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1. Introduction

Because nobody knows everything till tomorrow, there is al-
ways a hope for the future of what happens to be unpredictable.
For example, the stock market forecasts for tomorrow, the weather
forecasts for tomorrow, or the enrollments forecast for the next
year. Forecast is a very interesting research topic; it attracted many
researchers over the past few decades. They were using some fore-
casting techniques to forecast the tread of stock market (Cheng,
Chen, Teoh, & Chiang, 2008; Chu, Chen, Cheng, & Huang, 2009;
Huarng & Yu, 2005; Lee, Wang, Chen, & Leu, 2006; Lee, Wang, &
Chen, 2007, 2008; Yu & Huarng, 2008; Wang & Chen, 2009; Hua-
rng, 2001a, 2001b), tomorrow’s temperature (Chen & Hwang,
2000; Lee et al., 2006; Lee, Wang, & Chen, 2007, 2008; Wang &
Chen, 2009; Li, Chen, & Li, 1988), enrollments of the next year
(Chen, 1996; Cheng et al., 2008; Huarng, 2001a, 2001b; Kuo
et al., 2009; Singh, 2009; Singh, 2007a, 2007b; Song & Chissom,
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1993b, 1994; Tsai & Wu et al., 2000), and etc. As we know, to fore-
cast these matters is generally believed to be a very difficult task. It
looks like the performance of a random walk process on a different
time. Obviously, we need to investigate some intelligent forecast-
ing paradigms to solve the forecasting problems.

Zadeh (1965) proposed the fuzzy set theory first and then got
fruitful achievements both in theory and applications. In Li et al.
(1988) proposed a method for the weather forecast considering
fuzziness between the demarcation lines of fuzzy grades and the
membership functions of fuzzy grade. Song and Chissom intro-
duced a new forecast model based on the concept of fuzzy time
series (Song & Chissom, 1993a, 1993b, 1994). They use the time-
variant fuzzy time series model and the time-invariant fuzzy time
series model based on the fuzzy set theory for forecasting the
enrollments of the University of Alabama. Chen improved the fuzzy
time series model by max-min composition operations (Chen,
1996). Huarng presented a method to improve forecasting results
in forecasting the enrollments of the University of Alabama and
the Taiwan Futures Exchange (TAIFEX) (Huarng, 2001a, 2001b).
Chen and Hwang presented a method for the temperature predic-
tion based on fuzzy time series (Chen & Hwang, 2000). Lee et al.
presented methods for forecasting the temperature and the TAIFEX
based on two-factors high-order fuzzy time series (Lee et al., 2007,
2008). They also use the genetic algorithm and genetic simulated
annealing in it. Kuo et al. presented an improved method for
forecasting enrollments based on the fuzzy time series and particle
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swarm optimization (Kuo et al., 2009). They propose a more effec-
tive and accuracy method to forecasting enrollments.

For these forecast methods, there are two main interesting fac-
tors affecting the forecast accuracy, which are the lengths of inter-
vals and the content of forecast rules. By considering these two
main factors, in this paper, we proposed a new method for the
temperature prediction and the TAIFEX forecasting, based on
two-factor high-order fuzzy relationships and particle swarm opti-
mization. The proposed method uses “modified turbulent particle
swarm optimization” (named MTPSO) techniques to find the prop-
er content of two main factors to improve the forecasted accuracy.
The experimental results show that the new model is more precise
than the existing methods.

The remainder of this paper is organized as follows: Section 2
briefly overviews the procedure of temperature prediction using
the fuzzy time series. Section 3 describes the particle swarm opti-
mization (PSO). Section 4 discusses the details of the new proposed
forecast model. Section 5 discusses the experimental results ob-
tained from the new proposed forecast model. Finally, Section 6
summarizes the contribution of this paper and conclusions.

2. The procedure of the temperature prediction using the fuzzy
time series

In this section, a brief overview of the fuzzy time series is in-
cluded within the forecasting procedure in the temperature predic-
tion. The procedure also applies to forecast TAIFEX. The concept of
the fuzzy time series was introduced by Song and Chissom (1993a,
1993b, 1994) based on the fuzzy set theory (Zadeh, 1965). It can
deal with the forecasting problem where the historical data are lin-
guistic values. The procedure of the temperature prediction using
the fuzzy time series is described as follows:

Let U be the universe of discourse, where U = {uy,uy,...,un}. A
fuzzy set A; of U is defined by

Ai =y [fa, (1) 4 ta /fa, (U2) + - - - + U /fa, (Um), (1)

where f is the membership function of the fuzzy set
Ai.fa, : U — [0,1]. u;is an element of fuzzy set A;, and fy, (u;) is the de-
gree of membership of u; belonging to A fy(u;) €[0,1] and
1<j<m.

Let Y(t)(t=...,0,1,2,...) be the universe of discourse on which
the fuzzy sets f(t)(i=1,2,...) are defined and F(t) is a collection
of fi(t), f>(t), Then F(t) is called a fuzzy time series defined on
Y(t)(t=...,0,1,2,...).

Suppose F(t) is caused by F(t — 1) and it is denoted by the fuzzy
relationship F(t — 1) — F(t). Then this relation can be expressed as
F(t)=Ft— 1) o R(t,t — 1), where “o” is usually a max-min opera-
tor, R(t,t —1) is the union of all fuzzy relations and each of
R(t,t — 1) is a fuzzy relationship between F(t—1) and F).
F(t)=Ft— 1) o R(t,t — 1) is called the first-order model of F(t).

Suppose F(t) is a fuzzy time series and R(t,t — 1) is a first-order
model of F(t). If R(t,t — 1) =R(t — 1,t — 2) for any time t,R(t,t — 1) is
independent of t, then F(t) is called a time-invariant fuzzy time
series.

Let F(t) be a fuzzy time series. If F(t) is caused by F(t — 1),
F(t — 2),...and F(t — A), then the Ath-order fuzzy relationship is rep-
resented by F(t — A),...,F(t — 2),F(t — 1) - F(t), where F(t - 1),...,
F(t — 2), F(t — 1) is the current state and F(t) is the next state.

Let Fa(t) and Fp(t) be two fuzzy time series. If F4(t) is caused
by (Fa(t — 1),Fp(t — 1)),(Fa(t — 2),Fg(t — 2)), ...,(Fa(t — 2),Fp(t — 1)),
then the two-factor /th-order fuzzy relationship is represented by
(Fa(t — 2),Fp(t — 2)),. .., (Fa(t — 2),Fg(t — 2)),(Fa(t — 1), Fg(t 1)) >
FA(t), where F4(t) and Fg(t) (t=...0,1,2,...) are called the main-
factor fuzzy time series and the second-factor fuzzy time
series, respectively. (Fa(t — A), Fg(t — 1)), ...,(Fa(t —2),Fg(t —2)),

(Ea(t — 1),Eg(t — 1)) and F4(t) are called the current state and the
next state of the fuzzy relationship (Fa(t— A),Fg(t— A)),...,
(Ea(t — 2),Eg(t — 2)),(Fa(t — 1), Fg(t — 1)) — E4(t), respectively.

Two-factor fuzzy time series can be used to predict temperature
which is described as follows:

2.1. Step 1: Define two universes of discourse Yu(t) and Yp(t)

Let Ya(t) and Yp(t) be two historical data on day t(June-1-
1996 < t < September-30-1996). For defining the universe, first
find the minimum data D,,,;; and the maximum data D,,,4x of known
historical data. Based on Dy;;;, and D;,,q«, define the universe Y4(t) (or
Yg(t)) as [Dmin — D1,Dimax + D2] where D; and D, denote the buffers
to adjust the lower bound and the upper bound of the universe of
discourse, Y4(t) (or Yp(t)), respectively.

According to Table 1, it is obvious that the daily minimum tem-
perature and maximum temperature are Dp;,=23.3°C and
Dinax = 31.6 °C, respectively. For convenience of illustrating the
forecasting example here, we set D;=0.3 °C and D, =0.4 °C. We
called it the main-factor of the fuzzy time series and get the uni-
verse of discourse on Y,(t) =[23.0,32.0].

According to Table 2, it is obvious that the daily minimum cloud
density and maximum cloud density are D,,;; =3 and Dy,q = 100,
respectively. As for the illustration, we set D; =3 and D, =0. We
called it the second-factor of the fuzzy time series and get the uni-
verse of discourse on Yg(t)=[0.0,100.0].

2.2. Step 2: Partition the universes Y,(t) and Ypg(t) into several intervals

After Step 1, the universes of discourse on Y4(t) and Yp(t) are
then cut into the pre-defined number of intervals. First, we divide
Y4(t) into 9 intervals with equal lengths, and use uy,uy,us,

Table 1
Historical data of the daily average temperature from June 1996 to September 1996 in
Taipei, Taiwan (Unit: °C) (Taiwan Central Weather Bureau, 1996).

Days Month
June July August September

1 26.1 29.9 271 27.5
2 27.6 28.4 28.9 26.8
3 29.0 29.2 28.9 26.4
4 30.5 294 29.3 27.5
5 30.0 29.9 28.8 26.6
6 29.5 29.6 28.7 28.2
7 29.7 30.1 29.0 29.2
8 29.4 293 28.2 29.0
9 28.8 28.1 27.0 30.3
10 29.4 28.9 283 29.9
11 29.3 28.4 28.9 29.9
12 28.5 29.6 28.1 30.5
13 28.7 27.8 29.9 30.2
14 27.5 29.1 27.6 303
15 29.5 27.7 26.8 29.5
16 28.8 28.1 27.6 283
17 29.0 28.7 27.9 28.6
18 303 299 29.0 28.1
19 30.2 30.8 29.2 28.4
20 30.9 31.6 29.8 283
21 30.8 314 29.6 26.4
22 28.7 313 293 25.7
23 27.8 313 28.0 25.0
24 27.4 313 28.3 27.0
25 27.7 28.9 28.6 25.8
26 271 28.0 28.7 26.4
27 28.4 28.6 29.0 25.6
28 27.8 28.0 27.7 242
29 29.0 293 26.2 233
30 30.2 279 26.0 235
31 26.9 27.7
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Ug,Us, U, Uz,Ug and uUg to denote each interval, respectively.
Thus, the nine intervals are u;=[23.0,24.0), u,=[24.0,25.0),
us =[25.0,26.0),us = [26.0,27.0),us =[27.0,28.0), ue=[28.0,29.0),
u7 =[29.0,30.0),ug = [30.0,31.0) and ug=[31.0,32.0]. Then calcu-
late the midpoint of intervals, which are m;=23.5,m, = 24.5,
mz= 25.5,my=26.5,m5=27.5 mg=28.5 m;=29.5mg=30.5 and
mg = 31.5, respectively. Second, we divide Yg(t) into 7 intervals
with equal lengths, and use v, 1, 3, 14, s, Us and v, to denote each
interval, respectively. Thus, the seven intervals are v; = [0.0,14.29),
1, =[14.29,28.57), v3=[28.57,42.86),v, =[42.86,57.14),v5=
[57.14,71.43),v5 = [71.43,85.71) and », = [85.71,100.0].

2.3. Step 3: Define fuzzy set linguistic terms

According to the number of intervals as mentioned above, let
“historical data” be the linguistic variable. First, define the main-
factor represented by fuzzy sets A;. Each A(1 < i < 9) denotes a fuz-
zy set, and its definition is described in Eq. (1). In Eq. (2), the sym-
bol f (1) €[0,1](1 <j<9) is a real number and denotes the
membership degree that u; belongs to A(1 < i< 9). In other words,
A; denotes a fuzzy set {uq,u,,...,ug} with different membership de-
gree {fa (u1),fa(u2),....fa(uo)}. The detailed definitions of all
main-factor fuzzy sets are described in Eq. (2).

Ar=u1/1+u3/0.5+u3/0+us/0+us/0+ug/0+u7;/0+ug/0+1g/0,

Ay =u;/0.5+uy/1+u3/0.5+us/0+us/0+ug/0+u;/0+us/0+ug /0,
A;=u;/0+uy/0.5+us/1+us/0.5+us/0+ug/0+u7/0+us/0+ug /0,
As=u1/0+u;/0+u3/0.5+us/1+us5/0.5+ug/0+u7/0+ug/0+1ug/0,
As=u;/0+uy/0+u3/0+u4/0.5+us/1+ug/0.5+u7/0+us/0+ug /0,
As=11/0+uy/0+u3/0+us/0+us/0.5+ug/1+u7/0.5+us/0+ug /0,
A;=u;/0+uy/0+u3/0+us/0+us/0+ue/0.5+u7/1+us/0.5+1ug/0,
As=u;/0+uy/0+u3/0+us/0+us/0+ug/0+u7/0.5+us/1+1ug/0.5,
Ag=1;/0+uy/0+us3/0+us/0+us/0+ug/0+u7/0+ug/0.5+ug/1.

2)

Then define the second-factor represented by fuzzy sets B;. Each
Bi(1 < i< 7)denotes a fuzzy set, and its definition is described sim-
ilarly to A; in Eq. (1). In Eq. (3), the symbol f5 (v;) € [0,1](1 <j < 7)
is a real number and denotes the membership degree that z; be-
longs to B{1<i<7). In other words, B; denotes a fuzzy set
{v1,0,...,17} with different membership degree {f (v1),
f3;(v2),....fs(v7)}. The detailed definitions of all second-factor fuz-
zy sets are described in Eq. (3).

B] = 1/1/1 + U2/0.5+ Z/3/0+ T)4/0+ U5/0+ U5/0+ 717/07
By = v1/0.5+ v,/1+4+ v3/0.5+ v4/0+ v5/0+ v6/0 + v7/0,
B; = U1/0+ U2/0.5+ 1/3/1 + Z/4/0.5+ 05/0+ U5/0+ 1/7/07

By = v1/0 + 05/0 + v3/0.5 + v4/1 + v5/0.5 + v6/0+ v7/0,  (3)
Bs = v1/0+ v,/0+ v3/0 + v4/0.5 + v5/1 + v5/0.5 + v /0,

Bs = v1/0+ v2/0 4 v3/0 4+ v4/0 + v5/0.5 + v5/1 + v7/0.5,
B;=v1/0+ v,/0+ v3/0+ v4/0+ v5/0 + v6/0.5 + v7/1.

2.4. Step 4: Fuzzify all historical data

In order to find out an equivalent fuzzy set using Egs. (2) and (3)
to all historical data. The way to fuzzify a historical data is to find
an interval to which it belongs and assign the corresponding lin-
guistic value to it. For example, the historical data on August 1,
1996, the actual daily average temperature and daily cloud density
are 27.1°C and 100%, respectively and they belong to interval
us =[27.0,28.0) and interval w,=[85.71,100.0], respectively.
Hence, we assign the fuzzy set As corresponding to interval us of
the main-factor and assign the fuzzy set B; corresponding to inter-
val »; of the second-factor, respectively. According to Tables 1 and

Table 2
Historical data of the daily cloud density from June 1996 to September 1996 in Taipei,
Taiwan (Unit: %) (Taiwan Central Weather Bureau, 1996).

Days Months

June July August September
1 36 15 100 29
2 23 31 78 53
3 23 26 68 66
4 10 34 44 50
5 13 24 56 53
6 30 28 89 63
7 45 50 71 36
8 35 34 28 76
9 26 15 70 55
10 21 8 44 31
11 43 36 48 31
12 40 13 76 25
13 30 26 50 14
14 29 44 84 45
15 30 25 69 38
16 46 24 78 24
17 55 26 39 19
18 19 25 20 39
19 15 21 24 14
20 56 35 25 3
21 60 29 19 38
22 96 48 46 70
23 63 53 41 71
24 28 44 34 70
25 14 100 29 40
26 25 100 31 30
27 29 91 41 34
28 55 84 14 59
29 29 38 28 83
30 19 46 33 38
31 95 26

2, the results of fuzzification are listed in Table 3 by using Eqs. (2)
and (3) to fuzzify the historical data of the daily average tempera-
ture and the daily cloud density.

Let Y4(t) and Yp(t) be two historical data time series on day t.
The purpose of Step 4 is to get two fuzzy time series F4(t) and
Fg(t) on Ya(t) and Yp(t). Each element of Ys(t) and Yg(t) is a real
number with respect to the actual daily average temperature and
the actual daily cloud density, respectively. But each element of
Fa(t) and Fp(t) is a fuzzy set with respect to the corresponding
element of Y4(t) and Yp(t), respectively. For example, in Table 3,
Ya(August-1-1996) = 27.1 and F4(August-1-1996) = As, Yp(August-
1-1996) =100 and Fg(August-1-1996) = B;, Yo(August-7-1996) =
29.0 and F4(August-7-1996) = A, Yg(August-7-1996) =71 and
Fp(August-7-1996) = Bs, and so on.

2.5. Step 5: Construct all two-factor ith-order fuzzy relationship
groups

After two fuzzy time series F4(t) and Fp(t) have been created,
we can find out all fuzzy relationships under different orders.
The way to construct all two-factor first-order fuzzy relationship
is to find any relationship consisting of the type
(Fa(t — 1),Fg(t — 1)) — Fa(t), where Fu(t—1),Fg(t—1), and Fu(t)
are called the current state and the next state, respectively. Then
a fuzzy relationship can be obtained by replacing
Fa(t — 1),Fg(t — 1), and Fs(t) with the corresponding fuzzy set.
For example, (Fs(August-1-1996), Fg(August-1-1996)) — Fa(Au-
gust-2-1996) is a relationship, and a fuzzy relationship
(As,B7) — Ag is obtained by replacing (F4(August-1-1996), Fg(Au-
gust-1-1996)) and F4(August-2-1996) to (As,B;) and Ag, respec-
tively. Another fuzzy relationship (AsBs) —A; is got as
(Fa(August-3-1996), Fg(August-3-1996)) and Fa(August-4-1996).
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Table 3
Fuzzified the daily average temperature and the daily cloud density from August-1-
1996 to August-31-1996 in Taipei, Taiwan.

Days Actual daily Fuzzy Actual daily Fuzzy
average sets cloud sets
temperature (°C)  F4(t) density (%) Fy(t)

August-1-1996 27.1 As 100 B;

August-2-1996 28.9 As 78 Bs

August-3-1996 28.9 As 68 Bs

August-4-1996 293 A7 44 By

August-5-1996 28.8 As 56 By

August-6-1996 28.7 Ag 89 B,

August-7-1996 29.0 A7 71 Bs

August-8-1996 28.2 As 28 B,

August-9-1996 27.0 As 70 Bs

August-10-1996 283 As 44 By

August-11-1996 289 As 48 By

August-12-1996 28.1 As 76 Bs

August-13-1996 29.9 A7 50 Bs

August-14-1996 27.6 As 84 Bs

August-15-1996 26.8 Ay 69 Bs

August-16-1996 27.6 As 78 Bg

August-17-1996 279 As 39 Bs

August-18-1996 29.0 A7 20 B,

August-19-1996 29.2 Ay 24 B>

August-20-1996 29.8 A7 25 B,

August-21-1996 29.6 A7 19 B,

August-22-1996 29.3 Ay 46 By

August-23-1996 28.0 As 41 B3

August-24-1996 283 As 34 Bs

August-25-1996 28.6 Ag 29 B3

August-26-1996 28.7 As 31 B3

August-27-1996 29.0 A7 41 Bs

August-28-1996 27.7 As 14 B,

August-29-1996 26.2 Ay 28 B,

August-30-1996 26.0 Ay 33 B3

August-31-1996 27.7 As 26 B,

In order to construct all two-factor ith-order (1> 2) fuzzy rela-
tionships, it’s necessary to find any relationship consisting of the
type (Fa(t —2), Fp(t —2)),....(Fa(t —2), Fp(t—2)), (Fa(t-1),
Fy(t — 1)) - Fa(t), where (Fa(t—24)),  Fg(t —2)),...,(Fa(t - 2),
Fg(t — 2)), (Fa(t — 1), Fg(t — 1)) and Fx(t) are called the current state
and the next state, respectively. Then a /th-order fuzzy relation-
ship is obtained by replacing the corresponding fuzzy set. For
example, suppose A=2, a fuzzy relationship (As,B7), (As,Bs) — As
is obtained from (F4(August-1-1996), Fg(August-1-1996)),(F4(Au-
gust-2-1996), Fz(August-2-1996)) — F4 (August-3-1996). Accord-
ing to Table 3, the complete two-factor second-order fuzzy
relationships are listed in Table 4, where there are 26 groups and
each group of two-factor second-order fuzzy relationship is fuzz-
ified from the historical data of the daily average temperature
and the daily cloud density ranged from August-1-1996 to Au-
gust-31-1996.

In Table 4, group 26 consists of the fuzzy relationship (A4,B3),
(As,By) —» # as it is created by the relationship (Fa(August-30-
1996), Fz(August-30-1996)), (Fa(August-31-1996), Fz(August-31-
1996)) — F4(September-1-1996), since the linguistic value of
Fa(September-1-1996) is unknown within the historical data from
August-1-1996 to August-31-1996. Hence, we use symbol “#” to
denote the unknown value (For the sake of illustration, here we as-
sume that we do not have the historical data of temperature and
cloud density on September-1-1996.).

2.6. Step 6: Calculate the forecasting value and create all fuzzy forecast
rules based on all fuzzy relationship groups

In this step, it is necessary to calculate the forecasting value and
create all fuzzy forecast rules based on all two-factor /th-order fuz-
zy relationship groups, respectively, and then find out the matched
forecast rule to get the forecast value.
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Table 4
Two-factor second-order fuzzy relationship groups.

Days Fuzzy relationships Group ID
August-3-1996 (As,B7), (A6.Bg) — As 1
August-4-1996 (A6,Bg), (A6,Bs) — 2
August-5-1996 (A6,Bs), (A7,B4) — As 3
August-6-1996 (A7,B4), (A6.B4) - s 4
August-7-1996 (A6,Ba), (As,B7) > Ay 5
August-8-1996 (A6B7), (A7,Bs) > Ag 6
August-9-1996 (A7,Bs), (As.B2) — As 7
August-10-1996 (A6,B2), (As,Bs) > Ag 8
August-11-1996 (As,Bs), (As,Ba) — As 9
August-12-1996 (A6,B4), (A6,B4) > Ag 10
August-13-1996 (A6,B4), (A6,Bs) — A7 1
August-14-1996 (A6.Bs), (A7,B4) — 12
August-15-1996 (A7,B4), (As,Bg) — A4 13
August-16-1996 (As,Bg), (A4.Bs) — As 14
August-17-1996 (A4,Bs), (As,Bs) — As 15
August-18-1996 (As,Bg), (As,B3) — A7 16
August-19-1996 (As,B3), (A7,B5) - A7 17
August-20-1996 (A7,B2), (A7.B3) - 18
August-21-1996 (A7,B2), (A7,B2) - 18
August-22-1996 (A7,B3), (A7,B5) - A7 18
August-23-1996 (A7,B2), (A7,B4) - As 19
August-24-1996 (A7,B4), (A6,B3) — As 20
August-25-1996 (A6,B3), (A6,B3) — Ag 21
August-26-1996 (A6,B3), (A6.B3) - Ag 21
August-27-1996 (A6,B3), (As,B3) > Ay 21
August-28-1996 (A6,B3), (A7,B3) - As 22
August-29-1996 (A7,B3), (As,B1) - A4 23
August-30-1996 (As,B1), (A4,B2) — Ag 24
August-31-1996 (A4,B2), (A4,B3) - As 25
September-1-1996 (A4,B3), (As,By) — # 26

Suppose the two-factor ith-order fuzzified historical data before
day i are (A;;,Bi;),. - .,(Ai2,Bi2) and (A;1,Bi1), where A;;, . ..,Ap and Aj
are fuzzified values of the main-factor of day i — 4,...,i — 2, and
i — 1, respectively, B;;,...,Bi; and B;; are fuzzified values of the sec-
ond-factor of day i — 4,...,i — 2, and i — 1, respectively, and 1 > 2

First, we calculate the forecasting value using the two-factor
Jth-order fuzzy relationship groups based on the following cases.

Case 1: one member only
Suppose there is a group which has a member having the two-
factor ith-order fuzzy relationship shown as follows:

(Ais,Bis), ..., (A2, Bi2), (Air, Bin) — Aj,

where the maximum membership value of A; occurs at interval
uj, and the midpoint of interval u; is mj, then the forecasting va-
lue of day i is m;. For example, the group 1 in Table 4. The fuzzy
relationship is (As, B7), (As,Bs) — Ag, and the midpoint mg of Ag is
28.5. Then the forecast value of day i(i.e. August-3-1996) is 28.5.
Case 2: multiple members

Suppose there is a group which has multiple members and each
member has a two-factor /th-order fuzzy relationship shown as
follows:

(Aiz,Bis), ..., (A2, B2), (An, Bi1) — Aj,
(Aiz, Biz), - - - (A2, Bi2), (An, Bi) — Ap,

(Ais,Bir), ..., (A2, Ba), (Ain, Bir) — Ajp,

where the maximum membership values of Aj1,Aj,,... and Aj,
occur at intervals uj;, U, . .., and uj, respectively, and the mid-
points of uj;,uj,... and uj, are m;j;,my,,. .. and mj,, respectively,
then the forecasting value of day i is the average of mj;,mjs, ...
and m;,. For example, the group 21 in Table 4, the midpoint
mg of Ag for the first member is 28.5, and the midpoint m; of
A; for the second member is 29.5. Then the forecast value is
(28.5+29.5)/2 =29.0.
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Case 3: a member with an unknown value

Suppose there is a group which has a member having the two-
factor Ath-order fuzzy relationship with an unknown value
shown as follows:

(Ais,Bis), ..., (Ai2,Bi2), (Ai1, Bin) — #,

where the symbol “#” denotes an unknown value, the maximum
membership values of Aj;,Ai;—1)... and Ay occur at intervals
Ui Ui;—1),-.. and u;, respectively, and the midpoints of
Ui Ui(s—1)-.. and uy are my;,my;,_1),... and m;;, respectively,
then the forecasting value of day i is calculated as follows:

mi; + Z mluzlo 1 mu (4)
Jj=2

In this paper, we use Eq. (4) to forecast the unknown value. The
method of Eq. (4) is based on the latest past linguistic value, plus
the half of the difference between one day earlier and two days
earlier, plus the quarter of the difference between two days ear-
lier and three days earlier and so on. For example, the group 26
in Table 4, the fuzzy relationship is (A4,Bs), (As,B>) — #, and the
midpoint ms of As is 27.5, and the midpoint m4 of A4 is 26.5. Then
the forecast value is 27.5 + (27.5-26.5)/2 = 28.0.

The complete forecasted values for all groups in Table 4 are
listed in Table 5, where symbol mj(1 <j<9) denotes the mid-
point of interval u; (1 <j <9). Now we are going to create all fuz-
zy forecast rules. A forecast rule consists of two parts, the
matching part filled up with the current state of the fuzzy rela-
tionships of the same group, and the forecasting part filled up
with the above mentioned forecasted value. Since all fuzzy rela-
tionships of the same group have the same current state, it is rea-
sonable to apply the current state in the matching part of a fuzzy
forecast rule. The complete two-factor second-order fuzzy fore-
cast rules created based on Table 5 are listed in Table 6. How
to forecast the next training or testing data Ya(t) based on all
forecast rules is described in the next step.

Table 5
The complete forecasted values for all groups of the two-factors second-order fuzzy
relationships.

Group ID Fuzzy relationships Forecasted values

1 (As,B7), (A6,Bs) — As 28.5 (=mg)

2 (A6,Bs), (As,Bs) — A7 29.5 (=my)

3 (A6,Bs), (A7,B4) — Ag 28.5 (=mg)

4 (A7,B4), (A6,B4) — As 28.5 (=me)

5 (As,Ba), (As,B7) — A7 29.5 (=my)

6 (A6,B7), (A7,Bs) — As 28.5 (=mg)

7 (A7,Bs), (As,B2) — As 27.5 (=ms)

8 (A6,B2), (As,Bs) — As 28.5 (=mg)

9 (As,Bs), (As,Ba) — As 28.5 (=mg)

10 (A6,Ba), (Ag,Bs) — Ag 28.5 (=mg)

11 (Ag,Ba), (Ag,Bs) — A7 29.5 (=my)

12 (A6,Bs), (A7,B4) — As 27.5 (=ms)

13 (A7,B4), (As,Bg) — A4 26.5 (=my)

14 (As,Bg), (A4,B5) — As 27.5 (=ms)

15 (A4,Bs), (As,Bg) — As 27.5 (=ms)

16 (As,Bs), (As,B3) — A7 29.5 (=my)

17 (As,Bs3), (A7,By) — A7 29.5 (=m7)

18 (A7,B2), (A7,B;) — A7 29.5 (=m7)

19 (A7,B2), (A7,B4) — As 28.5 (=mg)

20 (A7,B4), (Ag,B3) = Ag 28.5 (=mg)

21 (A6,B3), (As,B3) — As, 29.0 (=(me + m7)/ 2)
(Ae,B3), (As,B3) — A7

22 (A6,B3), (A7,B3) — As 27.5 (=ms)

23 (A7,B3), (As,B1) — Ay 26.5 (=my)

24 (As,B1), (A4,B2) > A4 26.5 (=my)

25 (A4,B2), (A4,B3) — As 27.5 (=ms)

26 (A4,B3), (As,By) — # 28.0 (calculated by case 3 of Step 6)

2.7. Step 7: Forecast the training or the testing data based on the
forecast rules

When we are going to forecast the data Y,(t) based on the fore-
cast rules, it is necessary to find out the matched forecast rule to
get the forecasted value. If we use the two-factor second-order
forecast rules in Table 6 to forecast the data Y,(t), we need to find
out the corresponding linguistic values of (F4(t — 2), Fs(t — 2)) and
(Fa(t — 1), Fg(t — 1)) with respect to the data (Ya(t — 2), Ya(t — 2))
and (Ya(t — 2), Yp(t—2)), and compare with all matching parts of
the forecast rules, then we can get a forecasted value from the fore-
casting part of the matched forecast rule. For example, if we want
to forecast the data Ys(August-3-1996), it is necessary to find
out the corresponding linguistic value of (F4(August-1-1996),
Fp(August-1-1996)) (i.e. (As,B7)) and (F4 (August-2-1996), Fg(Au-
gust-2-1996)) (i.e. (AeBs)) with respect to (Ya(August-1-1996),
Yp(August-1-1996)) and (Ys(August-2-1996), Yp(August-2-1996))
in Table 3 and get the following pattern:

“if (Fa(August-1-1996), Fg(August-1-1996)) equals (As,B7), and
(Fa(August-2-1996), Fg(August-2-1996)) equals (Ag,Bs) then fore-
cast Y4 (August-3-1996) = ?”

If we replace the values August-1-1996, August-2-1996 and Au-
gust-3-1996 in the above pattern with the symbols t — 2, t — 1, and
t, respectively, then the above pattern equals the following pattern:

“if (Fa(t — 2), F(t — 2)) equals (As,B7), and (Fa(t — 1), Fg(t — 1))
equals (Ae, Bs) then forecast Yy(t)="?"

After using the rule 1 listed in Table 6, a forecasted value (i.e.
28.5) is got for the forecasted value for the above pattern.

As another example, if we want to forecast the data Y,(September-
1-1996), it is necessary to find out the corresponding linguistic value
of (Fa(August-30-1996), Fg(August-30-1996)) (i.e. (A4,Bs)) and
(Fa(August-31-1996), Fg(August-31-1996)) (i.e. (As, B;)) with respect
to (Ya(August-30-1996), Yz(August-30-1996)) and (Ya(August-31-
1996), Yp(August-31-1996)) in Table 3 and get the following pattern:

“if (Fa(August-30-1996), Fg(August-30-1996)) equals (A4, B3),
and (F4(August-31-1996), Fz(August-31-1996)) equals (As,B;) then
forecast Y(September-1-1996) = ?”

Like before, after using the rule 26 listed in Table 6, a forecasted
value (i.e. 28.0) is got for the forecasted value for the above pattern.

By the method, then we compare the above pattern with all i-or-
der fuzzy forecast rules and get a forecasted value of the matched
one. The complete forecasted results based on the two-factor sec-
ond-order fuzzy forecast rules in Table 6 are listed in Table 7.

3. Particle swarm optimization

The particle swarm optimization (PSO) is a novel multi-agent
optimization system (MAOS) inspired by social behavior metaphor
developed by Kennedy and Eberhart (Eberhart & Shi, 1998;
Kennedy, Eberhart, & Shi, 2001). It is unlike an evolutionary algo-
rithm, however, in that each potential solution is also assigned a
randomized velocity, and the potential solutions, called particles,
are then “flown” through the multi-dimensional problem space.
The PSO method was generally found to perform better than other
algorithms (for example, genetic algorithm, memetic algorithm,
antcolony systems, and shuffled frog leaping) in terms of success
rate and solution quality (Elbeltagi, Hegazy, & Grierson, 2005). In
PSO, instead of using more traditional genetic operators, each par-
ticle (individual) adjusts its “flying” according to its own flying
experience and its companions’ flying experience.

3.1. Standard particle swarm optimization

In the standard particle swarm optimization (Shi & Eberhart,
2001), each particle i has a position represented by a position



L.-Y. Hsu et al./Expert Systems with Applications 37 (2010) 2756-2770 2761

Table 6
The complete two-factors second-order fuzzy forecast rules.

Rule No. Matching part Forecasting part

1 if (Fa(t — 2), Fp(t — 2)) equals (As,B7), and (Fa(t — 1), Fg(t — 1)) equals (Ag,Bs) then forecast Y(t) = 28.5
2 if (Fa(t — 2), Fg(t — 2)) equals (Ag,Bs), and (Fa(t — 1), Fx(t — 1)) equals (Ag,Bs) then forecast Y(t) =29.5
3 if (Fa(t — 2), Fg(t — 2)) equals (Ag,Bs), and (Fa(t — 1), Fg(t — 1)) equals (A7,B4) then forecast Y(t) =28.5
4 if (Fa(t — 2), Fp(t — 2)) equals (A,Bs), and (Fa(t — 1), Fg(t — 1)) equals (Ag,B4) then forecast Y(t) = 28.5
5 if (Fa(t — 2), Fp(t — 2)) equals (Ag,B4), and (Fa(t — 1), Fg(t — 1)) equals (Ag,B7) then forecast Y(t) =29.5
6 if (Fa(t — 2), Fg(t — 2)) equals (Ag,B7), and (Fa(t — 1), Fx(t — 1)) equals (A7,Bs) then forecast Y(t)=28.5
7 if (F4(t — 2), Fg(t — 2)) equals (A7,Bs), and (Fa(t — 1), Fg(t — 1)) equals (Ag,Bz) then forecast Y(t)=27.5
8 if (Fa(t — 2), Fp(t — 2)) equals (Ag,B>), and (Fa(t — 1), Fg(t — 1)) equals (As,Bs) then forecast Y(t) =28.5
9 if (Fa(t — 2), Fg(t — 2)) equals (As,Bs), and (Fa(t — 1), Fg(t — 1)) equals (Ag,Bs) then forecast Y(t) =28.5
10 if (Fa(t — 2), Fg(t — 2)) equals (Ag,B4), and (Fa(t — 1), Fg(t — 1)) equals (Ag,Ba) then forecast Y(t)=28.5
11 if (Fa(t — 2), Fp(t — 2)) equals (Ag,Bs), and (Fa(t — 1), Fg(t — 1)) equals (Ag,Bs) then forecast Y(t)=29.5
12 if (Fa(t — 2), Fp(t — 2)) equals (Ag,Bs), and (Fa(t — 1), Fx(t — 1)) equals (A7,B4) then forecast Y(t)=27.5
13 if (Fa(t — 2), Fg(t — 2)) equals (A7,B4), and (Fa(t — 1), Fg(t — 1)) equals (As,Bs) then forecast Y(t) = 26.5
14 if (Fa(t — 2), Fa(t — 2)) equals (As,Bs), and (Fa(t — 1), Fg(t — 1)) equals (A4,Bs) then forecast Y(t)=27.5
15 if (Fa(t — 2), Fg(t — 2)) equals (A4,Bs), and (Fa(t — 1), Fx(t — 1)) equals (As,Bs) then forecast Y(t)=27.5
16 if (Fa(t — 2), Fg(t — 2)) equals (As,Bs), and (Fa(t — 1), Fg(t — 1)) equals (As,B3) then forecast Y(t) =29.5
17 if (Fa(t — 2), Fg(t — 2)) equals (As,B3), and (Fa(t — 1), Fg(t — 1)) equals (A7,B3) then forecast Y(t)=29.5
18 if (Fa(t — 2), Fa(t — 2)) equals (A7,B;), and (Fa(t — 1), Fg(t — 1)) equals (A7,Bz) then forecast Y(t)=29.5
19 if (Fa(t — 2), Fg(t — 2)) equals (A7,B2), and (Fa(t — 1), Fg(t — 1)) equals (A7,B4) then forecast Y(t) = 28.5
20 if (Fa(t — 2), Fg(t — 2)) equals (A7,B4), and (Fa(t — 1), Fg(t — 1)) equals (Ag,B3) then forecast Y(t)=28.5
21 if (Fa(t — 2), Fa(t — 2)) equals (Ae,B3), and (Fa(t — 1), Fg(t — 1)) equals (Ag,B3) then forecast Y(t)=29.0
22 if (Fa(t — 2), Fg(t — 2)) equals (Ag,B3), and (Fa(t — 1), Fg(t — 1)) equals (A7,B3) then forecast Y(t) = 27.5
23 if (Fa(t — 2), Fg(t — 2)) equals (A7,B3), and (Fa(t — 1), Fg(t — 1)) equals (As,B;) then forecast Y(t) = 26.5
24 if (Fa(t — 2), Fa(t — 2)) equals (As,B1), and (Fa(t — 1), Fg(t — 1)) equals (A4,B2) then forecast Y(t) = 26.5
25 if (Fa(t — 2), Fg(t — 2)) equals (A4,B), and (Fa(t — 1), Fg(t — 1)) equals (A4,B3) then forecast Y(t) =27.5
26 if (Fa(t — 2), Fg(t — 2)) equals (A4,B3), and (Fa(t — 1), Fx(t — 1)) equals (As,B,) then forecast Y(t) = 28.0 (calculated by case 3 of Step 6)

Table 7
The complete forecasted results based on the two-factors second-order fuzzy forecast rules in Table 6.
Days Actual daily average Fuzzy sets Actual daily Fuzzy sets Matched rule Forecasted daily average
temperature (°C) Fa(t) cloud density (%) Fy(t) no. temperature (°C)

August-1-1996 27.1 As 100 B, Not forecasted
August-2-1996 289 As 78 Bs Not forecasted
August-3-1996 289 As 68 Bs 1 28.5
August-4-1996 29.3 Az 44 By 2 29.5
August-5-1996 28.8 Ag 56 B4 3 28.5
August-6-1996 28.7 As 89 B, 4 28.5
August-7-1996 29.0 Az 71 Bs 5 29.5
August-8-1996 28.2 As 28 B, 6 28.5
August-9-1996 27.0 As 70 Bs 7 27.5
August-10-1996 28.3 As 44 By 8 28.5
August-11-1996 289 As 48 By 9 28.5
August-12-1996 28.1 As 76 Bg 10 28.5
August-13-1996 299 Az 50 By 11 29.5
August-14-1996 27.6 As 84 Bs 12 27.5
August-15-1996 26.8 Ay 69 Bs 13 26.5
August-16-1996 276 As 78 Bs 14 275
August-17-1996 279 As 39 Bs 15 27.5
August-18-1996 29.0 Az 20 B, 16 29.5
August-19-1996 29.2 Az 24 B, 17 29.5
August-20-1996 29.8 Az 25 B, 18 29.5
August-21-1996 29.6 Az 19 B, 18 29.5
August-22-1996 29.3 Az 46 B4 18 29.5
August-23-1996 28.0 As 41 B3 19 28.5
August-24-1996 28.3 As 34 Bs 20 285
August-25-1996 28.6 As 29 Bs 21 29.0
August-26-1996 28.7 As 31 Bs 21 29.0
August-27-1996 29.0 Az 41 Bs 21 29.0
August-28-1996 27.7 As 14 By 22 27.5
August-29-1996 26.2 Ay 28 B, 23 26.5
August-30-1996 26.0 Ay 33 Bs 24 26.5
August-31-1996 27.7 As 26 B, 25 27.5
September-1-1996 N/A N/A N/A N/A 26 28.0

(Suppose we dont know historical data of the daily average temperature and the daily cloud density in September-1-1996).

vector P. A swarm of particles moves through a multi-dimen-
sional problem space and each particle i with the velocity repre-
sented by a vector V. Each particle keeps track of its own best
position in each iteration (or time cycle), which is associated
with the best experience it has achieved and denotes Pp.s. The
best position among all the particles obtained in the population

denotes Pgpest. For each iteration, the position Py of its own best
and the position Pgpese Of the best particle of swarm are calcu-
lated as the best fitness of all particles. Accordingly, each particle
changing the velocity this way enables the particle P; to search
around its individual best position Py.s; and the global best posi-
tion Pgpese as follows:
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Vi=wx Vi+cy xrand; () x (Ppest — Pi) +C2 x rand; () x (Pgpest — Pi),
(3)

where c¢; and c, are positive acceleration constants (usually
c1 = C=2), rand{() and rand,() are uniformly distributed random
numbers in the range [0,1], and w is an inertia weight employed
as an improvement proposed by Shi & Eberhart (1998). Then the
particle flies toward a new position according to Eq. (6).

Pi=Pi+ V. (6)

The whole running procedure of the standard PSO is described in
Algorithm 1.

Algorithm 1 (Standard PSO algorithm).

1. initialize all particles’ positions P; and velocities V;, for
1 < i < NumberOfParticles.

2. while the stop condition (the optimal solution is found or
the maximal moving steps are reached) is not satisfied do

3. for particle i, (1 < i< NumberOfParticles) do

4, calculate the fitness value of particle i.

5. update the personal best position of particle i according
to the fitness value.

6. end for

7. update the global best position of all particles according to
the fitness value.
8. for particle i, (1 < i< NumberOfParticles) do

9. move particle i to another position according to Egs. (5)
and (6).
10. end for

11. end while

3.2. Turbulent particle swarm optimization

In the standard PSO, it has been shown that the trajectories of
the particles oscillate in different sinusoidal waves and converge
quickly, sometimes prematurely (Liu & Abraham, 2005). Such situ-
ations could occur even in the early stages of the search. In fact,
this does not even guarantee that the algorithm has converged to
a local minimum and it merely means that all the particles have
converged to the best position discovered so far by the swarm.
During each iteration, the particle is attracted toward the location
of the best fitness achieved so far by the particle itself and by the
location of the best fitness achieved so far across the whole swarm.
In order to guide the particles effectively in the search space, the
maximum moving distance during an iteration and its moving
range must be clamped in between the maximum velocity. The
method to drive those lazy particles (i.e. the particles’ velocity is
small than threshold) and so that they can explore a better solu-
tion, named turbulent particle swarm optimization (TPSO) which
is shown as follows:

Vinax if Vi > Vinax;

Vi _ _Vmax lf V,' < _Vmax§ (7)
~Vmax + 2 X Viax x rand() if Vi < Vg
Vi otherwise,

where the term V; is limited to the range +V/,,4x, rand() is a uniformly
distributed random number in the range [0,1], V; is the minimum
velocity threshold, a threshold parameter to limit the minimum of
the particles’ velocity. If V; is large, it will shorten the oscillation
period, and it provides a great probability for the particles to across
local optimal using the same number of iterations. But a large V;
compels particles in the quick “flying” state, which leads them
not to search the local optimal and forcing them not to refine the
search. In other words, a large V facilitates a global search, and a
small V; facilitates a local search.

The whole running procedure of the TPSO is described in Algo-
rithm 2.

Algorithm 2 (TPSO algorithm).

1. initialize all particles’ positions P; and velocities V;, for
1 < i < NumberOfParticles.

2. while the stop condition (the optimal solution is found
or the maximal moving steps are reached) is not sat-

isfied do

3. for particle i, (1 < i < NumberOfParticles) do

4, calculate the fitness value of particle i.

5. update the personal best position of particle i according
to the fitness value.

6. end for

7. update the global best position of all particles according to
the fitness value.

8. for particle i, (1 < i < NumberOfParticles) do
9. move particle ito another position according to Egs. (5)-
(7).
10. end for

11. end while

4. The new proposed forecast model

A new forecast model “modified turbulent particle swarm
optimization”, named MTPSO, consisting of the fuzzy time series
and the TPSO, is proposed in this paper. It can deal with the
time-invariant model for the temperature prediction and fore-
casting TAIFEX. We describe the overall procedure, and then pro-
vide details of each step of the forecasting process by means of
an example. The detailed descriptions of the MTPSO model for
the temperature prediction are given in the following.

In the MTPSO model, for the training phase, we use the mod-
ified turbulent particle swarm optimization to train all two-fac-
tor/th-other fuzzy forecast rules under all training data. Once
all fuzzy forecast rules have been well trained, for the testing
phase, we can use the MTPSO model to forecast the new testing
data. The detailed descriptions of MTPSO model are given as
follows.

Let the number of the intervals of the main-factor be x, the
lower bound and the upper bound of the universe of discourse
on historical data Y4(t) of the main-factor be by and b,, respec-
tively. Let the number of the intervals of the second-factor be y,
the lower bound and the upper bound of the universe of discourse
on historical data Yg(t) of the second-factor be dy and d,, respec-
tively. A particle is a vector consisting of x +y — 2 elements (i.e.
b],bz,. . .,bj,],bj,. . bx,z,bx,], and d],dz,. . .,dk,],dk,. .
where 1<j<x—1, bj_1<bjand 1<k<y—1, diq<dy); based
on these x+y—2 elements, define the x+y intervals as
uq = [bo,b1),uz = [b1,ba),...,u;=[bj_1,bj),...,ux=[bx_1,bx], and
vy =[do,d1), o= [d1,d2),..., 0= [dk_1,dk),. .., v =[d)_1,dy], TEspec-
tively. If a particle moves to another position, the elements of
the corresponding new vector need to be sorted to ensure that
each element b; (1<j<x—1) and di (1<k<y—1) arrange in
an ascending order, respectively.

The MTPSO model exploits the intervals denoted by each parti-
cle to create an independent group of fuzzy forecast rules to fore-
cast all main-factor historical training data and get the forecasted
accuracy for each particle. In order to compare the performance
of the proposed method with the existing methods, the average
forecasting error rate (AFER) value shown in Eq. (8) is used to rep-
resent the forecasted accuracy of a particle for the training phase
for the temperature prediction, and the mean square error (MSE)
value shown in Eq. (9) is used to represent the forecasted accuracy
of a particle for the training phase for forecasting TAIFEX, respec-

dy 5 dy
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Table 8
The initial position of particles 1-5.
by b, bs by bs bg b, bg dq dy ds dy ds dg AFER
Particle 1 2400 2500 2600 27.00 2800 2900 3000  31.00 1429 2857 4286  57.14 7143 85.71 1.06
Particle2 ~ 23.96  25.06 2598  27.44 2841 29.16  30.02  30.80 1367 2737 4479 6047 6939 8036 094
Particle 3~ 23.89 2465 2591 26.88 2844 2919 3002 3093 14.11 3055 4316  62.78 70.25 88.55 091
Particle4 ~ 24.02 2519 2656  27.08 2822  29.17 30.14  31.25 1148 2406 4524 5217  66.78 83.55  0.95
Particle 5 2432  25.01 25.92 27.06 2825 2930 2986 3123 8.97 3057  41.87 52.52 6826 8219 097
Table 9
The initial velocities of particles 1-5.
by b, bs ba bs bs b, bs dq dy ds dy ds de
Particle 1 -167 381 -020 061 1.16 1.62 1.17 1.85 1.02 21.40 1.52 10.59 46.67 32.21
Particle 2 -1.82 088 -370 -246  3.03 1.68 -486 062 —454  40.50 —-21.78 —4350  -2.34 4837
Particle 3~ 4.22 0.61 1.52 2.73 -394 499 042 -4.93 -4.87 -3043 2871 11.86 4845  39.09
Particle 4  2.62 407 259 -1.19 -1.69  0.04 0.65 2.67 27.99 -1.59 30.22 -2.90 -29.72 796
Particle 5 1.67 1.77 4.43 2.70 2.37 3.66 4.91 0.04 12.91 29.26 -5.14 244 —32.85 —36.93
Table 10
The second positions of particles 1-5.
by by by bs bs be b, bg d, d> ds dy ds ds AFER
Particle 1 2347 2592 2607 27.16 2844 2953 3035 3154 1456 3541 4338 61,50  85.18  95.97 0.85
Particle2 2335 2480 2495 2619 2856 2934 2969 31.10  12.71 36.76 4242 4953 6947 10000 145
Particle3 ~ 24.83 2515 2636 2726 2769 2770 2945 30.14 12,65 2142 5177 5571 66.33 100.00  1.32
Particle 4 2456 2543  26.15 2636  28.11 2922 30.11 3146 2465 3537 5052 6416 7058  95.03 1.16
Particle 5 24.31 25.11 2723 2766 2918 3027 3089 3152 1889 3932 4184 6075 6533  78.60 1.30
Table 11
The second velocities of particles 1-5.
by by b3 by bs b b, bg d, d> ds dy ds ds
Particle 1 -0.53 1.07 -0.08 0.16 0.44 0.53 035 0.54 0.27 6.84 0.52 4.36 13.75 10.26
Particle 2 -0.62 -0.11 -1.18 -124 094 0.53 -1.47 0.30 -0.97 15.05 -8.03 -10.94 0.08 22.00
Particle 3 1.27 0.18 0.46 0.82 -1.18 -1.50 0.13 -1.48 -1.46 -9.13 8.61 3.56 —-14.53 11.73
Particle 4 0.54 0.23 -0.41 -0.72 -0.10 0.05 -0.03 0.21 13.16 11.31 5.28 18.41 -2.62 11.48
Particle 5 -0.01 0.10 1.31 0.61 0.93 0.96 1.65 -0.34 9.92 8.76 -0.02 12.81 -7.51 -3.59
tively. The lower the AFER (or MSE) value is, the better the fore- Algorithm 3 (The MTPSO algorithm for training phase).
casted accuracy is.
1. initialize all particles’ positions P; and velocities V;, for
n  |forecasted value of day i—actual value of day i| . :
AFER = Zi:l actual value of day i % 100% (8) 1 S.l < NumberOfParFlples. . . .
- n o 2. while the stop condition (the optimal solution is found or
S, (forecasted value of day i — actual value of day i)2 the maximal moving steps are reached) is not satisfied do
i=1 L . .
MSE== 0 -9 3. for particle i, (1 < i < NumberOfParticles) do
4. fuzzify all historical training data including the main-

For the training phase, the MTPSO algorithm moves all particles to
another position according to Egs. (5)-(7) and the intervals of the
main-factor and the second-factor of all particles are sorted in an
ascending order, respectively. Then repeat the steps mentioned
above to evaluate the forecasted accuracy of all particles until the
pre-defined stop condition (the optimal solution is found or the
maximal moving steps are reached) is satisfied. If the stop condition
is satisfied, then all two-factor ith-other fuzzy forecast rules trained
by the best one of all personal best positions of all particles are cho-
sen to be the final result. For the testing phase, the MTPSO algo-
rithm uses all well trained two-factor Ath-other fuzzy forecast
rules to forecast the new testing data. The testing phase of the
MTPSO algorithm is to perform a two-factor ith-other fuzzy fore-
cast rules table searching problem. The detailed procedure of the
MTPSO algorithm for the training phase and the testing phase are
described in Algorithms 3 and 4, respectively.

10.
11.

12.

factor and the second-factor, according to all intervals
defined by the current position of particle i.
construct all two-factor /th-order fuzzy relationship
groups according to all fuzzified historical training data.
create all fuzzy forecast rules based on all two-factor
Jth-order fuzzy relationships.
forecast all historical training data according to all two-
factor /th-order fuzzy forecast rules.
calculate the fitness value of particle i based on Eq. (8) or
Eq. (9).
update the personal best position of particle i according
to the fitness value mentioned above.
end for
update the global position of all particles according to the
fitness value mentioned above.
for particle i, (1 < i < NumberOfParticles) do
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13. move particle i to another position according to Eqgs. (5)- 16. end for
(7). 17. end while
14. restrict the intervals of the main-factor and the sec-
ond-factor to the lower bound and the upper bound of
the universe of discourse within particle i, respectively. Algorithm 4 (The MTPSO algorithm for testing phase).
That is, any value updated from Egs. (5)-(7) is smaller

(larger) than the lower (upper) bound is set to the lower 1. if the corresponding matching pattern with respect to the new
(upper) bound. testing data matches a trained fuzzy forecast rule.
15. sort the intervals of the main-factor and the second-fac- 2. then forecast the new testing data based on the forecasting part
tor within particle iin an ascending order, respectively. of the matched fuzzy forecast rule.
Table 12
A comparison of the average forecasting error rate of the proposed method with those of the existing methods in June 1996 in the training phase.
1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
The proposed method
Average 0.51% 0.36% 0.36% 0.33% 0.32% 0.33% 0.28% 0.30%
Minimum 0.45% 0.36% 0.34% 0.32% 0.31% 0.31% 0.28% 0.29%
Standard deviation 0.04% 0.01% 0.03% 0.01% 0.02% 0.03% 0.01% 0.02%
Lee et al.’s method (Lee et al., 2008)
Annealing constant 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
=025 0.79% 0.44% 0.42% 0.42% 0.42% 0.44% 0.40% 0.40%
a=0.5 0.84% 0.50% 0.45% 0.42% 0.38% 0.43% 0.39% 0.46%
a=0.9 0.79% 0.46% 0.42% 0.44% 0.42% 0.41% 0.46% 0.39%
Lee et al.’s method (Lee et al., 2007)
Window basis 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
1.24% 0.74% 0.64% 0.72% 0.65% 0.66% 0.64% 0.65%
Chen et al.’s method (Chen & Hwang, 2000)
Window basis w=2 w=3 w=4 w=5 w=6 w=7 w=38
2.88% 3.16% 3.24% 3.33% 3.39% 3.53% 3.67%
Table 13
A comparison of the average forecasting error rate of the proposed method with those of the existing methods in July 1996 in the training phase.
1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
The proposed method
Average 0.50% 0.36% 0.35% 0.36% 0.34% 0.34% 0.36% 0.34%
Minimum 0.41% 0.34% 0.33% 0.33% 0.32% 0.32% 0.34% 0.33%
Standard deviation 0.04% 0.03% 0.02% 0.02% 0.02% 0.02% 0.03% 0.01%
Lee et al.’s method (Lee et al., 2008)
Annealing constant 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
o=0.25 0.66% 0.45% 0.42% 0.41% 0.41% 0.40% 0.41% 0.40%
o=0.5 0.66% 0.50% 0.47% 0.44% 0.40% 0.38% 0.44% 0.42%
=09 0.62% 0.46% 0.45% 0.44% 0.44% 0.41% 0.40% 0.40%
Lee et al.’s method (Lee et al., 2007)
Window basis 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
1.23% 0.78% 0.73% 0.83% 0.70% 0.71% 0.68% 0.69%
Chen et al.’s method (Chen & Hwang, 2000)
Window basis w=2 w=3 w=4 w=5 w=6 w=7 w=38
3.04% 3.76% 4.08% 4.17% 4.35% 4.38% 4.56%

Table 14
A comparison of the average forecasting error rate of the proposed method with those of the existing methods in August 1996 in the training phase.
1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
The proposed method
Average 0.48% 0.32% 0.35% 0.34% 0.33% 0.34% 0.35% 0.36%
Minimum 0.41% 0.31% 0.34% 0.33% 0.33% 0.33% 0.34% 0.35%
Standard deviation 0.05% 0.03% 0.00% 0.00% 0.00% 0.01% 0.01% 0.00%
Lee et al.’s method (Lee et al., 2008)
Annealing constant 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
a=0.25 0.64% 0.43% 0.47% 0.40% 0.41% 0.38% 0.40% 0.45%
=05 0.69% 0.40% 0.38% 0.37% 0.37% 0.39% 0.42% 0.45%
=09 0.66% 0.40% 0.40% 0.40% 0.36% 0.41% 0.39% 0.44%
Lee et al.’s method (Lee et al., 2007)
Window basis 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
1.09% 0.92% 0.88% 1.07% 0.75% 0.76% 0.75% 0.73%
Chen et al.’s method (Chen & Hwang, 2000)
Window basis w=2 w=3 w=4 w=5 w=6 w=7 w=8

2.75% 2.77% 3.30% 3.40% 3.18% 3.15% 3.19%
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3. else forecast the new testing data based on Eq. (4) proposed in
Section 2.

2765

Table 16
Historical data of the TAIFEX index and the TAIEX index from 8/3/1998 to 9/30/1998
Huarng (2001b).

4. end if
Date TAIFEX index TAIEX index
An example for illustrating the MTPSO model during the gﬁlﬁggg ;ggé ;232
training phase.is given in the followilng. In this. example, the 8/5/1998 7487 7500
MTPSO model includes the TPSO algorithm to train all two-fac- 8/6/1998 7462 7472
tor second-order fuzzy forecast rules under all historical train- 8/7/1998 7515 7530
ing data (i.e. Yu(t) and Yp(t) in Table 3, August-1- gﬂ?ﬂggg ;;gg ;;73421
1996 < tghAugust—3l—1996). The symbols b; for 1<j<8 de- 8/12/1998 7330 7352
notes the interval bound of the universe of discourse on Yj(t), 8/13/1998 7291 7363
and di for 1 <k <6 denotes the interval bound of the universe 8/14/1998 7320 7348
of discourse on Yg(t). For the symbols in Egs. (5)-(7), a position 8/15/1998 7300 7372
vector P; consists of two parts b; (1 <j<8) and dy (1 <k<6), g;i;ﬂggg ;;;g ;?;3
where the values of the former gmd the latter are limited to 8/19/1998 7285 7293
[23.0,32.0] and [0.0,100.0] respectively; the values of the veloc- 8/20/1998 7274 7271
ity vector V; corresponding to the former are limited to [-5,5] 8/21/1998 7225 7213
and those corresponding to the latter are limited to [—50,50]; Zggﬂggg ggig gggg
the v_alue of the velocity threshold V; cprrespondmg to .the for- 8/26/1998 6790 6814
mer is set to 0.001 and that corresponding to the latter is set to 8/27/1998 6835 6813
0.005, both ¢; and c, are set to 2, and w is set to 0.3. Let the 8/28/1998 6695 6724
number of particles be 5. The randomized initial positions and 352941998 6728 6736
P s . . . 8/31/1998 6566 6550
the 1n1t1a1. velocities of all particles are listed in Tables 8 and o/1/1998 Ry i
9, respectively. _ . . 9/2/1998 6430 6472
In Table 8, each particle defines an independent group of six- 9/3/1998 6200 6251
teen intervals which are uy=[bg,b1),u =[b1,b2),...,ug=[bg,bo] 9/4/1998 6403.2 6463
and v; = [do,d1), 15 = [d1,da),. . ., 75 = [de, d-], respectively. For exam- 9/5/1998 6697.5 6756
le, the intervals of the initial position of particle 1 listed in Table 8 9/7/1998 67223 6801
ple, p p 9/8/1998 6859.4 6942
are then u, = [230,240), Up = [240,250), ..,Ug= [300,310),UQ = 9/9/1998 6769.6 6895
[31.0, 32.0] and »; =[0.0, 14.29), v, = [14.29, 28.57),...,vs = 71.43, 9/10/1998 6709.75 6804
85.71),v7 =[85.71,100.0], respectively. 9/11/1998 6726.5 6842
For simplicity, assume that 9 intervals for the main-factor and 7 gﬂgﬂggg 2%355 gggg
intervals for t.he second-fac'For created by part.icle 1 are idgntical to 9/16/1998 6952.75 6973
the one used in the forecasting example mentioned in Section 2. So, 9/17/1998 6906 7001
we follow the whole forecasting procedure described in Section 2 9/18/1998 6842 6962
with respect to the corresponding steps in Algorithm 3, fuzzify gg?ﬂggg ;gé? ;5;3
all historical data llst.ed in Table 3, c.onstr.uct all two—factor. sec- 9/22/1998 R TE
ond-order fuzzy relationship groups listed in Table 4, get an inde- 9/23/1998 6852 6962
pendent group of the trained two-factor second-order fuzzy 9/24/1998 6890 6980
forecast rules listed in Table 5, and an individual group of the fore- 9/25/1998 6871 6980
casted results listed in Tables 6 and 7, respectively. And the AFER gggﬂggg gggg gg;;
value for particle 1 in Table 8 is calculated in Eq. (10) based on 9/30/1998 6787 6834
Eq. (8) as follows,
Table 15
A comparison of the average forecasting error rate of the proposed method with those of the existing methods in September 1996 in the training phase.
1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
The proposed method
Average 0.56% 0.55% 0.57% 0.54% 0.51% 0.52% 0.53% 0.45%
Minimum 0.54% 0.54% 0.56% 0.54% 0.50% 0.51% 0.52% 0.41%
Standard deviation 0.02% 0.00% 0.00% 0.00% 0.01% 0.01% 0.01% 0.02%
Lee et al.’s method (Lee et al., 2008)
Annealing constant 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
=025 0.69% 0.58% 0.59% 0.57% 0.56% 0.57% 0.58% 0.47%
%=05 0.66% 0.62% 0.59% 0.59% 0.56% 0.54% 0.56% 0.53%
®=09 0.62% 0.59% 0.61% 0.57% 0.54% 0.59% 0.57% 0.50%
Lee et al.’s method (Lee et al., 2007)
Window basis 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
1.28% 0.91% 0.86% 1.03% 0.87% 0.97% 0.84% 0.82%
Chen et al.’s method (Chen & Hwang, 2000)
Window basis w=2 w=3 w=4 w=5 w=6 w=7 w=8
3.29% 3.10% 3.19% 3.22% 3.39% 3.38% 3.29%




2766 L.-Y. Hsu et al./Expert Systems with Applications 37 (2010) 2756-2770

Table 17
A comparison of the mean square error of the proposed method with that of Lee et al.'s method for the training phase.
1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
The proposed method
Average 875.84 177.43 167.91 126.97 116.97 118.96 100.15 108.87
Minimum 530.80 153.48 140.97 11241 105.40 114.81 92.17 94.54
Standard deviation 215.19 22.00 12.80 15.42 8.54 2.15 6.62 10.43
Lee et al.’s method (Lee et al., 2008)
Annealing constant 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
=025 849.03 192.57 282.71 202.87 226.67 309.18 316.40 151.34
=05 1205.32 213.47 280.82 206.48 217.84 176.51 244.51 148.63
o=0.9 799.19 193.88 208.79 142.26 143.31 147.14 105.02 124.45
Lee et al.’s method (Lee et al., 2007)
Window basis 1st-order 2nd-order 3rd-order 4th-order 5th-order 6th-order 7th-order 8th-order
1779.30 667.57 543.74 530.63 722.09 305.75 249.61 251.65
Sp , forecasted value of day {-actual value of day i The velocity of particle 1 is calculated in Eq. (11) based on Eq.
AFER = actual value of day i % 100% ) N N
n 0 (5). In Eq. (11) the elements will be restricted by Eq. (7) (i.e. veloc-
31 |forecasted value of day i-actual value of day il ity vector V; that b; € V; (1 <j < 8) is limited to [-5,5] and d € V;
_ =i actual value of day i % 100% (1 <k <6)islimited to [-50, 50]). In other words, the velocity vec-
29 tor is = {~0.53, 1.07, —0.08, 0.16, 0.44, 0.53, 0.35, 0.54, 0.27, 6.84,
_ 285°289| 1 295-293| | 285-288) ... 4 2852000 4 275277 0.52, 436, 13.75, 10.26}. Then the position vector of particle
29 1={23.47, 26.07, 25.92, 27.16, 28.44, 29.53, 30.35, 31.54, 14.56,
x 100% 35.41, 43.38, 61.50, 85.18, 95.97} based on Eq. (6). Last, restrict
1.06% the main-factor (i.e. Y4(t)) and the second-factor (i.e. Yp(t)) in the
=1. 0,

(10)

where n denotes the number of the forecasted data (i.e. 29), and
3 < i< 31 (i.e. from August-3-1996 to August-31-1996).

After all particles have got their own AFER values, every particle
updates its own personal best position so far according to the AFER
value. Note that the initial personal best positions are set as the ini-
tial positions of all particles. The personal best positions of all par-
ticles so far are listed in Table 8. In Table 8, since the AFTER value of

lower bound and upper bound of the universe of discourse within
particle 1, respectively, and intervals of corresponding new posi-
tion vector of the main-factor and the second-factor within particle
ineed to be sorted to ensure that each interval b; (1 <j < 8) and d
(1 <k <6)arrange in an ascending order, respectively. By this pro-
cedure, we can get the other particles’ position and velocity. Now
the MTPSO model moves all particles to the second positions
according to Egs. (5)-(7). The second positions and the correspond-
ing new AFER values of all particles are listed in Table 10, and the
second velocities of all particles are listed in Table 11.

= 0.3 x (1.52) + 2 x rand, () x (42.86 — 42.86) + 2 x rand,() x (43.16 — 42.86) = 0.52;

= 4.36;

bl =03 x (—1.67) + 2 x rand; () x (24.00 — 24.00) + 2 x rand,() x (23.89 — 24.00) = —0.53;
=03 x (3.81) + 2 x rand; () x (25.00 — 25.00) + 2 x rand,() x (24.65 — 25.00) = 1.07;
x (—0.20) + 2 x rand; () x (26.00 — 26.00) + 2 x rand,() x (25.91 — 26.00) = —0.08;
b4 =0.3 x (0.61) 4+ 2 x rand; () x (27.00 — 27.00) + 2 x rand,() x (26.88 — 27.00) = 0.16;
x (1.16) + 2 x rand; () x (28.00 — 28.00) + 2 x rand,() x (28.44 — 28.00) = 0.44;
x (1.62) + 2 x rand; () x (29.00 — 29.00) + 2 x rand,() x (29.19 — 29.00) = 0.53;
= 0.3 x (1.17) + 2 x rand; () x (30.00 — 30.00) + 2 x rand,() x (30.02 — 30.00) = 0.35; a1
=0.3 x (1.85) + 2 x rand; () x (31.00 — 31.00) + 2 x rand,() x (30.93 — 31.00) = 0.54;
=03 x (1.02) + 2 x rand; () x (14.29 — 14.29) + 2 x rand,() x (14.11 — 14.29) = 0.27;
=0.3 x (21.40) + 2 x rand; () x (28.57 — 28.57) + 2 x rand,() x (30.55 — 28.57) = 6.84;
(
d4 =0.3 x (10.59) + 2 x rand; () x (57.14 — 57.14) + 2 x rand,() x (62.78 — 57.14)

=0.3 x (46.67) + 2 x rand; () x (71.43 — 71.43)
d6 =0.3 x (32.21) + 2 x rand; () x (85.71 — 85.71) + 2 x rand,(

particle 3 is the least among all five particles so far, the global best
position (i.e. Pgpesr in Eq. (5)) is then set to particle 3. Then the
MTPSO algorithm moves all particles to the second positions
according to Egs. (5)-(7).

)
+2 x rand, () x (70.25 — 71.43) = 13.75;
)

x (88.55 —85.71) = 10.26.

By comparing the AFER values listed in Table 8 with those listed
in Table 10, it is obvious that particle 1 reaches a better position
than its own personal best position so far. Also the new global best



Table 18
A comparison of the mean square error of the proposed method with those of other existing methods in the training phase.

Date Actual Chen’s method Huarng’s method Huarng’s method Lee et al.’s Lee et al.’s method Lee et al.’s method The proposed
TAIFEX Chen (1996) (Two-variable (Three-variable method Lee et al. (2007) Lee et al. (2008) method (Seventh-
index heuristic)Huarng heuristic) Huarng Lee et al. (2006) order; MTPSO)

(2001a) (2001b)

8/3/1998 7552

8/4/1998 7560 7450 7450 7450

8/5/1998 7487 7450 7450 7450

8/6/1998 7462 7500 7450 7500 7450

8/7/1998 7515 7500 7500 7500 7550

8/10/1998 7365 7450 7450 7450 7350

8/11/1998 7360 7300 7350 7300 7350

8/12/1998 7330 7300 7300 7300 7350 7348 7329 7325.28

8/13/1998 7291 7300 7350 7300 7250 7301.5 7289.5 7287.48

8/14/1998 7320 7183.33 7100 7188.33 7350 7311.5 7329 7325.28

8/15/1998 7300 7300 7350 7300 7350 7301.5 7289.5 7287.48

8/17/1998 7219 7300 7300 7300 7250 7226.5 7215 7221.26

8/18/1998 7220 7183.33 7100 7100 7250 7226.5 7215 7221.26

8/19/1998 7285 7183.33 7300 7300 7250 7301.5 7289.5 7287.48

8/20/1998 7274 7183.33 7100 7188.33 7250 7256.5 7289.5 7287.48

8/21/1998 7225 7183.33 7100 7100 7250 7226.5 7215 7221.26

8/24/1998 6955 7183.33 7100 7100 6950 6952 6949.5 6952.02

8/25/1998 6949 6850 6850 6850 6950 6952 6949.5 6952.02

8/26/1998 6790 6850 6850 6850 6750 6783.5 6796 6781.01

8/27/1998 6835 6775 6650 6775 6850 6852 6848 6842.05

8/28/1998 6695 6850 6750 6750 6650 6713 6698.5 6696.17

8/29/1998 6728 6750 6750 6750 6750 6713 6726 6726.50

8/31/1998 6566 6775 6650 6650 6550 6561 6569.5 6580.45

9/1/1998 6409 6450 6450 6450 6450 6406 6417 6409.24

9/2/1998 6430 6450 6550 6550 6450 6406 6417 6409.24

9/3/1998 6200 6450 6350 6350 6250 6198.5 6205 6213.94

9/4/1998 6403.2 6450 6450 6450 6450 6406 6417 6409.24

9/5/1998 6697.5 6450 6550 6550 6650 6703 6698.5 6696.17

9/7/1998 67223 6750 6750 6750 6750 6713 6726 6726.50

9/8/1998 6859.4 6775 6850 6850 6850 6852 6848 6864.96

9/9/1998 6769.6 6850 6750 6750 6750 6783.5 6763 6781.01

9/10/1998 6709.75 6775 6650 6650 6750 6713 6726 6696.17

9/11/1998 6726.5 6775 6850 6775 6750 6713 6726 6726.50

9/14/1998 6774.55 6775 6850 6775 6817 6783.5 6763 6781.01

9/15/1998 6762 6775 6650 6775 6817 6783.5 6763 6781.01

9/16/1998 6952.75 6775 6850 6850 6817 6953 6949.5 6952.02

9/17/1998 6906 6850 6950 6850 6950 6952 6904.5 6906.70

9/18/1998 6842 6850 6850 6850 6850 6852 6848 6842.05

9/19/1998 7039 6850 6950 6850 7050 7089 7064 7039.20

9/21/1998 6861 6850 6850 6850 6850 6852 6848 6864.96

9/22/1998 6926 6850 6950 6850 6950 6952 6904.5 6906.70

9/23/1998 6852 6850 6850 6850 6850 6852 6848 6842.05

9/24/1998 6890 6850 6950 6850 6850 6893 6904.5 6906.70

9/25/1998 6871 6850 6850 6850 6850 6852 6848 6864.96

9/28/1998 6840 6850 6750 6750 6850 6852 6848 6842.05

9/29/1998 6806 6850 6750 6850 6850 6792.5 6796 6781.01

9/30/1998 6787 6850 6750 6750 6750 6783.5 6796 6781.01

MSE 9668.94 7856.5 5437.58 1364.56 249.61 105.02 92.17
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Table 19

A comparison of the mean square errors of the proposed method under two-factor seventh-order fuzzy relationships forecasting model to those of Lee et al.’s methods in the testing phase.?

Actual TAIFEX index

Lee et al.’s method Lee et al. (2007)

Lee et al.’s method Lee et al. (2008)

The proposed method

R1 R2 R3 R4 R5 R1 R2 R3 R4 R5 R1 R2 R3 R4 R5

9/10/1998  6709.75 6618.01 6611.68 661548 6614.86 6621.43  6928.23 6898.27 6918.74 6917.40 6940.32 6738.53  6726.08 6734.51 6733.95 6745.45
9/11/1998  6726.5 6683.42 6678.66 6677.80 6678.52 6677.48  6843.59 6847.00 6833.64 6852.23 6844.41 6764.25 6759.73 675624  6760.57 6757.89
9/14/1998  6774.55 6711.88  6714.55 6714.02 6696.02 6709.63  6799.85 6794.92 6810.33 6805.71 6801.85 6734.07 673645 6739.72 671822 6731.76
9/15/1998 6762 6735.55 6725.65 6732.89 6734.10 6732.02 6763.78 6770.44 6760.34 6762.37 6757.97 6726.55 6722.37 672391 6725.12  6722.54
9/16/1998  6952.75 6751.10 6751.99 6754.04 6753.79 6753.38  6791.52 6786.10 6789.71 6793.06 6787.25 6752.84 6752.16 6754.75 6755.38  6753.72
9/17/1998 6906 6759.98 6756.68 6757.13  6758.73  6756.02  6788.16 6786.01 6785.15 6784.40 6782.97 6765.37 676275 676295 6763.46 6761.54
9/18/1998 6842 681332 680242 680579 6805.88 6804.26  6964.29 6958.33 6958.09 6970.74 6970.06 6864.83 685345 685595  6859.65 6857.27
9/19/1998 7039 6836.26  6835.09 6838.97 6842.18 6842.04 6962.23 6928.86 6964.39 6977.22 6968.04 6890.64 6882.64 689347 6900.53  6898.97
9/21/1998 6861 684538  6850.54 6848.56 6853.19  6839.01 6867.86 6860.38 6871.17 6874.46 6854.84 6862.36 6868.10 6868.70 6873.82  6853.07
9/22/1998 6926 6904.72  6907.21 691099 6905.26 6897.33  7083.07 7107.55 7105.86 7126.05 7094.50 6951.21 6958.78 6961.68 6960.41  6951.95
9/23/1998 6852 690337 6908.97 690424 690743 6896.83  6857.20 6868.28 6862.71 6862.49 6858.96 6899.55 6909.34 6901.60 6906.14  6896.84
9/24/1998 6890 6918.69 6907.90 691533 6912.33 691927  6969.43 6932.60 6959.07 6944.36 6958.77 6921.17 6904.29 6916.62 6909.81 6919.94
9/25/1998 6871 6900.59  6898.23  6906.50  6905.18 6903.36  6832.85 6826.99 6833.52 6831.88 6832.86 6882.44  6878.28 6886.00 6885.13  6884.99
9/28/1998 6840 6908.27  6900.22 6903.14 6894.83 689595  6936.67 6900.98 6896.95 6843.24 6911.98 6910.55 6893.01 689240 6874.54 6894.10
9/29/1998 6806 688239 6883.24 6887.30 6881.62  6879.31 6855.42 6859.03 6863.76 6858.45 6860.31 6864.21 6866.85 6871.54 6865.87 6866.17
9/30/1998 6787 6868.88  6872.16 6868.67 6868.02 6878.34  6821.64 6826.67 6823.38 6825.64 6806.04 6858.44 686244 6859.12 6858.38  6865.06
MSE 881532 881532 9012.04 8813.86 875544 10519.78 10519.78 10216.53  10207.16  10601.61  6555.68 6555.68 6662.58 6385.86  6236.40
RMSEP 93.89 93.89 94.93 93.88 93.57 102.57 102.57 101.08 101.03 102.96 80.97 80.97 81.62 79.91 78.97
Average of RMSE 94.03 102.04 80.49

Minimum of RMSE 93.57 101.03 78.97

Standard deviation of RMSE 0.52 0.92 1.05

2 All three methods use the same number of intervals.

b The function of root mean squared error (RMSE) is defined by: RMSE =

Z‘":‘(forecasted value of dayi—actual value of dayi)
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position for all particles is created by particle 1 as its AFER is the
least for all particles so far. The MTPSO model repeats the above
steps until the stop condition is satisfied.

5. Experimental results
5.1. Experimental results for the training phase

The essential parameters of MTPSO model for the temperature
prediction are set as follows. We simulated 10 runs in each order.
Let the number of iterations be 1000, the number of particles be 30,
the value of inertial weight (i.e. @) be 0.3, the self confidence coef-
ficient (i.e. c¢1) and the social confidence coefficient (i.e. c;) both be
2, the velocity of the main-factor (i.e., the daily average tempera-
ture) be limited to [-5,5], the minimum velocity threshold of the
main-factor Vi; be 0.001, the velocity of the second-factor (i.e.,
the daily cloud density) be limited to [-50,50], the minimum
velocity threshold of the second-factor Vs, be 0.005, the universe
of discourse on Y, of the main-factor on the fuzzy time series be
[23.0,32.0] and be cut into 9 intervals, and the universe of dis-
course on Yp of the second-factor on the fuzzy time series be
[0.0,100.0] and be cut into 7 intervals, respectively.

A comparison of the forecasted accuracy (i.e. the AFER value)
between the proposed method, Lee et al. (2007, 2008) method
and Chen and Hwang (2000) method under different order fuzzy
relationships is listed in Tables 12-15. We can see that the pro-
posed method gets smaller forecasting error rate than the methods
presented in Chen and Hwang (2000) and Lee et al. (2007, 2008).
That is, the proposed method gets the higher forecasting accuracy
rate than the methods presented in Chen and Hwang (2000) and
Lee et al. (2007, 2008) for dealing with the temperature prediction
from June 1996 to September 1996 in Taipei, Taiwan.

The essential parameters of MTPSO model for forecasting TAI-
FEX are set as follows. We simulated 10 runs in each order. Let
the number of iterations be 1000, the number of particles be 30,
the value of inertial weight (i.e. @) be 0.3, the self confidence coef-
ficient (i.e. c¢1) and the social confidence coefficient (i.e. c;) both be
2, the velocity of the main-factor (i.e., the TAIFEX) be limited to
[-750, 750], the minimum velocity threshold of the main-factor
Vs be 0.1, the velocity of the second-factor (i.e., the TAIEX) be lim-
ited to [-750, 750], the minimum velocity threshold of the second-
factor Vi, be 0.1, the universe of discourse on Y, of the main-factor
on the fuzzy time series be [6100,7700] and be cut into 16 inter-
vals, and the universe of discourse on Yg of the second-factor on
the fuzzy time series be [6100,7700] and be cut into 16 intervals,
respectively. Let Y,(t) and Yp(t) be two historical data of the TAIFEX
index and the TAIEX index on day t (8/3/1998 < t < 9/30/1998) is
listed in Table 16.

A comparison of the forecasted accuracy (i.e. the MSE value) be-
tween the proposed method and the existing methods under dif-
ferent order fuzzy relationships is listed in Table 17 (Lee et al.,
2007, 2008) and 18 (Chen, 1996; Huarng, 2001a, 2001b; Lee
et al., 2006, 2007, 2008). By Tables 17 and 18, the proposed method
also gets the smaller forecasting error rate than the methods pre-
sented in Chen (1996), Huarng (2001a, 2001b), and Lee et al.
(2006, 2007, 2008). In Table 17, we list the comparison to Lee et.
al.’s methods Lee et al. (2007, 2008) with different orders up to
8. In Table 18, we list the comparison to all existing methods each
with the best forecasting accuracy.

5.2. Experimental results for the testing phase

In this section, we used the result of training phase to forecast-
ing TAIFEX index. Based on the historical data for the past days, we
can forecast the new TAIFEX index for the next day only. For exam-

ple, the historical data of TAIFEX index and TAIFEX index under
days 8/3/1998-9/23/1998, are used to forecast the new TAIFEX in-
dex of day 9/24/1998 using MTPSO. And the historical data of TAI-
FEX index and TAIFEX index under days 8/3/1998-9/24/1998, are
used to forecast the new TAIFEX index of day 9/25/1998. In the
experiment, based on two-factor seventh-order fuzzy relationship,
we ran the MTPSO algorithm for five times (i.e. R1, R2, R3, R4, R5 in
Table 19) and forecasted the latest 16 (i.e. from 9/10/1998 to 9/30/
1998 in Table 19) of total 47 (i.e. from 8/3/1998 to 9/30/1998 in Ta-
ble 16). The results of ours are also compared to those of Lee et. al.’s
methods Lee et al. (2007, 2008). To forecast the untrained pattern,

the formula W is used in (Lee et al., 2007) and the

(Myge—1) =M )+ (M) —Mige_1y)+-+(Mig —Myp)

formula m;, +
2008), respectively.

Experimental results of forecasted accuracy (i.e. the MSE value)
in the testing phase are listed in Table 19. As shown in Table 19 for
forecasting TAIFEX index from 9/10/1998 to 9/30/1998, the pro-
posed method gets the smaller forecasting error rate than those
of the methods presented in Lee et al. (2007, 2008).

is used in (Lee et al.,

6. Conclusions

In this paper, we proposed a modified turbulent particle swarm
optimization (named MTPSO) forecast model based on two-factor
high-order fuzzy relationships and particle swarm optimization.
The proposed method uses the MTPSO technique to adjust the
length of each interval in the universe of discourse for the temper-
ature prediction and the TAIFEX forecasting to improve the fore-
casting accuracy rate. The experimental results for these two
problems show that the MTPSO model is more precise than any
existing methods that forecast data for both the training phase
and the testing phase.
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