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Research on data center error prediction method based on neural network
LI Pengyuan', HUANG Jin' , FENG Tao’

(1 School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610031, China;
2 Information Center, Department of Natural Resources of Sichuan Province, Chengdu 610072, China)

[ Abstract] As the IT infrastructure of the information society, the data center plays an increasingly important role in the storage
and management of a large number of key data. Therefore, more and more attention has been paid to realize the intelligent
management of the data center in the industry. This paper proposes a method based on neural network to predict the data center error.
According to the existing log data of the data center, the key equipment performance indicators are extracted as training
characteristics, which will be fed into the neural network for training. The obtained model can predict the current equipment running

state according to the provided device data.
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Tab.1 Partial sample data

CPU/% Memory Usage/% Re message rate/ ( datagrams/s) Response time/ms Device Statement
1.93 60.14 1.56 0.77 normal
2.08 60.46 4.99 0.26 normal
90.44 60.68 3.06 0.11 breakdown
84.20 61.90 5.48 0.13 breakdown
78.91 92.63 1.18 0.76 breakdown
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z=f(W-x +b). (2)
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Fig. 2 Structure diagram of neural network model
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Fig. 3 Loss curve
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iy AR R ARSI VR PR T | TN I A 2
RBAEIE 2, WK 2 AT LI 3, FEACH] DLE )
MY RTRARRAS . F 2,1 R IRE M,
0 FRIAIRESIEH .

x2 MNHEEERE

Tab. 2 Prediction of current device status

B e
CPU/% Memory Usage/% Re message rate/ ( datagrams/s) Response time/ms
98.3 60.3 0.10 0.15 1 1
91.6 61.2 0.08 0.09 1 1
60.1 60.3 0.20 0.13 0 0
0.2 75.6 0.10 0.08 0 0
1.5 61.5 0.15 0.10 0 0
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