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Abstract.

The sensitivity of all-sky infrared radiances to both hydrometeor content and cloud height leads to a very non-Gaussian

distribution of first-guess departures. This non-Gaussianity can be mitigated by the application of cloud-dependent error models

that normalize departures by an estimate of the cloud-height effect via assigning increased errors in situations with high clouds

that can lead to very large departures. In the current study, we systematically evaluate existing error models and propose a5

revised approach that leads to a better fit to a Gaussian distribution at no additional cost. Furthermore, the revised approach

is physically better justified as the cloud effect is estimated by the maximum cloud effect of model and observations, which

determines the largest possible departure. Preceding studies, in contrast, used the mean cloud effect of model and observations.

Our study is based on a one-month data set of infrared observations in two water vapor channels (6.2 and 7.3 µm) from the

Spinning Enhanced Visible and Infrared Imager (SEVIRI) onboard the Meteosat Second Generation satellite and corresponding10

simulations from the weather forecast model AROME (Application of Research to Operations at Mesoscale) over central

Europe. The evaluation of different approaches revealed that near-Gaussian departures can be achieved with three different

approaches for the estimation of the cloud effect: (1) deviation from a climatologically estimated value; (2) deviation from

the clear-sky brightness temperature of a window channel; and (3) deviation from the clear-sky brightness temperature of the

channel that is assimilated. For the lower-peaking channel (7.3 µm) with a larger cloud effect, best results were achieved with15

the first two options. For the 6.2 µm channel, the third option led to a slightly more Gaussian distribution. The third option,

however, requires a quality control that eliminates about 10% of the observations.

1 Introduction

Satellite observations cover the whole globe and can provide crucial information on the atmospheric state in areas where

conventional data are sparse. Nowadays, satellites have become the dominant source of observational information in global20

numerical weather prediction (NWP) models and their assimilation leads to significantly improved forecast skill (Eyre et al.,

2020, 2022). Recent studies also showed significant improvements of assimilating satellite radiances in regional NWP models

as they can provide crucial information on atmospheric clouds and convection (Zhu et al., 2023; Kugler and Weissmann, 2025b;

Yang et al., 2025; Schomburg et al., 2026).
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Traditionally, the assimilation of satellite observations has been restricted to clear-sky conditions due to, inter alia, systematic25

errors in the model representation of clouds (Geiss et al., 2021; Hu et al., 2023) and strong observation operator non-linearity

(Kugler and Weissmann, 2025a). But as cloudy regions represent meteorologically particularly sensitive areas (McNally, 2002),

substantial efforts have been made for developing all-sky assimilation techniques over the past decades. Owing to the relatively

small degree of nonlinearity of microwave observations in cloudy conditions, early developments concentrated on all-sky

microwave data assimilation (e.g., Geer et al., 2014; Yang et al., 2016; Shimizu et al., 2020; Candy and Migliorini, 2021). At30

some operational centers, such as the European Centre for Medium-range Weather Forecasts (Geer et al., 2017) and the National

Centers for Environmental Prediction (Zhu et al., 2016), all-sky microwave radiances are nowadays assimilated operationally.

More recent studies also documented benefits of all-sky infrared assimilation that involves larger non-linearity as clouds are

mostly opaque in the infrared spectrum and the observed brightness temperature is strongly dependent on cloud height (Geer

et al., 2019; Honda et al., 2018; Kugler et al., 2023; Schomburg et al., 2026).35

Despite the success of operational all-sky microwave assimilation and demonstrated benefits of assimilating all-sky infrared

radiances, the operational application of all-sky infrared assimilation is still quite limited (Li et al., 2022). One of the major

challenges is the non-Gaussianity in the observation minus first-guess (FG departure) distribution (Gustafsson et al., 2018),

implying that either observation and/or background errors are non-Gaussian (Desroziers et al., 2005; Pires et al., 2010). This

violates a fundamental assumption used in most data assimilation schemes (Bocquet et al., 2010).40

The non-Gaussian distribution of the departures is mainly caused by the sensitivity of brightness temperatures (BTs) to

cloud height, in addition to their sensitivity to hydrometeor content and size distribution. This means that hydrometeor errors at

high levels cause much larger departures than hydrometeor errors at lower levels. A commonly used approach to mitigate this

non-Gaussianity, is to use a cloud-dependent observation error model that intends to normalize the departures by the estimated

cloud-height effect via an adaptive assigned observation error. The underlying idea of this approach is that samples of BTs45

with a similar cloud effect have a Gaussian distribution of errors. Thus, after normalizing the FG departures using the cloud-

dependent observation error, the distribution becomes nearly Gaussian (Hu et al., 2025). This method was first proposed for

all-sky microwave radiances assimilation by Geer and Bauer (2011), who introduced a cloud effect predictor C based on the

normalized 37 GHz polarization difference between the observation and its model equivalent. Subsequently, the observation

error as a function of C was estimated from a climatology of first-guess departures. Following this study, Okamoto et al.50

(2014) (hereafter O14), and Harnisch et al. (2016) (hereafter H16) proposed similar observation error models for infrared

radiances. Both approaches are based on the idea introduced by Geer and Bauer (2011), namely estimating the observation

error as a function of the cloud effect averaged between observations and model equivalents. H16 introduced a climatologically

determined limiting BT (BTlim) and determined the cloud effect from deviations of observed and modeled BT from this BTlim.

In contrast, O14 determined the cloud effect from the deviations of observations and model equivalents from the model clear-55

sky BT that is obtained by using the observation operator without hydrometeors. Using the clear-sky BT has the advantage that

it is aware of the current temperature and humidity profile in contrast to a climatologically determined BTlim. The model state

may, however, not be representative of the observed state. Consequently, model temperature and humidity errors can influence

the estimate of the cloud effect. Both approaches can effectively mitigate non-Gaussianity as documented in the two original
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studies and number of follow on studies that applied either the O14 method (e.g., Okamoto et al., 2021, 2024) or the H1660

method (e.g., Xu et al., 2021; Lu and Wang, 2025) to infrared BTs.

As described by Geer and Bauer (2011), the purpose of determining C based on both the observations and model equivalents

is to avoid a sampling bias that could occur when using only one data source. While the use of both data sources is obviously

well-justified, we raise the question if averaging both is the best approach and proposed a revised approach that is based on the

maximum cloud effect in both data sources, which is proportional to the largest possible departure. Additionally, some details65

of the two methods have not been investigated thoroughly so far. Firstly, although Okamoto et al. (2014) and Okamoto (2017)

pointed out that necessary tuning and quality control (QC) are needed when using O14, the motivation is still unclear, and some

studies did not apply either of them (e.g., Hastuti and Min, 2023; Yang et al., 2025). Secondly, to our knowledge, there is no

study directly comparing the different effects of the two approaches and the two flavors of O14 using the assimilated channel

or a window channel for the estimate of the cloud effect. Lastly, the previous studies have not systematically quantified how70

close to Gaussianity the normalized FG departures are.

The main goals of this paper are:

1. To improve our understanding of the existing two cloud-dependent observation error models and their different flavors.

2. To propose a revised version of the two approaches.

3. To systematically evaluate all different approaches.75

Our study is based on a 1-month dataset of infrared BT observations of the Spinning Enhanced Visible and Infrared Imager

(SEVIRI) onboard Meteosat Second Generation (MSG). The limited-area numerical weather prediction (NWP) model AROME

(Application of Research to Operations at MEsoscale) of GeoSphere Austria covering Central Europe is used to generate all-

sky model equivalent BTs. To accomplish the goals, we revisit the O14 and H16 methods in full detail and specify necessary

procedures for each method. Subsequently, we propose a revised version of the two methods that replaces the average C80

with the maximum C. We assess the effects of all methods on FG departures normalization by quantifying their distance

and similarity to a Gaussian distribution. In addition, a bootstrap training and evaluation is conducted to provide a statistical

assessment of their performance in terms of transforming the FG departure distribution to a near-Gaussian distribution.

Section 2 presents a description of the used observations, the AROME-Austria model and the simulated model equivalent

BT. In Sect. 3, we assess the results of different existing cloud-dependent observation error models for all-sky infrared data. In85

Sect. 4, we propose an alternative way to estimate observation error by using the maximum of cloud effects from the model

and the observations. Section 5 illustrates the statistical comparisons among different approaches. Lastly, we summarize the

main findings in Sect. 6.

2 Data and methods

In this section, we describe the observation and model data as well as the two metrics used for assessing the Gaussianity of the90

departures.

3

https://doi.org/10.5194/egusphere-2026-1463
Preprint. Discussion started: 14 April 2026
c© Author(s) 2026. CC BY 4.0 License.



2.1 SEVIRI observations

Our study uses a one-month dataset of infrared BT observations in two water vapor channels and one window channel from

the SEVIRI instrument onboard the geostationary MSG satellite in August 2023. The SEVIRI instrument on board the MSG

satellite is a multi-spectral radiometer mainly utilized for the monitoring of atmospheric information every 15 minutes. It95

contains 12 channels covering wavelengths from 0.6 µm (visible) to 13.4 µm (infrared), with a nadir resolution of 3 km

(Schmetz et al., 2002). In this paper, we use the observed BT (BTO) in a domain over Central Europe (Figure 1) of two

infrared channels at 6.2 µm (Ch6.2) and 7.3 µm (Ch7.3) that are sensitive to water vapor and only very weakly influenced by

surface emission. Additionally, we used the window channel at 10.8 µm (Ch10.8) that is only weakly sensitive to water vapor

as a reference for the calculation of the cloud effect in one method. The weighting functions of Ch6.2 and Ch7.3 in clear-100

sky conditions peak around 350 hPa and 500 hPa, respectively. For Ch10.8, it peaks near surface in clear-sky conditions.

When clouds are present, the weighting functions shift upward and become truncated near the cloud top as clouds are mostly

opaque at these wavelengths. The observation errors are computed for the two water vapor channels Ch6.2 and Ch7.3, while

the window channel 10.8 is only used as a reference in the error calculation for the other channels.

2.2 Simulated AROME brightness temperature105

For the calculation of model equivalents of the observations, we use simulations of the AROME-Austria forecast system with

a 2.5 km grid spacing that was the operational modeling system of GeoSphere Austria in 2023,. AROME (Application of

Research to Operations at MEsoscale (Seity et al., 2011)) is a spectral model with a non-hydrostatic dynamical core developed

by Meteo-France and countries participating in the ACCORD consortium (A Consortium for COnvection-scale modelling

Research and Development). The AROME-Austria domain shown in Figure 1 has 589 x 421 grid points and is still currently110

operational, but the GeoSphere plan to switch to a 1 km grid spacing some time in 2026. The first-guess (FG) fields have a 3-hr

lead time and are used to compute the model equivalent BT for the MSG SEVIRI observations at Ch6.2, Ch7.3 and Ch10.8,

with the radiative transfer model RTTOV (Radiative Transfer for TOVS) version 12.2 (Saunders et al., 2018) as the observation

operator.

The optical properties of aerosols and clouds (OPAC) cloud liquid water particle scheme (Hess et al., 1998) and the Baran115

2014 cloud ice water particle scheme (Baran et al., 2014) are applied for the all-sky model equivalent BT (BTM
cld) computation.

In the OPAC scheme, five water cloud types are required: stratus continental, stratus maritime, cumulus continental clean,

cumulus maritime, and cumulus continental polluted. To classify these cloud types, we first distinguish continental and mar-

itime conditions using the sea-land mask from the GLOBE dataset (Hastings and Dunbar, 1999), and then identify clouds with

CAPE greater than 250 J kg−1 as cumulus. In our simulation, the cumulus continental polluted type is not considered. The120

cloud fraction, cloud liquid water, and cloud ice provided by the model are used as additional inputs for the BTM
clr calculation.

The model data covers the month of August 2023. For the analysis, we use FG model fields valid at 06, 09, 12, 15, and 18

UTC, resulting in a total of 153 FG fields (two time points are missing due to data corruption). We initially use the first 16 days

to train the observation error model and the remaining 15 days to verify the trained error model, but switch to a bootstrapping
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approach in Sect. 5 where training and evaluation days are randomly allocated. Figure 1 illustrates the observed and simulated125

BT in the model domain for both water vapor channels at 12 UTC on 5 August 2023. To avoid the potential impact of model

lateral boundaries, the subdomain shown with the green rectangle is selected for the analysis. Apart from missing convective

clouds in the south-eastern part of the domain in the simulated BTs, the agreement between observations (Figs. 1b,d) and

simulations (Figs. 1a,c) is overall reasonable. However, the BTO is in general slightly lower than the BTM
cld in cloudy regions

for both channels, indicating that the simulated cloud tops are lower or optically thinner than their observed counterparts.130
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Figure 1. The distributions of (a)(c) BTM
clr and (b)(d) BTO at (a)(b) Ch6.2 and (c)(d) Ch7.3. The data is valid at 12 UTC 5th of August,

2023. The green rectangle is the domain used for further analysis.

Figure 2 shows a probability density distribution of the observations and model equivalents for both channels. In general, the

simulations agree with the observations relatively well, but as seen in Fig. 1, the observations have more BTs lower than 230

K (Ch6.2) and 250 K (Ch7.3) than the simulations, indicating that the model underestimates the occurrence of high clouds.

Additionally, there are more simulated than observed BTs around 230-235 (250-258) K at Ch6.2 (Ch7.3), which cloud be due

to the model overestimating the occurrence of low/medium clouds, or it could be that with less high clouds occurring lower135

clouds have more influence on the simulated BTs. The mean biases at Ch6.2 and Ch7.3 are 0.426 K and -0.977 K, respectively.
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Figure 2. The probability density of BTM
clr (deep indigo) and BTO (olive gray) at (a) Ch6.2 and (b) Ch7.3. Samples are collected from the

entire monitoring period. The mean values of the distribution are shown with vertical lines for BTM
clr (deep indigo) and BTO (olive gray),

respectively.

2.3 Assessing Gaussianity

To objectively assess the Gaussianity of the FG departures normalized by the observation error, we use two metrics. The first

one is the Kolmogorov–Smirnov statistic (KS_stat) (An, 1933; Smirnov, 1936), which is the maximum difference between

the cumulative distribution function of the normalized FG departures (F(x)) and a Gaussian distribution (G(x)):140

KS_stat = sup
x

|F(x)−G(x)| (1)

where sup
x

is the largest absolute difference between the F(x) and G(x) across all x values. The KS_stat ranges from 0 to 1,

with smaller values indicating that the normalized FG departures are close to a Gaussian distribution.

The second metric is the overlap rate between the probability density histograms of the normalized FG departures and

a Gaussian distribution. In contrast to the KS_stat which is defined by a single point of the distribution, the overlap rate145

quantifies the similarity between the target distribution and the standard Gaussian distribution over the whole distribution.

Therefore, it’s a good complementary index for KS_stat. The equation for the overlap rate is defined as:

Overlap rate =

∑Nbin

i=1 min(PDgaussian(i),PDnormalized(i))∑Nbin

i=1 max(PDgaussian(i),PDnormalized(i))
(2)

where PDnormalized(i) and PDgaussian(i) are the probability density of normalized FG departures and of the standard Gaus-

sian distribution at each bin, respectively. In contrast to KS_stat, the overlap rate is dependent on two settings, the number of150

bins (Nbin) and the range. Throughout this paper we compute the overlap rate for bins with a width of 0.1, and a range of -10 to

10. For our sample size and distributions, the overlap rate is not very sensitive to slight changes in bin width and range. Similar

to KS_stat, the overlap rate also lies between 0 and 1, but has a reversed orientation with higher values for distributions closer

to a Gaussian distribution.
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3 Cloud-dependent observation error models155

In this section we introduce the error models of Harnisch et al. (2016) (H16) and Okamoto et al. (2014) (O14) and apply them

to our monitoring period in August 2023. As Ch6.2 and Ch7.3 showed a similar behavior, we only illustrate the methods using

Ch7.3 to keep the manuscript concise, but Sect. 5 includes a statistical comparison of all methods for both channels.

3.1 The H16 method

The first step of the H16 method is to derive the threshold BT (BTlim) that will be used to determine the cloud effect predictor160

C. For deriving BTlim, we calculate the mean difference between between BTM
cld and the pseudo-cloud-free model equivalent

BT (BTM
clr) as a function of BTM

cld. Subsequently, BTlim is determined as the coldest BTM
cld that has a mean difference between

BTM
cld and BTM

clr of less than 0.1 K. Fig. 3a shows a 2D-histogram of BTM
cld and the difference between BTM

cld and BTM
clr, the

mean difference as a function of BTM
cld (gray line) as well as BTlim (yellow line). When BTM

clr ≥ BTlim, differences larger

than 2 K between BTM
clr and BTM

clr are very rare (note the logarithmic scaling in Fig. 3a).165

BTlimis also used to derive a cloud-free bias correction for the observations (BCcloud−free). Specifically, we designate

the FG departures with both BTO ≥ BTlim +1K and BTM
clr ≥ BTlim +1K as cloud-free FG departures. BCcloud−freeis then

determined as the average over all FG departures for cloud-free observations. We add 1 K to BTlimto ensure that the cloud

effect is negligible. The BCcloud−freefor the training data at the two channels is 0.536 K for Ch6.2 and -0.040 K for Ch7.3,

respectively. Hereafter, we remove BCcloud−freefrom FG departures.170

After determining BTlim and BCcloud−free, the cloud effect predictor C of H16 (Cmean
BTlim

) for each channel is calculated with

the following equation:

Cmean
BTlim

=
max(BTlim −BTM

cld,0)+max(BTlim − (BTO −BCcloud−free),0)

2
(3)

The two terms, max(BTlim −BTM
cld,0) and max(BTlim − (BTO −BCcloud−free),0), represent the cloud effect in model

and observation space, respectively. The observation error for a chosen channel is described as175

σO =





σO
min, C ≤ Cmin

f(C), Cmin <C < Cmax

σO
max, C ≥ Cmax

(4)

where σO
min is the minimum observation error assigned in case of a small cloud effect lower than Cmin, f(C) is an increasing

function of C, and σO
max is the assigned observation error for regions with a strong cloud effect. To obtain σO

min, Cmax,

σO
max, and the function f(C), the FG departures of the training data set are first sorted in ascending order of cloud effect C.

Subsequently, the sorted data is divided into bins of equal sample size and the standard deviation (Std) of the FG departures is180

computed for each bin. We chose to bin the data into bins of equal sample size rather than equal C width, which was used by

Okamoto et al. (2014) and Harnisch et al. (2016), as there are far fewer samples with a high than with low C (Fig. 3a).
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In the H16 approach, Cmean
BTlim

= 0 indicates no cloud effect for the given pixel. Therefore, the first bin includes all values

with Cmean
BTlim

= 0, and σO
min is the Std of the FG departures in that bin. The remaining data is then divided into 50 bins, each

containing the same number of samples. The Std in each bin from Ch7.3 is shown by yellow dots in Fig. 3b, where the x-axis185

position is the average value of C in each bin. The results demonstrate that the Std increases monotonically before reaching

its peaks around C = 16.5 K and decreases afterwards. As stated by Harnisch et al. (2016), the decrease in Std for the largest

C follows from the definition of C. A very large C can only be achieved when C in both model and observation space is very

large, which limits the potential difference of the two. Following Harnisch et al. (2016) and preceding studies, we assign the

value of the peak of the function (σO
max) to all bins with a higher C than at the peak. This was motivated by higher errors of190

the observation operator in cloudy conditions. For f(C) we interpolate between the values of the individual bins. The resulting

observation error curve is illustrated in Fig. 3b by the solid yellow line. In this context, it should be noted that the approach

ignores the contribution of model error to the departure, which leads to a slightly inflated observation error estimate. Sensitivity

tests of Harnisch et al. (2016) using the ensemble spread as proxy for model error, however, showed that ignoring model error

only has a minor effect on the estimate.195
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Figure 3. (a) 2D-histogram of BTM
cld minus BTM

clr vs BTM
cld and mean difference as a function of BTM

cld (gray line). The yellow line

represents BTlim, and the red dashed line is BTM
clr −BTM

cld = 0. (b) Std of the FG departure (dots) and the modified observation error (line)

as a function of the cloud effect predictor C for Ch7.3.

Figure 4 shows the effect of normalizing the FG departures with the H16 observation error estimates on the Gaussianity of

the departures compared to using a constant error. We find that H16 successfully reduces the pronounced peak and long tails

that occur when a constant error is used, but the distribution still has more values around zero and slightly higher tails than the

Gaussian distribution. Our two error metrics quantify the improvement, with the overlap rate increasing from 42 to 85 %, and

KSstatdecreasing from 0.22 to 0.04.200
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Figure 4. Probability density of a standard Gaussian distribution (red) and the FG departures of Ch7.3 normalized by the observation error

(light blue) using (a) a constant value and (b) the H16 method. Samples are collected over the whole verification period of August 2023. The

overlap rate and KSstat are measures of Gaussianity as described in Subsect. 2.3.

3.2 The O14 method

While the O14 method has many similarities to H16, it has two crucial differences. The first one is that instead of a climatologi-

cal BTlimvalue, the individual model clear-sky brightness temperature (BTM
clr) of the assimilated channel is used as a reference

to compute the cloud effect. This has the advantage that a situation-dependent reference value is used that accounts for the

actual temperature and humidity profile. However, BTM
clris only a near-perfect reference for the cloud effect in model space,205

while the observed profile may differ due to model error. The estimate of the cloud effect in observation space may therefore

suffer from model error. The second difference is that absolute differences are used instead of setting negative differences to

zero. The use of absolute differences results in:

Cmean
BTM

clr
=

|BTM
cld −BTM

clr|+ |BTO −BTM
clr|

2
(5)

The two terms in the numerator, |BTM
cld −BTM

clr| and |BTO −BTM
clr|, are C in model and observation space, respectively. In210

contrast to Cmean
BTlim

which is zero whenever BTM
cldand BTOare both higher than BTlim, Cmean

BTM
clr

can only be zero when BTM
cldis

exactly equal to BTO.

With Cmean
BTM

clr
, the observation error can also be estimated using the same way as described for H16 in Sect. 3.1. As the

model-derived BTM
clr does not once have the exact same value as the observed BTO in our dataset, there are no samples with

Cmean
BTM

clr
equal zero. Thus, the full training data set is divided into 50 bins of Cmean

BTM
clr

with equal sample size. Cmin and σO
min are215

then determined by the Std of the FG departures in the first bin. The way to derive Cmax, f(C) and σO
max is the same as that of

H16.

The resulting Std and observation error are illustrated in Fig. 5a and histograms of normalized departures in Fig. 5b. Figure

5b implies that the O14 method performs poorly without additional procedures that will be discussed in the subsequent section.

It produces a bimodal shape with two peaks located around ±1. As Okamoto et al. (2014) noted, their approach doesn’t work220

well for cloud free samples (see Fig. 10a of Okamoto et al. (2014)). The underlying reason why the O14approach fails when
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no clouds are present is that by computing the observed cloud effect against the clear-sky model, the observed cloud effect

is inflated by the absolute model and observation errors. Looking only at clear-sky cases (BTM
cld=BTM

clr), if the true BT were

BTT and the model error ϵM and the observation error ϵO, the cloud effect becomes:

2Cmean
BTM

clr
= |BTT + ϵM −BTT − ϵM|+ |BTT + ϵO −BTT − ϵM|= 0+ |ϵO − ϵM| (6)225

If many cloud-free samples are binned together by cloud effect, the FG departure distribution of that bin will be a two-point

distribution, with an Std of two times the cloud effect if the FG departures are unbiased. As a result, when using the Stdj as

the observation error σO
j at binj, the normalized FG departure in clear-sky conditions is:

Normalized FG departures =
BTM

cld −BTO

σO
j

=
2Cj

±2Cj
=±1 (7)

As shown in Fig. 5a, the Std of the FG departures (orange line) almost overlaps with the black dotted line showing twice the230

cloud effect (2C) for small values of C below 2 K, showing that almost no clouds are present in these bins. These bins, which

contain a majority of all samples, causes the two peaks of the normalized FG departures around ±1, resulting in the bimodal

distribution shown in Fig. 5b. Note that this bimodal distribution will be much weaker when the cloud effect binning is wider.
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Figure 5. (a) The Std at each bin (orange dots) and the modified observation error (orange solid line) using O14 for Ch7.3 from the training

period. The black dotted line indicates two times the cloud effect (2C). (b) Probability density of a standard Gaussian distribution (red) and

the normalized FG departures (light blue) using the O14 method for Ch7.3 in the verification period.

3.2.1 The O14 method with additional quality control and Cmin

To solve the bimodality issue, Okamoto et al. (2014) suggested to use another σO for pixels with small C. For this modification,235

observation errors are tuned by resetting the values of Cmin and σO
min. Specifically, we redefine the first bin as [0,Cmin] and use

the Std of the samples in this bin as the σO
min. The remaining data is then divided into 50 equally sized bins and the observation

error model is derived using the same steps described before. Here, Cmin = 2 is set for further analysis.

The resulting observation error curve is shown in Fig. 6a. With this tuning , the observation error avoids being close to 2C

for C ≤ Cmin. In general, data with tuned observation error accounts for over 60% of the whole samples at Ch7.3. After tuning,240
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the bimodal shape in Fig. 5b disappears, and the distribution of the normalized FG departures becomes more Gaussian (Fig.

6b). However, there are still two small "ears" around ±1.

In order to remove the two "ears", a so-called quality control (QC) procedure proposed by Okamoto (2017) is applied. Data

is rejected with |FG departure|> 1.8C (the black dotted lines in Fig. 6c) when C > Cmin (the white dotted line in Fig. 6c). As

Fig. 6d shows, the two "ears" are removed successfully by the QC. Although the peak of the distribution becomes too large after245

QC, both the overlap rate and the KS_stat are improved compared to the distribution in Fig. 6b. However, with this QC, around

12% data is removed and the removed data is not necessarily of low observational quality. We can understand which data is

removed by looking at when the absolute FG departure is twice the cloud effect. This can occur when no clouds are present in

the model (BTM
cld=BTM

clr), resulting in an FG departure exactly twice the cloud effect, or when BTO≈ BTM
clr, resulting in an

FG departure approximately minus twice the cloud effect. Accordingly, the samples removed by the QC include all situations250

when only one of the observations or model is cloud free. Arguably, these samples are the most valuable to assimilate, helping

to remove clouds that should not be there or to create clouds when they are missing.
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Figure 6. (a) The assigned observation error as a function of C before (orange dashed dotted line) and after tuning (orange solid line) of

the O14 method, with cumulative density histogram overlaid in gray. (c) Density scatterplot of C vs FG departure. The black dotted lines

represents |FG departure|= 1.8C and the white dotted line C = 2. (b)(d) Probability density of a standard Gaussian distribution (red) and

the normalized FG departures (light blue) (b) after tuning the observation error and (d) after additional QC. All samples are collected for

Ch7.3 in the verification period .
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To evaluate the impact of the choice of Cmin, Fig. 7 demonstrates the KS_stat, the overlap rate and the data utilization rate

as functions of Cmin. Overall, the results are similar for both channels. Regarding the impact on the distribution (Figs. 7a-b),

both metrics, the KS_stat and the overlap rate, show similar results. Both indicating that the distribution becomes closer to255

Gaussianity as Cmin increases, reaching the optimal distribution at approximately Cmin = 1.5 for Ch6.2 and Cmin = 1.1 for

Ch7.3. Beyond these points, the KS_stat (overlap rate) gradually increases (decreases) with Cmin. For data utilization, the

rates for both channels increase rapidly for Cmin < 1. For higher values of Cmin, the rate of increase become more moderate.

The relationships of the distribution, data utilization, and Cmin indicate that, even after observation error tuning and QC, it’s

advisable to set Cmin bigger than 1 K. Additionally, there is a trade-off between the Gaussianity of the distributions and data260

utilization rate.
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Figure 7. The (a) KS_stat ,(b) overlap rate and (c) data utilization rate as a function of Cmin. The violet and teal green lines show the results

from Ch6.2 and Ch7.3 during verification period, respectively. (b) and (c) share the same y-axis range.

3.2.2 The O14 method with use of a window channel

Some studies applied the O14 approach with a cloud effect estimated using a window channel instead of the assimilated channel

(Geer et al., 2019; Feng and Pu, 2022). Following this, we also test the impact of applying the O14 approach using the window

channel Ch10.8. For simplicity, this approach will be named Owin
14 in the following. The cloud effect of the assimilated water265

vapor channels and the window channel are named Cmean
wv and Cmean

win , respectively. In this case, all training samples are divided

into 50 bins with equal sample size without any extra pre-processing.

In order to plot O14 against Owin
14 despite them using different cloud effect predictors, we bin the observation errors of Owin

14

by the cloud effect of O14. The resulting observation errors for Owin
14 is shown with pink dots in Fig. 8a, and the observation

error curve calculated with O14 is shown by the orange curve for comparison. To take a closer look at the difference between270

the two methods when the value of Cmean
wv is small, the range of Cmean

wv ∈ [0,5] in Fig. 8a is zoomed in Fig. 8b. The two plots

indicate that the observation errors are similar for Cmean
wv values approximately within the range of 1 to 9. Larger differences

occur for a larger Cmean
wv , but those values only account for about 10% of the total sample. For Cmean

wv < 1, the Owin
14 approach

avoids assigning an observation error close to 2Cmean
wv in contrast to O14. As a result, the Owin

14 approach also resolves the

bimodality issue and leads to a fairly Gaussian distribution (Fig. 8c) without removing data by an additional QC.275
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Figure 8. (a) The assigned observation errors a function of Cmean
wv , overlaid with cumulative density histogram in gray. The orange line

represents assigned observation errors calculated by using O14, and the pink square dots are the mean observation errors calculated by using

Owin
14 . (b) The same as (a), but only showing the enlarged region of 0 ≤ C ≤ 5. The black dotted line illustrates y = 2Cmean

wv . (c) Probability

density of a standard Gaussian distribution (red) and the FG departures of Ch7.3 normalized by the observation errors computed by using

Owin
14 (light blue). All results are derived from the verification period.

4 Revised error models

4.1 Replacing mean by maximum when computing CA

While the approaches of H16, O14 with additional QC, and Owin
14 can all lead to fairly Gaussian distributions of the normalized

departures and while these methods have been widely applied, the use of a mean C does not seem to be fully justified. Using

a mean C, the same cloud effect is estimated for (1) a high cloud in one data source and clear sky in the other and (2) mid280

level clouds in both data sources. The first case, however, would lead to a very large effect of hydrometeor errors on the FG

departure, while the latter would lead to a comparably small one. To address this issue, we propose a revised approach that

is based on the maximum cloud effect in both data sources, which is proportional to the largest possible departure for the

same model error in hydrometeors. Thereby, the method should better mitigate the nonlinear cloud height effect and make the

normalized departures more linearly dependent on errors in cloud hydrometeors.285

As the revised approach would also require an adaptation of the error tuning and QC for the O14 approach, we will only

evaluate it for the H16 and Owin
14 approaches. Nevertheless, we believe that it could also be applied in the O14 approach with

some minor adaptations.

The modified C for the H16 method (Cmax
BTlim

) and the Owin
14 method (Cmax

win ) at each channel are defined as:

Cmax
BTlim

=max(max(BTlim −BTM
cld,0),max(BTlim − (BTO −BCcloud−free),0)) (8)290

Cmax
win =max(|BTM

cld −BTM
clr|, |BTO −BTM

clr|) (9)

Cmax
BTlim

is calculated using the corresponding data from the assimilated channel while Cmax
win is computed using the data from

the Ch10.8 window channel. The revised version of H16 will be named SH26 and the revised version of Owin
14 will be SO26.

Figures 9a-b show the observation error curves using the mean and the maximum for computing C. The maximum approach

results in a monotonic increase of the error with the cloud effect, while errors using the mean approach decrease after a certain295
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value of C. This decrease of errors can easily be explained by the fact that both model and observation must be cloudy for a

very large C in the mean approach, which limits the potential FG departure. In practice, however, the decrease was usually

ignored and errors were kept at the largest value for a large C in the mean approach (Harnisch et al., 2016; Schomburg et al.,

2026) due to large expected operator and representation errors in case of clouds. The maximum approach avoids this ad-hoc

adjustment given the monotonic increase of the error with C which seems to be physically better justified given larger errors300

in cloudy conditions and the intention to mitigate the nonlinear cloud height effect.

Most importantly, the normalized FG departures of SH26 and SO26 (Figs. 9c-d) also show a more Gaussian distribution than

applying the ones of H16 and Owin
14 (Fig. 4b, Fig. 8c) with overlap rates increasing from 85 % (86%) to 93 % (90 %) for the

H16 and the Owin
14 approaches, respectively.
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Figure 9. (a)(b) The Std at each bin (dots) and the adjusted observation error (line) for Ch7.3 from the training period using (a) H16

(yellow) and SH
26 (blue), and (b) Owin

14 (purple) and SO
26(light blue). (c)(d) Probability density of a standard Gaussian distribution (red) and

the normalized FG departures (light blue) using observation errors calculated with (c) SH
26 and (d) SO

26 for the verification period.

To understand why the maximum approach results in a more Gaussian normalized FG departure distribution, let us first look305

at where the normalized FG departures of the Owin
14 and H16approaches depart from Gaussianity (Fig. 4b & 8c). They both have

too many small departures in the range of -0.5 to 0.5, too many large departures beyond ±2, and too few in between. As can be

seen in Fig. 10, the maximum approach results in lower errors when FG departures are small (along the diagonal) and larger
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ones further away from the diagonal. For example, using the mean approach, if the observed BTOwas 8 K below BTlimand

the simulated BTM
cldwas 10 K lower, the mean cloud effect would be 9 K and the assigned error would be ≈ 8 K (Fig. 9a),310

resulting in a normalized departure of ≈ 0.25. Using the max approach the cloud effect for the same values would be 10 K,

and the assigned error would be ≈ 5 K, resulting in a normalized FG departure of ≈ 0.4. This explains why the using the max

helps reduce the number of small normalized FG departures. For large FG departures the opposite occurs. If BTOwas equal to

BTlimand BTM
cldwas 18 K lower, Cmean

BTlim
would again be 9 K, with the same assigned error of ≈ 8 K, resulting in a normalized

FG departure of ≈ 2.25. In contrast, Cmax
BTlim

would be 18, the assigned error ≈ 10 K, and the normalized departure ≈ 1.8.315

Additionally, since maximum approach gives larger observation errors to pixels strongly affected by clouds, it assigns ob-

servations with large FG departures lower weights (Fig. 9b) compared to the mean approach (Fig. 9a). By doing so, it reduces

potential negative effects of outliers. Meanwhile, these observations are easier to pass the background QC when getting larger

errors. Thus, it also helps to retain potential valuable observations as for example the use of a Huber norm for QC (Tavolato

and Isaksen, 2015).320
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Figure 10. The (a)(b) 2D histograms of the observation error as a function of BTO and BTM
clr when computed by using (a) H16 and (b) SH

26.

(c) 2D histogram of the number of observations as a function of BTO and BTM
clr. Results are for Ch7.3 during the verification period. The

red dashed lines represents BTO = BTM
clr.

4.2 The possibility of abandoning BTlim in the formulation of H16 and SH
26

In this section, we discuss the effect of replacing the empirically determined parameter BTlim in the formulation of H16 and SH26

by a constant value, which would simplify the required training. Figure 11 shows the KS_stat and overlap rate as a function of

the chosen BTlim for the H16 and the SH26 approach. To ensure consistency, we still use the initial BTlim value to compute the

cloud-free bias correction, but this could be done differently in an operational system. When a small BTlim is chosen (left side325

of each subplot), C equals zero for all pixels. From this follows that the Std of the whole sample is used as observation error for

all observations. When BTlim is large (right side of each subplot), max(BTlim −BTM
cld,0) is always equal to BTlim −BTM

cld

and max(BTlim − (BTO −BCcloud−free),0) is always equal to BTlim − (BTO −BCcloud−free), which means that we bin the

data solely by a function of BTO and BTM
cld. In this case, BTlim does not have any impact on the observation error estimate and
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could therefore be replaced by a constant parameter instead of an empirically determined parameter that may have a seasonal330

dependence.

Overall, the KS_stat and the overlap rate show consistent results. For H16, we get the best results when BTlim = 229 (253)

for Ch6.2 (Ch7.3), revealing that an empirically determined BTlim is beneficial for this approach. Interestingly, best results

were achieved for a BTlim that is slightly colder than in the default setup. This means that H16 could be slightly improved by

adding an offset on BTlim or modifying it’s derivation, but we did not investigate this further as the SH26 approach leads to even335

better results.

The SH26 approach is not sensitive on the choice of BTlim as long as the chosen BTlim is warmer than the empirically

determined BTlim. This means that the empirically determined BTlim could be replaced by a constant parameter or could even

be completely removed in the formulation without any effect on the KS_stat or the overlap rate. Nevertheless, we decided to

keep BTlim in the formulation of the SH26 approach for this study to have a more direct comparison to the other approaches340

from preceding studies.
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Figure 11. (a) KS_stat and (b) overlap rate as a function of BTlim. The violet and green lines show the results for Ch6.2 and Ch7.3 during

the verification period, respectively. The solid and dashed lines are the results of H16 and SH
26. The dash–dot lines represent the default BTlim

values that are used in all other parts of our study.

5 Statistical comparison of all approaches

Figure 12 presents all normalized FG departure distributions for Ch7.3 together to facilitate their direct comparison. For the

O14 approach, we set Cmin = 2 and use additional QC here and thereafter. Compared to using a constant error (Fig. 12a), all

methods obtain a clearly more Gaussian distribution, which means that all of them can act as a viable solution for all-sky IR345

data assimilation. Among the approaches, the revised approaches using the maximum for calculating C (Figs. 12e-f) lead to

the best results. The revised approaches lead to a better match with the Gaussian distribution both around the peak and the

tails compared to the approaches using the mean (Figs. 12b-c). The better match is also revealed by a higher overlap rate and

lower KS_stat. The two methods using the mean for C and no QC (H16 and Owin
14 ) show similar distributions, but Owin

14 has

a slightly lower KS_stat and higher overlap rate than H14, mainly owing to a better distribution around the peak. Among the350
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methods using the mean for C, the O14 approach with Cmin = 2 and additional QC leads to the best overlap rate, but KS_stat

lies in between the other two approaches mainly due to too many values around the peak of the distribution. Additionally, the

QC removes a significant fraction of the data that may contain valuable information. Specifically, in Fig. 12d the QC removes

normalized FG departures with an absolute value greater than 4.
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Figure 12. Probability density of a standard Gaussian distribution (red) and the normalized FG departures (light blue) using (a) a constant

value as the observation error, (b) H16 method, (c) Owin
14 method, (d) O14 method, (e) SH

26 and (f) SO
26. Results are for Ch7.3 during verification

period.

All the analysis presented so far is based on the results from a single training-verification run, which may not be sufficiently355

representative. Thus, we conducted multiple training-verification runs to achieve a more robust evaluation of the different

approaches. For this purpose, we conducted 1000 training-verification runs that randomly select 16 days in August as the

training period and use the remaining 15 days for verification.

Table 1 illustrates the average KS_stat, overlap rate and data utilization rate of this bootstrapping with 1000 runs. For both

channels, the maximum versions (lines 2 and 4) performed better than the mean versions (lines 1 and 3) of the respective360

methods in all 1000 bootstrapped runs, which is consistent with the conclusions from Fig. 12. Overall, the mean versions

without QC, Owin
14 and H16, perform fairly similarly with no clear winner for both channels and metrics. O14 including QC

(line 5) performs best in terms of the overlap rate for Ch6.2 and is among the best three in terms of KS_stat for Ch6.2. For

Ch7.3, however, results are only in the mid-range and it should be noted that about 11 % of the data is lost due to the QC.

Apart from the five approaches discussed above, we also conducted a corresponding bootstrap experiments, SH26_noBTlim365

(lines 6), that use a constant BTlim value of 350 K. This constant BTlim is large enough that the results would be the same
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if BTlim were completely removed from the formulation of the approach. SH26_noBTlim shows even slightly better statistical

results than SH26. Thus, removing BTlim seems advisable as it also simplifies the training procedure. SH26_noBTlim even shows

the best results for KS_stat and the best overlap rate for Ch7.3. Only in terms of the overlap rate for Ch6.2, O14 shows slightly

better results, but this comes at the expense of losing 8 % of the observations due to QC.370

Table 1. Mean KS_stat, overlap rate and data utilization rate for the verification period after bootstrapping the training/verification 1000

times with a look-up-table observation error model.

Exp names KS_stat Overlap rate

(%)

Data

utilization rate

(%)

KS_stat Overlap rate

(%)

Data

utilization rate

(%)

Ch6.2 Ch7.3

H16 0.071 77.4 100.0 0.089 81.3 100.0

SH26 0.058 82.1 100.0 0.076 85.0 100.0

Owin
14 0.074 77.7 100.0 0.090 80.6 100.0

SO26 0.060 82.4 100.0 0.078 84.0 100.0

O14 0.060 85.2 92.1 0.085 81.4 88.6

SH26_noBTlim 0.056 82.6 100.0 0.075 85.0 100.0

6 Discussion and summary

In this study, we contrast existing cloud-dependent error models for the assimilation of all-sky infrared satellite radiances,

perform a thorough testing of the methods and propose a conceptually revised approach. The testing is based on a one-month

data set of SEVIRI observations at two water vapor sensitive infrared channels (Ch6.2 and Ch7.3) in a Central European

domain and corresponding model equivalent brightness temperatures calculated from the output of the regional NWP model375

AROME-Austria. As evaluation metrics for Gaussianity, we used the Kolmogorov–Smirnov statistic and the overlap rate with

a Gaussian distribution. Furthermore, we conduct 1000 bootstrapping experiments for training and verification.

The main findings of our study can be summarized as follows:

1. Overall, all observation error models can successfully transform the very non-Gaussian distribution of FG-departures of

all-sky IR radiances into a near-Gaussian distribution of normalized departures.380

2. For the approach of Okamoto et al. (2014), however, successful transformation requires either an additional quality

control that eliminates about 10 % of the data or the use of a different channel (e.g. a window channel in our case) for

the estimation of the cloud effect.
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3. Despite conceptual differences in the calculation of the cloud effect, the approaches proposed by Harnisch et al. (2016)

and Okamoto et al. (2014) perform fairly equally in terms of Gaussianity. For the lower-peaking channel (7.3 µm), which385

has a larger cloud effect than the other higher peaking channel (6.2 µm), best results were achieved with the approach of

Harnisch et al. (2016) or the window-channel version of Okamoto et al. (2014). For the 6.2 µm channel, the own-channel

version of Okamoto et al. (2014) led to a slightly more Gaussian distribution, but at the expense of removing observations

with a QC procedure.

4. The approach of Harnisch et al. (2016) relies on an empirically determined limiting brightness temperature, which390

likely requires local and seasonal training. Such geographic and seasonal effects will be investigated thoroughly in a

subsequent study. The approach of Okamoto et al. (2014) has the advantage that it takes a situation-dependent reference

for calculating the cloud effect, the model clear sky equivalent brightness temperature. This reference, however, is only

a perfect reference for the model state and not necessarily for the observed state. The estimated cloud effect therefore

incorporates clear-sky model error which can lead to artifacts in the distribution (e.g. a bimodal distribution) if not395

implemented carefully.

5. We propose a revised formulation for both the method of Harnisch et al. (2016) and the window-channel version method

of Okamoto et al. (2014). In principle, the revised approach should also be applicable to the own-channel version of

Okamoto et al. (2014) with additional QC, but that would require some additional testing.

6. We are convinced that the revised approach, which defines the cloud effect as the maximum of the model and observation400

cloud effects, is physically better justified, as the resulting cloud effect is approximately proportional to the maximum

possible FG departure. Thereby, the revised approach should better mitigate the cloud height effect that leads to the very

non-Gaussian distribution of FG departures.

7. In line with a better physical justification, we demonstrate that the revised approaches consistently lead to more Gaussian

distributions than their original counterparts at no additional cost.405

8. For the revised version of Harnisch et al. (2016), the climatologically determined parameter limiting brightness temper-

ature (BTlim) can actually be replaced by a constant, or even completely removed from the formulation without any

deterioration of the results. In our tests, results even improved slightly without BTlim. It should be noted, however,

that the removal only simplifies the formulation and the training procedure without changing the potential seasonal and

geographic dependence of the training of the error model.410

9. In the original version of Harnisch et al. (2016), the parameter BTlim should be kept in the formulation, but there is

indication that adding an offset in it’s derivation or slightly revising its derivation would be beneficial.

In regards to the computational cost of the methods proposed, Harnisch et al. (2016) is the cheapest as it does not require

computing any clear-sky values during run time, while using the window channel for the Okamoto et al. (2014) approach

is the most expensive as it requires calculating both the all-sky and clear-sky window channel. If the various channels are415
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calculated for other purposes anyway, all the methods discussed should not differ noticeably. All our experiments stored the

error model as a 50 value look up table. The look up table can be replace through an analytical function, but we recommend

that a second-order polynomial be used for the max cloud effect approaches as a linear function offers a poor approximation.

Our results are based on a limited data set of a regional domain in one month in summer while some error properties may

vary with location and season (Geer et al., 2019). These effects will be evaluated thoroughly in a follow study that includes data420

of various season and various climate zones, but preliminary results indicate that the qualitative results hold true elsewhere.

Code and data availability. The simulated BT and departures are available via (https://zenodo.org/records/18980206), and the full AROME

fields used to simulate the BTs from are avialable at (https://zenodo.org/records/18955720). The code used to analyse and plot the results

are currently freely available at: (https://gitlab.phaidra.org/dataassimilation/RTTOV_AROME/-/tree/sby_v2/ir_plot/Revisiting_OE_for_IR?

ref_type=heads). Once the review process is finalized the final scripts will be added to the zenodo archive containing the BT. The SE-425

VIRI observations are freely available via the EUMETSAT’s data store (https://user.eumetsat.int/data-access/data-store) The RTTOV code

is maintained, archived, and distributed by NWP-SAF (https://nwp-saf.eumetsat.int/site/software/rttov/), v12.2 was used in this study.
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