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A Solid-State Drive Fault Detection Method with Dimensionality Reduction
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(Faculty of Electronic and Information Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract; The massive high-dimensional SMART data attributes tend to cause a low precision in
the detection of solid-state drive (SSD) faults. For this reason, this paper proposes an SSD fault
detection method-GAL based on dimensionality reduction with GRU sparse auto-encoder based on
an improved structure of the auto-encoder with gated recurrent unit (GRU) according to temporal
characteristics of SSD SMART data. First, the GRUAE model is trained with SSD SMART
data. Then the encoder of GRUAE model is used as the dimensionality reduction tool to reduce
the original high-dimensional SSD SMART data. This is to reduce the influence of noise features
in original SSD SAMRT data and highlight the features more relevant to data characteristics to
improve the precision of fault detection. Finally, long short-term memory is used for fault
detection with low-dimensional SSD SMART data. The precision, recall and F, ; score of various
algorithms are compared based on the dataset from Alibaba. The experimental results show that
GAL improves the fault detection precision, recall and F, ;-score of the two types of flash SSDs
by 4%, 5%, 4% and 4%, 8% and 5%, respectively, reaching 97%, 95%, 97% and 97%,
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96%, 97% ., respectively, compared with the condition with no dimensionality reduction. In

addition, the precision, recall and F, ; score of GAL are respectively 53%, 25% and 43% higher

than those of the method compared

Keywords: fault detection; dimensionality reduction; sparse auto-encoder; solid state drive;

gated recurrent unit
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Fig. 1 Architecture of auto-encoder
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Table 2 The SMART parameters and the corresponding as-

signment value type contained in MA2/MCI1 dataset
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Fig. 4 Loss changes of GRUAE model during training on
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