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*Rule-Based Sentinel-2 Method:
*Uses NDVI curve fitting to detect cuts (post-season and in-season).
*Persistent cloud cover causes false positives and missed cuts.
*Fixed start/end dates (April 1-Nov 30) and temporal masks (27 days) reduce

*Potential Improvements:
*Incorporation of Sentinel-1 (S1) SAR Data
*Integration of Weather Data

*Grassland cut detection is crucial for modelling yield and quality by identifying cut

Map of Austria showing grassland areas (green) and the
field reference data used for training, validating and
testing.
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Catboost Model for Refinement (Sentinel-1 and weather data)
 2) False Positive Removal: Catboost eliminates cuts falsely
detected due to undetected clouds using S1 data and weather
features.
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* 3) Detection of Missing Cuts: Catboost identifies cuts during S2
data gaps (=10 days)

 4) Growing Degree Days (GDD): used to identify the start of
the cutting season and define the minimum time span between ‘
consecutive cuts.
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Example of application of Catboost to confirm/reject potential cut
dates previously identified from the S2 time series.
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Example of Catboost model to generate the cut probability (in
green) applied within periods of S2 data gaps only.
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Conclusion

detections, and decreased MAE.
applications.

backscatter signal variability.

*Incorporating Sentinel-1 and weather data improved cut date accuracy, reduced false
*The method enables season-long cut detection, with stable accuracy even in near-real-time

*Further research is needed to address false detections during long growth periods, influenced by
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