
Grassland classification within the 
Department of Agriculture Food and 
Marine (DAFM) Area Monitoring System
Authors: Adriaan Keurhorst & Rob O’Loughlin 

Introduction
Satellite-based monitoring via Sentinel-2 and machine learning helps classify grasslands into four 
subclasses—paddocks, dry pastures, semi-natural pastures, and rough upland grasslands—improving 
detection of grazing and mowing. 

Rough upland grasslands reduce grazing and mowing model accuracy, while grazing and mowing 
models work better on well-managed paddocks and dry pastures. The grassland classification 
improves the reliability of these models. As the model is parcel-based and not a pixel-based 
classifier, it is very scalable and appropriate for Ireland’s Area Monitoring System (AMS). 

This integration enhances compliance with the Common Agricultural Policy (CAP), ensuring accurate 
verification of farming activities and schemes like ACRES

A B S T R A C T
Grasslands, covering 60% of Ireland’s landscape, are vital for agriculture and 
biodiversity. This study developed a Support Vector Machine (SVM) classifier using 
Sentinel-2 data to distinguish grassland subtypes (e.g., paddocks, rough uplands), 
achieving 93% accuracy. Key features like NDVI and NDVI_std drove classification, 
while integration with the Area Monitoring System (AMS) improved grazing (+6%) 
and mowing (+3%) detection. The results enhance CAP compliance monitoring, 
offering a scalable solution for sustainable land management.

Study Area
The study area of this study is the country of Ireland, with a total of 5053 grassland parcels being 
labelled into the following classes: Dry pasture, Paddock, Semi natural pasture and Upland.

Results
Classification Metrics 
The model achieved strong performance across 
grassland types: 

•	 Type 1 (e.g., managed grasslands): Precision 
= 0.95, Recall = 0.97, F1-score = 0.96. 

•	 Type 2 (e.g., rough upland 
grasslands): Precision = 0.88, Recall = 0.80, 
F1-score = 0.84. 

•	 Overall accuracy: 93%, demonstrating robust generalization. 
 

Feature Importance
Key spectral indices driving classification 
accuracy: 
•	 NDVI (Normalized Difference Vegetation 

Index) and its spatial standard deviation 
(NDVI_std) were the most influential 
features, reflecting vegetation health and 
stability. 

•	 NDTI (Normalized Difference Tillage Index) 
and NDI7 (a custom index) contributed to 
distinguishing management practices.

Downstream Impact on Activity Detection 
Integration of the grassland classifier improved detection of agricultural activities: 
•	 Grazing detection: +6% accuracy (reduced false positives in rough grasslands). 
•	 Mowing detection: +3% accuracy (better separation of managed parcels). 
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C O N C L U S I O N S

•	 SVM + parcel-level approach is scalable: Using a 
Support Vector Machine with aggregated parcel-level 
signals offers a practical, large-scale solution. 

•	 Effective distinction achieved: The model reliably 
separates rough upland grasslands (where activity 
detection is unreliable) from well-managed grasslands. 

•	 Downstream benefits: This method directly improves 
CAP compliance monitoring by reducing false positives/
negatives in grazing (+6%) and mowing (+3%) detection. 

Objective
To improve grazing and mowing model accuracies by providing information of grassland types. 
This work build upon previous work done on grassland marker development within HubCAP, an ESA 
InCubed project.

Method - Machine Learning
1.	Data 

Signals: the signal data used for this classification are NDVI, NDTI, NDI7. Mean and standard 
deviations of these signals are used per parcel.

Labels: the label data consists of manually labelled grassland classes per parcel. These classes 
are representative of grasslands in Ireland: paddocks, dry pastures, semi-natural pastures, and 
rough upland grasslands. These are then condensed into two grassland types, Type 1 and Type 2 
grasslands. Grazing and mowing is assumed to be more likely on Type 1 grasslands compared to 
Type 2 grasslands. 

2.	Classification 
The machine learning algorithm for this task is a support vector machine. This algorithm yielded 
the highest accuracies during development. Other classification methods that were evaluated 
include Random Forest and XGBoost. 

3.	Training and testing  
Model Training and Optimisation 

A SVM classifier was trained on 70% of the dataset (3,790 parcels) and evaluated on the 
remaining 30% (1,263 parcels). Hyperparameter optimisation was conducted to enhance model 
performance. 
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