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Satellite altimetry has been developed for several decades and obtained abundant information on Marine environment change. At present, the SAR (Delay-Doppler) altimeter has become
one of the main loads of satellite altimeters, such as the Sentinel-3 series and Cryosat-2 satellites. The measurement accuracy of SAR altimeter in the open sea is relatively high. However,
due to the influence of land, island, and other factors, there are still some problems in the nearshore area, which limits the application of satellite altimeters in this area. Based on the
waveform theory of SAR altimeter and the systematic analysis of different types of waveform retracking algorithms, this paper proposes a waveform retracking data processing strategy
based on neural network waveform classification and discusses the waveform retracking algorithms suitable for different sea surface types. Based on the Sentinel-3 altimetry data, the

accuracy of the algorithm and the change of altimetry sea level is analyzed by using the sea surface height data of the tide station and buoy.
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¢ Normalize the waveforms and calculate the distance similarity between individual
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