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Settlement 

classification

• Identify and map intra-

urban “neighborhood” 

types or classes

• Consistent across regions

• Method to test the 

significance of observed 

patterns
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Settlement 

classification

• Goals and uses

– Improved sampling design 

and reporting for surveys

– Monitoring urban growth

– Cartographic 

representations

– Planning development 

projects

– Modelling differences in 

population distribution 

and demographics
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Building footprints: 

New data and 

opportunities

• 2D unlabeled polygon 

representations of building 

extents

• Sources

– Surveying, topographic 

maps, cadastral data

– Digitized and open-source 

(e.g. OSM)

– Extracted from high 

resolution imagery
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Quantifying and classifying patterns

• Quantifying morphology by fragmentation statistics

• Multi-scale moving window calculations

• Data feature reduction by PCA

• Unsupervised classification by Gaussian Mixture Models

• Predictions on 100m x 100m resolution grids

Moving Window 

Calculations

Unsupervised 

Classification

Settlement 

Layer

Fragmentation 

Statistics
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Feature statistics

• Using “landscape” or 

“fragmentation” metrics

• Typically for ecological 

studies, but also urban 

morphology

Patch Area (mean) Patch Cohesion Index

Patch Size (coef. var.) Perimeter-Area Ratio

Fractal Dimension 

Index

Perimeter-Area Fractal 

Dimension

Shape Index Splitting Index

Aggregation Index
Landscape Division 

Index
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Case study in Kinshasa, DRC

• Building footprints by Ecopia in 

partnership with Maxar

– Unlabeled 2D polygons

– >1.1 million features in Kinshasa

• Classification using MCLUST v.5 

(Fraley et al., 2016; Scrucca et al., 2016)

– Probability of cluster membership

– Hierarchical merging of components

• Processing steps

– Custom Python and R scripts

– UoS Iridis 5 HPC facility
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Gaussian mixture models

• Unsupervised clustering 

and classification

• Multivariate “data space” 

with varying covariance 

matrix

• Probability of cluster 

membership

– Hierarchy of potential 

classifications

– Opportunities to select 

meaningful cluster types
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Kinshasa predictions: 5 class solution
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Kinshasa predictions: 5 class solution
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Conclusions and Discussion

• Building footprints extracted from imagery

– Becoming more common across the globe, but need 

completeness and accuracy checks

– Provide useful data, especially where other maps are lacking

• Gaussian Mixture Models

– Flexible, model-based approach creating hierarchical 

classifications that can support local knowledge of a place

– Enables a different perspective but computationally intensive

• Possible to extract new information from settlement patterns

– Settlement classification has broad applications in population 

geography
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Comparison to land use map

GROUPE HUIT & ARTER 2014. Schéma D'Orientation 

Stratégique De L'Agglomération de Kinshasa (SOSAK) 

et Plan Particulier D'Aménagement de la Partie Nord 

de la Ville (PPA). SOSAK Definitif. 
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Kinshasa predictions: 12 class solution
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Kinshasa predictions: 12 class solution




