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Abstract. Multilayer clouds (MLCs) are common in the Arctic. With a limited-area setup and 2.5 km horizontal grid spacing,

32 ICON simulations from 22 August to 23 September 2020 were analysed to examine the MLC abundance and character-

istics across the Arctic. The model was evaluated against observations from the MOSAiC campaign. An immersion freezing

parameterisation was developed to capture the local ice-nucleating particle concentration, increasing the cloud ice number

concentration by up to 16% at temperatures above -12◦C. Overall, the model captured most cloudy events with a dry (moist)5

bias at lower (higher) altitudes. Simulated water paths were underestimated, roughly 3-fold for liquid water and 100-fold for

frozen hydrometeors.

A 35%-65% MLC occurrence, smoothly distributed across the Arctic region, was simulated. Modelled MOSAiC occurrence

frequencies span 42%- 76%, compared to an observed 32%-59%. While large differences in the total MLC occurrence are

found, two-layered systems occur with a systematic frequency of about 22%. The sub-saturated layer between cloud layers is10

typically < 1 km, indicating a high likelihood of the seeder-feeder mechanism (up to 52%), consistent with observations.

1 Introduction

Multilayer clouds (MLCs), vertically stacked cloud layers, occur with a mean global frequency of about 30% (Wind et al.,

2010; Liu et al., 2012; Wang et al., 2016; Subrahmanyam and Kumar, 2017; Matus and L’Ecuyer, 2017; L’Ecuyer et al., 2019;

Marchant et al., 2020). In the Arctic, these clouds are found to occur more frequently with occurrence frequencies between15

29% - 60% (e.g. Herman and Goody, 1976; Tsay and Jayaweera, 1984; Intrieri et al., 2002; Liu et al., 2012; Vassel et al.,

2019; Nomokonova et al., 2019; Vüllers et al., 2021; Silber and Shupe, 2022; Achtert et al., 2025). Meanwhile, due to the lack

of vertically resolved satellites above 82◦N, the MLC classification from space is limited in the high-Arctic region. Thus, the

MLC frequency of occurrence remains difficult to ascertain due to instrument limitations and varying classification approaches.

Despite their relatively large global occurrence, few studies have explored these cloud systems in detail. Their formation20

mechanisms have been discussed (e.g. Herman and Goody, 1976; Tsay and Jayaweera, 1984; Luo et al., 2008; Morrison et al.,

2009) and a consensus towards layering due to advection is emerging. However, this is an ongoing field of research and more

studies on this topic are required.
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From an Eulerian point of view, these cloud systems have been studied through observational studies (e.g. Tsay and

Jayaweera, 1984; Turner et al., 2018; Lonardi et al., 2022) as well as through simulations (e.g. Herman and Goody, 1976;25

Mcinnes and Curry, 1995; Harrington et al., 1999; Luo et al., 2008; Chen et al., 2020; Bulatovic et al., 2023; Wallentin et al.,

2025). Idealised large-eddy simulations (LES), initialised with thermodynamical pro�les, manage to accurately capture the

vertical structure of the cloud system for process studies on microphysical processes (e.g. Bulatovic et al., 2023) while the

thermodynamic structure remains a source of error for the layering in realistic models with limited data assimilation (Wallentin

et al., 2025).30

MLCs may interact through microphysics by the seeder-feeder mechanism (Bergeron, 1965) whereby frozen hydrometeors

from an upper cloud layer can fall into and seed a lower cloud. Here, a seed may be referred to as a catalyst for ice forma-

tion, akin to ice nucleating particles (INPs), provided they survive the sub-saturated layer between the cloud layers. INPs aid

the formation of cloud ice; however, the speci�c chemical composition and morphology necessary to act as a good INP for

heterogeneous ice crystal nucleation is still a topic of research (Kanji et al., 2017; Schmale et al., 2021). Acting as a seed for35

ice nucleation, water vapour may deposit onto the INP to form ice through the deposition nucleation mechanism, while INPs

immersed within liquid droplets may nucleate through immersion freezing (Hoose and Möhler, 2012).

Growth mechanisms of cloud ice into snow and graupel include vapour deposition, aggregation, and riming by raindrops

and cloud droplets. Glaciation, the transition from a mixed-phase state to fully ice, may be enhanced by the seeding of frozen

precipitation (ice crystals, snow, or graupel), together with riming and secondary ice production (SIP), through the Wegener-40

Bergeron-Findeisen (WBF) mechanism (Wegener, 1911; Bergeron, 1928; Findeisen, 1938; Korolev, 2007). The WBF process

describes the ef�cient evaporation of liquid cloud droplets in favour of vapour deposition onto ice particles due to the lower

water vapour saturation pressure over ice (below 0� C). The increase in precipitation seen in orographic clouds was �rst ascribed

to seeding (Bergeron, 1965; Roe, 2005) and has since been investigated for both internal (seeding within the same cloud) and

external seeding for MLCs over the Swiss Alps (Proske et al., 2021; Dedekind et al., 2024) and in the Arctic (Vassel et al.,45

2019). Vassel et al. (2019) investigated the occurrence of seeding MLCs on Svalbard, and they found a seeding occurrence

of 23%. In studies over the Swiss Alps, Proske et al. (2021) found a seeding frequency of 31% for cirrus clouds overlaying

lower clouds, investigated using DARDAR, while Dedekind et al. (2024) found a 10% occurrence frequency of seeding for a

modelled case study also over the Swiss Alps.

Radiatively, overlaying cloud layers in the MLC system in�uence lower clouds through an increase in downwelling longwave50

radiation. This impacts the net longwave radiative cooling at the top of a lower cloud layer in the MLC system (Christensen

et al., 2013; Adebiyi et al., 2020; Jian et al., 2022; Shupe et al., 2013; Turner et al., 2018; Lonardi et al., 2022; Chen and Cotton,

1987; Luo et al., 2008; Chen et al., 2020). Subsequently, cloud top heights of the lower layer of an MLC system are decreased

(Christensen et al., 2013; Jian et al., 2022).

In this study, we set up the ICOsahedral Non-hydrostatic (ICON) model (Zängl et al., 2015) to explore MLCs along the55

Multidisciplinary Drifting Observatory for the Study of Arctic Climate (MOSAiC ) track and the Arctic region during a one-

month period in the autumn of 2020 (22 August to 23 September). The ICON model has been used globally and regionally in
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the Arctic (Schemann and Ebell, 2020; Kretzschmar et al., 2020; Kiszler et al., 2023, 2024; Wallentin et al., 2025) but has not

been systematically evaluated in the high Arctic above the pack ice.

We aim to answer these research questions in particular:60

– How does the ICON model with 2-moment microphysics perform in the high Arctic?

– What are the simulated MLC occurrence rates at the MOSAiC site and over the high Arctic?

– Do MLCs differ from single-layer clouds? If so, what are the major characteristics?

The paper is structured as follows. The ICON model, the setup used, and the aerosol constraints in place are presented in

Sect. 2. Methods for MLC and seeding detection are presented in Sect. 3. The observational data used for model comparison is65

introduced in Sect. 4. The results are split into three parts. The �rst result section, Sect. 5.1 presents the impacts of the newly

developed immersion freezing parameterisation. Section 5.2 presents a model evaluation at the MOSAiC site, answering the

�rst research question. Section 5.3 explores the occurrence and properties of observed and modelled MLCs and examines the

second and third questions. The �nal section, Sect. 5.4, investigates the regional occurrence of MLCs and differences compared

to the MOSAiC site and addresses the second question from a regional perspective. These results are all discussed in Sect. 6.70

2 Model setup

The ICON model (Zängl et al., 2015), version 2.6.6, is used in a limited-area mode. The simulations are performed on the

ICON grid, R02B10, with a horizontal grid spacing of 2.5km. This domain is driven by the ICON Global (13km) analy-

sis product through the initialisation and boundary conditions. The ICON Global analysis is a combination of forecast and

data assimilation. Every 3 hours, a new data-assimilation cycle is initiated using the global observing network and local data75

assimilation from the radiosoundings during MOSAiC. Thus, we maintain a close agreement to observations at initialisation

and boundary conditions supply changes along the domain edge with 3-hourly updates. The ICON Global model runs with a

1-moment microphysics scheme. The limited-area mode domain is circular, centred on 90� N with a 2110km radius reaching

71� N (2398120 grid points). The domain extent is shown with a solid line in Fig. 1b. Vertically, the model top reaches 23km.

120 vertical levels are placed using terrain-following coordinates with a higher density of levels in the lower atmosphere. At80

1 km (4 km), the vertical grid spacing is approximately 50m (100 m). A 2-moment microphysics scheme (Seifert and Be-

heng, 2006) is used, with prognostic cloud droplets, cloud ice, rain, snow, graupel, and hail. The fast physics, including cloud

microphysics and the saturation adjustment (scheme ensuring water vapour saturation resulting in cloud water condensation),

is called with a 20s frequency, while radiation, described by ecRad (Hogan and Bozzo, 2018), is called every 12min. Con-

vection, both deep and shallow, is considered explicitly resolved. Turbulence is parameterised using a 2nd order turbulence85

scheme by Raschendorfer (2001). A semi-implicit time integration solver is used.

The 22nd of August 2020 to the 23rd of September 2020 is simulated using 32 consecutive simulations. This particular

month was selected due to the large abundance of MLCs, determined by the observational product by Vassel et al. (2019) with
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updates by Achtert et al. (2025). ICON is initialised at midnight (00 UTC) from the ICON Global analysis. The model then

runs for 24 hours with 3-hourly updates at the domain boundaries from ICON Global similar to previous cloud modelling90

studies using ICON (Heinze et al., 2017; Kiszler et al., 2023). With a non-stationary observational site, due to the drifting of

the ice �oe, discrepancies in the spatial dimension can be expected when compared to the model output. To study the clouds

at the MOSAiC site, we make use of Meteograms. These are 2-dimensional outputs at the daily averaged location of the ship

(ICON uses the closest grid box), to enable model output at a high temporal frequency (1min), comparable to observations

(Kiszler et al., 2023).95

2.1 Aerosol constraints

Following previous work on the modelling of Arctic MLCs, we notice the importance of correctly describing the CCN and

INP in the model (e.g., Bulatovic et al., 2023; Wallentin et al., 2025). To this effect, we constrain the parameterisations by

observations.

2.1.1 Cloud ice formation100

ICON has �ve pathways for ice formation: two homogeneous and three heterogeneous modes. The three heterogeneous nu-

cleation pathways include immersion freezing of cloud droplets, deposition nucleation, and rain freezing. Immersion freezing

is the phase change of a cloud droplet that has an INP immersed within. We use the parameterisation by Hande et al. (2015)

(from here on H15), which parameterises INPs based solely on temperature. This parameterisation is active between -36� C and

-12� C and has been modi�ed in these simulations, as described below. Deposition nucleation is the vapour accommodation105

onto an INP, whereby the particle nucleates. We use the deposition nucleation parameterisation also by Hande et al. (2015)

which is active between -50� C < T < -20� C. The freezing of raindrops (and drizzle) is included as a heterogeneous pathway

for ice formation, as raindrops implicitly contain many INPs. Rain freezing is parameterised based on probabilities of freezing

depending on the volume of the droplet and temperature (Bigg, 1953). To be noted, contact freezing is not considered in ICON.

Furthermore, one secondary ice production mechanism is included in the standard setup of ICON, the rime-splintering (Hallet-110

Mossop) mechanism whereby ice splinters can form during the riming process in the temperature range of -8� C � T � -3� C

(Hallet and Mossop, 1974).

In the Arctic, the INP spectrum (with temperature) is dominated by an abundance of mineral dust, transported from the

south, with a seasonal contribution of biological (heat labile) or organic aerosols (Creamean et al., 2022; Barry et al., 2025)

active at higher temperatures. These warm-activating species are not represented in the current immersion freezing parameter-115

isation. To improve on the INP parameterisations developed for the Arctic during a case study in Wallentin et al. (2025), we

here use multiple INP datasets collected between August and September over numerous years and �t an Arctic late-summer

immersion freezing parameterisation. On top of INPs measured during MOSAiC (Creamean et al., 2022), the simulation pe-

riod overlaps with the months of the Microbiology-Ocean-Cloud-Coupling – in the High Arctic (MOCCHA) campaign (Porter

et al., 2022) during 2018. Furthermore, we use data from the Ice Nucleation over the ARCtic Ocean (INARCO) campaign120

in September 2017 (Creamean, 2019). Further station data includes: the Atmospheric Radiation Measurement (ARM) site
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at Utqiavik, Alaska, during the ARCtic Study of Permafrost Ice Nucleation (ARCSPIN) campaign, September 2021 (Barry,

2023), data from the Villum research site on Greenland (Sze et al., 2023) and the Canadian Archipelago station Alert (Wex

et al., 2019) as well as two datasets from the Zeppelin station on Svalbard, Norway (Wex et al., 2019; Freitas et al., 2023). The

INP concentration (nINP) with temperature for the different data sets is shown in Fig. 1a. The various locations for the used125

data sets are spatially shown in Fig. 1b.

Figure 1a shows measurednINP together with the current immersion freezing parameterisation in the model (H15). To

better represent the Arctic INP distribution, an Arctic-appropriate immersion freezing parameterisation is developed. This

parameterisation captures a lower concentration of dust at cold temperatures and the abundance of marine INP species at

warmer temperatures. At cold temperatures, T < 253K (-20 � C), an exponential function is �tted to the data, following the130

functional form of the H15 parameterisation;

nINP = a � exp(� b� (T � Tmin)c) [L � 1] (1)

with a = 2 :9, b= 0 :0815, andc = 1 :45. T is the atmospheric temperature in Kelvin whileTmin = 237:15 K (-36 � C).

To better represent the marine INPs active at higher temperatures, we �t a 2nd order polynomial function at temperatures

253K � T � 267.65K (-20 � C� T � -5.5 � C) via135

nINP = a � T2 + b� T + c [L � 1] (2)

with a = 1 :41 � 10� 4, b= � 7:589 � 10� 2, andc = 10:2. This two-part �t is namedArctic �t and is shown with a black

dashed line in Fig. 1a. For this implementation, deposition nucleation and rain freezing are scaled down by a factor of 0.05 to

follow a similar scaling as immersion freezing at cold temperatures. Above -5.5� C, rain freezing is the only active freezing

mechanism.140

2.1.2 Cloud droplet activation

Cloud formation requires the presence of aerosols. Cloud condensation nuclei (CCN) are soluble aerosols capable of cloud

droplet formation. In general, the concentration of CCN (nCCN) in the Arctic is very low, in the range of 10 to 200 cm� 3

(Mauritsen et al., 2011; Dada et al., 2022; Heutte et al., 2025). CCN species in the Arctic include locally emitted sea salt and

sulfate from DMS (Schmale et al., 2021) as well as long-range transport of anthropogenic sulfates (Udisti et al., 2016). During145

MOSAiC, local emissions contributed 80% tonCCN in autumn 2020 (Heutte et al., 2025).

The cloud droplet activation is performed using the parameterisation by Hande et al. (2016) (Fig. 2b).nCCN is parameterised

for each pressure level with a decreasing concentration with lower pressure. This scheme is highly dependent on vertical

velocity and gives a cloud droplet number concentration (Nd) at the surface of 200cm� 3 with vertical velocities of 0.1ms� 1.

To better represent the Arctic CCN distribution, we compare measurednCCN from the MOSAiC campaign (Koontz et al.,150

2020) (cleaned from local pollution using a pollution mask from Beck et al. (2022)) withnCCN from the MOCCHA campaign
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Figure 1. (a) INP concentration in unitsL � 1 air with temperature from observational datasets (coloured markers) together with the immersion

freezing parameterisation by H15 (solid cyan). The newly developed immersion freezing parameterisation is namedArctic �t (black dashed

line), and further shown is the 1-moment immersion freezing parameterisation by Cooper (1986) (blue dashed-dotted line). An immersion

freezing parameterisation, developed for MOSAiC during a case study by Wallentin et al. (2025), is shown with dark green dots. (b) Spatial

distribution of the campaign tracks and stations used for the INP parameterisation development: MOSAiC mean position during August-

September 2020 (brown circle, Creamean et al. 2022), MOCCHA (pink crosses, Porter et al. 2022), INARCO (grey, Creamean 2019),

Utqiavik, Alaska, USA (blue triangle, ARCSPIN campaign, Barry 2023), Alert, Canada (red left-pointing triangle, Wex et al. 2019), Villum,

Greenland (orange square, Sze et al. 2023), and Svalbard, Norway (green diamond, Wex et al. 2019; Freitas et al. 2023). All datasets only

contain measurements in the time period from August to September. Grey and white contours in (b) represent the levels of 15% sea-ice

concentration on the 22nd of August and the 22nd of September, respectively. The domain extent is marked by a solid black line.

(Duplessis et al., 2023; Vüllers et al., 2021) in 2018. The data from the end of August to the end of September is shown in

Fig. 2a with a meannCCN (for all supersaturations) of 19.5cm� 3 and 20.0cm� 3 for the MOCCHA and MOSAiC datasets,

respectively. A larger peak can be seen in the MOSAiC dataset during mid-September, coinciding with a larger storm over the

ship (Shupe et al., 2022).155

To better represent the lownCCN in the high Arctic, we thus scale the cloud droplet activation scheme. A factor of 0.01

(Fig. 2b), following a similar method as Wallentin et al. (2025), was determined to be the optimal scaling factor for the

updrafts reached within the domain to reach a similar order of magnitude ofnCCN as the observations.
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Figure 2. Cloud condensation nuclei concentration for (a) observations based on two campaigns; MOSAiC 2020 (Koontz et al., 2020) and

MOCCHA 2018 (Duplessis et al., 2023) for all supersaturations. The black dotted (solid) line shows the 3-day rolling mean for MOSAiC

(MOCCHA). Panel (b) shows the CCN parameterisation in the model (Hande et al., 2016) for vertical velocities appropriate for the Arctic.

Solid lines signify the scaled version used here.

3 Modelled MLC detection and seeding algorithms

We de�ne a cloud by a cloud mass threshold (CMT) speci�ed as liquid water content (LWC) plus ice water content (IWC)160

exceeding 10� 9 kg kg� 1. This is in line with the radiation solver's de�nition of when a cloud interacts with radiation (Rieger,

2019). A mass threshold is otherwise a limiting factor. An evaluation of the CMT in terms of changes in cloud layer distribution

is thus provided in Sect. 5.3.1 for CMT9-CMT5 corresponding to a threshold of 10� 9 kg kg� 1 to 10� 5 kg kg� 1. Secondly, a

saturation condition is introduced such that a cloud layer requires saturation with respect to liquid water or ice. Above (below)

0 � C, saturation is calculated with respect to liquid water (ice). This is to ensure the exclusion of seeding layers, as these may165

exceed the CMT. Thirdly, layers that are within 100m of each other will be merged into one cloud. However, cloud layers

existing without neighbouring cloud layers may be less than 100m thick.

The seeding frequency for the model is determined by identifying all cloud tops in the model algorithm outlined above. The

model layer in the interstitial layer above the cloud top is de�ned as a "precipitation layer". If the combined mass of graupel,

snow, and cloud ice exceeds a speci�ed seeding mass threshold (SMT) in this layer (while in a sub-saturated environment),170

the cloud below is �agged as being seeded. This is further combined with a check of whether the cloud above it, the seeder

cloud, has a model layer beneath the cloud base precipitating ice, snow, and graupel above the SMT. Therefore, layers above

the cloud-tops with sporadically high water contents (such as those resulting from supersaturation �uctuations) can be mostly

�ltered out. The choice of the SMT still presents a limitation and results are presented for high to low mass seeding thresholds

of 10� 5 kg kg� 1 (SMT5), 10� 6 kg kg� 1 (SMT6), 10� 7 kg kg� 1 (SMT7), 10� 8 kg kg� 1 (SMT8), and 10� 9 kg kg� 1 (SMT9).175
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4 Observational data

The observational data, used for model evaluation in the high Arctic, are collected from the MOSAiC campaign (Shupe et al.,

2022) where the ice breakerRV Polarstern(Knust, 2017) was moored to an ice �oe in the high Arctic during 2019/2020.

4.1 Thermodynamic variables

Radiosoundings are used for the vertical pro�le comparison of temperature and water vapour mixing ratio. During MOSAiC,180

these were launched 6-hourly (Maturilli et al., 2022). For a continuous temperature pro�le, a neural-network product using

a combination of two microwave radiometers (HATPRO (Humidity and Temperature Pro�ler) and MiRAC-P (Microwave

Radiometer for Arctic Clouds – Passive) is used (Walbröl et al., 2024). For more details on this product, please refer to Walbröl

et al. (2024).

4.2 Microphysical retrievals185

Cloud variables, including LWC and IWC, are taken from two cloud microphysics retrieval algorithms. CloudNet data (Engel-

mann et al., 2024) are obtained through the approach by Illingworth et al. (2007) using cloud radars, lidar, microwave radiome-

ter, and radiosondes (Griesche et al., 2024). The ShupeTurner algorithm (Shupe et al., 2015) was speci�cally developed for

microphysics retrievals in the Arctic region and utilises radiosondes, radar, lidar, microwave radiometer, and infrared radiome-

ter to retrieve LWC and IWC. Liquid water path (LWP) and ice water path (IWP) are calculated as the column-integrated LWC190

and IWC, respectively. The uncertainty in LWC is 15% to 25% (Frisch, 1998; Griesche et al., 2021). LWC is not available

during liquid-phase precipitation in both of these retrievals. One of the main differences between the two retrieval approaches

is the temperature dependency in the calculation of IWC. While both use radiosonde pro�les, CloudNet calculates IWC with

an exponential dependency on temperature (Hogan et al., 2006). The ShupeTurner algorithm employs a power law expression.

CloudNet reports an associated uncertainty of + 40 % and - 30 % while Shupe et al. (2015) reports an uncertainty of a factor195

of two on the retrieved IWC. We obtain a measure of con�dence in the retrieved values based on whether or not the results of

the two products agree within their uncertainties.

4.3 Observational MLC detection algorithm

To compare with the model output, we use the observational MLC algorithm developed by Vassel et al. (2019) with updates by

Achtert et al. (2025). It is based on radiosondes as the major input data and is thus constrained temporally by the radiosonde200

launches. The algorithm determines the number of layers present in a radiosonde pro�le by identifying sub-saturated layers

in the calculated relative humidity over ice (from relative humidity over water and temperature). The minimum thickness

of a layer is set to 150m. Radar re�ectivity is used as a validation to ensure a cloud layer is present. Fog and low cloud

layers are not considered as they fall below the lowest radar range gate. The radiosonde uncertainty includes temperature and

relative humidity measurements, which have 0.3� C and 4% uncertainty, respectively (Vaisala Radiosonde RS41 Measurement205

Performance). The uncertainty in the temporal and spatial dimensions, however, due to drifting radiosondes and advected
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clouds at lower levels, cannot be quanti�ed. Here, we report statistics for MLCs classi�ed using only the radiosoundings and

the combined product, to investigate model and method discrepancies. For more details about the method for detecting SLCs

and MLCs during MOSAiC, readers are referred to Achtert et al. (2025). Warm MLCs, MLCs with subsaturated layers above

0 � C, are here treated with the same 150m gap constraint and 100m minimum thickness as the cold clouds, thus some210

difference to the statistics reported in Achtert et al. (2025) is expected.

The seeding occurrence is based on sublimation calculations using Maxwell's growth law with cloud ice in the shape of

hexagonal plates. Using a mass-diameter power-law, the mass is determined, which is further used to calculate the fall velocity

of the particle. Initial crystal sizes were assumed at 400 µm, 200 µm, and 100 µm. A margin of error is allowed when the

seeding fall height ends within the vertical grid spacing of the radar.215

To ef�ciently compare the model data with the observations, model variables are extracted during a 30-minute window,

starting from the launch of the radiosonde. This is justi�ed through the method of determining the observed MLC occurrence,

as 30 minutes before and after the radiosonde launch are used for the classi�cation (Achtert et al., 2025).

5 Results

5.1 Impacts of the adjusted CCN and INP parameterisations220

We use the simulation of the 31st of August 2020 at 18 UTC, to explore the implications of adapting the INP and CCN

parameterisations. The domain is large enough to cover the entire temperature range relevant for ice nucleation. The model is

initialised at 00 UTC, and after 18 hours of simulation, appreciable differences, if any, should be quanti�able.

The changes to the CCN parameterisation introduce a negligible difference inNd within the domain. We �lter for cloudy

grid boxes using the greatest and lowest CMTs de�ned here (LWC + IWC > CMT5 and CMT9 andNd > 1 cm� 3) and �nd an225

approximate 3% (0.7%) increase in the median (mean) value ofNd for the new CCN scaling for both CMTs. Mean and median

values are reported in Table 1 with the greatest mean value of 40cm� 3. Mass changes are also negligible, as expected due to

moisture limitations (not shown).

To investigate the changes in cloud ice, we �lter the data for cloudy grid boxes (LWC + IWC > CMT5 and CMT9) and

evaluate all temperatures. This illustrates the dominance of cold-temperature ice nucleation, where the H15 parameterisation230

yields a larger ice number concentration (N ice). A 74%-85% (26%-3%) decrease in median (mean)N ice is found for theArctic

�t (CMT9-CMT5) owing to the reduction ofnINP for immersion freezing, deposition nucleation, and rain freezing. Median and

meanN ice for CMT9 and CMT5 are tabulated in Table 1.

To isolate the in-cloud effect for the addition of immersion nuclei, we �lter for single-layer cloud-tops above - 12� C, in the

temperature range not covered by the H15 parameterisation. Similarly, the impact at cold temperatures (-30� C � T < -12 � C,235

to exclude homogeneous nucleation temperatures) is quanti�ed. The box plots in Fig. 3a show a 16%-2% (CMT9 - CMT5)

increase in the meanN ice for theArctic �t at warm temperatures compared to H15. Median values remain higher for the H15

implementation. The presence of cloud ice at these temperatures using the H15 scheme, where no immersion freezing is active,

is due to advection from colder regions and rain freezing. At cold temperatures, Fig. 3b, a 66%-87% (15% -18%) decrease
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Parameterisation CMT N d [cm� 3 ] N ice [L � 1 ]

Temperature Range Full Full Warm Cold

H15

Mean CMT9 33 2.0 0.022 1.1

Mean CMT5 39 4.1 0.0019 2.0

Median CMT9 5.5 0.07 0.0004 0.007

Median CMT5 7.4 0.17 0.0003 0.03

Arctic Fit

Mean CMT9 33 1.5 0.025 0.96

Mean CMT5 40 4.0 0.002 1.7

Median CMT9 5.6 0.017 0.0003 0.003

Median CMT5 7.5 0.026 0.0003 0.004
Table 1. Statistics for the clouds �ltered by CMT5 and CMT9 for number concentrations of cloud liquid and cloud ice in the temperature

ranges de�ned in the second row.

in the median (mean)N ice is found. The decrease inN ice at cold temperatures is expected due to the reduction innINP for240

the Arctic �t throughout this temperature range. Meanwhile, the rather small increase inN ice at warm temperatures may be

partially due to the decreased rate of rain freezing.

Overall, the impact of changing the INP parameterisation on the full domain is small. For completeness, cloud ice mass

concentrations are shown in Fig. B1 and, as expected, do not increase with the new parameterisation; rather, a 9%-15% (CMT9-

CMT5) decrease is found at warm temperatures. However, the small changes inN ice can enable local INP activation at higher245

temperatures (T > -12� C), which better represents the Arctic abundance of warm-activating INPs. Thus, for the simulations

performed here, we use theArctic �t parameterisation.

5.2 Model evaluation at the MOSAiC site

Fig. 4 presents the results of the 32 consecutive simulations and the observations; CloudNet (Engelmann et al., 2024) and the

ShupeTurner microphysics retrieval (Shupe, 2023). Generally, the model represents the observed clouds remarkably well. The250

persistent boundary layer clouds are captured. However, the cloud phase tends to be predominantly liquid in these simulated

low clouds compared to the retrieved mixed-phase or ice character, visible primarily in the frozen precipitation falling from the

liquid cloud tops of the lower cloud layers. A similar problem was identi�ed in Wallentin et al. (2025). A - 5.5� C isotherm is

shown in each panel in Fig. 4, where we can note the high altitude of the isotherm until the 7th of September. The model cannot

generate primary ice below this altitude (apart from low rates of rain freezing), and any ice present must be supplied through255

seeding for those low-level clouds to be mixed-phase. Notably, the microphysical retrievals differ at these temperatures. The

CloudNet retrieval lacks liquid clouds as well as cloud ice compared to the ShupeTurner algorithm and the model. Likely, these

clouds were detected as rain or drizzle and thus are not present in the LWC product. The uncertainty in retrieved IWC, and

especially the vertical distribution of cloud ice at these warm temperatures, may be a limiting factor in this discussion.
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Figure 3. Log-transformed statistics ofN ice of SLC cloud-tops for the H15 parameterisation and theArctic �t �ltered according to cloud-top

temperatures in the range -12� C � T < -5� C (a, warm) and -30� C � T < -12� C (b, cold). The box shows the 25th to the 75th quartile

for CMT5, de�ned as the interquartile range (IQR). The median is represented by a black line for CMT5 and with dashed lines for CMT9,

with whiskers extending from the box to the furthest data point that lies within 1.5 times the interquartile range (IQR) in logarithmic space

(minimum values are de�ned similarly, though these reach very low values). Values larger (or smaller) than these are outliers and are not

shown (only in the �gure) to simplify the visual interpretation. Violin plots show the distribution of CMT5. Mean values are shown with

markers as indicated in the legend.

Most high clouds and events of frozen precipitation are also modelled well, with a tendency towards over-predicting the260

presence of both. The ice clouds, while more numerous, tend to have a lower frozen water content in the model. Discrep-

ancies compared to the observations may be due to differences in moisture (see below), aerosol availability and its model

representation, and overall dif�culties in representing MLCs (Wallentin et al., 2025).
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