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Tab. 1 Field contents of raw GNSS measurements in Android API
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Machine Learning Methods for Line-of-Sight/Non-Line-of-Sight

Classification of GNSS Signals Received by Smartphones
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2 School of Computer Science and Technology, Wuhan University of Science and Technology,
10 West-Huangjiahu Road., Wuhan 430065, China
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Abstract: Existing research on GNSS signal classification primarily targets professional-grade receiv-
ers, distinguishing between line-of-sight(LLOS) and non-line-of-sight (NLOS) signals through the ex-
traction of signal features to achieve high-accuracy positioning. However, the signal features and clas-
sification methods used in these studies may not be applicable to the signal characteristics of low-cost
GNSS chips in smartphones. This paper proposes a machine learning-based method for classifying sm-
artphone GNSS reception signals into LOS and NLOS. The method combines five key indicators: car-
rier-to-noise ratio, elevation angle, pseudorange residuals, normalized pseudorange residuals, and
pseudorange residual percentage. It also integrates deep learning-based zenith view semantic segmen-
tation and satellite calibration techniques to construct an accurate training dataset. Evaluations of vari-
ous machine learning models in typical urban scenarios show that the proposed method achieves an av-
erage classification accuracy of 85. 8% across different smartphone models.
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