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1. INTRODUCTION 

1.1 Purpose 

The purpose of this document is to deliver an end-to-end uncertainty budget that is 

based on estimates of uncertainties that arise from each step within the merging 

process chain of the climate data record, here for the deliverables CDR-1 and CDR-2. 

1.2 Scope 

The end-to-end uncertainty budget aims at including the uncertainties from the two 

processing steps (1) L1 to L2 (retrieval step) and (2) L2 to L3 (merging step). The 

retrieval step consists of uncertainties based on each step in the retrieval process 

including instrument noise characteristics, geolocation and geophysical product 

retrieval. The merging step consists of uncertainties based on each step in the 

merging process chain including the uncertainty arising from geophysical sampling 

biases when moving from L2 to L3 for each satellite product and the uncertainty in the 

use of external ancillary data (i.e. model quality used as transfer function between 

each satellite product).  

1.3 Terminology 

The approach follows Merchant et al. (2017) and the recommendations therein, which 

are applied widely in the CCI programme and which also forms the main basis for 

definitions given in the PVP v2.0.   

A measurement is a set of operations having the object of determining the value of 

quantity, the measurand. The measured value minus the true value of the measurand 

is the error, which is generally unknown. The measurand in CDR-1 and CDR-2 is the 

total column water vapour, the vertically integrated water vapour of the full 

atmosphere in units kg/m2.  

Uncertainty is the lack of certainty of knowledge about a state. With regards to a 

measurement of a measurand, uncertainty is quantified by the statistical dispersion of 

the measurement values, commonly the second moment (standard deviation) of the 

corresponding frequency distribution.  

The uncertainty of measurement can be estimated by propagating uncertainties of 

assumptions, auxiliary data, instrumental limitations and specificities, model 

simplifications, etc., through a mathematical description of the measurement and 

retrieval process.  For the total column water vapour  retrieval  we perform a linear 
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propagation of uncertainty, which basically assumes, that the effect of small 

perturbations of the retrieval process can be described by a first-order (linear) Taylor 

expansion.   

Alternatively and complementary uncertainty can be characterised and quantified by 

comparing measurements to reference measurements, which are trusted (ideally with 

a low uncertainty). Eventually, these comparisons can be further used to validate the 

uncertainty propagation.  

The end-to-end uncertainty budget is the result (where possible) of the uncertainty 

propagation to the final product, ideally an uncertainty per datum and validated using 

comparisons to reference measurements (see Merchant et al., 2017). 
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2. TOTAL COLUMN WATER VAPOUR CONTENT 
CLIMATE DATA RECORD (CDR-1 AND CDR-2) 

CDR-1, a vertically integrated (total column) water vapour ECV, in units of kg/m2, is a 

gridded L3 data product over land based on L2 retrievals applied to MERIS, MODIS 

and OLCI measurements. The same product will be combined with the EUMETSAT 

CM SAF HOAPS product over ocean, with sea-ice and coastal areas filled with NIR 

observations. This global TCWV product comprises CDR-2. The HOAPS product is 

based on L2 retrievals applied to microwave imager observations. The final data 

records (CDR-1 and CDR-2) cover the period July 2002 to December 2017. 

2.1 TCWV MERIS, OLCI, and MODIS L2 data uncertainties 
(CDR-1 and CDR-2) 

Total column water vapour, in units of kg/m2, is retrieved from MERIS, MODIS and 

OLCI observations. In this section, the estimation of associated L2 uncertainties is 

described. The uncertainty estimation is applied over land, coasts and sea-ice. 

2.1.1 Quantification of linear uncertainty based on uncertainty propagation of 
the inversion from L1 to L2 [TCWV-NIR] 

The algorithm to estimate water vapour from MERIS, OLCI and MODIS 

measurements is based on an optimal estimation (OE) inversion of a forward model 

F(x). OE comprehends a linear uncertainty estimation, which propagates 

uncertainties of parameterisations, measurements and ancillary data to product 

uncertainties.  

Main inputs for the propagation are ES  and AS , being the measurement and a priori 

error co-variance matrices, respectively. To incorporate forward model uncertainties, 

ES  is composed from the error co-variance matrix of the measurement MS  (from 

e.g. instrument signal to noise ratio at signal level) and from the forward model 

parameter error co-variance . BK  is the Jacobian of the forward model F with 

respect to its parameterisations B:  

      

This approach assumes Gaussian probability density functions and bias-free 

measurements, priors and models.  Using this quantity and the Jacobian of the 
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forward model F with respect to the state K, OE automatically provides linear 

uncertainty measures: 

 The retrieval error co-variance. The diagonal element that belongs to the TCWV 

entry of the state vector is the uncertainty  of the water vapour, resulting 

from the linear propagation of measurement and parameter error, expressed by 

Sa:    

 

 The averaging kernel (the sensitivity of the retrieved state  to the truth): 

 

using the gain G: 

     

 The trace of A, giving the degrees of freedom dof: 

 

 

 The information content H, as the logarithm of the distance of the prior and 

retrieval (posterior) error co-variance:  

 

 The retrieval noise: 

 

 The smoothing error:  
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where I is the identity matrix.  

The residual difference between the optimal simulated measurement and the 

measurement:  

 

may give indications to deficits in the measurement (calibration or band 

characterisation) or the radiative transfer (band setting, parameterisations, 

interpolations) or other anomalies (deficits in pixel identification, in particular cloud 

detection).   

A common and useful treatment of an inverse problem to increase convergence 

speed is to transform it to a ‘more linear’ form. This has also been done for the NIR 

TCWV retrieval. The measurement in the absorption bands is transformed to 

quantities, which almost linearly depend on the total amount of water vapour by: 

 

 is the top of atmosphere reflectance in the respective absorption bands.  is the 

air mass factor,  is top of atmosphere reflectance of the window bands ( , ) inter- 

or extrapolated to the wavelength  of the absorption band:   

 

With that in mind,  is a kind of rectified optical thickness, which is roughly 

proportional to the amount of water vapour. 
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Since the measurement is transformed, the corresponding measurement error co-

variance must be transformed as well. Assuming that the SNR is approximately the 

same for all bands and a simple uncertainty propagation of upper equation, the 

uncertainty in the transformed absorption bands is: 

 

          

Here we must assume an uncertainty  (of e.g. 10% interpolation error which 

results in 0.01 for ) due to the extra- or interpolation of the window bands to the 

absorption bands.  Eventually  are used to populate the diagonal elements of the 

measurement error covariance . 

2.1.2 Sources and effects of uncertainties for the NIR TCWV product 

The following bullet points list the known sources of uncertainty for the NIR TCWV 

product and give an approximation of their impact. 

 The signal-to-noise ratio. Currently OLCI and MERIS do not provide a pixel by 

pixel uncertainty of the L1b measurement. Instead, we refer to the ESA 

requirement of approximately 300 for the NIR bands (Donlon et al., 2012; 

Drinkwater et al., 2007). Validation activities of the mission performance centre 

indicate a higher (better) signal-to-noise ratio (Bourg et al., 2019). However, the 

crucial point is, that signal-to-noise ratios are always given at a typical signal level 

and they cannot simply be transferred to a specific measurement. Thus, we 

decided to assume conservatively 300 for all MERIS and OLCI measurements.  

MODIS provides signal-to-noise ratios between 60 and 250, but for very low 

typical radiances (factor 10 smaller than what is expected for land surfaces; see 

MODIS specifications). Nevertheless, for MODIS we assume 200. Eventually, the 

effect of the pure signal-to-noise ratio on the uncertainty of the retrieved water 

vapour is of the same order of magnitude, certainly below 1%.  
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 , the uncertainty of interpolation and inter-calibration of the window 

reference bands to the spectral position of the water vapour band. Lindstrot et al. 

(2012) have shown that the uncertainty of a corresponding interpolation for 

MERIS is in most cases 0.001–0.004 (in albedo units). Typical surfaces have 

spectral albedos in the NIR in the order of 0.1–0.8, so the corresponding 

interpolation error is somewhere between 0.001% and 0.04%. This is in the same 

order of magnitude as found in uncertainties of the inter-band radiometric 

calibration of OLCI (Lamquin et al., 2020). They did not investigate the water 

vapour bands, but all investigated bands did show similar features. The relative 

calibration accuracy for MODIS is in the order of 2% (Xiong and Butler, 2020), but 

the spectral distance between window reference and the absorption bands is 

larger. Hence, an assumed interpolation uncertainty of 8% is reasonable. This 

translates into a similar uncertainty for the total column of water vapour.     

 Surface pressure and surface temperature. These two quantities are used to 

constrain the vertical profile of temperature. Lindstrot et al. (2012) have 

investigated the effect of this simplified assumption. They found that the resulting 

error is smaller than 5% (maximum) and the uncertainty is smaller than 2% 

(standard deviation).   

 Uncertainty of aerosol optical thickness and height. Depending on the 

amount and height of the aerosols and on the brightness of the surface, aerosols 

alter the mean geometrical path of photons. This alters the measured 

transmission, when, in particular, humid low-level layers of the atmosphere are 

shielded. We use the MODIS L3 collection 6.1 data as source with an uncertainty 

of 20% + 0.1 (0.2) (Wei et al., 2019). In the work of Lindstrot et al. (2012), the 

influence of aerosol thickness and height is quantified by a scattering factor. As 

long as the surface albedo is above 0.2 and aerosol optical thickness at 900 nm 

is below 0.4, the influence of a change in aerosol thickness of ±0.1 on the signal 

in the simulated effective transmission is below 2%. The impact of aerosol 

uncertainty can increase dramatically, when the surface is dark, such as water 

surfaces. Here the perturbation can easily reach 100% (see Lindstrot et al., 2012; 

and Diedrich et al., 2013). 

 Uncertainties of spectral characterisation. Due to the optical design of OLCI 

and MERIS, all spectral bands show a slightly varying spectral response over 

their field of view, and further small discontinuities (Sentinel 3 CalVal Team, 

2016). The central wavelengths exhibit variations of up to 1 nm and jumps of up 

to 1.6 nm between the cameras. A visual inspection of the retrieved fields of total 
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column water vapour from OLCI and MERIS did not indicate that the shifts and 

jumps create visual discontinuities in the water vapour fields, and so the varying 

spectral specifics have not been considered in forward models. They assume the 

nominal spectral response functions. A first quantitative assessment of the impact 

by Preusker et al. (2021) shows an uncertainty of 0.5 kg/m2 for an atmosphere of 

16 kg/m2 which is approximately 3%. MODIS does not show spectral variation 

over the field of view. 

 Uncertainty due to undetected clouds. An undetected cloud would shield the 

moist atmosphere below the cloud from solar radiation. This leads to a systematic 

underestimation of the total column of water vapour. For a single incidence the 

shielding could reach 100%. If the cloud detection systematically misses clouds, 

the resulting total column L3 product would be dry biased. 

From the above listed sources of uncertainty, the signal-to-noise ratio and 

uncertainty of the interpolation and intercalibration are considered in the linear 

uncertainty propagation. They are responsible for up to 10% uncertainty of the 

retrieved total column water vapour. The interpolation uncertainty is the dominating 

factor.  

The uncertainty of the spectral characterisation of OLCI and MERIS contributes 3%, 

the forward model simplifications for the humidity and temperature profile 2%. The 

effects of aerosol uncertainty are small, if the surface is bright, which is the normal 

case for natural surfaces. Hence, we would expect a total uncertainty of around 15%. 

However, the comparisons with ground truth (GNSS and ARM microwave 

radiometer, see PVIR) show an agreement between the satellite products and the 

ground truth of approximately 12%. This is a hint that some sources of uncertainty 

are currently overestimated.  

Dark surfaces (water) and clouds are improper conditions for the retrieval of total 

column water vapour in the NIR. Clouds must be avoided. For dark water surfaces, 

the uncertainty of aerosol scattering properties dominate the uncertainty budget. 

 

2.2 TCWV CM SAF HOAPS L2 data uncertainties (CDR-2) 

CDR-2 combines the EUMETSAT CM SAF HOAPS TCWV data over ocean with 

MERIS, MODIS and OLCI based TCWV data over land, sea-ice and coasts. The 

HOAPS product is developed, generated and documented by EUMETSAT CM SAF. 

The retrieval of L2 TCWV and associated uncertainties from microwave imager 
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observations is based on a 1D-Var retrieval scheme which was provided to CM SAF 

by NWP SAF, with similar approaches to estimate uncertainties as outlined in section 

2.1. CM SAF is not providing a stand-alone E3UB document. Instead, the HOAPS 

ATBD (2017) is referenced, and the NWP SAF documentation on the 1D-Var retrieval 

is available at https://nwp-saf.eumetsat.int/site/software/1d-var/documentation/ . 

 

2.3 L3 Data uncertainties (CDR-1 and CDR-2) 

L3 products utilise the provided L2 uncertainty information as far as possible. We 

propose to be coherent to other CCI products (e.g. clouds). The following quantities 

are provided per L3 bin, assuming that  samples of a quantity x are averaged  

 Standard deviation of x: 

 

 

 Mean uncertainty of x:  

 

 Mean of the squared uncertainty (propagated uncertainty) of x: 

 

The above-mentioned L3 uncertainty terms can be used to approximate further 

properties: the natural variability of the variables observed and the uncertainty of 

averages (av), i.e. the propagated L2 to L3 uncertainty. Following Stengel et al. 

(2017) these two terms can be calculated by: 

 

https://nwp-saf.eumetsat.int/site/software/1d-var/documentation/


 

   

ESA / ECSAT 
CCIWV.REP.010 

Water Vapour Climate Change Initiative (WV_cci) - CCI+ Phase 1 
 

D2.3 

 

16 

 

The latter equation allows the computation of the propagated uncertainty of L3 

products. The most critical term however is the correlation c between the spatially 

and temporally averaged retrievals. This quantity is typically not known. Thus, the 

products include the standard deviation, the mean uncertainty and the mean of 

squared uncertainties. Then, when estimates of the correlation become available, e.g. 

over specific regions and time windows, the total uncertainty can be estimated using 

the provided information on uncertainty. 

In order to provide an impression of the impact of the correlation on propagated 

uncertainty and consistency the extreme cases with c=0 and c=1 will be applied 

during validation. First analysis will be carried out to estimate the correlation by 

analysing time series of GPS and spatial variability of satellite imagery (Diedrich et 

al., 2016). Finally, the CDR-1 and CDR-2 products are potentially affected by 

sampling biases. In particular, the NIR retrievals are predominantly observed once 

per day and are applied under clear-sky conditions. Conditions in clouds are typically 

more humid than the surrounding clear-sky areas and are not taken into account by 

the satellite's clear-sky observations. This effect is called clear-sky bias (CSB, Sohn 

and Bennartz, 2008). In order to characterise the CSB for gridded and temporally 

averaged clear-sky products, ERA5 data was used to analyse differences between 

all-sky and clear-sky cases as a function of local time, month, longitude and latitude. 

Due to the local time dependency the CSB also includes uncertainties arising from 

temporal sampling. It is noted that in view of the fairly small diurnal cycle of TCWV 

(Diedrich et al., 2016; Schröder et al., 2017) this impact is assumed to be small. Full 

results are given and discussed in the CAR (2020). Because the estimated CSB is 

hardly significant it was concluded not to include the CSB into CDR-1 and CDR-2 

(CAR, 2020). However, the CSB will be considered during consistency analysis. 

TCWV from microwave imager observations over ocean is not retrieved in the 

presence of strong scattering. This might cause a sampling bias. Mears et al. (2018) 

analysed this bias relative to GNSS observations and observed a systematic, but 

small bias. They did not include this bias in their uncertainty estimate. Here, such a 

bias is not considered either. 
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APPENDIX 2: GLOSSARY 

 

Term Definition 

CDR Climate Data Record 

CM SAF Satellite Application Facility on Climate Monitoring 

E3UB End to End ECV Uncertainty Budget 

ECV Essential Climate Variable 

EUMETSAT European Organisation for the Exploitation of 
Meteorological Satellites 

ESA European Space Agency 

HOAPS Hamburg Ocean Atmosphere Parameters and Fluxes 
from Satellite data 

MERIS MEdium Resolution Imaging Spectrometer 

MODIS Moderate-resolution Imaging Spectroradiometer 

NWP SAF Satellite Application Facility on Numerical Weather 
Prediction 

OE Optimal Estimation 

OLCI Ocean and Land Colour Instrument 

TCWV Total Column Water Vapour 
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