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ABSTRACT 

A continuously growing number of urban inhabitants in 

Low- and Middle-income Country (LMIC) cities live in 

deprived areas. Such areas are under-serviced and 

characterized by poor living and environmental conditions, 

where the unplanned morphology interacts with physical 

hazards. While such areas proliferate, climate change has 

increasingly severe impacts on them. Deprived areas are 

often located in high-risk zones, e.g., flood zones. However, 

the absence of global databases on such areas is an obstacle 

to locate and prioritize hotspots of deprived communities 

exposed to climate change. Consequently, quantifying the 

numbers of exposed inhabitants is not possible, though it is 

required in support of the Sustainable Development Goals 

(SDGs) (e.g., 11, 13) and local adaptation strategies. Earth 

observation (EO) that allows producing such data fall short 

of providing city-level information due to computational 

constraints and unsolved methodological challenges related 

to scalability and transferability. This paper presents a 

framework to combine EO data with data on hazards (e.g., 

storms, floods) that impact urban areas and, in particular, 

deprived communities. First results in pilot cities show that 

deprived communities are systematically more exposed to 

physical hazards as compared to formal built-up areas. 

These problems are expected to intensify in the context of 

climate change, as most hazards will increase in their 

severity and frequency.  

 

Index Terms—Slums; Informal Settlements; Hazards; 

Climate Change; Urban Poverty  

 

1. INTRODUCTION 

In recent years, climate change-related disasters have 

increased in frequency and intensity, seriously affecting 

countries across all continents [1]. For example, 

Mozambique was hit in March and April 2019 by two very 

strong tropical cyclones within a few weeks (Kenneth and 

Idai). Cyclone Kenneth (April) was the strongest ever 

recorded cyclone in the region, but the fact that within a few 

weeks, two strong cyclones occurred is unique [2]. The 

combination of both cyclones caused severe flooding and 

displaced millions of people in Mozambique, Malawi and 

Zimbabwe [3]. This example shows that such events are 

increasing in intensity, frequency and causing severe impacts 

on large areas. Such events impact any county, but in LMIC 

cities and their deprived communities, the impacts are likely 

to be severe [4]. Many of the large and mega-urbanizations 

(e.g., Mumbai, Lagos) are located in coastal areas and/or 

within Delta areas (e.g., Dhaka), which are highly prone to 

floods, storms, and sea-level rise.  

Disaster risk is a function of the probability of a hazard, the 

extent of exposure and vulnerability. A hazard, e.g., a 

cyclone, exposes communities to extreme winds and high 

rainfall; the water stays for long periods of time, disrupting 

the lives of vulnerable people in deprived communities (e.g., 

families living in houses of poor structural quality). 

Vulnerability at the deprived community-level reflects both 

the physical dimensions of hazards along with community 

assets and social dimensions (e.g., coping capacities of 

communities). Consequently, high vulnerability is a result of 

exposure, sensitivity and low adaptive capacity.  

When taking an urban area as an entity, not all areas will 

have the same level of exposure in case of a hazard. For 

example, areas close to the coast, in low-lying areas or on 

steep slopes may be more affected by storms, flooding, and 

landslides than more protected parts of the city (i.e., higher 

susceptibility). Typically, the most exposed areas in case of 

a hazard are deprived communities. For example, Lagos is a 

city inhabited by 21 million people, threatened by flooding, 

sea-level rise, extreme storms, and around 70% of the 

population are forced to live in deprived areas [5]. Many 

such areas are built with bamboo and wooden structures on 

stilts above water in the lagoon, where inhabitants will be 

the first victims of a flood or storm. There is a myth that 

poor people have not much to lose. However, when a hazard 

hits deprived communities, the poor structural quality of 

houses often cause families to lose everything they possess. 

Moreover, after the hazard, they may lack formal proof of 

their existence, their houses, and their property, which 

commonly excludes them from compensation schemes in the 
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process of recovery [6]. Such families and entire areas may 

lose everything as a result. 

In general, insufficient efforts are made to support 

communities to increase their adaptive capacity. Such efforts 

are hindered by the absence of data on physical hazards in 

deprived areas. No global dataset exists that allows 

quantification of the larger risks faced by deprived 

communities as compared to better-off urban areas. For 

example, despite two decades of intensive EO research [7], 

there is no global dataset available that shows the location of 

deprived areas. Available data used by the UN (e.g., for the 

reporting of the SDG 11.1.1 indicator) are country-level data 

reported by national governments [8, 9]. Therefore, the main 

aim of the paper is to present a framework that combines 

work done within two ongoing research projects (SLUMAP 

and IDEAMAPS) on developing data on the location of 

deprived urban areas [10, 11] with available EO datasets 

that allow for a rapid assessment of "hotspots" of physical 

hazards. Such "hotspots" are defined as urban areas with the 

highest number of deprived populations susceptible to 

physical hazards. Therefore, data on the location of deprived 

urban areas are combined with EO models of physical 

hazards. Such data are urgently required for putting into 

action the Paris Agreement [12]. 

 

2. MATERIALS AND METHODS 

We use pilot cases to illustrate the selection of physical 

hazards to which deprived communities are commonly 

exposed and their relevance in the context of climate change 

(Fig. 1). The main focus of the paper is the development of a 

conceptual framework to scale up such analysis beyond 

individual cases and to allow ultimately for a global 

assessment using largely EO free and open data.  

 
Figure 1. A multi-hazard framework of deprived urban areas. 

 

2.1. Physical hazards and climate change risks 

The physical hazards that interact with climate change 

considered included fluvial flooding, sea-level rise, storms, 

extreme precipitation and extreme (hot) temperatures. These 

hazards were selected as they strongly impact deprived 

communities [7,11-13]. The selection is building on an 

ongoing interaction process that includes local stakeholder 

workshops in several cities (e.g., Lagos, Accra and Nairobi) 

as well as previous research done on several Asian cities 

[e.g., 13, 14] and Dar es Salaam (Tanzania).   

There are very few global datasets that allow for an 

assessment of these hazards at the city level. For example, 

NASA provides climate change maps (e.g., global maps on 

monthly surface temperature anomalies or rainfall). 

However, such maps do not allow users to quantify the 

number of affected inhabitants of a specific city. The only 

global dataset that allows quantification of the population 

exposed to selected hazards is the urban centre database of 

JRC (https://ghsl.jrc.ec.europa.eu/ucdb2018visual.php) (Fig. 

2). However, data cannot be disaggregated into deprived and 

non-deprived communities.  

 
Figure 2. Urban Center Database (JRC), showing the city of 

Lagos, including statistics on the exposed population to floods and 

an assessment of heatwaves. 

 

Furthermore, floods that relate to storm surges or pluvial 

floods are often not covered in global datasets. For example, 

Dar es Salaam (in Tanzania) has major issues with pluvial 

flooding [15, 16], which is not reflected in the urban center 

database (the city is shown with 0% population exposed to 

flooding). To add this dimension, data on all cities with 

deprived communities need to be combined with spatial 

flood models, e.g., linking data on precipitation and the 

topography such as STRM data. Furthermore, data on 

extreme temperatures can be extracted from TIR images, 

showing diurnal to annual patterns of surface temperatures.  
 

2.2. Mapping the location of deprived urban areas 

UN statistics provide only country-level data on informality, 

and cross-checking this data with available city-level data 

often do not represent realistic estimates. For example, in 

India, the census for Bangalore reports that 8.39% of the 

population living in slums (2011), but local estimates show 

that at least 20% of the population lives in slums [5], 

reflecting the omission of temporary settlements (Fig. 3 and 

4). To improve the data availability on the location of 

deprived urban areas, SLUMAP [17] developed a free and 

open-source framework to produce maps on the location and 

extent of deprived areas using free and low-cost EO data 

(e.g. Sentinel-1/2). Outputs will be used to scale up beyond 
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pilot cases presently used. In mapping the degree of 

deprivation using machine learning (comparing deep-

learning and random forest) for a global database of 

deprived areas, we avoid displaying exact (crisp) boundaries 

to prevent or limit unintended harm for communities and 

instead provide a gridded map. Such gridded maps, using 

typically a 50 m x 50 m or 100 m x 100 m grid, obfuscate 

exact boundaries and allow aggregation to various levels 

addressing different user requirements. Grids also allow the 

quantification of multiple hazards at the unit of cells. 

 
Figure 3. The Unaccounted spaces, in the city of Bangalore, India 

(comparing local data with the officially accounted slums). 

 

 
Figure 4. The gap between local and global population estimates, 

the example of Dharavi slum in Mumbai, India.  

 

2.3. Modelling the population of deprived urban areas 

The global population statistics often do not provide a 

reliable account of deprived urban areas, as they tend to 

underestimate the population densities present in such areas 

(e.g., Fig. 4). Thus the availability of gridded data on the 

location of deprived urban areas would also allow 

improvement of population estimates [18].  

 

3. RESULTS 

Taking in a few example cities the spatial locations of 

deprived areas, the risks faced by these communities are 

highlighted. The three selected Asian cities (Dhaka, 

Mumbai, Jakarta) and their locations in terms of height 

above sea level compared to the rest of the city shows that 

the urban poor is much more exposed to the risk of sea-level 

rise (Fig. 5). The situation of the one African example (Dar 

es Salaam) is different. Here, urban poor are, on average, 

less exposed to sea-level rise because planned areas were 

developed close to the harbour, but the distance of the urban 

poor to water bodies shows that many of these areas face 

high-level local flooding risks (e.g., almost 20% of all urban 

poor are within less than 100 m to rivers). 
Basic Facts Global Human Settlement Layer 

 

Slum Boundaries (in red) 

Dhaka, Bangladesh  
Population: 18.2 M 

Slum population (%): 30 

Major risk exposure: Flooding/Storm 

Urban class: Mega city 
City mean sea level: 12.5 m 
Slums mean sea level: 11.8 m 

  

Mumbai, India 
Population: 22 M 

Slum population: 42% 

Major risk exposure: 

Storm/Heat/Flooding 

Urban class: Mega city 
City mean sea level:  47.5 m 
Slums mean sea level: 15.4 m 

  

Jakarta  
Population: 30 M 

Slum population (%): 60 

Major risk exposure: 

Strom/Flooding/Heat 

Urban class: Mega city 
City mean sea level: 15.7 m 
Slums mean sea level: 10.2 m 

  

Dar es Salaam 
Population: 5.3 M 

Slum population: 70% 

Major risk exposure: Flooding/Storm 

Urban class: Large city 
City mean sea level: 33.2 m 
Slums mean sea level: 48.2 m 
 

  

 
 

Figure 5. Comparing the sea-level heights of deprived 

communities with other built-up parts of example cities.  

 

Most cities face not only one dimension of climate change 

risks, but combined risks, e.g. Mumbai faces the risk of 

floods, sea-level rise, storms, and heat, similar to Dhaka 

within the Ganges-Brahmaputra Delta. In general, deprived 

communities have a much higher susceptibility to climate 

change impacts as compared to better-off parts of the city (as 

well as the current lack of related global datasets). Taking 

the example of extreme temperatures for the city of Mumbai, 

the surface temperature map extracted from TIR images of 

Landsat-8 shows that the locations of high temperatures (in 
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red colour) coincide very well with the locations of deprived 

areas (Fig. 6). Similar trends have also been confirmed for 

other cities [19]. 

 
Figure 6. Urban surface temperatures extracted from Landsat TIR 

images over the city of Mumbai overlaid with a Sentinel-2 image.  

4. CONCLUSIONS 

Climate change is already having a severe impact on urban 

areas. Innovations are required in cities to prioritize 

deprived communities in adaptions. Globally, initial 

evidence indicates that the majority of deprived communities 

are, and will be, increasingly exposed to climate-related 

hazards. For most deprived communities, inadequate 

housing intersects with increased exposure to severe climate-

related hazards, such as flooding, landslides and extreme 

heat. Besides assessing risks, it is essential to work closely 

with communities on the co-creation of adaption strategies 

on principles of ownership and engagement. The first results 

in pilot cities show that deprived communities have a higher 

susceptibility to hazards, this, combined with the low coping 

capacities calls for a more systematic assessment of multi-

hazards for the development of evidence-based policies.  
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