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Abstract

In this paper, a method is presented for predicting time series. Time series prediction is a process which
predicted future system values based on information obtained from past and present data points. Time
series prediction models are widely used in various fields of engineering, economics, etc. The main
purpose of using different models for time series prediction is to make the forecast with the greatest
accuracy. The model presented in this paper is based on the combination of kernels and support vector
regression. Support vector regression is highly capable of solving function estimation problems by using
its kernels, but kernels’ parameters need to be adjusted. First we have preprocessing phase which
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includes normalizing data and separating data for testing and training. In proposed model, ten different
kernels were used. Five kernels were selected as the best kernels by trial and error and these kernels are
applied to data. There probably is only a few of the kernels that are useful for the problem, and we are
not aware of which kernels are useful for our problem so kernel outputs aggregate by applying a
coefficient. This combination creates a new secondary space. The output is given to support vector
regression to construct a model that predicts values exactly € accurate, which means the predicted values
do not deviate more than ¢ from the original data. This model predicts values by using a leave one out
model. Each kernel has parameters that need to be set to optimum values in order to get the best results.
Hence in the proposed model, the kernel parameters and their weights are learned by the Gray Wolf
Optimizer. This optimizer has been able to provide appropriate answers to many problems, especially
challenging problems and has a superior ability to solve the high-dimension problems. By running
program in consecutive iterations and examining the different values of the parameters, the optimizer
learns the best of them which prediction error has been reduced, and finally returns their best value.
The proposed model is implemented on five standard time series and compared to other method, test
based on the RMSE criterion for DJ time series, improved by 1.58 point, Radio time series, improved by
0.178 point, and Sunspot time series, improved by 1.709 point. Finally, we analyzed the results,
Statistical evaluation by Wilcoxon Signed-Rank Test where the p value is very low compared to the
proposed method and CNN-FCM, AR_ model per scale, Multiresolution AR model and ANN methods,
slightly lower for Wavelet-HFCM and ANFIS methods and slightly lower than one for SAE-FCM
method and at the end provide a relation to find the window size in the model by obtaining the average
of peak differences, valley differences, and consecutive peak, and valley differences for the actual values
of the training data in exchange for their sequence number in time series.

Keywords- Time series prediction, Support vector regression, Ensemble kernel model, Optimization.
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(Table-3): Comparison of the results of the proposed method with the method of using each of the displayed kernels alone to

transfer the data to the secondary space Based on RMSE criteria

pﬁggi?d polynomial RBF ERBF sigmoid guassian
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(Table-4): Comparison of the results of the proposed method with other methods Based on RMSE criteria
CNN SAE-FCM
proposed FCM- (After FT) Wavelet- ANFIS AR_ model Multiresolution ANN [34]
model [5] [30] HFCM [10] [31] per scale [32] | [33]AR model
Data RMSE 0.459 0.730 0.366 0.910 1.350 0.812 1.695
setl
Rank 2 4 1 6 7 5 8
Data RMSE | 19.755 | 25.189 21.335 27.526 29.822 26.733 28.532
set 2
Rank 1 4 2 6 8 5 7
Data RMSE 0.312 0.566 0.490 0.651 0.902 0.662 0.652
set 3
Rank 1 4 2 5 8 7 6
Data RMSE | 15.681 | 17.948 17.390 22.753 35.262 19.186 19.901
set 4
Rank 1 3 2 7 8 5 6
Data RMSE | 12.700 | 30.473 7.931 9.578 57.717 37.838 27.113
set5
Rank 4 6 1 3 8 7 5
Best 3 0 2 0 0 0 0
Worst 0 0 0 0 4 0 1
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;5 Pl g 4 olaas P s olas 2l 4z olass
X b dlie )3 (soleiny JaaCNN- 7190E-03 5 0 0
Y FCM [5]
3;. L aliio )3 golptiny Joo 3/65E-01 3 2 0
% SAE-FCM (After FT) [30]
bamslie )3 sleity Joe 3/17E-02 4 1 0
i Wavelet-HFCM [10]
9 . .
§ balis o oliniy o 3/17E-02 4 1 0
% ANFIS [31]
3 b arlin 2 sty oo 7/90E-03 5 0 0
) AR_ model per scale[32]
X b anslis )2 goliiey Jus 7/90E-03 5 0 0
3 Multiresolution AR model [33]
5 baalie o leidan Joe 7/90E-03 5 0 0
“;\\ ANN [34]
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A (Table-6): Mean values, standard deviation and variance related to peak differences (max), valleys (min) and peaks and
x consecutive valleys per number arranged for actual values of training
j oeSilee I o ls
o)
o Data set 1 s Max ks 12.1 0.7 0.49
é\ L Min G| 12 1.09 1.2
9‘9\ Jsto sle Max 5 min st 6.14 1.72 2.92
E- Data set 2 s Max sk 13.33 4.10 16.88
) Lo min v 14.6 412 17.05
Slsie slo Max g min Cadls 9.08 9.02 81.49
Data set 3 I Max GyLs] 11.8 2.28 5.22
s min Gsts | 11.68 1.75 3.08
Slsie slo max o min s 5.84 2.09 4.38
Data set 4 I Max yLs] 11.11 2.15 4.65
s min Gsts | 10.94 1.53 2.36
Slsie sl max o min s 6.83 8.02 64.40
Data set 5 s Max cists] 12 0 0
s min st 12 0 0
Slsie slo max o min L 6 0 0
9.(‘, 5 B = AVERAGE (Dif finax) ) A = AVERAGE (Dif fin) &)

O 2le ) 5Ll VP JLle


http://dx.doi.org/10.52547/jsdp.19.1.39
https://jsdp.rcisp.ac.ir/article-1-1162-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.19.1.39 ]

Jae slp 'S5 slagtsy 5l el aad ean]
Sooal Jae wiz oS 5L S olainl o ien
3 oslawl b puizman 09wl gio yion A ES

oy ojlail o A denS Sleange clabs,

SIS owlaw
o ohg Sllael sl eslatwl b iwsh #ib oyl
PR AURW PR r:l:;_dl JL @Isﬂ.&?ﬁ Sxio oKisls
b Colys olKiils &\.{U.Q;ae &)l pl ol S

7- References &l -V

[1] E. Kayacan, B. Ulutas and O. Kaynak, "Grey
system theory-based models in time series
prediction,” Expert Systems with Applications,
vol. 37, no. 2, pp. 1784-1789, 2010.

[2] B. Paaben, C. Gopfert and B. Hammer, "Time
Series Prediction for Graph in Kernel
andDissimilarity Spaces,” Neural Processing
Letters, no. 48, pp. 669-689, 2018.

[3] S. C. Nayak, B. B. Misra and H. S. Behera,
"Efficient financial time series prediction with
evolutionary virtual data position exploration,"
Neural Computing and Application, no. 31, pp.
1053-1074, 2019.

[4] M. A. Villegas, D. J. Pedregal and J. R.
Trapero, "A support vector machine for model
selection in demand forecasting application,"
Computers & Industrial Engineering, vol. 121,
pp. 1-7, 2018.

[5] P. Liu,J. Liuand K. Wu, "CNN-FCM: System
modeling promotes stability of deep learning
in time series prediction," Knowledge-Based
Systems, vol. 203, 2020.

[6] J. H. Sadaei, P. Céndido de Lima e Silva, F.
Gadelha Guimardes and M. Hisyam Lee,
"Short-term load forecasting by using a
combined method of convolutional neural
networks and fuzzy time series," Energy, vol.
175, pp. 365-377, 2019.

[7]1 J. Hu, X. Wang, Y. Zhang, D. Zhang, M.
Zhang and J. Xue, "Time Series Prediction
Method Based on Variant LSTM Recurrent
Neural Network," Neural Processing Letters,
2020.

[8] 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,
2020.

I Ensemble

C = AVERAGE (Dif frninmax) Y)

Jsiz 5o cilize oy slagyw Gl ol polie o5
sl 0as oaly isles (F)
Sl 05 oo 0aaline (F) Jgaz j0 a5 jsbijles
Loy ol o5 lag] Luil,ly polie a5 Sloj slags
5o oty o3lail 5l alaS” jo 4y bgyye sloas, a4 azgs
Go iy akaly o aS sleo iy o3lail gl (V) Jgo
St 45, g odel Cewsds (5,20 RMSE polie 0isS oo
olpsiey 1A cslasals oo iy o3l sl b o
aal, ccwlio oy ojlasl 8 slcamsda glp 09 oo
L] 2olis (e 5 955 12l Gajsel slaesls 5, (YY)
sl ppsdl by s g (e by Wi K
5 g2 gl A (63l
BestWindowSize =ixA+j*B+k=*C
ij,k=012,.. (YY)

(YY) b (Vo) Luly, 5l odelcassay yolie C g BeA a5
) Jsor 50 &5 psbples aiged (lpcar ais
05 ¥ by sl ,mw sl (V) akal,y w09l o cnnlin
a5 |y # g PINY polie b pa K=1 4 1,j=0 (glslay
ol 6l RMSE oy 2 (1) s b illao a5 ool
Jol> Vo5 7 ooy ojlal shilay ey slas
() Jsoz 4 4295 b opgs Glojsrm lp osl ond
abaly g ol 3bj o] by jlaie a5 09 o cualiv

Db S wlgs a5 T sl (VY)

G S A —F
Sleis e Smobn $lp wae oo o dlis ool o
Mo eSS 9 ol Jbp eeeS, bl
ool logis 5 byl sjlwae 5 il glaks
Gl SS o sleags cul ouls &I Gluaiy lawy
Dy @b 63555 Slp angr polie (Kwls &b Jlgte
39,5 o0 0L s Soigel slwosls g &, saul,l a8
& oS » el Joe Jlel I Jols mls
w‘ (W) MLM )i.n) uqa) VY- L| \))‘..\.:L..w‘ @LA)LSJ..A
A o G @l Slojgm m 5l 0y90 an jo g

O 2le ) 5, VP Jle


http://dx.doi.org/10.52547/jsdp.19.1.39
https://jsdp.rcisp.ac.ir/article-1-1162-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.19.1.39 ]

SIS (Gozmiama 9 Yluisdng J1S 33 Yoam 35 ) (bwl s File) SRS uw (iusyins Sl 32 BT as )3 JuS 3L Jdwe &SIl

i

[22] S. Lin, S. zhang, J. Qiao, H. Liuand G. Yu, "A
Parameter Choosing Method of SVR for Time
Series Prediction,” in The 9th International
Conference for Young Computer Scientists,
Liaoning, China, 2008.

[23] C. Hsin, J. M. Ho and D. T. Lee, "Travel-Time
Prediction With Support Vector Regression,"
IEEE Transactions on Intelligent
Transportation Systems, vol. 5, no. 4, pp. 276-
281, 2004.

[24] X. Ma, Y. Zhang, H. Cao, S. Zhang and Y.
Zhou, "Nonlinear Regression with High-
Dimensional Space Mapping for Blood
Component Spectral Quantitative Analysis,"
Journal of Spectroscopy, 2018.

[25] T. Hofmann, B. Schélkopf and A. J. Smola,
"Kernel Methods in Machine Learning,”
Institute of Mathematical Statistics, vol. 36,
no. 3, pp. 1171-1220, 2008.

[26] J. Xie, "Time Series Prediction Based on
Recurrent LS-SVM with Mixed Kernel,” in
Asia-Pacific Conference on Information
Processing, Shenzhen, China, 2009.

[27] S. Mirjalili, S. M. Mirjalili and A. Lewis,
"Grey Wolf Optimizer,” Advances in
Engineering Software, vol. 69, pp. 46-61,
2014.

[28] M. R. Mosavi, M. Khishe and A. Ghamgosar,
"CLASSIFICATION OF SONAR DATA SET
USING NEURAL NETWORK TRAINED BY
GRAY WOLF OPTIMIZATION," Neural
Network World, vol. 4, pp. 393-415, 2016.

[29] J. Heinermann and O. Kramer, "Precise Wind
Power Prediction with SVM Ensemble
Regression," in International Conference on
Artificial  Neural  Networks, Hamburg,
Germany, 2014.

[30] K. Wu, J. Liu, P. Liu and S. Yang, "Time
Series Prediction Using Sparse Autoencoder
and High-order Fuzzy Cognitive Maps," IEEE
Transactions on Fuzzy Systems, 2019.

[31] J. Shing and R. Jang, "ANFIS: adaptive-
network-based fuzzy inference system," IEEE
Transactions on  Systems, Man, and
Cybernetics, vol. 23, no. 3, pp. 665-685, 1993.

[32] G. Zheng, J. Starck, J. Campbell and F.
Murtagh, "Multiscale transforms for filtering
financial data  streams,” Journal of
Computational Intelligence in Finance, vol. 7,
no. 18-35, 1999.

[33] O. Renaud, J. L. Starck and F. Murtagh,
"Wavelet-Based Combined Signal Filtering
and Prediction,” IEEE Transactions on
Systems, Man, and Cybernetics, Part B
(Cybernetics), vol. 35, no. 6, pp. 1241-1251,
2005.

[34] A. B. Geva, "ScaleNet-multiscale neural-
network architecture for time  series
prediction,” IEEE Transactions on Neural
Networks, vol. 9, no. 6, pp. 1471-1482, 1998.

O 2le ) 5Ll VP JLle

[9] J. Wang, Z. Peng, X. Wang, C. Li and J. Wu,
"Deep Fuzzy Cognitive Maps for Interpretable
Multivariate Time Series Prediction,” IEEE
Transactions on Fuzzy Systems, pp. 1-1, 2020.

[10] S. Yang and J. Liu, "Time Series Forecasting
based on High-Order Fuzzy Cognitive Maps
and Wavelet Transform," IEEE Transactions
on Fuzzy System, vol. 26, no. 6, pp. 3391-
3402, 2018.

[11] Q. Xiao, "Time series prediction using
bayesian filtering model and fuzzy neural
networks,"” Optik - International Journal for
Light and Electron Optics, vol. 140, pp. 104-
113, 2017.

[12] H. Omranpour, F. Azadian, "Presenting a
Fuzzy Approach to Optimize Predicting High
Order Time series,” Signal and Data
Processing vol. 15, no. 2, pp. 3-16, 2018.

5,Sagy Sy al" L obolil Gy yeiles 2 [VY]
bl s o O il a1 38
N0 al> Jeosls g @5Me S3loy "L & 45

ATRY Y o less

[13] C. Bergmeir, R. J. Hyndman and B. Koo, "A
note on the validity of cross-validation for
evaluating  autoregressive  time  series
prediction,” Computational Statistics and Data
Analysis, vol. 120, pp. 70-83, 2018.

[14] W. Xu, H. Peng, X. Zeng, F. Zhou, X. Tian
and X. Peng, "Deep belief network-based AR
model for nonlinear time series forecasting,"
Applied Soft Computing Journal, vol. 77, pp.
605-621, 2019.

[15] L. Bianchi, M. Dorigo, L. M. Gambardella and
W. J. Gutjahr, "A survey on metaheuristics for
stochastic combinatorial optimization,"
Natural Computing, vol. 8, pp. 239-287, 2009.

[16] G. Cornuéjols , "Valid inequalities for mixed
integer linear programs,” Mathematical
Programming, vol. 112, pp. 3-44, 2008.

[17] M. Avriel, Nonlinear Programming: Analysis
and Methods, New York: Dover Publications,
2003.

[18] A. H. Land and A. G. Doig, "An automatic
method for solving discrete programming
problems,” 50 Years of Integer Programming
1958-2008, pp. 105-132, 2010.

[19] A. R. Simpson, G. C. Dancy and L. J. Murphy,
"Genetic algorithms compared to other
techniques for pipe optimization,” Journal of
water resources planning and management,
vol. 120, no. 4, pp. 423-443, 1994.

[20] S. Mirjalili, "The Ant Lion Optimizer,"
Advances in Engineering Software, vol. 83, pp.
80-98, 2015.

[21] B. T. Ojemakinde, Support Vector Regression
for Non-Stationary Time Series, Knoxville:
University of Tennessee, 2006.


http://dx.doi.org/10.52547/jsdp.19.1.39
https://jsdp.rcisp.ac.ir/article-1-1162-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.19.1.39 ]

[35] J. Derrac, S. Garcia, D. Molina and F. Herrera,
"A practical tutorial on the wuse of
nonparametric  statistical tests as a
methodology for comparing evolutionary and
swarm intelligence algorithms,” Swarm and
Evolutionary Computation, vol. 1, no. 1, pp. 3-
18, 2011.

Q Jle 5o all) pwaige 4l o 1y 05

5 Caio g ple olSils 5 VWAD

oy an )]l swlis )5 S hoe uizen

JRRK U ENT ZX ISR 7 VN W

s SlSs az s g 28b s (egras Sise (IS

Jle 5 (osias Bgp Gal)S S el it ol

olEzils Jholinl yol o 45 el 00,8 il s VYA

5 Eymae hge de) ;0 bb (Slyrdy (Saie

Olial aBdled)ge (chgh ey Sl eble 550k

wbold (edle (6, 50k (eatan Gigr Gl wSile

IS G5l 5 Glejs i st 5 sl (o)Ll

S sl

5l cwl @le plasl asbll, glas
h.omranpour@nit.ac.ir

S Shae ey abas
Jbo 5o @bl cwasge a2y o ) 59>
Sloyie S oBils jo V\YAA
Lol Jlo s el 6a,5 @dl,s b

s, )l wlba)ls ggadls

e oAl e e Gl S Al eige

Ol addles;se iyl die) sl bl Sls iy

ot 9 oedle S0l (egian (hea il wiile

(Slojs

el O jle Ll aabll,y Slas
h.poorali@nit.ac.ir

BY b ) 6)lecs 1F) JLu


http://dx.doi.org/10.52547/jsdp.19.1.39
https://jsdp.rcisp.ac.ir/article-1-1162-en.html
http://www.tcpdf.org

