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Fault Detection and Remaining Useful Life Prediction of MEMS

IMU using Small Amount of Static Test Data
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Abstract

Inertial Measurement Units(IMUs) are key components required for position tracking and direction sensing of a
moving object, and their failure or performance degradation significantly reduces the accuracy of the inertial navigation
system. This study presents a method to detect faults that cause navigation value drift and to predict the Remaining
Useful Life(RUL) of an IMU based on time series data obtained through static tests for a MEMS IMU mounted on an
unmanned vehicle. The proposed method uses statistical-based and time series-based detection models to increase the
accuracy and reliability of fault detection. In particular, in situations where it is difficult to continuously collect test data
for the IMU, a navigation drift degradation mode is constructed using a small amount of multi-time-point test data and
an RUL prediction method based on that model is proposed. The performance evaluation results show that the proposed
method exhibits excellent fault detection accuracy, and the deep learning-based drift degradation model and RUL
prediction model delivered promising results, demonstrating the possibility of application to IMU predictive maintenance.
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Table 2. Performance evaluation of the defect detection
models

Evaluation |Statistics-based model| Time-series based
metric (Decision Tree) model (LSTMPlus)

Accuracy 99.90% 99.85%

Precision 97.62% 93.84%

Recall 95.34% 94.48%
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Table 4. Comparison of RUL predictions of the
degradation prediction models

Prediction model Average of RUL| Std deviation of
(months) RUL (months)
wavelet interpolation 437 273
GP-based model 153 37
Deep-learning model 127 18
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