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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 signals. 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 (σ₀), 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.

1

Wet Tropospheric Correction Retrieval Estimation of the uncertainty on the WTC

Perspectives References
Aires, F., C. Prigent, and W.B. Rossow. "Neural network uncertainty assessment using Bayesian statistics with application to remote 
sensing: 2. Output errors." J. Geophys. Res. 109, no. D10304 (2004).
Brown, S., C. Ruf, S. Keihm, and A. Kitiyakara. "Jason microwave radiometer performance and on-orbit calibration." Mar. Geod. 27, 
no. 1-2 (2004): 199-220.
Cadeddu, M.P., D.D. Turner, and J.C. Liljegren. "A neural network for real-time retrievals of PWV and LWP from arctic millimeter-wave 
ground-based observations." IEEE Trans. Geosci. Remote Sens. 47, no. 7 (2009): 1887-1900.
Frery, M.-L., et al. "Sentinel-3 microwave radiometers: instrument description, calibration and geophysical products performances." 
Remote sens. 12, no. 16 (2020): 2590.
Janssen, M.A., C.S. Ruf, and S.J. Keihm. "TOPEX Poseidon Microwave Radiometer (TMR): II. Antenna Pattern Correction and 
Brightness Temperature Algorithm." IEEE Trans. Goesci. Remote Sens. 33, no. 1 (1995): 138 - 146.
Obligis, E., A. Rahmani, L. Eymard, S. Labroue, and E. Bronner. "An improved retrieval algorithm for water vapor retrieval: 
Application to the Envisat microwave radiometer." IEEE Trans. Geosci. Remote Sens. 47 (2009): 3057-3064.

Introduction

WTC retrieval approach used for Sentinel-3 processing based on an artificial neural network. It is designed 
to retrieve 4 geophysical parameters: wet tropospheric correction (WTC), atmospheric attenuation of the 
altimeter σ0, water vapor content, and cloud liquid water content.
→This study only considered uncertainties on the WTC, but the method developed here will be 

applicable for the three other retrieved geophysical parameter uncertainty.

Two retrieval algorithms based on different sets of inputs:
3-input algorithm

TB 23.8 GHz → around the peak of the water absorption band (22.235 GHz), very sensitive to water vapor
TB 36.5 GHz → used to remove the contribution of clouds from the water vapor signal
σ0 Ku → used to account for the change of the sea-surface emissivity induced by the sea-surface roughness

5-input algorithm = 3-input +
SST → brings information from the surface temperature not provided by the σ0

γ800 → improves WTC retrieval in areas of specific temperature profiles like the upwelling regions

Neural Network Architecture

The WTC retrieval approach used in Sentinel-3 operational 
processing is based on a neural network architecture. The neural 
network is composed of 
• One hidden layer of N neurons.
• Activation functions: sigmoid function for the hidden layer and 

identity for the ouput layer
• Cost function to be minimized during the training procedure: 

least squares criterion 
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With 𝑦 being the output and 𝑡 the target

Three independent sources of uncertainty 𝝈𝒕𝒐𝒕𝒂𝒍
𝟐 = 𝝈𝒕

𝟐 + 𝝈𝑶
𝟐 + 𝝈𝒎

𝟐

• 𝝈𝒕 intrinsic uncertainty
• 𝝈𝑶 observation uncertainty
• 𝝈𝒎 model uncertainty

Intrinsic uncertainty

Method from Caddedu et al. (2009):
Train a second ANN with the same inputs and structure, and with the 
square of residuals of the main ANN as targets

𝑟2 = 𝑦 − 𝑡 2

→ Good representation of variability as the metric used to minimize 
the regression model is based on a least square criterion
Learns the dependance of error magnitude on the input data

Model uncertainty

Method from Papadopoulos et al. (2001): Bootstrap method

Resample with replacement the original training data set
Train an individual network on each of the 𝐵 resampled 
datasets with 𝑦𝑖 𝐱  is the prediction of network 𝑏:

𝜎𝑚 is the unbiased standard deviation of the 𝐵 predictions

Legend:
𝜎𝑡 intrinsic uncertainty
𝜎𝑁 error due to instrumental errors
𝜎𝐴 error due to difference of footprints radiometer/altimeter   
𝜎𝑚 model uncertainty
𝜎 square root of the sum of squares of all contributions

Lack of representativeness of the input parameters is the most predominant source of uncertainty for the 3-input algorithm
→ Reduced when using two additional inputs
Observation error can become predominant for the 5-input algorithm, depending on the estimated noise when using 
interpolation on seasonal/climatological tables for SST and 𝛾800
Difference of footprints error is significant, although not predominant, and might need further investigations 

Training Data

Training data were generated 
using radiative transfer 
simulations and numerical 
weather prediction models.

Schematic representation of the composition of the training database 
from ECMWF analyses and Radiative Transfer Model (RTM) simulations.

Schematic representation of the neural network model and the 
operations performed for the WTC regression

Intrinsic uncertainty or data target
variance or physical model error (see
below):
Intrinsic variability of the training data 
set, data representativeness, includes 
radiative transfer and weather model 
uncertainties 

Observation uncertainty or 
instrumental uncertainty (not shown in 
this poster):
Uncertainties on TB and 𝜎0 (includes 
instrumental noise, side lobe correction 
and temperature calibration errors,
difference of footprints, …)
Uncertainties on SST and 𝛾800 (includes
modeling of climatological tables, 
interpolation errors)

Model uncertainty or Epistemic
error or network model uncertainty
(see below):
Incorrect neural network model 
structure or parameters, weights 
might correspond to a local 
minimum of the error function, out-
of-regime error (creating prediction 
outside of training data regime)
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Total uncertainty binned by classes of WTC represented as a function of WTC for each of the contributions for 
the 3- and 5-input algorithm. The histogram of WTC is represented in the background of the figure in grey

𝜎𝑂 observation error (estimation method not shown in this poster) 

Comparison of error sources

Perspectives to improve the assessment of the WTC uncertainty:
Study of the Radiative Transfer model and Numerical Weather Prediction model uncertainties
Go further in the instrument errors analysis

Perspective to reduce the WTC uncertainty by revisiting the estimation method
Study on input data representativeness: to improve WTC uncertainty in specific cases when WTC > 40 cm and high wind speed.
Add new input parameters in the Neural Network

All these findings on Sentinel-3 MWR can be adapted to the radiometers of CRISTAL, S3NGT, S6NG.
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