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[ Abstract] Satellite navigation systems like GPS, Galileo, GLONASS and BeiDou provide global positioning
and timing services that require high accuracy and reliability. Monitoring the performance of these systems is crucial
for ensuring precise and robust navigation capabilities. Traditional monitoring techniques analyze satellite data to
assess navigation accuracy and service quality. Key parameters like dilution of precision (DOP) and positioning errors
are evaluated based on satellite geometry and measurements. However, these methods have limitations in modeling
complex performance factors over time. Recent advances in deep learning provide new opportunities to enhance
satellite navigation monitoring. Deep neural networks can uncover hidden patterns and dynamics in large volumes of
satellite data. Models like convolutional neural networks (CNN) and long short-term memory (LSTM) are well-suited
for satellite image processing and time series forecasting tasks respectively. A deep learning approach can fuse multi-
source data from global sensor networks for a comprehensive view of system performance. The neural networks can
learn complex mappings between raw satellite observations and quality metrics like DOP, timing drifts and
positioning accuracy. Recurrent models can also estimate future degradations based on detected trends. Key research
priorities include assembling high-quality training data, selecting network architectures, and interpreting model

outputs. Challenges include generalizing to unseen defects and new satellite constellations. With sufficient data and
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validation, deep learning can significantly improve satellite monitoring to enable robust navigation as systems scale

and evolve. In summary, deep learning holds substantial promise for enhancing satellite navigation quality assessment

and prediction. With rigorous research, automated deep learning could become an integral technology for reliable

high-precision positioning across the globe. The outlook is positive for these techniques to mature and integrate with

existing monitoring infrastructure.
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Dilution of Precision (DOP)
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