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ABSTRACT

Non-technical loss (NTL) in the distribution system of Provincial Electricity
Authority (PEA) is a loss calculated from the difference between the total loss and the
technical loss (TL), not considering the actual source of occurrence. Partly caused by loss
not being read through meter, a defective meter, measurement error, electricity theft, etc.
The Automatic Meter Reading (AMR) system has been installed for major electricity
customers for monitoring, inspection, and to detect possible abnormalities. One of the
limitations encountered by AMR systems is that the system can provide alarms for
abnormalities but cannot classify anomaly patterns. With the advancement in technology
and the ability of artificial intelligence today has been applied to solve this problem. In
this research, AMR data from PEA database and the actual on-site inspection results were
explored to visualize, analyze, extract, and classify data using machine learning and deep
learning into three classes: normal conditions, defective meters, and energy theft patterns.
The key points in this research are data extraction, which includes electrical signals and
physical data. It is divided into three characteristics: (1) extracted as tabular features; (2)
extracted by considering electrical signals in terms of time series as coefficients, frequency
domains, and wavelet transforms; and (3) extracted by converting from time series to
images. The results obtained have an accuracy of 60-70%, 70-80%, and 80-90%,
respectively. Additionally, the data were balanced using an anomaly model, adaptive
synthetic sampling, and image data augmentation to enhance model learning efficiency
and reduce overfitting and bias. Moreover, we also provide customer categorization using
K-means clustering, reducing multiple customer groups, and improving classification
accuracy. Finally, the model has been exported to be tested with new data from PEA's
website and case studies for real events to evaluate the prediction results from the actual

on-site inspection. The results obtained are about 80-85% effective overall.

Keywords: Non-technical loss, Automatic meter reading, Energy theft, Defective meters,

Feature extraction, Data balancing, Machine learning, Deep learning, Clustering patterns.
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selng) wavdrunid saruvasseaunsstulianaddasldniouvassvuae (Distribution
Transformer) ilsefuusadiuil 400/230 V dssinuanglussildeldlnsegos anguuuy
mif\hslwslué’ﬂwmzéﬁ’md’mﬁ'qma‘lﬁﬁmﬁﬂé’aiv\lﬁ’lqﬁyﬁaﬁfﬂmzwﬁmmsﬁuaqmﬂv\lﬂ’]ﬁ’m
niinia Tasaunsaduunidslifhgydedidatuluszuusmne [112) 1 2 Yssuanndng

Ag Maslnirgaydeaunaia (Technical Losses: TL) wagmaslnigadedlaldsumeaiia

(Non-Technical Losses: NTL)
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Toigy [5] Wy undsegalsinny Wsunsunsaesdadidedndaiidsliaunsaszyniodiuunay
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1.2.1 FMsuazUszinnvasdayalunisinseiasindirgydenlilinianaia

lunisAnweuiaslaihagdenlylyniswnada Wefarsanandadenyinli

AnTunazisnsiaunsassyamaiulatu awnsowdsuszimesntailu 3 Ussan [6] laun

aqds v v -dy ¥ a v aa 4 s 3 aa 16 ¥ s s
aﬂwayjawugmmmmwgmmazamu , Anmsuuulransanisuazdsnisuuuldldensanas

Andsenau 1-1

NTL Detection

Methods
Social and Economic Hardware Based Non-Hardware Based
Studies-based Solutions Solutions

AMNUsENOUN 1-1 MIIanuIanyisnisrumanuRaUnAvesavsnsiinnulegade NTL [6]

1.2.1.1 Flddayanugruduasegauasdeny
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Foilanfanuduiusseninleyanuuseyng anmwinaey Nun uagdanu-
wsugna Wlszgnddumaliadiuadavestoyay lolnuaazsie wudldun1siiiy-an 1o
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1.2.1.2 8mswuuldansaunas

A v a

wuamaAtmlaenisidensawas Wuisnsnunisedulualddundn iy
dnwaraianazoenuuuiaissiiofitislianunsnszylagnsUssifiuanaiinunfainnsazidie
msulugln §aeg1a9u H.Henriques et al. [7] {ilsuiauonisairedaneisuiviedesiunis
Uaouuas $ausefafiines funsinsaeuens treliusemsmingliihesnnsisdeuntnmu
LLazmmims‘umanauLL‘iJmﬁléhﬁma%‘i’mmwé’qmulﬁ 'Sﬂﬁgqé’fammm,l,f’ﬂﬁuﬁmmmiaé’um8
A39relrdoundunaznisidadiaseuinsuns ot el Hi¥euly AKhoo et al. [8] 194
UizmammwaﬂﬂﬂaﬂLmaqi’mwé’qmumﬂmﬂsumEJIWGiamstwaﬁquWaiwmﬂ’ﬁ&f@mﬂ%ama
vosanedmsoauaznisinwlasiifinesifioannisinavenseualuin uaziawenisudlodlgm

mieagdenldlynianalialagldnisseyainuding (RFID) luraeh F.Depuru et al. [9] waue

msldiesesilladyguesuetindmiunisnsiadu Inedyaragnianlddudidoudiedig
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SEUUTINAINNINSHANISTDUADILALTIOUNATNS NAULN
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1.2.1.4 Flddayainugiu deyaluszuuiaiadineg uazisnisuuulausa
G. M. Messinis et al. [10] ldu1ta@uauuIniIan1snsIvaeualudaunived

masbragdenlilimeneaiia dmsuluaiediolinseinisnsaduany wagnsiese
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AuUsnyatuensanig wagduusuuulauia aAnuuana1eseninedulshe n1sldtayann
JEUUNT AN 19U (Power grid) Lo U 1AT9d5 1999958 UUT U9 18lULAT D18 13 DN191A
AmsEiwestuszuulaseielnil I8nsledeyalduseleviainteyan eatesiugusian

windwy nslandsnuvesiuslaa Wi uwaslauiafeliivansussinn danmuseneun 1-2

A ~ = acg Yy & 1% A aa a
H159N 1-1 LU?EJULVlEJU'JﬁIGUGUE]Z{JJawugr]u sUaﬂquﬁi‘LﬁS‘UULﬂiasﬂ']EJ LLag'Jﬁﬂ'ﬁLL‘U‘UbLa'Uim [10]

Uady Foyaniugnu dayaluszuuiniadng lausa
- floansteyadnwiuinn | - lidesnsteyauSunawnn | - F8leuiadedns
ninens | iledudunuudnaes - 7BINTVOLARUAINEN PoyauIunaunn
(Resources) - fosmsdloyaiiiuadns | - diosnnstoyaain fwes, VAINVANY UALYA
flanndeyaivannmane RTU uazdeyainiasedis | Ueyavuinlvg
HaA US| - WUudIaesEnsaEn - yauldfndsnishnsa - AFPUIULTIY
(Performance) | (train)lsiiudfeyadiled gunsalingg 1 dnes Fuogfumslda
- mndinmsiasuuvains | wedesda uaz RTU - Houlvvesiing
ldeaniananla Ndaya
mnalliianna | - seulmderaldauga | - dwsuisilidesnisngu - Tanwaganei
voirad | Yeenguteya Joya (Class) Wulded Audsnig
(Class - Tuaaduualifuiay -lsifiwansgnudmiunsiln | ordedeyaiiugu
imbalance) | overfit mnngudaya BUY (training) Wa¥N1s
(Class) ditlog n319e0Y (Validation)
nameuaueY | - Avwideans uilansie | - Fealvwelvgifieoatuna | -dnwazvestlamn
(Response | ipiau muggna 518U nsAndula fndne adafudy
time) - Foyatunnduazdmasio | - foyaidualniauanden | Fnisordedeya
VaRaUAUBINAIY GRlke flugu
-sggzlaninasiensiseus
GRINERE lsidosnsaldaredisnd | - fsedredwousnn 19 - fiausiuniuy
(Cost) Tunmsfindauaztngsdnw | qunsaffioansifisid, sprieiaeInL
AN SRAUIENSLA - fodlfinTosinuasy MIUAINADINTS
yuiafienesumuem NTITABY vogunIaliany




Field of Knowledge

“vbersecurity?
Intrusion
Detection

Anomaly/ istribution
Outlier Network
Detection Analysis

I

L s
Data I # - Network
Oriented Hybrad Oriented
T |

I 1 1
| State ” Load || Sensor

SNEETIEEE | | eapani=od I Estimation Flow Network

Method Categorization

AmUsENaUN 1-2 M3dnvanangIsnisesiadumddliihgadelilenianaiia (NTL) [10]

a [

PNvAnyiagAdianuvessenndeya WelasunuauauiRnan

©

winzaulunsihuninged wanwiadoyadinisned 1-2 \Wunssunuaudnvusisndus

nmsvvdegadenldlivanaila (NTL)

1599 1-2 aaudinanilddmsunisnsndumheaydenlidlamanata (NTL) [10]

AMENUAAN ANBSUY

T T
= = 1 = o o

anmede asda/und dudoavy | Wudmsadddwivmuinatamglugisaivile

Y 9

11919571 (Average, Max/Min,

Standard Deviation)

Mmusgneumay/musenauan usenaumasiningnimvuaduadnsidiusering
NS MATAN939 (kW) siarmasaudsing (KVA) @
(Power/Energy factor) waaunleanmsiadudssndudmsunisiuau

= v 195 A a v A W
sﬁﬂmaﬂiﬂsﬂ@%awmﬂjqﬂagLEJEJ@@:JN (U8NINIDNINUY

v 6

15 W) LNDNASNGNIA

fusgneulvian 99 51dUTENINNAIUTLEREe (kwh) sianisld
(Load factor) WAIUE A (KWh)
LT WunsmvasiuutnaegviievseinitAlaie

(Streaks) (MAUAIINANLRAYLARDUNVBINIINNITUSLARA)




M3NN 1-2 (o) Anaudinanilddmiunisasadunibegaydelalemanaiia (NTL) [10]

AMENTUAAN

ANa5UNY

Usunaunsiatnstetuse fdsladn

A ey (Daily consumption)

HaTIMvBInGIunldegluszagiamila (kWh)

momaslnimudena (Kw)

ANdUUSEANSINeSTAU

(Pearson coefficient)

#1UseaNSesduYaLduns NS T NI Un bgay

agluae wawmils (eevillavldiuteyavuiniveg)

'3

AdNUsEansnsla
(%] A a < a
PRI UNLTYALAULEU
(Billed-consumed energy

coefficient)

KassvaIndsnuAiGoniiu (\Wwh) dendaanuildom
(KWh) 115 Sendsnumudyan (kW) fananisaild
KWh (Predicted kWh) n1sananisainisidndsanudils
suegkwhismuslaguuuiiassmsaanisallag

P3ANULANAIVDIA AR LA

AEUUTZANSLINLES

(Wavelet coefficients)

1 [ a q{ & Ao v
NARNINVDIANFUUTLANTLINLANNATUIUINNLAUNTIN

[ a a o v < o I
dnwaznsusinanazandwunlngldindnauInan

Y

duUsgansveensinisustaatneunrin

a

AduUsEAVESIS (Fourier

coefficients)

'3
a a

Has9veduUsEANSYSIe S TAIMAINEUNTIMINg
Uslnadl gninUssunnuagldnSiosuenmduysedns
Y0305 WaNANT INavesduUsEAVTYSIe AN

ansaldndulaamslidndsnunldnuegla

[y

wUsgandnmuY (Polynomial

coefficients)

NAFUBIAUUSLANTNA UL AU AU ULAUN TN

9

nsuslnAaggnIUNLazAEIUTEANTVRIN LN

wigauiaaiudulAsnsuslnadisulneumnti

FEYENMUUYATANUAN
Laﬁa“uaﬂqﬂ@ﬁ (Euclidean distance

to mean customer Euclidean)

FLYLNNUUUYAGATBAFUNIINNTIENE191191N
AMaalninese kw) ldudunsimnisuslnaieiuin

< ! A a Yo o v
JuAadensusiaavesuslaanmunluyndeya

AUTUVDNAULAINTS

U3laA (Consumption curve slope)

ANUTUVIAUNIBLAUNMIN T AUNFA A UDUNTULIAN

(Time Series) YaenTvldulAmdsuldnueg




M3NN 1-2 (de) Anaudinanlddniunsnsadumbegadeilalldnianaiia (NTL) [10]

AMENUANAN GYLRITRE
duUsenau PCA Principal duUsenaudwIuNilanIn PCA w3ansiinTent
Component Analysis (PCA) KPCA ngnfiunsmnisldndenunldanuey awnsald

ARRgvelasEyUAIuUTENBUN Y

BRIINTUTLNARY Uunaumsuilnavesguslnansvun (kwh) luggania
99n1a (Seasonal consumption | flan1suslaa (kWh) 1y gaseu ggvun fanisuilaa

a [P i a Y] a
rates) LQ@UT@QE&U?IﬂﬂELUﬁﬂ']uUE]EJL@EJ']ﬂiﬂfuq%ﬂ’]al’@&n

a

nseumlagUsEann (Estimated | $1uaun1seuiiinesnaUssanalaggian (Utility)

readings) Wesanldaansadfeimesla

lun1sdwmundeyaiiieiansanaindeyaiu (Raw data) lunatgauideasin

Poyafuuldlun1siasisiuans1aiy G. M. Messinis et al. [10] lasiusiuuazdniuaUseian

[ ' [
(% v

Toyananls 2 Useian laun TayaiBegnatiaztoyaidaiudl s 2 Yeyagnitwuningly
[ I

ANduiusvasdeyanilianvay Iueunsunanilaudeiiod (Time Series) futayanuada

a1 oA = o Ql'
WIQJWEJLU@Q?]E@%L@E’J@I@I\‘iﬂqWUﬁgﬂ@‘UW 1-3

Raw Data
[ |
Consumer Area
Level Level
[ I [ \
Time : Time .
Series 7 A Series Static
High Resolution Energy Consumer Observer meter data Network Structure
Medium Resolution Energy | Non-Technical FRTU data Area
Low Resolution Energy Consumer Average area consumption [ Non-Technical
Smart Meter Network Technical Environmental Area
Data Technical

AmUseneauil 1-3 Msdnmnanydeyafumasinihgadeiililiniameada (NTL) [10]



1.2.2 Uszinnvaanaianldlunisanadeyainammasinigaydenlilenianaia

v a

luueasedoyadu (Raw Data) Milaainnissiusiudeyaiiialdusznouidy

Y

Aasanuway (feature) neutoudndlumatiuliannsatowdndlunalaiissainiannuvainvane
a o a °o & ¥ ¥ ] v | A v
fwunnfaanudndu mndeuteyailaenseervdwmalilumalszuianadn vienailn
nlunaliigneies Jadesinisainamudnume (Feature Extraction) feudeauidnluaa M. M.

Buzau et al. [11] ldlaueidnisarindayavinaniiviiwes (Smart Meter) Usenausme Jayanis

o I Y v

Tindanu Jeyadayaandou nsuiufsuruindygiamliliy JeyagnAsmunginssunis

Y Y

$%
(Y

Uslaa anunfnnsinumenn Qiimansuazauaudi laswaiavewmunsniine§ ausanen

Jumailasne mseludl

1.2.2.1 auanwuENainaNNsHILRauR5ines (QB Measurements)

nsdnAlagly Quality Bit (QB) 1459 8 U ieUsziiununImeInIsin U

Y

MILIufe wiarsen1snIadauwansenaioy gnulasluiidunisunuaisieagiuaes
[ a 1 = " o ' ] = = gy 2

ﬁ’]vLcUU']ﬁ QﬂLLU\T@@ﬂLUULLU@ﬂWWLLEJﬂ"i]']ﬂﬂu LARAZATLENININITILABDU Mﬁﬂmamﬁy?mLmaugﬂ
¢

v | o = o NA a X I ° = a A =
nszfulugaana vesnsin mlsiulunsdiiAniu) Aaggnimuadu 1 fazduarasidugud

HI9YNNITATUIN LARIAININUSENDOUN 1-4

Bit Alarm Description
7 v The measurement is valid (IV = 0)
Synchronized meter during the period of

6 SINC measurement (SINC = 1)

5 ow Overflow (OW = 1)

a VH Hourly verification VH during the period of
measurement (VH = 1)

3 MP Parameter modification during the period of

N measurement (MP = 1)

> INT An intrusion has occurred during the period of

measurement (INT = 1)

1 AL Incomplete period due to power fault (AL = 1)
0 U Unit of measur?mem. 0 for kWh/kvarh and 1
for MWh/Mvarh

IV and AL alarms activated

IV SINC OW VH MP INT AL
1 JoJoJoJoJo]1]o]

130 decimal to binary

AMUTENEUT 1-4 fregnnisadanisudafiewnndidwesiagld Quality bit (QB) [11]
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[

1.2.2.2 Qmé’nwmzﬁanﬂmnﬂ‘%mmmﬂ‘mw (Energy Consumption)
nsanaseg 19Ny uriuYeslsuansigin (EQ) aunsadunalaainsuaiiy
AnUnfdiAertestunisandiauaznisldazifia luunanufinanazulsdnvazauiaunf
ponilu 3 Hrananldun AmuRaUnAEuFuAouYIaBINTIATIEH AuRaUnATIARTUlY

YPIWIANWBINITIATIN harAIURAUNANAIYIIANIATIEN TeazdenUsEnaume
N. AMENYUNFNAINNITATIVTBUNUANURAUNA LY NINATIZIY

lumsPuunanuduiusvastayavzldrnionvuadlaelddiundsauuiing

FIukAzAlafevItaAR NN (1-1)

X=X (1-1)

IWEJ‘VI X ﬂamimmwaqmummaﬂml X Ao mmaamﬂmwaamummaﬂm JIGE oy AD A

DeauunnnsgIuesgni |
. AuaudanaianANuRaunfLuuivIafaunt

W RII9TUAIUAAUNAT IS unouY219n15TA 18 Tanaulneld k-means
clustering Faiia1sananUsuIaumsigliiisudiudeuledyninisdevisln Andennguiidn
d‘ L2 U d‘

Reouluuazdnnguinnszane
1.2.2.3 ﬂlmﬁﬂvmzaﬁﬂmnizﬂzmaLLazﬂ’nsmmeiu (Distance and Density)

n. Tdnann159InA15LeeN1e (Based on Distance Measurements) [11]

1%

wasnnuenngudldlvnReuladyag@evieliudy suwuunsuslaanisldl
] = ° I 1y} ¢ A a ¢ v o & ]
wiazeuazgnuuneanluneduny wielasizrguiuuanuduiusveldlinluwsagsie
aun1sANAURUSALansluaun1sa (1-2)

Bilfj't={N 2 P Z it Z it Z v Z vi’} (1-2)

zeM zeM zeM zeM zeM
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lng# B, Ae unvumsidiseideuvenioui U j vesnqugndi k dmsu
Usetnnvoaiut (Tusssunn w1 wazeniing) M ludaunuuaingugndn gnAi k Nduanis
nyrvasulaglinuauiaUndluvaen N AsT1uiugnamvant Py, P, Pey, Pl i wansdia

ANLRALNNS NS IUANSUUSELAMVBIUT Tudiwa1Nns1aaeu

v s a

wiagAuauUdlauannisauinlagldanuduiusyadiseu (Euclidean
Distances) Wazuaudmdu (Manhattan Distances) Ha3zggnassninausazsuuuunisuilan ain
A19E139703gne1 Tuinaukuugnsy (Manhattan Distances) Idauinsseznsdmsundaznsauy
nauaznaeaTeTy fiannsil (1-3) luvaefinsdnusseymauuugadn (Euclidean Distances)

T e amtingg (Window) 989138191un Aaauni1si (1-4)

1 .
M, = PM—WZPM (1-3)
zeM
L 1
My =>|Py—= > Ps (1-4)
w=1 N zeM

lag?l M, Aoszuegn1auuudndu (Manhattan distances) ve3siiag19gnardmiunsay
a1 W hagdmsuussnnvesiuit tas M, Ao HasiussssnabuugnAuaIutinm1aniIivun

JreENLULYAAR (Euclidean distances) Awlnilaglinsaunavionun fsaunisi (1-5)

w=1 zeM

2
y 1
En = Z(Pm_ﬁzpw;] (4=5)
e E,, ﬁaiwwmwuqﬂﬁﬂ (Euclidean distances) $3uUBINTBULIAVIINUA

9. lnann159nA1ANMUILLLY (Density Measurements) [14]

Uaduniguenviasdiu Local Outlier Factor (LOF) gnianusuldluguiuniniu
lsldgna wiagsne alagnisduunanuuansnssenindusindnisusinavesldlviiie
Wisuiisudulustndlungulndides TunisAuia LOF dayadnnen EC luusiasiiauvedgnan

Wiarse gniANguIIAuAINNaNgNALAazUTENYRIIY t (TusTsun Twens Tueiing)
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1.2.2.4 arudnuaziiainainnsitasanganssuldl (Simulation Load Profiles)

S. C. Yip et al. [12] 99nkUUNN591809520UIATIU18EN1TNTRDT U BINAA DY
Usgnauseasnsniiaesinnu 4 1a3es 3 iaseausnsimhiidumunugldl wagdandaedes
yihuihidusaiandanuliliiis fn1sdrasalnanlagld Miniature Circuit Breakers (MCBs)
AIUANAINLANA 1T DIMARTLLAAY YA wasE Data logger auTIndoyatdudunndmsu

U52308Ka LaAIRININUSENaUN 1-5

e WAVAWA )

TR Miniature
ircuit

Breakers (MCBs)

Ps

PS : Pulse Signal
MCBs : Miniature Circuit Breakers

Data Logger

Data Logger —\%\

amUszneudl 1-5 gunsallunsnnassiay schematic diagram small-scaled AMI test [12]

F[,umwmamﬂﬁagawgﬂLL“U'qaam‘fJu 2 ganamanae Off-peak hours (08:00
P.M. to 07:59 AM.) uaz On-peak hours (08:00 A.M. to 07:59 P.M.) mﬂﬁ?uai’waaawqaﬂswmﬁ
1%’11/@60@@@58’11/\1@%L*‘fJumslmmiﬁgwm 7 wnMsalusEnaume Honest, Cheating constantly,
Faulty constantly, Cheating during on-Peak, Faulty during on-Peak, Cheating during off-
Peak, Faulty during off-Peak m'mmmwQmﬁé’mﬂizﬁm%‘ﬂ'gmﬂmﬂﬂﬁﬂuaaciu‘%‘[mLLawh

duusgansnisnsaduvesusinaudazdunugldln

1.2.2.5 AauanwazainaInaynsaIaduguniw (Time Series to Images)
A. A. Esmael et al. [13] dnawenisanndeyalaenisiiteyanisidlnsesiou
91w 1 U ludnuaig Time series avihnsudadlviegludnuarsunmlaely 4 mallalunis

[

wUad Suazdeneall
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n. WABAN1SIARYY Recurrence Plot (RP)

(%
a o

< a 3 & a ¢
WaRMNNITLNAYT Recurrence pLOt (RP) LUuLWﬂuﬂsﬂuqqm@QﬂTﬁ?LﬂiqgﬁsﬂagaLLUU

|
U =

ey WWunsuananm GRonsm) vesminddmasuinia deesdusznoulrindaenades
funaflanugvesssutlaunfindatuth (redutiuazuniasdiiusiuguasnatuiuon) Tuma
wAdauad WﬁamﬂmﬁmsngLLammaamL';mLﬁaLﬁuiﬂaimaaﬁuﬁLWasuaﬁzuulﬂmﬁﬂL%”]gjﬁuﬁ
FenfulnsUssanadufiuiiola wuiendu Eckman et al. [14] ﬁ”lLﬁuagﬂLLUUﬂﬂiLﬁﬂsﬁu%’lLﬁa

wanspuFunusiutayalussvusunsuadmsuldduundnyusosdygyraliii d9la

wadnsnailolUldlununsiadudeya wanwiiegiesnisudas RP Adsn nUsenaud 1-6

Raw time series Recurrence Plot

AmUsznaudl 1-6 Mswdad Time series Tngldndonnisifintn Recurrence plot (RP)[13]
v, dwnlaswnsy (Spectrogram)

Spectrogram (SPG) aunlasunsy WunisuansAtvesaiunasuuesniuives

Yy uluruzfiiianisdsullatuazuanansiuliaunianat ssuusdygrueenduaig

go89 lapialuununinfesadnlasinsunuiefalal Turasiunuusulanstsa1Auall

sotllos weundgavesnudaniz a arlanamidanzymngiuanuduviegalunmusiaza

[15] arunlasunsugniunldedneninerinaluanuussianauns n1sUsEalanamyn n13nsIa
M I v Y a 1 [y 1 a 1 LY 1

A ulniaues Wudy dygraivsnguaazaiunasuresguaud wanNa1aiuAINYIIa7

f79819N156UaY SPG ANRININUSENBUN 1-7
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Raw time series Spectrogram

15
m
05

o ."; '|I |'I "\I II- ||

’ : # = = _

AwUsEnaudl 1-7 nsudad Time series Ingldaunlnsunsu (Spectrogram) [13]
A. Gramian Summation Angular Field (GASF)

Gramian Summation Angular Field (GASF) Aa 35n151015WavesaunsuIaTi
Dunmeufidngats lwan3nd Gramian uiazeduseneuidunasinvesulaled [16] 1w
RoulufifmunantueaIuuiingayuyes Gramian WRUIWASN fag1an1sulasa GASF

LAAIRINNUSENOUTN 1-8

Raw time series Gramian Angular Field

AmUsznaudl 1-8 n1sutas Time series U Gramian summation angular Field [13]
4. Markov Transition Field (MTF)

Markov Transition Field (MTF) tJun 1w laannnszuiun1sAIulI @t fves

MslasuwUasnuulauiiin [16] tAR1NA15A519 Markov LUn3ng 989015851920 Ulnanaean
6 v v 1 [~1 dl a . .

wenesAlsznaulazidsiaaNuIaziiuvesnisilasundasuuulaurdnly quasi-Gramian

f9819NSUaIAN MTF wangaanmusenaud 1-9
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Raw time series Markov Transition Field
- -
15
) A -
10 R 0
R v .

” AN f

/ \ “\ | \

T ‘ [ | |
1 ’ | [ [ |
" |

3 » 3 3 .

mwﬂizﬂauﬁ 1-9 n1sukUasg Time series a8 Markov Transition Field (MTF) [13]

1.2.3 wallalun1suunaadneavasmasluigedenlidlinianaiia

1 Y

1.2.3.1 msduunlagldinatianisiseuiuuulitigaeu (Unsupervised Learning)

Y

G. M. Messinis [17] latauanisiseuiwuuliiigasy (Unsupervised leaming)

Tlunsuusnguinvauzauianivdwwademalnigadedlalynianaide lunanld

Usznausng
N. STUUKLIY8I190Y (Expert Systems)

SLUUHT 819U sEN0UmevaInuaneyang el nYmania19auuuaIngm
Tayavseimualaeiieargyaudszaunisallunisnsiaaey Jyvimdnvesngae aueinty
nseenuuudmsuauanURnly lunsddliauisamuuangdidedvigy dwmsunansenuns

psvdeulansalifansazidliale Fsdesorfumatiandug Taulunsasiageume [17]
. szysliuanuRaunfnuaanuviuisiy (Local Outlier Factor)

Local Qutlier Factor (LOF) WUNITIIAMURAUNRAIUAIIL AU [17] 1ag

= 1

BMIeTIRTuRAwINAIIIKiungluvesadeyalaeAlaisnumuiniuesey Ay

(__D(’

Y v (J o v Y a AV Yo v v v f @ 13
WUV LOF ‘ﬂ%ﬂﬂu’)&lﬁ?‘iﬂiUE&Uiiﬂﬂnﬂﬁuml@3‘Uﬂ'ﬁ%@EJUWULLﬁSi%QLﬂ@iL%UWU@Q%@Q

[

aa v ! a P I a a = " I\ a
@uﬂamll ﬂi‘}ﬁuzﬂ’ﬁﬂ@lﬂq ﬂﬂ@@usﬂaﬂ LOF AB ANSNATIINUAMNAUNR GUQ"L?JIG\IMN"IEJ@'NN'J']Lﬂ@I

e

oA

nMsazdin usealuags (Msuslaafiiiudusgengyiui) enagnssuindunsasdinle

Y
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A. Multivariate Gaussian Distribution

[y

Multivariate Gaussian Distribution (MGD) Tua1u3dedl ”amﬂa%gmﬁﬁaaﬂmﬂ%’éﬁ

WUSUANEALUTLUUNTZANY ANURUILLLY9ALUNEL DY [17] AUIUAINENNIST 1-6

p(x,11,%) = exp(- (X~ )" £ (X~ 4) (1-6)

1
1/2
2n/2 |z|
X FonauURnnges, 4 INWesade, 2 Wn3nganuwUsUTIusIy, nIuIAveInnmes
3. NM133Angy Clustering

wanvatedanassudmivlddnnausie lunuduunussinvildlasunsgua
(Unsupervised) [17] ynninutesfio 31uiundanesnlitoswasisnsnssagdminguiuy

[ 4 Ao’ ] Y a = o 1 v [ a )
Wiﬂiﬂ@iﬁuqmqiﬂwﬁ‘ﬂaﬂﬂQMWLaﬂﬂ’ﬂLUU@’JLLWU?J@Qﬂ'ﬁﬁ%LlI@ %Qﬂﬂlﬂgﬂmaﬂ ANUAULTUITI YU

o

A aa | ] Y ¢ Y & ° o ¢l !
ADITUNNUTELAN lelﬂ'Wll'ﬁﬂ mqmmﬂm@aﬁmmmm 1@ﬂqiLaaﬂ"\ﬂu’JUQﬁﬁLmaiwll']ﬂﬂ')'] 2

[

annsaundamile Tunsald sunsunatndames Cluster e Useilluariianuduiduau

9

o w A

sgafe szdnlunguazilea dsddynisidondnnuedamesdendonidonagumunzauwazAnd

o

e

Audnatsveinguadsgnuseliulaeideivglunisdnduyafiiudiunungy dreg19uansds
AmUsEnay 1-15 Msidengudeyaluuiaiiudeaunisi (1-7)
k 2
arg,min D> [ X — ]| (1-7)
i=1 Xes;

DBSCAN
benign cluster

o FN Fraud
Cluster

PC2

Malicious
Users

Rule 2 to +
reduce FPR k-means

cluster limit

PC1

AMUsEneUdl 1-10 M3Uszendld PCA-DBSCAN-Rule 2 wag SOM/k-means clustering [17]
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2. wHUNIATZdEUAULEY Self-Organizing Map

Self-organizing map (SOM) \Julpsaneusyamiiensfianisildvesiioands
Foya [17] lilaluisnsduundssan wianmnsalddusiuwenyszanld SOM fiauanunsaly
M3adanm 2 FATIA HunsRTIENIE I NTINAY SOM Lilensaadunsaziin uanads
aszneud 1-10 Urwavesadeya Medrsianuniieglurdamosasidnnindiaidlay k-
mean finsviiaieaaneindunsasdin uenainil k-means anALiiunig 100 Adauaznsdn

naunRngaeiden Azwuu F1 dwsuyadeyaianiziiviniu 89.66%

1.2.3.2 msduunlagldinatian1sifeusigedn (Deep Learning)
. 1< aa = d v o 1
Deep leamning LJu3Fn1siaiiounisieus nsinauveslasengUseainves
uywd (Artificial neural networks) IngunszuulasevedseaInud ausa i uralgLu Uty
(Layen) iovihnsiseusdeya aunsonudlaeenduasauseian fie Recurrent neural network
Wunisaranisaldeyan3eviuienalagnisindeyadag Tuns ol N uuiiansun was
Feedforward neural network feyatlagtuaggnieusituiiuszaianawuuniaieiiverinuig

HAANG
N. Hybrid Neural Network

M. M. Buzau et al. [18] diauenislalasevnglsyamendiudnuuulauia
hybrid deep neural network Uszneuse Taswieusyamitenuuumennusiszezdu Long
Sort-Term Memory Network (LSTM) kazlassu1gUsea1nii ou LUUNA Y U Multi-Layer
Perceptron Network (MLP) ¥a1uusyanufu wuushaesfiiaue mmsagmmﬁﬁmw%’aga

sallloauazuuuldsailialy deyalassasianisviniau danmdseneu 1-11  Usenausae 3

[

aaAUsznay laun Tuga LSTM, luga MLP uwaglugalausa HNN luga LSTM Tddayauwuuiiansu

U83a31n Smart meter WU EC 9aiziluga MLP TdUayawuulaiidndu non-sequential Yoya
@ a ! a a 3

Judune 1wy fdn @a01ud, lea s1gazdeniives) Haansnlaanluga LSTM wagluga MLP

sgnidilu Bunaludlugalau3aHNN Fsazdfmduundndulutugaiing nadldduszavanm

< [y 1
QﬂLWiWBLUUﬂWﬁiUNﬂUi%W?N 2 luea
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T Hybrid module

LSTM module @ feeememeei e eemmemeeaeen

______________________________________________________________

meter profile || measurements |/ meter profile Latitude power SM location Economic

: b T 27 B iitigi
' | | :
! i ' i ——
: Missin, '
Weekly smart \‘ Weekly smart i Contracted SM model
|
|

(first week of ; d (last week of Longitude Contract type | | SM firmware activity
the sample) ) ' the sample) ﬂ:‘:‘i‘:; Voltage version code

SM production year

AmUszneudl 1-11 wuusiasdlassiewuulauia Hybrid neural network (HNN-NTL) [18]
9. Wide and Deep Convolutional Neural Network

Z. Zheng et al. [19] lathiauanisasiadunislasnssunsenisazilinnislalniin
Ingldlasaingyuszamiiioy aeuligduwuunitawazin Wide and Deep convolutional luiaa
CNN Usgnausme 2 diu AzasAusenauninakavesalsenaudn diuusenau CNN WG dmsu
Toyaludnvaziliidudianan wazdmivteyaiidurasszoziaan YTunums 1dliinas
Ainnedluguuuudoya 2 f7 Tuvasiierfussdusznauiinheanmsadunm auautanlves
Toyan15ldluin 1-D 1 uansnmusenay 1-12 laseasna Wide wag Deep CNN lagsay

UsENaunIe 2 89AUIENaUNaN LA 89AUTENaUNIMaraIRUsENaU CNN S8AUAN

r
I Wide component
I

utput with sigmeid

CNN component

14D Input Data
{oy day) Layer 1 Layer 2 Layer R

’ [ S i — e

Ly

2D Ihput Data

(by weei) "

Convolutonal layor Gonvolutional layer Convelutional layer Poaing layer  FUlly-connected layer witn
with y fiters vith  fiters with fiers length B

AnUsenaudl 1-12 1Asaad19nsvanuLuU wide way deep CNN framework [19]
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1A596519 Wide Lay Deep CNN lpgsiudsenounie 2 esausznauman laun

29AUTENBUNTWALBIAUSENaU CNN SEAUAN S18ax08nUsEnaunIundll
" 99AUTENOUIULUUNIN (Wide Component)

aqﬁﬂﬁzﬂaugﬂLLUUﬂ”iNé’\’qmwﬂiznaU 1-12 @uUsenaunkuuning (agﬂuﬂa'aq

Y o I s A | ' & | a a ¥ ¥ a
udun) Wwawesiieusoagvauysaivadlassiiglssamiioniazisouimntayausuim
N5l 1-0 annsTiesisiilesduusinanisldlnivesgnindauduniudusses e
Turagnmslliimnudnd druszesiiauazsuSunansldliiivessy wuunsuluendany

Hutasszerdienvioguuuulsidutadusynsunan 1-D muaunisi (1-8) uag (1-9)
Y = Zvvi,jxi +hb, (1-8)
i=1

logdy, fio nadnsvasawesoudeagwauysalluadiusyam n AeAINEIVeIlayaBUNN
1-0 W, Wudrdminveusadussamseniteafidendn uasiwaduszami juazb Aaa

luda (bias)
u; = f(y;) =max(0, y;) (1-9)

Tne u, ADKATNSUAIIINNITAILIUNSUALGIU (activation) wag 1N HeNTunSURALTIU

activation function.

® g3AUsENaUEILAn (Deep CNN Component)

a

Tududnves CNN Teyaiildlnasudutoyaidsrdudeyanisldluii 2 fa
Franavean1sldniinnzunivaranulidedewewitiaifiaunf nmuseneu 1-12 CNN
dudn (eglutesnsoudiniu) Usenaudis Multiple convolutional layers wagduldouse
9g19aNY T l:fJuuﬁﬂuﬁamuqmmmmmialumsu%’usummﬁﬂizﬂauﬁawma%gu Layer R,
Layerl, Layer2 @ontd d ilusaunuvesdiuiuiuainuiunanisldlnivegnaluduami tay

nnwesV,, unun1slElndi m dUanid dsaunsd (1-10) §a (1-15)
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Vl
V2
Vd:m = V3 (1_10)
_Vm_
farsanauaudRudaziInnes asaniaiseunin C
Cp+l’ Cq+1 = f (Vv(gl(vp:p+2,p:p+2) + gz (Vp:p+2,p:p+2)) + bz) (1'11)

Ingenb, fiarnluda g, uay g, dmTunisesnuiuu kernel functions seyteyanisidln 2-D

]

gl() = gl(vp:p+2,p:p+2) (1‘12)
2Vp:p,p:p+2 _Vp:p+1,p:p+2 _Vp+2,p:p+2

9 () - 2VD1P,+1+2 p:p+2 _Vp,p:p+2 _Vp+2,p:p+2 (1-13)
2V \ \Y

pip+2+2,p:p+2  Vp,pip+2 Y p+l,pip+2

al

AMUNUALA AN DNLUAI9INAUSTULARZLAITDY 2 ABANY AUDDINIINADIUUN 2 Lualy

Y

AUTIIATAANTSUNIaELdg filter block laununAMEN e (feature map)

92() = gl(\/;p+2,p:p+2)T (1‘14)

[

lne# C AowkufiAudnyue (feature map) Na3 19U uT sdvuiaviniuiuming

Poyadu 14 zero padding i1y 1, Pooling layer Fusasvinfiu 7 Faaunsi (1-32)
C=| : . (1-15)

Fully connected layer atgosnitousialugiuanussesalsenou CNN ad1eiu

L3 14 1 % 1 14 = = g.)l
aeRUsENaULUUNINLALUILIARANANSTY YUIATesEIuUTENOUNI1NAL a kavyes CNN AB B Tu
Mgeuseedrnfuiludndnldiiieadunuandivndn aunsamwaldludnuazieniu dudu
YaualgasNyaunaag 1vany sallussAUsEnauLUUNTN (1D) Wuudiaesdiugavingvesluing

WAAIAIANNITNA (1-16)
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P(Y =1|X) = SW[X g Xy 1+ D) (1-16)

gAY Ao aataluuns s Asfendudnuess sigmoid function 7iuansdienuauUfves

drulsznauwuuninazdnauaduW Aegaideuseadimiin b 1duailuda
A. Convolutional Neural Network-Based LSTM (CNN-LSTM)

M. N. Hasan et al. [20] Ynauan1ssiufuvediaseng Ussamiiguuuunau
o$gHu Convolutional Neural Network (CNN) uaglassneUszanmifenminsanusiszeydy
LUUB? Long Short-Term Memory (LSTM) walian1si3eusidedn CNN-LSTM Tdiiloszydoya
n1svlugliinanguuvunisldndsnuuesgldla 38nslaesiuaninindsenou 1-25 uag

LUUA1889 CNN-LSTM slan1nusenau 1-26

Train Data ol € NN'LSTM
Hypertuning
Electricity Data —
consumption o ,| Performance
data Preprocessing Evaluation
Optimized
Test Data CNN-LSTM
AMUsENaUN 1-13 Block diagram tuudnasy CNN-LSTM [20]
2x2 Kernel,
Input data Max Pooling
f—‘—\ ] ]

Flatten layer

—
Output

- L

Dense Layer

2x2 Kernel,
RelLU

mwﬂizﬂe‘uﬁ 1-14 Convolutional neural network-based LSTM (CNN-LSTM) laiiaa [20]
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1.2.3.3 msauunlaeldmaiadue

. Hamming Code

A. b. Shah et al. [21] 19 U@ U09anaSSUUSENOUN18@RIEIUNGNAD NS
Usziiiumaslnilngadease Real Power (kW) Lilon15inA1nd1uanausniines (Smart
meter) RaNanm wagn1sUszanuAnasnuntlaglgdanassusranauils naaaulaelin1sanass

v

= a a (% a=e o a o I 1 a
\ensIvdeulsyansnmuedanessulunisssumasiniaadelilvmada

]

'
=

siauguda Hamming Code tdumnaianilsfidesldnsasudofinnainluszuy
nsdeans InsauunA A. b. Shah et al. Uszgndldfuszuuingliuaziimesdaaios uuuunns
Faszat wanslFlunmdsznau 1-15 szuuUsznausesosinsvndesuuuinly 4 §1 @wes
nea 1, 2, 3 wag 4) lugudden Inasddniilvan 4 ya Wisuailoulnamdousoiudaly

SEUUTIMUIBVDINS LAz AL 92238291UIU 3 LATDY ﬁm%’umwaauﬁqgﬂ%um

Check Meters Regular Meters
M "
_ﬁl—"l !..‘"" ’ ﬁul
+ T . 7]
{11 )
[IT1] oy
1TV Ul

AMUsznaudl 1-15 wuudassnisiiounsiiinosluszuudimiig Hamming Code [21]

Xy = [X X 5o X g X e X ps X 56X o] (1-17)

A A A A Y A

X\p :[Xplxpzxp3xp4xp5 p6xp7] (1-18)

lagh X Ao A Talaainidineseoruailaarsuimeosy i lduinimasues

madlith Ndaldnudiu fwesvianua uaz X unumisinmdsesdives i Werngninidaii

v a P ~ v v Y a ¢ a Y | ] &
gnaesnilimesnavun X, = X Tunandufudriinesuraniesinalignses 1duldaiy
ANNANTUSluaNNISA (1-17) uaz (1-18) Asdu X, = X, —e lngfi e An vu1alIntnes ves

M a s S 1 a 4 I A & Y
AIUAAA LARBDUULADINTIVABU L%EJJJG]EJIL!E‘U huuLUNNIng G LUUF’]’WIE]E]ﬂLL‘UUUUWUiWU FUE
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Lauile Hamming Code Hinasnsivaauldausaid1seuulavasalveglugliuning G iile

AsIvdeUNTInvesaNnindwesuaznTiadumsiniligndes nsianmuavesauniniines

ca o |

gnANMBIVINGNIS eI Wvsndaensiia (decoding matrix ) D naguagyilviAalinines

a J

SunIN Sp%uimm’mma% FIAUNTSN (1-19) wag (1-20)

S, =X, =[S,15,, 3] (1-19)
1 1 0
1 0 1
0 1 1

Dol1 1 1 (1-20)
-1 0 0
0 -10
0 0 -1

e, AAuEAnanINTwesi, S, Fulasunnimes, X, Wunnmesifiwesinalignsiacuas

donAanINuaNNISA (1-21)

S

X X 33X s X 0o X s X 6 Xy 12 [e 8, 8,8, 8585 €] (1-21)

p(eor) =

9. Rule-Based Model Tuned by Particle Swarm Optimization

P. Fuangfung et al. [22] ladnauamaianisiinuanglagldiswiaimeaud

L%MWZ&MLL‘UUE‘\JQ Tun1sasrvgeuanuRaUARaInNNTInABnES 1%%@%aﬂ1ﬂ§lm@§ AMR &3

' o
fala %

Jufimesnfnnsluszuudminenseiu 22 kv genistiindugiinig deyainiimesovdudn
U AUA AMR data center w9 15 unit iudiinesussian 3 wla 3 avgy Ae fnrsinesiu
Lﬂ‘%@ﬁ@ﬂimmmaqa (Current transformer: CT) LLazLﬂ“faﬁmLNﬁugﬂ (Voltage transformer:
VT/PT) #i38i38n731n1590 2 elements (two-watt method) Ineussiuwla B azgnldilugndneds
dmsumsTasdildusenaudie Tufl van nszua |, 1 wseduV,, V., uazamdsnunisldl
(kwh) Fegaiildisadle 1 unsiau 2015 fis 31 SurAn 2016 (Fhanan 2 ) Usznaudie 458

18UTEANUNR LAz 42 srefnaund Aatdu 92% ¢ 8% @10819MIN INUSENOUN 1-16
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=

AUsEnaudl 1-16 Megretayantuiinlaanniivwes AMR d15U Rule-based Model [22]
Tunisveasawuseanidu 2 d@undn lawa

1 dl o 49} o U a a ! g
#UN1 N1ININUANYNUFIU (Rule-based model) @%3UATIAEDUANIUNAUNAYDIALIINULAE

NSLLANARYU AIEUNITN 1-22)

-V
v Voltage Unbalance(%) = ’V—'ef x100% (1-22)

ref

eV fe usssiuvaandlna V., fie usaius1edilmiegi, o fie threshold wiesiu

ref

Unbalance, X, Aowgnisaiiaunaiminuly 1 43l

Rule:1 nfvasusesiu (Rule of voltages)

1| IF (wsasuialafu 0) AND (Aatusnnnda X, 4alas Tu 1 5u)

2 | THEN (dnwaizdanaipesuuuuiiaung)

3| IF wsasulalauin Unbalance(%6) > o AND (AnTuxinnin X, dalus Tu 1 $)
q

THEN (dnwaugaananinesuuuurnuni)

I, +1
A —max(l,, 1)

AnuA Asymmetric Power (%) = x100% (1-23)
max(l,, 1)

ngusesiu (Rule:1) NgnasrefiuazedesUnuuvesnuduiusseninaussiuma

o a 1 1A v

A uazisaiula C Auusasnfiiiuesesin Vivasdmsungnszua (Rule:2) asilumignineiu

Y

\A3e93n CT luan1igdndng 2 g auaunsi (1-23) Aussnuiazainssuaazialnaifgauay

aunanuluusaza Fauldeuwdasmunisldlnanusasyisim
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Rule:2 nguaenszud (Rule of currents)

1 | IF (Asymmetric power (%) > X, AND Any phase current > 4 X, ) OR
(Asymmetric power (%) > 3 X, AND Any phase current 4 < X;) AND \AnTu
1nng X, $lae Tu 1 Sy

THEN (Snuaizaenanfeguhuuiinung)

IF nszuawlaladu 0 AND (Antuannndy X, 9las Tu 1 )

THEN (dnwaugaananinesusuurnuni)

IF dnszuainalafin Over current AND (AnTuunnan X, Talua Tu 1 3u)

N A WDN

THEN (dnwaugaananinesuuuurnuni)

e X,, X, 78 Threshold asymmetric power wag X, Ao Threshold any phase current

duin2 mAmeUlINYauRUURa (Particle Swarm Optimization)

Particle Swarm Optimization wunggusunisihlulgivemansinesng
a ° o Y a a = = saa a
Ngndmsuluwaniung N3AUMIYaBuneanTINeTEesIaT M NTINRAUNG ANy

AN (1-24) wag (1-25)

Objective Function= min(FP) (1-24)

Constraint:Meter

abnormal

=100% (1-25)

uadnsTldannslinafsuangiiug iy (Rule-Based Model) uazn1smdnay
1‘7immzamwwgq (Particle Swarm Optimization) lnen1sasavaeutaaTiainund Voltage
unbalance wag Asymmetric power 21n115A1%UAAY Threshold TulAaaILN0ATIIEBUAIM
AnUnAle 100% Andu MCC = 94.01% FRR = 1.09% Fawani1sAne1il lda@unsatioannig

MIznunTRasuLaranihugadenlilvvadala
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1.2.4 nsusziiunalaaanldIuunimadnigaydenlilenmanaia

L84 d! 1 o

Menasannsilinaninsgitens asdryegrmidsneutnluealulyau

Y

'
=< 1

59tume M3TaUsEansnmvesluma Confusion Matrix tHunialudsusyiliulseansanieg

Y

Tugduuumsidoyateledldluau ML [23] fegrauaninmdseneaui 1-17

Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN TN

Predicted Values

AUsENaUR 1-17 ms19uanssiiegns Confusion Matrix 9u1n 2x2
yanemn True Positive (TP) = ¥u1onsefuiindusi nadviiuiesiuardeiiindusie
True Negative (TN) = ¥uneassiuiiinty nsaivinuneilieds uavdeiifntufiaeldese
False Positive (FP) = vhungldnseiuiiintu deviuneiness usdsiiintudeldlass

False Negative (FN) = yiunglunssfuiliinduass Aevituneinliass wndesiinaduneas

G. M. Messinis et al. [10] Tausiumsuseillunadnsvestayawuutuminibgly
n13Useiduna faenadesiuisnisasiammaddiiaaden lilynianaida (NTL) 89l

wanvaneds Mlleldanunsoagulanslunised 1-3
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15199 1-3 Tensteyaiuuiunsnildlunisussdiunadns

AN V1T AB5U"Y
Accuracy Accuracy — TP+TN Jumsiaaanugnieswediuieg
TP+TN + FP+ FN _
lagfiasansIunnAaIa
Detection rate Recall= 1P Jumsiaanugniesvediuieg
TP+FN - o
(DR) (Recall) Inefiansanueniiazaaia
Precision Precision = \Junsineenuuivgvesdoya
TP +FP _ y
InefiansanuenazAaid
FPR FPR__ P \Ju Rate 903/1UsznaUn1sIn
FP+TN .
False Positive Rate(FPR)
TNR TNR = —™N \Ju Rate 993/1Uszn0UNTIn
FP+TN ,
True Negative Rate (TNR)
FNR ENR—__ N \Ju Rate 903/1UsznaUNTIn
FN+TP ,
False Negative Rate(FNR)
F1 score F1score — 2TP F1-Score LU single metric 1%
2TP+FP+FN _
AUANNTOVBILULAR INAREY
WUU harmonic mean 3¥1IN
precision Lag recall
iti . FP FEN 3] SUs
Recognition Recognition Rate =1-0.5| —+— OATINIIVG
N P
Rate
AUC (Area The area under the ROC (Receiver | fiufin1ald ROC curve iush

Under Curve)

Operating Curve) of the binary

classifier.

Usgillu test performance
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un | ATHRU | uvas | amdnwne | wella | Usedng ALAUYBITNT dodninvesdsms
A daya -0
[14] | nagduuy | wilhew | QB KMeans | Acc | - Winadafivarnvans | - iBenunengudeya
(2019) | aziiia 934 EC KNN, LR | 91.00% | - msanaaldvaneds | unlddmsnedd laile
57,304 Distance SVM, NN - fimsdansivdeya | Wudeyannusvian
318 Density XGBoost IRGHER (WsgLaniilglw
-1 kfold cv dudeya | wnndn 50 kw)
[(15] | Jasnssy, | s1@e 91809 LR Peak- -1ﬁgﬂ'«iﬁmﬁu&mmﬂﬁ§ Junsdnans
(2017) | awidn, winnsel | wnnisal 3 Value | vesloya wnnsainduls]
mstign | Tuiewa | wuu ldud R- ANNTONAAIIUIY Igthuuuuasanld
aedld SM | Unf Tng Square | Msaulia/gadele “Uszifluuseansam
31509 | uazdin Ingldfimsgapdents | vedlumaveniiies
walla/dyausuniy | -suuuuidesiiuly
(16] | lasnssy, | wihau GASF DensNet Acc - Hmedaiunnsa - M3IARUINGL
(2021) | azidle, 939 MTF Inception | 90% | wunisUszananalas | Cluster ustazituiiay
Algln RP ResNet 1¥am 1-D waw 2-D waneinafiy
9,512 918 | SPEC MobiNet Wiguiiigumnu - Sunsudoudng
VGG Aaundluvaneguuuy | dudeu Tdiauu
[24] | wnguuuy | deya Expert, ES Acc | - Buvuitliiifgua | - Asusiugnidos
(2018) | asziilm Founad Outlier, LOF ; Tunsduwunau QP REHTAR TV T
103 SOM, eo | | aund lisedd class fifjaou
5,500 578 | Clustering | K-mean - Hnedafivannwane -galyanunsasyyung
SOM lumsneaeutoya sUuulataiay
[25] | nguuuy | whew | Season HNN Acc | Fhawsiuitu 2 weida | - 1feyarisdidd
(2019) | aziiln 239 Missing (LSTM+ | 83.6% | lumsneaeuteya Auldifigsu Fam
57,304 Zero MLP) - gnansalddeyatdeu | deyalvinsudiuen
9 Location Wlumalaglidesadn | - 14 train-test spilt
Economic - Mioya2 Ussinnfe | vilvina Validation
Activity fdwunulaifidsu Iedeyaifeniiutrain
[26] | Nnguuuy | fwes SG | 1-D(day) | WD-CNN | Acc | - v 2 wedlalunts | - ladldnandia
(2018) | Jlasnssu | 35ifeu | 2-D 92.97% | nadeuteya Usziamvaadeyaiild
ouida 42,372 (Week) SunoumawFoudeya | -sUwuuAMARUNR
318 Tinadeiiliinadndia | ddinsudou uas

Lildwideyaliauna
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un | ATHRU | uvds | amdnwne | wella | Usgdng ALAUYBTNT dodninvesdsms
A daya -0
271 | Wasnssu | 8wes SG | 2-D(daily) | CNN- Acc | - Wumsihgawiures | - Lilduandliiiu
(2019) | ,azidle Hlgln LSTM 89.00% | whazimalia CNN fu 11511 2 wiedaunly
17,120 LSTM snUseendle \Fouseludnungle
9 - LSTM 11aulunns - lail@eSuneUsyian
afintaya Joyadumne
[29] | fwmes g1uteya | Load - Hamming | 0% | - 14 Hamming Code | - T4dayauuuinass
(2019) | 413m fiwes factor Code eror | avnasuilieudiou 3 | lumsnaaeu luild
200 Vector- A1 Ao AdiTals Aede | wamawanisvaaes
\3eq power uazAignees fludoyadss
[30] | as2aaeu | goudeya | A1 kWh Rule- | MCC = | -ldtoyasiwes AMR ldfaya AMR lawg
(2019) | m1svienu | nua. A AT based | 94.01%, | (two-watt method) & | svuu 22 kv Fadslyl
Ranatm | Jwas A LSIRY Model, | FRR = fiauseansldlngs ﬂsamquﬁgwm
nMyin | AMR 2 U PSO 1.09% an NTL 1g1 n3dinnuAeunid
GRARN 500 -uuangleivungas AatuAnnazdn
Ames \A3ed wavaonAaeINuNIS laaunsaduunle
Muredines Ansnenandaly
-annseeniunsiagey | anunsadhluusuld
prnaule Fuilmosudnduls

1.3 JngUszasAvansive

1.2.1 WefAnwimaslnihagdeiamumaiauaglinailn a1mve suluuautaUnin

Andulussuuimingveansiiiidiuginieg (nvin.)

1.2.2 Wwedwsgnidsliihgadenldlimanaianfsfulussuuimieveanisinin

dwuniinia (nn.) lnensihdeyanieglussnsunyssendldliinussleyd

' v
aa

1.2.3 iieasnlunadmiunTivaeu Lasduunanuaeanuiaun@niiadu 3nnsign

Yolimessiunsgunsalusenaularmsazidinanglyly

1.2.4 WDANANNKIUET wazANUUpdelrnuszuuImunglnfvesnsindngu

nilana (nvin.)
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1.2.5 iaiauwazifinuseansnmuaaiing IaIuns09wUnNus oy ugANuRaUnR L

QERNIEGIERIGERRI RN

1.4 YAULIANI5IY

[
[ = [

1.4.1 myleasailsnwinsduundnvazgldlnuiadu 3 Yssian lawn Unf, Iusein
nsavidln  waznstignnmilweskarauniaiUseneu  Jeyanldlunuidulasuteyaainnes
Waunszuudiwes (ws) waviadeyadngiutleyalussuu AMR Zadadudenanidaalviiin

maalnihagyidenlailynanaialussuuimihgvesmslihdiuginie (nvin.)

1.4.2 Yeyadldazutsoandu 4 aa 12 1w Aseuaguiluiivdnquainsiniidugiinna
Dunguildlniselngifnnadinesuseinn AMR (Automatic meter reading) faudesnisld

nasulnAse 30 Alatndvuluualuiu 250 Aladtagd wazdnisdalnainnsindiniasen

1.4.3 anuRaunfusEiavazsiliaiinnAnseua Wiy yumla wasmaslnihfdawase

1Y

Amnaslnhvesgldln nelimAamheagydeiunislii waslidnwagiisinminnslelnung

1.4.4 anuRaUnAvssIandIsainndlivesuaznsvihnuiinuniaingunsalusenay
iy @elnluseingnge, Current Transformer (CT) 913, Drop out fuse, Low Tension Fuse

Switch tWudu waziinanUsngnsalsssued waziinesnsraduauiaundle
1.5 Uszlevunanadnazlasu
1.3.1 ansathuailaannisnulvldiasgisiuiuseuy AMR ieduunnguslyl

wnliuaunAnnginssunslalnla

1.3.2 @1U7150UINANITIATIEAUIIAUAL T ULUINIINS BUINTNITIUNITAANUIE UL

£
=

gaysdeiinduludmieveamslihdiugiiniala

1.3.3 annsadwailaluussendldiumhede-ue iemaimvavemiiegaydenlily

mamnaila Ameluvesnsiiihdiuginiale
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1.3.4 @131508a381 ann1sviugIdeu wazanndlegadenidlinanaie siudaiy

Usgansnnlumsvhawvesmdnanunisiiihdiuginnala

1.3.5 Wuswimsluniswauitazseganiiasassulassinglvihlusuien  dnsuszuuy

aunsnnsawaz AMI 1@

1.6 UseAun1sive

a3UUszLA uue99uIdunauminuazY99319993n15398 (Research Gap) 910

msfinwmud lusmAdeduiddiihagdedlilunada (NTL) Yssiuddgyusenausie

sUluuANNRAUNANABIN1TRTIRdRUlANLLANs1i uluraIgUNAIIYL LU 113

a v

Wasuwlasnsldlvngsiuiu n1st1ge asidlia Iwvilimuindadianuidediuiasd

FILUNAMURAUNANNANTUNTY 3 class

a

unasdoyadiliunnsaty suAseiinuaylidoyanomeass dumesidn wiean
n1ssIaesdumLaNnIs vilsideyafithaunldanaumainuaisuazlinseungu
Usslnvesiwositldnuais

yilomastoyaiinndingzsiuanseiu Tunusunsnsaduninunivieazidie
i EC 1l Fsagviouliiifiudanginssuvosdldlnidaou uwilunsduunaiig

AAUNAUUDNI9ADIAIANDINITUIAINTEWE kSIAU wazmIUsEnauntaatiinunly

ATILITIUAE B LAAILITOTIUNANUUANANI LA

[
=< v @

ldmallinatnvayaunnsneiuy Myadndeyaivainvaield Yuegiudnunvvestaya
a dy Y v = v @ =i Yo

wazdanfesnsana lngdsudeniimngauiuluaaiaglddnuun

Toyaillaunaonvdwmananisiouiveding 81ainn1s bias dleyadiuiuuinla

nsvhaunateyanoun siuuniivanva1els uardsadenliinunzauiutoya

nquildlu 3 wia dvarnvaredszian lidnaziduduiegends Aanisvuiaian

Aamsvwinnane Fenddeanlnglifiendangy wasliiaanizngy
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9. wanenuideldlinaaeuteyaduimnnisalate wWedsvliudssaniamluna virlv
4 o % Y ¢ a a a v e o =
dethluldnuivaniunisalase erafnnnuRanainls Jspasilueaildliaeuna

AUANIUNITIDTY

[
v

WU INTNAIUIT A ULAZNAIINAITNUNIUITIUNTIN HIT8TalaLaus

a

a o o o a o a a 6 v v ¥ [} a
WUIMITENTTMUNANYrUNR Y13auazaziln vasllwes AMR lnglddoyadoundsluafia
ngudeya nila. Jadiwes AMR uiiwesAfasdsldauliiudldlnselng (anusdesnisly
WatuNINNdl 30 Aladnd) huamn 15 widl dnsfndaldauiamndmiafiegluiuiiaag
Suiingeuvesnsiiinduglinie Tnglddeyadinsisvinainvatadiuys oMy Lssdu nTsua
wesunees Aasluiiede mddaiiaiou maslviausing waznrensldln WWudu
Q' ¥ o 14 4 a % 4 d‘ aa 1
LIUAUIINNTVIAIUAL DN VDY A LLﬁﬂ%LWﬂWmaﬂﬂMa;ﬂawma’mwa’lmﬁ bIU Z seore , TOU,
Statistics , Frequency domain , trend, seasonality, auto-correlation, FFT, PSD, Wavelet
transform wazn1sulas Time series wlaslioglugy 2D (image) Wudu annuuleudoyaiiaris
Indglananisiseuireaaies kasn1siseusigedn e Ussilunadnslurainralgyues

lumaivsngauiuyadeya uanaintlyateyans 3nauazgniiunusuauna (Data balancing)

q

lngldimaudasiieg waTeuiisusenitanisaunanulidauns wazduhdoyauvinisinng
(Clustering) tiaugnUsziang 17 lW wluwwaaniznay welvlaluaadvuizauwaziily
Uszgndldauduseuuusmsdnnisiimess1uniiednlulf (AMR monitoring systems) U84

ann. 1o

1.7 YUNBULAZITNITANTUNITIAY

NIEUIUNITHALITNITIRUNGNYUEANRAUNATENI1NTIT AN UAELnd MU

[

AMo591UNUR899 LR a1u150ALIUNITIVEAIUAINUTENBUN 1-36 LAeall

1. LSUAUINNAISANWILALILATIZI WILUINIINITINMUNANURAUNAN A9Haman1adbnin

S al

andelilimamediangnuuly nuln. M3 3 sUkUU Ao SnvaisUnd T13auazaziiin

YRS
1%

2. wrwdeyanngiudeyaves nia. loun Aadifveyaiiugmugldln ardyaraumialndi

Amirensldln Wudu Sndruniadudeyanisdiunienin wu anauannyle e
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Y a a s L A P Y | @ v o=
IDUIYU ANTNULRBT ﬂ@jﬂqﬁ AATMNNUN FDTUNA T@Haﬂqﬂiﬂiqsﬂqﬁl'ﬂ]‘ﬂq LUUAY 9

[
v LY o

Toyanaunvzgniuianuazeindeya wasUsudeyalmluunsgudeniu
Baszvivolagldununin nsmadi mauduiusuesteya (Correlation) wagaansv
mnliesteya (Visualization) WilefummgAnssunagsuuuudnvazanuiaunfusiay
yinfiAniu

yhmsatndeyalasldesdnruifiugudussuuliia nmenumuissunssuwagld
nsuvaseynsuanduguain iesiousazinaiinnisadafiyadudiuansisiu 3a
Wisuieunadnsingldlumaudazsiinduun

Yoyailianmsatnazgnduun wiseenidu 3 dnwazldun Und T13auazaziiia
Mntudenlininfeusveneiouaslunanisiousiddnulilinseidoyn deaggn
thavihmsaugauasdnnguiitoifinyszansam

wusngudeyaoenidu 3 Ussiavlaun deyadiviuasu (Train) doyadmsuusuguluwma
(Validation) uazdayadmiunageu (Test) Wisuiieuna
nagouuazyUiugulinaiomlunaiimnzaufutoyauarvlssyansamgsgn s
Uuarmdiwesludilueg YSuainisiseusuasilSeuiisunadns

dieldlumaannisusediunauds lumaszgnihlunageuiudeyamniulednlunall

e SInUIneULAE AR UiUANIUNTRIAS



e e 4.

= a I3
FANE LLaS’JLﬂi’IS‘VI{]in]

'
aa o w

AnwkuInMITuUnANUnUnAndwaseidlihgaydenlidlinanaia

v

FWNNtayadngudeyaresnsiuihdiugiinig

= v w =
Nugmuauszuuliih INNINUMIWITIANTSN | | RamaznsuUaadugdnm
_______________ \ JNE. 2. S—
ARLADNLNLARN bEALLWN ANARUDYA AANANTANA

nsnseutaya

DD
=)

ANMUIENSIELN Ana

£
=1

wazdoyaiiugu

Adasviluy
BUNTUIA WAL TBYAAUIIN

Futoya AMR

oD

UoyalngTINNUNIEAN

Seaseu anmilwes gena

WU ANNAUIANUIY U9

X A @ v
FANIWNUN L JunU

G

n197 Lﬂi’]zvﬁﬂﬂ LNUNTWLASR

manuduiusveteya (Corelation)

nsanadaya

afindeualagldesnaus

[

afinteyalngldinaiia

afindeyalagldraunsy

T¥n1si58usvaansag (ML)
Y

USuundeyanlalauna

Iangudeyaluusiazzunuy

ﬁ}Uﬂ'liLgﬁJuiL%ﬁﬂ (bL) (Unbalanced data) (Clustering)
“““““““ i ittt L___________Sli_____________‘ ntiedeteteiedeteieieintiieis huinieieieieie iy

nsnagdaunazUszifiunaluing

negoukavUTuguluea Train, Validation, Test

v

wmaau%’aaﬂaﬁqmﬂﬁu

Uselunaluma

ANUSENOUN 1-18 ATBULUINIGITY

NAADUMANITNAT
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UNTINIREAAIUATUNS Inenweaviaivg uaznishiihduginadtnesslun

HUNITANLEUEIY

U 2564

U 2565

U 2566

5.A.

a.A.

NN

1.8

N.A.

n.A.

&.a.

n.8.

f.A.

N.8.

5.A.

a.A.

NN

Lal.8.

W.A.

n.A.

o A

18NN

= Y
bNYIVD

v

A

2 AAVUULEUD

1A59979

A

3. 59U Toyal

e84

A

v

4. @nwnN1siaau
TUsWNTULAY

LUUINRD9

A

\ 4

5 1dwatiasinge) vin

nsafndeya

v

6.NAFABULRY

Usziluwalngly

Machine Learning

v

7. AF0ULAY
Usziluwalnely

Deep Learning

A

8.9nv15189u
ayunaideuasileu

UnAIdl

v
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uni 2
NOBIUATHANNTS

=

Tuuniiiawenguuazvannisiusivasideainertestunasulningade

o

naneenunienaile wagldlymeilla seuunseruniielningnlud® nisudaseynsuiian lvieg

Y

Tulawuanuduaziiéds siufanedanldduundeyalsenausie nsseuiwuuiifasy ns

Sewsuuulififaeu waglasseUssanniisunsuligtuyiindneg

2.1 sazdgananunasnulnigyde

a

2.1.1 wansenuuazinaaiinAiadlnilgayide

[

Tngnsluudmdsnulnigaydeluszuudmiietuazgnauinuazianiaily
JURUUTBIS DAY RING 1 UTIgNdteRNuIRINLTEeI LR 1Y 15eyinindanulningyde
10% induluszuu mnganuitasiamdsnuliiiies 90% winduignawinuludaldlnmie

a0 wandI1nstindedmueaziistelaannnisdmuiendsulndwines 90% waluadiu

a

339N 18T EA 0931813 U 100% dmTud olaue Al 10% Agymieluain

[
o w Y A 1

masbnhagdetuazdolndualdiglunisaniunisdndnisvesnisinided mine Tul

2564 51w9ulszadseyin msliihdwgiinnedudeenduungesvisnun 12 we [3] dvae

N5uFelniianun 147,736.61 a1uniig asnsadnminewasauliinlaiies 139,687.22 d1u
wiae dndenulnihgadeiatulussuuidudiua 8,049.39 druniae Andu 5.45 % vild
mslihduglinegapdeselaludmiluildudiuig 23,826.19 duum (Wesavelniage

'
1 - o

AanUIBWfY 2.96 um) duAeTwuunfesaydeluluniasldudownanndeaulnd

(%

A a & a o U & oA I - o a & A o
adeAnduduituiuuin dniuddeldinlgmisemasnulnigaydodulagmadAguin

o

dusunmsinineesnnune

muniisdeiavn davl. 94/2564 oudlA wan. a7, 4 d.A. 2564 (509 MUUAALNI
Uszillunamiiegadelussuulnives nn. Ysednl 2564 wielviusaznisiiindiugiinie
seauiwn T dunaelun1smuALuagI LA TLANIATNNSAN WeanaArtsaydelussuy

Imirgvesmsinidiugiinialiegluinasiinivun Lazans1eUNan1IALE LAY
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wHuUaaiegdenanaia U 2564 avay 4 lnsuna (milsdeiavi nanl. 148/2565 a3. 25

A9, 2565) LAASFIANTIT 2-1

A15199 2-1 Yeyavihwandeves nvln. uensiewwn U 2564 agay 4 lasuna [3]

witeda | wiawswing milggyidesiu

LW @wvdag) | (@undie) | (Eunidoe) %
.l 8,499.61 7,961.20 538.42 6.33
.2 6,567.27 6,071.13 496.13 7.55
N3 7,418.34 6,841.81 576.54 .77
na.1 8,251.38 7,610.45 640.93 .7
nna.2 7,369.74 6,780.67 589.07 7.99
nna.3 10,242.41 9,669.04 573.37 5.60
Ann.1 24,741.99 23,784.14 957.85 3.87
nnn.2 32,408.52 31,357.90 1050.62 3.24
nnn.3 18,211.53 17,252.71 958.82 5.26
el 7,636.07 7,063.54 572.54 7.50
nne.2 9878.33 9,204.66 673.67 6.82
nne.3 6511.42 6,089.99 421.43 6.47

39U 147,736.61 139,687.22 8,049.39 5.45

| Y a ‘:4' & v i v o
Anasulniagydeniunised 2-1 Wunenudeyaanudazinsisnuliiu

nesmuAuNITlil WiesiuTiusaniudayalidmsuimvuaununazannaeinlul 2565 ay

malagnsiewthendsuliiinisiiihdugiinie Sugeunanmsliiiendnsiuiu

mhpinstnihduginieadalaies inesndieviiendsuliinnsinirdiuginiaiey

Infugldlnuasmiisanunldlnasisos
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2.1.2 Uszianvasmaslnigeyde

(%
v 1 LY [y

Weannssuudmtievainsiiihdiuging Srsseuudviiewsadugs ussiuliunans
Larksanua Wenasundemadlnihgydelundasseuuasiinfuuane1aiy aunsawys

panu 2 Usznnuan [24] A

2.1.2.1 maslwngeyideniamaiia (Technical Losses)

' 1
a a =

1< o w a A g a =~ [ 14 v o
LUUﬂWaﬂIWﬂ"@iQLaUWLUUNaLﬂBULu@ﬂﬂUﬂTJWNi@um Anduluveain aredaiin

'
a

weduiiinnmsvinuvesmdenUadtifiuazeunsalluilisineg velisudaiadlihgade
Anainnisilieuseaunsal Arnuduauiuvesgunsaindeasly nisifelalsumienisiaes
Uszaunsdu (Partial discharge) Tuszuulnii mumguiidalniagyidensnunailalussuy
o 1 | =~ o PPN [ ]

g untladumalwiiiiau1anUssLan aun Lazn13InNTeNdIuUIENOUTRITEUY
T (Network Topology, 7) auiavastssaulvin (V) wagdsunaanuaninsnadsulning
991197 (D) [24] Feaganusalisunnuduiusseninaiasinigads dumsdmesaieg 1o

MUaNNT (2-1)
Rosses = f (V. D, 7) (2-1)

118 Pl ARSI EEN 99 INATIA (W)

losses

IMNANUFUNUTVDY Py, @nansaviimisanamanasuliihaydelutisiaidenisia

losses

INANNTT (2-2)
Ted
Elosses = .[ Plosses (t)dt (2‘2)
Tst

118 E s 0 Wi uliingoyide (Wh) , By (1) Aamdsluiiasydeiiuasundamiuan (w)

losses

wag T, Ae Fanansusu T,y Ao dasanduan

Fadeiarsanainannigvedvanlaeniluuaimasiiirgaydenianaialy

szuulnihanusaweneenlady 2 Ussuan [25] Aa
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o w

1. iaslnfingeydeuuunsil (Fix Losses) iumdalninaadeqliiudsunlamiuuun

a v 1

vodlnan maalihagydedinanaliduluauaunts IR Ineviiavesiasluingaydeowuui
laun dslnihgapdeluunumndn (Core losses) vamsiautadluszuudiming mssinrodsasly

szuulninmds nsznasilranieluaa il Wudu

2. maslnihagdeuwuulini (Variable Losses) Wumaslnihagdeniinannszualvg

LTRSS

1<

H1uddsunuviliianssnuliihgedeluguvemdnuanudou iWulunuaunis 1°R &
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e
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4. maslnihgaydeluanegusei

2.1.2.2 idslwirgeydedilailiniamaiia (Non-Technical Losses)

s A A 14 [ % v 1 k4
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Y
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v a
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nshiihdiuginialacail

n. n1sazilinvsanisulugln

o v N A

msavdansonisaluglmiluannauaniidmalinfaidlniragdeililyni
wada (NTL) ilasheamdanuiiniesinagulalignaes Amsuladesnitusunanisldln
339 WWumuaslavesdldndwmalinmitenisldndruniiamely anvmnisazdia n1sulueln
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A. INANNOANTIUVDSIAAAUISTUA

lurranandnglnangean ussulwinvareanednanuiediniussiuund
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megngunsalitlduawmesiussdusznou Weusswiuliihan uawesazdaanisnssualuiliuin
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Juilelindsnuiounsil iRansivavesnszualnifinanntu il¥msgadeluszuvansds ssuy
e wifeuvashiiinntuny waslvandnussiande aistsay Timemans llvsndne
i Wi-Fi, CCTV Tnandanaaluunsndafnaufianainaingunsaidinsonsvhe wu lrima
vanafalesneunatsiu wieyanass Wi-Fi, CCTV iAnliia niegunsaimununsieugige

Uaduaanandwmaliiinniegadoiintuduiu deguanitanindsenoun 2-4

AMUsENOUN 2-4 fpgamansaliinannngfnssuvedvanuisuin

4. AURANAINTIUNITEIUAIVATDIAVTONLNDS
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2. Uggwmsiseniiuiiu

a [ a da ' £ v ] = o o o A 9 1
nsseniiuRunianaauazlignees daludiuniwesmasinihgadenldly

Y

U a E24 a

ManAda s1dasesdasssuietunisiuidasl nsSenfuRulinands Sudat sanda
Ao efwesiin Analwiie wistasadu Wudy 1Wudsfianuiianainiinaindiyana faags

LAASFININUSENOUN 2-6

NNUTZNDUTN 2-6 P8 1NAINLRANAIAANNAITISINLAULEY

2.1.3 anpsnisaavidegyidevasnisinihduniinig

wwsmMssunsandunuaadiiasinihgaydeiiiaduvesnisiiihdiuginia

wuseandu 2 Wmsnisvan [25] Usenaudie

2.1.3.1 ansn1saaniegyidenieinumaila (Technical Losses)
n. mssrglitandlaih @esm, 0129)
v, msandnglnlnissuu 22/33kv
A MsiAsuagruelngiu
4. MIuAlasEuy 22/33KV Unbalance fiundn 10% angenin 5 MW
3. mshan Capacitor 22/33kV (fixed kaghuu switching)
2. mudlunur@nes 22/33kV fivgnainszuulildenld

9. uaamhggadenianaia LnaNTEAULIIAY

<

LHLUaAhggLdenIumalln LONANTEAULTIA

lalUasd i (Unbalance 1Ay 20%, tianatiy 80%, LSIAuAn)

2 P

STUUTMUNBUTIN (Msildsuasaunlng/iu, nsdnanel)



aq

a A

2.1.3.2 y1nsn1saanylegaided lulynianaia (Non-Technical Losses)

v

Usznaume [7]

n. nsnsRdeuiiwesdmiugldlnseeges (NL1)

v, mMsnsaaeuiiwesdmiudlylnselngy

A, Mansedouuazuilulinesifianniinund (NL2)

3. dsanasyiuleunsaiusenauiives (Patrol Meter 05)

3. UINININTIVABUTABSAINITY

2. mnrdeviwesifinundswionsazifiouaiisy iRazida

¥, N1IRTIAARUiiwesinasse Iimamade gunsaldeansnineg

R

nsanaviheayidevesaniilii (NL3)
N15053AaUTMETUTENBUTN WIes LazUsenaudi N usg

A19AUSULNEINUNITHIIVERUTNDS NSUTEVFUNUSHALTUTIA

2 P
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o

PNMTIATIERdeYakarUstianveuineTnfAndldulunisinidiugdnie

[%
0

Wi fivannvaeviauanisiegensgunmuseneun 2-7 Snesusazyinazdifleitunisvinau
wagmaifisteyaiiunnsineiy dsludefarsananuansenuiilnenilsgadenlaileneinu

a a v a g a a & P = a
wadlauazsigazdunvesyadoya luaddeilideniiwes AMR unldlunisfinw Beageduiely

Fdanuinly

AMI
hour meters meters meters meters meters

Kilowatt- Electronic ‘TOU

ANUSENOUN 2-7 Ussnnilnasnildnmaldanuly nna.
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2.2 mMsounuglifgnludf (Automatic Meter Reading: AMR)

lAsen1simuInIseunued jessuudaludiddunsul 19 lnw1518ng
(Automatic meter reading: AMR) [26] finslulfindaugiinaldamuuiady 2 sves szoeit
$1u2 30,000 518 Fefdun1ssenined 2549-2552 uazszesdi2 $1uau 50,000 518 B
fuflunsseningd 2554-2557 Taeilimquszasdiite g1t lniwes nvin. 1inAdmsiiladnnis

'
U ¥ a

grundagliiln danugneies samsa Wesdla aseanuianelaliiugnen windsednsainnig

Y

Tusn1sve9 noln. TARSITU LAzl N WENEAIAIUNISUSNNSTR A29819lASIaS19UDIS8UU AMR

AINNUTTNBUN 2-8

dlAlwiiwsing
Monitor eI web Application

Tasesinaliana
digluiinsnalagy TSR TR-T H @ @ @
A v
1
: /
1

AMR Meter Modem /‘@9/ E
Py - - 3
. i . oy
o ' @ { mNTERNET
Simcard : ; -~

|
\ —

AnUsEneuil 2-8 TAseadnevedszuy AMR [26]

ANWALNITVNNIUYBITEUU AMR

A, 5EUU AMR sgiihmihillunseiudeyaaniimessiiugunsal MIU (Meter Interface Unit)
waztaseveliane (GPRS) lnvdadayanisldlnivesudazsnenng 15 wiil wndulilu
Server ﬁ%ﬂ@&ﬁ@ué AMR 91715 12 m3liihdiugiinie

7. 32UU AMR Software azvhnsUszananateyavesdinosusazindeaiiodstoyanisld
ivosgllniusiazsne Timissnuisuiaveulunsfiuiluudedludi wazdsdl
Aua1sad ez teyanisldlnives{1dluiudazsneunansuasitu Web

Application welviglilwihusagsieaunsansivaeuusununisldliivesmuiasld
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s

A, nadiinlgvainmsldau wu lwesdisn vsednsazliamslalnih ssuvasudaiou
naungeaud AMR aednlud® vilidauassuusunsu wagaiunsowdanisiuilme
9y e wihnsnsraaouiimeslaviud

4. nsddnsiledgiimes lanvualiseuuAMR 9zdpeidsantuy nsiladgdines
denduidhundegud AMR riFefuiiaveuldluiuiitetisudaounisazdiansldluiile

2. nsalfindgmitszuu GPRS lianansadu-dedeyanisldliiiwesililnusiazste Tasanns
AMR lednvinszuudnses (Backup) mi%’u—z‘iﬁagaﬁﬁumﬁﬂ 1 S¥UU AD 53UV GSM 39
PSTN @3 nwln. Ssmsfu-dedoyanisldlvingumndsaud AVR ldnasnian

2. dnunrvesteyansldlvlihiliainnseruriuszuu AMR Feyansldlnimneg 15 und
annsauanwmalduuuiiusetu medou uarsel Snisdiaunsnrhmaisuiiey
nslaliiluusaztaananitdmuele

¥, sgeznansiesslinursdmisnuiiviivinfinssaeuuarnaunuthsednuusesid
Wudsydwmnd Im81%15@33%@%3‘1/‘1’1@11453&ﬁuwﬂ’ﬂmumaamﬂw%fuﬂ e suiledis

9

Taymuazuuanesusuuss

A1519% 2-2 Uselewinlasuainnisunszuunisanunulelvil1omludd (AMR) unlganu [26]

Uszlomifigndnlésu Uszlowdil nwa. &3
- gusansivaeudeyamsleliivemues | - Ussndanal ananldany APTUABUINNNS
WU Internet lanasnLian sruflned MaunnanuLazAaan
- anunsanfivdeya Load profile vesnuLed - rganniands 1 nila. lgaunse
HIUMI9 Web Site 141 Demand A5I9EUNNSINUBIALR DS LarALTUATS
Management d@nsuAan1su8InULe9la asavaeulsiudl nsdiifimsazdinnsensia
- @Ns0nTIRERUAMN YLl lA wunstgavestivesiaraunsalusenau
- ANTRRANAINLUNTZUIUAITIANUIY - Wndeya Load Profile (dnwauizn1slylui)

- andeliananlusesvaansguattudy | 1erumlaanniiwes luldlunisivue

Amos 1A59a3199m51A L

¥

- iddaya Load Profile snldinaunu - drdeya unldnanudmiuieglnih ey

[

ASEUIUNISHAR LA U1595nenaedaaznennsainaassannil

q
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Tngsauanisunsyuun1se gl dnlud® (AMR) uldanuidennsludiu
Y09 N, wazgnAn ansaaguilumsnuanaldfmisned 2-2 uatsedelsinunisine

[
a o [y '

fwes AMR usiaziasesdalianlddnengs niln. azdadslilanizgnanselvaddayvingu

o

INNITNUNIUITIUNTTY Trannvatemadaniunlglun1simsigy Wieaa1uIn
Juganadnuazvesoya  lwhdedsudaluszdnavenguiuasannisimhunldlunmsfinm

Feusgnaumensutastayalulamuaud nsuladagldamibe

2.3 ﬂ']'iLLiJax‘iﬁl’m’enén'im'Ja'lL‘fluimuum'mﬁ (Time Domain to Frequency Domain)

n1swUasteyavinlawuiiariedlulawuninud (Frequency domain) tdu
wadanianaunsadunviuldlunsesinduanuiaunivesidlningaydenlilemanaie

16 [27] wallendeuldfenisudaniiies (Fourier transform) Fulunisulamaadinaansng

£
o

nsuwenesrUseney nedilsiduiiuegdiuiunvisenal Wisuwlamiuaudlanuivieninud

19A317 lunsudasilonldeunsuniies (Fourier series) H1uAIasilian1endinaanslun1suny

[

foyanaunu (periodic signal) wagdeyealiifiunu(aperiodic signal) Mmeanasitiaduyoa
Fridaudadeu Amlaainmsudasgnisendt anndu(Spectrum) lulamuaudagyilinsiuis
WUEIAN (Bandwidth) wagjusievesaiUnasuvesdygin auisadrlyussgndldaule
WaINUANY LU 1993n304 (Filter) dmislawes (Equalizer) tTusiu

nMsudasylises Aansandygyin X () Aderunawindu T uasdygaliidy

AU X (t) Wefiasandimunan T dandrlnaretuiagladn X (1) uag X (t) Aedyaadgat

anusadisulvieglugveseynsuiSeindeiliomaianld faunisn (2-3) uay (2-4)

X, (t)=> ael (2-3)
k=—c0
10 "
o —— |2 ~ Jkant -
15H a, = = I_;X(t)e dt (2-4)

A Gl a a a = 1 [ =l I a = (Y2
Wew, =27 1T W0 @, = 27 f AoAUnBayuinu e UulsingunIug LagnuIngyie

X(t) =X, (1) lwdnnm|t| <T /2uaet| > -T/2dwiu T =27/ w,
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nsuUaayisesanunsautasdyain X 1) Wegluglvetesdusenauveaasd
MAUBEaUNATEUAGUNNEUAIIND 1819 X (jo) I UIUBNUUIAVDILEUNTIAVBIUsDY
s =
29AUTENBUAINND @
anasuliSes (Fourier Spectrum) Tnevilunanisuuasizes X (jo) a1una

Feulegluguvesilsiduardmandfouniiuilsidurasnnuiidam o ladeaunisi (2-5)

way (2-6)

X (jo)=|X (jo)|e' 0 (2-5)

Im{X (jo)}

Re{X (ja))} (2-6)

X (jw)=tan™

g | X (jo)| AeaunaiuveweundgauuuseLiias (Continuous amplitude spectrum)
way X (jo) Ao anaduawuusioniios (Continuous amplitude spectrum) &gyayiad X (t)

TumefiRaunasulauwaunagn | X (jo)| uagannniundans £X (jo) TiuiuEenin

alnasuliSes (Fourier spectrum) faeeanTskuas DFT wag PSD wanefian ndsenau 2-9

— signal

W i “’W WA,

13 " 15 16 17 18 19
Date

Signal Amplitude

usadula A Und

= Fourier Transform
0s
an

-~ FFT Power Spectum

Amplitude

Amplitude

o 10 0 30 40 50
Frequency [Hz / Date]

AMNUsENOUN 2-9 MTBATIETdyIMTIEAUMmenTuUaEes
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2.4 nsuUasaynIuLIanlagdsianian (Wavelet Transform)

nsuUasanidn (Wavelet Transform) tlunsyuiunisnieatinemansionilanld
lunseSunelasaiiswesssuudygruniussneumedygaanziais gdygaunsiiudu

[y [3

o = o dy [ = < A a ! « Dy o v
doyaraundls [27] Tnedyaasanizliazdusuadudnaiondt “Lwdn” dygyinvuaanils

o

a [ a 3 &
p5U18NSUaIUUIILER 1FenTlendull

1 Mother Wavelet Inaiinaunivianunazdulunguas
WNAINNNSUSUALNa (Scale ; a) 3NNN1TUANIBNNSEAVDS Mother Wavelet waydndiuman1saoy
YeeiumLs (Translation or Shifting ; b) {umsildsundassiunisesununal nmudsyneui

2-10 MnANUFURUSHInanansalsuduann1svean laasaun1sn (2-7)

wa,ba):%w(%j 27

o (t) Ao Nenduues Mother Wavelet U5U Scale, Translation 161
a Ao W18 asaMsUUSU Scaling

b Ao W1 HwesE MU UALAUL Shifting

o v 4w e o w o~ 1 &
ASUSUAIALNALAIVINAINIUNINY Mother Wavelet ﬂ'W]I@Q’]ﬂﬂ'ﬁUiUﬂJﬂ'] —IWEJV]’JVL‘U

Ja

ﬁ'ummimwaaaﬂlﬁﬂu 2 Uy ﬁ@ﬂ’ﬁLLUaQL’JWL’gG} CWT LLﬁ%ﬂ’ﬁLL‘UﬁQL’JWL’SWLLUUL@‘%NMWJJEJ
DWT #198719n15uUas CWT waninsn mlsznaudl 2-9 wazlanin1silseuineuseningan Time

series ffun1swUadIvlanuansiagunini 2-11

Wavelet A -m'ql |ﬂ .
~ — [ — III
- . 1 o f Y |; .
—\/'-‘ILI i R /_\ II| |I. ~— .
Transform - "|\ |V _Ju‘_
e Y f'k;__ /
u

Signal

AMUTENDUN 2-10 NMITIATIZRAQYIUMeNINTU Discrete wavelet transform [27]
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L

> —

i
y

AMNUsENaUN 2-11 A1swdad Time series Wagly Wavelet transform

Ugyayrusehneg (Artificial Intelligence) 30 Lale (AN [21] Lﬂu?{wﬁqﬁgnﬁ’]m

v
=< b o w

Uszgndltlununsiaaey nadu vieduunmnuiauniiiindusumdluihgadedialdms
wada nglamzasiSouiveaaios (Machine Leaming) fun1si3eusiBedn (Deep Learning)
Fadussdusznounisluliygrussivsimihiiouaiiouausses Al feidudiuiiddnlu
nIzUIUNIsUITTUNaNe AndAsisiazdndula seazBundniunisiiusazinatdaulylu

nsEnwtazkansludsudald

2.5 M3i3eusuUUliEaay (Supervised Learning)

n13i5eusuuudasu (Supervised learning) [28] aviin1simunyiinteyald

Y aicLy 1

avai Wieliluealdiseuy nquideyanldzdonludeyaniinugndes wmszideudeyaly
gndesRzyilvinadnsesnunligndes Awddgvediimstifenisivuad it maneivsnvauuas

) 9] Ao v A v ° Yo ) ° A o
ﬂqﬁﬂﬂﬁiiﬂ@%amﬂﬂﬁqﬂﬂﬂmﬂﬂ LWinm@%amlﬂﬂﬂﬂﬂUWIﬂlﬂjﬁqWiUﬂqi‘UigﬂJ'}aNa VULUNNRTDIN

Y Y

wnanygealy lnemiluudinsdeuuuuiigaou Meulduuslaidu 2 Ussiom leun

n. 35n1sannay (Regression) LJun1smAinauiidudavuazlvnaansoanunly
sULUULR AL
aa o . . <) [ a g 1 LY | = o

. 38n139uun (Classification) {Wun1smaAneudunuiang n1sianguvsedun

NAUYBIYA VTBNaIENgY Sund1 Multiclass classification

Tuvenuddeinnihnsteuivesniesussinmmsiseusiuuidaouanldiieaum

L4 a0 v

Ilanauszianlaniianumuizaniueyan 1y iedeyan NuNIsanAeantduLAa

e

[
Y

Audnvuzialdnuldninsandumaiale ddundasinaiatuaziyanuiazynnes vl
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HagnsNlieanuuang1aiu M. M. Buzau et al. [11] ladmsiseuuvuiidaeunnyssendldly

A15915293UANURAUNRSEMINE N ez InUANURAUNRAULLWUANURAUNG Usznaunie

2.5.1 Msaaszrinisanaagladann (Logistic Regression Analysis)

WunisTwsiginiududiudsidananin (Qualitative variable) wuadu 2
UsglnnAe n1saasigvinisanasyluuiiladann (Logistic binary regression analysis ) N3
AATIERNTRN0Y MuUIAINT 2 A1 Ao (X =0u3e X =1) Lazn19iATIzrinIsannseladadn
nyngu (Multinomial logistic regression analysis) Junmsiaseifidaudsaudidaunnnin 2

N aun1sugINYesIMUsHUURRdWalY [28] Ataunis (2-8)

g(E(Y)) = a+ X +rX, (2-8)

laef g(E(y)) Ao Herduden E(y) Ao duusidmnefanenis wag a + X, + rX, iWudvhue

FUEY ( a, B,y Wuimnldiune)
2.5.2 msssuiuuuduliinndula (Decision Tree Learning)

< a sag v o a [ (% Yy v
Julumansadinmansildiunelaefiansanandnuazvesdeyauazldauld

(% [

andulalunisadrlumadmsvriug duavwenlesdoyadunanisalitrivdeyalatenig
druuszneunanvesnsiseuiusenaudae wulnsy (Entropy: EGs)) Usunaiveniiananulalu

seideuveaTEUU [28] Weaunsi (2-9) 89 (2-11)
E(s) = —Z ps(j)log, ps(j) (2-9)
i=1

= L% ] d' ¥ £ 2V £ =
S D FIREg e NUsENOUMEYAVBIILUTAULAEAILUIIUVAIE N5
ps(j) Ao dnTdINvRINIally S ARLUInIunIoNaaWSHAT j
nadnsauliinsanaulavsiinadnsidunAiesainssny (Boolean) Turulaila

E(S) :_pyes Iogz(pyes)_ Pro Iogz(pno) (2-10)

uwagAtuveteulnlventeyaiignuuiean (partition) lagi
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Gain(S,A)=E(s)- D, MEO(SV) (2-11)
v=value(A) |S|

W S A fegeiiusenaunieyavasiiklsaukariiUsmuvanggnsal E Ao oulnslves

A19eg19 A flo iUy, Value(A) A wnuasr1ves Auaz S, A9 f7981991 A dim v 1ianun

2.5.3 m’sﬁauﬁl,wumsi (Bayesian Learning)

[~ o 45 QA' v [ I & % 1

WUNITIUNFULUUAUS fofenannisuednnuuaziduugglunism
o 4 v a ¥ = 1 [~ 6 )
AIMDUVDIUIZLNYIVDA Imaiﬁnmmmmquwgmmuwzmu AIUNHUVBILUY (Bayes’ Theorem)
Lﬁ'a‘vm'mmuﬁgmlmﬁwzgnﬁaqﬁqm mﬂﬂgsuaawsj‘ L51AIUITOAIUIUAINNUIZL T UV

auugusing o Tagldaunsi (2-12)

P(CIX)= P(X!fz))(')P(C) (2-12)

10 C fia Class , X fo Attribute, P fio annuinaziliu Tnedl P(X) fia S1uau attribute visviun

P(C|X) Ao AuLazuntayaniinonysTddu X asiinanaC

Y

P ( X |C) Ao mudnzdundeyaninata C wasduannstag X

Y

P(C) Ao 31u7u Class N1o1iinusesuiuisndansonuuiaziiuves class C

2.5.4 gnnwasALINMBSUNYITU (Support Vector Machine)

&) v o a

Judiduuni@adu (Linear Classifie) wuuuus aanansenguieya YalaiuTauves SYM fail

UsANS A nlun159undouan ddfa1uuunte wenanndnishenanduLmesiua (Kemnel

Y
1 v
a =

Function) wiauUastayaludulifingaiululigiinadnuyuy (Feature Space) @11715094UN

RV

Tayanianuaquaielieg1aiussdniaim SYM gniluussendldvainvaieniuiy Binary

Y 9

classification ,Multiclass classification wag Linear regression @ 491191ula@ SYM duagiinig

[
a k74 = o a

a519iandudadutunndmsutan m 2ad el widuaniwdnluusazdf wag b 1luluwea

ferdusindy 28] Auduiusdulumuannis (2-13) e (2-15)
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f(X) =D WX, +b=wx +wx +..+b (2-13)

=L

szeEaINnnmes w Adulududunsieginaimeunundud

azlen d= (2-14)
wazdmsuilerduililfudaduienld Sansmesiua (kermel method)
Ki; =KOGX ) =7 (X = X)) =7 (D X5, =22 % Xy) (2-15)
k=1 k=1

lngil X Aedeyayni, X, Aeteyayn j,y Ae Arduussdnsvedung
2.5.5 Fmsiveudulngisgn (k-Nearest Neighbors)
& adoy 1 ! 4 1% - = = Y !
JuisinaszegnanguussninslaeidenyateyanaulauasiuSouiisuiungy
N v Y] 1 ° % I 1 cs' a o v Y
nimnuadeiu AndulzAwiaideyalaeglnauniigaluusnatulaglinsinAssegnig
sennadoya Jazdnbigatudunguideniu nsiwinssegmaiontiieud winafigaly

gnIAWINTEEEYNgAdA (Euclidean distance) 5¥ningan p, fuln g, [28] Asaunisi 2-16

dist(p,q) = (2-16)

2.5.6 lassneUszamiieuaanses (Artificial Neuron Network)

[

uITALNUFIUL19INAISEEULUUNITIUTEEN0IUY W T 1UsENaUR Y

1759u (Neurons) [29] Nlddeulaaionndameane q IassassnsvinusinInysznoun 2-12
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AndsEnoun 2-12 lasasraiugulasstigussaindiey (Neuron network: NN) [29]

d1UUsENaUYDIATIUUTLANMIA BUINNATINUSENBUN 2-12 USENBumle 3

duUsznaunan tawn

[
= 5

n. Fudoyawdn (Input Layer) Aivuilaziludoyadn nuiuvedivusluduiiduedfudiuiu

Y

Yostayadrindiveyaeslstne Yademhuniwseivaniinnudnuae (feature)

(% ' [%
Y a o [

9. Fugeu (Hidden Layer) luduiloginluanduusnszninanars iutunddgyuazding

Y
P v o
o v IS

sonaiseuivesdeyalunuudians dslududoutiursdnduild wasurasdursddiui
voefiav0U Fnaiiudulardviuiiseuszdmadenisinuvedliieg

A. Fudeyasen (Output Layer) dunvziio1deyadmnmsmwinlily wasduiuvedvun
luguiiuediuguuuurestayasaniavienluly
lassvigUszamiiiguazysziliutayanarA1diminiaazyauia sy waz1A1muaun
iU winAsaAuiiiundAuUainmuald (Threshold) agvinisdedeteyaludailandu
Y = o Y A & s o ° A o i o o =i
nsgrudsihvthnduilndulunsannaieyihugevesdeyfsaunisn 2-17
n
y="flb+> (XW)-T (2-17)
i=1
o X; dudeyadndiuud i, W, Wuanhwdngduil j A1 b Aediauandes (bias) uae

AuUsfifualy (Threshold)

Tudruwas Non-linear activation functions LLamﬁﬂg‘Uﬁ 2-13
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Name Formula Year
none y - -

sigmoid y= l.:,ﬁ: 1986
tanh y = &=l 1986
ReLU y = max(x, 0) 2010
(centered) SoftPlus y = In(e* +1) —In2 2011
LReLU y = max(x, ax), a = 0.01 2011
maxout y = max(W p( + by, H 2X + by) 2013
APL y = max(x,0) + 3>5_, af max (0, —z + bf) 2014
VLReLU y = max(x, mc) ae0.1,0.5 2014
RReLU y = max(x, ax), a = random(0.1, 0.5) 2015
PReLU y = max(x, ax), a is learnable 2015
ELU y =x, if x > 0, else ale* — 1) 2015

mwﬂizﬂauﬁ 2-13 aqﬂammi Non-linear activation functions [30]

2.6 nM3t3euiuuuliididaau (Unsupervised Learning)

nseusuuulifidaou (Unsupervised leaming) Seuslaglidadimneiimnunald
aamin dwlngfldiiienisudsngunisiSeus (Clustering) weng1uivzdnlasaasanaziniies

Joyafignlewdiu ilexlduudlaidu 2 Uszian [30] laun

n. Clustering: dangudeya \un1sdangudeyauszansineg

9. Non-clustering: Ugym1duq flailin1sdnng
2.7 lasenguszaniieunaullagdu Convolutional Neural Network (CNN)

lasangusgamiiieunulgdu WWulpssnedszamiisuviands Usenaumae
‘ﬂ' 6 LY d' 1 Y 4{' 1 [y £y a o‘r-:ll
n1si@eulsraanesiannseunaredifiedndiudsusenuuarorfeaun1sneadamans

1Y

a ] 9] P o o o & v X Y ] =1
LI8NIN ﬂ@iﬂ?@?ﬁu LWBEINNAINUFUNUS Iﬂi\‘iﬁiqﬂwug’IUUigﬂ@‘UﬂﬁEJ‘Viﬁ']EJGU‘L! [31] AU

n1sAwInLuuABuligdu (Convolution) Aa 15911 dot product ves ULy
sUNMUARZAIUE88TENTIN kermnel Uag region LafnAMANYMEIAY (Feature extraction)
N0 Nuiidrugesvundnvesningnuuaduuningdnsa (Square matrix) N15AUIN

Convolutional a@1115av1laReaun1sh (2-18) waz (2-19) wazhanin13viasuligduns

AwUseneudl 2-14
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G=hxF (2-18)
k k
Gli, j1= > > h[u,vIF[i—u, j-v] (2-19)
u=—k v=—k

I h Ao sUn 1w wae F fie nasuea (Kemel) vwink xk

New pixel vaiue
(destination pixel)

AwUsEneud 2-14 miﬁ’maubg%’u (Convolutional) [28]

n. Activation layer \udusnidun1sseninetuni sludnduni aveeiandu
sy lngoduanuduiusvasileitunsadinaansigldaummun wu flaidu ReLU dwsu
Fun1sUsENIANATaY TNTU soft max d1MSUTUgATN8veIlATIU 8 BT MUNLALAIANIT0)

| I o fay v
AMUUIILLTUVDINAINS T LA

[
Y J

9. Pooling or Sub-sampling layer 1 uguiifindfisndunisuusgangueos
(sampling) teanvuIATaYa I1WIUAIRILUS aansdiwesvseanvunadeiiuiiniglulaseing
Uszam ddiunsldduilidu average pooling (Yndayarzgnduaiiomuinaiadeluusiay
amn3nduagldidudunudoya) max pooling (Msgudegsrfinniigaluumindainngy
Toya)

Y
1< & J a J & v 1 =

A. Fully connected layer LﬂuﬁzjumLuumsﬂauﬁuuqﬂmmaﬂﬂiww 41T

WenmsuuufnUsuuiuilsidunsed uimualutunowntin tagldieidy soft max ey

Y

o ' I3 U cay vy v
G]'Jﬂ'ﬁ/iu@lﬂ'ﬂ']llu’]‘ﬂgLU‘UN@@WﬁVﬂ,@I (“U@;‘Jjama@ﬂ)
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. v PN & o ° ° . .:4' v q v
3. Upsampling layer doyafilaluuneassinisthunyin up-sampling tieusuly
Y

fimlnaiAgatunineaedu 919:38nd1dun139 deconvolution neuleuteyarisnuadigdu

(%

activation function wa soft max iieAiAn1salauUIRziuvemadnstugavheveslaseig

3. Merging layers LUudun1soudayaiiionaiuseninadudniunis o19d

11NNINEABITY lnensevinludnwe concatenate layer

d1msulaseasneves CNN gnwauseganii ot lud sy naldiuaiusiigg

N v

panNvae sneg1andnenssunteuinunlglunustunauRaUn Rt
2.7.1 LeNet

1< a 1] & v v o w . a I
WuanUnenssuiignimunduaietead1inves Multi-layer perceptron 7l
anunsnanntayawsay pixel wuuazdeadainunile lnenaluavusenaunie 5 alees do
Sendu LeNet5 danmdsgnaui 2-15 Hlassadeiilidudou anunsodwundeyaladdmsunim

Uszinmunmvaesnuse wimelumayielfivuitlidnunn nanisainenslaliaseungy

C3:f. maps 16@10x10

INPUT gg@:zfgitzlge maps S4: 1. maps 16@5x5
32x32 S2:f. maps

6@14x14

|
| | Full connection Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

AUsEnaudl 2-15 fegrsantnenssuves LeNets [31]
2.7.2 AlexNet

Tana NN Iedinsiamnselasnsifinazyiuusinnuasnsanisaiaiiowia
ArwiAn AlexNet Wuaniinenssunisiidvianun 8 wawwes Fanimusznaud 2-16 Tn1sUsuuss
aradient propagation TiUszavisn ity éf'ssﬂﬂiaa%ﬁaﬁmmsaaﬁm@mé’wmﬂéfﬁﬂ’j'] LeNet
HugalEuduiifinisth 6PU slddamiulunisusznana dlidanusindanntu Tasiiluwd:

zguiunlgiunIng



58

E \L 3 kN EA R
[ e =L \ 3 e
N e 153 178 20% Zogs \dense
5 o
\} 13- ‘__1_3__”“ - 13
224 \ 5 e A El J 3| )
\ |- \J 13 3J I 13 dense dense
11y o p 1000
\11 192 192 128 Max
- P 2041
224\ |€irig Max 58 Max pooling 2048
of 4 pooling pooling
3 48

AMUsENOUT 2-16 Fegsaantnenssuues AlexNet [31]

2.7.3 VGGNet

N19%1 image classification 13 ulasuAINdunLazA18T0317 A9 Neural

network Nd31uuawesios an1Unenssy VGGNet AsnnUsenauil 2-17 gniaiundu Laeus

azlalweTIzilAmUANIINTY FudauliuniunisuTuAInTodlulsazty wasidAysuiuAIY

ganguvaspuliidudadudadunadnonisiseuivedung witvegalsinuselunsasgul

waewmesiug Mlildszegiannulumsussinanadmsunisiseuiyndeya

I
o

input (224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv1-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-312 | conv3-512 | conv3-312 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

AUsENauTl 2-17 fegreanntnenssuves VGGNet [31]

2.7.4 GooglLeNet

WUIAMNISUI convolution 11 concatenated AuLTud nuil wnailandraLfiy

ANEINNTAlUNITAn R features YoUBYAlATY Fauraziaeasazyin multi-level feature
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extraction S¥¥iNtUNDUNtUazIUinlU (AG18AULWIAAYEY inception) INUsEANSnWlAA

A9819RININUTENOUN 2-18

Filter
concatenation

_—7

3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 lut [ ) 4

ﬂuﬂons 1x1 convolutions 3x3 max pooling
— —

Previous layer

amlsznauil 2-18 freg1andnenssues GoogleNet [31]

2.7.5 ResNet

v
Y 1S3

aAWAILITUNIAerate ) @anndnenssu Tdszezaiuiulunisaoutaziin

Y

gradient vanishing watitegnslsfinu ResNet dn1sinuadeulalunisdunsisouifednsous

I 1%
Y 1

feature wmlissuitudallaglidesseudsn hssuslutulnidely vhuuuilldizes wuifn

Y

(% saa (%

UdeUsulauszaniamlunisaeulvnuluwmale waglanadnsniiuse@ninings daegr9ns

P ULARIAININUSENBOUN 2-19

X

Y

weight layer
F(x) Jrelu x
weight layer identity

AMNUsENOUN 2-19 fegnuinAnuetan inenssy ResNet [31]
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2.7.6 DenseNet

v o

RANNIIVN9UVBIEITNENTTU DenseNet AIAINUTENBUN 2-20 AwdN1S

(%
o '

Wenloalayausasturodusaziaes Tunisnaseuseiunnduluisasiawes wwiAniiite

Ao9n15W feature Nainlasinsisouilunn gty dinanuazsBeauwazusyansamlunisaeuluna

AMNUTENDUN 2-20 NANNISYINIIUTBIANIUNENTTUTEIIN99UID DenseNet [31]
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Tuunlaziauesgastduniieaiuisn1s3eUsenausie N1551UTUTaYA

[%
[

TURDUNTWTENTBYA NTPUIUNTARATYA Luwanldduun NMsaunadeyanisinngudoya

wazn1sUsiliunaluma famdanlalunasenuiuds lunasggninlunaaeuiumnnisalass

ANTIUVDITUNDUITNITIVUANIAININUTLNBUN 3-1

SIUTINTVD

GRIGNY

A

4

nMITnmsENLAzIRTIEItoya

A 4 A

v

A 4

nsInngudeya

> IANFUNDUILLUN

A 4

Uselliunanisauwun

yinmsaindeya Jansteyailiaunausiayis
Y
A 4 \ 4
MuuAAILLLAG UsgLluNadILUN
dmsuduundeya VOYAUNAZTD
A 4
a A 4
Usgliunans

nagaulinaiuteyadTe

dnnguluusazaana

uundoya

3.1 sauiudayaiUasiu (Data Collection)

3.1.1 Seazdenvasdoya

AMNUSENBUN 3-1 ANSIUATNNSIIY

lun1svinideseaziBeavesdeyaiidonunlddnseiiinnandineseuniag

snludAnAnndldaulunisliihdugiae Yeyagnsiusiuaingiudeyavenaaimussuy

fwos (nws.) Felagduliwesainanfansldaud 2 Useinn laun Twasussan 3P3W uag
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AMoSUTLAN 3PAW VBLANANUBITMBTNG 2 UTELANIAD 91UIUBIAUTENDUNSIAINISITLABST

' (%
a saa (4

g1uAlsanTwasazlivindufe 3P3W (2 element) WulllwasnAndaUsENaULAT 2 AN T LA

5984 (Current Transformers : CT) fAiulA3einwsasiugs (Voltage Transformers :VT) kag 3P4W

[
a o

(3element) A¥FAAATUTZNOULATEIIANTEUALTIN S18A2IBEANTNAITINN 3-1
Tunuideivssiundenlddeyanniivesuszian 3P4AW 1T eiilosann

n. anwagrnUnAkaznsazilindiulugnuuinnnndinesussian 3P3wW

(% ' (% ]
a UD‘LQI v =1 )

v, dmsAedsldanuaseunguiniyniiui nna. Sulaveu

' o
caa Y

A, Dulwesnfanslitugldlnselng danudensldlvgs nsddsavioasin

AnTuusiagassdmansenusanisadun1svesyldlu

AN519% 3-1 WSsuWieual Element Seni19iiwas 3PAW Lag 3P3W

3P4AW (3 element) 3P3W (2 element)
VOLTA VOLTB VOLTC VOLTA - VOLTC
AMPSA AMPSB AMPSC AMPSA - AMPSC
THDVA THDVB THDVC THDVA - THDVC
THDIA THDIB THDIC THDIA - THDIC
ANGLEA ANGLEB ANGLEC ANGLEA - ANGLEC

38196 3P3W (2 element) laiin1sineuila B

3.1.2 yilavasdaya

Tunslesgidoyauustoyaidu 2 wila laun

1%

v = . IS v v & ° '
A. YBHANUFTU (Phy5|cal data) L‘IJ‘L!‘UEJ;JUaWIUIﬂNﬁi'NWUE’]u“UEJQiSU‘Uf\]’]‘ViuqEJLL@S

v ;Y

Yo Lol i uvisiAansgunsal naAnssunsleln taun deyaniulaseasne Andnwue

voailines, Auaudiivesliln Ussiandnsinisleli, anwgienans, gania ¥raaainisialv

duPerel uasdeseasou Wudu

v, ToyauszinnaunsuIal (Time Series) Usgnaumig A9lANNTinAHILAN

fiwes laun ufl a1 Ausesusts 3 wa (VOLTA, VOLTB, VOLTC) Anssuaa 3 ia (AMPSA,
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AMPSB, AMPSC) ANAMUA AL U815 UBNNTINYBILSIAY (THDVA, THDVB, THDVC) A1A314
ReLiguansuatingInvednsed (THDIA, THDIB, THDIC) Amadluidnese (W) ermasluidwaiiou

(VARHIMP, VARHEXP) wagainaaanubidn (WHIMP, WHEXP)

3.1.3 Usznnvasdaya

v =

Joyaildlunisiesziuitoandu 2 viia liun deyaasdinnisldliuazdoya
gunsaltgandmalriiineseuAmaung Ined1dlayaniusinaingiudeyailines AMR ¥4

[

n¥ln. 929U 2550-2564 uazdeyal 2565 %L?Jwﬁaagaﬁm%ﬁ[,i’fmaaﬂmma SNUAZLDYARIL

3.1.3.1 sgazideatayagunsaldnge
arufiaUnAfiAsatesiugunsnidignazasouaquitanistigandafined way
gunsaiszney Milifiweseuaildfinund oazidoavesteyagunsaitignainiines AMR
Uszun 3Paw finulunslnihaiugiinie wanainised 3-2 wasuansegednuasiiiAniy

INNTTIALEAIRINTIN 3-3

M5 3-2 asUdeuagunsaltrgnuszinn 3Paw Anulumslvihdiuginie

. . MUY Jo 5
anwadIn NANITENUNAATY
(519)
1.Asymmetric Power 3 qﬂﬂsaiﬂizﬂausﬁﬁw%al,ﬁﬂ unbalance Tusguu
2.0ver Current 3 AINTEWAEINT ratio evinlvigunsaldsale
3.Voltage unbalance 5 LseRuMevisetinaseruAmaUNg gunsaitgn
4.Any phase current = 0 4 fAmesouanszualaunava nislgluurams
5.Reverse power 3 maslnihluadounau onaindunsila
6.\oltage Failure 2 ussduiinUnAdsraregunsainigly
agUsuIUYINR 20

M8 Current Transformer (CT) MdokUAIYANTEUALTIAN
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1517 3-3 AR IuaRsENwaENSTIARaztln Anulunisindhdugiinie

anyaudn ANAIDEN
ANYNDLIINU —_ :
T3 20 : !
9
| I
I
150 |
N I
S / : I
> I
0 |
: I
419, Tt
50
= oA
\oLT
01 = \ouc
201.“3-09 201‘5-10 201‘5-11 201.“3-12 201‘6-01 lﬂlé-DZ 201é-03 201‘6-04 201é-05
WU CTLaA uagC 913n
CT 9150 390 — A
‘1 3 AMPSE
10 — AMPSC
én.s
<C
0.6
04
02 ) '
" i
il
201‘5-01 2015-03 LZ(EDS_ — _20]5_07_ —— _2015&" 201‘5-11 Eﬂlé-Dl
wurREesie CT $15am 3 Lla
CT 9w 1y | — AWk
: 3 I l AMPS3
175 I I Uﬁq‘g‘ﬂ — psC
w 150 I : /
& I |
£
< 125 [ I
[ |
100 I |
|
075 ‘ 1
050 I
f
025 ' L " “
| | | 'J |
0.00
WU CTWEA 9139
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M13NN 3-3 AR uansEN eI IARaztln Anulunisindhdugiinie (se)

ANYUSUVIIN ATNAIDLNY
deltitrla 15 Capacitor 119m — st
au 9]‘ a 14 I — AMPSC
" |
Qy -l I 1 I -
£ | | I I [ 1
104 | i [
I ‘ ‘ !
08
' I
01 | I \
04 I | '
' I
021 | i \
L KRRl el S L e e v LS LA S | 1Rt
0.0
2021—09 102‘1-10 202I1-11 202‘1-12 2021‘-01 2025-02 202‘2-03 202‘1-04 ZOZi-DS 202‘2-06 2025-07
wuglillglnlaiauna luldlvioa B
Over current o — | | — s
7 I I — AMPSC
I I
6
I I
5 — -l
4
3
2
I Ll
1 1‘1'|.‘| . f"ll. ﬂl{ ".."‘ TR ‘J,-'H'i.l W W
0
202109 2021-10 2021-11 202112 202201 2022-02 2022-03 2022-04 2022-05 2022-06 2022-07
WunTELALAUY 3 wla wantvanglylu
== — 1 ™
Voltage ot e -~ e eR—
I
200
unbalance I :
I
L 1] I
- wsanuna A uasB laiauna U
: I
100 |
I
I
I
I
“ : I
— b o
— VOLTA
VOoLTB
0 = \OLTC
2021-10 2021-11 2021-12 2022-01 2022-02 2022-03 2022-04 2022-05 2022-06 2022-07

Wugne control & B 915




66

M13NN 3-3 AR uansEN eI IARaztln Anulunisindhdugiinie (se)

anyaudn ANAIDEN

Any phase 200
0175

current = 0

0150

0125

0100 @
- nazudna C iy o

0050

0025

0.000

2021-10 2021-11 202112 2022-01 2022-02 2022-03 2022-04 202205 2022-08 2022-07

Wy CT ild A 9150

200 ' — AMPSA
Reverse power TEACHTE KR latob it —

150

125 | |

100 I‘T

|'|||||‘||f|\|f|||||||||||| __:

T e Dy e O G EEIRRI AL SR -

025 I I

0.00 L ——————————————————————————— -l

2021-07 2021-09 202111 202201 2022-03 2022-05 2022-07

WU 3ula llauneanainivangldln

Voltage failure | =

200

150

100

usaawa C walna

— VOLTA
VOLTB
04— vouTc

2021-09 202110 2021-11 2021-12 202201 202202 2022-03 2022-04 2022-05 202206 202207

PNULSIAULNE C WNISRAUNG LARANNEI8NAIL

3.1.3.2 Mwazdsntayanisasiia

' [
a a =

Tayan1sazidaiiinduuaddwalidlineseuaiaunAduivarnvaleguwuy

[ L3 [ a

A A v v A v v | e oy a
nUsvasAnanveinsazidinfeiiodoinislimhensldinanamsesulddesnitnldaiuass
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¥

< A

Tunuiderrsivsiudeyannululines AMR Useinn 3PAW udaziiufivesnsiniidiugiinie

INUALLDYABAAIFINTIN 3-0 LASWAAININAIDY AN BULNTALLLALAAZIUARINITIN 3-5

159 3-4 asUdeyanisasliausean 3P4w inulunisliihdiuniinie

. - U i
anvauzasiiia NANITENUNAAT
(318)
1anwday/unluany Control Yausasu 6 fiwmesouauswuliiesnitanuduase
2. saudas/udluane Control ganssua | 11 | Bweseumnszudladesninauduasa
3 fauszyn CT U9 3 | 4n CT wsesh vhauflamane
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AN 3-5 ANFIDENLEANENBIZNITALIALAALINA (5D)

anwazasiin AR89
T TRT T N YR T N T ——
200 I
@1¢ Control 4n |
150 I
o I
LLSINU & I ,
>mn |
|
I I a
w I : ATLAA
o I 1
0{— vourc | 1
2018-01 2018-03 2018-05 2018-07 T ™ ™ Wen 2019-01
AnaneAaULTAYALSIAUIEA uaviiaB
éﬁ’mﬂaa/uﬁlm - M - _p;-;l;;fmmm
d@1g Control 4m : :
TENOTR : :
= 100
I I
. I I pe®
o I I NCLNA
o — vorre 1 1
2018-01 2018-03 2018-05 L — _20&07_ — _ZﬂlB_-DQ :’015-11 2019-01
fnaneiinausanaNsEuy vnlkssaulninmelung 3 wia
faLUas/unly 1o | asdio 1
12 | & ‘|| | [.
@18 Control ¥m - | ' _ T [T *I'JI""" Ly
L] | 1 : . ] (l
Bl Nmfﬁﬂ.@h]h,n bl 1l o8 i 1L u LN
AFLLLE g .. | '.l-l‘_ |' ) (i
<L
06 ‘ i
o t N
. S R e
| B B e B PRI e ]
0a 1 1
' 2017-05 201707 2017-09 2017-11 2018-01 2018-03 2018-05 2018-07 2018-09 Zﬂlﬁrlf
AnaneAaulnsaganszuala C
sianlas/wily —
@1 Control 9@ | asiio
NIzl B im 4
< 075 \ |
025 ST T T B T _I
I | \ I
000 I I
2015-01 L _ _ZDl_S—DE; o _20125 o jliﬂ e Z_zjﬁrt e 20_15711_ . _ZUiDl
AnaneAaulnIagansEawaB duwla C




69

AN 3-5 ANFIDENLEANENBIZNITALIALAALINA (5D)

anwazaziin AMNABENY
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3.1.4 Myuunanwusvasdaya

Tunsduundnvasvasdeyavzwiinguuostoyaidu 3 aila laud gldlnnldln

Unf Jloluinugunsaldie wasdldlnnfivseifnisasde nedeyaiszyusazyssianazduy

A
Y Y 9
Joyandnsdananisnsrvaeuniineuase Wulssamdldlvselvgndinnudeanisnaslningdaus
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ISd A a 1 o a ¥ a v o o !
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3.1.5 mMs3suiiisuannauansnsvasdayaudiasvila

ndayainldinnissivsuluiiden 3.1.3 3ntuaginITiATERALLANI9
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Josduis 3 dnway audeyaiuguiilaantanvuavauwn Idangudldln, yiaidnes,
Useiangnsnstdlal wasdeyatanizvesdlyln §eddldiunusnaulunisiasiziid osdu
dudeyausziameynsunatszutsesnifudiulszneundns fidsansznusenuinunfioens
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3.1.5.1 AATILAANULANAINTERINENBULUNG azilia wazt13a

Tun19IATIEAEINISIUIRINAINSTLRDS

o W

AMGN

a 4

USENOUMEY LIIRU NSTUIE Yl

a3 wazidsliiiaiiow fie 3 gUuuy Uni G130 uavazilln AIN1599 3-6 B4 3-10

A1519% 3-6 ANURAUNATIEINaRBALTIAY (Voltage)

a

Unn

azudla

Viie -
Volt, =Volt, =Volt. =400V
V hase -

Volt, =Volt, =Volt, =230V
1 Aussfuasidnuasdin
TndiAeaiuma 3 i
TuanzUnfvsdinnasd

Uzl 230 V

VIine :
Volt, #Volt, #Volt, = 400V

Vphase :

Volt, #Volt, #Volt. # 230V
N5 1 vnaaanawyiiu 0

Asaif 2 azfauaa vl
anauaignaziiin udlsiiduo
NS 3 azifiestesia usesu
AnUnfva3 wia

AN 4 WSIPULNUUILNE

Volt, #Volt, #Volt. = 400V
Vphase :

Volt, #Volt, #Volt, =230V
n3di 1 Frgaunalariale

UMY 0

n3dif 2 Trgamnnivils
Walazanas uslitduo
n3dilfl 3 drgarazia

ASAIN 4 LSIPUNUTIVY

nuwma: Ausaiu Tuaniizun

a

AagdiAAanuszana 230 V nsaiinsazidaviednsainiy

L ALTIAUANAS M‘%aamamﬂu@usﬂ LAZUNNATIDNUAALTIRULAWLAATULS

AN 3-7

ANMURAUNANEINanDAINTELE (Current)

Unf

azidla

150

Amps, ~ Amps, = Amps,
1. nsvuani 3 ol Sie
InalAgaiu nsdllvanauns

2. nszuauanaiuluuga
nstilvanliauga

3. .WAsunasmugianaldln

4.2z dumulusauiuringu

Amps, # Amps, # Amps.
AsEIT 1 vrawawindu 0
Asaif 2 azflauana vl
wailazifinanas usldidu 0
N5l 3 azifiesiesia

ASEWARAUNAYIY 3 LNE

AN 4 NSEWALNUUIIE

Amps, # Amps, = Amps,
nseif 1 valawiiu 0
n3ai 2 ﬁwqmmmdmﬁuﬂa
anashulaidign ulsiduo
nsdlfl 3 rgnviasua nszua
AnuUndina 3 wia

ASAIN 4 WU NETIVY

a0

nanewmn: Tuannzunfisvianvdsuwlamunisldlnvesldln dusudlilvueseeiany

(%
Y

Anseualilauna (NTewans

1%

3 wla snaiunnn) nsdliinisaziliavievigaindu Awvilinssua

vnaanad viseanautuaud visasienvhlninssuuliaunauinfinund




71

P59 3-8 ANURRUNANTNasoAIR RN (Active power and energy)

Un

azLin

o

V13N

9

P, =V,l, cosd,
B, =V,l, cosg,
P. =V l.cos@,

Ptotal = Pa + Pb + Pc (kW)
kWh = P'rotal x h
WHIMP :

1. Wasuwlasmunisldivan
2. fdnwaziduau

3. AUIUANANNITVI9RY
4. dnunizveddeyadn load
profile A5 3 Lol kwh
5. AnAliduysyinn TOU

N5l 1. axfieieulsdu
ATULAZLNIIMINYINT LY
I

Aseid 2. Arvthenslelng
wnltuanasinunfidle
Fieutuadanslalndiray
1

AT 3. Al Rnau

sl 1. asRauiioulddu
ANULNIHAUNR

Asdif 2. Aol
wuiltanasfinunfidle
WieuuaannsTalwiisy
e

Asdif 3. Arraslifinau

Y99796787

o o a ! o a ao < A °
nuewn: Amadliihasauasandsnu luannsunfasldnuazilueu waslidadiays

nsfltinsazliafnTu Ardeniaziinuilduanas wazliidunu

M15199 3-9 ANURAUNFANLIHasBALY (Angle)

Unf

azudla

4150

Angle, ~ Angle, = Angle,
1.Anyuaz lag uas lead
nsldlvan

2.A3Ann15 1ag uazlead
FENINANTERALALLIINY

TnawAeanu

Angle, = Angle, # Angle.
AT 1. Aunawesvea
Towanilefian > 110 o9
AseiT 2 amamaesialn
wanilssnstumladufinun
N5 3. wlaweda 3 1ia

ysawalaanianduianig

Angle, = Angle, # Angle.
Asdif 1 Awlawesvearale
wamilaiaguRnund

Asdif 2 sunalawesivale
wandwinsiumadufiauni

N5l 3 lawodia 3 wid

yaalaanilsfnau

naewa: yuluan1izuniaziinnig lagging waz leading sunisledivan wazAnasosvos

nsziatiuwsauagyiuiuliiiiy 120 a3 nsdlazliavseinsninty Ayuasinund inns

lagging waz leading unniinund iiwesanainnisnauiienis fadnaunsediandugud

s
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Antinasornaslninaiiou (Reactive power)

o

Qtotal = Qa + Qb + Qc (Var)
kVarh =Q,,,, xh

VARHIMP :

1. WagukUaIsunsolran
drulvayfinga cap bank gnen
2. Tdnwaziduay

3. ANNLALIANNANNITUIIPUY

4. load profile awiluA15I07s

3 wla Tumiie kvarh

a

AaUnFAvIlAANsTLadzg
NAUNK
AN 3. NSkElandina

Tranmdsludaiiouinuns

Uni aziiln 150
Q, =V,l,sinéd, s 1. aviadieulddu | nsdl 1. ssReileuldidu
Q, =V, l,siné, ATULASUATAUAINTENE | ATULATAILNGANTINAS
Q. =Velsind, s 2. nsel Cap bank Taslon

N3N 2. n3al Cap bank
vouldlniosdnenseuaLiu
auvinligunsalluihves

n1n.913m load profile

a a

mmmm%qdmﬂﬂm

]
=

aa [ 1 o
AN 3. LlUUAIMONUIAN

Y
AnANUSU NSaliUNINSBY

av 61.97 GAUesRnUNR)

e Amdsliiialiow dgUuvufiedetummadniihasuazamdsnu Aeunfasdu
AU waznsdlazidlinAnazanad WasunUasmuayuidsuwdadiuuazliiluniu Tuuiensd

wutdunaaintadeduiiu Capacitor 9130 ananelu nsldlnanitesiulylivangay

3.1.5.2 WSguiiguanuuanaesendtensazsilinnuaneasdie

A1NN5IATIZITLENTUAITIN 3-6 DIR15199 3-10 WA Gﬁayjaﬁmaﬂmmmﬁu

Tandin1nie@e ANULANA1NYBIFULUUANURAUNAYBIALIHALAEY13A Fall JULUUNNTANRT

9 Y

IndiAgeiy Faundeseiidiouisudaandunisnan 3-11 aenudniueguiuuinuaing

WANFINETENINNIARITULUU TAeNANTUILENTENINIALTIRULALNTERE INTIETNHTURUUNIS

Y

WAL ULUAILAENSINATLANA9AY
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M50 3-11 1WSeuigun1sasliniun1stsn waeAuuana1ananusadaseila ey

Ay N13azLin N135%139 AULANFTY
WSy | 1. usaduanasinitan 1. ussfuanasininm 1. sduuunsiin
UINTFIU 1IN HIA517 warans
2. wseudlereudieus 3 | 2. uswudlowSoudiouin | 2. Shearmsidauuy
wld A1 Unbalance ¢ 3 la f1 Unbalance g1 | Aeequdsuuuasiy
3. UNNTAULAALTIFUNE 3, yensalAndans WasnuUaswuuviud
Frasrunana vdeuses wsafumedansnana | suvile
Jugud widwlvgasiin | visusaiuluaug v 3. M3\Ua-Ung, Wo-
a9 7291987 WAINAULIUNGA Unrasou
4. dilnesiageunuiinis | 4. binuauRaun@lu 4. nMsazliinunensal
\Ung, WUar (Alarm limit | Snwaignisiliaguizoded | Tsunsu AMR
switch %39 Lid cover AU monitoring AFIdBU
tamper) Tussoziian 5. iAnanUadeniu Taiwy
TnalAssiu 595U FIndey wae
5. vansaliiaussiuiwh | weindruverlyl
Iflwesvsegunsalusenay | 6. 9139 N018N5 LY
T30
nseud | 1. nsrudanaseinunala 1. n3zudanadsuIla 1. sUkuUNIsiAn

Wisuguianana

2. AnszuaiiowSouiiou
ﬁgﬂ 3 1@ A1 Unbalance G
3. unensdliiansswaidueud
WAV WAdY

Tnajaziina1s

Wguguwasewna
2. AnsewadlawSeuriigu
119 3 1a@ A1 Unbalance
a9
Y

a a I
3. UNAsananIebadu
Aug MetInTIIUIGIE
UIAT WaINAULN

a

Un

FIATI WATONIS

2. ANWUENISNALUU
Aoy LUABULUasAY
Wasuwladkuu

% =K

unule

3. M3\Ua-Ung, WUo-
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AN 3-11 L‘UTEJ‘ULVlEJUﬂWia%LﬂJ@ﬂ‘Uﬂ'ﬁ%']E@ LLa%ﬂ'ﬂiJLW]ﬂm'NV]a']ﬂJ']ﬁﬂ']Lﬂﬁ']%ﬁl@LU@ﬂmu ()

WasuwUas ladueu
Wilaun1s g AUt
2. e sidlinanas

NAUNG

fauus nsaziin n139139 AUKANEY
nszud | 4. d@ulvamsivaeunudl | 4. LinupnuRiaun@lu 4. Maglauensel
nsiag, Waeh (Alarm | dnwaugnisilinguiselee | Tsunsu AMR
limit switch 3@ Lid ASOU monitoring AS1@8U
cover tamper) Tu 5. iAnanUaduniu Taiwu
sruzalnAAeiy 595UYIR AIINON wae
5. vansalianssiaiy | wnaindiuverldlu
ilviliwesvsegunsal | 6. 913A9 N85l
Usenaudisn 7. \inandadeiu
595U FIndey wae
ROl IR RiARY
3 1 oyuseninansewanar | 1 yuusswlawesseninn | L.n1snduiiAnisues
wsIsudAIRAUNG NIELALAZLIIAUILIAT ANNIYOT NTZLALAY
2.\ iaN1snaunan1auey | AaUnd WIIAY
AaLaI NI LAY
W3R
Todgnnd | Lyduuumsldlnag 2. suuunslalid 1. UkuuAunshy

il lndaug dwsu
Y9N
2. mensidlnanas

NaUNG

I wazenumeLile

3.1.5.3 asusuinuuanuuandnsanesaniinnuin e

o

PNITD 2.1.5.1 IATIEAANULANANTENINNENWUEUNG agilin wLazt15n uag

9

Wt 3.1.5.2 WIBUWEUAMNULANANIENINNTAzlAnUaNBed13n Nan1FAATeRluasy

LENANIURUUNTIARYRAAEAILYT AW WSsiu nssua yu uwagAmdle(kwh) asunaniny

WANAILARIAISI9N 3-12
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M5791 3-12 1WSguifigunardedunaguuuunmsiiafdwadednuurund $130 Lavaziila

SRHED suuuunsiin Jadann Und | 4130 | azdle
TEN) wseuanas wiaiduaud | AusIiuRaUN - v v
wssrullaunaina ALSIAY Unbalance - v v
QRIS nNsTUaana Tglnvieeas v v v
nszuauanadugud | Tolvunaa v v v
nszualiaunala T llyiaunawia v v v
yuagawes | iaesviyuraUng UUNTLUARAZ LTI - v v
wawes/Menstiaun® | wlawesnssua/ussiu | - v v
fens | dndenisanas NEDAgoUNE v v v

nugwe: We [-] Aeliiiilonaifiniu wae [v] Aedlenaiindu Bensalund o1ainangldlnlad
nslaln Tlnldaunama violdluiissurana viaadugud nsddrgperainaniivesnie

guUnsalusENaudIIn WasnstlAnAMURAUNAVIATY SEUU Monitoring A HAAABUNIUTEUY

3.2 mMaaseudaya (Data Preparation)

[
o [

Jupeun1snsenteyaiodudruniandianuddy Wunisusuugsoyalidiany

o

(%
v a

gndeasudiuasdunasguieaiu aeulutuneutiazusenaume 3 dwwndn fadl
3.2.1 nsusuuedoyaliauysal (Interpolation)

finos AMR Ansldanusausd 2550 utseenidu 2 wia Tuwla 2 Téfinssuinnns
Rutuiindeyaiiierfisdszansam vilideyaifmes AMR Tuiinldlimilousu visteyaillsl
Asuau Feremeluuisdin funszuaunsuiuudlateyaligniesieiausndy o
Usudgadeyaneuhluldom lumiseidenldiBnsmaadafiousuuiladeyadmiuteyan

a1

amellusduvselaliian [32] faunisi (3-1)

XXy o NaN, x, &, & NaN
2
f(x)=10 ;% € NaN,x_, &x., € NaN (3-1)
%; ; X, & NaN

A a | Ay Y] a ! v aa fw & VY
Wwa f(x) Ao mwlmmﬂmiﬂiw@a Lag X, AD mmawa;ﬂawmmwumml@
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aNaa s

lunsdififives AMR Wasuudasnsfings vieidnAams dnldouiives fwes
andanamazgnitludassldaulisugldinameln visunads fmaudeulssanvesdlolv
deswnfifurualnanvilidenddeuvdafines e 2 aungdwmaliniiefdmesemulal
seillos o19ifamLege-m Anund Fedesuiuusmthelifianugndesuaziminzay Tngling
amBnun (three-sigma rule) iieynisuanuassnd AvestoyalagliAadeauadniiiy

FIUAUVVRIEIUTEAUUNINTTIY [32] AsEUnIST (3-2)

F(x) = {avg (X)+2-std(x) ;if x, >avg(x)+2std (x) (3-2)

X; ;else
o avg () Fernadivvesteya std (X) Ae d@rdsavumnsgiuvestoya X,
3.2.2 msvideyaliluninsgiu (Normalization)

AMenFanNMsUTuUTtayalvianugnies ATUIULED Joyadzgniiuvinli
Junmsgruieniuneudignisadadoya Snssaelumanlddmsudiuunaiuiaunfdina
goulmiatoyausuaniiiay luddedenldnsusuiinsgiuteyalagld MAX-MIN Scaling

[32] Seaunisi (3-3)

f(x) = X, —min(X)

™ max(X)—min(X) 59

\ila min(X) fia A1deeiign, min(X) Ae AuINgavedgIsteya X
3.3 mMsafindaya (Data Extraction)

v av v ) v & vy a o &
%@%amlﬂf\ﬂﬂﬂﬁﬂiﬂ‘wL‘IJummg’mumuu%ﬂﬁ]m’mmﬂ IUU7QﬂiQﬂqiﬂ@u

v
a v

Toyananuainlunalagnsionvlivianzay vililueausyatanady dnviadeyatiuaziiviadeya

&

Mlulsglovinaghilulselovd dwalmluwalszananana 2 diu anlddalignsdes Asliunis

[ '
v A ) U ¥

afntoyadnludiuddyegrmilduanided Weusudeyaliimnugndesuazsmunzaunay

= v

Jouthaluwa isisninteyaianalaluinanmasvililunaisousuasvituienala i

Y

[

Usgansamauiu daiuluanuidetuvsnisaiadeyaseniu ¢ daundn dadl
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3.3.1 afndayalaglddoyaanmiinaslaenss (AMR Data Extraction)

AslasunUadanwazyadlnanfitnad uauisafiansanlaanaInisdines

¥
A a 3

Mugulaun w5y nsvua wazyuna lneazgnudadeulussuuidiseTivedines AMR s

o«

Y =

anvazauAaUnATiaTuay Anszwauisladugud useiuldauna Wudu Jansnisal
aanaeaduldnenisazdauaziingunsaldnge Tuusnsdvinauiaunfisuduinneu
YIA1VDINITUATIEN dnvazn1sldsuslaiiifintuaznsisaeuluny dwulunuidela

swswdeyanld Usenoumedliluianun 97 18 wanseasdunfmisei 3-13

Mndoyalunsnsil 3-13 a1unsnanne feature I§sTanun 37 features \Juaiin
Numerical 113U 27 features wagiduniin Nominal §1u7u 10 features (14 one-hot encoding
wUasAndu column goe9 wuu Binary 0/1 A3 value VoeBYA) WUI class 3 anwaly Ao Und
(Normal), 130 (Defective) wazazilin (Theft) Toyauusiarsundu 2 ya Ao Arussiuuas
ANNTELE AMTe 2 HAun1Yi1 Normalization 1ngld Max-Min scaling LLazﬁayjaﬁuﬂizLﬂmﬁﬁﬁ

& v d‘

Jueaud deyaiivneg deyandudorin ssldanadelunsfudeya wazdnnsesdeyailianysal

Hranzunea) gan WenTaduanvazamnalulamuna) Myadndeyadzuiamuanuyaens

AAErnAdwasiaensale 3 35 tawn

M5 3-13 T1wazeansulieyalenusazUssny

anwauzdaya | Iududldlv Yoyaild (3 iiow)
Un# 50 378 50 x 8,640 = 432,000 A"
4130 20 5 20 x 8,640 = 172,800 fin
aziin 27 37 27 x 8,640 = 233,280 A"

i’)&l‘l;all’x‘l 3 il 97 318 97 x 8,640 = 838,080 A1

NNEWe TauaanimasiAiuamn 15 ui 1 Juld 96 A1 3 Weu Wndu 96x90 = 8,640 AN
—— U q

¥
=

3.3.1.1 AAs1zananeazauiaUnfnniadulugIa1NATIER

(% s s

wustayasenduiuwinu@uns-ans), wans-Tueriing uaziungatindngny lae

9

Tuwsraziuaggnuuaduyrnaandu 2 993 AeYaa Peak (09.001.-22.00u.) uay Off-Peak
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(22.004.-09.001.) INAITAIVUAIIUIUTY 15,30,45,60,75,90 11 NBUIUDITEUU AMR baaFau

AMURAUNG LARITI8ALLDEANITHUIUTLLANTU ANUAISIN 3-14

£
=

dl ! 1 a 6 a Qd‘ a 1
A15199 3-14 MsUUsTIaIeEiauRaUnAnAnTulugaan

Suauuiignuvs (n) Usziamuasdu () | 929981 W)
The latest abnormality in 15 days YU Peak
ARnUNATINUEgATY (Weekdays) Off-Peak
15,30,45,60,75,90 Ju Tuans-aving Peak
(Saturdays or Off-Peak
Sundays)
(Yungn) Peak
Holiday Off-Peak

% Ay v ! I3 | ° ) v
foyaildannisudsesnduginam n, t uar w azgnihunandalagld Z

score

ANEUNST (3-4)

Z. =2 i (3-4)

ad ' ,

33.1.2 Anszindnunzanufiaundfifndunoutisaaiiinei

foutnaTReTgiagnuUIaNsaiidnvaranaauuiuiviule uazdnuo
mslaflélyl (33) lunsarmazlddeyaninonislaln (awh) iedanguildlnuadu ngugldlngs
wn nauldlnas nguldlnuunans nguldlndes wazngudldlvdosunn siudeUseian
Aansvesdldluigy g3Aavurnidn g3iavuinnats gsfevunalng Aansianizeds iearn
ponunludnwaziidedld meefl 3-15 wansnsuisuinvesianis muUszanmsAnty
Usztnnuseny il waznqunisiyla mﬂfu%’au”mzgﬂﬁwmﬁwmmﬁaﬁmmLﬁu@mé’ﬂwmz
(feature) Usenaumig N15ANUIMAIAIUSENBUNadbnin (Power factor), Madlninass (Real
power) wazmasiniiaiiou (Reactive Power) mﬂﬁﬁayjaﬁuimaiﬁé’fammsmmé’uﬁuﬁ‘ﬁ (3-5) D9

(3-12) ifuaniteanaduy feature
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AN5199 3-15 NITWUSTIIIANILASIEAANMURAUNRTLAATUNDUYINIAN

YUINVBININTG Usznn1sAaRu | Ussnusaaulnia | wdangunasldlv
YUIAYDININTS " DEMAND " 115KV " ngugldlviasnn
VLERREH " TOU " 69 kV " ngugldlvias
Aan1suuInLEn " TOD " 22-33kV " nguglalviuy
NINTVUIANAS " UNIT " 220/380 kv nang
Aansvunlvg " nguyldlnides
Aansianzege " nguglilvides
#IUTVNITUATDIANT nn
flsiuansndils
guinilomsinens
Twihdaas1

Power Factor(PF) = cosd (3-5)

Active Power =VI cos @ (3-6)

Total Active Power = 3VI cosd (3-7)

Reactive Power =VIsin g (3-8)

Total Reactive Power = 3Vl sin@ (3-9)
Poy =Vaw law €086, +Vy o €086, +V, 4l COS 6, (3-10)
Ey =Py + P + P (3-11)
Ey = (P + Ry + Pow) -t (3-12)

de P, fis Ariddladimiieidu kw, E, ferndsnuladl miedu kwh
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3.3.1.3 UATITNAT5TYLNATAMUNUILUY (Distance and Density)
Tunsinaszaene agldtayandsainnsdanguildln adrayadeyailurie
winanALadeefouvetoyaiineund Tnsutadiu 3 ¥aaan Weekdays Weekend wa
Holiday ﬁ]'1ﬂﬁguﬁ'lWJﬂm"133EJ%V]NWWj’NﬁWVﬁﬂﬁUﬁ’]%EJHaLLGIIEW samples lagly Manhattan
distance ArmdmSuLaznTaUnALAERABANITY d1u Euclidean distance uaz AzAIuI

Tneld window Tiavun §eaunsh (3-13) uay (3-14)

k

1
Pxi _ﬁz I:)xi

i=1

Manhattan = (3-13)

k

K 2
Euclidean = Z[Pxi —%Z Pxi] (3-14)
i=1

i=1
3.3.2 afindayalawuiaiuaslaumuuad1ud (Time and Frequency Domain)

nsafadoyaluideiazrnisuvsdeyaseniu Window Tasn1sv Window
Faunzau PnMsdunadeyatussuuiiiseiwedives AMR awnuIdnes AMR sudusiou
wdamuANAnUNRUSEIN 1-3 YU Sadon Window anSuiinuanufiaun® 1 Yu Aounth 6
Ju 59 7 Ju (Twesiiudeyanng 15w shumae 672 A1) Tae 1 samples whifu 1 window

(672 1) Falala window wadeyavzgniilianinly 2 T uanisieazidennmsnei 3-16

3197 3-16 Mswdadeyaseniu sample (1dUaA"A)

anwazdoya Ul daya sample (18U
Un# 50 518 50 samples
T30 20 518 20 samples
aziin 27 518 27 samples
59U 3 wiln 97 518 97 samples

~ [ 3 ) . 1% ¥ 1 | ) %
Wawdstayananuneenily window uds Yayausaznguazqniladaly 2

Tatuunan Usenaunie tawuutial (Time domain) wazlatuual1ud (Frequency domain)

[

UATLDYARIL
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3.3.2.1 AnszilaeuisdayasaniuyuaziuialaeldAmieein
Tunstiaszivzutadeyaoeniu Window windu 672 @1 (7 Ju) illasnnnidu
YaenAdosiun1TLIuiouTasszuy AMR nduvihnsawineludisaidenlaglden

[

N9EnRnal

n. AgeEn (Maximum)
%. F’i’l(ﬁ;’lqm (Minimum)
A Anady (Average)

A Adisegu (Median)

3. AdleuuuuInsgu (standard deviation)

3.3.2.2 A enlagldisuenasdusznauvataynIuiIan

a

maBeseilulamuianasdunisindeyaifives AMR iualayn 15 widl wn

[ a I3 [ 3 . . < a = aa
NINITILATIEN I'Llﬂ'ﬁaﬂﬂsﬂa%laiﬂﬁlﬂ'ﬁLLEJﬂENﬂUigﬂa‘U Time series LUULWQ‘UQVTUQWNEJMI%ELH

NAwsseynsunat Wunsihesdussneuludygaainesndu 4 diu [34] Usznause

n. Level Ao mgiudmiuyadoua

Trend fio WoANTIUNTRUTUMTRARALTIAUYBIRUN ST AW WLY

<

A. Seasonality Ao JULUUTWTDIRTVBINGANTIUTRLIAHULY

Noise A AMULUTUTIUIINATELAR

Lo

3.3.2.3 As1zilaely Auto-Correlation

[ LY wa . [~ [ [ v 6 1 1
ANUFUNUSO R LUITR (Auto-Correlation) LUUﬂWS’Jﬂﬂ’JWQJﬂQJWUﬁﬁBV’J’NF’WGUENSQW

4 =

Jayaieiulugimaiasduduandunls elduaniauduiusvesrfivszneved

agluaunsunan (Time series) Ing#iAUeINHUTEANSAINVBIBYNTUIAADIIUIUYATRYA

[y

luyadeyaiginunaennneiuluusagafu [35] Lanswisaunisn (3-15) Wa r, Ao Auduius

anluli@ dwsulag (k) wazaunsi (3-16) Wumstinseiteyalaeld Pearson Correlation Lite

aa v

ApTgmanuduNuSuAag feature NTvd1AYMD class
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n

Z (yt _7)(ytfk _y)

r, =k (3-15)

n

Z(yt _7)2

t=1

3 (% -X)(¥ — V)
p(X,Y;) =—=— (3-16)

> 0=y (-7

dlo x;, Y, \udeyaves feature X, Y; mudWy

3.3.2.4 AnseilagldnisulasBiesuuulisiaiiias
nsiesesitulamuaud YeyaudazaazgnulativieglugUvesenduusedns

= 2/ A g o a o a a 6 [ d' &
F992U52nauUlUmeA NI UT LIS AT IIUIUIUA NN NIyl wuubiselleswsanis

'
a =

wlasi3es wuuisa (FFT) Wudanesiiunivszdnsnmdsnils dsldlunisuvasananeynsuaa

£%
s U

Tieglulawuanud faunsn (3-17) nsudasisestavdwodyayrnuwoundynludvuzu
larduvesauasdentuanuiulassiesnidudadiulaenssiuanuenvesdygiuuasnis

Wasunlasuesdnuuzdeyiu

N-1 _j2mkn
X[kl=> x(me N ;k=0,.,N-1 (3-17)

n=0

o X(n) WWuAeynsuatvesdygin uaz N 1Juduu window

3.3.2.5 Anseilagldanunuuiuasunasunaasu
A31IAIAMUNUIMUUAUNASUNG 91U (Power Spectral Density: PSD) azt{u
° ' L a 1% ! a v 1 v
nsAWINEeINNSUUA FFT agldruaunagnnameninauginaidedaulasnszanganlndu
UINTFIUAUANUNINVBYBIAND TegrelvTouisudyaamuuguniinnnueddyyiu

A9 ULA DL FaaUN1A (3-18)

o0

P(e") =) r (ke ™ (3-18)

k=—c0
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War (K) fio amnuduiusonlusifuasdeygin
3.3.3 afindayalaenisldnisuuaainiin Wavelet Transform

nsuvaIThdn (Wavelet Transform) Wumedandsiidonuldlunsatndeya
desshonsudasavhdndomninnldlunsiesgiauulsusu (variance) VOIDUNTUIAUAE
ALl Imaiuawu%%%ﬁﬂmiLLﬂaQ%’a;gaﬁagﬂugﬂaqﬂiunmﬁlﬂu 188 Tidugunm (image)
%30 2 4@ Lagld Continuous wavelet transform (CWT) %Q%LLUaﬂmmﬂaﬁ%ﬂiuL’JmLﬂuﬂ'ﬂ

UUsEANS mwaun1sn (3-19) eglusUvesaunlawnsy (scalogram) Faluusiazawnlaunsugn

dnauaidunind (color map) fusilin 128 @

t? j2rc
——exp’ zCt

exp ®© (3-19)

1
w(t) =
7B
44' & & a s M ° 1 = a s )
LB W(t) A9 Morlet, B ABNI511L003N15La8UALAUY C AD NIF1ULNDTURINITUSUELNS

Tun1si CWT andszendld aziiasziilagld Morlet (amor) Fuduvianiifian
awnasusumswardandsdoululawuwnat Tuemddeld CWT wuu Single level (One
dimensional continuous wavelet transform) TagldA1ds cwtfilterbank wandRInIMUszNOUN
3-2 7i39uandAT time domain uay time-frequency domain Fadayaszuusenndu 2 Ussaw
A I (Y] | o v gj A [ . . o [l I . (%
Ao AL TIRULaTAINTELE Udayans 2 Afiegluyu time series vin1sudalu window ag 7 Tu
F1uu 672 A1 lnsweneanidu 3 wa (e A wld B wazinla C) 91n1uviing reshape doya uans

AIP15199 3-17 A1 3-18

AUsENaUT 3-2 Ada cwifiltterbank l@onld Morlet wavelet



15197 3-17 Yoyauvsoaniu 3 nqu

M15197 3-18 vuAteagunmvaInIThUas

Toya | LNWes (mxn)
Unf 1X143,808
- Reshapel  Jaua nnwes (mxn) | 3 wia Lnines
Y130 1X56,448 —
= Une 214x672 642x672
Y 1X77,280 .
Y130 84x672 252x672
T3 1X277,536 .
Y 115x672 345x672
Joyarori 413x672 1,239x672

3.3.4 afindayalasnisuuaudugunin (Time Series to Image)

feyaiegludnvuzveseynsunaisgiuvuiicnundofuu nsdgldlndinngld
wanas sUuvufenaduanzinidesnlifingldlunan viee1ainannissignvesd
gunsal viemsazda Fsoradululavi 3 nsd FafudiarsananAdiuusiimes AVMR
tufinenlsionalsiifivswelunisduunanuiinund msuwdasann 1 837 1Ju 2 53 19udniswiled
wgaglunisdunaufatnAffiaduld lunuidoidonldnadanisutasis 4 mada

Jsznaume

3.3.4.1 Recurrence Plot (RP)

& a 9 < a o a ¢
WaeAN15IAAYT Recurrence plot (RP) iumalianilsvasnsliasizvdayaiuy
Liwadu 1unsuansnin (i3ensv) veawnsnddideudnsa Jeeadusznaumnindaenndes
v o a X ¥ - . a ¥
funaianugvesszuulandnfindug [36] aun1smeadamans ndenn1siing (RP) azgn

Je1unuaun1sn (3-20)

Lif d(x()),x()) <,

) (3-20)
0, otherwise

R, ; (x(1)) ={

idlo R, Aeduusuansaiunyed (i, ) Tu wdesnisiing (RP) wnsnd 7%
I 4 1 6 M M a v 1 1 6
Ju 1 fssegneseninesausenou X(i) uag X(]) veseynsunan X(t) fadeenitAimsylaas

rise Wu o wWatdua1du 31nn15319aANT NaDRNISLARS (RP) 98UsenauilIunIsuandan

unmluun3 3adinizfineandanudufisiniiannselaan [asgnidsia egslsinnuly
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anunsaUssunaansslaaninizauls sedua1iUasunualuannAs uAuTeInNISA AT
(RP) gnisenin sseznanden lnevllagldduunifiedasnisimunaninselaad Tuguwuy

aanaanisiaesuwdas d(X(i), X(J) szgnndesuazgnitatsanaeiunimdadu

3.3.4.2 Spectrogram (SG)
dmsunisasiegunimanlnsunsy spectrogram images (SG) A& ayay e
ounsuanazgniiasankenidudiug lunsdmuaniisis(window) AdsUnAazusinglu
Snvasnsdeusiunaziin overlap a1ntiuazld Discrete Fourier Transform @1miuyinas

° o PN ] v Y] a Y] a
AnavuInvesannsuAIluuAazrnang nssuIuNswlasdyaadeusaunisy (3-21)

2rzikn

N-1 B
X[kl=Y x(Maw(n)e N ;k=0,.,N-1 (3-21)
n=0

e NAe Aug1vesntinig, @(N) A Henduntinianeuds (Hamming
window), k 10 uaiiiuasundasniuaiaanud (k) =kf(s)/n, f(s) Ao Aranudlunisdu

Fregns wihedsed awnlasunsuvesdyaiuinlamdfe x (k) Qﬂﬁmummmammiﬁ (3-22)
2
S(k,t) =X, (k)| (3-22)

ntuaEndeudnatazgninbiduaunsgiuinormalizedunmaaudy

SeAUBVN (arey-scale intensity image) Inafitnsiiv§uruinsewing [0, 1] Waunnsi (3-23)

~ S(k,t)—min(S)
~ max(S)—min(S)

SI (k. ) (3-23)

3.3.4.3 Gramian Summation Angular Field (GASF)
Gramian Summation Angular Field (GASF) LﬂuﬂﬂiLLangﬂmwﬁié’mﬂaqmm
nan FauanafemnuduiusiinsnseninsAusazgaineynsua Seroynsuatazgnuiy
suanazuladyanalagldssuuitagedn lnaduldmusunisii (3-24)

¢ =arrcos(x),~-1<x <1 x e X

GASF = t (3-24)
r= WI teN
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lnedl t AenafignUseiiv, Niludadearasnlunisvinliduninsgiu vesatawdu

(span) sEUUNAALTITT waz X Ao NSIANAYEIBUNTUIAT NUUHATINASINAUEIRTENIN99AUs
A¥AYDDUNTULIAMUUAEIAUINNOTEYYINIAEHURUS (correlation) Meluyaaiaii
safiugaleananaunisi (3-25) uag (3-26)

cos(g +¢) - cos(4, +4,)

GASF = (2-25)

cos(g, +¢) -+ cos(d, +4,)

GASF =X X -J1-X2 1 -X2 (2-26)

| Aenmesuamilaniig [11,..., 1] vdinudasguilussuuiiiade Ingldounsualuud
azasaduiufiwnsn 1D
3.3.4.4 Markov Transition Field (MTF)

Markov Transition Field (MTF) {uni1sudasgunmaldunaineunsuiiat &

wansfeiiunuaznisilasunlasesenuiasdudwsvoynsunaildseiios

Mvueunsunal X ={Xx,..., X} saunisi (3-27)

Wi ed g ed o WX eg,x €]
MTF = : : (3-27)

X, €0, X, €0

Wi,j|xn €, X, €q - W

Aoy .

o g, uag g, (q €[1, Q] #onAapIU quantile bins Mfldoya u aniuag J uasw,  vaneis
1 I d'
ANNUIAziduNsaguLUaUeI g, — |

3.3.5 afindayalagldnisairawuudnaasdoysyrad (Signal Modeling)

wseduanalalumsihnisaiwuuinaesdygyiuunldte nsanvuinvestaya

[

wagananaantivestoyaiduly F935ddsuldlumumunisnensaldyan nsdudadeygyin

wagn1sanUiuiunsaadeyalii evinn1snensaindatenis [37] daeg1eluinauanad
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AnUsEnaun 3-3 Tayatieglugureseunsuiai V() azgndounuluiag tioUssunne
duusyandmungau H (2) wazussanamdarundudu X(n) nalusuidetiden 5 mada
wldaindeyaiioSsumisuanuiianainioinniswUaseyandusasanuuiuduileldluima

IIUN F18ALLDUAUTZNDUAIE

v(n) _B,(2) | x(n)
— " » H(Z)_A—p(Z) -~ >

AmUsenauil 3-3 wuuinaesdyaia Jeudeyaidn v(n) wedssanue X()

3.3.5.1 Pade Approximation
Pade approximation ﬁqmL@iuﬁmmiaﬂizmmﬁﬂéféﬁ'ﬁm%’u a, (k) waz b, (k)

Tuaas [0, p + Q] feaunisii (3-28)

b,(n) ;n=01..,q

(3-28)
0;n=q+1,..,9+p

X(n)+k :Zp:ap(k)x(n—k)z{

e dygras X(N) Wudhwuasededunudsdeulusasn=0,1,..., p+q

3.3.5.2 Prony’s Method

v ad

Metadninis Pade Feliifuuseiualissnmuazaugndediiatayasenuen

433 §935 Prony FreuTulsadeidniatuls deaunisi (3-29) fis (3-31)

Zp:ap(l)rx(k,l):—rx(k,O);k=1,2,..., p (3-29)
r.(k,1)= i x(n=Dx*(n-k);k,1>0 (3-30)
bq(n):x(n)+zp:ap(k)x(n—k);n:0,1,...,q (3-31)

o r,(k—1)fe Aeuginaausnsuaz b (n)iluavdunududmsu n=01...,q
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3.3.5.3 Shanks’ Method
38013 Shanks 1un15USUUT938 Prony iieanAuRanaInvesdoyalugi

[0,...,q] a@wrsavnsimunaildainaunisd (3-32) 8 (3-34)

b, ()1, (k1) = £, (K):k =0,....q (3:32)
(k=)= g(n-1)g*(n-k) (3-33)
(k)= 3 x(M)g*(n—k) (3-30)

Wi I Ao autocorrelation ¥4 g(n) ey rxg(k) vJu cross-correlation sequence LRI x(n)

waz g(n)

3.3.5.4 Autocorrelation Method

o v Y A= o w o v d' 1 ' g 1 <y G4
dmsudeyaniilidndnuu Yeyaniegusnye [0, N]asgnimuaeiugud

ANMUFUNUSVDIIT NS ULAAISIEUNITA (3-35) D14 (3-36)

Zp:ap(')rx(k—')?fx(k):k=1,2,--, p (3-35)
(0 =3 x()xes (- K)ik 20 (3.36)

3.3.5.5 Covariance Method

(%
v v

dwsutoyainilliddninny selimvunrdeyaiiesnuentdas NN=1...,n— pugly

aunshi (3-37) uae (3-38) dmSuuszanaua

> a,(r (k1) = -1, (k. 0k =1,2,...p (3-37)
(k) =3 x(n-1)x*(n-K)ik, 1 20 (338)

n=p
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3.4 lumadwiuduundaya (Model Classification)

Tupailddnsuiuundeyaduduniianudidgyedrmiadunuide Wesn
Aeafiarsudentiminzauiuteyaiianala ludagtuiluwmananuaiesianldlunulssian

Fuun Tunwddeiddentdluwmalssinnmsisouiuuuiaouuasnsisouside e wiedinig

MruaUssntoyadeusenaume 3 ngu Ao nauildlnund nquazila waznguilnesdin
LI S ey
3.4.1 wusvaya (Splitting up Data)

lunsvaaestoyadounds 15 U (Y290 2550-2564) azgnuiideyadmivasy
(Training Set) Anvlu 70% wazdayansiadauugnaay(Validation set) Andu 30% naaay
10 A5Y AS9aY 20 58U uazdeyadnynvesl 2565 dmsunaaauliing FIg19N1THUTIUIY

ToyadmIun1sasu wanaiagunmuseneun 3-4

Data for training set 60% Validation set 20% | Test subset 20%
P> <

v

A

Data for test set 100%

A
v

AMnUsENauN 3-4 mmﬂﬁagaﬁm%’uaau Uszilunaznaaay

3.4.2 Tumauszinvnsiseuiuuuligaay (Supervised Learning)

Fonlama Machine dearning dnuduldlunisneaes Tneluwmafidonldhaun 8
wilm Usznauaae SVM, NN, DT, KNN, LR, NB, GB, RF Tngld scikit-learn versions 1.1.1 $uuu
ADNAUMDS Intel Core i7-12700H CPU 2.30GHZ, 16 GB of RAM Tun1ssulumaaziinisusum
Ansdimesiivnzay Welilunaiiuszavsamgean s1vazdenvesnisusuamiimes

LAAIPIAISIIN 3-19




A157197 3-19 NSUSUAINISIMeSVBIlULAaLAaL LA

Taaauuuiligaay

ANUALTI9AINISITRDS

Support vector machines (SVM)

C =0.001, 0.01, 0.1

Kernel = Linear, Radial basis, Sigmoid

Neural network (NN)

C =0.001, 0.01, 0.1

R =L1norm, L2 norm

Decision tree (DT)

max_features = gini, entropy

criterion = auto, sqrt, log2

k-Nearest Neighbors (KNN)

n_neighbors K = 3,5,7
p = 1 : manhattan_distance
p = 2 : euclidean_distance

p = arbitrary : minkowski distance

Logistic Regression (LR)

C =0.001, 0.01, 0.1

R =L1 norm, L2 norm

Naive Bayes (NB)

P = default
V = 1e-09

Gradient boosting (GB)

n_estimators = 10,100,1000
learning_rate = 0.01, 0.1
max_depth = 3,5,7

Random forest (RF)

n_estimators = 10,100,1000
criterion = gini, entropy

max_depth = none

90

wanewmn: C uafiauaudnnndunsibidunssgiusazldidioniuaunisiin overfitting

vodlunatuseninenmsious ; Kemel: Wunisseyussinnesiuanagldlulumg; R wanad

Usstnnvasmsvibiduninsgiu; p: iWuardmiuivuadiinassesnauwsazaie; V: dauves

AnuLUsUsiind I lunasaiionnuatoslun1smiuan ; learning rate: Wunsimuna

gnIINTTeUIlUAAETY; max_depth: n1sAmuarIANANTULAaEYY; n_estimators: fivun

ANV AT LYUIYBYVDINITHUILYN
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Tunsusuaagldarainmisned 3-19 Taen15vn Hyperparameter tuning Liven

1 d' v} = 1 3 [~3 1 [ o 1 Yo
ALNraunuluma azidanAntu duAanlunsAruaa N Ul a

3.4.3 Tunausznvn1siseusiedn (Deep Learning)

lunuideidannsiseusidednyszian Convolution Neural Network (CNN)
warannonssudfivauisosenain CNN Lﬁaﬁ’;aL?Juiumaﬁﬁaﬂsﬂumué’mﬁwLLuﬂgiJmWLLag
flassasefimunzanlunisswunainuinund Taun CNN (base), LeNet5, AlexNet, VGGNet,
GoogLenet/Inception, ResNet kaz DenseNet TUnN15@oULATNAABUANYNABILUITBYAKUY
Weatuiuided 3.4.1 urazld tensorflow waz keras Wuasesiiolunssulusunsy Tudu
A5 Tmes CNN (base), WAAIRINI5197 3-20 uazasnmUsznoudl 3-5 drulumafiivde

AualtARIsuaInlusuns (default) Tudnwag pre-trained

A15197 3-20 NISAINUAAINISITLMDS CNN (base)

No. Layer (type) Output shape | Filter size | Stride size | Dropout
1. Input 168x168x3 - - -

2. Convolution1 166x166x32 3x3 - -

3. Relu 166x166x32 - - -

a. Max pooling 83x83x32 - 2x2 -

5. Convolution2 81x81x64 3x3 - -

6. Relu 81x81x64 - - -

7. Max pooling 40x40x64 - 2x2 -

8. Convolution3 38x38x64 3x3 - -

9. Relu 38x38x64 - - -
10. | Max pooling 19x19x64 - 2x2 -
11. | Convolution4 17x17x16 3x3 - -
12. | Relu 17x17x16 - - -
13. | Max pooling 8x8x16 - 2x2 -
14. | Flatten 1x1x1,024 - - -
17. | Dropout 1x1x1,024 - - 0.25
18. | Fully connected 1x1x64 - - -

19 Softmax Ix1x64 - - -
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e uti Convolution Convolution Hidden layers
) ONVOILtion  14x19x64 8x8x16 1,024
Convolution 40x40x64

83x83x32 B Output 3
L@ Normal

<% Defective
Theft

Hidden layers
64

Input image

Max-pooling 2x2

168x168x3 Max-pooling 2x2 ‘ Max-pooling 2x2 Kernel 3x3
Kernel 3x3 Max-pooling 2x2  Kernel 3x3
\ Kernel 3x3 / \ /
Feature extraction in multiple hidden layers Classification in the output layer

AMUIENOUN 3-5 IAssasnaiugiu CNN Alduaznisimvune

3.5 n1sUseiiunaluma (Model Evaluation)

[y 1 o

dsdrunauilunalUldaume nsUseiiunalseansaneedung luwanwddeidentd

o

fausillulunadnuiu 5 vl Usenaunie Accuracy Recall Precision Fl-score False Positive
Rate(FPR) wag AUC (Area Under Curve) 518azidgnain1skazn1sussiliunauaniag luunil
te 1.2.4 Myuszilunaliaafildduun M5 3-3 Finwanisnaassdanud Suiudeya

av Y] ! = | a v P~ ° a . Y
ldaunaduluusdas class ziinasianisiseuivedunauaziilontavilylumaiinnis bias b

(% [V %

Aty Medelafnwimetianisdanisivteyailiauna dwiden 3.6 WierhunUuaugadeya

[ ‘:l'

Wiguigunauuasnasdwun Ndfgitadiuanuuiuglunisieuivedlueg

3.6 Lwﬂﬁﬂmsﬁ’ﬂnﬁ%’agaﬁlﬁamqa (Unbalanced Data Handling Techniques)

Jayndeyaliauna Wudgwmdeiidanuddglunuiuingimanidoya

¥
=1 1 1 a 14 a a

wsrdndslzdmadenisieuiveduna Yeyanldlunismasssdiauliauna Yeyaunfawil

v
= (% L3

Sununnusziduddiiatuluyngiu wmnsalfivesdnge wiegunsalusznautiinaziiniu

9

weeluusdazl uwasvgnisainisazilinvewldlvAnTuvsenudeudsisusidamansenusieviae
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n. nsasslueanuRaun@ (Anomaly model)
%. ﬂmjmé’f’sasjmwué’ﬂmiwﬁﬁﬂ%’uLﬂﬁauﬁﬂlﬁ (Adaptive synthetic sampling (ADASYN))

A, MaiudeyalaensuTuldegunm (Image data augmentation)
4 3 wella aggnunldiienidamdeyaliaunalaglddoyaviinmeniu
3.6.1 d@519luannuAnUn® (Anomaly Model)

wannvateguuuuvesnginssunistdlnanululives AMR Wunauainussnn
Algln nMsiUdsuwdasvedrantubsazyisian nsasslunanuiaunanuluunaiy [38] 7

gnasiduiiednaesdnuazauRaunANAnaInMsazie dalulunuideilafnwinagyiany

wWhla weafalumamiuinUnftuinendeuasiiieuidssiusuwuuauiaundnnuly AMR &

Usgnaunie 2 lumavdnae lunadmivasietoyatisawaslunadmivainateyaaziiia

[

a &
FNYATLBYANAIU

3.6.1.1 Waadmsuairedoyatiin (Defective Models)

[ [

anuaizdanuluiines AMR fvananeUssinnusanunsaudele 2 @umen
Ag 1inTuainnieluiiines Wy natraiaadauInddlusunsy TusunsuAwIuEaUng 61
wansnanaUund Wusdu waziinanaieuen wu eangldlldvaniiu tinaingasetige

i Wiy anguuuuiinanidessuaunsadouduaunslananise 3-21

Tupn51991 3-22 AzasuULuutayanas UL IAkALasEinNWIAN1TAIN

a = a a av v o ° Y
wuasdlagiseusUnuuanuraundluunaunlainisnuniuissanssuakazdiunairadu
aun1snaenadesfugliuufinuaIniiines AMR 30t Traeeiteg1slulusunsuiiioasns

[

dyaaluiniaunAruan
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Tuna Tunadwmiuasredayadign
UNM wssaua p V" (p), navuawla p: 17, (p) Tumsadavis 2 gauvumeiuls X" (p),
N:normal sample
AU A v, FauUsiasununan :a,, OV, AaATI X
NAANS % (p) fio NadNSTlFINN1TUSEIALELIN T3
N3l usanunsenszuamalas anas (wiaziwasaiuiesuIama)
[% (2) =1.05 7, ()] | [Xs (b) = 0.9+ 7, (W) I[X, (c) = 0.45 % X7, (¢)]; ramdlom(t)
et uazaduAAsTisE i aaLUUEY
nsdl | usstuvdonszuaria 3 wdlsiaung
1902 | [X¥ (a) = o, * X[, (2)] & &L (b) = &z, * X, (b)] & &L (€) = e, * X,(C)];0.15 < o, <0.85
nsel: | wssiuvsenseuadla g gandiAunnsgiu (nseuauiavagaRauni)
T3 | [R5 () = ove x5 (@TIITXG (b) = ov, * X7 (DIIXS (€) = oV, * X (0)];1.5 < oy, <§
nsdl | useunSenseuaria 3 aanasedsasihuawe
F190-a | [X" (a) = o * X'} (2)] & &[X! (b) = o, * X, (0)] & &[X! () = @, *X,(C)];0.5 < o, <0.95
nyal Lmﬁw%aﬁszLLaLﬂuquéummnmﬁu’q 3l
$1395 | %5 (@) =% (0)=%;(c)=0, 7, -7,
el | wswuvdenseuamialamlavdsanas
[% (8) = 7 * X (@] & &IX; (b) = * X[ (D] & &[K; (€) = 7 * X ()],
4150-6

_ | random(0.125,0.925), 7, — 7,
711 ,otherwise

PN Y s v X ° a s al a
1IN 3-22 ETJLLUU?JEJ%I@V]&TNGUULLUUGU']EWLLﬁgagLM@T\]WﬂLﬁG‘!ﬂqﬁmWWU"\ﬁQ

sUuuudmiuaidayatiin sUsuudmiuaiedayaaziin

wseuvzansua wala anas Gheduuiaa) | wale anaudumud Wesuaa

LSeAUvSaNIEUANS 3 W liauna

919 3 LWaammLi‘Ju@uéﬁnmLﬁmﬁu

U G 1 a gj dl
LLsmumamzLLaLWalm ganUne (NTZUAUNN | 19 3 LW anaIluuAIn

wlageiinun)

LSIAUNIDNTLLENY 3 LNAANAIDEIALLALD Lmé’w'%aﬂizLLaLﬁu@juémw’Nnm
% =l I3 6 1 3 [ & d!

wssursanseialumudu1agIaIaIna ula LSIAUNSBNSEhA Nl NANTana

LssPuvIansenaalaaniisanag
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3.6.1.2 lumadwmsuairedoyaaziiia (Theft Models)
wlszasdndnvesnsazidinfeliiosioinslviaiesiaviefineseuelddeniy
Usnamsldliess degrammnsaiinulu nin. 1w mssensouuinaavesiuea mesenss
Widsulaglirufived msfauszawilifnedidents Hudu animgnisaifinu laesaw

awnsadnuUsznaunisaiiaduaunislanemisned 3-23 susuunsasiliafiinduazianay

danARBIUMANITAIAS

3.6.2 MIguAlsgLUUiuATIiUTuABuAlE (Adaptive Synthetic Sampling)

a

N34 uA108 19U UUF ALV USULUE suAnlA(ADASYN) tTuwdl dluisi
UsyAvEnndmsuthunuitiymdeyaliauga [39] lnensadgadoyadidesndt Uiuifiugumn
lnganfeanuduiusvesminielugateya USumusseeniauazn1snszatemieg1amvunzay 3o
ADASYN il#lusuAdeiiasusumuuy multi class AeazUiurnsia 3 class wanafanisnedl 3-24
ToyavzgnUsziliuAnuszernaventayaluliazngusenineanuduiusvaaAInTELaLAL

TN

3.6.3 mnﬁu%’agaiﬂﬂmsﬂ%’ugﬂmw (Image Data Augmentation)

s

Tuaushureuiiamesdvia (Computer Vision) msifisdoyalngnisusugunin
HumadenisildSuaudoudmivusudeyaliiaunaneuasuluaa [40] Feilnanovansdsa
sweglumaiadandm Tuswidedidonls33nsusuidshumis ( Position augmentation) Tu
maviiudeya uanafined 3-25 axUszneuseeazBunusazmaiauaITieesifivua
Felunmsusuussausazuuuazldmdsdnsasulunsiuudanm Tnemsimundmsfines

wuugulnlilasuuuunvainvaiy
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Tuna lunadmiuainsdeyaazilia
UNM wssula p 1V, (p), nszuaa p 17 (p) Tunsasen 20NUNUMEAINYS X" (p),
N normal sample
fuds | Aasdl B, B, MudsiiuAsunnunm o, Anadesau: x|
NGNS % (p) HadwslsnnsUsENMRwELINTagLie
nyal: wssunsenszuanalag anaadugud Wissuiumea
[%(2) = B, =X, @I [X] (b) = B, X, O] I[Z; (¢) = B, * x5 (©)],
azidn-1 0, 7, <t<r,
"7 | 1,otherwise
nsal WIINUNIONTZUANY 3 LWaamaQLﬂuﬂuéﬁnmLﬁmﬁ’u
[%(8) = B, * X, (@] & &% (b) = B, * X, (0)] & &[K3 (€) = 3, * X', (€)],
azln-2 5 0,7, <t<r,
> 10.9,otherwise
nyal: LSIRUVEONTEUATIY 3id anaswUUAT
o [% (@) = &, * X, ()] & &[X;; (b) = &, * X (0)] & &[ X', (€) = ex, * X/ (C)],
0.15<¢,<£0.85
nyel: Lseuvienszuane3 iaanasnziutuuaslndifoeiui 3ula
eSind [%1(a) = &, * X, (@] [%] (b) = & * X, (][ (€) = &, * X, ()],
randome, fortin0<e, <0.75
n3el: ussrursonseuaaln nduianisseluadounau
asiin-5 [~th (a) =inverse(x; (@)1l [~th (b) =inverse(x.; (b))l [~th (c) =inverse(x/;(c))]
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Tuna nsa$radiayans 3 classes Tsld ADASYN
aunm V,; (p) waz I (p) gnunusie x¢, (p) dmiuensisdves [X,,y,],
gadoya N(t=1,...,n)
Fauus X, fAofunuves n dimensional, Y, ﬁaﬁaﬁmumgmmuﬁa 3 class
gatoyavos N = N +N_,N_ < N__ TasfiN_ fo sunguifos (minority class)
N, A8 Bunauun (majority class)
HAGNS S, = yndeyalmifignadsty
1 N« 4
AuasEAUTeINgy (degree of class) :d = —"Tggii de[0]]
ma
2 | IFdegreeof class (d) < presettheshold(d,, )
3 | then
4 a"mawﬂ’a;gaé’mswﬁﬁy’wm (G)=(N,,+N_)*p
\ilo: B Anausavestoyaiisesnislaed f€[0,1]
> AUIUIATIAIUVRI T, = % t=1..,N_ iilo At Suruvesyatonalu K nearest
neighbors (Euclidean distance), I, €[0,1]
6 . R A
Normalize I} and density distribution I, = <=—, Z =1
2"
7 Funuardueseigadeyalmi g, = £ *G ile; G Swaudoyaduaszviimun
8 For t =1to g,
9 guidenevungudas(minority) X, 310 K e X,
10 aanaudeyadaunei S, = X, + (X, — X,) * 4 ule; 1 fedeyaiigndudmsutag
A€[0,]]
11 end
12 | end
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AN 3-25 T1UazdYALaTNITWNOIVDIIDNTUTUBNALWLS (Position Augmentation)

wadlafild A193U1BN1SYINNTY wisiwmasiinviua
Scaling mwasgﬂﬂ%’wmmmmmmﬁﬁmum (126x126), (109x109), (92x92),
(76x76), (59x59), (42x42)
Cropping MNATYNLEDNUINEIU (H19BWTINAN) 138, 108,78,48
Flipping mwwﬁn’luumﬁ%ﬁaumuau random p [0.5, 1]
Padding nﬂﬁwumaqgﬂmwgﬂLa%m’hwhﬁﬁmum random (a,b,c,d) range [1,30]
Rotation m‘W%QﬂwguLL‘UUEjm rotate range [0-270]
Translation A mazLadeulUMLRNL x-axis TEoLnY y-axis. | random translate [0.1-0.9]
Zooming amazgnainRsns1duseg random range [0.1,1]
Affine transform | nsuUadlagazadlidadunss svuiu uazqn random degree [0,90],
scale [0.1,0.9]

3.6.4 Mmsudsdayadmivaaunasnagaumaiianisdanistayanliauga

(%
Y

Tumsuisteyadmivasunaznaaeuiidetlazunnssluiunsmaassiiian
Heosndeyars 3 waargnsnndudoyagaiiertu uansfensned 3-26 9nduazsiinis
Wiguiigurnanisiwunlagldanilnenssuveanisiseusidedin (Deep leaming Architecture)
geldnanmquiliiesiuluiaded 2.7 TassdeUssamidiounoulagdu (CNN) Tunismnass
Usgnaundg 6 luiaa leun LeNet5 AlexNet VGGNet19 Densenetl21 ResNet50 ua

[y 1o

InceptionV3 lagusiazlunadzdueiu 4 sUnuude Joyaldauna (No balance) 35lunandn

AAUN# (Anomaly model) 38n15gudIag1anuudunsennusulUasuaila (ASASYN) wazn1s

iintayalaan suTulssgUam (IM)

-'-NI o ¥ % Q{' o :.’/
ATIIN 3-26 VIUIUYDYALITINULATNTEUFVIVINFUAATY 4 E‘ULL‘U‘U

PRaRr! No balance Anomaly model ADASYN Image augmentation
Toya/3a | UTIU | ATEUA | WSSAU | nIsuA | USeW | nTEUA | WSSAU | NIz
Uni 4,038 2,429 4,038 2,429 4,048 2,425 4,038 2,429
‘l?’liqﬂ 530 1,263 4,038 2,429 4,037 2,447 4,038 2,429
aviiln 222 679 4,038 2,429 4,059 2,441 4,038 2,429
IUIUTI 4,790 4,371 12,114 7,287 12,144 7,313 12,114 7,287
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Mnuailaannsaeularsuaugndeetluma  Tunavggninlunaaeudiu

Joyadnyn JadudeyailumaldliSeuiinnounaziuninuese seasBennaindei 3.7
3.7 Bnmadeuluiaa (Test Model)

MnmMsnunNdeyawsazsiaudninnduunifiewieudeyanouinsadaiy
feature doyasdosdiaugniesuazifuinmsg ety feature flafalddurzuadu 2 dw
laud deyadmsuasuluna (train) wazdeyadmsulsulunalyiiiainugndes (validation)
9Nt feature axgndoudnglumaiiolilunasuiuasuunanuuanaisesurazsULUY

v YV

Wielumaseus (train) wagyiin15UTUAY validation e luaaaggniiumedey (test) fudaya

Y

3nyn Usznaume Tayalutiaiandagtusasdeyanliannunnisalass swazdendasaluil

3.7.1 naseulunandayayadu (Test with Real Data)

mglunuifeldvoyalusfnyiet 2550-2564 dmsuasunarusuliea lnedaya

U 2565 2zgnihuildnageunnnnissiusindeyaniu AMR monitoring lnenisguidendeya

[ v A

nnynnevmndwminiegluanuiuiinveures  niln.  Fedsddglunismegeuasidenianis

(%
0

lunanlanagwsnawindy TunsunimegeulinaiuyadoyadulanifianInlsenaui 3-6

w P nn ¥
|/ ~ y!

il 1

| - 43

$ 1159_time_NA 1160_time_NA CWT_NA1 CWT_NA2
B o 7 I il
TR e AR IR %
5 L Py
v H — - -

—
CWT_NA13 CWT_NA14
1171_time_NA ¢} 172_time_NA v &
weNUIYA anaugunin

AMR monitoring

ANUsENaUN 3-6 Tuneun1snaaeulinaINtayayndu

3.7.2 nagaulAaNMAN15aIa39 (Test with Real Events)

] % c‘l’ [ ° PN v a a v
damsunmmeaouilazilunsveassilueailaluldauasa ISUAUINNT
M3I3EBUNIUTEUU AMR monitoring iWenuanuiinunid Yeyaazgnineenunltusulug excel uaz

lvlddananteudglunalaeSuuulusunsy Jupyter notebook iislanadwsuaivzeeniy
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ATIRARUNTIUIT I glLar Buduran s MUNYadlIeE 1AgnTEUIUN1STURDUNNTNAGRU

lnafuwnnTaiasuansfanIndseneudn 3-7

AMR monitoring

Export file g ¥ i
e~ A39ERU
asrvaaulusTuu AazLAm AT19URIS

AMUTENOUN 3-7 TURBUNITNAABULILARINANITAIDI

NNINAapdrInuUssiung Jeyaildivarevainngy wanevateussnm
ALl Aeudinlunuidelamvuaveswaudiunsdiunny dniuluiden 2.8 audunisfing

wazneaedlagldivetianisudaingudeyaiiouiuissuisudmsunuussansamlviulueg
3.8 Msléinaianisiangudaya
3.8.1 wallanldIangu

daarsandeyaniildiangsiiioduunanuuand1anudn Yeyauisdiud

'
=

doalvaaluslnd Wiissasenisafuussnngldln fedoyadldduusznoudaeldl
vanvagUszin lidasidutuiiegends S gsfvundn nanswaglvg luuisguuuud
waAnssunslilnaniiuansinstuy wuhuiidauinsenznatsiu uanaafugsialsusms
oovvsiu filamaen 24 lusnagldlnangerianansiu suddlsanugnatvnssudiaued eg
paoaa udu Fafunsuisssanlagldinasivesnguansfinnfionaliifiemedmiuns
thandauszanilnan Snitenndesnisduundaindiolinsuiameresanufinnfdu n1s
InnqurouuazndsusnysuandnisvilsiazeiiuUssansnmuazanugndediiitulig
Tusuidedidenld35 k-mean clustering w1gaslunisdnnay Fanansly

AMUsENaUN 3-8 Toyatu 1 window F1uau 168 Admsu 1 flalW gniunvadeuazendiu
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PN PRy < Y v 5 =3 A o 1 v . v
PUEWUUHINTZTU LW@LUUW’JLLWTA‘U@%@ mﬂuuwaamwaﬁmﬂqmim% K-mean Clustering wazla

Silhouette Coefficient LioUsgiliunan1sinngy

nilAngean

Customers

Window

[ 1 2 . s 7 0

Customers

NG A W N e

AVG
0.086688
0.011889

0.02512
0.071237

| 0.020764
0.016299
0.112538
0.123533
0.099021
0.092942
0.093562
0.212504
0.209787
0.171561
0.047113
0.009263

SD

0.173127

0.01614
0.022497

0.06876
0.036019
0.003878
0.149779
0.164488
0.167718
0.153394
0.137819
0.264119
0.205004
0.222503
0.121195
0.015714

AVG

08
o7
06
05
04
03
02
01

0o

29819 k=5
8,
]
o %
° ° e 8 .2
o'i L °
. s
-0 . . ° ooo o ©
L ]
° °
o
D.EJD 0.65 D.Il[) D.iS 0.‘20 D.éS D.I30 0.35 D.:t[)

ANUTENRUN 3-8 LantunaunITIANGY

SD

Tunnsneassvinnisusulasum k faks k=2 09 k=7 wazidan Silhouette Score

e IANaN AMUTENBUT 3-9 LARIRIBEIINITIANGULTIRUNTITA 1TU L1ilB

fmuaen k=2 A1 Silhouette Score Wiy 0.5220 waziiiouSuliiuai k=5 vilwan Silhouette

Score anawyiniu 0.4833 wafunuian k=a 1%A1 Silhouette Score iU 0.5576 & gil

=

ANEaEA WAz MUTENaui 3-10 uaneiie819n15¥ dendrogram Aun1sdnngudmiungumis 4

NANVDILTINUNTIA
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Dendrogram Clusters of customers

Cluster 1
Cluster 2
Cluster 3
Cluster 4

0.35 4

,_.
]
[ 1 X ]

0.30 4

0.25

0.20 4

061 015 -

Euclidean distances

0.4

Deviation of time series

0.10

f— =] ) oo’
024——=_ | 1 0.05 1 d..
o e A L o [ -'.')\ﬂ" 0.00 A ®

0.0 T T T T T T T T T
T T e TS TR P T T = 0000 0025 0050 0075 0100 0125 0150 0175 0200
Customers{avg and std) Average time series

AMUsENOUN 3-10 Dendrogram UagnsiangudmIunguuswiuig1n

3.8.2 nsaangunauduunuiuuiauni

NnransIangusUuuuUnAaussiuiiiios 1ngu Tuvaeiidnszuaiisiu 3
nau tudeAuswlsifnasensinngunouduun uidinszuasziinasdenssuunTIEgULUY
Anunfazidsundasmudnuaznslaln degau dilnsoniinimuszneud 3-11 fins
¥lnaon 24 $ls () Wleiaruiinund CT 5130 () Anszuaazanasindidsaud Feazifiu
AmnuuansnsfuUnAegnadnou Turasiinminun WusduuuunafgldlnginsTdnanane
Frananansiu (a) uaztramanaiiinsldlvaniosas (1) fganariidnssualndidoagud

Aatumnlddangusuuuudsnanneudiun eravihlilunaduauuazyiuneianainla

(n) () (m) )

AMUsENauR 3-11 Anssuaunfwazdnin(n-) wasAnsewauni(a-o) glalvseni

d115UNNTEONUUUNNTNANBIALHINTUNANITAINTEUE INTI2INENTALUINGY
anwardn@liuinnidn 1 nqu Jeyadildainnisdanqudmsuainseuaszuuadu class 91uau

3class wazldluina DenseNet121 &l 3 YaLiDIMUN WAAITIEAZBEARININUTENRUN 3-12
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layafu NN N
2 1 1=
| suuvutgangy 1 :
sUwuuUnAngy 1 Qj DenseNet121
(¥nfi1)
sUuuvaziiinngy 1
: 2 e
suuvuthsangu 2
DenseNet121
|:> sUsuUUNANgY 2 ' (Yan2)
"
sUnuvasLiinngy 2
DUNTUIAVDINTLUE
N - 5
suuvuthsangu 3
- S DenseNet121
M (i3)

sUkuuUnAngY 3

=

sUuuvasiiinngu 3

ANUTENBUN 3-12 MIWUINGUBUNTUIAIVBINTELANDUINUN
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3.8.3 NIIANFUWALENFULUUANNHAUNANINENAANIAN

Tunsdnnguasiiulaininisingluuumiuinunfvuensenduusaznqude
LssRudIgkasLsRUaiald 4 nau nszuatisakavnIuaailinle 3ngu lWminenanvenis
UL UURAUNALNTANG UABABINITIATIENANFNRUS SEMI A MURAUN AL agng Uiy

a A o 9 o Y P ° Voo S a & =
anvanIsie e luimwsedmsulnasulumalvaiunsaduunlats@aivaiiniu e
aunsadnsesiliingusuuanuRaundlaiinainawmele sULuuRIna1avg N luUsEEndiv
n1sassdeyalaglilunaniuidaund (Anomaly model) lusiada# 3.6.1 wielvladayad

A0AARINUANMA AT 3-27 UansanvugMIalawazinuued1In aunsawdsteyale

et 9ay 6 class Ingaggnihludanguiunaniswennguntiainiite 3.8.1

a a o a o ° [
MITNN 3-27 EULLUUagLﬂJ@V]WUQiﬂﬂ‘UEULL‘UUGU']EWT\]’]ﬂﬁgU‘ULLﬁNLWE]U

sUnuvaslininuae sUluutIIA NsTUULdLAY

1Lanwday/unluany Control Yausadu | 1.Asymmetric Power

2. snutav/unluany Control yanseua | 2.0ver Current

3.3nuwazyn CT w3 3.Voltage unbalance
4.6 DATDUYATIAU 4.Any phase current = 0
5.60ATBNYANTEUE 5.Reverse power

6.99a181INTOU 6.Voltage Failure
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Ui 4

NaN1578

Tuunililonisusuanmsiiraniiainmsadadeyauviinisinsie 1938013

439010 adf wnund iefnwuaziaiUTeueuisazimaia andudinudnuuzdautig

lunanazdsuiduna Ingzdnauenwsniluudazivada I08HaMULANFANTBINITIANGULS

avgukuuiila
4.1 wamsafadayalaglidoyaanAfineslnense

4.1.1 wan1sanadayalagsiunislidmatindiaseideyalaens

Tudetazlunsihdeyasniiies AMR madalaeld 3 walla laun

s

A, @NPANANEULANURAUNATLAATUIUTIIANNIATY

aa 1 1

9. @ANNANANYULANURAAUNRTNANTUNDUTINIATINIATIZI

A, @RANAITTULNNUATAIUNUILUL (Distance and density measurements)
Tupn9197 4-1 wazn1379 4-2 wanenisiaundanaiianldlunsaiadoyavesusaiuuaznssua

M1517 4-1 nsaintoyaainausaiu wazmetanld

1. #NAMANLANATIYIUTNUTENINUNRNY Raunf(sautisaiuaziiia)

Ay ANYULVDINITLAN wadadild
WS 3 Wlavounaa | -mndvSeanasiiaun Wspue < 10% V,,
+ugud wsssua = 0 v
-upnAeAUTENING AN wsssulalsiauna 91nauns
NaUNR AV = Vo —Viin
- ULSIPUgeRaUNG Vi
Wsspue > 10% V,,
wssdula < 0 v (1a/1adl)
g > 120 v3m (19/1xlw)
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d‘ U ¥ ! U a dl ¥ !
#1919 4-2 NIENAVBURIINATNLIINUY wagnataaldy (Gh))

2. ANAANUUANATVDILTIAUFULUU F13 (Defective) uag azilia (Theft)

AUs

ANWULYRINITHAA

watanly

LSIPUNT 3 LNENSaUNLNE

nviseanasinUni
+ugud
LANFNNAUTEWINUNANNA
NAUNR

- ULS9PUgeRiaUNG

N1TUIYINIAINTLANAIY
NAUNG

“Tuyay, Juans, g,
Tungaintngny

-99341781 on-peak off-peak
Aeds Z. - Tu 1 99

score

-Avady Z. Tuseu 17U

score

il > 120 931 (1o/lalle)

M1397 4-3 MsanateyadnNAINTELE wazinatanly

1. #inAMALANANSYBLAINTEUETENI9UNR (Normal) Auliaun@ (sautigaiuaziiin)

AUS

ANWUZVDINITHAN

watanly

ATTLENY 3 WaNTaUILIE

-ANNIMI0aNAINAUNR
+Juguduraa
-LHNENNAUTEAITNALN

NAUNK

- ﬂizLLaqqamﬂﬂa

nIzwaa < 10% I,

nIguaad = 0 A

nszuaa ldauna 31naunis
(I

Al _ max min

max

nIgwaa > 10% I,
nszuawa < 0 A (l4/laile)

NUWENTZUE > 120 D961

(La/Ladle)
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A v v ! a g v
M990 4-4 ﬂqiaﬂ@ﬂagaﬂqﬂﬂqﬂiguﬂ LLa%WlﬂUﬂ‘WISU

2. #NAANULANAT9YRIANTEUEFULUY 150 (Defective) Uag azilia (Theft)
fauds ANWUZVBINISLANA wadafild
nsvua 3 wavdeunala | -snivseanamauni N1TUIYINIAINTLANAIY
+ugud AAUNA
SLAAANNAUSEAINLNENN AU, s, 99eg,
AaUNA Tungatindngn
- NSTUaAEEAUNR 43391987 on-peak off-peak
Anade Z,,, 1 99
Anade Z,,, luseu 15u
il > 120 931 (19/lalle)

Mnudazmatalunsed 3-1 way 3-2 Uu danadadeyailudnvue (feature)
Ingldamsadfuasaiszesnng Usenaumeadoyailidudaay (Numerical) wazliidudaiay

(Nominal) lédanis1eit 4-3

A15199 4-5 Feature NanalaannNIsIATILARILYINIAT 31U 37 feature

No. Feature Description Type Period Time
1 Va_raw Raw data Va Numerical
2 Vb raw Raw data Vb Numerical
3 Vc_raw Raw data Vc Numerical
4 Va_zsc Zscore Va Numerical 14 3u
5 Vb zsc Zscore Vb Numerical
6 Ve zsc Zscore Vc Numerical
7 Va_zwa Zscore Va Weekday Numerical
8 Vb zwa Zscore Vb Weekday Numerical
9 Ve zwa Zscore Vc Weekday Numerical
10 Va zwa p Zscore Va On-Peak time Weekday Numerical TusTIUM
11 Vb zwa p Zscore Vb On-Peak time Weekday Numerical
12 Vc zwa p Zscore Vc On-Peak time Weekday Numerical
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A15197 4-6 WaARNY Feature NANALAIINNITIATIZAANNYINIAT I1UIU 37 feature

No. Feature Description Type Period Time
13 Va_zwa_op Zscore Va Off-Peak time Weekday Numerical

14 Vb zwa op Zscore Vb Off-Peak time Weekday Numerical JUSIIUAT
15 Vc_zwa_op Zscore Vc Off-Peak time Weekday Numerical

16 Va_zwd Zscore Va Weeked Numerical

17 Vb zwd Zscore Vb Weeked Numerical

18 Ve zwd Zscore Vc Weeked Numerical

19 Va_zwd p Zscore Va On-Peak time Weeked Numerical

20 Vb zwd p Zscore Vb On-Peak time Weeked Numerical Tung
21 Vc zwd p Zscore Vc On-Peak time Weeked Numerical gaduni
22 Va_zwd op Zscore Va Off-Peak time Weeked Numerical

23 Vb zwd op Zscore Vb Off-Peak time Weeked Numerical

24 Vc zwd op Zscore Vc Off-Peak time Weeked Numerical

25 Va_drop Voltage drop Phase A (Yes,No) Nominal

26 Vb_drop Voltage drop Phase B (Yes,No) Nominal 14 Tu
27 Vc_drop Voltage drop Phase C (Yes,No) Nominal

28 Va_zero Voltage =0 Phase A (Yes,No) Nominal

29 Vb zero Voltage =0 Phase B (Yes,No) Nominal 14 Ju
30 Vc_zero Voltage =0 Phase C (Yes,No) Nominal

31 Vubal V_unbalance(AV) =Vmax-Vmin/Vmax Numerical 14 T
32 Va_ove Over Voltage Phase A (Yes,No) Nominal

33 Vb ove Over Voltage Phase B (Yes,No) Nominal 14
34 Vc_ove Over Voltage Phase C (Yes,No) Nominal

35 V_man Total manhattan distance for Voltage Numerical 14 T
36 V_euc Total euclidean distance for Voltage Numerical 14 Yy
37 TOU Time of use (P,OP) Nominal 14 3y
38 STATUS 0 = Normal, 1=Defective, 2=Theft

4.1.2 wan1sasizilaaldnisadienin (Visualization)

nveyaluusiay feature vi1N1T visualization uanRIRINMUsENOUN 4-1 LAy 4-2
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4.1.3 namsmanudunusvasdaya (Pearson correlation)

91N15an A Feature L@ anua 37 features LU U¥LA Numerical 91uU 27
features waztduviin Nominal 37121 10 features (1% one-hot encoded wiasadu Column
888 9 WUU Binary 0/1 A% value ¥83993a) UUe class 3 dnwauy Av Uni (Normal), ¥150

(Defective) uazasidin (Theft) Toyawusiansandy 2 ¥a Ao AUSIRULAZAINTZLE AITY 2

| A g ¢ v a

H1UN15Y11 Normalization lagld Max-Min scaling uazdayaiuuszinnailidumud Yoyanme

Y Y

\ ' v =

ayatilugesing aldruadelunsifudeyn uwarAnnsesdoyanlianysal @wwizunaa) sen

e

mANuduTusvesteyalagld Pearson's r Correlation UaARIAIIRURININUTENDUN 4-3

wazANIERARInIUsENEUN 4-4 nuinlagdiulngjvues Feature nszuatiuulibadnlnaaud

Pearson's r Correlation Voltage

TOY———i

Vc_qﬁzl

Vubal
Va_zero
w—

Va—zwd—op

L

vo—Ew
(W7
Va—zwd—

L
voa—ZWa—op

uuuuuu

vvvvvv

-0.6 -0.4 -0.2 0 0.2 0.4

ANUTENOUN 4-3 ANPINUEUNUS Pearson correlation k59mu

wuindoyalaediulngves feature usauiiuualiandu Negative correlation

luvugnanTzuatuu feature TAfasuaglnalAgaiuaud uang 2 dudsiuuildumiouniu

I A& G4 1

flo feature Anszualiiauna Afduguduarrainnislidinssesneadifeudanluuin wids

Y

agslsAnuanlagaliauduius furauttas
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Pearson's r Correlation Current

TOU

lc_ove

lubal

la_zero
——te—drep—
la_zwd op
lazwd p__
la_zwd
la_zwa op _

la_zwa_p
la_zwa

Ib_zsc
la_raw
0.4 -0.2 0 0.2 0.4 0.6 0.8

ANUTENOUN 4-4 ANPNUFUNUS Pearson correlation NSEWa

4.1.4 waansn1saounaznagaulung

nsaeululnauaznadauAINgNAeY (Train and Validation the model)

ANUIUANNANRAYVDINITNAFBUNINUALEAIANINITIN 4-4

159 4-7 HANT train Wag validation Teyalagldmaiininsen

ML models/Parameters Voltage Current
Train Validation Train Validation
Neural network (NN) 0.7047 0.7049 0.5408 0.5307
Logistic Regression (LR) 0.6849 0.6846 0.4903 0.4908
Decision tree (DT) 0.6704 0.6685 0.4589 0.4688
Random forest (RF) 0.6320 0.6308 0.5674 0.5320
Gradient boosting (GB) 0.6006 0.6566 0.5099 0.5098
Support vector machines (SVM) 0.6262 0.6208 0.5233 0.5433
k-Nearest Neighbors (KNN) 0.5877 0.5787 0.4798 0.4687
Naive Bayes (NB) 0.5855 0.5873 0.4775 0.4781
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NaINNIIMANdLTusTeyauazaindu feature wuindeyalnvdiulngves

feature wsaruduuildundy Negative correlation lutna Neural network (NN) wa Validation

)=

70.49% gagn uazve feature nszuanNduNusToyaduwldidlndaud luna Support

LY

vector machines (SVM) a3 ua Validation 54.33% 1 ueaaan waziil otUSeutiounaann

Y 9

'
a 1 1

AmUsEnault 4-5 wudt NN Tiraugndesgedn Tneiaussnulanadwsnanitrnseua

. . Aa a Jd '
wans validation matindnsigsiauasianan

I

|

I

I

| mvolt
I B Amps
I

| F G NB

LR DT R B SVM KNN

Accuracy

o o o
o N B o
I
I

Model
AMUTENDUN 4-5 Nans validation MATAILATIZARINLIINIAT
4.2 wamsafadayalauuaiuazlaumuaiud (Time and Frequency Domain)

4.2.1 Narsaunsanadayalamuim

luiidetiavideyadimesiiunng 15 wadl sauianun 672 A1 windu 1
window Anllu 1 Samples wihnsafialagld 5 wada lnenanisadndeyaszgninauedu 3

sULUU Usznaume

4.2.1.1 namsananaglulamuaynsuian (Time domain)

msadadoyalulauueynsual 9un1sHIIAININAITOIUSINULATNTE LA

[
==

Wesneduamisiwesiuguiasvieuliiuidnvasuasguuuuanureundniatu Tunis

= I

ATl 4 wiatla uUssyndTadigaiauiuana1aiy W (n) Ameada agldnisAunaiiugiu

q

a 4 aa s U o v IS
NNAUNFAIENT (V) ’JﬁLLEJﬂENﬂUi%ﬂ@‘U“U@QEJHﬂﬁJL’Jﬁ'] Q%LLUﬂﬂWIUﬁ’WﬂU@HﬂiN@@ﬂNWL‘Uu 4

sULUUg Y () Auto-Correlation astdunisiasizrinuduiusaidunounds uaz (1) 35
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wuudnaesdan Feaziunsanvuindfvesteyabieglusuvesrndusednsnoudeudng

Y

lunatiiodnuun lnadleaialinuanvauzudwiasinaiaazgniluSouiuasnaaauientiu 719

v

4 MADAUTENBUMILAIN

n. Basizilagldanneadia (Statistical)
¥, Wnseilagldisuenasdusenauvedaynsuiian (Time Series Components)
A Awnszilagly Auto-Correlation

3. FBuwuudnaesdgygiad ( Signal Modeling)
IngagianmanIsainLasfiieg1anan1sansgunIm (Visualization) fasialuil

A, eszlasluAInieand (Statistical)

[
aa v v

lunisadalagldaradfdudesneunie 5 audnuyuglaun AgeEn A1A1an
Anade Alsegu wazArddesauunnsgu Jeyasynsuiaignadadu feature T d1uau

20 feature S39n519% 4-5

AN5197 4-8 Feature Nanale 91uu 20 feature IaeluAmie@da

No. Feature Description

1 VOLTA Max Maximum Voltage Phase A

2 VOLTA Min Minimum Voltage Phase A

3 VOLTA Mea Mean Voltage Phase A

4 VOLTA Med Median Voltage Phase A

5 VOLTA dev Standard deviation Voltage Phase A
6 VOLTB_ Max Maximum Voltage Phase B

7 VOLTB_Min Minimum Voltage Phase B

8 VOLTB Mea Mean Voltage Phase B

9 VOLTB_Med Median Voltage Phase B

10 VOLTB dev Standard deviation Voltage Phase B
11 VOLTC_Max Maximum Voltage Phase C

12 VOLTC Min Minimum Voltage Phase C

13 VOLTC Mea Mean Voltage Phase C
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A15197 4-8 Feature annla 31w 20 feature Ingldamieada (fa)

No. Feature Description

14 VOLTC Med Median Voltage Phase C

15 VOLTC dev Standard deviation Voltage Phase C

16 VOLT3P_Max Maximum Voltage 3 Phase

17 VOLT3P_Min Minimum Voltage 3 Phase

18 VOLT3P Mea Mean Voltage Phase 3 Phase

19 VOLT3P_Med Median Voltage Phase 3 Phase

20 VOLT3P_dev Standard deviation Voltage 3 Phase
STATUS Normal (0), Defective (1), Theft (2)

PNUUYINNTNAT TR TEN1585190 0 (Visualization) nan1sane time
domain TagldA1m1seiia (Statistical ) Lans Scatter plot Matrix LU3guLiBuLAazWE 69

ANUTENOUN 4-6 ANLSIAULALAINUTENBUTN 4-7 ANNTLLA

s v 7 @, S
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™
B
5]

Jn1snsganesn
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=

“ ' T #e @

—
=
=

Mean Voltage Phase
B B
= =

aUAYIUNUNY m .

—
=}
=

»

=]
o' 220 1
b

ANTNILAL

u
B

Mean Voltage Pha:
5 B
= 3

L] L
L]
40 18 [ ] [ ]
o' 220 4%
i
m
=
& 200
5 »
2
= 1ED
=
! %] P v o & Normal
Elbn_ maga%awunu ® Defect
T .I T T T T . T T T T - T T ¢ Tnert
P = w = ] = = = = = = = =
= = = =] a2 E] E =] =] E] E = =]
Mezan_Voltage_Phase_A Mezan_Voltage_Phase B Mezan_Voltage_Phase_C

AMUTENDUN 4-6 (989 Scatter plot Matrix ANLAAUUDILIIAU
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AMUsZNOUTN 4-7 foes Scatter plot Matrix ANLANYDINTZLLE

¥, Anneilegldiuenasdusenauredaynsuiian (Time series components)

ayafudmiuAIIiY AunImUsenaudl 4-8 azgnuenasrussnevseniu

Y

=N

trend seasonality kag noise AININUTZNBUN 4-9 613 4-11 MUAIAU U INUTENBUNA-12 D3
4-15 \JupdauUsnszud raw data trend seasonality wag noise MNEIAU Wiay class Ign
Aasiziiieduninnuuana1sluwsazesrusznauiinty sxdunamiuil nmsUdsuwlasde

AnAMURAUNANATUTENIIT JaLazatiindwunldunisanasfindne i

normal_volt
0.97 1 a
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AMUTENDUN 4-8 DL NFYYIUAILTIAUIINTZUU AMR
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AMNUsENDUN 4-10 F9819n15:0RYN (seasonal) ALSIAY
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AMNUTENDUN 4-11 Mg19AULUSUIIU (Noise) ALY
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ANUTENBUN 4-13 FIDE19kUILTU (trend) ANNSELA
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AMNUSENDUN 4-14 WaRPIB819N15IANEN (seasonal) ANNTLLLE
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ANUTENDUN 4-15 WaRPI88719ANUBUSUIIY (noise) ANNTLLE

A. WAselagld Auto-Correlation (time domain)
ANUSZNBU 4-16 way 4-17 LLaﬁ]\‘iﬁh auto-correlation SUENLW\WTU NS EAREANNG

MINEIRU IieTRTIsTiANuduTusvestayaisuiuadutayanountn sULuuUnAay

] [y a o a

wansieusiuuisalavaziladeutnedniau luraugnisaduasiiindadianuasieni

9



Autocorrelation

Unf 8 o 8 o

ANUSENDUN 4-16 WaRIAN Auto-correlation UBILTIAU

e,

Autocor elaton Autocorrelation Autocorrelat

A - - MMM
i : ’ - D

e L e J '

o azile

= © 0 5 ® 5 o 5 » o s © " » = »

ANUSENOUN 4-17 AN Auto-correlation ¥89NTE WA

3. FBuvudnassdygiad ( Signal modeling)
o a oA o aa ° o o Y =
Wnaneudndeninishuudnassdygia aldauieneinisfnyunazan

PuIudeayaan 1 window Wivdeieerdulssavs nssuiunsainuansfsnsedm 4-6 wagld

ArdudszdnsAladunndudunudoyadudrgluna dmiunissd 4-7 \Bunanisiien
FuUszansAleunussunaandutiiawseutieu minimum error MAadu Tun1siUSeuiovay
wonoaniulsazalulsazizsnisildvianun 5 watda nadwsile Covariance method 1vian

minimum error sfign s8sasu1L8u Prony method

A5N7 4-9 Mvgenaunazdinsanalagldluuinansdayion

Before After
Patterns Voltage/Current -g Voltage/Current
Normat (V) wi(D) | & [Nlag | Nlag | Nlag) | Nibg
Defective(D) | My(1) | wi(2) | 2 | N2ag) | N2ag) | N2a) | N2b()
Theft (T) : w;(3) *§ N3agy | N3agyy | N3ag) | N3b)
My(n) w; (4) N4ay) | N4acy | N4acy) | N4b()
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[y

M1599 4-10 W@ minimum error Ya3LUAANSWAIAT NFYYIUNAY

Parameters Phase Pade Prony | Shank | Autocorrelation | Covariance

Voltage A 62.2289 1.0584 a4.1277 1.9991 0.3590

B 56.3503 | 1.0349 | 2.2051 2.0492 0.4239

C 42.6933 0.9364 1.2810 1.9236 0.3971

Current A 68.4215 0.9939 2.2459 1.3403 0.2743

B 97.7940 1.0984 | 2.4319 1.6787 0.2703

C 82.9018 | 0.9001 | 3.3441 1.7922 0.2334

All average error 68.3983 | 1.0037 | 2.6059 1.7972 0.3263

4.2.1.2 namsaauuaznagauluaadndayalauuiind
Toyanliannisaians 4 Favgndowdnglumaiiodiuun nadnsalauansas
M1397 4-8 Uag 4-9 Lmans 8 watiaazgnuiuAlaenisvin Hyperparameters Liteyeniivivli

Tunalaauusiuggegn

A1519% 4-11 man1saouLasadaulnad S UAILIIAY 90 4 ada

Buen BuuuIaes
BNeada 29AUIZNAUYBY | Auto Correlation deyayed
laoa AUNTULIAN (Prony)

Train Valid Train Valid Train Valid Train Valid

NN 0.6643 | 0.6048 | 0.4034 | 0.4537 | 0.5782 0.5358 | 0.6666 | 0.5555

LR 0.7005 | 0.7177 | 0.3339 | 0.3266 | 0.5762 0.5892 | 0.8069 | 0.8038

DT 0.4193 | 0.4838 | 0.2399 | 0.3572 | 0.4887 0.4160 | 0.7708 | 0.7166

RF 0.7446 | 0.7112 | 0.3893 | 0.3611 | 0.4741 0.4273 | 0.7458 | 0.8333

GB 0.7419 | 0.6919 | 05739 | 0.5202 | 0.4216 0.4937 | 0.7805 | 0.7028

SVM | 0.7619 | 0.7435 | 0.6657 | 0.5021 | 0.4354 0.4525 | 0.5972 | 0.7638

KNN | 0.5861 | 0.5677 | 0.4458 | 0.4448 | 0.5341 0.5013 | 0.7638 | 0.7082

NB 0.6823 | 0.6629 | 0.4170 | 0.4154 | 0.5932 0.5453 | 0.7055 | 0.7244




AN 4-12 HANISEDULALNAZDULLLAAEINSUAINTELE 317 4 1nAtia

suen BUUUTIADY

BNeana 29AUsTNaUYBY | Auto Correlation dryeyad

Taaa AUNTAULIAN (Prony)
Train Valid Train Valid Train Valid Train Valid
NN 0.7546 | 0.7580 | 0.5877 | 0.5584 0.3916 0.3254 | 0.7788 | 0.7501
LR 0.5650 | 0.7064 | 0.3894 | 0.4434 0.4270 0.4355 | 0.7887 | 0.7201
DT 0.6129 | 0.6558 | 0.3591 | 0.4060 0.4063 0.4401 | 0.7867 | 0.7299
RF 0.7058 | 0.7145 | 0.3275 | 0.4298 0.5116 0.5373 | 0.7877 | 0.7996
GB 0.6245 | 0.6838 | 0.3776 | 0.3874 0.4864 0.4369 | 0.7887 | 0.7106
SVM 0.7379 | 0.7566 | 0.3716 | 0.3278 0.4894 0.4313 | 0.7877 | 0.7491
KNN 0.5688 | 0.5758 | 0.3587 | 0.3276 0.4131 0.4300 | 0.7857 | 0.7353
NB 0.5570 | 0.5887 | 0.3464 | 0.3458 0.4805 0.4333 | 0.6888 | 0.6944
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dmiunsnaaeunarUseiliunalunatoyavasrkIInuLa LAl NAdY

gnuaniievinnsania nansadnazgninundousindu feature wazlourtgluna dedmsu

ANTZLANUII@0IRILUISLTIA LA NTzUa Touuudassdygralinadnsnfideseuiivuiu

WMATNANLAAD

Accuracy
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pamsnaaavawsiauV) naznszuad) WSeuievudazlaa
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Felunmdsenaud 4-18 uwamansiUSeumsumallansanateyavenseuaiay
LY a = = @ o 1 aa = @ Yoo s
useAudIU 4 nalla e M1 fe afnlagldrmneatsa M2 Ao atalagldisuenasdusznauves

auNsunIa1 M3 afnlagly Auto-Correlation wag M4 Ao analagldisuuudnansdeyyin

4.2.2 wan1safindayaanlamuadud (frequency domain)

4.2.2.1 HaN15ENANANTUINLAKIUAIINA (frequency domain)

lunsadadeya Toyaaneynsuiaignuladivieglulawuninud lneld 2 wedalaun

n. AwseilagldnisuiamBiesuuuliseios (Discrete Fourier transform: DFT)

2. AegilaglinnuiuinuuvesaunaSundsu (Power Spectral Density: PSD)

nan1sulasazuansnsiasesilagld Visualization wWisuifieuis 3 sUuuy
wansAd ey Inaseluaynsuan AmUszneufl 4-19 uay 4-22 uanifiogedaanaAIus sy
La¥NIELEINTEUU AMR muanau TudrunisudasiiSesuazaunafundsany FannUsenaud
4-20 89 4-21 dmTURsITY warnmUsEnoufl 4-23 fe 4-24 dwsunseua Taefiunu X sy

A1A1UE HlaR0E 19 (frequency/samples) AU Y WJuen Amplitude Wae Power spectral

'
=i [J

auddiu nan1sainazeglugUresrduuszdnsiiiermuadu feature soly
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AMUTENBUN 4-19 Mg NdYQIMAILIINY 672 A19INTZUU AMR
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= Discrete Fourier Transform

—— Discrete Fourier Transform

I 415m
NTELNDN 3
—— Discrete Fourier Transform
N9 AL

MNUSENBUN 4-20 A8E19A1 DFT Ua905391

---- Power Spectrum Density

a
; Una
i ]
\ .
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-=--=- Power Spectrum Density
45/
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---- Power Spectrum Density
a
NTLNRA
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'
= U 1 U U
AMNUTLNBUN 4-21 AB819A1 PSD UB9Ll9nU
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AMUTENDUN 4-22 LARIFIDENAYYIUAINTZLAINTEUU AMR
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—— Discrete Fourier Transform

[0 a
%0 Una
=
£
<
0.00 ANl
° - —— Discrete Fourier Transform
S o2 Y AREN
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E_ Q9
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0.0 A
© —— Discrete Fourier Transform
T 002
=
£
<
0.00
d‘ U 1 1
AMNUTLNBUN 4-23 ABY19AT DFT U89nIeild
1 .
@ i a ---- Power Spectrum Density
21 l . Unam
=1 b
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ANUSENDUN 4-24 F9819AN PSD U9ANSLLA

'
[y a

mevdrannisesedlagldzunin Seyafiauladuadduaudfuiiiety

9ninAlla DFT wag PSD AiildazUszneuseruounagaueusazauisefiedns uazldnng

Auamsaiaitermundu feature T6d1uau 20 feature $1uun 3 class aeandosfiumad

4-10 91nBu¥N13M Pearson Correlation uansfanIwUsznaudl 4-25 uag 4-26 ENUT

Ansuakazus Ll uduRuswansnaty Anseua Correlation dwlngiwunliufnau
A o o v

\Hosneadulseansiiataladadesuavdilndaud TuvaefiAusaiu Correlation 1uuin us

e WeiansanlagsiuvesAdziauaInraleseninegUuuuaziiaiudngn uazu1ean

Tnawdeanu
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M15797 4-13 Feature fianala s1uau 20 feature a1nwAila DFT uag PSD

No. Feature No. Feature No. Feature No. Feature
1 VOLTA Max 6 VOLTB Max | 11 | VOLTC Max | 16 | VOLT3P Max
2 VOLTA Min 7 VOLTB_Min 12 VOLTC Min 17 VOLT3P_Min
3 VOLTA Mea 8 VOLTB Mea 13 | VOLTC Mea 18 VOLT3P_Mea
4 VOLTA Med 9 VOLTB Med 14 VOLTC Med 19 VOLT3P Med
5 VOLTA dev 10 | VOLTB dev | 15 | VOLTC dev | 20 | VOLT3P dev
Pearson's r correlation voltage window freq domain
VOLT3P_Med pm————y
| ———

VBEFSP—n—

HYOtFe—dery—

VOLTC_Mea——

MOEFE=Max—=

VOLTB_Med  shmmm——

—— ]

VOLTB—Mimm=—i

MOEFA=dey

VB LT A=ihe=—

W2 ey

EFA=lax—

-0.7 -0.6 -0.5 -0.4 -0.3 -0.2 -0.1 0 0.1 0.2

-0.1

AMPS3P_Med

AMPS3P_Min

AMNUsENaUT 4-25 AN Pearson Correlation U095961 TulauA1ud

Pearson's r correlation current window freq domain

P
AMPSC_dev

AMPSC_Mea

AMPSE—hasx—a—]
AMPSB_Med

AMPSB_Min

—
AMPSA_dev

AMPSA_Mea

AMPSPp—as—a—

0 0.1 0.2 0.3 0.4 0.5

AWUSENOUT 4-26 AN Pearson Correlation UaInseuabulauuaAI1ud



125

4.2.2.2 finmsaaunaznagaulunadndoayalawuad1ad
NANTSADULALVIAADULARNIAIAITIN 4-11 Usenausie 8 luwmanunisanalaely
2 wAdA Aa DTF way PSD

A1519% 4-14 wansaeulaznageuluina DTF way PSD

LS9AU NSSLE
DFT PSD DFT PSD
Train Valid Train Valid Train Valid Train Valid

Tana/

watla

NN 0.5570 | 0.4677 | 0.5397 0.4677 0.6200 0.6182 0.6686 | 0.6041
LR 0.6965 | 05775 | 0.6612 0.6774 0.6218 0.6081 0.6771 | 0.5785
DT 0.5536 | 0.4938 | 0.4896 0.4895 0.6134 0.5952 0.6366 | 0.5985
RF 0.7584 | 0.7274 | 0.7296 0.7306 0.6424 0.6595 0.6458 | 0.5793
GB 0.6483 | 0.6677 | 0.6896 0.6193 0.6239 0.6175 0.6211 | 0.6207
SVM 0.7024 | 0.6451 | 0.7682 0.7258 0.6045 0.6165 0.6318 | 0.5850
KNN 0.5930 | 0.5838 | 0.6169 0.6548 0.6261 0.6122 0.6185 | 0.5781
NB 0.6785 | 0.6419 | 0.4636 0.5080 0.6225 0.5830 0.6228 | 0.5581

PNEaNIsNRaBIlaLanIN1siUSsUiB UNaaNSIEing DTF way PSD flan1nusena

1 4-27 azwiuledn RF dmsuadudsussiusaznssualinaansinngailoiSoufisuiuluna
4 2

U aeaneianidlunisadrasiwunltudululuiemafesiusazasnnanenu

uan1svedauinnalagldinaiin DFT waz PSD

0.9
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0.7

5 06 I I I I E I I "

0.5
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0.3
0.2
0.1

0

NN LR DT RF GB SVM KNN

NB

Accurac

EDFT(V) mPSD(V) mDFT(A) PSD(A)

AMNUSENOUN 4-27 nan1suadaulanalaslinaia DFT way PSD
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4.2.3 WANTUINANIIEDURAZNAFUTIN (Time domain and Freq domain)

WayinN1559099 2 Taume Time domain wag Freq domain laglaisyn1sads
lovianun 40 feature WuIMaNITEoUILaENAARUTWALUUANTULANIFI9NT19N 4-12

P59 4-15 mansaeunazadaulunasiy Time domain uag Freq domain

Time + Freq domain (35n14&8f)
Tuma/wmalin | Voltage Current Voltage Current
Train Valild Train Valild

NN 0.69654 0.69194 0.720415 | 0.779032
LR 0.688235 0.68387 0.676654 | 0.667742
DT 0.741176 0.71129 0.703114 0.73871
RF 0.809677 0.798387 0.805657 0.791935
GB 0.626298 0.55645 0.764706 | 0.725806
SVM 0.69308 0.68387 0.723875 0.762903
KNN 0.665052 0.67484 0.662042 | 0.669355
NB 0.69654 0.69194 0.720415 0.779032

4.3 wan1sanndayalaeld Wavelet Transform wuaznisuuaslviedlugy 2D Image

'
4:1 |

Tuiate 4.1-4.2 azdunsiansandeyaieg sUwuuniadfniunisanauag

Joudnlama uslwideiiieyapunsuiaiveuswiuiasnszuaszgnuiasleglusuuuuasaiii

U

wiowdugunin (nd8n1slude 3.3.3 uaz 3.3.4) A2891NN1INUNIUITIUNTTUNUINE NaNY

' (%
av a a LY

ATenGenlideyaiuuaesliitoudnglunauazlanadnsig anviesn1siasantudagunin
wUTINYaNvzALRNIzYRIRsaz JULUY Funallanldlunuideiusenausie 5 wade lawn
Continuous Wavelet transform (CWT) Recurrence Plot (RP) Markov Transition Field (MTF)

Gramian Summation Angular Field (GASF) Spectrogram (SG) ﬁ%a&iwﬁﬂgﬂmwﬂizﬂauﬁ 4-28

Time series CWT SPG CP MTF GAF

A Ay | e
VY | L ise
VU — i

AMNUTENBUN 4-28 N15F9819NITHUAININTY 5 35
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%@gamusaﬁuuazmﬂima 3 wla (iaA wiaB uaglal) aggn class INKHANTS
H39ADUNTNUDTI wae wUwdu 3 class : Uni (normal), F15a(defective) uazagida (theft)
PUIAYBIFUNTUINGNHULANTATIIUNUANURAUNRYBITTUU AMR Tnedrulneguarszuy

Y A a a a a 1 (Y] [ og [ 1 . o v 1 = I

LLILA DU BLANANURAUNAIUYIG 1-3 T AIUUTUIANTIAS window AldAe 168 AN G
A o = ) & ) & ) ! Y] =
AN teyaiadelunn 1¥luwemisnun 1 dUav uanwiegreisgunndsenaud 4-29 ay
wuilevinsuTusavtsss aynsuamaIUTuiaisULuUiAa Gy A1ntuivue
YIAFUNMYIINITMARRIUTUAAARINNUTENBUT 4-30 Feagnudvwingunmidivuinlng
(256x256) Aziauazidengawazivuindoyauin uinuSuvnalianasnie (48xa8) gail
yunateeiuluanainligydedeya deiulunuidetifenldvuinvenimmiiiu 168x168 &
ADAAABINUVUIANLFY

Before After

0985 — 672 value —— 168 value

03980

0975

0970

0965

0960

0955

20130524 20130525 2013-05-26 2013-0527 2013-05-28 2013-05-29 20130530 20130531 052400 052406 052412 052418 052500 052506 052512 052518

ANUTENBUN 4-29 NMFUSUFIBUNTUNIAINDULAZTAS

qi!w l}“'i W{ W ""|'|I'|I'1 r'

256x256 168x168 48x48
ANUsENDUN 4-30 NMSHAN-8ATUIANTWLABUS B ULTIU

M3791 4-16 Nswdadeyaneurinnisuuasa 5 wadle

Type Time series CWT RP MTF GASF SG Total
NOM 642 642 642 642 642 642 3,210
DEF 252 252 252 252 252 252 1,260
THF 345 345 345 345 345 345 1,725
Total 1,239 1,239 1,239 1,239 1,239 1,239 6,195
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4.3.1 namsafadayasynsuiaanlagldng 5 waila

M13199 4-13 UanIN1TUateya Jetayangnuuasiasunndimuniuay
AnUn® 2ntuinsinwUseaniduti fegratu gldsentamuanuiaunfuinni 1 dans

Uszannd 160ou %’a;gaazmﬁmuﬂaaanmﬂu 4 939 ibiglglnseddsuuuuiinuisaniniiae

Y Y

4 %39 wagnsainuauiaUnAtesndt 1 §Ua v YeyadzgniivunanAInauniLar il

AMevdsinmnnisal Jaivualddeyatiiay 168 A1 wagyinisulasdugunmiiauinnin

Y

168x168 LLﬁﬂQNﬁﬁﬂﬂ’]Wﬂi%ﬂ@U‘ﬁ 4-31 94 4-40

Voltage Phase A Voltage Phase B Voltage Phase C

TR A | Lo " { |
i WA | iy A RN T A

¥ J I/ W) | oM A At | AL | PR, o | VYL
| Y i IR WS |/ AL R U Wil || { "

&
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Defective

Theft

AMNUTENBUN 4-31 ANWALSIAU time series way CWT

Current Phase A Current Phase B Current Phase C

Normal

Defective

Theft

AMNUSENDUN 4-32 AMNAINTELE time series way CWT
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Voltage Phase B
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ANUSENDUN 4-33 AMNATLIIAU time series way RP
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AMNUTENOUT 4-34 AMNANTELE time series Lag RP
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AMNUIENOUT 4-35 NMNALIIAY time series ay MTF
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Normal
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MNUSENBUN 4-36 NMWAINTELE time series wag MTF
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ANUSENBUN 4-37 AMNALSIAU time series way GSAF
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ANUTENBUN 4-38 NNANTEULE time series Wag GSAF
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Voltage Phase A Voltage Phase B Voltage Phase C
byl R TITT NP I T PP I T S N0 o I I ' I Y Y S T T
I | s bk 1 (e s T P YL o I e T A TR T v AT A
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ﬁ — — Mot
= 1 1Y . .
ANUIENBUN 4-39 NMNATLTIAU time series Way SG
Current Phase A Current Phase B Current Phase C
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ANUSENDUN 4-40 AMWAINTELE time series wag SG

finnsanainuaniswlasatneynsunandugunin luwsavmediausngdnuese
! dl ! U ! aq d‘ a = ! a a !
wiunuanaeiuluusiagds WeiansaunasdinluusazUssinnvesnnuiiaunfssnuanuuanei

seninaguuuudnganuasiiia
4.3.2 wistayadmsudounaznagaunisulasaynsuiandugunin

wlpvayanivun 2,478 3U UsenaumeAnseid 1,239 JU AusaiY 1,239 U
wUstayadmsu Train 70% wag Validation 30% finua@1 epochs = 30, batch_size = 16

WARITIEAELBEANTHUNTRYAd IS UABULAL NIAADUTIY 5 nALlA FpN5199N 4-14



M1517 4-17 Msulsteyadmiuaeunagnaaeauia 5 inaila

Type Total | Train70% | Test30% | Description
NOM 642 449 193 Un#
DEF 252 176 76 4130
THF 345 242 103 azLiln

4.3.3 NaﬂﬂiﬁEJ‘ULLaSﬂﬂﬁaUﬂﬂiLL‘Ua\‘iﬂ‘QﬂiuL’Ja%“ﬂugﬂﬂ'\‘w

Tuwa CNN gninldvnaaeunanisaians 5 meda nsimudmisivesuand
luund 3 nndsznaui 3-5 Ineld tensorflow Lag keras SUTUSHNSY HAGNSUILARINATT

VAABIRAAIFINTIN 4-15 UAEAITIN 4-16 MISNYIAIMUIABANNATER

AN 4-18 HANISNAABUUSLANSANLLLAAAINSUALSIFUNG 5 wALla

Phase | Method | Accuracy | Precision | Recall | Fl-score | AUC-ROC | Overall

CWT 0.936 0.948 0.921 0.917 0.937 0.932

SG 0.789 0.799 0.788 0.798 0.791 0.793

A RP 0.916 0.921 0.928 0.929 0.934 0.926
MTF 0.894 0.882 0.883 0.906 0.901 0.893

GSAF 0.927 0.919 0.932 0.938 0.924 0.928

CwT 0.953 0.975 0.962 0.959 0.954 0.961

SG 0.901 0.908 0.908 0.910 0.906 0.907

B RP 0.946 0.958 0.965 0.964 0.971 0.961
MTF 0.896 0.896 0.918 0.910 0.913 0.907

GSAF 0.947 0.960 0.959 0.942 0.968 0.955

CWT 0.918 0.922 0.917 0.926 0.936 0.924

SG 0.866 0.885 0.862 0.848 0.857 0.864

C RCP 0.910 0.917 0.921 0.901 0.923 0.914
MTF 0.852 0.855 0.851 0.847 0.858 0.853

GSAF 0.915 0.929 0.920 0.911 0.935 0.922
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AN5199 4-19 HaNISNAEDUUTEANSNNLULAAFINSUAINTZLENY 5 WALA

Phase | Method | Accuracy | Precision | Recall | Fl-score | AUC-ROC | Overall

CWT 0.930 0.947 0.912 0.922 0.936 0.929

SG 0.793 0.766 0.778 0.761 0.776 0.775

A RCP 0912 0.916 0.898 0.904 0.917 0.909
MTF 0.838 0.836 0.841 0.846 0.855 0.843

GSAF 0.922 0.929 0.919 0.936 0912 0.924

CWT 0.882 0.908 0.902 0.911 0.905 0.902

SG 0.869 0.881 0.862 0.871 0.878 0.872

B RCP 0.909 0.908 0.919 0.928 0.911 0.915
MTF 0.890 0.882 0.878 0.888 0.889 0.885

GSAF 0.907 0.936 0.907 0.912 0.917 0.916

CWT 0.898 0.937 0.909 0.911 0.891 0.909

SG 0.852 0.840 0.834 0.832 0.842 0.840

C RP 0.865 0.865 0.876 0.878 0.883 0.873
MTF 0.789 0.801 0.807 0.817 0.810 0.805

GSAF 0.886 0.899 0.898 0.904 0.902 0.898

N519LAAINANT train kay validation MUUAAITNAZEU 30 SOU ANUIUAILAE

WHRZIOULANIAINNTIN 4-17 wasan3199 4-18 azUsnganvaiziunnaaiuluusazis
NANISNAFALNN 5 MATANLAILTIAY
0.95

0.9

0.85 = = = = =
0.8

0.75

Accuracy Precision Recall F1-score AUC-ROC
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NANITNAFALNG 5 LNALANLATNSEULE
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AN 4-21 NSLARINANTITNAZULULARAINSUAINTEWEVY 5 1nALlA

Current phase A Current phase B Current phase C
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4.4 wagwsannsidmatindanisivdeyailiauna

4.4.1 wan1sas19lunanuRAnUn@ (Anomaly Model)

4.4.1.1 yadayaund (Normal Data Samples)

vaennlusaiiaUndng 2 gnasiediu (umathsanavazidia) lwiden 3.6.1
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4.4.1.3 freghsdayaazidliaiiléiann Theft Models
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recurrence plot centercrop(78)

recurrence plot image (59, 59)
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recurrence plot Flip(p=1) recurrence plot pad((10,15,10,15)
) 1 —
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AMUTENDUN 4-49 AI9819N1TUTULSLTIAILIUS ( Position augmentation)
NMSUSULAUTIRUIRULS ( Position augmentation) Mlglusnuideiiusenaumiy 8
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A15NT 4-22 NadNSAINNITNARBUNS 4 ULUU MNmATANTTaNnavayadMTUAILTIAY

Method + model Accuracy Recall Precision | Fl-score | AUC-ROC FPR
No balance+LeNet5 0.8421 0.7933 0.8558 0.4235 0.4043 0.2067
No balance+AlexNet 0.8701 0.8076 0.798 0.4091 0.4915 0.1924
No balance+VGGNet19 0.8542 0.7ar7 0.7309 0.4847 0.5088 0.2523
No balance+Densenet121 0.8375 0.7222 0.6597 0.5176 0.4736 0.2778
No balance+ResNet50 0.8729 0.6898 0.7569 0.5454 0.5113 0.3102
No balance+InceptionV3 0.8604 0.7894 0.7132 0.5782 0.5969 0.2106
AM+LeNet5 0.9069 0.8672 0.8911 0.8211 0.6958 0.1328
AM+AlexNet 0.9279 0.8164 0.8746 0.7355 0.6826 0.1836
AM+VGGNet19 0.9197 0.8713 0.9247 0.7765 0.7135 0.1287
AM+Densenet121 0.9404 0.9034 0.8635 0.8049 0.8701 0.097
AM+ResNet50 0.9199 0.8291 0.9011 0.8493 0.8574 0.1709
AM+InceptionV3 0.9375 0.7826 0.9372 0.8885 0.8064 0.2174
ADASYN +LeNet5 0.8798 0.9038 0.8846 0.7582 0.7125 0.2609
ADASYN +AlexNet 0.9014 0.8341 0.8798 0.7774 0.7678 0.2300
ADASYN +VGGNet19 0.8966 0.9014 0.8269 0.8341 0.7005 0.2359
ADASYN +Densenet121 0.9014 0.9138 0.8678 0.7750 0.6726 0.2180
ADASYN +ResNet50 0.8990 0.9014 0.8245 0.8389 0.7389 0.2581
ADASYN +InceptionV3 0.8966 0.8822 0.8438 0.8293 0.6606 0.2233
IA+LeNet5 0.6101 0.4855 0.5271 0.6756 0.5097 0.5145
IA+AlexNet 0.5485 0.6507 0.5999 0.6141 0.4323 0.3493
IA+VGGNet19 0.5959 0.4009 0.3932 0.5215 0.5556 0.5991
IA+Densenet121 0.5327 0.4005 0.6376 0.6249 0.4867 0.5995
|IA+ResNet50 0.5152 0.4208 0.4481 0.5745 0.4723 0.5792
|IA+InceptionV3 0.6173 0.5449 0.4181 0.5144 0.6007 0.4551
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15NN 4-23 NadNFAIINNIINARBUNT 4 FULUY nweTiaNTaunatayad nTUAINTELa

Method + model Accuracy | Recall Precision | Fl-score | AUC-ROC FPR
No balance+LeNet5 0.8583 0.6136 0.8987 0.5338 0.5033 0.3864
No balance+AlexNet 0.7088 0.6140 0.7338 0.5269 0.5134 0.3860

No balance+VGGNet19 0.8792 0.5527 0.6968 0.6246 0.5685 0.4473
No balance+Densenet121 | 0.8417 0.6296 0.6829 0.5373 0.5521 0.3704
No balance+ResNet50 0.8833 0.7569 0.669 0.5275 0.6057 0.2431
No balance+InceptionV3 0.8396 0.7269 0.7361 0.5049 0.4886 0.2731
AM+LeNet5 0.9004 0.8375 0.8069 0.7948 0.5824 0.1625
AM+AlexNet 0.9089 0.8392 0.7834 0.8372 0.6298 0.1608
AM+VGGNet19 0.9347 0.8725 0.9113 0.7674 0.6562 0.1275
AM+Densenet121 0.9241 0.8756 0.7298 0.6916 0.7494 0.1244
AM+ResNet50 0.9134 0.8979 0.8069 0.8655 0.6269 0.1021
AM+InceptionV3 0.9094 0.8378 0.8273 0.8375 0.7793 0.1622

ADASYN +LeNet5 0.8658 0.8827 0.8423 0.7534 0.7269 0.2853

ADASYN +AlexNet 0.8790 0.8979 0.8504 0.7313 0.7005 0.2823
ADASYN +VGGNet19 0.8845 0.8979 0.8423 0.7987 0.7909 0.2747

ADASYN +Densenet121 0.8842 0.8948 0.8564 0.7413 0.7558 0.2545
ADASYN +ResNet50 0.7473 0.9060 0.8534 0.7537 0.7389 0.2466
ADASYN +InceptionV3 0.9119 0.8989 0.8605 0.7869 0.7029 0.2432
IA+LeNet5 0.6506 0.6254 0.4861 0.6025 0.5889 0.3746
IA+AlexNet 0.6176 0.4398 0.6927 0.5231 0.5325 0.5602
IA+VGGNet19 0.5775 0.4907 0.5394 0.6175 0.5085 0.5093
IA+Densenet121 0.6019 0.6533 0.4872 0.6352 0.5734 0.3467
IA+ResNet50 0.5278 0.5787 0.6966 0.5724 0.5856 0.4213
IA+InceptionV3 0.5089 0.4734 0.5769 0.4347 0.5829 0.5266
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4.5 uaansnisnaaauluwna (Test Model)
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4.5.2 NAEWSN1MAFAULNAAAINMANITAID3Y (Test with Real Events)
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5.7.2 AATIERANITNAFRULNAAAINUANITAIDZY (Test with real event)
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Abstract

Power theft and defective meter are the two
factors of Non-Technical Losses (NTL) that affect the
revenue. This paper proposes an analysis and
comparison of the abnormalities patterns caused
from the Automatic Meter Reading (AMR). Load
profile are visualized in three domains: time domain,
frequency domain and wavelet domain. Three load
profile patterns are compared including normal,
defectives and theft. The voltage and current of
customers are evaluated by using maximum,
minimum, and average values. According to the
results, wavelet domain can clearly classify the
different characteristics of three patterns compared

to the time domain and frequency domain.

KEY WORDS: Non-Technical Losses (NTL), Energy
Theft, Defective Meter, Visualization, Automatic

meter reading (AMR)

1. INTRODUCTION
Loss incurred in the distribution system divide into

Technical Losses (TL) and Non-Technical Losses

(NTL). Technical Losses (TL) are naturally occurring
due to energy dissipated in the electrical
components and equipment used for transmission
line. Non-Technical Losses (NTL) occur due to
unidentified causes, misallocated or inaccurate meter
reading, for example: power thefts, fraud energy
consumption, defective meter, error in meter reading
and billing problems.

Considering the physical of NTL, there are two
main factors. The first factor is energy theft, such as
bypass the current coil, tamper, forged lead seal and
other theft. The second factor is defective meter
including broken meter or defective measuring device
for example: error in meter, oxide wire, Current
Transformer (CT) or Voltage Transformers (VT) failure.

In many cases, load profile of normal use, energy
theft and defective meter have a similar patterns, It
is difficult to classify the causes of abnormalities. In
this paper, the differences of three patterns are
analyzed by visualization and statistics. After that, all
patterns of customers are converted to each domain

and compared. As the result of the comparison will

help the meter inspectors able to distinguish
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preliminary abnormalities from load profile before

going out to real site inspection.

2. LITERATURE REVIEW

In 2016, Chandel et al. [1] presented theft issues
from electromechanical meters and electronic
energy meters, the simulation was created in the lab
which the pattern will be differ according to the
generated data. The traditional methods are used to
find the features of smart meters for minimizing
electricity theft [2]. In both studies, The data
presented to determine the cause of the abnormal
pattern from the experiment.

In 2019, Fuangfung et al. [3] proposed using the
AMR data with rule-based in case of voltage
unbalance and asymmetric power. Besides, Zheng et
al. [4] proposed electricity consumption from smart
grids applied to wide and deep convolutional neural
networks. Both studies were able to detect energy
theft and fault metering.

In 2021, Esmael et al. [5] presented coverting of
time series to images with four different visual
technige, while [6] time series transformed to graph
data with graph convolution and characteristic pool.
Both methods extract data using transforms and do
not show comparisons between abnormalities.

Previously, the studies have been specific to
finding a model for using to classify abnormalities
[51,[6], while [3],[4] compared normal and abnormal
without distinguishing three types (normal, defectives

and theft).

3. THEORY AND METHOD USED

The analysis of the AMR data consists of 3
domains, it will be applied using the theory and
method of well-known property. There are 4 parts to
be proposed in this chapter.

190

3.1 Automatic Meter Reading (AMR)

Automatic Meter Reading (AMR) is an electronic
meters to collect energy consumption and
communicated information for monitoring and billing
customers. The AMR system consists of 3 parts
including metering system , wireless communication

system and data management system [7].

Figure 1. The structure of the AMR system

3.2 Time Series Components

Time series components is a series as a
combination of level, trend, seasonality and noise
according to Equation (1). These components are
defined as follows:
- Level: The average value in the series.
- Trend: Decreasing or increasing value in the series.
- Seasonality: The repeating cycle in the series.

- Noise: The random variation in the series.

y(t) = Level + Trend + Seasonality + Noise (1)

3.3 Discrete Fourier Transform (DFT) and
Power Spectral Density (PSD)

Discrete Fourier Transform (DFT) converts a finite
sequence signal of time to a signal in the frequency
domain. A complex-valued is function of frequency,
bandwidth, and shape of the spectrum of a signal.
according to the Equation (2).
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N-1

X[k] = Z e N k=0, N-1 (g

n=0
x(n) = the sequence signal, N = number of windows

Power Spectral Density (PSD) describes the
distribution of power into frequency components
composing in signal. One of the PSD properties is the
area under curve equal to the average power of that

signal. according to the Equation (3).

=3

P (e/®) = Z r(kye ke 3)

k=—00

r,(K) = auto-correlation sequence

3.4 Wavelet Transform

Wavelet Transformation is method used to
analize variance of time, the structure of a signal
system consists of several specific signals combined
into one signal. Function of particular signal is a small
waveform called Mother Wavelet, show in Equations
(). Wavelet (Ya) is formed by scaling (scale:a) and

shift section (translation: b) according time (t).
1 t-b
Yap(t) = ¥ (T) @

4. PROPOSED FRAMEWORK

Figure 2. shows overview of the proposed
framework. Data set (load profile) is compiled to
correct and normalize in the data preparation before
being visualized in 3 domains. In the last section, load

profile is compared the results of each patterns.

5. EXPERIMENTAL SETUP

In the experiment, the data configuration is the
three-watt method (3P4W) by recording data every 15
minutes include date, time, current, and voltage.
Load profile used consists of 97 customers
(normal=40, defectives=30, theft=27) with 3 classes

by on-field inspections. The patterns is assessed on
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data from the last 10 years, from January 2011 to
December 2021.

Data set

v

Data preparation

. y v

Time Domain Frequency Domain Wavelet Domain

v

Compared visualization

!
v y

EnergyTheft

Normal

Figure 2. shows overview of the proposed framework.

5.1 Data set

The patterns of load profiles is selected from the
abnormal range and divided window into 1-week
intervals (window = 672 values). Voltage, current
were analyzed in 3 class consist of normal condition,

defective meter and energy theft.

5.2 Data preparation

AMR data often contain erroneous data and
missing data, however in this case, data is corrected
by data cleansing and interpolation according to
Equation (5). After dealing missing values, the MAX-
MIN scaling is used to normalize the data following
Equation (6).

x; ;% & NaN

Xi—1 + Xiy1

tlx) = ;x; € NaN (5

0 ;x; X;_1,%;11 € NaN
where X; is stands value, If X; is a null as NaN.
X; — min (X)

0= max(X) — min (X)

(6)

where X() is normalized data, max(x) is the

maximum and min(x) is the minimum.
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6. EXPERIMENTAL RESULT AND DISCUSSION

This section, the experiment will show data
selection and the experimental results with data
visualization including 5 parts to be proposed in this

chapter.

6.1 Load Profile (Voltage and Current)

“"Normal |
o phess
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Py —— e
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Figure 3. Voltage load profiles of raw data with 3 class

Normal

Figure 4. Current load profiles of raw data with 3 class

After the data has been normalized, individual
customers are show in the same graph. Figure 3,4
have statistically compared: maximum, minimum and
average of characteristics to represent the customers
of each domain analysis. The results show Vpax =
0.96 or 232.53 V, Imax = 0.92 or 4.66 A, Vinin = Lnin=
0, Vavg = 0.46 or 225.64 V, layg = 0.49 or 2.23 A.

6.2 Time Series Components
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Figure 5. Current trend with 3 class
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Figure 6. Voltage seasonality with 3 class

Figure 5. show an example of the trend patterns
for current, and the seasonality of the voltage as
shown in the Figure 6. The trend of normal patterns
are clearly different, but defectives and theft are
similar patterns, while the seasonality have shown

the difference in all 3 patterns.

6.3 Discrete Fourier Transform (DFT) and Power
Spectral Density (PSD)

In the Figure 7, 8 show the DFT of current and PSD
of voltage in the frequency domain. Both DFT and
PSD will appear of frequency component that
window is considered. The amplitude and power
spectral of first order frequencies is clearly different
with three patterns depend on the change and

fluctuating frequency of signal.

PEACON & INNOVATION 2022

70

192




~— Do FouteTiander

4 first order

=

Normal
A,
e g
§ 4 =" Defective
M aw 225 o 075 100 125 150 175 20
gau A
H “ W e ripple Theft
o A
M om 025 L 0rs 1w 125 1% s
R —
Figure 7. DFT Current with 3 class
? ‘k === Pomer Ezestam Densky
I {
i § P4 Normal
£, By
¥ 23 e 1% " 2
o ity
Defective

= m s 200

o ors 12 150 175 200

200
[ —

Figure 8. PSD Voltage with 3 class

6.4 Wavelet Transform

Continuous Wavelet Transform (CWT) is used to
convert from time series to images. The coefficients
are arranged to scalogram form with color map of the
type jet of 128 colors. Table 1. shows the different
intensity, tone, and shape of the image components

by comparing images with all 3 patterns appear the

difference in each class.

Table 1. Converting time series to images.

Time series Image (CWT, Time series Image (CWT)
l

i /o&

Defective voltage

Theft voltage Theft current
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6.5 Case Study: AMR Monitoring System

An example of 1 customer (7-eleven :TR 100 kVA)
was found a low-voltage CT failure by checking
through the AMR monitoring system as Figure 9. This
case the B-phase current (green line) was abnormal

caused by defective wires from real site inspection.

Figure 10. Comparison between CT failure and average

* o

[

Figure 11. Show DFT and PSD of CT failure case

— Dl P T

- o Gpecmim Cenety

Figure 12. Converting time series CT failure to images

Figure 10. show comparison of abnormal phase B
currents with the mean currents of defectives, the
trend of patterns change in similar characteristics. In
Figure 11. Both DFT and PSD clearly appear the
primary frequencies and CWT can show the signal
component according to time variance as Figure 12.

Discussion separates for each anomaly. The
normal patterns are characterized by periodic
changes and consistent. Defective patterns, voltages

are degraded from standard voltage while the current

4l
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it will change suddenly. Sometimes, current reduced
to zero when using less load, at the same time, using
increased load make the swing up. Theft patterns,
both voltage and current are a downward trend in
similar patterns but still change to ripple or swing
according to the load using.

Time domain, trend and seasonality will change
and convey the nature of time series. The amplitude
of first order frequency for DFT is different each
patterns corresponding power spectral of PSD in
frequency domain. The wavelet domain or CWT as
scalograms show a change in the RGB color format

which is clearly visible image.

7. CONCLUSION

This paper has proposed anomaly pattern analysis
based on visualization for NTL using load profiles of
AMR. The methods used consist of trend, seasonality,
DFT, PSD and CWT. The experimental results have
shown the advantages of different visualization in
each domain. Time domain: trend and seasonality
can be clearly seen for the difference between
normal and abnormal. Frequency domain, both the
DFT and PSD considering from frequency show a
difference both amplitude and power spectral.
Wavelet domain, CWT converted to images using
scalograms and RGB color format will appear depend
on load characteristics and show different patterns.
All three domains proposed above, by any means the
methods can choose to tackle for monitoring of AMR.
Our future research will focus on classified patterns
by using machine leamning and deep leamning to
improve efficiency and find the exact fit model for
the data.
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Automatic Meter Reading

Supakan Janthong
Department of Electrical Engineering
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Hatyai,Songkhla, Thailand
Supakan.jan@pea.co.th

Abstract— Loss is an important factor for any organization
that operates in the distribution of electric power. Non-
Technical Loss (NTL) is one of the challenging losses. Most
distributors attempt to find a way to reduce the NTL loss. In
some cases, the anomaly patterns are complex, similar, and
difficult to classify. This paper proposes a feature extraction
method using signal modeling methods obtained from voltage
and current in a 3-phase system for abnormalities in the
Automatic Meter Reading (AMR) of the Provincial Electricity
Authority (PEA). Focusing on the main causes of NTL include
energy theft and defective meters using supervised learning for
classification. All-pole modeling has been applied to extract the
feature as a coefficient. The voltage and current load profiles are
divided into 1-week intervals (672 values) and fed into the signal
modeling to be extracted as 4 coefficients. The methods can
reduce the number of features before input into the model,
which makes the model process faster and improves
performance. The experimental results show that extraction
using Prony's method and k-Nearest Neighbors (KNN) model
significantly outperforms other methods.

Keywords— Non-Technical Losses (NTL), Automatic Meter
Reading (AMR), Feature Extraction, Supervised Learning,
Energy theft, Defective meters.

I. INTRODUCTION

The power distribution system has a significant role in the
development of any country, the inevitable factor is loss unit
occurred. Loss is classified into Technical Losses (TL) and
Non-Technical Losses (NTL) [1]. TL was naturally occurring
depend on the network characteristics, NTL is an abnormality
that related meter reading, electricity thieves, error from the
measuring device, broken meter, or faulty infrastructure.

Automatic Meter Reading (AMR) is one of the meters that
PEA has installed for businesses, industrials, and commercial
customers. The main objectives of PEA for AMR installation
are to decrease time for meter reading, to monitor and to
increase efficiency of billing [2]. AMR system composes of 3
main parts: metering system including digital energy meter
and modem, wireless communication system by recording
parameters every 15 minutes, and data management system.

Since installation, several types of abnormalities are
found, whether it is the defective nature of the meters or
infringement of customers. Currently, the admin monitors
abnormalities from the information with AMR monitoring
system. The monitoring can indicate anomalies, but it cannot
distinguish characteristics that caused by energy theft or
defective meters.

Therefore, in this paper, the data recorded by the AMR
meter will be divided into 3 classes by on-field inspections.

979-8-3503-3236-0/23/$31.00 ©2023 IEEE

Kusumal Chalermyanont
Department of Electrical Engineering
Prince of Songkla University
Hatyai,Songkhla,Thailand
Kusumal.c@.psu.ac.th

Rakkrit Duangsoithong
Department of Electrical Engineering
Prince of Songkla University
Hatyai,Songkhla, Thailand
Rakkrit.d@.psu.ac.th

The data is extracted using signal modeling to compare errors,
after that, the supervised learning five models are used to
classify and evaluated the performance of models using
accuracy.

II. LITERATURE REVIEW

In this literature, feature extraction methods are discussed
for NTL detection. The various data types can be categorized
either consumer level and area level at each level comprise
time series and static [3]. Buzau et al. proposed detecting NTL
using information from smart meters. The features extracted
are daily measurements, alarms, electrical magnitudes, and
auxiliary databases. For the model to produce good results,
many features are required [4]. Rakhi et al. proposed a model
by applying machine learning and feature engineering; no data
extraction was used, but feature engineering was used to
restore the outliers [5]. Support Vector Machine (SVM),
Decision Tree (DT), and Random Forest (RF) are used as
classifiers, where RF gives the best accuracy of 98%. Toma et
al. proposed the Support Vector Machine (SVM) for detecting
NTL and the Principal Component Analysis (PCA) used to
reduce the number of dimensions. As a result, the learning rate
is reduced, and accuracy is increased by 90% [6]. Similarly,
Lepolesa et al. proposed the extraction of time series data from
smart meters as the form of time domains and frequency
domains. Both domains combined and reduced feature
dimensions using principal component analysis (PCA). To
detect differences between the two classes, use feed-forward
DNN (accuracy 91.8%) [7]. Aziz et al. extract data using
Empirical Mode Decomposition (EMD) for breaking downs a
signal staying in the time domain. For analyzing signals,
which are typically non-stationary and non-linear in nature. K-
nearest neighbors (KNN) was used to classify with a 91.0%
accuracy [8]. However, the above-mentioned approach has the
following limitations:

1) The types of customers that focus on residential
customers.

2) Some studies enter the data without extracting or
based on artificial feature extraction.

3) It is difficult to gather information if multiple
variables are needed.

Compared to existing studies, differences from previous
work by:

1) The voltage and current of the AMR are used to
extract the features because both values are
fundamental parameters that can indicate the
abnormality.
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2) Industrial and business customers who installed the
3P4W system were selected for classification.

3) Emphasis is the classification of abnormality: normal
condition, defective meter, and energy theft while
[41,[51.[61.[7].,[8] focus on NTL detection.

4) Applying the signal modeling methods to extract the
features into coefficients, this method can reduce
number of features including interpretations of
correlated variable.

III. THEORY AND METHOD USED

The motivation of selecting this method for studies is
signal modeling [10], Figure 1. show the system having p
poles and q zeros. Application of signal modeling is used the
area of signal prediction and data compression. In this paper,
signal modeling is applied to using classification, consist of
five methods following sub-sections.

v(n) By(2) | x(m)
 — —

1=

Fig. 1. Modeling a signal input v(n) to approximate X(n) .

A. Pade approximation

Pade approximant is one of the methods to approximate
of a specific point by a rational function. The advantages can
produce an exact fit to find the coefficients a, (k) and by (k)
that the model over the interval [0,p+q]. Pade method
calculated from signal x(n) and the summation of the
convolution as follow to the equation (1).

bg(m)

P
X+ ) a0x@ k) ={ ¢ : Sl i
k=1

;n=q+1,.,q+p
Where: signal x(n) is a real or complex sequence forn=0, 1....,p+q
B. Prony’s method

The limitation of the Pade method is no guarantee to be
stable and accuracy for the data outside the interval. Prony’s

method provide better accuracy for the data outside the
interval [0,p+q]. as follow to the equations (2)-(4).

P
Zap(l)rx(k,l) =-—1(k,0) ;k=12,..,p )
1=

A

=)

(k) = x(n—=Dx*(n—k) ;k1=0
n; . ®3)

P
bg(n) = x(n) + Zap(k)x(n -k in=01..,q (@4,
k=1

Where: r,(k,1) is a conjugate symmetric function and by(n) is
numerator of equation for n=0, 1,....q

C. Shanks’Method
In Prony’s method, those method focuses on the model to

be exact over the interval [0, q], while it does not consider the
data for n>q. In this method, the denomination coefficients
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a,(k) are fixed and the minimum error respect to the
numerator coefficients by (k) forn=0, 1....,q as follow:

q
D bWy =D =1eg() 3k =0,..q  (5)

1=0

Rk=D= gn-Dg'n-k ©6)
=0

g9 = ) () g*(n = k) ™
n=0

Where: 7, is autocorrelation of g(n) and 74(k) is cross-
correlation sequence between x(n) and g(n)

In case of a finite data record, 2 popular methods are
commonly used including autocorrelation method and
covariance method.

D. Autocorrelation Method

The data outside the interval [0, N] is set to zero by
applying a data window of x(n), when x(n) is unknown
outside of the interval and Prony’s method is used to find a
model for the window signal as follow:

14
Za,,(l) k=D =-n(k);k=12,..,p 8)

=1
N

(k) = Z x()x*(n—k) ;k=0 ©)

n=k

E. Covariance Method

This method does not make any assumptions about the
data outside the interval [0, N], but the values of x(n) is
necessary to know the interval at sequences n,n —
1, ...,n— p as follow:

P
Y GO nbD = R0k =120 (10)
=1

N
rx(k,l)=ZX(nfl)x*(nfk);k,l20 (11)

n=p

IV. PROPOSED FRAMEWORK

AMR data is categorized by type of customers, data pre-
processing is used for data cleaning and missing values from
data collection. An important part of this paper is data
extraction that use to extract data and comparing each method.
After that, the model of supervised learning is used for
classification and evaluation. The flow of the overall
framework shows in Fig 2.

V. EXPERIMENTAL SETUP

This section explains the data preparation for feature
extraction from AMR data. The proposed model compile on
the Scikit-learn library, Python 3.10.4 and run on the machine
system configuration are Intel Core i7-12700H CPU 2.30
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GHZ, 16 GB of RAM. These procedures are described in the
following sub-sections.

[ Data Collection

[ Data Pre-processing

)
]
=3
J

[ Cla551ﬁcat10n

( Evaluatlon ]

Fig. 2. The overview of the proposed framework.

A. Data collection

The dataset is collected from PEA, Thailand. The data
used to select 2 parameters are voltage and current from 60
customers. The customer groups are divided into 3 classes
comprising normal electricity, defective meter, and energy
theft by on-field inspections. The period covered over the last
10 years from January 2011 to December 2021.

B. Data Pre-processing

The AMR installation is divided 2 phases [2], phase II has
been improved for recording the parameters. As a result, the
measured data being erroneous values and missing value. To
reduce this problem, data preprocessing is applied with the
equation (12).

0 ; X, X;—1,X;+1 € NaN

("IZL“) x; € NaN (12)

X; ;x; € NaN

V.I(x;) =

V = voltage, I = current, x;,= data collected every 15 minutes.

Another factor is the models used to classify having
sensitive to the data. Data normalization to ensure the dataset
is prepared for interpretation and can be parsed by supervised
learning algorithms. Max-min scaling is used according to the
equation (13).

X; — min(X)
Kok o (13)
V.1(x) max(X) — min(X)
Where: V,I(x;) is voltage or current of feature values, min(X)
is minimum values and max(X) is maximum values.

C. Feature Extraction

The data for feature extraction comprise voltage 3 phase:
Va, Vb, Vc and current 3 phases: Ia, Ib, Ic both data are scoped
to 4 weeks for normal-anomalous periods (2,688 values). The
patterns considered including normal (N), defectives (D), and
theft (T) to separate into 1 week (672 values) of interval due

198

to the distinctive appearance. An example of 1 customer in
case of normal consumption show the details as Table I.

TABLEL  EXAMPLE BEFORE-AFTER OF FEATURE EXTRACTION
Before After
Patterns Voltage/ o Voltage/Current
Current %
Normal (V) wi(@D | & [Nag [ Nag | Nag | Nibg
H My(1) b
Defective(D) v wy(2) E N2a@) | N2ag) | N2ag) | N2b
H : wi(3) | & [ N3a N3a N3a N3b,
Theft (T) My(n) 1 lﬁ () (1) (2) (0}
wy (4) Néa() | Ndaq) | Ndag) | N4b

Before extracting, there are 3 patterns and the monthly My
of n customer represents of 4 weeks, 1 customer divides to 4
periods w, (1) - w,(4). In the data extraction process, 5
methods are used with a second-order all-pole model (p=2 and
q=0), because the model is not complicated and the system is
still stable when using data in the window. After data
extraction, model will create coefficients obtain ag)s Ay
a()and b(g) for 1 window, it can be reduced data from 672
values to 4 coefficients, before import to the model.

e All-pole modeling
All-pole models (autoregressive) have been applied
in these studies to provide a sufficiently accurate
representation for many different types of anomaly patterns.
An all-pole model form shows in the equation (14).

Ba@) _ b(0)

e )_ Ay 1+X5ap(k)z7*

(14)

Considering from Pade equation (1) with using q=0, the
coefficients a, (k) become matrix form as follow:

x(0) 0 .. 0 qrap(1) x(1)
x(}) x(.O) 0 ap(Z) lx(Z)‘ 15)
-1 x@-2 -« xOllgml ke

And from Prony equation (2) replacing 7, (k) with . (k —
1) will get equation (16).

P
Y aOnrk-D=—n® k=1l..p0 (16
=1

when q=0, 7,.(k) = x(n)x*(n — k), from (15) and (16)
can be written in conjugate symmetry matrix form as follow:

B0 @ @ - we-D[%0) (1)

(1) R0 1) . nE-2)|(w2) 7(2)

D ED) O - K09 ||| = —|m@[17)
no-1 1e-2 1e-3 1o leml e

The minimum error (&,) modeling for the all-pole model
calculates as follow:

»
& =10+ ) apk) 5" () (18)
k=1
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VI. EXPERIMENTAL RESULTS AND DISCUSSION

TABLE IV. COMPARE THE ACCURACY (%) OF THE VOLTAGES

Table II. shows the minimum error comparison of each Method/Models | NN | SVM | KNN | DT | NB
method using an all-pole model. Consider the average values Pade 66.66 | 59.72 | 55.55 | 76.38 | 62.50
of both current and voltage, the Covariance method gave the Prony 80.69 | 7638 | 96.38 | 90.82 | 8321
minimal error followed by Prony method and Autocorrelation Shank 7708 | 8055 | 9166 | 9244 | 79.16
Tespectively. Autocorrelation | 7458 | 68.05 | 8333 | 8888 | 69.44

—
TABLEIL THE MINIMUM ERROR FOR THE ALL-POLE MODEL ovaenes | 80a | T | 9028; ]| B2 | 050
Pram. | Phase | Pade | Prony | Shank | Autocor- | Covari- TABLEV. COMPARE THE ACCURACY (%) OF THE CURRENTS
relation ance

= Method/Models | NN | SVM | KNN | DT | NB

olt A 622280 | 10584 | 41277 | 19991 | 03590 e

B [ 563503 | 10349 | 22051 | 20492 | 04230 8236 | 8472 |i8didey | 8320 8869

C | 426933 | 09364 | 12810 | 19236 | 03971 Prony 9385 | 94.88 | 97.61.| 94.64 | 95.05
Amps A 684215 | 09939 | 22459 | 13403 | 0.2743 Shank 8625 | 90.03 | 9422 | 91.45 | 90.55

B 977940 | 10984 | 24319 | 16787 | 02703 Autocorrelation | 9284 | 9166 | 9641 | 92.08 | 92.83

c 829018 | 09001 | 33441 | 17922 | 02334 Covariance | 9232 | 8888 | 91.02 | 9022 | 90.04
All average error | 683983 | 1.0037 | 2.6059 | 17972 | 0.3263

The Covariance method calculated a sum of the squares
error e(n) that the values of x(n) be known at times n,n-
1,....n-p., While Prony method focus on x(n)only specified
forn=0,1,...,N and the autocorrelation method is set to
zero for the values of x(n) outside window of interval [0, N].
Therefore, error occurred is evaluated from values of x(n)
that show the different result.

A. Classification

All coefficients are trained and tested on 5 different
classifiers. Neural Network (NN), Support Vector Machines
(SVM), k-Nearest Neighbors (kNN), Decision Tree (DT),
and Naive Bayes (NB) are used to classify abnormal patterns.
The normalized data spilt to train (70%) and test (30%) with
3 classes. Grid search is the process used to find the optimal
values of the hyperparameters show in Table III.

TABLE III. THE HYPERPARAMETERS USING GRID SEARCH

Models | Hyperparameters | Op ing values
NN C 0.001, 0.01, 0.1
R L1 nomm, L2 norm
SVM C 0.001,0.01,0.1
kemel linear, rbf, sigmoid
KNN K 3,57
p 1,2,3
DT criterion g, entropylog_loss
max_features auto, sqrt, log2
NB P default
v le-09

B. Evaluation

The performance metrics are used in these studies to
evaluate all classification models. The performance of the
model is measured accuracy considering all classes.
according to the equation (19).

TP +TN

T ' (19)
TP+ TN+ FP+FN

Accuracy =

Where: True Positive (TP), True Negative (TN), False Positive (FP),
False Negative (FN)

The extracted coefficients from each method are defined
as feature for concatenation all 3 phases, including 12
features with samples extracted from each window is 240
samples. The coefficients enter the model and the
hyperparameters are adjusted according to the Table III. The
evaluation of model divided two parts: voltage and current.
The results show in Table IV. and Table V. Both voltage and
current have the same best accuracy are obtained using
Prony’s method and kNN model with neighbors (k=3) and
power parameter (p = 2), meaning the Euclidean distance.

From the experimental results, Pade method has the least
accuracy and high error, because many data outside [0, p+q],
the estimated data is inconsistent with the original data.
Shanks’ method considered n>q but all pole model is set the
numerator by (k) = by(0) as a result is high error values. The
autocorrelation method forces x(n) = 0 for n<0 and n>N if
x(n) in nonzero outside, sometimes the model will cause more
errors. Covariance method give good results in minimum
error because it does not apply a window to the data.
Nevertheless, both models appropriate for the finite data
record. Prony’s method provide the best accuracy for the data
outside the interval, the minimum error value is small, and
the advantage is ensuring that the model will stable when
using the all-pole modeling.

C. Comparison of the experiment with other studies

Principal component analysis (PCA) is one of the most
popular techniques used to analyze large datasets and reduce
the dimensionality of the data. PCA was used to reduce the
number of variables into a smaller set to compare with the
proposed method. In this study, the original data that is 60
dimensional into 2 dimensions. Which is after dimensionality
reduction, there will be no particular meaning for the
principal component. The experimental results are shown in
the Table VI. When comparing time domain, frequency
domain, combined domains, and PCA, the proposed method
outperforms other features.

However, the amount of data in this study is minimal. The
energy consumption (EC) of SGCC datasets [10], OEDI
datasets [11], and ICER datasets [12] were used to evaluate
the performance of the proposed method. The three sources
consist of two classes, normality and theft of energy
consumption that divided the window into 672 values. Then
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use the Prony method for data extraction which each source
is divided to train (70%) and test (30%). The results are
shown in Table VII. A large amount of data leads to a drop in
performance but it still has good accuracy.

TABLE VI. COMPARE THE SAME DATA WITH OTHER EXTRACTION

Features used KNN (Y%Accuracy)
Volts (3Ph.) | Amps (3Ph.)

Time domaim 56.77 57.66
Freq. domain 58.38 61.69
Time+Freq. 68.38 72.58
PCA Raw data 84.96 80.12
PCA Time+Freq. 79.98 75.56
This study (Prony) 96.38 97.61

TABLE VII. COMPARE OTHER DATA TO THIS TECHNIQUE.

Ref. | Datasets | Type of | Number of | Prony+KNN
data customers (Y% Accuracy)
[10] SGCC EC 40,320 85.79
[11] OEDI EC 33,600 89.99
[12] ICER EC 25,536 90.01
This AMR, Volts 60 96.38
study PEA Amps 60 97.61

TABLE VIII. COMPARISON WITH EXISTING STUDIES

Ref./year. Extracted Classified Classes. Acc.
methods methods (%)
Zscore, LOF
[4)/ 2019 Euclidean, XGBoost | Normal vs Fraud | 91.00
[5)/2021 - RF Normal vs 98.00
Abnormal
[6]/2019 PCA SVM Normmal vs Theft | 90.00
Time domain
[7)/2022 Freq. domain DNN Faith vs Unfaith 91.80
PCA
812020 EMD KNN Normal vs Theft | 91.00
This Prony KNN Normal, 97.61
study Defective, Theft

Table VIIL. presents comparisons to existing studies. The
highlight of this studies is the classification of three classes,
the Prony method reduces the size of the data, and gave good
results compared to other studies.

VII. CONCLUSION AND FUTURE WORK

This paper compares Pade, Prony, Shank, Autocorrelation,
Covariance methods for feature extraction with minimum
error, and using NN, SVM, kNN, DT, NB to classify
abnormalities by comparing performance models (accuracy).

According to the results, Prony’s method is most suitable
for extracting data, although this method has more error
values than the covariance method, it is a still suitable for

limited data records, in addition to the results obtained from
the classification give the best results when used with kNN.
Compare the experimental results with 3 cases: the same data
but different features, other data with this method, and other
existing studies. The results show that the model can be
extracted and classified well, although large data cases result
in performance degradation. Prony’s method is a technique
that helps extracting to reduce the number of features, reduce
computational complexity, has high accuracy, and still
provide excellent performance.

The model can be applied to the monitoring system of the
AMR to identify the primary abnormality, before going out
to inspect on-field. This method improves work efficiency
and increasing the accuracy of the monitoring system.
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: ABSTRACT Energy theft and defective meters not only lead to non-technical losses (NTLs) that are
extremely detrimental to energy distributors and power infrastructure, but NTLs are also a major cause
of damages to electricity and massive losses of revenue each year. Automatic meter reading (AMR) is a
system used by the Provincial Electricity Authority (PEA) of Thailand for NTLs detection that works in
conjunction with physical inspection. At present, using only AMR is unable to classify and identify the
types of abnormalities that occur. In addition, another important issue that has been rarely studied and
should not be neglected is the balancing of data. Because this issue has a negative impact on minorities,
learners misclassify and leads to incorrect predictions. This paper proposes unbalanced data techniques for
classifying energy theft, defective and normal customers based on AMR monitoring of PEA. In order to
handle the multiclass imbalance problems, three methods were evaluated and compared: anomaly models
(AM), adaptive synthetic sampling (ADASYN), and image data augmentation (IA). The data were extracted
from time series into an image using a recurrence plot (RP) and classified as abnormal patterns of imaging
time series using six deep learning models: LeNet5, AlexNet, VGGNet19, DenseNet121, ResNet50, and
InceptionV3. The experimental results demonstrate that data generation techniques using anomaly models
and DenseNet121 for classifying provided the best results compared to other techniques, and data extraction
using images yields better results than time series. Moreover, compared to balanced and unbalanced data,
classification evaluation using AUC-ROC and F1-score are the most appropriate evaluation methods, and
importantly, balancing the data before classification improved the model performance.

- INDEX TERMS Non-technical losses, automatic meter reading, unbalanced data, energy theft, defective
meters, provincial electricity authority, deep learning.

I. INTRODUCTION system is calculated as the difference between the energy
A. BACKGROUND delivered into the network and the measured energy con-
Loss is one of the inherent factors in the electricity distribu-  sumed. Provincial Electricity Authority (PEA) as one of the

tion system that cannot be eliminated. In the transmission electricity distributors has a main mission to provide elec-
of electric power from the power station to the consumer, tricity in 74 provinces in Thailand. PEA has given priority
some of the electricity is lost. Loss incurred in the distribution ~ to the reduction of the loss unit either technical losses (TL)

or non-technical losses (NTLs) [1]. TL occurs directly when

The associate editor coordinating the review of this manuscript and current flows due to heat in the resistance conductors, con-

approving it for publication was Hongli Dong. nection points in the transmission line, an unbalance load,
This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
For more i ion, see https://creati org/licenses/by-nc-nd/4.0/
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FIGURE 1. Overview of AMR system.

abnormal operating conditions or switching on-off electri-
cal equipment in the distribution system [2]. NTLs are the
losses incurred due to metering faults, metering inaccuracies,
frauds, thefts, billing problems, energy measurement errors,
and other causes [3]. According to the PEAs loss report [1],
NTLs have increased in recent years, indicating a more
complicated, hard to find cause, and seen as a challenging
problem.

B. AUTOMATIC METER READING: AMR

Automatic Meter Reading (AMR) is the technology that
can collect data, show status, and process bills for con-
sumption automatically, which covers water, gas, or energy
meters. This technology is applied differently to customers
and utilities in different countries [4]. In Thailand, PEA
started investing in a project to develop automatic energy
readings in 2007 [5]. The primary goals of using AMR are
to provide major electricity customers with TOU rates. The
implemented AMR function consists of three main compo-
nents: the metering system (digital energy meter and modem
unit), the wireless communication system (GPRS and GSM),
and the data management system (monitoring and storing in
a database) [6]. as shown in Figure 1. The advantages of
this system can benefit both the power grid and customers.
AMR can detect to notify staff of power outages so they can
diagnose billing issues and troubleshoot based on near real-
time consumption. In addition, customers can view real-time
data coupled with the analysis via a web application to better
control their power consumption.

C. PROBLEM STATEMENT

The problem of unbalanced data might be inevitable. Natu-
rally, each group may have different amounts of data in which
more normal than abnormal features are found. For anomaly
classification tasks, supervised learning models are preferred.
That means there must be a label to teach the model. When
models learn from unbalanced data and are applied to real-
world applications, inaccurate results and prediction errors

VOLUME 11, 2023

may occur. In multi-class problems with samples of data from
more than two groups, that occurs when one class refers to
the small group and contains significantly fewer samples than
the other classes. The small part or majority group can be
both positive and negative. However, considering the data
analyzed in the field of electricity theft detection (ETD), it
was found that: normal data is the most available because it
is an everyday event; followed by defects, which can occur
from a variety of factors such as environment, duration of use,
weather conditions; and thieves with minimal data, which are
incidents of deliberate human action. For example, if train-
ing process exists has class imbalance data, the majority
group will influence the increase in the prior probability that
learners will over-classify and misclassify minorities more
frequently than the other groups. Therefore, it is important
to understand the data and class balance before entering the
model.

Il. LITERATURE REVIEW

In the real world, many applications are affected by data
imbalances. According to the area of ETD research [3],
class imbalance affects the classification and detection of
abnormalities which increases learning difficulty and bias
to most data. In extreme cases, minorities may be ignored
altogether. Johnson et al. propose three methods for dealing
with class imbalance using machine learning techniques [7]:
1) data-level techniques that reduce imbalanced data with
sampling methods, 2) algorithm-level methods that handle
class imbalance with weight or cost schema including the
underlying leamer, and 3) hybrid systems that combine both
methods.

Most researchers have focused on the problem of class
imbalance of binary classification [3]. In practice, many tasks
were found in more than two groups (a multi-class prob-
lem). Ensemble algorithms based on AdaBoost.NC were used
to investigate the multiclass and imbalance problems [8].
There are two types of imbalanced data: multi- small part
and multi-majority. Each category was evaluated using the
performance model and correlation analysis. Both types show
that performance decreases as the number of class imbalances
increase. For using random oversampling (ROS) does not
affect classification, but it causes overfitting for the small
classes. Different from the results of X.W. Liang et al. because
they show that oversampling produces good results in the
experiment for classification using LR-SMOTE [9]. The new
data samples interpolate near the center with sample from
six datasets with different imbalances. A random forest (RF)
and support vector machine (SVM) algorithm were used to
classify and compare the data after balancing, resulting in
G-means of 0.98, F-measure of 0.96, and AUC of 0.97,
which yield high results compared to the unbalanced data.
The reason for its high efficiency is that SMOTE can reduce
the occurrence of sample boundaries and sample random
copies. But be careful with the use of ROS as it may lead
to overfitting. However, ROS is still used to improve the
small class (binary class is to increase fraud data) together
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with random undersampling (RUS) to decrease the majority
class (binary class is to reduce no-fraud data) in the problem
of data imbalance [10]. Different proportions are used in
each dataset, ranging from O (no oversampling) to 25 (max
oversampling) with Linear SVM, RBF, MLP, NN, and SVM
which were carried out to classify and compare results using
eight different performance measures. Overall, higher over-
sampling proportions produce better predictions.

S.V. Oprea et al. proposed fraud detection in conventional
meters using large datasets. Considering the input dataset
is highly unbalanced, the majority are normal 135,493 con-
sumers, while 7,566 consumers are a small part considered
thieves. The data was handled with feature engineering and
fed into various machine learning models to compare the
results. Note that the studies have a point of view on unbal-
anced data and uncorrelated datasets that is challenging [11].
P. Glauner et al. subsampled 17 different data sets and used
SVM, Fuzzy, and Boolean classifiers for 100K customers.
The efficiency obtained is still low and did not explain the
principle of solving the class of imbalanced data [12]. Gen-
erative adversarial networks (GAN) are a technique used
in NTL detection and anomaly detection, such as using
GANs for augmenting and balancing data before training the
model [13]. Typically, GAN is an unsupervised learning that
consists of a generator and a discriminator network. Both
networks continue to compete until the generator generates
enough similarity to the actual data of the discriminator.
F. Shehzad et al. proposed a method to deal with unbalanced
time series datasets using a least square generative adversarial
network (TLSGAN), which is weighted to reduce the van-
ishing gradient and loss functions to generate fake samples.
However, TLSGAN requires multiple forward passes through
the generator network, which can be computationally expen-
sive [14]. Similarly, M. Asif et al. proposed a bidirectional
Wasserstein generative adversarial network (Bi-WGAN) for
augmenting theft class samples that uses a Wasserstein dis-
tance metric to train the generator and discriminator net-
works. However, Bi-WGAN is sensitive to hyperparameters
such as batch size or leaming rate, which can significantly
impact small class theft samples [15].

The most popular open data source used in the ETD is
the SGCC from China [13], [14], [15], [16], [17], [18], [19],
which was very unbalanced EC data. It is a challenge for
many researchers to find solutions. Y. Huang et al. pro-
posed an autoencoder (AE) to be applied as a stacked-sparse
denoising autoencoder (SSDAE) focused on feature extrac-
tion and data reconstruction capabilities. The data balance
was randomly modified by the anomalous samples repre-
senting the reduction in the energy bill in the case of stolen
electricity [16]. An anomaly was generated similar to [17].
They synthesize the theft attack to balance the datasets with
the actual consumption of the customer. Both [16] and [17]
are anomalous additions that were randomly fed through
the generated equation. Nevertheless, the above equation
is suitable for single-phase EC-type input, in contrast to
our proposed research. Because we focus on voltage and
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current abnormalities in 3-phase 4-wire systems. SMOTE is
an effective and popular technology used to solve high-class
imbalance [18], [19], and [20]. While [21] proposed focal
loss as another method for data balancing in order to focus
the cross-entropy loss and handle hard misclassified samples.
It is possible to lower the loss value for normal electricity
consumers which have a higher probability. While the sam-
ples of anomalous electricity consumers have a low actual
probability. From the studies mentioned above, considering
the perspectives from various aspects. However, there are still
some limitations to be found:

1) InNTLsdetection, there are only two groups for detect-
ing abnormalities that is between no-fraud and fraud,
which use the electric energy (kWh) data from a smart
meter. But for the multi-class problems in NTLs field
or the analysis of other variables such as current and
voltage, these have not been considered.

Some studies did not take into account the effects of
unbalanced data. Despite the fact that the amount of
data for two groups is very different. This will affect
the accuracy of classification as well as the bias toward
the majority group.

The data imbalance problem is solved differently, for
example, by regrouping data, adding a few groups,
or decreasing many groups. Sometimes the details
obtained may not be comprehensive or truly appropri-
ate, possibly causing the actual use may result in errors.
Handling unbalanced data by synthesis or modeling
is found in most residential households with single-
phase meters. These methods may not be applicable or
practical to three-phase meters for major customers.

From the limitations mentioned above. We proposed a data
balancing technique that has been evaluated and is suitable for
classifying patterns of anomalies (defects and theft) for AMR
monitoring systems to improve classification accuracy. The
main contributions of this paper are summarized as follows:

1) Because of the significant sample imbalance, which
is likely to cause primary bias and affect error in the
classification model, we proposed a framework for
optimization and comparison of three techniques for
handling unbalanced data (multi-class).

For a 3-phase 4-wire system, the energy consumption
(EC) can illustrate the change in effect, but it is difficult
to identify the type of abnormality that occurs. To elim-
inate this concern, the voltage, and current parameters,
which are components of real power (kW), are analyzed
in depth to improve the accuracy of the classification.
3) Time series data are correlated in the time dimen-
sion, which causes volatility when the load or interval
changes according to time of use. To solve this prob-
lem, we applied the recurrence plot (RP) for imaging,
which is a technique that explicitly analyzes recurring
behavior in natural processes to extract features for
model training and classification.

In order to find a network that effectively classifies
and a suitable method for our dataset. The various
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architectures for types of image classifier networks
from deep learning were tested to compare model
optimization. Importantly, we evaluate networks using
performance metrics for several perspectives.

The rest of this paper is organized as follows: Section III.
highlights of the proposed methodology consist of data pre-
processing, handling unbalanced data, feature extraction,
classification, and a detailed discussion of results. Section I'V.
presents the differences in performance with other tasks:
compare other imbalanced techniques, use data from open
sources, compare the state-of-the-art benchmarks, com-
pare with previous works, and discuss limitations. Finally,
Section V summarizes the conclusion of this study.

1ll. PROPOSED METHODOLOGY

In this section, a framework of unbalanced data handling
techniques and data classification procedures is described.
Historical datasets for 3P4W low-voltage and current values
are obtained from PEA’s AMR data center. An overview of
the proposed methods is shown in Figure 2. There are four
primary parts:

1) Data pre-processing: The data preparation process
consists of four main parts: exploring data, cleaning
data, correcting data, and normalization. It is critical to
have complete and accurate data so that the model can
learn and classify efficiently.

2) Data balancing: The class imbalance solution consists
of three main parts: anomaly models, adaptive synthetic
sampling and image data augmentation. (Highlights of
the current study)

3) Feature extraction: Considered a 2D image, the
method of data extraction by converting time series
data into images was chosen. One suitable and effective
technique is the recurrence plot.

4) Image classification: Several types of deep learning
are used to classify anomalies for comparison and eval-
uation with performance metrics.

A. HISTORICAL DATASETS

The AMR dataset was compiled from the PEA over a 10-year
period, beginning in January 2011 and ending in December
2021. The AMR meter used in the study is a 3-phase 4-wire
system rated at 380 volts and records data resolution every
15 minutes. Parameters are used to consider only the voltage
and current from the data recorded separately for the three
phases (A, B, and C). We defined the scope of major cus-
tomers in electricity distribution, which include residential,
business, hotel or lodging businesses, and factory or indus-
trial customers. Importantly, we focused on the customer’s
installation of transformers sized 150-250 KVA. We consider
the data to be within the scope of 1 week and scale up the
data size from every 15 minutes to every 1 hour (672/4 =
168 values per event) while retaining its clear characteristics.
The data group (labels) is determined by referring to the
actual on-site inspection results that have been recorded in
the AMR system. Normal customers are assigned a value of 0,
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TABLE 1. Description of the dataset.

Explanation Current

Phase A B C A B C
Number of normal

Voltage

1,159 1,146 1463 823 805 801

Number of defective
customers
Number of theft
customers
The total number of
customers
Timeline

246 116 168 419 424 420
66 71 85 212 252 215

1471 1,603 1716 1454 1481 1436
01/01/2011 to 31/12/2021

defective meters are assigned a value of 1, and energy theft is
assigned a value of 2.

The detailed information shown in Table 1 shows that the
amount of data in each phase and each class is not equal as a
result of the data retrieved from AMR systems over a 10-year
period, specific to low-voltage type customers and the differ-
ence in the number of events that occurred. All obtained data
are filtered for normal, defective, and theft phase-by-phase to
classify the data using documented on-site inspection results.
For the analysis, both the voltage and current variables for
each phase of the three phases (A, B, and C) are considered.
The reason why each phase needs to be taken into account is
because in some cases the fault only occurs in some phases
and does not happen in all three phases. For example, in the
case of a theft, the customer tampered with the meter, causing
the A and B phase voltages to drop abnormally and the C
phase voltage to remain normal. In this case, only the voltage
value is distorted, while the three-phase current value is still
measured normally. Therefore, phase A and B voltages are
classified as a voltage theft group, and phase C voltage is in
the normal voltage group. and all three sets will be classified
in the normal current group for all three-phase current values.
In another case, for example, it was found that the CT was
damaged in all 3 phases and that the voltage control cable
was broken in all 3 phases as well, in case both the current and
voltage were completely distorted. The data is classified into
defective current and voltage groups. Therefore, the number
of records used in this study is not counted as the number
of customers but considering the number of cases. Because
in some cases there may be abnormal events that can occur
repeatedly.

B. DATA PRE-PROCESSING

Data preparation is a very important step. If the prepared data
is ineffective, it may result in misinterpretation. Therefore,
the data should be interpreted in order to adjust the data to be
accurate and complete before using it. Data pre-possessing is
divided into four steps as follows:

1) EXPLORING DATA

Understanding the information to be studied before analyzing
itis important. In this research, the data used consisted of two
variables: voltage and current values. The datasets exported
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FIGURE 3. A comparison of the defective and theft patterns of
three-phase voltages and currents.

will be in tabular form, and visualization was used to visualize
the overall appearance that occurred. Figures 3. (a) and (b)
depict the thefts that caused the voltage drops in phases A
and B to be reduced to zero while the defective control wires
found in phases A and C, respectively. In the two figures
below, Figures 3. (¢)-(d), we show the thefts for the current
of phase B and the defective CT of phase B, respectively. For
each event, the anomaly patterns observed in some phases and
three phases were different. The study of various patterns of
abnormalities that occur will be an important part of building
an anomaly model.

For three-phase systems (three-watt method) that are
installed in commercial and industrial customers. The elec-
tricity charge is calculated from the summing of the active
power of the three phases, which is given as equations (1-4).

Py = Valatr) €08 04 + Vi) Ipr) €08 O + Veryle €08 6c
(1

where: V() is voltage measured at the input terminals, /i)
is current measured at the secretary side using a current
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(3) Correcting Data sampling (Set2) A;;‘:::Ty
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Co age (V) (4) Data : Image data = Recurrence imaging | Fl-score
urrent (A) Normalization T al i (Set 3) AUC-ROC
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transformer (CT), cos 6 is the power factor of phase angle
between current and voltage.

E@) = Patry + Py + Pery (2)
Ery = (Pay + Ppiy + Pey) - dt 3)
T
Evotal = ) Eary )
=0

where: Pur), Pir), Pery are the active power for three-phase,
E() is the energy measured by AMR meter in each interval
dt,and E,y, is the total billed energy in a period. In the
case of a balanced three-phase meter, the active power is
approximately the same on all three-phase Py¢) = Ppy =
P¢(1) depending on voltage, current and power factor. How-
ever, in the case of defective meters or electricity theft, the
three-phase is unbalanced due to abnormal amplitude and
angle.

2) DATA CLEANING

The data cleaning step is an important first step in data
preprocessing. Preliminary must check for errors that occur
with data such as incorrect data, duplicate data, and missing
values. Incomplete data can be corrected by substituting or
removing invalid data [22]. In this study, we manipulate data
using equation (5).

Xt,i—1 + Xt,i41

2
x1i € NaN Xpi NaN
F(x. ) = i ’ 1ikl &
H X;,i—1 0T X; j OF X; i1, € NaN
Xt.is Xt.i, € NaN

(5

where: x;; is defined as voltage or current for each class
customer / at time interval ¢
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3) CORRECTING DATA

In some instances, AMR meters are deactivated and installed
for new customers. The recorded data contains erroneous
values and outliers. Such anomalies are dealt with by the
three-sigma rule of thumb [22] as follows equation (6), which
is a rule based on the normal distribution principle.

avg(X i)+ 2 -std Xy ), if X > X

Xt.i else

F(x i) = [ (6)
where: X; ; is computed by a vector of x;; in a window for
time interval.

4) DATA NORMALIZATION

The AMR meter type 3P4W is based on the three-element
measurement principle. The low-side current and line to
neutral voltage are measured. Transformers installed for
customers have different sizes, resulting in different-rated
current transformers installed. Min-max scaling [22] is used
to normalize the data range according to the following
equation:

Xp,i — min(xy ;)

000 = ) — minGe ) 0
where: min(x; ;) and max(x; ;) represent minimum and the
maximum value of x; ;, respectively.

Based on the above data pre-processing, the overall steps
are shown in Algorithm 1.

Algorithm 1 Data Preprocessing Steps

Input: xy,i 18 voltage or current of time series
in a window and real dataset
Variables: | X; ;

Result: x{'; (normalized)

1 For i = 1to all do

2 Fill missing data:

3 if x; j == NaN && x;,i-1 || Xt.i+1 # NaN
| then x; ; = (x;,i—1 + X;,i+1)/2

4 end

5 if x; j == NaN && x;,i—1 || x;,i+1 == NaN
| thenx,; =0

6 end

7 Handling outliers

8 if x> avg(Xe.i) +2 - std(X; i)
| then x; ; = avg(X; ;) + 2 - std(X, ;)

9 else

10 | xei = xei

1 end

12 Min-max scaling

13 | %' = xpi —min(x, ;)/ max(x;, ;) — min(x ;)

It end

C. DATA BALANCING
The class imbalance problem is one of the critical problems in
data science that needs to be handled before entering the data
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FIGURE 5. Example of normal data with voltage and current.

into a model for learning. Considering the historical datasets
of AMR, normal customers are many available, while defec-
tive meters and energy theft rarely exist.

This section presents three methods for solving imbalanced
datasets that create data to balance in different ways, con-
sisting of generating new data using a model, data synthe-
sis, and image adjustments. Each topic is described in the
sub-sections as follows:

1) ANOMALY MODEL (AM)

Considering the abnormal patterns found with AMR meters,
the consumption pattern of major customers often varies due
to several factors. For example, changes caused by season-
ality, customer behavior, and economic conditions can be
permanent or temporary. NTLs attack models were proposed
to generate abnormal patterns in different cases from normal
data [23].

In this study, defects and theft patterns are analyzed sep-
arately for voltage and current. The difference between each
type of abnormality is generated from normal data samples,
which show an overview of the process as in Figure 4.
An anomaly model was generated considering either a peri-
odic decrease or an abrupt change in energy consumption.
Attack models in [23] will be rebuilt to reflect the actual
anomaly pattern found in the AMR meter and to assume the
nature of real-world attack scenarios.

a: NORMAL DATA SAMPLES
Given that the normal condition for voltage is constant
while the current varies depending on the load. For example,
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a change in an electrical machine, production time, or envi-
ronmental conditions would result in a reduction of EC.
Figures 5 (a) and (b) represent the daily variation of normal
data samples of voltage and current.

b: DEFECTIVE MODELS

The defective meters that have been found in many incidents
can be divided into two categories: internal meters such as
clock failure, data flash failure, program flash failure, or LCD
error [2] and external meters, such as bumout from over-
load, defective terminals, current transformer failure, oxide
formation, or internal loads of customers [2]. The aforemen-
tioned causes can be summarized into six models as shown
in Mathematical model 1. Each phase of normal data is fed
into the defective models (six cases) to generate a new dataset
of defective patterns. Figure 6 shows an example of the
generated voltage (left) and current (right) for time series.

M::::::: tilcal Defective generating model
Input: voltage phase p: V" (p),
current phase p: 1;".(p)
both will be represented x*, . (p) ,
n is normal sample
Variables: | constant value: ¥, ,,0v, change over
time,
X/, is average value
Result: ¥ (p) is defective generated
Cases: | Any phase drops (differ phase)
(%7 (a) =1.05*x! ()] || [£ (b) = 0.9% X, (b)]
df:1 [I[%" (c) = 0.45*x (c)]; ramdom(t)
That toggle constants between phases.
Cases: | All phase unbalance
a2 (% (a) =a,*x,(@) &&[E] (b) = a, *x!,(b)]
: &&[%(c)=a, *x!' ()];0.15< &, <0.85
Cases: | Any phase over standard (over same phase)
&3 (5] (@) = ov, *x (]| [£] (B) = ov, *x, ()]
’ 1[4 (c) =ov, *x,(c)];1.5<0v, <5
Cases: | All phases reduce invariably
g4 [ (@) = @, * X" (@) & &% (b) = @, *X,(b)]
’ &&[¥(c)=a, *X/ ()]:0.5< @, <0.95
Cases: | All phake zero over time
df:s | x(@)=x1(B)=x1()=0,7,-7,
Cases: | Any phase drops
[% (@) = y *x ()] & &[X (b) = y * X, (B)]
i6 | FEEI© =723,
random(0.125,0.925),7, -7,
- { 1 ,otherwise
46528

c: DEFECTIVE MODELS

The purpose of energy theft is to commit a billing report for
less energy than the actual energy consumed. Examples of
incidents in PEA comprise switching between phase wires,
direct connect without a meter, short-circuit current coils,
forged lead seals, cutting the control cable of accessories
CT [2]. From the events found, the pattemns can be summa-
rized as Mathematical model 2. In the same way, each phase
of normal data is fed into the theft models (five cases) to
generate a new dataset of theft patterns. Figure 7 shows an
example of the generated voltage (left) and current (right) for
time series.

Mathcm:?tical Generated theft model
model: 2
Input: voltage phase p: V' (p) ,
current phase p : 1", (p)
both will be represented x”,, (p) .
n : normal sample
Variables: | constant value: 3, £, , @, change over
time,
average value: X',
Result: %" (p) s theft generated
Cases: | Any phase drops to zero.

(5 (a) = B, *x] (@ [F](b) = f * X, (b)]
LE5(0) = B, * ! (),

th:1 ! d
Ty <I<Ty
A —{ 1,otherwise
Cases: | All phase is zero some time
(5 (@) = B, *x] (@) & &[F; (b)) = S, *x],(b)]
&&[x/ ()= B, *x!, (O],
th:2 X -
0.7, <t<rT,
ﬂ = st ed
> 0.9, otherwise
Cases: | All phases reduce constant
[¥"(a) = &, *x! ()] & &[ X (b) = a, *x,(b)]
th:3 | &&[F'(c)=a,*x] ()],
0.15< e, <0.85
Cases: | Any phase abrupt balance

[%(@) = a, *x (]| [X(b) = &, *x7,(D)]

i

th:4 | |[Ei()=a,*x ()],

i

randoma, fortin0<ea, <0.75

Cases: | Any phase is reversal
[ (a) = inverse(x] (a))] || [¥" (b) = inverse(x], (b))]

II[%(c) = inverse(x!, (c))],

th:5

2) ADAPTIVE SYNTHETIC SAMPLING (ADASYN)

One way to handle the datasets in the small class is by
using an approach to synthesize new sampling. In this study,
adaptive synthetic sampling (ADASYN) was used to increase
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FIGURE 6. Some examples of defectively g d data.

the number of abnormal data points of both types (defects
and theft). The motivation of using ADASYN is to adjust the
weight compared to the most important classes, reduce the
bias, and implement an adaptive learning procedure accord-
ing to different distributions [24]. The synthetic data process
is illustrated in Figure 8 and described in Algorithm 2.

3) IMAGE DATA AUGMENTATION (1A)

Data imbalance problems arise from insufficient data.
To solve the data scarcity in terms of image datasets,
one of the techniques is image data augmentation (IA).
This technique generates new images from existing ones to
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FIGURE 8. The input-output ASASYN structure for synthetic sampling.

enhance a size, increase data, customize images, and improve
the quality of training. IA is commonly used in computer
vision. However, it can apply various changes to the initial
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Algorithm 2 Generating 3 Classes With ADASYN

Input V.i(p) and I; i(p) data represented x; i
for array [X;, y;], samples N(t = 1,...,n)
Variables | X; is an instance n dimensional, y;
is class identity (3 class)
Samples N = Nia + Npiy Nmi < Nina Npmi
is small class, Ny, is majority class
Result: S; is the new synthetic example
1 Calculate the degree of class: d = %

Where: d € [0, 1]

2 If degree of class(d) < preset theshold(d, )

3 then

4 Total number of synthetic data

(G) = (Nma + Nimi) * ﬂ

Where: B is desired balance level 8 € [0, 1]

5 Calculate the ratio r, = %, t = 1sovv: N
when At is the number of samples in K nearest
neighbors (Euclidean distance), r; € [0, 1]

6 Normalize r, and density distribution
= —r’z, S =1
7 Calculate synthetic data samples g, = 7y * G
where;G is total number of synthetic data
8 Fort=1to g
9 Randomly select small part X;; from K € X;
10 Generate the synthetic data samples

S, =X, + (X;; — X;) * A where;A is a
random number A € [0, 1]

1 end

12 end

data as a useful solution for oversampling and reducing
overfitting [25].

For image data augmentation techniques, the original
dataset was extracted into images using a RP and defects and
theft patterns were then created using position augmentation.
An overview of the process is shown in Figure 13. The time
series were converted to images using RP, and image manip-
ulation was then performed using a set of eight augments,
as shown in Table 2. Parameters were randomly adjusted
according to Table 2, and each technique was randomly com-
bined to increase the amount of abnormal data. For example,
acombination of scaling (126 x 126) and rotation (30 degrees)
or cropping (138) and flipping (p =0.5) creates a new image,
as shown in Figure 13.

D. FEATURE EXTRACTION

In many areas of data science, one of the most important
procedures for classification using deep learning is data
extraction. Time series are directly input to machine learning
and various classifiers were classified to compare the results
in [26] and [27]. However, many studies have been found to
transform time series into other structures such as graphs or
tables, images and wavelet transforms in [28], [29], and [30],
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TABLE 2. Position and p setting.
Augmenting Explanation Parameters
Scaling The image will be scaled to  (126x126), (109x109),
the specified size. (92x92), (76x76),
(59x59), (42x42)
Cropping The image will be partially 138, 108,78,48
selected (center).
Flipping The image is flipped random p [0.5, 1]
vertically or horizontally.
Padding All sides of the image are random (a, b, ¢, d)
padded with a designated range [1,30]
value.
Rotation The image will be rotate range [0-270]
randomly rotated.
Translation  The image will be moved random translation
along the x-axis or y-axis. [0.1-0.9]
Zooming The image will be zoomed  random range
in at various aspect ratios. [0.1,1]
Affine The affine transformation random degrees [0,90]

transformation  preserves straight lines,

planes, and points.

and scale [0.1,0.9]

TABLE 3. Generated result and voltage data balancing.

Classes/ Phase A Phase B Phase C
Phase Before  After  Before  After  Before  After
Normal 1,159 1,159 1,416 1416 1,463 1,463
Defects 246 246 + 116 116 + 168 168 +
913 1,300 1,295
Theft 66 66 + 71 71+ 85 85+
1,093 1,345 1,378
Total 1,471 3.477 1,603 4,248 1,716 4,389
TABLE 4. Generated result and current data balandng.
Classes/ Phase A Phase B Phase C
Phase Before After Before After Before After
Normal 823 823 805 805 801 801
Defects 419 419 + 424 424 + 420 420 +
404 381 381
Theft 212 212+ 252 252+ 215 215+
611 553 586
Total 1,454 2.469 1,481 2415 1.436 2,403

which give good results compared to direct input of time
series data. So, this is an interesting and challenging method
for data extraction.

In this study, after generating and balancing the data, the
total amount of data is shown in Tables 3-4. Each phase
of theft and defective samples is generated with the same
amount of data as the normal samples. One of the methods
for extracting features that are used to transform time series
data into images is the recurrence plot (RP) [31].

1) RECURRENCE PLOT (RP)
Recurrence plot are the original technique of nonlinear
data analysis used to visualize the time series dynamics,
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Algorithm 3 Recurrence Plot (RP)

Parameters: | Window size: 168
Dimension of the trajectory, dim = 1
Time delay, td = 1,Threshold = none
Percentage of black points, pb = 10
Color map: color = plasma
recurrenceplot function: using Eq.8
Classes: ¢ (normal, defect, theft)
1 Data in 1D format: x; (p); i,j=1,2,3,..., n

x550) = {36100 X0, 550, 65,0
2 Forsample x{ /(p) € dataset

3 do

4 For im;, =

recurrenceplot (x; 1P, color, dim, td, pb)

5 do

6 RP ¢y = resize(imy,, size)

7 end
Result:

RP(; ¢) is customer images n with class ¢

the periodic characters, and the complex dynamic sys-
tems [31]. This method represents time series using the repeat
of states (recurrence) property of the trajectories of dissipa-
tive systems. Consider the recurrence plots are shown by the
equation (8).

— —
L[ e

0, otherwise

RPjj = ’ ®)
where: RP is a square matrix RP;j,i,j=1,..., N, |l-|lis
a norm, the state of the system of RP;; is equal to 1 if the
distance between points x/; and x; ; in phase space does not
exceed the recurrence threshold & otherwise RP;; is equal
to 0.

The above relationship equations were applied to transform
a time series into an image using the Python package for
a recurrence plot, as shown in Algorithm 3. The interesting
aspect of the recurrence plot applied in this research is as
follows:

1) A nonstationary signal will show the nature of the
occurrence or abrupt change.

2) The time interval between the periodic patterns corre-
sponds to the interval that occurred. The diagonals with
different distances reveal periodic or quasi-periodic
patterns.

3) A single point with a heavy fluctuation pattern is rep-
resented as an uncorrelated random point.

2) RECURRENCE IMAGING (SET1)

After balancing the dataset (setl) using the anomaly model
(AM). The window size was divided into 168 intervals
(for 1week: 672/hour: 4) because it is consistent with the
AMR monitoring system. The image was scaled to 168 x
168 based on the experimental results of optimum resolu-
tion. The results of the recurrence imaging are illustrated in
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FIGURE 9. Current time series transformed using RP.

Figures 9 (a-b) and Figures 10 (a-b). Figure 9(a) shows the
normal and defective events, while Figure 9(b) shows the
normal and theft events in three-phase voltage. Similarly,
in the case of three-phase current, Figure 10(a) represents the
normal and defective events, while Figure 10(b) represents
the normal and theft events. The data were then extracted
for each phase and converted to recurrence imaging. The
shapes that are formed change over time and have different
characteristics for each class.

3) RECURRENCE IMAGING (SET2)

The datasets in each group are separated to be compiled
for each phase of voltage and current (set 2). Subsequently,
the type of defective meter and energy theft was generated
using synthetic data with using Algorithm 2. Example results
showing differences between no-balance data and ADASYN
are shown in Figure 11. Before synthetic data, normal data
consisted of two sets, one set of defects and the other set of
thefts. The scatter plot of no-balance illustrates the sample
data distribution of three classes in Figure 11(a), which is
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Current

Normal+Defective RP _NOM-B

FIGURE 10. Current time series transformed using RP.

represented as an individual image for each class, as shown in
Figure 11(b). After generating synthetic data with ADASYN,
it was found that the normal data had only minor data changes
while the number of defects and thefts increased, as shown
by the scatter plot (ADASYN) in Figure 12(a). At the same
time, the plot shape changes according to the new data added
and the results of defects and thefts data increased to 2 sets,
as shown in Figure 12(b). The results were different, but
the same features were found. Overall, the synthesized data
corresponds to the amount of data in Tables 3 and 4.

4) RECURRENCE IMAGING (SET3)
In this technique, there is a difference between the two previ-
ous techniques because the unbalanced data were converted
to recurrence imaging (set 3) before balancing. Defect and
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FIGURE 11. Examples of No-balance for three classes of datasets.

theft data for voltage and current are randomly selected for
image adjustment using the position augmentation, as shown
in Figure 13. In this case, the normal data is unadjusted, but
we adjusted only the abnormal patterns so that the abnor-
mal group would have the same number of images as the
normal group. The result of this adjustment is shown in
Tables 3 and 4, respectively.

E. IMAGE CLASSIFICATION

The data were balanced using three techniques both before
and after it was extracted into an image format for classifica-
tion. The image input was split into a training set (75%) and
a testing set (25%). The program ran on Windows 11 with
an Intel Core i7-12700H 2.9 GHz CPU and 16 GB of RAM.
The programming language used was Python and the libraries
used were Tensorflow, Keras, Scikit-learn, Numpy, Pandas
and PyTorch. For image classification, several deep learning
classifiers were used in this study including LeNet5, AlexNet,
VGGNet19, DenseNetl21, ResNet50 and InceptionV3. The
experiment was conducted with the Adam optimizer with
an initial learning rate of 0.0001, a minibatch size of 10,
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FIGURE 12. Examples of ADASYN for three classes of datasets.

L2 regularization of 0.0002, a batch size of 64, and training
over 30 epochs. For model training, this study is divided
into two parts: The first part is an implementation of the
pre-trained model available in Keras Applications without
any additional design or parameterization [32]. Because it
is important to compare the results of classification after
balancing data for each data type. In the second part, a CNN
model is applied to compare the results of each balanced
data approach, which are determined on a time-series basis
(not converted to images). This part defines and designs the
parameters for each layer by experimenting with hyperparam-
eters to find the exact fit for the dataset.

1) PERFORMANCE METRICS

In order to comprehensively evaluate the experimental result,
performance metrics were used to verify the effectiveness
of the proposed method [33]. In addition, area under curve
(AUC) and receiver operating characteristic (ROC) curves,
the two metrics for evaluating the performance of a classifier,
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were also used. The details are as follows:

TP+ TN
Accuracy = ———— 9)
TP+ TN + FP +FN
P
Recall or TPR = ———— (10)
TP + FN
5 3 TP
Precision = —— (11)
TP+ FP
Bl —siaTe 2% Prt-:c.ision x Recall (12)
Precision + Recall
FPR = (13)

TN + FP
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NUMBER OF VOLTAGE DATASETS TABLE 5. The effectiveness of the combination for voltage.
® Energy theft  w Defective meter  ® Normal conditions
sa00
20 S’: ::sm z“’m Method + Network Acc  Recall  Precis. s:::(:;c ?{lé((: FPR
s = E (== — =] No balance LeNetS 842 793 856 424 404 207
150 L26s (=== o) No balance+AlexNet 870 808 798 409 492 192
[ [y —_— No balance+VGGNet19 854 748 731 485 509 252
| o B No balance+DenseNet12l  83.8 722 660 518 474 278
|—|— | 1= No balance+ResNetS0 873  69.0 757 545 511 310
b b Dt -

" = =i === | = No balance+InceptionV3 860 789 713 578 597  21.1
No balance Anomaly model ADASYN Image AM+LeNet5 90.7 867  89.1 821  69.6 133
AM-+AlexNet 928 816 875 736 683 184
FIGURE 14. Number of voltage datasets for classification. AM+VGGNet19 92.0 871 92.5 777 714 129
AM:+DenseNet121 940 903 884 905 920 9.7
AM-+ResNet50 92.0 829  90.1 849 857 17.1
NUMBER OF CURRENT DATASETS AM-+InceptionV3 93.8 783 93.7 88.9 0.6  21.7
mEnergytheft = Defective meter = Normal conditions ADASYN +LeNetS 88.0 90.4 8.5 75.8 71.3 26.1
o 4038 205 4,048 4,038 ADASYN +AlexNet 90.1 834 8.0 777 768  23.0
L e B T e 1T ADASYN +VGGNetl9  89.7  90.1 27 834 700 236
500 — — ' S — ADASYN +DenseNet121 0.1 914 6.8 775 673 218
00 [T = B el ADASYN +ResNet50 9.9 90.1 25 839 739 258
2500 — p— — - ADASYN +InceptionV3 9.7 882 44 829 661 223
200 | 1= == - IA+LeNet5 6.0 486 527 676 510 515
= | = —|=] |- 1— ot s 1A+AlexNet 549 651 600 614 432 349

0 = | - | - — - |
i = = f—— ] = === IA+VGGNet19 59.6  40.1 393 522 556 599
= 530 . ) o - IA+DenseNet121 533 40.1 63.8 625 487  60.0
S I - — o — — IA+ResNetS0 51,5 421 4.8 575 412 579
e = — IA+InceptionV3 617 545 418 514 60.1 455

Anomaly model ADASYN Image

FIGURE 15. Number of current datasets for classification.

where: TP is true positives, TN is true negatives, FP is false
positives, FN is false negatives, TPR is true positive rate, and
FPR is false positive rate.

2) ANALYSIS OF RESULTS AND DISCUSSION

a: EXPERIMENTAL SETUP

The data is separated from each phase for processing and
extracted as image data using recurrence plots in the bal-
ancing data step. But for classifying data, all three-phase
results in image form are combined into a single dataset that
is shown in Figures 14-15. The data consists of four sets: no
balance, anomaly model (AM), adaptive synthetic sampling
(ADASYN) and image data augmentation (IA). No balance
is original data for voltage (NOM: 2,429, DEF: 1,263, THF:
679) and current (NOM: 4,038, DEF: 530, THF: 222). The
balanced data for AM, ADASYN and IA are almost equal in
all three categories for voltage (NOM ~ DEF ~ THF x2,429)
and current (NOM =~ DEF =~ THF ~4,038).

b: EXPERIMENTAL RESULTS AND DISCUSSION
In order to analyze the effectiveness of the proposed methods,
which are a combination of unbalanced data handling tech-
niques and deep learning methods. To compare performance
metrics among several evaluators, there are four methods with
six networks that evaluate voltage and current data. The best
results are highlighted in bold on each table and metric.
Tables 5-6 shows the results of data classification. Accu-
racy is the value that the model correctly predicts based
on all of those values. AM+DenseNetl121 is 94% (volts),
and AM+VGGNet19 is 93.5% (amps), both give the best
results. Recall or TPR are values that the model correctly
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predicted against true positives and false negatives. The
experimental results show that ADASYN+DenseNet121 is
91.4% (volts) and ADASYN+ResNet50 is 90.6% (amps).
These were the highest values. A good recall value should
have the fewest false negatives. Precision is a positive pre-
dictive value where AM+InceptionV3 is 93.7% (volts) and
AM+VGGNet19 is 91.1% (amps). Both provide high pre-
cision. F1-Score is the value obtained by combining recall
and precision, AM+InceptionV3 has a maximum value of
88.9% (volts), and AM+ResNet50 has a maximum value
of 86.6% (amps). AUC-ROC is a measure of the overall
performance of all groups and distinguishes between classes,
where AM+DenseNet121 is 87% (volts) and ADASYN+
VGGNetl19 is 79.1% (amps), both giving good results. FPR
(False Positive Rate) is a measure of false predictions. The
least valuable result is 9.7% (volts) for AM+DenseNet121
and 10.2% (amps) for AM+ResNet50. A good model must
have a low FPR, which reflects the potential for error. Impor-
tantly, the occurrence of false positives in real events can
result in errors and waste time on investigations.
Considering the technique used, the anomaly model was
balanced and gives the best results in all evaluations.
An anomaly model generated from equations extracted from
real events. The actual data used was varied and was
deformed into anomalies, the pattern of which also changed
depending on customer behavior and load. In this way, the
model can be learned in many patterns. However, in some
events that have never been simulated or learned by the model
before, this can be erroneous in actual use. Adaptive synthetic
sampling generates new data sets by adaptively shifting the
decision boundary on the learned for small class samples.
Based on the idea of a consistent distribution for the original
dataset, anomalous data (defects and theft) were adjusted and
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TABLE 6. The eff of the bi for current.
Method + Network ~ Acc  Recall Precis. - AUC- ppg
score  ROC
No balance+LeNetS 85.8 61.4 89.9 534 50.3 38.6
No balance+AlexNet 70.9 61.4 734 52.7 513 38.6

No balance+VGGNet19 87.9 553 69.7 62.5 569 447
No balance+DenseNet121 842 630 68.3 537 552 370

No balance+ResNet50 883 757 66.9 528 60.6 243
No balance+InceptionV3 840 727 73.6 50.5 489 273
AM-+LeNetS 90.0 838 80.7 79.5 582 16.3
AM-+AlexNet 909 839 783 83.7 63.0  16.1
AM+VGGNet19 935 873 91.1 76.7 65.6 128
AM+DenseNet21 924 876 73.0 69.2 80.8 124
AM-+ResNet50 913 898 80.7 86.6 627 10.2
AM-InceptionV3 909 838 82.7 83.8 779 162
ADASYN +LeNets 6.6 883 84.2 75.3 727 285
ADASYN +AlexNet 7.9 898 85.0 73.1 70.1 28.2
ADASYN +VGGNet19 8.5 89.8 84.2 79.9 79.1 275
ADASYN +DenseNet121 84 895 85.6 74.1 75.6 255
ADASYN +ResNet50 747 90.6 85.3 754 73.9 247
ADASYN +InceptionV3 91.2 899 86.1 78.7 703 243
IA+LeNets 65.1 625 48.6 60.3 589 375
I1A+AlexNet 61.8 440 69.3 523 533 56.0
IA+VGGNet19 578 49.1 539 61.8 509 509
1A+DenseNet121 60.2 653 48.7 63.5 573 347
IA+ResNet50 528 579 69.7 572 586  42.1
IA+InceptionV3 509 473 577 435 583 527

synthesized for At based on the number of samples in K
nearest neighbors calculated by Euclidean distance, and syn-
thetic data samples were randomly drawn from small groups.
Nevertheless, in this study for multiple classes, all data were
adapted and regenerated to balance the data, incorporating
all anomalies into each class. So, when splitting the data
into windows for each customer, a whole new dataset was
yielded. In this way, the synthesized data may confuse the
learning ability of the model. Image augmentation, although
this method has good results in computer vision tasks for
increasing the number of learning, is suitable for augment-
ing images where there is a difference between foreground
and background. But for this study, classifying anomalies
from time series conversion to images may not be appropri-
ate. RP images using position augmentation that augmented
images were too complex, difficult, and different and did not
help the model learn better. Another interesting point is that
no balance data produces good accuracy, recall, and precision
results, but the Fl-score and AUC-ROC were overall poor.
The model has poor performance when used with unbalanced
data, which is because it does not learn enough from the data.

Considering the network used, network training and test-
ing were paired with each technique for evaluation. LeNet5
was very small and simple compared to other structures,
which were commonly used with gray-scale images. While
AlexNet was designed to be deeper with 8 layers and worked
well with color images. However, VGGNet19, DenseNet121,
ResNet50, and InceptionV3 have structural differences that
are further enhanced by increasing the number of layers,
improving model depth, removing limitations, expanding
capabilities, and allowing for faster models. Consequently,
different good results were obtained for each type of data.
In this experiment, we focused on comparing model perfor-
mance against each type of method obtained from balanced
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FIGURE 16. Training vs. testing of accuracy and losses for Method +
Network.

data. This gave us more options as to which network could
best fit our application.

Figure 16 depicted examples of the voltage dataset for
Method + Network that gave the best results during the
training and testing phases. The left side shows the accuracy,
and the right side shows the loss, which is set for 50 iterations
of running. For average accuracy, No balance + ResNet50:
87.3%, AM + DenseNet121: 94.0%, ADASYN + AlexNet:
90.1%. When considering the above three graphs, the accu-
racy increases as the epoch value increases. AM was quite
smooth and has less swing than no balance or ADASYN
which fluctuate in some epochs. While IA+InceptionV3 has
an average accuracy of 61.7%, which was a poor outcome,
and the graph shows fluctuation, abrupt change, or overfit-
ting in many epochs. For loss graphs, no balance, AM, and
ADASYN found that it gradually increases when the epoch
value increases. While the IA was trending down as well but
with a high swing.

IV. COMPARISON OF PERFORMANCE WITH OTHER
WORKS

A. COMPARISON WITH OTHER IMBALANCED
TECHNIQUES

In order to further prove the difference between the pro-
posed approach and other types of data balancing techniques,
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TABLE 7. The CNN network parameter settings.

Layers Parameter value

1 Input layer (168,1)

2 Convolution layer: 3x3
Pooling layer(max): 2x2
Convolution layer: 3x3
Pooling layer(max): 2x2
Convolution layer: 3x3
Pooling layer(max): 2x2

Flatten:512
Fully connected: 64
Softmax:16
Output layer

BNV

TABLE 8. C of other using CNN (voltage).

: F1-  AUC-
Precis. score  ROC FPR
No-balance 810 808 8L 675 761 192
RUS 833 838 83.0 862 680 163
ROS 84.1 83.8 84.0 87.3 832 151
RUS+ROS 83.6 83.8 83.6 86.7 83.2 17.0
SMOTE 82.1 82.3 824 857 813 127
CSL(weighting)  77.5 78.0 76.9 79.4 82.2 23.5
AM 90.6  91.0 91.9 89.1 920 10.1

Method Acc  Recall

five methods were designed for comparison on the same
data. These methods consisted of random undersampling
(RUS) which randomly removed samples from the majority
class [34], random oversampling (ROS) which is randomly
samples duplicates in small classes. The combination of the
two techniques [35], synthetic minority oversampling tech-
nique (SMOTE) synthesizes new examples from the existing
examples [35], and Cost-Sensitive Learning (CSL) is used as
a class weight to compensate for the small class [36].

The comparative experiments used a time series dataset,
which differed from this current study because we wanted to
demonstrate the effectiveness of using 1-D (time series) and
2-D (image) data. Our dataset was manipulated as time series
features using the techniques mentioned above to balance the
data. During this study, we proposed a method where the data
was extracted for each customer and converted to images.
Therefore, convolutional neural network (CNN) was used
to classify, and the parameters were configured in Table 7.
We set 3 x 3 kemels of convolution, 2 x 2 for pool layers at
3 layers, and SoftMax for the activation function. The results
are shown as Tables 8-9 and AUC-ROC score compared to
the other techniques in Figure 17. The results revealed CSL
performance was poor, while RUS, ROS and combining the
two gave low results when comparing to SMOTE. However,
the method proposed (AM) for time series also outperform
than other techniques, although the results are lower than
those of image analysis. That shows that classifying normal
defects and theft patterns for this research, which balances
data and uses 2-D features yields better results than 1-D.

B. COMPARISON WITH EXISTING DATA SOURCES

Based on the matching between methods and networks in this
study, this allows us to obtain the best model from experimen-
tation, which is AM+DenseNetl21. In order to determine
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FIGURE 17. AUC-ROC based benchmark comparison using CNN.

TABLE 9. Comparison of other techniques using CNN (current).

’ F1- AUC-

Method Acc  Recall  Precis. score  ROC FPR
‘No-balance 747 749 729 580 679 253
RUS 752 75.6 721 694 623 248
ROS 753 73.0 74.4 78.2 789 247
RUS+ROS 75.9 80.0 74.3 81.3 79.5 24.1
SMOTE 765 748 75.0 72.2 723 235
CSL(weighting)  68.5 67.6 65.4 68.0 726 315
AM 89.3 89.8 88.2 80.1 81.4 11.9

whether the resulting model can be applied to other types of
data, we then collect data available in open source for testing.
Table 10 compares data from three sources: SGCC [37],
CER [38], and OEDI [39] as only two classes (normal and
theft) of EC values with different amounts of data. All data
will be prepared and balanced using AM which considers
only single-phase (Phase A) equations and compares before
and after balancing data, then evaluates the results from
multiple perspectives. The results showed that classification
performed well on all three data sets. Importantly, it performs
better than our data set because it has fewer classes and
less data complexity (the difference between the two classes
is quite clear). When considering the ROC-AUC, the value
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TABLE 10. Comparison AM+Di 121 with g data

Data Type of Total Data balancin X . - Fl- AUC-

source data original data Before After Acc Recall  Precis. score ROC FPR
SM data NOM =38,757 NOM=THF=38,757

SGCC (Daily EC) 42,372 THF=3.615 (Generated=35,142) 93.18 92.41 94.63 94.61 95.90 6.78
SM data NOM=23422  NOM=THF=23422

CER (Daily EC) 25,536 THF=2.114 (Generated=21308) 93.58 92.10 95.27 9330  93.81 6.68
SM data NOM =31,612 NOM=THF=31,612

OEDI (Daily EC) 33,600 THF=1.988 (Generated—204624) 9323 9290 9304 9336 9354 671

N = e C. COMPARISON OF BALANCING TECHNIQUES AND

& Faily EC NETWORKS USING OUR DATA

0'8 Another challenge we wanted to prove was to use the state-
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FIGURE 18. (a) AUC-ROC score of other sources. (b)-(c) AUC-ROC based
benchmark comparison of voltage and current.

was high for all three sets, as shown in Figure 18(a). So,
experimental results show that the model can be applied to
other types of data and has high efficiency.
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of-the-art benchmark models built using our data to compare
them with our proposed methods. Each technique used to
balance the data was matched to the network with different
balanced data ratios. In the simulation, the data were divided
into two sets: the voltages shown in Table 11 and the cur-
rents shown in Table 12. From the research that was com-
pared, [10], [16], [18], [19], [21], and [38] are of the type of
binary classification case. Some parameter values are recal-
culated for multi-label classification (three-class). For LSTM
and MLP in [38], they used sequential and non-sequential
data, but only sequential data was used in this experiment.
The results showed that RUS reduced the majority of the data
to balance the small class, and XGBoost, which was used
to classify, had poor results. While considering the AUC-
ROC in Figures 18 (b) and (c), AM+Densenet]21 applied to
voltage parameters provides the best efficiency of 92%. But
for current parameters, where the data is more complex, the
efficiency is only 80.8%. Nevertheless, it can be seen that the
method that we present is suitable for our datasets.

D. COMPARISON WITH PREVIOUS WORKS

Table 13 summarizes similar studies so that detailed compar-
isons can be made between previous studies and the methods
proposed in this paper. The most noticeable difference is the
type of data used, the method, the network, Max-Min class
size and the amount of data. Most class studies were divided
into two groups but for this study, we were divided into three
groups as well as performance evaluation and the overall
results were evaluated differently.

E. LIMITATIONS

Although balancing data in the proposed framework out-
comes achieved results, during the data extraction and clas-
sification procedure, we also found limitations at each step
that affected the functionality and performance of the model.
In summary, the three types of failures that can occur are as
follows:

Case #1: Although the AM method enhances the anomaly
data by using normal baseline data and produces good clas-
sification results. However, in this method, the data will be
limited to the scope of creating a new dataset depending on
the equation used to generate it. In the real world, there may
be other variations or different abnormalities that can occur.
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TABLE 11. Comparison of data balancing techniques and rks based on voltage datasets.
Method Network Balanced data ratio Acc Recall Precis. F1-score AUC-ROC FPR Ref.
ROS ANN 0: 2,429, 1: 2,429,2: 2,429 78.5 76.7 79.5 76.4 839 219 [271
CSL (weighting) SVM 0:2,429, 1: 1,263, 2: 679 772 743 76.7 743 834 245 [18]
RUS XGBoost 0: 679, 1: 679, 2: 679 67.5 64.0 63.4 63.0 68.9 393 [34]
SMOTE AdaBoost 0: 2,429, 1: 2,429, 2: 2,429 91.7 90.4 89.4 88.4 90.9 19.8 [35]
CBOS Deep-CNN 0: 3,400, 1: 3,400, 2: 3,400 84.5 86.7 88.1 88.6 91.5 325 [40]
FL WD-CNN 0:2,429, 1: 1,263, 2: 679 87.7 87.5 87.5 87.4 91.9 12.6 [21]
- MLP-LSTM  0:2.429, 1: 1,263, 2: 679 74.2 744 734 73.8 91.0 26.1 [41]
AM DenseNet121  0: 2,429, 1: 2,429, 2: 2,429 94.0 90.3 86.4 80.5 92.0 9.7 Our

Note: No-balance: (0: 2,429, 1: 1,263, 2: 679)

TABLE 12. Comparison of data balancing techniques and rks based on current datasets.
Method Network Balanced data ratio Acc Recall Precis. F1-score AUC-ROC FPR Ref.
ROS ANN 0:4,038, 1: 4,038, 2: 4,038 77.1 77.1 76.3 76.4 722 23.0 [27]
CSL (weighting) SVM 0: 4,038, 1: 530, 2: 222 62.2 61.1 64.5 63.1 749 37.0 [18]
RUS XGBoost 0:222,1:222,2: 222 64.7 67.0 65.2 65.0 68.8 344 [34]
SMOTE AdaBoost 0:4,038, 1: 4,038, 2: 4,038 75.4 74.1 779 76.7 67.6 242 [35]
CBOS Deep-CNN 0:4,414,1:4,414,2: 4414 61.4 60.4 59.5 60.1 73.3 394 [40]
FL WD-CNN 0:4,038, 1: 530, 2: 222 71.6 73.6 70.2 72.7 66.5 28.1 [21]
- MLP-LSTM 0:4,038, 1: 530, 2: 222 66.3 67.8 67.2 66.6 71.4 332 [41]
AM DenseNet121  0: 4,038, 1: 4,038, 2: 4,038 924 87.6 73.0 69.2 80.8 124 Our

Note: No-balance: (0: 4,038, 1: 530, 2: 222)

TABLE 13. Comparison of imbalanced techniques with p works.
Min Max
Ref; Data Type of Method Network No: ot class class Performance measure (%)
(Year) source data datasets classes e &
s1ze S1ze
[10] Honduras, Daily EC Specificity: 93,
@017)  Spanish (Wh) ROS, RUS. SVM, NN 4,145 2 133 3295 Aee00
[12] 5 Monthly subsampled data Boolean, fuzzy, TNR: 87, FPR: 65,
o1y  Brazil EC (kWh) 17 different SVM 100k . 10k 200k FNR: 78, TPR: 75
[14] SGCC, GRU, ROC-AUC: 96
@021)  China EC (kWh) TLSGAN GoogLeNet 42372 2 3615 38,757 PRAUC 97
~ 2 Acc:0.95 Precis: 97,
;(');3]) S(Ghili EC (kWh) Bi-WGAN ZD'E‘SI\.JFT\& Bi- 42372 2 3,615 38,757  Recall: 92, Fl-score: 94,
( AUC-ROC: 97, MCC: 93
S CSL, RUS, ROS, Acc: 91.63,
(2[(')%) SGCC EC kwh) K-medoids, AR aam 2 3615 38757  AUC:67.92, Fl-score:
SMOTE, CBOS. 31.69
. s DT, ANN, Acc: 93.04, Recall: 61.03,
(2[(')211 ) Séﬁ; EC (kWh) S,fc'::[:ge DANN, 42372 2 3615 38,757 Precis:79.03
percentag AdaBoost AUC:73.6, Fl-score:53.8
[20] CER, ADB, CAT, ET, ;
@021) Ireland EC (kWh) SMOTE XGB. LGB, RF. 100 2 5 95 AUC:0.90
[21] SGCC, wide and deep MAP@100: 97.08,
2022)  China EC (kWh) Focal loss CNN 42372 2 3,615 38,757 AUC: 83,61
[26] N " . Accuracy: 92, Precis:90
2022) EC (kWh) Deep-CNN 45,970 2 7815 38155 U0y Fllscore: 93
[40] SGCC, CSL, RUS, ROS, 5 "
@021)  China EC(kWh)  oViOTE CBOS, CNN 42,372 2 3,615 38757  Acc: 80.84, AUC: 68.33
[42] SGCC, SMOTE, RUS, Precis: 85, Recall: 88, F1:
(2020)  China EC (kWh) KPCA SVM, AdaBoost 2372 2 3615 38757 "oy \icc: 86, MAP: 84
DenseNet121, Acc: 94.04, Recall:
, Voltage LeNet5, AlexNet, 90.34, Precis: 86.35,
J;'r'; 'nl:a E"’;n 4 Mand :le’sl\?& VGGNet19, 9,161 3 6 1463 Fl-score: 80.49,
Current(A) ResNet50, AUC-ROC: 87.01
InceptionV3. FPR: 9.7
Case #2: The similarity of events between theft and defec- of the distribution system, customer internal load changes,

tive pattern is caused by abrupt changes causing the voltage or and unstable consumption behavior. Figure 19 shows some
current to drop near zero, e.g., power outages for maintenance cases where the model predicted incorrectly.
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FIGURE 19. An example of an event between the theft and the defective
pattern.
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Case #3: A pattern or cluster of customers in a three-
phase four-wire system has happened a variety. For example,
a group that uses heavy loads during the day, such as offices
or shops, some groups that use loads all the time such as
industrial factories or groups that use unstable loads, such as
hotels and large warehouses. These factors could affect the
way in which sudden changes are captured. Figure 20 shows
samples of normal (a) and defective (b), which current trends
to decrease. While (c) the customer uses full loads during the
day and (d) the customer uses less loads during the holidays,
which looks similar to the anomaly but is normal.

V. CONCLUSION

This paper presents a technique for handling unbalanced data
using voltage and current from a three-phase AMR meter.
Three techniques were used: anomaly models (AM), adaptive
synthetic sampling (ADASYN), and image data augmenta-
tion (IA). After balancing the data, each method was extracted
and converted using a recurrence plot (RP). Imaging time
series were then fed into six types of deep learning models
to compare and classify the multiclass imbalance problems
that comprise three classes: normal condition, energy theft,
and defective meters. The results show that: (1) balanced
data plays an important role in improving model perfor-
mance compared to unbalanced data, (2) anomaly models
designed to increase the number of abnormalities produce the
best results and image data augmentation is ineffective for
imaging time series, (3) classification of imaging (2-D) input
data gives higher evaluation results than time series (1-D),
(4) a comparison of classification results from six networks
produced disparate results, whereas DenseNet121 gave over-
all good results, and (5) in order to evaluate the model for
unbalanced data, AUC-ROC and F1-score are more suitable
for benchmark than recall, accuracy, and precision. Moreover,
comparing FPR values, the results reveal the potential error
of the incorrectly predicted model. Finally, as a result of
the experiment demonstrates a technique that helps handle
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unbalanced data, how to extract features and compare mod-
els for data classification that can be adapted to work with
the AMR monitoring system. Therefore, data balancing for
classifying multiclass imbalance problems contributes to the
learning pattern and prediction efficiency, reducing overfit-
ting, bias, and errors when the model is implemented in real-
world applications.
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