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Multivariate Time Series Classification Algorithm Based on Heterogeneous Feature Fusion

QIAO Fan' ,WANG Peng” and WANG Wei®
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2 School of Computer Science,Fudan University,Shanghai 200438, China

Abstract With the advance of big data and sensors,multivariable time series classification has been an important problem in data
mining. Multivariate time series are characterized by high dimensionality, complex inter-dimensional relations, and variable data
forms,which makes the classification methods generate huge feature spaces,and it is difficult to select discriminative features,re-
sulting in low accuracy and hindering the interpretability. Therefore,a multivariate time series classification algorithm based on
heterogeneous feature fusion is proposed in this paper. The proposed algorithm integrates time-domain, frequency-domain,and in-
terval-based features. Firstly,a small number of representative features of different types are extracted for each dimension. Then,
features of all dimensions are fused by multivariable feature transformation to learn the classifier. For univariate feature extrac-
tion, the algorithm generates different types of feature candidates based on tree structure,and then a clustering algorithm is de-
signed to aggregate redundant and similar features to obtain a small number of representative features, which effectively reduces
the number of features and enhances the interpretation of the method. In order to verify the effectiveness of the algorithm,expen-
sive experiments are conducted on the public UEA dataset,and the proposed algorithm is compared with the existing multivariate
time series classification methods. The results prove that the proposed algorithm is more accurate than the comparison methods,
and the feature fusion is reasonable. What’s more, the interpretability of classification results is showed by case study.

Keywords Multivariate time series. Time series classification, Feature fusion, Interpretability, Feature clustering
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Fig. 4 Example of SFA transformation
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Fig.5 Example of time-domain and interval-based feature
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WE R A RIS BEERE T ARIEE G T X R
fiE % & 1 4 [\ BT 4% 4iE 48 & (Homogeneous Feature Group,
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Fig. 6 Example of multi-type feature clustering
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Fig. 7 Tllustration of multivariate feature transformation
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Table 1 Classification results comparison on UEA multivariate time series datasets
MTSC 2 X 4] ik i 35, REF3] Y4 .
Dataset HFC
ED; DTW, DTWp DC WM SN MF TN RC MRC NS XEM
AWR 0.970 0.980 0.987 0.983 0.993 0.987 0.973 0.987 0.997 0.992 0.987 0.993 0.977
AF 0.267 0.267 0. 200 0.333 0.253 0. 400 0.267 0.333 0.067 0.133 0.133 0. 467 0. 467
BM 0.675 1. 000 0.975 1. 000 1. 000 1. 000 0. 900 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
CT 0. 964 0.969 0.990 0. 980 0.985 0. 980 0.985 0.997 0.992 0.993 0.994 0.979 0. 987
CK 0.944 0. 986 1. 000 0. 986 0.992 0. 986 0.875 0.958 1. 000 1. 000 0.986 0. 986 1. 000
EP 0.667 0.978 0. 964 0.998 1. 000 0.987 0.768 0.971 0. 986 1. 000 0.957 0.986 1. 000
EC 0.293 0. 304 0.323 0.624 0.342 0.312 0. 350 0.323 0.418 0.468 0.236 0.372 0.639
ER 0.133 0.133 0.133 0.133 0.133 0.133 0.133 0.133 0.133 0.133 0.133 0. 200 0.267
FM 0. 550 0.520 0.530 0.530 0. 540 0.580 0.570 0.530 0. 560 0. 550 0. 540 0.590 0.590
HMD 0.279 0. 306 0.231 0.482 0.249 0.338 0. 338 0.378 0. 500 0.392 0.270 0.649 0.459
HW 0.371 0.509 0.607 0.358 0. 286 0.451 0.267 0. 357 0.593 0.507 0.533 0.287 0.419
HB 0. 620 0.659 0.717 0.751 0. 737 0.756 0.698 0.751 0. 746 0.771 0.737 0.761 0.756
JV 0.924 0.959 0. 949 0.979 0.922 0.984 0.989 0.965 0.968 0.989 0.989 0.978 0.962
LIB 0.833 0. 894 0.872 0. 907 0.921 0. 856 0. 856 0. 850 0.900 0.922 0.867 0.772 0.954
NATO 0. 850 0. 850 0. 883 0.863 0.920 0. 883 0.772 0.939 0.872 0.928 0.944 0.916 0.911
PD 0.973 0.939 0.977 0.974 0.942 0.977 0.986 0. 980 0.982 0.974 0.983 0.977 0.968
RS 0.868 0.842 0.803 0. 897 0.878 0.882 0. 750 0.868 0. 895 0.868 0.862 0.941 0.951
SAD 0.967 0. 960 0.963 0.982 0. 980 0.975 0.986 0.983 0.997 0.993 0.956 0.973 0.982
SWJ 0. 200 0.333 0. 200 0. 400 0.347 0.533 0. 200 0. 400 0.467 0.333 0. 400 0. 400 0.600
uw 0. 881 0. 869 0.903 0.917 0.906 0. 906 0. 875 0. 894 0.934 N/A 0. 884 0.897 0. 906
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