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RUTTAGORN PRASERTLUX: A DESIGN AND DEVELOPMENT OF SMART METER
LOAD PROFILE FOR RESIDENCES. ADVISOR: DR. PHAISARN SUDWILAI, 75 PP.

The electricity consumption rate is increased every year. This is occurred
from increasing of economic size and number of new trend electric equipment such
as electric vehicle. To sustain electricity and reduce environment impact in the
future, electric energy conservation is important. One way to achieve this topic is
non-intrusived load monitoring that can show load profile of each electric equipment
from total electricity consumption load. The electricity information of each
equipment can help to manage electrical system supply and demand in view of
electric supplier and user. In this research, supervised non-intrusived load monitoring
algorithm was developed. This algorithm was tested through data that collected from
10 equipment’s which some equipment had same power level. The time that used
in training algorithm is less than NILM that based on deep learning .Also the smart
meter load profile was developed and results were evaluated by accuracy of
prediction load profile for monitoring of 10 equipment’s. The accuracy score of smart
meter system was 1.0 and the system can separated load profile of equipment that
have same power level. The performance of smart meter load profile in this research
is evaluate base on assumption that none of electrical equipment is ON at
simultaneous time. The result of this research was improve smart grid technology

that support to sustain electricity in the future.
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FnsFeuivenaIadiieauisavenaniunisalviuvetsgunsallnihusazeials 335l

31 Msasdulmanuuulaigngan (Non-Intrusive Load Monitoring) d1miuganaesiiuiildlu

'
= 1 o

nsuenlvantuvasldanudmsunededelunuided sslinguliugiunineivesiunis

Y

PONUUUTNAILI 3 Naud Aesialuil

2.1 ngelasednguszamiisnwuy Multi-layers perceptron
lasaeuszamifisuduszuuaenfimesanuuudiasmadnmans iednas
mshanlasaglszamdinmiogluanssveaywd ieudtymuuuifeiviiaommyed
anunsovinld o1fiu ronfiupesiviad, n13dsdiye, msudanmen, mansoadenilndea
fife, madwnauaznsitiadelsa lnswiouszamiiondnidusaneiiiunsGouivounies
yiianils IngisamnsautsdanesiiunsFeuiveuaiosdinslandu 2 wuu wuuusnifums
Bousuuuiifaeu (Supervised leaming) Aafinsteyauaznadnitoudludanoiiiuile
ynsaeu wagyiinsUszfiuanuiudwesuuudians Weldnanmuwiudiisensuls
wuudiassdandnAauisaldeulsd luvuzidnuvundadunisFouiuuubiddaou
(Unsupervised learning) Tnevinnstloudayainly dane3fiuazyiinisdauendeyasenidu
nqulaglidasiinisimadnsunaoulinou uenanidansifiunuumedsuiuuuifaen

o w

aunsouusgaslaidudn 2 wuu AensiseuiuuuiEiunings (Reinforcement learning) tng
Toyavzgnloudnlvludanesfiuuagyinisussuianadns daeuvzyinnisussilunadnsin
gnvieRiauagyinnsdsradnidananlisaneifiuidous Bnsdeivinlfannsnaeusanaiiy
lnglddayaiiiesaguied dudnuuupenisiseuiuuunnly (Corrective learning) Ingagil
msinFAnuAaAdRuTesSane3TiuLarinn1sUSUSaneiTiuiloan N Am LA IALAdE Y
a4 Bn1sBeuslassiedsramiiisnwuy Multi-layers perceptron daegluignisiseusly

WUUAINENT aJUNINTINNNSISEUIVDATONEINTANUTOLANIAIFURN 2.3



Corrective learning

Supervised learning

Learning " Reinforcement learning

" Unsupervised learning
JUN 2.3 M NTIUNNSIUIVDALATRIINS

dmsulunisfinwiszuulasevigUssamiyisuuuy Multi-layers perceptron 2
Forsanauadeselud 2.1.1. andnenssunselasadns (Architecture), 2.1.2 §nwae
laseYneUsEamienLuu Multi-layers perceptron kag 2.1.3 801558 USLULLNISaUNG U
(Back propagation method)

2.1.1@01Unenssunselaseasne (Architecture) n1sRansuaa dnenssunie
Tassadwadlassteussamiflontuazuenfionsandsil

- 9UTU (Number of layers)

[ [
[

lasagngUsyamiienwuy Multi layers perceptron duagdltuduns (Input layer)

v

U 1 YU Fugeu (Hidden layer) Aasiognatioy 1 T Wagdul@IANAAINIY 1 G

- 91Ulnua (Numbers of nodes)

v
[

TuusaztudzUsznauaiglnun (Nodes) lutudunmizisenitmuatuduns, lugu

o
Y a

FauLTENIIUATUGOU LastulednnziFeninluuatweing Ingduiulnuntuduneg

q

[y

sgwiiudwUstudune lulnuagugeuldlafivnannuiueulunisiruadiuam duiiuiu

o v
o

uagueinnazuiuguLuL (Pattern) @95l Usiandng
lnauansgarlnenssunselaseasnewoadassineussanifisuuuy Multi layers

perceptron @fﬂ’gﬂﬁ 2.4



Input Output

Output Layer

Hidden Layer
Input Layer

3UN 2.4 anUnenssuvivelassasnvedlassigussanniigniuu Multi layers

perceptron[3]

2.1.2 anwaglasanegUszamiisuunuy Multi-layers perceptron 1AsstnaUseam
Wigluy Multi-layers perceptron 7ilglusuidell Inannisnsil
- NS BN TENINTUA T TS nwaAnn iU luTuBunnTuIzds

o £
o 1

ﬁmmwmlﬂnﬂlwuﬂiu%wdau wazynluualutugouszviinmsdadyainulunnlnunlud
LRl

B AROR RIS e R AN Iu%’juéuwm%iaiﬁmiﬂismawa‘[,@qﬁy’aﬁu 29
MﬁwﬁLﬂmLLﬁ%’Ué’agmwmw%%’a;ﬂaLﬁ?hLLé’qﬂizﬁ]waaaﬂiﬂé’awiazlwumiu%gueziau dududon
wazdue ety awduduiiinisseanana Tasguil 25 wwdunisuansdednvusaas

lAssngUszamLiiBLLUU Multi-layers perceptron

e t,

e, ——— t,

E. . IR o
OUTPUT
> e < t
Y, Z, ’ ’
M M WMJ
INPUT LAYER MIDDLE LAYER OUTPUT LAYER DESIRED
BRANCHING NEURODES NEURODES QUTPUTS

NODES

JUT 2.5 dnuauzvatlasaingyszaniieaiuy Multi-layers perceptron(3]
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213 3§ﬂ13L§8u§LLUULLW§§J’8uﬂﬁu (Back propagation method) [3]
nlATeU1gUsEaIMAENLUY Multi-layers perceptron Wananagul 2.5 uag
ANUNNIEVRIRIRUARA I AeuaRdlUAIN 2.6 @1u1sauUtunBUNSISEUSYRtlATIYNY

Usgamifisuuuy Multi-layers perceptron tagsil

a ~ = &
x, = dunaluuai n Iawiua N vue
5, = D1ANAVBITUTEY NWYIINFUTUA activation LU v,

v

Yo = 0WNATDITULRY NEBINNITUTUANYRIUAT m Tviaviua M Tnug

v, = dnnvasiugeu neuvin1suTud activation Wu z

o

' 3 ) PR v & 3 A, Ao

z, = AwawanlaimsTuAuavestueIinAluei j ivsvan J Tvun
t = AIANATIABINTTITWFNALUAT | IMsvan J Tnun
W= HINTNUDLEUTRNTENI1 T UBUNA AUTuteu
w,; = Wntinveaduensywinatudeu Auduiendum

U a Yl 1 1 ! =
N = dn51MsiSeusAag5endng 0 8 1

° = o = v o & o o
r = useuawimsisews 8 R Wudwiuseuiimnue

q = Pwgavesdayadiogns I Q Wusifivun
@ 1 a v oo
e = Alanarnvesdoyadiogns

E = ARavainsiuadevesdayasiegis

JUN 2.6 AnavnevasiLUai e ingIteansiseuivedlaseeUssamiiey [3]

2.1.3.1 Amuaduulvualugudune (N), Iwiulnualuduerdnn O) uay

% 6

unualudugeu (M) 31U 1 Fugou wasfinunduIuteyadunnLazUayaling

i o a v

AoANUUALYIINIAMUATIUIUTBUFIARTIRLYINNSISEU] (R) Sudsrdanaianeeusula

2.1.3.2 MrupA1mns3wesvednsnsiseus (1) iegluyas [0, 1]
2.1 3.3 n1sguiminsudulriunnidugeslesnielulassiedssamiioy

Tuvia 2 9u Inglvlianegsening [-1, 1]
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2.1.3.4 FuArdunavesdoyayausn teldlunisduinmaiednnves
IAsengUszanniiiey

2.13.5 Aunmdmasivednualududou (S,) Aeusinn1susuaIsIugae
flarifunsedu (Activation Function) fifudinuess Gwzlddmasivanludugouioglutas
[0, 1] Wneilsneasidunaadunis 2.1 Deaunis 2.3 ﬂ'wLmsﬁ‘vgmsuaﬂ%y’uﬁziaud@w‘hﬂ’ﬁﬂ%“um §19

AUNITN 2.1

N
S = E X Xw
m n nm
n=1 (2.1)
ALDIANAVRITUTOUNAIIINITUSUAT Faaunsn 2.2

Y, =f(s.) (2.2)

Hangunlgusuan f(ix) Asaun1syn 2.3

1+e (2.3)

2.1.3.6 AUINANDNNAVRIVAAUTWDIANARIBENNIT 2.4 INUUTIINIT

UFuAmasaumeilsidunsedudnuesafiaunisn 2.3 deazlirveddvanludueidnaiag

Y

Tug [0, 1] dwsuAvemaansiulruatuiedna iy vanihmsusuamuaniieaunisi 2.4

M
Vi Zym XV
m=1

ALDIANAVITWRFNANAIINTUSTURN Aaaun1sn 2.5
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Y = S (2.5)

2.1.3.7 mamaranuanatnvesinualuduiodmuagyiinisusuthmingy
Tnensinednniidnnaldavisuisuiuermeiiuely ilemarnuianainues
foya Tnefheanuianansesteyatiosnimanuianaraiiveusulduditu Tasmie
Uszamifisufagyhmssuteyarasieludndlassing Taslaldvhmsusudmanudad
Insaiedszamifisnagyhmssudeyaunidnll wagaznduluvinde 2.1.3.5 uatidudeyayn
anhevestoyauditiu awluvinde 2138

AANURANAIATULRELIIYDITRYE AANNTN 2.6

1 J
e = E(t—z)z
J J
25

(2.6)

nsUsudmnsEnirunlutug aukastwedng AIEunIsn 2.7

(r+1) ) (@ _(q (@) (a) (a)
wo = w " +1”|{(t‘q i )X|:qu (1—2q )]qu }
mj mj J J J J m 2.7)

v '
U 1 (9 a

nsusumtnsgnialvualuduBunawastugou fwaunsn 2.8

SRR D Y () EA () Y R A O

= (2.8)

2.1.3.8 A uianaInsImads (Mean squared error : MSE) Tunn
uendeya lnsthadawainvesusiazumvesgndeyaun Ny udvhnsmeads eldly
nsrsRdeuimadnsvosndoyaluusarseuiuiidtiosnitAanufianainfivensuldlu
ynundeyaviel lnsidosniiAranuiianainiisensuldliaunsioud udtainny

Hanaaeieunniangesuldlinyaasuiliminniseuiasunudmuiueuiinimuald
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wiald dasuualiaunissend wanddliasulvinduluvinde 2.1.3.4 Tva Feffeisuduns

Seuiseulmidanuranansueiy Awun1si 2.9

g-1 (2.9)

2.2 msﬁamiﬁwmmg’m Modbus (Modbus Protocol Communications) [4]

n13d0a13ie3n 51U Modbus iuvilslusnasgunisdearsuuveynsu (Serial
communications protocol) Aldffuseraunsnarsluszuudalusifignaivnssu (industrial
Automation Systems : IAS) iloa1an151TeulostoyaszninegUnsainigg Wy aunsal
AIUANTLEAT (Programmable Logic Controllers : PLC) aUN5ains331n (Sensor) gunsal
\n3eana guUnsalduif (Actuaton) mihensiainszeglna (Remote Terminal Unit : RTU)
sudsszuuasuiunesililunisnivaunazuansaniuguesgUnsnisas (Supervisory
Control and Data acquisition : SCADA)

Modbus gnimugulula.a. 1979 lnguddn Modicon (Haqtufie Schneider
Flectric) Wulnsinneatignléfusgraniundunugaamnssudesannanudelunisly
unazdanuindede luiligiuinisdearsauisaudsléidu 2 ssuufe Modbus RTU
uaz Modbus TCP lagansunnsinsogiilnsinasanisdeansild luszuu Modbus RTU agld
InsInaeanisdeansuuueynsu (Serial-based Protocol) luvnigisguy Modbus TCP agld
Tnslnaoanisdoansuuudimediin (Ethernet-based Protocol) Fevisapenuuazuans1eiu
pssiinELazsrozmdlunisiudadoya la Modbus RTU anansasudslsiszezmageqn
f9 1.2 Alawns (fira1u15 57.6 kbps) Tuaaedi Modbus TCP aunsasuddldfinauisy

a9aAte 100 Mbps (Msgegn1e 100 Lwns) Inesieazidenilnmaludl

Y 9
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2.2.1 ﬂﬂié@a’lﬁLLUU Modbus RTU

B Request
M Response

g‘dﬁ 2.7 mﬁiamnwuauﬂiuﬁw RS - 485 g3y Modbus RTU

Modbus RTU #® I‘Wﬂ‘mﬂaamﬁ’fmﬁﬁiamﬂwuawﬂiu (Serial-based Protocol)
sheantinenssunsdeansiuy Master/Slave viioorananlaingunsal Slave azlsidadoya
(Response) N&UN1AUNTIALIN15509U8 (Request) 3NaUNTal Master ﬁ\igﬂﬁ' 2.7 Modbus
RTU Tnevialuagldnasdeanslusesunianan (Physical Layer) WUy RS-232 %38 RS-485
%’agaiuiwﬂmaa Modbus %Qmﬁu 4 sUnuy A® Output coils, Input contacts, Input
registers Wa¢ Holding registers

1ae 2 wuuLksn Output coils ag Input contacts WAAZLOAATEILINUATLREY 1
O videaldud “0” fu “17 WisuailoumnslauazdavesgunsalSiaduazaind inuls
Tussuunudnludingnaivnssy

Tuaauedl 2 WUUNAT Input registers Waz Holding registers @111384uA1LHY
fuanlate 16 Tn WisuaileudriiinangUnsainainfidsdeyauuusuiden (Analog)

(%

nsdeansvesdeyaluszuy Modbus RTU azsudntuyndeya lnevilu 1 yadeya

v
o £

Y
Wuardsgneumediu 6 diu Auandlusuin 2.8 Fusurumeyadnisusu (Start bits) 91984

fNsENuYAteya MNmlLAILrLLenlATE (Address) YBsgUnsalfineInsaeasaIe

Y ¥

MUAILYAG MU Function Code UagdayailnaenIs (Data) Ao 8YATLANTIAABUAIY

9 Y

v a

HANa1e (Cyclic Redundancy Check : CRC) wazyadnUaving (End bits) 8198909n153UAR

€

2UA
Y
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Start 28 At least 3.5 character times of silence (mark condition)
Address 8 Station address
Function 8 Indicates function code eg. Read coils/holding registers
Data nx8 Data + length will be filled depending on message type
CRC 16 Cyclic Redundancy Check
End 28 At least 3.5 character times of silence between frames

5UN 2.8 yadeyadmiunisdeans Modbus RTU

2.2.1.1 Wertun15919udm3u Modbus RTU (Function code)

yailardunisinauamnsautmiifasqldnmsia v3e Function code
MeuazBenuansisgui 2.9 Tnendnquénasiiflsdtunisiinuey 2 wuu fe n1581u (Read)
wazi@yu (Write) lnsanunsaidoniiazeunioilouteyaluss Coils n30 Contacts d1wu
UayaLuUAINea (Digital) 30 “0” iU “1” way Registers A1MSUSIUVTOTLUTBLAKUULD

3
vaon auilawin 16 U9 W30 faus 0000 &9 FFFF

Function Code
(DEC Action Data Type Object Type

UL

Read Single bit Output Coils
05 Write Single Single bit Output Coils
15 Write Multiple Single bit Output Coils
02 Read Single bit Input Contacts
04 Read Word (16bit) Input Registers
03 Read Word (16bit) Holding Registers
06 Write Single  Word (16bit) ~ Holding Registers
16 Write Multiple Word (16bit) Holding Registers

g‘U‘ﬁ 2.9 iwam%mﬁqwﬁa;ﬂa Function Code

2.2.1.2 fUnmluentnTaves Modbus RTU (Address)

FunusLenasaly Modbus RTU agdluune 16 Un 159 65535 AILUUL T
wiazgUhuUNIsHnau Tnedl Output coils (RUMUIKEAWMTATLSUFUT 000001) Input
contacts (FunisuennsaazSududl 100001) Input registers (FLntsnoninsavziSudud

300001) wag Holding registers (Furlaneninsaezsudud 400001) fe3 Uw 2.10
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Register Number| Register Address |Extended Register| Extended Register .
Type Object Type

Number (DEC) Address (HEX)

00001-09999 0000 to 270E 000001-065535 0000 to FFFF Read-Write Output Coils
10001-19999 0000 to 270E 100001-165535 0000 to FFFF Read-Only  Input Contacts
30001-39999 0000 to 270E 300001-365535 0000 to FFFF Read-Only  Input Registers
40001-49999 0000 to 270E 400001-465535 0000 to FFFF Read-Write Holding Registers

JUN 2.10 duviaueainsaly Modbus RTU Taguuannaguiuunisvinau

2.2.1.3 yavaya (Data)

ludaugndaya Data Field duazgnuuaiu 2 4a e gamdsdmiuniseny
(Read Command) mu3UT 2.11 wazyadsdmiunisidieu (Write Command) nxgui
2.12 Ineyndndais 2 gndsanngunsaifivimiinfidu Master wihtiu edamslugsgunsed

Slave N9@IN5ADET

Read Command

Request Message  startregister address (2 bytes) + no. of registers (2 bytes)
Response Message byte count (1 byte) + data (no. of registers*2 bytes)

JUN 2.11 YaAdsdmiunseu (Read Command)

Write Command

start register address (2 bytes) + no. of registers (2 bytes)
+byte count (1 byte) + data(no. of registers*2 bytes)
Response Message  start register adress (2 bytes) + no. of registers (2 bytes)

Request Message

2.12 ynedsd@msunisidse (Write Command)

9

=p.

U
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2.2.2 mﬁamnwu Modbus TCP

Client
(Master)

B Request
Ethernet B Response
Network
------ TCPIP
Server Server
(Slave) (Slave)
iIP:2 iIP:3 IP: 4 IP: 254

JUN 2.13 Msdeanswuusmesiiind sy Modbus TCP

Modbus TCP fie Inslnasafinseu Modbus RTU titeldlunisdeansuuudmes
\iim (Ethernet-based protocol) #2e TCP/IP (Transmission control protocol) finesn
(Port) 502 wnunslinsdeansuuueynsy faguil 2.13 vinlsigunsalanansnasnenisdesans
HIULASEUIBLANIE USLIA (Local area network :LAN) %30 1A389188UlAesLln (Internet
network) Taulfsmaideudenuuliany (Wireless) Inaslgunsainszaedaya i (Router
¥i30 Access point) Wuinanslunisideuse Tasyadanisilu Modbus TCP fsneazidendis
‘g‘dﬁ 2.14 way 2.15 Léuﬁu%’a;ﬂaﬁw Modbus application protocol (MBAP) Header GR
Usgnaunie Transaction ID, Protocol ID, Length, Unit ID %é\‘il,ﬁmawﬁuam Modbus RTU
daugadaya Function code wae Data azdsnamilouin eniuyadeya CRC dmsuida

AnuRanaInazlil ualdsululdues Ethernet Tu Data link layer Wi



Transaction Protocol
.

MBAP Header

Modbus RTU

Function
Code

Modbus TCP

Function
Code
I
|
DU

I P

Uil 2.14 drudsznauyndoyaves Modbus TCP iigufu Modbus RTU

PDU (Protocol
data unit)

Area Name Area Size Description
. Used by the master for matching of the response
Transaction ID 2 bytes
message from the slave.
Indicates the protocol of the PDU (protocol data
MBAP header |Protocol ID 2 bytes unit).
(MODBUS® Stores 0in the case of MODBUS® /TCP.
application Stores the message size in byte unit.
header) Message length 2bytes  |The message length after this field is stored. (See
the above figure.)
Module ID 1byte L'Jsed to specify the slavle connected to the other
line. E.g. MODBUS® serial protocol.
ot 1byte The master specifies the processing to be

performed for the slave.

Data

1to 252 bytes

[When master sends request message to slave]
Stores the requested processing.

[When slave sends response message to master]
Stores the result of processing execution.

18

E‘U‘ﬁ 2.15 MwazBunveusiay Field luntlamsuves Modbus TCP

2.3 N153USEANSNINA28 Confusion matrix

n3InUsEANSAINAIY Confusion Matrix tunisuszdiuUsyaNsAINAITIMUN

JoyareanuuiasinsieuirennIosinstasuaninasmewnsndudiudiny luduneu

AAVNEVRINITVIMUUTIR LD T IRUsEANSAmueIn1sTuunteya (Classifier) 9

vanieANudITenaveuUIIged JUwuuveduaIninUszansaim (Confusion Matrix)

wandladsgud 2.15
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Actual Positive Actual Negative
Predict Positive TP FP
Predict Negative FN TN

5UN 2.16 wssninuszansam (Confusion Matrix)

wesninuszansnmidunaaguvasnisuszdiuanuaiuisalunisduundeyaves
wuudraeanisnundoya Inemadeusieganaaey 913Ul 2.15 TP %o True Positive
fio S1urudeyanaaouiiiiunana Positive Lazuuudiassitnisduunligndesindy
Positive fi1 FP %38 False Positive S1uautoyannasuiiliildnana Positive usuudiaosi
nsduunAndfiunaia Positive A1 TN %3e True Negative A S1urudoyanaaeuiliiy
Aa1d Negative uazuuudiaesinisduunlagnsesindunaia Negative A1 FN %38 False
Negative Aoduautdoyannasuiiiiiunaia Positive uinvudraeadiinisduuniadndu
Aana Negative A1 TP, FP, TN waz FN anunsathurldduinmnasindie q ieusziiu
Usgansam nssuundeyaveuuudians nnsiafifenldlneiluusznausie Ay

wiiugn (P), AugnABs (Acc), Recall (R) uag F-measure (f) lnguansaunsnsdl

TP
p=—
TP+FP (2.10)
TP
R=——
TP+FN (2.11)
TP+ TN
Acc =
TP +FP + TN+ FN (2.12)
2PR
f =

P+R (2.13)
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TuanAdeilagly Confusion matrix kag 1mFInANNABY (Acc) Wumanlunisusewdiu

Ysgansnm

2.4 nuReTiietes

Imaﬁwu’iﬁwmmEn?‘iLﬁmsﬁaqﬁ’umimwaﬂmuamumizﬁﬁmmﬁuma;uﬂsaﬂw%
Fauanssiolld

2.4.1 | ow-Complexity Non-Intrusive Load Monitoring Using Unsupervised
Learning and Generalized Appliance Models [5

TurAsei W Sanesivdmiuenusinanisidlnihve andeds lniudas s
nndeyamdalniiidulfaniinesseniosisndu 1 Hz dmivlassasivesszuuay
Usgnausheiimestnieruazgunsaliilunsdnamsteyadauandusui 2.16 dwsulusunsa

lalunisuenusuamsldluinvesniedddlvihazUssnaumediunsasil

Household with Smart . .
Meter Low-Power Processing Device Homeowner

W Energy Awareness—
Aggregated
Power Data Store

UM 2.17 laseadavesssuunsnianiglnaniuulizngl

1 a s a

UNIUALW D599y

€

Da

2.4.1.1 ﬂﬂiLﬁm’Iaga (Data acquisition) Todaazgnt

Y

Aundeulineudateuan

Y

uazdstoyalufiunsaliszananadsinnisuszaiananusaned
Uszanawa laanalyig gl

2.4.12 Msnsrdumanisaluazfsqudnyaeidivuaaindeya (Event
detection and Feature extraction) ﬁaﬂwmumﬂumﬁmwé‘]’umimim?ismLLan%’aga

wagAdnurAINdayaieinmsasuuTaesildesuredeyatiy lneanudnuvauenldly

ee

A o

NuIdeilAe Maslifia (P) ndnladeyanudnuusNdesnis Toyafinadaguiu

Y 9

nsruIUNIsLUINguYeya (Clustering) AduwnAfiALUY Entropy Index Constraints

Competitive Agglomeration (EICCA)
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2.4.1.3 N13RUUHUUAIRDWUAZNTOUNI ToyatlaannTunaui 2 azgn
Pranasradusuudrassnisidinivesnsasldlnfiwrazvis lneazau1sawliwuuiiass
YoupTasltinireandu 2 vfiafe 1) wuu Wa-Ua 2) wuulsulsateseau Fawuudiased

loflazgninluldlumsewsnuiteuenysunamisliluihvesasasldlniih

¥
av

TngluaideillanageuanugndeddumsuenUsutaunisldlninvesaseddlui

v '
a A v L4 a o U A

U SUNTUNIUATTITAANUGNABINAIEGY WARINEFyAe Total energy correctly
assigned (TECA) FaduAumanivSunamanuiinenligniosainuiunamdsnunmun lng
léjﬁﬂmiwmaaum'ﬁLLﬂ'ﬁJﬁi’lugﬁu‘ﬁ'E};‘J’a Reference Energy Disaggregation Dataset (REDD)

o

Tu 3 USun Ae luwdresdszivsnmnvedlusunsy AnuansaluMsSeusLUUaeUALIS

'
v o

ayuukazANgne aslunskenUsuIun sl ive wase gl inigsin Feainnas
nagaunuIlUsunsuaInnsalinugneaes (TECA) unndn 90% valunsainaseslalnii

USunauunnluleasiednasiasadldlnihnsdem

2.4.2 Non-Intrusive | oad Monitoring (NILM) Using an Artificial Neural Network

in Embedded system with Low Sampling Rate [6]

1%
av A

NuATpildvaussuLiwesIandsnunausawennisilninve sgunsallni

(NILM) lngRinsailinasiiesgained dwandugun 2.17 lunwddeasinisuenysunumsly

A
& ()
2 v
| Rt

w,
"" User Interface
Y §

NILM
¥

Embedded System
: J‘y ; =
- B Ni—
o

UM 2.18 MsfinAsvasszuunTiadan1izlvanuuulidsng
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wflhveazasldliiusaziadeseanandsuiunisldlniisy lnawdesldlningldly
sAdeUsEneume §iiu Insimd insesusueinmiauaziensin dmiussuumvinuues
A mdsnuuuy NILM Siiamn 4 dunsudsdl

24.2.1 mafiudieya (Data) luanAdeildlifime s tntadlaiiiess
§n3ndu 1 Hz wazdssiudeyasnedyanmeynsu RS 485 lifussuvaussnailsis fildluns
Uszanana Wudeyauavdstayaludsseuunaan vinbianunsouansualudadldniuaunsal

nsfniindounuazneuiumes Ineuanslassaiassuumugui 2.18

Embedded system User Interface

SUT 2.19 Tasaadaasszuuamaianiglnanuuulisnd,

2.4.2.2 Msnsiumsasuulamesdyanamadalnily (Detection) agsi
nsnseiansdsuuuamesihdsinilasldaieds 6 9a denadedt 6 9a Tosndaen
naakansirlifinnsiudsuulaswesdy i e fiduinnitAnnaeisansindngg
Wasuwawesdyaaiinty tnslusunsudnaiesinuuussuuatesnaileh wazloya
fildgtuiinasuumiteaush SD card

2.4.23 pswennisTdnivenaieddiniudaziadeseanainnisldlngi
53U (Data disaggregation) Tusuddeilalisane3fiais Artificial neural network (ANN) lu
nsuenUsinansldlaiheesiifu wissusuenna Insiimduagniionsdnn fuanstunau

W/nsAagun 2.19
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weights of ANN
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T

Display power and energy of load

JUN 2.20 ganasunisuennisldlnivesnsedldlniiusiasinies

2.4.2.4 nMsuanana (Information presentation) YeyaiusguussuUAa

wargnatluuansuadigunsalfoasiuszuudumesidaynnindads unuideilldszuy

o
Y

ThingSpeak)

RINLanAdURIEN1T31a8ElUTUN T MATLAB WUI1ALaaeuaenIINgnias

Tumsuenuanaumsldlniveansedldlniudazelinedi 98% Tuvaennsnageuinns

Y

[WNYTTUUANRINATIRT e TIAUNADIDLN 95%
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2.4.3 An Approach for Unsupervised Non-Intrusive Load Monitoring of

Residential Appliances [7]

NuIetlanauszuulunisniswenUsuiunsialninvewesasldlniunazyfin

31nUTuINIsTETIn InewiulunssuuuuiugIunsiadumenisal (Event-based) wagld

danasiiunsiteuiuuuliiidaeu ssuuazUsenaumigdIumnag Al

2.4.3.1 dunsdungn1sal Tuauiddeialdis asadumnnisaivuy

aad

Clustering based Aion1susurgnedfnaIadurstumumaslniasawaziaiion (P,Q) s

a vy

ARE1ULIIAT AUNUIILEEDANBSANAMNUA LY

2.432 nsuenaudnyuy lngaudnvuriidenldlunuideine n1s

o w

WasuuUaswesnias i (Ay) waznisdsullaswesdygrumasininuvseauvay

(Spike) (By) Imamadslnilrusznoumaniiaslvinaswagmaslndiaiiou Fauenaruannis

[

N

=De

AW =W NV ) - WX () (2.14)

Lag
OW % = sign(aAW* ) [max , W %, (n) = min, W *.(n) ] (2.15)

2.433 n1sudangudeya Teyailaaindes 2 asganin1TwUngueHiu
9anasny Mean-shift
2.43.4 n33ua Tutunouildeyanlanndunaun 3 asgniiu1Funguive
asrdunuuaeinsliliiiveaaseddlniiielisndlunsinuvedusunsy
Igvinsmegeuldsunsusieyateya BLUED lngvinnnsinanugniesiuned

True positive percentage (TPP) wazANURANAIANIUAYE False positive percentage

(FPP) Ingnansnaaauanafaguil 2.20
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PP FPP Events E
Phase A 98.50% 0.55% 886
Phase A 70.50% 8.75% 1579

Ul 2.21 nan1sARRINIEYAteya BLUED

2.4.4 Electric Load Disageregation in Smart Metering Using a Novel Feature

Extraction Method and Supervised Classification [8]

suATeEldtmurssuuuunnanii i loeldmadanisdansesnaudnvas
(Feature Extraction) faufunisi3ouiveanieauuuiiaeu (Supervised Machine Leaming)
szvusinunlnanlniilusuifozsznoudie 4 duneu fe n1ssrusandeya (Data
acquisition) N1595333UWANTT0] (Event detection) N1IAANTBIAMANYME (Feature
extraction) wagmsdausnynluanyliil (Classification) lusuAdeillflifimessaades
Tumsindoyanszualifivosinan antunssualifiadsnanandeusslusUaunis Linear

combination of M cisoids (Complex-valued sinusoidal signals) Fauaneuaun1si 2.16

i(t) ¥ I rmexpl(a,, +j27f,,)t} + b(t) (2.16)

1ne9en 1., WuA residue ¥89 m™ cisoids, AL, WuA" attenuation factor, f,,, WuAANUR
way b(t) 1Wum1 Gaussian Noise 3nulH35 Matrix Pencil Method Litewdguaunnsivaili

ogfluguaunsi 2.17

i(k) % EM_ r z* + b(k) (217)

m=1"m“m

19

Im = exnf[am + -illznf::n]rs}

lngAves z, Uag ry, azgniluldlutuneunsuensiialvanseld lunisuenvialvan lu
nudelilalgganaivin 3 vda Ae k-Nearest Neighbor, Naive Bayes Way Support Vector

Machine n1ulaviin1sUsziliuyssans nnaauanitalunisng 2.1
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A1571997 2.1 N5USENUSEANS A NNNSLeNT A LYanUDI0anasSNUNe 3 Fie

Classifier k-NN Naive Bayes SVM
Incandescent 100% 100% 100%
Halogen 100% 97% 100%
Economy 100% 99% 94%
Water Heater 100% 100% 100%
Convector 96% 100% 100%
Oven 100% 100% 100%
Hot Plate 97% 50% 73%
Television 100% 100% 98%
Computer 100% 100% 100%
Overall Accuracy 99.22% 94% 96.11%

! a a

Inga1u150a3UNaINN15Nna4tnI138 k-Nearest Neighbor agliuss@nsan
ANt ugmnian wisglsiniudn 2 3EAlAnuLluggaduiu egrdlsinuide
fia1sunantedndalunisinllussendldiugunsallulasnaulnsiaas wuindiiieeds k-

Nearest Neighbor wag Naive Bayes fiaunsaldaulamingu

2.4.5 A Non-Intrusive Load Monitoring System Using an Embedded System

for Applications to Unbalanced Residential Distribution System [9
Tuauifediafeldvauninunssivarlusunsuieriinissuunsiavesinan
Tuanlnansiu lngldudenlasusesunazudsutasnsyuasiin Hall effect ¥1n15in
UYL TN ULAZNTERAANNA AU él’igqpmﬁi’mié’%gﬂmlﬂﬂizmammﬁamﬁwﬁwé’ﬂﬂﬁw
931 (P) waziaslaifiaiiou (Q) Tnglulasnoulnsiass Portwll Ju OQ7-CL00XL Fauans

szuvimunyinvadvanlnifsgui 2.21
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JUN 2.22 a) szuuduunviiavedivanlniin b) msiadsszuuiiiiuszuulnii
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dusudanasiunltlunissnsunviavedlasluili Tusuidedlaldmata Particle swarm

optimization (PSO) TunsmArmuysumin (W) wazluwed Tuduneunsaeusanaifiuns

\SHUIVDIATOIUUY Neuron network Laglagyi1n1sNAABUIEUUAIENITTILUN LA

wsesldlii 3 vila fe iWTesnAR U INIAYLIA 900 TRA(1), LASEIRAH URAAINIATLIN

1200 199(2) warkAsaRUINLULIN 600 TRA(3) FINANITNAFDULEANFINITINN 2.2

A15199 2.2 nan1snaaaulunisdunlranasaslslniing 3 via

System
anz]age ) 209 211.2 2134 215.6 217.8 220 221.2 222.2 226.6 228.8 231
Load 1 1 1 1 1 1 1 1 1 1 1 1
Load 2 2 2 2 2 2 2 2 2 2 2 2
Load 3 3 3 3 3 3 3 3 al 2 3 B
Load 1+2 1+2 1+2 1+2 1+2 1+2 1+2 1+2 1+2 152 1+2 1+2
Load 1+3 1553 1+3 1+3 1+3 1+3 1+3 1+3 1+3 1+3 1+3 1+3
Load 2+3 2l 2+3 243 2+3 253 2+3 2+3 2+3 2+3 243 2.

Load 1+2+3 2+3 14243 14243 14243 14243 14243 14243 14243 N s

1+2+3

PRaMIeaeuaEnsaulaissuumsiuunviinlvanaiunsassyanugvedvants

gnAeg 100%

2.4.6 Non-intrusive Load Monitoring based on Convolution Neural Network

with Differential Input [10]

NuITsdlaNuszuvluniswendsunadvan lnilnainlvansiu Wngeidemadia

dana3iu Convolution Neural Network (CNN) Sﬁa;gaﬁiﬁi’ﬂumiﬂauﬁwé’aﬂa%ﬁm CNN 1alg

Naf19909n189 #1939 (AP) Tnelassassuesdanasiiu Convolution Neural Network

WARIRagUN 2.22



ConviD: | Conv1D: ConviD:
# filters = 20 # filters = 20 # filters = 30
filter size =7 filter size =7 filter size =5
i stride = 1 stride = 1

activation = Reln activation = Relu

ConviD:
# filters = 300
filter size = 5
stride =1
activation = Reln

ConviD:
# filters = 40

filter

size =3

stride = 1
activation = Rela

pooling size = 2
strides = 2

pooling size = 2
strides = 2
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FC Layer
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FC Layer
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U 2.23 Assasnavesdane3fiu Convolution Neural Network
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Mean square error kag Mean absolute error laldluni1suszifiunani1uniug1vo4

danesiunuaus lnglaviinimaasslagldynveya Reference Energy Disaggregation

Dataset uazvnagaulisuiuluma seg2point, seq2seq kag GLU-res laiin1swmuineu

PN FINANISNAADULEAIAIRITIN 2.3

A15199 2.3 HANISNAADUVIFANDINUNYLEUBBUAUSana SN lARmUINDY

Metrics Models Fridge Microwave Dishwasher
seq2point [6] 23939 17483.5 15891.3
seqseq [6] 21519 19292 8 141726

MSE GLU-Res [8] 2197.4 25202.0 22301.1
FProposed Model (no norm) | 1622.8 17037.9 18658.5
FProposed Model fnorm) 1867.1 19195.6 15489.2
seq2point [6] 26.17 2051 2373
seqlseq [6] 28.15 27.87 24.45

MAE GLU-Res [8] 23.52 28.41 ST
Proposed Model (no norm) | 21.76 18.32 PIE
Praposed Maodel {norm) 2541 20.81 20.12
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a

Nnuansnagevatiiulad Sanesnumiausiinuudugiginitdieusediuain MSE uay
MAE ntiulunsiuenlraninIedarsarulagdsgiiiuain MSE uaguananntuauiduds

U

FwiuIndanesiuntausvuindnnindanasnunwauiuineuntinduag1auin

2.4.7 Home Appliance Identification for NILM System Based on Deep Neural
Network [11

sruudmiungndiunalnanlifinaininansiuligniaiun lnsedemaia
§ane3#iu Convolution Neural Network (CNN) n1stasutdasvasiiddlulihdrvazazgn
arvdusazi luldluniswendsualvanlnin lunisaeuwaznagavszuuasldyndoya
Reference Energy Disaggregation Dataset (REDD) Iﬂﬂiﬁﬁﬂmﬂaaﬂqﬂmaﬂwm 6 LA3DIM

LEAAIlUANSIe 2.4

M13199 2.4 Yadeyagunsallnildlunmsasunazaaeussuy

N° | Equipment Trai Valid Test | Total

1 Refrigerator 60 20 20 100
2 Microwave 60 20 20 100
3 Oven 60 20 20 100
4 Dishwasher 60 20 20 100
5 Air conditioning 60 20 20 100
6 Washer / Dryer 60 20 20 100
# Owerall 360 120 120 600

lnglasaasnaresdane3fiy Convolution Neural Network Laneiagui 2.23
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Tunsuseliunannuwiugladseiiulu 4 @ fie 1) anuwiugl (Prec), 2) Ay

gnfed (Acc),  3) Sensitivity (Sens) uag 4) F-measure (f) Saunainswseuiisuivluimg

AlPNAUILIEINDUNTN TAYNANITNAFDULAAINIANTIN 2.5

A15199 2.5 Han1snaaeulumaniswenUsunalvanlid i uiulunanaunn

Authors Technique N* of Sens Prec F Ace
Appliance
categories
This Study CNN 6 0.933 0.936 0.930 0.93
Deyvison [29] CNN 7 0.82 0.84 0.82 0.82
Kelly [7] Autoencoder 5 0.80 0.58 O 0.91
Kelly [7] LSTM 5 0.69 0.39 0.39 0.68
WONG [16] PDT 6 0.77 0.76 073 -
Zhao [17] GSP 8 0.51 0.89 0.64 0.77

[7] Uses long short-term memory: [16] Uses Particle-based Distribution Truncation (PDT) and
[17] Uses Graph Signal Processing (GSP).

NanIINAaauLan iU luwaan suenUsualvan liihiladausluswd

a '

Usgandnngana

D

VDA AULALDLN

&
U
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2.4.8 Neural NILM: Deep Neural Network Applied to Energy Disaggregation

[12]

i muilusunsalunsuendSunainanlnihaninaasi Tnsadeves
TUsunsuazdsenauluaiu 4 d3u fie A13559UsIudeya (Data acquisition) N15MTIITU
wnn15al (Event detection) N13AnNsBIAMANYME (Feature extraction) Lagn1SAAKEN
wilalwaanislia (Classification)

2.48.1 n1smausiadeya (Data acquisition) Tusuitedldldyndeya Uk-
DALE Tunisaeunaznaaeauyalisunsumsuenusunalvanlniiainluansiy

2.4.8.2 N30 393UwMAN150d (Event detection) lumsnsanduimsnisallaly
walla Sliding window Tunisaunudeyailiugaeg

2.4.8.3 MSAANTOINMANYAY (Feature extraction) &L%'ﬁﬂﬁﬂé"wm Library
993 NILMTK’s Tulusunsa Python iilennnseseadnuals

2.4.8.4 m3fauenyialnannislililt (Classification) lusuidadleiaue
Sanesuiieldlunsdauenvfialuannisliiii 3 §ane3fiu Ao Long shortterm memory
(LSTM), Denoising Autoencoder Lag Regress Start time, End time & Power

Tunisuszidudszansamveslusunsulaviinisuszifiulu 7 d1u Ao Recall,

Precision, F1, Accuracy, Relative error in total energy, Mean absolute error I & &

1%
av A

Proportion of total energy correctly assigned Imsﬂumma}sulé’ﬁwmﬁmaauﬁ’wqm%;@

UK-DALE vaslnanluvsiuiledendeniusinaunarviinlnaniegnislunaziiod ondeilais

a

Ysunuazyiialvaniegaielu lngnanisnageunaninegui 2.24 wag 2.25 dwsulnan
Tnifhsauiegendeniusunaunasyiinlvanfiegnelunaznegondenliivsinauazyinlnan

negneluniuaaiu
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Diish Washing Across all
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JUN 2.26 wan1snaaaun1suenlvan lnfilvanliihsiuiegendenlisusinauazyinlnan

fegnely

INNANITNAFDUNUINaND3NU Denoising Autoencoder Wag Regress Start

time, End time & Power U 5z@n3a 1NAn119anoSHuANM U INIADURTLIDENS
Combinatorial optimization tei¢ Factorial hidden markov model s[,ul,ﬁaunﬂéfm dqu
danesS#iy Long shortterm memory AflUsg@nsainwmilenindanasiiu agnq

Combinatorial optimization ag Factorial hidden markov model Tun1suenaunsailniin

a

WUU On/Off wsvgdeeninlumsuengunsalluihuuy Multi-state
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2.4.9 Unet-NILM: A Deep Neural Network for Multi-task Appliances State

Detection and Power Estimation in NILM [13]

mAFeilaiuusruulunmssenySualnanlninaninansi Tnsedemaia
Multi-target quantile regression for power estimation & ¢ Multi-label learning for
state estimation unudana3fiu Convolution Neural Network (CNN) LUULAL %’aa&amﬂu
myteurthdanesiulaldidalniligta (P) Inelassasiavesdanesiiu Unet-NILM wansdsgy

7 2.26

Inpest | Appliance state | | Appliance power
5.0 1 r e —
a5 ] | MLP Layer |
0.0 1 1D Convolution
LI} 500 100K ? T
Output Layar

sample T

1D Convolution

Rl Tt

Downsampling Upsampling |
&
Downsampling Block 1 | | | Upsampiing Block 1
Downsampling Block 2 bommmsme e > Upsampling Black 2

1 p— !
5 T

Downsamgpling Block N ""G'f}-n-c'af!"'"""""* Upsampling Block N

\—b{ 1D Convolution J

SUT 2.27 Tassansvesdanefia Unet-NILM

Mean absolute error (MAE), Estimated accuracy (EAC) taz Normalized
disageregation error (NDE) laldlumsusediunannuniugnesdane3fiufivnaus nald
i measlaeliynueya UK-DALE Dataset wazvnagauifiguiuliina 1D Convolution

Neural Network (CNN) Aladn1sWaunnaunting f9an1snaaaukandnaniIsien 2.6
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A15199 2.6 HANISNAABULLLAANIT el e uiulunanauntin

NDE exb - Fl
1D-CNN UNet-NILM 1D-CNN UNet-NILM 1D-CNN  UNet-NILM

0.589 £0.003 0677 £0.017 0.674 £0.010 0.429 +0.039 0.944 0.956
0.923 £ 0.000 0.937 £ 0.000 0.073=0.000 0.072+0.000 0.964 0.962
0.875+0.000  0.914 £ 0.000 126 £ 0.000  0.080 £ 0.000 0.913 0.909
0.875£ 0,000 0.909 £ 0.000 111 £0.000 0,062 +0.000 0.954 0.963
0.630 £0.002 0.753 = 0.003 56 = 0.007  0.334 £ 0.005 0.907 0.916
0.778 £0.003 0.838 = 0.004 8 +0.003  0.195 + 0.009 0.937 0.941

EAC

iié%iﬁ%
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K. Chahine et al.[8]

Electric Load
Disaggregation in Smart
Metering Using a Novel

Feature Extraction
Method and Supervised

Classification

aAdelddennszudlniin (A) Wugadnuaisi
Anmnuuazltdanaiiin k-Nearest Neighbor,
Naive Bayes lag Support Vector Machine Tu
msulsdayauaraieling wagvinnisnaaey
eyateyasisiiiivaniimessenioyiv

aunsallwih 9 ip309 wasidenduindu

Overall Accuracy

Overall Acc U843
Naive Bayes =94%,
Overall Acc U893 k-
Nearest Neighbor
=99.22%, Overall

Acc U84 Support

Vector Machine

=96.11%,

H. H. Chang et al.[9]

A Non-Intrusive Load
Monitoring System Using
an Embedded System for

Applications to
Unbalanced Residential

Distribution System

nudladenmaslwiiase (P) waziaslvi
ailou (Q) iunudnvagiinmunasly
Particle swarm optimization (PSO) 32auiu
gane3yiu Artificial neural network (ANN) Tu
nsiUstayauarainaliung Lagvinnisnaaey

[

Nndeyairiamelulasnaulniaesiinvues

¥
Y [

uaztdendy Iy Accuracy vesEnIUENNS

viaugunsadlug

ANNYNABY 100%
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A. R. G. Castro[11]

System Based on Deep
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al.[11]

Detection and Power

Estimation in NILM

DALE uaziaenda3in Mean absolute error
(MAE), Estimated accuracy (EAC) wag
Normalized disaggregation error (NDE) #igu

AU 1D Convolution Neural Network (CNN)

disaggregation error
(NDE) Ainaindaneasiiu
Convolution Neural

Network (CNN)
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3.2.5 MN1SNAFBUTEUULALIATIEINANSNAABY
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3.4 N15NINISNAaDY
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3.4.1 vinnsifudeyaluaniadedddlui Tnesinnisiiudeyanisvinauves
w3adld i fifdslnfin it munsiuan 10 3o Tnefiuardalniinese Real power)
LLﬁsﬁﬂfﬁlWﬁﬁUi’]ﬂg (Apparent power) uitazip3es Tnelfiuwuuas 25 unfi

3.4.2 thdoyaunairsuvuirassmsueninanluvazldsnudmiviegedelagld
miﬁ'auiﬁumm%ﬁﬂﬂwu Multi-layers perceptron neural network

3.4.3 YI1NINAABUAIINYNAR LU UGV UUTIABINTHENIantu gt
dvuiiegendeluden 2 Me38 Confusion matrix wazamsIaALgNFBs (Aco)

3.4.4 vnsimunlusunsuluniseruainadlniiass (Real power) wagmasluiin
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3.4.5 Wimnilwedaatuzuuvasnsanenlvanluvagldiudmsunegendeniy

LEAIFAUVRARITEUULAL N UAITEUUMNIUT 3.2 UWagguil 3.3 mua1du

Main power

supply

_ Smart Meter System

Appliance

unit 10

unit 1

unit 2

= o 1 a gj a (5 a 14
EU‘VI 3.2 ilnusRnnsdineseansesiuvaunsatenlvanluvug gy

Smart meter system

Electric appliance state disaggregation module

1
1
Modbus - - L
State Output :
Serial :> Equipment :> Interface 1 :> -4
- . 1
Modbus RTU comunli;anon Monitoring Module i Dl.splay
protocal : (Arduino) Model : Equipment
Power & Energy meter I 1
1

35U 3.3 wHUReTEULIWeISaRer kU sakentvantuvgldnudmsuiiedende

3.4.6 YNIVAFOUITUULAYIATIZINANISVIAGOU Lnedaslnaugneaes (Acc) Tu
113053338013 svIuvedivannsadldlndi 100 %
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dmiudnlszneusninuisvessruvilinesonsekuvansakeninantualy
sudmiuilegerduazusneusme 3 dulszneundn e

4.1.1 srvufiwosluiuuuddnes Tunuidedldldfme sl uuuAineadse
Schneider u Easylogic PM2230 uanssisgud 4.1 Tunsiafdseds (P) uazidssinng
(5) nszuvasuYesIsasinihaelufiegende Tasdesuduswiudniuszuulnemsuay

SuAnszuauveuUasinnszua (CT) vunn 50/5A B9 QUBIX 1 MSQ-30 wandfagudi

4.2 19950159052 UUNLA 05 INTNLUUAINDaLERIRININ 4.3

Schneider

sUTl 4.1 fimeslwiluuudineadtie Schneider u Easylogic PM2230
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».,! Wil _-.

sUT 4.2 mifoudasnsziauing 50/5A B9 QUBIX Ju MSQ-30

Main power

supply

1l B
Appliance
= -. —
I unit 3 unit 10

5UN 4.3 1asnsseszuuiiwesiiiiuunilnes

4.1.2 syuvdstoyaanniinesurgeneufiames nisdedeyaanniitnesiuds
poNfimoSifioThnnssuuniviantu agdsu Modbus RTU protocol lugsagunsaiuuas
911 Modbus RTU 10u Serial uazdstayauuu Serial ludapauiames dusuyagunsel
wUa391n Modbus RTU 1lu Serial 9zUsznaudme 2 diufe

- vadnudasdnyaas RS 485 18U TTL (Serial) munw 4.4 Fevimihiludas
Afyou1ad RS 485 (Recommended Standard no. 485) Lﬂuﬁﬁgmﬂmawﬂiu TTL (Transistor—

transistor logic)
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sUTl 4.4 vesauUasdnyann RS 485 1Uu TTL (Serial)

- ua3A Arduino Ju Uno asgun 4.5 lagladiiiunisileulaniivelivein
$INN59NUAINRDINTS (A1 P wag S) nndlimaskaziinnisasanludsmauniimesnaly tnydiu

vaslandana1azesugluive 4.3 19a5UeYndIlalALanIfgUT 4.6

From Meter - RS 485 Port

D1 (22)
DO (23)

To Computer

5

3UN 4.6 1935°09YndslRYa
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4.1.3 Aouiiines Yeyainndinesazgndwuniineuiinmesiieviinisuenivanuag

Lanana Ingasuiinesazgnlusunsuliiiniseudt wenvilnveddnanlazhaning v

WugulUsknun1w Python sagnandsalumave 4.3

4.2 danassudmivinuunivanluvaeldau
mMswmuimesdanessudmiviuninanluvazldaudmiviiegerde ay
andunislaenisiuaIiige9ss (P) uaziiasusinng (S) lneldgunsal Power quality
analyzer 8%a Kyoritsu U KEW 6315 LLammugUﬁ 4.7 LﬁaLﬁumﬁm%'uqﬂmgﬂw%ﬁ%
thunldlunmsmageuduu 10 5193 Askandluned 4.1 lgldanudlunsiiudinn 1

il Wuan 25 wii luwsazgunsel

E‘U‘ﬁ 4.7 aunsal Power quality analyzer S Kyoritsu

9
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M19197 4.1 s1enseunsallnihiasihanlelunmsiaundanesnudmsuiuunivanluvas

T

No. |Appliance Name Brand/Model Rating (kW)  [Voltage/Frequency

1 Hair dryer Panasonic/ EH-NE72 1700 W 220Vac/50-60 Hz

2 LED Flood light LED/- 50 W 85-265 Vac/50/60Hz

3 Blender Philips/ HR2872 350 W 200-240 Vac/ 50-60 Hz
a4 Fan Hatari/ HT-S16M7 50 W 220 Vac/ 50 Hz

5 Toaster Misawa /YT-2002 750 W 220 Vac/ 50 Hz

6 Electric kettle 1L Seagull/ 150000712 1630 W 240 Vac/ 50/60Hz

7 Microwave oven Sharp/R-220 1250 W 220 Vac/ 50 Hz

8 Refrigerator Toshiba/ GR-A906Z,ZK |58 W/+15W 220 Vac/ 50 Hz

9 Television LCD 68" Samsung/UA65RU7100 (160 W 100-240 Vac/ 50/60Hz
10  |Steam Iron Philips/ GC2990 2000-2400 W [200-240 Vac/ 50-60 Hz

a &

ndeyaiiiulaaingunsallniang 10 s1en13t19u drdeyaninariuiaau

kY

I [

Hiudanasnudmsudwunlvanluvausldnuduandanly Appendix B Tngldnugiuain

Multi-layer perceptron neural network wag¥inn1snaasulaedd Confusion matrix &3

v
Y

WanaNaNIsVAdaURIgUT 4.8 lngldnanisnageumugnaed (Aco) 71 1.0 dmsunuideiae

d5199ane3ouN1ulUsLATY Python

Enter your file path: C:/Users/Admin/Desktop/Thesis ruttagorn/DatafRaw dataMl.csw
013 ... 20 7]

Score -> 1.880

Accuracy 5core: 1.8

[[2464 @ @ 8 @ @ @ 8 2 g @]
[ @& 311 @ o @ @ @ @ 2 g @]
[ & @ 328 o @ @ @ @ o 8 @]
[ a 2 2 1235 a 2 2 a 1 1 a]
[ @ 2 a 8 335 2 a a e 2 a]
[ © @ @ 8 @ 441 @ 8 8 @ 8]
[ & @ @ 9 @B @ 423 @ B g @]
[ @& @8 @ o @ @ @ 356 ) @ @]
[ & @8 @ o @ @ @ @ 530 @ @]
i o @ @ @ ] @ @ @ @ 393 ]
[ @ @ @ @ @ @ @ ) 8 e a3]1

U 4.8 nan1snaaeudanesiudmsuinuunivanluvaglday
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4.3 drulusunsuvasszuviiinasdaaiesuuuauisanenivanluvausldnudmivied
LRl

lunuidvesnuwuuiazimuiiinessaasoruuvaruisaienivanluvaeldau
dmiulegende axilusunsuilAeadesed 2 drufle

4.2.1 Wiunswdwmivdeanstoyanniimesindsneninmes Tunsdeanstoyasn
finefindneuiimosiu 14uasa Arduino $u Uno Tunsastoyaniueiuislu 4.1 Tnssh
nsTusunsuvesasnaideldnluudns Appendix A #slusunsudvimtiluniseuand
AoIN15INTweswardIrInInanlugnouiImes

4.2.2 Wsunsuszuuiwmeidaasesuuvaruisanenlvantuaeldnudmivied
91de Tunisuenluanuesaieddlnilaz nsianinadwstu azhanslannsly Appendix C
Falusunsuasnanagimthnuenlvanvsaasedidlniiluvagldnunaginisuanswaans

menihvedsanslugui 4.9

7t

o
x

Hair Dryer

Lighting

Blender

anl
o
=)

-
g
@

Microwave

Refrigeration

Television

]
g

=
2
3
&

JUN 4.9 SNuaeMNoUaAINAINS

4.4 managdauLarasUNassuLiilnassaaTesuuvaansauenivanluvueldaudmiui
agja Y
lumsmegeuauiugvesszuviiveTdaatuzuuuansauenivanluugldny
dmiuitegendoiiu Tadudumakiugsvaaeudiuansdasuil 4.10 Taevihnismaaeudd
4.4.1 vadeuifugUnIniniang 1 gunsal S1uangunsniaz 30 ase lasuis 10

gunsal
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4.4.2 naaeuiugunsain 10 gunsal Tu 1 seu lnevinisilingunsalidnsyuuiias
gunsalauAsuNs 10 guUnsal vauAsU 30 50U

4.4.3 ynsAweIANgnaes (ACC) 31ngns

Numberof correct predictions

Accuracy Score =
B Total number of predictions

B TP +TN
" TP+ TN+ FP+FN

ANUYNERY (Acc) NlediAwiiu 1.0

HanIMageURIteiuLanslugULuy Confusion matrix Aagu# 4.11

5UN 4.10 Yavadeusruuilinaisaasesiuvaansawentvantuvagldan



|
J

1 30 0 0 0 0 0 0 0 0 0 0 0
2 0 30 0 0 0 0 0 0 0 0 1
3 0 0 30 0 0 0 0 0 0 0 0 2
4 0 0 0 30 0 0 0 0 0 0 0 3
5 0 0 0 0 30 0 0 0 0 0 0 4
6 0 0 0 0 0 30 0 0 0 0 0 5
7 0 0 0 0 0 0 30 0 0 0 0 6
8 0 0 0 0 0 0 0 30 0 0 0 7
9 0 0 0 0 0 0 0 0 30 0 0 8
10 0 0 0 0 0 0 0 0 0 30 0 9
Total |_ 0 0 0 0 0 0 0 0 0 0 30 10
1 2 3 4 5 6 7 8 9

51

No load
Hair dryer
Lighting
Blender

= Fan

= Toaster

= Electric kettle
Microwave
Refrigeration
= Television

= Steam iron

10 Total Total = 10 equipments

JUN 4.11 Han1snaaeuANLLIugITessEULTimesaRsBRuLansakenlvanluvae 1y

31U
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unagluaztatauauuy

5.1 unasy

dlaiguiuszuuilinessansesuuvasnsakenivanluvalfnudmiunegende

a 1

ludgtu agnudszuuiwesdansuelunuisei azligamuluanuaiuisaluniswen

q

IraanivuawinAunTe inalAgeiy AYELNAINLEUAINNEGDY (Box and whisker plot) U84

o w

Armdalniggs (P) uagarmdsluiihusing (S) veslvaaildasaia 10 gunsal Awwanslugy

a

#1 5.1 uay 5.2 awdnu lagainamaziiuledn vaeal Wnau giiuwasinsimioziivng
sl mldanwivdeuduey lunsaliReatunidiliiuazinilulasaniiedisiasluig
Tfuivdeuiuegiguioadu Feszuuiauisariinisuenivanlaegiagniesuaiugill

RanaaLaagle

2000 1 ?
1750 1
1500 A
e
1250 -
. -
' 1000 - -+ + 0 = No.Ioad
< 1 = Hairdryer
750 1 2 = Lighting
T 3 = Blender
2007 4 = Fan
250 + . 5 = Toaster
6 = Electrickettle
R it * 1- 7 = Microwave
! T T T T T T T T T T _ . -
0 1 2 3 4 5 g 7 a 9 10 8 = Refrlg'e.ranon
LABEL 9 = Television
10 = Steam iron

JUT 5.1 unun1mndesvasenidalniliase (P) vedlnaanldasevia 10 gunsal
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2000 1 *
1750 1
1500 1
+ &
1250 1
v, 0 = Noload
w1000 4 + 1 = Hairdryer
S 750 - 2 = Lighting
. 2 L] 3 = Blender
500 4 = Fan
5 = Toaster
250 1 4 6 = Electric kettle
0 — = -+ 1. 7 = Microwave
T T T T T T T T T T T 8 = Refrigeration
0 1 2 3 4 5 B 7 8 9 10 9 = Television
LABEL

10 = Steam iron

JUN 5.2 ununmndasvasenidaliilising (S) vedlvannldasena 10 gunsal

wonantudledleuiuszuuimessnsuzuvvannsousninanluy sl udis
#ug1uannguf Deep leamning Aifudsunnludagiudmuiiszuulunuideilddeya
waztia1lunis Training danessudinsuinkunlvaniaeniaiuin Wwulusuidey “Home
Appliance Identification for NILM System Based on Deep Neural Network [11]” lold
sqm%mﬂasuaq REDD (Reference energy disaggregation data set) 115U Training dieada

danesSudmsuduunlnanaunsallni 6 gunsal Feldaniudeyasin 119 Ju dnsu

'
= a =

Audlunsiiudeyad 1 3undl duileudussuulunuideillduaniudoyasiuia 10

[y

aunsal 4 i 10 uit imnudlunisiiudeyaieaiu

Ly

i o a su _a ay Jo ay v =~ 9 @ -
wingnalsimuszuuimessrnerlunuideldldenssnfesUsulsuimuiae
seuuAInazliansansadumsilasusUaniiefinsldaugunsalluihssus 2 aunsal

Juld wiounu lngldasuil3suiisuiafuaziados uass ULTKMOT03UZRUUAINITOL BN

WantuvarldnudisiUisumeuiuszuunegludagiuduanslunisiei 5.1
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M19197 5.1 1WSeuiisuseuuliwesornsegwuuainsowenivanluvaldenuniogly

o
Jaqiu
a a su o A a = 9
viiavessyuudwessansueissuiisunuuaunsauenivanluvayldnu
aiu| adnvarluiudeg | ssuuliwesseasesly | svuufiwessadser | szuulimeidaaievine | szuvlimeideaioving
NI WUURAINER WU FPGA | 35 Deep leaming 7% Deep learning
1 |Accuracy score 1 1 1 0.95
nanflalunsasng 5 5 5
2 Usey Usy 41n Ugyun
gane3suusnlran
ANULINLUANTES S ‘ .
3 Junang dy 91N dy
danessuuenlvian
ANNEILNTaluNSHEN
aniuinndy 2 gunsal . B, . . -
i lsdansnsavinla anansavinle anansavinle annsainla
Xy od. v
FuluAviaundeuiilu
nankeiu
Anuanansalumsuen . ' - e .
5 , 5oy le ladanansavila aunsavila anusainle
A oA
Tnanndarmasinmnnm
6 |31A1UBITEUU an Uunang a J1unane

5.2 UYoLaUDhUY
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av A

ndessslulsziiunszuuiinessaasozlusuideiluaiuisonsiadunis

Wisuuwlasteinisldnuaunsallvisus 2 aunsalaulutiu meadelaauswuimaudily

lngnsiudeyalunis Training TudiuedA1idaass (P) uagiaslsinng (S) vesaunsal

IrihasinslanTeufusaus 2 gunsalduldautaldnioudu 10 gunsal Fsagyilvidosding

Wiudegawiiald Training 1inTwdn 2'° - 10 w38 1,014 yadeya lngilasduaruisaiugn

doyaay 25 w17 ludnsanuiivdeya 1 3uil vilideddduannudeyaiadu 17 Tu 18
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AMANUIN N.

Meter and computer interface code (Arduino IDE)

#include "REG_PM2200.h"
#include <ModbusMaster.h>

#include <SoftwareSerial.h>

//SoftwareSerial swSer(14, 12, false, 256);
SoftwareSerial swSer(10, 11); // RX, TX

ModbusMaster node;

//01 04 00 00 00 02 71 3F // Test 30001
ik
// Convent 32bit to float
/!
float HexTofloat(uint32_t x)

{
return (*(float*)&x);

uint32_t FloatTohex(float X)
{

return (*(uint32_t*)&x);
}
//

float Read Meter float(char addr , uint16_t REG)

{
float i = 0;

uint8 t j, result;

60
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uint16 t datal2];

uint32_t value = 0;

node.begin(addr, swSer);

result = node.readHoldingRegisters (REG, 2); ///< Modbus function 0x03 Read
Holding Registers

delay(200);

if (result == node.ku8MBSuccess)

{
for (j=0;j < 2; j++)
{
datalj] = node.getResponseBuffer()),
}

value = data[0];
value = value << 16;
value = value + data[1];
i = HexTofloat(value);
//Serial.println("Connect modbus Ok.");
return i;

}else

{
Serial.print("Connect modbus fail. REG >>>"); Serial.printin(REG); // Debug

delay(500);

return 0;

void GET_METER()
{ // Update read all data
delay(500);
for (char i = 0; i < Total_of Reg; i++)

{



DATA METER [i] = Read Meter float(ID_meter, Reg addr[i])*1000;

62

//, vvvvvvvv

void setup()
{
Serial.begin(9600);
swSer.begin(9600);
}

void loop()

{
//float x = Read_Meter float(ID_meter,Reg Volt);
GET METERO();
Serial.printin(DATA METER[O]);
Serial.printin(DATA_METER[1]);
delay(1000);

REG_PM2200.h

#define ID_meter 1
#define Total of Reg 2

#define Reg RP 3059 // L
#define Reg AP 3075 /2.

uintl6_t Reg addr[2] = {
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Reg RP,
Reg AP,
Iy

float DATA_METER [Total o



64

A

fulag
f &7,,

O
$° ANARUIN U,
ated load learning algc

o~
L~
(v}



65

AMANUIN U.

Disaggregated load learning algorithm (Python)

import numpy as np

import pandas as pd

import serial

from matplotlib import pyplot as plt

from sklearn.model_selection import train_test split
from sklearn.decomposition import PCA

from sklearn.neural_network import MLPClassifier
from sklearn.metrics import accuracy score

from sklearn.metrics import classification report
from sklearn.metrics import confusion_matrix
import pickle

from sklearn.model_selection import GridSearchCV

from sklearn.preprocessing import StandardScaler

raw = input(Enter your file path:’)

cols = [AVG_P''AVG S’ LABEL]

df = pd.read_csv(raw, usecols=cols)

df.AVG S = pd.to_numeric(df.AVG_S,errors="coerce')

df.AVG_P = pd.to_numeric(df.AVG_P,errors='coerce’)

df.dropna(inplace=True)

x = df[[AVG_P'/AVG_S']]

target = df['LABEL']

y= target.ravel()

X _train, X_test, y train, y test = train_test_split(x, y, test_size=0.2, random_state=0)

model = MLPClassifier(activation = 'logistic', solver = ‘adam’, alpha=0.00001,
max_iter=5000, learning_rate init=0.001, hidden_layer_sizes=(300,))
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model.fit(X_train, y_train)

filename = 'SmartMeter_mode

pickle.dump(model, open(file

loaded model = pickle.loa

y_pred = loaded _model

print(y
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AMARNUIIN A.

Smart meter programing (Python)

import serial

from matplotlib import pyplot as plt

from sklearn.model selection import train_test split
from sklearn.decomposition import PCA

from sklearn.neural_network import MLPClassifier
from sklearn.metrics import accuracy score

from sklearn.metrics import classification_report
from sklearn.metrics import confusion_matrix
import pickle

from sklearn.model_selection import GridSearchCV
from sklearn.preprocessing import StandardScaler
import tkinter

from threading import Thread

import queue

import time
class Serial(Thread):
def init (self, queue):

Thread. _init_ (self)

self.queue = queue

def run(self):
Data P =]
Data. S = [i
k=0

m=0

68
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n=0
sgn=1
AVG P=0
AVG S5=0
y pred=0
ser = serial.Serial(port="COM4',baudrate=9600,parity=serial.PARITY NONE)
while True:
line = ser.readline() # read a byte string
if line:  #Process serial
string = line.decode() # convert the byte string to a unicode string
num = int(float(string)) # convert the unicode string to an int
print(num)
# Form AVG_P and AVG S
if k%20 == 0:
Data_P.append(num) # add int to data list
if m>0:
AVG P = Data_P[m]-Data_P[m-1]
m=m-+1
if m ==0:
m=m-+1
elif k%20 == 1:
Data_S.append(num) # add int to data list
if n>0:
AVG S = Data S[n]-Data S[n-1]
n=n+1
if n==0:
n=n+1
print(AVG_P)
print(AVG_S)
print(Data_P)
print(Data_S)
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print(m)
print(n)

# Define increase ¢

if AVG_P<0:
AVG_P=abs(4
sgn=-1

elif AVG_P>C

if k%20
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loaded model = pickle.load(open(filename, 'rb"))
y _pred = loaded model.predict(x)
if sgn == -1:
y pred = -1*y pred
print(y pred)
k=k+1
self.queue.put(y_pred)

class App(tkinter.Tk):

def init_ (self):
tkinter.Tk.__init_ (self)

# create canvas

self.myCanvas = tkinter.Canvas(self, bg="white", height=600, width=400)

# draw display

HairDryer = self.myCanvas.create rectangle(100,5,300,59.5, fill="gray,
tags=("HairDryer"))

Lighting = self.myCanvas.create rectangle(100,64.5,300,119, fill="gray’,
tags=(Lighting")

Blender = self.myCanvas.create rectangle(100,124,300,178.5, fill="gray,
tags=('Blender")

Fan = self.myCanvas.create rectangle(100,183.5,300,238, fill="gray’, tags=(Fan"))

Toaster = self.myCanvas.create_rectangle(100,243,300,297.5, fill='gray/,
tags=("Toaster")

Kettle = self.myCanvas.create_rectangle(100,302.5,300,357, fill="gray’,
tags=('Kettle"))

Microwave = self.myCanvas.create rectangle(100,362,300,416.5, fill='gray’,

tags=('Microwave"))
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Refrigeration = self.myCanvas.create rectangle(100,421.5,300,476, fill='gray’,
tags=('Refrigeration"))

Television = self.myCanvas.create rectangle(100,481,300,535.5, fill='gray’,
tags=(Television")

Iron = self.myCanvas.create rectangle(100,540.5,300,595, fill="gray’, tags=('Iron"))

self.myCanvas.create text(50,29.75,font=('Helvetica','10','bold), text="Hair Dryer")

self.myCanvas.create_text(50,91.75,font=('Helvetica','10','bold’), text="Lighting")

self.myCanvas.create_text(50,151.25 font=('Helvetica','10','bold), text="Blender")

self.myCanvas.create text(50,210.75,font=(Helvetica','10','bold’), text="Fan")

self.myCanvas.create text(50,270.25,font=('Helvetica','10','bold’), text="Toaster")

self.myCanvas.create text(50,329.75,font=('Helvetica','10','bold"), text="Kettle")

self.myCanvas.create_text(50,389.25 font=('Helvetica','10','bold),
text="Microwave")

self.myCanvas.create text(50,448.75,font=("Helvetica','10','bold"),
text="Refrigeration")

self.myCanvas.create_text(50,508.25,font=("Helvetica','10','bold"),
text="Television")

self.myCanvas.create text(50,567.75,font=('Helvetica','10','bold"), text="Iron")

self.myCanvas.pack()
self.queue = queue.Queue()
thread = Serial(self.queue)
thread.start()

self.Process()

def Process(self):
# Process display
y_predi = self.queue.get()
if y predi == 1:
self.myCanvas.itemconfig('HairDryer', fill="red)

elify predi == 2:
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self.myCanvas.itemconfig('Lighting/, fill="red")
elify predi == 3:
self.myCanvas.itemconfig('Blender’, fill="red")
elif y predi == 4:
self.myCanvas.itemconfig('Fan’, fill="red’)
elify predi == 5:
self.myCanvas.itemconfig(‘Toaster', fill="red’)
elif y_predi == 6:
self.myCanvas.itemconfig('Kettle', fill="red)
elify predi == T7:
self.myCanvas.itemconfig('Microwave', fill="red’)
elif y predi == 8:
self.myCanvas.itemconfig('Refrigeration’, fill="red')
elif y predi == 9:
self.myCanvas.itemconfig('Television/, fill="red")
elif y predi == 10:
self.myCanvas.itemconfig('lron’, fill="red')
elify predi == -1:
self.myCanvas.itemconfig('HairDryer', fill="gray’)
elif y predi == -2:
self.myCanvas.itemconfig('Lighting', fill="gray’)
elif y predi == -3:
self.myCanvas.itemconfig('Blender), fill="gray’)
elify predi == -4:
self.myCanvas.itemconfig('Fan', fill='gray')
elif y predi == -5:
self.myCanvas.itemconfig('Toaster', fill="gray’)
elif y _predi == -6:
self.myCanvas.itemconfig('Kettle', fill="gray’)
elif y predi == -T:

self.myCanvas.itemconfig('Microwave', fill="gray’)
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elif y predi == -8:
self.myCanvas.itemconfi ', fill="gray")

elif y predi == -9:
self.myCanvas.itemcc 'gray')

elif y predi == -10:

self.myCanvas.ite

A

self.after(10,self.Pr
app =
app.mai
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