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Abstract

In view of the large amount of time series data generated in industrial production, how to effectively
eliminate useless data, judge whether the data collected by sensors is correct, and how to effectively
detect anomalies of time series data have become the focus of researchers. In this period, many re-
searchers have proposed their own anomaly detection algorithm, but most of them only consider the
temporal characteristics of time series data, and do not take into account the correlation between
sensors. So this paper proposes a Multi-Dimensional Self-Attention Convolutional Gated Recurrent
Encoder and Decoder (MDACGA) based on XGBoost for feature selection, which can effectively filter
the original data set and eliminate irrelevant variables according to the score, extraction of valid va-
riables. Then, the effective information is used to construct the feature matrix, and the full convolu-
tion encoder is used to encode the feature matrix and extract the correlation features of different
time series. ConvGRU-Attention mechanism is used to extract temporal features of different time se-
ries. Finally, a convolution decoder is used to jointly decode the feature matrix obtained in the pre-
vious step to get the reconstructed feature matrix, and Adam Optimizer and Mini-Batch Stochastic
Gradient Descent are used to minimize the reconstruction error. Finally, anomaly detection is car-
ried out by residual error characteristic matrix. The experimental results show that the accuracy of
the algorithm is 0.989 and the recall of the algorithm is 0.996, which shows that the anomaly detec-
tion algorithm is effective and the anomaly detection effect is better than the general benchmark al-
gorithm.
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Figure 1. The MDACGA block diagram based on XGBoost: (1) feature selection based on XGBoost; (2) Generate the cha-
racteristic matrix; (3) Extracting correlation and temporal features; (4) Loss function
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Table 2. The abnormal detection results of different algorithms
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