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ABSTRACT

Pedestrian dead reckoning (PDR) which is widely used in smartphone-based indoor localization, updates
user’s location by calculating the movement variations using the inertial measurement unit (IMU) inside the
smartphones. The PDR consists of three components: step detection, stride length estimation, and direction
estimation. In the indoor environment, although the step detection and the stride length estimation obtain
accurate results relatively, the direction estimation accuracy can be easily affected by the cumulative errors and
the magnetic noises. In this paper, we propose a deep learning-based direction estimation scheme by taking
into account the gyroscope drift problem and the external magnetic field effects. The proposed scheme collects
the IMU data when the user freely walks with the smartphone as the training data and labels the data using

the actual walking direction as the output data. The proposed deep learning model receives the IMU sensor
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values while the user walks, and predicts the direction of the current step. In order to evaluate the

performance of the proposed scheme, we built an Android app to collect the IMU sensor data, and train the

deep learning model by utilizing the Google’s TensorFlow machine learning library.
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Fig. 1. The framework of the heading estimation
algorithm using smartphone IMU sensors
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