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Abstract

Traditional time series methods fail to
forecast the problems with linguistic
historical data. An alternative forecasting
method such as fuzzy time series is needed
to deal with these kinds of problems. Song
and Chissom (1993) proposed the fuzzy time
series to solve the problems of the
traditional time series methods. So far, many
previous studies have proposed variant
fuzzy time series models to deal with
This study
proposes a fuzzy time series method based

uncertain and vague data.

on trend variations. It has three advantages:
(1) determining universe of discourse and
the length of intervals based on fuzzy
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clustering; (2) forecasting data based on
trend variations; (3) using the weighted rule;
(4) utilizing the tracking signal to compare
the forecasting accuracy. In experiments and
comparisons, the enrollments at the
University of Alabama and the Taiwan stock
exchange capitalization weighted stock
Index futures (TX) are adopted to illustrate
and verify the proposed method, respectively.
This study utilizes the tracking signal to
compares the forecasting accuracy of
proposed model with other methods, and the
comparison results show that the proposed
method has better performance than other
methods.

Keywords: fuzzy time series, Taiwan stock
exchange capitalization weighted stock
Index futures (TX), trend variations
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Abstract:

In this paper, we propose an information fusion technique
for weighted time Series Model, is called OWA-MA
forecasting model. The OWA-MA forecasting model combines
OWA operator and weighted moving average (WMA). The
model deals with the dynamical weighting problem more
rationally and flexibly according to the situational parameter
o value from the user’s viewpoint. For verifying proposed
method, we use two datasetsto illustrate our performance, the
datasets are: (1) dataset 1: the yearly data on enrollments at
the university of Alabama [5] and (2) dataset 2: the forecast
demand table to evaluate the proposed mode [6].
Furthermore, the tracking signal as evaluation criteria to
compares the proposed model with other models. It is shown
that our proposed method proves better than other methods
for time series model.

Keywords: Information fusion technique; OWA
operator, OWA-MA forecasting model, time series.

1. Introduction

A sequence of n observed data, consisting of
continuous values changing with time, is called a
time series. Based on the idea that the time series
carry within them the potential for predicting
their future behaviors, the goal of time series
prediction or forecasting is to find the
continuations, A, of the observed n sequence

A, A,
Periods, and how to get the relative weights in
multi-criteria decision making (MCDM)
problems is a very important issue [2, 4, 7, 8].
The ordered weighted averaging (OWA)
issued by Yager [7] have been more popular

n+1°

---, A, . Time series contains multiple

recently. As history data is becoming largely
available, we can consider different effects
between the different Periods and to extract
relevant information from the data. The OWA
operators can fusion multi-Period values into
aggregated values of single value. It can be
applied to give different weight for every Period.

The weighted moving average forecasting
model allows emphasis to be placed on more
recent data to reflect changes in patterns. But
weighted used also tend to be based on
experience of the forecaster [4]. The main
objective of the paper is to apply an information
fusion technique for weighted Time Series Model,
is called OWA-MA forecasting model. The
OWA-MA forecasting model combines OWA
operator and weighted moving average (MA)
forecasting model. It not only considers the
degree of different influence between different
Periods but also focus on dynamical weighting
problems. The decision makers (doctors) just
need to change the weights of Periods dynamical,
then the proposed method can revise the weight
of each Periods based on aggregation situation
and the system will provide forecasting results to
the decision makers.

The rest of this paper is organized as follows.
Section 2 is preliminaries are introduced. In
section 3, the OWA-MA time series model is
developed. In Section 4, we describe briefly how
the processing of the OWA-MA time series model



to implement. And this paper uses the yearly data
on enrollments at the University of Alabama and
the dataset of product demand to evaluate the
proposed model. The conclusions and future
research are discussed in Section 5.

2. Preliminaries

In this Section, we describe briefly about
time series models, OWA Operator and forecast
Accuracy.

2.1. Time Series Models

Time series forecasts are dependent of the
availability of historical data. Forecasts are
estimated by extrapolating the past data into the
future [1, 6]. Time series data typical have four
patterns: (1) trend wvariations, (2) Cyclical
variations, (3) seasonal, and random variations
[6]. Time series forecasting is one of the most
widely used techniques. From the literatures, it
indicates that the top tree quantitative forecasting
techniques used are simple moving average,
weighted moving average, and exponential
smoothing. In this section, we introduce the basic
definition as follows:

[Definition 1] Simple moving average (MA)
forecasting model

t

XA
Ft+1:%a (1)
where F,, is forecast for Period t+I,

n=number of periods used to calculate moving
average, and A =actual demand in Period i.
[Definition 2] Weighted moving average (WMA)
forecasting model

t
Foa= ZWA, (2)

i=t—n+l1

where F,, is forecast for Period t+1,
n=number of periods used to calculate moving

average, A = actual demand in Period I, and

w; =weight assigned to Period I (with Yw; =1).

[Definition 3] Exponential smoothing forecasting
model

Fo =R +ﬁ(At - Ft)a 3)

where F,, is forecast for Period t+1, F, is
forecast for Period t,
Period I, and p =a

(0<p<1).

A = actual demand in

smoothing constant

2.2.  OWA Operator

The concept of OWA operators was first
introduced by Yager in 1988 [8]. Many
approaches have been proposed to calculate the
weights based on OWA operators and apply this
concept to many fields. In this section, we
introduce the basic definition and some
operations of OWA [2, 7, 8].

[Definition 4] An OWA operator of dimension n
is a mapping F: R" —> R, that has an associated

weighting vector W* = [W1 W, wn]T of having the
properties

Yw =1Lvw €[01],i=1,....,n,

i

and such that

4

where bj is the jth largest element of the
collection of the aggregated objects a; a,.. an.

Fuller and Majlender use the method of
Lagrange multipliers to transfer equation (7) to a
polynomial equation, which can determine the
optimal weighting vector. By their method, the
associated weighting vector is easily obtained by

(8)-(9) [4].

f(a.....an)= Sw)b,
j=l

Omess(W*)Zﬁf(n—i)wf (5)
—li=l

Disp(W") = - S Inw] (6)
i=l1



. . n * *
Maximize Y w; Inw;,
i=1
1

Subject to oz:ﬁfj(n—i)wi (7)
—1li=l
Inw; —Elnw: + 1 ] Inw,
n-1 -1
:>Wj—< ="Jw"  wpl ! (8)
and wf[(n—l)owl—nwf]1
=[n-a [0 -e=npi +1] (9
If w=w = -w :%: disp(W* )=Inn
W = (n—Da-nw, +1 (10)

(N—Da +1-nw,

Hence, the optimal value of w, should
satisfy equation (9). When w; is computed, we
can determine w, from equation (10), and then

the other weights are obtained from equation (8).
In a special case,

when w; =w; =...=w, LN disp( W™ ) = Inn
n

which is the optimal solution for «=0.5.

The parameter o can be treated as a
magnifying lens for the optimistic decision
makers to determine the most important attribute
based on the sparest information (i.e. optimistic
and « =0 or 1) situation. On the other hand,
when o =0.5 (moderate situation), this method can
get the attributes’ weights (equal weights of
attributes) for the pessimistic decision makers
based on maximal information (maximal entropy)

[2].
2.3. Forecast Accuracy

The ultimate goal of any forecasting
endeavor is to have an accurate and unbiased
forecast [1, 5]. In this section, we introduce the
formula for forecast error, defined as the
difference between actual quantity and the

forecast error, it is shown as follows:

1. Mean absolute deviation (MAD)
MAD=28
n

Where e, =
e,=A -F,, A=actual demand for Period t, and

n=number of periods of evaluation.
2. Mean absolute percentage error (MAPE)

(11

forecast error for Period ft,

1 e
MAPE=—y |-t
nZAt

(100) (12)

Where e, = forecast error for Period t,
e,=A -F, A=actual demand for Period t, and

n=number of periods of evaluation.
3. Running sum of forecast errors (RSFE)

RSFE=y ¢ (13)
Where e, = forecast error for Period t.
4. Tracking Signal
. . _ RSFE
Tracking Signal = VIAD (14)

The RSFE is an indicator of bias in the forecasts.
The tracking signal is checked to determine if it is
within the acceptable control limits [5]. The value
is more closer zero is better.

3. The OWA-MA forecasting model s

The paper proposes information fusion
technique for weighted time series model, it
utilizes OWA based moving average time series
model to solve time series problem. The study has
three research objectives in the following:
(1)Apply OWA to get aggregated Periods t.
(2)Propose an OWA based moving average
(OWA-MA) time series model to effectively
solve the problem of time series.

(3)Verity the proposed approach by the yearly
data on enrollments at the University of Alabama
[5] and the dataset of product demand [6].



3.1. OWA operator algorithm

In this section, the main procedure of the OWA
program is simply presented as following (as
Figure 1.).

For different « and n, we can get different
OWA weight.

OWA (n, «)

/* n 1s the number of attributes; « is the
situation parameter */

If a<0.5

Then a=1-«a

If «a>05

Then wl*[(n “a+1- nwl*]n _

[(r: —1)e]"" [(n-1)a—nw; +1| //Calculate

W, =[((N= D — MW, +1]/[(N— D +1-nw; ]

/[Calculate w;,

Figure 1. Algorithm of the OWA operator

For example, if n=4 then we can get w, ~w;, it is
shown as Table 1. The distribution of the w; ~w;

values for different situation parameter values is
shown in Figure 2.

Table 1. The w ~w, values for different
situation parameter values «
a=0.5 a=0.6 a=0.7
w, 0.25 0.416657  0.493805
w, 0.25 0.233398  0.237305
w; 0.25 0.130859  0.11377
w, 0.25 0.073547  0.054918
a=0.8 a=0.9 a=1.0
w 0.59646 0.76409 1.00
w, 0.25195 0.18212 0.00
w; 0.10644 0.04345 0.00
w, 0.04501 0.01036 0.00

1.2

L L s
08 T \ / —— w1
0 W2
\\ / w3

04 W4

o Lo
1 09 08 07 06 05 06 07 08 09 1

Figure 2. The w ~w, values for different

situation parameter values «

3.2 Thealgorithm of OWA-MA forecasting model

In this section, the algorithm of OWA-MA is
proposed as follows:

STEP 3.1: Given the period number n and
situation ~ parameter « .
STEP 3.2: Rank the important degree of

Period t. (€5th >ty >t

STEP 3.3: Get OWA weights W, ~W. by
OWA algorithm.
STEP 3.4: Calculate the F,, by the
OWA-MA forecasting model.
toox
Ft+l = '—tZV\qi Al s (15)7
where F,,, is forecast for Period t+1,

n= number of periods used to calculate
moving average, A = actual demand in
Period I, and w=OWA weight assigned to
Period i (with Tw =1).

STEP 3.5: Calculate the forecast accuracy
by equations (11)~(14).

4. Verification and Comparison

For verification and comparison, the paper
uses two databases: (1) the yearly data on
enrollments at the University of Alabama and (2)
the dataset of product demand to evaluate the



proposed model. 1974 14696 1985 15163
1975 15460 1986 15984

4.1 The yearly data on enrollments at the University of 1976 15311 1987 16859

Alabama 1977 15603 1988 18150
1978 15861 1989 18970
This study adopts the yearly data on enrollments 1979 16807 1990 19328
at the University of Alabama. The database 1980 16919 1991 19337
contains atotal of 22 periods as listed in Table 2. 1981 16388 1992 18876
For example, calculate the forecast for Period 5
using a four-period OWA-MA. Table 3. The results of the proposed model for
(1) From step 3.1, we obtain the period number dataset 1
n=4 and situation parameter o =0.8. Year | Al TORCCSt iapy RsFE
(2) Secondly, we rank the important degree of 971 13055
Period t, then we can obtain t, >t; >t, >t,.
1972 13563
(3) From OWA algorithm, we can get w, ~w,, o 1aser
the results is shown as Table 1.
(4) From step 3.6, calculate the F; by the 17 14696
OWA-MA forecasting model. 1975 15460  14290.93 1169.073 1169.073
If =038 then Wl* N W: 20596466, 0251953’ 1976 15311 15010.72 300.2755 300.2755
0106445, 0.045018. 1977 15603  15216.27 386.7282 386.7282
Fs =(0.596466*14696+0.251953*13867 1978 15861  15471.54 389.457 389.457
+0.106445*13563+0.045018*13055)/4 1979 16807 15717.53 1089.465 1089.465
=14290.93 1980 16919  16371.17 547.8299 547.8299
(5) Calculate the forecast accuracy by equations 1981 16388 16716.93 3289301 32893
(11)~(14). The results are shown as Table 4
1982 15433 16540.74 1107.737 -1107.74
and Table 5.
Finally, we compute tracking signal to evaluate 1983 15497 1589183 394.834 -394.834
the estimated accuracy. The tracking signal is 1984 15145 15637.91 4929121 -492.912
more closer zero is better. In Table 4 and Table 5, 1985 15163  15318.52 155.5213 -155.521
we can see that the MAPE is smaller than MA 1986 15984 1520439 779.6095 779.6095
and WMA, and the fracking signal of the 1987 16859 15664.04 1194.963 1194.963
proposed approach with OWA operator is closer ' ' '
zero, that is, the proposed model is more robust 1988 18150 16378.87 1771132 1771.132
than MA and WMA. 1989 18970  17457.57 1512.434 1512434
1990 19328 18402.04 925.9607 925.9607
Table 2.‘The yearly data on enrollments at the 1991 19337 18998.99 338.0126 338.0126
University of Alabama 1992 18876  19239.96 3639582 -363.958
Year Actual Year Actual . _
Enrollment Enrollment Tracking Signal 0.570695

1971 13055 1982 15433
1972 13563 1983 15497 Table 4. The results of the MA and WMA (weight:
1973 13867 1984 15145 0.1,0.2,0.3,0.4) forecasting models for dataset 1



MA WMA

forecasting forecasting Finally, the paper compares results of the MA
model model and WMA forecasting models shown in Table 7
MAPE 6.37% 5.27% and Table 8.
MAD 1078.85 893.01 Table 7. Th Its of the MA and WMA (weight
able 7. The results of the an weight:
};SFE. 12643.75 9783.00 0.1,0.2,0.3,0.4) forecasting models for dataset 2
Si;"‘lfalmg 11.72 10.96 MA WMA
Table 5. The results of the OWA-MA forecasting forecasting forecasting
model for dataset 1 model model
0.5 0.6 0.7 08 09 1 MAPE 12.35% 12.75%
MAD 248.08 255.00
MAPE 6.37% 16.91% 12.29% 4.35% 3.63% 3.01%
RSFE 2550.00 1910.00
MAD 1078.85 2855.58 2080.53 736.05 613.25 504.22 :
Tracking
RSFE 1264375 5140038 -14646.75 420,06 32374 23222 i) 10.28 7.49

Tracking .72

. 18.00 -7.04 0.57 053 046
signal

Table 8. The results of the OWA-MA

forecasting model for dataset 2
4.2 The dataset of product demand 0.5 0.6 0.7 0.8 0.9 1

This study adopts the forecast demand table. The MAPE  1235% 17.69% 14.72% 13.06% 13.25% 13.64%
databa% Contaj ns atota' Of 30 penods as ||$ed in MAD 248.08 37246 309.45 259.50 262.56 269.23

Table 6. RSFE  2550.00 9108.77 6641.38 1400.53 1001.44 600.00
Table 6. The dataset of product demand 1RCNNg 1008 2446 2146 540 381 223
Week Demand Week Demand e

1 800 16 1700 Then, we compute tracking signal to evaluate the
2 1400 17 1800 estimated accuracy. The tracking signal is more
3 1000 18 2200 closer zero is better. In Table 7 and Table 8, we
4 1500 19 1900 can see that the tracking signal of the proposed
approach with OWA operator is closer zero, that
> 1500 20 2400 is, the proposed model is more robust than MA
6 1300 21 2400 and WMA.
7 1800 22 2600
8 1700 23 2000 5. Conclusions
9 1300 24 2500 In this paper, we have proposed an OWA-MA
10 1700 25 2600 forecasting model for estimate time series
11 1700 26 2200 problem. From the result, we can see that the
12 1500 27 2200 tracking signal of the proposed approach is better
than the existing methods. The proposed
13 2300 28 2500 OWA-MA forecasting model can get robust
14 2300 29 2400 estimated accuracy than the existing methods,
15 2000 30 2100 that 1s, the estimated accuracy rate of the




proposed method is better than other methods.
Therefore, we can use OWA-MA forecasting
model to increase estimating accuracy.
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