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SURVEY CALIBRATED CROP AREA ESTIMATION
USING SENTINEL 2 AND LUCAS SURVEY DATA

A design based framework for Official Statistics

Hrishikesh Dutta, Copernicus Mission Control System Engineer, Terma Germany
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Traditional surveys Earth Observation S Bt i Extracted over 2300 Sentinel 2

(like LUCAS): (satellite): scenes over Germany, during
the 2018 growing season

(March — October) ,
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Spatial distribution of LUCAS survey points: Compute Indices Sample at

How can we combine the strengths of surveys and satellite data to ° 3.0?; obsertvatlons 1. NDVI (greenness) > LUCAS
produce reliable and timely crop statistics? CTOP 1ypes 2. EVI (vegetation) points

METHOD

Methodological workflow for integrating EO and survey data for crop area estimation. .
Core Statistics

: : :

Error Quantification Design-based Final Estimates
Correction

_ Machine Learning Model
LUCAS 2018 Survey Sentinel-2 features Confusion Matrix > Bias Correction

(Germany) (2018 growing season)

e 300,000 sample points e 2300 scenes e True Vs predicted e Adjust crop areas e Bias-corrected crop
e 12 crop labels e NDVI, EVI, Month e ~300,000 e Train/test split e Accuracy = 31% crop class using conditional areas
e Statistically observations 1. 70 % Training e Macro F1=0.14 e Misclassification probabilities (True | * 95% confidence

representative sample e X (inputs) : Satellite 2.30% testing patterns ( e.g., wheat Predicted) from the intervals
features (NDVI,EVI 3. Stratified confused with barley confusion matrix

Uncertainty
(Bootstrap)

Month) e Train model

e Y(target) : actual 1. Random Forest
crop type from (300 trees)
LUCAS 2. Predict crop types

RESULTS KEY TAKEAWAY:.

Classification Performance (F1 Score per Crop) Bias-Corrected Estimates with 95% Confidence Intervals Raw vs Bias-Corrected Crop Area Estimates 1 . We de mon Strate an o pe ratl Onad | p I pe | I e
m=Raw (biased) for EO-based crop mapping using open and

reproducible tools
2. We show how survey data can be used
to calibrate and correct EO-derived crop
area estimates
3. We quantify the uncertainty assoclated
with these corrected
estimates, thereby
aligning EO-based
Crop Type Crop Type Crop Type agricultural indicators
with the principles of

Together these results show that although classification accuracy is relatively low, the bias correction framework allows us official statistics.
to produce consistent and reliable crop area estimates.
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