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TIME SERIES FORECASTING/AUTOREGRESSIVE INTEGRATED MOVING
AVERAGE/ARTIFICIAL NEURAL NETWORK/SUPPORT VECTOR REGRESSION

/HYBRID MODEL

The time series forecasting is a prediction of future observed value of the time
series by using a historical data to create a forecast model and using this model
forecasts the future values. There are two types of forecasting model, the first type
creates by the traditional time series analysis method, and the second type creates by the
intelligent technique. The intelligent technique is commonly known as the machine
learning method. Time series forecasting is a quantitative prediction of numerical data
and a result of such prediction will provide future quantitative values. The accuracy of a
forecasting results depends on an appropriate selection of a forecast model. Selection
must be based upon characteristic of the time series. Forecast results accuracy will
assist management for better planning, decreases a cost of operation, and possible
reduces management mistake. This research aims to forecast the electrical power
distribution units (EPDU) by using historical data from the Metropolitan Electrical
Authority (MEA) and the Provincial Electrical Authority (PEA) of Thailand. The data
of EPDU are categorized as time series in monthly time period format. This data are
being applied to generate a unique hybrid model that combines the autoregessive of the

ARIMA model with the intelligent techniques. This research also uses two intelligence



techniques so called artificial neural network and support vector regression to create
this hybrid forecast model. Also the autoregressive of the ARIMA model is applied for
selecting input vector of the training data set, then evaluate the experiment by
measuring the forecast error of the hybrid model compare with the traditional time
series model. The result of this research reveals step by step for generating the forecast
models and creates the forecast EPDU model which can predict the amount of electrical
usage that management can be used to make decision on planning, generating, and

distributing of electricity in line with the consumption demand appropriately.
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M15199 2.1 UNUUMIDADEILATANNTADDY (NTIF3 UATULIA, 2549, W11 76).
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I. mmmaﬂmiwmm%aagwm (Single exponential smoothing) n30i3en
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Ft+1 = O(Yt + (1 - O()Ft """" (220)
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Fior = aYe + a1l — o) Yeg + a(l — a)?Y_,
++al-)"Y+ (1 -)'F, (2.21)
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2. auidaend IWuuFeadynaa (Double exponential smoothing) #3013 80 Tag
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A0 5EaU (Level) tazuua 151y (Trend) Tag@ 113 auaadaunIsamsuaIulsznouszay

o ~ 1 o o 1 9 Y o ~
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Level: Lt = O(Yt + (1 - O() (Lt - bt—l) """" (222)
Trend: by = B(Ly = L) + (1 —B)bey - - (2.23)
Forecast: Fyypy =Li+byy 0 e (2.24)
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Level: Ly = a(Yy = S¢eg) + (1 —a)(Li—qy + bery) - (2.25)
Trend: by = B(Ly — Le-)) + (1 = B)bpy = (2.26)
Seasonal: Sy = y(Yieq — L)+ (1 —V)Sees .. - (2.27)
Forecast: Fyym = Ly+bun + Seesem - —— (2.28)
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A A o 1 1 A 49! (Y 1 A 1 9
Average (MA) 19 gﬂl!ﬂﬂﬂﬂ?ﬁuﬂ’ﬂ amernsaiialla 1 VUBYNUAINATIAUNADUNDUNUN

~ A a o ' X g
TaeengUuvuimanngluuy AR weaunugluuy MA 1891 j1uny ARMA Failugiuuy

[
=

a @ 4 {1 o = o v o @
V]@ﬁ‘ﬂ'lflaﬂﬂmgﬂ'ﬁlﬂaauqﬂjﬂlaﬁﬂuﬂillna']ﬁﬂ']ﬁ\nﬂmn’ﬁﬂﬁuwu‘ﬁﬂu LLazﬁﬂ’meGn W%’f]
~ ' v ~ ' o A g a A A
13807 ALABUUT Llﬁiﬂﬂcﬂghlﬂ BUNTNIATNINUIIVTINN ﬂgllﬂ']ilﬂa@ullﬁﬂlu@\iﬂ']ﬂ

Y A =2 & @ ~ 13 o A o & J o
Llu’)qu nIvgenIa G]f\uﬂuaﬂ{}‘:lmgﬁal]@\‘i@klﬂiﬂJna’]ﬂlllllﬂu’ﬁlﬁ%uu’]i PNUU NDUUIDUNTNIA

A 1 g @ a J < o ~
nhidluaaduuiininsgdaiesluuy ARMA szdeutlaseynsunarldiduaasuuts

{ a 4 A < o J
paziFengduuuhldianzieynsunarinuadddiiusadsuuis 1891 uun ARIMA

9
(Autoregressive Integrated Moving Average) Hag518az108a lunaazjuuy o5u1e ladsae Tl
I A o 1 T o A dg' 1o
1. sduny AR Wuginuuimvuadt arduna Y, inal t la 9 yuegnu
] Y 1 9 d' 9 [ [ d‘ Y o
AFUNANOUHTNNNDT 1, 2, ..., tp 18311 AR A09521oUAD piive lFimuaauns

v o { @ (%

9 - 49! (%] T o 1 Y A
AIUTN u‘ﬁ@]ﬁJE‘]JLL‘]J‘]J AR llﬂ?ﬂ AMaUNa Ye muagﬂmwmmmﬂ@uﬁumamaﬁﬂ p AULIA

v o

[ 2
wiu Noua p la q @wnsodmuaaumsawgluun ARp) Tdasil (mseds udauiia, 2549,

Yt = 60 + ®1Yt—1 + Q)ZYt—Z + -+ Q)th_p + St """" (229)
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4 [ § T 1 1
iie Y, AeAdunaiigt tla 9 6, A meniiluainei 0,,9,, ..., 0,

a g %’ v 1 4
ABIEAYDINIINIA0I 691D Tugiluuy ARp) tay & Ao AAaIAATDY & 17a1 t

Qe

v 9

Tagna'l 3Uuny AR(p) 9x00UAD p 110D 1 150 2 A9UU dm5UFUDY AR(1) 1oz AR(2)

Flugs

Zhe

Yt == 90 + ®1Yt—1 + St Lﬁ@ pP= 1

Yt = 90 + ®1Yt—1 + ®2Yt—2 + &t lﬁ@ pP= 2

Y (Z Y

o oA o . o L4
fmruadId iU Idounay (Backward shift operator) l¥dayanual B

[

T s p, = = zl ‘]J v o A ) o ulsl
ﬂfJ‘V]BY[—Yl_p%$ﬂ1m13mmﬂuﬁuﬂ1§°ﬂ 2.29 IUFUHUUUBDIAIAUUUNITIDUNAY LAA

ﬁ’ilﬂ"lﬁﬁ 2.30
(1 - ®1B_®2B2 o=l - e Qpo)Yt = 60 + St """" (230)

< a = o w
aumil—¢,B-@,B%? — ... — P,BP =0 Auaums Ina ludsadiay
A o 3 Ay v Y o 1 A Y1
1 p v04 B azmnouvesaumsuaives B nlaninmsudaumssiuiu p an lnsdenlydal B
1 1 ~ 4 o o 1 A 14 { o
WeanuRed Al |B] > 1 uazison@eu lvdmsuaimisiimes 0, @, s B arld
IB| > 1 1150u lvvesaasuuts (Stationary) A10810150 d115uUuuy AR(1) fMaeuved

aums 1 — @,B = 0'laun B = 1/0; vi3e |0,] < 1 Fludu

I A o ! 1w ~ 2 To
2. uuwy MA Wugisuuidmuan mduna Y, ioal ¢ la « yuegiun

AAIAAADUNOUNTIINNAT 1,12, ..., t-q 1983 UUDY MA A9521duas q e l4imua

£l

Y @

(% v J 9 (Y 49! [ 1 4' 1 9 d'
ﬁumsmmauwuﬁmmgﬂuw MAllﬂ’N AMTUNA Y, VUBYNUATNAIAUNDDUNDUNUINATHA

Y
% [ (4

[ A [ Y dy
11 g muna daiu fisuau q Ta  awnsadmuaaumsaugluuy MA(Q) laasil

Yt = 90 + Et - elet_l - ezst_z — = eqst_q """" (231)
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4 [ { { 1 {
e Y, Aesdunaiiina t1a 9 6, Ao menilua1nai 6,,0,, ..., 0,

a g %’ v 1 4
ABIAYeINIHmesa191nln Tugduuy MA(g) tag € Ao AnaIAAGDY & 1981 ¢

9
U v £% 9

Tagna 11 Uuny MA(Q) 9280uaD q MY 1 130 2 Aauu dmsugiuuy MA() taz MA(2)

[

Audail
Yt == 90 + St - elst_l Lﬁﬂ q= 1

Yt == 90 + Et - elat_l - ezst_z Lﬁ@ q= 2

Y o

MM UARIA I UNTIoUNAY B 15wRe1n Uz LUy AR(p) 92810150

[

@ouaumsh 2.31 lugdnuvvesdaduiumsdounay lansaunish 2.32 Al
Yt - 90 + (1 - 91]3 - 92]32 -— quq)St ““““ (232)

< a o w
aums 1 — ;B — 0,B% — - = 6,BY4 = 0 duaumsInaludisadiay
~ [ ?.’, o = J U o 9 = @ =\
1 049 B v mimdmeuvesaums yauiluawes B v lamuneinugiunn AR(p) Taodl
4 [ 4 o [ 1 a 4 A o 1
[donlvdn [B| > 1 uazGendeulvdmsvamiaiimes 04,0, ..., 0, Nvi11ld [B] > 191
4 a a A @ ] (] o 1y o
oulvveaduneiaiiia (Invertible) 10 Y19LH U mmugﬂgmu MA(1) A0 UUBITUNT
1 I
1—6,B=01aunB =1/0, ¥3e |6,] < 1 1ludu
[ ~ o 1%
3. giuuy ARMA iugilupumigluuy ARp) waunugluuy MA(Q) @319
I 4 o v o
izl ARMA(p, ) iilefmuaduay p uag q aunsammuagumaug Uiy ARMA(p, q)

Taaaaumsn 2.33

Yt = 90 + QlYt—l + + Qth_p + Et - elst_l
— = 0gfeq e (2.33)
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Taen 11 31luuy ARMA(p, @) 92loua p+q <=2 13U guuuy ARMA(, 1)

iguny asee i
Yt = 90 + ¢1Yt—1 + & — 91£t_1 lﬁ@ P= 1, q= 1

WOMIHUAGIA NI UNITIOUNTY B azausoouaunisn 2.33 1u

v o A 9 v Y A
jj‘]JLL‘]J‘]J"lJ?NG]’JﬂHuuﬂﬁEJE]“Hﬂﬁ‘]J hlﬂﬂ\‘lﬁ'llﬂﬁ‘]/l 2.34

(1 - ¢1B - ¢2B2 T i ¢po)Yt = 90 + (1 - elB
—0,B* — -~ 0,BYg, (2.34)

4. 5oy ARIMA WugduvuilFiueunsunari luifuaasuuis
4 I { @ { g o
iWoannuua Ty sz 3Uuuy ARMA(p, @) Wusdnuvildnueynsunarndumadunds
1 3’/ 1y 1 Y A A Y Y a A [
miu uateynsuna idludmasuud Wesnuua iy doanaseynsunauay (v} il
I o = Y I ] ~ o a9y 1 [ (Y]
Aumaguuis Midluoynsunar i {2} Mdumasuuis AenInman1aszrIRaIdunalu
DUNTUNIAUAY 1UUAD Z, = VIV, 111D d = 520 H1IUDIM NN INHINAA WTEHINAITUNA
' { [~ @ & q < ~
iy oynsuai luduaasuuls ifesain Tuur Tdumiuiduase szliar d=1uazld
{ 13 o 4 =~ o w 1
Ze = VY, =Y, — Y4 w%mgﬂimamﬁ"lmﬂummfuuﬁ osnniuul Iumdsees agiian
< : < o ~
d=2uazld Z, = V2Y, = Y, — 2Y,_; + Y, iludu oulasounsunanldiilumaduuis

Y
[ Y

= = 9 o [ ALl
YUY YNNI {Z} ﬂzugﬂzmu ARMA(p, q) maham NI Z, ~ ARMA(p, q) 19
4 @ (] [ &
a1 ldgUuny ARMA, g) a5 waumswernsel ldnueynsunalui {2} ualagialil
° 4 I 4 a < o Yy Yy
msduaueaumsneInsal witluagunisnensaiveteynsua Ay Y, ¥3imualaaie
M3 1931001 ARIMA(p, d, q) 10 p v SUADYBIFUILY AR d9U q Ao duavvesgiliUL
MA 11ag d 79 528L1H19U9AIUNAINTIUIHINAA1NTLHINATUNA 1AgAINITOAIHUA

ﬁiJﬂ”l‘JWliJg‘]JLL‘]J‘]J ARIMA(p, d, q) Tdaaannsn 2.35 (Box et al., 2008, p.100)

eB)Y, = 0(B)VIY, =0, +0(B)ey, = - (2.35)
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il ®(B) = 1 — @;B — @,B% — - — ¢, BP
G(B) = 1 - elB - esz — e quq
0o = AN

[

[ Y
NANNTN 2.35 LAALINBUVBIFUNT UANUHNIAII
1. @(B) 58011 @ uumson Iaansaaw (Autoregressive operator) 1o
I o A U A
aunsunauumaTUUIT WA 3INUeaNNI @(B) = 0
1 ) a [ 4
2. @(B) = @(B)V! Fond1 ardniiumsnuuesalagon lasinsadw
. . < v o A 1 a3 o A A A 1
(Generalized autoregressive operator) Audrdutiums ludluaaduuis We d Ae srezriiaves
A o [ [ Y2 A o Y
munaMihuiRaneserINmauna M lvsinvesaums ¢(B) = 0
1 ¥ o A a J .

3. G(B) SRR mmmumsgﬂauma@m% (Moving average operator)
A I a sa a o A
eaynsunaniuduesaiia HuAe s10veIaums 8(B) = 0

A @ ~ I o =l

0 d=0A2VUAINFNNITN 23590 UNTTUIUNTHLATUUIS

1 I Y = a da A dy A
NUIIAINI 0UNTN NavdumaFuuIsLazduIeiaia UenaInil e d=0iluuy
[ d’ = A (% [ d‘
ARIMA(p, d, q) A9eun157 2.35 aelgiunumiounugiuny ARMA(p, ) Adaun1sh 2.34
A ~ [ ~ A A Y < o v
UIOAUNITN 235 1MAUANNIITN 2.34 110 d = 0 uagio IMrHuaNuduusvesgluu
] ~ PR o A o
ARMA(p, @) ¥o3oynsuar v {z} nulasdlimluamsuns nugiluny ARIMA(, d, q)
a ~ 1 3 @ S 9 @ 1
yosoynsuanay [y} #ldillumaduuis dArenmsuaasiiodisueegiuny ARMA(, q)
[ A o v o 4

Y03 {7} AUFUUDY ARIMA(p, d, @) Y04 {Y,} NAUWUTAY 10 Zy = VY, = Y, — Yi_q W30

d=1uaz p+q<=2 laghioglugiuesiduiumsdeunau aamsen 2.2
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M3°199 2.2 JUUDY AR(p, q) V04 {Z} tazgUuuy ARIMA(p, d, q) Y94 {Y,}

(NIIF3 LAAUITA, 2549, M1 284).

A Y,
J1luu1 ARMA(p, q) ¥4 31111 ARIMA(p, d, q) Y3
PRl T4 pRI8ThI
{z} {Y,}
ARIMAC(0,1,0)
ARMA(0,0) |7 =9, + ¢ - Yy =00+ Y q +¢
) t 0 t 1159 Random t 0 1 t
199 White noise
walk
Z¢ =6 + 0174
AR(D) +e, ARI(L1) Y =060+ (1+01)Yy
—01Ye—p + &
Zy =00+ 01724 Ye =00+ (1+01)Y—
AR(2) + 0,75 + & ARI(2,1) +(@; — 01)Y—
—0,Y_3 + &
MA) |4 IMA(1,1) Yo =00 Yoy 4 &
=00 +& — 0164 — 0184
Zt Yt = 90 + Yt—l + Et
MA(2) = 90 + gt —] elé‘t_l IMA(1,2) - elé‘t_l
—ezgt_z _ezgt—z
Zy =00+ 01Z¢4 Ye =00+ (1+01)Y—
ARMA(1,1) + & ARIMA(1,1,1) — P12+ & —
—Glst_l 918t—1

| Aq 9o o A A A
5. guunvuw SARMA Hugdunuilgdmivoynsunaininisnionln,

'
I=Y=l Q.l

itipan1nggnia medratu doyalSams 1y lwihnedeu Taailueynsunaiiimduna

Auimnamsly liilszsudeu FalFinams ¥ liiudeu@edrduvesmnil iaadends
1 Y

nu @WSmamslslddidewwmeuszlisigeniaunaslunn 9 3) snvaziwuil naadd

19

< = = 1 W A A 9 %‘
HUNVYANHENIA IﬂﬂﬂJﬂ”l‘]JL’Jﬁ"ﬁl@Qi]ﬂﬂ"lﬁWﬂﬂ‘]J 12 19U mmagaﬂ?mmuwﬁuiwﬂmum

o—

[

3 A A a 1 o < Y
alanyuzmanaeu lvuiioaninggnia Taslinmunaivesggmaniiny 4 lasud iWudu
Y Y = o ° 4
pazh W S waeds Swaumunailu 1 9gma szdimuagUuuy SARMA daegilun
SARMA(P, Q) Tasfiaauisznon 2 dau 1dun daui 1 e jluuy ARP), Amduna Y,

Ty 1w 1 9 (%

Y H .
Yuognumdunaneumihndmasly p+s aunar e sud P nanedls S1uaungnadmas
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1w 1 [

1 T W dy [ 9 A 9 A
Y 01 S=12 1ag P=1 A1auna Y, suu@gﬂummmﬂﬂauwummwm"hJ 12 MU 1o Y

dy Y] I 9 o o v A A A o dy Y]
YUBYNY Yeoqp tVuAU dr1viTuadun 280 31luny MAQ) nA1duna Y yuegnual

U

9 Y (4

amanasunouriNd a1l Q=S munal 1o SuAY Q wedy TIUIUNANIARIHAT 1TU

2

[ [

' da! ] 1 4‘ ' 9 d' Y [ A
1S=12 uag Q=1 MaUNA Y¢ VYUY ‘umﬂmﬂmaauﬂauwummwm'lﬂ 12 MUIA1 139 Y

o)

b4
1 Y o

dy [ I 9 v o A
YUBYN €15 1WUAY AU aTaMKUAFUIDY SARMA(P, Q) Tuguasarduiiums

{ v

doundu IaaaaunIsn 2.36 adil (3973 udaniin, 2549, nih 282)

0p(B)Y; = 0g + Og(BSe, e (2.36)
o 9p(BS) = 1 — §gBS — ¢, B — - — ¢, BPS

©q(B%) =1 — @sBS — ©,5B*5 — -+ — @qsBY

8, = A

@ ] ] o I @ Y o dy
ATDYNLIYU Eﬂlﬁfﬂ SARMA(1,1),, gunsamuuauauy hlﬂ JU

(1- ¢12812)Yt =0, + (1 —0;,B?)g,

° @ < I o o A 9 [ Y o dy
l,l,ﬁ$ﬂ1ﬁﬂﬂ@3llﬂﬂ1ﬂ§ﬂllﬂﬂl@]u IﬂﬂuliJllGI’J@1LHUﬂWiﬂﬁ)uﬂaU llﬂ JU

Yo =00+ 0,V 12 + & — 012812

o o S - 4 )
dmsveynsunaniigluuy ARMA, g nazlinandeu lnauiiesain

y ° g v 9 I
9ama 3Uuuy SARMA(P, Q),) 811130113 uuune 2 mmaunualegluunisaa iy

3111 ARMA(p, @x(P, Q) Tﬂaﬁgﬂgmuﬁ'ﬂﬂnﬁuﬁqﬁnmiﬁ 237
O(B)p,(B3)Y, = 8, +8(B)O,(B)ey (2.37)

Lf]@ @(B) = 1_(2)1]3_(2)2]32_..._@po
6(B) =1—0,B—0,B2 —-..—9,BY
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Sy — S 2S PS
0p(B”) =1 —¢gB” = ¢,sB™ — = — 9psB
©q(B%) =1 — @sB5 — ©,5B%5 — -+ — ©qsBY
8o = AAIN

9
ar08109u 311U ARMA(L,Dx(1,1),, ansamruailuguy 1aaed
(1—-0:B)(1—¢,,B?)Y, = 6y + (1 — 8;B)(1 — ©;,B)g,

) (Y <3 Ao o A 9 [ Y o 1:911
vaziiuasmunlugduudy Taelildduiumsdoundy laasi

Ye=00+ ¢, Y12+ 01V 1 — D10, Ve 13+ & — O12812 —

0181 + @1¢123t—13

v
9 [ =1

6. gUnuv SARIMA lugdnuuilFdmsveynsunari il uaasuus

q

4 a ! [ o I '
iiesnngama Taedewaseynsunanaun (v, 1 hidlumasuus Mddueynsunalui (z)
A I o S Y [ & D DS A A o g}/
N uaatuuIT AeMInInan19geMa 49 Z, = V5 Y, = (1 — BPS)Y, iio D Aim $1u0uAs3

YOIMIMHAANOANA 1FU 1110 D=1 1Az S=1292 18 Z, = V1, Y, = (1 — B1A)Y, = Y, — Y_1,

I Y o Y v o A
Aluau Tagansoimuagiiuuy SARIMA a2831)u111 SARIMA(P, D, Q) Tugilvesdadutiums

(2

' Y
dgounay Tadaaun1an 2.38 491l (3973 uderulin, 2549, ni 286)

0p(B3)(1 =B®)Y, =0y + Oq(BD)ey, (2.38)
4 Sy — S 28 PS
1o ¢P(B )=1- ¢SB - ¢sz — = ¢PSB

©q(B%) =1 — OsB5 — ©,5B%5 — -+ — ©qsBY

8, = AR

@ ] 1 o I o I dy
A0y 3111 SARIMA(L,1,1),, enunsamviuailudduyy Taaatl

(1 - ¢12812)(1 - BlZ)Yt = 90 + (1 - ®12B12)St



39

(1-B*2—¢,,B2 +¢,,B*)Y, =0, + (1 — 0;,B)g,

[

o @ I 1w o A 9 @ 9y 2
sazmmuaduulugluouay Taelulidaduiumsdoundn lanail

Ye =00+ (1+ ¢12)Yt—12 — ¢, Y24 T & — O128-12

AT UeyNINNAMU YUY ARIMA(p, d, g) taz31uuy SARIMA(P, D, Q)

) gJ/ v 9 < =
annsnigduuuna 2 meanuiualegtuumsg e uguny ARIMAQ, d, 9x(P, D, Q) Tagl
& I @ o A o A [ { 3 ) {
suuumlinedlugluesdrdniiumsdoundu tazinumoenvesningh 8, iudsaunish

2.39 (Box, Jenkins and Reinsel, 2008, p.358) A1

B(B)p,(BS)VIVSY, = 6, + 8(B)O,(Be, (2.39)

B(B)dp(B¥)(1 — BY)(1 — BP)Y, = 8 + 8(B)O,(B®)e

o @(B) =1—@,B — @,B2— -«— @, BP
8(B) =1-6,B—0,B% — ... — 0,84
¢p(B%) =1 — B> — ¢, B> — - — ¢, BF®
@q(B%) = 1 — OsB® — ©,5B?5 — - — @psBY
8, = AAsii

[

9
#9819 311D ARIMA(0,1,1)x(0,1,1),, annsafvuadl gy dail

UV, Y = 6 + (1 — 6;B)(1 — ©;,B*)eg,
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(1-B)(A —B™)Y, =00 + (1 - 6,B)(1 — ©1,B)e,

[

o o <3 2w o A 9 @ dy
u,azmwuﬂmuuuclugmmumu Tﬂﬂ”luumm!,uumﬁﬂauﬂau JU

Yo — Yo = Yee12 + Vi3 = 0 + & — 0181 — O128 1
+019,,8-13
g’./ Aas 4 a J < o Aax 4
7. TUABUUDIITMTVDIUBNELAZIIUNUE (T UNI5HIITNITUBIUONTFLILAL
a J Y o @ J 9 = & 1 & = = v dﬂl
LUNUT ”lﬂhmmumawmmmmau"a Iﬂfm 4 UUNOU l,mazmumaumwazmmmm"lﬂu
(Tseng and Tzeng, 2002)
g‘./ ~ ) I gjl ~Aq Y
YUADUN 1 mimwmgﬂuuu ARIMA(p, d, @)x(P, D, Q) Wutuaoun 1%
A v U % % dd‘ = d’ d’
menauAl p,d, qlagdual P, D, Q (1uﬂ§m‘naigﬂiunammimaau"lmmmmﬂqg}ma)
o (R~ o 4 4 o v o
Tﬂﬂ%ﬁ’mmmimﬁ@ummhnJummuuﬁgﬁmmmmﬂﬁu Lﬁ@mwuﬂ@uﬂu duag
1 o a A A ) v o 1 ~ A v o Y
mm"lmﬂummumsmmmﬂqg}ma NONIHUADUALU D NOUNITIADNDUAD p, q LIaTDUAU
3’/ A v W Y 9 9 Y = @ .
P, Q 1NUU 1D9NDUAU p, q LLagdUAU P, Q ﬂaﬂmﬂ%ﬁﬂﬂwaaimmmw (Autocorrelation
. Jd v d o Y % . o
function: ACF) HasWaNFUNI5 18000 InnDT3 1A%t U (Partial autocorrelation function: PACF)
o 9 o o =) o= o 3’, a 1
TﬂfJ‘VI”IﬂTiﬁ’iNﬂiTW@@I@]ﬂ@iim%u LlﬁzﬂﬁWWW?L%&ﬁ@@I@ﬂﬂiimGlfu mﬂuuwmimwgﬂﬁm

Y9N3 1 1NOIAONOUAY p, q HAzOUAY P, Q 1S UM UAZ DY ARIMA F9HUIN1N3

@ONBUAL p, q Hazdudy P, Q aunsna;lld Asnsian 2.3
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M3°199 2.3 anyazgsaveans vl ACF tazns 1l PACF dmsumvuagluuy ARIMA

(WIFNN FITTFULIAY AT ANIY AR, 2550, U 18).

3191990390519 ACF uazn3 1w PACF

J11u1 ARIMA

ACF - 09 9 anadluy Exponential

PACF - #9@7 lag 1 tag Jinuanduwusi lag ou

OUA Autoregressive(p) = 1

ACF -%135151911UY Sine wave 3008 9 aAAIUU U

U

Exponential

PACF - 80a lag 1 uag 2 uag lunuanduiusn lag ou

dUAY Autoregressive(p) =2

ACF - g0af lag | uaz lnuanduwusi lag du

PACF - 98 ] aAadtlUl Exponential

9UAY Moving average(q) = 1

= 1 v o A A
ACF -#9aNnlagl uag 2 Lm%ulllW‘UﬁﬁﬁilWL!‘ﬁﬂ lag @Y
IS) ' . A 1
PACF -MgﬂSW\‘]LL‘U‘U Sine wave HIDAD Y AAQILUD U

Exponential

9UAL Moving average(q) = 2

ACF - 198 ] aAadUL Exponential Tagisud lag 1

PACF - 7198 ) anadUl Exponential 1agisua lag 1

9UAY Autoregressive(p) = 1

[

UAL Moving average(q) = 1

Y
U

I 4 J
navnailugudniornIndgud

I '
Poyarilutuugy (Random)

A Y- B
UATGINTNNAIN

9y %
An95 WA als

Seasonal autoregressive (P)

' @ ' I 4
UhJWTJﬁﬂHm%"U@Qﬂ'ﬁﬂﬂEJ 9 a@ammﬂuﬂua

9 o ] ~
gadoyads luaeh

U

v '
&/ =

1 a 4
Tuaaui 2 Jszuuninisiiwes lugiuuy ARIMA (p, d, @x(P, D, Q)

A g o ) o 1 d3 Y S 9 Y 33 @ =
ﬁ]”lﬂ@klﬂiﬂﬂﬁ”lﬂ!ﬂﬂﬁlﬁ%uu'ﬁ ﬂTﬂlélﬂiﬂJL?ﬁTﬂQlliJlﬂuﬁL@%uu1§ @@QLL‘]J@QI“L‘]JH@‘L@%HUT?

g‘/ =3 o 1 a J 9 as 1 1 A Aax
NUUIINYTLINUAINITITNDT A28TTMTUTZUIUA VUG NIVITNIANTDIUDING A

A

Aas ] <
Wi’f]')ﬁﬂ'nzu'lﬂzlﬂHQ\?q@

=

'
o w 9 =

9
Tuaoun 3 ATABVANMHINZANVBIFUUVY ARIMA (p, d, @x(P, D, Q)

A g @ a9 @ (] o s 9 DA o =
%1ﬂ®uﬂiﬂlﬁﬁ1ﬂlﬂuﬁlﬁ%uuﬁ mmgﬂimamm"lmﬂummmmﬁ ﬁmuﬂaﬂmﬂuﬁmwuﬁ
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A [ aa g S [ [ 4 o {
Tasfinsanannamadadlumnaet iy Arnnuulslsiuvesainainmasy (s2) Aaaumsn 2.40
(N3IA3 uAauiiA, 2549, U111 96) A AIC (Akaike Information Criterion) AIaNATN 2.41 130

BIC (Bayesian Information Criterion) AaauNIN 2.42 (Wei and Shou, 2010) & 33 Yuuunmunz ay

d‘ A d' Y Qadl 1 'o =
nga Ao gﬂlmﬂ‘ﬂi‘l’iﬂWﬁﬂﬂ‘ﬂﬂﬁTﬁﬂ fNGA

q

SSE

L= e (2.40)
n-2

1o SSE = A1 Sum squared error AUaNMSN 2.4

n = Suudoya
AlIC =2K—-2logllpoa) e (2.41)
BIC = Klog(N) —2log(Lppax) == (2.42)

4 ° a J
e K=31uauvedmsimes
o 9

N = anuiuvoya

g ' A J v I . . .
Lmax = ﬂmmmqmmﬂm%u‘laﬂagﬂ (Likelihood function)

9 H
c%

~ o A o g’; A
Fuaoui 4 aswauminensainngluuuniimualuduaoun 1 Tagld

4
] a o’d‘ Y g’/ td' Y
AT UIUUDINITILADIN 1AINVUABUN 2 uaz IarIUNITATIVToUANMHNIZ Ay T
A 3}; 9 4 d 1w U 9 [ 1 o
vuaoun 3 nmiuldaumsnensal ldwensaimdanaalraviin Tagauisoiannumiue
YOININYINITD AIUNITIAAIAAIAAAOU 1¥U A1 RMSE #30 A1 MAPE @daun13i 2.6 1a

2.8 MUAIA1

J % A 1 I
2.3 f'ni‘WEl”Iﬂ‘imﬂ‘lg!ﬂﬁ»l!’m”Iﬂ’JEI!ﬂ’i@”lﬂEl‘lJ‘i%ﬂWﬂ!ﬂﬂN
A I = . . I ax FY = ad a
n5018Us5s @ MNeY (Artificial neural networks: ANN) 111435 N1TAULNSFUAT U

4 a o 1 o
(Machine learning) ATLUIAAINADMITIIHIDUAT 085z A M Iuduesvesuybd tagld
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o A 1 o o o ..
asmsveunsevielszamiion liszgnaldnunisiunilosdoya (Data mining) Tudu
A19 9 15U N159A3131 1Y (Pattern recognition) N13 314U N (Classification) N133ANG N
. 1 Jd o . . . A t4 .
(Clustering) N9 Jszyraunilanyu (Function approximation) 139N13W81N 3 (Forecasting)
A o o’g A 1 =1 A 9 o a S Ao
Tagndngilseasnnugiuvesniovielszamien Ao MyaiAMVINNANAMTAS NT1009
o A [} 9 Y v A [ A Y A @ =
mamhauveunsevelszamnluayeay g 1nnun3ea9ns 1o 11HiATI9NIUANINA N0
TumsBeuimsvadiziuuy waznisanandiu v (Knowledge extraction) 1511H 8711
S 7R A ~ Y o ~ ¥ sy 9 Y
ANueso T luanewybd 3a3smsizou Wumsizouinndszaumsanlannanug

a = @ A @ 1 9 o 9 =) Y
19V L!ag3Jﬂ’|5ﬂ51|!1]aﬂu@3l93@9ﬂ15@@Uﬁu@Qﬂ|@Qﬂl@yjau']ml’] (Input) ATUNHVBINITLIYU

. & 2 ' = a @ o = =
(Learning rule) Tagiiorinluunil 92nande uuifaLazHanmMIuveunIolseaniney
(% a 1 J
AINUVUVUDIUITOU (Model ofneurons)ﬂﬁf%ﬂuiﬂlflﬂm%@ﬂﬂmwaiwﬂ@i@u (Perceptron

. U . . o 9
learning) miﬁﬂuquuummiﬂau (Back-propagation learning) HAagnNIInyINIUaYNITNI[INIY
A ] =
N30T AN
a Y o = | =
231 wnfauazranmsMaxveansenelsaninen
a A4 9 A = = =
HUIAAUANYOUAT V5T a1 NNeN 1IINMTANEISEUVYTEEINTFININ
4 = =\ 4 dy ) 4 A
Gluﬁmwmmgyﬂ T@ﬂizuuﬂizﬁmmm‘wumﬂﬂizﬂauwugmgﬂumaaﬂimm PR
A £ g s 3 A Yo 9 a 1 Y
“41959U” (Neurons) FuilutsaduuIa@an ma"lmumiﬂimu‘nmﬂﬂwﬂwwmmmﬂizs{]u
1 [ v Aa 4 oA
zaoUauInlgNsanseua i vazasaenszua Trlih lidaiiseudy nismadou o
1 a < S @ 9 9 X 4 A A =)
ae'll Tastirssuwiluwadnianusugou 1szneudle dusasg (Cell body) NUUILARE S
[ @ ~ 1 4 v I a
(Nucleus) agmﬂu nazilaresunszualszam Foni1eu'lasn (Dendrite) c?iuﬂumﬁauauwm
J o Y Ao ~ 1 A T =\ 1
VOIUBAR mwumiUﬂizu’dﬂizﬁmmgﬂmnwmﬂmfaaaumuma@@ﬂimmﬂizam 1390
a o 1 =] 1 P A 4
Fuuud (Synapses) Hazilareaanszumlszam Fond1 uvA¥eU (Axon) ¥Ii)UErioUDIANA

7 .0 {1 Y s A v 4 . .
vousaa mminnaenszuadszainllduyadouniunislareiyey (Terminal link) 4ag

Fuuuld Taenmasayaddszamuaaslanasin 2.7

G
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Dendrites

W}} : {ﬂ’. - Syﬂnlapse

Cell Sady Nucleus

511 2.7 wadiszam (Patterson, 1996, p.7).

%Tﬂﬂ']'ﬁﬁﬂ‘kl']3$‘U‘1J‘1J3$ﬁﬂfl%3ﬂ']w ﬁﬂﬁ’gﬁmzmﬁﬂ“lumm"mmmiﬁnmmm
A [l 4 J Y a 4 9 I A 1 = = [l
L‘ﬂi@sllTﬂlcﬁﬁﬁﬂigﬁTVlsluﬁiJ@\‘lilL‘lHfJﬂ’JfJﬂ’E)ilW’Jm@ﬁ as1unsevielssaninewy Iﬂfmﬁu')ﬂ

1 A I J y ]
Uszurawadoya on11 12501 (Neurons) 11 uosdlsznounugiuluasevislszamiion

Y
A o v

1 a a 4 o a [} @ .
UARSUHITOU ﬂigﬂﬂﬂﬁjﬂﬂGHWWllﬁ$LGTQWQ Tﬂﬂmaaﬂﬁ}auwﬁLmazmuumuﬂ (Weight)

a 1 1 1 A < ) 1 ¥ o a
nagtIseULAas T NMUAIS Y (Threshold) WuaImMuuaN umuﬂsammauwmﬁj@aﬁ

4 o A 1

1 [ L= 1 4 v A d' Y ] d‘ [ Y
A s Brzansoduedya lldiiaseudu ld iorhiiseunaaz vy uFouaonu
d' Y o 1 [ = o a 9 =< [ U U
W 1HMIIUTINAY 3LUMTNIIU IIFIATINY AA18ARINUNITTUAINTZUETEaINUDY

4 o T A 1 =1 a 4 [ 1T 9 ~ ]
waalszamluauesvesuyyd tnseviglszammmenluneunines azsudavoyanodlu
jUvesdnav

232 MWVVYDINITOU

AU VU250 (Model of neurons) #11150nanldaagiln 2.8 Taoll

[

s ,&’ ~ o W 1 1 1 a 9 dy
mﬂﬂizﬂauwugmmm 3 I !,mazmuaﬁma"lﬂ JU

A 1 1

1. nauueIFuuld (Set of synapses) Wioauaoilsz e uaazFunuild

] v
I3 ° @ o 1 v A

imstvuaimin Sedygrusune x veeFuuuild j iFeusenuiizou k wzgnguaie

%} v A 4 = %’ @ = B~ Y I a 4 9 . 1
WMHUAT UL T w,, Fa D w, Ta o azuanduuan outlusuunildnszau (Excitatory) ave

=S 1

& g a s .
Naviluay il uduuuldduda (nhibitory)
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14 v A o o o { [
2. ueAIADS (Adder) W3 OTUINIFU (Summing junction) Fimis a1l

Y v A a F))

a { ¥ J a L o
@uwﬂﬁgﬂ@mmﬂumuﬂclmuuﬂﬁﬂlmmﬁ@u %QLﬂﬂﬂWﬁﬁ?NLLUUL%’QLﬁu
a o Jd o . . . o Y Ao o J
3. UeARNTUNINTY (Activation function) MUUIMNIINAVUIAVDUD I WAUD
a < 4 A ° 9 @ a1 [l ] =
HIATDU IQEJ‘V]'J"IJJ ﬂluWﬂﬂlﬂﬂlfﬂﬂw%m@ﬂflﬁlﬂuﬂﬁﬁﬂﬂﬁWu IWNADYITHIN 0DV 1 (o, 1])

A A 1 1 =
NIDUABYIEHIN -1 DN 1 (-1, 1D

/
X10
Activation
X function
2
Input< Uk 0 . Output
signal Yk
Summing I
' ' junction
oeef) ;
Synaptic Threshold
weights

3109 2.8 AuVVYRITITOU (Haykin, 1994, p.8).

[

[ £
9110311 2.8 @30T IR IUVYBITITOU MeduMsATiamaas 18 Agil

(Haykin, 1994, p.8)
Uk = Z]P=1 ij X]' """" (243)
uag

yk=@@x—=69) (2.44)
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a

A & o & 2 o a s
1409 Xq, X7, ..., Xp WUTYRNUIUNA Wig, Wiy, .., Wi HUNITDFULUY T

a A a 9 ' ' A 1A A A
YBIHITOU Uy ADNATIMFUTUVDINARUTTHIN Wy UAE X; AU O AOAUAITY @(.) AP

@

a Y Jd o 4 a
HOAANFUWINTU 1Ay Yk ﬁ’t’] YYIUDIANAUVDIUITOU

o o J =2 d a 4 a °
qFIUITUAN Gk FUUUNIT NPT NMEUDNVDIUITOU k mmiﬂmmmulﬁﬂu

aumsi 243 18 Sremssmuaiiluduna x,=1 wazimiin wy = by Iagf by Gonin
[ Y
alunea (Bias) Wl aunsn 2.43 uaz 2.44 Fudail (Haykin, 1994, p.9)
_ P
Ok = XWX (2.45)
ag

yve=¢My) (2.46)

dionlaoum 6, flus by slidwmuuvesiiseuasu luiludsgi 2.9

Wko = Dk (bias)

Fixed input Xo = 10

(o) "
Activation

function

X @ Output
Input< . . &, o) — utpu

signal Yk

Synaptic
weights
(including bias)

dl v a 4 3O’ v a
g1 2.9 dwvvvesinsewiiosw luned 13 lurhminguuuld (Haykin, 1994, p.10).
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o Y a o J o A Jo . o vy
NS VLOAANTUNINTU Wﬁﬂﬁ\iﬂ%’l&ﬂ?ﬂiﬂu (Transfer function) NHUAAIY

42‘ o

(%% @ o I @ o J a 4
wanval () wwiludmruaoidyavesiinson Tasgiluuuveueiana Iuivlszinnues

Y
v A 1 (2

a o Jd o X a o 4 < f
uoAAnFUeRTY Faweadntulendunugiu wuelailu 3 dszan il
4 d . A d aa d v ..
1. 3y gaaWanyu (Threshold function) ¥30815AANAWINYU (Hard limit
. I a o J v 1 13 o 1 o 1 a
function) HuneaanFulendu fldanlluassszaurioasn udasldnagili 2.10a waziiom

Wanau 1ddaerunsn 2.47 (Haykin, 1994, p.10)

ifo>=0

- ifozo0
40 —{0 o < 0 (2.47)

A s A Yo {
IMNTUNITIN 2.47 L@Wﬁm@ﬂl@ﬁu?i@u k(yk)l,l,ﬁﬂ{lvlﬂﬂ\‘iﬁllﬂ'li‘ﬁ 2.48

(Haykin, 1994, p.10)

Yk =10 ifu, <0

A I o aas .. a
1D vk WuseauuenalInnielu (Internal activity level) UDAUITOU LA

waad lAaaerunIN 2.49 (Haykin, 1994, p.10)

= DA

~ d v : K A . I a @ Ju  Ax
2. ch"bﬁamasﬁmw (Piecewise-linear function) Lﬂuuaﬂmwuﬂmw ny

o = Y o A a J o Y o A .
ANHUSATABD YN Llﬁﬂﬂllﬂ \TE‘IJ‘VI 2.10b ua:umuﬂﬂﬂ%u%mﬁumim 2.50 (Haykin, 1994, p.12)

\
l—\
C
\Y;
TN

—
S
C
N A
I
N | =



48

a I o . . . & a o do A =
3. FNUOIANINTU (Sigmoid function) 1Y ULOARNTUWNINTU NTIUAIADEI
Whudu IRy uaaalddagii 2.10c vaziomilendulddsannsi 2.51 (Haykin, 1994, p.12)

1

(V) =—— e 2.51)

1+exp(—av)

A A o A P S o A Y]
o d ADAINUYU (Slope parameter) ﬂl@ﬁ“ﬁﬂu@ﬂﬂﬂ\iﬂﬂfu mﬂg‘ﬂ‘ﬂ 2.10c91 a

a0 o Y = o a 4 d o Y 3 T A A ] 1 =
uann i linsmiianusuann meﬂm&ﬂﬁm%mﬂwﬂuﬂummamamagszmn 0031

¢(v) @(v)

-—h
-

0.5 0.5

0 0
2 - 0 1 2 Y 5 1 5

(b) Piecewise-linear function
(a) Threshold fiinction

a=2
d @(v)
a=0.5
0.5
0
-10 -5 0 5 10

(c) Sigmoid function

H a o d v
519 2.10 UsznnvoonfnFulanay

G

= v A \l d
233 AsBauiveunsevianesirnseu
o < A1 A A a Aq ¥
wosilason (Perceptron) 1 uguuundengaveunsovwszamiey nly
o o o 9 3 ° A 9y = A P A A
dmsudwunnaavestoya Taslumssmunsudy Funsoramesiyilasou Av 13018

v Y Y
uu T dramain (Feed forward network)ﬁﬁﬁiuﬁuﬂfu‘llﬂﬂu’li@u (Layer of neuron) 1 ¥4 Q101
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A g

a = a % AR 4 o 4 A v A ] =
Hasou Nuoadnsulansuiluuuumsa Teaalanyu (e1dwalaulu 0 wse 1) uaTovIwl
[ o a [ a [ o g v A
TIuiTowAY N tazlisiuiudunaveudasinseumiiny P agsuaimindunuld
a 4 % v A 4 [ e a J F)
Tugtlveswas ndimmingunuld 1aasi (eiad fiu, 2552, vivh 222)

(W11 W12 see WlP\

W21 W22 eee W2pP
W= . .

WN1 WN2 eee WNP)

9
v A

A a o o [ v v A 4 a
1HoInj Glﬂ 9 VYDIUNATAFUIMU DU ﬁamumuﬂmuuuﬂﬁmmuaiau

o A . Y AA A 1 4 = a = a s 3 v a 4
AIN i]ﬂuﬂimﬂLﬂi@ﬂﬂﬂlWﬂiL“ﬁﬂﬁ‘iﬂum I HITOU ﬁmn‘mmﬂummﬂ%umuﬂmmmﬂﬁ

1 4 § a 3| @ : o
T8N w=[w, w, ... w,] Teomedmlaseund 1 tasou itluasgii 2.11 Fald5wunaara’ld

U

v Y
2 Aa1d HI1A9INMITIUNAAITNINNIT 2 Aaa a1u13ai Iddrem sy iuIuisoulusy

J @ a A @ a o 4
IDIANA LAZIINAWUVVUDIUITOU ﬂﬂigﬂﬂﬂﬁﬂﬂﬁlﬁﬂhl%ﬂl%u (Linear combiner) (LAZANIFITA

=

aa o o [ 4 o {
alames (Hard limiter) M1 nansduanams lnaveuneswilasen laaasaln 2.12

g g QU

[ X1
X2
Output
Inputs < : Y
\ Xp Thr%shold

v
s 2.11 s laseunuuTIREY (Haykin, 1994, p.107).
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( xl
X2
{ ) Output
Inputs Hard Y
limiter
Threshold
\ Xp 0

510 2.12 nsldaanaums Ivavesmesiwlasou (Haykin, 1994, p.107).

0 g

=

) [ J @ a o Jd o a
fmumesiydasouasgdin 2.12 veaanFuilandu (@(v))) vesisou

QU

I J Jd v a J I @ J aa s '
Wumsaleaailsndu vaziiasous Iednailu +1 hdaeriaatamesiiluaiuan uagln
¢ & Y o s aa = T = d a 3 o

L'f)"l@W!ﬂHJ‘L! -1 omgsaalamesiduniay Iﬂﬂll [w, w, ... Wp] WA nEsvdn
a 4 4 =l T < a 4 4
%uuuﬂﬁmauwmmﬂmau nasy [X1 Xy oen Xp] Lﬂuﬂuwmmﬂmaimmmaiwﬂm’au
[ 1 4 A o I ¥ o o a 9 A A o J aa 4
mummiﬂaaﬂmﬂuaﬂﬂa 0 1/1']11’7ulﬂ!@Tﬁ‘V!WU@Q@’JTnJLG]NLﬁH HIDDUNAVIIAIFTIAANARADT

I @ ~
wuaaaunisn 2.52
v=WX+6 e (2.52)

A A a <3 v a s I
o W= [W1 W, ... Wp] 1) LllGIiﬂ“h'uTﬁuﬂGﬁulluﬂﬁﬂl@ﬁlW@ilcﬁﬂ@iﬂu ey X
T A a A o s a <
= [xl Xy oo xp] o auwm’mmai‘wmwu&flugﬂuuummmmaiwmmm% (Transpose
. [ g}/ ~ = a d o Yy A a
matrix) ANUU (NOU WX Gl,uf’f?Jﬂ"IiTI 2.52 719 NIIYUUBDAUNATNY VIﬂWLEUle!fTﬂJﬂ"IiVI 2.52 iugﬂ
a 9 Yo < .
VDINATIWBUTU Ilﬂﬂ\iﬁllﬂﬁ'ﬂ 2.53 (Haykln, 1994, p.107)
v = lewi xx+06 e (2.53)

A A o ¢ s < s S o A
e nueAANFUNInTFUYBUNo T aTe T umsa laaaWansy 1o

J aa Jd @ o ¥ J A 1 4 a Y v
grsaaNaanyy aeu L’é]1@]1/\!ﬁ"lJ@\?Lﬂi’f]"lﬂEJLWf]iLG]ﬁJﬁiﬂu 1UIT0U ’L‘T'liJ']iﬂLLﬁﬂ\iul@@\‘]
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~ a Jd A 9 9 = < o . ~ =\ a
FUNIIN 2.54 (DINNY ATLNT, 2552, Y11 223) FININTU hardlim() Tuaumsh 2.54 Imsiern

FuReRUaNMIR 2.47
y = @(v) = hardlim(WX + 0) = hardlim(X}_, w;x; + 8) - (2.54)

o 4 o A o a o v A
madwwesislasouliswunaard 2 ama Taelidualsdunasiuau p aa fe
3 9 Y i v Aa I = 9y 1 v Aa
X,y Xy, - X (JUMTATIRFULLBVAM AR T VR0 2 e waziTonduiavamsaaauly
J 4 . J o [ { .
1 lalesimau (Hyperplane) Faidu latdosimau frviualaneaunis 2.55 (Haykin, 1994,

p.107)

yPowix;+6=0 e (2.55)

a v A

A AA ~ Y v A Jd
NIANVIUNA 262 AD x, 1ag x, lasiiminsuuulailu w, uaz w, 9g

a

v A 4 L] 1A o
aunsoairaamsdaaule (Decision boundary) tieutiaily 2 aana areduuyaFadu Tads
31U 2.13 F999 (x,, x,) Noguilowduia azgniwunlneglunaid ¢, auya (x,,x,) Nogld

Y ' ° Y ~ 9 1 v A 9 A
L ULUN %gi‘]ﬂ%']!,!uﬂiﬁﬂggluﬂﬁ”lﬁ G, Iﬂﬂﬂﬁﬂﬂ?iﬂl@dlﬁﬂllﬂﬁﬁlﬂﬂWﬁ@ﬂﬁu% hlﬂfmﬂﬁufﬂi‘ﬂ

A
2.53 W p=2

X2
region of C1

WiXq +WoXo + 8> 0

decision/_': e
boundary , « *: .w;-,'.. C,

region of C; .
WX+ WX, + <=0

=) 9 ] v A a 9 an
gﬂ‘ﬂ 2.13 iyt aamsaadu loyadu 2 4a
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A [l 4 A Ay ° A 1 Aa 4
ﬂ'lﬁf)ﬂﬂllﬂﬂlﬂﬁ@ﬂnﬂlWﬂﬁl%ﬂﬁﬁ@u TINADIATUIUT AD ANVDILUATDY

v A 1 o %

3 P D] ~ ¥ s aa < a
HUIN ﬂﬁﬁulluﬂﬁ Iﬂﬂslfb'ﬂid]ﬂﬁ!ﬁﬂugLLUULW@ﬁWﬂﬁi@u Tﬂﬂu’auwmﬂuﬂ UAVUDIDUNA

)Y

I'4 % IS 3 Aa Y] o
INADS X, X, ..., X 1AZAMUTMTNA (Targen) t,, t, ..., {; HIODUNAVDIATOVIY AO HOUAL
X o P o
X ) %0 ), oo (X, ) 390 5IMSINANDI 1A WAYDIYAY 0YAHNTOU (Training set) 16T
< J Ay v A ] ES o = @ = A 1 o 1 v ¥ 9
y, Hluednai lannas otne 1iniu iy, S eufeuny « FansetieazsiimsdSuaninmin
A ¢ A v s o Y 9 Yy I ~ 9 a 9 P
Funuld o ldioanagnisulddrlndminaunniiga arengmsis sudunumesislason

[

a J A Y 9 dy
(@MMaY AILNY, 2552, Y1 225) ANl

fMt=1uazy=0 1182 Whew = Wold 4 X

fMt=ouazy=1 HaaWnew = Wold X > (2.56)
Y Y

Nt=y a7 Wnew = \/old

9 [

o [ a 1 4 9 [ 4
DINHUAAIANNUNANAA (Error) ﬂl@ﬂlﬂ%@ﬂﬂﬂlW@ﬁL%ﬂ@iﬂuﬂ’)ﬂ YYanyl e

a Y ~ ] s P A '
ATUHYTIN ¢ ulﬂ’ﬂ e=t-yLm$LL‘].]?Nﬂid]ﬂ”li!ifJ‘l!gLL‘]J“]JLWE’JSLCB‘]_IG]i@u mmau“lwmmmm

[

a 4 dy
Aanaale aail

fe=1 1182 Wrnew = Wold 4 X

fe=-1 @2 Wnew = Wold — X > . (2.57)
Y v

De=0 118 Wnew = \/old

nnaumsh 2.57 eunsagusmdluaumafed1d deaumsi 2.58
Wnew = Wold yex (2.58)

o w1 P a s = vy 3 o
ﬁ'W‘ViiUﬂHﬂiﬁIﬁﬁ@ cmaﬂuwwmmmmaum ﬁ1miau,ﬂaﬂu1mﬂuumuﬂ

y 9 o a =3 1 1 o d‘ a d' ]
18 Semsmmuadumna x,= 1 uazizonan a1 luued (b) Asiesuie 13 luaunsi 2.45 a1 luvea

v Y =) 9

= = [ FA
vgnilSudrengmaiseuiifeany lan



prew=pold e (2.59)
A [ = 9 A 1 4
onaaansiaulunszuiu fnﬁLﬁﬂugﬂl@ﬁlﬂﬁ@ﬂl’]ﬂLW@ﬁlcﬁﬂﬂﬁﬂu I

@ ' a 9 s A J o v (A ua s a
‘t’Jﬂﬁ’Jth’JNfﬂiL‘iﬂugﬂl@ﬂ!W@iL‘ﬂfﬂﬂﬁ@u LW@‘H"I“N\TﬂG]fULLVIu@]”J‘IJ;]‘]Jﬁfnﬁﬂiﬁﬂ?ﬂﬁﬂi OR IﬂfJiJ

] I (% {
Tassadraveuniodailuasgili 2.14

Wo = b=1 ..
Fixed input Xo = 10— Hard limit
function

X1 v j Output
Input
signal

X2 H@

~ 9 A [} 4 A Jd o o Aa oA
5UN 2.14 Iﬂi\‘]ﬁiﬁﬁll'ﬂ\‘]m3@EUTEJLW’E)5L°15‘]JGI§@HLW?JWTﬁQﬂ%ul!ﬁﬂu@ﬂﬂaﬂ@ﬂii OR

QU

{ o a ]
MNFUN 2.14 MUEUADUNANMADTIT U X=<X,, X, , X, , X, > 10Z t=<t,, 1, ,t;, >

e

& s T a 7 T A = 3 o A
L’]J‘L!‘I/nil,ﬂﬁ mazauwmnﬂmai = [Xl, XZ] 9 x,, X, S {0,1} B3 X L t Lﬂumu

(% = [g] .t = 101} (= [{] . =113
(X =[g).t: =111} (X =[;].ta =111}

A o v Ay ¥ v a 7 d v Ay
memwu@ﬂmmummmwuﬂclmuuﬂmﬂu [-1.2 -0.5]uasnIuAUYDY
g’/ o 1 4 { {
Vl‘ULL’E]ﬁ b=1931"UU ATUIUAUDIANA y@ﬂllﬁllﬂ1§"ﬁ 2.54 !lﬁ$%1ﬂﬁ3\lﬂ15ﬁ 2.58 18y 2.59
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Backpropagated Errors

Hidden Outputs  Target Values

v ] Y
517 2.16 1305z amimeun Iassa e laniuuuvatssutazuns nay

U

(Patterson, 1996, p.145).
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“'h z 2 S() ( 2) 3 z 2 S() (y,) (12
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X3 W2 1 1
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Whl
z ) ¥y, o)
Wil z B ‘S( ) X Whj z - ‘S( ) : ‘i’l
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317 2.18 daneI NUUUVUWINAY (Kumar, 2004).
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= 0.0373

5j3 = e3(S(y2)(1 - S(y3)) = —0.4238 * 0.5238 = (1 — 0.5238)
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= 0.0115



61
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Whj2, = —0.12 — 0.0588 + 0 = —0.1788

o 1 %,‘ v Aa 4 U g}/ a g}/ 1 ) o v
mmmmumuﬂ%mmﬂﬁs:mwwuauwmmwu%m%’u E‘T"Iﬁi‘]Jﬁf’]‘]Jﬂﬂul‘]J

(k=2) mueums  wktt = wk + Awk + adwlTt (vinomig Awd, = 0)

Wih3; = 0.01 +0.0110 + 0 = 0.021
WihZ, = 0.10 + 0.0055 + 0 = 0.1055
Wih3, = —0.20 — 0.0055 + 0 = —0.2055



62

Wih2, = —0.02 + 0.0138 + 0 = —0.0062
WihZ, = 0.30 + 0.0069 + 0 = 0.3069
WihZ, = 0.55 — 0.0069 + 0 = 0.5431
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mangaw luwnusedeenuly duiu Wenduiaglsyaca delidusauan Jaldeuln

I [ ~
Wuaaaunsn 2.81

lwl|?

FOILEY) @81)

Objective Function: min { Wil
w,bg;

Linear Constraints: y;(w'x; +b) > 1 — &, Vx;€D
E-’i = 0, VXi eD

A I 1 AR I (N =2 PR °
o C uag k11 ua1nen #9a1 C Lﬂuﬁ’)ﬂﬂﬂ@ﬂﬂﬂﬂﬂ%"ﬂWﬂ (Cost) YDINTVIULUN

a 1 1 13 4 4 1 {
NAANaA (Misclassification) 151 8171 C Iaudlugud visor Indgud vunens lueygnaliyan

q

I 1Y) 4 4 o a 19y a dy ] 9 Y o J . <
Wugnnesanaes ANVULUNNAAATE LADT C UANINUU 1FU C LﬂlﬂﬂﬂﬂTﬂuu% (Infinity) NV
=1 % 1 sa A (] T 1 =\ Z’, 13 "9 % A
UHANTZNUAUMTHIAINIT IUNIMINZANDE NN FIUAT K 3UNITAIANYU 2 A8 Ae 1

9 = T Aa 4 o . = 9 o 1w
1Hag 2 01 k=1 3213931 JUIADA S (Hinge loss) i]ﬂ‘ﬂixﬁﬂﬂﬂﬂ ABDINTTHIVTUIUFNATINUDIATNT

d’ 9 = 1 a o . SN 9
Llﬂiﬁlmﬂ‘ﬂ HagN ﬁﬂ HED1 k=2 158031 AIBANAADH S (Quadratic loss) ﬁ]‘ﬂﬂﬁgﬁ\‘]ﬂﬂ@ ABDINIT

a

wiAmNasImenmasaesunImf il sauaniooiga
¢ Jdov v o q d =
244 wesnalanunudnwesanmnasumiu
1 1 o o J 4 a
Tunsain luansaswundoyalaslddwnesanmmesunsdunumdadu
[ Y
wasuihimsulasdoyaliegluiiddeyaiigeiu (High-dimensional feature space) A18n15 149
4 Jd o o 14 Jd o o

1AD5UaWandu (Kernel function) vannisne Idnesiuaiendu vinisulas (Map) 9adoya

v Y
x, Tudunaasy11a D T (D-dimensional input space) Tihiilu 90 @(x;) luiiadoyaigaiu

193107 2.25
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y
linearly 'Y
Ay function ~ separable ® ®
et e o
e °
/ \.\ nonlinearly
‘\\./"/ o \ separable
© [ J \ ) = >
o \ p— ©
s - © o X
| ot
X &
%
(a)]nput SPACE  eeeeseeseseee Map -eeeeeeeeeees . (b)Fcaturc space

517 225 mawlasyatoyanindunaan)y ldulnesmiles (Cheng et. al., 2015, p. 4483).

A g ya ) o w o ) A 1@ a9 9 ) s
LW@iﬁLﬂﬂﬂﬂmﬂlﬂﬁ] mmummnmwayaﬂuLﬂummu ﬂ’JEJﬂ”IiGLGIﬂﬂ’E)iLHﬁ

'z o ' o 19 { IS ° IS
ﬁﬁﬂ“b'u ‘l]$ﬂﬂ@]’mElNﬂﬁﬁanﬂslIy@NﬁﬂQiﬂﬁ 2.26 G‘fiuﬂumsmuuﬂ%ga@amﬂu 2 Aae

U U

Ay v o F) a g Yy ) I 7w 9
I@ﬂﬂuli\lﬁﬁiﬂ‘ii‘lﬂ?L!UﬂﬂlﬂiJ“ﬁLLUUL‘]f\‘llﬁuhlﬂ mmaﬂﬁmﬂmguaﬁm%u“lummﬂawmgamﬂ

a

dunaalylidsilnesanls Tassmualidunaanlsuuin 2 98 X = (x4, x,)T utlas’yl

I Aaaa

Wuilwesale (Feature space) NUTA (xq, X, X2X3,%4,%,) 1aoldgasmiauas @(X) =

3 <3 U { A o
(V2x1,V2%p, x2,%2,V2x1%,) Taza1n 3U# 2.26 vz ud guaesiduiduiuddn

° 3 Y Y = ' A
aunsaswunaataeendu 2 aad 1@ (waasdreglamasuuazaanan) aaugaiiu
o 2 s = A & ' v 2o v ¥ o & ]
FNnosANAe5 1uaNszuIeaNY Feoguidumnisu (raasaadullsy) asiu nsld
wofuaendu Tumsswundoyan ludududu wzdeddinedmalandu K(x;, x) =
P(x)TB(x;) eudasyateyaieglugduun D = {x;, v}k, Thiluyadeyalnily

{ 1 o o {

Wiaesanls Negluziuun Dy = {B(x), yi I, uazlanFuiagilszasd emaumsi 2.73 3zgn

L1} bl (0] 1 YI 1=1 a EH

wasulUduaumsn 2.82

1
Objective Function: max Lgual = 2je1 & — EZ?=1 D=1 9% o5y K(x3, ;)

Linear Constraints: 0 < o; < C, Vi € D,and ), y,=0 - (2.82)
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=
[
[
[~
(=]
=1

A o 9 1 a3 a Y . .
31U 2.26 My wundoya luidluFuduyes SVM (Zaki and Meira, 2014, p. 584).

o [ 4 Jdao A Y A Y A A v o
ﬁWﬂiULﬂﬂiLuﬁﬁﬁﬂ%uhﬂﬁWﬂLLUUiﬂlaﬂﬂiﬂfﬂu Gluﬂimw"lummmmuuﬂ

9 a 9 A 9 4 J v A o 9 FY 1 9 1
VDY AUV VIBILAY ﬁ]gﬁ]uTﬁﬂLﬁ@ﬂi%Lﬂ@ﬁluaﬁQﬂ%u LW@%T!EUﬂﬂJ@Hﬁ]lﬂ UAgAUDY LA YA

a @

=\ a gy A 1 o 1 [ Ao A 9 14 J v
HUNITNITZYUASTUAVDYANUANANNU Iﬂﬂﬁ’)lﬂﬁfgllﬁ’) WnJvevziaenlinesiualenyu

gJ/ o 1 o =\ @ = m Y 4 d o
n“aley 9 LUY NNUY wannuududvnlseueuny %Q@T%U’t’)ﬂllﬂllﬂ’ﬂ noFIUaNINTU

Y = 9

@ v 9 o = o 4 I v J &
@]'Jﬂlﬂlﬁil'lgﬂﬂsllﬂgﬁﬂﬁglﬂcﬂﬂlﬂ AU 9A0INNITNAABIN VAT ILANINFUNINANH UL

]
%

uazimesiualsnduntionlyluiigiiu awnsoagl1ddannaei 2.6
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Aa o 14

~ s ) PR o s ~ a ¢ a9
AT NN 2.6 Lﬂ@ﬁluaﬁﬂﬂ‘b’uﬂ fJﬂJGlGIﬁ'JiJ VFNNDIALINIADIUUFTU (91NN Y AN, 2552.

¥ 386).
Kernel Function K(x;, Xj)

Radial Basis Function (RBF) _ ”Xi — X ” 2

R
Polynomial Function (1 + XiT- X]_)d
Sigmoidal Function tanh(p(XiT. Xj) + 9)
Linear Function XiT. X;

Fourier Series Function sin(N + %) (x; — Xj)

sin(% (x; — Xj))

245 Medansuundeyanednne sannmesuar Ty
o liinaanwdr lalumsdunaia svmuldlunissuundoya vy
o ] o 9y A L 3 = J . =2 g
onA9819M IS UnYoya luuTs (Binary) muuiondngdoos (Exclusive OR: XOR) Huiluga

9 o o < A 1% ~
ToyaduIU 4 90 Tagdwunilu 2 aad Av +1 taz -1 A9g1ln 2.27

an (-1, 1) an (1, 1)
pana +1 An1E -1
S UinAgticas X
S M — ®
an (-1, -1) an (1, -1)
AR -1 Aand +1

517 227 Jyymimsswundoya XOR
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1ngUd 227 sildnswn luawnsaswungadoya 4 9a ladienissuun

Y = 9

a @ J Jd o 4 o v aaa 1
Faudu asiudsaodldaesiualeandu meviimsudasyadoya ludiiangiu Tasaonld
a 7o { J P s o ¥
Twa luioaWensu (Polynomial function) NUANS (Degree) d =2 1Y UiADTIHANINTY A1 U
2 a 4 J <3 J ) @
K(xi %) = (1 +xT.%) vazyadeyalugilvesdunannmeiiazmsng (ewne) dmsy

9 s A A . 3 o A
adnaums lawlosmaufiiunzauiga (Optimal hyperplane) 1 uasn1319h 2.7

A N o s o
AT NN 2.7 'E)1!1/!95]lﬁﬂlﬁﬂﬁl!ﬁ%ﬂ?ilﬂﬂﬂlﬂﬁﬂiyﬁ’l XOR

Input Vector Target
(1, 1) -1
(1,-1) +1
-1, 1) +1
(-1,-1) -1

4 A 4 = = o
Fandvamsdum Ao aums lanloSmaviimanzauigalumssuundoyavos

4 2
Toyn1 xoR Taoldinediualendn Kx,x) = (1+x7.%)" = (1 +x,2x;,% +

v
vy

2 o = a2 4 v A
2Xi1 Xi2Xj1Xj2 + Xiz2Xj22 + 2Xi1Xj1 + 2XizXjz) Fahwndenluzeing K 1dasi

XXy XiXp XXz XiX,
XX, XX, X,X3 X,X,
K9 XX, XsX; XaXs XaXg
Xo X, XuX, XuX3 XuX,

= RO
S VoI =
= O
O R =

do o o A
taznAlanFUIngssasn muaunsi 2.79
— \vn 1 on n
max Laual = Xizq 0 — 7 Li=1 Zj:l o; 05y;y; K(xj, X;)

22 18
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Y1¥19 y1y21l yiysl yiyal

VK = V2¥1l ¥2Y29 y2ysl yayal
yiyi y3¥1l y3y21 y3y39 ysya.l
Va¥1l Vay21l yays1l yaya9

+9 -1 -1 +1

-1 +1 +9 -1
+1 -1 -1 +9

[

v o ¢ 2
wag ldaumsves Lgual Glumammmﬂmmmmﬂ (a) AU

Ldual(a) = 4 + (08) + 3 + 0y —%(90(% - 2(11(12 - 20(10(3 + 2(11(14, +

902 + 20,03 — 20,014 + 90% — 20304 + 905

4

F
Y [ v b . @ ° 1 o
VU NMINTHIDYNUT (Derivative) MU O(lﬁﬂ Oy LLZ%I’JUTNTL‘VHﬂTJﬁUEJ

U

1 % 1 o 1w J o 4 .
(FoIMsmaIgaga Fagegavziianusuminugud) i ld laaunis lumenes o; e i= 1

[

=®
34 a3

=le

9o — 0, —az + oy =1
-y + 90, +oz —oy =1
-0y 0y +90;3 —0y =1
o —a, —az; +9x, =1

Y A ' = Y Y o
UNTUNT INDYIA 0o D9 0y 187 0 =0y = oz = oy = 0.125 uadanuim

4 v v
nmesiminw = YL, ay; d(xp) 1 d(x;) = (1, %% V2x,Xy, x2,V2x4, V2x,) T fariu

w=-0.125%(1, 1, 1.414, 1, -1.414, -1.414)"
+0.125%(1, 1,-1.414, 1, -1.414, 1.414)"
+0.125%(1, 1,-1.414, 1, 1.414, -1.414)"

~0.125%(1, 1, 1.414, 1, 1.414, 1.414)"
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w = (0, 0,-0.707, 0, 0, 0)"

fudaa luueannaums b = ni (a0 ¥i = Lo W (%)) =0
sv

Y
v

dadu aums lenjesimauninnnzauiiga (Optimal hyperplane) Ao

h(X) =wTdpX) +b
h(X) = (0,0,—0.707,0,0,0)$(X)

1 d d YY) d
2.4.6 “lf‘INWf’J5ﬂ!'Jﬂ!ﬂ@]ﬁglﬂﬁﬁ"liuﬂ‘l.lﬂ1§1/‘lﬂ1ﬂimﬂ‘1&!ﬂi3»lnﬁ1

% J [ @ I o _Aad o 4 4 ~
FNNDTANINNDIILNTAFU (SVR) A UN5HITMTVOIT NN AN T LUTFU

=< o

a 4 ' a 4 (% 4 [
(SVM) MTi%’JLﬂiTﬁ’iﬂTﬂJﬂﬂﬂ@83814’31\‘1’01!1/!?]L?ﬂl@]@ﬁllﬁzﬁ?!tﬂil’ﬂ?@]‘l@ﬁ o L!"I‘JJﬂ%h‘UﬂWi

aA

7 v A ° Y < ° vy
Wﬂ1ﬂ§mm§ﬂ‘im3m”lﬂ Iﬂﬂlﬂﬁﬂuﬂ’]iﬂ’luuﬂﬂﬁ’lﬁﬂﬂﬂ SVM L‘]J‘L!ﬂ’]ﬁ‘ﬂ’]u']ﬂﬂ'lﬂflﬂ SVR Ny
= Y Y v v Jda 9 ' a o aa n

Lﬂ’lﬁll’]ﬂ iR G]’E]Qﬂ’]iﬂuﬁ']?13'13Jf,‘TlIWu‘ﬁl"]ﬁlﬁu531’?'ﬂﬂﬂuw{mﬂﬂlﬁE]ﬁsl,u nif (X € R) Uy
@ o 4 [ o ¥
Gl')!ﬂJiL@’l@V‘!ﬁ (y ER) LL'ﬁ$Lﬁ’ﬂ\3ﬂ’lﬂ SVR ﬂﬂuﬂmmmﬂ SVM ANUU dUNITANNDADDYIUDI

= FY =K o 4 Y o
SVR mﬂmﬂﬂaQﬂﬂﬁumﬂazﬂasmau VD3I SVM Tﬂﬂﬁﬂﬂ?iﬂ??uﬂﬂﬂ'ﬂfﬂ]@ﬁ SVRLLﬁﬂQllﬂﬂQ

quN5N 2.83 (Bagheripour et al., 2015)
fx)=wix+b e (2.83)

A < < o < Y
LU® wilae bL‘]J‘L!L‘]Juﬂ’ﬂllGH‘L!LLEWE]E]‘V\Ilclfﬁsllf)\‘ilﬁuﬂ’ﬂﬂﬂ@]ﬂ@‘(’J LagnN13

MUUAATUY w LAz b 111 1aA0MIMAIZATDIaUNITN 2.84 (Bagheripour et al., 2015)

1 C
R=ZIwWl? + 2y —fedle s (2.84)

a o 1 o a 14 1 a
ﬂ'liclff)'lﬁ/]ﬂuﬂ SVR MUgAUDIIWANBUNALINIAD T %zﬁmm%ﬁwamﬂmaau

= o

v 1 % s 1
(Epsilon tube) Tl Wandugaude (Loss function) NTivanvategluuy Felandugayden

Y v

Heuld A E-insensitive loss function N aue Iag Vapnik (1995) A9AUNITN 2.85
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0 if ly; —f(xp)le <€

yi = fC)le = {Iyi — f(x;)|. —¢ Otherwise (2.85)

I a 4 a ] 1 a X d 1 {
Tuanuiluase meldinannudangulumsadrnewlsaou Fuilunend
v A 1w 9 o ax s Ja 9 A o
SANMIND € 5oUIdUAUIANB8YBY SVR 921135 Msuuusodusau aremsimudinls
auan &) hlimsmavigavesaunsi 2.84 Hieuluvdeull TasegnieldGenluaw

aun157 2.86 (Ustun et al., 2005)

yi — f(x) S e+ &
Subject to{ f(x)) —y; <e+& e (2.86)
g, &i,if >0

A 9 ' a A o
qij“lJ‘Vl 2.28 HEaIMsas NnalFasuuuuNA s duan SoUaNMIANNDADDY

=

a 9 < A 1 1 a a o T W I
UUUBITUUDI SVR Gﬁﬂﬂﬂwaguaﬂﬂ@mﬂcﬁaau ﬁ]%iJﬂ’lﬂl@\W]'JLl‘]JﬁﬁlLaﬂl‘ﬂ'lﬂﬂ OLLazgﬂufgﬂ

a v w s s A o s s 3 o
L13YNIT FNNDIANINIADT (Support Vector: SV) Tﬂﬂﬂqﬂﬂlﬂu“ﬁWWﬂim’Jﬂm@ﬁ’ﬂZlﬂu@]'JLL'VIUSU?NGM

) Z

VIYaNINUA FMIUMINUUATUMIANNOADDBVDI SVR

N

517 2.28 MadunowlFaounuuiaualsauan SoUTUMIANUDADDUTIUTUVDI SVR

U

(Ustun et al., 2005, p. 293).
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Y A A A A o Y
ﬂTﬁLLﬂﬂmyW’lﬂlﬂﬂﬁNﬂWﬁﬂ 2.84 VliJNfJuul"’U@'liJﬁllﬂ15°Vl 2.85 ﬁ']ﬂJ']ﬁﬂ‘]Jﬁ‘Utlﬁﬂg

9 [ v J . .
Glugﬂgm‘ummﬂﬂﬂumumugea (Dual problem) ﬁ?ﬂﬂﬁi%ﬁ’)ﬂﬂlﬁiﬂi@dﬂ (Lagrange multipliers)

AIENNITN 2.87-2.88 (Bagheripour et al., 2015)

. 1
Maximize Ly(o, o) = — EZLI Yia(a — o) (o5 — o)X

—eYl (g +a) + Y (g — o))y, (2.87)

}=1(0‘i —o)=0
Subjectto{0<o;<¢C, i=1,..,1 - (2.88)
0<ao;<C i=1,..,1

A % S o I I 1 AR J 1 Y1 A o
o oy, of 1HuaIguaINIeed a1 C1umnan Fuilua e (Cost) 1ol

A a 49! a I 9 a A I
ANunaraasuinavY ildasu (&) 1Wualuninveuelsasuni nsertluaiiy
9 % A I'd

§ o o J 4
ﬂﬁ”lﬂlﬂﬁ@l!‘l]@\‘]ijﬂsllﬂuaﬂﬂﬁ@u uazuaa (1) ﬁ’t’)%WH’JM‘U@Q“D’WW@im’JﬂM’OS «?qauwmaﬂmai

A Qo s ¢ = % 0 a AN 19 1 @ ¢ s =

‘Vllﬂu"h’W‘W?Jﬁ@L'JﬂW]@ﬁ WU a, o > 0 ﬁ'J“L!'l’)uW‘@'IL'JﬂL@ﬂﬁﬂllﬂcleﬁ"]fWWﬂﬁ@nﬂlﬁﬂi ITY
% [ A o ! * 9 =2 Y

Qi o = 0 UaZVAIINNATUIUA o Lag o ﬂWﬂsquﬂellﬂ‘JJuaP\lﬂﬁ@u WAINITOAINAUNT

SVR e I5vinesno1ananndunannnes laniaunisn 2.89 (Bagheripour et al., 2015)
fx) =wix+b=%_ (= a))xTx+b = e (2.89)

~ J % @ J .
Tasnnnmesarnimiinued lanesimanannes (Regression hyperplane: w,)

I~ [ d’
1uaeaun1sn 2.90
Wo = Z%:l(ai -o)x e (2.90)

A 1 a 9 1 Aad
qunN1INn 2.89 agiugﬂuuummmammmu Lmiuﬂimﬂlﬂuﬂﬁﬂﬂﬂﬂmmﬂ

a

[ a 1 A 4 v Aa { 1
luidhugadu enansoasdunannaes 1daiaNgedu (High dimensional feature space) Tag 14

]
o A o

14 d v 1 = [ =< 14 < A A Y dy .
AOSUANINFUFUASINY SVM Funosiuananyuntou sy SVR YU (Sajan et al., 2015)
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€)) ATlesiaesiua (Linear kernel): k(x;,X) = X;FX

() TwdTudeanediua (Polynomial kernel): k(x;, x) = (1 + x;.%;)¢

2
| —x]|

3) IMAFeUAs U (Gaussian (RBF) kernel): K(x;,x) = exp(— | =

)
[ g}/ A = 1 [~ a 9
ANUU TUNITN 2.89 ﬁﬁJﬁmsUfJuGlTﬁJGlugﬂLLUUﬂWiﬂﬂﬂf’)ﬂlliJLﬂuWQLﬁu Tag

THnesiaiansuldaaaunsi 2.91 (Bagheripour et al., 2015)
fx) =Y _,(—a))k(x,x)+b e (2.91)

= < @ Al % a
qunN1INn 2.91 L‘]Juf’fllﬂ1ﬁ‘1/\|ﬂ'lﬂimsll@\‘l SVR IﬂﬁlWﬂ']ﬂﬁmﬂ']Lﬂ'l@W!@ﬁ]'lﬂﬂuV!@
4 o o =l 3’; (Y o
NINADT UASNITNIVHUATUNITNIINTUUDI SVR 3J€U‘L!G]E]‘L!ﬂéj'lflﬂﬁﬂﬂﬂﬂ'lﬁﬂ'l?iuﬂﬁﬂﬂ'lﬁ
s P~ =

"lal,ﬂaimaumwmzﬁqumm SVM

= a v Ak v Y [ 4 day [ d‘ d'
2.4.7 AUANDANDINUNUMIAINBNNOIANINADIUNIATUNINNIZTNNGA

2 a o a = X . g & a Y o A A
UUANDANDINY (Genetic Algorithm: GA) WUTHaauITMIAUNIA IO UNY

aa A

HUAAANG BRI TANMTVIFNTIA Taemsthudueves Holland 14l a.4. 1975 Famaiia

vy °

Ga duas mstumneuiiinganiiga Tass uduanmsdunguueasiney (Solution) 11
WuauFnuoe1l5e¥ 105§ ULs N (Initial population) HAazAIALIZY AT HALAFEN T
a5 T a3 (Chromosome) ustaz a3 TuTaanlsznou ld 168y (Gene) Fadlumnimosfidesms
mmfimnzauiiga mﬂﬁuﬁmaumﬂﬂﬁmmiéuﬁauwﬂ'm’%aﬁemzh JUNOLY (Parent) 92N
i hlafradlutlsynnsjuda lwieizonan jugnnaiu (Offspring) A2eMIUTUMIULLIUAD

{1 g o ¢ o @
(Geneticoperator)ﬁlmdlﬂu 21l521A% A m'isﬁ'mmawm; (Crossover) 1A N1TNAINUD

E)

. kS I g A 1 1 1y 1
(Mutation) 910 H Y 31T UTUABUMTUNUN (Replacement) 15z 1nTJUNBLUAITZHINTTU

Y 1 1 4 Qy o
anvaiy llazﬂizﬂﬂuﬂﬁﬁwgﬂﬂi%‘ﬂ1“]51ﬁ]uﬂ’)1ﬁ]$l,"19111@;ﬁ@uul"llﬁu’cj@ﬂﬁ“l/ﬂ\ﬂu

=

o [ 4 a P o o % 1
ﬁ'ﬁ(ﬁ‘]Jﬂ'liﬁ%"l\iﬁﬂﬂ'liwmﬂim"llﬂﬁ SVRﬁW']i'IiJm’f]iﬁﬁ1 U387 Gl)'\iflwﬁﬁ’f)

1 o 4 Y a 4 a 4 a 4 4 d o
ANULUUHYTIVDINTITNYITNTU Vl,@l,!ﬂ WITWEDT C WITURDT E LL'ﬁ$W']5']3JLﬁ@iﬂ]ﬂﬂlﬂ@iluﬁﬁﬂﬂ%u

Y] g’/ o a 9) 9 1 a & A A = o 9
AU FNITDUUNAUA GA 1]11“111uﬂ1§ﬂ‘LWﬂﬂ1%6\11/‘!']5']3“@]?]51/]!,143(]%’6’(%7]@:{9] G]N‘i/nslﬁﬁﬂﬂ']i
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b 4 o A 0w ' a 2
WOINTBVDI SVR IA1UAMIAAADUMNGA 1aZNTZUIUNITVOI GA AT UNMSAUMIAIMNTneS
A A < o A
Ninzaungaveq SVR 1uasi

o < g
1. mMsmviualas IuTay (Chromosome representation) LU UYUADUUYDINTT
= A o Y o Y ' a A
5313 Vv098U (Gene) MeTuTas TuTay wornnldnumsaumammnimes imuz au
A o ¥ 1 Y A A 3 @ a 14 =
Ngaved SVR Ay uaaz Ias Ty lwy dseneudigtu niludunuvesnsiiwes Tagins
9 v I 1 o a £ 9 1 ..
w15 va Ias Ty Ty uA1914914954 (Floats chromosome) 91AUY @5191)52%1n3 115N (Initial
] v
population) tuugy tier lisziumanumngayluduaouse 11
a 1 < a '
2. MsdszliuannumuIzaw (Fimess evaluation) 111 un131sziuniniu
v 4 o A I 1
winzanvowaaz Ins Tu Ty e lsTumsaaden Ias Ty Tsugnuaruiag ludlulsznns lugu
[ é a U 9 [ 1 d’ ] ]
o 1 Fevzlsziiuamnnuminz duaiensiaaina1anasi 15U A1 MAE (Mean Absolute Error)
1 1 <
A1 RMSE (Root Mean Squared Error) ¥39A1 MAPE (Mean Absolute Percentage Error) Audu
o a v A p . < ? v A
3. MIAniuMIAA@eN (Selection operation) HuvuaoulumsaadenIns TuTawy
4 I ' o 2 A Y A a 1A <
anva e hhiiuilszannslugudall FFmsdadenniionld ldun 3msuvuaedegian
o 1 2 A 1 g}/ 1 1 % dsl
(Roulette wheel) Tagiviuani lomalumsgnaaaonveduaay Ias Tl (P) 110U quaIA Y
2 g @ J =< &£ A ' o A
FUVUANY 5211919 0 D9 Prgra IV Py A0 HATINVRIA IO TUNITYNAAEADN

9
v £

A 1 @ 9 Y < Y gd‘ 1 @
navua Tasliawmnuiduseuawesnasgian sxmanguun llasanuTas TuTeylavua

9 v
dogian InsluTanivezgadadenln liloglutlszannssuda’lal dagali 2.29

P

total

{ o 3 A
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Moving Average) 13411 ANN (Artificial Neural Network) 182 @ MU LN UN 1Y ARIMA-ANN
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Squared Error) 1ta2 MAE (Mean Absolute Error) HAN15NA889 WU AIMUUNTUHT 1Y ARIMA-
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ANUUNUEIVDINMINEINTAIA8AT MAPE, A1 MSE, A1 RMSE t1az A1 SSE (Sum Squared Error)
1 %] ~ a ~ 1 o o {
HANSANET WU Auuuiad wonmata LSSVM Ianuuiudlumswernsaianniga
o 3’; =Y P ]
Massana et al. (2015) An¥1nsnensaiszezduvest/suams 14 i luerarsna 1y
v o o 9 @ o aa o i ~ ' ] 9
TIUNADIAIAIIAILVUNITNEINTALALULONNT VA (Attributes) NUANA1NY 915 u1aen15 1%
{ o I o W a v a
Thiniwndne dudeyams 14 Tlihmeluermsdninauveswiinedsd 15u1 (University
. 9 I A~ I o 3 v H] 1A
of Girona) tazd oy ai uey nsunaiamunarused) Tue Taamnudoyaaaa@moungynIAY
= =K A = = o YA o 9 3’/ ay a L4
Un.e. 2013 Dadpuluay Ua.d. 2014 MIRLIIUIUTRYANITU 7,616 DUTLAUD (Instances)
U % o @ a { 1 @ @ @
Tua LRV UMINNTAL IA a3 1A WMVUNAMATANLANAINY 3 AL Ao ALY MLR
% . I @ 1 a
(Multiple Linear Regression) 134411 MLP (Multilayer Perceptron) FaduaruuunlFimadia ANN
% { o 1 a 4 { a 1
HAZAILY SVR iMuuamnisidmes Iiinanzaungadiemaiia GS (Grid search) 8u
Aaa s o v o x o A v 4 [~ [ 1
uennsI U nduwus nusuams 19 Wi Faiundnsluauisedl nuailu 3 ngu ldun
AoyaANINDINIA (Weather data) Yo3yan 181101715 (Indoor data) az Yoy aa1m Nl
(Calendar data) ga 10 szl unamInaaoInIolIATIAANUAAIANA DY MAPE 1INHANINAADY
1 [ 1 1 o 4 1 1 o
WU Anuy SVR Iianuaugasgminanmmiudilumsnensal vazaldaielumsaiuia
Iaanga
. = Y ~ o d Y 9
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SLRDF1 <- read.csv(file="d:/CodeR/Data/EuseMEA_SLRmodel.csv", header=TRUE, sep=",")
SLRfit <- glm(SLRDF1[, 4] ~ SLRDF1[, 3])

(n) gafd a3 19duy SLR

library("forecast", lib.loc="~/R/win-library/3.2")

HoltWintersDF1 <- read.csv(file="d:/CodeR/Data/EuseMEA2010 2014.csv" ,header=TRUE, sep=",")
HoltWintersTS1 <- ts(HoltWintersDF1[, 3], start=c(2010, 1), end=c(2014, 12), frequency=12)

HWfit <- HoltWinters(HoltWintersTS1)

(V) gafdaa 9@y Holt-Winters

library("forecast", lib.loc="~/R/win-library/3.2")

arimaDF1 <- read.csv(file="d:/CodeR/Data/EuseMEA2010_2014.csv", header=TRUE, sep=",")
arimaTS1 <- ts(arimaDF1[, 3], start=c(2010, 1), end=c(2014, 12), frequency=12)
p<-arimaorder(auto.arima(arimaTS1))[1]

d<-arimaorder(auto.arima(arimaTS1))[2]

g<-arimaorder(auto.arima(arimaTS1))[3]

P<-arimaorder(auto.arima(arimaTS1))[4]

D<-arimaorder(auto.arima(arimaTS1))[5]

Q<-arimaorder(auto.arima(arimaTS1))[6]

arimaM1 <- arima(arimaTS1, order=c(p, d, q) ,list(order=c(P, D, Q), period=12))

(M) YAFEE3 1A UUY ARIMA
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Time_ID | Output(y,) | Inputl(y...) | Input2(y,.2) | Input3{yy3)
14 787.29|t=13707.16| t=2 836.16| t=1 776.32
15 8060.64| t=14787.29| t=3 925.55| t=2 836.16
16 864.58| t=15806.64| t=4 1026.5| t=3 925.55
17 968.86] o 864.58| o 1082.18] o 1026.5
18 033.59] o 968.86] o 1003.41] o 1082.18
19 012.8] o 933.59] o 930.91] o 1003.44
20 902.59] e 912.8| e 876.83| e« 930.91
21 886.08] o 902.59| e 873.47| e« 876.83
22 830.9) o 886.08)] e 820.6] e 873.47
23 886.93| =22 830.9| t=9 787.33| t=10 820.6
24 703.06| t=23886.93| t=10 773.99| t=11 787.33
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l

4

A NUIUEIV0IAMUY Hybrid GASVR a28A1 SSE, MAE, RMSE 11agf1 MAPE

319 3.10

g’/ Y v dy
Tugou lanail

9
nmiu uasgadeyadnaeuliedlugdunnvestoya D = {(x;, yp)HL, Aremsinsiz

Y
JUIVRR 1AS NTATW YOIA MUY ARIMA IB5UAINUTUADUMIHS WA MUY Hybrid ANN

Y
/.

TUADUM I A5 9@ Hybrid GASVR

2. @3 ALY ARIMA MIngatoyarndou

9 ]
mﬂmumumiﬁ%'msmmu Hybrid GASVR ﬂﬁgﬂ‘ﬁ 3.10 95 U8U0DE

"y I Y =X Y
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2 Y

@ a o 1 a 4
3. a5uann SVR Taslddmansanesiy dAumeaimsidinesvos
d 4z coa g 4 .
SVR fnungaunga 3901810150005y “rgba()” TUUNAINIFO “genalg” INBLINT 1A
1 3 Jd o 4 o o
Willighagen and Ballings (2015) TuaunuWanTuveIn 181915 (CRAN repository) AnTuAUM
o ~ a % a <R % dy
MABLMNNTZUIUMIVBINUANDANDINY A3l
3.1 fuadszsInsgUusn (Initial population) 280151800
I~ a 1 1 o
Tas TuTasa (Chromosome) i uamnFnvesszansgunsnuuugu $1uu 200 Tas TuTa
[ 9 ~ o = 1 o =3 U a 14
ugaz 1n3 Ty Tanilsenounlgou (Gene) 31191 3 A2 BUUAAZAD HRNEDI AINIIVNDIVEI SVR

a J 4 Y a I % o a I
(C, € Az 1WUmesvauneTanany¥y) Dxdadluauaudiuiuese Taeisenlas Iy louanyae

uuuiia dnTas TuTew (Floats chromosome) #1331l 3.11

[ |

J a 4 1 a 4 1 a J 4 d v
ANWITINEBT C AW INLEDT E AMWITNNDTVDUADTIUANINTU

310 3.11 Taseardeves Tas Tulan

a ' I a
32 miﬂizmummmmmzﬁu (Fitness evaluation) L‘]Jumiﬂizmu

aanumzanvetaag 1ns I law o l4 lumsaadaon Tas Tulaug nvaiu (Offspring) Nz 11

(%

I 1 @ a dy ° J v A A X
Aulsznnslugudalil Tasenavet dmuaiesn 5un131/52001 (Evaluation function) A 103105
Jamnaamnaou RMSE

v 9 v
33 asvdouiten ludugan1siinuvesuANoanes N 9
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a dy o A 2 o = Aa o Aa R A 9 Y !
MUY ﬂ"IW‘L!@N@u"lsllﬁufjﬂﬂ"liﬂ"lﬂ"lu“ll@\ﬁ]Lu@]ﬂﬂaﬂﬂi‘lflll Lll@ﬁﬁ"l\‘lﬂizslf"lﬂﬁnlﬂ 100 U
Y oy 1 Y A £ o A A o A= )
34 fﬂfN]lllLSUTNE’JHVLGU?T‘HQQﬂTﬁVITQTHﬂI@Q%LU@ﬂ@ﬁﬂ@iVIN blﬁ

v 9 '
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o A Y4 . a3
3.5 guHuMINUAIBWUE (Crossover) Fuilumsadralng TuTawy
9 o ] 1o o a 9 [y} 4 o
gnviau aremstilas Ty lauweounsiuiu 2 Tas IuTey nduiumsdmeaenug Iasimua
@ 9 v 1w
BATININWEINUFININD 0.8
o A V4 . : <
3.6 AUHUNITNAOWUT (Mutation) Fuunisadielas Tu Ty
Y o ] 1o o A v )
gnva1u aremsi las I Tsuwoundiwiu 1 1as lu ey mnduiumsnaleiiug lasiivua
8ATIMINAWUFINIAY 0.01
o A ~ a < d ~
3.7 anumsunuilseansian (Replacement) F il un1sunud
a 9 A A dda! o Aa ~ 1 1
sznsaualelszanns muniaanumuzanavy lasduiumsunui Ias Ty Tsunou
(% 1 Jd 1w ] ]
ae1as Ty Teugnraiu AoATIMsTaIeN U510y 0.8 W50 20% (Tas Ty Taeumiow) 40 uaz
Tas Ty Tsugnraiy 160)
o A 9 (% Y 1 [ ~ a
3.8 AUIUMIAI19AMUD SVR dvtlszannsguda ldvesduan

v

¥ g A o T A 2 ° a
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[ a AR
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COLIEY] o 1y o . =2 g 1
5. WOINTUAITUNATIUIU 5 A1 AI8ANUY Hybrid GASVR aFadusin
[ A =3 = =) d’ o [ (] o 4
dunavouRounnIAuduRoungunan 1 we. 2558 el iannuuiugr Tumswernsel
saunumdung s lussraifenunngadeyanadou
6. TANUNUEIVEIALDY Hybrid GASVR #2811A5TAAY
A‘ d‘ o a v (Z .
AmAIAADY SSE, MAE, RMSE t1ag MAPE tive1h liul5eueunuaanuy Hybrid ANN uag
Y A Y ax a 4 A A gl.z a
AMUUNAE9INIDMIINTIZHOUNTUIAUTURS LA UAY
A 1 g; I al o A Aa o 9 a Ay R o A
MnAinanwaua Wudsduiumsiteneldansouuuifanisite Fednuiiv
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a A o A = o ° Y 1 A < A
nauFuAed TagduiumsAnyinueynsuaisiuiu 2 ga laun gai 11ilueynsunaind
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amdunadlunireiie lidwesms dhuaswaraislsemene uazgad 2 Hueynsy
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o 1w @ a { <
1UIU 65 ATINA uaxmﬁﬁ%lwmgmummwmu ﬂgﬁﬂ?il!ﬁﬂﬁ\?@klﬂiﬂJL?ﬁ?!GﬁQLaﬂﬁﬁlﬁjlﬂu?’ﬂ
{ o @ C4 A o A % 1
doyarnaeunzih lladudwuuwenssiaremaiindinse: Fegadoyarndousglugiuuy
10 o a 4 o a A g R 9 [ Y A
AAINVUYDIDUNA x; LHASIDINNA y; Iﬂﬂﬂ'ﬁﬂTﬁuﬂf’)Lﬁ’!ﬂ X; numdunaavas ﬂ%ﬁlfb'?‘ﬁﬂ"limf)ﬂ
= =) o o Y o A Y I o 1
Eﬂ']ﬂqilﬂLL‘U‘UfJ@Iﬂi!ﬂiﬁ“ﬁWﬂl@\?ﬂ?LL‘U‘U ARIMA ‘Vl']“lTT@]'JLL‘U‘UVIllﬂ W UAMVUNTUNTIUTEHIN
% % a [ a A g asm 9 = ad a Y 3 %
AL ARIMA HazaMuuNNINALA9 NI o MYUITNMIATULLFTUERATUNY "lmﬂumuuu
. g . A Y v o =
Hybrid ANN 11ag@ 011 Hybrid GASVR tile laduvunaunaiu sz S ewmiounan
1 ) S W 1 Y o W P as a 4
LL?J‘LlfJ1sl,uﬂ1ﬁ‘WfJ1ﬂ§mﬂTﬁ\“llﬂﬁﬁ'N’Viu1ﬂ'1JG]'JLL‘]J‘]JWEJ'Iﬂ5m°VIﬁi'l\“ﬁ]'lﬂ’)‘ﬁﬂ15’)£ﬂ51$1’i'€]1§ﬂ5ﬂ!’)ﬁ?

v

H Y v H
FUAT WV UAUAL ‘l@sﬁm AL DY SLR 9114L1UY Holt-Winters UagA3LUY ARIMA “TNNﬁﬂﬁ’J o

[

Yo Y o A a dy Y o =\ 1 ) Y ~
Vlﬂill i]Zt’f’liJﬁﬂ’ﬁ?]Jbl@’ﬂ AWVUATUNTTIUNNIUD ﬂu"l,ﬂmmua uanuuuuIndoaiaela

[
A

dmsuih liwensaloynsunat Almdunadlumisesme vl lulszmene

A A~
32 psesNanlylumsiay
A A A Y @ a o dy 9
130900 N 1F UM WAL 1/52neuaie
d’ a o o [ v =\ =S 1Y g
1. 1A509A0NNANDIFINTUNMTNAIU YT 19aL1DeAAal
1.1 “ihelszunananals: Intel Core 15
1.2 ¥H28ANNIE15949: SSD 256 GB
1.3 WU28ANNIYaN: 8 GB
2. szuplfianmsuay TdsunsuilsegnadmSumswann dszneulidae

2.1 321UV1§1IAM3: Windows 8 3311 32 bits

2.2 1a30400n 15 1un13i@LN: Matlab2009b (a2 RStudio
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a o dy Y= o % A 4 ] ) 1
NuItet IddnunarwandmuuNauRaIu e neInsainules e Inlihueq
m3 lihuasvas uazms liihdrugiinin wa 3 wislszme Ine Tasadedumuunaunau
[ = = d o o & as a 4
3293 UUD00 AT INTAGW (Autoregressive) YBIA NIV ARIMA &31JuI5M3AATIZHOUNITY
A A gl,: a 1 v Aas 9 [ S Y a o a A d an 9
NAUFUAYIVUAUAY FIUAVITNTAT A ILUNSINTUASNAUADINT 8L MU UITNTATU
= ad a Y J 9 2 . . Y a A ]
¥ as Ui 1dun msad19@2u11 ANN (Artificial neural network) @281NANALAT OU1Y
UYseanien waznsai 19Uy GASVR (Genetic algorithm with support vector regression)
9 a o 4 o= Y v A a o a R 9y ~ =y
AMATIATNHOIANNABITINTATUIINNVIUANTaneI Ny TaeldgiuuvesTasnsadnuag
@ < ) 1T W 9 v A o < a Y o %
Ay ARIMA puiludimvuamdunaaiaanazinuuiuduna Inauauuy ANN tay
Y
o 1Y = =~ ] o 1 J @ [
AMUY GASVR 910U U 158 UNeUaNUNUEIUDIATNEINTUITNAMMUUNTUNAIUN D
%] s Y 9 ax a 4 A A 3’; Aa A 3 as
AMVUNBINIAUNATIIAIPITNITAATIEHOUNTUNAUFIAIDVAUAY MU BITNMINIAIFIU
Y J a d' 1 Y
lumsadrednuuneinssioynsunauFuaed 1aun n13a319@2uY SLR (Simple linear
. 9 ax a J (] ] 9 o . 9 Aas
regression) A815N15UATIEHNITOANOYDY1418 N1THTNALUY Holt-Winters A8ITNIT
1] 4 a 4 o 4 a 4
USuliFovves Taantaz Iumes tazmIas 19A 1L ARIMA 218753 U9UNFUAZDUNUT
é = ] o 1 4 o Y [ 4'
F9n151T VN VAN VLN UGIVDIATNIINT D L IANUIATIAANNUAAIAAAOY SSE (Sum

square error), MAE (Mean absolute Error), RMSE (Root mean square error) L8 MAPE (Mean

F4
absolute percentage error) 1ag lanamsnaaey Aene Uil

Y] J a a q a Y
4.1 Nai’ﬂi?’lﬂﬁ@ﬂ‘llﬂ\iﬂ?!!ﬂﬂﬂﬂ1ﬂ§ﬂﬁ]1ﬂ?gin‘i?l!ﬂi]%ﬂﬂi{gﬂ‘iuﬂﬁ“‘lﬁ!aﬂ?

HUVANAN

@ J a a 4 a { ¥ a
N1SAS AN INTAUA28ITNITIATIEHOYNTUIANTUAGINUUAILAY
Usgnoude @auuy SLR @D Holt-Winters 1az@ Uy ARIMA lagwiiumsive Taeidiou
o o o o o < o { {
Tﬂmmumammma naziigamdadmsvadrieduunonsaidagli 3.6 luuni 3

9 o

é ) [} 9 1 d’ A 1 ] A
GINGII’E]iJ”a mﬂ%mguumi 05 2 9 g 'lm FAN 1 AD Tiu’JEl*ﬂ']TiuWElhlV‘lﬁﬁ']ﬂlﬂﬂuﬂiglﬂ‘ﬂ



113

Muneds veeans I uasvalrsuvsdszmelne uazyah 2 Ao winedmielvihse
v
won s lihasisae veams liihdiuginawialszmalneg wa 3 01a 2 Taedoyans

I 1 ) ] A 3’, 1A = ®K A =
2 9a Lﬂuﬂu’)ﬂﬂ1ﬁu1ﬂhl1/\|ﬂﬁ1ﬂmﬂu ALAADUNNTIAY UN.A. 2553 DADUN Y NIAY Uw.e.

9 ¥ N = A

2558 FIUUIVDYAAIAADUNATIAN UW.A. 2553 DUADUTUNAN VW.A. 2557 31UIU 60 A1

U

o ) [ (% d 1 ? 1

[181511% ﬁ"lﬁﬁ‘Uﬁ%}Nﬁ'JL!‘U‘UWfJ'lﬂiﬂl muﬂﬁ’@ga@umLﬁauuﬂmﬂuﬁuﬁaquymﬂu e
o 1o 1 I ) [ ' ) o L4

2558 1UIU 5 ANFIUNA u,m"liﬂm?@yamnaau A1HIUIAANUUNUIIUDIAULUUNYIINT
o ] 1 4 ] o ]

Tmmmuazmwmﬂimwmﬂmwuw”lvd% Lﬁauuﬂimuﬁmﬁequymﬂu ?JW.P(. 2558

o T o 1 o I o A

1UIU 5 ATUNA VOILASAILUD Lﬂumgﬂm 4.1-4.3

4 Y 4 1 @ o [ ! o 9 v 1 4
Lﬁe”l@mwmﬂimmmlmazmuuu ﬁﬂ‘u13J1’Jﬂﬂi]13JLL3J1JfJW’I’JEJﬂﬁ’JﬂﬂTﬂﬁW]Lﬂﬁ@u SSE,

2 ' o 9

MAE, RMSE 118% MAPE #45id10819gamdemuiuainaiamaoy d1uiugadoyai 1 voq

Q u

D.

[ A ' o a 1 d A 1
ﬂﬁ]’l‘V\l‘V’\hUE“]ﬁﬂﬁ’J\‘l @Nqﬁjﬂ‘ﬂ 44 Iﬂﬂﬁ'1u1iﬂﬁjﬂﬂ1@'%ﬂ@mﬁﬂ ATNYINTU AN TIANDUUBDILA AL

( ) o {q 9. aw ¥ Y v { { o
Ay dwmsveynsunan 19anu lunudvens 2 g Taaemsd 4.1 uagmeh 42 auday

Console -

[> PredictsLR<-predict (SLRFIt, n.ahead=5) ] :! Mdanensaiveyaalni s munm ]

> PredictSLR

2 3 Z 3 L3 ) 6 7 8 9 10 1§ | 12
862.6518 864.7098 866.7677 868.8256 870.8835 872.9414 874.9994 877.0573 879.1152 881.1731 883.2310 885.2889
13 14 15 16 13 18 19 20 21 22 23 24
887.3469 889.4048 891.4627 893.5206 895.5785 897.6365 899.6944 901.7523 903.8102 905.8681 907.9260 909.9840
25 26 27 28 29 30 31 32 33 34 35 36
912.0419 914.0998 916.1577 918.2156 920.2736 922.3315 924.3894 926.4473 928.5052 930.5631 932.6211 934.6790
37 38 39 40 41 42 43 44 45 46 47 48
936.7369 938.7948 940.8527 942.9107 944.9686 947.0265 949.0844 951.1423 953.2003 955.2582 957.3161 959.3740
49 50 51 52 53 54 55 56 57 58 59 60

961.4319 963.4898 965.5478 967.6057 969.6636 971.7215 973.7794 975.8374 977.8953 979.9532 982.0111 984.0690

61 62 63 64 65 vy Y
986.1269 988.1849 990.2428 992.3007 994.3586 ! ﬂ1W81n5mﬂ]6%aﬂ’JQﬂu'] 5 ﬂw‘ul?a’]]

v
[

{ o 1 o @
37U 4.1 daazamensaidoyavesauy SLR

Console -

o o o 9 ' b
> predictHw<-predict (Hwfit, n.ahead=5) g ATTINYINTUUDYAANYUT S A1UIAN ]
> PredictHw

>

Jan Feb mar Apr May R
- - ' 9 ' 9
2015 841.7771 928.3279 1000.9938 1066.6340 1086.6193 ! ﬂTWfJ1ﬂ§i1!‘llf]1quﬂﬂ'J\Tﬂu1 5 ﬂTUl'Jﬁ'l]

v
o

{ o ' 4 @ .
5U7 4.2 MdaazameIn sl Toyave ALY Holt-Winters
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Console D:/Coder -

o v o '
[} rredicommar < predicearinant, n.ahead-s) ]% Mdamensaidoyaalnii 5 auna ]
> PredictARIMAL e

Spred
Jan Feb mar Apr May
2015 799.2394 859.3280 969.4038 1065.1187 1117.6332 A—___,r ' tx) ' v
LﬂWWﬂ1ﬂ5mMﬂgaa3Qﬁu15ﬂ?ﬂnﬁ1
$se
Jan Feb mar Apr May

2015 57.44790 71.17448 77.52626 80.71932 82.37672

'
(2

1 4.3 MdaazAmmeInsaiteyaveianuy ARIMA

Console D: ieR —_
TestSetl<-read.csv(file="d:/Coder/Data/EtestMEAL_5_2015.csv")
Actuall<-c(Testsetl$Electric_units)

ForecastSLR1<-c(PredictSLR1[61:65]) =

AMAUNADIT

o

errlSLRl <- Actuall-ForecastSLR1 ﬁﬂﬁ1 Nhbl
err2sLRl <- (Actuall-ForecastSLR1)/Actuall
sseSLR1<-sum(errlSLR1A2) =

maeSLR1<-mean(abs(errisLrl))

rmseSLR1 <- sqrt(mean(errlSLR1A2))
mapeSLR1<-mean(abs (100%err2sLr1)) -
ForecastHwl<-c(PredictHwl([1:5])

errlHwl <- Actuall-ForecastHwl

err2Hwl <- (Actuall-ForecastHwl)/Actuall
sseHwl<-sum(errlHwlA2)

maeHwl<-mean(abs (erriHwl))

rmseHwl <- sqrt(mean(errlHwlA2))
mapeHwl<-mean(abs (100%err2Hwl)) - @911 Holt-Winters
ForecastARIMAl<-c(PredictARIMALlSpred[1:5])
errlARIMAL <- Actuall-ForecastARIMAL
err2ARIMAL <- (Actuall-ForecastARIMALl)/Actuall
SSeARIMAl<-sum(errlARIMALA2)
maeARIMAl<-mean(abs(err1ARIMAL))

rmseARIMAL <- sqrt(mean(errlARIMA1A2))
mapeARIMAl<-mean(abs (100¥err2ARIMAL))

> SSeSLR1 =
[1] 137892

> maeSLR1l
[1] 146.7159
> rmseSLR1
[1] 166.0675
> mapeSLR1
[1] 15.76985

> SSeHwl -
' @ o
[1] 33192.94 AMAAAAADUYDIAMUNEINT L ]

IUAMAANADUUD
A1 SLR

YN NN NN NN NN NN NN N NN N YOO LN

IUAMAANADUVD
AU ARIMA

> maeHwl
[1] 70.40561
> rmseHwl
[1] 81.47753
> mapeHwl
[1] 7.418392 ¥

v
¥ o

4.4 gamdImuIUAINAIANADUYBIAIDY SLR, Holt-Winters 11az ARIMA #1451

=).

il

Qan

9

gadoya 1 voams Iliunsvad
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A = J t4 % t4 axa 4 A A
f131N 4.1 Naﬂﬁl‘lﬁEJ‘lJL‘l’]EJ‘iJﬂWWEﬂﬂiﬂ!sllf’)\‘]ﬁ’Ju‘}J‘lJWfJ"Iﬂiﬂ!mﬂ’)‘ﬁ’Jlﬂﬁ%ﬁ@lélﬂim?a%%uﬂﬂ’l

9 v
puuRuAN dmsugadoyad 1

L WA | Aw | W | oee | W,
e e Tl SSE | MAE |RMSE [MAPE
2558 | 2558 | 2558 2558 2558
AFUNADI 745.82 | 853.60(1017.89 [1100.93 [1216.77 - - - -
ANOINTDIVDI
3 986.13|988.18 | 990.24| 992.30| 994.36| 137892/ 146.72| 166.07| 15.77
#2111 SLR
ANOINTDI VD
3 841.80|928.46(1001.88(1067.98(1087.20| 33193| 70.41| 81.48| 7.42
@111 Holt-Winters
ANINITNVDI
799.241859.33| 969.05(1064.46|1116.82| 16348| 48.52| 57.18| 4.80

ANVU ARIMA

A ~ ' 4 o 4 asa J a A
M1I1N 4.2 Wﬁﬂ?ﬂ‘]ﬁfmmfJ‘UﬂWWEnﬂiﬂ!‘ll@\‘]@]’JLLU‘UWfﬂﬂﬁﬂlmﬂ’)‘ﬁ’llﬂi"lzﬂ@Hﬂim%’d"ﬂ%’ﬂlﬂﬂ%

9 v
HUURAUAN dmSugAToyai 2

L WA, | N | Na | e | W,
nied e Tvlih SSE | MAE |RMSE |[MAPE
2558 | 2558 | 2558 | 2558 | 2558
MFUNADI 577.23| 554.35| 690.87 | 648.95| 691.64 - - - -
AMNININVDI
) 641.79| 644.30| 646.81|649.32| 651.83| 15785 47.75| 56.19| 7.92
@11 SLR
ANOINTDI VD
3 593.081593.48|682.67|629.45664.80| 2950 21.90| 24.29| 3.58
NALUY Holt-Winters
ANINTVD
3 571.34| 561.08| 670.49| 635.23| 67032 1138 13.61| 15.09| 2.08
@ 1UU ARIMA
Wehveyanldadudmuunensalng 2 ga madenslidu ienanins

G

]
=1

wnaou livesadunamudidunal amnsouaad lanasln 4.5
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Plot Zoom - oEN

800

700

' 3

600 | gccccecancanna

Electrical Power Distribution Unit (Million Unit)

—8— 17 9NA3Y
500 @11 SLR
vr @ ==+ ALY Holt-Winters
400 = =A== (1111 ARIMA
T T T ' !
Jan Feb Mar Apr May

Month in 2015

A =1 1 4 % A 9 ada 4 A A
qﬁj‘ﬂﬂ 4.7 ﬂﬁWL‘lEEJ‘UmEJ‘]JﬂWWEﬂﬂﬁﬂHIENﬂ’JL!UUTI’dﬁNmﬂ’J‘ﬁ’J!ﬂiwﬁ’E)‘LgﬂiiJL’JaTL“NmEJ’JLLU‘U
9

AUAL HaAMAUNATT IUBIYAT YA 2

ATV UDUY ARIMA HHANTITIVUNUIAN IUFIUVDINITNATOUANH UL U

'
= (Z

(Stationary) ¥9491N314301 HazFUUUVNMINZANNTAVDIAIUD ARIMA Tagnisnadoy
@ A 9 ax 4 9 S A
ANYAULUIVDIDYNTNIIAT VENAADVAIYIT Augmented Dickey-Fuller Tag 1w andsuyo
“« A p ~ ' J s 9

adfTest” TUUNAINITO “fUnitRoots” NHELNT 1Ay Wuertz (2013) Tua1uAUT0yav090 111

14 : [ A g I @ !
915 (CRAN repository) HIHAN1SNAAOUAN YU HIUBI0UNTUIIAINT 2 0 1Tuasg 17 4.8

Console D: =0 Console e =
> A > A
> adfTest(arimaTsl,type="c") > adfTest(arimaTs2,type="c")
Title: Title:
Augmented Dickey-Fuller Test Augmented Dickey-Fuller Test
Test Results: Test Results:
PARAMETER: PARAMETER:
Lag order: 1 Lag order: 1
STATISTIC: STATISTIC:
Dickey-Fuller: -4.3976 Dickeyotuller: -2.1116
P VALUE: ] > . . n P VALUE: :
0.01 ﬁuﬂﬂﬂﬂ 0.05 mﬂymzm] . 0.2769 ﬁﬂﬂﬂﬂ’.ﬂ 0.05 Hanvae s 1
(M oynsunawes Iihuasnadg @) oynsunawens Iiharugiinig e 3

1 ] Y
gﬂﬁ 4.8 HANINATOUANHUSUIVDIDYNTULIAINN 2 YA
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M3 AT UL AN gAr09A MUY ARIMA 7D MIAUMIBUAY p, d, q 1Az

v v A o Y1 . . . . . A o A = J

auUAUfaANIa P,D,Q N1 lvian AIC (Akaike information criterion) UAIAINFA BINTWIDIT U
J v 4 1 o (% % [} [ [ { {

WINFuFo “auto.arima” N1Fd 11 TVAUNISUAD p, d,  HazdUAUGAMA P, D, Q tnunzauiga

Taonamsa9e WU eynsunaweIms liuasvas §ouay p, d, q=(1,0,0) tazduaugana

P,D,Q=(1,0,0) d2uoynsuna1wesns i augiinin Houav p,d,q=(1,0,0) Hazduaw

99mMa P,D,Q=(1, 1,0) A331/i 4.9

Console -] Console = ]
> A > ~
> auto.arima(arimarsl) > auto.arima(arimaTs2)
IARIMA(l.0,0)(l.0,0)IlZ] with non-zero mean IARIMA(I,0,0)(1,1,0)|12] with drift
coefficients: coefficients:
arl sarl intercept arl sarl drift
0.7314 0.6425 929.9975 0.7427 -0.5025 2.4735
s.e. 0.0833 0.0980 57.5709 s.e. 0.0966 0.1188 0.5157
sigmaA2 estimated as 3300: log likelihood=-33 sigmar2 estimated as 256.7: log likelihood=-2
1.78 03.39
AIC=671.56 AICCc=672.29 BIC=679.94 AIC=414.79 AICc=415.72 BIC=422.27
> v > v
1 a
(M) oynsua1wesns dhuaswan () eynsuawesms ihdiugiing

{ a 0’ d‘ { - g’l
gﬂﬁ 4.9 WﬁﬂTi’JLﬂﬁ%'Hmﬂll“lJ“lJTlL‘I"iiJ1$t’f3Jﬁf:fﬂ"ll’é)W]’JLL‘]JTJ ARIMA U939 NTUNININN 2 1A

4.2 NANINATOUVBINIMUUNTNHNT 1Y

@ < @ sy Y a o Aa = 9y 9 &
AIVVUNTUHNAIU Lﬂ‘L!Gl’JLL’U’U‘Wﬂiﬂimﬂﬁiiﬁﬂﬂﬂlﬂﬂuﬂai}ﬂiﬂz Gliﬂﬂ)’%ﬂeummﬂﬂ’dflu

Q U

] (Y J a J

neglugduun D = {(x;, yDDL, dnSUlnaouATUNEINT Ol 11D X; AD DUNAINADS

U Q

2

P
AS

a o

1w 9 % 1 A J 2 g 1T o dy Y o
Fuumdunaaiviag aiu yi A @INNUA Fuiuaduns o an t Iﬂﬂ\ﬂu'}ﬂﬁlu ”lﬂmmua
ax A a 4 ~ = o A
IBLANDUNALINIADT ﬁnﬂqﬁlﬂLLUU@@I@]?Lﬂiﬁ%WﬂJ@Q@]?LLUU ARIMA LWi’JLL'lJaQ’EJL‘lﬂiiJL’Jﬁ"I

A A PR 9y =< o o @ Ay 9 a o A o &
me&ﬂmﬂu&ymayjadﬂﬁau f‘ﬁ‘l’iiﬂNﬂﬁ@u@]’JLLUUWﬂTﬂimV]ﬁiNﬂ’Jﬂlﬂﬂuﬂﬂﬂﬂiﬂ%ﬁ ANUU

9y @

=2 a 4 ~ = @ 9 3}/ dy

%mamﬂiwwgﬂgmmaimmsﬁcﬁw 1NALULU ARIMA VONPAVDYANN 2 949 AU
a d G I %

4.2.1 Nﬁﬂ1i'J!ﬂ51%‘ﬁgi]!!ﬂﬂﬂﬂiﬂi!ﬂiﬁ“ﬂﬂ%1ﬂﬂ?lmﬂ ARIMA

{ a 4 { 1 4
1NFUN 4.9 uaawamsAnzHIUuUVNmMIN TN YAYDIAIILUD ARIMA

[ S

v v v v
dmSuyadoyafiogluglunuvesoyniunauFune1n 2 ga Tagoynsunaiyan 1 Nyluuy

U
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= =

ARIMAC(1, 0, 0)x(1, 0, 0),, FIUBYNTUIAYAN 2 TUuLD ARIMA(L, 0, 0)x(1, 1, 0),, HAZIN

U

o

o ] a L4 = A A ' A A Y
ﬂ’)f)EJNﬂﬁ’)tﬂiwﬁg‘IJL!‘U‘Uﬂﬂiﬁi!ﬂiﬁ“ﬁWﬂﬂai’ﬂ’ﬁuUﬂﬂ 3AAUNITN 3.4 “lflﬂﬁfﬂlﬂiﬂ

Y v

a o o o -
Anszdzluuyes Tasnsadn 91nAUD ARIMA ¥990YNTUNAINI 2 40 Taall
a J = = =
1. msunnengdunves InansasnuedoynIuaIgan 1

o 1 A 2 d Y =
dmSveynsunagai 1 Fuilugadoyavesms I wasnars Tduuy

Ed
LY

ARIMA(1, 0, 0)x(1, 0, 0),, H1EAINI OUAY p=1, d=0, =0 HAZBUAVYAMA P=1, D=0, Q=0 ALY

A 1 v W ~ o Y a J Yo A
watnunIeUaAl p=1, P=1, d=0 Liag D=0 aﬂu’c’mmﬂ/} 34 ﬂ1iﬂﬁiﬂ1§ﬂW@ji}uﬁuﬂ1i hlﬂﬂ\iu

B(B)o,(B3)(1 - BH)(1 - BPS)Y, = 0, + &
(1 - (DlB)(l - ¢12B12)Yt =0 + &
(1 — QlB — (|)12B12 + ®1¢12B13)Yt = 90 + &

eO + Et + (DlYt—l + (I)let—lZ - ®1¢12Yt_13 = Yt """"" (41)

a 4 ~ o Y ' G =
NNITNFIUTUNITN 4.1 NRECATERITER gﬂllﬂﬂﬂﬂjﬁi!ﬂﬁﬁ“ﬁwmﬂﬂ

]
v A

?J‘Lgﬂ’iﬂJL?ﬁT‘ljﬂ‘ﬁ 1 1Uszneualenmadinaeiig 1, 12 uag 13 A1unal (Yi—1, Yiz12, Yiz13)
v & I a 4 4 o o I
iU 1@en Yio1, Yio12 402 Yi_q3 Lﬂu@uwmaﬂmm Tﬂﬂﬁmmwm Ao Yi mmua%’mﬂwyﬂ
9 =< Yo o s Y A o a o ] 9 =
éuagavlﬂﬁeuTﬁﬂ‘umxmuwmnsmwasnmﬂmﬂuﬂmmﬂz uazmamwmegav]ﬂﬁamm

A Yo =
aynsuNMgAN 1 uaasldasgii 4.10

PWNA (Y) dunannmes (X) l
|
TimeID | Output (Y) |  Yus Yo | %

14 787.29 707.16 836.16 776.32
15 806.64 787.29 925.55 836.16
16 864.58 806.64 1026.5 925.55
17 968.86 864.58| 1082.18 1026.5
18 933.59 968.86/ 1003.41| 1082.18
19 912.8 933.59 930.91| 1003.41
20 902.59 912.8 876.83 930.91
21 886.08 902.59 873.47 876.83
22 830.9 886.08 820.6 873.47
23 886.93 830.9 787.33 820.6
24 703.06 886.93 773.99 787.33
25 811.41 703.06 707.16 773.99

d' % ] 9 2 td'
ETJVI 4.10 m’amwmagaNﬂﬁf)u“ummgﬂiunmﬂgﬂﬂ 1
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a J G = A
2. ﬂTﬁﬁlﬂ5'13113‘1J!L‘U‘1JEJE]Tﬁi!ﬂiﬁclfwsllﬂﬂﬂlélﬂ’im%anfﬂﬂ2

) [ A 2 I 9 I a
dmSvoynsunaryan 2 Fuiluyadoyavesns Ilihdiugiinin e 3

k)

MA 2 U3Uuuy ARIMA(L, 0, 0)x(1, 1, 0),, HUIEAIWI BUAY p=1, d=0, =0 HATUAUYANIA

P=1, D=1, Q=0 A9 Y WaunuUABUAL p=1, P=1, d=0 uaz D=1 asluaumsn 3.4 i ldawnse

4
v A

a o 9
ngniaums laasil

@(B)¢,(B%)(1 = BY)(1 = BP®)Y, = 6, + &

1-9.B)1- ¢12B12)(1 —B)Y, =0, + &

(1-9,B— (|)12B12 + ®1¢12313)(1 —B1%)Y, = 0, + &

O+ e+ 01 Y1 + (14 0,,) Y1 — (14 ¢,,)0: Yeo13

=0, Y24 + 010,V 25 =Y o 4.2)

o =

nnmsigaiauniin 42 ldniiua duvves lasinsadnues
= Y 1y wA
YNINNAIYAN 2 Uszneualeaiaimadnman 1, 12, 13,24 uag 25 MUl Yeeg, Yeo12,
o ¥ A g a ¢ a
Yi—13> Yi—24, Ye—25) OUU 00D Yi_1, Yi12, Yic13) Yie24 102 Yi_os Lﬂuauwmaﬂmas Taoll
4 A o [ Y I 9 = Yo o P 9 a @ a
emue Av Y, dmsuanailuyadeyarnadoulinudununeinsanassnnmatindaniey

o 1 9 = A Y v A
HazAIPENYATeYANNTOUVEIOUNTNIAIYAN 2 naas laasgii 4.1

A (Y) ‘) dunannaes (x,)
£ [ - N
TimelD | Output (Yy) Yiq Yer2 Yin Yios Yeas
26 545.19 521.98| 462.19] 469.16 468.9| 468.06
27 614.1 545.19 537.54| 462.19 535.74 468.9
28 562.77 614.1 499.42 537.54 518.36 535.74
29 618.52 562.77 537.55| 499.42 545.53 518.36
30 578.38| 618.52 529.57| 537.55 012,13 545.53
31 602.21| 578.38| 550.87| 529.57] 529.98| 512.13
32 589.98| 602.21| 553.12( 550.87| 516.41| 529.98
33 567.81 589.98 539.2 553.12| 499.85 516.41
34 592.87| 567.81 539.92 539.2 510.02] 499.85
35 596.46 592.87 520.39 539.92| 477.13 510.02
36 589.8 596.46 503.93 520.39] 485.09| 477.13
37 564.15 589.8| 521.98| 503.93] 469.16] 485.09

ti' % ] 9 2 td'
ETJ“VI 4.11 ﬁ?ﬂﬂ?ﬂ‘lj@m@yaNﬂﬁ@uﬂl@ﬂ@uﬂiunﬁ’]"yﬂﬂ 2
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a 4 ~ = ¥ A
WaﬂWi’JLﬂ51$‘H’§ﬂllUU@@IﬂiLﬂiﬁ’“ﬁWGUENkalﬂiiJL’JaTVN 2 9a iondag

A A Y 9 = o @ 9y @ 7 9
@15‘!ﬂiiJL'Ja'ILGINLﬂﬂ?iﬁ@giugﬂLLUUW@Q%@%@H@Nﬂﬁ@uaqﬂiﬂﬁiqﬂﬁjllﬂﬂwfﬂﬂﬁﬂ!ﬂ')f]

a @ a Y 9 == A aAa v A
matnsanser a311a yadeyadnasuveseynsunaiyai 1 Wouna 3 @1 Ao Ye_q, Ye1z

U q

2

v A

14 J a
1ag Yo_q3 l0ofito1mua o Y, aaugadoyailnaouvetoyniunaiyai 2 Gouna 5 aa

QU q q q

¢ g ., Z
Yic1, Yic12, Yio13, Yi24 U8 Yi_os Tﬂﬂﬁmmwﬂ Ao Y 910 UYU hyaveyalnaouna 2 *A

9 Y 1 1 @ a ] a o a
"lﬂﬁinmgmumeamszmwgﬂuuuaaim‘%mm%w FAIUNUMNAUADINTYL TUIU 2 INAUA
9 [ a A [] =3 a @ 14 o v 1 (Y=t a
1aun MANAAIOU18Y 5L NNINANN) LAZINAUAFNNOTANINABIIINTAFUTINALIUAN

[ a R & ~ v 1 dal
20N9INU (GASVR) EIUNANITNATDU fage 1l
Y U ' = = [ a
4.2.2 wammﬂaa‘uamamzm‘uwauwmuszmngﬂamuadmmmmwnumﬂuﬂ

A \ =
insevedszanian

De

o

a o a Y ( 1
NTHIYU @'IL‘L!uf‘ﬂi‘ﬂﬂﬁE]'IJﬁ'i'l\Wl’JLL‘]J‘]JNfﬂJNﬁ'luigW]WQEﬂ!LUU@@I@%Lﬂﬁﬁ
= 1 % a A 1 = [ ~ < 9 =8 o
FW 5NN VIMANAAT U5 1NN ﬂﬂ@lalﬂﬁulﬂﬁ'lﬂllﬂﬁQlﬂu%ﬂm@yjﬁﬁjﬂﬁﬁ)u T1UIU 2 Yo
N 9 o A Y @ 2 o o = Y
uaasyavaya ANUUNITAININAILLY ANN YUUINATDD TUIU 4 ALUD Iﬂﬂlliﬂi\iﬁi?\ﬂ]@\?

A [} = A Yo Aa [ ~ =< Y A A
wnsev1elseamiion nlsaniumsnadey ﬂﬂgﬂ‘ﬂ 39 muﬁm"b”lumm 3 UASIUDINNYA

Y v
v aa % [

1 @ @ 1 I U 4
%’auﬁaﬁﬂﬁ@um 2 YA UDUWALANANNY AIUY %Qllﬂﬂﬂﬁuﬁﬂ\‘lNﬁﬂﬁﬂﬂﬁﬂﬂ!ﬂu 2 @7 Al

E]

1. WaMSNAFOUAMUDNAUNEIU ANN dmsugadoyad |

=1

gadoyah 1 flutdoyanilesimiie e liiwasvalelszioan

o A a 4

Y 1 = = ' ' o 49! v ' o

11URY0IAY 18N JUHDUR TATINTATN WU MFUNA Y VU UAITUNA Vo1, Y12
[ 3’/ <K o Y I a A [l =1 o Y

102 Yoo 13 AU W0 MUA 1A Yoo 1, Yeo 12 Hag Yi_q 3 Hudunavounsevistszamimen il

! { o A 9 [ { 3 v !
Tnssadwveuns o1 elszamineni ldduiumsnagoudmivgadoyadn 1iiluasgla 4.12

Vt-1
Vt-12 Suiiaseu s
1 144 fsou
Output Layer
YVt-13
Input Layer Hidden Layer

A 9 @ dq Yo A 9 A
qﬁllh/l 4.12 TA59893 WUIR WLUHANE U ANN N IFa i umsnagou VNYAUDYAN 1
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1NFUN 4.12 AU UMIAFRAWVUHAUHEIY ANN 149U 4 AUV 1AAZ

v
)

o A ¥ g @ A A o =

AILVY UFUBDUWA (Input layer) HAZTUIDINNA (Output layer) ﬂ\igﬂﬂ 4. 12 IMUDUNU LAY
[ ~ o a gﬂ 1 9 . g}z 1 = a PR %

mwmmﬂmmmmumﬁauﬂluwmamﬁu (Hidden layer) #1966 1 99 4 430U "lmﬂumu‘uu

HEUHATY ANNT D9 ANN4 u,azﬁnﬁumiﬁ%ﬁwﬁgmuwmwmu ANN ﬁ’)ﬂﬂﬁ@ﬂujﬂillﬂiﬂ

[

g = ~ o ’ 4 Aqy ¥ o
Matlab ﬁ’]llelll‘!ﬁﬂuﬂﬁguul'ﬂuﬂﬂﬂ 3 Tﬂﬂl!ﬁﬂ\i@‘]'J@f]’]\i%ﬂﬂ’]ﬁ\iﬂclclfﬁﬁ']\?ﬂ?!lﬂﬂWﬁ‘NWfﬂu

o v A

ANN2 #3319 4.13 Fagadrda Ims 1 lwdvoya 3 @2 181 AllBusexlsx, InputTraining xIsx 18

. o 1w ¥ ’ A w o ~
TargetTraining.xIsx T@IEJG]’JE]EJN"U@N”W]J@QTN 3 IJ1‘1/\]'(3 uaﬂymzmgﬂm 4.14

= AllData = xlsread('AllEuse.xlsx'):;

zl = minD = min(min(AllData));

3= maxD = max (max (AllData)):;

4 - DataNor = (AllData - minD)/ (maxD-minD)+0.1; ° I 9 A GI, Yt
Sl= data = xlsread('InputTraining.xlsx'); MHUA LATITITNVOUATOVIY I
€ - P= (data - minD)/ (maxD-minD)+0.1; frsoulusudeuy = 2 uasi)
= P=p'; v

8= Target = xlsread('TargetTraining.xlsx'): ﬁ';jf]u“luéﬂ"um1ﬁwm =1

Gl = T =(Target - minD)/ (maxD-minD)+0.1; i
10 - T = P2
L = lnet=neuff-m1nmax (P),[2 1],(‘10931‘;1',‘1:&11‘&1111‘),‘tLalnlm');] % ANN2
2l = net.trainParam.epochs=3000;
131 = net.trainParam.goal=0.0001;
14 - net.trainParam.min_grad = 1.00e-25;
15 - net.trainParam.mu_Max = 1.00e+10; ﬁmuﬂmﬁuﬁ’umm Weight
16 - net.iv{l, 10,5 ORSNBESHO, S} OF S¢OmS])g

17 — net.lw{2,1}=[0.5 0.5]; 119y Bias
18 = net.b{1}=[0<S 0.5)':

19 - net.b{2}=[0.5]"';

o
I

net = train(net,P,T):
DataTest = [DatalNor (é0) DataNor (49) Datallor (48):
Datalor (é€1) DatalNor (S0) Datallor (49) ; A5IE D1

-
I

(3]

2

2

2

23 ' o DatalNor (€2) DataNor (S51) DatalNor (S0): —

24 AT DataNor(€3) DatalNor (S52) DataNor (51):

25 DatalNor (64) DataNor (53) Datalor (52)]':

26 — TarTest = [DatalNor (€1l) DataNor (€2) DatalNor (€3) DataNor (é€4) DatalNor (€S)]: ]

27 = aTest = sim(net,DataTest);

28 % Show predict value and calculate SSE, MAE, RMSE and MAPE L’é)']ﬁW@]"U’EN"]fﬂ
= ] a

29 - Actual _Value = (TarTest-0.1).?* (maxD-minD)+minD; v

30 - Predict_Value = (aTest-0.1).* (maxD-minD)+minD; mayamnﬁan

31 = Error = Actual Value-Predict_Value; N\

32 - E1 = 100*Error./Actual_Value; L famaaianaeu SSE,

33| = SSE_NN = sum(Error.*Error):;

34 - MAE NN = mean(abs(Error)):; MAE, RMSE, MAPE

35 = RMSE NN = sqrt (sum(Error.*Error) £5):

36 - MAPE NN = sum(abs(E1))/S;

o 9 o 9 =

4.13 %ﬂﬁTﬁQﬁiN@’JLLUUWﬁNWﬁTH ANN2 v93gavayan 1

=).

31
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Electric_Units

776.32
836.16
925.55
1026.5
1082.18
1003.41
930.91
876.83
873.47
820.6
787.33
773.99
(a) AllEuse

NV D WN -

pub b b |k
WM =o'

1 Yt- 1 Yt- 12 Yt- 13 1 Yt

2 707.16  836.16  776.32 2 787.29
3 787.29  925.55  836.16 3 806.64
4 806.64 1026.5 925.55 4 864.58
5 864.58 1082.18 1026.5 5 968.86
6 968.86 1003.41 1082.18 6 933.59
7 933.59 930.91 1003.41 7 912.8
8 912.8 876.83 930.91 8 902.59
9 902.59 873.47 876.83 9 886.08
10 886.08 820.6 873.47 10 830.9
11 830.9 787.33 820.6 11 886.93
12 886.93 77399 787.33 12 703.06
13 703.06 707.16  773.99 13 811.41

(b) InputTraining (c) TargetTraining

A @ 1 9 Ao Y o o 9 @ 9 A
:.Ji“lJ‘VI 4.14 GI'J’E]EH\‘WJE]?J“@Wi%iu“ﬁﬂﬂ?ﬁﬂﬁi'lﬂ@fluﬂﬂNﬁllﬂ’ﬁ?u ANN VIYAvDUAN 1

4 o A 9 o 2 o 9 o o Y
Lﬁ@ﬂ?!uuﬂ’lﬁﬁﬁ’]\iﬁﬁllﬂﬂW'ﬁllWﬁ’lu ANN N4 4 ey ﬂ?ﬂﬁﬂﬂ’lﬁ\‘lﬁi’l\?

H H Y v v
AIVUNTUNTIU ANN mmamammm"lﬂugﬂ‘ﬂ 4.13 91NUU 1]533J3E1Wﬁ°1§ﬂﬁ1ﬁ\161l0\11/]\1 4

@ 1 J H 1 = U
ALY ul@gljﬂ1WEﬂﬂi‘m 5 A1Uan mumﬁaumimu ﬁﬁlﬁfluWﬂ‘HﬂWﬂN “lJ‘IN.ﬁ. 2558 A1 RMSE

1 1 o < [ {
1agn1 MAPE 993089130111 Lﬂummiwﬁ 43

{ ' C4 @ A
G]'lﬁ'l\?‘ﬁ 4.3 Waﬂ'liﬂldiflﬂlﬁEl‘]Jﬂ'leJ']ﬂfl'mGU’E]\?@'JLLU‘UNﬁiJWﬁ']u ANN ﬂlﬂﬁﬂgﬂﬂgllaylaﬂ 1

Lo ua | aw | U | we. | wa.
niedme Tl SSE | MAE |RMSE [MAPE
2558 | 2558 | 2558 | 2558 | 2558
fhﬁﬂlﬂ@lﬂaiﬂ 745.82| 853.6011017.8911100.93(1216.77 - - - -
ANOINTAUDIA LU
806.67| 828.23| 97295|1155.25(1213.39| 9328 37.77| 43.19 4.15
WALHATL ANNT
ANOINTAUDIA LU
809.22| 845.37| 936.87(|1146.96(1215.41| 12771 40.01| 50.54 4.34
WENEU ANN2
ANOINTAIUDIA UL
789.42| 850.48| 947.31|1189.77({1231.58| 15004| 44.19| 54.78 449
WALAEIU ANN3
ANOINTDIUDIA UL
792.05| 786.36| 675.80(1166.77(1303.95|135630| 121.72| 164.70| 12.17
WANHAT ANN4




124

) @ { 4 o L4 @ Y
ﬁ1ﬁ§ﬂ%ﬂﬂijﬂy’ﬁﬁ 1 Lﬁﬂu1ﬂ1WﬂWﬂiﬂ!ﬂlf}\W]’Jll°}JUWﬁiJW?HL! ANN N4 4

awuy nadunsliduSeuieunumdunasa lanaasgli 4.15

Plot Zoom - 0O “

g

1300 | —@— A UNADIA
-'.-- G?"]ll"ll‘ilNﬁ‘llNﬂ"]‘lJ ANN1

1200 A

@ G NINALNEIY ANND

S1100 4 * AUVVNTUNEIN ANN3
=== = GIUUHAUNT Y ANN4

1000 —

900 -

800 -

700 —

600

Electrical Power Distribution Unit (Million Unit)

Jan Feb Mar Apr May

Month in 2015

517 4.15 nsnlamernsalvosdnnukaunaIL ANN tazmauna131vedyatoyad |
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Yt-12
[ ]

. - L

Yt-13 IUIUUITOU AR
Yt
= a
1994 1739U

Ve-24 Output Layer
Yt-25

Input Layer Hidden Layer

P~ 9 o Ag Yo a 9 ~
:.Jiﬂ‘ﬂ 4.16 Iﬂi\?ﬁ'iNﬂJﬂ\W]’)LL‘UUWﬁMWﬁWU ANN ‘vfl“mnuumimaammﬁmmaya‘w 2

1 [Electric Unts |, Y, Y12 Yt13 Yi-24 Yi-25 1 Yi
2 468.06/ ;' 53108 46219 469.16  468.9 468.06 2 545.19
3 468.9° 3 | 54519 53754 462.19 535.74 4689 3 614.1
| 4 335.74) 4 614.1 499.42 537.54 518.36 53574 4 562.77
| 5 518.36/ 5 | 56277 537.55 499.42 54553 518.36 5 618.52
6 54553 5 | 618.52 52957 537.55 512.13 54553 6 578.38
7 51213 7| 57838 550.87 529.57 529.98 512.13 7 602.21
| 8 529.98 g 602.21 553.12 550.87 516.41 52998 8 589.98
| 9 51641 o 589.98 539.2 553.12 499.85 51641 9 567.81
|10 499.85| 10| 567.81  539.92 539.2 510.02 499.85 10 592.87
11 510.02) 11| 592.87 520.39 539.92 477.13 510.02 11 596.46
|12 47743, 12 596.46 503.93 520.39 485.09 477.13 12 589.8
|13 485.09/ 13 589.8 521.98 503.93 469.16 ~485.09 13 564.15
(a) AllEuse (b) InputTraining (c) TargetTraining
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Lo WA | nw | R | e | W,
niedme Tl SSE | MAE | RMSE | MAPE
2558 | 2558 | 2558 | 2558 | 2558
AFUNADI 577.23 | 554.35| 690.87 | 648.95 | 691.64 - -
ANINTAUDIA AL
571.62| 567.08| 658.42| 650.11]659.33| 2291| 16.85| 21.41| 2.56
NAUHETY ANN1
ANENTAVOIA UL
588.96| 586.73| 683.42| 644.31|676.82| 1482| 1420| 17.22| 236
NANHE T ANN2
ANNTBVOIA UL
591.56| 594.50 | 665.58 | 621.83| 665.46| 3878| 26.61| 27.85| 427
NANHE T ANN3
ANONTDVOIA UL
610.75| 578.55| 651.53| 409.10| 712.88 | 61235| 71.63| 110.67| 11.18
NAUHE T ANN4
HDINAINEININUOIAIVUNTUHE I ANN N9 4 @20Y W1a3 1305

dunSeuiounumdunanse dmsugadoyad 2 Idnasagili 4.18
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423  wamsnageuademnvuNaNNaIsznNggluuveslaNIadNAVMAA

v d day v 1 v A a v a R
FNNDIAINABIIUNIAVY HIINNUIUANIANDINN

9 @ 7Y A o 4 (5 v Y 9
MITITNAWUUWGNNTUAWIUNAUATNNDTANNNDIT TNTTAYU (SVR) 61%615%%@1

q U

= 1A @ a 1 a I A Aa a 4 a 4

AnaouuaeINumaila ANN uamatia SVR umatanlinsilimes Iagnilimeiued SVR
a o A s A s s Jo A

Uszneunemsiines C(Cos) 1311imes € (Epsilon) tazyniimes veunesaleansunlalu

@ g o 1 a 4
SVR!.m%Mﬂﬂﬁ“ﬂﬂﬁﬂ‘ﬂﬁ%}ﬁ@?!m‘u SVR mﬂﬂgﬂ%’ayaﬂﬂaaum 2 %@ TagmMruAN NS 1HINDS

= A 4

1 v 1A 9 1 J d o d‘ Y :, =
unaza Nt uAIT AU (Default) WU nosaneantun 1¥n1 RMSE taz MAPE dflga Ao ailes

Q
9
v

4 . [ = Y A o 4 I 4 < o ) o 9 o

19311 (Linear kernel) AU U ‘Dﬁﬁlﬂfaluﬂﬁlﬂﬂﬁlua Lﬂutﬂ@ﬁlu@iﬁﬁﬂsﬁuﬁ'lﬁﬁ‘Uﬂ’]ﬁﬁﬁ']\iﬁ’lllllll
A A ¢ < < s do Ay 1A a ¢ o & a ¢
WNHUNT1U SVR Iﬂﬂﬂaluaﬁlﬂﬂﬁlua Lﬂu&ﬂ@ﬁluaﬁ\jﬂsﬁumquu‘W’]ﬁ’]lll@]’ﬂi ANUU WITTUDTUDN
a o dy =2 A v A a 4 ) 1 a 14

SVR Gl,uﬂuil gU Y 2 A9 AD NIT1URBT C Ly € Iﬂﬂﬂ'ﬁﬂ']ﬁuﬂﬂ'lw'lﬁ']lllﬁﬂﬁsll@\i SVR
d‘ d‘ o a 2/_, d‘ 9 U FY d' 9 ~ a [ Aa SR .
NUVITTUNG A ﬂzﬂ’]LHUﬂ'ﬁﬁ'ﬁJﬂJu@]@umqﬂﬂa']'Jul'ﬂ,u UNN 3 AYAUUNNDANDTNUY (Genetic

. = o @ A A o AR aa 9 Jd o @ 9 =2 ~
algorithm) FIYANTIVDIVUUANDANDINY NVYUAIYNIYIDTT ﬁ'lﬁﬁﬂ‘lfﬂm@yap\]ﬂﬁ@u%ﬂﬂ 1uag

4o e (4 o )
AN 2 Juaegal 4.19 nazgan 420 mudey

TrainLoad1<-read.csv(file="d:/CodeR/Data/TrainingMEA.csv", header=TRUE, sep=",")
InV1<-data.frame(TrainLoad1$ValT1,TrainLoad1$ValT12, TrainLoad1$ValT13)
evaluatel <- function(string=c()) {
returnVal = NA;
if (length(string) == 2) {
modell <- sym(x=InV1,y=TrainLoad1$Target, kernel="linear", cost=string[ 1], epsilon=string[2])
newdatal = data.frame(Vall=TrainLoad1$ValT1,Val2=TrainLoad1$ValT12,
Val3=TrainLoad1$ValT13)
ForeSVMI1 <- predict(modell,newdata=newdatal)
error <- TrainLoad1$Target - ForeSVM1
returnVall=sqrt(mean(error"2))
} else { stop("Expecting a chromosome of length 2!"); }
returnVall

}
rbga.results = rbga(c(1, 0.001), ¢(32, 0.1), evalFunc=evaluate1, verbose=TRUE, mutationChance=0.01)

o & v ' A s = Yy A a o a= 9 = ~
4.19 Glfﬂﬂ”Iﬁ\‘]ﬂi!ﬁ”lﬂ”lW”li”l?JL@]ﬂﬁ‘V]Wilﬂ%ﬁlﬁ/]q@ﬂ')Eﬁ]Luﬁﬂ@aﬂﬂi%ﬂﬂlﬂﬂm@ﬂgﬁﬁlﬂﬁ@uijﬂ‘ﬂ 1
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TrainLoad2<-read.csv(file="d:/CodeR/Data/TrainingPEA.csv", header=TRUE, sep=",")
InV2<-data.frame(TrainLoad2$ValT1,TrainLoad2$ValT12,TrainLoad2$ValT13,
TrainLoad2$ValT24, TrainLoad2$ValT25)
evaluate2 <- function(string=c()) {
returnVal = NA;
if (length(string) == 2) {
model2 <- svm(x=InV2,y=TrainLoad2$ Target, kernel="linear", cost=string[1], epsilon=string[2])
newdata2 = data.frame(Vall= TrainLoad2$ValT1,Val2= TrainLoad2$ValT12,
Val3= TrainLoad2$ValT13, Vald= TrainLoad2$ValT24,Val5= TrainLoad2$ValT25)
ForeSVM2 <- predict(model2,newdata=newdata2)
error <- TrainLoad2$Target - ForeSVM2
returnVal2=sqrt(mean(error”2))
} else { stop("Expecting a chromosome of length 2!"); }
returnVal2
H
rbga.results = rbga(c(1, 0.001), c(64, 0.1), evalFunc=evaluate2, verbose=TRUE, mutationChance=0.01)

! = Y

a ) 1 a o A A o a =R 9 = A
E‘IJ‘VI 4.20 Gljﬂﬂ'lﬁ\‘i‘ﬂuﬁ']ﬂ']W']i'lllL@]@ﬁVILWﬁJTSﬁﬁJVIq@ﬂ'Jflfﬂluglﬂ@ﬁﬂ@ﬁﬂﬂﬂl@ﬁm@gaﬂﬂﬁ@u“yﬂﬂ 2

iedudumsiszuranagamdining i 4.19 uaz 4.20 ldnamsnadon A

5N 4.21 nazgin 4.22

QU

Console P
> cat(summary(rbga.results)) A
GA Settings

Type = floats chromosome

Population size = 200

Number of Generations = 100

Elitism = 40

Mutation Chance = 0.01
Search pomain . .

var 1 = [1,32] Optimal C Optimal &€

var 2 = [0.001,0.1]
GA Results

Best Solution : 28.8081517037936 0.0372441845766734
>

A F) 1 a A A Y A a o a K 9 A
g'ﬂ‘ﬂ 4.21 Wﬁﬂﬁﬂu‘l’ﬂﬂ'lWﬁnJLﬂ@i‘m‘l’mmﬁu‘ﬂﬁjﬂﬂ’Jfﬁlluﬂﬂﬂﬁﬂ@iﬂﬂﬂl@ﬁﬂl@uﬁﬁﬁﬂﬁﬂu‘gﬂﬂ 1
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Console

> cat(summary(rbga.results))

GA Settings
Type

floats chromosome

pPopulation size = 200
Number of Generations = 100
Elitism = 40
Mutation Chance = 0.01
Search pomain . .
var 1 = [1,64] Optimal C Optimal €
var 2 = [0.001,0.1]
GA Results

Best Solution : 60.4265839820728 0.0998526274086908

>

~ 9 1 a o A A Yy A a o a R 9 A
QT]J‘i/] 422 Wﬁﬂ'lﬁﬂuﬂ'lﬂWW'lﬁ'lﬂJLﬁ@iﬂlﬂh?%ﬁu‘ﬂq@@Jﬂﬂluﬁﬂﬂﬁﬂﬂiﬂuﬂl@\ﬂl@y’aﬁﬂﬁﬁ]u“]ﬁfﬂ‘ﬂ 2

' e ~ P H 4 A o a o 9
e lammsiimes C uag € Mmzaunganniuandanosny 30 114

ASWAWMVVRAUHEU (50071 AMVURANNETU GASVR Aregamdaniugili 4.23 uag 4.24

Trainload1<-read.csv(file="d:/CodeR/Data/TrainingMEA.csv", header=TRUE, sep=",")

InV1<-data.frame(Trainload1$ValT1,Trainload1$ValT12, Trainload1$ValT13)

modell <- svm(x=InV1,y=Trainload1$Target,kernel="linear",
cost=28.8081517037936,epsilon=0.0372441845766734)

TestLoad1<-read.csv(file="d:/CodeR/Data/TestMEA.csv", header=TRUE, sep=",")

newdatal = data.frame(Vall=TestLoad1$ValT1,Val2=TestLoad1$ValT12,Val3=TestLoad1$ValT13)

ForeSVMI1 <- predict(modell,newdata=newdatal)

error <- Testload1$ActualValue - ForeSVM1

err2 <- (Testload1$ActualValue - ForeSVM1)/Testload1$ActualValue

SSE_GASVRI <- sum(error’2)

SSE_GASVRI

MAE_GASVRI <- mean(abs(error))

MAE GASVRI1

RMSE_GASVRI <- sqrt(mean(error’2))

RMSE_GASVRI

MAPE_GASVR1<-mean(abs(100*err2))

MAPE_GASVRI1

31N 4.23 gasdsaduAmuURauNaIL GASVR vodeyarnasusgad 1
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Trainload2<-read.csv(file="d:/CodeR/Data/TrainingPEA.csv", header=TRUE, sep=",")

InV2<-data.frame(Trainload2$ValT1,Trainload2$ValT12, Trainload2$ValT13,

model2 <- svm(x=InV2,y=Trainload2$Target,kernel="linear",

Testload2<-read.csv(file="d:/CodeR/Data/TestPEA.csv", header=TRUE, sep=",")

newdata2 = data.frame(Vall=Testload2$ValT1,Val2=Testload2$ValT12,Val3=Testload2$ValT13,

ForeSVM2 <- predict(model2,newdata=newdata2)

error <- Testload2$ ActualValue - ForeSVM2

err2 <- (Testload2$ActualValue - ForeSVM?2)/Testload2$ActualValue
SSE_GASVR?2 <- sum(error”2)

SSE_GASVR2

MAE_GASVR?2 <- mean(abs(error))

MAE GASVR2

RMSE_GASVR2 <- sqrt(mean(error’2))

RMSE_GASVR2

MAPE_GASVR2<-mean(abs(100*err2))

MAPE_GASVR2

Trainload2$ValT24,Trainload2$ValT25)

cost=60.4265839820728,epsilon=0.0998526274086908)

Val4=Testload2$ValT24,Val5=Testload2$ValT25)

51N 4.24 gaendsad A MUUHENRATY GASVR voatoyainaeusyad 2

HANIINAABUAT WAMWVUNAUNAIU GASVR laa1ne1nsaifieumneuny
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G q

A1939 A1 RMSE #azaA1 MAPE vpgav03ana 2 4a #an1319h 4.5 iehnmennsaivesdoya
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{ 1 4 1 4 (% g}z
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oL A, | A | WA | me | wa.
wies el SSE | MAE | RMSE | MAPE
2558 | 2558 | 2558 | 2558 | 2558
AT UNATI VDA
9
Joyams Wihwuns | 745.82| 853.60/1017.89(1100.93|1216.77 - - - -
W (Toyayad 1)
AMEINTBIVDIA MDY
786.15| 814.86| 969.63|1114.64|1166.55| 8166| 38.25| 4041 4.01
HAUNETY GASVR1
AT UNATIIUDIYA
Foyamslwihaiu | 577.23] 55435| 690.87| 648.95| 691.64 - - - -
9ilmA (@oyayai 2)
AMEINTBIVDIA NI
586.58| 581.82| 694.75| 649.63| 689.98|  860| 861| 13.12| 150
AWMU GASVR2
(X Plot Zoom - o IEN
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424  @AMINAABUIAANUNUMUVDIANIMVUN TN U
Lﬁamﬁaummwumuiumiwmﬂmfmaw‘i’muuwﬁuwmu ANN tag@ My

NN GASVR 1f3euiieuduaiiuy ARIMA 39duiiunsnaaaudlenisalasuuiag
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Q U

AT EIUATINAL 6 MFuna auneg bignsoaasaumdunavesgadoyainaould
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9

9

nqu | gadeya | yadeya JUuuY ARIMA BUNAIN ARIMA | Hybrid ANNT |  Hybrid | MAPE of | MAPE of

Hnaeu | asiadou giuvy GASVR | Hybrid | Hybrid

M| % [T % 90 193INTA%HN | RMSE | MAPE | RMSE | MAPE | RMSE |[MAPE| ANNI | GASVR

/ ARIMA | / ARIMA

1| 60 |92%| 5 | 8% | ARIMA(1,0,0x(1,0,0) | t-1,t-12,t-13 | 57.18| 4.80| 43.19| 4.15| 40.41| 4.01| -13.54%| -16.41%

2 | 54 [83%| 11 |17% | ARIMAG,0,00x(1,0,0) | t-1,t:2,t:3,¢-12, | 72.10| 6.02| 48.47| 3.75| 35.13| 3.15| -37.71%| -47.72%
13, t-14; t-15

3| 48 [74%| 17 [26% | ARIMA(1,0,00x(1,1,0) | t-1, 12, 13, | 75.87| 7.02| 76.12| 6.29| 72.40| 6.00| -10.40%| -14.50%

24, t-25

4 | 42 |65%| 23 |35% | ARIMA(1,0,0x(1,0,0) | t-1,¢12, 13  [111.46| 9.83| 59.62| 4.99| 64.12| 548 -49.24%| -44.24%

5 | 36 [55%| 29 |45% | ARIMA(1,0,00x(1,0,0) | t-1, =12, 13 |131.13| 10.80| 78.61| 5.95| 73.11| 576| -44.91| -46.70%

6 | 30 [46%| 35 |54% | ARIMA(0,1,00x(0,1,0) | t-1,¢-12,¢-13  |104.13| 9.02|104.53| 10.07| 64.53| 4.98| +11.64%| -44.80%

7 | 24 [37%| 41 |63% | ARIMA(1,0,0) t-1 176.35| 14.74| 89.08| 7.15| 89.65| 7.31| -51.49%| -50.45%

8 | 18 |28%| 47 |72% | ARIMA(2,0,0) 1, 2 146.43| 11.73] 86.79| 6.97| 75.57| 637| -40.58%| -45.70%

9 | 12 [18%| 53 |82% | ARIMA(2,0,0) t=1, t-2 130.78| 10.41| 78.00| 6.67| 7543| 6.60| -35.93%| -36.54%

10 | 6 |9% | 59 |91%| lutiguny ARIMA | luiidumna Tudidwoy | ludidwoy | lulidwowy - -
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9

9

nqu | yeveya | yeveya | JUuuu ARIMA | Buwanngduuy ARIMA Hybrid Hybrid  |MAPE of| MAPE of
Andou AT 20 IA3INTAFN ANN2 GASVR Hybrid | Hybrid
VU % [ UIU] % RMSE | MAPE | RMSE | MAPE | RMSE |[MAPE| ANN2 | GASVR
/ ARIMA |/ ARIMA
1 | 60 |92%| 5 | 8% |ARIMA(1,0,0x(1,1,0)|t-1, =12, t-13, 24, 25| 15.09| 2.08| 17.22| 2.36| 13.12| 1.50| 13.46%| -27.93%
2 | 54 [8%| 11 |17% |[ARIMA(1,0,0)x(1,1,0)| t-1, t-12, t-13, t-24, t-25| 10.02| 1.44| 19.92| 2.73| 14.14| 1.84| 89.58%| 28.15%
3| 48 [ 74% | 17 [26% |ARIMA(1,0,0)x(1,1,0)| -1, t-12, t-13, t-24, t-25| 28.24| 3.99| 35.49| 4.97| 2620 3.30| 24.56%| -17.18%
4 | 42 |65% | 23 |35% |[ARIMA(0,1,0)x(1,1,0)| -1, t-12, t-13, 24, t-25| 34.01| 4.53| 35.58| 5.15| 24.79| 2.93| 13.69%| -35.32%
5 | 36 [55% | 29 |[45% |ARIMA(0,1,00x(0,1,0)|t-1, t-12, t-13 12722 18.90| 4554/ 5.75| 20.32| 2.67| -69.58%| -85.87%
6 | 30 |46% | 35 |[54% |ARIMA(0,1,00x(0,1,0)|t-1, t-12, t-13 51.60( 7.11| 72.63| 9.70| 23.84| 3.31| 36.43%| -53.40%
7 | 24 [37% | 41 |63% |ARIMA(1,0,0) t-1 103.75| 15.26| 4,275| 524.25| 63.72| 825 3,335%| -45.92%
8 | 18 |28% | 47 |72% |ARIMA(0,0,0) Tuigune amennsal - | litinsad | Tilimsads - -
Slumaei AL AN
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library("forecast", lib.loc="~/R/win-library/3.2")

library("fUnitRoots", lib.loc="~/R/win-library/3.2")

# MEA traditional model

# Create SLR model

SLRDF1 <- read.csv(file="d:/CodeR/Data/EuseMEA SLRmodel.csv", header=TRUE, sep=",")
SLRfit1 <- glm(SLRDF1[, 4] ~ SLRDF1[, 3])

PredictSLR1 <- predict(SLRfit1, n.ahead=5)

# Create Holt-Winters model

HoltWintersDF 1 <- read.csv(file="d:/CodeR/Data/EuseMEA2010 2014.csv",header=TRUE,
sep="")

HoltWintersTS1 <- ts(HoltWintersDF 1[, 3], start=c(2010, 1), end=c(2014, 12), frequency=12)
HWfitl <- HoltWinters(HoltWintersTS1)

PredictHW 1 <- predict(HWfit1, n.ahead=5)

#Box and Jengins ARIMA model

#ARIMA of MEA

arimaDF1 <- read.csv(file="d:/CodeR/Data/EuseMEA2010 2014.csv", header=TRUE, sep=",")
arimaTS1 <- ts(arimaDF 1[, 3], start=c(2010, 1), end=c(2014, 12), frequency=12)
p<-arimaorder(auto.arima(arimaTS1))[1]

d<-arimaorder(auto.arima(arimaTS1))[2]

g<-arimaorder(auto.arima(arimaTS1))[3]

P<-arimaorder(auto.arima(arimaTS1))[4]

D<-arimaorder(auto.arima(arimaTS1))[5]

Q<-arimaorder(auto.arima(arimaTS1))[6]

arimaM|1 <- arima(arimaTS 1, order=c(p, d, q) ,list(order=c(P, D, Q), period=12))
PredictARIMA1 <- predict(arimaM 1, n.ahead=5)

#Measure error: SSE, MAE, RMSE and MAPE
TestSet1<-read.csv(file="d:/CodeR/Data/EtestMEA1 5 2015.csv")

Actual1<-c(TestSet1$Electric_Units)




156

ForecastSLR 1<-c(PredictSLR1[61:65])
err1SLR1 <- Actual1-ForecastSLR1

err2SLR1 <- (Actuall-ForecastSLR1)/Actuall
sseSLR 1<-sum(err1SLR1"2)

maeSLR 1<-mean(abs(err1SLR1))

rmseSLR1 <- sqrt(mean(err1 SLR1/2))
mapeSLR 1<-mean(abs(100*err2SLR 1))
ForecastHW 1<-c(PredictHW 1[1:5])

errIHW1 <- Actual1-ForecastHW

err2HW1 <- (Actual1-ForecastHW 1)/Actuall
sseHW 1<-sum(err IHW172)

maeHW 1<-mean(abs(errIHW 1))

rmseHW 1 <- sqrt(mean(err IHW 112))
mapeHW 1<-mean(abs(100*err2HW 1))
ForecastARIMA 1<-c(PredictARIMA 1$pred[1:5])
errlARIMA1 <- Actual1-ForecastARIMA 1
err2ARIMA1 <- (Actual1-ForecastARIMA 1)/Actual 1
sseARIMA 1<-sum(errIARIMA 112)
maeARIMA 1<-mean(abs(errlARIMA 1))
rmseARIMA1 <- sqrt(mean(errl ARIMA172))
mapeARIMA 1<-mean(abs(100*err2 ARIMA1))
sseSLR1

maeSLR1

rmseSLR1

mapeSLR1

sseHW 1

maeHW 1

rmseHW1

mapeHW 1

sseARIMA 1
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maeARIMA 1

rmseARIMA 1

mapeARIMA 1

# PEA traditional model

# Create SLR model

SLRDF?2 <- read.csv(file="d:/CodeR/Data/EusePEA_SLRmodel.csv", header=TRUE, sep=",")
SLRfit2 <- glm(SLRDF2[, 4] ~ SLRDF2[, 3])

PredictSLR2 <- predict(SLRfit2, n.ahead=5)

# Create Holt-Winters model

HoltWintersDF2 <- read.csv(file="d:/CodeR/Data/EusePEA2010 2014.csv",header=TRUE,
sep="")

HoltWintersTS2 <- ts(HoltWintersDF2[, 3], start=c(2010, 1), end=c(2014, 12), frequency=12)
HWIfit2 <- HoltWinters(HoltWintersTS2)

PredictHW2 <- predict(HWfit2, n.ahead=5)

#ARIMA of PEA

arimaDF2 <- read.csv(file="d:/CodeR/Data/EusePEA2010 2014.csv", header=TRUE, sep=",")
arimaTS2 <- ts(arimaDF2[,3], start=c(2010,1), end=c(2014,12), frequency=12)
p<-arimaorder(auto.arima(arimaTS2))[1]

d<-arimaorder(auto.arima(arimaTS2))[2]

g<-arimaorder(auto.arima(arimaTS2))[3]

P<-arimaorder(auto.arima(arimaTS2))[4]

D<-arimaorder(auto.arima(arimaTS2))[5]

Q<-arimaorder(auto.arima(arimaTS2))[6]

arimaM?2 <- arima(arimaTS2, order=c(p, d, q) ,list(order=c(P, D, Q), period=12))
PredictARIMA?2 <- predict(arimaM2, n.ahead=5)

#Measure error: SSE, MAE, RMSE and MAPE
TestSet2<-read.csv(file="d:/CodeR/Data/EtestPEA1 5 2015.csv")
Actual2<-c(TestSet2$Electric_Units)

ForecastSLR2<-c(PredictSLR2[61:65])

err1 SLR2 <- Actual2-ForecastSLR2
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err2SLR2 <- (Actual2-ForecastSLR2)/Actual2
sseSLR2<-sum(err 1 SLR2"2)
maeSLR2<-mean(abs(err1 SLR2))

rmseSLR2 <- sqrt(mean(err1 SLR2"2))
mapeSLR2<-mean(abs(100*err2SLR2))
ForecastHW2<-c(PredictHW2[1:5])

errIHW2 <- Actual2-ForecastHW2

err2HW2 <- (Actual2-ForecastHW2)/Actual?2
sseHW 2<-sum(err IHW2/2)
maeHW2<-mean(abs(errIHW?2))

rmseHW2 <- sqrt(mean(err IHW2/2))
mapeHW2<-mean(abs(100*err2HW?2))
ForecastARIMA 2<-c(Predict ARIMA 2$pred[1:5])
errlARIMA?2 <- Actual2-ForecastARIMA2
err2ARIMA?2 <- (Actual2-ForecastARIMA2)/Actual?
sseARIMA 2<-sum(errl ARIMA2/2)
maeARIMA 2<-mean(abs(err1ARIMA?2))
rmseARIMA?2 <- sqrt(mean(err1ARIMA2"2))
mapeARIMA 2<-mean(abs(100*err2 ARIMA?2))
sseSLR2

maeSLR2

rmseSLR2

mapeSLR2

sseHW2

maeHW?2

rmseHW?2

mapeHW2

sseARIMA?2

maeARIMA?2

rmseARIMA?2
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mapeARIMA?2

# END PROGRAM

% Tusunsuad1adanuy Hybrid ANN ae1151n53 Matlab

clear all

close all

cle

AllData = xlIsread('AllEuse.xlsx");

minD = min(min(AllData))

maxD = max(max(AllData))

DataNor = (AllData - minD)/(maxD-minD)-+0.1;

data = xlsread('InputTraining.xIsx");

P= (data - minD)/(maxD-minD)+0.1

P=P';

Target = xlsread('TargetTraining.xIsx");

T=(Target - minD)/(maxD-minD)+0. 1

T=TY,

Y%net=newff(minmax(P),[4 1],{'logsig','purelin'},'trainlm'); %ANN4
Yonet=newff(minmax(P),[3 1],{'logsig','purelin'},'trainlm'); %ANN3
Yonet=newff(minmax(P),[2 1],{'logsig','purelin'},'trainlm"); %ANN2
net=newff(minmax(P),[1 1],{'logsig','purelin'},'trainlm'); %ANN1
net.trainParam.epochs=3000;

net.trainParam.goal=0.0001;

net.trainParam.min_grad = 1.00e-25;

net.trainParam.mu_Max = 1.00e+10;

%ANN4 [4 1]

%net.iw{1,1}=[0.50.5 0.5;0.5 0.5 0.5;0.5 0.5 0.5;0.5 0.5 0.5]

%net.lw{2,1}=[0.50.5 0.5 0.5]

%net.b{1}=[0.50.50.50.5]'
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%net.b{2}=[0.5]'

%ANN3 [3 1]

%net.iw{1,1}=[0.5 0.5 0.5;0.5 0.5 0.5;0.5 0.5 0.5]

%net.lw{2,1}=[0.5 0.5 0.5]

%net.b{1}=[0.50.50.5]'

%net.b{2}=[0.5]'

%ANN2 [2 1]

%net.iw{1,1}=[0.5 0.5 0.5;0.5 0.5 0.5]

%net.Iw{2,1}=[0.5 0.5]

%net.b{1}=[0.50.5]'

%net.b{2}=[0.5]'

%ANNI1 [1 1]

net.iw{1,1}=[0.5 0.5 0.5]

net.lw{2,1}=[0.5]

net.b{1}=[0.5]'

net.b{2}=[0.5]'

net = train(net,P,T);

% Calculate SSE, MAE, RMSE and MAPE

DataTest = [DataNor(60) DataNor(49) DataNor(48);
DataNor(61) DataNor(50) DataNor(49);
DataNor(62) DataNor(51) DataNor(50);
DataNor(63) DataNor(52) DataNor(51);
DataNor(64) DataNor(53) DataNor(52)]";

TarTest = [DataNor(61) DataNor(62) DataNor(63) DataNor(64) DataNor(65)];

aTest = sim(net,DataTest);

Actual Value = (TarTest-0.1).*(maxD-minD)+minD

Predict Value = (aTest-0.1).*(maxD-minD)+minD

Error = Actual Value-Predict Value;

E1 = 100*Error./Actual Value;

SSE_NN=sum(Error.*Error)
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MAE_NN=mean(abs(Error))
RMSE_NN = sqrt(sum(Error.*Error)/5)
MAPE_NN = sum(abs(E1))/5

% END PROGRAM

# Tdsunsuad1emuu Hybrid GASVR @aea1u1015

# MEA
# Find optimal parameter by GA
TrainLoad1<-read.csv(file="d:/CodeR/Data/TrainingMEA.csv", header=TRUE, sep=",")
InV 1<-data.frame(TrainLoad1$ValT1,TrainLoad1$ValT12,TrainLoad1$ValT13)
evaluatel <- function(string=c()) {
returnVal = NA;
if (length(string) == 2) {
modell <-
svm(x=InV1,y=TrainLoad 1$ Target,kernel="linear",cost=string[ 1],epsilon=string[ 2])
newdatal =
data.frame(Val1=TrainLoad1$ValT1,Val2=TrainLoad1$ValT12,Val3=TrainLoad1$ValT13)
ForeSVMI1 <- predict(model 1,newdata=newdatal)
error <- TrainLoad1$Target - ForeSVM1
returnVal1=sqrt(mean(error’2))
}else {
stop("Expecting a chromosome of length 2!");
}
returnVall
}
rbga.results = rbga(c(1, 0.01), c(64, 1),
evalFunc=evaluatel, verbose=TRUE, mutationChance=0.01)
cat(summary(rbga.results))

# End of Finding optimal parameter
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#create optimal GASVR model and find error
Trainload 1<-read.csv(file="d:/CodeR/Data/TrainingMEA.csv", header=TRUE, sep=",")
InV1<-data.frame(Trainload1$ValT1,Trainload 1$ValT 12, Trainload1$ValT13)
modell <- sym(x=InV 1,y=Trainload 1$ Target,kernel="linear",cost=28.8081517037936,
epsilon=0.0372441845766734)
TestLoad1<-read.csv(file="d:/CodeR/Data/TestMEA.csv", header=TRUE, sep=",")
newdatal =
data.frame(Val1=TestLoad1$ValT1,Val2=TestLoad1$ValT12,Val3=TestLoad1$ValT13)
ForeSVMI1 <- predict(model1,newdata=newdatal)
error <- Testload1$ActualValue - ForeSVM 1
err2 <- (Testload1$ActualValue - ForeSVM1)/Testload 1 $ActualValue
SSE_GASVRI1 <- sum(error’2)
SSE_GASVRI
MAE GASVRI1 <- mean(abs(error))
MAE_GASVRI
RMSE GASVRI <- sqrt(mean(error2))
RMSE _GASVRI
MAPE_GASVR 1<-mean(abs(100*err2))
MAPE _GASVRI
# End of optimal GASVR model
# End of MEA
# PEA
# Find optimal parameter by GA
TrainLoad2<-read.csv(file="d:/CodeR/Data/TrainingPEA.csv", header=TRUE, sep=",")
InV2<-
data.frame(TrainLoad2$ValT1,TrainLoad2$ValT12,TrainLoad2$ValT13,TrainLoad2$ValT24,
TrainLoad2$ValT25)
evaluate2 <- function(string=c()) {

returnVal = NA;

if (Iength(string) == 2) {
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model2 <-
svm(x=InV2,y=TrainLoad2$Target,kernel="linear",cost=string[ 1],epsilon=string[2])
newdata2 =
data.frame(Vall=TrainLoad2$ValT1,Val2=TrainLoad2$ValT12,Val3=TrainLoad2$ValT13,
Val4=TrainLoad2$ValT24,Val5=TrainLoad2$ValT25)
ForeSVM2 <- predict(model2,newdata=newdata2)
error <- TrainLoad2$Target - ForeSVM2
returnVal2=sqrt(mean(error*2))
}else {
stop("Expecting a chromosome of length 2!");
H
returnVal2
H
rbga.results = rbga(c(1, 0.001), c(64, 0.1),
evalFunc=evaluate2, verbose=TRUE, mutationChance=0.01)
cat(summary(rbga.results))
# End of Finding optimal parameter
#create optimal GASVR model and find error
Trainload2<-read.csv(file="d:/CodeR/Data/TrainingPEA.csv", header=TRUE, sep=",")
InV2<-
data.frame(Trainload2$ValT 1, Trainload2$ValT12,Trainload2$ValT13,Trainload2$ValT24, Trai
nload2$ValT25)
model2 <-
svm(x=InV2,y=Trainload2$ Target,kernel="linear",cost=60.4265839820728,epsilon=0.0998526
274086908)
Testload2<-read.csv(file="d:/CodeR/Data/TestPEA.csv", header=TRUE, sep=",")
newdata2 =
data.frame(Vall=Testload2$ValT1,Val2=Testload2$ValT12,Val3=Testload2$ValT13,Val4=Te
stload2$ValT24,Val5=Testload2$ValT25)

ForeSVM2 <- predict(model2,newdata=newdata2)
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error <- Testload2$ ActualValue - ForeSVM2

err2 <- (Testload2$ ActualValue - ForeSVM2)/Testload2$ ActualValue
SSE_GASVR2 <- sum(error2)

SSE_GASVR2

MAE_GASVR2 <- mean(abs(error))

MAE_GASVR2

RMSE GASVR2 <- sqrt(mean(error2))
RMSE_GASVR2
MAPE_GASVR2<-mean(abs(100*err2))
MAPE_GASVR2

# End of optimal GASVR model

# End of PEA

# END PROGRAM
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Artificial Neural Networks and Time Series
Models for Electrical Load Analysis

Ronnachai Chuentawat®, Supaporn Bunrit, Chanintorn Ruangudomsakul, Nittaya Kerdprasop, and
Kittisak Kerdprasop

Abstract—We applied traditional time series analysis and
artificial neural network (ANN) techniques to model and forecast
the power consumption of Bangkok’s metropolitan area. Time
series data in terms of units of household electricity usage were
obtained from the Metropolitan Electricity Authority of Thailand.
The data had been collected monthly from January 2010 to May
2015. Forecasting models with different parameters are generated
from both techniques using the training data, which are the series
from January 2010 to December 2014. The remaining data from
January 2015 to May 2015 are employed as the testing data.
Forecasting performance of each model is measured by the rooted
mean square error (RMSE) and the mean absolute percentage
error (MAPE) metrics. The traditional time series forecasting
models studied in this research are GLM, HoltWinters, and
ARIMA. For ANN, we examine four models using 3 layers with
different number of neurons ranging from 4 to 7: 3L-4N, 3L-5N,
3L-6N, and 3L-7N. The experimental results reveal that ARIMA is
superior among the traditional time series models. For the
intelligent based models, 3L-6N is the best of ANN models.
Moreover, the MAPE metric of the 31-6N model is less than the
ARIMA model. As a result, we can conclude that ANN model is
more powerful in forecasting power distribution units than the
traditional time series models.

Index Terms—Artificial neural networks, forecasting, time
series model, electrical load analysis

1. INTRODUCTION

HIS research aims to perform time series analysis to

forecast future data by using electricity supply information
of Metropolitan Electricity Authority of Thailand. It is a monthly
reported data from January 2010 to May 2015. The data are
presented in unit metric in which 1 unit refers to 1000 kilowatts
per hour. These data contain the time series pattern.
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An accurate forecast on the demand of electricity provides the
advantageous information in resource planning, management of
funding, and reducing the operation cost. Bunn and Farmer [2]
found and reported that 1% of forecasting error raised by 10
million units of the operation costs. Therefore, the precision of
forecast is a challenging problem, especially on the demand of
electricity supply.

Traditional time series forecasting technique generates the
forecasting model from the training data set by determining
the unrecognized parameters. In our study, simple linear
regression analysis, triple exponential smoothing and
autoregressive integrated moving average (ARIMA) of Box
and Jenkins method are applied. The acquired forecasting
models from the three methods are then compared the
accuracy using the two metrics: rooted mean square error
(RMSE) and mean absolute percentage error (MAPE). The
lower RMSE and MAPE, the more accurate the model is.

Artificial neural network (ANN) is a machine learning
technique that mimics the concept of neuron operation in
human brain. It can be used to forecast time series data by
setting the output neuron to provide the observed value at
time # (3 ). Input is the observed value of lag time from 1 to
p period prior to the time ¢ (Ve.y, Yr2, ..., ¥ip). In this study,
we used three-layer feed-forward back propagation neural
network for time series analysis. We compared each model
to find the most suitable one with the lowest RMSE and
MAPE.

Our research is thus a comparative study of artificial
neural networks and traditional time series analysis for
forecasting time series data. Research objectives are:

1. Apply three traditional time series analysis methods for
generating forecasting model using the R language. Such
methods are generalized linear models (GLM), Holt-Winters
(HoltWinters) and autoregressive integrated moving average
(ARIMA).

2. Apply ANN models for time series analysis by
generating forecasting models in Matlab.

3. Find the most suitable forecasting model by comparing
RMSE and MAPE resulting from all traditional time series
analysis methods and ANN models.

II. LITERATURE REVIEW

There are a number of related works in literatures about time
series analysis using traditional time series methods and ANNS.

Magaira, Souza and Oliveira [3] studied about how to
define forecasting model and forecast yearly electricity
consumption of residential units in Brazil until 2050 using
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Pegels exponential smoothing forecasting technique. They
performed parameter adjustment for forecasting data along
with the estimated value that is available in PDE (the ten year
energy planning) and PNE (the nation energy planning). The
result was that the Pegels exponential smoothing forecasting
technique produced the nearest estimation of electrical
consumption in both PDE and PNE.

Keka and Hamiti [4] did experiment to find mathematical
model representing relationship between electrical energy and
time by using linear regression techniques. They used
electrical supply data collected from the electrical substation
every 15 minutes and set the time interval by using day, week
and month. Result from the experiment showed a linear
mathematical model that can represent the relationship
between electrical energy and time.

Chujai, Kerdprasop and Kerdprasop [5] studied time-series
analysis of household electrical consumption using data from
UCI Machine Learning Repository. They generated forecast
models from ARIMA and ARMA using 4 kinds of time
interval (day, week, month, and quarter) and experimented
with the R language. They performed model tolerant analysis
by measuring the AIC (Akaike Information Criterion) and
RMSE. The result showed that the ARIMA model is suitable
for forecasting data in the month and quarter interval while the
ARMA model is suitable for forecasting data in day and week
interval.

Wang and Ming [6] studied about forecasting energy
consumption in China using ARIMA, ANN and hybrid
ARIMA-ANN model. They compared the accuracy using
RMSE, MAE (Mean Absolute Error), and MAPE. The result
of the study showed that a hybrid model provided better
accuracy in forecasting than either the ARIMA, or ANNSs.

Firata, Turanb and Yurdusev [7] studied about forecasting
water supply consumption in Turkey using several ANN
techniques including generalized regression neural networks
(GRNN), cascade correlation neural network (CCNN), and feed
forward neural networks (FFENN). They defined 6 network
structures and then performed statistical testing by measuring the
average absolute relative error (AARE), normalized root mean
square error (NRMSE), and threshold statistic (Ts). The result
showed that the values of AAER and NRMSE of the M5 models
are better than those of the other models and the test statistics of
the MS CCNN model is slightly better than those of GRNN and
FFNN models.

III. METHODOLOGY

A. Traditional Time Series Models

In traditional time series forecasting technique, we apply
general linear regression, triple exponential smoothing, and
Box and Jenkins methods. We then forecast data for the next
5 intervals. After that, we compare forecasted data against
real data in a test set. The RMSE and MAPE metrics are
used as statistical measure instruments to find the suitable
forecasting model. The 3 traditional forecasting techniques
(GLM, HoltWinters, and ARIMA) are described as follows:

1. GLM model is the forecasting model that are generated
by simple linear regression analysis. GLM linear regression
[8] is as shown in equation 1.

Y=B+pX+e @8]
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where X is a time-interval variable in a monthly unit,
Y is the amount of monthly power distribution unit,
€ is aresidual term.

2. HoltWinters model is deriving from triple exponential
smoothing. It is a smoothing technique that can be used to
generate forecast models from data with trend and seasonal
[9]. HoltWinters model can be described as in equations 2-4.
To forecast the future event, equation 5 which is composed of
the level, trend, and seasonal parts is applied.

Level : L, = a(Y, — S;_g) + (1 — o) (Ly_; + be_y) 2

Trend : b, = B(L, —L,_;) + (1 — B)b_; 3

Seasonal : S, = y(Y,_; — L) + (1 — y)S,_ O]

Forecast: Fp ;= L.+ by +Se_sim %)
where o is constant for level smoothing

B is constant for trend smoothing

v is constant for seasonal smoothing

L¢ isestimated level of time series at time t

Y: is observed value at time t

be isestimated slope of time series at time t

S¢ 1s seasonal factor

s 1isseasonal length, equal to 12 months (s = 12)
m s forecast intervals

Fim 1s forecasted value m intervals

3. ARIMA model is a model derived from Box and
Jenkins method. General term of ARIMA [10] can be
presented with backward shift operator (B) as in equation 6.

8 (B)0p (BS)(1— B)4(1 - B%)°Y, = wy (BIWo(BSa,  (6)

e ky —
where BY,=Y,_; and BfY, =Y,
wq(B)=1—w;B —w,B% — - — w,BP
8,(B)=1-06,B—0,B2—--—,BP
©p(B5)=1-0,B5—0,B?5— - — ©,B"S
Wq(B%) = 1 —W;B5— W,;B% — - —WyB®

In order to generate an ARIMA model, we have to analyze
time series data for defining suitable parameters of ARIMA(p,
d, ¢x(P, D, Q)s. That means selecting the suitable p, d, ¢
from trend and P.D,Q from seasonal. In R language, we can
use function auto.arima() to assign suitable ARIMA(p, d,
@x(P, D, Q)s. In this research, we use (p, d, ¢) = (1, 0, 0) and
(P, D, Q)s = (1,0, 0)12, where 1 season = 12 months (S=12).
Therefore, a suitable ARIMA(p, d, ¢x(P, D, Q)s is
ARIMA(1, 0, 0)x(1, 0, O)1a.

After obtaining 3 forecasting models from the 3 methods
mentioned above, statistical measuring in terms of RMSE and
MAPE is compared for model accuracy. A model with the
lowest RMSE and MAPE is the most suitable one. Summary of
steps in applying traditional time series analysis to find a suitable
forecasting model is shown in figure 1.

Step 1: Collect data from secondary source. Data are obtained
from the monthly report of the Metropolitan Electricity Authority
from January 2010 to May 2015. The data are the household
electrical usage of residents in the Metropolitan Electricity
Authority area. We then order the data to build up time series.

IMECS 2016




169

Proceedings of the International MultiConference of Engineers and Computer Scientists 2016 Vol I,

IMECS 2016, March 16 - 18, 2016, Hong Kong

Collect data from secondary source
(The report of electricity supply situation)

¥

| Transform data to be time series |

v

Model time series data

| GLM model | | HoltWinters model | |AR]3\/IA modell

| Compare models with statistical measurement RMSE and MAPE |

| Report the best model |

Fig. 1. Steps in selecting the most appropriated model for forecasting time
series data

A B D E =
1 | Years Months ffElectric Units Wo_Consumers Mean_Units
2 2010 2420767 320.69
3 2010 2423046 345.09
4 2010 2433022 380.41
5 2010 2439689 420.75
6 2010 2448223 442.03 |
7 2010 2456309 408.5 |
8 2010 2463398 377.9
9 2010 2473742 354.45|[5

Euse2010 D

Fig. 2. Time series data are created from secondary data

myDFIr <- read.csv(file=" d:/R/EuseLRmodel.csv"
, header=TRUE, sep=",")
2lm.D9 <- glm(myDFIr[4] ~ myDFIr[,3])

(a) create GLM (Generalized linear models)

library('forecast”, lib.loc="~/R/win-library/3.2")

myDF_HW <- read.csv(file="d:/R/Euse2010_2014.csv",
header=TRUE, sep=",")

mytsHW <- ts(myDF_HW/[,3], start=c(2010,1),
end=c(2014,12), frequency=12)

HWTfit <- HoltWinters(mytsHW)

(b) create HoltWinters (Holt-Winters)

library(’forecast”, lib.loc="~/R/win-library/3.2")
myDFarima <- read.csv(file="d:/R/ Euse2010_2014.csv",
header=TRUE, sep=",")

mytsARTMA <- ts(myDFarimal[,3], start=c(2010,1),
end=c(2014,12), frequency=12)

auto.arima(mytsARIMA)

ARIMAfit <- arima(mytsARTIMA, order=c(1,0,0),
list(order=c(1,0,0), period=12))

(c) create ARIMA (Autoregressive Integrated Moving Average)

Fig 3. R commands for generating traditional forecasting model

Step 2: Transform data to be time series. The data from the
monthly report of the Metropolitan Eledricity Authority is a
monthly interval from January 2010 to May 2015 as shown in
figure 2. We divide the data into 2 sets. The first is a training set
consisting of data from January 2010 to December 2014. It is
used for generating the forecasting model. The test set is data from
January 2015 to May 2015. Test data are used for validating the
model and evaluating by RMSE and MAPE.
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Step 3: Model time series data. This step generates 3 different
forecasting models from the training set. We build 3 forecasting
models from the same training set with commands in R language
that can be summarized in figure 3.

Step 4: Compare models with statistical measurements RMSE
and MAPE. The computation of RMSE (rooted mean square
error) and MAPE (mean absolute percentage error) [11] is shown
in equations 7 and 8, respectively.

RMSE=_[E57 0 - 907 )

MAPE =1 72, | 100 2% | ®

Ye
where y; is observed value at time t,
3 is forecasted value at time t, and
n is the number of forecasting period.

Step 5: Report the best model. The best forecasting model is
the one with the lowest RMSE and MAPE values.

B. Artificial Neural Network Model

Artificial neural networks (ANNS) are the simulated networks
of neurons in the human brain. We can apply ANNS to forecast
time series data. ANNs perform learning from existing data by
analyzing the correlation between observed values at current
time with previous observed values. After getting an ANN
model from the training set, we can use such model to forecast
the value of new observation in the test set.

In this research, we use ANNs model calls three-layer feed-
forward back propagation neural networks which has 1
hidden layer. Output from a model is a forecasting value at
current time (31). Input to a model is the previous observed
values at 1 to p time intervals (s, 3%z, ..., 34p) and be
represented as a vector. The correlation between input and
output [6] can be shown as in equation 9.

Dg Mo T Zf:ﬂ"; g(wo; + Zf:x‘”z,} Yei) t e ®

where w; G=1,..,q) and Wy i=0,...p; j=1,..,q) are
model parameters which are called weights ,
pis the number of neurons in the input layer,
g is the number of neurons in the hidden layer and
have sigmoid function [6] as a transfer
function presented in equation 10.

. 1
sigl).= (1+exp(-x))

(10)

From ANNs model shown in equation 9, we can transform to
nonlinear function to represent the relationship [6] between
previous observed values (., 342, ..., ¥4p) and forecasting
value (3+) as in equation 11.

an

where w is a vector of all parameters and f is a function
used for determining the network structure and the
connecting of weights. As a result, the neural network model
is equivalent to and can be expressed in terms of nonlinear
autoregressive model.

In the research on Wang and Meng [6], they suggested that
ARIMA and ANNs have something similar. From our ARIMA
model, it has p=1 and P = 1 which means observation at time #
(3+) relates to the previous observation with a lag of one interval
() and relates to previous observation with 1 season lag or 12

Y = f(Ve-1s s Ve-prw) T €¢
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intervals (y.12). So, we can use yjand y¢;. as the input to ANNs
model. Therefore, input layer of ANNs model has 2 neurons. In
order to investigate the complexity of an ANN causing the over-
fitting problem, we experiment with 4 ANNs models defined as
follows:
Model 1: Three layers, two input neurons, one hidden
neuron and one output neuron (3L-4N).
Three layers, two input neurons, two hidden
neurons and one output neuron (3L-5N).
Model 3: Three layers, two input neurons, three hidden
neurons and one output neuron (3L-6N).
Model 4: Three layers, two input neurons, four hidden

neurons and one output neuron (3L-7N).

Model 2:

| Eectric Units v Ve Yis 1 | Y.
2 776.32 2| 77390 77032 2 707.16
} H36.16) 3| 70716  836.16 3 787.29
1 925.55 4| 78729 92535 k! il 64
5 1026 5 5| BIG.G4 10265 5 £61.58
6 1082.18 6 85158 1082.18 6 568.86
7 1003.11 7| 058.86 1003.41 7 £33.59
8 930.91 8 9115  9wnel 8 2128
[ 876.33 9 7128 876.83 4 02,54
0 L4/ 10| 90259 87347 10 £86.08
1 8206 1 Hin. 08 HL6 11 830.9
12 787.33 12 8309 787.33 12 £86.93
i) 773.39 13| 83503 773¢0 13 703.06
(a) AllEuse (b) InputTraining (c) TargetTraining

Fig 4. Examples of data file for generating ANNs model

AliData = xIsread('AllEuse.xlIsx");

minD = min(min(AliData))

maxD = max(max(AliData))

DataNor = (AllData - minD)/(maxD-minD)+0.1;

data = xisread('InputTraining.xlsx');

(a) Normalized data

% For ANN(3L-6N) #This is comment
net=newff(minmax(P),[3 1],{"logsig".'purelin‘}, trainim");

net.trainParam.epochs=3000;

{b) Build model and initial configuration

% For ANN(3L-6N) #This is comment

net.iw{1,1}=[0.5 0.4;0.5 0.5;0.5 0.5)

net.lw{2,1}=[0.5 0.5 0.5]
(c) initial weights and bias

net = train(net,P,T); ]

(d) Train model

DataTest = [DataNor{60) DataNor(49);
DataNor(61) DataNor(50);
DataNor({62) DataNor(51);

DataNor(63) DataNor(52);

DataNor(64) DataNor(53)]";

(e) Predict new observation value

Fig 5. Command setsin Matlah for generating ANNsmodd
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We then implement our ANNs structures using Matlab
software and the steps can be described as follows:

Step 1. Create 3 data files with Excel (figure 4) for
generating models. The first file is 4llFuse; it contains a
power distribution unit data from January 2010 to May
2015. The second file is /nputTraining; it contains a training
set as input data consisting of y.; and y.j.. The third file is
TargetTraining; it contains an output data of the training
data set ys.

Step 2. Perform data normalization in JnputTraining and
TargetTraining to adjust the data values into the interval of
0 and 1 using a command set in figure 5(a).

Step 3. Create ANNs by using newff{) function and initial
configuration using a command set in figure 5(b).

Step 4. Define initial weights and bias
constants using a command set in figure 5(c).

Step 5. Perform training model by using normalized data
(P and 7) with a command set in figure 5(d).

Step 6. Forecast 5 intervals of power distribution units from
January 2015 to May 2015. Then calculate RMSE and MAPE
by comparing forecasted data against the real data using a
command set in figure 5(e).

as random

IV. EXPERIMENTAL EVALUATION
We aims at forecasting power distribution units of household
electrical usage of residents in the Metropolitan Electricity
Authority area. We apply 2 different techniques: traditional time
series forecasting technique by using R language and time series
forecasting with ANNs by using Matlab. We, therefore, branch
the results by experiments and their comparisoninto 3 sections.

A. Results of Traditional Time Series Models
We generate forecasting models by using 3 traditional time
series forecasting models, then use all 3 models to forecast power
distribution unit in the next 5 intervals from January 2015 to May
2015. After that, we take the predicted values to calculate RMSE
and MAPE by comparing with actual values using the R command
setin figure 6. The result of experiments is shownin table 1.

foreGLM < - predict(glm.D9, n.ahead=5)

(a) Forecasting command set of GLM model

foreHW <- predict{HWfit d:

Data_ByMonth,n.ahead=5)

(b) Forecasting command set of HoltWinters model

foreARIMA <~ predict{ARIMAfit, d:

Data_By h

n.ahead=5)
(c) Forecasting command set of ARIMA model

Fig. 6. Forecasting command set in R language for traditional time senies model

TABLEI

PREDICTED VALUE AND ERROR FOR TRADITIONAL TIME SERIES IMODELS
Value Jan Feb Mar | Apr | May |RMSE|MAPE

| Actual Value | 745.32| 85360 1017.89| 110093] 1216 .77
GLM 086.13| 988.18| 990.24| 992.3| 99436| 166.07! 1578
HoltWinters 84178| 92833| 100099| 1066.63| 1086 62| 81.48] 742
[ARIM.A 799.24| 85933 969.4| 1065.12) 1117 63 57.18] 480
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ot Zoom = model appropriately, RMSE and MAPE of each model are

decreased. As a result, the lowest RMSE and MAPE of each

L [ | model have been observed after experimentally set the most
G| S e appropriate parameter values. These appropriate initial weights

=== ARIMA

and bias of each model can be summarized in the table 2.

While using initial weight and bias of each model in table 2
to perform model training, then predict next 5 interval of
power distribution unit from January 2015 to May 2015. After
that, calculate RMSE and MAPE comparing with actual value.
We summarize the result in table 3.

From table 3, we can see that 3L-6N model resulted in the
1 . - - o lowest MAPE and table 4 shows that 3L-6N has the highest
' ' correlation coefficient. That means the 3L-6N model is
highly related to the target. Figure 9 presents a regression
graph between the output and the target of a 3L-6N model.
. When we increase 1 number of neuron, from 3L-6N to 3L-

8

Electrical Unds(Milion Unit)

2

Months

Fig. 7. Comparison graph between 5 intervals of actual value and predicted value

Console

R S ~ TN, the RMSE and MAPE increase. Therefore, the 3L-6N

serieii E’Si???mhu o model is the most appropriate model for predicting this time

ARIMA(1,0, O, with non-zero mean ¥ ¥

) series. When we use command set in Matlab to show the

R e — weight values of each layer, we can define the structure of

s.e. 0.0835 0.0984 57.2120 ANNs as shown in figure 10.

sigmacz estimated as 3320: log likelihood=-331.93 TABLEII

AICRGI:Ty \WAICCHORZeSR (BICRSR0sS3 INITIAL WEIGHTS AND BIas OF EACH MODEL

. - - - Model net.iw{1,1} net.lw{2,1} netb{l} |netb{2}
Fig. 8. Function auto.arima() for defining format of ARIMA model
3L-4N [0.50.5] [0.5] sy [osy
From table 1, the lowest RMSE and MAPE are obtained from 35N 10:50:5,04 0:1 o404 lososH et

ARIMA model. RMSE is 57.18 and MAPE is 4.80. Figure 7 [?L-6N]  [0:504:05050505]] [050505] [0505051) [0
presents a linear plot of actual against predicted values that are  |3L-7N|[0.5040.50.5:050.50.505][0.505 05 0.5]|[0.5050.505]]  [05]

obtained from all 3 models. A graph of ARIMA shows the

smallest difference between the actual and predicted values. This TABLEII
ACTUAL VERSUS PREDICTED VALUES OF ANNS MODELS

result is obtajnefi from using auto.arima() for defining ARIMA T | Feb | Mar | Apr | May |RMSE |MAPE
foipdsl s Shianwtiin S 8. Actual Value | 745.82| 8s3.60| 1017.89| 1100.93| 1216.77

The forecasting ARIMA model consists of autoregressive(AR) - . . - -
in which p = 1 and seesordlPMigasepre v ABNIINE D & 1 Mdkalll 786.94| 789.21| 011.85|1096.59| 1190.53| 59.67| 521
When estimating the coefFiciGiPOBBR; (0 PhariinSARp(B) ) e 3L-5N 785.26| 809.44| 905.99|1123.58| 1193.65| 5847  5.08
get the values of 07301 and 0.6403, respectively, and the [3L6N 753.33| 816.63| 890.15|1148.87| 1207.41| 6346 458
parameters d=D =0 and ¢ = Q = 0. The forecasting equations are 3L-7N 759.61( 760.58 913.55(1089.92| 1184.74| 64.66|  5.33
presented as follows:

N TABLE IV

(1 -8,B)(1 - ®,B*3)Y, = 0,, while 8, is constant CORRELATION COEFFICIENT AND EQUATION OF ANNS

(1-8,8-8,B?+8,88,B*2)Y, = 6, Model | Correlation coefficient (R) Relative equtirogr;tof outpiitEnd

Ye—8:¥e s — 8, Y, 12 + 846, Yi: = 8 34N 0.84323 Output=0.71*Target+0.16

Y. =00 +08,Y, +8,Y, ., 0,60v4.9 3L-5N 0.87184 Output=0.76*Target+0.14

Y, = 0, + 0.73Y,_, + 0.64Y,_,; — 0.47Y,_,, 3L-6N 0.88868 Output=0.79*Target+0.12

From existing observed values of time series, 8, = 92.42 and i 084950 U632 " TRIES-0-15
the forecasting equation of ARIMA can be present as equation @ e e——— =1 -
12 Trang: R=0 88363

Y, = 92.42 + 0.73Y,_, + 0.64Y,_; — 0.47Y, 1 (12) e =l

B. Results of Artificial Neural Networks Model

We define 4 different ANN models: 3L-4N (one neuron in
hidden layer), 3L-5N (two neurons in hidden layer), 3L-6N
(three neurons in hidden layer), and 3L-7N (four neurons in
hidden layer).

From our experiment, we discover that we should not set the
goal an error parameter (net.trainParam.goal) too low because it oy
may cause over-fitting. Thus, we set goal error equal to 0.0001.

In addition, when we set the initial weight and bias of each  Fig. 9. Regression graph of 3L-6N model

Outpt<0 70T 12

" 02 03 04 05 06 07 08 08 1
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by, =54.855

= ~Z.C555f

Fig 10. Artifical neural networles for 3L-6N modd

C. Comparison Between ARIMA and 3L-61 ANN Models

From the literature review [5],[6], the authors suggest that
ARIMA is the accurate model to forecast data with moving by
trend and season. We thus compare ARIMA with tripple
exponential smoothing technique using HoltWinters model
and simple linear regression using GLM model. From our
experiment, we discover that the ARIMA model gives the
lowest error (RMSE = 57. 18 and MAPE =4.80).

To perform time series analysis with ANNs technique, we
have found that the 3L-6N model gives the lowest MAPE
(=4.58) and also the highest correlation coefficient. That means
the output of a 3L-6I model relates the most to the target.

When plot 5 intervals from January 2015 to May 2015 of
actual observation wvalues compared to data predicted by
ARIMA and 31L-6N models (table 5 and figure 11), it can be
concluded that ARTMA’s graph is more similar to the actual
observed values than 3L-61Ts graph but a 3L-6N model can
adjust imregular error in March to normal error rapidly. As a
result, MAPE of 3L-6I is lower than ARTMA but RMSE is
higher than ARTMA.

TABLEV
ACIUAL VSPREDICIED VALUES OF ARIMA AND 3L-6N ANNMODELS
Value Jan Feb Mar | Apr | May [RMSE |MAPE
Actual Value | 74582| 853.60| 1017.89 110093| 1216.77 - -
ARIMA 79924 85033 969.4) 106512( 111763| 5718 480
3L-6N 75333| 81663 890.15| 114887| 1207.41 63.46 458
5 =N d B b -
|
100 T Actual.Value
- =  ARIMA
1200 7 ---- ANNs.3L6N
E 1100
s
gﬂ){)ﬂ
£
7 ool
H
@ 80
700
600 -

Jan Fet Mar Apt May
Months

Fig 11. Comparison graph between ARIMVA and ANNs 3L-6N
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V. CONCLUSIONS

We study time series analysis for forecasting power
distribution unit using monthly data reported by the
Metropolitan Electricity Authority from January 2010 to
May 2015. We use data from January 2010 to December
2014 as a training set and data form January 2015 to May
2015 as the test set In our experiment for model
comparison, we select 3 traditional time series models
(GLM, HoltWinters, ARIMA) and 4 AWNNs models (3L-4N,
3L-5N, 3L-6N, 3L-7N).

In traditional time series analysis, ARIMA model is the
most accurate model (RMSE = 57.18 and MAPE =4.80). In
ANNs technique, we discover that 3L-6N model (three-layer
feed-forward back propagation neural network) is the most
appropriate model (MAPE = 4.58, correlation coefficient =
0.88868). When compare ARIMA against the 3L-6 model,
it tums out that ARIMA’s graph is more similar to the actual
observed values than the 3L-61"s graph, but MAPE of 3L-6N is
lower than ARTMA’s MAPE. As aresult, predicted values from
3L-6N model are more accurate than the ARTMA model.

In conclusion, the ANNs model of the 3L-6N structure can be
applied to time series forecasting at high precision. The caution
is that the high mumber of hidden layer’s neurons may cause
over-fitting,
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Abstract

This research aimed to analyze time series of electrical distribution unit data and to find
a suitable forecasting model by using R language programming as a tool to carry out
this research. The analyzed time series were the electrical distribution unit data of
Metropolitan Electricity Authority (MEA) which had been collected from report of
electrical distribution since January 2010 to May 2015. Residential consumers were the
interested specific data. The electrical distribution units as the training data set were
the data from January 2010 to December 2014. This data set were modeled by 3 different
forecasting models with R language programming, i.e. glm model, HoltWinters model
and ARIMA model. Then the comparison among the 3 models was done by comparing
the model forecasting against the actual data of MEA during January - May, 2015.
From the comparative results, it was concluded that the ARIMA model is the most
suitable one for creating a forecasting model in term of mathematic equation to predict

the electrical distribution units of MEA for the section of residential consumers.
Keywords: Time Series Data; Electrical Distribution Units; Forecasting; R Language
U
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FanAanenue1wIduae9 Bunn, D.W. and Farmer, E.D. (Bunn, D.W. and Farmer, E.D., 1985)
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dedimasneasaiianaalinn 1% asnlddh manonsalaudesmsassmiadimiwlnh
fmnaddediolenenisroununisnannssudliin uasitlinsauiinnswdansouslish
szAnBamuindelu
{MSVIBMIIATERBNATUNIDINRINNAIYTD  WIa:ID9sMIINN 1R 9A LN HE NSl

AlFaanuwindizesnsnnsduanaeiy  Tnesensaiadiaawingifons i
ANNANIAANDUNINARA 131 A1 SSE (Sum Square Error) f1 RMSE (Root Mean Square
Error) fi1 MAE (Mean Absolute Error) %5af1 MAPE (Mean Absolute Percentage Error)
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Constant)
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fnsedn  Tawonddeiinauamadonllsunsudiess eiumanoinsaluasneinsaitays
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(Interactive Mode) umsuvugafdslusnumsanduuazing (Object and Functional
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sluauumsdonldsunsauy Procedural Programming n5emsidunulusunsuiuy Object
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(Metrices) 815158 (Arrays) WazA1A1Ws3l (Data Frames)
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LEMNTAYININT WAMVUMSHEINTA 2 AILUY Ap AILUY ARIMA u8sAuuy ARMA
frummets uazlusunsy Rstudio ManmyiunidivuanngnfosaesmmensaianAauuy
onas Tanincnmmaiandioi AIC (Akaike Information Criterion) uazfi1 RMSE (Root
Mean Square Error) @onguldidmuy ARIMA duduuuiimnzaudmsunisneinyal
munaodeutaselasng faufuuy ARMA  dufnuuiisenzaudmiunsnens ol
MUNETIE UL 1RUAM

5. Wang, Y. et al. (Wang, Y. et al.,, 2012) lafinmnisUsudgennuuiugizes
Amnsainnafaemsinihluedlnihnansnndoaiesessanein Aldnnfuwy Seasonal
ARIMA  Tagviimstsudssnnauindmasdinnnsaifmamsliismstiulysiammanion
(Residual) fin91nmsneInTaifuf L Sesonal ARIMA 138 msfiunnsedu 3 35 laud
1) mssudgemamaAiendan’s PSO Optimal Fourier 2) 35 Sesonal ARIMA ua: 3) J5uuy
WENWATH3:NI1095 PSO Optimal Fourier 4a:3%5 Sesonal ARIMA wan1sfinmagyladn n1sld
TnsuSudsormamaaiensi 3 35 Tamfumsnuinsaifiufin Sesonal ARIMA Mianugnias
Boaf I AsEIgenIManeNaEifafauuY Sesonal ARIMA ifinsetaiinn uanaini 35ms
USuisemasaaieniilinaansaiian fio I5MsUs Ul aAAaAAR o LUDHFNHE 1

Tl dudasmainaneisnsinssiannsune umsEafIuIYnNITNINTe)

nmEmsAwneiu 3 38 ldud FBasiessimsannes BnstiuliSuusudndlldiudee
709 Holt ua¢ Winters uazi5aasuandimsaning mniudsainunaamusinioe susaciuuy
FumsinAaaAaen RMSE ua: MAPE ddlinmsdunlusunsadonwerd Wwesasiia
TumaAndinnsido doin Inndasaoioe e foaans ot adwlssiuman Tisedl

1. WeAIMIMTIATIERENATINET  FIEMIRS IR ILIUMI RIS BB 81875
wazTisunsa Rstudio nfayamsiwsmshalafh AowdiFeuunsian 1 we. 2553 faden
Funan 1 wel. 2557 sovan 3 fAauuy Iiud 1) Ay Generalized Linear Models (glm)
2) A3y Holt-Winters (HoltWinters) uaz 3) MUy Autoregressive Integrated Moving
Average (ARIMA)

2. WenBuudieufmuu 3 Munsneseuanugniemasmmmnsal Tl e’
famA1 RMSE uaz MAPE tagudazfauuy defauuviimnzaudmiumsnansaiioya
mhosmihalaih Aafuuuiilia) RMSE ua: MAPE arilan
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3@ wns Fmu atiinnmansunznmalulag U7 9 atui 3 fume - sunan 2550 3 1

o v o cal P - o o
3. WeNs AL INISNEINTAINmNaaNge Tugdpasaunisadiafans Naanse
iliwamninldsunsupeniames dmsvnoinsaldeyaniodmielwiissnimegeide
peemstafuAsade

IBANUUM I
dmdundduigifudeonisfinmdenamssmihlndhaesnsinfmasvans  Admshelidy
quilaatszsanimaygerds Tnoudsrmnaidunodien fasfeysiusesngy naui 1
dinnguitlismsunsadomunumsnoinsel laglifesyamihudmulai douwideusnsias
T we. 2553 Aodensunan 1 ne. 2557 diudenafineen daunsai 2 Wunauilidmsy
NANBUATNGNFRITAIA NSRS UuARMIuuTn TS ot lAas10an  Taulideyanian
Smhalaih AoudFeunauiafeungeaian T we. 2558 Wudayanarey FEmEMId
szAufiumaaseAnunnensa 91nismanens difiuanmeiu 3 35 Wiud Bnsleec
mmanaey I5msUsulnGeunvuendlumndes  uazifresvenduaztauiug  tdnaauuy
maweInsal 3 Muuy 9w shAue 3 asiedmensaisemi 5 e wiash
Amuinsairaoudaziuuuliwi vudsufuidannsde duddlidugaieyanasen ain
MamaARaumenda WA M RMSE wazil MAPE uazldfmamianaendonan @endauuy
manmnsaifmszanian  ud sl esnmenonsaiaeiiioenzaaiign dedauuy
ManEInTaINaS 1991A3E I nens aiuAnafm e 3 35 Seodl

1. fuy glm Waduuuiisiennisnsdnszinnuanes Tnedistuwumsanaay
wuuioidn foil (Boldina, L and Beninger, P.G., 2016)

Y=8+B8X+¢& (1)
Tae®
X fa  Aunainolueen dodluaiudsdns:
Y fa  aaanhanle luhiifemiedmibheliinomen
£ Aa  AARIAAREY

2. Fuuy HoltWinters iihisfauuniisdonnismauiulisauuuiudadndlidinioa
sumAa (Triple Exponential Smoothing) duihiisnsusulisuuihu s ofumumanunsel
futayafiidmlsznavasounalin waznsalAouuasmaggma Tnediguiuy @eil (Prema, V.
and Rao, K.U., 2015)
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32 mylaTziaunIrrastayaminadmingliih eAumAu M NI Mamyend

Level:L,=a(Y,-S,)+(1-a)L,_ +b,,)
Trend :b,=B(L,—L, ) )+(- )b, @
Seasonal : S, =y(Y,_,—L)Y+(1-p)S,_,

wazaunIsneInsal alaandindsznaune 3 dan uandla Aol

Forecast:F, , =L, +b,+S,_,,, 3)
Tawil

a Ao masidSuliSousesdamlssnaussdy Sdssmane 0 fu 1
B fe  mamuiuliovzesdmyssneuwaliia s 0 fu 1
y fo meeivsuliidevessdimszneugenia Smsmmde 0 du 1
L, fa  AUssNmssAUnasaunIdiae o et
Y, fa  Adone o noant
b, fia  MUSENMANNTUTBIBNNTNOIAT B LIET L
S, fa  dmdsznevggna
s fla ANNENDRILARZEANIR LT ganaas 12 e (s = 12)

m fg  NANeUnEIa9niRRINITNEINTal
F

+m

fls  AmEINsaladeniil mo Auom

3. Muy ARIMA uaatuufigs1s9inideesuenduaziauiud Inadguuuunaly
ndeulugUoasimdniumsdenndy (Backward Shift Operator: B) TugUsumsnsid (Wang, Y.
et al., 2012)

0,(B)® ,(B°)(1— B (1— B*)°Y, = w,(BYW, (B )a, @

dla BY, =Y, uaz B*Y, =Y.,

Tl
w,(B) =1-wB-w,B* —--—w,B”
6,(B)=1-6,B—6,B* —---—0,B” “
®,(B°)=1-0,B° -0,B* —...—©,B"

Wo(B®)=1-W,B° —W,B*® —---—W,BY




181

s wnsdam aduinemaniuannalutad Ui 0 adui 3 Aueeu - Sumen 255 33

ield 3 fwuy FethAuuuwisuiioy Aremyiaaaid RMSE ua: MAPE
DuAmuunmunzansmiumanensaideyneynsunaesdoyambss gl fis Auuy
A1 RMSE uazA1 MAPE sfga lagastismsiiansideyaounsuna iomainuy

P g o o o o =
MANTHUNATUM ITHEINTUTDIR ﬂ\fIE‘IJ‘VI 1

I Collect data from secondary source (The report of electricity supply situation)

‘ Transform data to be time series

v

Modeled time series data

| gmmodel | | HoliWinters model | | ARIMA model

v

| Compare models with statistical measurement RMSE and MAPE

v

‘ Create the best forecasting model in term of mathematic equation

UM T AOUNIAALSATTUABLM SRONFILULTIMIN: SUTHATIEUMINE NI NITOLYRBLN TN

= a v & vo &
n3UN 1 ebusuaazBuneulansil

1. Collect Data from Secondary Source fig #UABUTIVTINTOUR MNDOYINAAI]
alaamnaauaniumspmssmhelidszdnfon sesmsliwhuasmas AsudiAsuunanu
U w.A. 2553 Audoumguman U w.e. 2558 Auduilnadssinniuedends duiledwoosdoyn

Tusrasu mhnnsiodugeyaeunsuam usasladugln 2
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34 ﬂ']i’lLF]S'l:ﬂﬂuﬂi;ll.'lii11laﬂﬂﬂll“ﬂﬂu]ﬂil1'ﬁu'lﬂ1ﬂﬂ'l NBANTIAMILUUNTRDINTUNANEEN AIUNTEIBT

sun1s

1. dayanisidinivh

1.1 iaqamhuéo(uu‘w T @umidn)
1.1.1 doyamudoanavia.(wmide : @umion)
1.1.1.1 uunauussdu

1.1.1.1.1 69 A%

1.1.1.1.2 115 A%

1.1.1.1.3 230 %

1.1.1.2 Fwnuaoflduniv uonauusodu
1.1.1.2.1 69 a%

1.1.1.2.2 115 %

1.1.1.2.3 230 %

112 ﬂaqamhuﬂaam VSPP(wuan @ @rumiidn)

1.2 wuodwminu(wiiu © duwiin)
1.2.1 ugnauusodu

1.2.1.1 220 Taavf

1.2.1.2 12 - 24 0%

1.2.1.3 69 - 115 1A%

1.2.2 anndsauand v

1.2.2.1 Yvuatardy

n
wWau n.o.
2553

3,679.03
3,678.68

1,677.30
1,546.66
454.72

11
12
3
0.35
3,529.06

1,660.78
1,589.66
304.5

787.32

o
au 5.a.
2552

3,474.84
3,473.74

1,626.20
1,408.64
438.9

11
12
3
1.1
3,318.09

1,650.83
1,407.74
285.25

722.16

- - T w ' o ' a1 o & o~ = -
U2 medwieyanedmihglivhlszdrfeusuang U we. 2553

a
iou 5.A.
2553

3,586.96
3,586.95

1,715.35
1,501.67
369.93

11
12
3
0.01
3,477.63

1,637.19
1,567.07
300.17

776.67

2. Transform Data to be Time Series fia tunauiizeyanAsinIvswln

wmaHdudeyasynsuna Fosmudiaunal Tasdimunandusoifeu AsuaAsuunsiay
U w.A. 2553 AnAeungemean 1 w.e. 2558 uaasladvgun 3 uacuusdeyadu 2 ga laun
1) gaveyainou (Training Set) dulddoyansumfounniian U we. 2553 doRousun

U w.A. 2557 fmsuaiomuuunennsal ua: 2) gadeyanaaay (Test Set) doldtoyanaus

WwounNTIANAUARUNGBMAN T W.A. 2558 §MTUNANBUMULLNEINID! IRDTAAANIAARDY

RMSE ua: MAPE

4 A B C D E E
1 | Years Months| Electric Units A No_Consumers  Mean_Unts
2| 2553 1 776.32, 2420767 320.69
3| 2553 2 836.16) 2423046 345.09
4 | 2553 3 925.55 2433022 380.41
5| 2553 4 1026.5 2439689  420.75
6| 2553 5 1082.18 2448223  442.03
7 | 2553 6 1003.41 2456309 408.5
8| 2553 7 930.91 2463398 377.9.
9] 2553 8 876.83 2473742 354.45 | (¥
<o s [ ® 0 G O

& > a4 v @ a a
?.‘IJ‘VI3 YBDUNDUNIUININAININNVDYANI A
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3. Modeled Time Series Data Ain BUABUMINTWIMILULAUANAIIAL 3 FIUUY 917
sayapunIunauusiugnveyaiingeu Taemassomuuuns 3 ligateyalnaaudn
WAy waazmuuuiimasas wmuuumemsons aslansgun 4

myDFlr <- read.csv(file="d:/R/EuseLRmodel.csv", header=TRUE, sep=",")
glm.D9 <- glm(myDFlr[,4] ~ myDFIr[,3])

() MoRT ALY glm (Generalized Linear Models)

library("forecast”, lib.loc="~/R/win-library/3.2")

myDF53_57 <- read.csv(file="d:/R/Euse53_57.csv", header=TRUE, sep=",")
myts53_57 <- ts(myDF53_57/,3], start=c(2553,1), end=c(2557,12), frequency=12)
HWHtit <- HoltWinters(myts53_57)

() MsEAUY HoltWinters (Holt-Winters)

library("forecast”, lib.loc="~/R/win-library/3.2")
myDF53_57 <- read.csv(file="d:/R/Euse53_57.csv", header=TRUE, sep=",")
myts53_57 <- ts(myDF53_57(,3], start=c(2553,1), end=c(2557,12), frequency=12)

auto.arima(myts53_57)

fitM53_57 <~ arima(myts53_57, order=c(1,0,0), list(order=c(1,0,0), period=12))

(A) AR IRILUY ARIMA (Autoregressive Integrated Moving Average)

o o & o YO Pree P X a
EUVI 4 Y!ﬂﬂ”l’ﬂ\‘mﬂ:l"]’e)ﬁ ﬁ1ﬂ‘iuﬂi1ﬂﬂ’luuuﬂuﬂinna1'ﬂLl.ﬂﬂﬁl'mﬂu 3 MmMuuy

4, Compare Models with Statistical Measurement RMSE ‘and MAPE fia umou
mswseuiigusauuunensal 3 Muoy MemsiamaaaAdeumRan fAe A1 RMSE
(Root Mean Square Error) uaz MAPE (Mean Absolute Percentage Frror) (Bergmeir, C. and
Benitez, .M., 2012) Sofisuniseaii

;l n A
RMSE = ;Zml(yt_yr)z (6)

MaPE=13" 7 hoo¥ 5| @
n

Ve

dia y, = MAsnanua £,P, = ANEINTANNAT ¢ ua: 7= IIUAIVINI
AneNnInl
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5. Create the Best Forecasting Model in Term of Mathematic Equation fi®
TumpumIEMuUUMINNATaIENzamgn luglsostmsadinemans asansailiann
Wuldsunsupeniwed  dmivnensaiseyamnedmhelihUssiminuegedosasmslvivh
uATIAIY dofuuumswenasaIIBNzaREA Ao Muuulia RMSE uaz MAPE diiga

WAN15338

Midehfmuuumenasams 3 fuuy smensaideyambesmieliih 5 muna Asusiion
unAnGofoungman I wA. 2558 Wehamensalinmamanaen RMSE uaz MAPE
TanSeudsuivmdanneTonuisliidlugaiesanasey dowamsidewuin
1. msnensaldeyamamuuNeInsal
mddlummninlidmivmennsaiveyamnsdmbslhanmuuumennsal ua
ATNENATAL 5 MUDMBDIARZTILUY tTdoil
1. fuuy gim fimdowennsaideyauazamennsal Wiagun 5

Consote D.3lcbdel /> Aadmenneniieyssowmii
[> Tor en<-predict(g1m. 09, M. ahead-s =

> foreim 5 ATULIR
k4
862.6518 864. 7093 866.7677 868.8256 870.8835 872. uu 874. 9994 877. osn
9 11 12 13
879. usz 881. 1731 883.2;!0 885. ?‘” 887. 3469 889. 40“ 891. 4627 893. 5206

895. 5785 897. 6365 M.GW 901. 752! 903. 8102 905. 8681 907. 9260 909. 9“0
9a12. 0419 914. 0’9& 916.1577 918. Zl“ 920. 2736 922. BIIS 924. 389l 926. “73
928. 5052 930. 56!1 932.6211 934. 6790 936. 7!69 938. 794! 940. !S27 942. 9107
944, 96“ 947, 02‘5 949. u«’ 951. 1123 953. zoo; 955, 258: 957. nci 959. 374:
961. l319 963. lm 965. Sl?l 967. 6057 969. “3: 971. 7Zl$ 973. 77“ 975. 83"
977.8953 979. 953! 982. o:.u 984. “” su xm 9&8 1849 990. MZ. 992. 3007

S
% Amunnsafieyssomiin § AM0RT I'

= o e o > v - -
E‘IJVI 5 ATHINE NI UTOUIURSAINEINIUDDIAILUY glm

2. fuuy HoltWinters Jifmsunennsaivayauazmmnennsal wudogln 6

Console D-/R/code/ > =0
>

> foreHw <- predict(nwfit,newdata=testpata_symonth, n.ahead=S)
> foreHw

Jan Feb Mar Apr May
25|58 841.8030 928.4589 1001.8806 1067.9815 1087.1962
>

= o o o ' « -~ .
UM 6 MmdsnenIaTaaLacMNENNIBBIAILDY HoltWinters
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3. fMuuu ARIMA fifmdonensalieyauazmmennsal iifgun 7

Console D-/R/code/ <> =0

>
> foreMTest53_57 <- predict(fitM53_57,newdata=testData_symMonth
n. ahead=5)

> foreMTest53_57

Jan Feb Mar Apr
2558| 799.4192 859.3296 969.0498 1064.4579

May
2558|1116.8157

dndmenasel

Hayasamiia

$se

Jan
2558 57.61705 71.33,
5 AR

Amennsaifiayadamiin § aquiean

J)

| o o o v ' o -
N7 AMdsneNATAITDYALRZMNENTITBIAILUY ARIMA

2. maRDMLUUNEINTAINNZEY

maRenFMUUUREN AT AN RN ATRAT UM NN ooy 15 InmAmALARDL
moada 1AuA A1 RMSE ua: MAPE @A 2 ilumsinnasiuuesmiuunnd1aszniig
AmenAsaifuAmdsAneie TnedniAdomaneuInuazaueen dWoillimamandeuiitiunue:
auinduiey Avudaslusimsn 1 uas 2 Aoy A RMSE uazAl MAPE Safiamanmsnzas
Tumstunliiamuisiugisosmsnennsmlaa  Foiuuuimnzannaiign Ao AuuUid
ananeiuglumsnenasainaiign vEolm RMSE uazd MAPE sifign

mdilummenismiusnnaem RMSE uazi MAPE fie matGunliilofiiu accuracy()
Foihuisnimegluwiaiie forecast Tnefimsanmowinnallummoumsssamuuy HoltWinters
wazmuUy ARIMA Bouieoua) §msumsisunlaneniu accuracy() Aassomwennsaiua:
Aadolugtuuusasnmnes lnduisddu Aniudnimeiouazmmmasaialdnnduuns 3
maswiulidsiin Csv amiulimdsemionaaalid uddlimdsaonnmaiiumn 4 i
WeriumaSmamwennsamlannmuuun 3 Taemstelviduiin CSV Ml “CompareModel”
dofivoyaidudizui 8 uazgamaslummes dmivAnnum RMSE ua: MAPE #oofiuuy
i 3 uaaolAdogIa 9

1 A_| B il D E [
| 1| Months Actual_Value glm  HoltWinter ARIMA
2 1 745.82 986.13 841.8 799.42 -
3] 2 853.6  988.18  928.46  859.33
| 4] 3 1017.89  990.24 100188  969.05
's 4 1100.93 9923 1067.98  1064.46
6 5 121677 994.36 1087.2 111682 .
CompareModel ® [ ] D

gﬂ‘f’ll 8 lvlsuiin CSV e “CompareModel”
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> ™ )

> Mbrary(“forecast®, 14b. loca"/R/win-1brary/3.2%) ) MiEIARYSFNANS CompareModet
> aCCOF <- read.csv(files"d:/R/DatarorNesPaperl/Comp
arenodel.csv”, header«TRUE, sep=",")

> act<-accor(,2)

> glmi<-accor(,3]

> Holtwinterl<-accor(,4]

Console O-/R/code] = =0 ]

wwﬂncyo

nfasinunea? 4 @ el J

> accuracy(giad,act)
e

MAE MPE MAPE
[Test set -3.24 166.0674 146.716 -3.424968 15.76986
> accuracy(Moltwinterl,act)

ME RUSE

MAE MPE MAPE
[Test set 2.132 81.47885 70.408 -1.229773 7.418652
> accuracy(ARIMAL

act
ME| MAE
Test set 24.8! 8. 518 1.666084|

U9 yarmdslummens dwsudnnum RMSE uaz MAPE

90317 9 fMuuy ARIMA figh RMSE uazfl MAPE sfign Sodfifwndu 57.18 ua:
4.80 mad Ay Aniu Muuy ARIMA Wuimuuuificamnzafigadmivmnennsaiteys
aunsunNM lagaINIauaAsnImeInsal 5 Muna1 A RMSE uazA1 MAPE #eouAacimiuuy
Ifdemasi 1 uennnil Weimdsanadouazamensainlannmuuui 3 s
aswlidu AvgUdl 10 linsud Mupy glm Asswanismalnsiamanaosddu
Limnzdmivinnlivensaeunsuna wnsdiaieynsnannad wanvoynsinm
AogUil 11 Mnanvacsesasmaynsnm uanlinsiui synssoadiwninduduns
@onn uasiidulszaeugama wssEiglkuumaAndmaTaugaMa Fofuuy glm fgi
nmMsmsienzianuantesdndy  liensannedumadsulniissnaunliuue:
qamals Tnodenandasiue RMSE uasA1 MAPE woofuuy glm fGARNnign sumuuy
HoltWinters uazfuuy ARIMA sunsansiaduansaaeulmiiesnaunlisuazgamald
wimSUBUNTINAIYAT MuUY ARIMA Simsmsnsssnnmimuuy HoltWinters 1iiagan
WA RMSE uazf1 MAPE silgn

= | ' o 1 ' ' =

. 2D . wa, | aw | A | we | wa
whadmualivh RMSE [ MAPE
2558 | 2558 | 2558 | 2558 | 2558
MasAnasy  745.82 853.60 | 1017.89| 110093 1216.77| - =
ANENATAIBBIMILUL glm 986.13 | 988.18 | 990.24 | 992.30 | 994.36 | 166.07 | 15.77
AMNEIATAUTBIAIUUD 841.80 | 928.46 | 1001.88| 1067.98(1087.20| 81.48 | 7.42
HoltWinters
MNENAIUTBIAILUL ARIMA| 799.24 | 859.33 | 969.05 | 1064.46]1116.82| 57.18 | 4.80
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3. MIAFWANMIHEINTAITBISIUUY ARIMA

dialdduuy ARIMA iilwfuuumsnennsaiioenzauiign aunsaadosums
wennstmhedmhelihusamiuegedsesmslihuamas ildanmawasguuumnly
(General Form) wasiiuuy ARIMA ﬁ“{mmifimuﬂgﬂl,mu'ﬁmm:ﬂuﬁuaqﬂmnm na:
Usznammniimeiilingua Taelddodiu auto.arima() Asguit 12 dmitlinnun Muuy
ARIMA dwiueynaunanil Uszneufe Autoregressive(AR) 8ufiu p=1 uaz Seasonal
Autoregressive(SAR) iy P=1 dosanmedulazing ARly(él) uaz SAR (@) lamiy
0.7301 ua: 0.6403 lpeduny d=D=0 ua:duAu q=Q=0 ALY §1INIANTENMININTAL
miedmineliihusziniuegerdamesmsiihuasmans 1Adsi

(1-6,B)1-6,82)Y, =6, ®)

We 6, = mam

(1-6,B—6,B? +6,B6,B)Y, =6,

Y, 7 G, , —@1Y:—12 + 01®1Yt-13 =6,
Y,=6,+6Y_,+0,Y _,,-60Y, ,,

Y, =6, +073Y. 5+ 0.64Y,_,, —0.47Y,_,,

)

NAMARNATBIBYATHIA WILINTIUN MAsh 6, = 9242 Ay laaums
wennsanduAvEnmsn 10

Y, =92.42+0.73Y, , +0.64Y, ,, —0.47Y, ., (10

Console D/R/code/ <D -
> ~
> auto. arima(mytssS3_57)

Series: mytsS3_57

ARIMA(1,0,0)(1,0,0) [12Lwith non-zero mean

Coeff nts: ®1

é arl sarl] intvercept
1 0.7301J10.6403) 929.9639

s.e. U.U8 0. 0952 $7.2129

sigmar2 estimated as 3320: log likelihood=-331.93
AIC=671.85 AICC=672.58 BIC=680.23
>

- o o " 9 &) a
"a‘,‘ll‘VI 12 vAdu auto.arima() mmumv]uﬂgﬂtwwaamu,uu ARIMA

WadInIaai wAmuy ARIMA daidlumuuumsnensaiimanzasngn Tugdoes
aumspaadnans laAsanmsn (10) Tnsegluglvesanmsanaeidodiu Wivmulsdas: 3 Mm Ao
Y, .Y, , ua: ¥,_, mnedomadsaanamanly 1, 12 uas 13 muna mud1du uasmudsn
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Deumirwdimsiw Indndon [funan o [2587 hum (24136 | drwumian
DoumirwdmiIndifon E 2 S 681?7 77_' umion
A N e ) w7090 bumicy

e S N I o [9542 |dumine

U7 13 sotwlvsunamensaizesiiuuy ARIMA
mMseAUNena

nmamsidenun aynsaAnmimaeaoulmiosnnuniuazgama wazany:
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DUNIUNABNE WAIMVUMINGINI MBI ITIATIRANNaneadEY I5msUsulnEou
wouEndlimuden uaiSvooueAguaziauing uahMISsURsUMLUUMINEINTIMY
myinA1 RMSE uazA1 MAPE wiri1 Muuy ARIMA fiefn RMSE uazA1 MAPE siidn
Tasdien RMSE My 57.18 uazel MAPE iy 4.80 @uA MAPE dicmaglunasinn
mNemMBIMmLUIM IR ATaEANWINET UM INeAsaigs Asil Muuy ARIMA 3o
MuuuisnzaudmiumsnennsaitoyaounsInMgadianil dedeandaiuimiidtluoin
#ey Chujai, P. et al. (Chujai, P. et al., 2013) uazn1u3dewen Wang, Y. et al. (Wang, Y. et al.,
2012) wudn fMuuy ARIMA ﬁmmmm:ﬂmim%’umilhm'l'z"mmﬂ‘itﬁﬂuﬂiunﬂﬁﬁ?{nuﬂiznﬂu
woown lismiogama uaza1nmslifodiiu auto.arima() WemmuagUituusesiuuy ARIMA
WU Muuy ARIMA fidautazneusas Autoregressive ISUAD p=1 uazduilsznousay
Seasonal Autoregressive f1BUAY P=1 Famsnemiuan mdoinn & naila dusgiumdoing
fAouniin 1 munm uaziuegdudmdanndountn 1 gama wibifisulsznouses Moving
Average ua: Seasonal Moving Average W31zalAy q=Q=0 MINEAMIM M o naila q
LivuogAumAmaRauaIMINEInTal uazounINMIIANIMEY (Stationary) 991N
Sufy d=D=0 Wil MAFULULBEIFILLL ARIMA f3Nsass0aNmMIneNNIaEoIAILUY
ARIMA iiiliwennsaitoyasomin Tadsaumsi (10) wazthanliwenasaimissd el
swifeunesdvi lnadssaninuinends Yszaid wa. 2558 Tadomsoi 2
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42 mylATziaunIuArBsteyamitshimglith WeAummuyumnennsaiivmsa Mmamweni

o T e 1 5 T 2 P o & T & o T
M3 2 Anensalniiedmieliiisioren Yssadine. 2558 ey a1unnoe)

H.A. LA, .. SARIN .. TR fL.F. o.f. [1R3R PL.FL .8, o.f.

799.42 1 859.331969.05 11064.46 |11116.82|1062.40 | 998.62 | 980.241968.71] 954.07 | 957.64 | 874.13

unagy

1IN UTRIANITINY Lﬁ'aﬁﬂ‘mwamﬁm'ﬂ;ﬁ’ﬁam“aagﬂimLmﬂumiﬁumﬁmwﬁmm:ﬂu
fign Taomsdonllsunsuiuniees wod1 fayamizasmholfhzasmslnfimasnai
fmsuiuslandsaaniiuinerd dueunsmaafifidmisnevze o Wuazgama dofuuy
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desnnuualimIegamald wenanid maddeil uandidudoumamoenslinseiounsuan
Tnomsidonlsunsadoneers dedaliinidusansainsziennsunn Wie amen e
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Faofinsnsaaneunaasie wasimuagliunzasiiuuy ARIMA udluatwiens deddu
auto.arima() #ilimmagUiuusesfuuy ARIMA TaudnTusid vligidulusesinncs
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AIUY ARIMA ( Autoregressive Integrated Moving Average) %dﬁaaﬂﬁﬁﬂwﬁm‘ﬁ:ﬁ ﬁa”nﬁmmﬂua%nwnm Tan
dludeyamirodminslWimeansluviuasmans (nviu) ﬁtﬁ’mummﬁa:;q.l]mﬂniwuamamummimﬁ’mﬂm
I antslifuaswans soudidonunsan Dn.a. 2553 adeunguainn Dw.a. 2558 LLﬂz“n”ay.aﬁﬁu‘Lﬁl by
mauL"mﬂmww:iﬂmuwhuﬁmﬂm‘lﬂﬁwaa@uﬂnaﬂmﬂwﬁ’magmﬁb I@uﬁw‘”@Qaﬂzmmﬁauunﬁﬂu Do 1.
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Abstract

The accurate forecasting of electricity usage makes the efficiently planing about generating electricity, will
reduce the electricity generating cost, moreover the electricity usage charge of customer will decrease as well.
Therefore, this research applied the forecasting of electrical power distribution unit that indicated to the demand
of electricity usage by creating the model of Support Vector Regression (SVR) with 3 folds cross-validation and
compare the forecasting accuracy with the model of Multiple Linear Regression (MLR) and the model of
Autoregressive Integrated Moving Average (ARIMA). The data set in this research is time series data in terms of
units of household electricity usage were obtained from the Metropolitan Electricity Authority of Thailand. The data
had been collected monthly from January 2010 to May 2015. Forecasting models with different parameters are
generated from three techniques using the training data, which are the series from January 2010 to December
2014 and each model is implemented with R language. The remaining data from January 2015 to May 2015 are

employed as the validating data. Forecasting performance of each model is measured by the root mean square
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error (RMSE) and the mean absolute percentage error (MAPE) metrics. When we compare RMSE and MAPE of

three models, the experimental result reveals that SVR model has lowest RMSE and MAPE. As a result, we can

conclude that SVR model is the most powerful model to forecast this time series data.

Keywords: Support Vector Regression; Cross-validation; Multiple Linear Regression; ARIMA model; Time series;

Electricity Usage Demand Forecasting
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Collect data from secondary source
(The report of electricity supply situation)

‘ Transform data to be time series ‘

v

Transform time series to be input and target vector ‘

v

Split all data to training data set and validation data ‘
[

Training data set Validation data

Find suitable parameter(Cost and
Epsilon) for 12 models

‘v

Split training set into 3 training folds and 3
test folds for 3 folds cross-validation

R

Create 12 models in each fold to measure
accurately with RMSE and MAPE for
3 folds cross-validation

v

Choose the best model from 3 folds
cross-validation result

v

Create the best model from
all training data set

v

| Forecast 5 observed values |

* A 4

I Measure RMSE and MAPE |

A

UM 1. duseuntiaTaduuy SVR Mininzaniiga

4

o a & 2o &
a’mgﬂ"n 1. E]‘EU’]ULL@EK’U%@IE]%VL@]\?N%
Step 1: Collect data from secondary source fe
& 2

dunenIIuTINTeys mn%yﬁ‘qﬁuqﬁﬂﬁmnﬂmm
5

anwmIsimIsming Wil szdudew 2oyl
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WATHANI LG AU TIAN 2553 AdLdaunnuaai
2558 ﬁlaaiﬂ?ﬁiﬂﬂﬂitzmwﬁ'ﬂ%ayzmﬁh

Step 2: Transform data to be time series fa
& 4. o o ad v EYRE %)
mumuwmmagaqmyﬂuﬂsausau'lﬂ e duaaya
auNTUNIA 1THINWEIGUIAT Tasdarwauiusy

Wi an uaasldaigin 2

A B D E J=
1 | Years Months ffElectric Units Yo_Consumers Mean_Units ||
2 2010 1] 776.32 2420767 320.69 i
3 2010 2| 836.16 2423046 345.09
4 2010 3 925.55 2433022 380.41
5 2010 4 1026.5 2439689 420.75
6 2010 5] 1082.18 2448223 442.03|
7 2010 6 1003.41 2456309 408.5|
8 2010 74 930.91 2463398 377.9
9 2010 8 876.83 2473742 354.45|5
Euse2010 2014 0+ < ] v

U 2. dayaannsunmnansandayanas il
Step 3: Transform data to be input and target
vector fia Fuaaunsulasiaysougili 2 'lﬁ'l,ﬂwﬁ'aga
o o . W € a . o & ar
asgin 3 Tasusdazaaaiuibmnafsidananatnadiyl
@aug 1049 12 W8T Ver, Yeo ..o Yern) GINAIGY
v € v a . € & 4 & .o
uaznaauitgaviiefa srvaansiie doiusaine o
a1 t () lagdrrasmaialuuniusn da drdsnan
draunan t=13 andasiayaudy a:'lwi"ﬂgwﬁ’aylm“ﬂmu
53 79 naunsuANAUNdsITIING 65 81 an
A uaGInaLd auunsiay 2553 Aaidan
WE=NAN 2558

A | 9 1 C| O | ¢ AN A (4K 4 |
Valf1 Vall2 Vall3 VT4 ValTS Vall6 Vall7 ValTe Vall9 ValTi0 ValTif Vall12 Target
773.99 787.33 B20.6 873,47 876,83 930.91 1003.4 1082.2 10265 925.55 836.16 776.32 707.16
707.16 773.99 767.33 820.6 §73.47 876.83 930.91 1003.4 1082.2 1026.5 925,55 836.16 787.29
787.29 707.16 773.99 787.33 8206 873.47 876,83 930.91 10034 1082.2 1026.5 925.55 806,64
806,64 797.29 707.16/ 772,99 787.33 820.6 873.47 §76.83 920.91 10034 1082.2 10265 864.58
864,58 806.64 787.29 707,16 773.99 787.33 820.6 §73.47 876.83 930.91 1003.4 1082.2 963.86
968,86 864.58 806,64/ 787,29 707.16 773,99 787.33 8206 873.47 876,83 930,91 10034 933.59
933.59 968.86 864.58 806,64 787.29 707.16 773.99 787.33 820.6 873.47 676,83 930.91 9128
912.8 933.59 963.86 864,58 806.64 787,29 707.16 773.99 78733 820.6 87347 §76.83 902.59
90259 912.8 933,50 968.85 B64.58 806.64 787.29 707.16 773.99 767.33 820.6 873.47 886.08

FuseTran 3 i v

sun 3. awﬂum:maaﬂgmﬁ’a;&ﬁﬁl%ﬁ%’ﬂw’ﬁuﬂu SVR

Step 4: Split all data to training data set and
validation data set fia msuﬂa%ﬂﬂsstﬂaﬂlgmm”agaﬁk‘hﬂn
dunand 3aanidun 2 ga 1dud gadayalnman
(Training data set) 121 48 T Lm:ﬁm’l’agamﬂaﬁau
(Validation data set) 31w 5 7@

Step 5: Find suitable parameter(Cost and Epsilon)
for 12 models §a Fwaann1sAIARARN Cuaz € A

P . a 4 a
mmzﬁuﬂqmmmtmmm‘umu ﬂlﬂﬂ’]ﬁ%ﬁ]ﬂ’JLLUiJ.l’? 12

) o & PP & i a oo

dwuy lagdnuui 1 fauwannaadiduidainanm
#ad 1l 1 9 WaT (y) , GAULA 2 fiduwannaad
wWusndsinandnadlel 1 uaz 2 AIWNA1 (Yo, Veo) 18
Tdamdrduand sedruuun 12 fiduwanaafidud
Fanandmasild 1,2, ..,12 087 (Ver, Ve -.v) Vers)
Tasansmisn C uaz € MZEUNFI T aINARzI DY

) & o P . )

aldWad g% tune() Fa1nnsnanasduingadaya
Anaaw w1 C ddagszuing 1 8a 16 daudr €3
A1BETZI1979 0 A 1 agibie Feimuagenisauman C

w194 16 LazIINNTARKIAY € aand 0 fia 1

Sey

Fntuasiaz 0.001 MAELALAN C uaz € Mnanzan

ngavasudazauuu Hluldd ialdmansainduld
da Tudua ann s @ susfmust adedanuy SVR

Step 6: Split training set into 3 training folds and

3 test folds for 3 folds fia JuaawnITuLITATasa

Anmawiruan 48 7 aaniln 3 daw (Fold) Gathie udl

; 23 5 " . >

azdm aiiinugadayawihiy 16 ga dwmsivinlld

Lﬁ'aﬂTNmaﬁmm:i«mﬁqa@‘ﬁﬂmm‘snﬁauaﬁ’u w3

Ll Lmﬁ%mﬂu.ini”agmﬂ% 3@ me'lﬁ’ﬂ“@gﬂﬁ 4

Training set Testset
Row 11032 Row 33 to 48

Set | Testset | Trainingset
| t0 16 | Row 17 to 32 | Row 33 to 48

Training set
Row 17 to 48

31 4. nswdsgatayamnsumsasIRausay 3 fu

Step 7: Create 12 models in each fold to measure
accurately with RMSE and MAPE for 3 folds cross-
validation #1a Gwaaunisaiseauuunannsol 12 6
W I@ls‘lﬁ@ﬁ’agaﬁuﬂaaansﬁu 3 & Nnduaani
6 ntiwiasn RMSE waz MAPE Avgatayanasay
(Test data set) vasudazauuy Twudazain Wiasiun
wisasy wazldidwnmailuwansisan dauyui
mm:mﬁqwﬁn{ummmmmnsﬁmfﬁmmha win
5 92917280

Step 8: Choose the best model from 3 folds cross-
validation result §a 4ua aunmsidan sauuuRmINza
ﬁqwﬁ”aﬂmsw“msmﬁmnﬁﬁmﬁﬂ RMSE waz MAPE

PaING 3 b
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Step 9: Create the best model from all training
P i S il 2
data set fig TuAoUNIAIWAILLUTIANGAIINYATOYS
Anaeudiuan 48 ga wwerr luldlun1sweonsnlen
dunadrnt 5 3291980 drudunaaninesuesge
o 4 e s
maga@lsmaaumm‘h w5 79
o

Step 10: Forecast 5 observed values fio TuADw

445 dad T Ao
ﬂ']?l’ﬁ(ﬂ’JLLUU"/WlquWWU’Wﬂimﬂ’liﬂlmﬂ 5 1 Tl wen

Fnavedfenunianhafenngeman 2558

2
Step 11: Measure RMSE and MAPE fo uaon
pupe & & = = a o
NMSEIENENNIIIINTUADWN 10 "lilul'mumuunuw
. 4 & = B e e
ToYAATIVTOU Autaliludunond 4 laoduddana
Tugranandoriudiweinsal 1Woias1 RMSE Laz
MAPE 1836Uuu SVR Minunsanian
;i >
M TDUE UL IAAFING ALY AMTUAD YU
NIETNEILIL SVR Awunzaufiga (3UN

3

1) waaale
#9317 5
a“a

RowTest=5
RowTrain=dim({AllData)[1] - RowTest
TrainSet<-matrix(nrow=RowTrain,ncol=13)
k=1
for(i in 1:RowTrain) {

for(j in 1:13) {

TrainSet[k jJ=AllData[i,j] }
k=k+1}

TrainSet<-data.frame(TrainSet)

,S"Valr 10", "ValT 11","valT12","Target")

AllData<-read.csv(file="d:/CodeSVR/Data/EuseTran.csv" , header=TRUE, sep=",")

names(TrainSet)<-c("ValT1","ValT2","ValT3","ValT4","valT5","ValT6","ValT 7","ValT 8","ValT9"

write.csv(TrainSet file= "d:/CodeSVR/Data/TrainSVR.csv", row.names =FALSE)

(a) Command set for transform data to training data set

InV2<-data.frame(Trainload$ValT1, Trainload$ValT2)

tune2 <- tune(svm,InV2, Trainload$Target, data = data,ranges = list(epsilon = seq(0,1,0.001), cost = 1:16))

(b) Command set with using tune() function for model2

INVM2F1 <- data.frame(TrainLoadF1$ValT 1, TrainLoadF 1$valT2)

model2F1 <- sym(x=InVM2F 1,y=TrainLoadF 1$Target kernel="linear",cost=TuneLoad[2,3] epsilon=TuneLoad[2,4])
newdataM2F1 = data.frame(Val1=TestLoadF1$ValT1,Val2=TestLoadF 1$ValT2)

PredM2F1 <- predict(model2F1,newdata=newdataM2F 1)

(c) Command set for create model2 in first fold by using svm() functicn

gﬂﬁ 5. UNEIMLITATFITMIVATIIA MUY SVR

2.2 AMUUNTAANDLTIUTURDUNA
nsleszintnanenfudunuuny (Multiple
Linear Regression: MLR) w3 BmytiameAanuaunus
iz'mfwaﬂiﬁimamﬁuﬂiﬁm:ﬁ.ﬁmnﬂi’] 1 daudsuazdn
wlsans 1 sauds Tapdauuunensaifaieeniinig
MLR Lﬂuﬁ“’umuﬁaglugﬂuuuaumst%u&u Auaa

mmﬁ?’s\lw”uﬁswiwmjwamﬁuﬂsé‘mmm:ﬁ’mﬂsmu
AIENMIN 9 [14]
. 7 k A

y=Pot T Bixite 9)

n13%13% MLR inTiassfeunsuinandaden A
. _— ; 2 o
feaanadudon luudazaunan middudsaw y
AUNBHI AFINGA BEN t f;immjmaaﬂ“uuhﬁmz X;

(i=1, 2,..k) wuruha ardanananasld 1,2, ..k
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AMULIA7 G B =1, 2,..k) fie dandszdnthaun
nanay (Regression Coefficient) 193 x; Wae & fAodn
AanaLAAeY (Residual) 1o x nuofs erasnaia
waald 1, 2, .., k AUIAT LA y AUNBHI ANdana
M7 t 99T e Haﬁl’ﬁlumsaﬁwﬁmw MLR 90
1%3111,1,1111 D = {(xi, )DL L“ﬁmﬁmﬁ’uiagaﬁl“ﬁ
#37962UUD SVR ﬁﬂ*’ﬁﬂg@lﬂv’“a;daﬂnaawaaﬁ'm‘uu SVR
VFF9EINDD MLR Lm:l%’qw‘”aﬁamwaawaaﬂ"’z
wuy SVR inlgiad nanainden RMSE uas MAPE
289Uy MLR tiesinldiSofinuiusauuy svR
LasfAILUL ARIMA T@Um‘ﬂfumumm%w‘ﬁ WU
MLR af'wé“uwmnmiﬂﬁaylamgmmam 5 anutan 1w

1317 6

’ Create 12 MLR models from training data set of SVR |

‘ Forecast 5 observed value for each model I

-

Measure RMSE and MAPE with validation
data set for each model

>
&<

U 6. Tumeun1IEINdMUL MLR

mnﬁﬂﬁ‘ 6 aFunusaziuaewldai

Step 1: Create 12 MLR models from training data
set of SVR Al TuAsuWNSEFIFLLL MLR 12 sauuy
Tansanuuit 1 S9aulsdass 1 dauds waziluddang
Agmaaly 1 aunan (v, uuud 2 Saaulssass
2 dauds wasiludrdaunanamasly 1 uas 2 munm
(er, veo) ol madand sfanun? 12 Sdudsdase
12 duils wazifludrdanafignaalyd 1,2, .12
AN (Yer, Yoo - Yer2) &Tfﬂ“ﬁqw‘”aﬂaﬂnaawamﬁ
LU SVR Twnsasnasauuy MLR

Step 2: Forecast 5 observed values fe ’uguﬁl 8%
AMIRILAREAILDY NUINTHANFINARIINKT 5
AU Fefludrdanaendenunsianiaden
wasnay 2558 dniuin lidoufsunugateys
avvaey Sadudrdanalugasnandmii

Step 3: Measure RMSE and MAPE with validation
data set for each model fie mguﬁ aUN13IAfA1 RMSE
LAz MAPE 103udasiuunnugadeyaniiagey e
1ReNAILLY MLR 'ﬁimm:auﬁ'qxﬂ aniin 2g ey
WipuifsuanunangizensweInssiAua LDy
SVR Lagdluy ARIMA

@Taama’qaﬁ%?:alunﬁa‘s’wmﬁmm MLR sauuni 2

o

Galleaualidarz 2 @1 o vy, uaz y,, uaedldeaagud 7

modelMLR <- gim(formularMLR family = gaussian())

Testload<-read.csv(file="TestData2.csv")

e <- Testload$ActualValue - ForeMLR
er2 <- errl/Testload$ActualValue
mseMLRtest <- sgri(mean(erri[,1]*2))
mapeMLRtest<-mean(abs(100*err2[,1]))
rmseMLRtest # show RMSE

mapeMLRtest # show MAPE

formularMLR<-Trainlcad$Target ~Trainload$ValT1+Trainload$valT2

newdata = data.frame(Val1=Testload$ValT1,Val2=Testload$ValT2)
ForeMLR<-modelMLR$coefficients[1]+modelMLR$coefficients[2]*newdata[1]+modeIMLR$coefficients[3]*newdata[ 2]

U7 7. gaddiaiadiuuy MLR dauuud 2

2.3 @MU ARIMA

dauuy ARMA Wufuuniatesnifussuend
LAzIaAne (Box and Jenkins method) [15] laawennsal
dayaanjduuunan 23duuy ldun Fdnuy

Autoregressive (AR) fio JuutUIimuat1 dmensot
4 Wy i i , 2

aatlag duegiusdrdnnadeuniy uargluuy
Moving average (MA) flo Juiuufiimuait dwennsol
; X e, § "
ailag Tuegivdinaaindounaunit uazison
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Juuun AR ALY MA 91 Juuun ARMA il
a ¢ P o = o
stuwnnsTieredeununaidumaduun’ lunsild
m&nwnm"lmﬂumwfum%' ﬁ]:@TaaLLilmm#nmnmIﬁ
Wwaatwuwd Lm:ﬁ'ungﬂLmuﬁlﬁmsw:ﬁavgnwnm
fndaslfidumaduud ldin gduon ARIMA laod
;slllLmuvﬁ'lﬂﬁsiuulugﬂmasﬁ“’a@‘iuﬁumsﬁauﬂﬁu

) vy

(Backward shift operator: B) Iugﬂauﬂﬁ [5] At

8p(B)®p (B%)(1 — B)(1 - BHY, =

. wq(B)WQ(BSI)at
e BY, = Y,_; uae BXY, =Y, laofi
wo(B) =1-w;B— wyB2 — . — woBP

8,(B) =1—06,B —0,B% —--— 0,BP
®p(B%) =1— ;B — ®,B? — .- — @pB®
Wo(BS) = 1 — WiBS — W,B? — ... - W,B®S

AATUMIAT AU ARIMA FaaTiaTeA BN
1781 Lﬁ:aﬁﬂﬂu@gﬂgmu ARIMA(p, d, g)x(P, D, Q)s 'ﬁ'
WANIEENTUBLRNITNIAN Tamiuinaswlunisiden
OWAU p, d, g ilesnunalin uazdudu P, D, Q
Lﬁaoﬁnnqgma Fanren R SWaris4 auto.arima() AlE
‘Lumﬁzygmmu ARIMA(p, d, q)x(P, D, Q)g ﬁmm:ﬁu

>
o & &

AIUH mﬁwmnsmm&nmnmﬁ’mﬁ"muu ARIMA Fail

& o d a P oo X
’U‘Wﬂi)uﬂdgﬂ“{l 8 uazobunoudaziunould daft

‘ Collect data from secondary source (The report of electricity supply situation) |

v

‘ Transform data to be time series |

v

‘ Determine suitable ARIMA model |

Vv

’ Modeled ARIMA model with training data set |

v

’ Forecast 5 observed values ’

R’

‘ Measure forecasting accuracy |

. 2
El]ﬁ 8. TUADWNTIAIIAILLL ARIMA

Step 1: Collect data from secondary source fio ﬂﬁma%
Tunndeya nteyanaond AlFanmosraaniwnise
m3d o lddszdndenteanslidnamara
IFWANALTRASWA 1 283nEIRALLY SVR

Step 2: Transform data to be time series fe mgwmwﬁ"
ﬂwfaﬂanﬁnqﬁﬁ'ﬁmww nadaduioyasunin
nan Boaaudreunal lasfarunaniduioden
iudni T Raewd 2 183nsatraTanUL SVR a3
A 2909 wisteyadu 2 ga 1éun 1) gadeya
Angow (Training data set) Fati1 wwdaadueynsw
nadawaiew 150 lua R et ldadraiauuy
ARIMA I@ml“ﬁﬁauﬂaéﬁm@ WWenunINAN 2553 Haifow
FUNAN 2557 FMTUETHALLRENTDL 2) R UBHE
@37980U (Validation data set) 931990 Haﬁgamitﬁau

unManfadeunguaiau 2558 dmiuiaanugndes
YBINIWENNTOL

Step 3: Determine suitable ARIMA o5 uAaHn"3
nuaIULULIBITILLL ARIMA ﬁmm:auﬁ'ﬂ@m‘ayja
Anaou lanlunsinuuaduas p, d, g Wasduau P, D,
Q B IFLUL ARIMA @a8WariTu auto.arima()

Step 4: Modeled ARIMA model with training data
setfio THADUNNTATIIFILUY ARIMA 37 ngatoya
Anaew lauindsuey p, d, q Lazduet P, D, Q Aldan
dumewdt 3 anlFEaRanUn ARIMA dauaride arimal)

Step 5: Forecast 5 observed values fio “ngwil AUNII
PNAILUL ARIMA WeENIlANFANA&19REN 5 A1ULan
eI Tw predict) w1 R lagdrwensoiiduen
FunaueafenunsaniadeunguaNAY 2558 §1TU
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ﬁﬂ"lﬂtﬂ%uuLﬁnuﬁumﬁay}amnﬁmau Faflusndonalu
Franaaen %

Step 6: Measure forecasting accuracy fio mﬁuﬂau
myTaanuLLni1zeInswensal lassdmwensal
Aldanea wwuslSoufsuiudraiiuesgateya
AT980L daumsiamaaanaeuwn19aa laun
RMSE (Root Mean Square Error) kazfi1 MAPE (Mean
Absolute Percentage Error) [16] ffoﬁaumsé’a*tf

RMSE = 237, (v, = 9,)? (10)

MAPE =2 ¥7, | 100 22X | (1)
n rt

&

e yi= fhasnafim t, Pt = dmennsaliiim
t U8z n = SN ARNS0E

ﬁﬂ%fm‘gﬂﬁﬁ;@mﬁmwaamm R anudnaouln
311“7; 8 LLaﬂdleTﬂwdgﬂﬁ 9.

library("forecast", lib.loc="~/Riwin-library/3.2")

auto.arimaarimaTS)

PredictARIMA <- predict(arimaM, n.ahead=5)
PredictARIMA # show forecasting value
ActualARIMA<-c(TestSet$Electric_Units)
ForecastARIMA<-c(PredictARIMASpred[1:5])
errl <- ActualARIMA-ForecastARIMA

mseARIMA <- sqri{mean(err142))
mapeARIMA<-mean(abs(100*err2))

# show RMSE
# show MAPE

mseARIMA
mapeARIMA

arimaDF <- read.csv(file="d:/R/Euse2010_2014.csv", header=TRUE, sep=",")
arimaT$S <- ts(arimaDF[,3], start=c(2010,1), end=c(2014,12), frequency=12)

arimaM <- arima(arimaT$S, order=c¢(p,d,q), list{order=c(P,D,Q), period=12))

#p,d,q and P,D,Q is an integer number, it's can be obtain by using auto.arima()

TestSet<-read.csv(file="d:/R/Etest1_5_2015.csv")

err2 <- (ActualARIMA-ForecastARIMAYActualARIMA

gﬂﬁ 9. TARNEITDINHI R ANTUADUNIATNAILUY ARIMA

-7
3. HAN15I98
e 2% W - ¢ 2
widpil ladnsnisTiassfeuniua e
& 9 . a . % . <
‘wmn‘sm’ua;‘Jjwmumwmu"lv\lﬁ’nh:mmmuagmﬁu
283n3 WM iwasrawialseimalng Salddndunis
naaed MroafnsaadLuunensaifuand9nn 3
s T G 2y -
3% ldurd AFn1vadedauuy SVR T8nnsashedanuy
MLR Lasitn1sasnidauuu ARIMA lasldnisidon
Tusunsusran1mn R iluindesilodufiunsido aain

w
Fandanan13A9a T a1 iAnn1390 91nwn

&
aw &

= ) a4y o ada: a ag
WInuINBURaNTIITBN M NITAIRKN1IUNI 3 3T

< P — g &
Fanan1sIsoudazain Wuadh

2 .
3.1 HANTIVHINAINUL SVR
waita SVR Wwisnsidwmilines Sawsilines
Adanfe Cuas € lan C fp Aasi Al wuanau
Nz auErinsamaniswfisensulduazawiaes
€ ¥ e . a a .
AN UMW ([[w) @ € fe nsARUAAINIIN
% i o a . 4 a' w Y g
nisewisiedfaon nIernaamndenioensuldues
TP 4 ;
gateyainaewu Famidni LEWaridu tune() dumdn C
uae € Mmanzan laowaisi une() awinaMivanzan
WUUN3ALESY (Grid search) AREAT3TRIA M TIASH
fianald wasssiinanumnnzaudioniyiaan MSE

{Mean Sgquare Error) [13] Idnaantaaaan 1
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A3 1. M1 C LAz € MPNNZaNIINIIAWAAI8W i tune() T IFALLIL SVR

Model Cc £ Model Cc £

1 1 0433 7 2 0.001

2 1 0 8 2 0.024

3 5 0.567 9 2 0.081

4 2 0.686 10 3 0.193

5 2 0.263 1 2 0.011

6 2 0.325 12 3 0.135

@I'WS’N"?T‘ 2. HANTETIIEOUAAL 3 @AUVDIA LY SVR
RMSE RMSE RMSE RMSE MAPE MAPE MAPE MAPE
Model fold 1 fold 2 fold 3 Average fold 1 fold 2 fold 3 Average

1 90.13 66.06 7443 76.88 717 5.28 6.97 6.47
2 80.02 56.49 89.28 75.26 6.55 4.03 8.12 6.24
3 75.45 65.62 88.10 76.39 6.45 5.50 8.20 6.72
4 77.03 7052 80.04 75.86 6.70 5.99 7.29 6.66
5 i5dh 63.70 103.87 80.91 6.74 5.09 9.34 7.06
6 80.58 65.95 104.83 83.79 7.02 5.38 9.75 7.38
7 64.73 54.29 110.28 76.43 5.85 4.07 1105 6.99
8 62.73 56.17 119.19 79.36 5.63 4.80 12.41 7.61
9 56.61 57.00 106.40 73.34 5.22 4.81 10.84 6.96
10 49.99 55.80 99.17 68.32 4.70 4.61 9.91 6.41
11 49.19 49.22 96.53 64.98 4.65 4.14 9.69 6.16
12 54.20 54.89 93.60 67.56 5.01 4.38 9.26 6.22

dieldan ¢ uae € Ammnzanimsiudasaanuy o
snltashadaiuy SVR dmwam 12 dauuy uasiiendauuy
ﬁﬁﬁqaﬁmmsi’am RMSE 1az MAPE lag3Tasiaaeu
F8U 3d7% S9an15TAs RMSE uay MAPE 20375
AMEOLFIY 3 dpILdacaALLY Wndaansi 2

o4, s = 5 e 49 3, )
INAIIN 2 AIWVUN 11 Li]%@l’]LLUUVIILV\ﬂ’ILﬂ.RU

dad

RMSE uaz MAPE diiga Saidudauuy SVR Nafga

& o &

ﬁw%’uﬁﬂmlﬂﬂumswmnszﬁa%nmnmﬂgﬂu AINU 1IN
nsadiduuD SVR dogatoyaiinaen 'ﬁ'ﬁé‘uwﬂ 1
@7 fie Andanadnasaand 189 11 ANDLaT 9T
inldwSeuivdrdunassilugranandmiuaesga
VCHEURREECH i Tad1 RMSE waz MAPE lanasnt

uadnsen 3

a13197 3. AwenssiiasiinananieueIRILLY SVR MR zaniaa

Jan Feb Mar Apr May
Value RMSE MAPE
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Abstract

This research applied time series forecasting with a proposed algorithm: the
genetic algorithm optimizing support vector egression (GASVR). The
forecasting accuracy performance of the GASVR has been compared with the
techniques of an artificial neural network and an autoregressive integrated
moving average to forecast the power consumption of Bangkok’s metropolitan
area. Time series data in terms of the electrical power distribution nit for
household electricity usage were obtained from the Metropolitan Electricity
Authority of Thailand. The forecasting performance of each model is
measured by the root mean square error (RMSE) and the mean absolute
percentage error (MAPE) metrics. The experimental results of the RMSE and
MAPE comparisons between the 3 models reveal that the GASVR model has
the lowest RMSE and MAPE. Based on such results, we can conclude that the
proposed GASVR algorithm, which is the support vector regression with
parameter optimization by the genetic algorithm, is the most powerful model
to forecast time series data in the specific domain of household power
consumption.

Keywords: Support vector regression, genetic algorithm, artificial
neuralnNetwork, ARIMA model, time series

Introduction

This research studies univariate time series data having a single observed variable
that changes its value by time order. This data set is the electrical power distribution
unit (EPDU) of the Metropolitan Electricity Authority of Thailand (MEA) covering
household consumers in Bangkok and the provinces of Samutprakan and Nonthaburi.
The time series data were collected from the MEA’s monthly reports during the
period from January 2010 to May 2015. The data are presented in an electrical power
distribution unit metric in which 1 unit refers to 1,000 kilowatts per hour. These data
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in a monthly period scale are expected to contain a time series pattern regarding the
demand for electricity. An accurate capturing of such a pattern is obviously beneficial
to the MEA in that an accurate forecast provides precise information which is
advantageous in resource planning, management of funding, and reducing the
operational costs. Bunn and Farmer (1985) found and reported that 1% of electrical
load forecasting errors raised the operational costs by 10 million pounds. Therefore,
forecasting precision is a challenging problem, especially the demand for electricity
supply.

The data used in this study are of limited size containing only 65 observed
values. However, there has been much research in the past confirming that electricity
consumption data have underlying patterns that can be captured with a low error rate
regardless of their size. This research work to generate the forecasting model from a
small data set can be examined as follows. Wang et al. (2012) used 31 data sets of
the annual total electricity consumption of Beijing city between 1978 and 2008 to
generate a forecasting model using support vector regression (SVR) optimized with
differential evolution. Then, comparing the forecasting power with a back
propagation neural etwork and regression technique, they found that their method
yielded the best model showing the lowest mean absolute percentage error (MAPE)
at 4.8%. Wang et.al. (2012) used 35 data sets of the monthly electricity consumption
of northwest China from March 2007 to Jan 2010 for training a forecasting model
using a seasonal autoregressive integrated moving average (ARIMA), particle swarm
optimization, and hybrid method. The hybrid method was the best model with the
MAPE value at 2.38%. Kaytez ef al. (2015) used 40 data sets of the annual electricity
consumption of Turkey during the period from 1970 to 2009 to generate a forecasting
model using regression analysis, neural networks, and least squares support vector
machines. The best model was the least squares support vector machines which
achieved the lowest MAPE value at 1.004%. Therefore, we are confident that the data
set containing 65 observed values used in this research is sufficient in its size for
generating a reliable forecasting model, if we use the appropriate technique to
generate the model.

The appropriate strategy for forecasting time series data is to apply several
techniques to generate the forecasting models. After that the best model can be chosen
by the measurement of the forecasting errors. Previous research studies that explored
many possible techniques to find the best model for forecasting time series data in the
specific domain of electricity consumption can be reviewed as follows.

Wang et al. (2012) tried to increase the forecasting accuracy of the model
to predict the electrical load in China. They created a seasonal ARIMA model for
the forecasting task. They also modified the residuals to increase the accuracy using
the seasonal ARIMA, particle swarm optimization, and hybrid method. They found
that the residual modification could increase the forecasting accuracy and the hybrid
method was the best method for electricity forecasting.

Lee and Tong (2011) studied a time series that was the yearly data of
electricity consumption in China. They presented a hybrid model of the ARIMA
and genetic programming methods for forecasting. The model’s accuracy was
measured by 3 metrics: root mean square error (RMSE), mean absolute error, and
mean absolute percentage error (MAPE). They reported that the hybrid model could
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generate a forecast more accurately than a single ARIMA or single genetic
programming model.

Wang and Meng (2012) studied the forecasting of the energy consumption
in China using the ARIMA, artificial neural network (ANN), and hybrid ARIMA-
ANN models. They compared the accuracy using the RMSE, mean absolute error,
and MAPE. The result of their study showed that a hybrid model provided better
accuracy in forecasting than either the ARIMA or ANN models.

Ogcu et al. (2012) did an experiment on forecasting electricity consumption
in Turkey. The data set was atime series that had a monthly time period. They used
the ANN and SVR techniques to model the data set and compared the accuracy by
means of the MAPE. The result was that the model using SVR had more accuracy
than the model generated from the ANN.

Jirong et al. (2011) did an experiment to forecast housing prices in China.
The data set was atime series that had a yearly time period between 1993 and 2002.
They applied a genetic algorithm (GA) to optimize the SVR parameters and called
their method G-SVR. After building the model, they compared the accuracy
between their own G-SVR and a grey model. The result was that the G-SVR showed
more accuracy than the grey model.

From the literature review, it can be concluded that existing methods to
model a time series can be divided into 2 groups. The first group is traditional time
series modeling such as regression analysis, exponential smoothing, or the Box and
Jenkins method (Box and Jenkins, (1990). The second group is the machine
learning method such as an ANN or SVR. In traditional time series modeling, the
most popular model is the ARIMA model from the Box and Jenkins method. The
popularity is due to its high precision (Lee and Tong, 2011; Wang et al., 2012,
Wang and Meng, 2012). In the machine learning method, the SVR model has
recently been used extensively because it shows high precision in predicting various
data sets (Wang and Meng, 2012; Ogcu et al., 2012; Jirong et al., 2011; Fan et al.,
2016). SVR was also found to be the suitable technique to model small sized time
series data (Fan ef al., 2016).

On applying the SVR technique to model a time series’ data, the model’s
accuracy depends on the appropriate setting of the parameters for the SVR.
Therefore, the objective of this research is modeling the EPDU data to forecast
future values as accurately as possible. We propose a novel technique using a
genetic algorithm to optimize the parameters of the SVR and the proposed
technique is called the genetic algorithm optimizing support vector regression
(GASVR). After presenting the GASVR technique, we experimentally compare its
forecasting accuracy against 2 well-known techniques: the ANN and ARIMA. The
comparison is based on the measurement of the RMSE and MAPE.

Materials and Methods

This research adopts the EPDU data of the MEA with a particular sector of household
consumers. The EPDU data set is a monthly time series collected from the monthly
reports of the MEA from January 2010 to May 2015. In this research, we apply the
GASVR to model the electricity consumption pattern of the population in the Bangkok
metropolitan and surrounding areas. The forecasting efficiency of the GASVR model




213

is compared with the ANN and ARIMA models. The GASVR technique is explained
in the following sub-section with its conceptual framework illustrated in Figure 1. The
concepts of the ANN and ARIMA are also presented at the end of'this section.

GASVR Model
Support vector regression (SVR) was introduced as a machine learning

technique by Vapnik (1995). SVR is an extension of support vector machine (SVM),
which is a classification method, to analyze the regression between the input vector and
the output. SVR is thus used to forecast numeric values instead of the categorical
classification, as traditionally has been done by the SVM. Therefore, SVR focuses on
finding a linear relationship mapping the input vector X in n- dimensions (X € R") to
the output y (y € R). Due to the fact that SVR has been modified from the SVM, the
regression equation of SVR is therefore similar to a hyperplane equation of the SVM.
The regression equation of SVR can be shown in Equation 1 (Bagheripour et al., 2016).

f=wlx+b T e (D

where, w is a slope and b is an offset of the regression line. We can define w
and b by minimizing Equation 2 (Bagheripour ef al., 2016).

R e e P @)

When we use SVR to predict the output from the input vector, we will define
the epsilon tube by the loss function. In our research, we use an e-insensitive loss
function that can be shown in Equation 3 (Vapnik, 1995).

0 if yi—fele<e

= FGle = {Iyi - f(x)|s — &  Otherwise &)

To solve Equation 2 that has Equation 3 as a constraint, we can reformulate
the problem to the dual problem by using Lagrange multipliers, as shown in
Equations 4 and 5 (Bagheripour ef al., 2016).

Maximize L,(a; a}) = —§Z§:125~=1(0!i —a7) (a; — a))x] %
; —eXia(@+a) + (= a))y; —mmeeeees C))
Yiza(@g—ai) =0
Subjectto{0<q; <€, i=1,..,.1 e ®)]

0<a;<C i=1,.,1

where a;,a; > 0 are the positive Lagrange multipliers, C is the cost of error
and it is a positive parameter, ¢ is the width of the epsilon tube, and 1 is the number
of the support vector. The support vector is an input vector that has a;,af > 0 and
when we calculate a;, ; from the training set, we can formulate the equation of the
SVR to predict the output fromthe input vector as shown in Equation 6 (Bagheripour
etal., 2016).

fO=wlx+b=Fa-apalx+b e (6)

The weight vector of the regression hyperplane (wo) is given by Equation 7
(Bagheripour et al., 2016).

e G < @)

Equation 6 is the format of linear regression. For the non-linear case, we can
map the input vector in high dimensional feature space by using a kernel function.




214

The mapping can be the multiplication of the vectors x; and xj, and the popular
kernel functions can be listed as follows (Sajan et al., 2015).
(1) Linear kernel: k(x;,x) = x x
(2) Polynomial kernel: k(x;,x) = (1 + x;.x)¢
2

(3) Gaussian (RBF) kernel: k(x;, x) = exp(— %}

Therefore, Equation 6 can be reformulated in the format of non-linear
regression by using the kernel function as shown in Equation 8 (Bagheripour et al.,
2016).

(OIS X BN oI 1 T S —— ®

This research created the model of SVR with R language and used the
“svm()” function available in the “e1071” package. This package was introduced
by Meyer et al. (2015) and is publicly available in the CRAN repository. To
generate the SVR model, we need to define the kernel function. From a series of
experiments, we found that the linear kernel gave the best result, so we used the
linear kernel in our research. For the parameters C and ¢, their optimal values were
to be searched for with the genetic algorithm (GA), and the final model would be
called the GASVR model. From the conceptual framework, as shown in Figure 1,
we can describe the steps to generate the GASVR model as follows.

1. Collect the data from the monthly reports ofthe MEA. The data were obtained
from January 2010 to May 2015. The data are the household electrical usage of
residents in the MEA area. We then order the data to build up a time series as shown in
Figure 2.

2. Divide the data into 2 data sets. The first data set is the training set to create
the forecasting model. Our training set is the data from January 2010 to December
2014. The second data set is the validating set to measure the accuracy of the
forecasting model. The validating set is the data from January to May 2015.

3. For the model creation of the GASVR and ANN algorithms, the data set that
is used to build the model must be in the form of a pair between the input vectors and
corresponding targets (D = {(x;, ¥;)})iz1)- Therefore, the data in Figure 2 would be
transformed to the data as shown in Figure 3 before the data can be used to build the
model. Each column of'the data set in Figure 3 is the lag time ranging from the 1 to 12
time periods (yt-1, yt-2,. .., yt-12). The last column is a target, which is the observed value
at time t. The first value of the target is the observed value that has the time index equal
to 13 (t=13). After transforming the data, we will get 53 rows from 65 observed values
that have the time period from January 2010 to May 2015.

4. Use the simple linear regression to define the input vectors ofthe GASVR by
using the data set as shown in the Figure 3. We created 12 models of simple linear
regression and each model used the observed values at the lag times 1 to 12 (yt.1, yt-
2,..., Ye.12) as independent variables. All 12 models have the same observed value at
time t (yt) as a dependent variable.

5. Select the input vectors of the GASVR by considering the value of R?
(coefficient of determination). It must be greater than or equal to 0.5 (R% > 0.5).

6. Define the optimal C and & parameters by applying the GA. In the R
language, it has the “rgba()” function in the “genalg” package that was introduced
by Willighagen and Ballings (2015) and which is available in the CRAN repository
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of R language for finding the optimal solution by the GA. The process of the GA
can be described as follows.

6.1 Define the chromosome representation. This step defines the pattern
of the genes in a chromosome. This research uses a GA to find the optimal C and
&, so that each chromosome consists of 2 genes that represent C and &. The type of
chromosome encoding is a float chromosome and the setting of the GA can be
shown as in Figure 4. We randomly set the initial population with 200
chromosomes.

6.2 Evaluate the fitness value. The evaluation of the fitness in each
chromosome is used to choose the offspring that will be the next generation. In our
research, we define an evaluation function to be the RMSE, defined as shown in
Equation 9 (Bergmeir and Benitez, 2012).

RMSE = %Z?ﬂ()& -2 B e ®

6.3 Perform the selection operation. This step is the selection of the
offspring that will be the next generation. This research uses the roulette wheel
method for the selection operation.

6.4 Perform the crossover operation. This step is to build the offspring.
This research uses 2 parent chromosomes for the single-point crossover operation and
sets the rate of crossover to be 0.8.

6.5 Perform the mutation operation. This step is to mutate the offspring by
using only a single parent chromosome. The mutation is used to avoid the problem
of local optimum and the rate of mutation is set to be 0.01.

6.6 Perform the replacement operation. This step is the replacement over
the existing population by using the new set of the population that has the fitness
value better than the old population set. We replace the parents with the offspring at
the rate of 0.8 (replace 160 parent chromosomes from 200).

The whole process of the GA to find the optimal C and & parameters is
shown in Figure 5.

7. After obtaining the optimal C and & parameters from the GA, apply the 2
parameters to create the model through the SVR algorithm, and the final product is
the GASVR model.

8. Test the accuracy of the GASVR model by predicting the 5 observed values
in January to May 2015. The forecasting values are compared against the actual
values of the validation set to compute forecasting errors.

9. Measure the forecasting accuracy by using the RMSE in Equation 9 and the
MAPE as shown in Equation 10 (Bergmeir and Benitez, 2012). The RMSE and MAPE
are also used to compare with the ANN and ARIMA in later steps of the
experimentation.

MAPE=23%,l100 22| (10)

ANN Model

An artificial neural network (ANN) is the simulated network of neurons in the
human brain. We can apply an ANN to forecast time series data. The ANN performs
learning from the existing data by analyzing the correlation between the observed
values at the current time with previously observed values. After getting an ANN
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model from the training set, we can use such a model to forecast the values of new
observations and can measure the accuracy by comparing with the actual values in
the validation set.

In this research, we use an ANN model from the network architecture called
three-layer feed-forward back-propagation neural networks with 1 hidden layer.
The output from a model is a forecasting value at the current time (yt). The input
to a model is the previously observed values at 1 to p time intervals (Ve.1, Vt-2, .-, Yt
p) and can be represented as a vector. The correlation between the input and output
can be shown as in Equation 11 (Wang and Meng, 2012).

ye=wo+ Tl 0 g(wo; + X0 oy yei) Hee 0 e (11)

where oj (=1,...,q) and oij (i=0,...,p; j=1,...,q) are the model parameters,
which are called weights, p is the number of neurons in the input layer, and q is the
number of neurons in the hidden layer. Each neuron uses a sigmoid function
(presented in Equation 12) as a transfer function (Wang and Meng, 2012).

sig(x) = —_———1 VU T o ) - (12)

(L+exp(—x)

From the ANN model shown in Equation 11, we can transform to a non-linear
function to represent the relationship between previously observed values (yt.1, yt2, ...,
yip) and the forecasting value (yt ), as in Equation 13 (Wang and Meng, 2012).

Ve = fQi-1 ---vJ’t—p'(U) i R« U D (13)

where ® is a vector of all the parameters, and f{) is a function used for
determining the network structure and the connecting of weights. As a result, the neural
network model is equivalent to and can be expressed in terms of a non-linear
autoregressive model. The output layer will have 1 neuron because it will be used to
predict 1 future value in a single time period. In our research, the input ofthe ANN will
be analyzed by simple linear regression.

This research defines the optimal ANN model by testing with 4 ANN models.
Each model has a different number of neurons in a hidden layer varying from 1 to 4
neurons. The structure of the final ANN model used for the experiment in this section
can be shown as in Figure 6.

We then implement our ANN structures using Matlab software and the steps
of implementation can be described as follows:

1. Use the data in Figure 3 to train the 4 ANN models.

2. The mputs of all the ANN models come from the simple linear regression
analysis.

3. Normalize the data setto be in the range of 0 to 1 to avoid the data overflow
because the process of the ANN is a time-consuming iterative process.

4. Define the structure of the ANN by using the “newft()” function.

5. Fix the initial weight and bias instead of randomizing them. The reason for
having specific values is that there will be a rapid convergence to a good solution.

6. Train the 4 ANN models by using the training data in Figure 3.

7. Predict the 5 EPDU values from January to May 2015 from all the ANN
models for accuracy measurement with the RMSE and MAPE metrics.

8. Choose the optimal ANN model that has the minimum RMSE and MAPE.
Later on we will use the optimal ANN to compare its forecasting performance with
the GASVR and ARIMA.
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ARIMA Model

The ARIMA model is a model derived from the Box and Jenkins method
(Box and Jenkins, 1990). The ARIMA model can predict the data through the
conformation of autoregressive (AR) and moving average (MA); the compound of
these 2 conformations is thus called ARMA. The ARMA is used for the stationary
process of a time series if that series is non-stationary. The transformation to a
stationary one is a necessary process before generating the model, called the
ARIMA model. The general term of the ARIMA (Wang et al., 2012) can be
presented with a backward shift operator (B) in the following equation.

0p(B)Op(B5)(1 — B (1 — BPY, = wy(B)Wy(BS)a, ~  wemeememmn (14)
where BY, =Y,_; and BXY, = Y, i

wq(B) =1 —wyB—w,B? — -+ — w,B?

6,(B) =1—6,B — 6,82 — - — 6,BP

Op(BS) =1— ©,BS — ©,B% — . — ©pB"S

Wo(B®) =1—WyB® — W,B* — .. — W,B¥

In order to generate an ARIMA model with R language, we used the “arima()”
function in the “forecast” package that was introduced by Hyndman (2015) and which
is available in the CRAN repository to create the ARIMA model We have to analyze
the time series data for defining the suitable parameters of the ARIMA(p, d, q)x(P, D,
Q)s. That means selecting the suitable p, d, q fromtrend and P, D, Q fromthe seasonal.
In the “forecast” package, it has the ““auto. arima()” function to assign a suitable
ARIMA(p, d, 9)x(P, D, Q)s. From our conceptual framework, we design the time series
forecasting with an ARIMA model as shown in Figure 7. Each step can be described
as follows.

1. Collect the 65 data instances from the monthly reports of the MEA.

2. Transfer data to be a time series by using the “ts()”” function and split it into
2 parts. The first part is the training data: January 2010 to December 2014. The second
part is the validation data: January to May 2015.

3. Define the suitable parameters of the ARIMA (the parameters p, d, q and
P, D, Q) by using the “auto.arima()”” function.

4. Generate the ARIMA model by using the “arima()” function.

5. Predict the 5 observed values from January to May 2015 by using the
“predict()” function.

6. Measure the forecasting accuracy with the RMSE and MAPE metrics.

The command set in R according to the steps presented in Figure 7 can be
shown as in Figure 8.

Results and Discussion

Due to this research having 3 different models, we divided the experimental results into
4 parts. The first 3 parts are the results obtained from the 3 models (GASVR, ANN,
and ARIMA). The last part of the results section is the comparison between the 3
models.

Results of GASVR Model
The input vectors of the GASVR model were defined by the simple linear
regression analysis of the 1 to 12 lag time observed values and use the R? > 0.5 to
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determine the input vectors. The result of the input vector determination can be shown in
Figure 9.

From Figure 9, the observed values at the 1 and 12 lag times have R? greater
than 0.5, so we use yi.1 and yi.12 to be the input of the GASVR model. Later on, we
use the GA to find the optimal C and & parameters that can be shown in Figure 10.

When we know the optimal C and € parameters, we can thus use them to
generate the optimal GASVR model by using the command set in Figure 11. We
then predict the 5 observed values and measure the RMSE and MAPE error values
that can be shown in Table 1.

Results of ANN Models

For the experiment with the ANN model, we use the structure ofthe ANN, as
shown in Figure 6, and use yi1 and yt12 as an input, which is the same as the
GASVR. To avoid over-fitting, we design the ANN structure to contain a few
neurons (from 1 to 4) in the hidden layer. The 4 ANN models are named ANN1 to
ANN4. In addition, we found that by fixing the values of the initial weight and bias,
the ANN shows a better performance than by randomizing them. From our
experiment, the initial weight and bias of each ANN model that minimizes the
RMSE and MAPE can be shown as in Table 2.

When we use the initial weight and bias for training the ANN models and then
measure their RMSE and MAPE values with the validation data set, the results are as
shown in Table 3. The ANN3 model has a minimum MAPE value and when we
measure the correlation of each model, we found that the ANN3 model has a
maximum correlation coefficient equal to 0.88868. Its regression graph can be shown
as in Figure 12. Therefore, we can conclude that the ANN3 model is the optimal ANN
model for this research and it has a structure as shown in Figure 13.

Results of ARIMA Model

After exploring with the auto.arima() function to find the suitable parameters
for the ARIMA(p, d, 9)x(P, D, Q)s, we found that the order ofthe autoregressive (AR)
should be p = 1, the order of the seasonal autoregressive (SAR) should be P = 1, the
order of the difference should be d =D =0, and the order of the moving average should
be q = Q.= 0. When we estimate the coefficient of AR1 (8;) and SARI (®,) by the
auto.arima() function, we get the values of 0.7301 and 0.6403, respectively. Therefore,
the forecasting equations can be derived as follows:

(1-6,B)(1-&,B2)Y, = 6, while 0, is constant

(1-6,B-®,B2 +0,B6,B2)Y, = 6,

Y= §1Yt—g\_ @1}/:—12 + él@ﬂir—}} =06y

Vi =0 +0,Y 1+ OV 1, — 0,101 13

Y, = 0y + 0.73Y,_; + 0.64Y,_;, — 0.47Y,_;5

From the existing observed values of the time series, 8,= 92.42 and the the
forecasting computation of the ARIMA can be presented as in Equation 15.

Y, =9242 4 073Y,_, + 0.64Y,_1, — 047Y,_13  eeeeeceeeee (15)

We use the ARIMA model to predict the 5 observed values for the
measurement ofthe RMSE and MAPE. The results of the experiment are shown in
Table 4.

10
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The comparison of the 3 models: GASVR, ANN, and ARIMA

From our experiment, we found that the input vector selection for the GASVR
and ANN models by means of simple regression analysis resulted in the input
vectors of the observed values at the 1 and 12 lag time (yi.1 and yi.12). For building
the ARIMA model, the conformation of the ARIMA model is (p, d, )x(P, D, Q) =
(1, 0, 0)x(1, 0, 0). This means that the output value at time (yt) depends on 2 inputs
that are the observed values at the 1 and 12 lag time (yi.1 and yi.12). Therefore, the
input of the 3 different models generated from 3 different methods in our
experiment has the same set of input vectors.

By predicting the electricity usage during the period from January to May
2015, we found that the GASVR model yielded the lowest RMSE and MAPE
(RMSE = 53.79 and MAPE = 4.40). This accuracy performance is about 8.33%
better than the ARIMA model. Therefore, we can conclude that the GASVR model
is the most suitable model for power consumption forecasting. The comparative
results of the 3 models are summarized in Table 5, and also are graphically shown
in Figure 14. From Figure 14, we found that the forecasting trends of the GASVR
and ARIMA models are similar and align to the actual values, whereas the
forecasting graph of the ANN3 model is worse than the other 2 models. But the
graph of the ANN3 model can rapidly adjust the irregular error in March to anormal
error.

From the accuracy comparison results of the GASVR, ANN, and ARIMA
models, the GASVR has the lowest RMSE and MAPE. This may be due to the fact
that the power consumption time series consists of complex linear and non-linear
patterns, which are difficult to forecast correctly. The ARIMA model is good at
capturing linear patterns, but it cannot easily capture the non-linear patterns (Pai
and Lin, 2005; Wang and Meng, 2012). Conversely, the machine learning
techniques (ANN and GASVR) ean capture non-linear patterns quite well, but they
may not easily capture the linear patterns (Wang and Meng, 2012; Zhang et al.,
2016). Neither the ARIMA nor machine learning technique alone is adequate in
modeling and predicting time series data that consist of linear and non-linear
patterns. Therefore, we integrate both techniques by determining the inputs of the
machine learning techniques using the lag time observed values that have R? greater
than 0.5, which can represent linear patterns. We then generate the forecasting
model by using the machine learning technique that can efficiently capture the non-
linear patterns.

With this underlying assumption, the ANN and GASVR models should
capture both linear and non-linear patterns. The correctness of this assumption has
been experimentally confirmed through the lower MAPE values in the ANN and
GASVR models, as compared with the ARIMA model. When we compare the ANN
with the GASVR, the GASVR has a lower MAPE than the ANN because the
GASVR is more suitable to the small data size than the ANN. This observation is
in accordance with the result observed by other researchers (Zhang et al., 2016).

Conclusions
We studied the time series analysis for forecasting the electrical power distribution
units (EPDU) using monthly data reported by the Metropolitan Electricity

11
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Authority from January 2010 to May 2015. The specific part of the data used in this
research is the EPDU of household consumers. We generated 3 different models to
predict the future EPDU by using 3 different techniques: genetic algorithm
optimized support vector regression (GASVR), artificial neural network (ANN),
and autoregressive integrated moving average (ARIMA). For the modeling of the
GASVR and ANN, the data set must be in the form of a pair between the input
vectors and targets (D = {(x;, ¥;)Di=,). The input vectors are the observed values
at the lag time 1to 12 (yt.1, yt-2, ..., yt-12) and the targets are the observed values at
time t (yt). We defined the input vectors of the GASVR and ANN models by using
simple linear regression analysis and the result reveals that the observed values at
the 1 and 12 lag time (yt.1 and yt12) are the appropriate inputs for the GASVR and
ANN models. For the ANN model, the result reveals that the ANN3 model that has
3 neurons in the hidden layer is the most suitable model. For the ARIMA model,
the suitable conformation is ARIMA(1, 0, 0)x(1, 0, 0)12 that means the output y;
depends on the 2 inputs at the 1 and 12 lag time (yt.1 and yt.12). These lagging periods
are similar to the inputs of the GASVR and ANN models. Finally, we compared the
performance of the 3 models using the same validation data set; we found that the
GASVR model has the lowest RMSE and MAPE values because the GASVR
model can capture both linear and non-linear patterns of the time series; this is the
reason for its better performance when being compared with the ARIMA model.
The GASVR model is also suitable to a small data set when compared with the
ANN model that shows a lower performance than the GASVR model using the
same training and testing data sets. Therefore, we can conclude that the idea
proposed in this paper to extend the SVR technique by using the GA to optimize
the parameters C and ¢ prior to the application of SVR yields the best method for
modelling the power consumption time series.
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Table 1. Predicted values and error of the GASVR model
Jan Feb Mar Apr May
Value 2015 | 2015 | 2015 | 2015 | 2015 | BMSE [ MAPE
Actual Value 745.82] 853.60| 1017.89| 1100.93| 1216.77 - -
GASVR 758.43| 776.75| 931.54| 1097.62| 1186.19 53.79 4.40
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Table 2. The initial weight and bias of each ANN model
Model netiw{1,1} net.lw{2,1} netb{1} net.b{2}
ANN1 [0.50.5] [0.5] [0.5] [0.5]
ANN2 [0.50.5;0.1 0.1] [0.40.4] [0.50.57 [0.5]
ANN3 [0.50.4;,0.5 0.5;0.5 0.5] [0.50.50.5] [0.505 0.5] [0.5]
ANN4 | [0.50.4;0.5 0.5;0.5 0.5;0.5 0.5]| [0.50.50.50.5]) [0.50.50.50.5] [0.5]

16
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Table 3. Predicted values and errors for the ANN models
Value Jan Feb Mar Apr May | RMSE | MAPE

Actual Value 745.82 853.60| 1017.89| 1100.93| 1216.77 - -
ANN1 786.94 789.21| 911.85| 1096.59 1190.53 59.67 5.21
ANN2 78526 809.44| 905.99| 1123.58| 1193.65 58.47 5.08
ANN3 753.33| 816.63| 890.15| 1148.87| 1207.41 63.46 4.58
ANN4 759.61| 760.58| 913.55| 1089.92| 1184.74 64.66 538
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Table 4. Predicted values and errors of the ARIMA model
Value Jan Feb Mar Apr May | RMSE | MAPE
Actual Value 745.82| 853.60| 1017.89| 1100.93| 1216.77 - -
ARIMA 799.24| 859.33 969.4( 1065.12| 1117.63 57.18 4.80
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Table 5. Predicted values and errors of the 3 models
Value Jan | Feb | Mar | Apr | May |RMSE |MaPE [[creasing
Accuracy
Actual Value | 745.82| 853.60(1017.89|1100.93|1216.77 - - -
GASVR 758.43| 776.75| 931.54{1097.62|1186.19] 53.79 4.40| +8.33%)
ANN3 753.33| 816.63| 890.15{1148.87|1207.41| 63.46 4.58| +4.58%)
ARIMA 799.24| 859.33| 969.4/1065.12|1117.63| 57.18 4.80 0%

19
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ITmnsfonn data into 12 input vector and | largell

Define input vector with
Simple Linear Regression (SLR)
3
I Choose input vector by using R*>0.5 |

'
I GA optimized parameter (C and &) I

[ Modeled GASVR | [ Modeled ANN | [ Modeled ARIMA |

IPrcdicl 5 values by GASVRI IPrcdicl 5 values by ANNI I Predict 5 values by ARIMAI
|

[ Compare the aceuracy by RMSE and MAPE S

Figure 1. The conceptual framework of this research
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A
Years

2010
2010
2010
2010
2010
2010
2010
2010

LONOWUVLEWN -

B C

Months (Flectric_Units )

776.32
836.16
925.55
1026.5
1082.18
1003.41
930.91

D

E 2l

No_Consumers Mean_Unts

2420767
2423046
2433022
2439689
2448223
2456309
2463398

WONOWM L WN -

876.83
Euse2010_2014 +

2473742

320.69
345.09
380.41
420.75
442.03
408.5
377.9
354.45 .

Figure 2. The time series data from the monthly reports
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A B C D E 1 G H I J K L M
ValT1 ValT2 ValT3 ValT4 ValTS ValT6 ValT7 ValT8 ValT9 ValT10 ValT11 ValT12 Target
773.99 787.33 820.6 873.47 876.83 930.91 1003.4 1082.2 1026.5 925.55 836.16 776.32 707.16
707.16 773.99 787.33 820.6 873.47 876.83 930.91 1003.4 1082.2 1026.5 925.55 836.16 787.29
787.29 707.16 773.99 787.33 820.6 873.47 876.83 930.91 1003.4 1082.2 1026.5 925.55 806.64
806.64 787.29 707.16 773.99 787.33 820.6 873.47 876.83 930.91 1003.4 1082.2 1026.5 864.58
864.58 806.64 787.29 707.16 773.99 787.33 820.6 873.47 876.83 930.91 1003.4 1082.2 968.86
968.86 864.58 806.64 787.29 707.16 773.99 787.33 820.6 873.47 876.83 930.91 1003.4 933.59
933.59 968.86 864.58 806.64 787.29 707.16 773.99 787.33 820.6 873.47 876.83 930.91 912.8

912.8 933.59 968.86 864.58 806.64 787.29 707.16 773.99 787.33 820.6 873.47 876.83 902.59
902.59 912.8 933.59 968.86 864.58 806.64 787.29 707.16 773.99 787.33 820.6 873.47 886.08

EuseTran + « »

Figure 3. The data set for modeling with the GASVR
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23

Console D:/CodeSVR/ - ]
> cat(summary(rbga.results)) A
GA settings

Type = floats chromosome

Population size = 200

Number of Generations = 100

Elitism = 40

Mutation Chance = 0.01
Search pomain

var 1 = [1,16]

var 2 = [0.001,0.1] v

Figure 4. The settings of the genetic algorithm
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24

I The time series data set from the figure 3.

I
|

| 48 records of training set |

| 5 records of validation set

[ Initial population ]

[—-l Modeled SVR |
|

Replacement
Operation

i

Selection
Crossover
Mutation

I Fitness evaluation I

[ The optimal C and &

r Modeled GASVR ]

| Measure accuracy by using RMSE and MAPE

-—

Figure 5. The operational process of the GASVR
",
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25

The input come
from the
analysis of the
Simple Linear
Regression

Output Layer

Input Layer

Hidden Layer

Figure 6. The structure of the ANN model for our experiments
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I Collected data from the monthly report I
v

I Transform data io be time series |

l Define suitable parameters of ARIMA I
v

| Generate ARIMA model by using training set I
«

I Predict 5 observed values in Jan to May 2015 ]

v

| Measure the forecasting accuracy by RMSE and MAPE

Figure 7. The steps to generate the ARIMA model
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library("forecast", lib.loc="~/R/win-library/3 2")

auto.anma(arimaTS)

# auto.arima()
PredictARIMA <- predict(arimaM, n.zhead=5)
PredictARIMA # show forecasting value
TestSet <- read.csv(file="d:/R/Etestl_5_2015.csv")
Actual ARIMA <- c(TestSet$Electric_Units)
ForecastARIMA <- c(PredictARIMASpred[1:5])
err] <- Actual ARIMA - ForecastARIMA
err2 <- (Actua ARIMA - ForecastARIMA) / Actual ARIMA
rmseARIMA <- sqrt(mean(err1”2))
mapeARIMA <- mean(abs(1 00 *en2))
rmseARIMA # show RMSE
mapeARIMA # show MAPE

arimaDF <- read.csv(file="d:/R/Euse2010_2014.csv", header=TRUE, sep=".")
arimaTS$ <- ts(arimaDF[,3], start=c(2010.1), end=c(2014,12), frequency=12)

arimaM <- arima(arimaTS$, order=c(p.d.q), list(order=c(P,D.Q). period=12))
#p.d.q and P,.D.Qis aninteger number, it’s can be obtain by using

Figure 8. The command set in R language to generate the ARIMA model
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28
Console D/CodeSVR/ - Console D-/CodeSViy =
> summary(ModelSLR1)Sr.squared |a > summary(ModelSLR7)Sr.squared a
[1]) 0.5866369 [1] 0.05543819
> summary € r.square > summary(Model1SLR8) $r.squared
[1] 0.1316563 [1] 0.07460835
> summary(ModelSLR3)$r.squared > summary(Model1SLRY) $r.squared
[1]) 0.0004128447 [1] 0.01390061
> summary(ModelSLR4) $r.squared > summary(ModelSLR10)$r.squared
[1] 0.06778753 [1]) 0.03054342
> summary(ModelSLRS)Sr.squared > summary(ModelSLR11)$r.squared
[1] 0.07158207 [1] 0.3092163
> summary(ModelSLR6)Sr.squared [E summary(Mode1SLR12) Sr. squared
[1] 0.03289918 v 1] 0.5908971

Figure 9. R” of the 1 to 12 lag time observed values
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GA Settings
Type
population size

Elitism
Mutation Chance

Search pomain
var 1 = [1,16)

GA Results
gest Solution :
>

Number of Generations

var 2 = [0.001,0.1] | Optimal C

floats chromosome
200

100

40

0.01

Optimal &

1.20772757474333 0.0992748907264322

Figure 10. The optimal C and & parameters
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30

Console D/ CodeSViy -
> Trainload<-read.csv(file="Trainingbata.csv") A
> Inv<-data.frame(Trainloads$valTi,TrainloadsSvalTi2)

> model <- svm(x=Inv,y=Trainload$Target, kernel="linear"”,cost=1.2
0772757474333, epsilon=0.0992748907264322)

> Testload<-read.csv(file="TestData2.csv")

newdata = data.frame(vall=Testload$valTl,val2=Testload$valTl2)
Foresw <- predict(model,newdata=newdata)

error <- TestloadSactualvalue - Foresw

err2 <- (TestloadSActualvalue - Foresws)/TestloadSActualvalue
RMSE_GASVR <- sqrt(mean(errors2))

RMSE_GASVR

[1] s53.79114

> MAPE_GASVR<-mean(abs(100%err2))

> MAPE_GASVR

[1] 4.39831

Figure 11. The command set in R language to generate the optimal GASVR model
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Input Layer

Ve
Output Layer

Hidden Layer

Figure 13. The structure of ANN3
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Plot Zoom

| --- ANN3

— Actual Values
- + GASVR

T T T
Jan Feb Mar

Months in 2015

Apr

May

Figure 14. The forecasting graph of the 3 models
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