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Factor Echo State Network for

Multivariate Chaotic Time Series
Prediction

XU Mei-Ling! HAN Min!

Abstract When an echo state network is used to predict mul-
tivariate time series, there may exist ill-posed problem. This pa-
per proposes a novel prediction model, named factor echo state
network, to solve the problem. It uses a factor analysis (FA) al-
gorithm to extract the common factors of the reservoir matrix,
and to remove the redundancies and noises. Then the unknown
output weights are calculated by linear regression of the output
and common factors. The model is used to predict Lorenz series
and monthly average temperature-rainfall time series in Dalian,
and simulation results substantiate its effectiveness.
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Fig.2 HQ values for different model orders k (Lorenz series)
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#* 1 Lorenz-z(t) FHIiH 4%
Table 1 Prediction results for Lorenz-z(t) time series

Jiik RMSE NRMSE SMAPE (%) CR
SVESM!?] 0.5696  0.0617 52.32 0.9981
ESGP(19] 0.6466  0.0855 95.09 0.9968
PCAESN[7] 0.5335  0.0684 37.81 0.9977
LDARYLESN 0.6653  0.0853 41.02 0.9965
SNE[** L ESN 0.6695  0.0858 47.33 0.9967
GPLVMP*LESN 05335  0.0684 37.81 0.9977
LLEP4 L ESN 0.5570  0.0714 93.21 0.9977
Isomap®*/ +ESN  0.5563  0.0713 33.20 0.9975
LTSAPYU4ESN 0.5513  0.0707 44.62 0.9975
ESNI(300) 4.1628 0.5467 89.81 0.9384
ESN[(54) 0.8976  0.1179 96.94 0.9974
FESN(¥.5t) 0.7791  0.0998 61.99 0.9950
FESN(%7t) 0.3927  0.0503 20.86 0.9988

A T FESN SIGTN 0 07 FCSE 56, RN (147 B4 R Wk 2
P, B 5 g3l T FESN PN CIE 12l AR T0e h £k

* 2 KRR &5 R
Table 2 Prediction results for monthly average temperature

series in Dalian
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Fig.3 Prediction and error curves for Lorenz-z(t) obtained by
FESN

3.2 KERTHRE - EREFT

Ki&E AR — BEW P51 & — 21 = o iRyl i ) )3
Bl ASCRAE 1951 F3] 2001 FHKIEH PR - B E
3L 612 AMFEARBATHT 5256, 50 MEAH T BRYIIGE A1)
R, FRFEATIET 75 % AT, )5 25 % AT, Kk
HAP — BRI, TN A I0KIE H P850
— PR EAE b . FESN BAY it £ it ML B b 250, 3%
%0 0.98, Mibi RN 0.1, FIANBIRECH 0.5.

B4 5T 0 005 BRI L T HQ H. 44t
oy 75 I, HQ (ISR R iBik/ME. R4, 1HH FESN
BTN RE H PSRN 22, IR A S TR (7
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ik RMSE NRMSE SMAPE (%) CR
SVESM!'5] 1.9829 0.2008 66.02 0.9864
ESGP[ 1.8967 0.1882 57.00 0.9885
PCAESN[7 1.6118 0.1607 54.30 0.9909
LDAPRYLESN 1.6491 0.1665 76.08 0.9906
SNE[4 1 ESN 1.6456 0.1661 57.06 0.9904
GPLVMPYU4LESN  1.7052 0.1721 59.34 0.9892
LLEPY4+ESN 1.7357 0.1752 100.9 0.9893
Isomap[?4 +ESN 1.8555 0.1873 57.56 0.9906
LTSAZY+ESN 2.1981 0.2219 62.16 0.9818
ESNI(300) 2.7261 0.3073 163.8 0.9531
ESNI(54) 1.8224  0.2054 118.4 0.9841
FESN (¥.7t) 1.7893  0.1912 51.97 0.9830
FESN(%7t) 1.4295  0.1443 42.87 0.9911
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Fig.4 HQ values for different model orders k£ (Monthly

average temperature-rainfall series in Dalian)
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Fig.5 Prediction and error curves for monthly average

temperature series in Dalian obtained by FESN
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