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Abstract The maintenance strategy is changing from corrective and preventive maintenance to
condition-based maintenance (CBM). CBM is a proactive repair activity based on the health status of a
system at any particular time. As the importance of CBM is emphasized, institutional improvement and
research are being made for CBM in the defence area. On the other hand, existing research has been
conducted in laboratory-scale experiments, so an empirical study on CBM for field environments is
insufficient. This paper discusses refrigerant leakage detection of radar systems based on field operation
data. Refrigerant leakage leads to insufficient cooling for highly heated components that amplify the
transmission signal, but there is no method to detect refrigerant leakage. In this research, the data
related to refrigerant leakage were extracted based on domain knowledge. LSTM (Long Short-Term
Memory)-Autoencoder was trained on normal operation measurement in the early operation period. The
data for the remaining period that comprised both normal and anomaly conditions of the cooling system
were input into the trained LSTM-Autoencoder model. The result showed that anomaly data were

detected prior to real failure.
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Table 1. Selected features
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1 Temperature of Supplied Fluid
2 Temperature of Retrieved Fluid
3 Temperature of Refrigerants
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6 Current of Refrigerant Compressor
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