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ARTICLE INFO ABSTRACT

Dataset link: https://code.mpimet.mpg.de/proj A good representation of clouds and precipitation processes is essential in numerical weather and climate
ects/iconpublic models. Subgrid-scale processes, such as cloud physics, are parameterized and inherently introduce uncertainty
Keywords: into models. Traditionally, the sensitivities of the model state to specific uncertain parameters are quantified

through perturbations to a few selected parameters, limited by computational resources. Algorithmic Differen-
tiation (AD) enables the efficient and simultaneous estimation of sensitivities for a large number of parameters,
thereby overcoming the previous limitations and significantly enhancing the efficiency of the analysis. This
framework provides an objective way to identify processes where more precise representations have the
largest impact on model accuracy. AD-estimated sensitivities can also address the underdispersiveness of
perturbed ensemble simulations by guiding the parameter selection or the perturbation itself. In our study, we
applied AD to 169 uncertain parameters identified in the two-moment microphysics scheme of the numerical
weather prediction (NWP) model ICON of the German Weather Service. This application of AD allowed us
to evaluate the sensitivities of specific humidity, latent heating, and latent cooling along several thousand
warm conveyor belt trajectories. This coherent, strongly ascending Lagrangian flow feature is crucial for the
cloud and precipitation structure and the evolution of extratropical cyclones. The quantification of individual
parameter sensitivities shows that only 38 parameters are of primary importance for the investigated model
state variables. These parameters are associated with rain evaporation, hydrometeor diameter-mass relations,
and fall velocities. Moreover, the parameter sensitivities systematically vary with different microphysical
regimes, ascent behavior, and ascent stages of the WCB airstream. Finally, several parameters impact an
extended region in the extratropical cyclone, illustrating the spatiotemporal consistency of cloud microphysical
parameter uncertainty in the applied NWP model and microphysics scheme.

Sensitivity analysis
Warm conveyor belt
Cloud microphysics

1. Introduction are stochastically perturbed parameterization tendencies (SPPT) [1]

or stochastically perturbed parameterizations (SPP) [2,3]. SPPT effec-

Understanding and accurately predicting cloud properties and pre-
cipitation has been a focus of research for many years. The ability
to accurately model these processes is essential for climate projec-

tively simultaneously adds spatio-temporally correlated noise to several

parametrized tendencies, implicitly assuming the same error charac-

tions and numerical weather prediction (NWP). However, due to the
small inherent spatial and temporal scales, cloud processes are subgrid-
scale and, therefore, need to be represented by parameterizations,
which inherently introduces uncertainty in NWP models. With the
continuously increasing computer power, model resolutions of these
models are steadily improving, increasing the importance of detailed
bulk microphysics schemes. Operational weather services introduce
physics perturbations in their ensemble prediction systems to account
for uncertainty related to sub-grid-scale processes and their interac-
tion with explicitly resolved dynamics. Examples of such perturbations
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teristics for all perturbed parameterizations. This uniformity cannot
reflect the true uncertainty associated with each specific parameter.
Another downside is the violation of key conservation laws [4]. In
contrast, SPP introduces random perturbations to a limited number
of model parameters to account for uncertainty in the representation
of subgrid-scale processes. This approach enables independent error
characteristics but may lead to an underdispersive ensemble forecasting
system [5,6].
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Cloud microphysical and other parameterization schemes typically
include hundreds of uncertain parameters. Sensitivity analyses, i.e., per-
forming simulations with a range of different parameter values, are
often performed to understand if and by how much specific parameter
perturbations influence target variables, such as total surface precipi-
tation, cloudiness, or characteristics of the large-scale flow. Sensitivity
analysis is a powerful tool for quantifying the impact of parameters on a
system’s behavior. Providing information about the relevant parameters
makes methods such as SPP more effective. However, exploring the
phase space of uncertain parameters with full NWP simulations is very
costly, and careful consideration of the ensemble design is needed to
make the most of the computationally expensive simulations. Recently,
perturbed parameter ensembles (PPEs) have been built for microphys-
ical applications [7-12] facilitating a relatively dense sampling of a
multi-parameter phase-space with a comparatively small number of
NWP simulations. This method maintains the physical integrity and
local conservation properties of the parametrization schemes. It also
enables uncertainties to be depicted near their origins, potentially
facilitating more targeted adjustments to the ensemble spread. Yet,
the number of microphysical parameters in PPEs is typically fewer
than ten, e.g., six parameters had been used by Frey et al. [11],
and Johnson et al. [12] investigated the impact of ten parameters on
twelve cloud properties. Those studies still require about 100 individual
NWP simulations with high computational costs or statistical emulators.

Algorithmic Differentiation (AD) is a technique for efficiently and
simultaneously calculating hundreds of instantaneous sensitivities at
arbitrary time steps [13-15]. Thus, the entire uncertain parameter
space can be covered simultaneously, and the sensitivity of selected
target variables to the uncertain parameters can be quantified and com-
pared. Bischof et al. [16] applied AD on the MM5 mesoscale modeling
system. The tangent linear model created by AD is used to describe
the evolution of errors or perturbations and to estimate the impact of
additional observations in the initial temperature field. AD has been
used in turbulence models by Bischof et al. [17] to assess the sensitivity
of two models to their model parameters. Furthermore, Kim et al. [18]
applied AD for atmospheric chemistry models to calculate the sensitiv-
ity of ozone to initial concentrations of 84 species and 178 reaction rate
constants in different chemical regimes. As a last example, Gelbrecht
et al. [19] discuss the usage of AD for earth system models to tune the
models objectively and for online training of machine learning models
as emulators. These emulators become more stable and accurate when
gradients of the original model are used during online training [20-22].

Albeit enabling the quantification of instantaneous parameter sen-
sitivities for a large number of parameters, the largest local gradients
need not necessarily project on the strongest sensitivities of a strongly
non-linear system, such as clouds and their interaction with flow dy-
namics. However, earlier investigations by Hieronymus et al. [13]
suggest that the ordering of parameters, i.e., their relative importance,
determined by AD carries some predictive power for the non-linear
evolution of clouds.

WCBs are the primary cloud- and precipitation-producing airstreams
in extratropical cyclones and substantially modify the mid-latitudes
cloud radiative forcing. They typically ascend from the lower into the
upper troposphere, where they can interact with the upper-level flow.
Previous studies showed that uncertainty in the representation of dia-
batic heating along the ascending WCB airstream influences its cross-
isentropic ascent strength [23-26] and the WCB ascent frequency [27].
Misrepresentation of WCB ascent in forecasts can subsequently influ-
ence the position of the upper-level ridge [24-26,28] and upper-level
wind speed [29]. Considering the upscale error growth mechanism
formulated by [30], WCBs are relevant for the cloud characteristics and
surface precipitation and the large-scale flow evolution [31]. Latent
heat release during cloud formation is the dominant diabatic heating
contribution during WCB ascent [24,32,33].

Although cloud microphysics is the dominant diabatic heating source
along WCB trajectories, few studies have systematically quantified
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parametric uncertainty in these large-scale weather systems, in contrast
to, for example, convective systems for which sensitivities experiments
have been performed more frequently [e.g.,9,12,34-38]. [39] applied
perturbations to the terminal fall velocity of ice, deposition, and subli-
mation rates in a case study investigating an extratropical cyclone. They
found that these parameters influence the mesoscale pattern of ice and
liquid water content, relative humidity, and the formation of frontal
rain bands. [40] researched how aerosols impact surface precipitation
in North Pacific WCBs. While WCB trajectories strongly polluted with
aerosols delay and reduce surface precipitation, the abundance of clean
trajectories mitigates those effects.

In this study, we apply AD to quantify the microphysical param-
eter sensitivities of ICON’s two-moment microphysics scheme [41,42]
for specific humidity, latent heating, and latent cooling along warm
conveyor belt trajectories from a convection-permitting simulation and,
thus, identify the most relevant uncertain microphysical parameters.
Specific humidity is interesting at lower layers due to its importance
for cyclone dynamics. At the upper layers, namely the upper tropo-
sphere and lower stratosphere (UTLS), specific humidity determines
the formation of cirrus clouds, which impacts the radiative forcing
and surface temperature. Uncertainty in latent heating and cooling
might lead to forecast busts [31] due to their role in cyclone dynamics,
cross-isentropic ascent, potential vorticity, and the flow interaction at
the upper layers [23-25,27] and are therefore of particular interest.
Furthermore, the impact of cloud microphysics on large scales depends
on the outflow height, which depends on latent heating and cooling.
Specifically, we will address the following questions:

1. What are the key cloud microphysical uncertainties for spe-
cific humidity, latent heating, and latent cooling along WCB
trajectories?

2. Which uncertain microphysical parameters are particularly im-
portant during different thermodynamic phases and ascent stages
of the WCB airstream?

3. How spatio-temporally consistent are the key uncertainties?

Details about the case study and analysis methodology are provided
in Section 2 followed by a discussion on the selection of first-order
important parameters (Section 3). We then discuss the spatio-temporal
consistency of parameter sensitivities in Section 5 before a detailed
discussion of the first-order important parameters for different cloud
and ascent regimes in Sections 4 to 6. The paper concludes with a
summary and discussion of the key results (Section 7).

2. Data and methods

We analyze the cloud-microphysical parameter sensitivity evaluated
using AD for a WCB ascending in the North Atlantic region in early Oc-
tober 2016. Fig. 1 illustrates the geographic structure of the cloud band
associated with the WCB as observed from satellite and represented in
our model simulations. The case study is described in detail in Oertel
et al. [33]. We use trajectories provided by a high-resolution NWP
framework developed for capturing atmospheric dynamics with explicit
deep convection. Along those trajectories, AD is applied by resimu-
lating the microphysical evolution given thermodynamic data, vertical
velocity, and precipitation from above by pre-calculated trajectories.

2.1. ICON simulation including trajectory calculation, selection, and cate-
gorization

The WCB case study was simulated with the Icosahedral Nonhy-
drostatic (ICON) modeling framework [version 2.6.2.2;43]. The 66h
simulation is initialized from the ECMWF analysis at 18 UTC 03 Octo-
ber 2016 and run on a global RO3B07 grid (approx. 13km effective
grid spacing) with a time step of 120s. In the WCB ascent region,
we include two refined two-way coupled nests employing RO3B08 and
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Fig. 1. Warm conveyor belt cloud band considered in this study at 18 UTC on 04th October 2016 (a) as modeled by ICON and (b) seen by Seviri 10.8 pum imager. (a) shows the
total water path (TWP, in kgm~2) in shading, the sea level pressure (every 5hPa) in gray contours, and selected WCB trajectories starting their ascent before 18 UTC in black
lines. The blue and purple contours show liquid and ice water path (at 0.5kgm™2). The greenish contours in both panels show the extent of the two inner nests.

RO3B09 grids (approx. 6.5km and 3.3km effective grid spacing) and
time steps of 60 s and 30s, respectively. The domain set-up, along with
the instantaneous total water path at 18 UTC on 04 October 2016, is
shown in Fig. 1 alongside the infrared image from Seviri at the same
time.

Microphysical processes are represented with ICON’s two-moment
scheme [41,42] which includes six prognostic hydrometeor types (cloud
liquid (g,), ice (g;), rain (g,), snow (g,), graupel (qg), and hail (g,)), and
their corresponding number concentrations. In the global domain, con-
vection is parameterized with a Tiedtke-Bechtold scheme, while in the
high-resolution nests, only shallow convection is parameterized [44-
46]. ICON’s default parameterization scheme for turbulence [47], sub-
grid scale orography drag [48] and non-orographic wave drag [49] are
used. For radiative transfer, the ecRad scheme [50] is applied.

The cloud microphysics parameter sensitivity analysis focuses on
the WCB, a cloud feature in extratropical cyclones highly relevant for
cyclone dynamics and moisture transport to the UTLS 2. To identify
the WCB, we utilize online trajectories [33,51] that are started hourly
throughout the simulation on a pre-defined grid covering the inflow
region of the WCB (details see Oertel et al. [33]). For subsequent anal-
ysis of microphysics parameter sensitivity with AD (see Section 2.2),
the air parcel properties (longitude, latitude, pressure, air temperature,
specific humidity ¢, hydrometeor content and number concentrations,
as well as hydrometeor sedimentation fluxes in and out of the parcel)
interpolated from the Eulerian grid to the parcel position are output
every 30s, i.e., at every timestep in the highest resolution nest.

WCB trajectory selection and ascent characteristics

From all online trajectories, we define WCB trajectories as those
with ascent depth and speeds exceeding 600 hPa in 48 h consistent with
other studies [33,52]. Subsequently, we focus on the period including
the fastest 600hPa ascent, as well as 2h before the fastest ascent
starts and 2h after it ends. This also provides an ascent timescale
(z600) for each trajectory [53], which varies between 1h and 48h.
Trajectories with fast 4y, are influenced by embedded convection,
while parcels with large 7, are slowly ascending WCB trajectories. In
total, about 16,000 WCB trajectories are selected by the above criteria
and considered in the following analysis.

The WCB trajectories ascend in the warm sector of the extratropical
cyclone, where the extended characteristic cloud band forms (Fig.
1). The cloud band has a large vertical extent spanning from the
lower-most troposphere up to approximately 10 km height and includes
different cloud regimes [see also33]. The extent and location of the
WCB-related cloud band in our ICON simulation compare well with
its position in the satellite image. Ascending WCB trajectories strongly
contribute to the formation of the cloud band. They, on average,
ascend from 950hPa to 300 hPa and continuously experience colder
temperatures (Fig. 2a). Thus, from the WCB inflow in the lower tropo-
sphere to the WCB outflow in the upper troposphere, the microphysical

processes shift from a predominantly warm-phase via a mixed-phase to
an ice-phase. The cross-isentropic ascent of WCB airmasses is enabled
by strong latent heating from cloud formation [e.g. 33] (Fig. 2b).
However, in the initial ascent phase, cloud microphysical processes can
also cool the WCB parcels, for example, by rain evaporation or melting
of frozen hydrometeors falling into the low-level air parcels from higher
altitude clouds (Fig. 2c).

Trajectory categorization

We stratify the trajectory data for detailed sensitivity analysis into
(i) different microphysical regimes according to the dominant hydrom-
eteors and microphysical processes and (ii) dynamical regimes in the
WCB ascent. Distinctly different physics processes characterize the
cloud evolution in these regimes, and we investigate whether this is
reflected in different parameter sensitivities.

The microphysical regimes are defined by the presence/absence of
certain hydrometeor types as follows: The warm-phase regime includes
all trajectory segments with cloud water and/or rain but no ice-phase
hydrometeors. Conversely, the ice-phase regime includes all trajectory
segments, with ice-phase hydrometeors but no liquid hydrometeors.
The remainder of trajectory segments with hydrometeors are classified
as mixed-phase. The number of data points and average temperature in
each microphysical regime are provided in Tables 1 and 2, respectively.
The mixed-phase microphysical regime is most common (50.27% of all
time steps), with the ice-phase regime a close second (42.28%), and
the warm-phase (7.45%) regime occurring less frequently. The average
temperatures are consistent with physical expectations, i.e., warm-
phase processes dominate above the freezing level at 273K, and no
supercooled liquid water appears at temperatures below 233 K. Note
that for technical reasons, we only use the precipitation from above, at
the start and end of a resimulated time step for phase identification. In
rare cases, a frozen hydrometeor such as snow may form and evaporate
within a single time step without any frozen hydrometeor at the intake,
start, and end of a time step. This can lead to small gradients to the cor-
responding parameters in cloud phases that should not be susceptible to
sensitivities in the given physical processes. Key parameter sensitivities
for the different microphysical regimes are discussed in Section 4.

Two different categorizations of dynamical regimes are used: (i)
The ascent timescale 7, is utilized to distinguish slowly ascending
trajectories from those with significant contributions from (embedded)
convection. Trajectories are grouped in 7, bins of 2h. (ii) WCB inflow,
ascent, and outflow phases are separated to focus on the different
dynamical forcing in these regions [54-56] To determine these, we use
fixed vertical layers: Trajectory points with p>800hPa are classified
as inflow, those with 800 hPa > p>400hPa as ascent, and those with
p <400hPa as outflow. The number of data points and mean tempera-
ture in each category are detailed in Tables 1 and 2, respectively. Since
some trajectories reside longer in the microphysically and dynamically
less active inflow or outflow regions than others, we cut off any data
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Fig. 2. Evolution of mean pressure (bold lines) and standard deviation (thin lines) along ascending WCB trajectories centered relative to the start of their fastest 600 hPa ascent
phase and colored according to (a) mean temperature (T), (b) mean ascent-integrated latent heating (/h), and (¢) mean ascent-integrated latent cooling (/c).

Table 1

Number of data points along WCB trajectories found in the different microphysical (warm-phase, mixed-
phase, ice-phase) and dynamical (inflow, ascent, outflow) regimes. The percentage of all data points falling
in a specific category is provided in brackets. Only data points within the strongest 600 hPa ascent and 2h
before the ascent starts and 2h after it ends are included.

Phase Inflow Ascent Outflow Total
Warm-phase 7.07 x 10° 5.55x 10° 0 7.62 x 10°
(6.91%) (0.54%) (0.00%) (7.45%)
Mixed-phase 1.22x 107 2.83x 107 1.09 x 107 5.14x 107
(11.97%) (27.65%) (10.66%) (50.27%)
Ice-phase 344 4.58 x 10° 3.87x 107 4.33x 107
(~0%) (4.47%) (37.80%) (42.28%)
Total 1.93x 107 3.34 x 107 4.96 x 107 1.02 x 103
(18.87%) (32.66%) (48.46%) (100%)

points that are 2h before or after their fastest 600 hPa ascent. With
this modification, about a third of the WCB data points is in the ascent
region (32.66%) even though the trajectories ascent very quickly.
The inflow (18.87%) region occurs less often, whereas the outflow
(48.46%) region dominates in our dataset. This dominance is because
some trajectories ascend further after the strongest 600 hPa ascent (see,
e.g., Schwenk and Miltenberger [57]). The parameter sensitivities for
the different dynamical regimes are discussed in Sections 4 and 6.

2.2. Algorithmic differentiation for cloud microphysics

Algorithmic Differentiation (AD) is a technique for efficiently and
semi-automatically evaluating parts of the Jacobian of an implemented
model, i.e., computer code. Since any computer code is a concatena-
tion of differentiable elemental operations, such as multiplication or
trigonometric functions, one can calculate the gradient for all these
operations. Applying the chain rule repeatedly gives the gradients for
the whole program run alongside the usual execution of the code [15].
Since gradients can be evaluated for any prognostic variable with
respect to any model parameter, a gradient above zero reveals any
associated process that had been active. AD can be applied in forward

mode to propagate derivatives from the inputs to the outputs and in
reverse mode for, e.g., backpropagation or if many inputs, such as
model parameters, and few outputs, such as prognostic variables, are in
place. The gradients provided via AD are exact up to machine precision
as this method does not rely on numerical differentiation.

Baumgartner et al. [58] and Hieronymus et al. [13] applied AD on
cloud microphysical models to perform a sensitivity analysis. Baum-
gartner et al. [58] showed that AD, in principle, works for cloud
schemes using idealized trajectories and a simple warm-rain micro-
physics scheme. Hieronymus et al. [13] extended that approach to a
two-moment cloud scheme by Seifert and Beheng [41] and applied
it along representative trajectories. They evaluated the gradients for
177 model parameters at low computational cost. Furthermore, they
showed that instantaneous sensitivities have meaning beyond a single
time step by comparing them to the ensemble spread after 30 min from
a Monte-Carlo type perturbed parameter ensemble simulation. The AD-
estimated sensitivities and perturbed ensemble spread ranges show a
high rank correlation. This confirms that the ranking of parameter
impact from AD-estimated sensitivities is consistent with parameter
impact on uncertainty of cloud model simulations (at least) over a
horizon of the next 30 min.
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Average temperature of WCB trajectory points found in the different microphysical (warm-phase, mixed-
phase, ice-phase) and dynamical (inflow, ascent, outflow) regimes. The average temperature of all trajectory
points in a specific category and the standard deviation (in brackets) are provided. Only data points within
the strongest 600 hPa ascent as well as 2h before the ascent starts and 2h after it ends are included. The
ice-phase during the inflow stems from the sedimentation of frozen hydrometeors from above that do not
melt or evaporate immediately. This affects only a few trajectory data points (see Table 1).

Phase Inflow Ascent Outflow Total

Warm-phase 287.25K 279.92K - 286.72K
(+£3.49K) (+2.48K) (+3.92K)

Mixed-phase 283.97K 261.88K 237.70K 262.01K
(+£4.00K) (+11.25K) (£6.57K) (+17.97K)

Ice-phase 276.15K 246.15K 228.29K 230.10K
(+£2.45K) (£6.18K) (+£5.70K) (+9.03K)

Total 285.17K 260.02K 230.29K -
(+4.13K) (+12.33K) (£8.03K)

Here, we apply AD to cloud model simulations following a similar
approach to Hieronymus et al. [13]. We use more trajectories to gain
insight into the spatiotemporal variability of parameter sensitivity: A
cloud box model is run along all WCB trajectories identified in the
ICON simulation (Section 2.1). The box model consists of a reimple-
mentation of the ICON’s two-moment microphysics scheme and uses
the thermodynamic time evolution from the ICON online-trajectories.
The thermodynamic data and precipitation from above are provided
ICON. We use temperature, pressure, ascent velocity, precipitation
from above, and water content by ICON at the start of the considered
trajectory segment. At every resimulated time step, we update these
with input from ICON, except for water content. In addition to the cloud
microphysical state, the derivatives of specific humidity (g,), latent
heating (/h), and latent cooling (/c) with respect to the model parame-
ters are calculated to quantify the respective sensitivities. Sensitivities
¢ are defined here as the (linearly) predicted change of the model state
k € {lh,lc,q,} if the respective model parameter p was perturbed by
10% at trajectory i, and time :

» _ 0k

.= —| -0.1p. 1
t,ik ap i 0.1p (@9)

We multiply the 10% to the gradient to make the impact of all pa-
rameters comparable despite the different ranges of their absolute
values. Without normalization, a parameter regarding the geometry of
ice would be deemed much more important than a parameter related
to the number of aerosols in the air due to the different units and,
therefore, different nominal values. Note that different parameters may
have different impacts, e.g., linear or exponential, which is taken into
account at the given time ¢ with ok/dp|, ;.

This study considers sensitivities to 169 uncertain model parameters
in the microphysics scheme and their general impact on the cloud
model. For a complete list of analysis parameters and their role in the
microphysics parameterization, see Hieronymus et al. [13]. The sub-
set of parameters that we identify to be of leading order importance
(as defined in Section 3) are listed and described in Tables C.4-C.8.
Instead of referring to individual parameters in the following analysis,
we group the identified impactful parameters according to the micro-
physical processes in which they appear, or if they appear in multiple
processes, we group them according to the physical description. As
follows for the analysis presented later, most influential parameters
are directly related to the model representation of (i) diameter-mass
relations of hydrometeors, (ii) rain evaporation, (iii) CCN activation,
(iv) hydrometeor fall velocity. Further, parameters from the descrip-
tion of freezing of rain, sedimentation velocities, and the melting of
frozen hydrometeors are found to be of leading order importance.
Parameters that describe the geometry of a hydrometeor are examples
of parameters that appear in many physical process representations.
For instance, geo,,;, is used to calculate the mean diameter of a
raindrop based on the rain mass and number concentrations [42]. The

mean diameter, in turn, describes raindrop break-up, rain evaporation,
sedimentation, riming, and freezing. A description of top parameters
and the microphysical process parameterizations in which those are
used is provided in Tables C.4, C.5, C.6, C.7, and C.8.

The target variables ¢,, /h, and /c are selected because they are
tightly related to the diabatic heating in the WCB and, therefore, have
an impact on the WCB and large-scale dynamics, [e.g., 33].

3. Selecting first-order important cloud microphysical parameter
sensitivities in the WCB ascent

3.1. An illustrative example

In this subsection, the thermodynamic evolution and AD output
of two exemplary trajectories illustrate the variability of parameter
sensitivity along the WCB ascent. We discuss the differences between
a convective and a slantwise ascent and the physical plausibility of the
AD-estimated sensitivities. We follow the categorization by Oertel et al.
[59], who define convective WCB ascent for trajectories with ascent of
600 hPa in less than three hours and slantwise ascent for 600 hPa ascent
between 6.5h and 22h. We further present the temporal distributions
of sensitivities. The thermodynamic evolution and some AD output of
the two exemplary trajectories are shown in Fig. 3. These have been
selected to represent slantwise (Fig. 3 dashed lines) and embedded
convection modes (Fig. 3 solid lines) and have ascent timescales 74,
of 41.8h and 13.1h, respectively. Their thermodynamic evolution is
shown in panels Fig. 3a and b and is broadly similar to the average
WCB trajectory shown in Fig. 2.

As expected the strong pressure decrease (green lines in Fig. 3a)
coincides with a strong drop in temperature (dark red lines in Fig. 3 a),
decline of specific humidity (blue lines in Fig. 3b), and presence of
hydrometeor content (green lines in Fig. 3b). The phase transition of
water also results in strong latent heating (dark red lines in Fig. 3b).
The target variables used in our study, i.e., specific humidity, latent
heating, and latent cooling, show systematic variations as a function
of air temperature in the exemplary trajectories (Fig. 3b) as well as
in all considered trajectories (Fig. 4 a and b): Specific humidity overall
decreases towards colder temperatures. Latent heating reaches maxi-
mum values for temperatures around 275-280K. It decreases strongly
for colder temperatures, which is expected from the vertical velocity
distribution and the temperature dependence of the saturation vapor
pressure. The weak local maximum in /4 around 220-230K is related to
the homogeneous freezing of any remaining cloud water. Latent cooling
is mainly large at warm temperatures at or above the 273.15K-line and
reflects evaporation of hydrometeors falling into the inflow air from
higher level clouds [see also e.g.33]. The secondary maximum at 273K
is related to the rapid melting of sedimenting frozen hydrometeors,
while rain evaporation dominates further below. Another local maxi-
mum in /c is found at 235K, which stems from a few data points with
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Fig. 3. Examples of convective (solid lines) and slantwise (dashed lines) ascending trajectory with 74, of 13.1h and 41.8h, respectively. Times during the fastest 600 hPa ascent
are highlighted by thicker lines. (a) Evolution of pressure (green, left ordinate) and air temperature (dark red, right ordinate). The horizontal lines at the bottom of the panel
indicate the cloud phase as determined by our analysis (red: warm-phase, orange: mixed-phase, blue: ice-phase) for the convectively and slantwise ascending trajectories. (b)
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(green, right ordinate). (c), (d) Evolution of the maximum sensitivity (black) as determined by AD at each timestep along the convective (c) and slantwise (d) ascending trajectory.
In addition, the sensitivity for three selected parameters (b, from the parameterization of rain evaporation (green), by.,;. from the mass-diameter relation for ice crystals (purple),

and vel, ., from the diameter-fallspeed relation for rain (pink) are shown and sometimes cover the maximum sensitivity. Sensitivities in (c) and (d) are determined for specific
humidity g, as the target variable.
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short, strong ascent and some rain present. Due to the ascent and the
low temperature, the depositional growth of ice and snow is strong,
which leads to a very undersaturated state with relative humidity over
water as low as 65%. This triggers the evaporation of the remaining
rain. However, this is a rare case that happens only in 131 of 16534
trajectories.

Fig. 3 ¢, d explores the uncertainty of specific humidity evolution
as quantified with AD-derived sensitivities §fiik (Eq. (1)) for the con-
vective and slantwise ascending trajectories, respectively. We focus
here on the sensitivity of the specific humidity ¢, only. Figs. 3 ¢
and d show the maximum sensitivity of all 169 parameters for each
timestep, i.e., 30s, along the relevant trajectory segments (black line).
The maximum sensitivity along both trajectories fluctuates over a large
range of values with peak values reaching 1072 g kg™! (30s)~!. There is
no noticeable trend of sensitivity with temperature, specific humidity,
or other physical parameters. Also, the values are comparable between
the trajectories and, more generally, across different ascent timescales
(not shown).

In addition to the maximum sensitivity, we show the sensitivity of
q, to three selected parameters by, vel, ,;,, and geoy;., i.e., the direct
AD output, by the colored lines (green, pink, purple lines in Fig. 3 c,d).
As expected, these parameters show a stronger dependence on time
during ascent, temperature, and other physical properties of the parcel
under investigation. b, (green lines in Fig. 3¢,d) is a parameter that
appears in the rain evaporation [42]. Rain evaporation describes the
water flux from rain to the gas phase, and therefore, modifications
to this parameterization directly impact the specific humidity q,. The
parameter is primarily important at the start of WCB ascent when
trajectories are still undersaturated and rain falls into the parcels from
above. For the slantwise ascending parcel, there is a second interval of
significant b,-related uncertainty around 10h and 25h into the ascent,
coinciding with a slight pressure increase interval. Due to the negative
vertical velocity, the air parcel becomes undersaturated, and rain left
in the parcel or falling in from above will evaporate (also reflected by
slightly decreasing accumulated /A + Ic).

The second parameter vel, .;, appears in the diameter-fallspeed rela-
tion of rain and appears in the parameterizations of rain sedimentation
as well as the riming growth of frozen particles upon collision with
rain. Sensitivity to vel, ., is found again at the beginning of the ascent
with several maxima at later times, in particular for the slantwise
ascending trajectory. It only appears during periods labeled as mixed-
phase. The decrease in sensitivity after the first few hours into the
ascent is likely due to the depletion of rain by sedimentation, freezing,
and riming. Later maxima are tied to re-introduced rain likely related to
sedimentation from embedded convection above the considered parcel.
However, this is not easy to demonstrate with the Lagrangian data.
vely, i, Note that the AD-derived sensitivities indicate an “immediate”
impact, i.e., within one timestep, onto the target variable and disregard
longer-timescale feedback processes. In the below-cloud region, altered
rain sedimentation can impact rain evaporation and, thereby, specific
humidity. In the presence of cloud liquid, a saturation adjustment
scheme controls the partitioning between cloud water and water vapor.
Therefore, the sensitivity to vel, .,;, in the mixed-phase, in-cloud regions
is not related to rain sedimentation but to the representation of riming
growth. Riming results in additional latent heating from the freezing,
impacting the parcel’s temperature and, therefore, the saturation of
specific humidity used in the saturation adjustment.

Eventhough vel,,;, and b, are both related to rain, they are dom-
inant at different stages. The early stage of a cloud is dominated by
condensation and latent heat release, i.e., processes related to phase
changes such as rain evaporation. The fallspeed of rain is not yet the
limiting factor in determining specific humidity in the two trajectories
shown in Fig. 3. Therefore, vel, ., becomes more relevant once the
cloud is developed further.

Sensitivity to geo, ;.. is found across mixed- and ice-phase regions
along both trajectories. geoy;.. appears in various parameterizations,
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including ice sedimentation, depositional growth, and riming growth.
In particular, the latter two processes impact the latent heating in the
mixed-phase and, by that, the parcel temperature and saturation of
specific humidity. In the ice-phase, partitioning between ice particles
and specific humidity is controlled by depositional growth, and, there-
fore, any modification of depositional growth directly impacts specific
humidity.

As evident from the time dependence of the individual parameter
sensitivities in the exemplary trajectories, the cloud phase influences
the dominant parameter sensitivities due to different active micro-
physical processes, which is well expected from basic cloud physical
understanding. A cloud-phase dependence of the parameter sensitivities
is also reflected across all considered WCB parcels. Another important
aspect of the exemplary time series of parameter sensitivities is the
temporal consistency of the impact of individual parameters (Fig. 3c,
d): The segments of large parameter sensitivity are not an isolated
occurrence in time but can extend over several hours. We hypothesize
that the time the microphysical evolution is sensitive to a specific
parameter is important. Complex, non-linear microphysical processes
likely buffer short bursts of parameter sensitivity. These aspects will
become important in objectively selecting leading order parameters as
discussed in the following Section 3.2.

3.2. Selecting most impactful parameters

Several different approaches can be used to identify parameters with
a large impact across various trajectories and over a large region. It
is critical to understand the spatio-temporal variability of parameter
sensitivity to retain variability inherent in the strong dependence of
active cloud microphysical pathways on the local conditions. In the fol-
lowing, we introduce a method derived from first principles to quantify
sensitivities gathered by the approach presented in Section 2.2.

Instantaneous ranking of sensitivities

An intuitive way is to gather parameters with sensitivities ¢ in
the leading order of magnitude for each target variable, i.e., latent
heating rates (/h), latent cooling rates (I¢), and specific humidity (g,),
at each time step during the fastest 600 hPa ascent. This approach
retains much of the temporal and spatial (in the sense of different
trajectories) variability of parameter sensitivities, at least in a relative
sense. Due to the temporal evolution of thermodynamic conditions
and updraft velocity, sensitivity to specific parameters may only exist
during certain time periods before and after which they cease to be
important. Information on the length of timespans z,,,, during which
a specific parameter is coherently within the leading order, may be
important for selecting important parameters. This argument is based
on the hypothesis that the time the microphysical evolution is sensitive
to a specific parameter is important and that sensitivities registered
only over a short time or very localized spatial extend may be less
important due to the strongly non-linear nature of cloud physics. Find-
ing a suitable choice for a “significant” z,,;, is not trivial. An intuitive
approach may be normalizing it with the time a parcel spends within
the cloud or a specific cloud phase, which is roughly proportional to
the ascent time 4y,. Using a threshold of 7, = 1%74), and retaining
only parameters that appear in at least 0.1% of all trajectories yields
74 parameters in our WCB dataset (see Section 6 for more details).
This parameter number is too large to be fully targeted by full NWP
ensemble simulations, and therefore, either the percentage of time
needs to be increased or additional criteria need to be applied, such
as information on the absolute sensitivity values and/or combinations
of target variables. An issue with the former is that processes with a
short inherent timescale, such as CCN activation or homogeneous cloud
freezing, may be disregarded, although they may have a lasting impact
on cloud microphysical evolution. Furthermore, using the leading order
of magnitude in each time step removes opportunities to compare
time steps other than analyzing ranked lists of parameters. Aside from
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comparing the identified parameters with other approaches later in this
section, we, therefore, do not use this approach.

At last, this approach does not necessarily include the inflow (p>
800 hPa) and outflow (p<400hPa) of the trajectories when the fastest
600 hPa ascent starts above the typical inflow area or ends below the
outflow area. Including additional time steps before the ascent starts
or after it ends may resolve this issue but introduce a more severe
one. These periods can contain minimal activity, resulting in spurious
data points where derivatives are near zero. Consequently, parameter
rankings within these time steps lack meaningful interpretation, as they
are based on negligible changes.

Ranking sensitivities based on single trajectory maximum
(method used in further analysis)

The instantaneous approach discussed previously disregards infor-
mation on the absolute values of parameter sensitivities and is thereby
impacted by segments with overall low sensitivity. This dependence on
the local conditions is reflected by the systematic variations of absolute
parameter sensitivities with ascent timescale, e.g., temperature and,
thereby, cloud phase. Fig. 5 shows the distribution of the maximum
parameter sensitivity per time-step as a function of parcel temperature
(for all trajectories). Similar to the value of the target variables (Fig.
4a,b), there are systematic changes at temperatures of 273.15K and
238.15K, i.e., where phase changes are expected. The parameter sensi-
tivity of specific humidity, for example, is particularly large at warm
temperatures below the cloud base, where rain evaporation occurs,
and at temperatures just below the homogeneous freezing temperature.
Conversely, the sensitivities are particularly large for latent heating
in the mixed-phase temperature region. This presumable reflects the
impact of glaciation: While ice formation via freezing of ice in the
mixed-phase regime modifies latent heating, the specific humidity is
tightly controlled by water saturation over liquid as long as cloud liquid
is present. To reflect the variation of sensitivities with cloud phases,
we introduce another approach that retains variability across cloud
phases and trajectories but minimizes the impact of segments with low
sensitivity.

For each cloud phase j and each trajectory i a maximum sensitivity
¢ J’"l“,’(‘ for target k € {q,,/h,lc} is determined:

max

= max, + (I¢% , |) with t* = (¢ | phase = j), j € {warm, mixed, ice}.

@

Based on this maximum sensitivity parameters with leading order
impact ;(t”’. . are be selected according to:
P _ p

ik = ( t,i,kl 20.1- /mzal)c() 3
Relying solely on Eq. (3) criterion, where a parameter yields )(fi =
1, is sensitive to outliers and yields many parameters since a list of
parameters for any trajectory i would be compiled. We calculate the
fraction of data points where ;(tpl. . = 1 and use this to create a criterion:

P
Xpx
! :'k with t* = (¢ | phase = j), j € {warm, mixed, ice},

Py >0l =2, Y ~

4

where n* is the total number of data points for a given phase. A
parameter p is then considered important for a target k at phase j if
following holds: The criterion is then:

P(;(,f > 0]j)>0.1% for any k € {q,.lc,lh}, j € {warm, mixed, ice}
)

This way, only parameters with non-zero impact )(t’;’i’k in at least 0.1%
of all data points given a cloud phase j and target variable k are
retained. This approach generates a list of 38 important parameters (see
Table C.3), which, although still potentially too extensive for practical
use in full NWP ensemble simulations or even real-time parameter
selection during simulations, represents a substantial reduction in the
number of parameters compared to the previously discussed approach.

We deem this method to be robust and adequate for further analysis
in this paper because of the following reasons:
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+ All parameters deemed important in previous single to few pa-
rameter sensitivity studies are identified [e.g. 9,12,35,37-39].
Identified parameters for different timescales vary, reflecting pre-
viously documented differences in microphysical pathways [e.g.
33,52,57].

Identified parameters vary with cloud phase consistent with a
basic understanding of cloud microphysical pathways and process
dependencies.

Parameters have a large impact, i.e., are within the leading order
of magnitude, and segments with very low parameter sensitivity
are ignored.

Parameters with a very short-lived impact are ignored due to the
criterium on the minimum number of data points (Eq. (5)).

However, note that a disadvantage of this method is that it is not
useful for an online determination of key parameters during an NWP
simulation as it requires information of extended trajectory segments
and hence is only applicable to postprocessing of simulation data.

The thresholds within a trajectory from Eq. (4) and over all data
points in Eq. (5) can be changed according to the requirements. For
example, the threshold within a trajectory can be increased to reduce
the number of selected parameters, or the threshold over all data
points can be increased to gather a list of parameters with a more
generalizable impact.

Comparison with previously published approaches

In previous work, Hieronymus et al. [13] used the mean squared
sensitivity over all trajectories i (with ny,; the number of trajectories)
and timesteps ¢ (with n,,, the number of time steps) for each parameter
p a given k:

_ 1 Mraj Ntime

F=—3 D (6)

Mtime * Mtraj 5~ 7 o

Then, the ten parameters with the highest average for each target k
are examined in detail in their approach. This method ignores sys-
tematic variability of absolute parameter sensitivity across different
cloud phases and vertical velocity regimes. This may be particularly
problematic if certain regimes’ impact on the targeted flow/cloud
system structures is not proportional to their occurrence frequency in
the dataset. When using the square root of Eq. (6) to maintain the same
units as in our approach and select all parameters within the highest
magnitude, then the method yields 15 parameters in this case study
(see Table C.3). This approach can be partially improved by defining a
maximum mean squared sensitivity for different cloud phases, resulting
in a large set of identified parameters (see Table C.3). However, using
the mean gives parameters with a consistent but low impact the same
rank as those with a shorter but very large impact. In the context of
microphysical models, the latter is of special interest as this indicates
an environment where slight changes in the model parameter lead to
significant changes in the simulation. Therefore, and because variability
with vertical velocity regime is absent, we do not use this approach in
the following analysis.

The different methods are compared in Fig. 6, where the original
method by Hieronymus et al. [13] captures the least number of pa-
rameters. While introducing phases yields parameters related to CCN
activation, it does not capture some parameters for Hallet—-Mossop ice
multiplication and those relevant during the inflow, i.e., rain sedimen-
tation and evaporation parameters. Our method yields these parameters
but leaves out outliers, such as parameters relevant to hail size, which
are given by the intuitive approach with minimum timespans z,,;,. Due
to mostly moderate vertical velocities in WCBs, hail hardly occurs,
and even only few hail particles are mostly unexpected. However,
the minuscule amounts of hail present in the trajectory data lead to
outliers in the sensitivities. For example, if small amounts of hail fall
to lower layers of the atmosphere, they rapidly evaporate entirely,
i.e., faster than the time step of our simulation. Such instantaneous
processes lead to exploding gradients when calculating the derivative of
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specific humidity to any associated parameter. Changing the parameter,
i.e., expediting or slowing the process, has no impact because either
the process is already handled within one time step or it had to be
slowed down considerably to be broken up into at least two time steps.
Without much more hail that can evaporate in this layer or below, the
transfer of water and latent heat release is limited by the total amount
of hail. Considering this reasoning and the fact that our approach does
not produce hail parameters, this further supports the robustness of our
method compared to more intuitive approaches.

Overall, it is encouraging that the first roughly 30 parameters are
identified irrespective of the selection approach, further corroborating
their importance in terms of large (at least) local impact.

4. Variation of most important parameters with cloud phase

The cloud phase, i.e., the cloud composition in terms of the phase
state of water, determines which microphysical processes are active
and, thus, influences specific humidity g, latent heating /4, and la-
tent cooling Ic, as well as associated maximum sensitivities (Fig. 4).
Consistent with this expectation, warm-, mixed-, and ice-phase cloud
segments are sensitive to different parameters (Fig. 7 a). Table C.9 lists
the identified leading-order parameters for each target variable and
cloud phase. Note that the leading-order parameters between the warm-
and ice-phase segments do not overlap (except for dynamic viscosity of
air vy, ,;»), while there is a significant overlap of parameters selected
in the mixed-phase cloud segments with either warm- or ice-phase
cloud segments. This is plausible, as physical processes in warm- and
ice-phase clouds are very different, while processes from warm- and ice-
phase regimes are also expected to be important in mixed-phase clouds.
Overall, the magnitudes of the mean sensitivities for ¢, /s, and Ic are
largest for the mixed-phase and smaller for the ice- and warm-phase
(Fig. 7 a).

Notably, the impact of geometry-related parameters is very pro-
nounced at all cloud stages. Since we use bulk microphysics, the
average size of a hydrometeor is estimated using these geometry pa-
rameters. As a result, this parameterization is widely applied in various
processes where the size of hydrometeors is essential, such as evapora-
tion, melting, collision, and sedimentation. The ubiquitous appearance
is illustrated in Figs. 8-10 where geometry plays a crucial role at all
stages of a cloud. Consequently, a comprehensive discussion of these
parameters becomes impractical.

In the following, we detail the important parameters for each cloud
phase.

4.1. Warm-phase cloud segments

In Fig. 8, we show the processes and parameterizations associated
with leading-order parameters during the warm-phase cloud segments.
The largest sensitivities in warm-phase clouds are related to rain evap-
oration, diameter-size relation of rain (which also influences rain evap-
oration), and CCN activation (Fig. 7a and Table C.9). Parameters used
to represent rain evaporation and the rain size distribution impact only
q, and Ic, as rain evaporation is associated with replenishing ¢, and
evaporative cooling. Rain evaporation is important at the beginning of
the WCB ascent when rain from higher-level clouds reaches low-level,
still undersaturated parcels. In contrast, although with a much smaller
mean impact, parameters in the CCN activation parameterization influ-
ence /c, q,, and /h. The small sensitivity to CCN activation arises due
to additional water mass transfer and associated heating of the parcel
during CCN activation.

Overall, rain evaporation and CCN activation dominate parame-
ter sensitivities in all three target variables in the warm-phase cloud
segments. However, sensitivities to CCN activation are rather small,
and /h parameter sensitivity overall is much lower than in the mixed-
phase cloud segments. Also note that if a model with a prognostic
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condensation (and not a supersaturation scheme) is used, more con-
siderable sensitivity to parameters in the condensation description and
CCN activation are expected.

4.2. Mixed-phase cloud segments

In mixed-phase cloud segments, the largest number of leading order
parameters is found, as expected from the complex cloud composition
and corresponding multitude of active processes (Figs. 7a and 9, Table
C.9). Most parameters relevant in the mixed-phase cloud segment
have also been identified as important in either warm- or ice-phase
cloud segments. g, is most strongly influenced by parameters used

10

to describe the geometry of ice and snow particles and, to a lesser
degree, those used in the rain evaporation parameterization (Fig. 7 a).
Generally, g, is sensitive to all identified leading order parameters. /¢
displays similar sensitivities as g, with additional contributions from
parameters describing graupel geometry, diameter-fallspeed relations,
and melting. The impact of rain evaporation again likely arises from
subsaturated parcels at the beginning of the ascent in regions where
there is sedimentation of frozen particles (graupel, snow) from clouds
at higher altitudes. This also explains the impact of parameters in
the fallspeed-diameter relationship, graupel geometry, and melting
parameterization. Melting influences /¢ through its direct cooling effect,
affecting the local temperature and humidity. This process competes
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with sublimation and deposition in determining the availability of
frozen hydrometeors in unsaturated air parcels. Furthermore, melting
alters frozen hydrometeors’ size distribution and density, modifying
their sedimentation rates. These effects contribute to the sensitivity of
Ic to parameters controlling graupel geometry, diameter-fallspeed rela-
tions, and melting. In addition, rain evaporation can occur in conditions
favorable for the Wegener-Bergeron-Findeisen process, as the rain
evaporation parameterization is called in between the vapor deposition
parameterization and the second saturation adjustment. Hence, we may
see subsaturation to liquid due to ice deposition. /4 is most strongly
influenced by parameters describing ice, snow, and graupel geometry,
followed by parameters used to describe particle sedimentation and
ice formation, i.e., the freezing of rain. These parameters play a role
in cloud glaciation and, therefore, control latent heat released from
vapor deposition, freezing, and riming. As latent heating impacts the
parcel temperature, instantaneous impacts on g, are expected to occur
as well, although ¢, in the mixed-phase is directly controlled only by
the saturation adjustment scheme. Terminal velocities play a role in
depositional growth (ventilation) and riming and, therefore, impact /A
(and ¢,) by a similar mechanism. However, fall velocity for rain and
graupel are not identified as leading order parameters for g, but only
for Ic, likely the indirect impact on ¢, via altered temperatures is too
small and too localized.

Overall, the mixed-phase cloud region is characterized by the largest
sensitivities and the most parameters within the leading order of mag-
nitude, dominated by rainfall parameterization and geometry for ice,
snow, and graupel.

4.3. Ice-phase cloud segments

In ice-phase cloud segments, the leading-order parameter sensi-
tivities are related to the diameter-mass relation of ice and its fall
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velocity (Figs. 7a and 10, Table C.9). The sensitivities are similar
for all three investigated target variables. Smaller sensitivities, which
are still leading order, are also found for parameters related to the
diameter-mass relation and fall velocity of snow and graupel. This
reflects the presence of pure ice-phase clouds, mainly in the outflow
region of the WCB. Ice crystals are the predominant particle type found
in these clouds, with some snow and graupel that are carried in the
stronger updrafts and will quickly sediment. As vertical velocities and
net vertical displacement in the outflow are typically relatively small,
the main active cloud microphysical process is the sedimentation of ice
crystals.

5. Spatio-temporal consistency of parameter sensitivities

To analyze spatial and temporal patterns of sensitivities, we trans-
form the Lagrangian sensitivity information onto an Eulerian grid.
At each position of the 4D Eulerian grid, we store the frequency of
each parameter where the parameter is within the leading order of
magnitude as defined in Eq. (3) for a given target k. That is, each
position contains Y ;; ;(tf:,’k, with 7 the time where trajectory i is within
the corresponding bin. The new four-dimensional grid covers the area
of the WCB ascent, i.e., 17 to 84.32 °N and —-68 to 68.62 °E with
100 equidistant bins along the longitude and latitude with a constant
increment in longitude and latitude values, the entire atmospheric
column (10 height levels from OhPa to 1000 hPa with a spacing of
100hPa) and the entire duration of the original model simulation,
i.e. 0-72h in 1 h interval. We use 2 h before the ascent starts, the fastest
600 hPa ascent, and 2h after the ascent ends of each trajectory. This
metric depends on how many trajectories pass through a bin and how
fast each one leaves it again.
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5.1. Spatio-temporal consistency of important parameters for specific hu-
midity

The spatio-temporal distribution of leading order parameters in the
inflow region (900hPa < p < 1000hPa) is shown in Fig. 11, which
displays at each grid location the most frequently found leading order
parameter for g,. The three panels show the temporal evolution of the
inflow region parameter sensitivities from 1h after the first trajectory
started its ascent in 6h steps. The general shape and evolution of
the region, where parameter sensitivities are identified, reflects the
shape and position of the WCB inflow region by definition. In all three
time instances, geometry-related parameters for rain are most often
identified, and sensitivity to these parameters occurs consistently over a
large area and a large timespan. Other leading-order parameters relate
to the evaporation of rain and CCN activation, although they occur less
widely. Sensitivity to evaporation-related parameters seems to occur
in band-like structures, and we speculate that this may be related to
a strong influx of hydrometeors from banded convection at higher
altitudes, which is ubiquitous in the analyzed WCB [33].

At higher altitudes, the area over which significant parameter sensi-
tivities are identified gets smaller, up to about 600 hPa consistent with
the general geometry of the WCB airstream (see Video 2d_qv.mp4).
In this altitude range, CCN activation becomes the most dominant
parameter sensitivity. At altitudes around 500 hPa, some areas with
strong updraft are dominated by freezing. Otherwise, parameters re-
lated to freezing and melting are less frequent within the leading order
of magnitude than other parameters. This becomes apparent when
comparing the frequency distribution of such patches between different
parameters in Fig. 12. Coherent patches with leading order sensitivities
for freezing and melting are magnitudes smaller and shorter-lived than
most parameters. This, however, is in line with our previous findings
in Section 4. At even higher altitudes up to outflow regions (200 hPa <
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p < 600hPa), the area covered by the WCB airstream becomes larger
again. Parameters related to the geometry of graupel, snow, and ice
dominate, with ice the only dominating factor at 200 hPa and higher
altitudes. This contrasts sensitivities at p > 800 hPa, where the geom-
etry of rain, snow, and graupel is dominant but not ice. Note that
geometry-related parameters are used in many process descriptions,
from evaporation to fall velocity and freezing and melting, which may
explain the widespread sensitivity to these parameters.

For a more quantitative perspective on spatio-temporal consistency
in parameter sensitivity, we identify coherent patches in space and
time where one particular parameter is of leading-order magnitude.
Note that this includes all parameters identified as leading-order in all
locations, not just the most frequently occurring as in Fig. 11. These
patches of coherent parameter sensitivity are then characterized by
their maximal temporal extent and their geometric size in terms of
the number of grid points (including horizontal and vertical extend).
The frequency distributions of these metrics of spatial and temporal
coherency are shown in Fig. 12a and b for each parameter individu-
ally (ordinate, parameters include those identified in Section 3.2). In
general, spatial and temporal consistency seem to be related, where
parameter sensitivities that occur over large spatial regions also last
longer than those occurring only in smaller spatial regions. This is
confirmed by the correlation between spatial and temporal extend
shown in Fig. 12c.

The spatial and temporal extent of geometry-related parameter
sensitivity is the largest, which aligns with our findings from above.
In addition, sensitivity to evaporation- and CCN activation-related pa-
rameters is found over larger areas and time spans that cover most of
the WCB ascent region. However, The spatio-temporal extent of CCN-
related parameter sensitivity is smaller than those of geometry- and
evaporation-related parameter sensitivity. This can be explained by the
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geometry of the WCB airstream, which is rather narrow in the lower
half of the active ascent (800 hPa to 600 hPa), where CCN activation
is active and spreads out more horizontally in the inflow and outflow
regions, where there is no CCN activation but evaporation (mainly
inflow), hydrometeor sedimentation and growths. Parameters relating
to the representation of fall velocity are also found in leading order, and
in particular, those related to the ice fall velocity are also found over
very large spatio-temporal patches. Ice sedimentation is particularly
important for the cloud evolution in the WCB outflow [e.g. 57], and
it is here that we find a strong impact of parameters related to the fall
velocity. Patches of coherent sensitivity to freezing- and melting-related
parameters are the smallest. However, the patch sizes still extend to 3h
and several degrees in longitude/latitude. This may not be surprising
as these processes do not directly influence the specific humidity aside
from a small temperature change affecting the saturation pressure.

In summary, geometry-related parameters have the largest and most
consistent impact on specific humidity, followed by parameters related
to CCN activation and evaporation of frozen hydrometeors.

5.2. Spatio-temporal consistency of important parameters for latent heating

The spatio-temporal distribution of the most frequently found lead-
ing order parameters for /A is overall similar to that for ¢, (see Video
supplement 2d_latent_heat.mp4 [60]). However, there are also some
major differences, particularly in that parameters related to CCN acti-
vation, fall velocity, and freezing more frequently appear as the leading
order parameters. This is physically plausible, as these parameters may
not much impact the partitioning between specific humidity and cloud
condensate (while saturation adjustment is used in the model), but
impact the glaciation state and, thereby, additional latent heat release.
Freezing-related parameter sensitivity appears mainly at altitudes be-
tween 700 hPa and 300hPa, but is the most frequently encountered
parameter only in relatively small patches.

The distribution of spatio-temporal extent of coherent patches sup-
ports these findings (Fig. B.16: the largest differences to the metrics
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for g, are (i) the smaller extent of regions with evaporation-related
parameter sensitivity and (ii) the larger extent of regions with freezing
(and melting) related parameter sensitivity. In addition, other parame-
ter sensitivities extend over larger coherent patches (fall velocity, CCN
activation, and geometry-related). The temporal extent of CCN activa-
tion is very large, which indicates a large impact of CCN activation
overall on the heating budget, even if CCN activation is reduced in
higher altitudes. The correlation between spatial and temporal size for
lh is higher for a spatial extent larger than ten gridpoints than for ¢,
because the impact of CCN activation remains active over a longer time
(see Fig. B.16).

5.3. Spatio-temporal consistency of important parameters for latent cooling

Also, the spatio-temporal distribution of leading order parameters
for Ic is similar to that for ¢, (see Video 2d_latent cool.mp4). The
largest difference is an extended region with melting-related parameter
sensitivity at altitudes between 900 hPa and 600 hPa. With increasing
altitudes, this region expands in a southerly direction, reflecting the
general temperature structure of the atmosphere.

The distribution of spatio-temporal extent of coherent patches re-
flects the larger extent of melting-related parameter sensitivity
(Fig. B.17) compared to g, as well as the large extent of evaporation-
related sensitivity compared to /h. The spatial extent and altitude of
melting-related sensitivities suggests that it is particularly relevant in
regions where strong vertical winds move warm air up and merge with
frozen hydrometeors. Similar to /A, the area of influence for the fall-
velocity related parameter is larger than the analysis for g,. This is
broadly consistent with the role of the different processes for /¢, /A,
and gq,,.

6. Impact of WCB ascent timescale
Aside from air temperature, which constrains the possible (meta-

)stable states of water in an air parcel, vertical velocity is known to be
of fundamental importance for the subset of active cloud microphysical
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processes and the hydrometeors carried by an air parcel. Recent studies
have highlighted the large spread of vertical velocities in WCB ascent
ranging from convective type ascent (vertical velocity ~1 to 10ms™")
to slantwise ascent (vertical velocity ~1cms™!) [e.g. 33,52]. It has been
further shown that the cloud microphysical evolution and precipitation-
formation processes differ between quickly and slowly ascending air
parcels [e.g. 52,57]. Therefore, we compare the leading-order param-
eter sensitivities for trajectories with different ascent timescales ¢,
(defined in Section 2.1). The leading order processes for /i along with
the mean sensitivity are shown in Fig. 13 for different ascent timescales
(for g, and Is see Figs. A.14 and A.15). The strongest sensitivities
across all 74y, are found for parameters related to particle geometry
and fall velocity followed by freezing/melting, evaporation, and CCN
activation, i.e., consistent with results presented in the two previous
sections.

The number of leading order parameters with large mean sensi-
tivity is largest for trajectories with short 7y, (<9/4) and decreases
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for more slantwise ascending parcels. The mean sensitivity decreases
for most parameters with increasing ¢, This is most pronounced
for parameters related to graupel and hail mass-diameter relation and
fallspeed. In addition, this also holds for parameters related to rain
freezing and rain evaporation. Graupel and hail are typically only
found in regions of embedded convection, where vertical velocities
are large enough to sustain supercooled liquid to cold temperatures
and keep larger hydrometeors airborne [57]. This also explains the
stronger sensitivities to parameters related to rain-freezing in fast as-
cending trajectories. Interestingly, parameters relating to the geometry
of snow display larger mean sensitivity for mid-range 7y, (18-36h).
For the slantwise ascending trajectories, depositional growth of ice and
snow has been suggested to be more important [57]. Parameters in
the snow mass-diameter relation appear in the depositional growth
description, contributing additional latent heating in the mixed-phase
cloud regime. The larger parameter sensitivity is therefore consistent
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with the physical understanding of the raug,, dependence of cloud
processes.

Mean parameter sensitivities for ¢, are larger for parameters re-
lated to evaporation and smaller for graupel and hail, as well as
freezing/melting related parameters again in-line with discussion in
previous sections (Fig. A.14). In contrast to /A, mean sensitivities are
not showing a strong decrease with z¢,, while a small local maximum
at mid-range 74, remains for parameters related to rain and snow
geometry. This likely is down to g, being strongly controlled by the
saturation adjustment assumption during the majority of the ascent
independent of 74y, (up until full glaciation). At the same time, /A is
modulated by additional heat release from freezing. Full glaciation in
slantwise ascending trajectories is typically reached at warmer tem-
peratures than in fast ascending trajectories [57]. Amongst others,
the glaciation temperature is influenced by the efficiency of vapor
deposition and removal of liquid by rain formation and riming. Again,
the physical insight into controlling processes is consistent with the
7600 dependence of parameter sensitivity found in our analysis. In
summary, substantial differences in parameter sensitivity are found
between different WCB ascent regimes, which introduce variability in
the spatio-temporal patterns of parameter sensitivity on top of the
thermodynamically controlled variability.

Finally, mean parameter sensitivities for /c are again more similar
to the results for /h, but with a stronger emphasis on parameters related
to melting, rain mass-diameter relation and fallspeed (connected to
evaporation), and graupel geometry.

7. Concluding discussion

We performed a systematic sensitivity analysis of 169 microphysi-
cal parameters in the two-moment microphysics scheme of the ICON
model, which is computationally feasible through AD. AD efficiently
and simultaneously estimates the sensitivities of the model state to
several pre-defined uncertain parameters. The sensitivity analysis was
applied to g, /h, and /c along more than 16,000 trajectories within the
strongly ascending WCB airstream. These target variables have been
chosen for their link to thermal stratification and parcel temperature,
which impacts local vertical velocity as well as via its impact on
potential vorticity distribution on the cyclone evolution itself.

We use the leading order of magnitude for each trajectory, dif-
ferent cloud phases, and a threshold based on the fraction of data
points, yielding 38 relevant uncertain parameters. The 38 parame-
ters are associated with only a few microphysical processes, primarily
rain evaporation, diameter-mass and fall velocity relations for hy-
drometeors, CCN activation, frozen hydrometeor melting, and rain
freezing.

The sensitivities systematically differ depending on the target vari-
ables (g,,, /h, and Ic). For any given target, the leading order parameters
vary systematically with cloud phase, WCB ascent stage (inflow, strong
ascent, outflow), and ascent timescale z4,,. These dependencies are
largely consistent with a general understanding of dominant cloud
microphysical processes in the different regimes. In summary:

* g, is mainly sensitive to parameters used for rain evaporation and
CCN activation, followed by those used in diameter-mass relations
of frozen hydrometers. The former dominates in warm-phase
cloud segments and WCB inflow. At the same time, parameters
related to the geometry of frozen hydrometeors are important
in mixed-phase cloud segments and the strong ascent region.
Parameter sensitivity in the ice-phase segments and the outflow
are dominated by those related to ice geometry and fallspeed. g,
sensitivity does not vary much with z¢, likely due to the strong
assumption of saturation adjustment.

The largest parameter sensitivities for /4 are found in mixed-
phase cloud segments and strong ascent regions. They relate
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to frozen hydrometeor geometry, fall velocity, and rain freez-
ing. These parameters impact the representation of depositional
growth and riming, i.e., processes controlling liquid/ice parti-
tioning and, thereby, additional latent heat release from freez-
ing. Additionally, weaker sensitivity to CCN activation related
parameters is found in the warm-phase/inflow region and to
ice geometry-related parameters in the ice-phase/outflow region.
For most leading order parameters, sensitivities are largest in
fast-rising air parcels (74 < 9 h).

The largest parameter sensitivities for /c are related to parameters
used to describe melting, rain evaporation, and the diameter-mass
relation of rain, graupel, and ice. Sensitivity to rain evaporation
occurs predominantly in the warm-phase/inflow region, while
melting-related sensitivity is largest in mixed-phase/strong ascent
regions. In the ice-phase/outflow region, there is some (small)
sensitivity to parameters used to describe ice geometry. Similar
to /h, parameter sensitivities are largest for fast-rising parcels.

The parameter sensitivities identified by AD are local gradients in
the model state. As the highly non-linear processes governing cloud
evolution can potentially amplify and buffer local deviations in the mi-
crophysical state, parameter sensitivities may only be important if they
occur consistently over a “long” time span or a “larger” geographic re-
gion. Very short-lived or local parameter sensitivities are hypothesized
not to impact cloud evolution over a longer time period. To elucidate
the spatio-temporal structure of AD-derived gradients, we have first
investigated the temporal persistence of individual parameters being
in leading order for individual trajectories. Indeed, we found a large
persistence of these dominating parameter sensitivities for many, but
not all, parameters with large local gradients. The Lagrangian infor-
mation about parameters dominating parameter sensitivity has then
been mapped to the Eulerian domain to retrieve the spatial extent
and lifetime of patches, over which a specific parameter coherently
dominates sensitivity, i.e., is leading order. For most key parameters,
several patches extending over a large fraction of the horizontal extent
of the WCB object and more than 10h have been identified over the
WCB lifecycle. However, the analysis of the Eulerian projection also
confirmed spatial (and, to a lesser degree, temporal) variability in the
parameters dominating the sensitivity of the model state. The most
prominent variations occur with altitude, where at the lowest altitudes,
parameters related to rain evaporation and rain size distribution dom-
inate, followed by those related to CCN activation and melting. In the
mid-troposphere, parameters related to the geometry of frozen hydrom-
eteors and freezing dominate, and those related to ice geometry and
fall velocity dominate in the upper troposphere. This broadly reflects
the variability of leading order parameters with the cloud phase. In
addition, horizontal variability in leading order parameters is found
at any given altitude level, which is most pronounced in the lower
troposphere. For example, horizontal bands of high sensitivity to rain
evaporation occur below 800 hPa. We hypothesize that this horizontal
variability may be related to the distribution of 4, trajectories and
embedded convection.

The spatio-temporal consistency of leading order parameter sensi-
tivities, as identified by AD, suggests that the identified parameters
are indeed very relevant for the future cloud microphysical evolution.
This is further supported by the similarity in the ranking of parameter
impact from AD-derived sensitivity and Monte-Carlo type ensembles
of Lagrangian cloud evolution reported by Hieronymus et al. [13].
To what extent this holds for interactive simulations of the cloud
microphysical evolution, where cloud microphysical processes and dy-
namics are fully coupled, bears further investigation. For example, it
remains open to whether and how the parameter uncertainty related
to rain evaporation in the lower troposphere influences subsequent
WCB ascent. WCB trajectories starting in a region with enhanced
rain evaporation may ascent earlier and/or faster, triggered by earlier
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condensational heating as saturated conditions in cooler and moister
conditions are reached earlier.

Furthermore, future studies with fully interactive NWP models need
to corroborate further the extent to which all relevant parameters are
identified and if the parameter selection approach here suffices. For
example, CCN activation mainly occurs only over a very shallow region
at the cloud base but influences the cloud evolution over a large time
span. This will require a very careful design of the target variables
for which gradients are derived and the criteria used for parameter
ranking and selection. This must include interdependencies between
parameter values that are not reflected in the model formulation but
are inherent in the underlying physics and equations. For example, the
various parameters in the CCN activation are not independent, similar
to those used in the mass-diameter and diameter-fallspeed relations.
Although AD cannot directly provide answers to such questions, the
present analysis suggests it is a useful and promising tool for efficiently,
simultaneously, and systematically identifying the most relevant pa-
rameters from a very large parameter space, efficiently narrowing down
the remaining relevant parameter space for subsequent analyses.

The methods and results presented here can contribute to further
model improvement and ensemble simulation enhancement:

* Model improvement

— Combine parameter uncertainty with AD-estimated sensi-
tivities to identify processes with the highest potential for
increased accuracy, i.e., by improving their representation
using more accurate empirical relationships.

— Simplify less influential parameterizations to optimize model
complexity and reduce computational cost.

— Analyze different schemes and case studies to guide refine-
ments in a generalizable way.

» Ensemble simulation enhancement

— Use AD-estimated sensitivities to get an objective parameter
selection for fully perturbed ensemble simulations.

— Dynamically apply adaptive perturbation based on AD-
estimated sensitivities throughout the simulation.

AD can guide model refinements in a generalizable manner if common
parameters or processes emerge as influential across different cases. AD
remains valuable in guiding improvements when analyzing multiple
models or schemes if common physical processes emerge as dominant.
However, whether results are transferable between different schemes
remains an open question for future research. While model refinements
aim to increase the accuracy of weather forecasts, enhancing ensemble
simulations addresses their underdispersiveness. An overconfident pre-
diction may miss extreme weather events or the severity of high-impact
events that are expected to increase in frequency and intensity due to
climate change. Hieronymus et al. [13] demonstrated that parameters
with the highest sensitivities correlate with ensemble spread. Accord-
ingly, our tool provides a means to estimate the uncertainty of forecasts
more accurately.

In summary, AD is a powerful and systematic approach for iden-
tifying key sensitivities in cloud microphysics. As NWP models move
toward increasingly higher resolutions with the increase in computa-
tional power, the impact of cloud microphysics schemes becomes more
critical. We propose integrating AD-based insights into future research
to enhance the accuracy of cloud parameterizations while addressing
challenges like underdispersiveness in ensemble simulations, ultimately
contributing to more reliable weather predictions.
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Appendix A. Mean gradients with different timescales

See Figs. A.14 and A.15.

Appendix B. Frequency distribution of sensitive coherent regions

See Figs. B.16 and B.17.

Appendix C. Parameter details

See Tables C.3-C.9.
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Fig. A.14. Mean gradients |/, iq.I for specific humidity with different ascent timescales (z4,) of the trajectories. The size of the markers is proportional to the mean of each
gradient.
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Fig. A.15. As Fig. A.14 but for latent cooling.
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Fig. B.16. Frequency distribution of spatio-temporal dimension of coherent regions with non-zero sensitivity for /a: (a) spatial extend in the number of gridpoints (regridded data),
(b) temporal extend in hours, (c) correlation of object spatial and temporal extend.
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Table C.3
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The parameters identified as important with the approach by [13], modified by stratifying for cloud phases
and our approach. Bold parameters are important for water vapor.

Top Parameters
[13]

Top Parameters
Hieronymus et al. [13]
with cloud phases

Top Parameters
Our method

fall velocity

fall velocity

fall velocity

Vel rains Velprains Velpice Vel rains Vely rains Velpice Vel rains Vely rains Vely, ice
Vely graupel Vely graupel Vely graupel
cen cen cen
beents been2s beends Ceent beens L Beens 25 Deen» 35 Ceens 1
Coen2s Coen3s Seents Peenl Ceenr 25 Ceen+ 35 Beens Lr Neen: 1
feents FCeen eon: 1, ey
geometry geometry geometry
8€0p rain 860, rain> 80 rain 820 cloud> 80 rains €O rain
8€0p,snow 80 snow Xarain> 8€0a snow> 8€0b snow
80y jce> BEO jce 8€0yice> 8O jee 8€0yice> 8O0 jee
8C04graupels €O graupel 8C04,graupel> €0, graupel 804 graupel> €0, graupel
evaporation evaporation evaporation
by, Viinair by Viinair> @rain ay, by, Viinairs Orain
Brain Brains Hrain> €0
Hrain> €3 Hrain> €25 Hrgin: €3
VI:IH’\ Vram yrain’ Vr:nn
freezing and melting freezing and melting freezing and melting
Hrain> Psatmelt Hrains Psatmelt Hrains 9HET> Tmultmins Psat melt
Table C.4

The set of top model parameters grouped in ‘freezing and melting’.

Model parameter

Description

Hirain Defines the shape of the generalized I'-distribution, applied
to model the freezing behavior of rain.

aygr Exponent for heterogeneous rain freezing with data of
Barklie and Gokhale used in freezing of rain.

Trutt.min Coefficient used in Hallet-Mossop ice multiplication.

Daat.melt Saturation pressure at T = Ty,. used to model the melting
of snow, graupel, and hail.

Table C.5

The set of top model parameters grouped in ‘evaporation’.

Model Parameter

Description

b,

v

Vkin,air

®rain
Brain

Hrain.c,0
Hrain.c.2
Hrain.c3

Yrain
v

rain

Constant used in calculating the ventilation factor
during rain evaporation.

Coefficient used in calculating the ventilation
factor during rain evaporation.

Kinematic viscosity of dry air used to calculate the
terminal fall velocity of rain during rain
evaporation.

Constant in rain sedimentation.

Coefficient for rain sedimentation.

Coefficient for calculating the shape parameter u
during rain evaporation and sedimentation.
Coefficient for calculating the shape parameter u
during rain evaporation and sedimentation.
Constant for calculating the shape parameter u
during rain evaporation and sedimentation.
Exponent applied in rain sedimentation.
Parameter defining the shape of the generalized
I'-distribution for rain sedimentation.

20



M. Hieronymus et al.

Table C.6

Journal of Computational Science 89 (2025) 102614

The set of top model parameters grouped in ’geometry’.

Model Parameter

Description

£C0p cloud

8C04,rain

8C0p rain

X max,rain

8804 5now
820 snow
8C0q jce
£C0p ice

804 graupel

£€0p graupel

Exponent for diameter size calculation of
cloud droplets applied in riming
processes.

Coefficient for diameter size calculation
of raindrops applied in rain collision,
evaporation, sedimentation, riming, and
rain freezing.

Exponent for diameter size calculation of
raindrops applied in rain collision,
evaporation, sedimentation, riming, and
rain freezing.

Maximum (mean) size of raindrop used
during rain collision, evaporation,
sedimentation, riming, and freezing.
Coefficient used to calculate the
diameter of snow particles.

Exponent used to calculate the diameter
of snow particles.

Coefficient used to determine the
diameter of ice particles.

Exponent used to determine the
diameter of ice particles.

Coefficient for diameter size calculation
of graupel.

Exponent for diameter size calculation of
graupel.

Table C.7
The set of top model parameters grouped in ’ccn’
based on Hande et al. [61].

. CCN activation is used as in Oertel et al. [33], which is

Model Parameter Description

been Parameter for calculating CCN concentration during
CCN activation.

beenn Parameter for calculating CCN concentration during
CCN activation.

been Parameter for calculating CCN concentration during
CCN activation.

Ceen,l Parameter for calculating CCN concentration during
CCN activation.

Ceen Parameter for calculating CCN concentration during
CCN activation.

Ceens Parameter for calculating CCN concentration during
CCN activation.

Zeenl Baseline pressure reference for determining CCN
concentration.

Reen Multiplicative factor contributing to calculate the CCN
concentration.

feen.t Scaling factor for the overall impact of CCN
activation.

fac, Scaling factor for the overall impact of CCN
activation.

Table C.8
The set of top model parameters grouped in ’fall velocity’.
Model parameter Description

Vel cain

vely rain

vely jce

Velb,gmupel

Coefficient for determining the fall velocity of rain
during riming.

Exponent for the fall velocity of rain, used in
riming.

Exponent for calculating the fall velocity of ice
particles, applied in collision, sedimentation,
evaporation, and riming processes.

Exponent for the fall velocity of graupel, used in
melting, sedimentation, evaporation, collision of
hydrometeors, and riming.
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Table C.9
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The model parameters with sensitivity in the top magnitude for each model state variable and phase for
at least 0.1% of all relevant time steps. The parameters are sorted by the number of times they are in the

leading order of magnitude.

Model state variable Phase

Top parameters

Water Vapor Mass Density

Latent Heating

Latent Cooling

Water Vapor Mass Density

Latent Heating

Latent Cooling

Water Vapor Mass Density ice-phase
Latent Heating ice-phase
Latent Cooling ice-phase

warm-phase

warm-phase

warm-phase

mixed-phase

mixed-phase

mixed-phase

2€0p rain> Dy Frains Veinair 8900 rain Brain>
Hrain,e.32 Gv» b

fac

Ceen3» Ceen, 1 Ceen 2>

h b,

cen,12 “cen,32

cen, 1

cen? Leen, 1> Vrain»

Xmax,rain> 8cen, 12 Hrain,c,0> Mrain,c,2 bccn,Z
Ceen3» Ceen,1> Ceen2> Decn, 1> T8Cccns feen 1+
Neen> been 35 8een, 1> Deen2

8€0p rains Dy» Crains Viin air 8804 rain» Prain»
Hraine 32 @u» Yrain» Ceen 3> Deen 1> Ceen, 15
Ceen.2» Xmax.rains [8Ccen> lecn1 Aecn.1»
been 35 Hraine,0> Hrain,e.2> 8cen,1

2€0pjce > 8€O0, rains 80 snow> Dy»

Hrain,c,3» 8804 rain> Vkin.air» 8800 ice
8€0p,ice» 8€0p graupel» €Op snow >

Vel rains Vel graupel » 880 rain> 8804 graupel
Hiain» Vel rain» 8804 jces Veain» Veljjces
804 rain> AHET> €804 snow s E80p,cloud»
Tiuit.min» Psat.melt

£€0p jice» €O graupel » Psat.melt > E€0p snow >

£€0p rain> 860, graupel Do Velh,graupe] 2 vely pins
8€04gice> 8804 rain> Hrain,c.3> 80 snow>

Vicinair» Velp jce

2604 ice» 280 ice > 280 snows Vel ices 2804 snow
8€0pjce» 2804 jce » €80 snow» Vel icer 280, snow

2604 jces 880, jces €80p snow» Vel jcer 880, snow

Data availability

The ICON source code is distributed under the BSD-3-C license
license issued by the German Weather Service (DWD). For more in-
formation, see https://code.mpimet.mpg.de/projects/iconpublic (DWD
and MPI, 2015). The WCB online trajectories and sensitivities are avail-
able from [60]. The code to compute the microphysical sensitivities and
to select the most important parameters is available from [62].

We provide three videos to show the evolution of the area of param-
eters, which are most often leading order of magnitude for different
heights [60]. Gray areas are bins without any parameters in leading
order, and those indicate the area covered by our simulation.
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