
Introduction & Motivation

Geographical data shift in land cover
classification from satellite images
• Covariate shift: variable class
appearances
• Prior shift: variable class distributions

But: Climatic and environmental context
usually not incorporated into neural
networks for land cover classification Land cover class distribution per biogeographic

region in BigEarthNet

Samples of the class Annual Crop for different 
biogeographic regions in EuroSAT

Approach Overview

Main idea: Use satellite images‘ georeferencing information to enrich land cover
classification training datasets with climatic and environmental information,
e.g., from WorldClim-BC or CMIP, and incorporate it into neural networks

Two applications

[1] Incorporate climatic
data directly into
classification models

[2] Incorporate climatic
data into generative 
models for climate-
aware data
augmentation

[2] ClimSat – Climate-conditional Image Editing

Methodology
• Diffusion model, 
conditioned on climatic
data and land cover maps
• Use as diffusion
autoencoder to simulate
climatic conditions in 
images
• Integration based on 
conditional batch
normalization (similar
to [1]), and classifier-free
guidance

Experiments
• Image quality metrics: inception score (IS) and Frechet inception distance (FID)
• Faithfulness (FF) to conditions: Pearson correlation of climate regressor and 
overall accuracy of land cover classifier (both trained seperately)

• Augment geographically limited datasets with ClimSat and assess the trained
classifiers performance on geographically diverse dataset
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Methodology
• Multi-modal land cover
classification from images and
climatic data
• Use conditional batch or layer
normalization for convolution-
and transformer-based
backbones, respectively

Experiments
• Classification and semantic segmentation performance: overall accuracy and 
F1-score

• Variability of ovr. accuracies across
biogeographic regions (× 102)
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Graphical summary of ClimSat during inference: Image editing is enabled
by using different conditions during the encoding and decoding steps
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Climatic data is extracted for image location and fed into
classification network by means of conditional normalization

Model IS (↑) FID (↓) FF to 𝑐clim
(𝑇)

FF to 𝑐LC
(𝑆)

AE 2.67 60.15 0.186 0.796

AAE 2.48 76.13 0.182 0.784

FaderNet 2.52 68.38 0.207 0.784

AEGAN 2.54 64.53 0.144 0.789

FaderGAN 2.50 98.20 0.219 0.786

ClimSat (𝑤 = 0) 2.88 12.23 0.408 0.778

ClimSat (𝑤 = 0.2) 3.19 14.98 0.449 0.801

ClimSat (𝑤 = 0.4) 3.48 25.53 0.468 0.812

ClimSat (𝑤 = 0.6) 3.75 41.06 0.466 0.814

ClimSat (𝑤 = 0.8) 3.97 58.73 0.444 0.811

ClimSat (𝑤 = 1.0) 4.11 76.44 0.406 0.801

Real images 2.83 10.41 0.596 0.820

Key messages

→Climate-conditional
classification using
conditional
normalization
improves accuracy.

→Only marginal
improvements when
testing set is OOD
(geographic split).

Key messages

→ClimSat outperforms
other models regarding
image quailty and 
faithfulness.

→Guidance strength 𝑤
can be used to balance
different image
properties.

TL;DR

Climatic context is an under-utilized
modality in land cover classification.

Climate-aware neural networks are more
accurate and generalizable.

Key messages

→Classifiers trained
on augmented
datasets are more
generalizable.

Key messages

→Data shift affects land cover
classification on large geographic
scales.

ClimSat

Classification EuroSAT BigEarthNet

Model Accuracy F1-score Accuracy F1-score

ResNet-18 0.963 0.963 0.940 0.739

ResNet-18 + IF 0.965 0.964 0.941 0.743

ResNet-18 + CBN 0.975 0.974 0.945 0.770

ViT-B 0.943 0.941 0.937 0.734

ViT-B + IF 0.944 0.944 0.937 0.736

ViT-B + CBN 0.951 0.950 0.941 0.760

Sem. Seg. LC-Slab (random split) LC-Slab (geographic split)

Model Accuracy F1-score Accuracy F1-score

UNet 0.827 0.621 0.806 0.558

UNet + IF 0.823 0.627 0.789 0.555

UNet + CBN 0.842 0.654 0.808 0.561

Alpine

Boreal-Arctic

Atlantic

Mediterranean

Continental

EuroSAT sample

Model EuroSAT BigEarthNet

ResNet-18 1.02 1.26

ResNet-18 + IF 1.00 1.23

ResNet-18 + CBN 0.80 1.12

ViT-B 1.55 1.32

ViT-B + IF 1.75 1.30

ViT-B + CBN 1.66 1.14

Classifier
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