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1. Biophysical Representations of Forests 3. Results
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Superior reconstruction accuracy for AE RTM _corr, illustrated by spectral band.

Challenges to invert the RTM
Biophysical variables. More plausible recovery.
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Baseline application to real spectra yields implausible distributions of variables, while
AE RTM corr learns plausible and distinguishable distributions across forest types.

2. End-to-End Learning of the Inverse :
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will be used to Verlfy retrieved variables plaU’SIblhty . variations of inferred physical parameters for different forest types.
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% Making a fully differentiable INFORM assisted by GPT-4
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Ec C. ¢ End-to-end learning with a complex RTM.
Our model (AE_RTM corr) can do end-to-end learning of the inverse. Regressive % Plausible recovery of variables with bias correction.
neural network — a classical approach — serves as a baseline (NNRegressor). 2o Implicati ons for iIlVGI’tiIlg biased thSI cal models.
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