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Abstract

This study presents a method for estimating altitude using a frequency-modulated continuous wave (FMCW) radar altimeter based
on deep learning (DL). An artificial neural network (ANN) was implemented in the FMCW radar altimeter, which was trained using
beat-frequency spectra and nadir altitudes collected from various terrain. The radar altimeter estimates the altitude by inputting an arbi-
trary beat frequency spectrum into the trained ANN and outputting a probability distribution of each beat frequency corresponding to
the nadir altitude. The altitude errors of the conventional and DL-based methods were compared and analyzed using flight data. On
average, the altitude estimated by the DL-based method had a smaller error than that estimated by the conventional method.
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Fig. 1. Beat-frequency spectrum measured above mountain
and plain.
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Fig. 2. Conventional method of estimating altitude.
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