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a Chair of Fluid Systems, TU Darmstadt, Otto-Berndt-Straße 2, 64287, Darmstadt, Germany 
b Deutsches Zentrum für Luft- und Raumfahrt, Earth Observation Center, 82334, Wessling, Germany 
c Institute for Geography and Geology, Julius-Maximilians-Universität, Würzburg, 97074, Germany   

A R T I C L E  I N F O   

Keywords: 
Slum population 
Earth-observation 
Validation 
Uniform approach 

A B S T R A C T   

The Sustainable development goals (SDG) aim for reducing poverty (SDG 1) and to upgrade all slums (SDG 11). 
The first indicator in SDG 11 describes the proportion of the urban population residing in slums. However, the 
currently available data is based on national estimates that follow globally varying methodologies and concepts. 
In this paper, a uniform approach is implemented to obtain slum population estimates in eight different cities 
from three continents. The approach relies on earth observation datasets on the spatial extent of the slums and 
one of the most accepted gridded population dataset: WorldPop. The results shed light on the distribution of 
population in slums around the world. Nevertheless, the question of the accuracy of these population numbers 
arises. Therefore, a broad range of literature data containing population counts is gathered for the cities 
investigated, for varying years and for different spatial scales. The literature data is compared to results obtained 
by the presented approach. The comparison yields a plausibility assessment for different cities, indicating varying 
levels of deviation. We find in all cities a clear bias in estimating the slum population - mostly underestimations -, 
even though some cities reveal a significantly better fit to the data. In conclusion, this study provides a meth
odology to systematically assess the accuracy of globally available datasets in the context of slums and thereby to 
highlight the large uncertainties which can empirically be observed.   

1. Introduction 

Since 2007 worldwide more people live in cities than in rural areas. 
This trend is projected to increase to 2 in 3 people by 2050 (United 
Nations, 2018). The rapid urbanization and the emergence of megacities 
is expected to mainly take place in African and Asian cities. This is where 
90 % of the world’s population growth is expected to occur (United 
Nations, 2018). This poses a number of challenges, such as the strain on 
urban infrastructure. Among the United Nations Sustainable Develop
ment Goals (SDGs), especially goal 11 aims to improve life in cities by 
making them more inclusive, safe, resilient and sustainable. Here, one 
instrument is upgrading slums (UN General Assembly, 2015). 

Therefore, estimating infrastructure necessities is particularly 
important in these communities, as infrastructure is insufficient here per 
definition: According to UN-Habitat, slum households are lacking one of 

the following: adequate water, adequate sanitation, durable housing, 
security of tenure or less than four people living the same room. 

Many authors advocate for nuanced terminology to address the 
varied dimensions of deprivation (Abascal et al., 2022). Terms like 
“deprived areas” (Abascal et al., 2022), “informal settlements” (Mahabir 
et al., 2016), “slums” (Wurm & Taubenböck, 2018), and “arrival cities” 
(Taubenböck et al., 2018) are commonly used interchangeably. In this 
paper, we adopt the term “slum” for simplicity, acknowledging the 
extensive literature on the subject and the fact that slums may have 
different names in different countries. We are aware that slums are a 
relative concept and the characteristics and the local understanding of 
what is meant by this is variable (Gilbert, 2007). By using the term 
“slum”, we refer in this study to a specific morphology (Taubenböck 
et al., 2018) and the particular urban areas referred to often face chal
lenges with inadequate infrastructure access. 

* Corresponding author. 
E-mail addresses: julius.breuer@tu-darmstadt.de (J.H.P. Breuer), john.friesen@tu-darmstadt.de, john.friesen@outlook.de (J. Friesen), hannes.taubenboeck@dlr. 
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This lack of infrastructure in turn is often the result of increasing 
population counts and people inhabiting places that were previously 
neither urbanised nor formalised (Mahabir et al., 2016). Yet an esti
mated 1 billion people worldwide live in slum households. 

However, for many countries, particularly in the Global South, i.e. 
parts of South America, Africa and Asia, the quality of population data is 
poor and, where available quickly outdated due to the immense popu
lation growth and migration flows (Wardrop et al., 2018). Therefore, the 
question of where and how people live is fundamental to properly plan 
infrastructure measures. If known, technical infrastructure such as water 
and electricity supply and social infrastructure like public transport, 
medical care facilities and schools, among others, can be designed 
accordingly. 

While the percentage of the global urban population living in slums 
has decreased from 28 % in 2000 to 24 % in 2018, the absolute numbers 
have increased (UN-Habitat, 2020). Concretely, the growth in number of 
slum communities, e.g. in Hyderabad (70 % in 7 years (Kit & Lüdeke, 
2013)) or Dhaka (70 % in 9 years (Angeles et al., 2009)) emphasises the 
urgency for better planning. However, it is difficult to say how accurate 
these estimates are as there are not many comparable estimates at the 
global level. In this context, Abbott describes slums as “holes within the 
urban cadastre” (Abbott, 2001). 

This leads to two research questions, we address in this paper: 

How many people are living in slums in cities of different world regions? 
How is the population distributed across the slums in these cities? 

Since we answer these questions by conducting a global comparative 
study, globally uniformly derived datasets are in need: (i) datasets 
describing the boundaries of slums in different cities and (ii) datasets 
providing information on the population living in these cities. Therefore, 
we combine data from two sources, one (i) for slum boundaries and one 
(ii) for population estimates. Both are accepted by experts for the 
respective purpose. This in turn raises the third research question: 

How plausible is the information gained by combining these two datasets 
in a uniform approach? 

Before presenting the outline of the paper, we give a short intro
duction on different methodologies of (i) how the location of slums and 
(ii) how the number of population living there can be identified. 

1.1. Where are slums located? 

To determine where slums in cities are located, different approaches 
exist. In some countries like Brazil, Bangladesh and India slums are 
surveyed and mapped in censuses (Bangladesh Bureau of Statistics, 
2014; Instituto Brasileiro de Geografia e Estatistica, 2010; Office of the 
Registrar General, 2011) but there are also non-governmental sources of 
slum mapping. For example in (Angeles et al., 2009) slums in six cities of 
Bangladesh were mapped. Additionally, there are initiatives such as the 
Know Your City (KYC) campaign by Slum Dwellers International. This is 
a community-based NGO in which the slum inhabitants create maps of 
their own settlements. This way, more than 7000 slum settlements in 32 
countries were already mapped (Slum/Shack Dwellers International, 
2017). Therefore, settlement boundaries are mapped using GPS co
ordinates around the settlement’s perimeter. Even though the data is not 
validated through official sources, they provide a good overview of the 
locations of slum settlements. 

In contrast to these time-consuming and possibly inconsistent ap
proaches done by many different people, slum mapping approaches 
using remote sensing data and techniques have proven immense po
tential. The morphologic appearance and patterns of slums measured by 
features such as building size, density or site characteristics are applied 
to proxy their location in these data (Wurm & Taubenböck, 2018). The 
data is processed either via visual interpretation by humans (Angeles 
et al., 2009; Gruebner et al., 2014), machine learning approaches 
(Wurm et al., 2017, 2019), or a combination of the two. These mappings 

have accuracies up to 92 %, making it a promising approach that also 
allows for globally consistent data to be generated (Kuffer et al., 2016). 
However, slum mapping is by no means simple or unambiguous. Even 
census maps of slums from government organizations of the same 
country sometimes contradict each other. For example in Pedro et al. it 
was shown that for São Mateus in São Paulo even census maps of slums 
obtained by the municipality do only coincide in about 59 % of slums 
(Pedro & Queiroz, 2019). In Kuffer et al., different experts were asked to 
identify the same slums from satellite imagery, and even here, sub
stantial differences in the slum delineations emerged (Kuffer et al., 
2018). In addition to the ambiguity on the same target, there is another 
difficulty. Different organizations, especially government statistical or
ganizations, that are tasked with censuses in their countries have dif
ferences in their slum definitions. The minimum number of households 
forming a slum community already varies strongly between different 
countries. In Bangladesh, five households can already form a slum 
community (Bangladesh Bureau of Statistics, 2014), while in Brazil it is 
51 households (Pedro & Queiroz, 2019) and in India it is a population of 
more than 300 inhabitants (Office of the Registrar General, 2011), 
which corresponds to about 60–70 households. Another factor affecting 
the definition of slums is the minimum distance between two slums. 
Dependent on the defined distance between settlements, the number of 
slums in a city varies and thus slum distributions (e.g. size or population 
counts) might differ. This factor was observed for the size distribution of 
slums in Friesen et al., (2019). These ambiguities thrive for a globally 
accepted definition of slum communities, demanded by Kuffer et al., 
(2018). The information on slum locations is essential, since only after 
knowing where slum settlements are located within a city, the question 
of their population can be answered. 

1.2. How many people live in slum settlements? 

Population censuses are produced uniformly for each country and 
have varying degrees of spatial granularity. They tend to be the most 
comprehensive data on population distribution in a given country. 
However, the censuses themselves usually do not provide information 
on slum populations; notable exceptions are Bangladesh, Brazil, and 
India. Rather, censuses systematically underestimate this particular 
group of the population. In Thomson et al., 2021 a broad literature re
view is conducted that shows that population in slums is underestimated 
on average by about 46 %. 

Besides censuses, there are also local studies or reports from NGOs 
and scientific literature, among others, which give information about 
the population distribution in slums. For a slum community e.g. in 
Dhaka Khalequzzaman et al. conducted a complete household survey 
and thus showed that population estimates based on census data are 
significantly lower than actual values (Khalequzzaman et al., 2017). 
Instead of conducting complete counts or samples, projections based on 
physical properties seem to be an improvement. The KYC campaign 
mentioned earlier also provides population counts for the slum settle
ments mapped (Slum/Shack Dwellers International, 2017). These are 
obtained by counting all front doors and then sampling every nth 
household to estimate the average household size. The resulting esti
mate of slum population is then discussed in an open community forum 
(Thomson, Gaughan, et al., 2021). Similarly, in Taubenböck et al. the 
average number of inhabitants per household is obtained in a 
micro-survey. The number of inhabitants is scaled for the entire city of 
Mumbai, taking into account the number of slum households (Tau
benböck et al., 2015). The resulting population counts are compared to 
literature values yielding a wide range of possible slum population 
counts in Mumbai’s slums. 

However, without further processing micro-surveys might not be 
representative and too time-consuming for larger areas and thus need to 
be carefully used for projections to the whole city. Thus, more elaborate 
methods are needed. 
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1.2.1. Gridded population datasets 
Gridded population datasets generally provide population counts on 

a uniform, comparably fine grid. To obtain population counts with 
spatial distribution, two common approaches exist: top-down and 
bottom-up. Both rely on auxiliary datasets, e.g. obtained by the use of 
remote sensing (e.g. nighttime lights or classification of settlements) in 
order to provide information about built-up areas, and thus are proxy 
attributes for assessing where people may reside. Both approaches differ 
only in the population input data. So-called bottom-up approaches are 
based on microcensuses using geo-statistical relationships between 
population density and auxiliary spatial datasets (e.g. night time lights 
are thought to provide an estimate where people reside). These re
lationships are then used for predictions about population in unsampled 
areas. Top-down approaches on the other hand are more commonly used 
to obtain spatially distributed population estimates. Therefore, census 
data is disaggregated using auxiliary spatial (or even spatiotemporal) 
datasets (Thomson, Rhoda, et al., 2020). One common global gridded 
population dataset used is the WorldPop-Global with a resolution of 
approximately 100x100 m. Although a number of other different data
sets are known (GHS-Pop, LandScan, GPWv4), analyses have shown that 
WorldPop has a high accuracy (Archila Bustos et al.). In Section 2.1 the 
WorldPop dataset used in this paper, is explained in more detail. 
Whatsoever, we do not perform a detailed analysis of errors appearing in 
the creation of WorldPop-Global and focus on the plausibility of these 
global accepted datasets, when it comes to the specific but important 
urban class of slums. For systematic analyses regarding the 
WorldPop-Global dataset and its creation, we refer to (Leyk et al., 2019; 
Archila Bustos et al.; Thomson, Gaughan, et al., 2021). 

1.2.2. Using WorldPop-Global to estimate slum population 
To estimate the number of people in living in slums in different cities 

and to analyse they size distribution of the population, the WorldPop- 
Global dataset is used in this paper together with a dataset of mapped 
slums. The mapped slums are obtained according to Taubenböck et al. 
(Taubenböck et al., 2018). To obtain slum population estimates, the 
mapped slums are used to clip the WorldPop-Global population grid. A 
similar approach to the one presented in this paper has already been 
used in (Thomson, Leasure, et al., 2021; Thomson, Leasure, et al., 2021; 
de Mattos, Agatha, & McArdle, 2020). In particular, the use of the 
WorldPop-Global dataset to determine the population in slums poses 
special challenges. It was shown in (Friesen, Taubenböck, et al., 2018) 
that slums occupy a global mean area of 1 ha. However, this also cor
responds to the size of the WorldPop grid cells. This means that about 
half of the slums in a city still fall short of the granularity of the 
WorldPop-Global dataset. For this reason, the question arises whether 
the dataset is at all suitable for use in estimating slum populations. This 
question was answered in Thomson et al. for certain slums in Nairobi in 
Kenya as well as for Lagos and for Port Harcourt in Nigeria using the KYC 
data as reference for validation (Thomson, Leasure, et al., 2021). The 
study concludes that the WorldPop-Global dataset is inadequate to 
describe the slums studied, resulting in a systematic underestimation of 
the slum population. However, (Thomson, Leasure, et al., 2021) em
phasises that the statement cannot necessarily be generalised to other 
types of slums or other cities, let alone other continents. In contrast, 
Hennigen de Mattos et al. showed that using an older version of the 
WorldPop dataset for São Paulo, slum population estimates were fairly 
accurate, with an error of only 6 % (de Mattos, Agatha, & McArdle, 
2020). Yet, the ground-truthed data used for comparison was also the 
input data for the WorldPop-Global dataset and thus potential errors 
were neglected here. 

In another study Thomson et al. use simulated but realistic popula
tion counts as input to the WorldPop-Global’s approach to identify 
several errors solely induced by the approach itself (Thomson, Leasure, 
et al., 2021). The major source of error is found to be the use of average 
population densities from large administrative units. Thus, high popu
lation densities, typically found in slums, are smoothed out. 

In addition, the question of slum geometries also plays a role 
regarding slum population counts. Divergent slum geometries also lead 
to divergent population numbers. This is impressively shown in (Patel 
et al., 2019). Here, the slum population in Bangladesh according to the 
Bangladesh Bureau of Statistics census data in the Census of Slum Areas 
and Floating Population is compared to those resulting from the slum 
definition according to SDGs. The SDG definition states a 7.5 times 
higher number of people in slums for Bangladesh. 

The question of slum size or slum population distribution can be 
answered in many different ways. In Friesen et al. the slum sizes, i.e. 
their area, are plotted as a rank-size distribution, approximated by a log- 
normal distribution (Friesen, Taubenböck, et al., 2018). The distribution 
of slum sizes yields insights into similarity of intra-urban interaction 
across the globe. However up to now, the question of slum population 
distribution could not be answered on a global level, which would 
possibly also allow deeper understandings of intra-urban interactions, e. 
g. as in Pelz et al., (2019). 

In this paper, (i) the datasets and method for obtaining slum popu
lation estimates for cities around the world are described and (ii) applied 
to eight different cities. Then (iii) the resulting population distributions 
and counts are discussed and (iv) a broad comparison with literature 
values is performed in order to approximate the datasets’ and method’s 
plausibility. The organisation of the manuscript is visualised in Fig. 1. 

2. Data and methods 

In this section, first the used datasets are described and second the 
method for obtaining different slum population estimates is outlined. 

2.1. Gridded population estimates 

For obtaining population estimates, one valuable source are gridded 
population estimates. In this paper, we use the WorldPop-Global data
sets that are openly available online under www.worldpop.org 
(Worldpop, 2018). 

The WorldPop-Global datasets are obtained according to (Lloyd 
et al., 2019) using a so-called “top-down” approach, where population 
counts by census enumeration areas are disaggregated into grid cells. 
WorldPop-Global is highly-modelled, using multiple covariate datasets 
(e.g. intensity of night-light emissions and urban settlement data) that 
are thought to provide information about where people reside. Census 
population figures are used together with covariate datasets to provide 
an estimate of the population per grid cell using the machine learning 
approach Random Forests (Breiman, 2001). The resulting dataset con
sists of 3″ x 3′′ (≈ 100x100 m) grid cells for the entire world, where each 
grid cell contains the number of residents in the respective area. 

Furthermore, the datasets are created for the years 2000–2020 
annually. This multi-temporality allows projections of slum populations 
beyond census years and also gives the possibility of analysing popula
tion changes over time, which will briefly be discussed in Section 3.3. In 
addition to the WorldPop-Global dataset outlined as above, a second 
WorldPop-Global dataset is available where each country’s gridded 
population is projected to match the UN official population. In this 
paper, the not UN-projected datasets were used as these only rely on 
census information on a fine level. 

Since the datasets are based on census data, they are dependent on 
the census’ quality (Thomson, Gaughan, et al., 2021). This alone, but 
also the differences in covariates, result in global differences in the 
quality of the WorldPop-Global dataset. These differences are accounted 
for in Section 4. 

2.2. Mapping morphological slums 

In order to know where slums are located in cities, a second dataset is 
required. Therefore, a globally consistent classification method is used 
relying on the slum ontology introduced by Kohli et al., (2012). The 
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locations of slums are determined based on the morphological differ
ences in built-up structures to formal settlements according to the 
method described in Wurm & Taubenböck and Taubenböck et al. 
(Taubenböck et al., 2018; Wurm & Taubenböck, 2018). In this way, 
building structures of slums are conceptualized according to these ap
proaches by high building densities, small and low building sizes as well 
as generally a high complexity of arrangement of buildings. Locally, 
these structures are evaluated relative to the rest of the built-up struc
ture of the particular city and distinguished from formal structures, 
which are defined more by geometric arrangements or higher and larger 
buildings and better roofing materials. To do so, very high-resolution 
optical satellite data are used in combination with street view imagery 
and fieldwork. The dataset is produced by a computational approach 
followed by human visual inspection. In this paper, slum areas resulting 
from this approach are referred to as morphological slums, accounting 
for their physical slum-like appearance discernible by Earth Observation 
methods rather than slum definitions, e.g. by UN-Habitat (UN-Habitat 
and Slums, 2007). In terms of spatial granularity, slum-mapping was 
performed on the level of the city block with an average area of 1.6 ha. 

As discussed above there are various approaches to spatially map 
slums. For checking consistency and evaluating the plausibility of ap
proaches, we apply a different dataset of mapped slums in Section 4.5. 
The Brazilian census, conducted by the Instituto Brasileiro de Geografia e 
Estatística (IBGE) in 2010 provides census administration areas. Here, 
the smallest administration areas are sectors (portuguese: setor). Slums 
either form one sector or are divided into multiple sectors. The IBGE 
provides datasets of all slum sectors, thus a sector level slum map. A 
detailed comparison of these slum maps from IBGE and the remotely 
sensed slum morphologies used in this study was performed in Wurm 
and Taubenböck (Wurm & Taubenböck, 2018). 

2.3. Study site selection 

In this paper, we investigate slums in eight cities, namely Caracas 
(Venezuela), Rio de Janeiro (Brazil), São Paulo (Brazil), Cape Town 
(South Africa), Cairo (Egypt), Mumbai (India), Dhaka (Bangladesh) and 
Manila (Philippines). 

The cities were chosen as a variety of large cities in the Global South. 
They differ in geographical location, cultural and economic influences as 
well as geographical topologies. However, Taubenbö et al., (2019) 
demonstrated that slums display common features independent of their 
context. Although the classification of ‘slum of the slums’ may be 
debatable, the framework used provides an opportunity to create a 
uniform database for different cities worldwide. This offers the oppor
tunity to compare statistics between these cities. Apart from this, all 

eight cities contain a variety of slums making them relevant for analysis 
of a population distribution. Concerning the eight cities, population 
number and population growth are shown in Table 1. 

In Cape Town, a large number of people living in slum-like condi
tions are residing in townships. These townships deviate from the 
category of morphologic slums from Taubenböck et al. (Taubenböck 
et al., 2018) and can therefore not be unambiguously classified with the 
EO-approach from Section 2.2 (Friesen et al., 2018). Nevertheless, 
Friesen et al., (2018) showed, that townships seem to be an integral part 
of areas of urban poverty in Cape Town. To account for this, we per
formed our analyses with two data sets: one with and one without 
townships to see to what extent this choice influences our results. 

Dhaka is one of the fastest growing cities in the world (UN Depart
ment of Economic and Social Affairs, 2018), thus having high population 
changes, especially in slum communities. According to Angeles et al. the 
number of slum communities increased by about 70 % from 1996 to 
2005 (Angeles et al., 2009). This makes it particularly difficult to obtain 
reasonable slum population counts for years that are not within the 
census, as projections in time naturally are more erroneous when pop
ulation changes are high. As the dataset derived in Angeles et al., (2009) 
and the morphologic slum dataset used in this study have been produced 
with a temporal lag of 10 years, the former is not included in the 
plausibility check. The possible deviation was considered as too high, 
especially considering the high rate of slum growth in Dhaka. Yet, 
another dataset on slum population in Dhaka exists. The Census of Slum 
Areas and Floating Population 2014 (Bangladesh Bureau of Statistics, 
2014) provides population counts for all slums. While it is a census 
dataset, it was not used as input for creating the WorldPop-Global 
dataset and is thus independent from it. It is used in Section 4.5. 

An adjustment is required to check the plausibility of the total 

Fig. 1. Organisation of the manuscript.  

Table 1 
Population (in 2015) and population growth (from 2005 to 2015) of the eight 
cities studied (United Nations and Department of Economic and Social Affairs, 
2018).  

city population population growth 

in mio. 

Caracas 2.9 1 % 
Rio de Janeiro 11.8 9 % 
São Paulo 18.3 14 % 
Cape Town 3.2 29 % 
Cairo 15.2 24 % 
Mumbai 17.3 12 % 
Dhaka 12.3 43 % 
Manila 10.8 20 %  
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population figures of Cairo in section 4.1. The focus of this study is on 
morphologic slums that fit to the slum definition of UN-Habitat. In Cairo 
however, all literature sources found on total slum population include a 
broader definition of slums or informal settlements. Therefore, a plau
sibility check of only the morphological slum population is not possible 
due to lack of data. However, since many sources refer to the broader 
definition of Cairo slums, the total population figure is still an important 
comparative value. Therefore, in Section 4.1 we extend the definition 
including all types of slums according to Sims, (2003). A more detailed 
discussion of the different slum types and implications to the number of 
slums investigated can be found at Friesen et al., (2019). 

2.4. Methods 

In this section, first the method for population estimates on single 
slum level is outlined. Second, necessary statistical measures are defined 
for the plausibility check in Section 4. 

2.4.1. Obtaining slum population estimates 
By using the combination of the WorldPop-Global dataset and the 

morphological slums, that are both created uniformly for the cities 
studied, it is possible to derive slum population estimates. 

The procedure is as follows, the main steps are visualised in Fig. 2:  

(i) resampling raster cells 

Since the cell size of the WorldPop-Global dataset is about the same 
size of the average area of a slum (Friesen et al., 2018), the cell granu
larity must be reduced to be able to map the slum population with the 
grid. For this purpose, each cell and its population is evenly divided into 
256 cells (16 × 16 pixels). This is done under the assumption of equally 
distributed population throughout each cell. The resizing factor of 256 is 
the result of a parameter study, see Appendix A.  

(ii) crop resampled raster cells to slum shapes  
(iii) compute population count 

Each slum’s raster cells are aggregated to obtain the population of 
the entire slum. Slum populations of less than one person are excluded. 

2.4.2. Statistical measures 
For the analysis of results in Section 3 and the plausibility check in 

Section 4, statistical measures are necessary. 

To quantify a cross-scale distribution, the geometric mean (μ) is an 
appropriate measure (Friesen et al., 2018). It is defined by 

μ =

̅̅̅̅̅̅̅̅̅̅̅̅
∏N

j=1
p̂j

N

√
√
√
√ (1)  

with p̂j being the population estimate of the j-th slum and N being the 
total number of slums in the city. 

For comparing slum population estimates in Section 4, accuracy 
statistics are introduced. The Median Fraction (MF) indicates the degree 
of over-/underestimation of population count estimations. It is defined 
as 

MF = median(fi) = median
(

p̂i

pi

)

, (2)  

with fi being the fraction of slum population estimate p̂i and slum pop
ulation count according to literature values pi. The MF can be inter
preted as a measure of how closely the estimate meets the literature 
values, providing a meaningful measure of deviation to the literature 
values. 

In the case of both, overestimation and underestimation, for one 
dataset, the MF value may be misleading because the overestimations 
and underestimations may cancel each other out. For this reason, a new 
measure is introduced, the Median Fraction Absolute Difference (MFAD) 

MFAD = median
(

1 −
|p̂i − pi|

pi

)

. (3)  

This measure works unaffected for simultaneous under- and over
estimation and gives a measure of error. MF and MFAD are equal if the 
literature values are either over- or underestimated for all values 
compared. 

Note that statistical measures like Root Squared Mean Error or Mean 
Absolute Error are not taken into account, as they don’t provide sensible 
estimates on cross-scale data. 

2.4.3. Plausibility of slum population estimates 
A validation using absolute values of the WorldPop-Global dataset 

for slums is challenging or almost impossible. In contrast to many 
countries of the Global North (e.g. Sweden (Archila Bustos et al.)), 
ground truth information to validate the data is rarely available or 
outdated. Against this background, we will perform - as other studies 
have done - a check of plausibility (Taubenböck et al., 2015). Thus, in 

Fig. 2. Overview about the method used to obtain slum population counts and slum areas.  
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Section 4, the resulting slum population estimates are compared and 
their plausibility is checked with slum population data from the litera
ture, including census data, academic literature and reports (e.g. from 
NGOs). 

Therefore, we searched for names, locations and the spatial extent of 
specific slums within the eight cities investigated. We used common data 
bases, such as PubMed, WebofScience or Google Scholar for publications 
containing information on the population living in specific slums. 
Additionally, we categorised the information on population in four 
classes: (i) estimation with unclear source, (ii) modelled number of 
population (e.g. using disaggregation techniques), (iii) community- 
based estimate of population and (iv) survey data. We then searched 
for the morphological slums in our datasets, representing these slums 
and obtained the population estimates from the WorldPop dataset to 
compare both values. 

In most cases, if no specific information on the spatial extent of the 
specific slum is available, the morphological slum areas are used without 
further adjustment. In some cases, however, a slum area is split, e.g. 
Rajiv Gandhi Nagar as part of Dharavi in Mumbai, or several slums are 
combined into one slum region, e.g., for Khayelitsha in Cape Town, or 
Kamrangirchar in Dhaka. Furthermore, the slum geometries used are not 
necessarily congruent with the slums found in the literature; rather, for 
many slums it was not possible to make a determination of the exact 
location because satellite imagery or geolocations were not given in the 
literature used. This testifies to the variability of slum classification 
schemes used by different scientific approaches or by different stake
holders. In these cases, affiliation was determined by the name of the 
slum in combination with research using Google Maps (NASA) and 
OpenStreetMap (OpenStreetMap contributors, 2017). One major source 
of field-references slum data is the KnowYourCity (KYC) campaign 
(Slum/Shack Dwellers International, 2017). Here 24 slum areas were 
taken for comparison. However, the process for obtaining KYC data is 
not uniform and introduces a bias toward rounded numbers, which can 
be seen simply by looking at the population figures. 

As mentioned in previous sections, the morphological slums used 
were mapped for the year 2015 and therefore do not necessarily exactly 
match the slum morphology of other years. However, as before the 
WorldPop-Global dataset is used for the year that corresponds to the 
literature survey. 

The population estimates are compared to literature values using MF 

and MFAD measures. This allows to check the plausibility of the ob
tained population estimates on single slum level as well as for the entire 
city’s slum population. 

2.4.4. Scaling the slum population estimates 
The obtained single slum literature values can be used to scale the 

estimated total slum population. The resulting scaled estimates provide 
a range of possible total slum populations. The used method is described 
in Fig. 3. Here, the fraction of single slum population estimates over 
single slum literature values fs,i is calculated. The fraction is then used to 
scale the total population. 

2.4.5. Categorizing the errors 
Estimating slum population at the city level using WorldPop-Global 

and slum areas can lead to different errors. These errors can be divided 
into four categories:  

● errors due to wrong slum geometries, e.g. not all slums are identified  
● errors in WorldPop-Global input data, e.g. wrong population counts  
● errors occurring in the WorldPop-Global approach, e.g. underfitting 

of the Random Forests algorithm  
● errors due to our approach of resampling and clipping the WorldPop- 

Global dataset onto slum geometries 

In order to isolate some of the four errors, in Section 4.5 we use 
different datasets available for certain cities and thus deviate from the 
otherwise uniform approach for all cities. 

3. Results 

In this section, the total number of slum dwellers, the slum popula
tion distribution, as well as the multi-temporal change of slum popula
tion are shown. Therefore, we use the outlined method to obtain slum 
population counts for all slums in the eight cities for the year 2015. 

3.1. Total number of slum dwellers 

First, the slum area locations and the WorldPop-Global datasets for 
2015 are processed according to Section 2.4.1. This yields estimates for 
the population of each slum. Aggregating the number of slum dwellers 

Fig. 3. Method used for scaling the total population estimate. First, the single population estimate is divided by a literature value, yielding the corresponding 
fraction. Then, the total population estimate is scaled by the fraction yielding a scaled total population estimate. 
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per city then yields the total slum population count for each city, as 
shown in Fig. 4. The highest number of slum dwellers, more than 1.5 
million, is found in Mumbai, while the lowest number of slum dwellers 
lives in Cairo. 

3.2. Slum population distribution 

The resulting population counts on slum level can be used to create 
histograms showing the relative frequency of slum population counts for 
each city (see Fig. 5). To ensure that the population distribution of slums 
does not depend significantly on the defined minimum distance between 
slums, a systematic test is conducted. The respective analysis can be 
found in Appendix B and shows that there are no significant de
pendencies regarding the choice of minimum distance between slums. 

All population distributions are cross-scale, which means that slum 
populations in cities span over multiple magnitudes. E.g. in Rio de 
Janeiro slums span from as low as 10 inhabitants to larger than 10,000 
inhabitants. Because of comparably low number of slums, Caracas and 
Cairo do not form a smooth distribution. 

The population distributions’ means differ from 114 inhabitants in 
Dhaka to 1552 inhabitants in Cairo. In order to derive a global mean 
population of slums, the mean of all cities’ geometric means is calcu
lated, resulting in 558 inhabitants per slum. 

Beside the population distribution, the population density distribu
tions for the eight cities is obtained. Refer to Appendix C for results. 

3.3. Slum population growth 

In addition to estimating slum population counts for one year, our 
approach allows obtaining estimates for multiple years. Therefore, the 
WorldPop-Global dataset for different years is combined with the 
morphologic slum areas of the year 2015. This is based on the 
assumption that slums do only densify and their areas do not change 
significantly (Friesen et al., 2023). The resulting growth rates are shown 
for different cities in Fig. 6, each point corresponds to a slum. It is 
observable that while the growth in Caracas, Rio de Janeiro, São Paulo, 
Cape Town and Cairo are similar for all slums, cities like Manila, Dhaka 
and Mumbai show a wider range of population change with Dhaka 
averaging at nearly 50 % population growth within 10 years. Among the 
changes, in the latter three cities some slums experience a decline in 
population counts. 

4. Plausibility assessment of slum populations 

As slum population estimates inherently contain large amounts of 
uncertainty, the plausibility of the results is assessed. Therefore, first a 
comparison of total slum population estimates per city is performed, 
followed by comparing population counts of individual slums for all 
cities. These two plausibility checks include all four types of errors, even 
though on single slum level the error of wrong slum geometries is minor. 
This allows to examine the fitness of use of our approach and in the case 
of individual slums even of the WorldPop-Global dataset. Lastly, further 
plausibility checks are performed that allow exclusive consideration of 
some of the errors. 

The censuses used as input to create the WorldPop-Global dataset are 
not considered at single slum level to avoid circularity. 

4.1. City level 

To check the plausibility of the slum population at the city level, the 
approach from Section 3.1 is used. However, to compare the values with 
the slum population from the literature as accurately as possible, the 
following datasets are used:  

● the morphological slum data for the year 2015 - no other datasets are 
available here and  

● the WorldPop-Global dataset that matches the year of the literature 
value. 

Hence, we make use of the multi-temporal availability of the 
WorldPop-Global dataset. 

The resulting comparisons are shown in Fig. 7. Sources, measures for 
the accuracy and more details of the literature values used are given in 
Appendix D. 

The results indicate major population underestimations in most of 
the cities, especially in Caracas, Cairo, Mumbai, Dhaka and Manila. Only 
for Cape Town the number of slum dwellers estimated by our method is 
approximately equal to the literature population count. 

4.2. Single slum level 

In addition to the total slum populations, the population of indi
vidual slums are used for plausibility checks. 

For each city, a map highlighting the slums used for the plausibility 
assessment is given. A total of 80 slum populations from the literature 
were used for the assessment. For Rio de Janeiro, Cape Town and Dhaka, 
refer to Fig. 8. For the remaining five cities, refer to Appendix E. The 
comparison of single slum populations is found in Table 2. 

These single slum plausibility checks show that almost everywhere 
the WorldPop-Global dataset disaggregated onto slum areas is under
estimating the slum’s population. Only in Cape Town several over
estimations of slum population occur. In particular, the variations in the 
fi = p̂i/pi ratio are substantial across but also within all cities. Since in 
Cape Town townships do not belong to the group of morphological 
slums, it makes sense to differentiate between them. Cape Town’s 
townships are therefore referred to as (Twp.). One exception is Khaye
litsha, which is largely a township, but where several informal settle
ments have grown up alongside the formal township settlements. Both 
types of settlement are referred to here as Khayelitsha. The settlements 
analysed within Khayelitsha, namely K2, Lindelani Park and AT5, are 
informal. The MFAD for both types of settlements are rather different, 
with 68 % in townships and 24 % in informal settlements. 

For Ezbet El-Haggana in Cairo, our approach mostly underestimates 
the population size compared to literature values. However, there is one 
major outlier. An official estimate for the year 2000 estimates a popu
lation of 412. This drastically underestimates the value compared to 
other population figures reported in the literature for the same slum. For 
a detailed explanation of this systematic underestimation, see Sabry, 

Fig. 4. Total slum population estimates for different cities according to the 
approach outlined in Section 2.4.1. The values are shown in Appendix F. 
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2009. 
While the population for Dharavi slum in Mumbai is significantly 

underestimated, it seems accurate for one of the slum’s neighborhoods 
called Rajiv Gandhi Nagar. An explanation for this cannot be given 
based on the data. 

There is no correlation between the quality classes of the literature 
values and the accuracy of the estimates. For quality class (i) fractions 
range between 2% and 118%, for class (ii) fractions range between 8% 
and 3873%. For class (iii) between 3% and 237% and for class (iv) be
tween 6% and 105%. For all quality classes, the MFAD values obtained 
for all estimates in that class range from 20 % to 27 %. 

4.3. Plausibility of the estimates 

The plausibility of the total as well as the single slum population 
estimates can be expressed in MFAD values for each city. Fig. 9 visualises 
these MFAD values for total and single slum population for the eight 

different cities. 
The results show that Rio de Janeiro and Cape Town have the highest 

MFAD values with 34–59 % for single slums and 50–90 % for the total 
slum population, respectively. São Paulo and Manila have poorer MFAD 
values of 26 % on single slum level. In Mumbai, Dhaka, Cairo and 
Caracas the MFAD values for single slums are only between 4 and 13 %. 
Differentiating between Cape Town’s township and its informal settle
ments, yields a MFAD of 68 % for the former and only 24 % for the latter. 

Summing up all of the results presented above, a clear bias in the 
population estimation in slums - mostly a strong underestimation - is 
observed when WorldPop data is used as source for population figures. 
The values derived from WorldPop present a reference, which can be 
adjusted using the single slum estimates. 

4.4. Scaling population estimates 

The preceding plausibility check of single slums provides 

Fig. 5. Relative frequency of slum population for eight different cities. μ refers to the geometric mean of the population estimates.  

Fig. 6. Scatter plot of slums in eight different cities. Plotted is the population of the slums in 2015 and their respective relative change in slum population from 2005 
to 2015 relative to the population in 2005. The black line indicates the median of the population change, while the grey band indicates its quartiles. 
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information on how much our approach under- or overestimates the 
population. However, it also allows to take a further step. The single 
slum results can be used to scale the total population estimates shown in 
Fig. 4 according to the method described in Section 2.4.4. The resulting 
scaled estimates in comparison to the reference estimates and the 
literature values are shown in Fig. 10. 

As every city’s literature slum population, the scaled estimates pre
sent a wide range of total population counts. However, in the latter the 
ranges are spanning over one magnitude for several cities. The boxplot 
indicates several outliers for Cape Town, but also for Cairo, Rio de 
Janeiro and Dhaka. For Caracas, São Paulo and Cape Town the scaled 
estimates generally tend to be significantly larger than the literature 
slum population. In contrast, the scaled estimates for the remaining 
cities are roughly in line with the literature on slum populations. 
However, scaling increases the range of possible total populations for 
each city. 

4.5. Error analysis 

In this section, we deviate from analysing slum populations for all 
cities, because the data situation in certain cities allows us to isolate 
some of the four errors mentioned in Section 2.4.3. 

The error due to wrong slum geometries cannot be analysed, since a 
consistent ground truth of slum locations would be needed. However, a 
comparison with the census geometries can be made, in order to 
examine the uncertainty between morphological slums and official 
census slums as an example. Therefore, morphological slum areas are 
compared to census slum areas for Rio de Janeiro and São Paulo, as these 
are the only two cities from our sample providing both datasets. Then, 
the percentage of overlap of the two shapefiles is calculated, resulting in 
an overlap of only 27 % in São Paulo and even only 18 % in Rio de 
Janeiro. 

The two errors, on the one hand how WorldPop-Global disaggregates 
the population figures, and on the other hand how we process the 
WorldPop-Global data with our approach, can be considered isolated 
from the others by taking data from the Brazilian census. This allows to 

Fig. 7. Total slum population counts of all eight cities obtained by our method and from different literature sources. Different shades of grey define different 
literature values for the same year. All years refer to the 21st century. 

Fig. 8. Maps showing the location of slums in three different cities whose population figures have been checked for plausibility. Water and green landscapes are 
colored only for contrast. Remaining five cities’ slum locations are shown in Appendix E. 
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Table 2 
Results of single slum analysis. The first two columns specify city and name of the slum. The fourth column contains population counts obtained by the method outlined 
in Section 2.4.1. The fifth column contains population counts found in literature. The sixth column contains the population fraction, a measure for the accuracy, by 
dividing column three by column four. The seventh column gives the corresponding class of information, according to Section 2.4.3. If individual cell entries are empty, 
the value above them applies. In Cape Town, if the settlement is a Township, it is denoted by (Twp.).  

city slum name year pop pop fraction class source 

our approach literature in % 

Dhaka Kallyanpur 2005 1734 15,000 12 (iv) Islam et al. (2006)  
2015 2307 8129 28 (iv) Latif et al. (2016) 

Muktijoddah 2005 3537 17,750 20 (iv) Islam et al. (2006) 
Bauniabadh 2014 2749 34,179 8 (iv) Khalequzzaman et al. (2017) 
Market Camp 2014 807 1979 41 (iv) Bangladesh Bureau of Statistics (2014) 
Geneva Camp 2014 5101 18,197 28 (iv) Bangladesh Bureau of Statistics (2014) 
Town Hall Camp 2017 789 5000 16 (i) Fattah and Walters (2020) 
Korail 2005 5990 101,000 6 (iv) Islam et al. (2006)  

2009 7152 86,000 8–4 (iii) Mridha et al. (2009)  
2009 7152 182,000 4 (iii) Mridha et al. (2009)  
2011 7798 80,000 10 (i) (Pramnik et al.)  
2014 8178 36,719 22 (iv) Bangladesh Bureau of Statistics (2014)  
2017 9291 100,000 9 (i) Fattah and Walters (2020) 

Kamrangirchar 2005 24,647 265,000 9 (iv) Islam et al. (2006)  
2010 30,823 400,000 8 (i) Ali et al. (2013)  

São Paulo Paraisópolis 2020 48,907 100,000 49 (i) (Savarese et al.) 
Heliópolis 2006 31,254 120,000 85 (i) (Wade)  

2018 34,239 200,000 17 (i) Dicionario de Favelas Marielle Franco (2020a) 

Rio de Janeiro Rocinha 2010 58,063 73,410 79 (iv) Cavalcanti-Ferreira et al. (2016)    
120,000 48 (i) Dicionario de Favelas Marielle Franco (2020b)    
150,000 39 (iii) Dicionario de Favelas Marielle Franco (2020b)    
250,000 23 (i) (Staff) 

Manguinhos 2010 19,979 31,535 63 (iv) Cavalcanti-Ferreira et al. (2016)  
2020 21,604 36,000 60 (i) Dicionario de Favelas Marielle Franco (2020c) 

Alemão 2010 52,657 89,912 59 (iv) Cavalcanti-Ferreira et al. (2016) 

Caracas Catia Sur 2016 64,020 150,000 43 (i) Falco et al. (2019) 
Corridor 23 de Enero - San Juan 2016 23,314 130,000 18 (i) Falco et al. (2019) 
Los Erasos 2007 278 5000 6 (iii) Hulett et al. (2013) 
Petare 2009 42,534 0.6–1 mio. 7–4 (i) (Badkar) 

Mumbai Rajiv Gandhi Nagar (Dharavi) 2000 5626 5700 99 (ii) (Karn et al.) 
Dharavi 2003 53,194 350,000 15 (i) Risbud (2003)  

2005 56,576 0.9–1 mio. 6 (i) Ahuja and Brosius (2006)  
2011 60,018 300,000 20 (ii) (Karn et al.)    

509,000 12 (ii) Taubenbö et al. (2015) 

Cape Town Joe Slovo (Twp.) 2008 12,217 20,000 61 (i) Jordan (2008) 
Masiphumelele (Twp.) 2004 15,572 15,000 104 (ii) The Masiphumelele Corporation and Trust (2011)  

2005 15,843 12,703 125 (ii) The Masiphumelele Corporation and Trust (2011)  
2008 17,323 14,593 119 (i) The Masiphumelele Corporation and Trust (2011)  
2010 18,198 38,000 48 (i) The Masiphumelele Corporation and Trust (2011) 

Wallacedene (Twp.) 2018 31,312 36,000 87 (i) Verzoni (2018) 
Imizamo Yethu (Twp.) 2003 8450 8019 105 (iv) Huchzermeyer (2010) 
Morkel Cottage (Twp.) 2002 61 357 17 (iv) Huchzermeyer (2010) 
Mocke Road (Twp.) 2001 20 32 62 (iv) Huchzermeyer (2010) 
Khayelitsha (mostly Twp.) 2006 261,947 400,000 65 (i) (Chaffey)  

2016 338,198 2.4 mio. 14 (i) (Chaffey)  
2017 346,897 400,000 87 (i) Habitat for Humanity GB (2017)  
2018 355,776 0.5–1.5 mio. 71–24 (i) (Parliamentary Monitoring Group) 

K2 (Khayelitsha, no Twp.) 2018 629 1855 34 (iii) Slum/Shack Dwellers International (2017) 
Lindelani Park (Khayelitsha, no Twp.) 2018 159 1760 9 (iii) Slum/Shack Dwellers International (2017) 
AT5 (Khayelitsha, no Twp.) 2018 267 336 79 (iii) Slum/Shack Dwellers International (2017) 
Flamingo Crescent 2016 7 400 2 (i) (Milne)  

2017 7 294 2 (iii) Slum/Shack Dwellers International (2017) 
Lotus 2018 2552 10,500 24 (iii) Slum/Shack Dwellers International (2017) 
Kanana 2018 6809 9000 76 (iii) Slum/Shack Dwellers International (2017) 
Gxagxa 2018 270 900 30 (iii) Slum/Shack Dwellers International (2017) 
Garden City 2018 1250 2160 58 (iii) Slum/Shack Dwellers International (2017) 
Grave Yard 2018 949 400 237 (iii) Slum/Shack Dwellers International (2017) 
Kensite 2018 70 288 24 (iii) Slum/Shack Dwellers International (2017) 
Constantia 2018 96 1800 5 (iii) Slum/Shack Dwellers International (2017) 
Lwazi Park 2017 109 320 34 (iii) Slum/Shack Dwellers International (2017) 

Manila Baseco 2014 12,512 51,060 25 (iv) Su and Mlčák (2014)  
2015 12,666 60,000 21 (iv) Philippine Statistics Authority (2015) 

Gulayan P. HOA 2017 1561 2640 59 (iii) Slum/Shack Dwellers International (2017)    
6000 26 (iii) Slum/Shack Dwellers International (2017)    
9000 17 (iii) Slum/Shack Dwellers International (2017) 

(continued on next page) 

J.H.P. Breuer et al.                                                                                                                                                                                                                             



Habitat International 148 (2024) 103056

11

look at the two types of errors detached from potentially divergent slum 
geolocations or errorneous input to the WorldPop-Global dataset. The 
results are shown in Fig. 11. The MF and MFAD values rank between 85 
% and 90 %, and 82 % - 77 %, respectively. This means that the two 
types of errors mentioned above together are responsible for a mean 
deviation of about 20 %. It is important to note that this analysis does 
not require any statement about the correctness of the input data, since 
it is purely an assessment of the two errors mentioned. 

In Dhaka, for comparing the slum population on city and region 
level, the Census of Slum Areas and Floating Population 2014 
(Bangladesh Bureau of Statistics, 2014) is used. The dataset does not 
provide explicit information about the slum locations. To overcome this, 
the slum’s populations are aggregated by city districts allowing for a 
district-wide comparison with the data obtained in Section 2.4.1. 
Therefore, district names from the Global Administrative Areas (GADM) 
project (ADministrative Areas, 2021) are compared to those from the 
census and matching names are counted as the same regions. The result 
is an overestimation of the population with a MF of 149 % and a MFAD 
of 40 %. Hence, the results fit to that obtained for Dhaka in the previous 
sections. 

Even without information on the location of the census slums, it’s 

possible to generate a population distribution. Calculating the geometric 
means, the census slums have μ = 62 inh., while the morphologic slums 
have μ = 110 inh. With regard to the constant underestimations of the 
morphologic slums for the other plausibility checks, this result empha
sises the underestimation of slum population by census authorities 
shown in Patel et al., 2019. 

5. Discussion 

It is remarkable to note that in a globally accepted dataset - when 
disaggregated to a particular structural type, slums, in our cities - a clear 
bias in the estimation of the population can be observed. In our study, 
we presented an approach to obtain slum population estimates that is 
similar to those used in other studies. Yet the major difference is that we 
were able to use the combination of two worldwide uniformly generated 
datasets, which allows for obtaining comparable population estimates 
for slums in eight cities of the Global South, located on three different 
continents. This approach proves that slum dwellers worldwide are 
extremely underrepresented in global datasets. We thereby confirm 
findings in small slum-specific case studies showing an underestimation 
of slum dwellers in global datasets (Thomson, Gaughan, et al., 2021). 

Table 2 (continued ) 

city slum name year pop pop fraction class source 

our approach literature in % 

Damata Kadama 2017 3630 8400 43 (iii) Slum/Shack Dwellers International (2017)    
12,500 29 (iii) Slum/Shack Dwellers International (2017)    
13,000 28 (iii) Slum/Shack Dwellers International (2017) 

LDS Pioneer 2017 130 112 116 (iii) Slum/Shack Dwellers International (2017) 
Letre Urban 2017 334 1760 19 (iii) Slum/Shack Dwellers International (2017) 
Flordeliz Village 2017 1332 6825 20 (iii) Slum/Shack Dwellers International (2017) 
Litre 2017 623 1820 34 (iii) Slum/Shack Dwellers International (2017) 
Angela 2017 13 186 7 (iii) Slum/Shack Dwellers International (2017) 

Cairo Ezbet El-Haggana 2000 15,957 412 3873 (ii) Sabry (2009)    
400,000 4 (i) Sabry (2009)    
1 mio. 2 (i) Sabry (2009)  

2006 16,606 39,433 42 (iv) Sabry (2009)  
2007 16,872 212,575 8 (ii) Sabry (2009)  

Fig. 9. Resulting MFAD values for the eight cities, each for the total city slum population (total, left pie chart) and for all single slums (single, right pie chart) 
evaluated. The size of the pie chart depends on the number of values used for the plausibility check, see legend in the lower right for size comparisons. Larger pie 
charts therefore mean more values used for the plausibility check. The total slum population of Cairo also includes non-morphological types of slums. 

J.H.P. Breuer et al.                                                                                                                                                                                                                             



Habitat International 148 (2024) 103056

12

According to our estimate, the mean number of slum dwellers differs 
globally by more than one magnitude. In contrast to the similar size of 
slums (Friesen, Taubenböck, et al., 2018), there seems to be no uniform 
population distribution around the world. We further obtained popu
lation changes of all slums, indicating the level of slum growths. How
ever, the detailed analysis of slum change, despite its relevance for 
understanding temporal evolution, is outside the scope of this paper; 
rather, our purpose here is to provide a basis for discussion. For an 
analysis of the spatial and temporal changes of slum population, we 
therefore refer to (Breuer & Friesen, 2023) and (Friesen et al., 2023). 

Accurate population counts and their spatial distributions are of 
utmost importance for informed decision-making. It is crucial to avoid 
incorrect population figures - especially underestimations - as they can 
lead to undue pressure on infrastructure and informal development 
within the city. The availability of accurate data is important for the 
efficient allocation of resources, including healthcare, education, and 
sanitation, as well as urban planning and development strategies. Pop
ulation figures are particularly crucial in deprived areas to ensure 
adequate emergency response planning and representation in 
governance. 

The importance of correct population figures makes the assessment 
of plausibility crucial in order to verify the suitability of our approach. 
Thus, a broad range of data is obtained for different cities, varying years 
and on different scales. This could theoretically reduce errors that 

appear when relying on one population dataset only as is the case for 
existing gridded population evaluations (Thomson, Kuffer, et al., 2020; 
Thomson, Gaughan, et al., 2021; Thomson, Leasure, et al., 2021). The 
global plausibility check of a gridded population dataset for a specific 
urban class done in this study is the first of its kind thus a valuable 
contribution to the question of applicability, again indicating that the 
research community has very limited information about population 
living in slums. 

The performed plausibility check provides insights on how good the 
derived population estimates are. Therefore, they are compared with 
literature values on two different scales, resulting in two different MFAD 
values (refer to Fig. 9). The plausibility check reveals that the slum 
population is underestimated, sometimes drastically, on both scales for 
almost all datasets. 

In Cape Town, where most single slum population comparisons were 
conducted, it appears that our method may not effectively capture the 
slum population. The MFAD for all slums in Cape Town is around 34 %. 
However, closer examination of the slum populations in this city shows 
significant variations. Differentiating between townships and informal 
settlements yields their distinct characteristics. As detailed in Sec. 4.3, 
township population estimates are considerably more reliable, with an 
accuracy of about 68 %, in contrast to just 24 % for informal settlements. 
This disparity is likely due to the different census methods used; these 
methods are more successful in counting populations in townships but 

Fig. 10. Comparison of total slum population counts for each of the eight cities. The population estimate refers to the reference total population count obtained using 
the approach described in Section 2.4.1 for the year 2015, while the boxplot shows the corresponding range of scaled estimates. These scaled estimates are derived 
according to the method shown in Section 2.4.4 incorporating the fractions from Table 2. The literature values are the same as in Fig. 7, with the different years 
shown together for clarity. The values corresponding to the boxplot are shown in Appendix F. 

Fig. 11. Sector level slum population comparison of all census slums in the according city. The sectors are sorted in ascending order by population according to 
census. The black line represents census population counts, grey scatters are population counts obtained by our approach. 
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less so in informal settlements, which present more survey challenges 
due to their unstructured layout. Although it’s valid to compare the 
townships and informal settlements of Cape Town, research by Friesen 
et al. (Friesen, Taubenböck, et al., 2018) indicates that the development 
of townships significantly influenced the expansion and spatial distri
bution of slums in the city. Therefore, an analysis that excludes the 
townships and focuses only on informal settlements fails to provide a 
complete understanding of the situation. 

The best fit to literature values is provided for Rio de Janeiro - and 
Cape Town’s townships -, yet not yielding sensible estimates. However, 
as most of the slum population estimates are an underestimation, the 
results describe a reference slum population. This reference is used to 
scale the total slum population estimates. A similar scaling of individual 
slum population counts to obtain a total slum population estimate was 
performed before in (Taubenböck et al., 2015). Yet, in this study we use 
a broader set of single slum literature values. The outcome, however, is 
similar. The resulting boxplots in Fig. 10 emphasise that the uncertainty 
in the number of slum dwellers around the globe is excessive. Here, for 
most cities the range of possible slum population spans more than a 
magnitude. This uncertainty casts serious doubt on the official estimate 
of 1 billion slum dwellers worldwide. Based on our findings, it is likely 
that hundreds of millions of slum dwellers are not included in the 
numbers at all. For most cities this finding would increase the entire 
cities population numbers (see Table 1) – for some tremendously, e.g. in 
Caracas, where the median scaled population more than doubles the 
cities total population. 

In Section 4.2 different quality classes for the literature slum popu
lation estimates are used. Here, no correlation between the quality class 
and the accuracy of the estimates is observed. Thus, the bias in esti
mating the slum population is independent of the quality of the litera
ture values. 

An analysis of the results shown in this work leads to the conclusion, 
that validation data to test the accuracy of gridded population data in 
slums is in urgent need. One possible way is to use mobile data like 
Steele et al. (Steele et al.) showed for Dhaka, Bangladesh. Another way 
would be systematically documented surveys, as Taubenböck and Kraff 
(Taubenböck et al., 2015) conducted for Mumbai or Abascal et al. 
(Abascal et al.) proposed on a bigger scale for several cities. 

Nevertheless, since especially the latter approaches would require 
huge personal and financial resources even for a single city, a validation 
on a global level is not possible up to now. 

5.1. Discussion of errors 

To depict reasons for the severe underestimations, the errors are 
divided into four categories and some of them are analysed in isolation:  

● errors due to wrong slum geometries, e.g. not all slums are identified  
● errors in WorldPop-Global input data, e.g. wrong population counts  
● errors occurring in the WorldPop-Global approach, e.g. underfitting 

of the Random Forests algorithm  
● errors due to our approach of resampling and clipping the WorldPop- 

Global dataset onto slum geometries 

We contributed to the question of wrong slum geometries. To 
quantify ambiguity for the morphologic slums used in this paper, we are 
able to compare slum geometries in São Paulo and Rio de Janeiro. 
Showing that the census slums compared with morphologic slums 
resulted in only 27 % and 18 % of overlap, respectively. So, in agreement 
with previous sources, there is large ambiguity in slum mapping. For 
uniform population estimates of slums around the world, which is 
important in order to reach SDG 11, Kuffer et al. outline: “first we have 
to agree on a clearer conceptualization of such [slum] areas […]” 
(Kuffer et al., 2018). However, in the study of Taubenböck et al. on 
morphologic appearances of poor urban areas across the globe, it has 
been shown that morphological variabilities for slums exist in different 

cultural parts of the world and that a global approach without consid
ering the local context for delineation from “non-slums” is conceptually 
elusive (Taubenböck et al., 2018). Thus, a global slum ontology needs to 
be as uniform as possible but still require local adaption (Kuffer et al., 
2016). Surely, the slum areas used in this paper are a notable application 
of such a slum ontology. 

Another reason for the different performance of population estimates 
driven by wrong slum geometries is that slums in São Paulo, for 
example, are morphologically very distinct from their surroundings, 
while e.g. in Manila or Dhaka there is often a smooth transition between 
slums and non-slums (Kuffer et al., 2016). This clearer delineation may 
also contribute to a more concrete identification of the slums. 

Generally, the reasons for wrong slum geometries or populations are 
manifold. Governments often want the population numbers to be small, 
because otherwise the pressure to provide socio-technical infrastructure 
is getting higher (Lucci et al., 2018). This could be a reason for different 
slum definitions across countries and global organizations, e.g. 
UN-Habitat. For Dhaka and several cities in India it was shown that 
using a slum definition accepted by the international development 
community rather than the country’s official slum definition yields 
tremendous increase in slum population (Lucci et al., 2018; Patel et al., 
2019) (see Appendix D for details on Dhaka). Another reason is that 
official censuses often only represent formal population counts, thus not 
counting informal or floating population (Agarwal, 2011; Lucci et al., 
2018). In these cases, the WorldPop-Global dataset does not even 
consider slum dwellers as input population. Yet, another error arises 
from the fact that most gridded population datasets are only available on 
a yearly basis. Slums might have high population dynamics that thus can 
not be accounted for, for example by seasonal circular dynamics (Beguy 
et al., 2010). 

It has also been mentioned that one major drawback of the WorldPop 
dataset is the dasymmetrical mapping of the population since water 
bodies are the only constraint. Unlike other datasets that only disag
gregate their data up to built-up areas, the WorldPop dataset also dis
aggregates beyond them. 

The estimation of population numbers incurs an error when resam
pling the data, as uniform density is assumed within WorldPop pixels. 
For instance, if one assumes that the values of a pixel represent the 
average of an area of both high and low densities, the low resolution of 
WorldPop implies that the population in that cell only represents the 
average value. As a result, resampling the data in this case leads to an 
underestimation of the actual population size in the respective slum. 

Concerning the errors occurring within the WorldPop-Global pro
cedure as well as our resampling approach, it was possible to quantify 
the error for São Paulo and Rio de Janeiro. In Hennigen de Mattos et al. 
the error of estimating slum population using a similar WorldPop dataset 
was only 6 % (de Mattos, Agatha, & McArdle, 2020). In accordance with 
our data (while the MF value for São Paulo is 90 %, the mean fraction is 
89 %), the error of the combination of the two approaches is small in 
comparison to the overall error. While this is true for Rio and São Paulo, 
it probably cannot be applied to other countries. However, based on this 
research, large inaccuracies at single slum level in São Paulo are likely to 
be due to large discrepancies between census and literature values. 
Overall, in Brazil the IBGE census is comparably fine, resulting in very 
fine resolution training data. This matches the conjecture of Thomson 
et al. that fine resolution population training data could be one major 
reason for a good fit of input and output data (Thomson, Gaughan, et al., 
2021). Comparing plausibility measures with census resolution for 
different cities could thus be interesting for future works shedding light 
on the underlying relation. 

5.2. Limitations 

One limitation of this study is the inconsistency in literature popu
lation counts used for plausibility assessment. Given the poor data 
availability in slums, this result is hardly surprising. As pointed out, the 
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inconsistency of concepts and approaches for mapping slums and their 
population to date limits our knowledge of slums. 

As for literature data of single slum populations, geometries are not 
necessarily given nor identical to the morphologic slum geometries. We 
only take account of slums that were assignable by their name, which 
limits the number of slums. The limited number of slums poses a prob
lem, especially considering the distribution of the population across 
scales. For all eight cities, mostly population data of large slum com
munities is available. The reason for this might be that the majority of 
scientific studies preferably investigates large slums. For a plausibility 
check, population counts of slums at different scales would be important 
to determine possible differences induced by different scales. 

Furthermore, investigations are performed based on morphologic 
slums observed for the year 2015. This limits the assessment of plausi
bility, especially for cities experiencing large growth in number of slum 
communities. Estimating the error introduced by incorrect slum geom
etries due to time inconsistencies is outside the scope of this study. Time- 
varying slum areas are only available for a few cities worldwide (ex
amples for single cities include (Gruebner et al., 2014), (Kit & Lüdeke, 
2013)). Up to now, the lack of globally consistent multi-temporal slum 
area datasets does not allow for an assessment. 

Considering the growth rates obtained for the slums in all cities, it is 
undeniable that they are flawed by the fact that the same slum locations 
are used for different years without knowing exactly how the slums 
there have changed. In particular, the emergence of new slums and slum 
growth, as well as the respective opposite, cannot be captured with our 
method. Again, time-varying slum areas would be needed. 

6. Conclusion and outlook 

In the presented study, slum population estimates for eight different 
cities are obtained using a uniform approach. These estimates define a 
starting point for global comparison of total populations, population 
distributions and even population changes in slums. 

However, there is a great deal of ambiguity and lack of knowledge 
about slum areas and slum populations. Although the datasets used in 
this study are far from perfect, there is currently no better data available 
on a global scale. According to our results, we find that the only globally 
available and widely accepted dataset with a yearly population esti
mation mostly underestimate the population living in slums when 
compared to other datasets. This clearly shows that in order to meet 
international goals, data needs to be greatly improved. Based on this, the 
current estimate of 1 billion global slum residents could ignore many if 
not hundreds of millions of people. 

Different levels of underestimations were found for the respective 

cities and possibly underlying reasons discussed. These differences could 
be used in future studies to further identify the sources of errors in the 
approach. Yet, in order to make valid statements considering the accu
racy, the number of single slum population data from the literature are 
too little for many cities. In the future, more micro-surveys are needed 
that aim at counting slum populations. Here, the KYC campaign by Slum 
Dwellers International could be a reasonable starting point (Slum/Shack 
Dwellers International, 2017). As showcased in Thomson et al., with 
greater and more reliable data availability, the WorldPop-Global dataset 
could be trained on such data to better identify slum populations 
(Thomson et al., 2021). 

The scope of this study only scratches the surface of slum population 
changes or slum mobility investigations by using time-independent slum 
areas in dynamic environments. For proper planning of infrastructure, 
multi-temporal slum maps could be beneficial for insights into the dy
namics of slums and thus help to create scenarios of where population 
growth will probably be the strongest (Friesen et al., 2018). This step 
would allow infrastructure to be planned for the future rather than for 
the cities of today. 

In addition to these steps to improve slums worldwide, as described 
by UN Sustainable Development Goal 11.1, it is crucial to systematically 
analyse the current knowledge and statistics regarding slums and their 
populations, and to accurately reveal and quantify differences in esti
mates based on different data sources. We followed a standardised 
methodology to analyse the situation in the eight cities studied. 

We are aware that counting slum populations does not improve just a 
single life situation. However, a realistic assessment of the situation in 
quantity and spatial distribution might raise awareness and provide 
decision-makers with better information for policies and intervention 
strategies. 
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Appendix 

A Resample Study 

As outlined in Section 2.4.1, a resample study was performed to ensure that the resampled and cropped raster cells provide good geographical fits 
to the slum’s geometry. The study was performed according to the method outlined in Section 2.4.1 but with different resample factors. Here, a 
resample factor of 4 resamples every raster cell by 2x2. The original cell’s population is used as each resampled cell’s population. 

The study was performed for the slums of São Paulo using the morphologic slums. The results are shown in Fig. 12. A threshold of 95 % overlap was 
chosen, resulting in a resize factor of 256. This way a good compromise between computation time and resulting population accuracy is obtained. 
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Fig. 12. Resample study performed with São Paulo slums. Each point shows the percentage overlap of a specific resample factor, lines are for visualisation only.  

B Buffer Study 

As outlined in the introduction, dependent on the defined distance between slums in a city, their number varies and thus the slum population 
distributions might differ. Thus, in order to investigate the impact of the defined distance between slums a study is performed. Here, “buffer” refers to a 
radial increase of the slum area. Therefore, each city’s slums are buffered before step (ii) of the method outlined in Section 2.4.1. 

The geometric mean of the resulting slum populations is calculated. The results are shown in Fig. 13, each graph represents one city. The influence 
of buffering does only have a significant impact on the geometric mean population, for buffer sizes as high as 20 or 50 m. Therefore, the slum 
population counts shown in Section 3 are independent of buffer size. 

While mostly a positive correlation between buffer size and geometric mean population is found, sometimes an increase in buffer size resulted in a 
lower geometric mean population. This seems counter-intuitive, however the reason is that buffering slums results in less slums. If large slums are 
merged while small slums are not, e.g. because they are more isolated, the total number of slums decreases. In this case, the buffering leads to a 
decrease in geometric mean slum population.

Fig. 13. buffer study.  

C Slum Population Density 

The method also allows to calculate population density distributions for the slums in the eight cities. 
In order to derive the population density estiamtes, a pre-step to the method outlined in Section 2.4.1 is necessary. The WorldPop-Global dataset 

contains no-value cells that account for no population at all assigned to this region. This is the case e.g. for lakes or other structures that are excluded 
before the disaggregation of census counts. Calculating population density estimates makes it necessary to clip those novalue cells from the slum 
shapefiles in order to provide a proper area calculation of the shapefiles. The pre-step is achieved by polygonizing the raster, excluding all novalue 
cells and then intersecting the resulting shapefile with the slum shapefiles. 

The resulting slum population density distributions are shown in Fig. 14. Compared to the slum population distribution, there are some major 
differences. 
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Fig. 14. relative Frequency of Slum Population Density. μ refers to the geometric mean of the population density estimates.  

D Literature Sources for Total Slum Population Counts 

Sources of the literature values used in Fig. 7 are shown in Table 3. 
For the total number of slum population of Dhaka, the 2014 census was used on the one hand and on the other hand an estimation according to 

(Patel et al., 2019) was made. In (Patel et al., 2019), a systematic underestimation of the slum population in the 2014 census is calculated and based on 
that, the slum population of Bangladesh is estimated to be more in line with international standards (e.g. SDGs). These estimates were used here and 
projected to Dhaka by taking the proportion of Dhaka’s slum population to Bangladesh’s slum population as a ratio and multiplying it by Bangladesh’s 
slum populations calculated in (Patel et al., 2019).  
Table 3 
results of total slum analysis. The first columns specifies the city. The third column contains population counts obtained by the method outlined in Section 2.4.1. The 
fourth column contains population counts found in literature. The fifth column contains the population fraction, a measure for the deviation, by dividing column three 
by column four. The seventh column gives the corresponding class of information, according to Section 2.4.3. If individual cell entries are empty, the value above them 
applies.  

city year pop pop fraction class source 

our approach literature  

in million in million in % 

Caracas 2015 0.44 1.25 36 (i) Falco et al. (2019) 
Rio de Janeiro 2010 0.89 1.70 52 (iv) Instituto Brasileiro de Geografia e Estatistica (2010) 

2020 0.96 2 48 (i) D+C and Covid (2021) 
São Paulo 2010 1.41 2.16 65 (iv) Instituto Brasileiro de Geografia e Estatistica (2010) 
Cape Town 2016 1.38 1.23 112 (i) (Milne) 
Cairo 2000 4.13 2.8 147 (iv) Sabry (2009)   

7.1 58 (iv) Sabry (2009)   
8.3 50 (ii) Sabry (2009) 

2004 4.40 7 63 (iv) Sabry (2009) 
2006 4.55 10.7 43 (i) Sabry (2009) 

Mumbai 2006 1.47 6.1 24 (i) Asha (2006) 
2007 1.50 11 14 (i) Davis (2007) 
2010 1.56 8 19 (ii) Taubenbö et al. (2015) 
2011 1.65 5.2 32 (iv) Office of the Registrar General (2011)   

16.5 10 (ii) Taubenbö et al. (2015)   
19.6 8 (ii) Taubenbö et al. (2015) 

Dhaka 2014 0.74 0.64 115 (iv) Bangladesh Bureau of Statistics (2014)   
1.32 56 (ii) Patel et al. (2019)   
3.84 19 (ii) Patel et al. (2019)   
4.81 15 (ii) Patel et al. (2019) 

Manila 2014 1.02 4 25 (i) (Roy)  

E Slum Maps 

In Fig. 15 the slum maps for the remaining five cities are shown. 
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Fig. 15. maps showing the location of slums in five different cities whose population figures have been checked for plausibility. Water and green landscapes are 
colored only for contrast. 

F. Scaled Total Population Estimates  

Table 4 
results of scaled total population estimates. The third column contains the total slum population counts for the year 2015 (as shown in Fig. 4). The 
fourth column contains population counts obtained by scaling the values from the third column by the fractions according to Table 2. These scaled 
population counts are the values corresponding to the boxplots of Fig. 10.  

city pop pop pop 

our estimate scaled estimate scaled estimate’s median 

in million in million in million 

Caracas 0.45 1.04, 2.48, 6.28, 8.00, 10.46 6.28 
Rio de Janeiro 0.92 1.17, 1.46, 1.54, 1.58, 1.91, 2.39, 3.98 1.58 
São Paulo 1.48 3.02, 5.67, 8.62 5.67 
Cape Town 1.34 1.08, 1.13, 1.27, 1.29, 1.54, 1.55, 1.89, 2.05, 2.10  

2.15, 2.20, 2.80, 5.66, 7.85, 9.52, 56.36, 76.68  
Cairo 0.30 0.01, 0.71, 3.75, 7.47, 18.66 3.75 
Mumbai 1.65 1.68, 8.27, 10.88, 14.03, 26.31, 29.23 12.45 
Dhaka 0.76 1.87, 2.69, 2.73, 3.43, 3.83, 4.84, 6.61, 7.41  

8.22, 8.22, 9.19, 9.50, 9.92, 12.88, 19.44  
Manila 1.03 0.89, 1.74, 2.38, 3.54, 3.69, 3.96, 4.20, 4.87 3.61  
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