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A millimeter-wave imaging radar-based human/object detection technology

for environmental resilient ADAS applications

MBS OO - ToRatgert RRT /IviEBot

Atsutake Kosuge

Advanced driving assistance systems (ADAS) technology that identifies people and objects and
predicts danger is required to be installed not only in passenger cars but also in many other
vehicles and machines such as construction machineries to prevent accidents. However, in harsh
environments (bad weather, inadequate nighttime illumination, dirt on the camera), conventional
RGB—camera based human/object detection systems have low accuracy. Using millimeter wave imaging
radars have high environmental resistance, but unlike images, there are challenges in generating
training data for deep learning Al applications. In this research, we will develop a new Al
technology that handles millimeter wave images based on a new semi—automatic training data

generation technology, and develop a highly accurate Al technology for human/object

identification in harsh environments.
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