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1 Introduction
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U Reducing tropical deforestation effectively requires detailed data about its
driving forces: all deforestation needs to be attributed to an agricultural
commodity or another land use type

U Specific set of land uses is relevant for deforestation; some share visual and

spectral similarities and their recognition from satellite images is challenging Cocoa plantation Pasture Subsistence farming

U4 Using multi-modal data helps; existing works focus on integrating remote
sensing sensors, climatic or topographic variables b)

U The distribution of post-deforestation land uses exhibits strong spatial
patterns, but no modalities related to location have been used

Figure 1: Examples of land use classes associated with tropical deforestation: a) classes
with distinct visual appearance; b) classes with similar appearance onsatellite imagery

2 Method

m We propose to classify post-deforestation land uses from
multiple modalities, providing the model a notion of
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Figure 2: Transformer-based architecture for multi-modal post-deforestation land-use classification.

3 Dataset 4 Results and Discussion
m We compile and publish the Post-deforestation ccess the m Integrating location-related modalities with satellite image time series
Land Use in the Tropics (PLUTo) dataset Paatase‘ on results in significant improvements in accuracy

m 14’623 samples of 1x1 km? deforestation scenes ** Satellite images remain crucial

m Each sample consists of: ** Including geographic location improves the accuracy by 9%

< Time series of 4 Sentinel-2 images ** Tabular data helps when training on smaller datasets

% A per-pixel map of deforestation m All used modalities are &
freely available

+* Geographic coordinates of the deforestation event anywhere in the tropics 0.8

% Country-level estimates of deforestation attribution m Multi-modal integration o

to each commodity, provided by the DeDuCE dataset [1] has a negligible
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Figure 4: Accuracy for input modality combinations
Most common driver in cell
® cocoa @ forestplantation @ other pasture shifting agriculture @ urban References
® coffee @ mining ® palmoil rubber @ soy
) o ) [1]Singh, Chandrakant, and U. Martin Persson. "Global pattermns of commodity-driven deforestation and
Figure 3: Distribution of samples in the dataset associated carbon emissions." Preprint Earth ArXiv. https://doi. org/10.31223/X5T69B (2024).
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