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Introduction

Crop classification stands out as a foundational application of Earth observation
data for the agricultural sector, playing a vital role Iin food security, crop
monitoring, and agricultural policy. However, ensuring the robustnhess of crop
classification models in the context of variations environmental conditions and
Management practices across years and locations remains a critical challenge.

We developed a crop monitoring solution as part of the Horizon Europe project
Open Earth Monitor [1], where one of the main objectives is to build a number of
environmental monitors to serve concrete organizations / European Union
programs. In the EO context, an environmental monitoring system typically
implies data which show current, past, and/or future states of the environment
and environmental events potentially affecting the quality of life of citizens and/or
living beings. Crop Classification at the continental scale is an example of such a
monitor (Fig. 1). We aimed to develop a novel location-aware model to handle
spatial and temporal variability, heeded when running crop classification over
large scales.

Figure 1 - The Scobe of the Open Earth Monitor Project

Method

We developed a location-aware, transformer-based deep learning model,
Integrating time series data from the 12 Sentinel-2 L2A bands at 10m resolution
with geographic location information. Our model leverages SatClip embeddings,
a global, general-purpose location encoding framework proposed by Microsoft [2].
To Incorporate location-awareness, approximate longitude and latitude data are
passed through the SatClip model to generate embeddings, which are then
concatenated with transformer-based feature embeddings. The combined
embeddings are fed into a fully connected network for final classification (Fig. 2).
To our knowledge, this is the first application of SatClip embeddings in the
context of crop classification.
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Figure 2 - Proposed model

Dataset

The predictive power of a model is fundamentally dependent on the quality of its
training data. Our ground truth was established by first adopting the EuroCrops
dataset [3], which covers Belgium, Sweden, Estonia, and Slovenia for one year
each. We then substantially augmented this by incorporating four years of data
(2018-2021) from seven additional countries (France, Germany, Netherlands,
Portugal, Denmark, Austria, Spain) standardizing all entries with the HCAT crop

taXxonomy. This extended dataset, named

"RapidCrops," [4] was produced under
the EU-funded Al4SoilHealth project [5]
and iIs publicly available on Source
Cooperative and Zenodo. From this data,
we curated a balanced and
representative training set by randomly
selecting 587,151 samples from 2018-2021,
ensuring spatial and class balance (Fig.
3). The selection focused on the eight
MOost common crop types per country,
resulting In 28 distinct classes (Fig. 4).
Figure 5 shows the number of samples
from each country.

Figure 3 - Location of training samples
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Figure 4 - Class distribution of the
training samples

Figure 5 - Country distribution of the
training samples
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Validation

For validation, we tested the performance on an unseen vear. Therefore, all of the
validation samples are selected from 2022. We focused on the RapidCrops
dataset and 7 countries, randomly selecting 118,105 samples using the same
sampling strategy. Our experiments aim to answer the following research
guestions:

1) What is the impact of location awareness on training countries?

We tested the model with and without using SatClip embeddings to see the
effect of location awareness. The overall accuracy for 28 crop types was 0.88 with
SatClip and 0.82 without it. The improvement was even bigger for some crops, like
clover, where the accuracy increased from 0.73 to 0.90. This shows that using
location-aware embeddings helps the model, especially for crops that are
sensitive to where they are grown. Fig. 6 shows the impact of location awareness
for each country Iin the dataset.
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Figure 7 - Model Performance across
different field sizes

Figure 6 - Impact of location awareness on
classification performance for each country.

2) What is the impact of the field size on crop classification accuracy?

Our analysis showed that the accuracy of crop classification is about 0.81 for fields
smaller than 1 hectare. However, the accuracy improves to 0.92 for fields larger
than 5 hectares. For fields larger than 10 hectares, the accuracy levels off at around
0.92 to 0.94 (Fig. 7). This trend suggests that the 10-meter spatial resolution of
Sentinel-2 imagery can limit the accuracy of crop classification for smaller fields.
Furthermore, we observed a significant number of narrow, elongated fields. While
some of these fields are larger than 3 hectares, their elongated shape can
Introduce challenges due to potential "mixing" of spectral signatures from
neighboring fields within a single Sentinel-2 pixel. We recommend using
Analysis-Ready PlanetScope with higher spatial resolution (3m, [6]) to minimize
the impact of ‘mixing’ problemes.

Table 1- Crop based classification performance (top 16)

Class Precision| Recall |F1-score Class Precision| Recall F1-score
winter rape 0.99 0.98 0.99 winter barley 0.87 0.99 0.92
sugar beet 0.99 0.96 0.97 orchards 0.97 0.86 0.91

maize 0.98 0.97 0.97 alfalfa 0.91 0.91 0.91

soybeans 0.98 0.96 0.97 clover 0.89 0.92 0.91
winter wheat 0.98 0.96 0.97 vineyards 0.96 0.84 0.90
potatoes 0.93 0.97 0.95 grassland 0.86 0.87 0.87
spring barley 0.93 0.96 0.94 other forest 0.81 0.92 0.86
winter rye 0.93 0.94 0.94 |flowers plants| 0.79 0.90 0.84
Conclusion

This study highlights the importance of temporal depth, field size, and
location-awareness in improving crop classification using Sentinel-2 time series
data. The results demonstrate that multi-year training data significantly enhances
model performance when applied in unseen years, particularly for regions with
varying environmental and management conditions. While Sentinel-2 data
performs well for larger fields, its reduced effectiveness for smaller fields
highlights potential challenges, suggesting the need for alternative approaches in
fine-scale analysis. Furthermore, Incorporating SatClip embeddings as a
location-aware component has shown substantial improvements Iin accuracy,
especially for location-sensitive crops. However, it is important to note that
location awareness is most valuable when there are enough statistical samples for
the area. If the model is applied to a new region, or if the available samples are not
representative, leveraging location awareness could potentially decrease
performance.
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