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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-2): RMSE value of training and test data in each window size and its rank in terms of predictive accuracy
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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

Sigel 0.372 0.72 2.09 1.72 1 0.38
Data set 1

303! 0.459 0.65 4.59 2.93 0.99 0.53
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Data set 2 -
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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

Sl SAE-FCM 3, slp 5 b oS ANFIS
el S5 Sl

olaws wewl sdel () Jguz j0 a5 jebles
ey & Sl mr oo il bk
CNN- lo g, b awslin o oyl (59, (soloainn
AR_ ANFIS Wavelet-HFCM SAE-FCM FCM
ANN 4 Multiresolution AR model .model per scale
o3ls plnil (64 St 5 005 S e @bl
ol B g D FF XD ol s S

el Jow o G0 Bl Caand ol o
doald S Sl (F) Jguz [0 098 g0 a3y
solie Jlgte sloo,s 5 lald Sldlis! ¢ oo o cladls|
Slp gl e g bl gl 1) (o390l (slaools el
23] 00 Sedh i D jgods S92 ge Sl (glacs e
Dif finin; = Imin; ., — min| AY)

Diffmaxi = |maxi+1 - maxil

OA)

b fdei -0
03251 51 0) Jsiz )0 ls yidey Julow 5 4520 sl
el 00 salal \)‘JC,‘.Q)LC 4-\.’) O?"‘“Slibj

tosesl alie jlocudle ag) (5uSLy (y5e5
il ol et bl slagisy 5o Tz
i ] Bas 4 cal 48,9 9031 SO yge;l ol
90 B8y (S gy diged 90 m Jlogiae Sladglis
a3y oSl opeil @l [35] a5
Gy 2 S Gy e 5 ool sy bowdle
03 00)5] ((b) Jﬁd} B wdbdiss LS’LA) (_ng(_g),w
@S ) e slaoslss (oS Sole P jlade ool
Fsd Lo Shgy il Syl ST P e azje
p )L\M u)g.:.'sa oodlive J}.\? B as )#uw o
CNN-FCM sla s, 5 ooleinin (b9, amalie sl
9 Multiresolution AR model AR_ model per scale
s Wavelet-HFCM  gla s, gl copmb law ANN

I'Wilcoxon Signed-Rank Test
2 paired t-test

O 2le ) 5, VP Jle

&


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

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-28 ]

[ DOI: 10.52547/jsdp.19.1.39 ]

a , .
= P ] . . P — ; =2k
3 S 50 4l lade MaXi g 0,90 o 10 0,0 Llade MiNi a5 Diff. . _ {|maxl min| l
3 _ f fminmaz; |min; — max;| i=2k+1
S Ja;‘j) u,‘SJL..A ).') .laslj) )I oolaw! Lu B w‘ 0,99
2 7 . .
% mglen e LOVEON o 0%
I& )
‘35 SIocudle 4y guSShyg 9057 (8- Jguz)
‘:\ (Table-5): Wilcoxon Signed-Rank Test
;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]
%\ 81314 (g 053 g 4l g (MIN)Le 055 (MAX) A8 B | 4 bgs po (il ylg 9 sbero Bl il (il Sl :(F- Jgu)
3,\' uu)g.oi *58lg polio gl p 00l oy oyleus
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) &)
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