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i) The Bahamian image composite was created by Alina Blume during her master thesis in DLR.
ii) The reference points for both areas were sampled by the same source, Allen Coral Atlas (https://
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:-The above maps show the resulted classification and spatially explicit uncertainty layer with the presented workflow for both study areas.
Ensemble Model based to Mode and Mean Probability Value

A—*Initial Classification (with one training subset)
.B—Spatially Explicit Uncertainty of initial classification
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