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Anomaly Detection of Time-series Based on Multi-modal Feature Fusion

ZHANG Guohua, YAN Xuefeng and GUAN Donghai
College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics,Software New Technology and Industrialization
Collaborative Innovation Center,Nanjing 211106, China
Abstract Effective anomaly detection of multivariate time series is important for data mining analysis. However,most of the exi-
sting detection methods are based on single modality,they cannot effectively utilize the distribution information of time series in
multi-modal space. For multi-modal features, there is no effective adaptive fusion method and extraction method of spatial-tempo-
ral dependence. In this paper.a time series anomaly detection method based on multi-modal feature fusion is proposed. The multi-
modal feature adaptive fusion module is established,it can adaptively fuse the multi-modal features through convolution network
and soft selection mode. The spatial-temporal attention module is proposed,it is composed of temporal attention and spatial atten-
tion. It extracts spatial-temporal dependence of the multi-modal features and outputs the spatial-temporal attention vector. Then
the model prediction results are obtained based on the spatial-temporal attention vector. By learning the distribution of normal
samples,anomaly detection result is obtained according to the error measure between the predicted values and the real values. The
proposed method is compared with other state-of-the-art models on four public datasets,and results demonstrate its effectiveness.
Keywords Time series, Anomaly detection, LSTM,1D-CNN, Attention mechanism
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Table 1 Results of contrast experiment
7k ECG GESTURE SPACE SHUTTLE SMD
P R F1 P R F1 P R F1 P R F1

PCA 0.235 0.770 0.301 0. 260 0.909 0.405 0.230 0.583 0.326 0.539 0. 881 0.574
LSTM-AE 0.425 0. 687 0.458 0.276 0.921 0.424 0. 369 0.988 0.508 0.576 0.745 0. 650

USAD 0. 339 0.674 0.402 0.666 0.990 0.799 0.282 0.982 0.434 0.775 0. 800 0.710

UAE 0.467 0.714 0.530 0.552 0. 805 0.655 0. 369 0. 950 0.518 0.858 0.878 0. 849
MMGAN 0.478 0.694 0.513 0.702 0. 896 0.766 0.303 0.913 0.420 0.823 0. 854 0. 826

Ours 0.608 0.814 0.610 0. 846 0.867 0. 856 0.446 0.918 0.593 0.951 0.879 0.915
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Table 2 Results of ablation experiment
) ECG  GESTURE SPACE-SHUTTLE SMD
CNN-LSTM 0.530 0.497 0.436 0.825
AL HEA 0.570 0.736 0.461 0.861
AwERE S 0.557 0.822 0.533 0. 857
RAME 0.610 0.856 0.593 0.915
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Table 3 Threshold selection analysis

. HAE %
Uik - —
ECG GESTURE SPACE-SHUTTLE SMD
POT 0.590 0.823 0.551 0.899
Flpest 0.610 0. 856 0.593 0.915
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Fig.5 Abnormal score distribution
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