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Title : Stochastic Processes for Time Series Models with an Application to Data of
Cash and Future Prices of Rice in Thailand
Researcher : Dr. Pitsanu Tongkhow and Assist. Prof. Nittaya Boonsith

Year . 2015

Abstract

The objective of this research is to use a stochastic process for building a model using
Bayesian parameter estimation. The model is applied to the of crash prices and future prices of
rice in Thailand for 120 moths including monthly closing average price of white rice 5%, non-
glutinous paddy 15%, and Hom Mali non-glutinous paddy 105. The data are time series data
containing autocorrelation, trend, seasonality, and outliers. The algorithms are turned into codes
in OpenBugs and the performance of the model is evaluated using simulation in R. The model
with a Weibull cumulative distribution function trend, the model with an exponential cumulative
distribution function trend, and the exponential smoothing model are compared. The root mean
squared error (RMSE), mean absolute percentage error (MAPE) and mean absolute error (MAE)
are used as the criteria. The results show that the model with the model with an exponential
cumulative distribution function trend gives smallest RMSE, MAPE and MAE for the crash
prices of non-glutinous paddy 15% and Hom Mali non-glutinous paddy 105 for both model
fitting part and model validation part. The model with a Weibull cumulative distribution function
trend gives the smallest RMSE, MAPE and MAE for the closing average price of white rice 5%

for both model fitting part and model validation part.

Keyword: Stochastic process, Cumulative distribution function for trend, Time series,

Autocorrelation, Bayesian method
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2) Independent (Purely Random) vs. Dependent Process
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AN 2 Autocorrelation Function of Dependent Series ( Z, ) and Independent Series (&, )

3) Stationary vs. Non—Stationary Process
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1.2 @Qﬂﬂi&’ﬂ@ﬂﬂl@ﬂﬂuﬂﬁm%m (Components of Time Series)
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aynsualsznauflgeInlsznoundIfy 4 09A15znoY AD Trend,

Y
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Catastrophic 146 Random ﬁ’\‘]ﬂ']Wﬁ 4 Llagﬁ'lll']ﬁﬂlaﬂu/ﬁilﬂqiﬂuﬂiulja'lblﬂﬂqu
Y (0) =Y, () +Y, (0 + Y5 () +Y, (D)
Y,(t) = Trend

Y, (t) = Periodic Component
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Y, (t) = Catastrophic Component

Y, (t) = Random Component

v(t) | Composite Series
Observed

y1(t)| Trend

y2(t)| Periodic Component

NNNNNANANANA

y3(1) | Catastrophic
Component

v4(t) | Random Component

MNA 4 Components of Time Series

Autocorrelation Function (ACF) 130{38n8n08131119 A® Correlogram Y04N5EUIUE LAl
a 1 1 H 1 H () ]
AANUUVAI UaaIad lunINN 5 @IUMNN 6 uaaIMsnaoalTeuMeDszHIOYNITUIA AL

o o

ACF 9940 UNTNNaMDUANY ACF Aofguauiiand1Anued Periodic Time Series

i a 4 1 wa A
Lﬁ’e’]’JLﬂiWﬁfJHﬂ’imaaﬂu Time Domain @U Spectral Density Function Ao ﬂmauu@lﬁ

LY . . . { A 4 . !
d@1AYUDN Periodic Time Series Lﬁ@ﬁlﬂiiZﬁﬂHﬂiul’Jaﬂu Frequency Domain MU 7 a9 ACF
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18 Spectral Density Function U84 Periodic Time Series N11I115 Remove Periodic Components i

Frequency AN 9

MNA 5 Correlogram or ACF Showing Independent, Markov Process and Periodicity
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(a) Correlogram

1.00 [ l” 24 36 48 1
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0.50 l\ \ f' \ {
o | \ g bl o
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050 .
1.00 - (2 24 —l? 2 |after removal of
— - s ) q ~ g 4. \' 4
aol & X 18 A 30 ﬁ 1 12 month pertodicity
N\
R [ ) Y. 2% o /\
~ o +r— - 4~ ey
s { k/ V10| 20 | 0 4:) \J 50 L (months)
€ pgsolV MU | \
s
¥ 1007 5 |atter removal of
i [ ) R
5 © : roclicity
; os0l 4 8 1216202 4 43 6 month perodicity
.‘L'.E \ “‘.’ /" N T'.l
4 0 H T/—&.-H-H-# ‘\/L A
5 Y vV VY V
hd Y\ v |.’/
= -0.650 - 10 0 ag 50 L Imomi
@ -
R 4 |atter removal of
0.50 { 4 month periodicity
369 l 2
PR
_0.50 | 2 L imonin;g
1.00 1 N
1 @ |after removal of
0.50 3 month periodicity
0 :h‘ﬁlﬂ.;?*vw
10 20 30 40 50 L {months|
-0.50

Independent Noise

(a) ACF After Removing Periodicity (Time domain)

MWA 7 ACF and Spectral Density Function after Removing Periodicity

wa & a . . .
1.3 Auauua WN@M"U@Qﬂiz‘ﬂ’mmiﬁimm’d@ﬂ (Basic Properties of Stochastic Process)

I {X .} = 19mvoedaun)sgu 5o Stochastic Process
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E(X,) =g Taoii t=12,..,N
VAR(X) =c? Tasii t=12,...,N
COV(XI,Xt_k)=O'X“XFk Iﬂﬂﬁ t=12,...,N Lﬁ'ﬂ Oy 3l Lag k Autocovariance

__ Cov(X,, X, )
P AR VAR(X )

A A

e p, A Lagk ACF

a ) 5 ; . . A a sAq Yo
ACF 1138 Correlogram Y130 Serial Correlation Coefficients 9 wMsmesnlyia

v w da a
ANVFUWUFIFUFY (Linear Dependence) YOINTLUIUMTE LALATAN

A9 Y Y a . A
Gl'lll‘l/]vlﬂﬂﬁW’JiJWL!,ﬁ’J NsTUIUNISEIAUATANLY Y Stationary f®
{ a 14 [} A % ] I
ATTUIUMSNITHeeS 1o, p luasuudasldaar eawnsantsesnlailu 2
wa a 4 (%
HUUMUAUTNUAVDINITINANDT A9 First Order Stationary (la1¢ Second Order Stationary AN®IT1T N

ni1

@15199 1 Different Types of Stationary Processes

First Order Stationary Process M, = = constant

Second Order Stationary Process M, = 1 =constant and

o’ = o’ = constant

- Weak Stationary (weak sense) ... second order stationary

- Strong Stationary (strong sense) ... second order stationary + other parameters
such as correlation coefficient are not varied

with time
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a I . 4 a a Jd o %
nszuIuMsa laundaneoivilu Stationary Lﬁf’)‘W‘ﬂ?'ﬁﬂ!"lﬂWﬂWTﬁ"lﬂJLﬂﬂiﬂ'Jﬂﬁ\‘]

(%

1 < . § A a J 4
uno1u Non—Stationary LﬁﬂW‘miﬂ!”l‘ﬂ'lﬂWTﬁHJm@ﬁ aﬁu

a ] Y 1 [ A
ﬁ";:ﬂ ﬂig‘U’Juﬂﬁﬁimlﬂﬁﬁﬂﬁn\lﬁmmﬂﬂﬂﬂqﬂ!ﬂUﬂizlﬂﬂ@]Nﬂ ANAITINN 2

M1519N 2 Classification of Stochastic Process

Deterministic VS. Stochastic
Discrete Vs. Continuous
Independent VS. Dependent
Stationary VS. Non—Stationary

1.4 HDUTIARIOYNTUIAWLVNY (Simple Time Series Model)

1 X, = Independent Time Series with f (X;6)

X, =u+oe ;t=12,... 2

&, = Independent Series

X—H
o}

Tagh ¢ = %41) Mean = 0 118¢ Standard Deviation = 1

M,,0 = Constant parameters (do not vary with time)

o I . Y a 2= A
IEA L RREASIAY, Stationary parameter 1M1 1UABDITUAIAIN
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X, = Dependent Time Series

&, = Dependent Series %93 Mean = 0 41a¢ Standard Deviation = 1

& =¢&_4+¢ 3)
¢, = Independent Series 9% Mean = 0 118¢ Variance = (1— ¢?)

{ o a . X I o
’L’fllﬂ'li‘ﬁ 3 ﬁﬁ] ﬂ'l‘WLLUU%WaﬂQﬁI@LLﬂﬁ@ﬂLLUU Autoregressive ""?\H“}JHLL‘UU%'IEI@\HLUU

418 9 Yevjevich (1963), Fiering (1967)

[ Y
BuUsIaesa lauAaANNTFUFoUNIAVYY RO Autoregressive and Moving Average

(ARMA) @ O’Connor (1976)
Joint Physical and Statistical Analysis Y91119120D4
AR(1)-First Order Autoregressive Model
i Y, = Time Dependent Annual Runoff Series
Y, -Y = PV, _Y_) + &
@ = Autoregressive Coefficient

&, = Independent Statistical Component or White Noise
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. a o < 1 o ¥ ¥ a
Firring (1968) laWgiildifiug1 6a51m3 Inaveuirlumaiensooiuie 1ddae

LUV ARMA(L,1,0) A9NINT 8

NN 8 Conceptual Representation of the Precipitation-Stream Flow Process

(Salas and Smith. 1980a)

1.5 MADAHANUDWUUTIa09a lauATANILUD18 (Main Statistics of Simple Stochastic

Model)

1) Mean ()

2) Standard Deviation (o)

3) Skewness Coefficient ()

4) Autocorrelation Coefficient ( o, )

Less uncertain

Less uncertain

High uncertain

Very uncertain for small N
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5) Other statistics of hydrologic time series
range (storage capacity)
run (drought)
rescale range
1.6 Fmstaesaoumsainiea lauaa@n (Stochastic Simulations)

Y
i]$ﬂm’JﬁQLL“].I‘]Jiim’OQGUENﬂla!ﬂﬂJL’mWI\‘I Annual Time Series iLaY Periodic Tim Series

o d‘
Aauandlua1s1en 3

M3190 3 Important Stochastic Models

1) AR(p)

2) ARMA(p,q)

3) ARIMA(p,d,q), Seasonal ARIMA(P,D,Q),

Multiplicative ARIMA(p,d,q)x(P,D,Q)

4) Multivariate AR(p)

5) Disaggregate

F0310AUDILLIIAD (Limitation of Model)

1) lienwnsa Reproduce Short Term Dependence

2) lieunse Reproduce Long Term Dependence
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1 a o ]
3) MIdsznammNimesinNgIIN
29 o w Y 1o
4) UipT1A1UMT Generate Y030 1HUTIUIUNING
A v . .
5) MANUFIUNNATUMININ (Physical Basis)
a o a
6) Twsimesanninuly
1.6.1 ABNNAUNIAT (Systematic Approach)

AMTUMITNADIBUYNTNIAININGNAING] Systematic Approach d11 TV

o a Y g’/ v = {
N30V UNTULIATNNYNNINGT Usenevuae 6 ﬂlu@]ﬂuﬂﬂﬁ (ﬂﬂ'ﬁ/‘lﬁ 9)
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J‘ITIN"?; 9 Systematic Approach for Time Series Modeling
1) MmsmaIulsenouveuuI1a0d (Identification of Model Composition)
a. Univariate ¥138 Multivariate Model
b. Combination of Univariate and Disaggregation
c. Combination of Multivariate and Disaggregation

4
° v

Y
d. muﬂizﬂ@°ummLmmﬁmaﬁuagﬂﬂ@maﬂymmmswmmmm AUANHUSUDI

Q

< °
BUNTNLIA !,mzmmmwumwi}ﬁ%}”lﬂlm‘umam (Modeler’s Input)

@ ] 1 o J = ? A 1 I
e. INAIDYN YU 5’ngmmimmswﬁmgﬂimamﬁumﬂimmmﬁ”lwamﬁ'ﬁzummnu

¥ A A 9 ° <
eReu Maaen lumsadlauuIiasde1aily
o 3 A 1 3 ¥ . .
(1) $1a031f580 1N Iarinszuue1 iR a8 Multivariate Model 130
° a YA T A it 2
2) 1avaSuanim lahszuvsranielilusedou wie

o = A ' 1 <] ¥ I
(3) 14 Univariate Model $1a931/33a11% lvarinuaage1anuinse@e vy

Aa 1w S dy ¥ A T @ a £ o v v ' 3 %} .
RGN ﬂimL“I)"H'Hﬁ]$ﬁl,“lﬂll'0ﬂ'l’ﬁllﬂ5$ﬁﬂﬁﬁﬂﬁﬂWH‘ﬁi%ﬂ’N\?ﬂWﬂ!ﬂUu1 (Cross Correlation

S v an

Coefficient) Tifivdedanyniead

2) M3aentsunnuuusiaee (Selection of Model Type)
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b. ARMA.. 1M112AUOYNTUIAIFI ACF NA1aAAI0819919  (Low  Decaying

Correlation)

c. ARIMA

d. Buq

3) MIMIMNANEULUBIVVII1A04 (Identification of Model Form)

a. 1319 (Orders) UBILIVUTIABY 1FU A1 p LAL q

b. as@RUMOYNTUIAIANEMEIY] (Skewed) 130 11 dwldvsnsiadouseliing

< A \ . Y g . . 9 ! 9 . .
AN UIY  Constant 130 Periodic 01114 Periodic A99931AI5 1% Fourier Series
a d A 1
NAs1zHinI el
1 a 4 o % =

4) MyszanammIsimesuuUad (Estimation of Model Parameters)

a. Method of Moments

b. Method of Maximum Likelihood

5) MINATOUANUHUIZANVOILLVVDT1009 (Testing Goodness of Fit of the Model)

A o

a 4 . 1 o < a { A 1 ]
a. ATIINGIU (Verify) mmmmamgﬂu"lﬂﬁmﬁnmﬁmmﬂmuﬂma"lu YU

Residual (£,) Hudaszuaziimsuanuas)n@ (Independent and Normality)

a 4 . J o I @ § 1
b. ATIINGIU (Verify) 'J']LL‘U°]Jﬁ]']ﬁf)\uﬂu@]'JLL‘VIuﬁﬂ’iNW%ﬁNﬂl@ﬁfJHﬂ‘iiJl'JﬁWﬂl@\iﬂW

dne (Historical Time Series)
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(1) ¥3539891U Model Correlogram 15euNeVnY Historical Correlogram

[

' Aaa A o c’dy Y = 1 Aaa
(2) Glﬁ’]ﬂﬁ@ﬂﬂWﬁﬂ@lsllfJ\‘lleélﬂﬁﬂJL'Ja'l‘ﬂ?NLﬂﬁ'lg‘ﬂsllulla’lllﬁ‘(’J‘UWIEJ‘]JF]'I?(‘OG] UBUNTN

1w 1 1 { 1 1 1 o v Jd aa
LINUBDIATTIUNA LB ﬂ']LﬂafJ annuulsdsiu ﬂ']ﬂ'NiJL‘]_gll AMTUTUNUDS ATTD

= H 1 < 3 .. ' Aaad A 1% Y Y

ﬂimmuﬂumuﬂum (Storage Related Statistics) HAZATDANLNYINUAITULUH LAY (Dl‘ought

Related Statistics)

¥ ] o Y v o A
C. iﬂfﬂiG]5i]’(?f@‘]Jﬂ’ﬂllLWll1$’§T3JU13JNWULﬂm"VISLUGUE] allaz b @@Qﬂiﬂlﬂﬁt’luﬂTW

ANYUE LAZTHATOUILUTIADY
6) M3vsziiuaylainiuey (Evaluation of Uncertainties)
a. ANY Ui uYeUUUTIa89 (Model Uncertainty)

1 1 [ Aan { o { [ e’al
(1) ‘VIﬂﬁ@‘Uﬂ’NMLL@]ﬂ@NiZ‘Vi’JNﬂTﬁ'ﬂ@]'ﬁﬂ?‘M’Jmﬁnﬂﬂuﬂiﬂl’m”lﬁﬁ\ilﬂi?gﬁéﬁu%Tﬂ

Lmuﬁmmmuﬁ@ﬂ@hm
[] (] a 4
b. mm"lmmuaummuuuwwmm@i (Parameter Uncertainty)

1 < a ) [ a {0
‘Vi”Ifﬂim]ﬂuﬁ]Qﬂ’JﬁJ‘LﬂﬁISL‘]Ju"IJ@QW”Ii”IiJWH’)% uaz“lcfﬁmmmamuwwsmmaﬁqmm

9
MILINUIUU (3175, 2554)

A 1 a o a v I
BMssznumnimes lag15n119211ugaga (Maximum Likelihood Method:

MLM)

A Y [ 1A Y a [
B 1ABINTIAMNUNIT VLT IU L0 (XT )
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1 =3 gl/ g v g’)
- hldTesmsdamvestSunanin 19 Aunaenss {x,X,,..., X}

v
ad A aAa g v

Y ! A Y A o ' = tdy
- sntenlglumsdszanmum X; ﬂ’]ﬂﬂ’]ﬂ’)ﬂllﬂ A9 NIUINININUNAY AU

o Y
— mmuali x =

ax A 2 axd A '
- st s naumgaunanse i

I ax @ Aq ¥ A 1 PN I A A
- MM Hudsmsma ldnldiiedszmaaimnsimesvesasnaulaninga

9 dal Y as l I~
ﬁuaﬁnmmmmmawﬁmazunmﬂuqqqﬂ
9
- mmualiquatednemia {x,%,,...,x } mindoyansviua N

o I o [ 3
— dmuald f(xe) WuladFunisuanuasniiuuieziilu (Probability

Distribution Function) v@3@uisgu X
~ 35 MLM sz o fihidanninziuvesdiia x 1l8Taunnige
151921975 MLM 1dednals
- fmualdanninziluvessiia x fe f(x,a)dx

- fmualdanminziluvessiia x, Ae f(x,,a)dx
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- fmualdaningiluvessiia x Ao f(x ,a)dx
Y 1w 1 1A 1 [ ] I 1 Vo oA Y A
- MaiauaazAdaseaeny anuazilusmvesmiaila fe
L= f(x,)dx- f(x,,@)dx-...- f(x,,a)dx=f(x,a)- f(X,,a)-...- f(X,,a)dx"

9y =2 n = ' AR g o . .
— ousaumen dx" een aztasmwizamaINFuludadIu (proportionality
N
] v ' < . . .
constant) (38031 MeAFuAIZ191ElU (Likelihood Function) L =] f(x,a)
i=1

$ g ' { o q 9 ¥ it Yo o &
— illedesmamian @ Mhldlaa L atimgege Tdihaail
oL

i =0
oa a=a"

— dmSum L uag InL awldaigegaidumiaufonny msnaigeagaves

q

In Loz 1ddenan sz InL aunsanlasuliedlugidvesnauinld sahliieae

N
MM InL=>"In f(x,a)
i=1

A 1 @ [} 3
- Roulymsmmgegadd lnusznanaiv

N
A oy ntxa)| =0
oa|,., T oa .

a=a
] [~ 1 a 4 ] 3 o A
® a1 o samilugavesmImIsIimes (u WuanuFunazszezunu) nio
<3 1 $ I~
$uaaen'la
Aq Yo ' J Y a Y 1 1 12 '
o aumsilFmuIumEIwesnl a 019 lannauMFuduodieesugi

aums lishugadu
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LI
o Y a
- mmuali f(x,a) Imsuanuaslng
Y 3 { a
- W a = gilunundsvesmsuanuasing
Y v Ao Y ~ o Y A
— 1s1deemsdszuiuanangaves avngadeyaiisiiala fo
{X, %, X}

Yy o dy Y 9 Ay Yy 1w A A A
- lemaﬂmum‘uamu Yoyan Laun1InssNYININ AN IULVYILD U
I ) Y 1

Y
HIATFIUNMNU W o AU YoyanazAIuNISLINLIIATH

U

(x=a)?

e 20’2

f(x,a)=

1
o2

Y
S A

- WenFunnzinzilugegaveslamil A

N N 1 7(Xi*0;)2 1 n (><1—02r)2 (Xz—(;‘)z (% *tz)z
L:Hf(xl,a):H 20 £ e 20 e 20 ... 20
i=1

e
i1 ON2T o2

n )2
| e
— e i=1

oN2rx

[

1 d' Y . . . S 1 d‘ dy
- wim a Nlbm Log Likelihood function ¥A111ANTA AU
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olnL _ o 1 ) S (x—a) _
oa _aa{nln(aﬁj le 20° } 0
%g(xi—a)zzo

2Zn;(xi —a)(-1) =0

=}

Il
JUN

n

X.

wldamaes =1t
n

- 1 o veuleyauaazMUAILANAINY

[

1 I~ 1 = 1 % Y g ¥
® A ¢ wWUAURAENIUIMUD (Weighted average) A1

M-
_QN‘_><

I
-

=

_.QN‘ [N

1.6.2 AMINGINTNLUL 108 (Bayesian) (Robert, 2001), (Congdon,2006), West,1997)

o 4 4 Y] 1 {
AmuuIda31991n Likelihood, p(Y|8), uag Prior, 7(0), tio Y feaauilsgun
o 1 1 a P 1 1 ]
Funaald uaz 0 Aeanalmesndunan 1u'ld 1319199393 (Joint Distribution) 93 0

Y annsaeueglugy
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7(0,Y) = p(Y | 0)7(0) L1ae Posterior ﬁﬁ%ﬁqmﬂﬂmmmﬂ'ﬁa

(4)

p(Y) p(Y)

Taeii
p(Y)=>_, p(Y|0)7z(6) o 0 Lﬂuﬁaaxﬂﬁdwﬁﬂﬂﬁ@imﬁm (Discrete) LA
p(Y) :j p(Y |0)7(6)d0 ilo Lﬂuﬁaaxﬂﬁdwﬁﬂmgﬁm (Continuous)

] [l 9y v
tioenn p(Y) HuiledFuues Y 4 liduegdn 0 3egninsaniniudineiivas
annsaliou 7(0]Y)oglunn z(0]Y) o« p(Y|0)7(0)1iude 7(0|Y)Hludadiudunana

994 910 LikelihoodN1J Prior

' 9
I A %

o Ao Y Yo A Yy Yo Y 1
aunuigudeuamsoldaunuusudndyntld wuldawumueni 3 vu ldun
3’, ~ % T Ao U Sld' o a 14 9}3’1 ~
Puaoui 1 szymamsuanuasvesdliguindunan Idiliefinuamaiimes iauaoun
A e~ s A 20 ¥ o =
FTYM TN MmeSiamvua lanosmalimes 19 uazduaoui 3 52mMIuanuag
4 a o ° = v o g = 1 Y o t4 A
vodlanlasnmisiwes e ufedn 1LIUTUABNE1INLIANI 3 18 @D VIISaINTDINY
AMULAT (Robustness) 1 AUAszInauud 14 1iesainauliuiue (Uncertainty) gn
Y 9
o a @ 5 v A Jdo o
a1 uduneuuean15Hanuved Prior  UBNHUITAITVeUVEFIN 1T sz 0
i a J 1 2 o J . . o
ANI310005 1Y Posterior 41834 Tasldn13n1531a09a0114n159] (Simulation) N1391894
oA [ [ 1 = 0
Ao1uM AN ¥ uBe1aUNIa18A® I51IAUAY Markov Chain Monte Carlo (MCMC)

) [ ] A Y < as 4 @ ] @ A~ v 9 =
ﬁ’TViT]JG]’J’é]EINLW’EJGI,?HWUIHWTJN"UGQ’J‘M?JEl ZUVDINAIDYNAILVUNUAITUTUEDOUI

Yasy o kY o A
GI,G])"J‘Eﬂﬁ"ll@\il,‘]JEJGl,uﬂﬁL!ﬂﬂi‘gWW ALVUND

Yi =5+ BLis+ B Ly, +'"+18pzit.p +7AW (t] &, 0) + 7, X + &,
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A G 2 a A a A . 1 .
$\)Q) YitLWIu§1ﬂ'] nioUSunananvesnwyian i lusiwian t, 1=1,....m LY

t=1,...,T, Tagh

R

Y ~ N(,Bo +B L+ Bl +"'+ﬂpzit‘p +7,AW (t | ai'é‘i)—i_]/ixit’[}/i (1+3§n)(7€]2)
Prior (N¥ia832A1) Ao

1) p(o,)ocUnif (0,00),  p(p) o constant
2) doyaralln@ (Outliners)

¢, ~Bern(0.05)

3) TIMNI0YTMUNANAATINNNTIIA
7 ~N(g;,0,%) p(o,) o Unif (0,0)
9; ~N(g,,0,%) plu,) 1 p(o,)oc Unif (0,0)

S, ~N(.[021])

4) Autoregression NouUSUD §J: (Latent Autoregression)

Xit ~I\I(/1il>(it—1"'}Lizxit—z'O'xz) o, =080,
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(i A2)" ~ NG, E,) pl, E) <2,

(X X, )" ~ N, E,) 1, =00 E, =diag(2.2).
5) WA oUY

a, ~N(a;,0,%) ’ p(c,) o Unif (0, )

8 ~N(d;,0;,") p(o;) o Unif (0,0)

8, ~N(t,,0,%) p(us,) <1 (o) o Unif (0,0)

d; NN(ﬂd’Gdz), P(sy) <1 p(o) o< Unif (0, 00)

Y
% [

mMydszanaasiiees ludnuudinaniauaoun

=le

a. @379 Likelihood 91nM319n193903 Y,

b. &314 Posterior NNAAAMUVDN Likelihood il prior “I/]ﬂGT’J

° J Y an 9 =
c. MavIamUMIAUAWITMT MCMC TaglemsivenTisunsy 1u Open bugs tag

A a g
R Wiﬂiﬂillﬂiﬂﬂm@]ﬂ"lﬁﬁiﬁ”lﬁﬂ

Markov Chain Monte Carlo (MCMCOC)ttas Gibbs sampling (Robert,2004)
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3 ax a o ~ Y o [ 9 9 AnAan ] @
MCMC Qhuasa e lsd msvasndeyannmsuanuasniiavinalvg Tuaanyy
o [ ] ] o
we hvnevanaomsasie 09,09 09 ... ¥94 Posterior 91n¥23 15115ADN (Markov Chain)

Q' 4 1 1 H %} H
Tag3 N Initial state 0 wazilona laasnlumsusisoun T waves 09,...,07 szqn

Y
v A

1 [ I 1 1A H H
Aang (58n31 ¥29U94M73 burn-in uaz 072,07 072 WunialyNaah (Stationary) ud2 #

9 . =l asy 9 1an Aq Yo 1 1 A . .
& 31NN Posterior VA IUMSEI N MCMC UAIEN 1FNUBE NI HA1eAe Gibbs sampling

Gibbs sampling (Geman and Geman, 1984)

I A 1 o [l %l 4 [l
L‘l]u%%ﬂ”liﬁ%j%‘] MCMC ﬁﬂﬂfﬂiqu@'Jﬁ]fJNLL‘U“U’JL!"“]ﬂ%1ﬂﬂ']illﬁ]ﬂllﬁ]Qllﬂﬂﬁﬁﬂu‘l]@\‘llm

A s A v A s A ¥ v
AZNITNULEDIINDINITTNAD TNV AD NN UALLASUDY A
A

A . aa { F) { o Ty Y 5w '
qUUAI Posterior ﬁ'ﬁ] 72'(9 | Y) NVUAVUIA k Iﬂﬂﬁ Y Llﬂuﬂlaﬂaﬁﬁﬂlﬂ@ﬂ'lllﬂ HagaIusuueaey

u

a A 1 a s A v a P A g’/ 9 A
t9i U 9ﬂ’lil,lfl]ﬂLHNL!,‘]J‘UllN'E]uBUENLW]a$W15’]3JL§5]'E'J§'L3J’E]§W15’]3“{5]ﬂiﬂlﬂaﬂﬂﬂﬁuﬂua”ﬂl@ﬂﬁﬂ@

@
U

7(0160,.6,1,6, 1,0, Y) = 7(6,16,,Y) Gibbs sampling (Hunszurumsusiiiuaeu

=
Ch
- fmuamisudu 09 =(6°,0,...,6?) (5)
A . 3 A i IS it1 2 2 (% dy
- 50uM i axtlumsasuaaiuzan 0 T3l 0™ Tunouaail
Lau 69 vn 2(6,16,52,697,...657.Y)

2. E‘;'fll gz(i) 1N 72.(02 |el(i)’gg(ifl)m’ek(ifl)’Y)

3' fji] ek(i) 110 ﬂ-(ek | el(i) 1 Hz(i)..., Hk_l(i) y Y)

[

o U < 1 4 @ .
aavuveansqu0,%,0,...,07 Huaniugaoiiioiniued Markov Chain
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(% o o d
mi’mmmgnéfmmiummmmsmamﬁmum‘sm (Najafi and Tarazkar,2006)

Y ] ) 2 & A s o
ﬂ'li’.]ﬂﬂ’J'IiJQﬂg])ENLLNHEﬂ"IJ’ENﬂﬁWmﬂimuulﬂuﬂﬁla’ﬂﬂ’ﬁﬂ1iwmﬂim‘ﬁﬁfi3ﬂ$Z‘Tilﬂ‘]_l
9 1 Al o Y 1 ) :(?z‘; ~ as 1an Aq Yo
magaaummaaﬂmmawﬂ ’J‘ﬁ’J@ﬂ"J"I?JQﬂG]’E]\‘]LLlluEﬂ"UENﬂﬁ‘WEﬂﬂimuull‘ﬂﬂﬁn‘ﬁl,m?‘ﬁﬂi%ﬂu
SA 9 a T @ Y = 1 I ¢ o [ A
UINNAD L§1ﬁ]$15]5ﬂ15‘w%15m1ﬂ1ﬂﬂ13ﬂﬂ’ﬂll@jﬂ§l®\‘l GING]Nl,“lJuﬁﬁﬂ%uﬂl@ﬁﬂ'lﬂﬂ1hﬂﬁ'lﬂlﬂﬁ@u €,

v ~ Iy} v
Tavhi e Wlumadieuosmasa (Y,) fummennsal (Y,) ana t aail

1) Mean Squared Error (MSE)

Z et2 Z (Yt _YAt )2
t=1 — t=1 (6)
n n

v
ad a A

a I A 1 v W ]
7% MSE 1Hluatnldnuna 1y derdevesisiiae lulgiumsfseuiion wagd1 MSE &

' 3 = A a4 X "o )
ﬂ’]qngmﬂulWﬁ’]zﬂJﬂ')’]Nﬂﬁ’]ﬂlﬂﬁ@uqq Wﬁ@ﬂlu@gﬂﬂﬂ]u’]ﬂm@ﬁ%@yﬁa

2) Mean Absolute Percentage Error (MAPE)

2 Je /Y
MAPE = ——x100 ™)

axy I é Qdd‘ @ d' Y = d' ) Y]
75 MAPE iluniialudsngneeniy vazilslumsnseumeumnnngadimiveynsy

1391

3) Mean Absolute Error (MAE)
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n

Y Z|Yt_YAt
MAE = tzln =1 - (®)

11ioA1 MSE (Mean Squared Error) MAPE (Mean Absolute Percentage Error) 18ZMAE

=~ Y

] 9
(Mean Absolute Error) NGRGE Llﬁﬂﬂﬁﬂ 3‘%ﬂ1§W81ﬂiﬁuuuﬂ31NﬂﬂﬁﬂQN1ﬂ fMTUMINTINAOY

U

v v o =K A

1 { I g { 1
M3g181ue9 MCMC Taggf Trace plots Trace plots I U3 iadanilananansonsndoumsgin

% o ' 1 . a 4 1 v o Ty o

Y94 MCMC F45iuae YIYUDNIT  chain 611ENwﬁmmaﬂmazmgw%aﬂuggmq
. . . . ] v 1 1 @ 9 @

stationary distribution nazsiuduiludidieuenienuiwnt lsdudeeggiin trace plots 8IHIUITD

U

' o 1 9 A A o aa 9 v o 1 A A A Y .
°u’aﬂm’;muanﬂmam”lmaﬂmﬂ mmamﬁumwm I NUTAN trace plots TIQL“U'IZI stationary

distribution 11 (SAS, 2011)

gamma

0 1000 2000 3000 4000
Simulation Number

MNA 10 Trace plots ﬁ@:vﬁﬁ@:’ stationary distribution NAvoq gamma
MsUszulsea@nsnIMUosR Y (Bernd, 2004)
Uszanimwvesdilszanaazgnilsziiiuain 3 @2 Nienldiuegna laeldun

Relative Bias (RB) Mean Squared Error (MSE) L18¢ the coverage probability (CP) Faisziiuna

(% o {3 a (% o {
azm%zmuammm%@ﬂjm%yjaﬁLﬂuﬁlﬁia:ﬂui]1ﬂmimamﬁammmfﬁmmﬂﬂix‘mumﬁjaQ
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MCMC  Tagh UT e Tagh T= T,,..,.T, uaz S Ui lvgne a1soudaigasvodn

UsziiuuaazAIaaaunMIT19a1

S [—
mean= S T =TW,

s=1

bias=T™® — 4

S
SD= \/(s ~1) (T -TW )
s=1

2
MSE = s*i(ﬂ” ~4) ~SD’ +bias

s=1

1.7 HUUTI004ANE)

1) uuuﬁwamﬂﬁmaaﬂﬁsmﬁ (Multiple Regression Model) (Yan,2009)

Y, =B, + B X, +L,X, +..+ B X, +¢&

119 t ununa laeh t=1..n

Y, unu dautlseny e nan tuay X, unuaalsoasy ane t laeh i=1,...,k

©)

(10)

(11)

(12)

(13)

(14)

(15)

(16)
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1 H 1 a a3 a [
Bos s Byvev B MU MAIN LA &, UNU MANVAANAIA & a1 t taziTudasznuy
Taw g, aUMsuanuanuuulnd HAURae M1AU 0 uazaauulsisiu Ae o> dmsums
t

4 4
wensal o a1 t 9z 1A
Y, =Bot B Xy + By Xy +ot B X, + 8, (17)
100 By, B By B to010M3szaaA 10035 maximum likelihood

2) wuuSaeeAnasnaoui (Moving Average (MA) Model) (Bisgaard,2011)

Yoy Yy et
Ft+1 = Yit Y ytI;IZ Yisaon (18)

A , >
149 N = YUIAUDI moving average Tagd N =1,...,n

A0 81191
F o YatYatY,
3
£ YatYatYaty,
=
4
i

N=1-— Fz =Y F3 =Y.
N=n—>F, =V

9
81 N ifluggma auiu azaunsamiaggma i 1d1uen
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v AaAaA

GRVERIR Moving Average N1dna1unad §a533 double MA, triple MA 4l8& centered

MA B0 19U 2x2 MA, 3x5 MA , 3x3x5 MA 13udu
3l trend Tudoya

9q yas o Y . A 1w dy
141975 MA t1a double MA Tasmvua il moving average length MMIAUAIH

F,. =a-+hm Taoh m=1.23,... (19)

at — 28; _ Stﬂ

2 e e
AT

, 1
St = ﬁ(yt Yot Yo+t yt+1—n)

t+1-n

S{’=%(S{+S{l + S+ S D)

3) HUUIa0 Exponential Smoothing (EXPS) Model (Montgomery,2008)

IS

I 4 o e Y] 1 o Ly
Exponential smoothing (HJun1swennsal lagivuaiiinlnardunaludagiudia

1 50’ 7 1 QU 1 g‘/
3J1ﬂﬂ’J”ILl”I‘H‘L!ﬂ%i’)ﬂﬂ"lﬁ\‘llﬂﬁﬂﬂuﬂﬁhuu U3 LL‘]J‘]Jﬁi’J

a. Single exponential smoothing
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[

@ o a 4
AILVUNTWEINTULUD Single exponential smoothing HEIY ol
1 4 1 o 4
I s, unuswensaivesmduna Y, o a1 tille t=1..n
Si=aYi+(1-a)S,;, 0<a<l (20)

v 4 va 2 A (=) = o " Ay Y
ATNITINITY Sl llmﬂmmmmﬁnﬂllmumm SO u@ﬂLaﬂﬂWﬂﬁ]gﬂ']Wuﬂﬂ']ﬁﬂJﬁualﬂ

9
=~ 9 ~

a Y o (= Yy 9 =) 9y
SO madall l¥d s uvonan lllliJ trend LA seasonal D1UDYAY trend 2219 Double

U

€

s}aé’,

exponential smoothing AL NIUYN trend LAY seasonal wlyf Triple Exponential Smoothing
b. Double exponential smoothing 30 Holt’s method

@ o @
AVUNMINYINTULUY Double exponential smoothing I@annveneduuves Single

exponential smoothing 9 n ldail
Si=aYi+1-a)(S,;+A ) 0<a<l 21
Tagn A=A -S.,)+1-HA, 0<4<1 (22)
4 A A
o B ADMANNILEAN trend
c. Triple Exponential Smoothing %30 Holt-Winters method
fuuuMINeInsaiuY Triple exponential smoothing 1@ 1nveneduuved Double

. . =) =)
exponential smoothing 000 11 1 2 LUVA®

1. Multiplicative Seasonal Model
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Si=a(V;/B)+A-a)(S4+A,) 0<a<l, (23)
A=p(5-S_)+1-P)A, 0<B<1, (24)
B =y (Y /S)+([1-y)B, 0<y<], (25)

' ' H [ Y o
1o V4 ADAININUAAS seasonal LT s ADANIIIFIIVD seasonal 1¥AMVUNIT
XA 9 A 3 o . A a 9

NYINTUUINBDUDYAY seasonal LﬂmL‘]J‘Umiﬂm (multiplicative seasonality) Ao lunanfsINUUDY

' 1w A X A I )] o 1 T 9 A ~ 1
uaasfenia MAUNNVLNVIUYToanauumTovay AIDYINLTUUDYAINYUIADU 5 1 anuenvae

A 9 Yy A o oA Vo A £ 9
U4 seasonal 1D 12 uazeuml”aﬂ51ﬂgGlmwumﬂlumauﬁmmmaumazﬂ ATUNAISINUVUT DY

qr A X A < 1 A~
ae 40 "lﬂmwmumaaﬂauﬂumm‘wﬂ

2. Additive Seasonal Model

Si=a(Y;-B_)+1-a)(S,;+A) 0<a<l, (26)
A=pS -5 )+1-BA , 0= pB<1, (27)
B =y(Y;-S)+(1-y)B_, 0<y<], (28)

] [
=} =) 1 =

D ¥ ADATANNUEAY seasonal LAY s ADAIIVBIITIIVD seasonal Glslaf)ﬁl’JmJ‘]Jﬂﬁ

dyd'sl =\

4 I o [
nensatieYaNal seasonal 1 ULLUNITUIN (additive seasonality) Aolunanfenuveaunay

Y

T @ A dy A I 1 =\ Aa oA [} 1 9 ° [ .
fen1a ﬂ1ﬁ\1lﬂ@]%zlwumuﬂﬁﬂaﬂﬁﬂlﬂuﬂ'lﬂﬂﬂ Glu‘ﬂnﬂ;]Uﬁljﬂnmimamwmmwuﬂm moving

average length 11158 39929 19 A1 error 50 mean square error (MSE) Wieo A1IanNNAANaIA

'
o A

] H 9
auq Iadinge auiwsimsazdesiruam o ldmunzan
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4) UVI1ADY Autoregressive Integrated Moving Average (ARIMA) Model

(Montgomery,2008)

o I o AN Yo a 3 axdq Y o
UV 03 ARIMA Lﬂuu‘ummmﬂmummuﬂu Llaglﬂu?‘ﬁﬂﬁlWﬂWWﬂﬁlﬂﬁmilﬁgﬂg

b4 H 9 9 H
v AAa A (% v A o =

o o 4 ] 1% 1
AUNA DNN °1um'§ﬂ@mﬁumiuazmawmﬂimmmumumqqmﬂ P I A AR RIS TR ETLR
{ 1 @ Y ) o o I ° { o
mﬂﬁag‘luaﬂymzswuﬁumiﬁmwu M5 ULUVUTIa09 ARIMA Huvyusiaosnnmullag
. . = dy Y ° I
George E.P.Box 1a¥ Gwilym M. Jenkins 1w a.¢1. 19702 Tﬂﬂwugmumgmumam ARIMA 101
acdq ¥ 2 Y Ao A W F B v ' ) Y~
Fnldamensal luszozauing wiammznumsnensal i lusaanaus uazdeall
F1UDITOYANIINOANAIT UDUTIADY ARIMA(p.dq) Usznoudie 3 aiuwnansg laun
11UU1aDI Auto Regressive (AR(p)) NT¥UIUNT Integrated (I(d)) 11aLHUUINADI Moving Average

A o

9
(MA(q) laos1oazioenvoataasaIuiingil

1. 1UUI1A09 Auto Regressive (AR(p))

o N < { 1T o [ 1
HUVI10OY Auto Regressive Lﬂugﬂllﬂﬂﬁllﬁ@ﬂ??ﬂ?ﬁ%ﬂﬁ Yi 9NNIUUAIINAIVDN

A o Aa X v A A A
yt""’ yt—p NI AMFTUNANNAUVUND U U P Iﬂﬂﬂigﬂjuﬂ'ﬁﬂiaigﬂﬂ AR(p) ADNITUIUNITIVIIO

[
2 % = [

3EUV Auto Regressive NISUTUT p FuSouaglugilaums1dwail
AR(p) Ao X =1ty 1 +hY ot ¢p Yip té& (29)
Taufi
41 o MAeii (Constant Term)

A a J A .
¢j 19 WITTABIAIN

g A9 ANUATIANADY B 117 t



= = Y o dy
Tunsal voq AR(1) i’f’]iJ"IﬁﬂlelfJug‘lJLL‘U‘UﬁiJﬂ"lillﬂ JU

Yi :ﬂ+¢1yt—1+5t

Vi~ Ay = HtE

A-af)x = p+é

iilo B Ao backward shift operation

I =~ Y o dﬁl
wazlunsal veq AR(2) mmsmmaugﬂuuuaumﬁ“lﬂ JU

Y= +¢.I.yt—1 " ¢2yt—2 +&

Vi =AY —hY. , =1t E

(1_¢1ﬁ_¢2182)yt =Ht+&

2. 1UVA09 Moving Average (MA(q))
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(30)

€3]

(32)

(33)

(34)

(35
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o < { 1 o o '
11UUT1889 Moving Average (MA) tlugdununuaasnaduna y, gpmuuanna

ANUAAAIAADY & y,..., &_, HIOAIANUAMAATEUTIDgRoUNT TAonIzuIUMIHIBILUY

Y
Ao o = Yo A

MA(q) ADNILUIUNTHIOTLUL Moving Average NUOUAL q mqg%auiugﬂmm MA (q) 1aaadl

A
MA(q) AD Y, =u+&—0¢ —66 ,—..—0.& , (36)
Taon
Y7, v A1AT (Constant Term)
0, file M3 AlADIAIM |
A 4
£ A0 ANUAAIANADY B 1901 t
Tunsal MA(1) ansadeugiuuuaunms laaail
Yo =u+e—0& (37)
A
N30
Y, = u+(1-6,p)e (38)
= = Y o dy
uazlunsal MAQ2) awnsoleugduuuaums Idast
Ve =p+E -0, -0, (39)
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Y, = pu+1-6,8-6,5)e, (40)

3. LUV Auto Regressive Moving Average (ARMA(p,q))

I o { o . . o
Wuuyud1a09nieINTZUIUNGT Auto Regressive Lai¥ Moving Average 45 auiu

v W

TABNIZUIUMITNHIOIZUY ARMA(p,q) ADNTZUIUNITHIOTZUY Auto Regressive NUOUALN p

d‘dw [ é

. = ] Yo dy
1182 Moving Average NHouAY q Fudsuaglugaums laaail
Atyt = 5+¢yt—l +¢y’[—2 +"'+¢yt—p + & _ngt—l _"'_gqgt—q (41)
4
Tagh
y, fe mdunaluounsuial e mant
p A9 DUATIVDY Autoregressive

v

q o OUAUVDI Moving Average
S Av AN (Constant Term)

t  Ap 1

a 4
1/ Ao W13 ADS VDI Auto Regressive

a 4
o ﬁ’e] NITTUADIVDY Moving Average

. . X g 1 4
g 19 NITVIUMT white noise TINAD AIANUAAIAAADY B 1701 ¢
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4. NITVIUMT Integrated (I (d))

I 1 ' o

N3ZUIUMT Integrated (I(d)) 1 UMIHIHAANVDIDYNTUNAITZHINTOYA 21 Tog1u
Wwdoyaneeradll d muna1 Tesaunafdesiinsninaa19veIoYNINNIAT 11109910

o Y P a <Y a A = . v &
HUVTIAd ARIMA @015 1unsuasIziIaya NI NANNAMANIANIN (Stationary) 1N11U

4 a . va 1 H o
Taglunsaideyaoynssuaildlumsiinsizviinguaiia luiasi (Nonstationary) 9zA091i1n13
9 Y ' Yy 9 A wa A ' 9

wlasveyaasnanliiudeyanlauauiiGninneu  Taen1sHINaA19v03T01a0YNINIAT
nouih lladranuusians ARIMA Felaein lludrdidesmmaa1asudnd d aansadoulugil

V04 1(d) &
1(d)AD Agx =A, (X —X_,) W30 1—p)"x (42)
Tunsal 1(1) ansodeugiluuyla S0
L) Ao Ax = (% —%) W30 (1-F)X,
Tunsal 1(2) snsadougiuuy 1 fail
1(2) A0 AX =A(X —X_,) 30 (1-B)°X
Tagi
g, Ao woiAIAMIAAADY & 1A t
(1-B)*x, fio wasmesuUi d

p A9 Backward shift operation
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MNTBAZIBIAA1 NNEITIANE 1D VTIA99 Auto Regressive 111131089 Moving

a [ o o < o
Average Q¢ NITUIUNT Integrated m‘wmam13?mﬂuﬁmWiammmﬁumﬂugﬂuuUﬂallﬂsum

o ~ U A
HUVI1ADd ARIMA N l¥lunmsilszanansae

AY,

=0 PAY A Y e A T E O~ — 06

Taeh

y, e mdunaluoynsuna anant

= o ) ' A Y = v =
d Ao SIuaTIveIMIMEaaIuie o ynsuala s auianen
(Stationary)
p A9 DUAVVDY Autoregressive
q 7o 0UAUUDI Moving Average
S A9 AAn (Constant Term)
t Ao na
A, 7o Wa@1eouAUn d

A a 4 .
¢1,...,¢p A9 WITIUNDTUDI Auto Regressive
a 4

6,...0, #18MNAAD5YBI Moving Average

. o .
A9 NTZUIUNT white noise FINAD AANUAAAAADU B 1A t

(43)
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£ ad {

A A 3 @ 1T A g A 1w =
mfflwuaﬁuwwmfmaJﬂmmﬂaau‘ﬂﬂuaznauﬂumuﬂ3qam ﬂuﬂﬁi%@’ﬁ)ﬂuiﬂﬂu

=

aa A d o A
M3uad uaalnanuaunailugud tazanuuilslsiuai

Y
=2 ) [

Y i v
aaduie i eudmSumsmimmeInsal Y, ¥ ARIMA awsawt laoinienui

aq1) el

U-BB- D ..~ D 7)1~ P, = U~ f - 0, —..— 0, ), (44)
o A=Y, B =Y, Y. =Y. ., ... (45)
Be =, fe=¢6,, Be=64, - (46)
A8

ARIMA(0,1,0) fi®

(- ﬂ)Yt =&

NI (47)
Yi—Ya=¢&

Y=Y, +é&

ARIMA(2,1,2) fi®

Q-92.,8- gzﬂz)(l_ A, =1-wp- wzﬁz)gt
(1—@1ﬂ—®2ﬂ2)(Yt _ﬂYt) =& _wlﬂgt _wzﬂzgt
(Y, - .Y, - QZﬂZYt) - (Y, 7®1ﬂ2Y[ - gzﬂth) =& T WGy T W,

Y, =B BY, = DN, = Y, + DN + DN, = &~ w8~ 058,
Y, =Y =B, =Y+ DY L, + DY, =6 —mE  —0,E

A AR SO PR S PR 7 R R R O

Y= (B, -, — (D, D), , + DY s =& —w& — 0,¢
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Yo =@, DY, + (D, - DY, , — DY, s+ — w5 — @6 (48)

o a p 2 .
AUD ARIMA  19ns1z¥9oya @MDY stationary  119¢ nonstationary oY@
. A g = . 1A v . Ay d'
stationary A9¥03afl mean 1Az variance Mit/asunilaslUaiunat Yoya nonstationary Avdoyai
A . = ' . o q ¥ . 2 9 Y
mean ¥30 variance t/agunlasliauna a1 variance ¥11% stationary 18 Iasnisuilasdoyadae
Jd o a X o I @ ) [ 1 o .
WanFuaeni3 iy (Log transform) Aedeaineuldaiuy Ad15UA1 mean W1¥ stationary 18
Tagmsviwan19doya (differencing) Feamnsoriludnuy ARIMA 18 Tasmsmmuaarldny
d @IUTLAVUOY autocorrelation (P ) ATLAVUDY moving average (q) finsanlaanns

(Autocorrelation function) ACF ttaig Partial autocorrelation function (PACF) (Montgomery,2008)

5. Autocorrelation Function (ACF)

I Jd v Y v o ' 9 9
L‘ﬂuﬁﬁﬂ“]ﬂu‘uﬂQﬂ?i’)ﬂﬁ'ﬁﬁﬂwuﬁigﬁ’ﬂxﬁlﬂﬂgﬁ WU At (Xt)LLﬁg Yaya w LA

o (% J

1 ] o ] % v o
t—K(X_,) U0IBFNIAININU k M8 Faunudredyanval p, Wie r lunsianduius iy

g

[} 9
AUBDIVDNAIDYIN ﬁiqﬁmﬁaﬁmamklﬁ'mﬁ

S (%~ %)%, - )

P, 130 r Skl 49)

Zn)(xt -X)?

' _ 1 n
e X == x uazk=0123,..
)

TagaNuAAAAABUNIATTIUVDY I, (Standard Error of I ) HINEAT IUAITAIUIN
29 k k au

2e
=le
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se, =— (50)

[ o L o 1 Aa o ] H
anduius luaae9vesoyagy (random data) LUNISHINUIAUTIAIOENNA 5D

a 1 { 1w 4 4
Uszinald Tasmananuastn@dienun@s (mean) WAUFUE HazAWATIANADUNIATIIY

|

1
MU —=

N

'
= o v A

= 9 o YR { Y I A A o Y A
Tumsanerez lsanaunus luateuiluaseslondn YAMNITUVTUAUAUTNUAVD

= 1

9 a [ 4 =\ Aadl o 1] 1 [ Jd A ]
ﬂl@gﬁﬂuﬂiml’m%%’ﬂﬂﬁ%ﬁ]ﬂ‘ﬂ Tael 2 AFdMSUNAdoUNA rk ‘JJﬂWLLG]ﬂGINhlﬂﬁ]?ﬂﬂuﬂﬁiﬂllujﬂﬂ

A

1¥519A199UNANIATFIU (Standard Normal Distribution) 30 15A1e0@ Box-Pierce Q statistic

=\

& o 2
FINFUUUVAIY

U

MILINUAIUNANINTFIU (Standard Normal Distribution)

L ~N(O,—=)

N

AEDA Box-Pierce Q statistic
2 2

Q=ny r*~z*(m-p-q)
k=1

Tagf m AoA1A1%30MAIMAIGIgA (Maximum Lag) NN915847

6. Partial Autocorrelation Function (PACF)

o

<3 a [ ] 4 1 Y] [ I~ Y o
Aumsionsananduiusszrnieals  xno x_, owdulIdnanduius

A4

' <3|

@ A (%% o J ' @ dyw @ o o A A
AINATUY UHALHBININNTNTURUTITZHI 2 Aulsunuaiuds Xi_greees X g MNUUN Vl%gllﬂ

7 v J 1 v

(% a Y o A 9 1 @ ?xl/ v A o o
AUAUNUDISUIN X NU X[_k1/]llﬂ"lli]ﬂﬂ313Jlﬂ8’3511?)\15$1’?'J”I\‘l@ﬁllﬂiﬂﬂﬁﬂﬂﬁﬁuﬂﬂﬁﬁuﬂi
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J

Y] 1 o [ [ Y4 g‘/ o 1% o
Xi_gyey Kiyg ANNATI %asﬁ’@mwmimawﬁuwu‘ﬁmeqmammuﬂﬂugﬂtmusummiﬁwﬁuwu‘ﬁ
A A 2 A ' . . Y
LL‘U‘UﬁJNEJu"léU COFI’(Xt,Xt_k |Xt_1,..., Xt_k+1) PITYNIT  Partial Autocorrelation Tﬂmmuma
Y] I 4 19 o Y] [YRE( Y] 1 A L&Y = [ .
ayany ¢kk Lmnmm‘nﬁuwuﬁ“lumummqmumwmﬁmwiugﬂlmuﬁm%u 138N Partial

. . é o Y v dy
Autocorrelation Function (PACF) %4 ¢, 81413 amun ldaai

Cov[ (% —%),(x « —%.)]
\j\/ar(x[ —K)x/\/ar(xt_k ~%)

P = (51)

Tﬂ‘c’l“ﬁ X = BX o+ Bkt et BXia (52)

5) FMININTAINUY  Seasonal Autoregressive Integrated Moving Average Model

(SARIMA) (Montgomery,2008), (Bisgaard,2011)

ABMINOINTBLVY  SARIMA 9AWAILININITMINGINTEl ARIMA (p.d.q) 1ae'ld
Wy (P.D,Q) v®d  Seasonal 19111/8n SARIMA  #M30Seasonal ARIMA  UNUAIY

ARIMA (p,d, @) (P, D, Q) azdfsiinls3au (covariate) X, 110z X, annsaiiennIddede i
DB A(Y, —6. Xy~ Xy )~ ] = O(B)e; (53)
\ie ¢ 1az C, fodulszanimsnanoy
D(B) =45 (D)2 (B) 10 O(B) =0,(B)0, () v
G (B)=1-¢S—...—4,B".0,(B) =1-0.(B) .- 0,(B)",

B () =1-D B —.=D, B, 1 A g Oy(fF)=1-0, —..—0, . A ©

differencing operator, A=(1— )" (- £°)°. /3 fi® backshift operator ttag Y, = Y., BY. =Y, Fu
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‘:91 A A A a ti'd ad tﬂ‘
UUUUAD th S D seasonal lag AT & AD ANUNANAIA (error)‘ﬂi]ﬂ"lﬁll%ﬂl!.%ﬂL!.‘U“]Jﬂﬂﬂuﬂ']maﬂ
< a J .

Ay onazanuudsysiu o?. s waz ¢'s ABWITINIADT autoregressivell U seasonal Lag non-
o w a J .
seasonal M1UA1AY O's LAz G's ﬁfJWTﬁﬂJLWﬂimovmg average b1 seasonal LQ¥ non-seasonal

o o a J .

AUAIRY p LAz g Aod1Al (order) UBDINITIUIANDTautoregressive (11U non-seasonal uag

a 4 . o w A A o w
WITTUIADImMoving average 1111 non-seasonal auaaulaen Puag QAo a1AY (order) VO

a 4 a 4
WITIUADT  autoregressive LU seasonal Hag WIT1UMBT moving average (LU seasonal

awa1au d uaz D uny non-seasonal 11 seasonal differencesP1Na1A1
6) HUVUIIB0IMa1ea 15 (Multivariate Variable Model)
Multivariate AR(1)

Zt = A.th—l + Bgt

Expanded Form
7 t(1) all a12 a1n 7 t(E)1 bll b12 A bln gt(l)
2| |a? aZ . an||z2®@| [p® b2 .. b2 | g®
= | . : + .
2" [a™ a™ ...oa™ ||z | [b™ b"™ ... b™| "
Z,
. 72
A t 3
e Z, = = Column Matrix YH1A N x1
Z!
all a‘12 o aln
21 a22 . a2n .
A=, . . Matrix YUIANX N
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bll b12 . bln
b21 b22 bZn
B=|. _ B Matrix YUIANX N
bnl bn2 bnn
1
gt
2
_| &
€t =1.
n
‘9t

&, = Vector of independent normally distribution random variables with mean = 0 and

standard deviation = 1 (uncorrelated in time and space)
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