Crop yield prognosis
using ML and EO data
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Harvest data

Raw yield point measurements Cleaned yield map
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Satellite data

MNDVI over growth season
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Danish terrain height (DTH)

Terrain heigth (mean)
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Weather data
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ML models

 Model objective:

» Predict the yield per 5x5 meter within the field
« Provide a prediction 10" April, 10t May, 15" June, and 6™ September

* ML regression algorithm: Gradient Boosting from Scikit-learn

« Non-temporal and spatial model, thus feature engineering is required:

* Interpolated temporal data to daily interval and resample it to 14-days interval
« Training a model for each prediction date, based on data from 9" March to the prediction date

« One spatially independent prediction per 5x5 meter pixel
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Quantitative validation results
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Qualitative results of a whole validation field

Prediction the 10th April
Mean: 10.92

Difference the 10th April model
Mean: 1.94

Prediction the 10th May

Mean: 10.90

Mean: 1.96

Prediction the 15th June
Mean: 12.17

Difference the 15th June
Mean: 0.69

Difference the 10th May model
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Ground truth measured 17th August
Mean: 12.85

Dry yield difference (t/ha)
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CropManager
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