Mapping geomorphology based on the information from existing geomorphological maps with a multiple-point geostatistics technique
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Automated landform mapping has shown a rapid growth over recent years due to advances in machine-learning technologies and increasing availability of digital terrain data at higher resolutions. Existing automated landform classification techniques are based on the statistical analysis of terrain attributes at a single point
(1.e. clustering, regression-based methods), or between two point locations (1.e. region growing, image segmentation, varigram-based methods). These techniques are, however, incapable of caputuring complex spatial pattern or reporoducing the mathematical complexity of curvilinear landfrom features, as this would re-
quire taking into account the co-variation of a larger number of spatial locations. Multiple point geostatistics (MPS) can be used to overcome these problems. This apporach uses field geomorphological maps, together with the topographical data obtained from the Digital Elevation Model (DEM), as a training image, to ex-
tract topographical characteristics and autocorrelations between attributes at multiple spatial locations for different landform types. This knowledge can be used to map other areas with similar geomorphological characteristics. We explore and investigate a MPS technique, so-called the Single Normal Equation Simulation
approach, or SNESIM, in geomorphological landform classification, focusing on medium-scale landforms with a dimension between 1072-10 km?, such as alluvial fans, fluvial terraces, and debris slope.
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- ‘Optimal’training 1mage size 1s between 7.5-10% of total area.
Increasing size beyond this range does not improve mapping
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