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Abstract

Microservices Architecture(MSA) market has been experiencing rapid growth recently. Since each service in the
MSA environment is distributed and independently configured, early detection of anomaly traffic is essential to
minimize service downtime. However, some challenges in MSA environments are difficult, due to the nature of the
collected metric data which is characterized as fast and highly volatile stream data. Therefore, this paper adjusts the
size of the main parameter as Shingle of the RRCF algorithm and verifies that the RRCF algorithm can effectively
detect anomalies in stream data, compared with the traditional algorithms such as Isolation Forest(IF) and
AutoRegressive Integrated Moving Average(ARIMA), through load testing of MSA.
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