Review of: A novel machine learning retrieval for the detection of ice crystalicing
conditions based on geostationary satellite imagery

Summary statement

This paper describes a method for assessing the likelihood of ICI derived from geostationary satellite
observations and derived products, coupled with cloud water content estimates derived from the
CloudSat/CALIPSO-based DARDAR product. IClI and HIWC often occurs within deep convection,
though it has also been observed within mid-latitude frontal cloud bands, and represents a significant
hazard to aviation. Machine learning identified the most important metrics for diagnosing ICI that are
combined to estimate a (daytime only) ICI/HIWC likelihood for the MSG SEVIRI imager, that has been
validated with a subset of DARDAR not used in model training. Performance is fairly comparable to
existing methods, though with slightly weaker validation stats. The product is then validated with
DARDAR and compared with a small sample of European ICl events encountered by in-service
Lufthansa aircraft.

The authors have a clear understanding of the ICI/HIWC hazard, existing satellite-based methods from
the literature focused on diagnosing ICI/HIWC, machine learning best practices, and the most
appropriate geostationary parameters for diagnosing this hazard. The paper is clear and well

written. My concerns with the paper begin with the exclusive focus over Europe. Convection over
Europe is relatively infrequent compared with Africa or the tropical Atlantic and typically weaker (with
warmer tops) than these regions. Figure 3 shows several African/Atlantic Lufthansa ICl events that
could have been studied, which if included would increase confidence in the method’s global
applicability. DARDAR likely viewed many intense storms over Africa as well that would serve as
excellent training for the model. Another concern is the fact that there is no attempt to try to
develop/validate a model that can operate at night. Aside from tau and visible reflectance, all other
parameters are available at night. | would like to see a night-time product demonstration. Third, there
was an international HIWC/HAIC field campaign based in Cayenne, French Guyana in 2015 that was
within the SEVIRI field of view. IWC data was collected at 5 sec intervals from 2 aircraft which would
be an extremely robust dataset for model validation. The authors should explore this data as it has
been a number of years since collection and the data should be freely available by now. | have a
number of other more minor comments/concerns listed below

Given that the paper and its writing are of high quality, but due to the significant concerns mentioned
above, | say the paper is acceptable but with major revisions to address these concerns.

Specific Minor Comments/Concerns

Sections 2.1.1 and 2.1.2, the differences between CIPS and APICS, and the ramifications of these
differences on the analysis are not very clear. | see both produce optical depth but you use the optical
depth from one model for water cloud and the other for ice cloud. Additionally it is not explained why
you are not using the cloud product data operationally generated by EUMETSAT which would make
your method more easy to apply by others in the community.

Section 4.1, | don’t think you need to use paper space to define very commonly used validation
metrics. You could simply cite the Wilks meteorological statistics book and move one Wilks, D.

S., 2006: Statistical Methods in the Atmospheric Sciences. 2nd ed. International Geophysics Series,
Vol. 100, Academic Press, 648 pp.



Validation stats in general, it would be interesting to see the validation applied to > 1.0 g m-3 data in
addition to > 0.5 as the higher value is likely to be more consequential for aircraft.

Figure 7 and many other mapped data figures (i.e. Figure 10), the mapped product is very hard to see
details of. For Fig 7, | recommend you make the map much larger and place below the curtain plot
data. For Fig 10, consider enlarging the graphics as | cannot see details when printed out on paper.

Figure A.3, there is an extremely odd look to the HIWC product with a discontinuity at 49.3 N
latitude. What is the reason for this? Figure A.7 has an odd diagonal discontinuity too.

All Figures in Appendix, what is the purpose of plotting the wind information on the maps? It seems
like an unnecessary detail that adds clutter to the map.

Comment 1+3: My concerns with the paper begin with the exclusive focus over

Europe. Convection over Europe is relatively infrequent compared with Africa or the tropical Atlantic
and typically weaker (with warmer tops) than these regions. Figure 3 shows several African/Atlantic
Lufthansa ICl events that could have been studied, which if included would increase confidence in the
method’s global applicability.

Third, there was an international HIWC/HAIC field campaign based in Cayenne, French Guyana in
2015 that was within the SEVIRI field of view. IWC data was collected at 5 sec intervals from 2 aircraft
which would be an extremely robust dataset for model validation. The authors should explore this
data as it has been a number of years since collection and the data should be freely available by now.

Author reply:

The focus over Europe is due to the products that we have used as high ice water content predictors.
Convection products (Cb-TRAM) are limited to the upper part of the SEVIRI HRV channel, which
remains still over Europe and North Africa. For this reason, we could not readily extend our study to
larger domain including Africa, and the Lufthansa ICI cases thereof. This is the same reason why we
did not include HIWC/HAIC case studies as well. However, the algorithm can be extended to any
similar product, if it provides a similar piece of information. This has been demonstrated in the added
Section 4.4 combining the discussion about one ICI case outside Europe and the validation with in-
situ measurements.

Manuscript changes:

Page 7, Line 190: We focused on this region because the products that we have used as high ice water
content predictors are limited to the upper part of the SEVIRI HRV channel, which remains still over
Europe and North Africa.

Addition of Section 4.4.

Page 23, Line 406: Finally, the algorithm was validated with a case study of the HIWC-HIAC Il flight
campaign. However, Cb-TRAM is not available for the tropical regions covered by this campaign (see
Sect. 2.1.3). Therefore, to cover this domain, alternative data are retrieved. Deep convective systems
are provided by the TOOCAN database (Fiolleau and Roca, 2013, 2019). To prove the adaptability of the
method to any equivalent product than the ones presented in the Sect. 2.1, cloud optical thickness
was retrieved via the Optimal Cloud Analysis data record (EUMETSAT, 2022). The aforementioned data
are displayed in Fig. 12.



2015/05/26 13:30 UTC
HAIC-HIWC flight campaign scene.
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Figure 13. Satellite scene for the HAIC-HIWC II campaign case study. We considered flight 23, flying from French Guyana the 26" May

2015. Panel a) shows the SEVIRI visible channel at 0.6 m wavelength reflectivity. Panel b) depicts the cloud optical depth from Optimal
Cloud Analysis (EUMETSAT, 2022) and deep convective cells from the TOOCAN database (Fiolleau and Roca, 2019).

2015/05/26 13:30 UTC
HIWC probability mask validation with HAIC-HIWC campaign flight.
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Figure 14. HIWC mask validation with flight 23 of the HAIC-HIWC II flight campaign. The flight crossed a HIWC region (IWC=>0.5g-m ™)
from 13:37 to 13:45 peaking at 13:41 with IWC=3.3g - m . HIWC measurements are depicted in blue shades, while no-HIWC are shown
in grey shades. Markers with red borders depict the flight position within the satellite scanning times. Flight waypoints are corrected for
parallax effect, shifted to the corresponding satellite grid coordinates.

Figure 13 shows the corresponding computed HIWC mask. Although convection is widespread

throughout the domain in panel b) of Fig. 12, the HIWC mask is relatively limited in extent in

panel a) of Fig. 13. It features HIWC probabilities higher than 0.9 for convective cells around

40°W and 9°N, and 40°W and 3°S, while HIWC probabilities closer to the flight

(52°W and 6°N) are relatively lower, peaking at 0.7. Panel b) shows a good agreement between

the measured HIWC and the HIWC probability mask. IWC=0.5g - m—-3 sampled points mostly

fall within the mask, whose values increase together with the measured IWC. The retrieval

shows promising results even outside the domain where it was trained, and using input data

equivalent to the ones discussed in Fig. 2.1. Given the results obtained with this case study, we

speculate that only little calibration would be required to adapt the retrieval to input

parameters coming from different data sources.



Comment 2: Another concern is the fact that there is no attempt to try to develop/validate a model
that can operate at night. Aside from tau and visible reflectance, all other parameters are available at
night. | would like to see a night-time product demonstration.

Author reply:
Although a dedicated nighttime product is out of the scope of the paper, it is a good point, and we have
added a night-time product demonstration for few Lufthansa ICI cases.

Manuscript changes:

Section 4.3, and additional Lufthansa ICI case in the Appendix.

Page 23, Line 389: The retrieval is here tested during nighttime. In this scenario, the random forest
model does not have access to visible channel information and cloud optical thickness. Furthermore,
it has been trained exclusively with day-time samples. Nevertheless, it can access infrared channels
and convection related variables. In night-time mode, we decided to use instrumental values to fill the
missing optical information required by the random forest approach.
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Figure 11. a) VIS006 and d) ictau samples distributions in the training dataset, for HIWC (orange) and no-HIWC (blue). Negative values in

both distributions arise because of the curve smoothing for plot purposes. The real sample locations are visible in panels b), and d).

In Fig. 11, the distribution in the training dataset of VIS006 and ictau for HIWC and no-HIWC is shown.
These distributions allowed us to select a bias-free value with which we filled the missing information
in nighttime mode. In particular, this bias-free value is selected such that it favours neither HIWC
prediction, nor non-HIWC, i.e. the instrumental value should be in a range where HIWC and no-HIWC
training samples distributions overlap. The values are set to VIS006=80% and ictau=50. The
significance of this choice is shown in Fig. 12.



2016/06/14 04:15 UTC. HIWC probability mask with Lutthansa ICl event
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Figure 12, IC] retnieval nighttime mode demonstraiion example for a Lufthansa 1C1 event. Panel a) shows the HIWC mask sctting
instrumental values that favor no-HIWC prediction (see Fig. 11, Panel b) depicts the HIWC mask with bias free instrumental values. Panel

) shows the HIWC mask with instrumental values favoning HIWC predictions.

The mask in panel a), where we set VIS006= 0% and ictau= 0, is absent because the HIWC probability
never exceeds 0.5. In panel b), the bias-free choice of VIS006=80% and ictau= 50 leads to a smooth
transition of HIWC probability between areas without detected HIWC and areas where HIWC is
detected. Panel c) displays instead a sharp transition to high HIWC probabilities, as soon as this is
detected by overcoming the 0.5 probability threshold. We observe that the constant instrumental
values with which we fill missing information modulate the HIWC probability mask significantly. The
choice made for panel b) is the best to achieve realistic results even with missing solar information.
This demonstrates the good performance of the model even during nighttime.

Comment 4: Sections 2.1.1 and 2.1.2, the differences between CIPS and APICS, and the
ramifications of these differences on the analysis are not very clear. | see both produce optical depth
but you use the optical depth from one model for water cloud and the other for ice cloud. Additionally
it is not explained why you are not using the cloud product data operationally generated by EUMETSAT
which would make your method more easy to apply by others in the community.

Author reply:

CiPS is developed to detect thin cirrus cloud properties only, as it is a neural-network-based retrieval,
and itis trained with ice clouds with optical thickness up to a value of 3.

Page 4, Line 106: 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.

APICS detects both ice and water cloud optical thickness with a rule-based approach considering
visible and near infrared channels.

Page 4, Line 116: In particular, cloud optical thickness and effective radius (ranging from 5 to 25 uym for
water clouds and from 6 to 84 um for ice clouds) are retrieved using a look-up table approach based on
radiative transfer calculations, which exploits the visible channel at 0.6 um wavelength, and the near-
infrared channelat 1.6 um.

CiPS and APICS thus analyze similar cloud optical and microphysical characteristics, but they perform
best in different situations. For this work both were considered initially as input variables, but
redundant variables have been eventually filtered out by the training process (Sect. 3.2)

Manuscript changes:




To address the reason why we did not use EUMETSAT products:

Page 4, Line 97: 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.

To address CiPS and APICS differences:

Page 5, Line 119: CiPS and APICS thus analyze similar cloud optical and microphysical characteristics,
but they perform best in different situations. CiPS is better suited for thin cirrus clouds analysis, both
during day and nighttime. APICS has a wider scope, covering 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

Comment 5: Section 4.1, | don’t think you need to use paper space to define very commonly used
validation metrics. You could simply cite the Wilks meteorological statistics book and move one
Wilks, D. S., 2006: Statistical Methods in the Atmospheric Sciences. 2nd ed. International Geophysics
Series, Vol. 100, Academic Press, 648 pp.

Author reply:

We understand the point and we moved the validation metrics definition in the Appendix
Manuscript changes:

Page 17, Line 309: The statistical metrics chosen to assess the retrieval’s performance are well

established in the atmospheric science literature (Wilks, 2019). Their definitions can be found in Sect.
Al.

Comment 6: Validation stats in general, it would be interesting to see the validation applied to > 1.0
g m-3 data in addition to > 0.5 as the higher value is likely to be more consequential for aircraft.

Author reply:

To discriminate HIWC with low IWC, two values were mentioned in the literature:

-0.5g-m-3usedin (Yostetal., 2018; Bedka et al., 2020; J. A. Haggerty et al., 2020). This choice is
mainly motivated by a lower sensitivity of passive remote sensing platforms to discriminate moderate
to high IWC.

-1.0g- m-3usedin (de Laat et al., 2017). The choice is mainly motivated by historical reasons, where
the community accepted this threshold because a necessary condition for in-service ICl is to have a
high ice concentration.

For this reason, we opted for the 0.5 g - m-3 threshold.

However, a discussion about the 1.0 g - m-3 threshold is now added to improve the significance of the
results.

Manuscript changes:

Performance evaluation for IWC > 1.0 g m-3 is included in Tab.3 with associated discussion:

Page 18, Line 331: The model has been tested with HIW C =IW C =z 1.0g - m—3. The original version is
used, trained with samples labeled as HIWC if IW C = 0.5g - m—3 and adapted with a higher probability
threshold of 0.7, to compensate the lower occurrence of HIWC when those are defined with the higher



threshold of 1.0g - m-3. Table 3 shows that, in this case, FAR is reduced significantly, at the expenses
of a decreased POD. CSl and AUC do not vary compared to the test settings consistent with training
settings.

Comment 7: Figure 7 and many other mapped data figures (i.e. Figure 10), the mapped product is
very hard to see details of. For Fig 7, | recommend you make the map much larger and place below the
curtain plot data. For Fig 10, consider enlarging the graphics as | cannot see details when printed out
on paper.

Author reply:

Thanks for pointing that out and for providing a suggestion for a new layout. They have been modified
in the manuscript.

Manuscript changes:

Figure 1,7, 9, 10 were adjusted as suggested.

Comment 8: Figure A.3, there is an extremely odd look to the HIWC product with a discontinuity at
49.3 N latitude. What is the reason for this? Figure A.7 has an odd diagonal discontinuity too.

Author reply:

This is true and the reason of those discontinuities is now discussed in the Appendix.

Manuscript changes:

Addition of Section A3.

Page 29, Line 485: Some HIWC probability masks display a discontinuity, as in Fig. A2, and A3. Those
discontinuities may be explained with the convection related metrics. Those metrics, such as the
distance to the closest convective cell and the areas of the closest convective cell, present such
discontinuities, as in Fig. A6. Convective pixels in the surrounding radius of 100 km introduces
rounded discontinuities, as in panel a), while distance and area extent of the closest convective cells
introduce linear discontinuities, as in panel b) and c). Those discontinuities may be further
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emphasized by the random forest approach, which does not enforce smooth outputs, but only takes
the majority vote from single decision trees. We speculate that the discontinuities

might be more pronounced when the other supporting input features, such as visible channels and
optical thickness, lie in a region where the split between HIWC and no-HIWC is clear (see Fig. 11).
Thus, this artifact might be more pronounced during nighttime, though this evidence was not found in
Lufthansa ICl cases in Fig. 12, and A5. However, this statement is supported by Fig. A7, where the
nighttime demonstration approach (Fig. 12) was applied to a daytime scene (panel a) of Fig. 10). There,
the rounded artifacts due to distance-related convection metrics are emphasized by the artificial
unavailability of solar channels information that we introduced as demonstration.
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Figure A6. Convection related metrics for the Lufthansa ICI case of Fig. A2 associated with discontinuities.

2016/06/25 16:00 UTC. HIWC probability mask with Lufthansa ICI event
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Figure A7. As Fig. 12, where the nighttime instrumental value approach was applied to a daytime scene, to verify its effect where cloud

optical properties would be otherwise available.

Comment 9: All Figures in Appendix, what is the purpose of plotting the wind information on the
maps? It seems like an unnecessary detail that adds clutter to the map.

Author reply:
We think that wind information is an important information to include because our ICl retrieval did not
use it as input explicitly. We expect that ice particles are dispersed with according to the wind field,



and one can see that the HIWC masks follow the wind field lines downstream of the most active
convective cells, thus behaving physically without enforcing this information explicitly in the machine
learning model. The discussion about its significance can be found in Sect. 4.2, Fig. 10.



