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ABSTRACT

Recently, researches using deep learning technology based on Wi-Fi fingerprints have been conducted for accurate
services in indoor location-based services. Among the deep learning models, an RNN model that can store information
from the past can store continuous movements in indoor positioning, thereby reducing positioning errors. At this time,
continuous sequential data is required as training data. However, since Wi-Fi fingerprint data is generally managed only
with signals for a specific location, it is inappropriate to use it as training data for an RNN model. This paper
proposes a path generation method through prediction of a moving path based on Wi-Fi fingerprint data extended to
region data through clustering to generate sequential input data of the RNN model.
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