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HDD State Prediction Based on SMART Data Modes

WAN Chengwei, WANG Xia, WANG Meng

(Beijing Aerospace Control Center,Beijing 100094, China)

Abstract: The disk is widely adopted in different information systems,and its state prediction is significant
for the daily operation and management of those systems. Present self monitoring analysis and reporting
technology ( SMART ) -based machine learning methods usually chose some typical SMART attributes as
features for the prediction to ensure the generality. However, some information is lost by this way. A hard
drive disk (HDD) state prediction method based on SMART data modes is proposed according to its
characteristics, which classifies the SMART records into different subsets according to the data modes.
Then, The general machine learning methods are evaluated for these subsets. The test result shows that the
proposed method provides the similar performance compared with some strong predictors. At the same time,
the feature selection is effectively simplified,and the resource consumption is effectively decreased.
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Fig. 1 HDD state prediction based on the SMART data modes
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