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Flood models need accurate “bare earth” topography data

Bare earth topography
(Digital Terrain Model, DTM)

Copernicus DEM
(global Digital Elevation Model, DEM)

1 Motivation Methods Preliminary Results



If we can predict the errors in a global DEM, we can remove them

Free global DEM
(e.g. Copernicus DEM) Predicted errors Bare earth topography
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Can a single model learn to predict errors everywhere?
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• Or should we use separate models for different environments?
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FABDEM  used two models: Forest & Buildings 

Motivation Methods Preliminary Results

Source: Hawker et al. (2022) 



Moving beyond discrete modelling domains

+ =
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Closed forest

Open forest

Shrubland

Bare

Urban

Each prediction is a weighted average 
of specialist model predictions 

Weights vary based on 
context (input data)

e.g. forest model combined with buildings model and merged 



Large & diverse reference database – 72 airborne LiDAR DTMs
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Select input variables relevant to Copernicus DEM errors

• Topography

• Multispectral (Landsat)

• Synthetic Aperture Radar

• Vegetation

• Urbanisation
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Verify using state-of-the-art explainability methods 
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Preliminary results: discrete ensemble (no meta-model yet)

Palmerston North (New Zealand) LiDAR DTM

Source: Toitū Te Whenua | LINZ (2020) 
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Preliminary results: discrete ensemble (no meta-model yet)

Palmerston North (New Zealand) Copernicus DEM
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Preliminary results: discrete ensemble (no meta-model yet)

Palmerston North (New Zealand) Modelling domains

Closed Forest Open Forest Short Vegetation Buildings BareDomains:
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Copernicus DEM corrected by ensemble Original Copernicus DEM

Copernicus DEM (RMSE = 1.66m) Ours (RMSE = 0.64m, ↓61%)

FABDEM (RMSE = 1.07m, ↓36%)
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Questions & suggestions welcome!

• Email: michael.meadows@student.rmit.edu.au
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