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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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(Figure-2): pseudo code of gray wolf algorithm [27]
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(Figure-4): Comparison of actual and predicted values for training (validation) data for data sets 1 to 5, respectively
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(Figure-5): Comparison of actual and predicted values for testing data for data sets 1 to 5, respectively
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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

Wind
ow 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
size
RMS
E 078 | 0.72 | 065 | 063 | 062 | 061 | 052 | 044 | 042 | 041 | 041 | 041 | 042 | 042 | 041
sleesls 8 4 5 2 5 0 8 5 9 9 3 3 5 7 7
sl
Da
ta Rank 31 30 29 28 27 26 25 24 23 19 16 15 20 21 17
set RMS
! E 103 | 099 | 081 | 058 | 064 | 059 | 0.60 | 0.60 | 052 | 054 | 056 | 054 | 052 | 0.52 | 0.57
slaools 9 0 5 6 7 3 9 2 7 9 0 8 6 6 4
o33!
Rank 31 30 29 20 27 21 25 22 9 15 18 14 8 7 19
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RMS
E 224 | 225 | 231 | 230 | 229 | 22.9 | 224 | 234 | 236 | 237 | 229 | 235 | 235 | 237 | 234
slaools 15 53 73 33 80 16 91 37 01 12 15 43 34 58 41
Shgal
Da
ta Rank 16 18 24 23 21 20 17 25 29 30 19 28 27 31 26
set | RMS
2 E | 230 | 235 | 235 | 240 | 257 | 255 | 246 | 251 | 246 | 257 | 27.7 | 29.6 | 256 | 245 | 24.3
slaosls 86 06 07 06 30 05 84 45 45 25 27 72 74 58 10
093]
Rank 16 17 18 19 29 26 23 25 22 28 30 31 27 21 20
RMS
E | 093 | 091|086 | 079 | 075|077 | 076|079 | 078 | 076 | 075 | 077 | 0.77 | 0.76 | 0.77
sleesls 0 3 6 7 9 6 7 4 5 3 0 9 0 8 5
Ssel
?aa Rank 31 30 29 26 14 20 16 25 23 15 12 21 18 17 19
Sgt RMS
E | 071|058 | 051 | 049 | 050 | 048 | 046 | 044 | 0.71 | 0.38 | 0.33 | 0.39 | 0.34 | 0.38 | 0.34
slaools 5 7 6 8 9 6 2 4 6 6 6 1 2 6 2
o931
Rank 30 29 28 26 27 25 24 23 31 18 4 20 6 17 7
RMS
Da| E | 134 | 129 | 132 | 128 | 126 | 123 | 124 | 126 | 126 | 133 | 135 | 133 | 135 | 131 | 133
ta sleosls 20 82 34 36 24 62 83 85 98 95 91 88 61 93 66
set Syl
4
Rank 17 7 13 6 3 1 2 4 5 16 19 15 18 11 14
RMS
E | 178 | 166 | 161 | 163 | 156 | 163 | 17.1 | 171 | 201 | 211 | 201 | 233 | 237 | 241 | 227
slaools 74 58 78 00 81 40 92 81 86 50 10 29 47 83 92
9%
Rank 8 5 2 3 1 4 7 6 10 11 9 18 21 24 17
RMS
E 44.7 374 | 414 26.0 20.0 15.9 14.6 14.5 12.6 11.3 11.9 11.6 11.4 115 11.2
sleesls 59 52 27 41 70 46 80 05 98 10 91 67 61 65 64
Shise]
ItDaa Rank 31 29 30 28 27 26 25 24 23 2 19 10 5 7 1
%' | RMs
E 57.0 135 14.7 14.2 13.7 12.7 13.8 16.9 20.1 16.0 15.3 15.3 15.3 15.2 16.6
sleosls 82 25 87 79 29 00 75 67 86 32 90 30 61 37 09
093]
Rank 31 7 20 17 12 1 13 29 30 26 24 22 23 21 27
(40ld)) :(Y-Jgu=)
(Table-2): (continue)
Win
dow | 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32
size
RMS
oo E
D b 04| 04)04)04|04)|04|04|]03(]03]03|03(03|03] 03] 03]0.37
at i 28 18 11 10 09 04 04 97 93 83 90 92 72 84 84 7
a 390
set oo
1
Rank | 22 18 14 13 12 11 10 9 8 3 6 7 1 5 4 2
RMS | 05 | 06 | 06 | 06 | 06 | 05| 04| 04| 05| 04| 05|05|05|05]| 04045
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ooE| 53 | 63 | 08 | 04 | 24 | 37 | 85 | 82 | 41 | 76 | 32 | 36 | 07 | 57 | 75 9
sl
osﬁjj
Rank | 16 | 28 | 24 | 23 | 26 | 12 5 4 13 3 10 | 11 6 17 2 1
RMS
s E
oo | 28| 22| 2L | 20. [ 20. | 20. | 20. | 19. | 20. | 20. [ 20. | 19. | 20. | 19. | 20. | 199
;| 010 | 275 | 610 | 829 | 687 | 209 | 060 | 933 | 041 | 180 | 523 | 973 | 180 | 754 | 035 | 96
Plal
D| &
at
a |Rank | 22 | 15 | 14 | 13 | 12 | 10 7 2 6 9 11 3 8 1 5 4
Sgt RMS
@B s |22 | 22, | 20| 20, | 21, | 21 | 21 | 21, | 21 | 21 | 20. | 22. | 20. | 20. | 19.7
sl | 759 | 450 | 187 | 863 | 606 | 321 | 205 | 564 | 096 | 258 | 267 | 846 | 148 | 757 | 619 | 55
ow’"
Rank | 24 | 15 | 14 6 2 11 8 12 7 9 10 5 13 4 3 1
RMS
oo E
s | 08] 0708|0707 |07]|07]|07]|07]|06|06|06|06]|06]| 06069
| 09] 93| 10| 8 | 54|47 |25 | 03|14 | 65| 73|57 | 77| 8 |89 8
Bl
o| ¢
t
2 Rank | 27 | 24 | 28 | 22 | 13 | 11 | 10 8 9 2 3 1 4 5 6 7
set
3 RMS
»LE N 931 03]03|03]03[03|03|03|03]|03]|03|03]|03|03]03]034
s | 77 | 91 | 96 | 52 | 58 | 86 | 95 | 78 | 60 | 38 | 33 | 12 | 24 | 62 | 72 5
o9
Rank | 14 | 19 | 22 9 10 | 16 | 21 | 15 | 11 5 3 1 2 12 | 13 8
RMS
o E
3 oo | 18] 18] 13 | 13. | 13. | 13 | 13 | 14. | 14. | 13. | 14. | 14. | 14 | 14. | 14. | 139
a | . | 168|183 | 231 | 784 | 711 | 592 | 118 | 053 | 213 | 903 | 616 | 094 | 123 | 622 | 467 | 14
set ”ﬁ
4 o
Rank | 9 10 | 12 | 22 | 21 | 20 8 25 | 28 | 23| 30 | 26 | 27 | 31 | 29 | 24
RMS
LB o 104 | 26| 26, | 22| 23 | 21 | 28 | 25 | 21. | 23. | 25. | 22. | 26. | 25. | 22.2
sl | 129 | 148 | 423 | 529 | 732 | 630 | 655 | 375 | 720 | 549 | 616 | 621 | 693 | 405 | 290 | 999
Q%}T
Rank | 22 | 23 | 29 | 30 | 16 | 20 | 13 | 31 | 27 | 12 | 19 | 26 | 15 | 28 | 25 | 14
RMS
sl E
oo | 11| 110} 110 11| 11| 120 | 12| 12, | 11| 11 | 11 | 11 | 11 | 11 | 11. | 114
;| 892|851 | 763 | 910 | 563 | 290 | 098 | 577 | 773 | 679 | 580 | 836 | 775 | 440 | 617 | 40
290
D
at | <
a
set | Rank | 17 | 16 | 12 | 18 6 21| 20 | 22 | 13 | 11 8 15 | 14 4 9 3
5
RMS
@B 93 | 13 | 14 | 12. | 15. | 13. | 13. | 13. | 13. | 16. | 12. | 14. | 14. | 13. | 13. | 141
sl | 451 | 714 | 170 | 947 | 645 | 947 | 569 | 709 | 250 | 754 | 862 | 283 | 342 | 659 | 071 | 96
ceﬂﬂ
Rank | 6 11 | 15 3 25 | 14 8 10 5 28 2 18 | 19 9 4
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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

p:?lcp)gﬁd polynomial RBF ERBF sigmoid guassian

ohgel 0.372 0.72 2.09 1.72 1 0.38
Data set 1 -

o903 0.459 0.65 4.59 2.93 0.99 0.53

o390l 19.754 4.88 83.23 78.35 4157 20.32
Data set 2 -

o903 19.755 42.44 57.55 48.96 43.24 19.74

ohgel 0.657 0.83 1.68 1.38 0.91 0.66
Data set 3

Yyl 0.312 1.69 3.90 3.15 1.55 0.42

3ol 12.362 21.42 32.83 32.05 24.02 12.95
Data set 4

Yyl 15.681 28.82 54.19 4291 31.34 16.40

37 11.264 59.76 86.07 78.69 58.10 23.98
Data set 5 .

39031 12.700 120.20 121.13 128.15 116.05 44.31
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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
set 1
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 | 15681 | 17.948 17.390 22.753 35.262 19.186 19.901
set4
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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X b alie )3 soliiey JouCNN- 7/90E-03 5 0 0
D) FCM [5]
§_~, b aalie o sl Joe 3/65E-01 3 2 0
% SAE-FCM (After FT) [30]
b dlin o olgien Joe 3/17E-02 4 1 0
1 Wavelet-HFCM [10]
Y - .
§ b alin 2 bty oo 3/17E-02 4 1 0
% ANFIS [31]
3 b alin o solginy oo 7/90E-03 5 0 0
) AR_ model per scale[32]
X bamslie o osleity Joe 7/90E-03 5 0 0
3 Multiresolution AR model [33]
5 bamlin 2 bty 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
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_3 Sl e Sl okl
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o Data set 1 Lo Max Gkl 12.1 0.7 0.49
i s Min S| 12 1.09 1.2
;9\ Jlsie sl max g min Gstes| 6.14 1.72 2.92
E Data set 2 s Max ks 13.33 4.10 16.88
9 Lo min 3l 14.6 412 17.05
Slge sl max g min dls 9.08 9.02 81.49
Data set 3 s Max Y5 ] 11.8 2.28 5.22
Lo min Gsts| 11.68 1.75 3.08
Slete slo max g min s 5.84 2.09 4.38
Data set 4 s Max Gyesl 11.11 2.15 4.65
Lo min Gsts| 10.94 1.53 2.36
Slete slo max g min s 6.83 8.02 64.40
Data set 5 s Max Gyesl 12 0 0
e min Gstes! 12 0 0
Slete slo max g min s 6 0 0
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