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* Activation function: Rectified Linear Unit (ReLU
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. Brightness temperature (TB) of the measurements, * A new NN-based approach to estimate the observed TB bias structure was developed.

All Cond. Asc Emissivity @ 23v Over Sea 2019-10-01 (r4141) All Cond. Asc Emissivity @ 23v Over Sea 2019-10-01 {r4141) All Cond. Asc Emissivity @ 23v Over Sea 2019-10-01 (r4141)
T T T T T T T I T T T T T T T T T T I T T T T T T T T T T I T T T
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