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Therefore, this study evaluates
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Basemap: Sentinel-2 imagery acquired on 21/06/2025.

Fig. 1. Study area: Pond Inlet, Nunavut.

Consequently, the research aims are:

e Evaluate CNN, K-Means, and brightness-based methods.
e Compare performance against SCL

e Support SIKU with more reliable cloud detection in the Arctic.

Results
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Methods

Sentinel-2 L2A imagery
(Bands B02, BO3, B04, B08, B11, B12)

e Dataset: 24 Sentinel-2
L2A tiles (Mar—Jun 2025).

e Processed as full tiles and
256x256 patches due to
computational limits.
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e CNN (supervised)
e K-Means (unsupervised)
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Fig. 2. Overall methodology.

* Brightness rule

Evaluation metrics: (B0O4+B08—B11 > 0.75)

e Precision-recall-F1
e C(lear Pixel Gain Index (CPGIl) to quantify gains over SCL

e CNN: Strong in snow-dominated tiles - F1 = 0.80 (Fig.4).

e K-Means: Strong in heterogeneous spring/summer tiles - F1 up to

e 0.90 (Fig. 4).

e Brightness rule: High recall (>0.9) but poor precision (<0.7),
successfully identified clouds but also misclassified snow. CPGI: Up
to +35% clear pixels vs. SCL (TI8WVE; Fig. 5).
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Fig. 4. Each model’s F1-score on validation tiles.
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Fig. 5. Left: TA8WVE RGB. Middle: K-Means mask. Right: SCL mask.

Discussion

SCL consistently underperformed. The brightness rule should be a rapid detection
method integrated into workflows prioritising interpretability. CNN reduced snow-
cloud confusion by learning characteristic patterns and spectral signatures but was
computationally extensive. K-Means held an intermediate position, stronger than SCL
and brightness thresholding but less generalisable than CNNs. An adaptive strategy is
proposed: CNN for show- dominated months, K-Means for heterogeneous surface
months (Fig. 3).
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Conclusion

Seasonal adaptive masking increases usable Sentinel-2 imagery, supporting Inuit-led
sea-ice safety through SIKU, a mapping platform integrating satellite data with
Indigenous knowledge. Future studies should implement full-tile CNNs on high-
performance computing to enable year-round monitoring.
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