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Sensor Network for Smart Monitoring Using LIDAR Image Sensors
and Data Prioritization by Machine Learning

RinChi Shinkuma, Faculty of Engineering, Shibaura Institute of Technology, 3-7-5, Toyosu, Koto-ku, Tokyo, 135-8548, Japan

Abstract: Smart monitoring technology built on image sensor networks is a key enabler of services that prevent
people from getting into traffic accidents and from being the victim of street crimes in smart cities. In smart
monitoring, image sensor data acquired by sensors such as 3D-image sensors are aggregated at an edge server and
analyzed to detect the potential risk of traffic accidents and street crimes. The technical issue that we need to tackle is
the real-time detection of such risk. This work proposes a framework for spatial feature-based prioritization for
point-cloud data transmission in 3D-image sensor networks. We focus on a scenario where the potential risk of traffic
accidents is detected. In the proposed framework, a risk detection model is created through the learning process of
machine learning (ML). The framework works to improve the detection accuracy while avoiding overflow under
strict bandwidth limitations.
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