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ABSTRACT. Fuzzy Cognitive Mapping (FCM), as a soft computing methodology, has
emerged as a prominent research area in recent years. However, existing FCM construc-
tion methods exhibit significant limitations in weight learning, particularly when applied
to long-term or complex time series prediction tasks, demonstrating insufficient predic-
tion accuracy and limited capability for logical knowledge representation and reasoning.
This paper proposes a novel approach for constructing high-order FCMs that extracts con-
cepts from data using triangular membership functions and transforms the FCM learning
problem into a constrained convexr optimization problem, thereby effectively determining
the weights of high-order FCMs. The proposed method is applied to large-scale time se-
ries prediction tasks. Ten diverse real-world time series datasets are employed to validate
the predictive performance of the proposed approach. Experimental results demonstrate
that the proposed time series numerical prediction method is effective, achieving superior
prediction accuracy: it yields an average accuracy improvement of 55% compared to base-
line methods and 25% compared to the latest methods. Additionally, it exhibits enhanced
FCM representation capabilities and improved inference performance relative to existing
approaches.
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1. Introduction. FCM [1, 2| is a fuzzy weighted directed graph, where nodes represent
concepts and edges reflect causal relationships between nodes. As an effective soft com-
puting tool, it has become a prominent research focus for many researchers in common
time series modeling [3, 4] or some improved version [5, 6], prediction [7, 8] in the domain
of education [9], pharmaceuticals [10], life sciences [11] and decision-making applications
in the field of epidemics [12], school enrolment [13], agriculture [14] and so on. Most re-
search related to time series modeling and prediction focuses on the development of FCM
weight learning methods.

Among these approaches, several population-based algorithms, such as those proposed
by Zou and Liu [15], have demonstrated good performance in modeling and prediction
effectiveness. By virtue of simulating the mechanisms of biological population evolution
and group collaboration, it enables parallel search in complex solution spaces and ex-
hibits strong adaptability to nonlinear problems. Through information interaction and
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iterative updating among individuals within the population, it effectively explores the po-
tential patterns of data, and demonstrates excellent adaptability when dealing with high-
dimensional, dynamically changing modeling and prediction tasks. In recent years, several
new methods have emerged, including Quantum Fuzzy Cognitive Mapping (QFCM) [16],
Interval Type-2 Fuzzy Cognitive Mapping (IT2FCM) [17], and Neuro Fuzzy Cognitive
Mapping (NFCM) [18]. These novel methods demonstrate significant advantages when
addressing complex nonlinear systems. QFCM, by leveraging the principles of quantum
computing, enables efficient parallel search to explore multiple solution spaces simultane-
ously, effectively capturing subtle patterns in data. IT2FCM incorporates interval type-2
fuzzy sets, which enhances its robustness when handling uncertainty and fuzziness in
system inputs, ensuring more stable modeling results in dynamic environments. NFCM,
by integrating neural network mechanisms, possesses strong self-learning and adaptive
capabilities, allowing it to dynamically adapt to the evolution of system characteristics
and improve prediction accuracy during the iterative process. In the tasks of modeling
and predicting complex nonlinear systems, compared with traditional models, these novel
methods can dig deeper into the inherent nonlinear correlations in data, exhibit better
flexibility and adaptability, and continuously elevate the performance of system analysis
and prediction.

However, population-based algorithms have inherent limitations. During the iterative
process, particle diversity decays rapidly near local optima, which adversely affects the
algorithm’s overall optimization capability and prediction accuracy. This may cause the
algorithm to prematurely converge to local optima, making it difficult to explore better so-
lution spaces and limiting its further application in modeling and prediction scenarios for
complex nonlinear problems. While latest algorithms exhibit better prediction accuracy,
their computational burden increases significantly. Complex mechanisms such as quantum
state operations in QFCM, double-layer fuzzy set calculations in IT2FCM, and neural net-
work training in NFCM require substantial computational resources. This raises hardware
requirements, potentially restricting their widespread use in resource-constrained scenar-
ios. In the modeling and prediction process of FCM, most methods face the challenge
of balancing performance improvement and computational cost constraints, which con-
stitutes a practical application challenge, particularly in scenarios where computational
resources are limited. Therefore, the necessity of further optimizing algorithm design be-
comes prominent, especially in the most critical weight learning process which is the most
computationally intensive. In light of this, a novel FCM weight learning method in this
paper is proposed that transforms the FCM weight learning problem into a constrained
standard convex optimization problem [19], which can significantly reduce computational
complexity while improve accuracy.

Furthermore, current FCM modeling approaches demonstrate notable limitations in
practical time series applications. Specifically, the aforementioned modeling methods rely
exclusively on node values at time ¢ as their sole input that stands in fundamental conflict
with the intrinsic properties of dynamic systems. In terms of the operational mechanism
of dynamic systems, their state evolution is characterized by distinct cumulativeness and
correlation. Modeling based solely on node values at a single time point essentially dis-
rupts the temporal interconnectedness of dynamic systems, making it challenging to cap-
ture their inherent evolutionary patterns. As a matter of fact, the value of each node in
an FCM at time ¢ + 1 results from the combined influence of multiple pieces of histori-
cal information: it includes both the immediate impact of time ¢ and the lag effects of
earlier time points such as t — 1, and ¢ — 2. This multi-scale temporal dependency repre-
sents a core manifestation of the complexity inherent in dynamic systems. To effectively
integrate such historical information, high-order FCM incorporates multi-order time lag
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terms, integrating node states at different moments into a unified modeling framework.
This allows the model to quantify the cumulative impact of earlier time instances on the
current state, thereby significantly improving prediction accuracy.

Additionally, raw historical time series primarily exist in the form of precise numerical
values, while the reasoning process of FCM relies on fuzzy expressions. The accuracy of
the conversion between these two forms directly affects the reliability of the model. A
typical triangular membership function establishes a zero-error mapping relationship be-
tween raw time series and fuzzy time series by constructing rigorous fuzzy partitioning
rules: on the one hand, it converts precise numerical values into fuzzy linguistic variables
that conform to human cognitive habits, providing appropriate inputs for FCM reasoning;;
on the other hand, it can restore fuzzy results to precise numerical values through inverse
transformation. This ensures the consistency of data semantics and statistical character-
istics throughout the entire modeling process, providing reliable support for subsequent
analysis.

2. Expansion of FCM from 1-order to High-order. The dynamic characteristics of
l-order FCM can be described mathematically as shown in Equation (1).

Ait+1)=f (Z (wz’jAj(f))> (1)
j=1
where A;(t) represents the activation degree of the jth concept at time ¢, w;; € [—1,1]
denotes the weight from the jth concept to the ith concept, i.e., the causal relationship
from A; to A;, n is the number of concepts, and the activation function f is a nonlinear
continuous non-decreasing function such as the sigmoid function Equation (2) [20].

O @

where A\ is the steepness parameter; the larger this parameter value, the steeper the
activation function shape and the more sensitive it becomes to the value of x.

For dynamic systems, high-order fuzzy cognitive maps can better reflect their dynamic
characteristics. Typically, the closer the distance to the current moment, the greater the
impact, and vice versa. The dynamic characteristics of high-order FCM can be described
mathematically as shown in Equation (3). Here, to minimize computational load as much
as possible, it is assumed that the conceptual values at times ¢ and t —1,t—2,...,1 have
equal impact on time ¢ + 1.

n n n
At+1)=f (Z (w1 A () + Y (waig Ayt = 1)) 4+ > (wtijAj(l))> (3)

Jj=1 Jj=1 Jj=1
where wyy;, ..., W—1)ij, Wy; are the weights from the jth node to the ith node at times
t,t—1,...,1, respectively. After FCM modeling is completed, FCM starts from the initial
state and performs continuous iterations according to the formula to implement prediction.

3. Proposed Method. This section provides a detailed introduction to the proposed
novel method for large-scale and complex time series modeling and prediction. The high-
light of this method is the rapid and effective determination of FCM weights. The proposed
method is summarized in the following Algorithm 1.

3.1. Fuzzy time series generation and restoration. The generation of fuzzy time se-
ries [21] consists mainly of two steps: normalization and triangular fuzzification. Normal-
ization eliminates the influence of dimensionality, while triangular fuzzification converts
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Algorithm 1 Learning the weight matrix of g-order FCM by least square method.
Require:
1: TFtype: the type of activation function for FCM to be learned;
2:  A: the value of parameter of activation function corresponding to T Ftypes, its
value is larger than 0;
3: [: a regularization parameter, its value is larger than 0;

4: X1,Xg9,...,Xp,...,X,: actual time series data used to learn FCM,
Ensure:
51 Wiep: Well-learned m-by-m weight matrix for FCM at order k, and k =1,...,¢;
6: Wyopt = O™ L Wy —— 0T
T Hp < [di[k:n—q+k:];...;dyk:n—q+k,]];
8 A; « [Hyl;
9: Y« ldi[g+1:n,:];...5du[g+1:n,:]];
10: ¢ < 0;

11: while i+ ¢ <n do
12: Yitq ¢ —1In (L — 1);

Y:,i]
13: objection <— min{ || N(Ayw1; + A 1Wa; 4+ -+ Ar_gi1wy;) — Y|l + |18 * w1
85 waslly 4+ -+ |55 w1 };
14: constraint <— {[|wij|lcoc <L, [[Wojllec < 1,...,[[Wgillo < 1};
15: problem < (variable, objection, constraint);
16: Wij,. .., Wg; < SOLVER(problem); > SOLVER(:) indicates an interior-point

method based on the convex optimization solver.
17: 141+ 1;
18: end while

the original time series to fuzzy time series. The observed values X = [z(1),z(2),...,
x(n)] are normalized to Z = [z(1),2(2),...,2(n)]. Subsequently, the triangular mem-
bership function is used to fuzzify Z into fuzzy sequence A;, (i = 1,2,...,n) shown in
Equation (4). For the triangular membership function, we assume there are m equidistant
intervals on [0, 1], meaning the corresponding FCM has n concepts.

Ay M1 12 o Him
O B I I (4)
An Hnl HMn2 **° HUnm

In contrast to the process of generating fuzzy time series, defuzzification takes the

predicted fuzzy value AA( = |Hasn) Basny2s - - - Bagiyn| 38 input and produces the

t+1)
prior to denormalization. Following denormalization, the original

numerical value Zi1)

predicted value T is obtained.

t+1)

3.2. Solving high-order FCM weights and predictions. Due to the utilization of
high-order FCM in this algorithm, assuming the FCM order is ¢, the weights comprise g
components: wy, ..., w,, which lie in the interval [—1, 1].

For fuzzy time series A, assuming there are c sets of different initial state vectors
pi(r) = [p5(r), mus(r), ..., pwi(r)]r=12, gs=12..c serve as inputs to g-order FCM. FCM
generates k iterations on each initial vector to obtain ¢ response sequences according to
the specified Equation (5).
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B 1
P+ = 1 + e~ MAswij+ A 1waj++Arg 11 Wg;) (5)

A one-to-one correspondence exists between the response value uft ) and the actual

J
measured value p i for all j and c. The accuracy of the FCM is typically assessed

(t+1
by calculating the difference between 41y, 1) To further clarify the system
optimization objective, a commonly employed minimum error function Equation (6) is

incorporated into the system.

¢ c

and 14

1
(& n m S 2
em(n —q) Y oy Zt:q Zj:l (“ftﬂ)j - Mftﬂ)j)

For the convenience of subsequent algorithm implementation, Equation (5) is trans-
formed into a more suitable form, as shown in Equation (7).

(6)

argmin J; =

1
/\(Atwlj + At_1W2j + -4+ At—q+lwqj) =—In ( z - ]_> (7)
H(t+1);

For each initial vector, the FCM performs r iterations starting from the initial vector,
and according to Equation (5), r equations can be obtained. Since there are ¢ sets of
initial vectors, a total of ¢ x r equations can be derived.

Let V; = —ln( A — 1) from Equation (14), Equation (7) can be expressed in

(t+1)j

Equation (8).
AMAW 1 + AWy + -+ A gawyy) = Y (8)

Considering the existence of errors, the constrained linear equation system in Equation
(8) typically does not have exact solutions. Therefore, seeking an approximate solution
that satisfies the constraints while minimizing the error is a feasible approach to address
this problem. Consequently, the equation system in Equation (8) can be converted into
a constrained least squares problem, as shown in Equation (9).

min ||)\<AtW1j + At_1W2j + -+ At_q+1wqj) — Yj“g
s [Wijlloo < 1, [Wajllo < 1,- - [[Waslloo < 1, (9)

where || -||2 denotes the 2-norm, ||- || denotes the infinity norm, and A > 0 is the steepness
parameter of the sigmoid function. The constraints ensure that the solved weight vectors
lie within the interval [—1,1]. Considering that sparse matrices in large-scale FCMs also
offer significant computational efficiency advantages, penalty terms ||wy;]|1, [[Wa;1,- -,
|Wg;||1 shown in Equation (10) are introduced to promote sparsity in the weight matrices.
Furthermore, the degree of sparsity increases as [ increases.

min [[A(Agwy; + A1woj + -+ + A 1Wy;) — Yo 4 Bllwaylls + Bl waylls + -+
+ B[ Wejll1
St [ Wijlloo < 1, [[Waillee < 1,00, [ Wejlleo < 1 (10)

Equation (10) represents a classic convex optimization problem. Therefore, when A and
[ are treated as hyperparameters, it is appropriate to employ interior point methods [22],
such as the barrier function method, primal-dual method, and their enhanced variants,
to solve Equation (10). Since interior point methods guarantee convergence to the global
optimal solution, they can obtain the globally optimal solution for each weight matrix.
After obtaining the weight matrices of the high-order FCM, the FCM model is constructed
and used for fuzzy time series prediction.
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TABLE 1. Brief introduction to 10 data sets in study

.. Trai Test
Number Data set Description raim s Source
set set

the prices of soybean in
1 Soybean Price | Guangdong from January | 1013 | 338
4, 2010 to June 6, 2014

recording the finance

https://download.csdn.net/
download/qq40797107/10477157

Yahoo stock data (high https://download.csdn.net/
2 Yahoo stock point) from September | 944 | 314 download /weixin4d2126677/
28, 2010 to September 18402174
25, 2015
records 13-month smooth- . .
3 sunspots ed monthly total sunspot | 2468 | 822 https://www side.be/silso/
datafiles
number
image recognition task
Tmage execution times in mobile
4 Recognition . 750 | 250 http://archive.ics.uci.edu/
Times (Macl) edge computing of
MacBookProl
H‘yC‘li:Ilrlllfc condition monitoring of
5 bCy(:olin; hydraulic systems for 1654 | 551 http://archive.ics.uci.edu/
efficiency cooling efficiency
Appliances pressure in a low energy . o
6 energy (Press) building 14801 | 4934 http://archive.ics.uci.edu
Appliances power consumption in a . . .
7 cnergy (Power) low energy building 14801 | 4934 http://archive.ics.uci.edu/
Tetouan city Lo . i N .
8 (humidity) humidity of Tetouan city |39311 | 13104 http://archive.ics.uci.edu/
9 jena climate g;iaiiis}‘g,sgfﬁel\f/ix 53359 | 17786 https://blog.csdn.net/m06364
(rho) . . 2362/article/details/127721083
Biogeochemistry
. . temperature from Max .
10 jena climate Planck Institute for 9468 | 899 https://blog.csdn.net/m06364

(Tpot) 2362/article/details/127721083

Biogeochemistry

4. Experiment. In this section, the effectiveness of the proposed method is evaluated
through two approaches: first, by demonstrating performance on real-world time series;
second, by comparing performance with other classic and state-of-the-art methods in
terms of accuracy. In the experiments, the “ECOS” solver integrated in the Python
package was adopted as a feasible approach for solving convex optimization problems.
Additionally, the maximum number of iterations was set to 100 to ensure convergence.
For comparison purposes, commonly used and recently developed representative methods
in FCM weight learning were employed, including AR, MA, ARIMA, NARnet, LSTM,
TLSP-DE, QFCM, NFCM and IT2FCM algorithm. Ten datasets representing four typi-
cal types of time series from different fields, as shown in Table 1, were introduced for the
experiments, including trend time series, seasonal time series, random time series, and
composite time series. The cross-validation method was adopted, where for each dataset,
the first 75% of the data was used for training and the last 25% was used for prediction
to evaluate forecasting performance. All experiments were implemented on the same com-
puter: HP ProBook 440 G7 with Intel Core i7-10510U CPU @ 1.80GHz-2.30GHz and
8.00GB RAM. The RMSE shown in Equation (11) was chosen to evaluate the accuracy
of FCM predictions. The smaller the RMSE value, the lower the FCM prediction error,
and vice versa.
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r

RMSE = %Z(:ct — i) (11)

t=1

Among them, r is the prediction step, that is, the prediction level, x; and #; represent
the actual observed value and predicted value at time ¢, respectively.

4.1. Finance Yahoo stock time series. The Finance Yahoo stock time series shown in
Table 1 are used to verify the feasibility and effectiveness of the proposed method in detail.
To demonstrate the process clearly, a 5-order FCM is chosen for modeling and prediction
implementation. Furthermore, the influence of various parameters on prediction accuracy
is displayed and analyzed. Table 2 shows the RMSE prediction performance under different
values of the concept number h, steepness parameter A\, and regularization parameter (.
The value of h ranges within [20, 200], the value of A ranges within [2.5,5.0) with a step size
of 0.5, and the value of 3 ranges within [0.0001,0.0005) with a step size of 0.0001. Figure
2 and Figure 3 illustrate the variation of RMSE performance under different parameter

values of h, A\, and f3.

TABLE 2. The experimental result of RMSE under various parameters

nla RMSE with different £ Lol RMSE with different
0.0001 | 0.0002 | 0.0003 | 0.0004 0.0001 | 0.0002 | 0.0003 | 0.0004
251 0.764 | 0.764 | 0.764 | 0.764 251 0.699 | 0.688 | 0.718 | 0.722
3.0 0.747 | 0.747 | 0.747 | 0.747 3.0 0.703 | 0.704 | 0.706 | 0.705
20 [ 3.5 0.758 | 0.758 | 0.758 | 0.757 | 100 | 3.5 | 0.63 0.63 | 0.548 | 0.549
4.0 0.757 | 0.757 | 0.757 | 0.757 4.0 0.545 | 0.545 | 0.545 | 0.545
451 0.756 | 0.756 | 0.756 | 0.756 4.5 0.541 | 0.541 | 0.541 | 0.541
2.5 0.681 | 0.681 | 0.689 | 0.681 2.5 0.607 | 0.609 | 0.611 | 0.634
3.0 0.818 | 0.818 | 0.818 | 0.818 3.0 0.573 | 0.567 | 0.567 | 0.574
40 1 3.5 | 0.765 | 0.765 | 0.765 | 0.765 | 150 | 3.5 | 0.558 | 0.558 | 0.558 | 0.558
4.0 0.768 | 0.768 | 0.768 | 0.768 4.0 ] 0.558 | 0.565 | 0.565 | 0.565
451 0.765 | 0.766 | 0.766 | 0.766 451 0.565 | 0.565 | 0.565 | 0.565
2.5 0902 | 0.898 | 0.898 | 0.898 251 0.594 | 0.595 | 0.595 | 0.606
3.0] 0.749 | 0.745 | 0.741 | 0.739 3.0 0.588 | 0.59 | 0.593 | 0.593
60 | 3.5 0.75 0.75 0.75 0.75 |200|3.5] 0.552 | 0.552 | 0.552 | 0.554
4.0 0.749 | 0.749 | 0.749 | 0.749 4.0 ] 0.566 | 0.566 | 0.565 | 0.565
451 0.743 | 0.596 | 0.596 | 0.596 451 0.576 | 0.576 | 0.576 | 0.576

According to Table 2, the maximum RMSE is 0.902, achieved when h = 60, A = 2.5,
and § = 0.0001. Conversely, the minimum RMSE is 0.541, obtained when h = 100,
A = 4.5, and 8 ranges between 0.0001 and 0.0004. Therefore, it is evident that improved
prediction accuracy can be achieved through appropriate adjustment of the parameters
h, A, and .

Specifically, taking h = 20, A = 4.5, = 0.0002 as an example, after normalization and
fuzzification, the weight matrices wy, wo, W3, w4, ws of the 5-order FCM are obtained as
shown in Figure 1 during the modeling process. Subsequently, prediction is performed,
followed by defuzzification and denormalization in sequence. Finally, the RMSE between
the predicted data and the actual test data is calculated to be 0.756.

Figure 2 demonstrates that for a fixed number of FCM concepts h, the RMSE value
exhibits a decreasing trend as A increases from low to high values. As \ increases, RMSE
shows a significant decline from high to low values. When A reaches a certain threshold,
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FIGURE 1. Weight matrices wq, W, W3, Wy, Wy of the 5-order FCM
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FiGURE 3. Plots of RMSE under parameters h and 3 with fixed steepness
parameter A for Finance Yahoo stock data (high)

such as 2.0, it maintains a relatively stable low value. The explanation for this phenom-
enon is that the steeper the S-shaped activation function becomes, the more sensitive
the FCM is to data changes, meaning that the FCM’s perceptual ability becomes more
flexible. However, when A reaches a certain value, the FCM’s perceptual ability stabilizes
and no longer exhibits significant changes. Similarly, Figure 3 shows that under fixed A
values, that is, A = 3.0, 3.5,4.0,4.5, RMSE demonstrates a decreasing trend as h increases
from low to high values, although RMSE may fluctuate slightly with increasing h. Both
Figure 2 and Figure 3 exhibit a common characteristic: the influence of 5 on RMSE is
negligible. This occurs because the function of 3 is not to affect prediction accuracy, but
rather to regulate the sparsity of the weight matrices.

4.2. Comparison with other methods. To compare the FCM modeling and predic-
tion method proposed in this paper (i.e., TLSP) with other classic and state-of-the-art
methods, including AR, MA, ARIMA, NARnet, LSTM, TLSP-DE, QFCM, NFCM and
IT2FCM algorithms, comprehensive comparisons were conducted on the real-world time
series shown in Table 1 to further evaluate the robustness and broad applicability of TLSP.
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TABLE 3. Experimental results obtained by TLSP, AR, MA, ARIMA,
NARnet, LSTM, TLSP-DE, QFCM, NFCM and IT2FCM

Data set TLSP| AR | MA |ARIMA |NARnet|LSTM|TLSP-DE |QFCM |[NFCM |[IT2FCM
Soybean Price | 17.14 | 78.99 |75.776| 82.923 | 68.388 | 79.72 | 53.37 49.16 | 37.94 | 45.61
Yahoo stock | 0.51 | 1.859 | 1.867 | 2.154 1.774 1.61 1.74 0.81 0.98 1.89

sunspots 9.24 | 17.29 |16.875| 19.146 | 12.343 | 11.31 10.13 10.77 | 8.46 9.84

Image
Recognition [0.0034| 0.006 [0.0058| 0.0076 | 0.0043 |0.0041| 0.0038 |0.0036 |0.0037 | 0.0035
Times (Macl)
Hydraulic

systems

Cooling
efficiency
Appliances
energy (Press)
Appliances
energy (Power)
Tetouan city

0.14 | 0.301 | 0.292 | 0.324 0.227 | 0.21 0.17 0.16 0.25 0.16

0.014 | 0.049 | 0.047 | 0.051 0.032 | 0.02 0.017 0.021 | 0.018 | 0.016

108.4 1301.24|263.87| 324.52 | 209.73 [117.54| 114.2 108.3 | 1344 | 119.7

0.63 | 1.812 | 1.794 | 1.845 1.206 | 0.94 0.81 0.74 | 0.79 0.68

(humidity)
Jena(riglate 0.34 | 0.985 | 0.941 | 1.049 | 0.827 | 0.38 | 042 | 045 | 0.38 | 041
Jena climate | 15| 368 | 0.375 | 0369 | 0335 | 021 | 022 | 0.4 | 019 | 0.16
(Tpot)

The comparison results between the proposed TLSP prediction method and other meth-
ods shown in Table 3 for ten real-world datasets demonstrate satisfactory predictive per-
formance. TLSP achieves higher prediction accuracy without manual intervention. To
further validate the superior predictive accuracy of the TLSP method, the average pro-
portion of accuracy improvement relative to both the baseline methods and the latest
methods was calculated. In comparison with typical baseline methods (AR, MA, ARIMA,
NARnet, and LSTM), the average proportion of accuracy improvement is approximate-
ly 55%. Similarly, when compared with the latest methods (TLSP-DE, QFCM, NFCM
and IT2FCM), it also demonstrates favorable performance, with the average proportion
of accuracy improvement being approximately 25%. This superior performance can be
attributed to the inherent advantages and limitations of various methods. AR, MA, and
ARIMA models have simple structures and low computational complexity. However, while
they can effectively capture linear relationships, they are unable to handle the complex
nonlinear relationships inherent in large-scale time series. Consequently, their prediction
accuracy is relatively low for large-scale time series. NARnet, LSTM and NFCM are es-
sentially neural network-based algorithms that can effectively capture nonlinear features
in large-scale time series, thereby improving prediction accuracy. For TLSP-DE, QFCM,
NFCM, and IT2FCM, utilizing FCM as the model structure can effectively simulate the
intrinsic relationships of complex systems, explain and predict system behavior, and pos-
sess strong knowledge reasoning capabilities. However, these methods employ population-
based algorithms for weight optimization. Although population-based algorithms offer the
advantage of fast convergence, they cannot guarantee convergence to the global optimal
solution. While TLSP-DE, QFCM, NFCM, and IT2FCM have achieved considerable pre-
dictive performance, TLSP still outperforms them in prediction accuracy. This superiority
is attributed to adopting a convex optimization approach, which ensures that the weights
converge to the globally optimal solution.
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Furthermore, to demonstrate the influence of FCM order on prediction performance,
Table 4 presents RMSE values of the TLSP method for FCM predictions with orders
ranging from 1 to 200, while Figure 4 illustrates RMSE variation trends across datasets
at different orders. Theoretically, higher FCM orders should enhance prediction accuracy
by incorporating more comprehensive historical information. However, Table 4 and Figure
4 show that while accuracy improves initially with increasing order, it stops improving
and even decreases once a certain order is reached. This is because, for complex large-scale
time series, older historical data has diminishing impact on current predictions; excessive

inclusion weakens the critical influence of recent data, which is detrimental to time series
prediction.

TABLE 4. Experimental results obtained by TLSP with various order FCM

Data set 1- 2- 10- 20- 40- 60- 80- 100- | 110- | 130-| 150- | 200-
order | order | order | order | order | order | order | order | order |order| order | order
Soybean Price | 20.87 | 19.43 | 17.14 | 16.92 | 16.86 | 15.94 | 15.42 | 15.54 | 17.83 |24.57| 27.62 | 30.21
Yahoo stock | 0.58 | 0.54 | 0.51 | 0.49 | 0.48 | 0.49 | 0.49 | 0.54 | 0.59 | 0.62| 0.65 | 0.65
sunspots 941 | 935 | 9.24 | 9.24 | 9.23 | 9.26 | 9.27 | 9.22 | 9.45 | 9.51 | 9.66 | 9.73
Image
Recognition [0.0037(0.0036|0.0034|0.0035|0.0035|0.0036|0.0035[0.0034|0.0032|0.004|0.0045|0.0046
Times (Macl)
Hydraulic
systems 0.16 | 0.15 | 0.14 | 0.14 | 0.14 | 0.15 | 0.15 | 0.16 | 0.17 | 0.17 | 0.19 | 0.19
Cooling
efficiency
Appliances | 11 016 | 0.014 | 0.015 | 0.016 | 0.017 | 0.017 | 0.018 | 0.018 |0.019] 0.021 | 0.022
energy (Press)

Appliances |16 /6l 1106 108.4 | 110.1 | 114.2 | 116.8 | 118.1 | 116.4 | 119.2 |118.7| 119.4 | 121.6
energy (Power)

Tetouan city | 76| 69 | 0.63 | 0.64 | 0.63 | 0.61 | 0.61 | 0.62 | 059 |0.68| 0.72 | 0.73
(humidity)

jena climate

(rho) 037 | 035 | 0.34 | 0.33 | 0.35 | 0.31 | 0.32 | 0.31 | 0.37 | 0.37 | 0.46 | 0.45
Jena climate |\ 1 g1y | 013 | 012 | 012 | 011 | 0.11 | 0.13 | 0.15 | 0.18 | 0.16 | 0.19
(Tpot)
Soybean Price Yahoo stock Sunspots Image Recognition Hydraulic systems
Times(Macl) Cooling efficiency

Appliances energy Appliances energy Tetouan city(humidity)
I’rr'ssl (Power)

FiGURE 4. Plots of RMSE trend for 10 datasets as FCM order increasing

jena climate(rho) jena climate(Tpot)

5. Conclusions. This paper proposes a high-order FCM modeling and prediction method
for large-scale complex time series. To address the challenge of obtaining high-order FCM
weights, a constrained convex optimization approach is utilized to build high-quality mod-
els. To validate TLSP’s effectiveness, four typical large-scale time series are tested: trend,
seasonal, random, and composite. Its experimental methodology involves four steps: 1)
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transforming ordinary time series into fuzzy ones via normalization and triangular fuzzifi-
cation (as FCM training data); 2) computing FCM weights by solving constrained convex
optimization problems; 3) performing prediction with the trained FCM model; and 4)
validating accuracy against other methods. Experimental results show TLSP outperforms
representative alternatives. The study also analyzes the impact of key parameters (FCM
concept number h, steepness A, regularization 3, and order) on prediction performance.
However, this method has a limitation: although multiple parameter combinations are
provided, each parameter is treated as a hyperparameter and has not been fully opti-
mized. Therefore, future work will consider comprehensive parameter optimization to
further improve prediction accuracy.
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