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Prediction of multivariate time series based on principal component

analysis and neural networks
X1 Jian-huil* 2, HAN Min?

(1. Department of Automation, Shenyang Institute of Aeronautical Engineering, Shenyang Liaoning 110034, China;
2. School of Electronic and Information Engineering, Dalian University of Technology, Dalian Liaoning 116023, China)

Abstract: Most of previously published prediction methods are concentrated on the modeling of univariate time series.
The main purpose of this paper is to study a new methodology to model and predict multivariate nonlinear time series.
Firstly, both the linear correlations and the nonlinear correlations are detected to initialize an embedding delay window,
which could contain enough information for prediction. Then, the principal components analysis (PCA) method is expanded
to extract the joint information of multiple variables in a complex system since PCA could find the uncorrelated directions
of maximum variance in the data space of different variables. The multivariate phase space is reconstructed. Furthermore,
neural network makes predictions on the basis of approximating both the functional relation between different variables and
the map between current state and future state. Finally, two simulation examples, one is from the typical Rossler equation
and the other is from the practically observed values of rainfall and temperature of Dalian, are used to explain the validity
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of the proposed method. It provides a new way to analyze the multivariate time series.
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1 5|5 (Introduction)
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Table 1 Eigenvalues and their energy contribution of
x(t) and y(t) of Rossler equation
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Table 2 Simulation conditions of four-layer
neural network
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Fig. 2 Learning and testing curves of modeling =(¢) and
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Table 3 Prediction model performance comparison
of z(t) and y(t) of Rossler equation

527l x(t) y(t)
PEREFR PR Ermse  Epa Ermse  Epa
n=1 PCA+NN 0.0581  0.9995 0.0432 0.9997
n=1 3CHER[3]  0.0494  0.9998 0.0309 0.9998
n=1 HAsE 0.0615  0.9996 0.0506  0.9997
n =20 PCA+NN 0.0869  0.9992 0.1319 0.9986
n =20 3CHR[3]  0.1158  0.9985 0.1763  0.9993
n=20 AT E 03364 09875 02013 0.9869

42 KEREW MR E — & &N E F 5 W
| (Predicting rainfall and temperature time se-
ries of Dalian city)
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Fig.4 Learning and testing curves of modeling rainfall and

temperature series of Dalian
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Table 4 Singular values and their variance contribution
of rainfall and temperature series

P 1 2 3 4
x(t) s; 82452  8.0538  4.1887  3.7475
x(t) n; 02452 02395  0.1246 0.1114
y(t) s; 30.8307 17.6706 17.6629 13168
y(t) m; 04386 02514 02512 0.0187

755 5 6 7 8
x(t) s; 33335 20734 14497  1.0119
x(t) n; 00991  0.0617  0.0431  0.0301
y(t) s; 12191 05734 03836  0.2544
z(t) n; 00173 00082  0.0055  0.0036

J¥5 5 9 10 11 12
x(t) s; 06153 04352  0.2834  0.1893
x(t) m; 00183 00129 00084 0.0056
y(t) s; 01650  0.1133  0.0693  0.0413
z(t) n;  0.0023 00016  0.0010  0.0006

A5 RiEMmfe 2R A 5 FONALAL 1 At bk
Table 5 Prediction model performance comparison of
rainfall and temperature series of Dalian

F31 x(t) y(t)
PERESE br Ermse  Epa Ermse  Epa
n=1 PCA+NN 155745 0.9457 1.0069 0.9946
n=1 3CHR[3] 19.0334 0.9288 1.4797 0.9901
n=1 HAE 174778 09297 0.8948 0.9954
n=25 PCA+NN 26.8938 0.8258 1.1283  0.9929
n=>5 JCHR[3] 28.4662 0.8227 1.6162  0.9849
n=>5 FUAFE 312086 0.7533 0.9543  0.9948

5 458 (Conclusions)
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