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Abstract: We investigated the liquid water path and global solar irradiance (Q) at ground level
according to the ICON model; CLOUDNET measurements in Lindenberg, Munich, and Jülich; and
BSRN observations in Lindenberg. This research is focused on stratiform non-precipitating clouds.
The liquid water path (LWP) is underestimated, while Q is overestimated. The lower LWP is due to
liquid water content underestimation practically in all atmosphere layers and a lower frequency of
liquid cloud occurrence compared to observations. This is partly associated with the structure of the
cloud nucleation scheme of the ICON model and with the default cloud condensation nuclei (CCN)
number concentration. An increase in CCNs from 250 cm−3 (typical background value for the region
of interest) to 1700 cm−3 (characteristic of polluted continental clouds) leads to an increase in the
grid-scale liquid water path by 40% and a decrease in Q by 12% in overcast conditions. However, we
also showed that the liquid water path is not a key factor of Q overestimation. The main factor is an
inaccurate description of the cloud spatial structure, where the correct prediction of the ratio of direct
to global irradiance as a spatial characteristic of clouds plays a more important role than the standard
cloud fraction.

Keywords: cloud condensation nuclei; solar irradiance; ICON model; CLOUDNET; MODIS; BSRN

1. Introduction

Solar irradiance is one of the most important meteorological characteristics; it signif-
icantly affects the temperature regime of the atmosphere and the underlying surface [1].
The quality of solar irradiance prediction is determined by a set of atmospheric parameters.
Cloudiness is still one of the most difficult issues in the successful numerical forecasting of
solar irradiance due to its large scale of spatial and temporal inhomogeneity and uncer-
tainties in optical and microphysical properties [2,3]. For example, the difference in solar
irradiance forecasts between “more cloudy” and “less cloudy” atmospheric conditions can
reach hundreds of W/m2 [4].

The solar irradiance forecast is directly related to the accuracy of the cloud macro-
and microphysical properties [5]. Bulk microphysical schemes are mainly focused on
the precipitation forecast rather than on the detailed prediction of cloud macrophysical
properties. The effect of an inaccurate forecast of liquid water path (LWP) and size of
cloud particles on the cloud–radiation interaction is shown in many studies. Sotiropoulou
et al. [6] showed the effect of the cloud parametrization scheme on the summer Arctic clouds
and global solar irradiance in the European Centre for Medium-Range Weather Forecasts
(ECMWF) model. The study [7] focused on the overestimation of the Weather Research
and Forecasting (WRF) model-simulated liquid water path by a factor of 1.1–1.6 in the case
of high cloud condensation nuclei content. Dipu et al. [8] found an underestimation of the
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liquid water path in the COnsortium of Small-Scale MOdelling (COSMO) mesoscale model
with the two-moment microphysical scheme in comparison with satellite observations.

At present, cloud–aerosol interaction processes are considered in the development
of mesoscale numerical weather prediction (NWP) models [9,10]. Accounting for the im-
pact of cloud condensation nuclei (CCNs) on the liquid water content and the effective
radius of cloud droplets in NWP models contributes to the successful evaluation of cloud
structure [11]. On the other hand, the operational numerical weather prediction models
still work with the bulk microphysical schemes, which use the saturation adjustment ap-
proach [12]. The saturation adjustment approach contributes to a lower sensitivity of cloud
particle size distribution to CCN content compared to bin microphysical schemes [13].
Wang et al. [14] found a lower simulated liquid water content of maritime warm stratocu-
mulus clouds due to a low condensation rate and high evaporation rate in the bulk scheme
compared to the bin scheme in the WRF model.

Global irradiance forecasts also depend on the simulated cloud fraction. The break-
through of recent decades in the field of weather prediction has not helped to solve many
difficulties related to the measurement and forecasting of cloud fractions [15]. Diagnostic
and prognostic approaches are used in numerical weather prediction models for cloud
fractions. Diagnostic schemes are based on parametrizations of the cloud fraction at each
model level using relative humidity or cloud water content [16]. Prognostic schemes sug-
gest an evaluation of cloud fractions through consideration of cloud sources and sinks [17].
Computationally inexpensive but highly efficient diagnostic schemes are widely spread
in numerical weather prediction models. However, their physical basis is not able to take
into account the variety of cloud processes [18], which results in cloud fraction and solar
irradiance errors.

Previous studies of the ICOsahedral Nonhydrostatic (ICON) model have been focused
on the evaluation of total cloud cover using satellite data and tuning of the model [19–21].
Grundner et al. [22] presented the first parametrization of cloud cover that is based on
the ICON model and neural networks. Studies of specific humidity [23] and water vapor
path [24] showed a good agreement between ICON-simulated and observed results. De
Lucia et al. [25] compared the results of the ICON model with various options for cloud
microphysics in Italy and established the single-moment scheme as the best option. The
study [26] evaluated ice and snow particles using radar observations and showed a good
agreement between the simulated radar reflectivity and surface precipitation rate.

This paper presents a comparative study of the liquid water path according to the
ICON model and ground-based and satellite measurements as well as an analysis of
the effect of the CCN number concentration on the liquid water path forecast. We also
analyze the influence of cloud spatial structure on solar irradiance prediction. This work is
structured as follows: Section 2 provides a brief description of the ICON model and the
ecRad radiation scheme, as well as measurement data and operating procedures. Section 3
describes the most important results of the analysis of ICON model experiments together
with ground-based and satellite observations. Conclusions and a critical evaluation of the
results are presented in Sections 4 and 5.

2. Model and Methods
2.1. ICON Model Configuration

The ICON model is a nonhydrostatic model of weather and climate forecasting and is
used operationally in the member countries of the COSMO consortium [27]. Its implementa-
tion (ICON-Ru model) operates in the Hydrometeorological Research Center of Russia [28].
Version 2.6.5 of the ICON model was used to perform numerical experiments. ICON sepa-
rately considers grid-scale clouds, which are prognostic, and subgrid-scale clouds, which
are treated diagnostically. In particular, the characteristics of grid-scale (prognostic) clouds
in the model are determined by a two-moment microphysical scheme [29]. The nucleation
of cloud droplets is represented by the Segal–Khain scheme [30]. The scheme uses the
specified number concentration of cloud condensation nuclei, parameters of aerosol size
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distribution, and grid-scale vertical velocity at the cloud base. The specified CCN value
is constant in the lowest 2 km and decreases exponentially above 2 km. As a result, the
scheme calculates the profile of particles that are available for condensation in the presence
of an appropriate amount of excess water vapor. Warm cloud processes are described
according to [30,31]. Ice nucleation processes are presented according to [32,33].

The diagnostic cloud scheme in ICON is used to describe the liquid and ice water
content and cloud fraction for subgrid-scale clouds, that is, clouds that cannot be simulated
explicitly due to the model’s spatial resolution. The diagnostic clouds are used by the
radiation scheme, but not in the microphysical simulations. The diagnostic scheme is based
on the division of subgrid clouds into stratiform and convective components. A detailed
description of the subgrid cloud scheme is shown in [34]. The specific liquid water content
of the subgrid-scale stratiform clouds is assumed to be 0.5% of the saturation specific
humidity. The convective subgrid-scale specific liquid and ice water contents are 1% of
the saturation specific humidity, but not less than 0.2 g/kg. The cloud fraction at each
model level is assumed equal to 1 if there is grid-scale liquid and/or ice water content
at the level. If there is no grid-scale cloud fraction, the subgrid-scale convective (Nsgs,con)
and/or stratiform (Nsgs,strat) clouds are calculated. Nsgs,con is a function of the geometric
thickness of the convective cloud (H, m):

Nsgs,con = min{1, max[0.05, 0.35 ∗H/5000]}. (1)

Nsgs,strat is calculated based on the total specific moisture content in gaseous, solid,
and liquid form (qtot); saturation specific humidity (qsat); and atmospheric pressure at the
model level (p) and at the surface (ps):

Nsgs,strat = max

0, min

1,

qtot
qsat
−
(

0.95− 0.8 ∗ p/ps
(
1− p/ps

)(
1 +
√

3
(

p
ps
− 0.5

)))
1−

(
0.95− 0.8 ∗ p/ps

(
1− p/ps

)(
1 +
√

3
(

p
ps
− 0.5

)))
. (2)

The final value of the subgrid-scale cloud fraction is calculated from the stratiform and
convective components as follows:

Nsgs = Nsgs,strat + Nsgs,con
(
1−Nsgs,strat

)
. (3)

Additionally, the upper troposphere ice cloud fraction is corrected according to [34].
This scheme is also operational in the COnsortium of Small-scale MOdeling, Russian
realization (COSMO-Ru) model.

Radiative processes in the ICON model are represented by the ecRad scheme with the
Monte Carlo Independent Column Approximation (McICA) solver [35,36]. We used the
optical properties of liquid clouds according to the Suite of Community Radiation Codes
based on Edwards and Slingo 1996 (SOCRATES) [37] and according to [38,39] for ice clouds.
The McICA solver was applied in numerical experiments due to its highest computational
efficiency among those presented in the ecRad scheme. Cloud overlap is described by an
exponential random scheme [40].

2.2. Experimental Data

Experimental data included both satellite and ground-based measurements. Obser-
vations of the CLOUDNET ground-based measurement network [41,42] at the sites in
Lindenberg [43], Jülich [44], and Munich were used for characterizing the cloud parameters.
The retrievals of liquid water path (LWP) are based on brightness temperature measured
by a two-channel microwave radiometer (MWR), with an additional calibration for clear
sky cases and validation by lidar data [45]. The liquid water content is retrieved based
on the LWP data in the adiabatic approximation. Taking into account the uncertainties,
we considered the liquid water path higher than 30 g/m2 [45]. The upper limit of MWR-
retrieved LWP was set equal to 800 g/m2 to restrict the analysis to non-precipitating clouds
following [46].
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Additionally, we used cloud characteristic retrievals from the MODerate resolu-
tion Imaging Spectroradiometer (MODIS; Collection 6.1 Level 2, LAADS DAAC system,
https://ladsweb.modaps.eosdis.nasa.gov, accessed on 14 October 2023) spectroradiome-
ter [47] for the domain of numerical experiments. The MODIS algorithm of cloud charac-
teristic retrievals above a snowless surface is based on measurements at two wavelengths:
2.1 microns, in the water absorption spectrum, and 650 nm, outside the absorption spec-
trum, where the surface reflectivity is minimized [48]. The satellite-based LWP is calculated
according to cloud optical thickness and cloud droplet effective radius retrievals [48]. We
used the pixels with MODIS measurement errors of liquid water path and cloud optical
thickness less than 20%. This threshold was taken according to the uncertainty of MODIS
retrievals [47].

The study used measurements of the 3-hourly low-level cloud fraction at the Linden-
berg site from the database of the Hydrometeorological Research Center of Russia, as well
as hourly observations of the total cloud fraction (https://rp5.ru/Weather_archive_in_
Lindenberg, accessed on 14 October 2023).

We also used high-precision measurements of global and diffuse solar irradiance
at ground level from the Lindenberg Baseline Surface Radiation Network (BSRN) site
(https://bsrn.awi.de, accessed on 14 October 2023) and direct irradiance at the horizontal
surface, calculated as the difference between them.

Some additional information on measurements, their spatial and temporal resolutions,
and statistical characteristics are shown in Table 1. The measurement uncertainties of
cloud parameters are presented in the form of average measurement errors given for each
moment of observation by data developers [41,48]. Measurement errors of BSRN data are
provided in accordance with network standards [49]. We used the BSRN data sample at a
solar elevation higher than 15◦.

Table 1. Measurement data and their main characteristics.

Source
Data Spatial and

Temporal Resolution Name
Quantiles

Number
Measurement

Error25% 50% 75%

CLOUDNET 30 s
Liquid water content (LWC), g/m3 0.04 0.10 0.24 116,206 1.7 dBZ
Liquid water path (LWP), g/m2 57 106 219 3670 48 g/m2

Ice water content, g/m3 0.0008 0.004 0.012 93,008 1.7 dBZ

MODIS 5 min,
1 km

LWP, g/m2 46 99 208
622,335,910

19%
Droplet effective radius (Reff), um 11 15 23 8%
Cloud optical thickness (COT) 5 10 20 9%

BSRN 10 min
Global solar irradiance (Q), W/m2 140 225 350

2123
2% (5 W/m2)

Diffuse solar irradiance (D), W/m2 129 191 287 2% (3 W/m2)

The statistical characteristics of clouds in Table 1 show that observations lie in the
range of typical values of cloud characteristics in midlatitudes [42,45,50]. The liquid water
path in 91% of cases does not exceed 400 g/m2, which corresponds to non-precipitation
clouds [51]. The liquid water content in 80% of cases is in the range from 0.01 to 0.5 g/m3.
The cloud optical thickness according to the MODIS data does not exceed 20 in 75% of
cases, which corresponds to typical values in midlatitudes [52,53]. The observation cases
under consideration include both liquid clouds and mixed-phase clouds. In mixed-phase
clouds, the ice water content exceeds 0.012 g/m3 in no more than 25% of cases (see Table 1).

2.3. Experiment Design

Numerical experiments were performed over the territory of Europe for domains with
a grid spacing of 4.4, 2.2, and 1.1 km and 90 vertical levels. We analyzed the ICON results
with a grid spacing of 1.1 km (Figure 1). The model was initialized using the data of the
global version of the ICON model with a grid spacing of 13 km. Boundary conditions were
provided with a 3 h time step. The experiments were performed for 32 selected days during
the warm (snowless) period of 2021 (7 spring days, 19 summer days, 6 autumn days) with

https://ladsweb.modaps.eosdis.nasa.gov
https://rp5.ru/Weather_archive_in_Lindenberg
https://rp5.ru/Weather_archive_in_Lindenberg
https://bsrn.awi.de
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a lead time of 36 h. Limiting the study to a warm period avoids large errors associated with
the uncertainty of surface albedo evaluation. The choice of the numerical experimental
region was determined by the availability of both radar and satellite cloud observations.
The forecast started at 12 UTC of the previous day relative to the selected one. Only the last
24 h of the forecast were analyzed to avoid the spin-up period. The selection of days for
numerical experiments was carried out according to cloud and radiation measurements at
the Lindenberg site with the most complete dataset and under several measuring conditions
of stratiform clouds at a solar elevation higher than 15◦, without precipitation (less 0.5 mm
per day) and a good quality of observations, marked by the corresponding labels. By
excluding the situations with precipitation from the analysis, we avoid its influence on
cloud droplet distribution, as well as on low-quality measurements in conditions with
raindrops on the domes of instruments [46,54]. The BSRN, CLOUDNET, and ICON data
were averaged with an hourly resolution. The nearest neighbor method was used for
comparisons of model grid data with point observations [55]. We took into account only
non-zero simulated and observed values of the liquid water content, the liquid water path,
the cloud optical thickness, and the number concentration of cloud droplets in the analysis.
The analysis of the profiles was carried out layer by layer.
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Figure 1. The domain (black line) of the ICON simulations with 1.1 km grid spacing and CLOUDNET
sites. The figure was created using Google Earth Pro.

Observations and retrievals of cloud droplet number concentrations (Nd) are asso-
ciated with many methodological assumptions, instrumental limitations and uncertain-
ties [56,57], and the dependence of cloud condensation nuclei (CCNs) on aerosol content.
Therefore, the range of Nd values over the European territory is very wide [58,59]. The
typical Nd is about 200–300 cm−3 according to [60,61] or ~100–500 cm−3 according to [62].
We used Nd retrievals according to the 1 km resolution MODIS satellite data following the
methodology described in [63] and taking into account the restrictions on solar elevation,
instrument zenith angle, cloud phase, number of cloud layers, cloud optical thickness,
and cloud droplet effective radius. To filter the pixels with precipitation, we additionally
applied a restriction on cloud droplet effective radius less than 18 µm [64].
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We used the method described in [65] for the droplet concentration (Nd, cm−3) re-
trievals with the application of the liquid cloud optical thickness (COTliq) and liquid water
path (LWP):

Nd = k1COT3
liqLWP−2.510−6 (4)

where k1 is equal to 157.216 kg5/2 m−8. The average obtained Nd was 245 ± 25 cm−3, with
daily Nd varying from 109 to 472 cm−3 for the selected 32 days. Thus, the obtained Nd is
close to the typical values in Europe.

The most accurate estimates of the CCN content and its nucleation activity can be
obtained using specific experiments [66]. However, such an approach is too detailed for
the task of weather forecasting. The application of the background CCN content is more
appropriate for weather prediction tasks. Based on the analysis given in [67,68], we can
assume that the satellite-derived number concentrations of cloud droplets (Nd) provide
information about minimum CCN (CCNmin) content at the cloud base.

Thus, we can apply the obtained Nd values as an estimate of the observed minimum
CCN content at the cloud base. The default CCN value in the ICON model, equal to
250 cm−3, is very close to the average satellite-obtained value of 245 cm−3. As a result,
the number concentration of cloud condensation nuclei (NCCN) was set to 250 cm−3 in the
two-moment microphysical scheme. We should also note that, in the model, not all of the
CCNs can be activated as the cloud droplets inside the cloud [30]. This effect is discussed
below, in Section 3.

3. Results
3.1. Liquid Water Content

Figure 2 shows the medians of CLOUDNET-observed liquid water content and ICON-
simulated grid-scale liquid water content (Figure 2a,c,e) and their frequencies of occurrence
(Figure 2b,d,f) in Munich, Lindenberg, and Jülich. The frequency of occurrence of observed
and simulated liquid water content was calculated for values greater than 10−6 g/m3.
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Figure 2. The median grid-scale liquid water content (a,c,e) and its frequency of occurrence (b,d,f)
according to CLOUDNET measurements and ICON simulations in Lindenberg (c,d), Jülich (a,b), and
Munich (e,f). The interquartile range is shown by filling. The LWC medians were obtained using
hourly average datasets.

Table 2 presents the main statistical parameters of the liquid water path according
to hourly average measurements and modeling in Jülich, Lindenberg, and Munich. For
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ICON simulations, both the grid-scale and the total (grid-scale and subgrid-scale) LWP
are shown. Vertical cloud structure is well reproduced by the ICON model, but there is
a slight underestimation of liquid water content throughout the profile. As a result, the
simulated grid-scale liquid water path is on average underestimated relative to CLOUDNET
observations by 68 ± 17 g/m2 (46%). The accounting of subgrid-scale liquid water content
leads to an increase in the liquid water path. However, the total liquid water path is
still underestimated by 59 ± 16 g/m2 (40%). In addition, model results provide a lower
frequency of LWC in Lindenberg and Jülich (Figure 2b,d). A better agreement of model
LWC frequency of occurrence over Munich (Figure 2f) could be attributed to a successful
forecast of sub-inversion clouds by the ICON model there and, to some extent, much
smaller statistics. However, the LWP is underestimated at all CLOUDNET sites, and its
interquartile range is lower in Lindenberg and Munich (see Table 2).

Table 2. Median, interquartile range, and average values of synchronized hourly average liquid
water path data according to CLOUDNET observations and ICON simulations. Jülich, Lindenberg,
and Munich stations.

Median Value/Interquartile Range/Average Value, g/m2

Liquid Water Path Source Jülich Lindenberg Munich All Sites

CLOUDNET 106/152/151 89/112/127 118/202/215 102/139/147
ICON grid-scale 21/129/92 32/76/65 89/99/107 35/101/79

ICON total 53/157/108 53/67/69 93/81/112 61/85/88
Number of cases 121 201 53 375

All these differences may be associated with the following:

(1) Insufficient concentration of cloud condensation nuclei for droplet nucleation and
liquid water content growth in conditions with CCNs = 250 cm−3;

(2) Too-intensive formation of ice crystals, which can lead to a decrease in the excess
specific humidity required for the cloud droplet nucleation;

(3) Too-intensive processes of autoconversion and accretion, leading to the transition of
cloud water mass into precipitation;

(4) The problems with the saturation adjustment scheme, influencing the deficiency of
specific humidity in activating condensation nuclei.

Satellite data provide Nd values that correspond to the cloud base level. ICON
provides height-resolved Nd values. To bring ICON results closer to MODIS estimates of
Nd (see Section 2.3), we considered hourly average vertically maximum simulated number
concentrations of cloud droplets. The maximum cloud droplet number concentration in
the model can be higher than that at the cloud base. So, we do not limit the simulated Nd,
and we choose the maximum value in each profile. However, even in this case, the Nd
concentration exceeds 77 cm−3 in only 25% of the ICON sample. The Nd interquartile range
of ICON results is 63 cm−3 with a median of 29 cm−3. The ice water content is also higher
than the simulated one, so no intensive nucleation and growth of ice crystals are simulated.
To consider the influence of autoconversion and accretion processes on LWP, we compared
the measured liquid water path with the simulated liquid and rainwater path (LWP + RWP).
Even taking into account raindrops, the simulated LWP is generally underestimated by
17 ± 13 g/m2. This approach does not show enhanced autoconversion and accretion as
the principal reason for LWP underestimation. We assume that this mechanism could be
important, but there is no experimental data for evaluating the strength of this process.
Therefore, we rely on observational data and the conclusions shown above.

The simulated liquid water content may be less than the observed LWC due to an
inaccurate prediction of the water vapor path since water vapor is the main source of cloud
droplet nucleation and growth. However, according to studies of the ICON model [69,70],
this characteristic is predicted quite accurately.
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Thus, one of the reasons for the model’s lower liquid water content and liquid water
content occurrence may be the saturation adjustment scheme, which is the most important
regulator of all microphysical processes. Saturation adjustment leads to lower condensa-
tion and higher evaporation rates of droplets in the bulk scheme relative to the spectral
microphysical scheme. The work [14] showed that the saturation adjustment contributes
to lower LWC for situations of stratocumulus clouds. Khain and Pinsky [3] also showed
a negative effect of saturation adjustment on the diffusion growth of cloud particles in
different cloud types. Unfortunately, we cannot consider this issue in more detail, since this
requires a mixed-phase spectral microphysical scheme, which is closer to the real physics
of clouds [13] compared to the saturation adjustment scheme used in the ICON model. The
liquid water path underestimation in some cases could be due to the low specified CCN
content of 250 cm−3; hence, we conducted a numerical experiment with a higher content of
cloud condensation nuclei. Based on satellite measurements and upper-air sounding data,
we chose 19 September 2021 as the day with the most uniform clouds over the simulation
domain. Figure 3 shows MODIS retrievals of cloud droplet number concentrations at the
cloud base according to the method of Equation (4) with an average Nd of 258 cm−3. We
carried out a numerical experiment with a high CCN content of 1700 cm−3 since this value
is typical for continental or polluted clouds [30,66,71].
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the method of Equation (4).

Figure 4a shows box plots of simulated cloud droplet number concentration over the
CLOUDNET sites with CCN number concentrations of 250 and 1700 cm−3. The whole
four-dimension (height–field–time) simulated Nd was taken into account when comparing
results for the specified CCNs. The cloud droplet number concentration increases by
94 ± 20 cm−3 (65%) with this increase in CCNs. Median (interquartile range) values of
Nd are 22 (62) cm−3 and 84 (127) cm−3 for CCNs = 250 cm−3 and CCNs = 1700 cm−3,
respectively.
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concentrations at CCN values of 250 and 1700 cm−3 at CLOUDNET sites; (b) the dependence of the
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of 250 and 1700 cm−3 for the entire modeling area.

Considering vertically maximum ICON-simulated number concentrations of cloud
droplets, median Nd increases from 23 cm−3 with NCCN 250 cm−3 to 89 cm−3 with NCCN
1700 cm−3. Thus, only a small fraction of the CCNs were activated in the model.

Vertical velocity (W) is an important factor in cloud droplet nucleation [64,72]. Kret-
zschmar et al. [73] showed that one of the reasons for the low Nd and liquid water content
in the ICON model may be an insufficient W providing lower CCN activation in the
parametrization. Figure 4b illustrates the dependence of cloud droplet concentration on
vertical velocity in the Segal–Khain scheme [30] for the CCN value of 1700 cm−3. At low
vertical velocities, less than half of the CCNs can be available for nucleation. The maxi-
mum value of the simulated grid-scale vertical velocity at levels near the cloud base for
19 September 2021 was 0.9 m/s at CLOUDNET sites. Thus, the CCN concentration was
actually in the range of 140 cm−3 to 900 cm−3 at the simulated vertical velocities instead
of the specified 1700 cm−3. The CCN content of 140 cm−3 corresponds to the minimum
permissible vertical velocity of 0.1 m/s in the cloud droplet nucleation scheme. It should
be noted that the CCN content above the 2 km level can be lower than the defined value
of 140 cm−3 due to the exponential decrease in CCN content (see Section 2.1) in the Segal–
Khain scheme. However, in our experiments, the simulated Nd is significantly less than
the satellite-derived Nd. This result can be related to several processes. Firstly, there is a
low intensity of cloud droplet nucleation. Secondly, the saturation adjustment scheme may
provide errors in cloud evaluation due to the fast realization of the water vapor excess.

In general, an increase in the concentration of cloud condensation nuclei contributed
to an increase in the grid-scale liquid water path over the modeling domain (Figure 4c).
Following [74], Figure 4c shows only a grid-scale liquid water path of more than 10 g/m2.
When the number of cloud condensation nuclei is increased, there is a shift in the distri-
bution of the liquid water path towards higher values. The grid-scale liquid water path
increased by an average of 118 ± 2 g/m2 (40%). As a result, the liquid clouds have become
more optically thick (in Figure 4d, the cases with liquid cloud optical thickness of more than
5 are shown). However, taking into account the subgrid-scale clouds, the effect of CCNs on
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the cloud optical thickness is less pronounced. Liquid cloud optical thickness increased
by an average of 1 (8%). In order to determine the effect of CCNs on the simulated global
irradiance at ground level, we considered cases of overcast conditions with a solar elevation
of at least 25◦ and liquid cloud optical thickness of more than 5. Under these conditions,
the increase in CCNs from 250 cm−3 to 1700 cm−3 results in a 9 W/m2 (12%) decrease in
the solar irradiance.

3.2. Cloud Optical Thickness and Shortwave Irradiance at Ground Level

Cloud optical thickness and the cloud fraction are the most important factors in the
cloudy atmosphere, which determine the global solar irradiance at ground level. Cloud
optical thickness is determined by the liquid water content and the effective radius of cloud
droplets [75].

In order to exclude the influence of errors in the scheme of cloud optical property
evaluation in the ecRad scheme on the cloud–radiation interaction, we compared the liquid
cloud optical thickness (COTliq) according to MODIS and ICON data. We considered the
cases of LWP prediction successful when the absolute error of the simulated LWP was less
than 15% (391,770 pixels) compared to the MODIS LWP. In this case, the median liquid
cloud optical thickness and its interquartile range, shown in brackets, are 13.3 (12) and
13.5 (11) according to MODIS and ICON, respectively. The average error of simulated
COTliq is +0.04 ± 0.03 (0.02%). When considering all cases, regardless of the quality of the
simulated cloud water (8,642,685 pixels), the ICON cloud water path (liquid and ice phases)
is on average 52 ± 0.1 g/m2 lower relative to the MODIS retrievals. As a result, the cloud
optical thickness is underestimated by 4 ± 0.01 (24%). Hence, the cloud optical thickness is
predicted with sufficient accuracy if the liquid water path is successfully estimated.

The cloud fraction is a more difficult parameter for evaluation from both numerical
forecasting and observations [76]. Standard verification approaches are not suitable for
cloud fraction and total cloud cover analysis; therefore other, more sophisticated methods
and measurement data are required [77,78]. Therefore, we not only analyzed total cloud
cover but also considered another characteristic—the ratio (R) of direct irradiance at the
horizontal surface to global solar irradiance using hourly average data. This value can be
considered as an analog of the total cloud cover after the application of the hourly averaging
procedure [79]. The hourly R values characterize the proportion of gaps in the clouds.

According to the comparisons with the BSRN observations in cloudy conditions, the sim-
ulated global irradiance at ground level is overestimated on average by 46 ± 15 W/m2 (18%).
At the same time, the simulated R is overestimated by 0.13 ± 0.02. Figure 5 shows the
hourly average values of global irradiance (Q), liquid water path (LWP), and R averaged
over the R intervals according to measurements (Figure 5a) and according to measurements
and simulations (Figure 5b). The results of the ICON simulations are presented using a
CCN number concentration of 250 cm−3. In addition, low-level cloud cover (CLCL, dotted
lines) and total cloud cover (CLCT, crosses) are also shown.

According to the ICON numerical experiments, R values are higher than the observed
ones (Figure 5a). For overcast situations (Robs is equal to 0), average Rsim = 0.2 ± 0.04. As a
result, the simulated global irradiance is higher than the measured one: 263 ± 33 W/m2

and 162 ± 13 W/m2, respectively. With averaging intervals corresponding to larger R,
the Robs grows much faster relative to the simulated R (see Figure 5a). If we rank the
cases based on both the measured and simulated R, the differences between simulated and
measured global irradiance decrease (Figure 5b). Note that the simulated liquid water path
is underestimated compared to the CLOUDNET observations for all considered R intervals
(Figure 5a,b). Thus, improving the quality of the forecast of the R contributes to reducing
the error of solar irradiance evaluation even with a general underestimation of the liquid
water path.
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Figure 5. Global solar irradiance (Q), liquid water path (LWP), low-level cloud fraction (CLCL), total
cloud fraction (CLCT), and the R ratio according to simulations (Rsim) and observations (Robs) as
a function of R according to measurements ((a) 214 cases) and for consistent R values according
to simulations and measurements ((b) 84 cases). Lindenberg site. Simulations with CCN value of
250 cm−3. The solar elevation is above 25◦. Confidence intervals are represented by a fill for R and
lines for the other variables.

The total cloud cover according to the ICON estimates generally corresponds to the
observations (Figure 5a,b), while a more pronounced decrease in CLCL with increasing R
is seen in the measurements compared to the simulations. The model CLCLs are overesti-
mated for almost all R intervals. However, even at higher model CLCLs, we observe the
overestimation of Q. In addition, the sensitivity of global solar irradiance to cloud fraction
is generally less pronounced than its sensitivity to R (see Figure 5). The linear correlation
coefficients of global solar irradiance with the ratio of direct radiation at the horizontal
surface to global solar irradiance (R), low-level cloud cover (CLCL), and liquid water path
(LWP) are presented in Table 3.

Table 3. The linear correlation coefficients between global solar irradiance (Q) and the ratio of direct
radiation at the horizontal surface to global solar irradiance (R), Q and low-level cloud cover (CLCL),
and Q and liquid water path (LWP). CLOUDNET, BSRN, and ICON data. Lindenberg site.

Data R and Q CLCL and Q LWP and Q

Observations 0.78 −0.26 −0.39
Simulations 0.86 −0.23 −0.38

The linear correlation coefficients of CLCL and Q are −0.26 and −0.23, while the
correlation coefficients between R and Q are 0.78 and 0.86 according to measurement and
simulation data, respectively. The correlation coefficients between LWP and Q according to
observations and ICON data are closer (–0.39 and –0.38, respectively) than the correlation
coefficients between CLCL and Q. It should be noted that the dependence between cloud
characteristics and global solar irradiance according to the measurements is slightly more
pronounced than that according to the simulations.

Hence, the error in R is the main factor determining the overestimation of simulated
global irradiance. This could occur due to an inaccurate overlapping procedure between the
layers. For example, Kawai et al. [80] showed the effect of the overlapping scheme on the
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cloud albedo without changing the total cloud cover in the MRI-ESM2 climate model. Even
with the observed liquid water path underestimation, an accurate forecast of R leads to an
improvement in the global irradiance prediction. It should be noted that the penetration
of direct radiation through the gaps may provide a significant contribution to global solar
irradiance and, hence, air temperature. The effect of the liquid water path underestimation
on solar radiation is less pronounced since the sensitivity of global irradiance to cloud
optical thickness becomes lower with the increase in COT [81], which is also noted as an
“accumulation effect” [82]. The quality of the cloud fraction forecast at each model level is
directly related to relative humidity (see Section 2.1).

The forecast of broken clouds is known to be the weakest point of cloud cover fore-
cast [83]. Errors in cloud fraction prediction are noted in studies concerning many numerical
weather prediction and climate forecasting models [15,18,78,84–86]. The main reasons for
inaccuracies in the cloud fraction forecast include the errors in the structure of simulated
convective clouds, liquid water content of stratiform clouds, and clouds’ frequency of
occurrence in general. Errors in solar irradiance prediction, besides cloud cover schemes,
depend on the cloud overlap assumption, which is an uncertainty factor both in modeling
and observations [87,88]. Many forecasting centers try to reduce the systematic errors in
cloud fraction prediction in postprocessing, in particular, using neural networks [89,90].
At the moment, the new ICON diagnostic cloud fraction scheme is being developed [91].
The scheme takes into account a whole complex of physical cloud mechanisms, such as the
formation of large-scale clouds, turbulent vertical diffusion, and convective processes [92].

4. Discussion

We found an underestimation in the simulated liquid water path relative to obser-
vations at three CLOUDNET sites (Lindenberg, Jülich, and Munich). The main possible
reasons for this underestimation are the uncertainties in cloud droplet nucleation and
the saturation adjustment scheme. Khain et al. [13] showed that the saturation adjust-
ment scheme leads to a decrease in the sensitivity of microphysical processes to aerosol
in bulk schemes. Khain et al. [93] found a good sensitivity in the ICON two-moment bulk
scheme to the cloud condensation nuclei content relative to the spectral scheme. However,
Khain et al. [93] concluded that the saturation adjustment scheme still should be substi-
tuted in the future. With the implementation of a mixed-phase spectral scheme in the
ICON model, a more detailed assessment of the effect of the saturation adjustment scheme
on the cloud properties will be possible (https://www.cosmo-model.org/content/tasks/
priorityProjects/caiir/default.htm, accessed on 14 October 2023).

The model’s cloud condensation nuclei were set to the default value of 250 cm−3.
Using MODIS observations and following the method described in [65], we demonstrated
that the default CCN content of 250 cm−3 is close to the typical value of Nd over Europe with
daily variations in MODIS-derived Nd from 100 to 500 cm−3 on selected days. We chose the
CCN number concentration of 1700 cm−3, which corresponds to the polluted continental
clouds according to [30], as an upper limit for an additional numerical experiment. As a
result, the cloud droplet number concentration and grid-scale liquid water path increased
by an average of 65% and 40%, respectively. The changes in cloud structure reduced the
solar irradiance at ground level by an average of 12% in overcast conditions with solar
elevation above 25◦ and cloud optical thickness of more than 5. The obtained effects of
increasing the cloud condensation nuclei number concentration help to alleviate prediction
errors in the liquid water path and solar irradiance at ground level.

Another reason for LWP underestimation may be the significant low nucleation inten-
sity of cloud droplets due to a small vertical velocity specifically for the droplet nucleation
process, which has been also obtained in our study. At a vertical velocity of 1 m/s, when
the CCN content was set equal to 1700 cm−3, no more than 60% of CCNs were activated.
Our results concerning cloud–aerosol interaction are in line with the studies [14,74,94] for
other models and geographical regions. In the absence of vertical velocity observations,
we cannot state the underestimation of simulated vertical velocity. However, Tonttila

https://www.cosmo-model.org/content/tasks/priorityProjects/caiir/default.htm
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et al. [95] found an underestimation of vertical velocity variability at the cloud base in the
AROME model with 2.5 km grid spacing. Malavelle et al. [96] showed the positive impact
of subgrid-scale vertical velocity on the CCN activation in the Unified Model with 1 km
horizontal grid spacing. By taking into account the subgrid-scale vertical velocity, the errors
in the cloud droplet nucleation scheme of kilometer-scale models might be significantly
reduced [94,97]. This issue is a good point for future research.

We found a sufficient accuracy of cloud optical thickness in cases when liquid water
path was predicted successfully in comparison with MODIS data. In broken cloud condi-
tions, the relative humidity prediction uncertainty may be one of the reasons for the cloud
fraction prediction error [98]. In the case of the ICON model, this may also happen due
to the saturation adjustment scheme, as well as the nucleation scheme of cloud droplets
due to its reduced sensitivity to CCN content, as was discussed above for a lower ICON
liquid water path. Thus, Van Weverberg and Morcette [98] show that the prognostic and
diagnostic cloud fraction schemes have common errors. We plan to conduct a more detailed
analysis of this assumption in the future.

To assess the influence of the cloud spatial inhomogeneity, R (the ratio of direct
to global solar radiation) was considered. The R parameter is an analog of the cloud
fraction regarding cloud spatial heterogeneity, but, in contrast with cloud fraction, R is
based on high-precision 10 min observations. We showed that the global solar irradiance
correlates more strongly with the forecast of R than with the forecast of liquid water path
or total cloud cover. A successful R prediction significantly improves the forecast of solar
irradiance compared to the cloud fraction parameter. Cloud fraction prediction errors may
be related to the choice of a cloud overlap scheme and the cloud scheme’s approximations in
general [40,77]. Since observations and studies of cloud overlap still have some difficulties
and uncertainties [87,99], the issue of successful cloud overlap forecasting is still open in
numerical weather prediction.

5. Conclusions

This study provides a joint detailed analysis of cloud liquid water content and solar
irradiance at ground level according to the ICON numerical weather prediction model,
the CLOUDNET ground-based network of cloud characteristics at the three sites (Linden-
berg, Jülich, and Munich), the BSRN high-precision ground-based radiation network in
Lindenberg, and MODIS observations of cloud characteristics. The main conclusions are
as follows:

- A comparison of ICON and CLOUDNET data showed an underestimation of simu-
lated grid-scale liquid water content. Taking into account the subgrid-scale component
of clouds, the average liquid water path is still underestimated by 59 ± 16 g/m2.

- An analysis of the case study of 19 September 2021 showed that the CCN growth from
250 cm−3 to 1700 cm−3 led to an increase in cloud droplet number concentration by
an average of 94 ± 20 cm−3 (65%), providing an increase in the grid-scale liquid water
path and cloud optical thickness by 118 ± 2 g/m2 (40%) and by 1 (8%), respectively.
This led to a decrease in solar irradiance at ground level by an average of 9 W/m2

(12%) in overcast conditions. The obtained CCN effects contribute to reducing errors
in the liquid water path prediction and solar irradiance at ground level.

- We obtained a sufficient accuracy of cloud optical thickness forecasting using the
SOCRATES parametrization of the ecRad scheme [37] in cases when the liquid water
path was predicted successfully.

- The solar irradiance at ground level is on average overestimated compared to the
BSRN observations. We showed that global irradiance values are more sensitive to
the prediction of R (ratio of direct to global solar irradiance) than to the liquid water
path and cloud fraction forecast. A successful R prediction significantly improves the
forecast of solar irradiance.
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