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Objective

Crop mapping is a critical component of agricultural statistics and informed decision-making. With the
growing diversity of ML models, the selection of the most suitable model is highly influenced by the
availability of Iin situ data and computational ressources. This study evaluates the trade-offs of different
categories of models by leveraging the Spanish list and area frame survey as reference data. In this
study, only the data in the autonomous community of Castillay Ledn is used.

Method

« Sentinel-2 time series are used as EO input data of the models.

« 500m by 500m square segments from the 2020 ESYRCE area frame survey
are used as training and validation data at segment level.

« The models are trained to discriminate between 71 crop and land cover
classes.

Since the focus is on the agricultural statistics, the 2 main metrics are :
 Weighted Fl-score of the 4 main crop classes.
« The R? of the regression estimator between ground truth proportion of a
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crop and the corresponding classified proportion.
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