Automated Machine Learning
for Sea Ice Concentration Charting
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After TabPFN, why still NAS?

Usual answer: Robustness, Hardware-awareness, and Sustainability
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Machine Learning tasks for Satellite data

Large amounts of open data (Copernicus data)

Freely accessible input data (labels are a challenge)

Image Segmentation (not all ML-libraries match)

Mean intersection over Union (mloU)

Several student thesis have been executed in our group with or at ESA



Projects within ESA
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Sea ICE Chart

e Traditionally drawn by experts

e Plane or SAR satellite

e Proxy for Sea lce
Concentration based on sun
reflection

Challenges:

e Acquiring labels [but dataset

released]
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Number of Scenes

Seasonal effects
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GNO-SYS

: (SAR)
Synthetic-Aperture Radar (SAR) SYNTETHIC-APERTURE RADAR

The swath is always visible to the satellite
while traveling from Point A to B.

The data can be processed similarly as if it
were the aperture of a huge radar.
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DL libraries (APIs) for building up AutoDL libraries (APIs) for
DL pipelines tuning DL pipelines

T @ K A

TensorFlow TensorFlow Keras API Keras Tuner AutoKeras

Configurable Simple

‘ More customizable arguments and Less customizable arguments and
structures of DL pipelines with more structures of DL pipelines with simpler

complex APIs and use cases APIs for modeling and tuning



UNET with residual layers + hyperparameters
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Complications of R2

target

-0.0068%



Baselines (Average Class)

R? | RMSE ‘ rounded R? | rounded RMSE | Accuracy

-1.94 | 424 | -1.80 | 4.21 - 0.03%



Results

# || Ivl | learning | drop | size | rand noise weights || Accuracy | RMSE R?

1.1 6 | 1.39e-4 | 0.0 | 64 | False | NERSC | None 72.30% | 1.62 | 86.01%
1.2 | 6 | 1.71e-4 | 0.0 | 64 | False | NERSC None 71.51% 1.63 | 85.86%
1.3 5 | 1.89e-04 | 0.0 | 128 | False | NERSC None 73.13% 1.66 85.39%
21 || 7 | 517e-5 | 0.0 | 128 | True | NERSC | Ignore 11 || 72.48% 1.72 | 84.23%
22 || 7 | 257e4 | 0.3 | 128 | True SAR None 72.33% 1.90 | 80.69%
23| 6 | 6.74e-5 | 0.1 | 128 | True | NERSC | Ignore_11 || 72.41% 1.91 80.64%
3.1 6 | 1.09e-4 | 0.0 | 128 | False | NERSC | None 67.06% | 1.62 | 86.03%
32 | 8 | 2.66e4 | 0.1 | 64 | False | NERSC None 66.83% 1.87 | 81.32%
3.3 6 | 439%-4 | 0.1 | 128 | False SAR None 72.43% 1.90 80.84%




What does these images look like?
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Conclusions

ESA data full of interesting test cases

Sea Ice Charting important for shipping routes
Can be automated by Al, based on satellite data
Mean intersection over union

Able to reach close to human level performance
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