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Abstract: This paper, we propose generalized fuzzy logical relationships based on natural partitioning
and adaptive defuzzification. The proposed method provides a better approach to improve performance
by producing a good evaluation of the forecasted value. This study aims to minimize forecasting errors
for each data series. The general suitability of the proposed model was tested by implementing it in the
fore- casting of student enrollments at the University of Alabama. In order to show the superiority of
the proposed model over existing methods, the results obtained have been compared with evaluations
such as MSE, RMSE, MAE, MAPE, and forecasting error errors for each time series data. Comparative
studies show that the proposed method is superior to existing methods for all evaluations provided..
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1. Introduction

Forecasting continuously sequenced data that changes over time or time series is an important and
exciting problem in various applications, such as predicting stock prices in the stock market, monitoring
weather or air pollution in environmental protection, and estimating the number of student enrollments
in universities. These problems are frequent. This problem has been extensively studied and studied
comprehensively in the fields of statistics, signal processing and neural networks in the last decade.

Unclear and incomplete data phenomena make forecasting problems difficult to solve. [17, [2]
introduced fuzzy time series to deal with the un- certainty of the data by representing the data as
linguistic values in an uncertain environment. They predict the fuzzy time series for enrollment at the
University of Albama with 4 procedures: (1) partitioning the universe of discourse into intervals of equal
length. (2) define the universe of discourse, fuzzify the time series and model the fuzzy relations on each
time series data. (3) forecasting (4) defuzzification of fore- casted output. Modeling fuzzy equation
equations on each data series and reasoning estimates require a large processing time in fuzzy relations.

Since launching Song and Chissom’s method, many researchers have competed to reduce forecasting
errors and computational burden. Standard matrix multiplication operations on the Markov model [37,
Simplified arithmetic operations in the forecasting process[4_|. High-order fuzzy time series models [57],
C63, [7, 81, [97, (107, (11, [12], (187, [143, (157, (167, [177, (187, (197, [201, [21], [22],
[237. A heuristic approach for forecasting fuzzy time series[24], [25], [26], [27], [28].

The definition of a universe of discourses with arbitrarily selected parameters and was decomposed
into the same interval length in step (1) greatly influences forecasting performance significantly[24].
The partitioning approach of the universe of discourse has been widely proposed. Interval length based
on partition density [107], [297], [30], [317, [82], [83], [34], Automatic clustering techniques [87,
[85], [36], [37], [38, p. 2017, [39], [40], K-Means Clustering [417, [427], [43], [44 interval
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ratio[247], [45], [46], [46], [47]. Low forecasting error has been demonstrated through all
partitioning approaches of the universe of discourse. All of these approaches identify a very large
number of intervals. The more intervals identified, the smaller the forecast error achieved. However, too
many intervals could result in fewer fluctuations in the fuzzy time series and complicate defuzzification.
[487] proposed natural Partitioning (NP) to tackle the issue of interval length efficiently. The 3-4-5
natural partition rule based on the value range at the most significant digit (MSD) is applied to divide
the universe of discourse naturally. NP produces small intervals compared to partition density,
automatic clustering, K-Means Clustering, and interval ratio (University of Alabama enrollment data
experiment 10 interval values for NP and 18 to 24 for other approaches). This paper used NP for
partitioning the universe of discourses.

The formation of FLR by optimizing the intervals segmentation on the partition of a universe of
discourse. FLR is one of the most critical factors affecting forecasting accuracy in fuzzy time series
[81]. Generalized FLR or GTS (M, N) with M is a number of orders, and N is the hierarchies of
principal fuzzy relationship applied to data forecasting at the University of Alabama, resulting in
performance that GTS (M, N) is better than three conventional fuzzy time series models (877, [497. In
addition, forecasting with defuzzification. [50]proposed a Weighting Fuzzy Time Series (WI'TS)
based on chronological order in the fuzzy logical group to deal with repeated FLR problems in
defuzzification.[517 adopted WITS for enrollment forecasting resulting in competitive errors.
Detuzzification of GTS (M, N) with WI'TS for enrollment forecasting produces a small error. However,
the forecasting results for each data series still found high errors. There exists defuzzification of fuzzy
time series data is inappropriate when using WETS. Therefore, this paper proposes an adaptive rule
based on a minimum distance as an additional defuzzification rule

The proposed method selects the shortest distance between the actual data and the forecasting value
based on the FLR. Adaptive rules based on a minimum distance can handle high error issues in each
tuzzy time series defuzzification, especially the enrollment data for the University of Alabama, which is
the benchmark for testing the fuzzy forecasting model.

2. Brief of Some Concepts
2.1. Fuzzy Time Series

The basic concept of fuzzy time series (I'I'S) was introduced by [17, [27], where the values of I'T'S
are represented by fuzzy sets. Let L = py,p;,P3,...Pn be the universe of discourse. The fuzzy set

. ;(P1) n
K; of L is defined by K; = fK;pl +fK;(p2) +...+fK1—(p)
1 2

n

fuzzy f,)(p;) degree of p; in the fuzzy set K and 1 <a< n . Let Z(t) (t =...,0,1,2,...) is the
universe of discourse from the predetermined

fuzzy set f;(t) it F(t) is a set of f;(t), f,(t) then F(t) is a fuzzy time series defined by Z(t) [5]. If
F(t) is caused only by F(t — 1) then the fuzzy logical relation is represented by F(t) = F(t — 1) *
R(t,t — 1) which is a fuzzy relation between F(t) and F(t — 1) where is the operator. For simplicity,
given F(t — 1) = K; and F(t) = K; The fuzzy logic relation between F(t) and F(t — 1) can be
expressed as K; = K; where K; is called the Left-Hand Side (LHS) and K] is called the Right-Hand Side
(RHS) of the FFuzzy Logic Relationship (FLR). Furthermore, fuzzy logic relations can be grouped into
Fuzzy Logic Relationship Groups (FLRG) to build different fuzzy relations.

Given F(t) fuzzy time series. If F(t) is caused by F(t — 1),F(t — 2),...,F(t —m) , then the
fuzzy logic relations are expressed as F(t — m),...,F(t —2)F(t — 1) = F(t), and is called the m-
order fuzzy time series forecasting model. Given G(t) (t =....,0,1,2,...) a fuzzy time series, where a

fuzzy set represents the value of G(t) If G(t) is caused by G(t — 1),G(t — 2),...,G(t —m), then

where fg, is the membership function of
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FLR will be represented as G(t — m),...,G(t — 2),G(t — 1) = G(t) and is called the m-order FLR,
m = 1and m = 2 are one order and high order, respectively.

2.2. Natural Partitioning

This section, interval formation will be carried out, where the universe of discourse partition
intervals into equal-length sub-intervals uses the concept of a hierarchy based on natural partitioning
(NP). This paper uses the 3-4-5 rule of NP, which recursively collects continuous values into uniform,
intuitive or natural intervals [487. The rule is based on the most significant digit (MSD) in an interval;
the continuous value is partitioned into 3, 4, or 5 relatively equal sub-intervals. Table 1 informs the
high-level to low-level recursively. I'rom this table, partitioning intervals can use the 3 - 4 -5 rule where
the need to produce a hierarchical concept in discretization variables. The impact of the interval length
on the I'TS can be investigated through the 3-4-5 rule.

Table 1.

The 8-4-5 rule of NP [487]
Distinct values of the value range at MSD | Number of intervals segmented
3,6,9 3 equiwidth intervals
7 3 intervals in the grouping of 2-3-2
2,4, 8 4 equiwidth intervals
1, 5, 10 5 equiwidth intervals

2.8. The Higher Order Fuzzy Time Series Based on Generalized Fuzzy Logical Relationship

Higher-order forecasting is based on general fuzzy logical relationships, namely the process of
creating a relationship matrix and finding out the fluctuation pattern of a time series based on basic
fuzzy rules that are easy to understand. Let L partitioned into n equal intervals of length [; then ug, (t)

is the degree of membership defined to calculate the weight of fuzzy set K; by the following equation.

1,i=1/\xtS mq
Li=nAx<m,

#Ki(xt) = |xi — mil (1)
max40,{ 1 ————— |t otherwise
2 X lin
at time t;(i = 1,2,3,...,n), where x; is the time series value at time t with m; is middle value at

time t;, m, is middle value at time t, and [; is interval of length. Suppose Gg(t — M) =
(ua(t = M), pp(t = M), pn(t = M) and fie(6) = (ua (D), pz(O), o, (D). 1F 7Y and
—(t-M

ﬁ]t are the maximum values of (i1 (t), U (t),..., Un(t)), respectively, then KE - ﬁ; is called the M-
order first principal fuzzy relationship, denoted as GT S(M, 1) (generalized fuzzy logical relationships).
If KE™ is the N'™™ maximum value of (uq(t — M), uy(t — M), ..., up(t — M)), then K} - I?j”l is
called the relation Mt order N** main fuzzy logic, denoted as GTS(M, N) that is grouped into matrix
M X N and expressed as R(k'l)(k =12,...M;1l =1,2,...,N)[49]

2.4. Weighted Fuzzy Time Series

Weighted Fuzzy Time Series (WEFTS) is the development of the I'TS, which handles the problem of
recurring fuzzy logic relations and gives weight to each fuzzy relation to describe the difference in the
importance of the sequence of fuzzy relations [507]. The FLR with the same LHS can be grouped into
FLRG by placing all of their RHS together as the RHS in FLGR. For example, 4; = Aj, A; - Ay. A; -

Ay, A; » Ap be grouped A; - Aj, Ay, Ag, Ay The second FLR in which there is an intermediate
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chronological order A; and Aj,Ak Y ,Ap Next, the computation to determine the weight is formulated
as follows [517:

w :[wl'wZI'")wn]

—| J k P ]
j+k+1l4+m’ j+k+1l4+m’ " j+k+l+m
[ C1 C2 Cy
lci;+c2 +es+cy ' +c24+c3+c,’ T tc2 +c3+c4]

[ o C2 Cn

= ] (2)

_Zzz1ch’zzz1ch’ ,ZZ:lch

3. The Proposed Method

Forecasting results on each time series data found a high error. The weighting based on
chronological order in the fuzzy logical group to proposed by [507] has yet to provide the best solution
for defuzzification. This paper proposes a weighted generalized fuzzy logic relationship based on natural
partitioning and adaptive defuzzification on high-order fuzzy time series. The workflow of the proposed
method is shown in Figure 1. This paper applied the proposed method to forecasting enrollments at the
University of Alabama is as shown in [47]. The following is the proposed method algorithm:

H [Li_u}_;_u\ S-S R P S (N T T N RORT TR (8 1)) N M
'

Figure 1.
Worktlow of proposed method.

Step 1: Define the universe of discourse and partition intervals. Supposed Sy, g, and Sy, are actual
maximum and minimum enrollment data, respectively. Select & and &, are appropriate positive integer
numbers such that £ = (Spax + & — (Smin — €1)) partitioned with the digital position of £ MSD.
Next, the universe of discourse is defined to be S = [Spin — €1, Smax + 2] In Table 2, S =
19337, then g, = 3055and €, = 663. Hence,S = [10000,200000].

Step 2: the 3-4-5 rule of NP is implemented to S and five equiwidth intervals at the first level are
obtained due to (20000 — 10000) 10000 = 1:[10000,12000,[12000 — 14000],[14000 —
16000],[16000 — 18000], and [18000 — 20000]. However, [10000 — 12000] needs to be deleted
due to without covering any historical value. In the following, play the NP rule to the remaining four
intervals, respectively. For example, [12000,14000] will be partitioned into four equal subintervals
with (14000 — 12000) 10000 = 2. Thus, a second level interval partition can be obtained as shown in
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Table 8. Three Intervals, i.e. [12000,12500],[12500,13000], and [195000 — 20000] are deleted
because of there exist no actual data are covered. Thus, the obtaining intervals are
Step 3: Build fuzzy sets. From Table 4, the triangular fuzzy sets is presented.

Table 2.
The interval partition of actual enrollment data using the NP Rule.
The one-level The 2 -level interval partition
interval partition
[ 12000, 14000 [12000, 125007 [12500, 130007 [13000, 135007 [13500, 14000]
[ 14000, 16000] [ 14000, 145007 [14500, 150007 [15000, 155007 [15500, 16000
[16000, 18000] [16000, 165007 [16500, 170007 [17000, 175007 (17500, 18000
[ 18000, 20000 [18000, 185007 [18500, 190007 19000, 195007 (19500, 20000
Table 3.
Partition of the universe of discourse.
Index Interval Index Interval

s1 | [18000,185007 | s8 | [16500,170007]
s2 | [18500,140007 | s9 | [17000,17500]
s3 | [14000,145007 | s10 | [17500,18000]
s4 | [14500,150007 | s11 | [18000,18500]
s5 | [15000,155007 | s12 | [18500,19000]
s6 | [15500,160007 | s13 | [19000,19500]
s7 | [16000,16500]

From Table 2 and 4, the value of membership degree by Eq.(1). Next, the fuzzification process is
carried out by selecting 2 values of the maximum degree of membership (Jilani et al., 2010). In detail,
The value of the membership degree and the fuzzification results are shown in Table 5.

Table 4.
Triangular fuzzy sets.

Fuzzy | Interval fuzzy

Al [18000, 18250, 135007
A2 (138500, 13750, 14000]
As 14000, 14250, 145007
A4 (14500, 14750, 150007
A5 (15000, 15250, 15500]
A6 (15500, 15750, 16000]
A7 (16000, 16250, 165007
AS (16500, 16750, 170007
A9 (17000, 17250, 17500]
A10 | [17500, 17750, 180007
All [18000, 18250, 18500]
Al12 (18500, 18750, 19000]
A13 [19000, 19250, 19500
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Step 4 Build FLR based on generalized fuzzy logical relationships or GTS(M,N) withM =3
and N = 2. The fuzzy logical relationships of the enrollments as shown in Table 7. Next, create the
FLRG for each GTS(M, N). The groups identified for the enrollments is shown in Table 8.

Step 5: Determine weight by using weight matrix proposed by using Eq. (2). The weight matrix
identified for the enrollments is presented in Table 9.

Step 6: Play adaptive defuzzyfication. Let A; — Aj, Ay,...,Ap is FLRG and the corresponding
weight for Aj ,Ak,...,Ap are w1, Wy, ..., wWy,. Mid value of Aj,Ak,...,Ap are m;, My, ..., My, The final
defuzzification is denoted as the multiplication of the defuzzification matrix and the transpose of the
weighting matrix as follows:

e(®) = M) x W'
= [m,my,...,mp] X (w1, @,,..., wy] 3)
Thus, the adaptive defuzzyfication denoted by T that is formulated as follows:

T(t) = min[(m; — x(6)), (e — x(8)), ..., (mp — x(1)), (2(t) — x(¥))] (4)

Table 5.
The value of the membership degree and the fuzzification results.

Year(t) | Actual (x) malx(p._(K_Ql ) Fuzzified enrollment
1971 13055 0.55 0.05 A1;A2
1972 13563 0.93 0.56 A1;A2
1973 13867 0.87 0.63 A2;A1
1974 14696 0.80 0.69 A3;A4
1975 15460 0.96 0.64 Ab5;A4
1976 15311 0.81 0.61 A5;A4
1977 15608 0.89 0.60 A5;A6
1978 15861 0.86 | 0.63 A6;A5
1979 16807 0.86 0.63 A8;AT
1980 16919 0.91 0.58 A8;AT
1981 16388 0.88 | 0.61 AT;A6
1982 15433 0.93 | 0.56 A5;A4
1983 15497 0.99 0.50 Ab5;A4
1984 15145 0.85 0.64 A4;A5
1985 15163 0.83 | 0.66 A4:A5
1986 15984 0.98 0.51 A6;A5
1987 16859 0.85 0.64 A8;AT
1988 18150 0.85 | 0.65 A10;A11
1989 18970 0.97 0.53 A12;A11
1990 19328 0.82 0.67 Al13;A12
1991 19377 0.87 | 0.62 A13;A12
1991 18876 0.87 0.62 A12;A11

Based on Eq. (4), if T(t) = (m; — x(t)), then T(t) = m; . Suppose from Table 7, A1 is the
fuzzification of x(1971) = 13055 and x(1972) = 13563. FLR in R(1,1) used for bulid of FLRG as
Ay - A A IfF(t — 1) = A4, then forcasting value is Aq, A,. From Eq. (3) is obtained ¢(1972) =
13583 and Eq. (4) is obtained T(1972) = min(313,187,20) = 20. Hence, T(1972) = 20, then
T(t) = 13583. Next, we will calculate the forecasting results at R(12) R2Y p(22) RBL) 454 RGD ip
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the same away analogously. The results of enrollment data forecasting using generalized FLR with
M = 3 and N = 2 are presented in Table 10.

Step 7: Evaluation of forecasting results. The calculations of rrror evaluation used Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE).

n
1
MAE :EZ At — Ft| (5)
t=1
n_ (A, — F,)?
RMsE = |2tz ; ) (6)

T [FER x 100%

MAPE = - 7)
From Eq. (5), (6) and (7), we calculated the evaluation error of the enrollment data forecasting. The

comparison results of enrollment data forecasting errors are presented in Table 10.
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Table 6.
The FLR of enrollments based on generalized fuzzy logical relationships.
Fuzzified k=1 k=2 k=3
Year (t) | Actual (x) enrollment 1=1 1=2 1=1 1=2 1=1 1=2

1971 13055 AL;A2 - - - -
1972 13563 A1;A2 Al— Al A2— A1 - - - -
1978 13867 AL;A2 Al— A2 A2— A2 Al— A2 Ao2— A2 - -
1974 14696 A2;A8 A2— A3 Al1— A3 Al1— A3 A2— A3 Al1— A3 A2— A3
1975 15460 A3;A4% As— A5 A4— A5 A2— A5 Al1— A5 Al1— A5 A2— A5
1976 15311 A5;A4 As— A5 Ad— A5 As— A5 Ad4— A5 A2— A5 Al1— A5
1977 15603 A5;A6 As— A5 Ad— A5 As— A5 Ad4— A5 As— A5 As— A5
1978 15861 A6;A5 As5— A6 A6— A6 As5— A6 A4— A6 As5— A6 A4— A6
1979 16807 A8;A7 A6— AS As5— AS As5— A8 A6— A6 A6— A8 A4— A8
1980 16919 A8;AT A8— A8 A7— A8 A6— A8 As— A8 As— A8 A4— A8
1981 16388 AT;A6 AS— A7 A7— A7 A8— A7 As— A7 A7— A7 A6— A7
1982 15433 A5;A4 A7— As A6— A5 A8— A5 A7— A5 A6— A5 As— A5
1983 15497 A5;A4 As5— A5 A4— A5 A7— A5 A6— A5 Ad4— A4 A7— A5
1984 15145 A4;A5 As— A4 Ad— A4 As— A4 Ad— A4 Ad— A4 A7— A4
1985 15163 A4;A5 Ad— A4 As— A4 As— A4 Ad— A4 Ad4— A5 A6— A4
1986 15984 A6;A5 A4— A6 As— A6 Ad4— A6 As5— A6 A5— A8 A6— A6
1987 16859 A8;AT A6— A8 As— A8 Ad4— A8 As— A8 A5— A10 | A4— AS
1988 18150 A10;A11 A8— A10 A7— A10 A6— A10 As— A10 A7— A12 | As5— A10
1989 18970 Al12;A11 A10— A12 | Al11— A12 A8— A12 A7T— A12 Al11— A138 | As— A12
1990 19328 A13;A12 Al2— A13 | A11—> A13 | A10— A13 A11— A13 | A11— A13 | A5— A13
1991 19377 A13;A12 A13— A13 | A12— A13 | Al12— A13
Table 7.
The generalized fuzzy logical relationship group.

Group k=1 k=2 k=3

1=1 1=2 1=1 1=2 1=1 1=2
G1 Al— A1, A2 Al— As Al1— A2, A3 Al— A5 Al1— A3, A5 Al— A5
G2 A2 — A3 A2— A1, A2 A2— A5 A2— A2, A3 A2— A5 A2— A3, A5
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G3 A3— A5 A3— A5 A3— A5
G4 A4— A4, A6 Ab5— A8, A4, A6, A4— A6, A8 A5 — AS, A6, A4— A8, A10 As5— A5, A5, Al0,
As As, A10 Al12,A13
Gs As— A5, A5, A6 A6— A6, A5 A5— A5, A6, AS, A6— A8, A5 As5— A6, A8, A6— A7, A4, A6
A4 A8, A4, A6
Ge6 A6— A8, A8 A7— A8, A7,A10 A6— A8, A10 A7— A7, A5, A6— A7, A12 A7— A5, A4, A138
Al2
G7 A7T— A5 A11—> A12,A13 A7— A5 A11— A13,A13 A7— A4 Al1—> A12
Gs8 As— A8, A7, A12— A12,A18 A8— A7, Aj, Al12— A13 A8— A13, As, -
A1l0 A12 A6
G9 A10— A12 A10— A13 - A10— A13 -
Gl1o A12— A13 Al12— A13 - A12— A12 -
G11 A13— A13,A12 - - - -
Table 8.
The weight matrix of enrollments.
G k=1 k=2 k=3
roup 1=1 =2 1=1 1=2 1=1 =2
G1 (1,38/2) (1) (2/5,3/5) (1) (3/8,5/8) (1)
G2 (1) (1,8/2) (1) (2/5,8/5) (1) (3/8,5/8)
Gs (1) (5/24,5/24,5/ (1) (5/24,5/24,4/ (1) (6/30,8/30,8/30,8/30)
24,5/ 24,4/ 24) 24,6/ 24,4/ 24)
G4 (4/10, 6/10) (8/26,4/26,6/26,8/26) (6/14,8/14) (8/32,6/32,8/ (8/18,10/18) (5/45,56/45,10/45,
32,10/32) 12/45,18/45)
G5 (5/25,5/25,6/25, (6/11,5/11) (5/29,6/29,8/ (8/18,5/13) (6/32,8/32,8/ (7/17,4/17,6/17)
5/25,4/25) 29,4/29,4/29) 32,4/32,6/32)
Gs6 (8/16,8/16) (8/25,7/25,10/25) (8/18,10/18) (7/24,5/24,12/24)| (7/19,12/19) (5/22,4/22,18/22)
G7 (1) (12/25,13/25) (1) (18/26,13/26) (1) (1)
Gs (8/25,7/25,10/25) (12/25,13/25) (7/24,5/24,12/24) (1) (18/24,5/24,6/24) -
G9 (1) - (1) - (1) -
G1o (1) - (1) - (1) -
G11 (18/25,12/25) - (1) - - -
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Table 9.

The results of the actual forecasting enrollment data.

k=1 k=2 3
Year (t) Actual (x) =1 =2 =1 = =1 =2
1971 130565 - - - -
1972 13563 13583 13583 - - -
1973 13867 13750 13750 13950 13950 -
1974 14696 14250 14250 14250 14250 14875 14875
1975 15460 15250 15250 15250 15250 15250 15250
1976 15311 15283 15250 15250 15250 15250 15250
1977 15603 15750 15250 15657 15750 15250 15250
1978 15861 15750 15750 15750 15750 15750 15750
1979 16807 16750 16750 16750 16750 16750 16750
1980 16919 17010 17010 16750 16875 16750 16750
1981 16388 16250 16250 16250 16250 16250 16250
1982 15433 15250 15528 15250 15250 15250 15250
1983 15497 15283 15250 15250 15250 15250 15250
1984 15145 15250 15167 15250 15208 14750 15250
1985 15163 15350 15250 15250 15208 14750 15250
1986 15984 15750 16212 15750 15750 16125 15750
1987 16859 16750 16750 16750 16875 16750 16750
1988 18150 17750 17750 17750 17750 17750 17894
1989 18970 18750 18990 18750 18750 18750 18750
1990 19328 19250 19250 19250 19250 19250 19250
1991 19377 19250 19250 19250 19250 19250 19250
1991 18876 18750 18750 18750 18750 18750 18750
Table 10.
The comparison results of enrollment data forecasting errors. |
. Proposed Method 49
Evaluation | Model M<=1 P M=2 M<=3 M=1 I\EI :]2 M<=3
MAE GTS(M,1) 152.17 147.562 168.95 473 471 501
GTS5(M,2) 142.06 138.02 138.62 372 375 390
RMSE GTS(M,1) 185.9 184.1 209.7 625 632 643
GTS5(M,2) 186.4 180.1 165.0 447 449 460
MAPE GTS(M,1) 0.00987 | 0.00903 | 0.01039 | 0.0293 | 0.0291 | 0.0307
GTS(M,2) 0.00882 | 0.00846 | 0.00844 | 0.00227 | 0.00227 | 0.0023

4. The Comparison Study

Forecasting of the University of Alabama enrollment data has been done in a fuzzy time series. The
existing methods aim to achieve the smallest evaluation values (MAE, RMSE, MAPE). Based on Table
11, it can be seen that the proposed method produces evaluation values of all orders of the smallest
compared to the evaluation values [497. The lower the RMSE value, the more variation in the value
generated by the forecasting model is closer to the interpretation. The proposed method obtains an
average MAPE value of less than 10%, so the model’s forecasting performance is very good. Moreover,
the proposed method can handle high forecasting errors for each data series by using adaptive
defuzzification with Eq. (4). The proposed method can obtain small errors in each data series forecast.
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The comparison results of forecasting errors for each enrollment data series is shown in Figure 2. The
figure shows that the proposed model, namely GTS (1.1), GTS (1.2), GTS (2.1), GTS (2.2), GTS(3,1)
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and GTS(3,2), produces an error of less than 500 in each data series and GTS(1.2) is the model that has
the smallest error compared to other models. Correspondingly, Qiu’s method obtained GT'S (1,2) as the
best model with the smallest MSE [37]

We compare the proposed method with the existing methods methods [67, [87, (127, [15], [16],
[497, [52], [63] for enrollment data forecasting.
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The comparison results of forecasting errors for each enrollment data series.

A comparison of the Mean Square Error (MSE) of the proposed method with existing methods is
shown in Table 12. The MSE of the proposed method is the smallest compared to existing methods. We
also compare the forecasting error values for each data series provided in Figure 3.

Similarly, the MSE value, the error value of the proposed method, is smaller than the existing
methods. Meanwhile, the comparison of all evaluations on data enrollment forecasting is shown in
Figure 4. The proposed method is superior compared to existing methods from all the evaluations
provided (MAE, RMSE, MAPE). The comparative study explained above clearly shows that the
proposed method can overcome the problem of forecasting error for each time series data. Based on the
evaluation, the proposed method is superior to existing methods. Therefore, the proposed method has a
good chance of being developed in forecasting with different data.
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The comparison of all evaluations on data enrollment forecasting.

5. Conclusion

This paper proposes a new defuzzification method with adaptive rules by considering the smallest
distance between the actual value and the defuzzification result as the selected forecasting value. The
proposed method can minimize errors for each data series. The proposed method is also tested for the
efficiency of forecasting fuzzy time series enrollment data at the University of Alabama and provides a
comparative study with existing methods [67, [87, (127, [15], [167], [497], [62], [53]. From Table
11, we see that in forecasting the enrollments at the University of Alabama, our proposed method
outperforms the method proposed by the existing methods. Although this study made great
improvements in dealing with the high error problem for each data series forecaster, there is a limitation
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of the proposed method: adaptive defuzzification is applied to partitioned time series data with universes
of discourse into equal-length sub-intervals. If the interval lengths differ and the partitions increase, the
defuzzification calculation process becomes more complicated.

Table 11.

A comparison of the Mean Square Error (MSE) of the proposed method with existing methods.

Year Actual The existing method

(x) [52] | [53] [8] [49] [12] [15] [6] [16] |Propose
1971 | 13065 - - - - - - - - -
1972 13563 | 14230 | 14242 | 13512 | 13902 [13680.75| 14049 | 15049 | 13637 13583
1973 | 13867 | 14230 | 14242 | 13998 | 13902 |13844.43| 14349 | 15149 | 14120 | 13750
1974 | 14696 | 14230 | 14242 | 14658 | 13902 |14951.36| 14549 15149 | 14408 14250
1975 | 15460 | 15541 |15474.3| 15341 | 15576 [15532.84| 15049 | 15349 | 15195 15250
1976 | 15311 | 155641 |15474.3| 15501 | 15576 [15538.19| 15549 | 15549 | 15712 | 15283
1977 | 15608 | 15541 [15474.8| 156501 | 15576 |155633.19| 156449 | 15549 | 156635 15750
1978 | 15861 | 16196 |15474.3| 15501 | 16246 |15533.19| 15649 | 15649 | 15786 | 15750
1979 | 16807 | 16196 |16146.3| 17065 | 16246 |16298.77| 15749 | 15649 | 15918 | 16750
1980 | 16919 | 16196 [16988.3| 17159 | 17251 |17113.79| 16349 | 15849 | 16406 | 17010
1981 | 16388 | 17507 [16988.3| 17159 | 17251 |17113.79| 16449 | 15949 | 16466 | 16250
1982 | 15483 | 16196 |16146.3| 15341 | 15576 [16298.77| 16049 | 15749 | 16190 | 15523
1983 | 156497 | 15541 [15474.8| 15501 | 156576 |156533.19| 15549 | 15549 | 156698 15250
1984 | 15145 | 15541 |[15474.83| 156501 | 15576 |15533.19| 155649 | 15549 | 15731 15167
1985 | 15163 | 155641 |15474.8| 15501 | 15576 |15532.84| 15349 | 15549 | 15550 | 15250
1986 | 15984 | 155641 |15474.3| 15501 | 15576 [15532.84| 15349 | 15549 | 15559 | 16212
1987 | 16859 | 16196 [16146.3| 17065 | 16246 |16298.77| 156849 | 15649 | 15982 | 16750
1988 | 18150 | 17507 [16988.83| 17159 | 17251 |17113.79| 16349 | 15849 | 16433 17750
1989 | 18970 | 18872 | 19144 | 18832 | 18591 |[18741.85| 17149 | 16149 | 17366 | 18890
1990 | 19328 | 18872 | 19144 | 19333 | 19596 | 19190.44| 17649 | 16249 | 17967 19250
1991 | 19377 | 18872 | 19144 | 19083 | 19094 |18972.15| 17849 | 16349 | 18230 | 19250
1992 | 18876 | 18872 | 19144 | 19083 | 19094 |18972.15| 17849 | 16349 | 18236 | 18890
MSE 2510565 | 219031 | 117532| 192067 | 179247 |772901|2145801|572931| 34759

Acknowledgment:
This works was financially supported by research grant of Faculty of Science and Mathematics

Universitas Diponegoro.

Copyright:
© 2024 by the authors. This article is an open access article distributed under the terms and conditions
of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).

References
Q. Song and B. S. Chissom, “Forecasting enrollments with fuzzy time series — Part 1,” Fuzzy Sets and Systems, vol. 54, no. 1, pp. 1-9,
Feb. 1993, doi: 10.1016/0165-0114(93)90355-L.
Q. Song and B. S. Chissom, “Fuzzy time series and its models,” Fuzzy Sets and Systems, vol. 54, no. 3, pp. 269—277, Mar. 1993, doi:
10.1016/0165-01 14(93)90372—0.
J. Sullivan and W. H. Woodall, “A comparison of fuzzy forecasting and Markov modeling,” Fuzzy Sets and Systems, vol. 64, no. 3, pp. 279—
293, Jun. 1994, doi: 10.1016/0165-0114(94)90152-X.
S.-M. Chen, “Forecasting enrollments based on fuzzy time series,” Fuzzy Sets and Systems, vol. 81, no. 3, pp. 311-319, Aug. 1996, doi:
10.1016/0165-01 14(95)00220—0.
C. H. Aladag, U. Yolcu, and E. Egrioglu, “A high order fuzzy time series forecasting model based on adaptive expectation and artificial

0]
2]
(8]
(4]

5]

Edelweiss Applied Science and Technology
ISSN: 2576-8484
Vol. 8, No. 4: 1309-1323, 2024

DOI: 10.55214/25768484.v8i4.1508
© 2024 by the authors; licensee Learning Gate



https://creativecommons.org/licenses/by/4.0/

£6]
(7]
[8]
[9]
L10]
RN
[12]
[13]
147
[15]
L16]
[17]

18]

[19]

[20]
[21]

[22]
[2s]
[24]
[25]
[26]
[27]
[28]
[29]

[30]
[s1]
[82]

[83]

[34]

[85]

1322

neural networks,” Mathematics and Computers in Simulation, vol. 81, no. 4, pp. 875—-882, Dec. 2010, doi: 10.1016/j.matcom.2010.09.011.

E. Bas, C. Grosan, E. Egrioglu, and U. Yolcu, “High order fuzzy time series method based on pi-sigma neural network,” Engineering
Applications of Artificial Intelligence, vol. 72, pp. 350-856, Jun. 2018, doi: 10.1016/j.engappai.2018.04.017.

Shyi-Ming Chen and Jeng-Ren Hwang, “Temperature prediction using fuzzy time series,” IEEE Trans. Syst., Man, Cybern. B, vol. 30, no.
2, pp. 268-275, Apr. 2000, doi: 10.1109/8477.836375.

S-M. Chen and K. Tanuwijaya, “Fuzzy forecasting based on high-order fuzzy logical relationships and automatic clustering
techniques,” Expert Systems with Applications, vol. 38, no. 12, pp. 15425—15437, Nov. 2011, doi: 10.1016/j.eswa.2011.06.019.

S.-M. Chen and K. Tanuwijaya, “Multivariate fuzzy forecasting based on fuzzy time series and automatic clustering techniques,” Expert
Systems with Applications, vol. 88, no. 8, pp. 10594—10605, Aug. 2011, doi: 10.1016/j.eswa.2011.02.098.

S. S. Gangwar and S. Kumar, “Partitions based computational method for high-order fuzzy time series forecasting,” Expert Systems with
Applications, vol. 89, no. 15, pp. 12158—12164, Nov. 2012, doi: 10.1016/]j.eswa.2012.04.039.

S. S. Gautam, Abhishekh, and S. R. Singh, “A New High-Order Approach for Forecasting Fuzzy Time Series Data,” Int. J. Comp. Intel.
Appl., vol. 17, no. 04, p. 1850019, Dec. 2018, doi: 10.1142/S1469026818500190.

K. K. Gupta and S. Kumar, “A novel high-order fuzzy time series forecasting method based on probabilistic fuzzy sets,” Granul. Comput.,
vol. 4, no. 4, pp. 699-718, Oct. 2019, doi: 10.1007/541066-019-00168-4

7. Liu and J. Liu, “A robust time series prediction method based on empirical mode decomposition and high-order fuzzy cognitive maps,”
Knowledge-Based Systems, vol. 203, p. 106105, Sep. 2020, doi: 10.1016/].knosys.2020.106105.

C.-M. Own and P-T. Yu, “Forecasting Fuzzy Time Series On A Heuristic High-Order Model,” Cybernetics and Systems, vol. 36, no. 7, pp.
705—717, Oct. 2005, doi: 10.1080/01969720591008922

S. Panigrahi and H. S. Behera, “A study on leading machine learning techniques for high order fuzzy time series forecasting,”
Engineering Applications of Artificial Intelligence, vol. 87, p. 10324:5, Jan. 2020, doi: 10.1016/].engappai.2019.10324:5.

R. M. Pattanayak, S. Panigrahi, and H. S. Behera, “High-Order Fuzzy Time Series Forecasting by Using Membership Values Along
with Data and Support Vector Machine,” Arab J Sci Eng, vol. 45, no. 12, pp. 10811-10325, Dec. 2020, doi: 10.1007/513369-020-04721-1.
H. A. Rajaonarisoa, T. Totozafiny, S. H. Rakotonasy, and A. A. Ratiarison, “Characterization of the evolution of precipitation in
Southern of Madagascar using High Order Fuzzy Time Series,” in 2021 International Conference on Electrical, Computer and Energy
Technologies (ICECET), Cape Town, South Africa: IEEE, Dec. 2021, pp. 1—4. doi: 10.1109/ICECET52538.2021.96984:23.

N. V. Tinh and N. T. Duy, “Handling Forecasting Problems Based on Two-Factor High-Order Fuzzy Time Series and Particle Swarm
Optimization,” in Advances in Engineering Research and Application, vol. 104, K.-U. Sattler, D. C. Nguyen, N. P. Vu, B. Tien Long, and H.
Puta, Eds., in Lecture Notes in Networks and Systems, vol. 104. , Cham: Springer International Publishing, 2020, pp. 381-393. doi:
10. 1007/978—3—030—37497—6_45.

N. R. Ali and K. R. Ku-Mahamud, “High-Order Rtv-Fuzzy Time Series Forecasting Model Based On Trend Variation,” . VoL, no. 21,
2005.

Bose, Mahua, Intelligent Systems: Concepts, Methodologies, Tools, and Applications. 1GI Global, 2018. doi: 10.4018/978-1-5225-5643-5.
S.-M. Chen, “Forecasting Enrollments Based On High-Order Fuzzy Time Series,” Cybernetics and Systems, vol. 33, no. 1, pp. 1-16, Jan.
2002, doi: 10.1080/019697202753306479.

W. Zhang, S. Zhang, and S. Zhang, “T'wo-factor high-order fuzzy-trend FTS model based on BSO-FCM and improved KA for TAIEX
stock forecasting,” Nonlinear Dyn, vol. 94, no. 2, pp. 1429—1446, Oct. 2018, doi: 10.1007/511071-018-4433-5.

K. Yuan, J. Liu, S. Yang, K. Wu, and F. Shen, “Time series forecasting based on kernel mapping and high-order fuzzy cognitive maps,”
Knowledge-Based Systems, vol. 206, p. 106359, Oct. 2020, doi: 10.1016/].knosys.2020.106359.

K. Huarng, “Effective lengths of intervals to improve forecasting in fuzzy time series,” Fuzzy Sets and Systems, vol. 123, no. 3, pp. 387—
394, Nov. 2001, doi: 10.1016/S0165-0114(00)00057-9.

G. Nan, S. Zhou, J. Kou, and M. Li, “Heuristic Bivariate Forecasting Model Of Multi-Attribute Fuzzy Time Series Based On Fuzzy
Clustering,” Int. J. Info. Tech. Dec. Mak., vol. 11, no. 01, pp. 167-195, Jan. 2012, doi: 10.1142/50219622012500083.

S. R. Singh, “A simple method of forecasting based on fuzzy time series,” Applied Mathematics and Computation, vol. 186, no. 1, pp. 330—
339, Mar. 2007, doi: 10.1016/j.amc.2006.07.128

Jeng-Ren Hwang, Shyi-Ming Chen, and Chia-Hoang Lee, “Handling forecasting problems using fuzzy time series,” Fuzzy Sets and
Systems, vol. 100, no. 1-8, pp. 217-228, Nov. 1998, doi: 10.1016/S0165-0114(97)00121-8.

A. T. Salawudeen, P. J. Nyabvo, H. U. Suleiman, I. S. Momoh, and E. K. Akut, “Heuristic hidden Markov model for fuzzy time series
forecasting,” IJISTA, vol. 20, no. 2, p. 146, 2021, doi: 10.1504/IJISTA.2021.119030.

B. Garg, M. M. S. Beg, and A. Q. Ansari, “A new computational fuzzy time series model to forecast number of outpatient visits,” in 2072
Annual Meeting of the North American Fuzzy Information Processing Society (NAFIPS), Berkeley, CA, USA: IEEE, Aug. 2012, pp. 1-6. doi:
10.1109/NAFIPS.2012.6290977.

B. Irawanto, R. W. Ningrum, B. Surarso, and Farikhin, “An improved forecasting method of frequency density partitioning (FDP) based
on fuzzy time series (FTS),” J Phys.: Conf. Ser, vol. 1321, no. 2, p. 022082, Oct. 2019, doi: 10.1088/1742-6596/1321/2/022082.

T. A. Jilani and S. M. A. Burney, “A refined fuzzy time series model for stock market forecasting,” Physica A: Statistical Mechanics and its
Applications, vol. 387, no. 12, pp. 2857-2862, May 2008, doi: 10.1016/].physa.2008.01.099.

U. S. Mukminin, B. Irawanto, B. Surarso, and Farikhin, “Fuzzy time series based on frequency density-based partitioning and k-means
clustering for forecasting exchange rate,” J Phys: Conf. Ser, vol. 1943, no. 1, p. 012119, Jul. 2021, doi: 10.1088/1742-
6596/1943/1/012119

R. Wulandari, Farikhin, B. Surarso, and B. Irawanto, “First-Order Fuzzy Time Series based on Frequency Density Partitioning for
Forecasting Production of Petroleum,” IOP Conf. Ser: Mater. Sci. Eng, vol. 846, no. 1, p. 012063, May 2020, doi: 10.1088/1757-
899X/846/1/012068

Tahseen Ahmed Jilani, S. M. A. Burney, and C. Ardil, “Fuzzy Metric Approach For Fuzzy Time Series Forecasting Based On Frequency
Density Based Partitioning,” Internaltional Journal of Computer, Electrical, Automation, Control and Information Engineering, no. 4(7), pp.
39—44, 2010, doi: 10.5281/ZENODO.1077541.

S.-M. Chen, N.-Y. Wang, and J.-S. Pan, “Forecasting enrollments using automatic clustering techniques and fuzzy logical relationships,”

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 8, No. 4: 1309-1323, 2024

DOI: 10.55214/25768484.v8i4.1508

© 2024 by the authors; licensee Learning Gate



[36]
[37]
[3s]

[30]
[40]

1323

Euxpert Systems with Applications, vol. 36, no. 8, pp. 11070-11076, Oct. 2009, doi: 10.1016/].eswa.2009.02.085.

F. M. Pouzols and A. B. Barros, “Automatic clustering-based identification of autoregressive fuzzy inference models for time series,”
Neurocomputing, vol. 73, no. 10-12, pp. 1937-1949, Jun. 2010, doi: 10.1016/j.neucom.2009.11.028.

W. Qiu, P. Zhang, and Y. Wang, “Fuzzy Time Series Forecasting Model Based on Automatic Clustering Techniques and Generalized
Fuzzy Logical Relationship,” Mathematical Problems in Engineering, vol. 2015, pp. 1-8, 2015, doi: 10.1155/2015/962597.

Y. Sharma and S. Sisodia, “Temperature Prediction Based on Fuzzy Time Series and MTPSO with Automatic Clustering Algorithm,” in
2014 2nd International Symposium on Computational and Business Intelligence, New Delhi, India: IEEE, Dec. 2014, pp. 101-105. doi:
10.1109/ISCB1.2014.29.

W. Wang and X. Liu, “Fuzzy forecasting based on automatic clustering and axiomatic fuzzy set classification,” Information Sciences, vol.
294, pp. 78-94, Feb. 2015, doi: 10.1016/}.ins.2014.09.027.

N.-Y. Wang and S.-M. Chen, “Temperature prediction and TAIFEX forecasting based on automatic clustering techniques and two-
factors high-order fuzzy time series,” Expert Systems with Applications, vol. 36, no. 2, pp. 2143-2154, Mar. 2009, doi:
10.1016/].eswa.2007.12.0183.

S.-H. Cheng, S.-M. Chen, and W.-S. Jian, “Fuzzy time series forecasting based on fuzzy logical relationships and similarity measures,”
Information Sciences, vol. 327, pp. 272—287, Jan. 2016, doi: 10.1016/}.in5.2015.08.024.

K. K. Gupta and S. Kumar, “K-Means Clustering Based High Order Weighted Probabilistic Fuzzy Time Series Forecasting Method,”
Cybernetics and Systems, vol. 54, no. 2, pp. 197-219, Feb. 2023, doi: 10.1080/01969722.2022.2058691.

Z. Zhang, “Fuzzy Time Series Forecasting Based On K-Means Clustering,” OJAppS, vol. 02, no. 04, pp. 100-103, 2012, doi:
10.4236/0japps.2012.24B024.

Alwarid, Ahmad and Sihabuddin, Agus, “An Absolute Differences K-Means Clustering Approach on Determining Intervals to Optimize
Fuzzy Time Series Markov Chain Model,” IJIES, vol. 15, no. 1, Feb. 2022, doi: 10.22266/ijies2022.0228.04..

E. Vianita, M. Sam’an, A. N. Haikal, I. S. Mufaricha, R. H. Tjahjana, and T. Udjiani, “The cross-association relation based on intervals
ratio in fuzzy time series,” IJECE, vol. 18, no. 2, p. 2040, Apr. 2023, doi: 10.11591/ijece.v13i2.pp2040-2051.

U. Yolcu, E. Egrioglu, V. R. Uslu, M. A. Basaran, and C. H. Aladag, “A new approach for determining the length of intervals for fuzzy
time series,” Applied Soft Computing, vol. 9, no. 2, pp. 647-651, Mar. 2009, doi: 10.1016/].a50¢.2008.09.002.

C.-L. Lee, S.-C. Kuo, and C.-J. Lin, “An efficient forecasting model based on an improved fuzzy time series and a modified group search
optimizer,” Appl Intell, vol. 46, no. 3, pp. 641-651, Apr. 2017, doi: 10.1007/510489-016-0857-0.

Sheng-Tun Li and Yeh-Peng Chen, “Natural partitioning-based forecasting model for fuzzy time-series,” in 2004 IEEE International
Conference  on  Fuzzy Systems (IEEE Cat. No.04#CH37542), Budapest, Hungary: IEEE, 2004, pp. 1355-1359. doi:
10.1109/FUZZY.2004.1375366.

W. Qiu, X. Liu, and H. Li, “High-Order Fuzzy Time Series Model Based on Generalized Fuzzy Logical Relationship,” Mathematical
Problems in Engineering, vol. 2013, pp. 1-11, 20183, doi: 10.1155/2018/927394.,

H.-K. Yu, “Weighted fuzzy time series models for TAIEX forecasting,” Physica A: Statistical Mechanics and its Applications, vol. 349, no. 3—
4, pp. 609—624, Apr. 2005, doi: 10.1016/].physa.2004.11.006.

M. H. Lee, R. Efendi, and Z. Ismail, “Modified Weighted for Enrollment Forecasting Based on Fuzzy Time Series,” 2009.

S.-M. Chen and N.-Y. Chung, “Forecasting enrollments using high-order fuzzy time series and genetic algorithms,” Int. J. Intell. Syst.,
vol. 21, no. 5, pp. 485—501, May 2006, doi: 10.1002/int.2014:5.

C. Cheng, G. Cheng, and J. Wang, “Multi-attribute fuzzy time series method based on fuzzy clustering,” Expert Systems with Applications,
vol. 84, no. 2, pp. 1235—1242, Feb. 2008, doi: 10.1016/j.eswa.2006.12.013.

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 8, No. 4: 1309-1323, 2024

DOI: 10.55214/25768484.v8i4.1508

© 2024 by the authors; licensee Learning Gate



