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ABSTRACT

The problem of classifying a non-line-of-sight (NLOS) signal in a multipath channel is important to improve global navigation

satellite system (GNSS) positioning accuracy in urban areas. Conventional deep learning-based NLOS signal classifiers use

GNSS satellite measurements such as the carrier-to-noise-density ratio (CN_0), pseudorange, and elevation angle as inputs.

However, there is a computational inefficiency with use of these measurements and the NLOS signal features expressed by the

measurements are limited. In this paper, we propose a Convolutional Neural Network (CNN)-based NLOS signal classifier that

receives successive Auto-correlation function (ACF) outputs according to a time-series, which is the most primitive output of

GNSS signal processing. We compared the proposed classifier to other DL-based NLOS signal classifiers such as a multi-layer
perceptron (MLP) and Gated Recurrent Unit (GRU) to show the superiority of the proposed classifier. The results show the
proposed classifier does not require the navigation data extraction stage to classify the NLOS signals, and it has been verified

that it has the best detection performance among all compared classifiers, with an accuracy of up to 97%.
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Fig. 1. Comparison of LOS and NLOS multipath signals in urban area.

Z 21d g7 o]t} (Yu et al. 2009, Nunes et al. 2019).
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Fig. 3. CN, changes over the time in urban area.
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Fig. 6. Zoom of auto-correlation function output examples of (a) LOS, (b) weak NLOS and (c) strong NLOS channel environments.
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(c) Dense urban (Building height > 40 m)

Fig. 10. GPS signal reception environments.
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Fig. 12. Training performance comparison of NLOS signal classifiers according to N,

Table 1. NLOS signal classifier performance comparison on test data.

Serial MLP- ParallelMLP- GRU-based  Proposed NLOS
based (%) based (%) (%) signal classifier (%)
4 50.0 66.2 61.2 90.4
6 50.0 64.7 59.2 92.5
8 50.0 56.3 63.4 94.6
10 50.0 62.0 66.1 97.2
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