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Introduction
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Methodology

Region of study and Dataset
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Methodology

Data acquisition
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Methodology

Crop spectral response
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Methodology

Crop spectral response

Date: 09/07/2023
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Full year spectral time series
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Input data organization

Method 1 — Baseline™
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Input data organization

Method 2 — Sparse Current Year
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Input data organization

Method 3 — Sparse Multi-Year
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Algorithm
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Results

Overall accuracy over time
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Results

Intra-class evaluation
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Results

Qualitative results
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Ground truth Prediction at 01/12/23
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Conclusions IRTA’

* The study successfully demonstrated the effectiveness of spectral time-series from
satellite images for crop type classification using transformer encoder architectures.

 Using spectral data from the previous year improved the classification performance at
early stages.

* Single-model training approach (used in M02 and MO03) showed more stable and less
noisy performance compared to incremental learning (M01).

* C(lassification accuracy increased progressively throughout the year, starting at 0.70 and
reaching 0.81.

* The study highlights the persistent challenge of classifying underrepresented crop
classes, where performance remains low due to imbalanced datasets.

 Future research should focus on improving classification for these underrepresented
crops and explore the integration of additional data sources, such as weather and soil
data, to enhance model accuracy and robustness.
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