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NeurIPS 2019 Workshop Tackling Climate Change with Machine Learning
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(a) Error computation (b) Architecture overview
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(a) Detailed architecture overview: Each node R is a residual block as (b) Architecture of a single residual
depicted on the right. block in our network.
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(a) False Alarm Ratio, True Negative Rate, True Positive Rate and (b) True Positive Rate and True

Accuracy per model
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