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A Prediction System for Server Performance Management
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Abstract In society of the big data is being recognized as one of the core technologies witch is
analysis of the collected information, the intelligent evolution of society seems to be more oriented
society through an optimized value creation based on a prediction technique. If we take advantage of
technologies based on big data about various data and a large amount of data generated during
system operation, it will be possible to support stable operation and prevention of faults and failures.
In this paper, we suggested an environment using the collection and analysis of big data, and
proposed an derive time series prediction model for predicting failure through server performance
monitoring for data collected and analyzed. It can be capable of supporting stable operation of the IT
systems through failure prediction model for the server operator.
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