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Abstract

Currently, there are efforts to find new techniques in forecasting in order to improve precision and speed. The
improvement is achieved by using new technique or a combination of techniques. This research aims to optimize
support vector regression in forecasting time series by using the error to increase the accuracy of the model. The five
datasets used in time series analysis are the daily temperature of the Fisher River, monthly milk production, the sea
level pressure data at Darwin, carbon dioxide concentration at Mauna Loa mountain, and the atmospheric pressure
difference between Tahiti and Darwin. The precision of the proposed model is compared against the traditional support
vector regression and the ARIMA models using the root mean squared error and the mean absolute error metrics.

From the experimental results, the proposed method can improve precision of the support vector regression technique.
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Table 1 A comparison of RMSE from the training dataset
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Table 4 A comparison of MAE from the test dataset
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Table 2 A comparison of MAE from the training dataset

data SVR Proposed % Improvement
method
temp 3.96800 3.90040 1.703629032
milk 16.9748 15.1543 10.72472135
SLP 0.7916 0.7864 0.656897423
co2 0.3925 0.3262 16.89171975
SOl 1.2274 1.2123 1.23024279

wudwmaﬁa’tmﬂﬁwaé’wfﬁﬁqa 4 gadayas uaz
mﬂﬁﬂsﬁ'wwaﬁ‘@]L'mmai‘%mmfﬂﬁwaé’wﬁﬁﬁqﬂ 1 70
Toya dlavnmaifisunsdniinafialnduasinafindwnesa
L:mmas“%fl,maﬁuwud'lqﬂ“ﬁagaqm%gﬁswi’uﬂuaaLL&ifm
Anmosliuaaan 1.34% ﬁagaﬂ%mmmm'&mﬁmwaa
Fluudazidoulinadtn 17.15% Taya fANNEUATE e
inziafiifiosansinlinaddn 3.86% ToyadTunm
m%uau"l,ﬂaanvlsrjﬁﬁgmevLWmeIamsLﬁmﬁ%u 4.31%
LA “iTagamﬁmﬁﬁﬁ’]mmmnmmmnﬂmmﬂﬁl,mn@m
Auszninega 2 alumduazaniiulinautas 1.99%
nansef 4 uwmsdseuisulasldaiaaianion
é’wgirﬁmﬁlﬂ Fannaniile e mﬂﬁﬂiﬁﬂﬁwaé'wﬁaﬁqﬂ
3 gadaya afladwnasannaeiiinsatulinadnwsa
ﬁq@] 1 7adaya uazinaiin ARIMA Wmé’wf?]ﬁqﬂ 170
Fasermafisuamzmeiielnsiuszmefiadwwaiann
mai‘%msa%’uwmwmﬂﬁﬂlmﬂﬁwaé’wﬁﬁﬁq@ 4 Taiaya uae

Table 3 A comparison of RMSE from the test dataset

data SVR Proposed ARIMA % Improve-
method ment
temp | 10.56466 | 10.42317 | 15.31096 1.33928
milk 60.28028 49.94115 85.42048 17.15176
SLP 1.921235 | 1.846996 | 2.548502 3.86413
co2 6.510226 | 6.229361 | 2.930608 4.31421
SOl 1.918531 1.956628 | 1.984341 -1.98574

mﬂﬁﬂéi’i'wwa%@lnnma‘?’ima%’ulﬁwaé’wﬁsﬁﬁq@
1 gatoya Hernmaifisunadnsinefinlnluazinaie
%’wwaé?mnmmiﬁ%miaﬂfmwmwmﬁagagmwnﬁswi‘u
Pasusin A rraslinadau 1.25% TayalTunanuae
iuwasiluudasidowlvua 64w 18.57% Toyad1nw
fufiszduimeiafiosanSawlwnadin 5.52% Toya
USunauasuanla aaﬂvlsnﬁﬁn“LmVLWmeIam’Lﬁwaﬁ%u
5.60% LAz iagamﬁmﬁﬁﬁwmmmnmmwﬂ@mmﬂﬁ
uaANEIRUIZRINNA 2 aaluandauazanFiulinaudas
2.60%

dsluaninaaag
PNMINARBINUTINARaMIRNUTZRNTwIRRUIaia
FWNDIALINLADIINIFTUAILEAY IaunITrindIanuaaIa
LARAUNITIBIUNITRIVITILUURINITAYN LG L1iha 991N
NIINAIAINNARIALA RN T bbN1 TRl AR I
A o & o Y @ = X 2 o o
luaafildnudnlnddvesdeyafinseuuniin avild
o edno 4 ve o v e edaX
nagwif lailai llgnudeyanaseuldnaansnaau
Lwﬂumtﬁma\‘rﬁaga@hﬁ“ﬁﬁﬁﬁwmmmﬂmmmnﬂmmﬂ
P L . Aa 6a AN o o &
fuandaiuizninege 2 yaluadduazen Iuilinadns
weiad aatasnnaIniansletiasiads (Overfitting) G4
& (nl' 2 a v %
Lﬂum@;mimﬂumammmiﬁNaawﬂmmnlma%m
=1 Il v o s'dl ' o @
Anseuudlinadwifudasiudeyanaseu

L@aN&1381989

1. Zhang, G. Peter. Time series forecasting using a
hybrid ARIMA and neural network model. Neurocom-
puting. 2003;50:159-175.

2. Chen, Kuan-Yu, and Cheng-Hua Wang. A hybrid
SARIMA and support vector machines in forecasting
the production values of the machinery industry in
Taiwan. Expert Systems with Applications. 2007;32.1
:254-264.



458 Teetawat Kaewwijit et al. J Sci Technol MSU

3. Wang, Yuanyuan, et al. Application of residual
modification approach in seasonal ARIMA for electric-
ity demand forecasting: a case study of China. En-
ergy Policy. 2012;48:284-294.

4. Khandelwal, Ina, Ratnadip Adhikari, and Ghanshyam
Verma. Time Series Forecasting Using Hybrid ARIMA
and ANN Models Based on DWT Decomposition.
Procedia Computer Science. 2015;48:173-179.

5. de Oliveira, Jodo FL, and Teresa B. Ludermir. A
hybrid evolutionary decomposition system for time
series forecasting. Neurocomputing. 2016;180:27-34.

6. Smola, Alex J., and Bernhard Scholkopf. A tutorial
on support vector regression. Statistic and computing.
2004;14.3:199-222

7. BOX, George EP; JENKINS, Gwilym M. Time series
analysis, control, and forecasting. San Francisco, CA:
Holden Day. 1976;3226.3228:10.

8. DataMarket [Internet]. Iceland:DataMarket; 2008
[cited 2016 April 17]. Available from: https:// datamarket.
com/data/

9. SOME TIME SERIES DATASETS [Internet]. America:
Duke University [cited 2016 April 17]. Available from:

http://www2.stat.duke.edu/~mw /ts_data_sets.html


http://www.tcpdf.org

