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ABSTRACT

Researchers frequently use fuzzy time series (FTS) forecasting models to estimate future
values since they do not rely on the same rigid assumptions as traditional forecasting techniques.
There are generally four factors that determine the performance of the FTS forecasting model
(1) determining the length of intervals in the universe of discourse, (2) fuzzification rules or
feature representation of crisp time series, (3) establishing fuzzy relation groups (FRGs) and (4)
creating defuzzification rule to get crisp forecasted value. Considering the first factor and the
fourth factor, we propose the hybrid FTS forecasting model combining particle swarm
optimization (PSO) and hedge algebra (HA) to improve forecasting accuracy. Where the hedge
algebra is utilized as a tool for partitioning the universe of discourse into intervals of different
lengths. Then, the times series data are fuzzified into fuzzy sets, the fuzzy relationship groups are
established and forecasting output value based on the index of fuzzy sets is calculated.
Ultimately, the suggested model collaborates with PSO to obtain the optimal intervals
determined by HA. To test the proposed model, we conduct a simulated study on two widely used
real-time series and compare the performance with some recently developed models. Error
statistics, such as MSE and RMSE show that the proposed model performs better than the
comparing models.

Keywords: Enrolments; Fuzzy time series; FRGs; Hedge algebras; PSO.
1. INTRODUCTION

In the past few years, numerous studies on forecasting challenges have been presented in an
effort to improve forecasting accuracy and reduce computation time. Due to this, Song and
Chissom introduced two FTS forecasting models [1, 2] in 1993. These models were based on
Zadeh's fuzzy set theory [3], which provided a theoretical framework to represent a particular
dynamic process whose observations are linguistic values. Their two FTS forecasting models,
which have a forecasting structure that consists of five fundamental phases, have been used to
predict enrollments at universities in Alabama: (1) determining the universe of discourse (UoD),
(2) partitioning the UoD into intervals, (3) defining the fuzzy sets and fuzzifying the time series,
(4) establishing fuzzy logical relationships, and (5) forecasting and defuzing the forecasting
value. In comparison to conventional statistical models such as regression analysis, moving
average and autoregressive moving average, two forecasting models in recent investigations [2,
3] may yield better prediction outcomes with forecasting challenges with linguistic values or
uncertainty. Nonetheless, when the fuzzy rule matrix is huge as well as lacks persuasiveness in
specifying the length of intervals, their models require a long time to compute and, as a
consequence. To overcome these drawbacks, Chen [4] constructed a novel forecasting model
based on fuzzy relationship groups and simple arithmetic operations in the defuzzification
process. Furthermore, research studies [5, 6] emphasized the significance of giving weights to
address the matter of recurrent fuzzy relationships and to indicate the difference in their
relevance in the FTS model. Additionally, the relevance of the high-order FTS model [7] and the
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influence of interval lengths [8] on the one-factor and two-factor FTS models [9] provides the
basis for the strong growth of FTS models in the coming time periods. Chen and Tanuwijaya
[10] applied the automated clustering approach to split the UoD into different interval lengths
during the forecasting model's fuzzification step. Other studies [11- 15] utilize optimization
approaches with various FTS models to adapt and discover the lengths of intervals from the
UoD. Research work in [16] proposed a linguistic time series forecasting model based on hedge
algebra quantification [17] to convert numerical time series into linguistic for anticipating
university enrollments. Furthermore, the authors [18] presented a linguistic time series
forecasting model based on the linguistic forecasting rules instead of the linguistic relationship
groups. However, two of these models are only concerned with developing a first-order
forecasting model to predict the number of enroliments at the University of Alabama.

In this study, we have developed a hybrid FTS forecasting model that incorporates both HA
and PSO techniques to address a range of challenges. The linguistic terms represent data values
within the fuzzy time series and are quantified using HA, enabling the segmentation of the UoD
into unevenly sized periods. After obtaining these intervals, the time series dataset is fuzzified
utilizing predefined fuzzy sets, resulting in fuzzy logic relationships (FLRS) that are subsequently
classified [15].

2. BASIC DESCRIPTIONS AND PRELIMINARIES
In this section, the basic review of fuzzy time series [1, 2], the hedge algebras[17] and PSO
algorithm [19] are briefly summarized.
2.1. Basic definitions related to FTS

This section briefly reviews the definitions in the forecasting models of Song and Chissom [1,
2] as definitions are also improved by authors in research works [7]

Definition 1. Let U be the UoD, where U = {u;,u,,...,u, }. A fuzzy set A; of Ucan be
defined as follows:

(u (u (u
:MAL( 1) S MAL( 2)’".’+.UAL( n)
Uq Up Un

Where u,,;: U—[0,1] is the membership function of A; , pa,(u;) indicates the degree of
membership of u; in the fuzzy set A, p,,(w;) € [0,1]and 1 < § < n.

Definition 2. Fuzzy time series [1, 2]

Let Y(¢t) (t =0,1,2,...), a subset of real numbers, be the UoD on which the fuzzy sets
fi(®) (i = 1,2...) are defined. F(t) is a collection of f;(t), f,(t), ... fi(t), ..., then F(t) is called
a fuzzy time series defined on Y (t).

Definition 3. A- order fuzzy logical relationship [7]

Let F(t) be a fuzzy time series. If F(t) is caused by F(t —1),F(t—2),..,F(t—21+
1), F(t — A) then this fuzzy logical relationship is represented by F(t — 4), ..., F(t — 2),F(t —
1) = F(t) and is called an A- order fuzzy time series. Here, the symbol A is called the order of
fuzzy logical relationship.

2.2. Some basic concepts of hedge algebras

Nguyen Cat Ho introduces hedge algebras in the paper [17]. This theory is viewed as a novel
method for quantifying linguistic concepts in the context of time series forecasting, in contrast to the
fuzzy set method. The HA principles are used in this work as a foundation to divide the discourse of

time series into beginning intervals of varying durations. Assume that there is a collection of
linguistic values for the variable X, and that they are sorted in the manner described below:

X = {VeryVerylow < Very low < low < Little low < Very Little low < medium <
Very Little high < Little big < high < Very high < ---}.

A;
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Each linguistic variable X is represented by an algebraic structure as AX = (X,G,C, H, <)
and called HA, where X is the set of terms in X'; < denotes a natural semantically ordering
relation on X; G = {c~,c*}, ¢~ < c*, is the set of primary generators, in which c¢* and ¢~ are,
respectively, the negative primary term and the positive one of a linguistic variable X, C
{0,1,w} a set of constants, with (0 <c™ < W<c*<1); H=H  UH" with H™ = {h_,
-+ >h_, = h_;} is the set of all negative hedges of X, Vh € H™ then hc* <c* and H*
{hy < hy < -+ < hy} is the set of all positive ones of X, vh € H* then hc™ > c*.

Definition 4. Let AX = (X, G, C, H, <) be a HA. A function fm: X — [0, 1] is said to be a
fuzziness measure of terms in X if:

1). fm(c™) + fm(c*) = 1 and Xpcy fm(hx) = fm(x) forvx € X

2). For the constants 0, W and 1, fm(0) = fm(W) = fm(1) =0

3). For vx,y € X,Vh € H, ’;’:’rf&x)) =1 f"ﬁg]y)), that is this proportion does not depend on
specific elements and it is called the fuzziness measure of the hedge h and is denoted by p(h).
2.3. Particle swarm optimization algorithm

Kennedy and Eberhart [19] first proposed particle swarm optimization, which imitates birds
flying to discover food sources. The fundamental PSO is described briefly here:

Assume S is a set of potential solutions represented by a swarm of particles: S = {Xiq4, Xod, ...,
Xnd}, Where each particle x; was moved through the search space (d-dimensional space) to search
the optimal solution having its position Y%, at iteration t computed as:

v n

Yig " =Ya + Vg (1)
where V5 is the velocity of particle x; at cycle t + 1, which is computed as:
Vi€1+1 = wt * Vifi + Cq % Tl() * (Plgestjd - Ylfi) + Cy * 7‘2() * (Gbest - Ylfi) (2)

where Gj,s and Pf, ;4 are the global and local solutions that are found up to cycle t,

respectively; ¢; and c; are self-cognitive and social cognitive factors; r; and r, are two random

numbers which uniformly distributed in [0, 1]; w® is inertia weight which is calculated according

the equation (3).

E = — L ((f)max — Wmin)
iter max

where iter_max is the maximum iteration number.

3. AFTS FORECASTING MODEL USING HA AND PSO

This section introduces a hybrid FTS-based forecasting model that combines both HA and
PSO techniques, comprising three stages depicted in figure 1. The following is a description of
the three phases of the suggested model.

3.1. The proposed forecasting model based on FTS and HA

In this subsection, an FTS forecasting model that uses hedge algebras to forecast university
enrollments is presented. By quantitatively mapping language concepts into fuzzy intervals based
on HA. On each of the acquired intervals, we define fuzzy sets and fuzzy historical data. The
FLRs and fuzzy relationship groups were established using the fuzzified rule in accordance with
[15]. The proposed model can be presented in the following manner, step by step:

Step 1. Define the universe of discourse U of historical time series data
Let U = [Dinin — D1, Djpax + D3] is the UoD. To define U, the minimum value D.,;, and the
maximum value D, Of the historical time series data is defined. From historical enrolments

time series, U is defined as U = [13000, 20000], where D,,;,, = 13055, D,,,,, = 19337, D; = 55,
D, =663, LU = 7000.

@)

w
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Figure 1. The flowchart of the proposed forecasting model.
Step 2. Divide U into different intervals based on HA

This step uses HA with structure as AX = (X, G, C, H,<), where X is the set of terms of the
linguistic variable “enrollments”{ X= dom(enrollments)}; < denotes a natural semantically
ordering relation on X; G = {c~, c¢*} ={Low, High}, Low (Lw) < High (Hi); C = {0,w, 1} a set
of constants, with (0 < ¢~ < W < c¢* < 1) and H ={ Very, Little }. To compare the forecasted
results of the proposed model with other models. This study uses the number of intervals equal to
7 and 14, which are the number of linguistic terms used to quantify the enrollments' time series
values. Based on the given linguistic terms, we identified the corresponding intervals for them in
the universe of discourse U.

Step 2.1. The domain U = [13000, 20000] is mapped to the domain [0, 1]
Assume that the value of 16807 in the time series dataset is the low value, then the fuzziness

measure of terms is calculated as follows: fm(low) = % = 0.54, fm(high) = 1- 0.54

= 0.46 and LU = 20000 -13000 = 7000. Mapping these values to U, we have covfm(low) and
covfm(high) that are determined, respectively as fm(low) x LU = 0.54 x 7000 = 3780,
fm(high) x LU = 0.46 x 7000 = 3220. In this paper, we can choose u(Little) = 0.4, w(Very) =
1- 0.4 = 0.6. Based on u(Little), u(Very) value, the value of «, £ is determined as 0.4, 0.6,
respectively.

Step 2.2. Define the fuzzy interval of linguistic variables in the universe of discourse

Based on step 2.1, The linguistic values of terms belonging to the fuzziness interval are
calculated as follows:
covfm(A,) = p(Verry) x u(Very) x covfm (Low) = 0.6*0.6*3780 = 1361,

calculate the
forecasting output

covfm(A,) = u(Very) x covfm(High) = 0.6*3220 = 1932
The intervals corresponding to linguistic terms are obtained by mapping the value of
linguistic terms to the domain U as follows:
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For seven linguistic terms, obtaining seven intervals as u,= [13000, 14361), u,= [14361,
15268.2) , uz= [15268.2, 15873), u,= [15873, 16808), us= [16808, 17605), us= [17605,
18068), u,= [18068, 20000]

For 14 linguistic terms, obtaining 14 intervals as u;= [13000, 14361), u,= [14361, 14723.9) ,
u;=[14723.9, 15268.2), u,=[15268.2, 15631),..., u;,= [18840.8, 20000].

Step 3. Define linguistic terms A; which is represented by fuzzy sets

Each interval in step 2 represents a linguistic value of the linguistic variable “enrolments”.

For seven intervals, there are seven linguistic values to represent different regions in the universe

of discourse on U. Each linguistic value represents a fuzzy set A; and its definitions is described
in formulas (4) and (5) as follows.

. . a;i .
Ay = M0 g, + T2 g 4 U/uj+"'+al7/u7 (4)
1j=i
a;=4{05j=i—lorj=i+1 ©)

0 otherwise
Here, the symbol ‘+’ denotes the set union operator, a;; €[0,1] (1<i< 7,1<j<7), u; is
the jth interval of the universe of discourse. The value of a;; indicates the grade of membership
of u; in the fuzzy set 4;.

Step 4. Fuzzy the historical time series data

To fuzzify the historical time series data, it is essential to obtain the degree of membership
value of each data value belonging to each u; for each year. If the maximum membership value
of one day's observation occurs at u; , and (1 < i< 7), then the fuzzified value for that particular
year is considered as A;.

Step 5. Create the A— order fuzzy logical relationships (A > 1)

Based on Definition 3, to establish a A-order fuzzy logical relationship, we should find out
any relationship which has the F(t—A),F(t—A1+1),...,F(t—1) - F(t), where F(t—
D), F(t—A+1),...,F(t—1) and F(t) are called the current state and the next state,
respectively. Then, a A - order fuzzy relationship in the training phase is obtained by replacing
the corresponding linguistic values.

Step 6. Establish all time-variant fuzzy relationship groups (TV-FRGS)

In earlier research studies [4, 5], recurrent fuzzy logic relationships were either disregarded
when establishing fuzzy relationship groups or if mentioned, they were not considered in terms
of chronological order. In the current study, we adopt the concept of time-variant fuzzy
relationship groups[15] to construct Fuzzy Relationship Groups, which we refer to as TV-FRGs.
Step 7. Defuzzify and calculate the forecasting output values

To defuzzify the fuzzified data values, the defuzzified principle in equation(6) is presented to
compute the forecasted value for all first—order and high—order TV- FRGs in the training phase.

Support that the fuzzified data of year t -1 is A; and there is the fuzzy relationship group
whose current state is Aj, shown as follows: A;(t — 1) > A;1(t1),A;;(t2), Aip(tk). The
forecasting value output of time t defined as follows:
index_Aj; X my; + index_Aj; X my; + - + index_Ay, X my,

P . (6)
x=1 index_Aik

Where m;;, m;; ,m;;, are the middle values of the intervals uii , Uiz and ui, respectively,
index_A;;,index_A;; ,...,index_A;, are index of k" fuzzy set in the TV-FRG and p denotes
the total number of fuzzy sets on the next state of TV-FRG.

Forecasted,q1ye =
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Then, we use a defuzzified principle [13] for computing with the unknown linguistic value in
the testing phase.

The efficiency of the proposed model is evaluated using various statistical indexes, namely
Mean Square Error (MSE) and Root Mean Square Error (RMSE). The evaluation criteria are
determined by the following equations:

1 n
MSE = E;(Fi _R)? (7)

(8)

Where, R; and F; note the actual and forecasted value at time i, respectively, n is the total
number of years to be forecasted, A is the order of fuzzy logical relationship.

3.2. The hybrid FTS forecasting model combining HA and PSO

This section introduces the hybrid FTS model that merges HA and PSO techniques.
Specifically, PSO is employed to minimize the MSE (7) by adjusting the lengths of the initial
intervals determined by HA. A brief explanation of the proposed model is given as follows. For
the training phase, each particle is used to represent the partitioning of time series data (e.g., n
intervals). Assume that the lower bound and upper bound of the universe of discourse U be y,
and y,, , respectively. Each particle denotes a vector containing n — 1 elements as y;, ys, ...,
Yn—o and y,_q, where (1 <i< n—1)andy; < y;,,. From these n — 1 elements, define the n
intervals as uy = [vo, y11, Uz = [V, Y2loreer Ui = [Vie1, Vils- .. and u,, = [Vn—1, Yn], respectively.
During the training phase, the proposed model allows each particle to move from its present
location to other positions by (1) and (2), and then repeats the steps until the stopping condition
is met. If the stopping requirement is fulfilled, then all of the FRGs acquired by the global best
position (Gp.s:) among all personal best positions (P,,.s;) of all particles used to predict the new
testing data throughout the testing phase are employed. The following are the entire steps of the
proposed model, as shown in Algorithm 2:

Algorithm 2. The training phase algorithm of the proposed model

1. Input: Historical time series data
2. Output: The forecasting results and the MSE value (MSE = Gbest = min(Pbest))
Begin
3. Define the initial intervals by applying HA and use the forecasting steps in
Subsection 3.1 to reach the initial forecasting accuracy (MSE).
4. Initialize: a population of N particles
v/ The initial position X;; and the velocity V;; of all particles, respectively.
v/ The initial personal best position vectors of the i"" particle are the same as its
initial position vector at the beginning and find Gbest
5. do
5.1. foreach all particle id, (1< id < N) do
v Following the steps in Subsection 3.1 sequentially, from step 3 to step 7, such as
defining linguistic terms, fuzzify all historical, determining all A — order fuzzy
logical relationships, establishing all A — order TV- FRGs, defuzzify forecasting
values, calculating the MSE values for particle id
v" The new Pbest of particle id is saved according to the MSE values.
end for
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5.2. The new Gbest of all particles is saved according to the MSE values
6. foreach all particle id, (1< id < N) do

v' The particle id is moved to another position according to Egs. (1) and (2)
end for

v Update w according to Eq. (3)
while (the maximum moving steps(iter_max) or the minimum MSE are reached)
End.

4. EXPERIMENTAL RESULTS AND DISCUSSIONS

In this research, we have used the proposed model to forecast the number of enroliments at
the University of Alabama [3], the datasets of Gas prices RON95 in Vietnam which was
collected from https://vnexpress.net/kinhdoanh/hang-hoa and the time series data of “killed” in
car road accidents in Belgium [20]. The proposed model has executed 20 independent runs with
different amounts of orders and intervals using the PSO parameters used for each dataset, which
are provided in table 1 to produce forecasting results. Then, the best result of all runs is produced
for reporting and comparing with other forecasting models.

Table 1. The parameters of PSO are used in the proposed model for different time series data.

The pa;asnéeters of For enrolments For RON95 For car road accident
Number of particles N 30 30 30
Max number of 150
iterations 150 150
Value of inertial Omax=0910 Wpmin =  Wmax=0.910 Wpmin =  Wmax= 0.9 10 Wpin =
weight ®
Coefficient c1 = c2 2 2 2
The limited range of V [-100, 100] [-100, 100] [-50, 50]
The limited range of X [13000, 20000] [21700, 24240] [953, 1644]

4.1. Experimental results for forecasting enrolments
4.1.1. Experimental results based on the first—order FTS

In order to evaluate the effectiveness of the suggested model, which is based on first-order
FTS with intervals of 7, forecasting models from articles [16, 18, 21-24] were compared. The
parameters are taken from the statistics on enrollments. The proposed model receives the lowest
RMSE value of 189.5 among all the compared models, as shown in table 2. Differences between
the proposed model and the models mentioned above are the way in which the fuzzy relationship
group and the method of partitioning the universe of discourse.

Table 2. A comparison of the forecasting results of the proposed model with its counterparts
based on first—order FTS under seven intervals.

Year Realdata [21] [22] [23] [16] [24] [18]  Proposed model
1972 13563 13486 13944 14279 14537 13500 13742 13618.4
1992 18876 18808 18933 19257 19217 18855 19129 19060.3

RMSE 578.3 506 4452 512.18 3509 3259 189.5

Additionally, the suggested forecasting model is assessed against other models [4, 6, 11, 13-15,
23, 25] utilizing 14 intervals. The anticipated outcomes are presented in table 3. It is apparent
that among the examined forecasting models, the proposed model achieves the lowest MSE
value of 5023.4.
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Table 3. A comparison of the forecasting results of the proposed model with its counterparts
based on first—order FTS under a number of intervals of 14.
Year Real data [4] [25] [6] [11] [13] [14] [15] 1[23] Proposed model

1971 13055
1972 13563 14000 13584 13653 13714 13555 13579 13434 13512 13528.6

1992 18876 19000 19084 19059 19014 19014 19031 18820 18718 18870.6
MSE 407507 65413 31684 35324 22965 8224 7475 14534 5023.4

4.1.2. Experimental results based on the high—order forecasting model

All historical datasets [3] from the years 1971 to 1992 are divided into two portions in order to
compare the proposed model with the present methods based on various high-orders. The training
data set is made up of the first component's 19 observations, which cover the period from 1971 to
1989, while the testing data set is made up of the second component's three observations.

Case (1): Experimental results in the training phase

In this stage, the forecasting accuracies cited from studies [7, 12-14, 15] are chosen for
comparison with the proposed model based on a number of intervals equal to 7. With the number
of different orders, For easy visualization, figure 2 depicts the trend in terms of forecasting
accuracy between the proposed model and its counterparts. Among all FLRS orders done, the
proposed model obtains the lowest MSE value of 180.03 with 8th-order fuzzy relationships. From
these curves, it can be seen that the forecasting accuracy of the proposed model is more precise
than those of compared models under different high-order FLRs at all.

120000

80000 —— [7]

60000 —= 2]
40000 —— [14]
20000 %ﬁfﬁ: -=-[15]

o B —— Proposed model

The MSE values

2 3 4 5 6 7 8 9

The order of forecasting models

Figure 2. The graphs compare the MSE values of the proposed model
with those of its competitors that are based on a number of high-order FLRs.

Furthermore, our proposed model has been compared with similar models discussed in
previous works [7, 12-14, 26]. In table 4, the proposed model and its counterparts were evaluated
in terms of forecasting accuracy, considering different high-orders and the number of intervals
equal to 14. The results in table 6 clearly demonstrate that our proposed method achieves the
lowest MSE value when compared to the other models listed. This highlights the superior
performance of our approach in accurately forecasting enrollments when compared to the
methods presented in the table.

Table 4. A comparison of the forecasting results obtained between the proposed model and its

counterparts based on the various high-order FTS with 14 intervals.

Models  [7] [26] [12] [13] [14] Proposed model
MSE 86694 53084 1101 234 173 16.5
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In summary, the aforementioned results demonstrated that the proposed model outperforms
the current models based on the high-order FTS with various numbers of intervals for forecasting
enrolments in the training phase.

Case (2): Experimental results in the testing phase

For the testing phase, we can only predict the new enrollment for the following year based on
enrollment data from previous years. For example, enrollment data from 1971 to 1989 is used to
forecast new enrollment for 1990. Similarly, based on enrollments from 1971 to 1990, a new
enrolment for 1991 may be forecasted. After the proposed has thoroughly trained the training
data, future data values can be calculated and compared to those of the forecasting models [4, 11,
14, 26]. The forecasted results of the proposed model based on the third-order FLR with a
different number of intervals and the highest vote W, =15 (constant-defined by the user) is
compared with other forecasting models and shown in table 5. From the obtained results in these
tables, it can be seen that the proposed model obtains the lowest RMSEs value among five
compared models, respectively.

Table 5. A comparison of the forecasting results between the proposed model and other models
with the number of intervals = 7 and which use vote W}, =15.

Models  [4] [11] [14] ATVF-KM[26] ATVF-PSO[26] Proposed model
RMSE 829.9 836.5 612.8 160.23 107.12 79.27

4.2. Experimental results for forecasting the “killed” in car road accidents

In addition, the proposed model is also used for forecasting vehicle road accidents in Belgium
[20] from 1974 to 2004 and making a comparison of the forecasted results with the previous
research works [20, 27-30]. A comparison of the forecasted results using RMSE is shown in
table 6. More detailed comparison, at the same number of intervals of 13, the proposed model
obtains the smallest RMSE value of 1.67 among two models [27, 28] using the 3"-order FTS and
also has a far smaller RMSE value than models [20, 29, 30] based on first - order FTS with
different number of intervals.

Table 6. A comparison of the forecasting results of the proposed model with different models for
forecasting car road accidents.

Models [27] [20] [30] [29] [28] Proposed model
First order Third order
RMSE 46.78 37.66 41.61 32.0 19.2 15.06 1.67

4.3. Experimental results for forecasting Gas price RON95 in Vietnam

In this section, we apply the proposed model to forecast the gas price of Vietnam with all
historical data for the period from 01/01/2023 to 21/06/2023. We implemented the proposed
model under the second-order and kept a number of intervals equal to 14, which is obtained by
using HA. The performance of the proposed model is evaluated by using the MSE (7). The
forecasted results of the proposed model are presented in table 7 and also depicted graphically in
figure 3.

Table 7. The forecasted results of the proposed model for the Gas price RON95.

Date Actual RON95 Forecasted values
11/01/2023 22150 22161
21/06/2023 22010 22019
22/06/2023 N/A 22310

MSE 3805.3
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From figure 3, it can be seen that the forecasted trend of the proposed model is close to the
actual data based on the high-order FTS. To sum up, the demonstrations above show that the
proposed model outperforms the existing models based on high-order FTS model with various
numbers of intervals for forecasting the different problems.
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Figure 3. The curves depict the trend actual values and forecasted values
based on second-order FLRs.

5. CONCLUSIONS

This study expands the hybrid FTS forecasting model, which combines PSO with hedging
algebras, to forecast a variety of issues. Two aspects that are thought to be crucial and have a
significant impact on how accurate forecasting models are optimizing the duration of intervals
and constructing fuzzy relationship groupings. To get over the drawbacks of FTS models
utilizing fuzzy connection groups, the suggested model utilizes the idea of time-variant fuzzy
relationship groups to compute forecasting output results. Prior to now, determining interval
lengths was typically done using soft computing techniques like evolutionary processes or
clustering algorithms. In the suggested forecasting model, we produce intervals of varying
lengths by employing a HA-based mathematical structure. In addition, the PSO optimization
technique is applied in optimizing the lengths of intervals from the universe of discourse with a
view to improving the accuracy of the forecasting model. The forecasting effectiveness of the
suggested model has been greatly increased by combining HA and PSO techniques. The
simulated results on the datasets of Gas price RON95 in Vietnam showed that the proposed
model gives noticeably better forecasting in case of the high-order FTS, and the compared results
on the dataset of the University of Alabama and the dataset of the killed-in-car road accidents
show that, in many cases, the proposed model gets better forecasting performance than the
existing ones. Details of the comparison are shown in tables 2 -7.
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TOM TAT

Xac dinh d9 dai khoing cho mé hinh dw bio chudi thoi gian mé dwa trén chi sé tip mo
str dung dai so gia tir va toi wu bay dan

Cdc nha nghién ciru thwong sir dung cdc mé hinh dw bdo chudi thoi gian mo (FTS) dé
woc tinh cdc gia tri trong twong lai vi chung khong phu thugc vao nhitng gia dinh nghiém
ngdt nhw cdc ky thudt dw bdo truyén thong. Thong thuong, c6 bon yéu to quyét dinh dén
hiéu qua cua mé hinh dy bao FTS (1) xdc dinh d¢ dai khoang tap nen, (2) quy tic mo héa
hodc biéu dién dic dzem ciia chudi thoi gian 1o, (3) thiét ldp cdc nhom quan h¢ mo
(FRGs) va (4) tao quy tic gidi mo de nhén dwoc cdc gia tri dau ra ré. Xem xét yéu to dau
tién va yéu to thir tu, chung 161 dé xudt mot mé hinh du bdo chudi thoi gian mo sir dung toz
wu bay dan (PSO) va dai s6 gia tir (HA) dé cai thién do chinh xdc dy bao. Trong do, dai 56
hedge dwoc sir dung nhie mét céng cu dé chia tap nén thanh cdc khodng cé dé dai khdc
nhau. Sau do, dir liéu chudi thoi gian dwoc mo hoa thanh cac tgp mo, cac nhom quan hé
mo duoc thiét Idp va gia tri du bao dwa trén chi $6 cuia cdce tdp mo dwoc tinh todn. Cubi
cung, mo hinh dé xudt duoc két hop voi PSO dé dat dwoc cac khodng 16i wu da xdc dinh
boi HA. Pé danh gid mé hinh dé xudt, ching t6i tién hanh nghién ciru mé phong trén hai
chudi thoi gian thyc duwoc sw dung rong rdi va so sanh hi¢u sudt véi mot s6 mé hinh dwoc
phat trién gan ddy. Thong ké sai sé du bdo bang MSE va RMSE cho thdy mé hinh dé xudt
hoat dong 16t hon cdc mé hinh so sanh.

Tw khoéa: Tuyén sinh; Chudi thoi gian md; Nhém quan hé mo; Dai sb gia tu; Tbi wu bay dan.
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