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Q-learning based Adaptive Scheduling Method In Personalized
Wireless Body Area Network
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Abstract

In Wireless Body Area Networks(WBANS), frequent data loss occurs due to channel fading when the line of sight
between nodes is lost due to user movement. Various link quality-aware adaptive scheduling techniques have been
proposed to solve this problem, but they suffer from the problem that they do not reflect the personalized movements
of users in the scheduling, In this paper, we propose an adaptive scheduling technique that learns the personalized
movement patterns of WBAN device users and the resulting link quality changes through Q-learning and incorporates
them into the scheduling. Through simulations on the BANSIM network simulator, we verify that our proposed method
achieves up to 41.8% better packet delivery success rate than existing methods when users have regular movements.
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