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I. Uncertainty in Remote Sensing (Classification)
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II. Human Label Uncertainty
Studied Data Set:

So2Sat LCZ42 (Zhu et al. 2020)
• Sentinel 1&2 patches, 32*32 pixels

• 42 global urban conglomerates

• Local Climate Zones (LCZ) classification
scheme (17 classes)

• Ca. 400k labeled patches, 

250k with multiple labels

• Geographical train / test split
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Credit: Gawlikowski et al. 2022



II. Human Label Uncertainty
ESA Living Planet Symposium 2022, World Conference Center Bonn, Bonn, Germany

C1.07.1 ML4Earth: Machine Learning for Earth 26.05.2022

Label Evaluation Study: 

For a subset (European cities + addon areas), J=10 different voters independently labeled each image patch:

individual votes observed counts for class k of image i

One-Hot encoded labels: Distributional encoded labels:

M = # of votes
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II. Human Label Uncertainty
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Model in use:
Sen2LCZ (Qiu et al. 2020), CNN-based Deep Learning model superior over many
commonly used image classification models for LCZ42 image classification



III. Embedding Uncertainty Into Training

Training with distributional labels (Kullback-Leibler (KL) divergence):
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A Priori Calibration Post-Hoc Calibration

Label Smoothing: Temperature Scaling:
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Training with One-Hot Encdoded Labels: Training with Distributional Labels:
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III. Embedding Uncertainty Into Training

Calibration metrics considered: Generalization metrics considered:
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Guo et al. 2017, Nixon et al. 2019 Peterson et al. 2019
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IV. Findings

• Training objective with uncertainty is same at the core, but misclassifications aren‘t
punished as hard as usual during training

• Natural calibration occurs when using labels with distributional form, competitive
to off-the-shelf methods which require additional data for hyperparameter tuning

• Generalization performance in terms of cross entropy also increases, even when
generalizing to one-hot encoded test data
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V. Conclusion

• Label uncertainty is often neglected in Earth Observation models

• Valuable information is hidden from model if uncertainty associated with the
labels is not considered

• Incorporation of existing label uncertainty is seamless and requires little changes

• Generalization increases, calibration occurs naturally
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Thank you for your attention!
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