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Object tracking algorithm of Swarm Robot System for using SVM
and Dodecagon based Q-learning
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Abstract

This paper presents the dodecagon-based Q-leaning and SVM algorithm for object search with multiple robots. We
organized an experimental environment with several mobile robots, obstacles, and an object. Then we sent the robots
to a hallway, where some obstacles were lying about, to search for a hidden object. In experiment, we used four
different control methods: a random search, a fusion model with Distance-based action making(DBAM) and
Area-based action making(ABAM) process to determine the next action of the robots, and hexagon-based Q-leaming

and dodecagon-based Q-learning and SVM to enhance the fusion model with Distance-based action making(DBAM)
and Area-based action making(ABAM) process.
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Table 1. Initial parameters for modeling.
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