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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
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the series from January 2010 to December 20 14 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 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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duaaun 4 lagidudrdsinalugiaaainaslinudn
A o, o
WonTal WNe1af1 RMSE was MAPE Ua9@auuy
SVR NN auNgadniuuaaIuaaIgadain
AT ANTUADUNITFINAILY SVR TILRNZaN

figa (U 1) uaaslaaizui 5
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AllData<-read.csv(file="d:/CodeSVR/Data/EuseTran.csv" , header=TRUE, sep=",")
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,j=AllData[i,j] }

k=k+1 }
TrainSet<-data.frame(TrainSet)
names(TrainSet)<-c("ValT1","ValT2","ValT3","ValT4","ValT5","ValT6","ValT7","ValT8","ValT9"
,S"ValT10","ValT11","ValT12","Target")

(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 usina tune() function for model2

model2F1 <-

INVM2F1 <- data.frame(TrainLoadF1$ValT1,TrainLoadF1$ValT2)

svm(x=InVM2F1,y=TrainLoadF 1$Target kernel="linear",cost=TunelLoad|[2,3],epsilon=TunelLoad[2,4])
newdataM2F1 = data.frame(Val1=TestLoadF1$ValT1,Val2=TestLoadF1$ValT2)

(c) Command set for create model2 in first fold by using svm() function

3N 5 mqf,hwuaa‘qmﬁné’aﬁm%’uﬁﬁmﬁ WUU SVR

2. ﬁ"aLmnminﬂnam%al,&’mmnm!

ﬂ’]i%Lﬂi’]zﬁﬂ’]iﬂ@]ﬂBUL‘?\‘]LG‘?MLLUUWQ

(Multiple Linear Regression: MLR) 1u3Tmsiiamzit

mmai"uw”uﬁs:ijn&imaw“’auﬂsﬁaszﬁﬁmﬂﬂdﬂ 1
Fudsuazaaudsana 1 sauds Tasdauuunennsoiin
§31991M35N3 MLR Lﬂu@T’JLmUﬁagiugﬂLLuuaunﬂi
LBILE Y ﬁLLﬁmmmé’uW‘”ﬂﬁimdwmjumaa@ﬁuﬂs
SaszuaseAULTAY a9uMST 9 [14]

y=PBo+Xi, Bixi+e ©)

o _aa a I3 A 4
M13113% MLR 3131A312RaRnInIaEaa e
Aa o oA ' ° [
Afardunadnasn luudazanunal vildaiuds
Yy RUBAI ANFILNG DALIAN tmumjmaqﬁ’a

a . 2 1 e 4o %
SIFGL e X (iI=1, 2,...kK) AUYDI ARILNANKIAR

U 1,2, ..., k@1uLaan 94 B (=1, 2,..k) Al @n
fuUszAnial1unanay (Regression Coefficient)
289 x WAz € Aadna1aiAfon (Residual) tila x,
wunpfs drdunanamasld 1, 2, .. k auaan
W8T y WANEAI FNEING DLLIAN t AaNM ?Tayja‘ﬁ'slf’ﬁ
luntsafedruuy MR 3vagluzduvy D =
(e YO, Lﬁutﬁmn”uﬁayjaﬁ'l%aé"wﬁa LU
SVR WslFradayaldnaausesdiuuy SVR anaing
@IUVY MLR uazldgadayanitamauvaiainyy
SVR nlE3asasiainian RMSE uaz MAPE 284
@UUY MLR athlUiSeufisuiudauny SVR
LRZAIULL ARIMA Iﬂmagﬂmgum AUNIFTNAULL
MLR % 3uwennIifayaauniuiia 5 Auiam
Lﬂu@'ﬁgﬂﬁ' 6
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| Create 12 MLR models from training data set of SVR |

A 4

Forecast 5 observed value for each model |

\ 4

Measure RMSE and MAPE with validation
data set for each model

31 6 TunaumIaiIauuY MLR

o

mngﬂﬁ' 6 aStnoudazdiuaawldail

Step 1: Create 12 MLR models from training
data set of SVR #8 T4AaWMIFNFIULY MLR 12
duuy lagdauuud 1 deaudsdass 1 aauds uas
Wudrganafigmsaly 1 aunen (ye) , Sauuui
2 fidaursBase 2 daurs wandudngsinaniannas
14 1 48z 2 WA (Yo, Yio) 8 ManusaLIUA
Fuuuf 12 deaudsasy 12 dauds uazidudn

gunanianasld 1,2, .12 1081 (Vons Yeo, -
YVirz) %alﬁﬂq@%gaﬁnaamaaﬁmw SVR lun1s
FF9GMUL MLR

Step 2: Forecast 5 observed values Ao
THABUNITUILARZHILUY WONNTELAFILNG
§29mi1 5 auaan Godudrgainaveaden
unTAufdldaunguaiay 2558 §1nTuily
Wisuiisunugatoyanviagey Foduadanalu
TRNRUADING

Step 3: Measure RMSE and MAPE with
validation data set for each model fia mgu@laumﬁ”@
A1 RMSE U8z MAPE 283udaz@iuuunugataya
A329801 IWaLBanaauuy MLR ﬁ'mmmuﬁ'q@
ansin a2 ld i lUwssuifsuanauaingruasnig
WENNIDINLAILLY SVR UAZEILLL ARIMA
“'aamaﬂgﬂﬁﬁiﬂumsaﬁ”ﬂmﬁLL‘U‘U MLR @2uuy
2 BofieaudsBase 2 @2 A8 v uas v, uaasldas
Ui 7

=)

formularMLR<-Trainload$Target ~Trainload$ValT1+Trainload$ValT2

modelMLR <- gim(formularMLR,family = gaussian())

Testload<-read.csv(file="TestData2.csv")

newdata = data.frame(Val1=Testload$ValT1,Val2=Testload$ValT2)
ForeMLR<-modelMLR$coefficients[1]+modelMLR$coefficients[2]*newdata[1]+modelMLR$coefficients[3]*newdata[2]

err1 <- Testload$ActualValue - ForeMLR
err2 <- err1/Testload$ActualValue
rmseMLRtest <- sqrt(mean(err1[,1]*2))
mapeMLRtest<-mean(abs(100*err2[,1]))
rmseMLRtest # show RMSE

mapeMLRtest # show MAPE

o

sun7 ﬂgﬂﬁwmﬁnﬁmuu MLR @2uuuf

3. @A2uuU ARIMA
ALUY ARIMA Wuaanuuiasreannifuas
UanTUAZIAWAUA (Box and Jenkins method) [15]
6 v s @ '
lawennsnidayaanguuunan 2 suuun ldud
3UUUY Autoregressive (AR) fia JuULTIA LA
' y X Lo, ' @
dwenniniinaile g auegnuddananauniin

waz3ULUY Moving average (MA) fia JUUUUT

. o - ¥ e,
Awuadn dweinsaiinaileg Juegnudn
analAfawiounin uazlIonzUuuy AR 3R
' A
sUuuy MA 31 3Uuuy ARMA maLﬂuEﬂLLuumi
a & A o a a A
Aerzdeunsuiaiiduaiatuund lunsdin
agmmmﬂmﬂum@rﬁuuﬁ azdaulasaynyy
nanliidusiaduund uaziFongduuunldienz

mg,ﬂsm'smﬁuﬂmlmﬂuamfum? 164 3uny
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ARIMA Taofzduuurialuiidoulugdaesdn
Fufiunsdauna (Backward shift operator: B) lu
uaums [5] 695

8p(B)Op(BS)(1 — B)4(1 — BS)PY, = w (B)Wo(BS)a,

Wa BY, =Y., uaz BXY, =Y., loofl
wq(B) =1—w;B—w,B% — - — wyBP
ep(B) =1- 913 - ezBZ —_— e — epo
©p(BS) =1 — ®,BS — ©,B25 — ... — @pBPS
Wo(B%) = 1 — W;BS — W,B25 — ... — W,B®

FIMTUNIFTAIULY ARIMA da931AT1EH
OUNTUNM Lﬁﬂﬁﬂ%%@gﬁuﬂﬂ ARIMA(p, d, g)x(P, D,
Q)s ﬁmmmuﬂ”uammnm Taududuaaulums
EONsuaD p, d, g Wiesanumwality wazsuay P,
D, Q Lﬁaamnqgma Fannwn RIWIGTY
auto.arima() 11514n133: Y3 LYY ARIMA(p, d,
QX(P, D, Q)s TLANZEY 63300 MINENTalaYNIY
NANAILAULY ARIMA ﬁaﬁmsumauﬁozﬂﬁ 8 uae

v
o

atUnsLdRzIuaanle aadl

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

v

| Transform data to be time series |

v

| Determine suitable ARIMA model |

v

| Modeled ARIMA model with training data set |

v

| Forecast 5 observed values |

v

| Measure forecasting accuracy |

311 8 TuaauMIFTNAILUL ARIMA

Step 1: Collect data from secondary source
fo dunou UNUTaYA mniaganauqﬁﬁ"l@‘fmn
Fmaawnstinsiming liwndszsnden
w33 uATNEIS ITWEIITUTRAEUA 1 Vo3
MIFINAMUY SVR

Step 2: Transform data to be time series
Ao mzumauﬁﬁwiayanﬁﬂgﬁﬁﬁmmvlﬁ VFIY
WudayaeunIuiiad Be3awdauim lasd
aunadusoiden wudsinutuaaud 2 289
MIRFIAULY SVR ﬁ‘agﬂﬁ' 2 9Ntk wisrays
W 2 70 léud 1) gadayalngan (Training data
set) %aﬁwmLLﬂaaLﬂuagﬂsunmﬁa INITTW ts()
lunmn R et ldaedauuy ARIMA Tagld
iagamgw,mﬁauunsmu 2553 fialfansuinau
2557 §1nIuaTdIuuuweInTol 2) gataya
fAv238aU (Validation data set) %ﬂfﬁaga@ﬂ e
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WWanunIauiisidaunneniay 2558 §1RTUIA
ANunNdadvadInIIWeINIal

Step 3: Determine suitable ARIMA @ 8
m“euﬂaumsﬁmuﬂgﬂLmumawﬁLmu ARIMA i
manzaunugataysdngeu lanidunsiinua
auAU p, d, g WaTAUAL P, D, Q 184@LUL ARIMA
FruWarTi auto.arima()

Step 4: Modeled ARIMA model with
training data set fi TuAAUMIFIAILLL ARIMA
mnﬂqﬂﬁaﬂaﬁnaau Tautind18uay p, d, g waz
Sueu P, D, Q Aldanauaaui 3 nldaieda
WUL ARIMA senarisu arima()

Step 5: Forecast 5 observed values Ao
T3 AHNTHIGILUY ARIMA WEANTBEANAILNA
82991 5 A1ULa0 NI predict() lunnmn

R lagdmennsaidusndanavadanuninauia



MITAnsmaaiuazinalulad WA INENABUATITmG 31 19 21UN 1 UNTAN - WEIEK 2560

WWanwguaan 2558 dniusldiSeuisuny
1T0yaa3I9 Y Fadudrgonalugisiaan
RNt

Step 6: Measure forecasting accuracy fia
TuaeumMsTannuulniesmInensal lagsi
fnens o IaneuuuaSsuisuiaase
28970 TYAATIIFDY MumITadiaaaeaan
MIFHA laun @1 RMSE (Root Mean Square Error)
L8z @1 MAPE (Mean Absolute Percentage Error)
[16] Sadaumseait

RMSE = V(1/n > =ity n)]r2) (10)

100 (y_t-Y_tyy t [J
(11)

MAPE = 1/n ) _(t=1)*n

e yt = dFanaiaa t, Yt = awennsal
AAT t WAT N = FIWIUTITIAANENTDE
fNIVTAAIFINIANAVBINIE R AW

Tuaaulugii 8 uaasldaszun 9.

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

auto.arima(arimaTS)

PredictARIMA <- predict(arimaM, n.ahead=5)
PredictARIMA # show forecasting value
ActualARIMA<-c(TestSet$Electric_Units)
ForecastARIMA<-c(PredictARIMAS$pred[1:5])
err1 <- ActualARIMA-ForecastARIMA

rmseARIMA <- sqgrt(mean(err142))
mapeARIMA<-mean(abs(100*err2))

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,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-ForecastARIMA)/ActualARIMA

rmseARIMA # show RMSE
mapeARIMA # show MAPE
711 9 7aAFIVBINIIN R aUTUABUNIATWAILLL ARIM
a o Aad o A Ao & a a Ao AN o
WanN15298 FTE AN 2 nu WIsunsunanTIdan la

v
=1

nuwiapi ldd@nsinisTiezdeyniuia
A & o ' ° ' o )
Lwawmnsmmayjavxmmmmm"lwwmi:mwmu
. o “’ ' A
agoney 29m 7 INuaTRaIsuRIlTEInatng S
laduinniImaaas a835nIxIdanuuwennyal
Auand19nu 3 3% laun 350138319034 LY SVR
ATN1TFTIAILYUY MLR hazITn1sa19auuy
ARIMA laglgnisidouldsunsudronisn R u

LATDINAFEIAUNITITL A9 FILLINANITIRLANY

ado A Ao & aa & ao . !
NMITELAUNTIEBNT 3 AT TINaMIITBUALEIU

Wuaadh

1. HAN3IYINAIMUY SVR

wmefia SVR iuisnsfidnindned 49
wimfmaifiadde C uaz € lau C o daail Ald
MUAANURINERNTE ISR R a aunnansU e

LAZIUIAVBIINABSE RN (|w]) §u € fa
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MMIARUARIAINNNT VBV BLaUSRaw I

§ A o % @ A Ao
anawndaunivanivlavasataysiinen Sanuias

AW ariu tune() AUMIAT C uaz € Avnanzay lag

WD tune() WA WA RINEFNLULNS ALES (Grid
search) AaaaT9TaIA M TRIasA A nuald Las
Ui naNuUnanzaNa18MIIad MSE (Mean Square

Error) [13] laHAaWEaIaT WA 1

A1919% 1 61 C LAz € MRINZRNINNMTABG18WIRTY tune() VaIaMLUL SVR

Model C £ Model C £

1 1 0.433 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 11 2 0.011

6 2 0.325 12 3 0.135

AN519% 2 NAMIATIIFAUARL 3 FIUVBIAIULUL 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 74.43 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 70.52 80.04 75.86 6.70 5.99 7.29 6.66
5 75.15 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 11.05 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 68.32 470 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
Jalden Cuse € fimunsaudmivudazas  SVR ﬁﬁﬁqﬂﬁmﬁhﬁ?miﬁuﬂww gnItkaunIy
WUY 23 WES ALY SVR 7% 12 AL ke Y] mﬂ;@f: Vﬁfu HINIIFTIIAIUVY SVR 69 Y

Lﬁaﬂ@ﬁLmuﬁﬁﬁqﬂﬁmmﬁﬂm RMSE a2 MAPE
Ta35aTAmaUARL 3 §% DaNamTIaf RMSE uas
MAPE ¢1835@37980URAU 3 8uT0duAazauuy
ussenyed 2

nanT19R 2 dauuud 11 dudauuuild
Aady RMSE waz MAPE @ﬁ:wﬁ'q@ Faduaruuy

Ada

Tayalnzan NT8una 1162 Ao drFunadng
Gaug 189 11 euan nssi U3 eusuen
Fanaatslugrnaideinuesredeyaainasey
1Wa3ad1 RMSE uaz MAPE lauasnsiuasanssn

3
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= ' & ' A o cl' ,s'
AN 3 AMWLINTULREANARIALANBUVBIAILLD SVR MRNIZRUNFA

Jan Feb Mar Apr May
Value RMSE MAPE
2015 2015 2015 2015 2015
Actual Value 745.82 853.60 1017.89 1100.93 1216.77 - -
SVR model 11 749.60 795.30 960.09 1144.16 1197.00 42.46 3.71

2. HAN139BIINAINUY MLR
FIMTUNITATIAILLLNEINTEA
inafta MLR a:if‘q@m‘”ﬂyjaﬁﬂaauﬁﬁﬁﬂwm:
L’ﬁ'wﬁmn”u*’g@fagaﬂnaauﬁlfa%m”a WUU SVR
1auyiInITaTNAIRUY MLR $1%3% 12 G2UUL

= . & . A 9
AN 4 AWLINTBLREANNAALARDUVBIN LY MLR

angadayafnaan luansuziduidoanuas
WUY SVR 91055 1800y MLR 13 12 §auuy
luwennsaldaane 5 aunan waahldilseu
ﬂ“’umﬁhmmﬁﬂumanmtﬁmﬂ”umaaqm”agja
nagay 1NaTad1 RMSE uas MAPE lewasns
ndsansen 4

Jan Feb Mar Apr May
Value RMSE MAPE
2015 2015 2015 2015 2015
Actual Value 745.82 853.60 1017.89 1100.93 1216.77 - -
MLR model 1 865.83 795.18 874.89 996.39 1057.80 122.04 11.91
MLR model 2 813.97 768.57 929.83 1060.45 1076.56 90.47 8.59
MLR model 3 821.41 759.93 917.04 1068.54 1090.44 91.29 8.87
MLR model 4 821.31 760.18 916.76 1068.13 1090.64 91.26 8.87
MLR model 5 824.85 762.87 911.22 1074.87 1100.06 89.62 8.73
MLR model 6 814.68 755.67 908.80 1085.66 1089.13 92.47 8.66
MLR model 7 754.15 726.63 881.39 1070.78 1119.97 94.98 8.02
MLR model 8 772.42 744.48 901.54 1091.95 1127.63 82.68 7.18
MLR model 9 785.11 792.74 935.99 1129.05 1174.92 53.84 5.29
MLR model 10 782.15 797.80 943.23 1131.58 1184.00 49.03 4.84
MLR model 11 760.70 789.74 950.92 1143.49 1190.37 47.52 4.42
MLR model 12 762.18 792.08 952.35 1143.28 1188.78 46.74 4.40
ﬁ]ﬂﬂﬂ’]i’]{l“f’f 4 @EI"JLL‘]_I‘]_I MLR ﬁﬁﬁqﬂ ﬁ'a a ’SLﬂSW:ﬁ(ﬂ’]’WNﬂ@ﬂaF_IL’EGLE%/MLL‘]J‘LIWQ LLG]'ﬂWSLﬁINﬁ’J

'
a

wuwfl 12 1n3nz1WAn RMSE uaz MAPE difiga

Tasifidn RMSE = 46.74 Uazfin MAPE = 4.40 64ttt
@UUU MLR ﬁ'ﬁﬁ'q@ o Muvuiisudsdas: 12
duds Fouiuddsinas naseand 1489 12
ANULIAT (Yer, Yios o) Yero) EIBAMLUTAN fia @1
FILNA B, 1287 t(y) HONIINGH NINTUINANNT
NARBIMNAITIN 4. WU MstRuaIuLTERI 9z

o @ d = % o o
MlRaaaanRouanad SIgaaARaINURANNNS
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wdsdarzidnly tlelwdinanatndanandiag
ﬁ]zﬁaalﬂﬁ"ﬂaga:ﬁwmumn uwazidudadasvald
RANMINATIERANUNAN B TUTULLUNY
3. HAN15IVYINAINUY ARIMA
NNIFIIAIULY ARIMA @911 Ua
Emmumaa@ﬁuuu ARIMA ﬁmmsszqﬁuﬂ“’u (p, d,
Q) uazsuay (P, D, Q) G9n111 R AW U

auto.arima() #1RTUT 1N HBABUAY (p, d, q) WA
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SuAU (P, D, Q)s Mbn1zay laguaannisld
WerlT auto.arima() LﬁﬂﬁﬁﬁumgﬂLLuumaa@”aLLuu
ARIMA Lﬂud’qgﬂﬁ' 10 F9vilWnsudn dauuy
ARIMA f3tuuiili ARIMA(1,0,0)x(1,0,0),, land
MU 1 gnMIaiInL 12 (S=12) Lta:agﬂvlﬁ'h
@LULU ARIMA U3znauaas Autoregressive(AR)
AuAU p=1 LAz Seasonal autoregressive (SAR)

o o 1 o a Af ~
sual P=1 lapdszanmdsuyszans AR, (8;) uaz

SAR, (0,) ¢y 0.7301 uaz 0.6403 ANEAL

o
o o<

1aoNoUAY d=D=0 LAZEUAY q=Q=0 AIN®

v o

FNTOFTNFUNTWEINTL laaIt

(1-8,B)(1-8,B)Y, =8, o 0, = faefi
(1-8,B-8,B? +8,B8,;B)Y, = 8,

Console

s

> auto. arimalarimaTs)
series: arimaTs

Yt - élYt—l - ©1Yt—12 + élélY\t—’lﬁ = 9()
Yt = eO + 9lYt—l + ®1Yt—12 - e1@)1Y'E—13
Y, = 0 + 0.73Y_; + 0.64Y_15 — 0.47Y_13
mn@hé’ammaaagnsm’sm i linsuin
fnsfl 8, = 92.42 avin ldaunmswensaianda
WUy ARIMA tduash

Y, = 92.42 4 0.73Y,_, + 0.64Y,_,, —
0.47Y, 45

oMLY ARIMA WannTalendaine 5
AULIAT AaudldanunsanAsdaungeniny
2558 a1ntiw #1lUtUSsunudFstnaaseln
TRNAUALINUVDITATEYANTIIFOL WWaTadn

RMSE uaz MAPE vz lanaanfidusinnsafi 5

ARIMA(L,0,0)(1,0,0)[12] with non-zero mean

Coefficients:
arl

0.7314

0.0833

sarl
0.6425
5.8, 0.0980
sigmas2
AIC=671.
-

56

57.

estimated as 3300:
AICC=672.29

intercept
929,9975

5709

log Tikelihood=-331.78

BIC=679.94

3171 10 waawivaIN3lEWIriTU auto.arima()

M50 5 ﬁ’]WEI']ﬂSﬂiLLﬂzﬁ']ﬂﬂﬁﬂLﬂaaWHaGﬂW’JLLUU ARIMA

Jan Feb Mar Apr May
Value RMSE MAPE
2015 2015 2015 2015 2015
Actual Value 745.82 853.60 1017.89 1100.93 1216.77 - -
ARIMA 799.24 859.33 969.40 1065.12 1117.64 57.18 4.80

411389 UINYUNANISIVYVBIANIUUY
SVR AILULMLR waz@auuy ARIMA

NNMINARBIRINGILUIWENTAlaYNTY
iavadnulgdtndg W luisanun
NIINWUNIUAT 29U Tsineing Wuin dauuy

eda I A A o A o
wensakidenuudugmIniga fs aaLuunasg

a s o P 4
IANNABA SVR TIIAAIMNULN BLIVDINTITNLINTD
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MuMITAA1 RMSE waz MAPE lag@auuy SVR N4
o a A o A A o
ANULIREINNNFA Aa dauuun 11 Faduaauuy
ﬁﬁé‘uvgmLﬂu@hé’mmﬁmé’aﬁ’um 189 11 aunan
lagiadn RMSE = 42.46 uaz@1 MAPE = 3.71 8%
FWLINTOLLAZAIARIALARBUVBY 3 ALY m;ﬂ"l@i"
o A & 4 o o = a
AIA131N 6 NNNK RaaenTiFwSsuaY
nuAgsnasdlutnaaaIng e Naﬂvagﬂﬁ 11
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