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An RNN-based Fault Detection Scheme for Digital Sensor
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Abstract As the fourth industrial revolution is emerging, many companies are increasingly interested in smart factories
and the importance of sensors is being emphasized. In the case that sensors for collecting sensing data fail, the plant
could not be optimized and further it could not be operated properly, which may incur a financial loss. For this purpose,
it is necessary to diagnose the status of sensors to prevent sensor' fault. In the paper, we propose a scheme to diagnose
digital-sensor' fault by analyzing the rising time and falling time of digital sensors through the LSTM(Long Short Term
Memory) of Deep Learning RNN algorithm. Experimental results of the proposed scheme are compared with those of
rule-based fault diagnosis algorithm in terms of AUC(Area Under the Curve) of accuracy and ROC(Receiver Operating
Characteristic) curve. Experimental results show that the proposed system has better and more stable performance than
the rule-based fault diagnosis algorithm.
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An RNN-based Fault Detection Scheme for Digital Sensor
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Fig. 1. Fault example of digital sensors due to the
rising and falling delay
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