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Investigation of Lower Limit Performance of Microphones for Automatic
Alarm Sound Detection System
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The medical staff needs to know the abnormal states of medical devices, and immediate notification of the abnormal state will
enhance safer patients’ medical care. The increasing number of medical devices compliant with IHE:PCD has led to their integration
with hospital information systems. However, some small medical devices are still not network-compatible, and alarm sound detection
with microphones on light-weight IoT devices could be one of the practical solutions for detecting their abnormal states. In this study,
we propose an alarm sound detection system with a single board computer and a microphone. Alarm sound detection with a smaller
microphone is appropriate since the alarm sound is a simple sinusoidal signal and it would be used at the patients’ bed-side. In this
study, we compared the classification performance of alarm sounds using several typical monaural microphones to develop an alarm
sound detection system using deep learning. As a result, comparing various microphones, the performance of the smaller MEMS

microphone was comparable to other types of microphones.

Keywords: Clinical Alarms, Deep Learning, Sound Event Detection.
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