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Urban centers, especially in the global
south, are rapidly growing, resulting In
sprawling, unplanned slums. To address
this challenge, the Sustainable Develop-
ment Goal 11 emphasizes the upgrading
of slums and ensuring access to basic
services [1], which requires detailed geo-
graphic information. In this context, two
innovative techniques offer promising
solutions: on one hand, Urban morphol-
ogy analyzes the formation and trans-
formation of urban forms [2], providing
detailed descriptions of slum structures;
on the other hand, Topology uses network
analysis to understand the unique spatial
relationships within geographic objects
or units [3] in slums. These methods
together in combination with VGI data
and open-source tools offer a detailed,
cost-effective approach to improve slum
mapping and urban planning in these set-
tlements.

OBJECTIVE

Themainobjectiveofthisstudyistoimprove
the accuracy of detailed slum mapping by
applying principles of urban morphology
and topology.

METHODOLOGY

To achieve the objective, the following
methodology was implemented:

1. Selection of cases + Data collection:
based on the search of regions in the
Global South with high urban informal-
ity and the availability of building foot-
prints and neighborhood polygons in
OpenStreetMap (OSM) such as Dhaka,
Kampala, and Asuncion. Geometric data
such as building footprints and neigh-
borhood polygons were extracted using
Python tools like OSMnx and Momepy.
Ground truthing was performed to clas-
sify buildings within slum polygons as
‘slum” or “non-slum” based on spatial
relationships.
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Fig.7: Methodology workflow.
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Fig.3: Classification of buildings in training area (Korail). On the left classification of buildings using Ground Truth data, on the center
and right, the same classification but using UMMs and TM and applying Random Forest and Threshold Searching classifiers.
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Table 8: Results of all overall accuracies obtained after the testing.
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Fig.4: Classification of buildings in testing
area (Ricardo Brugada, Parguay) using
UMMs and TM and applying Threshold

Searching classifier.

2. Urban Morphology Analysis: Urban mor-

phology metrics (e.g., Building Areas,
Building Perimeters, Mean interbuilding
distance, Fractal dimension, Covered
arearatio) were analyzed using Momepy
Python package.

3. Topology algorithms: to improve slum

mapping accuracy topology algorithms
were explored and implemented, result-
Ing In metrics like weighted Delaunay
triangulation and Average weighted
distance. NetworkX Python package
played an important role in this step.

4. Trainingset:Random Forestand Thresh-

old Searching classifiers were trained in
Korail (Bangladesh).

5. Testing sets: the slum mapping method

was tested with the classifiers in
Katanga, Uganda, and Ricardo Brugada,
Paraguay. The testing was made first
with the Morphology metrics and then
with the implementation of the Topol-
ogy metric to see how the accuracy was
improved.

Table 1: Result of the classification of buildings in training and testing areas.

RESULTS

Theresults suggest that the Random Forest
classifier overfits the training data, which
may result in unreliable predictions [4]. In
contrast, the Threshold Searching method,
while computationally intensive, Is less
sensitive to the intricacies of the training
data, leading to better generalizability and
effectiveness in slum mapping using Urban
Morphology and Topology. This method
shows promise for expanding this mapping
approach to slums areas globally, providing
adaptability to diverse geographic regions.
CONCLUSION

By applying principles of urban morphology
and topology, more detail to slum mapping
s provided. This results in a more specific
framework for understanding and address-
Ing the complexities of slum areas. Addi-
tionally, a contribution to fields like geoin-
formation, urban planning, and governance
Is made. The study also underscores the
importance of quality VGI data for mapping
informal settlements.
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