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LSTM-based Anomaly Detection and Analysis of Post-earthquake
Communication Data

Wang Xiaoxiang'' ,Liu Dongtian'’ | Liu Nanjiang” ,Ding Yi*’ | Jiang Lixin®’

1) School of Information and Communication Engineering, BUPT, Beijing 100876, China
2) National Disaster Reduction Center of China,Ministry of Emergency Management, Beijing 100124, China
3) China Earthquake Networks Center, Beijing 100045, China

Abstract After the earthquake, the communication data usually undergoes abnormal changes.
Through the analysis of the communication data abnormality, effective disaster data can be
provided, which is a basis for decision-making for earthquake relief. Analyzing abnormal
communication data helps to better understand the impact of the earthquake and can provides
auxiliary support for following-up command and disaster relief. This paper analyzes the
communication data anomalies after the earthquake based on LSTM, which mainly includes:
communication data stream preprocessing, anomaly detection model based on LSTM, and data
distribution change detection model. The model in this paper is capable of identifying abnormal
changes in communication data and provides disaster data for subsequent hazard analysis.

Keywords: Communication data; Data processing; Anomaly detection; Data distribution

changes



