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Abstract. High ice water content (HIWC) conditions are a concern for aviation as the ingestion of ice particles in the jet engines

can induce ice crystal icing (ICI), which results in performance loss and damage. To constantly monitor these conditions,

retrievals for the detection of ICI were recently developed based on geostationary satellite imagery, but their calibration is

limited to targeted flight campaigns or scattered samplings from ICI events databases. In this work, we close this gap, using

exclusively remote sensing data to develop and assess a new retrieval for potential ICI conditions.5

Cloud IWC measurements are provided from the synergy of radar and lidar (DARDAR) on board the polar-orbiting satellites

CloudSat and CALIPSO. HIWC conditions (IWC ≥ 0.5 g m−3) at typical cruise altitudes are used as the proxy for areas

with potential ICI formation. The HIWC conditions predictors are taken from a combination of observations and retrievals of

the geostationary satellite Meteosat Second Generation (MSG). A random forest is trained and tested based on the collocated

dataset of active and passive measurements during the summer months of 2013 and 2015, covering the European domain. The10

input predictors are the brightness temperature difference between the MSG channels at 6.2 and 10.8 µm wavelengths, the

visible channel at 0.6 µm wavelength, the cloud optical thickness at 0.6 µm wavelength, and four convection metrics related to

the distance to the closest convective cell, area extent of the convective cells, and convection density in the pixel surroundings.

Over Europe, 83 % of HIWC conditions measured in the DARDAR dataset are correctly detected. The associated false alarm

rate is 51 %. The retrieval is further tested with the ICI events database reported by Lufthansa. Four out of seven events15

are correctly detected. In conclusion, the retrieval achieves performances comparable to previously developed retrievals. An

operational application would enable aircraft rerouting around areas with high ICI probability.

1 Introduction

Ice Crystal Icing (ICI) is a phenomenon that aircraft may encounter when flying through cloudy regions with high ice crystal

concentrations. These regions are mostly found close to deep convection, in particular within tropical mesoscale convective20

systems (MCSs). In such systems, pilots can easily avoid strong updrafts, as onboard radars can detect embedded precipitation

based on its high reflectivity signal, or available satellite-based nowcasting of severe convection (NCS-A, Müller et al., 2022)
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can issue early warnings. However, regions outside the main updraft may not be affected by nowcasting warnings and they can

still contain high ice concentrations despite having little to no radar reflectivity due to the presence of non-precipitating ice

particles (Gayet et al., 2012); this is where ICI events can occur because ice particles can build up inside the engine and lead to25

performance loss and damage (Grzych, 2010, 2015; Bravin et al., 2015; Haggerty et al., 2019), or they can clog the pitot tube

which in turns result into a wrongful transmission of information to the autoflight system; this latter occurrence has caused

two fatal accidents in recent years (S. Ayra et al., 2020). Because those failures can happen in high ice concentration regions,

on-board sensor anomalies, as for example the total air temperature (TAT) anomalies, are often used as precursors for engine

failures (Haggerty, 2016; Rodríguez-Sanz et al., 2018). In contrast with convection patterns, no clear diurnal trends are found30

globally; however, a seasonal correlation is observed between local convective active seasons and ICI events (Bravin et al.,

2015).

High ice water content (HIWC) conditions are often used as a proxy for potential ICI occurrence. For these conditions, a

threshold ranging between 0.5 and 1.0 g m−3 is chosen in earlier studies, although a standard value is still under debate

because exposure times and engine types might also affect ICI occurrence (de Laat et al., 2017; Yost et al., 2018; Haggerty35

et al., 2019, 2020; Bedka et al., 2020).

Aircraft manufacturers and airlines have collected ICI events in databases to analyze the importance of the phenomenon. Bravin

et al. (2015) present a Boeing database that included 162 events over 12 years. de Laat et al. (2017) construct a database from

Airbus containing 59 events, without specifying their time frame. Here, a collection of 100 events from Lufthansa flights during

2016 is considered (Sect. 2.4) to analyze a subset of ICI events as case studies (Sect. 4.2). The worldwide number of ICI events40

and their impact on engine performance highlights the relevance of the issue to air traffic safety.

The importance of this problem led to the execution of flight campaigns to measure in situ cloud microphysical properties

during such events. A combination of specifically designed probes, sensors, and radar instruments was deployed to measure

high ice concentrations, particle size distributions, and cloud vertical profiles, respectively. These campaigns are:

– the HAIC-HIWC flight campaign, Darwin, Australia 2014, where HAIC stands for "high altitude ice crystal";45

– the HAIC-HIWC II flight campaign, Cayenne, French-Guiana 2015;

– the HAIC-RADAR flight campaign, Fort Lauderdale, Florida 2015;

– the HAIC-RADAR II flight campaign, Fort Lauderdale, Florida 2018.

The problem’s relevance and the availability of new in situ measurements triggered activities in the research area of HIWC

conditions detection products from satellites. Indeed, the following retrievals were developed:50

– Grzych et al. (2015) develop a 3D HIWC mask exploiting infrared (IR) channels from geostationary satellite imagery

combined with numerical weather prediction (NWP) wind fields at different heights and the tropopause level (ECMWF-

ERA5, Hersbach et al., 2020). The algorithm is tested with the HAIC-HIWC flight campaign case studies, which are

used as ground truth. While a clear correlation between the mask and the in situ measured HIWC conditions is found,

the algorithm tends to overestimate the areas affected by this phenomenon, but no performance metrics are reported;55
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– de Laat et al. (2017) approach the problem by manually setting thresholds on retrieved cloud microphysical variables

from geostationary satellite imagery. These thresholds are calibrated using case studies in the Airbus dataset and verified

with the synergistic space-borne lidar-radar dataset (DARDAR), derived from active remote sensing measurements on

polar-orbiting satellites that include, among others, IWC. The algorithm achieves a probability of detection (POD) of

0.59 but with an associated false alarm rate (FAR) of 0.52;60

– Yost et al. (2018) use a combination of geostationary satellite imagery and retrieved cloud optical properties. The con-

sidered input variables are associated with a corresponding value of IWC according to a statistical fit performed by

collocating the satellite data with flight campaign measurements. This information is translated into a HIWC proba-

bility using fuzzy logic. The algorithm is verified with the HAIC-HIWC, HAIC-HIWC II, and HIWC-RADAR flight

campaigns, achieving a POD of 0.75 and a FAR of 0.35 during daytime. Reported nighttime performances are inferior65

(POD: 0.62, FAR: 0.35) because of the lack of cloud optical properties;

– Haggerty et al. (2020) integrate a multitude of data sources, like satellites, on-ground radar, and NWP data. Particle

swarm optimization is used to select a subset of variables of interest, which are then combined via fuzzy logic to produce

the HIWC probability. The retrieval is verified with the HAIC-HIWC, HAIC-HIWC II, and HIWC-RADAR II flight

campaigns, achieving a POD of 0.86 and a FAR of 0.51.70

When training potential ICI detection retrievals, a significant amount of in situ HIWC measurements should be considered

for statistical significance. Dedicated research flight campaigns are often geographically limited, and they specifically target

HIWC conditions. This may introduce a bias when extrapolating from a local to a global context (Haggerty et al., 2020).

While in situ HIWC measurements are the best data to assess potential ICI conditions in convective clouds, alternative ap-

proaches exploiting remote sensing measurements can be implemented if one wants to increase the training samples. For75

operational monitoring, geostationary satellites are used due to their wide field of view and high temporal resolution. Polar-

orbiting satellites’ active observations cannot be directly applied in operational scenarios because of their small field of view

and low repetition time. This work demonstrates the feasibility of a detection method for potential ICI from geostationary

satellite observations based on machine learning techniques and trained with the DARDAR dataset as ground truth.

The paper contains a description of the combination of data used to train the ICI detection retrieval in Sect. 2. Next, we describe80

how the machine learning techniques are applied for the ICI detection task in Sect. 3. In Sect. 4, we present the results validated

with active remote sensing data and Lufthansa’s ICI database. Finally, in Sect. 5 we summarize the results on the retrieval’s

performance and discuss its main limitations.

2 Datasets

The ICI retrieval developed in this study relies on physical quantities measured and retrieved by passive instruments on board85

geostationary satellites, called "predictors" hereafter. The geostationary satellite and the corresponding retrievals employed are

presented in Sect. 2.1. The DARDAR dataset is presented in Sect. 2.2 because this contained our ground truth data for IWC
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measurements of cloud profiles. Lastly, it is important to establish the spatial and temporal distribution of selected in-service

ICI events, analyzed in Sect. 2.4.

2.1 MSG and MSG-based retrievals90

The predictors’ source for this work is the geostationary satellite Meteosat Second Generation (MSG) because it guarantees a

continuous spatial coverage of Europe. MSG is equipped with the Spinning Enhanced Visible and Infrared Imager (SEVIRI)

that measures reflectance and radiance in the visible and infrared range, thanks to its 11 narrow-band channels and one high-

resolution visible (HRV) broadband channel. SEVIRI provides a 3712 × 3712 pixels image of the Earth disk with a 3 km

× 3 km resolution at the nadir. The temporal resolution is 15 minutes, with a rapid scan service (RSS) available for a subset95

of the northern hemisphere, where images are produced every 5 minutes (Schmetz et al., 2002). Besides SEVIRI channels,

we also use ice cloud properties retrievals based on SEVIRI. The considered retrievals for this study are developed in-house,

because of our expertise in their strengths and limitations and because of their availability to us. Nevertheless, in one example

we have applied our algorithm using alternative products as input: optical thickness from EUMETSAT and convective cloud

information from TOOCAN. This is demonstrated in Sect. 4.4. The ice cloud properties are used as predictors for our ICI100

retrieval, so the corresponding geostationary-based retrievals are briefly discussed below.

2.1.1 CiPS

CiPS (Cirrus Properties from SEVIRI), developed and characterized by Strandgren et al. (2017a, 2017b), detects thin cirrus

clouds from MSG and determines ice optical thickness, ice water path, and cloud top height. The detection is based on Artificial

Neural Networks trained with CALIPSO lidar data as ground truth. The training and validation datasets cover the entire105

SEVIRI disc and the period between 2007 to 2013, containing close to 50 million data points. The lidar signal experiences

strong attenuation when interacting with clouds; therefore, it is considered saturated and thus unreliable whenever there is no

backscattering from the surface. This limited CiPS to thin cirrus cloud detection with an optical thickness of approximately

below 3. When validated against CALIPSO, CiPS detects correctly 95 % of all cirrus clouds with optical thickness of 1.0,

while for thinner cirrus clouds with optical thickness of 0.1, the proportion of detected cirrus over all cirrus is 71 %. The best110

optical thickness estimation is obtained in the range between 0.35 and 1.7 with a deviation of less than 50 % from CALIPSO’s

measurements. The detection exploits SEVIRI thermal channels, regional maximum and averaged brightness temperatures in

the infrared and water vapor channels, and surface skin temperatures from NWP global reanalysis (Hersbach et al., 2020).

2.1.2 APICS

APICS (Algorithm for the Physical Interpretation of Clouds with SEVIRI Bugliaro et al., 2011) discriminates cloud phase115

and microphysical properties from MSG. In particular, cloud optical thickness and effective radius (ranging from 5 to 25 µm

for water clouds and from 6 to 84 µm for ice clouds) are retrieved using a look-up table approach based on radiative transfer

calculations, which exploits the visible channel at 0.6 µm wavelength, and the near-infrared channel at 1.6 µm.
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CiPS and APICS thus analyze similar cloud optical and microphysical characteristics, but they perform best in different situa-

tions. CiPS is better suited for thin cirrus clouds analysis, both during day and nighttime. APICS has a wider scope, covering120

both ice and water clouds of any thickness, but it is limited to daytime due to its rule-based approach on visible and near-

infrared channels. Both retrievals are used in this study, because they may provide candidate precursors of high ice water

content conditions. The suitability of these retrievals for this task has been discussed in Sect. 3.2

2.1.3 Cb-TRAM

Cb-TRAM (Zinner et al., 2008; 2013) enables the detection and tracking of convective cells from geostationary satellite im-125

agery. It relies on the HRV, infrared 10.8 �m, and water vapor window 6.2 �m channels. Cloud motion and development can

be detected through the disparities between two consecutive satellite images. The algorithm can also discriminate different

convection development stages: "Stage 1" denotes convection initiation, "Stage 2" rapid vertical development through cloud

tops cooling, and "Stage 3" indicates mature convective cells.

2.2 DARDAR130

2.2.1 DARDAR description

The DARDAR-CLOUD products (Delanoë, 2023) developed by Delanoë and Hogan (2008, 2010) exploit the synergy of space-

borne data from radar and lidar of the A-train satellite constellation to retrieve ice cloud properties. The A-Train constellation

is a group of satellites that use the sun-synchronous orbit at 705 km altitude. CloudSat was equipped with a radar operating

in the 94 GHz band, whose aim was to characterize cloud vertical pro�les of cloud water and ice contents (Stephens et al.,135

2002). The lidar on board CALIPSO operated at 532 and 1064 nm wavelengths. CALIPSO provided cloud characterization

as a function of height and water and ice content (Winker et al., 2003). These satellites were launched on April 28th 2006

(Delanoë and Hogan, 2010).

The DARDAR-CLOUD products exploit the different sensitivities of the instruments in a synergistic approach. The radar

is less sensitive to small particles, but it has a higher penetration capability within thick clouds; the lidar is more sensitive140

to optically thin clouds, but it is affected by rapid attenuation, while the infrared radiometer can only estimate bulk cloud

properties (Delanoë and Hogan, 2010). For this reason, IWC, effective radius, and particle size distributions are retrieved

with a variational method that ef�ciently combines radar and lidar measurements (Delanoë and Hogan, 2008). The DARDAR

products are collocated to the CloudSat horizontal resolution of 1.4 km (Stephens et al., 2002) and CALIPSO vertical resolution

of 60 m (Delanoë and Hogan, 2010).145

2.3 DARDAR-MSG collocation and ICI proxy selection

For our ICI retrieval, we consider DARDAR measurements as ground truth. Therefore, in the �rst step, we need to collocate

the SEVIRI and DARDAR measurements. In the following, we refer to "DARDAR pro�le" or simply "pro�le" as the vertical

cross-section of clouds as retrieved from the DARDAR dataset. This corresponds to the atmospheric column encompassed
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Figure 1. Panel a) mapping from the DARDAR vertically-resolved IWC information to the HIWC �ag associated with the geostationary

grid pixel. Panel b) SEVIRI brightness temperature at 10.8 �m wavelength with the DARDAR trajectory associated with panel a).

in the �eld of view of one radar-lidar pixel. Instead, we refer to the "DARDAR trajectory" as the DARDAR footprint on the150

surface in terms of longitude/latitude coordinates.

The DARDAR trajectories have a �ner along-track resolution than the geostationary grid. MSG and DARDAR data are com-

bined following the approach described by Mayer et al. (2023). Satellite observations are collocated by exploiting longitude,

latitude, cloud top height, and observation times. Cloud top height allows us to correct the parallax effect arising from the

different observation geometry of geostationary and polar-orbiting satellites. DARDAR pro�les are coarsened to the MSG grid155

by averaging all pro�les within an MSG pixel at each DARDAR height level.

Then, in each averaged pro�le, we check for HIWC, i.e., IWC � 0.5 g m�3 , in an altitude range that is relevant for air traf�c.

We consider only cruise levels between 9000 m and 13000 m (de�ned in Sect. 2.4). Figure 1 illustrates the mapping pro-

cess. Panel a) showcases the DARDAR IWC pro�les coarsened to the MSG grid along the satellite track. HIWC areas are

represented with the blue shading. If the maximum IWC value within the cruise levels in the DARDAR IWC pro�le exceeds160
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the HIWC threshold, the HIWC �ag is assigned to the corresponding pixel. Panel b) depicts the brightness temperature from

SEVIRI at 10.8 �m with the corresponding DARDAR trajectory with its longitude/latitude coordinates, the maximum IWC

values for each pixel, and the HIWC �ag, if applicable. The HIWC �ag was used as the target variable to train the machine

learning algorithm (Sect. 3).

We consider June, July, August, and September 2013 and June, July, and August 2015. Summer months were selected because165

of the seasonal convective activity peak in Europe. Years 2013 and 2015 are selected because they lie within the time window

where DARDAR and a single MSG platform (MSG-3) overlap (from 2013 to 2017) to avoid differences that may arise due

to different instrument calibrations (Strandgren et al., 2017a; Mayer et al., 2023; Piontek et al., 2023). The collocated dataset

results in 165139 collocations, 889 of them �agged as HIWC pixels (see Table 1).

170

2.3.1 Convection-related metrics from Cb-TRAM

DARDAR trajectories seldom overlap with convective cells as detected by Cb-TRAM. Therefore, additional convection-related

metrics are used. The time spent by an aircraft within a HIWC region seems to play a role in the onset of ICI events (Bravin

et al., 2015), thus, information about the areal extent of convective cells may be useful during the learning process. To this end,

convection-related variables (shown in Fig. 2) are derived from the Cb-TRAM scene:175

– distance from the trajectory point to the closest convective cell;

– area size of the closest convective cell, in terms of pixels and km2. Since organized convective systems, such as MCSs,

are de�ned as cumulonimbus clouds able to generate contiguous precipitation areas in the order of 100 km (Markowski

and Richardson, 2010), this information is useful to assess whether detected cells belong to such organized systems, or

if they are associated with single and multi-cell convection, that are generally characterized by a smaller area extent;180

– number of convective cells within a 100 km radius. This metric contains the density of convective clouds in the surround-

ing area, which can be associated with a higher chance of intercepting anvil cirrus;

– pixels within a radius of 10 km, 50 km, and 100 km belong to detected convective cells. This gathers information on cell

extent and convection density in the area close to the trajectory point.

The full list of convection-related metrics with their de�nitions is presented in Table 2.185

2.4 Lufthansa ICI database

The Lufthansa ICI database comprises 100 pilot-reported ICI events selected manually based on in situ measured total air

temperature anomalies (Kalinka et al., 2023). Figure 3 displays the database's geographical distribution. The database is also

important to get an indication of the seasonal occurrence of these events, with a special focus devoted to the European conti-

nent. We focused on this region because the products that we have used as high ice water content predictors are limited to the190

upper part of the SEVIRI HRV channel, which remains still over Europe and North Africa. The ICI events distribution agrees
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Figure 2. Demonstration of the convection-related variables integrated in the DARDAR dataset. The DARDAR trajectory is color-coded

according to the closest convective cell detected. For each color portion in the trajectory, the closest pixel to the respective closest convective

cell is indicated by the starting points of the arrows. The distance d3 is displayed along the arrow. p3 indicates the areal extent in terms of

pixels of the convective cell with the corresponding color. The complete list of convection-related metrics with their de�nitions is presented

in Table 2.
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