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The validation of satellite cloud mask products and cloud phase retrieval is of great importance, however the validation process is difficult since the

satellite Field of View (FOV) is tipically much larger than the FOV of the assumed ground-based truth.

We propose a new methodology for satellite cloud mask and phase retrieval validation based on the Matthew Correlation Coefficient (MCC). MCC
permits to place theoretical bounds on a satellite classifier’s performance against the actual satellite Field of View, rather than against the
localized ground truth. We apply the methodology in the challenging context of Greenland interiors (Summit Camp), where cloud detection is of
particular difficulty due to the similar radiative properties of surface and cloud top. Cloud products derived from the application of Cloud Identification
and Classification (CIC) algorithm to IAS| hyperspectral data are validated together with IASI L2 products.
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IAS| Level 2
Data and collocation

One year (2020) of IASI spectra and
IASI L2 data over Summit Camp
(72.57,-38.55), Greenland, were
downloaded using the EUMETSAT
application EUMDAC. Summit Camp
lidar backscattering and depolarization
data were downloaded from
doi:10.18739/A26W96979. The
satellite data were collocated with
ground lidar data both temporally (+£10
minutes) and spatially (lidar comprised
in IASI FOV, i.e, FOV center distant at
most 6 km from lidar).

Cloud Identification and Classification algorithm

The CIC algorithm is a machine learning method
based on Principal Component Analysis (PCA),
designed to classify the scene as either clear or
cloudy, and to identify the cloud phase. The
algorithm generates Extended Training Sets (ETS)
by merging the original Training Set (TS) with the
observation to be analyzed. PCA is applied to
assess changes in the information content of the TS
resulting from the addition of the observed spectra.
A Similarity Index (Sl) is then computed for each
ETS, which quantifies the degree of similarity
between the observation and the TS. These indices
serve as inputs to a decision tree, which performs
the final scene classification. Further details can be
found in [1] and [2].
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Advantage of correlation-based validation technique

Problem: the ground truth is not representrative of the whole satellite FOV = satellite performances against ground truth are not the ‘true
performances. Solution: correlation-based comparison. Matthews Correlation Coefficient (MCC) permits to place theoretical bounds on
the true performances (against the whole FOV)::

1. HR'€ > f(MCC)
2. MCC <0 © HR'¢ < 0.5 (worse than chance)

%(HR@”“* + HR{™€) is the mean between the clear sky and cloudy sky
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number of collocations where lidar indicates clear and the satellite indicates cloud

(n{1 , Ngo , and n;y have analogous meaning). dar limited

The followings are exact if we have a large number of collocations: :OV ' ’
» FOV, assume

noy = NP(OFOVLID) . [IED(OFOVSAT|OFOVLID)HRE‘PHE + IED(lFOVSAT‘OFOVLID)(l . HR&TUE)} : / truth

ny = NP(179Vur) . HR{™,

noy = NP(0FOVun) . [P(1FOVsar|oFOVun) frRirue 4 p(QFOVsar|gFOVim) (1 — HREve)]

nig = NP(179Vm) . (1 — HRY™).
(2) is easily derived imposing MCC<0. Bounds (1) on HR"™"® can be computed since P(0¥°VLip) and P(1¥°VLip) are known from the lidar
KClassific:ations, the conditional probabilities are bounded in [0,1] and MCC is known. /

Results [ Conclusions )

We demonstrate that by using the Matthews

Correlation Coefficient it is possible to place theoretical

bounds on the satellite performances against the

actual atmospheric state in its FOV, rather than against

the localized ground truth.

The methodology applied to Greenland satellite data

shows that:

* |ASI L2 products in 2020 have good identification
and phase classification performances

* CIC enhances satellite performances both in terms
of cloud mask and in terms of phase classification
with about 200 training spectra, making it suitable for
operational use in satellite missions

Lower bound for Lower bound for

Cloud Phase MCC

Classifier
mask MCC HRf:Tiggr/cloud HRf:gfmlxed

CIC 0.73 0.85 0.92 0.83

|ASI L2 NWP 0.47 0.72 - -

JASI L2 cldnes > 1 0.26 0.57 - -

JASI L2 cldnes > 2 0.47 0.72 - -

IASI L2 cldnes = 4 0.18 0.55 _ _ f[1] Maestri et al. (2019), https://doi.org/10.5194/amt-12- \
3521-2019
[2] Donat et al. (2024)

ASI cloud phase ' ' 067 073 https://doi.org/10.1117/12.3031709
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