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Survey on key techniques of AIoT time series analysis
LIANG Zhiyu, WANG Hongzhi

(Faculty of Computing,Harbin Institute of Technology, Harbin 150001, China)

Abstract ; Artificial Intelligence of Things ( AIoT) is the combination of Artificial Intelligence ( AI) and Internet of Things (IoT),
which provides intelligent analysis and decision making by processing the massive data generated by IoT using Al techniques, so that
to enhance the practical value of the data. AloT is widely used in many fields such as smart city, smart healthcare, smart home,
autonomous driving and so on. Time series is one of the most important data type in AloT. Time series refers to the data collections
ordered over time. The massive monitoring data generated from various AloT scenarios mostly exist in the form of time series.
Intelligent time—series data analysis techniques, including time series classification, clustering and anomaly detection, are the basic
foundations for AloT applications. In this paper, we conduct a survey on the key techniques with high importance and urgent needs,
and discuss the future research directions in the area of AloT time series analysis.
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