance Ownership of Average Power (Watts) Consumption in the Consumption in the
Appliance (%) Residence (%) Country (%)

Lighting 99.9 42 9 15
Electric Fan 98.8 60 8 14
Television 94.2 69 8 14
Rice cooker 91.4 750 4 6
Refrigerator 90.6 103 17 26
Electric iron 80.2 1015 1 1
Kettle 78.6 700 1 2
Washing machine 68.8 267 1 1
Air conditioner 29.4 1150 45 19
Microwave oven 24.7 1310 1 1
Others - - 5 1

The operating load model was used for pretraining in this article [28-30]. A typical
energy meter was selected to record the characteristics of electrical devices. The active
power, reactive power, current, and voltage measured by the energy meter were recorded
in the memory of the microcontroller with a sampling rate of 1 Hz. The signatures of the
devices are shown in Figure 2.

1 S S

Air conditioner Refrigerator Television Electric iron
Kettle Rice cooker Microwave oven Washing machine

Figure 2. Signatures of appliances from operating load.

The signatures of the appliances may be displayed as follows:

e  The air conditioner is overloaded when switched on. Active power and inductive
reactive power are components of these devices;

o  The refrigerator is associated with a very high rise in P-Q when it is first switched on.
Active power and inductive reactive power are components of this appliance;

e The electric iron, rice cooker, and kettle are resistive loads that have only active power.
After the first time in the range, the electric iron will work for a narrow period like a
pulse signal;

o  When starting a television, it will switch between high and low active power before it
reaches a steady state. Active power and capacitive reactive power are components of
these devices;

e  Active power and inductive reactive power are components of microwave ovens;

e A washing machine is an appliance that operates in many patterns of electrical power
per use.

Normally, the switch-on power of the electrical appliances fluctuates, while a certain
value is given when they are switched off, as shown in Figure 3. The on and off active and
reactive power levels of the electrical appliances are symmetrical, as shown in Figure 4. The
symmetrical characteristics can be used to determine the operating power as information
for grouping electrical appliances.
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Figure 3. Switch-on power of the electrical appliances.
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Figure 4. ON-OFF symmetry of normalized power for some appliances.

4. Proposed Embedded NILM Software

The overall process of the proposed NILM algorithm is shown in Figure 5 as follows:

The microcontroller requests data from the meter every 1's, which includes voltage, current,
active power, reactive power, and power. In the first round, 30 datapoints are requested,
and in the next round, 1 datapoint is requested at a time on a first-in, first-out basis.

To detect the changes in the data series, we first use change detection by estimating the
reference line using polynomial equations and then finding the intersection between
the data set and the reference line. If we first find a rising edge and then a falling edge
in the same set of data, this indicates a pulsed electrical device. If the timing of the rising
edge is far from the timing of the falling edge, an iron or kettle could be in operation.
A three-point method is used to calculate AP and AQ [28-31]. There are nine possible
patterns for this method. A Flat-Flat pattern means a stable condition of the load;
otherwise, there are instabilities. To find a Flat-Flat pattern, it can be expressed as
Equation (1):

||Pis — Pro| — |Po — Pa|| < threshold )

where Py3, Py, and Py are the active power as a function of time at 1, fp, and t3,
respectively.

Pre-grouping of AP is divided into two conditions: by power size (<400 W and >400 W)
and by power factor (unity lagging and leading).

Four features of symmetry pattern extractions are selected in this article: AP, AQ, and
the amount of intersection points (rising and falling edge) between the active power
data and the reference line estimated by polynomial equations, and polynomial curves
fitting the starting time of active power.

Table 2 shows the conditions for classification. We start the grouping with the values
AP and AQ. If the results of discrimination are unclear, the other characteristics must
be used, as shown in Table 2, and Equation (2) is used for the final elimination of that
grouping which has the most accurate correlation value:

P(t) +jQ() = Yoy ai(t)(Pi +jQi) +e(t) ®
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where P(t) is the total active power, Q(t) is the total reactive power, a;(t) is the state of
electrical appliance i (1: ON, 0: OFF), P; is the threshold active power of appliance i.
Q; is the threshold reactive power of appliance i, n is the number of appliances that
can be distinguished, and e(t) is the error of electrical power.

Table 2. Conditions of classification.

Appliance Active Power Reactive Power Chance to Pulse Amount of Starting Curve
PP Threshold (W) Threshold (Var) in One Data Set Rising/Falling Fitting
Air conditioner 950 200 0 1/1 Overshoot
Refrigerator 90 80 0 1/1 High Overshoot
Television 50 —6 0 2/1 2 Steps
Electric iron 1000 0 3 1/1 1 Step
Kettle 700 0 1 1/1 1 Step
Rice cooker 600 0 0 1/1 1 Step
Microwave oven 1350 100 2 2/1 2 Steps
Washing machine 200 120 5 >2/>2 Triangle

The energy efficiency evaluation is an assessment of the correctness of disaggregation
of the energy consumption of electrical appliances from the total electrical energy [7] with
1 hinterval time and 1 month period time, defined formally as:

X e 9 - v

EL =1 : (3)
A 2% ):{;1 Zf’:l ‘y”
; o195 — v
El, =1/5=i=1e Jil 4
i 2% T Jyil @

where EX__is the accuracy of the total energy consumption estimation, E/; .. is the accuracy
of estimating the energy consumption of device i, Yf is the accumulated energy in time ¢ of
device i estimated from NILM, Y/ is the accumulated energy in time t of device i read from
the meter, P is the total testing period, and N is the number of target appliances.

We used confusion matrix assessment [32] to evaluate the accuracy of the prediction

to identify appliances.
TP

Precision = TP+ FD ()

TP
Recall = TP EN 6)
Accuracy = < I 7)

(TP + FP) + (FN + TN)

Precision x Recall
PRI SS Ssttisich + Recall ®
Here, TP refers to the total number of true positives, TN refers to the total number
of true negatives, FP refers to the total number of false positives, and FN refers to the
total number of false negatives. Precision is the detection accuracy, Recall is the accuracy
of appliance disaggregation, Accuracy is the total accuracy, and the F1-score is the average
ability of the system to disaggregate appliances.
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Figure 5. Flowchart of the proposed NILM system.

5. Proposed NILM System Implementation

The components of the embedded NILM box and the individual meter were similar,
but they were different in the proposed programming within the microcontroller. The
hardware diagram was based on Figures 6 and 7 with an NB-IoT board as an additional
option for cases where the installation site does not have internet access. The actual device
is shown in Figure 8. The electrical value is measured using an SM120 single-phase power
meter. The ESP32 microcontroller model, which operates at a speed of 160 MHz and has
large memory and built-in WIFI, was selected to read the data in Modbus RTU protocol
over RS485 every 1 s. ThingSpeak was the cloud server used in this article. The installation
of the NILM embedded box is shown in Figure 9.
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220 Vac

Single phase Microcontroller Narrow band
energy meter with WIFI Intemet of Things

ESP32 | iNB-IoT
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B TxHTx1 Tx2— Rx
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HL +33V]
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Figure 6. Schematic circuit of the NILM embedded system.
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Figure 7. Diagram of the test system.

Figure 8. (a) NILM Embedded; (b) NILM with NB-IoT; (c) Individual Meter.
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Figure 9. Installation of the NILM embedded box.

6. Results and Discussion

The test installation in House 1 for a period of 30 days from 1 September 2019 to
30 September 2019 was implemented to classify eight types of appliances. A typical
power meter was installed directly with the electrical appliances to compare with the
disaggregated data from the proposed NILM and determine their accuracy. The data from
the typical power meter and the proposed NILM were sent to the internet server in real
time as shown in Figure 10. At the beginning of the system installation, the data were
grouped from the symmetric AP and AQ values that occur over time to form a database
for identifying the device type, as shown in Figure 11. The active and reactive power
values were determined for the records in the database to group the devices. The power
values obtained during startup show high power dissipation, while the stop values are
low. Due to the symmetrical characteristics of the power during the on time and the off
time, the power value determined in the off time was selected for recording in the database.
Figures 12 and 13 show an example of the display when the electrical appliances were
turned on or off, for which four data sets were compared.

Figures 14 and 15 show the total and appliance power from the meter and appliance
power from NILM from example data for 15-16 September 2019. Figures 16 and 17 show
the hourly total energy consumption and air conditioner energy consumption during
September measured by the meter and estimated from the proposed NILM.

Figure 10. Installation of the NILM embedded box.

123



Symmetry 2022, 14, 279

10 of 21

OFF Area AQ (VAR) Initial and first steady state ON Area
300 T
2

o®
°
200 + , ’ ot
.

100 + == ' —— 3

I L e e ol I | AP (WATT)
f j . : i ————p .
1500  -1200 900 - 300 300 600 900 © 1200 1500

-100 T

200 +

-300 +

Figure 11. AP and AQ values during the on time and off time.
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Figure 12. Comparison of the active power of the air conditioner between direct measurements and
estimation by NILM. (a) Total active power measured by the main meter; (b) Active power of the
air conditioner measured by the meter connected directly to the appliance; (c) Total active power
from the power of all electrical appliances broken down by the NILM; (d) Active power of the air
conditioner broken down by the NILM.

Figures 16 and 17 show that the hourly electricity consumption estimated by the
NILM method is similar to that from direct meter measurements in terms of both energy
consumption and duration. An assessment was made based on the Confusion Matrix
method according to Equations (5)-(8); the system tested had 5860 changes in electrical
appliance performance, among which the proposed method detected 5398 changes in the
timing of the data.

The evaluation results shown in Table 3 and Figure 18 have an average accuracy
Fl-score of 0.90. The device with the lowest F1-score was the television as it was similar to
other devices that were not among the electrical appliances considered, such as a fan, etc.,
followed by the rice cooker, because it changes an average of twice a day and looks like a
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kettle; therefore, there is a chance of error in distinguishing these devices, but most devices
could be distinguished with a very good rating.

Meter-Total : Power [P] Meter-Washing Machine : Power [P]
500
< 500  ~
2 2
£ £ 250
3
S E
[ [
07:54 07:56 07:58 08:00 07:54 07:56 07:58 08:00
Date ThingSpeak.com Date ThingSpeak.com
() (b)
NILM-Total : Power [P] NILM-Washing Machine : Power [P]
500
= 500 -
B 2
£ £ 250
]
= E
0 [
07:54 07:56 07:58 08:00 07:54 07:56 07:58 08:00
Date Date
(9 (d)

Figure 13. Comparison of the active power of the washing machine between direct measurements
and estimation by NILM. (a) Total active power measured by the main meter; (b) Active power of
the washing machine measured by the meter connected directly to the appliance; (c) Total active
power from the power of all electrical appliances broken down by the NILM; (d) Active power of the
washing machine broken down by the NILM.
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Figure 14. Active power from direct measurements and estimation by NILM (15 September 2019).
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Figure 15. Active power from direct measurements and estimation by NILM (16 September 2019).
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Figure 16. Hourly total energy consumption (kWh) from the meter (red) and NILM (blue).

Table 3. Assessment scores of appliance disaggregation.

Appliance Total Events TP FP FN TN Precision  Recall Accuracy  F1-Score
Air conditioner 2540 2454 21 40 2923 0.99 0.98 0.99 0.99
Refrigerator 1543 1329 105 216 3964 0.93 0.86 0.94 0.89
Television 125 97 60 28 5241 0.62 0.78 0.98 0.69
Electric iron 790 738 22 52 4638 0.97 0.93 0.99 0.95
Kettle 290 238 21 46 5139 0.92 0.84 0.99 0.88
Rice cooker 52 44 10 8 5344 0.81 0.85 0.99 0.83
Microwave oven 230 223 4 7 5171 0.98 0.97 0.99 0.98
Washing machine 290 275 4 15 5119 0.99 0.95 0.99 0.97
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Figure 17. Hourly air conditioner energy consumption (kWh) from the meter (red) and NILM (blue).
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Figure 18. Evaluation results according to the confusion matrix.

The results of the validity assessment of the energy consumption values, according
to Equations (2) and (3), are shown in Table 4 and Figure 19, showing a graph comparing
the cumulative energy consumption in each hour of the day of electrical appliances in
September from direct measurements and the proposed NILM estimates, with similar
results. For the evaluation results per device, the air conditioner has the highest accuracy
score of 0.96, while the TV has the worst evaluation result because it has low power
consumption and a low Fl-score. Another interesting device is the washing machine,
which attained an F1-score as high as 0.97 but a power accuracy score of 0.86 because of
the washing machine’s motor spinning back and forth, making the estimated power less
than the active power consumption from direct measurement with the meter. This result in
Figure 20 shows that the difference in total electrical energy consumption for the whole
month was 9.5 kWh or 6.10%.

The test installation in House 2 for a period of 29 days from 1 February 2020 to
29 February 2020 was implemented to classify eight types of appliances. Figure 21 shows
the total and appliance power from the meter and appliance power from NILM in example
data for 11 February 2020. The evaluation results in Table 5 show an average accuracy
Fl-score of 0.91. The lowest Fl-score was obtained for the kettle because it changes an
average of twice a day.
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Table 4. Assessment of energy accuracy.

. Total Energy Total Energy i
Appliance [Meter] (kWh) [NILM] (kWh) Firce
Air conditioner 91.8 89.1 0.96
Refrigerator 345 314 0.90
Television 6.2 5.3 0.81
Electric iron 3.9 3.7 0.94
Kettle 7.1 6.1 0.87
Rice cooker 6.0 57 0.93
Microwave oven 24 19 0.89
Washing machine 52 4.2 0.86
T _
Total 157 148 Ep.. =094
% # Meter-Air conditioner # NILM-Air conditioner
7 Meter-Refrigerator # NILM-Refrigerator
14 Meter-Television m NILM-Television B
W Meter-Electric iron m NILM-Electric iron Z
B m Meter-Kettle m NILM-Kettle
" Meter-Rice cooker B NILM-Rice cooker
Meter-Microwave oven ® NILM-Microwave oven
10 ¥ Meter-Washing machine B NILM-Washing machine

Energy [kWh]

i;
g

NN

23
[Hour]

Figure 19. Cumulative hourly energy consumption of electrical appliances based on meter readings
and estimated from NILM.

# Air conditioner

i Refrigerator

i Television
Electric iron

= Kettle

= Rice cooker

# Microwave oven

# Washing machine

Figure 20. Proportions of energy consumed by electrical appliances as measured by meter readings
and estimated from NILM.
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Figure 21. Active power from direct measurements and estimation by NILM (11 February 2020).

Table 5. Assessment scores of appliance disaggregation (House 2).

Appliance Total Events TP FP FN TN Precision  Recall Accuracy  F1-Score
Air conditioner 1056 976 16 66 1116 0.98 0.94 0.96 0.96
Refrigerator 466 416 4 42 1688 0.99 091 0.98 0.95
Water heater 256 238 2 10 1868 0.99 0.96 0.99 0.98
Electric iron 300 244 4 20 1860 0.98 0.92 0.99 0.95
Kettle 42 40 19 2 2049 0.68 0.95 0.99 0.79
Rice cooker 46 42 4 4 2062 0.91 0.91 0.99 0.91
Microwave oven 20 14 2 6 2092 0.88 0.70 0.99 0.99
Washing machine 156 138 2 15 1968 0.99 0.90 0.99 0.94

The results of the validity assessment of the energy consumption values are shown
in Table 6. The result in Figure 22 shows that the difference in total electrical energy
consumption for the whole month was 11.7 kWh or 8.0%.

Table 6. Assessment of energy accuracy (House 2).

. Total Ener; Total Ener; ;
ALK [Meter] (KWh) INILM] (kWh) Eice
Air conditioner 60.0 56.6 0.93
Refrigerator 377 36.6 0.95
Water heater 239 23.4 0.95
Electric iron 14 1.7 0.86
Kettle 3.0 2.6 0.92
Rice cooker 15.7 10.2 0.80
Microwave oven 0.7 0.6 0.86
Washing machine 3.3 23 0.83
Total 145 134 El. =092

The test installation in House 3 for a period of 31 days from 1 March 2020 to 31 March 2020
was implemented to classify six types of appliances. Figure 23 shows the total and ap-
pliance power from the meter and appliance power from NILM with example data for
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14 March 2020. The evaluation results in Table 7 show an average accuracy F1-score of 0.88.
The lowest F1-score was obtained for a water pump.

= Air conditioner
= Refrigerator

Water heater

42%
18% 41% = Electric iron

16% NILM u Kettle
= Rice cooker
= Microwave oven

# Washing machine

Figure 22. Proportions of energy consumed by electrical appliances measured by meter readings and
estimated from NILM (House 2).
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Figure 23. Active power from direct measurements and estimation by NILM (14 March 2020).

The results of the validity assessment of the energy consumption values are shown
in Table 8. The result in Figure 24 shows that the difference in total electrical energy
consumption for the whole month was 37 kWh or 13.3%.

The test results of the three sample houses and a summary of the comparisons accord-
ing to the proposed methods are shown in Table 9.

Continuous data on electrical appliances estimated by NILM can be used to plan the
maintenance of electrical appliances and to warn when the appliances are not in use.
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When the iron is plugged in and turned on, but not in use, it stays hot all the time and
consumes energy. Figure 25 shows a comparison of the active power when the electric iron
is in use and when it is not in use. When the electric iron is not in use, it is turned off for a
longer time and turned on for a shorter time, about 8 times per 20 min, and the duty cycle
is symmetrical, while when the electric iron is in use it is turned on more than 16 times per
20 min. The number of times the electric iron is turned on and off per interval can be used
to help decide whether to send a warning message to the homeowner.

Table 7. Assessment scores of appliance disaggregation (House 3).

Appliance Total Events TP FP FN TN Precision  Recall Accuracy  F1-Score
Air conditioner 1899 1824 16 75 1718 0.99 0.96 0.97 0.97
Refrigerator 1502 1308 105 214 2145 0.92 0.85 091 0.89
Water heater 88 80 5 8 3473 0.94 0.90 0.99 0.92
Water pump 206 162 50 44 3346 0.76 0.78 0.97 0.77
Microwave oven 102 86 22 16 3450 0.79 0.84 0.98 0.81
Washing machine 110 98 6 12 3454 0.94 0.89 0.99 091

Table 8. Assessment of energy accuracy (House 3).

. Total Energy Total Energy i
Appliance [Meter] (kWh) [NILM] (kWh) Ece
Air conditioner 171.0 153.0 0.94
Refrigerator 69.8 55.9 0.89
Water heater 10.0 9.1 091
Water pump 5.4 4.3 0.79
Microwave oven 58 49 0.84
Washing machine 14.1 12.6 0.86
Total 277 240 El. =092

= Air conditioner
« Refrigerator

Water heater

NTEA : : Water pump

£62% # Microwave oven

2 O Washing machine

Figure 24. Proportions of energy consumed by electrical appliances measured by meter readings and
estimated from NILM (House 3).

If the refrigerator door is not fully closed, the system can be checked by the actual
power drop rate, which is lower than that when the door is fully closed. As shown in
Figure 26, the active power drop rate is —0.0063 watt/second when the refrigerator door is not
fully closed, while the active power drop rate is —0.0168 watt/second when the refrigerator
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door is closed. The embedded NILM system can relay this information to the homeowner by
sending a message through the LINE notify application installed in the microcontroller.

Table 9. A summary of the results of disaggregation of electrical appliances by the proposed NILM
method for the three sample houses.

List House 1 House 2 House 3 Average
Number of appliances 8 8 6 -
Number of test days 30 29 31 -
Number of events 5860 2342 3907 -
Number of events detected 5398 2104 3558 -
Total energy [METER] (kWh) 157 145 277 -
Total energy [NILM] (kWh) 148 134 240 -
Fl-score 0.90 091 0.88 0.897
EL.. 0.94 0.92 0.92 0.927
A
1200| | ¢ In use > Not in use
~ 1000
£ 800
& 600
400
200
0 L
0 400 800 1200 1600 2000 2400 2800 3200 3600 4000 4400 ©
t (second)
Figure 25. The active power of the electric iron.
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Figure 26. Slope of active power of refrigerator.

When the ambient temperature is higher, the air conditioner tends to consume more
electricity, as shown in Figure 27. Some of this electricity is used for cooling. From the
results of continuous data measurement using the NILM principle, the relationship between
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the temperature and power can be derived as shown in Figure 27. The same approach can
be used to determine the optimum time to clean the air conditioner for better cooling.

1040 T T T T
X Before Cleaning A/C slope[20.3 W/°C] %
1020 - % After Cleaning A/C — — — -slope[10.8 W/°C] |
X
1000 - 4
X
980 - ’ Prefore=20.3T+616.2 ‘ . |
e
= \ ¢ .
Z 960 T4
~ X X -~
x *_*
940 255 ¥y o 1
X X~ /X */ % *
920 - x e % ¥ i
% GRS \
900t Xx T4 ‘ Paner=10.8T+380.3 ‘ ]
*K
*
380 . | | | | .
25 26 27 28 29 30 31 32
T (°C)

Figure 27. Relationship between active power and ambient temperature.

In addition, the data on each electrical appliance may be used for other purposes, such
as a notification that the kettle has boiled (to avoid having to restart the appliance, which
is not energy efficient), a notification that the washing machine has finished its cycle, or a
notification that the air conditioner is running outside of normal use.

7. Conclusions

In this article, we presented low-cost and real-time monitoring in a proposed NILM
system that uses only one microcontroller to operate all functions. From testing in selected
houses, the proposed NILM-based processor design obtained data from a low-sampling-
rate meter every 1 s and stored it as a dataset for processing. Active power change was
determined using the method of finding the intersection of the data set and the reference
line created by polynomial equations. The proposed method was able to detect 91.3% of
total change. The final identification of the dataset used four characteristic extractions:
AP, AQ, number of intersections, and the curve fitting of the starting characteristics of
appliances. The accuracy of the system'’s ability to disaggregate devices was found to be
0.897. The accuracy rating of the total electric electrical energy was 0.927. The proportions
of electrical energy consumed by the electrical appliances were comparable for both the
direct measured value from the meter and the estimated value from the proposed NILM
method. Through the internet platform, a detailed real-time graph showing the total power,
the status of the total electrical power consumption, and electrical power per device worked
correctly. Continuous recording of electrical appliances using the proposed NILM method
has a low investment cost but can be used to analyze the behavior of electrical appliances
for preventive maintenance and to provide alarms.
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Abstract

A Nonintrusive Load Monitoring system (NILM) is an energy demand monitoring with load
identification system. The NILM can use only one instrument installed at main power distribution board for the
monitoring and load identification. In this paper, we present the Operating Load Model data set (OLM), a
software data set containing detailed electricity consumption that can be adjusted by user, which is aimed at
furthering research on energy disaggregation. This paper points to six appliances in household including air
conditioner, television, refrigerator, rice cooker, fluorescent lamp and electric iron. Moreover the paper
implemented a low sampling rate of monitored data to detect any change of power signal that obtained a 1 Hz
sampling rate of active power from OLM software data set. The proposed OLM used 5 points of recorded data
with steady-state real power and reactive power signatures to disaggregation. From the results showed that the
proposed OLM software data set can be used to test NILM algorithm and the proposed NILM algorithm can
disaggregation energy of the OLM software data set in 6 cases with accuracy percentage of energy consumption

is approximately 91.76%.
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1. Introduction

The traditional load monitoring method uses
electricity meters at different points of the electrical
installation to measure all possible variables that
called intrusive load monitoring system [1, 2] shown
as Figure 1. Various drawbacks are presented when
applying this method such as the division of the load
circuits, the cost of the electricity meters, the cost of
installation, the available space for installing the
hardware, among others. The Nonintrusive Load
Monitoring (NILM) method focuses on using the
user’s electricity meter to identify the operation state
of electrical devices, and the characteristics of the
consumption and the load [3]. This monitoring
method has been applied for different type of
installations, being most common for residential
users. Nonintrusive Load Monitoring has become
more important with the growing use of smart meters
at electrical installations. Significant savings in
energy consumption can be achieved by improved
energy management and real-time information on
appliances in buildings [4]. In [4], researchers
investigated the effects of electricity consumption
feedback. Type of feedback has the effect of saving

"Corresponding author; e-mail: boonyang.p@en.rmutt.ac.th

electricity. Furthermore, the greatest saving can be
achieved by providing electricity consumption broken
down to the specific appliances of a household. Real-
time energy consumption on appliances can be used to
plan to improve efficiency of load such as cleaning air
conditioner or defrosting refrigerators. A continuous
feedback on load power draw can lead to significant
energy saving. One of the classifications of NLIM is
sampling rate that they rely on: very low sampling
rate (1 h - 15 min), low sampling rate (1 min - 1 s)
and high sampling rate (< 1 s) methods. Very low
sampling rate methods are to get data from Automatic
Meter Reading (AMR) that complies with 10, 15, 30
and 60 minutes [5, 6, 7]. Low sampling rate methods
are to get data from smart meter with port
communication that obtained data at a 1 Hz [8, 9].
High sampling rate data allows NILM algorithms to
use more complex features including transients,
current harmonics and voltage-current trajectory that
get data from special meter [10]. This research uses a
single energy meter of main point to obtain a 1 Hz
sampling rate of active power. To test NILM
algorithm we need data set of electricity consumption.
In recent real-world electricity

years, several

DOI 10.14456/jtir.2017.9
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consumption data sets have been made available to
the public. One of the most used and well-known data
sets is the Reference Energy Disaggregation Data set
(REDD) that provided the electricity consumption
data at 1 Hz [8]. For instance, the Building-Level
fully-labelled data set for Electricity Disaggregation
(BLUED) [11] includes the electricity data of one
household over a time period of 8 days, whereas the
Almanac of Minutely Power data set (AMPds) [12, 13]
provide one and two years of data measured at 1
minute intervals. Electrical loads in a power system
may be modeled in one of three ways: constant
impedance, constant power, or constant current sink
[14]. Electrical loads in households can be classified
according to the power factor of the load as follows:
unity power factor (resistive electrical loads), lagging
power factor (combination of resistive and inductive
electrical loads) and leading power factor (combination
of resistive and capacitive electrical loads) [15]. The

kWh-Meter

choice of modeling depends on the degree of accuracy
required.

In this paper, we present our work on developing a
software data set, termed Operating Load Model
(OLM). Three types of load model that is classified by
power factor are used in this paper namely unity
power factor, lagging power factor and leading power
factor. Starting, steady and stopping characteristic of
load are modeled. The advantages of OLM software
data set are: various situations can be simulated,
saving time and no cost of instrument installation. We
used 5 points of recorded data with steady-state real
power and reactive power (PQ) signatures to
disaggregation to test our NILM algorithm. Figure 2
shows an electricity system of household with NILM
embedded system that only uses one instrument
installed at main power distribution board. The user
interface can read all information from cloud by
internet and direct read from NILM embedded
system.

<t

8 e

\ {0 «(cpl
| Meter | Meter

)
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Figure 2 Nonintrusive Load Monitoring
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2. Materials and methods

2.1 Nonintrusive Load Monitoring

To monitor status and energy consumption of
appliances in household with non-intrusive are the
main concept of nonintrusive load monitoring. The
data of electricity in household is collected at the
main circuit, and then disaggregated data to obtain
power draw and operational time of appliances that
system classification. Figure 3 shows an example of
amain active power signal and individual appliances
signal that corresponding with main active power. The
main active signal consist with 6 loads in household
including television, rice cooker, air conditioner,
refrigerator, fluorescent lamp and electric iron. In this
illustration, the reconstructed operational time of
television is from 198 s to 423 s and step 698 s to
1239 s with the power draw is about 59 W, electric
iron is from step 586 s to 1090 s (on and off in this
period) with the power draw is about 1000 W and
refrigerator is on and off all day with the power draw

Figure 5 Smart power meter module

is about 75 W. In this example, the appliances are
modeled as on/off load that consume constant active
power at a single steady state.

NILM system can be divided into four main parts
as shown as Figure 4 [16]:

Monitor Data: This part is data logger that is used
to measure and record data from system. There is a
wide variety of power meters designed to measure the
aggregated load of the building [17, 18] such as smart
meter.

Event Detection: To detect the change of electricity
data used in detection part, that is software part such
as active power (P) as its input and returns a list of
timestamps of detected events [19].

Feature Extractions: Feature extraction is the
extraction of some features out of those timestamps
that read from main signal.

Classification: Classification part acts as grouped
or disaggregation the appliances status used training
data to classifier with timestamps.
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Figure 7 Characteristic of appliances from operating load model

To present power consumption of appliances to
user has to have display part such as internet smart
phone.

2.2 Operating Load Model

This paper has introduced the Operating Load
Model (OLM), a software data set for research energy
disaggregation. We have chosen MATLAB as programming
language to build operating load model because it is
widely used both in industry and education and it is

especially popular in the engineering and applied
mathematics communities. Six appliances in household
are build including air conditioner, television, refrigerator,
rice cooker, fluorescent lamp and electric iron. To
record the characteristic of appliances to build a
model in MATLAB, we used the smart power meter
module that include power meter with 0.5% power
accuracy [20] that connect to microcontroller with
RS485 communication shown as Figure 5. Electricity
parameters namely active power, reactive power and
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voltage that obtained from energy meter have been
save in memory of microcontroller and a micro-SD
card with timestamp and send data to smart phone or
computer by wireless communication a rate of 1 Hz.
To design model of load, we consider about characteristic
at start-stop time and power consumptions. Examples
of data that record with the smart power display as
Figure 6 and Figure 7 show the characteristic of
appliances that build from MATLAB programming.

Signature of appliances can be illustrated:

- Air conditioner is overshoot at start time. The
operational pattern is on-off with temperature setting.
First on period have long time more than other. Power
of air conditioner is a combination of both inductive
reactive power and active power.

- The operational pattern of television is changing
active power high and low before steady state. Power
of television is a combination of both capacitive
reactive power and real power.

- Refrigerator is high overshoot at start time. The
operational pattern is on-off with thermostat setting.
Power of refrigerator is a combination of both inductive

reactive power and active power. When compressor
on it decreases power in function of time defined
formally as

Pres(t) = 0.1446¢% — (1)

where Pge((t) denotes the active power for time t, Pyo
denotes the steady state active power at on start time,
t denotes time in second (start when compress or on).

- The operational pattern of rice cooker is warm
and cook step. It has only active power.

- Fluorescent lamp is little overshoot at start time.
Power of fluorescent lamp is a combination of both
inductive reactive power and active power.

- The operational pattern of electric iron is on-off
with heating of bimetal switch. First on period have
long time more than other. It has only active power.

Figure 8 shows system that include OLM of
appliances main meter and sub meter for test accuracy
with NILM. Figure 9 shows the OLM of air conditioner
and block parameters.
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2.3 NILM algorithms

The NILM algorithm in this paper extracts main
data every 1 second when detected the change of
active power from the OLM data set and assigns each
event to the appliance with the best match in a
signature database. The algorithm is based on the
approach developed by [1, 21, 22]. Five points of
monitor data used to event detection to detect positive
and negative change of active power. If data of 5
point (P1, P2, P3, P4 and P5) are in the steady state
find a change of real power (AP) by comparing with
last the steady state of real power. Used AP AQ and
pattern of last 10 point before get the steady state to
find best match in a signature database. Pattern of last
10 point used to classifier load that on and off more
than 1 load. It can be mathematically expressed as
Eq. 2:

AP:PL’Z_PL']. (2)

where AP is a change of active power, P, is the
steady-state active power at time t; and Py is the
steady-state active power at time t,.

For load identification, the transition of steady-
state active poweris mapped into a space of P-Q. Find
the 3 minimum of error index (S) after that used
pattern of last 10 points to find the best of error index
(S). It can be mathematically expressed as Eq. 3:

ex =(AP —sP )2+ (AQ —sQ)2 O

where AP is a change of active power, AQ is a change
of reactive power, sPy is the sum of active power at
index k, sQy is the sum of reactive power at index k
and ey is error of power at index k.

On-off status was used to determine status of
appliances from the best of error index (k) and
calculate active power that have on status defined

formally as
2 PpK,, — AP
m=1"m"m )Pi (4)
—1|PmKml

Pon; = (1 +

where Pon; is active power of load i that status is on,
P;, B, are setting active power of load i and load m,
K., is status of load m, n is number of load.

We used the energy consumption to evaluate the
performance of the method with 60 seconds of
interval time and 1,440 seconds and 14,400 seconds
of period time defined formally as

Acck
1— erl 0| nTrTTTH Ak_ ?LT{HPZ‘I ®)
ZN Pk
J
Acc =
T T T P T+T k
L Zneol S P~ S SR P ©
Z]:]IJ}

where Acck is energy accuracy of load k, Acc is total
energy accuracy, P¥ 1s active power of load k that
read from meter at the t™ time step, P¥ is active power
of load k that can be estimated from NILM at the t®
time step, P is total active power that read from meter
at the t" tlme step, m is number of load, T is interval
time and N is period of testing time.

3. Results and discussion

To evaluate the method, we used 1,440 seconds of
data from the OLM software data set with 5 cases
study shown as Figure 10. Figure 11 shows active
power of OLM that read from meter and Figure 12
shows active power of NILM algorithms that
disaggregate from main power of the 5" case study.
Switching events of the 5" case study detect different
of active power that have 42 switching events shown
as Figure 13 and Figure 14 shows energy
consumption from OLM and NILM of the 5" case
study.

Testing time of the 6" case study is 14,400
seconds that shown as Figure 15 and Figure 16. The
energy consumption of different type of appliances
from the simulation result shows in Table 1. Table 2
shows accuracy percentage of energy consumption
with accuracy percentage of energy consumption is
approximately 91.76%.

In addition to OLM used to test the NILM method,
the OLM software data set can be simulated to study
different aspects of loads: reactive power compensation,
power quality and efficiency, load shedding and
system planning such as planning of TOU (time of
use) in electric bill system. Blocks of OLMs that were
created in this paper can be added to MATLAB
Simulink in other related manner.

4. Conclusions

This paper presents the Operating Load Model
data set (OLM), a software data set for application
research in the Nonintrusive Load Monitoring system
(NILM). To identify the energy consumption in
various types of appliances can conduct an essential
real impact on energy saving and sustainability energy
use. We have introduced 6 operating appliance models
as air conditioner, television, refrigerator, rice cooker,
lighting (fluorescent lamp) and electric iron. We
constructed a smart power display module to record
the characteristic of appliances to build the OLMs.
The great advantages of proposed OLM software data
set are that various situations can be simulated, saving
time and no cost of installed instrument moreover the
model can be adjusted various parameters such as
voltage, power and time of on-off state. The results
showed that proposed OLM software data set can be
used to test the NILM algorithm. The proposed NILM
algorithm can disaggregation energy of the OLM
software data set in 6 study cases with the average
accuracy is 91.76%.
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Table 1 Energy consumption of different type appliances from meter/NILM
Appli Energy consumption (w-hr) [meter/NILM]
ppliances Case: 1 Case: 2 Case: 3 Case: 4 Case: 5 Case: 6
Electric iron 78.2/75.5 49.4/50.3 44.0/46.7 359/35.6 15.1/14.6 134 /137
Air conditioner 139.3/129.2 | 207.3/210.3 | 139.7/142.2 | 165.3/157.2 | 140.8/135.8 | 1,005/973
Rice cooker 162.4/165.9 | 151.9/150.3 | 126.4/125.0 | 104.4/103.6 93.8/88.4 492 /472
Refrigerator 26.7/28.8 26.6/24.3 28.5/30.3 23.0/23.6 26.7/24.5 184 /212
Television 154/11.0 15.2/15.1 12.7/12.0 8.2/8.6 9.7/9.7 147 /152
Lighting (FL) 9.8/9.8 14.0/14.2 10.8/12.4 8.9/10.3 7.2/7.7 115/117
Total 432.8/432.0 | 464.5/464.5 | 363.6/362.0 | 346.5/345.8 | 294.5/293.7 {2,091 /2,064
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Table 2 Accuracy percentage of energy consumption
Aopli Accuracy % of energy consumption
ppliances Case: 1 Case: 2 Case: 3 Case: 4 Case: 5 Case: 6 Average
Electric iron 90.64 88.39 92.65 86.55 87.70 93.88 89.97
Air conditioner 94.63 95.27 96.54 95.61 91.21 96.80 95.01
Rice cooker 94.16 94.86 93.28 92.47 92.08 90.79 92.94
Refrigerator 89.02 91.58 90.55 90.76 91.96 84.16 89.67
Television 70.76 94.64 94.04 92.42 95.56 95.12 90.42
Lighting (FL) 93.68 91.49 85.29 83.95 88.72 93.85 89.5
Total 94.98 95.66 95.67 91.94 93.52 96.90 94.78
Average 89.70 93.13 92.57 90.53 91.54 93.07 91.76
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Abstract—A Nonintrusive load monitoring (NILM) system is
an energy demand monitoring and load identification system that
only uses one instrument installed at main power distribution
board. In this paper authors have used low sampling rate of
monitored data to detect any change of power signal that obtained
a 1 Hz sampling rate of active power from energy meter. Using
Artificial Neural Network (ANN) for training steady-state real
power and reactive power signatures. This paper, pointed to four
appliances including air conditioner, television, refrigerator and
rice cooker. The results showed that in simulation test can
disaggregation of appliances in correct detection rate 98% and in
the installation test can disaggregation of appliances in correct
detection rate 95%.

Keywords—Nonintrusive load monitoring (NILM); Artificial
neural network(ANN); Embedded systems;

1. INTRODUCTION

In an electricity system of household, to identify status and
to know the energy consumption of appliances there are usually
voltage sensor and current sensor installed in each load that
called intrusive load monitoring system [1]-[2]. A nonintrusive
load monitoring (NILM) system is load identification system
that only uses one instrument installed at main power
distribution board. The system is better than traditional intrusive
monitoring systems because the measuring of power
consumption without having to install any instrument directly to
appliances that mean to reduce the cost of sensors and
installations. Significant savings in energy consumption can be
achieved by improved energy management and real-time
information on appliances in buildings [3]. Real-time energy
consumption on appliances can be used to plan to improve
efficiency of load such as cleaning air conditioner or defrost
refrigerators. A continuous feedback on load power draw can
lead to significant energy saving. The system uses a single
energy meter of main point to obtain a 1 Hz sampling rate of
active power. Using Artificial Neural Network (ANN) for
training steady-state real power and reactive power (PQ)
signatures. Fig.1 shows an electricity system of household with
NILM embedded system that only uses one instrument installed
at main power distribution board. The user interface can read all

978-1-4673-9749-0/16/$31.00 ©2016 IEEE

Boonyang Plangklang

Dept. of Electrical Engineering, Faculty of Engineering
Rajamangala University of Technology Thanyaburi
Pathum Thani, Thailand
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information from cloud by internet and direct read from NILM
embedded system.

II. NONINTRUSIVE LOAD MONITORING

The main idea of nonintrusive load monitoring is to obtain
appliance-specific information non-intrusively. The information
is collected at the main input, and then disaggregated to obtain
operational time and power draw information. Fig.2 shows an
example of an aggregated power signal and the corresponding
NILM solution. The main signal consist with television fan and
refrigerator signal. In this illustration, the reconstructed
operational time of television is from 5:56 AM to about 8:40 AM
with the power draw is about 58 W, fan is from 5:25 AM to about
8:50 AM with the power draw is about 46 W and refrigerator is
on and off all day with the power draw is about 72 W. In this
example, the appliances are modeled as on/off load that consume
constant active power at a single steady state. NILM system
elements can be divided into four parts: data, detection,
disaggregation and display [4]. Fig.3 shows the elements of
NILM system. Data part is hardware that used to measure and
record data from meter. Detection part is software that used to
detects the change of real power (P). Disaggregation part is
software that acts as disaggregation or grouped the electrical
equipment. Display part is presentation of power consumption
of electrical devices.

Embedded System

o
*

Fig. 1. Electricity system of household with NILM embedded system
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III.  ARTIFICIAL NEURAL NETWORK
250 . .
Total Power (w) One type of network sees the nodes as artificial neurons.

These are called artificial neural networks (ANNs). An artificial
200 neuron is a computational model inspired in the natural neurons
[5]. The complexity of real neurons is highly abstracted when
modelling artificial neurons. These basically consist of inputs
which are multiplied by weights and then computed by a
mathematical function which determines the activation of the

100 neuron. Another function computes the output of the artificial
neuron. ANNs combine artificial neurons in order to process
% information [2]. Learning method in this paper used the

backpropagation algorithm. The purpose of backpropagation is
to optimize the weights so that the neural network can learn how
0 e . R to correctly map arbitrary inputs to outputs [6]. Fig.4 shows the
é : S & basic network structure with two point of inputs (i), two hidden
node (h) and two point of output (0).
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Fig. 4. The basic structure of neural network

The backpropagation algorithm can be decomposed in three
steps and stopped when the value of the error function has
become sufficiently small. In this paper we use AP and AQ as

Fig. 2. NILM classified an input signal into individual appliances input and status ON and OFF of load as output.
A. Feed-forward computation
Data This step calculated the total net input to each hidden layer
Data collection of real power and reactive neuron and output layer neurons as in (1), squash the total net
power with low sampling rate (1 HZ) using the logistic function as an activation function as in (2), then
computed the error that using the squared error function for each
output node and sum them to get the total error (Eiowr) as in (3)
X k !
Detection 3 _Zh i s net —Z X out (0]
Detect the change of real power that netny = Wap X Ini Nelog = ) OWnq X OUlpn
represents a change in operating conditions & \ n=t )
of the equipment - ’ _
quip. outyy = m ; Outyg = W 2)
4 7/
Z N/ _ 2
Disaggregation Etatal N Z 2 (targetn Outon) (3)
Disaggregation or grouped the electrical /i
equipment that on or off where p is hidden node, q is output node, k is number of input

node, 1 is number of hidden node and m is number of output

Jl node.

B. Backpropagation to the output and hidden layer

Display

Display of power conl;ur.npt ion of electrical To updat_e each of the output weighjfs and hidden weights in

devices can be divided into home display the network is the goal of backpropagation so that they cause Fhe

or internet display actual output to be closer the target output, thereby minimizing

the error for each output neuron and the network as a whole. This

step calculated the partial derivative of the total error with
respect to hidden weights as in (4) and output weights as in (5)

Figure 3. The elements of NILM system
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where q is output node, j is input node, p is hidden node and
m is number of output node.

C. Weight updates

Updated each of the weights in the network to use for
computation in next iteration. Output weights updated can be
expressed as in (6) and hidden weights updated can be expressed
as in (7). Trained until the error is less than 0.0001.

_ 0E ot 6

OWpq(update) = OWpq — dowpq (6)
aEtotal

hWjpupdate) = hwjp — W (N

where q is output node, j is input node and p is hidden node.

In this paper we train the system to find optimal weights
separated to two case: 1) when AP has positive value 2) when
AP has negative value.

IV. DESIGN OF SYSTEM

The system used a single point of power meter as shown in
Fig.5 and Fig.6. This system consists of power meter,
microcontroller, WIFI module SD-card and RTC. Fig.7 show
flowchart of system. Test system can be divided into four parts
as follows:

-Hardware. Using power meter with RS485 communication
connect to microcontroller. Microcontroller obtained active
power sampling rate at a I Hz from energy meter and save data
in memory of microcontroller.

-Event Detection. Event detection used 6 points of monitored
data to detect any change of real power signal. If the 6 points of
power are less different than the threshold mean all loads in a
steady state. If the data are more different than the threshold
means either a change of load. When the data are less different
than the threshold in two close range saves a change of real
power (AP). This part program in embedded system.

-Data Disaggregation. The ANN methods that program in
embedded system use to data disaggregation. This article
interest air conditioner television refrigerator and rice cooker.
This system provide two group of optimal weights that depend
on value of AP. as show in fig. 7.

-Information presentation. The Internet of Things (IoT)
devices can be used to monitor and control the electrical and
mechanical systems. ThingSpeak is the internet of things
application platform that selected to use in this paper. Each
channel has eight fields that can hold any type of data. User can
read data from data base of ThingSpeak.
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Fig.5. Diagram of test system.

Embedded system User Interface

Fig.6. Equipment of test system
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Fig. 7. The flowchart of NILM system



V. RESULTS

The NILM system is used to monitor active power. The
neural network algorithm in the NILM system identifies four
actual loads with steady-state active power (P) and reactive
power (Q) signatures. These loads include a 950 W air
conditioner, a 58 W television, 72 W refrigerator, and a 650 W
rice cooker. Using optimal weights in conjunction with (1) and
(2) to calculate output.

A. MATLAB simulation test

MATLAB is selected to build load model and to determine
optimal weights for ANN with 2 inputs (AP and AQ), 8 hidden
node and 8 output node. Five situation are used to simulation test
with voltage 210V, 220V and 230V. Period of each situation is
1,200 second. The simulation result in Table 1 show that the
average correct detection rate is 98%. Fig.8 shows load
simulation circuit. Fig.9 shows example of load disaggregation.
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Fig. 9. Load disaggregation of simulation test

B. Installation test
Embedded system has been installed in household. The
system is displayed via ThingSpeak platform to store and
display data every 1 minute shown in Fig.10. This result was test
only one load on or off and other unchanged. In Table 1 show
that correct detection rate is 95%.

Power_Total W)

000

Power_Alr (W)

Refrigerator (W)

Power_Rice Cooker (W)

2145 22:00 22115 22:30
Date

Fig. 10. Load disaggregation of installation test

VI.  CONCLUSIONS

The paper proposed a design and construction of measuring
system to measure the power consumption of air conditioner
refrigerator television and rice cooker in household without
having to install any instrument directly to appliances. From the
results, the simulation test and installation test can disaggregate
power of appliances from total power. In the future works, long
time installation test has to record and increase correct detection
rate.
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