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INTRODUCTION MACHINE LEARNING

* Usage in agriculture * Stream Mining approach to Big Data problem
* Paradigm shift — EO data as a stream — free access to . Exposing one piece of data to the algorithms only once
nigh temporal and high spatial resolution EO data - Computationally and resource-wise cheap
* Platform: * Time-series Classification (crop)
- hyper scalable * Time-series Regression (yield, vegetation indices)
. general purpose * (Clustering (to assist crop classification)
- data ingesting
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Signature matching problem
Perceptive Sentinel platform vs EO-Toolbox
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