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Introduction

1

Introduction

1.1

Background

Presently, the world’s urban population is estimated to be 54.5% of the 7.5
million global inhabitants (United Nations, 2016), with still rising urbanization
rates in many regions across the Globe. In the most urbanized regions such as
Europe, Latin and Northern America, Caribbean and Australia more than 70%
of the population is living in urban areas, while, to date, many regions in Africa
and Asia have much lower urbanization rates, as for instance India with an
urbanization rate of 33% (United Nations, 2014). Knowing that cities are the
engines of economic growth, innovation, development and opportunities,
people will continue to migrate from rural to urban areas seeking for a better
life. In the Asia Pacific region, for example, it is estimated that 120,000 people
migrate daily to urban areas, which will lead to an estimated urbanization rate
of 63% for this region by 2050 [5]. One main driver of this migration are the
higher poverty rates in rural compared to urban areas (Alkire, Chatterje,
Conconi, Seth, & Vaz, 2014); for example, 26% of rural India is poor compared
to 13.7% of the urban population. In India, rural areas underperform in all
poverty related indictors such as literacy rates, school attendance, access to
electricity or infant mortality (Mukunthan, 2015). Therefore, rural-urban
migration rates are likely to remain high, in turn giving rise to the urbanisation
of poverty.
As one of the negative consequences of urban growth (and development
strategies), urban inequalities increased, for example, the world largest cities
have the largest income inequalities (measured by the Gini coefficient)
(Adomaitis, 2013). Thus the 31 megacities1 (e.g., Delhi, Mumbai, Cairo, Lagos,
Rio de Janeiro, Moscow, London), housing around 8.7% of the global
population (United Nations, 2016), are global engines of economic growth but
also places of fragmentation, where the higher-income groups move into
secured spaces like gated communities and low income groups cluster in
deprived areas like slums. This urban divide between the “haves” and “have
nots” (p. viii) (UN-Habitat, 2010) indicates a systemic urban dysfunction, which
goes beyond income inequality and implies that the “have nots” are deprived
in many aspects (e.g., ranging from social exclusion to limited access to basic
services and land rights, poor physical and living conditions). If cities are to be
vibrant engines of innovations, economic growth and human development,
urban competitiveness is crucial; but this will require to go beyond the classical
economic factors of competiveness to include soft factors such as social capital,
quality-of-life, equity and access to basic services for all citizens (Sáez &
Periáñez, 2015). In order to upgrade deprived areas (e.g., providing them with
adequate services), embed them into the formal processes and ultimately to
bridge the urban divide, we would need to make the ‘invisible visible’ (Beukes,

1

2

A city with more than 10 million inhabitants.
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2015) by putting the deprived areas and their inhabitants on maps at local,
city and global scale. Deprived areas in the global South have often been
ignored in traditional urban planning processes and the provision of adequate
public services is “constrained by a lack of information and data ”(Chakraborty,
Wilson, Sarraf, & Jana, 2015, p. 77), even when political will and funds would
be present. “Hundreds of millions of people informally residing in Black Spots
are often invisible to their governments and international actors” (Batson,
2014, p. 40). Thus global and also local knowledge about the spatial pattern,
extent and diversity of deprivation is hindered by unavailable, outdated or
inconsistent spatial information. For instance, very prominent large slum
neighbourhoods have a certain level of (media) attention, for example, Dharavi
(Mumbai)2, Kibera (Nairobi)3 or Manshiet (Cairo)4, which house several
hundred thousand people, while we commonly know very little about small
settlements (e.g., pavement dwellers or small slum pockets) and new slum
developments in the periphery of cities. In particular, small settlements are
often neglected by official statistics as they may fall below the thresholds in
terms of size to be considered (Agarwal, 2011), but also for the large wellknown slums, base information may be uncertain (e.g., population estimates
for Dharavi range from several hundred thousand to up to almost one million
inhabitants (Taubenböck & Kraff, 2014; Taubenböck & Wurm, 2015).
Up-to-date spatial information is essential to better target and allocate
available resources in support of effective pro-poor policies (Patel & Baptist,
2012). However, spatial information requirements differ between strategic
planning at citywide scale and site specific planning at local neighbourhood
scale (Sliuzas, Kuffer, Pfeffer, Gevaert, & Persello, 2017). At citywide scale,
spatial data on deprived locations and their extents that allow monitoring of
development processes (emergence, sustenance, growth and disappearance,
for example via eviction) are essential to support urban policies (e.g.,
protection of environmental sensitive areas or developments of hazardous
land) and public investments (e.g., targeting of infrastructure investments)
(Sliuzas et al., 2017). But also more site specific information such as variations
in site conditions (e.g., topography, hazards), physical conditions (e.g.,
densities) or population enumerations are important information for urban
planning and decision making (Sliuzas, 2004). Such information can be
generated by rather labour intensive ground surveys, or very high resolution
(VHR) imageries that offer a synoptic method to rapidly extract spatial
information on the morphological dimensions of deprivation that are visible in
such imageries. Therefore, the main topic of this thesis is to develop and test
classification methods to provide information on the spatial patterns of
deprivation in cities of the global South from VHR imagery.
2
3
4

Dharavi video see for example: https://www.youtube.com/watch?v=PBMDGcYWPvU
Kibera video see for example: https://www.youtube.com/watch?v=jQeKEGrDoQ4
Manshiet video see for example: https://www.youtube.com/watch?v=Jf_tEOyUH4M
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1.2

The Terminology

Throughout this research the decision on the most suitable terminology was
challenging. Many different terms are used to label areas that are characterized
by poor physical and living conditions that provide homes to the “have nots”.
The terminology often depends on the focus, context and discipline. The most
commonly used terms in remote sensing publications are slums and informal
settlements (Kuffer, Pfeffer, & Sliuzas, 2016). Such terms focus on a specific
aspect of deprivation, i.e., the term ‘informal settlement’ relates to aspects of
land tenure, while the term ‘slum’ has in addition the connotation of poor
physical conditions. A drawback of the term slum is its negative connotation,
potentially stigmatizing such areas and their inhabitants (Gilbert, 2007). While,
the more holistic term deprivation reflects the departure from classical
monetary based poverty definitions and understands poverty as a multidimensional phenomenon, where deprivation is not only a lack of income but
also considers that households lack access to basic services, shelter, education,
social inclusion etc. (Baud, Sridharan, & Pfeffer, 2008). Economic studies on
deprivation often ignore the spatial patterns of deprivation within a city or
metropolitan area, whereas studies on mapping multiple deprivation are
commonly employing available census data and have to deal with large and
often very heterogeneous administrative units (Baud et al., 2008).
A number of commonalities and differences can be observed between national
definitions of deprived areas (see Table 1.1). In general, these definitions focus
on the household level, where access to basic services is the most consistent
commonality. However, the comparison also shows some differences, for
example, in the inclusion of neighbourhood characteristics like densities,
irregular layout or general environmental and site conditions. Furthermore,
only two out of seven examples use explicitly a minimum size criterion: in
Brazil the minimum size is 51 housing units (Nadalin, Krause, & Neto, 2012),
while in India the minimum refers to 300 people or about 60-70 households in
the 2001 census and 20 households for the 2011 census (Government of India,
2011).
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Table 1.1. National definitions of deprived areas found in relation to the respective
national census.

India1 Indonesia2 Bangladesh3 Kenya4 Tanzania5 Rwanda6 Brazil7




Built‐up densities


Irregular layout




Road infrastructure





Water supply
*





Sanitation
*



Solid waste managements
*



Housing quality


Overcrowding

Electricity


Tenure





Environ/site conditions


Socio‐economics of HH


Min. size
1 Ministry

of Housing and Urban Poverty Alleviation National Buildings Organization (HUPA):
‘slums’ (Government of India, 2011)
2 Ministry of Public Works and Housing (MPWH): ‘slums’ (MPWH, 2016 )
3 Bangladesh Bureau of Statistics (BBS): ‘slums’ (BBS (Bangladesh Bureau of Statistics), 2012)
4 Kenya National Bureau of Statistics: ‘informal settlements’ (needs to meet at least two criteria)
(Kenya National Bureau of Statistics, 2012)
5 National Bureau of Statistics: ‘slums and squatter settlements’ (National Bureau of Statistics,
2013)
6 Ministry of Infrastructure: ‘informal settlements’ (Ministry of Infrastructure, 2015)
7 Instituto de Pesquisa Econômica Aplicada (IPEA): ‘aglomerados subnormais’ (* refers to basic
services) (Nadalin et al., 2012)
Globally, most terms lack a clear operationalization, with the exception of the
term ‘slum’ that has been given by UN-Habitat a clear set of indicators at
household level. A slum household is deprived in one or more of the following:
access to safe water, acceptable sanitation, durable housing; being
overcrowded and lack land tenure security (UN-Habitat, 2003a). In contrast to
such household level definitions, area based slum definitions often include size
related indicators such as the minimum number of households or dwellings, a
minimum area size, environmental and locational aspects (e.g., location in
hazardous zones) at neighbourhood level. The minimum size criteria in such
definition raises the concern of excluding smaller settlements such as pockets
of ‘makeshift shelters’ (Christ, Baier, & Azzam, 2016). Household level slum
definitions (e.g., when only one criterion out of five is met) might include also
better-off households, while area based definitions might exclude many small
slum clusters. However, from space, area based definitions can be better
operationalized, as the socio-economic status and access to basic services of
an individual household cannot be easily inferred from images, which portray
the building roofs, roads and some aspects of their physical context.
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The terms used in this thesis vary and reflect the specific focus at stake. The
term ‘slum’ is used (in chapter 2 and 4) as a very commonly used term in
remote sensing studies, while when referring to the development process of
an area the term ‘unplanned settlement’ is used (in chapter 3), as this best
reflects the development dynamics of an area that has been growing without
planning guidance (Sliuzas, 2004). The term ‘deprived area’ is used (in chapter
5) as the most holistic term that also includes areas that might have a legal
tenure status but where inhabitants still face multiple levels of deprivation.

1.3

The Research Gap

This thesis explores the scope and limitations of mapping spatial patterns of
deprived areas in VHR imageries at local and city scale. The work builds on the
conceptualization of the generic slum ontology (Kohli, Sliuzas, Kerle, & Stein,
2012) as a way to translate the particular morphological and spatial
characteristics of deprived areas into image based features so that they may
be automatically identified and classified in VHR imageries. When starting with
this research, by exploring the diversity of deprivation in an Indian city (Delhi)
with VHR imageries (Baud et al., 2010), at that time (before the year 2010),
few publications existed that used (semi) automatic image classification
methods to map deprivation and no method existed that addressed mapping
its diversity. Around that time, a few publications (e.g., S. Jain, 2007; Weeks
et al., 2007) explored information, which could be extracted from remotely
sensed imageries on deprived areas, e.g., focusing on the use of object based
image analysis (OBIA) for mapping such areas (e.g., Niebergall, Loew, &
Mauser, 2008) and building level extraction (Mayunga, Coleman, & Zhang,
2007). Within an initial study (Baud et al., 2010), we used visual image
interpretation to capture the diversity and spatial patterns of deprivation.
Based on this work the question developed: to what extent could such areas
be mapped with more advanced image analysis methods? Thus in the first
phase of this PhD research, we explored methods to differentiate deprived
areas from other built-up and non-built-up areas in VHR imageries, similar to
methods that had been developed by other researchers (e.g., Graesser et al.,
2012; Kit, Lüdeke, & Reckien, 2012; Kohli, Sliuzas, & Stein, 2016). In the
second phase, we departed from the idea that deprived areas are homogenous
entities and asked whether their diversity can be mapped via image features.
The guiding principle for exploring the large body of available remote sensing
methods, where this research aims to fill a gap, focuses on four methodological
and application aspects. First, in order to produce information on deprived
areas that is meaningful for planners it is fruitful to combine the concept of
homogenous urban regions (HUPs, (Liu, Clarke, & Herold, 2006)) and OBIA
(Blaschke et al., 2014). Thus leaving the commonly used pixel-level output,
which is not very meaningful for urban planning and decision making. Second,
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to focus on methods that are computationally feasible to run using standard
computational devices (compared to vast computational resources available at
very few places such as the Oak Ridge Laboratories (Vatsavai, 2013)) on VHR
imageries for an entire city or metropolitan area. Third, employing methods
that are transferable across cities. Fourth, to search for methods that allow to
capture the diversity of deprived areas, moving away from the ‘one size fits all’
approach. The first principle is used within OBIA studies (e.g., Kohli, Sliuzas,
et al., 2016) but most machine leaning studies use either pixel-level outputs,
regular tiles or windows (e.g., Wurm, Taubenböck, Weigand, & Schmitt, 2017).
The second and fourth principles have been largely ignored by most studies on
mapping deprived areas. For instance, the focus on computationally feasible
methods for large areas has not been given much attention in discourses on
methodological innovations for mapping deprived areas. Furthermore, most
studies even when acknowledging their diversity, map them as one category
(e.g., Graesser et al., 2012). Concerning the third principle, only few studies
(Graesser et al., 2012; Hofmann, 2014) have been exploring the transferability
of developed methodologies to different cities, while most studies (Kit et al.,
2012; Niebergall et al., 2008; Owen & Wong, 2013a) used one specific city for
developing a specific methodology. Thus the four principles drive the
development of the research objectives for mapping spatial patterns of
deprived areas in VHR imageries.

1.4

Research Objectives

The main objective of this thesis is to develop and evaluate methods for
mapping the spatial patterns of deprivations in cities of the global South. To
achieve this objective, the following sub-objectives have been defined:
1) Reviewing the state-of-the-art on mapping deprivation by means
of VHR remote sensing imagery
A multiplicity of images, concepts, algorithms and applications are
available for urban mapping. To build on and upscale the existing
knowledge on mapping deprivation with VHR imagery and to set the stage
for innovations, a systematic review of what is appropriate in what context
was still absent. This sub-objective addresses this gap by providing a
review of recent and contemporary approaches, indicators employed, data
sources, and lessons learnt from empirical cases with respect to physical
slum characteristics that could form a basis for a systematic global slum
inventory and therefore, builds the backbone for further development of
methods to map deprived areas across countries in the global South.
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2) Analysing the utility of spatial metrics for mapping unplanned
areas
Spatial metrics has its origin in landscape ecology to quantify the spatial
heterogeneity of a natural landscape (Herold, Couclelis, & Clarke, 2005).
Given the particular morphological characteristics of unplanned areas, this
thesis assesses the utility of spatial metrics to differentiate unplanned and
planned areas in VHR imagery, by identifying their typical morphological
characteristics. The methodology explores the use of spatial metrics
aggregated at homogenous urban patches (HUPS) to complement the pixel
based information level, which is of lower relevance than aggregated
information at the neighbourhood scale to inform urban planning and
management. The transferability of the methodology within and across two
cities is analysed.
3) Analysing the utility of image texture for mapping slums
Traditionally, image analysis, and in particular image classification, has
relied on spectral information. Within this sub-objective, we depart from
spectral based information, which shows commonly transferability
problems across cities, and analyse the utility of image texture (i.e., the
grey-level co-occurrence matrix - GLCM) to map slums across cities in the
global South. The methodology builds on machine learning (i.e., random
forest classifier) and aggregates the pixel based information to HUPs (using
the method developed within sub-objective 2), specifically spatial units
that approximate slum neighbourhoods.
4) Mapping the diversity of deprived areas via image based features
Often deprived areas or slums are seen as one category, however, there
are considerable differences regarding deprived areas within and across
cities. In order to address the (physical) diversity of such areas, this thesis
analyses the capacity of VHR imagery and advanced image processing
methods to map locally specific types of deprived areas. A systematic
approach is developed to capture the diversity of deprived areas with
image based features that reflects the physical dimensions of such areas.
The outcome visualizes the diversity and clustering of deprived areas
across administrative units commonly used in deprivation studies.

1.5

Methodological Choices

This section provides rationales for specific methodological choices and the
sequence of chapters. This thesis has not a specific chapter that deals with an
overall methodology, the individual chapters provide details on the specific
methods used. As mentioned in chapter 1.3, starting from our initial work on
a visual delineation of deprivation in an Indian city (Baud et al., 2010), we
explored methods that would allow to identify such areas via image features.
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This led to two chapters, chapter 3 on the use of spatial metrics and chapter 4
on image texture. After finalizing the paper that builds chapter 3 and working
on the paper for chapter 4, the idea was born to work on a comprehensive
review on slum mapping methods, providing an overview of methods and
image features that work for a specific local context. Thus chapter 2, which
introduces the topic by reviewing relevant literature in the field, came later
then chapter 3 and 4. We still decided to have the review chapter as chapter
2, as it gives a comprehensive overview of the topic.
The aspects mentioned in section 1.3 (i.e., neighbourhood level, computation
feasibility, transferability and diversity) have certain implications for our
methodological choices (developed within sub-objective 1). The focus on the
neighbourhood level (developed within sub-objective 2) required a
methodology that allowed extracting homogenous areas based on textual and
spectral characteristics from VHR imagery. Using administrative boundaries
was not an option as they vary in size across cities and are often very
heterogeneous in terms of land cover and land use and therefore, do not reflect
well the urban morphology (Taubenböck, Standfuß, Klotz, & Wurm, 2016).
Aiming at computational feasible methods (which would not require high
performance computation for a large area), implied that we commonly used
for the final classification approach the entire VHR image or mosaic, which we
could acquire for a specific city, avoiding to work with small subsets (subobjective 3 and 4). An exception was made in chapter 3 (sub-objective 2), for
experimental purpose to allow working with a large set of spatial metrics, which
was one of the encountered limitations of that chapter. The focus on methods
that are transferable across cities and continents for mapping deprivation led
to the inclusion of examples of East-African and Indian cites (within subobjective 2 and 3). The focus on these regions had to do with their presently
low urbanization levels (e.g., India: 33%, Tanzania: 32%, Rwanda: 29%
(World Bank, 2016)), but being fast urbanizing regions. However, we also
selected cities, where deprived areas showed differences in their morphology,
for example, Dar es Salaam and Kigali have in general lower built-up densities
compared to Mumbai and Delhi (Figure 1.1), or the city of Ahmedabad with on
average much smaller slum areas compared to all the cities.
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Dar es Salaam

Kigali

Ahmedabad Delhi

Mumbai

Figure 1.1. Examples of deprived areas across cities used in this research (at the scale
1: 1,500).

Furthermore, we focused on areas where we had access to local knowledge,
for example, via previous research done (e.g., Aminipouri, Sliuzas, & Kuffer,
2009; Baud, Pfeffer, Sridharan, & Nainan, 2009; Baud et al., 2008; Sliuzas,
2004) and where we could acquire VHR imagery (which were either available
within our data repository or we could acquire via image foundations) – see
Table 1.2.
Table 1.2. Overview of imagery used within
City
VHR
Spatial
imagery
Resolution
Dar es
QuickBird
PAN: 0.6 m,
Salaam
MS: 2.4 m
Kigali
QuickBird
PAN: 0.6 m,
MS: 2.4 m
Ahmedabad OrbView-3
PAN: 1 m
Resourcesat
MS: 5.8 m
Delhi

Ikonos

Mumbai

WorldView-2

1.6

PAN: 1 m,
MS: 4 m
PAN: 0.5 m,
MS: 2 m

the different chapters.
Year
Coverage
2007

436 km2

2004

316 km2

2004
2004

264 km2
792 km2

2001/2

339 km2

2009

81 km2

Source
ITC data
repository
ITC data
repository
Earth Explorer
ITC data
repository
GeoEye
Foundation
DigitalGlobe
Foundation

Outline of the Thesis

Chapter 1, outlines the research scope of the thesis. It sets the background,
the research gap addressed and the main objectives of the thesis.
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Chapter 2, reviews the existing body of literature on mapping slums, informal,
unplanned, sub-standard, squatter and deprived areas. This chapter builds an
important base for understanding the foci of the following chapters. It presents
an overview of the state-of-the-art in slum mapping (scope and limitations),
and explores, which methods and image based features have the potential to
be transferred from one city to another. In addition, it provides an overview of
suitable methods to map large metropolitan areas that might allow to upscale
the information towards a global slum inventory.
Chapter 3, explores the utility of spatial metrics to map morphological
characteristics of unplanned areas (based on size, density and layout pattern)
and develops a methodology that departs from pixel based information and
arrives at the extraction of homogenous urban patches (HUPs) to deliver
information at a more planning relevant information level.
Chapter 4, combines the use of image texture (GLCM variance) to map slums
with a random forest classifier, one of the machine learning algorithms, which
in the past years has been considered to show much better performances than
the classical parametric classifiers. The chapter explores measurements to
optimize those parameter settings, which are commonly done by a trial-anderror approach, analyses the transferability across several cities in the global
South and employs again HUPs as the main aggregation units.
Chapter 5, departs from the commonly employed idea that deprived areas are
homogenous and analyses their morphological diversity, exploring to what
extent this diversity can be extracted via image based features. For this
purpose, a typology of deprived areas is built for the case of Mumbai,
acknowledging that the specific typology depends on very unique
characteristics and needs to be developed based on local knowledge. However,
the dimensions that allow the translation of the typology to image based
features are generic and transferable. To overcome computational bottlenecks
logistic regression modelling in a vector based environment is used.
Chapter 6, draws the main conclusions per research objective and relates
them to slum mapping approaches developed in the last years, reflects on the
main scientific and social contributions and possible direction for further
research on mapping deprived areas across cities in the global South.
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Chapter 2
Slums from Space—15 Years of Slum Mapping
Using Remote Sensing
5

5

This paper is based on:

Kuffer, M.; Pfeffer, K.; Sliuzas, R. Slums from space—15 years of slum mapping using
remote sensing. Remote Sens. 2016, 8, 455.
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Abstract
The body of scientific literature on slum mapping employing remote sensing
methods has increased since the availability of more very-high-resolution
(VHR) sensors. This improves the ability to produce information for pro-poor
policy development and to build methods capable of supporting systematic
global slum monitoring required for international policy development such as
the Sustainable Development Goals. This review provides an overview of slum
mapping-related remote sensing publications over the period of 2000–2015
regarding four dimensions: contextual factors, physical slum characteristics,
data and requirements, and slum extraction methods. The review has shown
the following results. First, our contextual knowledge on the diversity of slums
across the globe is limited, and slum dynamics are not well captured. Second,
a more systematic exploration of physical slum characteristics is required for
the development of robust image-based proxies. Third, although the latest
commercial sensor technologies provide image data of less than 0.5 m spatial
resolution, thereby improving object recognition in slums, the complex and
diverse morphology of slums makes extraction through standard methods
difficult. Fourth, successful approaches show diversity in terms of extracted
information levels (area or object based), implemented indicator sets (single
or large sets) and methods employed (e.g., object-based image analysis
(OBIA) or machine learning). In the context of a global slum inventory, texturebased methods show good robustness across cities and imagery. Machinelearning algorithms have the highest reported accuracies and allow working
with large indicator sets in a computationally efficient manner, while the
upscaling of pixel-level information requires further research. For local slum
mapping, OBIA approaches show good capabilities of extracting both area- and
object-based information. Ultimately, establishing a more systematic
relationship between higher-level image elements and slum characteristics is
essential to train algorithms able to analyse variations in slum morphologies to
facilitate global slum monitoring.
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2.1

Global Urbanization and Slum Dynamics: The
Context

Currently, about one-quarter of the world’s urban population lives in slums,
which are defined by UN-Habitat as informal settlements (UN-Habitat, 2015)
or areas deprived of access to safe water, acceptable sanitation, and durable
housing; in addition to being areas that are overcrowded and lack land tenure
security (UN-Habitat, 2003a). Over the last 15 years, there has been renewed
interest in slum improvement and eradication by local and international
organizations dealing with development issues. During this period, slums
became a more prominent subject of remote sensing (RS) image analysis.
Supported by increased availability of very-high-resolution (VHR) data and
methodological advances, many RS studies (Hofmann, Strobl, Blaschke, & Kux,
2008; Kohli et al., 2012; Owen & Wong, 2013a; Taubenböck & Kraff, 2014,
2015; Veljanovski, Kanjir, Pehani, Oštir, & Kovačič, 2012) aimed to produce
information on the geography and dynamics of slums. Thus a multiplicity of
images, concepts, algorithms and applications have become available.
However, to upscale the existing knowledge and set the stage for innovations,
a systematic review of what works in which context is still lacking. This article
fills this gap by reviewing recent and contemporary approaches, indicators,
data sources, and lessons learned from empirical cases with respect to physical
slum characteristics that could form a basis for a systematic global slum
inventory. Before doing so, we first introduce some aspects of slum
development in the global South (the term global South is commonly used in
the field of development studies and refers to developing countries, mainly
located in the Southern Hemisphere; global North on the other hand refers to
developed countries (Wolvers, Tappe, Salverda, & Schwarz, 2015).
Slum-identification studies are very much driven by the persistence and growth
of slums and emergence of new slums being inexorably part of contemporary
urbanization processes, particularly in the global South where rapid slum
development is linked to the failure of formal land markets and low planning
capacity. For example, the city of Hyderabad, India experienced a 70%
increase of slum areas between 2003 and 2010 (Kit & Lüdeke, 2013), a
situation that is by no means unique (Batson, 2014, p. 40). A recent UNHabitat report (UN-Habitat, 2013b) stated that the urban population in SubSaharan Africa (SSA) is growing by 10 million people annually, of which 7
million are likely to move into slums. Latest estimates by UN-Habitat (2015)
suggest that, in Africa, 62% of the urban population is living in slums; in Asia,
it is up to 30%; and in Latin America and the Caribbean, the rates of living in
slums is 24%. Over the last six to seven decades, various policy discourses
and programs addressing slums have emerged. During the 1950s and ‘60s,
slum settlements were often tolerated or neglected as “traditional villages”. As
large-scale evictions were found to be ineffective due to their impact on the
15

Review - Slums from Space

livelihoods of dwellers (Arimah, 2011; Kundu, 2004), in situ slum upgrading
(Arimah, 2011), and low-cost housing solutions such as site and service
schemes and guided land development emerged (Peattie, 1982; Pugh, 2001).
Resettlement programs often further contributed to impoverishment (Patel,
Sliuzas, & Mathur, 2015), though some successful resettlement projects
(Coelho & Raman, 2010) showed that long-term community empowerment
programs are necessary to ensure lasting improvements (Viratkapan & Perera,
2006) that may also take several generations to materialize (Perlman, 2010).
By contrast, in situ upgrading programs showed success in many places
(Abbott, 2003). Since the ‘90s, the global slum debate centred very much on
ensuring land tenure security (Pugh, 2000; UN-Habitat, 2003a), and slum
upgrading is once more strongly favoured above forced displacement.
Presently, many local governments do not fully “acknowledge the existence of
slums and informal settlements” (UN-Habitat, 2015, p. 5), as available “data
is often ad hoc and not connected to robust city-wide monitoring and
evaluation processes” (UN-Habitat, 2015, p. 5). In support of such local and
global information needs for the development of pro-poor policies, innovative
methods are required to enhance our understanding of the spatial and
temporal dynamics of slums towards the creation of knowledge repositories on
slums. For the development of such repositories, reliable and robust slumdetection methods are required that would allow for a global comparison but
also provide support to less resourced countries and cities (e.g., allowing local
adaptations of indicators in form of “slider widgets and/or buttons in a graphical
user interface (GUI)” (Hofmann, 2014, p. 321). Such repositories can form a
basis for socioeconomic data integration (Abbott, 2002) and offer essential
information for “devising and implementing customized approaches of slum
upgrading” (Olthuis, Benni, Eichwede, & Zevenbergen, 2015). Moreover,
consistent global coverage of slum data is required for international policy
development and urban agenda setting at national levels. UN-Habitat facilitates
this process and produces global statistics on slum development and
distribution that are disseminated via its State of the World Cities reports (e.g.,
UN-Habitat, 2008; UN-Habitat, 2013a) and other publications, but its efforts
have delivered estimates of slum dwellers rather than maps of slum extents,
which would provide a much-needed picture of the changing locations, extents
and densities of slums.

2.2

The Utility of Remote Sensing for Slum
Mapping

In many cities, slums are a major part of the urban housing stock and an
important part of the urban economy. It is important to realize that “slums
disappear not through being removed, but by being transformed” (Cobbett,
2013, p. 1). However, we lack information about slums, specifically their scale,
location, extent, boundaries, populations, buildings and enterprises (Patel &
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Baptist, 2012). Consequently, holistic strategies (Pugh, 2000) that focus on
understanding the local role of slums, the needs of their inhabitants, as well as
their geography and spatial dynamics are required. Remote sensing can play a
key role in analysing “space−time dynamics” (Patino & Duque, 2013), such as
monitoring densification and expansion processes or assisting in the
implementation of slum improvement policies. Furthermore, it allows linking
the urban morphology with socioeconomic parameters (Taubenböck, Wurm, et
al., 2009). Remote sensing is capable of mapping the amount of slums in highly
hazardous areas or the general environmental conditions (Netzband &
Rahman, 2009 ) that play an important role for urban health campaigns
(Engstrom, Ofiesh, Rain, Jewell, & Weeks, 2013; Patel & Baptist, 2012). The
utility of slum mapping has been stressed by Slum/Shack Dwellers
International (SDI), e.g., maps are an important historic archive in court cases
protecting dwellers against unlawful evictions (Beukes, 2015). In support of
pro-poor policy formulation, it is important to combine such spatial information
with community-driven mapping to understand local needs (Joshi, Sen, &
Hobson, 2002; Patel & Baptist, 2012).
Spatiotemporal information on slums is scarce at the city scale, while regional
or global knowledge will not be realized without utilizing RS techniques that
allow for frequent coverage of large areas. However, deriving this information
from RS imagery is not a straightforward process involving multiple choices as
it can be done in many ways. A first attempt in bringing together the
methodological expertise on slum mapping and monitoring was an expert
meeting in 2008 (Sliuzas, Mboup, & de Sherbinin, 2008) with the aim to review
potential, limitations and methods for slum identification based on VHR
imagery that included: (a) visual interpretation; (b) object-based image
analysis (OBIA); (c) texture-based methods; and (d) community-based
approaches. One of the identified challenges was that slum conditions can take
various forms and, therefore, no universal model of slums existed. This is due
to differences in slum-development processes (Sliuzas, Kuffer, & Masser,
2010), their age and thus developmental stages (infancy, consolidation,
maturity), geographical location and context (e.g., central versus peri-urban
(Owen & Wong, 2013b) or arid versus tropical coastal cities (Stasolla & Gamba,
2007). Hence, the diversity of urban slums and geographic contexts requires
methodological adjustments. Another identified challenge was the “level
(scale) of analysis,” specifically object-based (Williams, Quincey, & Stillwell,
2015) versus area-based identification of slums (Kuffer et al., 2014). While
object-based analysis concerns the extraction of urban objects such as slum
roofs, area-based refers to the extraction of homogeneous urban patches
(HUP) (Liu et al., 2006), also called “analytical regions” (Weeks et al., 2007)
representing slum neighbourhoods. Since 2008, many studies have addressed
some of these challenges. For instance, a slum ontology was developed
(Hofmann, Strobl, Blaschke, et al., 2008; Kohli et al., 2012) to conceptualize
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the spatial characteristics of slums for OBIA. Researchers applying several
auxiliary methods (e.g., machine learning (Gueguen, 2015), statistical
methods (e.g. Owen & Wong, 2013a), and image texture (e.g., Kit et al., 2012)
have improved the potential for slum identification. The use of large indicator
sets (e.g., Graesser et al., 2012; Owen & Wong, 2013a) has improved slumidentification accuracies.
The key role of remote sensing for slum detection was stressed in recent
reviews on urban analysis via RS applications (Hofmann, Taubenböck, &
Werthmann, 2015; Karantzalos, 2015; Patino & Duque, 2013). However,
neither review focused on the plurality of methods and their relevance for slum
detection. Therefore, this review presents the methodological and
technological advances in slum-identification methods and employed indicator
sets that have emerged over the last 15 years. In doing so, we identify RS
imagery, methods and indicators relevant for a global slum inventory in
support of pro-poor policy implementations. The structure of the review is as
follows: Section 2.3 provides an overview of the employed methodology,
followed by contextual factors, such as terminology, purposes and mapped
slum locations in section 2.4. Section 2.5 discusses physical slum
characteristics and their diversity. Section 2.6 reviews data and requirements
of slum studies. Section 2.7 reviews employed methods, while section 2.8
discusses the most promising aspects for the development of a global slum
inventory. In the final section (2.9), we draw conclusions on the feasibility of
a global knowledge repository on slums.

2.3

Methodology of Review

Exploring potential and limitations of slum-identification methods based on RS
imagery has received increasing attention amongst RS experts. Although the
underlying drivers for this rise in interest is not exactly clear, it has been
stimulated by growing international motivation to reduce the numbers of slum
dwellers that has created a demand for policy-relevant information (UNHabitat, 2015). Furthermore, it has been stimulated by the widespread access
to VHR satellite images and advances in geospatial technologies that has
essentially democratized space imagery and spatial mapping, accompanied by
a growing number of algorithms for detecting and classifying urban areas,
including slums. However, the two main initiatives to generate a global up-todate geo-database on the “location, shape, and dynamics of built-up areas”
(Esch, Thiel, Schenk, A. Roth, & A. Müller, 2010, p. 905), specifically the Global
Human Settlement Layer (GHSL) (using optical data) and the Global Urban
Footprint (GUF) layer (using SAR data) (Esch et al., 2012; Pesaresi et al.,
2013), stressed the difficulties of detecting the more organic patterns of slums
(Gamba, Du, Juergens, & Maktav, 2011). Both initiatives focus on built-up
areas and not specifically on slum mapping. Reasons for low identification
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accuracies of slums are attributed to their rather different morphological
characteristics (Vaz & Berenstein, 2004) (e.g., higher roof coverage densities,
more organic patterns, and small building sizes) compared to formal built-up
areas (Table 2.1). This methodological challenge has contributed to the large
diversity in slum-mapping approaches and employed image-based proxies.
Table 2.1. Morphological features typical for slum areas (adapted from Baud et al.,
2010; Kuffer et al., 2014).
Features
Size

Density

Pattern

Site
Characteristics

Slum Areas
 Small (substandard)
building sizes
 (Very) high roof coverage
densities
 Lack of public (green)
spaces within or in the
vicinity of slum areas
 Organic layout structure (no
orderly road arrangement
and noncompliance with
set-back standards)
 Often at hazardous locations
(e.g., flood prone, close to
industrial areas, steep
slope)
 Proximity to infrastructure
lines and livelihood
opportunities

Formal Built-Up Areas
 Generally larger building
sizes
 Low to moderate density
areas
 Provision of public (green
spaces) within or in
vicinity of planned areas
 Regular layout pattern
(showing planned regular
roads and compliance with
set-back rules)



Land has basic suitability
for being built-up
(Basic) infrastructure is
provided

This review analyses the diversity of RS studies of the past 15 years that deal
with the challenge of extracting slums. It is based on a systematic literature
search, performed in December 2015, using several search engines (Web of
Science, Science Direct, SpringerLink Journals, Taylor & Francis and Scopus)
and covers the keywords “slums,” “informal,” “unplanned,” “squatter,”
“precarious,” “spontaneous,” “illegal,” “deprived,” “irregular” or “substandard
settlement/area,” “self-help housing,” “shantytown,” “favela” or “bidonville”
and “mapping” or “remote sensing.” The review covers journal publications,
book sections and conference publications that could be retrieved either via
the employed research engines or websites of the main RS conferences. Only
English-language papers are selected, and very similar publications by the
same authors (e.g., journal and conference publication) were counted only
once. In total, 87 key publications (Aminipouri et al., 2009; Asmat & Zamzami,
2012; Barros Filho & Sobreira, 2005; Baud et al., 2010; Biggs, Anderson, &
Pombo, 2015; Dell'Acqua, Stasolla, & Gamba, 2006; Dell’Acqua, Lisini, &
Gamba, 2011; Duque, Patino, Ruiz, & Pardo-Pascual, 2015; Eckert, 2010; Ella
et al., 2008; Engstrom et al., 2013; Engstrom et al., 2015; Galeon, 2008;
Gamba, Dell'Acqua, & Trianni, 2007; Giada, De Groeve, Ehrlich, & Soille,
2003b; Graesser et al., 2012; Gruebner et al., 2014; Gueguen, 2015; Gunter,
2009; Hassan, 2011; Hofmann, 2014; Hofmann et al., 2011; Hofmann, Strobl,
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Blaschke, et al., 2008; X. Huang et al., 2015; Hurskainen & Pellikka, 2004;
Iannelli et al., 2014; S. Jain, 2007; Kemper, Jenerowicz, Pesaresi, & Soille,
2011; Kemper, Mudau, Mangara, & Pesaresi, 2015; Khelifa & Mimoun, 2012;
Kit & Lüdeke, 2013; Kit et al., 2012; Kleynhans & Salmon, 2014; Kleynhans,
Salmon, & Olivier, 2015; Kleynhans, Salmon, & Wessels, 2014; Kohli, 2013;
Kohli et al., 2012; Kohli et al., 2013; Krishna, Sriram, & Prakash, 2014; Kuffer
et al., 2014; Kuffer, Pfeffer, Baud, & Sliuzas, 2013; Kuffer, Sliuzas, Pfeffer, &
Baud, 2015; Li, Li, Chapman, & Rüther, 2005; Lippitt, Stow, Toure, & Vejraska,
2013; Lisini, Gamba, & Dell'Acqua, 2012; Marghany & van Genderen, 2014;
Mayunga et al., 2007; Montana, Lance, Mankoff, Speizer, & Guilkey, 2015;
Munyati & Motholo, 2014; Netzband & Rahman, 2009 ; Niebergall et al., 2008;
Nobrega, O’Hara, & Quintanilha, 2008; Novack & Kux, 2010; Oleire-Oltmanns,
Coenradie, & Kleinschmit, 2011; Olthuis et al., 2015; Owen & Wong, 2013a,
2013b; Praptono, Sirait, Fanany, & Arymurthy, 2013; Radnaabazar, Kuffer, &
Hofstee, 2004; Rhinane, Hilali, Berrada, & Hakdaoui, 2011; Ribeiro, 2015;
Rüther, Martine, & Mtalo, 2002; Sahriman, Abiden, Rasam, Samad, & Md
Tarmizi, 2013; Schöpfer et al., 2007; Shekhar, 2012; Sliuzas, Kerle, & Kuffer,
2008; Stasolla & Gamba, 2006, 2007, 2008, 2009; Stoler et al., 2012; Stow
et al., 2010; Sur, Jain, & Sokhi, 2004; Tarmizi, Shahriman, Maarof, & Samad,
2014; Taubenböck & Kraff, 2014; Taubenböck et al., 2008; Taubenböck,
Wurm, et al., 2009; Theng, 2006; Vatsavai, 2012, 2013; Veljanovski et al.,
2012; Verzosa & Gonzalez, 2010; Ward & Peters, 2007; Weeks et al., 2012;
Weeks et al., 2007; Williams et al., 2015; Zubair, Ojigi, & Mbih, 2015) are
identified. A temporal analysis of the number of publications shows an
increasing trend (Figure 2.1), having a high linear correlation with the number
of satellite launches (r2 = 0.75). Satellite launches were derived from the
following websites (including only the earth observation satellites with a spatial
resolution of 5 m and less):




ITC's database of Satellites and Sensors:
http://www.itc.nl/research/products/sensordb/searchsat.aspx
Gunter's Space Page:
http://space.skyrocket.de/directories/chronology.htm
Satellite on the Net:
http://www.satelliteonthenet.co.uk/index.php/launch-schedule

In the mid-2000s, when more VHR satellites became available the number of
related publications increased. The same occurred for the period after 2010.
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Figure 2.1. Number of publications on slums and remote sensing methods by year and
successfully launched VHR satellites (r2 is 0.75).

The analytical framework (Figure 2.2) for analysing the retrieved publications,
inspired by the outcome of the expert meeting on slum mapping (Sliuzas,
Mboup, et al., 2008), forms the skeleton for this review. Figure 2.2 shows that
slum formation and development in global cities are impacted by several
contextual factors, such as geographic location and climate, the topography of
the city, the location within the city including proximity to services, and general
socioeconomic and political factors (e.g., land governance). For example, slum
dwellers often trade off accessibility to livelihood opportunities with locations
exposed to hazards. Physical slum characteristics are often an expression of
the slum-development processes: i.e., from low-density at their infancy stage
to high-density mature slums, sometimes also including increasing building
size and height. For example, slums can have multiple incrementally
constructed floors (UN-Habitat, 2003a). Patterns of roads, building layouts and
general site characteristics define the growth potential of a specific settlement.
When mapping slums, physical slum characteristics need to be well understood
for translating them into image-based proxies. The data and requirements of
slum-mapping studies relate to imagery and ancillary data and the level (scale)
of analysis, e.g., extraction of dwelling units (objects) versus delineation of
settlements (areas). Thus the scale varies from small objects (e.g., slum
buildings that can be below 20 m2) to large settlements of several hectares
(Kohli et al., 2013; Taubenböck & Kraff, 2015). Furthermore, the required
spatial, spectral and temporal resolution for slum mapping need to be
specified. These requirements are closely linked to extraction methods. Across
studies, a multiplicity of extraction methods for slum mapping have been
employed, from classical visual image interpretation to OBIA or machine
learning, or a combination of methods, with the main methodological challenge
of translating a relevant set of slum characteristics into robust indicators (e.g.,
developing a slum ontology) for image-based slum mapping (Hofmann, 2014)
that would ultimately allow for a global slum inventory.

21

Review - Slums from Space

Figure 2.2. Analytical frame of the review: methodological challenge for a global slum
inventory.

The overall purpose of this review is the identification of the variety of
methodological advances in slum mapping that are relevant for a global slum
inventory. Four analytical sub-questions guide this review. First, what are the
main contextual factors and related slum terminologies of published studies on
slum identification via RS (Q1)? Second, what are the varieties of physical slum
characteristics extracted in VHR imagery (Q2)? Third, what are the input data
and requirements of slum-mapping studies (Q3)? Fourth, which extraction
methods have been used and what are their capacities, accuracies and
limitations (Q4)? Each sub-question is dealt within one of the following
sections.

2.4

Contextual Factors

Context matters for slum mapping. We first provide an overview of the
terminological differences regarding settlements with poor living conditions as
they affect the choice and definition of indicators. We also summarize the
purposes of slum-mapping studies linked to the socioeconomic and political
context. The final section gives an overview of geographic locations mapped
by slum studies linking to variation in climate and topography.

2.4.1 Terminological Differences
The nomenclatures of slum settlements vary depending on different
connotations (Gilbert, 2007; Kuffer et al., 2014). To some extent, these terms
reflect the different views on such settlements. Terms such as “informal,”
“illegal” or “squatter,” for instance, focus on the land rights (tenure status)
(Abbott, 2002), whereas “unplanned” relates to the planning context (Kuffer
et al., 2014). “Spontaneous” or “irregular” emphasizes the growth dynamics
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(Barros & Sobreira, 2002), whereas “deprived,” “shantytown” and “substandard” are associated with poor physical and socioeconomic conditions
(Baud et al., 2010). The recent revival in popularity of the rather political term
“slum” (Gilbert, 2007) is largely linked to the Habitat Agenda and the related
development goals (Leadership Council of the Sustainable Development
Solutions Network, 2015; UN-Habitat, 2008). The analysis of the retrieved
publications with respect to these terms in combination with RS methods (see
Table 2.2) identified “informal settlement/area” (47%) and “slum” (29%) as
the most commonly used terms in the RS community, among which some
researchers use both terms interchangeably (6%). Less frequently used terms
that refer to the physical condition (e.g., “deprived/sub-standard”), focus on a
specific issue (e.g., “refugee camps”) or on a specific national context (e.g.,
“migrant housing” or “urban villages” in China). Terms such as “squatter” or
“unplanned,” which were common in the 1970s–1980s planning literature, are
no longer commonly used. “Informal settlement/area” being the most
frequently used term in the RS literature is actually awkward as it constitutes
the legal (tenure) status of an area, which cannot be directly extracted from
imagery. A change in tenure status does not necessarily affect the physical
characteristics. In this review, we use the term “slum” to refer to urban areas
with poor living conditions as this term expresses explicitly physical
characteristics such as high densities or irregular patterns, indicators that can
be derived by means of RS methods. Here, an ontological framework (e.g.,
developed by Hofmann, Strobl, Blaschke, et al. (2008) and Kohli et al. (2012))
“provides a comprehensive description of spatial characteristics and their
relationships to represent and characterize slums in an image” (Taubenböck,
Wurm, et al., 2009, p. 155). Such an ontology framework—split in three
phases: specification, conceptualization and implementation (Kohli et al.,
2012)—provides a clear conceptual foundation for developing robust imagebased indicators, facilitating global knowledge acquisition and comparisons for
the development of a global slum inventory.
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Table 2.2. Frequency of publications using a specific term (within the reviewed remote
sensing publications).
Percent

Terms

Frequency

Informal settlement/area

41

47.1

Slum

25

28.7

Slum and informal settlement/area

5

5.8

Squatter area

4

4.6

Unplanned area

3

3.5

Deprived area

2

2.3

Refugee camp

2

2.3

Sub-standard area

2

2.3

(%)

Informal homesteading

1

1.1

Informal and unplanned settlement

1

1.1

Migrant and informal housing

1

1.1

Total

87

100

2.4.2 Purposes of Slum Mapping Using Remote Sensing
Our second contextual topic concerns the different purposes of RS-based slummapping studies. The review has identified three key geographical questions—
where, when and what?—as the main objectives of studies. Often, researchers
aim at the provision of basic information on “where” the slums are located
within the urban fabric and what their areal extent is. Such information allows
compensating for the non-availability of socioeconomic information (e.g.,
income levels) in many cities of the global South (Taubenböck, Wurm, et al.,
2009). Besides its importance for urban development (Gruebner et al., 2014),
the where question is also relevant within a humanitarian context, for which
several studies (Giada et al., 2003b; Kemper et al., 2011; Stasolla & Gamba,
2009) developed methods to map refugee camps (e.g., under Copernicus)
(Voigt, Schoepfer, Fourie, & Mager, 2014).
While development dynamics of slums at the city scale are of particular interest
for local planning and decision support (Kit & Lüdeke, 2013; Shekhar, 2014),
only a few studies have focused on temporal slum dynamics (when) (e.g., Kit
& Lüdeke, 2013). This could be related to challenges extracting these
dynamics, in particular in terms of data availability and obtaining local
knowledge. Examples of studies on dynamics are the analysis of the process
of forced mass evictions in Harare (Zimbabwe) (Schöpfer et al., 2007), the
investigation of built-up changes for large slum settlements such as KiberaNairobi (Veljanovski et al., 2012) or the exploration of development dynamics
of slums in Delhi, showing stagnation in the centre versus growth in the
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periphery (M. Jain, Knieling, & Taubenböck, 2015). Such multi-temporal
information can feed simulation models on the growth of slum areas,
generating policy-relevant information of future growth scenarios (AugustijnBeckers, Flacke, & Retsios, 2011; Dubovyk, Sliuzas, & Flacke, 2011; Hofmann
et al., 2015; Roy, Lees, Palavalli, Pfeffer, & Sloot, 2014; Shekhar, 2013; Shuvo
& Janssen, 2013).
Several publications have focused on what’-related issues, such as the number
of slum inhabitants, since many census statistics slums are not well covered
(with high uncertainty about the number of inhabitants) (Taubenböck & Wurm,
2015). Moreover, RS-based population estimates allow a more detailed spatial
and temporal disaggregation (Kit, Lüdeke, & Reckien, 2013; Taubenböck &
Wurm, 2015). However, population estimates of slums can vary (Taubenböck
& Kraff, 2014) as illustrated for the case of Kibera (Nairobi) (Veljanovski et al.,
2012), where estimates differed by half a million people depending on the
sample data used. For the slums in Hyderabad, India, Kit et al. (2013)
computed slightly lower image-based population figures than the figures
reported by the census. Furthermore, relying on physical proxies for population
estimations can lead to errors for areas that have not yet been fully occupied,
e.g., new developments in outskirts (Hassan, 2011). Other what-related issues
deal with boundaries and effectiveness of policies for health campaigns
(Krishna et al., 2014; Stow et al., 2007), allocation of public services and
protection of environmentally sensitive areas (Gruebner et al., 2014) or spatial
planning and policy formulation (Gunter, 2009). These efforts are related to
the fact that local planning authorities often lack elementary information on
slums, which “has led to a deficit in policy for these areas, as without quality
map data, it is often difficult to plan effectively for these areas” (Gunter, 2009,
p. 390), leading to ad hoc plans that do not consider the specific locational
context. For example, for one settlement in Johannesburg, Gunter (2009)
mapped 10,000 more dwellings by using Google Earth (GE) images compared
to the government estimates. Such discrepancies are problematic for policy
development and monitoring and may point to conceptual differences in what
constitutes a slum dwelling. Spatial information on slums can support local
governments in better determining the demand of basic services and other
relevant amenities (Martinez & Abbott, 2000) and monitor slums via RS-based
proxies of “human deprivation or well‐being” (Owen, 2014, p. 68).
The potential application areas for RS-based information on the morphology
and temporal dynamics of slums are grouped into four major domains (Table
2.3): economy, environment, governance and planning, and social
applications. These domains reflect the reported spatial information needs and
lack of information on slums in locally available data sets (Krishna et al., 2014).
Quite a rich body of literature is connected to social issues, where “remotely
sensed imagery can serve as data source for inferring socio-economic
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variables” (Munyati & Motholo, 2014, p. 69). Emerging applications areas are
related to land management (Karanja, 2010; Vuksanovic-Macura, 2012),
quality of life and crime studies (Adepoju et al., 2014; Rahman, Kumar, Fazal,
& Bhaskaran, 2011).
Table 2.3. Application domains of remote sensing-based information on the
morphology and temporal dynamics of slums.
Domain
Economy

Application Areas


Economic condition—poverty, e.g., (Thomson & Hardin,
2000)



Environmental deprivation, e.g., (Mishra, Kuffer, Martinez, &
Pfeffer, 2011)

Environment



Environmental protection, e.g., (Muriuki et al., 2011;



Hazards—vulnerability, e.g., (Ebert, Kerle, & Stein, 2009;

Zeilhofer & Topanotti, 2008)
Sakijege, Sartohadi, Marfai, Kassenga, & Kasala, 2014)

Governance/
Planning



Land management—enumeration, e.g., (Karanja, 2010;



Planning interventions and growth models, e.g., (Abbott,

Vuksanovic-Macura, 2012)
2003; Chitekwe-Biti, Mudimu, Nyama, & Jera, 2012)


Urban governance, e.g., (Baud et al., 2010)



Health, e.g., (Angeles et al., 2009; Hassan, Nogoumy, &
Kassem, 2013; Weeks et al., 2012)

Social



Humanitarian, e.g., (Bramante & Raju, 2013; Giada et al.,



Quality of life and crime, e.g., (Adepoju et al., 2014; Rahman

2003a; Kemper et al., 2011)
et al., 2011)

2.4.3 Geographic Locations, Climate and Topography
Given the aim of identifying relevant issues for developing a global slum
inventory, we analyse the geographic distribution of RS-based information on
slums by mapping the case study locations found in English-language
publications on top of a population density map (Figure 2.3). In this figure,
“slum cities” are grouped into locations where object-level information (roofs
or roads), area-based slum maps, or both were extracted. Object-level
information is mainly available in SSA. Obviously, there is a spatial relationship
between areas of high urban population densities in the global South and the
location of case studies. The highest concentrations are found in South-East
Asia and SSA (East and South). Some clusters also exist in North and West
Africa and South/Central America. Examples are even found in the global
North, dealing with the monitoring of informal development, e.g., in Greece
(Ioannidis, Psaltis, & Potsiou, 2009) and the US (Ward & Peters, 2007). The
cities covered range from (sub)tropic, Mediterranean, arid and continental
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climates, as well as low-lying areas with rather flat terrain (e.g., Dhaka) up to
high-lying cities (e.g., La Paz) with steep slopes. Still, many urban regions with
very dynamic urban and slum developments are not well covered in Englishlanguage publications, e.g., areas in the Caribbean, West and Central Africa or
in South-East Asia. Also, areas in Europe might become a future focus,
considering the recent erection of refugee camps or examples of deprived
Roma settlements in European countries (Vuksanovic-Macura, 2012). Many of
the regions not covered belong to the least developed countries with large
income inequalities and/or instable political conditions, e.g., Liberia, Congo or
Myanmar. In such countries, ground-truth or reference data accessibility might
be even more of a problem. Moreover, many studies are about methodological
developments and do not create exhaustive citywide slum maps, illustrating
that we are still far away from a global slum inventory.
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Figure 2.3. Case study cities in publications (N = 87) on slum mapping via RS methods on top of a population density
map (base map: population density, Source: ESRI).
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The majority of the reviewed publications are authored by academic
researchers, both from universities in the global North (48%) and global South
(21%) or combinations thereof (6%). Fewer publications stem from research
centres (including national RS agencies), in the global North (8%) and global
South (5%) and one by a commercial image provider (1%). Moreover, there
is some cooperation between research centres and university in the global
North (5%) and South (2%), also across South and North (2%), or with an
NGO (2%). The majority of English-language publications from the global North
links to the global slum debate. South−North and South−South cooperation
are of particular relevance for knowledge exchanges and transfer, bridging
technology gaps and for further expanding our knowledge to more cities
including also very instable regions like the Sudan (Voigt et al., 2014).

2.5

Physical Characteristics of Slum Areas

VHR imagery provides a detailed representation of the physical elements of a
landscape, capturing physical characteristics of slums. This section
conceptualizes these characteristics derived from imagery and considers their
diversity.

2.5.1 Characterization of Slum Areas
The definition of what constitutes a slum is complex. Variations exist between
global, regional and local slum definitions (Risbud, 2002) that can result in
large differences of mapped slum areas (Engstrom et al., 2015). Many
publications adopted the global UN-Habitat definition of slums (e.g., Lemma,
Sliuzas, & Kuffer, 2006; Taubenböck & Kraff, 2014; Weeks et al., 2007), which
consists of five well-established indicators: secure tenure, adequate access to
safe water, access to acceptable forms of sanitation, overcrowding, and the
durability of housing considering both the quality of the structures as well as
site conditions in terms of hazards. For instance, based on the work of Weeks
et al. (2007), Duque et al. (2015) used these indicators (i.e., wall material,
overcrowding, access to piped water, sanitation connection to sewers, and
ownership) to build a slum index based on census data for the city of Medellin
(Colombia). This index, compared with image-based information on land cover,
structural and texture-based features, showed that the image-based
information could explain 59% of the slum index. A major problem in
employing the UN-Habitat definition in RS-based studies is that only the
indicator “durability of housing conditions” has a direct link to information
extracted from imagery, namely location aspects (such as location on steep
slopes, along major drainage channels (Sur et al., 2004)), compliance with
building codes measured via density, distance or roofing material (UN-Habitat,
2003a). Slums do not have “easily distinguishable spectral signatures” (Kit et
al., 2012, p. 661), meaning that roofing material may vary within slums (e.g.,
plastic, iron, concrete, tin, asbestos) and between different slums and globally
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between cities. For the example of Accra (Ghana), Engstrom et al. (2015)
concluded that when using the UN-Habitat definition, most of the city is
classified as slums, while an image-based identification matched much better
the local delineation of slums. These examples indicate that global slum
definitions need to be adjusted to the local context. However, most researchers
fail to start with a local characterization of the slum morphology and the
development of related image-based proxies.
Table 2.4 presents an overview of physical characterizations of slums found in
literature, split into five major dimensions: building geometry, density,
arrangement (pattern/road), roofing material, and site characteristics. The
most frequently used characteristics are small roof sizes, high density, and
irregular patterns (visible by irregular and narrow streets combined with
heterogeneous building orientation). Densities in Asian cities tend to have
higher values than in SSA cities (Asia ~80% and SSA ~60%) (Kohli et al.,
2012; Kuffer et al., 2014). However, also in SSA, centrally located slums, such
as those in Nairobi, Kenya with an estimated roof cover of 50%–60%, have
high densities (Sartori, Nembrini, & Stauffer, 2002). For the group of roofing
material and physical site characteristics, there is a great deal of difference
between cities across different geographic regions and even across slums. For
instance, in Dehradun, slums are characterized by tone differences due to
different roofing materials (e.g., plastic, wood etc.) (S. Jain, 2007), but in
Guangzhou (Oleire-Oltmanns et al., 2011) or Ahmedabad (Kohli et al., 2012),
spectrally similar roofing material characterizes slums. Regarding physical site
characteristics, there is also no general agreement; however, slums are often
located in areas that are not suitable for constructions (e.g., on a flood plain,
steep slope or other hazardous locations) (Dewan & Yamaguchi, 2009).
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AMERICAS

SSA

ACROSS

Small roof sizes, mostly 1–2 floors
High density

High density

Small roof sizes
Small roof sizes

Cape Town (Li et al., 2005)

Nairobi (Iannelli et al., 2014)

Frequency: Asia: 11,
Americas: 6, SSA: 5

(Hofmann et al., 2011; Hofmann,
Strobl, Blaschke, et al., 2008)
Delhi, Dar es Salaam (Kuffer et al.,
2014)

Cape Town, Rio de Janeiro

(Graesser et al., 2012)

Caracas, Kabul, Kandahar, La Paz

17

High density

Small roof sizes

19

High density

High density

Small roof sizes

Small roof sizes

High density; narrow roads

High density

Small roof sizes

2010)
Accra (Weeks et al., 2012)

Small roof sizes

High density
High density

Small roof sizes
Small roof sizes

Medellin (Duque et al., 2015)
Rio de Janeiro (Gueguen, 2015)
Sao Paulo State (Novack & Kux,

High density

Small roof sizes, simple shapes,
diverse orientation

2013a)

Guatemala City (Owen & Wong,

Mumbai (Taubenböck & Kraff,

Small roof sizes (<60 m2, average
High density >50%: narrow
height 2.3 floors)
streets/footpaths (below 1 m)
2014)
Guangzhou (Oleire‐Oltmanns et al., Mostly square roofs (~12 × 12 m), High density; distance between
additional floors
shelters 1 to 3 m
2011)
Shenzhen and Wuhan (X. Huang et
Small roof sizes
High density
al., 2015)

et al., 2012)

Hyderabad (Kit & Lüdeke, 2013; Kit
Small roof sizes

High density

Small roof sizes

Delhi (Baud et al., 2010)

Delhi (Niebergall et al., 2008)

High density ~80%

Small roof sizes

Dehradun (S. Jain, 2007)

Limited space between
shelter units

Low building height

Density
High density

Bangalore (Krishna et al., 2014)

Building Geometry
Small roof sizes, number of floors

Ahmedabad (Kohli et al., 2012)

Geographical Area

16

Irregular patterns

Irregular patterns,
small road segments

Heterogeneity in building orientation,
irregular streets

Irregular patterns

Complex patterns
Irregular patterns

Irregular patterns

Irregular patterns

Irregular patterns;
no access roads
Irregular patterns; narrow
streets in bad conditions
Irregular patterns;
narrow streets
Low heterogeneity of
spatial patterns
Patterns vary depending
on location

Irregular patterns

Absence and/or irregular roads
(width/unpaved)
Lack of access roads and irregular
patterns

14

Irregular building materials

Diverse

Specific (ceramic tile and
asbestos)
Specific (spectrally similar)
Diverse (e.g., plastic, tin,
wood)
Specific (with low
reflectance)

Diverse

Diverse

Often specific roofing
material

Specific (spectrally similar)

Diverse poor and non‐
permanent materials

Diverse (plastic, wood,
cement/concrete)

Specific (brown or grey roofs)

Roofing Materials
Specific roof materials (e.g.,
iron, plastic)

Arrangement Pattern/Roads

Table 2.4. Physical characteristics of slums in selected journal papers.
Site Characteristics

12

Only small patches of vegetation
cover

Proximity to hazardous locations

Lack of vegetation
Degradation of the
local ecosystem

Lack of vegetation

Little vegetation and other open
spaces
Dirt roads; less green; poor
accessibility; steep slope; proximity
to hazards

Hazardous locations (e.g., railway,
river, highway)
Complex settlement shape,
hazardous locations)
Often at city edge and close to
industrial sites.

Lack of shadow

Lack of green/open spaces,
irregularly shaped boundaries
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To conceptualize such physical characteristics, Kohli et al. (2012) developed a
slum ontology (Figure 2.4), based on Hofmann, Strobl, Blaschke, et al. (2008),
which consists of three spatial levels (object, settlement and environs). For
each level, indicators identify specific physical slum characteristics. Yet the
ontology requires a local adaption as not all indicators are relevant for a specific
local slum identification (Kohli, Stein, Sliuzas, & Kerle, 2015). Thus slums are
different from non-slum areas, but are not homogeneous (Taubenböck & Kraff,
2014).

Figure 2.4. Slum ontology—indicators associated with the three spatial levels (Kohli et
al., 2012).

2.5.2 The Diversity of Slums
Besides the commonalities of slums in terms of physical characteristics, we
also explore the heterogeneity of slums. Already in 1962, Charles Stokes
differentiated between “slums of hope” and “slums of despair” (Stokes, 1962).
Slums vary between and within cities and within slums in terms of substandard living conditions (Gilbert, 2007; Jankowska, Weeks, & Engstrom,
2011). Therefore, recently, some researchers have been exploring different
slum typologies based on building sizes, density, pattern or location (Table
2.5). However, slums are often not the worst off areas in terms of
socioeconomic conditions (Baud et al., 2008; Taubenböck et al., 2008;
Taubenböck, Wurm, et al., 2009). Thus, such typologies include also fuzzy
classes (i.e., semi-formal), reflecting the dilemma that some areas are formal
but are physically and/or socioeconomically similar to slums, e.g., high-density
resettlement colonies in Delhi (Baud et al., 2010). On the contrary, areas can
have morphological characteristics that align with slums, but on the ground,
they are not slums like historic core areas.
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Table 2.5. Slum typologies and their categories.
No.
2

2

Categories


Semi-formal low-cost housing



Slum



Type I: small- to medium-sized buildings,
narrow/irregular streets



Type II: very small buildings and high
building density, unidentifiable roads

3

Geographical Area
Quezon City
(Galeon, 2008)
Caracas, Kabul
Kandahar, La Paz
(Graesser et al., 2012)



Informal A (squatter settlement)



Informal B (precarious encroachments)

Delhi



Basic formal areas (often resettlement

(Baud et al., 2010)

colonies

5



Slum pocket



Slum area with small buildings



Slum area with mix small/large buildings



Slum area with larger buildings/chawls



Basic formal areas

Mumbai
(Kuffer et al., 2013)

The established typologies (Table 2.5) range from two to five categories. The
main factor that influenced authors to develop such typologies is the diversity
on the ground, e.g., very deprived areas and areas that have an unsecure
tenure status but are better off in terms of building characteristics. Some
differences are visible in imagery and may assist in a semi-automatic slum
identification. However, none of the reviewed studies established an (semi)automatic image-classification approach to extract slum typologies.

2.6

Data Availability and Spatial Requirements

The complexity of physical slum characteristics requires advanced sensor
systems for mapping purposes. This section focuses on available imagery data
and the spatial requirements in terms of spatial resolution and extent
(settlement to urban region level) of reviewed studies.

2.6.1 Our Remote Eyes: Available Sensors
The successful launch of Ikonos-2 on 24 September 1999 heralded a new era
of urban RS. The increased availability of high and very-high-resolution
imagery produced by sensors such as Ikonos, QuickBird, WorldView (veryhigh-resolution sensors (VHR) have spatial resolutions of the PAN band of 1 m
and below, while high-resolution (HR) sensors have between 1 and 5 m spatial
resolutions) have provided a new and rich data repository for urban research
in general and for slum-related research in particular, as it allows for a more
detailed spatial analysis (Dare & Fraser, 2001). Besides commercial VHR
imagery, since 2005, GE has provided universal web-based access to VHR
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imagery, although not providing the original spectral bands, which limits
potential analysis.
An increasing number of multi-spectral (MS) and panchromatic (PAN) VHR
sensors has become available (see Figure 2.5). For instance, since August
2014, the first commercial satellite with a spatial resolution of 0.31 m (PAN)
and 1.24 m (MS) allows an improved object-level analysis. While the first
sensors were launched by countries in the global North, there is an increasing
number of launches of (V)HR sensors by countries in the global South (such as
NigeriaSat). Also, China has launched a large number of (V)HR sensors;
however, access to data from outside China is an issue. Besides optical
systems, synthetic aperture radar (SAR) systems are gaining an increasing role
in extracting information on slums, especially since the availability of (V)HR
systems, e.g., PALSAR: 7 m (2006), Terra SAR-X: 1 m (2007), SENTINEL-1:
5 m (2014).

Figure 2.5. Overview spatial and temporal characteristics of very high and highresolution satellites; in brackets: percentage of image data sources of reviewed
publications (percentages are displayed for the MS bands (when available): this
combines the percentage of MS and PAN bands) (N = 122, some publications use multiple
image data, in addition to aerial sensors: 8.2%, GE: 6.6%, and moderate resolution
systems: Landsat: 8.2%, Envisat ASAR: 4.9%, Terra ASTER: 2.5%, PALSAR: 1.6%,
MODIS: 0.8%).
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Analysing the imagery used in the reviewed studies (Figure 2.5), we identify
QuickBird, launched in 2001 with a spatial resolution of 0.61 and 2.44 m (PAN
and MS) and a revisit time of 3 days, as the most frequently used sensor
(33%). The revisit time does not equal repetition rate, e.g., WV-3 needs 4.5
days until capturing a scene with the same geometric characteristics (20° offnadir or less at exactly the same position). While, images taken <1 day might
have different geometric characteristics, e.g., causing problems for multitemporal image comparison. The second most frequently used sensor is Ikonos
(11%), with a spatial resolution of 1 and 4 m and the same revisit time. This
is followed by SPOT (mainly SPOT-5) (9%), with a slightly lower spatial
resolution (SPOT-5: Pan: 2.5/5 m and MS: 10 m) and revisit time of 5 days;
Landsat (9%) and aerial photos/imagery (8%). The latter have been an
important spatial information source in mapping and analysing (e.g., Abbott,
2001; Sliuzas, 2003), in monitoring growth processes (e.g., Hurskainen &
Pellikka, 2004) and in extracting buildings in slums (e.g., Rüther et al., 2002).
The main advantages of aerial photographs are that archives often cover long
time series and have very high spatial resolutions (in cm range). Apart from
the V(HR) imagery, some studies employed moderate resolution imagery (e.g.,
Landsat, Terra ASTER), e.g., analysing vegetation cover in slums (e.g., Stoler
et al., 2012), which is often a good proxy for deprivation (Stow et al., 2013).

2.6.2 Spatial Requirements of Slum-Mapping Studies
Spectrally most of the imagery have 2-3 VIS bands and 1-2 IR bands, and the
availability of more VHR sensors with more spectral bands (e.g., Worldview-2
with 8 bands) producing images of improved spatial resolutions raises the
question of what is an optimal or minimum spatial resolution for slum mapping.
In this respect, Jacobsen and Büyüksalih (2008) determined the required GSD
(ground sampling distance) for building objects to be 2 m and for footpaths 1–
2 m, while for minor roads 5 m was considered sufficient. However, detailed
building object information requires below 0.5 m and a sufficient contrast
between buildings and their surrounding (Jensen & Cowen, 1999). Moreover,
this may vary in different urban environments. For instance, in cities with a
high clustering of buildings, such as in many Asian cities, a resolution of 2 m
does not allow the extraction of roof objects (Kuffer et al., 2014). Furthermore,
according to Pesaresi and Ehrlich (2009, p. 45), when “assuming a typical
minimal built-up element in a settlement, having a size of 10 × 10 m, we need
at least 0.5 m.” Many slum buildings are, however, considerably below 100 m2.
Moreover, roof surfaces are frequently not homogeneous; for instance, when
using a VHR sensor, the majority of the roof pixels will be “mixed pixels” (due
to different materials/shadow/illumination) (Pesaresi & Ehrlich, 2009).
Consequently, not only the high densities of roofs, but also the heterogeneity
of roof surfaces causes serious limitations for automatically extracting roof
objects, subsequently requiring manual editing for producing reliable
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information (Tsai, Stow, & Weeks, 2011). There is as of yet no systematic
study that analyses the impact of different spatial and spectral resolutions on
the accuracy of extracting object-level information in slums. It is also
interesting that most studies on roof (e.g., Aminipouri et al., 2009; Hurskainen
& Pellikka, 2004; Li et al., 2005; Mayunga et al., 2007) or road extraction (e.g.,
Nobrega et al., 2008) are from African cities (see also Figure 2.3), where
coverage densities and clustering of roofs are in general a bit lower than in
Asian cities (Kohli et al., 2012).
Considering the high costs for commercial VHR imagery and the required
processing resources, many studies have focused on methodological advances
and therefore only used as spatial extent small areas, e.g., subsets of scenes
(34%) and settlements (24%) or administrative units (9%) (Table 2.6).
Methods developed for one scene segment are not necessarily transferable to
other scenes (Shekhar, 2012). However, more than one-quarter performed the
analysis for an entire city (28%) or at urban region scale (5%). The city and
urban regional scale are important stepping stones for building a global slum
inventory. A further stepping stone towards a global slum inventory is a recent
pilot study to map slums of an entire country (South Africa) (Kemper et al.,
2015).
Table 2.6. Spatial extent (scale) of slum-mapping case studies found in literature.

2.7

Scale

Frequency

Percent (%)

Settlement

21

24.1

Ward/district

7

8.1

Subset

30

34.5

City

24

27.6

Urban region

4

4.6

Country

1

1.1

Total

87

100

Slum-Mapping Approaches

Among the reviewed studies, multiple methods have been used to map slums.
This section focuses on the most promising methods with respect to extracted
information level (objects or areas) and achieved accuracies. In general, the
level of analysis depends on the spatial resolution of available imagery, the
specific urban morphology and the information requirements.

2.7.1 Methods Employed for Slum Mapping
In order to explore the discursive context of slum-mapping efforts, we analyse
the actual information that is extracted in the reviewed case studies (Table 2.7
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rows). The majority (55%) of studies identify entire slum areas (e.g., Iannelli
et al., 2014; Kohli et al., 2013; Rhinane et al., 2011), and fewer studies aim
at extracting objects in slums (15%), i.e., roofs (e.g., Li et al., 2005; Williams
et al., 2015) or roads (e.g., Nobrega et al., 2008). The extraction of objectlevel information depends largely on the relation between (available) data
sources and morphological characteristics of the study area, meaning that roof
or road extraction works well when objects have clearly visible spacing and
contrast in the imagery. The more classical focus on extracting land use/cover
information is addressed by 17% of the publications (e.g., Novack & Kux,
2010; Ribeiro, 2015). Within this category, a recent research stream aims at
mapping built-up areas using, for example, texture measures. Here, the greylevel co-occurrence matrix (GLCM) is commonly used (e.g., Eckert, 2010;
Kabir, He, Sanusi, & Hussin, 2010; Pacifici, Chini, & Emery, 2009), which is
also the basis for the “anisotropic rotation-invariant built-up presence index”
(Pantex) (Pesaresi, Gerhardinger, & Kayitakire, 2008). Finally, a limited
number of studies develop methodologies to analyse the link between imagebased and socioeconomic indicators (6%) (e.g., Engstrom, Ashcroft, Jewell, &
Rain, 2011) or the diversity of slums (7%) (e.g., Kuffer et al., 2013).
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Analysis of types of
informal/slum areas
Correlation with
socioeconomic indicators
Identification of slum areas
Extractions of roofs/roads (objects)
Land use/cover mapping

Total Number (Percentage)

FOCI

0

0
0
8
4
0
0
2
4
11
(4.6%) (12.6%)

1

0

15
7
4
28
(32.2%)

1

1

ObjectContour Machine
Based
Model Learning
Approach

3
0
5
11
(12.6%)

3

0

2
0
1
4
(4.6%)

0

1

9
1
3
14
(16.1%)

0

1

METHODS
PixelStatistical Texture/
Based
Model
Morphology
Approach

Table 2.7. Frequency of methods versus main focus for slum mapping using VHR imagery.

11
1
0
15
(17.2%)

1

2

87 (100%)

48 (55.2%)
13 (14.9%)
15 (17.2%)

5 (5.7%)

6 (6.9%)

Total Number
Visual Image
(Percentage)
Interpretation
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Since the expert meeting on slum mapping in 2008 (Sliuzas, Mboup, et al.,
2008), more methods and cases on slum cities have been explored, expanding
the global knowledge repository of slum characteristics and their variability.
Brito and Quintanilha (2012) stated that in recent years many methods have
been based on feature extraction but there is no clear agreement on the most
successful method(s), where the majority of studies rely on optical data. The
availability of imagery with sub-meter resolution still has many unresolved
technical challenges for the characterization of slums, such as mixed pixels or
the obliqueness of images. Thus, there is “a strong need of new approaches
for automatic image understanding on remote sensing data bridging the gap
between visual and automatic image interpretation” (Pesaresi, Kemper,
Gueguen, & Soille, 2010, p. 3). In this respect, also complex (visual)
interpretation elements (e.g., height, shadow, pattern and site) (Figure 2.6,
(Estes, Hajic, & Tinney, 1983; Herold, Liu, & Clarke, 2003; Kuffer et al., 2014)
need to be more systematically explored (Herold, Liu, et al., 2003).

Figure 2.6. Complexity of image interpretation elements (adapted from (Estes et al.,
1983; Herold, Liu, et al., 2003; Kuffer et al., 2014)).

Already in 1998, Mason and Fraser (1998) specified three main characteristics
of an effective system to map/monitor slums, specifically low-cost (data
acquisition and processing), semi-automated processes (fast and reliable
results) and simple usage by low-skilled operators (standard software). The
analysis of the employed methods in the reviewed slum publications shows
that most studies used commercial and rather expensive imagery. Only very
few studies used free data sources such as GE image, mostly for visual image
interpretation (e.g., Gunter, 2009; Krishna et al., 2014; Ward & Peters, 2007),
visualization of slums (e.g., Marghany & van Genderen, 2014) or combining
GE with commercial imagery (e.g., X. Huang et al., 2015; Kleynhans et al.,
2014), whereas Praptono et al. (2013) used GE images to automatically detect
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slums employing a Gabor filter and GLCM with a promising accuracy of 74%.
Many of the methods used commercial software solutions, but to some extent
also open-source software. Nevertheless, both are not easy to be operated by
non-RS experts.
Overall, the methods to extract slums are rather diverse (Table 2.7 columns).
The most frequently used method in the last 15 years was OBIA (32%), also
referred to as GEOBIA (Blaschke et al., 2014). For OBIA, the transferability
(Kohli et al., 2013) or robustness (Hofmann et al., 2011) of rules and indicators
is a critical issue, which is a stronger feature of texture or morphology-based
methods (Kohli et al., 2013), accounting for 16% of the studies. Significantly,
Hofmann, Strobl, and Blaschke (2008) stressed that a systematic adaption of
segmentation parameters is crucial to transfer rules from one image to
another. Several studies focused on the optimization of scale parameters (e.g.,
Esch, Thiel, Bock, Roth, & Dech, 2008), where the tool Estimation of Scale
Parameters (ESP) allows optimizing the scale based on patterns in the data
(Drăguţ, Csillik, Eisank, & Tiede, 2014).
Apart from OBIA, visual image interpretation (17%) and standard pixel-based
image classification were employed (13%). However, the reliance on standard
pixel-based classification methods is not that appropriate for analysing a
complex urban environment having high spectral diversity, very small and
clustered objects and diverse morphological characteristics. Therefore, many
researchers used machine-learning algorithms (14%) such as neural networks
(Dell'Acqua et al., 2006), random forest (RF) or support vector machines (SVM)
(X. Huang et al., 2015). Machine-learning approaches are information-driven
approaches that allow for a repetitive learning from a large and rich set of
training data (Niebergall et al., 2008). However, those approaches are mainly
pixel-based methods, which are “not very effective in high-resolution urban
image classification” procedures (Vatsavai, 2012, p. 869). Therefore, a large
spatial context of many neighbouring pixels is necessary, such as multi-instant
learning (Vatsavai, 2012) or Markov random fields (Graesser et al., 2012).
Given that neighbourhoods or wards are relevant spatial units of policy and
decision-making processes, the issue of aggregation is important, via
segments (e.g., Kuffer et al., 2014; Lippitt et al., 2013), regular grids (e.g.,
(e.g., Schöpfer et al., 2007) or non-overlapping block (e.g., Engstrom et al.,
2011).
Crossing the main foci and methods (Table 2.7), OBIA appears to be the most
common method for extracting both slum areas and objects in slums. Although
rather labour intensive, visual interpretation is still used for slum identification,
producing
reliable
results
by
skilled
interpretations;
however,
texture/morphology and machine-learning methods are increasingly being
used.
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2.7.2 Accuracy Levels and Employed Methods
The last dimension of the analysis deals with the performance of indicators and
methods, measured by accuracy levels. Across the studies, there is much
diversity with respect to these levels. For instance, Ella et al. (2008) compared
various texture features (e.g., local binary pattern (LBP), GLCM, lacunarity) by
training a support vector machine. While LBP achieved the highest accuracy of
98%, GLCM had an accuracy of 94%. Based on single indicator approaches,
lacunarity was identified as having a high utility for extracting slums (e.g.,
Barros Filho & Sobreira, 2005; Kit et al., 2012); however, lacunarity cannot
identify small slum pockets as it requires a rather large window size (Kit &
Lüdeke, 2013). Verzosa and Gonzalez (2010) suggested entropy for monitoring
uncontrolled sprawl, while the morphology of slums can be described by spatial
metrics (Kohli, 2013; Kuffer et al., 2014) with reported accuracies of not more
than 70%. Besides the use of single or a small set of indicators, several studies
used large sets of indicators. For example, Owen and Wong (2013a) performed
a systematic comparison between indicators to distinguish formal and slum
areas using 24 spectral, accessibility, texture, scale-based and morphological
indicators. The result showed that the best indicators were entropy of roads,
vegetation patch size, and vegetation patch compactness. Similarly, Graesser
et al. (2012) focused on the development of consistent predictors for formal
and slum areas by a decision tree using GLCM, lacunarity, histogram gradients,
linear feature distribution, line support regions, vegetation indices, and textons
(texture patches). Their result showed that texton features were most robust
for all included cities (i.e., Caracas, Kabul, Kandahar, and La Paz), achieving a
maximum accuracy of 92% (Graesser et al., 2012). Thus, a fully automatic
system for mapping slums with 100% accuracy is not in sight. However,
reported accuracy levels show promising developments for semi-automatic
methods.
Apart from comparing the capacity of indicators, the performance of methods
is evaluated. In general, advanced approaches (such as mathematical
morphology analysis) have a better performance than standard classification
approaches (Giada et al., 2003b). To evaluate the performance of methods,
we compare the accuracy of all reviewed slum-mapping publications (Figure
2.7). The highest mean accuracy is obtained by machine-learning approaches,
but also texture and statistical-based approaches show promising results, while
the variance of the performance of OBIA is rather large. The cases of lower
accuracies of OBIA are often related to very complex urban environments such
as Indian cities where slum areas are very diverse and often have similar
spatial characteristics compared to formal areas. Thus obtained accuracy levels
not only depend on the methodology, but also on the urban morphology and
how well slum characteristics are captured by image-based proxies. To address
this, Shekhar (2012) proposed an OBIA procedure, identifying first formal
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areas; the remaining built-up areas are then classified as slums achieving an
overall accuracy of 87%.

Figure 2.7. Reported accuracies for different image analysis methods on slum
mapping.

In conclusion, machine-learning methods seem to be more successful when
aiming at extracting slum areas at the city scale, whereas OBIA was found to
work well for the extraction of objects (e.g., roofs, roads) on settlement level
when the urban morphology combined with a sufficient resolution image
allowed their extraction. Both methods can be combined, e.g., using image
segmentation together with machine-learning approaches (Kuffer, Pfeffer,
Sliuzas, & Baud, 2016), which allows combining the advantages of both
methods.

2.8

Challenges and Promising Aspects for Global
Slum Monitoring

Based on the results presented in the previous sections, the most promising
aspects of the reviewed studies (in terms of context, physical characteristics,
data and requirements, and methodologies) for developing a global slum
inventory are explored.

2.8.1 Access to Image Data and Contextual Factors
Our geographic “ground” knowledge on slums is limited to a few urban regions.
Therefore, Owen and Wong (2013b) recommended more systematic
comparisons between different slum settlements, done by very few studies
(e.g., Graesser et al., 2012). It would be important to compare the
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performance of indicators, methods, and image data for different urban
contexts across the globe to obtain an overview of robust indicators, methods,
and required data. A major initiative in this respect is performed by the Oak
Ridge National Laboratory, where researchers are working on “a
computationally efficient and automated framework that is capable of detecting
new settlements (especially slums) across the globe” (Vatsavai, 2013, p.
1425). To promote large-scale slum-mapping programs, clear guidelines and
continuous political support is necessary, shown by the challenges of
implementing, for instance, past slum-mapping programs in Indian cities (RAY;
the vision of a slum-free India) (Kundu, 2012).
A major bottleneck (besides image costs) is image availability due to frequent
cloud cover in tropical cities. However, since the massive increase of VHR
sensors, we can expect an improvement of image availability. To further
overcome this problem, more (V)HR resolution SAR sensors are available (e.g.,
TerraSAR-X) that penetrate clouds, being suitable for texture analysis of slums
(Dell’Acqua et al., 2011; Lisini et al., 2012). Also, LIDAR data have enormous
potential for object extraction with their capability of extracting building
heights (Awrangjeb, Ravanbakhsh, & Fraser, 2010), a relevant indicator for
slum mapping (Taubenböck & Kraff, 2014). Furthermore, drones (UAVs) are
able to fly below clouds to capture settlement details (Gevaert, Sliuzas,
Persello, & Vosselman, 2015), but to cover entire cities would be computational
challenging, in addition to the inevitable privacy issues. In addition, other
image data sources have potential, e.g., night-light images. Unfortunately, the
resolution of sensors like OLS is too low to map detailed inner urban night-light
variations. On a metropolitan scale, researchers successfully correlated
poverty rates with observed night-time lights (e.g., Elvidge et al., 2007).
Alternative image sources for global slum mapping are, for instance, GE images
that allow working with VHR imagery free of charge (democratizing data
access), where texture-based image analysis showed promising accuracies
(Praptono et al., 2013). To increase the classification accuracy, several studies
have proposed the use of auxiliary data, such as the utility of DSM for built-up
or roof extraction (e.g., Ioannidis et al., 2009) or the usage of VGI (volunteered
geographic information) (e.g., Gunter, 2009).

2.8.2 Conceptualization of Slums: Methods and
Characteristics
Regarding the transferability and robustness of OBIA-based methods (across
different data and locations), locally developed rule sets have their limitations,
compared to the better performance of texture-based or machine-learning
algorithms (Wieland & Pittore, 2014). Furthermore, the latter have the capacity
to deal with multilayer inputs of spectral, texture or spatial−physical indicators
(e.g., Graesser et al., 2012). However, machine-learning algorithms (both
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parametric and non-parametric) mostly employ per-pixel classifiers. Only a few
examples extracted area-based layers (e.g., via segments) (Wieland & Pittore,
2014), which would be more relevant for slum mapping towards informing propoor policies. Thus, besides setting up a well-structured conceptual framework
in form of a slum ontology (Hofmann et al., 2011) and developing a consistent
framework for assessing the transferability and robustness of slum extraction
methods (Hofmann, 2014), the advantages of both methods—OBIA and
machine learning—need be combined.
One major dilemma when assessing the performance of slum-mapping
methods is access to reference data. In general, studies use ground truth data
(collected in the field) (e.g., Kit et al., 2012), expert delineations (e.g., Kohli
et al., 2013), or available municipal data sets (e.g., Kuffer, Pfeffer, Sliuzas, et
al., 2016). All data sets have the inherent dilemma of “what is a slum,” as slum
definitions vary between and within countries but even within a city, and
different institutions can have different slum definitions and therefore slum
maps (e.g., in Jakarta (Pratomo, 2016)). These uncertainties have a negative
impact on classification accuracies (Kohli et al., 2015), and reduces the
comparability of the performance of different slum-mapping methods. In
Sections 2.5 and 2.7, the role of systematically selected image-based proxies
(e.g., in form of a slum ontology) for methodological advances in slum mapping
has been stressed. Therefore, a more systematic exploration of potential
proxies to describe differences within slums and slums versus formal areas is
needed. A first starting point is the relation between classical visual image
interpretation elements and physical characteristics of slums. This would allow
developing systematic rules for OBIA or training machine-learning approaches
similar to how human interpreters recognize slums. An overview of proxies is
presented in Table 2.8.
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Primary

Secondary

Tertiary

Higher

Shadow variation

Asymmetry/size of roofs
NA
(Hofmann et al., 2011), shape of
roofs (Giada, De Groeve, Ehrlich,
& Soille, 2003a)
Shadow sizes

NA

To be explored

Shape/Size/
Texture

To be explored

Color/Tone

To be explored

Building distance and height
Patch density pattern
(Taubenböck & Kraff, 2014),
(Kuffer, Barros, & Sliuzas,
building orientation (X. Huang, 2014)
Liu, & Zhang, 2015) and shadow
(Hofmann, Blaschke, & Strobl,
2011)

Pattern/Height/
Shadow

NA

Shadow density

Surrounding building
Heterogeneity of roof
typology,
density
variation of building distances

To be explored

Roof density (Taubenböck &
Kraff, 2014), vegetation
density (Weeks et al., 2012)

Pattern of roof material

Size variations
(diversity/evenness)

Texton (Graesser et al., 2012);
GLCM (Stasolla & Gamba, 2009)

Line orientation and distribution
(Graesser et al., 2012), entropy of
objects (e.g., roads) (Owen & Wong,
2013a), LBP (Ella, Van Den Bergh,
Van Wyk, & Van Wyk, 2008),
vegetation pattern (Baud, Kuffer,
Pfeffer, Sliuzas, & Karuppannan,
2010), aggregation (Kuffer et al.,
2014), Fourier transformation
(Sandborn & Engstrom, 2016)
Connectivity of roads/footpaths

Heterogeneity of building height

Line segment heterogeneity
(Khelifa & Mimoun, 2012)

Physical Characteristics
Density
Arrangement Pattern

Heterogeneity
(Taubenböck & Kraff, 2014)

Building Geometry

Site/Associatio
n

Interpretation
Elements

Table 2.8. Overview of successfully documented image-based proxies (indicators).

Settlement form and dist.
river (Kohli, Warwadekar,
Kerle, Sliuzas, & Stein,
2013), accessibility and
slope (Owen & Wong,
2013a), border length and
dist. to hazardous areas
(Shekhar, 2012)
Distance to livelihood
sources, basic
infrastructure and service
provision
Vegetation patch
compactness (Owen &
Wong, 2013a)

Site Characteristics

Variation of
roof material

Roof colors/
material
(Kohli et al.,
2013)

NDVI (X. Huang et al.,
2015), road material
(Novack & Kux, 2010), soil
index (Schöpfer, Tiede,
Lang, & Zeil, 2007), V-I-S
model (Stow, Lopez, Lippitt,
Hinton, & Weeks, 2007;
Weeks, Hill, Stow, Getis, &
Fugate, 2007)
Land cover variation

Pattern of
Pattern of
roofing material vegetation cover
NA
Vegetation patch size
(Owen & Wong, 2013a) or
percentage (Stow, Lippitt, &
Weeks, 2010)
Object size and shape
variations

Heterogeneity
of roofing
material

Roof
Materials
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In the literature, many interpretation elements have been employed—simple
(primary) ones based on colour, or complex (tertiary and higher) ones, based
on pattern or site. However, many potentially interesting combinations have
not been systematically explored (Table 2.8), e.g., homogeneity of roofing
material at settlement level. Building height has only been used in an
explorative study (Taubenböck & Kraff, 2014). Other site/association-related
proxies have only been used in a few OBIA studies (e.g., Khelifa & Mimoun,
2012; Kohli et al., 2013). Promising proxies relate to distance to livelihood
opportunities and services, road features (e.g., available from OSM) or general
line features and their orientation and pattern. For example, we know that lines
in slums are generally much more irregular and heterogeneous in orientation
compared to formal settlements (Khelifa & Mimoun, 2012). Furthermore, the
analysis of heterogeneity (versus homogeneity) and patterns of density, roof
materials, shadow, vegetation, and other land cover types could provide
promising proxies. Thus a more systematic inclusion of all levels of
interpretation elements will be important to improve slum extraction
approaches. To avoid high dimensionality of large proxy sets, automatized
feature selection will be the road forward (Geiß et al., 2015), allowing the
selection of the most relevant features (indicators) while excluding redundant
ones.
Presently, we know too little about the global diversity of slums and how to
capture this diversity by robust image-based proxies. Thus, a more systematic
exploration of potential proxies is required for the development of a global slum
inventory. Besides the establishment of a global slum inventory, regular
monitoring systems at local level are necessary for the detection of changes
but also as an instrument to monitor policy implementation or to protect slum
dwellers against illegal evictions.

2.9

Conclusions

In this review, we identified the variety of methodological advances in slummapping studies that are relevant for developing a global slum inventory. The
reviewed literature shows that the current geographic knowledge on slum
characteristics is rather limited. This knowledge needs to be extended to cover
the main urban regions in the global South, especially where urban growth
rates and poverty levels are high. Specifically, more comparative studies on
proxies are needed across the globe, using a systematic depiction of
established slum characteristics (i.e., building geometry, density, pattern, roof
material and site characteristics) versus image (interpretation) elements for
the development of robust image-based proxies. This also requires a clear
conceptual frame to assess their transferability and robustness. The same is
required for methodologies. On the basis of the reported accuracies and the
ability to process larger data and indicator sets, the most promising methods
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for a global slum inventory use machine-learning approaches. Several
important recommendations for future methodological developments are: (1)
include better contextual properties (larger neighbourhoods); (2) avoid pixelbased approaches; (3) employ scalable aggregation levels that allow the
mapping of smaller slum pockets as well as larger slum areas; (4) include more
complex interpretation elements (site and association) and proxies based on
ancillary data; and (5) examine the impact of different sensor characteristics
on classification accuracies.
For OBIA, extracting object-level information on roofs or roads, often required
for counting dwellings or estimating population, the availability of VHR imagery
in the range of 30 cm might open up new avenues, in particular for very highdensity slums in Asian cities. For the further development of OBIA approaches
that are fit for city or settlement-level information extraction, the important
recommendations and considerations are: (1) select suitable sensors for the
local context; (2) systematic slum characterization should be translated into
robust and transferable rule sets; (3) include readily available ancillary data in
the classification process; (4) link image-derived products with socioeconomic
data.
Locally feasible and quick monitoring approaches could rely on both, OBIA or
machine learning, but also single indicator approaches (e.g., GLCM or
lacunarity) have the potential to capture quickly the location and extent of slum
areas in support of pro-poor policy implementations. Therefore, capturing the
local slum morphology with the most suitable indicator(s) transferable to
imagery of different sensors or different years is crucial. Nevertheless, a global
slum inventory must acknowledge the diversity of slums within and between
cities. Therefore, besides the mapping of slums, the identification of contextual
slum typologies is an important research direction; such information will allow
the
combination
of
image-based
information
with
socioeconomic
characteristics, which may ultimately lead to a better targeting of pro-poor
policy interventions. Finally, the information gap and access to data between
the global South and North needs to be better bridged by making data and
tools globally accessible to local actors with appropriate attention for capacity
building to ensure proper understanding and application.
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Chapter 3
The Development of a Morphological
Unplanned Settlement Index Using Very-HighResolution (VHR) Imagery
6

6

This chapter is based on the article:

Kuffer, M.; Barros, J.; Sliuzas, R. The development of a morphological unplanned
settlement index using very-high-resolution (VHR) imagery. Comput. Environ. Urban
Syst. 2014, 48, 138-152.
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Abstract
Spatial metrics combined with spectral information extracted from very-highresolution (VHR) imagery allow quantification of the general spatial
characteristics of urban areas, as well as specific morphological features (i.e.,
density, size, and pattern) of unplanned settlements. Such morphological
features are visible in VHR imagery, but they are challenging to quantify. Still,
quantification of the morphological differences between planned and
unplanned areas is an important step towards automatic extraction of
unplanned areas from VHR imagery. In this work, we discuss how image
segmentation assists in the extraction of homogenous urban patches (HUPs),
and use spatial metrics to quantify the morphological differences between
planned and unplanned HUPs. A set of spatial metrics meaningful to describe
morphological features of unplanned areas is selected and combined into an
unplanned settlement index (USI) using a multi-criteria evaluation approach.
Two case study areas are used to test the USI, i.e., Dar es Salaam, Tanzania,
and New Delhi, India. The ability of the developed USI to extract unplanned
areas is confirmed via visual comparison with existing land use data, and a
quantitative accuracy assessment shows that areas of high USI coincide well
with unplanned areas in the reference data. The quantitative accuracy
assessment presents an accuracy of greater than 70% for five selected test
areas in both cities.
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3.1

Introduction

The morphology of planned and unplanned built-up areas of cities in developing
countries often shows distinct differences. An unplanned area is commonly
developed without planning provisions and is often associated with informality,
overcrowding, insufficient infrastructure provision, poor housing quality, and
haphazard layout (UN-Habitat, 2010). Information on the extent and nature of
such areas is commonly unavailable and frequently displays poor temporal
accuracy and consistency (Herold, Goldstein, & Clarke, 2003). The
development of methods for mapping such areas, which can be diverse in
nature and present rapid growth, is addressed as a challenge in many previous
studies (e.g., Kit et al., 2012; Taubenböck & Kraff, 2014). The amount of
unplanned areas differs across cities and (developing) countries but, this is an
issue in the majority of large cities in developing countries, and the extent of
unplanned areas commonly ranges between 30% and 60% of the total urban
areas (Busgeeth, Brits, & Whisken, 2008). In fact, in certain Sub-Saharan
African cities, the amount of unplanned urban land can drastically surpass the
quantity of planned land (Kombe, 2005). Unplanned settlements continue to
be a prominent feature in many urban regions, with notably high growth rates
observed in the urban periphery (UN-Habitat, 2009).
Mapping and monitoring of unplanned settlements require the development of
methods and tools that are both effective and low in cost. As such, good and
reliable data and derived information that is easily accessible and timely are
important for better management of unplanned urban development (Turkstra
& Raithelhuber, 2004). Furthermore, a good understanding of the spatial
characteristics of unplanned areas is essential for detecting and/or analysing
these areas (Kuffer & Barros, 2011). In very-high-resolution (VHR) imagery
(e.g., as shown in Figure 3.1), unplanned settlements can be visually identified
by an organic layout and densely clustered buildings, whereas transitional
areas or areas that have undergone regularisation or newly unplanned
settlements on the outskirts will display more complex and ambiguous spatial
characteristics.
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Figure 3.1. Example of a false-colour VHR image (Delhi); unplanned settlement
(right), (Ikonos 2001).

In this research, we use the term ‘unplanned’ because it refers to the spatial
development process of the settlements, in which building occurs without
zoning, site planning, and service provision and commonly results in irregular
layout patterns that do not conform to planning standards. Other related terms
(i.e., informal, spontaneous, illegal, squatter settlements, and slums) have
different connotations, and certain of them relate to the tenure or legal status
of the settlement, which are characteristics that cannot be captured directly
from remotely sensed imagery.
The morphology of unplanned areas displays an organic pattern; these areas
are typically more irregular, complex, and diverse and are often more densely
built than planned areas (Kit et al., 2012; Kostof, 1991; Weeks et al., 2007).
In addition, such settlements tend to have irregular shaped streets (or
pathways) layouts and contain significantly smaller dwellings than planned
areas (Kohli et al., 2012). In contrast, planned areas normally contain regular
street layouts, larger buildings, and planned open spaces (Kostof, 1991). In
the current study, three of these inherent morphological characteristics are
used for identification of unplanned settlements in VHR imagery:
a) Lack of planned road infrastructure causes a more organic pattern. The
lack of space for urban infrastructure as an outcome of the development
of individual dwellings results in an unclear or non-existent road
infrastructure (Lemma et al., 2006), which clearly differentiates these
areas from planned areas (e.g., Figure 3.2-right).
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b) Noncompliance with planning standards causes high building densities. In
other words, non-compliance with setback rules leads to insufficient
spacing between individual buildings (e.g., Figure 3.2-left). In their study
of Mumbai, Taubenböck and Kraff (2014) found significantly higher
densities in slums than in formal settlements. They also found differences
in buildings size and height, distance between buildings, and proposed a
heterogeneity index that allowed for identifying slum from non-slum areas.
Similarly, Rakodi and Lloyd-Jones (2002) found a relationship between
high-density settlements and a lack of physical capital (basic
infrastructure, e.g., shelter, water, electricity) in households in such areas
(for information on household capital assets, see Moser, 1998). However,
there is evidence that high densities are also found in low-moderate income
(formal) areas as demonstrated by Amato (1970). In his study of four Latin
American cities (i.e., Lima, Quito, Santiago, and Bogota) he concluded that
that middle income groups live in areas of high densities (Amato, 1970).
Another factor that contributes to the high density of slums is the lack of
public open spaces, and green areas in particular (e.g., parks) (Weeks et
al., 2007).
c)

Relatively small building sizes are commonly found in unplanned areas:
The role of building size as an indicator for delineating slum areas was
confirmed by expert interviews conducted by Kohli et al. (2012). This study
showed that building size was one of eleven basic slum indicators. Other
listed indicators were roof material, absent or irregular roads, lack of
vegetation and open spaces, density, irregular shape of settlement,
association with neighbouring areas, texture, and locality.

Figure 3.2. Unplanned areas in Dar es Salaam; setback between adjacent buildings
(left) and street view of the area (right).
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These three morphological features are highly relevant criteria for identification
of unplanned areas in remotely sensed imagery (see Table 3.1), as confirmed
by several previous studies (Baud et al., 2010; Kohli et al., 2012; Lemma et
al., 2006; Stewart & Kuffer, 2007) on Asian and African cities. It is also
important to note, these three features are transferable across cases and
countries, which allows for the methodology to be applied in cases across the
globe. This is unlike other features, such as building height which are location
specific (in some Asian cities unplanned areas contain buildings with several
stories, whereas in sub-Saharan African cities, single-story buildings are more
common). A limitation of those three morphological features (Table 3.1) is that
these characteristic of unplanned areas in central locations may not be relevant
for settlements located in the outskirts of the city. Peripheral settlements tend
to be more recent, and as such, they may present lower densities associated
with a less mature stage of unplanned development.
It is important to note, these same three features can also limit the use of
remote sensing methods. For example, the lower accuracy often obtained for
building extracting in unplanned areas is caused by morphological
characteristics of the settlement (Rüther et al., 2002). As a consequence,
rather high spatial resolution is required (at times, less than ½ m) to allow the
identification of small and densely clustered buildings (Sliuzas, Kerle, et al.,
2008).
Table 3.1. Common morphological features of unplanned areas (adapted from Kuffer
& Barros, 2011).
Morphological
Unplanned areas
Planned areas
features
Size

Small (substandard)

Generally larger building
building sizes
sizes

Low – moderate density
Density

High densities (roof
areas
coverage densities of at
least 80% or more)

Lack of public (green)

Provision of public
spaces within or in the
(green spaces) within or
vicinity of residential
in vicinity of residential
areas
areas
Regular layout pattern
Pattern

Organic layout structure 
(showing planned
(no orderly road
regular roads and
arrangement and
compliance with setnoncompliance with setback rules)
back standards)

Since VHR imagery became available, remote sensing has become an
increasingly important data source for supporting urban planning and
management. The new VHR imagery “has created spatiotemporally continuous
and politically less biased sources of data” (Kit et al., 2012, p. 661). The use
of spatial metrics for urban applications has also recently grown in importance.
Spatial metrics originate from the discipline of landscape ecology in which they
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are used to analyse environmental patterns of ecological processes. The
analysis of patterns is similarly important for urban applications in which
homogenous patches of land use types, for example, can be analysed through
the “physical arrangement and interaction of the patches” (Chin, 2006, p. 217),
thus providing a “global summary descriptor of the pattern of the landscape”
(Chin, 2006, p. 218). Herold et al. (2005) highlighted the added value of
combining spatial metrics and remote sensing methods, stating that together
they offer “spatially consistent and detailed information on urban structure and
change than either of these approaches” (Herold et al., 2005, p. 371).
In the past years, a number of studies have used spatial metrics to quantify
patterns of urban land-cover/use (e.g., Chin, 2006; Frohn, 2006; Herold et al.,
2005; Peng et al., 2010; Schwarz, 2010; Taubenböck, Wegmann, Roth, Mehl,
& Dech, 2009), and several studies have analysed spatiotemporal dynamics on
a metropolitan scale (e.g., Herold, Goldstein, et al., 2003; Pham, Yamaguchi,
& Bui, 2011; Taubenböck, Wegmann, et al., 2009). Few studies have used
spatial metrics to differentiate between urban spatial categories, e.g.,
extracting areas of different population densities (Liu et al., 2006) and areas
of different urban land use categories (Herold, Liu, et al., 2003), or have used
spatial metrics to indicate physically deprived areas (at the settlement scale)
(Baud et al., 2010). Although spatial metrics have evolved into a rapidly
growing application field in remote sensing (Saura & Castro, 2007), spatial
metrics are not often used to support image classification (Kuffer & Barros,
2011), and the common approach has been to use classified images
(categorical maps) for analysis using spatial metrics (Frohn, 2006). However,
Frohn (2006) has suggested that the only prerequisite for the use of spatial
metrics is the presence of homogeneous patches. For this purpose, Herold, Liu,
& Clarke (2003) established ‘land-use-regions’, which are ‘homogenous urban
patches’ of a specific land-use type with similar textures and sufficient sizes
being bounded by streets. To date, no consensus exists on the most suitable
set of spatial metrics for urban applications (Herold et al., 2005).
This paper proposes a methodology to differentiate unplanned and planned
areas from VHR imagery, by identifying typical morphological characteristics of
such areas using spatial metrics. The methodology explores the use of spatial
metrics to produce comprehensive information at the settlement scale with a
specific focus on unplanned areas and, adds to the body of literature at the
metropolitan scale (e.g., Herold, Goldstein, et al., 2003; Pham et al., 2011;
Taubenböck, Wegmann, et al., 2009). The paper builds on the initial work
presented at the Conference of Spatial Statistics in 2011 (Kuffer & Barros,
2011) and furthers it by discussing the development of an unplanned
settlement index (USI). The paper also adds more assessment areas to test
the transferability (Kohli et al., 2013) of the methodology, as well as a
quantitative assessment of the USI. The paper is structured as follows: Section
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3.2 presents the two case study areas used for developing and testing the
methodology. Section 3.3 describes the data and methodology used to extract
homogenous patches, the selection of the appropriate set of spatial metrics,
and their aggregation into the unplanned settlement index (USI). Section 3.4
presents and discusses the results, while Section 3.5 provides the final
conclusion, limitations, and future research directions.

3.2

Case Studies

Two case study areas are selected to demonstrate the contrast between two
different urban environments: an Asian example (New Delhi, India) and an
African example (Dar es Salaam, Tanzania). Many areas of New Delhi are quite
densely built-up. High built-up densities are not only found in unplanned but
also in many planned areas (e.g., planned resettlement colonies). Unplanned
areas in Delhi can range from small slum pockets that occupy green areas
along roads or railroads to large areas of unauthorised colonies. Similarly,
unplanned areas in the city of Dar es Salaam (Tanzania) are found in central
locations and also sprawl outwards (e.g., along major road axes) and occupy
a large portion of the city. To compare, approximately 38% of New Delhi’s
population lives in unplanned areas (Risbud, 2002), and 70% of the residential
land in Dar es Salaam is unplanned (locally referred to informal areas) and
provides shelter to a similar proportion of the city’s population (Kombe, 2005).
The VHR images are available for both cities (presented in Table 3.2). For Delhi,
Ikonos scenes (multi-spectral and panchromatic bands) for the years 2001 and
2002 are pan-sharpened to 1 m spatial resolution. For Dar es Salaam, the
multi-spectral QuickBird image mosaic from 2007 is also pan-sharpened,
resulting in a 0.6 m spatial resolution.
Table 3.2. Overview of data sets for both case study areas.

Dataset Dar es Salaam
QuickBird mosaic
Land use data (location of
unplanned areas)
Dataset Delhi
Ikonos mosaic
Land use data for 12 wards
(location of unplanned areas)

Year
2007
2002

Description
Covering most areas of the city
Polygons (boundaries) of unplanned areas

Year
2001/2
2001/2

Description
Covering the entire city
Polygons (boundaries) of unplanned areas

Ten different areas are selected for each city: five test areas (Figure 3.3) for
evaluation and selection of spatial metrics, and five assessment areas (Figure
3.9 and 3.10) for testing the performance of the unplanned settlement index.
The areas selected from Dar es Salaam cover different types of planned and
unplanned settlements, including older and consolidated settlements, as well
as unplanned areas with lower densities that still have potential for further
development. Since most of the city of Dar es Salaam is unplanned, the
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challenge is to select suitable test and assessment areas that show a good mix
of planned and unplanned areas. The areas selected in Delhi include both small
pockets of squatter settlements and large unauthorised colonies. The main
challenge in Delhi is to capture the diversity of unplanned and planned areas.

Figure 3.3. Top, the location of test and assessment areas in Dar es Salaam –
QuickBird image 2007 (left) and Delhi – Ikonos image 2001-2 (right). Below, overview
of the individual test areas.

The selection of test and assessment areas is restricted by the available
reference data. For the city of Delhi, the result of a visual image interpretation
validated by ground truth data is available from previous research (Baud et al.,
2010). This ground validation performed in 2008 covers 12 wards (displaying
a range from highly deprived to minimally deprived wards). To reduce
problems of temporal consistency (between the image and ground truth data),
the dataset only includes areas of stable land use. From the 12 wards available
in the reference data set of Delhi, 10 areas are selected, one is excluded
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because of its institutional characteristics and the second is excluded because
it does not contain significant unplanned areas. This second ward is dominated
by resettlement colonies that although deprived, are planned areas (Baud et
al., 2009). The 10 remaining available wards are split into five test areas and
five assessment areas. For the city of Dar es Salaam, land use information for
the year 2002 is available for this research. The data were generated by
manual digitisation of VHR images and was also used in previous research and
has proven good accuracy (Sliuzas, 2004). Thus the data set for Dar es Salaam
covers the entire urban area, whereas the data set available for Delhi includes
only 10 wards.

3.3

Methodology

The methodology consists of three steps, as shown in Figure 3.4. First,
homogenous urban patches (HUPs) at the object (building) level are derived
using image segmentation. Second, a set of spatial metrics is chosen that has
potential for analysing the morphology of the test areas. Third, the unplannedsettlement-index (USI) is calculated using significant spatial metrics that are
aggregated for the HUPs (at area/neighbourhood level). The final index is
assessed using the available reference data.

Figure 3.4. Overview of the analysis procedure.

3.3.1 Step 1: Extraction of HUPs Using Image Segmentation
Image segmentation partitions the VHR image into non-intersecting regions,
and thus, each region is homogenous and distinct from its neighbours (Z.
Wang, Jensen, & Im, 2010). The result of the image segmentation process can
be either complete or partial segmentation. Complete segmentation directly
results in real-world objects, whereas object-oriented analysis (OOA) is
required to extract real-world objects from partial segmentation (Z. Wang et
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al., 2010). Image segmentation allows the extraction of several information
levels from a VHR image (Kuffer & Barros, 2011). The individual pixels within
an image contain spectral information, and homogenous neighbouring pixels
form segments within specified spectral and spatial threshold values (see
Figure 3.5). Homogenous patches representing building objects (HUPs at
object level) can be extracted depending on the object characteristics and the
spectral and spatial resolution. Areas that are physically homogenous in terms
of density or texture (e.g., street blocks or settlements) can be obtained via
image segmentation using a larger scale parameter value. Figure 3.5 shows
the increase in complexity from the pixels to the HUPs at the area level for
extraction of different information levels from an image.

Figure 3.5. Scale-dependent information levels of an image using segmentation (from
pixels to higher-level objects) (adapted from Kuffer & Barros, 2011).

Image segmentation and selection of a suitable segmentation algorithm for an
specific application are important but difficult steps in image analysis (Cheng,
Jiang, Sung, & Wang, 2001). Zhang, Fritts & Goldman (2008) differentiated
among the three main segmentation approaches: a) pixel-based (e.g.,
histogram thresholding), b) region based (e.g., region-growing methods), and
c) boundary based methods (e.g., edge-detection). A large number of
commercial and public domain segmentation algorithms are available. In this
research, three different segmentation algorithms are chosen. The first is the
multi-resolution algorithm of eCognition, a highly popular image segmentation
algorithm (Z. Wang et al., 2010). The multi-resolution algorithm is a bottomup, region-merging algorithm based on a ‘Fractal Net Evolution Approach’
(Baatz, Benz, Dehghani, & Heynen, 2004) and it is a combination of a
histogram-based method with homogeneity measurements. The second
selected segmentation algorithm is Prabat, which is a region-growing
segmentation algorithm (Lucieer, 2004). The third algorithm is Erdas Imagine’s
segmentation method, which is based on edge detection (Intergraph, 2013).
Hence, the selected algorithms include three different types of segmentation
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algorithms. All algorithms require parameter optimisation for proper
performance. Wuest and Zhang (2009) recommended experimentation with
segmentation parameters because no standard rules exists for selecting good
segmentation parameters.
Extraction of individual buildings using image segmentation of VHR images in
an urban area is a complex process. To successfully extract individual
buildings, it is necessary to use a minimum number of pixels per building.
According to Welch (1982), the minimum number of pixels per building is
usually four in moderate resolution images, whereas in VHR images, more than
four pixels are required to identify a building object. In addition, a clear spacing
between buildings facilitates the process. In unplanned settlements, individual
buildings often cannot be easily extracted due to insufficient pixels per building.
In addition, the settlement’s organic layout presents limited spacing between
buildings and often several buildings may be aggregated into a single segment.
Segmentation problems also occur in planned areas in which buildings have
variable roof surfaces due to elevators, water tanks, or rooftop storages, etc.
leading to over-segmentation, i.e., a building split into several segments.
Complete segmentation of buildings is therefore not always possible. Thus, the
aim for this procedure is reformulated to extraction of segments that reflect
the morphological structure (approximately at the building object level). To
achieve this aim, the results of the three selected segmentation algorithms are
compared after optimising the segmentation parameters to best fit the objects
on the ground.
Next, the accuracy of the resulting segments must be assessed. According to
Z. Wang et al. (2010), no standard approach is available for quantification of
the accuracy of an image segmentation. The criteria used to define good
segmentation is heavily application-dependent and often requires a
comparison among the results of several segmentation algorithms (Zhang et
al., 2008). The performances of the three segmentation algorithms are
compared using the area fit index (AFI) suggested by Lucieer (2004). The AFI
compares the area of a reference object (selected building objects that are
manually digitised for the test areas) with the area of the largest segment.

(where A equals the area in pixel: An AFI of 0 indicates perfect agreement
between the reference and segmentation, an AFI of greater than 0 indicates
over-segmentation, and an AFI of less than 0 denotes under-segmentation.)
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3.3.2 Step 2: Selection of a Set of Spatial Metrics
In the second step, a set of spatial metrics with the potential to analyse the
morphology of urban areas (size/density and pattern) is selected. Based on a
review of the existing literature (Barros Filho & Sobreira, 2005; Barros, 2004;
Chin, 2006; Herold et al., 2005; Herold, Goldstein, et al., 2003; Herold, Liu, et
al., 2003; Peng et al., 2010; Schwarz, 2010; Taubenböck, Wegmann, et al.,
2009; Yu & Ng, 2007), several commonly used metrics in urban analysis are
selected. All of the listed metrics (presented in Table 3.3) are analysed for their
potential in differentiating between planned and unplanned areas. A common
problem in selecting spatial metrics is their high correlation (J. Huang, Lu, &
Sellers, 2007). In a first step, all of the metrics in Table 3.3 are analysed
according to their ability to show a clear separation between planned and
unplanned areas. The five test areas are used for this purpose, and all metrics
are calculated for the planned and unplanned areas. Metrics that do not show
a clear differentiation between planned and unplanned areas are excluded. In
a second step, the metrics that are highly correlated within one dimension are
excluded (this step does not address correlation between dimensions). All
spatial metrics are calculated using the FRAGSTATS software (McGarigal,
Cushman, Neel, & Ene, 2002).
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Table 3.3. Considered spatial metrics for the different dimension of ‘unplannedness’
Main spatial
Spatial metrics Formula
Definitions
characteristics
with the
potential of
measuring
spatial charact.
xij = patch size, ni = total
Size
Mean patch size
x
The mean patch
size is expected to
be larger in
unplanned areas
when groups of
buildings are
clustered into one
patch due to little
space between
building objects.

number of patches

Area standard
deviation

∑

∑
∑

Effective mesh
size
Splitting index

1
10000
∑

Landscape
division index
Density

1

Patch density

10000 100

In unplanned areas,
Edge density
the densities of
patches will be
different compared
with those of
Patch richness
planned areas.
density

∑

eik = total length (m) of edge in
landscape involving patch type
(class) i; A = total landscape
area (m2).
m = number of patch types
(classes) present in the
landscape, A = total landscape
area (m2).
gii = number of like adjacencies
(joins) between pixels of patch
type i based on the single‐
count method, max‐>gii =
maximum number of like
adjacencies (joins)
pij = perimeter (m) of patch ij,
aij = area (m2) of patch ij.

10000

10000 100

Layout structure Aggregation
(pattern/shape)
index

→

Unplanned areas
are commonly more
aggregated with
complex patterns Fractal
and less diversity. dimension

2 ln . 25
ln

100

Shape index

pij = perimeter of patch ij in
terms of number of cell
surfaces, min pij = minimum
perimeter of patch ij
pij = perimeter (m) of patch ij,
aij = area (m2) of patch ij.

min

Perimeter area
ration
Shannon’s
diversity index

Pi = proportion of the
landscape occupied by patch
type (class) i.

∗

Simpson’s
diversity index

1
∑

Shannon’s
evenness index
Simpson’s
evenness index

1

∑
1

∗ 100

∑

∗
∑

1

Contagion
index
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aij = area (m2) of patch ij,
A = total landscape area (m2).

1

∗

∑

∑

2

Pi = proportion of the
landscape occupied by patch
type (class) i.
m = number of patch types
(classes) present in the
landscape
Pi =proportion of the landscape
occupied by patch type (class)
I,
gik =number of adjacencies
(joins) between pixels of patch
types (classes) i and k based on
the double‐count method.
m =number of patch types
(classes) present in the
landscape t
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Third, a USI is designed by aggregating the morphological aspects of
unplanned areas, following the slum-index developed by Weeks et al. (2007).
The index combines several dimensions of deprived areas into a single index.
The spatial metrics that best characterise the morphological differences
between planned and unplanned areas are selected for the USI. The spatial
metrics that show high correlation within a single dimension are excluded. The
selected metrics are combined into a spatial multi-criteria evaluation (SMCE)
approach using Ilwis SMCE7 , an open-source software tool, to build a
composite index of several standardised and weighted indicator maps. Equal
weights are assigned to the different dimensions (i.e., 1/3 size, 1/3 density,
and 1/3 pattern) and to the metrics within each dimension.
The index is the result of a weighted summation of all standardised maps of
the three dimensions (size-density-pattern). The values of the USI maps range
from 0 to 1, where values closer to 1 indicate a higher likelihood of
‘unplannedness’, and lower values denotes a higher likelihood of ‘plannedness’.
Unlike the index developed by Weeks et al. (2007), which used census data,
the USI is built using only physical data from the imagery. Once the final map
is produced, the USI is aggregated in a second segmentation process that
extracts larger segments (the HUPs at the area level). In this step, the
segmentation parameters are optimised to extract larger areas of similar
morphology. This second aggregation level is required to classify homogenous
urban patches (neighbourhoods – area level). Within these HUPs, the mean
USI value is calculated in which high mean USI values indicate unplanned
areas. The final result is assessed using the available land use data for
reference, as detailed in Section 3.2. The USI values for 300 randomly selected
points are subsequently used to identify a suitable threshold to distinguish the
planned from unplanned areas. In a final step, the accuracy of this binary
classification is assessed.

3.4

Results and Discussion

In this section, the results of the three methodological steps (Figure 3.4) are
presented and discussed.

3.4.1 Results of Image Segmentation: Extraction of HUPs
The extracted segmentation results of the three different algorithms are
compared with a random selection of digitised building footprints. After the
optimisation process, the best-fitting scale parameter for the image
segmentation at the object level results in a scale factor of 15 (Figure 3.6).
Figure 3.6 also shows the AFI index output. Lower scale factors (e.g., 10) lead

7

Information on Ilwis can be found at http://52north.org/communities/ilwis
63

A morphological unplanned settlement index using VHR imagery

to over-segmentation, whereas higher scale factors (e.g., 20) lead to undersegmentation (weaker performance in capturing the object level).
As shown in Figure 3.6, the results indicate eCognition’s segmentation
procedure has the best performance, producing the least degree of over- or
under-segmentation in both test images. Slight over-segmentation occurs in
only one of the six tests, i.e., eCognition’s segmentation of the Delhi image,
whereas Erdas Imagine’s segmentation for Delhi also produces an equally
slight under-segmentation. None of the results can be considered complete
segmentations. The limited space between buildings reduces the segmentation
performance, particularly in dense and unplanned areas. The average segment
size is only smaller than the average building size for the samples in planned
areas of Delhi (multi-resolution segmentation), primarily due to larger
buildings with spectrally heterogeneous roof surfaces, whereas unplanned
areas in Delhi are also under-segmented. As a result, the setting of the
segmentation parameters requires considerable tuning to balance the overand under-segmentation effects across heterogeneous urban landscapes.

Figure 3.6. Selection of a suitable segmentation algorithm using the Area Fit Index
(AFI) values.

Figure 3.7 illustrates the underlying obstacle preventing complete
segmentation, showing a comparison of the average roof-coverage density in
the test areas for the two cities. The roof-coverage density is extracted using
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a maximum-likelihood classifier (achieving a classification accuracy of 77% for
the image of Delhi and 83% for Dar es Salaam). The reason for using such a
standard classification approach is to illustrate the differences in the overall
urban morphologies of unplanned areas in the two cities. Unplanned areas in
Delhi have roof-coverage densities greater than 80%, whereas the values in
Dar es Salaam are lower at 50-75%. As such, buildings in unplanned areas of
Delhi are more clustered, which results in grouping of several buildings into a
single segment and this causes larger patch sizes and lower patch densities for
the city of Delhi. In Dar es Salaam, individual buildings are more closely
captured by the segmentation, which results in smaller patch sizes of
unplanned areas and higher patch densities (compared with those of planned
areas).

Figure 3.7. Roof cover percentages, Delhi (left) and Dar es Salaam (right).

Although image segmentation is employed to extract the HUPs at object
(building) level, there are limitations for its use in highly dense unplanned
areas in which the extracted segments are often an aggregate of several
building objects. This effect is more apparent in the case of Delhi due to the
use of lower image resolution, smaller object (building) sizes, and higher
densities of buildings in unplanned areas. Additionally, Delhi presents a more
heterogeneous urban morphology than Dar es Salaam, making the result of
the image segmentation more complex. As a consequence, large multi-family
houses (in planned areas) are over-segmented, and buildings in unplanned
areas are under-segmented. Although similar problems occur in Dar es
Salaam, the impact is minimised because most planned areas (within the test
areas) consist of relatively large, detached, single-family houses, the so-called
Swahili houses that are predominant in Dar es Salaam’s residential areas.
Despite these differences, the scale parameter is held constant (within a city
and between cities) to ensure that the spatial metrics calculated based on these
segments are comparable.
The eCognition’s multi-resolution segmentation is selected due to its overall
better performance for the AFI (Figure 3.6). Spatial metrics are subsequently
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used to analyse whether the HUPs of planned and unplanned areas present
quantifiable differences.

3.4.2 Results of the Selection of a Set of Spatial Metrics:
Analysis of the Building HUP Morphology
After excluding the insignificant and/or highly correlating metrics (from the
initial list in Table 3.3), the final set of spatial metrics is presented in Figure
3.8. As a consequence of the different urban morphologies and data sources
used, a different set of metrics is better suited for each city. The spatial metrics
suitable for Dar es Salaam do not succeed in differentiating unplanned from
planned areas in Delhi. Although this result limits the comparability of the
individual metric values, the final value of the USI is suitable for comparison
because it uses a standardisation procedure for calculating the three
dimensions (size, density, and pattern) within a spatial multi-criteria
framework.
For Dar es Salaam the most significant metrics are mean area (size-related),
patch density (density-related), aggregation index (AI), and the Shannon’s
diversity index (SDI) (pattern-related). Tests with AI show similar, but clearly
distinguishable values for planned and unplanned areas. Tests with SDI are
mixed because the results for test area 5 are not compatible with results for
all other areas. Planned areas generally have higher SDI values than unplanned
areas, with the exception of test area 5, which is a rather small planned area
with a less regular arrangement patterns, and the mean area of building
footprints is smaller than that of other planned areas and rather similar to the
unplanned areas. However, the overall values indicate that unplanned areas
(all five test areas) in Dar es Salaam tend to have smaller patches and higher
(segment) densities and are also more aggregated and less diverse than
planned areas.
For the case of Delhi several of the metrics are highly correlated and are thus
excluded from the selection. The best performing metrics in terms of
differentiation of unplanned areas are selected, excluding those that are highly
correlated with lower performance. All of the remaining significant metrics are
selected, with the final list including the landscape division index and effective
mesh size (size-related); patch density (density-related); and aggregation
index, Shannon’s evenness index, and contagion index (pattern-related). The
mesh metric results indicate that unplanned areas in Delhi tend to have a
smaller mesh size. The patch density results suggest lower density values in
unplanned areas than in planned areas, which can be explained by the undersegmentation that occurs in unplanned areas (many clustered houses are
contained in single patches). In terms of patterns, planned areas are generally
more aggregated, even, and orderly in arrangement. Only test areas 4 and 5
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present similar values for planned and unplanned areas. This observation can
be explained by the fact both areas have similar morphological patterns, which
consist of a combination of high density planned and unplanned areas.

Figure 3.8. Selected spatial metrics for Dar es Salaam (left) and Delhi (right).

3.4.3 Result and Assessment of the Unplanned Settlement
Index
For calculating the USI, homogenous patches are extracted via image
segmentation using larger scale values to create HUPs at the settlement area
level (not building objects) using an approach similar to the ‘land-use-regions’
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(Herold, Liu, et al., 2003) and ‘homogenous urban patches’ (Herold, Scepan,
& Clarke, 2002). The scale parameter values that give the best results are 80
for Delhi and 160 for Dar es Salaam. This second segmentation step is
necessary to generate the HUPs at the area level (Figure 3.5) by extracting
larger areas of homogenous morphology. The scale parameter is selected using
an optimisation process to compare the segments with ground reference data.
The difference in scale between the two case study areas can be explained by
the fact that unplanned areas in Delhi tend to include very small settlements
(the average HUP is 0.2 ha) whereas in Dar es Salaam, they tend to be larger
settlements (the average HUP is 1.1 ha). This result deviates from the decision
at the object level to keep the scale parameter constant for both Delhi and Dar
es Salaam. Buildings in both cities are of relatively similar dimensions, which
is different from the HUPs at the area level.
The extracted segments (HUPs at area level) allow generation of composite
maps of the USI using mean metrics values per HUP. The rationale for
aggregation is that the concept of ‘unplannedness’ is normally captured at the
area level, e.g., at the neighbourhood level, and it is not based on an individual
building object or small groups of buildings. An ‘unplanned building’ refers to
an illegal structure that does not have legal permit, and such information
cannot be captured with remote sensing. The results are compared with
existing land use data for the total of 10 assessment areas (five for each city).
The results are presented in Figures 3.9 and 3.10.
For a visual inspection, the results of the USI are classified in five different
classes (very high, high, moderate, low and very low) using equal frequencies
(Figure 3.9 and 3.10). In general, ‘very high’ and ‘high’ USI values indicate
areas that show characteristics of unplanned areas. As shown in Figure 3.9 and
3.10, ‘high’ or ‘very high’ USI values visually coincide reasonably well with
areas of unplanned settlements in the reference data. For assessment area 1
in Dar es Salaam (Figure 3.9), the main unplanned area falls within the
category ‘very high’. In this case, narrow patches along the edges of unplanned
areas have ‘low’ USI values and are not spotted as unplanned. Also, the large
planned area in the East is also classified as ‘high’ because of the presence of
high-density settlements. For assessment area 2 of Dar es Salaam, the large
unplanned area is classified as ‘high’, although certain portions of the area are
classified as ‘very high’ and ‘moderate’. A few small and unplanned patches at
the edge of the settlement have ‘low’ USI values (caused by relatively low
built-up densities), and certain small planned patches have ‘high’ USI values
(caused by high built-up densities). In assessment area 3 of Dar es Salaam,
which has a large unplanned part, ‘low’ USI values are found in the centre of
the unplanned area in which a small river valley is less densely built-up.
Overall, assessment areas 4 and 5 show reasonable separation of planned and
unplanned areas, with outliers in densely built-up planned areas as well as in
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Figure 3.9. Unplanned settlement index for homogenous patches (Dar es Salaam).

lower density unplanned HUPs. Assessment area 5 also shows problems with
small patch sizes (see the example of the planned ‘island’ patch with a ‘very
high’ USI value). Such small patches tend to have extreme values.
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Similarly, USI values in Delhi also indicate unplanned areas (Figure 3.10).
However, the results for certain areas in Delhi are somewhat complex. In area
1, for example, two unplanned areas in the Centre and South (mainly slum
areas) are classified as ‘high’, whereas the large unplanned area in the Northeast has USI values ranging from ‘low’ to ‘very high’. This area is an example
of unplanned development (unauthorised colony) but is not a slum, meaning
the built-up structure has larger building sizes and lower built-up densities.
This observation means that these areas are morphologically similar to highdensity planned areas. Assessment area 1 also presents several small and
planned patches with ‘very high’ to ‘high’ USI values caused by outliers due to
the smaller scale factor (80) used for the segmentation of the Delhi image
(which is necessary to extract small slum pockets). ‘Very high’ USI values
clearly indicate the location of unplanned patches in assessment area 2 of
Delhi, though it omits two small slum pockets (of 900 and 1800 m2) that are
within the class ‘low’ and ‘moderate’. The assessment area 3 also shows a small
and unplanned area along the road that is not well captured due to scale issues
in the extraction phase (segmentation). A smaller scale parameter would be
necessary to extract such small settlements. Assessment area 4 and 5 also
show ‘very high’ or ‘high’ USI values for unplanned areas but also ‘high’ USI
values for a number of high density planned areas. In assessment area 4,
several small planned patches have ‘very high’ or ‘high’ USI values, which are
caused by high built-up densities. In assessment area 5, the most Southern
portion of the unplanned area has only ‘high’ USI values; this area has lower
densities and more vegetation compared with other parts of the same
unplanned settlement.
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Figure 3.10. Unplanned settlement index for homogenous patches (Delhi).

For a quantitative comparison of the extracted USI values with the reference
data, 300 samples within the five assessment areas are selected for each city.
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With the aid of boxplots (Figure 3.11 and 3.12), the mean and deviation of the
samples are plotted for the planned and unplanned areas. The samples show
higher USI values for the unplanned areas in comparison to the planned areas
for both cities. Interestingly, in Dar es Salaam, several unplanned areas have
low USI values (Figure 3.11). These are examples of relatively low-density
developments (typical in less central locations of Dar es Salaam). In Delhi, the
outliers are found within the group of planned areas that show high USI values
(Figure 3.12). These areas are of high built-up density and show morphological
characteristics rather similar to those of the unplanned areas.
To assess the utility of the USI values in identifying unplanned areas, a
threshold is set to classify the HUPs into a binary map (planned versus
unplanned). The USI values greater than 0.5 are classified as unplanned, and
those less than 0.5 are classified as planned. Hence, the previously used five
USI classes (very low – very high) are reduced to a binary classification to
simplify the accuracy assessment and to assess whether such a simple binary
classification can reveal the location of planned versus unplanned areas. The
300 samples of both locations show agreements of 73% for Delhi and 75% for
Dar es Salaam. Looking at the results in additional detail, in Dar es Salaam, 58
out of 151 planned areas are classified as unplanned, mostly rather high
density planned areas (Table 3.4). In Dar es Salaam, only 16 out of 149
unplanned areas are classified as planned (several of these are displayed as
outliers in Figure 3.11). A similar trend can be observed in Delhi (Table 3.5),
where 75 planned areas are classified as unplanned. Most of these areas are
highly densely built-up as well. Additionally, in Delhi, the majority of unplanned
areas are classified correctly (only six are classified as planned).

Figure 3.11. Comparison of reference data with USI values for Dar es Salaam.
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Table 3.4. Comparison of reference data with USI values for Dar es Salaam (overall
accuracy of 75%).

Classified
Data

Reference Data
Planned
Unplanned
Count

Count

Planned

93

16

Unplanned

58

133

Figure 3.12. Comparison of reference data with USI values for Delhi.
Table 3.5. Comparison of reference data with USI values for Delhi (overall accuracy of
73%).

Classified
Data

Reference Data

Planned
Unplanned

Planned

Unplanned

Count

Count
149

6

75

70

General issues observed with USI include smaller clusters are often not
detected, high-density planned settlements produce erroneous high USI
values, and unplanned areas with low density and large buildings sizes often
have low USI values and are not well detected. These limitations are a
consequence of using only morphological criteria. Still, the USI can distinguish
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between planned and unplanned areas with an accuracy of more than 70% in
both case study cities. By comparing these results with the ones produced in
2011, which showed an accuracy range of 40% to 88% for two assessment
areas in each city (Kuffer & Barros, 2011), it is possible to confirm the
moderate transferability of the methodology to other parts of the case study
cities.

3.5

Conclusions

The present research focused on quantifying differences in the morphological
features of unplanned and planned areas in terms of size, density, and pattern.
The applied methodology used image segmentation to generate input data for
an analysis using spatial metrics. This research demonstrated that segmented
images could be analysed using spatial metrics to produce meaningful
information on the urban morphology of cities in developing countries.
However, the application of this methodology can be hindered by the fact that
planned areas can present morphological characteristics similar to those of
unplanned areas. This research also showed that the two case study cities, Dar
es Salaam and Delhi, present significant differences in the morphological
features of their settlements, with unplanned areas in Dar es Salaam showing
lower built-up densities than similar areas in Delhi. Also, buildings in unplanned
areas in Delhi tended to be much more clustered, making even the visual
delineation difficult (in a 1 m spatial resolution image). Building outlines in
similar areas of Dar es Salaam were more easily identified. Hence, when
extracting object level information using image segmentation, Delhi’s highly
clustered buildings presented limitations to the approach.
Although complete segmentation was not achieved as building objects were
not extracted accurately, the obtained segmentation results provided sufficient
quantifiable differences between planned and unplanned areas. These
differences were analysed using a set of spatial metrics that were combined
into an unplanned settlement index composed of three dimensions of
morphological aspects of ‘unplannedness’ (size, density, and pattern). This
composite index was aggregated to the settlement-level HUPs using image
segmentation to extract ‘homogenous neighbourhoods’, thereby avoiding the
manual delineation carried out by M. Herold, Scepan, & Clarke (2002).
The comparison between Delhi and Dar es Salaam demonstrated that context
is important, and parameter settings cannot be used universally because the
set of spatial metrics required adjustment for each city and type of VHR
imagery to best extract the morphology. Ultimately, in both case studies, the
sets of metrics that best distinguished the planned from unplanned areas were
quite different and even presented opposite values. The main limitation of the
approach was that segmentation in unplanned areas did not perform well in
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extracting single-roof objects. A possible next step would be to repeat the
analysis with even higher resolution imagery (below 0.5 meter) in an attempt
to achieve more complete segmentation. A further bottleneck for processing
data from large cities is the memory constraint imposed by Fragstats
(McGarigal, 2014). To process the segmentation results for the entire city of
Dar es Salaam, more than 10 GB RAM would be required, but Fragstats can
only use a maximum of 2 GB of memory. Thus, it would be necessary to
process the results in batches.
This study has demonstrated that spatial metrics can successfully support the
detection of unplanned areas and that a set of local meaningful metrics has the
potential to identify areas with unplanned morphological characteristics.
Spatial metrics were able to quantify the differences between planned and
unplanned areas in the segmented images using size, density, and pattern.
The presented unplanned settlement index, which combined the three
dimensions into an index coupled with a spatial multi-criteria framework,
identified areas with morphological characteristics of ‘unplannedness’ with
relative success (greater than 70% for both cities). Thus, the proposed
methodology provides an initial step towards a low-cost and effective method
for mapping and monitoring of unplanned areas.
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Extraction of Slum Areas from VHR Imagery
using GLCM Variance
8

8

This chapter is based on the article:

Kuffer, M.; Pfeffer, K.; Sliuzas, R.; Baud, I. Extraction of slum areas from VHR imagery
using GLCM variance. IEEE J. Sel. Top. Appl. Earth Observ. Remote Sens. 2016, 9,
1830-1840.
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Abstract
Many cities in the global South are facing the emergence and growth of highly
dynamic slum areas, but often lack detailed information on these
developments. Available statistical data are commonly aggregated to large,
heterogeneous administrative units that are geographically meaningless for
informing effective pro-poor policies. General base information neither allows
spatially disaggregated analysis of deprived areas nor monitoring of rapidly
changing settlement dynamics, which characterize slums. This paper explores
the utility of the grey-level co-occurrence matrix (GLCM) variance to
distinguish between slums and formal built-up (formal) areas in very high
spatial and spectral resolution satellite imagery such as WorldView-2, OrbView,
Quickbird and Resourcesat. Three geographically different cities are selected
for this investigation: Mumbai and Ahmedabad, India, and Kigali, Rwanda. The
exploration of the utility and transferability of the GLCM shows that the
variance of the GLCM combined with the normalized difference vegetation
index (NDVI) is able to separate slums and formal areas. The overall accuracy
achieved is 84% in Kigali, 87% in Mumbai and 88% in Ahmedabad.
Furthermore, combining spectral information with the GLCM variance within a
random forest classifier results in a pixel based classification accuracy of 90%.
The final slum map, aggregated to homogenous urban patches (HUPs), shows
an accuracy of 88% - 95% for slum locations depending on the scale
parameter.
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4.1

Introduction

Slum areas as defined by UN-Habitat (2003a) lack tenure security, access to
safe water, access to acceptable sanitation, durability of housing and are
overcrowded. They are the result of the high urbanization pressure and the
failure of the local land market to supply sufficient land and affordable housing
to low-income groups. Considering present urbanization rates, areas that will
be in particular affected by rapid urban development in the coming decade
include South Asia and East Africa (UN-Habitat, 2013b). According to UNHabitat (2015), the proportion of the urban population living in slums is
declining, showing the success of global policy efforts. The absolute number of
urban slum dwellers is, however, still increasing due to urbanization. Finding
reliable information on the extent and spatial diversity of slums at urban,
regional or global scale remains a challenge, even more so when information
on their temporal dynamics is needed (Baud et al., 2010). This problem is
illustrated by the large number of countries without information on the
percentage of slum dwellers in global urban reports (e.g., UN-Habitat, 2010).
Several studies have addressed this information gap (e.g., Graesser et al.,
2012; Hofmann, Strobl, Blaschke, et al., 2008; Kit et al., 2012; Kohli et al.,
2013; Kuffer et al., 2014; Owen & Wong, 2013a; Taubenböck & Kraff, 2014,
2015; Weeks et al., 2007) focusing on the physical characteristics of slums
that can be analysed in very high resolution (VHR) imagery. Employed methods
include object based image analysis (OBIA) (e.g., Hofmann et al., 2011; Kohli
et al., 2013), visual image interpretation (e.g., Munyati & Motholo, 2014),
standard pixel based image classification (e.g., S. Jain, 2007), machine
learning (e.g., Gueguen, 2015; Vatsavai, Bhaduri, & Graesser, 2013) and
texture or morphological image analysis (e.g., Kit et al., 2012). Recently,
several studies employed successfully machine learning algorithms for slum
extraction (e.g., Gueguen, 2015; Vatsavai et al., 2013). Machine learning
approaches have been combining textural, spectral and structural features,
with studies (e.g., Engstrom et al., 2015; X. Huang et al., 2015) confirming
the remarkable performance of the random forest classifier (RFC) for extracting
slums. Yet most machine learning approaches are pixel based, which have
limitations for VHR imagery (Vatsavai et al., 2013), as well as, pixels do not
provide policy relevant information (given that blocks, neighbourhoods or
wards are relevant spatial units of policy and decision-making). Therefore,
aggregation of results to lager units is important. Possible methods are
aggregation to a regular grid (e.g., Schöpfer et al., 2007), non-overlapping
blocks (e.g., Engstrom et al., 2011), building blocks derived from a street
network (Geiß et al., 2015) or the use of image segmentation for the extraction
of neighbourhoods (e.g., Lippitt et al., 2013) or homogeneous urban patches
(HUPs) (e.g., Kuffer et al., 2014; Liu et al., 2006).
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Employed indicators (image based features) vary between large sets, selective
sets and single indicators. For example, Owen and Wong (2013a) tested
twenty-four physical indicators to extract informal areas in Guatemala city,
using a final set of seven variables that included spectral, texture, road and
scale-based indicators. Duque et al. (2015) modelled slum locations via image
derived variables where the slum index is a function of land cover, structure
and texture. Graesser et al. (2012) used 230 image features for four cities,
their results showed the robustness of texture based features. To reduce the
high dimensionality of such data driven approaches, Geiß et al. (2015)
suggested filter based feature selection. Other studies focus on single or a
selective set of indicators, e.g., Kit et al. (2012) showed the robustness and
capacity of texture based features. In the last decade, the GLCM was frequently
used to analyse urban land use (e.g., Kabir et al., 2010; Pacifici et al., 2009)
and it is also the basis for the PanTex algorithm (Pesaresi et al., 2008) that
extracts building footprints that are in clear contrast with their surroundings.
In more recent studies, GLCM was included into indicator sets to extract slums
(e.g., Duque et al., 2015; Engstrom et al., 2015; Graesser et al., 2012; Owen
& Wong, 2013a), showing its robustness.
Morphologically, slums can be described by three characteristics: density, size
and spatial pattern (Kuffer et al., 2014) besides specific site/locational
characteristics such as being located in hazard zones. In general, they have
small buildings (roof areas), high densities (roof coverage densities), lack of
open space and often an organic structure (no orderly road arrangement, noncompliance with set-back standards) (see Figures 4.1-3). In the past, these
morphological characteristics have been identified as a major drawback to
extract information on slums from satellite imagery (Baud et al., 2010), as
even in VHR imagery individual dwelling units cannot be easily extracted. Yet,
such morphological characteristics can be captured by texture based image
analysis. However, the robustness and transferability of such single indicator
based approaches have not been sufficiently explored.
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Figure 4.1. Dense slum areas (distinguishable due to absence of vegetation and
clustered roofs) and formal areas in Mumbai (Worldview-2 image, 2009; Source:
DigitalGlobe).

Figure 4.2. Slum area (left) versus formal area (right) in Kigali (QuickBird, 2005;
Source: DigitalGlobe).

In this paper, we present and discuss the utility of the GLCM variance
aggregated at HUPs to extract urban slums and produce meaningful
information for supporting effective pro-poor policies. The aggregation to
HUPs, addresses the problem of pixel-level analysis which is inappropriate for
such policies, which requires results of image analysis to be aggregated to a
relevant unit, beyond the unit of pixels, but below the boundaries of
administrative wards, which are commonly heterogeneous and large. Building
on our initial findings presented at JURSE 2015 (Kuffer et al., 2015) where the
GLCM variance showed a good performance for slum extraction, the main aim
of this paper is to analyse whether the use of the GLCM variance, including its
combination with a random forest classifier, allows the discrimination of formal
built-up and slum HUPs. The utility of the GLCM variance is first investigated
in Mumbai, a densely built-up megacity where approximately 50% of the
population lives in slums (Nijman, 2008). To analyse its contextual robustness
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and transferability, it is subsequently applied to two other urban environments,
Ahmedabad, India and Kigali, Rwanda. We argue that if global slum monitoring
is to be efficient, standardized slum identification methods that work well in
different contexts are required.

Figure 4.3. Slum area in Ahmedabad Resourcesat (Source: IRSO) (left) OrbView
(downloaded from USGS) (right) both from 2004.

4.2

Case Study Areas

The study is carried out in three rapidly growing urban regions where slums
provide housing but also livelihood activity space for low-income groups.
Mumbai, Ahmedabad, and Kigali are selected for their differences in
topography, climate and morphology. Mumbai is a coastal mega-city with
tropical climate, hilly topography and very diverse slum areas. Ahmedabad is
a city with semi-arid climate where slums range from small pockets to large
settlements, raising the question whether slums can be readily distinguished
from bare soil. Kigali, the capital city of Rwanda, is a fast growing city located
on a very hilly site with numerous curved roads and less regular formal
patterns due to the terrain conditions (see Figure 4.4). In the Kigali case, the
transferability to an urban area in sub-Saharan Africa (SSA) with a totally
different socio-environmental context is analysed.
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Figure 4.4. Oblique view of Kigali’s landscape of a QuickBird image, 2005 (Source:
DigitalGlobe) draped over a DEM combined with road network (Source: NUR/CGIS).

Mumbai with approximately 18.4 million inhabitants (Census 2011) has a
dense mix of slums and formal built-up areas. Slums are generally
characterized by very high densities, clustering of small buildings and a rather
organic morphology (see Figure 4.1), roofing material is mostly iron and
asbestos sheets. Ahmedabad is an urban area in India, with a population of
5.5 million, where an estimated 34% of the total population lives in slums
(Annez et al., 2012). Kigali city, with more than 1 million inhabitants, is a
rapidly growing and sprawling city in East-Africa and home to 48% of Rwanda’s
urban population (UN-Habitat, 2014) with around 80% living in informally
developed areas (Durand-Lasserve, 2007). It attracts many migrants from
rural areas and its slums are growing e.g., in wetlands where land is still
available.
In these three cities slum areas differ. For instance, Indian slums are often
characterized by extreme clustering of roofs (roof coverage densities in
Ahmedabad > 80% (Kohli et al., 2012) and Mumbai median = 75%
(Taubenböck & Kraff, 2015)), while slums in SSA (e.g., Kigali) tend to have
lower densities (around 60%) (Kohli et al., 2012). Buildings are in general of
small sizes, e.g., 10-40 m2 in Ahmedabad (Kohli et al., 2013), less than 60 m2
in Mumbai (Taubenböck & Kraff, 2014), while in Kigali the average size is with
65 m2 a bit larger. However, slums within a city also differ morphologically.
Slums are found in all three cities at various locations, ranging from central to
peripheral slums. For example, in Mumbai, there are rehabilitated slums close
to high-rise apartment buildings; long-established slums, which may have
regular small-scale shops and building patterns along the main roads; very
densely packed areas with only small lanes inside the area (e.g., parts of the
well-known slum of Dharavi); inner-city slums covering large areas with a high
roof density and small lanes; slums located on hilltops or along transportation
infrastructure; or temporary structures with very poor conditions.
Nevertheless, in all three cities the main morphological characteristics of slums
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are present: relatively high densities, small roofs, organic patterns and limited
green spaces.

4.3

Methodology

Key to the methodology is the extraction of GLCM variance and NDVI values,
application of a RFC and aggregation to homogenous neighbourhoods, namely
HUPs. HUPs are derived through image segmentation employing the four by
Liu et al. (2006) defined characteristics:
1. HUPs are areas of homogenous texture that are in contrast with
neighboring HUPs.
2. An HUP can have several land-cover types (e.g., a mix of buildings, soil,
roads and vegetation).
3. HUP boundaries follow physical boundaries.
4. HUPs should be sufficiently large (beyond objects).
The extracted HUPs represent areas of both homogenous textural and spectral
characteristics and the segments are adaptive to capture homogenous areas
at different scales (such areas can be small clusters but also larger areas). As
the selection of an appropriate segmentation parameterization is difficult (Esch
et al., 2008), several studies focused on optimization (e.g., Drăguţ et al., 2014;
Esch et al., 2008) and selection of suitable metrics (e.g., area fit index (AFI)
(Lucieer, 2004)) to assess the segmentation quality emphasizing the crucial
role of the scale parameter (Montaghi, Larsen, & Greve, 2013). To extract HUPs
that are sufficiently large and homogenous to allow the aggregation of pixel
level information, the scale has to be optimized.
Basically, the methodology (Figure 4.5) consists of five main steps. First, HUPs
are generated via image segmentation optimizing the parameters as well as
using the roads from OpenStreetMap (OSM) to account for physical boundaries
(III-B). Second, the GLCM variance and the NDVI (Normalized Difference
Vegetation Index) are derived from VHR imageries to identify the built-up HUPs
(with slums having low and formal areas high GLCM variance) and soil HUPs
(the lowest GLCM variance). Non-built-up vegetation HUPs are extracted by
using the NDVI and water bodies and roads are taken from OSM. Here, groundtruth data from fieldwork (Mumbai) and municipal data (Kigali and
Ahmedabad) are used to define appropriate threshold values for the classes
(training) (III-C). Third, sample points from visual image interpretation are
used to assess the accuracy of the classified HUPs in each city (III-C). Fourth,
GLCM variance is combined with spectral layers to run a RFC (III-D). The
extracted classes (pixel level) are formal roofs, slum roofs, vegetation and soil
areas. Fifth, the results of the RFC are aggregated to the HUPs and their
accuracy is assessed (III-D). The detailed steps of the methodology and the
data sets are further elaborated in the next sections.
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Figure 4.5. Methodology: Extracting formal and slum HUPs (using the GLCM).

4.3.1 Data Sets
For all three cities VHR imageries are acquired from different providers (Table
4.1). For Mumbai six WorldView-2 scenes (PAN: 0.5 m and MS: 2 m) from
2009 are used covering a purposeful selected part of the city. The training
phase is support by 80 ground-truth points collected in the field between 2011
and 2013 (step 2). For the accuracy assessment (step 3), 180 sample points
(visual image interpretation of the imageries combined with Google Earth and
OSM) are used.
Table 4.1. Overview of Dataset (Mumbai, Ahmedabad and Kigali).
Sensor/Data
Area
Year
Resolution
Description
WorldView‐2
Mumbai
2009
PAN: 0.5 m
8 MS bands from (DigitalGlobe)
MS: 2 m
GCP
Mumbai
2011/13
80 slum locations
OrbView‐3
Ahmedabad
2004
PAN: 1 m
Only pan band
(USGS download )
Resourcesat‐1
Ahmedabad
2004
MS: 5.8
3 MS bands (IRSO)
Slums
Ahmedabad
2010
Boundaries of slums
QuickBird
Kigali
2004
PAN: 0.6 m
4 MS bands (DigitalGlobe)
MS: 2.4 m
Land use
Kigali
2005
Including formal and slum areas

For the city of Ahmedabad, we employ an OrbView image, freely available via
USGS, and a Resourcesat image, both from 2004. For the training phase and
assessing the accuracy, the available data on slum locations from the
municipality (from approx. 2010 - no other data on slum locations were
available) are split into a training and an assessment set. To account for the
temporal inconsistency, all slum locations are visually checked and only
consistent locations were selected for further processing. Figure 4.6 shows
such an inconsistency, where a small slum polygon is located within a formal
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area and a slightly larger slum polygon is shifted and cuts across different
urban typologies. For Kigali, a QuickBird image of 2004 is acquired. For the
training phase and accuracy assessment, municipal land use data of 2005 are
used, also checked for temporal inconsistency.

Figure 4.6. Inconsistency of non-existing slum (north) and shift between slum area
from municipal data compared to image data (example Ahmedabad).

4.3.2 The Utility of HUPs as Aggregation Units (Step 1)
HUPs form the major aggregation level for all extracted information (Figure
4.9). HUPs are extracted by the commonly used (Esch et al., 2008) multiresolution image segmentation algorithm embedded in eCognition Developer
9.0 (Baatz & Schäpe, 2000; Trimble, 2014), as reference manually digitized
HUPs are used. A crucial step for the extraction of HUPs, according to their four
characteristics listed above, is setting the scale parameter. To optimize the
scale parameter, several commonly used metrics of the three major groups
are employed: area based, i.e., area fit index (AFI) (Lucieer, 2004), relative
area of an overlapping region with the segment (RAor), similarity of size
(SimSize) (Montaghi et al., 2013) and extraction ratio between reference and
segment (ER), location based, i.e., centroid distance between segment and
reference polygon (Dsr) (Montaghi et al., 2013) and geometry based metrics
(Esch et al., 2008), i.e., perimeter-area ratio (Rpara) and contiguity index ratio
(Rcontig) (McGarigal et al., 2002):
(1)

∑

(2)

∑

(3)

∑
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∑

(5)

∑
∑

(6)
(7)

Where n indicates the number of segmented HUPs, As(i) the area of the
segmented HUP, Ar the area of the reference HUP, Ao(i) the area of the ith
overlap, Parar and Paras the perimeter-area ratio and Contigr and Contigs the
contiguity index of the reference and segmented HUPs (for details see
(McGarigal et al., 2002)).
The optimal value of AFI is zero, negative values indicate under segmentation
and positive over segmentation. In Figure 4.7 the optimum is obtained at the
scale of 100. Dsr is also optimally zero, the best result is obtained for the scale
of 90. RAor, SimSize, ER, Rpara and Rcontig are optimally one; best results are
obtained for the scale 200, 130, 200, 110 and 110 respectively. Thus according
to the area based metrics the optimum is either around 100 or 200, while the
location based metrics show the optimum slightly below 100, where shape
based metrics reach the optimum slightly above 100.

Figure 4.7. Segmentation quality evaluation (case Mumbai).

To account for the different optimization levels, for the final aggregation at
HUPs we use the scale parameter of 100 and 200 in the segmentation process
together with a high weighing of texture characteristics, as well as, including
available roads and railroads layers from OSM into the processing, the latter
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to split segments according to these major infrastructure lines being the third
criterion of a HUP.

4.3.3 Performance of the GLCM Variance to Extract Slums
(Step 2/3)
GLCM are textural statistics, including contrast, entropy and variance within a
given window size and shift (Haralick, Shanmugam, & Dinstein, 1973). These
textural statistics can be classified into three main groups: 1) the contrast
group measures local variations inside a kernel (e.g., contrast), 2) the
orderliness group measures the regularity versus disorder of pixel values (e.g.,
entropy), and 3) the statistic group computes basic descriptive statistics within
the kernel (e.g., variance) (Stasolla & Gamba, 2009). Many of the GLCM
measures have a potential to detect slums. For instance, contrast is a good
measure to extract built-up areas in general (Pesaresi et al., 2008), and can
also be used for mapping informal expansions (Eckert, 2010), as slums are
often rather organic, and therefore, could have high entropy (Praptono et al.,
2013; Verzosa & Gonzalez, 2010). Variance was proposed to distinguish
between camps and formal buildings in Darfur, Sudan (Stasolla & Gamba,
2009) and is therefore, perhaps useful for distinguishing slums. In a previous
paper (Kuffer et al., 2015), we showed that the GLCM variance differentiates
well between slums and formal areas in Mumbai, since high variance values
indicate a stark variation of pixel values within the window. This occurs in
particular at the edge of a building, when the surrounding of the buildings has
a distinctly different spectral reflectance. Thus the GLCM variance will mainly
depict building structures in formally developed areas as they have high
variance values (Figure 4.8), while buildings in slums are usually too small and
clustered to have a clear ‘contrast’ with their surroundings (see Figure 4.1-3).
This allows the extraction of densely built-up areas with low GLCM variance
values, having a high probability to be slums.

Figure 4.8. GLCM (variance): light colour indicating areas of high variance (left),
WorldView-2 image of the same area (right).
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In each city the influence of the window size for differentiating slums from
formal built-up urban areas is analysed, to select a suitable window size. Here
the threshold values of the four classes (slum, formal, vegetation, soil) are
selected using the GLCM variance values and the NDVI. The NDVI is important
as HUPs covered by vegetation can have similar variance values as built-up
areas. A rule-based classification approach based on ground-truth samples
(Mumbai) and point samples extracted from the municipal data (Kigali and
Ahmedabad) is used to classify the HUPs taking the following steps:
1) Calculating the GLCM variance at different window sizes and extracting the
NDVI.
2) Converting the NDVI (vegetation versus non-vegetation) and GLCM
variance (low versus high variance) into binary layers.
3) Aggregating the GLCM variance at HUPs.
4) Selecting thresholds via training data (e.g., Figure 4.12).
5) Classifying HUPs using training data sets implementing the following rules:
a.
b.
c.
d.
e.

Slum HUPs: mean GLCM variance +/- 1 standard deviation (SD) based on
training data.
Formal HUPs: mean GLCM variance +/- 1 SD based on training data.
Soil HUPs: mean GLCM variance +/- 1 SD based on training data.
Vegetation HUPs: more than 50% vegetation cover.
Other HUPs: roads, railroads, waterbodies (OSM data).

6) Accuracy assessment.
Thus to increase the difference between areas of high GLCM variance (areas of
formal buildings) and areas of low variance (slums or non-built-up areas)
binary layers (1,0) are generated after calculating the NDVI and GLCM variance
at different window sizes. Then these binary layers are aggregated at HUPs,
thus for each HUP the amount of vegetation and high GLCM variance is
available. The training samples are used to define the class threshold values,
thus for slum HUPs the mean GLCM variance is much lower than for formal
HUPs (GLCM variance threshold values for Mumbai are 3.4-6.0, Ahmedabad:
12.7-19.6 and Kigali: 3.6–6.4). The same is done for formal HUPs (GLCM
variance threshold values for Mumbai are >6.0, Ahmedabad >19.6 and Kigali
>6.4) and soil HUPs (GLCM variance threshold values for Mumbai are <2.5,
Ahmedabad <6.9 and Kigali <2.4), whereas the NDVI is used to define the
vegetation HUPs (threshold was set to >0.15). In a sequential step, these
threshold values are applied to classify all HUPs.
Finally, the performance of the GLCM variance and NDVI based classification
approach is assessed for the three different cities (Figure 4.5: step 3). The
main focus here is to employ the methodology that worked well in Mumbai to
both Ahmedabad and Kigali, keeping adaptions to a necessary minimum.
Finally, the accuracy of extracting slum areas in the three cities is assessed
using reference data.
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4.3.4 Spectral and Texture Based Classification and Slum
Area Extraction (Step 4 and 5)
The RFC, based on decision tree classifiers, is an efficient machine learning
algorithm. A main advantage is that a random subsample of the training data
is taken for running the classification at a user-specified number of iterations
preventing over-fitting (Breiman, 2001; Novack, Esch, Kux, & Stilla, 2011),
showing good accuracy levels for a large range of applications. RFC runs also
fast with VHR imagery and allows the inclusion of various layers (spectral,
texture or thematic). We employ the ViGrA tool of SAGA (open source
software) (Conrad et al., 2015)9.
The RFC is only employed for Mumbai because of the availability of detailed
ground truth data allowing the selection of suitable spectral training samples.
Three iterations are performed, first using only spectral bands, second, adding
texture, and third, adding the NDVI. Slums in Mumbai are namely dominated
by dark roofs (mainly iron/asbestos sheets), and through the RFC the spectral
differences of roofs are trained. In the performance tests (section 4.3.3) the
GLCM variance is an important variable, but it has to be combined with the
NDVI. Therefore, slum locations are modelled as a function of land cover (roof
material and absence of vegetation) and texture (GLCM variance). The final
output consists of the following classes: slums, formal built-up, soil, and
vegetation. Waterbodies and roads, railroads are extracted from OSM.
The pixel-based output of the RFC is assessed by analysing the overall accuracy
and Kappa of 180 randomly selected points. The classification result with the
highest overall accuracy is aggregated using the HUPs (scale factor of 100 and
200). At HUP level the extracted slum HUPs are compared with the point
reference data.

4.4

Results and Discussion

4.4.1 The Utility of HUPs as Aggregation Units
The extracted HUPs represent areas of homogenous morphological
characteristics (Figure 4.9). Large and medium sized slum HUPs are extracted
well, but very small slum pockets (less than 1 ha) are not well captured.
Moreover, some formal areas are split into several small HUPs, due to texture
changes between built-up and vegetation areas.

9

Access to software: http://www.saga-gis.org/
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Figure 4.9. Extracted homogenous urban patches (HUPs), outlined in yellow.
Background Worldview-2, DigitalGlobe.

For all three cities, a first analysis result at HUP level confirms that the amount
of green spaces in slums shows a clear difference between slums and formal
areas (Figure 4.10).

Figure 4.10. Mean vegetation cover in % per HUP comparing Mumbai, Kigali and
Ahmedabad.

4.4.2 Performance of the GLCM Variance to Extract Slum
Areas
The outcome (Figure 4.11) for all cities shows that small window sizes have
limited capabilities to differentiate slums and formal areas, whereas larger
window sizes are performing better. Interestingly, the lowest difference
between slums and formal areas is shown in Kigali. This can also be confirmed
visually. Slums and formal areas have often relatively similar densities and
building sizes and formal areas have less regular patterns due to the
topography and curved roads.
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For the case of Mumbai, the GLCM variance allows a clear separation of slums
from formal area. A good result (clear separation of slums, formal and soil
areas) is obtained with an x and y shift value of (1,1) and a window size of
21x21 pixels (in case of 0.5 m resolution), which seems rather logical, as most
slum dwellings are smaller than 110 m2. Having obtained satisficing results for
Mumbai, the transferability to Ahmedabad and Kigali is explored.
For the case of Ahmedabad, a good separation is already achieved with a
slightly smaller window size (Figure 4.11) as the resolution is 1 m (OrbView
Pan). Yet some high density formal areas (outliers) show overlaps with slum
areas (Figure 4.12). Moreover, at a large window size (21x21), soil areas show
the tendency to overlap with slum areas. Therefore, a smaller window size is
used (3x3) allowing a better separation of soil areas (Figure 4.12). Thus the
rule set for Ahmedabad is adapted to extract soil areas at a window size of 3x3
and slums and formal areas at a size of 21x21 (to keep the same setting as for
Mumbai). The result shows a basic land cover map aggregated to HUPs (Figure
4.13), having an accuracy of 88% (Kappa: 0.83) (details see Table 4.2).
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Figure 4.11. Mean GLCM variance value of HUPs.
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Figure 4.12. Mean GLCM variance at HUPs comparing 3x3 and 21x21 window sizes in
Ahmedabad.

Also for Kigali, a large window size (Figure 4.14) is required to properly depict
texture difference of slums and formal areas via the GLCM variance with an
overall high classification accuracy of 84% (Kappa: 0.75) for the 4 classes
(formal, slum, soil and vegetation).

Figure 4.13. Extracted slum areas in Ahmedabad, India, compared with municipal
data on slum locations (AUDA).
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Table 4.2. Accuracy results for the three cities.
Class

Producers

Users

Producers

Users

Producers

Users

Accuracy

Accuracy

Accuracy

Accuracy

Accuracy

Accuracy

Slum area

92.6%

86.2%

92.3%

83.8%

77.8%

72.7%

Formal area

94.6%

79.5%

78.7%

96.0%

69.2%

70.0%

Vegetation

89.1%

100.0%

100.0%

83.3%

93.5%

96.7%

Bare soil

80.9%

89.5%

91.28%

83.8%

83.3%

83.2%

Comparing the spatial overlap of extracted slum HUPs with municipal slum
areas (available for Kigali and Ahmedabad), the area of overlap is 59% in Kigali
and 68% in Ahmedabad. In Ahmedabad some densely built-up formal areas
are extracted and the boundaries show some inconsistencies (differences
between generalized municipal boundaries and complex HUP boundaries). In
Kigali, the comparability of the municipal data is more problematic as informal
areas include also more structured moderate density areas (that do not match
morphological slum characteristics). Furthermore, the land use data are rather
generalized, for example slum polygons include roads and large green and
open spaces.

Figure 4.14. Mean variance of training HUPs example of Kigali.

The results show that the GLCM variance can be used for morphological slum
identification in different urban environments. Large window sizes at 100 m2
or more show a good separation of slums and formal areas, also in an urban
environment with complex structural characteristics due to the hilly terrain.
Cities with large areas of bare soil require an adapted approach by using
smaller window sizes to extract bare soil. A general limitation of the method is
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the usage of the dominant land cover per HUP, e.g., formal areas with more
than 50% vegetation cover are classified as vegetation.

4.4.3 Spectral and Texture Based Classification and Slum
Area Extraction
The rule-based classification of HUPs presented in section 4.4.2 gives a
promising method to extract slums, but threshold setting is done based on
reference data. Therefore, a RFC is employed for Mumbai to deliver rapidly
spatial outputs without a knowledge based threshold setting. Three runs of the
RFC are performed. First, using only the spectral bands of the WorldView-2
images, second, adding texture, and third, adding the NDVI. The results of the
three runs show that spectral bands achieve an overall accuracy of 65% (Table
4.3), however, the extraction of slums and formal areas has a relatively low
accuracy caused by roofs in formal areas with spectrally similar roofing
material as slum roofs. By adding texture to the procedure, the overall
accuracy increases to 78%, showing a better discrimination of slums and
formal areas. Finally, after adding the NDVI, the accuracy reaches 90%
(Kappa: 0.87), with high accuracies for slums and formal areas (Fig. 4.15).
Table 4.3. Random forest classification results, Mumbai.
Overall
Accuracy

Producer
Accuracy
Slums

Users Accuracy
Slums

Producer
Accuracy
Formal

Users
Accuracy
Formal

Spectral Bands

65.3%

77.8%

51.2%

54.1%

46.5%

Spectral +
Texture

78.0%

92.6%

62.5%

73.0%

79.4%

Spectral +
Texture + NDVI

90.0%

92.6%

86.2%

94.6%

79.6%

Classification
Input

The final step is the aggregation of the RFC result via the most frequent class
to each HUP (result see Figure 4.16). Some boundary problems are caused by
texture changes, where some HUPs, which visually appear as an entity are
divided into two or more HUPs, often caused by in-between vegetation cover.
The overall accuracy to extract slums is 88% for HUPs segmented at a scale of
200 and 95% at a scale of 100, assessed by means of the slum GCP.
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Figure 4.15. RF classification result, Mumbai.

Figure 4.16. RF classification result aggregated for slum HUPs, Mumbai.

4.4

Conclusions

The results show that the variance of the co-occurrence matrix (GLCM) allows
the extraction of HUPs that are dominated by formal buildings having high
GLCM variance values (caused by the contrast of the buildings and their
surroundings) for different urban environments. Accordingly, the GLCM allows
the determination of HUPs that represent formal (built to standard) urban
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morphologies, while HUPs with low GLCM variance values potentially represent
slums, given they are also built-up. Non-built up HUPs covered by vegetation
could be excluded via the NDVI. When transferring the method to Ahmedabad,
a city in a semi-arid climate, the extraction of soil areas requires different
window sizes in a sequential approach to exclude such areas via an initially
small window size. The transferability to Kigali, a city with complex structural
patterns due to terrain conditions worked well. Thus the usage of one robust
and transferable variable (combined with the NDVI) has a good prospect for
effective global slum monitoring avoiding high dimensionality of complex
indicator sets that have to be adapted to individual cities. However, tests in
more cities are required to achieve a more global transferability. Employing
RFC to combine spectral and textural variables is promising and has a fast
performance within an open-source software that would allow financially
constrained institutions with remote sensing expertise to carry out advanced
spatial analysis. Moreover, RFC avoids that class threshold values have to be
set manually based on training data. Thus this second method using RFC is
overall more computational efficient. The combination of spectral layers, GLCM
variance and NDVI shows a high overall classification accuracy of 88 - 95% for
extracting slum HUPs. For city-wide planning support, interventions and
monitoring, it is mainly the HUP level that provides relevant information on the
location, size and shape of slum areas. Moreover, HUPs provide a good match
with physical boundaries within heterogeneous administrative units, allow the
monitoring of slum dynamics, and therefore, can inform the development of
spatially targeted, pro-poor policies.
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Capturing the Diversity of Deprived Areas with
Image-Based Features: The Case of Mumbai
10
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This chapter is based on the article:

Kuffer, M., Pfeffer, K., Sliuzas, R., Baud, I., & van Maarseveen, M. (2017). Capturing
the Diversity of Deprived Areas with Image-Based Features: The Case of Mumbai.
Remote Sensing, 9(4), 384.
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Abstract
Many cities in the global South are facing rapid population and slum growth,
but lack detailed information to target these issues. Frequently, municipal
datasets on such areas do not keep up with such dynamics, with data that are
incomplete, inconsistent, and outdated. Aggregated census-based statistics
refer to large and heterogeneous areas, hiding internal spatial differences. In
recent years, several remote sensing studies developed methods for mapping
slums; however, few studies focused on their diversity. To address this
shortcoming, this study analyses the capacity of very high resolution (VHR)
imagery and image processing methods to map locally specific types of
deprived areas, applied to the city of Mumbai, India. We analyse spatial,
spectral, and textural characteristics of deprived areas, using a WorldView-2
imagery combined with auxiliary spatial data, a random forest classifier, and
logistic regression modelling. In addition, image segmentation is used to
aggregate results to homogenous urban patches (HUPs). The resulting
typology of deprived areas obtains a classification accuracy of 79% for four
deprived types and one formal built-up class. The research successfully
demonstrates how image-based proxies from VHR imagery can help extract
spatial information on the diversity and cross-boundary clusters of deprivation
to inform strategic urban management.

100

Chapter 5

5.1

Introduction

Official maps often omit the existence of deprived areas (Nijman, 2008) or
declare them to be homogeneous (Gupte, Shetty, Mishra, & Mayadeo, 2010;
Roy et al., 2014). However, deprived areas generally differ in their histories,
their morphologies, services, socioeconomic, conditions and tenure (ranging
from pavement dwellers and large slum areas to deprived resettlement
colonies). Finding reliable information on deprived areas is a complex problem,
as illustrated by population estimates in the large Mumbai slum Dharavi, which,
according to Taubenböck and Kraff (2014), range from 300,000 to 900,000
inhabitants. Furthermore, deprivation mapping is often carried out at the
administrative ward level (c.f., Baud et al., 2009; Baud et al., 2008), hiding
spatial differences within wards and clustering across ward boundaries. This is
a particular problem if wards are rather large, as is the case of the health wards
in Mumbai (of which there were 88 at the time of the 2001 Census, with an
average population of 136,000). In the 2011 Census data, the metropolitan
area of Mumbai is divided into 24 administrative wards11, with populations
ranging from 127,290 (city (Directorate of Census Operations Maharashtra,
2011a)) to 941,366 people (suburban (Directorate of Census Operations
Maharashtra, 2011b)). Linking and integrating spatially detailed information
on slums to such large and aggregated spatial units is a problem (Mahabir,
Stefanidis, Croitoru, Crooks, & Agouris, 2017), thus even when data on slums
are available they are often not used as useful spatial relationships cannot be
built.
Very high resolution (VHR) remote sensing imagery has become a valuable
information source regarding urban morphologies (e.g., Gevaert, Persello,
Sliuzas, & Vosselman, 2017; Graesser et al., 2012; X. Huang & L. Zhang, 2012;
Taubenböck et al., 2016), “providing spatially disaggregated data in a more
timely fashion for urban planning processes” (Kuffer et al., 2013, p. 2)
compared to traditional ground-based surveys (Baud et al., 2010). The utility
of VHR imagery covering large areas is particularly relevant for complex
megacities with rapid changes. With respect to the megacity of Mumbai,
several studies have shown the potential of VHR imagery to map urban land
uses (e.g., Kamini, Jayanthi, & Raghavswamy, 2006), and particularly deprived
areas (e.g., Baud et al., 2010; Kuffer, Pfeffer, Sliuzas, et al., 2016;
Taubenböck & Kraff, 2014; Taubenböck & Wurm, 2015; Wurm et al., 2017)
that house a large share of the population. Nevertheless, to date, little research
has quantified their specific morphological characteristics. A first attempt by
Taubenböck and Kraff (2014), measuring morphological characteristics of
slums in Mumbai, showed them to have similar characteristics in terms of high
densities, building size, and height, but stressed their heterogeneous
11
Also the 2001 has been sub-divided into the 24 wards, but the 88 health wards
provide more spatial detail.
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morphological characteristics. However, they did not focus on typologies of
deprivation.
A recent review of slum mapping via remote sensing (Kuffer, Pfeffer, & Sliuzas,
2016) revealed a range of methods and image features, e.g., object-based
image analysis (OBIA), grey-level co-occurrence matrix (GLCM), and spatial
metrics, where (e.g., X. Huang et al., 2015; X. Huang, Lu, & Zhang, 2014)
showed the effectiveness of index-based approaches to reduce feature
dimensionality for urban mapping. OBIA allows the extraction of roof objects
as well as the extraction of homogeneous settlements depending on the way
the scale parameters are set (Kohli, Sliuzas, et al., 2016). Homogenous
settlements are also referred to as homogenous urban patches (HUP),
following Liu et al. (2006). However, the capacity to automatically extract roof
objects depends on the image resolution and urban morphology, which is
challenging in many Asian cities, where often large areas of relatively small
buildings display high clustering (Kohli et al., 2012; Kuffer, Pfeffer, & Sliuzas,
2016). Several remote sensing studies have extracted slum settlements (or
slum HUPs) (e.g., Kohli, Sliuzas, et al., 2016; Kuffer, Pfeffer, Sliuzas, et al.,
2016). These studies used typical morphological characteristics of deprived
areas (i.e., small building sizes, high densities, and organic layout pattern),
allowing their mapping via image features (spectral, texture, or spatial
metrics). Spectral information assists in differentiating typical roofing materials
between deprived and other built-up areas. However, the use of different
roofing materials, ranging from plastic, wood and metal to concrete and
asbestos, makes mapping relying on spectral information alone problematic.
An alternative is employing the GLCM, which calculates several textural
measures within a user-defined window size and shift (Haralick et al., 1973).
Previous studies employing GLCM-derived texture measures for mapping
deprived areas include contrast (e.g., Kohli, Sliuzas, et al., 2016; Pesaresi et
al., 2008), entropy (e.g., Praptono et al., 2013; Verzosa & Gonzalez, 2010),
and variance (e.g., Kuffer, Pfeffer, Sliuzas, et al., 2016; Stasolla & Gamba,
2009). Spatial metrics are increasingly used to analyze and quantify the urban
morphology (e.g., Baud et al., 2010; Herold et al., 2005; Taubenböck,
Wegmann, et al., 2009), where Kohli, Sliuzas, et al. (2016) showed the utility
of combining both texture and spatial metrics for extracting slums in Pune
(India), but also illustrated uncertainties in slum identification (Kohli, Stein, &
Sliuzas, 2016). However, they did consider slums a ‘homogeneous zone’, while
uncertainties might also be caused by different types of deprived areas.
Therefore, the aim of this paper is to analyse the capacity of VHR imagery and
image processing methods to map locally specific types of deprived areas in
Mumbai, which can help in analysing their diversity and clustering. The
structure of the paper is as follows. Section 5.2 develops a framework for
analysing the diversity of deprived areas in VHR images. Section 5.3 describes
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the methodology to create a typology of deprived areas. In Section 5.4, a
random forest classifier and logistic regression (LR) model are employed using
VHR imagery to model deprived areas. The output provides significant image
features of the LR model and an accuracy assessment. In Section 5.5, we
discuss the main findings and the application relevance followed by conclusions
on the scope, capacities and limitations for extracting such typologies from
VHR imagery.

5.2

The Diversity of Deprived Areas

Literature on the diversity of deprived areas was utilized to conceptualize
determinants that drive variations in their morphology, as well as variations in
categorizing their morphology. Such conceptual information is key to
establishing a typology of deprived areas for a particular geographic context,
in this case the city of Mumbai.

5.2.1 Conceptualizing Deprivation
Unlike classical concepts of poverty that focus on income and consumption, the
term “deprivation” is often used in understanding poverty as a multidimensional phenomenon, applied for example in the index of multiple
deprivation (Martínez, Pfeffer, & Baud, 2016). Deprived areas, similar to
‘slums’ or ‘informal settlements’, refer to areas with sub-standard housing
conditions and poor physical and environmental conditions offering housing to
predominantly poor people (Kohli, Sliuzas, et al., 2016). They may also include
areas that have been formally developed (e.g., resettlement colonies) but have
slum-like living conditions (Baud et al., 2008). Inhabitants of such areas are
commonly deprived of access to basic services and live in overcrowded and
unsafe environments. The official definitions of deprived areas and the
terminology used to refer to such areas vary by country, but also within
countries or even localities, where various definitions and interests are
commonly found (Richter & Miscione, 2011). Official slum definitions can be
very political. The Indian census has three types of slums: ’notified’ (by the
government under any Act), ‘recognized’ (areas not formally notified but
recognized by the government), and ‘identified’ (areas of at least 300 people
or 60–70 households that live in congested and unhygienic environments, lack
basic services, and need to be visited and registered by a Charge Officer (Office
of the Registrar General & Census Commissioner, 2013). Notified and nonnotified slums differ in the level of service provision, as for notified slums the
local government has the obligation of basic service provision and upgrading
(Chandrasekhar & Montgomery, 2011). Because of this, in India, often a large
proportion of deprived areas are excluded from basic service provision and
upgrading as they lack notification (e.g., pavement dwellers), or city
governments have simply stopped notification processes (Nolan, 2015).
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According to the census of 2001 and 2011, the urban slum population in India
decreased from 26.3% (Government of India, 2011) to 17.4% (Office of the
Registrar General & Census Commissioner, 2013), suggesting the success of
policy initiatives such as Basic Services for the Urban Poor (part of the
Jawaharlal Nehru National Urban Renewal Mission; (Patel, 2013)). However,
the real extent of deprived areas might be concealed by such statistics as they
exclude several types of deprived areas (e.g., pavement dwellers and
resettlement colonies) (Nolan, 2015; Office of the Registrar General & Census
Commissioner, 2013). Administrative boundaries of wards have also often
changed, and, furthermore, the average deprivation per ward (e.g., via a
deprivation index (Baud et al., 2009)) may mask slum areas.
Slums, and deprived areas in general, are “more heterogeneous than is often
assumed” (Nolan, 2015, p. p. 60). UN-Habitat (2003b) analysed the vast
diversity of slum types for 30 cities in the global South and North. We
categorize their typology into a concept of deprived areas around three main
determinants (Figure 5.1).

Figure 5.1. Determinants of the typology of deprived areas (conceptualized based on
the UN-Habitat, 2003).

As shown in Figure 5.1, first, deprived areas differ in terms of object types, for
example, housing types range from pavement dwellings (using locally available
material) to multi-story housing or the occupation of dilapidated (historic)
buildings. Second, land and site characteristics such as reserves on public land
(e.g., along roads or railways), small encroachments between formal areas or
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illegal subdivisions on agricultural land, which can have very regular patterns,
result in different types of deprived areas differing in location, size, densities
and access to services. Third, temporal dynamics and the history of areas
determine the typology (e.g., chawls in Mumbai developed mainly in the early
20th century as 3–5-story housing for textile and other industrial workers).
Patterns of settlements differ when areas are developed by collective and
organized occupation, such as the organized land invasion in Latin America
(e.g., in Lima, where several thousand people invaded land within one day
(Dosh, 2009)), compared to areas incrementally developed by individual
households.
Having conceptualized the determinants that produce the diversity of deprived
areas, we explore how this diversity was recognized in previous remote sensing
studies (Table 5.1). This Table provides examples of studies in the field of
remote sensing, differentiating types of deprived areas, which we extracted
from a literature search (using Science Direct, Web of Science, and Scopus).
All these initiatives departed from the idea of deprived areas being
homogenous, stressing that such areas differ among themselves as well as
differ from formal urban areas. The identified typologies range from two to
seven categories and reflect the complexity and diversity of such areas across
the globe. In some cities, the land/site characteristics have a strong
determining influence, as noted for Cairo, where differences between
developments on former agricultural land are structured by the farm
boundaries, while those on desert land have a less orderly morphology. Several
typologies also include fuzzy or transition classes between informal and formal
areas (i.e., semi-formal low-cost housing, hybrid, or ex-formal on public or
private land) or formal but deprived areas (i.e., basic formal). By contrast,
Fekade (2000) showed that informal areas might not be deprived (i.e., affluent
informal settlements), and might not be relevant targets for pro-poor policies.
Thus, having spatial data on the combinations of such characteristics would
allow for a better understanding of the spatial diversity of deprivation and
would offer specific information useful for the development of upgrading
programs.
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Table 5.1. Typologies of deprived/informal/slum areas and their categories, modified
from (Kuffer, Pfeffer, & Sliuzas, 2016) and their determinants (O = object types, L =
land/site characteristics, T = temporal dynamics) (check marks: x = dominant) (x) =
weak.
No.
2

2

2

3

3

3

3

4

4

4

5

7
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Categories
 Semi-formal low-cost housing
 Slums
 Type I: small to medium-sized buildings,
narrow/
irregular streets
 Type II: very small buildings and high
building density, unidentifiable roads
 Classical informal settlements: irregular
layout, small roofs, and high density
 Atypical informal settlements: some regular
patterns,
less compact, even-sized roofs
 Informal A (squatter settlements),
 Informal B (precarious encroachments)
 Basic formal areas (often resettlement
colonies)

Location and Author(s)
Quezon City (Philippines)
(Galeon, 2008)

Determinants
O
L
T
x

x

Caracas (Venezuela), Kabul,
Kandahar (Afghanistan), La
Paz (Bolivia) (Graesser et
al., 2012)

x

x

Nairobi (Kenya)
(Githira, 2016)

x

x

Delhi (India)
(Baud et al., 2010)

x

x

(x)

(x)

x

x

x

x

x

x

x

x

x

x

x

x

x

x

x

x

x

Cairo and Alexandria
 Semi-formal on agricultural land
(Egypt) (distinguished
 Squatting in desert land
further into 12 subtypes)
 Hybrid or ex-formal on public or private land
(Soliman, 2004)
 Affluent informal settlements
African cities
 Moderate informal settlements
(Fekade, 2000)
 Disadvantaged informal settlements
 Informal settlements on former agricultural
land
Cairo (Egypt) (Abd-Allah,
 Informal areas on former desert state land
2007)
 Deteriorated historic core
 Resettlement colonies
 Unauthorized colonies
Delhi (India) (Smollich,
 JJ-colonies (Jhuggi Jhompri)
2015)
 Urban villages
 Very low-income settlements
 Low-income settlements
Bangalore (India) (Krishna
 Temporary settlements
et al., 2014)
 Notified and recognized slums
 Informal settlements with regular grid
 Transport infrastructure pattern adopted
informal settlement
Dar es Salaam (Tanzania)
 Informal settlements with concentric circular
(Vahidi & Yan, 2014)
pattern around the utilities or urban features
 Terrain topography adopted informal
settlements
 Slum pockets
 Slum areas with small buildings
Mumbai (India)
 Slum areas with mix small/large buildings
(Kuffer et al., 2013)
 Slum areas with larger buildings/chawls
 Basic formal areas
 Grid outline of regular slums
 Grid outline of irregular slums
East London (South Africa),
 Slums adapted to the terrain topography
Salvador de Bahia (Brazil)
 Slums with a central corridor
and Lima (Peru) (Fernandez,
 Radial-shaped slums
2011)
 Slums with platform occupation (terraces)
 Slums occupying the hill flat heads

x

(x)
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5.2.2 Deprived Areas in Mumbai: A Typology
Deprived areas in Mumbai are diverse in terms of their physical characteristics
(Gupte et al., 2010; UN-Habitat, 2003b), which we conceptualize utilizing the
dimensions geometry, density, pattern, and environment (Figure 5.2). In an
earlier study (Kuffer et al., 2013), we developed a typology of deprived areas
for Mumbai using VHR imagery. That typology included five types (Table 5.1),
established through fieldwork surveys and discussions with local experts. Their
morphological characteristics can be associated with information extracted
from spectral image analysis, texture analysis, and spatial metrics. This
research utilizes this typology for mapping deprivation, but since the transition
between the types ‘deprived areas with larger buildings/chawls’ and ‘basic
formal areas’ is ambiguous, these two types are combined. This results in four
deprived and one formal type of area (Figure 5.2) whose specific dimensions
are translated into image features, allowing them to be mapped.
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Geometry: Small roofs
Density: High
Pattern: Organic
Environment: Large areas
with diverse uses

Geometry: Small–medium
roofs
Density: Mix
Pattern: Diverse
Environment: Some areas
in more elevated terrain

TYPE 4

TYPE 5

Geometry: Medium roofs
Density: High-medium
Pattern: Some structure
Environment: Little
vegetation within areas

(basic/chawl *)
Geometry: Large roofs
Density: Medium - low
Pattern: Well structured
Environment: Higher
vegetation cover

Basic formal and chawl Formal areas (formal *)

Figure 5.2. Typology of deprived areas and their dimensions (ground photo in 2009) (* label used).

Geometry: Small roofs
Density: High
Pattern: Organic
Environment: Pockets
along roads or within
formal areas

(slum mix *)

small/larger buildings

buildings (slum small *)

TYPE 3
Slum area, mix

TYPE 2
Slum area, small

TYPE 1

Slum pocket *
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Our typology (Figure 5.2) ranges from slum pockets/encroachments (e.g.,
pavement dwellings) along physical infrastructure (Figure 5.3) such as
highways, pipelines, or the airport area to more regular and well-maintained
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areas with houses of several floors with proper paths and open spaces between
the houses. Type 1, slum pockets, are often temporary areas along the
transport network or ‘islands’ within formal areas, displaying poor housing
structures, very high densities, and a lack of access to basic service provision.
The second type concerns long-established and often large settlements with
very high densities, small houses, and narrow lanes between them. Such areas
commonly lack access to basic services such as piped water or a closed
drainage system. The third type (Figure 5.4) has mixed housing sizes including
slightly larger houses of 1–2 floors, though often in irregular arrangements
with somewhat larger paths between the houses, still leaving very little space
between the houses. Despite high densities and few open spaces, houses and
spaces are often rather clean and well-maintained. Frequently, some basic
infrastructure is present. The fourth type consists of a gradual transition of
deprived informal to formal areas with medium-sized or larger buildings (e.g.,
chawls built for textile workers), and settlements with wider paths and streets
as well as open but limited green spaces (e.g., resettlement colonies). These
areas mostly have access to basic infrastructure.

Figure 5.3. Deprived area in Mumbai along a road (ground photo in 2009).

Figure 5.4. Deprived area in Mumbai climbing up a steep slope (ground photo in
2009).
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Besides the four types of deprived areas, formal areas are classified separately
to analyse whether deprived areas differ from this type. Formal built-up areas
are rather heterogeneous, but display a relatively regular building layout,
larger building sizes, more vegetation cover, and commonly have lower builtup densities. The four deprived types can be relatively well distinguished from
formal areas via the GLCM variance (Kuffer, Pfeffer, Sliuzas, et al., 2016).

5.3

Materials and Methods

The main approach used in this study to map the diversity of physical
deprivation (Figure 5.2) at the spatial level of HUPs combines VHR imageries
with available spatial data. The spatial aggregation to HUPs is done via image
segmentation, creating homogenous areas. For producing a typology of
deprivation, both a random forest classifier and LR modelling are employed.
Details on the study context, data, and methods are described in the following
sub-sections.

5.3.1 Study Area Context and Available Dataset
The study area is the city of Mumbai, India, which has a present population of
about 12.4 million, with about 41.8% living in slums (Government of India,
2015). For this research, eight scenes of WorldView-2 images (PAN: 0.5 and
MS: 2 m) acquired in 2009 have been provided by DigitalGlobe, covering an
area of 81.3 km2. The scenes are combined into one image mosaic covering a
part of the city of Mumbai (Figure 5.5).
Besides image data, several GIS layers from OpenStreetMap (downloaded in
2010 after we had received the images) (e.g., water bodies, roads) and the
SRTM DEM via USGS (downloaded in 2016: version: 1 arc-second) are used.
Moreover, the index of multiple deprivation (IMD) based on various statistics
from the Indian census of 2001 (Figure 5.5) is available (Baud et al., 2009). It
maps multiple deprivation experienced within Mumbai at the level of health
wards. For the city of Mumbai, the IMD ranges from 0.22 for the least deprived
ward up to 0.44 for the most deprived ward (range 0–1). A ward with a
hypothetical value 0 would imply a fully planned upper-middle class area,
without deprived households, while a ward with a value of 1 would mean that
all households in the entire ward are deprived in all aspects (i.e., have no
access to sanitation, water, electricity, education, bank accounts, or scooters;
live in overcrowded dwellings; are unemployed; and are all members of a
scheduled caste) (Baud et al., 2009). The temporal inconsistency of the index
and imagery is discussed in Section 5.3.4.3. Although only 17 out of 88 health
wards are covered by the images, the area has a good mix of the full range of
the IMD (Figure 5.5).
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Figure 5.5. Health wards of Mumbai, classified by levels of deprivation (left; high
values indicate high deprivation; Source:(Baud et al., 2009)) and image mosaic
covering a central part of Mumbai (right; Source: DigitalGlobe).

For developing the LR model, aimed at mapping the typology of deprivation,
94 ground-truth points (training sample) are available from fieldwork
undertaken in 2011 and 2013. For accuracy assessment, an additional 170
ground-truth points were collected within three subunits through fieldwork in
2015 for another study (Naorem, Kuffer, Verplanke, & Kohli, 2016), which we
could use for this study as reference (test sample). The two ground-truth sets
are not combined because the training set covers the entire study area, while
the test set focuses on three subunits. All ground-truth data were collected as
point data and recorded the dominant built-up type in the immediate
surroundings. To overcome problems with temporal inconsistency between
image and ground-truth (test) data, a visual inspection of the points was
performed, comparing the imagery from 2009 with Google Earth images from
2015; as a result, four points were removed for having obvious land cover/use
changes. The random selection of points within deprived areas led to an
unequal distribution of points across the types of deprived areas. As a result,
the types ‘slum small’ and ‘formal’ are overrepresented.

5.3.2 Methodology—Mapping the Diversity of Deprived Areas
The methodology to map the diversity of deprived areas consists of (1)
extracting image features, (2) analysing the significance of image feature, and
(3) extracting different types of deprived areas, presented in Figure 5.6.
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Figure 5.6. Methodology—mapping diversity of deprived areas in Mumbai.

First, to extract image features, the basic land cover/use classes (built-up
(deprived and formal), vegetation, water, soil, road, and shadow) are mapped
using a RF classifier, employing our parameter setting of a previous study on
Mumbai (Kuffer, Pfeffer, Sliuzas, et al., 2016). The NDVI (normalized difference
vegetation index), edges and GLCM texture measures (variance, contrast,
homogeneity, entropy, dissimilarity, and second-moment mean) are extracted
using the WorldView images. For the extraction of the GLCM we used a window
size of 21 × 21 pixels, which was optimized in a previous study on the same
image (Kuffer, Pfeffer, Sliuzas, et al., 2016).
The result of the land cover/use classification showing the built-up classes
(deprived and formal) having an overall pixel-based accuracy of 90% with a
Kappa of 0.87 (for details see (Kuffer, Pfeffer, Sliuzas, et al., 2016)), are used
to calculate several spatial metrics with the potential to describe aggregation
(AI), shape (FRAC, SHAPE), density (PD), and homogeneity (SHDI and SHE)
conditions in deprived areas. The rationale for the selection of features to map
deprivation is provided in Section 5.3.3. The selected set of metrics (McGarigal,
Cushman, & Ene, 2012) consists of:
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Aggregation index
(1)



Fractal dimension
(2)



Patch density
(3)



Shape index
(4)



Shannon’s diversity index
(5)



Shannon’s evenness index
(6)

where AI: gii = number of like adjacencies, max→gii = maximum number of
like adjacencies; FRAC: pij = perimeter (m) of patch ij, aij = area (m2) of patch
ij; PD: m = number of patch types, A = total landscape area (m2); SHAPE: pij
= perimeter of patch ij, min pij = minimum perimeter of patch ij; SHDI/SHEI:
Pi = proportion of the landscape of class I, and m = number of classes.
In this study, HUPs are the main spatial analysis unit for aggregating pixelbased information. They are areas of both homogenous textural and spectral
characteristics, e.g., representing formal areas or deprived neighbourhood
types. HUPs, as defined by Liu et al. (2006), (1) have homogenous texture;
(2) consist of several land-cover types; (3) have matching physical
boundaries; and (4) do not contain single objects and are sufficiently large.
Thus HUPs are extracted via image segmentation using multi-resolution image
segmentation employing the road network as thematic layer (to refine
boundaries), with a scale parameter of 200, following our previous study in
Mumbai (Kuffer, Pfeffer, Sliuzas, et al., 2016). However, the OSM road data
have limitations in terms of consistent coverage in countries of the global South
(Mahabir et al., 2017). In Mumbai, such inconsistencies exist in particular in
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slums. As a consequence, we did not use footpaths, which are only available
for some slum areas (e.g., Dharavi).
Second, the significance of the derived image features is analysed. Therefore,
all image features (e.g., based on spatial metrics, GLCM) are aggregated at
HUPs and the training set of 94 ground-truth points is used to derive significant
features that differentiate types of deprived areas (details are given in Section
5.3.4.1). Third, to extract the typology of deprivation, multiple regression
modelling is used and the accuracy is assessed by a set of 166 test samples
(details are given in Section 5.3.4.2).

5.3.3 Extraction of Features to Map the Diversity of
Deprivation
Based on the four morphological dimensions of deprived areas in Mumbai, i.e.,
environment, density, geometry, and texture pattern (building on the earlier
work (e.g., Baud et al., 2010; Duque et al., 2015; X. Huang et al., 2015; Kohli
et al., 2012; Owen & Wong, 2013a; Sandborn & Engstrom, 2016; Taubenböck
& Kraff, 2014), image features are created with the potential to capture the
diversity of such areas (Figure 5.2). This list of image features (Figure 5.7) is
generated based on distinguishing features reported in slum mapping studies
(e.g., Graesser et al., 2012; Hofmann et al., 2011; X. Huang et al., 2015;
Kohli, Sliuzas, et al., 2016; Owen & Wong, 2013a; Stow et al., 2010;
Taubenböck & Kraff, 2014; Weeks et al., 2012), as well as by considering the
local characteristics of deprived areas in Mumbai.
Earlier studies (e.g., Baud et al., 2010; Kohli et al., 2012) showed that deprived
areas display diversity in terms of environmental (environ) features such as
location on steep slope. Furthermore, land cover/use characteristics often vary
among deprived areas; e.g., large and very densely built-up areas have little
land cover/use heterogeneity (measured e.g., by SHDI and SHEI) while small
slum pockets are often surrounded by vegetation or other land cover/use
types. The patterns of deprived and formal areas show distinct differences,
meaning that deprived areas commonly have more organic layouts and formal
areas more regular ones. Yet, texture pattern differences exist among deprived
areas, which can be measured by GLCM features. The geometry features
explore object shape variations and arrangements (e.g., via AI, SHAPE, FRAC)
(Kuffer et al., 2014). Building layouts in deprived areas are often less complex
and object sizes are small compared to formal areas. However, these features
show variations, e.g., very small objects in areas of slum pockets compared to
larger buildings in chawls or resettlement colonies, which can be very densely
built-up. Thus density features also show variations among deprived areas,
e.g., lower densities in areas of the type ‘slum mix’ compared to ‘slum small’.
For a large number of features (e.g., GLCM, edge features) the panchromatic
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band of WorldView-2 imagery is used, while for some density, geometry and
environment features, the results are derived from the random forest
classification (land cover/use) of the WorldView-2 images (e.g., shadow, builtup). For calculating some of the geometry and environment features, spatial
metrics is used. For line density, road network data from OSM are used, while
topography features are derived from the SRTM DEM. The features are either
calculated using a 21 × 21 window (e.g., GLCM) or are directly captured per
HUP (e.g., slope). However, the features extracted via a window are also
aggregated to HUPs using the mean feature values (each HUP receives 34
features values). To allow comparability of the features, they are normalized
employing the method ‘0–1 scaling’.

Figure 5.7. Morphological dimensions of deprived areas and employed image features.

5.3.4 Modelling the Typology of Deprivation
To model the diversity of deprivation, two major steps are necessary (details
are provided in Sections 5.3.4.1 and 5.3.4.2): first, the significant features are
extracted; and second, they are used within a regression model to classify the
HUPs. This is done in a stepwise process (Table 5.2) using the normalized
features per HUP (Figure 5.7) to model the typology of deprivation. Thus first,
a binary backward LR model (modelling the class probability), second, a
multinomial LR model (assessing the separability of deprived types), and third,
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four binary LR models (extracting the probability values of HUPs belonging to
one of the four deprived types) are set up. For all models, features at the 95%
confidence interval are considered significant (p < 0.05); features below this
level are considered not significant and are therefore not included. For building
the LR models, the first set of ground truth (training) data is used. The result
is a fuzzy classification; each HUP obtains probability values of all built-up
types. However, for the final classification the class with the highest probability
is selected. The steps to arrive at this final typology are detailed in the following
sub-sections.
Table 5.2. Overview of different logistic regression (LG) models.
LR
Models

Type

1st
model

Binary LG

2nd
model

Multiple
LG

3rd
model

Binary LG

Classes

No.
Classes
2

All significant
features

5

All significant
features

2 (in 4
models)

All features of
2nd model

Formal and deprived
Slum pocket, slum
small, slum mix,
basic/chawl, formal
Slum pocket, slum
small, slum mix,
basic/chawl, formal

Input

Output
LR model
differentiating formal
and deprived
List of features
modeling deprived
types
LR model classifying
the typology of
deprivation

5.3.4.1 Significance of Image Features
Before employing the features within a regression analysis, their multicollinearity is analysed using the VIF (variable inflation factor) value, where
values should be below 10 to avoid serious problems of multi-collinearity (Field,
2013). The commonly used VIF threshold value of 10 is used (Field, 2013;
Myers, 1990) (other sources suggest a value of 5 (e.g., Rogerson, 2010)).
Considering that morphological features have a general tendency to correlate,
the maximal threshold is selected. Thus only very highly correlating features
are identified and excluded. Besides analysing multi-collinearity, the means of
all features of the built-up types (deprived and formal) are plotted. This allows
us to analyse whether features show differences for the deprived types. Both
the ability to differentiate between deprived types and multi-collinearity are
used to arrive at a pre-selection of features to be entered into the regression
model. This step is necessary as the number of training data points would not
support the use of a very large set of variables (features).
For the first model, a binary LR model, all deprived types are merged and
tested to see whether deprived and formal HUPs can be easily differentiated.
The model eliminates all non-significant features, thereby simplifying the
calculation of the HUP probability. In addition, it provides classification
accuracy and probability values of class memberships (Equation (7)), allowing
us to classify all HUPs (also HUPs where no ground truth data is available).
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(7)
where P(y) is the probability of y occurring, e: natural logarithm base, b0:
interception at y-axis and b1: line gradient.
The result provides the classification of all formal HUPs. To avoid formal areas
with larger vegetation cover being classified as vegetation HUPs, the
classification rule allocates HUPs with a mix of vegetation and formal areas to
formal areas when the vegetation cover is less than 60%. HUPs with more than
60% vegetation cover are classified as vegetation; however, such HUPs might
still contain individual buildings.
The second model, a multinomial LR model, assesses whether the features
(Figure 5.7) are able to distinguish the different types of deprived areas. The
result shows the significant features to be used for the third LR model and the
resulting classification accuracies for the various types of deprived areas.

5.3.4.2 Extracting the Typology of Deprivation
Employing a third LR model, the most significant features per deprived type
are extracted by four binary backward LR models. The obtained coefficients
and constants for the four deprived types are used to calculate the probability
of each HUP to belong to a specific type using Equation (7). Each built-up HUP
(using the result of the land cover/use classification) is classified in a vector
environment according to the highest probability of the five built-up types. All
other non-built-up HUPs are also classified using the result of the land
cover/use classification; only roads and water bodies are derived from OSM.
The strength of the model is assessed via the classification accuracy and
Nagelkerke R2. In a final step, the accuracy of the classification is assessed
using the second set of 166 ground truth (test) data using the overall accuracy
and Kappa.

5.3.4.3 Cross-Boundary Health Ward Clusters of Deprivation
To illustrate the application potential of mapping the typology of deprivation,
the results of the HUP-based deprivation map and the ward boundaries
(including the index of multiple deprivation) are superimposed. Despite the
temporal inconsistency of the data, this comparison illustrates the different
aggregation levels of the datasets for a central area of Mumbai, where large
areas have been relatively stable between 2001 and 2009 (the centre was
already in 2001 very densely built up, not allowing for much in the way of
horizontal building dynamics). This comparison focuses on problems of
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aggregated administrative units for analysing aspects
morphology, as also illustrated in Taubenböck et al. (2016).

5.4

of

the

urban

Results

In this section, we present the results of the stepwise process to extract the
typology of deprived areas based on the most significant features. We also
illustrate how such data can visualize clusters of deprivation across ward
boundaries and show their diversity.

5.4.1 Analysing the Correlation of Potential Features
Both the ability to distinguish the five built-up types and the correlation of all
34 image features (Figure 5.7) are analysed for all image features aggregated
at the level of built-up HUPs. Many of the features highly correlate with several
others. Therefore, the most correlating and least differing features are
excluded from the selection. Mean feature values per built-up class are shown
in Figure 5.8. For several features, formal areas show large differences with
the deprived area types, e.g., ‘GLCM variance’, ‘built-up PD’ (patch density),
‘shadow and line density’, ‘shape index’ and ‘vegetation percentage’. However,
for ‘GLCM entropy STD’, ‘built-up density’ and ‘mean built-up area’ formal
areas and slum pockets have rather similar values. This seems rather
surprising, but is caused by small slum pockets often being part of a larger
HUP, which also contains non-built-up classes (e.g., soil) or in-between formal
areas, while formal HUPs are often rather small because of the surrounding
vegetation cover being part of a different HUP. This is also confirmed by the
high ‘land cover/use (lc/u) evenness’ value of slum pockets, indicating that
they have the highest mix of land cover/use classes. The largest ‘mean area’
is displayed by slum areas with small buildings; this type covers large areas
across the study area. In general, slum areas with mixed building sizes are
located at higher elevation (DEM min) and on steeper slopes (‘slope mean’).
Basic formal areas and chawls have the ‘highest built-up densities’ and ‘GLCM
second moment’, while having the lowest ‘shadow density’.
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Figure 5.8. Mean feature values of training and reference samples.

None of the 15 remaining features has a VIF value of more than 10 (critical
value), but several have more than 5, which still signals relatively high
collinearity (Table 5.3). However, all features are entered into the LR model.
Table 5.3. VIF values of morphological features of deprived areas when analysing
multi-collinearity.

Features

VIF

Dimension

Vegetation percentage
Land cover/use evenness
Slope mean
DEM min
GLCM entropy mean
GLCM entropy STD
GLCM second moment mean
GLCM variance
Built-up aggregation
Shadow density
Built-up shape index
Built-up mean area
Built-up density
Built-up Patch Density
Line density

5.536
4.507
2.503
2.620
5.695
1.444
3.183
5.372
4.654
1.274
3.896
3.613
6.455
5.186
1.618

Environment
Environment
Environment
Environment
Texture pattern
Texture pattern
Texture pattern
Texture pattern
Geometry
Geometry
Geometry
Geometry
Density
Density
Density
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5.4.2 Features to Distinguish between Formal and Deprived
Areas
A first binary backward LR model to distinguish between formal and deprived
areas using all 15 features shows that GLCM variance alone is sufficient to
distinguish them, with a classification accuracy of 98.9 % and Nagelkerke R2
of 0.93. The coefficients and constants displayed in Table 5.4 are used to
calculate the probability of a HUP being formally built-up. To simplify the
calculation, the HUPs are stored as vector data and probability values are
attributes.
Table 5.4. Logistic regression (LR) model distinguishing formal and deprived areas.
Features
B
Sig.
GLCM variance 0.41455924 0.002
Constant
−6.481
0.000

5.4.3 Analysing the Separability of Deprived Areas
The second LR model analyses whether deprived area types can be
distinguished based on the selected set of 15 features within a multinomial LR
model. Table 5.5 shows the classification result for all types using the training
data, having an overall accuracy of 83%. The lowest accuracy is obtained for
the ‘slum mix’ category, with only 61.5% correctly predicted HUPs. This was
to be expected, as these deprived areas contain a mixture of small and large
buildings, illustrating the complexity of slum typologies. In addition, the type
‘basic/chawl’ shows some incorrect predictions, which relates to the diversity
within this type, ranging from chawls to resettlement colonies. Problems within
the type ‘slum small’ often relate to the definition of HUPs that sometimes
include smaller areas of other types and relate to the fact that ground-truth
was collected as point data, not necessarily representing the dominant type of
a larger HUP. Very stable predictions are obtained for the type ‘slum pocket’
and the type ‘formal area’ (Table 5.5). However, the training samples for the
type ‘slum pocket’ are rather few.

Observed

Table 5.5. Accuracy of the multinomial LR model of all built-up types based on training
samples (OA: overall accuracy).

Slum Pocket
Slum Small
Slum Mix
Basic/Chawl
Formal
Training samples (N)
Overall percentage (N)
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Predicted (Training Samples)
Slum
Slum Small Slum Mix Basic/Chawl Formal
Pocket
10
0
0
0
0
0
21
2
4
0
0
2
8
3
0
0
3
2
13
0
0
0
0
0
26
10
26
12
20
26
10.6%
27.7%
12.8%
21.3%
27.7%

Accuracy
100.0%
77.8%
61.5%
72.2%
100.0%
94
OA: 83.0%
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5.4.4 Features to Classify Deprived HUPs
To calculate the probability of a built-up HUP belonging to a specific deprived
type, four binary backward LR models are employed. After eliminating all nonsignificant features (via the second model), the coefficients and constants for
the significant features of the four types of deprived areas were obtained (Table
5.6). Out of the 15 features, only seven significant features were finally used
within the four LR models, i.e., ‘built-up mean area’, ‘GLCM second moment
mean’, ‘GLCM entropy mean’, ‘built-up patch density (PD)’, ‘GLCM variance’,
‘land cover/use evenness (SHEI)’, and ‘DEM mean’. The most commonly
reoccurring feature is the ‘GLCM variance’. The features ‘built-up mean area’,
‘land cover/use evenness’, and ‘DEM mean’ are significant features for two
types, while others are only significant for a specific type, e.g., ‘GLCM entropy
mean’. The coefficients and constants are used (Equation (7)) to calculate the
HUP probabilities for all types. All models have a high Nagelkerke R2 (ranging
from 0.88 to 0.98), showing that they have very good explanatory power, even
though there were only a few samples for some deprived classes.
Table 5.6. LR models for all deprived area types.
Type
Features

Slum Pocket

Slum Small

Slum Mix

Basic/Chawl

Built-up mean area
GLCM variance
Built-up patch density
Constant
GLCM variance
Land cover/use evenness
Built-up mean area
Constant
GLCM variance
DEM mean
GLCM second moment mean
Constant
GLCM variance
DEM mean
GLCM entropy mean
Land cover/use evenness
Constant

B
1704.6
−290.4
−308.5
227.7
−265.4
645.0
415.8
−513.5
−974.1
−492.9
−452.1
317.1
624.87
−755.6
−149.5
427.1
−102.8

Accuracy

Nagelkerke R2: 0.88

Nagelkerke R2: 0.98

Nagelkerke R2: 0.92

Nagelkerke R2: 0.87

For the classification of the formal areas, the results of Table 5.4 are employed.
Non-built-up HUPs (soil and vegetation) are classified using the land cover/use
classification and OSM layers representing water bodies and roads. The
classified HUPs (Figure 5.9) show the distribution of deprived areas. At the
center of the mosaic is the international airport of Mumbai, with several
deprived areas in its environs. Most large areas consist of the type ‘slum small’,
whereas the type ‘slum pocket’ is scattered throughout the entire study area.
The type ‘basic/chawl’ is found more towards the edges of the studied area,
while the type ‘slum mix’ is often found adjacent to areas of the type ’slum
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small’. The statistics (Figure 5.9) show that 60.3% of the built-up area is
‘formal’, followed by 27.3% ‘slum small’, 5.6% ‘slum pockets’, 3.4% ‘slum mix’
and ‘basic/chawls’. Deprived areas in this part of Mumbai represent almost
40% of the built-up area, while deprived areas are diverse (with ‘slum small’
as the most commonly occurring type).

Figure 5.9. Mapping the typology of deprived areas on top of a land cover/use map
(background image source: DigitalGlobe).
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Some problems exist with the dominant land cover/use type per HUP. For
example, formal HUPs that are dominated by more than 60% vegetation cover
are classified as vegetation HUP (see example 10a). Also, smaller areas that
are within a larger HUP, e.g., small formal areas within larger deprived areas
(see the example in Figure 10b,c) are omitted. Slum pockets are most prone
to be completely or partially omitted (see the example in Figure 10d) due to
their size. The transition between deprived types is very much influenced by
the selected scale. Thus HUPs sometimes include a mix of formal and slum
areas (see the example in Figure 10b), while the transition zones between
deprived types are often not entirely crisp (see the example in Figure 10c).

(a)

(b)

(c)

(d)

Figure 5.10. Mapping a typology of deprived areas: scope and limitations. (a) Formal
and vegetation; (b) transition between slum types; (c) mix of deprived types; (d) slum
pocket partial extraction.

The overall classification accuracy for a typology of deprived areas is 79%, with
a Kappa value of 0.67 (Table 7). The types with the best performance
(considering producer and user accuracy) are ‘formal’ and ‘slum small’,
followed by ‘basic formal/chawl’ and ‘slum pocket’. The type ‘slum mix’, which
has in its morphological definition some degree of fuzziness, has the lowest
accuracy. However, the results show that the employed features allow for the
extraction of a complex typology of deprived areas, with some limitations.

RESULT

CLASSIFICATION

Table 5.7. Confusion matrix classifying HUPs according to a typology of deprived
areas.
GROUND REFERENCE (TEST SAMPLES)
Slum
Slum
Basic/ Forma
Producer
Slum Mix
Total
Pocket
Small
Chawl
l
Accuracy
Slum Pocket
7
2
0
0
0
9
77.8%
Slum Small
4
69
9
2
7
91
75.80%
Slum Mix
0
1
4
2
0
6
57.1%
Basic/Chawl
0
0
0
7
1
8
87.5%
Formal
2
3
0
1
45
52
88.2%
Total
13
75
13
12
53
166
User
OA: 78.9%
53.9% 92.0% 30.8%
58.3% 84.9%
Accuracy
Kappa: 0.671
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5.4.5 Cross-Boundary Health Ward Clusters of Deprivation
In order to generate information that has societal relevance and can inform
the development of pro-poor policies, which is often based on census data and
commonly aggregated at large administrative units, the study examines
whether such units are meaningful for mapping the diversity of deprivation.
The results show that deprived areas do not match the boundaries of health
wards, nor do health wards necessarily contain homogeneous types of
deprivation. As illustrated in Figure 5.11, health ward boundaries crosscut large
deprived areas. Furthermore, deprived areas within wards differ, sometimes
showing adjacent areas of different deprivation types as well as large clusters
of the same type. Analysing deprivation based on such administrative spatial
units obscures the real spatial extent of deprivation and could prevent the
efficient targeting of pro-poor policies, e.g., Weeks et al. (2007, p. 15) showed
“considerable spatial variability” of deprivation (in form of a slum index) within
administrative units (neighbourhoods). Combining our classification results
with the index of multiple deprivation reveals that wards with lower censusbased deprivation values may also have large and cross-boundary clusters of
deprivation (see ward A with an IMD of 0.29 in Figure 5.11), while more
deprived wards may also have larger formal built-up areas (see ward B with
an IMD of 0.39 in Figure 5.11).

Figure 5.11. Cross health ward clusters of deprivation (A indicates a ward with an IMD
of 0.29 and B has an IMD of 0.39).
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When calculating the percentage of deprived areas from the total built-up area
per ward (based on our classification results), the Pearson correlation
coefficient with the multiple deprivation index (IMD) is 0.83, showing that
image features are helpful indicators for mapping deprivation. When comparing
the percentage of deprived areas with the percentage of people living in slums
per ward (census-based), the correlation, at 0.65, is much lower. This indicates
that census statistics do not fully cover deprivation in a complex mega-city like
Mumbai, and shows the high potential of VHR imagery, which is capable of
mapping cross-ward clusters and the diversity of deprivation. However, this
finding is limited by the temporal difference of the two datasets, as the census
and image data have a time gap of eight years.

5.5

Discussion

The aim of the study was to analyse the capability of image processing methods
to spatially distinguish different deprived areas in Mumbai from VHR imagery.
Deprived areas in Mumbai have diverse and complex morphological
characteristics, often overlooked in previous studies, (e.g., Kuffer, Pfeffer,
Sliuzas, et al., 2016; Taubenböck & Wurm, 2015). The morphological
characteristics were conceptualized into four dimensions, i.e., environment,
texture pattern, density, and geometry, and further utilized in the image-based
analysis to extract spatial information about their morphological differences.
This not only improved our understanding of how to extract such information,
but also has practical value. For instance, Fernandez (2011, p. 7) stressed that
deprived areas with a more regular pattern offer a better “base for subsequent
improvements and installation of infrastructure” than areas with more irregular
patterns, which often require more investment for upgrading. Thus, if different
morphologies require different action for upgrading, detailed knowledge on the
morphology of deprivation will support planning and decision-making for
implementing upgrading policies (Sliuzas et al., 2017). However, the employed
dimensions and their features have an inherent challenge, which refers to the
spatial dimension used for its measurement (Taubenböck et al., 2016); for
instance, density measures vary considerably depending on the reference unit
used. Thus utilizing a different spatial aggregation level, e.g., via smaller or
larger HUPs or using more regular outlined blocks will give different feature
values and impact final mapping results. Nevertheless, we argue that HUPs
optimized for the local context are much better adapted to reflect the urban
morphology compared to administrative units, which are often not suitable due
to the modifiable areal unit problem (MAUP) (Taubenböck et al., 2016) and
their overly large and variable size.
The extracted morphological features allowed us to capture the diversity of
four deprived and one formal built-up area type. The significance of these
image features was analysed within a LR model, resulting in a set of coefficients
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and constants for the most significant features (i.e., GLCM variance, built-up
mean area, land cover/use evenness (SHEI), DEM mean, GLCM second
moment mean, GLCM entropy mean, and built-up patch density). This allowed
us to calculate class probabilities for all HUPs, which resulted in a fuzzy
probability layer at the HUP level. The final typology of deprived areas was
based on the highest class probability. Due to the logistical challenges of
collecting a large set of ground-truth data spread over a large urban area, the
number of training points was relatively small. Collecting such data based on
visual image interpretation, as is often done, would introduce a lot of
uncertainty, as experts often disagree on the delineation of deprived areas in
VHR imagery (Kohli, Stein, et al., 2016; Pratomo, Kuffer, Martínez, & Kohli,
2016). The increasing availability of crowdsourced data and Google Street View
(e.g., in Indonesian cities) combined with visual image interpretation might, in
the future, facilitate the extraction of suitable training data. Therefore, it would
be interesting to repeat the approach for other cities using a larger set of
training data.
Through this study, we distinguished different types of deprivation with an
overall classification accuracy of 79%. Obtained accuracy levels differed by
type, showing that slums with small buildings had the highest classification
accuracy while slums with mixed building sizes and the transition type between
chawls and basic formal areas had the lowest classification accuracy.
The aggregation of deprived areas to HUPs allowed for mapping the dominant
type of entire neighbourhoods. However, this aggregation often led to very
small clusters of slum pockets (e.g., small pavement dwellings) being omitted
as they are frequently part of a larger (e.g., formal) HUP. Employing a LR
model helped to reduce the computational demand, because all feature values
were aggregated to HUPs stored as vector data (in a raster data structure,
image features would consume several GB). HUPs are also a more meaningful
spatial unit for informing pro-poor policies. Furthermore, LR modelling allowed
the extraction of the most significant features per type, while the fuzzy
classification facilitated a better optimization of class threshold (probability)
values compared to standard image classification methods.
The presented approach to capture the diversity of deprivation in a large and
complex megacity was tailored to the local morphology of deprivation (in
Mumbai) via the selected image features. However, the conceptual level of the
four dimensions of the diversity of deprivation has the potential of being
transferable (for concepts on measuring transferability and robustness, see
Hofmann (2014), Hofmann et al. (2011), Kohli et al. (2013) and Pratomo et
al. (2016)) to other cities in the global South. Further studies are
recommended to better understand and analyze the diversity of deprivation
across the globe, as well as to decide which image features are relevant for
specific regional conditions.

126

Chapter 5

The application potential of mapping the diversity and clustering of deprived
areas was illustrated by overlaying the result with the health ward boundaries.
This showed that large administrative units have limited use in mapping finegrained patterns of deprivation in a complex megacity (Baud et al., 2010). The
ward boundaries sometimes cut across larger clusters of deprivation, splitting
them into smaller subunits. For informing pro-poor policy, ward-based
information hides the spatial heterogeneity of deprivation within wards and
across boundaries, hampering effective planning and service provision (Sliuzas
et al., 2017). Thus, more disaggregated and clustered information on
deprivation that also measures its diversity could improve planning and
decision-making in complex and dynamic megacities. It also points to the
possible benefit of coordinating anti-deprivation action across ward
jurisdictions, so that spatial coherent investments and improvements are
made. Thus, VHR imagery, with its potential for covering larger areas with high
temporal frequency, is fit for capturing details of the urban morphology beyond
the aggregated view of administrative units.

5.6

Conclusions

Deprived areas are not homogenous in their dimensions, and considering them
as one class ignores their vast diversity. We have shown that their
morphological differences can be captured from space via image-based
features, used as inputs for modelling the morphological dimensions of
deprivation, i.e., geometry, density, texture pattern, and environment, while
other aspects of their diversity such as economic activities are not easily
captured from space. Employing image-based features within logistic
regression models allowed for the selection of the most significant features to
build a typology of deprivation in a very complex Indian megacity. The resulting
fuzzy probability vector layer allowed for optimizing probabilities thresholds for
the different types of deprivation and other land cover/use types. Comparing
the results with aggregated deprivation maps revealed the internal diversity of
wards as well as the existence of cross-ward clusters of deprivation. Such
disaggregated spatial and semantically meaningful information on deprivation
from VHR imagery has the potential to provide relevant information for
strategic urban planning and management in a complex and dynamic
megacity. Further research could address the transferability of image features
for mapping locally specific types of deprivation to other cities in the global
South, aiming at employing a larger set of training data, which would allow for
using larger feature sets. This would address one of the identified limitations
of this research but also illustrate variations in the typology of deprivation
across the globe.
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6.1

Main Conclusions Per Research Objective

The main objective of this thesis was to develop and evaluate methods for
mapping the spatial patterns of deprivations in cities of the global South.

6.1.1 Conclusions on Sub-Objective 1 (Chapter 2)
Capturing the state-of-the-art on mapping deprivation in VHR remote
sensing imagery
When aiming at capturing the state-of-the-art on mapping deprivation in VHR
remote sensing imagery, presented in chapter 2, it became obvious that limited
knowledge on characteristics of physically deprived areas across the Globe
exists. Our knowledge relies on a few (and often large) cities. The existing body
of knowledge shows that deprived areas and in particular slums share specific
spatial characteristics: they are densely built-up, have organic layout patterns,
small roof areas and are often found at hazardous locations. Concerning the
extraction of such areas in VHR imagery, there is no general agreement on the
most suitable method(s), thus many methods have been developed in the past
two decades that allow mapping them in VHR space-born images. The most
promising methods that can be applied at city scale and/or transferred across
cities are machine learning and texture/morphological based methods, which
work both in the spectral and spatial image domain, for example using image
texture features. These methods are computationally efficient to map entire
cities. However, very few comparative studies exist, which allow an analysis of
the transferability and robustness of these methods and indicator (feature)
sets, also hindered by the absence of a comprehensive framework for the
assessment of the transferability of methods across time, locations and cities.
Most developed methods produce pixel-level information, however, such an
information level has limited usability to inform urban planning policies as the
‘salt-and-pepper’ result is difficult to interpret by non-remote sensing experts.
This calls for an integration with the OBIA paradigm (Blaschke et al., 2014),
producing object level information. Moreover, the diversity of deprived areas
acknowledged in only a few studies have not been covered by remote sensing
(semi) automatic extraction methods.

6.1.2 Conclusions on Sub-Objective 2 (Chapter 3)
Analysing the utility of spatial metrics for mapping unplanned areas
Chapter 3 focused on the extractions of deprived areas using spatial metrics
(Chapter 3). The Chapter addressed the quantification of morphological
differences of unplanned and planned areas in terms of size, density, and
pattern. Employing two different segmentation scales, one on (building) object
level and one on settlement level. However, the object level segmentation in
Delhi, a very complex and densely clustered urban environment, did not allow
capturing this level well. The utility of employing spatial metrics for the
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development of a transferable method for the mapping of unplanned areas is
rather limited, due to the required manual tuning of parameters for different
cities. The obtained accuracy levels of around 70% indicated limited
transferability of the methodology within a city (from training to assessment
areas). Another encountered constraint was that the method could not be
easily upscaled to the entire city or metropolitan area due to computational
constraints, as it would have required batch processing in a high performance
environment. The main contribution besides a framework for the quantification
of morphological differences was the extraction of HUPs, reflecting
homogenous neighbourhoods for data aggregation, which allowed to provide
more meaningful information to inform urban planning and decision making
processes than the pixel level.

6.1.3 Conclusions on Sub-Objective 3 (Chapter 4)
Analysing the utility of image texture for mapping slums
Compared to the utility of spatial metrics (Chapter 3) to extract city-wide and
transferable information on the location of slums areas, in Chapter 4 the grey
level co-occurrence matrix (GLCM) showed much better performances in terms
of extraction accuracies (above 80%), being computational feasibility at city
scale, and transferability across cities. However, the method also required
optimization in terms of used window sizes and adaption for different urban
environments (e.g. a more arid region). The optimization of the scale
parameter to extract HUP used a set of metrics to optimize area, location and
geometry-based properties of HUPs, compared to the commonly employed
‘trial and error’ approach. The best performance to map slums showed the
combination of spectral and GLCM variance within a machine leaning classifier
(random forest). The development towards the use of machine learning in
remote sensing is very promising compared to classical parametric classifier,
e.g. when dealing with heterogeneous spectral classes in complex urban
environments. The final pixel level information produced by the employed
machine learning algorithm was aggregated to HUPs (obtaining accuracies
above 90%), which allowed the production of neighbourhood level information,
combing the advantage of machine learning with OBIA.

6.1.4 Conclusions on Sub-Objective 4 (Chapter 5)
Mapping the diversity of deprived areas via image based features
Chapter 5 departed from the idea that deprived (slums, informal or unplanned)
areas are homogenous areas within cities. Therefore, we developed a local
typology of deprived areas, analysing whether image based features, grouped
into the dimensions of geometry, density, texture pattern and environment,
would allow the mapping of such a typology. For the development of the
typology, qualitative ground information was combined with physical
information that could be extracted from remotely sensed imageries. Given
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computational constraints, to classify the typology of deprivation, the results
of the machine learning classifier (chapter 4) combined with several image
based features have been aggregated at the level of HUPs within a vector
environment using logistic regression models. The employed fuzzy probability
approach allowed to optimize probability thresholds with available
computational facilities. However, such a typology is not transferable across
cities but is locally specific and requires qualitative ground knowledge. The
mapped typologies showed patterns of deprivation that crosscut administrative
units, illustrating that deprivation studies based on such aggregated units
conceal the real extent and diversity of deprivation in a complex urban
environment.

6.2

Reflections

This sections reflects on the main findings of the research and gives some
potential outlooks for further research in the field of mapping derivation with
VHR imageries.

6.2.1 Main Contributions
Mapping deprivation is in many aspects challenging. Maps extracted from
remotely sensed imageries have their limitations in terms of available spatial,
spectral and temporal resolution and availability due to cloud cover and
obtained accuracy levels, not reaching 100%. However, also ground data have
such limitations and different experts might have different views on what is
deprived on the ground (Kohli, Stein, et al., 2016). In general, remote sensing
methods allow to extract information in a systematic manner potentially
covering large metropolitan areas. In this context, this thesis contributed to
the development of such mapping approaches in three main aspects, i.e.
conceptual, methodological and with respect to applications.
On a conceptual level, the research showed that slums share specific
characteristics in terms of size, density, pattern and environmental aspects,
meaning that they are commonly built on hazardous land with densely
clustered small buildings showing organic patterns. These characteristics allow
them to be mapped in VHR image. Therefore, this research argues for a
systematic conceptualization of the morphological characteristics of such areas
before starting any mapping activities as stressed by Hofmann, Strobl,
Blaschke, et al. (2008) and Kohli et al. (2012). However, deprived areas are
diverse and understanding them as a homogenous category is oversimplifying
the on ‘ground realities’. Only few studies have been acknowledging their
diversity (e.g., Graesser et al., 2012; Krishna et al., 2014), but did not map
them using digital image classification. Capturing their diversity requires
detailed qualitative information on the nature of their diversity, which can be
translated into morphological aspects for mapping this diversity in VHR
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imageries. This requires a systematic conceptualisation of morphological
dimensions of deprived areas into image based features. The specific image
features will differ across cities but their generic dimensions (environment,
texture pattern, density, geometry) has the potential to be transferrable. Thus
mapping deprivation requires a systematic conceptualisation of their specific
morphological characteristics.
On a methodological level, this research showed the utility of texture based
image features in addition to spectral features, e.g., knowing that roofing
material of slums are often diverse and not necessarily different from formal
areas. Thus image texture features showed a much better transferability within
and across cities for mapping deprivation, which was also confirmed by other
studies (e.g., Wurm et al., 2017). To combine texture and spectral image
feature, machine learning algorithms are of high utility, being able to deal with
a large number of input features for producing more accurate results than
standard parametric classifier. When working with a large set of potential
image features, their selection is relevant to reduce computation time (Geiß et
al., 2015). Feature selection can be done either with machine learning
algorithms (e.g., Mera, Bolon-Canedo, Cotos, & Alonso-Betanzos, 2017) or
based on statistical methods (e.g., Owen & Wong, 2013a). Within this research
logistic regression was used as an efficient way to select the most significant
features, which allows to quantify their importance and to exclude the nonsignificant features in a computational efficient manner. To overcome the
limitations of the pixel level output, OBIA allows the aggregation of pixels to
homogenous neighbourhoods (HUPs), which could be locally optimized using
size, location and shape metrics as an alternative to the use of ESP (estimate
scale parameter) (Drǎguţ, Tiede, & Levick, 2010).
With respect to application level, this research focused on methods that have
the potential to map entire cities or metropolitan areas. Many remote sensing
studies (e.g., Hofmann et al., 2011; Kohli et al., 2013; Niebergall et al., 2008;
Owen & Wong, 2013a) used relatively small areas (subsets) for showing the
application potential of a specific methodology, not addressing whether this
methodology could be applied to map the slums of a larger area. Thus this
research stressed that methodologies to map deprivation that have practical
application potentials in support of urban planning and decision making, four
main requirements should be met. First, the methodology should be
transferable within and across cities with limited required adaptions (Hofmann
et al., 2011). Here this research highlighted the transferability of texture based
image features. Second, the methodology should be computational efficient to
allow mapping of large areas using VHR imagery, as super-computation
environments such as aimed with the project Dynslum12 are for most local
12

For more information see http://www.dynaslum.com/
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organizations in the global South not easily accessible. Here this research
stressed the utility of machine learning but also statistical modelling in a vector
domain. Third, the aggregation level of the output should be meaningful for
practitioners. Here this research showed the utility to aggregate the ‘salt-andpepper’ pixel based output to homogenous neighbourhood (HUPs) using the
OBIA paradigm, building on the work of Blaschke et al. (2014) and Liu et al.
(2006). Forth, to capture the diversity of deprived areas with image features,
moving away from the ‘one size fits all’ approach. The main strength of remote
sensing in mapping deprivation is its ability to go beyond the often very large
and heterogeneous administrative units and to show spatial clustering across
their boundaries but also showing relationships between census data and
image features (as done by Sandborn and Engstrom (2016)). Spatial patterns
of deprivation are diverse within and across cities, e.g., the city of Mumbai
showed large clusters of deprived areas but also small pockets of deprivation,
which are spread over the entire city, while in Ahmedabad deprived areas are
much smaller in size and with a higher concentration at more central location.
Furthermore, temporal dynamics can be much better and more frequently
captured from space than from the ground, which can highlight very rapid
development dynamics (Kit & Lüdeke, 2013). However, information from space
needs to be coupled with information (e.g., rich qualitative information) from
the ground to develop locally relevant indicators and verify outputs, but also
to understand dynamics and their underlying drivers.

6.2.2 Limitations Encountered within this Research
Throughout this research, access to data was an issue. We managed to obtain
image data free of charge for research purposes. Buying VHR imageries was
not a feasible option, as VHR imageries covering a megacity or a metropolitan
area easily cost several thousand Euros. When aiming at multi-temporal
analysis the cost would increase dramatically. Moreover, image availability
e.g., due to cloud cover and transferability issues will arise due to different
sensor characteristics. As a consequence, this research did not include an
analysis on a metropolitan scale nor an analysis of the dynamics of deprivation.
Also access to non-image data (e.g., census) was an issue, particularly in India
where such data are not easily available for international researchers. As a
result, the work described in chapter 5 was conducted with rather outdated
census data.
Due to personal constraints, data collection in the field had to be done within
ongoing projects, using resources that were available or could be done within
other data collection campaigns. Spending long periods in the field would have
allowed to interact more with local planning practitioners, NGOs and local
communities to better understand local information needs. For instance, it
would be important to understand different views of planners versus
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inhabitants on the potential benefits but also potential threats associated with
putting deprived areas on maps. For instance, it might be important for NGOs
supporting local communities to get access to historic archives showing the
dynamics of an area. However, this may also increase the danger that
communities are more easily evicted when maps of deprived areas are overlain
with municipal hazard zoning or environmental protection maps. Thus it is
important to better address ‘what are the gains and threats’ of mapping
deprivation for local communities. For instance, privacy and ethical issues are
not covered (they are ignored in most remote sensing studies), this problem
will further increase with technological advances (e.g., higher spatial
resolution). We are not able to judge what might be the possible impacts for a
household to be mapped as living in a deprived area. It could lead to
stigmatization but also could call local authorities for action to upgrade such
an area.

6.2.2 Recommendations for Further Research
After completing this research, several further research ideas have been
evolving that could contribute to better understand the complexity and
dynamics of deprived areas in often rapidly growing cities in the global South.
This research developed methodologies for mapping deprived areas and their
diversity. What has not been covered within this research is the mapping of
temporal dynamics, which is important to support urban planning and
management. Slum development processes can be complex and dynamic. For
instance, to support slum dweller organizations with historic records that
document when slums have been established. This can be a very useful
evidence to protect inhabitants against evictions (Beukes, 2015). However, the
multi-temporal mapping of such areas is methodological challenging besides
being data demanding. Here the transferability of methods and image features
are crucial (Pratomo et al., 2016). To reduce the time spent on training
algorithms with multi-temporal imageries (Demir, Bovolo, & Bruzzone, 2013),
the further development of transfer learning approaches is of great potential
to overcome the lack of training data and the combination of different sensors
when working with historic imageries.
In this research, different image based features (e.g., spectral, texture, shape
features) have been employed for mapping deprivation, however, further
image features might be explored that relate to the unique properties of such
areas. For example, height information extracted from VHR stereo or UAV
images (e.g., Gevaert et al., 2017) could increase mapping accuracies and
would be useful to further refine the mapping of the diversity of deprivation.
Furthermore, high resolution nightlight images (such as the images available
from the International Space Station) allow to map differences between
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deprived and formal areas as well as differences within and across deprived
areas (Kuffer, Sliuzas, van Maarseveen, Pfeffer, & Baud, 2017). Another
example could be thermal images to explore specific environmental conditions
faced by inhabitants. Image features extracted from such data could be used
to further improve classification accuracies and provide additional physical
indicators to better understand the complexity of deprivation. Here the further
development of automatic feature selection methods (similar to Geiß et al.
(2015)) are of great relevance.
This research used HUPs (neighbourhood level) extracted via image
segmentation including also physical features (i.e., roads) to overcome the
limitations of pixel level information, however this final aggregation level can
be improved. Neighbourhood boundaries might be defined by using additional
data layers such as OSM data (e.g., blocks) or image based features (e.g.,
texture), for instance, to better capture low density built-up areas. In addition,
more attention should go to the inclusion of small pockets of deprivation, which
are poorly covered in most mapping approaches (e.g., Kit et al., 2012; Wurm
et al., 2017). Leaving out the small pockets bears the risk that we ignore one
of the most deprived groups in urban areas, which commonly has no voice in
relation to urban planning and management and possible upgrading schemes.
Within this research, a machine learning algorithm (random forest) has been
used. Presently a lot of research is conducted on the comparison of different
machine learning algorithms, for example, support vector machines (SVM) or
convolution neural networks (CNN). Therefore, it would be interesting to
explore which methods are most appropriate under which conditions,
considering the use of large sets of features, the (semi) automatic selection of
features, the processing of large areas to cover entire cities or metropolitan
regions and the inclusion of small pockets of deprivation.
Finally, more research is required to bridge the gap between technology and
practice, to provide information extracted from the state-of-the-art remote
sensing techniques to support planning processes, planning professional but
also NGOs dealing, for example, with improvement projects in deprived areas.
This calls for bridging the communication gap between the planning and remote
sensing communities, similar to the gap stressed by Silva, Bertolini, te
Brömmelstroet, Milakis, and Papa (2017) showing that planners have different
expectations about planning support tools while developers/researchers are
not well aware about their requirements. Thus too little research focuses on
what are the information requirements by planning practitioners, for instance,
at what spatial-temporal scale and level of semantic detail information would
be needed. Therefore, it will be important to better comprehend what
information is needed on the ground to better understand, analyse and predict
developments in such dynamic and complex urban neighbourhoods. This might
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also include the monitoring of deprived areas and their dynamics in the global
North (such as refugee camps (S. Wang, So, & Smith, 2015)) and a critical
assessment of the benefits of information to different stakeholder groups.
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Summary
Most cities in the global South are unable to provide adequate housing and
basic services to their low income inhabitants, causing that around one quarter
of the global urban population is living in physically deprived areas, often
referred to as slums. Spatial data on the location, extent and site-specific
variations are considered essential to support planning, policy formulation and
upgrading schemes. Such data, however, are often not available or outdated
due to rapid development dynamics, the size of cities and the high number of
deprived areas. Mapping these through ground surveys is rather labour
intensive, ineffective (since developments are fast) and often not feasible with
locally available resources and capacities. In this thesis, the use of space-born
very high resolution (VHR) imageries is seen a potential alternative to provide
rapidly base data on deprived areas at site, city or metropolitan scale for
different moments in time. In the past years, many remote sensing methods
have been developed that have the potential to identify and map such areas in
VHR imageries. However, up till now, there is no consensus internationally on
the most suitable method for deriving base data on deprived areas. To address
this gap, this thesis aimed to develop and evaluate methods for mapping
spatial patterns of deprivation in cities of the global South. For this
purpose, four sub-objectives have been addressed in individual chapters, and
their main results are summarized below.
To obtain an overview of available methods and image features to map
deprived areas a review on the state-of-the-art on mapping deprivation
by means of VHR remote sensing imagery was conducted. The review
showed that our knowledge on mapping deprived areas in VHR imagery is
limited to relatively few regions on the globe and that such areas display
commonalities in terms of their spatial characteristics, besides context-specific
differences. In general, they are densely built-up, have organic layout patterns,
small roof areas and are often found at hazardous locations. Furthermore, the
diversity of deprived areas was addressed in several publications but not
mapped using image classification methods. Concerning methods to map
deprivation,
the
review
showed
that
machine
learning
and
texture/morphological based methods are the most computationally efficient
and achieved highest classification accuracies.
In order to capture the spatial characteristics, the utility of spatial metrics
for mapping unplanned areas was analysed for the city of Dar es Salaam
(Tanzania) and Delhi (India). An object level segmentation was used to
quantify three morphological dimensions of unplanned areas (i.e., size,
density, and pattern) with a selected set of spatial metrics. The results have
been aggregated at the level of homogeneous urban patches (HUPs),
representing homogeneous neighbourhoods. Results showed that aspects of
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the morphological differences between unplanned and planned areas could be
captured with the employed set of spatial metrics (achieving an accuracy of
around 70%). However, the results also showed computational constraints and
transferability problems within cities, and in particular across the two rather
different cities in terms of average building sizes and densities.
In search of a more transferable and computationally efficient approach the
utility of image texture for mapping slums was analysed. Employing the
grey-level co-occurrence matrices (GLCM) variance with a machine learning
algorithm to differentiate slums and formal HUPs performed well in terms of
accuracy levels (around 90%). Furthermore, the transferability showed
consistently good results in three rather different cities, i.e., Mumbai (India)
with many large and very diverse slum areas, the semi-arid city of Ahmedabad
(India) with in average smaller slum areas and the city of Kigali (Rwanda) with
much lower built-up densities and a complex topography. Parameter settings
for defining suitable scale parameters for HUPs and window sizes of the GLCM
variance were evaluated and required some adaptions for different urban
environments, which reduced the transferability. However, the GLCM variance
showed to be a rather robust image feature for mapping slums, avoiding high
dimensionality of large features sets, which easily causes computational
constraints.
Departing from the idea that deprived areas are homogeneous within a city,
this thesis developed a methodology to map the diversity of deprived areas
via image based features. For this purpose, the city of Mumbai (India) was
used to develop a local typology of deprivation based on qualitative ground
knowledge. The typology of four types of deprived areas and one formal builtup type was conceptualized into four physical dimensions of deprivation, i.e.,
environment, texture pattern, density, and geometry. All four dimensions were
quantified with image based features, extracted via various image analysis
methods such as GLCM, machine learning or spatial metrics. The significance
of the set of these features was evaluated using logistic regression modelling,
which also allowed to calculate the probability of a specific HUP to belong to
one of the four deprived types. The final classification of the HUPs was
determined by probability values within a vector domain, which is
computationally much more efficient than working with pixel values in a raster
domain. The result showed a moderate classification accuracy (around 79%).
Comparing the results with a census based analysis of multiple deprivation
showed great internal spatial diversity of deprivation within the large
administrative units. This indicates that remote sensing based information on
the diversity of deprivation is covering much better the spatial patterns and
clustering of deprivation compared to deprivation mapping at administrative
units. Thus remote sensing based information provides spatially detailed
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information on the extent of deprivation seen essential to inform urban
planning and decision making.
In conclusion, deprived areas across Indian and East African cities used in
this research showed commonalities in their morphology in terms of built-up
densities, building sizes and layout patterns (being clearly different from formal
built-up areas), which could be captured with the GLCM variance for mapping
purposes. The aggregation to HUPs facilitated the analysis and provided more
policy relevant information compared to a much noisier pixel level output. The
use of GLCM, machine learning and spatial metrics allowed the mapping of the
diversity of deprivation employing logistic regression modelling as a road
forward to leave the idea that deprived areas are homogenous. Thus VHR
imageries allowed to map deprivation as well as their diversity where statistical
and machine learning methods were most efficient in terms of required
computation resources and transferability.
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De meeste steden in de Global South zijn niet in staat om adequaat huisvesting
en infrastructuur voorzieningen te bieden aan hun arme bevolking, waardoor
ongeveer
een
kwart
van
de
stedelijke
wereldbevolking
in
achterstandsgebieden woont, vaak ook aangeduid als sloppenwijken.
Ruimtelijke informatie over verschillen in locatie, omvang en inrichting zijn
essentieel voor de ondersteuning van planning, beleidsformulering en het
upgraden van achterstandsgebieden. Dergelijke informatie is vaak niet
beschikbaar of verouderd vanwege de snelle ontwikkeling, de grootte van de
steden en het aantal achterstandsgebieden. Het karteren van deze gebieden is
vrij arbeidsintensief, ineffectief (vanwege de snelheid van ontwikkeling) en
vaak niet haalbaar met lokaal beschikbare middelen en capaciteiten. In dit
proefschrift wordt het gebruik van zeer hoge resolutie satellietbeelden (very
high resolution: VHR) onderzocht, als alternatief om snel basisgegevens te
verkrijgen over achterstandsgebieden op lokaal, stads- of metropolitaans
niveau op verschillende momenten in de tijd. In de afgelopen jaren zijn
verschillende aardobservatie methoden met behulp van ‘VHR-beelden’
ontwikkeld, die de mogelijkheid bieden om dergelijke gebieden in kaart te
brengen. Tot nu toe is er geen internationale consensus over de beste methode
voor het extraheren van basisdata over achterstandsgebieden uit ‘VHRbeelden’. Om dit probleem aan te pakken, was dit onderzoek gericht op het
ontwikkelen en evalueren van methoden voor het in kaart brengen van
ruimtelijke patronen van achterstandsgebieden, in steden in de Global
South. Daarvoor zijn vier subdoelstellingen (in achtereenvolgende
hoofdstukken) aangepakt, waarvoor de belangrijkste resultaten hieronder zijn
samengevat.
Allereerst is een review van de ‘state-of-the-art’ uitgevoerd naar
beschikbare methoden om met beeld kenmerken achterstandsgebieden in ‘VHR-beelden’ te karteren. Uit de review bleek dat de kennis
over het karteren van achterstandsgebieden in VHR-beelden beperkt is. Ook
blijkt dat de kennis is gebaseerd op een gering aantal regio’s in de wereld, en
dat dergelijke gebieden vergelijkbare ruimtelijke eigenschappen hebben, naast
context specifieke verschillen. In het algemeen zijn ze dicht bebouwd, hebben
een onregelmatig patroon van inrichting, kenmerken zich door kleine daken en
zijn vaak gelegen op risicovolle locaties. In veel publicaties wordt met nadruk
op de verscheidenheid van achterstandsgebieden gewezen, maar deze
verscheidenheid wordt niet in kaart gebracht met behulp van digitale beeld
classificatie. Ten aanzien van methoden om achterstandsgebieden te karteren
concludeerde de review dat ‘machine learning’ en textuur/morfologische
methoden rekentechnisch de meest efficiënte methoden zijn met de hoogste
classificatie nauwkeurigheden.
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Met betrekking tot de ruimtelijke eigenschappen van achterstandsgebieden is
het nut van ‘spatial metrics’ voor het in kaart brengen van ongeplande
gebieden geanalyseerd voor de steden Dar es Salaam (Tanzania) en New
Delhi (India). Een object niveau segmentatie is gebruikt om drie morfologische
dimensies van ongeplande gebieden met specifieke ‘spatial metrics’ te
kwantificeren (d.w.z. grootte, dichtheid en patroon). De resultaten zijn
geaggregeerd op basis van homogene stedelijke buurten (homogeneous urban
patches: HUPs). Het onderzoek toont aan dat aspecten van morfologische
verschillen tussen ongeplande en geplande gebieden middels ‘spatial statistics’
kunnen worden geanalyseerd (met een nauwkeurigheid van ongeveer 70%).
Echter, de resultaten geven ook aan dat er rekentechnische beperkingen zijn
en dat overdraagbaarheid een probleem vormt binnen de steden, maar ook en in het bijzonder - van de ene stad naar de andere (door verschillen in
gemiddelde dak groottes en dichtheden).
Op zoek naar een meer overdraagbare en rekentechnisch efficiënte methode
is het gebruik van beeldtextuur voor het in kaart brengen van sloppenwijken geanalyseerd. Het gebruik van de GLCM (grey-level co-occurrence
matrices) variantie samen met een ‘machine learning’-algoritme voor het
onderscheiden van sloppenwijken en formele HUPs blijkt een hoge
nauwkeurigheid te hebben (ongeveer 90%). Ook levert de overdraagbaarheid
voor drie verschillende steden consistent goede resultaten op:
achtereenvolgens Mumbai (India), een stad met veel grote sloppenwijken, de
semi-aride stad Ahmedabad (India) met gemiddeld kleinere sloppenwijken en
tenslotte de stad Kigali (Rwanda) met een veel lagere bebouwingsdichtheid en
complexe topografie. Parameterinstellingen voor het bepalen van de geschikte
schaal voor de HUPs en de kernel grootte voor de GLCM-variantie zijn
geëvalueerd en vereisen aanpassingen voor de verschillende steden, hetgeen
de overdraagbaarheid reduceert. Toch blijkt de GLCM-variantie robuuste beeld
kenmerken op te leveren voor het in kaart brengen van sloppenwijken,
waardoor een groot aantal beeld kenmerken (met hoge eisen aan
rekencapaciteit) vermeden kan worden.
Uitgaande van het idee dat achterstandsgebieden géén homogene gebieden
zijn, is in dit onderzoek een methodologie ontwikkeld om de diversiteit
van deze gebieden via op beeld gebaseerde kenmerken in kaart te
brengen. De stad Mumbai (India) is gebruikt om een lokale typologie van
achterstandsgebieden te ontwikkelen, gebaseerd op kwalitatieve lokale kennis.
De typologie van vier achterstandsgebieden en één formeel gepland gebied is
geconceptualiseerd in vier fysieke dimensies, met name omgeving, textuur,
dichtheid en geometrie. Alle vier dimensies zijn gekwantificeerd met beeld
kenmerken, geëxtraheerd via verschillende beeldanalysemethoden, zoals
GLCM, ‘machine learning’ of ‘spatial metrics’. De significantie van beeld
kenmerken is geëvalueerd met behulp van logistieke regressieanalyse,
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waarmee ook de kans kan worden berekend dat een specifieke HUP tot één
van de vier typen achterstandsgebieden behoort. De definitieve classificatie
van de HUPs is bepaald met behulp van de berekende kansen in het vector
domein, hetgeen rekentechnisch veel efficiënter is dan het werken met
pixelwaarden in een raster domein. Het resultaat laat een matig goede
classificatie nauwkeurigheid zien (ongeveer 79%). Een vergelijking met
resultaten van een op een volkstelling gebaseerde analyse van
achterstandsgebieden resulteert in een grotere interne ruimtelijke diversiteit
binnen de administratieve gebieden. Dit wijst erop dat met behulp van
aardobservatie verkregen patronen en clusters de diversiteit van
achterstandsgebieden veel beter kan worden weergegeven dan met behulp van
informatie van administratieve gebieden. Zo biedt aardobservatie ruimtelijk
gedetailleerde informatie over achterstandsgebieden, die essentieel is voor
stedelijke planning en besluitvorming.
Concluderend kan worden gesteld dat de onderzochte achterstandsgebieden
in steden in India en Oost-Afrika overeenkomsten vertonen in hun morfologie
(bebouwingsdichtheid, dak groottes en onregelmatige patronen van
inrichting). Deze overeenkomsten laten een duidelijk verschil zien met formeel
geplande gebieden, hetgeen kon worden geanalyseerd met de GLCM variantie.
De aggregatie op het niveau van HUPs vergemakkelijkt de analyse en verstrekt
meer beleidsrelevante informatie in vergelijking met het pixel niveau. Het
gebruik van GLCM, ‘machine learning’ en ‘spatial metrics’ maakt het in kaart
brengen van de diversiteit van achterstandsgebieden mogelijk met behulp van
logistieke regressieanalyse. Het toont aan dat afstand moet worden genomen
van het idee dat achterstandsgebieden homogeen zijn. Met behulp van VHRbeelden kunnen achterstandsgebieden en hun diversiteit in kaart worden
gebracht waarbij statistische en ‘machine learning’ methoden het meest
efficiënt zijn op het vlak van rekensnelheid en overdraagbaarheid.
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