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Abstract. In combination with observations from visible satellite channels, near-infrared channels can provide valuable ad-
ditional cloud information, e.g. on cloud phase and particle sizes, which is also complementary to the information content of
thermal infrared channels. Exploiting near-infrared channels for operational data assimilation and model evaluation requires a
sufficiently fast and accurate forward operator. This study presents an extension to the method for fast satellite image synthesis
(MFASIS) that allows for simulating reflectances of the 1.6 um near-infrared channel based on a computationally efficient
neural network with the same accuracy that has already been achieved for visible channels. For this purpose, it is important to
better represent vertical variations of effective cloud particle radii, as well as mixed-phase clouds and molecular absorption in
the idealised profiles used to train the neural network. A new approach employing a two layer model of water, ice and mixed-
phase clouds is described and the relative importance of the different input parameters characterising the idealized profiles is
analyzed. A comprehensive dataset sampled from IFS forecasts together with different parameterizations of the effective water
and ice particle radii is used for the development and evaluation of the method. Further evaluation uses a month of ICON-D2
hindcasts with effective radii directly determined by the two-moment microphysics scheme of the model. In all cases, the mean
absolute reflectance error achieved is about 0.01 or smaller, which is an order of magnitude smaller than typical differences
between reflectance observations and corresponding model values. The errors related to the imperfect training of the neural
networks present only a small contribution to the total error and evaluating the networks takes less than a microsecond per
column on standard CPUs. The method is also applicable for many other visible and near-infrared channels with weak water

vapour sensitivity.

1 Introduction

Over the last decades, satellite observations have become the most important observation type assimilated in numerical weather
prediction (NWP) systems. They dominate not only in terms of the total number of assimilated observations, but also with
respect to the overall impact on the forecast quality of operational global NWP systems (Bormann et al., 2019; Eyre et al.,
2022). The preferred way to assimilate satellite observations from imagers and sounders is the direct assimilation of radiances,
which requires a forward operator to generate synthetic radiances from the NWP model state. In contrast to assimilating

retrievals, no external a priori information (e.g. from other models or climatologies) is required in the direct assimilation
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approach and in general also the characterization of errors is less problematic (Errico et al., 2007). Satellite radiances are
increasingly assimilated not only in clear-sky conditions, but also in the presence of cloud and precipitation. This so called ’all-
sky’ approach is being applied successfully for microwave (MW) observations in different global NWP systems (Geer et al.,
2018) and progress is being made towards the direct all-sky assimilation of infrared (IR) observations (Geer et al., 2018, 2019;
Li et al., 2022). Similarly, satellite observations are also assimilated in many regional models (Gustafsson et al., 2018) with a
particular focus on observations from geostationary imagers providing temperature, moisture and cloud information with high
temporal and spatial resolution (see e.g. Otkin and Potthast 2019, Okamoto 2017).

Efforts are ongoing to improve the exploitation of satellite observations that are currently underutilized, both in terms of
assimilating already operational data under all conditions and over all surfaces and in using channels that are not yet directly
assimilated at all (Valmassoi et al., 2022; Hu et al., 2022). Solar satellite channels fall into the latter category, mostly because
sufficiently fast and accurate forward operators are missing or have only become available recently. The development of such
operators was hampered by the fact that standard radiative transfer (RT) methods for the solar spectral range (with wavelengths
A < 4pm) are computationally very expensive, as they require the detailed modeling of multiple scattering processes, which
are much more important than in the thermal part of the spectrum (A > 4um). Moreover, 3D RT effects, i.e. effects involving
horizontal photon transport, e.g. related to inclined cloud tops, cloud shadows or complex topography (see Marshak and Davis
2005 for a detailed discussion) can be important for solar channels, especially at high resolutions and for large zenith angles.
For visible channels Scheck et al. (2016) developed MFASIS (method for fast satellite image synthesis), an efficient 1D RT ap-
proach based on a strong simplification of the vertical cloud structure and the use of precomputed results stored in compressed
look-up tables (LUTs). This LUT-based version of MFASIS has been integrated into the RTTOV satellite forward operator
package in the version v12.2 with subsequent improvements in versions v12.3 and v13.1(Saunders et al., 2018, 2020). MFA-
SIS has been used in several model evaluation studies (Heinze et al., 2016; Stevens et al., 2020; Sakradzija et al., 2020; Geiss
et al., 2021) as well as data assimilation studies (Schrottle et al., 2020; Scheck et al., 2020). The assimilation of visible SEVIRI
observations at 0.6pm using RTTOV-MFASIS has become operational at DWD in March 2023. An extension to MFASIS to
account for the most important 3D RT effects in a computationally efficient way is available (Scheck et al., 2018) and recently
a faster and more flexible version based on neural networks instead of LUTs has been developed (Scheck, 2021) and integrated
into RTTOV v13.2.

The cloud information contained in visible channels is complementary to that available from thermal infrared channels.
Whilst visible channels provide almost no information that could be used to determine the cloud top height or discriminate
frozen from liquid clouds, they contain much more information on the cloud water or cloud ice content as they saturate only
for much thicker clouds than thermal channels (Geiss et al., 2021). There is also some dependency of visible radiances on the
cloud particle sizes and the surface structure of clouds.

Near-infrared (NIR) channels (0.75 < A < 4um) depend on cloud particle sizes and angles in a different way, compared to
visible channels, and can thus provide additional information that could be very valuable both for model evaluation and data
assimilation. The combined information of visible and near-infrared channels has been successfully used for many years to

simultaneously retrieve cloud optical thickness and effective particle radii (following Nakajima and King 1990). Such obser-
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vations constraining the cloud microphysics are also of special relevance for NWP models employing advanced cloud physics
schemes like two-moment schemes that provide prognostic effective cloud particle sizes (see e.g. Seifert and Beheng 2006). Of
particular interest is the 1.6um channel available on many satellite imagers, because at this wavelength ice absorbs radiation
considerably stronger than water. In combination with a visible channel, for which absorption by both water and ice is very
weak, the 1.6pm channel can thus provide information that is helpful for distinguishing liquid from frozen clouds (but will
not in all cases allow for a clear distinction, see e.g. Fig 4 in Coopman et al. 2019). While information on the cloud phase is
also available from thermal infrared channels, using near-infrared channels in addition (Baum et al., 2000) or instead (Nagao
and Suzuki, 2021) can improve the reliability of retrievals. Assimilating the 1.6pm channel could thus be a promising way to
reduce cloud phase errors.

MFASIS can already be applied for NIR channels and LUTs for 1.6m channels of different instruments are available as
part of the RTTOV package. However, mainly due to the rather approximate treatment of mixed-phase clouds, the currently
employed method is considerably less accurate for this channel. Some corrections included in RTTOV 13.1 allow for avoiding
the largest errors, but the accuracy for the 1.6m channel is still lower than for visible channels. This study demonstrates how
to both improve the accuracy and reduce the computational effort through using a machine learning-based approach. We will
focus on generating synthetic images for the 1.6um channel of the SEVIRI instrument aboard Meteosat Second Generation
(MSG) from global and regional NWP model data. Building on the neural network-based results for visible channels of Scheck
(2021), suitable network input parameters to account for the more complex dependency of near-infrared radiances on the
atmospheric state will be identified. Networks with these input parameters are then trained and tested on different data sets.

The rest of this study is organized as follows: Data and methods are discussed in Sect. 2, suitable network input parameters
are derived in Sect 3, the training of neural networks based on these profiles is discussed in Sect. 4, the full method is evaluated

using different data sets in Sect. 5 (also for other solar channels) and conclusions are given in Sect. 6.

2 Data and methods
2.1 Radiative transfer methods
2.1.1 DOM

For reference calculations and the generation of neural network training data, the discrete ordinate method (DOM, see Stamnes
et al. 1988) is used. We rely on the implementation of DOM in the RTTOV RT package (Saunders et al., 2018). The required
input data comprise vertical profiles of the cloud water and cloud ice content including the corresponding effective particle
radii, a value for the surface albedo (A), solar and satellite zenith angles (6, ), and the difference of their azimuth angles
(A¢). DOM solves the plane-parallel radiative transfer equations and computes the resulting top-of-atmosphere reflectance. In
RTTOV, the liquid cloud optical properties used in this process are based on Mie (1908) and for ice clouds the optical properties
for the general habit mixture of Baum et al. (2005, 2007) are used. Aerosols are neglected in this study, but clear sky Rayleigh

scattering and molecular absorption are taken into account.
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2.1.2 MFASIS

DOM generates accurate 1D RT solutions, but is significantly too slow for operational applications like data assimilation. For
this reason, the fast method MFASIS (Scheck et al., 2016) was developed and has subsequently been implemented in RTTOV
(beginning with version 12.2, see Saunders et al. 2020). In MFASIS, the cloud top height and details of the vertical cloud
structure are not taken into account for computing the reflectance, and still the reflectance errors with respect to DOM solution
are small. These properties of the input profiles can therefore be considered to be not very important for the resulting reflectance.
The complex vertical profiles from NWP runs are in MFASIS replaced by highly idealised profiles with the same total optical
depths and mean effective particle radii. These idealised profiles contain a homogeneous ice cloud above a homogeneous water
cloud at fixed heights embedded in a standard atmosphere. Only eight parameters are used to fully characterize the idealised
radiative transfer problem: the optical depths and vertically averaged effective particle radii for the water and the ice cloud,
three angles to define the sun-satellite geometry and the surface albedo. Reflectances for many combinations of the parameters
are pre-computed using DOM and stored in an eight-dimensional look-up table (LUT). The latter is reduced from 8GB to
21MB using a lossy compression method. To obtain reflectances for arbitrary input profiles, it is only necessary to compute
the input parameters from them and interpolate the reflectance in the LUT at the corresponding location !. This process takes
only several microseconds and is thus orders of magnitude faster than running DOM. Both the achieved speed and accuracy
are sufficient for assimilation of visible radiance observations in operational applications.

Whilst the simplification of the vertical profiles in MFASIS causes reflectance errors that are acceptable for data assimila-
tion or model evaluation using visible channels, they remain significantly larger for the 1.6pm near-infrared channel that is

considered in this study for three reasons:

— The absorption in ice is considerably stronger than in water. Replacing mixed-phase clouds, which are often dominated

by liquid water at the top, by an ice cloud above a water cloud causes therefore large errors.

— The 1.6pm channel is slightly affected by molecular absorption (due to CO2, CHy and for wider channels like the one
on the SEVIRI instrument considered here also water vapour), which means that the air mass between cloud and satellite
will have a stronger influence on the reflectance than for visible channels?. For SEVIRI also the water vapour mass will
have some influence. To give an example, for a relatively high column integrated water vapour content of 50mm and

solar and satellite zenith angles of 60° the reflectance is reduced by about 5%.

— The vertical variation of the effective particle radii is not taken into account in the simplified profiles. While this error
source alone would still be acceptable (it is indeed also present for visible channels), it contributes significantly to the
total error, in addition to the two other problems listed above. The problem is that the effective radii in the uppermost
cloud layers, from which photons can escape after single scattering events, may be different from the effective radii at

higher optical depths that contribute to the reflectance by multiple scattering processes. To approximate both the correct

UA linear interpolation is performed in the seven cloud and angle dimensions, the albedo dimension is treated differently, as discussed in Sect. 4.1
2Visible channels have also a slight cloud top height dependence due to Rayleigh scattering
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scattering angle dependence of the reflectance, which is dominated by single scattering processes, and the correct angle-

averaged reflectance, which is often dominated by multiple scattering processes, at least two different radii are required.

Preliminary solutions to account for the largest errors were introduced in the MFASIS implementation in RTTOV v13.1:
Replacing ice within or below water clouds with water clouds of the same optical depth reduced the errors for mixed-phase
clouds. The computation of the mean effective radius was modified to give more weight to the upper cloud layers for thick
clouds. While these corrections succeeded in removing the largest errors, the mean errors are still considerably larger than for

visible channels. In this study we will present a new approach, which is more accurate, faster and based on neural networks.
2.1.3 Neural networks and MFASIS-NN

Artificial neural networks are the most popular machine learning approach. They have the advantages that mature, easy to use
implementations are available and that many CPUs and GPUs now support hardware-accelerated training and evaluation of
these networks. A neural network-based version of MFASIS for visible channels, in the following referred to as MFASIS-NN,
was developed by Scheck (2021). While the simplification of vertical profiles in this method is the same as in MFASIS, the LUT
is replaced by a deep feed-forward neural network. The input parameters of the network correspond to the dimensions of the
LUT. Reflectances for arbitrary albedo values can be computed from the three output parameters approximating reflectances
for surface albedo values 0, 0.5 and 1 (see Eq. 6 in Scheck 2021 and discussion in Sect. 4.1). The study shows that networks
with several 1000 parameters in 4—8 hidden layers can be trained well enough to achieve reflectance errors that are in general
smaller than the ones of the LUT version. The amount of data to be generated with DOM for the training is a factor 1000 smaller
than the 8GB required for the LUT-based MFASIS. Moreover, using a computationally cheap activation function and a Fortran
inference code optimized for small networks, MFASIS-NN is an order of magnitude faster than the LUT-based MFASIS.

As in Scheck (2021), deep feed-forward neural networks are used in this study. Networks with 8 hidden layers and 15, 25,
or 32 nodes per layer are considered. The networks are initialized with random numbers and trained with the open-source
Tensorflow package (Abadi et al., 2015) using standard methods. The mini-batch gradient descent method (with a batch size
of 256) and the Adam algorithm (see Chapter 8 in Goodfellow et al. 2016) with a learning rate of 2.5 x 10~* were utilized for
this purpose. About 1.4 x 107 synthetic training data samples were generated by assuming random numbers for the normalized
network input parameters (uniformly distributed in [0, 1], which means that the unnormalized, physical variables are uniformly
distributed over the ranges given by Tab. 2) and computing the corresponding reflectance with DOM. 80% of the samples
were used for the training, 20% served as independent validation data. The networks were trained for 4000 epochs. During
the training, the updated network weights and biases were stored only if they resulted in a reduced root mean squared error
of the validation data set, an approach known as early stopping. For the evaluation or inference of networks, we employed

FORNADO, an optimized Fortran code including tangent linear and adjoint versions. To reduce the computational effort, the



155

160

165

102 p

10t

log(T/)

10° : e ' e, LRITPE SR

107t 108

Figure 1. Water cloud optical depth 7, and ice cloud optical depth 7; for all profiles of the ’std” data set (see Tab. 1).

"cheap soft unit" (CSU; see Fig. 2 in Scheck 2021), defined as

0, ifz < —2
fosu(@) =q —14+0.25(x+2)?, ifxec[-2,0] )
x, ifz>0

was used as an activation function for the hidden layers. This function is very similar to the well-known exponential-linear
unit (ELU), frru(z) =min(e® — 1,|z|), but does not involve a computationally expensive exponential function, which can
also prevent the compiler from using vector instructions. For the output nodes, we used the softplus function, feofplus(Z) =

In(1 + e*), which guarantees that all output values are positive.
2.2 NWP-SAF profiles

A comprehensive set of profiles available from the Satellite Application Facility for Numerical Weather Prediction (NWP
SAF) project is used to tune and evaluate the methods developed for this study. The data set comprises 5000 individual profiles
selected from a year (1 September 2013 — 31 August 2014) of short-range forecasts produced with the Integrated Forecasting
System (IFS) of the European Centre for Medium-Range Weather Forecasts (ECMWF) using an algorithm which only selects
profiles that are sufficiently different in cloud variables compared to the other selected profiles. The profiles represent realistic
seasonal variability and, as they are spread over the entire globe, global variability is also well represented. About 30 % of the
profiles are located over land and about 40 % between the northern and southern tropics. Please refer to Eresmaa and McNally
(2014) for further information about the data set. It should be noted that the cloud fraction profiles, ¢(z), were modified for

this study. To avoid having to take cloud overlap into account, for which different assumptions exist (see e.g. Scheck et al.,
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Figure 2. Mean vertically averaged effective particle radii (dots) in logarithmically spaced optical depth bins for the ’std’ (left column) and
rmod’ (right column) profile data sets for water clouds (upper row) and ice clouds (lower row). The vertical lines connect the 5th and the

95th percentiles for each bin.

2018) and which is not in the focus of this work, the cloud fraction was set to zero for ¢ < % and to one for ¢ >= % While this
simplification certainly has some impact on the distribution of total optical depths, it should not pose a serious limitation while
making reference calculations with DOM much cheaper>.

The NWP SAF profiles do not contain any information on effective cloud particle sizes, which are required for RT calcula-
tions. Therefore, parameterizations have to be used. For effective radii of water cloud droplets, the parameterization of Martin
et al. (1994) is used, which depends on the liquid water content and a droplet number concentration N¢. Here, we adopt ei-
ther No = 100ecm ™3 or No = 200cm 2, which are typical values used in NWP models. For effective ice particle sizes we
rely either on the parameterization by McFarquhar et al. (2003), which depends only on the ice content, or the one by Wyser
(1998), which depends in addition on the temperature. All of these radius parameterizations can produce unrealistically small

radii for low water/ice contents and under certain conditions also radii that are larger than the maximum radii RTTOV accepts.

3In RTTOV, DOM is called up to n, times instead of a single call if cloud fractions 0 < ¢ < 1 are encountered, where n . is the number of layers.
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To reduce the impact of these cases, we limit the effective droplet radii to the range [5um, 25um] and the effective ice particle
radii to the range [20pm, 60m], as in Scheck et al. (2016). With these effective radii and the water / ice contents from the IFS
data, extinction coefficient profiles for water and ice cloud layers (8, (z) and (3;(2)) can be computed using channel-specific
conversion factors provided by RTTOV. The vertical integrals of 5y, (z) and [5;(z) are the water and ice optical depths 7, and
7. From their distribution (Fig. 1) it is evident that there is a wide variety of water, ice and mixed-phase clouds with optical
depths up to several 100.

In Tab. 1 the different versions of the profile data set used in this study are listed, which differ in the effective radius parame-
terizations, the cloud types present in the profiles and the vertical variation of the effective radii. The different parameterizations
lead to significantly different mean effective radius distributions, as shown in Fig. 2. A smaller droplet concentration (Fig. 2b)
leads to larger droplet radii than for the standard value of No = 200cm 3 (Fig. 2a). The ice particle radii computed with
Wyser (1998) (Fig. 2d) show more spread and depend differently on the optical depth than those computed using McFarquhar
et al. (2003) (Fig. 2¢). The data sets with only water or only ice clouds allow for investigating these cloud types separately. The
data sets in which the effective radius profile is replaced by its mean value in each profile is used to switch off the impact of
vertical radius gradients.

To compute top-of-atmosphere reflectances for the profiles in these data sets using DOM, not only the cloud variables but
also the sun and satellite angles and the surface albedo are required. For all the profiles, longitude, latitude and time are known,
so these additional parameters could be determined. However, we follow a different approach, which increases the number
of test cases significantly. For each profile, reflectances are computed for 64 angle combinations that are chosen randomly
with the constraints o < 130°, 6 < 80° and 6y < 80°, where « is the scattering angle with v = 0° meaning backscattering and
o = 180° forward scattering. Moreover, reflectances are not computed for the surface albedo at the location of the profile,
but for each viewing geometry three reflectances are computed for albedo values 0, % and 1. The three reflectances allow for
calculating reflectance for arbitrary albedo values, as discussed in Sect. 3.3 of Scheck (2021). In total, 5000 x 64 x 3 = 960000
reflectances are thus computed for each data set and RT method.

Of course the effective radii obtained for the IFS profiles from parameterizations may not be fully realistic. Both features in
the vertical profiles and the distribution of mean radii could differ from reality. For this reason, we will in addition consider
data from a regional model with a two-moment microphysics scheme that generates prognostic information on effective radii,
which should be closer to reality (see next Section). However, as at least for the next years most models will be restricted to
one-moment microphysics schemes and this study is aimed at generating synthetic satellite images for these models, it seems

appropriate to use effective radii from parameterizations.
2.3 ICON hindcasts

For an additional evaluation of the results we use atmospheric profiles from a 30-day hindcast performed with the convection-
permitting, regional ICON-D2 (ICOsahedral Non-hydrostatic, development version based on version 2.6.1; Zingl et al. 2015)
model. This NWP model and the resulting profiles are independent and different from the IFS model which is the basis for
the NWP SAF profiles used in the development of the MFASIS near-infrared approach, especially with regard to the cloud
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Table 1. Profile data sets used in this study, based on the NWP SAF profiles. In some of the data sets the water or ice cloud mixing ratios, Qw

and @, are set to zero, the effective radii are set to a constant value in each profile (the mean value in the profile) or the radii are computed

for a different droplet number concentration (specified in brackets) in the droplet size parameterization by Martin et al. (1994) or using the

Wyser (1998) instead of the McFarquhar et al. (2003) parameterization for ice particles.

data set parameterizations modifications

std Martin[200 cm 3], McFarquhar -

rmod Martin[100 cm ™3], Wyser -

w-only Martin[200 cm ~3], McFarquhar Qi =0

i-only Martin[200 cm 3], McFarquhar Q. =0

w-rconst | Martin[200 cm ™3], McFarquhar ~ Q; = 0, reg w (2) =const
i-rconst Martin[200 cn 3], McFarquhar  Qw = 0, 7e,i (2) =const
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Figure 3. Distribution of water and ice cloud optical depths throughout the domain for all 30 days of the ICON-D2 hindcast period at 12

UTC (about 8.3 x 10° profiles).

microphysics scheme and the resulting effective cloud particle radii. The same ICON-D2 setup as in Geiss et al. (2021) is

used, with a domain covering Germany and parts of its neighbouring countries, a horizontal grid spacing of 2.1 km and 65

vertical levels. The 30-day hindcast is initialized once at 1 June 2020 00 UTC based on downscaled ICON-EU analysis initial

conditions and uses hourly boundary conditions from ICON-EU analyses.
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Figure 4. Mean vertically averaged effective particle radii (dots) in logarithmically spaced optical depth bins of the 30 days of the ICON-D2
hindcast period at 12UTC (about 8.3 x 108 profiles) for water clouds (a) and ice clouds (b). The vertical lines connect the 5th and the 95th

percentiles for each bin.

The test period is characterized by various different summer time weather situations with a wide variety of clouds. As visible
from Fig. 3), most of the clouds are limited to 7, < 100 and 73 < 10. The even thicker clouds present in the IFS profile data
sets are probably related to the tropics and not present in the [CON-D2 domain.

An important difference, compared to the IFS-based NWP SAF profiles, is that the ICON-D2 hindcast employs a two-
moment microphysics scheme (Seifert and Beheng, 2006). This microphysics scheme directly provides effective radii that
should in principle be more realistic than the radii computed with parameterizations. For this reason the lower limit for effective
droplet radii applied before running RT calculations is reduced to 2.5 um for the ICON hindcasts.

The effective radii from the two-moment scheme (Fig. 4) show qualitatively different dependencies on the optical depths,
compared to those obtained with parameterizations (Fig. 2). For the two-moment calculations the mean effective droplet radius
reaches a maximum at 7,, = 100 and decreases for higher optical depths, whereas for the parameterization there is a further
increase for 7, > 100. The mean effective ice particle radii from the two-moment scheme are more similar to the Wyser
(Fig. 2c) than to the McFarquhar (Fig. 2d) results, with radii increasing at smaller decreasing at higher optical depths. However,
for the two-moment scheme the maximum mean effective radius is reached already at ; = 4 (not 7; = 30 as for Wyser). Even
more obvious differences between parameterized and two-moment radii are found for the spread. The parameterizations mostly
depend on quantities strongly correlated with the optical depth, like LWC and IWC, and are therefore quite well-defined
functions of the optical depth with a small spread. The only exception is the Wyser parameterization (Fig. 2d), which has an
additional dependency on temperature and therefore a larger spread. In contrast, the two-moment radii always show a spread
that is considerably larger than for the parameterizations for both water and ice clouds, as is to be expected for more realistic

radii.

10
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3 Selecting input parameters
3.1 Extending the MFASIS approach

For visible channels it is sufficient to characterize the idealised profiles by only four numbers, optical depths and effective
particle radii for a water and an ice cloud at fixed heights. As discussed in Sect. 2.1, these idealised profiles are too simplistic
for near-infrared channels. Therefore, additional parameters have to be included to account for the clear sky absorption, the
impact of vertically varying effective radii and the fact that the uppermost part of mixed-phase clouds is often dominated by
liquid water.

As a minimal extension to account for vertically varying effective radii, the one-layer ice and water clouds are replaced
by two-layer clouds with different effective radii in the upper and the lower layer. Moreover, for a better representation of
mixed-phase clouds we allow for the presence of ice in the two-layer water cloud, which can therefore either be a water or a
mixed-phase cloud. In contrast, the ice cloud located above this mixed-phase cloud is assumed to be free of liquid water. Thus,
in total, six optical depths 75 and six effective particle radii rZ have to be specified to fully define the clouds in the idealised
profile. Here, L € [u;]] for the upper/lower layers, C' = i for the pure ice cloud, C' = w for the water content and C' = wi for
the ice content of the mixed-phase cloud.

L.,bo

‘P “and the bottom, zc’b " of each layer is known, the optical depths can be

When the geometric height at the top, zé
computed as
ZL.top

k= [ bt d: @

L,bot
Zc

from the profile of the extinction coefficient S¢(z) computed from the NWP model output using the satellite channel-dependent

factors provided by RTTOV (as part of the regression coefficient files). The mean effective particle radii are computed as
Zé,top

ré=(5)"" / rett,c(2) Bo(z) dz 3)

L,bot
Zc

from the effective radius profile reg (z) that is either included in the NWP model output or computed using one of the

parameterizations listed in Sect. 2.2. For computing the mixed-phase cloud top height in the NWP profile, we use the cumulative

optical depth

& (2) = / Bo(z) dz, @)
where zi., 1S the height of the uppermost level of the model profile. The mixed-phase cloud top height, z‘j,"imp, is then defined
to be the height at which 75™!(2) exceeds a threshold value of 1. To avoid gaps between the integration ranges zlc’,tOp = zg"bOt

l,bot __ ,1,bot
w = Zwi

and to cover the full profile, we adopt 2P = zi“’wp = Zioa and z = Zutc, Where 2y is the height of the lowest

11
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level of the model profile*. The only geometric heights not defined so far are those that determine how the two-layer clouds are

u,bot
i

split in an upper and a lower part, z and 2Pt A parameterization for the cloud splitting that computes the optical depths

of the two parts, TIC and 75, from the total optical depth of the cloud, 7¢ = Tb + 75, will be discussed in Sect. 3.3. Based on

u,bot u,bot
; and 2z

these optical depths, z can be determined.

The impact of clear sky absorption by the well-mixed trace gases carbon dioxide (CO2) and methane (CH,4) depends on
the air mass above the cloud and, in case of semi-transparent clouds, also on the air mass above the ground. The latter can be
quantified by the cloud top pressure, p., and the surface pressure, pgs.. Of course, p., and pgg. cannot exactly quantify the clear
sky impact for complex multi-layer cloud situations, but should still be useful for an approximate description. In this study, the
cloud top pressure is defined as the pressure at which the total (water plus ice cloud) optical depth exceeds a threshold value of
min(%ﬁ, 1), where 7 is the column-integrated total optical depth of all water and ice cloud layers. This definition presents a
good compromise to prevent on the one hand that very thin, high clouds above thicker clouds trigger the cloud top detection and
to avoid on the other hand that the cloud top is detected too deep inside the cloud. Instead of p.., we will use the dimensionless
ratio fet = pet/pste as input parameter for neural networks. Also, absorption by water vapour has some influence on 1.6um
SEVIRI reflectances, in particular for high albedo values and large zenith angles. Water vapour is not well-mixed and therefore
its impact can not just be quantified by p. and ps.. As the impact is relatively weak, it is sufficient to use just one parameter

to describe the water vapour profile, the vertically integrated water vapour content,

WV = /p(z)qv(z)dz, 4)

Zsfc
where p is the density and g, is the specific humidity. Instead of IWV, we will use the normalized

AWV —IWV in (pstc))

nIWV =
(IWVmax (psfc) —IWVin (psfc))

(6)

as input parameter for neural networks. This ensures that IWV remains within the range accepted by RTTOV. Details on the
fit functions IWV 3, and IWV .« can be found in Appendix B.

The definitions provided so far allow for computing the neural network input parameters pet, pstc, NIWV, 7& and & from
NWP profiles, a step required before reflectances can be computed with the network. For generating the synthetic training
data for the network, the inverse step is required: For given network input parameters we need to define full idealised vertical
profiles, as the latter are required by DOM to compute the corresponding reflectances. These idealised profiles have to contain
the four cloud layers with the desired Té, ré, have the correct IWV, the correct cloud top pressure p (according to the
definition given above) and have to start at the correct surface pressure pst.. The geometric thickness of the cloud layers should
not be very important for the reflectance. For the sake of simplicity, we modify an IFS standard atmosphere such that one
of the pressure levels matches the cloud top pressure and that the surface pressure has the desired value. Then only the four

layers around p.; are filled with Té‘ , ré, as shown for an example in Fig. 5, which illustrates also the integration ranges used to

4A better definition for the cloud bottom level could have been used here, but as integrating over cloud free layers near the surface will would not change

Eqns. 2 and 3, using zg¢. is sufficient.
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Figure 5. Schematic example of a complex profile from a NWP model (left) and the corresponding idealised profile (right), in which only
four layers are filled with clouds. The dashed blue and red lines separate the upper and lower parts of the ice and the mixed phase cloud,
respectively. The purple line separates pure ice from mixed phase ice. The dashed gray line indicates the cloud top pressure and the dotted
black line the surface pressure. The pressure labels correspond to the geometric heights z with the same indices defined in the text. Please

note: The thickness of the layers is exaggerated, the four cloud layers in the idealised profile are all close to pct.

compute the 75 and 7% from a NWP model profile. A standard water vapour profile is scaled such that the correct IW'V results.
Details on how idealised profiles are computed from the input parameters can be found in Appendix A.

The computation of reflectances for the idealized profiles with two-layer clouds including a mixed phase, surface and cloud
top pressures (as shown in the right half of Fig. 5) and the scaled water vapour background, now requires in total 16 parameters.
This assumes that the transmittances of the upper and lower water and ice cloud layers can be computed as a function of their
overall optical depths 7, and 7; (see parameterization described in Sect. 3.3). For these input parameters we will use the

abbreviation

P = (0,00, A0, Pstes fer, LIWV, T, 7 T 71,715 T Tabis Tt o T ™
Although also required as an input parameter for DOM, the albedo A was not included in p because it is not an input variable
for the neural networks considered in this study (see explanation in Sec.4.1). In the rest of Sect. 3 only results for A = 0.5 will
be discussed. Results for different albedo values will be presented in Sect. 5. As will be discussed in Sect. 3.4, the splitting of
the water cloud is also used for the ice content of the mixed-phase cloud. Accordingly, not just one 7,; but the optical depths
for the upper and the lower part have to be specified.

Using the idealised profiles instead of the NWP model profiles as input for DOM will lead to reflectances errors, which
should decrease with the number of parameters used to characterize the idealised profiles. In the following, we will discuss
the relative importance of the new input parameters by using different profile data sets (see Tab. 1) and different profile

simplifications. Which profiles were used as input for DOM to compute reflectances is indicated by the following indices:
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DOM Full non-idealised profiles (reference solution)

2Lay,mp Idealised profiles characterized by the 16 input parameters in p

2Lay like 2Lay,mp, but all ice is moved to the pure ice cloud (12 parameters)

1Lay Like 2Lay, but using only one layer per cloud (10 parameters)

1Lay,fix  Like 1Lay, but cloud top and base set to fixed heights, no IWV (7 parameters)

I,bot __

For 2Lay, 1Lay and 1Lay,fix the integration ranges are chosen such that all ice ends up in the pure ice cloud (z; wmtop

wi

z
zstc). The 1Lay,fix setup corresponds to the original MFASIS from Scheck et al. (2016) and also the same fixed cloud top and
base heights are adopted.

3.2 Impact of surface pressure and cloud top height

To quantify the impact of taking pct, pstc and IWV into account, it is helpful to exclude other sources of reflectance error.
For this purpose, the data sets *w-rconst’ and ’i-rconst’ (see Tab. 1) are used, which contain only clouds of one phase with
vertically constant effective radii. Errors related to mixed-phase clouds and vertical radius gradients are thus excluded, but
errors related to the simplification of the vertical cloud / clear sky structure are present. These errors should be smaller when in
the idealised profiles p.t and ps¢. have the same value as in the original profile, so that approximately the same air masses above
and below the cloud top influence the reflectance by molecular absorption and Rayleigh scattering. In the absence of vertical
radius gradients it is sufficient to consider one-layer clouds and we therefore compare reflectances computed with the cloud
top and surface pressures from the original profile, 1,5y, to the ones computed with fixed cloud top and surface pressures,
Rilay fix» Which uses the same idealised profiles as in Scheck et al. (2016). The mean absolute errors |Rq1,ay — Rpowm| and
‘R1L3y7ﬁx — Rpow | with respect to the reference solution for both water and ice clouds are shown in Fig. 6 as a function of
optical depth and the maximum of the zenith angles.

The errors for the water clouds (Fig. 6a, b) are higher than for the ice clouds (Fig. 6c, d), as for clouds located at lower heights
the air masses and their impact on reflectance are higher. Also larger zenith angles lead to a stronger influence of molecular
absorption and Rayleigh scattering and thus higher errors in Fig. 6, as they increase the photon path lengths. For both data sets
a clear error reduction (Fig. 6a to b, c to d) is visible when p., pstc and IWV are taken into account. In particular, errors at
higher optical depths are reduced (7 > 100, 7; > 10), but also at intermediate optical depths (7, = 10...100, 73 =1...10)
significant error reduction can be observed. For ice clouds, the remaining mean absolute errors are of order O(1073), i.e. very
small (Fig. 6d). For water clouds, the errors at 7, > 100 are reduced to similarly low levels (Fig. 6b). For water clouds of
intermediate optical depths, errors are reduced considerably, but mean absolute errors around 0.01 can still be found when p.
and pg. are taken into account. However, these errors are already in an acceptable range. In fact, for both data sets, only 15 %

of the original mean absolute error (MAE) and 25 % of the extreme errors (P99) remain (see Tab. 3).
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Figure 6. Mean absolute reflectance errors for simplified profiles without (a,c) and with (b,d) taking cloud top and surface pressure into
account with respect to the DOM reference solution for the full profiles of the w-rconst’ (a,b) and ’i-rconst’ (c,d) data sets in bins defined

by optical depth and the maximum of solar and satellite zenith angles.

3.3 Optimizing two-layer clouds

In Sect. 3.1 two-layer clouds were introduced as a simple way to approximate the effect of vertical effective radius gradients.
It still has to be defined how the clouds in the idealised profiles should be split up in an upper and a lower layer. For optically
thin clouds the probability of a photon to be scattered in the upper or the lower half (in terms of optical depth) of the cloud
should be similar, so it makes sense to split them such that 73 = 7, (where C' = w for water and C = i for ice clouds) and
compute mean effective radii for the upper and lower half. For denser clouds the contribution of layers deeper in the cloud to
the top-of-atmosphere reflectance should be smaller due to absorption. To resolve the effective radius gradient in regions where
it has the strongest impact on the reflectance, it should in this case be more appropriate to split the clouds in a thinner upper
part and a thicker lower part. The optimal optical depth to split at depends of course also on the vertical effective radius profile.

We assume that a parameterization for a splitting factor fo = % can be found that works reasonably well for many different

15



350

355

360

365

60.0 <6, <70.0

0.075
0.050
0.025
0.000

rror-reduction

-0.025

ean

-0.050

m

-0.075

0.1 0.2 0.3 0.4 0.5 0.6
f(Ti, 6m)

Figure 7. Mean absolute reflectance error reduction |Riray — Rpom| — |Raray — Rpowm| achieved by using two-layer instead of one-
layer clouds for the ’i-only’ data set for different values of the layer splitting factor f; and the optical depth 7; in the zenith angle bin
60° < 0., < T70°. Positive values mean the two-layer approach is better than the one-layer approach. The splitting factor parameterization as

defined in Eq. 8 is visualized by the white line.

effective radius profiles, where 7¢ = 78 + Tlc is the total optical depth of the two-layer cloud. From the argumentation above,
the parameterization should produce a value of % for small optical depths and decline with increasing 7. However, also the
zenith angles should play a role, because they influence the path length in the cloud and thus also the probability of a photon
to be absorbed. For the sake of simplicity, we use the single parameter 6,, = max(6y,8), the maximum of the two zenith
angles, to quantify the zenith angle dependence. For determining a reasonable function fo(7¢,6,,), the mean error reduction
|RiLay — Rpom| — | Raray — Rpom| was computed for the *w-only” and ’i-only’ data sets and many different bins defined by
fc, 7 and 6,,. As an example, the case 60° < 6,,, < 70° for ice clouds is shown in Fig. 7. It is obvious that for low optical
depths it does not make much of a difference where exactly the cloud is split and that with increasing optical depth the error
can be reduced more strongly when smaller values of f- are chosen.

A function producing near-optimal values for the splitting factor is given by

fetredm) =5 = | 5= Fom) | x 3 11= costrtetre) . ®
where

9

te(t¢) = min <1’ max (0 log(rc) —log(7c,10) >)

" log(to,ni) —log(e,i0)

with 7; 1, = 0.6, 7 5,; = 75 for ice clouds and 7y, ;o = 1.0, T,y,n: = 500 for water clouds, and the zenith angle dependent term

Om
fhi(em) = fzen - WAfhor (10)

with f,en =0.1 and A fr,. = 0.05. The constants used in the definition of fo(7¢,0,,) are chosen such that in plots like
Fig. 7 for all angle bins and both water and ice clouds the parameterization yields a value of the splitting factor that is close
to maximising the error reduction, as illustrated by the example in Fig. 7 (black line). For both water and ice clouds the

parameterized splitting factors start at % for low optical depths, decrease with increasing depth and saturate at the same value
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depth and for two different values of the zenith angle parameter, ., = 20° (solid) and 6,,, = 60° (dashed).

for high optical depths (Fig. 8). For ice clouds, which are optically considerably thinner than the water clouds (see Fig. 1), the
decline takes place at lower optical depths.

For testing the two-layer approach, the data sets w-only’ and ’i-only’ are considered, which do not contain mixed-phase
clouds but have vertically varying effective radii. For both data sets the mean absolute errors for the one-layer approach with
surface and cloud top pressure taken into account are considerably worse than for the corresponding data sets without vertical
radius gradients (compare Fig. 6b to Fig. 9a, Fig. 6d to Fig. 9c, and see Tab. 3). In particular for optical depths larger than 10
reflectance errors exceeding 0.05 can be found. Switching from the one-layer to the two-layer approach with the parameterized
splitting factors reduces the error considerably (compare Fig. 9a to b, c to d) at these moderate to high optical depths. The
remaining errors are around 0.01 or lower in most parts of the parameter space, only for large zenith angles and very high

optical depths somewhat larger values con be found (Fig. 9b,d).
3.4 Accounting for mixed-phase clouds

So far, only data sets without mixed-phase clouds have been used. For the ’std’ data set including mixed-phase clouds the
two-layer approach without special treatment of mixed-phase clouds results in strongly increased errors. The mean absolute
reflectance error, now computed for bins of the total optical depth of all water and ice layers in the column, 7, and the zenith
angle parameter 6,,, can exceed 0.05 for high optical depths (Fig. 10a), which is considerably higher than errors for pure water
(Fig. 9b) and pure ice clouds (Fig. 9d). The misrepresentation of mixed-phase clouds thus can cause errors that are similar in
size to the ones related to not taking vertical effective radius gradients into account. By allowing for mixed-phase ice in the two
layers of the mixed-phase cloud in the idealised profiles, as discussed in Sect. 3.1, these errors can be reduced significantly. As

shown in Fig. 10b, the mean absolute reflectance errors are around 0.01 or lower in most of the parameter space.
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Figure 9. Mean absolute reflectance errors for simplified profiles with one-layer (a,c) and two-layer clouds (b,d) with respect to the DOM
reference solution for the full profiles of the *w-only’ (a,b) and ’i-only’ (c,d) data sets in bins defined by optical depth and the maximum of

solar and satellite zenith angles. In all cases cloud top and surface pressure were taken into account.

3.5 A simple bias correction

Most of the remaining mean absolute error in Fig. 10b is actually not a random error, but related to a mean error or bias, as
evident from Fig. 11a. A part of the bias may depend on details of the profile data set and the effective radius parameterizations
used here. However, most of it may be independent of the details and directly related to the profile simplifications and therefore
would still be present for a ’perfectly realistic’ data set. To confirm this conjecture it seems worthwhile to develop a simple
bias correction to remove most of the remaining mean errors for the ’std’ data set, and investigate later on if the correction is
helpful for other data sets. Due to the clear structure of the bias it is easy to derive a simple function of the total optical depth
and the zenith angle parameter 6,,,, which reproduces the mean error. Here we use a Gaussian shaped correction
m+n x (0,/90°)F
Vom o exp( (eIt (i

202

A-Rbc (Tt 5 am) =
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Figure 10. Mean absolute reflectance errors for simplified profiles without (a) and with (b) special treatment of mixed phase clouds, with
respect to the DOM reference solution for the full profiles of the ’std’ data set in bins defined by total optical depth and the maximum of solar

and satellite zenith angles. In all cases cloud top and surface pressure were taken into account and two-layer clouds were used.

with the parameters (o = 1.1, 4 = 7,m = 12,n = 30,k = 3.5) chosen such, that the correction predominantly acts for 7, larger
than approximately 50. As Figure 11b shows, applying the bias correction to the ’std” data set removed most of the bias and
reduces the MAE by 25 % and the P99 by about 20 % (see Tab. 3). Also for the ‘rmod’ data set using different effective radius
parameterizations, the bias correction (Fig. 11c¢) still reduces the MAE and the P99 by about 20 % (see Tab. 3). The fact that
the bias correction reduces errors for both data sets indicates that it does not depend strongly on details of the ’std” data set and

that it seems to correct a more generic error related to the profile simplification.

4 Network training

As discussed in the previous section, replacing vertical profiles from NWP model runs by the corresponding idealised profiles
characterized by the same parameters results in only small reflectance errors. These profile parameters are thus in principle

suitable as input parameters for a neural network to predict reflectances.
4.1 Setup

The function to be learned by the neural network is similar but due to the additional parameters somewhat more complex than
in case of the visible channel investigated in Scheck (2021). Therefore, we will investigate for the near-infrared channel if
networks of a similar or slightly larger size as considered for the visible channel can be trained with similar training settings to
achieve comparable reflectance errors. In this section only errors due to imperfect training of the networks will be considered,

but not the errors caused by simplifying the vertical structure that have been discussed in the previous section. Therefore, the
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Figure 11. Error PDFs (shaded) showing the deviation of different reflectance estimations (&) from DOM reference computations (Ref)
as a function of optical depth (log(7)). These are not 2D-PDFs — each horizontal cut through these images represents the 1D-PDF for the
optical depth bin indicated on the vertical axis. The blue, dashed lines depict the 1st (left) and 99th (right) percentile of the error, while the
blue, solid line shows the mean error. The error histograms are shown for 2Lay+MP (a) of the standard data set, as well as 2Lay+MP+BC

for the standard (b) and rmod (c) data sets.

Ro1,ay,mp reflectances computed with DOM for idealised profiles with randomly chosen parameters will serve as training and
validation data. About 30 million samples, i.e. tuples of input parameters and reflectances, were generated for this purpose.

In Fig. 12 an example for the network structure is shown. The nodes of the input layer correspond to the elements of p
(defined in Eq. 7) describing the idealised profiles and the sun/satellite geometry. The range applied for the parameters is listed
in Tab. 2. There is no input node for the surface albedo, as the latter is treated in a different way. As discussed in more detail
in Scheck (2021), in plane-parallel RT the reflectance for an arbitrary albedo value can be computed exactly, if reflectances
for three different values are known. If the network is trained to generate reflectances for three different albedo values, albedo
is thus not required as input parameter and errors resulting from an imperfect representation of the albedo dependence by
the network can be avoided. Following Scheck (2021), the reflectance for albedo zero, R(0), and the reflectances differences
Dy = R(3)— R(0) and Dy = R(1) — R(3) are chosen as output parameters, where R(A) is reflectance as a function of
surface albedo A. These differences are used instead of R(%) and R(1) because the computation of reflectance for an arbitrary
A requires R(1) > R(3) > R(0) to avoid numerical problems and by using softplus as activation function for the output nodes
the constraints R(0) > 0, D% > 0 and D, > 0 are automatically fulfilled. Following the Tensorflow standard approach, the root
mean squared error (RMSE) of the all network output variables, ery, is minimized in the training.

In contrast to Scheck (2021), we will not explore the full parameter space of training and network related settings, but show
only that for a plausible choice of training and network structure settings sufficiently accurate networks result. Only the most
relevant setting for the network structure is varied, which is the total number of parameters. For the visible channel, networks

with 2000 parameters resulted already in acceptable reflectance errors that were somewhat smaller than the interpolation
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Figure 12. Structure of the smallest network considered, with 16 input nodes (black), 8 hidden layers with 15 nodes per layer and in total
1983 weight and bias parameters. As activation functions (see Sect. 2.1.3) CSU (Eq. 1) is used for the hidden layers (blue nodes) and softplus

for the output layer (red nodes). The lines in different shades of gray symbolise the network weights.

Table 2. List of input parameters for the neural networks, their abbreviation and ranges.

Parameter Abbreviation Range

water optical depth Tw € [1073,10%]

ice optical depth TiTenTwi € [1077,107]

water effective radius rd,rl, € [1um,26um]

ice effective radius el Sk € [Sum,60um]
surface pressure Pste € [600hPa,1050hPal
dimensionless cloud-top pressure fee € [0,1]

normalized column-integrated water vapour nIWV e [0,1]

zenith angle 0,60 € [0°,85°

scattering angle A¢p € [0°,180°]

errors in the LUT version, and for 5000 parameters the errors were negligible, compared to the error caused by the profile
simplification (Scheck, 2021). Here we investigate networks with 1983 (NN2k), 5053 (NN5k) and 8035 (NN8k) parameters,

which are trained for 4000 epochs using 14 x 106 training samples.
4.2 Results

From Fig. 13, which shows the evolution of the RMSE of the output parameters, epp, during the training of the three networks,
it is obvious that for all of them errors of several 10~ are reached for both the training and the validation data sets. Due to the

early stopping strategy the errors for the validation data set are somewhat smaller than for the training data set. The final errors
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Figure 13. Evolution of the training (solid color) and validation (light color) RMSE during the course of the training for a networks with
1983 (NN2k, red), 5053 (NNS5k, blue) and 8053 (NN8k, green) parameters. The final validation RMSE values for each network (indicated
by the crosses) are 5.6 - 102 (NN2k), 2.7 - 10~% (NN5k) and 2.2 - 10~% (NN8k).

provided in Fig. 13 suggest that a number of parameters between 2000 and 5000 may be a reasonable choice and not much
accuracy is gained by increasing the number of parameters further. It should be noted that the NN8k network shows first signs
of overfitting — a small gap appears between the training data and the validation data after about 2000 epochs. Further training
of NN8k would thus require larger amounts of training data. For the smaller networks the amount of training data seems to be
sufficient. The choice of the network size should of course depend also on the computational costs for evaluating networks of
different sizes. Benchmarks for different network sizes and activation function have already been investigated for the optimized
FORNADO inference code (see Fig. A12 in Scheck 2021). Evaluating the 1983, 5053 and 8035 parameter networks considered
here takes 0.14 us, 0.30 us and 0.51 us per column, respectively, on a core of a standard Intel Xeon 8358 server CPU running
at 3.3GHz. For comparison, the look-up table based MFASIS (using the LUT with Ny = N; = 3, see Tab. 3 of Scheck et al.
2016) takes 1.58 us and the DOM implementation in RTTOV (with 16 streams) takes about 17ms per column on the same
CPU. These timings are only for the computation of reflectances from the input parameters® listed in Tab. 2. Although some
additional effort is required for computing the network input parameters from the NWP profiles, it should be possible to process
e.g. 10° model columns in several CPU-seconds with these networks.

The networks and training procedures discussed here are not yet fully optimized. Further gains in accuracy could be expected
e.g. from tuning the learning rate, the batch size and the number of hidden layers. Also regularization techniques could make
the training more efficient and using a lower precision data type, e.g. 16 bit instead of 32 bit floating point values, could speed
up training and inference. However, such tuning efforts are not in the focus of this study and already in their current state the

neural networks seem to be sufficiently fast and accurate.

SExcept for DOM, where also a small contribution from the computation of optical properties is included
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Table 3. Error statistics for all data sets (the ones from Tab. 1 and the ICON hindcasts for 12 UTC and 16 UTC), DOM computations for
idealized profiles with different numbers of parameters (see Sect. 3.1) and three differently sized neural networks. +BC’ means that the bias
correction from Sect. 3.5 was applied. Listed are the mean absolute error (MAE), the mean error (ME) or bias, and the 99th percentile of the
absolute error (P99). For each metric three values are provided, which correspond to the albedo values A = 0.0, 0.5 and 1.0. The ICON-D2

hindcasts are an exception — here we used for each profile only the actual albedo value.

data Setup MAE ME PO

A=0.0 A=05 A=10 | A=0.0 A=05 A=10 | A=00 A=05 A=1.0

1Lay, fix 0.018 0.022 0.027 | 0.014 0.015 0.016 | 0.180 0.180  0.180

1Lay 0.017 0.017 0.018 | 0.015 0.014 0.014 | 0.180 0.180  0.180

2Lay 0.011  0.011  0.012 | 0.009 0.009 0.008 | 0.174 0.174  0.173

g 2Lay+MP 0.004 0.004 0.005 | 0.001 0.001 0.001 | 0031 0.029 0.029
=

g 2Lay+MP+BC | 0.003  0.003  0.004 | -0.001 -0.001 -0.002 | 0.026 0.024  0.023

NN2k 0.007  0.009 0.012 | -0.003 -0.004 -0.005 | 0.046 0.042 0.042

NNS5k 0.004 0.005 0.007 | -0.002 -0.001 0.001 | 0.029 0.027 0.029

NN8k 0.004 0.005 0.007 | -0.002 -0.003 -0.003 | 0.028 0.026  0.029

1Lay, fix 0.026  0.030 0.035 | 0.022 0.023  0.024 | 0.207 0.207  0.207

1Lay 0.025 0.025 0.026 | 0.023 0.023 0.022 | 0.205 0.205 0.205

2Lay 0.014 0.014 0.014 | 0.012 0.011 0.011 | 0.186 0.186  0.185

2 2Lay+MP 0.005 0.005 0.006 | 0.002 0.002 0.002 | 0.044 0.043 0.043

g 2Lay+MP+BC | 0.004 0.004 0.005 | 0.000 0.000 0.000 | 0.037 0.035 0.035

NN2k 0.008 0.011 0.013 | -0.001 -0.002 -0.003 | 0.050 0.047 0.048

NNS5k 0.005 0.006 0.008 | 0.000 0.001 0.003 | 0.038 0.036 0.037

NN8k 0.005 0.006 0.008 | 0.000 -0.001 -0.002 | 0.039 0.037 0.038

ICON-D2 12UTC  NNS5k 0.010 0.002 0.046
ICON-D2 16UTC  NN5k 0.013 0.002 0.056

5 Evaluation

In the previous sections, the reflectance errors related to simplifying vertical profiles and using neural networks instead of
455 applying the DOM reference RT method to the simplified profiles have been discussed separately. We will now investigate the
total error and the relative importance of simplification and neural network errors using also vertical profiles that are different
from those used so far. To provide an overview over all considered cases, values for the mean absolute error (MAE), the mean

error (ME) and the 99th percentile of the absolute error (P99), are listed in Tab. 3.
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5.1 NWP SAF profiles

The mean absolute reflectance error for the ’std’ profile data set with surface albedo A = 0.5 has already been shown in
Fig. 10b as a function of the total optical depth and the maximum of the zenith angles, and the error was shown in Fig. 11bas a
function of total optical depth. Here we investigate the full error distribution, discuss the relative impacts of the different input
parameters and compare them to the effect the neural network errors have on the distribution. The reflectance error distributions
of DOM computations with simplified profiles, Rilay fix, filay, f21ay, R2lay,mp aNd Ralay mp,be, as well as neural network
calculations Rnnsk are shown in Fig. 14 for the ’std” and ‘rmod’ data sets and different albedo values. In addition, values for
the mean absolute error (MAE), the mean error (ME) and the 99th percentile of the absolute error (P99), are provided in Tab. 3.

It is quite obvious from the distribution plots and the metrics in Tab. 3 that DOM computations based on the 1Lay,fix
idealised profiles (the original approach from Scheck et al. 2016) results in rather large errors, in particular on the left side
of the histograms in Fig. 14 (light blue curves). Including surface pressure, cloud top pressure and integrated water vapour
improves the distribution significantly for positive reflectance errors, but not for the large negative errors (orange curves).
Consequently, these improvements, which are related to profiles with high amounts of water vapour, results only in a reduction
of the MAE, but not P99. The strongest MAE reductions are seen for A = 1, which can be expected, as in this case a wrong
amount of water vapour leads to a largest error in the radiance reflected from the surface. Applying the two-layer approach
(2Lay, purple curves) leads to further improvements for negative reflectance errors, resulting in lower mean and mean absolute
errors for all albedo values and both data sets. However, as many cases with large reflectance underestimation are still present,
P99 still remains high. Improving the representation of mixed-phase clouds (2Lay+MP, red curves) basically removes all the
extreme cases with negative error, reduces the P99s by about 80 % and the mean errors to very low levels. In 2Lay+MP, dark
mixed-phase ice is often located below brighter water clouds, which leads to higher reflectances than in 2Lay, where all ice is
always located above the water cloud. As already shown in Fig. 11, the remaining negative errors partly result from a optical
depth dependent bias. By applying the simple bias-correction from Sect. 3.5 the cases with larger errors are shifted to the
right in the histograms (Fig. 14, green curves) without changing the position of the peak. Consequently, all metrics are slightly
improved.

Comparing the computations with simplified profiles to results for the neural network NN5k (dark blue curves) shows that the
additional network errors are small, compared to the simplification errors. In fact, the changes in histograms due to additional
NN errors are in most cases smaller than the ones caused by the bias correction. Only for A =1 a somewhat stronger impact
of the NN errors is visible. Results for the NN2k and NN8k networks (only included in Tab. 3, not in Fig. 14) show that the
smaller 1983-parameter network causes non-negligible additional errors whereas the larger 8053-parameter network does not

lead to significantly improved error metrics.
5.2 Regional ICON hindcasts
The results of the previous section show that our approach works also if effective radius parameterizations are used that are

different from the ones employed for defining the two-layer splitting factor parameterizations and the bias correction. In the
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Figure 14. Error histogram showing the deviation of different reflectance estimations (R) from DOM reference computations (Ryer). Shown
are estimations calculated using 1Lay,fix (light blue), 1Lay (orange), 2Lay (purple), 2-Layer parameterization adding mixed-phase clouds
(2Lay+MP, red), 2-Layer parameterization adding mixed-phase clouds and bias-correction (2Lay+MP+BC, green), as well as the realization
using the trained Neural Network (NN5k, dark blue). The different panels show the standard data (std) set applying albedo 0.5 (a), 0.0 (c)

and 1.0 (d). Furthermore, rmod is shown for an albedo of 0.5 in panel b.
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Figure 15. (a) Synthetic satellite image computed using the neural network NN5k for the ICON-D2 Domain on 4 June 2020 12UTC and (b)

its deviation from the reference DOM computation.

following, we will investigate profiles from a different NWP model, the regional ICON-D2 model, and use effective radii
determined by the two-moment microphysics scheme in the model.

We focus on synthetic SEVIRI 1.6pm images of the ICON-D2 domain at 12UTC and 16UTC in a 30-day test period (June
2020). For each date and time, images were computed using both DOM and the NN5k network. In total, almost 14 x 10° test
cases per time step are available for each time to compare DOM and the NN. As an example, Fig. 15a depicts the synthetic
satellite image computed using NN5k for 4 June 2020 12UTC. Compared to the DOM reference method, the errors of NN5k
are predominantly below 0.04 (Fig. 15b), which is in a similar range as for the ’std’ and 'rmod’ dat sets.

These results confirm the robustness of our approach. Although a completely different model and supposedly more realistic
(and certainly different) effective radii are used, the errors are only slightly increased, compared to the ones computed for the
IFS profile collection, which was used also for the development and optimization of the approach.

The error distribution for all 12 UTC and 16 UTC images of the test period (Fig. 16) is similar to the one for the 'rmod’ IFS
profile data set (compare to Fig. 14 panel b) blue line). The mean absolute error for the ICON-D2 case is only slightly higher
MAE and P99 errors, but the overall mean error (ME) is similarly small (see also Tab. 3). The P99 for 16 UTC, when the solar

zenith angle is larger, are only slightly worse.
5.3 Other solar channels

The method developed here for the 1.6m SEVIRI will not provide satisfactory results for all solar channels. However, for
many visible and near-infrared channels the errors are in a similar range as for the 1.6m channel. To illustrate for which
channels our method is usable, we consider all purely solar channels (we will not consider channels with thermal contributions
like 3.7-3.9um channels) of the current and next-generation EUMETSAT satellite imagers. These are SEVIRI on MSG, the
Flexible Combined Imager (FCI) on Meteosat Third Generation (MTG), the Advanced Very High Resolution Radiometer
(AVHRR) on the EUMETSAT Polar System (MetOp) and METimage on MetOp Second Generation. The root mean squared
profile simplification error computed with the IFS profile collection for these channels is shown in Fig. 17. From these results it

is obvious that all channels with wavelengths up to 0.7m and many channels with larger wavelengths up to 2.2m have errors
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Figure 16. Error histogram showing the deviation of NN5k from the DOM reference computations. Data are sampled over the complete

domain (see Fig. 15) for 12 UTC (blue) and 16UTC (orange). This data set amounts up to about 4.5 x 10° cloudy pixels.

similar to or smaller than the 1.6um channel. In particular, the stronger absorption by clouds in case of the 2.2;/m channel
does not seem to be a problem. While stronger Rayleigh scattering could in principle pose an additional challenge for channels
with small wavelengths, the error for these channels is actually smaller than for the 1.6m channels. It seems that the cloud top
pressure and surface pressure input variables originally introduced to quantify the absorption by CO2 and CH4 characterize
also the Rayleigh scattering sufficiently well. For those cases with a profile simplification RMSE smaller than 0.01 we trained
also neural networks and the full reflectance RMSE (due to profile simplification and imperfect network training) is shown as
crosses in the Fig. 17. We did not train all networks for the same number of epochs and in some cases we used networks with
only 2000 and not 5000 parameters, which results in some variation in the additional error related to the network training. In
none of the cases the full reflectance RMSE exceeds 0.012 and further optimizations seem possible.

The channels for which the simplification error is rather large are the ones for which absorption by water vapour is stronger
than for the 1.6pm SEVIRI channel and channels sensitive to certain absorption features like the 0.76um oxygen A band
channel of MetOp SG. The influence of the spectral response function explains the difference between the 0.84m channels on
FCI, Metlmage, SEVIRI and AVHRR. On the older instruments the channels are wider and overlap more with water vapour
absorption bands, whereas on the newer instruments the channels are narrower and experience less absorption. Quantifying the
impact of water vapour with just one input parameter is sufficient for the newer instruments with their weak water vapour sen-
sitivity, but leads to larger errors for the more sensitive older ones. For all channels with higher simplification error, additional

input parameters would be required to better quantify the influence of water vapour or other relevant gases.
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Figure 17. Root mean squared reflectance error due to profile simplification (circles) and, where available, full error (profile simplification
and network training error, crosses) for all purely solar channels of the current and next generation of geostationary and polar orbiting imagers
by EUMETSAT.

6 Conclusions

A computationally efficient, machine learning-based approach for the generation of synthetic 1.6 um near-infrared satellite
images from NWP model output was developed. The new method is based on earlier work for visible channels, which involved
a strong simplification of the cloud profiles from the NWP model and a feed forward neural network to predict reflectances
from parameters defining the simplified profiles. For modelling the near-infrared channel, the representation of vertical effective
radius gradients, mixed-phase clouds and molecular absorption was improved to achieve a similar accuracy as for the visible
channel. The method was tested on a representative data set of IFS profiles using different effective radius parameterizations
and additionally on profiles from the regional ICON-D2 model, which computes prognostic effective radii using a two-moment
microphysics scheme. For all network sizes and test data sets, the mean absolute errors were found to be about an order of

magnitude lower than typical observation errors assumed for the assimilation of visible channels, which are in the range 0.1-
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0.15 for the case study of Scheck et al. (2020) and for the operational assimilation of SEVIRI 0.6pm reflectances at DWD.
The evaluation of the neural networks takes less than one microsecond per column. The method should therefore be suitably
accurate and fast for operational data assimilation and model evaluation. For both applications the 1.6um channel provides
valuable additional information that is complementary to the information content of visible and thermal infrared channels.
One of the next steps will be to perform assimilation experiments with both ensemble-based and variational data assimilation
methods, which should include a discussion of the Jacobians of the neural network. Although the method was developed for
1.6pm channels, it works also for many other solar channels, e.g. 2.2um channels and all channels with wavelengths up to
0.7pm of imagers on the current and next-generation EUMETSAT satellites. For channels that are more sensitive to water
vapour (like the 0.9um and 1.3um channels) or special absorption features (like 0.76m oxygen A band channels) the errors
related to the profile simplification are still significantly higher, but could probably be reduced by means of additional input
variables. The determination of suitable input parameters for the 1.6um channel required considerable effort. In a future
study we will investigate whether the ability of neural networks to extract features can be used to automate parts of this
process. The method presented in this study is aimed at generating synthetic images from NWP model profiles. It should
be investigated whether such methods could also be applied on retrieved profiles, which could lead to further improvements
and new applications. Finally, in this study we neglected 3D radiative effects, both in the design of the method and in our
evaluation methods. Neglecting 3D effects can cause errors, in particular for high resolutions and large zenith angles. In future
investigations we will test how well the approach of Scheck et al. (2018) to include 3D effects for visible channels works for

near-infrared channels and whether it could be improved using machine learning (see also Zhou et al., 2021).

Code and data availability. FORNADO, the optimized Fortran inference code including tangent linear and adjoint versions used in this
study is available from https://gitlab.com/LeonhardScheck/fornado. RTTOV including the DOM solver used for reference
calculation can be obtained from https://nwp-saf.eumetsat.int/site/software/rttov/rttov-v13.

The IFS profile collection used for deriving and evaluating our methods is available from

https://nwp-saf.eumetsat.int/site/software/atmospheric-profile-data.

Appendix A: Minimum and maximum integrated water vapour

The definition of a normalized integrated water vapour amount (Eq. 6) requires functions defining the minimum and maximum
amount of water vapour above a given pressure level. Hard limits for the water vapour content for the pressure levels used in
RTTOV are provided by the users guide (Hocking et al., 2020). For Eq. 6 we define the following smooth and differentiable
functions that lie within the hard RTTOV limits, as visible in Fig. A1. The minimum amount of water vapour above a pressure

level p in units of millimeters is parameterized by

IWVin(p) =8.0 x 107 frin(®) p* + 107° (1 = fumin(p)) P (A1)
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Figure Al. Minimum and maximum integrated water vapour amount above a given pressure. The dashed lines are integrals over the hard

limits in Tab. 1 of Hocking et al. (2020), the solid lines represent the functions defined in Eqns. A1 and A2.

where frin(p) = tanh(log(p) —log(100)), and the maximum amount by

—1.5x10?
TWV e (p) = 144 % 103 fune(p) exp(—2 200 1 41451077 (1= fu(p)) p (A2)
p

with fiax(p) = tanh(0.1 (log(p) —log(5))).

Appendix B: Definition of idealised profiles

The idealised profiles used to compute reflectances from the input parameters are based on the IFS 90-level standard atmo-
sphere, which includes the geometric height 21¥'S, the pressure pi™™> and other variables for each level i = 1, ...,90. To construct
a grid starting at the desired surface pressure pgs., the corresponding height z4¢. is obtained by interpolation in the standard
atmosphere. Then a new vertical grid is defined as linear combination z; = ngS X (1= fi) + (zstc + ZZIFS — zgcs) x f; of the
original grid and a grid shifted in the vertical such that the lowest level has the correct height. The factor f; = 1— (2/¥5/ zigzs)z
is chosen such that the original grid is retained for high altitudes and the shifted grid dominates at lower altitudes. For each
level the pressure p; corresponding to Z; is obtained by linear interpolation in the standard atmosphere. Finally, the level i.; in

p with a pressure closest to the desired cloud top pressure p is identified and the pressure on the five levels ¢y — 2, -+ ,ic + 2

is set to [pet — Ap, Pt — AP/2,Det, et + AD/2, et + Ap|, where Ap = p;., 11 — D, to obtain the final pressure grid p;. Geo-
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metric heights z; corresponding to these pressure levels are again computed by interpolation in the standard atmosphere. The

two-layer ice cloud is placed in the two layers above the level i.; and the two-layer mixed-phase cloud in the two layers below.

Author contributions. Florian Baur and Leonhard Scheck designed and conducted experiments. Leonhard Scheck wrote the first draft with
contributions from Florian Baur and Christina Kopken-Watts. Florian Baur and Leonhard Scheck produced the figures. All authors con-

tributed to data interpretation and to revising the paper.

Competing interests. The autors declare that no competing interests are present.

Acknowledgements. This study was funded by the Hans-Ertel Centre for Weather Research. This German research network of universities,
research institutes and DWD is funded by the BMVI (Federal Ministry of Transport and Digital Infrastructure, grant DWD2014P8). The
work was also supported by the EUMETSAT Satellite Application Facility on Numerical Weather Prediction (NWP SAF). The Authors wish
to thank Alberto de Lozar for providing the ICON-D2 Hindcasts. We would like to thank Hartwig Deneke and an anonymous reviewer for

their detailed comments, which helped to improve this study significantly.

31



600

605

610

615

620

625

630

References

Abadi, M., Agarwal, A., Barham, P., Brevdo, E., Chen, Z., Citro, C., Corrado, G. S., Davis, A., Dean, J., Devin, M., Ghemawat, S., Good-
fellow, L., Harp, A., Irving, G., Isard, M., Jia, Y., Jozefowicz, R., Kaiser, L., Kudlur, M., Levenberg, J., Mané, D., Monga, R., Moore, S.,
Murray, D., Olah, C., Schuster, M., Shlens, J., Steiner, B., Sutskever, 1., Talwar, K., Tucker, P., Vanhoucke, V., Vasudevan, V., Viégas, F.,
Vinyals, O., Warden, P., Wattenberg, M., Wicke, M., Yu, Y., and Zheng, X.: TensorFlow: Large-Scale Machine Learning on Heterogeneous
Systems, https://www.tensorflow.org/, software available from tensorflow.org, 2015.

Baum, B. A., Soulen, P. F.,, Strabala, K. 1., King, M. D., Ackerman, S. A., Menzel, W. P., and Yang, P.: Remote sensing of cloud prop-
erties using MODIS airborne simulator imagery during SUCCESS: 2. Cloud thermodynamic phase, Journal of Geophysical Research:
Atmospheres, 105, 11 781-11 792, https://doi.org/https://doi.org/10.1029/1999JD901090, 2000.

Baum, B. A., Yang, P, Heymsfield, A. J., Platnick, S., King, M. D., Hu, Y.-X., and Bedka, S. T.: Bulk Scattering Properties for the Remote
Sensing of Ice Clouds. Part II: Narrowband Models., Journal of Applied Meteorology, 44, 1896-1911, https://doi.org/10.1175/JAM2309.1,
2005.

Baum, B. A., Yang, P., Nasiri, S., Heidinger, A. K., Heymsfield, A., and Li, J.: Bulk Scattering Properties for the Remote Sensing of Ice
Clouds. Part III: High-Resolution Spectral Models from 100 to 3250 cm-1, Journal of Applied Meteorology and Climatology, 46, 423,
https://doi.org/10.1175/JAM2473.1, 2007.

Bormann, N., Lawrence, H., and Farnan, J.: Global observing system experiments in the ECMWF assim-
ilation system., ECMWF Technical Memorandum 839, https://www.ecmwf.int/sites/default/files/elibrary/2019/
18859-global-observing-system-experiments-ecmwf-assimilation-system.pdf, 2019.

Coopman, Q., Hoose, C., and Stengel, M.: Detection of Mixed-Phase Convective Clouds by a Binary Phase Informa-
tion From the Passive Geostationary Instrument SEVIRI, Journal of Geophysical Research: Atmospheres, 124, 5045-5057,
https://doi.org/https://doi.org/10.1029/2018JD029772, 2019.

Eresmaa, R. and McNally, A. P.: Diverse Profile Datasets from the ECMWF 137-Level Short-Range Forecasts, 2014.

Errico, R. M., Bauer, P., and Mahfouf, J.-F.: Issues Regarding the Assimilation of Cloud and Precipitation Data, Journal of the Atmospheric
Sciences, 64, 3785 — 3798, https://doi.org/10.1175/2006JAS2044.1, 2007.

Eyre, J.R., Bell, W, Cotton, J., English, S. J., Forsythe, M., Healy, S. B., and Pavelin, E. G.: Assimilation of satellite data in numerical weather
prediction. Part II: Recent years, Quarterly Journal of the Royal Meteorological Society, 148, 521-556, https://doi.org/10.1002/qj.4228,
2022.

Geer, A. J., Lonitz, K., Weston, P., Kazumori, M., Okamoto, K., Zhu, Y., Liu, E. H., Collard, A., Bell, W., Migliorini, S., Chambon, P.,
Fourrié, N., Kim, M.-J., Kopken-Watts, C., and Schraff, C.: All-sky satellite data assimilation at operational weather forecasting centres,
Quarterly Journal of the Royal Meteorological Society, 144, 1191-1217, https://doi.org/https://doi.org/10.1002/qj.3202, 2018.

Geer, A. J., Migliorini, S., and Matricardi, M.: All-sky assimilation of infrared radiances sensitive to mid- and upper-tropospheric moisture
and cloud, Atmospheric Measurement Techniques, 12, 49034929, https://doi.org/10.5194/amt-12-4903-2019, 2019.

Geiss, S., Scheck, L., de Lozar, A., and Weissmann, M.: Understanding the model representation of clouds based on visible and infrared
satellite observations, Atmospheric Chemistry and Physics, 21, 12273-12290, https://doi.org/10.5194/acp-21-12273-2021, 2021.

Goodfellow, L. J., Bengio, Y., and Courville, A.: Deep Learning, MIT Press, Cambridge, MA, USA, http://www.deeplearningbook.org, 2016.

Gustafsson, N., Janjié, T., Schraff, C., Leuenberger, D., Weissmann, M., Reich, H., Brousseau, P., Montmerle, T., Wattrelot, E., Bu¢dnek, A.,
Mile, M., Hamdi, R., Lindskog, M., Barkmeijer, J., Dahlbom, M., Macpherson, B., Ballard, S., Inverarity, G., Carley, J., Alexander, C.,

32


https://www.tensorflow.org/
https://doi.org/https://doi.org/10.1029/1999JD901090
https://doi.org/10.1175/JAM2309.1
https://doi.org/10.1175/JAM2473.1
https://www.ecmwf.int/sites/default/files/elibrary/2019/18859-global-observing-system-experiments-ecmwf-assimilation-system.pdf
https://www.ecmwf.int/sites/default/files/elibrary/2019/18859-global-observing-system-experiments-ecmwf-assimilation-system.pdf
https://www.ecmwf.int/sites/default/files/elibrary/2019/18859-global-observing-system-experiments-ecmwf-assimilation-system.pdf
https://doi.org/https://doi.org/10.1029/2018JD029772
https://doi.org/10.1175/2006JAS2044.1
https://doi.org/10.1002/qj.4228
https://doi.org/https://doi.org/10.1002/qj.3202
https://doi.org/10.5194/amt-12-4903-2019
https://doi.org/10.5194/acp-21-12273-2021
http://www.deeplearningbook.org

635

640

645

650

655

660

665

670

Dowell, D., Liu, S., Ikuta, Y., and Fujita, T.: Survey of data assimilation methods for convective-scale numerical weather prediction at op-
erational centres, Quarterly Journal of the Royal Meteorological Society, 144, 1218-1256, https://doi.org/https://doi.org/10.1002/qj.3179,
2018.

Heinze, R., Dipankar, A., Carbajal Henken, C., Moseley, C., Sourdeval, O., Tromel, S., Xie, X., Adamidis, P., Ament, F., Baars, H., Barthlott,
C., Behrendt, A., Blahak, U., Bley, S., Brdar, S., Brueck, M., Crewell, S., Deneke, H., Di Girolamo, P., Evaristo, R., Fischer, J., Frank,
C., Friederichs, P., Gocke, T., Gorges, K., Hande, L., Hanke, M., Hansen, A., Hege, H.-C., Hoose, C., Jahns, T., Kalthoff, N., Klocke,
D., Kneifel, S., Knippertz, P., Kuhn, A., van Laar, T., Macke, A., Maurer, V., Mayer, B., Meyer, C. 1., Muppa, S. K., Neggers, R. A. J.,
Orlandi, E., Pantillon, E., Pospichal, B., Rober, N., Scheck, L., Seifert, A., Seifert, P.,, Senf, F,, Siligam, P., Simmer, C., Steinke, S.,
Stevens, B., Wapler, K., Weniger, M., Wulfmeyer, V., Zingl, G., Zhang, D., and Quaas, J.: Large-eddy simulations over Germany using
ICON: A comprehensive evaluation, Quarterly Journal of the Royal Meteorological Society, pp. n/a—n/a, https://doi.org/10.1002/qj.2947,
qJ-16-0198.R1, 2016.

Hocking, J., Saunders, R., Geer, A., and Vidot, J.: RTTOV v13 Users Guide, Tech. Rep. NWPSAF-MO-UD-046, https://nwp-saf.eumetsat.
int/site/download/documentation/rtm/docs_rttov13/users_guide_rttov13_v1.0.pdf, 2020.

Hu, G., Dance, S. L., Bannister, R. N., Chipilski, H. G., Guillet, O., Macpherson, B., Weissmann, M., and Yussouf, N.: Progress, challenges,
and future steps in data assimilation for convection-permitting numerical weather prediction: Report on the virtual meeting held on 10 and
12 November 2021, Atmospheric Science Letters, n/a, e1130, https://doi.org/https://doi.org/10.1002/as1.1130, 2022.

Li, J., Geer, A. J., Okamoto, K., Otkin, J. A., Liu, Z., Han, W., and Wang, P.: Satellite All-sky Infrared Radiance Assimilation: Recent
Progress and Future Perspectives, Advances in Atmospheric Sciences, 39, 9-21, https://doi.org/10.1007/s00376-021-1088-9, 2022.

Marshak, A. and Davis, A.: 3D radiative transfer in cloudy atmospheres, Springer Science & Business Media, 2005.

Martin, G. M., Johnson, D. W., and Spice, A.: The Measurement and Parameterization of Effective Radius of Droplets in Warm Stratocumulus
Clouds, Journal of the Atmospheric Sciences, 51, 1823-1842, https://doi.org/10.1175/1520-0469(1994)051<1823: TMAPOE>2.0.CO;2,
1994.

McFarquhar, G. M., lacobellis, S., and Somerville, R. C. J.: SCM Simulations of Tropical Ice Clouds Using Observationally Based Parame-
terizations of Microphysics, J. Climate, 16, 1643-1664, https://doi.org/10/ds4n48, 2003.

Mie, G.: Beitrige zur Optik triiber Medien, speziell kolloidaler Metallosungen, Annalen der Physik, 330, 377-445,
https://doi.org/10.1002/andp.19083300302, 1908.

Nagao, T. M. and Suzuki, K.: Temperature-Independent Cloud Phase Retrieval From Shortwave-Infrared Measurement of GCOM-C/SGLI
With Comparison to CALIPSO, Earth and Space Science, 8, €2021EA001 912, https://doi.org/https://doi.org/10.1029/2021EA001912,
¢2021EA001912 2021EA001912, 2021.

Nakajima, T. and King, M. D.: Determination of the Optical Thickness and Effective Particle Radius of Clouds from Reflected Solar Ra-
diation Measurements. Part I: Theory, Journal of Atmospheric Sciences, 47, 1878 — 1893, https://doi.org/https://doi.org/10.1175/1520-
0469(1990)047<1878:DOTOTA>2.0.CO;2, 1990.

Okamoto, K.: Evaluation of IR radiance simulation for all-sky assimilation of Himawari-8/AHI in a mesoscale NWP system, Quarterly
Journal of the Royal Meteorological Society, 143, 1517-1527, https://doi.org/https://doi.org/10.1002/qj.3022, 2017.

Otkin, J. A. and Potthast, R.: Assimilation of All-Sky SEVIRI Infrared Brightness Temperatures in a Regional-Scale Ensemble Data Assim-
ilation System, Monthly Weather Review, 147, 4481 — 4509, https://doi.org/10.1175/MWR-D-19-0133.1, 2019.

Sakradzija, M., Senf, F., Scheck, L., Ahlgrimm, M., and Klocke, D.: Local impact of stochastic shallow convection on clouds and precipitation

in the tropical Atlantic, Monthly Weather Review, pp. 1-69, https://doi.org/10.1175/MWR-D-20-0107.1, 2020.

33


https://doi.org/https://doi.org/10.1002/qj.3179
https://doi.org/10.1002/qj.2947
https://nwp-saf.eumetsat.int/site/download/documentation/rtm/docs_rttov13/users_guide_rttov13_v1.0.pdf
https://nwp-saf.eumetsat.int/site/download/documentation/rtm/docs_rttov13/users_guide_rttov13_v1.0.pdf
https://nwp-saf.eumetsat.int/site/download/documentation/rtm/docs_rttov13/users_guide_rttov13_v1.0.pdf
https://doi.org/https://doi.org/10.1002/asl.1130
https://doi.org/10.1007/s00376-021-1088-9
https://doi.org/10.1175/1520-0469(1994)051%3C1823:TMAPOE%3E2.0.CO;2
https://doi.org/10/ds4n48
https://doi.org/10.1002/andp.19083300302
https://doi.org/https://doi.org/10.1029/2021EA001912
https://doi.org/https://doi.org/10.1175/1520-0469(1990)047%3C1878:DOTOTA%3E2.0.CO;2
https://doi.org/https://doi.org/10.1175/1520-0469(1990)047%3C1878:DOTOTA%3E2.0.CO;2
https://doi.org/https://doi.org/10.1175/1520-0469(1990)047%3C1878:DOTOTA%3E2.0.CO;2
https://doi.org/https://doi.org/10.1002/qj.3022
https://doi.org/10.1175/MWR-D-19-0133.1
https://doi.org/10.1175/MWR-D-20-0107.1

675

680

685

690

695

700

705

Saunders, R., Hocking, J., Turner, E., Rayer, P., Rundle, D., Brunel, P., Vidot, J., Roquet, P., Matricardi, M., Geer, A., Bormann, N., and
Lupu, C.: An Update on the RTTOV Fast Radiative Transfer Model (Currently at Version 12), Geoscientific Model Development, 11,
2717-2737, https://doi.org/10.5194/gmd-11-2717-2018, 2018.

Saunders, R., Hocking, J., Turner, E., Havemann, S., Geer, A., Lupu, C., Vidot, J., Chambon, P., Képken-Watts, C., Scheck, L., Stiller, O.,
Stumpf, C., and Borbas, E.: RTTOV-13: SCIENCE AND VALIDATION REPORT, Tech. Rep. NWPSAF-MO-TV-046, 2020.

Scheck, L.: A Neural Network Based Forward Operator for Visible Satellite Images and Its Adjoint, Journal of Quantitative Spectroscopy
and Radiative Transfer, 274, 107 841, https://doi.org/10/gnc6dn, 2021.

Scheck, L., Frerebeau, P., Buras-Schnell, R., and Mayer, B.: A Fast Radiative Transfer Method for the Simulation of Visible Satellite Imagery,
Journal of Quantitative Spectroscopy and Radiative Transfer, 175, 54-67, https://doi.org/10.1016/j.jqsrt.2016.02.008, 2016.

Scheck, L., Weissmann, M., and Mayer, B.: Efficient Methods to Account for Cloud-Top Inclination and Cloud Overlap in Synthetic Visible
Satellite Images, J. Atmos. Oceanic Technol., 35, 665-685, https://doi.org/10/gdc287, 2018.

Scheck, L., Weissmann, M., and Bach, L.: Assimilating Visible Satellite Images for Convective-Scale Numerical Weather Prediction: A
Case-Study, Quarterly Journal of the Royal Meteorological Society, 146, 3165-3186, https://doi.org/10.1002/qj.3840, 2020.

Schréttle, J., Weissmann, M., Scheck, L., and Hutt, A.: Assimilating Visible and Infrared Radiances in Idealized Simulations of Deep
Convection, Monthly Weather Review, 148, 4357—4375, https://doi.org/10.1175/MWR-D-20-0002.1, 2020.

Seifert, A. and Beheng, K. D.: A two-moment cloud microphysics parameterization for mixed-phase clouds. Part 1: Model description,
Meteorology and atmospheric physics, 92, 45-66, 2006.

Stamnes, K., Tsay, S.-C., Jayaweera, K., and Wiscombe, W.: Numerically stable algorithm for discrete-ordinate-method radiative transfer in
multiple scattering and emitting layered media, Journal of Applied Optics, 27, 2502-2509, https://doi.org/10.1364/A0.27.002502, 1988.

Stevens, B., Acquistapace, C., Hansen, A., Heinze, R., Klinger, C., Klocke, D., Rybka, H., Schubotz, W., Windmiller, J., Adamidis, P., Arka,
1., Barlakas, V., Biercamp, J., Brueck, M., Brune, S., Buehler, S. A., Burkhardt, U., Cioni, G., Costa-surds, M., Crewell, S., Criiger, T.,
Deneke, H., Friederichs, P., Henken, C. C., Hohenegger, C., Jacob, M., Jakub, F., Kalthoff, N., Kéhler, M., van Laar, T. W,, Li, P., Lohnert,
U., Macke, A., Madenach, N., Mayer, B., Nam, C., Naumann, A. K., Peters, K., Poll, S., Quaas, J., Rober, N., Rochetin, N., Scheck, L.,
Schemann, V., Schnitt, S., Seifert, A., Senf, F., Shapkalijevski, M., Simmer, C., Singh, S., Sourdeval, O., Spickermann, D., Strandgren,
J., Tessiot, O., Vercauteren, N., Vial, J., Voigt, A., and Zingl, G.: The Added Value of Large-Eddy and Storm-Resolving Models for
Simulating Clouds and Precipitation, Journal of the Meteorological Society of Japan. Ser. II, advpub, https://doi.org/10.2151/jms;j.2020-
021, 2020.

Valmassoi, A., Keller, J. D., Kleist, D. T., English, S., Ahrens, B., Durén, 1. B., Bauernschubert, E., Bosilovich, M. G., Fujiwara, M.,
Hersbach, H., Lei, L., Lohnert, U., Mamnun, N., Martin, C. R., Moore, A., Niermann, D., Ruiz, J. J., and Scheck, L.: Current challenges
and future directions in data assimilation and reanalysis, Bulletin of the American Meteorological Society, https://doi.org/10.1175/BAMS-
D-21-0331.1, 2022.

Wyser, K.: The Effective Radius in Ice Clouds, J. Climate, 11, 1793-1802, https://doi.org/10/dphsv7, 1998.

Zingl, G., Reinert, D., Ripodas, P., and Baldauf, M.: The ICON (ICOsahedral Non-hydrostatic) modelling framework of DWD and MPI-M:
Description of the non-hydrostatic dynamical core, Quarterly Journal of the Royal Meteorological Society, 141, 563-579, 2015.

Zhou, Y., Liu, Y., and Liu, C.: A machine learning-based method to account for 3D Short-Wave radiative effects
in 1D satellite observation operators, Journal of Quantitative Spectroscopy and Radiative Transfer, 275, 107891,

https://doi.org/https://doi.org/10.1016/j.jqsrt.2021.107891, 2021.

34


https://doi.org/10.5194/gmd-11-2717-2018
https://doi.org/10/gnc6dn
https://doi.org/10.1016/j.jqsrt.2016.02.008
https://doi.org/10/gdc287
https://doi.org/10.1002/qj.3840
https://doi.org/10.1175/MWR-D-20-0002.1
https://doi.org/10.1364/AO.27.002502
https://doi.org/10.2151/jmsj.2020-021
https://doi.org/10.2151/jmsj.2020-021
https://doi.org/10.2151/jmsj.2020-021
https://doi.org/10.1175/BAMS-D-21-0331.1
https://doi.org/10.1175/BAMS-D-21-0331.1
https://doi.org/10.1175/BAMS-D-21-0331.1
https://doi.org/10/dphsv7
https://doi.org/https://doi.org/10.1016/j.jqsrt.2021.107891

