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Cloud Monitoring and Prediction
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Abstract: In order to solve the problem under the cloud of virtual machine resources are idle most of the time,
resulting in a cloud resource utilization is low, we designs a cloud resource monitoring system in this paper.
And a dynamic load forecasting and resource allocation method is proposed based on cloud monitoring and a au-
toregressive integrated moving average (ARIMA) model . This method makes use of the relationship between
the load and the virtual machine’s virtual hardware configuration by predicting loads and pre-starting or sus-
pending a virtual machine to improve the utilization of cloud resources. Our studies realize monitoring, forecas-
ting cloud resources and elastic cloud resources allocation based on the virtual machines in the OpenStack cloud
environment. Finally, the result shows that: the system can accurately predict the demand for virtual machines
and elastic cloud resources allocation policies can imporve the utilization of cloud resources and drive cost sav-
ings.
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