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ABSTRACT

This thesis proposes an estimation of electrical energy consumption in case of
malfunction with meter and accessories of an automatic meter reading system (AMR)
based on artificial neural network (ANN) in conjunction with principal component
analysis (PCA). In the estimation, input data value includes electrical voltage and
current are used to estimate output data in units of kilowatts-hour automatically.
The combined application of a single layer feed-forward neural network model and
PCA will be used to estimate the abnormal electrical energy consumption in the
AMR system, in case of meter can't be measured or measurable but abnormal. This
was verified by the simulation results with actual data that the average absolute
error percentage was less than that of non-PCA and various techniques were used to
compare. The results of the simulations show the tolerance of interference factors
that affect the input data used to test the estimation by using MATLAB program for
verification and comparison to the simulation results of the applications presented in

principle.
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Piprase = Pa + B, + P, (2.1)
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2.4 ANUAANAAADULRAYENUSA]

Y

AuRaALA AR EaRE MU ansadwalalngisnmsmeuranwnaeuads
é’uuﬂaaﬂ (Mean Absolute Percentage Error : MAPE) %ﬂgﬂiégaﬁjwLLWﬁMaﬁﬂiuﬁﬂwmmmLﬁlmﬁu
nsnensaldiay uasiiosannnantssiaedunudded Wuuuusassssnamsangany
lavie 15 uit dafudsmamaneueainndewedsduysal Jensaludueiosdiodmiy
ﬁgﬁﬁjﬁﬂﬂj’mLL%JIUETWSLuﬂWiﬂi%ﬂ?ﬂd%ﬁﬁ?WﬁN’]ﬂiWﬂlﬁﬂEJ 15 witle Fodsnns

1n
MAPE ==Y

n i:l‘ yactuali

Yactuali ~ Yesi mateI

‘ (2.2)

do n udiuveweyaiinlareswiulsiunasses 15 Wil (1) Uay Yagua HIUAY
I
WANUINHNUIT U2 Yogirgre  HIUANANUINHNINAIINNTUTBININIARRIMATIAT
1

UFUD HIUA1AU

2.5 &3

domansgardnluunil lanariieatulasasaesszuy AMR iussneums  gunsnl
wdnvinendsnliinn, szuudeans LLazizUUU'%mﬁﬂm'ﬁgmégagasuaaiwu AMR il
Safvveyanislalaimgng 15wt Tesveyanslalwiiignaafumaniy  awsavhanly
Ustlovulavannvaneiidluauvesylalviuienlnuins ddumiafedisdunussgnalslunis
Uszmmmiméwwé’ﬂmulwwywﬁqagﬁalﬂs]uaumé'q mendniilafiniswuanufaunfvesnista
aussulriwiennsualriviiielag ﬁqloﬁyt,l,améffgaé’lwm%a;ﬂamﬂ%lvxlﬂ%wiagﬁal,t,ﬂi Tu
aunmeun dalathluvssgnalelunisussnumanmemeiianerluumael
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myUszgnalunaliansiinnesvannesdaay  lagnilulyeuesunsvany  lunua
wasulnfgItunsneInsaeunesiandsulingean Inelunuidell wwlytuneuis
a M a > dglj ¥ ' a =) ¥ ! a aa L
PoIMTUAT VAN IAU UG Y loun wiadla SLR, MLR viseusuaimailafiinisifan
Uszgnaly PCA safumsienzsannesidaau (PCR) dwiuludumedaiionmsiSeudiouiy
Funeuismsnmgviigmitausluundaly

3.1 LWUIRAAAZHANNIS

Tumsmadanmsieszonnesnlaundomiiay 919dBunAduI 1 Ml se
1N 1 fus ﬁm%“ui%lummhyﬁaymﬁlﬁu Fesndunssiinemanuduiusssmneiuds
SunALATIO AN LﬁaLﬁaﬂi‘%ﬁaLLﬂiSuwmﬁﬁmmmmzamazﬁwmuﬁaaﬁq@ dwmiudssana
N3N LﬁalﬂumiamwzL’Jaﬂumi%’@lﬁu%a%aé‘f’saéwLLazﬂizmmmi

Tnevily veyavesiauUsna (y) uragfuls asfanuduiusiuroyadudsdass (x) 1
danfivsan  Tneaudiiusvesfulamaiausoosuelae  mlieseaumsannoy
(Regression Equation) fifimnudiiusaennassiunguueyadiosns Filuuienisdiaediiasen
menuduiuseIn U uduiustesunagdudsludesmuuanountfiufossteya un
T,mﬂé’mimﬁzlaimwﬁaﬂa56z°jl’uéuaqmmé’uﬁu§ﬁLLﬁﬁ]’%ﬁWﬁNéﬁLLUi

& v

Lﬂﬂﬁﬂﬂﬂie‘lmi’]%‘l}ﬂﬂﬂﬂﬂ E)']‘\]ﬁ']lﬂiﬂl?ﬂLﬂiﬂ“‘vm’e]lla'ﬂ'mﬂ’]iVl@ﬁEN‘VIVLiJVLW]'NLLN‘UI’J‘VI?E]
aﬁ’ﬁaaws’mgmmﬁl&immsamuamlm LLG]’EJEJ’NliﬂG]’]ZJ mmmmmmwmmaaau LWUTAN
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LE]’W?V!G]‘I?IIL'SULJ’MN’]EJ ﬂ‘ﬂui“liﬂ’]i?Lﬂi']u‘lﬁﬂ’?l’lllLLUiUi’JuELUﬂ’IiLLﬂﬁﬁJMW Iu‘UmeIﬂﬁi’)Lﬂi'W‘Vi
maaa%LﬂumiagﬂﬂqumaaqmmauwuﬁmUsmmmaﬂ%aauwwmﬂ@mamemwﬂu
L‘J’]‘MEJ’]EJ

P

wadliansiATIztnnoy mamm’mawmsammdﬂummLmﬂ“mauaﬁmmimaaw
luloanauwlmFedaesusngnsadfiluannsomuasle  wosndlsiow  madanisinszn
angesgnesnuuulviimumzasnnn wnlfumamasesiiladinisnausly - dslnedtily
TunssuunndadsvessudBunsladdgreemmafiiudmedy  wluwadeinsem
arauUsUsilunsundam  luvneiinisieseannosazdunisasuuudiaesmiudusius
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3.2 mﬁmsﬂzﬁmaaaL%al,é’uuwL%m,ﬁmuamwwwﬂm

Iui‘d‘w 3.1 LLﬁmﬁNLLUU%’]ﬁ@QGU’eNﬂ’ﬁ’JLﬂi%‘ﬁﬂﬂﬂ@ﬂLSU\‘iLﬁULLUULGUQLﬂEJ’J (S|mple Linear
Regression : SLR) LLﬁ”I‘LJ‘ﬁU‘VI 3.2 LLammLmeaawaqm'nLﬂsflvmmaammmwuwmm
(Multlple Linear Regression : MLR) FeisaediBinanieiifinisuusssinnmsloaunud o
mawauaauwmmmaamﬂwaﬂ Tnglunsiiamenmemedeiinsgvonnosdauauuuudaien
(Simple Linear Regression : SLR) Qfﬂfm‘wawauaauwwuuamﬂmmmmL‘wmmmm dmsuly
IuﬂﬁﬂizmmmiﬁaaﬂaLméwmﬁlﬂuﬂmma aflarnumstumsinnegnmemaiindinsen
amam%m:uuwwn@m (Multiple Linear Regression : MLR) mlm"lmauﬂaauwwgﬂLaaﬂ‘wma

fudsfinnnfideddey dwnsulydssunanisveyaesmeidudmang

Data Output

x,—» SLR |y

Ufl 3.1 wuudiaea SLR

Data Output

Xg —P
Xo —P»
x;— MLR |y

Xp — P

sUAl 3.2 wuudiass MLR

TutuneureInsUssanaumemAinnsiasEunIsonaey ﬁm%azgaa’mwﬂgmmﬂ@lﬂu 2
@ Usznoume éau‘ﬁLﬂuij@uaﬁw%’uﬂﬂaauﬁaﬁiumia%qLLU‘Uf\Tmm LLauéauﬁLﬂu%jam
mmwmaauL'waiﬂumﬁwmumiﬂiummmﬂaw@mamewmwauiﬁl Immamaiumuﬂmwa
A519UUUSa0d ﬁ]vuﬂ“ﬂﬂ%ummﬂﬂumﬁLﬁauiwmmmLLU'ﬁsuawamaauwm WieUszanansi
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wUsTduvayaornnm elaeviluuszneumelinduiadfiiaIusonauauewmavroyadunmyn
Inuitaulale lngaun1siwsenniemada MLR gnuanfaaunis

yj:ij+,sj dmiu j=12,...,n (3.1)

a

el X=[%,%,..., %p]" €R™  duuvdnevesiiulsveyadunanignuiuilelunis

Y

Usgananis, Yy =[Yy Yoo Y] € R" Lﬂul,w'%ﬂ%aaéfmﬂsmyjamewmﬁmaqmiﬂizmm
N3, W, =[W,,W,,..., W, ] iduddivunisvdneimidn (W) vesaunsannosiaaudidu
7 jth, wae &, ~ N(0,0%) unumanuAmAARoUYeNIUTEIIUNT imualyn o uan

AMUWUSUTIU (Variance) ¥aaaiinlauaadinls (Observation)

TudupeuvesnisUseinans  veyaluaiuvesnslnasudmsuanuuuinasvesyn

1% 1%
a

YoyaBuNALaT VYA INA {X;, Y}, gndnasaiielylunisasanuduiusuause i

Y 9
¥ L3

vayaduNRLaziemnatuayaduUwiin (W ) adl

Y 9

mini(yi —~Wx;)? (3.2)

[

lngdaunisuesy (Norm) Yauuvn3nvauya Aail
. 2
m|n||Y —~WX || (3.3)

Tt X = (X, Xprees Xn)s Y = (Vi Yareos V) s W |- wiurwaveanawesluids

naalaely 2-norm VBUUNINYLNENITUTEUINN1TOEIUUNZE Iﬂﬁﬁ?ﬂ’ﬁﬂLLﬁ@lQLﬁﬂﬁNﬂ?i

(%

laanele fadl

W =(XXT)*XTY (3.4)
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AduUsEANSILUSTesEINTanneelnay  Teanwuuluiuwlsionnngnuseunanising
fauUsduns FaunfAruualy m=rank (XXT) <N, w3 XX uaiinniu

3.2.1 LUUINaaIN15UsTUIUNS MNaL9UlWRAN

TuenAdedl msUssenalumaiin SLR wag MLR lagnluiieSeuifisufisussdnsamiu

a A o v ¥ o ' v > aaa ‘
wadagninausluundaly laglunisasauwuudtaesseananisainasnulnm asainiines
TapReaund mewada SLR dudumesiiarsanmaivdifyreunasfmuusdunaiueang
A A "o a Aa ' o o o ad ) = o v g ' ¢
Waldanadiwlsdunaniaivdfaananiiewaudsinesdmsulalsznunisaietann g
watansmnduUseansanduius (Correlation Coefficients) MNaANSYNLAASLIRINNTIN 3.1

‘3! ‘ﬁl a ‘:‘I ¥ ' v = IS ! 0 o v U ¢ d‘
Faudlefinsananwaila wurdds 1, wanstsmsiiandedfyiueimnn (KWh) wniian

c

wazduUsidadpddgyfsesasunfefmunds |, Aniulunisasswuuitasswesnaia SLR tu

= o

adauwds 1, Fagnihanludusuusdunedmsuussanansienans lunsdifinanuiaund
funsinAdunalag ennuiisaalunsdli |, gninamaunimiiu Aduustunn |, a0

Y

o w Q‘Id ¥ a I 9jo U ¢ d‘ ¥
Heddnynfsesaunaglagniiansandentvdmiulszanansesmeiidudmang

M13197 3.1 wansPnduUseAnsanduiusvesiaulsdunanazioemadmsulngeu

l a l b I c Va Vb Vc kWh

1.0000 0.4410 05978 | -0.1966 | -0.1104 | -0.0930 | 0.8316

0.4410 1.0000 0.2819 -0.1758 | -0.1388 | -0.1405 0.5796

0.5978 0.2819 1.0000 | -0.2962 | -0.1213 | -0.1409 0.8507

Correlation
-0.1966 -0.1758 -0.2962 1.0000 0.3025 0.4552 -0.3270
Coefficients

-0.1104 | -0.1388 | -0.1213 0.3025 1.0000 0.9651 -0.0237

-0.0930 | -0.1405 | -0.1409 | 0.4552 0.9651 1.0000 | -0.0412

0.8316 0.5796 0.8507 -0.3270 | -0.0237 | -0.0412 1.0000

mafvuasulsBunadmsulszananisesweidudmming  aensussenalymaie
SLR 4@z MLR gnuandlinewmsni 3.2

lumsuszgnalumaila MLR dwiuussinansionnm 1eyavresuysdunnfigniiansan
Tadmsunmstszananisienann gnimualnduadudsdunanndudsilaiimsiaandudng
Fedmsulunideillanmuelviivlavesauusdunasiumnmundiuu 6 wiefiuds lnglunsal
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niinsasnuauiaundiudunaladunaniafisssuusies Aladuannaiilvueyadnys

INAAAANUEANAA TNV UTBUNRUNATWED (5 fuUs) emesanunTatiunly
dmsulssinanIsenne lnee i zay

M13197 3.2 uanadiuusdunanazionnedmsulrlunisussanamiemedia SLR uag MLR

fuvsiignina@nund | duusBunpues SLR | fuusdunmues MLR | fuusionnme
V. I [P I PRAV/A VA kKWh
Vo I (8 I DAV YA KWh
V. I RN IS PR VR Y/ kWh
I 5 I 8 PR VAR VA VAR kWh
by le larleVa Vo Ve kwh
e la laslb:VaiVb Ve kWh

AN5199 3.3 wanuvsng W wag & U89 SLR war MLR nsaimwsenuluvinundluwnazina

éfumﬁﬁgni’mm Wnsng W way &

HaUNG SLR MLR

0.3826

0.2438

V, W =[0.8354], £=[0.0457] | W =| 05371/, £=[0.0209]
0.4146

-0.2502

0.3709
0.2392
V, W =[0.8354], £ =[0.0457] W =| 05212|, ¢=[-0.0321]
-0.2377
0.3070

0.3779
0.2392
vV, W =[0.8354], £ =[0.0457] W =| 05209 |, ¢=[0.0017]
-0.1786
0.2449
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voyavesuvineimin W uar & vowvedia SLR upz MLR dwdulalunisasns
LuUSaesUszanans nsaiiwesinausssuliviinundlusnasila fauandlumsiei 3.3 uay
%@yjaﬁuauw’%ﬂ%ﬁmﬁfﬂ W woy £ weamada SLR uar MR dwiulelunisamuuuiiaes
Uszanans nsdifmesinanszudliinfinunalusnasia seuandlunnsed 3.4 sudnsy

AN5719% 3.4 LARLUNSNY W wag & 999 SLR kag MLR nsfimnsewatnnmaunfluwmnazia

muUsngninmn wnsng W way ¢

NaUNR SLR MLR

[ 0.3434]
0.7145
W =[-0.6436], ¢=[0.2489] | \w —|-03207], ¢=][-0.0825]
-0.3787
| 0.7777|

0.4741
0.5218
I W =[-0.6436], £=[0.2489] | W =|-0.2679|, &=[-0.0271]

-0.0018
0.2726

0.6541

0.2402

c W =[0.7879], £=[0.1075] | W =|-04188, ¢=[0.0548]
0.0485

0.2437

3.2.2 Wan1531aa4

1MNeTNT 3.5 wannaveseLeTiunnunaAAdeu MAPE vauvadia SLR uay MLR
nsdlAneaRinUnAniuUBunelag  Tnelefinnsanilfoudfiounavesan MAPE  vedumas
wada wunmsdsznumemaia MLR a1 MAPE fiussnt msdszanunsmewmaiafily
SLR luynnsdifumasdusdunaladinsinefiaund  faduniswanddmisiudsussavsamues
nsUszanmunsmewaia MLR fifinTimeda SLR
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M19199 3.5 UaneA MAPE vaamalla SLR wag MLR nsdliinAnuiinunindiudsdunslae

. . (%) MAPE
muUsngninamauns . .
MLR (5 8unn) SLR (1 Buwm)
Va 2.5788 5.3037
Vo 2.3793 5.3037
Ve 2.4010 5.3037
la 3.7125 5.3037
Iy 3.4206 5.3037
e 5.1968 6.3898

3.3 A15IATIZNR9IAUTENAUNAN

Tun1sanfifvesfutsdunn Taedinsinmaiioddyuesmeyaluwazdiulsly wadans
AnserosaUsznoundn (Principal Component Analysis: PCA) ﬁléjt,l,amt,l,uuﬁﬂaaaﬁqgﬂﬁ 3.3
dumadadignidentls Tnsmsdinsevmewmaia PCA agviilnnnmeslunguuesinnosiluiife
vasmuddiyianty uarlnensiwedavesaunisonaesiviumiglunisulaiinees e
luvhlnAntymarnduduaussiu %ﬂuma’iﬁﬁammﬁaLLUséuwmgﬂﬁﬂﬁaﬂaq frdunisvi
TulszezialunsiFouzues ANN gnanasizuiiy

Data Score
X —» %»
X, — P %»
x;— PCA |
Xy — P> i»

Ul 3.3 uuudiaes PCA

AMTIesIEneInUsEnounandumAtANITATINLNSNY (Matrix) Y83AULUTUTIUTIN T4
A1U150AUIULAINAITAIANRALVDIAIDEY (Sample Mean) AYALNT



m
X =— a
R

WALAINANNVBIANLRAY MlAANALNTT
(X — %)
1ne PC Score @unsaieula faaunns

T=XP

Tng ammimmmLLUiUiaumaaﬁuagaﬁaamﬂ anunsasanslasadl
1
m-1

1 & _ _ t
Sik =m—_1i§(xij = X)) (Xjk = %) =—— XX

Wonvualy i =123...k way

T fD LUAINANES (Score Matrix)
X A8 Wn3NUedveyaniiy
P Ao wesnilylunisivanveya

e

a

& ° o & A
m Q0] ﬁ]']u’]‘Lm’]iﬂﬂLﬂ@Iuwumaus]
k

Ao TAvesiuiasnlsznaunan (PC Space)
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(3.5)

(3.6)

(3.7)

(3.8)

Tunsiansannuruad LAz gauIesoInUsznaunan iielvdmsulszann
M3tY yenwmlloanmsiansanaTINveLlosiunmtud1ALAaE DIAUTENBUNANLAT S9MBd

fisanirnuduiusvedunazesrysenaunanaemuUsieanailvadvddgianan laenis
lymatianismendulssansanduiusseninaiuds PCs wagimuusionanmdmiuilnasuy f
lupsen 3.6 Fawansdsaduiiulsvesesrysenaundnniantedidgyiuiiuusennniange

U 4 fanUs AmuualulydInsuLuUINasUseaanig
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M13197 3.6 wansAduUseAnSanduiusves PCs waztoammdmsuilnaau

1.0000 0.0000 0.0000 0.0000 0.0000 0.8468

0.0000 1.0000 0.0000 0.0000 0.0000 0.2700

0.0000 0.0000 1.0000 0.0000 0.0000 0.2786

Correlation
0.0000 0.0000 0.0000 1.0000 0.0000 0.0695
Coefficients

0.0000 0.0000 0.0000 0.0000 1.0000 | -0.0607

0.8468 0.2700 0.2786 0.0695 -0.0607 1.0000

1.0000 0.0000 0.0000 0.0000 0.0000 0.8468

Woesidunmiuddgyuesnavesruseneunan uazduUszdndveaunsng PCs (5 PCs)

dmsudenlyasauuudiaesussananiseinns tunsalifnausulinliaunfunasina wag
a a ' ¥ a a ! ¥ (% = d' o w
nsalinanszualivnUnfunazing lagnuanaianisnan 3.7 uasmsen 3.8 mua1au

AN5197 3.7 handunsny PCs nsdimussnuluviadndnnasing

FruUsh e o w
L o ATUBEAEY
ANINAN winsng PCs
o (PC,,PC,,PC,,PC,, PC;)
NAUNA
[ 0.6334 -0.2304 0.1606 0.7208 -0.0192] [53.2442]
0.5349 0.8029 0.1119 -0.2381 0.0043 20.9636
V, 0.5462 -0.5408 -0.0809 -0.6343 0.0188 15.4303
-0.0907 -0.0764 0.7374 -0.1264 -0.6528 10.0922
-0.0787 -0.0628 0.6414 -0.0736 0.7570 | 0.2697]
[ 0.6318 -0.2112 0.6703 -0.3270 -0.0033] 54,9865 |
0.5313 0.8143 -0.1621 0.1683 -0.0003 21.5255
Vv, 0.5484 -0.5387 -0.4889 0.4047 0.0789 11.2928
-0.1131 0.0426 0.3742 05132 0.7629 8.5478
-0.0706 -0.0150 0.3814 0.6615 -0.6416 | 3.6474]
[ 0.6315 -0.2128 0.6310 -0.3937 -0.0527 53.8073]
0.5311 0.8130 -0.1325 0.1966 0.0274 21.0462
V, 0.5475 -0.5395 -0.4508 0.4266 0.1550 10.9903
-0.1124 0.0414 0.3553 0.2473 0.8935 9.3027
-0.0820 -0.0316 05049 0.7505 -0.4173 | 48535
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AN5199 3.8 waAnUNsNy PCs nsdimnseualiniiaunfunasinea

Frawdsn e e o
o o ¢ AUYEAEY
0NINAN wnsna PCs
v (PC,,PC,,PC,,PC,, PC;)
NaUNA
0.7397 -0.6641 0.1075 0.0161 -0.0057 [47.7845]
0.6187 0.7330 0.2511 0.1301 -0.0093 25.5369
I, -0.1614 -0.1160 0.2455 0.9369 -0.1498 20.2089
-0.1539 -0.0609 0.6977 -0.3162 -0.6211 6.2655
-0.1428 -0.0678 0.6151 -0.0712 0.7692 | 0.2041]
[ 0.7108 0.2080 -0.6708 -0.0336 -0.0181] [57.7690]
0.6774 00251 0.7175 0.1604 0.0003 21.4637
Iy -0.1324 0.2890 -0.0933 0.9317 -0.1493 14.1957
-0.1008 0.6961 0.1416 -0.3155 -0.6211 6.3703
-0.0907 06230 0.0802 -0.0748 0.7692 | 02013
[ 0.6734 05202 -0.5207 0.0664 -0.0177 ] [52.9489]
0.7141 -0.2890 0.6373 0.0205 -0.0005 20.7466
. -0.1142 0.2219 0.1984 0.9360 -0.1495 19.6973
-0.1164 0.5732 0.4006 -0.3342 -0.6211 6.4142
-0.1003 05178 0.3505 -0.0865 0.7691] | 0.1930]

Tuanuiddeiilenansadenlyvasalsenaunranaiuiuy 4 PCs waztdanaanusenounanyialen
tedAyiuiulsiemneifiande PC,,PC,,PC,, PC, lnwanunsafigaulmiuianumungay

FLUﬂ']iWﬂ'l’iﬂﬂLﬁ@ﬂ’ﬂ?ﬂ’JULLa‘”WJLLU'ﬁ?JE]\‘iENﬂU'ﬁ”ﬂ@‘UMaﬂ 3'1mmbmmivmﬂmﬁuaamLLﬂﬁauwm
Vl‘\]’]LﬂUﬁ’]MiUUiuﬂﬂmﬂﬁiWJLL‘UiLE]W]‘WG] maumiwﬂwuu

X =TP' (3.9)

fagUfl 3.4 - 3.8 lanansveyamanndusiauls 4 PCs figniden Wisuifisuumuusduns
fiusznoume I, 1., V,, V, waz V. sudsu Tunsdlii 1, léjgﬂi’méflﬁmﬂﬁ

wazdaguil 3.9 - 3.13 lawansveyamannduiauus 4 PCs fignidion Wisuiivuiuduls
aunm fiusznoume 1, 1., V,, V, wag V. swadiu lunsdiil 1, lé’gniwﬁamﬂa

wazdazuil 3.14 - 3.18 lauansvoyansunduiauls 4 PCs figniden Wisuifisuiuuls
aunm fiusznoume 1, 1y, V,, V, waz V. awddu lunsdlil | lé’gniwﬁamﬂa
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Error signal of Input(lb) by PCA (la abnormal)
T
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Error signal of Input{Va) by PCA (la abnormal)

Va(train)}5input]
[=3

Va(train} Inverse 4PCs]
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Error signal of Input(Vb) by PCA (la abnormal}
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Error signal of Input(Vc) by PCA (la abnormal)
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Error signal of Input(la) by PCA (lb abnormal)
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Error signal of Input(lc) by PCA (Ib abnormal)
T
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Error signal of Input(Va) by PCA (Ib abnormal}
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Error signal of Input{Vb) by PCA (lb abnormal)

Vh(train)}5input]
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JUN 3.12 Wiguiieunsundudiuds 4 PCs Aududsdune (V) nsalil 1, lagninmiiiauni

Error signal of Input{Vc) by PCA (b abnarmal)
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Wiguigumsnniusiuds 4 PCs Ausudsdunn (1,) nsalit 1, lagninAiiiauni

Error signal of Input(lb) by PCA (Ic abnormal)
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Error signal of Input(Va) by PCA (lc abnormal)
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Error signal of Input{Vvb) by PCA (lc abnaormal)
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Wiguigumsnniusiuds 4 PCs Ausudsdunn (V,) nsalit 1, lagninaiiiauni
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Error signal of Input(lb) by PCA (Va abnormal)
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Wiguigumsnniusiuds 4 PCs Ausudsdunn (1,) nsdli V, lagninaiiiauni

Error signal of Input(lc) by PCA (Va abnaormal)
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Error signal of Input(Vb) by PCA (Va abnormal)

Vh(train)}5input]
[=3

Vb(train}] Inverse 4PCs]
o

5k i
| | | | | |
0 500 1000 1500 2000 2500 3000
1 T T T T
£ osr
L
0 L L L L L L
0 500 1000 1500 2000 2500 3000

Number of Input X

JUN 3.22 Wiguileunsundudiuds 4 PCs Aududsdune (V) nsdiil V, lagninaniaund

Error signal of Input{Ve) by PCA (Va abnormal)
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Wiguieumsnniusiiuls 4 PCs fusudsdunm (1,) nsali V, lagninaiiiauni
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Wiguigumsnniusiuds 4 PCs Aududsdunn (1) nsdli V, lagninaiiiauni
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Error signal of Input{Vc) by PCA (Vb abnormal)
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JUN 3.28 WiguiWleunsundudiuds 4 PCs Aududsdune (V) nsiiil V, lagninaniaund

Error signal of Input(la) by PCA (Ve abnaormal)
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Error signal of Input(lb) by PCA (Vc abnormal)
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JUN 3.30 Wiguiieunisundudiuds 4 PCs Aududsdune (1,) nsdli V, lagninmiiiauni

Error signal of Input(lc) by PCA (Vc abnormal)
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Error signal of Input{Va) by PCA (Vc abnormal)
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Error signal of Input{Vb) by PCA (Vc abnormal)
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fagufl 3.19 - 3.23 louanseyanisundusiauds 4 PCs figniden wWisuiteuiusuys
dunm fisznoume 1, 1, I, Vi, was V, sudeu Tunsdid v, léjgﬂi’m']ﬁmﬂﬂa

wazdazuil 3.24 - 3.28 lauansoyanisunduiauls 4 PCs figniden Wisuiisutuiuds
aunm fsznoume 1, 1y, I, V, was V, sudeu Tunsdid v, léjgﬂi’m’]ﬁmﬂﬂa

wazdaguil 3.29 - 3.33 lauansoyanisunduiauls 4 PCs figniden Wisuiisuiuiuds
aune fusznoume 1, 1, I, V, wae V, sudeu Tunsdld v, léjgﬂi’m’]ﬁmﬂﬂa

A13199 3.9 4an9AT MAPE U8an1sHNAuiILUs 4PCs Auunaginusduns nsalinauinund

nFulsdunelag

. . (%) MAPE
FuUsngninAlnung

: Va Vb Vc I a I b I c
Va X 184.48 | 380.82 | 14.70 1.52 6.93
L 1,014.44 X 379.06 | 3.08| 0.16| 36.27
Ve 1,056.56 | 145.08 X 4325 | 1087 | 6217
la 149.12 | 17209 | 39024 | x 2.01 3.46
Iy 14864 | 17224 | 39050 | 14.02  x 0.13
e 14884 | 17225| 39051 | 1372 0.16| «x

MNMsUTBUITiBUAT MAPE semnsmsunifusiuysuesesaUsznoundn 4 PCs fuumaz
wsBuwe TunsdliinauRnunifiduusdunslagfmaad 3.9 lauanslmiundus 4 PCs
fdonlrlumatotosfumssddyiuroyaresanszualih snnnveyavesaussduliivi
(A1 MAPE vastayagnseudluiidiaussnmeyayausaduliiluynnsdiifinnnufinunfii
fuusBumelag) Tnsvoyanndu 4 PCs vosyanszualivindion MAPE wnnlgaifies 62.17% lu
nydivesiuus 1, 9V, Qﬂﬁfméﬁﬁmﬂﬂa LLawﬁq@ﬁ' 0.13% lunsdlvesiuds 1, # I, gﬂi’mhfl
Anund Beusnesesnadiuladmudleniouieutureyanniu 4 PCs vasypussiuliviniiian
MAPE snnfigadis 1,056.56% Tunsdivesiiuus V, 71 V, gninainund uazasiigaidensgs

fia 145.08% Tunsdivesiuds V, 71 V, gniaadaund iunu
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3.4 A1SIATIZRONNDYLTIAUIINAUNITIATIZWIAUTZNBUNEAN

Tugui 3.34 UaRBUUINRDIUBINTIATIENOANDLTLAUTINAUNTIATIZVRIAUTENOY
nan (Principal Component Regression : PCR) Fadumsusenaume 2 @uvan laun @auves
nyinsIzresnUsenaunan (PCA) wagluauvensussgnanigmnaia MLR

Ingluaiuvesveyaduns MUsznaume veyanssiulivuazvayanseualiviluunasina
nilwesszuu AMR aansadanladuund asgninuudadneglusuuuuresnsiuueinusenay

win (PC Score) naudaglagnihlUludusuusdunadmsulussananisiommeaemaia
MLR saly

Data Score Output
X
) — | Y,
X
M | Y2 )
X
x3—» PCA —{ MLR —»y
X, ——> ib

Ul 3.34 wuudiaes PCR

dovdndssaruemandeuiiinnnitouls viemmnsaifidmalnoyadunniigninai
voyavioiidnuarnslalidlumesnts  wasflenufiaunnuanadluanguuuudnuagnsly
T dilalodudnd wu msdalivien, elvigy, Tivdu vieaufsunisun ﬁﬁ%@gaﬁlﬁ
nesnsTogtuTenadunpfiazgnlsdmsumsiinaounienadoy Svamanouuusansszain
msfidunalvmsUszinunistiauemaindeuigaiuniinisasdu  Tadadonequaniidu
vosfaveavada SLR uaz MLR @slunisUssgnaluimedin PCR flazgmitiaue anusavae
UiiLMﬂﬂmmﬂ@T I@Sﬂ’]iLLUa\‘iLLagLL‘Vluﬁgf’JLLﬂiauwmﬁLﬁjuﬁ’]LLiﬂﬁulﬂl\h/:lj’]LLazﬁ’lﬂizLLﬁbLWV:l/ﬂuLLGII
avila Iveglusuuuuresunavasausenoundn Sediaruannsolunsanuuaess uIuiuys
Suwmﬁauﬁﬂﬂiﬁumiﬂismmmaﬁwé’hLLUﬁLmG;w‘m"Le; NGHGRH

x=PT.% (3.10)



a5

Tneimualy X e R* o k < rank(X) < m uazawes P idumaedl dmsunemes
dnuaizianiz  (Eigenvectors) vaw3gieey (Subspace) R*  Alpanweianisdwunm
anwazlanie (Eigenvalue) Aetuluvisngumtinsanunsagnuandle fail

W, = (XXT) *XTY (3.11)

We X=X, X2,....XN)

Tunsdlnawesanuazaniy k fignidentiu esain XX iduamfianmnsanndule feu
Tumsundymuesnisiienafvangaudsaunsanvsgnitwuneenunlalagay

Tumsiwdsuglres P Ailaunainmsideniawesanuasiants kK vesneduuuiglises
299 X 1Agn19nTE8mnsngnI3sn1shenA Al (Singular Value Decomposition: SVD)

[
[

Y04 X @ansaRasanle s
X =USsVv'T (3.12)

Tneinualn U iduam3nadensann (Orthonormal Matrix) ¥83veyaasnlsznauman
(Principal Component Scores) ﬂgﬂama, V. duans neideiin1nuesnmesa nwaaniy
waz S uavdnavuesyuveanisuenadungivwamioutu X [17] anudey

3.4.1 WUUINABIN15USTUIUNT MINAI9UINRAN

TuanAdetiveda PCR  lagnluieiUSouiisuiisseansnmiumaiaigninausluun
dnlU swdumedia SLR waz MLR #ilananihneuviniuan lnenmisidenlydiiulstunnves
sealsznaundndIwiu 4 PCs dslumsimuadensuusdunadmivdszananisonnafidu

AUmNne veanaila PCR lauanslinmsiei 3.10
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M13199 3.10 uansUsdunaLazieanedmiulvlunmsussanamewmaia PCR (4PCs)

fuvsiignia |, . AuUIBUNAYBY N ‘
SOPS FILUTEUNS E]QG‘%‘U?Zﬂ@jUME?ﬂ FALUILOIANG
la Lol ¢ VarVe Ve PC,,PC,,PC3,PC, kWh
Iy Lol ¢ Vai Vi Ve PC,,PC,,PC3,PC, kWh
e Laslp:Va: Vi, Ve PCy, PC,, PC4, PC, kWh
Va Las b1V, Ve PC,,PC,,PC3,PC, kWh
Vp laslpl e Va Ve PC,,PC,,PC;,PC, kwWh
Ve Laslpsl e VaiVh PCy, PC,,PC4, PC, kWh

vayaveunsneumin W uaz & vewnealln PCR dwiulvlunmsasiswuuinass
Uszanauns nsaliiwesinaussiulivhiauniluunasing lagnuansdannsien 3.11

A15199 3.11 wansunsng W wag & U89 PCR (4PCs) nsalmussnulnniaundluwsasla

muUsfigninaiaung wvsng W uas &

0.6482
-0.1988

0.1906 |’
-0.1569

W = ¢ =[-0.0187]

0.6525
-0.1790
-0.0168

0.2110

, £=[0.0255]

0.6509
-0.1821
0.0321
0.2600

, £=[0.0059]

wazvayavatusngIviin W uar & veuwwelln PCR dwiulylunisasiauuuinges
Uszanauns nsdiiiwesinanseualndaundluinazia lagnuansdsmisnei 3.12
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AN5199 3.12 LaALUNSNY W ag & 989 PCR (4PCs) nsalmnsesalnyilauni luwnagia

muUsigninaninung wnsny W uay &

[ 0.6951]
_| 03031 __r
|, W =| 53517 ¢=[-0.0113]
-0.1376

[ 0.7014 |

_| 02029] |y
ly W=l 57029l &=[-00073]

-0.2017 |

0.6297

0.3319
W =|_ 51657 &=[0.0718]

-0.3809

3.4.2 HAN15A1A99

Mnesedt 313 umsuaenavesmesidunnmnainedon MAPE wounailn PCR
(4PCs) nsdiinmnuAnunffiduusBunslag Tnedefinnsuiuisuiisunamiuaainndoudy
wafda SLR uay MLR flauandlineund wurimeia PCR fian MAPE gendudleifisuiy
wadia MLR filafaudsita 5 Sunaifisadnuos

M19199 3.13 UansA1 MAPE Yaumatia PCR (4 PCs) nsdliinanuiaun@ndiulsdunmlag

; . (%) MAPE
muUsgninamaUng N "
PCR (4 PCs) MLR (5 8uw#) SLR (1 8une)
V, 26442 2.5788 5.3037
Vp 2.8194 2.3793 5.3037
V, 26170 2.4010 53037
l4 37016 3.7125 5.3037
l, 3.4240 3.4206 53037
I 52060 5.1968 6.3898
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uniaeendlsfidansian MAPE fifnegnstialauilewTeudisuiumada SLR umeendlsh
nuA1 MAPE wpausazmafiniila Sdlulagniinnsandsladeiifnanidoulaniemanisal fions
awmalndunsiivayavieddnvasnsllihiflusosms  uwanedluainnislalirhilsdudnd
elumaFeudisusinanazlananluundaly

3.5 @gu

domluundl Wunsuansiamstssnunsamdnuliiigydsludesnimesinen
Anunilunsdlnney  Wnelunedadififugiuanmsiiesganaesanaeadaay  duilnavesns
Wisuifisuanunaandeu MAPE veamaila SLR, MLR uay PCR dslauandividiuuszavnm
TumsUsznainsvesmadin MLR uag PCR #ifian MAPE fiinamadia SLR Tngagnurinade
PCR (4 PCs) fiA1 MAPE figemanwadia MLR (5 Buws) isadnues umegslsinu Tuunilidu
FesnsthmeyadunedsdsluladiuafuUsvesmueainndeuiiinindeulaviomsnisad
awmalnvoyadunniveyavidofdnuugnislelinilunesns  winmdluarnnislelriwniladu
Unf Lou madalaivhen, sy wiensifinasudenleniiganeaerenniesin suidunalnd
voyafilumesnsgnuauTimeguveyadunn  sedludeulufinuiinaniniuaylagnfinnsan
Wisuifguveunazmaiialuunaoly
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A39UYUSTEMNIUTAIUNUNISILATIZITDIAUSENBUVIAN

iAdpueUszamidion (Artificial Neural Network : ANN) tuipdesfifisuuutlassass
wazmevhu-Uszinanamileufuauesludsiiiin Nanunsauiuilasusiemenisneuaueses
Sunmaunguesniadou; smdmnieierslaSousdinesniua indeveiufazannn
yhaunuiignesnuuulile Tnewederneussamiieslagnitannuas@nauiy :nnsinnures
ﬁmaqw‘wé fiusgnaulumemngysznanaton fhseu (waaUszam : Neuron) waxdinis
Hounofatuesrennuneg feduauesyusiienananlmidurosfiumesiifinuaunsoluns
Ufusedlansshnduduay Afnsvhauusuilunisuedanmsinussfuresiseuly
aues Inglumssnaudsihseaduaiounsimmnaiideuuumnanmeshauesatesnse

ﬁmmmmiﬂumiL%ugﬁmmagaéff;amq wazANansavinlndudeiily (Generalize) @4
foidugudnvuzdfyreunioreuszamiiion [18-22]

e/ |

qaisza1ulszda(Synapse)

wnuilszan{Axon)

~

AaLaa(Soma) O

—

|

UM 4.1 ULUUIReITeUMUEITUING

Toenilonluuni oz Lﬁums‘ﬁﬁLauaﬁqmiﬂiwaﬂﬁlﬂmﬁﬂLvﬁaszhaﬂs“aﬁwl,ﬁamﬁﬂw%’ulsgiu
miﬂivmmﬂfﬁmwmmulvxh/dfmummﬂﬂm Suileawnaniinesssuy AMR lmmmsuamamﬁju
G]’JLL‘lJi’eJUWG]UNmNG]UﬂG] ‘(Nlﬂ@ﬁU’]EJZNLLu’m’Nﬂ’]iﬂiuSHMI%LVIQU?WVIOHUWLﬁ“LJE)ﬁ’]wiUﬂ’]‘U’J‘\]EJu
Iﬂ&JﬂWiL‘UiEJUW]EJUﬂUL‘Vlﬂ‘LlﬂG]’NS]Vliﬂﬂm’m%La’ﬂuUVIﬂ’eMMU’]
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4.1 LUIAAKAZHANNIS

(X%

miﬂﬂaawmasmammiamlm Imaﬂmmmaﬂuwmm wmaqmﬂmmamaLiauﬁmaﬂg
ﬂ’liL’iEJ‘LJ‘i Iﬂmmmwmaﬂumswau%mu Alviauuanasluanmsrauediusunsa
ARNTIMDS LLaumiwmsamammﬂmﬁuuwﬂﬂ ‘Vl’ﬂmﬂimﬂEJﬁ’lﬂJﬁm]’lLL‘LJﬂLLEJﬂLLEJuiiJLL‘U‘U
Guaqﬁuwmw’mﬂwluLﬂagﬂﬂmﬂaulmiuizmwgﬂLﬂumamu 1umimmusumlmasmauu 0
m%ﬁwLaww‘hﬂmﬁusgauuamm%ﬁlmwdw%’jumamamﬁL'%‘smgl';ﬁﬁmﬁﬂﬂszam (Synaptic
Weights)  Tnglassasnsvesirinsoumelueienedognninevaesin  Sudussauszney
ﬁwﬁ’aﬁﬁﬂﬁ@mé’ﬂwmmw‘TU@NLﬂ%@ﬂwmn@mﬁuaaﬂlﬂ Tunaniuluauveinisdanadesh
V09i259Y, EULL‘U‘LJGU?Nﬂ{]ﬂ’]iL%EJugﬁlﬁﬂﬁLﬁﬂﬂ’]ﬁU%JULUgEJuﬁ’ﬁE’mﬁﬂﬂizmw yi3ausnszts
Soulailslunsilnaouvensiovis  oelsfinunievevianie aunsallnan YAy Y
289U 1Y MSINULUUTIY %Q‘ImwﬂmﬁyaLﬂ'%@szha%ﬁaﬁ’ﬁmwmﬁﬁauﬁgﬂL%'am'aﬁa
fududnaunnaaeavemessywe waranuilidudaaufidunudnuazautureuaions
NaUNNLUY

NN
(Weights)
dun; Activation 121N
(Input) Function (Output)

/

sUN 4.2 uuudnaeaaseeUsyamiiiey

mngadumilunsAsauiazianedoreUssamifissaunfedagiu  lednsussnaly
nuefereUszamifieiesnanning enananlaniimsiienadereyszamielulanudy
VNEYIY luruduneenuimnssy, Fand, 3ninen, unve, adamans, nginsaeuiiunes,
il vialrsugAans S9snssadsiiseaiilannieiereuszamiiieuansalaundymi
ganndugeulasensdivsydniam TnsamwizessBadymiluaunsodumeneuls wazuenly
mnmslinadnuusilanauonaiensusramifion iy anununiurenufanses Tunsd
deiarrudemetutuiiseuluedons viowundefnmsgadonisdounessmisiizeu
sruuAderefdiannsnvhalasssdiussdninmlasoraasuuladluifiesdnuesmtu d
foidunumunu (Robust) Tnesssumavesszuniaievgdssamiion ﬁlé%’mﬁaammﬂmﬁﬁ
voyaneluedoredureyaiuunszans (Distributive Data) Iﬂmmamamumiaumm B
Tumsweibmedoreissulimumsaialofu wrsoilmasnudomnsssminmii
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wazmenninvaseilunsuiuile  (Adaptive)  Tifunnuanmnsolunsusuimesiinn
Uszammeluaiowne viluilanuanunsalaneyu (nteract) uaznauauas (Response) ABEATE
winaeuln  Sufudloanmzunimrendisuly  fuasenefausanevauesiunsiasuutas
ﬁ?m wavihmsindusaeslmanfuanzwnaelnla

nsUsyanaumantdy (Function Approximation) &s1sanansaveyaguhuudniung
Soug N 9a Tuguuuures (nwesdunm, nawesidmune} lagdeil

{3, yiH{%2, Yo} - { XN, Yn} (4.1)

Wanrumalszan ~e

sUN 4.3 fegneamisuszanuaiendu

4.2 wsevgussameudauludnantnwuuwnsdaunau

wdevedsvamiiendeulurauuuuunsteundu  (Feed-forward Back- propagatlon
Neural Network) udeveiitaandnenssuveneseneUssamiionsiavouldanamun
(Feed-Forward Neural Network Architecture) mumﬂﬂjaaﬂaimmLLUULLWiEJauﬂa‘U (Back-
propagation) Tuﬂm%‘sm'gsuam%aﬁdw Tnensusuamiminluaudeunssymnsuunlniany
wiangay Selumsusuaniwiing GTgJJuaQﬁ’ummLmﬂahwaqhwLméwmﬁﬁwmmiﬁ?ﬁummeﬁwmﬁ'
Juandmne

4.2.1 wsav18UssamiisndauludnaninlasadsevuLien

Ima‘dﬂaLﬂ%am"]aniza'mLﬁamzﬂszﬂaﬂﬂg’wﬁaiawmaﬂé'h wazfinisdeunenuuvLny
fuvaneadu  (Layer) swamdmenssuveneiovisUsamifondevlunmulasassiuiier
(Single Layer Feed-Forward Neural Network) gnuandlagisguil 4.4 Tnsuandbfiuniinisiva
vosayadunaluSueann uwilufinislvalsunduunosndla mewniiaonaieweussani
ifunuudouldanamn (Feed-Forward Network)
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f_>y2

f —> Y

U 4.4 pSevigUstamiiiguUauluramnlaseEsaulies

TumsinsanesovnsLuutufeIniadunndiua R wazaidminusgamdiuiu S
nolfuknaztingeu Jaumasiliseusiimsuluda b

lngiifanduanslow wastowmn y=f W, +b) vedassasaaievsil Faanslusy

wnsnala fadl

Py

p=| P2 4.2)
Pr
by

b= @.3)
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Wi W oo WiR

Wor Wop =o- Wog

W = (4.4)

Wg; Wgp -+ W

TnetnAdnauresdunalusudursumsusinuvesimedluwastutiug (R=S) uay
Tuvhuesdeafuianduaelouflusndunsadusdaferiuiomn suiy Wefinsanfiwmsne
dwdn W agidiulanahuinussamuesunasua fisavesusniivansnduvesdisousalm
(Fovun S wndmiu S fasew) LLazﬁ"aﬁaaﬁlamﬁLLam'jwmmﬂauwvﬂ,m (Fravun R UNM)

4.2.2 Asav18Usamiisndauludnantinlasasawiatetu

wsmeUszaidion duandusuil 4.5 Wueferslssamiteudauluremilassas
Manety (!\/\ulti Layer Feed-Forward Neural Netvvork ﬁiﬂsqa%j’m;ul,l,uuaémwsﬂmaﬂﬂa
Uimaummuauwm (Input Layer) U 1 snu szw,amwm (Output Layer) 97U 1 Fu uay
Husgiou (Hidden Layer) Bnegnsusssiuu 1 4u Sednvarveuedoneussamiouwuui luln
foedialunmquiiitmundunuvestuseu  unlasuninislufismilvdoaestusoumniiu
Aamonamaundamlasialuua

U 4.5 ipsevgdssamifisndaulunmnlasasamaledu (ANN)
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o '
Y A

Tnefseuluwasduazgnifounefuduiiniu Seiudunauwsstuemnueslasmeysy
afienazdunisuanadsnisinavesoya TunsruaumsaBens widomsunsndu Tnsluniaiden
41 unszuaumstimeyadunmaiglassnefilasunsiinaounaiuarsefudnaufionann lns
Wisuiflsumanuuenamaiemamufianainnnsunsseundulutisesniadendt ugnly
Tummzﬁimqﬂwaﬁwé’aﬁaugmﬂ%amuasqmﬁﬂaau Tnelunstmunsuiutusazunuiaseuves
umazdy  vamanensinuenaiorsUszamifisuuUsuluremniiinisSeusuuuuns
HoUNY

4.2.3 WUUINABINSUTEUIUNS MEwaIUlndn

TuanAdetivaia ANN Tagnidisniielueuiisutalssdnsam dumaliangniaus
sfumalin SLR, MLR wag PCR filananbineumniuad laenisidenlyveyadunnituiu 5
fuds  gdlunisimuedinUsdunedmsulssnamsiomnaiiduamuneveanailn ANN

Ingnuanaly danns1ed 4.1

M13199 4.1 uanaiuusBunauaziomnadmiulylunisuszanamemnaia ANN

fulsfignina@nund | fudsBuneves ANN | fudsiennme
Va Laloile Vo Ve kwh
Vo Lol leVaVe kwh
Ve Lalp leVaVy kwh
I Iyl e Va Vi Ve kWh
by larleVa Vo Ve kwh
le Las b VaiVo Ve kWh

voyavenuvsnauwiin W uar & veunada ANN (5 Buwe) dwiulvlunisass
wuudaesszanams nsdllwesinaussiulnndaunaluuaazia lagnuans dannsien 4.2

wazvayavatuvsnEIviIn W uar & veuwadia ANN (5 dunm) dwiulylunisasns
wuudaeszanams ndlilwevinanseualivinUndluwmaziva lagnuans dannsen 4.3
AUAIAY
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A15199 4.2 uanaaisng W uag & a3 ANN (5 8unm) nsdlaussiulivdaundluunasiva

o tﬂl o
FLUINgNIA

wnsng W wae &

ANAUNS

-1.1387 -1.1108 1.0623 -0.4487 0.5548] [ 15378

0.1035 -0.3003 -0.0760 -1.6840 0.9061 0.4329

V, W =| 01268 0.1418 0.2687 0.3803 -0.0790|, & =|-0.0531
1.1832 -1.1730 -0.4130 -0.1577 -0.2048 1.1686

1.0098 -0.2342 0.8262 0.5552 -0.5515|  |-1.4326

[ 05424 -0.3294 0.1996 -0.2559 0.1343]  [-0.7334]

-0.3423 05039 0.4778 -0.0167 0.1552 -1.0402

A W =| 0.4535 -0.8358 -0.3117 -0.6339 0.5178|, ¢=| 0.0335
-0.9549 -0.8672 1.2368 0.0470 -0.1944 2.4582

| 0.1073 -0.6393 -1.6987 -0.1817 1.5681| | 6.1632]

[-0.5802 -0.1183 -0.8315 0.5448 0.1252] © 2.0870]

0.9119 -0.7643 0.0268 -0.6639 -0.0298 0.0258

V, W =| 02711 0.2385 0.1432 0.3751 -0.3751|, & =|-0.2845
-0.2801 0.2421 -0.4740 0.3043 -0.6325 -0.1723

| 03857 -0.0158 -0.4913 0.6969 -0.5386] | 2.0094]

A137199 4.3 uanavisng W laz & 983 ANN (5 Buns) nsdlanseualilvhiinuniluuaasing

muUsngnin

wusng W uwae &

ARAUNR

[ 0.2464 05745 -0.1789 0.6824 -0.2092] [-0.1426]

0.0656 0.1658 -1.6580 -0.9797 3.7330 -2.0771

la W =|-0.2151 1.2321 2.6089 -3.2799 -1.8061|, &= -1.7520
1.6555 0.5325 -1.2656 -3.3409 3.2158 -0.3765

|-0.3712 -1.6887 1.9807 0.0838 -2.9584| | 1.2296

[-0.0690 -0.0684 0.1775 -0.2400 -0.4077 | [ 0.2965]

-0.3184 -0.0200 -0.6634 2.1077 -0.4402 0.7929

I W =|-0.3733 -0.4766 0.2834 -0.6254 0.3032|, ¢=| 0.4025
-0.4520 -0.7952 0.3318 -0.7617 -0.0250 -0.2797

|-0.3922 -0.1061 -0.6582 -0.2988 -0.2777| [ 0.7740]

[ 1.6273 -1.0189 0.0274 0.9486 -0.2615] [-5.9228]

-0.2447 0.6562 -0.3064 -0.6641 0.7279 -0.0478

) W =| 1.4649 -0.4619 -0.0226 0.5236 -0.4344 |, £=|-0.3971
-1.1146 -1.5378 -0.1170 0.0000 -0.5956 4.0656

4.3858 -2.2015 -0.3572 -0.0894 -0.0523| | 10670
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4.2.4 NaN1591884

Tunsait 4.4 WunmsuaanavesnmLAaRLAFon MAPE Yaamaiin ANN (5 Bumnm) nsdl
Aemnuiaundfiduusdunslag TnedlefinsuniuisuiiisunanuaainindouyesUszanans
ffuwafia SLR, MLR way PCR fignuandhiluumneunn wurluunnsdian MAPE weanaiin
ANN lafleniisnnanmedia MLR way PCR wazluunanvemamsitassdadumulnginiiigs
nunalin MLR wag PCR il ukaanamuaninsslunsuiuialaveamadia ANN Gaviilven
vouvIngtvin W uay & LU§smu:dmLLazmmsaU%UﬁﬂﬁTnﬂﬂ%’jaﬁﬁmstﬁ%‘aug LANANS9IN
wefa MR uaz PCR fdumslinsendaay Sohlnamingdndn W uwee & luannso
LU§wuﬂaw’%aﬂ%’uéhlﬁymﬂlaiﬁﬂmﬂﬁaw,l,ﬂmhﬂuﬁaLLUiSuwm unfvoenslsfinu wada ANN
Hamsdian MAPE fiinanegnsdiau efinnsanisuiileutumedadily SLR

A19197 4.4 Uana MAPE Yaamaila ANN (5 8unm) nsalinauiaunansiuusdunalag

. . (%) MAPE
muUsngninamaUng N
ANN (5 Bumne)
Va 2.4977
Vo 2.7629
Ve 3.0082
I, 4.3778
Iy 3.7064
e 5.1433

4.3 LA39UYUTTEMMNYUIINAUNITIATIZWIAUTZNBUNAN

wSovneUsvamifisusiufunsieenesrussneundn  (Neural  Network  in
Conjunction with Pnnopal Component /-\naLyS|s PCNN) ﬁiﬂsqa%uwuﬂflaaq é’qammmﬁ
Tmﬂw 4.6 TneUsznaume 2 dumdn laun duvesmsimzesalssneundn (PCA) wazly
ﬂ’J‘lJ‘U’eJﬂmiﬂﬁuﬁJﬂGl@’JEJWlﬂUﬂ ANN mmmﬂmmuﬂmﬂmLauaummmmmlumﬁﬂﬁumlm
LLazmmmmﬁzﬂ,uﬂﬂsmﬂsawa;ﬂaﬂmgﬂmaams LwaaaﬂLLU‘tﬂwqumaaammaaﬂizmmmi
Amdsnulviniignlelulaesnsiszaviam  uazaseunguluyndoulvveavmmsadidunar
Tufmesszuu AMR JarRnuni
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Vi

P,
W1
P, &—
PCA yh N’ y*
P2*77 Mode 3 Z
b%
1

P e— Wzszsl

ylsl

‘J‘U‘VI 4.6 LﬂiEJSUWEJ‘Uigﬁ’WIL‘VIEJlIi’JiJﬂUﬂ’]TJLﬂiﬂu‘ﬂ@ﬂﬂﬂiuﬂ@U‘Waﬂ (PCNN) ﬂU’]LﬁUQ

lunsuszgnalameialszanunismenuudieosennaia  PONN  flgniuaueil lale
Tusunsu MATLAB Tun1seenuuuiazUszananansdiaes wefnwisnnuidululnvemadnsd
“memwumaaamamauﬂmﬁﬂLﬂﬁwmaunumﬂuﬂmﬂmLaualummaau mmmaawmﬂlﬁ
pufarunnidefiouasmuminyaureIBMITNHANMINAABITUTEYATI MEMIRTUIAT

mmﬂmmﬂaauﬁuaway@mewmwlm*mmiﬂiummmi

4.3.1 wWUUIABINsUTEUNUNS kEwasaulndn

Tuauised waila PCNN ﬁgﬂﬂ%aua %Qﬂﬁﬂmﬂ%mﬂwﬁmmﬁﬁ SLR, MLR, PCR uag
ANN  lananllusuneuwnnd iefigrulmiiudsussAvsamlumstssinmuns  wasvoni
wilenrweunadefigninaue Welafinsuisudeutumadaneg Taenislafuusdune
yosesAUTznoUMANT LI 4 PCs slunsimunfuusdunpdmivussananisioawadiduan
wWsne veanatia PONN lgnuandlilunnssed 4.5

Tum15971 4.6 LﬁuﬂmmmiwazLﬁamsuaaéf'gl,t,ﬂiﬁgnaaﬂLLUU&%M%’ULW‘D@ PCNN (4 PCs)
%ﬂﬁﬂmmmﬁamﬁmaaLﬁu%amaﬁhﬁaﬁmﬁ (Noise Data) Imﬁmsﬁu@maémﬁwmu 5 - 50%
iamLmﬂiﬂiuwmawamaauwmmmu‘l%maau Lwawaﬁmmmmmumumamama"l,uwwiumﬂwiu
ABINT5VELNATA PCNN wmmmua Imamamimiwmwm MAPE fuwmafinnieg



M19197 4.5 uanssudsdunsnaziennndmsulylunisussanamewmeatin PCNN (4 PCs)
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fuvsiignia |, . AuUIBUNAVBY N ‘
P FILUTOUNR EJW;‘U‘JZﬂa:UME?ﬂ FILUILDIANG
la Lol ¢ VarVe Ve PC,,PC,,PC3,PC, kWh
Iy Lol ¢ Vai Vi Ve PC,,PC,,PC3,PC, kWh
e Laslp:Va: Vi, Ve PCy, PC,, PC4, PC, kWh
Va Las b1V, Ve PC,,PC,,PC3,PC, kWh
Vp laslpl e Va Ve PC,,PC,,PC;,PC, kwWh
Ve Laslpsl e VaiVh PCy, PC,,PC4, PC, kWh

M1319% 4.6 Lanssgazideamuusigneaniuudmiumailn PCNN (4 PCs)

=
INYATLRYAN

v '

ayangnivun

uuveIlsEIANAILUTBUNR (PCNN)

6

TYazLaunvIUTHANAIMUTAUNM (PCNN)

wsasulnnwaznseualing wnazia

SruauuusBune @3amiauni) 1
SruauiuUsBus (#Inauni) 5
311U PCs Bunm 4
Fruaufuysiemmm (PCNN) 1

TYazlduAveIUTHANAILUTIEMNA (PCNN)

wdeuliivih (Kwh)

VUINVDIVBLAUARLAIUUTDUNALALLD1ANA

3,434

91143 Noise vewayanthulunagaey (%)

5, 10, 15, 20, 25, 30, 35, 40, 45, 50

Tuuiiseulutureu (Hidden Layer) 5
Wanuangleuludugeu logsig
Wandungleulutuienng pureline
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szagasuauw'%ﬂ% 4PCs uarilosifunaifuddnves PC,,PC,,PC,,PC, ﬁLﬁuéuwm
panUszneundnvaanaiia PCNN (4 PCs) ﬁQﬂIGgﬁWM%J‘lﬂumiﬁ;NLLUU’aﬁ’Wa’e]\‘i‘inﬂmmi N6l
finesinusssulnviasuniluwmasla uaznsdifinesinmnszualwifnundluunasia &
wanslumsnedi 4.7 warm1s1edl 4.8 mudeu

vayaveuvsnaumin W, W,, & uaz &, vaanaia PCNN (4 PCs) d@msulylunis
anauuinaesUszinuns nsaiivesinaussiulinliaundluseazing gnuansly Fsm1se
49 ey 4.10

wazvayavatunIngvin Wy, W,, & Uag & veanalia PCNN (4 PCs) dmiulaly
nsaskuLdIaesEInTs  nsdliiwesinmnseudlivhiiauniluunasina  gauandly A
AN5197 4.11 WL 4.12 AUaINY

AN9197 4.7 wanaavisng 4PCs wad PCNN (4 PCs) nsdlausssulminuniluunasivla

fuUsngnin .. ABEALY
A wnang 4PCs

ATHAUNG (PC,,PC,,PC;,PC,)
[ 0.6334 -0.2304 0.1606 0.7208] [53.2442]
0.5349 0.8029 0.1119 -0.2381 20.9636

V, 0.5462 -0.5408 -0.0809 -0.6343 15.4303 | =99.7303%
-0.0907 -0.0764 0.7374 -0.1264 10.0922
-0.0787 -0.0628 0.6414 -0.0736 | 0.2697
[ 0.6318 -0.2112 0.6703 -0.3270] [54.9865 |
0.5313 0.8143 -0.1621 0.1683 21,5255

V, 0.5484 -0.5387 -0.4889 0.4047 11.2928 | =96.3526%
-0.1131 0.0426 0.3742 05132 8.5478
-0.0706 -0.0150 0.3814 0.6615) | 3.6474]
0.6315 -0.2128 0.6310 -0.3937 53.8073]
0.5311 0.8130 -0.1325 0.1966 21.0462

V, 0.5475 -0.5395 -0.4508 0.4266 10.9903 | =95.1465%
-0.1124 0.0414 0.3553 0.2473 9.3027
-0.0820 -0.0316 0.5049 0.7505| | 4.8535]
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Flsngnin o AluEATY
N wnsny 4PCs

ATHAUNG (PC,,PC,,PC4,PC,)
[ 0.7397 -0.6641 0.1075 0.0161] [47.7845]
0.6187 0.7330 0.2511 0.1301 25.5369

I, -0.1614 -0.1160 0.2455 0.9369 20.2089 | =99.7959%
-0.1539 -0.0609 0.6977 -0.3162 6.2655
-0.1428 -0.0678 0.6151 -0.0712 | 0.2041]
[ 0.7108 0.2080 -0.6708 -0.0336 | [57.7690 ]
0.6774 0.0251 0.7175 0.1604 21.4637

l, -0.1324 0.2890 -0.0933 0.9317 14.1957 |=99.7987%
-0.1008 0.6961 0.1416 -0.3155 6.3703
-0.0907 0.6230 0.0802 -0.0748] | 0.2013]
0.6734 0.5202 -0.5207 0.0664 [52.9489]
0.7141 -0.2890 0.6373 0.0205 20.7466

. -0.1142 0.2219 0.1984 0.9360 19.6973|=99.8070%
-0.1164 0.5732 0.4006 -0.3342 6.4142
-0.1003 05178 0.3505 -0.0865 | 0.1930]

A13199 4.9 wnsng W, way

&, 193 PCNN (4 PCs) nsdimusadulnvhAsundlunnazina

Mudsingnin

wnsng W, wag g

ANAUNG

[ 0.4118 -0.0492 -0.4269 0.0269 | [ 1.3547]

-0.8652 0.3710 0.1309 -0.1998 1.1932

V, W, =| 0.1464 05124 -0.0167 -0.5288|, ¢ =|-0.4798
-0.9654 -1.0756 -0.1693 -0.2961 4.2094

| 0.0394 -0.2599 0.8766 -0.0329 | 04735

[-0.2980 0.8626 0.0506 0.5332] © 0.0212]

0.5467 -0.1776 0.1025 -0.0560 -0.5877

Vy W, =| 1.0478 -0.1787 -0.8631 1.2946|, &, =| 0.4635
-0.1712 -0.8750 2.3460 -2.9023 4.8895

| -3.4198 -0.8389 -2.0670 -1.0483 | -3.8688 |

[ 0.0809 -0.3736 -0.9710 0.0010] [ 1.1624]

0.0973 0.5273 -0.5280 0.6433 -0.8753

V, W, =|-0.0682 -0.3526 -0.5480 -0.0926 |, & =| 1.1026
-0.8562 0.3235 -0.3647 2.3535 -3.3199

0.6497 -0.3827 0.0568 -0.0047 | |-0.7845 |
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FuUsfignin L e
TP wnsng W, uaz &,
ANNAUNG
Va, W, =[0.4449 -0.3870 0.1511 -0.0603 0.3130], &, = [0.3002]
Vi W, =[0.1162 0.7551 0.0418 0.0192 0.0718], &, =[0.1923]
V, W, =[0.2606 0.1521 -0.4924 -0.0137 0.5753], &, = [0.5082]

M19197 4.11 w3y W, was & 89 PCNN (4 PCs) nsdimnseualiviiaunsluwnasia

fuUsngnin
ANAUNR

wWnsng W, uae &

-0.7154 -0.8761 -0.0718 -0.7199 14754
-0.4759 0.6691 -1.7976 1.2211 -7.1882
1.3519 1.0857 1.8277 1.2388|, & =|-0.5330
12162 06725 1.7031 -0.9161 0.6106

-0.2626 -0.0648 -0.1241 0.0402 0.9731
1.6006 0.9793 -0.0773 0.2986 1.0706
0.2815 0.6488 0.1093 0.5754 1.4266
ly W, =|0.3439 -0.2380 0.9059 0.0306 |, & =| -1.9563
0.5144 0.1943 -0.0774 -0.2669 -0.9957
1.0526 -1.3447 0.4741 1.4849 1.0441
-1.6536 -0.8853 0.4881 0.3356 1.8325
1.2334 0.1399 -0.0319 -0.2641 2.4683

1.1317 -1.0616 -2.7166 0.8018|, &, =| - 4.8686
2.0488 0.7137 -0.1363 0.0992 -2.3864
-0.2897 1.0257 -0.4335 -0.8626 -2.7959

A9 4.12 iEng W, uag &, 83 PCNN (4 PCs) nsdmnszualalvfauniluunasiva

muUsngnin
ARNAUNR

wnsng W, way &,

W, =[-0.0614 0.0106 -0.0134 0.0082 -1.6929], &, = [1.8020]

W, =[0.0035 0.1361 0.0925 0.7685 0.0794], &, =[0.1739]

W, =[-0.2834 0.2969 -0.0489 0.0550 -0.0782], &, =[0.5170]
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TusAsed L‘VIﬂ‘LJﬂ PCNN mﬂmmua lﬂmmmaaﬂ%%mau (Hidden Layer) mmu 1 éuu
oy fsznoumediseus o 5 Taseu LLau“U’LJLE]’IWWGI (Output Layer) 3117 1 szml,mmwm i
Uszneumedisousiuiu 1 dhseu Tnefinisuansitufinnnuaainmdeu (Error Surface) witely
Uivﬂauﬁmmnmﬂmé’mﬁuéivmﬂqwﬁamaﬁasauﬁ 1-5 v8s W, fiu W, Iuﬂiﬁﬁﬁﬁmagi’mm
LLsmﬂWW’mmUﬂmmWa a, fild b wasiivla c mumﬂuiﬂ‘m 4.7-6.9 waruanIuAIA
ﬂmﬂmaauivmwmﬁuamamﬁaw 1-5 93 W, AU W, ‘Iummwumaimmﬂs%La”LWW’mmUnm
fila a, Furla b wazsiivla c mLLamﬂu;;Uw 4.10-4.12 $UaGU

4.3.2 Nan1521a84

TunsUszanmnisamdnuliviiermenemada PONN figninaue aunsagniiaes
melusunsy MATLAB Tnglouansiednunsaoyanmdsnuliihiignussanuns wasaa
AALARaLYDIMIUszInMNsMIBmadia PONN Tunsdififinesinaussiuluiuasnszuali
Anundluusazila fauandlugufl 4.13-4.18 auddy ImEJLﬁaﬁmimmﬂé’ﬂwmmaﬁmﬂami
Tyl figndssanauazmanueaiaedon fasnsfiganlndiuisssAnsninuay
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FUaTLAN ayangnivun

szpzaveveyaninAiuung 3 \fiau (newinnsinARaUnf)
' A Ao ' a a
rdeutinanduung deinAu - AU 2559
Sunuvesweyaninandulng 9,120 voya

o aa C o ' o A -
wnliwesduiinvneyszdnineu 28, 29 VaINLFBY
sreghavesvelaiinainuni 35 Ju 18 ¥alus 30 Wil
PuRouninnmaUng NOATNIYU - SUIAN 2559
UINVBBLATNIAARAUNA 3,434 vaya
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rivesylalivissduiou Tuvaefifinesszuu AMR Yaruduund $1umu 3 seudeunay
suAamgnisainuRaund ileledmiuidureyatssnunisamdsnulirilusisssesnand
poamsfiansavielurisszernaniifinesssuu AMR Riamsiananund lnefieazBenoya
dnfudsznunmamemadandemnsauidion fwmed 4.13

ANl 4.14 iunsuaenavesaUesidunmunainAdey MAPE YeamAin PCNN
(@ PCs) figninaueluamided TunsdfifnnnuRnunifiduusdunalag  Teewdlofiansan
WIuifisunannuaaandeuiumedieeiovs 3 Weu, SLR, MLR, PCR uag ANN filauans
Lanowmint wuansdld 1, way |, dnsTaeAaund mada PONN fignuiniaue A1 MAPE
fanilewisuiumadinduiithuiuSeudiou Tnefamfiu 3.3920 way 4.9468 auadu Taelu
nsdift 1, finstanfieund wmadin PONN ﬁgﬂﬁ%aua fin1 MAPE ﬁqm’mmﬁﬂ PCR Way MLR
undsmaian MAPE fisnaumafia ANN, SLR uagiadene 3 wew ansiulunsdldl V,, V, uae
V, fimsfaniinund danada PCNN fignuiiaue fia1 MAPE gsnawafia ANN, PCR wag MLR

updeeeslsAniy wata PCNN Afiasiian MAPE 7isnnimadla SLR Lavladsnule 3 hou

151991 4.14 uan3A1 MAPE yaawaila PCNN (4 PCs) ﬂﬁﬁLﬁmmmﬁmﬂﬂﬁﬁﬁaLmiauwmim

o (%) MAPE
srudIngn L
o e A PCNN ANN PCR MLR SLR LAYNRUIY
INANAUNG - R R y
(@PCs) | (50umn) | (@PCs) | (50unn) | (19uwn) | 30U
Va 3.2185 2.4977 2.6442 2.5788 5.3037
Vi 4.3342 2.7629 2.8194 2.3793 5.3037
Ve 3.3986 3.0082 2.6170 2.4010 5.3037
8.3942
I 4.0815 4.3778 3.7016 3.7125 5.3037
I 3.3920 3.7064 3.4240 3.4206 5.3037
e 4.9468 5.1433 5.2060 5.1968 6.3898

TusUm 4.19 LLa”’i‘UVl 4.20 L“ﬁUﬂi’W\lLLﬂﬁNNﬁﬂ’l’iLU‘iEJULWEJUﬂ’] MAPE ¥p3naila PCNN mﬂ
mLauaﬂumﬂuﬂmﬂmmlmﬂiwmsmmqs] AsEflmessEUy AMR mmsmmmaua
usaslwnAnundlunnasa waznsalffinessyuu AMR ‘Mmi’mﬁlﬂizLLﬁlWW’]N@UﬂWluLLG}aW
e fuaay
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UM 4.20 wansnsiUSeuiisual MAPE saamnaila PCNN fignuiiaue dumelinang

TunsaifinnsinatnUndvesnseualnvtnaza

Tugﬂﬁ 4.21 - 4.26 \JunisuansmansiUSeuiisunn MAPE voamadia PCNN ﬁaﬂﬁ'naua
ﬁ’uLwﬂﬁﬂﬁgﬂﬁwmﬁw%uLﬁsmm"mﬁ] '1/11@meauaiumuammlﬂwamammauaauwwim
dusunngeu Lwawmummmwumumaﬁuamamammmsm waqwaiwuamaauwmmauama
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JUN 4.21 uansn1siSeuiiisu MAPE veduwmazimaila figniiuveyasuniuaulunausiy

fuveyadunanlydmiunegeu nsalinisinainuniveaussiulnnma a

JUN 4.22 uansnsiSeuiiisu MAPE vesuwmazinalla figniiuveyasuniugulunausiy

fuveyadunalydmsunaaey nsdiinisinaAnunAvesusasiulnwma b
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U 4.23 uansn1siSeuiiisu MAPE veduwmazimaila igniiuveyasuniuaulunausiy

fuveyadunalydmiunegeu nsdlinisinaiaunivesusaiuluvima c

JUN 4.24 uansnsSeuliisu MAPE vesuwmazinalla figniiuveyasuniugulunausiy

fuveyadunaiilydmsunagey nsdlinisinamaunfvesnseualnma a
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U 4.25 uansn1siSeuliisu MAPE veduwmazimaila figniiuveyasuniuaulunausiy

fuveyadunanlydmiunegeu nsalinisinainunivenseualuvima b

JUN 4.26 uansn1sSeuliisu MAPE vesuwmazinalla figniiuveyasuniugulunausiy

fuveyadunalydmsunagey nsdlinisinamaunfvesnsewalnima
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4.4 &3

Mnwansiaesluunt auansludiuialssavsnmeesnisussanansndsnuliinilsly
mewAda PCNN ﬁgﬂﬁ%aua NanselnaveUosfunnuAaInAEoY MAPE RN
wadafigniinlaioudleuna Tunsdififinesszuu AMR lafinsinmnszualiviviaundi
wialag LﬁaqmﬂLﬁumismLm@mé’ﬂwmﬂumiﬂ%@fﬂeﬁy LLa3mmmmmiumsﬁ’mmm%auﬂaﬁ
lugnassns lelnanansalelunisUszananisamdsselihiflalulpesnsiiussavsam uay
wanzay Felauansdmalunsiuseuiiounn MAPE voamaiia PCNN ﬁaﬂﬁ%aua fﬁ”mmﬁﬁﬁm
Banlaieudioums wlmamwmamasumuamLsmiﬂwammJﬂumamaauwmm%mmwmaau
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New application of principal component regression in

estimation of electrical energy consumption in an
abnormal automatic meter reading system
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This paper proposes a new application of principal component regression (PCR) for estimating
electrical energy consumption in case of abnormal automatic meter reading (AMR) systems. These
events occur in a delivery metering system such as problems from mistakenly setting and connecting
meters in electrical systems, broken metering accessories, etc. The estimation is performed by using
MATLAB. The unclean sampled input data is used to estimate the targ et output d ata. The mean absolute
percentage error (MAPE) is used as estimation performance. In this proposed estimation, load profiles
obtained from the AMR are used as input data for training to create estimation model and for testing to
validate model. Estimated results are verified by comparison between the proposed PCR application
and other applications such as simple linear regression (SLR), multiple linear regression (MLR). The
proposed PCR gives the hest error results of MAPE for the lost electrical energy estimation.

Key words: Automatic meter reading (AMR), load profiles, principal component regression (PCR), multiple
inear regression (MLR), simple linear regression (LR

INTRODUCTION

Presently, technologies of energy meter have developed
rapidly (Alahakoon and Yu, 2016). In particular, the cost
of energy meter technology is greatly reduced. The
reason is that most electrical energy providers pay
attention in the energy meter technology development
and the energy consumption data record system for the
customer monthly payment operation.

In the past, most electrical energy providers chose a
mechanical or electronic meter for the electrical energy
consumption measurement of the customer and the
monthly energy payment operation, because of the price

*Cotresponding author E-rmail: kantikeon@hotmail com.
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Licenzse 4.0 Internation al License

wehich was lower than a smart meter. But in the present,
those electrical energy providers have required database
technology, energy management and electrical energy
consumption history, An automatic meter reading (AMR)
is used for those requirements and designed to be used
with smart meters (Paris et al, 2014; Stephen et al.,
20143

A smart meter has more advantages than the electronic
meter in electrical energy consumption history capacity
that data history period limit is 45 days and the cost of
both gets nearly closer in the present.

Commeons Attnbution




So this is inclination that the mechanical meter usage is
decreased and the mechanical meter will be replaced by
the smart meter in the present day and the near future.

The prominent feature of electrical energy data
recording in the smart meter is specified to be used with
the AMR which the electrical energy consumption data in
the energy meters for all customers will be recorded at
the database of the AMR.

Smart grids are the extension, which themselves are
built upon AMR systems (Arif et al, 2013; Khan et al,,
2014). AMR systems are achieved by using many
communication technologies, including power-line, radio
frequency and mobile network such as GPRS/GSM. As
many energy providers look for upgrade progress toward
smart grids, replacing mechanical meters by the entire
infrastructure may not be economical. For that reason,
most smart grid developing providers have formulated
priority of suitable smart grid development region.

In Thailand, provincial electricity authority (PEA) has
formulated framework of smart grid (Meenual and
Thongchai, 2009). Current smart grid development of
PEA is in the preparation stage, including suitable PEA
smart grid Technologies selection and adaptation,
implementation plan setting, and necessary PEA smart
grid foundation development. PEA intends to aim at pilot
project of PEA smart grid in the near future.

Currently, a soft computing method is widely used to
determine the reliability of the distribution system or to
predict the electricity load demand (Singh et al., 2013).
The classification of distribution system loss in case of
the economical profit can be defined into two items,
namely technical loss and non-technical loss. The
technical loss occurs by loss of transmission line and
equipment in distribution line like copper loss. Unlike
technical loss, non-technical loss is caused by abnormal
metering equipment or violation and meter tampering by
customer.

There are several methods used for the non-technical
energy loss estimation which is aimed to claim payment
from customers in case of energy theft or damaged
equipment by customer or forced majeure. One method
commonly used by most providers to estimate is the
average monthly electricity consumption of the previous
three months abnormal, or three months after an
abnormal ending for consideration of that estimation.
Those methods have limitations in affecting the
performance and reliability of the estimation. Especially,
the condition of the electrical consumption behavior will
be relatively stable and continuous.

There is rarely research on the lost energy estimation
in abnormal metering of electricity customer such as
using simple linear regression (SLR) with a focus on a
minimum variable input reduction for estimation of output,
but some significant data is limit. The multiple linear
regression (MLR) (Black and Henson, 2014) was used to
estimate for improving the limitation of SLR application.
However, MLR is still limited in the case of uncleanness
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of input data to be used for simulation of the model in
some times.

In this paper, the sampled data is considered from the
energy consumption data of the industrial energy
customers in Thailand. These energy data will be
managed by using AMR system (Ladarat and
Naetiladdanon, 2015) of PEA in Thailand. The energy
data history recorded in the data center of AMR will be
used to increase the efficiency of the energy data
management for customers and providers. Thereafter, the
load profile of energy consumption will be used as input
data for the real energy estimation in case of the
abnormal metering system.

OPERATION OF AUTOMATIC METER READING

In the present study, most energy providers have more
interest in the automatic meter reading (AMR) (Figure 1).
This is the reason why many business factors have
become a necessity for the advantage in business
competition, such as the cost saving capacity of energy
providers and the energy saving by monitoring and
management of customers.

The main part of an AMR system is electrical energy
usage measure and recording equipment. The smart
meter is an important electrical measure equipment, like
a joint of service and communication between providers
and customers in real time.

The communication system is necessary for AMR as it
plays an important part in energy consumption data
transmission automatically, such as load profiles, monthly
billing data, and alarm logs of the smart meter. These
data will be transmitted to a meter interface unit (MIU)
and be saved in the database of AMR system (AMR data
center) for every fifteen minutes. Therefore, the energy
provider can take advantage of the energy consumption
data monitoring for non-technical loss or illegal electricity
usage detection (Erdene et al, 2013). Similarly, the
customers can observe and manage the self-energy
consumption demand.

PRINCIPAL COMPONENT REGRESSION

Linear regression analysis for the electrical fields has
been widely used in the locad demand forecasting.
Normally, the algorithm of linear regression is classified
into two types according to the number of input data,
including single linear regression (SLR) in case of single
input data and multiple linear regression (MLR) in case of
multiple input data. In this case study, both SLR and MLR
are used for a comparison with the proposed algorithm.

Figure 2 shows the proposed algorithm of the principal
component regression (PCR) models consisting of MLR
and the principal component analysis (PCA).

The estimate procedure of regression has two parts,
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including model creation and estimation. The regression
learns a function that maps input variables to their target
output. Conventionally, that function is a ctatic function
enahling the estimation of responses for new input

wariables. The multiple regression model can be
expressed as
‘JJJ'=H5.'I+EJ', forj=12...n m

where x=[x,x2,....5]7 €R¥ isthe inputvariables
PEtEE, ¥ =3, ¥2.... ¥l €FF isthe autput variables
matrix, B =[W, Wi, ... W] s the Jth row of the
regression matrix & and £; ~ (0, a2y denotes the
estimation error in which &2 is the variance of the

observation.
In step of estimation, a training part for model creation

of inputfoutput variables set pairs (X, % }E'El ,Is supposed
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to be a linear relationship between these two sets of
variahles W It can be estimated as

i
min 3 (v; ~#;)2, @
L

The equivalent matrix norm eguation is expressed as
. 2
mn”Y—H’X" \ (3

where X=0. %5, ... X0, Y=04. %2 . ¥py0 and | - |
denotes the matrix 2-norm. This is an optimization
problem which can be simply resolved as

W= )-1xTY )

With the estimated regression coefficient, the output
variables can be predicted for the input variables.
Generally, Equation 4 requires that w = rark(30T <N

or X7 is invertible. However, this condition may not
always be satisfied.

To avoid the unclean input data for training and the
irreversible problem of MLR, PCR replaces the input
variahles by principal components to estimate the output
wariables. Particularly, PCR firstly projects x onto a low-
dimensional subspace

x=PT%, (5)

where Xe ®¥ with £ < rapk(X) <m , and the value

of # stands far the eigenvectars of subspace RF which
can be obtained by eigenvalue decomposition techniques,
Therefore, the solution reduces to

Wy =y 1Ty, ()

where X =&y, Xz, ... X370

In case of appropriate X eigenwectors which are

chosen, XXT is invertible. The optimization problem can
be simplyresolved.

The transformation of F is obtained by choosing &
eigenvectars of the column subspace of X. The singular
value decomposition of X can be considered as

X=Usvi, {7

where U iz an orthogonal matrix of scaled principal
component scores, ¥ is an orthonormal matrix of
eigenvectars, and 8 is a diagonal matrix of the singular
values, like the dimension of X, respectively.



Table 1. Parameters of the model simulation using the proposed
application

Abnormal Input Input PCs Ciutpu
variables variables variables variables
Ip.Lc.
I PG, PCy,PC kWh
L v PR
I Ta-To. P, PCy,PC kWh
b V. Vi, Vi .PC, PG5
I ta-Tb. PQ}.PCy,PC KWh
C Va:Vb:VC E] s 3
I5.1p.1 PC, PGy, PC
Vi a-1bs1c, 1,542, L3, Wh
Vb, Ve PCy, PCs
I3, 1p. 1, PC, PGy, PC3,
Vi a-1b.1c 1,542, FL3, KWh
Va. Ve PGy, PCs
I3, 1p. 1. PCL PGy, PGy,
Vo a-1b:1c 1. 842, Pl 3, KWh
Va. Vb PCy,PCs

Where 1,1, 1. : is the current of phase a, b, and ¢ ; V.V, V. 1is
the voltage of phase a, b, and ¢ ; P(y,...,PCs: is the principal

component of 1st to 5th ; and kWh: is the electrical energy used in one
hour.

MODELING

In this case study, the aims are to estimate the energy
consumption data of an industrial electricity customer of
PEA in Thailand. This will be used in case of the non-
technical loss energy which is the results of the abnormal
metering from the AMR system in every fifteen minutes.
And then, the data selection and statistic error will also be
shown here in this work.

Data selection

The proposed PCR is used for the electrical energy
estimation which is created in two models, including
training model and testing model.

The variables of training model consist of the sampled
input data and the sampled output data. The sampled
input data are the voltages and the currents, whereas the
sampled output data is the energy equivalent to cne
kilowatt of power sustained for one hour (kWwh). Those
are recorded before abnormal metering data period.

The variables of testing model consist of the sampled
input data. These are the voltages and currents recorded
during abnormal metering data period.

The parameters of the model simulation are used in the
proposed PCR application. As shown in Table 1, items
are the abnormal and normal input variables, the input
PCs variables, and the output variables in units of kilo-
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Input data
The every phase voltages and currents recorded in every 15
minutes of the normal and abnormal data.

Output data
The electrical energy consumption.

L]

Use the principal component analysis to determine the principal
components for replacing the independent variables to estimate
the dependent variables.

L

| Divide data to training and testing patterns |

| Calculate output of training pattern |

L]

| Record weights and biases |

L]

| Selecting abnormal testing model |

Testing

| Caleulate output of testing pattern |

L

| Calculate and record MAPE of testing pattern |

End

Figure 3. Flowchart diagram for the proposed estimation.

watt hours, which are used for the estimation.

The flowchart for the process estimation of electrical
energy consumption by the PCR application is proposed
as shown in Figure 3.

Statistic error

In this paper, the statistic error can be calculated by using



where » is the number of observations, at the 15 min
interval ¢, v,... represents the actual electrical energy

consumption, and Yo, represents the estimated

electrical energy consumption, respectively.

SIMULATION RESULTS

This simulation uses the estimation for the abnormal
voltage and current of any phase. PCR using 5 principal
compohents (PCs) of the input parameters in case of the
abnormal wvoltage of any phase, and 3 principal
components (PCs) of the input parameters in case of the
abnormal current of any phase is employed. The
proposed estimation results will be used to compare with
the estimation results using MLR for 5 normal input
parameter and SLR for only 1 normal input parameter.
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data of phases a, b, and c are illustrated in Figures 4 and
5, respectively. Also, the recorded electrical energy
consumption data or target data is shown in Figure 6.

The input data is used for MLR in order to confirm the
accuracy in comparison with PCR. The results of the
estimation error are shown in Figure 7 in the event of
irregularities such as the abnormal input voltage data of
phases a, b, and c .

The estimation error results in using MLR are shown in
Figure 8, in case of the abnormal input current data of
phases a, b, and c.

The same output and input data with MLR for training is
modeled in the proposed PCR by using MATLAB
program, 5PCs matrix for the input training data in case
of the abnormal voltage of any phase are shown in Table
2. 3PCs matrix for the input training data to create an
MLR model in case of the abnormal input current data of
any phase is shown in Table 3.



The regression matrix #, and the estimation error
matrix & derived from the model simulation with the input
training data are shown in Table 4, for using as a weight
and bias of the testing model which is used to estimate
the output testing data in case of abnormal input voltage
data of any phase.

Also, the parameters of the regression matrix W and
the estimation error matrix e for estimating the output
testing data in case of the abnormal input current data of
any phase are shown in Table 5.

The testing data obtained from the AMR consists of the
voltages and currents data of phases a, b and c for
testing as shown in Figures 2 and 10, respectively. The
measured electrical energy consumption for testing are
shown in Figure 11.

The input and output data for testing measured at other
times is used to confirm the accuracy of the estimation by
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using the proposed PCR application and other
applications.

The estimated energy results and the estimation error
of the proposed PCR in case of the abnormal input
voltage data of phases a, b, and ¢ are shown in Figures
12 to 14, respectively.

Figures 15 to 17 show the estimated energy
consumption and the estimation error in case of the
abnormal input current data of phases a, b and ¢ by the
proposed PCR, respectively.

According to results from Figures 12 to 17, they are in
close estimation. They show that the proposed energy
estimation method offers satisfactory performance.

For MAPE results of the proposed PCR, as shown in
Table 6, it is found that MAPE is 4.48% in case of the
abnormal input voltage data of phase a, 3.55% in case of
the abnormal input voltage data of phase b, and 3.23% in



(c)

Sampling of Output Data for Final Test(15 min)

Figure 8. The output estimated energy errors by MLR for the abnormal input current data of each
phase (a, b, ¢).
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Table 2. 5 PCs matrix of the simulated model using PCR in each
case of abnormal input voltage data.

Abnormal

voltage of PCs matrix

[06242 -02429 01602 07250 -0.0111]
05109 08399 00599 -01714 00220
05787 -04845 -00224 -06554 00160
00780 00073 07197 -01047 -06818
|-00914 00252 06725 -00672 07309 |

Phase a

[06167 -02470 06694 -03287 -00505]
05095 08387 -0.0720 01717 00478
05777 04843 -05011 04107 01091
01368 -00188 03965 04435 07918
|-00872 -00254 03720 07050 -05969)

Phase b

06186 -0.2421 0.6756 -0.3100 -0.0792
0.5094 0.8410 -0.0940 0.1343 0.0800
0.5786 -0.4836 -0.5068 0.3895 0.1508
-0.1350 -0.0124 03798 03522 0.8446
-0.0698 0.0061 0.3658 0.7811 -0.5012

Phase ¢

Table 3. 3 PCs matrix of the simulated model using PCR in each
case of abnormal input Current data.

Abnormal current of PCs matrix

[ 06961 07143 0.0296 |
06558 06639 03392
02042 01055 02756
201362 01453 06346
|-01583 01296 06162 |

Phase a

[06928 02407 -06779]
06898 00278 07022
-01474 03412 -0.0958
01009 06556 01553
| 01106 06286 01187 |

Phase b

[06737 04666 -05725]
07054 01945 06753
01483 03146 01227
01070 05762 03364
| 01229 05599 02967 |

Phasec

case of the abnormal input voltage data of phase ¢ in
which MAPE is equal to that of the MLR application.

In addition, SLR using the best only 1 input current data
of the model (which is not the abnormal current) will be
used for estimating the output energy data in all cases of
the abnormal input voltage data, for which MAPE is

92

Kantikoon and Kinnares Q9

Table 4. J¥ and & matrix of PCR for the simulated model in each
case of abnormal input voltage data.

W and £ matrix

06672 |
-01339
W=| 01876 |, #=[po103
-01930
-03201

Abnormal voltage of

Phase a

06675 |
01345
W = | -0.0489
02495
03194

Phase b , e=[-00204]

06688
-01299
w=|-00498|, s=[00017]
0.2598
02236

Phase ¢

Table 5. /¥’ and & matrix of PCR for the simulated model in each
case of abnormal input current data.

Abnormal current of w and £ matrix

0.7154 |
W =|-02224|, e=[-00021]
03646 |

Phase a

[0.7016]
Phase b w=|01891|, e=[o0124
01617 |

[06529
Phase ¢ W=|02624
|-01413

, s=[01024)

10.06% in case of the abnormal input voltage data of
phases a, band c.

For MAPE results of the proposed PCR, as shown in
Table 7, it is found that MAPE is 4.58% in case of the
abnormal input current data of phase a, 3.75% in case of
the abnormal input current data of phase b, and 8.03% in
case of the abnormal input current data of phase c.
MAPE for the proposed PCR is the least error value in
contrast to the other applications.

From MAPE results for MLR, the normal current and
voltage of all phases will be used for estimating the
output energy data in case of the abnormal input current
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Figure 15. The estimated output data by the proposed PCR for the abnormal current of phase a and corresponding error

compared the measured output.

data of any phase for which MAPE is 5.00% in case of
the abnormal input current data of phase a, 5.21% in
case of the abnormal input current data of phase b, and
9.22% in case of the abnormal input current data of
phase c.

For MAPE results by SLR, the best only 1 input current

data of the model (which is not the abnormal current) will
be used for estimating the output energy data in all cases
of the abnormal input current data, for which MAPE is
13.86% in case of the abnormal input current data of
phase a, and 10.06% in case of the abnormal input
current data of phases bandc.



Table 6. MAPE comparison of the proposed PCR application with MLR and SLR in case of abnormal input voltage data

at any phase.

MAPE (%
Abnormal variables By proposed PCR application By MLR(ap)pIication By SLR application
(for 5 PCs input) {for 5 input) {for 1 input)
v, 4.48 448 10.06
Vo 3.55 3.55 10.08
Ve 3.23 323 10.06
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Table 7. MAPE comparison of the proposed PCR application with MLR and SLR in case of abnormal input current data at any phase.

MAPE (%)

Abnormal variables By proposed PCR application

{for 3 PCs input)

By MLR application
{for 5 input)

By SLR application
{for 1 input)

I, 458
I, 3.75
I, 8.03

5.00 13.86
5.21 10.06
9.22 10.06

Conclusion

This paper has proposed a new application of PCR in
estimation of electrical energy consumption in case of
abnormal metering in an AMR system. The error results
in this paper show effective performance of the
application using the proposed PCR. The simulation
results and comparison results between the proposed
PCR, MLR and SLR have shown that the MAPE for the
proposed application is the best error when compared to
that for MLR and SLR of the estimation in case of the
abnormal input voltage or current data at any phase. In
the difference, MLR is estimated by using & normal input
data, or SLR is estimated by using the best only 1 input
data selection for the output energy estimation.
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Abstract — This paper presents the application of multiple
linear regression (MLR) to estimate the electrical energy
consumption in case of the irregularity in the automatic meter
reading (AMR) system. This event occurs in a delivery metering
system such as problems from setting and connecting meter with
the wrong electrical system, broken metering accessories, etc.
The estimation is performed by using MATLAB. Estimated
results show that the mean absolute percentage error (MAPE) of
the lost electrical energy estimation is less than 3.65%.

I INTRODUCTION

The energy forecast in power system using the soft
computing method like Artificial Intelligent is widely used in
present [1,2]. There is rarely in research of the lost energy
estimation in abnormal metering of electricity customer.
Therefore, in this paper, MLR is used for the new application
in estimating the lost energy due to abnormal metering. Unlike
with the linear regression applications on other fields which
the generally simple linear regression used to reduce variable
input to a minimum for estimation of output, but because it
comes at the significance ofthe data was eliminated.

Generally, economic losses in the distribution of electrical
energy, consisting of the technical loss is losses caused by the
resistance of the transmission line and the non-techmical loss
like losses rtesulting from measurement instrumentation
equipment abnormal. Which in the past when non-technical
losses, the method used to estimate the electrical energy
consumption by using the average abnormal electrical energy
consumption previous 3 months, since the measurement
device for use in reading the energy that was installed in most
of the distribution system is mechanic meter that have limited
by limitations of the backward energy data storage.

However, presently digital meter was used to replace the
mechanic meter constantly increasing, because prices are
down when compared to the past and significantly digital
meter capable of storing energy in a given time period which
the information can be used to power the history. But the
digital meters are installed, it still has limitations. The
historical data can be stored no more than 45 days due to
limitations of the cost of memory is installed in the digital
meter. And the installed memory device that is installed inside
the meter, so when failure to damage the structure of the
meter, which in most cases will cause damage to the internal

memory 8o causes of the energy data stored in memory is lost.
AMR system can be used to improve those limitations.

The case study is electricity consumption of a factory in
Thailand. AMR system, is used in provincial electricity
authority (PEA) of Thailand providing the load profiles which
can be an instrument for managing effectively the electrical
energy. The load profiles will be used as input data for the
electrical energy estimation in case of the abnormal metering
system.

ey

Nobfe Nebwark
HERBIEHM

p
= a
ABR Canter
{Cratabass Sorvery

Fig. 1. The structure of the AMR system

. OPERATION OF AUTOMATIC METER READING

The automatic meter reading (AMR) system has become a
necessity for most energy suppliers as deregulation, free
customer choice and open market competition occur in the
energy supply sector. With the addition of customized retail
services the electric meter will become a gateway for multiple
service providers and enable real time communication
between customers and utilities [3,4].

AMR system, as shown in Fig.l, is transmitted the load
profiles of the meter through the meter interface unit (MIU)
and the GPRS/GSM communication network, automatically.
There are the load profiles, every 15 minutes based power
usage, is currently collected in the database of AMR system
{AMR data center). Therefore, The customers can to trace the
self-power consumption for use to manage the self-power
demand, efficiently [5].

978-1-4799-1447-0/13/$31.00 ©2013 IEEE
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1L PRINCIPLE OF MULTIPLE LINEAR REGRESSION

In the algorithm of the regression models, two procedures
can be distinguished by model of training and prediction.

MLR has two procedures, model building and prediction.
Given the independent variables x = [xy, x5, -, 2, ]7 € W™
and the dependent wvariables y = [v,,v;, -, ¥,]° €R® .
Without loss of the generality, it is assumed that x; and v; are
both centralized. Suppose there is a linear relationship
between these two sets of variables, MLR models it as the
multiple regression coefficient W such that

v =Woxy + Wz, +0+ Wex, + 5

=Wx+g, for j=12,..,n (1)

where W; = [ i1 Wiz, oo jm] is the jth row of the
regression matrix W, and EJ—'N(O o?) denotes the estimation
SITOL.
In order to estimate W, it needs a set of samples of both x
and y. In fact, given a set of sample pair {x, v;},i =1,2, .., N,
W can be estimated by using the least-squares estimator,

n
min > (3~ W)* 2)
L
The equivalent matrix formulation is given as

minll¥ — WXl (3)

where X = (xll Xz, "'JXN)I Y= (YI’YZJ (L] YN)a and ” ' ”
denotes the 2-norm. This is an optimization problem which
can be easilyresolved as

W = (XXT)IXTY. 4)

With the estimated regression coefficient, dependent
variables can be predicted for independent variables. And
generally, (4) requires that m = rank(XX7) < N, or XX7 is
invertible. However, this condition may not always be
satisfied [6,7].

v, MODELLING

As condition mentioned earlier, this paper aim to estimate
the electrical energy consumption of the once electricity
customer in case of the lost energy due to abnormal metering
in past every 1 day for 2011 based on the present normal data
from AMR system for the period of 2012 in the PEA region of
Thailand. In this section describe the data selection and the
mean absolute performance error (MAPE).

A.  Data Selection

For the model of the electrical energy estimation by using
MLR, the sampling data consists of the voltages and the

102

currents recorded in one year of 2011 for training to estimate
the electrical energy. Note that there is another one year data
in 2012 for testing.

Which the flow chart for the process estimation of
electrical energy consumption by MLR was proposed, this is
shown in Fig. 2

i Searg
S 7

et duts
The every phase volinges and currents recorded i every 1 doy
of the normal and sbnosoal date.

Cralput data
The eleotrical energy consumption.
¥

l Trivide daa to fraining and testing patlerus

Training

I Caloulate ontpit of training pattom
¥
! Record weights and blases
¥
! Selecting abrormal wating model
[]

Testing

I Caleudate owpot of esting patior
¥
! Calculate and record mape of testing pattern
PR 2
£ - 5
Cobnd |

R S—

Fig. 2. The flow chart diagram for the estimation of electrical energy
consumption using MLR.

B. Mean absolute percentage evror (MAPE):

The error percentage in this paper was calculated by using
MAPE. The error calculation was used to assess the
performance of estimation. The formulas are expressed as,

MAPE = —Z

where ¥, per, @04 Yooimare, @€ the actual and estimated
clectrical energy consumptions, respectively, at the 1-day
interval i and n is the total number energy consumptions that
are being estimated.

yts:rggt ~ Vestimate
Rl At S it (5)

2

ytarget:

V., SIMULATION RESULTS

This simulation was divided to estimate for the abnormal
voltage and current of any phase that are used by MLR which
used 5 normal input parameter, which was comparable to that
used by the generally simple linear regression for only 1
normal input parameter.
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respectively.

With the assumption that the voltage or current is one of
any phase is abnormal (lost) in AMR system. To estimate the
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Fig. 9. The comparison of the target data with the estimated output data by
the proposed MLR for the abnormal voltage of phase a
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Fig. 10. The comparison of the target data with the estimated output data by
the proposed MLR for the abnormal voltage of phase b
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Fig. 11. The comparison of the target data with the estimated output data by
the proposed MLR for the abnonmal voltage of phase ¢

‘With the estimated energy, and the error energy in case of
the abnormal current of phase a, phase b, and phase ¢ of MLR
was proposed, them are shown in Fig.12-14, respectively.
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Fig. 12. The comparison of the target data with the estimated output data by
the proposed MLR for the abnormal current of phase a
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Fig. 13. The comparison of the target data with the estimated output data by
the proposed MLR for the abnormal current of phase b
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Fig. 14. The comparison of the target data with the estimated output data by
the proposed MLR for the abnormal current of phase ¢

From these results is shown in Fig.9-14, it is seen as the
ability of the proposed estimation method that can be used for
estimating the output closely and effectively.

TABLEI
MAPE COMPARISON OF THE PROPOSED MLR APPLICATION WITH THE
GENERALLY SIMPLE LINEAR REGRESSION USING DATA FROM 2011 TC 2012

(%) MAPE
Ab_non‘:lal By proposed By generally simple linear
input ;
P MLR application regression
variables . - - .
(for 5 input) I, input I, input I input
v, 138
W, 1.43 4.67
4.48
\'A 1.38 6.65
L. 3.07
I; 1.67
> 4.67
I, 3.65 4.48

MAPE results of the proposed MLR, as shown in Table I, it
is found that MAPE is 1.38% in case of the abnormal voltage
of phase a and phase ¢, and 3.65% in case of the abnormal
current of phase ¢ which is acceptable value.

Other than that is the generally simple linear regression,
from MAPE results, the current of phase b will be used for
estimating the target data in case of the abnormal voltage of
every phase, and the abnormal current of phase a and phase ¢
since the target estimation by the current of phase b which
MAPE is 4.48%.

And which case of the current of phase b is abnormal, the
current of phase a will be chosen for use as input of the target
estimation since it gives MAPE that is less than the cwrent of
Phase ¢ (i.e. 4.67%<6.65%).

VI CONCLUSION

This paper has proposed a new application for the
estimation of electrical energy consumption in case of
abnormal metering in AMR using the application of MLR.
Simulation and comparison are shown that the better MAPE of
the proposed application than the generally simple linear
regression of the estimation in case of the abnormal voltage or
current at any phase. Differently, generally simple linear
regression 1s estimated by using the best only 1 input data
selection for the target estimation, as above verified in the
simulation.
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The Principal Component Regression for Estimating the Electrical
Energy Consumption in Abnormal Automatic Meter Reading System
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King Mongkuta€™s Institute of Technology Ladkrabang, Thailand
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Abstract: .

This paper presents the application of a principal component regression (PCR) method to estimate the
olectrical energy consumption in case of the irregularity in the automatic meter reading (AMR) system. This event
occurs in a delivery metering system such as problems from setting and connecting meter with the wrong
electrical system, broken metering accessories, etc. The estimation is performed by using MATLAB. Estimated
results show that the mean absolute percentage error (MAPE) of the lost electrical energy estimation is less than
3.62%.
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The Principal Component Regression for Estimating
the Electrical Energy Consumption in Abnormal
Automatic Meter Reading System

Visavat Kantikoon
Department of Electrical Engineering
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King Mongkut’s Institute of Technology Ladkrabang
Bangkok, Thailand
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Abstract— This paper presents the application of a principal
component regression (PCR) method to estimate the electrical
energy consumption in case of the irregularity in the automatic
meter reading (AMR) system. This event occurs in a delivery
metering system such as problems from setting and connecting
meter with the wrong electrical system, broken metering
accessories, ete. The estimation is performed by using MATLAB.
Estimated results show that the mean absolute percentage error
(MAPE) of the lost electrical energy estimation is less than
3.62%.

Keywords-Automatic meter reading;
regression.

Principal component

L INTRODUCTION

In present, the soft computing method like Artificial
Intelligent is widely used in energy forecast in power system
[ 1.2]. There is rarely in research of the lost energy estimation in
abnormal metering of clectricity customer. Thercfore, in this
paper, PCR is used for the new application in estimating the
lost energy due to abnormal metering. The case study is
electricity consumption of a factory in Thailand. AMR system,
is used in provincial electricity authority (PEA) of Thailand
providing the load profiles which can be an instrument for
managing cffectively the electrical energy. The load profiles
will be used as input data for the electrical energy estimation in
case of the abnormal metering system. For the model of the
electrical energy estimation by using PCR, the sampling data
consists of the voltages and the currents recorded in one year
for training to estimate the electrical energy. Note that there is
another one year data for testing.

II.

The automatic meter reading (AMR) system has become a
necessity for most energy suppliers as deregulation, free
customer choice and open market competition occur in the
energy supply sector. With the addition of customized retail
services the electric meter will become a gateway for multiple
service providers and enable real time communication between
customers and utilities [3,4].

OPERATION OF AUTOMATIC METER READING
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Fig. 1. The structure of the AMR system

Automatically. AMR system. as shown in Fig.l, is
transmitted the load profiles of the meter through the meter
interface unit (MIU) and the GPRS/GSM communication
network. There are the load profiles, every 15 minutes based
power usage, is currently collected in the database of AMR
system (AMR data center). Therefore, The customers can trace
the self-power consumption for use to manage the self-power
demand, efficiently [5].

IIIL.

In the algorithm of the principal component regression
(PCR) models, two procedures can be combined by model of
the principal component analysis (PCA) and the multiple
linear regression (MLR), as shown in Fig.2.

PrINCIPAL COMPONENT REGRESSION

Data Score Output
%
Xy = -
%,
x) —— ——
x
x;— PCA ~ 3 MLR [—» y
) x
X, —— T

Fig. 2. The structure of the AMR system
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MLR has two procedures, model building and prediction.
Given the independent variables X = [xq, %3, -, %,,]7 € R™
and the dependent variables y = [y;,¥5, . y)" € R* .
Without loss of the generality, it is assumed that x, and y; are
both centralized. Suppose there is a linear relationship
between these two sets of vanables, MLR models it as the
multiple regression coefficient W such that

Vi = Wixy + Waxg + -+ Wipxy, + &

=Wx+eg, for j=12,..n o))

where Ww; = [Mlmzmm] is the jth row of the
regression matrix W, and &~N(0, a?) denotes the estimation
error.

In order to estimate W, it needs a set of samples of both x
andy. In fact, given a set of sample pair {X;,¥;},i =1,2,..., N,
¥/ can be estimated by using the least-squares estimator,

n
min ) (y, -~ W% @)
T
The equivalent matrix formulation is given as
min|[¥ — WX, ©)

where X = (X, Xz, ..., Xy), Y={(V. V2 ... ¥y). and |[ -]
denotes the 2Z-norm. This is an optimization problem which
can be easily resolved as
W = (XX X"y. )
With the estimated regression coefficient, dependent
variables can be predicted for independent variables. And
generally, (4) requires that m = rank(XX") <N , or XX7 is
invertible. However, this condiion may not always be
satisfied.

To avoid the unclean of the input data for training and the
irreversible problem of MLR, PCR replaces the independent
variables by principal components to estimate the dependent
variables. Particularly, PCR firstly projects X onto a low-
dimensional subspace

x=P.g, (5)

where £ € R* with k < rank(X) < m, and P stands

for the eigenvectors of the subspace R* which can be obtained

by eigenvalue decomposition techniques. Thus, the solution
reduces to

W, = (XX7)"1X7Y, (6)

where X = (%, %, ...,%y). If an appropriate k is chosen,

e.g., XX7is invertible, the optimization problem can be
easily resolved. The only question is how to determine P.
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The transformation P is obtained by choosing k
eigenvectors of the column subspace of X. Consider the
singular value decomposition of X

X = UxSxVxTu o)
where U, and V, are the eigenvectors of column and row

subspaces of X, respectively. And S, is a diagonal matrix of
the same dimension as X containing the singular values [6,7].

IV. MODELLING

As conditioned already, this paper aims to estimate the
electrical energy consumption of the once electricity customer
in case of the lost energy due to abnormal metering in past
every 1 day for 2011 based on the present normal data from
AMR system for the period of 2012 in the PEA region of
Thailand. This section will describe the data selection and the
mean absolute performance error (MAPE).

A. Data Selection

In this paper, data was obtained from the electrical energy
consumption of the once electricity customer from AMR
system in PEA in 2011 and 2012. it consists of the voltages of
phase a, b, and ¢ for training are shown in Fig, 3, the currents
of phase a, b and ¢ for training are shown in Fig. 4, and the
energy consumption for training are shown in Fig. 5,
respectively.

2
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Fig. 3. The input voltage data of the training
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Fig. 4. The input current data of the training
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Fig. 5. The target data of the training

And the voltages of phase a, b, and ¢ for testing are shown
in Fig. 6, the currents of phase a, b and ¢ for testing are shown
in Fig. 7, and the energy consumption for testing are shown in
Fig. 8, respectively, by assuming the voltage or current of any
phase is abnormal (lost) in AMR system. To estimate the
energy consumption for 2011, the data is used from 2012 as
training data.
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Fig. 7. The input current data of the testing
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Fig. 8. The input target data of the testing

B. Mean absolute performance error (MAPE):

n
1
MAPE = —Z
n

=1

ym'rgeti B yestimatel (8)

Yearget;
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where  Vegrger, a0d Yostimare, are the actual and estimated
electrical energy consumptions, respectively, at the 1-day
interval i and n is the total number energy consumptions that
are being estimated.

V.  SIMULATION RESULTS

The estimated results are composed of the estimated
energy, and the error energy of the proposed PCR in case of the
abnormal voltage of phase a, phase b, and phase ¢ are shown in
Fig.9-11, respectively, and the abnormal current of phase a,
phase b, and phase ¢ are shown in Fig.12-14, respectively.
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Fig. 9. The comparisen of the target data with the estimated output data
by the proposed PCR for the abnormal voltage of phase a
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Fig 10. The comparison of the target data with the estimated output data
by the proposed PCR for the abnormal voltage of phase b
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Fig. 11. The comparison of the target data with the estimated output data
by the proposed PCR for the abnommal voltage of phase ¢
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Fig 12. The comparison of the target data with the estimated output data
by the proposed PCR for the abnotmal current of phase a
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Fig. 13. The comparison of the target data with the estimated output data
by the proposed PCR for the abnormal current of phase b
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Fig. 14. The comparison of the target data with the estimated output data
by the proposed PCR for the abnormal current of phase ¢

TABLEIL MAPE CF THE PROPCSED PCR APPLICATION USING DATA
FROM 2011 AND 2012
%) Assuming the any input data is abnormal in AMR
0

V, V, v, I Iy A
MAPE 143 145 1.43 3.03 1.67 3.62

MAPE results of the proposed PCR, as shown in Table I, it
is found that MAPE is less than 1.43% in case of the abnormal
voltage of phase a and phase ¢, and less than 3.62% in case of
the abnormal current of phase ¢ which is acceptable value.

TABLEIL MAPE OF THE GENERALLY SIMPLE LINEAR REGRESSION
USING DATA FROM 2011 AND 2012
%) Given to the any input data estimate the target data
° V. v, v, I, I I
MAPE | 10957 | 6933 | 117.55 4.67 4.48 6.65

For the generally simple linear regression, as shown in
Table 11, from MAPE results, the current of phase b will be
used for estimating the target data of the abnormal voltage of
phase a, phase b and phase ¢, and the abnormal current of
phase a and phase c since the current of phase b gives MAPE
less than 4.48%. In case of the current of phase b is abnormal,
the current of phase a will be chosen for estimating the target
data since it gives MAPE less than the current of phase c (i.e.
4.67%<6.65%).

VI CONCLUSION

This paper has proposed the estimation of electrical energy
consumption in case of abnormal metering in AMR using the
application of PCR which is a new application. Simulation
and comparison are shown that the better MAPE of the
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proposed application than the generally simple linear
regression of the estimation in case of the abnormal voltage or
current at any phase. Differently, generally simple linear
regression is estimated by using the best input data selection
for the target estimation, as above verified in the simulation.
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