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Introduction

• Subdivision of a digital elevation model 

(DEM of Switzerland) into different 

landscape classes

• Learning and identifying meaningful 

features from a DEM for clustering

• Investigation of feasible auto-encoder 

architectures for deep feature learning
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Figure: Baumann (2016)

• Landscape Typology of Switzerland (ARE, BAFU, BFS)



Introduction
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• Auto-encoder model
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Auto-encoder architecture
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• Auto-encoder model: SegNet architecture

Figure: Du et al. (2018)

Figure: Badrinarayanan et al. (2015)



Model training
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• Input samples: 128 x 128 px

• Kernel size: 3 x 3

• Batch size: 16 

• 128 training samples, 32 validation samples (fixed selection)

• 1000 epochs

• Learning rate: 0.001



Study area
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Model A Model B
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Model C Model D



Reduced refeference model

20.04.2021 12



Results
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Results
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Results
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Conclusions

• Creating reasonable classes is possible

• Less complex classes compared to reference model

• Classes mostly characterized by altitude and slope

• Trade-off between strength of model and amount of data
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Thank you for your attention !

Questions?
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