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Abstract: Addressing the issue of anomaly detection on missing multivariate time series data in real [oT ( Internet of things) environments, a
novel method on multivariate time series anomaly detection algorithm intergrated with graph embedding of missing information was proposed. Using
a joint learning framework of pre-interpolation and anomaly detection task fusion, a GNN( graph neural network ) pre-interpolation module based on
time series Gaussian kernel function was designed to realize the joint optimization of pre-interpolation and anomaly detection task. A graph structure
learning method for embedding missing information in time series data was proposed, using graph attention mechanism to fuse missing information
masking matrix and spatiotemporal feature vectors, effectively modeling the potential connections of missing data distribution in multivariate time
series. The performance of the algorithm was verified on real IoT sensor datasets. Experimental results prove that the proposed method significantly
outperform the mainstream two-stage methods on the task of missing multivariate time series anomaly detection. The comparative experiment of the
pre-interpolation module fully prove the effectiveness of the GNN pre-interpolation layer based on the Gaussian kernel function.
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Fig.1 Anomaly detection of multivariate time series
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Fig.2 Anomaly detection based on temporal

information interpolation
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Fig.4 A joint learning framework for pre-interpolation and anomaly detection
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Fig.7 Topological structure of sensors device in water treatment physical test bench system
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Tab.2  Experimental result on SWaT dataset

Fksa WEHE/ Y BEE/ % F1 534k
PCA 20.20 21.03 0.20
AE 65.62 49.31 0.56

LSTM-VAE 67.72 61.63 0.64

MAD-GAN 90.22 57.32 0.70

DAGMM 30.21 67.25 0.42
GDN 92.35 62. 66 0.74

AT 95.31 67.59 0.79
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Fig.8 Convergence curve of loss function on

SWaT dataset
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Tab.3  Experimental result on WADI dataset

FEaAW MR/ % BRI/ % F1 734k
PCA 31.21 5.05 0.08
AE 32.86 33.92 0.33

LSTM-VAE 77.61 14.30 0.24

MAD-GAN 40. 32 32.81 0.36

DAGMM 53.22 25.44 0.34
GDN 92.12 36.82 0.50

ARSI 92.38 41.81 0.57
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Fig.9  Convergence curve of loss function on

WADI dataset
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Tab.4 Comparative experimental result of

pre-interpolation module

5 ik 24K R/ % BREFE %  Fl 55

A S 85.72 37.49 0.52
AT mAR RS 92.38 41.81 0.57
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