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Abstract

The objective of this research is to propose a forecasting model for
uncertain demand index data of steel. The forecasting model proposed by
Yelland (2010) was modified by adjusting the prior distributions of some
parameters in the model in order that it is suitable for the demand of steel in
Thailand. The algorithms for model fitting were written in OpenBUGS. The
proposed model was compared to a classical exponential smoothing model.
The research found that the forecast errors from the proposed forecasting

model were minimum.
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3.2 Additive Seasonal Model
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5) IEMINeNTAMUY Autoregressive Integrated Moving Average Model (ARIMA)

(Montgomery,2008)
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5. Autocorrelation Function (ACF)
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(SARIMA) (Montgomery,2008), (Bisgaard,2011)
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9) 3FMINENTAUVD 1UE (Bayesian) (Robert, 2001), (Congdon,2006),(West,1997)
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[y 1 9 A 1 a a’d‘ [ 1 ] 9
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3. MU INAUNANAATINNNTINIA
7 ~N(9;,0,%) p(a,) oc Unif (0, )
9, ~N(t,.0,2) P(ty) L p(o,) oc Unif (0,c0)
2
S; NN(%’[O-Z%] )
4. Autoregression ﬁcﬁam%'uﬂg: (Latent Autoregression)
Xy NN(ﬂ’llxit—l-I-ﬂ’leit—Z’ze) o, =080,
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10) Markov Chain Monte Carlo (MCMC)uag Gibbs sampling (Robert,2004)
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3.du 6900 76, 16°,6,9....6,.2,Y)
o W 1 < ' 4 @ .
aauveansgu,?,0, ..., 00 iluaaiugsderiioinuved Markov Chain

11) mﬁ’ﬂmmgnﬁmuﬁuﬁwmmawmnm‘i (Najafi and Tarazkar,2006),(Yelland,2010)
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1. Mean Squared Error (MSE)

n

n AN2
e (%)
t=ln — t=1 - (41)
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< v O = an =
3 MSE iudsalsnuiily deidevesitine lifigiumsneuioy uazd
Y

a Iq =1 A A R "o 9
MSE 111511@.’\1’01%L‘]J‘Lll“l/‘li1%3Jﬂ’313JﬂﬁWﬂLﬂﬁ’é]uq\1 HIDVUBYNUUVUIAVDIVDYD

2. Mean Absolute Percentage Error (MAPE)

n
D le/Yi
MAPE ==L %100 (42)
n
as < = an A [ ~ =1 A o [
5 MAPE dlunihludsigneensy wazdldlumsnSeuiovunigadimsy

U

aUNTNLIAT

3. Mean Absolute Error (MAE)

Dlel 2N -,
MAE = tzln =L - (43)

119A1 MSE (Mean Squared Error) MAPE (Mean Absolute Percentage Error) a1
MAE (Mean Absolute Error) 1161 t1#@sda 35msnennssitiuiinaugnaeun

k%4

12) M3A5IVARUM3QINIV8I MCMC Tagah Trace plots

Y v
v Ao o =2

< A 1 2 o
Trace plots Lﬂum%mmﬁummmﬁam’maaumﬁ@,m’ﬁmm MCMC G?immz
] 1 a 4 1 (A Y [ J v v
BIYVDNI chain "U’E]\W‘ﬂfﬂll!@65LLW§$@3QW§®8Q1NQL%1Q stationary distribution Qg U

I (A 1A 1 @ ' @ A 2
iWudrrevenidnuium lsiudewzgiin trace plots S3a150UBNITIINUGINIANT
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§9l3adnae dedred1alunnd 1 Auaad trace plots ﬁ@:tﬁﬁjﬁj stationary distribution 4
(SAS, 2011)

'
T Y =1

WA 1 Trace plots nguing stationary distribution NAv04 gamma

u U

13) MmInaesanumMIalmTUYseiingse N3 mue ALY (Bernd, 2004)
Uszansmmvesdaszmansgnisadunn s @ fdenldiuegiaias
@A Relative Bias (RB) Mean Squared Error (MSE) 1a¢ the coverage probability
(cP) Famdszmiuusaziinsmuunnwavesdoyaiiiudasziuninmsiaes
ADIUMIARINNINATZUIUMTVEI MCMC  Taofi 31T 1@ Taofi T = T, Ty L0E

S v Ingine dwnsonaasgasvesiilszitiuiaazaInedumsieag

S
mean= Y T =T, (44)
=1
bias= T" - (45)
S
SD :\/(S —1)’1Z(Ts(k) _T® ), 46)
s=1

2
MSE = S‘li(Ts(k) ~ 1) ~5D" +bias’ (47)
=1
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RB (i) 12832&)_” (48)
==y & 2 48
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e Lo,
MSE(,uY):EZ( ¥ - ) (49)

b=1

A1 (20 -~ (o)

CP(,UY):EZ|(/UL <pu<i) (50)
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Model{

for (i in 2:60)

{
y[i]~dnorm(mu.y[i],var.y.inv[i])
mu.y[i]<-gamma*diff.wl[i]

w2[i]<-1-1/exp(pow((i/alpha.w),delta.w))
wl[i]<-1-1/exp(pow(((i-1)/alpha.w),delta.w))

diff. w[i]<-w2[i]-w1[i]

var.y.inv[i]<-1/var.y[i]
var.y[i]<-pow(psi[i]+1,2)*pow(gamma,2)*pow(sigma.y,2)
psi[i]~dbern(0.05)

E[i]<-abs(mu.y[i]-y[i])

}

sigma.y~dgamma(0.1,.001)

s~dnorm(gamma,var.inv.s)

var.inv.s<-1/var.s

var.s<-pow(gamma,2)

alpha.w~dnorm(mu.alpha.w,var.alpha.w)I(0,)
mu.alpha.w~dnorm(0,.00001)
var.alpha.w~dgamma(0.1,.001)

delta.w~dnorm(mu.delta.w,var.delta.w)I(0,)
mu.delta.w~dnorm(0,.00001)
var.delta.w~dgamma(0.1,.001)

gamma~dnorm(mu.gamma,var.gamma)l(0,)
var.gamma~dgamma(0.1,0.001)
mu.gamma~dnorm(mu.mu.gamma,var.var.gamma)
var.var.gamma~dgamma(0.1,.001)

alphal~dnorm(0,.00001)
mu.mu.gamma~dnorm(0,.00001)
}

Data

list(y=c(88.49...,

120.64

),$=12000)

Initial

list(gamma=1,sigma.y=1, var.gamma=0.1,mu.gamma=0,var.var.gamma=0.1,
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mu.mu.gamma=0,alpha.w=1,mu.alpha.w=0,var.alpha.w=0.1,delta.w=1,mu.delta.w=0,
var.delta.w=0.1)
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