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Infroduction Proposed framework:

 The LSTM-based methods have achieved the good prediction accuracy
for RUL in HDD, there are several challenges:

1) Some of the SMART features are blank, and are nearly constant which
contain minimal deterioration information that only a few properties
undergoing significant change prior to failure.

2) For the long sequence data, the LSTM-based approaches frequently
ose the essential historical information,because only the output of the
ast time step Is used when employing an LSTM network for the RUL
orediction.

 The main contribution of this paper are summarized as follows:

1) The differential features is adopted to compensate the limitation of the
SMART features.

2) A bidirectional LSTM Is used to forecast the output at time step by
Incorporating the data change pattern before and after that time step.

 The raw sequence data are concatenated with the differential features

as the input sequence.

* The input sequence are transferred to the bidirectional LSTM network for

feature learning.

The weighted sum of the hidden states Is passed to the fully connected

layers.

 The FC layers maps the feature dimension to the output size which

iIndicates the results of the RUL prediction of HDD.

The BI-LSTM with differential features and attention outperforms the
other varients of BI-LSTM.
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Our proposed method performs better than the origin LSTM under all

SMART 1D Feature Name the metrics.
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. The differential features and attention mechanism are useful for
Feature Engineering: improving the performance of RUL prediction.
Our method achieves a 97.83% failure detection rate (FDR) to predict
RUL of HDDs up to 60 days before failure.

« Several differential features are extracted base on the SMART features. *
« The differential features can eliminate the random trends contained Iin

time-series data to make It easier to discover the relationship between
the SMART feature values and the remaining useful life.
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