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Human recognition for agricultural robots to follow worker in a narrow furrow
-Recognition of center position of the body using RGB-D camera and PoseNet-
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This study presents an agricultural robot that follows a worker for transportation support. When the robot follows
a human, who is moving between narrow furrows while harvesting, it is difficult to detect the center position of body,
which is necessary for stable following, because the sensor (RGB-D camera) does not capture the entire body due to
the close distance between the robot and the worker. To solve this problem, we proposed a method to set the target
following point according to the observed state of the detected joints by using a deep learning model (PoseNet) that
can detect the joint even from the part of the body in the RGB image. We conducted experiments in the field and
confirmed that the robot could follow the human without climbing over the ridges.
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