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Abstract As the workforce continues to shrink due to the aging population, robots are expected to be utilized for
the care of persons with disabilities and the elderly. As a framework for realizing such a service, cloud robotics is
gaining popularity for processing the data on cloud servers. Cloud robotics require privacy and low data traffic in
addition to high recognition performance and low computational cost. In particular, the robots need to be capable
of personally identifying facial images. Our proposed system considers privacy while controlling the amount of
calculations and data traffic on the robot side.
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