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Introduction

The Global Mean Sea Level (GMSL) is a vital indicator of climate change, monitored globally via satellite altimetry since 1993. Over the period 1993-2021, GMSL has
risen at a rate of 3.3 = 0.2 mm per year. A key component in GMSL estimation is the Wet Tropospheric Correction (WTC), which accounts for atmospheric water vapor
effects on radar sighals. WTC uncertainty is one of the largest contributors to the GMSL error budget, making its accurate estimation critical.

Altimetry missions such as Sentinel-3 and Sentinel-3 NG-T have strict requirements, with WTC uncertainty targets of 1.5 cm and 0.7 cm, respectively. In addition, users of
altimetry data increasingly demand detailed uncertainty information for all geophysical corrections. However, estimating WTC uncertainty is challenging due to the
absence of a direct reference measurement.

In this context, a study was carried out at CLS on behalf of ESA to decompose and quantify the errors present in the WTC estimation. The study used neural networks to
retrieve WTC values based on satellite observations: brightness temperatures at 23.8 GHz and 36.5 GHz, the altimeter Ku-band backscatter coefficient (oy), sea surface
temperature (SST), and atmospheric lapse rate. Two neural network configurations were tested: one with 3 inputs and another with 5 inputs. Training data were
generated using radiative transfer simulations and numerical weather prediction models.

WTC uncertainty was broken down into three components: intrinsic error, observation error, and model error. Dedicated methods were used to estimate each
component. The study provides a framework for robust WTC uncertainty estimation, essential for evaluating altimetry mission performance.
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