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Intelligent Operation and Maintenance System of Cloud Data Center Based on
Big Data

ZHANG Ying
( Network & Information Center, East China Jiaotong University , Nanchang 330013, China)

Abstract: Aiming at the problem of unpredictable capacity trends and inability to monitor anomalies in cloud computing centers, a method for
intelligent operation and maintenance of cloud computing centers based on big data analysis is proposed using ARIMA time series algorithm
and Isolation Forest anomaly detection algorithm. The experiment shows that the accuracy of the server anomaly detection method based on Iso-
lation Forest is about 88%, and the average absolute error of disk capacity prediction based on ARIMA model is 0.158 6, proving that this sys-
tem has better stability, robustness, and service capabilities compared to traditional operation and maintenance platforms.
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Fig.1 Intelligent operation and maintenance system framework
based on big data
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Fig.2 Trend prediction process
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Fig. 3 Abnormal analysis process
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Fig. 4 Disk capacity anomaly detection
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Table 2 Comparison of disk capacity
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2021/3/13 42.00 42.18 -0.18

2021/3/14 42.32 42.34 -0.02 [2]
2021/3/15 42.37 42.49 -0.13

2021/3/16 42.43 42.55 -0.12

2021/3/17 42.86 42.81 0.05 (3]
2021/3/18 43.28 42.97 0.31

2021/3/19 43.33 43.12 0.21
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