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1. Introduction

Earth Observation Data

– Volume
• ESA Sentinel satellites: ~20TiB daily user-level data.1

• Deep Learning models with millions of parameters.

– Quality
• Completely labeled sets are costly.
• Require a long time to update.
• High-resolution semantic segmentation maps.
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1. Serco Europe, RP. (2021). Sentinel data access annual report Y2020. Copernicus.
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[3] J. Castillo-Navarro, et al.

2. JEM

Joint Energy-based Model
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𝐸𝜃 𝑥 = −𝑙𝑜𝑔෍

𝑦

𝑒𝑥𝑝 𝑓𝜃 𝑥 [𝑦]Energy function:
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2.1 Energy function

Joint Energy-based Model

– Energy function

↑ High values: unrealistic samples.

↓ Low  values: realistic samples.

Dual optimization problem
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3. JEM in Remote Sensing

Datasets

– EuroSAT (RGB)
• 22,000 (train) and 5,000 (validation & test).
• 10 classes.

[7] Davies

– New York City (RGB + NIR)
• 6,000 (train) and 1,140 (validation & test).
• 3 classes.

• Buildings, Vegetation and Bare land.

Optical Ground Truth
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3. JEM in Remote Sensing

RQ1: What factors influence the instability of JEM 
training for Classification and how to alleviate it?
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3.1 JEM training instability

– The training loss ℒ indicates how well the model fits the training data.

– JEM training simultaneously optimizes the classification and generation branch:

ℒ𝑇𝑂𝑇𝐴𝐿 = ℒ𝐶𝐿𝐴 + ℒ𝐺𝐸𝑁

ℒ𝐶𝐿𝐴 = 𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑦, ො𝑦 = −෍

𝑘

𝑦[𝑘] ∙ log( ො𝑦 𝑘 )

ℒ𝐺𝐸𝑁 = 𝐸𝜃 𝑥 − 𝐸𝜃(𝑥′)

– Model divergence due to unbounded definition of generation loss.
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3.1 JEM training instability

– Model divergence due to unbounded definition of generation loss
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3.1 Regularization

– Regularization adds a penalty term to the objective function.

– Applied to generation loss to constrain the values:

ℒ𝐺𝐸𝑁_𝑅𝐸𝐺 = ℒ𝐺𝐸𝑁 + 𝛼 ∙ 𝑅𝐸𝐺

– Three types of L2 regularization:

𝑅𝐸𝐺𝑟 = ෍𝐸𝜃 𝑥 2

𝑅𝐸𝐺𝑢 = ෍𝐸𝜃 𝑥′ 2

𝑅𝐸𝐺𝑔 = ෍∇𝐸𝜃 𝑥 (𝑥)2
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3.1 Regularization

– Regularization results
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3.1 Regularization

– Regularization and hyper-parameters results
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3. JEM in Remote Sensing

RQ2: What are the potential and challenges of JEM 
for semantic segmentation of remote sensing 

data?
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3.2 JEM for Segmentation (sJEM)

– Architecture adaptation:
• Decoder.
• Pixel independence assumption.
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3.2 JEM for Segmentation (sJEM)

– Vanilla U-Net results
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3.2 JEM for Segmentation (sJEM)

– Wide-ResNet + U-Net results:
• +10% accuracy w.r.t. Vanilla U-Net architecture.
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3.2 JEM for Segmentation (sJEM)

– Wide-ResNet + U-Net results
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3.2 JEM for Segmentation (sJEM)

– Divergence
• Pixel aggregations produce energy values ~4 orders of magnitude bigger w.r.t. classification.
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4. Conclusions and future work

Divergence:

– Regularization stabilizes the training and alleviates the divergence to some extent.

– Regularization eases the competition of the dual optimization problem.

sJEM:

– The pixel independence assumption is too strong for RS images where spatial autocorrelation is a common 
characteristic.

– Stronger regularization techniques are required for RS image segmentation.

Future work:

– Further regularization terms that are more effective for divergence.

– Robust definitions to aggregate pixels’ energy values, including measures of spatial autocorrelation.

– Feedback sensibility in the generation process to “bad-looking” samples.
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Thanks for your attention!

Questions?
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Appendix | JEM training instability

– Regularization in the view of energy landscape
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Appendix | JEM training instability

– Influence of hyperparameters: learning rate
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Appendix | JEM training instability

– Influence of hyperparameters: SGLD steps
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Appendix | JEM training instability

– Detection and Restart
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Appendix | JEM training instability

– Detection and Restart
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Appendix | JEM training instability

– Detection and Restart
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Appendix | JEM training instability

– Detection and Restart
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Appendix | JEM for Classification

– Potential for semi-supervised learning
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Appendix | JEM for Classification

– Potential for semi-supervised learning
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Appendix | JEM for Segmentation (sJEM)

– Individual segmentation branch analysis:
• U-Net architecture.
• Balance between training time and accuracy.
• Dice metric addition to segmentation loss.
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Appendix | JEM for Segmentation (sJEM)

– Individual generation branch analysis:
• 1 sample.
• Different encoders and learning rates.
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Appendix | JEM for Segmentation (sJEM)

– Influence of hyperparameters: learning rate and buffer size
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