5 1
2 3
5
1
2
forecasting) (qualitative forecasting)
(forecasting)
(quantitative)
Time Series/ Projective Causlal model
-naive -fegression analysis
-moving average -econometric

-classical decomposition
-exponential smoothing
-Box-Jenkins

1

(time series)

(quantitative

(Qualitative)

-personal insight
-panel consensus
-market surveys
-historical analogy
-(lelphi techniques

(naive)

(moving average) (classical decomposition)

(exponential - smoothing)

(Box-Jenkins)
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(causal model)

(regression analysis) (econometric
forecasting)
(Makridakis, Wheelwright and Hyndman, 1998;
, 2539)
L (time harizon or lead time)
4 (O'Donovan, 1983;
, 2542)
11 (immediate term) 1
12 (shortterm) 1-3
13 (medium  term) 3
2
14 (long term) 2
2. (pattern of data)
4 (O’'Donovan, 1983; Makridakis, Wheelwright and
Hyndman, 1998)
21 (horizontal
data pattern: H)
2
2.2 (seasonal data pattern: )

11 1



il

(pattern)
2
2.3 (cyclical data pattern: C)
2
2.4 (trend data pattern;
2
4
Araetiayn ATevdiayn
A
AVAVAVAVAVAY_ Aade
> >
Rl 1 2 a1 (1)
n. deyafifianunizad €. {Iasgaﬁ%ummuq@ma
Aaastinya Avasdiays
> P
7 na (@) LRl
. foyafituamuindns 1. Yoy iy
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3.2
(mean absolute deviation: MAD)
MSE)

12

(accuracy) 2

t-test, F-test

(mean square error;
(root mean square eror. RMSE)
(mean absolute percentage error: MAPE)

(cost) 3

(application)

1(O'Donovan, 1983)
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1
/ I I /

/ I I / / /
| / / / / /
| / / / /
| / [ [ / /

[ / / [ /
/ / /
. [ [ / [ /
10 3 10 50 kY
( ) o) 2A) 80 ()
/ / /
I / /
13 / /
2
' 2528-2541
14
4 (Sullivan  and
Claycombe, 1977, O'Donovan, 1983; Hanke and Reitsch. 1995; , 2539;

| 254)



(downward trend)
1
(quadratic trend)

2.
factor)
3,
4,
, 2539)
model)

14

(trend: T)
(upward trend)
(linear trend)
1
(exponential trend) 1
(seasonal: )
1
A 1
(seasonal
(seasonal index)
(cyclical: ()

(iregular variation: 1)

4
( , 2542,

(additive
(multiplicative model)

y=T+S+C+|
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y=TXSXCXI

N1399459 WULL9N WL
ANBLs g iy

e AN VN.VON.Y. NV WA VAWAN
HH LU LN V V VV VV\/ \/ \/ \

1&um9a M AV&W

(simple moving average: SMA) (single
exponential smoothing: SES) 2
(Brown's double exponential smoothing: DES)
2 (Holt's linear exponential smoothing: LES)

3 (Brown's triple exponential smoothing: TES)
(Holt-Winters smoothing: HWS)
(regression analysis: REG) - (Box-Jenkins: B-J)

1 (simple moving average: SMA)

()
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(horizontal)

k
L
(K
2.
[ byt + -+ y bk
- aa T '
Fam=R+  ,m> 2
Yt= {
Fitl= t+1
Fiim= ttm 1 > 2
k =
' (exponential smoothing)
!
(Sullivan and  Claycombe,
1977, Newbold and Bos, 1994; , 2539)
(Smoothing constant) 1
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2 (single  exponential

smoothing: SES) (SMA)
1
(horizontal)
1
L (a) 0<a<i SSE
2.
3

Ftl= (OM+a (-a)Yt.l+a(i-a)at2+a(i-a)ds+..
= (Ot+(1-a)Ft
Fam= Rl m>2

Yt = / {
Fi+l= t+]
Fem= t+m 1 >2
= ,0<a<l1
(00 o030

(Sulivan and Claycombe, 1977, Montogomery, Johnson and Gardiner, 1990;
Makridakis, Wheelwright and Flyndman, 1998)

(SSF)

(1) tLt2l,  a 0 ,
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3. 2 (Brow
double exponential smoothing Brown’s linear exponential smoothing: DES)

@) Ol SSE

3 Y,
t
R{>= 0CY, + (i-a)Ft_1
4, F
f
Rd=aFt{lt (i-a)Ft B
)
=2F -FQ
=R +(1-(1-a)2et
=0 0-F )
=, 1+'ccet
6.
F+m=at+btm 'm" 1
ViR / t
Ftm= thm, >1
e 0<A<]
= t
)= t
F4= t
0 = t
4, 2 (Hol

linear exponential smoothing: LES)
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2
4
170l «c IS
L, » (4 [ o<a<i lo<Pa
SSE
2.
3
a, = (CY,+ (1-0QF,
bt=p(a,-at.J+(L-p)bt.1
4,
Ft+1=at+ bim . >l
Y, = / t
Ftim= ttm1 >1
d = 0<a <1
P -
0<p <1
8, 1b = b
5. 3
quadratic exponential smoothing ~ Brown'’s triple exponential smoothing: TES)
(quadratic)
2 (DES)
3
1 @ 0« SSE
2,
3 t

Fib= (XYt+ (1-a)Ft_ 10

(Brown's
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4, t
F2= QR (100H.19
5 t
Fj=CR<t (LOOR L
6.
at=3F()-3FQ + AQ
b.= 2(1<a)2((6- SeXFt() -2 (5-4a)Ft) +(4-3a)Ft )
21-a) (F(0) -2Ft +Ft )
[/
R+=at +btm+cm2 . >1
Y, = / t
Fi+ll= thm, >1
a = o<0Ck1
at, bt lct= t
RO)= ! t
Rg= ! t
Fd= t6
6. - (Holt-Winters - smoothing:  HWS
Winter (1960) 2
(LES)
3
L. 3 (a, 3 )/) 0<a<i, 0<(3<1, 0<Y<1
SSE
2 245



3.

31
Level:  Lt=ccyl- ts)+(L-a)(LtL1+h1l
Trend;  bt=p(Lt- Lt J)+(1- p)bt 1
Seasonal;  1=y(y1- Lt)+(1- y)Sts
3.2

Levell  Lt=a”™-+(l-a)(Ltl+ht]
Trend; b, =P(Lt-Lt])+(I“P)bll
Seasonal; 1= yAL-tL+ (1-y)Sts
4,

4.1
. =l+bm+Stst L >l
4.2
R+ =(Lt+htm) , stll . >l
Y, = / t
Ftm= ttm 1 >1
Lt1bl, = t
d =
P =
0<p <
y= |
<Y<l

(regression analysis: REG)

;0<a<1
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( , 2539) ,

11 (time variable)
(coded value)

Yt=P0+pt+ ,
quadratic Y, :PO+P,t+P22+8,
exponential Y, = PoPj'e,

()

7.2 (dummy variable)
' 1

Y, = PO+ PXt+P32t+... + PLX(L_0, +
Y, =PO+P t+PXIt+PX2+..+PLX(L 0, + ,

P0= (y-intercept)
P1= Y, ot 1
P,= =2 3,..L

1 t i

Yt= PO+PIt+P22+ P3XIt+ pdx2t+ -+ PL+|X(L-|)t + st
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Y= POP2XItP3X2t. pLX(L L,
Y,=PoPitp , XItP 3X2t..(3L X(L_LtSt

(logarithm) Yt Y, M\
nY,=( PO)+( P2xIt+..+( PL)x(L_D1+( 8

Yt = Po + p2xlt + - + pLx(L-I)t + 8t

InY, = (InPq)+ (InP 1)t+ (InP2)xit + w+ ( PL)X(L_ 2t +(In8t)
Yt=Po + Plt+ p2xit + p3x2t+ -+ pLx(L-I)t + 8t

P0= (y-intercept)
p, = CEAR L

X it=

SMA SES DES LES TES  HWS  REG
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8. - (Box-Jenkins: B-J)
(autocorrelation
function) (partial autocorrelation function)
ARMA(p.) ARMA(p.q)
50 (Newbold and Granger, 1974; Thomopoulos,
1980)

(accuracy) (Newbold and Granger, 1974
O'Donovan, 1983; Shearer, 1994; Hanke and Reitsch, 1995; Brockwell and Davis, 1996;
, 2524, , 2539)

4
1
3
11 (stationary time series horizontal)
lag k
(Kendall and Ord, 1991; Bowerman and o'connell, 1993; Newbold and Bos, 199;
, 2539) 4
12 (nonstationary time series)
4
13 (seasonal time series)

4
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Areatiaya
a M a
} - » 1281
9. aYNIHIAT AT
> 181
A. awmmmﬁﬁq@ma
4 1
(stationary)
(transformation) (reqular
differencing)
(seasonal
differencing)
(natural logarithm)
2 (autocorrelation function: ACF)
(partial autocorrelation function: PACF)
21 (autocorrelation)

(lag time variables: yt§ ~ k 3



26

A9 3 Meaiesulsina1dmas (lag time variables)

FIUIR FaulsGas Foutlsoadmden 1 maudsead i 2 fauseandvdd 3
t Vi V-1 Ye-2 Yi-a
1 W
2 12 T
3 9 T >
4 8 g IRy \\’ 10
5 4 \\bs > RaR?
6 6 ey g >
7 7 T TRy P 8
8 13 R 75 > 6 Ty
3 1 (lagl: yt ]
2 (lag2: yt 2 (lag3: yt g) k (lagk: y, K
1 (lagl: y, ] yt
t=2 lagl yt t=1 t=3
lagl yt t=2 =4 lagl yt
t=3 2 (lag2: y, 2
1 (lagl: yt 1) t=3  lag2
=2 lagl t=4  lag2 =3 lagl
lagl(yt_) 1 lag2 (yt 2
2 lag3 (yt 3 3

Wt vk k=123 .
(coefficient of autocorrelation:

1> ty)(yLk-y)

1 I N

rk= k -1<rkl




rk

05

21

)
k =
Lty
y=—-—
=0, rk 0
it~N(0,G" e~ 2
rk K ( I rk)l ! 1 rk
I k=1
I
! lt\ﬁ ------- fenitedes k—12
rk pk
Hipk=0  Hppk™0
K
=Vhrk
' \z\>z (112 a
00/,
[ >N= K —=
(| 1/
( coefficient of autocorrelation:
( correlation coefficient: )
k
k yl
= N 14 1 k
Irk| 0

(completely  random)
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0
lag 12,
24, ..
2.2 (partial - autocorrelation)
Y, ytk (partial out)
1,2,3....kl 1
oo oyk * ( coefficient of partial
autocorrelation; rkk)
rrl %=1
Nk~ Z iK1,k ]
rkj ~ rkd ~ rleke ke J=12,..k1
1 0
; 2 Ik
rkk rkk K
hoys kE
Kk
HO pk =0 Hp pkl* 0 1 HO
B

(autocarrelation function: ACF)

(partial autocorrelation function: PACF)

(Pk)
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2 (Makridakis, Wheelwright and

McGee, 1983; O'Donovan, 1933; Granger and Newbold, 1986; Hanke & Reitsch, 1995;
Bowerman & O'Connell, 1993)

Lok 1k 0 (cuts

off) 5

|ll I
0 ixp 0 |l Lag k

i 5 Maridudnmnsanduilis iaannsandiiusudaunesngusioat e

(cuts off) k
2tk otk k
0 k dies down tails off 6
3
ARMA (autoregressive-
moving average) Box
Jenkins 3
31 (autoregressive prc
AR(p)  ARMA(p,0)  ARIMA(p,00)
yt yML..ytp P AR(p)

Yt=0 +(J1-14()2 -2+ £1

Yt=
90=



Lag k
1
(damped exponential)
(no oscillation)
1
-Lag k
1
: (damped exponential)
(oscillation)
1
UJ- Lag k
1
(damped sine-wave)
(dies down) k
0= AR | i=123...P
8t= {

00=[3.(-()1<>2- ..<]>p)

§1 stationary
, lag k K

30



L .Qp 1-()B-.

b|>i AR(p)
Yt- 00+MNYE +--H()ptpt st
YECWM-.-()y e Ot
backward operator B
(L-(>B-..()pBPYt=90+8t
AR(p) (JB)Y, =00t8,
HB)=1-4 -.AJBp

0 Kk dies down  damped exponential
sine wave
pkk 0
cuts off
Pkk ~° k=1'2-3....P
pkk=0;k>p
AR
P<2
3.2
MA@  ARMA(0,g)  ARIMA(0,0,gW
Y, 1..8.4
q MA(9)
Y,=6,+e-0,8,-92*-...-0,8*

= MA  §,i=1.23...

3

()Bp=0

damped

p (iag p)

(moving average proce
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B invertible

8, Wyl 0
1..,09 1-0 -.-0B=0 |ppl
MA(@)
Y,=00%,-0, ., - .-OeM
Y,- 00+(1-0,B-...-08B)S
MA() Y, =00+ 0¢B)ét
09B)= 1-0B-...-00B
BSt= 1,.1BSt= 1
ok 0 lagq cuts off
pk"0 k=1,2 3....q
pk=0:k>q
K
0 k dies down  damped exponential
damped sine wave
MA 2
q<2
33
(Mixed Autoregressive - Moving Average Process) ARMA(p,0)
ARIMA(p,0.0) - AR MA
AR(p) MA) it
: g ARMA(p.q)
Yt = 0 0H()1 -1+()2 -2+-+()? -+ 1 @ist-r 02St2  6qStq
Yt=
00=
b= AR | iF123,.p
8t= t

0j= MA =123,
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00=J0.(1—41- § 2

(] stationary 0;
invertible
pk Pk
0 Kk dies down
damped exponential  damped sine wave

3
4 (O'Donovan,
1983; Vandaele, 1983; Bowerman and O'Connell, 1993; Makridakis, Wheelwright and
Hyndman, 1998)

4
AR(p)=ARIMA(p,0,0) dies down cuts off P
MA(q)=ARIMA(0,0,) cuts off g dies down
ARMA(p,0)=ARIMA(p,0,)  dies down dies down
4
4
(identification) (estimate parameters)
(diagnostic  checking)
(model for forecasting) 7



34

v

D3AOYNINIIAN

'

> mvuaguuy

.

Uszuntuan

WIHRDT

I

ATINARDLIAMNINNICAN

Tmunzau

ve9gtiuuy

lmm:au

g uuugmiy

WeINNTOd

v v

1 (ientification)

ARMA(p,g)XSARMA(P,Q)L

Ik pk  pk
(correlogram) kirkk pk  pkk K

(stationary time series)
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ARMA(p,)  ARIMA(p,0,0)

0
3
1AR(p)  ARIMA(p,0,0) 2
11 1 (the autoregressive model of
order 1 AR(1))
p=1, d=0 g=0 AR(1)
ARIMA(1,0,0)

Yi=A +)ivei+ 8t

stationary  |()11<1

pk k
0 dies down  damped exponential
Pk =(j) k k>
pkk cuts off 0
1 lagl
Pn=<[>i
Pkk =0:k>1
12 2 (the autoregressive model of order
2. AR(2))
p=2, d=0 g=0 AR(2)
ARIMA(2,0,0)

" 00H21-1+()2 -2+ 8

Stationary 2+ () <L,d2<pi<l {2l

pk
0 Kk dies down  damped exponential  damped sine
wave

- '\l 32 \cl<hO
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Po=1
|
-<i>2
Pk = MPK-1 1 APk—=2'k> 1
pkk cuts off 0
2 lag?
r i
P2 —2
Pkk = 0k > 2
2 MA(@)  ARIMA(0,0,9) 2
21 1 (the moving average model of order
L MA(L))
p=0, d=0 g1 MA(1)
ARIMA(0,0,1)
Y, =0.4S,-6, ,
invertible
0 «
pk cuts off 0
1 lagl
Pl=T+(V
pk=0;k>l
e
0 k diesdown  damped exponential
hk‘-G( -€>12)
= 1—4.2k+2
2.2 2 (the moving average model of order
2. MA(2))

p=0, d=0

ARIMA(0,0,2)

=l MAQ)
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Y,=00+8,-01,1-02,2

invertible
0240, <1,02—-01<1 024«
pk cuts off 0
2 lag?
-9 q-e2>
PI=140,2+e -
p2:i+e,§;re,2
pk=0;k>2
e

0 Kk dies down  damped exponential

damped sine wave

3ARMA(p,q)  ARIMA(p,0,0) 2

31 white noise
p=0, d=0 g=0 ARMA(0,0)
ARIMA(0,0,0)
Y, =00+ 1
pk Pk
0
32 (L1)

(mixed autoregressive - moving average model of order (1,1): ARMA(1,1))
p=1, d=0 g=L ARMA(L,1)
ARIMA(L,0,)

stationary  |()1 <l invertible 0, <

pk Kk
0 Kk dies down
damped exponential
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_ (17900 -9t)
Pl= 1-02-2()D1

Pk =<k 1Pi:k >1

6
5
5
ARMA(p.q)
White noise pk 0 pkk 0
ARMA

0.0)
ARIMA(0,0,0)
AR(1) dies down damped cuts off 1
ARIMA(1,0,0)  exponential p,=<h

L pkk=0:k>1
AR(2) dies down damped  cuts off 2
ARIMA(2,0,0)  exponential [ damped

sine wave

Po=1

p22 =)>2

-t A pr=0;k>2

Pk —"Pk-1  #9pk—2'" 1
MA(1) cuts off 1 dies down  damped
ARIMA(0,0,1) -01 exponential

P1 I+02

- _ Jikt 0p)
pk=0k>1 Pkk= 1 0T+
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5( )

MA(2) cuts off 2 dies down damped

ARIMA(0,0,2) -071-02) exponential  /  damped sine

Pl=i+02+02 wave

-02

p2=1+0,2+022

pk=0;k>2
ARMA(L1)  diesdown  damped dies down  damped

ARIMA exponential exponential
(L0,0) (<)) eI(n-e 1
1-0 2-2701
Pk=<hk 1Pi;k>i
(nonstationary time series)

ARIMA(pdg)  d L2 .

(reqular difference = d) 1
I 1 2
=1 quadratic  0=2
6 8
6
1(d=1) 2(d=2)
1
2 4 4-1=3
3 9-4=5 5-3=2
4 16 16-9=7 1-5=2
5 25 25-16=9 9-71=2
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ANRINA
30 -

—&— AR9IN/A

e LIAGINATIN 1

—#— PAFINATIN 2

1 2 3 4 5 TNLIRN

AN 8 ﬂ’]‘i‘ﬁ?ﬁdﬂﬁh\‘iﬂﬂ\‘i@‘k}ﬂi‘u IR0

Zt=vdt d
d=1, ZL=VYt = (L-B)Yt=Y1 Vi1
d=2, 7=V 2t=(L-8 )\ =(1-2B+B2 Y, =Y, - 2¥t1+Yt2
SV(YE-Y, ) =Yt-Y 1 Yel+ Ye= Ye-2Y 1+Y 2
(2 ARMA(p,)
(29 ARMA(p,9) (v
ARIMA(pd,g) - AR, qi3 MA  d
(29
d=1 ARIMA(p,L1,0)
9p(B)(I-B)Yt=e0+eq(B)8t

(I-A B - (982— —4pBP)(|—B)\t =00d-d-G~-G~2 .. GoB* &l

YE—A1A-1 42Y—2 —- ~ pYt-p —Yt-1 +<)IYE-2 + (H2Vt-3 + - AApA-p -]
=(G0+8t-G Bt 1- GBt 2-..-6q tq

=G0+ (1+<| 1+82- *O 2<PA-3 +..+p-c>p OV p-(t)pvt p 1
+St-G1t1- G2t 2-..-Gq tq
ARIMA(p,1 q) (Z VI
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zt=e0+ €zt 1+ ¢t *+. +4pZt p+8t-0,5t , —Creto- 1 w{st-q

d=1 ' z, ¥Yt-Ytl

4-V =00+l -, -V 2)+ORY-2 -W3>+ ™+ tp<Vp-Y-p-P
tet-e.st-1- 05t-2- - - e,Skq

Yi=e, t«+<iyY,-1+(t 2<(>L)v 2-V h 41'++ -V . 'Vp -Vt-p-1
+st-01St-1-02t-2"  “ eget<,

1 d=1 3 ARI(pl) " IMA(LQ)
ARIMA(p,1,0)

1ARI(p,1)  ARIMA(p,1,0) 2
11 1 (the autoregressive
integrated mode! of order (1,1): ARI(1,1) )
p=l, d=l  ¢=0 ARI(1,1)

ARIMA(1,1,0)
Y, =00+ (L+ Syt 1- Hiyt2+ 8t
stationary 1<l
pk
0 k dies down
Pk cuts off 0
1 lagl
12 2 (the autoregressive

integrated model of order (2,1): ARI(2,1))
p=2,d=1  ¢=0 ARI(2,1)
ARIMA(2,1,0)
Yt =00+ (1+ (Ay, 1 H{>2 By, 2- 42413+ st

stationary R PI<L2 <11 |[)2I<L



spk
0 Kk dies down
Pk cuts off

2 lag?

2 IMA(Lg)  ARIMA(0,1,0) 2
21 1
average model of order(1,1): IMA(1,1))

p=0,d=1  ¢-l
ARIMA(0,1,1)
Yt- 9 +¥l+st-@18H1
fie [0, <
pk cuts off
1 lagl
1
0 k dies down
2.2 2

average model of order (1,2): IMA(1,2))
p=0,d=1 =2
ARIMA(0,1,2)
Yt=9 +Yt-1+ 8t- Qistl- 9 Bt2

02+0J <1,02-0! <1 02<l
pk outs off
2 g2
e
0 k dies down

0

0

42

(the integrated moviny

IMA(L)

invertible

(the integrated movin

IMA(L,2)

invertible
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3ARIMA(p,1 0) 2

31 1
1 (the autoregressive integrated moving average model of order (1,1,1))

ARIMA(1,1,1)
p=l,d=l ¢l

Yt =00+ (1+ Ayt - A2+ 8r @18M

stationary invertible  |(J)J<1 01

pk pkk
dies down
3.2 (the random walk model)  ARIMA(0,1,0)
p=0,0=1 =0
Yt- @0 + Yt1 + 8t
pk pkk
0
1 , 2539)
]
ARIMA(p,d,0)
(v pk(yY) PKW pkk (2)
Random walk pk 0 Pkk 0
ARI(L,1) 0 pk 0 k=2,..
ARI(2,1) 0 ik 0 k=3,...
IMA(L,1) pk 0 k=2,.. 0
IMA(1,2) pk 0 k=3,...

ARIMA(L,LY) 0
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(seasonal time series)

SARIMA(P,D,Q)1
(seasonal integrated autoregressive and moving average model of order (P,D,Q))
p SAR (seasonal autoregressive), Q SMA (seasonal moving
average) (Z)

(v 2)
(seasonal difference=D)
A=\ Y
L= 1=12
=4

0=1.zt=vi2® =C1-BI2¥t=Yt-yt 2
D=2, zt =Vj2%t=(I-B 192"t = (|- 2BL12+B24)\Yt \t- o\t 12+ 1 A

(29
ARMA(p,q)XSARMA(P,Q)L ) ()
ARMA(p,q)XSARMA(P,Q)L () ARMA (p,q)X
SARIMA(P,D,Q)L
(L=12) 3 SAR(P)2 SMA(Q)2

SARMAP,Q)2

1SAR(1)2  SARMA(P,0)2 2
11 1 (the seasonal
autoregressive model of order 1 and period 12: SAR(1)2)
p=1, D=0 Q=0 SAR(1)2
SARMA(L,0)2

L NN
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pk dies down lag 12, 24,...
pkk cuts off 0
24, 36,...  lag 24, 36,...

12 2 (the seasonal
autoregressive model of order 2 and period 12: SAR(2)D)
p=2,D=0 Q=0 SAR(2)2
SARMA(2,0)2
' - @0+ 1 2 12 + 70424 +
pk dies down lag 12, 24,...
pkk cuts off 0
36,48,..  lag 36, 48....

2SMA(Q)2  SARMA(0,Q)2 2
21 1 (the seasonal moving
average model of order 1and period 12: SMA(1)2)
p=0,0=0 Q=L SMA(1)2

SARMA(0,1)22
Y, - 00+8t-0 22
pk cuts off 0
24, 36,...  lag 24, 36....
pkk dies down lag 12,
24,...
2.2 2 (the seasonal moving

average model of order 2 and period 12: SMA(2)D
p=0, =0 Q=2 SMA(2),2
SARMA(0,2)22
-0+ 1®12127 oMYA
pk cuts off 0
36,48,..  lag 36, 48..
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pkk dies down
12,24,.
3 SARMA(P,Q)2
1
1 (the seasonal mixed autoregressive - moving average model of order (1,1) and
period 12)  SARMA(L,1)2

=1, D=0 Q=1
'~ M2 2+ M RIYD2
pk Pk
dies down lag 12, 24,...
4
8 (Vandaele, 1983;
, 2539)
8
SARMA(P,Q)2
Pk(zZt) pkk(Zt)
SAR(1)2 o120 2., 0 pk=0 k=24, 36,...
SAR(2)2 P2pa... 0 pk=0 k=36, 48,...
SMA(1)2 pk=0 k=24, 36.... P1., A
SMA(2)2 pk=0 k=36,48,..  pULPAZ,.. 0
SARMA(L,1)2 PI2PA... 0 PL. P%2inn " 0
SARIMA(P,D,Q)1
0 =1
SARIMA(1,11)2 ! \l

(I-=<PPBI(-B12M=00+(1-02B2S
Yt ARV Y2+ (MOVE24 — 4 5t—0i2St12
Yo—  +(14 (212 ADRV4 —@i2St12

2) SARMA(L,1)2
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t= +8i27Zt-12 ~M1251-12 + st

=12, =1 D=L (Z)
Z, (-Bya-BOyt=V ¥ yt VAyt-y,.)=yt-yt 1- yt-L+yt-13

ARIMA(p,d,Q)XSARIMA(, Q)1

=1 =l ARIMA(L,11)XSARIMA(L,1.1)2
(¥

(1 BX—g/B1) (I-B)(1-B 12¥1= 00+ (1-0B)(1-02BISt
¥I=0o0+(I+ ()Ovt 1-()It 2+ (1+()2) 2-d +f HPL2+NDW B

FEL+ ()LL) YL 14— (M12A-24 0 24+ ALAL2AA25 26+ At

~01t 1 @INt-R™RiRi2"-13

(2) ARMA(L,1)XSARMA(1,1)2
1t— 2t M2ZE12 — —@i251-12 " t
(integrate) ,
(Box  and

Jenkins, 1976 , 2530)
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! 2 (estimation parameters )
2
1 (trial and error)
( m of squared
residuals)
2 (Interative)
L (autoregressive process:AR)
AR(p) Yule-Walker
Pk =<i)iPk—1+ 4>2pk—2 + - + 4>pPk—p *=123 P
pk 123,..k
¢ AR(p)
pk
pk IK
(L 6.0
AR() Yule-Walker
Pi
P AR(Y)
<h=ri
(1)1

stationay 41 <



AR(2) Yule-Walker

Pini+ Vi
p2=(>iPl+<t2
px  p2 2 ARQ2)
_M{1—2)
ﬁ 1-r
2~
1-r,
(P1 ()2
Staonary  ()2+ (< e —i<l
<k|<1
2, (moving average process:MA)
MA(9)
-0 k+0,0k 1+..+0q kOq
K= a0 e T
pk
pk rk
0, 02....0q
MAT)
. -0,
PI=w0,0 *77
P) MAC)
-0,
1=-
+0

02+01+ =0
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g _ -1+Vly
1~ A

0J1
invertible 0, <1

MAQ)

. —or-02r
Pi = 149 2+02

p2=1+02+02
pk=0;k>2

px p2
r = —01(1-02)
1= i+ 612+¢"2

1+8,24¢22

0J
invertible
02 <1

3.
autoregressive-moving average process:ARMA)
ARMA(L1)
_ 0—100«>-01)
N 1-0,2—)1e1
P2=4>|P|

Pt P9

MA()

0 02
02
02H-0X<1, 02—01<1

ARMA(L1)

50

(mix



_Q-(N0De)1-0)
1= -0 /™ e 1"

R=ild

o ¢
Statiorary ~ invertible  $ <1 o, «

9
9
AR(1) i i =1 o<
AR(Z) N i/ e _ 12)
12 <k-<i>i<l
g = e ) @<1
MA(T) 0, & - ~1+V Ay 0 1
1 “I
MA(2) M, _-01g-02 0 .j+8iCi,
n=i+0j2+022 da-&1<1
0 <1
T H0A 402
ARIMA(LL) (01 <
i —b+ Vb2 —4 0, <
________ e
-d-2r2+ <)

d il



HO:<P=0
- <24

N

542

Box

HO

HO

Pierce

05

z|>zal2

ik

>
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(diagnostic checking)

rk
HC: pk=0

2
n

Box

Ljung

(€
HL pk” 0

ARQ)

partial t
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4, Box
Box  Ljung
1121 v

HO:p 164 = ... =pnie) =0
H1:pKet) 0 k-1.2,3 ...

Box-Pierce Chi-Square Statistics CL

Qm=11Z 12(et)

k =
ef) = k
Qm—Xgma * a '
Box Ljung modified
Box-Pierce test Qm  Qm
Qm= (+2) U -k
Box-Pierce Box-Ljung
4 (model for forecasting )
1 ( , 2530;

, 2539; Hanke and Reitsch, 1995)

Pierc



10 (Thomopoulos, 1980) T 1T=123, ..

10

ARIMA 412541 + (1
L00) yery= gagt(r-n + ()7 ;1= 234,
ARIMA yt() = (14 Myt -<iyt 1
L3Oy =+ 1 pytn- >1yt
yim =+ Sytx—y- "Jur- 2); 1=345,.

ARIMA y10)= (2 + )yt a+4i)yt-1+<i>1yt-2
(

)=
(1’2’0) yt(2)= 2+ <K)yt(1)—(1 + 21yt + Syt 1
YU3)= 2+ Pyt(2) - L+ 2pYyt(L) + Syt
yt(O= 2+ Jyt(T-1)- (128 yt(T- 2)+ POYT - 3); T=458,.
ARIMA

yt(i)=4> Yyt +4>2yti + (1_(1)i -<12)j
(200)

q
yt(2) = Nt + eyt 1- oL M)y
jtCl)= ()yt(T—0+ a2yt (T—2) + (1 —at —82)y ; T=345..
ARIMA () = (14 %)y t+ 2-<Plyt 14t 2
@LO =+ )yl + 4 2<Phyi- s oyt L
ytE) = {1+ S)yt2H (4>2—4>DV() ft
yIm)= (14 Dit(T -1y + (@2-(PW AT -2)-4Ft(T-3) ; 1=456...
ARIMA yi(l) = 2+ <j\)yt+ (k2- 2L-1)yt 1+ L~ 292)yt 2+(j)2yt3
2200 yi)= @+ gyt + (@2-2* -Nyt+ @i2<h2yits yi
(
(

)+ (PL- 22)y1+

y
y 12) + (()1—272 )yt (1) + 42yt
L= t(T —2)+ (@1—2p2)yt(T —3)

f
yt(3)= 2 H»Yyt(2) + @>2-2 N -I
yl(4)= @2+ Pyt + «p2-2 " -
yUT)= 2+ POyt(T~ 1)+ (P2- 2

+ QYL(T-4) 5 T= 567,
ARIMA yt(1)= -0 B+

001 yymy=y; 7= 234.

) 1)
) )
) )
)= )



PO H) (770)
]!LUXJ olLniswiwuwlf
AWIVIA vG) =-0 A +=,
(oA-p =y (- -
V‘(I) =v' (i ) |:ZaZAu|
o = -o1el+ 2ol - vl
©7,))
V.00-2V. A-P- V. AdA-4)e T =73FAS,~
AWIVIA gy () =—0 € -0re T +V
(0,0,2)
vi(e = -0F€ + v
e, P)- v T =73FASe
AWIVIA  y () = -0 € - 0ZE W +V.
(onz)
v(z) =-2A+ (1)
Vve-V, d- )1 T =3FASee
AUIYIA 9 ® = -o01€ - 0z M + Zy' - V'
(OZZ) e(z2) = - 0 A +2v'()

AWIYIA
(")
AWIYIA

(11.1)

AWIYIA

(1.z0)

e (1) :zv[u =) cw(] -2 T =FNA
v(ozz -9 A +(q —(bL)V
vi(T) =Oiv' (T 1) + (T DD)VY ' T  Z,FA.-

vie=((+)V -y m - a1¢’

#1(2) + ( )

e (1) =( +®)v.(T- )-(oA(T -z)| T=3ASrm
v() =@ +(D)A —q +3® IvT-1 v(0)VI-Z - @ A
v(z) :(Z +OUV. ) -C +3D OH +O1v' -

V.® = (7 + V)v*(z) -C +z201 O + (Dv

(1) =(€ +b1)F (T- )-(1T +&b1)v' (T1-2) +(|>I3'(T-3)| T =4,5,6m=

66
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3 (combined forecasts)

(Makridakis, 1989; Makridakis, Wheelwright, and Hyndman,1998; :
2542)

(combining forecasts)
19
. .1963 Barnard ( Granger and Newbold, 1986) 2
simple average .. 1969 Bates  Granger
Barnard weighted average ..1974  Newbold
Granger weighted average
2

tepwise autoregression
.. 1983 Makridakis
Winkler
weighted average ~ Newbold  Granger

Makridakis and Winkler (1983), Clemen and
Winkler (1986), Makridakis (1989) ~ Batchelor and Dua (1995)

L (Makridakis and Winkler,
1983;  Makridakis, 1989)

(MAPE) 7% (Armstrong, 1989)
2.
(Winkler
and Makridakis, 1983; Clemen and Winkler, 1986)
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(Makridlakis and Winkler, 1983)

4,
(Winkler  and
Makridakis, 1983; Batchelor and Dua, 1995)
2
simple average  weighted average simple average
Wweighted average Wweighted
average
! 7
(SMA) (SES)
2 (DES) 2
(LES) 3 (TES)
(REG) - (HWS)
' (B-J) (accuracy)
(O'Donovan, 1983;
Brockwell and Davis, 1996 , 2524, ! , 2539)
(combined  forecasted) (weighted
averages, ) Newbold ~ Granger (1974)  Makridakis and
Winkler (1983) (weighted averages) Newbold
Granger (1974) 2
°z e, ()M |
1, *_Vt=n-u y
. \-|
: tP LI e,0»

j=iv t=n- y
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>0<P<1

Granger

(mean absolute

e w| A
’ «
2. 1=P -!Iil®y (ip) Ve
f G R 5
< AR
J=1Vt=n-u j=ivt= -
pe=""wiyio)
- (i)
T 2 = J = 123,..,P
y((0 = t
j1= t
1
p=
Newbold
(1974) 2
1
4
error.  MAE) (mean absolute deviatiun: MAD)

(mean square error: MSE)
(root mean square error: RMSE)
(mean absolute percentage error: MAPE)



(MAPE)

Reitsch, 1995; | 2539)
(Thompson, 1990)
| v =y
mapeE = 1Y Ty
Y2
se = 15
yt= t
Yy = t
11 (Lewis, 1982)
il
MAPE(%)
<10
10-20
20-50

>50

59

(Shearer, 1994; Hanke and
(MSE)

(MAPE)



(2520)
. 2519
ARIMA(O,LL) X SARIMA(0,11)2

(2528)
(2530)

5
|
579 10

6 8

60

. .2513-2518

5 910

ARIMA(2,0,0)

1,3 4

6,7 8
'l
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2,30 40
50, 60, 70, 80, 90, 100, 110 120

(2539)
| 2533-2538
! ()
1 (MAPE) - '
(2513)
2515-2519
2508-2513 7 .. 2509-
2519
301
251 381
3271
(2518)
5-13
1
(2521)

2521-2526
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. .2509-2520

2521-2525
2526
(2525)
2524-2529 3
1 . .2524-2529
. .2524-2529
1:25 3
3 1
(2531)
2531-2540
4
il
2515-2530 16
5
2 3
F-test
{-test
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1 Q=-1516686 + 15.2060X1+ 75.7035 logGt. 1
(20243 (34710)
R=9953  SE.est=2.1263

2. Q=87.2475 + (05675 +5.0069X2 - 76,5132 logL
(0028) (2.3080) (30.0134)
RE=9926  SEest=2.7737

Q X, log,_1
logue GDP 1 X2 logL
log 1 96,650 -

115,977 2 95,654-115,101
(2538)
2538-2550
6
1
2

1 Q=06.0391 +0.0295S -2.7862F +0.0019Sc
(0.0044) (0.6021) (0.0006)
R=9979  SE.est=6063

2. Q=221.3984 +0.0089S +0.0051GDP + 0.0014NSC -3.5012E
(00012) (00002 (0.0003)  (0.2440)
R=9999  SE.est=0.1205

F Sc
GDP NSc E
1 131,513
175,132 2 131,600-175,422



(MdAPE)

(GMRAE)

(percent better)

Winkler
10

(DES)

(REG)

14

(HWS)

(ARRES)

Makridakis

(2540)

(MAPE)

Makridakis (1983)
(naive)
(SES)

Automatic AEP

64

(RMSE)

(MARAE)

(SMA)

. (LES)
(TES)

()
1001 (series)

Newbold ~ Granger (1974)

Winkler (1983)
11

(naive)
(SES)

(TES)
Automatic AEP

(LES)

(MAPE)

1001
simple average
(SMA)
(ARRSES)
(DES)

(REG)

(B-)

Lewandowski's FORSYS system
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Parzen's ARAMA methodology Bayesian forecasting MAPE

Batchelor  Dua (1995) 4
real GNP growth (RGNP) inflation in the implicit GNP deflator (PGNP) the
growth of corporate profits (PROF)  the unemployment rate (UNMP)
22

(MSE)

Newbold ~ Granger 2
MAPE ~ MSE

50
14



	บทที่ 2 วรรณคดีที่เกี่ยวข้อง
	ตอนที่ 1 ความรู้ทั่วไปเกี่ยวกับการพยากรณ์
	ตอนที่ 2 วิธีการพยากรณ์ข้อมูลอนุกรมเวลา
	ตอนที่ 3 วิธีการพยากรณ์ร่วม
	ตอนที่ 4 เกณฑ์ในการเปรียบเทียบความสามารถของวิธีการพยากรณ์
	ตอนที่ 5 งานวิจัยที่เกี่ยวข้อง


