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=5 * The images above show the results of the baseline MSI_CM product (top row) and
7ol models using confusion matrices
§3 * A confusion matrix compares how well the predicted classes (x-axis) matches with the
21 true classes (y-axis)
1 * l|deally, a confusion matrix should look like a diagonal matrix, with perfect agreement
02 p e - .o - - - between truth and prediction
A fer T  In each cell, the number of data points and the row percentage is shown
* MSI can only see the top of clouds, but at times the clouds may be too thin to register  To quantify how well the predictions match the true data, we can use the F1 score:

* Cloud thickness thresholds were used to create a target variable based on what clouds MSI

% Precision - Recall
MOD Corrected Reflectance (True Colour), NASA Worldview Snapshots Can see F 1 - 2 : PreCiSiOn + Reca l l

* Thresholds were determined with the MSI_CM product and adjusted to minimise the . . . : . : :
, . .. Where precision is the ratio of true positives to all predicted positives and recall is the ratio
models’ losses during training

: . of true positives to all ground truth positive values.
* Iftheice cloud threshold was passed, the target was set to ice cloud .
snow below . P . 5 : i  Compared to the baseline in the top row, the U-Net models have an average

* An ML model may be able to identify these cloud structures like us and go beyond by * Ifthe liquid threshold was passed, and the ice threshold was not passed, it was set to liquid improvement on the validation data set in the F1 score of 0.37 for day and 0.39 for night
* The target was set to clear if no thresholds were passed

* On a pixel-by-pixel basis, it would be hard to distinguish clouds from Greenland’s surface
* However, when viewed on larger scales, we — as humans — can tell clouds apart from ice or

identifying their phase " ) o : » The bottom row shows the test data, which was not touched at all in the training of the
* Initially, an overlap category was used when both ice and liquid clouds were present, but it nodel
e Data Sl\j;f;dty rf d}:jcedt‘?e;Lo.rrﬁance. Aiﬁ.risﬁ nt'.(ljt seems there is not enough information in the - The model’s performance on the test data shows average improvements in F1 score
ata to ldentily thin lce over thick iqul over the baseline of 0.36 and 0.38 for day and night, respectively.
* MSI_RGR_1C was used as the training data and ATL_TC__2A as the target (versions BA+) e Training « However, it appears that even with the model, there is difficulty in identifying liquid
* The model used all the data in frame C, the Arctic Circle, from July 25t 2024 to May 4t 2026 clouds over Greenland at night

* MSI has more along track values than ATLID, so to make the dimensions match, only the * The MLP, CNN, and Attention models were tested on the nearest MSI_RGR track to ATLID * The models’ performances at night is better than at day likely because there were more
nearest MSI points were selected data samples at night

e Key Findings

The MLP performed admirably with an average F1 score across classes of 0.54

* Forinputinto the model, only the following parameters were used: - The problem is not so simple, but a significant amount of information is in a single point

pixel values & uncertainty, solar azimuth & elevation angles, surface elevation, land flag The CNN often predicted everything as a single class

* Time, Ionglltude, alnd Iatltudle were not included in the input to avoid temporal and spatial -> The CNN failed and it is difficult to make conclusions
autocorrelation (Ploton et al., 2020 . - .. * The MSI cloud phase identification is significantly better using an ML model trained on ATLID data
( ) The Attention-based model performed best of the three initial 1D models but was unstable ,p , g_ Y & , ,
* Below are the distributions of all the data across time, space, and class o ) ] ) e The model trained on the whole Arctic circle performed better in Greenland and the North Atlantic
—-> There is important contextual information between points than the models trained on specifically those locations
o0 Monthly Distribution % Longitude / Latitude Distribution  The 1D models show information is held in local MSI observations and spatial context * Using the majority of the MSI_RGR swath as input resulted in better model performance than the
« MSI’s 2D data may provide additional spatial context to improve model performance single nearest track to ATLID, though not as large as expected (improvement in F1 score of 0.01 for
. . the day model and 0.13 for night)
- 8000  The U-Net model was selected as the next step because it may recognise small- and large- . L . .
le cloud structures and preserve finer details with skib connections * The models perform significantly better when considering the whole track as opposed to single points
>ca P P * The U-Net model was successful at identifying the small and large cloud patterns that we can detect
o 6000  The U-Net’s performance is shown below for the day and night models with our eyes
§ 400 - B L 24000 7 2Dv1 AD 211 day 1-25: Training and Validation Loss per Epoch 2Dv1_AD 211 night 2-22: Training and Validation Loss per Epoch
751 Validation loss=0.60 | Accuracy=0.75 Validation loss=0.55 | Accuracy=0.78
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A o D o e S e e 1e7 AL oo Dluton or Doy & Ront & a ] « U-Net seemed to learn at least some sort of cloud structure, ice vs liquid

= N oats e o ] * Retrieving the cloud phase of every observation in the MSI swath is an improvement of 0.35

in F1 score on average compared to the baseline MSI_CM cloud phase product, reaching

06 accuracies over 70%
” Next steps
3 E n ] e Optimise model further by investigating more widths, thresholds, and model parameters
’ | | g e Test the models on Antarctica
’ 5 T e ” : 0 5 T e ” N e Test the models on other instruments
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* Inthe top left figure, the data is approximately evenly distributed between months o -T-ES g;)ilm;dﬁ(;su|zecnz)J?:hr:EEnoer;:TErz\;il(;?f?zi?\? pg(()?it:tV\VNOhr:(:e MSI is able to We acinowledgz the usz of image;gy frotrf the \:Vorldview Snapshots application (https://wvs.earthdata.nasa.gov),

except for May, June, and July because the data is from July 25t 2024 to May 4t" 2026
 The data are also distributed across longitude and latitude in the Arctic Circle evenly,
except near its peak latitude

detect liquid clouds, was 200 m for night and 100 m during the day part of the Earth Science Data and Information System (ESDIS).
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