Context Matters — How climate-aware neural networks improve satellite-based land cover classification
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Climatic context is an under-utilized
modality in land cover classification.
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Geographical data shift in land cover
classification from satellite images

e Covariate shift: variable class
appearances

e Prior shift: variable class distributions

Climate-aware neural networks are more
accurate and generalizable.
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But: Climatic and environmental context
usually not incorporated into neural

networks for land cover classification Land cover class distribution per biogeographic

Main idea: Use satellite images' georeferencing information to enrich land cover region in BigEarthNet

classification training datasets with climatic and environmental information, |

e.g., from WorldClim-BC or CMIP, and incorporate it into neural networks “

—> Data shift affects land cover
classification on large geographic
scales.
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[1] Incorporate climatic
data directly into
classification models

[2] Incorporate climatic
data into generative
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e Faithfulness (FF) to conditions: Pearson correlation of climate regressor and
overall accuracy of land cover classifier (both trained seperately)

Climatic data is extracted for image location and fed into
classification network by means of conditional normalization

e Classification and semantic segmentation performance: overall accuracy and
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e Variability of ovr. accuracies across
biogeographic regions (x 10%)

Bl Alpine \
Model EuroSAT BigEarthNet 1 Boreal-Arctic
ResNet-18 1.02 1.26 B Atlantic
ResNet-18 + |IF 1.00 1.2 '
3 I Mediterranean Clim>at
ResNet-18 + CBN 0.80 1.12 _
; [ 1 Continental |
VIT-B 1.55 1.32
ViT-B + IF 1.7 130 O EuroSAT sample /
ViT-B + CBN 1.66 1.14
0.85
o B None d Bl ClimSat = ClimSat + CJ
9 0.80 1 Ve
[1] Leonhardt, J., Drees, L., Gall, J., & Roscher, R. (2023). Leveraging bioclimatic context for = -

. . 'Wall . P U . . .
supervised and self-supervised land cover classification. DAGM Germa.n Co.nference on Pattern Recogmfuon (pp. 6 0.75 > Classifiers trained
227-242). [2] Leonhardt, J., Gall, J., & Roscher, R. (2025). ClimSat — A diffusion autoencoder model for climate- =
conditional satellite image editing. Science of Remote Sensing (100235). = 0.70 on augmentEd

wn
Funded by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) — G 0.65 datasets_ are more
SFB 1502/1—2022 - Projektnummer: 450058266, the Deutsche Forschungsgemeinschaft (DFG, German Research 060 generallzable.
Foundation) under Germany’s Excellence Strategy — EXC 2070 — 390732324, and the Federal Ministry of ' Finland France ltaly ~ Netherlands  Poland Romania
Education and Research under the funding grant no. 01—S24075A-D (RAINA). Training dataset

X
) CRC 1502

\—

DETECT

 Augment geographically limited datasets with ClimSat and assess the trained
classifiers performance on geographically diverse dataset
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