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Research on Multivariate Chaotic Time Series Prediction Using mRSM Model

HAN Min* XU Mei-Ling' REN Wei-Jie'

Abstract Considering that there may be overfitting problem, as well as the problem of high dimensional redundant
input variables in multivariate chaotic time series prediction, we introduce a novel multivariate prediction model based
on relevance vector machine and echo state network, named multivariate relevance state machine (mRSM). The proposed
model reconstructs the multivariate chaotic time series into the phase space, then reduces the dimension of input variables
with the principal component analysis method. Subsequently, the mRSM uses a reservoir, replacing kernel functions of
relevance vector machine, to map the dynamic features of multivariate time series sufficiently. Therefore, the mRSM
presents rich dynamics and good sparsity. Furthermore, it avoids overfitting, and improves the predictive accuracy.

Simulation results, based on two multivariate time series, substantiate the effectiveness of the mRSM.
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Table 1  Configuration of the employed reservoirs in our

experiment (Lorenz series)
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Table 2  Prediction results of Lorenz-z(t) obtained by

the evaluated models for one-step ahead

h HE D B R A SC P SR A T IR AT R, o
HT Lorenz 341 10 ¥l J5H e BT
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ik 3 Pron. v LUEH, RSO mRSM
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mRSM #8185 i (1) Tt 22 70 Vv 1 8] 3 471 R K i
ZIMAR S BAT SR R e PE L g ).

K 3 Lorenz-z(t)10 b il £ 54
Table 3 Prediction results of Lorenz-z(t) obtained by

the evaluated models for ten-step ahead

L] £/t WA RMSE ik SMAPE A% it
RSM LV 0.0627 0.0108 18
mRSM EoW 0.0245 0.0053 26
RVM ESM 0.0380 0.0079 36
SVESM EH 0.0437 0.0138 -
PCAESN EZW 0.0313 0.0161 -
RESN EW 0.0393 0.0127 -
ESN EM 0.5104 0.0812 -

B £/t WA RMSE Wik SMAPE A2 &
RSM LIV 0.0257 0.0065 15
mRSM W 0.0055 0.0011 23
RVM EYM 0.0075 0.0029 32
SVESM ESW 0.0129 0.0031 -
PCAESN EP 0.0165 0.0064 -
RESN EW 0.0084 0.0049 -
ESN ESM 0.1495 0.0603 -
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i Table 4  Configuration of the employed reservoirs in our
e 0.02 experiment (The average monthly temperature-rainfall in
?‘é\' 0 ”/\\/\/\\,/\/\\/\]MN\/\//\MM\/\V Dalian)
®
~0.02 . . . . . . it 58 I
100 200 300 400 500 600 g ALY
N - N TR L 0.05
Kl 2 mRSM H P Lorenz-z(t) 2R K ‘#;:,1 0.08
Fig.2 Prediction curves of Lorenz-z(t) obtained by o ’
AR REL 1

mRSM model for one-step ahead
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Table 5

temperature in Dalian obtained by the evaluated models

Prediction results of the average monthly

for one-step ahead

- B TR D d N, T 6 S A R IORTE A Y
A AR A AL A A e RO o A SR 8 U i
SEN tps B, X0E width K 2, KX K(z,y) =
0.5xkxlog(k+(k == 0)). H k= 1/(width)?x
|z — g2, AR 2500 B 5 Ak i H PR
FL TN AR [R]. AN [R) A58 28 f 000 45 SR B B n ok 6
Jrzs. W LUE Y, mRSM K BEATS AR v T LA A Y.
SVESM 5 mRSM ft RMSE I, fiZEA %, H1E
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Table 6  Prediction results of the average monthly

temperature in Dalian obtained by the evaluated models

for six-step ahead

B Zio/%ot WX RMSE WX SMAPE  #HX &

RSM P 1.6934 0.3319 21
mRSM ESH 1.5194 0.2352 33
RVM ETT 2.5669 0.6982 37
SVESM EZW 1.5915 0.3296 -
PCAESN e 2.1021 0.4155 —
RESN EFM 1.5938 0.4237 -
ESN £ 3.4389 0.7598 -
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Fig.3 Prediction curves of the average monthly

temperature in Dalian obtained by mRSM model for

one-step ahead

X TR - B R SR I R R B, S B A 7 R
FEAE T 2Bl b I T, A=Ak B R, (T
AR SR T TR T A BT H5 . AR SCBURIE P33

iR Z6/%c A RMSE ik SMAPE  Hikii &
RSM M 1.8963 0.5174 20
mRSM EPH 1.7212 0.2752 28
RVM EPH 2.6073 0.7568 31
SVESM £t 1.9112 0.5035 -
PCAESN P 2.4135 0.6015 -
RESN ESW 1.9181 0.7707 -
ESN e 3.8320 1.2232 -
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