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Monte Carlo Localization for Mobile Robots
Under RFID Tag Infrastructures
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Abstract : Localization is a essential technology for mobile robot to work well. Until now expensive sensors such as laser sensors
have been used for mobile robot localization. We suggest RFID tag based localization system. RFID tag devices, antennas and tags
are cheap and will be cheaper in the future. The RFID tag system is one of the most important elements in the ubiquitous system and
RFID tag will be attached to all sorts of goods. Then, we can use this tags for mobile robot localization without additional costs. So,
in this paper, the smart floor using passive RFID tags is proposed and, passive RFID tags are mainly used for identifying mobile
robot’s location and pose in the smart floor. We discuss a number of challenges related to this approach, such as tag distribution
(density and structure), typing and clustering. When a mobile robot localizes in this smart floor, the localization error mainly results
from the sensing range of the RFID reader, because the reader just can know whether a tag is in the sensing range of the sensor. So, in
this paper, we suggest two algorithms to reduce this error. We apply the particle filter based Monte Carlo localization algorithm to
reduce the localization error. And with simulations and experiments, we show the possibility of our particle filter based Monte Carlo

localization in the RFID tag based localization system.

Keywords : localization, mobile robot, RFID, ubiquitous, particle filter, monte carlo localization
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Fig. 1. Random uniform tag distribution method.



(3) Grid pattern (b) Equilateral triangulation pattern
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Fig. 2. Regular tag distribution methods.
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Fig. 11. Robot mounting RFID reader on the smart floor.
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