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Conclusion and Next Steps
¢

e CT-LSTM is a model to be flexibly transferred to new tasks with
minimal data and it can be used for spatial downscaling. The
method proposed is general and can be used in other applications

S (e.g. agriculture).

Fluxnet dataset of flux Armeriflux dataset of flux _ Entity: Flux Tower e In the next steps, driver data for every point on earth downloaded

towers Response: GPP (Eneray captured through will be used along with the model to downscale for the world.

e Since incorporating domain knowledge in CT-LSTM Physics didn't
perform much better than CT-LSTM multi-loss and Metaflux, in the

future, better ways of incorporating knowledge will be performed.
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