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CHAPTER 14

Mapping the Morphology  
of Urban Deprivation: The  
Role of Remote Sensing  
for Developing a Global  
Slum Repository

Abstract

Globally, about one billion urban dwellers live in deprived areas (commonly referred to as slums). 
However, this figure is highly uncertain due to large data gaps. For example, in many cities, systematic 
underreporting occurs, which hampers the monitoring of SDG indicators. Earth observation (EO) 
data can be used to extract consistent spatial information on important aspects of the physical 
domain of deprivation and can offer essential proxies to not well-covered (e.g., social and economic) 
domains. However, for the development of a global data repository on deprived areas, several 
conceptual and methodological issues need to be solved. First, the relationship between concepts of a 
slum household and a deprived area needs to be defined in the context of information available in EO 
images. Second, the costs and benefits of different types of EO-data need to be established. Third, at 
different scales (ranging from communities, city to global scales), meaningful spatial aggregation 
units need to be established that are suitable to deal with uncertainties, privacy, ethics, and user needs. 
Fourth, computationally feasible, scalable, and transferable methods are required to produce a global 
data repository on deprived areas. This chapter provides an overview of methodological advances to 
address these four major challenges.
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14.1 BACKGROUND
The accelerated urban growth in many low- to- middle- income countries (LMICs) contributes 
to the increase and perseverance of inequalities faced by urban inhabitants. Such inequalities 
relate to access to basic infrastructure and essential services (e.g. health, education), adequate 
housing, and environmental conditions (e.g. overcrowding and pollution). As a consequence, 
a large part of urban inhabitants in LMICs are severely impacted in terms of poor living con-
ditions and adverse health effects (UN Department of Economic and Social Affairs Population 
Division  2019). UN- Habitat (2016) estimates that around one billion people live in slums, 
informal settlements, and areas of inadequate housing. However, this number may be uncer-
tain due to large data gaps. Furthermore, this number might triple by 2050 without interven-
tions (World Economic Forum 2019). Increasing numbers of people living in deprived urban 
areas (commonly also referred to as slums, informal, or unplanned areas) are largely driven by 
the high urbanization rates in many LMICs. UN statistics predicted that over 68% of the 
world’s population will be living in urban areas by 2050, where the majority of this growth is 
expected to happen in LMICs. For example, the rapid African urban population growth (pro-
jected to increase between 2010 and 2030 from 35% to 50%) (World Bank 2015) is stressing 
local capacities to provide low- cost housing and basic infrastructures, leading to the massive 
growth of deprived urban areas (UN- Habitat 2016). However, too little is known about the 
locations, built- up, demographic, and socioeconomic dynamics in such areas. Global and local 
population estimates in such areas are very uncertain, incomplete, and inconsistent, e.g. the 
population is often dramatically underestimated in census data (Taubenböck and Wurm 2015). 
At the same time, temporary and new settlements are often totally omitted (Kuffer 
et al. 2018b, 2019). Furthermore, localized information about the geography of such settle-
ments is commonly not available (Kuffer et  al.  2018b). Reliable and up- to- date data are 
urgently required, e.g. to address the dramatic variations between health outcomes (such as 
the large differences in life expectancies in deprived areas as compared to well- serviced and 
planned areas) or the often much higher risks in such areas (e.g. in the context of climate 
change) (Lilford et  al.  2019; Müller et  al.  2020). EO data, in particular, combined with 
artificial intelligence (AI) applying machine learning, have the capacity to provide consis-
tent maps on the location of deprived areas and their morphological characteristics  (Mahabir 
et al. 2018b; Kuffer et al. 2016a) and is better equipped to keep up with the very dynamic 
urbanization process as compared to census data collections with large time intervals. In 
EO- data, deprived areas can be identified based upon their physical and morphological dif-
ferences with the rest of the urban structure (Kohli et al. 2012). While a generalization of 
the morphological characteristics oversimplifies the complex reality of deprived areas 
(Taubenböck et al. 2018a), studies have shown that many of those areas feature a significant 
different morphologic appearance than formal settlements (Taubenböck and Kraff 2014). 
Moreover, studies have proven that proxies of morphologic structures with a certain 
characteristic do mirror a social group within the complex urban landscape (Wurm and 
Taubenböck  2018; Sandborn and Engstrom  2016). Figure  14.1 shows an example of a 
deprived area (a) and a nondeprived area (b) in Dar es Salaam, Tanzania. The two areas are 
morphologically different; visually, we can distinguish the deprived area by its denser and 
irregular building pattern with less open space, less vegetation, smaller roof sizes and 
specific materials (i.e. roof colors), and irregular roads.

Building on such morphological differences, this section provides an overview of the 
capability of EO- data to rapidly produce consistent and multi- temporal maps of deprived 
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areas, i.e. the ability to map the physical dimension of deprivation, and of the current chal-
lenges to achieve a transferable and scalable framework toward the development of a global 
repository on deprived areas. Such a global repository should also allow adding data on other 
dimensions of deprivation (e.g. social), which cannot be directly captured by EO- data. There-
fore, we discuss four major challenges to be considered in deprivation area mapping. 
Section 14.2 conceptually elaborates on how to overcome the dilemma that the five criteria 
used by the household- level slum definition of UN- Habitat (2003) (i.e. durable housing, 
sufficient living space, safe and sufficient water, adequate sanitation, security of tenure) are 
mostly not directly observable in images, i.e. an image captures the physical dimension of 
area-   level deprivation (challenge 1). Therefore, this section proposes EO- derived image fea-
tures that serve as proxies for these not directly observable criteria and compares different 
aggregation levels. Section 14.3 reviews the vast amount of EO- data available, ranging from 
free- cost to very expensive commercial data. This includes a discussion of the cost- benefit 
relation of these data for the purpose of mapping deprived areas and combining image- based 
data with other geospatial data (challenge 2). The required level of detail of a global repository 
of multi- scalar data (i.e. the aggregation level) that takes into account uncertainties along 
boundaries, locational privacy issues, ethics, and user needs is sketched in Section  4.1 
(challenge 3). To provide societally relevant information, Section 5.1 assesses the scalability 
and transferability of EO- methods, and Section 6.1 provides examples of these methodo-
logical advances (challenge 4). The section concludes with the development of an Integrated 
 Deprivation Area Mapping System.

FIGURE 14.1 Pan- sharpened Pleiades image of Dar es Salaam deprived area (a) and nondeprived area (b).



308 Chapter 14 Mapping the Morphology of Urban Deprivation

14.2 DEPRIVATION: AN AREA- BASED AND RELATIVE CONCEPT
Commonly used definitions of slums refer to household- level deprivations  (UN- Habitat 2018) 
such as lack of livelihood assets, for which data are collected through national population 
statistics or focused surveys (Alkire et  al.  2014; Baud et  al.  2008). Nevertheless, for 
monitoring purposes or to design area- based policies, such “ground- based” data on 
household-  deprivations, not observable from space, are normally aggregated to some kind 
of spatial unit (e.g. census area, electoral ward, administrative unit), which can be com-
plemented with pixel-   based information from EO- data to capture physical, observable 
characteristics of deprivations (Kuffer et  al.  2014; Baud et  al.  2010). However, seeing a 
deprived area as an area- based (neighborhood) phenomenon requires transforming 
household- level slum definitions and pixel- level mapping approaches to an area- based 
construct (Lilford et  al.  2019). This has also been conceptualized in the generic slum 
ontology (Kohli et  al.  2012), which emphasizes the neighborhood effect of deprivation 
(Andersson and Musterd  2010) (e.g. densely built- up areas with no green spaces) and 
defines deprived areas based on object (e.g. average housing sizes), settlement (e.g. 
 densities) and environment (e.g. location) criteria. Such a conceptualization identifies 
features that serve as proxies of nonobservable household- level slum indicators of UN- 
Habitat (i.e. durable housing, sufficient living space, safe and sufficient water, adequate 
sanitation, security of tenure). For example, tenure security cannot be directly observed in 
an image, but the irregularity of building layouts can be captured by image features such 
as texture (e.g. Grey Level Co- occurrence Matrix (GLCM) features). The clustering of 
slum households, and the absence of green open spaces (e.g. captured by vegetation 
indices or high surface temperatures (Wang et al. 2019c)), increases the deprivations faced 
by people living in such an area (e.g. the relation between densely clustered houses and 
epidemiology), beyond the individual household- level slum criteria; the scale at which 
certain effects occur differs by (deprivation) dimension (Lilford et al. 2017; Veldhuizen 2017). 
Thus, EO- data may be used to measure morphological characteristics of deprived areas 
and therefore capture urban deprivation as an area- based construct (Taubenböck 
et al. 2018a; Kuffer et al. 2016a).

Basically, there are two methodological approaches when mapping deprived areas, i.e. 
top- down methods that start with a predefined spatial unit such as administrative units (e.g. 
wards or neighborhood boundaries usually used for publishing household- level slum 
population statistics) or bottom- up methods that start with homogenous areal units (e.g. phys-
ically, socioeconomically or morphologically homogenous units) (Martínez et al. 2016; Kuffer 
et al. 2017). Commonly used spatial units to map deprived areas (beyond pixel- level) are the 
following:

• Administrative or statistical units or areas of political representation; often, they do not 
reflect the urban morphology well and/or are too large (Baud et al. 2010) and have been 
related to the modifiable areal unit problem (MAUP) leading to a statistical bias when 
aggregating data at different spatial units (Cebrecos et al. 2018);

• Street blocks (defined by the road network), which may suffer from inconsistency (i.e. data 
are incomplete for many deprived areas and cities in LMICs) or unavailability of road 
 network data (e.g. in peri- urban areas) (Grippa et al. 2018);

• Segments of morphologically homogenous areas created through image segmentation 
algorithms, that need to be optimized for different locations (Kuffer et al. 2017);

• Grids of a varying size, which may cut across different urban types (Duque et al. 2017).
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Figure 14.2 exemplifies spatial units commonly used to map deprived areas. It can be 
observed that administrative units are often too large to capture the morphologic heteroge-
neity well. Street blocks derived from available road data or segments extracting morpho-
logical homogeneous areas in images and evenly spaced grids perform better in terms of 
spatial detail. However, the street blocks suffer from inconsistencies and gaps in publicly 
available road networks, and segments may need to be optimized based on the urban mor-
phology, which requires post- processing. Therefore, when aiming at solutions with low 
computational costs, grids are a more suitable solution, as the gridded- approach also allows 
problem- specific aggregation to spatial units at different scales, e.g. to compute health indi-
cators at health wards. Apart from these morphological considerations, it needs to be noted 
that deprivation is a relative concept of a continuous and multi- dimensional phenomenon, 
which encompasses different aspects of social, economic, and environmental circum-
stances (Martínez et al. 2016). What is adequate or acceptable in one location might not be 
so elsewhere (Gilbert 2007). Therefore, the concept of deprivation needs to be defined and 
modeled continuously, moving away from the binary deprived  –  nondeprived mapping 
approaches (Ajami et  al.  2019).  Conceptually, it must be kept in mind that deprivation 
involves local and relative components; machine- supported programming for differentiation 
in satellite data can, therefore, not function globally but must integrate these specificities 
in order to not run the risk of being unrealistic for many areas due to the simplified 
general norm.

14.3 DATA SOURCES: OVERVIEW OF EO- DATA IN RELATION 
TO THEIR BENEFITS AND COSTS
A large number of high (HR) and very- high- resolution (VHR) sensors are available. The 
large majority of deprived area related publications utilize VHR multispectral images 
(i.e. with a spatial resolution of 1 m and below). However, the costs of such images are 
also very high (e.g. for large cities beyond €10K); therefore, many publications do not 
develop city/urban/regional-   level mapping approaches. The ability to identify individual 
urban objects (e.g. building outlines) is mostly defined by the spatial resolution that dif-
ferent sensors capture (besides the object size and contrast to its surrounding), which is 

Administrative
units (wards)

Blocks defined by
the roads

Segments Grids
(100 × 100 m)

F IGURE 14.2  Various areal conceptualizations to aggregate deprivation areas in red color (displayed 
on top of a PlanetScope image) showing the Dharavi ward in Mumbai, India.
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illustrated in Figure 14.3, comparing the ability of Sentinel- 2 (10 m bands), PlanetScope 
(3.8 m) and WorldView- 2 (0.5 m) images to characterize a deprived area (example of the 
Dharavi slum in Mumbai, India).  Furthermore, the spectral characteristics of sensors 
determine the ability to differentiate cover materials, e.g., to distinguish vegetation from 
roof cover or paved from dirt roads; therefore a multi-   sensor/resolution approach is 
advantageous (Wurm et al. 2019). Although VHR images seem to be most desirable to 
map deprived areas, their immense data and computational costs are adverse factors that 
negatively impact scalability and transferability toward a large- area to an even global 
framework. Thus, the majority of machine learning- based publications stay much below 
the city scale when mapping deprived areas. Reviewing the data reported in remote sens-
ing publications since 2016, more than 70% use commercial VHR images (see for details 
Section 14.5), around 10% Google Earth (GE) images (these are mostly VHR freely avail-
able via the Google software; however, they cannot be downloaded with full spectral 
bands and have use restrictions), and less than 20% use free or low- cost data. Reasons 
seem to be obvious when comparing the detailed information available in VHR images 
with low- cost (e.g. SPOT or PlanetScope) or free images (e.g. Sentinel- 2), which have a 
coarser resolution (Figure 14.3).

However, the obvious benefit of VHR images needs to be paid not only by the price to 
acquire these images but also by the much higher computational costs when scaling mapping to 
an entire city. Mapping at the city- level is required to inform planning and policymaking, e.g. 
supporting strategic resource allocation or disaster preparedness programs. Furthermore, when 
aiming to map an area, great spatial details in VHR images are causing unwanted noise (e.g. 
small objects on roofs are visible – roofs are often used for storage) (Wang et al. 2019a). Whereas, 
studies (Engstrom et al. 2017; Wang et al. 2019a) stressed that the resolution of 2–5 m is more 
suitable for city- level mapping of deprived areas. Moreover, high mapping accuracies have been 
achieved by Sentinel and RapidEye images (Wurm et al. 2017, 2019; Badmos et al. 2018).

Image features mainly provide information on the physical and morphological 
dimension of deprivation but not detailed information of the socioeconomic deprivation 
domain. To bridge gaps of image- based information, the capabilities of nonimage features 
combined with image features are useful to map deprived areas (Mahabir et al. 2018a). Several 
recent studies (Kuffer et al. 2017; Ajami et al. 2019) and projects (e.g. the Million Neighbor-
hoods Initiative: https://millionneighborhoods.org) confirm the value of nonimage features such 
as road access captured by volunteered geographic information (VGI) data, which is an important 
feature to distinguish deprived and nondeprived areas. Other relevant spatial information is related 
to locational characteristics (e.g. hazardous locations) but also socioeconomic characteristics can 
be inferred from unstructured data sources (e.g. Twitter messages (Taubenböck et  al.  2018b)). 
 Furthermore, data linking to land tenure (e.g. location of online real- estate transactions (Mahabir 
et al. 2018a)) have shown to be suitable proxies of deprived versus nondeprived areas.

14.4 TOWARD A GLOBAL MAPPING PRODUCT: PEOPLE- PIXELS- PRIVACY
In recent years, methodological approaches toward spatial localization of deprived areas have 
changed their focus from rule- based to machine learning algorithms. Independent from these 
two approaches, one decisive key issue remains that there does not yet exist a globally accepted 
and clearly defined framework of what structures and which parameters define deprivation. 
Most existing studies use the appearance of the specific characteristics of built- up structures 

https://millionneighborhoods.org
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F IGURE 14.3  Level of detail of different sensors, comparing WorldView- 2, PlanetScope, and 
Sentinel- 2 images for the case of Dharavi Slum in Mumbai, India.
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(Sliuzas et al. 2008; Graesser et al. 2012; Leonita et al. 2018; Taubenböck and Kraff 2014). 
However, others rely on night- light emissions (Kuffer et al. 2018a) or the high spatial detail of 
unmanned aerial vehicle (UAV) images (Gevaert et al. 2017, 2018; Sliuzas et al. 2017). Conse-
quently, scientific results are inconsistent; validation is, to a certain degree, subjective with 
respect to the specific definition used (Kraff et al. 2020). A global repository, however, demands 
a clearly defined framework.

Recent developments in the classification domain promise the capability for large- area 
approaches beyond most existing studies (Wurm et al. 2019), which are typically based on one 
or few cities. However, in support of the development of pro- poor policies, user requirements, 
locational privacy and ethical considerations need to be addressed before making data on 
deprived areas publicly available. Geo- ethics, which means to be reflective and carefully con-
sider the ethical, social, and cultural implications of geographic information, e.g. produced by 
EO- methods (Bohle 2016; Di Capua and Peppoloni 2019), should be taken into account. Here, 
the need to protect privacy and avoid negative consequences (e.g. evictions) for inhabitants of 
mapped areas and mapping products is essential. The development toward a standardized and 
scalable mapping framework to provide global information on the geography of deprived 
areas was recently sketched by a group of slum- mapping experts as the concept of an Integrated 
Deprived Area “Slum” Mapping System (IDeAMapS) (Kuffer et al. 2020; Thomson et al. 2020), 
using a gridded system to protect locational privacy. Such a system would allow for rapid, reg-
ular, and consistent mapping of deprived areas across cities in LMICs cities (Figure 14.4).

New image and pattern analysis methods, in general terms, AI, already make it possible 
today and even more so in the future to spatially identify deprived areas – although, as dis-
cussed, still based on differing concepts. From a scientific perspective, first of all, this is a 
development that helps us to better understand the phenomenon of deprived areas, their 
dimensions, and their characteristics. At the same time, more (spatial) knowledge of these 
phenomena alone is no justification for building up a global repository; it must be understood 

Earth
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F IGURE 14.4  Combining datasets for the development of a global repository on deprived areas.
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as a transit station: Only if this new knowledge leads to a reduction of inequality, or in other 
words, to improved quality of life for the inhabitants of deprived areas, these approaches will 
be justified. This is still barely discernible today; for this to happen, inter-  and transdisciplin-
ary approaches must be developed. They need to bring together those affected, with politi-
cians, decision- makers, stakeholders, and scientists for the development of a global repository. 
And, this needs to lead to action. Simply mapping of deprived areas contains the risk for 
 stigmatization, fines, evictions, among other effects doing harm to the people by this new 
knowledge.

Several machine learning approaches exist for mapping deprived areas. They range 
from classical machine learning to deep- learning approaches. Classical machine learning 
approaches typically combine large sets of hand- crafted features to model per area (e.g. a grid 
cell) the degree of deprivation or produce binary maps (deprived versus nondeprived). Image 
features employed in such approaches commonly include spectral, texture, structural, and 
occasionally nonimage features (e.g. road densities) to define the degree of deprivation. To 
avoid high dimensionality of feature sets (e.g. several hundreds of often highly correlating fea-
tures), feature selection is commonly employed (Izquierdo- Verdiguier and Zurita- Milla 2020; 
Geiß et  al.  2015). Deep learning methods such as Convolutional Neural Networks (CNNs) 
allow labeling patches (e.g. using a binary or multi- class classification scheme) (Bergado 
et  al.  2018), while fully convolutional networks (FCNs) allow revealing the boundaries of 
deprived areas by employing semantic segmentation (Wurm et al. 2019). For small areas (at 
local urban scale), well- trained FCNs depict settlement boundaries with high accuracy (Wang 
et al. 2019b). However, on a global scale, to ensure computational feasibility and protect pri-
vacy, the display of exact boundaries should be avoided. In order to prevent or reduce risks and 
stigmatization of local communities (e.g. areas labeled locally as “deprived” might increase 
social exclusions of inhabitants), grid- based mapping products that provide a degree of depri-
vation might reduce such negative impacts. For such a gridded mapping system, a suitable 
aggregation level needs to be carefully defined. In Figure 14.5, we provide two contrasting 
examples of Indian cities Mumbai and Bangalore), using a 100 × 100 m grid. While for the city 
of Mumbai (Figure 14.5a) the 100 m grid matches well with the geography of deprived areas, 
in Bangalore (Figure 14.5b) deprived areas have significantly smaller sizes. Thus, the cell size 
of this grid risks overlooking many very small settlements. In Bangalore, many of the small 
settlements, are temporary, they might have a high eviction risk, and they are mostly not offi-
cially recognized as part of municipal datasets. This points again to ethical and privacy issues 
and the need for clear guidelines for publishing data on the geography and related socioeco-
nomic characteristics of deprived areas.

Such gridded mapping systems will require a different validation routine, departing 
from the concepts of true or false (e.g. in the form of precision and recall that compare the true 
and false positive with the true and false negative). Here, the use of local data is critical for 
several aspects; these include, the engagement with local inhabitants, the unlimited access to 
data sets for local communities, and the use of community- based data as gold- standard (locally 
accepted and reliable reference data).

This will involve the development of fuzzy methods to assess the agreement with local 
data (e.g. validated by community- based groups). Fuzzy accuracy assessment methods have 
been developed but often for categorical maps with several class labels (Woodcock and  
Gopal 2000). An approach to deal with the large uncertainty and variability in the definition 
of what constitutes a deprived area is to depart from the classical binary classification (deprived 
vs. formal area) and adopt (one or multiple) continuous- valued indices that encompass multi-
ple levels of deprivation (Baud et al. 2008; Ajami et al. 2019; Arribas- Bel et al. 2017). In this 
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latter case, the mapping problem may be cast as regression rather than a binary classification 
one, which demands accuracy metrics such as the coefficient of determination (R2) or the 
root mean square error (RMSE), typical of regression problems. An empirical (data- driven) 
approach for building a continuous deprivation index from qualitative community- based 
factors is proposed in Ajami et al. (2019).

14.5 MAPPING METHODS: ACHIEVING SCALABILITY 
AND TRANSFERABILITY
In the last decade, the amount of EO- data relevant to urban mapping has been dramatically 
increasing. To optimize the use of this large data repository, accurate, scalable, and automated 
mapping procedures for deprived areas need to be further developed. For the production of a 
global repository on deprived areas, innovations in the domain of machine learning combined 
with free and open- source software solutions are an important development, in particular, 
in resource- constrained regions of LMICs. However, toward monitoring the progress of the 
Sustainable Development Goal (SDG 11  –  Sustainable Cities and Communities), existing 
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FIGURE 14.5  Mumbai deprived areas mapped at an aggregation level of 100 m (a) on top of a PlanetScope 
image; Bangalore with the same 100 m grid (b) on top of Pleiades images and ground photo of temporary 
settlement in Bangalore (lower right). Source: Adapted from Kuffer et al. (2020).
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approaches to area deprivation mapping lack transferability and/or scalability, i.e. methods 
are not fit to be applied to other cities, achieving comparable accuracies, and do not easily 
allow producing city- level (or beyond such as regional scale) mapping products (Kohli 
et  al.  2013). Furthermore, deep- learning methods are not easily accessible to a larger user 
group due to the required technical knowledge. As machine learning technologies, available 
EO- data, and access to computing power (e.g. cloud computation) rapidly evolve, new oppor-
tunities emerge that promote scalability. However, as mentioned above, recent studies reveal 
that there is not yet a clearly accepted physical definition of what a deprived area constitutes, 
beyond qualitative descriptions, being a bottleneck toward transferability of EO- methods. 
Taubenböck et al. (2018a) reveal the large variety of morphologic appearances of deprived 
areas across the globe. In turn, this means that although the technologies and computing 
powers evolve, many results rely on inconsistent training data or different understandings of 
what constitutes areas of deprivation. A conceptually consistent global repository that pro-
vides consistent classifications across cities, however, does need a commonly accepted defini-
tion of the morphological parameters. Since “deprivation” includes local and relative compo-
nents, this sounds like a contradiction. Making this concept adaptable across space (i.e. cities, 
regions, and continents) must be a task for the scientific community, without which a global, 
coherent repository on deprived areas could not have been created.

A systematic literature review (by the authors) covering the period 2016–2019, on  
EO-  methods for mapping deprived areas, retrieved 30 key peer- reviewed publications (i.e. An-
sari and Buddhiraju 2019; Verma et al. 2019; Wurm et al. 2019; Gadiraju et al. 2018; Wurm and 
Taubenböck  2018; Prabhu and Alagu Raja  2018; Kuffer et  al.  2016b,  2017,  2018b; Leonita 
et al. 2018; Taubenböck et al. 2018b; Schmitt et al. 2018; Anurogo et al. 2017; Duque et al. 2017; 
Kohli et al. 2016a; Gevaert et al. 2017, 2018; Li et al. 2017; Shabat and Tapamo 2019; Ajami 
et al. 2019; Ibrahim et al. 2019; Mboga et al. 2017; Mahabir et al. 2018a; Jochem et al. 2018; 
Steele et  al.  2017; Pratomo et  al.  2018; Badmos et  al.  2018,  2019; Wang et  al.  2019b; Liu 
et al. 2019), focusing on understanding transferability and scalability of published methods. 
The majority of publications (Figure  14.6) employ pixel- based mapping approaches with 
classical machine learning algorithms (e.g. Decision Tree, Support Vector Machines, and 
Random Forest) and CNNs (including also FCNs) followed by Object- Based Image Analysis 
(OBIA) mostly combined with rule- based classification (OBIA can also be combined with 
machine learning). More than 60% of the publications map relatively small areas of a few km2 
and do not produce maps at the scale of entire cities. At sub- city scale, the potential of  
EO-   based mapping products cannot be evaluated for supporting planning and decision mak-
ing. Policy relevant data on deprived areas are typically required at the scale of urban areas 
(e.g. to support urban planning) and at national scale for all urban areas (e.g. to support SDG 
reporting and guidance of national policies) (UN Department of Economic and Social Affairs 
Population Division 2019). In the retrieved publications, CNN- based methods focus typically 
on very small areas driven by the large amount of representative training data required and 
the associated computational costs for training. Surprisingly, a large part of studies focuses on 
very few cities, almost 20% of the publications work on Mumbai (Verma et al. 2019; Ansari 
and Buddhiraju 2019; Wurm et al. 2019; Kuffer et al. 2017). The reasons are the highly evident 
physical characteristics of deprived areas in Mumbai (i.e. areas being large and very compact, 
with little vegetation) that are clearly distinguishable from other urban areas in EO images 
(Gevaert et al. 2018). In general, scalability is achievable by relying on the methodological and 
computational innovations; however, most studies do not take appropriate advantage of these 
opportunities.
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Only a few studies test the transferability of deprived areas mapping methods across 
different cities (SLUMAP 2019). Common methods to address transferability problems are 
domain adaptation and transfer learning techniques (Tuia et al. 2016; Persello 2013). The 
reported accuracies vary depending on methods and case study areas. Main publications 
report very high overall classification accuracy, in particular, of CNN- based methods, 
which achieve accuracy of above 90%. However, these very high accuracies are typically 
obtained for relatively small areas, where a large part of the data (e.g. 70%) is used for 
training and 30% for testing. Furthermore, results are often not easily comparable as accu-
racy assessment (testing) methods differ, i.e. assessment metrics are not consistent. Most 
studies use at least one of the following metrics: the overall accuracy and F1 score (both 
pixel- based accuracy) or more recently, the Jaccard index (area- based accuracy). However, 
most studies do not use actual ground- truth (local) data, i.e. data collected in deprived 
areas or data coming from communities (e.g. via community- based mapping), but substi-
tute such training and testing data by image interpretation (delineated by human inter-
preters). Thus, models are trained and assessed according to the understanding and 
knowledge of EO- experts (using for both datasets evident visual characteristics of deprived 
areas). However, this might introduce a bias toward specific urban morphologies, e.g. less 
densely built- up deprived areas might be omitted, while formal areas with high built- up 
densities might be included. In addition, previous studies report large disagreement 
beyond experts in delineating the boundaries of the deprived areas (Pratomo et al. 2017; 
Kohli et al. 2016b). This calls for coupling uncertainties of local data with classification 
accuracies (Pratomo et al. 2017). Figure 14.7a,b shows an example of the urban complex-
ity, the morphology of historic city centers and deprived areas can show strong similar-
ities, as shown for the example of Ahmedabad. Also, many European medieval or 
Mediterranean city centers show similar morphological characteristics (Figure  14.7c); 
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such areas typically have high built- up densities, very limited green spaces, and irregular 
layout patterns. Thus, a more compressive assessment of the transferability of methods 
is required.

14.6 EXAMPLES OF MAPPING URBAN DEPRIVATION
Recent EO studies have shown that deep learning techniques are efficient in learning abstract 
hierarchical data representations from input images (Farabet et al. 2013). In particular, CNNs 
have demonstrated their superiority by learning highly informative spatial features from the 
data and achieving unprecedented classification accuracies (Bergado et  al.  2018; Mboga 
et al. 2017; Persello and Stein 2017; Adomaitis 2013; Wurm et al. 2019). CNNs can extract com-
plex, spatial features, which are generally more informative than hand- crafted spectral, texture, 
or structural features, such as commonly used GLCM or Local Binary Pattern (LBP) features. 
Furthermore, CNNs optimize the entire workflow with an end- to- end approach. In addition to 
feature extraction, CNNs can be designed to handle multi- resolution multispectral images, addi-
tional nonimages features (e.g. GIS- based features), and spatial regularization within a single 
framework (Bergado et al. 2018). Access to a large amount of training data that is sufficient to 
cover the diversity of deprived areas is challenging and would require innovative solutions (e.g. 
VGI data) when aiming for a global approach. However, with limited training data, mapping 
accuracies are dropping (Wang et al. 2019b). Three recent studies (shown in Figure 14.8) have 
illustrated the potentials of CNNs for (i) the scope of working with a very limited amount of 
training data by using data augmentation (Wang et al. 2019b), (ii) to train FCNs for directly de-
tecting changes and therefore avoiding post- classification change detection (Liu et al. 2019) and 
(iii) the implementation of a continuous mapping of the degree of deprivation at city scale 
trained in a two- stage process with a large set of ground data and a small set of qualitative data 
on various dimensions of deprivations (Ajami et al. 2019). However, these three different studies, 
all on the city of Bangalore that has very complex, typically very small, and dynamic deprived 
areas (even much below the typical size of such areas (Friesen et al. 2018)), still use the concept 
of crisp boundaries for such areas. Therefore, they struggle with high mapping uncertainties 
along boundaries. Even mapping by different human interpreters will have similar uncertainties, 
as a large part of the different delineations (for multiple years) of small pockets of deprived areas 
is not related to actual changes but to different generalizations and conceptualizations of what 
should be within or outside the boundaries, which has been referred to as high extensional 
uncertainties (Kuffer et al. 2018b) (Figure 14.7).

F IGURE 14.7  Ahmedabad, India: part of the historic city center (a) and deprived area (b) and 
Santorini in Greece (c).
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14.7 CONCLUSIONS
This chapter provided an overview of the scope of EO- data to produce maps of deprived areas 
aiming at a transferable and scalable framework. Surprisingly, even in times of big data, we are 
still facing a massive lack of data, particularly in LMICs, and knowledge on urban poverty or 
deprivation is very fragmented or unavailable to support local and global policies such as the 
SDGs. The rapid advancements in the fields of machine and deep learning technologies, 
access to EO- data, and (cloud) computing, creating opportunities which could benefit map-
ping in LMICs and help to reduce technology gaps. Therefore, it is important to focus on the 
co- creation and co- design of information systems that increase societal benefits and support 
the integration and open access to data for a reduction of these knowledge gaps (Aguilar and 
Kuffer 2020). Future approaches and data repositories should be inclusive, open access, and 
yet protect the privacy of individuals and groups. They should result in benefits for all parties, 
in particular, for local stakeholders in LMICs cities and strengthen the position of local com-
munities. Local communities should be key partners in the production process and have 
access to data products to avoid unintended negative consequences for vulnerable commu-
nities (such as eviction, fines, or stigmatization). The rapidly evolving EO technologies, and in 
particular, technologies based on AI are very promising and also have the potential for positive 
impacts that incorporate the fundamentals of geo- ethics. Toward the development of an 
Integrated Deprivation Area Mapping System (IDeAMapS: https://ideamapsnetwork.org), the 
strengths of AI need to be optimized – although possible – not at the highest level of spatial 
detail, which would prevent scalability (e.g. to be developed by the project SLUMAP: http://
slumap.ulb.be) and would require enormous resources. Therefore, we proposed the 
development of a global approach that would allow the mapping of deprivation in a continu-
ous and gridded system, which must rely on a reconciled and clear concept, which will pro-
vide enough details to inform planning, while obfuscating the exact boundaries to respect 
privacy concerns. Such a system can be combined with data from other disciplines to enrich 
the understanding of multiple deprivations, e.g. environmental burdens and risks, health 
inequalities, access to basic services, and secure tenure. This will allow for better targeting of 
improvement programs and policies.
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