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Abstract; Now the number of containers of container cloud platform is increasing, and the related monitoring data is exploding. The

existing monitoring indicators of micro-service monitoring software running in the container are not only diverse and complicated to con-

figure , but also often just give monitoring data directly without measuring the health of the system based on the monitoring indicators ob-

tained. For this,a new rough set based container cloud system health evaluation model is proposed, by which the health of the entire

cluster can be intuitively reflected. Firstly, through the information entropy, the monitored continuous attributes are segmented and

discretized. And then the knowledge reduction,consistency check and decision table establishment of monitoring data are completed by

using rough set theory,so as to establish a cluster health indicator model based on rough set and information entropy. Finally,the compu-

tational intensive load and network intensive load simulation experiments are carried out through the Kubernetes container cloud platform,

which show that this model can reflect the performance of the cluster and detect the anomaly.
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