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ABSTRACT

The pedestrian dead reckoning (PDR) using the inertial measurement units (IMUs) inside the smartphones,
calculates the movement variations track the location of indoor smartphone users, and the research is actively
underway to improve the localization accuracy by solving user stride estimation and sensor drift problems
along the walking paths. In this paper, we propose a deep learning-based PDR method to address the issues
arising from the existing PDR schemes. The proposed PDR method pre-processes the sensor values of
accelerators, geomagnetic sensors, and gyroscopes that users can obtain when walking with smartphones outside
the building, and constructs the location variations computed by GPS satellite signals as the output data. By
using the supervised deep neural networks with the configured data, we predict changes in the movement of
smartphone users, while walking outdoors as well as indoors. We built the apps on Android OS-based
Samsung Galaxy S8 smartphones, utilized the deep learning framework of Google’s TensorFlow which is easy

to port to smartphones, and verified the localization performance of the proposed method.
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Table 1. Parameters used in DL-PDR models

Model parameter izlgelf C;I;lgzx
Number of hidden layer 2 7
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